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Transcriptional regulation, critical for cellular differentiation and adaptation

to environmental changes, involves coordinated interactions among DNA
sequences, regulatory proteins, and chromatin architecture. Despite extensive
chromatin profiles and gene expression data from consortia, understanding
the dynamics of cis-regulatory elements in gene expression remains challen-
ging. Deep learning is a powerful tool for learning gene expression and epi-
genomic profiles from DNA sequences, exhibiting superior performance
compared to conventional machine learning approaches. However, even the
most advanced deep learning-based methods may fall short in capturing the
regulatory effects of distal elements such as enhancers, limiting their pre-
dictive accuracy. In addition, these methods may require significant resources
to train or adapt to newly generated data. To address these challenges, we
present EPInformer, a scalable deep-learning framework for predicting gene
expression by integrating promoter-enhancer interactions with their sequen-
ces, epigenomic profiles, and chromatin contacts. Our model outperforms
existing gene expression prediction models in rigorous cross-chromosome
validation, accurately recapitulates enhancer-gene interactions validated by
genome editing experiments, and identifies crucial transcription factor motifs
within regulatory sequences.
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Transcriptional regulation is intricately governed by the complex
interplay of DNA sequences, epigenomic signals, and three-
dimensional (3D) chromatin contacts'>. This process shapes gene
expression and plays a crucial role in cell differentiation and envir-
onmental response. The DNA sequence interacts with various epi-
genetic modifications and chromatin structures to fine-tune gene
expression®. Epigenomic signals, including DNA methylation and
histone modifications, add a dynamic layer to gene regulation,

influencing  transcriptional activity altering  the
underlying DNA sequence. Additionally, the spatial organization of
chromatin, evidenced by chromatin contacts and looping,
further orchestrates transcriptional regulation, bringing distant
regulatory elements into proximity with gene promoters.
Together, these factors constitute a multifaceted system that drives
the precise and context-dependent expression of genes in living
organisms.
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The collaborative work and data generation efforts of consortia
like ENCODE>¢, FANTOM’®, and 4D Nucleome®'® have significantly
enhanced our understanding of gene regulation through epigenomics
and chromatin interactions. The rich and large dataset generated by
these consortia has been crucial for training powerful deep-learning
methods", furthering our ability to dissect and understand gene reg-
ulatory mechanisms?™. These models excel by learning to predict
genomic and epigenomic signals—such as transcription factor binding,
chromatin contacts and accessibility, DNA methylation, and histone
modifications—to improve gene expression predictions and identify
regulatory elements'®™. This underscores deep learning’s transfor-
mative impact on computational biology and genomics™***', However,
fully understanding the complexity of cis-regulatory elements (CREs),
such as enhancers and repressors, remains a significant challenge.

Transformer-based deep learning models have shown remarkable
proficiency in predicting gene expression’”. Their architecture
effectively captures interactions across genomic elements, with the
attention mechanism offering an advantage over traditional convolu-
tional neural networks (CNNs) by better handling long-range genomic
interactions. Among sequence-based models, Enformer is the most
widely used. It excels at predicting gene expression, transcription
factor binding, and chromatin states directly from DNA sequence.
More recently, an updated architecture, Borzoi, was introduced to
model substantially longer genomic contexts (up to 524 kb), improv-
ing predictions of gene expression and diverse epigenomic signals.
However, both Enformer and Borzoi’s extensive training requirements
limit their adaptability to unseen cell types, and their ability to capture
regulatory effects from very distal enhancers remains constrained,
particularly for elements located more than 10 kb from a gene’s tran-
scription start site (TSS), as previously reported””. Another model,
CREaTor*® comprises two transformer encoders that integrate cCRES
from ENCODE open chromatin regions with ChIP-seq data on tran-
scription factors and histone modifications to predict gene expression
levels. However, like Enformer, Borzoi, and CREaTor do not account
for 3D chromatin interactions, which are essential for understanding
spatial regulatory relationships. To incorporate this missing dimen-
sion, Seq-GraphReg” integrates chromatin contact data using a graph
attention network for expression prediction. However, its effective-
ness is restricted by the limited availability of Hi-C data across various
cell lines.

Notably, large genomic language models have emerged as an
important approach for deciphering regulatory grammar from
sequence in a self-supervised manner, inspired by the success of large
language models. DNABERT-2*°, Nucleotide Transformer®”, and
HyenaDNA** are among the most popular models and have been
extensively benchmarked® . Although they show promising perfor-
mance in identifying cell-type-agnostic regulatory elements and genes
directly from DNA sequence, they are not designed for cell-type-
specific gene expression modeling, which limits their utility for
understanding gene regulation in specific cellular contexts. Moreover,
genomic language models typically require substantial computational
resources for fine-tuning on downstream tasks, which is not feasible
for most experimental laboratories.

Hence, there’s a pressing need for a more flexible framework for
combining DNA sequences, epigenomic states, and chromatin contact
data to refine predictive accuracy in cell-type-specific gene expression
modeling. To achieve this, we introduce EPInformer (a portmanteau of
Enhancer-Promoter Interaction and Transformer), a scalable and
efficient deep-learning framework based on the transformer
architecture.

EPInformer offers several key advantages over existing approa-
ches for predicting gene expression: (i) flexible integration of hetero-
geneous multi-omic data (DNA sequence, epigenomic signals,
chromatin contacts); (ii) explicit modeling of long-range
promoter-enhancer interactions via dedicated attention module,

improving enhancer-gene link prediction and interpretability, as
validated by CRISPR perturbations; and (iii) compact, efficient training
(0.4 M parameters; around 1 hour on a single GPU for 18,377 protein-
coding genes). These capabilities enable EPInformer to outperform
state-of-the-art methods while remaining computationally efficient.

Unlike other sequence-based models, EPInformer uses multi-head
attention modules to directly model interactions between promoters
and the potential enhancers (Supplementary Table 1). It integrates epi-
genomic signals (e.g., H3K27ac and DNase) with DNA sequences and, if
available, chromatin contact data such as Hi-C to significantly enhance
prediction accuracy. Notably, EPInformer’s streamlined architecture
models gene expression in a single cell type with just 0.2% (447,149 total
parameters) of Enformer’s requirements, facilitating rapid training and
deployment for new cell types and reducing computational demands, a
point especially important for researchers with modest computing
resources. Our study rigorously tested EPInformer through a 12-fold
cross-chromosome validation, confirming its superiority over existing
models in predicting Cap Analysis Gene Expression (CAGE) and RNA-seq
gene expression. EPInformer excels in its adaptability to various multi-
modal inputs. It can be trained on DNase-seq data alone or by inte-
grating DNase-seq, H3K27ac ChlIP-seq, and Hi-C contacts for a more
comprehensive analysis. Its interaction encoder effectively identifies
crucial distal enhancer information, validated through CRISPR pertur-
bation experiments. Additionally, to explore and provide interpretability
of the sequence features learned by the model, we utilized TF-MoDISco-
lite* and Tangermeme® to uncover important transcription factor
motifs within cell-type-specific enhancer sequences.

Results

Overview of the EPInformer framework

EPInformer is a transformer-based framework for predicting gene
expression by explicitly modeling promoter and enhancer interac-
tions. The model integrates genomic sequences, epigenomic signals
(e.g., DNase-seq, H3K27ac ChIP-seq), and chromatin contacts through
a flexible architecture to capture their interactions. EPInformer con-
sists of four key modules (Fig. 1a and Supplementary Fig. 1): a sequence
encoder (EPInformer-seq), a feature fusion layer, a promoter-enhancer
interaction encoder, and a predictor module. Given a gene locus,
EPInformer-seq learns DNA sequence embeddings of the promoter
region (2-kb sequence around the Transcription Start Site) and
potential enhancers in open chromatin regions within 100 kb of the
TSS. Sequences shorter than 2 kb are padded with “N” to reach a uni-
form length. Residual convolutional layers learn DNA motifs in pro-
moter and enhancer sequences, whereas dilated convolutional layers
learn motif cooperation by extracting distal sequence patterns, facili-
tated by the dilated convolution operator™. Convolutional and pooling
operations in the sequence encoder work together to learn a com-
prehensive sequence embedding, preserving key features of the DNA
sequence as shown by several past approaches® . EPInformer-seq can
also be pre-trained with fully connected layers to predict epigenomic
signals (e.g., H3K27ac ChIP-seq) from potential enhancer regions
(“Methods” and Supplementary Fig. 1). This pre-training process
accelerates the optimization of EPInformer and equips it with an
understanding of enhancer sequence patterns prior to full training for
gene expression prediction. Moreover, this pretrained sequence
encoder enhances interpretability and helps to uncover the key motifs
at the putative enhancer of the target gene.

The fusion layer is designed to merge sequence embeddings with
information such as distance to the target gene, epigenomic signals
(e.g., H3K27ac ChIP-seq and DNase-seq), and chromatin contact data
(e.g., Hi-C) between a promoter and candidate enhancer regions. It
starts by concatenating the epigenomic signals of candidate enhancers
with their sequence embeddings, followed by a1 x 1 convolution block
to refine the combined embedding dimension for the following
interaction encoder. The fusion layer can integrate any number and
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type of genomic or epigenomic signals with sequence embedding for
subsequent interaction modeling. This versatility enhances the mod-
el’s capability to incorporate diverse data types available to the users,
boosting its performance and flexibility.

The interaction encoder, comprising transformer layers with
multi-head attention, is designed to learn the interplay between pro-
moters and potential enhancers. It derives a weighted sum from their
embeddings, with attention weights based on fused sequence and
epigenomic signal embeddings. Notably, the interaction encoder
focuses solely on enhancer-promoter interactions, ignoring enhancer-
enhancer interactions through attention masking. In addition, only the
promoter representation after the final layer of the transformer
encoder is passed directly to the prediction module. This reduces the
space of interactions to learn, focusing on promoter-enhancer inter-
actions and increasing the computational efficiency of the model. This
particular promoter representation encapsulates comprehensive
relationships between a promoter and all candidate enhancers for the
final predictor module, analogous to the CLS token functionality in
BERT***%, Subsequently, the predictor module, a feed-forward neural
network, utilizes the promoter representation and genomic features
like mRNA half-life** and H3K27ac signals at the promoter region (500-

bp around the transcription start site) to predict gene expression
levels accurately. Importantly, EPInformer-trained models can be
combined with TF-MoDISco-lite*® and Tangermeme® to identify tran-
scription factor binding motifs at the putative enhancer region,
incorporating the attention score of promoter-enhancer pairs to elu-
cidate their impact on gene expression prediction.

EPInformer was trained to minimize the discrepancy between
predicted and observed gene expression levels, as measured by RNA-
seq or CAGE using different feature sets. EPInformer excels in three key
applications: (1) Accurately predicting gene expression levels using
promoter-enhancer sequences, epigenomic signals, and chromatin
contacts (Fig. 1b); (2) Efficiently identifying cell-type-specific enhancer-
gene interactions, validated by CRISPR perturbation experiments
(Fig. 1c); (3) Precisely predicting enhancer activity and identifying
transcription factor binding motifs from sequences (Fig. 1d).

EPInformer improves gene expression prediction by explicitly
modeling promoter-enhancer epigenomic profiles and chro-
matin contacts

To develop and evaluate EPInformer models for gene expression
prediction, we initially used the ABC pipeline* (Supplementary Fig. 2;
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Fig. 1| Overview of the EPInformer framework for gene expression prediction
by integrating multimodal promoter-enhancer data. a EPInformer is trained on
multimodal epigenomic data and promoter-enhancer sequences to predict CAGE
or RNA-seq expression in specific cell types. It first derives promoter and candidate
enhancer embeddings using residual and dilated convolutions in EPInformer-seq,
which can be pre-trained on cell-type-specific enhancer signals to initialize the
convolutional filters. The fusion layer optionally merges the sequence embeddings
with distance, chromatin contacts, or epigenomic signals (e.g., H3K27ac and
DNase). The interaction encoder employs a series of transformer encoders with
multi-head attention modules designed to capture promoter-enhancer

interactions. Finally, the prediction module integrates the resulting embeddings
with mRNA half-life features and the promoter signal through fully connected layers
to predict the gene expression. The EPInformer model is versatile for multiple tasks:
b predicting gene expression from promoter and enhancer sequences with multi-
modal epigenomic signals; ¢ prioritizing enhancers that may drive expression using
the attention module of the interaction encoder, with scores derived from the
average attention weights of the attention heads and layers; and d identifying
regulatory sequence features and transcription factor binding motifs at enhancers
pinpointed by attention score for the target gene through the sequence encoder
with downstream interpretation tools (e.g., TF-MoDISco-lite* and Tangermeme®).
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“Methods”) to identify candidate promoter-enhancer pairs for coding
genes in six well-characterized cell lines, K562, GM12878, HepG2, H1,
NHEK, and HUVEC. In brief, we extracted promoter sequences from
the 2-kb region surrounding the transcription start site (TSS) and
candidate enhancer sequences from DNase I hypersensitive (DHS)
sites, prioritizing up to 60 nearby enhancers per gene. This threshold
covers 95% of potential regulatory elements within a 200-kb region
centered on the TSS. We validated this distance choice by evaluating
model performance across different genomic ranges (50 kb to 500 kb
from the TSS), finding optimal performance at 100-250 kb with sub-
stantial degradation at 500 kb (Supplementary Fig. 6). For pre-training
EPInformer-seq, we collected H3K27ac ChIP-seq peaks from ENCODE
for six cell lines. We targeted 256 bp regions centered on the H3K27ac
peak summits and included two additional 256 bp regions flanking
each side with a100 bp overlap. The ABC pipeline was used to calculate
enhancer activity from DNase-seq and H3K27ac signals for these
regions in all cell lines (see “Methods”). To further enrich our dataset,
we included the reverse complement of each sequence, retaining the
same activity level, resulting in datasets of an average 419,344
sequences across six cell lines. Additionally, chromatin contacts of
promoter and candidate enhancer pairs were obtained from KR-
normalized Hi-C contact maps using the ABC pipeline**°.

Two gene expression datasets were curated for model training:
protein-coding mRNA RNA-seq and Cap Analysis Gene Expression
(CAGE) sequencing. For the CAGE dataset, expression values were
quantified by aggregating read counts within a 384-bp window cen-
tered on each gene’s unique transcription start site (TSS), following the
protocol established by Enformer?”. RNA-seq expression data were
obtained from the Xpresso dataset**, which utilizes pre-processed data
from the Roadmap Epigenomics Consortium®. To address the large
dynamic range inherent in raw read counts, a log transformation was
applied to the expression values.

To evaluate model performance under varying data availability
scenarios, we evaluated several EPInformer variants in predicting gene
expression: EPInformer-PE takes in input promoter-enhancer sequen-
ces and the distance between the candidate enhancer and its target
gene (TSS). EPInformer-PE-Activity extended this by incorporating
H3K27ac and DNase signals of each enhancer element. The most
comprehensive model, EPInformer-PE-Activity-HiC, in addition to
including promoter-enhancer sequences and enhancer signals, can
also leverage Hi-C contacts. To improve interpretability, the sequence
encoders of EPInformer-PE-Activity and EPInformer-PE-Activity-HiC
were pre-trained on cell-type-specific H3K27ac signals covering all
peak regions (Supplementary Fig. 3).

To rigorously evaluate the EPInformer models, we conducted
separate benchmarking for CAGE and RNA-seq expression. For RNA-
seq prediction, we compared Xpresso** and CREaTor against three
EPInformer models using 12-fold cross-chromosome validation
(Fig. 2a). In each fold, two chromosomes were designated for testing,
two for validation, and the remainder for training, following protocols
established in previous studies'”. Regarding CAGE expression
benchmarking, retraining seq-graphReg, Enformer, and Borzoi
requires substantial computational resources and complex data pre-
processing. Therefore, we evaluated their officially released pre-
trained models using the original hold-out test sets defined in their
respective studies”*® (Fig. 2b-d). To ensure a fair comparison, the
EPInformer models were trained and tested using these identical splits.
Performance across all genes was assessed using the Pearson Corre-
lation Coefficient between predicted and observed expression levels.

For RNA-seq expression prediction, EPInformer-PE achieved a
mean Pearson correlation of 0.78 across six cell lines, outperforming
the sequence-based Xpresso model (0.67; Fig. 2a). This performance
gap is likely driven by the difference in input scope: whereas Xpresso
relies on a 20-kb sequence surrounding the target gene, EPInformer-
PE utilizes a 200-kb window. This extended context enables the

capture of distal cis-regulatory elements, underscoring the critical
role of long-range regulatory information in accurate expression
prediction.

Next, we evaluated two multimodal models: EPInformer-PE-
Activity and CREaTor, both of which integrate H3K27ac, DNase, and
DNA sequence data from open chromatin regions. Using 12-fold cross-
chromosome validation across six cell lines, EPInformer-PE-Activity
yielded a mean Pearson correlation of 0.83 (range: 0.79-0.86), sur-
passing the 0.78 mean achieved by CREaTor. Further enhancements
were achieved by incorporating Hi-C chromatin contact data into
EPInformer via a fusion layer, resulting in EPInformer-PE-Activity-HiC.
This model delivered the highest performance, with a mean Pearson
correlation of 0.84, surpassing EPInformer-PE-Activity. EPInformer-PE-
Activity-HiC consistently outperformed Xpresso and CREaTor across
all test chromosomes (Fig. 2a) and accurately predicted gene expres-
sion levels driven by strong enhancers in K562 cells. Across six cell lines
using  12-fold  leave-two-chromosomes-out  cross-validation,
EPInformer-PE-Activity-HiC achieved the highest median Pearson cor-
relation (0.69), exceeding EPInformer-PE-Activity (0.65) and CREaTor
(0.51; Supplementary Fig. 4), highlighting its superior capacity to
capture gene dynamics across diverse cell types.

For CAGE expression prediction, EPInformer-PE-Activity-HiC
demonstrated superior performance compared to all EPInformer var-
iants and external benchmarks in both K562 and GM12878 (Fig. 2b-d).
Across two held-out test sets, it surpassed Enformer (Fig. 2b) and
Borzoi (Fig. 2d) in both K562 and GM12878 cell lines. Notably, even
without Hi-C data, EPInformer-PE-Activity exceeded Borzoi, yielding
higher Pearson correlations in K562 (r=0.841 vs. 0.792) and GM12878
(r=0.847 vs. 0.800). Under 12-fold cross-chromosome validation in
K562 and GM12878 (Fig. 2¢), EPInformer-PE-Activity-HiC achieved the
highest average Pearson correlation (r=0.883), outperforming
Seq-GraphReg (r=0.744) and CREaTor (r=0.810). Given that the ori-
ginal Xpresso was designed to predict RNA-seq expression, we
retrained and evaluated it on the CAGE dataset to enable a comparison
with the EPInformer models across the three benchmarks in Fig. 2b-d.
As expected, all three EPInformer models significantly outperformed
Xpresso in CAGE expression prediction, consistent with our findings in
RNA-seq prediction (Supplementary Fig. 9).

While the above results demonstrate EPInformer’s superior per-
formance on gene-level expression prediction, it is important to note
that most existing models are evaluated only on canonical transcripts.
As many genes produce isoforms with distinct functions and tissue-
specific expression, we further assessed EPInformer-PE-Activity at the
isoform level. To evaluate performance, we compiled all alternative
TSSs for protein-coding genes, yielding 46,616 isoforms with distinct
TSSs (median two per gene; Supplementary Fig. 7a). Isoform-specific
expression was quantified using 128-bp CAGE read counts centered on
each TSS. Under the same 12-fold cross-chromosomal validation,
EPInformer-PE-Activity (using DNase and H3K27ac signals) accurately
predicted K562 CAGE expression (Pearson r=0.814; Supplementary
Fig. 7b). As an example, predictions closely recapitulated the CAGE
signal at GATA2, a key transcription factor gene expressed in K562 cells
(Supplementary Fig 7c). We also compared our models with MENTR*
using a larger CAGE dataset comprising 92,473 mRNA coding tran-
scripts.  EPInformer-PE-Activity-HiC  significantly  outperformed
MENTR, achieving a Pearson correlation of 0.792 compared to
MENTR’s 0.675 when predicting average CAGE signals across four
K562 samples (Supplementary Fig. 8).

In addition, we evaluated EPInformer’s ability to leverage ATAC-
seq data for modeling gene expression, since ATAC-seq data are widely
available across cell types. We adapted the ABC pipeline to obtain
potential enhancer regions and their corresponding ATAC-seq signals
to train EPInformer-PE-Activity on both CAGE and RNA-seq expression.
Under 12-fold cross-validation (Supplementary Fig. 5), ATAC-based
EPInformer-PE-Activity achieved an average Pearson correlation of
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Fig. 2 | Performance of EPInformer models and baseline methods on gene
expression prediction. a Pearson correlation between observed and predicted
RNA-seq expression levels for 18,377 protein-coding genes across six cell lines. Left:
Spider plot showing correlation between observed and predicted expression levels
for six cell lines. Middle: Spider plot showing correlation between observed and
predicted expression levels for each test chromosome across six cell lines. Right:
Scatter plot showing relationship between EPInformer-PE-Activity-HiC predicted
and observed RNA-seq expression levels in K562 cells, with each point representing
an individual gene. Genes with high expression in K562 are highlighted in red, and

0.891
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those with low expression are highlighted in green. All evaluations were conducted
using 12-fold cross-chromosome validation. b Comparison of EPInformer models

with Enformer for predicting CAGE gene expression levels using Enformer's hold-
out test set in K562 (top) and GM12878 (bottom) cells. c Comparison of EPInformer
models with Seq-GraphReg and CREaTor for CAGE gene expression prediction in

K562 (top) and GM12878 (bottom) cells using 12-fold cross-chromosome validation.
d Comparison of EPInformer models with Borzoi and CREaTor for predicting CAGE
gene expression levels using Borzoi's hold-out test set in K562 (top) and GM12878
(bottom) cells. Source data are provided as a Source Data file.

0.843 for K562 and 0.854 for GM12878, which is comparable to DNase
+H3K27ac-based EPInformer-PE-Activity (average Pearson correlation:
0.867 for K562 and 0.874 for GM12878). These results demonstrate
that EPInformer can effectively use ATAC-seq for gene expression
modeling and is practical for cell types where only ATAC-seq data is
available, highlighting our framework’s flexibility.

In summary, the EPInformer framework is effective and scalable
for modeling gene expression. Our most advanced model, EPInformer-
PE-Activity-HiC, significantly outperforms existing methods in pre-
dicting CAGE and RNA-seq expression across diverse cell lines, offering
a robust approach for inferring gene expression from DNA sequence
and multimodal epigenomic data.

EPInformer accurately prioritizes cell-type-specific
enhancer-gene interactions

Linking candidate enhancers to their target genes using biochemical
annotations remains a central challenge in genomics. To evaluate whe-
ther EPInformer can accurately learn from gene expression and multi-
modal epigenomic data to identify enhancer-gene interactions, we
normalized the attention weights in the final layer of EPInformer inter-
action encoder to generate an attention score quantifying each candi-
date enhancer’s contribution to a given target gene (Fig. 3a; “Methods”).
As a baseline, we used the Activity-by-Contact (ABC) score®, a widely
adopted method for linking enhancers to target genes*. ABC score
quantifies enhancer-gene links using either Hi-C contact maps
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Fig. 3 | EPInformer attention prioritizes cell-type-specific enhancers corrobo-
rated by long-range interaction assays. a Schematic of attention score calcula-
tion in EPInformer-PE-Activity(-HiC). The red and blue boxes represent three
candidate enhancers (EL, E2, and E3) located near the promoter (P) of the gene (gray
box). The dashed box shows the simplified calculation of the attention score for
promoter-enhancer pairs, incorporating DNase, H3K27ac, and Hi-C signals
(expressed in arbitrary units, not to scale). b Precision- recall curves for predicting
enhancer-gene (E-G) pairs. Positive E-G pairs are defined as cases where per-
turbing the candidate enhancer significantly decreases expression of the target
gene. The curves compare attention-based scores (Attention.score.Hi-C from
EPInformer-PE-Activity-HiC and Attention.score.distance from EPInformer-PE-
Activity) with two ABC scores in classifying 1575 E-G pairs across 244 genes assayed
by CRISPR perturbations. ¢ Enrichment-recall curves for enhancer-gene interac-
tion scores in GM12878 cells. The y-axis shows enrichment—the ratio of fine-
mapped distal noncoding eQTLs (PIP >70% in GM12878) that fall within predicted

enhancers relative to all distal noncoding common variants. The x-axis shows recall
—the fraction of eQTL variants overlapping enhancers linked to the correct gene.
Curves represent varying score thresholds for enhancers predicted by different
models. d Area under the precision-recall curve (AUPRC) values for E-G score
performance shown in panel b when classifying enhancer-gene pairs at three dif-
ferent distance ranges. e Enrichment of putative causal variants (PIP >70%) within
predicted enhancers across different distance ranges. f Top three genes with the
largest per-gene F1 score gains when comparing Attention.score.Hi-C to ABC.s-
core.Hi-C. The first two rows display enhancer activity and Hi-C contact values
computed by the ABC pipeline for each candidate enhancer. Light blue boxes
indicate enhancers predicted by ABC.score.Hi-C, orange boxes indicate enhancers
predicted by Attention.score.Hi-C. Red boxes indicate CRISPR-validated enhancers.
Stars indicate correctly predicted enhancers. Source data are provided as a Source
Data file.

(ABC.score.Hi-C) or a l/distance-to-TSS contact proxy (ABC.score.-
distance). To align comparisons, we derived two attention-based scores
from EPInformer: Attention.score.distance (from EPInformer-PE-Activ-
ity) and Attention.score.Hi-C (from EPInformer-PE-Activity-HiC).

To evaluate this approach, we compiled genetic perturbation
datasets inspired by a recent study®: K562 CRISPR enhancer pertur-
bations and fine-mapped eQTL variants from lymphoblastoid cells in
GTEx*. Following the ABC pipeline*, we restricted candidate enhan-
cers to those within 100 kb of a gene’s transcriptional start site (TSS)

and computed enhancer activity and Hi-C contact frequencies for K562
and GM12878.

We first evaluated K562 enhancer-gene predictions by assembling
1,575 candidate enhancer-gene links (within 100 kb of their target
genes) from the largest K562 CRISPR perturbation dataset™, of which
370 were experimentally validated. We compared attention scores
from EPInformer-PE-Activity (Attention.score.distance) and
EPInformer-PE-Activity-HiC (Attention.score.Hi-C) against two ABC
scores
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(ABC.score.Hi-C and ABC.score.distance) using precision-recall
plots (Fig. 3b), reporting the area under the precision-recall curve
(AUPRC). Attention.score.Hi-C achieved the highest AUPRC (0.732)
versus the ABC.score.Hi-C (0.698). Without Hi-C, Attention.score.-
distance also outperformed the ABC.score.distance (0.600 vs. 0.579).
Additionally, across varying distance ranges, Attention.score.Hi-C
consistently exceeded ABC.score.Hi-C, with the largest gains for distal
enhancers (60-100 kb: AUPRC 0.510 vs. 0.429; Fig. 3d). Notably,
Attention.score.distance also surpassed ABC.score.distance for pre-
dicting distal enhancers (5-100kb), indicating that EPInformer’s
attention score better captures distal enhancer-gene links than
ABC score.

To further assess functional relevance, we set a 70% recall
threshold for all scores and compared per-gene F1 scores. Remark-
ably, Attention.score.Hi-C outperformed or matched ABC.score.Hi-C
for 212 of 244 genes (89%). We highlight PRDX2, FUTI, and LYLI,
where Attention.score.Hi-C achieved the largest F1 score gains over
ABC.score.Hi-C (Fig. 3f), attributable to more precise identification of
distal enhancers, further supports the effectiveness of the
attention score.

Next, we evaluated how well attention scores can link eQTL var-
iants to target genes in GM12878 lymphoblastoid cells. We collected
distal noncoding eQTL variants with fine-mapping posterior inclusion
probability (PIP) > 70% (n =166). For each score, we quantified (1) recall
for eQTL variant-gene links (the fraction of eQTLs that fall within
predicted regulatory elements and are assigned to the correct gene),
and (2) enrichment of eQTLs within predicted enhancers relative to all
distal noncoding variants, across score thresholds. Attention.score.Hi-
C showed significantly higher enrichment than ABC.score.Hi-C at recall
<10% and comparable enrichment at >10% (Fig. 3c). Using a fixed 70%
recall threshold (as in K562), Attention.score.Hi-C nominated enhan-
cers showed higher enrichment for putative causal variants (PIP > 70%)
across distance ranges than ABC.score.Hi-C (Fig. 3e), consistent with
the K562 results and reinforcing the attention score’s precision in
identifying true enhancer-gene interactions.

EPInformer recapitulates transcription factor motifs required
for enhancer activities

Having established that EPInformer’s attention scores effectively
prioritize enhancers relevant to a target gene, we next examined
sequence patterns underlying the functionality of these predicted
enhancers. We implemented a base-resolution motif-discovery work-
flow using EPInformer-seq, integrating TF-MoDISco-lite*® and
Tangermeme® to analyze transcription factor motifs within genome-
wide putative enhancers (Fig. 4a). For each cell line, we first trained
EPInformer-seq to predict enhancer activity from 256-bp sequences
centered on cell-type-specific H3K27ac peaks, along with two flanking
sequences (100-bp overlap), using the same 12-fold leave-two-
chromosomes-out cross-validation as EPInformer. The enhancer
activity is computed as the geometric mean of H3K27ac and DNase
RPM, following the ABC score protocol. EPInformer-seq achieved an
average Pearson correlation of 0.727 across six cell lines for enhancer
activity prediction spanning all H3K27ac peak regions (Supplemen-
tary Fig. 3).

We next employed the TF-MoDISco-lite pipeline to interpret the
sequence encoder at base resolution. Tangermeme was used to cal-
culate DeepLIFT> attribution scores for 256-bp sequences centered on
H3K27ac summits of enhancers prioritized by our model. TF-Mo-
DISco-lite (default settings) was applied to identify genome-wide
motifs associated with H3K27ac ChlIP-seq peaks. Using Tomtom**** to
match discovered motifs against the JASPAR 2024 CORE vertebrate
non-redundant database, we identified shared TF motifs including JUN,
ELF1, ELK1, BACHI, and NFYA, as well as K562-specific motifs (GATAIL,
GATA2, GATAL:TAL1) and GM12878-specific TF motifs (SPI1, FOSL1;
Fig. 4b, c). These results suggest that the pre-trained sequence encoder

can help with model interpretation and discover cell-type-specific
motifs important for enhancer activity.

Additionally, we aimed to uncover transcription motifs that may
be required for KLFI's enhancers in K562 cells. KLFI is an erythroid-
specific transcription factor essential for B-globin locus activation,
erythroid differentiation, and red blood cell maturation®*”’. Focusing
on one of the distal predicted enhancers at chr19:12,977,587-12,979,123
(hgl9) located 19,662 bp from KLF1, we first identified the window
(256-bp resolution) with the highest predicted enhancer activity.
Subsequently, we used Tangermeme within this window to obtain
attribution scores at base resolution using the in-silico mutagenesis
(ISM) approach. We observed four seqlets with high ISM scores
(Fig. 4d), which were matched against the JASPAR 2024 CORE verte-
brate non-redundant database using FIMO®®, We found three matching
motifs: GATAL SP4, and ETV6. In K562 cells, GATAL is a well-known
master regulator necessary for erythroid differentiation, playing a
crucial role in the activation and repression of various genes involved
in hematopoiesis®*°; ETV6 is known for its involvement in hemato-
poiesis and oncogenesis, contributing to the regulation of genes
essential for blood cell development and differentiation®*; The SP4
transcription factor is a member of the SP/KLF family of zinc finger
transcription factors, and is known to bind to GC-rich promoter ele-
ments and influence the transcription of target genes*“*. While these
insights are derived from predictive analysis, they lay the groundwork
for empirical validation. Future experiments, such as motif perturba-
tions using CRISPR deletion, base editing, or prime editing, could
directly assess these motifs’ influence on gene expression.

Discussion

Identifying promoter-enhancer interactions and decoding the cis-
regulatory code remains a significant challenge in gene regulation.
EPInformer, a novel transformer-based framework, significantly
improves gene expression prediction by modeling promoter and
enhancer sequences alongside multimodal epigenomic data. EPInfor-
mer excels by holistically integrating DNA sequence, epigenomic fea-
tures and chromatin contact data, offering a refined understanding of
gene regulatory patterns. The CNN-based sequence encoder learns
sequence patterns of promoters and enhancers, providing insight into
the cis-regulatory code. The feature fusion layer integrates epigenomic
signals and chromatin contacts with sequence embeddings, enhancing
the prediction power and the model’s flexibility to include additional
data types. The interaction encoder explicitly models promoter-
enhancer interactions, while the predictor, a feed-forward neural net-
work, harmonizes multimodal data representations to predict gene
expression levels. This approach resulted in a substantial performance
increase as compared to state-of-the-art tools like Enformer, Graph-
Reg, and Xpresso and achieved Pearson correlation coefficients of
0.875 in K562 cells and 0.891 in GM12878 cells for predicting CAGE
expression in a 12-fold cross-chromosome validation.

EPInformer stands out from other gene expression prediction
methods due to its lightweight design and versatility. Its architecture,
requiring only 0.4 million parameters compared to Enformer’s 250
million and Borzoi's 186 million, allows for faster training speeds
without sacrificing efficacy. The model completes training in just one
hour on an A100 GPU (Supplementary Table 2), making sophisticated
gene expression modeling more accessible and user-friendly for the
scientific community. Importantly, the model can be trained using only
DNase-seq data if necessary. However, EPInformer’s structure can
easily integrate DNA sequences with multiple types of epigenomic
information and chromatin interactions, enhancing its ability to pre-
dict gene expression from diverse assays like CAGE and RNA-seq. This
versatility ensures broad applicability and superior performance
compared to models like Enformer, GraphReg, CREaTor and Xpresso.

We demonstrated that EPInformer attention scores can effectively
identify relevant enhancer-promoter interactions. Importantly, this

Nature Communications | (2026)17:3975


www.nature.com/naturecommunications

Article

https://doi.org/10.1038/s41467-026-70535-8

a Extract cell-type-specific Calculate attribution score Discover transcription factor
enhancer sequences of enhancer sequences binding motifs
I, """""""""""""" ° I, """""""""""""" \‘ I, """""""""""""" 3
! HaK27ac.bam | ! Calculate enhancer i ! Peak-cer:etred di i
i ’ ! i activity for each sequence !  SESREIEI U ICHERRIE)
! i ! : [ with DeepLIFT score i
I 1 1 | I 4
i J, MACS2 : i l ' i l TF-MoDISco |
1 ] 1
i ] i ! i !
i 1 - i
1 H3K27ac summits ] v Training EPInformer-seq | 1 . ]
1 —} 1 - —} v Discover and aggregate |
! : ! to predict enhancer : ! 'ggreg i
[ 1 ! L i ! TF motifs 1
i ] i activity ' | :
i i H
: E : i : lM i
! Extract peak-centered 1 ! Tangermeme i ! |
i 256-bp sequence ! i ! i Report matched and !
. . 1 1 . Y .
i with overlapping flanks ! 1 Calculate DeepLIFT score | ' newly identified motifs ]
. o . ; £ /
b c
K562 GM12878 K562 GM12878
Fos::Jun Jun
o0 BATF::JUN ..
2 GATA2 .. ELF1 NFE2L2 FOS:JUN
A C T : NFYA FOSL1:JUNB
\ - \ ZBTB7A ETV4
w=—=AVIN| A*Ci';w;cﬁt wg-‘:zc A T c T<TTx ELK4 FOSL1
E’L‘:} TFEC
ETV4 ZBTB33
BACH1 A FOSL{  ELK1:SREBF2 ELK1:SREBF2
A A T A MAFG JUND
BACH1 BATF::JUN
pn MAF::NFE2
Te-ccBlY CTC $Ca ?CAI c c Lo~ wronrens ELK1
o ororm GATA2 SPI1
Gata1 JDP2
& a CREB3L4 ELF1
ELK1 FOS:JUN Gatat::Tall ZBTB7A
o NRF1 BNC2
o e Bach1::Mafk
oes ( :~ =S - CREB3L4
e CWWGAAGTGees  CrmnaloAWIcAComer TR
TF-MoDISco Discovered Motifs Num of TF-MoDISco discovered motifs in all chromosomes
d Chromosome 19
12,950 12,960 12,970 12,980 12,990 13,000 Kb
| Hook2 GeoH [HHH
H } Hims 1t 1 T vasT1 @HE—E KLF1

Ao

Ao

DNase

H3K27ac

@B—E—H onase2

S __LLL_.LML
v .

CRISPRI validated '] m
!
Al
____________ chr19:12,977,587-12,979,123 NN""-»...__
g%
r5 2
o ©
E3
g3’
=0
oo
wso
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approach demonstrates higher accuracy in predicting CRISPRi-
validated enhancers than state-of-the-art ABC scores. Additionally,
applying downstream model interpretation tools to attention score-
predicted enhancers can uncover key transcription factor motifs
important for cell identity. We have also shown how EPInformer can
aid in fine-mapping eQTL variants by accurately linking them to their
target genes through enhanced enhancer-gene predictions. Future

128
chr19:12,978,099-12,978,355

192 224

studies could extend this approach to systematically evaluate EPIn-
former’s utility for fine-mapping GWAS variants, potentially providing
insights into the regulatory mechanisms underlying complex traits and
diseases.

Future enhancements to EPInformer will focus on several key
areas to further improve its performance and applicability. First, a
current limitation is that EPInformer predicts gene-level expression
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Fig. 4 | EPInformer reveals transcription factor motifs at cell-type-specific
enhancers. a The workflow of using EPInformer-seq with TF-MoDISco-lite and
Tangermeme to discover transcription factor binding motifs. b Representative
motifs enriched in K562 (left) and GM12878 (right) discovered by TF-MoDISco-lite
from recurring sequence patterns learned by EPInformer-seq at cell-type-specific
H3K27ac peaks. ¢ Bar plots showing the number of TF-MoDISco-discovered motifs
matching JASPAR 2024 CORE vertebrate non-redundant database (g < 0.05) in K562
(left) and GM12878 (right). d EPInformer discovers several important transcription
factor binding motifs at a putative enhancer of KLF1. The orange dashed line
indicates the transcription start site (TSS) of KLF1. The black box with the red arc

represents a CRISPRi-validated enhancer, while the gray box denotes an
EPInformer-PE-Activity predicted enhancer. The bar plot displays predicted
enhancer activities (geometric mean of H3K27ac and DNase signals) for 256-bp
sequences tiling the putative enhancer locus (chr19:12,977,587-12,979,123). The
bottom panel shows insilico mutagenesis (ISM) attribution scores for the region
(chr19:12,978,099-12,978,355) with the highest predicted enhancer activity. High-
scoring sequence motifs are highlighted with dashed boxes, with labels and arrows
indicating matching TF motifs from the JASPAR 2024 CORE vertebrate non-
redundant database. Source data are provided as a Source Data file.

using the canonical TSS, rather than modeling isoform-specific
expression. Given that many genes produce multiple isoforms with
distinct functions and tissue-specific expression patterns, extending
EPInformer to predict isoform-level expression would enhance its
biological relevance and utility for interpreting genetic variants. Future
versions could incorporate isoform-specific TSSs from databases like
FANTOM, utilize isoform-quantified RNA-seq data, and integrate
isoform-specific regulatory features to achieve transcript-level
resolution.

We also plan to develop more sophisticated methods for identi-
fying and defining candidate enhancer regions, potentially incorpor-
ating additional epigenomic markers and evolutionary conservation
data. While the current implementation focuses on activating epige-
nomic marks (H3K27ac and DNase-seq), the framework can capture
some aspects of negative regulation indirectly through the absence of
these signals. Future versions could explicitly incorporate repressive
histone modifications (e.g., H3K9me3, H3K27me3) to distinguish
between actively repressed and simply inactive regions, potentially
improving predictions for genes under active repression. Extending
the model to train on and predict gene expression across multiple cell
types simultaneously will improve its generalizability and ability to
capture cell-type-specific regulatory mechanisms. Given the impor-
tance of CTCF in chromatin organization, we aim to integrate CTCF
binding site information to better model long-range interactions and
chromatin domain boundaries. Implementing relative positional
encoding schemes may improve the model’s ability to capture spatial
relationships between regulatory elements. Incorporating reverse
complement sequences of enhancers in the model architecture could
capture additional regulatory information and improve prediction
accuracy. Integrating pre-trained DNA foundation models as sequence
embeddings may enhance EPInformer’s performance by leveraging
large-scale genomic knowledge. Additionally, developing more com-
prehensive in-silico element perturbation analyses will further validate
the model’s predictions and provide insights into the functional
impact of specific regulatory elements. These advancements, com-
bined with EPInformer’s current flexibility and efficiency, aim to dee-
pen our understanding of regulatory mechanisms and their impact on
gene expression and cell type identity. By leveraging CRISPR pertur-
bation datasets and adopting a multi-task learning approach, we
expect to refine EPInformer’s predictive capabilities further. Ulti-
mately, these improvements will contribute to a more comprehensive
and accurate model of gene regulation, with broad implications for
both basic research and potential clinical applications.

Despite these ambitious future directions, the current iteration of
EPInformer already represents a significant leap forward in gene
expression prediction and enhancer-promoter interaction modeling,
providing a powerful and accessible tool for researchers to unravel the
complexities of gene regulation.

Methods

Collection and pre-processing of gene expression and
epigenomic data

Our study curated three types of datasets for model training and
testing: enhancer-related epigenomic data, chromatin contacts, and

gene expression (Supplementary Data 1). For the epigenomic data, we
obtained DNase and H3K27ac BAM files for all replicates of six cell lines
(K562, GM12878, HepG2, NHEK, HUVEC, and H1) from the ENCODE
project. Following the ABC model protocol* (Supplementary Fig. 2),
we utilized MACS2 to call peaks from the DNase-seq bam file for each
cell line, considering peaks with p <0.1. We refined these to the top
150,000 regions based on read count, extended from their summits to
form 500 bp candidate enhancers, and merging overlapping regions.
These extended and merged peaks were defined as candidate ele-
ments in our experiments. For promoter elements, we obtained 18,377
protein-coding genes from Xpresso, excluding histone and chromo-
some Y genes. Following Xpresso’s procedure**, we defined TSSs as the
start coordinate of the first exon of the representative transcript; for
mRNAs with a dominant CAGE peak, we re-centered the TSS to the
coordinate of that peak. For isoform-specific analyses, we aggregated
all alternative TSSs for protein-coding genes from GENCODE v41,
resulting in 46,616 isoforms with distinct TSSs.

Promoter and putative enhancer sequences were retrieved from
the hg38 reference genome. Enhancer sequences exceeding 2 kb were
truncated and realigned to center on the DNase-seq peak summit. The
2 kb region surrounding the TSS was designated as the promoter, and
candidate enhancers within 100 kb of the TSS, excluding the promoter
region, were assigned to the target gene. This process resulted in an
average of 338,909 pairs across the six cell lines.

To estimate candidate enhancer activity, we first used the ABC
pipeline to compute DNase-seq and H3K27ac ChIP-seq signals from
bam files by summing read counts at the candidate enhancer region.
Signals from replicate experiments were averaged and quantile-
normalized. Based on these normalized signals, the final enhancer
activity was then calculated as the geometric mean of DNase and
H3K27ac signals.

We compiled a Hi-C dataset to estimate contacts between pro-
moters and candidate enhancers. Cell-type-specific Hi-C contacts were
obtained from the 4DN Nucleome database’. Using FANC*¢, we con-
verted the Hi-C data to bedpe format and applied vanilla coverage
normalization at a 5kb resolution. The ABC pipeline then computed
promoter-enhancer contacts by identifying the Hi-C bedpe row con-
taining the gene’s TSS and assigning contact values to enhancer-
promoter pairs based on signals at the bin corresponding to the
enhancer’s midpoint.

Additionally, we incorporated promoter activity and mRNA half-
life features for EPInformer in gene expression modeling. Promoter
activity is defined as the geometric mean of H3K27ac and DNase RPM
at the 500-bp region around the gene’s TSS; mRNA half-life features, as
calculated by Xpresso** for gene expression modeling, include G/C
content, lengths of functional regions (5" UTRs, ORFs, and 3’ UTRs),
intron length, and exon junction density within the open
reading frame.

To train and evaluate EPInformer on gene expression prediction,
we curated two gene expression datasets, as measured by RNA-seq and
CAGE. For CAGE, expression values were determined by aggregating
read counts within 384-bp regions centered at each gene’s unique TSS,
as per Enformer’s protocol. RNA-Seq expression data were sourced
from Xpresso’s training set, quantified by the Roadmap Epigenomics
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Consortium. To mitigate the right-skewed distribution of gene
expression based on raw read count, we applied logl0 transformation
with a pseudocount of one to handle zero values.

Model architecture

Figure 1a illustrates the model architecture, organized into four key
sections: (1) a sequence encoder with 5 residual and 4 dilated con-
volutional layers plus a linear layer; (2) a fusion layer featuring channel-
wise concatenation and 1x1 convolution blocks; (3) an interaction
encoder with 3 transformer encoders, each having a 4-head self-
attention module and a feed-forward layer; (4) a predictor with three
dense layers for the gene expression prediction. EPInformer processes
input as a one-hot encoded matrix (A=[1, 0, 0, 0], C=[0, 1, 0, O],
G=[0,0,1,0], T=[0, 0, O, 1], N=[0, O, O, 0]), sized (61, 2000, 4),
comprising a promoter sequence and 60 candidate enhancer
sequences for predicting gene expression. Genes with fewer than 60
candidate enhancers receive padding via zero vectors to ensure uni-
form dimensions. The sequence encoder first learns sequence
embeddings of size (61, 64) for the promoter and its candidate
enhancers. The fusion layer concatenates the distances of enhancers to
the TSS, enhancer activities, and promoter-enhancer chromatin con-
tacts with sequence embeddings on a channel-wise basis. It then
reshapes the concatenated matrix to a size of (61, 64) using a con-
volution operator. The interaction encoder then captures the inter-
actions between the promoter and the candidate enhancers using self-
attention. The attention calculation is based on the matrix operation:

, QK’
Attention(Q, K, V, M) =softmax| ——M | - V 1

NA

In the attention mechanism, the softmax function generates a
probability distribution for promoter-enhancer interactions. A mask
vector M is set to a value near negative infinity for padding enhancers,
ensuring the interaction encoder disregards these padding embed-
dings. Interaction encoder learns parameter matrices WX e R%>*%,
W< e R%*% and WY e R%*% for each head. It transforms promoter-
enhancer embedding XeR®*% into queries Q;=X;xW¢
keys K; =X x WX and values V;=X; x W', The interaction of promoter
X, and the i, enhancer Xy can be computed as
@p_g, =softmax QQFK;,- / \/ZEI which represents the amount of weight
query at promoter puts on the key at the i,, enhancer.

To better capture distal enhancer-gene interactions, we weight
each enhancer embedding in the final encoder layer by Hi-C
contact (or inverse distance to the TSS if this assay is
not available) and enhancer activity. Formally, the interaction of pro-
moter Xp and the iy, enhancer Xg can be computed as
ap_g, =softmax QP-KE/\/@-FAi -F¢ ), where F, denotes enhancer
activity (geometric mean of H3K27ac'and DNase RPM), and F¢, denotes
the enhancer-gene Hi-C contacts or 1/distance to gene’s TSS. Each
attention head computes a weighted sum over promoter-enhancer
pairs: ap_g x V. Multiple heads operate with independent parameters;
their outputs are concatenated and passed through a linear projection
to produce the final layer output. Consequently, in the interaction
encoder’s final layer, a,_p quantifies the learned enhancer-gene
interaction intensity and is used to prioritize enhancers for each gene.

The last transformer encoder outputs the promoter embedding
with a size of 64, which embeds all promoter-enhancer pairs. Finally,
the predictor concatenates the promoter embedding with 8-bit mRNA
half-life features and predicts the gene expression through three dense
layers.

In our enhancer activity prediction task, we engineered a model
leveraging four pre-trained residual convolutional layers with filter
configurations of 128, 64, 64, 128 and kernel sizes 8, 3, 3, 3. Each layer is
succeeded by batch normalization, ELU nonlinearity, max pooling

(size=2, stride=2), and a 1x1 convolution step. Beyond the con-
volutional base, the model employs two fully connected layers, each
with 256 neurons, batch normalization, ReLU nonlinearity, and drop-
out (d=0.1). The input is a one-hot-encoded 256-bp DNA sequence
aimed at predicting enhancer activities. EPInformer-seq takes as input
a 256-bp DNA sequence (one-hot encoded) and outputs a single
enhancer activity score representing the predicted geometric mean of
H3K27ac and DNase signals for that region. For base-resolution ana-
lysis, we apply interpretation methods (DeepLIFT or ISM) to derive
nucleotide-level attribution scores from the trained model.

Model training and evaluation

As previously proposed by Karbalayghareh et al.”’, we implemented a
12-fold cross-chromosome validation strategy. For fold 1 to 10, chro-
mosomes i and i+10 were reserved for validation, while chromosomes
i+1and i+11 were set aside for testing. In fold 11, chromosomes 3 and
21 were used for validation, with chromosomes 22 and X allocated for
testing. Fold 12 involved using chromosomes 2 and 22 for validation
and chromosomes 1 and Y for testing. The remaining chromosomes
were utilized for training in each fold. This evaluation procedure
ensures the model is independently assessed across all human
chromosomes.

All EPInformer models were implemented in PyTorch (v2.2.0)%*
and trained on one A100 GPU with a batch size of 64 using AdamW®
optimizer with a learning rate of 5x107*, a weight decay of 1x107°
and default settings for other hyperparameters: 5,=0.9, 5,=0.99,
£=1x10"8. The models were trained using smooth L1 loss® to align
predictive and actual expression levels. To enhance EPInformer’s
generalization and mitigate overfitting, we applied early stopping,
monitoring the model’s mean square error (MSE) on the validation set
and stopping training if there was no MSE improvement for six con-
secutive epochs. The best-performing model, marked by the lowest
MSE on the validation set, was retained for testing on an independent
chromosome set, assessing performance through the Pearson Corre-
lation Coefficient. For pre-training and evaluating the EPInformer’s
sequence encoder, we adopted the same experimental settings as
those used for EPInformer models, with the exception that this model
aimed to minimize the loss between predicted and actual enhancer
activity, as determined by the geometric mean of H3K27ac ChIP-seq
and DNase-seq signals (reads per million (RPM)).

Baseline methods
Five baseline models—Xpresso, Enformer, Borzoi, CREaTor, and Seq-
GraphReg—serve as references for gene expression prediction. Enfor-
mer, a deep neural network, combines convolutional neural networks
(CNNs) with transformer technology, using DNA sequences as input. It
processes 196-kbp sequences to predict 5313 genomic tracks for the
human genome and 1643 tracks for the mouse genome at 128-bp
resolution. However, Enformer and Borzoi’s significant training
requirements limit their adaptability across new cell lines, and despite
its context spans around 200 kb, it can detect reliably only the impact
of proximal enhancers (less than around 10kb from the TSS)*.
Xpresso, a deep learning model, employs CNNs to predict mRNA
abundance directly from genomic sequences, focusing on promoter
regions and features linked to mRNA stability within a 20 kb range of
the TSS. Its reliance on proximal sequences restricts its ability to utilize
information from distal enhancers. Seq-GraphReg uses graph attention
networks to integrate DNA sequences and HiChIP data, predicting
gene expression levels by exploiting chromatin contact signals
between distal elements and promoters. CREaTor is a two-stage
transformer encoder designed to integrate 200 350 bp DNA sequences
and ChIP-seq and DNase-seq signals at CRE regions obtained from
SCREENY, to predict RNA-seq gene expression levels.

To ensure a fair comparison, we aligned the training and testing
settings of EPInformer with those of Enformer and Borzoi,
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respectively. This involved using identical data splits and extracting
promoter and potential enhancer sequences from the same regions
Enformer/Borzoi was trained on. For EPInformer, gene expression
values were determined by summing read counts within a 384-bp
window (equivalent to three 128-bp Enformer bins) surrounding each
gene’s TSS, using the same data sources (CNhs12333 for GM12878 and
CNhs11250 for K562).

For comparison with Xpresso and CREaTor, we retrained and
assessed them using the same 12-fold cross-chromosome validation as
EPInformer models, focusing on the 18,377 protein-coding genes from
the Roadmap Epigenomics Consortium. Seq-GraphReg’s performance
was reported from its original study, and we presented EPInformer’s
performance using an identical train-test split across all human chro-
mosomes for direct comparison.

Enhancer prioritization

We used the Engreitz Lab combined CRISPR dataset from the CRISPR
benchmarking pipeline (https://github.com/EngreitzLab/CRISPR_
comparison) and GTEx eQTL variants and RNA-seq data across all tis-
sues included in the eQTL benchmarking pipeline (https://github.com/
EngreitzLab/eQTLEnrichment). To prioritize enhancer-gene pairs with
EPInformer, we first defined candidate enhancers using ABC-
nominated regions and promoters based on each gene’s TSS. Enhan-
cer activity and Hi-C contact were computed using the ABC score
pipeline®. For EPInformer, we extracted the attention weights in the
last layer of the interaction encoder. Using the promoter token as the
query, we aligned keys corresponding to each candidate enhancer,
yielding an attention distribution over enhancers for that promoter.
We normalized these attention weights per promoter so that the
weights across all candidate enhancer pairs summed to one, and used
the resulting normalized values as attention scores to quantify the
enhancer-gene interaction. The Activity-by-Contact (ABC) score for
each enhancer-gene pair was recomputed using the original GitHub
implementation  (https://github.com/broadinstitute/ABC-Enhancer-
Gene-Prediction), using the same enhancer activity and Hi-C contact
inputs that were used to compute attention scores from EPInformer.

Nucleotide contribution and motif discovery

We employed TF-MoDISco-lite** and Tangermeme® to analyze TF
motifs at putative enhancers based on EPInformer-PE-Activity’s
sequence encoder, pre-trained to predict enhancer activity from
sequence. TF-MoDISco-lite is a biological motif discovery algorithm
that uses attribution scores from a trained deep learning model, in
addition to the sequence itself, to guide motif discovery. Tangermeme
is a Python package that implements the basic operations necessary to
perform sophisticated genomic analyses using machine learning
models. It provides a function to perform In-silico Saturation Muta-
genesis (ISM) on the model, given a DNA sequence of interest. ISM
functions by sequentially substituting each character in a sequence
with every other possible character and then assessing the change in
the predictive output before and after each substitution. This observed
difference is interpreted as a measure of importance or attribution,
where a higher magnitude value indicates that the character change
has a significant impact on the prediction, thereby suggesting its high
importance. Therefore, ISM can be used to uncover blocks of
nucleotides corresponding to TF motifs on the putative enhancer
sequence.

We utilized Captum (v0.6.0)*® for calculating nucleotide-specific
contribution scores in sequences associated with enhancer activity.
This process entailed generating 1000 dinucleotide-shuffled variants
of each sequence to serve as reference points. Subsequently, the
importance scores obtained from DeepLIFT* for each sequence were
combined with their respective one-hot-encoded matrices, yielding
the final nucleotide contribution scores.

We utilized TF-MoDISco-lite v2.1.0 (available at https://github.
com/jmschrei/tfmodisco-lite) to identify motifs in nucleotide con-
tribution scores across enhancer sequences from the testing set,
derived from a 12-fold cross-chromosome validation process. This
tool, an efficient version of TF-MoDISco*, was used with its default
settings to find seqlet patterns, which were then compared against the
JASPAR2024 CORE vertebrates non-redundant database®® using
Tomtom®. To analyze nucleotide contributions to enhancer activity
predictions accurately, we used In-silico Saturation Mutagenesis (ISM)
from Tangermeme v0.2.1, generating attribution scores for each base
within targeted regions.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The genomic datasets analyzed during the current study are available
in the ENCODE Project repository (https://www.encodeproject.org/)
under the following accession codes: DNase-seq (K562:
ENCFF425WDA, ENCFF205FNC; GM12878: ENCFFO20WZB,
ENCFF729UYK; H1: ENCFF761ZRE; HepG2: ENCFF691HJY; HUVEC:
ENCFFO9IKTX; NHEK: ENCFF117RNM); H3K27ac ChIP-seq (K562:
ENCFF600THN, ENCFF232RQF, ENCFF704LGA; GM12878:
ENCFF269GKF, ENCFF2010HW; HI1: ENCFF693IFG, ENCFFS860ABR;
HepG2: ENCFF745JCH, ENCFF862NDZ, ENCFF926NHE; HUVEC:
ENCFF374DGO, ENCFF609TUB; NHEK: ENCFFOSINTC,
ENCFF770JWP); and reference Hi-C (ENCFF134PUN [https://www.
encodeproject.org/files/ENCFF134PUN]). Additional Hi-C contact
matrices are available from the 4D Nucleome Data Portal (https://data.
4dnucleome.org/) under accession codes 4DNFITUOMFUQ and
4DNFIIUEGIHD. CAGE data are available from FANTOMS (https://
fantom.gsc.riken.jp/5/sstar/Main_Page) under accession codes
CNhs11250 [https://fantom.gsc.riken.jp/5/sstar/FF:10454-106G4] and
CNhs12333 [https://fantom.gsc.riken.jp/5/sstar/FF:10823-111C4]. RNA-
seq expression profiles are available from the Roadmap Epigenomics
Consortium (https://egg2.wustl.edu/roadmap/data/byDataType/rna/
expression/57epigenomes.RPKM.pc.gz). The enhancer-gene linkage
benchmarking datasets are available in the Engreitz Lab GitHub
repositories (https://github.com/EngreitzLab/CRISPR_comparison and
https://github.com/EngreitzLab/eQTLEnrichment) and are included in
Supplementary Data 2 and 3. The enhancer-gene pair data generated in
this study have been deposited in the Zenodo (https://zenodo.org/
records/17167181). Source data are provided with this paper.

Code availability

The code used to develop EPInformer, perform the analyses and
generate results in this study is publicly available and has been
deposited in https://github.com/pinellolab/EPInformer (release ver-
sion 0.1.1) under the MIT License. The specific version of the code with
this publication is archived in Zenodo and is accessible via https://doi.
org/10.5281/zenodo.171671807°.
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