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ABSTRACT: The introduction of CRISPR-Cas9 revolutionized genetics but brought challenges, notably off-target effects
leading to undesired DNA changes. This research proposes a hybrid neural network integrating sequencing information,
biophysical features, and CG content from gRNA sequences to predict off-target effects better. In this research, various neural
network architectures, both simple and complex models with attention mechanisms, were developed and analyzed against three
cell lines. Emphasis was given to F1 scores to enhance accuracy while reducing false positives. The study demonstrated that while
complex models with attention mechanisms excel at identifying off-target effects, simpler architectures can also achieve excellent
results for specific cell lines when paired with well-selected features. These findings will contribute to developing more reliable
predictive models, improving the safety and efficacy of gene editing technologies.
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B Introduction

CRISPR-Cas9 is a groundbreaking gene-editing technolo-
gy derived from a bacterial immune system that cuts foreign
DNA. It uses two key components: guide RNA (gRNA) to
direct the Cas9 enzyme to a specific DNA sequence, and the
Cas9 protein to cleave the DNA. Although this allows precise
modifications, off-target edits can occur when gRNA binds to
similar sequences, causing unintended DNA cleavage and po-
tential mutations, especially in regions with high CG content.
Some studies suggest that higher GC content in the gRNA
can stabilize the DNA-RNA duplex, potentially increasing
on-target activity, while others indicate that target sequences
with a GC content higher than 70% may increase the likeli-
hood of off-target effects.!

While CRISPR-Cas9 has revolutionized gene editing, its
utility is limited by off-target effects that can cause harmful
genetic alterations. For instance, recent studies have shown
that Cas9 tolerates up to three mismatches between the gRNA
and genomic DNA, which increases the chances of off-target
effects in regions with higher GC content.? The need for ac-
curate prediction of these off-target effects is critical for the
safety and effectiveness of CRISPR-based therapies. Exist-
ing models often overlook complex, non-linear biophysical
interactions, which can significantly impact the accuracy of
off-target predictions. Recent advancements have sought to
address these challenges by incorporating factors such as DNA
binding energy and chromatin accessibility, which have led to
some improvements in prediction accuracy. However, signif-
icant gaps remain, particularly in the integration of multiple
feature types and accounting for non-linear dependencies.

This research addresses these gaps by introducing a hybrid
neural network that integrates both sequence information
and biophysical properties, such as binding energy, to en-
hance oftf-target effect predictions. This hybrid neural network
refers to a model that combines different types of neural net-

works—specifically convolutional neural networks (CNNs)
and recurrent neural networks (RNNs), along with attention
mechanisms. CNNs are utilized for capturing spatial features
within the sequence, while RNNs, such as Long Short-Term
Memory (LSTM) or Gated Recurrent Units (GRU), help cap-
ture dependencies in sequential data. The attention mechanism
further enhances the model by focusing on the most relevant
parts of the input sequence, allowing for improved predic-
tion accuracy. For instance, CRISPR-Net employs a recurrent
convolutional network to score gRNA-target pairs with mis-
matches and indels.3

By considering both the surrounding sequence and its in-
herent properties, including CG content, this approach offers
improved accuracy in identifying potential off-target loci in
CRISPR-Cas9 applications. It aligns with the latest meth-
odologies that utilize deep learning to account for complex
sequence dependencies and class imbalances in genomic data.
The proposed hybrid model combines convolutional and recur-
rent neural network components with attention mechanisms to
capture complex interactions, contributing to the refinement
of gene-editing technologies and the development of more ad-
vanced predictive models in genomics.

Sequence-Based Prediction Models:

Early efforts in CRISPR-Cas9 off-target prediction primar-
ily relied on sequence homology and position-weight matrices
(PWM). Tools like CRISPRmit and CCTop ranked off-target
sites based on their similarity to the gRNA target.* Despite
their utility, these models had limited accuracy, functioning
well only in specific genome regions due to unconsidered in-
teracting factors.

Integration of Biophysical Features:
Recent studies have incorporated biophysical features
alongside gene sequences to predict off-target effects more ac-
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curately. For example, a study demonstrated that manipulating
Cas9's biophysical attributes, such as minimizing nonspecif-
ic RNA-DNA interactions, significantly reduces off-target
mutations while maintaining high on-target efficiency.” The
BoostMEC model further improves prediction by consider-
ing binding energy, cleavage efficiency, and other biophysical
factors, reducing false positives and enhancing off-target site
identification.®

Machine Learning Approaches:

Machine learning, particularly deep learning, has revolu-
tionized CRISPR-Cas9 off-target prediction. DeepCRISPR
uses a deep convolutional denoising neural network (DCD-
NN) and CNN to predict both on- and off-target activities
of sgRNAs with improved accuracy.” Similarly, DeepCRISTL,
developed in 2024, applies deep transfer learning to predict
CRISPR/Cas9 editing efficiency in specific cellular contexts,
fine-tuning predictions with smaller, biologically relevant
datasets for superior context-specific accuracy.®

Role of CG Content and Emerging Trends:

CG content is increasingly recognized as a critical factor in
off-target prediction due to its influence on CRISPR-Cas9
binding specificity. High CG content regions are linked to
increased off-target cleavage risks, highlighting the need to
consider nucleotide composition in predictive models." Ad-
ditionally, integrating multi-omics data, such as chromatin
openness and epigenetic changes, has shown significant prom-
ise. A study demonstrated that combining sequence analyses
with multi-omics data markedly improves off-target predic-
tions across various cell lines.’

Relevance to the Current Study:

This study aims to enhance off-target prediction by devel-
oping a hybrid neural network that integrates sequence data,
biophysical features, and CG content. By testing models across
different cell lines like HEK293, K562, and U20S, the study
builds on recent advancements in CRISPR-Cas9 research, in-
corporating novel computational approaches to improve the
safety profiles of gene editing technologies.

This study hypothesizes that a hybrid neural network model
integrating sequence information and biophysical properties—
such as binding energy and CG content—will significantly
improve the accuracy of predicting CRISPR-Cas9 off-tar-
get effects compared to existing models that only utilize
sequence-based features or standard deep learning approaches.
It is anticipated that the proposed hybrid model will demon-
strate superior performance across multiple metrics (accuracy,
precision, and recall) in diverse cell lines such as HEK293,
K562, and U20S, owing to its ability to effectively capture
non-linear dependencies and leverage multiple relevant fea-
tures for off-target identification.

B Methods
Data Preparation:

The dataset utilized in this research can be found in the cris-
prSQL database.’ It consists of CRISPR-Cas9 gene editing

sequences along with corresponding cleavage frequencies, en-
ergy features, and other biophysical attributes. The dataset was
pre-processed to remove any rows containing negative cleav-
age frequencies, ensuring that only biologically plausible data
is retained for further modeling. Additionally, CG content was
calculated for each guide RNA (gRNA) sequence by counting
the number of cytosine (C) and guanine (G) nucleotides di-
vided by the length of the sequence.

Using k-mers (k=2) best described as short motifs; the
gRNA sequences were transformed. These k-mers help in
capturing nearby sequence information that is very crucial for
understanding how one character in the string depends upon
others. The sequences were then tokenized after which k-mer
sequences had their padded equivalents created so that all
models could have inputs with the same lengths maintained.

Out of the available options for consideration, five ener-
gy parameters (energy_1 to energy_5) and CG content were
chosen as input features for training. The dependent variable,
which is cleavage frequency, was turned into a binary variable
by using a threshold determined from the median cleavage fre-
quency of the training dataset so that anything more than or
equal to the median was assigned as 1 while the rest as 0.

Furthermore, the SMOTE-Tomek resampling technique
was used to correct any imbalance in the distribution of classes
among the training data samples.

Cell Lines Used:

In this dataset, the tests were performed to validate if the
models were applicable to the following 3 cell lines.

HEK293: A human embryonic kidney cell line known for
high transfection efficiency.

K562: A human myelogenous leukemia cell line, commonly
used in hematopoietic research, helping assess CRISPR-Cas9
effects in blood cells.

U20S: A human osteosarcoma cell line frequently used in
cancer research, aiding in evaluating CRISPR-Cas9 specificity
in cancer-related contexts.

icmer Sequence Processing

Figure 1: Feature Engineering (CG Content &3 gRNA sequence processing)
This figure depicts the feature engineering steps for k-mer sequence processing
and CG content calculation. The left side shows the creation and tokenization
of k-mers, while the right side outlines the calculation of CG content from
sequences.
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Neural Network Architectures:

Three neural network architectures were implemented
to predict off-target effects of CRISPR-Cas9 gene editing,
integrating both sequence-based and biophysical features:
single-layered models, multi-layered models without atten-
tion, and multi-layered models with attention. This study also
analyzes how effective and strong they were when applied in
predicting off-target effects in various cell lines.

To streamline the discussion of the various models used in
this study, each model variant within these architectures is ref-
erenced by a unique identifier (M1 through M10) as follows:

e Ma1: BiDirectional LSTM (Architecture 1)

e M2: CNN (Architecture 1)

e M3: GRU (Architecture 1)

e M4: LSTM (Architecture 1)

e MS5: CNN+BiDirectional LSTM (Architecture 2)

e Mé6: CNN+GRU (Architecture 2)

e M7: CNN+LSTM (Architecture 2)

e MBS8: CNN+BiDirectional LSTM+Attention (Archi-

tecture 3)

e M9: CNN+GRU+Attention (Architecture 3)

e M10: CNN+LSTM+Attention (Architecture 3)

These model identifiers will be consistently used through-
out the paper for clarity.

Base Convolutional Hybrid:

K-mers of gRNA

Embedding
Layer
Dense Layer

Output

Variable Layer
(Conv1D + MaxPooling1D
ORLSTM OR
Bidirectional LSTM OR
GRU)

Input

Other Features(CG
Content, 5 energies)

Figure 2: Architecture 1 — Base Convolutional Hybrid

This figure shows a neural network architecture where k-mers of gRNA are
processed through an embedding layer, gRNA sequences through a variable
layer, and CG content with energy features are directly concatenated. The
combined features are passed through a dense layer to predict CRISPR-Cas9
off-target effects.

Architecture 1 implemented multiple models based on dif-
ferent core neural network components: Convolutional Neural
Network (CNN), Long Short-Term Memory (LSTM), Bi-
directional LSTM, and Gated Recurrent Unit (GRU). This
architecture used three primary inputs: gRNA sequences,
k-mer representations (encoded with embeddings), and ad-
ditional biophysical features such as energy values and CG
content.

CNN Model: Extracted local sequence features, integrated
with k-mer embeddings and biophysical features for classifi-
cation.

LSTM Model: Replaced the CNN layer with an LSTM
layer, which was combined with k-mer embeddings and bio-
physical features for classification.

Bidirectional LSTM Model: Utilized Bidirectional LSTM
layers to capture sequence dependencies in both directions, en-
hancing context understanding.

GRU Model: Substituted LSTM with a GRU layer, of-
fering computational efficiency while maintaining sequence
pattern recognition.

Sequential Convolutional Hybrid:

Embedding
Layer

Dense Layer

Input

gRNA Q

Sequence

Output
I~
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Bidirectional
LSTM OR
GRU)

ConviD +
MaxPooling1D
Layer

Input

Other Features(CG
Content, 5 energies)

Figure 3: drchitecture 2 — Sequential Convolutional Hybrid

This figure shows a neural network where k-mers of gRNA are embedded
and flattened, gRNA sequences pass through ConvlD and a variable layer
(LSTM, bidirectional LSTM, or GRU), and CG content with energy features
are concatenated before entering a dense layer. The architecture outputs
predictions for CRISPR-Cas9 off-target effects.

In Architecture 2, various models have been enhanced by
combining Convolutional Neural Networks (CNN) and re-
current neural network (RNN) layers—particularly LSTM,
Bidirectional LSTM, and GRU.

CNN+LSTM Model: The CNN layer is followed by a
max-pooling layer in this architecture, and then the sequence
data goes through an LSTM layer. After passing through a
dense layer, the final LSTM output is concatenated with the
k-mer embeddings and other biophysical features.

CNN+Bidirectional LSTM Model: Bidirectional LSTM
layers were employed in this model in place of the standard
ones to improve the capturing of bidirectional dependencies
within the sequence data.

CNN+GRU Model: For this model, the decision was to
include a GRU layer instead of LSTM, as once again it was
designed to be computationally efficient, while still perform-
ing well.
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Attention-Augmented Sequential Hybrid:
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H

Figure 4: Architecture 3 — Attention-Augmented Sequential Hybrid

This figure illustrates an attention-augmented neural network architecture
where gRNA sequences pass through ConvlD and MaxPoolinglD layers,
followed by an attention mechanism applied to the processed sequence.
K-mers of gRNA and other features (CG content and energy scores) are
processed separately and concatenated with the attention-modulated output
before passing through dense layers for CRISPR-Cas9 off-target prediction.

Architecture 3 introduces attention mechanisms to enhance
the prediction capability of the model by focusing on import-
ant parts of the input sequence data.

Attention Block: This is an additional mechanism added to
the previous architecture, architecture 2. The attention mech-
anism was employed on the CNN layer output. Following
max-pooling, the attention layer performed arithmetic mean
on the input sequence. This enabled the model to concentrate
on certain areas crucial in predicting cleavage.

CNN+LSTM-+Attention Model: The CNN layer outputs
are first processed by the attention layer before being passed
through an LSTM layer. The final LSTM output, together
with the k-mer embeddings and biophysical features, was con-
catenated and passed through a dense layer for classification.

CNN+Bidirectional LSTM+Attention Model: In this
model, the LSTM layer is substituted by the Bidirectional
LSTM layer to enable better context representation via atten-
tion-improved sequence data.

CNN+GRU+Attention Model: This is an improved
version of the LSTM-+attention model that capitalizes on
attention benefits in a computationally efficient manner by re-
placing the LSTM sequential dependency handling layer with
a GRU one.

Mathematical Optimization in Enhancing Off-Target Pre-
diction Accuracy:

*  Gradient Descent in the Context of Off-Target Predic-

tion:

Optimization is crucial for neural networks predicting
off-target effects in CRISPR-Cas9 gene editing, as it en-
ables the model to identify subtle patterns in genomic data.
The complex relationship between sequence-specific features,
biophysical properties, and gene editing outcomes requires a
finely tuned model, achieved through careful calculus-based
optimization.

The primary goal of this research is to minimize prediction
errors while maximizing the identification of off-target effects.
This is directly tied to optimizing the loss function L(6), which
represents the cost associated with the discrepancy between
predicted off-target sites and actual data. The loss function can
be visualized as a landscape with multiple peaks and valleys,

each point representing a specific configuration of model pa-
rameters. The objective is to find the global minimum, where
predictions are most accurate.

The gradient of the loss function V4 L(0) indicates how
much each parameter needs to be adjusted to move closer to
the optimal configuration. For instance, when predicting if a
specific gRNA sequence will cause an off-target effect, the gra-
dient guides adjustments to weights associated with features
like CG content or binding energy to improve accuracy.

Each component of this gradient vector represents the par-
tial derivative of the loss function with respect to a specific
parameter. The chain rule, a fundamental calculus concept, is
applied to compute these derivatives, particularly in deep neu-
ral networks where layers of transformations are stacked.

Backpropagation and Adjusting Model Weights:

This study utilized backpropagation to compute gradients,
particularly useful for complex characteristics like the bio-
physical properties of DNA interactions. For example, if the
model incorrectly predicts an off-target site, backpropagation
identifies necessary adjustments by analyzing features such as
binding or unzipping energy.

The update rule for each parameter 0; during gradient de-
scent is given by:

(t+1) _ o) oL
9; =6,"—n- 0_01

The #n (learning rate) is a key hyperparameter that influences
the speed at which the model converges at a solution. In the
prediction of CRISPR-Cas9 off-targets, this procedure spans
numerous epochs during which the model is trained to tell
apart true from false off-target sites.

Importance of Learning Rate and Convergence:

Selecting the appropriate learning rate is crucial. A high
learning rate can cause the model to overshoot the optimal
solution, while a low rate risks becoming stuck in local mini-
ma. This study tested various learning rates, finding that 0.001
allowed the model to efficiently learn complex genomic rela-
tionships, reducing the loss function over time and improving
prediction sensitivity. This rate was optimal for navigating the
intricate landscape without becoming trapped in suboptimal
configurations.

Evaluation Metrics:

In this research, the evaluation metrics used help to deter-
mine how well the model can predict off-target effects. It is
possible to identify the strong and weak points of every archi-
tectural approach by considering various indicators of model
performance.

TP: True Positive, TN: True Negative, FP: False Positive,
FN: False Negative

Accuracy (ACC): Measures the proportion of correct pre-
dictions out of all predictions made.

TP +TN
TP+TN+FP+ FN

Accuracy =
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Precision (P): Focuses on the model's ability to correctly
identify true positives.
Precision = 7TP
TP+ FP
Recall (R): Measure that is very sensitive since failure to
identify an off-target effect could have serious consequences.
TP

Recall = TP+ FN

F1 Score: Combination of recall and precision that gives an
overall idea of the model’s overall effectiveness in balancing
between the two metrics.

Precision x Recall

F18S =2
core x Precision + Recall

Area Under the Receiver Operating Characteristic Curve
(AUC-ROC): Measure in determining if a model can tell the
difference between two classes.

Balanced Accuracy (BA): Considers sensitivity and spec-
ificity, hence it has become a useful tool for assessing the
performance of models in the presence of class imbalance.

Although all the metrics mentioned have been evaluated
across all architectures, the F1 score has been used to deter-
mine the optimal threshold for predictions.

B Results

Metrics - Multiple Cell Lines:

The performance of the model variants across three dif-
ferent neural network architectures—Architecture 1 (Base
Convolutional Hybrid), Architecture 2 (Sequential Convo-
lutional Hybrid), and Architecture 3 (Attention-Augmented
Sequential Hybrid)—was evaluated using metrics such as ac-
curacy, precision, recall, F1-score, AUC, and balanced accuracy
across multiple cell lines.

Table 1: Metrics — Multiple Cell Lines Together

Performance metrics for different models and architectures across multiple
cell lines, with highlighted cells indicating the best results.

Architecture Model Accuracy | Precision | Recall | FI_score AUC Balanced_accuracy

Architecture 1 BiDirectional LSTM 0.7370 0.7271 0.7589 0.7423 08287 0.7370

Architecture | 0.7368 0.7715 0.6743 0.7181 0.8369 0.7368

Architecture | GRU 0.7387 07129 0.8021 0.7541 08316 0.7390

Architecture | 0.7347 07328 | 07582 | 07377 | 08324 0.7345

2 'CNN+BiDi LST™M 0.7304 0.7300 0.7520 0.7331 0.8283 07312

Architecture 2 CNN+GRU 0.7459 07361 | 07677 | 07512 | 08354 0.7460

Architecture 2 CNN+LSTM 0.7369 0.7731 0.6804 07178 08326 0.7362

o) CNN+BiDirectional LSTM- 0.7331 0.7223 0.7584 0.7392 0.8228 0.7327

Architecture 3 CNN+GRU+Attention 0.7307 0.7613 0.6832 0.7155 0.8298 07311

Architecture 3 CNN+LSTM+Attention 07323 0.7120 0.7897 0.7455 0.8289 0.7326

Architecture 1 (Base Convolutional Hybrid):

This architecture leverages CNN or other RNN layers for
feature extraction and classification, capturing spatial patterns
within input sequences.
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Figure 5: Metric Calculations for Architecture 1 (Base Convolutional Hybrid)
Bar charts comparing accuracy, precision, recall, F'1 score, AUC, and balanced
accuracy for different models within Architecture 1.

Architecture 1 leveraging Convolutional Neural Networks
(CNNps) for feature extraction and classification, demonstrated
notable performance across various metrics. The GRU variant
achieved the highest accuracy of 73.87%, reflecting its ability
to identify complex patterns when trained and validated across
all cell lines. The CNN model excelled in precision at 77.15%,
indicating its robustness in minimizing false positives. More-
over, the GRU variant led in recall at 80.21% and F1 score at
75.41%, balancing precision and recall effectively. The CNN
model's AUC of 83.69% highlighted its strong discriminative
power, making the GRU variant in this architecture a strong
candidate for off-target prediction, particularly in environ-
ments requiring balanced accuracy and precision.

Architecture 2 (Sequential Convolutional Hybrid):

This architecture integrates CNNs with sequential layers
(LSTM, Bi-Directional LSTM, or GRU), enhancing the
model’s ability to capture sequence dependencies.
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Figure 6: Metric Calculations for Architecture 2 (Sequential Convolutional
Hybrid) Bar charts comparing accuracy, precision, recall, F1 score, AUC, and
balanced accuracy for different models within Architecture 2.

In Architecture 2, combining convolutional layers with
sequential layers such as GRU and LSTM enhanced per-
formance, particularly in scenarios requiring sensitivity to
sequence dependencies. The CNN+GRU variant demonstrat-
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ed the highest accuracy at 74.59% and balanced accuracy at
74.60%, proving effective in contexts requiring a balance be-
tween sensitivity and specificity. The CNN+LSTM variant
excelled in precision at 77.31%, crucial for accurate predictions,
while the CNN+GRU model led in recall at 76.77% and F1
score at 75.12%. This architecture's effectiveness in off-target
prediction suggests its utility in complex genomic environ-
ments where sequence interactions are critical.

Architecture 3 (Attention-Augmented Sequential Hybrid):
This architecture introduces attention mechanisms to en-
hance the model's focus on critical parts of the input sequences.
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Figure 7: Metric Calculations for Architecture 3 (Attention-Augmented
Sequential Hybrid)

Bar charts comparing accuracy, precision, recall, F'1 score, AUC, and balanced
accuracy for different models within Architecture 3.

Introducing attention mechanisms in this architecture aims
to enhance the model's ability to focus on relevant sequence
features, particularly beneficial in scenarios requiring the
identification of subtle off-target effects. The CNN+BiDirec-
tional LSTM+Attention model achieved the highest accuracy
(73.31%) and balanced accuracy (73.27%) CNN+LSTM+At-
tention model led in recall at 78.97% and F1 score at 74.55%,
balancing precision and recall while maintaining precision
at 71.20%. Although the addition of attention mechanisms
improved performance, it was not very impactful when experi-
mented against all the cell lines together.

Cell Line-Specific Metrics:

The performance of the models was further analyzed on in-
dividual cell lines to assess their robustness against these 3 cell
lines available in the dataset.

Table 2: Metrics — 3 Cell Lines — All Model Variants
Performance metrics, including accuracy, precision, recall, F1 score, AUC, and
balanced accuracy, across U20S, HEK293, and K562 cell lines for all model

variants. Highlighted cells indicate top-performing metrics against the model
name.
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Figure 8: Metric Comparison for Cell Line U208

U20S: Bar charts comparing accuracy, F1 score, and AUC across different
models within the U20S cell line.

HEK293: Bar charts comparing accuracy, F'1 score, and AUC across different
models within the HEK293 cell line.

K562: Bar charts comparing accuracy, F1 score, and AUC across different
models within the K562 cell line.

Cell Line U20S:

The U208, human osteosarcoma cell line was used to eval-
uate different model variants’ performance under the three
architectures, considering its relevance in gene editing studies.

The CNN+LSTM+Attention model (IM10) in Architecture
3 exhibited the highest accuracy at 76.29% and balanced ac-
curacy at 76.23%. This model also achieved a recall of 74.87%
and an F1 score of 75.87%, making it particularly effective in
identifying true off-target effects while maintaining a balance
between precision and recall. Precision for this model was
77.39%, further demonstrating its reliability in minimizing
false positives in this context. Overall, the attention mecha-
nism significantly contributed to the model's ability to focus on
relevant sequence features, enhancing its predictive capability

in the U20S cell line.

Cell Line HEK293:

The HEK293 cell line from the dataset was used to assess all
the model variants' performance in this widely studied cellular
environment.

For the HEK293 cell line, the CNN model (IM2) from Ar-
chitecture 1 outperformed other models, achieving the highest
accuracy at 72.62% and precision at 74.65%. The recall was
68.54%, and the F1 score was 71.37%, indicating a strong bal-
ance between true positive and false positive rates. The model
also showed a robust AUC of 80.82%, confirming its capa-
bility to distinguish between on-target and off-target effects.
These metrics suggest that the simpler CNN-based approach
is highly effective for this cell line, where adding RNN layers
or attention mechanisms provided no significant improvement
in predictive power.

DOI: 10.36838/v7i2.113

118



ijhighschoolresearch.org

Cell Line K562:

The K562, a human immortalized myelogenous leukemia
cell line, with its distinct challenges in gene editing, was used to
evaluate the performance of different model variations across
the three architectures.

In the K562 cell line, the CNN variant (IM2) in Architecture
1 consistently delivered the best performance, with the highest
accuracy at 83.78%, precision at 89.74%, F1 score at 82.39%,
and AUC at 89.90%. The recall was also strong at 76.24%, in-
dicating its effectiveness in identifying true off-targets. The
balanced accuracy of 83.78% highlights the model's consistent
performance across different datasets. These results emphasize
the efficacy of the CNN model in this specific context, where
the simplicity of the architecture outperformed more complex
models incorporating RNN layers and attention mechanisms.

Cell Line Specific Metrics - Conclusion:

Overall, these results suggest that the CNN variant in Ar-
chitecture 1 (IM2) consistently outperformed other models in
the K562 and HEK293 cell lines, demonstrating its strong
predictive power and reliability in the context of gene editing
specific to this cell line. On the other hand Architecture 3,
CNN-+LSTM-+attention (M10) worked outperformed others
for U20S cell line. This suggests, that while RNN layers and
attention mechanisms worked in specific cases even simpler ar-
chitecture works better in this particular context.

B Discussion

This study shows the effectiveness of hybrid neural networks
in predicting CRISPR-Cas9 off-target effects, emphasizing
the importance of selecting the right architecture. Simpler
CNN-based models, like Architecture 1's CNN variant (IM2),
excelled in K562 and HEK293 cell lines, while Architecture
3's CNN+LSTM+Attention model (M10) performed best in
complex scenarios like the U20S cell line.

The results indicate that the choice of model architecture
should be based on the complexity and characteristics of the
genomic environment. For simpler, well-characterized en-
vironments, such as the K562 and HEK293 cell lines, the
straightforward CNN model (M2) provided reliable accuracy
and precision without the need for more computationally in-
tensive mechanisms like attention layers. In contrast, for more
complex cell lines like U20S, the combination of LSTM and
attention mechanisms, as seen in Architecture 3, was essential
to capture subtle dependencies and nuances in the data.

Furthermore, the attention mechanism used in Architecture
3 was particularly valuable in focusing on the most important
parts of the sequence, leading to improved recall and balanced
performance metrics. However, this architecture was less im-
pactful when generalized across all cell lines, suggesting that
specialized model architectures are better suited for specific ge-
nomic contexts. This points to the need for targeted application
of model architectures rather than a one-size-fits-all approach.

Despite these successes, there is room for improvement. The
models used a limited set of biophysical features, suggesting
that including more detailed data, such as chromatin states

or 3D genomic architecture, could enhance accuracy. Fur-
ther optimization of attention mechanisms, possibly through
advanced strategies like multi-head attention, could better cap-
ture complex gRNA interactions. Moreover, additional work is
required to establish when and where more complex models,
such as those with attention mechanisms, should be prioritized
over simpler ones, considering both computational efficiency
and predictive accuracy.

Future research should focus on real-world validation. While
the F1 Score balanced precision and recall in setting thresh-
olds, these thresholds could be refined in lab settings for better
real-world applicability. Expanding scalability and generaliza-
tion across diverse genomic contexts will be key to enhancing

the robustness of these models in CRISPR-Cas9 applications.

B Conclusion

This study demonstrated the effectiveness of hybrid neural
networks in predicting off-target effects in CRISPR-Cas9 gene
editing. The results showed that with proper feature selection
and engineering, even simpler models could outperform more
complex architectures. Architecture 1's CNN-based mod-
els, particularly the CNN variant (M2), achieved the highest
accuracy and precision in the HEK293 and K562 cell lines,
proving the value of straightforward approaches. Architecture
2's integration of CNNs with sequential models like GRU and
LSTM, exemplified by the CNN+GRU variant (M6), un-
derscored the importance of sequence dependency, achieving
the highest accuracy across the dataset. Architecture 3, with
attention mechanisms, offered the most advanced prediction
capability, particularly in the U20S cell line with the CN-
N+LSTM+Attention model (M10), excelling in both accuracy
and balanced accuracy. Compared to existing machine learning
approaches, the use of attention layers in this study improved
recall by allowing the model to focus on critical regions of the
sequence, demonstrating a clear advantage over previous meth-
ods. This suggests that the hybrid model surpasses existing
models in specific and general genomic environments, success-
fully achieving the aims outlined in the hypothesis.

In conclusion, the choice of architecture should be aligned
with the specific application needs. For simpler, well-under-
stood genomic contexts, straightforward CNN models are
sufficient, providing robust predictions with minimal compu-
tational overhead. Conversely, complex models with attention
mechanisms excel in identifying off-target effects in more
nuanced and diverse genomic environments. These findings
pave the way for developing more refined predictive tools to
enhance the safety and effectiveness of CRISPR-Cas9 ap-
plications. Future research should prioritize optimizing these
models for practical CRISPR-based therapeutic applications,
focusing on refining threshold settings in laboratory environ-
ments to improve real-world efficacy. Additionally, addressing
scalability and generalization across diverse genomic contexts
will be key to further improving these models' robustness and
ensuring their applicability in varied gene-editing scenarios.
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B Availability and implementation B Authors

The code for models is available at: Parsh Verma is a high school student planning to major in

https://github.com/parshverma/CrisprHybridNN. Biology and Applied Mathematics. Parsh has a deep interest in
exploring the intersections of science, technology, and math-
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