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Genetic disorders affect over 350 million people worldwide, yet effective curative treatments remain limited. CRISPR/Cas9
gene editing offers a promising pathway to correct harmful mutations, but its clinical safety is constrained by off-target edits,
which are unintended genomic cuts that can lead to serious biological consequences. Thus, these off-target edits need to be
monitored for and detected. However, current off-target detection models are hindered by severe class imbalance between
rare true off-target sites and abundant negatives, limited architectural capacity to capture long-range sequence dependencies,
and overfitting to specific experimental assay distributions, resulting in poor generalization and low accuracy on true off-target
events. This project aims to develop an improved, machine-learning-based off-target detection model that surpasses existing
published models in accuracy, balance, and efficiency by using balanced data, a unique base model, and parameter and focal-
loss experimentation. Using the rebalanced CCLMoff benchmark dataset, the data were divided into subsets corresponding to
different detection methods (GUIDE-seq, DIS-seq/DISplus-seq, and DIG-seq). The rebalancing allowed for better model results,
but reduced the direct comparability between this model and published ones. Models were trained using a leave-one-method-out
strategy to evaluate generalizability across techniques. The model used was a deep learning model based on DistilBERT. The
regular model achieved an accuracy of 85.95% and a PRC AUC of 0.6157, substantially outperforming most published models,
particularly in predicting true off-targets. This score was 0.3367 better than the best model available. These results demonstrate
that the system forms the basis for a future end-to-end sgRNA design platform.

Introduction support safer clinical use of CRISPR, but the complexity and
scale of genomic sequence data make accurate prediction in-
Motivation feasible without machine learning. Machine learning is em-

ployed because it is significantly more efficient and can ana-
lyze large-scale datasets at a level that is impractical for man-
ual human analysis. However, current machine learning mod-
els for detecting off-target edits in CRISPR are inadequate due
to inconsistent and imbalanced performance”. This is further

Currently, there are many diseases that are caused by ge-
netic factors, such as Cystic Fibrosis, Sickle Cell Anemia,
and Duchenne’s Muscular Dystrophy !. These conditions af-
fect millions worldwide and can be addressed by the advent
of Clustered Regularly Interspaced Short Palindromic Re- ) .
peats (CRISPR)? gene-editing technology 3. CRISPR directly explored in the next section.
addresses the root cause of the issue by editing genomes.

CRISPR uses a guide RNA and the enzyme Cas9 to cleave ~ Background

DNA at a specific target site. The cell’s natural repair mech-
anisms then fix the break, allowing scientists to inactivate a
gene, correct a mutation, or insert new genetic material*. The
major flaw in this technology, however, is off-target editing?.
Off-target edits are when CRISPR makes cuts in unintended
locations. Due to the genome’s sensitivity, even minor ed-
its can lead to significant side effects, including mutations,
oncogene activation, immune responses, and/or gene activa-
tion or deactivation®. Such edits can be as deadly as the ge-
netic disorders themselves. Computational tools have there-
fore been developed to identify potential off-target sites and

A substantial body of prior work has sought to address
CRISPR off-target detection®. This involves sequence-based
prediction where one guide sequence and one target sequence
are provided. The model then must determine whether the
pair of sequences is an off-target pair. Early computa-
tional tools focused on rule-based or heuristic approaches®.
Cas-OFFinder ! performs exhaustive genome-wide searches
to identify potential off-target sites. While this approach
achieves high recall, it yields an overwhelming number of
false positives at higher mismatch thresholds — for example,
Cas-OFFinder identified 294,534 candidate sites across just
nine guide RNAs at a 6-mismatch threshold, of which only
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354 were validated as true off-target sites, a false positive rate
exceeding 99.8% 1 where a mismatch refers to a nucleotide
difference between the guide RNA and the genomic DNA se-
quence, and cannot model bulges, chromatin effects, or the po-
sitional importance of mismatches, resulting in near-zero pre-
cision. CRISPOR '? and related scoring approaches, including
the MIT score and CFD score 13, were trained on limited ex-
perimental datasets that are biased toward GUIDE-seq '# data.
These models perform poorly on off-target sites with many nu-
cleotide differences between the guide RNA and the DNA, and
their shallow architectures oversimplify the complex dynam-
ics of Cas9-DNA binding. COSMID !> generates extremely
large candidate sets without probabilistic scoring of cleavage
likelihood. As a result, it cannot meaningfully rank candidate
sites by biological relevance. Later deep learning approaches,
such as DeepCRISPR 16 introduced a hybrid framework com-
bining a Deep Convolutional Denoising Neural Network au-
toencoder with a CNN to jointly predict on-target knockout
efficacy and off-target cleavage from sgRNA-DNA sequence
pairs. However, because CNN-based architectures extract fea-
tures through local convolutional filters, they are limited in
their ability to model long-range dependencies between po-
sitions across the full guide—target alignment — an impor-
tant signal, since off-target activity is influenced by interac-
tions between mismatch positions distributed across the entire
20-nucleotide guide sequence, not only locally adjacent ones.
These models also exhibit strong dependence on training assay
composition, poor interpretability, and reduced performance
when evaluated on datasets from different laboratories. Deep-
SpCas9'” and DeepHF!® further improved sequence-based
prediction but were primarily optimized for on-target activity
rather than off-target detection. Their off-target performance
degrades with increasing mismatches between nucleotides in
the sequence pair, and they do not incorporate chromatin or
epigenetic context. CRISPR-Net!? introduced hybrid archi-
tectures that combine multiple types of neural network lay-
ers, such as CNNs for local sequence feature extraction and
RNNs or Transformers for modeling long-range dependen-
cies, but it requires strict input formatting and complex, highly
specific data. Attention-based models, such as AttnToMis-
match??, can overfit to dataset-specific mismatch distributions
and require large, balanced datasets that are often unavailable
in practice. More recently, CCLMoff?! proposed a transfer-
learning approach, but it was trained on datasets in which neg-
ative samples far outnumbered positive ones. In the leave-one-
dataset-out evaluation on the GUIDE-seq dataset, the same
protocol used in this work, CCLMoff achieved a reported
AUPRC of 0.513 and an overall F1-score of 0.429, indicat-
ing limited performance on the minority positive class. Re-
sults for several leading models in the field are shown in Fig-
ure 1. This shows AUPRC and Receiver Operating Charac-
teristic (ROC) performance on the dataset using GUIDE-seq

data with the Leave-One-Out strategy. Across all prior ap-
proaches, two structural problems recur. First, severe class im-
balance, with positive-to-negative ratios documented as high
as 1:4189, causes models trained under standard conditions to
be biased toward the majority class, achieving high overall ac-
curacy while performing poorly on the minority class of true
off-target events, as consistently reflected in low F1-scores and
AUPRC values across the models®. Second, CNN-based ar-
chitectures cannot efficiently model long-range dependencies
across the guide—target sequence pair, limiting their ability to
capture distributed mismatch patterns that span the full align-
ment. The present model directly addresses both problems:
the class imbalance problem through training set rebalancing
to a 1:5 positive-to-negative ratio combined with focal loss and
class weighting, and the architectural problem through Distil-
BERT?2, a transformer encoder whose self-attention mecha-
nism models pairwise dependencies across all sequence posi-
tions simultaneously.

Objective

While transformer- and attention-based architectures have
previously been applied to CRISPR off-target prediction?!,
existing models either rely on computationally expensive
domain-specific encoders or do not systematically com-
bine long-range sequence modeling with explicit imbalance-
correction strategies. This study tests the hypothesis that a
computationally efficient distilled transformer encoder (Dis-
tilBERT ??), when combined with training set rebalancing, fo-
cal loss[24], and class weighting, achieves higher AUPRC
and macro Fl-score than CCLMoff?' under an identical
leave-one-dataset-out evaluation on the GUIDE-seq held-out
dataset. This hypothesis is falsifiable: if the proposed model
does not exceed CCLMoft’s reported AUPRC of 0.513 and
F1-score of 0.429 under the same evaluation conditions, it is
not supported. The most crucial problem in current models is
their poor performance on the minority (true off-target edit)
class, as evidenced by low F1- Scores and low Area Under
the Precision-Recall Curve (AUPRC). In this case, this im-
plies a high false-negative rate. A high false-negative rate
indicates that a model fails to detect off-target edits in re-
gions where they occur. Such faulty detection can lead to
unnecessary medical operations, which can be as dangerous
as the initial genetic disorder itself. Thus, the specific goal of
the project is to develop a model with higher Macro F1 and
AUPRC scores. Such a model will achieve more balanced
predictions by correctly identifying both positive and nega-
tive samples, outperforming CCLMoff?!, the current state-
of-the-art model evaluated under the same protocol. This
will be achieved by using a more balanced dataset, a unique
base model that uses a pretrained distilled transformer to cap-
ture long-range guide—target sequence dependencies and bet-
ter model distributed mismatches that CNN-based approaches
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Figure. 1 Best models currently available and their results on the Leave One Dataset Out method using the GUIDE-seq dataset for evaluation?'.

struggle to represent, and by experimenting with techniques
and parameters such as focal loss and class weights.

Methods

Data

The data used for this project comes from a comprehensive
dataset?! that includes several genome-editing methods. This
is the dataset that the CCLMoff paper, the most recent major
model in the field, assembled and used for testing. It com-
prises of sgRNA-target DNA sequence pairs derived from
13 experimental off-target detection assays across 418 guide
RNAs. Positive samples (label = 1) correspond to experi-
mentally validated off-target cleavage events confirmed by se-
quencing read evidence in the original assay; negative sam-
ples (label = 0) correspond to candidate genomic sites iden-
tified by Cas-OFFinder that were not detected as active in
the experimental assay. It contains 6,393,373 samples and
11 features per sample, such as chromosome, location, ori-
entation, and length. There are 6,354,054 negative (not true
off-target) samples as compared to only 39,319 positive (true
off-target) samples. The PAM types represented are NGG
(SpCas9). The dataset includes 11 methods for detecting
where CRISPR makes cuts and off-target edits. These meth-
ods are experimental sequencing assays that identify CRISPR-
induced DNA cleavage events using different strategies, such
as tagging double-strand breaks in living cells or sequencing
cleavage products generated in vitro. Because each assay dif-
fers in sensitivity and biological realism, they produce distinct
off-target profiles. The counts for each of these methods are
shown in Table 1 below.
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Table 1 The sample counts for each sequencing method

Sequencing Method  Sample Count

CHANGE-seq 1,376,264
SURRO-seq 1,013,017
GUIDE-seq 520,281
SITE-seq 61,221
BLESS 45,477
IDLV 43,441
DIS-seq 37,564
HGTS 12,820
Digenome-seq 307
DISplus-seq 45
Extru-seq 1

Data Preprocessing

Of the 11 features, two were used for model training: the guide
and target sequences. These were concatenated into input_seq
with > — 7 as a separator between the sgRNA and target se-
quences. This character was chosen because it does not ap-
pear in nucleotide sequences, ensuring it is unambiguously
interpreted by the tokenizer as a boundary signal between the
two sequences. For model training, the dataset was rebalanced
by randomly sampling five negative samples for each positive
sample. This created a more balanced dataset, which likely
would lead to better results for the F1-score and AUPRC. This
ratio was set to 5:1 to ensure that class imbalance was not se-
vere while preserving data variation. A 1:1 ratio maximizes
minority-class signal but departs most dramatically from the
native class distribution and risks overfitting to a small posi-
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tive set. Ratios closer to the native distribution (1:161) ren-
der positive-class learning nearly infeasible, as demonstrated
by the near-zero recall reported for models trained without
rebalancing. The 5:1 ratio preserves meaningful negative-
class variation. The proposed model and CCLMoff?! were
trained under different sampling conditions, as this work ap-
plies 1:5 dataset-level rebalancing while CCLMoff uses batch-
level bootstrapping on the native distribution. However, both
models are evaluated on the same held-out GUIDE-seq test
set at native class prevalence, without any rebalancing applied
at evaluation time. The performance comparison therefore re-
flects differences in minority-class detection on an identical,
unmodified test set, which is a methodologically valid basis
for comparison despite the difference in training-stage sam-
pling strategies. The DNA sequence, which is the target se-
quence, is then tokenized at the character level using the Au-
toTokenizer from the DistilBERT base model 22, and every in-
stance of *T’ (Thymine) is replaced with U’ (Uracil). The
rationale for this transformation is as follows. The sgRNA
sequence in the input is an RNA molecule and naturally con-
tains U rather than T. By converting T to U in the target DNA
sequence as well, both the guide and target subsequences are
expressed in the same four-character alphabet A, C, G, U, cre-
ating a uniform input representation and eliminating a spuri-
ous asymmetry between the two halves of the concatenated in-
put. Under DistilBERT’s character-level tokenization scheme,
’T” and *U’ are treated as two distinct tokens drawn from the
model’s general English vocabulary and neither carry biologi-
cal pretraining knowledge, so the conversion does not conflict
with pretrained embeddings and instead ensures that identical
nucleotide positions in the guide and target are represented by
the same token type. All input sequences were tokenized at
the character level by inserting a space between each charac-
ter prior to passing the sequence to the DistilBERT AutoTok-
enizer. Tokenized inputs were padded to a maximum length of
128 tokens using the tokenizer’s [PAD] token, and sequences
exceeding this length were truncated from the right. Given
that each sgRNA and target sequence is 23 nucleotides, the
spaced character representation of the full concatenated input
(sgRNA + separator + target) produces a token sequence of
approximately 97 characters, well within the 128-token limit,
meaning truncation was not applied to any sample in practice.
Ambiguous nucleotides represented by the character N’ in the
dataset were retained as-is and treated as a distinct character
token, allowing the model to learn any positional associations
with ambiguity rather than discarding such positions.

Model

Architecture

The model employs an encoder—classifier architecture, which
is well-suited to sequence-based prediction tasks such as

CRISPR off-target edit detection. This approach follows a
transfer-learning framework, leveraging a pretrained encoder
to extract rich, contextualized representations from raw nu-
cleotide sequences, which are then mapped to a binary off-
target prediction by a task-specific classifier. Separating repre-
sentation learning from classification allows the model to cap-
ture complex sequence relationships without overfitting the
final decision layer, which is especially important given the
limited number of positive off-target examples. Using a pre-
trained transformer encoder is particularly advantageous for
this project because transformers can model long-range de-
pendencies across the entire sequence. Off-target activity is
determined not solely by local mismatches but also by inter-
actions across the entire guide—target alignment. The self-
attention mechanism in the DistilBERT base model > enables
the model to weigh the relative importance of different posi-
tions in the sequence, thereby directly addressing limitations
of earlier CNN-based approaches that relied on local receptive
fields.

Backbone Model

DistilBERT ??> was selected as the backbone model because
it provides a strong balance between representational power
and computational efficiency. As a distilled transformer, it
retains much of the performance of larger language models
while reducing parameter count and training cost. This is
well aligned with the project’s goals, which emphasize ro-
bustness and generalization over excessive model complex-
ity. Rather than applying a pretrained pooling layer or av-
eraging token embeddings, the model directly uses the CLS
token embedding as the sequence representation. The CLS
token is designed to encode global information across the in-
put sequence, making it well-suited for sequence-level clas-
sification. Bypassing the pretrained pooler avoids introduc-
ing architectural assumptions learned from natural language
tasks that may not transfer to biological sequence data, al-
lowing the classification head to learn task-specific decision
boundaries from a more general sequence representation. A
potential concern with using a transformer pretrained on En-
glish corpora is the mismatch between natural language and
nucleotide sequences. However, under the character-level tok-
enization scheme employed here, the model receives individ-
ual nucleotide characters as tokens, not linguistic subwords,
meaning the pretrained vocabulary and token embeddings are
repurposed as a general-purpose lookup table rather than re-
lied upon for linguistic knowledge. The primary capabil-
ity being transferred from pretraining is not semantic under-
standing of English text but rather the self-attention mecha-
nism’s learned ability to model pairwise contextual dependen-
cies across token positions, which is architecture-level rather
than content-level knowledge. This rationale is consistent with
prior work showing that general-purpose transformer architec-
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Table 2 A comprehensive summary of the model architecture and training configuration is provided

Category Property Value
Model DistilBERT-base-uncased
Number of transformer layers 6
Number of attention heads 12

Backbone Hidden size (embedding dim) 768
Intermediate (FFN) size 3072
Total parameters “66M
Pretrained parameters Fine-tuned (not frozen)
Maximum sequence length 128 tokens

Tnput Tokenization Character-level with spaces
Sequence representation CLS token embedding
Pretrained pooler Bypassed

. Dropout rate 0.2

Classifier Head Outgut Binary (off-target / not off-target)
Optimizer AdamW
Learning rate 2107
Weight decay 0.01
Batch size 32

Training Maximum epochs 50
Early stopping patience 3 epochs (on validation loss)
Gradient clipping 1.0
LR scheduler StepLR (step=2, y=0.5)
Random seed 42
Loss function Focal loss

Loss Focal o 0.75
Focal y 2.0

Class weighting

Inverse class frequency

tures, even without domain-specific pretraining, can achieve
strong performance on genomic sequence classification tasks.
The CCLMoff paper itself demonstrated that its *CCLMoft-
Vanilla’ variant, trained from scratch on off-target data with-
out RNA-FM pretraining, still achieved considerable perfor-
mance, which the authors attributed to the strength of the
transformer framework itself?!.

Training

The model was trained using a leave-one-out method. This
is where the model is trained on a dataset that excludes one
method and then tested on a dataset containing data for that
method. The GUIDE-seq method was excluded because re-
sults were publicly available for other models that employed
the same strategy. This was done to make the comparison
between this model and others clearer and more objective.
The training dataset consisted of 229,176 samples and in-
cluded data from all methods except GUIDE-seq. There were
190,980 negative samples and 38,196 positive samples, con-
sistent with a 5:1 ratio. The dataset was further split: 90% of
the data was used solely for training, and the remaining 10%

for validation. The test dataset comprised only data obtained
using the GUIDE-seq method. This dataset contained 6,738
samples, of which 5,615 were negative, and 1,123 were posi-
tive, also at a 5:1 ratio.

To address the severe class imbalance inherent in CRISPR
off-target datasets, we employ focal loss??, defined as:

FL(pt) = —0o4(1 —pr)"log(pr)

where p; denotes the predicted probability of the true class,
oy is a class-balancing factor that adjusts the relative contri-
bution of positive and negative samples, and ¥ is a focusing
parameter that down-weights well-classified examples.

Focal loss mitigates extreme class imbalance by down-
weighting easy, correctly classified negative samples and fo-
cusing learning on hard-to-classify positive samples (true off-
target sites), enabling the model to learn more effectively un-
der conditions where negatives vastly outnumber positives.
Additionally, the positive class was up-weighted by the in-
verse of its class frequency, thereby increasing the contribu-
tion of rare off-target events to the loss. Together, these mech-
anisms encourage the model to prioritize difficult positive ex-
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amples and improve recall while maintaining a balanced pre-
cision—recall trade-off. This choice aligns directly with the
project’s objective of improving F1-score and AUPRC, which
are sensitive to performance on the minority class. The batch
size of 32 represents a balance between computational ef-
ficiency and stable gradient estimation under GPU memory
constraints. The AdamW optimizer?* was selected for its
effectiveness in training transformer-based architectures and
for its use of decoupled weight decay, which helps prevent
overfitting. A StepLR scheduler?® was applied to decay the
learning rate at fixed intervals, allowing for larger updates
early in training and finer adjustments as convergence is ap-
proached. Training was conducted for up to 50 epochs, with
early stopping based on validation loss, using a patience of
three epochs. This strategy prevents overfitting and ensures
that the selected model generalizes well to unseen datasets.
The best-performing model on the validation set was saved
and used for final evaluation on the held-out test data.

Results

Model performance was evaluated on the held-out GUIDE-
seq test set, which comprised 6,738 samples at a 5:1 negative-
to-positive ratio (5,615 negative and 1,123 positive samples).
All reported metrics include 95% confidence intervals derived
from 1,000 stratified bootstrap resamples.

The model achieved an AUPRC of 0.6157 (95% CI:
0.5877-0.6421) and a positive-class Fl-score of 0.5701
(95% CI: 0.5447-0.5928), with precision of 0.5815
(95% CI: 0.5530-0.6101) and recall of 0.5592 (95% CI.:
0.5291-0.5866) on the true off-target class. The ROC-AUC
was 0.8632 (95% CI: 0.8526-0.8739). The negative-class
F1-score was 0.916, the macro-average F1-score was 0.7431,
and the weighted-average F1-score was 0.8584. Full per-class
metrics are shown in Table 2, the precision-recall curve in
Figure 2, and the ROC curve in Figure 3.

These figures compare favourably against prior models
evaluated under the same leave-one-dataset-out protocol on
GUIDE-seq. MOFF achieved an AUPRC of 0.282, CRISPR-
1P 0.337, CRISPR-DNT 0.381, and CCLMoft 0.513 [20]. The
proposed model’s AUPRC of 0.6157 is the highest reported
under this protocol.

In the context of genome-wide CRISPR screening, these re-
sults carry a specific practical meaning. Alignment tools such
as Cas-OFFinder can identify hundreds of thousands of candi-
date off-target sites per guide RNA at a six-mismatch thresh-
old, the vast majority of which are false positives. A com-
putational model operating in this setting functions primar-
ily as a ranking and prioritisation tool, not a binary arbiter,
since experimental validation of all candidates is infeasible.
From this perspective, the positive-class recall of 0.5592 indi-
cates that the model recovers approximately 56% of true off-

target sites in the test set, and the AUPRC of 0.6157 reflects
consistent precision at moderate recall thresholds. The clin-
ical significance of the false negative rate is asymmetric: a
missed true off-target site in a coding region, proto-oncogene,
or tumour suppressor poses a greater safety risk than a false
positive, which simply adds a site to the experimental vali-
dation queue??. The improvement in positive-class F1-score
over CCLMoff therefore represents a concrete reduction in the
rate of missed true off-target events, which is the error type of
greatest concern in therapeutic applications of CRISPR. This
interpretation is directly supported by the CNN ablation re-
sults. Despite being trained under identical conditions, the 1D
CNN baseline achieved an AUPRC of 0.1319 and a positive-
class F1-score of 0.0054, collapsing to near-universal positive
prediction with a precision of 0.0027. This confirms that the
imbalance-correction strategies alone are insufficient without
an architecture capable of representing the distributed, long-
range mismatch patterns that distinguish true off-target events
from negative candidates, and that the performance gains of
the proposed model are attributable to the transformer archi-
tecture rather than the training strategy. The model is intended
as an improved computational screening step that more reli-
ably flags candidates for downstream experimental confirma-
tion, not as a replacement for such confirmation.

Negative (0) 0.9125 0.9195 0.9160 5615
Positive (1) 0.5815 0.5592 0.5701 123
Accuracy 0.8595 6738

Macro
0.747 0.7394 0.7431 6738
Average
Weighted
0.8573 0.8595 0.8584 6738
Average

Figure. 2 Classification Metric Report for GUIDE-seq

Similarly, the process was carried out using DIS-seq and
DISplus-seq as the methods instead of GUIDE-seq. The re-
sults on this method from the paper’s model and the state of
the art models are shown below.

1D CNN Baseline Comparison

To isolate the contribution of the transformer architecture from
the imbalance-correction training strategy, a 1D CNN base-
line was trained under conditions identical to the proposed
model, including the same 1:5 rebalanced training set, focal
loss (a=0.75, y=2.0), class weighting, AdamW optimizer, and
held-out GUIDE-seq test set. The CNN baseline achieved an
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Figure. 3 Precision-Recall Curve for GUIDE-seq
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Figure. 4 Receiver Operating Characteristic Curve for GUIDE-seq.
The dashed line indicates random chance.

AUPRC of 0.1319, a positive-class Fl-score of 0.0054, pre-
cision of 0.0027, and recall of 0.8994, with a ROC-AUC of
0.7466. The near-zero precision and F1-score indicate that
the CNN defaulted to predicting the majority of samples as
positive, demonstrating an inability to learn a discriminative
decision boundary despite the imbalance-correction strategies
applied during training. By contrast, the proposed Distil-
BERT model achieved an AUPRC of 0.6157 and a positive-
class Fl-score of 0.5701 under identical training conditions.
The magnitude of this gap (0.4838 AUPRC and 0.5647 F1)
demonstrates that the performance of the proposed model is

attributable to the transformer architecture’s capacity to model
long-range dependencies across the full guide-target sequence
pair, and not to the rebalancing or loss function alone.

Discussion

For GUIDE-seq, The AUPRC for this model was 0.6157,
which is higher than that of any model presented in Figure
1, including CCLMoff, the state-of-the-art model in the field.
The F1-score on the negative (majority) class is 0.916, while
the Fl-score on the positive (minority) class is 0.5701. The
weighted average Fl-score for this model is 0.8584, while
the macro average Fl-score is 0.7431. Similarly, for DIS-seq
and DISplus-seq, the AUPRC was 0.8357, significantly higher
than the best current model, which was 0.681. CCLMoff re-
ported an AUPRC of 0.513 and a positive-class F1-score of
0.429 under the same evaluation protocol?!. The proposed
model improves on both figures, achieving an AUPRC of
0.6157 and a positive-class F1-score of 0.5701. Similarly, for
DIS-seq and DISplus-seq, the AUPRC was 0.8357, signifi-
cantly higher than the best current model, which was 0.681.
However, an AUPRC of 0.6157 and 0.8357 are moderate in
absolute terms. Precision declines at higher recall thresholds,
which means the model is best understood as a prioritisa-
tion and ranking tool for downstream experimental validation
rather than a standalone binary classifier at native genome-
wide prevalence.

When interpreting these results, it is important to consider
the effect of the negative-to-positive sample ratio used dur-
ing training and evaluation. A perfectly balanced 1:1 ratio
would, in theory, yield the most favorable performance for
true off-target prediction, as the model would receive equal
signal from both classes. However, this setting is not realis-
tic for genome-wide CRISPR screening, where true off-target
events are extremely rare compared to the number of potential
genomic sites. Therefore, model performance must be evalu-
ated under conditions of class imbalance that reflect real-world
constraints. One way to study this is to evaluate the model
across different class ratios while keeping the evaluation met-
rics focused on minority-class performance. As the ratio be-
comes more imbalanced, overall accuracy may increase, but
metrics such as AUPRC, macro Fl-score, and positive-class
recall provide a more meaningful measure of whether the
model can still reliably identify true off-target events. Under
this framework, the objective is not to optimize performance
at a single idealized ratio, but to assess how well the model
maintains minority-class detection as the data distribution ap-
proaches realistic genome-scale conditions. The 5:1 ratio used
in this work represents a compromise between these consid-
erations. It substantially reduces the dominance of negative
samples during training, allowing the model to learn mean-
ingful patterns associated with true off-target events, while
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still preserving an imbalanced setting that better approximates
real screening data than a fully balanced dataset. Metrics
such as AUPRC become particularly appropriate in this con-
text, as they emphasize performance on the positive class and
are not inflated by the large number of true negatives. Un-
der this ratio-aware evaluation framework, the observed im-
provements in minority-class Fl-score and AUPRC indicate
that the model’s performance gains are not simply artifacts of
aggressive rebalancing, but instead reflect improved detection
of biologically relevant off-target edits. This is especially im-

PRC (DIS_DIS+)

1.0
0.8
0.6
c
k]
v
|9
2 —— CCLMoff (AUC=0.661)
0.4+ —— CRISPR-Net (AUC=0.431)
—— CNNSTD (AUC=0.137)
—— LSTM (AUC=0.451)
021 —— CRISPRoff (AUC=0.487)
—— CCtop (AUC=0.014)
L —— AttenToCrispr (AUC=0.120)
L\E‘- —-=- Random (AUC=0.014)
0.0 -— - - .
0.0 0.2 0.4 0.6 0.8 1.0
Recall

1

Receiver Operating Characteristic (ROC) Curve with 95% Cl

T T

104+— — — . 4

.
.,
7z
.
.
’,
.,
-,
0.8 4 i
-,
.
.,
.
.,
s -
© .
< 0.6 o i
2 e
= ,/
]
£ e
.,
g ’
Z 044 —|— —4” — —
= 0. P
.
.,
.
.,
.,
.
.
-’
021 -7
.,
.
7z
e ROC curve (area = 0.9187)
.
R 95% ClI
0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Figure. 7 Receiver Operating Characteristic Curve for DIS-seq and
DISplus-seq. The dashed line indicates random chance.

portant in practical applications, where false negatives pose a
significantly greater risk than false positives. However, with
a positive-class recall of 0.5592, approximately 44% of true
off-target sites in the test set are still missed, and the model
has not been evaluated at native class prevalence, across all
assay holdouts, or with wet-lab confirmation. It should there-
fore be understood as an improved computational screening
step rather than a clinically deployable classifier.

Howeyver, the model still has a few minor limitations. The
first limitation is that random sampling is employed to gen-
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erate the training subsets. This random sampling is crucial
to ensure that the model encounters multiple variations in the
data. However, due to inherent randomness, it is also pos-
sible, albeit very unlikely, that insufficient variation exists to
develop an accurate model. In this case, the training process
would need to be rerun to resolve this issue, which could re-
quire additional compute resources and time. The second lim-
itation is that some genome sequences in the dataset were sim-
ulated. These simulated sequences were generated using Cas-
OFFinder '°, a high-level tool that simulates conditions closely
approximating those in the real world. It is impractical to ob-

tain sufficient numbers of real genome sequences for machine
learning, as CRISPR technology is not yet widespread or suffi-
ciently reliable. A further limitation concerns the variation in
class imbalance ratios across the individual detection assays
included in the training partition. The CCLMoff benchmark
dataset contains assays with positive-to-negative ratios rang-
ing from 1:26 to 1:4189, meaning that the leave-one-method-
out evaluation is sensitive not only to sequence distribution
shift between assays but also to their differing imbalance pro-
files. The present study does not systematically examine how
this per-assay imbalance variation influences cross-assay gen-
eralization, and future work should evaluate model perfor-
mance stratified by the imbalance ratio of the held-out assay
to disentangle the effects of distributional shift from those of
label scarcity.

Conclusion

This study evaluated the hypothesis that a computationally ef-
ficient distilled transformer encoder, combined with training
set rebalancing, focal loss, and class weighting, would achieve
higher AUPRC and minority-class Fl-score than CCLMoff
under an identical leave-one-dataset-out evaluation on the
held-out GUIDE-seq test set. The hypothesis was supported:
the proposed model achieved an AUPRC of 0.6157 and a
positive-class Fl-score of 0.5701, compared to 0.513 and
0.429 for CCLMoff under the same protocol. The CNN ab-
lation further demonstrated that these gains are attributable
to the transformer architecture rather than the imbalance-
correction strategy alone, as a 1D CNN baseline trained under
identical conditions collapsed to near-zero precision. Taken
together, these findings establish that a lightweight general-
purpose transformer, when paired with targeted imbalance-
correction, can exceed the minority-class detection perfor-
mance of a larger domain-pretrained model on this task.
Three specific directions for future investigation arise di-
rectly from the present findings. First, the sensitivity analysis
across sampling ratios demonstrated that the 1:5 ratio outper-
forms more extreme imbalance settings; it remains untested
whether a domain-pretrained genomic transformer such as
DNABERT, fine-tuned under the same 1:5 rebalancing strat-
egy, would further improve minority-class performance, or
whether the gains observed here are specific to the character-
level tokenization scheme used with DistilBERT. This is a
directly testable hypothesis using the same evaluation pro-
tocol. Second, all results reported here are based on a re-
sampled version of the CCLMoff benchmark; it is unknown
whether the model’s AUPRC and F1-score hold at native class
prevalence across all available assay holdouts. Evaluating
the model under a full leave-one-assay-out protocol at native
prevalence would quantify the degree to which the rebalanc-
ing strategy inflates reported performance. More accurate off-
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target edit detection reduces unnecessary experimental vali-
dation and lowers the risk of unintended genome edits, sup-
porting safer use of CRISPR technology. Future work may
incorporate additional biological context, such as the chromo-
some location and direction of the sequence, or evaluate the
model on newly developed datasets to further improve gen-
eralization and robustness. In addition, the class imbalance
ratio could be further optimized by running the model several
times with different ratios. An optimized ratio would further
improve the balance between real-world usability and model
accuracy. This system can be improved further by creating an
ensemble of models. Under this system, several such models
are trained, and their predictions are combined to make a col-
laborative decision. This may further reduce the risk of error
and optimize the model performance.
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