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Abstract 

Understanding chromatin dynamics across the cell cycle is crucial, as the structural transitions of chromosomes are fundamental to processes 
including transcriptional regulation, DNA replication, and faithful chromosome segregation. Although chromatin undergoes extensive reorgani- 
zation throughout the cell cycle, no existing biophysical model describes its transitions from G1 through S and G2 to the completion of mitosis. 
To address this limitation, we present RepliSage , a multi-scale framework that integrates three fundamental processes shaping chromatin archi- 
tecture: DNA replication, loop extrusion, and compartmentalization. In our model, replication forks are modeled as dynamic barriers that interact 
with loop extrusion factors, altering chromatin architecture during S phase. The framework integrates three complementary components: (i) 
replication fork progression simulated from single-cell replication timing data, (ii) Monte Carlo modeling of loop extrusion and epigenetic state 
transitions, and (iii) 3D reconstruction in OpenMM. Unlike previous approaches, RepliSage captures chromatin dynamics across the full cell cycle. 
In G1, random loop extrusion dominates; during S phase, replication forks interact with extrusion factors; and in mitosis, condensins drive long- 
range loop formation, facilitating chromosome segregation and polymer compaction. Chromatin is represented as a dynamic graph whose node 
states and connectivity evolve continuously over time. By tuning parameters across phases, RepliSage reproduces known structural transitions 
and provides a mechanistic platform to investigate how replication stress perturbs genome organization. The model was extensively validated 
using both publicly available and proprietary datasets. To our knowledge, this is the first framework to dynamically couple DNA replication, loop 
extrusion, and compartmentalization throughout the entire cell cycle. 
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Introduction 

This study explores the multi-scale nature of chromatin, a dy-
namic and hierarchical structure fundamental to genome or-
ganization. Chromatin architecture spans from nucleosomes,
the basic units of DNA packaging, to higher-order features
such as loops and topologically associating domains (TADs).
These structures are thought to emerge from the process of
loop extrusion, driven by loop extrusion factors (LEFs) and
constrained by boundary elements (BEs) [ 1–3 ]. The main
proteins involved in loop formation in mammalian cells are
cohesin and CTCF (CCCTC-binding factor), which act as
the LEF and the BE, respectively [ 1 , 4 ]. Beyond these, chro-
matin exhibits phase separation into A and B compartments,
which can further subdivide into subcompartments [ 5–10 ].
Finally, interphase chromosomes occupy specific regions of
the nucleus, known as chromosome territories [ 11 ]. Under-
standing and modeling the coupling between these organi-
zational scales remains a central challenge in chromatin bi-
ology, as it ultimately determines the 3D structure of the
genome. 

A key feature of chromatin, central to this study, is its
stochastic nature: chromatin structure is not only multi-scale
[ 12–16 ] but also dynamical [ 17–19 ], with time-dependent
processes continuously altering its organization. For instance,
the loop extrusion mechanism involves LEFs binding and un-
binding along the chromatin [ 1 , 2 ], forming short- and long-
range loops. This process embodies an interplay of order,
driven by stabilizing proteins like CTCF, and randomness,
arising from the stochastic binding, unbinding, and move-
ment of LEFs. Notably, cohesin itself exists in two functional
states: an extrusion-competent pool that generates chromatin
loops and a cohesion-establishing pool that tethers sister chro-
matids, each contributing differently to 3D genome organi-
zation [ 20–24 ]. Furthermore, compartmentalization is closely
linked to the propagation of epigenetic marks [ 25 ] and is
frequently modeled using Potts-like frameworks [ 26–32 ], in
which polymer loci are represented as agents with discrete
(binary or categorical) epigenetic states. Interactions among
these loci allow local state information to spread along the
polymer, leading to collective behaviors that correspond to
compartment formation. 

Chromatin structure undergoes dynamic changes through-
out the cell cycle, becoming condensed during mitosis and de-
condensed during interphase [ 33 ]. Extensive chromatin reor-
ganization occurs in the S phase, when DNA replication takes
place [ 34 , 35 ]. During DNA replication, chromatin is first dis-
assembled ahead of the replication machinery, and then re-
stored after the passage of the replication fork. The tight co-
ordination of DNA replication with the complex process of
epigenome maintenance ensures that genetic and epigenetic
information is faithfully passed on to daughter cells [ 34 ]. In
mammals, replication is initiated by the licensing of replica-
tion origins in the G1 phase, when inactive MCM helicases
are loaded onto the origins. This is followed by their activa-
tion and DNA synthesis in the S phase [ 36 , 37 ]. Importantly,
a small proportion of the licensed origins fire, while the rest
remain dormant [ 38 , 39 ]. The activation of replication ori-
gins occurs in a specific temporal order known as replication
timing (RT), which correlates strongly with chromatin modi-
fications and 3D chromatin structure at the level of compart-
ments. Early-replicating regions are typically associated with
A compartments, while late-replicating regions correspond to
B compartments [ 40 ]. 
Recent findings provide insights into the interplay be- 
tween cohesin and replication forks. In vitro studies of 
cohesin–replisome interactions in the context of cohesion es- 
tablishment show that multiple outcomes can occur upon en- 
counter, including the replisome pushing cohesin along the 
DNA, the replisome passing through the cohesin ring, and 

unloading of cohesin from the DNA [ 41–43 ]. A recent study 
[ 44 ] in a prokaryotic system, specifically investigating loop- 
extruding cohesin, showed that its activity is frequently im- 
peded by replication forks. Furthermore, the inactive MCM 

helicases can restrict cohesin mediated loop extrusion, as 
demonstrated in G1-phase–arrested mammalian cells [ 45 ].
Together, these findings suggest that the replication machin- 
ery can act as a barrier to LEFs. In line with this, the weaken- 
ing of TAD borders during the S phase [ 35 ] further indicates 
that the replication process may hinder loop extrusion. Since 
replication forks progress significantly more slowly ( urep ∼
1 –2 kb/min [ 46–50 ]) than loop extrusion ( ule ∼ 0 . 5 –2 kb/sec 
[ 51 , 52 ]), the replisome could act as a “slow-moving barrier”
that pushes approaching LEF along the DNA. A key chal- 
lenge in chromatin biophysics is to develop a modeling frame- 
work that incorporates a unified description of loop extrusion,
replication fork propagation, and compartmental organiza- 
tion, with the ultimate goal of modeling chromatin structural 
transitions throughout the cell cycle. 

Various endogenous or exogenous factors can interfere with 

replication, causing replication forks to slow or stall. This con- 
dition is known as replication stress (RS) [ 53 ]. Sustained RS 
is commonly found in cancer cells and was proposed to be 
a driver of tumor development [ 54–56 ]. To ensure complete 
genome duplication upon RS, the cell compensates for altered 

replication dynamics by activating additional (dormant) ori- 
gins [ 38 , 39 ]. Under this condition, epigenetic reorganisation 

at the replication forks contributes to fork protection [ 57 ,
58 ]. The effects of RS on higher-order chromatin structure 
are poorly defined, highlighting the need for Chromatin Con- 
formation Capture (3C), based experiments in this context.
Moreover, the impact of RS on higher-order chromatin struc- 
ture remains unexplored in current 3D computational models,
motivating the development of a new approach. 

At the onset of mitotic phase, DNA replication is complete,
but sister chromatids are still intertwined and contain DNA 

entanglements, which must be actively resolved to allow the 
separation of sister-chromatids [ 59 , 60 ]. There are two ma- 
jor factors involved in mitotic chromosome assembly: (i) con- 
densin complexes, both I and II, which extrude loops more 
rapidly than cohesin, folding chromosomes into the elongated,
coiled structures typical of mitosis [ 61–63 ]; and (ii) Topoiso- 
merase II (TOP2A), which resolves DNA catenations by tran- 
siently cleaving and rejoining DNA strands, ensuring efficient 
disentanglement of sister chromatids [ 64–69 ]. Condensin and 

residual cohesin briefly coexist: cohesin maintains cohesion,
particularly at centromeres [ 70 ], while condensin and TOP2A 

drive large-scale reorganization of replicated chromatin [ 60 ].
In this process, condensin can bypass cohesin complexes, al- 
lowing loop extrusion and chromatin compaction to proceed 

even when cohesin remains bound [ 63 , 70 ]. This reorganiza- 
tion forms mechanically stable, coiled mitotic chromosomes,
which facilitates the separation of sister chromatids. 

Simulations of DNA replication have progressed from 

1D stochastic models of origin activation and fork progres- 
sion [ 71–81 ] to 3D frameworks that explicitly incorporate 
spatial organization, capturing phenomena such as replication 
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ork clustering and the progression of replication from early-
o late-replicating regions [ 82–85 ]. However, these models
enerally do not account for the interplay between distinct
iophysical processes, such as interactions between replica-
ion forks and LEFs or the coupling of epigenetic states to
hromatin compartmentalization, and are typically restricted
o a single phase of the cell cycle. 

To address these limitations, we introduced RepliSage, an
xtension of LoopSage [ 86 ] that integrates DNA replication
ynamics, loop extrusion, and chromatin compartmentaliza-
ion across G1, S, and G2/M. Chromatin is represented as a
iophysically attributed graph coupled to molecular dynam-
cs, while a multiscale Monte Carlo framework updates topol-
gy and epigenetic states, capturing coevolutionary graph dy-
amics [ 87–89 ]. The model focuses on mammalian genome
nd comprises a replication fork propagation Monte Carlo
imulation (Replikator), a stochastic graph-based loop extru-
ion simulation engine, and 3D structure reconstruction via
penMM software [ 90 , 91 ]. RepliSage is validated against di-

erse experimental data. It reproduces RT and Hi-C contact
atterns, including the characteristic compartment structure.
ingle-cell Hi-C comparisons [ 92 ] show that its loop dynamics
ollow the same qualitative trends seen in experiments: with
horter loops occurring during S phase and the largest loops in
2/M phase. Benchmarks against NucDynamics [ 93 ] confirm

hat the resulting 3D conformations are geometrically consis-
ent. Importantly, by performing cohesin HiChIP experiment
n normal and stress conditions, we show for the first time
hat RS triggers decrease in average loop size. This structural
esponse was captured effectively by RepliSage. The main ad-
antage of our model over previous approaches is its ability to
pan all phases of the cell cycle, capturing the complex inter-
lay of biophysical processes that shape 3D chromatin orga-
ization before and after replication. It is provided as a user-
riendly tool, easily installable via PyPI. 

aterials and methods 

his section elaborates on the experimental procedures and
ffers an in-depth description of the RepliSage model method-
logy. RepliSage operates on two primary types of input data:
i) RT profiles that guide the progression of replication forks
long the genome, and (ii) chromatin loop datasets derived
rom 3C-based experiments such as ChIA-PET, which define
TCF-mediated interactions. Understanding how these inputs

hape simulation outcomes is essential for interpreting RepliS-
ge results and for applying the framework to other genomic
atasets. 

ell line and culture conditions 

he human GM12878 lymphoblastoid cell line was grown in
PMI 1640 (Biowest) supplemented with 15% fetal bovine

erum (Biowest) and 2 mM L-glutamine (Gibco). Cells were
ultured at 37 

◦C in a humidified environment containing 5%
O2 . Mild RS was induced by 18 h treatment with either
phidicolin (0.4 μM) or hydroxyurea (0.2 mM). As controls,
ells were treated with dimethylsulfoxide (DMSO) and water
 H2 O ), respectively. RS induction was confirmed by analyzing
ell cycle distribution, apoptosis, and DNA damage using the
poptosis, DNA Damage and Cell Proliferation Kit (BD Bio-

ciences, AB_2869407) in combination with flow cytometry
 Supplementary Fig. S1 ). 
HiChIP 

HiChIP experiment was performed using the Arima-HiC + Kit
(HiChIP User Guide for Mammalian Cells and Tissues using
Transcription Factors and Histones, A101020) with modifi-
cations. Cell fixation was carried out using FA-EGS cross-
linking protocol [ 94 ]. The chromatin immunoprecipitation
(ChIP) step was performed with 10 μg of SMC1 antibody
(Bethyl Laboratories, A300-055A). Library preparation was
performed as described in the HiChIP library preparation
protocol of the Arima-HiC + Kit using the Swift Biosciences
Accel-NGS 2S Plus DNA Library Kit. Sequencing was con-
ducted on the Illumina NovaSeq 6000 platform at the Ge-
nomics Core Facility, CeNT, University of Warsaw. One bio-
logical replicate of the HiChIP experiment was generated for
each condition. 

Raw paired-end HiChIP reads were processed using the
nf-HiChIP pipeline [ 94 ]. In this pipeline, the raw reads were
aligned to the hg38 reference genome using the BWA-MEM
algorithm (version 0.7.17). Subsequently, the aligned reads
were filtered based on a mapping quality (MapQ) score > 30
and deduplicated using SAMtools. For each sample, peak call-
ing was performed with a q -value cutoff of 0.01 using the
–nomodel option. Interaction calling was carried out using
default parameters, which define an anchor width of 5 kilo-
bases (kb). 

RepliSage model structure 

The RepliSage framework comprises three interconnected
simulation modules: (i) Replication simulator (Replikator):
takes RT data as input to model stochastic origin firing and the
propagation of replication forks. (ii) Stochastic loop extrusion
simulator: models the dynamic interplay between loop extru-
sion, replication forks, and epigenetic mark spreading. It uses
replication fork trajectories from Replikator and CTCF loca-
tions from a BEDPE-formatted 3C-type experiment to gener-
ate ensembles of chromatin state graphs. (iii) Physical model-
ing module: based on OpenMM [ 90 , 91 ], which reconstructs
the 3D chromatin conformation. RepliSage supports simula-
tion of different cell cycle phases through adjustable parame-
ters. All components are fully reproducible and publicly avail-
able via GitHub and PyPI. For ease of use with CUDA, a
Docker container is also provided, enabling third parties to
deploy the model with minimal effort. 

Replication timing data pre-processing 

Before running the replication simulation in RepliSage, it is
essential to perform a pre-processing step to extract the nec-
essary parameters. We define the initiation rate I(x, t ) as the
probability per unit time and per unit length that a replication
origin at position x initiates replication at time t. Given this
initiation landscape I(x, t ) , together with the replication fork
velocities vk , the replication process can be simulated using
a straightforward Monte Carlo algorithm. Following an ap-
proach similar to [ 72 ], we first compute the replication frac-
tion f (x, t ) by averaging single-cell RT data over cells (Fig. 1 ),
thereby constructing a pseudo-bulk representation of single-
cell RT. We then assume that the initiation rate at each ge-
nomic position follows a Gaussian profile in time: 

I(x, t ) ∝ exp 

(
− (t − μ(x ))2 

2 σ 2 

)
, (1)
I 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag618#supplementary-data
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Figure 1. Single-cell RT data for chromosome 14. At each genomic locus, replication is represented as a binary state (0 or 1). Temporal averaging across 
cells yields a replication fraction function f (x, t ) , whereas spatial averaging produces a characteristic sigmoid-like transition. Notably, RT is highly 
correlated with chromatin compartmentalization: loci in the A compartment tend to replicate early, while those in the B compartment replicate late. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

where μ(x ) denotes the mean replication time at position x ,
obtained directly from the average RT curve. The variance
σI is assumed constant across the genome and is set propor-
tionally to the total replication time Tr . In our replication
model, Tr is provided as an input parameter. Consequently,
the progression of replication is primarily controlled by the
fork speed and the number of active replication forks. It is im-
portant to note that the initiation probabilities I(x, t ) are not
sampled directly from the Gaussian distribution (Fig. 2 A). In-
stead, replication origins are stochastically tested for firing at
discrete time steps throughout the simulation. To ensure that
this iterative sampling procedure yields a firing time distribu-
tion consistent with Equation ( 1 ), the values of I(x, t ) were
renormalized accordingly so as that 

∑ 

t I(x, t ) = 1 . 
Single-cell RT experiments only indicate whether a chro-

matin locus has been replicated in a given cell, making it dif-
ficult to accurately estimate the parameters of the underlying
normal distribution from these binary states alone. Addition-
ally, quantifying the replication fork speed is required. To ad-
dress this, we adopt an approach similar to that of Yousefi et
al . [ 72 ]. Our model is considered adequate if the averaged re-
sults of independent replication simulations, described in the
next section, can reliably reproduce the experimentally ob-
served average RT curve. 

Replication fork speeds can be estimated directly from the
slopes of the replication curve [ 72 ], and in our model we as-
sume that both sides of a fork move at the same rate following
a normal distribution with mean μv and standard deviation
σv : 

p(v ) ∝ exp 

(
− (v − μv )2 

2 σ 2 

)
. (2)
v 
The parameters μv and σv are calculated from the slopes be- 
tween consecutive optima of the replication curve f , allow- 
ing us to reconstruct the average replication curve (Fig. 2 B).
Notably, single-cell and high-resolution studies [ 47 , 48 ] show 

that fork speed varies dynamically during S phase, influenced 

by transcriptional activity, chromatin context, and RS. To cre- 
ate a simple, controllable working model, we prioritize the 
time-scale separation between loop extrusion and replication 

fork progression and do not incorporate temporal variability 
across S phase. This allows us to track and adjust the average 
fork speed directly, facilitating parameter studies in a system- 
atic way. Variability is still captured by sampling fork speeds 
randomly across different genomic loci, and replication fork 

conditions under stress can be modeled by decreasing the av- 
erage speed. 

Replication simulation (Replikator) 

Initially, the initiation rate and replication fork speed are im- 
ported into the replication simulation. Replikator is a simpli- 
fied model designed to simulate the stochastic propagation of 
replication forks (Fig. 2 D). The primary assumption of this 
model is the stochastic nature of origin firing [ 95 ]. In a sin- 
gle run of Replikator, only a subset of origins initiates repli- 
cation, while other origins are passively replicated. Our ob- 
jective is to ensure that the model accurately reconstructs the 
average RT curves used as input in RepliSage. Consequently,
we have designed Replikator to produce highly correlated av- 
erage replication fork trajectories that align with experimental 
data (Fig. 2 B). 

In each epoch of the simulation, we evaluate all monomers 
by drawing a random number in the interval [0 , 1] for each 

monomer. If the number is less than the initiation rate I(x, t ) 
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Figure 2. Overview of the RepliSage methodology. ( a ) The initiation rate function I(x, t ) follows a Gaussian distribution centered on the RT μ(x ) , defining 
the probability of origin firing over time. ( b ) Replication simulations produce average replication fraction curves highly correlated with experimental data. 
( c ) Example chromatin graph where node colors indicate epigenetic states (blue: negative, red: positive) and links represent either sequential 
connections or LEF-mediated loops. Node states reflect epigenetic marks, whose collective behavior can drive compartment-like organization, though 
they do not directly correspond to compartments. ( d ) Schematic of stochastic replication: origins fire with probability I(x, t ) , generating bidirectional 
forks. ( e ) Interplay of RepliSage energy components: loop extrusion and binding terms take similar values, whereas the epigenetic state term has an 
opposite sign. ( f ) Allowed and forbidden LEF–replication fork interactions in the model: (i) A LEF encountering a replication bubble is pushed by the 
replication fork. (ii) A LEF connecting two fragments within the same replication bubble is allowed. (iii) A LEF cannot connect a replicated region with a 
non-replicated region. (iv) A LEF attempting to connect separate replication bubbles should be prohibited, as this would imply extrusion through the 
unreplicated regions separating the two bubbles. (v) A LEF connecting two unreplicated regions with a replicated region in between is generally 
acceptable; however, if the replicated region is long , the probabilit y decreases due to the temporal separation bet ween replication and loop extrusion. 
(vi) If a LEF is trapped between an advancing replication fork and a BE, the fork-driven pushing while extrusion is blocked creates mechanical frustration, 
which is likely to promote LEF unbinding according to the assumptions of our model. 
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for the given time t, the Monte Carlo move is accepted, and
the origin fires. Upon origin firing, we draw a velocity from
the probability distribution p(v ) defined in Equation ( 2 ). In
the second phase of the epoch, we propagate each replication
fork a distance r = v (t − t0 ) , where t0 is the initiation time of
firing of a specific origin. The simulation terminates when the
entire DNA is replicated. The trajectories of replication forks
and the simulation-estimated replication fraction function are
obtained as outputs of the simulation. 

Stochastic model 

The stochastic model’s energy is composed by three factors: 

H = Hle + Hrep + Hepi , (3)

where each one of them aims to model different aspects of
biophysics of chromatin. In this sense, Hle factor is related to
loop extrusion and can be decomposed into folding, binding
and crossing terms as it is explained in LoopSage [ 86 ]. The
term Hrep represents the “barrier effect” imposed by replica-
tion forks [ 41–44 ], while Hepi captures the spreading of epige-
netic states, which may contribute to chromatin compartmen-
talization. In this paper, we adopt a Hamiltonian formalism,
which enables us to explore the system’s preferred states by
minimizing a generalized energy functional [ 96 ]. 

A key assumption of our model is that the distribution of
states, S, follows a Boltzmann distribution: 

p(S ) = 1 

Z 

exp 

(
− H 

kTmc 

)
, (4)

where Z is the normalization constant, known in statistical
physics as the partition function . The Boltzmann constant is
set to k = 1 without loss of generality, while Tmc represents the
Monte Carlo temperature or order parameter of the stochastic
system. Although Tmc plays a crucial role in system dynamics,
its interpretation in biological systems remains elusive. In this
study, we use Tmc to parameterize the system’s distribution:
higher Tmc results in greater randomness, whereas lower Tmc

leads to more ordered states. Assuming a Boltzmann distri-
bution enables us to apply the well-established formalism of
Monte Carlo methods [ 97 ]. 

Finally, we consider a system composed of Nbeads
monomers, each characterized by an epigenetic state sk and
Nlef LEFs. Each LEF is specified by two degrees of free-
dom, (mi , ni ) , representing the indices of monomers it con-
nects. Chromatin compartmentalization is a biophysical phe-
nomenon associated with contacting regions sharing simi-
lar epigenetic marks [ 25 , 98 , 99 ]. In this study, we interpret
compartmentalization as a macrostate in the sense of statisti-
cal physics, emerging from underlying microstates defined by
these local epigenetic features [ 100 ]. The system configura-

tion is thus given by S =
(
{ (mi , ni ) }NLEF 

i =1 , { sk }Nbeads 

k =1 

)
. This no-

tation implicitly accounts for the time dependence of states,
as typically encountered in Monte Carlo simulations: S (t ) =(
{ (mi (t ) , ni (t )) }NLEF 

i =1 , { sk (t ) }Nbeads 

k =1 

)
. The graph G contains links

connecting consecutive nodes k, k ± 1 together with links be-
tween mi and ni due to LEF-mediated interactions. Node states
sk can take five discrete values, { 0 , ±1 , ±2 } , which depend on
the graph’s structure, determined by the distribution of links
(Fig. 2 C). The model’s resolution is set by the user-defined
number of beads, Nbeads , ensuring that input data are down-
sampled to match this specified granularity. 
Loop extrusion with LoopSage 
Since RepliSage is a fork of LoopSage [ 86 ], we adopt the same 
energy function for modeling loop extrusion. However, to sim- 
plify the notation, we omit the explicit time dependence. Con- 
sequently, we can write down the following formula: 

Hle = Hfold + Hcross + Hbind 

= Cfold 

Nlef ∑ 

i =1 

log (ni − mi + 1) + Ccross 

∑ 

i, j 

K(mi , ni ; mj , nj ) 

+ Cbind 

Nlef ∑ 

i =1 

( L (mi ) + R (ni )) . 

(5) 

The meaning of this formula is that the energy is minimized in 

two ways: (i) by loop extrusion Hfold because of the first term 

( Cfold < 0 ), or (ii) by BE binding Hbind because of the last term 

( Cbind < 0 ). The potentials L (·) and R (·) reach their minima 
at positions corresponding to loops observed in experimental 
data, specifically at CTCF loops as defined in LoopSage [ 86 ],
which are determined from a BEDPE file representing interac- 
tions measured by 3C-type experiments such as Hi-C, ChIA- 
PET, or Hi-ChIP. The remaining term is the crossing energy 
Hcross , which is a penalty ( Ccross > 0 ) in the case that two LEFs 
i and j cross each other mi < mj < ni < nj . RepliSage allows 
for the testing of hypotheses involving multiple populations 
of LEFs. In particular, RepliSage can include a second popu- 
lation of loop-extruding factors, with size N(2) 

lef and its own 

folding coefficient C (2) 
fold . The two LEF populations are treated 

as independent [ 63 , 70 ], such that the mixed crossing penalty 
between a LEF of population 1 and a LEF of population 2 is 
set to zero, K(1 , 2) 

cross = 0 . This extension is especially useful for 
modeling mitosis, where condensin complexes function as a 
distinct, more processive class of LEFs, extruding longer loops 
at higher speeds compared to their interphase counterparts. 

Replication 

Evidence from studies investigating cohesin–replisome en- 
counters during cohesion formation [ 41–43 ] and cohesin ex- 
trusion [ 44 ] suggests that the replication fork can impede the 
movement of cohesin. Moreover, in at least some experimen- 
tal settings, this outcome of such encounters is predominant 
[ 42–44 ]. Since replication forks move much more slowly than 

extrusion, the replisome may therefore act as a “slow-moving 
barrier ,” pushing LEFs along the DNA. Based on these find- 
ings, RepliSage proposes that the replisome predominantly 
acts as a “physical barrier” for cohesin upon encountering a 
LEF. 

Our model makes the following minimal assumption: loops 
are formed entirely within unreplicated or replicated regions 
[Fig. 2 F, scenarios (i) and (ii)], since LEFs are unable to cross 
active replication forks [Fig. 2 F, (iii) and (iv)]. Cohesin com- 
plexes typically unbind within 

˜ 1 5–30 min [ 1 , 101 ] much faster 
than the 8-h duration of S phase [ 102 , 103 ]. Loop extrusion 

is also locally constrained by CTCF boundaries, so individual 
loops rarely span large regions. As replication progresses, a 
loop connecting two unreplicated regions is increasingly un- 
likely to contain long replicated segments. Because of this sep- 
aration of timescales between replication and extrusion rate ,
in our model we assume that replication forks rarely remain 

inside a single loop for long. Consequently, LEFs spanning 
replicated regions are penalized proportionally to the length 

of the replicated segment [Fig. 2 F, (v) and (vi)]. 
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Therefore, we assume that the whole information of repli-
ation is embedded into the replication fraction function
frep (x, t ) which is produced by a single run of a replication
imulation and it is 1 if x is replicated at time t and 0 other-
ise. Therefore, we can write: 

Hrep (t ) = Crep 

Nle f ∑ 

i =1 

R (mi , ni ; t ) , (6)

here the function R (·) is a penalty that takes non-zero values
n the case that a cohesin crosses a replication fork or connects
wo distinct replicated loci (Fig. 2 F): 

R (mi , ni ; t ) =

⎧ ⎪ ⎪ ⎪ ⎪ ⎪ ⎨ 

⎪ ⎪ ⎪ ⎪ ⎪ ⎩ 

1 , if frep (mi , t ) � = frep (ni , t ) , 
1 , if frep (mi , t ) = frep (ni , t ) = 1 , 

and ∃ � ∈ (mi , ni ) : frep (�, t ) = 0 , 
�rep 

( ni −mi ) 
, if frep (mi , t ) = frep (ni , t ) = 0 , 

0 , otherwise , 

(7)

here �rep =
∣∣{λ ∈ (mi , ni ) : fλ > 1

}∣∣ represents the number
f replicated loci within the loop, and Crep > 0 is a normaliza-
ion term whose magnitude encodes the permeability of the
eplisome. In this sense, large values of Crep correspond to a
trong barrier effect of the replication forks, whereas smaller
alues reflect a weaker, more permissive obstruction. By pre-
enting LEFs from connecting replicated and unreplicated re-
ions [ 42 , 45 , 104 , 105 ], replication forks effectively function
s “moving barriers,” directly resulting from this assumption.
his term is particularly complicated because the replication

ork trajectories (which are represented by frep (t ) ) derived
rom Replikator are time-dependent as well, and therefore the
nergy landscape changes over time. 

Although RepliSage primarily considers the replication fork
o be a barrier to LEFs, it does not rule out the other possi-
le outcomes of LEF–replisome interactions occurring simul-
aneously, such as cohesin unloading or bypass [ 41–44 ]. In
his regard, RepliSage allows for a certain degree of flexibil-
ty to accommodate these alternative outcomes. The cohesin
nloading scenario arises from the stochastic dynamics of the
odel. While the ring cannot bypass the replisome in prin-

iple, an LEF may transiently attempt such a move, leading
o a higher-energy state. If accepted, this is typically followed
y an unbinding event in subsequent MCs, resulting in loop
emoval. The ability of cohesin to bypass the replisome can
e modulated using a replisome permeability coefficient Crep .
djusting this parameter partially relaxes the strict barrier as-

umption. 

pigenetic energy and compartmentalization 

ollowing the Potts model framework [ 106 ], each node in the
raph represents a chromatin segment and can exist in one
f five discrete epigenetic states, sk ∈ { 0 , ±1 , ±2 } . These states
orrespond to different combinations of epigenetic marks (e.g.
istone modifications or DNA accessibility) and can dynam-
cally change over time. Biologically, regions of chromatin
earing similar epigenetic signatures tend to spatially asso-
iate, forming domains known as subcompartments (such as
1, A2, B1, B2, and B3 in Hi-C data) [ 8 , 107 ]. In our model,

he alignment of multiple nodes in the same state increases
heir effective attraction, promoting the spatial segregation
haracteristic of compartmentalization. Therefore, we intro-
uce five distinct states to capture a spectrum of possible chro-
atin identities and their contribution to 3D genome orga-
nization. We consider a model with ordered discrete states
defined on a graph, with interaction energy proportional to
the absolute difference between connected epigenetic states.
In this sense, the model extends Potts-like models from statis-
tical physics by allowing the interaction strength to depend on
differences between ordered states rather than solely on their
equality. The state energy term also includes an additional epi-
genetic field which depends on the time of replication: 

Hepi = Cp, 1 

Nbeads ∑ 

k =1 

(
hk + htr k 

2 

)
sk + Cp, 2 

∑ 

k>l 

Jkl | sk − sl | , (8)

where hk is an “epigenetic field ” ( Cp, 1 < 0 ) which is propor-
tional to the RT of the current region, normalized to take val-
ues from −1 to 1. It is assumed that the B compartment is
linked to the negative values and the A compartment to posi-
tive values of the field. The term ht,k represents the reorgani-
zation of the epigenetic states due to the propagation of the
replication fork [ 57 , 58 ] and it is: 

htr k =
tr ∑ 

t=0 

(
1 − 2

t 
Tr 

) (
frep (k, t ) − frep (k, t − 1)

)
, (9)

where tr is the relative time since the replication process
started, and Tr is the total duration of replication. Before
the replication starts ht,k is zero, and the epigenetic field hk
is the dominant one. The term ht,k captures the influence of
replication forks on the epigenetic landscape during a spe-
cific stochastic simulation. It is zero in unreplicated regions,
positive when replication initiates (in early replicated regions)
and negative when replication concludes (in late replicated re-
gions). Biologically, ht,k represents the potential of replication
forks to reorganize epigenetic states. Overall, this term re-
flects the progressive strengthening of compartmentalization
from G1 to G2 and reproduces B-to-A compartment transi-
tions during RS, corresponding to increased early origin fir-
ing [ 108–110 ]. However, the precise mechanisms by which
replication forks propagate or modify epigenetic marks re-
main incompletely understood. To account for this uncer-
tainty, RepliSage provides users with the option to disable
this time-dependent effect by setting ht,k ≡ hk , allowing expert
users to tailor the model according to their domain-specific as-
sumptions or hypotheses. The final term ( Cp, 2 > 0 ) represents
the interactions across the polymer graph. The interaction ma-
trix is defined such that Jkl = 1 for monomer pairs that are
connected either by a LEF, i.e. (k, l ) ≡ ( mi , ni ) , or by backbone
adjacency, i.e. k = l ± 1 and Jkl = 0 otherwise. The difference
| sk − sl | penalizes interactions of monomers with varying epi-
genetic states, which leads to larger sizes of subcompartments.

Parameter balancing 
When performing Monte Carlo simulations involving mul-
tiple energy components, it is important to understand how
each term contributes to the model’s behavior. In RepliSage,
quantifying the influence of individual energy terms is particu-
larly challenging due to the lack of experimental data to con-
strain their relative weights. To address this, we propose an
intuitive tuning strategy based on achieving a rough balance
between energy contributions at equilibrium. In the following,
we provide a set of default parameters that users can adopt
with confidence, ensuring that the energy terms remain ap-
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proximately comparable in magnitude under typical simula-
tion conditions (Fig. 2 E). 

In the updated version of LoopSage, we slightly modified
the model parametrization: 

Cfold = − Nbeads f 
Nlef log (Nbeads /Nlef ) 

, (10)

Cbind = − Nbeads b ∑ 

i ( L (mi ) + R (ni )) 
, (11)

Ccross = κ × 108 . (12)

This re-parametrization ensures that when f = b = κ = 1 ,
the energy terms are balanced, allowing for a more system-
atic tuning of parameters. The balancing is achieved by set-
ting Cfold and Cbind to yield comparable equilibrium energies
for f = b = 1 , while κ takes high values so as to penalize im-
probable configurations of LEFs. The same principle is ap-
plied to subsequent energy terms. The reparametrization is
constructed so that the user specifies the lowercase parame-
ters, which are then automatically normalized within the sim-
ulation into the corresponding uppercase variables. 

Similarly, we can write for the replication and epigenetic
energy parameters: 

Crep = crep × 108 (13)
Cp, 1 = −cp, 1 (14)
Cp, 2 = cp, 2 , (15)

where the signs of the epigenetic energy parameters are cho-
sen so that the energy is minimized when two interacting beads
share the same node state. Specifically, Cp, 1 is negative to favor
identical states, while Cp, 2 is positive because the interaction
energy depends on the absolute difference of states, | sk − sl | ,
ensuring that larger differences contribute positively to the en-
ergy. The replication term is multiplied by a large value of
108 so as to penalize improbable configurations. With this
reparametrization, setting crep = cp, 1 = cp, 2 = 1 yields compa-
rable effective contributions from replication and epigenetic
terms, ensuring that the different physical mechanisms com-
pete on a balanced energetic scale (for a broader discussion
about hyper-parameters of RepliSage, see the user manual in
the Supplementary Information and Supplementary Table S2 ).

The algorithm 

RepliSage employs the Metropolis Monte Carlo algorithm.
The total energy change associated with a proposed update
is decomposed into two components: 

�H = �Hlink + �Hnodes , (16)

where �Hlink arises from network rewiring, corresponding to
LEF movements and �Hnodes arises from changes of epige-
netic states. When a LEF move is proposed (i.e. modification
of network links), two types of updates are possible: either a
local random walk, shifting the LEF to neighboring positions
(mi , ni ) ↪→ (mi ± 1 , ni ± 1) , or a rebinding move, in which the
LEF detaches and rebinds at a new random position with min-
imal loop length, i.e. mi = ni . If an epigenetic update is pro-
posed, the state sk at a given node may transition to any state
different from its current one. 

Therefore, the stochastic simulation of RepliSage can be
summarized in the following steps: 

(1) The user defines the input .bedpe and RT data and
from these data RepliSage determines the binding po-
tentials and simulated replication fraction. 
(2) Initialize random initial configurations of LEFs (mi , ni ) 
and epigenetic states sk . 

(3) Initialize the matrix Jkl so as to be equal to 1 when k 

and l are connected by a LEF, or when k = l ± 1 and 0 

otherwise. 
(4) With probability p1 = 0 . 5 , choose a node state change 

or rewiring move, otherwise. 
(5) Compute the total energy difference �H resulting from 

the proposed move, including contributions from the 
state interaction term. Accept the move if �H < 0 , or 
with probability e−�H/kTmc otherwise. 

(6) Change the interaction matrix if a rewiring move was 
accepted. 

(7) Repeat steps 4–6 for Nsteps Monte Carlo steps (MCs).
Each MC consists of Nsweep attempted Metropolis up- 
date proposals, as specified by the user. To ensure ad- 
equate mixing of the system, it is generally recom- 
mended that Nsweep is comparable to the system size 
Nbeads , so that, on average, a substantial fraction of the 
system’s states is proposed for change during each MC.

In the Metropolis simulation, configurations were sampled 

with a frequency fmc in order to reduce correlations between 

successive states, and an initial burn-in period τburn-in was ap- 
plied to allow the system to reach equilibrium. It is important 
to note that RepliSage is inherently an out-of-equilibrium sim- 
ulation in the sense that when the replication forks start their 
action, the system is driven away from its pre-replication state 
and evolves toward a new configuration. Therefore, at least 
throughout the S phase, RepliSage describes an intrinsically 
non-equilibrium process. 

Molecular dynamics 

The molecular modeling approach assumes two polymer 
chains, each composed of Nbeads monomers. The total poten- 
tial energy of the system is given by: 

U = Ubk + Uev + Ule (t ) + Urep (t ) + Upull + Ublock (t ) . (17) 

Each term encodes a distinct physical contribution. The back- 
bone potential Ubk enforces bonds between consecutive beads,
maintaining approximately fixed distances along the chain.
The excluded volume term Uev ensures self-avoidance. The 
time-dependent potential Ule (t ) captures long-range, pair- 
specific loop interactions. The pulling term Upull drives the 
spatial separation of the two chains during the G2/M phase.
Finally, Ublock (t ) is a non-bonded potential that models effec- 
tive attraction between beads belonging to the same compart- 
ment. We use OpenMM [ 90 , 91 ] to perform molecular dynamics 
simulations for 3D chromatin reconstruction; the parameters 
listed below define the corresponding polymer model and in- 
tegration scheme. 

The backbone potential, Ubk = kbk 
∑ Nbeads 

k 

(
rk − dbk 

)2 , in- 
cludes strong covalent bonds between consecutive beads 
( kbk = 5 × 105 kJ / (mol · nm 

2 ) ) with an equilibrium distance 
dbk = 0 . 1 nm , angular forces ( kφ = 200 kJ / (mol · rad 

2 ) , θ = 

π ). Moreover, the excluded volume term is defined as: 

Uev = ε

(
rev 

r + δ

)3 

, (18) 

where ε = 200 kJ /mol , rev = 0 . 1 nm , and δ = 0 . 01 nm . By 
setting ε = 0 at specific positions along the polymer chain, we 
model the activity of topoisomerases. This mechanism is cru- 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag618#supplementary-data


RepliSage: modeling chromatin across the cell cycle 9

Table 1. Default OpenMM model parameters used in the molecular simulation, along with corresponding symbols, units, and values 

Parameter name Symbol Units Value 

Temperature T Kelvin 310 
Backbone bond strength kbk kJ/(mol ·nm 

2 ) 5 × 105 

Backbone bond length dbk nm 0.1 
Backbone angle force constant kφ kJ/(mol ·rad 2 ) 200 
Backbone angle equilibrium θ rad π

Excluded volume strength ε kJ/(mol ·nm 

2 ) 200 
Excluded volume radius rev nm 0.1 
Excluded volume shift δ nm 0.01 
Excluded volume cut-off distance rcut nm 0.2 
LEF bond strength kle kJ/mol 5 × 104 

LEF bond length � nm 0.1 
Replication bond strength krep kJ/(mol ·nm 

2 ) 5 × 104 

Replication bond strength (replicated) krep kJ/(mol ·nm 

2 ) 103 

Replication bond length drep nm 0.0 
Replication bond length (replicated) drep nm rrw / 4 
Pulling force strength f kJ/(mol ·nm) 103 

Compartment interaction range σ nm rrw / 2 
Compartment equilibrium distance �b nm 0.2 
Compartment energy (state s = 2 ) E2 kJ/mol −0 . 2 
Compartment energy (state s = 1 ) E1 kJ/mol −0 . 4 
Compartment energy (state s = 0 ) E0 kJ/mol −0 . 6 
Compartment energy (state s = −1 ) E−1 kJ/mol −0 . 8 
Compartment energy (state s = −2 ) E−2 kJ/mol −1 . 0 
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ial for the disentanglement and subsequent full separation of
ister chromatids following the completion of the S phase. 

The loop-formation potential, Ule (t ) , is time-dependent and
odels LEF-mediated loop formation via harmonic bonds: 

Ule = kle 

Nlef ∑ 

i =1 

( ri − �) 2 , (19)

here � = 0 . 1 nm is the equilibrium bond length and ri (t ) =
� rmi (t ) −� rni (t ) | is the distance between LEF-bound beads. These
nteractions are weaker than backbone bonds, with strength
le = 5 × 104 kJ / (mol · nm 

2 ) . 
The replication potential, Urep (t ) , maintains strong har-
onic bonds between paired monomers k and k + Nbeads 

cross the two chains prior to replication; thus τi = |� ri −
 i + Nbeads 

| . As replication progresses, these bonds weaken, allow-
ng chain separation: 

Urep =
Nbeads ∑ 

k =1 

krep ,k 
(
τk − drep ,k 

)2 
, (20)

here both the bond strength and equilibrium distance be-
ween the two polymer chains depend on the replication state
f each monomer: 

krep ,k =
{

5 × 104 kJ / (mol · nm 

2 ) , if not replicated , 

103 kJ / (mol · nm 

2 ) , if replicated , 
(21)

nd, 

drep ,k =
{

0 , if not replicated , 

rrw 

/ 4 , if replicated . 
(22)

ith this parameterization, DNA replication results in the
radual separation of the two polymer chains through the
ormation of long-range bonds, effectively modeling the de-
ttachment process. The factor rrw 

= dbk 

√ 

Nbeads is used as
n approximation of the characteristic length scale, based on
he average distance of a random walk, which scales with the
quare root of the number of beads. 
At the end of replication, upon entering the G2/M phase of
the simulation, the replication-related potential Urep is set to
zero, and a new force is introduced to promote the spatial sep-
aration of sister chromatids. At this stage, an external force is
introduced to drive the spatial separation of the two polymer
chains. This force is implemented via the linear potential: 

Upull = − f x, (23)

where x denotes the coordinate along the fixed pulling direc-
tion (1,0,0). The force magnitude is set to f = ±103 kJ / (mol ·
nm ) , with opposite signs applied to the two polymer chains,
thereby inducing their separation along this direction. This
pulling force acts in competition with excluded volume inter-
actions, facilitating chromatid disentanglement while preserv-
ing steric constraints. 

The block-copolymer potential Ublock is modeled as a
Gaussian-shaped non-bonded interaction [ 111–113 ], promot-
ing attraction between monomers belonging to the same epi-
genetic state. The potential acts over all pairs of monomers
and is written as: 

Ublock =
∑ 

k<l 

E exp 

(
− (rkl − �b )2 

2 σ 2 

)
, (24)

where the interaction strength E is defined as: 

E =
∑ 

s ∈{ 0 , ±1 , ±2 } 
Es δ(s′ 

k − s ) δ(s′ 
l − s ) , (25)

with Es taking values specified in Table 1 when both interact-
ing monomers belong to the same compartment, i.e. s′ 

k = s′ 
l .

Here, rkl denotes the distance between monomers k and l,
�b is the preferred interaction distance, and σ sets the inter-
action range. The interaction energy Es is stronger for the B
compartment, which correlates with late RT. The range of ex-
cluded volume interactions is defined as σ = rrw 

/ 2 , meaning
that the interaction range is half the average distance of a ran-
dom walk. We assume that the equilibrium distance for com-
partment interactions is twice the loop equilibrium distance,
�b = 0 . 2 nm , as compartmentalization reflects more distal,
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non-local interactions compared to loop extrusion. Compart-
ment interactions are relatively weak, with A compartments
considered more loose than B compartments [ 9 , 107 ]. 

The 3D dynamics of the polymer chains were simulated
using Langevin dynamics, which incorporates conservative
forces, viscous damping, and thermal noise. Each bead is as-
signed a mass of m = 16, 427 . 889 amu , chosen to approxi-
mate a small segment of chromatin represented in the coarse-
grained model (roughly 1/10 of a nucleosome). All beads are
identical, so the precise mass does not affect the relative struc-
tural organization or qualitative dynamics of the system. The
equation of motion reads: 

m
d2 � r 
dt2 

= −∇U − γ
d� r 
dt 

+
√ 

2 γ kB T � η(t ) , (26)

where U is the total potential energy of the system, γ is the fric-
tion coefficient, kB is the Boltzmann constant, and T = 310 K
is the simulation temperature (this is different parameter from
Tmc ). The stochastic term � η(t ) represents Gaussian white noise
with zero mean and unit variance, satisfying 〈 ηi (t ) η j (t ′ ) 〉 =
δi j δ(t − t ′ ) . The friction coefficient was set to γ = 0 . 1 fs −1 ,
and the integration time step was �t = 100 fs . The first term
on the right hand side describes conservative forces derived
from the total potential U, which includes bonded and non-
bonded interactions defined previously. The second term ac-
counts for viscous damping due to the implicit solvent, while
the third term enforces the fluctuation dissipation theorem, en-
suring correct thermal sampling at 310 K . The Langevin inte-
grator is used by default unless otherwise stated. Energy mini-
mization was performed prior to dynamics with a tolerance of
1 . 0 kJ/mol . This Langevin framework allows the polymer to
explore thermally accessible conformations while remaining
consistent with the underlying physical potentials encoded in
the OpenMM force field [ 90 , 91 ]. 

Parallelization 

Monte Carlo simulations, particularly those based on the
Metropolis algorithm, are computationally demanding due to
the large number of stochastic updates required to explore
the energy landscape thoroughly. Nevertheless, their key ad-
vantage lies in generating structural ensembles rather than re-
lying on single averaged configurations, allowing more accu-
rate representation of biological variability. To improve com-
putational efficiency, RepliSage incorporates just-in-time (JIT)
compilation using the numba Python library [ 114 ], which
translates critical parts of the Monte Carlo code into low-
level machine instructions. This optimization results in sub-
stantial speedups, with performance gains of up to 100-fold as
reported in the library’s documentation. The same approach
has also been applied to develop an optimized version of
LoopSage. For the molecular dynamics component, RepliS-
age employs OpenMM [ 90 , 91 ], which supports parallel exe-
cution on multi-core CPUs and enables GPU acceleration via
OpenCL or CUDA backend. The complete RepliSage pipeline
has been validated across a range of computational environ-
ments, including personal laptops, desktop workstations, and
high-performance computing (HPC) clusters. 

Results 

The primary aim of the RepliSage analysis is to investigate
how 3D chromatin architecture changes across the cell cycle
and how RS modulates these structures. In particular, we use
the model to test mechanistic assumptions regarding the inter- 
action between replication forks and loop extrusion, as well as 
the potential role of forks in organizing epigenetic states. Al- 
though such assumptions could, in principle, be explored us- 
ing purely synthetic inputs, we incorporate experimental data 
to ensure biological relevance. The RepliSage framework in- 
tegrates three interconnected modules (replication simulation,
stochastic loop extrusion, and 3D physical modeling) linking 
1D DNA stochastic processes to 3D chromatin structure. To 

assess whether these mechanisms capture meaningful features 
of genome organization, we compare RepliSage simulations 
with orthogonal experimental datasets and with NucDynam- 
ics simulations [ 93 ], providing a basis for model validation. 

RepliSage integrates two main input data types: (i) RT pro- 
files and (ii) chromatin loop data from 3C-type assays, which 

are used to define CTCF-mediated interactions. By default,
RepliSage internally loads single-cell RT data [ 115 ] gener- 
ated for the GM12878 human LCL. However, alternative RT 

datasets can be easily substituted as required. RepliSage also 

supports bulk Repli-seq data provided in BigWig format. In 

this study, we used CTCF ChIA-PET data from ENCODE as 
3C-based input for two cell lines: GM12878 and K562 human 

erythroleukemia cell line to leverage available validation data.
Single-cell Hi-C data is available for the K562 [ 92 ], whereas 
in-house cohesin HiChIP data were generated for GM12878.
For modeling purposes, we used GM12878 single-cell RT data 
[ 115 ] as a baseline reference for both cell lines, as single-cell 
RT data for K562 cells is not available. The strong correlation 

(over 80%) between pseudo-balk single-cell RT in GM12878 

and the K562 bulk Repli-seq data from ENCODE indicates 
substantial conservation of global RT structure across both 

cell types ( Supplementary Fig. S2 A and B). To assess potential 
bias arising from the use of different cell lines for single-cell 
RT and ChIA-PET input data, we performed additional simu- 
lations using matched datasets, i.e. GM12878 Repli-seq with 

GM12878 ChIA-PET and K562 Repli-seq with K562 ChIA- 
PET. 

Modelling of cell cycle and replication stress 

To model the cell cycle, we divided the simulation into three 
distinct phases (G1, S, and G2/M) each requiring specific 
energy modifications and implementation strategies. In the 
G1 phase, chromatin dynamics are driven by loop extrusion,
where BEs act as static barriers to LEFs, and epigenetic states 
evolve according to the discrete-state interaction. The num- 
ber of LEFs in this phase was set to Nlef = 1000 , with a 
baseline folding coefficient f1 = 1 . In the S phase, replication 

forks, imported from the Replikator module, are introduced 

and act as dynamic, transient obstacles to LEF progression.
Once replication is complete, the two daughter DNA chains 
remain closely associated. The G2/M phase is modeled by (i) 
introducing a second population of LEFs ( Nlef , 2 = 1000 ) with 

a higher folding coefficient f2 = 2 , representing condensins,
and (ii) enabling local relaxation of excluded volume interac- 
tions through random Monte Carlo moves, mimicking topoi- 
somerase activity with probability ptop = 0 . 01 . This reflects 
experimental findings that condensins operate 2–5 times faster 
than cohesins and can bypass them without displacement 
[ 116 ], and that topoisomerases act throughout the cell cy- 
cle. Both LEF populations operate independently and continu- 
ously extrude loops. Chromosome-wide simulations were per- 
formed using a coarse-grained polymer model of two chains,

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag618#supplementary-data
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ach consisting of Nbeads = 10 , 000 beads. The Monte Carlo
rder parameter was fixed at Tmc = 1 . 8 to balance struc-
ural order and fluctuation.The total simulation length was
 × 105 MCs. The three cell-cycle phases were assigned the
ollowing temporal windows: G1: 0–5 × 104 MCs, S phase:
 × 104 –105 MCs, and G2/M: 105 –2 × 105 MCs. For RS sim-
lations, we used twice as many steps in S phase, reflecting the
lower progression of replication under stress conditions. This
hoice was applied consistently across all simulations pre-
ented in this work. It is important to note that Monte Carlo
ime represents a simulation timescale (pseudotime) and does
ot correspond directly to physical time. One Monte Carlo
tep corresponds to Nsweep = 10, 000 attempted Metropolis
pdates, ensuring sufficient LEF and epigenetic updates for
roper mixing, particularly given the strong autocorrelations
nherent to cell-cycle dynamics. Configurations were sampled
very fmc = 200 steps after a burn-in period of τburn- in = 103 

Cs. Execution of both the stochastic Monte Carlo simu-
ation and associated molecular dynamics via OpenMM re-
uired slightly less than one day on a standard computa-
ional infrastructure. To model RT under RS conditions, we
ncreased the initiation rate while reducing replication fork
peed (further details on the specific parameter choices are
rovided in the Supplementary Information). Under normal
onditions, fewer than 10% of origins fire, whereas under
tress this proportion increases to 20%–40% (for more de-
ails, see Supplementary Information). 

We simulated the 3D organization of human chromo-
ome 14 throughout the cell cycle (Fig. 3 A). This analy-
is was performed for both GM12878 and K562 cell lines
Fig. 3 , and Supplementary Figs S3 and S4 ), focusing on a
ubtelomeric-excluded region of chromosome 14 spanning
ositions 23 535 000 to 99 174 700 with the cell-cycle spe-
ific parameters discussed earlier. The chromosome was sim-
lated with two polymer replicates, each consisting of 10
00 beads. To analyze chromatin folding dynamics, we mon-
tored the evolution of the average loop length over Monte
arlo pseudo-time (Fig. 3 B). A slight but statistically signifi-

ant decrease in loop length is observed during the S phase.
 comparable decrease in the average loop length was also
bserved when simulations were performed using Repli-seq
ata ( Supplementary Fig. S2 C and D). In the G2/M phase,
ondensin activity restricts the formation of long, mobile
oops, thereby rapidly guiding the system toward structural
quilibrium. 

The increased replication activity under stress leads to a sta-
istical significant reduction in average loop size, highlighting
hat RS alters loop organization (Fig. 3 B and C). However,
his reduction remains moderate because the “moving bar-
ier ” effect exerted by replication forks on LEFs is limited in
oth time and space. Replication forks act only within regions
hat are actively being replicated at a given time, and their in-
uence does not accumulate uniformly across the genome as
eplication progresses and forks merge. Furthermore, under
S conditions, the elevated initiation rate leads to faster syn-
hronization of links connecting loci with identical epigenetic
tates, as evidenced by the earlier rise to higher signal inten-
ities in the plot (Fig. 3 D). This phenomenon arises because
 greater number of replication origins fire earlier. Accord-
ng to the model, these replication origins act as epigenetic or-
anisers that locally promote the alignment of chromatin re-
ions from B into the A compartment. RepliSage simulations
riven by Repli-seq data show the same qualitative behavior
( Supplementary Fig. S2 E). Despite these differences in syn-
chronization dynamics, the overall compartmental organiza-
tion remains largely consistent between normal and stress
conditions. These findings are further supported by HiChIP
data, which reveal a highly consistent compartmentalization
pattern between normal and RS conditions, exhibiting Pear-
son correlation coefficients exceeding 94% ( Supplementary
Fig. S5 ). Nonetheless, when we enable the model assumption
that replication forks are able to reorganize epigenetic marks
(Eq. 9 ), we observe an + 7.6% increase in B→ A switching
of the node epigenetic states (Fig. 3 E). These epigenetic state
changes are correlated with the compartment state. 

In Fig. 4 , gyration radius and convex hull volume of the
single polymer chain are calculated for each structure of the
ensemble. These metrics reveal that during the G1 phase,
the chromosome is in a compact state. In the S phase, de-
compaction occurs due to the separation of the two polymer
chains and the initiation of replication origins. Subsequently,
in the G2/M phase, the chromatin re-compacts, driven by
the activity of condensins and enhanced by block copolymer
interactions. 

Validation of the model 

Validating 3D chromatin models remains challenging due to
the shortage of ground truth structural data defining the ex-
act spatial positions of atoms in the 3D structure. Conse-
quently, validation commonly relies on comparisons between
simulated distance maps and experimental contact matrices,
as well as on the detection of characteristic architectural fea-
tures such as loops, stripes, and TADs [ 6 , 117 ]. Replication-
associated dynamics have been linked to fountain-like inter-
action patterns and to TAD-border enrichment in G2/M, re-
flecting sister chromatid interactions [ 118 , 119 ]. However, di-
rect map-to-map correlations can be misleading due to diago-
nal dominance, normalization procedures, and differences in
resolution and smoothness, all of which introduce systematic
biases [ 120–122 ]. Moreover, robust metrics for detecting spe-
cific structural features remain limited. These challenges mo-
tivate the combined quantitative and qualitative validation
strategies employed in this study. 

For validation, we compared RepliSage outputs with or-
thogonal Hi-C datasets in GM12878 and K562 (ENCODE),
and qualitatively assessed key biophysical features including
loop sizes and chromatin compaction using single-cell Hi-
C [ 92 ]. Importantly, to directly investigate changes in 3D chro-
matin organization upon RS, we performed cohesin HiChIP
[ 94 ] under control conditions and following RS induction. 

RepliSage integrates biophysical modeling across multiple
chromatin scales. At the TAD level, it incorporates a modi-
fied version of LoopSage [ 86 ], which we previously validated
through comparisons of loop-specific features between sim-
ulations and experimental datasets. Although RepliSage fo-
cuses on chromosome-scale modeling rather than loop extru-
sion itself, accurate representation of loop extrusion is essen-
tial because it directly interacts with DNA replication and the
propagation of epigenetic states. At the compartment scale,
RepliSage employs an epigenetic field derived from RT data.
Since RT strongly correlates with chromatin compartmental-
ization [ 40 ], the resulting epigenetic state patterns closely re-
capitulate Hi-C derived A/B compartments. Consistent with
this, the ensemble-averaged epigenetic states reach over 80%
Pearson correlation with K562 Hi-C compartment profiles

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag618#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag618#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag618#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag618#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag618#supplementary-data
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Figure 3. Modeling of the representative region [23535000 , 99174700] bp of chromosome 14 in K562 cells using RepliSage. ( a ) Representative 3D 

structures of chromosome 14 spanning positions 23 535 0 0 0 to 99 174 700 bp during the G1, S, and G2/M phases of the cell cycle. Each polymer bead 
represents approximately 7 . 56 kb of genomic DNA. ( b ) Evolution of the average loop length as a function of MCs, including comparison with RS 
conditions. The shaded area represents the 95% confidence interval of the average loop length, highlighting the clear separation between control and 
stress conditions. For regular replication, the mean relative decrease compared to G1 is approximately 25%, with a paired t -test confirming significance 
( t = 3 . 82 , p ≈ 1 . 37 × 10−4 ). Under RS, the decrease remains highly significant ( t = 7 . 18 , p ≈ 9 . 71 × 10−13 ). ( c ) Average loop size across cell cycle 
phases in normal and RS conditions. ( d ) Fraction of LEF-mediated links connecting nodes of identical state (i.e. links between nodes with the same sign; 
for example, nodes with states −2 and −1 are considered equivalent). ( e ) Violin plot showing the distribution across simulation beads of the change in 
average node state during S phase, calculated as the difference between each bead’s average state in G1 and in G2/M (left panel). The average 
percentage of B→ A switching relative to normal replication conditions (right panel). 

 

 

 

 

 

 

 

 

(Fig. 5 A and B). To further validate large-scale organization,
we compared the first eigenvectors of inverse distance matri-
ces from simulated ensembles (Fig. 5 C) with those from Hi-C
data (Fig. 5 D), observing correlations above 60%. In contrast,
random walk ensembles, lacking compartmental structure, ex-
hibit near-zero correlation, further supporting the biological
relevance of RepliSage output. 

As RepliSage is primarily designed to model DNA repli-
cation dynamics, we performed qualitative validation using
single-cell Hi-C datasets for K562 cell line [ 92 ] which pro- 
vides insight into the distribution of loop sizes across dis- 
tinct cell cycle phases. We constructed phase-specific interac- 
tion sets by merging overlapping anchors and retaining sta- 
tistically significant interactions supported by at least three 
contacts. Interactions exceeding 2000 kb were excluded, as 
such long-range contacts are unlikely to arise from canoni- 
cal loop extrusion mechanisms. This analysis revealed a con- 
sistent trend across cell cycle: during S phase, average loop 
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Figure 4. Structural metrics of the obtained 3D chromatin configurations 
derived using the K562 ChIA-PET dataset. During the G1 phase, the 
chromatin exhibits compaction. In the S phase, the activity of replication 
forks leads to a transient de-compaction of the structure. In the G2/M 

phase, increased compaction is observed again, driven by 
block–copolymer interactions and condensin-mediated binding. 
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engths are shorter than in G1, while in G2/M, loops tend to
e longer, likely reflecting condensin-mediated chromosome
ompaction (Fig. 5 E and F) in agreement with Fig. 3 B and C.

Finally, we experimentally validated whether RS influences
hromatin loop architecture, as observed in the RepliSage sim-
lations (Fig. 3 B and C). To this end, we performed a cohesin
iChIP experiment to capture cohesin-mediated chromatin

ontacts at high resolution. We analyzed loop length distribu-
ions in the GM12878 LCL under mild RS conditions induced
y two different chemical compounds that interfere with DNA
eplication: (i) aphidicolin, a DNA polymerase inhibitor, and
ii) hydroxyurea, which inhibits ribonucleotide reductase and
eads to the depletion of the deoxyribonucleotide pools. As
ontrol conditions, we used DMSO or water, respectively. A
tatistically significant reduction in chromatin loop sizes was
bserved under both stress conditions, indicating that RS leads
o a diminishing of the length of chromatin contacts (Fig. 5 G).
hese findings are consistent with the simulation results and
upport the mechanistic predictions of the RepliSage frame-
ork (Fig. 3 B and C). 

ow resolution models of chromosomes 

o gain deeper insights into chromatin structural dynam-
cs throughout the cell cycle, we generated low-resolution
100 kb) 3D models for the K562 (Fig. 6 ) and GM12878
 Supplementary Fig. S6 ) cell lines. Violin plots (Fig. 6 A) con-
rm that S phase exhibits the shortest loop sizes. The results
ere consistent with previous high-resolution analyses (Fig.
 , and Supplementary Figs S2 and S4 ), showing a robust de-
rease in average loop size during S phase under RS compared
o normal conditions (Fig. 6 B), likely due to increased replica-
ion fork activity acting as “moving barriers” to LEFs. 
Furthermore, to quantitatively assess the structural proper-
ties of chromatin across the cell cycle, we computed a range
of geometric descriptors, as detailed in the Supplementary In-
formation (see Definition of structural metrics section). These
descriptors were used to perform principal component analy-
sis (PCA) as shown in Fig. 6 C. The PCA results revealed clear
clustering of chromatin conformations according to cell cycle
phase, with each phase forming distinct groups in the reduced-
dimensional space. Furthermore, analysis of the radius of
gyration Rg across chromosomes (Fig. 6 D) demonstrated a
consistent trend of chromatin decompaction during the S
phase, followed by increased compaction during the G2/M
phase relative to G1. These findings underscore the phase-
specific reorganization of chromatin structure during cell cycle
progression. 

Comparison with models from single-cell Hi-C data 

To assess the consistency of RepliSage predictions, we com-
pared them with single-cell chromatin structure models recon-
structed from single-cell Hi-C data using the NucDynamics
framework [ 93 ], applied to the K562 single-cell Hi-C dataset
of Chai et al. (2025) [ 92 ]. In that study, cells were classified
into G1, S, and G2/M phases based on the expression of phase-
specific genes. PCA was performed, and the contact data were
projected onto the first two principal components to group
cells into pseudo-bulk metacells, representing distinct stages
along the cell cycle pseudo-time. Following their methodol-
ogy, we employed the NucDynamics software [ 93 ] to recon-
struct 3D chromatin structures for each meta-cell. This al-
lowed us to investigate the overall patterns of chromatin struc-
tural changes and compaction across the cell cycle, which we
then compared to analogous results generated using RepliSage
for the same K562 cell line. 

To quantitatively assess chromatin compaction through-
out the cell cycle, we calculated the radius of gyration ( Rg )
and the convex hull volume for each chromosomal structure.
The results are presented in Supplementary Figs S7–10 . In the
NucDynamics-based analysis, both Rg and convex hull vol-
ume gradually increased from G1-to-S phase, indicating a re-
laxation of chromosome, and then decreased upon entry into
the G2/M phase, suggesting a re-compaction of chromatin. A
comparable pattern was observed with the RepliSage results
(see Fig. 6 D), thereby supporting the validity of our approach.
Notably, although RepliSage does not incorporate single-cell
contact data in its modeling, the chromatin dynamics it in-
fers align closely with known chromatin compaction trends
from other studies [ 35 ] as well as with our own 3D structural
reconstructions. This consistency highlights the robustness of
RepliSage in capturing broad chromatin behavior across the
cell cycle, despite relying on an orthogonal data modality. 

Parameter study 

To explore how model parameters influence the relationship
between DNA replication and chromatin structure, we per-
formed a targeted parameter study on a representative re-
gion of human chromosome 14, spanning genomic coordi-
nates [70835000 , 98674700] bp. This specific segment was
selected to balance biological relevance and computational ef-
ficiency, as simulating an entire chromosome at high resolu-
tion would be computationally prohibitive. 

Simulations were carried out using two polymer chains,
each comprising Nbeads = 2000 beads. The total simulation

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag618#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag618#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag618#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag618#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag618#supplementary-data
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Figure 5. Validation of the RepliSage model. ( a ) Ensemble-averaged epigenetic field compared to K562 Hi-C (ENCODE) compartmentalization profiles 
across different cell cycle phases. ( b ) Pearson correlation between simulated and experimental compartment signals. ( c ) Averaged inverse all-versus-all 
distance heatmaps from RepliSage across cell cycle phases. ( d ) Pearson correlation between the first eigenvector of simulated distance maps and Hi-C 

compartment eigenvectors. ( e ) Distribution of interaction distances derived from single-cell K562 Hi-C data [ 92 ]. ( f ) Per-chromosome distribution of 
interaction lengths across cell-cycle phases from single-cell K562 Hi-C data. Each point represents a chromosome-specific mean interaction length, with 
global phase-wise mean and median trends shown as solid and dashed lines, respectively. ( g ) Comparison of loop length distribution derived from 

GM12878 SMC1 HiChIP experiments in two groups: DMSO and APH (Group 1), and H2 O and HU (Group 2). Violin plots show the distribution of 
log-transformed loop lengths ( log 10 scale) with quartile lines overlaid. In both groups the difference upon treatment is statistically significant ( p < 0 . 001 , 
Mann–Whitney U test). APH, aphidicolin; HU, hydroxyurea. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

time was set to Nsteps = 2 × 105 MCs. The system was first
equilibrated during the G1 phase for τrep = 5 × 104 MCs.
Replication was then simulated over Tr = 5 × 104 MCs (S
phase), followed by additional MCs to allow the system
to reach equilibrium post-replication (G2/M phase). In this
framework, one Monte Carlo step corresponds to Nsweep =
2000 individual Monte Carlo moves. Each move consists of
either LEF dynamics or an epigenetic state update, ensuring ef-
ficient configurational sampling and proper stochastic reshuf-
fling of the system. We mainly focused on the behavior of the
system under the change of the order parameter taking the
following values Tmc ∈ [1 , 1 . 4 , 1 . 8 , 2 . 2 , 2 . 6 , 3 . 0] . This con-
trolled setup enabled systematic investigation of parameter-
dependent chromatin reorganization across the cell cycle.
For each temperature, RepliSage was independently executed
10 times, and the statistical averages from these runs were pre-
sented in Fig. 7 . 
RepliSage exhibits strong sensitivity to its parameter set- 
tings. Therefore, gaining at least a qualitative understanding 
of its behavior under perturbations of key parameters is es- 
sential. Figure 7 A shows how the average loop length varies 
as a function of the order parameter Tmc . Lower values of Tmc 

promote longer and more stable loops, whereas higher values 
favor shorter loops. This reflects the role of Tmc as an effec- 
tive biological temperature, where increased kinetic noise en- 
hances LEF unbinding and limits loop growth. Reducing Tmc 

stabilizes LEF binding, favoring energy-minimizing configu- 
rations and enabling clearer distinctions in loop size across 
cell-cycle phases. 

By varying replication fork speed and initiation rate 
( Supplementary Fig. S11 A) for a fixed 

ˆ Tmc = 1 . 4 , we find 

that slow forks combined with higher initiation rates pro- 
duce smaller average loop sizes, whereas fast fork progression 

leads to larger loops. This behavior is consistent with earlier 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag618#supplementary-data
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Figure 6. Chromosome-scale structural changes across cell cycle phases and upon RS as predicted by RepliSage using CTCF ChIA-PET input data in 
K562 cells. Each polymer bead represents 100 kb of genomic DNA, providing a coarse-grained view that emphasizes large-scale organization. As a 
result, the apparent units and structures may differ slightly from those in higher-resolution simulations, reflecting the model’s focus on long-range 
chromosomal architecture. ( a ) Distribution of loop lengths across cell cycle phases. ( b ) Comparison of loop length distributions under normal and RS 
conditions. ( c ) PCA of structural descriptors (as defined in the Definition of structural metrics section) for each polymer conformation. Each structure is 
encoded as a high-dimensional vector capturing geometric attributes. The unsupervised 2D projection shows weak clustering by cell cycle phase, 
indicating subtle phase-specific structural signatures. Each point represents a single 3D structure. ( d ) Distribution of the radius of gyration Rg across 
chromosomes and cell cycle phases represented by the KDE estimation of the histograms. It shows global chromatin decompaction during S phase 
(shift toward higher Rg ) and increased compaction in G2/M phase (shift toward lower Rg ). 
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Figure 7. Parameter study of RepliSage. Results are based on 10 independent simulations using CTCF ChIA-PET data from the GM12878 cell line, 
focused on the illustrative region [70 835 0 0 0, 98 674 700] of chromosome 14. The polymer model uses 20 0 0 beads, with each bead representing 
approximately 14 kb of genomic DNA. For each value of Tmc , 10 independent runs of the RepliSage algorithm were performed and subsequently 
averaged. ( a ) Average loop length as a function of the order parameter Tmc . Elevated values of Tmc correspond to shorter loops, whereas lower values 
reproduce previously reported trends: moderate compaction during S phase followed by enhanced compaction in G2/M phase. ( b ) Average epigenetic 
state, quantified as the mean value 〈 s〉 across all nodes in the chromatin graph, plotted as a function of Tmc . A discrete jump in 〈 s〉 reflects 
replication-induced epigenetic reconfiguration driven by replication fork progression. ( c ) Contour plot depicting the evolution of the radius of gyration as a 
function of both Tmc and Monte Carlo time. A range of critical Tmc values is observed at which chromatin compaction is maximized. ( d ) Contour plot of 
the convex hull volume as a function of Tmc and Monte Carlo time. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

observations from whole-chromosome simulations under
both normal and RS conditions (Fig. 3 , and Supplementary
Figs S2 and S4 ). Another factor influencing replication dynam-
ics is the blocking effect of replication forks on LEFs. While
previous simulations assumed complete LEF blockage at repli-
cation forks, experimental evidence indicates that cohesin can
bypass a fork [ 41–44 ]. We tested this scenario by varying the
fork permeability score ( crep ) (see Eq. 6 and Eq. 15 ). Accord-
ingly, in Supplementary Fig. S11 B, we quantify the mean num-
ber of LEF–replisome violations over the course of S phase as
a function of the permeability score crep . For small values of
crep (e.g. crep � 10−6 ), rare violations are observed, indicating
that LEFs can occasionally traverse replication forks even un-
der strong barrier conditions. This effect becomes more pro-
nounced at lower values of the order parameter Tmc , where re-
duced stochasticity favors configurations more consistent with
the assumed energy, but still allows occasional crossing events.
Taken together, this behavior indicates that crep acts as a con-
tinuous regulator of fork permeability, determining whether
LEF crossing is suppressed or allowed. 

An additional point of interest relates to the recent work of
Liu et al . [ 118 ], which demonstrated that replication fork pro-
gression can generate striking fountain-like patterns in spe- 
cially designed Hi-C experiments. Although a direct compari- 
son with our simulations is technically difficult, given the dif- 
ferent nature of simulated and experimental contact maps and 

the lack of any robust quantitative metric for identifying such 

features, we nevertheless observe qualitatively similar struc- 
tures near the G1–S transition ( Supplementary Fig. S11 A). In 

particular, we detect a pronounced fountain orthogonal to 

the main diagonal ( Supplementary Fig. S11 B) at the end of 
S phase, located at the center of the heatmap precisely at the 
genomic position where replication terminates in the region 

of interest ( Supplementary Fig. S12 A). This raises the intrigu- 
ing possibility that fountain-like patterns may reflect tran- 
sient chain separation induced by fork progression, though 

further work would be required to test this connection rigor- 
ously. A second relevant discussion concerns the observations 
of [ 119 ], who reported enhanced TAD borders in G2/M, at- 
tributed to interactions between sister chromatids. Our sim- 
ulations also exhibit strengthened TAD boundaries during 
G2/M ( Supplementary Fig. S11 C); however, in our framework 

this arises primarily from condensin-driven compaction rather 
than explicit sister-chromatid interactions. 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag618#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag618#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag618#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag618#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag618#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag618#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag618#supplementary-data
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The epigenetic node state model, includes two coefficients:
ne controlling chromatin–chromatin interactions and an-
ther representing the epigenetic field (Eq. 8 ). As expected,
t high Monte Carlo temperatures the epigenetic field fluctu-
tes randomly, while at low temperatures transitions are sup-
ressed, producing ordered configurations (Fig. 7 B). Replica-
ion forks shift the epigenetic state energy minimum, enhanc-
ng domain organization. In simulations, although the global
pigenetic landscape is largely preserved ( Supplementary
ig. S12 B), local rearrangements appear when the interac-
ion term dominates, consistent with statistical physics re-
ults where long-range interactions can drive phase transi-
ions [ 106 , 123–126 ]. In our chromatin model, loop extrusion
perates over length scales that are short compared to chro-
osomal and compartmental dimensions, keeping the system
elow the transition threshold and maintaining compartment
tability across the cell cycle and stress conditions [ 127 , 128 ].
ccording to our model, two conditions would be required for

oop extrusion alone to drive compartmental organization: (i)
t must play a central role in establishing compartments, and
ii) it must generate long-range loops spanning compartment-
cale distances. Current evidence indicates that neither con-
ition holds [ 129 , 130 ], and the local, short-ranged nature of

oop extrusion [ 5 , 52 , 131 ] explains the remarkable stability of
ompartment patterns even under stress [ 108–110 , 127 , 128 ].

An important observation concerns how the 3D chromatin
tructure is influenced by variations in the Monte Carlo pa-
ameters. This connection is far from obvious, as the inter-
al graph states of the model, defined in 1D, just ultimately
ive rise to a spatial structure in 3D, where the system has sig-
ificantly more degrees of freedom. Figure 7 C and D present
ontour plots of the radius of gyration and convex hull vol-
me, respectively, as functions of both Tmc and Monte Carlo
ime. As expected from prior results, the chromatin structure
s more compact in the G1 and G2/M phases. However, a par-
icularly interesting result is the emergence of a critical tem-
erature region around T∗

mc ≈ 1 . 7 ± 0 . 3 , where compaction
eaches a maximum. This optimal folding does not occur at
he lowest temperatures, but rather within an intermediate
ange, suggesting that a certain level of stochasticity is neces-
ary to achieve biologically realistic 3D organization. Notably,
his behavior is consistent across all cell cycle phases, indicat-
ng a robust temperature-dependent folding regime within the
odel. 

iscussion 

odeling of DNA replication has progressed from early 1D
tochastic and kinetic frameworks, in which origin activation
nd fork progression were simulated explicitly [ 71–81 ], to
ore recent 3D approaches that incorporate spatial aspects
f replication, including origin clustering, differential RT in
pen versus closed chromatin, and explicit modeling of fork
ropagation within the 3D nuclear environment [ 82–85 ]. Par-
llel developments in loop-extrusion modeling [ 86 , 131–136 ]
ave integrated stochastic LEF dynamics with molecular dy-
amics, connecting chromatin organization to cell-cycle pro-
esses. Yet, most existing approaches focus on isolated mecha-
istic hypotheses, neglecting the interplay between replication
orks, LEFs, and epigenetic or compartmental organization
Supplementary Information and Supplementary Table S1 ). 

RepliSage provides the first proof-of-concept framework
apable of simulating the entire cell cycle within a single
model, integrating the three key biophysical processes of
chromatin: loop extrusion, compartmentalization (epigenetic
mark organization), and DNA replication, while modeling
their combined dynamics. This model not only enables test-
ing mechanistic assumptions, as other replication models do,
but also allows users to incorporate their own 3C-type in-
teraction and RT data and to generate ensembles for each
phase of the cell cycle. In addition, RepliSage can simulate RS
by allowing adjustments to origin initiation rates and repli-
cation fork speed parameters. Finally, G2/M phase dynam-
ics are captured by modeling the progressive separation of
replicated chromatids driven by topoisomerase activity and
condensin-mediated loop extrusion. The model is fully docu-
mented and available through an easy-to-install GitHub and
PyPI repository, supporting reproducible and flexible research
applications. 

Biological support of RepliSage is divided into three dis-
tinct parts: (i) incorporating biologically realistic rules derived
from experimental observations, (ii) quantitative validation
through direct correlation analyses, and (ii) qualitative com-
parisons with experimental data. The first category includes
the fundamental biophysical rules, such as cohesin-mediated
loop extrusion with sliding or binding/unbinding moves, repli-
cation kinetics, and the pushing effect of replication forks on
LEFs. In RepliSage, all of these rules are implemented ad hoc;
so, their validity can be assessed directly. Similarly, for the mi-
tosis phase, the topoisomerase activity and condensin-driven
loop extrusion are modeled. For quantitative validation, we
compared the contact heatmaps generated by RepliSage with
orthogonal publicly available Hi-C dataset, benchmarked as
well as with heatmaps produced by random walk models, and
consistently observing stronger correlations with our phys-
ically grounded model. Additionally, the average epigenetic
state predicted by the node state model aligns with the first
eigenvector of the Hi-C contact matrix, indicating that RT
curves alone can reconstruct key structural features observed
experimentally. 

Qualitative validation further demonstrates RepliSage’s
ability to capture advanced aspects of cell cycle dynamics.
Comparisons with NucDynamics models derived from single-
cell Hi-C data [ 92 ] show chromosome decompaction during
S phase with shorter loops, followed by compaction in G2/M
and an increase in loop size due to condensin activity. These
patterns are captured in RepliSage through the “moving bar-
rier” action of replication forks, offering a potential explana-
tion for the TAD weakening during S phase observed experi-
mentally [ 35 ]. Another important layer of qualitative valida-
tion came from the cohesin HiChIP datasets generated for this
study. To our knowledge, these are the first genome-wide 3C
maps to demonstrate RS-induced alterations to 3D chromatin
architecture in mammalian cells. Importantly, RepliSage suc-
cessfully captures the RS-induced loop shortening observed
in these experiments. This is in line with previous micro-
scopic observations using the fluorescent DNA halo technique
showing diminishment of length of chromatin loops follow-
ing aphidicolin treatment [ 137 ]. Furthermore, stalled repli-
cation forks have been shown to hinder cohesin-dependent
loop extrusion [ 138 ], which could contribute to the reduc-
tion in loop size observed under RS. At the level of compart-
ments, chromatin architecture remains largely stable under
RS. Consistent with this, the RT profiles, which are known
to correlate strongly with compartments [ 40 ], are generally
preserved upon mild RS, [ 110 , 139 ]. In line with this studies

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag618#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag618#supplementary-data
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examining the impact of cellular perturbations, such as heat
shock, ionizing irradiation, and DNA double-strand break in-
duction, on chromatin architecture, show that overall chro-
mosomal compartmentalization is largely preserved [ 109 ,
127 , 128 , 140–142 ]. The most significant changes are ob-
served following DSB induction, with approximately 15% of
genomic regions transitioning from the B to the A compart-
ment [ 109 , 110 ]. A similar trend is observed with RepliSage
modeling, in which replication forks are assumed to organize
epigenetic states. This leads to B-to-A switching due to in-
creased origin activation and earlier replication of some re-
gions under RS compared to normal conditions. 

RepliSage relies on simplifications that improve computa-
tional efficiency but also introduce limitations. Fork veloc-
ities are sampled from a Gaussian distribution and remain
constant throughout S phase, whereas in reality replication
speed varies across the genome and changes over time, some-
times differently for left- and right-moving forks [ 47 , 48 ]. Fu-
ture improvements could include deeper integration of repli-
cation dynamics with Hi-C–derived structural features, such
as fountain-like interaction patterns associated with fork pro-
gression [ 118 ] and G2-phase TAD structures linked to sister-
chromatid organization [ 119 ]. Studying the interactions be-
tween the replication and loop extrusion in eukaryotes is chal-
lenging due to the dynamic and stochastic nature of both pro-
cesses. This is further complicated by the existence of distinct
functional states of cohesin (loop-extruding and cohesion-
establishing) which differ in their modes of DNA engage-
ment [ 143–145 ] and likely in their interactions with the repli-
some. Further experimental studies targeting interactions be-
tween the replisome and extrusive cohesin are essential to elu-
cidate the underlying mechanisms. RepliSage is not designed
to model cohesion establishment. Incorporating this complex
biophysical process is an important area for future develop-
ment. Extensions to the RepliSage could include modeling the
effects of topological bonds between sister chromatids and
transitions between the extruding- and cohesion-competent
states of cohesin. Notably, cohesive cohesin can act as a barrier
to loop-extruding cohesin [ 24 , 146 ], highlighting the impor-
tance of integrating these distinct functional modes within a
unified framework. 

Overall, RepliSage aims to reconstruct qualitative cell cycle
behavior and explore 3D chromatin dynamics under varying
assumptions and parameters. Despite simplifications, it cap-
tures key biophysical features, including loop extrusion and
replication-driven remodeling, using minimal input data. Its
predictive capacity and modular design make it a versatile
tool for investigating genome spatial organization and test-
ing mechanistic hypotheses in DNA replication and chromatin
dynamics. 
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he RepliSage model is available as an open-source
roject in GitHub https://github.com/SFGLab/RepliSage
 https://doi.org/10.5281/zenodo.15915842 ). The up-
ated LoopSage implementation is available at https:
/github.com/SFGLab/pyLoopSage [ 86 ]. Cohesin HiChIP
ata generated in this study have been deposited in the
ene Expression Omnibus (GEO) database under ac-

ession number GSE302711. Publicly available CTCF
hIA-PET, Hi-C, and Repli-seq datasets were obtained

rom ENCODE with the following accession numbers:
TCF ChIA-PET for GM12878 (ENCSR184YZV), CTCF
hIA-PET in K562 (ENCSR597AKG), Hi-C in GM128782

ENCSR968KAY), Hi-C in K562 (ENCSR545YBD), Repli-
eq in GM12878 (ENCSR000CXJ), and Repli-seq in K562
ENCSR958IUL). Single-cell RT data in GM12878 were
btained from the Koren laboratory and K562 single-
ell Hi-C–based chromatin structure benchmarks were
aken from Chai et al. [ 92 ]. All simulation outputs and
rocessed data supporting the findings of this study are
vailable from the corresponding authors upon reasonable
equest. 
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