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Abstract

Decoding how genomic sequence and its variations affect 3D genome archi-
tecture is indispensable for understanding the genetic architecture of various
traits and diseases. The 3D genome organization can be significantly altered
by genome variations and in turn impact the function of the genomic se-
quence. Techniques for measuring the 3D genome architecture across spa-
tial scales have opened up new possibilities for understanding how the 3D
genome depends upon the genomic sequence and how it can be altered by
sequence variations. Computational methods have become instrumental in
analyzing and modeling the sequence effects on 3D genome architecture,
and recent development in deep learning sequence models have opened up
new opportunities for studying the interplay between sequence variations
and the 3D genome. In this review, we focus on computational approaches
for both the detection and modeling of sequence variation effects on the 3D
genome, and we discuss the opportunities presented by these approaches.
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1. INTRODUCTION

The 3D architecture of the chromosome and the process of chromatin folding are increasingly
well understood, in large part due to the recent development of technologies for studying them in
unprecedented detail. High-resolution genome-wide chromatin interaction maps have revealed
the multiscale chromatin organization with very fine resolution. Such techniques and datasets
have provided the foundation for understanding the genomic sequence dependencies of genome
architecture at all spatial scales.The 3D genome architecture is highly specific to genomic location
and expected to be strongly dependent on genomic sequence. The 3D genome structure also in
turn determines the environment of sequence-based regulatory processes, making it essential for
understanding sequence variation effects (1–3). Sequence variations can have profound impacts
on the 3D genome architecture, often with pathogenic consequences (1).

The scale and complexity of the genomic dataset for measuring the 3D genome present un-
precedented opportunities for understanding the interplay between genomic sequence and archi-
tecture, which drives the development of computational methods for these purposes. Computa-
tional methods have been critical for both detecting sequence variation effects from experimental
datasets and modeling the 3D genome dependencies on the sequence. In particular, computa-
tional sequence-based modeling approaches have now allowed high-throughput prediction of the
impact of sequence variation on the 3D genome for any variant. Moreover, the sequence-based
models can assist in understanding the mechanisms of the 3D genome by generating experimen-
tally testable hypotheses. The improvement and applications of these computational methods will
likely accelerate our understanding of the interplay between the 3D genome and the genomic
sequence. In this review, we discuss the current computational approaches and opportunities in
advancing the understanding of the interplay between genome sequence and 3D genome archi-
tecture (Figure 1). We have also included an introduction to relevant background information
for techniques and 3D genome organization to help understand the 3D genome data. We aim to
make this review accessible for readers from either computational or experimental backgrounds.

2. TECHNIQUES AND CURRENT UNDERSTANDING
OF THE 3D GENOME ARCHITECTURE

2.1. Technologies for Measuring 3D Genome Architecture

The recent introduction and development of high-throughput sequencing–based techniques for
measuring chromatin organization, represented by chromosome conformation capture (3C)-
based methods (4–8), have revolutionized our understanding of the multiscale 3D genome struc-
ture. 3C technologies detect the spatial proximity of DNA sequences in the 3D space based on
their increased likelihood of ligation. The first step of 3C-based methods typically involves the
formaldehyde cross-linking that fixes the positions of DNA sequences that are spatially proximal
in the nucleus. The second step is the fragmentation of the chromatin, followed by in situ ligation
and removal of cross-links. The last step involves the determination of pairwise interactions us-
ing ligation junctions with either polymerase chain reaction or sequencing technologies. Here we
briefly review several representative high-throughput sequencing–based experimental techniques
(Table 1). For a more detailed overview of different 3C-based approaches, readers are referred to
References 2, 9, and 10.

Hi-C (high-throughput 3C) combines 3C with high-throughput sequencing and allows
analyzing genome contacts across the entire genome. Currently, it is the most widely used
technique to assess chromatin architecture and has undergone dynamic improvements to achieve
higher resolution.Micro-C (micrococcal nuclease chromosome conformation assay) (11–13) uses
micrococcal nuclease digestion to obtain up to mononucleosome resolution in the detection of
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Figure 1 (Figure appears on preceding page)

Overview of computational methods for understanding sequence and sequence variation effects on the 3D genome. Experimental
techniques for measuring 3D genome structure, especially chromosome conformation capture–based techniques such as Hi-C, provide
multiscale 3D genome organization measurement covering diverse types of structures and interactions. Such data and techniques
enable both computational methods for the detection of sequence variation effects from Hi-C datasets (through QTL-based analysis of
population-level 3D genome datasets or analysis of large structural variant effects from Hi-C datasets of single samples) and
computational modeling of sequence variation effects (through training a deep learning sequence model that predicts the 3D genome
from sequence). Abbreviations: Hi-C, high-throughput chromosome conformation capture; Mut., mutant; QTL, quantitative trait
locus; WT, wild-type.

chromatin interactions, which allows for resolving differences in genome interaction patterns
among small genomic intervals near or below the kilobase level. Another improvement to
the Hi-C technique, called Hi-C 3.0, combines the advantages of Micro-C for chromosomal
loop detection and Hi-C for detecting stronger chromatin compartments (14). The recently
introduced MCC (Micro-Capture-C) method enables studying sequence interactions on base
pair resolution from individual viewpoints (15), breaking the barrier of 1-kilobase (kb) resolution.
ChIA-PET (chromatin interaction analysis with paired-end tag) (16) and, more recently, HiChIP
(Hi-C chromatin immunoprecipitation) (17) and PLAC-seq [poly(A)-ClickSeq] (18) combine
3C techniques with chromatin immunoprecipitation and help to analyze the contact points of
sequences bound by a protein of interest.

In addition to improving resolution, scHi-C (single-cell Hi-C) has been developed for detect-
ing pairwise contact interactions from individual isolated cells (19, 20). The single-cell approach
has the potential to reveal 3D genome structures not visible by regular Hi-C, as the latter pools
measurements from a population of cells. Thus, the single-cell approach has the advantage of

Table 1 Example of technologies that can be used to assay 3D genome organization

Bulk or
single-cell

Type of
interactionsa

Number of regions
involved in
interactionsb Examples Description

Bulk (typically
millions of
cells)

One-way One-versus-all MCC, NG-Capture-C,
4C-seq

Detect sequence interactions for a
single viewpoint location with up to
base pair resolution

All-versus-all Hi-C, Hi-C 3.0,
Micro-C

Detect sequence interactions across
the entire genome

ChIA-PET, Hi-ChIP,
PLAC-seq

Detect interactions between sequences
bound by a protein of interest

Multiway All-versus-all GAM, SPRITE, Pore-C Detect genome-wide higher-order
interactions within the nucleus

Single-cell One-way All-versus-all scHi-C Detects 3D genome organization in
rare cell types and at specific stages
of the cell cycle

Multiway scSPRITE Detects multiway interactions within
an individual cell

aOne-way interactions involve a single interaction between a pair of regions; multiway interactions involve all interactions among three or more regions.
bOne-versus-all interactions include interactions connecting one region with all regions; all-versus-all interactions include interactions connecting all
regions with all regions.
Abbreviations: 3C, chromosome conformation capture; 4C-seq, circular 3C sequencing; ChIA-PET, chromatin interaction analysis with paired-end tag;
GAM, genome architecture mapping; Hi-C, high-throughput 3C; Hi-ChIP, Hi-C chromatin immunoprecipitation; MCC, Micro-Capture-C; Micro-C,
micrococcal nuclease chromosome conformation assay; NG, next-generation; sc, single-cell; PLAC-seq, poly(A)-ClickSeq; SPRITE, split-pool recognition
of interactions by tag extension.
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enabling the study of the 3D organization of the genome in rare cell types and at specific stages
of the cell cycle (21). However, as a tradeoff for single-cell specificity, this technique detects many
fewer contacts than regular Hi-C and currently does not provide comparable resolution.

More recently, methods have been developed that detect the spatial proximity of multiple se-
quences using ligation-free approaches. Such interactions are often called multiway or higher-
order interactions. Genome architecture mapping (GAM) technology (22) obtains information
about chromatin structure from sequencing a collection of thin cryo-sectioned nuclear profiles.
Another approach, SPRITE (split-pool recognition of interactions by tag extension), can map
both RNA and DNA interactions simultaneously (23). SPRITE involves tagging cross-linked in-
teracting molecules with a unique barcode through repeated splitting and pooling procedures.
Interactions among different genomic regions are then identified by sequencing and matching
reads containing the same barcode to identify colocalized sequences (24). In silico simulations
suggest that to obtain high-resolution contact maps SPRITE requires a smaller number of cells
than Hi-C, while GAM requires more and has the added advantage of detecting contacts above
the 1-megabase (Mb) distance scale (25).

Current sequencing-based assays mostly rely on short-read sequence technology and can have
difficulty resolving the 3D genome structure of highly repetitive regions.The recent development
of long-read sequencing-based techniques and their application to 3D genome measurement (26)
have the potential to address the mappability problems within repetitive regions and provide more
information about chromatin interactions within them.

In parallel to sequencing-based techniques, high-throughput imaging–based methods have
been developed to provide single-cell and in situ measurements. While we focus on sequencing-
based techniques in this review because of the abundance of high-quality datasets generated with
these technologies and computational methods developed for these datasets, we refer interested
readers to previous reviews of these techniques (10).

2.2. The Multiscale Organization of 3D Genome

With the data generated from the abovementioned techniques, we have now gained a much better
understanding of the hierarchical organization of the 3D genome. In typical interphase cells, at
kilobase and larger spatial scales, the 3D genome structure can often be described by domain-type
structures.These include, but are not limited to, entire regions of varying lengths such as topolog-
ically associating domains (TADs) and chromatin compartments, as well as loop-type structures
that have interactions between two genomic locations. Both domain- and loop-type structures
involve multiple mechanisms that act at different spatial scales (2, 10).

Themost prominent character of the 3D genome organization at a length scale of 40 kb−1Mb
is that the genome is spatially organized into sub-megabase-scale domains (i.e., TADs) (27–29).
Sequences within the same TAD interact with each other much more frequently than they do
with segments located in different domains. TADs often show a nested structure whereby large
TADs can be further subdivided into smaller domains (sometimes called sub-TADs), and algo-
rithms have been developed to identify TADs in a hierarchical fashion (30). In contrast, most
loop structures span distances similar to or less than the size of a TAD. The most common loop
structure is the CTCF-cohesin-dependent loop, which is closely related to TADs and observed at
TAD boundaries (31, 32), and cohesin complex–dependent loop extrusion is likely the mechanism
for TAD formation (33–37). Other types of loops include Polycomb-mediated contacts (38) and
loops between transcriptional regulatory elements like promoter–enhancer, promoter–promoter,
and enhancer–enhancer loops, which have been observed both together with and independent of
CTCF-cohesin-dependent loops (39, 40). The loop structures can play a role in gene regulation

www.annualreviews.org • Sequence Variation Effects on 3D Genome 187
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by bringing cis-regulatory elements such as enhancers and promoters into close spatial proximity
(41).

At larger scales (>1Mb), the most prominent feature of genome organization is the chromatin
compartment, which is often separated into A and B compartments. Regions in each compartment
preferentially interact with the same compartment; that is, regions in compartment A interact
mostly with other compartment A regions, and similarly for compartment B, forming a plaid-like
pattern inHi-C contactmaps (42).Chromatin compartment A is enriched in active genes and open
chromatin while compartment B is relatively gene depleted and enriched in closed chromatin (27,
42, 43). A and B compartments can also be more finely divided into six different subcompartments
(31, 44, 45).What drives the process of compartment formation is still largely unknown, especially
at the sequence level, even though active gene expression is associated with and has been suggested
to play a role in compartment A formation (3).

It is important to note that even though compartmentalization was originally discovered
at larger spatial scales, more recent studies with higher-resolution data show that chromatin
compartmentalization does happen at TAD scales, and smaller domains with the characteristic
compartment-like interaction pattern can be observed (13, 46). A recent study with a very high-
coverage Hi-C dataset (30 billion) reported that the median length of compartment domains
is only 12.5 kb (46). Thus, chromatin compartmentalization likely shapes the local 3D genome
jointly with other mechanisms.

Finally, chromosomes occupy distinct spaces in the nucleus called chromosome territories (42,
47). The relative positions of chromosomes with respect to each other are assumed to be largely
random. However, there appears to be a tendency for some chromosomes to be located near the
center of the nucleus, while others tend to be located more peripherally (also known as radial
positioning) (48, 49).

While the exact roles of the 3D genome in gene regulation are still not fully understood, with
these discoveries of 3D sequence organization it has become clear that chromatin architecture is
significant for spatial gene positioning and gene regulation (3, 41, 50, 51). 3D structures influence
essential biological functions such as transcription, replication, and DNA repair (52, 53). Thus,
modifications in the 3D organization due to sequence mutations may lead to alterations of these
processes that sometimes can severely impact human health (54). For example, duplication of a
TAD boundary at the SOX9 locus causes neo-TAD formation and leads to Cooks syndrome and
nail aplasia (55, 56).More detailed information about 3D chromosome organization and its impact
on various biological processes has been extensively reviewed before and we refer the reader to
References 2, 41, and 57. In the next sections, we discuss variations of DNA sequence and their
impact on 3D genome architecture.

3. SEQUENCE VARIATIONS AND THEIR IMPACT ON 3D
GENOME ARCHITECTURE

Sequence variation refers to differences in genomic sequences across individuals or biological
samples that can be inherited or arise from spontaneous mutations. The size of DNA sequence
variation ranges from point mutations, also known as single-nucleotide polymorphisms (SNPs),
to large-scale chromosomal events, also known as structural variants (SVs) (58, 59). SVs are ex-
tremely diverse in length; the term “SVs” is generally used to refer to variants from approximately
10 base pairs (bp) to multiple megabases in length or even to whole-chromosome abnormalities.
SVs also include numerous types of events such as insertions, deletions, translocations, inversions,
tandem and segmental duplications, mobile element insertions, and copy number variations (60,
61). Complex genome rearrangement that involves more than three genome breakpoints can also

188 Avdeyev • Zhou
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happen and is common in cancer (62, 63). Sequence variations vary greatly in their frequency
in the human population, ranging from common variants that are typically inherited to de novo
germline mutations that are often unique to the individual (64). Common variants usually have
small effects on health since variants with a strong negative impact on fitness tend to undergo
negative selection and are consequently less frequent in the population. However, the high popu-
lation frequency of common variants allows for information to be pooled across a population, thus
enabling more sensitive detection of their effects. On the other end of the spectrum, rare variants
can have a greater impact, although most of them are not impactful. Sequence mutations can also
occur after fertilization and result in somatic mutations that exist only in certain cell lineages, as
is the case for the vast majority of cancer mutations.

Sequence variations can now be systematically discovered through genome sequencing ap-
proaches and many have been found to play a crucial role in complex human diseases such as can-
cer, intellectual disability, autism, major depressive disorder, and type 2 diabetes mellitus (65–70).
SNPs are the most common form of human genome variation (64, 71, 72), and the associations be-
tween common variants that are mostly SNPs and various forms of human phenotypic variations
have been analyzed in genome-wide association studies (GWAS), in which millions of sequence
variants across the genomes of many individuals are analyzed to identify genotype–phenotype as-
sociations. From GWAS, more than 200,000 associations of genome-wide significance have been
reported between sequence variants and common diseases and traits, and the vast majority of them
are located in the noncoding genome (73).

Widespread application of whole-genome high-throughput sequencing technologies for the
detection of genetic variants has also shown large amounts of SVs present in the human popula-
tion. For example, the 1000 Genomes Project detected 68,818 SVs after analyzing 2,504 human
genomes (64). Large SVs have been observed in nearly all types of cancer at every stage of the
disease progression (74). For example, Aganezov et al. (67) showed that a large number of novel
SVs that were missed by previous sequencing technologies can be detected in breast cancer cell
lines by using long-read sequencing technologies. SVs are expected to have a larger impact than
the smaller genome variations and have often been linked to pathogenic outcomes. For a more
detailed review of sequence variations, methods for their discovery, and their impact on human
health, readers are referred to References 58–60 and 75.

While high-throughput sequencing technologies have accelerated the detection of sequence
variations and linked many to diseases and traits, understanding their molecular-level effects and
phenotypic consequences, including their impact on the 3D genome, remains challenging. Due
to the relevance of 3D genome architecture on genome function and regulation and the poten-
tially strong impact of sequence variation on the 3D genome, it thus becomes very important to
understand sequence variations from the perspective of the 3D genome organization and study
how sequence variation may change chromatin architecture. In the next section, we discuss dif-
ferent computational approaches whose main goal is to facilitate discoveries of different sequence
variation effects on 3D genome architecture.

4. COMPUTATIONAL METHODS FOR DETECTION OF SEQUENCE
VARIANT EFFECTS ON 3D GENOME FROM EXPERIMENTAL DATA

Impacts of SVs on 3D genome architecture have been directly established by experimental data.
In this section, we briefly review the discoveries of disease-causing SVs and their impact on 3D
genome, and then discuss computational approaches to detect effects from genomic variants ob-
served in biosamples when experimental data are available, including detecting common variant
effects from a population of samples and detecting large SV effects from individual samples.

www.annualreviews.org • Sequence Variation Effects on 3D Genome 189
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Several early studies experimentally examined the 3D genome effects of SVs implicated in dis-
eases. Targeted 3C techniques are typically used in these studies, including capture Hi-C, which
generates a high-resolution contact map for a subset of genomic regions, and 4C-seq (circular 3C
sequencing), which measures interactions with a selected genomic location of interest. One of the
early findings was that several disease-causing SVs at the EPHA4 locus involve misexpression of
different genes due to 3D genome reorganization (76). A deletion near the PAX3 gene results in
the fusion of two neighboring TADs (also called TAD fusion), leading to an ectopic interaction
between PAX3 and an enhancer cluster, which results in the abnormal expression and congenital
limb malformation called brachydactyly (76). A different inversion at this EPHA4 locus results in
the same enhancer cluster being relocated into the neighborhood of WNT6, causing abnormal
limb development (76). This mechanism of reorganizing parts of TADs that do not naturally be-
long together and causing enhancer adaptation was called TAD shuffling (1). Another different
type of 3D genome disruption was the creation of a new domain due to duplication (also called
neo-TADs). For example, a duplication of noncoding DNA near SOX9 leads to the formation of
a neo-TAD that contains KCNJ2. This causes KCNJ2 to interact with duplicated enhancers orig-
inally in the SOX9 TAD, leading to Cooks syndrome (55). Subsequent studies also demonstrated
that TAD disruption represents a common phenomenon in cancer development (77, 78).We refer
interested readers to a previous review (1) for more discussion of the impacts of disease-causing
SVs on chromatin 3D architecture. All these examples have established that the disruption of
chromatin organization by SVs is an important genetic mechanism for disease.

Beyond targeted studies of variants of clinical interest, to systematically understand the ge-
netic architecture of the 3D genome and accelerate the discovery of disease-relevant variants,
researchers need computational methods that can unbiasedly and systematically detect the impact
of sequence variants on 3D genome organization. When it is feasible to obtain both experimen-
tal genome-wide 3D genome measurements and genotype information, several approaches have
been developed for using experimental data to detect large-scale variant effects on the 3D genome
(Figure 2). For common variants, powerful approaches can be applied to detect the quantitative
trait locus (QTL) using a population of paired genotype and 3D genome data. Computational
methods have been developed to systematically identify SVs with strong impact in a population
and analyze the Hi-C data to reconstruct their effects. In later sections, we introduce computa-
tional methods that predict the 3D genome effects of variants using only the genomic sequence
(Figures 3 and 4), which is complementary to the experimental data–based approaches which we
introduce below.

4.1. Population-Based Quantitative Trait Locus Analysis
of the 3D Genome Phenotypes

QTL analysis is a statistical genetics approach that identifies significant associations between
genotypes (most commonly, SNPs) and quantitative phenotypes, which can be high-dimensional
molecular-level phenotypes such as gene expression. For each identified QTL variant, usually one
allele (e.g., T) is significantly associated with a higher or lower score of the quantitative phenotype
compared to the other allele (e.g., G). With a large enough sample, QTL analysis has the power
to identify even variants with weak effects. Gorkin et al. (79) performed a QTL analysis to sys-
tematically characterize the 3D genome organization–associated variants across a population of
unrelated individuals. Even though their sample was moderate in size (20 individuals and 11 unre-
lated Yoruba individuals were used for QTL discovery), the study demonstrated the feasibility of
detecting QTLs associated with 3D chromatin conformation. The authors used lymphoblastoid
cell line Hi-C data derived from individuals whose genetic variation has been cataloged by the
1000 Genomes Consortium.
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Figure 2

Computational approaches for detecting SV effects on the 3D genome. (a) A population-based QTL approach can be applied when the
genotype and 3D genome datasets are available for a population of individuals. Multiple quantitative phenotypes can be extracted from
the 3D genome dataset, such as pairwise contacts, insulation scores, and directionality index. Such quantitative scores can be modeled
with genotype data through the standard linear mixed-effect modeling approach for QTL detection. (b) The detection of large SV
effects on the 3D genome from individual samples. Resolving SVs based on Hi-C data and reconstructing the Hi-C map allow for
large-scale identification and interpretation of SV effects. Additional steps can be taken to normalize for differences in coverage and
identify neo-loop formation and enhancer hijacking events. Abbreviations: Hi-C, high-throughput chromosome conformation capture;
QTL, quantitative trait locus; SNP, single-nucleotide polymorphism; SV, structural variant.

To define the molecular phenotypes for their QTL analysis, in addition to a 40-kb-resolution
contact matrix, Gorkin et al. extracted several features for each 40-kb bin from Hi-C data: the
insulation score, which measures the interaction spanning two opposite sides of the position of
interest; the directionality index, which measures imbalance in the directionality of contacts from
a given region of interest (i.e., upstream or downstream); the first principal component of the
contact matrix, which measures chromatin compartmentalization; and the frequently interacting
regions score, which is defined to measure the amount of nonself interaction for each region.
For computational procedures of processing and normalizing Hi-C-type data, we refer readers to
previous reviews on this topic (80, 81). Each of these features was used as a 3D genome phenotype
for further QTL analysis and resulted in the identification of several types of QTLs. For each
phenotype, a subset of 40-kb bins was first selected to reduce the search space, and SNPs located
within the selected bins were tested for association with the phenotype using a linear mixed-effect
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Figure 3

Sequence-based prediction of 3D genome structure. Training the sequence models of the 3D genome requires a training dataset that
contains or can generate pairs of input (DNA sequences) and corresponding target [typically a Hi-C (high-throughput chromosome
conformation capture) contact matrix–like representation of genome interaction]. The DNA sequence is typically encoded numerically
by one-hot encoding. The deep learning sequence models take the sequence as input and predict the corresponding 3D genome
interactions in the range of the sequence. A loss function will be defined to compute the loss from the prediction and the target, which
typically measures the distance between prediction and target. The sequence model is trained by optimization algorithms that minimize
the loss using the gradient of the loss function.

model, which is a standard approach for QTL analysis (82). Overall, this study illustrated that
the QTL approach can be effectively applied to identify genetic variation within the population
that influences multiple features of 3D chromatin conformation. Even though currently the cost
and difficulty of collecting large Hi-C datasets still limit its application to a larger number of
individuals and its ability to detect variant effects with greater sensitivity, such a population-based
approach could help resolve the contribution of the 3D genome to common variants’ associations
with disease and traits identified from GWAS.

4.2. Large-Scale Detection of Structural Variant Effects on the 3D Genome
from a Single Sample

On the other end of the variant effect spectrum, for variants with strong effects on the 3D genome
such as large SVs that are often rare, 3D genome effects can be detected with even a single sample.
This is because the effect of large SVs is typically dramatic and involves broad genomic regions,
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Figure 4

Examples of applications of sequence models of the 3D genome, including predicting variant effects on the 3D genome (a), performing
virtual genetic screens to probe the sequence-based mechanism of 3D genome organization (b), and designing sequences with the
desired 3D genome properties (c).

such as the gain of strong interactions between genomic locations that were previously not inter-
acting.Analysis of individual SVs has been clearly demonstrated in the disease SV studies discussed
above. However, identifying SVs and quantitatively measuring their effects on a large scale is still
challenging and requires the development of computational algorithms. Fortunately, the spatial
proximity information measured by Hi-C is directly informative for SV detection, and a correctly
reassembled genome can be verified with Hi-C contact signals decreasing smoothly with genomic
distance (83–85). Resolving the SV then allows for direct reconstruction of the genome interac-
tion patterns in the rearranged genome, when contacts spanning the breakpoints mostly originate
from the chromosome that carries the SVs, which is typical for large SVs.

Genome-wide integrative detection of simple or complex SVs and the identification of their
effects on 3D genome reorganization, including enhancer hijacking events based on Hi-C data,
have beenmade possible by computational frameworks such as NeoLoopFinder (85).Themethod
starts from Hi-C data and SV breakpoints as input and analyzes SV effects on the 3D genome or-
ganization in several steps. The method reconstructs the Hi-C matrix for the rearranged genomic
regions by resolving the correct order of the genome fragments using a shortest-path algorithm
based on the Hi-C data.Normalization steps are performed before and after the reconstruction to
correct for the variation of Hi-C contact signal strength due to copy number or allele frequency.
With the reconstructed and normalized Hi-C map, NeoLoopFinder can then identify the newly
formed chromatin loops by the SVs and annotate the enhancer hijacking events based on the
enhancer histone mark profile such as H3K27ac.

While we expect that further improvements of experimental and computational methods will
significantly expand our ability to measure the sequence variations effects on the 3D genome,
current costs and the need for biological samples that carry the variant of interest still limit the
scalability of experimental data–based measurement of 3D genome effects. However, computa-
tional modeling of sequence dependencies for the 3D genome that we discuss below will allow
sequence variant effects to be predicted on a large scale in order to prioritize variants of interest
for further study, and such modeling can be applied more broadly since it does not require bi-
ological samples carrying the sequence variations. Combining computational modeling with the
experimental approach can provide a powerful means of generating and testing hypotheses about
sequence-based mechanisms of 3D genome organization.
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5. SEQUENCE-BASED PREDICTION OF 3D GENOME ORGANIZATION

The availability of genome-wide, high-resolution 3D genome structure datasets has allowed ma-
chine learning approaches to capture sequence–3D genome structure dependencies. Machine
learning has the potential to learn complex sequence pattern dependencies in a quantitative man-
ner that are otherwise challenging to resolve. If the machine learning models have adequately
captured the causal dependencies from sequence to 3D structure, they can be applied to predict
the structural consequences of any sequence change and can help researchers understand the se-
quence basis of 3D genome organization. Specifically, such models allow for the prediction of any
sequence variant’s effects on the 3D genome organization in the followingmanner: Two sequences
are generated that differ only by a genomic variant, where each sequence carries one of the alleles,
then the 3D organization of each sequence is predicted from the model, and finally the predicted
influences of the two variants on chromatin architecture are compared. Additionally, these models
allow any mutation to the input sequence to be introduced and their influences analyzed, making
them highly flexible tools for the study of the 3D genome. In this section, we discuss the ma-
chine learning methods that have been developed for sequence-based prediction of 3D genome
structure.

While the predictive power of a machine learning model does not generally guarantee that it
is capturing the causal relationships between the input and the predictive target (or that its pre-
dictions reflect causal consequences), using the genomic sequence as input has a unique advantage
in learning causal relationships. This is because the genomic sequence in most scenarios is likely
the cause rather than the consequence of downstream biological processes including 3D genome
organization.Genomic sequences remain mostly unchanged postconception and are thus affected
only through the process of evolution. Thus, a sequence-based model likely has the advantage of
capturing causal dependencies, even though it is still important to rigorously evaluate its ability
to predict causal consequences of sequence change. In contrast, other genomic features such as
epigenomic profiles and gene expression are often directly affected by the 3D genome organiza-
tion.Machine learning models that use these data as input thus may be using the consequences of
3D genome organization to predict its cause and are thus not ideal for inferring causal relation-
ships (86–92).

Therefore, here we focus on predictive methods for the 3D genome organization that are
sequence based (i.e., that use onlyDNA sequences as input).Many 3Dgenome predictionmethods
also include other types of input data, such as chromatin profiles and gene expression (86–92).
While these methods are useful for other applications such as inferring 3D genome organization
in cell types for which such data are not available, we do not cover these methods in detail because
they are not designed for predicting sequence and sequence variation effects.

Machine learning approaches that we consider here learn to extract patterns in the input (such
as genomic sequences) to make predictions about the target (in the form of Hi-C contact matri-
ces). The model training process usually requires a training dataset, an optimization algorithm,
and a loss function for measuring error between targets and predictions (Figure 3). A typical ex-
ample of a training dataset for sequence-based 3D genome prediction includes a DNA sequence
as input and a Hi-C contact map for the corresponding region as output. The training process
iterates over a training dataset and learns model parameters by minimizing the error function
through stochastic gradient descent or related optimization algorithms. To evaluate the model
performance, researchers need to apply the model on input data not used during model training
and compare its predictions with the targets.

Many machine learning models for sequence-based prediction of chromatin structure are
deep learning–based models. Deep learning models can generally be described as differentiable
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nonlinear functions with learnable parameters that transform the input into output predictions
(93, 94). They are often composed of sequential modular building blocks called layers. The first
layer receives the initial input, the last layer outputs the final prediction, and the outputs of
internal layers can be considered as representations of the input data that are informative for
the prediction task after training. A typical learnable layer executes a linear transformation of
the output from the previous layer followed by a nonlinear transformation called the activation
function (93, 94). Common neural network layers or modules with learnable parameters include
convolutional layers, fully connected layers, recurrent neural networks, transformers, and graph
neural networks. Other layers do not contain learnable parameters and represent a specific trans-
formation such as maximum pooling or dropout (93, 94). Deep learning models that primarily
use convolutional layers as learnable layers are also called convolutional neural networks. The
design of deep learning models is highly flexible and allows for different structures, as long as
the entire computation is differentiable. Training deep learning models usually requires defining
a loss function, such as a function that computes a score to measure the difference between
the prediction and the experimental observation; parameters in such deep learning models are
optimized to minimize the loss function during the training process. We refer readers to deep
learning textbooks for more about the topic (93, 94).

Deep learning models for genomic sequences were first introduced in DeepBind (95) and
DeepSEA (96) for tasks such as predicting transcription factor binding, RNA–protein binding,
chromatin accessibility, and histone marks. Both methods use convolutional network architec-
tures. For example, DeepSEA utilized a hierarchy of 1D convolutional layers and maximum pool-
ing layers to allow for a wider context sequence window of 1,000 bp. The use of 1D convolution
is based on the fact that genomic sequences have one spatial dimension that satisfies translational
invariance (unlike 2D images, which have two dimensions that satisfy translational invariance)—
in other words, sequence patterns observed at different locations of the sequence share similar
interpretations. Other neural network architectures for predicting chromatin properties have also
been proposed, such as Basset, which also uses a convolutional network architecture (97), and
DanQ, which introduced a recurrent neural network layer (98). Deep learning sequence models
have since been improved to utilize even longer sequences, notably Basenji (∼131-kb input with
a receptive field of ∼40 kb) (99) and SpliceAI (10-kb input) (100), both of which used many layers
of dilated convolution layers to increase the size of the receptive field. Sequence models based on
convolutional network architecture have also been developed to make simultaneous predictions
for multiple positions in the sequence, including at the single–base pair level (99, 101).

Modeling chromatin organization from sequence can also be formulated as a sequence-based
machine learning problem.Early sequence-basedmethods such as PEP (102) predicted chromatin
interactions between two genomic regions, using two separate sequences at each region as input.
The PEP model used sequence features with boosted decision trees, and many later methods
have adopted the deep learning sequence modeling approach, combining the representation of
two sequences as input, including EPIANN (103), SPEID (104), DeepTACT (105), SEPT (106),
DeepMILO (107), and ChiNN (108). All these methods take two DNA sequences as input and
predict their interaction as a binary event using neural networks. The length of input DNA se-
quences can range from one base pair to several kilobases. Since these methods take only a pair
of sequences as input that are relatively short, consider the range of the interactions, and ignore
the sequence between the input sequences, their performance has been limited because the se-
quence in-between can play a major role in determining chromatin interactions such as TAD
boundaries.

Since 3D genome organization can involve very broad genomic regions, it is necessary to uti-
lize very long input sequences. DeepC (109) and Akita (110) were the first 3D genome prediction
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methods that used up to ∼1-Mb sequences as input. Importantly, both of these methods use
the whole sequence to make all-to-all predictions for the ∼1-Mb input region in genomic bins
of length 5 kb (DeepC) or 2 kb (Akita). The all-to-all predictions are naturally represented
as matrices similar to Hi-C contact matrices, which we here term genome interaction maps.
Both approaches use hierarchical convolutional network architecture and maximum pooling and
dilated convolution layers to support a broad sequence context. DeepC uses 1D convolutional
layers and a fully connected layer as the output layer, and Akita uses 2D convolutional layers on
top of 1D convolutional layers. Akita converts internal representations from 1D convolutional
layers to 2D (the number of positions times the number of positions) by computing the average
of representations from all pairs of spatial positions and applies multiple 2D convolutional layers
to compute the prediction. In addition, DeepC uses a transfer learning approach, whereby a
network trained on chromatin profile prediction tasks similar to DeepSEA was taken without the
final layers and additional layers were then added to train the network for the 3D genome inter-
action tasks. These methods have shown high concordance between predicted and experimental
genomic contact maps. These models can capture a variety of chromatin organization patterns at
submegabase scale such as Hi-C peaks (or dots or loops) and TAD boundaries.

Models such as DeepC and Akita that use sequences up to 1Mb for sequence-based prediction
are still not sufficient for predicting larger-scale organization of the 3D genome or considering
the larger sequence context. The deep learning method Orca (111) further extended 3D genome
prediction to the whole-chromosome scale using a multiscale modeling approach. Orca can pre-
dict interactions for up to 256 Mb of sequence, which is sufficient to model the longest human
chromosome and predict interchromosomal interactions. Orca generates a series of predictions
that progressively zoom into finer regions to generate predictions at multiple scales and reso-
lutions. This is enabled by a 1D convolutional network multiresolution sequence encoder that
generates sequence representations at multiple resolutions, and a series of cascading 2D convo-
lutional network decoders that predict genome contact matrices from the corresponding level of
sequence representation and the upper-level prediction.Multiresolution genome interaction map
predictions can be obtained by training multiple decoders that utilize sequence representations at
different resolutions, and information from a large sequence context can be passed down to finer-
level predictions. The multiscale modeling approach enables predictions from the kilobase scale
to the whole-chromosome scale and is in principle capable of modeling all scales of interactions
measured by Hi-C-type techniques.

All three methods have shown high concordance between the predicted and experimental ge-
nomic contact maps. These models can capture a variety of chromatin organization patterns such
as chromatin loops and TAD boundaries.Overall, Akita,DeepC, and Orca are expected to capture
complex DNA sequence patterns that regulate 3D genome organization.

Altogether, current sequence-based methods provide a foundation for multiscale 3D genome
organization modeling from sequence. However, these approaches still have limitations and room
for further improvements. Some genome interaction maps predicted by these tools still diverge
from experimental measurement, and these discrepancies cannot be justified by experimental
noise. Additionally, all machine learning–based methods face challenges in learning sequence-
based dependencies if such sequence patterns appear in very few or only one genomic locus.
Thus, further development of neural network architectures and experimental techniques will
help advance sequence-based methods toward higher resolution and cover more diverse cell types
and species. We expect current and future sequence models to expand our abilities to prioritize
sequence variants, understand mechanisms behind genome folding, model enhancer–promoter
interactions, and more. In the next section, we discuss these aspects in more detail.

196 Avdeyev • Zhou



D
ow

nl
oa

de
d 

fr
om

 w
w

w
.a

nn
ua

lre
vi

ew
s.

or
g.

  G
ue

st
 (

gu
es

t)
 IP

:  
20

5.
20

8.
12

1.
14

3 
O

n:
 W

ed
, 0

1 
Ju

l 2
02

6 
03

:4
6:

29

6. OPPORTUNITIES AND CHALLENGES PRESENTED BY
COMPUTATIONAL METHODS OF 3D GENOME PREDICTION

We envision that the capability to accurately predict 3D genome organization from sequence will
accelerate experimental efforts on a broad range of topics, from the impact of sequence variations
on genome folding to the sequence determinants of genome folding across spatial scales. Since
computational predictions generally have an advantage in their scalability and the input for com-
putational models can be in principle any sequence, they are flexible and adaptable and allow for
diverse applications.Deep learningmodels that capture sequence–3D genome dependencies likely
implicitly model the mechanism of 3D genome organization, thus allowing them to be used as a
hypothesis-generation engine that can provide high-quality testable hypotheses. Here we discuss
a few applications of such predictions, including both explored and new directions: predicting ef-
fects of SVs, probing the sequence-based mechanism of 3D genome organization, and designing
genomic sequences with the desired structural properties (Figure 4a–c).

SVs can have profound impacts on 3D genome structure, which have been demonstrated to
cause severe diseases, as discussed above. It is still costly to measure the effect of SVs on a large
scale; thus, prediction from computational methods offers the ability to analyze a large number
of genomic variants, including SVs, and prioritize ones of interest for further experimental study.
Akita,DeepC, andOrca have all demonstrated the ability to predict the consequences of structural
variations for 3D chromosome organization (Figure 4a).To show this possibility, bothDeepC and
Akita predicted the effects of an ∼25-kb genetically engineered deletion at the Lmo2 locus (109,
110). Sequence models can in principle analyze any kind of sequence variation, with the only hard
limitation being the length of the sequence input. Akita and DeepC can predict from a sequence
up to 1 Mb in length, and Orca allows an even broader range of SVs by chromosome-scale input
and multiscale prediction (109–111). Orca was tested on more than a dozen SVs ranging from
0.3 kb to 80 Mb in size, for which the impact on the 3D architecture was also experimentally
measured (55, 76–78, 112, 113). All three methods showed high concordance with experimental
observations of chromatin organization, demonstrating that sequence models are promising tools
for understanding SVs’ effect on the 3D genome. For further development, because sequence
model–based prediction can be applied to arbitrarily complex variants as long as the DNA se-
quence can be constructed computationally, we expect it to be applicable to predicting the effects
of complex genome rearrangement events. Sequence models will likely also be useful for predict-
ing the effects of combinations of variants on the same haplotype. Continued validation of model
prediction capability is necessary as more SVs’ 3D genome effect data become available. Sequence
model predictions can also in turn help SV detection from experimental Hi-C data by providing
the expected genome interaction map to help detect deviation from expectation due to genome
rearrangement.

Sequence models can be applied to predict 3D genome effects of any mutation, which allow
for applications beyond observed variants. Predicting effects of any mutation from sequence is
often called in silico mutagenesis, and it has been widely used to interpret cis-regulatory sequence
patterns underlying specific regulatory properties predicted by deep learning sequence models
(96, 97, 99, 101), including sequence models for 3D genome organization (109–111). Building
upon the idea of in silico mutagenesis, sequence models can also be considered as an “in silico
genome observatory” platform to perform virtual genetic screen experiments in order to gener-
ate and test hypotheses of sequence-based 3D genome organization (111) (Figure 4b). Similar to
genetic screen experiments, one can design the library of mutations introduced according to the
problem of interest, introduce the mutations computationally by generating sequences that carry
those mutations, and then predict 3D genome effects using sequence models. This approach can
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be a valuable hypothesis-generation engine. Due to the advantages of computational approaches,
the virtual screen is fast and flexible and allows for fast iterations to improve the design. For ex-
ample, a series of virtual insertion and permutation screens with Orca has been used to propose
a sequence-based model of chromatin compartments, whereby the transcription start sites are a
key driver of compartment A, and compartment B can form passively without any specific se-
quence pattern from extended sequence without compartment A activity (111). At a more local
submegabase scale, DeepC, Akita, and Orca detected the importance of CTCF binding sites and
Orca additionally suggested that the vast majority of motifs with the strongest tier of 3D genome
impact either overlap CTCF motifs or lie within a small neighborhood of them. Akita reported
that CTCFL motifs have the second largest effect on chromatin organization. All methods also
predict boundaries not associated with CTCF sites, and Orca-based analysis suggested that non-
CTCF motifs with moderate 3D genome effects show strong cell-type specificity.

These sequence models also enable the design of sequences with certain 3D genome proper-
ties, allowing engineered sequences, by edits or from scratch, to possess any desired properties
that can be predicted from sequence (Figure 4c). Sequence design guided by predictive sequence
models has already been explored for other applications (114–117). For example, recent work ex-
plored combining a predictive model with a generative model for generating a regulatory DNA
sequence that is capable of driving expression (118). Such approaches can in principle be devel-
oped for sequence models of the 3D genome. Thus, the development of sequence models opens
up the possibility of utilizing the sequence models to design sequences with a desired 3D genome
structure.

Finally, while sequence models have so far demonstrated high-quality predictions when given
unseen sequences, rigorous evaluations with experimental data are required for any new appli-
cations. Moreover, it is worth noting that supervised learning models can produce erroneous
predictions when given out-of-distribution inputs that are distinct from the training sequence.
The power of sequence models to generalize for sequences with large deviations from the natural
statistics of human genomic sequences (e.g., mononucleotide or dinucleotide frequencies) is still
unknown and a subject for future studies.

7. CONCLUSIONS AND OUTLOOK

Understanding how genomic sequence affects the 3D genome is critical for deciphering themech-
anisms of sequence variations underlying various diseases and provides a unique window into the
mechanisms of 3D genome organization. The continued development of computational methods
will be pivotal in the study of genomic variation effects on the 3D genome, including detecting
simple and complex structural variation, measuring sequence variation effects from experimental
3D genome data, and directly modeling the 3D genome from sequence. In particular, we envi-
sion that modeling the 3D genome variation effects will accelerate hypothesis generation, help
prioritize experimental efforts, and enable that analysis of sequence variation on a large scale.
The computational models will continue to improve with methodological improvements, likely
from both deep learning and biophysical modeling. The constant improvement of experimental
techniques will also enable higher-resolution predictions and more comprehensive evaluation of
model capabilities. We expect such developments will improve our understanding of the genetic
basis of 3D genome organization and its relevance to diseases, including those caused by rare ge-
netic variations. Sequence-based variant effect prediction also has the potential to assist in the
diagnosis of diseases caused by genome variants, especially large SVs.

The development of user-friendly and open-source software is important to enable wider ap-
plication of sequence-based models of the 3D genome. We strongly believe in the importance
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of releasing open-source code, models, and tutorials through public repositories. Moreover, be-
cause code repositories are typically intended for experienced users familiar with command line
usage and often require a basic level of programming expertise, for the methods to be accessible
by the broader research community, user-friendly interfaces that require little or no installation
such as web servers will be important, especially as more diverse applications are enabled. Con-
tinued advancement in modeling capability and accessibility will make computational approaches
a driving force for illuminating the interplay and interactions between genomic sequence and the
3D genome architecture.
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