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ABSTRACT

CRISPR-Cas9 gene editing efficiency varies over 100-fold depending on the 20-nucleotide guide RNA (gRNA) sequence,
yet the molecular determinants of on-target activity remain incompletely understood, making computational guide design
essential for experimental success. Existing prediction tools (Rule Set 2, DeepCRISPR, CHOPCHOP) achieve
Spearman correlations of 0.55-0.65 with experimentally measured editing efficiency, leaving substantial room for
improvement. This study developed and benchmarked six gRNA activity prediction approaches -- sequence-based
logistic regression (Doench Rule Set 2), convolutional neural network (DeepCRISPR), gradient-boosted trees
(CRISPRscan), recurrent neural network (LSTM), pre-trained DNA language model fine-tuning (DNABERT-2), and a
proposed multi-scale genomic context model (MGC-CRISPR) integrating guide sequence features, local chromatin
accessibility (ATAC-seq), 3D genome organisation (Hi-C), and cell-type-specific gene expression via a hierarchical
attention architecture -- across three large-scale experimental datasets: Avana genome-wide library (73,372 guides,
18,436 genes), GeCKO V2 library (122,411 guides), and a custom validation library (4,800 guides across 12 cell lines).
MGC-CRISPR achieved the highest prediction accuracy: Spearman rho = 0.782 +- 0.012 on held-out Avana data (vs
0.642 for Rule Set 2, 0.668 for DeepCRISPR, 0.724 for DNABERT-2; p < 0.001 for all), with the greatest improvement in
genes with heterogeneous chromatin states where guide accessibility varies dramatically across cell types.
Cross-cell-line validation confirmed that MGC-CRISPR's chromatin-aware predictions generalised across 12 cell lines
(mean rho = 0.748 vs 0.612 for sequence-only models; p < 0.001). Feature attribution analysis revealed that chromatin
accessibility contributed 28.4% of prediction variance -- comparable to the 34.2% from guide sequence features --
establishing chromatin context as an essential and previously underutilised predictor of CRISPR editing efficiency. These
results demonstrate that incorporating epigenomic context substantially improves gRNA design and provide a
cell-type-aware prediction framework for precision gene editing.
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1. Introduction

CRISPR-Cas9 has revolutionised genome
engineering by enabling precise DNA
double-strand breaks at programmable target sites
specified by a 20-nucleotide guide RNA (gRNA)
complementary to the genomic target. However,
the editing efficiency (percentage of target alleles
modified) varies from <1% to >90% depending on
the gRNA sequence, with typical genome-wide
libraries showing a 100-fold range in activity
across guides targeting different sites within the
same gene (Doench et al., 2016). This variability
means that selecting optimal gRNAs is critical for
experimental success: a poorly designed guide
wastes weeks of experimental effort, while an
optimally designed guide achieves near-complete
editing in a single transfection. Computational
guide design tools that predict editing efficiency
from gRNA sequence features are therefore
essential infrastructure for the CRISPR field
(Hanna and Doench, 2020).

1.1 Determinants of CRISPR Editing
Efficiency

On-target CRISPR-Cas9 activity is governed by
multiple factors at different scales. At the
nucleotide level, the gRNA sequence composition
affects Cas9-gRNA complex stability (GC content
40-70%  optimal), target DNA unwinding
(disfavoured by poly-T sequences that cause Pol III
termination), and PAM-proximal seed region
complementarity (positions 1-12 are most critical
for target recognition). At the local genomic level,
chromatin accessibility determines whether Cas9
can physically access the target DNA:
nucleosome-occluded sites are edited 10-50-fold
less efficiently than open chromatin regions, and
this effect is cell-type-specific (Yarrington et al.,
2018). At the gene level, transcriptional activity
and DNA repair pathway availability influence
editing outcomes. Existing prediction tools
primarily model nucleotide-level features, largely
ignoring the chromatin and transcriptional context
that accounts for a substantial fraction of editing
variability (Kim et al., 2019).

1.2 Machine Learning for Guide Prediction

Three generations of ML guide prediction models
have been developed. First-generation linear
models (Rule Set 1, CRISPRscan) wused
handcrafted sequence features (position-specific
nucleotide preferences, GC content,
thermodynamic stability) in logistic or linear
regression, achieving Spearman rho 0.50-0.58
(Doench et al., 2014; Moreno-Mateos et al., 2015).
Second-generation deep learning models

(DeepCRISPR, DeepHF, CRISPR-ML) applied
CNNs and RNNs to learn sequence features
automatically from  one-hot-encoded gRNA
sequences, improving to rho 0.62-0.68 (Chuai et
al., 2018; Wang et al.,, 2019). Third-generation
models (DNABERT, Nucleotide Transformer)
leverage pre-trained DNA language models that
capture long-range sequence context through
self-attention, achieving rho 0.70-0.74 when
fine-tuned on CRISPR activity data (Ji et al., 2021).
However, no published model systematically
incorporates cell-type-specific chromatin state,
which is known to be a major determinant of
editing efficiency but is typically treated as a
confounder rather than a predictive feature.

1.3 Study Objectives

This study aimed to: (i) develop MGC-CRISPR, a
multi-scale genomic context model integrating
guide sequence, chromatin accessibility, 3D
genome organisation, and gene expression for
cell-type-aware gRNA activity prediction; (ii)
benchmark against five established prediction
approaches across three large-scale experimental
datasets; (iii) quantify the relative contribution of
sequence versus chromatin features through
systematic ablation and feature attribution; (iv)
validate cross-cell-line generalisability across 12
cell lines; and (v) release a user-friendly web tool
for cell-type-aware guide design.

2. Literature Review

Computational CRISPR guide design has evolved
from empirical rules to sophisticated deep learning
models, with each generation incorporating
additional biological knowledge.

2.1 Sequence-Based Prediction Models

Doench et al. (2016) developed Rule Set 2 -- a
gradient-boosted regression model trained on
activity data from 2,549 guides across 9 genes --
incorporating 2,476 sequence features (single
nucleotide, dinucleotide, GC content,
thermodynamic parameters). Rule Set 2 achieved
Spearman rho 0.61 on held-out data and became
the default scoring algorithm in widely used
design tools (CHOPCHOP, Benchling, CRISPick).
CRISPRscan (Moreno-Mateos et al., 2015) used a
linear regression on position-weighted nucleotide
features trained on =zebrafish injection data,
achieving rho 0.55 but with organism-specific
biases. DeepCRISPR (Chuai et al., 2018) applied a
CNN with autoencoder-learned sequence
representations, improving to rho 0.66 on
independent test sets. These models share a
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fundamental limitation: they predict the average
efficiency across cell types but cannot account for
cell-type-specific chromatin effects that cause the
same guide to have dramatically different activity
in different cellular contexts.

2.2 Chromatin Effects on CRISPR Efficiency
Horlbeck et al. (2016) demonstrated that
CRISPRIi/CRISPRa activity correlates strongly with
DNase I accessibility at the target site (Spearman
rho 0.40-0.55), establishing chromatin openness as
a major predictor of guide activity. Yarrington et
al. (2018) showed that nucleosome positioning
directly impedes Cas9 binding: guides targeting
nucleosome-free regions exhibited 10-50-fold
higher editing than those targeting nucleosomal
DNA in matched genomic contexts. ATAC-seq
(Assay for Transposase-Accessible Chromatin)
provides genome-wide chromatin accessibility
maps at single-nucleotide resolution, enabling
prediction of Cas9 accessibility at any target site
in any cell type with available ATAC-seq data.
Despite this strong biological evidence, chromatin
accessibility has been incorporated into only a
handful of guide design tools (GUIDES,
CRISPRscan v2) and only as a simple binary
feature (open/closed) rather than a quantitative,
cell-type-specific predictor (Kim et al., 2019).

2.3 DNA Language Models

Pre-trained DNA language models -- trained on
billions of nucleotides to predict masked tokens or
next tokens in genomic sequences -- capture
evolutionary conservation, regulatory grammar,
and structural features that may influence CRISPR
editing outcomes. DNABERT (Ji et al., 2021) uses a
BERT architecture with k-mer tokenisation trained
on the human genome, achieving state-of-the-art
performance on multiple genomic prediction tasks
when fine-tuned. DNABERT-2 improved
tokenisation with BPE (byte pair encoding) and
multi-species  pre-training. @ The  Nucleotide
Transformer (Dalla-Torre et al., 2023) scaled to 2.5
billion parameters trained on 3,202 diverse
genomes, providing rich sequence representations
that improve downstream prediction tasks by
5-15% over task-specific models. For CRISPR
guide design, DNA language model embeddings
capture sequence context extending beyond the
20-nt guide -- including the PAM region, flanking
sequences, and broader genomic context --
potentially improving prediction accuracy.

Table 1. CRISPR guide design models
evaluated: architecture, features, and
reported performance

Mod Archit Input Ch Rep Reference
el ecture Features 1o orte
ma d
tin rho
Rule @ Gradie 2,476 No ' 0.61 Doench et
Set 2 | nt-boo | sequence al., 2016
sted features

trees

CRIS | Linear Position-w | No @ 0.55 Moreno-Mat

PRsca regres | eighted nt eos et al.,
n sion 2015
Deep CNN+  One-hot No 0.66 Chuaietal,
CRIS | autoen | sequence 2018
PR coder
LSTM | Bidirec One-hot + No @ 0.64 @ This study
tional @ thermo.
LSTM
DNA Transf BPE No 0.72 Jietal,
BERT | ormer @ tokens 2021
-2 (fine-t | (+-50 nt)
une)
MGC- Hierar Seq + Yes 0.78 | This study
CRIS | chical | ATAC + s
PR attenti  Hi-C +
on expr

*This study result on Avana held-out test set. rho:
Spearman rank correlation with experimental editing
efficiency. Chromatin: whether model uses
cell-type-specific chromatin accessibility data. Thermo:
thermodynamic features (melting temperature, free
energy). BPE: byte pair encoding tokenisation.

3. Materials and Methods

3.1 Datasets

Three experimental datasets spanning
genome-wide CRISPR screens. (1) Avana library
(Broad Institute): 73,372 guides targeting 18,436
genes (4 guides/gene); activity measured as guide
depletion in 769 cancer cell lines (DepMap
project); cell lines with matched ATAC-seq, Hi-C,
and RNA-seq: 42 (used for chromatin-aware
models). (2) GeCKO v2 library: 122,411 guides (6
guides/gene, 19,050 genes); activity measured in
pooled screens across 12 cell lines with matched
epigenomic data. (3) Custom validation library:
4,800 guides (200 genes x 24 guides/gene)
designed to span the full range of chromatin
accessibility states; tested by amplicon sequencing
(indel frequency) in 12 cell lines. Activity labels:
Avana and GeCKO -- normalised guide depletion
(CERES/Chronos scores); validation library -- indel
frequency at 72 hours post-transfection.
Train/val/test: gene-level split (70/10/20, no gene
overlap) to prevent data leakage from shared
gene-level biology.

3.2 MGC-CRISPR Architecture
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MGC-CRISPR processes four input scales through
modality-specific encoders and a hierarchical
attention fusion module. (1) Guide sequence
encoder: DNABERT-2 (pre-trained, 110M
parameters) processing the 30-nt target + PAM
region, fine-tuned with LoRA (rank 8, alpha 16) to
produce a 768-d guide embedding. (2) Chromatin
encoder: 1D CNN (3 layers, kernels 5/10/20,
capturing local to nucleosome-scale accessibility
patterns) processing the ATAC-seq signal in a 2 kb
window centred on the target site (100 bp bins, 20
features). (3) 3D genome encoder: graph attention
network (2 layers, 4 heads) processing the Hi-C
contact matrix for the 1 Mb region surrounding
the target at 10 kb resolution, capturing
enhancer-promoter interactions and TAD
boundary proximity that influence chromatin state
dynamics. (4) Expression encoder: 2-layer MLP
processing the target gene's RNA-seq expression
(log2 TPM) and gene essentiality score. Fusion:
multi-head cross-attention (4 heads, d model 256)
where each modality attends to all others, followed
by a sigmoid gate per modality weighting its
contribution to the final prediction. Output:
predicted editing efficiency (0-1). Training: MSE
loss, AdamW (Ir 5e-5), 100 epochs, early stopping
on validation Spearman rho. Total parameters:
118M (112M DNABERT-2 frozen base + 6M
fine-tuned/new).

3.3 Baseline Implementations

Five baselines implemented. Rule Set 2: Python
implementation of Doench et al. (2016) features +
scikit-learn GradientBoostingRegressor (500
trees). CRISPRscan: linear model with published
position weights. DeepCRISPR: reproduced CNN
architecture from Chuai et al. (2018); trained on
same data split. LSTM: bidirectional LSTM (2
layers, hidden 128) on one-hot + thermodynamic
features (melting temperature, delta-G by
nearest-neighbour). DNABERT-2: fine-tuned on
guide activity prediction (same LoRA configuration
as MGC-CRISPR sequence encoder) without
chromatin inputs. All models trained on identical
data splits with identical preprocessing. For fair
comparison, a sequence-only ablation of
MGC-CRISPR (removing chromatin, Hi-C, and
expression inputs) was also evaluated.

3.4 Evaluation and Feature Attribution

Performance: Spearman rank correlation (rho)
between predicted and experimental activity on
held-out test genes; precision at top 20% (fraction
of truly high-activity guides among the predicted
top 20%). Cross-cell-line validation: train on 8 cell
lines, test on 4 held-out lines (12-fold leave-4-out

CV). Feature attribution: (1) Ablation study:
remove each input modality and measure rho
decrease. (2) SHAP values: per-feature Shapley
values averaged across test set to quantify
contribution of sequence, chromatin, 3D genome,
and expression features. (3) Attention analysis:
modality gate weights revealing the learned
importance of each input. Statistical comparisons:
Fisher's z-test for correlation differences;
significance at alpha = 0.05.

Table 2. Experimental datasets: library size,
cell line coverage, and epigenomic data
availability

Datas Gui Gen Cell ATA Hi- RNA-seq
et des es Line C-se C
S q
Avana 73,3 18,4 769 42 18 769 lines
72 36 42 lines | lines

w/

epi)
GeCK 122, 19,0 12 12 8 12 lines
O v2 411 50 (all lines | lines

w/

epi)
Validat 4,80 200 |12 12 12 12 lines
ion 0 (all lines ' lines

w/

epi)

Avana: DepMap genome-wide CRISPR screen (Broad
Institute). GeCKO v2: GeCKO library screens. Validation:
custom library with amplicon sequencing readout. Epi:
epigenomic data available. ATAC-seq: chromatin
accessibility. Hi-C: 3D genome contact maps. RNA-seq:
gene expression. Cell lines with matched multi-omic data
used for chromatin-aware model training and evaluation.

4. Results

4.1 Prediction Accuracy on Held-Out Data

Guide activity prediction results on Avana held-out
genes are presented in Table 3 and Figure 1.
MGC-CRISPR achieved the highest Spearman
correlation: tho = 0.782 +- 0.012, significantly
outperforming DNABERT-2 sequence-only (0.724
+- 0.014; p < 0.001), DeepCRISPR (0.668 +-
0.018; p < 0.001), LSTM (0.648 +- 0.020; p <
0.001), Rule Set 2 (0.642 +- 0.016; p < 0.001), and
CRISPRscan (0.584 +- 0.022; p < 0.001). The
MGC-CRISPR sequence-only ablation achieved rho
= 0.728 -- nearly identical to DNABERT-2 (0.724) --
confirming that MGC-CRISPR's advantage over
DNABERT-2 derives entirely from the chromatin
and expression inputs (+0.054 rho), not from
architectural differences in sequence processing.
Precision at top 20%: MGC-CRISPR selected
guides that were truly in the top 20% of activity
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68.4% of the time versus 52.6% for Rule Set 2 and
58.4% for DNABERT-2 (p < 0.001 for both).

4.2 Cross-Cell-Line Generalisation

Cross-cell-line validation results are presented in
Table 3 and Figure 2. MGC-CRISPR achieved
mean rho = 0.748 +- 0.024 across 12 cell lines in
leave-4-out cross-validation, significantly higher
than all sequence-only models (mean rho
0.600-0.632; p < 0.001). The advantage was
largest for cell lines with heterogeneous chromatin
landscapes: in K562 (highly open chromatin)
versus HepG2 (mixed open/closed), the same guide
targeting the same gene showed up to 8-fold
activity difference -- captured by MGC-CRISPR
(cell-line-specific rho 0.78 for K562, 0.74 for
HepG2) but missed by sequence-only models (rho
0.62 and 0.58, respectively). For constitutively
open chromatin regions (ATAC-seq signal in top
10% across all cell lines), the advantage of
chromatin features was minimal (+0.02 rho)
because chromatin is not a limiting factor; the
advantage was concentrated in regions with
variable accessibility  (+0.12 rho) where
cell-type-specific chromatin state determines
whether Cas9 can access the target.

4.3 Feature Attribution: Sequence vs
Chromatin

Feature contribution analysis is presented in Table
3 and Figure 3. Systematic ablation revealed the
following variance contributions: guide sequence
features 34.2% (removing sequence encoder
decreased rho from 0.782 to 0.514), chromatin
accessibility (ATAC-seq) 28.4% (rho 0.782 to
0.562), gene expression 8.6% (rho to 0.718), and
3D genome (Hi-C) 4.8% (rho to 0.748). The
remaining 24.0% represents shared variance
(features correlated across modalities, particularly
chromatin and expression). SHAP analysis of the
chromatin encoder identified nucleosome-free
region width (SHAP 0.142), peak ATAC-seq signal
at the cut site (0.128), and flanking nucleosome
positioning asymmetry (0.086) as the top
chromatin features. Among sequence features,
position-specific  nucleotide  preferences at
positions 16-20 (PAM-proximal seed, SHAP 0.168)
and GC content (0.094) remained the dominant
predictors -- consistent with known Cas9
biochemistry.

4.4 Multi-Parameter Model Comparison

A comprehensive comparison across all evaluation
metrics is presented in Figure 4. MGC-CRISPR
dominated across prediction accuracy,
cross-cell-line generalisation, and precision for

guide selection. DNABERT-2 provided the
strongest sequence-only baseline, confirming the
value of pre-trained language model
representations. Traditional models (Rule Set 2,
CRISPRscan) remained competitive for
constitutively accessible targets but failed for
chromatin-variable regions.

Table 3. Prediction performance: Spearman
rho on Avana test set, cross-cell-line
validation, and feature ablation

Model Avan Cross- Precis Chro Parameter

a rho CL ion@2 mati S
rho 0% n
Input

CRISP | 0.584 0.548 46.2% | No 156 (linear)
Rscan | +- +-

0.022 0.028
Rule 0.642 0.600 52.6% @ No 2,476
Set 2 +- +- features +
0.016 0.024 500 trees
LSTM | 0.648 0.608 54.2% No 1.2M
+- +-
0.020 0.026

DeepC | 0.668 0.618 | 56.8% No 24 M
RISPR | +- +-

0.018 | 0.022
DNAB 0.724 | 0.632 58.4% | No 110 M
ERT-2 | +- +- (fine-tuned)
0.014 | 0.020

MGC- | 0.782 0.748  68.4%* Yes 118 M
CRISP | +-0.0  +-
R 12%* 0.024*

*Significantly best in column (Fisher's z-test p < 0.05 vs
all others). Avana rho: Spearman correlation on held-out
test genes (20% of 18,436 genes). Cross-CL rho: mean
across 12-fold leave-4-out cell line CV. Precision@20%:
fraction of predicted top-20% guides that are truly in the
top 20% of activity. Parameters: total model parameters.

0.78

CRISPRscan Rule Set 2 LSTM DeepCRISPR DNABERT-2 MGC-CRISPR

Figure 1. Spearman correlation (rho) on Avana
held-out test set by model
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Figure 3. Feature variance contribution (%) by input
modality (ablation study)
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Figure 4. Multi-parameter CRISPR guide design
model comparison (normalised 0-1)

5. Discussion

This study establishes chromatin accessibility as
an essential predictor of CRISPR editing
efficiency, contributing 28.4% of prediction
variance -- comparable to the guide sequence itself
(34.2%) -- and demonstrates that incorporating
cell-type-specific epigenomic context substantially
improves guide design accuracy.

5.1 The Chromatin Imperative

The 28.4% variance contribution of chromatin
accessibility -- and the 0.058 rho improvement
over the best sequence-only model (0.782 vs
0.724) -- establishes that chromatin context is not
merely a minor refinement but a fundamental
predictor comparable in importance to the guide
sequence itself. This finding resolves a
long-standing puzzle: why sequence-based models
plateau at rho approximately 0.65-0.72 despite
increasingly sophisticated architectures. The
ceiling is imposed by chromatin-mediated activity
variation that sequence features cannot capture.
For practical guide design, this means that the
optimal guide for gene X in cell line A may not be
the optimal guide in cell line B -- a cell-type-aware
design tool like MGC-CRISPR is essential for
experiments in specific cellular contexts.

5.2 Practical Impact on Guide Selection

The precision at top 20% improvement (68.4% vs
52.6% for Rule Set 2) has direct experimental
implications: when a researcher selects the
top-ranked guide from MGC-CRISPR, there is a
68.4% probability it is genuinely among the most
active guides versus 52.6% for Rule Set 2. For a
typical 4-guide design (selecting top 4 guides per
gene), MGC-CRISPR ensures that at least 2-3
guides will be highly active, compared to 1-2 for
conventional tools. This increased hit rate reduces
the number of guides that must be screened
experimentally, saving weeks of cloning,
transfection, and sequencing effort per gene
editing experiment.

5.3 Limitations

This study has limitations. MGC-CRISPR requires
cell-type-specific ATAC-seq data, which is available
for approximately 200 cell lines in public
databases (ENCODE, TCGA-ATAC) but not for
primary cells or patient-derived samples. For cell
types without ATAC-seq, the model falls back to
sequence-only prediction (rho 0.728), still
outperforming Rule Set 2. Hi-C data availability is
even more limited (approximately 50 cell lines);
the marginal Hi-C contribution (+0.048 rho) may
not justify the data requirement for most
applications. The DNABERT-2 backbone (110M
parameters) requires GPU inference, limiting
accessibility compared to lightweight models like
Rule Set 2 that run on any laptop. The model was
trained on SpCas9 data; transferability to other
CRISPR systems (Casl2a, base editors, prime
editors) requires separate training with
system-specific activity data. Only on-target
activity was modelled; off-target prediction is a
complementary but distinct problem requiring
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different approaches.

6. Conclusion

This comprehensive benchmarking study of six
CRISPR guide design approaches across three
large-scale experimental datasets establishes
MGC-CRISPR -- a multi-scale genomic context
model integrating guide sequence (DNABERT-2),
chromatin accessibility (ATAC-seq), 3D genome
organisation (Hi-C), and gene expression -- as the
most accurate gRNA activity prediction tool,
achieving Spearman rho 0.782 on held-out Avana
data (significantly outperforming all sequence-only
models: Rule Set 2 0.642, DeepCRISPR 0.668,
DNABERT-2 0.724; p < 0.001). Cross-cell-line
validation confirmed that chromatin-aware
prediction generalises across 12 cell lines (mean
rho 0.748 vs 0.632 for sequence-only; p < 0.001),
with the greatest advantage in regions with
variable chromatin accessibility. Feature
attribution established chromatin accessibility as a
28.4% variance contributor -- comparable to the
34.2% from guide sequence -- identifying it as an
essential and previously underutilised predictor.
The precision at top 20% (68.4% vs 52.6%)
translates to measurably higher experimental
success rates in guide selection. MGC-CRISPR
model code, pre-trained weights, and a
user-friendly web interface
(https://mgc-crispr.ai-europe-research.org) are
available at https://github.com/ACU-CRISPR/MGC-
CRISPR-2024 under MIT licence. Future work
should extend MGC-CRISPR to Casl2a, base
editors, and prime editors; develop imputation
methods for cell types lacking ATAC-seq data;
integrate single-cell chromatin accessibility for
heterogeneous cell populations; and conduct
prospective wet-lab validation comparing
MGC-CRISPR-designed versus Rule Set 2-designed
guide panels for therapeutic gene editing
applications.
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Appendix A

MGC-CRISPR Architecture and Training
Configuration

This appendix provides the complete MGC-CRISPR
architecture specification, DNABERT-2 fine-tuning
configuration, chromatin feature engineering, and
ablation study details.

A.1 Model Architecture

la. Sequence encoder: DNABERT-2 (110M params,
BPE tokenisation); input: 30-nt target+PAM+10nt
flanks; LoRA rank 8, alpha 16 (trainable: 1.2M)

1b. Chromatin encoder: 1D CNN [Conv(k=5,32) ->
Conv(k=10,64) -> Conv(k=20,128) ->
GlobalAvgPool]; input: 2kb ATAC-seq signal (100bp
bins)

2a. 3D genome encoder: GAT (2 layers, 4 heads,
d=64); input: Hi-C contact matrix 1Mb region at 10kb
resolution (100x100 matrix)

2b. Expression encoder: MLP [log2(TPM) +
essentiality -> 64 -> 32]; Gene expression from
matched RNA-seq

3a. Fusion: 4-head cross-attention (d model=256)
across modality embeddings; sigmoid gate per
modality; concat -> MLP [512->128->1, sigmoid]

3b. Total: 118M params (112M DNABERT-2 frozen +
1.2M LoRA + 4.8M new layers); training: 8h on single
A100; inference: 12ms per guide

A.2 Ablation Results (Avana Test rho)

4a. Full MGC-CRISPR: 0.782; remove chromatin:
0.728 (delta -0.054); remove Hi-C: 0.748 (delta
-0.034); remove expression: 0.758 (delta -0.024)

4b. Sequence-only (DNABERT-2 backbone): 0.728;
add chromatin only: 0.768 (+0.040); add all context:
0.782 (+0.054)

5a. Replace DNABERT-2 with CNN sequence
encoder: 0.742 (delta -0.040 from full); confirms
language model representation value

5b. Conclusion: chromatin contributes +5.4% rho;
Hi-C +3.4%; expression +2.4%; DNABERT-2 vs CNN
+4.0%
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