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Fig. 1. Multiscale 3D genomic structures identified from Hi-C data.
(A) DNA is packed into chromosomal territories in the nucleus. 
(B) Chromatin consists of two compartments, A and B. Compart-
ments are represented as characteristic checkerboard or plaid patterns
in contact frequency maps. (C) TADs and their nested subTADs are
self-interacting functional units on a scale ranging from 100 kilo-
bases to a few megabases. These can be identified along the dia-
gonal of the Hi-C contact map. (D) Loops represent long-range spatial
interactions on a scale ranging from 10 kilobases to 100 kilobases. 
The loops exhibit intense signals on the contact frequency map. (E)
Enhancer–promoter interactions and promoter-promoter interactions 
are global long-range contacts for transcription regulation. These inte-
ractions are represented as peaks in the probability distribution.
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The study of chromatin interactions has advanced considerably 
with technologies such as high-throughput chromosome confor-
mation capture (Hi-C) sequencing, providing a genome-wide view 
of physical interactions within the nucleus. These techniques 
have revealed the existence of hierarchical chromatin structures 
such as compartments, topologically associating domains (TADs), 
and chromatin loops, which are crucial in genome organi-
zation and regulation. However, identifying and analyzing these 
structural features require advanced computational methods. 
In recent years, machine learning approaches, particularly deep 
learning, have emerged as powerful tools for detecting and 
analyzing structural information. In this review, we present an 
overview of various machine learning-based techniques for deter-
mining chromosomal organization. Starting with the progress in 
predicting interactions from DNA sequences, we describe methods 
for identifying various hierarchical structures from Hi-C data. 
Additionally, we present advances in enhancing the chromosome 
contact frequency map resolution to overcome the limitations 
of Hi-C data. Finally, we identify the remaining challenges and 
propose potential solutions and future directions. [BMB 
Reports 2025; 58(5): 203-208]

INTRODUCTION

The three-dimensional (3D) organization of the genome is pivotal 
to orchestrating various biological processes, such as DNA re-
plication, gene regulation, and cellular differentiation (1). Advan-
ces in high-throughput chromosome conformation capture (Hi-C) 
sequencing have revolutionized our understanding of genome 
organization and structural features at different scales, such as 

compartments, topologically associating domains (TADs), and chro-
matin loops, by providing genome-wide contact frequency 
maps (Fig. 1) (2-5).

At the megabase scale, the genome is partitioned into two 
types of compartments, A and B (Fig. 1B) (3, 6). A compart-
ments are transcriptionally active regions associated with open 
chromatin (euchromatin). In contrast, B compartments are trans-
criptionally inactive regions associated with closed chromatin 
(heterochromatin). These compartments are represented as 
characteristic checkerboard or plaid patterns in the contact 
frequency maps.

TADs, self-interacting chromatin regions, are considered funda-
mental structural and functional genome units because they con-
strain the interaction between regulatory elements and their target 
genes (Fig. 1C) (4, 7). The TAD boundaries are enriched with in-
sulator proteins, such as CTCF, and are characterized by distinct 
squares along the diagonal of Hi-C contact frequency maps.

At the finest scale, chromatin loops represent long-range 
spatial interactions between two loci, such as enhancers and 
promoters (Fig. 1D, E) (8, 9). These loops are formed by binding 
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Fig. 2. Schematic representation of key deep learning architectures 
used in Hi-C data analysis. (A) CNN captures local patterns and 
spatial relationships through convolutional operations. (B) RNN pro-
cesses sequential data by retaining information from previous inputs,
enabling the learning of temporal patterns. (C) LSTM network is 
similar to RNN, but the internal structure of the LSTM cell allows 
for long-term dependency learning. (D) GAN implements a com-
petitive learning process between a generator and discriminator.

Fig. 3. Unlocking 3D genome structures using machine learning. (A)
3D organization prediction from DNA sequence data. (B) Predic-
tion of chromatin organization, such as compartments, TADs, and 
loops, from Hi-C contact frequency matrices. (C) Enhancing the 
Hi-C data resolution.

some architectural proteins, such as CTCF, and cohesin appears 
as intense focal signals on the contact frequency maps.

Interpreting Hi-C data and identifying biologically meaningful 
regions require advanced computational methods. In particular, 
machine learning has emerged as a powerful tool for decip-
hering the intricacies of 3D genome organization (6, 10, 11). 
Unsupervised learning methods without labeled target values, 
such as dimensionality reduction and clustering, have been 
used to identify topological features from contact frequency 
maps. Supervised learning methods, trained on known chro-
matin interactions, can predict new potential interactions in 
unexplored genomic regions.

Furthermore, deep learning (deep neural networks, DNNs) 
approaches have gained significant attention due to their ability 
to capture complex nonlinear relationships (Fig. 2). For instance, 
convolutional neural networks (CNNs) can capture local spa-
tial dependencies and identify intricate patterns in genomic 
structures (6). Recurrent neural networks (RNNs), and long short- 
term memory (LSTM) networks, have been employed to model 
the sequential nature of the genome (6). Moreover, generative 
models, such as generative adversarial networks (GANs), learn 
the underlying distribution of the Hi-C data (12).

In this review, we provide an overview of the current ma-
chine learning-based techniques for analyzing 3D genome struc-
tures (Fig. 3). Furthermore, we describe approaches to overcome 
some limitations in fully understanding genome organization, 
including the challenges posed by low-resolution Hi-C data.

CHROMATIN INTERACTION PREDICTION FROM DNA 
SEQUENCES

The advent of various machine learning methods has enabled 
chromatin interaction prediction from DNA sequences, provi-
ding valuable insights into the relationships between genome 

sequences and 3D genome organization (Fig. 3A, Supplementary 
Table 1). The models predict chromatin interactions at various 
scales, ranging from enhancer–promoter interactions (EPIs) to 
TADs and compartments.

SPEID employs a combination of CNN and LSTM structures 
to predict EPIs based on sequence features (13). Zhuang et al. 
proposed a simpler CNN-based model that achieved compa-
rable performance with reduced computational costs (14). More-
over, the model substantially improved the predictive perfor-
mance by applying transfer learning approaches. DeepTACT 
predicts both EPIs and promoter-promoter interactions by incor-
porating the regulatory sequences and their chromatin acce-
ssibility scores by combining CNN and attention-based bidi-
rectional LSTM (BiLSTM) structures (15). SEPT employs a similar 
architecture by combining CNNs and LSTM layers but intro-
duces a transfer learning strategy and addresses the challenge 
of model generalization across cell types (16). The chromatin 
interaction neural network (ChINN), another CNN-based archi-
tecture, can predict interactions between open chromatin regions 
(17). Furthermore, DeepMILO and DeepCTCFLoop were deve-
loped to predict CTCF-mediated chromatin loop formation from 
DNA sequences by integrating a CNN and a BiLSTM (18, 19).

In addition to predicting the specific interactions between 
sequence pairs, several computational models have attempted 
to predict the contact frequency map from raw DNA sequences. 
Akita utilizes high-resolution Hi-C and Micro-C data as training 
targets to predict the contact frequency maps for a sequence 
region up to 1 Mb in length based on CNN structures (20). 
DeepC predicts genome folding from Mb-scale DNA sequences 
by employing CNNs with transfer learning (21). Orca, consi-
sting of hierarchical encoder and decoder components with 
convolutional blocks, represents a significant advancement in 
multiscale chromatin interaction prediction (22). Orca can predict 
EPIs and TADs along with compartments A and B observed at 
the Mb scale by expanding the sequence context.
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COMPARTMENTS A AND B DETECTION FROM Hi-C 
DATA

Various computational methods have been developed to detect 
distinct chromatin structures from contact frequency maps gene-
rated by Hi-C (Fig. 3B). Understanding the arrangement of 
compartments A and B typically involves eigenvector analysis 
of normalized chromatin contact frequency matrices. The change 
in the first eigenvector sign indicates the boundary between 
the two compartments (23, 24). For example, several tools, 
such as HOMER, Juicer, and Pentad, utilize principal compo-
nent analysis (PCA) to annotate and visualize the compart-
ments in Hi-C contact frequency matrices (25-27). Calder employs 
Fisher’s z-transformed correlation and hierarchical clustering 
to infer the chromatin compartments (28). dcHiC identifies 
significant changes in compartmentalization across multiple 
contact frequency maps via Fisher’s z-transformed correlation 
and parallelized partial singular value decomposition (SVD) 
(29). CscoreTool defines C-scores derived from log-likelihood 
function, providing the probability of assigning a genomic 
window to compartment A (30).

SNIPER combines a denoising autoencoder and a multilayer 
perceptron classifier for compartment annotation (31). It directly 
imputes interchromosomal contact frequency maps and iden-
tifies subcompartments even with low-coverage Hi-C data by 
addressing the noise and bias in the data. However, the perfor-
mance can be parameter-dependent, limiting its generalizability 
to diverse datasets. Supplementary Table 2 shows the machine 
learning-based tools used to detect compartments A and B.

DETECTING TADS AND SUBTADS FROM Hi-C DATA

TADs and subTADs can be detected based on the distribution 
of chromosomal contact frequency matrices (Fig. 3B, Supple-
mentary Table 3). Earlier models, such as Armatus, insulation 
score, TopDom, and HiCDB, detected TAD boundaries by 
identifying abrupt changes in contact frequencies at the boun-
daries based on the assumption that intra-TAD interactions are 
more frequent than inter-TAD interactions (32-35). However, 
more recently, unsupervised learning techniques have been 
adopted predominantly to capture distinctive contact patterns. 
IC-Finder uses hierarchical clustering to infer TAD boundaries 
(36). SpectralTAD represents the contact frequencies between 
genomic loci as nodes and edges, and TAD boundaries are 
identified by a graph-based spectral clustering framework (37).

Some models discern the hierarchical organization of TADs 
and subTADs. ClusterTAD employs various clustering methods, 
such as hierarchical clustering, expectation-maximization, and 
k-means clustering. Additionally, ClusterTAD automatically deter-
mines the number of clusters and distinguishes between larger 
TADs and smaller subTADs by iteratively splitting larger clusters 
into smaller clusters (38). TADtree assumes that contact enrich-
ment increases proportionally with TAD length and detects the 
nested TAD hierarchy (39). OnTAD employs a two-phase 

approach for identifying nested TADs (40). In the first phase, 
potential TAD boundaries are identified via an adaptive local 
minimum search. These candidates are subsequently combined 
to form hierarchical TAD structures via a recursive dynamic 
programming algorithm.

Other advanced machine learning techniques have also been 
leveraged to predict TAD boundaries. preciseTAD uses transfer 
learning and a random forest model (41). Despite first being 
trained on low-resolution Hi-C data, the model effectively ena-
bles TAD detection at the base-pair level via transfer learning. 
TADL transforms the TAD identification problem into an image 
classification task by utilizing a CNN-based model that inte-
grates a residual neural network (ResNet) and a squeeze-and- 
excitation network (SENet) (42). RefHiC adopts an attention- 
based encoder architecture to learn topological patterns (43). 
RefHiC enhances its generalization performance and reliability 
in detecting TADs by using a wide variety of Hi-C datasets 
across various cell types, species, and sequencing depths. But 
the performance varies in terms of computational efficiency 
and the characteristics of identified TADs. For example, RefHiC 
identifies larger TADs in general, while preciseTAD requires 
more computational time.

CHROMATIN LOOP DETECTION VIA Hi-C

Chromatin loop identification generally involves comparing 
contact-enriched regions against their background expectations 
based on random interactions and genomic distances (Fig. 3B, 
Supplementary Table 4). Representative early methods, such 
as Fit-Hi-C and HiCCUPS, employ statistical significance tests 
with different background estimation approaches; Fit-Hi-C uti-
lizes a genome-wide model, whereas HiCCUPS applies a local 
context (44, 45).

Some approaches have incorporated computer vision techniques 
and various image analysis methods by treating Hi-C data as 
images to detect chromatin loops. For instance, Mustache employs 
a scale-space representation that applies Gaussian kernels of 
increasing width to the contact frequency maps to detect loops 
of various sizes (46). Chromosight segments the contact frequ-
ency maps into smaller squares and computes the correlation 
between each square and a loop template, filtering squares 
with high correlation values to determine the final loop calls 
(47). SIP enhances the loop signal and reduces background 
noise by applying general image processing steps (48).

Supervised learning approaches and DNNs have also been 
applied to chromatin loop detection. Peakachu utilizes a 
random forest classification framework to predict chromatin 
loops in genome-wide contact maps (49). The model is trained 
on a set of known loops using features derived from the 
contact map, such as the interaction intensity and the distance 
between the interacting loci. DLoopCaller is a CNN-based 
model that takes Hi-C contact frequency maps as input and 
predicts the probability of each pixel being a chromatin loop 
(50). GILoop utilizes a dual-branch neural model consisting of 
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Table 1. Methods for Hi-C data resolution enhancement

Tool Approach Github

HiCPlus CNN https://github.com/wangjuan001/hicplus
HiCNN2 CNN http://dna.cs.miami.edu/HiCNN2/
hicGAN GAN, CNN https://github.com/kimmo1019/hicGAN
DeepHiC GAN, CNN https://github.com/omegahh/DeepHiC
HiCSR GAN, Denoising autoencoder https://github.com/PSI-Lab/HiCSR
SRHiC CNN https://github.com/hzlzldr/SRHiC
VEHiCLE GAN, CNN, VAE https://github.com/Max-Highsmith/VEHiCLE
HiCARN GAN, CNN https://github.com/OluwadareLab/HiCARN
EnHiC GAN, CNN https://github.com/wmalab/EnHiC
iEnhance Encoder-decoder, CNN https://github.com/onlybugs/iEnhance

a U-Net branch that learns pixelwise image features and a graph 
convolutional network (GCN) branch that learns edgewise 
features, where the edge represents the interaction of contact 
frequency maps at a graph representation (51). DeepLoop employs 
a denoising autoencoder and U-Net structures, reducing bias 
and noise in Hi-C data and enabling robust loop signal detec-
tion even in low-depth and single-cell Hi-C data (52). These 
learning approaches can potentially improve the accuracy of 
the loop detection, effectively reflecting the nonlinear relationships 
and complex interaction patterns. 

Hi-C DATA RESOLUTION ENHANCEMENT

As interest in the regulation of biological processes within cell 
nuclei grows, demand for high-quality 3D genome structure data 
is increasing. Although methods for identifying genomic inte-
ractions have become more accurate and refined, their predic-
tion power is often limited by the quality of the original data (53, 
54). To overcome these limitations, numerous methods have been 
developed to enhance the resolution of Hi-C data by amplifying 
positive signals and removing technical biases (Fig. 3C, Table 1).

Deep learning approaches, which are commonly used for 
image manipulation, can be utilized to enhance Hi-C data reso-
lution. HiCPlus employs CNN structures that are trained using 
low-resolution data sampled from high-resolution data (55). A 
deeper convolutional model, HiCNN, incorporates residual 
layers to address the vanishing gradient caused by the increase 
in computational network depth (56). SRHiC employs an arc-
hitecture that combines fewer convolution layers with residual 
blocks and skip connections to reduce computational resources 
(57). HiCARN uses cascading residual networks to effectively 
capture the complex features and representations of data (58).

Some models have applied GANs to generate refined data 
from low-resolution contact frequency maps. hicGAN generates 
high-resolution data that closely resemble the original data at 
the pixel level through adversarial training (59). DeepHiC 
adopts a loss function that combines adversarial loss, pixelwise 
error, total variation, and perceptual loss to generate high-reso-
lution data (60). EnHiC leverages the nonnegative and symmetric 

properties of Hi-C data to extract multiscale features that 
capture the hierarchical structures of Hi-C contact frequency 
maps (61). EnHiC can predict high-resolution Hi-C contact fre-
quency maps, by employing a series of subpixel convolutional 
layers and adversarial training, combined with these features 
from different scales, demonstrating its applicability to various 
cell types and sequencing depths.

Some models that aim to reduce noise from data have also 
been developed. HiCSR integrates a denoising autoencoder into 
a GAN to be robust to noise-corrupted Hi-C data (62). VEHiCLE 
employs a variational autoencoder (VAE) and adversarial training 
strategy and introduces chromosome topology-inspired insulation 
loss (63). iEnhance consists of a dense encoder and decoder 
structure designed to extract multiscale global and local fea-
tures, enabling the capture of hierarchical structures even with 
sparse information, such as single-cell Hi-C and Micro-C data (64).

These deep learning models differ in their architectural design 
and computational demands, which affects their training and 
application characteristics. For instance, DeepHiC requires 
more training iterations to achieve convergence, while iEnhance 
has higher memory requirements for both its training process 
and predictive applications.

DISCUSSION

We reviewed the latest computational approaches for analyzing 
3D genome organization, with a particular focus on the appli-
cation of machine learning. Machine learning techniques have 
greatly enhanced our ability to detect and characterize complex 
patterns in Hi-C images and similar contact frequency maps.

Despite the remarkable results achieved by applying machine 
learning in 3D genome research, several major challenges re-
main to be addressed. One issue is the lack of high-resolution 
data from Hi-C experiments. Developing more precise Hi-C data 
resolution enhancement methods will become increasingly impor-
tant to overcome this limitation. Moreover, the robustness of the 
computational models should be improved across varying sequen-
cing depths, resolutions, and cell types. The recent emergence of 
single-cell Hi-C sequencing will make the development of ad-
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vanced computational techniques even more critical (65, 66). In 
addition, the use of machine learning algorithms to investigate 
the dynamic interplay of chromatin in 3D space over time and 
analyze temporal datasets will be essential for obtaining a more 
comprehensive understanding of genome organization (67).

Another promising issue is the integration of multimodal 
data, such as imaging, genomic, epigenomic, and transcriptomic 
information (12). Developing machine learning frameworks 
that can effectively incorporate these multimodal datasets can 
provide new insights into unraveling the complex interplay 
between 3D genome organization and gene regulation.

The interpretability of machine learning models also remains a 
critical challenge. The development of explainable AI techniques 
tailored to 3D genome data is necessary to better understand the 
biological significance of the features extracted by these models.

In conclusion, further advances in cutting-edge machine 
learning techniques will lead to a comprehensive unders-
tanding of genome organization and provide deeper insights 
into the biological functions and underlying basic mechanisms 
associated with various diseases.
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