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Abstract

Despite advances in determining the factors influencing cleavage activity of a CRISPR-Cas9 single guide RNA (sgRNA) at an (off-)target DNA se-
quence, a comprehensive assessment of pertinent physico-chemical/structural descriptors is missing. In particular, studies have not yet directly
exploited the information-rich internal protein 3D nanoenvironment of the sgRNA—(off-)target strand DNA pair, which we obtain by harvesting 634
980 residue-level features for CRISPR-Cas9 complexes. As a proof-of-concept study, we simulated the internal protein 3D nanoenvironment
for all experimentally available single-base protospacer-adjacent motif-distal mutations for a given sgRNA-target strand pair. 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 performance 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 studly.
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Introduction

CRISPR-Cas9 is a programmable RNA-guided endonucle-
ase which originates from adaptive bacterial defense systems
[1-3]. The CRISPR-Cas9 genome editor is composed of a
Cas9 nuclease and a single guide RNA (sgRNA) [4]. Cas9,
which stands for CRISPR-associated protein 9, is a bi-lobed
enzyme, in which the sgRNA is placed between the alpha-
helical lobe (called REC), which mediates nucleic acid bind-
ing, and the nuclease lobe (containing the RuvC and HNH
domains), which mediates DNA cleavage. Cas9 genome edit-
ing involves three stages. First, the protospacer-adjacent motif
(PAM)-interacting domain (PI) of Cas9 recognizes the PAM
(5’-NGG in the case of SpCas9). R-loop formation then takes
place, consisting of the unwinding of the targeted sequence
(on-target)’s double-stranded DNA (dsDNA) and sgRNA-
target strand DNA (sgRNA-tsDNA) heteroduplex formation
via complementary base pairing between the sgRNA’s spacer
sequence and target site DNA’s target strand [2]. Finally, the
Cas9 enzyme cleaves the DNA in a specific spot, typically 3-
to 4-bp upstream of the PAM [5].

The Cas9 nuclease may also cleave off-targets, i.e. genomic
DNA sequences containing mismatches with respect to the
sgRNA, which results in undesired cleavage. The possibility
of off-target cleavage depends on the number of mismatches,
their position, and the type of mismatch [6, 7]. 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 hy-
brid [8]. Accurate identification of all potential off-target sites
and evaluation of their activities have been the goals of vari-
ous computational tools [9-17].

Machine learning (ML) has been instrumental in building
the most widely used and efficient (as evaluated by predic-
tion accuracy) models for on/off-target activity prediction [9,
10, 18]. These models require the careful selection of relevant
features related to the activity of a given sgRNA at a poten-
tial (on/off) target site. Some of the most widely used observed
features originate from pioneering work on optimized sgRNA
design [13, 19] and include (but are not limited to) dinu-
cleotide 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. regular-
ized linear regression, support vector machines [20], random
forest [21], and gradient-boosted regression trees [22-25], just
to mention a few. Deep learning (DL)-based off-target pre-
diction models [9, 10] were also proposed. Deep neural net-
works [26] have the advantage of high prediction accuracy
but make model interpretation more challenging and need a
large amount of training data.

Current state-of-the-art DL approaches [27-30] for off-
target activity prediction complement the sequence features
with a diverse set of physically inspired scores such as ap-
proximate energy terms [16] for sgRNA—tsDNA hybridiza-
tion and epigenetic features essential for off-target activity
[27], but have not yet directly exploited knowledge based
on the information-rich internal 3D local structure (protein)
environment surrounding the sgRNA-tsDNA sequence pair,
which has been investigated in various experimental studies
[7, 31]. This 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, interpretabil-
ity, 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 char-
acterize the functioning of the CRISPR-Cas9 systems, provid-
ing trajectories and therefore a series of conformations for sys-
tems with distinct base pair mismatches at PAM-distal sites
of the sgRNA-tsDNA heteroduplex. Here, we found that the
modulation of cleavage activity induced by a base pair mis-
match at PAM-distal sites is captured by the internal protein
3D nanoenvironment of the sgRNA-tsDNA pair, hereon re-
ferred to as ‘nanoenvironment’. In particular, we studied the
role of different descriptors and amino acid residues in order
to build and train an 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 sgRNA.
This novel approach led to high accuracy (measured in terms
of Spearman and Pearson correlations) of experimental off-
target activity prediction for sgRNA~tsDNA pairs with single
PAM-distal mismatches of a given sgRNA (further referred
to as studied sgRNA-tsDNA pairs). However, our presented
model unlike established models is not yet capable of pre-
dicting cleavage activity for any sgRNA-tsDNA pair. There-
fore, this study does not aim for the development of a gen-
eral CRISPR-Cas9 off-target activity prediction model but
the presentation of a proof-of-concept investigation of uti-
lizing the internal protein 3D nanoenvironment for CRISPR-
Cas9 off-target activity prediction. Scikit-learn’s SelectFrom-
Model feature selection step [32] in the trained ML pipeline
revealed that density, side chain orientation (SCO), accessi-
bility, weighted contact number entropy density, 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 activ-
ity prediction for the studied sgRNA-tsDNA pairs (see the
Supplementary material for the specific definition of each de-
scriptor). Our results lay the foundations for a new type of
interpretable ML models capable of predicting CRISPR-Cas9
off-target activity.

Materials and methods

The importance of accurately predicting the (off-)target cleav-
age activities of the CRISPR-Cas9 gene editing system fueled
the application of ML/DL models developed for this predic-
tion task. Most approaches presented in the literature [9, 10,
18] build on labeled datapoints that contain the sgRNA (or
guide) and the (off-)target DNA sequences sg, s; together with
an experimentally derived cleavage activity label, a. A given
dataset with N such datapoints, {(sg), s a,-)}fi] can be par-
titioned into training, validation, and test sets so that models
for (off-)target cleavage activity prediction can be constructed.
Recent years have witnessed the development of a variety of
customized models [9, 10, 18] that use distinct DL architec-
tures and/or encoding of the guide and target sequence pair.
While all these approaches bring distinct technical contribu-
tions, they all aim to learn the following function:

faZSgXSt—)R, (Sggst)’_) fa(sgsst)s (1)

where S; and S, are the sets of all guide and target sequences,
respectively, and f, is the functional map from a pair of said
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Figure 1. Schematic summary for obtaining STING_CRISPR, our ML model predicting CRISPR-Cas9 cleavage activity for the studied sgRNA-tsDNA
pairs. (A) Comparison between the purely sequence-based and the nanoenvironment-based approaches for CRISPR-Cas9 cleavage activity prediction by
using an ML/DL model and STING_CRISPR, respectively. Catalytically active CRISPR-Cas9 complexes with sgRNA (middle blue strand) and dsDNA
(target: top green strand, non-target: bottom purple strand) in PDB 5F9R crystal structure (B) and CMUT1 (C). Yellow highlights at position +19 show the
nucleotides mutated in CMUT1 compared with 5F9R. The leftmost PAM-distal base pair is +20, and the rightmost PAM-proximal base pair is +1. The 20
sgRNA-tsDNA 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, descriptors, each one evaluated at |H| sgRNA-tsDNA heteroduplex-proximal residues (HPRs). (F) Our ML pipeline which predicts
CRISPR-Cas9 cleavage activity, with hyperparameters mq, my, and f. (G) Grid search with five-fold cross-validation to optimize models m; and my,
followed by feature set size reduction via thresholding of Spearman correlation change (A ps) to find f', resulting in a pipeline with hyperparameters m;,
mj, 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.

sequences to activity (see sequence approach in Fig. 1A). The
availability of comprehensive datasets [11] is fundamental for
producing models capable of accurately predicting activities
associated with unseen guide and target sequences. Methods
aiming to learn the function shown by equation (1) have to use
data restricted to a particular Cas enzyme (most commonly
SpCas9) and by construction they are incapable of predicting

changes in activity caused by amino acid residue mutations in
the Cas enzyme. The availability of models that predict cleav-
age activity based on local physical and chemical properties
which can be traced back to the amino acid composition of
the Cas enzyme would be of utmost importance as they would
catalyse the development of bioengineered Cas enzymes with
maximal specificity and efficiency.
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To meet this objective, we reframe the learning task to
that of deciphering the relationship between target cleav-
age activity and the 3D nanoenvironment—a collection of
features characterizing the sgRNA-dsDNA-Cas9 complex,
namely the Cas enzyme and the environment encapsulat-
ing the guide/target pair in the CRISPR-Cas9 complex (see
Fig. 1A). The 3D nanoenvironment is represented by a vec-
tor in RM where M is a suitable integer we determine for
the system. A vector can be derived based on a conforma-
tion of the sgRNA-dsDNA-Cas9 complex with zero or more
nucleotide mutations in the sgRNA, tsDNA, and/or non-
target strand DNA (ntsDNA). We can obtain a vector for a
given sgRNA-dsDNA-Cas9 complex via the following two
steps: (i) construct a 3D atomistic model of the said com-
plex, and (ii) obtain M residue-resolved features character-
izing the structural and physico-chemical properties of the
complex by calculating the STING features for its atomistic
model (see nanoenvironment approach in Fig. 1A). We real-
ize that the same sgRNA-dsDNA-Cas9 complex may assume
various distinct conformations each giving rise to a poten-
tially distinct 3D nanoenvironment. Therefore as the confor-
mation of the sgRNA-dsDNA-Cas9 complex may dynami-
cally change so does the 3D nanoenvironment calculated from
it. To account for having multiple conformations representing
sgRNA-dsDNA-Cas9 complexes, we performed MD calcula-
tions 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 Fig. 1D). The implementation details of
these steps are discussed in the sections ‘MD 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 distinct sgRNA-dsDNA-
Cas9 complexes (based on the distinct sgRNA-dsDNA pairs)
and k conformations for each complex (obtained from the cor-
responding MD trajectories), we altogether consider kN con-
formations. Obtaining the 3D nanoenvironment for each of
these conformations results in kN distinct 3D nanoenviron-
ments. 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 = {(x, ai)}fi\[l,where x; € RMand g; € R (see nanoenviron-
ment dataset in Fig. 1D). Having this labeled dataset enables
us learn the relationship between 3D nanoenvironment and
cleavage activity. Therefore, formally we aim to learn the fol-
lowing function:

fa: Qo8 = Rox > folx), (2)

where Q3pn € RM and £,(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 x; can depend on the degree
of detail we choose for describing the 3D nanoenvironment.

Having the dataset {(x;, ;) }f:Nl enables us to train a regres-
sion model to decipher the relationship between experimen-
tal cleavage activity and 3D nanoenvironment. Details on the
regression model with feature selection are discussed in the
section ‘ML models for CRISPR-Cas9 cleavage activity pre-
diction from STING descriptors’.

MD of the CRISPR-Cas9 complex with guide-target
pair

MD simulations were performed using GROMACS version
2020.2 [33], 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 [34]. Before
the production runs, structures were subjected to NVT equi-
libration for 400 ps using the modified Berendsen thermostat,
and to 1 ns of NPT equilibration using the Parinello-Rahman
barostat.

Targeted MD

We chose as a reference structure for the enzyme and RNA
sequence the crystal structure of the catalytically active Strep-
tococcus pyogenes Cas9, primed for target DNA cleavage, in
complex with single-stranded guide RNA and dsDNA (both
target and non-target strands). The PDB code of this struc-
ture is SFIR, released in 2016. SF9R has become the most
commonly used reference in the literature in recent years. In-
terestingly, in 2019 the 600Y structure was released [35]. Ob-
tained via cryo-electron microscopy (cryo-EM), 600Y shows
the conformation of the two key domains RuvC and HNH
in the catalytically competent state. SF9R and 600Y have
the same sgRNA sequence. However, 600Y is lacking some
key residues and atoms. Therefore, we decided to use the
structural information contained in 600Y to adapt the con-
formation of the more complete SFIR structure. To do this,
we performed all-atom explicit solvent targeted MD (TMD)
using PLUMED [36-38] as a plugin of GROMACS, in or-
der to bring the RuvC and HNH domains of 5F9R to their
catalytically active conformation, mutated from the 600Y
structure. More specifically, the bias was applied to the heavy
atoms of the two protein domains. The collective variable
used was the root mean square deviation (RMSD), using a
moving restraint with k going from 0 to 10° in 1.5 x 103
steps.

Reference choice and mutants generation

In order to identify our reference sequence for the analysis, we
applied the following requirements by filtering the crisprSQL
database [11]: having an sgRNA sequence identical or as close
as possible to that of the structural reference; having a suffi-
cient number of singly mutated entries in the PAM-distal re-
gion of the target DNA strand; and 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 re-
spect to the SFIR and 600Y structures and fulfils the other
mentioned requirements. For this entry, 28 singly mutated
and experimentally annotated other entries were found in the
database. We then first mutated base 2 of RNA to adenine and
base 29 of the tsDNA to thymine in our reference structure in
order to make it identical to the reference sequence, and called
it CMUT1 (see Fig. 1B and C). Then we generated the same
28 mutations that were also present in the database on the
DNA target strand of CMUT 1. Base mutations were done us-
ing the software UCSF CHIMERA [39]. 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 associ-
ated nomenclature, can be found in Supplementary Table S1.
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Unbiased MD

We performed 1 ps of all-atom explicit solvent unbiased MD
on the output of the TMD, in order to evaluate the dynamics
of the structure and to obtain a reference against which to
compare further simulations. We also performed 250 ns of
all-atom, explicit solvent, unbiased MD on the TMD’s output
for each mutant.

Electrostatic calculations

We performed electrostatic calculations using the Poisson—
Boltzmann equation finite differences solver DelPhi [40]. We
calculated the electrostatic energies (partitioned in Coulom-
bic and reaction-field contributions) and the electrostatic po-
tential at the atom centres in order to characterize the local
potential on snapshots extracted every 10 ns from the MD
trajectory of each mutation. Atomic radii and charges were
taken from the AMBER force field [41].

RMSD calculations

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

e Protein residues (136, 164,268,317,402,408,411,415,
728,730,732,733,734,837,838, 839,908,919, 1010,
1016, 1017, 1025, and 1122). These residues were se-
lected based on the following two criteria: they either
emerged as significant residues from our ML analysis
(see the section ‘Characterization of the heteroduplex-
proximal CRISPR-Cas9 internal protein nanoenviron-
ment’ under the section ‘ML models for CRISPR-Cas9
cleavage activity prediction from STING descriptors’).

e 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 (pyrim-
idines). 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 [42].

Structure naming scheme

Structures were given a four-character identifier, similar to a
PDB code. The first character is a letter, identifying the start-
ing structure for the mutation. We had two kinds of starting
structures, the result of our TMD (C for Cryo) and SF9R (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 muta-
tion 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.

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

In this study, we consider 60 physico-chemical/structural de-
scriptor classes available from the STING platform database
(see Table 1). This translates to 1671 descriptors being orga-
nized into the relational database STING_RDB_2_CRISPR,
namely one that allows the simultaneous analysis of mul-
tiple structures. A concise outline of the 1671 descriptors
is included in the section 1 of the Supplementary material,
and full descriptions for all STING parameters/descriptors

Protein descriptor-based Cas9 activity prediction 5

Table 1. List of 60 STING descriptor classes (bolded) considered in
this study for characterizing the internal protein 3D nanoenvironment of
CRISPR-Cas9’'s sgRNA-tsDNA heteroduplex

Associated neighbour descriptor

Parent descriptor classes 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-GN, CED-SW, CED-WNA,

(CED) CED-VD

EP-GN, EP-SW, EP-WNA, EP-VD
ED-GN, ED-SW, ED-WNA, ED-VD
GD-GN, GD-SW, GD-WNA,

Electrostatic potential (EP)
Entropy density (ED)
Graph descriptor (GD)

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

Originating from 18 parent descriptor classes (left column), the 60 descrip-
tor classes consist of 4 parent descriptor classes (bolded, left column) and 56
neighbour descriptor classes (bolded, right column) arising from the appli-
cation of graph neighbours (GN), sliding window (SW), weighted neighbour
average (WNA), and Voronoi diagram (VD) aggregations to 14 other parent
descriptor classes (unbolded, left column).

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 [43-47]. 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 calcula-
tions 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 A from the phosphates for each snapshot. Atom
presence lists were generated using custom Python scripts, in
which atomic coordinates were parsed using Biopython [48].

ML for CRISPR-Cas9 cleavage activity prediction
from STING descriptors

Dataset

Fig. 1 outlines our approach for building STING_CRISPR.
Namely, by generating atomistic MD trajectories and comput-
ing residue-resolved STING feature values for the atomistic
model conformations, we are able to convert our labelled se-
quence dataset containing 1 on-target and 27 single-mismatch
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off-target sites into a labelled nanoenvironment dataset of
size 672 (Fig. 1D, see raw data in Supplementary Fig. S1 and
Supplementary Table S1).

We hypothesize that the internal protein 3D nanoenviron-
ment proximal to Cas9’s sgRNA-tsDNA heteroduplex in the
catalytically active conformation is indicative of 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 ac-
count, we formulate x; as a vector of length M = |HIIS!| (see
Fig. 1E), where

e H denotes the set of HPRs whose a-carbon atoms are 3
to 7 A away from the C4> atoms of any sgRNA-tsDNA
heteroduplex nucleotide in at least one of the training
PDB snapshots, and

e § denotes the set of 1671 STING neighbour descriptors
available in STING_RDB_2_CRISPR (see Table 1 and
Supplementary Table S2) [49-51].

In other words, x; is a vector containing features (or inde-
pendent variables) defined by a given STING descriptor at a
particular heteroduplex-proximal Cas9 residue, i.e. a STING
descriptor—Cas9 residue pair. When computing H, we limit
distance calculations to training PDB snapshots to avoid data
leakage when training ML models.

For STING_CRISPR, we compute 1671 physico-chemical
and structural descriptors on 380 HPRs, which resulted
in a nanoenvironment dataset with 634 980 STING fea-
tures (Fig. 1E, see a breakdown of the feature counts in
Supplementary Table S2), where the feature values are ag-
gregated over residues within a local neighbourhood as de-
fined by four different aggregation methods available in the
STING_RDB_2_CRISPR database—GN, SW, WNA, and VD.
See the section ‘Training’ for an explanation on how 380
HPRs were obtained for STING_CRISPR.

Exploratory analysis with heteroduplex base pair distances
For each PDB snapshot in the dataset, we compute the Eu-
clidean 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 distances across all snapshots within each off-target tra-
jectory. As a measure of heteroduplex plasticity, we sum all
Euclidean distances across the 19 base pairs over all snap-
shots for all on- and off-target trajectories. To examine the
relationship between this measure and CRISPR-Cas9 cleav-
age activity, we create violin plots for four groups of sums,
namely the sums corresponding to the on-target trajectory, tra-
jectories 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.

ML model

To decipher the relationship between experimental cleavage
activity and the 3D nanoenvironment, we build an inter-
pretable scikit-learn [32] ML pipeline (see Fig. 1F) consisting
of the following three steps:

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

(2) SelectFromModel utilizes base model 72, and all |HIIS|
features to train m; and SelectFromModel selects the f
< |HIISI most important features from the |[HIIS| available
features.

(3) ML model 1, with finput features.

Notably, we embed a feature selection step, i.e. SelectFrom-
Model, into our pipeline, in order to combat the curse of di-
mensionality [52], and to ensure that f is significantly smaller
than the training dataset size in our final interpretable ML
model.

Training

Summarized in Fig. 1G, 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 MDD 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 #2; and m, are tunable hyperparameters in the
ML pipeline, we first perform grid search with five-fold cross-
validation to optimize hyperparameters 7721 and 71, in the ML
pipeline. Specifically, we use grid search to consider the fol-
lowing 5 - 6 - 10 = 300 ML pipelines by using the following
hyperparameter ranges:

e model 721 being either a linear, ridge, XGBoost [23], ex-
tra trees [53], or LightGBM [24] model with default hy-
perparameters (all together five possibilities);

e model m, being either a linear, ridge, XGBoost, extra
trees, LightGBM, or CatBoost [25] model with default
hyperparameters (all together 10 possibilities); and

e number of possible feature size selections |Fl = 10, where
F=1{5,10,...,50}. We choose such an F not only because
all elements f € F satisfy f <« |HIISI, but also because we
hypothesize that many of the STING features are cor-
related, meaning that the optimal feature set size is ap-
proximately /448 ~ 21.2 given a training data size of
448 during five-fold cross-validation [54].

We then measure the mean five-fold Spearman correlation
validation performance ps(m21, m1, f) of each combination
(m1, my, f), and subsequently find the model pair (m27, m15)
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 cor-
relation validation performance by no more than Aps =2 x
1073 (a hyperparameter which thresholds Spearman improve-
ment). Using the hyperparameter configuration (m7, 5, f*),
we then train a single ML pipeline on all 560 points from
the training partition. Once trained, we extract 72, 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
six HPR sets, namely one for each fold in five-fold cross-
validation, and one extra when training the final model (see
top left of Fig. 1G for the HPR set sizes, and the section
‘Heteroduplex-proximal residues’ in the Supplementary ma-
terial for the specific residues in the six HPR sets). In prac-
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tice, HPR set sizes of 378, 379, 376, 376, and 374 are ob-
tained 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 iden-
tify 380 sgRNA-tsDNA 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. 1G). lllustrated in Fig. 2A, subse-
quent application of the Spearman correlation change thresh-
old with value 0.002 on the XGBoost—extra trees combina-
tion results in a pipeline with 30 features (see Supplementary
Table S3 for the list of 30 features). By setting such a thresh-
old, we are able to minimize the feature set size without sac-
rificing model performance. Together with SelectFromModel,
the threshold drastically reduces the ML pipeline’s feature set
size from 634 980 to 30 features. By extracting the cleavage
activity model from the ML pipeline (see Fig. 2B), we ob-
tain an extra trees model with 30 features, which we name as
STING_CRISPR (Fig. 2, red vertical box) in this study. In sum-
mary, from the nanoenvironment dataset, the training proce-
dure produced an 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 cor-
relation, mean squared error, and mean absolute error. Using
test data, we also use bar plots to visualize the mean and stan-
dard deviation of the square errors between predicted and ac-
tual 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)
[55] (a summary of the theory behind SHAP can be found in
the Supplementary material). Using STING_CRISPR and the
SHAP TreeExplainer model [56], we obtain SHAP values ¢
for all PDB snapshots in the ML dataset, where d)i.’) denotes
the SHAP value assigned to the jth feature for the ith data-
point. We also obtain the SHAP importance of each features
in STING_CRISPR, where the SHAP importance of the jth
feature is given by I; = lﬁ PN ¢§-’).

Each input feature in STING_CRISPR has the fol-
lowing six properties: an associated Cas9 residue,
Cas9 domain, contiguous Cas9 domain, parent de-
scriptor class, (neighbour) descriptor class, and neigh-
bour aggregation method. For example, the feature
Cas9_733_neighbours_side_chain_angle_ 3_VD
has properties Cas9 residue 733, Cas9 domain RuvC, con-
tiguous Cas9 domain RuvC-II, parent descriptor class SCO,
descriptor class side chain orientation with VD (SCO-VD),
and neighbour aggregation method 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 I; = ﬁ ZE] |Zi€] ¢;’)| of each feature
group ], we compute feature counts and SHAP importances

Protein descriptor-based Cas9 activity prediction 7

for each of the feature groups arising from each of the afore-
mentioned six 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 12 A 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 in-
tuition, we use PyMOL [57] 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 a-carbon atom is 3 to 7 A away
from the heteroduplex base’s C4” atom, and use heatmaps to
visualize the counts.

Evaluation of the structural impact of the mutations
The impact of the tsDNA mutations on the overall dynam-
ics of the system structure was evaluated 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 distribu-
tions 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 CMUTT1 system, data shown in
the Supplementary material. This allows to immediately pin-
point 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.

Results

Structural determinants of cleavage activity
Consistency with the latest experimental structures

As more thoroughly described in the ‘Materials and meth-
ods’ section, our starting structure, referred to as CMUT1
(see Fig. 1C), was derived from the closest entry of the se-
quence database to the available structures including also the
DNA and the SpCas9 (referred to as Cas9 onwards) counter-
parts. This structure is complete and conformationally con-
sistent with the catalytically active structure published in [35],
PDB code 600Y. In order to expand our analysis, we included
in our evaluations also the structure published in the work by
Bravo et al. [7] (PDB code 754X). In the latter work, catalyti-
cally 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 re-
ported in this work are reflected in our analysis. Four struc-
tural features of the 754X structure are shown by the authors
to be significant for its catalytic activity:
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Figure 2. 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 rising blue line (left y-axis) indicates average five-fold Spearman test correlation, and
the solid falling orange line (right y-axis) indicates average 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 Aps = 0.002, and the blue dotted vertical line indicates
the final input feature size selected. (B) Extraction of the second ML model (left bottom red box with bolded text) from the hyperparameter-optimized
ML pipeline with m; = XGBoost, m, = 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-tsDNA pairs.

¢ Kinkedness of the RNA/DNA heteroduplex (residues
B1-15 D1-20 in 784X; C14-30 B2-17 in CMUT1)—
this characteristic is shared;

e Conformation of the L1 loop (residues A765-780 in
754X and in CMUT1)—the conformations are virtually
identical;

¢ Conformation of the L2 loop (residues A906-918 in
754X and in CMUT1)—average heavy atom RMSD
against 250 ns CMUT1 MD trajectory: 3.8 A; and

¢ Conformation of the RuvC loop (residues A1010-1030
in 754X and in CMUT1)—average heavy atom RMSD
against 250 ns CMUT1 MD trajectory: 3.8 A.

Mismatch-induced dynamical effects

We challenge the idea that a single PAM-distal mismatch be-
tween the sgRNA and the tsDNA always destabilizes the
system. This is done by comparing the RMSD distributions
along the dynamics of individual sites, i.e. protein residues
or sgRNA/tsDNA bases, with respect to the correspond-
ing distributions obtained from the dynamics of the refer-
ence structure CMUT1, which has no mismatch. Summariz-
ing the results, which are detailed in the Supplementary ma-

terial, we can say that point mutations in the tsDNA result
in a local destabilization of the sgRNA bases in the PAM-
distal region, where they are located, but seem also to sta-
bilize some RNA bases in the PAM-proximal region and in-
duce a remarkable stabilization, quantified by the RMSD stan-
dard deviation along the trajectories, of some tsDNA bases,
again in the PAM-proximal region. This finding could ex-
plain 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 the Supplementary material. 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 stabil-
ity of the guide RNA-tsDNA heteroduplex, and CRISPR-
Cas9 cleavage activities (see Supplementary Fig. S8). In sum-
mary, this analysis shows that the local destabilization induced
by a single mismatch between the sgRNA and the tsDNA
in the PAM-distal region can be compensated by the stabi-
lization in other nearby positions. A possible explanation of
such compensation is further elaborated in the ‘Discussion’
section.
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Figure 3. Test performance of STING_CRISPR. (A) STING_CRISPR's predicted cleavage 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 interfaces. 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.

Test performance and model interpretation of
STING_CRISPR

On the hold-out test dataset of size 112, STING_CRISPR at-
tains a Spearman correlation of 0.819, a Pearson correlation
of 0.916, a mean squared error of 5.92 x 10~*, and a mean
absolute error of 1.68 x 1072, 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 there is minimal difference between
the predicted and actual cleavage activities across all guide—
target interfaces in this study (Fig. 3A) apart from base mu-
tations T14G, C18A, C18T, and A19G with extreme levels
of cleavage activity. Such an observation is corroborated by
high test square errors in positions 14, 18, and 19 (Fig. 3B)
and mismatch interface types G:dA, G:dT, U:dG, and A:dG
(Fig. 3C).

Using  various  physico-chemical and  structural
descriptors, the 30  residue-resolved  input fea-
tures of STING_CRISPR  characterize 23  Cas9
residues. The SHAP summary plot generated from
STING_CRISPR using all 672 conformations shows
Cas9 733 neighbours side chain angle 3 VD
as the most important feature in STING_CRISPR, where in-
creasing its feature value increases predicted cleavage activity
(see Supplementary Fig. S2). Through hierarchical clustering
of pairwise residue distance calculations between the C-o
atoms of these 23 residues (see Fig. 5A), we see that 17 of the
23 residues form following 4 residue clusters:

Group 1 with residues 1016 and 1017;

Group 2 with residues 728, 730, 732, 733, and 734;
Group 3 with residues 837, 838, and 839; and

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

which are coloured red, orange, pink, and yellow, respec-
tively (see right part of Fig. 2B and Fig. SF and G). Such lo-
calization of residue clusters likely indicates some biological,
functional, constitutive, or structural importance within those
regions. For completeness, we also group the remaining six
residues 268, 908, 919, 1010, 1025, and 1122 to form the
‘other’ residue group (coloured light blue).

Using these five residue groups, we see high feature counts
and SHAP importances for Groups 2 and 4 (Fig. 5B and
C), showing that Groups 2 and 4 significantly contribute to
STING_CRISPR’s predicted cleavage activity. As for the fea-
ture counts of 23 residues, we see that most residues only have
one feature, with residue 837 having the highest feature count
of 3 (Fig. 5D). 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 do-
mains (Figs 4 and SF and G and Supplementary Fig. S7).
Specifically, Group 1 consists of RuvC residues located in
the PAM-distal part of the heteroduplex, Group 2 consists of
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Figure 4. 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 four CRISPR-Cas9 residue clusters 136/164/317/402/408/411/415, 728/730/732-734, 837-839, and 1016/1017 are highlighted in
yellow (top right), orange (center bottom), pink (center top), and red (bottom left), respectively. Other parts of the Cas9 are visualized as grey ribbons.
Shown as ribbons, the colour 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, and non-target DNA strand = transparent purple.

RuvC residues located at the midde part of the heteroduplex,
Group 3 consists of HNH residues located at the catalytic site
which cuts the tsDNA, 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 tsDNA sides, respec-
tively. Located in the middle part of the heteroduplex, residue
919 is also spatially close to residue Group 2. Using a simi-
lar 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 Supplementary Fig. S6).

To varying degrees, predictions made by STING_CRISPR
are influenced by the different 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, SCO, and
accessibility have the highest SHAP importances (Fig. 6). In
terms of Cas9 domains, RuvC is shown to have the highest
feature count and SHAP importance among the RuvC, HNH,
REC, and PIs. In a similar fashion, feature count and SHAP
importance analysis of the four neighbour aggregation meth-
ods show that SW and VD have high feature counts and SHAP
importances (Supplementary Fig. S3). The same analysis but
for descriptor classes show that density with SW has highest
count, but SCO 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 (Supplementary Fig. S4). In addition,
in the 672 conformations, most residues are surface residues
(Supplementary Fig. S5A), and on average there are around 12
interfaces residues in a given conformation (Supplementary
Fig. S5B). In terms of SHAP importances, we see that sur-
face residues have a much higher SHAP importances than
non-surface residues (Supplementary Fig. S5D), and that inter-
face residues have less SHAP importance than non-interface
residues (Supplementary Fig. SSE). 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. inter-
face residues), according to SurfV, NACCESS, and NSC, re-
spectively. When rerunning the training procedure to train on
residues 3—1363 instead of just the HPRs, we find that both the
feature count and the SHAP importance of HPRs are higher
than those of non-HPRs (Supplementary Fig. S5C and F).

Test performance when generalizing to unseen
guide-target interfaces

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 un-
seen sgRNA-target pairs—an ability observed in many ex-
isting ML-based off-target activity prediction tools. However,
the test performance varies across the five folds in five-fold
cross-validation when a variety of ML models without fea-
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Figure 5. The ML pipeline identifies four residue clusters, namely Group 1 (residues 1016/1017, coloured red), Group 2 (residues 728/730/732-734,
coloured orange), Group 3 (residues 837-839, coloured pink), and Group 4 (residues 136/164/317/402/408/411/415, coloured 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, coloured light
blue). (A) Binarized hierarchically clustered heatmap for the 23 Cas9 residues identified by the ML pipeline. Heatmap cells for residue pairs whose Cq
atoms are <12 A apart are coloured according to their associated residue groups, and black otherwise. Feature counts (B) and SHAP importances (C) of
the five residue groups. Feature counts (D) and SHAP importances (E) of the 23 important Cas9 residues, with residues grouped and coloured by the five
residue groups. 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 coloured by their residue
groups. Shown as ribbons, the colour 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, and non-target DNA strand = transparent purple.

ture selection (linear regression, ridge regression, XGBoost,
extra trees, and LightGBM) are used (see Fig. 7). As seen in
the figure, all ML model types fail to generalize on fold 1. Ex-
amining 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 trajec-
tory, indicating variability between snapshots within the tra-
jectory (see Fig. 8). Owing to poor test performances, we
do not proceed with SHAP interpretation of these ML mod-
els. Details on methods can be found in the Supplementary

material under the section ‘Holding out trajectories as test
sets’.

Discussion
Structural plasticity of the heteroduplex: structural
stability of mismatches

According to our MD simulations, introducing a mismatch-
ing mutation in the PAM-distal region of the tsDNA does not
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Figure 6. (Top) STING_CRISPR's feature counts categorized by STING descriptor classes (A) and CRISPR-Cas9 domains (B), respectively, sorted by
decreasing count. (Bottom) 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.

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 the Supplementary material,
we actually found that these mutations produce minor pertur-
bations in the dynamics of the sgRNA in the PAM-distal re-
gion, 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 sta-
bilizing effect arises from a release of mechanical strain in the
heteroduplex, where the mechanical strain originates from dif-
fering helical parameters between RNA-DNA heteroduplexes
(closer to A-form than B-form) and A-form RNA or B-form
DNA duplexes [58, 59].

Nanoenvironment approach

At this point, it is imperative to emphasize that the con-
cept ‘nanoenvironment’ is referred hereto as a specific in-
ternal protein region, with well-defined characteristics and a

unique set of corresponding STING descriptors [43-46] that
are able to select only the amino acid residues that make up
that part of the protein region. Previously, we named such
functionally distinct regions as protein districts, using a com-
mon analogy of internal protein regions with city districts.
Previous work [43-47, 60] has been successfully connected
to the similar characterization of certain residues within a
protein region with some functional properties (such as en-
zyme activity or protein interfaces) of the system in the study.
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 be-
tween the Cas9 protein and the heteroduplex. Namely, ap-
proximately half of the hotspot residues are part of the
protein-heteroduplex interface [formed by the interface form-
ing 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 de-
scriptors [43-47, 60] are attached. The localization of amino
acid residues within hotspots is indicative of their functional
importance in terms of modulating off-target cleavage activity.
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Figure 7. Five-fold cross-validation Spearman (left) and Pearson (right) correlation performance when using linear regression, ridge regression, XGBoost,
extra trees, and LightGBM. Test sets for each cross-validation fold was constructed by binning snapshots associated with the trajectory with the nth
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mean correlation across the five folds.

To get the location of hotspots, however, it was first necessary
to obtain a list of features by the already described computa-
tional protocol.

Cleavage activity prediction models and their
interpretability

Some of the most successful models for CRISPR-Cas9 off-
target activity prediction are based on DL and managed to
reach high predictive performance in terms of classification
[9, 10, 18, 28]. The building of sufficiently accurate regres-
sion models for the problem of off-target cleavage activity
prediction is still an open challenge in spite of the increas-
ing sophistication of DL approaches and encoding practices
applied on the sgRNA-tsDNA (guide—target) sequence pair
[9, 10, 18]. A recent advance utilized structural information
of the guide—target sequence pair extracted from MD simu-
lations in order to construct RNA-DNA molecular interac-
tion fingerprints, i.e. structurally informed encodings of the
guide—target heteroduplex [61]. However, none of the previ-
ous 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 characterizing all guide-target proximal residues in
a given sgRNA-dsDNA-Cas9 complex that accommodates a
given guide-target pair. Unlike Chen et al. [61], our physico-
chemically/structurally informed features are obtained from
MD simulation of the entire CRISPR-Cas9 complex, which
includes the Cas9 protein in addition to the guide-target het-
eroduplex and other parts of the R-loop.

We work under the assumption that the 3D internal pro-
tein nanoenvironments, and features therein, of guide—target
pairs are able to provide an information-rich representation
of the guide—target pairs themselves. We therefore trained an
ML pipeline with a built-in feature selection step, i.e. scikit-
learn’s SelectFromModel, in order to simultaneously identify
the most important features informative for cleavage activity
prediction and train an 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 successfully captures the re-
lationship between 3D protein nanoenvironments and cleav-
age activities for the studied sgRNA—-tsDNA pairs. In partic-
ular, 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 this
study was only trained on a small subset of experimentally
available sgRNA-tsDNA pairs. Another limitation of our ap-
proach is that the activity prediction of any unseen sgRNA-
tsDNA pair would require performing a new MD trajectory.
Therefore, the current model is not expected to replace exist-
ing high-throughput methods aiming at predicting off-target
cleavage activity at the genomic scale for any sgRNA-tsDNA
pair.

However, the advantage of our method consists in leverag-
ing often neglected factors such as features related to Cas9
residues influencing off-target activity. These features are de-
scriptors characterizing a particular residue. We found that
the parent descriptor classes in order of decreasing SHAP
importance are: density, SCO, accessibility, weighted con-
tact number, entropy density, electrostatic potential, sponge,
cross presence order, contact energy density, graph descrip-
tor, and solvation. Our analysis also identifies the most sig-
nificant residue hotspots 136/164/317/402/408/411/4135,
730/732-734, 837-839, and 1016-1017 responsible for
modulating cleavage activity for the studied sgRNA-tsDNA
pairs. Our study highlights the importance of more general
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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. Fur-
thermore, we found that general determinants of internal pro-
tein packing is of fundamental importance and this is obvious
from the presence of descriptors such as density, sponge, and
weighted contact number. In addition, general geometry (ac-
cessibility), physico-chemical features (electrostatic potential),
and finally the evolutionary preservation of sequences (en-
tropy density) are pertinent and crucial for the determination
of cleavage activity for the studied sgRNA-tsDNA. Further
studies are needed in order to establish whether our findings
still apply for any sgRNA-tsDNA pair such as ones contain-
ing 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 ex-
perimental findings are encouraging.

The identity of residues in some of the residue hotspots is
in concordance with recent experimental findings. For exam-
ple, residue 837 has been hypothesized to aid in the position-
ing of the target DNA relative to the HNH domain [62] and
to function as a catalytic residue [63, 64], although the lat-
ter hypothesis has been questioned by more recent findings
[62]. Along with 837, residues 838 and 839 are of known im-
portance as parts of the catalytically active site of the HNH
domain, coordinating the metal ions [62, 65]. Indeed, the mu-
tation D839A was shown to compromise gene editing activ-
ity in site-directed mutagenesis experiments [62]. Proximal
to 402 and 408, residue 406 is part of the negative pocket
of the REC-I domain which is instrumental in RNA recruit-
ment [66]. 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 mis-
matches in the heteroduplex rather than activate on-target in-
terfaces [7]. In addition to these residues, our analysis charac-
terizes 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 ntsDNA in order to dock
HNH to the tsDNA, i.e. activate the HNH domain [67], and
reposition the ntsDNA in the RuvC cleavage site [7]. Residue
908 also interacts with the unwound DNA in cases of multi-
ple PAM-distal mismatches, thereby hampering HNH cleav-
age activation [68], 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 ntsDNA [69].

The approach we took in this paper would be also capa-
ble of predicting the effect of certain residue mutations on
cleavage activity for sgRNA-tsDNA pairs including, but not
limited to, the ones covered by this work. Such an approach
would be similar to Venanzi et al. [70]’s approach in using MD
simulation-derived features for enyzme variant activity pre-
diction. 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 cleav-
age 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 na-
noenvironment is realized’. Therefore our trained model al-
ready has the ability (by construction) to predict the effect
of any Cas9 residue mutation on (off-)target cleavage activ-
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ity provided that the protein 3D nanoenvironment of corre-
sponding guide—target pair is computed consistently via MD.
This later task can be automated following the same steps out-
lined in Fig. 1 but using the initial systems in which Cas9
has the desired residue mutations. While the aim of the pa-
per 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 i silico design of optimal 3D protein
nanoenvironments of desired guide—target pairs (representing
optimal combination of mutations of Cas9) that would max-
imize on-target activity and minimize off-target effects.

The current limitations of our approach include the neces-
sity of performing a MD trajectory in order to generate the
protein 3D nanoenvironment for a given sgRNA—-tsDNA pair.
Therefore, our approach is not expected to compete with the
currently available state-of-the-art methods [9, 13,17, 61,71,
72] for predicting off-target activity for any sgRNA-tsDNA
pair.

Limitations

The current limitations of our approach include the necessity
of performing a MD trajectory in order to generate the protein
3D nanoenvironment for a given sgRNA-tsDNA pair. There-
fore, our approach is not expected to compete with the cur-
rently available state-of-the-art methods [9,13,17,61,71, 72]
for predicting off-target activity for any sgRNA-tsDNA pair.

The 23 Cas9 residues found in this study are important
only for the 28 ‘studied sgRNA-tsDNA pairs’, rather than
for all possible SpCas9 guide-target interfaces. While the 28
sgRNA-tsDNA pairs are all annotated with experimental (off-
)target cleavage activities measured in Jone Jr et al. [73], we
acknowledge that data from further experimental biochem-
ical 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-tsDNA pairs and measure experimental cleavage ac-
tivities for the 23*28 combinations. However, such an exper-
iment 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. Further-
more, 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 suf-
ficient 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 five-fold cross-validation when a va-
riety of ML models without feature selection (linear regres-
sion, ridge regression, XGBoost, extra trees, and LightGBM)
are used (see Fig. 7). Examining the distribution of test squared
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errors per sgRNA-target pair in the Light GBM model, we ob-
serve variance in predicted activities within a sgRNA-target
pair MD trajectory, indicating variability between snapshots
within the trajectory (see Fig. 8).

Regarding model performance in Fig. 7, 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 con-
tain 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 train-
ing and test sets (to avoid data leakage). Nonetheless, such a
proposal is beyond the scope of this study due to computa-
tional resources.

Conclusions

Research efforts and applications using CRISPR-Cas9-based
genome engineering have been increasing since the discov-
ery of the CRISPR-Cas9-based ‘genetic scissors’, which has
transformed industrial biotechnology and modern agricul-
ture. CRISPR-Cas9-based genome engineering shows great
promise for curing diseases with an unparalleled efficiency
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 sys-
tem. 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, man-
aged to deliver accurate results in the activity classification
of guide-target sequence pairs but interpreting these mod-
els 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.

This work is one step forward towards meeting this chal-
lenge and introduces a reformulation of the learning task
for CRISPR-Cas9 off-target cleavage activity prediction with
the ultimate goal of building explainable ML models capa-
ble of predicting CRISPR-Cas9 off-target cleavage activity
with high accuracy. The contributions of this work are as
follows:

(1) Successfully deriving a novel and powerful ‘physico-
chemical and structural” information-enriched represen-
tation for guide—target sequence pairs consisting of 30
features (capturing the protein 3D nanoenvironment of
the guide—target pair);

(2) Training an ML model to learn the relationship between
the said representation and the off-target cleavage activ-
ity; and

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

For the first time, our ML model STING_CRISPR is also
capable of predicting the effect of CRISPR-Cas9 residue mu-
tations on off-target cleavage activity, paving the way for fur-
ther exploration and discoveries.

Acknowledgements

We acknowledge the CINECA award under the EUROHPC
(EHPC-REG-2023R02-130) and ISCRA initiatives, for the
availability of high performance computing resources and
support. We also acknowledge the use of the University of Ox-
ford Advanced Research Computing (ARC) facility in carry-
ing out this work (http://dx.doi.org/10.5281/zenodo.22558).
We would also like to acknowledge Embrapa Digital Agri-
culture for making available STING platform, STING RDB2,
and STING SDL for dataset generation.

Author contributions: Jeffrey Mak (Investigation [lead],
Methodology [lead], Visualization [lead], Writing—original
draft [lead], Writing—review & editing [lead]), Artemi Ben-
dandi (Investigation [lead], Methodology [lead], Visualiza-
tion [equal], Writing—original draft [equal], Writing—review
& editing [equal]), José A. Salim (Investigation [equal],
Writing—original draft [equal], Writing—review & edit-
ing [supporting]), Ivan Mazoni (Investigation [supporting]),
Fabio Moraes (Investigation [supporting]), Luiz Borro (Inves-
tigation [supporting]), Florian Stortz (Investigation [support-
ing], Writing—review & editing [supporting]), Walter Roc-
chia (Conceptualization [equal], Funding acquisition [equal],
Investigation [equal], Methodology [equal], Project admin-
istration [equal], Supervision [equal], Visualization [equal],
Writing—original draft [equal], Writing—review & edit-
ing [equal]), Goran Neshich (Conceptualization [equal],
Funding acquisition [equal], Investigation [equal], Method-
ology [equal], Project administration [equal], Supervision
[equal], Visualization [equal], Writing—original draft [equal],
Writing—review & editing [equal]), and Peter Minary (Con-
ceptualization [equal], Funding acquisition [equal], Investi-
gation [equal], Methodology [equal], Project administration
[equal], Supervision [equal], Visualization [equal], Writing—
original draft [equal], Writing—review & editing [equal]).

Supplementary data

Supplementary data is available at NAR Genomics & Bioin-
formatics online.

Conflict of interest

Authors declare that they have no conflict of interest.

Funding

This research was funded by Biotechnology and Biological
Sciences Research Council (BB/S507593/1). This research
was also partially funded by Sao Paulo Research Foundation
(Fundacao de Amparo a Pesquisa do Estado de Sao Paulo—
FAPESP), grant number 2020/08615-8. For the purpose of
Open Access, the author has applied a CC BY public copy-
right licence to any Author Accepted Manuscript version aris-
ing from this submission. Funding to pay the Open Access
publication charges for this article was provided by Oxford
University RCUK Open Access Block Grant.

Gzoz Aey Lz uo sasn edeiqu3 Aq 01 26€1L8/S0kebI/z/2/01011e/qebleu/woo dno-olwapede//:sdiy woiy papeojumoq


http://dx.doi.org/10.5281/zenodo.22558
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf054#supplementary-data

Data availability

Structural stability analysis summary is reported in the Zen-
odo repository (DOI: 10.5281/zenodo.11473926). TSV files
containing STING descriptor values are reported in the
Zenodo repository (DOI: 10.5281/zenodo.11472743). Sam-
ple Python scripts for using Nanoenv-Cas9-WNA are avail-
able at https://github.com/jeffmak/crispr-cas9-nanoenv (Zen-
odo; DOI: 10.5281/zenodo0.14210188). PDB snapshots aris-
ing from the 28 trajectories in this study are available as sup-
plementary information.

References

1.

2.

10.

11.

12.

13.

14.

15.

16.

17.

18.

Barrangou R, Fremaux C, Deveau H et al. CRISPR provides
acquired resistance against viruses in prokaryotes. Science
2007;315:1709-12. https://doi.org/10.1126/science. 1138140
Jinek M, Chylinski K, Fonfara I et al. A programmable
dual-RNA-guided DNA endonuclease in adaptive bacterial
immunity. Science 2012;337:816-21.
https://doi.org/10.1126/science. 1225829

. Cong L, Ran FA, Cox D et al. Multiplex genome engineering using

CRISPR/Cas systems. Science 2013;339:819-23.
https://doi.org/10.1126/science. 1231143

. Doudna JA, Charpentier E. The new frontier of genome

engineering with CRISPR-Cas9. Science 2014;346:1258096.
https://doi.org/10.1126/science. 1258096

. Jiang F, Doudna JA. CRISPR-Cas9 structures and mechanisms.

Annu Rev Biophys 2017;46:505-29.
https://doi.org/10.1146/annurev-biophys-062215-010822

. Zhang L, Rube HT, Vakulskas CA et al. Systematic in vitro

profiling of off-target affinity, cleavage and efficiency for CRISPR
enzymes. Nucleic Acids Res 2020;48:5037-53.
https://doi.org/10.1093/nar/gkaa231

. Bravo JPK, Liu MS, Hibshman GN et al. Structural basis for

mismatch surveillance by CRISPR-Cas9. Nature 2022;603:343-7.
https://doi.org/10.1038/s41586-022-04470-1

. Mitchell BP, Hsu RV, Medrano MA et al. Spontaneous embedding

of DNA mismatches within the RNA:DNA hybrid of
CRISPR-Cas9. Front Mol Biosci 2020;7:39.
https://doi.org/10.3389/fmolb.2020.00039

. Chuai G, Ma H, Yan ] et al. DeepCRISPR: optimized CRISPR

guide RNA design by deep learning. Genome Biol 2018;19:80.
Lin J, Zhang Z, Zhang S et al. CRISPR-Net: a recurrent
convolutional network quantifies CRISPR off-target activities with
mismatches and indels. Adv Sci 2020;7:1903562.

Stortz F, Minary P. crisprSQL: a novel database platform for
CRISPR/Cas off-target cleavage assays. Nucleic Acids Res
2021;49:D855-61. https://doi.org/10.1093/nar/gkaa885

Hsu PD, Scott DA, Weinstein JA et al. DNA targeting specificity of
RNA-guided Cas9 nucleases. Nat Biotechnol 2013;31:827-32.
Doench JG, Fusi N, Sullender M et al. Optimized sgRNA design to
maximize activity and minimize off-target effects of
CRISPR-Cas9. Nat Biotechnol 2016;34:184-91.

Listgarten J, Weinstein M, Kleinstiver BP et al. Prediction of
off-target activities for the end-to-end design of CRISPR guide
RNAs. Nat Biomed Eng 2018;2:38-47.

Yan J, Xue D, Chuai G et al. Benchmarking and integrating
genome-wide CRISPR off-target detection and prediction. Nucleic
Acids Res 2020;48:11370-9. https://doi.org/10.1093/nar/gkaa930
Alkan F, Wenzel A, Anthon C et al. CRISPR-Cas9 off-targeting
assessment with nucleic acid duplex energy parameters. Genome
Biol 2018;19:177.

Zhang D, Hurst T, Duan D ef al. Unified energetics analysis
unravels SpCas9 cleavage activity for optimal gRNA design. Proc
Natl Acad Sci USA 2019;116:8693-8.

Liu Q, He D, Xie L. Prediction of off-target specificity and
cell-specific fitness of CRISPR-Cas system using attention boosted

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

Protein descriptor-based Cas9 activity prediction 17

deep learning and network-based gene feature. PLoS Comput Biol
2019;15:e1007480.

Doench JG, Hartenian E, Graham DB e al. Rational design of
highly active sgRNAs for CRISPR-Cas9-mediated gene
inactivation. Nat Biotechnol 2014;32:1262-7.

Cortes C, Vapnik V. Support-vector networks. Mach Learn
1995;20:273-97.

Breiman L. Random forests. Mach Learn 2001;45:5-32.

Freund Y, Schapire RE. A decision-theoretic generalization of
on-line learning and an application to boosting. ] Comput Syst Sci
1997;55:119-39.

Chen T, Guestrin C. Xgboost: a scalable tree boosting system. In:
Proceedings of the 22nd ACM SIGKDD International Conference
on Knowledge Discovery and Data Mining, 2016. New York, NY,
USA: Association for Computing Machinery, 2016, 785-94.

Ke G, Meng Q, Finley T et al. LightGBM: a highly efficient
gradient boosting decision tree. In: Guyon I, Luxburg UV, Bengio
S et al. (eds.), Advances in Neural Information Processing Systems,
Vol. 30. United States: Curran Associates, Inc., 2017, 3146-54.
Prokhorenkova L, Gusev G, Vorobev A et al. CatBoost: unbiased
boosting with categorical features. In: Bengio S, Wallach H,
Larochelle H ez al. (eds.), Advances in Neural Information
Processing Systems, Vol. 31. United States: Curran Associates, Inc.,
2018, 6639-49.

LeCun Y, Bengio Y, Hinton G. Deep learning. Nature
2015;521:436-44.

Mak J, Stortz F, Minary P. Comprehensive computational analysis
of epigenetic descriptors affecting CRISPR-Cas9 off-target
activity. BMC Genomics 2022;23:805-20.
https://doi.org/10.1186/s12864-022-09012-7

Stortz F, Mak JK, Minary P. piCRISPR: physically informed deep
learning models for CRISPR/Cas9 off-target cleavage prediction.
Artif Intell Life Sci 2023;3:100075.
https://doi.org/10.1016/j.ailsci.2023.100075

Sherkatghanad Z, Abdar M, Charlier J et al. Using traditional
machine learning and deep learning methods for on-and off-target
prediction in CRISPR/Cas9: a review. Brief Bioinform
2023;24:bbad131.

Ham DT, Browne TS, Banglorewala PN e al. A generalizable
Cas9/sgRNA prediction model using machine transfer learning
with small high-quality datasets. Nat Commun 2023;14:5514.
Pacesa M, Lin CH, Cléry A et al. Structural basis for Cas9
off-target activity. Cell 2022;185:4067-81.

Buitinck L, Louppe G, Blondel M et al. API design for machine
learning software: experiences from the scikit-learn project. arXiv,
https://arxiv.org/abs/1309.0238, 1 September 2013, preprint: not
peer reviewed.

Lindahl, Abraham, Hess et al. GROMACS 2020 manual. Zenodo,
2020. https://doi.org/10.5281/zenod0.3562512

Reis PBPS, Vila-Vicosa D, Rocchia W ez al. PypKa: a flexible
python module for Poisson-Boltzmann-based pK, calculations. |
Chem Inf Model 2020;60:4442-8.
https://doi.org/10.1021/acs.jcim.0c00718

Zhu X, Clarke R, Puppala AK et al. Cryo-EM structures reveal
coordinated domain motions that govern DNA cleavage by Cas9.
Nat Struct Mol Biol 2019;26:679-85.
https://doi.org/10.1038/s41594-019-0258-2

Bonomi M, Branduardi D, Bussi G et al. PLUMED: a portable
plugin for free-energy calculations with molecular dynamics.
Comput Phys Commun 2009;180:1961-72.
https://doi.org/10.1016/j.cpc.2009.05.011

Tribello GA, Bonomi M, Branduardi D et al. PLUMED 2: new
teathers for an old bird. Comput Phys Commun
2014;185:604-13. https://doi.org/10.1016/j.cpc.2013.09.018

The PLUMED consortium. Promoting transparency and
reproducibility in enhanced molecular simulations. Nat Methods
2019;16:670-3. https://doi.org/10.1038/s41592-019-0506-8
Pettersen EF, Goddard TD, Huang CC ez al. UCSF Chimera? A
visualization system for exploratory research and analysis. |

Gzoz Aey Lz uo sasn edeiqu3 Aq 01 26€1L8/S0kebI/z/2/01011e/qebleu/woo dno-olwapede//:sdiy woiy papeojumoq


https://github.com/jeffmak/crispr-cas9-nanoenv
https://doi.org/10.1126/science.1138140
https://doi.org/10.1126/science.1225829
https://doi.org/10.1126/science.1231143
https://doi.org/10.1126/science.1258096
https://doi.org/10.1146/annurev-biophys-062215-010822
https://doi.org/10.1093/nar/gkaa231
https://doi.org/10.1038/s41586-022-04470-1
https://doi.org/10.3389/fmolb.2020.00039
https://doi.org/10.1093/nar/gkaa885
https://doi.org/10.1093/nar/gkaa930
https://doi.org/10.1186/s12864-022-09012-7
https://doi.org/10.1016/j.ailsci.2023.100075
https://arxiv.org/abs/1309.0238
https://doi.org/10.5281/zenodo.3562512
https://doi.org/10.1021/acs.jcim.0c00718
https://doi.org/10.1038/s41594-019-0258-2
https://doi.org/10.1016/j.cpc.2009.05.011
https://doi.org/10.1016/j.cpc.2013.09.018
https://doi.org/10.1038/s41592-019-0506-8

18

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

S1.

52

54.

55.

Mak et al.

Comput Chem 2004;25:1605-12.
https://doi.org/10.1002/jcc.20084

Rocchia W, Alexov E, Honig B. Extending the applicability of the
nonlinear Poisson—-Boltzmann equation: multiple dielectric
constants and multivalent ions. ] Phys Chem B 2001;105:6754.
https://doi.org/10.1021/jp012279r

Tian C, Kasavajhala K, Belfon KAA et al. ff19SB:
amino-acid-specific protein backbone parameters trained against
quantum mechanics energy surfaces in solution. | Chem Theor
Comput 2019;16:528-52.
https://doi.org/10.1021/acs.jctc.9b00591

Gowers RJ, Linke M, Barnoud J et al. MDAnalysis: a python
package for the rapid analysis of molecular dynamics simulations.
In: Benthall S, Rostrup S (eds.), Proceedings of the 15th Python in
Science Conference. United States: U.S. Department of Energy
Office of Scientific and Technical Information, 2016, 98-105.
https://doi.org/10.25080/Majora-629e541a-00e

Neshich G, Borro LC, Higa RH e al. The Diamond STING server.
Nucleic Acids Res 2005;33:29-35.

Neshich G, Mancini AL, Yamagishi ME et al. STING Report:
convenient web-based application for graphic and tabular
presentations of protein sequence, structure and function
descriptors from the STING database. Nucleic Acids Res
2005;33:D269-74.

Mancini AL, Higa RH, Oliveira A ez al. STING Contacts: a
web-based application for identification and analysis of amino
acid contacts within protein structure and across protein
interfaces. Bioinformatics 2004;20:2145-7.

Neshich G, Mazoni I, Oliveira SR et al. The Star STING server: a
multiplatform environment for protein structure analysis. Genet
Mol Res 2006;5:717-22.

Higa RH, Montagner AJ, Togawa RC et al. ConSSeq: a web-based
application for analysis of amino acid conservation based on HSSP
database and within context of structure. Bioinformatics
2004;20:1983-5. https://doi.org/10.1093/bioinformatics/bth185
Cock PJ, Antao T, Chang JT et al. Biopython: freely available
Python tools for computational molecular biology and
bioinformatics. Bioinformatics 2009;25:1422-3.

de Moraes FR, Neshich IAP, Mazoni I et al. Improving predictions
of protein—protein interfaces by combining amino acid-specific
classifiers based on structural and physicochemical descriptors
with their weighted neighbor averages. PLoS One 2014;9:¢87107.
https://doi.org/10.1371/journal.pone.0087107

Mazoni I, Borro LC, Jardine JG et al. Study of specific
nanoenvironments containing oc-helices in all-oc and (o+ B)+( o/ B)
proteins. PLoS One 2018;13:¢0200018.

Mazoni I, Salim JA, de Moraes FR ez al. A comparison between
internal protein nanoenvironments of o-helices and B-sheets.
PLoS One 2020;15:¢0244315.

. Bellman R. Dynamic programming. Science 1966;153:34-37.
53.

Geurts P, Ernst D, Wehenkel L. Extremely randomized trees. Mach
Learn 2006;63:3-42.

Hua J, Xiong Z, Lowey ] et al. Optimal number of features as a
function of sample size for various classification rules.
Bioinformatics 2005;21:1509-15.

Lundberg SM, Lee SI. A unified approach to interpreting model
predictions. In: Guyon I, Luxburg UV, Bengio S ez al. (eds.),
Advances in Neural Information Processing Systems, Vol. 30.
United States: Curran Associates, Inc., 2017, 4765-74.

S6.

57.

58.

59.

60

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

Lundberg SM, Erion G, Chen H et al. From local explanations to
global understanding with explainable Al for trees. Nat Mach
Intel 2020;2:2522-5839.

Schrédinger, LLC. The PyMOL Molecular Graphics System,
Version 1.8. https://www.pymol.org/pymol.html (4 June 2024,
date last accessed).

Horton NC, Finzel BC. The structure of an RNA/DNA hybrid: a
substrate of the ribonuclease activity of HIV-1 reverse
transcriptase. ] Mol Biol 1996;264:521-33.

Liu JH, Xi K, Zhang X et al. Structural flexibility of DNA-RNA
hybrid duplex: stretching and twist-stretch coupling. Biophys |
2019;117:74-86.

. Neshich G, Pena Neshich IA, Moraes F et al. Using structural and

physical-chemical parameters to identify, classify, and predict
functional districts in proteins—the role of electrostatic potential.
In: Rocchia W, Spagnuolo M (eds.), Computational Electrostatics
for Biological Applications. Cham: Springer International
Publishing, 2015, 227-54.
https://doi.org/10.1007/978-3-319-12211-3_12

Chen Q, Chuai G, Zhang H et al. Genome-wide CRISPR off-target
prediction and optimization using RNA-DNA interaction
fingerprints. Nat Commun 2023;14:7521.

Zuo Z, Zolekar A, Babu K ez al. Structural and functional insights
into the bona fide catalytic state of Streptococcus pyogenes Cas9
HNH nuclease domain. eLife 2019;8:¢46500.
https://doi.org/10.7554/eLife.46500

Chen ]S, Doudna JA. The chemistry of Cas9 and its CRISPR
colleagues. Nat Rev Chem 2017;1:0078.
https://doi.org/10.1038/s41570-017-0078

Huai C, Li G, Yao R e al. Structural insights into DNA cleavage
activation of CRISPR-Cas9 system. Nat Commun 2017;8:1375
Palermo G. Structure and dynamics of the CRISPR-Cas9 catalytic
complex. ] Chem Inf Model 2019;59:2394-406.
https://doi.org/10.1021/acs.jcim.8b00988

Palermo G, Miao Y, Walker RC et al. CRISPR-Cas9
conformational activation as elucidated from enhanced molecular
simulations. Proc Natl Acad Sci USA 2017;114:7260-5.
https://doi.org/10.1073/pnas. 1707645114

Palermo G, Miao Y, Walker RC et al. Striking plasticity of
CRISPR-Cas9 and key role of non-target DNA, as revealed by
molecular simulations. ACS Cent Sci 2016;2:756-63.
https://doi.org/10.1021/acscentsci.6b00218

Ricci CG, Chen JS, Miao Y et al. Deciphering off-target effects in
CRISPR-Cas9 through accelerated molecular dynamics. ACS Cent
Sci 2019;5:651-62. https://doi.org/10.1021/acscentsci.9b00020
Jiang F, Taylor DW, Chen ]S et al. Structures of a CRISPR-Cas9
R-loop complex primed for DNA cleavage. Science
2016;351:867-71. https://doi.org/10.1126/science.aad8282
Venanzi NAE, Basciu A, Vargiu AV et al. Machine learning
integrating protein structure, sequence, and dynamics to predict
the enzyme activity of bovine enterokinase variants. ] Chem Inf
Model 2024;64:2681-94.

Lin J, Wong KC. Off-target predictions in CRISPR-Cas9 gene
editing using deep learning. Bioinformatics 2018;34:1656-63.
Eslami-Mossallam B, Klein M, Smagt CV et al. A kinetic model
predicts SpCas9 activity, improves off-target classification, and
reveals the physical basis of targeting fidelity. Nat Commun
2022;13:1367.

Jones SK, Hawkins JA, Johnson NV ez al. Massively parallel
kinetic profiling of natural and engineered CRISPR nucleases. Nat
Biotechnol 2021;39:84-93.

Received: July 3,2024. Revised: April 11, 2025. Editorial Decision: April 23, 2025. Accepted: April 28,2025

© The Author(s) 2025. Published by Oxford University Press on behalf of NAR Genomics and Bioinformatics.

This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted reuse,
distribution, and reproduction in any medium, provided the original work is properly cited.

Gzoz Aey Lz uo sasn edeiqu3 Aq 01 26€1L8/S0kebI/z/2/01011e/qebleu/woo dno-olwapede//:sdiy woiy papeojumoq


https://doi.org/10.1002/jcc.20084
https://doi.org/10.1021/jp012279r
https://doi.org/10.1021/acs.jctc.9b00591
https://doi.org/10.25080/Majora-629e541a-00e
https://doi.org/10.1093/bioinformatics/bth185
https://doi.org/10.1371/journal.pone.0087107
https://www.pymol.org/pymol.html
https://doi.org/10.1007/978-3-319-12211-3_12
https://doi.org/10.7554/eLife.46500
https://doi.org/10.1038/s41570-017-0078
https://doi.org/10.1021/acs.jcim.8b00988
https://doi.org/10.1073/pnas.1707645114
https://doi.org/10.1021/acscentsci.6b00218
https://doi.org/10.1021/acscentsci.9b00020
https://doi.org/10.1126/science.aad8282

	Graphical abstract
	Introduction
	Materials and methods
	Results
	Discussion
	Conclusions
	Acknowledgements
	Supplementary data
	Conflict of interest
	Funding
	Data availability
	References

