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(ABSTRACT )
CRISPR/Cas9 has become an important tool for targeted genome editing, and the efficiency of the guide RNA (gRNA) is one of the

factors that affects the outcome of gene editing experiments. However, gRNAs designed for the same target can show considerable

variation in their editing activity. Testing a large number of candidate guides experimentally can therefore require considerable time

and resources. In this work, a hybrid computational framework is proposed to predict gRNA editing efficiency and to identify

promising guide sequences under different cellular conditions. The proposed framework uses one-hot encoded gRNA sequences

together with sequence-derived characteristics, including GC content and k-mer frequencies. A CNN-BiLSTM network with Multi-

Head Attention is used to learn relevant patterns from the input sequences. The features obtained from this network are combined

with the sequence-based features, and Recursive Feature Elimination (RFE) is applied to reduce redundant features. XGBoost

regression is then used to estimate gRNA editing efficiency. Since gRNA performance can vary between cell lines, the framework also

considers cross-cell-line prediction. Transfer learning and domain adaptation are introduced using a Domain-Adversarial Neural

Network (DANN) and CORAL to reduce differences between source and target datasets. Prediction uncertainty is estimated using

Monte Carlo Dropout, which provides an indication of the confidence associated with the predicted efficiency values. The framework
is evaluated using gRNA datasets from HEK293T, HelLa, and HL60 cell lines. Finally, SARS-CoV-2 sequences are used as a

computational case study to examine the possible use of the proposed approach for viral targets. Candidate gRNAs are prioritized

by jointly considering predicted efficiency, off-target risk, sequence conservation, and prediction uncertainty. The resulting ranking

provides a computational basis for selecting promising candidates for subsequent experimental validation and does not by itself
establish therapeutic efficacy.

Keywords: CRISPR/Cas9, guide RNA, gRNA efficiency prediction, CNN, BiLSTM, Multi-Head Attention, feature fusion, XGBoost,
\transfer learning, domain adaptation, DANN, CORAL, prediction uncertainty.

_

1. Introduction

Genome editing has advanced rapidly with the development of CRISPR-based technologies. Among these
systems, CRISPR/Cas9 is widely used for targeted DNA modification because the Cas9 nuclease can be directed
to a specific genomic region by a guide RNA (gRNA). The resulting DNA break is repaired through cellular
mechanisms such as non-homologous end joining (NHE]) or homology-directed repair (HDR). Therefore, the
selection of an effective gRNA is an important factor influencing genome-editing outcomes [1]. However, gRNAs
targeting the same genomic region can exhibit substantially different editing efficiencies. This variation is
influenced by sequence composition, GC content, nucleotide patterns, target-site characteristics, chromatin
accessibility, and epigenetic context [2]. Traditional machine-learning approaches have been used to estimate
gRNA activity from manually selected sequence features. Although these methods can provide useful
predictions, they may not adequately represent the complex relationships present within gRNA sequences.
Deep-learning models such as CNNs and LSTMs offer an alternative by learning sequence patterns directly from
the data, while attention mechanisms can help identify positions that contribute more strongly to the
prediction. However, relying only on sequence information may overlook other relevant biological
characteristics. The use of several feature types can also increase the feature space and introduce redundant
information [3]. Prediction across different cell lines presents an additional difficulty. The relationship between
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sequence characteristics and gRNA activity can vary with the cellular and genomic environment. Consequently,
amodel that performs well on one cell line may not provide the same level of performance on another. Transfer
learning and domain-adaptation methods offer a way to adapt the learned representations to these differences
and improve the transfer of knowledge between datasets. Prediction confidence is also relevant when
candidate gRNAs are being ranked. A high predicted efficiency alone does not necessarily mean that the
prediction is dependable. Monte Carlo Dropout can be used to obtain repeated predictions and estimate the
associated predictive uncertainty [4].

Based on these considerations, this study develops a combined approach for gRNA efficiency prediction across
cell lines and subsequent candidate prioritization. Sequence information is learned through a CNN-BiLSTM
architecture with Multi-Head Attention, while GC content and k-mer frequencies provide additional sequence-
level information. The learned and handcrafted features are integrated, and Recursive Feature Elimination
(RFE) is used to remove features that contribute limited or redundant information. XGBoost regression is then
employed to estimate gRNA efficiency. Transfer learning and domain adaptation are incorporated to address
differences between cell-line datasets. Finally, uncertainty estimates are considered along with predicted
efficiency when prioritizing candidate gRNAs for further investigation.

2. Literature Review

CRISPR-Cas9 gRNA efficiency prediction has developed considerably with the use of machine-learning and
deep-learning techniques. Early approaches generally relied on manually selected sequence features, whereas
more recent models learn useful patterns directly from biological sequences. Some studies have also included
additional information, such as epigenetic characteristics and Cas9 variant-specific properties, to improve the
prediction of guide activity. Attention-based architectures have further been explored to capture important
sequence positions and dependencies. Despite these developments, transferring prediction models between
cell lines remains difficult, and there is still a need for methods that consider prediction uncertainty when
prioritizing candidate gRNAs.

2.1 DeepCRISPR

It incorporates gRNA sequence information along with epigenetic features to predict guide activity [5]. This
combination is useful because gRNA performance may depend not only on the nucleotide sequence but also on
the biological environment in which editing takes place. However, the study does not focus on adapting the
prediction model to differences among cell-line datasets. Transfer learning and domain adaptation are not
considered as part of the prediction framework. Inaddition, prediction uncertainty and the subsequent
prioritization of candidate guides are not addressed together. These limitations indicate the need for methods
that can make use of information learned from one cellular dataset when predicting guide activity in another.
2.2 DeepHF

DeepHF uses deep-learning methods to predict gRNA activity for high-fidelity Cas9 variants [6]. The work is
particularly relevant to guide selection when Cas9 specificity is an important consideration. Its main emphasis,
however, is on predicting activity for high-fidelity Cas9 systems rather than on dealing with variations among
different cellular datasets. As a result, the problem of transferring a trained model across cell lines is outside
the main scope of the study. The approach also does not combine cross-cell-line adaptation with uncertainty
estimation and candidate ranking. These differences are relevant to the present work, which considers
prediction accuracy as well as model adaptation and confidence in the resulting predictions.

2.3 DeepSpCas9

DeepSpCas9 employs a convolutional neural network to learn sequence patterns associated with SpCas9
activity [7]. CNNs can effectively capture local sequence motifs; however, sequence-only models may not fully
represent differences in cellular and epigenetic environments. This limits their ability to generalize across
biological domains.

2.4 CRISPRon and Feature-Based Methods

CRISPRon and related machine-learning approaches use manually engineered sequence features for gRNA
activity prediction [8]. Although such features can improve interpretability, they may not capture complex
sequence dependencies and can introduce redundancy when multiple features are combined. Feature-selection
techniques can therefore improve the efficiency of downstream prediction.

2.5 Attention and Transformer-Based Approaches

Attention and transformer-based models can capture important relationships among nucleotide positions and
have become increasingly useful for biological sequence modelling [9]. However, improved sequence
representation alone does not guarantee reliable cross-cell-line generalization because differences between
training and target domains can cause distribution shifts [10]. Therefore, combining deep sequence
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representations with domain adaptation, uncertainty estimation, and biological features remains a promising
direction for robust gRNA prediction.

3. RESEARCH GAP AND MAIN CONTRIBUTIONS:

3.1 Research Gap

Based on the existing literature, several issues remain open in the prediction and selection of effective
CRISPR/Cas9 guide RNAs. The main gaps considered in this study are the following:
1. Combining sequence and biological features

Prediction across different cell lines

Cross-domain adaptation

Selection of informative features

Uncertainty in model predictions

Beyond efficiency-based selection

Integrated candidate prioritization

Nk W

3.2 Main Contributions of the Proposed Study

The study develops an integrated computational approach that brings together sequence representation
learning, feature-based prediction, cross-cell-line adaptation, uncertainty estimation, and candidate
prioritization. The main contributions are summarized below:

1. Sequence representation using CNN-BiLSTM with Multi-Head Attention:

Combination of learned and handcrafted features

Feature selection with XGBoost Regression

Cross-cell-line transfer learning

Domain adaptation using DANN and CORAL

Prediction uncertainty estimation

Multi-criteria candidate prioritization

Cross-cell-line and ablation-based evaluation

SARS-CoV-2 computational case study

O 0N W

4. Proposed Research Methodology

4.1 Overall Architecture

The proposed study develops a hybrid computational framework to predict the efficiency of CRISPR/Cas9
guide RNAs and to improve their selection across different biological conditions. Rather than relying on
sequence information alone, the framework combines sequence-derived features, deep neural representations,
machine-learning regression, and domain adaptation. Experimentally validated guide RNA data obtained from
different human cell lines and viral genome sequences are first processed to remove duplicate, incomplete, and
inconsistent records. Each guide sequence is represented using one-hot encoding, while additional sequence
characteristics, including GC content and k-mer frequencies, are calculated to provide complementary
information. These features allow the model to consider both the nucleotide composition and local sequence
patterns associated with guide RNA activity. For learning sequence-dependent patterns, the framework uses a
CNN followed by a BiLSTM network. The CNN extracts local motifs from the nucleotide sequence, whereas the
BiLSTM considers dependencies between nucleotides over a wider sequence context. A Multi-Head Attention
layer is subsequently used to assign greater importance to informative regions of the learned representation
[11]. The resulting deep features are combined with the calculated GC-content and k-mer features. RFE is then
used to retain the more relevant predictors and reduce redundant information before regression. The selected
features are supplied to an XGBoost regressor to estimate guide RNA efficiency. XGBoost is included because
the fused feature set contains nonlinear relationships that may not be adequately represented by a single linear
prediction model. The framework is further extended to address differences between cell-line datasets. A
model trained on a source cell line is transferred to a target dataset through fine-tuning, while DANN and
CORAL are incorporated to reduce the effect of differences in feature distributions between the two domains
[12]. Prediction uncertainty is estimated using Monte Carlo Dropout by evaluating the model over multiple
stochastic forward passes. This information is considered together with predicted efficiency when selecting
candidate guides. The final prioritization therefore does not depend on efficiency alone; off-target specificity,
conservation, and prediction confidence are also incorporated into the ranking process. This provides a final
shortlist of guide RNAs that balances predicted activity with the reliability and biological suitability of the
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4.2 Dataset Description

The proposed framework is evaluated using experimentally validated CRISPR gRNA datasets collected from
different biological sources [13]. The HEK293T dataset forms the source domain for model development. It
contains gRNA sequences together with experimentally measured editing efficiencies, which are used as the
response variable during supervised training. The initial model is trained on these data to learn sequence
patterns associated with differences in editing activity. The ability of the model to adapt to another cellular
context is investigated using the HeLa dataset. The model developed with HEK293T data is transferred to the
HeLa domain and fine-tuned using the available HeLa samples. This experiment provides a direct assessment
of whether the learned sequence representations remain useful when the cellular environment changes. In
contrast, the HL60 dataset is not included during training or fine-tuning. It is reserved for external validation
so that the final model can be evaluated on an independent cell-line dataset. SARS-CoV-2 sequences are
considered separately as a computational case study [14]. Candidate guide sequences are evaluated against the
viral genome to demonstrate how the proposed framework can be extended from cell-line-specific prediction
to guide prioritization for a viral target. The case study is therefore used to illustrate the practical application
of the prediction and ranking components rather than as part of the primary training process. For each dataset,
the experimentally measured editing efficiency is associated with its corresponding gRNA sequence. Sequence-
derived characteristics such as GC content, nucleotide composition, and k-mer frequencies are calculated and
incorporated with the representations learned by the deep-learning component. The experimental design
follows a source-training, target fine-tuning, and independent-validation strategy. This separation allows the
study to evaluate two related aspects of the framework: its ability to predict gRNA efficiency and its ability to
retain useful predictive information when applied to data generated under a different cellular condition [15].

4.2.1 SARS-CoV-2 as a Computational Case Study

The SARS-CoV-2 genome will be used as a computational case study to demonstrate the applicability of the
proposed CRISPR/Cas9 guide RNA prediction and prioritization framework to a viral genome [16]. Candidate
target sequences will be identified from selected regions of the SARS-CoV-2 genome based on CRISPR/Cas9
targeting criteria, including the presence of an appropriate PAM sequence. The proposed model will then be
used to estimate the relative guide RNA activity and associated prediction uncertainty.

The candidate guide RNAs will subsequently be evaluated using additional criteria, including potential off-
target risk and sequence conservation, and prioritized using the proposed multi-objective ranking strategy.
The resulting candidates will represent computationally prioritized guide RNAs for further investigation rather
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than experimentally validated therapeutic guides [17]. Therefore, the SARS-CoV-2 analysis is intended to
demonstrate the generalizability and practical applicability of the proposed computational framework to viral
genomic sequences. Experimental validation would be required before any candidate could be considered for
therapeutic application.

4.3 Data Preprocessing
Data preprocessing is performed to transform raw guide RNA sequences into suitable numerical
representations for machine learning and deep learning models. Initially, duplicate and incomplete records are
removed to improve data quality. Each guide RNA sequence is then converted into a numerical representation
using one-hot encoding, where each nucleotide (A, C, G, and T) is represented by a four-dimensional binary
vector [18].
In addition to sequence encoding, biological features are extracted from each guide RNA. GC content is
calculated because nucleotide composition influences guide RNA stability and editing efficiency. Furthermore,
k-mer feature extraction is performed to capture local nucleotide composition by calculating the frequencies
of short nucleotide subsequences.
The one-hot encoded sequences serve as input to the deep learning model, while GC content and k-mer features
are combined as handcrafted biological descriptors. This preprocessing strategy allows the proposed
framework to utilize both automatically learned sequence representations and biologically meaningful
engineered features [19].
After explaining one-hot encoding, GC content and k-mers, insert:
Equation 4.1 - GC Content

Ng; + N¢

%) = X1

where Ny, N, N, Nrrepresent the number of adenine, cytosine, guanine, and thymine nucleotides, respectively.
Equation 4.2 - One-Hot Encoding
Each nucleotide is represented by a four-dimensional binary vector:

A=1[1,0,0,0], C=[0,1,0,0]

G=1[0,010], T=10,0,0,1]

For a guide RNA of length L, the encoded sequence is represented as:

Xe ]RLX4
For a 23-nucleotide guide RNA:
Xe R23X4
Equation 4.3 - k-mer Frequency
The frequency of a k-mer kis calculated as:
o) = C(k)
T =T

where C(k)is the number of occurrences of the k-mer, Lis the sequence length, and kis the k-mer size.
if 3-mers are used, then k = 3, and the number of possible positions in a sequence of length Lis L — 3 + 1.

4.4 Deep Learning Framework

The sequence-learning part of the proposed framework uses three successive components: a Convolutional

Neural Network (CNN), a Bidirectional Long Short-Term Memory (BiLSTM) network, and a Multi-Head

Attention mechanism [20]. These components are used at different stages of sequence representation,

beginning with local nucleotide patterns and progressing toward longer-range and position-dependent

information.

The CNN operates on the encoded gRNA sequence and learns short sequence patterns that may be associated

with editing activity. Its convolutional filters slide across the input sequence and generate feature maps from

local nucleotide windows. For an input representation X, the convolution operation can be expressed as:
Ci=f(W;*X+b)

where Xrepresents the encoded nucleotide sequence, W;denotes the i-th convolutional filter, b;is the

corresponding bias, *represents the convolution operation, and f(-)is the activation function. The resulting

feature maps provide the input to the subsequent sequence-learning stage.

The CNN-derived representations are then passed to a BILSTM network. The use of two processing directions

allows the network to consider sequence information from both the beginning and the end of the gRNA.
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Consequently, the representation at a particular nucleotide position can incorporate information from both
preceding and subsequent positions. This is useful for capturing dependencies that may extend beyond the
local patterns detected by the CNN [21].
A Multi-Head Attention layer is subsequently applied to the BiLSTM representation. Rather than treating all
sequence positions equally, attention assigns different weights to the learned representations according to
their contribution to the prediction. Multiple attention heads can focus on different aspects of the sequence
simultaneously, allowing the model to retain informative regions while reducing the contribution of less
relevant positions [22]. The resulting representation therefore combines local motifs learned by the CNN with
broader sequence dependencies obtained from the BiLSTM and position-specific information emphasized by
the attention mechanism.
The convolution operation can be represented as:
Equation 4.4 - CNN Convolution

hi = f(W % x; + b)

where x;represents the input sequence region, Wrepresents the convolution filter, bis the bias, *denotes the
convolution operation, and f(+)is the activation function [23].

If ReLU is used:
f(z) = max(0,2)
Therefore,
hi = ReLU(W * X + b)
BiLSTM

The forward LSTM processes the sequence from left to right:
Equation 4.5

h¢ = LSTM (%, he_y)

The backward LSTM processes the sequence from right to left:
Equation 4.6

he = LSTM (o, ey )

The two hidden representations are concatenated:
Equation 4.7 - BiLSTM Representation

—
ht = ht; ht

This allows the model to capture contextual information from both directions of the guide RNA sequence [24].
Multi-Head Self-Attention
For the attention mechanism, the query, key, and value matrices are calculated as [31]:
Equation 4.8
Q=XWy, K =XWg, V=XW,

Important correction: use V.= XW,,, rather than VV = X, unless you intentionally use the input directly as the
value matrix.

The scaled dot-product attention is:

Equation 4.9

. QK"
Attention(Q,K,V) = softmax %

Jax

where d,represents the dimensionality of the key vectors.
For multiple attention heads:
Equation 4.10
head; = Attention(Q;, K;,V;)

The outputs of all attention heads are concatenated:
Equation 4.11 - Multi-Head Attention
MultiHead (Q,K,V) = Concat(h,e,ad, ... heady)W,
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where His the number of attention heads and W, is the output projection matrix.

4.5 Feature Fusion and XGBoost Regression
For thesis preparation, I recommend adding equations for feature fusion, feature selection, and XGBoost,
because currently this section is mostly descriptive.
Feature Fusion
Let Drepresent the deep features obtained from CNN-BiLSTM-Attention and Brepresent handcrafted
biological features containing GC and k-mer features [25].
Equation 4.12 - Feature Fusion
F = [D; B]

where Fis the combined feature representation and [ ; ]denotes feature-wise concatenation.
For example:

F = [, Fdeep' FecFymer ]

RFE
The importance of feature jcan be represented as:
I; = Importance(F))

At each iteration, the least important features are removed until the desired number of features is obtained.
You can describe the selected feature set as:
Equation 4.13

F* = RFE(F)

where F*represents the selected feature subset.
XGBoost

The XGBoost prediction can be expressed as [26]:
Equation 4.14

M
9= fu(F), fa € F

where Mis the number of boosting trees and f,,represents the m-th regression tree.
The objective function is:
Equation 4.15

L =Zn:l()’i;)7i) + i 2 (fm)

where [(y;, $;)is the prediction loss and 2(f;,,)is the regularization term controlling model complexity.

4.6 Transfer Learning, Domain Adaptation and Uncertainty Estimation
Transfer Learning
The parameters learned from the source cell line HEK293T are transferred to the target cell line HeLa [27]:
Equation 4.16
Onera = FineTune(Oygk293r) Dhera)

where Orepresents the model parameters.

CORAL

For domain adaptation, CORAL minimizes the difference between source and target covariance matrices:
Equation 4.17 - CORAL Loss

1
Leorar = 1d2 ICs — CrlI%

where Csand Crare the covariance matrices of the source and target domains, dis the feature dimension, and
[I-ll zis the Frobenius norm.

DANN

The DANN objective can be represented as [28]:

Equation 4.18
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Lpann = Ltask = ALdomain

where L, is the guide RNA prediction loss, LjymainiS the domain classification loss, and Acontrols the
contribution of domain adaptation.

Monte Carlo Dropout

With T'stochastic forward passes [29]:

Equation 4.19 - Mean Prediction

T
1
k@ =3 99
t=1

The prediction variance is:
Equation 4.20 - Prediction Uncertainty

T
020 =2 (9960~ u()’

t=1
Thus, the final predicted efficiency is represented by u(x), while a2 (x)represents prediction uncertainty [30].

4.7 Therapeutic Guide RNA Ranking
This section needs an explicit multi-objective ranking equation.
First, normalize the four criteria to the range [0, 1]:
E;= predicted editing efficiency
S;= off-target specificity
C;= conservation score
U;= prediction uncertainty
Because lower uncertainty is desirable, use 1 — U;.
Equation 4.21 - Therapeutic Ranking Score
Ri = WEEi + WSSi + WCCi + Wu(l - Ul)

subject to:
WE+WS+WC+WU = 1

and
Wg, W, We, Wy = 0

The guide RNAs are then ranked according to descending R;:
gRNA(l) > gRNA(z) > > gRNA(n)

where gRNA(;yrepresents the highest-ranked candidate [38].
Important: If you actually calculate off-target risk rather than specificity, use:
Ri = WEEi + WCCi + Ws(l - Ol) + WU(l - Ul)

where 0;is the normalized off-target risk. This is probably the better formulation for your thesis because your
text repeatedly says low off-target risk is desirable.

4.7.1 Off-Target Prediction

Off-target activity occurs when a CRISPR/Cas9 guide RNA binds to genomic locations other than its intended
target site and causes unintended DNA modification. Minimizing off-target activity is essential for improving
the specificity and safety of CRISPR/Cas9 applications, particularly when guide RNAs are being considered for
therapeutic research. Therefore, predicted on-target efficiency alone is not sufficient for selecting the most
suitable guide RNA [31].

In the proposed research, each candidate guide RNA will be evaluated against potential genomic off-target sites
by identifying sequences with similarity to the guide RNA and an appropriate Cas9 PAM sequence. Candidate
off-target sites will be characterized using sequence-related factors such as the number and position of
nucleotide mismatches between the guide RNA and potential off-target sequence. Greater sequence similarity,
particularly in functionally important regions of the guide sequence, may indicate a higher potential for
unintended activity.

The identified potential off-target sites will be further evaluated to estimate an off-target risk score. The score
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will be used to distinguish guide RNAs with high predicted on-target activity from those that may have a higher
risk of unintended genomic interactions. A guide RNA with high predicted efficiency but substantial off-target
risk will therefore receive a lower priority than a guide RNA providing comparable efficiency with lower
predicted off-target activity.

The off-target assessment will be integrated with the other criteria in the proposed multi-objective ranking
framework. Specifically, predicted guide RNA efficiency, off-target risk, sequence conservation, and prediction
uncertainty will be considered jointly. The final ranking will therefore prioritize guide RNAs that exhibit high
predicted editing efficiency, low potential off-target risk, appropriate conservation characteristics, and low
prediction uncertainty.

The computationally identified off-target candidates and prioritized guide RNAs will be considered as
predictions for further experimental investigation. The proposed framework does not claim experimental
confirmation of off-target cleavage; laboratory validation would be required to establish the actual biological
activity of the predicted sites.

You should include a formula for mismatch-based off-target risk rather than describing it only in words.
Let m;be the number of mismatches between the guide RNA and an off-target sequence.
Equation 4.22 - Mismatch Rate
m.
MR; = Tl

where Lis the guide RNA length.

Because mismatch positions can have different biological importance, a weighted mismatch score can be
defined as:

Equation 4.23 - Weighted Mismatch Score

L

j=1

where:

g;j= nucleotide at position jin the guide RNA,

t;j= nucleotide at position jin the i-th potential off-target,

w;= positional weight,

I(-)= indicator function.

A normalized off-target risk score can then be represented as:

Equation 4.24 - Off-Target Risk
Ni

0= Py

j=1

where P;;jrepresents the predicted activity/risk associated with the j-th potential off-target site for guide RNA
i, and N;is the number of candidate off-target sites.
For therapeutic ranking, the normalized specificity score can then be defined as:
Equation 4.25 - Off-Target Specificity
Si=1-0;

where 0;is the normalized off-target risk.

5. Results And Discussion

5.1 Overview of Experimental Results

The proposed framework was evaluated to examine its ability to predict gRNA efficiency and to assess the
usefulness of combining deep sequence representations with handcrafted features. The evaluation also
considers cross-cell-line prediction, comparison with conventional and deep-learning approaches, and the
contribution of different components through ablation analysis [32].

The principal evaluation measures include Mean Absolute Error (MAE), Root Mean Squared Error (RMSE),
coefficient of determination ((R?)), Pearson correlation, and Spearman correlation. MAE and RMSE describe
the magnitude of prediction errors, whereas Pearson and Spearman correlations provide information about
the agreement between predicted and experimentally measured activity. Spearman correlation is particularly
relevant when the model is used for ranking candidate gRNAs.
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5.2 Overall Prediction Performance
Another performance table in the manuscript reports the following results for the proposed model:

Table 1. Comparison with Proposed models

Metric Reported Value
(R?) 0.74
MSE 0.05
RMSE 0.11
MAE 0.05
Pearson correlation 0.86
Spearman correlation 0.84
Kendall correlation 0.60

These results indicate a strong correlation between predicted and observed gRNA activity according to the
reported experimental values. The Spearman correlation of 0.84 suggests that the model is able to reproduce
the relative ordering of candidate gRNAs reasonably well.

The inclusion of both Pearson and Spearman correlation is useful because the two measures capture different
aspects of model performance. Pearson correlation evaluates the linear association between predictions and
observations, whereas Spearman correlation focuses on the consistency of their ranking.

For a gRNA prioritization application, the ranking behaviour is particularly important. A model that produces
accurate relative ordering can help researchers focus experimental resources on a smaller number of
promising candidates.

Again, these values should not be combined with the alternative result set unless they originate from the same
final experiment.

5.3 Comparison with Baseline Models
The reported comparison includes SVR, Random Forest, CNN, CNN-LSTM, and the proposed hybrid approach.

Table 2. Comparison with baseline models

Model RMSE MAE (R2) Spearman
SVR 0.182 0.141 0.48 0.51
Random Forest 0.165 0.129 0.56 0.59
CNN 0.149 0.118 0.64 0.66
CNN-LSTM 0.132 0.104 0.72 0.74
Proposed Hybrid | 0.112 0.056 0.74 0.84

The reported results show a progressive improvement from conventional machine-learning approaches to
deep-learning models. SVR provides the lowest reported (R2) and Spearman correlation among the listed
approaches, while Random Forest provides a moderate improvement.

The CNN model performs better than the conventional models, indicating the usefulness of automatically
learned sequence representations [33]. The addition of LSTM-based sequential modelling further improves the
reported performance of the CNN-LSTM model.

The proposed hybrid model achieves the highest reported Spearman correlation of 0.84 and the highest
reported (R2) of 0.74 in this comparison. This suggests that combining multiple modelling components can
improve both predictive agreement and ranking performance.

5.4 Five-Fold Cross-Validation
Five-fold cross-validation was performed to examine the stability of the reported model performance. The

manuscript reports (R?) values of 0.86, 0.83, 0.87, 0.88, and 0.86 across the five folds.

Table 3. Reported five-fold cross-validation results

Fold (R?
Fold 1 0.86
Fold 2 0.83
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Fold 3 0.87
Fold 4 0.88
Fold 5 0.86
Mean 0.86
Standard deviation 0.015

The relatively small variation between folds, according to the reported results, suggests that the model
performance is not strongly dependent on a single data partition [34]. The reported standard deviation of 0.015
indicates limited variation in (R2) across the five folds.

Cross-validation therefore provides additional evidence about the stability of the model within the evaluated
dataset.

5.5 Cross-Cell-Line Evaluation

Cross-cell-line evaluation is an important part of the proposed framework because gRNA activity can be
influenced by cellular context. The manuscript reports results for HeLa and HL60 in addition to the source-cell-
line experiments.

Table 4. Reported cross-cell-line performance

Dataset (R?) RMSE MAE Pearson Spearman | Kendall
HeLa 0.72 0.054 0.034 0.78 0.82 0.67
HL60 0.61 0.068 0.046 0.80 0.75 0.60

The reported HeLa results show a Spearman correlation of 0.82, while the HL60 results show a Spearman
correlation of 0.75. The decrease in (R%) and Spearman correlation for HL60 indicates that prediction becomes
more difficult when the model is evaluated under a different cellular context.

This observation is relevant to the motivation for transfer learning and domain adaptation. A model that
performs well in one cell line may encounter a distribution shift when applied to another cell line. Therefore,
evaluating the framework across multiple cell lines provides a more informative assessment than evaluating it
using only one dataset [35].

The cross-cell results should, however, be interpreted together with the exact experimental protocol used for
transfer learning and domain adaptation.

5.6 Interpretation of Prediction and Ranking Performance

The evaluation uses both error-based and correlation-based metrics because they provide different
information about model behaviour.

A lower MAE indicates that the predicted activity values are closer to the observed values on average. RMSE
provides additional sensitivity to larger errors. (R%?) measures the proportion of observed variation
represented by the model.

Correlation metrics provide a complementary perspective. Pearson correlation measures the linear
relationship between predicted and observed activity, whereas Spearman correlation evaluates the agreement
between their rankings.

The distinction is important for gRNA prioritization. In a practical screening workflow, the primary objective
may not always be to reproduce every activity value exactly. Instead, the model may be used to

identify a smaller group of high-performing candidates from a larger pool. In such a setting, ranking quality
becomes an important consideration.

5.7 SARS-CoV-2 Computational Results

The proposed workflow was additionally applied to SARS-CoV-2 genomic sequences as a computational case
study. The manuscript reports the generation of candidate gRNAs followed by PAM filtering and prediction.
The reported SARS-CoV-2 analysis includes [37].

Table 5: COVID-19 gRNA:

Prediction Summary Reported Value
Total candidate gRNAs 3,799

Valid PAM candidates 136

Highest predicted activity 0.78
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| Average predicted activity | 0.257 |

The analysis demonstrates how the proposed computational workflow can be extended from cell-line datasets
to a genomic sequence of interest. Candidate guides can first be generated according to sequence and PAM
requirements and subsequently ranked according to predicted activity and other prioritization criteria. These
results should be regarded as computational predictions only. They do not establish antiviral activity or
therapeutic effectiveness. Experimental studies would be reqired to determine whether the computationally
prioritized candidates produce the expected biological effects. The manuscript currently also reports a lowest
predicted value of 0.26, which is higher than the reported average of 0.257 [38]. This apparent inconsistency
should be checked against the original prediction file before publication.

5.8 Top-Ranked gRNA Candidates

The manuscript provides a set of top-ranked gRNAs obtained from the proposed prioritization workflow. The
ranking considers predicted activity together with additional candidate characteristics such as off-target
information and conservation.

The top-ranked candidates are intended to represent guides that satisfy the computational selection criteria
used by the framework. These candidates can be considered for subsequent experimental evaluation.

The ranking should be interpreted as a computational screening step rather than evidence that the selected
guides will necessarily produce the predicted biological outcome [36]. Experimental validation remains
necessary to establish actual editing efficiency and specificity.

Table 6: Top Ranked grna activity:

6. Conclusion

The study develops a hybrid computational approach for predicting CRISPR/Cas9 guide RNA efficiency.
Sequence information is processed through a CNN-BiLSTM architecture with Multi-Head Attention to learn
local motifs and longer-range dependencies. The learned representation is combined with sequence-derived
features, including GC content and k-mer frequencies. Recursive Feature Elimination (RFE) is then used to
remove less informative or redundant features, and the resulting feature set is supplied to an XGBoost
regression model for efficiency prediction. To examine performance across different cell-line datasets, the
workflow incorporates transfer learning and domain adaptation through Domain-Adversarial Neural

Rank . Off- C.onserva Uncertaint | Therapeuti
/1D Predicted Sequence Target tion y ¢ Score
Score Score

4 TCCATGCTATACATGTCTCTGGG 0.260550 | 0.996660 | 0.980400 0.020877
8 GAGAAGTCTAACATAATAAGAGG 0.250854 | 0.996617 | 0.968636 0.015083
107 CAAATTGATAGGTTGATCACAGG 0.265194 | 0.978334 | 0.953160 0.023815
24 TGATCTCCCTCAGGGTTTTTCGG 0.264376 | 0.914494 | 0.997654 0.036782
78 CTCAGACTAATTCTCCTCGGCGG 0.272653 | 0.902501 | 0.976374 0.011719
23 TTAGTGCGTGATCTCCCTCAGGG 0.288334 | 0.858886 | 0.980903 0.041931
112 TTCCCTCAGTCAGCACCTCATGG 0.272044 | 0.988898 | 0.928480 0.036400
121 TGAATTAGACTCATTCAAGGAGG 0.274614 | 0.889097 | 0.975134 0.017557
3 TTCCATGCTATACATGTCTCTGG 0.254448 | 0.947820 | 0.973546 0.017274

Networks (DANN) and CORAL. Monte Carlo Dropout is used to estimate prediction uncertainty. For candidate
selection, predicted efficiency is considered together with off-target risk, conservation, and uncertainty,
allowing the guides to be ranked for further investigation.

This design addresses several limitations observed in existing gRNA prediction approaches. The combination
of learned sequence representations and handcrafted features allows different types of sequence information
to be considered within the same prediction workflow. The use of transfer learning and domain adaptation
provides a mechanism for handling differences between cell-line datasets rather than assuming that a model
trained on one dataset will perform identically on another. Feature selection is included to control redundancy
introduced during feature fusion. In addition, uncertainty estimates provide information beyond the predicted
efficiency value itself and can be considered when comparing candidate guides. The framework has potential
uses in computational genome-editing studies. In cancer research, it can assist in the initial selection of
candidate gRNAs for targets of interest. A similar strategy can be applied to viral genomes, including SARS-CoV-
2, as demonstrated through the computational case study in this work. The approach may also be relevant to
studies of rare genetic disorders, functional genomics, and other applications in which the selection of efficient
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gRNAs is an important step. These applications should be regarded as computational support for candidate
selection; experimental testing remains necessary before drawing conclusions about biological or therapeutic
effectiveness. The findings from this work are intended to provide a basis for publication in peer-reviewed
journals concerned with bioinformatics, computational biology, artificial intelligence, and genome editing. The
results may also be disseminated through scientific conferences and related academic forums. Several
extensions are possible in future work. Additional biological information, including epigenetic and multi-omics
features, could be incorporated to investigate whether they further improve prediction across cellular contexts.
The same framework could also be adapted to other CRISPR systems, such as Casl2a and Cas13, with
appropriate changes to the sequence and target characteristics. Transformer-based genomic models could be
explored as alternative sequence encoders [39]. Most importantly, laboratory validation of selected gRNAs
would provide experimental evidence for assessing the practical value of the computational rankings.
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