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With the development of sequencing technology and the dramatic drop in sequencing cost, the functions of noncoding genes are being
characterized in a wide variety of fields (e.g. biomedicine). Enhancers are noncoding DNA elements with vital transcription regulation
functions. Tens of thousands of enhancers have been identified in the human genome; however, the location, function, target genes
and regulatory mechanisms of most enhancers have not been elucidated thus far. As high-throughput sequencing techniques have
leapt forwards, omics approaches have been extensively employed in enhancer research. Multidimensional genomic data integration
enables the full exploration of the data and provides novel perspectives for screening, identification and characterization of the function
and regulatory mechanisms of unknown enhancers. However, multidimensional genomic data are still difficult to integrate genome
wide due to complex varieties, massive amounts, high rarity, etc. To facilitate the appropriate methods for studying enhancers with
high efficacy, we delineate the principles, data processing modes and progress of various omics approaches to study enhancers and
summarize the applications of traditional machine learning and deep learning in multi-omics integration in the enhancer field. In
addition, the challenges encountered during the integration of multiple omics data are addressed. Overall, this review provides a
comprehensive foundation for enhancer analysis.
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INTRODUCTION
The maintenance of transcriptional homeostasis is crucial to
the development and growth of living things [1]. Transcriptional
homeostasis is dependent on the interactions between transcrip-
tion factors (TFs) and cis-regulatory elements (e.g. promoters and
enhancers) [2]. In the 1980s, enhancers were first discovered
in simian virus 40 (SV40) [3]. Subsequently, researchers have
gradually characterized different types of enhancers, and various
techniques have been developed to predict and study the function
of enhancers (Figure 1). In 2004, Benjamin predicted enhancers
in the Drosophila genome based on sequence conservation, ini-
tiating the application of bioinformatics methods in enhancer
research [4]. The eRNA and Super-enhancer were discovered in
2010 and 2013, respectively, further enriching the understanding
of enhancers [5, 6]. In 2013, the introduction of CRISPR (Clustered
Regularly Interspaced Short Palindromic Repeats)-Cas9 technol-
ogy greatly accelerated the validation of enhancer functions [7].
Since 2016, with the rapid development of the machine learning
field, scientists have gradually adopted neural network technol-
ogy into enhancer research and have developed numerous models
and softwares to study enhancers [8, 9]. The development of omics
technology has brought a breakthrough in enhancer research.
The dissection of the underlying transcriptional regulation of
enhancers provides new insights into the complexity of transcrip-
tional regulation.

Currently, omics approaches for enhancer research focus on
four key questions (Figure 2). (i) How are enhancers identified?
(ii) What induces the changes in enhancer activity? (iii) How do
enhancers interact with their targets in the complicated 3D struc-
ture of the genome? (iv) What regulates the production and func-
tion of eRNA (enhancer RNA)? Since multiple biological processes
are involved in the above four questions, genomic sequencing
data provide opportunities to study such complicated issues by
genomic sequencing data integration.

Enhancer-associated sequencing technologies can be divided
into four categories: genomics, epigenomics, transcriptomics and
gene-editing technology (Figure 3). Genomics focuses on gene
sequences and genomic structures of enhancers. Specifically, the
former explores enhancers through genome variation-phenotype
correlation and gene sequence conservation, while the latter iden-
tifies potential enhancers and target genes under the 3D structure
of the genome [10–13]. Epigenomics identifies enhancers from the
perspectives of chromatin spatial information, DNA interaction
and modification, and RNA secondary structure [14–16]. Since
active enhancers are transcribed into eRNAs, the transcriptome
is widely applied to characterize enhancers and enhancer-
target pairs based on expression correlation [5, 17–19]. STARR-
seq (self-transcribingactive regulatory region sequencing) is
specifically designed to evaluate enhancer activity [20, 21].
CRISPR gene editing technology has been applied prevalently
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Figure 1. Timeline of enhancer research.

Figure 2. Challenges in the study of enhancers by omics methods.

to knock out/down genes or enhancers. In addition, CRISPR gene
editing technology has been developed to conduct large-scale
parallel screening of enhancers followed by sequencing [22].

The centermost circle represents the transcriptional regulation
by enhancers on the target genes; the inner circle presents
a variety of techniques, particularly sequencing; the middle
layer presents molecular information acquired from each
technique and the outermost displays the classification. Genomic
approaches are shown in blue, epigenomic approaches are
represented by pink, transcriptomic approaches are shown in
yellow and gene editing technology is represented by green.

Although single omics data mining can initially screen out
enhancers or genes correlated with a specific disease or pheno-
type, single omics analysis is subject to significant limitations,
e.g. inadequate interpretation of data in a single dimension and
insufficient depletion of signal noise [23]. Multi-omics analysis
has the advantage of diversity and is systematic, making it more
conducive to clarifying the underlying mechanisms of enhancers
[24–27]. The integration of multi-omic data provides more reliable
results and dramatically reduces the false-positive rate [28]. Over
the past decade, various multi-omics analysis methods have been
developed. However, there are still many challenges, such as the
accuracy variation among different omics data, missing values,
and computational and storage costs [29]. This review will discuss
the data characteristics of different omics in enhancer research,
the methods of multi-omics data analysis and the challenges in
multi-omics research.

THE APPLICATION OF DIFFERENT OMICS
DATA IN ENHANCER RESEARCH
The widespread application of sequencing technologies has
provided a wealth of molecular information in the enhancer
field (Table 1). To better illustrate the sources and applications
of different types of molecular information, we categorized
omics approaches from the perspective of the research subject:
genomics, epigenomics, transcriptomics and CRISPR editing
technologies (Figure 3).

Genomics
Driven by the progress of sequencing technology and the decline
in sequencing cost, large-scale population genome sequencing
has been initiated in many countries, and the amount of
data has grown exponentially [30]. SNPs (single nucleotide
polymorphisms), SVs (structural variations), CNVs (copy number
variations), InDels (insertions–deletions) and other molecu-
lar information can be obtained using WGS (whole genome
sequencing), WES (whole exon sequencing), WGRS (whole genome
resequencing) and other genomic sequencing techniques [31].
Researchers have developed GWAS (genome-wide association
study) analysis and eQTL (expression quantitative trait loci)
analysis methods to study the relationship between SNPs or
CNVs and phenotypes. The GWAS method can analyze millions
of SNPs in the genome simultaneously, which has the advantages
of high efficiency and wide coverage [32]. eQTL is used to study
the relationship between gene expression level and genotype [33].
Young group summarized the results of 1675 GWAS and found
5303 SNPs associated with various diseases. The majority of SNPs
are in noncoding regions (93%), and among these, 64% of the loci
are enriched in enhancer regions [34]. However, the GWAS method
has limitations, such as the inability to identify complex traits,
the inability to assess rare genetic variants and the uncertainty
of gene-phenotype associations [32]. Compared with GWAS
analysis, eQTL is advantageous in exploring gene expression
regulation mechanisms and gene-phenotype associations. Since
eQTL information can determine genetic variants associated
with gene expression levels, it can more accurately identify
potential enhancer elements [35, 36]. By introducing eQTLs from
the 1000 Genomes Project, Chen et al. identified 65 pairs of
cancer-specific enhancer genes [36]. Chignon et al. conducted
a colocalization analysis of enhancer–promoter locations with
tissue eQTL locations associated with genetic coronary artery
disease, evaluating the importance of genetic variability in the
disease [35]. In both studies, the approach to integrate enhancers
with eQTLs was a location-based approach [35, 36].

Transcription regulation is closely correlated with the 3D
conformation of chromatin, which is an alternative perspective
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Figure 3. Applications of different omics methods and CRISPR gene editing technology in enhancer research.

Table 1: Key questions about enhancers are addressed by different molecular information

Omics methods Molecular information Identification Activity Structure eRNA

Genomics DNA sequence √ √
Genomics 3D structure √ √ √
Epigenomics Chromatin accessibility √ √
Epigenomics DNA methylation √ √
Epigenomics DNA–Protein interaction √ √
Epigenomics DNA–DNA interaction √ √ √
Epigenomics DNA–RNA interaction √ √ √
Epigenomics RNA secondary structure √ √ √
Transcriptomics Gene expression √ √
Transcriptomics Enhancer expression √ √ √
Transcriptomics Enhancer activity √
Gene editing technology Gene/enhancer activation √ √ √
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for studying enhancers [37]. Hi-C (high-throughput chromosome
conformation capture) has been the most extensively performed
approach for 3D genome sequencing at the genome-wide level,
with the advantages of wide coverage, high accuracy and more
complete sequence positioning [38]. Since Hi-C data provide
comprehensive information on chromatin interactions, they are
used to determine the binding of enhancers to target genes in
physical space [37]. The Hi-C derivative technologies include
ChIA-PET (chromatin interaction analysis based on paired-end-
tag sequencing) [39], HiChIP (in situ Hi-C followed by chromatin
immunoprecipitation) [40] and PLAC-seq (proximity ligation-
assisted ChIP-seq) [41]. These techniques can detect specific
protein-mediated chromatin loops at high resolution, which are
also used in enhancer analysis. However, for most tissues and cell
lines, the Hi-C and Hi-C derivative technologies have the disad-
vantage of insufficient resolution [42]. The exponential growth
in data volume and depth brings new analytical challenges as
well [43].

Epigenomics
Epigenetics (e.g. DNA methylation, RNA modification, RNA sec-
ondary structure, histone modifications, etc.) refers to a type of
regulatory mechanism on phenotypic properties by regulating
gene transcription or translation processes without changing the
DNA sequence [44, 45]. In enhancer studies, epigenomics methods
can be divided into four categories according to the differences in
research objects: chromatin accessibility, DNA modification, DNA
interaction and RNA interaction (Figure 3).

Chromatin accessibility
The open state of eukaryotic chromatin is considered as a
prerequisite for transcription. Four sequencing techniques have
been developed to identify chromatin regions in the open
state: DNase-seq (DNaseI sequencing), MNase-seq (micrococcal
nuclease digestion and sequencing), FAIRE-seq (formaldehyde-
assisted isolation of regulatory elements) and ATAC-seq (assay for
targeting accessible chromatin with high-throughput sequencing)
[46–48] (Figure 3). DNase-seq and MNase-seq are both genome
sequencing techniques based on enzymatic digestion to deter-
mine chromatin accessibility. DNase-seq combines nonspecific
endonuclease DNase I (Deoxyribonuclease I) to obtain DNA
sequences between nucleosomes, whereas MNase-seq obtains
DNA sequences wrapped around nucleosomes using micrococcal
nuclease (MNase). Consistently, these techniques are used to iden-
tify active enhancers by high chromatin accessibility. However,
both DNase I and MNase enzymes have sequence preferences,
resulting in uneven signal distribution and false-negatives [49–
52]. FAIRE-seq uses the difference in the solubility between DNA
with or without nucleosome wrapping in phenol and chloroform.
The DNA in nucleosome-free regions is determined by sequencing
the DNA in the aqueous phase. FAIRE-seq overcomes the sequence
preference of MNase and DNase I, but the low signal-to-noise ratio
and the high background signal make FAIRE-seq data difficult to
interpret [47, 53]. As the main sequencing technology for open
chromatin so far, ATAC-seq employs the modified Tn5 trans-
posase to randomly insert designed DNA sequences with adapter
sequences into the open chromosomal regions. Fragmentation
by Tn5 transposase and ligation with adapters are performed
simultaneously, such that the sequencing library preparation
process is notably simplified [54]. ATAC-seq has good repeatability,
strong consistency and significant signals, and as few as 500 cells
are needed, although mitochondrial contamination is inevitable
[55]. Innovations in single-cell genomic technologies make it

possible to map regulomes in individual cells. The single-cell
ATAC-seq (scATAC-seq) and single-cell DNase-seq (scDNase-seq)
are two technologies for analyzing open chromatin in single cells.
By adding barcode sequences to each cell, scientists are able
to examine heterogeneous samples at cellular resolution [56].
In enhancer studies, chromatin accessibility analysis methods
are often employed to screen potential active enhancers. For
example, Chen and Liang hypothesized a negative correlation
between enhancer activity and the strength of nucleosome
binding. To validate the hypothesis, they integrated enhancer
position information and MNase-seq data from 29 different
tissues/cell types and observed a reduction in nucleosome signals
on the eRNA loci compared with the flanking sequences across
all 29 tissue types. Integrating these findings with RNA-seq
data to determine the eRNA expression level, they identified
∼200 000 new eRNA loci [57]. Through in-depth analysis of single-
cell RNA sequencing (scRNA-seq) and scATAC-seq data from
mouse embryonic spinal cord, an enhancer regulatory network
algorithm, called eNET, successfully identified enhancers crucial
to the development of spinal cord neurons [58].

DNA modification
In most cancer types, the proportion of DNA methylation in the
enhancer region is negatively correlated with its activity [59]. Yu’s
group developed Guide Positioning Sequencing technology. By har-
nessing the 3′ → 5′ exonuclease and 5′ → 3′ polymerase activities
of T4 DNA polymerase, methylcytosines were introduced into the
3′ end of each DNA fragment. Following bisulfite treatment, the
3′ read of each DNA fragment serves as a guide to determine the
DNA methylation status of the paired 5′ read [60]. The approach
improves the efficiency and accuracy of the mapping rate, and
there is no sequence preference in methylation detection [60]. By
comparing the changes in DNA methylation and H3K27ac histone
modification between normal liver and two liver cancer cell lines
(97 L and LM3), they discovered that the DNA methylation levels
were increased, the H3K27ac peaks were lost in 5 liver-specific
enhancer regions, and the expression of target genes was silenced
in liver cancer cells. Therefore, they concluded that aberrant DNA
methylation pattern in enhancer regions may alter the activity
of enhancers, resulting in alterations in the expression of target
genes.

DNA interaction
The interactions between DNA and other molecules, such as
proteins, DNA and RNA, modify the structure or binding affinity
of DNA. These processes can also result in functional alterations
in enhancers. Given the crucial role of DNA interactions in bio-
logical processes, a multitude of sequencing technologies have
been devised for their study. Based on the different interaction
partners, we will introduce various omics technologies from three
perspectives: DNA–protein interactions, DNA–DNA interactions
and DNA–RNA interactions.

DNA–protein interactions

To characterize the interaction between DNA and protein, ChIP-
seq (Chromatin Immunoprecipitation sequencing), FiTAc-seq
(fixed-tissue ChIP-seq for H3K27ac profiling) and CUT&Tag
(cleavage under targets and tagmentation) have been prevalently
performed [14–16, 61–64]. ChIP-seq, first developed in 2007,
has become one of the most prevalent methods for identifying
the binding sites of TFs on DNA and DNA interacting with
certain histone modifications to study epigenetic mechanisms
[65]. However, the prolonged exposure of clinical specimens
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to formalin results in excessive chemical cross-linking, which
limits the isolation of soluble chromatin. Therefore, the signal
intensity of ChIP-seq analysis for FFPE (formalin fixation and
paraffin embedding) samples is low, and the resolution is poor
[63]. Therefore, FiT-seq and FiTAc-seq were developed to obtain
high-quality information on the signal distribution of H3K4me1
and H3K27ac for FFPE samples [63, 64]. Another disadvantage
of ChIP-seq is the low peak signal, high background noise and
sometimes uneven distribution of target DNA fragments [66].
To address the issues with ChIP-seq, in 2019, Kaya-Okur et al.
developed CUT&Tag technology, which requires fewer cells, with
a minimum of 60 cells, and which has library construction
steps that are simplified by removing the steps of formaldehyde
crosslinking and ultrasonic interruption [67]. CUT&Tag has the
advantages of lower background noise, higher reading accuracy
and better data repeatability [68]. In general, there are two main
directions to study enhancers using sequencing data: to screen
active enhancers by detecting enriched histone modifications
(H3K4me1 and H3K27ac) and to characterize enhancer-target
pairs by binding to certain transcription activators or coactivators
[69, 70].

DNA–DNA interactions

Extrachromosomal circular DNA (eccDNA) is a circular and
double-stranded molecule in the nucleus that is independent of
chromosomal DNA (chrDNA). These eccDNAs can vary greatly in
size, ranging from tens to millions of base pairs [71]. eccDNA
interferes with the replication and expression of genes by
interacting with chrDNA [71]. In addition, eccDNA functions
as a mobile enhancer to increase the transcription of genome-
wide target genes [72]. At present, canonical DNA sequencing can
indirectly predict eccDNA through sequence information, while
Circle-seq is specifically designed to detect eccDNA [73].

DNA–RNA interactions

Increasing evidence suggests that nascent RNAs mediate the
chromosomal interaction between promoters and enhancers sev-
eral mega-bases away in linear distance. GRID-seq (global RNA
interactions with DNA by deep sequencing) is a technique for
unbiased detection of DNA–RNA interactions at the genome scale
[74]. GRID-seq is complementary to Hi-C in studying 3D chromatin
architecture [75, 76]. However, GRID-seq requires rather deep
sequencing to generate a robust contact map, which limits its
application [74, 75].

RNA–RNA interactions
RNA molecules in the cell nucleus form secondary structures
via intramolecular base pairing to exert their biological func-
tions. For example, eRNA and promoter upstream antisense RNAs
(also known as promoter upstream transcripts, PROMPTs) form
enhancer–promoter loops to activate transcription [77]. Thus,
deciphering the higher-order structure of RNA is crucial for under-
standing the underlying mechanisms [77, 78]. RIC-seq can accu-
rately capture the secondary structure of RNA and identify RNA–
RNA interactions through chimeric sequences. In HeLa cells, 31
genes were predicted as target genes of 7 enhancers by RIC-
seq (RNA in situ conformation sequencing). Locked nucleic acid
and antisense oligonucleotides were used to knock down the
7 enhancers, and the expression of 27 predicted target genes
was decreased accordingly. Therefore, the prediction accuracy for
target genes for enhancers was >85% based on RIC-seq. RIC-seq
will be helpful to study the regulatory role of eRNA in promoter
activity.

Transcriptomics
The transcriptome refers to the collection of all RNAs transcribed
in a specific tissue or cell at a certain stage [79]. The most
extensively employed transcriptome detection methods comprise
microarray, RNA-seq, scRNA-seq, spatial transcriptome sequenc-
ing and other derivative techniques [17]. RNA-seq, the most preva-
lent transcriptome sequencing technology, represents low back-
ground noise, accurate quantification and higher resolution of
differentially expressed genes, and has a much lower limit of
detection than a standard whole genome microarray [18, 19].
However, in model organisms, microarrays are reliable and more
cost effective than RNA-seq [80]. To address the different cell
states within a sample, single-cell transcriptomics was developed
in 2009. Nowadays, many single-cell transcriptome platforms
have emerged, such as 10X Genomics, BD Rhapsody, Fluidigm
C1, etc. Among these platforms, the 10X Genomics single-cell
transcript platform is the most commonly used due to its high-
throughput and efficiency in capturing 100–80 000 cells (per
chip) [81]. The scRNA-seq and spatial transcriptome sequencing
endow expression information with high accuracy and speci-
ficity at single-cell resolution, whereas the steep price and the
complexities in data analysis hinder their prevalence [82, 83]. In
addition to conventional RNA-seq, STARR-seq has been applied to
detect enhancer activity [84]. STARR-seq is a massively parallel
reporter assay that identifies transcriptional enhancers based on
their activity across the genome and quantitatively assesses their
activity [84].

Transcriptome sequencing (RNA-sequencing) has been per-
formed to study the expression and genomic alterations of
enhancers. First, the transcriptome provides expression infor-
mation for both target genes and enhancers. Compared with
mRNAs, eRNAs have the characteristics of instability and low
expression level, and most eRNAs do not contain polyA tails [85,
86]. Most RNA-seq studies utilize oligo-dT enrichment to capture
polyA-tailed RNAs, which results in low detection efficiency for
eRNAs. scRNA-seq and spatial transcriptomics sequencing, with
relatively low depth, have not yet been performed to obtain eRNA
expression. In addition to RNA-seq, GRO-seq (global nuclear run-
on sequencing), PRO-seq (precision nuclear run-on sequencing),
CAGE-seq (cap analysis of gene expression by deep sequencing)
and other RNA-seq-derived techniques have been employed to
capture eRNAs [87–91].

CRISPR gene editing technology
The integration of gene editing techniques and second-generation
sequencing technology implements genome-wide parallel screen-
ings for enhancers regulating a specific phenotype. CRISPR/Cas9
technology has been applied in enhancer screening, functional
verification and target gene identification [22]. Various CRISPR-
derived techniques for high-throughput screening of enhancers
have been developed, such as CRISPRi-FlowFISH. CRISPRi-
FlowFISH integrates CRISPRi with RNA fluorescence in situ
hybridization (FISH) technology. The main principle is that gRNA
guides KRAB-dCas9 to bind to a specific nucleotide sequence and
inhibit the transcription of the sequence 200–500 bp near the
gRNA. Subsequently, RNA FISH has been used to quantitatively
label single cells based on the expression level of a gene of
interest. When an enhancer is targeted by gRNA, CRISPRi-
FlowFISH can quantify the effect of the enhancer on the target
gene(s) [92]. Furthermore, Perturb-seq (also referred to as CRISP-
seq and CROP-seq) integrates multiplexed CRISPR-mediated
gene inactivation with scRNA-seq to comprehensively evaluate
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gene expression phenotypes for each perturbation. By designing
sgRNAs (single guide RNAs) for enhancers, Perturb-seq enables
simultaneous quantitative measurement of enhancer expression
in many cells and a wealth of phenotypic information and greatly
improves screening efficiency [93].

ENHANCER DATABASE
With the continuous growth of genomic data and experimental
results, the enhancer databases have become an essential
resource to study enhancers efficiently. Currently, there are
more than a dozen databases that are widely used (Table 2).
VISTA enhancer browser, DiseaseEnhancers and ENdb are three
databases collecting enhancers experimentally validated [94–96].
So far, the VISTA enhancer browser (https://enhancer.lbl.gov/)
has collected 1699 human or mouse noncoding elements with
enhancer activity assessed in transgenic mice [94]. The DiseaseEn-
hancer (https://github.com/shijianasdf/DiseaseEnhancer/tree/
master) database has collected 1059 experimentally validated
disease-related enhancers from 167 human diseases based
on literature [95]. And the ENdb (https://bio.liclab.net/ENdb/
index.php) database is a manually curated enhancer database
for human and mouse from 1590 published literatures, with
713 experimentally validated enhancers and their related
information, including target genes, TFs, diseases and functions
[96]. Cancer-specific enhancers are one of the hot topics in
enhancer research. CancerEnD (https://webs.iiitd.edu.in/raghava/
cancerend/) has conducted on 18 different cancer types by
RNA expression data from TCGA, providing 8599 enhancers
of 8063 cancer samples [97]. CenhANCER (http://cenhancer.
chenzxlab.cn/) has collected H3K27ac ChIP-seq data from 49
cancer types, and predicts >57 million enhancers [98]. The TCEA
database (https://bioinformatics.mdanderson.org/Supplements/
Super_Enhancer/TCEA_website/) has collected TCGA and GTEx
RNA-seq data and provides the downloadable eRNA expression
data that has been calculated [57]. In addition to cancer-specific
enhancers, tissue-specific and disease-related enhancer research
is another key issue in the enhancer field. The GeneHancer (http://
www.genecards.org/) database uses an integration algorithm to
eliminate redundancy and identifies >434 000 tissue-specific
enhancers from multiple data sources [25]. Mutations on the
DNA sequences of enhancers may cause diseases by affecting
target gene expression. HACER (http://bioinfo.vanderbilt.edu/
AE/HACER/) utilizes GWAS information on disease-related
genetic variation sites to link enhancers to diseases [99].
In addition to enhancers in human, enhancer research in
mouse and other mammals gains increasing attention, as well.
Fantom5 (https://fantom.gsc.riken.jp/5/) and RAEdb (http://www.
computationalbiology.cn/RAEdb/index.php) have predicted differ-
ent enhancers in humans and mouse, respectively, through CAGE-
seq and STARR-seq methods [91, 100]. EnhancerAtlas2.0 (http://
www.enhanceratlas.org/) collected data from 12 different tissue
samples and predicted enhancers for 9 different mammalian
species, greatly expanding the scope of enhancer research [101].
Based on the evolutionary conservation on enhancer between
species, studies on enhancers and enhancer-gene interactions
were performed in other model organisms. scEnhancer (http://
enhanceratlas.net/scenhancer/), the first database to anno-
tate enhancers at the single-cell level, covering 14 527 776
enhancers from 1196 906 single cells in human, mouse and
Drosophila.

MULTI-OMICS INTEGRATION METHOD
In recent years, the development of mathematics, statistics and
computational science has laid the foundation for the integra-
tion of multi-omics analysis. At present, multi-omics integration
methods can be divided into two categories based on whether
neural networks are used: traditional machine learning models,
which have the advantages of strong interpretability of algorithms
and lower requirements for computing resources; and deep learn-
ing models using neural networks, which can capture complex
relationships in data due to their powerful nonlinear fitting capa-
bilities (Figure 4) [102–104]. The key factors in determining the
two methods include data volume, computational resources and
feature numbers. Neural networks require a large volume of data
(at least thousands of samples) to avoid overfitting and abun-
dant computational resources (hardware, software, etc.) [105].
Compared with traditional machine learning, one advantage of
neural networks is that they do not require a large amount of
manual labeling, and only simple data preprocessing is required
for computation [106]. When choosing a method, researchers
should weigh the characteristics of the issue to resolve.

Traditional machine learning models
Traditional machine learning models are algorithms that use
statistics, linear algebra and optimization algorithms to extract
information from existing data to build predictive models. The
classical machine learning methods, such as logistic regression,
random forests and naive Bayes, are used to predict and classify
unknown data. Based on whether manually annotated labels are
required for data, it can be divided into three types of learning:
unsupervised, semi-supervised and supervised (Table 3).

Unsupervised learning
Unsupervised learning is an analytical approach that eliminates
the need for prelabeled training data. The main objective of unsu-
pervised learning is to unveil hidden patterns and establish new
connections between variables within a dataset [107]. In the study
of enhancers, unsupervised learning methods can be divided into
distance-based methods and correlation-based methods [108].

The earliest method used to predict enhancer target genes
was the distance-based method, which relies on the genomic
proximity between enhancers and genes. This approach assumes
that enhancers tend to regulate nearby genes in the genome [109,
110]. However, the accuracy is not high, the variation range is large
and the false discovery rate (FDR) is ∼40–73% [111]. Even when
RNA expression data have been used to screen the enhancer’s
regulatory gene, its accuracy has remained low, with FDR val-
ues ranging from 53 to 77% [112]. Furthermore, the distance-
based method overlooks distal regulatory interactions and the
situation in which multiple enhancers target the same promoter
[5]. Therefore, the distance-based method is generally used as a
baseline [109]. For example, the ABC model predicts cell type-
specific enhancer-target pairs based on the distance between
enhancers and genes, the frequency of chromosomal contact
between enhancers and promoters (by Hi-C data analysis), and
enhancer activity (by DNase-seq and H3K27ac ChIP-seq) [92].

Developed from distance-based methods, correlation-based
methods combine the correlation of features (e.g. histone
modifications, DHS signals of enhancers and promoters, and gene
transcription levels) to increase the prediction accuracy, such as
ELMER and CisMapper [113–116]. ELMER identifies transcriptional
targets by correlating methylation-affected enhancers with the
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Table 2: Comparison of commonly used enhancer databases

Database Species Enhancers eRNA Specificity Experimental result

CancerEnD Human 168 464 No Cancer 0
CenhANCER Human >57 000 000 No Cancer 0
DiseaseEnhancer Human 1059 No Disease 1059
ENdb Human/Mouse 713 No Disease 713
EnhancerAtlas2.0 9 species 13 494 603 No None 0
Fantom5 Human/Mouse 65 359 Yes None 0
GeneHancer Human 434 139 Yes None 0
HACER Human 1676 284 No Disease 0
RAEdb Human/Mouse >500 000 No None 0
scEnhancer 3 species 14 527 776 No None 0
TCEA Human >300 000 Yes Cancer 0
VISTA Human/Mouse 3321 No None 1699

Figure 4. Classification of multi-omics integration methods in enhancer research.

Table 3: Model classification for the prediction of enhancer

Traditional machine learning Algorithms Tool name Model

Unsupervised Distance ABC Distance-based
Unsupervised Correlation ELMER Pearson correlation
Unsupervised Correlation CISMAPPER Pearson correlation
Semi-supervised Regression McEnhancer Logistic regression
Semi-supervised Classifier DPHM Bayesian model
Supervised Regression JEME Regression-based methods
Supervised Regression FENRIR Elastic net logistic regression
Supervised Classifier FOCS Linear regression
Supervised Classifier IM-PET Random forest
Supervised Classifier PETModule Random forest
Supervised Classifier RIPPLE Random forests
Supervised Classifier TargetFinder Gradient tree boosting

expression of nearby genes. A nonparametric U test was used
to examine the correlation degree of enhancer methylation
and expression data (RNA-seq) with 10 genes upstream and 10
genes downstream of each enhancer, and all enhancer-gene pairs

with P < 0.001 were retained [115]. CisMapper predicts enhancer-
target pairs by calculating the Pearson correlation coefficient
between the log of gene expression and the log of the histone
signal at the TF-binding site within 500 kb upstream of the gene
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TSS [116]. CisMapper is more accurate than simple distance-
based methods, with an average accuracy improvement of
2.7 times [116].

Semi-supervised and supervised learning
Semi-supervised learning uses algorithms that cover both unla-
beled and labeled data for training, which is preferred when there
is not enough labeled dataset available for supervised learning
[117]. Compared with supervised learning, semi-supervised learn-
ing can reduce overfitting and improve the robustness of the
model [117]. Supervised learning depends on high confidence pos-
itive and negative labeled training datasets (enhancers and non-
enhancers, respectively). The model is usually trained to maxi-
mize the distinction between case and control sets [118]. Depen-
dent on the algorithm applied in the model, semi-supervised and
supervised learning can be divided into regression-based methods
and classifier-training [109].

Regression-based methods (e.g. McEnhancer, JEME, FENRIR
and FOCS) integrate enhancer and promoter features or gene
expression to identify the regulatory relationship between
enhancers and target genes [119–122]. McEnhancer uses a semi-
supervised logistic regression model to calculate the probability
of TFs binding to promoters and enhancers, and predicts the
binding strength between genes and enhancers, with a prediction
accuracy of 73–98% [122]. The merged regulation by multiple
enhancers is considered in JEME, and sample-specific information
is integrated as well to predict gene regulatory networks
[121]. FENRIR integrates thousands of different epigenetic and
functional genomics datasets to infer tissue-specific functional
relationships between enhancers in 140 different human tissues
and cell types [119]. FOCS is a statistical framework that
utilizes eRNA as a marker of enhancer activity and determines
enhancer–promoter interactions correlated with transcriptional
activity based on information about chromatin epigenetic
modifications [120].

The classifier training method uses experimentally identified
enhancer–promoter interactions as the gold standard set. By
learning the sequence and epigenetic modification features of
the standard, a classifier can be trained to predict whether a
given enhancer–promoter pair has an interaction or not [109].
DPHM, as a semi-supervised Bayesian model, predicts target
genes of 47 enhancers in mice using Nkx2-5 ChIP-seq data
[123]. IM-PET tool, using the random forest classifier algorithm,
predicts the association between enhancers and promoters by
collecting a large amount of enhancer feature data (epigenetic
modification data, TF expression data, enhancer conservation
data, etc.) [124]. The tool has high predictive accuracy, with an FDR
reduced to ∼1%, and the predicted distance between enhancers
and target genes is also extended to 2 Mb [124]. PETModule,
RIPPLE, TargetFinder, EAGLE and EPIP are algorithms that adopt
supervised learning methods to predict enhancer-target gene
interactions. Although they use different classification features,
they all present good prediction performance on different
datasets [112, 125–128] (Table 3).

Deep learning models
Since 2016, scientists have gradually begun to use neural network
technology to study enhancers [8, 9]. Many studies have shown
that neural networks have significant advantages in enhancer
research, such as being able to predict across different cell types,
thereby reducing computational and time costs [129, 130]. Con-
volutional neural networks (CNNs) have become the widely used
algorithm in enhancer research, and various models such as

DNABERT [131], iEnhancer-GAN [132], GC-MERGE [133], GraphReg
[134], EPIVAN [130] and DeepTACT [135] have been proposed and
optimized (Figure 3). DNABERT, as a novel pre-trained bidirec-
tional encoder representation, can reveal the potential associa-
tions between different cis-DNA by learning DNA sequence infor-
mation [131]. iEnhancer-GAN integrate word embeddings and
sequence generation adversarial networks to predict the binding
strength of enhancer-target gene interactions [132]. DeepTACT
applies a bootstrapping deep-learning model to integrate genome
sequence and chromatin accessibility data to predict enhancer–
promoter interactions [135]. GC-MERGE is a graph-based deep
learning framework that decodes Hi-C map through graph con-
volutional networks to capture the potential genomic spatial
structure. It models the epigenetic modification signals and DNA
sequence information to predict the target genes regulated by dis-
tant enhancers [133]. GraphReg model uses CNN layers to learn 1D
features of enhancer-target gene (epigenomic data, genomic DNA
sequence, etc.), and then constructs different enhancer-target
genes into a whole through iterative methods on 3D genomic
maps (such as HiChIP, Hi-C, etc.) by using graph attention net-
works (GAT) [134]. Compared with linear CNN models (such as
Epi-CNN, Seq-CNN, etc.), the GraphReg model requires less sample
size and has higher accuracy in prediction [134]. Graph-based
methods (GC-MERGE and GraphReg) have advantages in handling
complex relationships, robustness and data utilization compared
with traditional machine learning methods. Compared with linear
CNN models, graph-based methods have the advantages of strong
interpretability, fast calculation efficiency and high accuracy in
predicting long-distance enhancer-target genes [133, 134]. With
more and more researchers focusing on graph theory and deep
learning techniques in bioinformatics, graph-based methods will
provide more powerful tools for analyzing enhancer-target gene
networks [136].

In addition to CNN, architectures based on deep neural
networks (DNN) are used to learn enhancer features as well.
For example, EP-DNN uses p300 binding sites as markers for
enhancers, and TSS and random non-DHS sites as markers for
non-enhancers to perform training. The prediction accuracy
of EP-DNN is 91.6%, exceeding the accuracy of DEEP-ENCODE
(85.3%) and RFECS (85.5%) [129]. ES-ARCNN is a computational
model for predicting the enhancers strength. To train ES-
ARCNN, researchers applied two data augmentation tricks (i.e.
reverse complement and shift) to improve the model’s predictive
performance [137]. Enformer, as a developed enhancer prediction
model based on the transformer, can integrate information
of remote interactions in the genome (up to 100 kb away)
[138]. By calculating the contribution scores of gene input
gradients and attention weights, Enformer can identify the
enhancer sequences that are most predictive of specific gene
expression [138]. Although deep learning has outperformed
many traditional computer methods in enhancer prediction
applications, the problems of overparameterization and limited
model performance still exist, and its interpretability lags behind
traditional statistical methods. Continuous development of new
deep learning methods is expected to achieve elegant applications
in enhancer research.

CHALLENGES IN MULTI-OMICS
APPROACHES
In recent years, there has been an increasing number of studies
on enhancers by multi-omics approaches. However, there are
still challenges in the application of multi-omics approaches to
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Figure 5. Challenges and resolution strategies for multi-omics integration methods in enhancer research.

study enhancers, either due to a lack of sufficient attention or
limited solutions. We have summarized the five major challenges
in enhancer research, and provided some possible methods to
overcome these challenges (Figure 5).

The accuracy variation between different omics
data
Multi-omics data from different sources are often heterogeneous,
with divergence in signal-to-noise ratios and significant differ-
ences in accuracy [139]. For instance, genome sequencing has a
higher coverage than RNA-seq; transcriptomics and ChIP-seq use
different quantification methods (the former uses RPM or count
values, while the latter quantifies based on peak areas), resulting
in different data ranges and distributions [140]. Currently, increas-
ing the number of samples and improving experimental design
can improve the statistical power of different omics analyses.
However, according to MultiPower software, in the estimation
of sample size required to achieve specific statistical power in
different omics, DNA-seq and ChIP-seq require close to more than
double the sample size of RNA-seq samples to achieve the same
statistical effect [141]. Therefore, it is inefficient and expensive to
improve accuracy only by increasing sequencing samples. Instead,
one can consider balancing sample sizes through undersampling
[141]. In addition, it can also evaluate the performance of machine
learning by using standardized metrics to choose the optimal
sample size, or by adopting techniques (such as regularization,
bagging, cross-validation) to balance bias-variance trade-offs [142,
143].

Missing value imputation in multi-omics data
Data may be missing due to experimental random errors or
inherent technical defects (e.g. low coverage in repetitive regions)
during sequencing [144]. Consequently, some unmatched data
have to be excluded during data integration, limiting the power for
detection in the genome. Surprisingly, the problem of processing
missing values is often treated as a data preprocessing step,
and some scientists do not believe that it will have any impact
on the outcomes of subsequent statistical analyses. Instead, the
distribution characteristics of the multi-omics data should be
reassessed in the analysis process, and sensitivity analysis should

be performed to assess the impact of missing value inputs on the
downstream analysis [29]. Imputation methods have the potential
to correct missing values by leveraging the correlations within
omics data and utilizing partially measured data from other
omics datasets to impute missing values. MOFA analyzes the
latent space across omics types to impute missing samples, and
MultiBaC creates a multivariate predictive model of the incom-
plete omics types as a function of a shared omics modality [145,
146]. However, these two methods can create data structures that
violate the assumption of independence and subsequently lead
to unreliable analysis [29, 147, 148]. Therefore, the missing values
across different data resources affirm the reliability and applica-
bility of multi-omics analysis, and a better solution is urgently
needed. Liew et al. compared 19 different missing value comple-
tion algorithms and found that the choice of algorithm should
be assessed from an application-driven viewpoint, and validation
of the imputation data is an important step in evaluating the
performance of any input algorithm [149]. There is no one optimal
imputation algorithm for all type of data, so it is necessary to
choose an appropriate imputation algorithm according to the
characteristics of the data [149].

Evaluation of model performance
Currently, the computational models for integrating multi-omics
data in biology possess various characteristics (e.g. accuracy,
speed, complexity and computational cost), and it is crucial to
select the most suitable algorithm for multi-omics analysis [130].
Some supervised approaches are subjected to overfitting from
inappropriate cross-validation policies, while certain approaches
are limited by training label uncertainties [150]. In supervised
learning, an incorrect label definition can lead to inaccurate
prediction results. Consequently, it is essential to enlist biological
expertise to properly define the labels [107]. On the other hand,
models, such as the ABC model and eNet model, predict the
functions of thousands of enhancers. However, most of these
enhancers have not been experimentally validated, making
it difficult to determine the accuracy of model prediction.
Performance metrics used commonly for this purpose include the
F1 score (Harmonic Mean of Precision and Recall), the area under
the receiver operating characteristic curve and the area under the
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precision recall curve. But due to the diversity of the principles and
standard definitions of prediction, it is difficult to systematically
evaluate the performance of all available computational methods
[109].

Interpretability of multi-omics approaches
Interpretability is about the extent to which a cause and effect
can be observed within a system [151]. Factors affect the inter-
pretability of a model, including data, model architecture and
algorithms [152, 153]. To improve the interpretability of a model
integrating the multi-omics data, several approaches have been
developed from different perspectives of the affecting factors
mentioned above. (i) Human-labeled data can improve the inter-
pretability of a model. For example, GenNet improves the inter-
pretability of genotype data by constructing explainable neural
networks that use prior biological knowledge to label the data
[154]. (ii) Simplifying the network architecture can increase the
interpretation [153]. For example, ExplaiNN uses a large series
of simple neural networks, each of which learns different TF
binding profiles. As a result, it becomes easier to understand
the prediction results of each TF, thereby improving the overall
interpretability [153]. The HEAP model uses the weights of the
first convolutional layer to capture important enhancer features
to build a deep network model [152]. Adopting explainable arti-
ficial intelligence (XAI) architecture is another approach [155].
With this kind of architecture, researchers can have a clearer
understanding of the degree of causal relationship between input
signals and output results. Therefore, some teams have utilized
XAI to identify enhancers based on the epigenetic feature sig-
nals of different histone groups, and discovered the connection
between the enrichment of different histone modifications and
the activity of enhancers [155]. (iii) From the algorithmic perspec-
tive, using interpretable algorithms (such as clustering, SHAP, etc.)
can improve the interpretability of a model [152, 153]. In summary,
although there are many methods available currently to improve
the interpretability of models, overly pursuing interpretability
may lead to a decline in model performance [156]. The existing
interpretability methods often target specific model architectures
or data types only [29]. Therefore, new strategies need to be con-
tinuously developed to improve the explanation ability of models.

Computational and storage costs
Multi-omics analysis incurs costs for computation and data stor-
age [157]. Most integrated algorithms require high computational
power and considerable storage capacity to store logs, results and
analyses [140]. How to store multi-omics datasets to facilitate the
reuse of existing research datasets is another challenge. High-
performance computing infrastructure, cloud computing solu-
tions and advanced statistical methods are all effective ways to
reduce computing and storage costs. The general principle is FAIR,
which stands for findable, accessible, interoperable and reusable
[158]. However, many multi-omics data storage platforms (such
as Figshare, Zenodo or Lifebit) do not support data retrieval and
query [29]. Numerous computing models have been deployed
on specialized graphics processing units and cloud computing
platforms over the past few years (such as Microsoft Azure [159]),
which is one of the ways to address the issues mentioned above
[160, 161].

The five yellow rectangles in the figure represent the five
major challenges encountered in enhancer research, while the
blue squares represent different resolution strategies to address
these challenges.

CONCLUSION
Enhancers are crucial regulatory elements in gene transcription,
and the application of omics techniques speeds up the elucidation
of the role and mechanisms of enhancers in gene regulation.
In this review, we first summarized the current issues encoun-
tered in enhancer research. Next, we discussed the application
and limitations of four types of omics technologies (genomics,
epigenomics, transcriptomics and CRISPR gene editing). With the
increasing availability of larger, high-quality datasets paralleled
by the development of new omics technologies, the demand
for ideas and methods for multi-omics analysis will continue
to grow. Using machine learning to integrate and analyze high-
dimensional and multi-omics data can effectively improve the
accuracy of the enhancer prediction model. Furthermore, novel
algorithms can be utilized to extract new information from exist-
ing data. However, the application of omics technology in the field
of enhancer research is still challenging. Despite the widespread
heterogeneity and divergent quality of multi-omics data, both
data quality and quantity are being improved with the increas-
ing application of sequencing techniques. In addition, statisti-
cal methods are continuously evolving to address the current
challenges. In summary, we believe that with the development
of omics technologies and statistics, multi-omics techniques will
have greater value in enhancer research.

Key Points

• At present, there are four basic problems in enhancer
research: identification, activity, structure and eRNA.

• Genomics, epigenomics, transcriptomics and CRISPR-
gene editing technology have been widely used in
enhancer research.

• Multi-omics integration methods in enhancer research
are divided into traditional machine learning and deep
learning methods.
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