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Abstract

Enhancers play an important role in transcriptional regulation by modulating gene expression from distal genomic locations. Although single-
cell ATAC and RNA sequencing (scATAC/RNA-seq) data have been leveraged to infer enhancer—gene links, establishing regulatory links between
enhancers and their target genes remains a challenge due to the absence of chromatin conformation information. Here, we present SCEG-HIC, a
machine learning method based on weighted graphical lasso, which decodes enhancer—gene links from single-cell multi-omics data by integrating
bulk average Hi-C as prior knowledge. SCEG-HiC supports both paired scATAC/RNA-seq and scATAC-only inputs, improving prediction accuracy
while retaining context-specific correlations and enabling the discovery of biologically relevant links. Comprehensive evaluation across 10 human
and mouse single-cell multi-omics datasets shows that SCEG-HIC outperforms existing single-cell models. Application of SCEG-HiC to COVID-
19 datasets illustrates its capacity to more reliably reconstruct gene regulatory networks underlying disease severity, and elucidate functional
associations between noncoding variants and their putative target genes. SCEG-HIC is freely available as an open-source and userfriendly R
package, facilitating broad applications in regulatory genomics research.
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Introduction

In eukaryotes, transcriptional regulation is an essential bio-
logical process that enables cells or organisms to respond to
various intra- and extra-cellular signals, maintain differenti-

ated cell types, and coordinate cellular activities [1]. Promot-

ers and enhancers, two major types of cis-regulatory elements
(CREs), are short noncoding sequences bound by transcrip-
tion factors (TFs) to govern transcriptional regulation of ad-
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jacent genes [2, 3]. While promoters initiate transcription at or
near the transcription start site (TSS), enhancers can augment
transcription from more distal genomic locations. Genome-
wide association studies (GWAS) have shown that >90% of
single nucleotide polymorphisms (SNPs) associated with com-
plex diseases are in noncoding regions of the genome far from
promoters, implicating a potential regulatory role mediated
by enhancers [4]. However, linking enhancers and their tar-
get genes (or equivalently, promoters) remains a significant
challenge. First, enhancers are position-independent; they can
be located upstream or downstream of their target promoter.
Multiple studies have shown that enhancers can regulate genes
located hundreds of thousands to millions of base pairs away,
and they often do not regulate the closest gene [5-7]. Second,
enhancers regulate the target gene expression in a cell- and
tissue-specific manner, meaning that the same enhancer may
target different genes under different biological contexts [3].
Third, enhancer—gene links are many-to-many: one enhancer
can regulate multiple genes, and one gene may be controlled
by multiple enhancers [8].

Several experimental approaches have been developed to
identify enhancer—gene links. Chromatin conformation cap-
ture (3C) [9] and its derivative genomic assays, such as high-
throughput chromatin conformation capture (Hi-C) [10], de-
tect physical interactions between genomic regions. Other ap-
proaches, such as those based on expression quantitative trait
loci (eQTL) [11] and CRISPR-Cas9 perturbation assays [12],
infer regulatory links by associating genetic variants in en-
hancer regions with gene expression change. However, these
assays are often technically challenging and costly, and have
only been conducted at high resolution in a limited range of
cell types.

As a supplement to experimental methods, various com-
putational methods have been proposed. The simplest ap-
proach assigns an enhancer to its closest gene, but it over-
looks the fact that enhancers can regulate gene expression
over long genomic distances. As CRE activities can be mea-
sured via histone modification or chromatin accessibility pro-
filing (e.g. H3K27ac ChIP-seq, ATAC-seq), multi-omics sig-
nals from diverse tissues and cell types have been modelled to
infer enhancer—gene links [13-15]. Notably, the activity-by-
contact (ABC) model combines enhancer activity with chro-
matin contact data (Hi-C) to assign enhancers to target genes
[16]. This approach outperformed several other methods and
showed comparable performance when using either cell type-
specific Hi-C or average Hi-C map across multiple cell types.
Yet, bulk sequencing technologies measure the average signals
across biological tissues, underestimating cellular heterogene-
ity and lacking the ability to capture cell- and state-specific
information.

The advent of single-cell technologies, such as single-cell
RNA sequencing (scRNA-seq) [17] and single-cell ATAC se-
quencing (scATAC-seq) [18], has made it possible to uncover
cellular heterogeneity at single-cell resolution. Notably, tech-
niques such as SHARE-seq [19] and 10x Genomics Multi-
ome ATAC + RNA [20] enable simultaneous measurement
of gene expression and chromatin accessibility within the
same cell. In principle, computational strategies developed
for bulk sequencing data can be adopted for single-cell se-
quencing data by replacing bulk samples with individual cells
[21]. Correlation-based models, such as Signac [22] and FigR
[23], compute Pearson or Spearman correlations between en-
hancer accessibility and gene expression or promoter accessi-

bility. Regression-based models, including DIRECT-NET [24],
SCENIC+ [25], SCARIink [26], and Enhlink [27], quantify
the relationship between one or more enhancers and target
gene expression using multivariate regression. Latent variable-
based models, such as scREG [28] and scMultiMap [29], in-
tegrate single-cell multi-omics data in latent space and in-
fer enhancer—gene links based on the covariance in latent
space. Supervised learning-based models (e.g. scE2G [30]), in-
fer enhancer—gene links directly from single-cell data using ex-
perimentally validated labels or weakly supervised strategies
with biologically informed priors. Hi-C structure-based mod-
els identify enhancer—promoter links using chromatin con-
tact information from single-cell Hi-C [31, 32] or bulk Hi-C,
such as SnapHiC2 [33], SnapHiC-G [34], and STARE (gABC)
[35]. Despite their strengths, these approaches have inher-
ent limitations: correlation-, regression-, and latent variable-
based models rely solely on single-cell data and are sensi-
tive to spurious correlations that lack regulatory relationships.
Supervised learning-based models are limited by the scarcity
of high-confidence enhancer—gene links, and Hi-C structure-
based models often fail to adequately integrate multi-omics
data at the single-cell level.

Here, we propose SCEG-HiC, a computational method that
predicts Enhancer—Gene links from Single-Cell multi-omics
data by integrating prior Hi-C information. SCEG-HiC em-
ploys the weighted graphical lasso (wglasso) model [36] to
incorporate an average bulk Hi-C map, effectively regulariz-
ing the correlation matrix with the prior Hi-C contact ma-
trix as a penalty term. SCEG-HiC can use either scATAC-seq
alone or paired scATAC/RNA-seq data. Incorporation of the
Hi-C prior enhances prediction accuracy, maintains cellular
context-specific correlations, and enables the identification of
biologically meaningful links. Through extensive benchmark-
ing using independent functional genomics data, including
cell type-specific Hi-C and eQTL data, we demonstrate that
SCEG-HiC consistently outperforms existing enhancer—gene
linking models across diverse human and mouse datasets.
Moreover, we illustrate the biological relevance of SCEG-HiC
by constructing cell type-specific gene regulatory networks
(GRNs) and prioritizing target genes associated with noncod-
ing GWAS variants. SCEG-HiC is implemented as an R pack-
age and is freely available at: https://github.com/wuwei771x/
SCEGHIC.

Materials and methods

Data preprocessing of single-cell data

Aggregation and single-cell retention approaches are devel-
oped separately for preprocessing single-cell omics data. We
employed an aggregation method analogous to DIRECT-
NET [24], which involved constructing a low-dimensional k-
nearest neighbor (KNN) graph (default & = 50) from sparse
single-cell omics data and subsequently averaging signals from
similar cells. For paired scATAC/RNA-seq data, the KNN
graph is constructed using the weighted nearest neighbor
(WNN) approach implemented in the Seurat v4 package,
which computes a joint neighbor graph based on a weighted
integration of chromatin accessibility and gene expression
profiles [37]. For scATAC-seq data alone, the KNN graph is
built through singular value decomposition (SVD) on a trans-
formed peak count matrix using term frequency-inverse doc-
ument frequency (TF-IDF) [22]. The aggregation process fol-
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lows a modified DIRECT-NET approach, selecting cells with
minimal KNN overlap (default 0.8). Finally, the aggregated
chromatin accessibility and gene expression data are normal-
ized using scaling factors estimated by DESeq2 [38]. The
single-cell retention approach requires normalization of both
scATAC-seq and scRNA-seq data. We employed the SCTrans-
form method in Seurat to normalize gene expression data,
correcting for sequencing depth differences [39]. Chromatin
accessibility data is normalized using the TF-IDF method in
Signac, adjusting for sequencing depth and peak accessibility
biases [22].

In this study, we evaluated the impact of six different data
preprocessing methods on model accuracy, considering three
factors including cell aggregation, scATAC-seq binarization
and cell type scope: (i) aggregation using raw scATAC-seq
data; (ii) aggregation using binarized scATAC-seq data; (iii)
single-cell retention using TF-IDF normalized scATAC-seq
data for all cell types; (iv) single-cell retention using binarized
scATAC-seq data for all cell types; (v) single-cell retention us-
ing TF-IDF normalized scATAC-seq data for a specified cell
type; and (vi) single-cell retention using binarized scATAC-seq
data for a specified cell type.

Constructing and normalizing the contact matrix of
bulk average Hi-C

To obtain the bulk average Hi-C map for constructing the
enhancer—-gene contact matrix, we adopted a similar method
to the ABC model [16]. First, we extracted rows correspond-
ing to the TSS of each gene from the standardized Hi-C ma-
trix for each cell type (KR or SCALE normalization, at 5
kb resolution) [40]. Considering that the strength of intra-
chromosomal interactions follows a power-law distribution,
we corrected for differences in the power-law decay of Hi-
C signals across different cell types [41]. This is achieved by
adjusting the signal based on the cell type-specific power-law
gamma parameter, using the formula:

A VieiVeeliope) (1)

where y,. is the reference gamma parameter, ensuring a
consistent decay pattern across all cell types that matches the
reference. To estimate Yiiype, We aggregated Hi-C interac-
tions within 1 Mb of all gene promoters and performed a
linear regression in log-log space, where the regression slope
corresponded to Yeiieype- After scaling, each Hi-C profile was
normalized so that the total signal summed to one, ensuring
equal weighting across all cell types. Finally, we averaged the
normalized profiles across all cell types to construct a consen-
sus Hi-C interaction landscape anchored at gene TSSs.

We extracted a contact matrix from the bulk average Hi-C
map using the TSS of genes and the midpoints of all candi-
date enhancers. The coordinates were divided by 5 kb (the
Hi-C resolution) and then floor-rounded using R’s floor func-
tion. Given the low contact frequency of the resulting matrix,
we standardized the data to the [0, 1] range and used it as a
penalty matrix for subsequent wglasso modeling, with larger
contact values assigned smaller penalties. Four standardiza-
tion methods were evaluated to generate contact penalty ma-
trix: (i) binarization, where contact penalties are assigned to 0
(contact present) or 1 (contact absent); (ii) min—-max normal-
ization, where contact values are scaled to the [0, 1] range by
subtracting each value from their maximum and dividing by
their range (max—min); (iii) -log transformation, where con-
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tact values are -log-transformed and then min-max normal-
ized; (iv) rank score, where contact values are ranked in de-
scending order and scaled to the [0, 1] range by relative ranks.

Construction of a predictive enhancer-gene link
model

SCEG-HiC employs the wglasso method to predict
enhancer—gene links, effectively handling the high dimension-
ality of single-cell datasets, where the number of potential
element pairs far exceeds the cell number [36]. Moreover,
wglasso integrates multilevel biological information, enhanc-
ing model accuracy and robustness. Like the glasso method,
wglasso estimates the inverse covariance matrix to compute
partial correlation coefficients, thereby removing indirect
links [42]. The key difference is that while glasso applies a
single penalty parameter, wglasso leverages prior information
to specify different amounts of penalties to different element
pairs, enabling adaptive shrinkage of partial correlations for
improved accuracy. For each gene, wglasso maximizes the
following objective function:

logdet® —tr (SO) — p||P * O, (2)

where O is the inverse covariance matrix to be estimated, S
is the observed covariance matrix, P is the prior information
matrix (P € [0, 1]), p is the penalty parameter (p € [0, 1], with
a step size of 0.01), and * represents element-wise multiplica-
tion. The inverse covariance matrix ®, observed covariance
matrix S, and prior matrix P are constructed over the gene
and its candidate enhancers, with matrix dimensions corre-
sponding to the gene plus the total number of candidate en-
hancers. To ensure consistent scale across data modalities,
we employed a correlation matrix (i.e. standardized covari-
ance matrix) instead of the raw covariance matrix. Specifically,
with scATAC-seq data alone, the matrix is computed based
on the chromatin accessibility of promoters (peaks within +
1 kb from the TSS) and candidate enhancers (peaks within +
250 kb from the TSS). When paired scATAC/RNA-seq data
are available, the matrix is computed using gene expression
and enhancer accessibility. The standardized contact penalty
matrix derived from the bulk average Hi-C map serves as
the prior information matrix P, where larger values indicate
stronger penalties and weaker prior support for correspond-
ing enhancer—gene links. To mitigate self-interaction effects
during optimization, a small constant (1 x 10~*) is added to
the diagonal of P. The optimal penalty parameter p is deter-
mined by cross-validation using the Bayesian information cri-
terion (BIC), which tends to select highly sparse networks and
performs well in scale-free network simulations [43]. The BIC
for the wglasso model takes the form

BIC = -21, (©) + |E| log (1), 3)

where |E| denotes the number of edges, i.e. the number of
nonzero elements in ® corresponding to the gene and its can-
didate enhancers, 7 is the sample size, corresponding to the
number of single cells or pseudo-bulk samples, and I, is the
log likelihood function simplified from

1, (©) = g [log (det (©)) — 7 (5©)]. (4)

After estimating the inverse covariance matrix, partial cor-
relation coefficients are calculated to infer enhancer—gene
links, with a default threshold of 0.01 applied to select signif-
icant links. The partial correlation coefficient R is calculated
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as:
®

R=—-——=. 5

DDT (5)

D is a diagonal matrix composed of the square roots of the

diagonal elements of ©, covering the gene and its candidate

enhancers.

Preprocessing paired scRNA-seq and scATAC-seq
datasets

Single-cell paired multi-omics data were processed using Seu-
rat (scRNA-seq) and Signac (scATAC-seq). Quality control
(QC) was applied to both the RNA and ATAC data, assessing
RNA counts, ATAC fragment counts, nucleosome signal, TSS
enrichment, and optionally blacklist fraction. QC thresholds
were defined based on the distribution of these metrics within
each dataset. For scRNA-seq data, RNA counts were nor-
malized using Seurat’s SCTransform function, followed by di-
mensionality reduction with RunPCA. For scATAC-seq data,
MACS2 was used via Signac’s CallPeaks function to iden-
tify peaks from fragment files [44]. After filtering out peaks
on nonstandard chromosomes and overlapping with black-
listed genomic regions, a peak-by-cell matrix was generated
using Signac’s FeatureMatrix function for downstream anal-
yses. ATAC peaks were normalized using FindTopFeatures
and RunTFIDF in Signac, and dimensionality reduction was
performed using RunSVD. If the dataset contained multiple
samples, batch effects across different samples were corrected
using the Harmony method with the RunHarmony function
[45]. The WNN graph was constructed using latent seman-
tic indexing dimensions 2-40 for scATAC-seq (excluding the
first singular component due to its strong correlation with
technical factors like sequencing depth) and PCA dimensions
1-50 for scRNA-seq. Finally, high-resolution clustering was
performed using the Louvain algorithm on the joint WNN
graph via Seurat’s FindNeighbors and FindClusters functions.

Existing methods for paired scATAC-seq/scRNA-seq
data

We compared SCEG-HiC with several existing methods
for paired scATAC/scRNA data, including two classical
correlation-based approaches (Pearson and Spearman), as
well as eight computational tools. (i) CellOracle (v0.14.0),
which integrates Cicero results with TSS peak informa-
tion to infer peak—gene links from scATAC-seq data [46];
(i) DIRECT-NET (v0.0.1), which applies eXtreme Gradi-
ent Boosting (XGBoost) to identify high-confidence func-
tional CRE—gene links from parallel scATAC/RNA-seq data
[24]; (iii) SCENIC+ (v1.0.1), which utilizes gradient boost-
ing machine regression to compute CRE-gene importance
scores from scATAC/RNA-seq data [25]; (iv) FigR (v0.1.0),
which employs Spearman correlation coefficients to con-
nect distal CREs to genes from paired scATAC/RNA-seq
data [23]; (v) Signac (v1.12.0), which applies Pearson cor-
relation with background correction to compute linkage
scores for peak—gene pairs from scATAC/RNA-seq data [22];
(vi) SCARlink (v1.0.0), which employs a regularized Pois-
son regression model using tile-level chromatin accessibil-
ity to predict gene expression and leverages Shapley values
to infer enhancer—gene links from paired scATAC/RNA-seq
data [26]; (vii) Enhlink (v0.21.4), which adopts a random
forest-like framework incorporating biological and techni-

cal covariates to infer enhancer—gene co-accessibility from
multi-omics scATAC/RNA-seq data [27]; (viii) scMultiMap
(v1.0.1), which utilizes moment-based fast estimation within
a joint latent variable model and adjusts for technical con-
founders to infer enhancer—gene links from highly sparse mul-
timodal count data [29]. One notable difference among these
models is that SCARlink, Enhlink, and scMultiMap predict
enhancer—gene links by analyzing data from each cell type sep-
arately, whereas the remaining models are designed to infer
links by correlating across all cell types in a dataset simultane-
ously. For all models, promoters are defined as regions within
+1 kb from the TSS, while candidate enhancers are defined
as regions within +250 kb from the TSS, excluding promoter
regions. A common set of marker genes was selected for each
cell type, and all resulting links were retained for benchmark-
ing purposes. For detailed implementation of these methods,
see Supplementary Methods.

Existing methods for scATAC-seq data alone

We compared SCEG-HiC with several existing methods for
scATAC-seq data alone, including two statistical approaches:
Pearson correlation and chi-squared test with false discovery
rate correction (Chi?> 4+ FDR), as well as four computational
tools. (i) Cicero (v1.3.9), which uses the glasso model to infer
co-accessibility relationships between CREs from scATAC-seq
data alone [47]; (ii) scEChIA (v0.1.0), which utilizes signal
imputation and L1 regularization to infer chromatin inter-
action links from scATAC-seq data [48]; (iii)) DIRECT-NET
(v0.0.1), which applies XGBoost to identify high-confidence
functional CRE—gene links from scATAC-seq data alone [24];
(iv) Enhlink (v0.21.4), which adopts a random forest-like
framework to infer enhancer—promoter co-accessibility from
scATAC-seq data [27]. One notable difference among these
models is that Chi> + FDR, Enhlink, and scEChIA predict
enhancer-gene links by analyzing data from each cell type
separately, whereas the remaining models infer links by cor-
relating across all cell types in a dataset simultaneously. All
methods followed the same promoter and enhancer defini-
tions as previously described to ensure consistency across eval-
uations. For detailed implementation of these methods, see
Supplementary Methods.

ABC model

Additionally, we compared SCEG-HiC with the ABC method
for bulk ATAC-seq, which integrates chromatin accessibility
and an average Hi-C contact map to predict enhancer—gene
links [16]. Pseudobulk profiles were generated by averaging
gene expression and chromatin accessibility for each cell type.
To maintain consistency, ABC analysis employed the same
promoter and enhancer definitions as described above (see
Supplementary Methods for details).

Validation with Hi-C and eQTL data

To evaluate the accuracy of predicted enhancer—gene links,
we used published cell type-specific Hi-C profiles. We used
Juicer Tools to process raw sequencing data into a list of Hi-
C contacts (.hic files) [49]. The chromatin interaction scores
were normalized using the SCALE or KR methods and ex-
tracted in text format at 5 kb resolution. An enhancer—gene
link is considered a true positive (TP) if: (i) the gene TSS is
within a bait fragment, (ii) the midpoint of the peak is within
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an other-end fragment, and (iii) a high interaction score is
observed between the bait and other-end fragment in Hi-C
data, determined by a threshold to select top-enriched chro-
matin interactions. Note that the cell type-specific Hi-C data
used for validation are independent and not included in the
bulk average Hi-C map. Even when the validation data corre-
sponded to the same cell type, they were obtained from inde-
pendent experimental sources, ensuring that model evaluation
was independent of the prior. Additionally, we used eQTL data
from matched tissues in GTEx (v8) to assess the accuracy of
enhancer—gene links [50]. Specifically, we used cis-eQTL data,
which link genetic variants to the expression of nearby genes.
An enhancer—gene link is considered a TP if (i) the peak over-
laps with an eQTL locus, and (ii) the locus is associated with
the target gene’s expression.

Evaluation metrics

To derive a common gene set for benchmarking, we first iden-
tified 3000 highly variable genes for each dataset. We then
used the Presto package to select marker genes for each cell
type with AUROC > 0.5 [51]. The evaluation metrics for
comparison included area under the precision—recall curve
(AUPRC), AUPRC ratio, early precision (EP), and EP ratio
(EPR) [52]. AUPRC was computed using the pr.curve func-
tion from the PRROC package, and EP was defined as the
fraction of TPs among the top-k predicted positives, where k
represents the total number of TPs. Both the AUPRC ratio and
EPR were calculated by dividing the AUPRC and EP values by
the precision of a random predictor, which is determined by
the total fraction of TPs.

Analysis of experimentally validated enhancers in
the VISTA Enhancer Browser

To further evaluate the accuracy of predicted enhancer—gene
links, we conducted an additional analysis using a curated set
of enhancers experimentally validated in the VISTA Enhancer
Browser. This database contains data from over 4500 exper-
iments, with most evaluated at embryonic stage E11.5, pri-
marily covering human and mouse elements [53]. Among the
enhancers with positive validation results, nearly 80% exhibit
regulatory activity in the brain, limb, or heart. We selected ex-
perimentally validated brain-associated enhancers (midbrain,
hindbrain, forebrain, or neural tube) with positive results from
the VISTA Enhancer Browser, including 738 human elements
and 432 mouse elements. These curated enhancers were then
intersected with scATAC-seq peaks called by MACS2 using
bedtools [54], and target genes were predicted for the over-
lapped peaks.

eQTL enrichment analysis

Cis-eQTLs from matched tissues in GTEx (v8) were used as in-
dependent functional evidence to evaluate the predicted links
under different prior matrices [50]. For each dataset, the lost
or gained links were defined as the foreground set, respectively,
with all candidate enhancer-gene links serving as the back-
ground set. Overlaps between foreground links and cis-eQTL
loci associated with the target gene were counted, and enrich-
ment significance was calculated using a two-sided Fisher’s ex-
act test.

Single-cell enhancer-gene linking with prior Hi-C =~ 5

Correlations between cumulative enhancer activity
and gene expression

To calculate cumulative enhancer activity, we first normal-
ized the peak counts by the total number of unique fragments
in each cell’s peaks. After normalization, the cumulative en-
hancer activity for each gene is defined as the sum of the nor-
malized counts from all significantly associated peaks, result-
ing in a cellx cumulative enhancer activity matrix. The thresh-
olds for significant peaks were model-specific (ABC: 0.02,
SCEG-HiC: 0.001). We then computed the Spearman correla-
tions between cumulative enhancer activity and gene expres-
sion values across cells for each gene.

Selection and differential expression analysis of
COVID-19 scRNA-seq data

The scRNA-seq dataset was processed and annotated by Wilk
et al. following the Seurat workflow [55]. Since our pri-
mary focus was comparing peripheral blood mononuclear
cell (PBMC) samples from mild and severe COVID-19 pa-
tients, we excluded samples derived from red blood cell-lysed
whole blood and removed individuals annotated as “healthy”
or “convalescent.” To compare mild and severe COVID-
19 patients, differential expression tests were performed for
each cell type using Seurat’s FindMarkers function with the
Wilcoxon rank-sum test. Genes were considered significantly
differentially expressed if they met all the following criteria:
(i) absolute logy-fold change (FC) > 0.25, (ii) Bonferroni-
corrected P-value < .05, and (iii) expression in at least 10%
of cells in either group.

TF motif enrichment analysis

TF motif enrichment analysis was performed using motif po-
sition weight matrices from the JASPAR2020 database [56].
Core TF motifs were retrieved using the getMatrixSet func-
tion from the TFBSTools package [57] with parameters species
= “Homo sapiens,” collection = “CORE,” and all_versions
= FALSE, resulting in 633 core TF motifs. Genomic re-
gion statistics—including GC content, sequence length, and
dinucleotide frequencies—were computed using the Region-
Stats function. Motif annotations were then added to the
object using AddMotifs. Finally, we selected relevant peaks
and performed motif enrichment analysis within these regions
with the FindMotifs function. Motifs with a fold enrichment
greater than 2 and an adjusted P-value <.05 were considered
significant.

Construction of GRNs

To construct GRNs, we used the matchMotifs function from
the motifmatchr package to identify TFs associated with peak
regions, leveraging motif data from the JASPAR2020 database
[58]. Only TF motifs showing significant enrichment in these
regions were considered. We integrated these TF—peak links
with peak—gene links derived from SCEG-HiC to establish
TF-peak-gene relationships. In this framework, peaks serve
as intermediaries linking TFs to their putative target genes,
forming a GRN structure.
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Results

Overview of SCEG-HiC framework

SCEG-HIiC is a computational framework designed to pre-
dict enhancer—gene links using single-cell multi-omics data
(paired scATAC/RNA-seq or scATAC-seq alone), combined
with three-dimensional chromatin conformation information
derived from a bulk average Hi-C map. Gene promoters are
defined as + 1 kb regions around TSS, while candidate en-
hancers are identified as accessible chromatin regions out-
side promoters but within a user-specified genomic window
(default: + 250 kb). The SCEG-HiC framework comprises
three major steps (Fig. 1 and see the “Materials and meth-
ods” section): (i) preprocessing CRE accessibility and gene ex-
pression matrices; (ii) constructing and normalizing bulk aver-
age Hi-C to generate the contact penalty matrix; (iii) inferring
enhancer-gene links using the wglasso model.

The preprocessing step mainly involves two considera-
tions: the sparse nature of single-cell sequencing data (espe-
cially scATAC-seq), and spurious peak-gene associations con-
founded by cell type heterogeneity [59, 60]. To systemati-
cally evaluate these issues, we compared six preprocessing
strategies (Supplementary Fig. S1, Supplementary Table S1,
and see the “Materials and methods” section), considering
either aggregation or single-cell retention approach, along
with the impact of binarizing scATAC-seq data. The aggre-
gation approach, applied across cell types, aggregates sig-
nals from small clusters of similar cells to alleviate data
sparsity. The single-cell retention approach, tailored to spe-
cific cell types, preserves individual cell signals. Our results
showed that the single-cell retention strategy with normal-
ized scATAC-seq data achieved the highest prediction accu-
racy, albeit identifying fewer enhancer—gene links. In contrast,
the aggregation approach with binarized scATAC-seq data re-
sulted in slightly lower accuracy but captured a broader range
of enhancer-gene links. To balance accuracy and coverage,
we implemented both preprocessing strategies in SCEG-HiC,
with aggregation designated as the default.

Distinct from previous methods, SCEG-HiC integrates
prior knowledge of chromatin conformation to improve pre-
diction accuracy. Although chromatin interactions can be cell
type-specific, previous studies have shown that many chro-
matin interactions are highly similar across different cell types
[61]. Notably, an average Hi-C map generated from diverse
cell types, termed “bulk average Hi-C,” represents the aver-
age of normalized cell type-specific maps rather than data
from a pooled experiment, and can capture potential chro-
matin interactions in new cell types as validated by the ABC
model [16] (see the “Materials and methods” section). Due to
the low contact frequency in the bulk average Hi-C map, we
normalized the contact values to generate the contact penalty
matrix. Among the four evaluated normalization methods,
the rank score method significantly outperformed the oth-
ers in terms of prediction accuracy (Supplementary Fig. S2,
Supplementary Table S1, and see the “Materials and meth-
ods” section). A small constant is added to the diagonal of the
normalized contact penalty matrix to mitigate self-interaction
effects, and the choice of this constant is robust with respect
to predictive performance (Supplementary Fig. S3).

Finally, SCEG-HiC employs the wglasso model to in-
fer enhancer—gene links, effectively addressing the high-
dimensionality of single-cell data while integrating prior infor-
mation [36]. Specifically, SCEG-HiC integrates the normalized

Hi-C contact penalty matrix with the correlation matrix of
gene expression (or promoter accessibility) and candidate en-
hancer accessibility. The penalty parameter is optimized using
BIC [43] cross-validation, with the value minimizing BIC se-
lected as the final parameter (Supplementary Fig. S4A). Anal-
ysis across 2000 highly variable genes revealed gene-specific
optimal penalty values, while subsampling 70% of cells for
100 randomly selected genes over 100 iterations showed con-
sistently low interquartile range, indicating both gene-level
specificity and overall model stability (Supplementary Fig. S4B
and C). Partial correlation coefficients derived from the model
quantify the strength of enhancer-gene links, with positive
values indicating biologically meaningful links. A default
threshold of 0.01 for the partial correlation coefficient is ap-
plied as needed, providing a balance between precision and
recall (Supplementary Fig. SS).

Benchmarking SCEG-HiC with human paired
single-cell multi-omics data

We analyzed five paired scATAC/RNA-seq datasets from dif-
ferent human tissues generated by 10x Genomics, including
PBMCs, skin stromal cells [62], fetal retinal tissue [63], brain
gray matter [64], and developing cerebral cortex [65] (Fig. 2A
and Supplementary Table S2). For each dataset, we applied
Seurat [37] and Signac [22] to perform QC, cell clustering,
cell type annotation, and uniform manifold approximation
and projection (UMAP) visualization based on WNN inte-
gration of gene expression and chromatin accessibility data
(Fig. 2A, Supplementary Fig. S6, and Supplementary Table S3;
see the “Materials and methods” section and Supplementary
Methods). We applied SCEG-HiC to each dataset to conduct
data aggregation and scATAC-seq binarization, and integrated
a human bulk average Hi-C map to predict enhancer—gene
links for marker genes of each cell type. The bulk average Hi-
C map for humans was obtained from the ABC model and
constructed by preprocessing 34 Hi-C datasets from the EN-
CODE project (Supplementary Table S4) [16, 66].

To evaluate the accuracy of predicting enhancer-gene
links in the human paired single-cell multi-omics data, we
compared SCEG-HiC against two classical correlation-based
methods (Pearson and Spearman), and eight dedicated compu-
tational tools: CellOracle [46], DIRECT-NET [24], SCENIC+
[25], FigR [23], Signac [22], SCARIink [26], Enhlink [27], and
scMultiMap [29] (see the “Materials and methods” section
and Supplementary Methods). We collected experimentally
supported interactions from cell type-specific Hi-C and eQTL
data as the benchmarks (Supplementary Table S5). Given the
highly imbalanced fraction of verified enhancer—gene links,
we used the AUPRC and EP as evaluation metrics [52, 67],
which are inherently threshold-independent (see the “Mate-
rials and methods” section). Using CD4 + T cells from the
PBMC dataset, we first validated the performance of SCEG-
HiC against CD4 + T cell Hi-C data from ENCODE [68]
and whole blood eQTL data from GTEx [50]. In Hi-C-based
validation, SCEG-HiC achieved an AUPRC of 0.683 and an
EP of 0.689; in eQTL-based validation, it reached an AUPRC
of 0.219 and an EP of 0.255, substantially outperforming
all other methods (Fig. 2B). As a case study, we examined
enhancer-gene links involving PDK1, a key regulator of T
cell development and activation [69, 70], using the PBMC
dataset (Fig. 2C). SCEG-HiC accurately recovered validated
links using CD4 + T cell-specific Hi-C data from ENCODE
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Figure 1. The workflow of SCEG-HIC. SCEG-HiC integrates single-cell multi-omics data and bulk average Hi-C map to infer enhancer-gene links. The left
panel illustrates the detailed workflow of SCEG-HIC. Taking paired scATAC/RNA-seq or scATAC-seq data alone as input, SCEG-HiC first computes
enhancer—gene correlation matrices based on gene expression (or promoter accessibility) and distal CRE accessibility across aggregated cells or single
cells from a specific cell type. Second, it incorporates chromatin interaction priors from a bulk average Hi-C map to construct a normalized contact
penalty matrix between genes and CREs. Third, SCEG-HiC applies a wglasso model to estimate partial correlation coefficients, preserving
enhancer—gene links with positive coefficients. The right panel shows a schematic genomic region illustrating how SCEG-HiC integrates Hi-C priors with
single-cell omics correlations to calculate partial correlation coefficients for enhancer—gene links. For each gene, the 41 kb region around the TSS is
defined as the promoter, while CREs within 250 kb regions (excluding promoters) are defined as candidate enhancers (e.g. C4-Cs). Prom: promoter.

and whole blood eQTL data from GTEx. Importantly, we ob-
served that integrating the bulk average Hi-C map substan-
tially reduces false positives compared to models relying solely
on correlations between gene expression and chromatin acces-
sibility.

To further illustrate the broad applicability of SCEG-HiC,
we evaluated its performance across nine additional repre-
sentative cell types from the five multi-omics datasets. These
included cell types covered and uncovered by the bulk av-
erage Hi-C map, allowing a comprehensive assessment of
model robustness across diverse cellular contexts. To en-

sure comparability across datasets and cell types, we cal-
culated the AUPRC ratio and EPR relative to the fraction
of verified interactions (i.e. random baseline) for each cell
type within each dataset. Using Hi-C-validated enhancer—gene
links from all 10 cell types, SCEG-HiC consistently yielded
significantly higher AUPRC ratio and EPR than all competing
methods (Fig. 2D, P-values from paired #-tests are provided in
Supplementary Table S6). A similar trend was observed when
using eQTL-derived links from eight cell types as benchmarks:
SCEG-HiC again significantly outperformed most other meth-
ods in terms of both AUPRC ratio and EPR, with no significant
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and eQTL data (E), respectively.



difference from FigR, SCARIlink, and Enhlink only in terms
of EPR (Fig. 2E, P-values from paired #-tests are provided in
Supplementary Table S6).

Additionally, we assessed the accuracy of SCEG-HiC pre-
dictions on a curated set of enhancers experimentally val-
idated in the VISTA Enhancer Browser [53]. Considering
the tissue specificity of enhancers, we focused on brain-
associated elements (see the “Materials and methods” sec-
tion). Due to the limited overlap between eQTL and VISTA
enhancers, the inferred enhancer—gene links were validated
using brain midfrontal cortex Hi-C data from ENCODE.
In the human brain gray matter dataset, SCEG-HiC consis-
tently achieved higher AUPRC and EP than all other meth-
ods (Supplementary Fig. S7A). These evaluation results collec-
tively confirm that SCEG-HiC achieves superior performance
in predicting enhancer—gene links from human paired single-
cell multi-omics data.

We also assessed the computational cost and scalability of
SCEG-HiC across varying dataset sizes. Using randomly sam-
pled PBMC data according to cell type proportions with dif-
ferent numbers of cells (3000, 5000, and 10 000) and highly
variable genes (500, 1000, and 3 000), we measured run-
time (CPU seconds) and peak memory usage (MB) and com-
pared SCEG-HiC with other methods. The results showed
that the runtime of SCEG-HiC was primarily influenced by
the number of genes, with more genes leading to longer run-
times, while memory usage mainly increased with the num-
ber of cells, with more cells resulting in higher memory usage
(Supplementary Fig. S8 and Supplementary Table S7). SCEG-
HiC comprises two steps: precomputing Hi-C weights and ex-
ecuting wglasso. We observed that wglasso exhibited moder-
ate runtime and memory usage relative to other methods un-
der all tested conditions. While precomputing Hi-C weights
required additional runtime, this step only needs to be per-
formed once for a given gene set.

Impact of Hi-C prior on enhancer—gene link
predictions in SCEG-HiC
Given that SCEG-HiC incorporates an averaged bulk Hi-C
prior constructed from a limited number of cell lines, an im-
portant question is how the Hi-C prior influences model be-
havior and predictive performance. We first assessed the rep-
resentativeness of the bulk average Hi-C map by compar-
ing it with validated pairs from cell type-specific Hi-C maps.
We found that the coverage of these pairs shows an ap-
proximately linear decline with increasing contact percentile
thresholds in the bulk average Hi-C map, suggesting that
bulk Hi-C broadly reflects the contact distribution of vali-
dated pairs rather than being limited to the strongest contacts
(Supplementary Fig. S9A and see Supplementary Methods).
To confirm that the improvement of SCEG-HiC stemmed
from incorporating the bulk average Hi-C map, we performed
an ablation analysis comparing SCEG-HiC with its no-prior
version under the same model framework. Across both cell
type-specific Hi-C and eQTL validation data, SCEG-HiC con-
sistently outperformed the no-prior model in AUPRC ratio
and EPR (Fig. 3A and B). To further assess whether the model
depends on true Hi-C structure rather than only distance con-
straints, we performed distance-stratified randomization of
the bulk Hi-C prior and reran SCEG-HiC (Supplementary Fig.
S10 and see Supplementary Methods). Predictions based on
real Hi-C data were significantly higher than those using the
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shuffled prior for AUPRC and EPR with cell type-specific Hi-
C validation, and for AUPRC with eQTL validation (Fig. 3A
and B). These results indicate that the performance gains of
SCEG-HIiC are not solely driven by linear genomic distance,
highlighting the important role of local Hi-C contact struc-
ture.

We next systematically evaluated the impact of Hi-C prior
strength by exponentiating the contact penalty matrix as P?,
where the temperature parameter 7 ranged from 0 to 2 at a
fixed step of 0.5. It is important to emphasize that as 7 in-
creases, the proportion of Hi-C contacts with relatively low
penalty increases, thereby strengthening the prior. Based on
five paired multi-omics datasets, most links identified at T = 0
remained unchanged with increasing 7, and the number of lost
links was relatively small and declined further as t increased
(Fig. 3C and Supplementary Fig. S11). However, increasing
7 yielded a substantial number of newly gained links. Analy-
sis of the characteristics of lost, unchanged, and gained links
across different t values revealed that lost links at higher
tended to show significantly lower prior contact values, and
their correlations were also generally lower than those of un-
changed links (Fig. 3D and Supplementary Fig. $12). In con-
trast, gained links at higher 7 exhibited higher prior contact
values than unchanged links, despite significantly lower cor-
relations. Across both cell type-specific Hi-C and eQTL vali-
dation data, SCEG-HiC achieved optimal predictive accuracy
at t = 1. Further increasing 7 to 2 did not improve perfor-
mance and may even slightly reduce accuracy (Supplementary
Fig. S13).

As increasing T may remove a proportion of links with high
correlations but low prior support, we compared the observed
(especially those lost and gained) links at t =1 with t =0
across the datasets. First, we compared the cell type-specific
correlations of lost links with those of unchanged links. The
analysis showed that, except in some cell types where no
significant difference was observed due to the limited num-
ber of cells, lost links generally exhibited significantly lower
correlations than unchanged links (Supplementary Fig. S14).
Second, we calculated the overlap of lost and gained links
with the consensus predictions shared by SCARIink [26] and
Enhlink [27] (thresholds: SCARIlink, Z-score > 0.05 and ad-
justed P < .05; Enhlink, adjusted P < .05). Our results in-
dicated that the overlap of lost links was substantially lower
than that of gained links, suggesting that the lost links were
not more strongly supported by these Hi-C free methods.
(Fig. 3E and Supplementary Fig. S15A-E). Third, we per-
formed orthogonal functional validation by assessing eQTL
and TF motif enrichment. In the eQTL enrichment analysis,
lost links showed no significant enrichment, whereas gained
links were significantly enriched across four datasets (Fig. 3F
and see the “Materials and methods” section). In the TF mo-
tif enrichment analysis of candidate cell type-specific motifs,
enhancers associated with gained links also showed signifi-
cantly stronger motif enrichment than those associated with
lost links (Supplementary Fig. S15F and see Supplementary
Methods). Collectively, these results demonstrate that the re-
moved links are few in number and lack robust support from
independent functional evidence, and indicate that incorpo-
rating the Hi-C prior can effectively complement single-cell
statistical signals to improve the accuracy and biological rele-
vance of predicted enhancer—gene links.

Given the availability of Hi-C maps more closely matched
to the tissues or cell types of the analyzed samples, we com-
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Figure 3. Incorporation of Hi-C priors significantly improves predictive accuracy. Boxplots comparing performance of no-prior, shuffled prior, and
SCEG-HiC across human cell types, measured by AUPRC ratio (A) and EPR (B). Validation was performed using cell type-specific Hi-C and eQTL data,
respectively. Each dot represents a human cell type. P-values were calculated using two-sided paired t-tests. (C) Number of predicted enhancer-gene
links at different prior temperatures t based on the paired multi-omics data from brain gray matter. Predicted links are categorized as lost, gained, and
unchanged at a given t relative to T = 0. Four temperature parameters were tested (r = 0.5, 1.0, 1.5, 2.0). (D) Distribution of Pearson correlation
coefficients and normalized prior Hi-C contact values at different prior temperatures z, for the paired multi-omics data from brain gray matter. Each dot
represents the mean value for a given t, with error bars indicating + 0.5 x standard deviation. P-values were calculated using two-sided Wilcoxon
rank-sum tests between link types (**P < .001). (E) Overlap ratios between lost and gained enhancer—gene links predicted by SCEG-HiC and the
intersection of significant predictions from SCARIink and Enhlink. Each point represents one paired multi-omics dataset. Lost and gained links are
defined at t = 1 relative to = 0. P-values were calculated using two-sided paired ttests. (F) eQTL enrichment of lost and gained enhancer—gene links
predicted by SCEG-HiC across four paired single-cell multi-omics datasets. Odds ratios are shown as points with 95% confidence intervals as bars.
P-values were calculated using two-sided Fisher's exact tests.



pared the effects of two different Hi-C prior sources on pre-
dictive performance within the SCEG-HiC framework using
PBMC data: the bulk average Hi-C map and a cell type-
matched Hi-C map (CD8 + T cell Hi-C dataset from EN-
CODE: ENCFFO09ONH). Across independent CD8 + T cell
Hi-C data (ENCODE: ENCFF063KHP, different from the
prior source) and whole blood eQTL data from GTEx [50]
used for validation, predictive performance based on the cell
type-matched Hi-C map was overall comparable to that based
on the averaged bulk Hi-C map, albeit slightly lower in terms
of AUPRC and EP (Supplementary Fig. S16). This likely arises
because the bulk average Hi-C map generally exhibits higher
genomic coverage and resolution.

Finally, we systematically evaluated the impact of penalty
strength by multiplicatively scaling the parameter as ap, with
« ranging from 0 to 2 at a fixed step of 0.5. Compared
to the no-prior model, the prior contact values of lost, un-
changed, and gained links all increased with rising penalty
strength, with gained links consistently showing the high-
est contact values, followed by unchanged and lost links
(Supplementary Fig. S17). These results indicated that increas-
ing the penalty strength preferentially led to the prediction
of enhancer—gene links with higher prior support. Therefore,
higher penalty strength (greater Hi-C reliance) is suitable for
tissues well represented in the datasets used to construct the
bulk average Hi-C map, whereas lower penalty strength (less
Hi-C reliance but greater reliance on single-cell data) is prefer-
able for more unique tissues or conditions.

Benchmarking SCEG-HiC with human scATAC-seq
data alone

To assess the accuracy of predicting enhancer—gene links us-
ing human scATAC-seq data alone, we compared SCEG-
HiC with two statistical methods, Pearson correlation and
Chi?> + FDR, as well as four computational tools: Cicero
[47], DIRECT-NET [24], scEchIA [48], and Enhlink [27]
(see the “Materials and methods” section and Supplementary
Methods). DIRECT-NET and Enhlink are suitable for both
paired scATAC/RNA-seq data and scATAC-seq data alone.
scEchIA shares similarities with our approach, using average
chromatin interactions from other cell types to predict links
between distal sites (25 kb) in a specific cell type. Using the
same five paired single-cell multi-omics datasets, we restricted
our analysis to the scATAC-seq data to predict enhancer—gene
links. Data preprocessing and integration of prior bulk av-
erage Hi-C map in SCEG-HiC were consistent with the ap-
proach used for paired multi-omics data.

Similarly, we validated the inferred enhancer-gene links
against both cell type-specific Hi-C and eQTL data, using
AUPRC ratio and EPR as evaluation metrics (Supplementary
Table S5 and see the “Materials and methods” section). In
Hi-C-based validation across 10 cell types, SCEG-HiC sig-
nificantly outperformed all other methods in both AUPRC
ratio and EPR (Fig. 4A, P-values from paired #-tests or
Wilcoxon tests are provided in Supplementary Table S6). No-
tably, scEchIA demonstrated the second-best performance,
closely following SCEG-HiC. This observation further sup-
ports the notion that incorporating chromatin interaction in-
formation can substantially enhance model prediction accu-
racy. In eQTL-based validation across eight cell types, SCEG-
HiC again showed significantly higher AUPRC ratio and EPR
across most cell types (Fig. 4B, P-values from paired ¢-tests are
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provided in Supplementary Table S6). However, in contrast to
the Hi-C validation results, scEchIA did not consistently rank
second in accuracy, possibly due to its lack of Hi-C data from
a broader set of cell types.

We also evaluated the accuracy of SCEG-HiC and other
methods in predicting the target genes of a curated set
of brain-associated enhancers experimentally validated in
the VISTA Enhancer Browser [53]. Using brain midfrontal
cortex Hi-C data for validation, SCEG-HiC consistently
outperformed all other methods in both AUPRC and EP
(Supplementary Fig. S7B). In summary, these results demon-
strate that SCEG-HiC maintains robust predictive perfor-
mance when operating solely on human scATAC-seq data.

Finally, we observed that the runtime and memory usage of
SCEG-HiC showed similar trends to the paired scATAC/RNA-
seq data: runtime primarily increased with the number of
genes, while memory usage mainly increased with the number
of cells (Supplementary Fig. S18 and Supplementary Table S7).
Compared with other methods, SCEG-HiC also maintained a
moderate runtime and memory usage, excluding the runtime
for precomputing Hi-C weights.

Benchmarking SCEG-HiC with mouse paired
single-cell multi-omics data

We analyzed five paired single-cell multi-omics datasets from
different mouse tissues generated by different platforms, in-
cluding mouse embryonic brain cells at day 18 (10x Ge-
nomics), mouse skin (SHARE-seq) [19], adult mouse cere-
bral cortex (SHARE-seq) [71], thymic epithelial cells (10x Ge-
nomics) [72], and mouse liver (10x Genomics) [73] (Fig. 5A
and Supplementary Table S2). Each dataset was processed
using Seurat and Signac for QC, dimensionality reduction,
UMAP visualization, clustering, and cell annotation (Fig. SA,
Supplementary Fig. S19, and Supplementary Table S3, and
see the “Materials and methods” section and Supplementary
Methods). Given the absence of a pre-existing average Hi-
C map for mice, we collected seven Hi-C datasets from the
ENCODE project, including two embryonic stem cell lines
(mESC1, mESC2), CH12LX, CH12F3, fiber, epithelium, and
B cells (Supplementary Table S4) [68]. Following the ABC
model’s approach for constructing the human average Hi-
C map, we scaled each Hi-C dataset using dataset-specific
power-law distributions and computed their average to gener-
ate the mouse average Hi-C map (Fig. 5B and see the “Ma-
terials and methods” section). Although fewer datasets are
included for mice than for humans, the bulk average Hi-C
map in mice well represents validated pairs from indepen-
dent cell type-specific Hi-C data, similar to that in humans
(Supplementary Fig. S9B and see Supplementary Methods).
Subsequently, we applied SCEG-HiC to each mouse single-cell
dataset with the aggregation and scATAC-seq binarization ap-
proach, integrating the constructed mouse average Hi-C map
to predict enhancer—gene links.

We benchmarked SCEG-HiC against 10 methods or tools
for paired scATAC/RNA-seq data, as mentioned before. Due
to the lack of eQTL data for mice, we only used cell type-
specific Hi-C data for benchmarks, with AUPRC ratio and
EPR as evaluation metrics (Supplementary Table S5). Across
the five datasets, we selected eleven representative cell types
for evaluation, including those covered and uncovered by
the mouse bulk average Hi-C map. We observed that SCEG-
HiC consistently achieved significantly higher AUPRC ra-
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Figure 4. SCEG-HIC can accurately predict enhancer—gene links using human scATAC-seq data alone. (A, B) Performance of enhancer-gene link
predictions across different human cell types, measured by AUPRC ratio (left) and EPR (right). Validation was performed using cell type-specific Hi-C (A)
and eQTL data (B). Six competing methods were considered for comparison, including Cicero, DIRECT-NET, Chi? + FDR, scEchlA, Pearson correlation,

and Enhlink.

tio and EPR compared to all other methods (Fig. 5C, P-
values from paired Wilcoxon tests or #-tests are provided in
Supplementary Table S6). Furthermore, the performance im-
provements observed in mouse datasets were even more pro-
nounced than those in human datasets, highlighting the ro-
bustness and cross-species applicability of SCEG-HiC.

To further evaluate the accuracy of SCEG-HiC predictions,
we applied the same analysis pipeline used for human datasets
to a curated set of brain-associated enhancers experimen-
tally validated in the VISTA Enhancer Browser [53], compar-
ing SCEG-HiC with other methods in predicting their target
genes (see the “Materials and methods” section). We extended
the analysis to mouse embryonic brain cells at day 18, using
mouse embryonic forebrain Hi-C data for validation. While

the EP of SCEG-HiC was slightly lower than that of SCAR-
link in this dataset, it outperformed all other models across
most remaining metrics (Supplementary Fig. S7C). In conclu-
sion, we validated SCEG-HiC as a superior method in predict-
ing enhancer—gene links using mouse paired single-cell multi-
omics data.

Comparison of SCEG-HiC and ABC

Although the ABC model was originally designed for bulk se-
quencing data, it has also been adopted in scATAC-seq analy-
sis by aggregating cells into pseudobulk profiles (see the “Ma-
terials and methods” section and Supplementary Methods).
Given that both SCEG-HiC and ABC utilize a bulk aver-
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Figure 5. SCEG-HiIC can accurately predict enhancer—gene links using mouse paired single-cell multi-omics data. (A) Summary of mouse paired
scATAC/RNA-seq datasets used for benchmarking (n= cell number), along with UMAP visualizations of a representative dataset of mouse embryonic
brain cells at day 18. Datasets: brain, mouse embryonic brain cells at day 18; skin, mouse skin; thymic, thymic epithelial cells; cortex, adult mouse
cerebral cortex; liver, mouse liver. (B) A schematic illustration for generating a mouse bulk average Hi-C map from seven datasets. (C) Performance of
enhancer—gene link predictions across different mouse cell types, assessed by AUPRC ratio (left) and EPR (right) using cell type-specific Hi-C data. Ten
competing methods were considered for comparison, including Pearson correlation, Spearman correlation, CellOracle (Cicero-based), DIRECT-NET,

SCENIC+, FigR, Signac, SCARIink, Enhlink, and scMultiMap.

age Hi-C map, we systematically compared the two models
to evaluate the improvements attained by SCEG-HiC [16].
First, we assessed the prediction accuracy using both cell
type-specific Hi-C and eQTL data. In Hi-C-based validation,
the ABC model showed a significantly higher AUPRC ra-
tio in both human and mouse datasets (Fig. 6A-D). In con-
trast, SCEG-HiC consistently outperformed the ABC model
in terms of EPR. In eQTL-based validation, no significant dif-
ferences were observed between the two models in terms of
AUPRC ratio, though the ABC model demonstrated superior
performance in the EPR metric.

Next, considering that gene expression is typically regu-
lated by the combined activity of multiple enhancers, we eval-
uated the functional relevance of predicted enhancer—gene
links from both models. Specifically, we summed the ATAC-
seq signals across all enhancers associated with each gene
at the single-cell level, then calculated the Spearman corre-
lations between the cumulative enhancer activity and corre-
sponding gene expression (see the “Materials and methods”
section). This metric assesses the functional plausibility of pre-
dicted enhancer—gene links, under the assumption that accu-
rate regulatory relationships should manifest as a strong posi-
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Figure 6. SCEG-HIC demonstrates higher expression consistency compared to ABC. Boxplots comparing performance between SCEG-HIC and ABC
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tive correlation between cumulative enhancer activity and tar-
get gene expression. Across diverse human and mouse cell
types, SCEG-HiC consistently outperformed the ABC model,
showing significantly stronger correlations between predicted
cumulative enhancer activity and gene expression (Fig. 6E
and F, and Supplementary Fig. S20). This expression concor-
dance analysis highlights a critical distinction between single-
cell methods that account for cell-to-cell variability and the
ABC model, which does not, thereby complementing valida-
tions based on Hi-C or eQTL data.

Finally, under the same gene and cell number conditions,
SCEG-HiC required less runtime and memory usage than the
ABC model, excluding the runtime for precomputing Hi-C
weights (Supplementary Fig. S21 and Supplementary Table
S7). In summary, ABC and SCEG-HiC exhibit relative advan-
tages in Hi-C and eQTL-based benchmarks, with performance
dependent on specific metrics. Notably, SCEG-HiC combines
moderate computational cost with markedly stronger corre-
lations between predicted cumulative enhancer activity and
gene expression, providing a key advantage in efficiency and
regulatory interpretability for inferring enhancer—gene links.

Analysis of COVID-19 unpaired single-cell
multi-omics data

We applied SCEG-HiC to unpaired PBMC scRNA-seq and
scATAC-seq datasets from patients infected with SARS-CoV-
2, focusing on enhancer-mediated regulations underlying se-
vere and mild COVID-19 symptoms [55]. The patients were
stratified into mild and severe categories based on the World
Health Organization (WHO) severity scores (severe: 5-7,
mild: 2-4). We utilized the scRNA-seq data preprocessed
and clustered by Wilk er al., selecting 18 samples that met
our study requirements. This dataset comprised a total of
61486 cells spanning 14 distinct cell types (Supplementary
Fig. S22A-C and see the “Materials and methods” section).
For scATAC-seq analysis, we selected 17 COVID-19 samples
(9 mild and 8 severe) and processed the data using Signac. Af-
ter QC, we retained 52 817 high-quality cells, performed peak
calling on each sample using MACS2, and generated a unified
peak set comprising 195 424 peaks (Supplementary Table S3)
[44]. Following data integration, clustering, and annotation,
10 cell types were identified (Supplementary Fig. S22D-F and
see Supplementary Methods). Differential expression analy-
sis per cell type between mild and severe groups revealed that
CD14 + monocytes exhibited the highest number of differen-
tially expressed genes (DEGs), highlighting this cell type’s pro-
nounced response to SARS-CoV-2 infection (Supplementary
Fig. S23A and see the “Materials and methods” section).
In total, 871 genes showed significant differential expression
in CD14 + monocytes (|logz-FC| > 0.25, adjusted P< .05;
Fig. 7A and Supplementary Table S8). We then applied SCEG-
HiC to the scATAC-seq data of CD14 + monocytes using
the single-cell retention approach and benchmarked its per-
formance against Cicero [47], a classic method that predicts
enhancer-gene links using scATAC-seq data alone.

We first evaluated the accuracy of predicting
enhancer-DEG links using AUPRC and EP. We bench-
marked against three external validation datasets: CD14
+ monocyte Hi-C data from ENCODE [68], whole blood
eQTL data from eQTLGen [74], and GTEx [50]. Across all
benchmarks, SCEG-HiC consistently outperformed Cicero
in both AUPRC and EP, demonstrating its superior accuracy
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in identifying enhancer—gene links for a specific cell type
(Fig. 7B). In addition, we separately used CD14 + monocyte
scATAC-seq data from severe and mild COVID-19 patients
to predict enhancer-DEG links. The results showed that
SCEG-HIiC consistently achieved higher AUPRC and EP than
Cicero in both patient groups, reinforcing its robustness
across varying disease states (Supplementary Fig. S23B and
Q).

Next, we constructed GRNs using TFs linked to
enhancer-DEG links predicted by the model, focusing on the
41 most significant DEGs in CD14 + monocytes (|log,-FC|
> 1, adjusted P < .05). Using both SCEG-HiC and Cicero, we
predicted enhancers associated with these DEGs and selected
the top 80 enhancer-DEG links with the highest prediction
scores from each model. Motif enrichment analysis was then
performed on the predicted enhancer regions to identify
significantly enriched TFs (see the “Materials and methods”
section). Among the top 80 predicted links, SCEG-HiC iden-
tified significantly more links supported by external datasets
compared to Cicero (Hi-C: P = 6.640 x 1077; eQTLGen:
P =0.037; GTEx: P=0.017 via one-sided Fisher’s exact
test). Motif enrichment analyses based on both models re-
vealed significant enrichment of C/EBP and AP-1 TF families
(Supplementary Table S9). Previous studies have shown that
AP-1 and C/EBP are associated with the immune activity of
classical monocytes in COVID-19 patients [75]. After viral
infection, host cells secrete interferons, activating signaling
pathways such as JAK-STAT, which in turn regulate AP-1
and C/EBP TFs and further influence the expression of in-
flammatory genes like IL1B [76]. SCEG-HiC more reliably
recapitulated enhancer-mediated relationships between these
TFs and their target genes, as shown in GRNs inferred
from predicted links (Fig. 7C, Supplementary Fig. S23D,
and Supplementary Table S10, and see the “Materials and
methods” section).

Finally, we explored the application of SCEG-HiC in link-
ing noncoding variants to their target genes. We retrieved 265
fine-mapped SNPs from [77], which were derived from GWAS
analyses comparing hospitalized COVID-19 patients with in-
fected nonhospitalized individuals [78]. Given that these SNPs
were shown to be enriched in the accessible chromatin regions
of CD14 + monocytes [77], we leveraged CD14 + mono-
cyte scATAC-seq data to predict their target genes. SCEG-
HiC and Cicero identified 20 and 17 SNP—gene links, respec-
tively, which were validated against CD14 + monocyte Hi-
C and eQTLGen data. SCEG-HiC validated 20/20 (100%)
SNP-gene links with Hi-C data and 13/20 (65.0%) with
eQTLGen data (Fig. 7D and Supplementary Table S11). In
contrast, Cicero validated only 7/17 (41.2%) links with Hi-
C data and 5/17 (29.4%) with eQTLGen data. These results
demonstrated that SCEG-HiC significantly outperformed Ci-
cero in the accuracy of predicting SNP-gene links.

As shown in Fig. 7E, we illustrated a potential regula-
tory program indicating the effect of a fine-mapped SNP,
rs71327024, in the context of COVID-19. Specifically, SCEG-
HiC linked this SNP to CCR1 based on CD14 + monocyte
scATAC-seq data from COVID-19 patients, an association
supported by both CD14 + monocyte Hi-C and whole blood
eQTL data. In contrast, Cicero linked it to CCRL2, a pre-
diction lacking external validation. Besides, previous studies
have confirmed that CCR1 is a critical mediator of mono-
cyte/macrophage polarization and tissue infiltration, which
are pathogenic hallmarks of severe COVID-19 [79, 80]. Mul-
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tiple risk SNPs have been shown to be associated with the
CCR gene cluster (CCR1, CCR2, CCR3,and CCRS) in mono-
cytes/macrophages, whereas CCRL2 exhibits no such associa-
tions [81]. We also identified another example where CXCR6
was associated with multiple fine-mapped SNPs, which were
validated by Hi-C and eQTL data (Supplementary Fig. S23E).
The chemokine receptor CXCR6 and its ligand CXCL16 have
been found to play an important role in the immunopatho-
genesis of severe COVID-19 [82]. In contrast, Cicero failed
to identify any genes associated with these SNPs. A PheWAS
analysis also identified several monocyte-related phenotypes
associated with SNPs in the CXCR6 region, indicating a func-
tional role of CXCRG6 in monocytes [83, 84]. These results un-
derscored SCEG-HiC’s superiority in identifying biologically
plausible SNP-gene associations.

Discussion

In this study, we presented SCEG-HiC, a machine learn-
ing framework that integrates single-cell omics correlations
with prior chromatin conformation information to pre-
dict enhancer—-gene links. SCEG-HiC is applicable to both
paired scATAC/RNA-seq data and scATAC-seq data alone.
Incorporating the bulk Hi-C prior enhances the accuracy
of enhancer-gene link predictions, while retaining context-
specific correlations and facilitating the identification of bi-
ologically relevant links. Using 10 single-cell multi-omics
datasets from both humans and mice, we systematically
benchmarked SCEG-HiC across three scenarios: (i) compar-
ison with methods for paired multi-omics in human datasets,
(ii) comparison with methods for scATAC-seq-only in human
datasets, and (iii) comparison with methods for paired multi-
omics in mouse datasets. SCEG-HiC consistently demon-
strated high accuracy and robust performance in predicting
enhancer—gene links across diverse tissues and cell types, val-
idated using available cell type-specific Hi-C and eQTL data.

The key innovation of SCEG-HIC lies in its effective incor-
poration of prior knowledge to predict enhancer—gene links.
Current methods for inferring gene regulatory relationships
from single-cell omics data primarily rely on inherent sta-
tistical associations between gene expression and chromatin
accessibility. These approaches are sensitive to noise and as-
sume that correlation implies causation, an assumption of-
ten violated in cases of co-regulation, indirect regulation, or
combinatorial effects of TFs, chromatin structure, and cellu-
lar states [83, 86]. Integrating prior knowledge as a structural
constraint helps increase confidence in biologically meaning-
ful connections, suppress spurious correlations, and improve
both model generalizability and interpretability.

Given that Hi-C data were employed as both prior informa-
tion and validation benchmarks, this could potentially intro-
duce bias favoring our Hi-C-informed method. To ensure the
validity of the model evaluation, two complementary strate-
gies were adopted. On one hand, the ENCODE datasets used
for constructing bulk average Hi-C maps do not cover all
cell types used for validation in our study. Notably, in cell
and tissue types not included in the prior Hi-C construction
(e.g. human skin fibroblasts, glutamatergic neurons, as well as
mouse thymic epithelial cells and liver cells), SCEG-HiC still
maintained stable and superior predictive performance. On
the other hand, under eQTL-based evaluation, which is en-
tirely independent of Hi-C data, SCEG-HiC also significantly
outperformed other methods. These results collectively indi-
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cate that the predictive advantage of SCEG-HiC is not driven
by potential bias from the Hi-C-based validation standard.

Importantly, the Hi-C prior is derived from continuous
contact matrices rather than discrete enhancer—gene links,
and thus primarily reflects general chromatin spatial prox-
imity features (e.g. distance-dependent contact and topolog-
ically associating domain). While these structural features are
largely conserved across cell types, finer-scale regulatory inter-
actions are often highly cell type-specific. Thus, a key question
is whether our model can effectively identify enhancer—gene
links that exhibit strong signals in single-cell data but lack or
have only weak Hi-C support. Our results show that, com-
pared to a model with Hi-C prior strength 7 = 0, SCEG-
HiC retains most enhancer—gene links with high correlation
in single-cell data. The removed links are not only relatively
small in number but also typically lack independent functional
support. This indicates that, distinct from previous chromatin
structure-based models (e.g. ABC) where Hi-C contact is a
limiting factor, the Hi-C prior primarily serves as a soft con-
straint in SCEG-HiC. Notably, SCEG-HiC outperformed ABC
in capturing concordance between predicted cumulative en-
hancer activity and gene expression. In practice, adjusting the
penalty parameter in SCEG-HiC can reduce dependence on
prior Hi-C contact, enabling its application to single-cell data
from novel tissues and conditions.

Leveraging scATAC-seq data from PBMCs of COVID-
19 patients, we demonstrated the capacity of SCEG-HiC
to recover molecular mechanisms underlying complex dis-
eases. On one hand, combining TF binding site prediction
and TF motif enrichment analysis enables systematic con-
struction of enhancer-mediated GRNSs, offering insights into
cell type-specific regulatory programs governing diverse bio-
logical processes. On the other hand, SCEG-HiC facilitates
functional prioritization of noncoding genetic variants from
GWAS by accurately mapping them to their putative target
genes.

While SCEG-HiC demonstrates robust performance and
broad applicability, several limitations merit consideration
and point to directions for future development. First, it re-
lies on a bulk average Hi-C map from a variety of cell lines
and is constrained in species with scarce chromatin interac-
tion resources. Second, while the linear structure of wglasso
provides good interpretability, it may overlook complex non-
linear regulatory mechanisms. Additionally, SCEG-HiC con-
structs static regulatory links that do not explicitly account for
dynamic regulatory changes, necessitating further extensions
to capture time-dependent processes such as cell fate transi-
tions or disease progression. Future extensions may incorpo-
rate high-quality tissue-matched or computationally predicted
Hi-C maps, as well as enhancer—gene links inferred across
more cell types and diverse data sources (e.g. ABC-Max [87]
and ENCODE rE2G [66]), as structural priors. In addition,
adaptive weighting could be introduced to more effectively
integrate single-cell evidence by selectively reducing regular-
ization penalties for enhancer—gene links with strong correla-
tions.

In conclusion, SCEG-HiC establishes a computational
framework that integrates prior Hi-C information to infer
enhancer-gene links from single-cell omics data. It offers a
powerful computational tool for constructing transcriptional
regulatory maps and advancing our understanding of the
molecular mechanisms underlying complex traits and major
diseases.
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(ENCFF134PUN). Details of the data sources are provided
in Supplementary Tables S2, S4, and S5. The processed
single-cell data used in this study, along with the mouse
bulk average Hi-C map, are available via Zenodo: https:
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