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A B S T R A C T

Single-cell Hi-C data provides valuable insights into the three-dimensional organization of chromatin within individual cells, yet modeling this data poses significant 
challenges due to its inherent sparsity and variability. This review comprehensively explores the predominant approaches to reconstructing 3D chromatin structures 
from single-cell Hi-C data, positioning these methods within the broader contexts of single-cell Hi-C research and bulk Hi-C data modeling.

We categorize the modeling strategies based on their objective functions, which are framed in terms of force fields, potentials, cost functions, or likelihood 
probabilities. Despite their diverse methodologies, these approaches exhibit deep underlying similarities. We further dissect the basic components of these models, 
such as attractive restraint forces and repulsive forces, and discuss additional terms like fluid viscosity and variation penalties.

The review also critically evaluates the current state of model validation, highlighting the inconsistencies across various studies and emphasizing the need for 
a comprehensive validation framework. We detail common validation techniques, including the comparison of distance matrices and the assessment of contact 
violations.

We argue that the future of single-cell Hi-C modeling lies in integrating multiple data modalities and incorporating cell cycle trajectory information. Such integration 
could significantly advance our understanding of chromatin conformation dynamics during cell cycle progression and cell differentiation. We also foresee the 
continued growth of optimization-based and molecular dynamics approaches, supported by general molecular dynamics toolkits.
1. Introduction

Since the introduction of the Hi-C data in 2009 [1], there has been 
a significant opportunity for accurate three-dimensional (3D) genome 
structure reconstruction. A multitude of early methods for 3D structure 
reconstruction soon followed [2–11]. However, challenges arose in re-

constructing the 3D genome structure from bulk Hi-C, typically averaged 
over millions of cells. This averaging process inherently fails to capture 
the heterogeneity of underlying chromatin structures and some of their 
topological properties. Early methods often addressed this by attempting 
to deconvolute the Hi-C contact matrix or using Monte Carlo sampling 
to simulate chromatin heterogeneity. Nonetheless, the inherent inabil-

ity of bulk Hi-C data to resolve some of the ambiguous conformations 
has been noted for knotting patterns [12], chirality [13,14] or ergod-

icity of interaction frequencies [15]. Moreover, unphased Hi-C data is 
challenged by the ambiguity of contact assignment between homolo-

gous chromosomes in diploid organisms [16]. The introduction of the 
single cell Hi-C (scHi-C) data in 2013 [17], while still facing several of 
the same issues inherent to bulk Hi-C analysis, opened new possibili-

ties for the 3D chromatin conformation reconstruction methods. scHi-C 
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data can provide valuable insights into the diverse structural landscape 
at the single-cell level. This new data modality enables researchers to 
relate probabilistic chromosome conformations with the averaged view 
from millions of cells [17]. Among other advances, it allows testing hy-

potheses regarding whether certain chromatin structural features, such 
as Topologically Associated Domains (TADs), are present in individual 
cells or are emergent properties resulting from the averaging process 
[18].

Analyzing 3D genomes at single-cell resolution offers a unique op-

portunity to explore the heterogeneity and dynamics of higher-order 
chromatin structure and function. Nevertheless, the inherent sparsity, 
noisiness, and high dimensionality of scHi-C datasets present significant 
analytical challenges. Specialized computational methods have been 
developed to address these challenges, encompassing data processing, 
dimensionality reduction, contact map interpolation, 3D genome struc-

ture modeling, and other downstream analyses, such as identifying 3D 
genome features at various scales. These algorithms have been described 
in several review papers [19,20], which analyze workflows for scHi-C 
data processing, pretreatment methods, missing data imputation, scHi-C 
embeddings, clustering methods, and pseudo-time series analysis.
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To date, very few deep learning algorithms have been used in 3D 
chromatin structure reconstruction. This scarcity is likely due to the lack 
of high-quality chromatin structures that can serve as “ground-truth” 
for training deep learning models, rendering supervised learning ap-

proaches particularly challenging. However, deep learning algorithms 
have been successfully applied to predicting Hi-C contact maps from 
genomic [21] and epigenomic [22] sequences and for single-cell con-

tact imputation [23]. Despite these successes, applying deep learning 
methodologies to 3D chromatin structure reconstruction remains in 
its infancy and requires further development to become applicable to 
single-cell data [24].

In this review, we focus on structure inference methods based on 
single cell Hi-C data along with their differences and similarities with 
methods developed for bulk Hi-C. To our knowledge, computational ap-

proaches focusing on multi-scale structure modeling in single-cell Hi-C 
have not been thoroughly reviewed yet. Here, we review the methods 
published thus far for 3D chromatin reconstruction from scHi-C data (see 
Table 1). Several approaches do not fall distinctly into either the bulk 
Hi-C or scHi-C categories. We conducted a comprehensive search for all 
available methods designed to analyze single-cell or single-nucleus Hi-

C data. To facilitate a comparison of validation strategies, we included 
only those methods that provided a validation or testing section demon-

strating performance on an available scHi-C dataset. Consequently, cer-

tain closely related methods were excluded, such as ShRec3D [25] or 
ShRec3D+ [26]. Ultimately, we identified and included 12 methods 
published to date in this review.

Table 1 provides a summary of the methods reviewed, including 
information on the general techniques employed for chromatin struc-

ture reconstruction, the programming languages used for implementa-

tion, the single-cell datasets analyzed, and links to the respective source 
codes. The specific techniques underlying each method are elaborated 
upon in the subsequent sections. C++, Python and MATLAB are the most 
commonly used programming languages for developing these methods. 
The scHi-C datasets frequently employed in single-cell 3D chromatin re-

construction include those from Nagano et al. 2013 [17], Nagano et al. 
2017 [27], Stevens et al. 2017 [28], Bonev et al. 2017 [29], Tan et al. 
2018 [30], Tan et al. 2019 [31], Gassler et al. 2017 [18] or Flyammer 
et al. 2017 [32]. Other datasets of relevance, particularly in related ar-

eas such as scHi-C clustering and contact imputation, include those from 
Ramani et al. 2017 [33], Lee et al. 2019 [34], and Collombet et al. 2020 
[35], among others. For more information about single cell Hi-C datasets 
used in those fields, we direct the reader to reviews such as [36]. The 
majority of the methods are publicly accessible via the provided source 
code links.

In conclusion, this review highlights the current advancements 
and challenges in 3D chromatin structure reconstruction using scHi-C 
data, providing a comparative analysis of available computational tools 
with particular emphasis on their underlying techniques and valida-

tion strategies. By presenting this overview, we aim to facilitate future 
research and development in the rapidly evolving field of single-cell 
genome architecture.

2. Methods overview

Constructing models from bulk Hi-C data presents several limita-

tions, mainly due to the fact that it typically reflects chromatin contacts 
averaged across millions of cells. Since the chromatin conformational 
features of a population cannot be easily equated with those of individ-

ual cells [45], bulk Hi-C modeling strategies often struggle to capture 
the intrinsic heterogeneity of chromatin conformation dynamics. To 
overcome these challenges and in the hope of moving toward the deter-

mination of chromatin structures in individual cells [17], a distinct set 
of methods has been developed to model chromatin conformations us-

ing scHi-C data. These methods are specifically designed to address the 
primary challenge of scHi-C data—its inherent sparsity—by employing 
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techniques that effectively mitigate this limitation.
Computational and Structural Biotechnology Journal 23 (2024) 3549–3558

Several such methods have already been implemented (see Table 1), 
incorporating various approaches to the problem. Most of these meth-

ods use some form of the scoring function, which is then optimized by 
Simulated Annealing protocols or Gradient Descent optimization (e.g. 
[40,42]). Others define the posterior Bayesian probability function and 
apply Hamiltonian Monte Carlo algorithms to draw models from the 
distribution [38]. Still, others opt for generic Molecular Dynamics sim-

ulations [28]. Most of those methods are written in commonly utilized 
programming languages and are relatively accessible and usable tools 
for studying single-cell conformations at a single-cell resolution.

2.1. Bulk Hi-C vs scHi-C models

In general, 3D chromatin models designed for handling single-cell 
Hi-C data use methodologies similar to those developed for bulk Hi-C. 
We refer to models that use bulk Hi-C data as their primary input as 
“bulk Hi-C models” and those that primarily rely on single-cell data as 
“scHi-C models”. Some methods claim to be capable of working with ei-

ther binary single-cell Hi-C matrices or quantitative bulk matrices that 
preserve contact frequencies [25]. Others use both modalities simul-

taneously [40], blurring the boundary between bulk Hi-C and scHi-C 
methods. Nevertheless, some general differences exist between models 
that use these two kinds of data.

Compared to methods designed for bulk Hi-C data, a distinctive fea-

ture of scHi-C modeling is that the exact relationship between averaged 
contact density and averaged 3D Euclidean distance is less pronounced. 
In contrast, in chromatin modeling based on bulk Hi-C data, the precise 
power law relationship between these parameters is widely discussed 
[46,47]. This relationship is often assumed to take the form 𝑑𝑖𝑗 = 𝐹−𝛼

𝑖𝑗
, 

with 𝑑𝑖𝑗 and 𝐹𝑖𝑗 being the Euclidean distance and contact frequency, 
respectively, between a given pair of loci 𝑖 and 𝑗. Parameter 𝛼 > 0 is 
usually either taken as a constant parameter in simulations [2,48,49]

or estimated/optimized in some way [4,25,26,50,51]. The discussion of 
this parameter, first postulated by [1], can vary depending on the stud-

ied organism or even on the genomic scale and resolution [50,52,53]

and is often entirely omitted in the field of scHi-C methods. This omis-

sion is likely due to the extreme sparsity of scHi-C data, which makes 
estimating this parameter particularly challenging. At the same time, the 
limited number of contacts in a single cell enables modeling strategies 
that, in principle, can accurately account for each individual contact 
rather than relying on contact frequencies—strategies that might be 
computationally infeasible given the volume of contacts in bulk Hi-C 
datasets. Typically, this is achieved by applying a specific force-field 
constraint to each contact in scHi-C data. These approaches are dis-

cussed in detail in the following section. Similarly, while Hi-C data is 
often represented as a matrix with values representing any number of 
contacts between a given pair of loci, scHi-C matrices are often binary. 
Some models apply binarization to the extent of accepting the loss of in-

formation inherent in situations where more than one contact is present 
between a pair of loci at a given resolution [39].

When comparing bulk Hi-C and scHi-C modeling strategies, there is 
a subtle yet notable distinction in the general approaches to 3D chro-

matin structure reconstruction. In a previous review, reconstruction 
methods were classified into two categories: data-driven models and 
de novo ensembles [54]. Data-driven models focus on relying solely on 
experimental contact data without making assumptions about the ge-

nomic mechanisms that shape chromatin structure. In contrast, de novo 
approaches test specific biological hypotheses, such as whether loop ex-

trusion (LE) mechanisms can generate chromatin structures that agree 
with Hi-C maps. While both subgroups are well represented in bulk Hi-

C modeling [54], scHi-C approaches have, so far, been predominantly 
data-driven. All the methods reviewed here can be broadly classified as 
data-driven models.

Despite the challenges, de novo modeling of biological processes 
with scHi-C data remains an intriguing possibility. Currently, it remains 

unclear whether stochastic loop extrusion models [55–58] can be suc-
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Table 1

Overview of computational tools for predicting 3D chromatin structure from scHi-C contact data. For each method, we provide details on the primary reconstruction 
technique, the implementation programming language, the single-cell datasets utilized in the original study, and links to the corresponding source code.

Method name Technique Language Single cell dataset Source code link

Nagano et al. 2013 [17] Simulated Annealing — Nagano 2013 —

MBO [37] Gradient Descent Matlab Nagano 2013 http://folk.uio.no/jonaspau/mbo/

ISDHi-C [38] Hamiltonian Monte Carlo Python Nagano 2013 https://github.com/michaelhabeck/isdhic

RPR [39] Recurrence Plot-based 
Reconstruction

Matlab Nagano 2013 —

NucDynamics [28] Simulated Annealing Python Stevens 2017 https://github.com/tjs23/nuc_dynamics

SIMBA3D [40] Gradient Descent Python Stevens 2017 https://github.com/nerettilab/SIMBA3D

SCL [41] Metropolis-Hastings and 
Simulated Annealing

C++ Nagano 2013, Stevens 2017, Tan 2018 http://dna.cs.miami.edu/SCL/

Wetterman et al. 2020 [13] Molecular Dynamics Python Stevens 2017 —

Si-C [42] Gradient Descent C++ Stevens 2017 https://github.com/TheMengLab/Si-C/

LJ3D [43] Metropolis-Hastings and 
Simulated Annealing

C++ Bonev 2017 http://dna.cs.miami.edu/LJ3D

DPDChrom [44] Dissipative Particle 
Dynamics

Python Flyamer 2017, Gassler 2017 https://github.com/polly-code/DPDchrom

Rothörl et al. 2023 [14] Molecular Dynamics Python Tan 2018, Tan 2019 https://gitlab.rlp.net/3d-diploid-chromatin/simulation-code/
cessfully adapted for single-cell modeling. Currently, most single-cell 
structures are inferred using population-averaged 3C-type data. These 
models rely on simplified assumptions about the dynamics of loop ex-

trusion factors (LEFs) such as cohesins and condensins, and barrier el-

ements like CTCFs, many of which have been observed and validated 
in single-cell experiments [59]. Key assumptions include the random 
walk motion of LEFs, the barrier activity of CTCFs, and the rebinding 
rates of LEFs, which facilitate system mixing. Through multiple itera-

tions of these stochastic simulations, ensembles of 3D structures can be 
generated, each potentially corresponding to different single-cell confor-

mations. While single-cell data can serve as a validation tool for these 
structures [60,61], it is rarely used as input for these models.

Methods for 3D chromatin reconstruction can also be categorized 
into two other groups: consensus and ensemble methods [46], with 
many representatives in each category, though most likely no strict di-

vision exists [54]. Consensus methods (e.g. [25,62–65]) aim to infer a 
single chromatin structure representative of a given Hi-C dataset. How-

ever, this approach usually neglects the fact that a bulk Hi-C matrix 
typically represents an averaged view from millions of cells, thereby 
overlooking the substantial heterogeneity of single-cell conformations. 
On the other hand, ensemble methods (e.g. [66–69]) attempt to capture 
cell-to-cell structural variability by inferring an ensemble of structures, 
for example, through deconvolution of the bulk Hi-C matrix [70–72]. 
In the case of single-cell Hi-C data, there is no need to deconvolve av-

eraged data into ensembles since it already represents a single nucleus. 
Possibly for this reason, scHi-C models are typically consensus methods, 
though exceptions exist [40].

In this review, we introduce a new classification of modeling strate-

gies. We categorize scHi-C models into two primary approaches: po-

tential optimization-based and probabilistic methods. This division is 
not absolute, nor does it encompass all possible modeling strategies. 
Consequently, some of the reviewed methods are placed in a separate 
category, as they exhibit characteristics that do not fit neatly into either 
the potential optimization-based or probabilistic approaches.

2.2. Potential optimization-based approaches

Data-driven modeling from 3C-type data is often conceptualized us-

ing polymers and beads-on-a-string models to represent chromatin. The 
number of beads or monomers in such a polymer is determined by the 
simulation resolution and the size of the genomic region being mod-

eled. The modeling strategy typically begins with an initial conforma-

tion, usually random, which is then sequentially refined throughout the 
simulation to satisfy a given set of conditions. The typical approach to 
reconstructing chromatin conformation from scHi-C or bulk Hi-C data 
involves creating a general potential/energy function. Depending on the 
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method, this function comprises several additive components, such as a 
general repulsive potential, an attractive or stabilizing contact potential, 
and others. The repulsive potential ensures the fulfillment of the ex-

cluded volume condition and is often applied to all pairs of monomers 
in the polymer. Contact restraints ensure that the modeled conforma-

tion converges to a state where the loci connected by contacts are in 
close proximity. Additionally, some methods include extra components 
in their potential functions to enhance other properties of the chromatin 
models or to act as penalty terms, thereby preventing the chromatin 
from adopting certain undesired properties.

The functions used to construct potentials in the field of single-cell 
modeling are varied. Some are fundamental, derived from basic physi-

cal principles, while others are approximate potentials, applied to model 
complex forces that often lack analytical solutions to Newton’s second 
law. One widely used fundamental potential in single-cell modeling 
is the harmonic bond potential, expressed as 𝑉res = 𝑘(𝑟 − 𝑟0)2, which 
describes oscillatory behavior similar to a spring with stiffness 𝑘 and 
equilibrium distance 𝑟0 [73]. In atomic physics, this potential is fre-

quently employed to maintain atoms at their equilibrium distances. An-

other commonly used potential in molecular dynamics simulations is the 

Lennard-Jones potential, expressed as 𝑉LJ = 𝜖

[(
𝜎1
𝑟

)𝑎

−
(
𝜎2
𝑟

)𝑏
]
. It ap-

proximates atomic interactions by both mimicking attractive forces and 
preventing atomic overlap [74,75]. While often used as the repulsive 
component in force fields (e.g. [38]), it can also model both repulsive 
and attractive restraint forces between molecules [43]. Both harmonic 
and Lennard-Jones potentials are considered stringent, meaning they 
can impose arbitrarily large penalties as their potential function values 
grow without bound (see Fig. 1C-D). However, in some cases, model de-

velopers may prefer less stringent alternatives, opting for potentials that 
impose a finite penalty [41]. The most common of these less stringent 
functions are the Gaussian and sigmoid potentials. Gaussian potentials 
[76–78], 𝑉𝐺 = 𝐶 exp

(
− (𝑟−𝑟0)2

2𝜎2

)
, are favored for their smoothness in 

simulating complex interactions, such as block-copolymer interactions 
in chromatin modeling [79]. Sigmoid potentials, 𝑉𝑠 =

𝑉0
1+exp

[
−(𝑟−𝑟0)∕𝜎

] , 
are particularly useful for modeling state transitions and are effective in 
accounting for excluded volume effects [41,42].

In the context of scHi-C modeling, one of the simplest approaches 
to constructing a potential function was introduced by Wetterman et al. 
2020 [13]. Their method, inspired by approaches borrowed from the 
field of protein folding simulations and referred to as Gō-models [80], 
utilized a “minimal” potential function comprising only a Gaussian-

shaped excluded volume component and harmonic components for ad-

jacent monomers and contacts. Similarly straightforward was the ap-

proach taken by Nagano et al. 2013 [17], where the potential function 
included a general repulsive harmonic force, a flat-bottom harmonic 

restraint force, and an additional repulsive harmonic force applied to 

http://folk.uio.no/jonaspau/mbo/
https://github.com/michaelhabeck/isdhic
https://github.com/tjs23/nuc_dynamics
https://github.com/nerettilab/SIMBA3D
http://dna.cs.miami.edu/SCL/
https://github.com/TheMengLab/Si-C/
http://dna.cs.miami.edu/LJ3D
https://github.com/polly-code/DPDchrom
https://gitlab.rlp.net/3d-diploid-chromatin/simulation-code/
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Fig. 1. (A) Schematic representations of optimization-based and probabilistic models described in this review. Technical details have been omitted, focusing instead 
on the fundamental principles and components of the models’ general potential or probability functions. In LJ3D, the Lennard-Jones potential serves as both the 
restraint and the repulsive force. DPDchrom uses two additional force field components related to Dissipative Particle Dynamics: one related to viscosity and one 
random. SIMBA3D adds two components that penalize model variance and angles between particles. Si-C multiplies the likelihood function by the prior probability. 
(B) Examples of harmonic (power law) and gaussian restraint potential functions. Target distance 𝑥0 is indicated on the plot. Different strengths of those potentials 
might be used for backbone and scHi-C contact interactions. The X-axis represents the distance between particles. (C) Examples of repulsive forces responsible for 
the excluded volume effect in chromatin models. Repulsive potentials are often truncated and set to zero for distances exceeding a specified threshold. The X-axis 
represents the distance between particles. (D) Schematic representation of a beads-on-a-string polymer. Repulsive forces are shown as brown arrows. Attractive 
restraints, both along the polymer backbone and for one inter-bead contact, are shown as green arrows.
non-interacting regions in the ensemble Hi-C dataset, with backbone 
particles restrained by a strict upper distance limit.

NucDynamics [28] builds on the general modeling strategy pre-

sented by Nagano et al. (2013). This study applied a similar harmonic, 
flat-bottom force field to backbone monomers and contact pairs, using 
a general repulsive force with maximum strength 25 times weaker than 
the restraint force, akin to Nagano et al. The authors introduced several 
adjustments, including a constant optimal range for backbone parti-

cles, dependent on the number of binned contacts between loci using 
a power-law relationship with 𝛼 = 1∕3. The method also uses multiple 
resolutions for hierarchical modeling, starting from the lowest resolu-

tion, and adjusts the ratio between the repulsive component and other 
forces during the simulation, starting close to 0 and converging to 1∕25
of the restraint force strength following a sigmoid function. This adjust-

ment helps the model avoid local minima during simulation by allowing 
particles to pass close to each other at the beginning of each phase. This 
algorithm also facilitates the modeling of single diploid human cells with 
Dip-C software [30].

Two other methods in this category, SCL [41] and LJ3D [43], use 
cubic-lattice representations of beads. In these studies, repulsion and 
restraint forces are framed more as cost functions rather than potentials 
or force fields, though the general principle remains the same. Both stud-

ies first “smooth out” sparse single-cell Hi-C matrices using a Gaussian 
kernel function. SCL assigns a quadratic cost function to pairs of loci 
with the strongest smoothed signals and a less stringent reverse Gaus-
3552

sian function to those with weaker but still relatively strong signals (see 
Fig. 1B). The weakest signals are associated with a sigmoid penalty for 
close distances, interpreted as a repulsive force. LJ3D simplifies this into 
a Lennard-Jones potential function, scaled by the power of the smoothed 
Hi-C matrix signal.

Inspired by dissipative particle dynamics (DPD), Kos et al. 2021 [44]

introduced a set of forces within their modeling strategy, DPDchrom. 
This method uses four forces: soft repulsion force, which linearly de-

creases up to a certain distance and is absent for more distant pairs of 
loci; the dissipative force of viscous friction proportional to the current 
particle velocity, a random force component, and an elastic force de-

pendent on the difference between the current and optimal native-state 
distances.

Expanding on Wetterman et al. 2020, Rothörl et al. 2023 [14] pub-

lished a method with similar potential functions but introduced ad-

ditional features. Their model operates hierarchically with ambiguous 
diploid contact resolution at each simulation resolution, and both con-

tact restraint and excluded volume potentials are gradually reinforced, 
echoing concepts from NucDynamics. Both Wetterman et al. 2020 and 
Rothörl et al. 2023 use GPU-friendly general Molecular Dynamics sim-

ulation software HOOMD-blue [81,82].

In general, the toolbox used in the reviewed scHi-C modeling strate-

gies and the general approaches taken by the studies in this category 
share several similarities. Most methods define a cost function, poten-

tial/energy function, or force field, typically consisting of additive com-

ponents (see Fig. 1A). These components generally include an excluded 

volume potential to prevent chromatin beads from being too close and a 
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restraint potential/force to ensure that particles forming the backbone 
of the chromatin model and monomers connected by scHi-C contacts 
are attracted to each other. Functions used in constructing the potential 
are usually harmonic, Lennard-Jones, Gaussian, or sigmoid functions in 
various configurations. Additional forces and potentials are often incor-

porated to enhance desired simulation properties, but the core features 
of excluded volume and restraint potentials are common across nearly 
all reviewed scHi-C models.

2.3. Probabilistic and Bayesian approaches

Unlike methods that rely on force-field interpretations for chromatin 
modeling, at least three published scHi-C methods frame the problem in 
probabilistic terms, specifically through Bayesian inference or maximum 
likelihood estimation. These methods are ISDHi-C [38], SIMBA3D [40]

and Si-C [42]. Given that Bayesian and probabilistic approaches form 
a substantial portion of Hi-C-based methods for chromatin structure re-

construction [4,10,83], it is not surprising to see representatives of this 
approach in the single-cell field as well.

For example, ISDHi-C defines the problem in terms of a posterior 
distribution, expressed as:

ℙ(𝑋,𝜃|𝐷,𝐼) = ℙ(𝐷|𝑋,𝜃, 𝐼)ℙ(𝑋,𝜃|𝐼)
ℙ(𝐷|𝐼)

where 𝑋 represents model coordinates, 𝐷 denotes input data (such as 
scHi-C), 𝐼 stands for prior information, and 𝜃 represents model param-

eters. In ISDHi-C, the model parameters 𝜃 are estimated alongside the 
model coordinates 𝑋, but they could also be assumed a priori and thus 
counted as part of the prior information 𝐼 . Despite this probabilistic 
framing appearing quite different from force-field methods, the prior 
probability function ℙ(𝑋, 𝜃|𝐼) in ISDHi-C is defined using an exponen-

tial function of a general potential function, similar to those used in 
optimization methods. This potential consists of two components: a har-

monic restraint potential applied to consecutive backbone particles, and 
a “nonbonded” potential addressing the excluded volume effect, pre-

sented as either a quartic or Lennard-Jones potential function. In Monte 
Carlo simulations, the normalizing part ℙ(𝐷|𝐼) of the posterior prob-

ability is often unnecessary; thus, the focus is on specifying the prob-

ability of the input data 𝐷 given the model coordinates, parameters, 
and possibly prior information. ISDHi-C offers two alternative functions 
for measuring the compatibility between chromatin structure and scHi-

C data: a Gaussian with a flat plateau and a logistic function, though 
other similarity functions used in the field could be applied as well.

Probabilistic framing often involves Monte Carlo simulations, but 
some methods, such as SIMBA3D [40], use direct optimization of the 
posterior probability distribution function. SIMBA3D constructs a pos-

terior energy function with four main components: the negative log-

likelihoods of model coordinates given single-cell Hi-C and bulk Hi-C 
data, ensuring that no significant violations occur between the chro-

matin model and both scHi-C contacts and general bulk Hi-C map pat-

terns. The likelihood function assumes that the number of contacts fol-

lows a Poisson distribution with intensity related to a predefined power 
of the distance between chromatin beads. The remaining two terms 
are penalty terms: one penalizes variations in distances between ad-

jacent points, and the other penalizes deviations from alignment in a 
straight line, thus controlling the stiffness and smoothness of the re-

sulting conformation. The posterior energy function is optimized using 
a gradient-based approach, with a hierarchical multiscale optimization 
process that starts from the lowest resolution and interpolates model 
beads before initiating the next optimization problem.

Si-C [42], the final method in this category, also frames the chro-

matin inference problem in terms of maximum likelihood, presenting 
a similar approach to SIMBA3D. Here, the posterior probability is a 
product of probabilities ℙ(𝑟𝑖𝑗 |𝑐𝑖𝑗 ) for a given distance 𝑟𝑖𝑗 and contact 
information 𝑐𝑖𝑗 between pairs of chromatin loci. Using Bayes’ theorem, 
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the authors optimize the posterior probability ℙ(𝑐𝑖𝑗 |𝑟𝑖𝑗 )ℙ(𝑟𝑖𝑗 ). The prior 
Computational and Structural Biotechnology Journal 23 (2024) 3549–3558

probability ℙ(𝑟𝑖𝑗 ) assumes a uniform distribution of beads, proportional 
to the surface area of a sphere and, therefore, to 𝑟2

𝑖𝑗
. The probability 

ℙ(𝑐𝑖𝑗 |𝑟𝑖𝑗 ) varies based on whether contacts exist between a given pair 
of monomers. For pairs without contact, this probability is modeled as 
a sigmoid function centered at a predefined distance 𝑟0, favoring larger 
distances. For pairs with at least one contact, the probability is propor-

tional to the 𝑐𝑖𝑗 -th power of the difference between distance 𝑟𝑖𝑗 and 
optimal 𝑟0, and zero for greater distances. This part makes pairs of loci 
with the most contacts more probable to be closer to each other and 
absolutely unlikely when the distance is larger than 𝑟0 . Therefore, the 
first term can be interpreted as an analogous substitute for the excluded 
volume potential used in other models. Similarly, the second term mir-

rors the restraint force. Optimization of this probability involves taking 
the negative logarithm, resulting in potential energy similar to those 
in other methods with two components responsible for successful chro-

matin modeling simulation. Similarly to the SIMBA3D method, the po-

tential is optimized in a hierarchical manner, with interpolation taking 
place until the desired resolution is achieved.

Though probabilistic and Bayesian methods might initially appear 
quite different from optimization-based approaches, they share substan-

tial similarities. Ultimately, all methods from both categories construct 
some form of a grand cost function, potential energy, or posterior dis-

tribution to describe the desired chromatin model in accordance with 
input single-cell contact data. These functions almost always include 
two main components: one addressing the excluded volume effect to pre-

vent chromatin model particles from overlapping and the other acting 
as a restraint force to ensure that pairs of loci with scHi-C contacts are 
more likely to be close to each other in 3D space. Various methods add 
additional terms to these basic functions and use diverse optimization 
strategies, such as simulated annealing, MCMC sampling, or gradient 
descent. Nevertheless, the fundamental approach to building chromatin 
models remains fairly constant across different methods.

2.4. Other scHi-C structure reconstruction methods

Finally, it is worth mentioning two methods that do not neatly fit into 
either potential optimization-based or probabilistic modeling categories 
and were not featured in Fig. 1: Manifold Based Optimization (MBO) 
[37] and Recurrence Plot-based Reconstruction (RPR) [39].

The MBO approach builds on classical multidimensional scaling 
(MDS). Using simple eigen decomposition, it derives the optimal chro-

matin model reconstruction from a Euclidean distance matrix (EDM) 
and the Gramm matrix. Essentially, MBO solves an optimization prob-

lem based on the difference between EDM matrices and known distances 
from scHi-C experiments. This method does not define a general poten-

tial or posterior probability function but retrieves the optimal structure 
directly from contact information and mathematical concepts instead.

The other method, RPR, is also highly theoretical. It draws inspira-

tion from the concept of recurrence plots [84] and their resemblance to 
the single-cell Hi-C matrices. A weighted graph of neighboring beads is 
created based on the input scHi-C matrix treated as a recurrence plot. 
From a weighted graph, a full distance matrix is obtained by the Dijk-

stra algorithm, and from a distance matrix, the MDS algorithm enables 
the final chromatin structure to be obtained. Like MBO, RPR does not 
require a specific force field or potential function for its simulation but 
relies on established theoretical algorithms from physics and mathemat-

ics.

Despite their ingenuity, these models are relatively rare in single-

cell Hi-C modeling. They also seem to receive relatively less follow-up 
as they were one of the earliest single-cell Hi-C models developed. Those 
two methods happen to be also the ones with the strongest associa-

tion with the MDS reconstruction approach. RPR uses MDS directly, 
and MBO expands on one of the MDS strategies. Subsequent methods 
have predominantly employed optimization-based or probabilistic ap-

proaches, forming the majority of methods developed so far. It is unclear 

whether the same conclusion holds for the bulk Hi-C modeling field, but 
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Fig. 2. Validation strategies applied in the field of single cell Hi-C modeling. (A) Validation against artificial in silico model. In this approach, an artificial single-cell 
Hi-C map is created from an initial structure using probabilistic assumptions about scHi-C contacts. The modeled structure is then compared with the original structure 
using metrics such as RMSD. (B) Validation based on real scHi-C data. Structures derived from scHi-C matrices undergo three main types of validation: calculation of 
the correlation between model distances and distances obtained from independent experiments, such as 3D-FISH, comparison of the structure’s distance matrix with 
bulk Hi-C data or validation against known chromatin features, such as chromosomal territories or compartment segregation. (C) Testing the model by counting the 
number of violated contacts (red dashed line) against the number of successfully resolved contacts (green solid lines). (D) Clustering analysis enables validation of 
the model convergence. The clusters might represent local optima in the structure space or different cells if ensembles from different scHi-C maps are compared [40].
at least in the case of scHi-C modeling it makes further development of 
methods directly or indirectly using the MDS approach uncertain.

3. Validation strategies

Validation of the three-dimensional chromatin models is a difficult 
and problematic task [38,85,86]. This seems to be true regardless of the 
kind of genomic data used as an input to the simulation, and the models 
for chromatin reconstruction from scHi-C data are no exception. One of 
the primary reasons for this is the lack of high-resolution ground truth 
conformations to which the scHi-C models can be compared.

Similarly to models operating on bulk Hi-C data [46], scHi-C models 
are typically validated using two principal approaches. The first ap-

proach involves validation with artificial, simulated datasets [38,39], 
allowing controlled testing of models in a known environment (Fig. 2A). 
For instance, the RPR model [39] demonstrates this approach by ini-

tially testing their method with the Rössler attractor [87], a system 
easily simulated through numerical integration of differential equations. 
In this approach, the reconstruction accuracy is typically established 
with measures such as Root Mean Square Deviation (RMSD) or Mod-

ified Jaccard Index [44]. This approach is also helpful for assessing 
model behavior under varying conditions, including gauging the ro-
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bustness to various noise levels or the presence of outliers. The second 
approach involves validating models against independent experiments 
such as three-dimensional Fluorescent In Situ Hybridization (3D-FISH) 
[38,41,42,53,88]. FISH datasets provide detailed information on the 
spatial distribution of chromatin structures, making them valuable for 
assessing the accuracy of chromatin organization models in 3D. Pos-

sibly, the easiest way to compare simulation results with this kind of 
external data is to compute the Pearson correlation coefficient between 
bead distances obtained from the model and distances from the other 
experiments, an approach taken for instance by [41–43] (Fig. 2B). The 
most common dataset used so far in scHi-C modeling seems to be the 
GAM dataset [89], which directly provides a set of known distances. 
Experimental oligopaint data can also be used in this context [90,91].

The FISH experiments are considered reliable for the task of vali-

dation [46]. However, calculating the correlation between distances is 
not the only way the models can be validated against known features 
of the chromatin structure. For example, the method can be checked 
whether the resulting structures preserve chromosomal territories, Rabl 
configuration (when centromeres and telomeres cluster separately in the 
nucleus), distribution of CpG sites, clustering of compartments or even 
the clusters of particular promoter/enhancer complexes. The authors of 
the NucDynamics model paid particular attention to this kind of valida-

tion in their original article, though other models have also employed 

similar validation methods. For example, the authors of Nagano et al. 
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2013 compared the chromosomal territory diameters of their model 
with those taken from FISH experiments.

Finally, even without external independent data or artificial ground-

truth structures, authors of chromatin modeling methods often resort to 
other ways to validate their models or at least check whether they work 
as intended. A popular approach is to check for the number or fraction 
of contact violations (e.g. [17,37,38,42]) (Fig. 2C). By contact violation, 
we mean a situation where the distance between a pair of loci connected 
by a contact is substantially greater than expected based on the poten-

tial function. If many violated contacts exist, the model likely fails to 
converge to a structure that satisfies these restraints. Another method is 
to calculate the distance matrix from the model structure and compare 
it either with the original single-cell contact matrix (e.g. [43]) or with 
bulk Hi-C (e.g. [38]). Very often, the resulting structures are analyzed 
using some form of clustering analysis (see Fig. 2D). Typical approaches 
include hierarchical clustering algorithms (e.g. [28,37]) or spectral clus-

tering (e.g. [38]). Among other insights, this type of analysis can provide 
the authors with the way in which the model can be checked whether it 
converges to the same or the few preferred conformations, which likely 
represent local minima of the global potential function applied by the 
model.

Apart from the problem of model validation, there is also a need 
for an efficient way of finding the optimal set of model parameters. 
Given the complexity of chromatin modeling, these models generally in-

volve numerous parameters. The investigation and refinement of these 
parameters are critical components of molecular simulations, which rely 
on advanced physical and mathematical theories, such as Hamiltonian 
systems, statistical physics, and phase transition theory [92–94]. Con-

sequently, three primary approaches to parameter fine-tuning exist (1) 
direct optimization using experimental datasets, (2) optimization based 
on a priori biophysical knowledge of observable quantities like the de-

gree of folding or linker length of chromatin, and (3) qualitative compar-

ison of models under varying parameter conditions. Examples of the first 
approach include dimensionality reduction [37] and heatmap optimiza-

tion techniques [42,53,61]. Parameters defined by a priori biophysical 
knowledge are common in nearly all models, such as the Lennard-Jones 
potential used in [38,43]. Finally, qualitative analysis under parameter 
variation serves as a powerful tool for understanding polymer structures, 
as demonstrated in [40], where structural variation of models is eval-

uated under different values of local variability, smoothness, or prior, 
and in loop extrusion models [56,57,59,95,96], where authors tested 
the level of compaction of chromatin under different assumptions for 
the biophysical laws of loop extrusion. Combining this approach with 
the other two can yield more reliable models.

4. Discussion

The modeling based on single-cell Hi-C data is very challenging 
[36,97]. This is partly due to the inherent variability present in the 
single-cell or single-nucleus data [98]. One of the greatest challenges 
in modeling chromatin conformation from single-cell Hi-C data is its 
sparsity and difficulty distinguishing between real contacts and those 
resulting from spurious random noise [99].

In this review, we described the most common approaches to three-

dimensional chromatin structure reconstruction from single-cell Hi-C 
data. We provided an overview of the field within the broader context of 
single-cell Hi-C research and averaged bulk Hi-C data modeling. Partic-

ular attention was given to how these models structure their objective 
functions, whether framed in terms of force fields, potentials, cost func-

tions, or likelihood probability functions. Despite appearing to approach 
the problem from different angles, we found profound general similari-

ties in current chromatin modeling methods.

We also reviewed how chromatin models are validated. A general 
single-cell Hi-C model can be built from several basic building blocks, 
as shown schematically in Fig. 1. The two fundamental components in-
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clude some form of attractive restraint force (usually harmonic) and a 
Computational and Structural Biotechnology Journal 23 (2024) 3549–3558

type of repulsive force to account for the excluded volume effect of the 
modeled polymer. Model creators can add additional terms to their cost 
functions, such as fluid viscosity force (DPDchrom), variation penalty 
(SIMBA3D) or conformity to the bulk Hi-C matrix (Nagano et al., 2013), 
among others. The choice of optimization method—whether molecu-

lar dynamics integrators, gradient descent, or simulated annealing—

also plays a crucial role. Alternatively, a probabilistic approach could 
be taken, framing the problem in Bayesian terms using Monte Carlo 
simulations (ISDHi-C) or a maximum likelihood approach (SIMBA3D). 
Hierarchical modeling, which uses multiple resolutions and structure 
interpolation, is often beneficial in achieving the desired structure.

We highlighted the inconsistent approaches to model validation 
across studied models, emphasizing the need for a comprehensive val-

idation strategy. Despite these challenges, we expect further develop-

ment of single-cell Hi-C modeling methods. However, due to inherent 
issues with single-cell experiment analysis, methods relying on bulk Hi-

C data are likely to continue growing in number [49,88,100–112].

Validation and comparison of chromatin models are still in their 
infancy, making it difficult to identify the best models. Some method 
authors have made little effort to compare their methodologies with pre-

vious ones. We described the most common validation ideas in Fig. 2. 
While the methods’ parameters and strategies have likely been opti-

mized in their general outline, it is unclear if they merely represent local 
minima in the broader landscape of modeling strategies. How accurate 
would a model be if it combined potential components from different 
models? How would changing one form of restraint force to another af-

fect overall model behavior? How would models that do not originally 
use a hierarchical scheme perform when employed in such a manner? 
The possibilities for chromatin modeling seem endless, with no straight-

forward way to determine the best approach.

Although chromatin structure reconstruction is the primary focus of 
this review, it is not the only approach for analyzing sparse interactome 
data from single-cell Hi-C experiments. Other related fields include in-

teraction imputation, Hi-C map feature calling for single-cell maps, and 
embedding and clustering sets of single-cell Hi-C data [19]. These meth-

ods primarily focus on dimensionality reduction and contact imputation 
[97]. scHiCluster [113] combines data imputation and single-cell em-

bedding, while methods like Higashi [23] or Fast-Higashi [114] take a 
comprehensive approach to perform both tasks. New methods, includ-

ing those using deep generative modeling [115], are constantly being 
developed. Algorithms using learned embeddings to cluster single-cell 
data by cell type or cell cycle phase [36] are also emerging. These em-

beddings, often visualized using techniques like t-SNE [116] or UMAP 
[117], can form the basis for cell cycle trajectory reconstruction algo-

rithms [118].

4D Nucleome [119], a major consortium in nuclear architecture re-

search, has identified the study of chromatin organization with tem-

poral dynamics as one of its central missions [120]. We believe three-

dimensional chromatin models based on single-cell Hi-C data, coupled 
with inferred cell cycle trajectory information, represent an intriguing 
direction for future research. Single-cell Hi-C modeling is likely needed 
to bridge the gap between 3D chromatin modeling and fields such as 
contact imputation and embedding, where approaches like deep gener-

ative modeling play an increasing role [115,121]. In our opinion, models 
such as those described in this review, if adapted to incorporate contact 
imputation data and cell cycle trajectory information, could enhance 
our understanding of chromatin conformation changes during the cell 
cycle and cell maturation.

While future insights may come from theoretical approaches like 
MDS, we observe that the field is more likely to develop towards poten-

tial optimization-based and physics-based approaches such as molecular 
dynamics providing mechanistic insights into chromatin folding mech-

anisms [122]. General molecular dynamics simulation toolkits such as 
OpenMM [123] or HooMD [81] will likely benefit new method develop-

ers and the testing of biological hypotheses related to three-dimensional 

chromatin conformation. Finally, integrating multiple data modalities 
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and the broader research area of single-cell embedding, clustering, and 
cell cycle trajectory inference will likely benefit the field’s future devel-

opment.
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