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Abstract 

Epigenetic regulation plays a fundamental role in controlling gene 
expression without altering the underlying DNA sequence. Mechanisms 
such as DNA methylation, histone modification, and chromatin 
remodelling dynamically influence transcriptional activity and cellular 
differentiation. Mathematical modelling, particularly using differential 
equations and dynamical systems, has emerged as a powerful 
framework for understanding these complex regulatory processes. This 
systematic review examines advances between 2018 and 2023 in 
modelling epigenetic regulatory mechanisms governing gene 
expression. Recent studies demonstrate that ordinary differential 
equation (ODE) models are widely used to describe temporal dynamics 
of gene regulatory networks (GRNs), while stochastic and fractional 
models capture variability and memory effects in epigenetic processes. 
Additionally, hybrid and multiscale models integrating gene regulation 
with epigenetic feedback loops have significantly improved predictive 
capability. Mathematical models allow the analysis of nonlinear 
regulatory circuits, feedback loops, and attractor states that determine 
cellular phenotypes. Emerging approaches include data-driven 
parameter estimation, machine learning-assisted differential equation 
models, and integration of single-cell sequencing data. Despite these 
advancements, challenges remain in parameter estimation, data 
integration, and model validation due to the complexity of epigenetic 
systems. This review synthesizes modelling approaches, compares 
architectures, and identifies future research directions such as 
multiscale integration, hybrid AI–mechanistic modelling, and 
personalized epigenetic modelling. 

 
 
Introduction  
Epigenetic regulation represents a crucial layer 
of biological control that governs gene 
expression without modifying the underlying 
DNA sequence. Unlike genetic mutations, 
epigenetic modifications are reversible and 
dynamic, enabling cells to respond to 
environmental stimuli and maintain functional 

diversity. Key epigenetic mechanisms include 
DNA methylation, histone modifications, 
chromatin remodeling, and non-coding RNA 
regulation, all of which interact to influence 
transcriptional activity. These processes play 
essential roles in cellular differentiation, 
development, and disease progression. 
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Understanding the dynamics of epigenetic 
regulation is inherently complex due to the 
nonlinear and multiscale nature of gene 
regulatory networks (GRNs). These networks 
consist of interacting genes, transcription factors, 
and epigenetic modifiers that collectively 
determine gene expression patterns. The 
behavior of such systems cannot be fully 
understood through experimental observations 
alone, as they involve intricate feedback loops, 
time-dependent interactions, and stochastic 
variability. Consequently, mathematical 
modeling has become an indispensable tool for 
studying epigenetic regulatory mechanisms. 
Among the various modeling approaches, 
differential equation-based models have gained 
prominence due to their ability to describe 
continuous changes in gene expression and 
epigenetic states over time. Ordinary differential 
equations (ODEs) are commonly used to model 
the temporal dynamics of gene expression, 
capturing interactions between transcription 
factors, regulatory proteins, and epigenetic 
modifications. These models allow researchers to 
analyze system stability, identify equilibrium 
states, and explore how perturbations affect gene 
regulation. 
In addition to ODE models, stochastic differential 
equation (SDE) models have been introduced to 
account for the inherent randomness in gene 
expression and epigenetic processes. Biological 
systems are subject to noise arising from 
molecular fluctuations, environmental 
variability, and stochastic gene activation events. 
SDE models incorporate these uncertainties, 
providing a more realistic representation of 
cellular behavior and enabling the study of 
variability across cell populations. 
Another important class of models is partial 
differential equation (PDE) models, which 
incorporate spatial dimensions and are used to 
study the distribution of epigenetic marks across 
chromatin regions. These models are particularly 
useful for understanding how epigenetic 
modifications spread along DNA and how spatial 
organization influences gene expression. 
Additionally, fractional differential equations 
have been employed to capture memory effects 
and non-local interactions in epigenetic systems, 
reflecting the persistence of epigenetic states 
over time. 
A key advancement in recent years is the 
development of multiscale modeling frameworks 
that integrate processes across different levels of 
biological organization. These models combine 
molecular-level dynamics with cellular and 
population-level processes, providing a 
comprehensive understanding of gene 
regulation. For example, models of Waddington’s 

epigenetic landscape use differential equations 
to describe transitions between stable gene 
expression states, offering insights into cell fate 
decisions . 
Mathematical models of gene regulatory 
networks often rely on dynamical systems 
theory, where the system’s behavior is analyzed 
in terms of attractors, stability, and bifurcations. 
Attractors represent stable gene expression 
states corresponding to different cell types, while 
transitions between attractors correspond to 
differentiation or reprogramming events. Such 
models have been instrumental in understanding 
how epigenetic regulation controls cell fate and 
maintains cellular identity. 
Despite these advancements, several challenges 
remain in modeling epigenetic regulatory 
mechanisms. One of the primary challenges is 
parameter estimation, as many biological 
parameters are difficult to measure 
experimentally. The complexity of gene 
regulatory networks, combined with noisy and 
incomplete data, makes it challenging to 
accurately calibrate models. Recent approaches 
have addressed this issue by integrating machine 
learning techniques with differential equation 
models, enabling data-driven parameter 
estimation and improved predictive 
performance . 
Another challenge is the integration of 
heterogeneous data from different experimental 
techniques, such as genomics, transcriptomics, 
and epigenomics. Combining these data sources 
into a unified modeling framework requires 
sophisticated computational methods and 
careful validation. Additionally, the high 
computational cost of multiscale models can limit 
their applicability in large-scale studies. 
Recent developments in artificial intelligence and 
computational biology have opened new 
opportunities for advancing epigenetic modeling. 
Hybrid approaches that combine mechanistic 
models with machine learning algorithms can 
leverage large datasets to improve model 
accuracy and scalability. These approaches are 
particularly promising for personalized 
medicine, where models can be tailored to 
individual patients based on their epigenetic 
profiles. 
In conclusion, mathematical modeling has 
become a cornerstone of epigenetic research, 
providing valuable insights into the dynamic 
regulation of gene expression. The integration of 
differential equations, stochastic modeling, and 
data-driven approaches has significantly 
advanced our understanding of epigenetic 
mechanisms. Continued research in this field is 
expected to further enhance our ability to model 
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complex biological systems and develop novel 
therapeutic strategies. 
 
Literature Review  
Sneppen and Ringrose (2018) developed a 
stochastic differential equation model to 
investigate the dynamics of epigenetic histone 
modifications and gene silencing. The model 
focused on the interplay between histone 
methylation and demethylation processes, 
capturing bistable behavior in gene expression 
states. Using stochastic formulations, the authors 
demonstrated that epigenetic states can switch 
between active and repressed configurations due 
to molecular noise. This work highlighted the 
importance of stochasticity in maintaining 
epigenetic memory and cellular identity. 
However, the model was limited to a simplified 
representation of chromatin interactions and did 
not incorporate large-scale gene regulatory 
networks. 
Dodd et al. (2018) proposed a nonlinear ODE-
based model to study DNA methylation dynamics 
and its impact on gene expression regulation. The 
model described interactions between 
methylation enzymes, transcription factors, and 
gene activation states. The authors showed that 
feedback loops between methylation and 
transcription can lead to stable gene expression 
patterns and bistability. Their analysis provided 
insights into how epigenetic modifications 
contribute to long-term gene regulation. 
However, the model did not include stochastic 
effects, which are significant in biological 
systems. 
Zhang et al. (2019) introduced a hybrid 
mathematical model combining ODEs and 
Boolean networks to study gene regulatory 
networks with epigenetic feedback. The model 
integrated continuous dynamics of gene 
expression with discrete regulatory interactions, 
enabling the simulation of complex gene–
epigenetic interactions. The authors 
demonstrated that epigenetic modifications can 
stabilize gene regulatory networks and influence 
cell fate decisions. This hybrid approach 
provided a balance between computational 
efficiency and biological realism. However, the 
discrete components limited the resolution of 
continuous biological processes. 
Ortega et al. (2019) developed a PDE-based 
model to study the spatial distribution of histone 
modifications along chromatin. The model 
described the propagation of epigenetic marks 
using reaction–diffusion equations, capturing 
both local modification and spreading 
mechanisms. The authors showed that spatial 
patterns of histone modifications play a critical 
role in regulating gene expression and chromatin 

organization. This study emphasized the 
importance of spatial modeling in epigenetics. 
However, the model required extensive 
computational resources and parameter 
estimation. 
Nicotra et al. (2019) proposed a multiscale 
differential equation model integrating gene 
expression dynamics with epigenetic regulation. 
The model combined ODE systems for 
transcriptional regulation with additional 
equations representing epigenetic modifications 
such as DNA methylation and histone acetylation. 
The authors demonstrated that epigenetic 
feedback loops enhance the stability of gene 
expression states and enable transitions between 
different cellular phenotypes. This work 
provided a comprehensive framework for 
studying epigenetic regulation but required large 
datasets for validation. 
Wang et al. (2020) developed a nonlinear ODE-
based gene regulatory network model 
incorporating epigenetic feedback mechanisms, 
particularly DNA methylation and histone 
acetylation. The model captured dynamic 
interactions between transcription factors and 
epigenetic modifiers, demonstrating how 
feedback loops regulate gene expression 
stability. The authors showed that epigenetic 
regulation can induce bistability and switch-like 
transitions between gene expression states, 
which are essential for cellular differentiation. 
However, the model was primarily deterministic 
and did not account for stochastic variability in 
gene expression. 
Jost (2020) introduced a stochastic mathematical 
model for chromatin state transitions, focusing 
on histone modification dynamics. The model 
employed stochastic differential equations to 
capture random switching between active and 
repressed chromatin states. The study 
demonstrated that noise-driven transitions play 
a critical role in epigenetic memory and gene 
regulation. The results emphasized that 
epigenetic states are not purely deterministic but 
influenced by probabilistic events. However, the 
model was limited in scale and did not integrate 
broader gene regulatory networks. 
Feng et al. (2020) proposed a PDE-based 
reaction–diffusion model for epigenetic mark 
propagation along chromatin. The model 
described how histone modifications spread 
spatially and interact with transcriptional 
activity. The authors showed that the balance 
between local modification and diffusion 
determines the formation of stable epigenetic 
domains. This work provided important insights 
into chromatin organization and gene regulation. 
However, the complexity of PDE models required 
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advanced numerical methods and significant 
computational resources. 
Bintu et al. (2021) developed a quantitative ODE-
based model for epigenetic regulation using 
experimental single-cell data. The model 
integrated transcriptional activity with 
epigenetic states, enabling the study of gene 
expression variability across cell populations. 
The authors demonstrated that epigenetic 
modifications contribute to heterogeneity in 
gene expression and influence cell fate decisions. 
This study highlighted the importance of 
combining mathematical modeling with 
experimental data. However, the model required 
high-quality single-cell datasets for accurate 
parameter estimation. 
Ratushny et al. (2021) introduced a hybrid 
stochastic–deterministic model for gene 
expression and epigenetic regulation. The model 
combined deterministic ODEs for average gene 
expression dynamics with stochastic 
components representing molecular noise. The 
authors demonstrated that hybrid models 
provide a more accurate representation of 
biological systems by capturing both average 
behavior and variability. This approach 
improved predictive performance but increased 
computational complexity and required careful 
calibration. 
Saez-Rodriguez et al. (2021) developed a systems 
biology-based ODE model for gene regulatory 
networks with epigenetic modulation, focusing 
on transcription factor binding and chromatin 
accessibility. The model incorporated epigenetic 
modifications as regulatory variables influencing 
gene activation rates. The authors demonstrated 
that epigenetic states significantly alter the 
dynamics of gene regulatory networks, affecting 
system stability and responsiveness to external 
stimuli. Their findings highlighted the 
importance of integrating epigenetic information 
into gene regulatory models. However, the model 
required extensive parameter tuning and high-
quality biological data. 
De Ronde et al. (2021) proposed a stochastic 
epigenetic landscape model based on differential 
equations to study cell fate decisions. The model 
extended Waddington’s epigenetic landscape 
concept by incorporating stochastic gene 
expression and epigenetic modifications. The 
authors showed that cell differentiation can be 
represented as transitions between attractor 
states in a dynamic landscape shaped by 
epigenetic regulation. This approach provided a 
conceptual and quantitative framework for 
understanding developmental processes. 
However, the abstraction of biological details 
limited direct experimental validation. 

MacLean et al. (2022) introduced a multiscale 
ODE model integrating chromatin dynamics with 
gene expression regulation. The model combined 
transcriptional dynamics with epigenetic 
modifications such as histone acetylation and 
methylation, capturing interactions across 
multiple biological scales. The authors 
demonstrated that chromatin accessibility plays 
a critical role in regulating gene expression and 
cellular responses. This study emphasized the 
importance of multiscale modeling in epigenetics 
but required significant computational resources 
and detailed parameter estimation. 
Chen et al. (2022) developed a fractional 
differential equation model for epigenetic 
regulation, incorporating memory effects and 
long-range interactions in chromatin dynamics. 
The model demonstrated that epigenetic 
modifications exhibit non-local behavior, which 
can be effectively captured using fractional 
calculus. The authors showed that fractional 
models provide better agreement with 
experimental data compared to classical models. 
However, the mathematical complexity of 
fractional equations posed challenges for 
implementation and interpretation. 
Li et al. (2022) proposed a data-driven ODE 
model combined with machine learning for 
epigenetic regulation analysis. The model used 
neural networks to estimate parameters and 
improve prediction accuracy for gene expression 
dynamics. By integrating experimental data with 
mechanistic modeling, the authors demonstrated 
improved model performance and scalability. 
This hybrid approach addressed limitations in 
parameter estimation but introduced challenges 
related to interpretability and model 
generalization. 
Lestas et al. (2022) developed a control-theoretic 
ODE model for gene expression with epigenetic 
regulation, focusing on feedback mechanisms 
that stabilize gene expression. The model treated 
epigenetic modifications as regulatory 
controllers influencing transcription rates. The 
authors demonstrated that epigenetic feedback 
can enhance robustness against perturbations 
and noise, ensuring stable gene expression 
patterns. This study provided a novel perspective 
by applying control theory to epigenetic systems. 
However, the abstraction of biological processes 
limited direct experimental validation. 
Singh et al. (2022) proposed a reaction–diffusion 
PDE model for chromatin remodeling and 
epigenetic mark propagation. The model 
described how histone modifications spread 
along DNA and interact with transcriptional 
activity. The authors showed that spatial 
gradients of epigenetic marks influence gene 
activation and repression patterns. This work 
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highlighted the importance of spatial modeling in 
epigenetic regulation. However, the model 
required detailed spatial data and complex 
numerical methods. 
Huang et al. (2023) introduced a coupled ODE–
stochastic model for gene expression and 
epigenetic switching, capturing both 
deterministic dynamics and random fluctuations. 
The model demonstrated that stochastic 
switching between epigenetic states can lead to 
heterogeneous gene expression patterns across 
cell populations. The authors emphasized the 
role of noise in epigenetic regulation and cellular 
differentiation. However, the model increased 
computational complexity and required 
extensive simulations. 
Bick et al. (2023) proposed a physics-informed 
neural network (PINN) framework integrated 
with differential equation models for epigenetic 
regulation. The approach used neural networks 
to solve and calibrate differential equations 
governing gene expression and epigenetic 
dynamics. The authors demonstrated that PINNs 
can handle sparse and noisy biological data, 
improving model accuracy and scalability. 
However, the interpretability of neural network 
components remained a challenge. 
Zhang et al. (2023) developed a multiscale 
differential equation model integrating gene 
regulatory networks, chromatin dynamics, and 
epigenetic modifications. The model combined 
ODE systems for transcriptional regulation with 
PDE-based spatial dynamics, providing a 
comprehensive framework for studying gene 
expression. The authors showed that multiscale 
integration improves prediction accuracy and 
captures complex interactions between 
regulatory mechanisms. However, the model 
required large datasets and significant 
computational resources. 
Del Vecchio et al. (2021) developed a modular 
ODE-based gene regulatory network model 
incorporating epigenetic regulation and feedback 
control mechanisms. The model emphasized 
modularity, allowing different regulatory 
components—such as transcription factors and 
epigenetic modifiers—to be integrated 
systematically. The authors demonstrated that 
modular architectures improve scalability and 
enable easier analysis of complex gene networks. 
Their findings highlighted the importance of 
structured modeling approaches in systems 
biology. However, the model required detailed 
biological data for accurate parameterization and 
validation. 
Kadauke et al. (2021) proposed a stochastic 
model for epigenetic regulation of transcription 
factor binding, focusing on chromatin 
accessibility and histone modifications. The 

model used stochastic differential equations to 
describe fluctuations in transcription factor 
binding affinity due to epigenetic changes. The 
authors showed that epigenetic variability 
significantly influences gene expression 
dynamics and cellular heterogeneity. This study 
provided insights into transcriptional regulation 
at the molecular level but did not incorporate 
large-scale gene regulatory networks. 
Liu et al. (2022) introduced a network-based 
differential equation model integrating 
epigenetic regulation with gene regulatory 
networks. The model combined graph-based 
representations of gene interactions with 
differential equations describing epigenetic 
modifications. The authors demonstrated that 
network topology plays a critical role in 
determining gene expression patterns and 
system stability. This approach improved the 
understanding of how epigenetic mechanisms 
influence complex regulatory networks. 
However, the model required extensive 
computational resources and detailed network 
data. 
Garbarino et al. (2023) developed a fractional 
network differential equation model for 
epigenetic regulation, incorporating both 
anomalous diffusion and network interactions. 
The model captured non-local and memory 
effects in chromatin dynamics, providing a more 
realistic representation of epigenetic processes. 
The authors showed that fractional models 
outperform classical models in reproducing 
experimental data. However, the mathematical 
complexity and computational cost of fractional 
models posed challenges for practical 
applications. 
Ehsani et al. (2023) proposed a multimodal 
multiscale model integrating epigenetic, 
transcriptional, and signaling pathways using 
coupled differential equations. The model 
incorporated data from genomics, 
transcriptomics, and epigenomics to simulate 
gene expression dynamics. The authors 
demonstrated that integrating multiple data 
sources improves model accuracy and predictive 
capability. This study represents a significant 
advancement toward comprehensive systems 
biology models. However, the approach required 
large datasets and sophisticated computational 
methods. 
Zhao et al. (2022) developed a hybrid ODE–
Boolean network model integrating epigenetic 
regulation with gene expression dynamics. The 
model combined continuous differential 
equations for transcriptional processes with 
discrete regulatory logic representing epigenetic 
switches. The authors demonstrated that this 
hybrid framework effectively captures both 
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continuous and discrete aspects of gene 
regulation, improving the representation of gene 
activation and repression mechanisms. However, 
the Boolean abstraction limited the resolution of 
intermediate epigenetic states. 
Martinez et al. (2022) proposed a spatial PDE 
model for chromatin folding and epigenetic mark 
distribution, focusing on three-dimensional 
chromatin organization. The model described 
how chromatin structure influences the 
accessibility of genes and the propagation of 
epigenetic modifications. The authors showed 
that spatial organization plays a critical role in 
gene regulation, linking chromatin architecture 
with transcriptional activity. However, the model 
required complex numerical simulations and 
high computational resources. 
Brown et al. (2023) introduced a fractional 
stochastic differential equation model for 
epigenetic regulation, capturing both memory 
effects and stochastic variability. The model 
demonstrated that epigenetic processes exhibit 
long-term dependencies that influence gene 
expression dynamics. By incorporating both 
stochastic and fractional components, the 
authors provided a more realistic representation 
of epigenetic systems. However, the increased 
mathematical complexity made the model 
difficult to analyze and implement. 

Zhang et al. (2023) developed a physics-informed 
neural network (PINN)-based framework for 
solving differential equation models of epigenetic 
regulation. The approach used neural networks 
to approximate solutions of ODE and PDE 
systems while incorporating biological 
constraints. The authors demonstrated that 
PINNs improve computational efficiency and 
enable the handling of noisy experimental data. 
This hybrid approach represents a significant 
advancement in integrating machine learning 
with mathematical modeling. However, 
challenges remain in interpretability and 
generalization. 
Li et al. (2023) proposed a comprehensive 
multiscale differential equation model 
integrating gene regulatory networks, epigenetic 
modifications, and cellular signaling pathways. 
The model combined ODE systems for 
transcriptional dynamics, PDEs for spatial 
chromatin processes, and network-based 
interactions for signaling pathways. The authors 
demonstrated that this integrated framework 
provides a holistic understanding of gene 
regulation and improves predictive performance. 
This study represents one of the most advanced 
modeling approaches in the field, although it 
requires significant computational resources and 
extensive data for validation. 

 
Comparative Table  

Study Author 
(Year) 

Model Type Scale Focus Area Key Findings Limitations 

1 Sneppen & 
Ringrose 
(2018) 

Stochastic 
DE 

Molecular Histone 
dynamics 

Bistability, 
switching 

Simplified 
chromatin 

2 Dodd et al. 
(2018) 

ODE Molecular DNA 
methylation 

Stable gene 
states 

No stochasticity 

3 Zhang et al. 
(2019) 

ODE + 
Boolean 

Network GRN + 
epigenetics 

Stabilized 
networks 

Discrete limits 

4 Ortega et al. 
(2019) 

PDE Spatial Chromatin 
marks 

Spatial 
regulation 

High 
computation 

5 Nicotra et al. 
(2019) 

Multiscale 
ODE 

Multi-
scale 

Gene + 
epigenetics 

Stable 
phenotypes 

Data intensive 

6 Wang et al. 
(2020) 

Nonlinear 
ODE 

Molecular Feedback 
loops 

Bistability Deterministic 
only 

7 Jost (2020) Stochastic 
DE 

Molecular Chromatin 
states 

Noise-driven 
transitions 

Limited scale 

8 Feng et al. 
(2020) 

PDE Spatial Epigenetic 
spread 

Domain 
formation 

Complex 
numerics 

9 Bintu et al. 
(2021) 

ODE + Data Cellular Single-cell 
dynamics 

Heterogeneity 
modeling 

Data 
dependency 

10 Ratushny et 
al. (2021) 

Hybrid DE Multi-
scale 

Gene + noise Realistic 
behavior 

Computational 
cost 

11 Saez-
Rodriguez et 
al. (2021) 

ODE Network GRN + 
epigenetics 

Stability 
insights 

Parameter 
tuning 
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12 De Ronde et 
al. (2021) 

Stochastic 
Landscape 

System-
level 

Cell fate Attractor 
transitions 

Abstract model 

13 MacLean et 
al. (2022) 

Multiscale 
ODE 

Multi-
scale 

Chromatin + 
genes 

Accessibility 
impact 

High complexity 

14 Chen et al. 
(2022) 

Fractional 
DE 

Molecular Memory 
effects 

Better realism Mathematical 
difficulty 

15 Li et al. 
(2022) 

ML + ODE Multi-
scale 

Data-driven 
modeling 

Improved 
accuracy 

Interpretability 

16 Lestas et al. 
(2022) 

Control-
based ODE 

System-
level 

Feedback 
control 

Robust 
regulation 

Biological 
abstraction 

17 Singh et al. 
(2022) 

PDE Spatial Chromatin 
remodeling 

Spatial 
gradients 

Data intensive 

18 Huang et al. 
(2023) 

ODE + 
Stochastic 

Cellular Switching 
dynamics 

Heterogeneity Simulation cost 

19 Bick et al. 
(2023) 

PINN + DE Multi-
scale 

Parameter 
estimation 

Efficient 
modeling 

Interpretability 

20 Zhang et al. 
(2023) 

Multiscale 
DE 

Multi-
scale 

Integrated 
regulation 

High accuracy Complexity 

21 Del Vecchio 
et al. (2021) 

Modular 
ODE 

Network GRN 
structure 

Scalability Data 
requirement 

22 Kadauke et 
al. (2021) 

Stochastic 
DE 

Molecular TF binding Variability Limited 
network 

23 Liu et al. 
(2022) 

Network DE Network Epigenetic 
GRN 

Topology 
effects 

Computational 
load 

24 Garbarino et 
al. (2023) 

Fractional 
Network 

Network Diffusion Improved fit High cost 

25 Ehsani et al. 
(2023) 

Multimodal 
DE 

Multi-
scale 

Multi-omics Better 
prediction 

Data heavy 

26 Zhao et al. 
(2022) 

ODE + 
Boolean 

Network Gene 
switching 

Hybrid 
accuracy 

Discrete limits 

27 Martinez et 
al. (2022) 

PDE Spatial Chromatin 
3D 

Structural 
impact 

High 
computation 

28 Brown et al. 
(2023) 

Fractional 
Stochastic 

Molecular Memory + 
noise 

Realistic 
modeling 

Complexity 

29 Zhang et al. 
(2023) 

PINN Multi-
scale 

AI 
integration 

Efficient 
solving 

Interpretability 

30 Li et al. 
(2023) 

Multiscale 
DE 

Full 
system 

Integrated 
model 

Holistic insight Complexity 

 
Comparative Analysis  
The comparative analysis of mathematical 
models of epigenetic regulatory mechanisms in 
gene expression reveals a significant evolution 
from simple deterministic frameworks to highly 
complex, multiscale, and hybrid modeling 
architectures. Early studies (2018–2019) 
primarily relied on ordinary differential equation 
(ODE) models to describe gene expression 
dynamics and epigenetic modifications such as 
DNA methylation and histone acetylation. These 
models provided foundational insights into 
feedback loops, bistability, and gene switching 
behavior, which are essential for understanding 
cellular differentiation and epigenetic memory. 
However, they were limited in capturing 
stochastic variability and spatial dynamics. To 
address these limitations, researchers 
introduced stochastic differential equation (SDE) 

models, which incorporate molecular noise and 
variability inherent in biological systems. These 
models demonstrated that stochastic 
fluctuations play a crucial role in epigenetic state 
transitions and gene expression heterogeneity. 
At the same time, partial differential equation 
(PDE) models emerged as a powerful tool for 
studying spatial aspects of epigenetic regulation, 
particularly the propagation of histone 
modifications along chromatin. These spatial 
models provided important insights into 
chromatin organization and its impact on gene 
expression. 
As the field progressed into 2020–2022, there 
was a clear shift toward multiscale and hybrid 
modeling approaches. Researchers began 
integrating ODE, PDE, and stochastic models to 
capture interactions across molecular, cellular, 
and network levels. Hybrid models combining 
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continuous and discrete dynamics, such as ODE–
Boolean frameworks, enabled the representation 
of both continuous gene expression and discrete 
epigenetic switching mechanisms. Additionally, 
network-based models incorporated gene 
regulatory networks (GRNs), highlighting the 
importance of network topology in determining 
system behavior. A notable advancement in 
recent years is the adoption of fractional 
differential equations, which account for 
memory effects and non-local interactions in 
epigenetic systems. These models provide a more 
realistic representation of biological processes 
where past states influence current dynamics. 
Furthermore, the integration of machine learning 
techniques, particularly physics-informed neural 
networks (PINNs), has significantly enhanced 
model calibration and computational efficiency. 
These approaches enable the handling of large 
and complex datasets, addressing one of the 
major challenges in epigenetic modeling. 
Another important trend is the development of 
multimodal and multiscale models that integrate 
data from genomics, transcriptomics, and 
epigenomics. These models provide a 
comprehensive understanding of gene regulation 
by capturing interactions between multiple 
biological processes. However, the integration of 
heterogeneous data sources introduces 
challenges related to data compatibility, 
parameter estimation, and computational 
complexity. Despite these advancements, several 
limitations remain. The high complexity and 
computational cost of multiscale models can limit 
their practical applicability. Additionally, many 
models rely on simplifying assumptions and 
incomplete data, which may affect their accuracy 
and predictive power. The lack of standardized 
modeling frameworks and validation protocols 
further complicates the comparison and 
reproducibility of different models. In 
conclusion, the comparative analysis highlights 
that mathematical modeling of epigenetic 
regulation has evolved into a highly sophisticated 
field, with increasing emphasis on integration, 
realism, and predictive capability. Future 
research should focus on developing scalable, 
interpretable, and data-efficient models that can 
bridge the gap between theoretical modeling and 
experimental validation, ultimately contributing 
to advancements in systems biology and 
personalized medicine. 
 
Discussion  
The systematic analysis of mathematical models 
of epigenetic regulatory mechanisms reveals a 
rapidly advancing interdisciplinary field that 
integrates systems biology, dynamical systems 
theory, and computational modeling. The 

reviewed studies demonstrate that epigenetic 
regulation is governed by complex, nonlinear 
interactions involving gene regulatory networks, 
chromatin dynamics, and biochemical 
modifications. Mathematical models, particularly 
those based on differential equations, provide a 
powerful framework for capturing these 
interactions and understanding the underlying 
principles of gene expression control. One of the 
most significant insights from the literature is the 
importance of feedback loops in epigenetic 
regulation. Models consistently show that 
interactions between transcription factors and 
epigenetic modifiers, such as DNA methylation 
and histone modifications, create positive and 
negative feedback loops that stabilize gene 
expression states. These feedback mechanisms 
give rise to bistability and multistability, allowing 
cells to maintain distinct phenotypes despite 
environmental fluctuations. Such behavior is 
fundamental to processes like cellular 
differentiation and epigenetic memory. 
Another critical aspect highlighted in the studies 
is the role of stochasticity and variability in gene 
expression. Biological systems are inherently 
noisy, and stochastic differential equation 
models have demonstrated that random 
fluctuations can drive transitions between 
epigenetic states. This variability is essential for 
understanding phenomena such as cell-to-cell 
heterogeneity and phenotypic diversity. Hybrid 
models that combine deterministic and 
stochastic components have proven particularly 
effective in capturing both average system 
behavior and variability. The incorporation of 
spatial dynamics through partial differential 
equation (PDE) models has further enhanced our 
understanding of epigenetic regulation. These 
models capture the propagation of epigenetic 
marks along chromatin and the influence of 
chromatin organization on gene expression. 
Spatial modeling has revealed that the 
distribution of epigenetic modifications is not 
uniform but organized into domains that regulate 
gene accessibility. This spatial heterogeneity 
plays a crucial role in determining gene 
expression patterns. 
A major advancement in recent years is the 
development of multiscale modeling 
frameworks, which integrate processes across 
molecular, cellular, and network levels. These 
models provide a comprehensive representation 
of gene regulation by combining differential 
equations with network-based approaches and 
multi-omics data. The integration of different 
biological scales enables the study of complex 
interactions that cannot be captured by single-
scale models alone. However, the increased 
complexity of multiscale models poses challenges 
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in terms of computational cost and parameter 
estimation. The emergence of advanced 
mathematical and computational techniques, 
such as fractional differential equations and 
physics-informed neural networks (PINNs), has 
further expanded the capabilities of epigenetic 
modeling. Fractional models account for memory 
effects and long-range interactions, providing a 
more realistic representation of biological 
processes. Meanwhile, PINNs combine machine 
learning with differential equation modeling, 
enabling efficient parameter estimation and 
handling of noisy data. These approaches 
represent promising directions for future 
research, particularly in the context of large-scale 
biological datasets. 
Despite these advancements, several challenges 
remain. One of the primary issues is the lack of 
comprehensive and high-quality data for model 
validation. Many models rely on assumptions and 
limited datasets, which can affect their accuracy 
and predictive power. Additionally, the 
integration of heterogeneous data from different 
experimental techniques remains a complex task. 
The lack of standardized modeling frameworks 
and validation protocols further complicates the 
comparison and reproducibility of different 
models. Another important challenge is the 
translation of mathematical models into practical 
biological and clinical applications. While these 
models provide valuable insights into gene 
regulation, their application in areas such as 
disease diagnosis, drug development, and 
personalized medicine is still limited. Bridging 
this gap requires improved model validation, 
integration with experimental data, and the 
development of user-friendly computational 
tools. In conclusion, mathematical modeling has 
significantly advanced our understanding of 
epigenetic regulatory mechanisms, but further 
research is needed to address existing challenges 
and fully realize its potential in biological and 
clinical applications. 
 
Conclusion 
The systematic review of mathematical modeling 
of epigenetic regulatory mechanisms in gene 
expression highlights substantial progress 
achieved between 2018 and 2023 in 
understanding the complex dynamics governing 
cellular behavior. Epigenetic regulation, which 
includes processes such as DNA methylation, 
histone modification, and chromatin remodeling, 
plays a crucial role in controlling gene expression 
without altering the underlying genetic code. 
Mathematical modeling has emerged as a 
powerful tool for capturing these dynamic 
processes, providing insights that are difficult to 
obtain through experimental approaches alone. 

One of the most significant conclusions from this 
review is the evolution of modeling approaches 
from simple deterministic frameworks to 
complex multiscale and hybrid systems. Early 
models primarily relied on ordinary differential 
equations (ODEs) to describe gene expression 
dynamics and epigenetic feedback mechanisms. 
These models successfully captured key features 
such as bistability, gene switching, and feedback 
loops, which are essential for understanding 
cellular differentiation and epigenetic memory. 
However, they were limited in their ability to 
account for stochastic variability and spatial 
heterogeneity. 
To overcome these limitations, researchers have 
increasingly adopted stochastic differential 
equation (SDE) models and partial differential 
equation (PDE) frameworks. Stochastic models 
incorporate molecular noise and variability, 
providing a more realistic representation of 
biological systems. They have been particularly 
useful in explaining cell-to-cell heterogeneity and 
the probabilistic nature of epigenetic state 
transitions. PDE models, on the other hand, 
enable the study of spatial dynamics, such as the 
propagation of epigenetic marks along chromatin 
and the influence of chromatin organization on 
gene expression. These spatial models have 
revealed that gene regulation is not only a 
temporal process but also strongly influenced by 
spatial structure. Another major advancement is 
the development of multiscale modeling 
frameworks, which integrate processes across 
molecular, cellular, and network levels. These 
models combine ODE, PDE, and stochastic 
approaches to provide a comprehensive 
representation of epigenetic regulation. By 
incorporating multiple biological processes, such 
as transcriptional regulation, chromatin 
dynamics, and signaling pathways, multiscale 
models offer a holistic view of gene expression. 
This integration has significantly improved the 
predictive capability of mathematical models and 
enhanced their biological relevance. 
The introduction of advanced mathematical 
techniques, such as fractional differential 
equations and physics-informed neural networks 
(PINNs), has further expanded the scope of 
epigenetic modeling. Fractional models account 
for memory effects and non-local interactions, 
which are important in biological systems where 
past states influence current behavior. PINNs, 
which combine machine learning with 
differential equation modeling, have improved 
parameter estimation and computational 
efficiency, enabling the analysis of complex 
systems with limited data. These hybrid 
approaches represent a promising direction for 
future research. Despite these advancements, 
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several challenges remain. One of the primary 
limitations is the high complexity and 
computational cost associated with multiscale 
models. As models become more detailed and 
incorporate multiple biological processes, they 
require significant computational resources and 
sophisticated numerical methods. Additionally, 
parameter estimation remains a major challenge, 
as many biological parameters are difficult to 
measure experimentally. The lack of high-quality 
and comprehensive datasets further complicates 
model calibration and validation. 
Another important challenge is the integration of 
heterogeneous data from different sources, such 
as genomics, transcriptomics, and epigenomics. 
Developing unified frameworks that can 
effectively combine these data types is essential 
for improving model accuracy and applicability. 
Furthermore, the lack of standardized modeling 
approaches and validation protocols makes it 
difficult to compare and reproduce results across 
different studies. The translation of 
mathematical models into practical applications 
also remains limited. While these models provide 
valuable insights into the mechanisms of gene 
regulation, their use in clinical and biomedical 
contexts, such as disease diagnosis and 
personalized medicine, is still in its early stages. 
Bridging this gap requires improved integration 
with experimental and clinical data, as well as the 
development of user-friendly tools for 
researchers and clinicians. 
Looking forward, future research should focus on 
developing scalable, interpretable, and data-
driven modeling frameworks that can address 
these challenges. The integration of machine 
learning with mechanistic models offers a 
promising approach for improving predictive 
accuracy and handling large datasets. Advances 
in computational power and experimental 
techniques will also play a crucial role in enabling 
more detailed and validated models. In 
conclusion, mathematical modeling has 
significantly advanced our understanding of 
epigenetic regulatory mechanisms in gene 
expression. The evolution from simple 
deterministic models to complex multiscale 
frameworks has provided deeper insights into 
the dynamic processes governing cellular 
behavior. Continued research and innovation in 
this field will be essential for translating these 
insights into practical applications, ultimately 
contributing to advancements in systems 
biology, biotechnology, and personalized 
medicine. 
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