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Abstract

The approval of the ex vivo CRISPR-based gene therapy Casgevy in 2023 shows the po-
tential of CRISPR-based cures for genetic diseases. However, off-target effects induced
by heteroduplex mismatches tolerated by Cas9 nucleases limit clinical adoption of the
genome editing technology. Despite the advances in developing accurate CRISPR-Cas9
cleavage activity tools and determining factors influencing Cas9 cleavage activity, most
tools remain confined to features relating to the spacer-target interface. To move beyond
spacer-target sequence features, the first part of the thesis questions the utility of the four
gold standard experimental epigenetic features — DNase I, CTCF, RRBS and H3K4me3
— in deep learning-based SpCas9 cleavage activity tools like DeepCRISPR. Considering
a total of 13 computed nucleosome organization-related scores and 6 experimental epige-
netic features available in the SpCas9 off-target database crisprSQL, we show that Block
Decomposition Method-based scores correlate stronger with SpCas9 activity compared to
the experimental epigenetic features. Looking at NuPoP (Affinity) and Nucleotide BDM
within the correlation and SHAP importance analyses, we conclude that it is nucleosome
positioning rather than nucleosome occupancy which inhibit SpCas9 cleavage. Finally,
we suggest GC147, NuPoP (Affinity) and Nucleotide BDM as important computed nu-
cleosome organization-related scores to be used when building a full deep learning-based
SpCas9 cleavage activity model which also incorporates sequence, epigenetic and R-loop
formation energy features.

Having established that primary chromatin structure influences SpCas9 activity, we
next turn to the Cas9 nuclease and ask whether the protein structure can be leveraged
for SpCas9 cleavage activity prediction. To achieve this, we exploit the information-rich
internal protein 3D nanoenvironment surrounding the sgRNA-target heteroduplex by re-
framing the computational problem to map between the nanoenvironment and cleavage
activity rather than between the guide-target pair and cleavage activity. By determining
the most relevant residue-level features for CRISPR-Cas9 off-target cleavage activity, we
developed STING CRISPR, a machine learning model delivering accurate predictive per-
formance of off-target cleavage activity for the type of single-base mutations considered
in this study. By interpreting STING CRISPR, we identified four important Cas9 residue
spatial hotspots and associated structural/physico-chemical descriptor classes influencing
CRISPR-Cas9 (off-)target cleavage activity for the sgRNA-target strand pairs covered in
this study.

Nonetheless, our approach for building STING CRISPR suffers from the need to per-
form all-atom molecular dynamics for every guide-target pair in the dataset, which is com-
putationally expensive. Additionally, the majority of such tools remain limited to predic-
tions for one or few Cas9 variants, making it difficult to quantify the effects of Cas9 residues
on cleavage activity. To bridge the gap, we introduce 4 interpretable DeepEmbCas9 models
for the cleavage activity prediction of 40 Cas9 variants — DeepEmbCas9, DeepEmbCas9-
MVE, DeepEnsEmbCas9 naive, and DeepEnsEmbCas9 — leveraging protein and RNA

1



2

language model embeddings to encode Cas9 and sgRNA, respectively. Among the 4 neu-
ral network models, DeepEnsEmbCas9 naive performed the best in both in-distribution
and out-of-distribution settings, where DeepEnsEmbCas9 naive outperformed individual
Cas9 cleavage activity prediction tools on 18 out of 51 and 17 out of 48 benchmark test
sets, respectively, and performed comparably otherwise. Concerning uncertainty quantifi-
cation, DeepEnsEmbCas9 yields quantile-calibrated uncertainty estimates while keeping a
minimal performance drop compared to DeepEnsEmbCas9 naive. SHAP importance anal-
ysis on DeepEmbCas9 reaffirms the importance of Cas9-target PAM binding as a first step
for Cas9 cleavage, and reveals the L2 linker and PLL-WED-PI as important Cas9 domains
modulating DeepEmbCas9’s predicted activity change when introducing increased-fidelity
and PAM-altering Cas9 mutations, respectively. Our findings demonstrate the usefulness
of protein language model embeddings in uncertainty-aware Cas9 cleavage activity pre-
diction. More generally, DeepEmbCas9 models serve as an initial step towards cleavage
activity prediction modelling for the whole Cas9 protein family.

In summary, this collection of work paves the way forward for the next generation of
structure-aware and interpretable machine and deep-learning models for CRISPR-Cas9
cleavage activity prediction.
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Chapter 1

Background

1.1 Biology background

This section provides essential concepts relating to CRISPR-Cas9 biology. We first intro-
duce CRISPR-Cas9 systems and their use for genome editing and other applications. We
then examine the protein structure of CRISPR-Cas9, followed by its cleavage mechanism.
Next, we describe the off-target effect and finally conclude by protein engineering and
bioprospecting efforts for overcoming various limitations of SpCas9.

1.1.1 CRISPR-Cas9 for genome editing

Clustered regularly interspaced short palindromic repeats-associated protein 9 (CRISPR-
Cas9, Cas9 in short) is a family of programmable RNA-guided endonucleases [11] which
originate from bacteria and archaea adaptive immune systems [12]. The repurposing of
Streptococcus pyogenes Cas9 (SpCas9) and other Cas9 endonucleases such as for genome
editing in mammalian cells [13] has revolutionized the field of gene therapy [14, 15],
as evidenced by the Nobel Prize in Chemistry 2020 [16] and the U.S. Food and Drug
Administration’s approval of Casgevy, the first CRISPR-Cas9 gene therapy for treat-
ing sickle cell disease, in 2024 [17, 18]. Functionally, CRISPR-Cas9 systems are pow-
erful tools for site-directed binding and mutagenesis across a wide variety of eukaryotic
species [12, 11, 13, 19, 20, 21, 22]. As a result, CRISPR-Cas9 has many applications,
including targeted genome editing, modulation of gene expression [23, 24, 25], chromatin
visualization [26, 27], epigenetic modifications [28, 29], and chromatin reorganization [30].
Beyond Cas9’s endonuclease activity, other editing modalities such as base editing [31, 32]
and prime editing [33] have also been developed to further the potential of CRISPR-Cas9
for clinical gene therapy.

The CRISPR-Cas9 genome editor has two components — the Cas9 nuclease and a
single guide RNA (sgRNA) [34]. The sgRNA’s spacer sequence, typically 20 nucleotides
(nt) in length, in CRISPR-Cas9 is highly programmable and easy to design. In essence, by
programming the spacer sequence to have base pair complementarity to the genomic target
site of interest, one can direct the Cas9-sgRNA binary complex to any target of interest for
genome editing [11, 35], provided that the selected target site has a protospacer-adjacent
motif (PAM) compatible with the nuclease. For example, SpCas9 has a short 5’-NGG-
3’ PAM sequence, making it amenable for mammalian genome editing as the PAM is
commonly found in GC-rich mammalian genomes.

17
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Figure 1.1: (A) SpCas9 protein domains. (B) Front (left) and back (right) view of Sp-
Cas9 complex bound to a single guide RNA and double stranded DNA (PDB 5F9R). (C)
CRISPR-Cas9 cleavage mechanism.
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1.1.2 CRISPR-Cas9 structure and mechanism

Structurally, Cas9 is a bi-lobed enzyme, where the sgRNA is placed between the alpha-
helical recognition (REC) lobe and nuclease (NUC) lobe (Figure 1.1A-B). The REC lobe
consists of REC domains (REC1-3 for SpCas9) which mediate nuclease binding, whereas
the NUC lobe consists of the HNH and RuvC domains used for mediating target strand
(TS) and non-target strand (NTS) DNA cleavage, respectively.

For the genomic target site to be edited, the CRISPR-Cas9 molecular machinery mech-
anistically operates in several steps (Figure 1.1C). First, Cas9 searches the genome for a
target site with a protospacer adjacent motif (PAM) compatible with the particular Cas9
nuclease used. Once a target is found, Cas9’s PAM-interacting (PI) and Wedge (WED)
domains bind to the PAM sequence [36]. PAM binding then initiates unwinding of the
target site’s dsDNA, which is stabilized by the phosphate lock loop (PLL) [37]. Unwinding
of dsDNA at the target site then starts R-loop formation, where the sgRNA-TS heterodu-
plex forms via complementary base pairing between the sgRNA’s spacer sequence and the
target DNA strand at the target site [11]. At the same time, Cas9’s HNH domain reposi-
tions next to the TS. Once R-loop formation is complete, Cas9’s HNH and RuvC domains
cleave the TS and NTS 3-4 bp upstream of PAM, which create a blunt double-stranded
break (DSB) [38]. The DSB is then repaired via non-homologous end joining (NHEJ).
Since NHEJ is error-prone, insertions and deletions (indels) are introduced into the DSB,
thereby editing the genomic target site. In the case of SpCas9, the CRISPR-Cas9 com-
plex adopts an inactive checkpoint conformation with rearranged REC2, REC3 and HNH
domains upon partial sgRNA-DNA hybridization [39], and adopts a catalytically active
conformation with HNH positioned next to the target strand [40, 41] once sgRNA-target
hybridization is complete.

1.1.3 Off-target effects

An issue with CRISPR-Cas9 systems is that they may cleave off-targets [42, 43, 44, 45, 46],
i.e., genomic DNA sequences containing mismatches with respect to the sgRNA, which
results in undesired cleavage. This is because SpCas9 tolerates base pair mismatches be-
tween the sgRNA spacer sequence and target dsDNA. The possibility of off-target cleav-
age depends on the number of mismatches, their position, and the type of mismatch
[47, 39]. For example, a PAM-distal 4-bp mismatch can trap the catalytic HNH do-
main in an inactive conformation, but mismatches at PAM-proximal positions preserve
the shape of the RNA:DNA hybrid [48]. As a result, CRISPR-Cas9 systems are currently
not widely adopted in medical applications, since potential off-target Cas9 endonuclease
activity [44, 49, 50] may result in undesirable biological effects [51]. To better understand
off-target activity, various studies have sought to determine the different factors which
influence off-target activity.

As we will see in a later section, computational methods can help accurately identify
all potential off-targets and evaluate the activities of such targets [52, 53, 54, 55, 56, 57,
58, 59, 60].

1.1.4 Effects of epigenetics on CRISPR-Cas9 cleavage activity

Various studies have sought to determine the different factors influencing off-target activ-
ity. One such factor is the hierarchical chromatin structure which may block off certain
genomic regions. Specifically, previous experimental studies reported less CRISPR-Cas9
cleavage for target sites in heterochromatin compared to those in euchromatin in Cas9
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mutagenesis experiments [61, 62]. A similar phenomenon with CRISPR-Cas9 binding
activity is observed in dead Cas9 (dCas9) binding experiments [63, 64, 65]. Similarly,
chromatin accessibility was observed to positively correlate with CRISPR-Cas9 activ-
ity [66, 67]. Chromatin state can be inferred by experimental epigenetic features such
as DNase I hypersensitivity, CpG methylation and histone marks. These three features
can be experimentally measured by DNase-seq [68], reduced representation bisulfite se-
quencing (RRBS) [69, 70] and histone ChIP-seq screens [71]. Because of this, various
biological studies have used these experimental techniques for investigating the impact of
the three epigenetic features (or scores) on off-target activity [72]. In particular, DNase
I hypersensitivity and CpG methylation were observed to be highly indicative of dCas9
off-target activity [73]. However, CpG methylation was shown to indirectly contribute to
off-target activity. This is because it is the DNA-binding methylation-associated factors
which likely block Cas9 binding, rather than CpG methylation [61].

Alternatively, local chromatin structure can be defined as the nucleosome organization
at the local region. As the basic packaging unit of local chromatin structure, a nucleosome
core particle is characterized by the tight wrapping of nucleosomal DNA around a histone
octamer. Determined experimentally via X-ray crystallography, it was found that a nucle-
osomal DNA sequence of length 147 bp is required for the DNA to fully wrap around the
histone octamer [74]. Nucleosome organization can be described by nucleosome occupancy
or nucleosome positioning. Nucleosome occupancy is defined as the cell and time-averaged
probability that a given base pair participates in the nucleosomal DNA wrapping around
any histone octamer. Nucleosome positioning is defined as the cell and time-averaged
probability that a given base pair sits at the center of any 147bp nucleosomal DNA [75].
Nucleosome occupancy is typically measured by Micrococcal Nuclease digestion with deep
sequencing (MNase-seq) [76, 77]. Various studies demonstrate that nucleosomes directly
inhibit Cas9 binding and cleavage both in vitro and in vivo [78, 64, 79, 72]. However,
access to nucleosomal DNA can be partially recovered via chromatin remodelling [64] and
spontaneous nucleosome breathing [79].

1.1.5 Overcoming limitations of SpCas9

Despite SpCas9’s success in genome editing, SpCas9 has several major limitations. Apart
from off-target effects, SpCas9 also suffers from:

1. Variable on-target efficiency for different spacer sequences [42, 80];

2. SpCas9 cannot access a large portion of the human genome as SpCas9 can only bind
to target sites with the PAM sequence NGG next to it;

3. Because of SpCas9’s large gene size of 4.1 kb, an all-in-one SpCas9-sgRNA expres-
sion cassette would exceed the ∼4.7 kb packaging limit [81] of an adeno-associated
virus (AAV) [81] — a common approach for delivering Cas9 genome editors into
mammalian cells [82].

Given a target site of interest, it also remains challenging to optimize the combination
of Cas9 variant and sgRNA for efficient and specific genome editing. To overcome these
issues, researchers have pursued four research directions: engineering of the SpCas9 nu-
clease [83, 84, 85, 86, 87, 10], metagenomic mining [88] and engineering [83, 89, 90, 91, 92,
93, 94] of smaller Cas9 orthologs with alternative PAMs, gRNA scaffold optimization [95],
and the use of computational modelling of cleavage activity for optimal sgRNA design [96].
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Engineered SpCas9 variants

Enhanced efficiency and specificity for SpCas9 can be achieved by mutating protein residues
in the nuclease, as motivated by the extensive contacts between SpCas9 and the guide-
target heteroduplex in the CRISPR-Cas9 complex. Using structure-guided rational en-
gineering, researchers developed high-fidelity variants such as eSpCas9(1.1) [83], SpCas9-
HF1 [84], and HypaCas9 [85]. Alternatively, researchers have used yeast-based directed
evolution (DE) [97] to develop evoCas9 [86], and E. coli -based DE to develop Sniper-
Cas9 [87], Sniper2P and Sniper2L [10]. Sc++ [98] was also rationally engineered from
Streptococcus canis Cas9 (ScCas9) via multiple sequence alignment between ScCas9 and
closely related Streptococcus orthologs. As for the broadening of SpCas9’s PAM require-
ment, structure-guided rational engineering gave rise to SpCas9-VQR (VQR onwards) [99],
SpCas9-VRER (VRER onwards) [99], SpCas9-VRQR (VRQR onwards) [84], VRQR-
HF1 [84], QQR1 [100], SpCas9-NG [101], SpG [102], and SpRY [102], whereas phage-
assisted (non-)continuous evolution [103, 104, 105] gave rise to xCas9(3.7) (referred to as
xCas9 onwards) [106], SpCas9-NRRH, SpCas9-NRTH, and SpCas9-NRCH [107].

Small Cas9 orthologs and engineered variants

As mentioned earlier, fitting an all-in-one SpCas9-sgRNA expression cassette into an AAV
vector is not feasible. Early approaches addressed this issue by identifying smaller Cas9
orthologs that show mammalian genome editing activity, which included St1Cas9 [99,
108, 109, 110, 111], Nm1Cas9 [108, 112, 113, 114], SaCas9 [115, 116, 99, 117, 118, 119],
CjCas9 [120, 121], Nm2Cas9 [122], SlugCas9 [94, 91] and SauriCas9 [123]. However, these
nucleases lack specificity, so increased fidelity variants such as eSaCas9 [83], efSaCas9 [89],
SaCas9-HF [90], SlugCas9-HF [91], and enCjCas9 [92] were developed. The nucleases also
have lengthy PAMs, so PAM-relaxed variants such as SaCas9-KKH [93] and SauriCas9-
KKH [123] were developed. Further protein engineering gave SaCas9-KKH-HF [90], Sa-
SlugCas9 [91], and sRGN3.1 [94], which were developed by stacking SaCas9-KKH and
SaCas9-HF mutations, replacing SaCas9’s PI domain with that of SlugCas9, and shuffling
of protein fragments from Cas9 orthologs similar to SlugCas9, respectively.

gRNA scaffold optimization

Changes to the gRNA scaffold also boosted on-target activity. For SpCas9, this involved
increasing the length of the repeat-antirepeat and a T-to-C mutation that broke the 5’
continuous stretch of thymines which was misinterpreted as a transcription termination
signal. Various SaCas9 [116, 118, 93], St1Cas9 [108, 110], NmCas9 [103, 112, 122], and
CjCas9 [120, 121] gRNA scaffolds have also been considered for boosting the on-target
efficiency of small Cas9 nucleases.

1.2 Machine and deep learning

This section provides an overview of machine learning and deep learning algorithms used
in this thesis.

1.2.1 Supervised learning

Machine learning (ML) [124, 125] is a field of study which leverages data and pattern
recognition algorithms for making novel predictions as part of decision making. Supervised
learning is a subfield of ML which concerns the learning of a mapping from input features
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to labels. Formally, given a labelled dataset D = {(xi, yi)}Ni=1 of size N for a task T of
interest, ML algorithms learn a mapping f between input features x and predicted labels ŷ
such that the distance (i.e., loss function or loss objective) between ŷ and observed labels
y is minimized. The mapping f is also called a ML model, whose parameters consist of
learnable parameters and user-defined hyperparameters. The ML model can be seen as a
function approximator, since the model is trying to approximate the true mapping xi 7→ yi
for each datapoint.

In this thesis, we mainly focus on regression tasks, where predicted and observed labels
are real-valued, i.e., y, ŷ ∈ R. As a result, the ML algorithms used in this thesis often utilize
mean squared error l(ŷ, y) = (ŷ − y)2 as a loss function. When training machine learning
algorithms, we divide the dataset into training, validation, and test datasets. Whereas the
training dataset is used for training the ML model, the validation dataset is used for tuning
model hyperparameters, and the test dataset is used for assessing model performance. To
avoid data leakage, great care is taken to prevent overlapping of datapoints between the
three datasets.

1.2.2 Extreme Gradient Boosting

eXtreme Gradient Boosting (XGBoost) [126] is a gradient boosting algorithm [127] based
on an ensemble of classification and regression trees (CART). In particular, CARTs differ
from decision trees by having real values instead of decision values in its leaves. XGBoost is
a boosting algorithm in the sense that it is a strong learner built out of a collection of weak
learners, i.e., individual CARTs. Formally, predictions for an XGBoost model with CART
ensemble {fi}ti=1 are made by summing predictions from each tree i.e., ŷi =

∑K
i=1 fk(xi),

where K is the tree ensemble size and fk is the kth tree in the ensemble.
XGBoost is trained using an objective function equal to the training loss function

(e.g., MSE) plus a regularization term to prevent model overfitting. Specifically, the
regularization term for a tree f with T leaves is defined as ω(f) = γT+ 1

2λ
∑T

j=1w
2
j , where

wj ∈ R is the value attached at the jth leaf node of tree f , and γ, λ are hyperparameters.
At iteration step t ∈ [T ], XGBoost grows a new tree ft, and the loss objective function
becomes

L(t) =

N∑
i=1

ℓ(yi, ŷ
(t)
i ) +

t∑
k=1

ω(fk)

=
N∑
i=1

ℓ(yi, ŷ
(t−1)
i + ft(xi)) +

t∑
k=1

ω(fk) (tree predictions are summed)

=

N∑
i=1

ℓ(yi, ŷ
(t−1)
i + ft(xi)) + ω(ft) + C ∵ only ft is optimized at step t

=

N∑
i=1

[
ℓ(yi, ŷ

(t−1)
i ) + gift(xi) +

1

2
hif

2
t (xi)

]
+ ω(ft) + C (2nd order Taylor series approximation)

where gi = ∂

∂ŷ
(t−1)
i

ℓ(yi, ŷ
(t−1)
i ), hi = ∂2

∂(ŷ
(t−1)
i )2

ℓ(yi, ŷ
(t−1)
i ), and constant C =

∑t−1
k=1 ω(fk)

By removing constants ℓ(yi, ŷ
(t−1)
i ) and C, we see that minimizing L(t) is equivalent to
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minimizing the objective:

L̃(t) =
N∑
i=1

[
gift(xi) +

1

2
hif

2
t (xi)

]
+ ω(ft)

=
T∑

j=1

∑
i∈Ij

[
gift(xi) +

1

2
hif

2
t (xi)

]
+ γT +

1

2
λ

T∑
j=1

w2
j

=

T∑
j=1

∑
i∈Ij

[
giwj +

1

2
hiw

2
j

]
+ γT +

1

2
λ

T∑
j=1

w2
j ∵ q(xi) = j ⇐⇒ j ∈ Ij

=
T∑

j=1

[(∑
i∈Ij

gi

)
wj +

1

2

(∑
i∈Ij

hi + λ
)
w2
j

]
+ γT+ (group indices by leaves)

=
T∑

j=1

[
Gjwj +

1

2
(Hj + λ)w2

j

]
+ γT

where q is a function mapping an input to its corresponding leaf’s index, Ij = {i : q(xi) =
j} is the set of input indices corresponding to leaf j, Gj =

∑
i∈Ij gi, and Hj =

∑
i∈Ij hi.

By using this loss objective, XGBoost can be trained using any training loss function. To
learn (a.k.a. grow) the tree structure of each CART, XGBoost greedily selects the input
feature which maximizes information gain.

Various limitations of XGBoost led to the development of CatBoost [128] and Light-
GBM [129]. We refer readers to the respective publications for more information on
CatBoost and LightGBM.

1.2.3 Deep learning

Deep learning [130, 131] is a field of study which leverages artificial neural networks (neural
networks or NN onwards) for pattern recognition. The success of deep learning has seen
countless applications in many domains, the most notable being image recognition [132,
133, 134] and text processing [135]. Formally, a neural network is a function approximator
with weight parameters, where inferences or forward passes through a neural network are
made to make predictions. A neural network learns by updating its weight parameters
to minimize a loss objective. More concretely, weights are updated by a user-selected
optimizer such as stochastic gradient descent (SGD) [136, 137] and Adam [138], where
the optimzer uses backpropagation, i.e., recursive application of chain rule in the neural
network’s computational graph, to perform gradient descent, which updates the neural
network weights. Metaphorically, the process of gradient descent can be thought of as a
ball rolling down a bowl, where the loss is optimized when the ball reaches the bottom of
the bowl.

Different types of neural network architectures introduce different inductive biases, i.e.,
assumptions used when making predictions for unseen input data. Inductive biases help
neural networks become more data efficient during training, as well as improve generaliza-
tion to unseen data. For example, translation equivariance induced by the convolution op-
eration make convolutional neural networks amenable for image processing tasks, whereas
sequential dependency among recurrent units make recurrent neural networks amenable
for text-related tasks.

In practice, Python packages such as Tensorflow [139], Keras [140], PyTorch [141, 142,
143] and JAX [144] abstract away the implementation details of deep learning, allowing



1.2. MACHINE AND DEEP LEARNING 24

users to focus on neural network model development, including selection of model and
optimizer hyperparameters, for the task of interest. Regarding hardware, graphical pro-
cessing units (GPU) help speed up neural network training and inference by parallelizing
the many linear algebra operations required in model inference and optimization.

With the above in mind, this section surveys the various types of neural networks used
in this thesis, namely fully connnected neural networks, convolutional neural networks and
recurrent neural networks.

Fully connected neural network

Also known as multi-layer perceptrons (MLP), fully connected or feedforward neural net-
works are composed of multiple layers of fully connected layers. Mathematically, on input
x ∈ Rm, a fully connected layer (i.e., Dense in PyTorch) parameterized by a weight matrix
W ∈ Rm×n and bias vector b ∈ Rb computes the output xW + b. Since the composi-
tion of linear functions remains linear, non-linear activations, e.g., the rectified linear unit
(ReLU) f(x) = max(0, x), are appended after all fully connected layers apart from the last
one. This allow MLPs to learn piecewise linear functions, and hence be effective function
approximators. To prevent model overfitting, dropout layers are often inserted between
the fully connected and activation layers, where dropout randomly zeroes out each input
tensor element with a user-defined probability typically 0.1-0.5.

Convolutional neural networks

Unlike multi-layer perceptrons, convolutional neural networks (CNN) use convolutional
layers for automatic feature extraction. Since DNA and RNA sequences are one-dimensional,
we mainly use 1D convolutional layers in subsequent chapters. Formally, given input
X ∈ RN×Cin×Lin , a 1D convolutional layer (named Conv1D in PyTorch) parameterized
by weight W ∈ RCout×Cin×K and bias b ∈ RCout yields an output Y ∈ RN×Cin×Lin with

Yn,c0,ℓ = bc0 +

Cin−1∑
c=0

K−1∑
k=0

Wc0,c,kXn,c,ℓ+k

for datapoint index n ∈ [0, N), output channel c0 ∈ [0, Cout), and output sequence position
ℓ ∈ [0, Lout), where:

• N denotes the batch size;

• Cin denotes the number of input channels;

• Cout denotes the number of output channels;

• Lin denotes the input sequence length;

• Lout denotes the output sequence length;

• K denotes the convolutional filter or kernel size.

Note that we assumed default parameters for stride, padding, dilation and groups in this
definition. We refer readers to https://docs.pytorch.org/docs/stable/generated/

torch.nn.Conv1d.html for further explanations of these other parameters. Similar to
feedforward neural networks, dropout and non-linear activation layers are added after the
convolutional layer for the same reasons explained above. In PyTorch, CNNs typically
have a series of Conv1D-Dropout-ReLU layers, followed by a Flatten layer to merge the

https://docs.pytorch.org/docs/stable/generated/torch.nn.Conv1d.html
https://docs.pytorch.org/docs/stable/generated/torch.nn.Conv1d.html
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feature and channel dimensions, and then followed by a series of Dense-Dropout-ReLU
layers.

Recurrent neural networks

Recurrent neural networks (RNN) are inspired by the need to persist information across
a sequence of inputs. One way of building an RNN is to define a neural network f
parameterized by weights W , where f at time step t takes a feature vector x(t) and hidden
state h(t−1) as input and outputs a vector y(t) a new hidden state h(t), i.e., (y(t), h(t)) =
f(x(t), h(t−1);W ). However, such an implementation suffers from the vanishing gradient
problem, where the gradients for the earlier layer weights become exponentially smaller
due to increasing number of gradient multiplications.

To fix this, gated RNNs were proposed, with the main architectures being long short-
term memory (LSTM) [145] and gated recurrent unit (GRU) neural networks. Unlike the
previous naive implementation, LSTMs and GRUs leverage gates to capture long-term
sequence dependencies. Formally, an LSTM layer parameterized by weights Wfi, Wfh,
Wii, Wih, Wci, Wch, Woi, Woh and biases bfi, bfh, bii, bih, bci, bch, boi, boh takes a feature
vector x(t), a previous hidden state h(t−1) and a previous cell state C(t−1) as inputs, and
outputs a new hidden state h(t) and a new cell state C(t), where

f (t) = σ(Wfix
(t) + bfi +Wfhx

(t) + bfh) (Forget gate layer)

i(t) = σ(Wiix
(t) + bii +Wihx

(t) + bih) (Input gate layer)

C̃(t) = tanh(Wcix
(t) + bci +Wchx

(t) + bch) (Create new values to write)

C(t) = f (t) ⊙ C(t−1) + i(t) ⊙ C̃(t) (Update cell state)

o(t) = σ(Woix
(t) + boi +Wohx

(t) + boh) (Compute output)

h(t) = o(t) ⊙ tanh(ct) (Update and output hidden state)

with ⊙ denoting element-wise multiplication.
GRUs were then introduced to lower the computational cost compared to LSTMs.

Compared to LSTMs, the forget and input gates are merged into one update gate, and
the cell and hidden states are merged into one hidden state in GRUs.

Formally, a GRU layer parameterized by weights Wzi, Wzh, Wri, Wrh, Whi, Whh and
biases bzi, bzh, bri, brh, bhi, bhh takes a feature vector x(t) and a previous hidden state
h(t−1) as input, and outputs the feature vector h(t), where

z(t) = σ(Wzix
(t) + bzi +Wzhh

(t−1) + bzh) (Update gate layer)

r(t) = σ(Wrix
(t) + bri +Wrhh

(t−1) + brh) (Reset gate layer)

h̃(t) = tanh(Whix
(t) + bhi +Whh(r(t) ⊙ h(t−1)) + bhh) (Create new values to write)

h(t) = (1 − z(t)) ⊙ h(t−1) + z(t) ⊙ h̃t (Update and output hidden state)

Bidirectional RNNs are built by stacking forward direction and reverse direction LSTMs/GRUs.
This architecture enable bidirectional RNNs to learn sequence dependencies in either di-
rections.

1.2.4 SHapley Additive exPlanations

Inspired by coalition game theory, SHapley Additive exPlanations (SHAP) [146] computes
the contribution of individual features towards the XGBoost model’s predictions. SHAP
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does this for a given datapoint by assigning SHAP values to each input feature such that
the SHAP values sums to the model’s prediction minus a constant baseline. Mathemati-
cally, for datapoint i:

m(X(i)) = ŷ(i) = t(X(i)) = b+

|F |∑
j=1

ϕ
(i)
j (1.1)

where:

• m is the ML model,

• t is the explanation model,

• F is the set of input features to m,

• ŷ(i) ∈ R is the model’s prediction for datapoint i,

• X(i) ∈ R|F | is the input feature vector for datapoint i,

• b ∈ R is some constant baseline, and

• ϕ
(i)
j the SHAP value assigned to feature j for datapoint i.

SHAP values can be used for both local or global interpretation. While local inter-
pretation allows one to explain individual predictions, we are more interested in global
interpretation. Specifically, global interpretation allow us to quantify and rank the im-
portance of input features. Namely, from SHAP values ϕ, the SHAP importance Ij of a
feature j in a model m can be quantified by the following equation:

Ij =
1

N

N∑
i=1

|ϕ(i)j | (1.2)

where N is the number of datapoints. Similarly, the SHAP importance IJ of a feature
group J can be quantified by the following equation:

IJ =
1

N

N∑
i=1

∣∣∣∑
j∈J

ϕ
(i)
j

∣∣∣ (1.3)

SHAP values also allow us to identify how variations in the feature value for a single
feature impact the model’s output across the whole dataset. This allows us to study how
changes in input feature values affect model predictions within the dataset.

The Python SHAP package provides an API for producing SHAP summary plots from
SHAP values. Normally limited to 20 rows, each row in a SHAP summary plot is a
horizontal beeswarm plot for each input feature, where the input features are ordered by
decreasing SHAP feature importance. Dots in the beeswarm plot for each feature are
colored by the datapoint’s feature value. Red, purple and blue dots in the plot correspond
to high, medium and low feature values, respectively.

1.2.5 Uncertainty quantification

Deep ensembles

Predictions made by neural networks are overconfident, making it problematic to use
neural networks in safety-critical applications like genome editing. One way of overcoming
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this is to use deep ensembles [147] for estimating predictive uncertainty. Formally, a deep
ensemble of size N makes predictions by combining the predictions of multiple mean-
variance neural networks [148], which have two output heads — one for the predicted mean
µ̂ and one for the predicted variance σ̂2 — and are trained using a Gaussian negative log
likelihood loss:

L =
1

2

(
log(max{σ̂2, ϵ}) +

(y − µ̂)2

max{σ̂2, ϵ}

)
+ C (1.4)

where y is the label, C is some constant, and ϵ (typically 1× 10−6) is a constant added to
stabilize training.

In a deep ensemble with N mean-variance NNs, given mean-variance predictions
{(µ̂i, σ̂

2
i )}20i=1 for input xi, the deep ensemble’s predicted mean and variance is given by

µ = M−1
∑M

i=1 µ̂i and σ2 = M−1
∑M

i=1(σ̂
2
i + µ̂2i ) − µ2naive, respectively.

Quantile calibration

To assess the quality of uncertainty estimates produced by deep ensembles, we adopt
Kuleshov et al.’s definition of quantile calibration [149]. In the regression setting, Kuleshov
et al.’s definition of quantile calibration states that a ML model generating a predictive
distribution for datapoint i with label yi and cumulative distribution function (CDF)
Fi : R → [0, 1] (i.e., quantile function F−1

i ) is quantile calibrated if

∀p ∈ [0, 1] : lim
N→∞

1

N

N∑
i=1

1{yi ≤ F−1
i (p)} = p

withN as the dataset size. We estimate this by selecting confidence levels pj ∈ {0, 0.01, . . . , 1}
and plotting {(pj , p̂j)}101j=1 where p̂j = 1

N |{yi|Fi(yi) ≤ pj , i ∈ [N ]}| is the empirical fre-
quency.

Kuleshov et al.’s definition can also be adjusted to use confidence intervals (CI) instead,
where a ML model is calibrated if

∀p ∈ [0, 1] : lim
N→∞

1

N

N∑
i=1

1{F−1
i (0.5 − p

2
) ≤ yi ≤ F−1

i (0.5 +
p

2
)} = p

Similarly, we estimate this by selecting confidence intervals pj = 0, 0.01, . . . , 0.99, 1 and
plotting {(pj , p̂j)}101i=1 where p̂j = 1

N |{yi|0.5 − pj
2 ≤ Fi(yi) ≤ 0.5 +

pj
2 , i ∈ [N ]}| is the CI-

based empirical frequency. Finally, Kuleshov et al.’s approach for computing the quantile
calibration error is given by

cal({(p̂j , pj)}101j=1) =
101∑
j=1

(p̂j − pj)
2

for both calibration definitions defined above.

1.3 Computational modelling of CRISPR-Cas9 cleavage ac-
tivity prediction

Accurate identification of all potential off-target sites and evaluation of their activities
have been the goals of various computational tools [52, 53, 54, 55, 56, 57, 58, 59, 60]. The
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main motivation for developing such tools stems from the potential of such tools to become
cheap in silico alternatives to the low-throughput and costly in vitro and in vivo surrogate
reporter [150, 151] and gold-standard indel frequency measurement assays [152, 153, 154]
typically required for optimal sgRNA design. In this section, we first describe how the
CRISPR-Cas9 cleavage activity problem is phrased as a computational problem, and then
describe the various types of algorithms used to solve the computational problem.

1.3.1 Problem Formulation

Since the spacer and target sequences of the CRISPR-Cas9 complex are the primary
factors influencing Cas9 cleavage activity [42], most approaches in the literature [80, 56,
52, 155, 53] aim to accurately capture the functional relationship between the spacer-
target interface and CRISPR-Cas9 cleavage activity. Mathematically, the relationship
can be defined as a function f : Σℓ × Γℓ′ → R with the mapping (sg, st) 7→ a for a
length-ℓ spacer sequence sg, length-ℓ′ target sequence st, and experimentally measured
Cas9 cleavage activity a, with Σ = {A,U,C,G} and Γ = {A, T,C,G} denoting the nucleic
acid alphabets for RNA and DNA, respectively. In the case of SpCas9, we typically have
ℓ = 20 and ℓ′ = 23 as a result of the 20nt spacer and 3nt PAM. Computationally, the
spacer and target sequences are represented as strings, whereas the cleavage activity value
is represented as a floating point number. In this thesis, we use Cas9 cleavage activities
which are measured using indel frequencies [152, 153, 154] and cleavage rates [156, 102, 157]
rather than those measured log2 fold change [80, 56], as the latter relies on changes in gene
expression from the reporter gene construct to indirectly capture DSBs, which introduces
variance to the activity label.

The input tuple (sg, st) can be extended to model the influence of other biological
factors influencing Cas9 activity. Such factors include epigenetic features in the in vivo
setting as we explore in chapter 2 and Cas9 residue-related features as we explore in
chapters 3 and 4.

1.3.2 Rule- and alignment-based approaches

Early pioneering approaches relied on rule- and alignment-based algorithms for ranking
candidate sgRNAs and listing candidate off-targets, respectively. The MIT (Hsu-Zhang)
score aggregates position-specific mismatch penalties across all potential off-target sites of
a given sgRNA to calculate a sgRNA specificity score. CHOPCHOP [158] is a web server
which ranks candidate sgRNAs by five criteria: the number of off-targets, the number
of mismatches within the off-targets, the sgRNA’s GC content and the presence of a
guanine at position 20 (counting 5’ to 3’). CCTop [159] also produces sgRNA aggregate
scores to rank sgRNAs, with off-target scores calculated by summing exponentials across
mismatch positions. Similar to CHOPCHOP and CCTop, CROP-IT [160] uses a rule-
based algorithm for ranking sgRNAs, but incorporates DNase-I seq chromatin accessibility
information to boost CROP-IT’s off-target prediction performance. Cas-OFFinder [161] is
a fast OpenCL-based sequence alignment algorithm which identifies potential genomic off-
target sites given the spacer sequence and nuclease of interest. Since SpCas9 can tolerate
spacer-target interfaces with up to 5-6 mismatches [42, 162], researchers often configure
Cas-OFFinder so that it finds off-targets with ≤ 6 mismatches, which is helpful in SpCas9
off-target datset curation workflows.
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1.3.3 Traditional machine learning

Whereas alignment- and rule-based algorithms directly define the function based on do-
main knowledge of CRISPR-Cas9 systems, ML–based methods build on labeled datapoints
containing the spacer sequence, target sequence, and experimentally measured Cas9 cleav-

age activity. A given dataset withN such datapoints,
{(
s
(i)
g , s

(i)
t , ai

)}N
i=1

can be partitioned
into training, validation and test sets so that models for (off-)target cleavage activity pre-
diction can be constructed. In terms of feature representation, the spacer and target se-
quences are typically represented using one-hot encodings. ML models require the careful
selection of relevant features related to the activity of a given sgRNA at a potential (on/off)
target site. Some of the most widely used observed features originate from pioneering work
on optimised sgRNA design [56, 80] and include (but are not limited to) dinucleotide and
single-nucleotide identities at each position of the sgRNA, position independent nucleotide
counts, the location of the sgRNA within the gene, the GC count of the sgRNA as well
as thermodynamic features. These features were first used to feed “traditional” predictive
ML methods, e.g., regularized linear regression, support vector machines [163], random
forest [164] and gradient-boosted regression trees [165, 126, 129, 128]. Prominent ML-
based SpCas9 activity models include Rule Set 1 [80], CRISPOR [162], sgRNA scorer
2.0 [166], Azimuth [56], and Elevation [57].

1.3.4 Deep learning

Deep learning [132, 130, 133, 134, 145] has been instrumental in building the most widely
used and efficient models for on/off-target activity prediction [52, 155, 53, 167, 53]. Deep
neural networks have the advantage of high prediction accuracy but make model interpre-
tation more challenging and need a large amount of training data typically obtained from
in vitro/vivo genome-wide off-target cleavage detection assays [168, 169, 170, 171, 172,
173, 174, 175, 176] or high-throughput guide-target lentiviral library screens [177, 178, 5].
Notably, DL models are favored over ML models due to their ability to perform automatic
feature extraction and superior predictive performance [5, 179] over ML models. A variety
of neural network architectures have been used, including convolutional neural networks
(CNN) [52, 167, 180], recurrent neural networks (CNN) [4], convolutional-recurrent neu-
ral networks (C-RNN) [181, 182, 53, 183], and kinetically interpretable neural network
(KINN) [184] for Cas9 cleavage activity prediction.

Since the spacer and target sequences are the primary determinants affecting CRISPR-
Cas9 cleavage activity, the majority of ML- and DL-based models have relied on repre-
sentations of the spacer-target interface for input features to the neural network. More
concretely, such features include one-hot encoding of the spacer-target interface [167], GC
counts, computed DNA melting temperatures and computed minimum free energy of the
sgRNA [8].

Beyond the guide-target interface, some DL-based models [185, 181, 186, 187] com-
plement the sequence features with a diverse set of physically-inspired scores such as
approximate energy terms [59] for R-loop formation and sgRNA–target strand DNA
(TS) hybridization. Given that cleavage activity can be modulated by epigenetics [185],
specifically primary chromatin structure [78, 64, 79, 188, 189], some DL-based mod-
els [52, 182, 155, 181] also incorporate computed and/or epigenetic input features to repre-
sent the chromatin state at off-target sites. Such features include CCCTC-binding factor
(CTCF, [190]), chromatin immunoprecipitation (ChIP, [191]), histone-3 lysine-4 trimethy-
lation (H3K4me3, [192]), reduced representation bisulfite sequencing (RRBS, [69, 70]) and
Deoxyribonuclease-I hypersensitive sites sequencing (DNase-seq, [68]) assays. Available in
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crisprSQL [54], DNA:RNA ImmunoPrecipitation and high-throughput sequencing (DRIP)
is an epigenetic score which measures R-loop formation in the genome [193, 194]. Notably,
R-loops play a role in regulating chromatin states [195].

Similar approaches have been used for dealing with Cas9 variants apart from SpCas9.
Example of such tools include DeepxCas9 [6], DeepSpCas9-NG [6], DeepSpCas9variants [7],
DeepSmallCas9 [8], DeepCas9variants [9], and DeepSniper [10].

1.3.5 Biophysical models

Since R-loop formation is the rate-limiting step in Cas9 cleavage, researchers hypothesized
that the R-loop formation energy would correlate with Cas9 cleavage activity, which in-
spired the development of thermodynamic free energy-based models such as uCRISPR [60],
CRISPRoff [59], CRISPRspec [59], and CRISPRspecExt [196]. Later research revealed
that R-loop formation process is under kinetic control rather than in thermodynamic
equilibrium, inspiring the development of kinetic models for wild-type and engineered Sp-
Cas9 variants such as those developed by Jones Jr. et al [197] and Eslami-Mossallam et
al. [198]. CRISOT uses molecular dynamics to derive RNA-DNA molecular interaction
fingerprints, which are then used for SpCas9 cleavage activity prediction.

1.4 Nanoenvironment approach

In this thesis, the concept “nanoenvironment” refers to a specific internal protein region
with well-defined characteristics and a unique set of corresponding STING descriptors
[199, 200, 201, 202], i.e., physicochemical and structural descriptors, that are able to
select only the amino acid residues that make up that part of the protein region. As we
will see in Chapter 3, we only care about the protein region surrounding the sgRNA-TS
heteroduplex, so the nanoenvironment of interest in Chapter 3 is defined by the set of Cas9
residue-resolved physicochemical and structural descriptor values located on heteroduplex-
proximal Cas9 residues. This is in contrast to previous definitions of the nanoenvironment,
where such functionally distinct regions were named as protein districts, using a common
analogy of internal protein regions with city districts. Previous work [199, 200, 201, 202,
203, 204] has been successfully connected to the similar characterization of certain residues
within a protein region with some functional properties (such as enzyme activity or protein
interfaces) of the system in the study.

1.5 Motivation & Objective

This thesis is largely motivated by the following questions: Can CRISPR-Cas9 cleavage
activity prediction be better modelled using ML and DL if we consider structural fac-
tors beyond the guide-target sequences? If such ML/DL models were built, does model
interpretation enable us to better understand the CRISPR-Cas9 machinery? Does the
model interpretation corroborate with our current understanding of CRISPR-Cas9 bi-
ology? These questions stemmed from the fact that most prediction tools at the time
relied on the spacer-target interface of being the primary determinant of Cas9 cleavage
activity. Additionally, wet-lab and structural CRISPR-Cas9 studies had determined that
epigenetics in the form of chromatin accessibility and nucleosomes at the target site, as
well as certain SpCas9 residues, influenced SpCas9 cleavage activity. If these questions
could be adequately addressed, then the accurate predictions made from the resulting en-
hanced ML/DL models would allow us to facilitate safety quantification in genome editing
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experiments and clinical gene therapy.
Chapter 2 was mainly motivated by DeepCRISPR, one of the first DL-based SpCas9

cleavage activity prediction tools. Published in 2018, it was also the first tool to featurize
the epigenetic environment of a (off-)target site by incorporating four epigenetic markers
(DNase I, RRBS, CTCF and H3K4me3) into the DL model’s input. However, it was un-
clear whether the four epigenetic features had meaningfully contributed to DeepCRISPR’s
performance. The issue was compounded by a lack of computational studies which assess
the impact of primary chromatin structure on Cas9 activity. Given that nucleosome po-
sition and breathing were shown to influence SpCas9 cleavage activity in in vitro and in
vivo experiments, we hypothesized that experimental nucleosome occupancy and position-
ing features such as MNase-seq data could be useful as input features for ML/DL-based
SpCas9 cleavage activity prediction models. However, such experimental data is expensive
to obtain, so we also considered scores produced by existing computational nucleosome
occupancy and positioning tools as input features for the ML/DL models. As a result, for
Chapter 2, we had the objective of utilizing various experimental epigenetic features and
computed nucleosome organization-related features, and determining which features were
found to be important by the trained ML/DL models when predicting SpCas9 cleavage
activity.

The study in Chapter 3 was inspired by the fact that most existing ML/DL-based
SpCas9 cleavage activity tools only featurized the spacer-target interface of the CRISPR-
Cas9 complex as input. This was a research gap that we paid attention to, as structural
studies had showed that the SpCas9 plays an integral role in conformational proofread-
ing of the sgRNA-TS heteroduplex, and yet SpCas9 was not being modelled in existing
computational cleavage activity prediction tools. Mechanistically, changes to the heterodu-
plex nucleotides induce change in the heteroduplex’s configuration and physicochemical
properties, which in turn changes physicochemical/structural properties of heteroduplex-
proximal Cas9 residues due to SpCas9-heteroduplex interactions. Therefore, monitor-
ing the changes in physicochemical/structural descriptors characterizing heteroduplex-
proximal Cas9 residues can capture (due to SpCas9-heteroduplex interactions) subtle
changes (e.g. mutations, mismatches) in the heteroduplex sequence content. Because
of this, we hypothesized that the variability in per-residue descriptor values for different
spacer-target interfaces would enable one to build a functional mapping between residue-
resolved physicochemical/structural descriptor properties and SpCas9 activity (e.g. by
ML). In other words, the SpCas9 activity problem can be reformulated from the usual
spacer-target sequence pair to SpCas9 activity functional mapping to the functional map-
ping between the aforementioned Cas9 residue features and SpCas9 activity. Interpretation
of a ML model that has learned such a functional mapping would then allow us to deduce
and quantify the importance of SpCas9 residues and physicochemical/structural descrip-
tors pertinent to SpCas9 cleavage activity. With the above framework in mind, we sought
to build such a ML model and interpret the model, which would hopefully reveal SpCas9
residues relevant to SpCas9’s cleavage mechanism. As part of a research collaboration,
this chapter was completed with Walter and Artemi from Istituto Italiano di Tecnologia,
who ran the all-atom molecular dynamic simulations, and Goran’s research group from
Embrapa Digital Agriculture, which has expertise on the physicochemical and structural
descriptors used in this chapter.

Nonetheless, one major limitation of the approach taken in Chapter 3 is that the
approach cannot be scaled to large numbers of spacer-target interfaces due to the large
computational resources required for protein-nucleic acid molecular dynamics simulation.
At the same time, the CRISPR-Cas9 literature saw the development of many single-variant
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DL-based cleavage activity prediction models for a wide range of SpCas9 and smallCas9
variants, where the models include DeepxCas9, DeepSpCas9-NG, DeepSpCas9variants,
DeepSmallCas9, DeepCas9variants and DeepSniper. Given the above observations, we
hypothesized that another way of incorporating information relating to the Cas9 nuclease
in a ML model is to leverage protein language model (pLM) embeddings as input features,
since pLM embedding have been shown to efficiently capture protein coevolution (i.e.,
residue-residue contact) information. However, unlike the residue-resolved physicochem-
cial/structural features extracted from catalytically active Cas9 structures complexed with
a sgRNA and target double stranded DNA (dsDNA), pLM embeddings derived solely from
Cas9 protein sequences do not capture Cas9-heteroduplex interactions. To compensate for
this, a DL model using such pLMs would need to be trained on indel frequency datasets
arising from a diverse set of Cas9 variants. Combined with the use of RNA language model
(rLM) model embeddings to encode the entire sgRNA as input, the resulting DL model
would be the first to featurize all three components of the complex — the sgRNA, target
sequence and the Cas9 nuclease. Given the above ideas, Chapter 4 has the goal of building
a DL model enriched with Cas9 protein coevolution and sgRNA structural information
using a carefully curated dataset spanning many Cas9 variants, and also interpreting the
DL model to see what biological insights can be obtained.



Chapter 2

Comprehensive computational
analysis of epigenetic descriptors
affecting CRISPR-Cas9 off-target
activity

This chapter has been published in BMC Genomics with the citation Mak, J. K., Störtz,
F., & Minary, P. (2022). Comprehensive computational analysis of epigenetic descriptors
affecting CRISPR-Cas9 off-target activity. BMC Genomics, 23(1). https: // doi. org/

10. 1186/ s12864-022-09012-7 . The nucleosomal features generated in this chapter have
also been used in a related publication reproduced in Appendix D.1.

2.1 Background

In this chapter, we aim to conduct a comprehensive computational investigation on the
impact of structural epigenetic features on CRISPR-Cas9 off-target activity. We use the
Cas9 off-target activity database crisprSQL [54] with over 25,000 guide-off-target data-
points and a comprehensive set of computational tools in this study. By doing so, we
find that several nucleosome organization-related features attain higher correlation with
off-target activity compared to the existing experimental epigenetic scores. In particular,
this correlation is significantly higher for two Block Decomposition Method-based fea-
tures [205, 206]. We also build physically inspired off-target activity prediction models
that are purely based on empirical free energy estimates of the sgRNA-DNA heteroduplex
and epigenetic features. This allows us to evaluate the impact of epigenetic features in the
context of CRISPR-Cas9 activity model prediction. We find that said models take advan-
tage of the computed nucleosome organization-related features but pay less attention to
the commonly used experimental epigenetic scores.

2.2 Results

2.2.1 Spearman and Pearson correlation analysis

Figure 2.1 shows two heatmaps denoting the Spearman and Pearson correlations of off-
target cleavage activity with 19 epigenetic features (see exact values in Appendix Ta-
ble A.1). The 19 epigenetic features consist of 6 experimental epigenetic features (names

33
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Figure 2.1: Heatmaps showing Spearman (left) and Pearson (middle) correlations between
19 epigenetic features and SpCas9 off-target cleavage activities. Red and blue colors rep-
resent positive and negative correlations, respectively. The 19 epigenetic features consists
of six experimental epigenetic features (bolded) and 13 nucleosome organization-related
scores. The first four rows in the heatmaps display cell line-specific correlations. The fifth
and sixth row display correlations for off-target sites in gene body and non-gene body
regions. The final row displays the overall correlation for the epigenetic features. (Right)
Pie plot showing the dataset’s cell line composition including all cell lines that contribute
more than 1% to the crisprSQL dataset.

bolded in the figure) and 13 computed nucleosome organization-related features. Heatmap
correlations are calculated for target sites in human cell lines HeLa, K562, HEK293 and
U2OS from the CRISPR-Cas9 activity cleavage crisprSQL database [54]. To investigate
whether correlation values vary between cell lines and genomic regions, heatmap correla-
tions are displayed for all data, individual cell lines and gene/non-gene body regions. The
rightmost pie chart shows the cell line composition of the dataset used for analysis. Overall,
Spearman and Pearson correlations for the 19 epigenetic features considered range between
-0.5 and 0.5. Only Nucleotide BDM and Strong-Weak BDM, i.e. BDM-based scores (see
subsubsection “Block Decomposition Method-based Measures” in subsection 2.5.4), ex-
hibit highly positive correlations when considering all cell lines. Specifically, Nucleotide
BDM has Spearman and Pearson correlations of 0.388 and 0.345, and Strong-Weak BDM
has correlations of 0.423 and 0.310. Similar values are obtained for Nucleotide BDM and
Strong-Weak BDM when considering cell lines individually. When filtering off-target sites
by gene body and non-gene body regions, similar Spearman and Pearson correlations are
observed across all epigenetic features. This indicates that correlations are not dependent
on whether off-targets are in gene bodies. A similar trend is observed when considering
each cell line separately (see Appendix Figures A.2-A.4).

Table 2.1 highlights the correlation coefficients for the experimental epigenetic features
shown in Figure 2.1. In the table, Spearman/Pearson correlations between the six exper-
imental features and off-target cleavage activities in any human cell lines range between
-0.1 and 0.1. MNase, which is indicative of nucleosome occupancy rather than nucleosome
positioning, has a Spearman and Pearson correlation of 0.08 and 0.08, respectively. Simi-
lar values are obtained for the various MNase-seq data across HeLa, K562 and U2OS (see
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Experimental Epigenetic Feature Spearman Pearson

CTCF 0.07 0.06
DNase I 0.07 0.03
DRIP -0.06 0.08

H3K4me3 0.07 0.07
MNase 0.08 0.08
RRBS 0.02 0.01

Table 2.1: Spearman and Pearson correlation values between SpCas9 off-target cleavage
activities and each experimental epigenetic scores for the crisprSQL dataset used in Fig-
ure 2.1. The experimental epigenetic scores are CTCF, DNase I, DRIP, H3K4me3, MNase
and RRBS.

Appendix Figures A.2, A.3 and A.4, respectively).
Figure 2.2 shows the violin and distribution plots for Nucleotide BDM, GC147, YR

Scheme and MNase when splitting cleavage activities (CA) into three bins. These bins
are CA = −4, CA ≤ 2 and CA > 2 (see Appendix Figures A.5 and A.6 for all epigenetic
features). In the leftmost column for Nucleotide BDM, most off-target sites with low
Nucleotide BDM value fall under the lowest cleavage activity bin CA=−4. The lowest
cleavage activity datapoints are almost exclusively composed of augmented datapoints
with sequence alignment-derived putative off-target sites. Such putative off-target sites
are assigned the lowest cleavage activity value CA = −4 on the assumption that such
sites have no off-target activity. Therefore, these datapoints do not carry experimentally
derived cleavage activity labels. In addition, these datapoints constitute the larger fraction
(52%) of all datapoints. A similar phenomenon is observed for Strong-Weak BDM (see
Appendix Figures A.5 and A.6).

2.2.2 Machine/Deep Learning-based SHAP analysis

We saw that some computed nucleosome organization-related features correlate with CRISPR-
Cas9 off-target activity. As a result, we sought to determine whether the aforementioned
features also show patterns in machine and deep learning off-target cleavage activity pre-
diction models. We also sought to investigate the importance of said features without the
influence of explicitly encoded base pair identities. To achieve this, we built two mod-
els. The first model is an extreme gradient boosted (XGBoost) tree model. The second
model is a convolutional neural network (CNN) model (see Appendix Figure A.1 for neu-
ral network architecture). Both models take all 19 epigenetic features and three binding
energy scores as input and predict off-target cleavage activities. Included in crisprSQL,
the three energy scores represent free energy estimates used for estimating the DNA-RNA
heteroduplex formation’s free energy. These energy terms have been generated by using
the CRISPRspec [59] biophysical interaction model, which provides various binding ener-
gies scores (called CRISPRspec binding energy scores). These binding energies scores are
further explained in the Methods section (see subsection “CRISPRspec”). The XGBoost
and CNN models expect nucleosome organization-related features (scores) at base-pair
resolution (23 scores per target site). sgRNA-DNA sequences were not included as input
to both models. This is to avoid the interference of sequence features with epigenetic fea-
tures when computing feature importance scores after training. Instead, we included the
sgRNA-DNA sequences-derived CRISPRspec binding energy scores. When testing on the
held out 20%, the XGBoost model achieves a Spearman and Pearson correlation of 0.419
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Figure 2.2: Violin (top) and distribution (bottom) plots for the epigenetic features with
high Pearson correlation, namely Nucleotide BDM, GC147, YR Scheme and MNase.
Cleavage activities (CA) are separated into three bins representing low (CA = −4, colored
blue), medium (CA ≤ 2, colored orange) and high (CA > 2, colored green) cleavage activ-
ity. See violin and distribution plots for other epigenetic features in Appendix Figures A.5
and A.6, respectively.

and 0.617, respectively. The CNN model yields similar correlations, namely a Spearman
and Pearson correlation of 0.424 and 0.594, respectively.

Next, we interpret the two models using SHAP (see Methods) after training and eval-
uating the contributions of each input feature. To evaluate a model, a randomly drawn
test dataset containing 2000 points is used. Figure 2.3 and Appendix Figure A.7 show
the resulting feature-based SHAP summary plot and base pair resolution heatmap, re-
spectively, for the trained XGBoost model. An analogous summary plot and heatmap
for the CNN model can be found in Figure 2.4 and Appendix Figure A.8. In the two
SHAP summary plots, the distribution of SHAP value contributions is shown for every
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input feature present in the model. Model input features are ordered in decreasing SHAP
feature importance. In other words, features at the top carry high SHAP feature impor-
tance, and features at the bottom carry low SHAP feature importance. In both SHAP
summary plots, the SHAP feature importance of the six experimental epigenetic scores
are not comparable to the nucleosome organization-related scores. In addition, the top
five scores with highest SHAP feature importance include Nucleotide BDM and NuPoP
(Affinity). These two features display similar correlations between feature value and SHAP
value across Figures 2.3 and 2.4. Notably, low Nucleotide BDM values and high NuPoP
(Affinity) values correspond to negative impact on off-target activity. As for the three
CRISPRspec binding energy scores, they attain comparable SHAP feature importance to
top-performing nucleosome organization-related scores in both models.

2 1 0 1 2 3 4
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Figure 2.3: SHAP summary plot for the trained extreme gradient boosted (XGBoost)
tree model. The model’s input consists of three CRISPRspec-derived energy terms,
six experimental epigenetic scores (bolded), and 13 computed nucleosome organization-
related scores. The three CRISPRspec-derived energy terms are ERNA-DNA, Ecorr

RNA-DNA

and EgRNAfold. The six experimental epigenetic scores are CTCF, DNase I, DRIP,
H3K4me3, MNase and RRBS. The 13 computed nucleosome organization-related scores
are GC147 [207], W/S scheme, YR scheme [208, 209], Strong-Weak BDM, Nucleotide
BDM [205, 206], NuPoP (Occupancy), NuPoP (Affinity), NuPoP (Viterbi) [210], nuC-
pos (Occupancy), nuCpos (Affinity), nuCpos (Viterbi) [211], VanDerHeijden [212] and
LeNup (H3Q85C) [213]. The base pair-resolved SHAP contributions for each data point
are summed for each computed nucleosome organization-related score.

2.3 Discussion

MNase-seq, a common genome-wide experimental technique, appears to be an attractive
option for obtaining raw nucleosome occupancy data. In addition, nucleosome occupancy
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Figure 2.4: SHAP summary plot for the trained convolutional neural network (CNN)
model (see Appendix Figure A.1 for architecture details). The model’s input consists
of three CRISPRspec-derived energy terms, six experimental epigenetic scores (bolded),
and 13 computed nucleosome organization-related scores. The three CRISPRspec-derived
energy terms are ERNA-DNA, Ecorr

RNA-DNA and EgRNAfold. The six experimental epigenetic
scores are CTCF, DNase I, DRIP, H3K4me3, MNase and RRBS. The 13 computed nucle-
osome organization-related scores are GC147 [207], W/S scheme, YR scheme [208, 209],
Strong-Weak BDM, Nucleotide BDM [205, 206], NuPoP (Occupancy), NuPoP (Affinity),
NuPoP (Viterbi) [210], nuCpos (Occupancy), nuCpos (Affinity), nuCpos (Viterbi) [211],
VanDerHeijden [212] and LeNup (H3Q85C) [213]. The base pair-resolved SHAP contribu-
tions for each data point are summed for each computed nucleosome organization-related
score.

data may be indicative of CRISPR-Cas9 off-target activity. On account of this, we sought
to obtain MNase-seq data from NucPosDB [214] where available for human cell lines.
Nonetheless, we found MNase-seq data only for U2OS, K562 and HeLa in NucPosDB.
In particular, MNase-seq data must be measured for each cell line of interest in order to
curate sufficient data for analysis. This makes MNase-seq data cell-based and difficult
to obtain. Such qualities are the opposite of computed nucleosome organization-related
scores, which are not only genome-wide but also easy to obtain and cell-line independent.

The experimental features CTCF, DNase I, RRBS and H3K4me3 are commonly used
as input features in multiple state-of-the-art deep learning-based CRISPR-Cas9 off-target
activity prediction tools [52, 215, 155]. Despite this, we can see in Figure 2.1 and Table 2.1
that BDM-based scores attain much higher Spearman and Pearson correlations with off-
target cleavage activities. This is in contrast to the six experimental epigenetic features
listed in Table 2.1, which do not strongly correlate with cleavage activity.

Scrutinizing the distributions in Figure 2.2, we observe that most off-target sites with
low Nucleotide BDM value fall under the lowest cleavage activity bin CA=−4. Moreover,
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crisprSQL is augmented with sequence alignment-derived putative off-target sites. Such
putative sites are assigned the lowest cleavage activity value CA= −4 on the assump-
tion that such sites have no off-target activity. As a result, among the putative sites,
Nucleotide BDM is better at separating sites without activity from sites with activity,
compared to other epigenetic features. The aforementioned observations can be explained
by the correspondence between low Nucleotide BDM values and proximity to nucleosome
dyad positions [206]. Since these positions are blocked by nucleosomes, they are inacces-
sible for Cas9 binding and cleavage, thus resulting in low off-target activity. This is a
possible explanation on why these off-target sites have not been experimentally identified
as active. In practice, the application of Nucleotide BDM for data filtering can be useful
when preparing data for CRISPR-Cas9 off-target model training. This is because such
a filtering might help resolve any class imbalances between experimentally measured and
putative off-targets. Moreover, Nucleotide BDM is a fundamental property of the 147 bp
nucleosomal DNA sequence which is not dependent on any training dataset. Deeper un-
derstanding of why augmented datapoints (i.e., lowest cleavage activity datapoints) have
no off-target activity is currently lacking. To the best of our knowledge, there has not
been any existing target sequence-based measure that could separate augmented data-
points from experimentally-derived datapoints. Figure 2.2 indicates that low values of
Nucleotide BDM can separate these augmented datapoints remarkably well compared to
other similar measures.

In Figures 2.3 and 2.4, the six experimental scores’ low SHAP feature importance
demonstrates that they are inappropriate for informing off-target cleavage activity pre-
diction models. This corroborates with the Spearman and Pearson correlation values in
Table 2.1. The top five scores with highest SHAP feature importance include Nucleotide
BDM and NuPoP (Affinity). The two features show similar correlations between feature
value and SHAP value across the two plots. Notably, low Nucleotide BDM values and
high NuPoP (Affinity) values correspond to negative impact on off-target activity. This
observation corroborates the fact that such feature values often are signals of positioned
nucleosomes. It follows that information in BDM-based scores and NuPoP (Affinity),
alongside other nucleosome organization-related scores, are well suited for informing off-
target cleavage activity prediction models. The importance of GC147 (see subsubsection
“GC Content” in subsection 2.5.4) as a feature in both machine learning models is in
agreement with latest findings [216] that CRISPR–Cas9 bends DNA to read its sequence.
Specifically, DNA bendability is very highly correlated with GC content [217]. Such a fact
could explain the findings of the SHAP summary plot, namely that high GC147 has a
positive impact on (off-)target cleavage activity. The three CRISPRspec binding energy
scores contribute significantly towards model predictions in both models, which confirms
these scores’ usefulness for CRISPR-Cas9 off-target activity prediction. Despite interest-
ing structures in the heatmaps of Appendix Figures A.7 and A.8, a thorough analysis
of such structures is beyond the scope of this study. In off-target prediction, the most
suitable use case for Nucleotide BDM and other relevant measures is to incorporate them
in ‘complete’ deep learning models. Together with measures like NuPoP (Affinity) and
GC147, they can be combined with the guide-RNA–(off-)target DNA sequence pair as
input to such models.

Interestingly, only BDM-based scores have noticeable correlation with (off-)target ac-
tivities. However, the NuPoP (Affinity) score has comparable SHAP feature importance
to Nucleotide BDM score in both machine learning models considered in this work. Ap-
pendix Figure A.9 shows that the correlation between NuPoP (Affinity) and Nucleotide
BDM is relatively low. This observation agrees with the finding that only one of the two
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scores (Nucleotide BDM) correlates with (off-)target activity. However, it does not alone
explain why the other score, NuPoP (Affinity), is still a comparably impactful feature
in both machine learning models. To investigate this further, we obtained SHAP depen-
dence plots for both models, which include NuPoP (Affinity) and Nucleotide BDM (see
Appendix Figure A.11 and A.12). These plots show that a given NuPoP (Affinity) value
can have different impact (importance) based on the corresponding Nucleotide BDM value
of a data point. This last observation explains why NuPoP (Affinity) does not noticeably
correlate with (off-)target activity, yet is an important feature for both models, since they
include NuPoP (Affinity) and Nucleotide BDM scores simultaneously.

Our results indicate that only a few out of 13 nucleosome organization-related scores
show noticeable correlation with (off-)target activity or are important for model predic-
tions. Most of these high-importance features ‘measure’ nucleosome affinity rather than
nucleosome occupancy. Consequently, we speculate that the influence of high nucleosome
affinity on Cas9 (off-)target activity exceeds that of high nucleosome occupancy. Such
speculation is in concordance with the low impact of the NuPoP (Occupancy) score (see
Figures 2.3 and 2.4) on model predictions.

2.4 Conclusions

For all off-target sites featured in the crisprSQL Cas9 off-target database, we obtained
19 epigenetic features, 15 of which were newly considered. The introduced computed
features characterize nucleosome organization, and include features based on BDM-based
or NuPoP (Affinity). We also considered six experimental epigenetic features, namely
CTCF, DNase I, DRIP, H3K4me3, MNase and RRBS. We showed that the computed
features exhibited considerably larger correlation with off-target cleavage activity when
compared to the six experimental epigenetic features. Interestingly, only the features
CTCF, DNase I, H3K4me3 and RRBS have been frequently used in deep learning-based
off-target activity prediction models. As expected, nucleosome positioning negatively im-
pacts off-target activity. This is shown by the low Nucleotide BDM scores assigned to pu-
tative off-target sites with no detectable off-target activity. We explain this phenomenon
by the presence of positioned nucleosomes which inhibit Cas9 binding. Including empir-
ical estimates of sgRNA-DNA heteroduplex binding energies as inputs, we constructed
an XGBoost tree and a CNN model. The two models were used in order to gain feature
importance values of all epigenetic features. Next, we created a SHAP summary plot
for each model, with feature contribution quantified by the average SHAP feature impor-
tance value across data points. The plots showed GC147, Nucleotide BDM and NuPoP
(Affinity) as features among the top five which contribute most to the model’s output
in both models. Their importance in the two models are unlike the six experimental
epigenetic scores. We uploaded the off-target cleavage activity dataset used in order to
make the experimental epigenetic and computed nucleosome organization-related scores
available for further research. This dataset can be found as a compressed Parquet file at
https://crisprsql.com/downloads/260520_putative_nucleosomal.parquet.gz. For
future work, computed scores could be combined with target sequence and binding energy
features in more robust and complete CRISPR-Cas9 off-target activity prediction models.
Notably, BDM-derived and NuPoP scores could be used in such models. It would also be
fruitful to scrutinize whether BDM-derived and NuPoP (Affinity) are also predictive of
off-target activity in other CRISPR-Cas systems.

https://crisprsql.com/downloads/260520_putative_nucleosomal.parquet.gz
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2.5 Methods

2.5.1 crisprSQL

The crisprSQL database consists of experimental off-target sites and cleavage activities
from 15 human CRISPR-Cas9 off-target studies. In order to conduct a comprehensive
investigation on the effect of epigenetics and nucleosomes on CRISPR-Cas9 off-target
activity, we utilize crisprSQL [54]. crisprSQL is an up-to-date Cas9 off-target database
containing sequence and epigenetic information for over 25,000 gRNA-off-target pairs from
various human and rodent cell lines. Different experimental techniques were used to mea-
sure off-target activity in different studies. Consequently, we combine the experimental
off-target cleavage activities from each study by applying a Box-Cox transformation. The
transformation is such that the resulting combined cleavage activity data approximates a
Gaussian with mean = 0 and standard deviation = 2, as suggested in [54]. Transformed
values were clipped to the [−4, 4] range, with cleavage activity values below the lowest re-
ported assay accuracy of 10−5 set to −4. We furthermore augment the sites in crisprSQL
with those in the respective genome which have less than seven mismatches compared to
any experimental data point. These data points are assumed to have no off-target activity
(CA = −4). Using the sequence alignment tool batmis for this [218], we generate 226,682
augmented data points. This results in a total of 251,854 data points in our dataset. In
summary, the above steps yield a crisprSQL-derived dataset which was augmented with
putative off-targets.

2.5.2 Experimental Nucleosome Occupancy Data

The NucPosDB database [214] consists of experimental nucleosome positioning and occu-
pancy data aggregated from various biological publications. Micrococcal Nuclease diges-
tion with deep sequencing (MNase-seq) data are indicative of nucleosome occupancy and
chromatin accessibility. In addition, MNase-seq may be indicative of CRISPR-Cas9 off-
target activity. Consequently, MNase-seq data for human cell lines present in crisprSQL
are extracted from NucPosDB where available. This yields three HeLa (GSM1602359 [219],
GSM2680344-2680347 [220]), five K562 (GSE78984 [221], GSM920557 [222], GSM2083137-
2083140 [221]) and two U2OS (GSM1838910-1838911 [223]) MNase-seq tracks. Such tracks
for HeLa, K562 and U2OS are then used for annotating crisprSQL off-target sites observed
in the corresponding cell line.

2.5.3 Adding Epigenetic Scores

To construct the dataset for our study, we extract the 23bp target DNA sequence and
169bp target-centered sequence context for all gRNA-target pairs in crisprSQL. We also
extract the experimental epigenetic (i.e., CTCF, DNase I, H3K4me3 and RRBS) scores
and the normalized off-target cleavage activity for all aforementioned gRNA-target pairs.
To create a single experimental epigenetic MNase feature from the cell-specific tracks, we
first average HeLa data from replicate tracks GSM2680344 and GSM2680345. Next, we
average U2OS data from replicate tracks GSM1838910 and GSM1838911, and directly
adopt GSM2083140 for K562. We then linearly rescale each of the three resulting sets of
MNase data to [0, 1], and concatenate the sets together into a single feature. We assign
zeros to off-target sites with no available MNase data. In summary, this yields a crisprSQL-
derived dataset with 6 experimental epigenetic scores for each of the experimental and
putative off-target sites.
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2.5.4 Adding Nucleosome Organization-Related Scores

Various existing procedural and training-based data-driven computational tools are used
for predicting nucleosome organization-related scores such as nucleosome occupancy and
positioning. Whereas training-free procedural tools are adopted wherever available, only
three recently developed training model-based tools, namely, NuPoP [210], nuCpos [211]
and LeNup, were adopted. This is because these tools attain similar performances to the
gold standard nucleosome occupancy model from Kaplan et al. [224, 225]. Alternatively,
they use chemical cleavage-based nucleosome positioning data [211, 226] which have higher
resolution compared to the MNase-seq data used in the gold standard model.

We further augment the crisprSQL dataset with nucleosome organization-related scores.
This is done by computing nucleosome occupancy and/or positioning-related scores for
each base pair in the 23bp target sequence for all off-target sites. To compute a va-
riety of scores for each 169bp sequence context, we use a comprehensive set of nucle-
osome organization-related tools. The names of these tools are GC content (abbre-
viated GC147) [207], W/S scheme [208, 209], YR scheme [208, 209], Van Der Heij-
den [212], Block Decomposition Method (BDM) [205, 206], NuPoP [210], nuCpos [211],
and LeNup [213]. Note that nucleosome organization-related tools like BDM [205] cannot
handle ‘N’-containing input sequences. As a result, the dataset used in this study only
consider off-target sites with non-‘N’-containing sequence contexts.

The following subsections details how each tool is used for computing one or more
nucleosome organization-related scores. Since NuPoP and nuCpos both output histone
affinity, nucleosome occupancy, and Viterbi scores, we include all three scores as separate
features for both tools. We also derive Nucleotide BDM and Strong-Weak BDM scores
from BDM. As a result, the 8 tools above generate 13 computed scores. In summary, the
above steps yield a crisprSQL-derived dataset which was augmented with putative off-
targets. In terms of features, it has a total of 6 experimental epigenetic and 13 nucleosome
organization-related computed features. We further refer to these 19 features as epigenetic
features.

GC Content

GC content (or GC147 as abbreviated here for clarity) is a simple training-free measure. It
is defined as the fraction of guanine and cytosine residues present in the 147 bp nucleosomal
sequence around a given nucleotide. Details on the use of GC content for predicting
nucleosome occupancy can be found in Appendix subsection A.2.1.

We compute base pair-resolved GC147 values for each (off-)target site in the crisprSQL
dataset. To do this, we slide a 147 bp (= 73 + 1 + 73) window across the (off-)target
site’s 169bp (= 73 + 23 + 73) context sequence, thereby obtaining 23 subsequences of
length 147. A GC147 value is then computed for each of these subsequences.

W/S and YR Schemes

W/S and YR schemes are training-free scores used for the prediction of rotational and
translational nucleosome positioning, respectively [208]. The two schemes are available on
the web platform nuMap [209], and are based on sequence-dependent DNA anisotropy.
Details regarding how W/S and YR schemes work can be found in Appendix subsec-
tion A.2.2.

We compute base pair-resolved W/S and YR Scheme values for each (off-)target site in
the crisprSQL dataset. The general approach for doing this is identical to that of GC147.
Namely, we slide a 147 bp window across the (off-)target site’s 169bp context sequence,
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thereby obtaining 23 subsequences of length 147. The only difference is that we use W/S
and YR Scheme instead of GC147 when computing values for each of the 23 subsequences.

Van Der Heijden Algorithm

In reference [212], the authors propose a method for predicting the intrinsic nucleosome
position of a genome based on statistical mechanics. We abbreviate this method as Van-
DerHeijden. Details regarding how VanDerHeijden works can be found in Appendix sub-
section A.2.3.

We compute base pair-resolved VanDerHeijden values for all (off-)target sites in the
crisprSQL dataset. To compute a VanDerHeijden score for a given (off-)target site, we
first obtain the 169bp context sequence of the given site. The context sequence is then
padded with 73 A nucleotides on both ends, and then passed into the Van Der Heijden
algorithm (see Appendix subsection A.2.3). Reading the middle 23 values in the array of
169 values produced by the algorithm then yields the base pair-resolved values. We use
the following hyperparameters for VanDerHeijden:

• a nucleosome positioning window of N = 147,

• probability amplitude B = 0.16,

• dinucleotide periodicity p = 10.1, and

• chemical potential µ = −0.6.

An implementation of the algorithm can be found at https://github.com/JvN2/NucTool.

Block Decomposition Method-based Measures

Many recent nucleosome occupancy tools such as NuPoP are statistical and entropy-based.
However, such tools often require the use of experimental nucleosome occupancy data for
the training of many parameters in the model, which is computationally expensive. To
resolve this, we can use the Block Decomposition Method (BDM) [205], which is a training-
free method for approximating the algorithmic complexity of sequences. A consequence of
this definition is that repetitive sequences, e.g., “ATATATATAT”, have low BDM values.
A recent study [206] showed that BDM scores of 147 bp candidate DNA sequences carry
valuable information related to nucleosome organization.

Based on BDM, we derive Nucleotide BDM, which computes the BDM of the 147 bp
DNA string. We also derive Strong-Weak BDM, which applies the strong-weak trans-
formation before computing the BDM of the resulting modified string. The strong-weak
transformation replaces ‘G’ and ‘C’ with ‘S’ (Strong) and ‘A’ and ‘T’ with ‘W’ (Weak)
in the DNA string. We compute base pair-resolved Nucleotide BDM and Strong-Weak
BDM values for each (off-)target site in the crisprSQL dataset. The general approach for
doing this is identical to that of GC147. Namely, we slide a 147 bp window across the
(off-)target site’s 169bp context sequence, thus obtaining 23 subsequences of length 147.
We then use PyBDM, a Python [227] implementation of BDM, to compute Nucleotide
BDM and Strong-Weak BDM values for each of the 147 bp subsequences. The Python
implementation of BDM can be found in https://github.com/sztal/pybdm.

NuPoP

Using a duration Hidden Markov Model (dHMM), NuPoP [210] predicts nucleosome po-
sitioning and occupancy. NuPoP accounts for the different linker length distributions or

https://github.com/JvN2/NucTool
https://github.com/sztal/pybdm
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base compositions in different eukaryotes in order to make better predictions [228]. Details
on NuPoP can be found in Appendix subsection A.2.5. An implementation of NuPoP can
be found at https://github.com/jipingw/NuPoP.

We compute base pair-resolved NuPoP (Affinity), NuPoP (Occupancy) and NuPoP
(Viterbi) values for each (off-)target site in the crisprSQL dataset. First, the 294,989
context sequences in the crisprSQL dataset were split into 9 sets of size 31,645 and 1 set
of 10,184. This is to accommodate the fact that NuPoP requires an input sequence length
of at least 1000bp. Long strings of length 147 + (147 + 169) ∗ 31, 645 = 9, 999, 967 were
created for the first 9 set by adding 147 A nucleotides between each context sequence. To
remove end effects, the long string also contains 147 A nucleotides both before the first
context sequence and after the last context sequence. In the same way, a short string of
length 147 + (147 + 169) ∗ 10, 184 = 3, 218, 291 is created for the final set. The 10 long
strings are then fed into the NuPoP R package individually using the predNuPoP function.
This gives rise to 10 TSV files containing the base pair-resolved histone binding affinity,
occupancy and Viterbi values. When calling predNuPoP, we use parameters species=1

and model=4.

nuCpos

Building on NuPoP, nuCpos [211] is a recent dHMM-based algorithm for predicting nu-
cleosome positioning. nuCpos uses the same training and inference algorithms as NuPoP.
However, it improves upon NuPoP by using high-resolution H3Q85C-seq budding yeast
data [226] instead of the low-resolution MNase-seq data. Similar to NuPoP, nuCpos pro-
duces histone binding affinity, predicted nucleosome occupancy and Viterbi scores. More
details on the algorithm can be found in [211]. An implementation of nuCpos can be found
at https://github.com/hkatomed/nuCpos.

We compute base pair-resolved nuCpos (Affinity), nuCpos (Occupancy) and nuCpos
(Viterbi) values for each (off-)target site in the crisprSQL dataset. The nuCpos R pack-
age has similar input-output interfaces to NuPoP. Consequently, we use the same ap-
proach as that described for NuPoP above in order to produce these base pair-resolved
values. When calling predNuCpos, we use parameters species="sc", smoothHBA=FALSE
and ActLikePredNuPoP=TRUE.

LeNup

In light of the recent rise of state-of-the-art deep learning methods for data-based mod-
els, LeNup uses a convolutional neural network (CNN) with gated Inception-like mod-
ules [229, 230]. LeNup is used for nucleosome positioning prediction in a variety of eu-
karyotic genomes [213]. The original implementation of LeNup is available at https:

//github.com/biomedBit/LeNup.
LeNup was originally trained for separating nucleosomal and non-nucleosomal DNA.

Consequently, we retrained the neural network used in LeNup using high resolution H3Q85C
chemical cleavage-seq [226] yeast data. Because of this modification, we will refer to
this measure as LeNup (H3Q85C). The retrained PyTorch [141] model can be found
at https://github.com/jeffmak/crispr-cas9-epigenetics. We compute base pair-
resolved LeNup (H3Q85C) values for all (off-)target site in the crisprSQL dataset. For
each (off-)target site, we one-hot encode its context sequence and pass it into the PyTorch
model, which outputs the base pair-resolved value.

https://github.com/jipingw/NuPoP
https://github.com/hkatomed/nuCpos
https://github.com/biomedBit/LeNup
https://github.com/biomedBit/LeNup
https://github.com/jeffmak/crispr-cas9-epigenetics
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2.5.5 Correlation and Distribution Analysis

We compute the Spearman and Pearson correlations with off-target cleavage activities for
all epigenetic features. This enables us to examine the relationship between each epige-
netic feature and off-target cleavage activity, and to identify features which significantly
correlate with off-target activity. We also consider whether such correlations vary between
gene and non-gene bodies or across cell lines. The calculation of gene bodies is not cell line
dependent. The nucleosome organization-related scores are at base-pair resolution. Con-
sequently, we take the mean of the values at each (off-)target if the score is not binary and
the median of the values otherwise. Using the dataset which was augmented with putative
off-targets, we separate the data points into lowest (CA = −4), low (CA ≤ 2) and high
(CA > 2) cleavage activity. We also visualize the epigenetic score distributions for these
data points. In order to compare cleavage frequencies across studies, we use the nonlinear
Box–Cox transformation [231] to transform cleavage rates. We transform cleavage rates to
approximate a Gaussian with zero mean and standard deviation σ = 2 for each study indi-
vidually. To achieve a fixed value range and treat outliers efficiently, this distribution has
been clipped at −2σ and 2σ. This has been used in the literature [57, 232] before. Based
on these, we separate the data points into lowest cleavage activity (CA = −2σ = −4), low
cleavage activity (CA ≤ σ = 2) and high cleavage activity (CA > σ).

2.5.6 CRISPRspec

The crisprSQL database includes estimates for the free energy of the DNA-RNA heterodu-
plex generated by the CRISPRspec [59] biophysical interaction model. These interaction
energies are features derived from secondary structures. These features shape the thermo-
dynamic advantage to gRNA-DNA hybrid formation upon binding of the gRNA-Cas9 com-
plex to the off-target site. Computationally, for a given (off-)target region, CRISPRspec
uses four empirical free energy contributions terms, namely:

• a PAM-dependent correcting factor δPAM,

• free energy ∆GRNA:DNA
H from hybridizing the gRNA and target strand, weighted by

a position-wise estimate of the Cas9 influence in the binding,

• free energy ∆GRNA:RNA
U from forming the secondary structure of the 20nt gRNA

spacer sequence, computed using RNAFold,

• free energy ∆GDNA:DNA
O from forming the dsDNA duplex from the target and non-

target DNA strands.

These four terms are used for computing the total binding free energy

∆GB = δPAM(∆GRNA:DNA
H − ∆GRNA:RNA

U − ∆GDNA:DNA
O ).

From the values given in the crisprSQL database, we calculate three key energy features
to be included in our model, namely

• ERNA-DNA = δPAM∆GRNA:DNA
H ,

• Ecorr
RNA-DNA = δPAM(∆GRNA:DNA

H − ∆GDNA:DNA
O ),

• EgRNAfold = ∆GRNA:RNA
U .
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2.5.7 Model and SHAP

CRISPR recently saw an increase in computational tools for Cas9 off-target activity predic-
tion [233], with recent tools using machine and deep learning techniques [162, 52, 215, 155,
234]. To determine how all 19 epigenetic scores relate to off-target activity within a Cas9
off-target cleavage activity prediction model, we build two machine learning models. The
first one is an extreme gradient boosted (XGBoost) tree model [126], and the second one a
convolutional neural network (CNN) model. These models take three CRISPRspec-derived
energy features [59], experimental epigenetic features and nucleosomal organization-related
features. The CNN’s model architecture is similar to DeepCRISPR’s [52] Siamese neural
network, but lacks the sequence arm (see Appendix Figure A.1 for details on the architec-
ture). Any nucleosome organization-related feature is calculated at base pair resolution
leading to 23 values for an (off-)target DNA. In contrast, the mean value across the 23
(off-)target base pairs is presented for any experimental epigenetic feature.

Regarding training and evaluation for the XGBoost and CNN models, the dataset
is randomly split into a training dataset and test dataset. A ratio of 80%-20% is used
for the splitting. The train-test split is done in a way so as to ensure equal amounts
of experimentally measured and augmented data in both datasets. For XGBoost, the
tree model is trained for 70 epochs, where a new training batch with 50,000 data points
is sampled in each epoch. We chose hyperparameters eta=0.5, colsample_bytree=0.7,
max_depth=7. As for CNN, the model is trained for 70 epochs, where a new training batch
with 35,000 data points is sampled in each epoch. We use hyperparameters lr=0.001,
batchnorm_momentum=0.1, together with early stopping. For both models, bootstrap
sampling ensures that each training batch contains equal amounts of active (CA > −4) and
inactive/putative (CA = −4) (off-)targets. We then use the Shapley Additive Explanation
(SHAP) library’s Tree Explainer and Deep Explainer [146]. We use these explainers on
a batch of 10,000 datapoints randomly sampled from the test data. This allows us to
measure the contribution of each input feature towards the XGBoost and CNN model’s
prediction respectively. Contributions for each input features are then visualized using
SHAP summary plots. When creating the SHAP summary plots, for each data point,
we compute the SHAP contribution of each computed feature in the SHAP summary
plots. The SHAP contribution for each computed feature is computed by summing up the
corresponding base pair-resolved SHAP contributions.
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nanoenvironment-based rational
descriptors pertinent to
CRISPR-Cas9 cleavage activity
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Figure 3.1: Graphical abstract for Chapter 3

Current state-of-the-art deep learning approaches [185, 181, 186, 187] for off-target
activity prediction complement the sequence features with a diverse set of physically-
inspired scores such as approximate energy terms [59] for sgRNA–target strand DNA (TS)
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hybridization and epigenetic features essential for off-target activity [185], but have not
yet directly exploited knowledge based on the information-rich internal 3D local struc-
ture (protein) environment surrounding the sgRNA–TS sequence pair, which has been
investigated in various experimental studies [235, 39]. The present work aims to make
the first step towards filling this gap and paves the way for a new generation of models
that are rooted in the paradigms of rational design, interpretability and explainability
and therefore aspires to deliver a deeper insight into the mechanistic factors that underlie
(off-)target cleavage activity in CRISPR-Cas9 gene editing.

Atomistic Molecular Dynamics (MD) has been used to characterize the functioning of
the CRISPR-Cas9 systems, providing trajectories and therefore a series of conformations
for systems with distinct base pair mismatches at PAM-distal sites of the sgRNA-TS het-
eroduplex. Here, we found that the modulation of cleavage activity induced by a base pair
mismatch at PAM-distal sites is captured by the internal protein 3D nanoenvironment of
the sgRNA-TS pair, hereon referred to as “nanoenvironment”. In particular, we studied
the role of different descriptors and amino acid residues in order to build and train a
ML model — named STING CRISPR — for CRISPR-Cas9 off-target activity prediction
of all possible single PAM-distal mismatches of the target of a given single guide RNA.
This novel approach led to high accuracy (measured in terms of Spearman and Pearson
correlations) of experimental off-target activity prediction for sgRNA-TS pairs with sin-
gle PAM-distal mismatches of a given sgRNA (further referred to as studied sgRNA-TS
pairs). However, our presented model unlike established models is not yet capable of pre-
dicting cleavage activity for any sgRNA-TS pair. Therefore, the current study does not
aim for the development of a general CRISPR-Cas9 off-target activity prediction model
but the presentation of a proof-of-concept investigation of utilizing the internal protein
3D nanoenvironment for CRISPR-Cas9 off-target activity prediction. Scikit-learn’s Select-
FromModel feature selection step [236] in the trained ML pipeline (Figure 3.1) revealed
that density, side chain orientation, accessibility, weighted contact number entropy den-
sity, electrostatic potential, sponge, cross presence order, contact energy density, graph
descriptor and solvation, measured at 23 Cas9 residues are of fundamental importance
for off-target cleavage activity prediction for the studied sgRNA-TS pairs (see Appendix
section B.1 for the specific definition of each descriptor). Our results lay the foundations
for a new type of interpretable ML models capable of predicting CRISPR-Cas9 off-target
activity.

3.2 Materials and Methods

Relying on the availability of comprehensive datasets [54], most deep learning-based
CRISPR-Cas off-target activity prediction approaches aim to learn the following func-
tion:

fa : Sg × St → R, (sg, st) 7→ fa(sg, st), (3.1)

where Sg and St are the sets of all guide and target sequences, respectively, and fa is
a function which maps guide sequence sg and target sequence st to activity fa(sg, st)
for a particular Cas enzyme (see sequence approach in Figure 3.2A). As such, these ap-
proaches only implicitly learn the underlying physics of the CRISPR-Cas system via two-
dimensional one-hot encoding of the guide-target pair. Since such tools have to use data
restricted to a particular Cas enzyme (most commonly SpCas9), they are incapable of
predicting changes in activity caused by amino acid residue mutations in the Cas enzyme
by construction. The availability of models that predict cleavage activity based on local
physical and chemical properties which can be traced back to the amino acid composition
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Figure 3.2: Schematic summary for obtaining STING CRISPR, our machine learn-
ing model predicting CRISPR-Cas9 cleavage activity for the studied sgRNA-TS pairs.
(A) Comparison between the purely sequence-based and the nanoenvironment-based ap-
proaches for CRISPR-Cas9 cleavage activity prediction by using a machine/deep learning
model (ML/DL) and STING CRISPR, respectively. (B, C) Catalytically-active CRISPR-
Cas9 complexes with single guide RNA (blue) and double stranded DNA (target: green,
non-target: purple) in PDB 5F9R crystal structure (B) and CMUT1 (C). Yellow highlights
show the nucleotides mutated in CMUT1 compared to 5F9R. The leftmost PAM-distal
base pair is +20, and the rightmost PAM-proximal base pair is +1. The 20 sgRNA-TS base
pairs (vertical black lines) form the heteroduplex. Both DNA strands are cleaved (black
arrows) by the HNH and RuvC domains of CRISPR-Cas9, respectively. (D) The three-
step data pipeline for generating the residue-resolved nanoenvironment dataset from the
guide-target dataset. (E) The nanoenvironment dataset contains |H||S| residue-resolved
STING features, namely |S| = 1671 STING, i.e., physico-chemical and structural, de-
scriptors, each one evaluated at |H| (i.e., between 374 and 380) sgRNA-TS heteroduplex
proximal residues (HPRs). (F) Our machine learning pipeline which predicts CRISPR-
Cas9 cleavage activity, with hyperparameters m1, m2 and f (see “Machine learning model”
in subsection 3.2.3). (G) Grid search with five-fold cross validation to optimize models m1

and m2, followed by feature set size reduction via thresholding of Spearman correlation
change (∆ρS) to find f∗, resulting in a pipeline with hyperparameters m∗

1, m
∗
2 and f∗.

Shown on the top left, the number of HPRs |H| vary for different train-test splits (with the
training and test partitions in grey and blue, respectively) during performance evaluation
and five-fold cross validation.
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of the Cas enzyme would be of utmost importance as they would catalyse the development
of bioengineered Cas enzymes with maximal specificity and efficiency.

To meet this objective we reframe the learning task to that of deciphering the rela-
tionship between target cleavage activity and the 3D nanoenvironment — a collection of
features characterising the sgRNA-dsDNA-Cas9 complex, namely the Cas enzyme and
the environment encapsulating the guide/target pair in the CRISPR-Cas9 complex (see
Figure 3.2A). The 3D nanoenvironment is represented by a vector in RM where M is the
number of features used for characterizing the system. A vector can be derived based on
a conformation of the sgRNA-dsDNA-Cas9 complex with zero or more nucleotide muta-
tions in the sgRNA, target strand DNA (TS) and/or non-target strand DNA (NTS). We
can obtain a vector for a given sgRNA-dsDNA-Cas9 complex via the following two steps:
(1) construct a 3D atomistic model of the said complex; (2) obtain M residue-resolved
features characterising the structural and physico-chemical properties of the complex by
calculating the Sequence To and withIN Graphics (STING) features for its atomistic model
(see nanoenvironment approach in Figure 3.2A). We realise that the same sgRNA-dsDNA-
Cas9 complex may assume various distinct conformations each giving rise to a potentially
distinct 3D nanoenvironment. Therefore as the conformation of the sgRNA-dsDNA-Cas9
complex may dynamically change so does the 3D nanoenvironment calculated from it. To
account for having multiple conformations representing sgRNA-dsDNA-Cas9 complexes,
we performed MD calculations to generate dynamical trajectories based on the atomistic
model for each sgRNA-dsDNA-Cas9 complex and obtain the M features (representing the
3D nanoenvironment) for each of the k model conformations (snapshots) we sample from
each MD trajectory (see Figure 3.2D). The implementation details of these steps are dis-
cussed in subsections “Molecular dynamics of the CRISPR-Cas9 complex with guide-target
pair” and “STING descriptors for CRISPR-Cas9 complex with a guide-target pair”. Given
that in this study we consider N = 28 distinct sgRNA-dsDNA-Cas9 complexes (based on
the distinct sgRNA-dsDNA pairs) and k conformations for each complex (obtained from
the corresponding MD trajectories), we altogether consider kN conformations. By ob-
taining the 3D nanoenvironment for each of these conformations results in kN distinct
3D nanoenvironments. Furthermore, we may label each 3D nanoenvironment with the
experimental cleavage activity of the corresponding sgRNA-dsDNA pair. Thus, we can

obtain a labeled dataset D =
{(
xi, ai

)}kN
i=1

, where xi ∈ RM and ai ∈ R (see nanoenviron-
ment dataset in Figure 3.2D). Having this labeled dataset enables us learn the relationship
between 3D nanoenvironment and cleavage activity. Therefore, formally we aim to learn
the following function:

f̄a : Ω3DN → R, x 7→ f̄a(x) (3.2)

where Ω3DN ⊂ RM and f̄a(x) is a functional map that takes a vector in RM as input
and then return a cleavage activity. The dimension M of the vector xi can depend on the
degree of detail we choose for describing the 3D nanoenvironment.

Having the dataset
{(
xi, ai

)}kN
i=1

enables us to train a regression model to decipher the
relationship between experimental cleavage activity and 3D nanoenvironment. Details on
the regression model with feature selection are discussed in subsection “Machine learning
models for CRISPR-Cas9 cleavage activity prediction from STING descriptors”.
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3.2.1 Molecular dynamics of the CRISPR-Cas9 complex with guide-
target pair

MD simulations were performed using GROMACS version 2020.2 [237], using bsc1 and
AMBER force fields for nucleic acids and protein atoms, respectively. For water molecules,
the TIP3P model was used. Protonation states of titratable residues were estimated using
the pypKa server [238]. Before the production runs, structures were subjected to NVT
equilibration for 400ps using the modified Berendsen thermostat, and to 1ns of NPT
equilibration using the Parinello-Rahman barostat.

Targeted MD (TMD)

We chose as a reference structure for the enzyme and RNA sequence the crystal structure
of the catalytically-active Streptococcus pyogenes Cas9, primed for target DNA cleavage,
in complex with single-stranded guide RNA and double-stranded DNA (both target and
non-target strands). The PDB code of this structure is 5F9R, released in 2016. 5F9R has
become the most commonly used reference in the literature in recent years. Interestingly,
in 2019 the 6O0Y structure was released [239]. Obtained via Cryo-EM, 6O0Y shows the
conformation of the two key domains RuvC and HNH in the catalytically competent state.
5F9R and 6O0Y have the same single guide RNA sequence. However, 6O0Y is lacking
some key residues and atoms. Therefore, we decided to use the structural information
contained in 6O0Y to adopt the conformation of the more complete 5F9R structure. To
do this, we performed all-atom explicit solvent TMD using PLUMED [240, 241, 242] as
a plugin of GROMACS, in order to bring the RuvC and HNH domains of 5F9R to their
catalytically active conformation, mutuated from the 6O0Y structure. More specifically,
the bias was applied to the heavy atoms of the two protein domains. The collective variable
used was the RMSD, using a moving restraint with κ going from 0 to 105 in 1.5 × 108

steps.

Reference choice and mutants generation

In order to identify our reference sequence for the analysis, we applied the following re-
quirements by filtering the crisprSQL database [54]: having a single guide RNA sequence
identical or as close as possible to that of the structural reference; having a sufficient
number of singly mutated entries in the PAM-distal region of the target DNA strand; the
candidate sequence and the mutated entries must have experimental off-target cleavage
activity data. We therefore selected an entry which differs only in one position (RNA base
number 2) with respect to the 5F9R and 6O0Y structures and fulfils the other mentioned
requirements. For this entry, 28 singly mutated and experimentally annotated other en-
tries were found in the database. We then first mutated base 2 of RNA to adenine and base
29 of the target strand DNA to thymine in our reference structure in order to make it iden-
tical to the reference sequence, and called it CMUT1 (see Figures 3.2B and 3.2C). Then
we generated the same 28 mutations that were also present in the database on the DNA
target strand of CMUT1. Base mutations were done using the software UCSF CHIMERA
[243]. Each of them presents only a single mutation, located in the target DNA strand
with respect to our reference. A table of the mutations, with associated nomenclature,
can be found in Table S1.
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Unbiased MD

We performed 1µs of all-atom explicit solvent unbiased MD on the TMD’s output. This
allowed us to evaluate the structure’s dynamics and to obtain a reference which can be
used in comparison with structures generated in further simulations. Using the TMD’s
output, we then created structures corresponding to each of the 28 guide-target pairs by
mutating TS and NTS nucleotides in the TMD’s output. This yielded 28 structures — one
for each guide-target pair in the labelled sequence dataset. Finally, for each guide-target
pair, we performed 250ns of all-atom, explicit solvent, unbiased MD, starting the MD from
the structure created for the guide-target pair.

Electrostatic calculations

We performed electrostatic calculations using the Poisson-Boltzmann Equation (PBE)
Finite Differences solver DelPhi [244]. We calculated the electrostatic energies (partitioned
in Coulombic and reaction-field contributions) and the electrostatic potential at the atom
centers in order to characterise the local potential on snapshots extracted every 10ns
from the MD trajectory of each mutation. Atomic radii and charges were taken from the
AMBER force field [245].

RMSD calculations

To evaluate the dynamics of the system, we calculated the RMSD of the following residues
for each mutation along the MD trajectory:

• Protein residues (136, 164, 268, 317, 402, 408, 411, 415, 728, 730, 732, 733, 734,
837, 838, 839, 908, 919, 1010, 1016, 1017, 1025, 1122). These residues were selected
based on the following two criteria: they either emerged as significant residues from
our ML analysis (see subsubsection “Characterization of the heteroduplex-proximal
CRISPR-Cas9 internal protein nanoenvironment” in subsection “Machine learning
models for CRISPR-Cas9 cleavage activity prediction from STING descriptors”).

• RNA and DNA bases belonging to the heteroduplex: chains B and C

We calculated the RMSD of the nucleic backbone and of the following atoms: C4 and
N9 (purines); C6 and N1 (pyrimidines). We also calculated the RMSD of the phosphorus
atoms and the N9 and N1 atoms (respectively). This analysis was performed using the
MDAnalysis python package [246].

Structure naming scheme

Structures were given a 4-character identifier, similar to a PDB code. The first character
is a letter, identifying the starting structure for the mutation. We had two kinds of
starting structures, the result of our TMD (C for Cryo) and 5F9R (X for X-ray). The
second character is either a number from 0 to 9 or a letter from A to Z, and identifies the
specific mutation in numerical order from 0 to 9 for the first 10 mutants and then letters
in alphabetical order for the remaining ones. The third and fourth character are digits
which indicate the snapshot number.
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Parent Descriptor Classes Associated Neighbor Descriptor Classes

Accessibility -
Cross Link Order (CLO) CLO-GN, CLO-SW, CLO-WNA, CLO-VD
Cross Presence Order (CPO) CPO-GN, CPO-SW, CPO-WNA, CPO-VD
Curvature (Curv) Curv-GN, Curv-SW, Curv-WNA, Curv-VD
Density Density-GN, Density-SW, Density-WNA, Density-VD
DSSP -
Contact Energy Density (CED) CED-GN, CED-SW, CED-WNA, CED-VD
Electrostatic Potential (EP) EP-GN, EP-SW, EP-WNA, EP-VD
Entropy Density (ED) ED-GN, ED-SW, ED-WNA, ED-VD
Graph Descriptor (GD) GD-GN, GD-SW, GD-WNA, GD-VD
Hydrophobicity -
Residue Contacts (RC) RC-GN, RC-SW, RC-WNA, RC-VD
Side Chain Orientation (SCO) SCO-GN, SCO-SW, SCO-WNA, SCO-VD
Solvation (Solv) Solv-GN, Solv-SW, Solv-WNA, Solv-VD
Sponge Sponge-GN, Sponge-SW, Sponge-WNA, Sponge-VD
STRIDE -
Unused Contacts (UC) UC-GN, UC-SW, UC-WNA, UC-VD
Weighted Contact Number WCN-GN, WCN-SW, WCN-WNA, WCN-VD

Table 3.1: List of 60 STING descriptor classes (bolded) considered in this study for char-
acterizing the internal protein 3D nanoenvironment of CRISPR-Cas9’s sgRNA-TS het-
eroduplex. Originating from 18 parent descriptor classes (left column), the 60 descriptor
classes consist of 4 parent descriptor classes (bolded, left column) and 56 neighbor descrip-
tor classes (bolded, right column) arising from the application of Graph Neighbors (GN),
Sliding Window (SW), Weighted Neighbor Average (WNA) and Voronoi Diagram (VD)
aggregations to 14 other parent descriptor classes (unbolded, left column).

3.2.2 STING descriptors for CRISPR-Cas9 complex with a guide-target
pair

In this study, we consider 60 physico-chemical/structural descriptor classes available from
the STING platform database (see Table 3.1). The 60 descriptor classes were directly
adopted from previous work which studied the internal protein nanoenvironment [199,
200, 201, 202, 203, 204]. The 60 descriptor classes translate to 1671 descriptors be-
ing organized into the relational database STING RDB 2 CRISPR, namely one that al-
lows the simultaneous analysis of multiple structures. A concise outline of the 1671 de-
scriptors is included in section 1 of the SI, and full descriptions for all STING parame-
ters/descriptors published previously on STING’s web-server site can be found at http:

//www.cbi.cnptia.embrapa.br/SMS/STINGm/help/MegaHelp_JPD.html and in several
papers [199, 200, 201, 202, 203]. In this work, we first adopted and then used STING
SDL (Sting Descriptor Library), an in-house program able to calculate the descriptors
in all possible variants (meaning, using all values for variables employed into formulas
that calculate each one of STING descriptors) and applying batch calculations on the
sgRNA-dsDNA-Cas9 complexes analysed in MD simulations.

These descriptors were calculated in correspondence of all atoms and in the presence
of DNA or RNA bases at distances of 3, 5 and 12 Å from the phosphates for each snap-
shot. Atom presence lists were generated using custom Python scripts, in which atomic
coordinates were parsed using Biopython [247].

http://www.cbi.cnptia.embrapa.br/SMS/STINGm/help/MegaHelp_JPD.html
http://www.cbi.cnptia.embrapa.br/SMS/STINGm/help/MegaHelp_JPD.html
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3.2.3 Machine learning for CRISPR-Cas9 cleavage activity prediction
from STING descriptors

Dataset

Figure 3.3: PyMOL cartoon visualization of the internal protein 3D nanoenvironment
proximal to Cas9’s sgRNA-target strand DNA heteroduplex in the catalytically active
conformation. Cas9 residues part of the nanoenvironment are shown as red sticks, and the
rest of the Cas9 residues are visualized as grey ribbons. Shown as ribbons, the color scheme
is as follows for non-Cas9 components: PAM-distal sgRNA = teal, PAM-proximal sgRNA
= blue, PAM-distal target DNA strand = limon, PAM-proximal target DNA strand =
green, non-target DNA strand = transparent purple.

Fig. 3.2 outlines our approach for building STING CRISPR. Namely, by generating
atomistic MD trajectories and computing residue-resolved STING feature values for the
atomistic model conformations, we are able to convert our labelled sequence dataset con-
taining 1 on-target and 27 single-mismatch off-target sites into a labelled nanoenvironment
dataset of size 672 (Figure 3.2D, see raw cleavage rate data in Figure B.1 and Table B.1).
Labels used in both datasets are cleavage rates rather than indel frequency percentages.

We hypothesize that the internal protein 3D nanoenvironment proximal to Cas9’s
sgRNA-target strand DNA heteroduplex in the catalytically active conformation (drawn
in Figure 3.3) is a primary factor affecting CRISPR-Cas9 cleavage activity. Moreover, a
STING descriptor’s value varies across Cas9 residues, as the value of a physico-chemical or
structural property is always tied to a local region/district, i.e., a Cas9 residue in our case.
Taking these two ideas into account, we formulate xi as a vector of length M = |H||S|
(see Figure 3.2E), where:

• H denotes the set of heteroduplex-proximal residues (HPRs) whose α-carbon atoms
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are 3 − 7Å away from the C4’ atoms of any sgRNA-TS heteroduplex nucleotide in
at least one of the training PDB snapshots, and

• S denotes the set of 1671 STING neighbor descriptors available in STING RDB 2 CRISPR
(see Tables 3.1 and B.2) [248, 249, 250].

In other words, xi is a vector containing features (or independent variables) defined by a
given STING descriptor at a particular heteroduplex-proximal Cas9 residue, i.e., a STING
descriptor-Cas9 residue pair. Since the exact set of residues in H changes depending on
the set of PDB trajectory snapshots used in the residue-nucleotide distance calculations,
we limit such residue-nucleotide distance calculations to training PDB snapshots when
computing H to avoid data leakage when training ML models.

For STING CRISPR, we compute 1671 physico-chemical and structural descriptors
on 380 heteroduplex-proximal residues, which resulted in a nanoenvironment dataset with
634,980 STING features (Figure 3.2E, see a breakdown of the feature counts in Table B.2),
where the feature values are aggregated over residues within a local neighborhood as
defined by four different aggregation methods available in the STING RDB 2 CRISPR
database — Graph Neighbors (GN), Sliding Window (SW), Weighted Neighbor Average
(WNA) and Voronoi Diagram (VD). See subsubsection “Training” for an explanation on
how 380 heteroduplex-proximal residues were obtained for STING CRISPR.

Exploratory analysis with heteroduplex base pair distances

For each PDB trajectory snapshot in the dataset, we compute the Euclidean distance
between the two C4’ atoms in each of the 19 PAM-proximal base pairs. We then use a
heatmap for each off-target trajectory in order to visualize the heteroduplex base pair dis-
tances across all snapshots within each off-target trajectory. As a measure of heteroduplex
plasticity, we sum all Euclidean distances across the 19 base pairs over all snapshots for
all on- and off-target trajectories. To examine the relationship between this measure and
CRISPR-Cas9 cleavage activity, we create violin plots for four groups of sums, namely the
sums corresponding to the on-target trajectory, trajectories with low (< 0.01) activity,
trajectories with medium (0.01 − 0.1) activity and trajectories with high (> 0.1) activity.
We also create a scatter plot between the sums and cleavage activities.

Machine learning model

To decipher the relationship between experimental cleavage activity and the 3D nanoen-
vironment, we build an interpretable scikit-learn [236] ML pipeline (see Figure 3.2F) con-
sisting of the following three steps:

1. StandardScaler. This scales features to zero mean and unit variance.

2. SelectFromModel utilises base model m1 and all |H||S| features to train m1 and
SelectFromModel selects the f ≪ |H||S| most important features from the |H||S|
available features.

3. Machine learning model m2 with f input features.

Notably, we embed a feature selection step, i.e., SelectFromModel, into our pipeline, in
order to combat the curse of dimensionality [251], and to ensure that f is significantly
smaller than the training dataset size in our final interpretable ML model.
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Figure 3.4: STING CRISPR is an extra trees model with 30 STING features at 4 residue
clusters. (A) Hyperparameter tuning of input feature set size in the ML pipeline after grid
search with five-fold cross validation. The solid blue line (left y-axis) indicates average
five-fold Spearman test correlation, and the solid orange line (right y-axis) indicates av-
erage change in the average five-fold test Spearman correlation when increasing the input
feature set size in increments of 5. Black dotted horizontal line indicates the Spearman
change threshold ∆ρS = 0.002, and the blue dotted vertical line indicates the final in-
put feature size selected. (B) Extraction of the second ML model (red, bolded) from the
hyperparameter-optimized ML pipeline with m1 = XGBoost, m2 = extra trees and f=30
features yields STING CRISPR, an extra trees model with 30 STING features. Among
the 30 STING features, 17 of them form 4 residue clusters (defined below) found to be
important in cleavage activity prediction for the studied sgRNA-TS pairs.
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Training

Summarized in Figure 3.2G, the training procedure for obtaining STING CRISPR is as
follows. To prepare the data partitions, we first split the dataset into training and test
partitions of size 560 and 112 by holding out the last 4 PDB snapshots in from all MD
trajectories for testing. Such a split ensures that points in the training and test datasets
are distributed similarly. We then randomly split the training partition into five folds for
five-fold cross validation, resulting in five sets of training and validation datasets of size
448 and 112, respectively. Given that models m1 and m2 are tunable hyperparameters in
the ML pipeline, we first perform grid search with five-fold cross validation to optimize
hyperparameters m1 and m2 in the ML pipeline. Specifically, we use grid search to consider
the following 5 · 6 · 10 = 300 ML pipelines by using the following hyperparameter ranges:

• model m1 being either a linear, ridge, XGBoost [126], extra trees [252] or Light-
GBM [129] model with default hyperparameters (all together 5 possibilities);

• model m2 being either a linear, ridge, XGBoost, extra trees, LightGBM, or Cat-
Boost [128] model with default hyperparameters (all together 10 possibilities); and

• number of possible feature size selections |F | = 10, where F = {5, 10, ..., 50}. We
choose such an F not only because all elements f ∈ F satisfy f ≪ |H||S|, but
also because many of the STING features are correlated, meaning that the optimal
feature set size is approximately

√
448 ≈ 21.2 given a training data size of 448 during

five-fold cross validation [253].

We then measure the mean five-fold Spearman correlation validation performance ρS(m1,m2, f)
of each combination (m1,m2, f), and subsequently find the model pair (m∗

1,m
∗
2) with the

highest validation performance when averaging the mean Spearman correlation across the
10 possible feature size selections. Once the model pair is found, we pick the smallest
feature set size f∗ such that increasing the selected feature set size by 5 improves the
resulting mean five-fold Spearman correlation validation performance by no more than
∆ρS = 2 × 10−3 (a hyperparameter which thresholds Spearman improvement). Using
the hyperparameter configuration (m∗

1,m
∗
2, f

∗), we then train a single ML pipeline on all
560 points from the training partition. Once trained, we extract m2 from the pipeline to
obtain STING CRISPR.

Since the HPR set H is dependent on the training PDB snapshots, it is worth noting
that the training procedure uses 6 HPR sets, namely one for each fold in five-fold cross
validation, and one extra when training the final model (see top left of Figure 3.2G for the
HPR set sizes, and Appendix subsection B.2.3 “Heteroduplex-proximal residues” for the
specific residues in the 6 HPR sets). In practice, HPR set sizes of 378, 379, 376, 376 and
374 are obtained for the training sets used in folds 1-5 during five-fold cross validation,
respectively. When performing residue-heteroduplex nucleotide distance calculations on
the entire training partition of the nanoenvironment dataset, we identify 380 sgRNA-TS
heteroduplex-proximal residues (HPRs).

In practice, this grid search strategy (see the bullet points above) yields the XGBoost-
extra trees combination, which has a mean five-fold cross validation Spearman correlation
of 0.826 when averaged across 10 XGBoost-extra trees pipelines with 5-50 features (Fig-
ure 3.2G). Illustrated in Figure 3.4A, subsequent application of the Spearman correlation
change threshold with value 0.002 on the XGBoost-extra trees combination results in a
pipeline with 30 features (see Table B.3 for the list of 30 features). By setting such a thresh-
old, we are able to minimize the feature set size without sacrificing model performance.
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Together with SelectFromModel, the threshold drastically reduces the ML pipeline’s fea-
ture set size from 634,980 to 30 features. By extracting the cleavage activity model from
the ML pipeline (see Figure 3.4B), we obtain an extra trees model with 30 features, which
we name as STING CRISPR (Figure 3.4, red vertical box) in this study. In summary, from
the nanoenvironment dataset, the training procedure produced a ML pipeline which feeds
the top 30 most important STING features selected from the trained XGBoost surrogate
model into an extra trees model for Cas9 activity prediction.

Evaluation

We record STING CRISPR’s performance on the test dataset for the following metrics:
Spearman correlation, Pearson correlation, mean squared error and mean absolute error.
Using test data, we also use bar plots to visualize the mean and standard deviation of the
square errors between predicted and actual cleavage activities for the on-target interface,
PAM-distal mismatch positions and mismatch interface types.

Model Interpretation

Our framework for interpreting STING CRISPR is founded on feature counts and SHapley
Additive exPlanations (SHAP) [146] (a summary of the theory behind SHAP can be
found in the Background chapter). Using STING CRISPR and the SHAP TreeExplainer

model [254], we obtain SHAP values ϕ for all PDB snapshots in the ML dataset, where ϕ
(i)
j

denotes the SHAP value assigned to the jth feature for the ith datapoint. We also obtain
the SHAP importance of each features in STING CRISPR, where the SHAP importance

of the jth feature is given by Ij = 1
|D|
∑|D|

i=1 ϕ
(i)
j .

Each input feature in STING CRISPR has the following 6 properties: an associated
Cas9 residue, Cas9 domain, contiguous Cas9 domain, parent descriptor class, (neighbor)
descriptor class and neighbor aggregation method. For example, the feature
Cas9 733 neighbors side chain angle 3 VD has properties Cas9 residue 733, Cas9 do-
main RuvC, contiguous Cas9 domain RuvC-II, parent descriptor class Side Chain Orienta-
tion (SCO), descriptor class Side Chain Orientation with VD (SCO-VD) and neighbor ag-
gregation method Voronoi Diagram (VD). Since we can group features in STING CRISPR
by a certain property, count the number of features in each feature group, and compute

the SHAP importance IJ = 1
|D|
∑|D|

i=1 |
∑

j∈J ϕ
(i)
j | of each feature group J , we compute

feature counts and SHAP importances for each of the feature groups arising from each of
the aforementioned 6 properties, and subsequently use bar plots for data visualization.

Cas9 residues appearing far apart in the sequence space may actually be spatially
proximal in the Cas9 complex. In light of this, to identify the residue clusters (i.e.,
hotspots) found by our training procedure, we measure the pairwise distances between two
residues in STING CRISPR averaged across the 672 PDB snapshots, and subsequently use
Seaborn’s clustermap algorithm to create the clusters, while setting a maximum distance
of 12Å for any two residues within the same cluster. Based on these residue clusters, we
compute the feature counts and SHAP importance of each residue cluster, with residues
in STING CRISPR not belonging to any residue cluster placed into the “Other” residue
group. To gain spatial intuition, we use PyMOL [255] to visualize the residue clusters.
Specifically, we use the last PDB snapshot from the on-target trajectory CMUT1 for
visualization. For each residue-base combination formed between the STING CRISPR
residues and heteroduplex bases, we also count the number of PDB snapshots where the
residue’s α-carbon atom is 3-7Å away from the heteroduplex base’s C4’ atom, and use
heatmaps to visualize the counts.
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3.2.4 Evaluation of the structural impact of the mutations

The impact of the TS mutations on the overall dynamics of the system structure was evalu-
ated by performing a parametric analysis of the stability of the most relevant residues/bases
of the system. The considered parameters are average and standard deviation of the RMSD
with respect to the initial conformation. Under normality assumption, the Kullback-
Leibler divergences between the RMSD distributions of the residues which emerged as
the most informative from the ML analysis as well as those of the bases involved in
the heteroduplex complex were calculated considering as a reference the trajectory of the
CMUT1 system, data shown in the SI. This allows to immediately pinpoint the sites where
the difference in behavior is maximal. After doing this, a more detailed distinction was
performed, separating the sites differing because of being more mobile from those differing
because of being more stable.

3.3 Results

3.3.1 Structural determinants of cleavage activity

Consistency with the latest experimental structures

As more thoroughly described in the Materials and Methods, our starting structure, re-
ferred to as CMUT1 (see Figure 1C), was derived from the closest entry of the sequence
database to the available structures including also the DNA and the SpCas9 (referred to
as Cas9 onwards) counterparts. This structure is complete and conformationally consis-
tent with the catalytically active structure published in [239], PDB code 6O0Y. In order
to expand our analysis, we included in our evaluations also the structure published in
the work by Bravo et al. [39] (PDB code 7S4X). In the latter work, catalytically active
conformations of Cas9 in presence of mismatches were determined through kinetics-guided
cryo-EM. Therefore, we also decided to check that the key structural features reported in
this work are reflected in our analysis. Four structural features of the 7S4X structure are
shown by the authors to be significant for its catalytic activity:

• Kinkedness of the RNA/DNA heteroduplex (residues B1-15 D1-20 in 7S4X; C14-30
B2-17 in CMUT1) – this characteristic is shared;

• Conformation of the L1 loop (residues A765-780 in 7S4X and in CMUT1) – the
conformations are virtually identical;

• Conformation of the L2 loop (residues A906-918 in 7S4X and in CMUT1) – Average
heavy atom RMSD against 250ns CMUT1 MD trajectory: 3.8 Å;

• Conformation of the RuvC loop (residues A1010-1030 in 7S4X and in CMUT1) –
Average heavy atom RMSD against 250ns CMUT1 MD trajectory: 3.8 Å;

Mismatch-induced dynamical effects

We challenge the idea that a single PAM-distal mismatch between the sgRNA and the tar-
get strand DNA (TS) always destabilizes the system. This is done by comparing the RMSD
distributions along the dynamics of individual sites, i.e., protein residues or sgRNA/TS
bases, with respect to the corresponding distributions obtained from the dynamics of the
reference structure CMUT1, which has no mismatch. Summarizing the results, which
are detailed in Appendix B, we can say that point mutations in the TS result in a lo-
cal destabilization of the sgRNA bases in the PAM-distal region, where they are located,
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Figure 3.5: Test performance of STING CRISPR. (A) STING CRISPR’s predicted cleav-
age activities for the hold-out test set containing the last 4 snapshots from each of the 28
MD trajectories. Blue dots indicate experimental cleavage activity labels for the 28 inter-
faces. Guide-target interfaces listed on the x-axis are sorted by increasing experimental
activity. ON = on-target interface. (B) STING CRISPR’s squared error between predicted
and actual CRISPR-Cas9 cleavage activity values for snapshots in the test set, categorized
by being an on-target interface or a PAM-distal mismatch position. (C) STING CRISPR’s
test squared error between predicted and actual CRISPR-Cas9 cleavage activity values for
the different off-target mismatch interface types.

but seem also to stabilize some RNA bases in the PAM-proximal region and induce a
remarkable stabilization, quantified by the RMSD standard deviation along the trajec-
tories, of some TS bases, again in the PAM-proximal region. This finding could explain
why some PAM-distal point mutations lead to increased cleavage activity. Furthermore,
some degree of stabilization is observed in some Cas9 residues emerging as important from
our ML approach, as shown in the stability analysis results included in Appendix B. The
finding also corroborates with the positive correlation (Spearman: 0.418, Pearson: 0.503)
found between heteroduplex base pair distance sums, a quantity informative on the overall
stability of the guide RNA–TS heteroduplex, and CRISPR-Cas9 cleavage activities (see
Figure B.8). In summary, this analysis shows that the local destabilization induced by a
single mismatch between the sgRNA and the target strand DNA (TS) in the PAM-distal
region can be compensated by the stabilization in other nearby positions. A possible
explanation of such compensation is further elaborated in the Discussion section.

3.3.2 Test performance and model interpretation of STING CRISPR

On the hold-out test dataset of size 112, STING CRISPR attains a Spearman correlation
of 0.819, a Pearson correlation of 0.916, a mean squared error of 5.92 × 10−4 s−2 and
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Figure 3.6: PyMOL cartoon visualization of the sgRNA-dsDNA-Cas9 complex, taken
from the last (i.e., 24th) snapshot of CMUT1’s MD trajectory. Shown as spheres, the 4
CRISPR-Cas9 residue clusters 136/164/317/402/408/411/415, 728/730/732-734, 837-839
and 1016/1017 are highlighted in yellow, orange, pink and red, respectively. Other parts
of the Cas9 are visualized as grey ribbons. Shown as ribbons, the color scheme is as
follows for non-Cas9 components: PAM-distal sgRNA = teal, PAM-proximal sgRNA =
blue, PAM-distal target DNA strand = limon, PAM-proximal target DNA strand = green,
non-target DNA strand = transparent purple.

a mean absolute error of 1.68 × 10−2 s−1, demonstrating high model performance and
affirming that residue-resolved physico-chemical/structural features can be utilized for
CRISPR-Cas9 cleavage activity prediction. Ordered by increasing cleavage activity, we
can see that the predicted and actual cleavage activities differ by at most 3.90× 10−2 s−1

across all guide-target interfaces in this study (Figure 3.5A) apart from base mutations
T14G, C18A, C18T and A19G. Such an observation is corroborated by high test square
errors in positions 14, 18 and 19 (Figure 3.5B) and mismatch interface types G:dA, G:dT,
U:dG and A:dG (Figure 3.5C).

Using various physico-chemical and structural descriptors, the 30 residue-resolved in-
put features of STING CRISPR characterize 23 Cas9 residues. The SHAP summary plot
generated from STING CRISPR using all 672 conformations shows Cas9 733 neighbors-
side chain angle 3 VD as the most important feature in STING CRISPR, where in-

creasing its feature value increases predicted cleavage activity (see Figure B.2). Through
hierarchical clustering of pairwise residue distance calculations between the C-α atoms of
these 23 residues (see Figure 3.7A), we see that 17 of the 23 residues form four residue
clusters, namely:

• Group 1 with residues 1016 and 1017;

• Group 2 with residues 728, 730, 732, 733 and 734;
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Figure 3.7: The ML pipeline identifies four residue clusters, namely Group 1 (residues
1016/1017, colored red), Group 2 (residues 728/730/732-734, colored orange), Group 3
(residues 837-839, colored pink) and Group 4 (residues 136/164/317/402/408/411/415,
colored yellow). The fifth group “Other” consists of residues identified by the pipeline that
do not belong to the above clusters (residues 268/908/919/1010/1015/1122, colored light
blue). (A) Binarized hierarchically-clustered heatmap for the 23 Cas9 residues identified
by the ML pipeline. Heatmap cells for residue pairs whose Cα atoms are less than 12 Å
apart are colored according to their associated residue groups, and black otherwise. (B, C)
Feature counts (B) and SHAP importances (C) of the five residue groups. (D, E) Feature
counts (D) and SHAP importances (E) of the 23 important Cas9 residues, with residues
grouped and colored by the five residue groups. (F, G) PyMOL cartoon visualization of
the PAM-distal (F) and PAM-proximal (G) portions of the sgRNA-dsDNA heteroduplex
taken from the last (i.e., 24th) snapshot of CMUT1’s MD trajectory. Shown as labelled
spheres, the 23 CRISPR-Cas9 important residues are colored by their residue groups.
Shown as ribbons, the color scheme of other components is as follows: other parts of Cas9
= grey, PAM-distal sgRNA = teal, PAM-proximal sgRNA = blue, PAM-distal target DNA
strand = limon, PAM-proximal target DNA strand = green, non-target DNA strand =
transparent purple.
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• Group 3 with residues 837, 838 and 839; and

• Group 4 with residues 136, 164, 317, 402, 408, 411 and 415,

which are colored red, orange, pink and yellow, respectively (see right part of Figure 3.4B
and Figure 3.7F-G). Such localization of residue clusters likely indicates some biological,
functional, constitutive, or structural importance within those regions. For completeness,
we also group the remaining 6 residues 268, 908, 919, 1010, 1025 and 1122 to form the
“Other” residue group (colored light blue).

Using these five residue groups, we see high feature counts and SHAP importances for
groups 2 and 4 (Figure 3.7B-C), showing that groups 2 and 4 significantly contribute to
STING CRISPR’s predicted cleavage activity. As for the feature counts of 23 residues, we
see that most residues only have one feature, with residue 837 having the highest feature
count of 3 (Figure 3.7D). SHAP importances vary widely between the 23 residues, with
residues 733 and 837 having the highest SHAP importances. Specifically, residues 1016,
733, 837 and 415 have the highest SHAP importances in residue groups 1-4, respectively.

The residue clusters are spatially located next to different parts of the heteroduplex,
and come from various Cas9 domains (Figures 3.6, 3.7F-G and B.7). Specifically, group
1 consists of RuvC residues located in the PAM-distal part of the heteroduplex, group 2
consists of RuvC residues located at the midde part of the heteroduplex, group 3 consists
of HNH residues located at the catalytic site which cuts the TS, and group 4 consists of Rec
I residues located on the sgRNA side of the PAM-proximal portion of the heteroduplex.
As for the other residues, residues 1010 and 1025 flank group 1 on the sgRNA and TS
sides, respectively. Located in the middle part of the heteroduplex, residue 919 is also
spatially close to residue group 2. Using a similar approach, we also see that the four
residue clusters draw features from different parent descriptor classes, which have varying
SHAP importances in the different residue clusters (see Figure B.6).

To varying degrees, predictions made by STING CRISPR are influenced by the dif-
ferent parent descriptor classes and Cas9 domains associated with the 30 input features.
In terms of parent descriptor classes, Density, Entropy Density and Cross Presence Order
have the most features, and Density, Side Chain Orientation and Accessibility have the
highest SHAP importances (Figure 3.8). In terms of Cas9 domains, RuvC is shown to
have the highest feature count and SHAP importance among the RuvC, HNH, REC and
PAM-interacting domains. In a similar fashion, feature count and SHAP importance anal-
ysis of the four neighbor aggregation methods show that SW and VD have high feature
counts and SHAP importances (Figure B.3). The same analysis but for descriptor classes
show that Density with SW has highest count, but Side Chain Orientation with VD and
Accessibility have the highest SHAP importance.

When considering all 672 atomistic model conformations, all residues apart from 411
and 733 are surface residues, but only residues 136, 164, 268, 402, 408, 728, 730, 919, 1016
and 1122 are interface residues according to Surfv, NACCESS and NSC (Figure B.4). In
addition, in the 672 conformations, most residues are surface residues (Figure B.5A), and
on average there are around 12 interfaces residues in a given conformation (Figure B.5B).
In terms of SHAP importances, we see that surface residues have a much higher SHAP
importances than non-surface residues (Figure B.5D), and that interface residues have
less SHAP importance than non-interface residues (Figure B.5E). Averaged across the 672
PDB snapshots, 55.6%, 60.5% and 52% of the residues among the four residue clusters
are residues located at the interface between Cas9 and the R-loop complex (i.e., interface
residues), according to SurfV, NACCESS and NSC, respectively. When rerunning the
training procedure to train on residues 3-1363 instead of just the HPRs, we find that both
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Figure 3.8: (Top) STING CRISPR’s feature counts categorized by STING descriptor
classes (A) and CRISPR-Cas9 domains (B), respectively, sorted by decreasing count. (Bot-
tom) STING CRISPR’s SHAP importance values for STING descriptor classes (C) and
CRISPR-Cas9 domains (D), respectively, sorted by decreasing SHAP importance. Only
STING descriptor classes or Cas9 domains with non-zero count or SHAP importance are
shown.
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the feature count and the SHAP importance of HPRs are higher than those of non-HPRs
(Figures B.5C and B.5F).
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3.3.3 Test performance when generalizing to unseen guide-target inter-
faces
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Figure 3.9: 5-fold cross validation Spearman (left) and Pearson (right) correlation perfor-
mance when using linear regression, ridge regression, XGBoost, Extra Trees and Light-
GBM. Test sets for each cross validation fold was constructed by binning snapshots as-
sociated with the trajectory with the nth lowest cleavage activity into the test partition
of fold n mod 5, and into the training partition in the other folds. Light blue horizontal
line represents the mean correlation across the 5 folds.
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Figure 3.10: Box plots comparing test squared errors between STING CRISPR and the
new LightGBM model trained in Figure 3.9. The x-axis lists the guide-target interfaces
held-out in each of the five cross validation folds. Circles represent outliers in the box
plot.
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We also tried withholding snapshots from entire sgRNA-target pair trajectories instead
of the last four snapshots, as holding out sgRNA-target pairs would serve as a better test for
evaluating the ML model’s ability to generalize to unseen sgRNA-target pairs – an ability
observed in many existing ML-based off-target activity prediction tools. However, the test
performance varies across the five folds in 5-fold cross validation when a variety of ML
models without feature selection (linear regression, ridge regression, XGBoost, extra trees
and LightGBM) are used (see Figure 3.9). As seen in the figure, all ML model types fail to
generalize on fold 1. Examining the distribution of test squared errors per sgRNA-target
pair in the LightGBM model, we observe variance in predicted activities within a sgRNA-
target pair MD trajectory, indicating variability between snapshots within the trajectory
(see Figure 3.10). Owing to poor test performances, we do not proceed with SHAP
interpretation of these ML models. Details on methods can be found in Appendix B.2.6
“Holding out trajectories as test sets”.

3.4 Discussion

3.4.1 Structural plasticity of the heteroduplex: structural stability of
mismatches

According to our MD simulations, introducing a mismatching mutation in the PAM-distal
region of the TS does not necessarily produce a major structural instability in the overall
structure of the heteroduplex nor in that of the Cas9 protein. By using the analysis
described in Appendix subsection B.2.5, we actually found that these mutations produce
minor perturbations in the dynamics of the sgRNA in the PAM-distal region, but also,
unexpectedly, a stabilizing effect on some RNA bases in the PAM-proximal region and on
some residues of the Cas9 protein. This is consistent both with the experimental cleavage
activity data and with the observations concerning the heteroduplex base pair distance
sums. We suspect such stabilizing effect arises from a release of mechanical strain in
the heteroduplex, where the mechanical strain originates from differing helical parameters
between RNA-DNA heteroduplexes (closer to A-form than B-form) and A-form RNA or
B-form DNA duplexes [256, 257].

3.4.2 Nanoenvironment approach

In this work, we identified four specific hotspots (residues 136/164/317/402/408/411/415;
730/732-734; 837-839 and 1016-1017) which are borderline with the interface between the
Cas9 protein and the heteroduplex. Namely, approximately half of the hotspot residues
are part of the protein-heteroduplex interface (formed by the Interface Forming Residues
– IFRs) and the other half belong to the immediate next layer leaning on the IFRs. Those
hotspots are actually groups of amino acid residues to which specific STING Descrip-
tors [199, 200, 201, 202, 203, 204] are attached. The localization of amino acid residues
within hotspots is indicative of their functional importance in terms of modulating off-
target cleavage activity. To get the location of hotspots, however, it was first necessary to
obtain a list of residue-resolved physico-chemical/structural features.

3.4.3 Cleavage activity prediction models and their interpretability

Some of the most successful models for CRISPR-Cas9 off-target activity prediction are
based on deep learning and managed to reach high predictive performance in terms of clas-
sification [53, 155, 52, 181]. The building of sufficiently accurate regression models for the
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problem of off-target cleavage activity prediction is still an open challenge in spite of the in-
creasing sophistication of deep learning approaches and encoding practices applied on the
sgRNA-TS (guide-target) sequence pair [53, 155, 52]. A recent advance utilized structural
information of the guide-target sequence pair extracted from MD simulations in order to
construct RNA-DNA molecular interaction fingerprints, i.e., structurally-informed encod-
ings of the guide-target heteroduplex [258]. However, none of the previous works leveraged
the information from the entire CRISPR-Cas9 complex, especially from the Cas9 protein.
The current state of the field suggests that it has reached its possible best performance
on this type of learning problem associated with mainly describing a datapoint with a
guide-target sequence pair or a structurally-inspired heteroduplex encoding from it.

As an alternative to proposing another new learning model on existing datasets based
on guide-target sequence pairs, our work proposes a new learning approach/problem
that takes into account the whole sgRNA-dsDNA-Cas9 complex in its entire physico-
chemical/structural internal ‘reality’. This is achieved by obtaining a set of physico-
chemical/structural features characterising all guide-target proximal residues in a given
sgRNA-dsDNA-Cas9 complex that accommodates a given guide-target pair. Unlike Chen
et al. [258], our physico-chemically/structurally-informed features are obtained from MD
simulation of the entire CRISPR-Cas9 complex, which includes the Cas9 protein in addi-
tion to the guide-target heteroduplex and other parts of the R-loop.

We work under the assumption that the 3D internal protein nanoenvironments, and
features therein, of guide-target pairs are able to provide an information-rich represen-
tation of the guide-target pairs themselves. We therefore trained a ML pipeline with a
built-in feature selection step, i.e., scikit-learn’s SelectFromModel, in order to simultane-
ously identify the most important features informative for cleavage activity prediction and
train a ML model which predicts cleavage activities. We then evaluate the ML model’s
ability to predict cleavage activities for unseen 3D protein nanoenvironments (associated
with guide-target pairs) in the test set. Our results indicate that the trained model suc-
cessfully captures the relationship between 3D protein nanoenvironments and cleavage
activities for the studied sgRNA-TS pairs. In particular, the trained model is capable of
predicting experimental cleavage activities with an accuracy of 0.819 Spearman and 0.916
Pearson correlation coefficients. While this delivers a high level of accuracy, the current
model presented in our study was only trained on a small subset of experimentally available
sgRNA-TS pairs. Another limitation of our approach is that the activity prediction of any
unseen sgRNA-TS pair would require performing a new molecular dynamics trajectory.
Therefore, the current model is not expected to replace existing high-throughput methods
aiming at predicting off-target cleavage activity at the genomic scale for any sgRNA-TS
pair.

However, the advantage of our method consists in leveraging often neglected factors
such as features related to Cas9 residues influencing off-target activity. These features are
descriptors characterising a particular residue. We found that the parent descriptor classes
in order of decreasing SHAP importance are: density, side chain orientation, accessibility,
weighted contact number, entropy density, electrostatic potential, sponge, cross presence
order, contact energy density, graph descriptor, and solvation. Our analysis also identifies
the most significant residue hotspots 136/164/317/402/408/411/415, 730/732-734, 837-
839 and 1016-1017 responsible for modulating cleavage activity for the studied sgRNA-TS
pairs. Our study highlights the importance of more general characteristics than mere
residue identity. The most important residues identified in this work are in fact carriers
of important characteristics rather than pure amino acid properties. Furthermore, we
found that general determinants of internal protein packing is of fundamental importance
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and this is obvious from the presence of descriptors such as density, sponge and weighted
contact number. In addition, general geometry (accessibility), physico-chemical features
(electrostatic potential) and finally the evolutionary preservation of sequences (entropy
density) are pertinent and crucial for the determination of cleavage activity for the studied
sgRNA-TS. Further studies are needed in order to establish whether our findings still apply
for any sgRNA-TS pair such as ones containing multiple PAM-distal or PAM-proximal
mismatches and for any sgRNA. While these investigations are not in the scope of our
current proof-of-concept study, the agreement with experimental findings are encouraging.

The identity of residues in some of the residue hotspots is in concordance with recent
experimental findings. For example, residue 837 has been hypothesised to aid in the posi-
tioning of the target DNA relative to the HNH domain [259] and to function as a catalytic
residue [260, 261], although the latter hypothesis has been questioned by more recent find-
ings [259]. Along with 837, residues 838 and 839 are of known importance as parts of the
catalytically active site of the HNH domain, coordinating the metal ions [262, 259]. In-
deed, the mutation D839A was shown to compromise gene editing activity in site-directed
mutagenesis experiments [259]. Proximal to 402 and 408, residue 406 is part of the nega-
tive pocket of the REC-I domain which is instrumental in RNA recruitment [41]. Residues
1016 and 1017, together with residues 1010 and 1025 detected by STING CRISPR, are
part of a RuvC loop which was shown to only stabilize PAM-distal mismatches in the
heteroduplex rather than activate on-target interfaces [39]. In addition to these residues,
our analysis characterises Cas9 residues 268, 908, 919 and 1122 as important residues.
Interestingly, residues 908 and 919 are part of the L2 loop, which interacts with the NTS
in order to dock HNH to the TS, i.e., activate the HNH domain [40], and reposition the
NTS in the RuvC cleavage site [39]. Residue 908 also interacts with the unwound DNA
in cases of multiple PAM-distal mismatches, thereby hampering HNH cleavage activation
[263], though 908 is not shown to interact with the PAM-distal region in the 672 PDB
snapshots. Residue 268 detected by STING CRISPR is next to residues 267 and 269, both
of which were shown to form contact with target strand that kink the NTS [264]

The approach we took in this paper would be also capable of predicting the effect
of certain residue mutations on cleavage activity for sgRNA-TS pairs including, but not
limited to, the ones covered by this work. Such an approach would be similar to Similar to
Venanzi et al. [265]’s approach in using MD simulation-derived features for enyzme variant
activity prediction. In fact, the present model is already fully functional in this regard since
it has learned the relationship between the protein 3D nanoenvironments of guide-target
pairs and cleavage activities and is, therefore, capable of making a prediction of cleavage
activity based on the protein 3D nanoenvironment of a guide-target pair irrespective of
‘how the protein 3D nanoenvironment is realized’. Therefore our trained model already
has the ability (by construction) to predict the effect of any Cas9 residue mutation on (off-
)target cleavage activity provided that the protein 3D nanoenvironment of corresponding
guide-target pair is computed consistently via molecular dynamics. This later task can
be automated following the same steps outlined in Fig. 3.2 but using the initial systems
in which Cas9 has the desired residue mutations. While the aim of the paper was not
to predict the effect of residue mutations on (off-) target cleavage activity, our proposed
approach also offers a possible computational solution to tackle this important and very
timely problem. This type of computational approach would pave the way for in silico
design of optimal 3D protein nanoenvironments of desired guide-target pairs (representing
optimal combination of mutations of Cas9) that would maximise on-target activity and
minimise off-target effects.

The current limitations of our approach include the necessity of performing a molecular
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dynamics trajectory in order to generate the protein 3D nanoenvironment for a given
sgRNA-TS pair. Therefore, our approach is not expected to compete with the currently
available state-of-the-art methods [56, 52, 60, 167, 198, 258] for predicting off-target
activity for any sgRNA-TS pair. To mitigate this limitation, future work could consider
the use of alternative cheaper ways, e.g., AlphaFold 3 [266], for generating CRISPR-Cas9
complex conformational ensembles and hence protein 3D nanoenvironments for sgRNA-TS
pairs.

3.4.4 Limitations

The 23 Cas9 residues found in this study are important only for the 28 “studied sgRNA-TS
pairs”, rather than for all possible SpCas9 guide-target interfaces. While the 28 sgRNA-TS
pairs are all annotated with experimental (off-)target cleavage activities measured in Jone
Jr et al. [156], we acknowledge that data from further experimental biochemical assays
could help to (in)validate the 23 Cas9 residues identified in STING CRISPR, thus allowing
one to assess the extent to which STING CRISPR is able to identify Cas9 residues which
significantly modulate cleavage activity (e.g., via Precision/Recall scores). For example,
one could perform alanine scanning at the 23 Cas9 residues for all 28 studied sgRNA-TS
pairs and measure experimental cleavage activities for the 23*28 combinations. However,
such an experiment is beyond the scope of this study.

Nonetheless, in the previous subsection, we have been able to relate 8 of the 23 Cas9
residues to the existing literature, which highlight the importance of these 8 residues.
Furthermore, the assessment of Cas9 residue importance in cleavage activity via ML model
interpretation is unprecedented. Based on the above two statements, we believe that this
provides sufficient evidence for STING CRISPR to lay the foundations for a new type of
interpretable ML models which account for the ways in which Cas9 residues affect cleavage
activity.

We also tried withholding snapshots from entire sgRNA-target pair trajectories instead
of the last four snapshots, as holding out sgRNA-target pairs would serve as a better test for
evaluating the ML model’s ability to generalize to unseen sgRNA-target pairs. However,
the test performance varies across the five folds in 5-fold cross validation when a variety
of ML models without feature selection (linear regression, ridge regression, XGBoost,
extra trees and LightGBM) are used (see Figure 3.9). Examining the distribution of
test squared errors per sgRNA-target pair in the LightGBM model, we observe variance
in predicted activities within a sgRNA-target pair MD trajectory, indicating variability
between snapshots within the trajectory (see Figure 3.10).

Regarding model performance in Figure 3.9, we acknowledge that all ML models fail
to generalize in fold 1. This is likely because the data used for ML model training does
not contain sgRNA-target mismatch interfaces which cover all base pair positions and
mismatch types. This issue could easily be resolved by including trajectories of guide-
target interfaces with multiple mismatches in the ML dataset. In particular, one would
ensure that all heteroduplex base pair positions are covered in the training set while
making sure that there are no overlapping guide-target interfaces between the training
and test sets (to avoid data leakage). Nonetheless, such a proposal is beyond the scope of
this study due to computational resources.
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3.5 Conclusions

Research efforts and applications using CRISPR-Cas9-based genome engineering have
been increasing since the discovery of the CRISPR-Cas9-based “genetic scissors”, which
has transformed industrial biotechnology and modern agriculture. CRISPR-Cas9-based
genome engineering shows great promise for curing diseases with an unparalleled effi-
ciency that would have been inconceivable at the beginning of the century. However, its
ability to transform medicine strongly relies on the understanding of possible side effects
caused by the off-target activity of the CRISPR-Cas9 gene editing system. This research
challenge catalyzed tremendous efforts in both experimental and computational sciences.
As a result, the most successful computational models, which are based on deep neural
networks or biological fingerprinting, managed to deliver accurate results in the activity
classification of guide-target sequence pairs but interpreting these models does not deliver
information on the importance of Cas9 residues in modulating cleavage activity. Therefore,
building accurate and explainable models that facilitate the design of CRISPR-Cas9-based
gene editing experiments is among the greatest challenges of present-day computational
biology.

The present work is one step forward towards meeting this challenge and introduces a
reformulation of the learning task for CRISPR-Cas9 off-target cleavage activity prediction
with the ultimate goal of building explainable machine learning models capable of pre-
dicting CRISPR-Cas9 off-target cleavage activity with high accuracy. The contributions
of this work are the following:

1. Successfully deriving a novel and powerful “physico-chemical and structural” information-
enriched representation for guide-target sequence pairs consisting of 30 features (cap-
turing the protein 3D nanoenvironment of the guide-target pair);

2. Training a machine learning model to learn the relationship between the said repre-
sentation and the off-target cleavage activity; and

3. Shedding light on the structural and physico-chemical determinants of CRISPR-
Cas9 off-target cleavage activity and identifying the most important residues, whose
structural and physico-chemical descriptors modulate (off-)target activity for the
studied sgRNA-TS pairs, by interpreting the successful machine learning predictions.

For the first time, our machine learning model STING CRISPR is also capable of predict-
ing the effect of CRISPR-Cas9 residue mutations on off-target cleavage activity, paving
the way for further exploration and discoveries.



Chapter 4

DeepEmbCas9: Cas9 coevolution
and sgRNA structural information
for CRISPR-Cas9 cleavage
activity prediction

This chapter has been preprinted on bioRxiv with the citation Mak, J. K., & Minary, P.
(2025). DeepEmbCas9: Cas9 coevolution and sgRNA structural information for CRISPR-
Cas9 cleavage activity prediction. Cold Spring Harbor Laboratory. https: // doi. org/

10. 1101/ 2025. 10. 08. 681228 .

4.1 Introduction

STING CRISPR [267] tried to addresses this by predicting SpCas9 cleavage activity
from molecular dynamics (MD)-derived residue-level physicochemical/structural descrip-
tors for 27 SpCas9 spacer-target interfaces. However, the approach taken for developing
STING CRISPR cannot be scaled to full SpCas9 cleavage activity datasets containing
hundreds of thousands of guide-target pairs used for developing DL-based Cas9 cleav-
age activity tools, as the approach would require computationally expensive all-atom MD
simulations to be run for every guide-target pair in the dataset to generate the residue-
level physicochemical/structural descriptors needed for training STING CRISPR. Uni-
deepSG [268] is a DL model trained on SpCas9, eSpCas9(1.1) and SpCas9-HF1, but in-
directly captures differences between SpCas9 nucleases in two non-trivial dataset-trained
parameters. As part of machine learning-assisted directed evolution (MLDE) for Cas9 nu-
cleases, Thean et al. [269] trained Cas9-activity ML models for multiple SpCas9 or SaCas9-
KKH guide-target interface using protein embeddings from Georgiev et al. [270] and Bepler
et al. [271], despite these models not being able to generalize to unseen guide-target inter-
faces. Indirectly related to spacer-target cleavage activity prediction, PAMmla [157] takes
a 4nt PAM sequence and a one-hot encoding of 6 PAM-interacting residues and returns
the cleavage rate for the specified SpCas9 variant and PAM. Similarly, CICERO [272]
leverages ESM2 embeddings for Cas9 protein PAM prediction. Riding the recent success
of protein language models (pLM) [273, 274, 275, 276, 277, 278], PLM-CRISPR [179]
leverages ESM2 [279] embeddings and DL for SpCas9 variant cleavage activity prediction,
but is only limited to NGG PAM on-target interfaces and 7 increased-fidelity SpCas9
variants. Though not related to activity prediction, pLM and genomic language models
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Figure 4.1: Overview of DeepEmbCas9. All components of the CRISPR-Cas9 complex
are featurized and fed as input to DeepEmbCas9. DeepEmbCas9, a biophysically inspired
neural network, was developed using a dataset with 1.75 million datapoints spanning 40
Cas9 variants and 16 gRNA scaffolds. Ensembling of neural networks with and without
mean-variance estimation yields DeepEnsEmbCas9 and DeepEnsEmbCas9 naive.

(gLM) have also been used for CRISPR-Cas protein classification [280] and de novo Cas9
protein design [281, 282, 277]. The field has also seen tools, e.g., CCLMoff [283], which
use RNA language model (rLM, i.e., RNA foundation models) embeddings [284, 285] for
SpCas9 cleavage activity prediction.

In light of the above, we introduce a family of 4 DeepEmbCas9 models — the first
set of DL models to featurize all three components (sgRNA, DNA, Cas9) in the CRISPR-
Cas9 complex. DeepEmbCas9 models introduce a new guide-target encoding scheme that
enables the unification of indel frequency data from various Cas9 orthologs and their
variants. The latter enables us to curate the largest guide-target lentiviral library-based
CRISPR-Cas9 indel frequency dataset, which has over 1.75 million datapoints spanning
40 Cas9 variants and 16 gRNA scaffolds, and to use this dataset for the training and
benchmarking of DeepEmbCas9 models. It also makes DeepEmbCas9 models applicable
to more Cas9 variants compared to PLM CRISPR. In terms of neural network architec-
ture, DeepEmbCas9 models use inductive biases informed by Cas9’s biophysical mecha-
nism, where early fusions of sgRNA/target DNA-related and Cas9/PAM-related features
in the architecture are inspired by sgRNA-target DNA and Cas9-PAM interactions in
the CRISPR-Cas9 complex, respectively. The use of concatenated region-wise pLM mean
embeddings for encoding Cas9 variants (further referred to as Cas9 pLM embeddings
onwards) enable DeepEmbCas9 models to parallel STING CRISPR’s ability to assess the
impact of Cas9 domains on activity. Analogously, concatenated region-wise rLM mean em-
beddings for encoding sgRNAs (further referred to as sgRNA rLM embeddings) enables
one to assess the impact of various parts of the sgRNA (scaffold) on activity. Compared
to PLM-CRISPR, DeepEnsEmbCas9 naive – the flagship model among the four models
— has comparable test performance when benchmarked against existing single-variant
deep learning-based indel frequency prediction tools in both the in-distribution and leave-
one-nuclease-out extrapolation settings. Equipped with deep ensembles of mean-variance
estimators, DeepEnsEmbCas9 captures both aleatoric and epistemic uncertainty, yield-
ing calibrated uncertainties and good test performance. SHAP importance analysis on
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DeepEmbCas9 emphasizes on the importance of CRISPR-Cas9 PAM binding on cleavage
activity prediction. Comparing between 39 nuclease pairs, DeepEmbCas9 is seen to re-
gard Linker and PLL-WED-PI domains as being important for nuclease pairs containing
increased-fidelity and PAM-altering mutations, respectively. Taken together, DeepEmb-
Cas9 models form the first step towards a general CRISPR-Cas9 activity model capable
of making accurate prediction for any Cas9 variant available in the literature.

4.2 Methods

Since different studies use different nuclear localization signals (NLS), we distinguish be-
tween nucleases and variants, where nucleases refer to the Cas9 domains, and variants
refer to the Cas9 domains together with the NLS, FLAG and P2A components. For
convenience, the term “variants” also include wild-type nucleases.

4.2.1 Dataset construction

Study Published tools Cas9 variants gRNA scaffolds
No. of unique datapoints

(% mismatched)

Kim, Kim et al. (2019) [5] DeepSpCas9 SpCas9 SpCas9 scaffold 1 13,359 (72.89%)

Wang et al. (2019) [4] DeepHF SpCas9, eSpCas9(1.1), SpCas9-HF1 SpCas9 scaffold 1 (5T) 171,109 (0%)

Kim et al. (2020) [6] DeepxCas9, DeepSpCas9-NG SpCas9, xCas9, SpCas9-NG SpCas9 scaffold 1 88,786 (19.04%)

Kim, Kim et al. (2020) [7] DeepSpCas9variants HypaCas9, Sniper-Cas9, SpCas9-HF1, SpCas9 scaffold 2 318,136 (51.76%)
SpCas9, eSpCas9(1.1), evoCas9,

xCas9, SpCas9-NG, VRQR,
QQR1, VQR, VRER, VRQR-HF1

Seo et al. (2023) [8] DeepSmallCas9 SpCas9, SpCas9 scaffold 2, 713,163 (73.56%)
SaCas9, SaCas9*, SaCas9-KKH, SaCas9 scaffolds 1-3,

SaCas9-HF, SaCas9-KKH-HF, eSaCas9,
efSaCas9, SauriCas9, SauriCas9-KKH,

SlugCas9, SlugCas9-HF,
Sa-SlugCas9, sRGN3.1

CjCas9, enCjCas9, CjCas9 scaffolds 1-2,
Nm1Cas9, Nm2Cas9, NmCas9 scaffolds 1-3,

St1Cas9, St1Cas9 scaffolds 1-5

Kim, Kim, Okafor et al. (2023) [10] DeepSniper Sniper-Cas9, Sniper2P, Sniper2L SpCas9 scaffold 1 127,034 (51.80%)

Kim, Choi et al. (2024) [9] DeepCas9variants SpRY, Sc++, SpCas9-NRCH, SpCas9 scaffold 2 205,358 (59.04%)
SpCas9-NRRH, SpCas9-NRTH,

SpG, SpCas9, SpCas9-NG,
VRQR, xCas9

Kim, Kim et al. (2020) [7] DeepSpCas9variants, SpCas9-NG, SpCas9, VRQR, xCas9 SpCas9 scaffold 2 109,741 (56.06%)
and Kim, Choi et al. (2024) [9] DeepCas9variants

Total 8 tools 40 Cas9 variants 16 gRNA scaffolds 1,746,686 (55.22%)

Table 4.1: List of studies used for curating the Cas9 variant indel frequency dataset
consisting of 1.75 million points spanning 40 Cas9 variants and 16 gRNA scaffolds, in
addition to corresponding tools used as baselines for this study. Indel frequencies were
aggregated across studies such that a datapoint is uniquely identified by its spacer, target,
gRNA scaffold, Cas9 variant, number of days post-transduction/transfection, and use of
tRNAGln preprocessing. Numbers enclosed within parentheses in the last column indicate
the percentage of unique datapoints which contain spacer-target mismatches, either as a
mismatched 5’ guanine or mismatches elsewhere in the heteroduplex.

To build a CRISPR-Cas9 activity prediction tool spanning multiple Cas9 variants and
gRNA scaffolds, we built a dataset by combining high-throughput guide-target lentiviral
library-based indel frequency data from 6 studies [4, 5, 6, 7, 8, 10] (see Table 4.1). A list
of column descriptions for the dataset can be found in Table C.1, noting that the primary
keys of the dataset are “Spacer sequence”, “Target context sequence”, “Variant”, “gRNA
scaffold”, “Day” and “tRNA feature”, the tuple of which forms a unique experimental con-
figuration. Frequency counts on the number of mismatches among guide-target interfaces
in the dataset can be found in Table C.2. The names of the gRNA scaffold in the dataset
are identical to those used in Seo et al. [8], apart from naming of SpCas9 gRNA scaffolds,
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where “SpCas9 scaffold 1” is the standard unoptimized scaffold with a 6nt poly(U) tail,
“SpCas9 scaffold 1 (5T)” is the standard unoptimized scaffold with a 5nt poly(U) tail,
and “SpCas9 scaffold 2” is the optimized scaffold described by Dang et al. [95]. To avoid
over-representation of experimental configurations with multiple indel frequency measure-
ments within a study and/or across studies, e.g., due to biological replicates, we average
indel frequencies within each study and across the whole dataset to build per-study and
cross-study ML-ready labels with values ranging up to 100%. Experimental indel frequen-
cies from Wang et al. [4] were also scaled up 100× to match the indel frequency ranges
used in the other studies.

Cas9 and guide RNA (gRNA) scaffold sequences were also curated as part of the
dataset. The 16 gRNA scaffold sequences were derived from sequences in Supplementary
Table 9 of Seo et al. [8], noting that Wang et al. [4] uses “SpCas9 scaffold 1 (5T)”. Protein
and codon sequences of the 40 Cas9 variants (including the nuclear localization sequence,
FLAG tag and P2A peptide) were obtained from Addgene and supplementary files of the
original studies (additional details available in Appendix 4.2.1 “Dataset construction”).

4.2.2 Input feature encodings

The dataset was preprocessed in order to construct deep learning-ready data represen-
tations of components in the guide-target-Cas9 variant R-loop complex (Figure C.4A).
Illustrated in Figures 4.2A and C.4B, a one-hot representation of the spacer and target
context sequence was built by stacking of one-hot encodings of the padded spacer and
target context sequences, where the padded sequences were constructed by flanking the
raw spacer and target context sequences with padding (gray), represented by the letter
‘N’ in both sequences, such that:

• both padded sequences have length 42;

• heteroduplex nucleotides in both padded sequences are positionally aligned; and

• the PAM sequence starts at the 28th nucleotide in the padded target context se-
quence.

In the one-hot encoding, ‘N’ maps to the zero vector, i.e., ‘N’ becomes zero-padding.
Values in the “tRNA feature” and “Day” dataset columns are stored as a binary value
and a real number, respectively, where a visual depiction of tRNAGln preprocessing is
shown in Figure 4.2B.

Similar to Seo et al. [8], melting DNA temperatures, RNA minimum free energy (MFE)
and GC counts were calculated for all guide-target interface in the dataset. Tm NN with de-
fault parameters from Biopython’s Bio.SeqUtils package [247] (https://biopython.org/
docs/dev/api/Bio.SeqUtils.html) was used for computing DNA melting temperatures
for 39 subsequences of the target context sequence, namely those with zero-indexed ranges
[0, 5), [5, 14), [14, 20), [20, 27), [0, 7), [7, 18), [18, 22), [22, 27), [0, 3), [3, 10), [10, 17),
[17, 27), [0, 4), [4, 12), [12, 19), [19, 27), [4, 11), [11, 17), [0, 6), [6, 15) and [15, 20) for the
5’ upstream and protospacer parts of the target context sequence, and [27, 30), [30, 33),
[27, 34), [34, 36), [27, 36), [36, 38), [27, 34), [34, 37), [27, 33), [33, 36), [27, 35), [35, 38),
[27, 33), [33, 38), [27, 31), [31, 34), [27, 30) and [30, 38) for the PAM and 3’ downstream
parts of the target context sequence. DNA melting temperatures for ‘N’-containing subse-
quences were handled by replacing ‘N’ with ‘G’ (i.e., guanine) prior to MFE calculations.
ViennaRNA’s Python API [286] was used for calculating the minimum free energy (MFE)
of the spacer and sgRNA (spacer + scaffold) sequences, with T replaced with U before

https://biopython.org/docs/dev/api/Bio.SeqUtils.html
https://biopython.org/docs/dev/api/Bio.SeqUtils.html
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MFE calculations. Bio.SeqUtils’s gc fraction was used for calculating GC counts of the
spacer and protospacer sequences.
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Figure 4.2: Conceptual overview of DeepEmbCas9 (A), and featurization of the full
CRISPR-Cas9 complex (B-G). (B) Unified guide-target interface (top) with an example
matched SpCas9 interface (middle) and its one-hot encoding (bottom). (C) Formation of
perfectly matching N20 sgRNAs, i.e., sgRNAs with a 20nt spacer sequence, via tRNAGln-
N20 preprocessing (for SpCas9 variants only). (D) The four sgRNA regions used in this
study, namely the spacer (light green), repeat-antirepeat loop (green), tracrRNA excluding
the antirepeat sequence (dark green) and poly(U) tail (black). (E) concatenated region-
wise rLM mean embeddings for encoding sgRNA (sgRNA rLM embedding) are formed
by passing sgRNA sequences to RNA language models (rLMs), averaging per-nucleotide
embeddings in the sgRNA regions, and concatenation of the averaged embeddings in the
feature dimension. (F) Protein regions (color-coded) used for constructing the concate-
nated region-wise pLM mean embeddings for encoding Cas9 variants (Cas9 pLM embed-
ding). These include regions within a Cas9 variant (top, of length N), as well as nuclear
localization signals (NLS, sky blue), FLAG-tag (FLAG, light purple), self-cleaving P2A
peptide (neon green) and other inter-region residues (black text and lines), as seen in the
NLS-Cas9-NLS-FLAG-P2A (middle) and Cas9-NLS-FLAG-P2A (bottom) sequences. (G)
Cas9 pLM embeddings are formed by passing Cas9 sequences to protein language models
(pLMs), averaging per-residue embeddings in the Cas9 regions, and concatenation of the
averaged embeddings in the feature dimension. Inter-region residues are pooled into the
“Other” region in black.

4.2.3 sgRNA regions

We define 4 non-overlapping sgRNA regions to structurally align the 16 gRNA scaffolds
considered in this study (Figure 4.2D). The four regions are

• spacer sequence;

• repeat-antirepeat loop, consisting of the CRISPR RNA (crRNA) repeat sequence,
GAAA tetraloop and trans-activating crRNA (tracrRNA) antirepeat sequence;

• tracrRNA with the antirepeat excluded; and
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• poly(U) tail, typically the last 5-7 ribonucleotides in the sgRNA,

Boundaries delineating the regions for the gRNA scaffolds were determined via manual
inspection (see Table C.3 for sgRNA region lengths for each gRNA scaffold).

4.2.4 sgRNA rLM embeddings

From sgRNA sequences in the dataset, per-nucleotide rLM embeddings were generated
from RNA-FM [284], RiNALMo [287], BEACON-B [285] and BEACON-B512 [285] using
a 32GB V100 NVIDIA GPU. Since genomic language models potentially encode RNA-
related information, per-nucleotide genomic language model embeddings were generated
from evo-1-8k [282] using a 40GB A100 NVIDIA GPU. rLM/gLM embeddings were then
converted into sgRNA rLM embeddings by averaging (ribo)nucleotide embeddings within
each sgRNA region, followed by concatenation of the sgRNA region embeddings in the
feature dimension (Figure 4.2D).

4.2.5 Cas9 regions

We use Cas9 regions, i.e., contiguous protein segments in the Cas9 nuclease, to struc-
turally align the 40 Cas9 variants (Figures 4.2E top and C.3B). The term “region” is used
to distinguish from “domain”, which is defined as one or more noncontiguous protein seg-
ments. To clarify, “REC-insert” (Figure C.3, beige-colored) denotes the domain inserted
into the REC1 domain, i.e., Wing in St1Cas9, and REC2 domains in SpCas9 and ScCas9
variants. “REC1-A” denotes the first REC domain in the Cas9 nuclease, i.e., REC1-A in
SpCas9, St1Cas9 and ScCas9 variants, REC1 in Nm1Cas9 and Nm2Cas9, and REC in the
other small Cas9 variants. Boundaries delineating Cas9 regions for the 40 Cas9 variants
were gathered from literature and predicted from multiple sequence alignment (MSA) of
wild-type Cas9 nucleases. Specifically,

• SpCas9 regions were obtained from Huai et al. [261], with the additional REC3-linker
loop boundary at residue 712 from Jiang et al. [38];

• SaCas9* and SaCas9 regions were obtained from Nishimasu et al. [115], with SaCas9
having inserted glycine at position 2 (the same applies for other SaCas9 variants);

• St1Cas9 regions were obtained from Zhang et al. [111];

• SlugCas9, SauriCas9, Sa-SlugCas9 regions were obtained from Hu et al. [91];

• CjCas9 regions were obtained from Yamada et al. [121]; and

• Nm1Cas9 and Nm2Cas9 regions were obtained from Sun et al. [288].

Region boundaries with unknown positions were predicted through MSA of Cas9 nucleases,
followed by projection of the region boundary from a similar nuclease to the target nucle-
ase via the MSA. Specifically, we built an MSA consisting of SpCas9, SaCas9*, SaCas9,
St1Cas9, sRGN3.1, SlugCas9, SauriCas9, Sa-SlugCas9, CjCas9, Nm1Cas9, Nm2Cas9, Sc-
Cas9 and 8313 other type II CRISPR RNA-guided endonuclease Cas9 of length > 800
from UniRef100 [289] using Clustal Omega [290, 291] program. Using the MSA, we pro-
jected SpCas9’s WED start position to St1Cas9, Nm1Cas9 and Nm2Cas9, which resulted
in predicted WED start site positions at 831, 851, and 850, respectively. ScCas9’s re-
gion boundaries were generated by using the same MSA and projecting all SpCas9 region
boundaries to ScCas9. sRGN3.1’s region boundaries were generated by aligning ShyCas9,
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SmiCas9, SpaCas9, SlugCas9 and sRGN3.1 via Clustal Omega, followed by projection all
SlugCas9 region boundaries to sRGN3.1. The resulting sets of Cas9 region boundaries
are visualized in Figure C.3, noting that Cas9 variants sharing the same base nuclease (as
indicated in Table C.4) share the same region boundaries.

In addition to the contiguous Cas9 regions, we devised four non-contiguous regions —
NLS, FLAG, P2A and Other — to account for Cas9 nuclease-flanking residues which are
part of the nuclear localization signal (sky blue), FLAG tag (light purple), P2A peptide
(neon green) and other residues not part of the aforementioned regions (black horizon-
tal lines and “MA” text at the N-terminal of NLS-Cas9-NLS-FLAG-P2A), respectively
(Figure 4.2E middle and bottom). More concretely, NLS covers the nucleoplasmin NLS
and two SV40 NLS sequences in Cas9-NLS-FLAG-P2A and NLS-Cas9-NLS-FLAG-P2A,
repectively.

4.2.6 Cas9 pLM embeddings

From the 40 Cas9 sequences in the dataset, per-residue pLM embeddings for each sequence
were generated from ProtT5 (specifically Rostlab/prot t5 xl half uniref50-enc) [275], Ankh-
large [276], ESM3-1.4B [274, 273], ESM-C-300M [278, 273], ESM-C-600M [278, 273], ESM-
C-6B [278, 273] using a 16GB V100 NVIDIA GPU (Figure 4.2F). Since genomic language
models (gLM) potentially encode protein-related information, per-nucleotide genomic lan-
guage model embeddings were also generated from gLM2 650M [292] for codon sequences
corresponding to the 40 Cas9 variants. pLM/gLM embeddings were then processed into
Cas9 pLM embbedings by averaging residue/nucleotide embeddings within each Cas9 re-
gion, followed by concatenation of the Cas9 region embeddings in the feature dimension.
We did not use ESM2 [279] to generate Cas9 pLM embeddings, as the length of SpCas9
exceeds ESM2’s context window size of 1024 (i.e., maximum amino acid sequence length
of 1022).

4.2.7 Neural network architecture and training

DeepEmbCas9 is a deep learning model that predicts the indel frequency for a given
sgRNA, target context sequence, Cas9 variant with known structural domain annota-
tions, and time since transfection/transduction of the sgRNA and Cas9 plasmids. Deep-
EmbCas9’s neural network architecture and relevant hyperparameters are detailed in Fig-
ure 4.3. To build DeepEmbCas9, we reused design ideas from existing deep learning-based
CRISPR-Cas9 activity prediction models. Notably,

• design of the guide-target branch (consisting of convolutional and bidirectional long
short-term memory (biLSTM) layers) and Cas9-PAM branch was inspired by the
sequence and epigenetic arms from crispAI [293], respectively;

• element-wise multiplication operation between the “tRNAGln preprocessing” and
spacer-target embeddings for feature fusion was adopted from DeepSpCas9variants [7];
and

• concatenation of the guide embedding, target embedding, DNA melting temperature
features, GC counts, MFEs and mismatch encodings before the fully connected layers
was adopted from DeepSmallCas9 [8].

As PAM recognition and binding by Cas9 are required for R-loop formation and double
strand DNA cleavage [38], we used separate feature extractors for nucleotides upstream of
the PAM (including heteroduplex nucleotides) and nucleotides within or downstream of the
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Figure 4.3: DeepEmbCas9’s neural network architecture. DeepEmbCas9 mainly con-
sists of a spacer-target branch (left side) and a Cas9-PAM branch (right side). The
sgRNA’s rLM embedding (green), tRNAGln preprocessing feature (cornflower blue), and
BioSeq/ViennaRNA-derived RNA/DNA melting temperature (Tm)/GC count/minimum
free energy (MFE) features (brown) are integrated into the spacer-target branch, whereas
the Cas9 variant’s pLM embedding (orange) is integrated into the PAM branch. The Day
feature (purple) is integrated later in the neural network via the rightmost branch. Differ-
ent branches in the neural network are fused together via concatenations and dense layers.
Dotted arrows indicate the preprocessing steps used for generating DeepEmbCas9’s input
feature matrices/tensors. Conv1d(x → y, z) denotes a 1D convolutional layer with x in-
put channels, y output channels, z kernel size and same padding, whereas Dense(x → y)
denotes a fully connected layer with x input and y output nodes. Blue circle with + and
× denotes tensor concatenation and element-wise multiplication, respectively. N denotes
the number of datapoints used in a forward pass through DeepEmbCas9.

PAM into two separate neural network arms, respectively, with the Cas9 pLM embedding
as input in the Cas9-PAM branch. We also chose to integrate the “Day” feature in the
later layers of the fully connected layers, as the feature is unrelated to the CRISPR-Cas9
complex.

DeepEmbCas9 was implemented in PyTorch [143] and PyTorch Lightning [142]. To
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train DeepEmbCas9, we used mean squared error (MSE) as the loss objective, Adam [138]
with learning rate 1×10−3 as the optimizer and StepLR with gamma=0.1 and step size=1

as the learning rate scheduler. To avoid overfitting, EarlyStopping from PyTorch Light-
ning with default parameters was used, which halted training after no improved validation
loss for three consecutive epochs. The model weights for the training epoch with the lowest
validation loss is then saved. Default neural network weight initializations were used in
DeepEmbCas9. All DeepEmbCas9 models were trained on a single 16GB V100 NVIDIA
GPU for no more than 4 hours.

4.2.8 Benchmark comparisons

Benchmark activity prediction tools

We opt to use deep learning tools published in the six studies listed in Table 4.1 as
baselines. Specifically, DeepHF [4] is a set of 4 bidirectional LSTM models:

• DeepHF T7-SpCas9 and DeepHF SpCas9 predict SpCas9 activity;

• DeepHF eSpCas9(1.1) predict eSpCas9(1.1) activity; and

• DeepHF SpCas9-HF1 predict SpCas9-HF1 activity

for matched A/GN19 interfaces, i.e., spacer-target interfaces with a matched 5’ adenine
(AN19) or a matched 5’ guanine (GN19). DeepSpCas9 [5] is a convolutional neural network
(CNN) model which predicts SpCas9 activity for matched G/gN19, i.e., spacer-target
interfaces with a matched 5’ guanine (GN19) or mismatched 5’ guanine (gN19). Similar to
DeepSpCas9, DeepxCas9 and DeepSpCas9-NG [6] are CNN models which predict xCas9
and SpCas9-NG activity, respectively, for matched G/gN19 interfaces.

DeepSpCas9variant [7] is a set of 9 CNN models accepting matched G/gN19 and
tRNAGln-N20 interfaces, i.e., 20nt spacer-target interfaces with full base pair complemen-
tarity created using tRNAGln-N20 sgRNAs (see Figure 4.2C). In DeepSpCas9variant, each
model predicts activity for one of 9 SpCas9 variants: SpCas9, SpCas9-VRQR, SpCas9-
NG, xCas9, Sniper-Cas9, eSpCas9(1.1), SpCas9-HF1, HypaCas9 and evoCas9. DeepS-
mallCas9 [8] is a set of 17 CNN models accepting matched and mismatched (abbreviated
(mis)matched) spacer-target interfaces, where matched/mismatched refers to the 19 nu-
cleotides apart from the 5’ guanine. In DeepSmallCas9, each model predicts activity for
one of 17 small Cas9 nucleases/variants: sRGN3.1, SlugCas9, Sa-SlugCas9, SlugCas9-
HF, SauriCas9, SauriCas9-KKH, SaCas9, eSaCas9, efSaCas9, SaCas9-HF, SaCas9-KKH,
SaCas9-KKH-HF, St1Cas9, CjCas9, enCjCas9, Nm1Cas9 and Nm2Cas9. DeepSpCas9-
v2 [8] is similar to DeepSmallCas9, but predicts (mis)matched G/gN19 SpCas9 activity.

DeepCas9variants [9] is a collection of 9 CNN models accepting matched G/gN19 in-
terfaces, where each model predicts activity for one of 9 SpCas9/ScCas9 variants: SpCas9,
SpCas9-VRQR, SpCas9-NG, SpCas9-NRRH, SpCas9-NRTH, SpCas9-NRTH, SpG, SpRY
and Sc++. DeepSniper [10] is a collection of 4 tools which we name DS Sniper1 on,
DS Sniper2L on, DS Sniper1 off and DS Sniper1 off. Specifically, DS Sniper1 on and
DS Sniper2L on predict Sniper-Cas9 and Sniper2L activity for matched G/gN19 and tRNAGln-
N20 interfaces, respectively, and DS Sniper1 off and DS Sniper2L off predict Sniper-Cas9
and Sniper2L activity for mismatched G/gN19 interfaces, respectively. For ease of notation,
we use the abbreviation DS Sniper1 for the joint use of DS Sniper1 on and DS Sniper1 off
for predicting Sniper-Cas9 activity. Likewise, we use the abbreviation DS Sniper2L for
the joint use of DS Sniper2L on and DS Sniper2L off for predicting Sniper2L activity.



4.2. METHODS 82

To fairly compare between DeepEmbCas9 models and DeepSniper on datasets contain-
ing both matched and mismatched interfaces, we refer to DS Sniper1, which abbreviates
for using DS Sniper1 on when the input interface is matched, and using DS Sniper1 off
when the input interface is mismatched. Similarly, DS Sniper2L refers to the use of
DS Sniper2L on for matched interfaces and DS Sniper2L off for mismatched interfaces.

For notational convenience, we abbreviate DeepSpCas9variants, DeepCas9variants and
DeepSniper as DSpCv, DCv and DS, respectively in all figures in this chapter and Ap-
pendix C.

In-distribution performance

To enable fair performance comparisons between DeepEmbCas9 and existing published
cleavage activity prediction tools for CRISPR-Cas9 variants, we trained DeepEmbCas9
on train-valid-test splits compatible with such tools. To achieve this, we first obtained
test partitions used for evaluating DeepHF, DeepSpCas9, DeepxCas9, DeepSpCas9-NG,
DeepSpCas9variants, DeepSmallCas9, DeepCas9variants and DeepSniper from their re-
spective source studies [4, 5, 6, 7, 8, 9, 10]. Following GitHub code provided by Wang
et al. [4], we also used scikit-learn’s train test split [294] with random state=40 and
a 85%-15% train-test ratio to obtain the test partition data from Wang et al. To avoid
data leakage and overrepresentation of specific experimental configurations, experimental
configurations which have datapoints in both training and test partitions are relabelled to
be part of the training partition. These three steps resulted in two non-overlapping parti-
tions: a non-test partition of size 1582129 with 40 Cas9 variants and 16 gRNA scaffolds,
and a test partition of size 164557 with 39 Cas9 variants and 7 gRNA scaffolds. Notably,
the curated cross-study test set was a strict subset of the union of the test sets from the 6
source studies. We then randomly split the non-test partition into training and validation
partitions using a 80%-20% split.

DeepEmbCas9 was trained on the resulting training partition, with the validation
partition used for early stopping, where both partitions used the “Mean background sub-
tracted indel frequency (%)” label column. Once trained, DeepEmbCas9 was then eval-
uated on the test partition, which used labels from the “Mean background subtracted
indel frequency (source, %)”, using Spearman rank correlation and root mean squared
error (RMSE) as evaluation metrics. DeepEmbCas9-MVE, DeepEnsEmbCas9 naive and
DeepEnsEmbCas9 (see subsection “Uncertainty Quantification via Deep Ensembles”) were
evaluated in a similar way.

We used DeepHF, DeepSpCas9, DeepxCas9, DeepSpCas9-NG, DeepSpCas9variants,
DeepSmallCas9, DeepCas9variants and DeepSniper as baselines to compare with Deep-
EmbCas9 and DeepEnsEmbCas9. In short, each tool was evaluated on test sets sharing
the same nuclease and guide length as the tool (e.g., DeepSpCas9 was evaluated on all
test sets with matched G/gN19 SpCas9 interfaces) via Spearman correlation and RMSE.
In addition to the GitHub model provided in https://github.com/izhangcd/DeepHF,
DeepHF models retrained using the GitHub code provided were also used as baselines.

Leave-one-nuclease-out extrapolation

39 leave-one-nuclease-out train-test splits were formed by excluding test Cas9 nuclease
training data from the training partition. We then use the same procedures described
above to train the neural network, which we name DeepEmbCas9 omit to distinguish
from DeepEmbCas9. Existing tools sharing the same spacer length as the test nuclease
yet not trained on test nuclease data are used as baselines for DeepEmbCas9 omit. For

https://github.com/izhangcd/DeepHF
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example, DeepSniper is one of the baselines used for the DeepEmbCas9 omit variant which
excluded wild-type SpCas9 training data.

4.2.9 Model interpretation

We interpret DeepEmbCas9 using SHapley Additive exPlanations (SHAP) [146], an addi-
tive feature attribution method. Namely, SHAP values were approximated using DeepEx-
plainer and a background dataset consisting of 100 randomly sampled datapoints. Com-
puted SHAP values were then used for deriving SHAP importances for individual input

features, where the SHAP importance of the jth input feature given by Ij = 1
N

∑N
i=1 |ϕ

(i)
j |

for dataset size N and SHAP value ϕ
(i)
j attributed to the ith datapoint-jth feature pair.

Leveraging SHAP’s additivity property, we also computed SHAP importances for set of

input features (i.e., feature group) using the formula IJ = 1
N

∑N
i=1 |

∑
j∈J ϕ

(i)
j |, where J

denotes the set of input features.
To systematically analyze the different parts of the CRISPR-Cas9 complex, we com-

puted SHAP importances for CRISPR-Cas9 complex components. For fine resolution of
the components we considered the following 28 feature groups, namely spacer + spacer MFE

+ spacer GCcount, upstream + protospacer + protospacer Tm, PAM + downstream +

PAM downstream Tm, tRNA preprocessing, Day, spacer scaffold MFE and 22 Cas9 fea-
ture groups — one for each Cas9 region (see Table C.6 for a list of features and feature
counts for each feature group). For SHAP importance of Cas9 complex components in
coarse resolution we considered the following 6 feature groups:

• spacer one-hot encoding, spacer MFE, 1
2× sgRNA MFE, spacer GC count and spacer

region part of the sgRNA rLM embedding (labelled as “spacer”);

• target context sequence one-hot encoding, DNA melting temperatures features and
protospacer GC count (labelled as non-target strand “NTS”);

• Cas9 pLM embedding features for all Cas9 regions (labelled as “Cas9”);

• rLM embedding features for all regions excluding the spacer and 1
2× sgRNA MFE

(labelled as “gRNA”); and

• tRNAGln preprocessing (labelled as “tRNA preprocessing”),

where 1
2× sgRNA MFE denotes the fact that only half of sgRNA MFE’s SHAP value is

used in the SHAP importance calculation (Table C.7). As for SHAP importance analysis
for each component, in addition to importances for each Cas9 region and sgRNA region,
we computed the SHAP importance of each Cas9 domain, i.e.,

• RuvC, by grouping features from RuvC-I, RuvC-II and RuvC-III;

• REC1, by grouping features from REC1-A and REC1-B;

• Linker, by grouping features from the linker loop, L1 and L2;

• PLL-WED-PI, by grouping features from the PLL, WED and PI; and

• NLS-FLAG-P2A, by grouping features from NLS, FLAG, P2A and Other,

in addition to feature groups for BH, REC insert, REC2 and HNH. Since the spacer-target
interface plays a primary role in Cas9 cleavage activity prediction, we use heatmaps to
visualize the SHAP importance of guide-target positions and nucleotides.
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We also devised a framework for assessing the influence of input features on cleavage
activity change given specific Cas9 mutation(s). Specifically, given a base Cas9 nuclease
p1 and Cas9 nuclease p2, with p2 typically obtained by introducing residue mutations to

p1, we can attribute the difference ϕ
(i)
j,p1→p2

= ϕ
(i)
j,p2

−ϕ(i)j,p1
to the ith datapoint-jth feature

pair due to SHAP value’s additivity property. Note that summing the differences over all
features yields the activity change. Based on this, we can calculate the jth feature’s SHAP

importance in predicting activity change, given by Ij,p1→p2 = 1
N

∑N
i=1 |ϕ

(i)
j,p1→p2

|. SHAP

importances can be extended to groups via the formula IJ,p1→p2 = 1
N

∑N
i=1 |

∑
j∈J ϕ

(i)
j,p1→p2

|
for feature group J . We considered the following 39 pairs of Cas9 nucleases in the frame-
work, where A > B denotes the mutation from nuclease A to nuclease B: SpCas9 >
eSpCas9(1.1), SpCas9 > SpCas9-HF1, SpCas9 > evoCas9, SpCas9 > HypaCas9, SpCas9
> Sniper-Cas9, SpCas9 > xCas9, SpCas9 > VRQR-HF1, SpCas9 > QQR1, SpCas9 >
SpCas9-NG, SpCas9 > VQR, SpCas9 > VRER, SpCas9 > VRQR, SpCas9 > SpCas9-
NRCH, SpCas9 > SpCas9-NRRH, SpCas9 > SpCas9-NRTH, SpCas9 > SpG, SpCas9 >
SpRY, Sniper-Cas9 > Sniper2P, Sniper-Cas9 > Sniper2L, VQR > VRQR, VQR > VRER,
VRQR > SpG, SpG > SpRY, VRQR > SpRY, VRQR > VRQR-HF1, SpCas9-HF1 >
VRQR-HF1, NLS-SaCas9 > NLS-eSaCas9, NLS-SaCas9 > NLS-efSaCas9, NLS-SaCas9
> NLS-SaCas9-HF, NLS-SlugCas9 > NLS-SlugCas9-HF, NLS-CjCas9 > NLS-enCjCas9,
NLS-SaCas9 > NLS-SaCas9-KKH, NLS-SaCas9 > NLS-Sa-SlugCas9, NLS-SauriCas9 >
NLS-SauriCas9-KKH, NLS-SaCas9 > NLS-SaCas9-KKH-HF, NLS-SaCas9-HF > NLS-
SaCas9-KKH-HF, NLS-SaCas9-KKH > NLS-SaCas9-KKH-HF, NLS-SlugCas9 > NLS-
Sa-SlugCas9, and NLS-SlugCas9 > NLS-sRGN3.1.

4.2.10 Uncertainty quantification

We augmented DeepEmbCas9 with uncertainty estimates by using mean-variance estima-
tion [148] and/or deep ensembles [147]. Specifically, we built:

• DeepEmbCas9-MVE by training a single heteroscedastic DeepEmbCas9 model with
separate mean and variance-predicting stems (Figure C.5) and initialized with differ-
ent seeds using the Gaussian NLL loss objective. We apply softplus to the variance-
predicting stem’s output to ensure non-negativity of the predicted variance. We also
add 1 × 10−6 to the variance-predicting stem’s output and clip the global norm of
mini-batch gradients to ≤ 5 to maintain numerical stability during training.

• DeepEnsEmbCas9 naive by training 20 (homoscedastic) DeepEmbCas9 models ini-
tialized with different seeds using the MSE loss objective; and

• DeepEnsEmbCas9 by training 20 DeepEmbCas9-MVE models.

For DeepEmbCas9-MVE, the predicted mean and variance are given directly by its output
heads. For DeepEnsEmbCas9 naive, given point predictions {ŷi}20i=1 for input xi, the
predicted mean and variance is given by µnaive = M−1

∑M
i=1 ŷi and σ2naive = M−1

∑M
i=1(ŷi−

µnaive)
2, respectively. For DeepEnsEmbCas9, the predicted mean and variance is as defined

for deep ensembles [147].

4.2.11 Quantile calibration

We generated quantile calibration plots and calculated quantile calibration errors to assess
whether the predicted uncertaintes were quantile calibrated. Since quantile calibration was
assessed for each test set in the benchmark comparisons, we are technically assessing for
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group-conditioned quantile calibration, where groups are defined by a specific experimental
configuration. To achieve the above, we adopted Kuleshov et al.’s definition of quantile
calibration in the regression setting [149], namely that a ML model generating a predictive
distribution for datapoint i with label yi and cumulative distribution function (CDF)
Fi : R → [0, 1] (i.e., quantile function F−1

i ) is quantile calibrated if

∀p ∈ [0, 1] : lim
N→∞

1

N

N∑
i=1

1{yi ≤ F−1
i (p)} = p

withN as the dataset size. We estimate this by selecting confidence levels pj ∈ {0, 0.01, . . . , 1}
and plotting {(pj , p̂j)}101j=1 where p̂j = 1

N |{yi|Fi(yi) ≤ pj , i ∈ [N ]}| is the empirical fre-
quency. We also adopted Kuleshov et al.’s definition to confidence intervals (CI), i.e., a
ML model is calibrated if

∀p ∈ [0, 1] : lim
N→∞

1

N

N∑
i=1

1{F−1
i (0.5 − p

2
) ≤ yi ≤ F−1

i (0.5 +
p

2
)} = p

Similarly, we estimate this by selecting confidence intervals pj = 0, 0.01, . . . , 0.99, 1 and
plotting {(pj , p̂j)}101i=1 where p̂j = 1

N |{yi|0.5 − pj
2 ≤ Fi(yi) ≤ 0.5 +

pj
2 , i ∈ [N ]}| is the

CI-based empirical frequency.
We also follow Kuleshov et al.’s approach for computing the quantile calibration error,

given by

cal({(p̂j , pj)}101j=1) =
101∑
j=1

(p̂j − pj)
2

for the two calibration definitions defined above.

4.3 Results

4.3.1 Ranking of pLM-rLM embedding combinations

pLM (↓), rLM(→) RNA-FM BEACON-B512 BEACON-B evo-1-8k RiNALMo
Average pLM
performance

ESM-C-600M 0.901 ± 0.002 0.900 ± 0.002 0.903 ± 0.002 0.895 ± 0.003 0.899 ± 0.001 0.900 ± 0.003
ESM-C-300M 0.898 ± 0.002 0.896 ± 0.002 0.898 ± 0.001 0.896 ± 0.002 0.898 ± 0.002 0.897 ± 0.002

ESM-C-6B 0.898 ± 0.004 0.894 ± 0.002 0.899 ± 0.002 0.889 ± 0.004 0.896 ± 0.004 0.895 ± 0.005
ProtT5 0.895 ± 0.002 0.885 ± 0.006 0.890 ± 0.004 0.889 ± 0.003 0.894 ± 0.002 0.890 ± 0.005

Ankh-large 0.892 ± 0.002 0.886 ± 0.001 0.889 ± 0.004 0.889 ± 0.002 0.890 ± 0.003 0.889 ± 0.003
gLM2 650M 0.826 ± 0.003 0.823 ± 0.005 0.799 ± 0.064 0.820 ± 0.006 0.824 ± 0.007 0.818 ± 0.028

ESM3 0.828 ± 0.001 0.795 ± 0.065 0.799 ± 0.068 0.792 ± 0.070 0.752 ± 0.100 0.793 ± 0.068

Average rLM
performance

0.877 ± 0.032 0.868 ± 0.045 0.868 ± 0.055 0.867 ± 0.047 0.865 ± 0.063 N/A

Table 4.2: DeepEmbCas9’s performance on the validation sets during five-fold cross vali-
dation, with results sorted in descending order of averaged pLM and rLM performances.

To determine the best pLM-rLM combination for DeepEmbCas9, we assessed five-fold
cross validation Spearman correlations for the 30 pLM-rLM embedding combinations (Ta-
ble 4.2). ESM-C-600M with BEACON-B yielded the highest average Spearman correlation
of 0.903 ± 0.002. Averaging pLM-rLM performances for each of the 6 pLM embeddings,
we see that ESM-C embeddings ranked the best with ∼0.9 Spearman correlation, followed
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by ProtT5 and Ankh-large embeddings with ∼0.89 Spearman correlation. Combinations
with gLM2 650M and ESM3 embeddings yielded ∼0.8 Spearman correlation. Averaging
pLM-rLM performances for each of the 5 rLM embeddings, we see that the rLM embed-
dings perform similarly at 0.86−0.88 Spearman correlation, with RNA-FM ranked highest
at 0.877 ± 0.032.

4.3.2 In-distribution performance comparisons

DeepEnsEmbCas9 naive attains higher Spearman correlation than all individual activity
prediction tools on 18 out of 51 benchmark test sets (Figure 4.4, black bars), including
4 mismatched G/gN19 interfaces for SpCas9, Sniper-Cas9 and Sniper2L (Figures 4.4B
and 4.4G), 10 small Cas9 test sets (2 SlugCas9 variants, 2 SauriCas9 variants, 5 SaCas9
increased-fidelity variants and enCjCas9) from Seo et al. [8] (Figure 4.4I), and 4 other
test sets with matched SpCas9, xCas9 and SpCas9-NG interfaces (Figures 4.4A, C and
H). As for the remaining 33 test sets, DeepEnsEmbCas9 naive has an average Spearman
performance drop of 3.43 × 10−2 compared to the best-performing individual activity
prediction tools, with the test set containing matched A/GN19 SpCas9-HF1 interfaces
from Wang et al. [4] yielding the largest Spearman drop of 0.137 (DeepHF SpCas9-HF1’s
0.881 vs. DeepEnsEmbCas9 naive’s 0.744). Among test sets which are outside of the
51 benchmark test sets and lack baselines, DeepEnsEmbCas9 naive attains 0.440-0.922
Spearman correlation in 9 out of 10 test sets (Figures C.10 rows 2-3, C.11, C.15, C.21
row 3, C.22 row 3 and C.23 row 3).

Analogous test performance comparisons for DeepEmbCas9, DeepEnsEmbCas9 and
DeepEmbCas9-MVE can be found in Appendix subsubsection C.2.1 “In-distribution per-
formance comparisons of DeepEmbCas9, DeepEnsEmbCas9 and DeepEmbCas9-MVE”.
Detailed Spearman correlation comparisons between DeepEmbCas9 and individual ac-
tivity prediction tools for each benchmark test set is provided in Appendix subsubsec-
tion C.2.1 “Detailed analysis of DeepEmbCas9’s in-distribution performance”.

4.3.3 Impact of deep ensembles on in-distribution performance

When considering averaged Spearman correlations across the 51 benchmark test sets,
DeepEnsEmbCas9 naive (0.834) attains slightly higher Spearman correlation compared to
DeepEmbCas9 (0.814). Likewise, DeepEnsEmbCas9 (0.817) attains slightly higher Spear-
man correlation compared to DeepEmbCas9-MVE (0.800). In sum, comparing among
the 4 DeepEmbCas9 models with and without mean variance estimation and/or ensem-
bling, DeepEnsEmbCas9 naive, DeepEnsEmbCas9, DeepEmbCas9-MVE attain the high-
est Spearman correlation in 39, 11 and 1 benchmark test set(s) with baselines out of the
51 in total, respectively (Figure 4.4). In particular, we observed the ranking DeepEnsEm-
bCas9 naive > DeepEmbCas9 > DeepEnsEmbCas9 > DeepEmbCas9-MVE for test sets
with matched SpCas9 interfaces from Wang et al. [4] (Figures 4.4A and C.7 row 1) and
Kim, Kim et al. [5] (Figures 4.4A and C.8), mismatched G/gN19 and matched GN20 Sp-
Cas9 interfaces from Seo et al. [8] (Figures 4.4B-C and C.16 rows 2 and 4), matched
eSpCas9(1.1) and SpCas9-HF1 interfaces from Wang et al. [4] (Figures 4.4D and C.7 rows
2 and 3), matched Sniper-Cas9 interfaces from Kim, Kim, Okafor et al. [10] (Figures 4.4F
and C.21 row 1), matched SpCas9-NG interfaces from Kim et al. [6] (Figures 4.4H and C.9
row 3), matched xCas9, SpCas9-NG and VRQR interfaces from Kim, Kim et al. [7] (Fig-
ures 4.4H and C.14), matched VRQR, SpCas9-NRCH, SpCas9-NRRH and SpCas9-NRTH
from Kim, Choi et al. [9] (Figures 4.4H , C.18 row 3, and C.19), and (mis)matched G/gN21
interfaces for SaCas9 variants, sRGN3.1, SlugCas9 variants and SauriCas9 variants from



4.3. RESULTS 87

Seo et al. [8] (Figures 4.4I and C.24 and C.25). In addition, we observed the ranking Deep-
EnsEmbCas9 naive > DeepEnsEmbCas9 > DeepEmbCas9 > DeepEmbCas9-MVE in test
sets for matched SpCas9 interfaces from Kim, Kim et al. [7] (Figures 4.4A and C.12),
matched Sniper2L interfaces from Kim, Kim, Okafor et al. [10] (Figures 4.4F and C.21
row 2), mismatched Sniper-Cas9 and Sniper2L from Kim, Kim, Okafor et al. [10] (Fig-
ures 4.4G and C.22 rows 1-2), matched xCas9 interfaces from Kim et al. [6] (Figures 4.4H
and C.9 row 2), matched SpCas9-NG and SpRY interfaces from Kim, Choi et al. [9] (Fig-
ures 4.4H, C.18 row 2 and C.20 row 2) and (mis)matched Nm1Cas9 interfaces from Seo et
al. [8] (Figures 4.4I and C.26 row 4). We observed the ranking DeepEnsEmbCas9 naive >
DeepEnsEmbCas9 > DeepEmbCas9-MVE > DeepEmbCas9 for matched HypaCas9 and
Sniper-Cas9 interfaces from Kim, Kim et al. [7] (Figures 4.4D, 4.4F and C.13 rows 1 and
3), matched xCas9 interfaces from Kim, Choi et al. [9] (Figures 4.4H and C.18 row 1) and
(mis)matched St1Cas9 interfaces from Seo et al. [8] (Figures 4.4I and C.26 row 1).

We saw various rankings among the 11 test sets where DeepEnsEmbCas9 performs best
within the four DeepEmbCas9 models. Among the four models, DeepEnsEmbCas9 and
DeepEmbCas9 have the highest and lowest Spearman correlations in 9 out of 11 test sets.
Among the 9 test sets, DeepEnsEmbCas9 naive ranked higher than DeepEmbCas9-MVE
in 6 test sets (i.e., those with matched SpCas9 interfaces from Kim et al. [6] (Figures 4.4A
and C.9 row 1), matched eSpCas9(1.1) and SpCas9-HF1 interfaces from Kim, Kim et
al. [7] (Figures 4.4D and C.12 rows 2-3), matched Sc++ interfaces from Kim, Choi et al [9]
(Figures 4.4E and C.17 row 2), and (mis)matched CjCas9 and enCjCas9 interfaces from
Seo et al. [8] (Figures 4.4I and C.26 rows 2-3)), and DeepEmbCas9-MVE ranked higher
than DeepEnsEmbCas9 naive in the other 3 test sets (i.e., those with mismatched SpCas9
interfaces from Seo et al. [8] (Figures 4.4B and C.16 row 2), matched evoCas9 interfaces
from Kim, Kim et al. [7] (Figures 4.4D and C.13 row 2) and (mis)matched Nm2Cas9
interfaces from Seo et al. [8] (Figures 4.4I and C.26 row 5)). The four models are ranked
DeepEnsEmbCas9 > DeepEmbCas9 > DeepEmbCas9-MVE > DeepEnsEmbCas9 naive
on the test set with matched SpCas9 interfaces from Kim, Choi et al. [9] (Figures 4.4A
and C.17 row 1), and DeepEnsEmbCas9 > DeepEnsEmbCas9 naive > DeepEmbCas9 >
DeepEmbCas9-MVE for the test set with matched SpG interfaces from Kim, Choi et al. [9]
(Figures 4.4H and C.20 row 1). DeepEmbCas9-MVE ranked best among the four models
(DeepEmbCas9-MVE > DeepEnsEmbCas9 > DeepEnsEmbCas9 naive > DeepEmbCas9)
in the test set with matched SpCas9 interfaces from Seo et al. [8] (Figures 4.4A and C.16
row 1).

4.3.4 Leave-one-nuclease-out performance comparisons

In the leave-one-nuclease-out extrapolation setting, DeepEnsEmbCas9 naive omit (Fig-
ures C.7-C.26, red bars) attains higher Spearman correlation than all individual activity
prediction tools on 17 out of 48 test sets (i.e., the 51 benchmark test sets excluding matched
G/gN20 SpCas9, St1Cas9 and Nm2Cas9 interfaces). These include 2 mismatched G/gN19

SpCas9 interface test sets (Figures C.10 row 1 and C.16 row 2), 1 matched eSpCas9(1.1)
interface test set from Kim, Kim et al. [7] (Figure C.12 row 2), 2 matched xCas9 interface
test sets from Kim et al. [6] and Kim, Kim et al. [7] (Figures C.9 row 2 and C.14 row
1), 1 matched SpCas9-NG interface test set from Kim et al. [6] (Figure C.9 row 3), 3
matched SpCas9-NRCH, SpCas9-NRRH and SpCas9-NRTH interface test sets from Kim,
Choi et al. [9] (Figure C.19), 2 mismatched Sniper-Cas9 and Sniper2L interface test sets
from Kim, Kim, Okafor et al. [10] (Figure C.22 rows 1-2), and 6 small Cas9 test sets (3
SaCas9 variants, SauriCas9-KKH, SlugCas9-HF and Nm1Cas9) from Seo et al. [8] (Fig-
ures C.24-C.26). As for the remaining 34 test sets, DeepEnsEmbCas9 naive omit has an
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average Spearman performance drop of 5.09 × 10−2 compared to the best-performing in-
dividual activity prediction tools not trained on the test sets’ nucleases, with the test set
containing matched G/gN19 Sc++ interfaces from Kim, Choi et al. [9] yielding the largest
Spearman drop of 0.266 (DSpCv Sniper-Cas9’s 0.554 vs. DeepEnsEmbCas9 naive omit’s
0.288; Figure C.17 row 2).

Among the test sets which have extrapolation baselines and are not in the 51 bench-
mark test sets (excluding Kim, Kim et al. [7]’s QQR1 test set), DeepEnsEmbCas9 naive omit
outperforms all individual activity prediction tools on 7 out of 14 test sets, namely mis-
matched SpCas9 and xCas9 interface test sets from Kim et al. [6] (Figure C.10 rows 1 and
2), (mis)matched SpCas9, xCas9 and SpCas9-NG interface test sets from Kim et al. [6]
(Figure C.11), a matched VRER test set from Kim, Kim et al. [6] (Figure C.15 row 3), and
(mis)matched Sniper2L interface test sets from Kim, Kim, Okafor et al. [10] (Figure C.23
row 2). As for the remaining 7 test sets, DeepEnsEmbCas9 naive omit has an average
Spearman performance drop of 2.24 × 10−2 compared to the best-performing individual
activity prediction tools, with the test set containing matched VQR G/gN19 interfaces
from Kim, Kim et al. [6] yielding the largest Spearman drop of 5.34×10−2 (DCv VRQR’s
0.691 vs. DeepEnsEmbCas9 naive omit 0.637; Figure C.20 row 2).

Analogous test performance comparisons for DeepEmbCas9, DeepEnsEmbCas9 and
DeepEmbCas9-MVE can be found in Appendix subsection “Further leave-one-nuclease-
out extrapolation performance” C.2.2. Detailed Spearman correlation comparisons be-
tween DeepEmbCas9 and individual activity prediction tools for each benchmark test set
is provided in Appendix subsection “DeepEmbCas9 extrapolates to unseen Cas9 vari-
ants” C.2.2.

4.3.5 Impact of deep ensembles on leave-one-nuclease-out performance

When considering averaged Spearman correlations across the 51 benchmark test sets
in the leave-one-nuclease-out extrapolation setting, DeepEnsEmbCas9 naive (0.786) at-
tains slightly higher Spearman correlation compared to DeepEmbCas9 (0.760). Like-
wise, DeepEnsEmbCas9 (0.774) attains slightly higher Spearman correlation compared
to DeepEmbCas9-MVE (0.756). In sum, comparing among the 4 DeepEmbCas9 models
with and without mean variance estimation and/or ensembling, DeepEnsEmbCas9 naive,
DeepEnsEmbCas9, DeepEmbCas9-MVE and DeepEmbCas9 attain the highest Spearman
correlation in 40, 15, 7 and 1 benchmark test set(s) with(out) baselines out of the 63 in
total, respectively (Figures C.7-C.26). Specifically, we observed the ranking DeepEnsEm-
bCas9 naive > DeepEnsEmbCas9 > DeepEmbCas9-MVE > DeepEmbCas9 for test sets
with matched SpCas9-HF1 and eSpCas9(1.1) interfaces from Wang et al. [4], matched
SpCas9 interfaces from Kim, Kim et al. [5], matched SpCas9-NG interfaces from Kim
et al. [6], matched VQR, VRER and VRQR-HF1 interfaces from Kim, Kim et al. [7],
matched SpCas9-NRCH, SpCas9-NRRH, SpCas9-NRTH and SpRY interface from Kim,
Choi et al. [9], matched Sniper-Cas9 and Sniper2P interfaces from Kim, Kim, Okafor et
al. [9], mismatched Sniper-Cas9 and Sniper2L interfaces from Kim, Kim, Okafor et al. [9],
(mis)matched Sniper2P interfaces from Kim, Kim, Okafor et al. [9], and (mis)matched
SaCas9, eSaCas9, efSaCas9, SaCas9-HF, SaCas9-KKH, SaCas9-KKH-HF, Sa-SlugCas9
and SlugCas9-HF interfaces from Seo et al. [8]. In addition, we observed the ranking
DeepEnsEmbCas9 naive > DeepEnsEmbCas9 > DeepEmbCas9 > DeepEmbCas9-MVE
for test datasets with matched xCas9 interfaces from Kim et al. [6], matched VRQR and
QQR1 interfaces from Kim, Kim et al. [7], matched Sniper2L interfaces from Kim, Kim,
Okafor et al. [10], (mis)matched Sniper-Cas9 and Sniper2L interfaces from Kim, Kim,
Okafor et al. [10], and (mis)matched SlugCas9 interfaces from Seo et al. [8]. We observed
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DeepEnsEmbCas9 naive > DeepEnsEmbCas9 > DeepEmbCas9-MVE > DeepEmbCas9
for test sets with matched SpCas9 and Sniper-Cas9 interfaces from Kim, Kim et al. [7],
mismatched SpCas9 interfaces from Seo et al. [8], matched VRQR interfaces from Kim,
Choi et al. [9], and (mis)matched CjCas9 and enCjCas9 interfaces from Seo et al. [8].

We observed various rankings among the 15 test sets where DeepEnsEmbCas9 per-
forms best within the four DeepEmbCas9 models. DeepEmbCas9 has the lowest Spear-
man correlation among the four models in 12 out of 15 test sets. Among the 12 test
sets, DeepEmbCas9-MVE rank higher than DeepEnsEmbCas9 naive for the following 9
test sets (i.e., those with mismatched SpCas9 and xCas9 interfaces from Kim et al. [6],
(mis)matched SpCas9 interfaces from Kim et al. [6], matched SpCas9-HF1 interfaces from
Kim, Kim et al. [7], matched SpCas9, Sc++ and SpG interfaces from Kim, Choi et al. [9],
and matched St1Cas9 and Nm2Cas9 interfaces from Seo et al. [8]), and DeepEnsEmb-
Cas9 naive ranks higher than DeepEmbCas9-MVE for the other 3 test sets (i.e., those
with matched SpCas9 interfaces from Kim et al. [6], (mis)matched xCas9 interfaces from
Kim et al. [6], and matched eSpCas9(1.1) interfaces from Kim, Kim et al. [7]).

We observed various rankings among the 7 test sets where DeepEmbCas9-MVE per-
forms best within the four DeepEmbCas9 models. DeepEmbCas9 has the lowest Spearman
correlations among the four models in 6 out of the 7 test sets. Among the 6 test sets,
DeepEnsEmbCas9 ranked higher than DeepEnsEmbCas9 naive on 3 test sets (i.e., those
with matched evoCas9 interfaces from Kim, Kim et al. [7], matched SpCas9-NG interfaces
from Kim, Choi et al. [9], and (mis)matched Nm1Cas9 interfaces from Seo et al. [8]), and
DeepEnsEmbCas9 naive ranked higher than DeepEnsEmbCas9 on the other 3 test sets
(i.e., those with matched GN20 interfaces from Seo et al. [8], matched xCas9 interfaces
from Kim, Choi et al. [9], and (mis)matched SauriCas9 interfaces from Seo et al. [8]).
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Figure 4.4: Benchmark test Spearman correlation comparison for DeepEmb-
Cas9, DeepEnsEmbCas9 naive, DeepEmbCas9-MVE and DeepEnsEmbCas9 against
DeepHF, DeepSpCas9, DeepxCas9, DeepSpCas9-NG, DeepSpCas9variants, DeepSmall-
Cas9, DeepSpCas9-v2, DeepCas9variants and DeepSniper across 39 Cas9 nucleases. The
test sets consist of (A) matched AN19, G/gN19 and tRNAGln-N20 wild type SpCas9 in-
terfaces; (B) mismatched G/gN19 wild type SpCas9 interfaces; (C) matched G/gN20 wild
type SpCas9 interfaces; (D,E,F) matched AN19, G/gN19 and tRNAGln-N20 interfaces for
4 increased-fidelity SpCas9 variants (D), Sc++ (E), and 2 Sniper variants (F); (G) mis-
matched G/gN19 interfaces for 2 Sniper variants; (H) matched G/gN19 and tRNAGln-N20

interfaces for 8 PAM-altered SpCas9 variants; and (I) matched and mismatched interfaces
for 17 wild type or engineered small Cas9 nucleases.
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4.3.6 Uncertainty estimation via mean-variance estimation

In the in-distribution setting, DeepEnsEmbCas9 (Figures 4.5 and C.31) and DeepEmbCas9-
MVE (Figures C.32 and C.33) attain lower quantile calibration errors than DeepEnsEm-
bCas9 naive (Figures C.34 and C.35) among the majority of the 51 benchmark datasets.
Specifically, as seen in Figure C.36, the left-tailed quantile calibration error of Deep-
EnsEmbCas9 naive is higher than that of DeepEmbCas9-MVE and DeepEnsEmbCas9 in
all 51 benchmark test sets except for those with matched G/gN19 SpCas9 interfaces from
Seo et al. [8] and matched xCas9 interfaces from Kim et al. [6]. As for CI-based quan-
tile calibration, DeepEnsEmbCas9 naive has higher error than DeepEmbCas9-MVE and
DeepEnsEmbCas9 in all 51 benchmark test sets except for those with matched G/gN19

and G/gN20 SpCas9 interfaces from Seo et al. [8] (Figure C.37).
In the leave-one-nuclease-out extrapolation setting on the 51 benchmark test sets,

DeepEnsEmbCas9 omit (Figures C.38 and C.39) and DeepEmbCas9-MVE omit (Figures C.40
and C.41) generally have worse quantile calibration compared to their in-distribution
counterparts. Like DeepEnsEmbCas9 naive, DeepEnsEmbCas9 naive omit is not quantile
calibrated (Figures C.42 and C.43). DeepEnsEmbCas9 naive omit has higher left-tailed
quantile calibration error than DeepEnsEmbCas9 omit and DeepEmbCas9-MVE omit for
all benchmark test sets except for those with mismatched SpCas9 interfaces from Seo
et al. [8], matched SpCas9-NG interfaces from Kim et al. [7], matched SpCas9-NG and
SpG interfaces from Kim, Choi et al. [9], and (mis)matched Nm1Cas9 and Nm2Cas9
interfaces from Seo et al. [8] (Figure C.44). As for CI-based quantile calibration, Deep-
EnsEmbCas9 naive omit has higher left-tailed quantile calibration error than DeepEnsEm-
bCas9 omit and DeepEmbCas9-MVE omit for all benchmark test sets except for those
with matched GN20 SpCas9 interfaces from Seo et al. [8], matched SpCas9-NG interfaces
from Kim et al. [6], and (mis)matched St1Cas9 and Nm2Cas9 interfaces from Seo et al. [8]
(Figure C.45). Comparing between source studies, we see that DeepEmbCas9-MVE and
DeepEnsEmbCas9 have higher left-tailed and CI-based quantile calibration for test sets
from Wang et al. [4], Kim, Kim et al. [5] and Kim et al. [6] than in the other 4 studies.

4.3.7 SHAP importance analysis reveals PAM and Cas9 driving Deep-
EmbCas9 predictions

SHAP importance analysis on the benchmark test sets using different sets of feature groups
reveal pertinent feature groups influencing DeepEmbCas9’s predicted Cas9 cleavage ac-
tivity. When calculating SHAP importance of CRISPR-Cas9 complex components in fine
resolution, the top three feature groups with the highest SHAP importance are “PAM +
downstream + PAM downstream Tm”, “spacer + spacer MFE + spacer GCcount” and
“upstream + protospacer + protospacer Tm” (Figure 4.6A). When calculating SHAP im-
portance of CRISPR-Cas9 complex componets in coarse resolution, the top three feature
groups with the highest SHAP importance are the NTS, Cas9 and the spacer (Figure 4.6B).
As for Cas9 domains, PLL-WED-PI, Linker and REC insert have the highest SHAP im-
portance (Figure 4.6C). Using Cas9 regions as feature groups, REC insert, L2 and REC1-B
have the highest SHAP importance (Figure 4.6D). sgRNA regions are ranked spacer >
repeat-anti-repeat > polyT > trcrRNA rest by SHAP importance (Figure 4.6E). Posi-
tions -2 and -3, specifically -2G and -3G, on the target strand have the highest SHAP
importance among PAM and downstream TS nucleotides (Figures 4.6G and 4.6I). +1G
on the spacer is the most important nucleotide among the upstream and heteroduplex
nucleotides, with target positions +22 to +17 and spacer/target positions +3 to +1 being
important (Figures 4.6F and 4.6H). Importance at positions +1 to +7 is consistent with
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Figure 4.5: Quantile calibration plots for DeepEnsEmbCas9, conditioned on (A) matched
AN19, G/gN19 and tRNAGln-N20 wild type SpCas9 interfaces; (B) mismatched G/gN19 and
matched G/gN20 wild type SpCas9 interfaces; (C) matched AN19, G/gN19 and tRNAGln-
N20 eSpCas9(1.1) interfaces; (D) matched AN19, G/gN19 and tRNAGln-N20 SpCas9-HF1
interfaces; for matched G/gN19 and tRNAGln-N20 HypaCas9/evoCas9 and G/gN19 Sc++
interfaces; (F) matched G/gN19 and tRNAGln-N20 and mismatched G/gN19 interfaces for
2 Sniper variants; (G,H) matched G/gN19 and tRNAGln-N20 interfaces for xCas9/SpCas9-
NG (G) and 6 other PAM-altered SpCas9 variants (H); and (I) matched and mismatched
interfaces for 17 wild type or engineered small Cas9 nucleases.
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Figure 4.6: SHAP importance analysis of input features in DeepEmbCas9 (ESM-C-600M-
BEACON-B combination) on benchmark test sets. The analysis consists of SHAP impor-
tance of Cas9 complex components in fine (A) and coarse (B) resolutions; (coarse-grained)
Cas9 domains (C) and (fine-grained) Cas9 regions (D) as defined in Figure 4.2C; sgRNA
regions (E) as defined in Figure 4.2A; spacer-target nucleotide positions in the upstream-
heteroduplex (F) and PAM-downstream regions (G); and spacer-target one-hot encoding
features in the upstream-heteroduplex (H) and PAM-downstream regions (I).

the seed region present in all 40 Cas9 variants studied (Figure C.49-C.54).

4.3.8 DeepEmbCas9’s predicted activity change from Cas9 mutations
reflected in Cas9 domain/region SHAP importances

Using the framework for assessing the influence of input features on cleavage activity
change given specific Cas9 mutation(s) or domain substitutions, we see that SHAP im-
portances vary only for Cas9 and NTS (Figure 4.7A). Interestingly, Cas9 SHAP impor-
tance positively correlates with NTS SHAP importance (0.593 Spearman correlation; Fig-
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Figure 4.7: CRISPR-Cas9 complex components and Cas9 domains driving DeepEmb-
Cas9’s change in predicted activity when introducing residue mutations in Cas9. (A)
SHAP importance of CRISPR-Cas9 complex components in the 39 nuclease pairs consid-
ered. (B) Cas9 vs. NTS SHAP importance in the 39 nuclease pairs considered. (C,D)
Cas9 domain importances for SpCas9 variants without (C) and with (D) D1135L/V/N
mutations. (E,F) Cas9 domain importances for small Cas9 variants with (E) increased
fidelity and (F) PAM-altering variants. Names of Cas9 variants are abbreviated by re-
moving the suffix “-NLS-FLAG-P2A”.

ure 4.7B).
When assessing Cas9 domain importances, the Linker Cas9 domain (specifically L2;

Figure C.47A) dominates for D1135L/V/N mutation-lacking SpCas9 variants (Figure 4.7C),
all of which are increased fidelity variants apart from xCas9 and QQR1. The phenomenon
is most pronounced for nuclease pairs SpCas9 > eSpCas9(1.1) and SpCas9 > SpCas9-HF1.
In contrast, the PLL-WED-PI domain dominates for D1135 mutation-containing SpCas9
variants (Figure 4.7C), all of which are PAM-altered variants. Specifically, WED among
the PLL, WED and PI regions (Figure C.47B). Likewise, L2 in Linker dominates in small
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Cas9 mutations resulting in increased fidelity (Figures 4.7E and C.47C), and PLL in PLL-
WED-PI has significant importance in PAM-altering small Cas9 mutations (Figure 4.7F
and Figure C.47D).

Other nuclease pairs show similar SHAP importance patterns. Low Cas9 region/domain
SHAP importances were recorded for nuclease pairs Sniper-Cas9 > Sniper2P, Sniper-
Cas9 > Sniper2L, VQR > VRER and VQR > VRQR (Figures C.46A-B and C.48A-B).
WED in PLL-WED-PI was found to be important in VRQR > SpG, VRQR > SpRY and
SpCas9-HF1 > VRQR-HF1 (Figures C.46C-D and C.48C-D). Both the bridge helix (BH)
from Linker and WED in PLL-WED-PI were important in SpG > SpRY(Figures C.46C
and C.48C). In VRQR > VRQR-HF1, L2 in Linker and REC2 were found to be impor-
tant (Figures C.46D and C.48D). nuclease pairs SaCas9-KKH > SaCas9-KKH-HF and
SaCas9 > SaCas9-KKH-HF showed high SHAP importance for L2 in Linker and PLL-
WED-PI(Figures C.46E and C.48E). PLL in PLL-WED-PI was important in SaCas9-HF
> SaCas9-KKH-HF, Linker was important in SlugCas9 > sRGN3.1, and L2 in Linker and
NLS-FLAG-P2A were important in SlugCas9 > Sa-SlugCas9 (Figures C.46E-F and C.48E-
F).

4.4 Discussion

4.4.1 Ranking of pLM-rLM embedding combinations

When varying pLM embeddings used in DeepEmbCas9, we saw pLM-rLM combinations
with ESM-C embeddings attain higher Spearman correlations compared to combinations
with ProtT5, Ankh-large, gLM2 650M or ESM3 (Table 4.2). This is possibly a result
of ESM-C pLMs being trained on datasets with a significant portion of metagenomic
sequences, which would include Cas9 sequences [278]. With regards to the impact of
ESM-C model size on performance, we observed higher Spearman correlations observed
for ESM-C-600M combinations compared to ESM-C-6B combinations, which is consistent
with previous claims saying that medium-sized pLMs already perform well on downstream
tasks [295]. The poor performance of ESM3-containing combinations likely reflects the fact
that ESM3 [274] — a multimodal generative language model — was trained for controllable
protein sequence generation rather than for producing high-quality sequence embeddings.
Despite gLM2 650M [292] being a mixed-modality gLM with residue-level sequence repre-
sentation for protein-coding genes, gLM2 650M combinations did not outperform ESM-C,
ProtT5 and Ankh-large combinations, perhaps indicating weaker protein coevolutionary
signals in gLM2 650M than in ESM-C models. As for RNA embeddings, evo-1-8k combi-
nations performs comparably to RiNALMo combinations, perhaps indicating weaker RNA
coevolution signals in evo-1-8k compared to RNA-FM and BEACON-B.

4.4.2 In-distribution and leave-one-nuclease-out performance

We developed DeepEnsEmbCas9 naive, an ensemble model which predicts CRISPR-Cas9
on/off-target cleavage activity prediction for 40 wild-type/increased-fidelity/PAM-altered
SpCas9/small Cas9 variants. In the in-distribution setting, DeepEnsEmbCas9 naive at-
tained comparable Spearman performance to individual activity prediction tools on 38 nu-
cleases across 51 benchmark test sets covering (mis)matched spacer-target interfaces with
varying spacer lengths (Figure 4.4). DeepEnsEmbCas9 naive outperformed on several
mismatched interface tests, suggesting that pooling of mismatched SpCas9 variant data
into one dataset improves model performance. DeepEnsEmbCas9 naive also outperformed
DeepSmallCas9 on wild-type and high-fideltiy SaCas9 variants, again suggesting that the



4.4. DISCUSSION 96

pooling of data from similar variants improves model performance. Comparing between
models, DeepEnsEmbCas9 naive has slightly higher Spearman performance than Deep-
EmbCas9, which is explained by DeepEnsEmbCas9 naive’s ensembling of 20 predictions.
Evidenced by DeepEmbCas9-MVE and DeepEnsEmbCas9s’ Spearman performances, use
of mean-variance estimation and a Gaussian negative log-likelihood loss objective reduced
Spearman performance, suggesting that the point estimates made by DeepEmbCas9 or
DeepEnsEmbCas9 naive are overconfident. It is likely that hyperparameter optimization
would further boost DeepEnsEmbCas9 naive’s in-distribution performance.

Unlike previous Cas9 cleavage activity models, DeepEnsEmbCas9 naive in theory is
able to make indel frequency predictions for any Cas9 nucleases, especially type II-A nucle-
ases given our training dataset’s bias towards SpCas9 variants. We demonstrated this in
leave-one-nuclease-out extrapolation tasks, where DeepEnsEmbCas9 naive attained com-
parable extrapolation performance to the best-performing individual activity prediction
models. As expected, extrapolation performance deteriorates when extrapolating to nu-
cleases like St1Cas9, Nm1Cas9 and Nm2Cas9, highlighting the need for more cleavage
activity data from diverse Cas9 nucleases and variants.

4.4.3 Uncertainty estimation

Our study adds DeepEnsEmbCas9 to the family of uncertainty-aware CRISPR-Cas9 cleav-
age activity prediction models, including crispAI [293], CRISPR-DBA [296] and CRISPR -
DeepEnsemble [297]. Theory-wise, DeepEnsEmbCas9’s built-in uncertainty estimates pre-
vents the model from being overconfident, and allows users to judge the reliability of Deep-
EnsEmbCas9’s prediction, especially when using DeepEnsEmbCas9 to make extrapolation
predictions on type II-B or II-C Cas9 nucleases, both of which are severely underrepre-
sented by the 40 Cas9 variants used in our training dataset.

Analyzing left-tailed and CI-based quantile calibration curves in the in-distribution
setting, we see that DeepEmbCas9-MVE (Figures C.32 and C.33) and DeepEnsEmb-
Cas9 (Figures 4.5 and C.31) are quantile calibrated (i.e., have good quality uncertainty
estimates), whereas DeepEnsEmbCas9 naive (Figures C.34 and C.35) is not quantile
calibrated, as corroborated by significantly higher left-tailed and CI-based quantile cal-
ibration errors for DeepEnsEmbCas9 naive compared to the low calibration errors for
DeepEmbCas9-MVE and DeepEnsEmbCas9 (Figures C.36 and C.37) on most benchmark
test sets. Given that mean-variance estimation and ensembling of output predictions cap-
tures aleatoric and epistemic uncertainty [298], respectively, similar quantile calibration
errors between DeepEmbCas9-MVE and DeepEnsEmbCas9 suggests that DeepEnsEm-
bCas9’s aleatoric uncertainty is larger than epistemic uncertainty. Coupled with Deep-
EnsEmbCas9’s high in-distribution test Spearman correlations, it follows that there is a
tradeoff between Spearman performance and quantile correlation among the 3 DL models
considered.

As for the leave-one-nuclease-out extrapolation setting, we see that DeepEmbCas9-
MVE (Figure C.40 and C.41) and DeepEnsEmbCas9 (Figure C.38 and C.39) exhibit
mixed level of quantile calibration dependent on the nuclease and study, whereas Deep-
EnsEmbCas9 naive (Figures C.42 and C.43) is not quantile calibrated. Interestingly,
DeepEmbCas9-MVE and DeepEnsEmbCas9 have higher left-tailed and CI-based quan-
tile calibration errors for Wang et al. [4], Kim, Kim et al. [5] and Kim et al. [6], which
is likely a result of training data imbalance arising from discrepancies in genome editing
experimental protocols among the different studies.
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4.4.4 SHAP importance analysis

SHAP analysis on DeepEmbCas9 primarily reflects the importance of the PAM sequence
and Cas9’s PAM-interacting (PI) domain. Specifically, -2G and -3G PAM features are
shown to be very important (Figure 4.6G and 4.6I), as corroborated by high SHAP im-
portance of feature group “PAM + downstream + PAM downstream Tm” in Figure 4.6A
and feature group “NTS” in Figure 4.6B. This is consistent with SpCas9 and its increased
fidelity variants recognizing NGG PAM. SHAP importances in the NTS-downstream re-
gion are observed to taper off beyond PAM position -6 (Figure 4.6G and 4.6I), a result of
36 out of 40 Cas9 variants having ≤4 nt PAM. Cas9’s PI domain also has high importance,
as shown by feature groups “Cas9 ESM-C-600M REC insert”, “PLL-WED-PI” and“PI”
in Figure 4.6A, 4.6C and 4.6D, respectively. This is consistent with Cas9’s PI domain
participation in PAM binding — the first step towards Cas9 cleavage [38].

SHAP analysis also shows the importance of the PAM-proximal heteroduplex region
on CRISPR-Cas9 cleavage activity. In particular, the spacer sequence is shown to be
important, as demonstrated by the high SHAP importance of “spacer + spacer MFE +
spacer GCcount” and “spacer” feature groups in Figure 4.6A, 4.6B and 4.6E, respectively.
Heteroduplex positions +1 to +7 have high SHAP importance (Figure 4.6F), relative to
other heteroduplex nucleotide positions, corroborating with the low spacer-target mis-
match tolerance in the PAM-proximal seed region during R-loop formation [11]. The
+1G spacer nucleotide is consistent with feature importance analysis of other prediction
tools [158, 80, 56, 4, 183] , with the literature reporting said nucleotide being associated
with improved SpCas9 cleavage activity possibly due to its importance during the SpCas9
loading of sgRNA [299].

Cas9 domains apart from Cas9’s PI domain are also influential in DeepEmbCas9’s
cleavage activity prediction. Surprisingly, we see REC insert, L2, REC1-B and REC2
listed among the top 5 important Cas9 regions (Figure 4.6D). Given that:

• the REC insert embedding is a non-zero vector only for SpCas9/Sc++ (encoding
the REC2 domain) and St1Cas9 (encoding the Wing domain);

• the L2 embedding is a non-zero vector for all Cas9 nucleases except for CjCas9 and
enCjCas9;

• the REC1-B embedding is a non-zero vector for only SpCas9, St1Cas9 and Sc++;
and

• the REC2 embedding is a non-zero vector for only SpCas9 (encoding the REC3
domain) and St1Cas9/CjCas9/Nm1Cas9/Nm2Cas9/Sc++ (encoding the REC2 do-
main),

it is possible that DeepEmbCas9 took advantage of zero-valued features from these Cas9
regions — where Cas9 protein architectures differ — in order to distinguish between dif-
ferent Cas9 nucleases.

4.4.5 SHAP importance analysis of nuclease pairs

When using the framework used for assessing the impact of input features on DeepEmb-
Cas9’s predicted activity change in 39 Cas9 nuclease pairs, we see that SHAP importance
varies substantially only for Cas9 and NTS (Figure 4.7A). Together with Cas9 SHAP
importance being positively correlated with NTS SHAP importance (Figure 4.7B), the
two observations highlight the presence of feature interactions between the Cas9 and NTS
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components. Plotting SHAP domain and region importances for the 39 Cas9 nuclease
pairs, we see that L2 region in the Linker domain (abbreviated as Linker/L2 onwards)
dominates in SHAP importance when mutating from SpCas9 to increased-fidelity SpCas9
variants (i.e., eSpCas9(1.1), SpCas9-HF1, evoCas9, HypaCas9, Sniper-Cas9 and xCas9;
Figure 4.7C). Interestingly, xCas9 does not have high PLL-WED-PI importance, possibly
hinting at the conflation between SpCas9 and xCas9’s PAM preferences by DeepEmbCas9.
VRQR-HF1 has higher PLL-WED-PI importance in addition to Linker/L2 importance,
which is consistent with the Cas9 PI domain VRQR mutations in VRQR-HF1. evoCas9
has high REC2 (i.e., SpCas9 REC3) importance in addition to high Linker/L2 importance,
which is consistent with the 4 SpCas9 REC3 mutations possessed by evoCas9. QQR1’s
low Linker/L2 and PLL-WED-PI/WED importance is likely due to QQR1’s overall low
cleavage activity. We observe similar importance patterns for SaCas9 and SlugCas9 high-
fidelity nuclease pairs (Figure 4.7E).

In contrast, we see that the WED region in the PLL-WED-PI domain (abbreviated as
PLL-WED-PI/WED onwards) dominates in SHAP importance for all PAM-altered Sp-
Cas9 variants except xCas9 and QQR1. Moreover, only xCas9 and QQR1 lack mutations
at WED residue D1135 among the PAM-altered SpCas9 variants. Combined, this suggests
the use of D1135-related features in the WED part of the Cas9 pLM embedding by Deep-
EmbCas9 for Cas9 cleavage activity prediction (Figure 4.7E). Indeed, D1135 is a residue
which interacts with the minor groove of the PAM duplex via electrostatic repulsion be-
tween the negatively charged aspartate and sugar-phosphate backbone, whereas:

• D1135V in VQR, VRER and VRQR stabilizes the PAM duplex by replacing the elec-
trostatic repulsion with van der Waals forces between valine and the sugar-phosphate
backbone;

• D1135L in SpG and SpRY acts similarly to D1135V, but introduces a hydrophobic
bulky leucine instead, which together with S1136V sterically pushes the third PAM
base towards Q1335; and

• D1135N is a consensus mutation found during directed evolution when developing
SpCas9-NRRH, SpCas9-NRTH and SpCas9-NRCH.

We also observe similar importance patterns for PAM-altered SaCas9 and SauriCas9 mu-
tants (Figure 4.7F).

4.4.6 Limitations

We acknowledge several limitations in this study. Regarding data, there is an uneven
amount of Cas9 nucleases and gRNA scaffolds in our training and test datasets, so Deep-
EmbCas9 may overfit certain experimental configuration types from specific studies. Due
to limited DNA/RNA bulge data in existing indel frequency library screens, e.g., in Seo
et al. [8], this study does not consider guide-target interfaces with DNA/RNA bulges.
Library data used in this study also does not contain interfaces with 4-6 mismatches,
limiting DeepEmbCas9’s predictive accuracy on such interfaces.

As for the embeddings, the Cas9 pLM and sgRNA rLM embeddings used in DeepEmb-
Cas9 do not account for Cas9-gRNA scaffold interactions, so the effect of such interactions
would need to be learned from the activity labels. DeepEmbCas9 also only accept Cas9
proteins with known domain boundaries as input, since this information is required for
generating Cas9 pLM embeddings from the per-residue pLM embedding matrix. For
analogous reasons, DeepEmbCas9 can only work with sgRNA scaffolds that have similar
structure to those in our dataset.
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With respect to SHAP interpretation, the low number of Cas9 variants limits the
accuracy of the SHAP importances generated for the protein domains. The low count is
also why we did not consider per-Cas9-residue protein representations and by extension
per-Cas9-residue SHAP importances. There are also limitations to using SHAP feature
importance scores for ML model interpretability, as suggested by Kumar et al. [300]. In
terms of mathematical issues, conditional-based SHAP implementations output differing
Shapley value attributions from the additive explanation model depending on whether
highly correlated features are included in the input feature set, whereas interventional-
based SHAP implementations rely on model predictions on out-of-distribution datapoints.
Additionally, explanations derived from SHAP values are not naturally contrastive.

4.5 Conclusion

In this study, we developed a family of 4 DeepEmbCas9 models — DeepEmbCas9, DeepEmbCas9-
MVE, DeepEnsEmbCas9 naive and DeepEnsEmbCas9 — for cleavage activity prediction
of Cas9 variants by:

1. representing all three components of the CRISPR-Cas9 complex, i.e., sgRNA, DNA
and Cas9, as input features;

2. using a unified guide-target interface to align spacer and target sequences from dif-
ferent Cas9 nucleases;

3. adopting inductive biases compatible with Cas9’s biophysical mechanism; and

4. training on a curated dataset with >1.75 million datapoints spanning 40 Cas9 vari-
ants and 16 gRNA scaffolds.

Obtained by ensembling predictions, DeepEnsEmbCas9 naive attains comparable perfor-
mance in both in-distribution and leave-one-nuclease-out extrapolation settings when com-
pared to suitable individual cleavage activity models. We also built DeepEnsEmbCas9,
trading off a small Spearman performance drop with well-calibrated uncertainty estimates.
SHAP importance analysis of DeepEmbCas9 on all benchmark test set datapoints reaf-
firms the structural and functional importance of Cas9’s PLL-WED-PI domain and the
PAM sequence for Cas9 binding — a prerequisite for Cas9 cleavage. Furthermore, SHAP
importance analysis of DeepEmbCas9 on 39 nuclease pairs show that Linker and PLL-
WED-PI features contribute significantly to predicted activity change for increased-fidelity
and PAM-altering Cas9 mutations, respectively.

DeepEmbCas9 models confer advantages over existing Cas9 activity models leverag-
ing Cas9 protein information. Compared to PLM CRISPR [179], DeepEmbCas9 trains
on 33 more Cas9 variants spanning beyond increased-fidelty SpCas9 variants. Unlike
STING CRISPR [267], DeepEmbCas9 scales better with increasing guide-target training
data while maintaining the ability to assess Cas9 domain importances. In contrast to
PAMmla [157] and CICERO [272], DeepEmbCas9 models directly address the problem
of cleavage activity prediction rather than the subproblem of Cas9-target PAM binding
prediction. Altogether, DeepEmbCas9 models serve as the first step towards generalistic
interpretable DL-based models capable of predicting cleavage activity for diverse combi-
nations of wild-type/engineered/pLM-generated nucleases and guide-target interfaces in
the Cas9 protein family.



Chapter 5

Conclusion & future work

In Chapter 2, we have considered 19 epigenetic features (13 nucleosome organization-
related features and 6 experimental epigenetic features) available from the crisprSQL Cas9
off-target database. Correlation analysis between epigenetic feature and Cas9 activity
showed that experimental epigenetic features did not correlate with Cas9 cleavage activity.
This is in contrast to the computed BDM-based scores, which correlate much stronger
than the experimental epigenetic features. In particular, Nucleotide BDM’s ability to
separate between sites with and without activity, together with the finding [206] that
low Nucleotide BDM values are good indicators of nucleosome positions, highlight that
nucleosome positioning can inhibit Cas9 activity. SHAP analysis also revealed GC147,
Nucleotide BDM and NuPoP (Affinity) as important features influencing Cas9 off-target
activity in both XGBoost and CNN models. However, NuPoP (Occup) referring to NuPoP
occupancy score did not show notable importance, so it is nucleosome positioning rather
than nucleosome occupancy that inhibits Cas9 activity. Specifically, we saw that low
Nucleotide BDM and high NuPoP (Affinity) values negatively impact off-target activity,
corroberating with our theory of positioned nucleosome inhibiting Cas9 activity. GC147’s
high importance is also explained by its high correlation with DNA bendability and high
DNA bendability being favored during R-loop formation. The six experimental epigenetic
scores did not show notable importance in the SHAP summary plots, which together with
the previous correlation analysis casts doubt in the utility of the 4 experimental epigenetic
features widely used in deep learning models such as DeepCRISPR. In sum, the correlation
and SHAP analyses informs us of 3 computational nucleosome organization-related scores
— GC147, NuPoP (Affinity), and Nucleotide BDM — that have notable importance when
building a full SpCas9 cleavage activity model with spacer-target interface features and
R-loop formation energy scores.

Indeed, insights from Chapter 2 have already been leveraged for the construction of a
SpCas9 off-target cleavage activity prediction model built using both sequence features, R-
loop formation energy scores and 3 computational nucleosome organization-related scores
in my colleague Florian’s work (see Appendix D.1), where the 3 computational nucleosome
organization-related scores do contribute to the model’s prediction. As for future work, it
would be interesting to see whether the same conclusions hold in the case of other SpCas9
variants and small Cas9 nucleases, other editing modalities (e.g., base editing and prime
editing), and other computational nucleosomal or epigenetic tools (e.g., Enformer [301]
and Borzoi [302]) that were developed after the completion of research in Chapter 2.

In Chapter 3, we used traditional machine learning and feature importances to filter
for a set of 30 residue-resolved physico-chemical/structural features which capture the
protein 3D nanoenvironment of the guide-target pair for the 28 on- and off-target SpCas9
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interfaces we investigated using all-atom molecular dynamics. Training a ML model then
enabled us to learn the functional relationship between the nanoenvironment and Cas9
activity for these 28 guide-target pairs. Interestingly, by construction, such a ML model
would be able to predict the effect of SpCas9 residue mutations on cleavage activity.
Finally, SHAP importance analysis of the ML model revealed physicochemical/structural
descriptors and SpCas9 residues that were influential in the model’s prediction, where some
SpCas9 residues from the four residue hotspots overlapped with SpCas9 residues discussed
in the literature. For future work, we envision to scale up the study by expanding the
MD-derived dataset to include more guide-target pairs. Alternatively, we could use the
framework developed in this study to examine other SpCas9-nucleic acid interactions in
the CRISPR-Cas9 complex, e.g., interactions between the PAM-interacting domain and
PAM sequence.

Chapter 4 then concerns the development of DeepEmbCas9 — a DL-based cleavage
activity model which theoretically is capable of making predictions for any Cas9 variant-
sgRNA scaffold combination. Trained on a large and carefully curated guide-target lentivi-
ral library-based indel frequency dataset consisting of 40 Cas9 variants and 16 gRNA
scaffolds, DeepEmbCas9 was the first to explicitly represent all three components of the
CRISPR-Cas9 complex in its input feature set, and used inductive biases inspired by
Cas9’s cleavage mechanism. To accommodate Cas9 nucleases with varying spacer and
PAM lengths, DeepEmbCas9 also used a unified guide-target interface which right aligns
the spacer sequence immediately before the start of the target’s PAM sequence. Fur-
ther considerations on boosting performance and uncertainty quantification then led to
the development of DeepEmbCas9-MVE, DeepEnsEmbCas9 naive and DeepEnsEmbCas9.
Considering all four models, we saw that DeepEnsEmbCas9 naive had the best test per-
formance among the four models, and performed favourably when compared to existing
single-variant Cas9 cleavage activity prediction tools. As for uncertainty quantification,
DeepEnsEmbCas9 was shown to have quantile-calibrated uncertainty estimates albeit with
lower Spearman test performance compared to DeepEnsEmbCas9 naive. Through SHAP
importance analysis of DeepEmbCas9 on all benchmark test sets, we saw that Cas9’s PLL-
WED-PI domain and the target PAM sequence both have high SHAP importance, which
reaffirms the prerequisite step of Cas9 binding required for Cas9 activity. A case study
on 39 Cas9 nuclease pairs showed us that the Linker and PLL-WED-PI are influential
in changing DeepEmbCas9’s predicted cleavage activity when swapping one Cas9 variant
to another. For future work, we envision the use of AlphaFold 3 residue embeddings for
cross-variant Cas9 cleavage activity prediction, since such embeddings would be able to
capture protein-nucleic acid interactions — something that DeepEmbCas9 has to learn
from the cleavage activity labels. Furthermore, hyperparameter optimization and imbal-
anced sampling of datapoints would likely boost DeepEmbCas9 performance on the current
benchmark test sets. Finally, additional availability of cleavage from future experimental
studies would enhance

All in all, by studying structural features beyond the guide-target interface, assessing
the impact of structural features on Cas9 cleavage activity, and building interpretable
ML/DL model which incorporate the structural features, we pave the way towards building
structure-aware and generalistic Cas9 cleavage activity prediction models.
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M., and Subramaniam, S. (jul, 2019) Cryo-EM structures reveal coordinated domain
motions that govern DNA cleavage by Cas9. Nature Structural & Molecular Biology,
26(8), 679–685.

[240] Bonomi, M., Branduardi, D., Bussi, G., Camilloni, C., Provasi, D., Raiteri, P., Dona-
dio, D., Marinelli, F., Pietrucci, F., Broglia, R. A., and Parrinello, M. (oct, 2009)
PLUMED: A portable plugin for free-energy calculations with molecular dynamics.
Computer Physics Communications, 180(10), 1961–1972.

[241] Tribello, G. A., Bonomi, M., Branduardi, D., Camilloni, C., and Bussi, G. (feb, 2014)
PLUMED 2: New feathers for an old bird. Computer Physics Communications,
185(2), 604–613.

[242] The PLUMED consortium (jul, 2019) Promoting transparency and reproducibility
in enhanced molecular simulations. Nature Methods, 16(8), 670–673.

[243] Pettersen, E. F., Goddard, T. D., Huang, C. C., Couch, G. S., Greenblatt, D. M.,
Meng, E. C., and Ferrin, T. E. (2004) UCSF Chimera?A visualization system for
exploratory research and analysis. Journal of Computational Chemistry, 25(13),
1605–1612.

[244] Rocchia, W., Alexov, E., and Honig, B. (jun, 2001) Extending the Applicability
of the Nonlinear Poisson-Boltzmann Equation: Multiple Dielectric Constants and
Multivalent Ions. The Journal of Physical Chemistry B, 105(28), 6754–6754.



BIBLIOGRAPHY 121

[245] Tian, C., Kasavajhala, K., Belfon, K. A. A., Raguette, L., Huang, H., Migues, A. N.,
Bickel, J., Wang, Y., Pincay, J., Wu, Q., and Simmerling, C. (nov, 2019) ff19SB:
Amino-Acid-Specific Protein Backbone Parameters Trained against Quantum Me-
chanics Energy Surfaces in Solution. Journal of Chemical Theory and Computation,
16(1), 528–552.

[246] Gowers, R. J., Linke, M., Barnoud, J., Reddy, T. J. E., Melo, M. N., Seyler, S. L.,
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B. L. (2024) Sequence modeling and design from molecular to genome scale with
Evo. Science, 386(6723), eado9336.

[283] Du, W., Zhao, L., Diao, K., Zheng, Y., Yang, Q., Zhu, Z., Zhu, X., and Tang, D.
(2025) A versatile CRISPR/Cas9 system off-target prediction tool using language
model. Communications Biology, 8(1), 882.



BIBLIOGRAPHY 124

[284] Chen, J., Hu, Z., Sun, S., Tan, Q., Wang, Y., Yu, Q., Zong, L., Hong, L., Xiao, J.,
Shen, T., King, I., and Li, Y. Interpretable RNA Foundation Model from Unanno-
tated Data for Highly Accurate RNA Structure and Function Predictions. (2022).

[285] Ren, Y., Chen, Z., Qiao, L., Jing, H., Cai, Y., Xu, S., Ye, P., Ma, X., Sun, S.,
Yan, H., Yuan, D., Ouyang, W., and Liu, X. (2024) BEACON: Benchmark for
Comprehensive RNA Tasks and Language Models. In The Thirty-eight Conference
on Neural Information Processing Systems Datasets and Benchmarks Track.
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Appendix A

Supplementary materials for
“Comprehensive computational
analysis of epigenetic descriptors
affecting CRISPR-Cas9 off-target
activity”

A.1 Appendix tables and figures

Extending Figure 2.1, Appendix Table A.1 lists the off-target cleavage activity Spearman
and Pearson correlation values for all experimental epigenetic and computed nucleosome
organization-related features. Figure A.1 shows the architecture of the convolutional neu-
ral network used for CRISPR-Cas9 off-target activity prediction and SHAP value analy-
sis. Extending Figure 2.1, Appendix Figures A.2, A.3 and A.4 show the cell line-based
heatmaps indicating Spearman and Pearson correlations between the epigenetic features
and CRISPR-Cas9 off-target activity for cell lines HeLa, K562 and U2OS, respectively.
Extending Figure 2.2, Appendix Figures A.5 and A.6, respectively, show the violin and
distribution plots for CRISPR-Cas9 off-target cleavage activity for all 19 experimental
epigenetic features and computed nucleosome organization-related, with the experimen-
tal epigenetic features highlighted in bold. Extending Figures 2.3 and 2.4, Appendix
Figures A.7 and A.8 visualize the SHAP contribution of each input feature in a trained
XGBoost and CNN model, respectively, both of which predict CRISPR-Cas9 off-target
activity, where all computed nucleosome organization-related scores are base pair-resolved.

Using only the ‘on-target’ datapoints that correspond to guide-RNA–on-target DNA
sequence pairs, Appendix Figures A.10 shows an overall correlation analysis. It can be
seen that Nucleotide (and Strong-Weak) BDM still show the highest Spearman correlation
with on-target cleavage activity, even though the difference in correlation values is not as
pronounced as found for the off-target cleavage activity dataset.
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Epigenetic Feature Spearman Pearson

Strong-Weak BDM 0.423 0.310
Nucleotide BDM 0.388 0.345

GC147 0.191 0.117
NuPoP (Occupancy) 0.167 0.068

YR Scheme 0.087 0.108
MNase 0.082 0.083

NuPoP (Viterbi) 0.078 0.060
H3K4me3 0.075 0.066
CTCF 0.070 0.059
DNase I 0.065 0.033

NuPoP (Affinity) 0.048 0.011
nuCpos (Occupancy) 0.040 0.015

RRBS 0.022 0.009
nuCpos (Viterbi) 0.014 0.015
VanDerHeijden 0.009 -0.036

nuCpos (Affinity) 0.005 0.037
LeNup (H3Q85C) -0.050 -0.043

DRIP -0.059 0.076
W/S Scheme -0.141 -0.122

Table A.1: Spearman and Pearson correlation values between epigenetic features and Sp-
Cas9 off-target cleavage activities. Epigenetic features include all nucleosome organization-
related scores and six experimental epigenetic scores (bolded). The correlations were de-
rived using the said scores and cleavage activities for all datapoints defined in the Materials
and Methods section. The features are sorted by decreasing Spearman correlations and
the highest Spearman and Pearson correlation values are highlighted in bold.
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0 0 0

Figure A.1: Convolutional neural network architecture used for CRISPR-Cas9 off-target
activity prediction as mentioned in the Methods section. The architecture is implemented
in PyTorch [141]. The input to the neural network is a 23bp × 22 features input matrix,
and the output is a scalar value indicative of the CRISPR-Cas9 off-target activity pre-
diction. The architecture consists of five one-dimensional convolutional (Conv1D) layers
followed by one fully connected layer. The first layer is a Conv1D layer with 32 chan-
nels, 3 × 3 kernel size, stride of 2 and padding of 0, followed by leaky rectified linear
unit activation (LeakyReLU) [303] with a negative slope of 0.2. The second layer is a
Conv1D layer with 64 channels, 3× 3 kernel size, stride of 1 and padding of 0, followed by
LeakyReLU [303] with a negative slope of 0.2. The third layer is a Conv1D layer with 128
channels, 3 × 3 kernel size, stride of 2 and padding of 0, followed by 1D batch normaliza-
tion and subsequently LeakyReLU [303] with a negative slope of 0.2. The fourth layer is
a Conv1D layer with 256 channels, 3× 3 kernel size, stride of 1 and padding of 0, followed
by 1D 3 × 3 max pooling with padding of 1 and stride of 1, and subsequently rectified
linear unit activation (ReLU). The fifth layer is a Conv1D layer with 512 channels, 2 × 2
kernel size, stride of 1 and padding of 0, followed by 1D 3 × 3 max pooling with padding
of 1 and stride of 1, and subsequently rectified linear unit activation (ReLU). The final
layer is a fully connected layer which outputs a scalar value.
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Figure A.2: (Top) Heatmaps showing Spearman (top left) and Pearson (top right) corre-
lations between SpCas9 off-target cleavage activities and 19 epigenetic features, namely
13 computed nucleosome organization-related scores, 5 experimental epigenetic scores
(bolded) and one HeLa MNase-seq score for HeLa-only nucleosome organization-related
score-augmented off-target cleavage activity data. (Bottom) Heatmaps showing Spearman
(bottom left) and Pearson (bottom right) correlations between SpCas9 off-target cleavage
activities and 23 epigenetic features, namely 13 computed nucleosome organization-related
scores, 5 experimental epigenetic scores (bolded) and 5 HeLa MNase-seq scores for HeLa-
only nucleosome organization-related score-augmented off-target cleavage activity data in
chromosomes 1-22.
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Figure A.3: Heatmaps showing Spearman (left) and Pearson (right) correlations between
SpCas9 off-target cleavage activities and 24 epigenetic features, namely 13 computed nu-
cleosome organization-related scores, 5 experimental epigenetic scores (bolded) and 6
K562 MNase-seq score for K562-only nucleosome organization-related score-augmented
off-target cleavage activity data.
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Figure A.4: Heatmaps showing Spearman (left) and Pearson (right) correlations between
SpCas9 off-target cleavage activities and 20 epigenetic features, namely 13 computed
nucleosome organization-related scores, 5 experimental epigenetic scores (bolded) and 2
U2OS MNase-seq score for U2OS-only nucleosome organization-related score-augmented
off-target cleavage activity data.
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Figure A.5: Violin plots for all nucleosome organization-related features, with the features
sorted by decreasing Pearson correlation with CRISPR-Cas9 activity values and the ex-
perimental epigenetic features CTCF, DNase I, DRIP, H3K4me3, MNase and RRBS high-
lighted in bold. Cleavage activities (CA) are separated into three bins, namely CA = −4,
CA < 2 and CA > 2.
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Figure A.6: Distribution plots for all nucleosome organization-related features, with the
features sorted decreasing Spearman correlation with CRISPR-Cas9 activity values and
the experimental epigenetic features CTCF, DNase I, DRIP, H3K4me3, MNase and RRBS
highlighted in bold. Cleavage activities (CA) are separated into three bins, namely CA =
−4, CA < 2 and CA > 2, which are colored blue, orange and green, respectively, in the
plots.
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Figure A.7: Heatmap showing the mean absolute value of the SHAP values for the trained
extreme gradient boosted (XGBoost) tree’s base pair-resolved input features, which consist
of the three CRISPRspec-derived energy terms ERNA-DNA, Ecorr

RNA-DNA and EgRNAfold, the
six experimental epigenetic scores CTCF, DNase I, DRIP, RRBS, H3K4me3 and MNase
(bolded), and the computed nucleosome organization-related scores GC147 [207], W/S
scheme, YR scheme [208, 209], Strong-Weak BDM, Nucleotide BDM [205, 206], NuPoP
(Occupancy), NuPoP (Affinity), NuPoP (Viterbi) [210], nuCpos (Occupancy), nuCpos
(Affinity), nuCpos (Viterbi) [211], VanDerHeijden [212] and LeNup (H3Q85C) [213], with
the computed scores sorted by decreasing SHAP value importance as shown in Figure 3.
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Figure A.8: Heatmap showing the mean absolute value of the SHAP values for the trained
convolutional neural network’s (CNN) base pair-resolved input features, which consist of
the three CRISPRspec-derived energy terms ERNA-DNA, Ecorr

RNA-DNA and EgRNAfold, the
four experimental epigenetic scores CTCF, DNase I, DRIP, RRBS, H3K4me3 and MNase
(bolded), and the computed nucleosome organization-related scores GC147 [207], W/S
scheme, YR scheme [208, 209], Strong-Weak BDM, Nucleotide BDM [205, 206], NuPoP
(Occupancy), NuPoP (Affinity), NuPoP (Viterbi) [210], nuCpos (Occupancy), nuCpos
(Affinity), nuCpos (Viterbi) [211], VanDerHeijden [212] and LeNup (H3Q85C) [213], with
the computed scores sorted by decreasing SHAP value importance as shown in Figure 4.
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Figure A.9: Spearman and Pearson Correlations between NuPoP (Affinity) and Nucleotide
BDM across different cell lines (U2OS, HEK293, K562, HeLa) and regions (Gene Body,
Not Gene Body) for the dataset used in Figure 1.
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Figure A.10: Bar plot showing Spearman and Pearson correlations between 19 epigenetic
features and SpCas9 on-target cleavage activities for all cell lines that contribute more
than 1% to the crisprSQL dataset. The 19 epigenetic features consists of six experimental
epigenetic features (bolded) and 13 nucleosome organization-related scores.
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Figure A.11: SHAP dependency plots for GC147, Nucleotide BDM and NuPoP (Affinity)
for XGBoost model.
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Figure A.12: SHAP dependency plots for GC147, Nucleotide BDM and NuPoP (Affinity)
for CNN model.
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A.2 Nucleosome organization-related tools

This section provides additional background on some of the nucleosome organization-
related tools used in this study.

A.2.1 GC Content/GC147

Mathematically, the GC content of a 147 bp nucleosomal sequence s is defined by

GC147(s) =
1

147

147∑
i=0

1si∈{G,C}.

GC content significantly correlates with in vitro nucleosome occupancy in budding
yeast [304, 207]. Specifically, it was shown that GC content was the dominant feature
in a linear model of nucleosome occupancy based on GC content and 14 other DNA
sequence-related input features [207]. Nonetheless, GC content is not sufficient for in vitro
nucleosome occupancy prediction, since it is not indicative of nucleosome occupancy levels
in GC-rich regions in vitro [305].

A.2.2 W/S and YR schemes

The W/S scheme is based on the well-established DNA sequence pattern where weak-
weak (WW) and strong-strong (SS) dinucleotides are periodically located on the histone
octamer-facing minor and major grooves, respectively. Mathematically, W/S scheme is
defined as

WSScore(s) =
∑

s∈minor sites

C(WW, s)

+
∑

s∈major sites

C(SS, s)

−
∑

s∈minor sites

C(SS, s)

−
∑

s∈major sites

C(WW, s)

where W ∈ {A, T}, S ∈ {C,G}, minor sites = {s ∈ Z| − 6 ≤ s ≤ 6}, major sites =
{s + 0.5|s ∈ Z,−7 ≤ s ≤ 6} and C(type, s) denotes the number of type nucleotides in
superhelical location (SHL) s.

The YR scheme is based on a weighted sum of GC, YR, YYRR and RYRY counts in the
different sites. Further detailed descriptions on how the YR scheme predicts translational
positioning can be found in [208] and [209].

A.2.3 Van Der Heijden algorithm

Based on the dinucleotide wedge model [306], the likelihood ratio for each base pair position
is given by

Pnuc(S) = 4|S|−1

|S|−1∏
s=0

Pdinuc(s, S[s, s+ 1])
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where S is the sequence with |S| ≈ 147 centered on the base position. In addition, the
position-dependent dinucleotide probabilities are defined by

Pdinuc(s, d) =



0.25 +B sin(2πsp ) if d ∈ {AA, TA, TT}
0.25 + B

3 sin(2πsp ) if d ∈ {GA,GG,GT}
0.25 −B sin(2πsp ) if d ∈ {GC, TC, TG}
0.25 − B

3 sin(2πsp ) if d ∈ {AC,AG,AT}
0.25 otherwise

where B and p are the amplitude and period of the dinucleotide frequencies, respectively.
Using the likelihood ratios, an energy landscape can be derived. We can then apply the
algorithm required for solving Percus’s equation [307] in order to generate the nucleo-
some positioning scores. Nucleosome occupancy values can then be obtained by applying
a convolution operation with a 147 bp uniform filter. To determine the algorithm’s hy-
perparameters, a Levenberg–Marquadt routine [308] can be used for fitting periodicity p
and chemical potential µ to experimental data. In particular, µ is a hyperparameter used
when computing the solution to Percus’s equation. More details on VanDerHeijden can
be found in [212].

A.2.4 Block Decomposition Method-based measures

Block Decomposition Method (BDM) is a training-free method for approximating the algo-
rithmic complexity of sequences. Mathematically, BDM is founded on the Coding theorem
method [309, 310], which relates algorithmic (Kolmogorov-Chaitin) complexity [311] with
algorithmic probability [312]. Specifically, BDM approximates algorithmic complexity and
Shannon entropy for short and long sequences, respectively [205]. Since DNA sequences
can easily be represented as a string, BDM scores can readily be computed for DNA
sequences.

A.2.5 NuPoP

NuPoP uses a dHMM and a Hidden Markov Model (HMM) for modelling 147 bp nucleo-
somal and linker DNA sequences, respectively. Training data for both models consist of
yeast nucleosomal and non-nucleosomal sequences derived from MNase-seq. Both models
are used for computing log likelihood ratios, which can be seen as histone binding affinity
(HBA) scores. Computationally, the HBA score at position i is given by log PN (Si)

GL(Si)
where

Si is the 147 bp sequence centered at position i. PN and GL indicate the probability that
the Si is a nucleosomal and linker sequence, respectively. Since linker sequences cannot be
too long, NuPoP sets a maximum linker sequence length to 500bp for the dHMM. Using
the HBA scores, the forward and backward algorithms can then be used for computing
the nucleosome occupancy scores. A Viterbi score can also be computed, which predicts
whether a specified nucleotide is located in nucleosomal or linker DNA. More details on
the algorithm can be found in [210].
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Supplementary materials for
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nanoenvironment-based rational
descriptors pertinent to
CRISPR-Cas9 off-target cleavage
activity”

B.1 STING descriptors

Here we provide a brief description of STING descriptors.

B.1.1 Accessibility

The Amino acid accessibility is calculated according to SurfV [1] program. We calculated
five different values for accessibility: i) for the protein chain in isolation, ii) for the protein
chain in complex with whatever other chain (if) present in the same PDB file and finally,
iii) a relative accessibility, iv) a difference between accessibility in isolation and in complex
(interface residues), v) a buried surface area (bsa). Details described at http://sms.cbi.
cnptia.embrapa.br/SMS/STINGm/help/solvent_accessible_area.html. Other flavors
of accessibility, such as calculated by Surface Racer [313] (a program already used by Blue
Star STING for the calculation of Curvature) and NACCESS© [2] are also available at the
STING RDB2. Additionally, the Shrake-Rupley accessibility (NSC) is also available for
analysis [3]. These algorithms calculate an approximate accessible surface and therefore
the corresponding accessibility is also an estimation; this is mainly due to the fact that
obtaining precise surface description by those methods is computationally prohibitive, so
different algorithms can result in different values of accessible area. Consequently, having
all those accessible area values obtained using several algorithms allows one to compare
and even define a consensus between the accessibility values of an atom or a residue.

List of accessibility descriptors:

1. Accessibility in isolation using SurfV, NACCESS and NSC: acc isol surfv,
acc isol naccess and acc isol nsc,
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2. Accessibility in complex using SurfV, NACCESS and NSC: acc complex surfv,
acc complex naccess and acc complex nsc,

3. Relative accessibility (RSA) calculated as the ratio between the accessibility in isola-
tion and the absolute solvent accessible area for specific residue type (acctmax) given in
http://sms.cbi.cnptia.embrapa.br/SMS/STINGm/help/solvent_accessible_area.

html: acc rsa surfv, acc rsa naccess and acc rsa nsc

acc rsa =
acc isol

acctmax

(B.1)

4. Difference between accessibility in isolation and in complex (IFR): acc ifr surfv,
acc ifr naccess and acc ifr nsc. Residues which have IFR lesser than accessibil-
ity in isolation are present in the protein’s interface.

5. Buried Surface Area (BSA) is a measure of the size of the interface in a protein-
protein complex. BSA is calculated as the ratio between the interface accessible area
of a residue and its accessible area in isolation: acc bsa surfv, acc bsa naccess,
acc bsa nsc

acc bsa =
acc ifr

acc isol
(B.2)

The absolute (or maximum) accessibility is calculated for each amino acid type using
four arbitrarily selected protein structures from PDB, where the selected amino acid type
(one of 20) must be located at the C-terminal end. Then, we edited these structures so
that the C-terminal residue would be left isolated in the “vacuum” (all other amino acid
residues were deleted from the file). The SurfV software is then used to calculate the
accessible surface area of the edited structure and among those 4 structures (for each of
the 20 amino acids) we identified the maximum and minimum value for the ASA. The
difference (rounded to the higher integer number) between the two values (taken percent-
wise) was added to the higher of two ASA values. We believe that this is much more
convenient than taking the tabular data available in the literature, as the former one is a
more realistic approach, based on the real experimental data within the environment of
interest — a protein crystal.

B.1.2 Contact energy density

Amino acid contacts in terms of atomic interactions are essential factors to be considered
in the analysis of the structure of a protein and its complexes. Residue-residue contacts
are calculated according to the description given by Mancini et al. [201]. Contact En-
ergy Density (CED) of internal protein contacts is then defined as the sum of contact
energies (https://www.cbi.cnptia.embrapa.br/SMS/STINGm/help/energy_contacts_
table.html) of the contacts established within a given sphere, among residues belonging
to the same protein chain, and then divided by the volume of the probe sphere. Addi-
tionally, we also calculate the CED descriptors using the protein complex which include
interchain contacts (CED IFR). For each residue in a protein we calculate 10 CED de-
scriptors (five using only intrachain contacts and five also including interchain contacts)
using five different radii for the probe sphere (3, 4, 5, 6 and 7Å).

CEDi =

∑
ct∈Cr

i
E(t)

V (r)
(B.3)

http://sms.cbi.cnptia.embrapa.br/SMS/STINGm/help/solvent_accessible_area.html
http://sms.cbi.cnptia.embrapa.br/SMS/STINGm/help/solvent_accessible_area.html
https://www.cbi.cnptia.embrapa.br/SMS/STINGm/help/energy_contacts_table.html
https://www.cbi.cnptia.embrapa.br/SMS/STINGm/help/energy_contacts_table.html
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where Ci is the set of contacts of residue i within the probe sphere of radius r, c is a
contact of type t, E(t) is the energy for the contact of type t, and V (r) is the volume of
the probe sphere.

List of CED descriptors:

1. CED using only internal contacts with probe spheres of radius 3, 4, 5, 6, 7Å centered
at residue’s Cα atom: ced CA 3, ced CA 4, ced CA 5, ced CA 6 and ced CA 7,

2. CED using only internal contacts with probe spheres of radius 3, 4, 5, 6, 7Å centered
at residue’s LHA atom: ced LHA 3, ced LHA 4, ced LHA 5, ced LHA 6 and ced LHA 7,

3. CED including interchain contacts with probe spheres of radius 3, 4, 5, 6, 7Å centered
at residue’s Cα atom: ced CA IFR 3, ced CA IFR 4, ced CA IFR 5, ced CA IFR 6 and
ced CA 7,

4. CED including interchain contacts with probe spheres of radius 3, 4, 5, 6, 7Å
centered at residue’s LHA atom: ced LHA IFR 3, ced LHA IFR 4, ced LHA IFR 5,
ced LHA IFR 6 and ced LHA 7,

B.1.3 Cross link order

Cross Links are defined as contacts (from five types described above under RESIDUE
CONTACTS) established among residues that are far apart in the protein primary se-
quence, but are close in its 3D fold. The order of cross link is defined as a number of such
contacts (cross-links) established among independent stretches of the protein sequence (the
size of which varies from 15, 20 to 30 amino acids). Only a single occurrence is counted
for the Cross Link Order for a given amino acid residue, even though several such contacts
could be observed “aiming” at the same “contacted” sequence stretch. In other words, a
central amino acid can make more than one contact with the targeted sequence stretch
and each one of those can be established with a different amino acid belonging to that
same stretch of probing sequence size (15, 20 or 30 AAs long).

The higher the order, the more important that residue must be for the protein fold-
ing/stability/ binding. This specific STING descriptor is calculated by varying three input
parameters:

• the size of the sequence stretch separating the residues in contact (15, 20 or 30 AA’s
long),

• the radius size of the probing sphere within which the contacts are counted (3.5, 5
and 8.5 Å), and

• The center of the probing sphere (being either C-α, C-β or Last Heavy Atom in the
side chain).

List of CLO descriptors:

1. CLO with probe sphere centered at the C-α for three different stretch lengths
(15, 20, and 30 AA’s) and three different radii (3.5, 5, and 8.5 Å): clo 35 15 CA,
clo 5 15 CA, clo 85 15 CA, clo 35 20 CA, clo 5 20 CA, clo 85 20 CA, clo 35 30 CA,
clo 5 30 CA, clo 85 30 CA,

2. CLO with probe sphere centered at the C-β for three different stretch lengths (15,
20, and 30 AA’s) and three different radii (3.5, 5, and 8.5 Å): clo 35 15 CB,
clo 5 15 CB, clo 85 15 CB, clo 35 20 CB, clo 5 20 CB, clo 85 20 CB, clo 35 30 CB,
clo 5 30 CB, clo 85 30 CB,
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3. CLO with probe sphere centered at the LHA for three different stretch lengths
(15, 20, and 30 AA’s) and three different radii (3.5, 5, and 8.5 Å): clo 35 15 LHA,
clo 5 15 LHA, clo 85 15 LHA, clo 35 20 LHA, clo 5 20 LHA, clo 85 20 LHA, clo 35 30 LHA,
clo 5 30 LHA, clo 85 30 LHA,

B.1.4 Cross presence order

Cross Presence Order (CPO) is defined as a “presence” within a probing sphere (centered
at a given residue) of any residue that is far apart in the protein primary sequence from
the central residue, but is close in its 3D fold. Remaining details are equivalent to those
described above under cross link order.

List of CPO descriptors:

1. CPO with probe sphere centered at the C-α for three different stretch lengths
(15, 20, and 30 AA’s) and three different radii (3.5, 5, and 8.5 Å): cpo 35 15 CA,
cpo 5 15 CA, cpo 85 15 CA, cpo 35 20 CA, cpo 5 20 CA, cpo 85 20 CA, cpo 35 30 CA,
cpo 5 30 CA, cpo 85 30 CA,

2. CPO with probe sphere centered at the C-β for three different stretch lengths
(15, 20, and 30 AA’s) and three different radii (3.5, 5, and 8.5 Å): cpo 35 15 CB,
cpo 5 15 CB, cpo 85 15 CB, cpo 35 20 CB, cpo 5 20 CB, cpo 85 20 CB, cpo 35 30 CB,
cpo 5 30 CB, cpo 85 30 CB,

3. CPO with probe sphere centered at the LHA for three different stretch lengths
(15, 20, and 30 AA’s) and three different radii (3.5, 5, and 8.5 Å): cpo 35 15 LHA,
cpo 5 15 LHA, cpo 85 15 LHA, cpo 35 20 LHA, cpo 5 20 LHA, cpo 85 20 LHA, cpo 35 30 LHA,
cpo 5 30 LHA, cpo 85 30 LHA,

B.1.5 Curvature

The curvature value for each amino acid is calculated using the Surface Racer [313] pro-
gram. Surface Racer calculates the curvature value first for each atom. Then, a curvature
of residues is obtained as an average of the surface atoms’ curvatures. The curvature is
defined at the atomic level, that is, each atom of the protein is assigned a curvature value
corresponding to the region where it is located on the molecule’s surface. A negative value
is assigned to atoms in concave regions, positive for atoms in convex regions and the value
zero to the buried atoms (atoms not at the protein surface). To assign values to the amino
acid residues of each protein, Blue Star STING calculates the mean curvature considering
only the residues on the protein’s surface (curvature ̸= 0). The curvature description is
calculated for the chain in isolation and in complex with other chains (if present).

Using Surface Racer program we also calculate the accessible surface area (ASA) and
molecular surface area (MSA) for each residue:

List of descriptors produced by Surface Racer:

1. Curvature in isolation: curvature isol

2. Curvature in complex: curvature complex

3. Accessible Surface Area (ASA) in isolation: asa isol,

4. Accessible Surface Area (ASA) in complex: asa complex,

5. Molecular Surface Area (MSA) in isolation: msa isol,

6. Molecular Surface Area (MSA) in complex: msa complex,
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B.1.6 Density and sponge

The Density descriptor is the sum of total or partial atomic masses of atoms within a probe
sphere divided by the volume of such sphere. Following the same kind of approach used
to calculate the Density descriptor, but, instead of adding the total or partial mass of the
atoms inside the spherical probe, in the Sponge descriptor the volume occupied by each
atom is added (using the radius of van der Waals and disregarding the overlap volumes).
This volume is then subtracted from and normalized by the volume of the spherical probe,
resulting in a measure of the empty space in the nanoenvironment around each residue.
Similar to the density calculation, sponge also introduces the same bias for those atoms
located on the surface of the molecule. In the same way as the density descriptor, the Blue
Star STING has pre-calculated 20 types of variations for Density and Sponge, resulting
from the use of a sphere probes with variable radii — from 3 Å to 7 Å, centered on the
α-carbons and LHA of each protein residue, and centered at P and C4 atoms of nucleotide
residues. In addition, chains in isolation and in complex with other chains present in a
given PDB file are considered.

List of Density/Sponge descriptors:

1. Density in isolation for probe sphere radius of 3, 4, 5, 6 and 7 Å centered at Cα:
density CA 3, density CA 4, density CA 5, density CA 6, density CA 7,

2. Density in isolation for probe sphere radius of 3, 4, 5, 6 and 7 Å centered at LHA:
density LHA 3, density LHA 4, density LHA 5, density LHA 6,
density LHA 7,

3. Density in complex for probe sphere radius of 3, 4, 5, 6 and 7 Å centered at Cα:
density CA 3 IFR, density CA 4 IFR, density CA 5 IFR,
density CA 6 IFR, density CA 7 IFR,

4. Density in complex for probe sphere radius of 3, 4, 5, 6 and 7 Å centered at LHA:
density LHA 3 IFR, density LHA 4 IFR, density LHA 5 IFR,
density LHA 6 IFR, density LHA 7 IFR,

5. Density in isolation for probe sphere radius of 3, 4, 5, 6 and 7 Å centered at P atom of
a nucleotide: density P 3, density P 4, density P 5, density P 6, density P 7,

6. Density in isolation for probe sphere radius of 3, 4, 5, 6 and 7 Å centered at C4:
density C4 3, density C4 4, density C4 5, density C4 6, density C4 7,

7. Density in complex for probe sphere radius of 3, 4, 5, 6 and 7 Å centered at P atom
of a nucleotide: density P 3 IFR, density P 4 IFR, density P 5 IFR,
density P 6 IFR, density P 7 IFR,

8. Density in complex for probe sphere radius of 3, 4, 5, 6 and 7 Å centered at C4
atom of a nucleotide: density C4 3 IFR, density C4 4 IFR, density C4 5 IFR,
density C4 6 IFR, density C4 7 IFR,

B.1.7 Electrostatic potential

Electrostatic Potential (EP) is calculated using the program Delphi [314] according to the
modifications done by Walter Rocchia and Goran Neshich [315]. The EP value is calculated
on a per atom basis and then reported for all eligible PDB format files (including those
containing modeled protein structures) in a residue-by-residue fashion. Four pre-calculated
categories are stored for each residue:
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1. EP at the residue’s alpha carbon (CA) atom (ep CA),

2. EP value at the side-chain’s last heavy atom (LHA) of amino acid residue (ep LHA),

3. average EP value over all amino acid atoms (ep average), and

4. EP value averaged over the patch of the molecular surface that is attributable to
that particular amino acid (ep surface).

It is worth noting that the whole nanoenvironment EP plays a major corrective role
in the four final EP reported values.

B.1.8 Entropy density

The Entropy Density descriptor is similar to the Contact Energy Density descriptor, but
instead of the summing contacts energy values within a probe sphere, we use the relative
entropy calculated according to HSSP [316]. Then the sum of relative entropies is divided
by the volume of the probe sphere. Entropy in this case is referred to as disorder observable
at certain location in alignment of homologous primary sequences. The Entropy Density
is calculated by centering the probe sphere at the C-α and LHA atoms of each residue,
and considering both the protein chain in isolation and in complex.

List of Entropy Density descriptors:

1. Probe sphere of radii 3, 4, 5, 6 and 7 Å centered at C-α for protein chain in isolation:
entd CA 3, entd CA 4, entd CA 5, entd CA 6, entd CA 7,

2. Probe sphere of radii 3, 4, 5, 6 and 7 Å centered at LHA for protein chain in isolation:
entd LHA 3, entd LHA 4, entd LHA 5, entd LHA 6, entd LHA 7,

3. Probe sphere of radii 3, 4, 5, 6 and 7 Å centered at C-α for protein chain in complex:
entd CA 3 IFR, entd CA 4 IFR, entd CA 5 IFR, entd CA 6 IFR,
entd CA 7 IFR,

4. Probe sphere of radii 3, 4, 5, 6 and 7 Å centered at LHA for protein chain in complex:
entd LHA 3 IFR, entd LHA 4 IFR, entd LHA 5 IFR, entd LHA 6 IFR, entd LHA 7 IFR,

B.1.9 Graph descriptor

Protein chains can be represented as undirected graphs where the set of vertices is com-
posed of a protein chain’s amino acid residues (or atoms), while the edges of the graph
represent interactions between these residues (or atoms) [317, 318, 319, 320]. In Blue Star
STING, the amino acid residues of a protein were used as a set of vertices, and the set
of edges is defined using previously calculated interatomic contacts. From a graph, it is
possible to obtain several metrics and measures that extract and describe the behavior
of protein chains as networks of interactions between amino acid residues. Representing
geometric and topological properties of protein chains, these metrics can be considered
as structural descriptors of proteins, since the graphs are constructed based on structural
information of the protein chains.

List of Graph descriptors (for a definition of the graph metrics see [321, 322, 323]):

1. Eccentricity: (eccentricity),

2. Radiality Centrality: radiality centrality,
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3. Local Closeness: local closeness,

4. Dice similarity: dice similarity,

5. Mean Neighbor Degree (MND): mean neighbor degree,

6. Local average centrality (LAC): lac,

7. Density of Maximum Neighborhood Component (DMNC): dmnc,

8. Closeness: closeness,

9. Cluster coefficient: cluster coefficient,

10. Degree: degree,

11. Betweenness: betweenness,

12. Random walk betweenness: random walk betweenness,

13. Bary center: bary center,

14. Page rank: page rank,

15. Bottleneck: bottle neck

B.1.10 Hydrophobicity

Blue Star STING calculates hydrophobicity using the hydrophobicity scales defined by
RADZICKA & WOLFENDEN [324] and KYTE & DOOLITTLE [325]. The Hydropho-
bicity of an amino acid residue i (where i is the residue sequence position in the protein’s
primary structure), of type t, is calculated using the value stipulated in above mentioned
scales, weighted by the relative accessibility to the solvent (accmax). We calculate hy-
drophobicity for each residue using the accessibilities for the protein chain in isolation and
in complex.

Hydrophobicityi =
acci
acctmax

∗HydrophobicitySt (B.4)

where acci is the accessibility of residue i (in isolaiton or in complex), acctmax is the
absoluute accessibility for the residue of type t and HydrophobicitySt is the hydrophobicity
for the residue of type t as defined in the scale S.

List of hydrophobicity descriptors:

1. Hydrophobicity in isolation using the RADZICKA & WOLFENDEN scale:
hydro radzicka isol surfv, hydro radzicka isol naccess and
hydro radzicka isol nsc,

2. Hydrophobicity in complex using the RADZICKA & WOLFENDEN scale:
hydro radzicka complex surfv, hydro radzicka complex naccess and
hydro radzicka complex nsc,

3. Hydrophobicity in isolation using the KYTE & DOOLITTLE scale:
hydro kite dolitte isol surfv,
hydro kite dolitte isol naccess and hydro kite dolitte isol nsc,

4. Hydrophobicity in complex using the KYTE & DOOLITTLE scale:
hydro kite dolitte complex surfv,
hydro kite dolitte complex naccess

and hydro kite dolitte complex nsc,
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B.1.11 Residue contacts

Amino acid contacts in terms of atomic interactions are essential factors to be considered
in the analysis of a protein’s structure and its complexes. Residue-residue contacts are
calculated according to description given in Mancini et al. [201]. Contact types considered
in STING RDB are:

1. Hydrophobic interactions (energy: 0.6 Kcal/mol),

2. Hydrogen Bonding (energy: 2.6 Kcal/mol),

3. Aromatic Stacking (energy: 1.5 Kcal/mol),

4. Salt bridging (energy: 10.0 Kcal/mol),

5. Cysteine-bridging (energy: 85.0 Kcal/mol).

B.1.12 Secondary structure

In Blue Star STING, there are three different secondary structure assignments for an
amino acid residue, obtained by consulting information contained in the PDB files them-
selves (when available) and those calculated by softwares DSSP [326] and STRIDE [327].
Often, the types of secondary structures, as well as the initial and final amino acid position
in addition to sizes of particular secondary structure elements (SSE), diverge between the
different classifications. Thus, with the presence of values/descriptions in STING RDB
coming from three different sources, it is possible to obtain a consensus and find regions
with more reliable secondary structures assignments. Noteworthy is the observation that
some protein districts appear to have preferences to specific secondary structure config-
uration in order to perform certain function (structural or enzymatic). Each program
(DSSP and STRIDE) produces different outputs, which we store in STING RDB2. In
order to make them comparable we provide a mapping between the program’s secondary
structure encoding schema to a common schema: H (alpha helix); G (310 helix); I (Pi
Helix); E or D (extended strand in parallel and/or anti-parallel B-sheet conformation); B
or b (isolated B-bridge); T (turn); C (coil); S (bend).

List of descriptors produced by DSSP:

1. Secondary structure: one of the codes in the common schema (secondary structure),

2. Kappa: virtual bond angle (bend angle) defined by the three Cα atoms of residues
i− 2, i, i+ 2. Used to define bend (structure code S) (kappa),

3. Dihedral angles ϕ and ψ (psi and psi),

4. Accessibility: DSSP calculated accessibility (accessibility)

List of descriptors produced by STRIDE:

1. Secondary structure: one of the codes in the common schema (secondary structure),

2. Secondary structure elements: delimitation of starting and ending residues of a SS
element (consecutive residues forming a major SS) - first residue in a SS element
(>), last residue in a SS element (<) and a residue within a SS element (=),

3. Dihedral angles ϕ and ψ (psi and psi),

4. Accessibility: DSSP calculated accessibility (accessibility)
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B.1.13 Side chain orientation

The side chain orientation [328] is calculated for each amino acid residue in a protein
chain as an angle formed between two vectors: Cα-CENTROID and Cα-LHA. The Cα-
CENTROID is the vector from the C-α atom of an amino acid residue to the center of
mass of a specific region (probe sphere), and the Cα-LHA is the vector from the C-α
atom to the Last Heavy Atom of that same amino acid residue. Then, for each amino
acid residue, we calculate how much their side chains (Cα-LHA vector) deviate from the
vector pointing to the center of mass of the probing sphere. Additionally, we also calculate
the average angle of all amino acid residues found within the probing sphere. Finally, we
subtract that angle calculated for each amino acid separately, from the average one, giving
us a description of how divergent or convergent the side chain of any residue is compared
to its neighbors.

List of Side Chain Orientation descriptors:

1. Side chain orientation angle for probe sphere of radii 3, 4, 5, 6, and 7 Å:
side chain angle 3, side chain angle 4, side chain angle 5,
side chain angle 6, side chain angle 7,

2. Side chain orientation using average angle for probe sphere of radii 3, 4, 5, 6, and
7 Å:
side chain average angle 3, side chain average angle 4,
side chain average angle 5, side chain average angle 6,
side chain average angle 7,

3. Side chain orientation angle of neighbor atoms for probe sphere of radii 3, 4, 5, 6,
and 7 Å: neighbors side chain angle 3, neighbors side chain angle 4,
neighbors side chain angle 5, neighbors side chain angle 6,
neighbors side chain angle 7

B.1.14 Solvation (energy)

The solvation energy corresponds to the energy of atom bonds established between the
solute and the solvent. In case the solvent is water, this is also called the free energy of
hydration. From the relative solvent accessible area of each protein atom, it is possible to
calculate approximately the free energy of hydration that originates from the interactions
between such atoms and the water molecules (solvent) [329]). The free energy of hydration
of the i-th atom of an amino acid residue is calculated as the product of its experimentally
determined atomic solvation parameter (gi) and the relative solvent accessible area (RSA).
The sum of the free energies of hydration of the atoms that make up the residue r and
the atoms in the vicinity of r, normalized by the sum of the relative areas accessible to
the solvent of all atoms considered, gives the solvation energy of the residue r (Gr) with
the formula:

Gr =

∑
i giASArelative∑
iASArelative

(B.5)

List of Solvation descriptors:

1. Solvation for pobre sphere of radii 3, 4, 5, 6, and 7 Å: solvation 3, solvation 4,
solvation 5, solvation 6, solvation 7
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B.1.15 Unused contacts

Each residue can make certain (maximum) number of contacts. The difference between
the maximum number of contacts and the contacts established is defined as “unused
contacts”. We maintain a table describing the maximum number of interatomic contacts
identified for each of the 20 amino acid types (http://www.cbi.cnptia.embrapa.br/SMS/
STINGm/help/table_of_max_number_contacts.html). The contacts are classified by the
contact type (and residue type) and were extracted only from those PDB files containing
the structures resolved by the X-ray crystallography and having the resolution better or
equal to 2.0 Å. Furthermore, structures with identified double occupancy atoms, were not
considered. This table is consulted with every PDB update and if necessary, numbers
in the table are updated to reflect possible changes in occurrence of maximum number
of contacts for each contact type and each residue type. When the table is updated the
Unused Contacts descriptor is recalculated for all structures in the PDB.

List of Unused Contacts descriptors:

1. Number of unused contacts per contact type:

• Hydrophobic: hydrophobic uc,

• Charge attractive: charge attr uc,

• Charge repulsive: charge repu uc,

• H-Bond between atoms of the residues’ main chains, including zero, one or two
intermediate waters: hb mm uc, hb mwm uc and hb mwwm uc,

• H-Bond between atoms of the residues’ side chains, including zero, one or two
intermediate waters: hb ss uc, hb sws uc and hb swws uc,

• H-Bond between atoms of the residues’ main chain and side chain , including
zero, one or two intermediate waters: hb ms uc, hb mws uc and hb mwws uc,

• Aromatic: aromatic uc,

• Disulfide bridge: ss bond uc

2. Energy of unused contacts per contact type:

• Hydrophobic: hydrophobic uc energy,

• Charge attractive: charge attr uc energy,

• Charge repulsive: charge repu uc energy,

• H-Bond between atoms of the residues’ main chains, including zero, one or two
intermediate waters: hb mm uc energy, hb mwm uc energy and
hb mwwm uc energy,

• H-Bond between atoms of the residues’ side chains, including zero, one or two
intermediate waters: hb ss uc energy, hb sws uc energy and
hb swws uc energy,

• H-Bond between atoms of the residues’ main chain and side chain , including
zero, one or two intermediate waters: hb ms uc energy, hb mws uc energy and
hb mwws uc energy,

• Aromatic: aromatic uc energy,

• Disulfide bridge: ss bond uc energy

http://www.cbi.cnptia.embrapa.br/SMS/STINGm/help/table_of_max_number_contacts.html
http://www.cbi.cnptia.embrapa.br/SMS/STINGm/help/table_of_max_number_contacts.html
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B.1.16 Weighted contact number

The Weighted Contact Number (WCN) is a measure of backbone flexibility of amino acid
residues [328]. For each amino acid residue in the protein chain we calculated the WCN
and average WCN according to the following equations:

WCNi =
∑
j ̸=i

1

r2ij
(B.6)

where j is any other residues in the protein chain and r2ij is the squared distance between
the Cα atoms of residue i and j, and

WCNi =
∑
j∈k

zj
K

(B.7)

where k are the nearest neighbors of residue i (square euclidean distance between Cα
atoms), zj is the normalized WCN of residue j (z-score) and K is the number of nearest
neighbors residue (|k| ≤ K).

List of Weighted Contact Number descriptors:

1. Weighted contact number: weighted contact number,

2. Average Weighted contact number for layers (k) of 2, 3, 4 and 5:
avg weighted contact number k 2, avg weighted contact number k 3,
avg weighted contact number k 4, avg weighted contact number k 5

B.1.17 Neighbor descriptors

In addition to the previously described descriptors, we calculated a class of descriptors
called Neighbor Descriptors. The Neighbor Descriptors (ND) are calculated by performing
an aggregation of a base descriptor using a neighborhood definition.

Weighted neighbor average descriptor

This descriptor is a type of a Neighbor Descriptor (ND) inspired by the work of POROLLO
& MELLER [330]. The Weighted Neighbor Average or simply WNA were calculated
and stored. There are two Weighted Neighbor Average (WNA) descriptors for each base
descriptor in Blue Star STING. The first of them uses values of the relative accessibility
(RSA) for the neighboring residues used for adding specific weight to the base descriptors
(therefore yielding the WNASurface), and the second one uses the inverse of the distance
between the central residue and its neighbors (WNADistance). To define the neighborhood
for a selected residue, a sphere of 15 Å radius centered on residue’s α-carbon was used. In
the case of WNASurface descriptors that use relative accessibility as a weighting factor,
only residues with a relative area accessible to the solvent greater than 5% are considered.
The neighbor descriptors are calculated for all numerical descriptors in Blue Star STING.

For each base descriptor di of a residue i the WNASurface descriptor is calculated as
follows:

WNASurfacei =

∑
j∈Ni∧acc rsaj>5% acc rsaj ∗ dj

V (r)
(B.8)

where Ni is the set of neighbor residues of the residue i (including i itself), acc rsaj is
the RSA of residue j, dj is the value of the base descriptor for residue j and V (r) is the
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volume of the sphere (i.e., the neighborhood). In this work we use r = 15 Å.
The WNADistance descriptor is calculate as:

WNADistancei =

∑
j∈Ni

dj
Di,j

V (r)
(B.9)

where Di,j is the euclidean distance between residues i and j.

Sliding window neighbor descriptor

The Sliding Window (SW) uses the primary structure to define the neighborhood of a
residue. For each base descriptor di of a residue i the SW descriptor is calculated as
follow:

SWi =

∑
(i−L/2)≤j≤(i+L/2) di

L
(B.10)

where L is the window length and j is a sequence neighbor of residue i.
STING RDB2 stores SW descriptors calculated using four window lengths: 3, 5, 7,

and 9 amino acids. The SW descriptors are calculated for all numerical descriptors and
they are named in the form base descriptor name SW L.

Graph neighbor descriptor

In the same way as the graphs are constructed to represent protein chains, they can be used
to define a neighborhood. The neighborhood can then be used for calculating neighbor
descriptors.

For this, a maximum value is defined for the neighborhood size (K), representing the
number of edges or the length of the shortest path between a central residue and its
neighbors. That is, for K = 1, only the vertices immediately adjacent to the central
atom are considered as neighbors. In the case of K = 2, the adjacent neighbors plus the
neighbors of these neighbors are considered, and so on for larger values of K. Therefore,
let ri be any amino acid residue and fi be a base descriptor for this residue, then the
Graph Neighbor (GN) descriptor can be calculated for the neighborhood (gfi) from the
graph G(V,E), where V is the set of vertices or amino acid residues and E is the set of
edges or contacts. Considering as “neighbors” of the vertex ri, those amino acid residues
that were visited by a minimum path of a maximum length (equal to K), where di,j is the
distance (number of edges) between the residue and its neighbor j, the calculation of gfi
is performed considering different weights for the neighboring layers (k = 1, 2, 3, ...,K):

gfi = fi +
K∑
k=1

∑
∀j|d(i,j)<k fj

k2
(B.11)

The STING RDB2 stores pre-calculated GN descriptor using K = 6, and the descriptors
are named in the form: base descriptor name GN.

B.1.18 All descriptors

For all descriptors used in this work, we used STING SDLg (Sting Data Library generator)
to calculate them in all possible variants (meaning, using all values for variables used
to calculate each one of them) and to apply batch calculations on sgRNA-DNA-Cas9
complexes modeled in the molecular dynamics simulations as described previously.
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B.2 Supplementary methods

B.2.1 SHAP model interpretation

We compute feature counts and SHAP importances of parent descriptor classes for each
residue cluster by stratifying features into their respective residue clusters.

Cas9 residues may be on the surface of the isolated protein, the surface of the Cas9
complex, and/or the interface between Cas9 and non-Cas9 components in the complex.
However, unlike the previous properties, these properties dynamically change across dif-
ferent PDB snapshots. For example, a residue may be on the interface in some snapshots
but not in others. Based on the above, we compute:

• the average number of surface residues 1
|D|
∑|D|

i=1 α
(i)
r and non-surface residues 1

|D|
∑|D|

i=1(1−
α
(i)
r )

• the SHAP importance of surface residues Isurface = 1
|D| |

∑
r∈R(α

(i)
r
∑

j∈F (r) ϕ
(i)
j )| and

non-surface residues Inon-surface = 1
|D| |

∑
r∈R((1 − α

(i)
r )
∑

j∈F (r) ϕ
(i)
j )|

• the average number of interface residues 1
|D|
∑|D|

i=1 α
(i)
r,IFR and non-interface residues

1
|D|
∑|D|

i=1(1 − α
(i)
r,IFR) ; and

• the SHAP importance of interface residues Iinterface = 1
|D|
∑

r∈R(α
(i)
r,IFR

∑
j∈F (r) ϕ

(i)
j )|

and non-interface residues Inon-surface = 1
|D| |

∑
r∈R((1 − α

(i)
r,IFR)

∑
j∈F (r) ϕ

(i)
j )|

where:

• R is the set of residues in STING CRISPR;

• F (r) is the set of features with residue r;

• α
(i)
r = 1 if residue r is a surface residue in PDB snapshot i, and 0 otherwise; and

• α
(i)
r,IFR = 1 if residue r is an interface residue in PDB snapshot i, and 0 otherwise.

We also compute the fraction of snapshots in which a residue is a surface or an interface

residue, which are given by 1
|D|
∑|D|

i=1 α
(i)
r and 1

|D|
∑|D|

i=1 α
(i)
r,IFR, respectively. We repeat the

above calculations for the three accessibility tools SurfV [1], NACCESS [2] and NSC [3].
We use bar plots to visualize the above SHAP importances, and use a heatmap to visualize
the fractions.

To quantify the importance of HPR for predicting CRISPR-Cas9 cleavage activity,
we repeat the same training procedure, but considered the 13611̇671 = 2274231 features
spanning Cas9 residues 3 − 1363 in place of the 380 HPRs, thereby obtaining a different
model STING CRISPR ALL. HPRs are not always proximal to the heteroduplex in all
PDB snapshots. Because of this, using STING CRISPR ALL, we calculate:

• feature counts of HPRs 1
|D|
∑|D|

i=1 δ
(i)
r,HPR and non-HPRs 1

|D|
∑|D|

i=1(1 − δ
(i)
r,HPR);

• SHAP importance of HPRs 1
|D|
∑|D|

i=1 |
∑

r∈R δ
(i)
r,HPR(

∑
j∈F (r) ϕ

(i)
j )|; and

• SHAP importance of non-HPRs 1
|D|
∑|D|

i=1 |
∑

r∈R(1 − δ
(i)
r,HPR)(

∑
j∈F (r) ϕ

(i)
j )|,
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where δ
(i)
r,HPR = 1 if residue r is a HPR in PDB snapshot i, and 0 otherwise, and F (r) is

the set of features with residue r, and use heatmaps to visualize the importances.
We also project residue importances onto the heteroduplex bases to measure their

importances. Namely, for a given heteroduplex base b, we can quantify its importance

Ib by the following equation: Ib =
∑|D|

i=1 |
∑

r∈R(b) d
(i)
r (
∑

j∈F (r) ϕ
(i)
j )|, where R(b) denotes

the set of residues whose α-carbon atom is 3-7 Å away from the C4’ atom of base b.
Similarly, we can also quantify the SHAP importance of residue-base pairs by calculating

Ib,r =
∑|D|

i=1 |d
(i)
r (
∑

j∈F (r) ϕ
(i)
j )|.

B.2.2 Raw data
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Figure B.1: CRISPR-Cas9 (off-)target cleavage activity for on- and off-target interfaces
listed in Table B.1, ultimately from Jone Jr. et al. [156]. The nucleotide sequence under
the x-axis shows the nucleotides in the on-target interface’s non-target strand, and the
dots’ colors show the resulting mutated nucleotide at the particular nucleotide position.
The horizontal dotted line shows the on-target’s activity, and the vertical dotted line
separates PAM-distal positions (+20 to +11) from PAM-proximal positions (+10 to +1).
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Target Type CMUT Target Site (Non-Target Strand) Mutation
CRISPR-Cas9

Cleavage Activity

On-target CMUT1 GACGCATAAAGATGAGACGCTGG None 0.0928059068718

Off-target CMUT2 GCCGCATAAAGATGAGACGCTGG A19C 0.0787201649863
CMUT8 GGCGCATAAAGATGAGACGCTGG A19G 0.181542289862
CMUT4 GTCGCATAAAGATGAGACGCTGG A19T 0.114618189415
CMUT5 GAAGCATAAAGATGAGACGCTGG C18A 0.132345410767
CMUT3 GAGGCATAAAGATGAGACGCTGG C18G 0.119446527474
CMUT7 GATGCATAAAGATGAGACGCTGG C18T 0.14436947128
CMUT10 GACACATAAAGATGAGACGCTGG G17A 0.115995295517
CMUT13 GACCCATAAAGATGAGACGCTGG G17C 0.106781628351
CMUT19 GACTCATAAAGATGAGACGCTGG G17T 0.0932489445754
CMUT21 GACGAATAAAGATGAGACGCTGG C16A 0.0196421394474
CMUT9 GACGGATAAAGATGAGACGCTGG C16G 0.00859648371669
CMUT12 GACGTATAAAGATGAGACGCTGG C16T 0.111148283845
CMUT29 GACGCCTAAAGATGAGACGCTGG A15C 0.0945242769362
CMUT23 GACGCGTAAAGATGAGACGCTGG A15G 0.000971813092723
CMUT27 GACGCTTAAAGATGAGACGCTGG A15T 0.00493182712775
CMUT17 GACGCAAAAAGATGAGACGCTGG T14A 0.00208172468785
CMUT30 GACGCACAAAGATGAGACGCTGG T14C 0.0235738673331
CMUT28 GACGCAGAAAGATGAGACGCTGG T14G 0.000458729016148
CMUT25 GACGCATCAAGATGAGACGCTGG A13C 0.00116725554782
CMUT20 GACGCATGAAGATGAGACGCTGG A13G 0.00389589061704
CMUT26 GACGCATTAAGATGAGACGCTGG A13T 0.0111729840733
CMUT18 GACGCATACAGATGAGACGCTGG A12C 0.00228748213652
CMUT14 GACGCATAGAGATGAGACGCTGG A12G 0.0201204142155
CMUT24 GACGCATATAGATGAGACGCTGG A12T 0.0815231184044
CMUT22 GACGCATAACGATGAGACGCTGG A11C 0.00465650328521
CMUT16 GACGCATAAGGATGAGACGCTGG A11G 0.00586891296755
CMUT11 GACGCATAATGATGAGACGCTGG A11T 0.0561840566924

Off-target
(unused)

CMUT6 AACGCATAAAGATGAGACGCTGG G20A 0.0702299155412

CMUT15 TACGCATAAAGATGAGACGCTGG G20T 0.191606618035

Table B.1: The 30 (1 on-target and 29 off-target) CRISPR-Cas9 guide-target interfaces
initially considered in this study. Sorted by mismatch position, 27 of the 29 off-target inter-
faces consist of single mismatches +19 to +11 nucleotides away from the PAM. Cleavage
activity values are extracted from the column “wtCas9 cleave rate log” within Supple-
mentary File 2 of Jones Jr. et al. [156]. All-atom molecular dynamic trajectories are
not produced for CMUT6 and CMUT15, and thus they are discarded when creating the
machine learning dataset.
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B.2.3 Heteroduplex-proximal residues

This study considers six sets of sgRNA-TS heteroduplex-proximal residues (HPRs): one
for each fold during five-fold cross validation and one for the train-test split. In summary,
all six HPR sets share the following Cas9 residues: 13, 56, 57, 58, 59, 60, 61, 62, 63, 64,
65, 66, 67, 68, 69, 70, 71, 72, 73, 74, 75, 78, 136, 139, 160, 161, 162, 163, 164, 165, 166,
167, 168, 169, 170, 171, 218, 249, 260, 263, 265, 266, 267, 268, 269, 270, 271, 301, 317,
321, 324, 362, 364, 365, 366, 367, 368, 369, 370, 371, 374, 396, 400, 401, 402, 403, 404,
405, 406, 407, 408, 409, 410, 411, 412, 414, 415, 443, 444, 445, 446, 447, 448, 449, 450,
451, 452, 453, 454, 455, 456, 460, 461, 462, 463, 464, 465, 475, 478, 488, 489, 491, 492,
493, 494, 495, 496, 497, 498, 499, 500, 501, 503, 506, 507, 508, 509, 510, 511, 515, 516,
518, 519, 520, 521, 522, 523, 524, 525, 526, 527, 528, 529, 536, 537, 538, 539, 557, 558,
559, 560, 561, 580, 581, 582, 583, 584, 585, 586, 587, 588, 589, 590, 591, 592, 624, 625,
626, 627, 628, 631, 655, 656, 657, 658, 659, 660, 661, 662, 663, 666, 667, 683, 688, 689,
690, 691, 692, 693, 694, 695, 696, 697, 698, 699, 700, 701, 702, 705, 708, 709, 711, 712,
713, 714, 715, 716, 717, 718, 719, 720, 721, 722, 723, 724, 725, 726, 727, 728, 729, 730,
731, 732, 733, 734, 737, 761, 763, 764, 765, 766, 767, 768, 769, 770, 771, 772, 773, 774,
775, 776, 777, 778, 779, 780, 781, 782, 783, 784, 802, 803, 804, 806, 807, 808, 809, 810,
812, 816, 833, 834, 835, 836, 837, 838, 839, 840, 842, 843, 844, 845, 846, 847, 848, 849,
850, 851, 852, 853, 854, 855, 859, 860, 861, 862, 864, 866, 867, 868, 869, 893, 895, 896,
908, 913, 916, 917, 918, 919, 920, 921, 922, 923, 924, 925, 926, 927, 928, 929, 930, 931,
932, 933, 936, 937, 941, 948, 949, 951, 955, 956, 957, 958, 959, 960, 961, 1003, 1004, 1005,
1006, 1007, 1008, 1009, 1010, 1011, 1012, 1013, 1014, 1015, 1016, 1017, 1018, 1019, 1020,
1021, 1022, 1023, 1024, 1025, 1026, 1027, 1028, 1029, 1030, 1031, 1032, 1033, 1034, 1035,
1036, 1038, 1039, 1106, 1107, 1108, 1109, 1110, 1111, 1122, 1134, 1135, 1136, 1138. Each
HPR set additionally have the following residues:

• Fold 0 (15 extra residues): 261, 416, 512, 621, 629, 710, 762, 813, 858, 863, 870, 910,
934, 938, 940;

• Fold 1 (16 extra residues): 217, 261, 416, 490, 512, 621, 629, 710, 762, 813, 858, 863,
870, 910, 934, 940;

• Fold 2 (13 extra residues): 217, 261, 416, 490, 621, 629, 710, 762, 813, 858, 870, 910,
938;

• Fold 3 (13 extra residues): 217, 261, 416, 490, 512, 629, 762, 858, 863, 910, 934, 938,
940;

• Fold 4 (11 extra residues): 217, 490, 512, 621, 710, 813, 863, 870, 934, 938, 940

• Train-test split (17 extra residues): 217, 261, 416, 490, 512, 621, 629, 710, 762, 813,
858, 863, 870, 910, 934, 938, 940

In terms of counts, HPRs for the five folds have 378, 379, 376, 376 and 374 residues,
respectively, and the train-test split HPR has 380 residues.

B.2.4 STING CRISPR: an ExtraTrees model with Cas9 STING fea-
tures

Table B.3 lists all 21 features grouped by STING descriptors. In total, there are 9 unique
descriptor classes, 16 unique descriptors and 15 unique amino acids (136, 271, 317, 406,
730, 731, 732, 733, 734, 837, 838, 839, 925, 1015, 1016) among the amino acid-specific
STING descriptor features.
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Parent descriptor class (neighbor aggregations) No. of descriptors No. of features

Accessibility 15 5700
Cross Link Order (GN, SW, WNA, VD) 216 (= 27 + 108 + 54 + 27) 82080
Cross Presence Order (GN, SW, WNA, VD) 216 (= 27 + 108 + 54 + 27) 82080
Curvature (GN, SW, WNA, VD) 96 (= 12 + 48 + 24 + 12) 36480
Density (GN, SW, WNA, VD) 160 (= 20 + 80 + 40 + 20) 60800
Sponge (GN, SW, WNA, VD) 160 (= 20 + 80 + 40 + 20) 60800
Contact Energy Density (GN, SW, WNA, VD) 160 (= 20 + 80 + 40 + 20) 60800
DSSP 15 5700
Stride 13 4940
Electrostatic Potential (GN, SW, WNA, VD) 32 (= 4 + 16 + 8 + 4) 12160
Entropy Density (GN, SW, WNA, VD) 160 (= 20 + 80 + 40 + 20) 60800
Graph Descriptor (GN, SW, WNA, VD) 128 (= 16 + 64 + 32 + 16) 48640
Hydrophobicity 12 4656
Residue Contact (GN, SW, WNA, VD) 72 (= 9 + 36 + 18 + 9) 27360
Side Chain Orientation (GN, SW, WNA, VD) 120 (= 15 + 60 + 30 + 15) 45600
Solvation (GN, SW, WNA, VD) 40 (= 5 + 20 + 10 + 5) 15200
Unused Contacts (GN, SW, WNA, VD) 16 (= 2 + 8 + 4 + 2) 6080
Weighted Contact Number (GN, SW, WNA, VD) 40 (= 5 + 20 + 10 + 5) 15200

Total 1671 634980

Table B.2: Number of descriptors and features generated from the 60 STING descriptor
classes used for characterizing CRISPR-Cas9’s internal protein nanoenvironment in this
study. The left column lists the 17 parent descriptor classes and their corresponding list of
relevant neighbor aggregation methods (GN = Graph Neighbors, SW = Sliding Window,
WNA = Weighted Neighbor Average, VD = Voronoi Diagram). The middle column
shows the total number of descriptors for each parent descriptor class, with a breakdown
of the count enclosed in parentheses if neighbor descriptors are used instead. The right
column shows the number of residue-resolved features considered as ML input features
for each parent descriptor class when building STING CRISPR. For STING CRISPR,
we use 380 sgRNA-target strand DNA heteroduplex-proximal residues in order to model
the CRISPR-Cas9 protein 3D nanoenvironment close to the sgRNA-target strand DNA
heteroduplex. As a result, numbers on the right column is calculated by multiplying the
number of descriptors by 380, the number of heteroduplex-proximal residues. In total,
there are 634980 amino acid-resolved features considered in this study.
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Parent descriptor class Neighbour Type Descriptor name
CRISPR-Cas9

residue(s)

Accessibility - acc ifr surfv 730
Accessibility - acc isol surfv 837
Contact Energy Density VD ced CA 4 VD 837
Contact Energy Density WNA ced LHA 4 WNADist 164
Cross Presence Order SW cpo 85 30 CB SW 3 730
Cross Presence Order WNA cpo 85 30 CB WNADist 136
Cross Presence Order WNA cpo 85 15 CB WNADist 908
Density GN density CA 7 IFR GN 415
Density SW density LHA 6 SW 3 408
Density SW density LHA 7 SW 7 734
Density SW density CA 4 SW 3 919
Density SW density LHA 6 SW 3 1017
Density VD density LHA 5 IFR VD 402
Density VD density CA 7 VD 732
Electrostatic Potential GN ep average GN 317
Electrostatic Potential WNA ep average WNADist 839
Entropy Density SW entd CA 5 SW 5 268
Entropy Density VD entd CA 5 VD 837
Entropy Density WNA entd CA 3 WNADist 415
Entropy Density WNA entd CA 6 WNADist 838
Graph Descriptor SW betweenness SW 7 1122
Graph Descriptor VD closeness VD 728
Side Chain Orientation SW side chain angle 3 SW 7 411

Side Chain Orientation VD
neighbors side chain

angle 3 VD
733

Solvation VD solvation 4 VD 1010
Sponge SW sponge CA 6 IFR SW 5 408
Sponge SW sponge CA 7 SW 5 1016

Weighted Contact Number GN
avg weighted contact

number k 5 GN
732

Weighted Contact Number SW
weighted contact

number SW 9
733

Weighted Contact Number SW
avg weighted contact

number k 3 SW 9
1025

Table B.3: The 30 input features used in STING CRISPR. Features are grouped by de-
scriptor classes (in alphabetical order), and subsequently sorted in ascending CRISPR-
Cas9 residue numbers.
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Figure B.2: SHAP summary plot for the 30 input features in STING CRISPR for all 672
PDB snapshots.
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Figure B.3: (A, B) The number of features in STING CRISPR present for each neighbor
aggregation method (A) and descriptor class (B), sorted by decreasing feature counts.
(Bottom) SHAP importance of neighbor aggregation methods (C) and descriptor classes
(D) in STING CRISPR, sorted by descending SHAP importance.
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Figure B.4: Fraction of the 672 snapshots where a residue in STING CRISPR is a surface
residue in isolation, a surface residue in complex, or is on the interface when accessibility
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Figure B.5: Average number of residues (top) and SHAP importances (bottom) of surface
vs. non-surface residues in complex (left), interface vs. non-interface residues (middle),
and heteroduplex-proximal residues vs. non-heteroduplex-proximal residues (right). Plots
A and C use SurfV [1] to determine whether a residue is on the complex’s surface or the
interface. Results similar plots A and C are obtained when using other tools (NACCESS [2]
and NSC [3]) for measuring solvent accessible area, and/or when categorizing by surface
vs. non-surface residues in isolation.
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Figure B.6: Analysis of 4 residue groups (group 1: 1016, 1017; group 2: 728, 730, 732-734;
group 3: 837-839; group 4: 136, 164, 317, 402, 408, 411, 415) and other residues (908, 919,
268, 1122, 1010 and 1025) identified by STING CRISPR. (Top) Feature counts (left) and
SHAP importance (right) of the 4 residue groups and other residues. (Middle) Feature
counts of parent descriptor classes for the 4 residue groups. (Bottom) SHAP importance
of parent descriptor classes for the 4 residue groups.
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Figure B.7: Number of PDB snapshots where a specific amino acid residue has its α-
carbon atom 3 − 7Å away from a specified sgRNA or TS nucleotide’s C4’ atom, for the
20 CRISPR-Cas9 residues in STING CRISPR. The maximum count for a given heatmap
cell is 672. Grey cells indicate a count of zero.
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B.2.5 sgRNA-target DNA strand heteroduplex stability
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Figure B.8: (Left) Sum of the 19 PAM-proximal base pair distances in the sgRNA-TS het-
eroduplex for the 28 guide-target interfaces, categorized by activity level. On-target refers
to the MD trajectory with no base pair mismatches in the heteroduplex. Low, medium
and high refer to MD trajectories with CRISPR-Cas9 off-target cleavage activity < 0.01,
0.01 − 0.1 (excluding on-target interface), and > 0.1, respectively. (Right) Scatter plot of
the sum of the 19 heteroduplex base pair distances in the sgRNA-TS heteroduplex versus
CRISPR-Cas9 off-target cleavage activity levels, with Spearman and Pearson correlations
0.418 and 0.503, respectively.

B.2.6 Holding out trajectories as test sets

Test sets for each fold of the five-fold cross validation was constructed by binning snapshots
associated with the trajectory with the nth lowest cleavage activity in to the test partition
of fold n mod 5, and into the training partition in the other folds. We then used these
train-test splits to train linear, ridge, XGBoost, extra trees, and LightGBM regression
models, all using default parameters. After model training, we compared the distribution
of test squared errors between trained LightGBM models in each of the 5 folds and STING-
CRISPR on the last four snapshots of the 5-fold test trajectories.
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Figure C.1: ML/DL model comparison between individual Cas9 cleavage activ-
ity tools (i.e., DeepSpCas9 [5], DeepHF [4], DeepxCas9 [6], DeepSpCas9-NG [6],
DeepSpCas9variants [7], DeepSmallCas9 [8], DeepSniper [10], DeepCas9variants [9]),
STING CRISPR, PLM-CRISPR and DeepEmbCas9. A single ML/DL model (DeepEmb-
Cas9) is built for 40 Cas9 variants, while ML/DL-based individual Cas9 cleavage activity
models (Deep*Cas9) are built for each. PLM CRISPR only considers 7 SpCas9 variants
(including wild type SpCas9). Owing to limited computational resources, STING CRISPR
can only predict wild type SpCas9 cleavage activity for an extremely limited set of guide-
target interfaces.
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C.1.2 Dataset

RuvC-I BH REC1-A REC-insert REC1-B REC2 Linker RuvC-II L1 L2HNH RuvC-III PLL WED PI

Cas9 variant regions

RuvC-I BH REC1-A REC2 REC1-B REC3 Linker 
loop RuvC-II L1 L2HNH RuvC-III PLL WED PI

SpCas9

1 60 92 180 308 480 712 718 765 777 906 924 1098 1112 1138 1368

SaCas9*

RuvC-I BH REC Linker RuvC-II L1 L2HNH RuvC-III PLL WED PI

1 41 74 426 435 481 520 629 650 775 788 910 1053

SaCas9

RuvC-I BH REC Linker RuvC-II L1 L2HNH RuvC-III PLL WED PI

1 42 75 427 436 482 521 630 651 776 789 911 1054

RuvC-I BH REC1-A Wing REC1-B REC2 RuvC-II L1 L2HNH RuvC-III PLL WED PI

St1Cas9
1 36 73 167 181 231 466 514 549 665 679 819 831 963 1121

sRGN3.1

RuvC-I BH REC Linker
loop RuvC-II L1 L2HNH RuvC-III PLL WED PI

1 41 74 431 440 486 525 634 655 778 791 912 1057

SlugCas9

RuvC-I BH REC Linker
loop RuvC-II L1 L2HNH RuvC-III PLL WED PI

1 41 74 428 437 483 522 631 652 775 788 909 1054

SauriCas9

RuvC-I BH REC Linker
loop RuvC-II L1 L2HNH RuvC-III PLL WED PI

1 46 79 434 443 489 528 637 658 775 794 915 1061

Sa-SlugCas9

RuvC-I BH REC Linker
loop RuvC-II L1 L2HNH RuvC-III PLL WED PI

1 41 74 426 435 481 520 629 650 775 788 910 1055

RuvC-I BH REC1 REC2 RuvC-II HNH RuvC-III PLL WED PI

CjCas9

1 45 77 235 427 481 541 778 792 828 984

RuvC-I BH REC1 REC2 RuvC-II L1 L2HNH RuvC-III PLL WED PI

Nm1Cas9

1 55 91 247 455 541 655 842 851 946 1082510 667

RuvC-I BH REC1 REC2 RuvC-II L1 L2HNH RuvC-III PLL WED PI

Nm2Cas9

1 55 91 247 455 541 655 842 850 946 1082510 667

RuvC-I BH REC1-A REC2 REC1-B REC2 RuvC-II L1 L2HNH RuvC-III PLL WED PI

ScCas9

1 60 94 174 308 505 728 774 789 915 935 1108 1121 1147 1375

Figure C.3: Cas9 regions used for partitioning Cas9 variants. Top row shows the list of
Cas9 regions, and the subsequent rows show the partitioning for the base Cas9 nucleases
SpCas9, SaCas9*, SaCas9, St1Cas9, sRGN3.1, SlugCas9, SauriCas9, Sa-SlugCas9, CjCas9,
Nm1Cas9, Nm2Cas9 and ScCas9. Identical partitionings are used for Cas9 variants with
the same base nuclease.
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No. of mismatches No. of datapoints

0 782201
1 858316
2 71367
3 33802
4 1000

Table C.2: Number of guide-target mismatches in the Cas9 variant indel frequency dataset.

gRNA scaffold
Repeat-antirepeat

length
tracrRNA (excluding antirepeat)

length
poly(U) tail length

SpCas9 scaffold 1 30 46 6
SpCas9 scaffold 1 (5T) 30 46 5

SpCas9 scaffold 2 40 46 6
SaCas9 scaffold 1 34 42 6
SaCas9 scaffold 2 42 42 6
SaCas9 scaffold 3 34 42 6
NmCas9 scaffold 1 52 69 6
NmCas9 scaffold 2 40 61 6
NmCas9 scaffold 3 36 61 6
CjCas9 scaffold 1 28 45 6
CjCas9 scaffold 2 26 45 6
St1Cas9 scaffold 1 79 46 6
St1Cas9 scaffold 2 79 46 6
St1Cas9 scaffold 3 37 46 6
St1Cas9 scaffold 4 32 46 6
St1Cas9 scaffold 5 34 46 6

Table C.3: Length of sgRNA regions for the 16 gRNA scaffolds in this study.
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C.1.3 Protein sequences

Codon sequences for SpCas9-NLS-FLAG-P2A (Addgene, #52962), eSpCas9(1.1)-NLS-
FLAG-P2A (Addgene, #138555), SpCas9-HF1-NLS-FLAG-P2A (Addgene, #138556),
HypaCas9-NLS-FLAG-P2A (Addgene, #138557), evoCas9-NLS-FLAG-P2A (Addgene,
#138558), xCas9-NLS-FLAG-P2A (Addgene, #138565), Sniper-Cas9-NLS-FLAG-P2A
(Addgene, #138559), VQR-NLS-FLAG-P2A (Addgene, #138560), VRER-NLS-FLAG-
P2A (Addgene, #138561), VRQR-NLS-FLAG-P2A (Addgene, #138562), VRQR-HF1-
NLS-FLAG-P2A (Addgene, #138563), QQR1-NLS-FLAG-P2A (Addgene, #138564), SpCas9-
NG-NLS-FLAG-P2A (Addgene, #138566), Sniper2L-NLS-FLAG-P2A (Addgene, #193856),
Sniper2P-NLS-FLAG-P2A (Addgene, #193857) were obtained from their respective Ad-
dgene plasmids. Codon sequences for the small Cas9 variants (including NLS-SpCas9-
NLS-FLAG-P2A) in Seo et al. [8] were obtained from Supplementary Note 1 of the study,
and codon sequences from nucleases in Kim, Choi et al. [9] were computationally derived
from the gBlocks Gene Fragments and PCR primers listed in Supplementary Table 9 of the
study. Biopython [247] was then used to computationally derive protein sequences from
codon sequences. The protein sequence of NLS-SaCas9*-NLS-FLAG was derived from
NLS-SaCas9-NLS-FLAG by removing the glycine residue located at the start of SaCas9’s
RuvC-I subdomain.



C.1. SUPPLEMENTARY METHODS 175

N
u

cl
ea

se
B

as
e

n
u

cl
ea

se
M

u
ta

ti
on

s
P

ri
m

a
ry

P
A

M

S
p

C
as

9
S

p
C

as
9

W
T

N
G

G
eS

p
C

as
9(

1.
1)

S
p

C
as

9
K

84
8A

/K
10

0
3A

/R
1
06

0
A

N
G

G
S

p
C

as
9-

H
F

1
S

p
C

as
9

N
49

7
A

/
R

66
1A

/Q
69

5
A

/
Q

92
6A

N
G

G
H

y
p

aC
as

9
S

p
C

as
9

N
6
92

A
/M

69
4
A

/Q
6
95

A
/H

6
98

A
N

G
G

ev
oC

as
9

S
p

C
as

9
M

49
5V

/Y
51

5N
/K

52
6E

/
R

66
1Q

N
G

G
x
C

as
9

S
p

C
as

9
A

26
2
T

/R
32

4L
/S

40
9
I/

E
4
80

K
/E

5
43

D
/
M

69
4I

/E
12

1
9V

N
G

,
G

A
A

,
G

A
T

S
n

ip
er

-C
as

9
S

p
C

as
9

F
53

9
S

/
M

76
3I

/K
8
90

N
N

G
G

V
Q

R
S

p
C

as
9

D
1
13

5
V

/R
13

35
Q

/T
1
33

7R
N

G
A

N
,

N
G

C
G

V
R

E
R

S
p

C
as

9
D

11
35

V
/G

12
18

R
/R

13
3
5E

/T
1
33

7
R

N
G

C
G

V
R

Q
R

S
p

C
as

9
D

11
35

V
/G

12
1
8R

/
R

13
3
5Q

/T
13

37
R

N
G

A
H

V
R

Q
R

-H
F

1
S

p
C

as
9

N
49

7
A

/
R

66
1A

/
Q

6
95

A
/Q

92
6A

/D
1
13

5V
/
G

12
1
8R

/
R

13
35

Q
/T

13
37

R
N

G
A

H
Q

Q
R

1
S

p
C

as
9

G
12

1
8R

/
N

12
86

Q
/I

13
3
1F

/
D

13
3
2K

/R
1
33

3Q
/R

13
3
5Q

/
T

13
3
7R

N
A

A
G

S
p

C
as

9-
N

G
S

p
C

as
9

L
11

11
R

/D
11

35
V

/
G

12
18

R
/E

12
1
9F

/
A

1
32

2
R

/R
13

3
5V

/T
13

37
R

N
G

sR
G

N
3.

1
sR

G
N

3.
1

W
T

N
N

G
G

S
lu

gC
as

9
S

lu
gC

as
9

W
T

N
N

G
G

S
aC

as
9

S
aC

as
9

W
T

N
N

G
R

R
T

S
au

ri
C

as
9

S
au

ri
C

as
9

W
T

N
N

G
G

S
a-

S
lu

gC
as

9
S

a-
S

lu
gC

as
9

W
T

N
N

G
G

S
aC

as
9*

S
aC

as
9*

W
T

N
N

G
R

R
T

S
aC

as
9-

K
K

H
S

aC
as

9
E

79
9K

/
N

98
5K

/R
10

3
2H

N
N

N
R

R
T

eS
aC

as
9

S
aC

as
9

R
51

6
A

/
Q

5
17

A
/R

67
1
A

/
G

67
2
A

N
N

G
R

R
T

ef
S

aC
as

9
S

aC
as

9
N

2
77

D
N

N
G

R
R

T
S

au
ri

C
as

9-
K

K
H

S
au

ri
C

as
9

Q
80

4K
/
Y

98
9K

/R
10

3
6H

N
N

R
G

S
lu

gC
as

9-
H

F
S

lu
gC

as
9

R
26

3
A

/
N

4
31

A
/
T

43
7
A

/
R

67
2A

N
N

G
G

S
aC

as
9-

H
F

S
aC

as
9

R
26

2A
/
N

4
30

A
/N

4
36

A
/R

67
1
A

N
N

G
R

R
T

S
aC

as
9-

K
K

H
-H

F
S

aC
as

9
R

2
62

A
/N

43
0A

/N
43

6A
/R

6
71

A
/E

7
99

K
/N

98
5K

/
R

10
32

H
N

N
N

R
R

T
S

t1
C

as
9

S
t1

C
as

9
W

T
N

N
R

G
A

A
N

m
1C

as
9

N
m

1C
as

9
W

T
N

N
N

N
G

A
T

T
en

C
jC

as
9

C
jC

as
9

L
74

Y
/
D

91
6
K

N
N

N
V

R
Y

A
C

C
jC

as
9

C
jC

as
9

W
T

N
N

N
V

R
Y

A
C

N
m

2C
as

9
N

m
2C

as
9

W
T

N
N

N
N

C
C

A
S

p
C

as
9-

N
R

R
H

S
p

C
as

9
I3

22
V

/S
40

9I
/E

42
7G

/R
6
54

L
/R

7
53

G
/R

11
1
4G

/
D

11
3
5N

/V
11

39
A

/D
11

8
0G

/E
1
21

9
V

/
Q

1
22

1H
/
A

1
32

0
V

/
R

1
3
3
3
K

N
R

R
H

S
p

C
as

9-
N

R
T

H
S

p
C

as
9

I3
22

V
/S

40
9I

/E
42

7G
/R

65
4L

/R
75

3G
/
R

11
14

G
/
D

11
3
5N

/D
1
18

0
G

/G
1
21

8
S

/
E

12
1
9V

/Q
12

2
1H

/P
12

49
S

/E
1
25

3K
/P

1
32

1
S

/
D

1
3
3
2
G

/
R

1
3
3
5
L

N
R

T
H

S
p

C
as

9-
N

R
C

H
S

p
C

as
9

I3
22

V
/S

40
9I

/E
42

7G
/
R

65
4L

/
R

75
3G

/R
1
11

4
G

/D
11

35
N

/E
12

1
9V

/D
13

32
N

/R
13

35
Q

/T
1
33

7
N

/
S

1
33

8
T

/H
1
3
4
9
R

N
R

C
H

S
p

G
S

p
C

as
9

D
1
13

5L
/S

11
3
6W

/G
12

1
8K

/
E

12
1
9Q

/
R

13
35

Q
/T

1
33

7R
N

G
N

S
p

R
Y

S
p

C
as

9
A

61
R

/L
11

11
R

/
D

11
35

L
/S

11
3
6W

/G
1
21

8
K

/
E

12
19

Q
/
N

1
31

7
R

/A
13

22
R

/R
1
33

3P
/
R

13
35

Q
/T

1
33

7R
N

R
N
>

N
Y

N
S

c+
+

S
c+

+
I3

65
A

/
G

36
6
D

/I
36

7
K

/
H

3
69

L
/T

3
73

S
/T

3
74

G
/
Q

3
79

E
/
T

12
2
7K

N
N

G
S

n
ip

er
2L

S
p

C
as

9
F

53
9
S

/M
76

3I
/K

8
90

N
/E

1
00

7
L

N
G

G
S

n
ip

er
2P

S
p

C
as

9
F

53
9S

/M
7
63

I/
K

89
0
N

/
E

10
0
7P

N
G

G

T
a
b

le
C

.4
:

L
is

t
of

39
C

a
s9

n
u

cl
ea

se
s

co
n

si
d

er
ed

in
th

is
st

u
d

y,
w

it
h

W
T

d
en

ot
in

g
w

il
d

ty
p

e.
A

ll
S

p
C

as
9

va
ri

an
ts

an
d

S
c+

+
ap

p
ea

r
as

C
as

9-
N

L
S

-F
L

A
G

-P
2A

,
a
n

d
a
ll

S
m

al
l

C
as

9
s

ap
p

ea
r

as
N

L
S

-C
as

9-
N

L
S

-F
L

A
G

-P
2A

in
th

e
d

at
as

et
,

ex
ce

p
t

fo
r

S
p

C
as

9,
w

h
ic

h
ap

p
ea

rs
as

N
L

S
-

C
as

9-
N

L
S

-F
L

A
G

-P
2A

in
[8

]
a
n

d
a
s

C
a
s9

-N
L

S
-F

L
A

G
-P

2A
in

al
l

ot
h

er
st

u
d

ie
s,

th
u

s
re

su
lt

in
g

in
40

C
as

9
p

ro
te

in
s

ob
se

rv
ed

in
th

e
d

at
as

et
.



C.1. SUPPLEMENTARY METHODS 176

C.1.4 Input feature encodings
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Figure C.4: (A) Schematic representation of the guide-target-Cas9 variant R-loop complex.
(B) Unified guide-target interface for an example mismatched Nm1Cas9 interface (top)
and its one-hot encoding (bottom).

C.1.5 Mean-variance estimation
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Figure C.5: (A) Deterministic (mean) output head used in DeepEmbCas9 and Deep-
EmbCas9 naive (B) Mean and variance output heads used in DeepEmbCas9-MVE and
DeepEnsEmbCas9.
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C.2 Supplementary results

C.2.1 In-distribution performance
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Figure C.6: Benchmark test RMSE correlation comparison for DeepEmbCas9,
DeepEnsEmbCas9 naive, DeepEmbCas9-MVE and DeepEnsEmbCas9 against DeepHF,
DeepSpCas9, DeepxCas9, DeepSpCas9-NG, DeepSpCas9variants, DeepSmallCas9,
DeepSpCas9-v2, DeepCas9variants and DeepSniper across 39 Cas9 nucleases. The test
sets consist of (A) matched AN19, G/gN19 and tRNAGln-N20 wild type SpCas9 inter-
faces; (B) mismatched G/gN19 wild type SpCas9 interfaces; (C) matched G/gN20 wild
type SpCas9 interfaces; (D,E,F) matched AN19, G/gN19 and tRNAGln-N20 interfaces for
6 increased-fidelity SpCas9 variants and Sc++; (G) mismatched G/gN19 interfaces for
Sniper variants; (H) matched G/gN19 and tRNAGln-N20 interfaces for 8 PAM-altered Sp-
Cas9 variants; and (I) (mis)matched interfaces for 17 wild type or engineered small Cas9
nucleases.
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In-distribution performance comparisons of DeepEmbCas9, DeepEnsEmbCas9
and DeepEmbCas9-MVE

Among the 51 benchmark test sets, DeepEmbCas9 attains higher Spearman correlation
than all individual activity prediction tools on 10 test sets(Figure 4.4, gray bars), namely 3
mismatched G/gN19 interface test sets for SpCas9 and Sniper-Cas9 (Figures 4.4B and G)
and 7 small Cas9 test sets (2 SlugCas9 variants, 4 SaCas9 variants and SauriCas9) from Seo
et al. [8] (Figure 4.4I). As for the remaining 41 test sets, DeepEmbCas9 has an average
Spearman correlation drop of 4.80 × 10−2 compared to the best-performing individual
activity prediction tools, with the test set containing (mis)matched G/gN23 Nm2Cas9
interfaces from Seo et al. [8] yielding the largest Spearman drop of 0.175 (DeepSmallCas9’s
0.559 vs. DeepEmbCas9 0.383). Among test sets outside of the 51 benchmark test sets
which lack proper baselines, DeepEmbCas9 attains 0.451-0.917 Spearman correlation in 9
out of 10 test sets (Figures C.10 rows 2-3, C.11, C.15, C.21 row 3, C.22 row 3 and C.23
row 3).

Among the 51 benchmark test sets, DeepEnsEmbCas9 attains higher Spearman cor-
relation than all individual activity prediction tools on 8 test sets (Figure 4.4, dark slate
gray bars), which consist of the test set containing matched G/gN19 SpCas9 interfaces
from Kim et al. [6] (Figure 4.4A), 3 mismatched G/gN19 interface test sets for SpCas9
and Sniper-Cas9 (Figures 4.4B and G), and 3 small Cas9 test sets (SlugCas9, Sa-SlugCas9
and enCjCas9) from Seo et al. [8] (Figure 4.4I). As for the remaining 43 test sets, Deep-
EnsEmbCas9 has an average Spearman correlation drop of 4.13 × 10−2 compared to the
best-performing individual activity prediction tools, with the test set containing matched
A/GN19 SpCas9-HF1 interfaces from Wang et al. [4] yielding the largest Spearman drop of
0.194 (DeepHF SpCas9-HF1’s 0.881 and DeepEnsEmbCas9’s 0.687). Among test sets out-
side of the 51 benchmark test sets which lack proper baselines, DeepEnsEmbCas9 attains
0.414-0.916 Spearman correlation in 9 out of 10 test sets (Figures C.10 rows 2-3, C.11,
C.15, C.21 row 3, C.22 row 3 and C.23 row 3).

Among the 51 benchmark test sets, DeepEmbCas9-MVE attains higher Spearman
correlation than all individual activity prediction tools on 3 test sets (Figure 4.4, slate
gray bars), specifically the test set with matched G/gN19 SpCas9 interfaces from Kim et
al. [6] and 2 test sets with mismatched G/gN19 SpCas9 interfaces (Figure 4.4A-B). As
for the remaining 48 test sets, DeepEmbCas9-MVE has an average Spearman correlation
drop of 5.40 × 10−2 compared to the best-performing individual activity prediction tools,
with the test set containing matched G/gN19 SpRY interfaces from Kim, Choi et al. [9]
yielding the largest Spearman drop of 0.221 (DCv SpRY’s 0.934 vs. DeepEmbCas9-MVE
0.713). Among test sets outside of the 51 benchmark test sets which lack proper baselines,
DeepEmbCas9-MVE attains 0.412-0.911 Spearman correlation in 9 out of 10 test sets
(Figures C.10 rows 2-3, C.11, C.15, C.21 row 3, C.22 row 3 and C.23 row 3).

Detailed analysis of DeepEmbCas9’s in-distribution performance

DeepEmbCas9 trained using ESM-C-600M and BEACON-B embeddings yields Spearman
and RMSE metrics comparable to those of individual activity prediction tools correspond-
ing to the test set’s study on 51 benchmark test sets from the 6 studies considered (Fig-
ures 4.4 and C.6). Regarding matched SpCas9 interfaces (Figures 4.4A) with A/GN19

sgRNAs from Wang et al. [4], DeepEmbCas9 (0.788) attain higher Spearman correlation
for all SpCas9 activity prediction tools except DeepHF SpCas9 (retrained, 0.821; GitHub,
0.797) (Figure C.7 row 1). On matched G/g19 SpCas9 test interfaces from Kim Kim et
al. [5], DeepEmbCas9 (0.692) attains higher Spearman correlation for all SpCas9 activity
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prediction tools except DeepSpCas9 (0.773) and DeepHF (GitHub, 0.713; Figure C.8). On
matched G/g19 SpCas9 test interfaces from Kim et al. [6], DeepEmbCas9 (0.905) attains
similar Spearman correlation to DeepSpCas9variants (abbreviated DSpCv SpCas9), and
higher Spearman correlation for all other SpCas9 activity prediction tools (Figure C.9 row
1). On matched G/g19 and tRNAGln-N20 SpCas9 test interfaces from Kim, Kim et al. [7],
DeepEmbCas9 (0.927) attains higher Spearman correlation for all SpCas9 activity pre-
diction tools except DeepSpCas9variants (0.937; Figure C.12 row 1). On matched G/g19
SpCas9 test interfaces from Seo et al. [8], DeepEmbCas9 (0.710) attains higher Spear-
man correlation for all SpCas9 activity prediction tools except DeepCas9variants (ab-
breviated DCv SpCas9, 0.776), DeepSpCas9variants (0.766), and DeepSpCas9-v2 (0.732;
Figure C.17 row 1). On matched G/g19 SpCas9 test interfaces from Kim, Choi et al. [9],
DeepEmbCas9 (0.733) attains higher Spearman correlation for all SpCas9 activity predic-
tion tools except DeepCas9variants (0.762) and DeepSpCas9-v2 (0.744; Figure C.17 row
1).

Regarding mismatched G/gN19 SpCas9 test interfaces, DeepEmbCas9 (0.778 and 0.906)
surpasses DeepSpCas9-v2 (0.773 and 0.874) in Spearman correlation for test datasets from
Kim et al. [6] and Seo et al. [8](Figures 4.4B, C.10 row 1 and C.16 row 2). When combin-
ing matched and mismatched G/gN19 SpCas9 interfaces in Kim et al. [6], DeepEmbCas9
(0.889) has higher Spearman correlation than DeepSpCas9-v2 (0.862; Figure C.11 row 1).
When combining matched and mismatched G/g/N19 SpCas9 interfaces in Seo et al. [8],
DeepEmbCas9 (0.808) attains lower Spearman correlation than DeepSpCas9-v2 (0.823;
Figure C.16 row 3). On matched GN20 SpCas9 interfaces from Seo et al. [8], Deep-
EmbCas9 (0.345) has lower Spearman correlation compared to DeepSpCas9-v2 (0.358;
Figures 4.4C and C.16 row 4).

Next, we assess performances for 4 increased-fidelity SpCas9 variants and Sc++ (Fig-
ure 4.4D-E). Regarding eSpCas9(1.1) and SpCas9-HF1 on matched A/GN19 interfaces
from Wang et al. [4], DeepEmbCas9 (0.849 and 0.718) attains higher Spearman corre-
lation than DeepSpCas9variants (0.449 and 0.511) but not DeepHF (0.886 and 0.881;
Figure C.7 rows 2-3). On matched G/gN19 and tRNAGln-N20 eSpCas9(1.1) and SpCas9-
HF1 interfaces from Kim, Kim et al. [7], DeepEmbCas9 (0.849 and 0.790) attains higher
Spearman correlation than DeepHF (0.759 and 0.725) but not DeepSpCas9variants (0.877
and 0.821; Figure C.12 rows 2-3). For HypaCas9 and evoCas9 on matched G/g19 inter-
faces from Kim, Kim et al. [7], DeepEmbCas9 attains lower Spearman correlation than
DeepSpCas9variants (0.833 vs. 0.855 for HypaCas9; 0.587 vs. 0.647 for evoCas9; Fig-
ures C.13 rows 1-2). For Sc++ on matched G/g19 interfaces from Kim, Choi et al. [9],
DeepEmbCas9 (0.573) attains lower Spearman correlation than DeepCas9variants (0.624;
Figures 4.4E and C.17 row 2).

We then examine performances for Sniper-Cas9 and Sniper2L on matched (Figure 4.4F)
and mismatched (Figure 4.4G) interfaces. For Sniper-Cas9, on matched G/gN19 and
tRNAGln-N20 interfaces from Kim, Kim et al. [7], DeepEmbCas9 (0.931) attains similar
Spearman correlation to DeepSpCas9variants (0.936) and DeepSniper (0.935; Figure C.13
row 3). On matched G/gN19 and tRNAGln-N20 Sniper-Cas9 interfaces from Kim, Kim,
Okafor et al. [10], DeepEmbCas9 (0.926) also has similar Spearman correlation to Deep-
SpCas9variants (0.929) and DeepSniper (0.936; Figure C.21 row 1). For Sniper2L, on
matched G/gN19 and tRNAGln-N20 interfaces from Kim, Kim, Okafor et al. [10], Deep-
EmbCas9 attains similiar Spearman correlation (0.923) to DeepSniper (0.931; Figure C.21
row 2). Combining matched and mismatched interfaces from Kim, Kim, Okafor et al. [10],
DeepEmbCas9 (0.925 and 0.922) attains similar Spearman correlation to DeepSniper
(0.929 and 0.924) for Sniper-Cas9 and Sniper2L, respectively (Figure C.23 rows 1-2).
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We subsequently examine performances for xCas9, SpCas9-NG, and 6 other PAM-
altered SpCas9 variants (Figure 4.4H). For xCas9, on matched G/gN19 interfaces from
Kim et al. [6], DeepEmbCas9 (0.884) attains lower Spearman correlation than Deepx-
Cas9 (0.913) and DeepSpCas9variants (0.886; Figure C.9 row 2). On matched xCas9
interfaces from Kim, Kim et al. [7] and Kim, Choi et al. [9], DeepEmbCas9 (0.877 and
0.717) attains higher Spearman correlation than DeepxCas9 (0.844 and 0.704), but not
for DeepSpCas9variants (0.927 and 0.740; Figure C.14 row 1 and C.18 row 1).

For SpCas9-NG, on matched G/gN19 interfaces from Kim et al. [6], DeepEmbCas9
(0.879) attains higher Spearman correlation than DeepSpCas9variants (0.722) and Deep-
Cas9variants (0.713), but not for DeepSpCas9-NG (0.904; Figure C.9 row 3). On matched
SpCas9-NG interfaces for test datasets from Kim, Kim et al. [7] and Kim, Choi et al. [9],
DeepEmbCas9 (0.890 and 0.891) attains higher Spearman correlation than DeepSpCas9-
NG (0.817 and 0.868) and DeepSpCas9variants (0.799 and 0.722), but not for Deep-
Cas9variants (0.903 and 0.935; Figure C.14 row 2 and C.18 row 2).

Moving to SpCas9-VRQR (abbreviated as VRQR), on matched VRQR interfaces for
test datasets from Kim, Kim et al. [7] and Kim, Choi et al. [9], DeepEmbCas9 (0.889
and 0.742) attains higher Spearman correlation than DeepCas9variants (0.941 and 0.772),
but not for DeepSpCas9variants (0.799 and 0.717; Figures C.13 row 3 and C.18 row 3).
As for matched interfaces for the other 5 SpCas9 variants, DeepEmbCas9 attains lower
Spearman correlation than DeepCas9variants (0.848 vs. 0.936 for SpCas9-NRCH, 0.897
vs. 0.955 for SpCas9-NRRH, 0.890 vs. 0.935 for SpCas9-NRTH, 0.862 vs. 0.903 for SpG,
and 0.764 vs. 0.934 for SpRY; Figures C.19 and C.20).

As for the (mis)matched small Cas9 variant interfaces, DeepEmbCas9 attains higher
Spearman correlation than DeepSmallCas9 for SlugCas9 (0.922 vs. 0.916), SauriCas9
(0.914 vs. 0.905), Sa-SlugCas9 (0.922 vs. 0.901), SaCas9 (0.904 vs. 0.901), eSaCas9
(0.860 vs. 0.854), efSaCas9 (0.865 vs. 0.860), and SaCas9-KKH-HF (0.862 vs. 0.828),
but not for sRGN3.1 (0.908 vs. 0.916), SauriCas9-KKH (0.848 vs. 0.855), SlugCas9-HF
(0.789 vs. 0.810), SaCas9-KKH (0.902 vs. 0.928), SaCas9-HF (0.847 vs. 0.851), St1Cas9
(0.789 vs. 0.890), CjCas9 (0.791 vs. 0.858), enCjCas9 (0.765 vs. 0.819), Nm1Cas9 (0.780
vs. 0.876), and Nm2Cas9 (0.384 vs. 0.559; Figures C.24, C.25 and C.26).

DeepEmbCas9 also attains high generalization performance on test sets without base-
lines. On mismatched G/gN19 interfaces from Kim et al. [6], DeepEmbCas9 attains 0.538
and 0.779 Spearman correlation for xCas9 and SpCas9-NG, respectively (Figure C.10
rows 2-3). Combining matched and mismatched G/gN19 interfaces from Kim et al. [6],
DeepEmbCas9 attains 0.576 and 0.797 Spearman correlation for xCas9 and SpCas9-NG,
respectivley (Figure C.11). On matched G/gN19 and tRNAGln-N20 interfaces from Kim,
Kim et al. [7], DeepEmbCas9 has Spearman correlations 0.643, 0.522, 0.451 and 0.200 for
VQR, VRER, VRQR-HF1 and QQR1, respectively (Figure C.15). On matched G/gN19

and tRNAGln-N20 and mismatched G/gN19 Sniper2P interfaces from Kim, Kim, Okafor
et al. [10], DeepEmbCas9 attains 0.917 and 0.833 Spearman correlation performance, re-
spectively (Figures C.21 row 3 and C.22 row 3). Combining matched and mismatched
Sniper2P interfaces, DeepEmbCas9 attains 0.912 Spearman correlation (Figures C.23 row
3).

C.2.2 Leave-one-nuclease-out extrapolation performance

Further leave-one-nuclease-out extrapolation performance

DeepEmbCas9 omit attains higher Spearman correlation than all individual activity pre-
diction tools on 11 out of 48 benchmark test sets, namely 1 mismatched SpCas9 interface
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test set from Kim et al. [6] (Figure C.9 row 1), 2 matched xCas9 interface test sets from
Kim et al. [6] and Kim, Kim et al. [7] (Figures C.9 row 2 and C.14 row 1), 2 matched
SpCas9-NRCH and SpCas9-NRTH interface test sets from Kim, Choi et al. [9] (Figure C.19
rows 1 and 3), 1 mismatched Sniper2L interface test set from Kim, Kim, Okafor et al. [10],
and and 5 small Cas9 test sets (3 SaCas9 variants, SauriCas9-KKH, and SlugCas9-HF)
from Seo et al. [8] (Figures C.24-C.26). As for the remaining 37 test sets, DeepEmb-
Cas9 omit has an average Spearman performance drop of 6.65 × 10−2 compared to the
best-performing individual activity prediction tools not trained on the test sets’ nucleases,
with the test set containing matched G/gN19 Sc++ interfaces from Kim, Choi et al. [9]
yielding the largest Spearman drop of 0.275 (DSpCv Sniper-Cas9’s 0.554 vs. DeepEmb-
Cas9 omit’s 0.279; Figure C.17 row 2).

Among the test sets with extrapolation baselines and not in the 51 benchmark test
sets (excluding Kim, Kim et al. [7]’s QQR1 test set), DeepEmbCas9 omit outperforms
all individual activity prediction tools on 4 out of 14 test sets, namely 2 mismatched
xCas9 and SpCas9-NG interface test sets from Kim et al. [6] (Figure C.10 rows 2-3) and 2
(mis)matched xCas9 and SpCas9-NG interface test sets from Kim et al. [6] (Figure C.11
rows 2-3). As for the remaining 10 test sets, DeepEmbCas9 omit has an average Spearman
performance drop of 1.78 × 10−2 compared to the best-performing individual activity
prediction tools, with the test set containing matched VQR G/gN19 interfaces from Kim,
Kim et al. [6] yielding the largest Spearman drop of 6.09 × 10−2 (DCv VRQR’s 0.691 vs.
DeepEnsEmbCas9 naive omit 0.630).

DeepEnsEmbCas9 omit attains higher Spearman correlation than all individual activ-
ity prediction tools on 9 out of 48 benchmark test sets, namely 2 mismatched G/gN19

SpCas9 interface test sets (Figures C.10 row 1 and C.16 row 2), 1 matched eSpCas9(1.1)
interface test set from Kim, Kim et al. [7] (Figure C.12 row 2), 2 matched xCas9 interface
test sets from Kim et al. [6] and Kim, Kim et al. [7] (Figures C.9 row 2 and C.14 row 1),
1 mismatched Sniper2L interface test sets from Kim, Kim, Okafor et al. [10] (Figure C.22
rows 2), and 3 small Cas9 test sets (SaCas9, SlugCas9-HF and Nm1Cas9) from Seo et
al. [8] (Figures C.24-C.26). As for the remaining 39 test sets, DeepEnsEmbCas9 omit has
an average Spearman performance drop of 5.39 × 10−2 compared to the best-performing
individual activity prediction tools not trained on the test sets’ nucleases, with the test
set containing (mis)matched G/gN21 Sa-SlugCas9 interfaces from Seo et al. [8] yielding
the largest Spearman drop of 0.206 (DeepSmallCas9 SauriCas9’s 0.884 vs. DeepEnsEmb-
Cas9 omit’s 0.678; Figure C.25 row 4).

Among the test sets with extrapolation baselines and not in the 51 benchmark test sets
(excluding Kim, Kim et al. [7]’s QQR1 test set), DeepEnsEmbCas9 omit outperforms all
individual activity prediction tools on 3 out of 14 test sets, namely the mismatched xCas9,
(mis)matched SpCas9 and (mis)matched xCas9 interface test sets from Kim et al. [6]. As
for the remaining 11 test sets, DeepEnsEmbCas9 omit has an average Spearman perfor-
mance drop of 0.120 compared to the best-performing individual activity prediction tools,
with the test set containing mismatched G/gN19 SpCas9-NG interfaces from Kim et al. [6]
yielding the largest Spearman drop of 0.576 (DeepSpCas9-v2’s 0.603 vs. DeepEnsEmb-
Cas9 omit’s 0.0274; Figure C.10 row 3).

DeepEmbCas9-MVE omit attains higher Spearman correlation than all individual ac-
tivity prediction tools on 6 out of 48 benchmark test sets, namely 1 mismatched G/gN19

SpCas9 interface test sets from Kim et al. [6] (Figures C.10 row 1), 3 matched xCas9 inter-
face test sets (Figures C.9 row 2, C.14 row 1 and C.18 row 1), and 2 small Cas9 test sets
(SaCas9 and Nm1Cas9) from Seo et al. [8] (Figures C.24 and C.26). As for the remain-
ing 42 test sets, DeepEmbCas9-MVE omit has an average Spearman performance drop
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of 7.11 × 10−2 compared to the best-performing individual activity prediction tools not
trained on the test sets’ nucleases, with the test set containing matched G/gN19 SpCas9-
NG interfaces from Kim et al. [6] yielding the largest Spearman drop of 0.506 (DCv SpG’s
0.786 vs. DeepEmbCas9-MVE omit’s 0.279; Figure C.9 row 3).

Among the test sets with extrapolation baselines and not in the 51 benchmark test sets
(excluding Kim, Kim et al. [7]’s QQR1 test set), DeepEmbCas9-MVE omit outperforms all
individual activity prediction tools on 3 out of 14 test sets, namely the mismatched xCas9,
(mis)matched SpCas9 and (mis)matched xCas9 interface test sets from Kim et al. [6]. As
for the remaining 11 test sets, DeepEnsEmbCas9 omit has an average Spearman perfor-
mance drop of 0.120 compared to the best-performing individual activity prediction tools,
with the test set containing mismatched G/gN19 SpCas9-NG interfaces from Kim et al. [6]
yielding the largest Spearman drop of 0.995 (DeepSpCas9-v2’s 0.603 vs. DeepEnsEmb-
Cas9 omit’s -0.392; Figure C.10 row 3).

DeepEmbCas9 extrapolates to unseen Cas9 variants

Deep(Ens)EmbCas9 omit has decent leave-Cas9-nuclease-out performance compared to
benchmark test sets (Figure C.7-C.26). Similar trends are observed when using the entire
dataset for train-test splits (Figure C.27 for Spearman, Figure C.28 for Pearson).

On matched A/GN19 SpCas9 interfaces from Wang et al. [4], DeepEmbCas9 omit
(0.677) attains higher Spearman correlation than all non-SpCas9 activity tools except
for DeepHF eSpCas9(1.1) (0.707) and DeepHF SpCas9-HF1 (0.690; Figure C.7 row 1).
On matched A/GN19 SpCas9-HF1 interfaces from Wang et al. [4], DeepEmbCas9 omit
(0.671) attains higher Spearman correlation than all non-SpCas9 activity tools except for
DeepHF eSpCas9(1.1) (0.769) and DeepHF SpCas9 (GitHub) (0.680; Figure C.7 row 2).
On matched A/GN19 eSpCas9(1.1) interfaces from Wang et al. [4], DeepEmbCas9 omit
(0.725) attains higher Spearman correlation than all non-SpCas9 activity tools except for
DeepHF SpCas9-HF1 (0.777) and DeepHF SpCas9 (GitHub) (0.730; Figure C.7 row 3).

On matched G/gN19 SpCas9 interfaces from Kim et al. [5], DeepEmbCas9 omit (0.601)
attains higher Spearman correlation than all non-SpCas9 activity tools apart from DeepHF eSpCas9(1.1)
(0.693), DeepHF SpCas9-HF1 (0.674) and DeepxCas9 (0.611; Figure C.8).

On matched G/gN19 SpCas9 interfaces from Kim et al. [6], DeepEmbCas9 omit (0.859)
attains higher Spearman correlation than all non-SpCas9 activity tools apart from Deep-
Sniper’s Sniper1 on (0.909), DeepSniper’s Sniper2L on (0.905), and DeepSpCas9variants’s
Sniper-Cas9 model (0.900; Figure C.9 row 1). On matched G/gN19 xCas9 interfaces from
Kim et al. [6], DeepEmbCas9 omit (0.850) attains higher Spearman correlation than all
non-xCas9 activity tools (Figure C.9 row 1). On matched G/gN19 SpCas9-NG interfaces
from Kim et al. [6], DeepEmbCas9 omit (0.765) attains higher Spearman correlation than
all non-SpCas9-NG activity tools except for DeepCas9variants’s SpG model (0.786) and
DeepxCas9 (0.772; Figure C.9 row 3).

On mismatched G/gN19 SpCas9 interfaces from Kim et al. [6], DeepEmbCas9 omit
(0.528) attains higher Spearman correlation than DeepSniper’s Sniper1 (0.295) and Sniper2L
(0.250) models (Figure C.10 row 1). On mismatched G/gN19 xCas9 interfaces from Kim et
al. [6], DeepEmbCas9 omit (0.558) attains higher Spearman correlation than DeepSpCas9-
v2 (0.525), DeepSniper’s Sniper1 model (0.368) and DeepSniper’s Sniper2L model (0.335;
Figure C.10 row 2). On mismatched G/gN19 SpCas9-NG interfaces from Kim et al. [6],
DeepEmbCas9 omit (0.745) attains higher Spearman correlation than DeepSpCas9-v2
(0.603), DeepSniper’s Sniper1 model (0.461) and DeepSniper’s Sniper2L model (0.413;
Figure C.10 row 3).
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Combining matched and mismatched SpCas9 interfaces from Kim et al. [6], DeepEm-
bCas9 omit (0.823) has lower Spearman correlation than DeepSniper’s Sniper1 (0.846)
and Sniper2L (0.837) models (Figure C.11 row 1). As for (mis)matched xCas9 interfaces
from Kim et al.[6], DeepEmbCas9 omit (0.594) attain higher Spearman correlation than
DeepSpCas9-v2 (0.550), DeepSniper’s Sniper1 model (0.404) and DeepSniper’s Sniper2L
model (0.379; Figure C.11 row 2). Such is also the case for SpCas9-NG interfaces from
Kim et al.[6], with DeepEmbCas9 omit (0.7580) surpassing DeepSpCas9-v2 (0.612), Deep-
Sniper’s Sniper1 model (0.479) and DeepSniper’s Sniper2L model (0.441; Figure C.11 row
3).

On matched G/gN19 and tRNAGln-N20 SpCas9 interfaces from Kim, Kim et al. [7],
DeepEmbCas9 omit (0.903) attains higher Spearman correlation than all non-SpCas9
models except for DeepSniper’s Sniper1 on model (0.935), DeepSpCas9variants’s Sniper-
Cas9 model (0.931) and DeepSniper’s Sniper2L on model (0.931; Figure C.12 row 1). On
matched G/gN19 and tRNAGln-N20 eSpCas9(1.1) interfaces from Kim, Kim et al. [7], Deep-
EmbCas9 omit (0.850) attains higher Spearman correlation than all non-eSpCas9(1.1)
models except for DeepSniper’s Sniper2L on model (0.858) and DeepSpCas9variants’s
Sniper-Cas9 model (0.852; Figure C.12 row 2). On matched G/gN19 and tRNAGln-N20

SpCas9-HF1 interfaces from Kim, Kim et al. [7], DeepEmbCas9 omit (0.767) attains higher
Spearman correlation than all non-SpCas9-HF1 models except for DSpCv eSpCas9(1.1)
(0.829), DSpCv HypaCas9 (0.814), DS Sniper2L on (0.798), DSpCv Sniper-Cas9 (0.788),
DS Sniper1 on (0.780) and DCv SpCas9 (0.776; Figure C.12 row 3).

On matched G/gN19 and tRNAGln-N20 HypaCas9 interfaces from Kim, Kim et al. [7],
DeepEmbCas9 omit (0.833) attains higher Spearman correlation than all non-HypaCas9
models except for DeepSniper’s Sniper2L on model (0.839; Figure C.13 row 1). On
matched G/gN19 and tRNAGln-N20 evoCas9 interfaces from Kim, Kim et al. [7], Deep-
EmbCas9 omit (0.576) attains higher Spearman correlation than all non-evoCas9 mod-
els except DSpCv eSpCas9(1.1) (0.628), DSpCv SpCas9-HF1 (0.606), DSpCv HypaCas9
(0.590), DeepHF eSpCas9(1.1) (0.582), DeepHF SpCas9-HF1 (0.581) and DS Sniper2L on
(0.576; Figure C.13 row 2). On matched G/gN19 and tRNAGln-N20 Sniper-Cas9 interfaces
from Kim, Kim et al. [7], DeepEmbCas9 omit (0.920) attains higher Spearman correlation
than all non-Sniper-Cas9 models except for DCv SpCas9 (0.935), DSpCv SpCas9 (0.935)
and DS Sniper2L on (0.934; Figure C.13 row 3).

On matched G/gN19 and tRNAGln-N20 xCas9 interfaces from Kim, Kim et al. [7],
DeepEmbCas9 omit (0.829) surpasses all non-xCas9 models in Spearman correlation (Fig-
ure C.14 row 1). On matched G/gN19 and tRNAGln-N20 SpCas9-NG interfaces from
Kim, Kim et al. [7], DeepEmbCas9 omit (0.805) attains higher Spearman correlation
than all non-SpCas9-NG models apart from DSpCv VRQR (0.919), DCv SpG (0.889) and
DCv VRQR (0.810; Figure C.14 row 2). On matched G/gN19 and tRNAGln-N20 VRQR
interfaces from Kim, Kim et al. [7], DeepEmbCas9 omit (0.812) surpasses all non-VRQR
models in Spearman correlation, except for DSpCv SpCas9-NG (0.928) and DCv SpG
(0.861; Figure C.14 row 3).

On matched G/gN19 and tRNAGln-N20 QQR1 interfaces from Kim, Kim et al. [7],
DeepEmbCas9 omit attains 0.160 Spearman correlation (Figure C.15 row 1). On matched
G/gN19 and tRNAGln-N20 VQR interfaces from Kim, Kim et al. [7], DeepEmbCas9 omit
(0.630) attains higher Spearman correlation for all non-VQR models except for DCv VRQR
(0.691), DSpCv SpCas9-NG (0.655), DCv SpCas9-NG (0.637) and DCv SpG (0.635; Fig-
ure C.15 row 2). On matched G/gN19 and tRNAGln-N20 VRER interfaces from Kim, Kim
et al. [7], DeepEmbCas9 omit (0.512) attains higher Spearman correlation for all non-
VRER model except for DCv SpG (0.523) and DSpCv SpCas9-NG (0.515; Figure C.15
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row 3). On matched G/gN19 and tRNAGln-N20 VRQR-HF1 interfaces from Kim, Kim
et al. [7], DeepEmbCas9 omit (0.421) surpasses all non-VRQR-HF1 models in Spear-
man correlation, apart from DSpCv SpCas9-NG (0.455), DCv VRQR (0.455), DCv SpG
(0.442), DSpCv HypaCas9 (0.439), DSpCv evoCas9 (0.435) and DCv SpCas9-NG (0.428;
Figure C.15 row 4).

On matched G/gN19 SpCas9 interfaces from Seo et al. [8], DeepEmbCas9 omit (0.734)
attains higher Spearman correlation than all non-SpCas9 models apart from DS Sniper1 on
(0.748), DS Sniper2L on (0.747) and DSpCv Sniper-Cas9 (0.747; Figure C.16 row 1). On
mismatched G/gN19 SpCas9 interfaces from Seo et al. [8], DeepEmbCas9 omit (0.891) at-
tains higher Spearman correlation than DS Sniper2L off (0.875), but not DS Sniper1 off
(0.892; Figure C.16 row 1). Combining matched and mismatched G/gN19 SpCas9 in-
terfaces from Seo et al. [8], DeepEmbCas9 omit (0.812) attains lower Spearman correla-
tion than DS Sniper1 (0.822) and DS Sniper2L (0.822; Figure C.16 row 3). On matched
G/gN20 SpCas9 interfaces, DeepEmbCas9 omit has 0.184 Spearman correlation (Fig-
ure C.16 row 4).

Looking at test datasets from Kim, Choi et al. [9] with matched G/gN19 interfaces,
for SpCas9, DeepEmbCas9 omit (0.670) attains higher Spearman correlation for all non-
SpCas9 models except for DSpCv Sniper-Cas9 (0.728) and DS Sniper2L on (0.722; Fig-
ure C.17 row 1). For Sc++, DeepEmbCas9 omit attains 0.279 Spearman correlation (Fig-
ure C.17 row 2).

For xCas9, DeepEmbCas9 omit (0.656) attains higher Spearman correlation than all
non-xCas9 models apart from DCv SpCas9-NRRH (0.699), DCv SpCas9-NRCH (0.696),
DeepSpCas9-v2 (0.686), DCv SpCas9-NRTH (0.670), DCv SpCas9-NG (0.665), DCv SpG
(0.664), DSpCv VRQR (0.663) and DCv SpCas9 (0.659; Figure C.18 row 1). For SpCas9-
NG, DeepEmbCas9 omit (0.801) attains higher Spearman correlation than all non-SpCas9-
NG models apart from DSpCv VRQR (0.927) and DCv SpG (0.867; Figure C.18 row
2). For VRQR, DeepEmbCas9 omit (0.668) attains higher Spearman correlation than
all non-VRQR models apart from DSpCv SpCas9-NG (0.758), DCv SpCas9-NG (0.735),
DCv SpG (0.733) and DeepSpCas9-NG (0.687; Figure C.18 row 3).

For SpCas9-NRCH/SpCas9-NRTH, DeepEmbCas9 omit (0.801/0.854) attains higher
Spearman correlation than all non-SpCas9-NRCH/non-SpCas9-NRTH models (Figure C.19
rows 1 and 3). For SpCas9-NRRH, DeepEmbCas9 omit (0.840) attains higher Spearman
correlation than all non-SpCas9-NRRH models except for DCv SpCas9-NRTH (0.849;
Figure C.19 row 2).

For SpG, DeepEmbCas9 omit (0.736) attains higher Spearman correlation than all non-
SpG models except for DCv SpCas9-NG (0.870), DSpCv VRQR (0.852), DeepSpCas9-NG
(0.820), DCv VRQR (0.779), DeepxCas9 (0.741; Figure C.20 row 1). For SpRY, DeepEm-
bCas9 omit (0.729) attains higher Spearman correlation than all non-SpRY models except
for DCv SpCas9-NG (0.770) and DCv SpG (0.747; Figure C.20 row 2).

We next look at test datasets from Kim, Kim, Okafor et al. [10]. On matched G/gN19

and tRNAGln-N20 interfaces, for Sniper-Cas9, DeepEmbCas9 omit (0.918) attains higher
Spearman correlation than all non-Sniper-Cas9 models except for DSpCv SpCas9 (0.933),
DS Sniper2L on (0.933) and DCv SpCas9 (0.930; Figure C.21 row 1). For Sniper2L,
DeepEmbCas9 omit (0.917) attains higher Spearman correlation than all non-Sniper2L
models except for DS Sniper1 on (0.928), DSpCv Sniper-Cas9 (0.924), DSpCv SpCas9
(0.923) and DCv SpCas9 (0.922; Figure C.21 row 2). For Sniper2P, DeepEmbCas9 omit
(0.914) attains higher Spearman correlation than all non-Sniper2P models except for
DS Sniper1 on (0.929), DS Sniper2L on (0.925), DSpCv SpCas9 (0.925), DSpCv Sniper-
Cas9 (0.917), and DCv SpCas9 (0.916; Figure C.21 row 3).
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Regarding mismatched G/gN19 interfaces, for Sniper-Cas9, DeepEmbCas9 omit (0.876)
attains higher Spearman correlation than DeepSpCas9-v2 (0.866), but not DS Sniper2L off
(0.881; Figure C.22 row 1). For Sniper2L, DeepEmbCas9 omit (0.872) attains higher
Spearman correlation than DS Sniper1 off (0.880) and DeepSpCas9-v2 (0.848; Figure C.22
row 2). For Sniper2P, DeepEmbCas9 omit (0.862) attains higher Spearman correlation
than DS Sniper1 off (0.840) and DeepSpCas9-v2 (0.838), but not for DS Sniper2L off
(0.865; Figure C.22 row 3).

Combining matched and mismatched interfaces from Kim, Kim, Okafor et al. [10],
for Sniper-Cas9, DeepEmbCas9 omit (0.917) attains higher Spearman correlation than
DeepSpCas9-v2 (0.875) but not for DS Sniper2L (0.925; Figure C.23 row 1). For Sniper2L,
DeepEmbCas9 omit (0.918) attains higher Spearman correlation than DeepSpCas9-v2
(0.868) but not for DS Sniper1 (0.922; Figure C.23 row 2). For Sniper2P, DeepEmb-
Cas9 omit (0.918) attains higher Spearman correlation than DeepSpCas9-v2 (0.868) but
not for DS Sniper2L (0.924) and DS Sniper1 (0.922; Figure C.23 row 3).

We next examine small Cas9 nuclease test datasets from Seo et al. [8]. Looking at
test sets with G/gN21 interfaces, for SaCas9/efSaCas9/SaCas9-HF, DeepEmbCas9 omit
(0.815/0.855/0.831) attains higher Spearman correlation than all non-SaCas9/non-efSaCas9/non-
SaCas9-HF models, respectively (Figure C.24 rows 1, 3 and 4). For eSaCas9, DeepEmb-
Cas9 omit (0.852) attains higher Spearman correlation than all non-eSaCas9 models ex-
cept for DeepSmallCas9 efSaCas9 (0.858; Figure C.24 row 2). For SaCas9-KKH, DeepEm-
bCas9 omit (0.789) attains higher Spearman correlation than all non-SaCas9-KKH models
except for DeepSmallCas9 SaCas9-KKH-HF (0.831; Figure C.24 row 5). For SaCas9-
KKH-HF, DeepEmbCas9 omit (0.833) attains higher Spearman correlation than all non-
SaCas9-KKH-HF models except for DeepSmallCas9 SaCas9-KKH (0.883; Figure C.24 row
6).

For sRGN3.1, DeepEmbCas9 omit (0.870) attains higher Spearman correlation than
all non-sRGN3.1 models except for DeepSmallCas9 SlugCas9 (0.894) and DeepSmall-
Cas9 SauriCas9 (0.874; Figure C.25 row 1). For SlugCas9, DeepEmbCas9 omit (0.901)
attains higher Spearman correlation than all non-SlugCas9 models except for DeepSmall-
Cas9 sRGN3.1 (0.915; Figure C.25 row 2). For SauriCas9, DeepEmbCas9 omit (0.846)
attains higher Spearman correlation than all non-SauriCas9 models except for DeepS-
mallCas9 Sa-SlugCas9 (0.893), DeepSmallCas9 SauriCas9-KKH (0.862) and DeepSmall-
Cas9 sRGN3.1 (0.848; Figure C.25 row 3). For Sa-SlugCas9, DeepEmbCas9 omit (0.688)
attains lower Spearman correlation than all non-Sa-SlugCas9 models (Figure C.25 rows
4-6). For SauriCas9-KKH/SlugCas9-HF, DeepEmbCas9 omit (0.817/0.783) attains higher
Spearman correlation than all non-SauriCas9-KKH/non-SlugCas9-HF models (Figure C.25
rows 4-6).

Looking at non-G/gN21 nucleases, for G/gN19 St1Cas9 interfaces, DeepEmbCas9 omit
attains 0.068 Spearman correlation (Figure C.26 row 1). For G/gN22 CjCas9 inter-
faces, DeepEmbCas9 omit (0.708) attains lower Spearman correlation than DeepSmall-
Cas9 enCjCas9 (0.820; Figure C.26 row 2). For G/gN22 enCjCas9 interfaces, DeepEmb-
Cas9 omit (0.741) attains lower Spearman correlation than DeepSmallCas9 CjCas9 (0.887;
Figure C.26 row 3). For G/gN23 Nm1Cas9 interfaces, DeepEmbCas9 omit (-0.049) attains
lower Spearman correlation than DeepSmallCas9 Nm2Cas9 (0.193; Figure C.26 row 4).
For G/gN22 and G/gN23 Nm2Cas9 interfaces, DeepEmbCas9 omit attains -0.007 Spear-
man correlation (Figure C.26 row 5).

Performance is varied when leaving one gRNA scaffold out for testing (Figures C.29
and Figure C.30 for Spearman and Pearson correlations, respectively).
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C.2.3 Per-nuclease in-distribution and extrapolation plots
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Figure C.7: Benchmark test Spearman correlation (left) and RMSE (right) comparisons
for DeepEmbCas9 (orange), DeepEnsEmbCas9 naive (red), DeepEmbCas9-MVE (wheat-
colored), DeepEnsEmbCas9 (gold), DeepEmbCas9 omit (dark salmon) and DeepEnsEm-
bCas9 omit (brown) against relevant individual Cas9 cleavage activity tools for matched
A/GN19 wild type SpCas9 (top), SpCas9-HF1 (middle) and eSpCas9(1.1) (bottom) inter-
faces from Wang et al. [4], where green and blue bars denote DeepHF and other individual
Cas9 cleavage activity tools trained on matched interfaces of the test nuclease, respec-
tively.
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Figure C.8: Benchmark test Spearman correlation (left) and RMSE (right) comparisons
for DeepEmbCas9 (orange), DeepEnsEmbCas9 naive (red), DeepEmbCas9-MVE (wheat-
colored), DeepEnsEmbCas9 (gold), DeepEmbCas9 omit (dark salmon) and DeepEnsEm-
bCas9 omit (brown) against relevant individual Cas9 cleavage activity tools for matched
G/gN19 wild type SpCas9 interfaces from Kim, Kim et al. [5], where green and blue bars
denote DeepSpCas9 and other individual Cas9 cleavage activity tools trained on matched
wild type SpCas9 interfaces, respectively.
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Figure C.9: Benchmark test Spearman correlation (left) and RMSE (right) comparisons
for DeepEmbCas9 (orange), DeepEnsEmbCas9 naive (red), DeepEmbCas9-MVE (wheat-
colored), DeepEnsEmbCas9 (gold), DeepEmbCas9 omit (dark salmon) and DeepEnsEm-
bCas9 omit (brown) against relevant individual Cas9 cleavage activity tools for matched
G/gN19 wild type SpCas9 (top), xCas9 (middle) and SpCas9-NG (bottom) interfaces from
Kim et al. [6], where green bars denote DeepxCas9 (middle row) and DeepSpCas9-NG
(bottom row), and blue bars denote other individual Cas9 cleavage activity tools trained
on matched interfaces of the test nuclease.
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Figure C.10: Benchmark test Spearman correlation (left) and RMSE (right) comparisons
for DeepEmbCas9 (orange), DeepEnsEmbCas9 naive (red), DeepEmbCas9-MVE (wheat-
colored), DeepEnsEmbCas9 (gold), DeepEmbCas9 omit (dark salmon) and DeepEnsEmb-
Cas9 omit (brown) against relevant individual Cas9 cleavage activity tools for mismatched
G/gN19 wild type SpCas9 (top), SpCas9-NG (middle) and xCas9 (bottom) interfaces from
Kim et al. [6], where blue bars denote individual Cas9 cleavage activity tools trained on
mismatched interfaces of the test nuclease.
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Figure C.11: Benchmark test Spearman correlation (left) and RMSE (right) compar-
isons for DeepEmbCas9 (orange), DeepEnsEmbCas9 naive (red), DeepEmbCas9-MVE
(wheat-colored), DeepEnsEmbCas9 (gold), DeepEmbCas9 omit (dark salmon) and Deep-
EnsEmbCas9 omit (brown) against relevant individual Cas9 cleavage activity tools for
(mis)matched G/gN19 wild type SpCas9 (top), SpCas9-NG (middle) and xCas9 (bottom)
interfaces from Kim et al. [6], where blue bars denote individual Cas9 cleavage activity
tools trained on (mis)matched interfaces of the test nuclease.
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Figure C.12: Benchmark test Spearman correlation (left) and RMSE (right) comparisons
for DeepEmbCas9 (orange), DeepEnsEmbCas9 naive (red), DeepEmbCas9-MVE (wheat-
colored), DeepEnsEmbCas9 (gold), DeepEmbCas9 omit (dark salmon) and DeepEnsEm-
bCas9 omit (brown) against relevant individual Cas9 cleavage activity tools for matched
G/gN19 and tRNAGln-N20 wild type SpCas9 (top), eSpCas9(1.1) (middle) and SpCas9-
HF1 (bottom) interfaces from Kim, Kim et al. [7], where green bars denote DeepSp-
Cas9variants, and blue bars denote other individual Cas9 cleavage activity tools trained
on matched interfaces of the test nuclease.
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Figure C.13: Benchmark test Spearman correlation (left) and RMSE (right) comparisons
for DeepEmbCas9 (orange), DeepEnsEmbCas9 naive (red), DeepEmbCas9-MVE (wheat-
colored), DeepEnsEmbCas9 (gold), DeepEmbCas9 omit (dark salmon) and DeepEnsEm-
bCas9 omit (brown) against relevant individual Cas9 cleavage activity tools for matched
G/gN19 and tRNAGln-N20 HypaCas9 (top), evoCas9 (middle) and Sniper-Cas9 (bottom)
interfaces from Kim, Kim et al. [7], where green bars denote DeepSpCas9variants, and blue
bars denote other individual Cas9 cleavage activity tools trained on matched interfaces of
the test nuclease.
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Figure C.14: Benchmark test Spearman correlation (left) and RMSE (right) comparisons
for DeepEmbCas9 (orange), DeepEnsEmbCas9 naive (red), DeepEmbCas9-MVE (wheat-
colored), DeepEnsEmbCas9 (gold), DeepEmbCas9 omit (dark salmon) and DeepEnsEm-
bCas9 omit (brown) against relevant individual Cas9 cleavage activity tools for matched
G/gN19 and tRNAGln-N20 xCas9 (top), SpCas9-NG (middle) and VRQR (bottom) inter-
faces from Kim, Kim et al. [7], where green bars denote DeepSpCas9variants, and blue
bars denote other individual Cas9 cleavage activity tools trained on matched interfaces of
the test nuclease.
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Figure C.15: Benchmark test Spearman correlation (left) and RMSE (right) comparisons
for DeepEmbCas9 (orange), DeepEnsEmbCas9 naive (red), DeepEmbCas9-MVE (wheat-
colored), DeepEnsEmbCas9 (gold), DeepEmbCas9 omit (dark salmon) and DeepEnsEm-
bCas9 omit (brown) against relevant individual Cas9 cleavage activity tools for matched
G/gN19 and tRNAGln-N20 QQR1 (row 1), VQR (row 2), VRER (row 3) and VRQR-HF1
(row 4) interfaces from Kim, Kim et al. [7], where green bars denote DeepSpCas9variants.
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Figure C.16: Benchmark test Spearman correlation (left) and RMSE (right) comparisons
for DeepEmbCas9 (orange), DeepEnsEmbCas9 naive (red), DeepEmbCas9-MVE (wheat-
colored), DeepEnsEmbCas9 (gold), DeepEmbCas9 omit (dark salmon) and DeepEnsEm-
bCas9 omit (brown) against relevant individual Cas9 cleavage activity tools for wild type
SpCas9 (specifically NLS-SpCas9-NLS-FLAG-P2A) with matched G/gN19 (row 1), mis-
matched G/gN19 (row 2), (mis)matched G/gN19 (row 3) and matched G/gN20 interfaces
(row 4) from Seo et al. [8], where green bars denote DeepSpCas9-v2, and blue bars denote
other individual Cas9 cleavage activity tools trained on matched interfaces of the test
nuclease.
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Figure C.17: Benchmark test Spearman correlation (left) and RMSE (right) comparisons
for DeepEmbCas9 (orange), DeepEnsEmbCas9 naive (red), DeepEmbCas9-MVE (wheat-
colored), DeepEnsEmbCas9 (gold), DeepEmbCas9 omit (dark salmon) and DeepEnsEm-
bCas9 omit (brown) against relevant individual Cas9 cleavage activity tools for matched
G/gN19 SpCas9 (top) and Sc++ (bottom) interfaces from Kim, Choi et al. [9], where
green bars denote DeepCas9variants, and blue bars denote other individual Cas9 cleavage
activity tools trained on matched interfaces of the test nuclease.
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Figure C.18: Benchmark test Spearman correlation (left) and RMSE (right) comparisons
for DeepEmbCas9 (orange), DeepEnsEmbCas9 naive (red), DeepEmbCas9-MVE (wheat-
colored), DeepEnsEmbCas9 (gold), DeepEmbCas9 omit (dark salmon) and DeepEnsEm-
bCas9 omit (brown) against relevant individual Cas9 cleavage activity tools for matched
G/gN19 xCas9 (row 1), SpCas9-NG (row 2) and VRQR (row 3) interfaces from Kim, Choi
et al. [9], where green bars denote DeepCas9variants, and blue bars denote other individ-
ual Cas9 cleavage activity tools trained on matched interfaces of the test nuclease.
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Figure C.19: Benchmark test Spearman correlation (left) and RMSE (right) comparisons
for DeepEmbCas9 (orange), DeepEnsEmbCas9 naive (red), DeepEmbCas9-MVE (wheat-
colored), DeepEnsEmbCas9 (gold), DeepEmbCas9 omit (dark salmon) and DeepEnsEm-
bCas9 omit (brown) against relevant individual Cas9 cleavage activity tools for matched
G/gN19 SpCas9-NRCH (row 1), SpCas9-NRRH (row 2) and SpCas9-NRTH (row 3) inter-
faces from Kim, Choi et al. [9], where green bars denote DeepCas9variants, and blue bars
denote other individual Cas9 cleavage activity tools trained on matched interfaces of the
test nuclease.
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Figure C.20: Benchmark test Spearman correlation (left) and RMSE (right) comparisons
for DeepEmbCas9 (orange), DeepEnsEmbCas9 naive (red), DeepEmbCas9-MVE (wheat-
colored), DeepEnsEmbCas9 (gold), DeepEmbCas9 omit (dark salmon) and DeepEnsEm-
bCas9 omit (brown) against relevant individual Cas9 cleavage activity tools for matched
G/gN19 SpG (top) and SpRY (bottom) interfaces from Kim, Choi et al. [9], where green
bars denote DeepCas9variants, and blue bars denote other individual Cas9 cleavage activ-
ity tools trained on matched interfaces of the test nuclease.
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Figure C.21: Benchmark test Spearman correlation (left) and RMSE (right) comparisons
for DeepEmbCas9 (orange), DeepEnsEmbCas9 naive (red), DeepEmbCas9-MVE (wheat-
colored), DeepEnsEmbCas9 (gold), DeepEmbCas9 omit (dark salmon) and DeepEnsEm-
bCas9 omit (brown) against relevant individual Cas9 cleavage activity tools for matched
G/gN19 and tRNAGln-N20 Sniper-Cas9 (top), Sniper2L (middle) and Sniper2P (bottom)
interfaces from Kim, Kim and Okafor et al. [10], where green bars denote DeepSniper’s
Sniper1 on (top) and Sniper2L on (middle), and blue bars denote other individual Cas9
cleavage activity tools trained on interfaces of the test nuclease.
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Figure C.22: Benchmark test Spearman correlation (left) and RMSE (right) comparisons
for DeepEmbCas9 (orange), DeepEnsEmbCas9 naive (red), DeepEmbCas9-MVE (wheat-
colored), DeepEnsEmbCas9 (gold), DeepEmbCas9 omit (dark salmon) and DeepEnsEmb-
Cas9 omit (brown) against relevant individual Cas9 cleavage activity tools for mismatched
G/gN19 Sniper-Cas9 (top), Sniper2L (middle) and Sniper2P (bottom) interfaces from Kim,
Kim and Okafor et al. [10], where green bars denote DeepSniper’s Sniper1 off (top) and
Sniper2L off (middle), and blue bars denote other individual Cas9 cleavage activity tools
trained on interfaces of the test nuclease.
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Figure C.23: Benchmark test Spearman correlation (left) and RMSE (right) comparisons
for DeepEmbCas9 (orange), DeepEnsEmbCas9 naive (red), DeepEmbCas9-MVE (wheat-
colored), DeepEnsEmbCas9 (gold), DeepEmbCas9 omit (dark salmon) and DeepEnsEmb-
Cas9 omit (brown) against relevant individual Cas9 cleavage activity tools for mismatched
G/gN19 Sniper-Cas9 (top), Sniper2L (middle) and Sniper2P (bottom) interfaces from Kim,
Kim and Okafor et al. [10], where green bars denote DeepSniper, and blue bars denote
other individual Cas9 cleavage activity tools trained on interfaces of the test nuclease.
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Figure C.24: Benchmark test Spearman correlation (left) and RMSE (right) comparisons
for DeepEmbCas9 (orange), DeepEnsEmbCas9 (red), DeepEmbCas9 omit (dark salmon)
and DeepEnsEmbCas9 omit (brown) against relevant individual Cas9 cleavage activity
tools for (mis)matched G/gN21 wild type and engineered SaCas9 interfaces from Seo et
al. [8], where green bars denote DeepSmallCas9.
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Figure C.25: Benchmark test Spearman correlation (left) and RMSE (right) comparisons
for DeepEmbCas9 (orange), DeepEnsEmbCas9 (red), DeepEmbCas9 omit (dark salmon)
and DeepEnsEmbCas9 omit (brown) against relevant individual Cas9 cleavage activity
tools for (mis)matched G/gN21 wild type and engineered SlugCas9/sRGN3.1/SauriCas9
interfaces from Seo et al. [8], where green bars denote DeepSmallCas9.
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Figure C.26: Benchmark test Spearman correlation (left) and RMSE (right) comparisons
for DeepEmbCas9 (orange), DeepEnsEmbCas9 (red), DeepEmbCas9 omit (dark salmon)
and DeepEnsEmbCas9 omit (brown) against relevant individual Cas9 cleavage activity
tools for (mis)matched G/gN21 G/gN19 St1Cas9 (row 1), G/gN22 CjCas9 (row 2), G/gN22

enCjCas9 (row 3), G/gN23 Nm1Cas9 (row 4) and G/gN22−23 Nm2Cas9 (row 5) interfaces
from Seo et al. [8], where green bars denote DeepSmallCas9.
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C.2.4 Extrapolation performance on whole dataset

pLM rLM
Guide-target

5-fold CV
Cas9 variants

5-fold CV
gRNA scaffold

LOOCV
Overall

ESM-C-300M BEACON-B 0.8989 ± 0.0026 0.6993 ± 0.0944 0.5679 ± 0.1396 0.7220 ± 0.1666
ESM-C-600M RiNALMo 0.8988 ± 0.0021 0.7200 ± 0.0767 0.5470 ± 0.1624 0.7219 ± 0.1759
ESM-C-600M RNA-FM 0.9017 ± 0.0011 0.6865 ± 0.0842 0.5670 ± 0.1411 0.7184 ± 0.1696
ESM-C-300M RNA-FM 0.8986 ± 0.0016 0.6996 ± 0.1040 0.5548 ± 0.1325 0.7177 ± 0.1726
ESM-C-600M BEACON-B512 0.8991 ± 0.0012 0.7016 ± 0.0674 0.5474 ± 0.1393 0.7160 ± 0.1763
ESM-C-300M RiNALMo 0.8988 ± 0.0010 0.6991 ± 0.0811 0.5443 ± 0.1755 0.7141 ± 0.1777
ESM-C-300M BEACON-B512 0.8963 ± 0.0009 0.6899 ± 0.0976 0.5524 ± 0.1493 0.7129 ± 0.1731
ESM-C-600M evo-1-8k 0.8980 ± 0.0007 0.7085 ± 0.0698 0.5247 ± 0.1636 0.7104 ± 0.1866
ESM-C-6B BEACON-B 0.8951 ± 0.0016 0.7047 ± 0.0957 0.5302 ± 0.1634 0.7100 ± 0.1825
ESM-C-600M BEACON-B 0.9013 ± 0.0016 0.6973 ± 0.0607 0.5289 ± 0.1650 0.7092 ± 0.1865
ESM-C-6B RNA-FM 0.8977 ± 0.0031 0.6965 ± 0.0775 0.5306 ± 0.1972 0.7083 ± 0.1839
ESM-C-6B BEACON-B512 0.8919 ± 0.0018 0.6937 ± 0.0892 0.5334 ± 0.1674 0.7064 ± 0.1796
ESM-C-300M evo-1-8k 0.8947 ± 0.0009 0.6985 ± 0.0876 0.5228 ± 0.1294 0.7053 ± 0.1860
ProtT5 evo-1-8k 0.8898 ± 0.0033 0.6725 ± 0.1078 0.5456 ± 0.1433 0.7026 ± 0.1741
ESM-C-6B RiNALMo 0.8947 ± 0.0020 0.6843 ± 0.0856 0.5242 ± 0.1808 0.7011 ± 0.1858
Ankh-large RNA-FM 0.8914 ± 0.0026 0.6593 ± 0.1050 0.5438 ± 0.1577 0.6982 ± 0.1770
Ankh-large BEACON-B 0.8919 ± 0.0016 0.6600 ± 0.1020 0.5341 ± 0.1781 0.6953 ± 0.1815
ProtT5 RNA-FM 0.8950 ± 0.0016 0.6418 ± 0.1175 0.5470 ± 0.1636 0.6946 ± 0.1799
Ankh-large BEACON-B512 0.8873 ± 0.0015 0.6608 ± 0.0943 0.5323 ± 0.1484 0.6935 ± 0.1797
ProtT5 RiNALMo 0.8934 ± 0.0033 0.6687 ± 0.1049 0.5168 ± 0.2108 0.6930 ± 0.1895
ProtT5 BEACON-B512 0.8890 ± 0.0022 0.6504 ± 0.0957 0.5379 ± 0.1812 0.6924 ± 0.1793
ProtT5 BEACON-B 0.8927 ± 0.0026 0.6496 ± 0.1228 0.5223 ± 0.2016 0.6882 ± 0.1882
Ankh-large evo-1-8k 0.8903 ± 0.0013 0.6552 ± 0.1163 0.5178 ± 0.1452 0.6878 ± 0.1884
Ankh-large RiNALMo 0.8913 ± 0.0024 0.6503 ± 0.1159 0.5182 ± 0.2031 0.6866 ± 0.1892
ESM-C-6B evo-1-8k 0.8898 ± 0.0013 0.6747 ± 0.0997 0.4879 ± 0.1958 0.6841 ± 0.2011
gLM2-650M BEACON-B512 0.8193 ± 0.0024 0.6447 ± 0.0730 0.4594 ± 0.1553 0.6411 ± 0.1800
gLM2-650M RNA-FM 0.8251 ± 0.0035 0.6386 ± 0.0512 0.4514 ± 0.2073 0.6384 ± 0.1869
ESM3 RNA-FM 0.8239 ± 0.0042 0.6325 ± 0.1043 0.4531 ± 0.1879 0.6365 ± 0.1854
gLM2-650M evo-1-8k 0.8193 ± 0.0031 0.6614 ± 0.0645 0.4251 ± 0.1809 0.6353 ± 0.1984
gLM2-650M RiNALMo 0.7964 ± 0.0725 0.6252 ± 0.0477 0.4705 ± 0.1621 0.6307 ± 0.1630
gLM2-650M BEACON-B 0.8239 ± 0.0043 0.5894 ± 0.0987 0.4675 ± 0.1719 0.6269 ± 0.1811
ESM3 BEACON-B512 0.8007 ± 0.0415 0.6301 ± 0.1038 0.4127 ± 0.2113 0.6145 ± 0.1944
ESM3 RiNALMo 0.7954 ± 0.0671 0.6136 ± 0.1152 0.4262 ± 0.1379 0.6117 ± 0.1846
ESM3 evo-1-8k 0.8225 ± 0.0021 0.5896 ± 0.1003 0.4191 ± 0.1518 0.6104 ± 0.2025
ESM3 BEACON-B 0.7397 ± 0.0826 0.5351 ± 0.0827 0.3915 ± 0.1875 0.5554 ± 0.1750

Table C.5: Test Spearman correlation of the 30 pLM-rLM embedding combinations (aris-
ing from 6 pLM (Ankh-large, ESM3, ESM-C-300M, ESM-C-600M, ESM-C-6B, gLM2-
650M, ProtT5) and 5 rLM (BEACON-B, BEACON-B512, RNA-FM, RiNALMo, evo-1-
8k) embeddings) considered for DeepEmbCas9 across three tasks — guide-target 5-fold
cross validation (CV), Cas9 variants 5-fold cross validation and gRNA scaffold leave-one-
out cross validation (LOOCV). The pLM-rLM combinations are ranked by decreasing
“Overall” score, which denotes the average between the mean performances in the three
tasks.
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Figure C.27: Test Spearman correlations when holding out data associated with one Cas9
variant for testing for the 10 pLM-rLM combinations with the highest “Overall” score in
Table C.5 (see list of Cas9 mutations in Table C.4), with Cas9 variants roughly sorted in
descending Spearman correlation.
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Figure C.28: Test Pearson correlation of the 18 pLM-rLM embedding combinations (aris-
ing from 6 pLM (Ankh-large, ESM3, ESM-C-300M, ESM-C-600M, ESM-C-6B, gLM2-
650M, ProtT5) and 3 rLM (BEACON-B, BEACON-B512, RNA-FM) embeddings) con-
sidered for DeepEmbCas9 across three tasks — guide-target 5-fold cross validation (CV),
Cas9 variants 5-fold cross validation and gRNA scaffold leave-one-out cross validation
(LOOCV). The pLM-rLM combinations are ranked by decreasing “Overall” score, which
denotes the average between the mean performances in the three tasks.
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Figure C.29: Test Spearman correlations when holding out data associated with one gRNA
scaffold for testing for the 10 pLM-rLM combinations with the highest “Overall” score in
Table C.5, with Cas9 variants roughly sorted in descending Spearman correlation.
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Figure C.30: Test Pearson correlations when holding out data associated with one Cas9
variant for testing for 10 pLM-rLM combinations with the highest “Overall” score in
Table C.5 (see list of Cas9 mutations in Table C.4).
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C.2.5 In-distribution calibration

Quantile calibration plots - DeepEnsEmbCas9
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Figure C.31: Confidence interval-based calibration curves for DeepEnsEmbCas9, condi-
tioned on (A) matched AN19, G/gN19 and tRNAGln-N20 wild type SpCas9 interfaces;
(B) mismatched G/gN19 and matched G/gN20 wild type SpCas9 interfaces; (C) matched
AN19, G/gN19 and tRNAGln-N20 eSpCas9(1.1) interfaces; (D) matched AN19, G/gN19

and tRNAGln-N20 SpCas9-HF1 interfaces; for matched G/gN19 and tRNAGln-N20 Hy-
paCas9/evoCas9 and G/gN19 Sc++ interfaces; (F) matched G/gN19 and tRNAGln-N20

and mismatched G/gN19 interfaces for 2 Sniper variants; (G,H) matched G/gN19 and
tRNAGln-N20 interfaces for xCas9/SpCas9-NG (G) and 6 other PAM-altered SpCas9 vari-
ants (H); and (I) matched and mismatched interfaces for 17 wild type or engineered small
Cas9 nucleases.
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Quantile calibration plots - DeepEmbCas9-MVE
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Figure C.32: Quantile calibration plots for DeepEmbCas9-MVE, conditioned on (A)
matched AN19, G/gN19 and tRNAGln-N20 wild type SpCas9 interfaces; (B) mismatched
G/gN19 and matched G/gN20 wild type SpCas9 interfaces; (C) matched AN19, G/gN19

and tRNAGln-N20 eSpCas9(1.1) interfaces; (D) matched AN19, G/gN19 and tRNAGln-N20

SpCas9-HF1 interfaces; for matched G/gN19 and tRNAGln-N20 HypaCas9/evoCas9 and
G/gN19 Sc++ interfaces; (F) matched G/gN19 and tRNAGln-N20 and mismatched G/gN19

interfaces for 2 Sniper variants; (G,H) matched G/gN19 and tRNAGln-N20 interfaces for
xCas9/SpCas9-NG (G) and 6 other PAM-altered SpCas9 variants (H); and (I) matched
and mismatched interfaces for 17 wild type or engineered small Cas9 nucleases.
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Figure C.33: Confidence interval-based calibration curves for DeepEmbCas9-MVE, con-
ditioned on (A) matched AN19, G/gN19 and tRNAGln-N20 wild type SpCas9 interfaces;
(B) mismatched G/gN19 and matched G/gN20 wild type SpCas9 interfaces; (C) matched
AN19, G/gN19 and tRNAGln-N20 eSpCas9(1.1) interfaces; (D) matched AN19, G/gN19

and tRNAGln-N20 SpCas9-HF1 interfaces; for matched G/gN19 and tRNAGln-N20 Hy-
paCas9/evoCas9 and G/gN19 Sc++ interfaces; (F) matched G/gN19 and tRNAGln-N20

and mismatched G/gN19 interfaces for 2 Sniper variants; (G,H) matched G/gN19 and
tRNAGln-N20 interfaces for xCas9/SpCas9-NG (G) and 6 other PAM-altered SpCas9 vari-
ants (H); and (I) matched and mismatched interfaces for 17 wild type or engineered small
Cas9 nucleases.
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Quantile calibration plots - DeepEnsEmbCas9 naive
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Figure C.34: Quantile calibration plots for DeepEnsEmbCas9 naive, conditioned on (A)
matched AN19, G/gN19 and tRNAGln-N20 wild type SpCas9 interfaces; (B) mismatched
G/gN19 and matched G/gN20 wild type SpCas9 interfaces; (C) matched AN19, G/gN19

and tRNAGln-N20 eSpCas9(1.1) interfaces; (D) matched AN19, G/gN19 and tRNAGln-N20

SpCas9-HF1 interfaces; for matched G/gN19 and tRNAGln-N20 HypaCas9/evoCas9 and
G/gN19 Sc++ interfaces; (F) matched G/gN19 and tRNAGln-N20 and mismatched G/gN19

interfaces for 2 Sniper variants; (G,H) matched G/gN19 and tRNAGln-N20 interfaces for
xCas9/SpCas9-NG (G) and 6 other PAM-altered SpCas9 variants (H); and (I) matched
and mismatched interfaces for 17 wild type or engineered small Cas9 nucleases.
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Figure C.35: Confidence interval-based calibration curves for DeepEnsEmbCas9 naive,
conditioned on (A) matched AN19, G/gN19 and tRNAGln-N20 wild type SpCas9 inter-
faces; (B) mismatched G/gN19 and matched G/gN20 wild type SpCas9 interfaces; (C)
matched AN19, G/gN19 and tRNAGln-N20 eSpCas9(1.1) interfaces; (D) matched AN19,
G/gN19 and tRNAGln-N20 SpCas9-HF1 interfaces; for matched G/gN19 and tRNAGln-N20

HypaCas9/evoCas9 and G/gN19 Sc++ interfaces; (F) matched G/gN19 and tRNAGln-N20

and mismatched G/gN19 interfaces for 2 Sniper variants; (G,H) matched G/gN19 and
tRNAGln-N20 interfaces for xCas9/SpCas9-NG (G) and 6 other PAM-altered SpCas9 vari-
ants (H); and (I) matched and mismatched interfaces for 17 wild type or engineered small
Cas9 nucleases.
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Figure C.36: Quantile calibration errors for DeepEnsEmbCas9 naive, DeepEmbCas9-MVE
and DeepEnsEmbCas9, conditioned on (A) matched AN19, G/gN19 and tRNAGln-N20 wild
type SpCas9 interfaces; (B) mismatched G/gN19 and matched G/gN20 wild type SpCas9
interfaces; (C) matched AN19, G/gN19 and tRNAGln-N20 eSpCas9(1.1) interfaces; (D)
matched AN19, G/gN19 and tRNAGln-N20 SpCas9-HF1 interfaces; for matched G/gN19

and tRNAGln-N20 HypaCas9/evoCas9 and G/gN19 Sc++ interfaces; (F) matched G/gN19

and tRNAGln-N20 and mismatched G/gN19 interfaces for 2 Sniper variants; (G,H) matched
G/gN19 and tRNAGln-N20 interfaces for xCas9/SpCas9-NG (G) and 6 other PAM-altered
SpCas9 variants (H); and (I) matched and mismatched interfaces for 17 wild type or
engineered small Cas9 nucleases.
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Figure C.37: Confidence interval-based quantile calibration errors for DeepEnsEmb-
Cas9 naive, DeepEmbCas9-MVE and DeepEnsEmbCas9, conditioned on (A) matched
AN19, G/gN19 and tRNAGln-N20 wild type SpCas9 interfaces; (B) mismatched G/gN19 and
matched G/gN20 wild type SpCas9 interfaces; (C) matched AN19, G/gN19 and tRNAGln-
N20 eSpCas9(1.1) interfaces; (D) matched AN19, G/gN19 and tRNAGln-N20 SpCas9-HF1
interfaces; for matched G/gN19 and tRNAGln-N20 HypaCas9/evoCas9 and G/gN19 Sc++
interfaces; (F) matched G/gN19 and tRNAGln-N20 and mismatched G/gN19 interfaces for
2 Sniper variants; (G,H) matched G/gN19 and tRNAGln-N20 interfaces for xCas9/SpCas9-
NG (G) and 6 other PAM-altered SpCas9 variants (H); and (I) matched and mismatched
interfaces for 17 wild type or engineered small Cas9 nucleases.
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C.2.6 Per-nuclease extrapolation calibration

Quantile calibration plots - DeepEnsEmbCas9 omit
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Figure C.38: Quantile calibration plots for DeepEnsEmbCas9 omit, conditioned on (A)
matched AN19, G/gN19 and tRNAGln-N20 wild type SpCas9 interfaces; (B) mismatched
G/gN19 and matched G/gN20 wild type SpCas9 interfaces; (C) matched AN19, G/gN19

and tRNAGln-N20 eSpCas9(1.1) interfaces; (D) matched AN19, G/gN19 and tRNAGln-N20

SpCas9-HF1 interfaces; for matched G/gN19 and tRNAGln-N20 HypaCas9/evoCas9 and
G/gN19 Sc++ interfaces; (F) matched G/gN19 and tRNAGln-N20 and mismatched G/gN19

interfaces for 2 Sniper variants; (G,H) matched G/gN19 and tRNAGln-N20 interfaces for
xCas9/SpCas9-NG (G) and 6 other PAM-altered SpCas9 variants (H); and (I) matched
and mismatched interfaces for 17 wild type or engineered small Cas9 nucleases.
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Figure C.39: Confidence interval-based calibration curves for DeepEnsEmbCas9 omit, con-
ditioned on (A) matched AN19, G/gN19 and tRNAGln-N20 wild type SpCas9 interfaces;
(B) mismatched G/gN19 and matched G/gN20 wild type SpCas9 interfaces; (C) matched
AN19, G/gN19 and tRNAGln-N20 eSpCas9(1.1) interfaces; (D) matched AN19, G/gN19

and tRNAGln-N20 SpCas9-HF1 interfaces; for matched G/gN19 and tRNAGln-N20 Hy-
paCas9/evoCas9 and G/gN19 Sc++ interfaces; (F) matched G/gN19 and tRNAGln-N20

and mismatched G/gN19 interfaces for 2 Sniper variants; (G,H) matched G/gN19 and
tRNAGln-N20 interfaces for xCas9/SpCas9-NG (G) and 6 other PAM-altered SpCas9 vari-
ants (H); and (I) matched and mismatched interfaces for 17 wild type or engineered small
Cas9 nucleases.
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Quantile calibration plots - DeepEmbCas9-MVE omit
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Figure C.40: Quantile calibration plots for DeepEmbCas9-MVE omit, conditioned on (A)
matched AN19, G/gN19 and tRNAGln-N20 wild type SpCas9 interfaces; (B) mismatched
G/gN19 and matched G/gN20 wild type SpCas9 interfaces; (C) matched AN19, G/gN19

and tRNAGln-N20 eSpCas9(1.1) interfaces; (D) matched AN19, G/gN19 and tRNAGln-N20

SpCas9-HF1 interfaces; for matched G/gN19 and tRNAGln-N20 HypaCas9/evoCas9 and
G/gN19 Sc++ interfaces; (F) matched G/gN19 and tRNAGln-N20 and mismatched G/gN19

interfaces for 2 Sniper variants; (G,H) matched G/gN19 and tRNAGln-N20 interfaces for
xCas9/SpCas9-NG (G) and 6 other PAM-altered SpCas9 variants (H); and (I) matched
and mismatched interfaces for 17 wild type or engineered small Cas9 nucleases.
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Figure C.41: Confidence interval-based calibration curves for DeepEmbCas9-MVE omit,
conditioned on (A) matched AN19, G/gN19 and tRNAGln-N20 wild type SpCas9 inter-
faces; (B) mismatched G/gN19 and matched G/gN20 wild type SpCas9 interfaces; (C)
matched AN19, G/gN19 and tRNAGln-N20 eSpCas9(1.1) interfaces; (D) matched AN19,
G/gN19 and tRNAGln-N20 SpCas9-HF1 interfaces; for matched G/gN19 and tRNAGln-N20

HypaCas9/evoCas9 and G/gN19 Sc++ interfaces; (F) matched G/gN19 and tRNAGln-N20

and mismatched G/gN19 interfaces for 2 Sniper variants; (G,H) matched G/gN19 and
tRNAGln-N20 interfaces for xCas9/SpCas9-NG (G) and 6 other PAM-altered SpCas9 vari-
ants (H); and (I) matched and mismatched interfaces for 17 wild type or engineered small
Cas9 nucleases.
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Quantile calibration plots - DeepEnsEmbCas9 naive omit
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Figure C.42: Quantile calibration plots for DeepEnsEmbCas9 naive omit, conditioned
on (A) matched AN19, G/gN19 and tRNAGln-N20 wild type SpCas9 interfaces; (B)
mismatched G/gN19 and matched G/gN20 wild type SpCas9 interfaces; (C) matched
AN19, G/gN19 and tRNAGln-N20 eSpCas9(1.1) interfaces; (D) matched AN19, G/gN19

and tRNAGln-N20 SpCas9-HF1 interfaces; for matched G/gN19 and tRNAGln-N20 Hy-
paCas9/evoCas9 and G/gN19 Sc++ interfaces; (F) matched G/gN19 and tRNAGln-N20

and mismatched G/gN19 interfaces for 2 Sniper variants; (G,H) matched G/gN19 and
tRNAGln-N20 interfaces for xCas9/SpCas9-NG (G) and 6 other PAM-altered SpCas9 vari-
ants (H); and (I) matched and mismatched interfaces for 17 wild type or engineered small
Cas9 nucleases.
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Figure C.43: Confidence interval-based calibration curves for DeepEnsEmb-
Cas9 naive omit, conditioned on (A) matched AN19, G/gN19 and tRNAGln-N20 wild
type SpCas9 interfaces; (B) mismatched G/gN19 and matched G/gN20 wild type SpCas9
interfaces; (C) matched AN19, G/gN19 and tRNAGln-N20 eSpCas9(1.1) interfaces; (D)
matched AN19, G/gN19 and tRNAGln-N20 SpCas9-HF1 interfaces; for matched G/gN19

and tRNAGln-N20 HypaCas9/evoCas9 and G/gN19 Sc++ interfaces; (F) matched G/gN19

and tRNAGln-N20 and mismatched G/gN19 interfaces for 2 Sniper variants; (G,H) matched
G/gN19 and tRNAGln-N20 interfaces for xCas9/SpCas9-NG (G) and 6 other PAM-altered
SpCas9 variants (H); and (I) matched and mismatched interfaces for 17 wild type or en-
gineered small Cas9 nucleases.
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Figure C.44: Quantile calibration errors for DeepEnsEmbCas9 naive omit, DeepEmbCas9-
MVE omit and DeepEnsEmbCas9 omit, conditioned on (A) matched AN19, G/gN19 and
tRNAGln-N20 wild type SpCas9 interfaces; (B) mismatched G/gN19 and matched G/gN20

wild type SpCas9 interfaces; (C) matched AN19, G/gN19 and tRNAGln-N20 eSpCas9(1.1)
interfaces; (D) matched AN19, G/gN19 and tRNAGln-N20 SpCas9-HF1 interfaces; for
matched G/gN19 and tRNAGln-N20 HypaCas9/evoCas9 and G/gN19 Sc++ interfaces; (F)
matched G/gN19 and tRNAGln-N20 and mismatched G/gN19 interfaces for 2 Sniper vari-
ants; (G,H) matched G/gN19 and tRNAGln-N20 interfaces for xCas9/SpCas9-NG (G) and
6 other PAM-altered SpCas9 variants (H); and (I) matched and mismatched interfaces for
17 wild type or engineered small Cas9 nucleases.
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Figure C.45: Confidence interval-based quantile calibration errors for DeepEnsEm-
bCas9 naive omit, DeepEmbCas9-MVE omit and DeepEnsEmbCas9 omit, conditioned
on (A) matched AN19, G/gN19 and tRNAGln-N20 wild type SpCas9 interfaces; (B)
mismatched G/gN19 and matched G/gN20 wild type SpCas9 interfaces; (C) matched
AN19, G/gN19 and tRNAGln-N20 eSpCas9(1.1) interfaces; (D) matched AN19, G/gN19

and tRNAGln-N20 SpCas9-HF1 interfaces; for matched G/gN19 and tRNAGln-N20 Hy-
paCas9/evoCas9 and G/gN19 Sc++ interfaces; (F) matched G/gN19 and tRNAGln-N20

and mismatched G/gN19 interfaces for 2 Sniper variants; (G,H) matched G/gN19 and
tRNAGln-N20 interfaces for xCas9/SpCas9-NG (G) and 6 other PAM-altered SpCas9 vari-
ants (H); and (I) matched and mismatched interfaces for 17 wild type or engineered small
Cas9 nucleases.
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C.2.7 Model Interpretation
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Figure C.46: Important Cas9 domains driving DeepEmbCas9’s change in predicted ac-
tivity when (A) mutating Sniper-Cas9 into Sniper2 variants; (B) mutating VQR into
VRER and VRQR; (C) mutating into PAM-relaxed/PAMless SpCas9 variants; (D) mu-
tating to VRQR-HF1 from VRQR and SpCas9-HF1; (E) mutating SaCas9-KKH, SaCas9
and SaCas9-HF to SaCas9-KKH-HF; and (F) mutating SlugCas9 into sRGN3.1 and Sa-
SlugCas9.



C.2. SUPPLEMENTARY RESULTS 230

0 1 2 3 4 5 6 7 8
SHAP importance

SpCas9 > eSpCas9(1.1)

SpCas9 > evoCas9

SpCas9 > SpCas9-HF1

SpCas9 > HypaCas9

SpCas9 > VRQR-HF1

SpCas9 > xCas9

SpCas9 > Sniper-Cas9

SpCas9 > QQR1

M
ut

at
io

n

A

L2
Linker
REC2
WED
PLL
P2A
REC_insert
PI
RuvC-II
REC1-B

FLAG
L1
BH
Other
RuvC-I
NLS
HNH
RuvC-III
REC1-A

0 1 2 3 4 5 6 7 8
SHAP importance

SpCas9 > SpG

SpCas9 > SpRY

SpCas9 > SpCas9-NRCH

SpCas9 > SpCas9-NG

SpCas9 > VRQR

SpCas9 > SpCas9-NRTH

SpCas9 > SpCas9-NRRH

SpCas9 > VQR

SpCas9 > VRER

M
ut

at
io

n

B

L2
Linker
REC2
WED
PLL
P2A
REC_insert
PI
RuvC-II
REC1-B

FLAG
L1
BH
Other
RuvC-I
NLS
HNH
RuvC-III
REC1-A

0 1 2 3 4 5 6 7 8
SHAP importance

NLS-SaCas9 > NLS-SaCas9-HF

NLS-SaCas9 > NLS-eSaCas9

NLS-SlugCas9 > NLS-SlugCas9-HF

NLS-SaCas9 > NLS-efSaCas9

NLS-CjCas9 > NLS-enCjCas9

M
ut

at
io

n

C

L2
Linker
REC2
WED
PLL
P2A
REC_insert
PI
RuvC-II
REC1-B

FLAG
L1
BH
Other
RuvC-I
NLS
HNH
RuvC-III
REC1-A

0 1 2 3 4 5 6 7 8
SHAP importance

NLS-SauriCas9 > NLS-SauriCas9-KKH

NLS-SaCas9 > NLS-Sa-SlugCas9

NLS-SaCas9 > NLS-SaCas9-KKH

M
ut

at
io

n

D

L2
Linker
REC2
WED
PLL
P2A
REC_insert
PI
RuvC-II
REC1-B

FLAG
L1
BH
Other
RuvC-I
NLS
HNH
RuvC-III
REC1-A

Figure C.47: CRISPR-Cas9 Cas9 regions driving DeepEmbCas9’s change in predicted
activity when introducing residue mutations in Cas9. (A,B) Cas9 region importances
for SpCas9 variants with (A) and without (B) D1135 mutations. (C,D) Cas9 region
importances for small Cas9 variants with (C) increased fidelity and (D) PAM-altering
variants.
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Feature Group Features No. of features

spacer

spacer one-hot encoding 4 × 42
spacer MFE 1

1
2× sgRNA MFE 0.5
spacer GC count 1

sgRNA rLM embedding for spacer region 768

target
target context sequence one-hot encoding 4 × 42

DNA melting temperature features 36
protospacer GC count 36

Cas9 Cas9 pLM embedding for all Cas9 regions

scaffold

sgRNA rLM embedding for repeat-antirepeat region 768
sgRNA rLM embedding for tracrRNA-rest region 768

sgRNA rLM embedding for polyT region 768
1
2× sgRNA MFE 0.5

tRNA preprocessing tRNA feature 1
Day Day 1

Table C.7: List and descriptions of coarse resolution CRISPR-Cas9 complex component
feature groups used in SHAP importance analysis.
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Figure C.48: Important Cas9 regions driving DeepEmbCas9’s change in predicted ac-
tivity when (A) mutating Sniper-Cas9 into Sniper2 variants; (B) mutating VQR into
VRER and VRQR; (C) mutating into PAM-relaxed/PAMless SpCas9 variants; (D) mu-
tating to VRQR-HF1 from VRQR and SpCas9-HF1; (E) mutating SaCas9-KKH, SaCas9
and SaCas9-HF to SaCas9-KKH-HF; and (F) mutating SlugCas9 into sRGN3.1 and Sa-
SlugCas9.
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Figure C.49: SHAP importance of spacer-target one-hot encoding features in driving
DeepEmbCas9’s change in predicted activity for Cas9 variants from Wang et al. [4].
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Figure C.50: SHAP importance of spacer-target one-hot encoding features in driving
DeepEmbCas9’s change in predicted activity for Cas9 variants from Kim, Kim et al. [5].
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Figure C.51: SHAP importance of spacer-target one-hot encoding features in driving
DeepEmbCas9’s change in predicted activity for Cas9 variants from Kim et al. [6].
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Figure C.52: SHAP importance of spacer-target one-hot encoding features in driving
DeepEmbCas9’s change in predicted activity for Cas9 variants from Kim, Kim et al. [7]
and Kim, Choi et al. [9].
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Figure C.53: SHAP importance of spacer-target one-hot encoding features in driving
DeepEmbCas9’s change in predicted activity for Cas9 variants from Kim, Kim, Okafor et
al. [9].
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Figure C.54: SHAP importance of spacer-target one-hot encoding features in driving
DeepEmbCas9’s change in predicted activity for Cas9 variants from Kim, Kim, Okafor et
al. [9].



Appendix D

Other published work

D.1 Physically-inspired modelling of CRISPR-Cas9 cleav-
age activity prediction

I have contributed to the research article “piCRISPR: Physically informed deep learning
models for CRISPR/Cas9 off-target cleavage prediction”, which combines the nucleosomal
scores produced in Chapter 2 with spacer-target nucleotides features and R-loop forma-
tion energy scores for SpCas9 on- and off-target activity prediction using data from the
crisprSQL database [54]. The publication is reprinted in the forthcoming pages.
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a b s t r a c t 

CRISPR/Cas programmable nuclease systems have become ubiquitous in the field of gene editing. With pro- 

gressing development, applications in in vivo therapeutic gene editing are increasingly within reach, yet limited 

by possible adverse side effects from unwanted edits. Recent years have thus seen continuous development of 

off-target prediction algorithms trained on in vitro cleavage assay data gained from immortalised cell lines. It 

has been shown that in contrast to experimental epigenetic features, computed physically informed features are 

so far underutilised despite bearing considerably larger correlation with cleavage activity. Here, we implement 

state-of-the-art deep learning algorithms and feature encodings for off-target prediction with emphasis on physi- 

cally informed features that capture the biological environment of the cleavage site, hence terming our approach 

piCRISPR. Features were gained from the large, diverse crisprSQL off-target cleavage dataset. We find that our 

best-performing models highlight the importance of sequence context and chromatin accessibility for cleavage 

prediction and compare favourably with literature standard prediction performance. We further show that our 

novel, environmentally sensitive features are crucial to accurate prediction on sequence-identical locus pairs, 

making them highly relevant for clinical guide design. The source code and trained models can be found ready 

to use at github.com/florianst/picrispr . 

Introduction 

The clustered regularly interspaced short palindromic repeats 

(CRISPR) sequence family was first described in E. coli in 1987 [1] , but 

it took until 2007 to recognise it as a part of the viral defense system of 

most archaea and bacteria [2] . Exogenous viral DNA is cleaved off by 

specialised nuclease enzymes, coded for on genomic regions which are 

often adjacent to CRISPR and hence named CRISPR-associated (Cas). 

Cleaved-off regions are subsequently incorporated into the CRISPR se- 

quences, which act as a viral history of the respective cell, stabilised 

by the palindromic nature of their saved states which results in stable 

secondary structures [3] . From there they can be transcribed to crRNA 

and invading copies of them can subsequently be rendered inactive. Re- 

searchers have used this ability for programmable genome editing in 

many eukaryotic species, complementing strategies such as zinc-finger 

nucleases (ZFNs, [4] ) and transcription activator-like effector nucleases 

(TALENs, [5] ). 

We concentrate on the effects of the wild-type Cas9 protein gained 

from Streptococcus pyogenes . The crRNA which is originally responsible 

for recognition of a 20bp viral sequence forms an active complex with 

the tracrRNA, called single guide RNA (sgRNA), of about 50bp length 

[6] . Homology of the crRNA part with a 20bp region in the genome re- 

∗ Corresponding author. 

E-mail address: peter.minary@cs.ox.ac.uk (P. Minary) . 

sults in annealing of the sgRNA with one strand of this region, which 

we call ‘target strand’. Binding happens when the interaction of the 3bp 

protospacer-adjacent motif (PAM) on the opposite, non-target strand 

with the Cas9 protein is favourable [7] . For S. pyogenes Cas9, this is 

the case for an ’NGG’ PAM where N stands for an arbitrary nucleobase 

(A, T, C, G). 

Tertiary DNA structure, such as nucleosome octamers, can occlude or 

expose different regions of DNA and hinder Cas9 access [8] . After bind- 

ing has taken place, nuclease-active enzymes within Cas9 can cleave the 

double-stranded DNA 3bp upstream of the PAM. Due to the stochastic, 

energy-driven nature of both the binding and the cleavage process, we 

expect a distribution of cuts over the whole genome, including undesired 

off-target effects which could possibly have catastrophic consequences, 

such as knocking out tumor suppressor genes like p53 and Rb [9] . 

We noticed that repositories of off-target cleavage data contain a 

significant amount of data points which match in both guide and (off- 

)target sequence and differ only in the biological environment of the 

respective loci (see Fig. 1 ). Capturing this environment is therefore in- 

strumental in providing accurate predictions of cleavage activity. We 

recently found that computed nucleosome organisation-related features 

correlate better with cleavage frequency values than experimental epi- 

genetic markers (Deoxyribonuclease-I hypersensitive sites sequencing 
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Fig. 1. A The crisprSQL dataset contains an appreciable amount of perfect guide-target duplicates. We only consider data gained from human cell lines and putative 

off-targets which we generated based on sequence similarity. 8922 of 230,274 data points have at least one guide-target duplicate within this set which differs in 

cleavage activity (CA). As the example from our dataset in panel B shows, such a pair looks identical to purely sequence-based prediction algorithms. They might 

therefore not predict dangerous off-target effects. C piCRISPR remedies this by taking into account the biological environment of the cleavage site based on a range 

of features beyond guide and (off-)target sequence. So far, prediction algorithms have used features related to chromatin organisation (CTCF, [20] ), chromatin 

accessibility (DNase-Seq), DNA methylation (RRBS) and histone methylation (H3K4me3, [21] ). We on the other hand use features pertaining to the 147 bp sequence 

context around each (off-)target nucleotide: GC count, sequence complexity (BDM, [19] ) and nucleosome positioning information (NuPoP, [8] ) which introduce 

unprecedented sensitivity to the biological environment of the cleavage site. Using these, piCRISPR can correctly rank the two example loci given here. 

/ DNase, reduced representation bisulfite sequencing / RRBS, CCCTC- 

binding factor / CTCF, histone-3 lysine-4 trimethylation / H3K4me3) 

[10] which have heretofore been the literature standard for cleavage 

prediction models. These computed features also surpassed epigenetic 

markers in terms of their feature importance in preliminary cleavage 

activity prediction models which had access to both computed and ex- 

perimental epigenetic features. We therefore aim to make full use of this 

novel class of features by embedding them in a rich feature set, including 

DNA/RNA sequence and context sequence-based features. 

With a considerable amount of cleavage prediction algorithms 

present in literature [11–15] , we present here a choice of two model 

architectures, two encodings and two sets of features, yielding a total 

of eight combinations. We scrutinise these according to both prediction 

performance and interpretability. Besides improving prediction accu- 

racy and capturing off-target effects that might so far have gone unno- 

ticed, this will also generate insight into the biological environment that 

influences CRISPR cleavage. 

Methods 

Data Source 

In order to achieve maximum transparency and comparability, we 

use guide-target pairs from the crisprSQL dataset [16] curated by our 

group. It is a collection of 17 base-pair resolved off-target cleavage stud- 

ies on Sp-Cas9, comprising 25,632 data points and is larger than most 

datasets used to train prediction algorithms to date. It contains data on 

various cell lines, mainly U2OS, HEK293 and K562. We have chosen to 

use version 26/05/2020 of the database which does not include T-cell 

data from Lazzarotto et al. [ 17 ] in order to avoid introducing a consider- 

able cell line imbalance. Furthermore, the evaluation of our modelling 

on-target datasets is beyond the scope of this work due to their different 

underlying experimental techniques and cleavage quantification mea- 

sures. 

Experimental data points containing guide and target loci, sequence, 

cell line, assay type and cleavage frequency have been completed and 

enriched by sequence context as well as the CRISPRoff score, an em- 

pirical estimate of the (off-)target binding energy [18] . 

Besides these established features, we propose the usage of nucle- 

osome organisation-related features [10] which add an unprecedented 

level of sensitivity towards the biological environment of the cleavage 

site (see Fig. 1 C). In that publication, we trained a preliminary cleavage 

prediction model on 13 distinct nucleosome organisation-related scores 

all based on the 147 bp context around each (off-)target nucleotide 

(see Supplementary Material) as well as the four literature-standard epi- 

genetic markers named above. We here include the three scores that 

showed the highest feature importance there: GC count, Nucleotide BDM 

[19] and NuPoP Affinity [8] . 

GC count refers to the relative proportion of G and C nucleotides 

within the 147 base pair window centred around a given target nu- 

cleotide. Nucleotide BDM refers to a training-free method that approx- 

imates the algorithmic complexity of a DNA sequence. Low values of 

Nucleotide BDM have been shown to correlate with proximity to nucle- 

osome dyad positions [19] . NuPoP refers to a duration Hidden Markov 

Model trained to predict the base-pair specific nucleosome affinity of 

a given (off-)target sequence. For the precise calculation of these three 

features, we refer to [10] . 

Data Augmentation 

In order to increase the size of the training set, we extend it by those 

putative off-target sites along the respective genome which had fewer 

than seven mismatches to each respective guide sequence, omitting the 

(off-)target locus itself. It was ensured that the protospacer adjacent mo- 

tif (PAM) at the very end of the guide sequence was either the canon- 

ical5 ′-NGG-3’ characteristic of SpCas9 [22] , or one of the noncanoni- 

cal forms5 ′-NGA-3’ and5 ′-NAG-3’ observed in [23] . If a genome-wide 

off-target detection method has not detected cleavage at a locus within 

the genome that satisfies these criteria, we deem the cleavage activity 

at this point to be zero. This yielded 310,142 total guide-target pairs, 

making the complete data set highly imbalanced. Sticking with the con- 

vention in literature, we refer to this process of extending the number 

of data points as data augmentation . For this work, we concentrated on 

the 251,854 data points originating from a human cell line or synthetic 

human DNA. 

Labels For classification, we define the negative class as all data 

points with cleavage activity (CA) values below the lowest reported as- 

say accuracy of 10 −5 , combined with the set of putative off-targets. In 

order to achieve comparability between different studies for regression 

tasks, we perform a nonlinear Box–Cox transformation [24] to transform 

the cleavage rates to approximate a Gaussian with zero mean and vari- 

ance 𝜎2 = 2 , similar to the approach in [25] and [13] . Cleavage activity 

values below the lowest reported assay accuracy of 10 −5 as well as pu- 

tative off-targets were set to −2 𝜎2 = −4 , and transformed values clipped 

to the [−4 , 4] range. This is an empirical choice based on the shape of 

the resulting distributions. 
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Fig. 2. Overview of our two feature encodings and model architectures. A 6 × 23 encoding: (Off-)target and guide (on-target protospacer) sequences are one-hot 

encoded and copied together using a bitwise OR operation. In order to make this encoding lossless, two channels are added that encode which nucleotide is on the 

guide and which on the target, respectively (in the case of a mismatched interface). This is identical to the encoding used in [13] . The nucleosome positioning channels 

(147 bp GC count, Nucleotide BDM [19] , NuPoP Affinity [8] ) of the target as well as the CRISPRoff free energy estimate score [18,27] are concatenated to this 

matrix. The Box–Cox transformed cleavage activity (CA) is used as a label. B The 16 × 23 encoding uses a 16-letter alphabet which explicitly contains information 

about the precise nature of the mismatch. C Bidirectional gated recurrent unit architecture as used in our RNN model, modelled after the network in [28] . Upper and 

lower arm of the network contain the sequence and nucleosomal/energy information, respectively. D Convolutional neural network architecture used in our CNN 

model, comparable with the model in [11] . Dimensions in both model architectures are valid for the 6 × 23 encoding (panel A). 

Feature Encoding 

We employ two different feature encoding schemes which occupy 

different points in the tradeoff between sparsity and interpretability. 

The first was introduced in [13] and consists of one-hot encoded repre- 

sentations of the guide and target sequence which have been combined 

using a bitwise OR operation. In order to make up for the loss of infor- 

mation that this operation causes in terms of mismatches, two additional 

channels are added containing information about the directionality of 

the bases involved in the mismatch, i.e. which of the two entries de- 

scribes the target and which the guide nucleotide. Note that the guide 

nucleotide is first translated into its corresponding target protospacer 

nucleotide. We call this encoding the 6 × 23 encoding based on the re- 

sulting shape of the sequence matrix (see Fig. 2 A). 

Based on the energy-driven nature of binding and cleavage, we hy- 

pothesise that mismatched interfaces affect binding in a totally differ- 

ent way than matched interfaces. This has so far not been recognised 

in detail by off-target prediction algorithms. Since the 6 × 23 encoding 

contains the information about the precise nature of a given interface 

only implicitly, we decided to include a further encoding which does so 

explicitly. This uses a one-hot representation using the 16 letter cross 

product between guide and (off-)target nucleotide, and is hence termed 

the 16 × 23 encoding (see Fig. 2 B). This is similar to the encoding scheme 

in [26] . 

Both matrices are then concatenated with a matrix of base-pair re- 

solved nucleosomal features, as well as the CRISPRoff value of the 

given target-guide interface repeated along the sequence axis. Explor- 

ing latent representations of guide or target is not within the scope of 

this work, given that it further complicates comparison between models. 

Model Architectures 

Literature contains a wealth of model architectures commonly used 

to predict CRISPR cleavage. Currently, successful model architectures 

for learning-based cleavage prediction fall in one of three categories 

[29] : tree-based methods [25] , convolutional neural networks (CNN, 

[11,12] ) and recurrent neural networks (RNN, [13,15,28] ). We take suc- 

cessful CNN and RNN architectures present in the field and adapt them 

to the off-target prediction task using various encodings of the features 

described above. 

Our CNN model is comparable to the architecture described in [11] . 

There, the outputs of two separate, convolutional layer-based encoders 

for guide and (off-)target are concatenated channel-wise (forming the 

Siamese part of the network) and serve as input for a convolutional 

classifier (the conjoined part). Since both encodings scrutinised in this 

publication combine guide and target sequences, we only utilise 1 arm 

of this Siamese network (see Fig. 2 D). We have made various adjust- 

ments to this architecture based on training stability and validation set 

performance (see the Supplementary Text). 

Our RNN architecture is modelled after the bidirectional gated recur- 

rent unit (BGRU) on-target prediction model from [28] . Here, a BGRU 

layer is used to make use of the relevant longer-range dependencies 

between sequence features that would go unnoticed by a CNN of man- 

ageable kernel size. In order to make this type of architecture usable 

for off-target prediction, we feed a combination of guide and target se- 

quence as described above into the sequence arm of the network, and the 

nucleosomal and energy features in a separate arm (see Fig. 2 C). Layer 

dimensions in both arms were adjusted to the shapes of their respective 

inputs. 
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Model Training & Evaluation 

Given the imbalance of validated/measured and non- 

validated/augmented data points, we employ a bootstrapping strategy 

as suggested in [30] , where training batches on average contain equal 

numbers of both classes. For regression (classification), early stopping 

is based on the mean squared error (binary cross-entropy) loss on half 

of the test set, where the other half is reserved for evaluation. 

The CNN models are trained in the same way, with hyperparameters 

of batchnorm_momentum = 0.01, Gaussian noise with 𝜇 = 0 , 𝜎 = 0 . 01 
and Adam learning rate 10 −3 . 

The RNN models are trained for 100 epochs, where batches of 

10,000 points are sampled each epoch out of a class-balanced sample of 

50,000 data points. We replicate the transfer learning approach taken in 

[28] with adjustments to increase training stability and generalisation 

performance as detailed in the Supplementary Text. Dropout probability 

was 0.2 and the Adam learning rate was 10 −3 . 

Testing Scenario 1: held out studies 

In this scenario we hold out studies [31–33] from the training set. 

These studies have not been included in the training set for the state-of- 

the-art off-target prediction algorithm CRISPR-Net [13] , such that they 

remain an independent test set to compare CRISPR-Net and piCRISPR 

side by side. The inherent class imbalance in this test set is 1:103.96. 

22% of the unique guides within the training set have at least one corre- 

sponding guide in the test set with five or fewer mismatches, indicating 

a satisfactory independence between training and test set. 

Testing Scenario 2: literature comparison 

In this scenario we use the CIRCLE-seq [34] dataset as the held out 

test set, as was done in [15] . The exact test set has been replicated using 

the code provided by the authors, such that comparison values could be 

taken straight from publication [15] . Nucleosomal and empirical energy 

data was filled in using the crisprSQL dataset. 

Testing Scenario 3: set of duplicate pairs 

In this scenario, we scrutinise our hypothesis that an environmen- 

tally sensitive feature set is fit to not only increase prediction perfor- 

mance overall, but especially for given groups of identical guide-target 

sequence pairs. To this end we calculate two quantities: First, the mean 

squared error (MSE) between the predicted regression scores and the 

ground truth cleavage frequencies within each of the 2703 groups. Sec- 

ond, the average proportion of the true cleavage activity difference for 

two points within a given group which the model predicts. This is zero 

for purely sequence-based models and unity for an ideal predictor. This 

quantifies how faithful a model is to the differences in biological envi- 

ronment for a given pair. In order to emphasise small deviations which 

preserve the rank of predicted cleavage activities, we use the cubic root 

as a sign-preserving nonlinearity and term this quantity relative differ- 

ence . We consider the resulting distributions of both of these quantities 

for different feature sets. 

Model Explanation 

We obtain feature importances using the model-agnostic Shapley Ad- 

ditive Explanations (SHAP) library [35] . Since piCRISPR wraps the fea- 

ture encoding inside a given model, we retain full explainability of input 

features even for non-invertible encodings. In this way, using the two en- 

codings detailed above, we obtain an unprecedented, context-sensitive 

resolution of sequence-based features. 

Sticking with the convention set by the SHAP library [35] , we cal- 

culate global SHAP values as the mean of the absolute value of SHAP 

values across data points in the explanation set, which is a random sub- 

set of 500 points from the held out test set. In order to show not only 

the magnitude but the direction in which a given feature influences the 

model’s prediction, we multiply each feature’s global SHAP value by the 

sign of the average SHAP value of all data points whose value is larger 

than the median of that feature. 

Command line usage of our models 

We have implemented a command line interface with which pi- 

CRISPR predictions can readily be obtained. For maximum usability, 

the model automatically uses default feature values in case a certain 

feature was not provided, thereby lowering prediction performance (see 

Figure S4). The default value of a given feature is defined as the average 

feature value of the set of those crisprSQL data points which lie within 

a 20% interval around the mean SHAP value. This means that high- 

accuracy piCRISPR predictions can be obtained in a user-friendly way, 

even when providing only guide and (off-)target sequence. Our online 

repository contains hands-on examples on this. 

Results & Discussion 

Testing Scenario 1 

Fig. 3 shows the regression and classification performance of our 

piCRISPR-implemented models, with the 6 × 23 RNN model yielding the 

highest benchmarks. As mentioned in [30] , the area under precision- 

recall curve (AU-PRC) is a much more suitable measure than the area 

under receiver operating curve (AU-ROC) for off-target prediction, since 

Fig. 3. Comparison of piCRISPR models with published algorithms. All models were tested on held out studies [31–33] (testing scenario 1). Non-validated data 

points have been oversampled in the test set to match the class imbalance of 1:79.35 found in the dataset I-1 from [13] . piCRISPR models have been trained on the 

remaining data points within the crisprSQL data set. Left two panels : Comparison with three published off-target prediction algorithms [11,13,26] that were run on 

this test set. Within a model family of the same colour, the model labelled “nuc ” contains nucleosomal features whereas the other does not. piCRISPR training and 

testing have been repeated 5 times to obtain mean and standard deviation as shown. For the underlying ROC and PRC curves see Figure S1. Right panel : AUC-ROC 

and AUC-PRC benchmarks for the RNN 6 × 23 model with nucleosomal features, resolved by individual study within the held out test set. 
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in clinical application, false negatives have far more adverse effects than 

false positives. The addition of the nucleosomal features considerably 

improves model performance according to all benchmarks, supporting 

our hypothesis that nucleosomal features can serve as a key ingredient 

to cleavage prediction. 

A direct comparison with prediction results obtained from the pub- 

lished versions of CnnCrispr, CRISPR-Net and DeepCRISPR on the iden- 

tical held out test set shows that piCRISPR achieves higher classification 

benchmarks in terms of areas under ROC and PRC curve for all three in- 

dividual studies contained in the test set, except for study [31] for which 

piCRISPR and CRISPR-Net achieve comparable benchmarks. 

Testing Scenario 2 

Fig. 6 shows that when testing on the CIRCLE-seq dataset [34] , pi- 

CRISPR performance drops slightly as compared to testing scenario 1. 

Especially RNN models generalise slightly worse to this study. We still 

observe that nucleosomal features enhance the performance of a model, 

and piCRISPR still outperforms both CRISPR-IP and CRISPR-Net models 

according to area under PRC curve. 

Testing Scenario 3 

Table 1 shows that the model performance, measured by the mean 

squared error of predictions within a group of data points that share 

both guide and target sequence, is considerably improved by introduc- 

ing features beyond sequence information (left column). The resulting 

distribution of MSEs is shown in Figure S9. 

Looking at the relative pairwise difference, we observe that intro- 

ducing features beyond sequence leads to an increase of the average 

proportion of true cleavage frequency differences between points of dif- 

fering biological environment which is captured by the model. This is 

true for both DeepCRISPR and piCRISPR. Whilst the full feature set 

in piCRISPR achieves the highest proportion in comparison, it is the 

piCRISPR sequence-only model that achieves the lowest overall mean 

squared error. This indicates that a low mean squared error does not 

necessarily go hand in hand with the model drawing the correct conclu- 

sions from environmentally sensitive features. This can be seen as well 

when considering the comparably small relative pairwise difference that 

is recovered by the DeepCRISPR model from the literature-standard epi- 

genetics channels to which it has access. 

Feature importance 

Due to its comparatively stronger prediction benchmarks between 

testing scenarios 1 and 2, we use the 16 × 23 CNN classification model 

in testing scenario 1 to extract feature importance values of unprece- 

dented resolution. Fig. 4 shows that the model draws on sequence fea- 

tures which stem from mismatched interfaces differently than on those 

from matched interfaces, supporting our hypothesis that this differen- 

tiation is not only physically indicated but also backed by the model’s 

behaviour. Global SHAP values suggest that the preference of the vari- 

able PAM nucleotide at position 21 is contingent on the specific sgRNA–

DNA interface formed. We recover the preference for cytosine at posi- 

tion 17 [11,29,36] as well as position 20 [11,28,29] found in literature 

for matched interfaces. However, for mismatched interfaces, cytosine 

is disfavoured. Whilst we cannot recover a strong preference for the 

variable PAM nucleotide at position 21 for matched interfaces, we ob- 

serve the preference for guanine reported in literature [11,28,36] for 

mismatched interfaces. This supports the notion that a concentration on 

guide-target interfaces rather than pure base identities is necessary for 

off-target prediction, and that deeper insight is required than the notion 

of a preferred base at a specific position. It therefore appears necessary 

to consider mismatch interfaces together with sequences in the desired 

genome, not just the sequence of the putative guide, for sgRNA design. 

Note that due to the low prevalence of non-NGG PAMs in our dataset, 

as has been our choice when augmenting it with putative off-targets, the 

model attributes little importance to the two5 ′ GG base pairs. We ob- 

serve the blind spot of mismatch discrimination by the REC3 domain of 

Cas9 around nucleotide 7 (see also Figure S5) which has been reported 

in a recent cryo-EM structural study [37] and results in reduced im- 

portance of sequence features pertaining mismatched interfaces in this 

region. At nucleotides 3–5 and 9–11, where mismatch detection by the 

REC3 domain of Cas9 is high, we observe a mismatch-induced reduc- 

tion in cleavage activity. We further observe a PAM-distal ’preference 

zone’ and a PAM-proximal ’avoiding zone’ of mismatches when aver- 

aging over feature importance values by nucleotide, which has been 

observed in computational [11] as well as cryo-EM [37] studies. 

The model draws heavily on the empirical energy estimate feature 

𝐸 CRISPRoff which yields the largest global SHAP value. We further ob- 

serve a considerable correlation between its value and the SHAP value 

attributed to it by the model (Figure S8). An energy score of 𝐸 CRISPRoff = 

Table 1 

Benchmark quantities gained on the subset of duplicate guide-target sequence pairs (testing scenario 3) using our 6 × 23 CNN model 

as well as the CRISPR-Net [13] and DeepCRISPR [11] models for comparison. For piCRISPR, we also give a sequence-only version 

of the model in which nucleosome organisation related features and the empirical energy estimate have been set to a default value 

across all data points. Left column : mean squared error (MSE) between predicted cleavage score and ground truth cleavage activity, 

averaged over all groups of identical guide-target sequence pairs. Right column : How faithful a model is to the differences in 

biological environment for a given pair within such a group is measured by the average proportion of the true cleavage activity 

difference which the model predicts. This is zero for purely sequence-based models and unity for an ideal predictor. To emphasise 

small deviations which preserve the rank of predicted cleavage activities, we use the cubic root as a sign-preserving nonlinearity 

and term this quantity relative difference . Right panel : Example distributions of relative pairwise difference for the two models. All 

underlying distributions are shown in Figure S9. 
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Fig. 4. Global SHAP values for the 16 × 23 CNN classifica- 

tion model. Negative global SHAP values (red) indicate an av- 

erage predicted decrease in guide activity for the respective 

feature. Mismatch channels (middle three heatmaps) can be 

represented by the (off-)target and on-target protospacer nu- 

cleotides (left vertical axis) as well as the physical base pair 

interfaces (right vertical axis), such that A_mismT describes 

all configurations in which an adenine on the target strand 

faces an adenine on the sgRNA. The bottom heatmap visualises 

the influence of our chosen set of nucleosomal organisation 

features on cleavage activity. A bar representation of this can 

be found in Figure S5. (For interpretation of the references to 

colour in this figure legend, the reader is referred to the web 

version of this article.) 

Fig. 5. Base-pair resolved SHAP values for the 16 × 23 (left panel, see Fig. 4 ) and 6 × 23 (right panel, see Figure S7) CNN classification models. SHAP values have been 

obtained on the held out studies [31–33] from the crisprSQL dataset. Note that high values of the NuPoP Affinity feature (red dots), i.e. highly positioned nucleosomes, 

always influence the model towards reduced cleavage activity (negative SHAP value). (For interpretation of the references to colour in this figure legend, the reader 

is referred to the web version of this article.) 

6 



F. Störtz, J.K. Mak and P. Minary Artificial Intelligence in the Life Sciences 3 (2023) 100075 

Fig. 6. Comparison between piCRISPR, CRISPR-Net [13] and 

CRISPR-IP [15] , with comparison values for the latter two 

models taken from [15] . All models were tested on a the sub- 

set of the CIRCLE-seq dataset [34] as given in [15] (testing 

scenario 2). Note the slightly reduced performance of the RNN 

models compared to testing scenario 1 ( Fig. 3 ). 

−1 . 15 has a neutral influence on cleavage activity in the 16 × 23 CNN 

model, with higher (lower) values yielding larger (smaller) SHAP val- 

ues, i.e. a positive (negative) influence on cleavage activity. 

When considering nucleosome positioning-related feature channels, 

we see that the 147 bp GC content around each nucleotide has a net 

positive influence on cleavage activity. Similar to the argument in [10] , 

this can be attributed to the increased bendability of GC-rich DNA 

[38] which is beneficial to Cas9 sequence readout during binding [39] . 

We further observe that the NuPoP Affinity score ranks higher in terms 

of global SHAP value than most sequence features. The negative influ- 

ence of nucleosome affinity can be explained by the reduced accessi- 

bility of high-affinity DNA regions, and is observed strongly between 

nucleotides 5 and 19. This effect has been observed in [10] as well. We 

further observe an overall negative influence of low Nucleotide BDM 

values on cleavage activity, supporting what has been observed in pre- 

liminary, non-sequence based models in [10] . 

This also demonstrates the importance of nucleosome-related fea- 

tures for cleavage prediction, and also supports the notion of chromatin 

accessibility influencing cleavage activity found in [40] . To our knowl- 

edge, this strong effect of a more than 10 bp wide sequence context on 

genome-wide off-target cleavage prediction has not been demonstrated 

yet. Hints of it have been seen only for smaller contexts and on-target 

efficacy prediction [41,42] . In addition, our findings present an unprece- 

dented example in which information in the 147 bp sequence context 

has considerable impact on the model. 

A similar analysis for the 6 × 23 CNN model can be found in Figure S6 

and for the 16 × 23 RNN model in Figure S7. Figure 5 shows the under- 

lying SHAP values for both CNN classification models. Note that within 

the nucleosomal feature class, the RNN models attribute more impor- 

tance to the Nucleotide BDM feature than the CNN models scrutinised 

here. This could in part explain their slight difference in performance 

between testing scenarios 1 and 2. 

Conclusion 

Through the introduction of a new feature class and the careful 

adjustment of model architectures, we have identified a set of mod- 

els which match the performance of state-of-the-art off-target cleavage 

prediction algorithms in direct comparison. All models are highly in- 

fluenced by nucleosome organisation-related features such as histone 

binding affinity, which emphasises the importance of capturing the bio- 

logical environment around the cleavage site when modelling cleavage 

activity. Our approach has shown that these computed physically in- 

formed features are fit to enhance the predictive power of cleavage pre- 

diction models and to replace experimental epigenetic markers in future 

modelling efforts. We have further provided an accessible, user-friendly 

command line interface that allows users of various disciplines to utilise 

all our models, even without providing a complete set of features. This 

all paves the way towards the prediction of off-target sites which would 

so far have gone unnoticed. 

Our environmentally sensitive set of features reveals several novel, 

promising pathways towards further improvement of off-target cleav- 

age prediction. Going forward, it could be fruitful to increase model 

complexity, e.g. using a 2D convolutional kernel to capture interaction 

between features of a single nucleotide. A 2D convolution kernel would 

be able to capture the base-pair resolved interaction between sequence 

and nucleosomal markers as well as between sequence k-mers. Further 

than this, our multimodal data could be fused at different stages, such 

that sequence, nucleosomal and energy features interact at different lev- 

els of representation of each other. 

We further envision to replace the epigenetic information of the 

guide, which so far only copies the epigenetic information of the tar- 

get DNA. This is clearly an unphysical choice. Given that a synthetic 

sgRNA does by design not carry epigenetic markers, a one-hot encoded 

dot-bracket representation of the sgRNA folding would be a more suit- 

able choice to capture its informative properties. 
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