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CRISPR-Net: A Recurrent Convolutional Network Quantifies
CRISPR Off-Target Activities with Mismatches and Indels

Jiecong Lin, Zhaolei Zhang, Shixiong Zhang, Junyi Chen, and Ka-Chun Wong*

The off-target effects induced by guide RNAs in the CRISPR/Cas9 gene-editing
system have raised substantial concerns in recent years. Many in silico
predictive models have been developed for predicting the off-target activities;
however, few are capable of predicting the off-target activities with insertions
or deletions between guide RNA and target DNA sequence pair. In order to fill
this gap, a recurrent convolutional network named CRISPR-Net is developed
for scoring the gRNA-target pairs with mismatches and indels; and a
machine-learning based model named CRISPR-Net-Aggregate is also
developed for aggregating the scores as the consensus off-target score for
each potential guide RNA. It is demonstrated that CRISPR-Net achieves
competitive performance on CIRCLE-Seq and GUIDE-seq datasets with indels
and mismatches, outperforming the state-of-the-art off-target prediction
methods on two independent mismatch-only datasets. The
CRISPR-Net-Aggregate also surpasses a competing method on the
aggregation task. Moreover, a two-stage sensitivity analysis is introduced to
visualize the CRISPR-Net prediction on the gRNA-target pair of interest,
demonstrating how implicit knowledge encoded in CRISPR-Net contributes to
the accurate off-target activity quantification. Finally, the source code is made
available at the Code Ocean repository
(https://codeocean.com/capsule/9553651/tree/v1).
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1. Introduction

The CRISPR-Cas9 system is a groundbreak-
ing tool for gene editing in various species
and cell types.[1–5] The Cas9 is an RNA-
guided effector endonuclease protein that
cleaves double-stranded DNA at the up-
stream of a 3-nucleotide protospacer adja-
cent motif (PAM) bearing sequences com-
plementary to a 20-nucleotide segment in
the guide RNA (gRNA). Its adaptability and
specificity endow the gene-editing tool with
great potential for repairing defective genes
and editing crop genomes to boost their pro-
ductivity with disease resistance.[6–9]

Although the CRISPR/Cas9 system has
been demonstrated for its high-efficiency
in targeted cleavages in many species
such as human, mouse, and plants, many
studies have reported that the Cas9 com-
plex can wrongly bind to unintended
regions (off-targets) and cleave at those
unintended spots as well.[10–12] Those
off-target effects of guide RNAs can lead
to side effects, hindering the clinical
applications of CRISPR/Cas9 system.

Therefore, it is crucial to design a robust guide RNA with high
on-target cleavage efficiency and low off-target effects.[13,14]

Lin et al. summarized the off-targets induced by CRISPR gR-
NAs into three cases as shown in Figure 1: a) off-target sites with
base mismatch; b) off-target site with missing base (RNA bulge
or insertion); c) off-target sites with extra base (DNA bulge or
deletion).[15] The cases (b) and (c) are considered as the indel (in-
sertion or deletion) off-target events. Recent studies have shown
that the CRISPR/Cas9 system non-specifically cleaves genomic
DNA sequences with base mismatches (case a) and indels (cases
b and c) causing off-target effects in mammalian cells with con-
siderable frequencies.[15] It signifies that off-target cleavage can
potentially appear anywhere in genome as long as the region con-
tains a PAM and a protospacer sequence with minor base mis-
matches and indels. Such sequence segments are considered as
the off-target candidates, in which the candidate with detected
nuclease cleavage is considered as an active off-target, while most
or all of those candidates are inactive for the CRISPR-Cas9 sys-
tem. Therefore, the accurate recognition and quantification of ac-
tive off-target cleavage segments among a large number of candi-
dates are required for downstream off-target effect assessment.

Many experimental techniques have been developed to assess
the off-target activities of guide RNAs such as GUIDE-Seq,[16]

Digenome-Seq,[17] SITE-Seq,[18] CIRCLE-Seq,[19] HTGTS,[20] and
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Figure 1. Three cases of off-targets induced by CRISPR guide RNA.

BLISS.[21] Although those cell-based techniques are capable of
detecting CRISPR off-target mutations in an unbiased genome-
wide fashion, in silico methods are relatively rapid, feasible,
and low-cost to quantify the off-target activities for particular
gRNAs before the assays were conducted. The early in silico
methods such as CCTop,[22] MIT-score,[12] and CROP-IT,[23] used
hand-crafted rules, while latter methods progressed to machine-
learning-based approaches such as Naive Bayes,[11] boosted re-
gression trees,[13] support vector machine,[24] and convolutional
neural network.[25] However, to the best of our knowledge, none
of the existing in silico methods can quantify the off-target activi-
ties with insertions or deletions (indels) between target DNA and
guide RNA sequences. Several recent studies have shown that
insertions and deletions also contribute significantly to the off-
target problem,[15,26] calling for new approaches that can quantify
the off-target activities of gRNA-targets with both indels and mis-
matches.

The hybrid convolutional and recurrent neural network
was first adopted for visual recognition and description; it
was then proliferated across different research fields such
as natural language processing, sound event detection, and
bioinformatics.[27–31] In the genomic sequence prediction task,
the recurrent convolutional neural network has been well stud-
ied for discovering complex biological rules related to the protein-
coding potential, predicting the function of non-coding DNA se-
quences, and subcellular protein locations.[32–35] Although the hy-
brid convolutional recurrent architectures have achieved remark-
able successes in genomic sequence analysis, they have not been
applied under the current context. Hence, we aim to build a deep
recurrent convolutional network for modeling the off-target activ-
ities of gRNA-target with mismatches and indels. Furthermore,
we performed a series of visualization techniques to uncover how
base pairs in the gRNA-target contribute to the off-target activity,
which is helpful to gRNA optimization in practical use.

This work provides the following contributions:

1. We propose an encoding scheme for converting each gRNA-
target sequence pair with indels and mismatches into a binary
matrix as the suitable input for deep learning.

2. We develop CRISPR-Net in which a recurrent convolutional
network combines Inception-based convolutional neural net-
work and bidirectional LSTM for scoring the off-target activ-
ity of each potential gRNA-target pair with mismatches and
indels

3. We demonstrate that CRISPR-Net not only achieves com-
petitive performance in quantifying off-target activities with
both mismatches and indels but also outperforms the cur-
rent state-of-the-art off-target prediction methods on the task
of mismatches-only off-target activity prediction.

4. We develop CRISPR-Net-Aggregate, a machine-learning-
based model that aggregates the gRNA-target scores from
CRISPR-Net into a single consensus off-target score.

5. We propose a two-stage sensitivity analysis that reveals how
the sequence variations in each gRNA-target pair perturbs the
CRISPR-Net off-target activity quantification. The first stage is
the occlusion sensitivity analysis where each potential site is
assumed to be occluded on each gRNA-target pair of interest.
The second stage is a replacement sensitivity analysis by itera-
tively replacing each potential site in a given on- and off-target
sequence pair with correct nucleotide matches (A–A, T–T, G–
G, and C–C) separately.

Experimental Section

gRNA-Target Sequence Pair Encoding Scheme

Off-target sites of gRNA were homologous to the on-target site
but with several mismatches and indels. Off-target activity of in-
tended sites in genome could be predicted based on the sequence
of gRNA and the off-target (termed gRNA-target). The goal was
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Figure 2. Representation for the gRNA-target. The sequence pair in the purple box is an example of gRNA-target. The blue arrows illustrate how the on-
and off-target pair represent the gRNA-target. The mismatches in red boxes are identically represented. All information on the gRNA-target is completely
preserved in the on- and off-target sequence pair.

Figure 3. Seven-bit Encoding Example. The symbol ”_” denotes the DNA or RNA bulge locations. Each sequence pair is considered as a fixed length
vector with the five-bit channel (A, G, C, T, _) and two-bit direction channel. The five-bit channel preserves the nucleotides of the on-target site and the
off-target site while the direction channel is designed to identify the indel and mismatch directions; for example, ”00110-10” represents the mismatch
”G →C” (”G” is the on-target site and ”C” is the off-target site) while ”00110-01” represents the mismatch ”C→G”; ”01001-01” represents the insertion
(RNA bulge) ”_→T” and ”00011-10” represents the deletion (DNA bulge) ”C→_”; ”10000-00” represents the matched site ”A–A.”

to design and implement a model to learn the relationship be-
tween gRNA and the potential off-target sites for off-target activity
prediction. In Figure 2, it is demonstrated that the gRNA-target
sequence pair can be represented by the corresponding on- and
off-target sequence pair. Since only A, G, C, and T were needed
to represent each base of the on-target or off-target site, this rep-
resentation of gRNA-target could avoid the redundant encoding
for uracil.

The most intuitive way to convert a on- and off-target pair
into the suitable convolutional neural network input was encod-
ing each base (i.e., A, G, C, T, and Indel) of the on-target se-
quence and the off-target sequence with five-bit one-hot encod-

ing with channel-wise concatenation. Therefore, every possible
gRNA-target pair could be represented by a binary matrix with
the size of 10 ×(length of the sequence pair). Herein, a new en-
coding schema was proposed which not only reduced the number
of convolutional neural network’s parameters, but also retained
mutual information between on-target and off-target sites includ-
ing mismatches, insertions, deletions, and matches.

Figure 3 shows how the encoding scheme encodes three types
of off-targets into binary matrices. First, the on-target site was
used to represent the wild-type guide RNA sequence. Then, the
on- and off-target DNA sequence pair was encoded with indels
in addition to mismatches using a new symbol ”_” denoting
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Figure 4. Naïve Inception module[36].

the DNA or RNA bulge. The sequence pair was considered as
a fixed length vector with five-bit channel (A, G, C, T, _) and
two-bit direction channel. The five-bit channel preserved the nu-
cleotides of the on-target site and the off-target site. The direc-
tion channel was used to identify the insertion or deletion and
the mismatch type. As exemplified in Figure 3, ”00110-10” repre-
sented the mismatch ”G→C” while ”00110-01” represented the
mismatch ”C→G”; ”01001-01” represented the insertion (RNA
bulge) ”_→T” and ”00011-10” represented the deletion (DNA
bulge) ”C→_”; the one-hot vector ”10000-00” represented the
matched site ”A–A.”

Consequently, for each site pair in the gRNA-target sequence
pair, the encoding schema could reduce the coding length from
ten bits to seven bits, and thus the related model complexity. The
following experiments show that this seven-bit encoding scheme
can improve the CRISPR-Net’s performance on off-target activity
assessment, comparing to the ten-bit encoding scheme.

Recurrent Convolutional Neural Network

The proposed CRISPR-Net was built upon a so-called long-term
recurrent convolutional neural network (LRCN).[27] The convo-
lutional layer of LRCN is served as feature extractor while the
recurrent layer was designed to recognize sequential patterns.

In the convolutional layer, the fixed-sized convolutional ker-
nels in the original LRCN was replaced with an Inception mod-
ule for CRISPR-Net, since this architecture has been shown to
achieve state-of-the-art performance with relatively fast training
speed in the area of computer vision. The Inception architecture
was introduced in GoogLeNet[36]; it performed convolution on in-
put with several different filter sizes (see Figure 4). This archi-
tecture allowed the internal layer to choose the appropriate filter
size to learn the required information, even if the salient part of
the input had large variation in size; besides, the parallel pool-
ing operations in the Inception could reduce the feature map di-
mensionality and enable the representation to be approximately
invariant to small input translation variations.

In the recurrent layer, LSTM (Long Short Term Memory) was
proposed to resolve the problem of vanishing and exploding gra-
dients rendered by traditional recurrent neural network.[37] An

LSTM unit was commonly composed of a cell c and three gates
(i.e., input gate i, output gate o, and forget gate f). The cell pre-
serves the values over arbitrary time intervals and the three gates
adjusts the information flow from the cell. For input sequence
〈x1, x2, …, xT〉, the key equations of LSTM unit used in LRCN are
mathematical formulated as follows:

ft = 𝜎(Wf xt + Uf ht−1 + bf )

it = 𝜎(Wixt + Uiht−1 + bi)

c̃t = tanh(Wcxt + Ucht−1 + bc)

ct = it ∗ c̃t + ft ∗ ct−1

ot = 𝜎(Woxt + Uoht−1 + bo)

ht = ot ∗ tanh(ct)

zt = ht

where W ∈ ℝn×d and U ∈ ℝn×n are weight matrices, xt ∈ ℝd is
the input, ht ∈ ℝn is the hidden state with n hidden units, and
zt is the output at time t. The initial values are c0 = 0 and h0 =
0 while the operator “∗” denotes the Hadamard product and 𝜎

denotes the sigmoid function.
Recently, LRCNs have achieved impressive successes in the

field of language tasks such as speech recognition and machine
translation. Since genomic sequences are usually regarded as the
”languages” of biological nature, it was intuitive to use LRCN for
learning the ”grammars” of the ”languages”; for example, Quang
et al. proposed an LRCN framework to predict the function of
non-coding DNA directly from sequences[32]; Lanchantin et al.
reported that their LRCN model surpassed CNN and RNN in the
transcription factor binding site classification task.[33]

The advantages of the LRCN architecture for modeling ge-
nomic sequences are twofold. First, the convolutional layers of
LRCN can discover useful features from sequences directly and
independently, avoiding biases introduced by hand-crafted fea-
tures, especially for the problems which biological mechanisms
are not fully understood. Second, LSTM layers are able to actively
regulate self-connecting loops to memorize the long-range infor-
mation from the sequences. Next, an LRCN-based deep neural
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Figure 5. Graphical illustration of CRISPR-Net. The input of CRISPR-Net is on- and off-target sequence pair 〈Xon, Xoff〉 where the sequence pair is
encoded into the binary matrix as the input of the Inception layer. The Inception layer consists of 10 filters with different sizes (1, 2, 3, 5). The output
of Inception layer and the encoded matrix are merged by channel-wise concatenation, then passed to the recurrent layer. The bi-directional LSTM in the
recurrent layer is used to learn sequential patterns. The number of each LSTM units is 15. The recurrent layer output is then passed into two non-linear
dense layers after flattening, the numbers of neurons in the dense layers are 80 and 20, respectively. The output neuron uses sigmoid as the activation
function, while the neurons in the other layers use ReLU as the activation functions.

network was described for quantifying the off-target activities of
CRISPR guide RNAs.

CRISPR-Net

Herein, an LRCN-based neural network named CRISPR-Net was
proposed to predict the off-target activities. CRISPR-Net com-
prised an Inception-based convolutional layer and a recurrent
layer with bi-directional LSTM units (BiLSTM). The outputs of
BiLSTMs are passed to downstream dense layers with non-linear
activations. Figure 5 depicts the network architecture of CRISPR-
Net. Remarkably, in the Inception-based convolutional layer, the
pooling operations in the naïve Inception module were removed,
and the encoded input was directly concatenated with the outputs
of four specialized convolutional filters to preserve the spatial in-
formation of the sequence pair.

CRISPR-Net works by passing a on- and off-target sequence
pair 〈Xon, Xoff〉 to the encoding layer to be encoded as a bi-
nary matrix E = [x1, x2, …, xT] where xt ∈ {0, 1}7 and T de-
notes the sequence length, representing the mutual informa-
tion of 〈Xon, Xoff〉. The encoded matrix E was then fed to the
Inception-based convolutional layer. The Inception-based convo-
lutional layer comprised four convolutional filters types with dif-

ferent sizes; each filter type of filters Fi learns a specialized repre-
sentation ΦFi

(⋅) on E with ten independent convolutional filters
along with the rectifier activation, to produce a fixed-size matrix
Ci = ΦFi

(E) = [c1, c2,… , cT ] where ct ∈ ℝ10. These four represen-
tation matrices {C1, C2, C3, C4} and the encoded sequence pair E
were merged by channel-wise concatenation as the intermediate
input K = [k1, k2,… , kT ], kt ∈ ℝ47 of the next-level recurrent layer
for sequence learning.

In the recurrent layer, the bi-directional LSTM (B-LSTM) was a
variant of the RNN which combined the outputs of two LSTMs in
which one learns forward patterns from the input sequence while
the other learns backward patterns from the input sequence.[38]

Each forward LSTM module maps the input kt and the previous
base hidden state ht − 1 to produce an output zf

t and updated hid-
den state ht, while the module in backward LSTM maps ct and
the following base hidden state ht + 1 to an output zb

t . Hence, for
the intermediate input K, the B-LSTM outputs R = [y1, y2, …, yT]
where yt = [zf

t , zb
t ]T , zf

t , zb
t ∈ ℝn, and the number of hidden units

n is 15.
The recurrent layer output R was then passed into two non-

linear dense layers after flattening, the numbers of neurons in
the dense layers are 80 and 20, respectively. A dropout regularizer
with 35% dropout rate was used in the last dense layer. Note that
CRISPR-Net was trained and tested as the classifier and regres-
sor. As a classifier, the assessment score of being active on- and
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off-target sequence pair 〈Xon, Xoff〉 was computed by taking the
binary cross-entropy function to the output neuron with sigmoid
activation; as a regressor, the assessment score was computed
by taking the mean square loss function to the output neuron.
The measured off-target activities (i.e., nuclease-cleaved sequenc-
ing reads) were re-sealed linearly to lie in [0, 1] before applying
Box–Cox transformation, and the normalized values were used
for training the regression model, while the gRNA-target pairs
with nuclease-cleaved sequencing reads were considered as the
positive samples for the classifier.

Visualizing CRISPR-Net Prediction Based on Sensitivity Analysis

To elucidate how each base pair in gRNA-target influences
CRISPR-Net’s off-target prediction for a particular gRNA-target
pair of interest, the sensitivity analysis was leveraged by perturb-
ing each site of the gRNA-target sequence pair.

In the first stage of the sensitivity analysis, each encoded base
pair of the gRNA-target was iteratively occluded with zero-valued
vector, and the corresponding change of CRISPR-Net’s output
was regarded as the sensitivity score. The absolute value of each
sensitivity score was further normalized into 0 to 1 and it was
mapped back to the respective site occluded in the gRNA-target
pair, indicating the base pair saliency. The saliency heat map
demonstrated the effect degree of each base pair to the CRISPR-
Net’s prediction.

In the second stage, a replacement-based sensitivity analysis
was designed to illustrate how CRISPR-Net off-target prediction
changes when each site of the on and off-target pair for a specific
gRNA-target was iteratively replaced by one of the match sites (A–
A, T–T, G–G, and C–C). The replacement sensitivity score of the
replaced site was calculated by the change of CRISPR-Net output.
This analysis was particularly useful for gRNA design; it could
identify the modified sites in gRNA-target pair with significant
influences on the CRISPR off-target activity. The replaced site of
gRNA-target with a negative sensitivity score was considered to
inhibit the off-target activity while the positive sensitivity score
indicates the replaced site enhances the off-target activity. Fur-
thermore, all replacement sensitivity scores of a particular gRNA-
target pair were aggregated into a heat map for clear illustration
on how each replaced site influences CRISPR-Net prediction (see
Figure 14).

Aggregating Individual CRISPR-Net Predictions into a Single
Summary Score

CRISPR-Net was designed to assess the potential off-target ac-
tivity in a particular region of the genome for a specific guide
RNA. To compare several gRNAs’ off-target activities, a single off-
target summary score has to be obtained for each gRNA from
all of its potential gRNA-target scores across the whole genome.
Listgarten et al. reorganized two datasets with Cas9/gRNA target-
ing on non-essential genes in cell viability screens to build and
test the off-target activity summary model. Since the gRNAs in
these datasets were targeted on the non-essential genes, the cells
should be viable if there is not any off-target cleavage.[13]

Based on the viability data, Listgarten et al. designed and
employed a machine-learning-based off-target summary model
named Elevation-aggregate by analyzing the distribution of
gRNA-target activities (only considering mismatches) predicted
by Elevation-score. There were 23 features used for Elevation-
aggregate: the mean, the median, variance, standard deviation,
99th, 95th, and 90th percentiles, and the sum of off-target scores.
These features were computed for each candidate of all off-
targets, only genic off-targets, and only non-genic off-targets; the
is-genic annotation is obtained from Ensembl.[39] They also com-
puted extra features: the fraction of genic (and non-genic) off-
targets, the fraction of targets that were genic (and non-genic),
the ratio of the number of genic to non-genic targets, and the
ratio of the average predictive genic score to non-genic score.[13]

As inspired and motivated from Elevation-aggregate, the ex-
tremely randomized regression trees were leveraged to aggregate
the CRISPR-Net’s predictions on all potential gRNA-target se-
quence pairs into an overall off-target score for a specific gRNA.
The feature selection and the split threshold of the extremely ran-
domized tree were completely randomized, which could reduce
over-fitting. The best hyper-parameter setting that was found for
the off-target aggregation task was assembling 300 extremely ran-
domized trees whose maximum tree depth was 5, and the num-
ber of features for a split is log2(n_features). The split criterion
of each tree was mean squared error. For the unmentioned pa-
rameters, the default values of the Python Scikit-Learn package
were adopted. For a fair comparison with Elevation-aggregate,
23 features were similarly computed from the distribution of
the gRNA-target CRISPR-Net predictions to train the extremely
randomized trees. The off-target aggregation model was named
as CRISPR-Net-Aggregate.

Existing Off-Target Prediction Methods

The existing off-target prediction methods were employed for
two main uses. The first was to assess the activities of a given
off-target region for a specific guide RNA. These methods could
be summarized into two categories: one used the hand-crafted
rules while the other used machine-learning-based models. The
methods in the first category assessed the off-target activities us-
ing empirically determined rules such as MIT score,[12] CROP-IT
score,[23] and CCTop score.[23] The rule of CCTop was built upon
the experimental evidence that off-target effect would diminish if
the mismatch is close to the PAM; CROP-IT score assessed the
off-target effects by summing up the penalty scores of the adja-
cent mismatches and heuristics scores based on the mismatch
positions; MIT score was built upon the experimental off-target
data and reduced to one weight per position.

The first machine-learning-based method was CFD (Cutting
Frequency Determination).[11] CFD is simply a Naive Bayes with
two features (i.e., the position and identity of mismatch site)
trained on a cleavage dataset obtained by infecting MOLM13 cells
with a lentiviral library targeting the coding sequence of the hu-
man CD33 gene. This library contains thousands of guide RNAs
with all possible PAM and single-nucleotide mismatches at all
positions. In a benchmark study, Haeussler et al. built a large
benchmark dataset comprising eight studies which detected or
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assessed CRISPR off-target activities, to evaluate the perfor-
mance of CFD and the existing hand-crafted rules.[40] Their exper-
imental results showed that CFD outperformed the other three
hand-crafted rule-based methods (i.e., CCTop score, CROP-IT
score, and MIT score).

After the off-target benchmark was introduced, various
machine-learning-based methods have been developed and sur-
passed CFD based on ROC (Receiver Operating Characteristic
Curve) analysis. Listgarten et al. proposed a two-layer stacked
regression model, named Elevation-score.[13] The first layer of
Elevation-score used a trained boosted regression trees model
to predict the off-target activity of each mismatch site in gRNA-
target pair independently hinging on four features (i.e., mis-
match identity and position, mismatch identity, mismatch posi-
tion, and mismatch transversion versus transition) whereas the
second layer combined these predictive values for gRNA-target
pairs with multiple mismatches using an L1-regularised regres-
sion combiner model. Peng et al. built an ensemble SVM clas-
sifier considering the nucleotide composition change features
and position-specific binary mismatch features of gRNA-target
pairs.[24]

Moreover, several studies have demonstrated the strength of
deep-learning-based models on off-target activity predictions.
For example, Chuai et al. present DeepCRISPR , a convolu-
tional neural network merged with two pre-training deep con-
volutionary denosing encoders to predict off-target sites.[41] Liu
et al. creatively introduced an attention-based convolutional neu-
ral network (i.e., AttnToMismatch_CNN) for modeling off-target
activities.[42] Another deep-learning-based model, CNN_std, uti-
lized multi-scale convolutional filters to learn gRNA-targets se-
quence patterns for off-targets classification.[25] Most recently,
Alkan et al. proposed an approximate binding energy model
named CRISPRoff, which consolidates the interactive energy pa-
rameters of RNA and DNA duplexes.[43] Their study indicates that
CRISPRoff excelled Elevation on the computational off-target as-
sessment.

The second use case of the existing off-target prediction meth-
ods was to aggregate the assessment of all potential off-target
regions to obtain an overall assessment for a specific guide
RNA. There were relatively fewer methods aiming for this case.
The MIT web server provided a summary score to assess the
gRNA’s off-target activity based on the hand-crafted rules; CFD
aggregation adopted the number of the within-gene active off-
target regions predicted by CFD as the summary score; Elevation-
aggregate employed the gradient boosted trees to summarize the
individual gRNA-target scores into a single summary score for
a specific guide RNA. Listgarten et al. compared the aforemen-
tioned off-target aggregation models on the datasets arising from
gRNAs targeting non-essential genes in a viability screen, and
found Elevation-aggregate achieved the best performance.

Modifying the Existing Off-Target Prediction Models to Handle
Indels

To the best of the authors’ knowledge, there is not any published
method that can quantify off-target activities with indels and mis-
matches. Hence, two mismatches-only off-target prediction mod-

els were modified for the comparison with CRISPR-Net. Lin et al.
developed a convolutional neural network named CNN_std for
off-target prediction. The channel number was adapted from four
to seven in the CNN_std’s first convolutional layer for our new
encoding scheme. On the other hand, the modified CNN_std
could be trained and tested on the gRNA-target dataset with
both mismatches and indels. Listgarten et al. leveraged the gra-
dient boosted trees (Elevation-naïve) based on the hand-crafted
features in the first layer of their stacked regression model for
mismatch-only off-target prediction. To make use of the gradient
boost trees for addressing indels off-target prediction, the gRNA-
target pairs were converted into the on and off-target pairs using
the method shown in Figure 2, and the site pairs of on- and off-
target pair were extracted at every position (for example, “C–G:1”
denotes a mismatch at first base pair, and “C–_:2” denotes an
indel at the second base pair), which were one-hot encoded and
merged by concatenation. The gradient boosted trees could be
trained and tested on both indels and mismatches dataset under
this encoding scheme. The modified CNN_std and the gradient
boosted trees were evaluated alongside the CRISPR-Net on the
indels off-target dataset in the experiments below.

Datasets

Herein, two groups of off-target datasets were constructed for
model training and validation corresponding to the two uses,
each sample in the dataset was a potential target site subject to
a specific gRNA. As shown in Table 1, the benchmark data com-
prise two types of gRNA-target datasets: type I contains gRNA-
target pairs with both mismatches and indels, and type II con-
tains gRNA-target pairs with only mismatches.

In the first type, dataset I/1 contains gRNA-target sequence
pairs with both mismatches and indels from ten different guide
RNAs, of which 7371 active off-targets (430 of them with indels)
were experimentally validated with CIRCLE-seq.[19] CIRCLE-
seq (circularization for in vitro reporting of cleavage effects by
sequencing) was a highly sensitive and unbiased method for
identifying the genome-wide off-targets of CRISPR-Cas9 nucle-
ases. The CIRCLE-seq-validated off-targets were twofold: 340 off-
targets with one-bp indel and up-to-three-bp mismatches and
7031 off-targets with up-to-six-bp mismatches. Given the gRNA
sequences, Cas-Offinder,[45] a versatile tool that searches for po-
tential off-target sites of Cas9 RNA-guided endonucleases, was
adopted to obtain 577 578 inactive off-target sites in the genome
associated with the two types as mentioned above. It was noted
that the potential off-target search of Cas-Offinder is not ap-
proximate. For example, if a search was defined where up to
six mismatches were tolerated, then all such sites across the
genome would be returned. CRISPR-Net and two modified off-
target prediction models were evaluated under leave-one-gRNA-
out cross-validation (LOGOCV) on the dataset I/1. Each round of
LOGOCV involved partitioning the whole dataset into two non-
overlapping subsets, training the model on nine gRNAs, and
testing the remaining one gRNA. To further evaluate the mod-
els, the models were trained on dataset I/1 and they were tested
on an independent dataset II/2. The dataset I/2 was comprised
of 60 GUIDE-Seq validated off-targets (13 of them with indels)
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Table 1. Dataset details in the first group.

Type / No. Technique Total Validated Off-targets Guide RNAs With Indel Literature

I / 1 CIRCLE-Seq 584 949 7371 10 Yes Tasi et al.[19]

I / 2 GUIDE-Seq 213 943 60 6 Yes Listgarten et al.[13]

II / 1 Protein knockout detection 4853 2273 65 No Doench et al.[11]

II / 2 PCR, Digenome-Seq and HTGTS 10 129 354 19 No Haeussler et al.[40]

II / 3 SITE-Seq 217 733 3767 9 No Cameron et al.[18]

II / 4 GUIDE-Seq 294 534 52 9 No Tasi et al.[16]

II / 5 GUIDE-Seq 95 829 54 5 No Kleinstiver et al.[44]

II / 6 GUIDE-Seq 383 463 56 22 No Listgarten et al.[13]

among 213 943 gRNA-target sequence pairs from six different
guide RNAs.

In the second type, there were six independent gRNA-target
datasets with only mismatches: dataset II/1 was constructed by
Doench et al. with 4,853 gRNAs targeting on human coding se-
quence CD33; dataset II/2 is a off-target benchmark dataset built
by Haeussler et al.[40]; dataset II/3 contains 3,767 positive off-
target sites from 9 gRNAs validated by SITE-Seq[18]; dataset I/4,
I/5 and I/6 are all GUIDE-Seq validated gRNA-target datasets
while they are from three different literatures (i.e., Tasi et al.,[16]

Listgarten et al.,[13] and Kleinstiver et al.[44]). Note that Listgarten
et al., Cameron et al., and Kleinstiver et al. only provided the active
off-target sites. Thus, Cas-Offinder was utilized[45] to obtain all
possible off-targeting sites with up-to-six-mismatches in the hu-
man genome and the corresponding datasets were constructed.

To evaluate the aggregation of off-target activity, Listgarten
et al. made use of two datasets with guide RNAs targeting
non-essential genes in viability screens—the Avana and GeCKO
libraries.[13] Similarly, 5059 guide RNAs targeting on 878 non-
essential genes were assembled from Avana library (named
Avana-Agg) and 5178 guide RNAs targeting on 875 non-essential
genes from GeCKOv2 library (named GeCKO-Agg) from Doench
et al.,[11] of which the overlapped gRNAs was removed for re-
dundancy removal. For each guide RNA in both Avana-Agg and
GeCKO-Agg dataset, Cas-Offinder was used to find all poten-
tial off-targets (near-match CRISPR-Cas9 targets) in the human
genome (hg38) with up to 6 bp mismatches or up to 3 bp mis-
matches with 1 bp indels. The viability screens of both libraries
were performed in A375 melanoma cells. The targeting genes
in both datasets were from a curated set of 927 non-essential
genes.[46]

Experiments

The experiments in this work were conducted in two phases: the
first phase was designed to validate CRISPR-Net on quantifying
the individual gRNA-target pair’s off-target activity; the second
phase was to evaluate the CRISPR-Net-Aggregate with the state-
of-the-art off-target aggregation method—Elevation-aggregate.

In phase one, four steps of validation experiments were
performed based on ROC (Receiver Operating Characteristic
curve) and PR (Precision-Recall) analysis. First, four different
versions of CRISPR-Net comprising the CRISPR-Net-Regressor

and CRISPR-Net-Classifier were evaluated with two encoding
schemes respectively alongside two existing modified models
(modified CNN_std and gradient boosted regression trees) on
CIRCLE-Seq dataset (Dataset I/1 in Table 1) under leave-one-
gRNA-out cross-validation. Then, four different CRISPR-Net and
two modified models were trained on CIRCLE-Seq dataset and
they were tested on GUIDE-Seq dataset (Dataset I/2 in Table 1).

Second, CRISPR-Nets were compared with the five exist-
ing off-target prediction models (i.e., Elevation-score, Ensemble
SVM, AttenToMismatch_CNN, CNN_std, and CRISPRoff) on an
independent mismatches-only GUIDE-Seq dataset (i.e., Dataset
II/5), while CFD was served as a baseline model. Note that two
CRISPR-Nets were trained, Elevation-score and CNN_std on the
same dataset (i.e., Dataset II/1, II/2, and II/3, named Elevation
dataset) which were constructed by Listgarten et al.[13] Both At-
tnToMismatch_CNN and Ensemble SVM were well-established
models provided by their authors that were already trained
on a larger dataset including Elevation dataset. Besides, since
CRISPRoff could only predict the off-target sites with PAM of
NGG, NAG or NGA, the samples were removed without any of
those PAMs in testing datasets just for CRISPRoff during ROC
and PR analyses.

Third, two datasets (i.e., Dataset I/1 and II/4) were explored
along with the training datasets (Elevation dataset) in step two
on how they influence the prediction and generalisation perfor-
mance of CRISPR-Net. Note that the off-target sites of dataset
I/1 and II/4 were detected by SITE-Seq and CIRCLE-Seq which
are the recently published biomedical approaches for identifying
genome-wide CRISPR/Cas9 off-target mutations. Furthermore,
the generalization of CRISPR-Net on dataset II/5 (which was not
used to train any of those models) was investigated by comparing
with six aforementioned existing methods.

Last step in phase one experiment was to compare CRISPR-
Net with another state-of-the-art method—DeepCRISPR which
utilized four binary epigenetic features (CTCF binding informa-
tion, H3K4me3 position information, chromatin-opening infor-
mation, and DNA methylation information) along with gRNA-
target sequence content for modelling off-target effects. Similarly,
CRISPR-Net and CNN_std were augmented with the same epi-
genetic features by concatenating seven-bit channels with those
four-bit epigenetic channels for each off-target in the encoding
layer. Then, two off-target datasets from HEK295 and K562 cell
types constructed by Chuai et al. were used[41] for models test-
ing. For a fair comparison, modified CRSIPR-Net, CNN_std, and
DeepCRISPR were trained on the dataset with the same epoches

Adv. Sci. 2020, 7, 1903562 1903562 (8 of 17) © 2020 The Authors. Published by WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim



www.advancedsciencenews.com www.advancedscience.com

from one cell type and tested them on the other. Besides, the same
encoding schema was used to enable CNN_std to handle epige-
netics features for model comparison.

In phase two, the off-target scores of all gRNA-target pairs be-
longing to 10,237 gRNAs in Avana-Agg and GeCKO-Agg dataset
were obtained from CRISPR-Net prediction. Then, CRISPR-Net-
Aggregate was trained on the Avana-Agg gRNA-target scores
and it was evaluated with Elevation-aggregate on GeCKO-Agg
dataset (which were not used to train Elevation-score or CRISPR-
Net-Aggregate). Note that gRNA-target scores from GeCKO-Agg
dataset used by Elevation-aggregate were predicted by Elevation-
score. Since each gRNA in GeCKO-Agg dataset had two replicas
targeting one same non-essential gene, the weighted spearman
correlation between predictive overall off-target scores and the
two replicas’ cell viability (log2 fold-change) and their average via-
bility for comparing the performance of Elevation-aggregate and
CRISPR-Net-Aggregate was calculated. Furthermore, CRISPR-
Net-Aggregate was trained on the CRISPR-Net predicted scores
with the only mismatch in Avana-Agg dataset for comparison
with CRISPR-Net-Aggregate trained on the off-target scores of
gRNA-target pairs with mismatches and indels.

The CRISPR-Net models in this paper were trained using
Adam optimizer (learning rate is 0.0001) with the batch size of 10
000. Since the labels of all gRNA-target dataset were imbalanced,
bootstrapping sampling was performed to balance the samples
in each batch (that is, 5000 positive samples and 5000 negative
samples in one batch) when training the models. Surprisingly, it
was found that bootstrapping-sampling batch training improved
the regressor’s performance while decreased the classifier’s per-
formance. Therefore, only bootstrapping-sampling batch train-
ing was performed on regression models in the experiment. Be-
sides, all CRISPR-Nets were implemented using Keras 2.2.4 with
TensorFlow 1.12.0 backend.[47,48] An NVIDIA Titan XP GPU was
adopted for training the models. The gradient boosted regres-
sion trees[49] were implemented in Python 3.6 using the sci-kit
learn 0.20.0 library. The source code of DeepCRISPR, AttnToMis-
match_CNN, CRISPRoff, CFD, CNN_std, ensemble SVM, and
Elevation were provided by their authors.

Results

In this section, we first reported the performance of CRISPR-
Nets and two modified off-target models (i.e., Modified CNN_std
and gradient boosted tree) on CIRCLE-Seq dataset (Dataset I/1)
and GUIDE-Seq dataset (Dataset I/2) based on ROC and PR anal-
yses. Second, we demonstrated that CRISPR-Net outperforms six
existing off-target prediction models on the dataset with only mis-
matches off-targets (Dataset II/5). Third, we presented the per-
formance of CRISPR-Nets trained on different datasets and re-
ported the optimal combination (i.e., Dataset I/1, II/1, II/2, II/3,
and II/4), we also showed that the CRISPR-Net trained on the
optimal combined dataset has excellent generalization on an-
other independent testing dataset (Dataset II/6) comparing to
the existing off-target predictors. Fourthly, we demonstrated that
CRISPR-Net augmented by four epigenetics features surpassed
the state-of-the-art methods, DeepCRISPR on two datasets from
HEK293 and K562 cell types respectively. Then, we reported the
gRNA off-target summarization performance of CRISPR-Net-

Aggregate and Elevation-aggregate on the GeCKO dataset. Fi-
nally, we used a case study to show how our sensitivity analysis vi-
sualizes CRISPR-Net prediction for a particular gRNA-target pair.

Evaluation of CRISPR-Nets on Indel-and-Mismatch gRNA-Target
Prediction

In this evaluation, four different types of CRISPR-Nets were eval-
uated alongside two modified off-target prediction models under
leave-one-gRNA-out cross-validation on the CIRCLE-Seq dataset
(Dataset I/1 in Table 1) comprising ten different guide RNA target
sites with both indels and mismatches. In each fold of LOGOCV,
the sequence pairs related to the same target site are used as test-
ing data while the remaining sequence pairs are used for model
training. As Figure 6 shows, all of the proposed CRISPR-Nets out-
performed two modified models in terms of both AUROC (Area
under ROC curve) and AUPRC (Area under PRC curve), with
an average AUROC of 0.964 and an average AUPRC of 0.428.
The deep-learning-based model, the modified CNN_std, achieved
better performance (AUROC=0.934, AUPRC=0.288) than gradi-
ent Boosted trees (AUROC=0.845, AUPRC=0.071). Among the
proposed CRISPR-Nets, the CRISPR-Net classifier with the 7-
bit encoding scheme achieved the highest AUROC (0.969) and
the highest AUPRC (0.477). We found that the performance gap
among those models is more pronounced in PRC curve than the
ROC curve.

Furthermore, we trained the abovementioned six models on
the CIRCLE-Seq dataset and tested them on a GUIDE-Seq dataset
(Dataset I/2 in Table 1) which comprises the gRNA-target pairs
with both indels and mismatches from six different gRNAs.
As shown in Figure 7, four CRISPR-Nets and the modified
CNN_std achieved very close performance on ROC curve, while
the CRISPR-Net classifier with the seven-bit encoding scheme
achieved the highest AUPRC (0.254) among six models with 7.6%
improvement of the CRISPR-Net regressor with seven-bit en-
coding scheme which still achieved the second highest AUPRC
(0.178).

In summary, for both ROC and PRC analysis, our pro-
posed deep-learning-based models outperformed the gradient
boosted trees significantly on both GUIDE-Seq and CIRCLE-
Seq datasets. In ROC analysis, the deep-learning-based models
achieved very similar performance with average AUROC of 0.974
on two independent datasets, while in PRC analysis, our pro-
posed CRISPR-Nets outperformed the modified CNN_std, with
the average AUPRC improvement of 14% and 11.3% on CIRCLE-
Seq and GUIDE-Seq datasets respectively. Moreover, we found
that the seven-bit encoding scheme improved both CIRSRP-Net-
Regressor and CRISPR-Net-Classifier, especially on PRC anal-
ysis, with the average AUROC improvement of 0.4% and av-
erage AUPRC improvement of 4.5% on the two independent
datasets. The CRISPR-Net-classifier with 7-bit encoding scheme
achieved the best performance with AUPRC of 0.477 and 0.254
on both CIRCLE-Seq and GUIDE-Seq datasets, with a signifi-
cant improvement of 18.9% and 13.4% compared with the mod-
ified CNN_std. Note that the number of CRISPR-Net parame-
ters with seven-bit encoding scheme (both regressor and clas-
sifier) is fewer than the CRISPR-Net with the ten-bit encod-
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Figure 6. Comparison of four versions of CRISPR-Net and two modified off-target prediction methods in CIRCLE-Seq dataset (Datasaet I/1 in Table 1)
with mean ROC (left) and mean PRC (right) curves.

Figure 7. Comparison of four versions of CRISPR-Net and two modified off-target prediction methods in GUIDE-Seq dataset (Datasaet I/2 in Table 1)
with ROC (left) and PRC (right) curves.

ing scheme, which is beneficial for reducing the model train-
ing time especially on the large off-target datasets with hun-
dreds of thousands of gRNA-target pairs. Therefore, we used
both CRISPR-Net-Classifier and CRISPR-Net-Regressor with 7-
bit encoding scheme to compare with the existing off-target
prediction models on the mismatch-only datasets in the next
experiment.

Evaluation of CRISPR-Net on Mismatches-only gRNA-Target
Prediction

In the second experiment, we compared CRISPR-Net-Regressor
and CRISPR-Net-Classifier with the six existing off-target pre-
diction methods on independent GUIDE-Seq data (Dataset II/5
in Table 1) which contains the gRNA-target pairs with mis-
matches from five different gRNAs. As the ROC and PR curves
shown in Figure 8, two CRISPR-Net models outperformed six

existing methods on Dataset II/5 with the average AUROC of
0.987 and AUPRC of 0.294. CRISPR-Net-Classifier achieved the
highest AUROC (0.991) and AUPRC (0.323), with a significiant
AUPRC improvement of 16% compared to the Elevation-score
which achieved the best performance (AUPRC = 0.163) among
the exsiting models on PRC analysis. Moreover, we believe that
the quantity and quality of training data can affect model perfor-
mance. Thus, we explored different training datasets to improve
CRISPR-Net-classifier in the next experiment.

Evaluation of CRISPR-Nets with Different Training Datasets

In this scenario, we investigated how two recently pub-
lished off-targets datasets (in which active off-targets were de-
tected by CIRCLE-Seq and SITE-Seq) along with the train-
ing data (ttermed Elevation dataset) in Section 3.2 influence
CRISPR-Net’s predictive performance. We generated seven
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Figure 8. Comparison of CRISPR-Nets and six competing off-target prediction methods in Dataset II/5 with ROC (left) and PRC (right) curves. CRISPR-
Nets were trained on Dataset II/1, II/2, and II/4.

Figure 9. Comparison of CRISPR-Nets trained on different dataset on Datasaet II/5 with ROC (left) and PRC (right) curves. The performance of Elevation-
score was served as benchmark.

combinations (see Figure 9) from those three datasets to train
CRISPR-Net and test on the GUIDE-Seq dataset (Dataset II/5),
and Elevation-score was served as the benchmark. All CRISPR-
Nets showed comparable excellent performance in ROC anal-
ysis as shown in Figure 9, each of them reached an AUROC
higher than 0.99. While the precision-recall curves in Figure 9
depicted that the PR performance of CRISPR-Nets are wildly dif-
ferent, the model trained on Elevation dataset achieved better
PR performace (AUPRC = 0.323) than those trained on SITE-
Seq (AUPRC = 0.181) or CIRCLE-Seq dataset (AUPRC = 0.184)
alone, since the Elevation dataset contains relatively more diverse
gRNAs. The CRISPR-Net trained on three combined datasets
(i.e., CIRCLE-Seq, SITE-Seq and Elevation dataset) achieved the
highest AUPRC (0.329) with a slight improvement (0.6%) on
Elevation dataset (AUPRC = 0.323). Note that all CRISPR-Nets
surpassed Elevation-score based on the AUROC and AUPRC
analyses.

The CRISPR-Net trained on the Elevation dataset, and the
one trained on three combined datasets achieved the most
competitive performance among all seven models on Dataset
II/5. To further test the generalization of these two well-trained
CRISPR-Nets, we compared them with six existing methods on
another independent testing dataset (i.e., Dataset II/6), which
includes 22 different gRNAs. Figure 10 depicts that CRISPR-
Net (CRISPR-Net**) trained on three combined datasets out-
performed the other six existing off-target prediction mod-
els, reaching the highest AUROC of 0.995 and the highest
AUPRC of 0.317. Remarkably, as shown in the precision-recall
curves in Figure 10, CRISPR-Net** had a significant advan-
tage over the second-best method with an 18.3% improvement
in AUPRC.

As summarized in Table 2, CRISPR-Net trained on SITE-
Seq, CIRCLE-Seq and Elevation dataset (i.e., Dataset I/1, II/1,
II2, II/3 and II/4) is robust with superior performance on two
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Figure 10. Comparison of CRISPR-Nets and six competing off-target prediction methods in Datasaet II/6 with ROC (left) and PRC (right) curves. CRISRP-
Net* was trained on Elevation dataset (i.e., Dataset II/1, II/2 and II/4 in Table 1), and CRISPR-Net** was train on SITE-Seq, CIRCLE-Seq and Elevation
datasets.

Table 2. Performance comparison between CRISPR-Net and six state-of-the-art machine-learning-based off-target prediction models.

Dataset Metric Off-target prediction methods

CRISPR-Net Elevation-score CRISPRoff Ensemble SVM CNN_std AttenToMiamatch_CNN CFD

Dataset II/5 AUROC 0.995 0.979 0.973 0.982 0.956 0.961 0.925

Kleinstiver et al.[44] AUPRC 0.329 0.163 0.104 0.113 0.115 0.069 0.066

Dataset II/6 AUROC 0.995 0.987 0.990 0.979 0.976 0.963 0.963

Listgarten et al.[13] AUPRC 0.317 0.078 0.046 0.048 0.034 0.025 0.030

independent testing data (i.e., Dataset II/5 and II/6), compar-
ing with six existing off-target prediction models. CRISPR-Net,
Elevation-score, CRISPRoff, and Ensemble SVM had compara-
bly excellent performance on off-target prediction as measured by
AUROC. However, CRISPR-Net significantly surpassed the other
models based on AUPRC measurement, with the improvement
of 16.6% and 23.9% over the second-best model on Dataset II/5
and II/6 respectively. Our two independent tests demonstrate that
CRISPR-Net has great generalization on off-target activity predic-
tion for different gRNAs.

Evaluation of CRISPR-Net with Epigenetic Features

We next investigated off-target predictive performance of
CRISPR-Net with four epigenetic features (CTCF, DNase,
H3K4me3, and RRBS) through comparing with a modified
CNN_std and DeepCRISPR on two off-target datasets from
HEK293T and K562 cell types. As Figure 11 depicts, CRISPR-Net
trained on K562 datasets achieved the highest AUROC of 0.803
and AUPRC of 0.115 among three models on HEK293T off-target
dataset. Nevertheless, CRISPR-Net remarkably outperformed the
other two models on K562 off-target dataset, reaching AUROC
of 0.981 and AUPRC of 0.328 (see Figure 12). As a summary,
CRISPR-Net with both sequence content and epigenetic features
is competitive with superior performance for both ROC and PR
analyses comparing to the state-of-the-art deep-learning-based

model DeepCRISPR, achiving the average AUROC of 0.892 and
AUPRC of 0.221.

Evaluation of CRISPR-Net-Aggregate on gRNA Off-Target Scoring

In the last experiment, we evaluated our CRISPR-Net-Aggregate
alongside Elevation-aggregate on the task of assigning genome-
wide normalized scores to gRNAs. On the GeCKO dataset which
comprises 5178 guide RNAs targeting on 875 non-essential
genes in A375 melanoma cells, we found that CRISPR-Net-
Aggregate outperformed Elevation-aggregate on two replicas
and the average in weighted spearman correlation, yielding
a significant improvement as depicted in Figure 13. More-
over, we used CRISPR-Net-aggregate to summarise the off-
target scores of gRNA-target with the only mismatch pre-
dicted by CRISPR-Net. As Figure 6 shows, the mismatch-
only CRISPR-Net-aggregate also achieved better performance
than Elevation-score. In this case, CRISPR-Net-Aggregate and
Elevation-aggregate used the same gRNA-target pairs to assess
overall off-target effects of the gRNAs in the GeCKO dataset.
The observations indicate that CRISPR-Net-Aggregate has a dis-
tinct advantage over Elevation-aggregate in assessing the off-
target activities of different gRNAs. Moreover, we found that
CRISPR-Net-Aggregate using both indel and mismatch gRNA-
targets pairs as input achieved better performance than that us-
ing mismatch gRNA-target pairs only, which indicates the indels
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Figure 11. Comparison of CRISPR-Net, DeepCRISPR and CNN_std on HEK293T off-target dataset with ROC (left) and PRC (right) curves.

Figure 12. Comparison of CRISPR-Net, DeepCRISPR and CNN_std on K562 off-target dataset with ROC (left) and mean PRC (right) curves.

are relevant and should not be ignored in the off-target problem
indeed.

Visualization of CRISPR-Net on the gRNA-target Prediction

In this experiment, we employed sensitivity analysis on CRISPR-
Net-Classifier with seven-bit encoding scheme which has
achieved the best performance in the above two experiments,
to uncover how it predicts the off-target activity given a candi-
date gRNA-target pair. In the experiment of leave-one-gRNA-out
cross-validation on CIRCLE-Seq dataset, CRISPR-Net achieved
an average true positive rate of 0.9 with an average false positive
rate of 0.1 at the threshold of 0.003. Thus, we consider that every
gRNA-target with CRISPR-Net predictive score higher than 0.003
is an active off-target.

Herein, we used this CRISPR-Net to assess an active off-target
site (GGCACTGCTGCTAGAGGTGCAGG) located on chromo-
some 1 from 201 067 360 to 201 067 383 with 598 nuclease-
cleaved sequencing reads detected by CIRCLE-Seq, of which
gRNA is designed to target Site 4 (GGCACTGCGGCTGGAG-

GTGGAGG). We note that all gRNA-target pairs from Site 4 were
not used for training in this case. There are three mismatch sites
in this gRNA-target pair comprising ”G–T:9” (denote the mis-
match site ”G–T” at position 9), ”A–G:13”, and ”C–G:20”. The
predictive off-target score of this gRNA-target pair is 0.113 sur-
passing the threshold value.

The diagram in Figure 14a demonstrates the occluded-based
sensitivity scores of each site in the gRNA-target. Each base pair
of the gRNA-target is iteratively occluded with zero-valued vec-
tor; the sensitivity score of each site represents the corresponding
change of CRISPR-Net’s output by occluding. The line chart in
Figure 14a indicates the sensitivity score of each site. Moreover,
we normalized the absolute value of each sensitivity score and
mapped each back to the respective site occluded in the gRNA-
target pair to generate a saliency heat map (in Figure 14a).

As the diagram shows, one negative and two positive peaks oc-
cur at the match site at the fifth position and two mismatch sites
at positions 13 and 20, respectively. The heapmap shows that the
mismatch site ”G–A:13” has the highest heat value, which means
it has the most significant impact on the CRISPR-Net prediction
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Figure 13. Comparison of CRISPR-Net-Aggregate and Elevation-aggregate on GeCKO dataset with weighted Spearman correlation.

among all sites of the gRNA-target. The significant-high sensitiv-
ity score at location 13 indicates that the off-target activity of this
site will increase remarkably if the mismatch in location 13 (7 bp
from the PAM ) is removed. This phenomenon is expected since
CRISPR-Cas9 depends explicitly on the gRNA seed sequence of
the PAM-proximal region.[50] Therefore, when we occluded the
mismatch at location 13, the CRISPR-Net prediction results in a
high positive sensitivity score. In contrast, the mismatch at loca-
tion 9 (11 bp from the PAM) had a small sensitivity score because
its location is distal to the PAM and at the blurred edge of the seed
region. Interestingly, we found that the mismatch site ”G–T:9”
has little effect on the predictive score that a match site ”C–C:5”
obtained a higher heat value than ”G–T:9”. Moreover, we found
that some match sites near the mismatch sites with positive peak
have high heat value (see the heat map in Figure 14a). The obser-
vations imply that some match sites of gRNA-target contribute to
the off-target activity, which explained the enhanced performance
of our CRISPR-Net over Elevation-score (only consider the mis-
match sites) from another side.

The bar charts in Figure 14b–e show the replacement-based
sensitivity analysis results, each of which demonstrates the
change of CRISPR-Net predictive score caused by replacing each
site iteratively with one of the match sites (A–A, T–T, G–G, and
C–C). We then aggregated the sensitivity scores from those four
bar charts into a heatmap for clear demonstration. As the four
bar charts show, the mismatch site ”A–G:13”, replaced by ”A–
A” leads to the highest increase in the CRISPR-Net predictive
score, and the match site ”G–G:16” replaced by ”C–C” causes the
highest decrease. Furthermore, we found some interesting rela-
tionships between occluded-based analysis and the replacement-
based analysis comparing Figure 14a,f: the mismatch site ”A–

G:13”, which incurs a positive peak in occluded-based analysis,
in the replacement-based analysis, obtains improvement no mat-
ter what kind of the match site it is changed into; the match
site ”C–C:5” revealed the exact opposite trend. This situation also
appears on another peak site, ”G–C:20”. However, for another
mismatch site ”T–G:6” whose sensitivity score is nearly zero
in occluded-based analysis, the respective predictive score is in-
creased when this site was replaced by ”A–A,” while we replaced
it with ”G–G,” the respective predictive score decreased. These
observations imply that occluded-based analysis can be comple-
mented by replacement-based analysis. The replacement-based
analysis uncovers how base-pair substitution in gRNA-target in-
fluences the predictive off-target activity, which should be helpful
to gRNA optimization.

Discussion and Conclusions

In this study, we propose CRISPR-Net, a recurrent convolutional
network that quantifies the off-target activities of gRNA-target
pairs with indels and mismatches. We also present CRISPR-Net-
Aggregate, which aggregates the predictive gRNA-target scores
into a single off-target summary score to assess each gRNA.
Since the exact mechanism of off-target activity remained un-
clear, hand-crafted features for modeling may lead to informa-
tion loss. We designed a new encoding scheme that converts each
gRNA-target sequence pair into a binary matrix as the input for
deep learning. Since there is not any published method that can
assess off-target activities with indels and mismatches, we mod-
ified the state-of-the-arts mismatches-only off-target prediction
models for performance comparison with CRISPR-Net. In our
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Figure 14. An example of two-stage sensitivity analysis on CRISPR-Net prediction. The x-axis shows the sites of the gRNA-target pair (PAM is on the
right), while the y-axis is the change of CRISPR-Net prediction (Sensitivity score) caused by site perturbation of gRNA-target. The diagram in figure (a)
demonstrates the occluded-based sensitivity scores of each site in the gRNA-target, and the heap map in figure (a) shows the absolute sensitivity scores
which imply the site impact on the CRISPR-Net prediction. Note that the zero sensitivity score is the red dashed line. The bar charts in figure (b) to (e)
show the replacement-based sensitivity analysis results, each of which demonstrates the change in CRISPR-Net predictive score caused by replacing
each site iteratively with one of the match sites (A–A, T–T, G–G, and C–C). These sensitivity scores from four bar charts are aggregated into a heat map
in figure (f).
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experiments, CRISPR-Net not only achieved competitive per-
formance on both CIRCLE-Seq and GUIDE-Seq datasets, out-
performing two modified off-target scoring models in ROC
and PRC analysis but also surpassed six available compet-
ing off-target scoring models on two independent GUIDE-Seq
datasets. CRISPR-Net with four epigenetic features also outper-
formed DeepCRISPR on off-target testing datasets form two
cell types. Furthermore, CRISPR-Net-Aggregate outperformed
significantly the state-of-the-art model, Elevation-aggregate, in
weighted Spearman correlation for the task of summary scoring
on the GeCKO dataset with 5178 guide RNAs.

The main contribution of our study is to present CRISPR-Net
as the first-of-its-kind model that quantifies the off-target activi-
ties with mismatches and indels between target DNA and guide
RNA sequences. Our experiments demonstrated the utility of a
hybrid convolutional recurrent neural network for the off-target
problem. Such hybrid architecture of CRISPR-Net can learn the
essential features and the sequential combination between these
features simultaneously. In a previous study, Kim et al. used con-
volutional neural network to predict the efficiency of guide RNA
and achieved success.[51] Since the optimal convolutional kernel
size for gRNA off-target activity prediction remains unknown, we
employed the Inception module (i.e., four convolutional kernels
of different sizes) in the convolutional layer to capture features in
different ranges. In addition, we designed and employed a two-
stage sensitivity analysis for visualizing the implicit knowledge
encoded in CRISPR-Net prediction, in order to unveil how each
site of gRNA-target pair contributes to the predictive off-target ac-
tivity. Our visualization provides novel insights and platforms for
guide RNA optimization with broad impacts.

Together, CRISPR-Net and CRISPR-Net-Aggregate provide an
integrated in silico tool to quantify the off-target activities of
CRISPR guide RNAs. As additional off-target assays and the
corresponding datasets become available, both CRISPR-Net and
CRISPR-Net-Aggregate are expected to be enhanced. We will also
carefully investigate the flanking genomic sequences for model-
ing off-target activities in the future. We believe that such an intel-
ligent tool can contribute to the CRISPR-Cas9 guide RNA design
in a rigorous manner.
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