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Abstract

Fine-grained prediction of chromatin accessibility from DNA sequence is a founda-
tional step in modeling gene expression changes resulting from sequence variants.
Yet, few methods operate at the resolution necessary to capture subtle effects
of single-nucleotide changes. Furthermore, it remains unclear which architectural
components, such as residual connections, normalization strategies, or attention
mechanisms, drive performance in these high-resolution predictions. To address
these knowledge gaps, we systematically evaluate classic architectural choices and
introduce ConvNeXt V2 blocks, originally developed for computer vision, as high-
resolution feature extractors in deep learning models for genomic data. Integrated
into diverse architectures such as CNNs, LSTMs, dilated CNNs, and transformers,
ConvNeXt V2 blocks consistently improve performance, leading to similar prediction
accuracy across these different model types. This reveals that early feature extrac-
tion, rather than downstream architecture, is the primary determinant of prediction
accuracy. A comprehensive evaluation of these models on ATAC-seq signal predic-
tion at 4 bp resolution in a cell-type-specific manner identifies the ConvNeXt-based
dilated CNN as the most robust performer, better preserving the signal’s shape.
Our codebase and benchmarks provide practical tools for high-resolution chromatin
modeling.
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Introduction

Predicting chromatin accessibility from DNA sequence is one of the central challenges
in regulatory genomics, with applications including the interpretation of non-coding
genetic variants and the decoding of regulatory element architecture (Zhou and Troy-
anskaya, 2015; Kelley et al., 2018; Avsec, Agarwal, et al., 2021; Pampari et al., 2024).
Accurate, high-resolution maps of chromatin accessibility are essential for downstream
tasks such as identifying regulatory elements, modeling 3D chromatin organization,
and predicting gene expression (Thibodeau et al., 2021; Karbalayghareh et al., 2022;
Tan et al., 2023; Z. Zhang et al., 2023; Grover et al., 2024). While experimental
assays like FATRE-seq (Giresi et al., 2007), DNase-seq (Song and Crawford, 2010), and
ATAC-seq (Buenrostro et al., 2015) provide high-resolution measurements of chro-
matin accessibility in specific cellular contexts, they are resource-intensive and often
unavailable for specific genetic variants. In the absence of such experimental assays,
neural network—based predictions offer a reliable and efficient alternative for esti-
mating changes in chromatin accessibility induced by the genetic variants in a cell
type-specific manner.

Numerous deep learning approaches have been proposed to predict chromatin
accessibility from DNA sequence. Earlier methods (Zhou and Troyanskaya, 2015; Kel-
ley et al., 2016; Quang and Xie, 2016; Min et al., 2017; Guo et al., 2020) treated this as
a binary classification task, labeling regions as either open or closed. Some of the later
methods, such as Deopen (Liu et al., 2018) demonstrated the performance of their
model in predicting the maximum intensity of chromatin accessibility corresponding
to the input DNA segment. Subsequently, Basenji (Kelley et al., 2018) and Enformer
(Avsec, Agarwal, et al., 2021) showed that it was possible to predict the intensity of
the chromatin accessibility signal corresponding to the input DNA sequence with a rel-
atively lower resolution (128bp) by binning the signal tracks. Although these methods

are highly accurate, this coarse formulation (i.e., predicting chromatin accessibility
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profiles at 128bp or lower resolution) is still insufficient to study local changes in chro-
matin accessibility caused by point mutations. Moreover, it hinders their applicability
for downstream tasks, including prediction of transcription factor binding (Cazares
et al., 2023), cell-type-specific chromatin structure (Tan et al., 2023; R. Yang et al.,
2023; Z. Zhang et al., 2023; Gao et al., 2024; Grover et al., 2024), and gene expression
(Karbalayghareh et al., 2022; Z. Zhang et al., 2023). Therefore, there is a need for
the development of deep learning methods that can accurately predict high-resolution
chromatin accessibility signals.

Recently introduced ChromBPNet (Pampari et al., 2024) predicts chromatin acces-
sibility at base-pair resolution using dilated convolutional networks, representing an
advance in resolution capabilities. However, it is not extensively compared against
other model architectures, like recurrent neural networks and transformers, leaving
questions about optimal architectural choices unanswered. GOPHER (Toneyan et al.,
2022) was introduced as an extensive benchmark that compared various deep learning
methods, such as Basenji (Kelley et al., 2018) and BPNet (Avsec, Weilert, et al., 2021),
in their ability to predict chromatin accessibility for different experimental setups.
Both of these methods use dilated convolutional neural networks (dCNNs) to capture
long-range information from the input DNA sequence. These methods were evaluated
against a convolutional neural network (CNN) baseline, highlighting the predictive
prowess of dCNN-based methods over CNN-based methods. However, recurrent neu-
ral network-based methods and transformer-based methods are not explored in this
benchmark, creating a gap in understanding which architectural paradigms perform
best for high-resolution chromatin accessibility prediction.

In this work, we present a systematic evaluation of deep learning models for
predicting ATAC-seq signals at 4 bp resolution from DNA sequence. We begin by
extensively tuning three commonly used architectures — CNNs, recurrent neural net-

works (specifically, long short-term memory, LSTM), and dCNNs, for high-resolution
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chromatin accessibility prediction. Building on this, we incorporate ConvNeXt V2
(Woo et al., 2023) blocks, originally developed for vision tasks, as feature extractors
across all architectures and introduce a novel transformer-based model tailored for
this task. We evaluate each model’s performance on accessible regions and genome-
wide, assess robustness to input shifts, examine interpretability, and test sensitivity to
single-nucleotide variants (SNVs) using cancer patient data. This benchmark reveals
how architectural choices impact predictive accuracy, robustness, and variant inter-
pretation, providing a practical foundation for future development of deep learning

methods in regulatory genomics.

Results

Designing a deep-learning model benchmark for

high-resolution ATAC-seq prediction

We evaluated four categories of deep learning architectures — convolutional neural
networks (CNNs), recurrent neural networks (LSTMs), dilated CNNs (dCNNs), and
transformers, based on their ability to predict ATAC-seq signal at high resolution.
To ensure a fair comparison, we standardized the experimental setup across models:
each received a 2048 bp one-hot encoded DNA sequence as input and was trained to
predict the chromatin accessibility signal at 4 bp resolution across the central 1024
bp region (Fig. 1). This resolution was chosen because transcription factor binding
motifs typically span more than 4 bp (Stewart et al., 2012), making it sufficient to cap-
ture relevant regulatory variation. The 2048 bp input window also provides adequate
genomic context for the models to learn both local and distal sequence features.

We began by benchmarking architectures used in existing methods, broadly cate-
gorized into CNNs (Zhou and Troyanskaya, 2015), LSTMs (Min et al., 2017; Liu et al.,
2018), and dilated CNNs (Kelley et al., 2018; Pampari et al., 2024) (Fig. 1A). Since

these models were originally developed for different prediction tasks and resolutions,
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Fig. 1 Overview of the benchmarking setup. (A) Models are compared based on their ability
to predict experimental ATAC-seq at 4 bp resolution from an input of 2048 bp long DNA sequences.
(B) Models based on existing methods include CNN, LSTM, and dCNN-based architectures. Each
model has a convolution-based stem to extract genomic features. (C) Models proposed in this work,
including a transformer-based architecture. The new models use ConvNeXt V2 blocks to effectively
extract features from the input DNA sequence. (D) ConvBlock uses a single convolutional layer
whereas ConvNeXt V2 block additionally uses dense layers, layer normalization and Global Response
Normalization (GRN).

we conducted an extensive hyperparameter search to adapt each to our standard-
ized 4 bp resolution setup. Next, to improve feature extraction, we replaced standard
convolutional layers in the stem of all three architectures with transformer-inspired
ConvNeXt V2 blocks, originally designed for vision tasks but well-suited for capturing
local and global genomic features (Woo et al., 2023) (Fig. 1B).

Previous studies have shown that transformer architectures can outperform
convolution-based models in capturing long-range dependencies in genomic sequences
(Avsec, Agarwal, et al., 2021; Ji et al., 2021; M. Yang and Ma, 2023; Dalla-Torre
et al., 2024). However, their application to high-resolution chromatin accessibility

prediction has not been explored. To address this limitation, we designed a novel
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o transformer-based model incorporating rotary positional embeddings (Su et al., 2024)

92 (Flg lB)

03 The detailed architecture of each model can be found in Supplementary Fig. S1.

o Together, these models form a comprehensive benchmark across four deep learning

os architecture families.

« Improving model prediction accuracy with ConvNeXt-based

« feature extraction

s Each model was extensively trained and tested on data from eight distinct datasets:

o four established human cell lines (GM12878, K562, IMR-90, and HepG2) and four

w0 cancer patient samples (two colon adenocarcinomas (COAD) and two kidney renal

i papillary cell carcinomas (KIRP)). We implemented a cell type-specific training

w2 approach to account for the distinct regulatory mechanisms that govern chromatin

103 accessibility in different cellular contexts. Specifically, separate models were trained

s and evaluated independently for each cell line or cancer patient sample, without shar-

s ing parameters across cell types. To ensure statistical robustness, we implemented a

w0 b-fold cross-validation strategy for each model within each cell type or tumor sam-

w7 ple. The validation folds were stratified by chromosomes, allowing us to evaluate

s model performance on entirely unseen genomic regions while maintaining the unique

19 characteristics of each cell type.

110 Within the test chromosomes, we evaluated model performance using two com-

w plementary measurements: prediction accuracy on the reported ATAC-seq peaks and

12 prediction accuracy on entire genomic regions. This dual assessment allowed us to

1u3  benchmark both the models’ ability to accurately characterize highly accessible chro-

s matin regions (peak-focused evaluation) and their capacity to distinguish between

ns accessible and inaccessible regions across the complete chromosomal landscape

us  (genome-wide evaluation).
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Fig. 2 Model comparison across datasets. (A) Pearson’s correlation between true and predicted
ATAC-seq signals in peak regions across eight distinct datasets for state-of-the-art models. (B) Perfor-
mance comparison among the four models proposed in this work (ConvNeXtCNNs, ConvNeXtLSTMs,
ConvNeXtDCNNs, and ConvNeXtTransformers) for the ATAC-seq peak regions stratified by cell
lines and primary tumor samples. Each point depicts a test chromosome. The black dashed line shows
the average performance of a model across all datasets and chromosomes. (C) Improvements of the
new ConvNeXt-based methods proposed in this werk for the ATAC-seq peaks as compared to exist-
ing methods. The significance is calculated with a two-sided Mann-Whitney U test on Pearson’s R
calculated for each test chromosome. ****: P < 0.0001, ***: P < 0.001, **: P < 0.01, *: P < 0.05,
ns: P > 0.05. The A Pearson’s R is calculated as the difference between mean Pearson’s R across
all chromosomes for a ConvNeXt-based method and the corresponding existing method. (D) The
total training time (in hours) of each method on a single RTX2080Ti GPU averaged across eight
datasets. The error bar shows 95% confidence interval. Median training time is mentioned over each
bar. (E) The F1 score is calculated for all the methods to evaluate the retrieval of ATAC-seq peak
calls from the predictions. Each point represents one of the eight datasets. P-values are calculated
using the Wilcoxon signed-rank test. (F) The average shape of the predicted ATAC-seq signal is
compared against the experimental shape in the ATAC-seq peak regions of the GM12878 cell line.
(G) Cosine similarity between experimental ATAC-seq and predicted ATAC-seq in the peak regions
of the GM12878 cell line. (H) An example of predicted signal vs. the experimental signal around
the FMNL1 gene in the HepG2 cell line. A distal enhancer, discovered as a peak only based on the
predictions of the ConvNeXtDCNN method, is highlighted.
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17 Among the architectures employed in existing methods (CNNs, LSTMs, dCNNs),

us  dCNNs consistently outperformed others in both peak-focused and genome-wide set-

uo  tings (Fig. 2A, Supplementary Fig. S2). However, upon incorporating ConvNeXt V2

120 blocks in the stem of these architectures, all models demonstrated similar high corre-

21 lations with the experimental ATAC-seq values in the accessible regions as well as on

122 whole genome (average Pearson’s R > 0.7) (Fig. 2B, Supplementary Fig. S2).

123 The novel transformer-based architecture, ConvNeXtTransformer, that we also

12¢ introduced in this evaluation, performed comparably to the ConvNeXtCNN and

125 ConvNeXtDCNN models. We also explored the xLSTM architecture, a more recent

126 development than the transformer, which offers improved memory efficiency for

17 sequential data processing (Beck et al., 2024). However, when tested in our frame-

128 work, ConvNeXt-xLSTM was outperformed by ConvNeXtLSTM, suggesting that its

129 recurrent, long-range dependency modeling impaired the capture of local context crit-

10 ical for ATAC-seq prediction compared to ConvNeXtTransformer’s attention-based

w  approach (Supplementary Fig. S3). Overall, incorporating ConvNeXt blocks into the

132 stem consistently improved the performance of the existing models across all datasets,

133 although the effect size was modest when comparing ConvNeXtDCNN to the dilated

1  CNN (Fig. 2C, Supplementary Fig. S2). This underscores the better effectiveness of

135 ConvNeXt blocks in capturing genomic features with local and global context.

136 Adding ConvNeXt blocks to the stem, however, increased training times, with Con-

1w vNeXtDCNN requiring approximately 1.7 more hours as compared to dCNN (Fig. 2D).

133 Despite this, all models exhibited fast inference, predicting ATAC-seq signal across

139 the entire Chromosome 17 in under 2 minutes, underscoring their practical utility for

o variant-effect prediction tasks (Supplementary Fig. S2).
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Assessing peak detection and signal shape fidelity in predicted
ATAC-seq tracks

Accurate identification of ATAC-seq peaks is essential for deep learning models to
generate outputs suitable for downstream tasks. We performed peak calling on the
predicted ATAC-seq signals from each model (Methods) and compared the resulting
peaks against experimental data. For robust evaluation, we used the F1 score, which
accounts for class imbalance. ConvNeXt-based models outperformed existing baselines,
with ConvNeXtDCNN achieving the highest F1 score (Fig. 2E).

To assess how well these models capture signal shapes around the peak maxima, we
plotted the min-max normalized predicted ATAC-seq signal averaged across all peaks,
datasets, and training folds (Fig. 2F). While ConvNeXtLSTM tended to over-predict
the signal at peak boundaries, producing smoother profiles, other ConvNeXt-based
methods closely matched the experimental ATAC-seq signal, accurately capturing
nucleosome positioning around peak centers. This qualitative observation was further
supported quantitatively, as the other ConvNeXt-based methods showed higher cosine
similarity with the experimental ATAC-seq signal than ConvNeXtLSTM (Fig. 2G).

Finally, we visualized the chromatin accessibility signals generated by each
ConvNeXt-based model on test chromosomes and their corresponding peaks (Fig. 2H).
The predicted signals and peaks co-localized with many known promoters and
enhancers (Moore et al., 2020), corroborating quantitative overlap analyses with
ground-truth accessible regions and confirming the high fidelity of predicted peak
shapes (Fig. 2E-H). Notably, some enhancers were uniquely identified by specific meth-
ods; for example, an enhancer in the gene body of FMNL1-DT in HepG2 cells was
marked as accessible only by ConvNeXtDCNN (Fig. 2H). Overall, ConvNeXtDCNN
was the top-performing method based on its peak-calling accuracy and correlation
with experimental data, with other ConvNeXt-based models also showing strong

performance.
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Fig. 3 Evaluation of model robustness to input shifts. (A) Position-stratified coefficient of
variation (CoV) is calculated for all the methods for the ATAC-seq peak regions. The variation is
averaged across all the peaks in unseen chromosomes of the 8 datasets. (B) The mean CoV measured
for ATAC-seq peak regions across the eight datasets used in this study. Each point represents mean
CoV for a chromosome unseen by the model during training.

Evaluating model robustness to shifts in the DNA sequence
inputs

A critical property of reliable genomic models is robustness to input shifts, i.e., the
ability to generate consistent predictions regardless of whether the input sequence is
precisely centered on a peak maximum or slightly offset. To quantify this property, we
performed a systematic robustness test on all ConvNeXt-based models, measuring the
variation in predicted ATAC-seq signal across common genomic regions when the input
window is shifted (Toneyan et al., 2022) (Supplementary Fig. S4). For each ATAC-seq
peak across all test chromosomes and training folds, we generated 17 different input
shifts and calculated the coefficient of variation across each 4 bp bin in the commonly
predicted region. Lower coefficient of variation corresponded to higher robustness,
indicating more consistent predictions despite slight shifts in input positioning.

The position-stratified coefficient of variation, averaged across all peaks in differ-
ent datasets, showed that all methods displayed higher robustness at peak centers

(Fig. 3A). The periodic variation pattern observed in ConvNeXtCNN can be attributed

10
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to the inherent sensitivity of convolutional networks to random input shifts (R. Zhang,
2019).

Among all the methods, ConvNeXtDCNN consistently emerged as the most robust
method across all datasets, followed by ConvNeXtLSTM (Fig. 3B-C). The robustness
of ConvNeXtDCNN was further confirmed by a low variation score observed using the

entire unseen chromosomes of each dataset (Supplementary Fig. S4).

Interpreting sequence features underlying model predictions

To gain mechanistic insights into ConvNeXt-based architectures, we performed feature
attribution using integrated gradients (Sundararajan et al., 2017) followed by motif
discovery (Methods). This analysis revealed that the ConvNeXt-based models consis-
tently learned sequence motifs corresponding to transcription factors with known roles
in regulating chromatin accessibility in each cellular context (Fig. 4A-D). For exam-
ple, in K562, motifs of erythroid regulators such as GATA1 and MAFK were highly
enriched, while in HepG2, motifs of hepatic factors, including HNF4G and FOXA?2
predominated. Similar enrichment patterns were observed in GM12878 and IMR-90,
where motifs of transcription factors such as SP1 and CTCF emerged prominently.
The majorly identified transcription factors for each cell type were consistent with
the findings of ChromBPNet (Pampari et al., 2024) (Supplementary Fig. S5). These
findings indicate that the ConvNeXt V2 block effectively captures cell type-specific
regulatory features that underlie chromatin accessibility.

We next examined attribution profiles at individual genomic loci to evaluate
how these motifs contribute to local predictions. At a particular locus on Chromo-
some 4 in K562 cells, ConvNeXtCNN, ConvNeXtDCNN, and ConvNeXtTransformer
strongly highlighted GATA1 and MAFK motifs in close agreement with experimen-
tal ChIP-seq binding, whereas ConvNeXtLSTM produced weaker and less localized

attributions (Fig. 4E). Similarly, in HepG2, ConvNeXt-based methods accurately
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Fig. 4 Interpreting sequence features underlying model predictions. (A-D) Proportion of
identified transcription factor motifs in different cell lines: (A) GM12878, (B) K562, (C) IMR-90,
and (D) HepG2. (E) GATA1 and MAFK motifs identified by all ConvNeXt-based methods for an
ATAC-seq peak region in the K562 cell line. (F) Similarly, HNF4G and FOXA2 motifs identified in
an ATAC-seq peak region in the HepG2 cell line.

recovered HNF4G and FOXA?2 motifs at regulatory elements validated by ChIP-seq,
with sharper correspondence between predicted and experimental accessibility profiles
compared to ConvNeXtLSTM (Fig. 4F). These examples illustrate that ConvNeXt
architectures not only identify relevant transcription factor motifs but also integrate
them into coherent accessibility predictions at individual regulatory sites.

Together, these global and locus-specific analyses demonstrate that the ConvNeXt
V2 models learn biologically meaningful sequence features, including transcription

factor motifs that are central to cell type-specific chromatin accessibility.
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Evaluating model sensitivity to genetic point variants

Experimentally profiling chromatin accessibility for every genetic variant is pro-
hibitively resource-intensive, highlighting the need for accurate in silico prediction of
variant effects. To evaluate the ability of benchmarked models to capture the effects
of genomic variants, we obtained SNVs from four cancer patients, two with colon
adenocarcinoma and two with kidney renal papillary cell carcinoma, using data from
the ICGC (J. Zhang et al., 2019a), and estimated variant-induced changes on chro-
matin accessibility based on ATAC-seq read counts (Fig. 5A). A total of 1,025 SNVs
were analyzed after filtering out variants with minimal effect, defined as those with
odds ratios between 0.67 and 1.33. For this task, all models were retrained on the full
genome, excluding only regions containing SNVs. Model predictions were then gener-
ated using 2,048 bp SNV-centered input sequences, where the reference and variant
sequences differed by a single nucleotide.

We first qualitatively observed the predicted ATAC-seq profiles by each of the
ConvNeXt-based models using reference and alternate alleles as input. While all mod-
els generally produced consistent changes in accessibility between the two alleles,
ConvNeXtDCNN most accurately recapitulated the fine-grained shape of the predicted
signal (Fig. 5B, Supplementary Fig. S6). An exception was observed at an SNV near
149.6 Mb on Chromosome 5, where only the ConvNeXtLSTM and ConvNeXtDCNN
models correctly predicted the direction of change, with ConvNeXtDCNN providing
a prediction closer to the ground-truth odds ratio (Fig. 5C).

We then assessed the ability of each model to correctly predict the directionality of
change in chromatin accessibility between the reference and variant alleles across all
SNVs. All models outperformed the state-of-the-art method ChromBPNet (Pampari
et al., 2024) and the random baseline, where for each SNV, a value of 0 or 1 was
randomly assigned according to the proportion of SNVs with positive and negative

effects on experimental ATAC-seq (Fig. 5D). Moreover, ConvNeXtDCNN achieved the
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Fig. 5 Evaluating model ability to accurately predict effects of single-nucleotide variants
on chromatin accessibility. (A) Experimental setup to test each model’s ability to predict the
change in chromatin accessibility between the reference DNA sequence (left) and a genomic variant
(right). (B-C) Examples of allele-specific chromatin accessibility predictions for the reference allele
and a genomic variant in Chromosomes 2 and 5, respectively. WGS VAF: Whole genome sequencing
variant allele frequency; R, V: ATAC-seq total reference reads and variant reads, respectively. The
model predictions are smoothed using a 1D Gaussian kernel with o = 8. (D) ConvNeXt-based mod-
els are compared against ChromBPNet based on their ability to predict the correct directionality of
change in accessibility between reference and variant. A total of 1,025 variants are considered across
all cancer patients included in this study. Balanced accuracy, F1 score, and Matthews correlation coef-
ficient (MCC) are used as metrics. A random baseline is included to demonstrate the improvements
in metrics across all models proposed in this work. (E-H) Scatter plots showing the quantitative
change in accessibility by each of the ConvNeXt-based models. (I) Performance of ChromBPNet is
also shown for reference. Log-odds-ratio based on ATAC-seq read counts for reference and variants
are compared against log-fold change (FC) between model predictions with reference and variant as
model inputs and Spearman’s correlation (Rho) is calculated.

highest performance with balanced accuracy of 0.77, F1 score of 0.76, and Matthews
correlation coefficient (MCC) of 0.55 (Fig. 5D). Both F1 score and MCC account for
class imbalance and are, therefore, more robust metrics for this task.

We next tackled the more challenging task of quantitatively predicting the change
in chromatin accessibility induced by an SNV. For this evaluation, the estimated log-
odds ratio from ATAC-seq read counts for the reference and variant alleles served

as the ground truth. This was compared against the log-fold-change between the

14


http://genome.cshlp.org/
http://www.cshlpress.com

251

252

253

254

255

256

257

258

259

260

261

262

263

264

265

266

267

268

269

270

271

272

273

274

Downloaded from genome.cshlp.org on July 9, 2026 . Published by Cold Spring Harbor Laboratory Press

ATAC-seq signal predicted by each model for the variant and the reference nucleotide
(Methods). ConvNeXtLSTM and ConvNeXtDCNN achieved the highest Spearman’s
correlation with the true odds ratio (Rho = 0.48) (Fig. 5E-H), closely followed by
ConvNeXtTransformer (Rho = 0.47) and ConvNeXtCNN (Rho = 0.46). All methods
outperformed the ChromBPNet method (Fig. 5I), demonstrating that incorporating
ConvNeXt-based feature extraction improves sensitivity to sequence variation.

In conclusion, while all models performed well on the task of predicting the effect
of SN'Vs on chromatin accessibility, ConvNeXtDCNN had a slight edge over the other

methods.

Discussion

In this work, we compared existing deep learning architectures - CNNs, recurrent
neural networks (specifically, LSTMs), and dCNNs, on their ability to predict high-
resolution chromatin accessibility signals from genome sequences (Fig. 1A). To improve
model performance, we proposed new ConvNeXt-based models: ConvNeXtCNN, Con-
vNeXtLSTM, and ConvNeXtDCNN. Additionally, we introduced a transformer-based
model, ConvNeXtTransformer, to create a more comprehensive set of architectures for
this task (Fig. 1B).

The ConvNeXt-based models outperformed their traditional counterparts in accu-
rately predicting ATAC-seq signals at 4 bp resolution across eight different cell types
and primary tumor samples. Among them, ConvNeXtCNN, ConvNeXtDCNN, and
ConvNeXtTransformer most accurately captured the shape of the ATAC-seq peaks
(Fig. 2). We further evaluated the robustness of these models to shifts in the DNA
sequence inputs. ConvNeXtDCNN emerged as the most robust method, efficiently

integrating local and global sequence features through its dilated CNN layers (Fig. 3).
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Using the feature attribution measures, we observed that the ConvNeXt-based
models (ConvNeXtCNN, ConvNeXtLSTM, ConvNeXtDCNN, and ConvNeXtTrans-
former) learn biologically meaningful sequence features (Fig. 4). The previously
observed Tnb insertion bias in signal profile prediction was observed only in the Con-
vNeXtDCNN model when trained and evaluated on the ATAC-seq from HepG2 cells
(Pampari et al., 2024). In this experiment, out of all motifs that were considered impor-
tant by the model based on the attribution scores (Methods), only 3.5% corresponded
to the Tn5 motif (Fig. 4D).

Finally, we assessed the model’s ability to predict changes in chromatin accessibility
caused by single-nucleotide genomic variants. ConvNeXtLSTM and ConvNeXtDCNN
achieved the highest accuracy in predicting the log-odds-ratio of ATAC-seq reads
between variant and reference alleles. ConvNeXtDCNN also best captured the direc-
tionality of accessibility changes, accurately distinguishing between increases and
decreases in chromatin accessibility upon SNV introductions (Fig. 5). This highlights
the sensitivity of the ConvNeXtDCNN model to genomic variants and suggests its
potential utility in studying the functional effects of non-coding genetic variants.

While our ConvNeXt-based models demonstrated strong performance in predicting
chromatin accessibility and the effects of SN'Vs, our models were trained in a cell-type-
specific manner. Therefore, they were optimized for individual cellular contexts rather
than generalized across different cell types. While this design ensures high accuracy
within a given cell type, it also means that a new model must be trained for each
additional cell type of interest. Future work could explore data-efficient fine-tuning
approaches to accelerate model adaptation to new cellular contexts without requiring
full retraining.

Overall, our study highlighted the advantages of ConvNeXt-based models in
predicting high-resolution chromatin accessibility and regulatory effects of genetic

variants. By combining ConvNeXt blocks as genomic feature extractors with CNNs,
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LSTMs, dilated CNNs, and transformers, we established a comprehensive framework of
sequence-based chromatin modeling. Our results demonstrated that ConvNeXtDCNN
is not only highly accurate but also robust to input shifts, capture biologically mean-
ingful features, and effective at capturing effects of SNVs on chromatin accessibility,

making ConvNeXtDCNN a promising method for genome-wide regulatory analysis.

Methods

ATAC-seq bigWig data

We downloaded the ATAC-seq signal P-value tracks for four cell lines - GM12878,
IMR-90, HepG2, and K562, from the ENCODE Consortium (Kagda et al., 2023) -
where the experimentally measured ATAC-seq has been preprocessed with the open
source processing pipeline (Lee et al., 2016). These cell lines consist of healthy and
cancer cells, thereby creating a diverse dataset.

To further diversify our validation datasets, we used ATAC-seq data of two colon
adenocarcinoma (COAD) and two kidney renal papillary cell carcinoma (KIRP)
tumors from The Cancer Genome Atlas (TCGA) (Corces et al., 2018). These datasets
have been made available by the Genome Data Commons (GDC) Data Portal (Gross-
man et al., 2016). The choice of these patients was made due to the availability of the
data on their somatic mutations and single-nucleotide polymorphisms (SNPs) in the
International Cancer Genome Consortium (ICGC) and GDC data portals, respectively
(Grossman et al., 2016; J. Zhang et al., 2019b). Moreover, these patients had the high
number of combined SNV calls (> 175,000) before applying SNV-filtering (described
below) and high tumor purity (Consensus Purity Estimate > 0.8) (Aran et al., 2015).

The ATAC-seq BAM files for the primary tumor samples were downloaded from
National Cancer Institute’s Genomic Data Commons portal (Heath et al., 2021). Signal

P-value bigWig files were then generated using the ENCODE’s ATAC-seq processing
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sz pipeline (Lee et al., 2016). All datasets used in this study are listed in Supplementary

28 Table S1.

2 Preprocessing

;0 For the ATAC-seq of each cell line, we composed a dataset for each cell line or can-

s cer patient where each item is a pair of one-hot encoded DNA sequence of shape

s (2048, 4) and the corresponding 4 bp resolution ATAC-seq of shape (512). To reduce

333 the ATAC-seq resolution from 1 bp to 4 bp in the dataset, the values were binned

3 using the maximum value.

335 Each model was trained on whole-genome data from a single cell line or cancer

s patient sample, excluding input DNA sequences corresponding to genomic locations

s with unreliable accessibility measurements to reduce noise and biases. Specifically, we

s excluded input DNA sequences overlapping with blacklisted regions (https://storage.

a0 googleapis.com/basenji_barnyard2/hg38.blacklist.rep.bed) or where less than or equal

a0 to 35% of the 2048 bp input overlapped with unmappable regions (https://storage.

s googleapis.com/basenji_barnyard2/umap_k36_t10132_hg38.bed). The annotations for

w2 blacklisted and unmappable regions of the hg38 genome were sourced from Kelley et

a3 al., 2018. Reverse-complemented DNA sequences were augmented to the training data

as  to enhance model robustness.

35 During the evaluation, we imposed a tighter constraint on the mappability and

us only evaluated the input DNA sequences that did not overlap with any unmappable

w7 region. Additionally, we used only the predictions corresponding to the central 1024bp

us  genomic section. This ensured that there was at least 512 bp of genomic context present

s on either side of any region that we were trying to predict. Each model was trained

0 on the full 512-length predicted output vector, but for evaluation, we restricted the

s analysis to the central 256 entries to avoid edge effects.
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For each model trained on a particular cell line or cancer patient sample, we eval-
uate the model on whole genome data and on a dataset composed of peaks by taking
input DNA sequences centered on the MACS2-called ATAC-seq peaks to compare how

models perform on high signal regions.

Training details

We did a 5-fold cross validation where the genome was randomly split into 5 sets of
chromosome — [1, 11, 13, 20], [2, 10, 14, 19, 21], [3, 12, 16, 17, 22|, [6, 7, 9, 15], [4,
5, 8, 18]. For each fold, a model was trained for a maximum of 70 epochs with early
stopping, with a patience of 5 epochs based on Pearson’s correlation on validation
data.

Poisson negative log-likelihood loss was used to train all models with the AdamW
optimizer (Loshchilov, Hutter, et al., 2017). We began by linearly increasing the learn-
ing rate during the first epoch until we reached a maximum of 1 x 1073. We then
used exponential decay coupled with cosine annealing (Loshchilov and Hutter, 2016),

restarting at the beginning of every epoch.

Model architectures

All models processed one-hot encoded DNA sequences of 2048 bp and predicted ATAC-
seq signals corresponding to the central 1024 bp at 4 bp resolution. Each model is
illustrated in Supplementary Fig. S1. The runtime and memory requirements of each

model are described in Fig. 2D and Supplementary Fig. S2.

CNN

The CNN, inspired by DeepSEA (Zhou and Troyanskaya, 2015), was adapted for 2048
bp inputs and outputs. It comprised three convolutional layers with 512, 640, and 768
filters (kernel size 8), each followed by max pooling (window 4) and dropout (rate

0.2) to reduce dimensionality and prevent overfitting. The flattened output fed into
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two dense layers with 1024 and 512 ReLU-activated units. This architecture excels at
detecting local motif patterns, such as transcription factor binding sites, indicative of

chromatin accessibility.

LSTM

The recurrent model (LSTM), based on DanQ (Quang and Xie, 2016), processed inputs
through a convolutional stem with 512 filters (kernel size 26), followed by max pooling
(window 4) and dropout (rate 0.2). A bidirectional LSTM layer (Schuster and Paliwal,
1997) with 512 units captured long-range dependencies in the sequence. Two dense
layers (1024 and 512 ReLU-activated units) produced the final output. The LSTM’s

memory enables modeling sequential relationships across the DNA.

dCNN

The dilated CNN (dCNN), inspired by Basenji (Kelley et al., 2018) and adapted by
ChromBPNet (Pampari et al., 2024) for 2048 bp inputs, used 11 residual blocks. Each
block contained two convolutional layers, the first with a dilation rate increasing by
a factor of 1.5 across blocks, followed by GELU activation (Hendrycks and Gimpel,
2016). A dense layer reduced the channel dimension to 1, and a softplus activation

ensured positive outputs. This design captures long-range genomic interactions.

To enhance feature extraction, we replaced traditional convolutional blocks with
ConvNeXt V2 blocks (Woo et al., 2023), which offer improved efficiency and

expressiveness via depthwise convolutions and layer normalization.

ConvNeXtCNN

This model used a ConvNeXt stem with 128 filters (kernel size 15), followed by three
ConvNeXt blocks with 256, 512, and 512 filters (kernel size 15), each applying depth-

wise convolutions (Chollet, 2017). Max pooling (window 4) and dropout (rate 0.2)

20


http://genome.cshlp.org/
http://www.cshlpress.com

402

403

404

405

406

407

408

409

410

411

412

413

414

415

416

417

418

419

420

421

422

423

424

425

Downloaded from genome.cshlp.org on July 9, 2026 . Published by Cold Spring Harbor Laboratory Press

followed each block. Two dense layers (512 and 32 ReLU-activated units) processed

the feature matrix, with a softplus activation ensuring positive outputs.

ConvNeXtLSTM

The ConvNeXtLSTM employed a ConvNeXt stem with 256 filters (kernel size 26),
followed by a bidirectional LSTM layer (Schuster and Paliwal, 1997) with 256 units
to model distal genomic interactions. The final LSTM state fed into two dense layers

(256 and 512 ReLU-activated units), with a softplus activation for the output.

ConvNeXtDCNN

Similar to dCNN, the ConvNeXtDCNN used 11 dilated residual blocks but replaced
the initial convolutional layer with a ConvNeXt stem (256 filters, kernel size 15). The

remaining architecture, including dilation rates and softplus output, mirrored dCNN.

ConvNeXtTransformer

We introduced the first transformer-based model for ATAC-seq prediction. Five Con-
vNeXt blocks (256 filters, kernel size 15) and pooling layers tokenized the input into
512 sequences at 4 bp resolution. This sequence of 512 tokens was then passed through
four transformer blocks. Mirroring the behavior seen in current large-language mod-
els (Jiang et al., 2023; Touvron et al., 2023), we observed better performance when
using rotary positional encodings (RoPE) (Su et al., 2024) compared to conventional
sinusoidal encodings proposed in Vaswani et al., 2017. A dense layer aggregated the

(512, C) output across channels, followed by a softplus activation.

ConvNeXt-xLSTM

Lastly, we built an extension of the above methods by using xLSTM in the core of
the model. xLLSTM is a newly built model that extends LSTM by retaining memory

across different states, thereby capturing both local and global contexts (Beck et al.,
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2024). The input DNA sequence was passed through 5 ConvNeXt blocks followed by
an xLSTM block consisting of three mLSTM and one sLSTM blocks with a kernel
size of 4 and 4 heads (Supplementary Fig. S3). The output was then passed through

a dense layer with 128 hidden units and softplus activation function.

Hyperparameter tuning

To optimize model performance for ATAC-seq signal prediction, we tuned hyperpa-
rameters for each method by maximizing Pearson’s correlation on the validation set
of fold 0, comprising held-out chromosomes. For all models, we tested batch sizes of
64, 128, and 256, initial learning rates of 0.005, 0.001, 0.0005, and 0.0001, and a cosine
annealing scheduler with warmup ratios of 0.1, 0.25, or 0.5 of total epochs (Loshchilov
and Hutter, 2016).

For CNN-based methods (CNN and ConvNeXtCNN), we tuned the number of
convolutional layers in the core block (2, 3, or 4), the kernel size in the core block (3,
7, or 15), and the number of dense layers in the output block. All combinations of
these parameters were tested. Increasing the dense layers from 2 to 3 did not improve
performance, so we retained 2 layers.

For LSTM-based methods (LSTM and ConvNeXtLSTM), we tuned the kernel size
of the initial convolutional stem (3, 7, 15, or 26, inspired by DanQ (Quang and Xie,
2016)), the number of bidirectional LSTM layers (1 or 2), the number of dense layers
(2 or 3), and their hidden sizes (256, 512, or 1024).

For dilated-CNN-based methods (dCNN and ConvNeXtDCNN), we explored archi-
tectures with 7 to 15 convolutional residual blocks, inspired by Enformer (Avsec,
Agarwal, et al., 2021) and ChromBPNet (Pampari et al., 2024). We varied the dila-
tion rate (1 to 2, in steps of 0.1) and tested three convolutional block configurations

within each residual block. These configurations used kernel counts of 128 to 512 (step
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size 64), 64 to 256 (step size 64), or 256 to 4096 (step size 256), with corresponding
kernel sizes of 5 to 20, 2 to 5, or 1 to 4, respectively.

For the ConvNeXtTransformer, we tuned the ConvNeXt stem with 1 to 4 layers,
kernel sizes of 7, 11, 15, or 26, and filter counts of 64, 128, or 256. The core ConvNeXt
blocks were tested with 2 to 6 layers, kernel sizes of 3 to 11, and inverted bottleneck
scales of 0.5, 1, 2, or 4, which adjust channel expansion in ConvNeXt’s depthwise
convolutions (Woo et al., 2023). The transformer core was optimized with 2 to 6 layers

and feedforward dimension scales of 0.5, 1, 2, or 4.

Adding mappability information to models

Experimental ATAC-seq signals are influenced by the mappability of the region of
interest. While deep learning models can implicitly learn mappability from DNA
sequences, explicitly providing this information can enhance certain models. To achieve
this, we predicted mappability values from the initial layers of each model alongside
the 4 bp resolution ATAC-seq signal (Supplementary Fig. S7).

The mappability values were calculated as a binary vector based on overlap with
Basenji’s unmappable regions (Kelley et al., 2018). Zeros were assigned to the genomic
segments overlapping with unmappable regions, and ones were assigned otherwise.

Adding this mappability information stabilized CNN and LSTM models but had
no significant effect on dCNN or ConvNeXt-based models (Supplementary Fig. S7).
This suggests that architectures capturing long-range contextual information, such as

ConvNeXt, may implicitly encode mappability due to their larger receptive fields.

Peak calling

Predicted ATAC-seq signals from each model were saved as bigWig files using the
pyBigWig Python package (Ryan, Roberts, et al., 2023). These were then converted

to bedGraphs using bigWigToBedGraph from UCSC Genome Browser utilities (Kent
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ws et al., 2010) and sorted by chromosome and start position. Finally, peaks were called

e from the sorted bedGraphs using MACS2 bdgpeakcall command (version 2.2.9.1)

ws (Y. Zhang et al., 2008) with a minimum score threshold of 1 to filter low-confidence

a9 TEgions.

s Variation score

To calculate the robustness of each model to input shifts, we used the variation score

as described in Toneyan et al., 2022. For each 512 bp region in our test dataset, we con-

structed 17 distinct 2048 bp long input sequences such that the output corresponding

to each input contains the predictions for the selected 512 bp region. Using these 17

predictions, the coefficient of variation was calculated for each 4 bp bin, i.e., for each

bin we calculated the mean and standard deviation of the predictions. The coefficient

of variation (CV) for a given bin was then defined as

w1 where o; and p; denote the standard deviation and mean, respectively, of the 17

w2 predictions for bin 4.

283 Finally, the variation score was obtained by taking the average coefficient of vari-

s ation across all the bins. For the whole-genome evaluation, this was repeated for all

w5 the 512 bp regions of the test chromosomes whereas for peak-centered evaluation, only

w6 those 512 bp regions were selected that contained an ATAC-seq peak.

« Motif discovery

To interpret sequence features underlying model predictions, we computed base-

resolution feature attributions using integrated gradients (Sundararajan et al., 2017).

Attribution scores were calculated with respect to the input DNA sequence for each

prediction. Following the approach described in Pampari et al., 2024, the attribution
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of each input feature was defined as its effect on the weighted sum of the predicted
profile. Specifically, for the predicted profile § € R?, the attribution of each input

nucleotide was calculated for the target

el
>k e v

d
=2,
j=1

For computational efficiency, attributions were calculated on 30,000 randomly sampled
peaks per cell line. Integrated gradients were implemented with the PyTorch Captum
library (Kokhlikyan et al., 2020), using 50 interpolation steps and 20 dinucleotide-
shuffied sequences as the baseline.

The resulting attribution or importance maps were processed with TF-MoDISCo
Lite (Shrikumar et al., 2018) using “n 100,000 -w 500” parameters to cluster
recurring 100,000 high-attribution sequence patterns into representative motifs. Con-
sensus motifs were generated with the tfmodisco-lite report workflow, using
representative motifs with Tn5 variants obtained from the ChromBPNet repos-
itory (https://github.com/kundajelab/chrombpnet/blob/master /chrombpnet/data/
motifs.meme.txt). The discovered motifs and their associated transcription factors
were then reported to highlight the biological relevance of the features captured by

each model.

SNV filtering

We define a single-nucleotide variant (SNV) as either a somatic mutation or a single-
nucleotide polymorphism (SNP). For the four primary tumor samples, we obtained
somatic mutation calls from the study of pan-cancer analysis of whole genome
(PCAWG) (Goldman et al., 2020). The SNP calls were obtained from GDC data portal
(Grossman et al., 2016).
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507 For each patient, the SNVs were filtered to retain only those SNVs that signifi-

sos cantly changed the chromatin accessibility profiles. First, somatic mutations that did

so0  not pass the quality control measures of PCAWG were removed. Similarly, we only

s selected those SNPs that had a heterozygous genotype and a high confidence score

su  (uncertainty value < 0.1). The filtered files were then combined, and total read counts

sz from the whole genome sequencing (WGS) and ATAC-seq experiments were calcu-

sz lated for the reference and variant alleles for each SNV. Using these values, the variant

s allele frequency (VAF) for each SNV was calculated, giving us WGS VAF and ATAC

sis - VAF. As we estimated the expected change in ATAC-seq signal for each SNV using

sis the ATAC-seq read counts, we expected the SNVs to be unbiased towards either allele.

sz Therefore, we selected SNVs with WGS VAF in the range of [0.4, 0.6]. Finally, to obtain

sis SNVs that have a significant change in ATAC-seq, we calculated the significance of

si9  change using the Fisher’s exact test and the odds ratio. Each of these quantities was

s0 calculated using the reference and alternate allele read counts in WGS and ATAC-seq

sn  experiments. SNVs that had a P-value < 0.01 and odds-ratio € [0.67,1.33] were con-

s2 sidered to have a significant change in ATAC-seq signal and therefore, were selected

s3 for SNV analysis.

504 This filtering led to a total SNV count of 1,025, with 80 somatic mutations and

s 945 SNPs across the four cancer patients.

= Software availability

s22 ASAP is available as a Python package at https://pypi.org/project/atac-asap/,

s2s released under the MIT license. Detailed documentation and installation instructions

s are provided at https://github.com/BoevaLab/ASAP /wiki.

530 All results presented in this manuscript can be reproduced using the source code

sn and scripts, which are provided as Supplemental Code and deposited on Zenodo at

s https://doi.org/10.5281/zenodo.15377297.
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