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ABSTRACT
This review overviews common biopolymer modelling ap-
proaches ranging from chemically specific to highly coarse-
grained techniques, along with their application ranges, 
strengths and limitations. Recent modelling applications at 
each modelling scale are outlined and discussed. The focus 
is on modelling of protein and peptide, nucleic acid and 
saccharide-based biopolymer systems, excluding lignocellu-
lose materials. The survey focuses on physics-based mod-
els. We cover particle-based simulations methods, including 
all-atom and coarse-grained molecular dynamics (MD), dis-
sipative particle dynamics (DPD) and Langevin and Brown-
ian dynamics (BD) approaches. While these methods capture 
molecular and particle-level dynamics, a brief overview of also 
stochastic sampling approaches (Monte Carlo methods) to 
physics-based models, as well as free energy functional-based 
methods, i.e. field theory approaches, such as self-consistent 
field theory (SCFT) and classical density functional theory 
(cDFT), are provided.
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GRAPHICAL ABSTRACT

1. Introduction

The term biopolymer refers to a polymer whose constituents are based on 
living matter; biopolymers themselves or their synthesis requisites originate 
from nature [1,2]. Biopolymers include homo- or heteropolymers of nucleic 
acids, amino acids or saccharides. Examples include, e.g., DNA and RNA, 
proteins composed of amino acids, and various polysaccharides, such as 
cellulose, and at more general level, lignocellulosic biomass [2,3]. Further-
more, polymers synthesised in vitro from biological sources, e.g. bio mass, 
bio oils, animal fats, sugars, proteins, and amino acids may also be classi-
fied as biopolymers [2,4]. Polyesters are a very well-known example [2,4,5]. 
Worth noting is that the term ‘biopolymer’ sometimes refers to also polymers 
that can be bio-based but not biodegradable (e.g. bio-based polyethylene), as 
well as, biodegradable polymers produced from fossil fuel-based sources (e.g. 
poly(ε-caprolactone)) [2,6]. Here, we use the term biopolymers for polymers 
that are from nature, meaning that either the polymers themselves or their 
monomeric components originate from nature.

In nature, biopolymers have functions that are often highly specific, some-
times complex, and tightly connected with their properties [1,2]. Their 
functions relate to, e.g., conservation and expression of genetic information, 
storage of carbon and energy in chemical bonds, catalysis of chemical reac-
tions, mediation of intracellular communication, as well as communication 
and interaction between a living cell and its surrounding. Biopolymers also 
play a crucial role in biomechanics and biological materials [7]. In mate-
rials science, and as materials solutions, biopolymers, especially biobased 
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plastics, offer very timely and interesting sustainable and biodegradable al-
ternatives to synthetic plastics [8,9]. Notably, synthetic plastics, ubiquitous in 
their use [10], have concerning effects on ecosystems, especially on marine 
life [11], but also weight in carbon emissions [12]. As a drastic increase of 
production and use of them in the coming decades is predicted [13,14], find-
ing more sustainable and biodegradable substitutes is becoming increasingly 
important [9]. Biopolymers hold significant promise in this [8,9].

Besides sustainability, biopolymers and biopolymer-based composites 
have advantage in technological applications because of many of them be-
ing cheap, naturally abundant, and easily functionalized to tunable properties 
via surface chemistry and functionality [2,6]. For example, air and water 
filtration [15], packaging materials [16–19], and food preservation solu-
tions [20,21] benefit in properties by being biopolymer-based. Biopolymers 
also find abundant use in bioengineering applications, such as bioadhe-
sives [22], medical devices, and bioengineering interfaces materials, as well 
as, in tissue engineering [23–26].

Especially abundant in technological applications are polyester-based ma-
terials and polyester composites, see e.g. Refs. [4,5] for recent reviews. 
Polyesters can compose both durable and biodegradable plastics, and their 
properties can be readily modified by suitable polymer design and modifica-
tions [4]. Polyesters offer a number of high technological applications, such 
as materials for energy conversion devices, shielding composite materials for 
electromagnetic fields, bioengineering applications, but also materials with 
performance superior to Kevlar, and elevated storage modulus and viscoelas-
tic stiffness [5]. Therefore, it is not surprising that most biobased polymers 
produced for applications are polyesters [4]. Also other biopolymers form in-
teresting basis for composites, see e.g. Refs. [2,4,6]: a novel direction, with 
promising functionalities, due to the self-assembly properties rising from 
secondary structure, are protein-based (composite) biomaterials that are 
degradable, biocompatible, and offer increased tunability via the amino acids 
and secondary structure [27]. Peptide and protein-based materials present 
pioneering solutions in the fields of nanoreactors, sensors, electronics, and re-
sponsive materials to external stimuli [28]. Peptide- and protein-nanoparticle 
conjugates offer advanced materials for treatment, diagnosis, and prevention 
of diseases [29].

Biopolymers can either be extracted from their natural chassis species, col-
lected as an extracellular product, be synthesized in vivo or produced from 
renewable biomass feedstocks [30]. Production means, and resulting proper-
ties, are reviewed in Refs. [2,4]. As a novel direction, an increasing interest in 
biosynthetic in vivo production exists [4,31,32]. Current biopolymer research 
has focused mostly on improving the inherently poor mechanical properties, 
fatigue issues (short life time), low chemical resistance, poor long-term dura-
bility, and limited processing capability of naturally occurring biopolymers, 



4  A. SCACCHI ET AL.

as well as, on introducing additional functionality [33–37]. However, the 
underlying hierarchical multiscale dependency of materials properties and 
response make advanced knowledge guided design of polymeric materials 
challenging [38,39].

Computational and theoretical models offer a versatile tool for design-
ing, predicting, understanding, and optimizing structure and properties of 
biopolymer-based systems, as well as extracting multiscale dependencies 
characteristics [39]. For biopolymer materials and biological processes, the 
typical length scales span from a single chemical bond at the ångström scale, 
to interactions at monomer and individual polymer chain level, but also to the 
domain formation and higher degree three-dimensional structure formation 
that is characteristic to these systems [39,40]. Traditionally, this 𝜇m and mm 
range structural order rises, e.g., in crystallization domains and in mixing 
characteristics of polymer blends and composites [41]. For biopolymers, ad-
ditional contributions to structure formation rise from the hierarchical higher 
order assembly structures of, e.g., proteins and polysaccharides [2]. Naturally, 
for (bio)polymer systems, also the continuum scale is relevant [40]. Similarly, 
also the time scales of the dynamics of interest span from the fs range of chem-
ical bond formation and breaking, to hours, corresponding to phenomena 
such as large scale phase separation and protein aging, involving secondary 
and tertiary structure changes in crowded environments [39]. For polymeric 
systems, the relevant phenomena thus occur at such wide temporal and spatial 
resolution landscape that a single theory or computational approach does not 
cover everything, consequently requiring approaches at multiple scales [41].

In this review, we give an overview on common (non-quantum mechani-
cal) biopolymer modelling methods, ranging from microscopic to field theory 
levels, covering both the atomistic detail level phenomena and macroscopic 
approaches. Although not at the focus of this review, quantum mechanics 
(QM)-based modelling methods are well-suited for studying biopolymer-
related systems of few hundreds to thousands of atoms in detail, including 
the energetics and dynamics of chemical reactions and exploration of con-
former space and spectroscopic properties. Depending on the level of theory, 
extent of extrapolation, and amount of computational resources, QM meth-
ods may be used, at one end, to provide detailed potential energy surface 
and spectroscopic behaviour of, e.g., individual amino acids [42–45], and, 
at the other end, to predict folding patterns of protein domains [46–48]. 
Combined with classical simulations approaches, QM methods are also used 
for examining the energetics and dynamics of biomolecule – ligand interac-
tions [49–51]. QM methods can produce high-quality reference data, such as 
spectroscopic data on molecules in gas phase without complicating interac-
tions from the environment; such data is used, e.g., to complement and guide 
experiments, as well as in parametrization and development of bottom-up 
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semi-classical and classical modelling approaches [52,53]. Recent develop-
ments of QM-based methods for biomolecular simulations are reviewed in 
Refs. [49,54–58].

Although data-based methods are becoming more significant for materials 
science [59,60], we limit the review to physics-based models. While the em-
phasis is on the methods at basic level, we also showcase some recent examples 
of research, demonstrating modelling reachable by the approaches. We fo-
cus the examples in the direction of biopolymer based materials, however 
largely excluding cellulose and polyester modelling literature, as both cellu-
lose and polyester-based materials have such high technological relevance 
that they attract numerous reviews. For example, the direction of mod-
elling in lignocellulose-based materials has been recently reviewed several 
times [61–64]. Polyesters modelling is discussed in Refs. [65,66].

2. Computational approaches to biopolymer materials modelling

Classical computational materials modelling methods can generally be cat-
egorized into particle-based, field-based, and continuum modelling ap-
proaches. Appropriately named, particle-based models represent the polymer 
at resolution of individual atoms, chemical groups, monomers, or even re-
gions of a polymer melt or solution, by particles [67]. The particles interact 
according to effective potentials that model the dominant physicochemi-
cal interactions for capturing the response at each description length and 
time scales [67]. Sampling of the possible states in the particle system typi-
cally follows a specified thermodynamic ensemble, and the system has either 
deterministic or stochastic dynamics, from which (non-)equilibrium ener-
getics of the process of interest, as well as the associated structural and 
mechanical characteristics, can be extracted [67,68]. By contrast, field-based 
approaches typically describe the system of interest in terms of energy func-
tionals, effective potentials, density fields, and collective dynamic variables, 
providing materials scale description [69]. Once again, both equilibrium and 
time-dependent properties of the material can be obtained. Continuum mod-
elling approaches correspond to the numerical implementations rising from 
classical continuum mechanics considerations.

Another way to classify modelling approaches is to consider the accessible 
length and time scales, as depicted in Figure 1. For events occurring at atom-
istic scale, or related to electronic structure, such as chemical bond formation, 
electronic excitations and, e.g., electrochemical phenomena, QM methods 
capture the response. However, the high computational cost limits the mod-
elling to some thousands of atoms, and such time scales of the dynamics that 
the modelling approaches remain limited in biopolymer modelling. Regard-
less, QM approaches are broadly used in biopolymer-related systems, and 
extensive reviews exist, e.g. in the context of proteins [70–72], peptides [71], 
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Figure 1. Different modelling approaches and their corresponding achievable time and length 
scales.

nucleic acids [72], and more generally for biological systems [73,74]. We focus 
here on larger scale approaches. A more relevant, yet still extremely limited 
(typically up to  (30 nm)3 in size; up to 𝜇s in time modelling approach in the 
biopolymer context is atomistic detail MD [67]. Benchmark simulations with 
up to a billion atoms for up to 100 ns simulation time exist, which use MD 
simulation codes with highly optimized calculation of non-bonded interac-
tions and high level of parallelization [75–77]. At atomistic MD modelling 
extent of detail, structural and dynamical information at the level of atoms, 
chemical groups, and short polymers (oligomers) interactions, both in melts 
and in solutions, can be obtained. MD has in recent years become a hugely 
popular research tool, see Section 3. However, microphase separation and 
higher order structure formation are not captured due to limiting length and 
time scales. For these, different level of coarse-grained (CG) and mesoscale 
modelling approaches are needed. While capturing length and time scales 
in biopolymer assembly up to mm lengths and from tens of 𝜇s to ms (de-
pending on the level of coarse-graining), these approaches loose, to a varying 
degree, the chemical specificity of the biopolymers. For example, atomistic 
detail structural features, such as localized charge correlations and hydrogen 
bonding, but also solvent-specific effects rising from such microstructure, 
are typically lost by coarse-graining. However, these methods are power-
ful in capturing, e.g., assembly response due to miscibility differences and 
large-scale structural organization that is independent of microscopic de-
tail. Non-localized characteristics, such as, hydrophobicity, hydrophilicity, 
and solvation differences, are captured efficiently by CG approaches, see 
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Sections 3-5. While the majority of common particle-based modelling ap-
proaches of biopolymers capture dynamics evolution, in Section 6 we touch 
on stochastic sampling approaches to particle-based modelling. Considering 
the microscopic detail character only as mean or effective overall influence, 
field-based statistical mechanics and continuum level approaches capture 
large-scale materials response. These approaches are not subject to similar 
challenges in achievable length and time scale as particle-based methods, see 
Section 7.

3. Molecular dynamics for modelling of biopolymers

Although atomistic detail modelling of biopolymers can count on various 
sampling and dynamics choices, from, e.g., energy minimization approaches, 
docking, and various stochastic sampling approaches, the most common 
choice in examining structure, assembly and dynamics at this level relies 
on MD [68,78]. MD is a numerical method for obtaining the equilibrium 
and transport properties of a system of particles based on the integration of 
Newton’s equations of motion 

mi
dvi(ri, t)

dt = Fi(ri, t),
dri(t)

dt = vi(ri, t), (1)

where Fi is total force acting on particle i with mass mi at position ri and 
with velocity vi. The outcome is a time-dependent record of particle posi-
tions, or in other words, a trajectory. Thermodynamic and kinetic properties 
– both equilibrium and time-dependent – can subsequently be calculated 
based on positions and momenta of the particles, as well as from the energy 
of the system. The latter is evaluated based on an empirical energy functional, 
that is, a force-field, which can be constructed to model interactions occur-
ring at different scales, from atomistic detail level (bonds, angles and charge 
distribution at molecular level), all the way to interstellar motion of plan-
ets (gravitational forces). Here, the relevant particle-based modelling scales 
range from atomistic detail to mesoscale. The MD method is covered in detail 
in the books [67,68].

In the basic MD algorithm, the total energy is, to numerical accuracy, 
conserved. The modelling corresponds to microcanonical ensemble (NVE 
ensemble). However, temperature and pressure regulation, for description of, 
e.g., the isobaric-isothermic (NpT) ensemble conditions, often more relevant 
in biopolymer systems, can be implemented using thermostat and barostat al-
gorithms. MD also allows including forces resulting from external fields, such 
as electric or magnetic field, and energy flows, such as heat sinks and sources 
of vibrations.
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All-atom approaches in molecular dynamics

In atomistic detail modelling relevant to biopolymers, most commonly used 
force-fields consist of a sum of energy terms associated with covalent chem-
ical bonds, bond angles, bond dihedrals, and non-bonded interactions, such 
as electrostatics [78]. For computational efficiency, the interactions are con-
structed as simple pairwise contributions assuming harmonic dependency 
(for angles three-body, and for dihedrals sometimes also higher terms are 
considered) [68,79]. Atomistic detail force-fields include a number of fitting 
parameters that model the effect of, e.g., atomic radii, charge distribution, 
equilibrium bond lengths, bond angles, and dihedral angles, on the total ef-
fective potential energy [80]. The corresponding interaction coefficients in 
the force-field are typically obtained based on fitting to quantum mechan-
ical calculations or to experimental outcomes, such as lattice parameters, 
spectroscopic data, or larger scale thermodynamic properties [57,80]. The 
parameters vary in value across different force-fields [57,80]. The field of 
atomistic detail modelling of biopolymers, including appropriate force-fields 
and their accuracy assessment, is vast, and warrants its own review. For 
example, Refs. [57,80] survey force-field status at general level, while pro-
tein force-fields have been reviewed in Ref. [81]. Below, we consider recent 
directions.

As ever, parametrization and assessing the accuracy of molecular simu-
lations remain a challenge [82,83]. Another limiting factor for biopolymer 
modelling is the short accessible time and length scales in atomistic detail 
modelling, Figure 1. In recent years, the most popular biomolecular force-
field families have experienced updates improving their accuracy, but also 
making them more system specific. Increasing the atomistic detail molecu-
lar modelling significance for biopolymer modelling, the enhanced accuracy, 
together with modern advancements and large-scale parallelization in molec-
ular modelling codes [84,85], have enabled 𝜇s and in some cases even ms 
range simulations of all-atom native protein structures and their function, in-
cluding probing of transient states via enhanced sampling methods [86,87]. 
Traditionally, biomolecular force-fields have suffered in accuracy due to the 
lack of polarizability (representation of the molecular charge distribution 
by fixed point charges) [88]. MD force-fields have advanced also in this 
sense: more robust polarizable force-fields to capture, e.g., the stabilizing ef-
fects of polarization on protein secondary structure formation, have been 
developed [88–90].

A notable methodological advancement in recent years has been the emer-
gence of constant-pH MD methods. While traditional atomistic detail MD 
considers molecular charge distribution, also at the level of protonation, fixed, 
approaches that allow accurate description of the changes in the amino acid 
protonation states caused by pH have been recently developed [91–94]. These 
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methods, which rely on knowing the pKa values of the ionizable groups, 
are highly relevant for biopolymers, and have been tested, e.g., for pro-
teins, nucleic acids, and small peptides [95,96]. Notably, the neighboring 
groups influence the pKa values of the ionizable groups, which for biopoly-
mers can cause significant pKa shifts [97]. While polarization effects and 
improving polarizable force-fields [98,99] remain a pressing challenge, con-
stant pH approaches offer an interesting, recently opened, research ground 
for methodological advancements.

The choices made in functional form and parametrization of the atom-
istic detail MD force-fields influence the modelling outcomes. For example, 
protein conformations for denatured proteins by common all-atom MD 
force-fields, such as CHARMM and AMBER, are typically overly compact 
and vary between force-fields [87,100]. This results from the interaction pa-
rameters being derived mainly based on folded biomolecular structures and 
short peptides. Consequently, several recent improvements address intrin-
sically disordered proteins, see e.g. Refs. [101–103]. Retuning non-bonded 
interactions can better balance the forces associated with, e.g., salt bridge 
formation and hydrophobic interactions between non-polar residues, con-
tributing to protein 3D-structure formation [104]. Another challenge for 
atomistic detail force-field accuracy are the nucleic acids DNA and RNA, see 
e.g. Refs. [105–107].

Since the predicted outcome may depend on the interactions model, a 
common research direction is force-field comparison, especially force-field 
prediction comparison with experiments. For example, predictions by mul-
tiple force-fields of pH-induced conformation changes in poly L-lysine and 
poly L-glutamic acid chains [108], B-DNA [105] or intrinsically disordered 
proteins [109,110], have been compared against experiments. Notably, ion 
interactions with biomolecules, including biopolymers, depend on the in-
teractions model choice, and the usage of corrections is warranted for accu-
racy [111,112]. The comparisons show that force-field and parameter choices 
in atomistic detail modelling should consider the original reference systems 
used in the parametrization, and the type of verifications performed. Addi-
tionally, the modelling predictions should be tested against experimental data 
when possible.

Direct application of atomistic detail MD to biopolymers is extremely pop-
ular, with research targets being both on structure, dynamics, as well as at 
function level. Most works focus on biological systems with much less fo-
cus on materials applications, except in the cellulose directions [61,62,64]. 
For protein-based materials, a particularly relevant aspect is the hierarchical 
structure, and its effect on the materials assembly and characteristics. Some 
examples addressing this have focused on silk-like proteins. For example, a 
combination of experiments and all-atom MD simulations revealed that the 
nonlinear response of silk threads to stress is crucial to localize load-induced 
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Figure 2. Example of using all-atom MD simulations to extract the effect of solvent environ-
ments on protein interactions. Distribution of a) water molecules (blue color) in 94% ethanol 
concentration aqueous solvent system and of b) ethanol molecules (green color) in 20% ethanol 
concentration aqueous solvent system. The visualized solvent molecules correspond to those lo-
cated within 0.25 nm cutoff distance from the protein (considering all atoms of both the solvent 
molecule and the protein). Solvent clusters are highlighted in the visualization by transparent 
shading. Figure reprinted from Ref. [116] (CC BY-NC-ND 4.0). 

deformation, resulting in mechanically robust spider webs [113], the stress 
dependency of silk-like protein assemblies [114], and that multiple attrac-
tive regions with different strength in the flexible silk-like protein lead to 
bicontinuous network structure, potentially bearing influence in fiber for-
mation [115]. Furthermore, interesting for protein materials, a combination 
of all-atom MD and experiments elucidates in Ref. [116] the influence of 
ethanol as solvent additive on protein aggregation, but also the changes in 
microscopic solvation environment and in secondary structure, along with 
the molecular-level origins of these. The protein species of interest in the 
work is spidroins, the main proteins of silk. The work demonstrates an ap-
plication of using atomistic detail MD to gain insight to alcohol treatment of 
proteins, which is a common processing step: Figure 2 demonstrates atomistic 
detail MD-derived local solvation and the distribution of the solvent around 
the protein at different ethanol concentrations of the aqueous solvent in the 
work [116]. Specifically, as ethanol distributes differently around the protein 
at different solvent additive concentrations, its effect of significantly weak-
ening hydrophobic interactions by solvating hydrophobic regions provides a 
tuning handle to assembly, and materials properties [116]. 

Besides silk-like protein materials, also other protein materials, such as 
elastin-like peptides and their lower critical solution temperature response 
in materials formation has received attention, both at atomistic and CG de-
tail [117–120]. Mechanical response of collagen fibers has been examined 
thoroughly in Refs. [121–123]. Also polypeptides [108,124–126] and bioin-
spired topics, such as energy dissipation in protein materials, have received 
computational attention [127].

Another direction receiving attention is biopolymer adsorption, which is 
often studied in atomistic detail due to the scale of interactions. For exam-
ple, peptide adsorption on silica nanoparticle surfaces has been mapped as a 
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function of pH, particle diameter, and peptide electrostatic charge [126,128], 
but also in terms of silica surface structure [129]. Although topics such as 
molecular level dependencies of film formation and collective effects in ad-
sorption response would be interesting, the modelling length and time scales 
of atomistic detail modelling remain prohibitively limiting.

The rather limited modelling length and time scales of atomistic detail 
modelling, Figure 1, can be expanded by combining the approach with larger 
scale modelling or experiments. Although appealing, the former combina-
tion remains relatively rare for biopolymer systems, the main challenge being 
interfacing the models that have different description scales. Successful exam-
ples include, e.g., the combination of two theoretical approaches in Ref. [130], 
where the effects of polymer conjugation on hybridization thermodynamics 
of oligonucleic acids was addressed by both CG Langevin and atomistic de-
tail MD simulations [130]. Likewise, Ref. [131] showed that specific material 
recognition by small peptides is governed by local solvent density variations 
at the solid/liquid interfaces. The latter work mainly focuses on the origin of 
the selectivity of the binding motif RKLPDA for Ti over Si combining meta-
dynamics and steered MD simulation as modelling approaches in atomistic 
detail. An interesting multiscale modelling combination of atomistic to con-
tinuum level modelling of mussel adhesion proteins is presented in Ref. [132]. 
An additional example is the combination of experiments, all-atom MD sim-
ulations, and mesoscopic dynamical modelling used to address the phase 
response of chitosan/poly(ethylene oxide) blends [133].

Coarse-grained approaches in molecular dynamics

CG force-fields consider the interactions at a level that view regions in the 
molecular system by effective smoothened description, averaging the effect 
of both spatially and temporally most localized interactions [134–137]. This 
typically enables using simpler and thus computationally cheaper analytical 
interaction potentials compared to fully atomistic detail interaction mod-
els [134,138]. Also the use of cut-off-based interactions and soft potentials 
provide computational advantage, naturally at the cost of loosing information 
that would rise from the details that were smoothened in constructing the ef-
fective CG model [136,138]. The practical consequence is that simulations of 
significantly larger systems and longer time periods than in full atomistic de-
tail are feasible [134,136]. For molecular level coarse-graining, typical system 
dimensions are up to 100 nm, and can include millions of particles [139,140]. 
The observable time scales extend with relative ease to 𝜇s range and above.

Key in CG model construction is the coarse-graining of the atomistic or 
molecular level details of the biopolymers to make the CG beads or interac-
tion units, and the definition of the interaction features [134,136,140]. The 
interaction units, in practise, the degree of coarse-graining, is commonly 
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a compromise between description detail and achievable system size and 
time scales [141]. The effective interactions, i.e. development of accurate and 
transferable CG MD force-fields, can be divided into two main approaches: 
bottom-up structure-based coarse-graining, in which the effective CG poten-
tials are based on reference atomistic detail MD simulations, and top-down 
thermodynamics-based coarse-graining, in which the effective interactions 
are fitted to reproduce key experimental observables (such as thermodynamic 
properties) of the modelled system [138,141–143]. The former approach re-
tains better the chemical characteristics of the target system, but the latter 
often produces more transferable potentials [138,141,142]. Quite common 
in CG model construction is the combination of the two approaches to it-
eratively tune the CG potential parameters. Examples include a unified CG 
model of biological macromolecules based on mean-field multipole – multi-
pole interactions able to describe structure and energetics of proteins, nucleic 
acids, and polysaccharides [144], but also a hybrid model aimed at bridg-
ing the gap between atomistic and CG modelling of surfactants in apolar 
solvents [145].

While CG approaches give access to significantly larger structural fea-
tures and longer time scales of the dynamics of biopolymer systems, a major 
drawback of all CG MD models is that the entropic contributions in the simu-
lated systems decreases significantly as a function of the coarse-graining level, 
since mapping groups of atoms into interacting beads reduces the degrees of 
freedom [137,138]. This is often counterbalanced by increasing enthalpic con-
tributions [146]. The phenomenon is even more evident for CG force-fields 
that employ implicit solvent models, such as Dry Martini [139]. In it, the sol-
vent entropy loss is compensated by significant tuning of the Lennard-Jones 
interactions between the CG beads to better capture, e.g., hydrophobic effects 
and charge screening. By construction, the CG models are thus much more 
specific to parametrization conditions, such as temperature and the specific 
system, a fact that should be considered in their use [137,138,142].

For biopolymers, perhaps the most used CG MD force-field is the Martini 
model [147,148]. Similarly to other broad scope, transferable CG force-fields, 
it assumes that groups of atoms can be represented by specific CG bead types. 
One CG Martini bead represents on average four heavy (i.e. non-hydrogen) 
atoms, however a higher resolution mapping is used for cyclic molecules. In-
teractions between beads are parametrized using a combination of top-down 
and bottom-up approaches. Non-bonded interactions are modelled by a 
Lennard-Jones potential parametrized against experimental thermodynamic 
data, such as free energies of partition. The bonded interactions between the 
beads are tuned to match atomistic MD distributions. Solvent effects are mod-
elled using explicit solvent beads, which provides transferability of the model 
between water and membrane phases, at the cost of reduced computational ef-
ficiency. While originally parametrized for lipids [147–149], Martini has been 
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expanded to encompass other biomolecules, including proteins, DNA [150], 
RNA [151], polysaccharides and carbohydrates [152–158], as well as, other 
biobased and synthetic polymers [159–162]. Recent reparametrization of the 
Martini force-field rebalances the interactions and introduces new bead types 
to better capture hydrogen bonding and electronic polarizability [146]. Addi-
tionally, Dry Martini [139] implemented an implicit solvent approach to gain 
a significant speed-up (by a factor 1–2 for large 100 nm lipid vesicles). How-
ever, the formalization of the model, specifically the lack of purely repulsive 
interactions, makes it incapable of modelling soluble proteins or equilibrium 
between, e.g., membrane-bound and dissolved populations of compounds.

Besides Martini, there exists also a number of other widely used CG 
approaches in biopolymer modelling. For example, the SIRAH CG force-
field [163–165] avoids the constraints needed in Martini for secondary struc-
ture of proteins. Besides proteins and DNA, it provides access to CG mod-
elling of protein-DNA complexes [166]. Predictions of UNRES model [144] 
have been demonstrated for a wide set of biomolecules. Due to its multi-
scale structure, also cellulose has been the target of several successful CG 
models [62]. SURPASS [167] is a low-resolution CG model for peptide and 
protein modelling. PRIMO model, for both proteins and nucleic acids, has 
been extended also to cover membrane protein modelling [168,169]. Also 
a growing interest in designing CG force-fields via machine learning meth-
ods exists. The approach has been demonstrated for generating atomistic 
interaction potentials based on quantum mechanical calculations, and sim-
ilar frameworks have been developed also for CG-force-fields [170–172]. 
References [138,142,173,174] are recent reviews in this field.

The major challenge with CG force-field approaches is the accurate 
representation of the effective pair potential between CG beads [134]. If 
parametrized bead-wise, the interaction depends on the chemical environ-
ment, that is, whether the bead is immersed in aqueous solvent or buried 
in an apolar environment, e.g., in a protein core [134,136]. One solution 
is using many-body potentials to better describe interactions in different 
chemical surroundings and also within densely packed structures, such as 
protein interiors [172,175,176]. Additionally, the inherent loss in chemical 
and fine-grained detail in CG approaches often hinders investigation of highly 
localized phenomena, such as molecular recognition and reorganization of 
binding sites, but also charge-charge interactions, including localized effects 
of ions [138,146]. Recently, hybrid models where regions of interest – often 
the biologically most relevant regions of molecules – are represented in atom-
istic detail, and the rest of the system is modelled at CG level [177–180]. Such 
hybrid all-atom/CG approaches combine the advantages of both, with local 
accuracy and chemical specificity yet at reduced total computational cost due 
to cheaper CG regions.
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Examples of applications of CG modelling to biopolymers include, e.g., the 
effect of the variation of oligonucleic acid backbone chemistry on the hy-
bridization/melting thermodynamics of oligonucleic acids [181], but also the 
effect of oligonucleic acids design on the thermodynamics and assembly of 
multi-arm oligonucleic acids – star polymer conjugates [182]. Also collagen 
mechanical properties have been mapped [183]. On the other hand, the in-
teraction with interfaces is also accessible by CG MD, such as in Ref. [184], 
where substrate patterning and film morphology, with focus on lamellar 
phase behaviour of copolymers under different heating cycles and substrate 
conditions, has been addressed by means of simple CG bead-spring model. 
Reference [185] presents an interesting approach to intrinsically disordered 
proteins at interfaces, integrating all-atom modelling to generate CG model 
for the proteins. Other examples of CG modelling combined with atomistic 
detail MD simulations are the lower critical solution temperature examina-
tions of elastin-like peptides [118,120]. Collagen-mimetics and their fibril 
formation were modelled in Ref. [186]. Related, tropoelastin self-assembly 
into fibrils is examined by CG Martini approach in Ref. [187]. Also the 
assembly of poly(ethylene glycol) polymers and PEG-conjugated lipids in 
bulk [188,189] and their interfaces with proteins or surfaces [190,191] has re-
ceived significant attention in CG modelling detail due to the bioengineering 
and drug delivery applications. Moreover, a new minimal CG MD model that 
takes into account intrinsically disordered proteins heterogeneity in nuclear 
pore complexes has been developed in Ref. [192], and benchmarked on exper-
imental data of single-molecule interactions between intrinsically disordered 
proteins and nuclear transport receptors. Furthermore, Ref. [193] presents a 
review of colloid and protein adsorption CG models.

In conclusion of this section, we suggest consulting the recent review, 
Ref. [194], in which models employing diverse coarse-graining resolutions 
enhance understanding of the mechanisms that govern chromatin organiza-
tion. Figure 3 provides a visual summary that shows the various modelling 
scales commonly used in studying the regulatory mechanisms influencing 
chromatin structure [194]. Notably, the Authors anticipate an increase in 
the use of data-driven methods, coupled with experimental data, and expect 
this to reveal groundbreaking insights on how the functional organization of 
chromatin is both sustained and regulated across all scales.

4. Dissipative particle dynamics in modelling of biopolymers

Extending the achievable modelling length and time scales significantly from 
the deterministic atomistic and CG MD simulations, Figure 1, DPD is a soft-
core potential, CG, particle-based simulations model, which examines the 
time evolution of a system of particles reproducing fluid dynamics modes 
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Figure 3. Different scales of modelling allowing the investigation of local and global mecha-
nisms of chromatin structure regulation. Panel a) presents near-atomistic approaches for studying 
the detailed modulation of nucleosome structure and dynamics by interacting partners, such 
as transcription factors. The approach follows such as Ref. [195]. In panel b), near-atomistic and 
sub-nucleosome models are used to reveal physical and molecular characteristics that make the 
structure of chromatin transform, following such as presented in Refs. [196,197]. In panel c), the 
effects of DNA mechanical properties changes stemming from sequence or epigenetic marks are 
modelled by a hybrid model, following the presentation of Ref. [198]. Panel d) summarizes multi-
scale approaches bridging atomistic features of nucleosomes to the mesoscale organisation of 
chromatin and its phase separation. The presentation follows similar to Refs. [199,200]. Figure 
reprinted from Ref. [194] (CC BY-NC-ND 4.0). 

and liquid response [201,202]. Its operation range is in the mesoscale struc-
tural and dynamics region, capturing assembly structure and morpohology 
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changes, as well as large scale structural flows [202]. Like the atomistic and 
CG MD approaches, also DPD is based on integration of Newton’s equations 
of motion, Eq. 1. In DPD, analogous to other CG approaches, each particle 
(usually referred to as bead) in the system represents a cluster of atoms or 
more accurately a region of the modelled system. This results in significant 
reduction of degrees of freedom, which together with the soft-core format of 
the interactions potential, allows the simulation of length and time scales that 
are orders of magnitude larger than those achievable by previously discussed 
methods.

In DPD, the total force Fi, acting on bead i [201,202], is formulated as

Fi = ∑
j≠i

(FC
ij + FD

ij + FR
ij), (2)

where FC
ij  denotes the conservative, FD

ij  the dissipative, and FR
ij  the random 

force, respectively, and where the index j represents all other beads in the 
system. This approach assumes pairwise interactions, which are truncated at 
a cutoff distance rc. Both of these aspects contribute to the computational 
efficiency of DPD in comparison to many other methods. Even more impor-
tantly for computational efficiency and the extended time scales reachable by 
DPD, FC

ij  corresponds to a simple repulsive soft-core potential, which allows 
the use of a significantly longer integration time step (in comparison to, e.g., 
force-field based MD simulations). The soft potential also leads to enhanced 
relaxation dynamics. Altogether, these result into overall increased temporal 
and spatial reach.

The use of a soft-core potential as the conservative force component can 
be justified by considering that the interactions between groups of several 
hard-core particles (Lennard-Jones type interactions) result in a soft effective 
interactions potential [203]. The conservative force is defined as 

FC
ij (rij) = {

aij(1 – rij) ̂rij, rij < rc,
0, rij ≥ rc,

(3)

where aij is the conservative repulsion parameter between particles i and 
j, controlling the miscibilities of the different components of the system, 
rij = ||ri – rj|| their distance (commonly expressed in units of the cut-off dis-
tance rc), and ̂rij = rij/rij the unit vector giving the force direction. Notably, 
rc, which sets the range of interactions, is determined based on the coarse-
graining scale of the system, i.e. the number of atoms or solvent molecules 
represented by each bead. In standard DPD, all interacting beads, regardless 
of bead type or modelled chemical species, are considered to be of the same 
size (both volume and mass).
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FD
ij  and FR

ij  are together responsible for the conservation of total momentum 
in the system, and incorporate the effect of Brownian motion into the larger 
length scale. These two forces read 

FD
ij (rij, vij) = –𝛾𝜔D(rij)( ̂rij ⋅ vij) ̂rij (4)

and 

FR
ij(rij) = 𝜎𝜔R(rij)𝜉ijΔt–1/2 ̂rij, (5)

where vij is the relative velocity between the two considered beads, and 𝛾 and 
𝜎 are the friction coefficient and noise amplitude (defined below), respec-
tively. FD

ij  and FR
ij  also encompass the distance-dependent weight functions 

for the dissipative force 𝜔D(rij) and the random force 𝜔R(rij), as well as the 
random number 𝜉ij with zero average and unit variance (Gaussian white 
noise).

Coupling FD
ij  and FR

ij  provides a thermostat to the simulation: an increase 
in the noise causes particle velocities to increase (heating up of the system), 
which is countered by the dissipative contribution slowing down the parti-
cles correspondingly. Additionally, if 𝜉ij = 𝜉ji, Eqs. 4 and 5 form a pair-wise 
Brownian dashpot, ensuring conservation of momentum. Furthermore, the 
following relationships exist 

𝜔R(rij)= √𝜔D(rij), 𝜎 = √2𝛾kBT , (6)

where T is the absolute temperature and kB the Boltzmann constant. As a re-
sult, one of the weight functions of Eq. 6 can be chosen arbitrarily, and the 
amplitude of the random force is related to the friction coefficient 𝛾. Gener-
ally, 𝜔R(rij)= 1 – rij/rc, for rij<rc, is used, based on the original publication by 
Groot and Warren [204].

For simulating biopolymers, the basic DPD approach of Eq. 2 is typically 
augmented by an additional force term FS

i , corresponding to a spring force 
between two consecutive beads in the same polymer chain, reading 

FS
i (rij) = –𝜅 ∑

j∗
(rij – r0) ̂rij, (7)

where 𝜅 is the spring constant, r0 the spring equilibrium distance, and j∗
indicates the nearest neighbours in the chain. Besides the spring force corre-
sponding to a harmonic potential, a common way to define the bond is using 
a finite extensible nonlinear elastic (FENE) potential [205].

In comparison to the previously covered simulation approaches, DPD is a 
powerful technique in reaching extended length and time scales in modelling 
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biopolymer solutions [202]. However, due to the simplifications involved in 
model construction and algorithm setup, the approach is also lacking in abil-
ity to describe many directions in biopolymers and their assemblies. For 
example, in conventional DPD simulations, perpendicular velocity vector and 
distance vector lead to zero dissipative force [202]. This effectively excludes 
the possibility of shear forces between pairs of particles. This has been reme-
died in smooth DPD approaches [206]. Furthermore, the repulsive form of 
the conservative force, Eq. 3, implies that, e.g., liquid-vapor interfaces cannot 
be modelled by conventional DPD [204]. Beyond the standard DPD, many-
body DPD can be used to model such cases [207]. In many-body DPD, the 
response is captured by density-dependent many-body conservative poten-
tial with attractive and repulsive terms. Interesting for biopolymer modelling, 
DPD approaches extend also to capturing protein structure [208,209].

In biopolymer modelling, DPD reaches time scales associated, e.g., with 
bulk self-assembly and morphological transitions that are typically outside 
the reach of even CG MD. Especially interesting for materials applications 
is the stimuli responsive wide range of self-assembly morphologies, such as 
spheres, vesicles, rods or even hierarchical morphologies, that copolymer-like 
assemblies readily exhibit [210]. Assembly morphologies of di-block copoly-
mers in both bulk melts and solutions are well-known to depend strongly on 
the block segment length ratio and component miscibilities [211].

In the latter, a systematic study of the self-assembly behavior of 
poly(1,2-butadiene)-b-poly(ethylene oxide) (PB-b-PEO) block copolymer in 
[Bmim][PF6] ionic liquid (IL), reported here in Figure 4, is provided. Both 
PB and PEO can be biobased, and are thus used here as DPD example to 
represent the ability of the model to resolve assembly phase diagrams: a vast 
variety of assembly structures, such as spherical micelles, rodlike micelles, 
entangled cylinders, sheets, branched lamellae, lamellae, platelets, tubes, and 
IL microphase structures, as a function of polymer concentrations and poly-
mer block ratios were reported [211]. DPD modelling have allowed mapping 
these and other dependencies, relevant for biopolymers as well.

Furthermore, Seki et al. [212] examined the self-assembly of peptide am-
phiphiles via DPD approach, reporting the temperature dependency response 
of the micelle shape transitions from spherical to worm-like by depict-
ing the temperature shift associated hydration change as simple tuning of 
surfactant – solvent interaction parameters. Similarly, the role of molecule 
shape, i.e. branching and cyclic structures, on formed self-assembly struc-
tures and assembly phases has been investigated for bio- [213,214] and 
synthetic [215–220] block copolymers.

A significant recent focus area in the modelling of equilibrium assem-
bly of biopolymer systems has been drug delivery, most commonly small 
molecule release from self-assembled vesicle-like structures [219–222]. The 
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Figure 4. Ternary phase diagram in vol % and corresponding structures at 298 K by DPD sim-
ulations. Blue, poly(1,2-butadiene) (B) beads; red, poly(ethylene oxide) (O) beads; and yellow, 
[Bmim][PF6] ionic liquid (IL) beads. The concentration unit of the phase diagram is volume fraction 
(vol %). Reprinted with permission from Ref. [211]. Copyright © 2016, American Chemical Society.

mesoscale approach allows capturing structural features and dynamics. Ex-
amples include the bottom-up DPD model based on atomistic simulations 
for self-assembling PAE-g-PEGLA vesicles with doxorubicin hydrochloride 
loaded into the vesicle core [221]. These results demonstrated the carrier to 
be easily tunable via solvent phase, solvent exchange rate, polymer concen-
tration, and polymer block lengths. Release of the drug in response to a pH 
change and protonation PAE block was achieved by tuning the DPD interac-
tion parameters. Also block-co-polyelectrolyte-based self-assembly carriers 
have been modelled [219,220], with variables covering block length ratio, 
polymer concentration, polymer chain length, and polymer block – solvent 
selectivity.

The hierarchical structure of many biopolymer assemblies is well-suited 
for DPD, as long as the assembly rises from characteristics captured by the 
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effective bead-bead interactions and not from, e.g., highly localized inter-
actions, see e.g. Ref. [214]. Namely, the CG description of each individual 
molecule can be retained, but the larger length scale structures forming dur-
ing longer (𝜇s) time scales can also be captured thanks to the soft interactions. 
Examples of higher scale self-assembly of copolymer micelles into more com-
plex hierarchical structures include, e.g., the study by Zhuang et al. [223], in 
which the solvent change drives self-assembly of poly(𝛾-benzyl-l-glutamate)-
graft-poly(ethylene glycol) (PBLG-g-PEG) micelles into nanowire structures. 
Related, giant fibers have also been demonstrated by DPD approaches. In 
particular, hydrophobic dimerization promoted oligomeric strand formation 
in Ref. [224]. DPD approaches have also been used to examine silk protein 
fiber assembly, processing conditions and design parameters, in particular by 
considering the proteins as multi-block copolymers [214]. With appropriate 
degree of coarse-graining, also protein structure can be captured [208,209].

The high level of coarse-graining achievable by DPD, and its extended time 
scales, have been used to examine large scale self-assembly phenomena in 
biopolymer systems. Examples include protein complexation and aggrega-
tion, both in solution and in two dimensional environments. For example, 
Li et al. [225] modelled the aggregation of protein complexes in a lipid bi-
layer, demonstrating entropy-induced attraction between protein complexes 
with complementary shape. Here, naturally the entropy considerations are 
subject to the coarse-graining in the model. Chen et al. [226] tuned the 
co-operative self-assembly of polymer solutions into rods, curved rods, and 
toroids, with the mixing ratio of linear polymers, branched polymers, and wa-
ter content, as study variables. DPD has also been used to study self-assembly 
of proteins and amphiphilic molecules in confinement with elastic bound-
aries, such as micelles or lamellar vesicles [227]. The findings reveal, e.g., that 
confined geometry, such as vesicle curvature, may give rise to interesting self-
assembly structures not observed in bulk phase, such as U-like and toroidal 
vesicles [227]. An interesting approach to modelling protein secondary struc-
ture effects is presented in Ref. [228], where, based on atomistic detail MD 
simulations, a DPD approach to capture polyalanine folding into a stable 
helical conformation is considered. The approach reproduces the folding of 
polypeptides for different lengths, including bundle formation for sufficiently 
long polypeptides.

DPD also allows examining patterning on surfaces. The time scales and 
size reach in DPD is sufficient to map block copolymer self-assembly to, 
e.g., nanopatterns, such as stripes on surfaces, charting the effect of mis-
cibility differences between the components [229]. Interestingly, DPD also 
expands to effective description of, e.g., the effect of reaction rate kinetics 
in polymerization reactions on surface brush growth by considering surface 
modifications [230].
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While the energy barriers in DPD are typically significantly lower in com-
parison to classical MD due to the CG and soft character of the potentials, it 
is worth noting that the method still suffers from kinetic trapping into local 
minima. This is most prevalent at low temperatures, where most stable struc-
tures may only be obtained via enhanced sampling techniques, such as replica 
exchange, as demonstrated by Kobayashi et al. [231] for threadlike surfactant 
micelles.

DPD also offers interesting prospects in mapping dynamics and temporal 
reorganization of biopolymer systems, including flows. Due to the conserva-
tion of fluid dynamics, DPD has been widely used to examine biopolymer 
response to external flow fields and to particular geometries. For example, 
Posel et al. [232] simulated the flow and aggregation of rod-like proteins 
as solution in polymer coated pores and slits. The modelling revealed that 
tuning solvent quality controlled a phase transition of the polymer coating, 
with a stretched polymer brush hampering protein solution flow promoting 
protein aggregation. Lin et al. [214] simulated the self-assembly of hydropho-
bic/hydrophilic block copolymers based on silk proteins under shear flow 
to mimic spinning processing. The findings revealed that larger micelles, in-
duced by increase in hydrophobic domain size, elongate under shear flow to 
form percolating fibre networks, which resulted in increased stability.

In addition to explicitly including forces arising from external fields, such 
as shear [206], classical DPD has been expanded to cover also additional 
features, such as electrostatics [233,234] and polarizability [235–237]. For 
charges, a smeared charge approximation is proposed and used for the explo-
ration of micellization response of anionic and cationic surfactants, and their 
mixtures, in solution [238]. For polarizable DPD approaches, Peter et al. [235] 
introduced charged Drude DPD particles in the spirit of their prior polariz-
able DPD water [239]. While including polarizability reduces the achievable 
level of coarse-graining and computational efficiency, the model was able to 
accurately replicate protein structural parameters, as well as capture experi-
mentally observed folding pathways and native protein structure [235].

5. Langevin and Brownian dynamics in modelling of biopolymers

Stepping further into effective interactions and coarse-graining of biopoly-
mers, Langevin, originally derived in Ref. [240] and thoroughly described in 
Ref. [241], and Brownian dynamics (BD) [242], are bead-based approaches 
that model the effective dynamics of a system resulting from the presence 
of a solvent. Both methods are fundamental numerical techniques for sim-
ulating both equilibrium and non-equilibrium phenomena of micro- and 
meso-scopic systems. BD simulations applied to biological molecules, includ-
ing biopolymers, have been recently reviewed in Refs. [243,244]. Generally, 
Langevin dynamics mimics the effects rising from a viscous solvent, while 
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BD is its overdamped limiting case, in which the particles do not undergo 
acceleration, or in other words, have no inertia [241].

Notably, while Langevin dynamics captures the effect of solvent, this is 
limited to effects rising from stochastic collisions, excluding, e.g., dielec-
tric screening, proper hydrodynamic effects, or solvation effects, such as 
hydrophobicity [241]. Consequently, systems representing biopolymers typ-
ically encompass chains of beads, and in addition to the plain Langevin 
dynamics, described below, extra interaction terms, corresponding to ef-
fective interplay between particles, need to be introduced. These capture, 
e.g., hydrophobicity at an effective level or interactions between charges, but 
also the constraints holding the chain of beads together.

Langevin dynamics

To formulate the Langevin dynamics approach [241], let us consider a particle 
with mass m and radius R1 suspended in a fluid where the solvent molecules 
have a radius R2. If R1 ≫ R2, one can assume that the suspended particle 
experiences a very large amount of collisions by the solvent molecules. This 
assumption is readily valid for typical molecular to colloidal particle scales, 
for which R1 ≈ nm-𝜇m, and for small solvent molecules, such as water or 
gases, for which R2 ≈ 10–1nm. The effect of collisions on the particle at time t
can be captured by a random force 𝝃(t). The second major contribution to the 
dynamics of the particle is the friction it experiences moving in the solvent. 
For low Reynolds numbers (laminar flow), the friction force can be assumed 
to be linearly proportional to the velocity of the particle v(t). The governing 
equation of motion can be thus written as 

m
dv(t)

dt = –𝛾v(t)+𝝃(t), (8)

where 𝛾 is the friction coefficient. For a viscous fluid, the friction coefficient 
𝛾 = 6𝜋𝜂R1, in which 𝜂 is the viscosity of the fluid. The average of the noise 
term is ⟨𝝃⟩ = 0, while its time correlation is ⟨𝝃(t)𝝃(t′)⟩ = 6kBT𝛾–1𝛿(t – t′), 
which corresponds to random white noise, where 𝛿 is the so called Dirac 𝛿
function. Rearrangement of Eq. 8 gives 

dv(t)
dt = –

𝛾
mv(t)+ 1

m𝝃(t), (9)

which corresponds to the Langevin equation of motion [240]. It is im-
portant to reiterate that this equation neglects electrostatic screening and 
hydrodynamics. Furthermore, it describes the dynamics of a single parti-
cle immersed in a solvent. However, most practical systems are composed 
of 𝒩>1 suspended particles. Consequently, additional contributions to the 
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forces experienced by each particle i in the system need to be considered. Most 
important are the interparticle interactions (in the case of biopolymer, in-
cluding also eventual tether forces), but the additional contributions can also 
capture the effects of the solvent omitted in the basic Langevin formulation. 
The approach leads to 𝒩 coupled equations of the form 

dvi(ri, t)
dt = –

𝛾i
mi

vi(ri, t)+ 1
mi

𝝃i(t)–
∇Φi(ri)

mi
. (10)

Here, the force terms –∇Φi correspond to interparticle interaction poten-
tials and external force contributions on the particles. The total potential Φi
is generally defined as the sum of all force contributions in the system, namely 

Φi(ri)= V ext
i (ri)+ ∑

j
𝜙ij(ri, rj)+ ∑

j,k
v(3)

ijk (ri, rj, rk)+ ∑
j,k,l

v(4)
ijkl(ri, rj, rk, rl)+ ⋯ .

(11)
In this, V ext

i  represent one-body external potentials (e.g. gravitation or the 
potential exerted by a container walls), and 𝜙ij describes the pair-wise inter-
actions of the particles. In principle, triplet contributions v(3)

ijk , and even higher 
order multiparticle interactions, such as v(4)

ijkl, can be considered, but in most 
common approaches the standard procedure is to account only up to pair 
contributions.

For identical particles some indices can be dropped. Assuming the absence 
of external potentials, i.e. V ext

i (ri)≡0, and omitting the multiparticle interac-
tions contributions, Eq. 10 obtains the most well known form for Langevin 
dynamics-based particle system simulations 

dvi(ri, t)
dt = –

𝛾
mvi(ri, t)+ 1

m𝝃(t)–
∑j ∇𝜙ij(ri)

m . (12)

Altogether, Langevin dynamics provides an interesting CG approach of 
large-scale particle based simulations of biopolymers. As with all CG ap-
proaches, the challenge remains in interactions model construction (effective 
interactions) and matching the parameters to actual biopolymer systems. 
However, the approach is powerful in scaling-up both time and length 
scales, and allows mapping both assembly and dynamics. An example us-
ing CG Langevin dynamics simulations in a biopolymer setup can be found 
in Ref. [130], where the effects of polymer conjugation on hybridization 
thermodynamics of oligonucleic acids were addressed. Another interesting 
approach is provided by the combination of scaling arguments and low fric-
tion Langevin dynamics simulations to study the effects of macromolecular 
crowding on the collapse of biopolymers, and to characterize the polymer size 
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Figure 5. Assembly configurations rising in CG modelling of intrinsically disordered proteins with 
varying sequences at fixed concentration, temperature, and degree of hydrophobicity (red beads). 
The figure is presented to demonstrate the reach of Langevin and BD type CG modelling in the 
context of biopolymers, here proteins. Reproduced from Ref. [248], with the permission of AIP 
Publishing.

as a function of the volume fraction [245]. Furthermore, Langevin dynamics 
have been recently used to investigate protein diffusion in lipid bilayers [246].

Langevin dynamics approaches have also raised interest in the context of 
intrinsically disordered proteins, see e.g. Refs. [247,248]. In Ref. [247], a CG 
model including repulsive steric, attractive hydrophobic, and electrostatic in-
teractions between residues was implemented. Reference [248] investigates 
liquid-liquid phase separation dependency on sequence via a coarse-grained 
model, reporting a rich phase behavior. Figure 5 demonstrates how this type 
of approaches can reveal assembly changes at the level of large scale struc-
tures ranging from liquid, structured liquid, strings, membranes, worm-like 
micelles, to micelles. Here, the changes are driven by minor alterations in 
the ordering of residues leading to variation of the hydrophobic/hydrophilic 
sequence.

Relevant to biological processes, sensor applications and molecular level 
switches, the structure and dynamics of an active polymer adsorbed on the 
surface of a cylinder has been addressed in Ref. [249]. Langevin dynamics 
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have also been coupled with hydrodynamic interactions between the poly-
mer and the fluid [250] with findings addressing the electrophoretic transport 
of biopolymers through synthetic nanopores in quantitative agreements with 
experiments. Langevin dynamics also allows examining, e.g., cross-linked 
biopolymer networks with active motors [251]. The work demonstrates a 
pronounced network strain stiffening taking place with increasing shear 
deformation, mostly relevant for cytoskeletal networks. More generally, cy-
toskeletal networks, especially actin-based ones, are addressed by the exten-
sive overview of theoretical and computational approaches for understanding 
the dynamic behaviors and underlying mechanisms of them in Ref. [252]. 
Langevin dynamics also allows modelling single protein conformations at 
constant pH [253].

Brownian dynamics (Overdamped equations of motion)

In the overdamped regime, i.e. particles without inertia, Eq. 12 reduces to 

𝛾vi(t)= –∇Φi(ri)+𝝃(t). (13)

The assumption of no inertia is valid if the velocity correlations decay on a 
time scale 𝜏 = m/𝛾 much smaller than the considered time scale t, i.e t ≫ 𝜏. 
Equation 13 is a first order differential equation for which the time evolution 
can be solved numerically using, e.g., the Euler method. This approach for 
particle-based simulations is called Brownian Dynamics [242]. Since 

v(t)=
dr(t)

dt = lim
dt→0

r(t + dt)–r(t)
dt , (14)

the time trajectories of the particles are obtained by recursive solving of 

ri(t + dt)= ri(t)–𝛾–1 ∑
j

∇𝜙ij(ri)dt + 𝛿ri, (15)

where dt is the discrete integration time step, and 𝛿ri are the random con-
tributions to position sampled from a Gaussian distribution with standard 
deviation √6kBT𝛾–1dt.

Also BD approaches have been used successfully to model biopolymer 
systems, see e.g. Ref. [254]. BD modelling has received significant atten-
tion in the context of examining crowded dynamics, e.g., in cells [255–257]. 
In biopolymer context, a large fraction of BD-based works focus on pro-
teins, recently especially on liquid-liquid phase separation. For example, a 
CG bead-spring model combined with BD was used in Ref. [258] to show 
dependency of liquid – liquid phase separation and self-assembly regions of 
silk-like block-proteins dependency on the protein length, see Figure 6, which 
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Figure 6. Example of BD simulations reach in the context of a bead-spring model for silk-like pro-
teins of varying length (1 to 3 units) and their assembly phase behavior. a) Design and variables of 
the model. Bead types A and B differ by their diameter 𝜎AA and 𝜎BB and interactions. b) Silk-like 
proteins of 1 unit, 2 units, and 3 units were modelled. c) Resulting assembly phase diagram for 
the proteins at different volume fractions 𝜑 in the BD simulations. The visualizations show rep-
resentative final simulation configurations for each of the assembly phases for the short 1 unit 
silk models. d) Structural analysis of the assemblies via radial distribution function gAA (r) calcu-
lated for the larger end beads A in the assemblies corresponding to different volume fractions. 
In Ref. [258], the BD simulations data aids interpreting the characterization data by experiments. 
Reprinted from Ref. [258] (CC by 4.0). 

is presented to demonstrate that such simplified approach can extract protein 
length- and concentration-dependent transitions between distinct assembly 
morphologies.

Furthermore, BD approaches have mapped the charge or charged region 
dependency of polymers, such as RNA and some modular proteins. For exam-
ple, based on BD simulations, a differentiation between non-specific binding 
interactions and localized charge interactions in protein assembly system has 
been identified, reporting that non-specific interactions have a larger effect 
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on liquid-liquid phase separation related droplet formation at lower protein-
polymer interaction energies in the same system [259]. The BD procedure 
outlined in Ref. [260] focuses on investigating the dynamics and structural 
characteristics of protein solutions. This approach maintains atomistic details 
of the proteins while treating the solvent as a continuous medium. Notably, 
the modelling led to various quantities matching quantitatively experimental 
data and theoretical predictions benchmarking.

Also polymeric networks and effect of their cross-link density on their 
properties have been modelled by means of BD methods [261,262]. For 
protein hydrogels, the initial volume fraction was found as a dominant pa-
rameter to govern the assembly and its properties at the network level, but the 
characteristics of the single protein remain important [261]. Also the effects 
of changes in both the cross-link topology and flexibility of the polymeric 
building blocks have been mapped by BD approaches [262].

Reference [263] presents a rather interesting hybrid modelling approach to 
biopolymers. The implementation of mean field models of translational and 
rotational hydrodynamic interactions into an atomistically detailed many-
protein BD simulation method is outlined [263]. The approach reveals the 
importance of both the solvent mediated and the weak protein-protein inter-
actions for describing the dynamics and the assembly in concentrated protein 
solutions [263]. Further in this context, Ref. [264] introduces a framework in 
which generic amyloid forming proteins are represented by a single highly CG 
particle. The self-assembly of these CG particles into oligomers and fibrils was 
studied by means of BD simulations.

BD simulations have also been used to study the ejection dynamics of 
spherically confined active polymers through small pores, revealing that 
three stages, namely, a mainly entropy-driven, an active forces accelerated 
ejection process, and an active force dominated stage govern the ejection 
process [265]. Generalization to the applicability of particle-based BD dy-
namics techniques to model diffusive phenomena in biological environments 
is provided in the short review, Ref. [266], and revisited in Ref. [244].

6. Stochastic sampling approaches in particle-based modelling of 
biopolymers

So far, the surveyed particle-based approaches have relied on obtaining the 
time evolution of the system via numerical integration of equations of motion. 
For MD, the interactions governing the system were fully deterministic. In 
DPD, Langevin, or Brownian dynamics simulations, the approach contained 
also stochastic noise and dissipative contributions. Generally, modelling the 
response of the molecular system involved recursive integration of the re-
sulting time-dependent differential equations for the positions, and in some 
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cases, velocities. Complementary to these, also approaches based on stochas-
tic sampling of the possible states that the system can take exist. These are 
generally referred to as Monte Carlo (MC) simulations.

Mainly, MC methods rely on repeated random sampling to obtain nu-
merical results. The most standard MC simulations approach in molecular 
modelling is the Metropolis MC method, in which the system states are sam-
pled with outcome weights corresponding to the Boltzmann distribution, 
i.e. sampling the NVT ensemble [67]. The underlying interaction model is 
deterministic, and the measurable outcome is an expected value of the equi-
librium. No kinetics information is included in the algorithm. However, other 
more advanced approaches exist, such as NpT MC and Grand Canonical MC 
that allow sampling also other statistical mechanics ensembles [67]. For ex-
ample, the latter has been used to study ligand-protein binding [267]. Also 
kinetic MC, for capturing, as the name indicates, kinetics exists [67]. For a 
review of this approach, see e.g. Ref. [268]. MC methods are frequently im-
plemented on a lattice, particularly in the context of polymeric systems. For 
books on MC simulations see e.g. Refs. [67,269].

MC approaches can be extremely powerful in polymer modelling due to 
the approach relying on stochastic sampling. Recent examples of MC studies 
of biopolymers include rather interesting CG approaches to protein amy-
loids, first developed for amyloid formation [270], later also for oligomer 
dynamics during amyloid fibril formation [271], and to reveal pathways 
of amyloid aggregation on cell membranes [272], as well as aggregation of 
fibril-forming proteins in the presence of interfaces [273]. In Ref. [272], the 
membrane-assisted nucleation of proteins that is relevant for understanding 
general macromolecular aggregation on lipid membranes was examined. The 
topic rises broad interest in both biological and biotechnological context. As-
suming two distinct conformations for the proteins, namely a soluble and a 
𝛽-sheet-prone conformation, the results revealed that the properties of the 
lipid membranes, such as membrane fluidity and protein-membrane affinity, 
result in fundamentally different morphologies and compositions of the ag-
gregates, but also their nucleation pathways for protein aggregate formation 
exist, see Figure 7 for details.

Liquid-liquid phase separation and protein phase separation in general 
have received significant attention also by MC approaches [249,274,275]. 
Monte Carlo approaches have also found their use in studying protein sys-
tems with anisotropic, patchy interactions [276–278]. Another interesting 
direction is the hybrid method incorporating molecular-level MC simu-
lations into single chain in mean-field simulations [279]. The work links 
molecular structure with the large-scale morphological features of polymer 
self-assembly.

MC modelling of biopolymers has also uncovered the interactions under-
lying the phase behaviour and properties of Caenorhabditis elegans protein 
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Figure 7. Example of reach of MC type approaches to CG proteins modelling. In the model, the 
CG proteins in the soluble state are white with a blue end and the 𝛽-sheet-prone conformation 
is presented by red and blue patches and pale ends. a) The model reveals assembly phases of the 
protein–lipid cluster morphologies depending on the membrane fluidity and protein–membrane 
affinity. Three main areas can be distinguished: extended fibrils (orange), smaller fibrillar clusters 
with interstitial lipids (green), and strongly mixed lipid–protein clusters (blue). The representa-
tive snapshots correspond to the circled parameter values; soluble proteins are not shown. b) 
Series of simulation visualization snapshots showing the gel-phase heterogeneous nucleation 
pathway resulting in protein-rich fibrillar clusters where the membrane acts as a static surface. 
c) Initial nucleation step in the fluid-phase nucleation pathway is caused by direct contact be-
tween the protein side patch and lipid tails (white arrow), typically leading to mixed lipid–protein 
aggregates. Reprinted from Ref. [272]. 

LAF-1 droplets by combining fluorescence correlation spectroscopy with a 
theoretical framework and insights from all-atom MC simulations [280]. 
Furthermore, the kinetics of poly-L-lysine adsorption on silica have been ad-
dressed by a combination of experiments and CG MC simulations, following 
the random sequential adsorption scheme [281]. Finally, MC approaches are 
also powerful in biopolymer structure prediction [282,283].

7. Field theory approaches in modelling of biopolymers

Beyond particle-based approaches, field theory methods to polymer mate-
rials allow describing polymer solutions and assemblies, including multi-
component mixtures, in a variety of settings and applications. They reach 
mesoscale and continuum level structure formation, and allow the study of, 
e.g., polymer material flows and reorganization at large scale, however omit-
ting molecular level structure and largely the particle-like characteristics of 
the molecules. Here, we cover briefly first self-consistent field theory (SCFT), 
and after that classical density functional theory (cDFT), both for polymers. 
Whereas for SCFT multiple broad reviews already exist, cDFT which has 
comparable performance power in polymer modelling is less known.
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Self-consistent field theory approaches

SCFT for polymers, initially developed in Ref. [284], is a successful, 
functional-based CG mean-field theory. The major approximation of the ap-
proach is that the monomers of a polymer chain are assumed to have a 
Gaussian spatial distribution. Reference [69] provides an in-depth overview 
of the technique, discussing the approximations and the available extensions 
to, e.g., polymer brushes, homopolymer interfaces, and block copolymer mi-
crostructures. More recently, SCFT approaches have been used to study also 
more complex macromolecules, such as, e.g., dendrimers [285], ring poly-
mers [286], star copolymers [287], and complex processes such as liquid – 
liquid phase separation during amphiphilic self-assembly [288].

SCFT has proven to be of high practical use in predicting polymer materi-
als response. This also reflects on its wide practical applications in biopolymer 
modelling. SCFT for polymeric materials, along with its usability and predic-
tion ability for large scale assembly response, has been solidly established, 
see e.g. Ref. [289]. As the approach is field-theory based, and considers spa-
tial distributions, the thoroughly reviewed polymer modelling approaches, 
e.g., Refs. [69,290,291], remain valid also for biopolymers. Research exam-
ples highlighting especially the biopolymer aspect include, e.g., polysac-
charide modelling [292,293], polysaccharide-protein mixtures [294] and 
amyloids [295].

Classical (dynamical) density functional theory

Like SCFT, also cDFT is a means to study structure formation and assem-
bly, but also dynamical reorganization in polymeric systems. Also pattern 
formation and component segregation can be readily mapped in length and 
time scales corresponding to both mesoscale and continuum levels. cDFT re-
lies on expressing the governing thermodynamic potential, which, depending 
on the appropriate statistical ensemble, takes the form of either the free en-
ergy of the system (NVT ensemble), or the grand canonical potential energy 
(𝜇VT ensemble), as a density dependent functional (i.e. a function of a func-
tion), which is then minimized as a function of the latter to resolve the system 
response in terms of density distribution [296–298].

Let us consider the cDFT formulation in the grand canonical ensem-
ble. The grand canonical potential Ω can be expressed as a function of the 
Helmholtz free energy ℱ

Ω[𝜌(r)] = ℱ[𝜌(r)] + ∫ dr [V ext(r)–𝜇] 𝜌(r), (16)
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where 𝜇 is the (fixed) chemical potential and V ext(r) the external potential. 
Note that in bulk V ext(r)≡ 0. By definition, the equilibrium average den-
sity profile 𝜌0(r) minimises Eq. 16. Therefore, the equilibrium density also 
satisfies the Euler-Lagrange equation 

𝛿Ω[𝜌(r)]
𝛿𝜌(r) ∣

𝜌0(r)
= 0. (17)

Note that 𝛿Ω[𝜌]
𝛿𝜌

 is a functional derivative [299] rather than a standard deriva-
tive. ℱ is generally written as 

ℱ[𝜌(r)] = ℱ id[𝜌(r)] + ℱexc[𝜌(r)], (18)

where the first term is the ideal gas contribution, having the known form [299] 

ℱ id[𝜌(r)] = kBT ∫ dr𝜌(r)[ln (Λd𝜌(r)) – 1] . (19)

In this, Λ is the thermal de Broglie wavelength and d the dimensionality of 
the system. The second term in Eq. 18 is the excess Helmholtz free energy 
functional, which models the interactions between particles, and takes differ-
ent forms depending on the system at hand. For example, at the highest CG 
level, the interaction potential between pairs of particles representing poly-
meric systems are often designed using the generalized exponential model of 
index n (GEM-n), namely 𝜙(r)= 𝜀 exp[–(r/R)n], see e.g. Refs. [300–306]. In 
this, 𝜀 controls the repulsion strength and R is a measure of the radius (of gyra-
tion) of the molecules. Most common choices for the exponent are n = 2, 4, 8. 
Here, and also more generally for ultra-soft interaction potentials, the excess 
free energy functional is often expressed in the mean field form, i.e. by convo-
luting the local density with the interaction potential 𝜙 [302,307–311]. This 
leads to 

ℱexc[𝜌(r)] = ∫ drdr′𝜌(r)𝜌(r′)𝜙(|r – r′|). (20)

If more accurate approximations are needed, for example the so-called hyper-
netted chain Ornstein-Zernike integral equation theory can be used [299]. 
For an exhaustive and general review on cDFT, not focused on such highly 
coarse-grained polymers, but rather on its theoretical developments, see 
Ref. [312].
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Because of the effective character of the interactions between the modelled 
species, the chemical specificity of the studied systems is usually lost. Never-
theless, cDFT can be exploited to provide general understanding on phenom-
ena such as phase separation, transport, and self-assembly, at scales that are 
not reachable by more detailed approaches. For example, the key intermolec-
ular interaction features responsible for complex self-assembling structures 
in binary mixtures of polymers have been identified [311]. This work also 
demonstrate how the assembly and species mixing can be controlled, provid-
ing insight in controlling polymeric and protein-based materials.

Furthermore, the key principles behind the emergence of structures with 
competing length scales in soft matter systems, including polymeric systems, 
have been addressed in Ref. [313], by means of both cDFT and DPD sim-
ulations. Furthermore, crystallization response of CG model dendrimers or 
star polymers under different confinements has been addressed in Ref. [314]. 
For related polymeric systems, a rich phase behavior consisting in two crys-
talline phases, a fluid phase, as well as metastable quasicrystal structures, has 
been found [309,315]. The employed CG model represents, e.g., dendrimers 
in which the inner generations of monomers are one type (e.g. hydrophobic), 
while the outer generations are another type (e.g. hydrophilic).

To obtain dynamics based on the cDFT formalism, one can resort to 
integration of the Smoluchowski equation [316,317] over all but one parti-
cle coordinates. This yields an exact expression for the time dependency of 
the average one-body density profile 𝜌(r, t) [298] in the form of a continu-
ity equation 𝜕t𝜌(r, t)= –∇j(r, t), where 𝜕t  denotes the time derivative, and 
where the flux j involves an integral of the non-equilibrium two-body den-
sity 𝜌(2)(r, r′, t). By invoking the adiabatic approximation on the two-body 
density [318], which corresponds to assuming that the non-equilibrium cor-
relations are the same as in an equilibrium system, the continuity equation 
above provides the common advected form of the classical dynamical DFT 
(cDDFT) [319], reading 

𝜕𝜌(r, t)
𝜕t + ∇ ⋅ (𝜌(r, t)vs(r, t))= 1

𝛾∇ ⋅ [𝜌(r, t)∇
𝛿F[𝜌(r, t)]
𝛿𝜌(r, t) ] . (21)

For a full derivation of Eq. 21, see e.g. Refs. [320,321]. In the latter equation, 
vs(r, t) is the solvent velocity, F[𝜌(r, t)] = ℱ[𝜌(r, t)] + ∫ V ext(r)𝜌(r, t)dr is 
the total Helmholtz free energy functional from equilibrium cDFT [297,299], 
and 𝛾 the friction coefficient. In this framework, model potentials of the 
GEM-n class [322,323], but also more complex and multi-length-scales in-
teraction potentials [324], have been used to study rheological response of 
CG polymeric systems under different external flows. In the latter, the inter-
play between external shear deformation and the characteristic length-scales 
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Figure 8. Demonstration of modelling reach of the cDDFT approach in the context of modelling 
CG polymeric systems under shear in a channel of width L. At left, linear dispersion relation 𝜔(k)
for varying shear rate 𝛾̇. The solid line corresponds to the unsheared 𝛾̇ = 0 case. Increasing 𝛾̇ is 
indicated by the long dashed, intermediate dashed, and short dashed lines, respectively. At right, 
the corresponding density profiles from cDDFT calculations across the channel. Here, the dashed 
line is for 𝛾̇ = 0 (unsheared equilibrium system) and the solid line is the steady state for a particular 
𝛾̇>0 (data of panels b) and f ) is vertically shifted by 1, and data of panel d) by 1.1). Three cases with 
slightly different interaction potentials are considered, for details see Figure 1 of Ref. [324]. The top 
row (panels a) and b)) shows a case in which as 𝛾̇ is increased, the first peak at k ≈ 1 decreases, 
while the second at k ≈ 2 increases. For sufficiently strong shear above a critical value, (𝛾̇>𝛾̇c), one 
can eventually swap from one dominant length-scale to the other. Panel b) shows that shearing 
the suspension makes the short (wavelength) length-scale more prominent and the long length-
scale less so. The middle row (panels c) and d)) shows that as 𝛾̇ is increased, both peaks in 𝜔(k)
increase in value, leading eventually to the system becoming linearly unstable. Panel d) shows 
that shear makes both length-scales more prominent and they have a slower decay away from 
the wall compared to the unsheared case. The short length-scale (almost not visible for 𝛾̇ = 0) 
becomes slightly dominant. The bottom row (panels e) and f )) shows a case in which increase of 
𝛾̇ moves both peaks in 𝜔(k) down, making all density modulations even more strongly damped, 
so decreasing any structuring away from the wall. The corresponding density profiles are in panel 
f ). Reprinted from Ref. [324] (CC by 4.0). 

in the interparticle correlations of a soft-particles model system (such as poly-
mers or assemblies of polymers) was examined, showing that shear can tune 
the characteristic length-scale from one to another quite distinct value [324]. 
Specific small changes in the form of the particle pair interactions led to 
external shear selectively enhance or suppress the different characteristic 
wavelengths of the system [324]. Figure 8 illustrates this by means of the lin-
ear dispersion relation and the average density profiles across the channel in 
which the soft particles are suspended, with and without external shear.

For GEM-n particles, also the solidification fronts under quench from the 
liquid state have been addressed [325]. cDDFT has also been applied to study 
the adsorption kinetics of globular proteins onto charged core – shell mi-
crogel particles, and the findings have been successfully tested on lysozyme 
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adsorption on PNIPAM coated nanoparticles [326]. Furthermore, the self-
assembly behavior of the sphere-forming di-block copolymers confined in 
the square well was addressed systematically [327]. In a similar spirit, cDDFT 
was used to map morphologies of tri-block copolymers induced by cylin-
drical nanopores [328], demonstrating the approach for predicting assembly 
morphology changes. Reference [310], motivated by heterogeneous domain 
structure on the surface of cells, considers a minimal model consisting of a 
binary mixture of GEM-2 particles to study the dynamics of phase separa-
tion on the surface of a sphere. A different dynamical response depending on 
the relative size of the considered spheres, further scrutinized in Ref. [329] by 
means of power spectrum and the Minkowski functionals, was reported.

For more complex extensions of cDDFT than presented here, and their ap-
plications, see the extensive review by te Vrugt et al. [330]. Future perspective 
is provided in Ref. [331].

8. Summary

Biopolymers provide an excellent replacement for their synthetic, often fossil 
fuel-based counterparts [332]. They are a biodegradable and biocompatible 
substitute that holds the promise to address many environmental concerns 
and to reduce long-term man-made damages on a variety of ecosystems [8,9]. 
These also provide a staple for developing materials with advanced function-
alities [7,9,333]. Furthermore, biopolymers are in key role in many biological 
processes. Both cellular functions and many pathogenic functions, for ex-
ample many neurodegenerative diseases, rise from assembly and folding 
responses of specific proteins [334,335]. Regardless of applications purpose 
or natural environment in which the biopolymers function, theoretical mod-
els provide an easily up-scaled, effective means to examine the chemical 
dependencies of biopolymer on structural properties, assembly response, in-
teractions, and dynamics. In these approaches, one can readily change a single 
variable at the time to predict the response of the system at hand, in contrast 
with many experiments, where the complexity of the system makes this task 
very arduous.

In this review, we discussed a variety of modelling approaches that have 
been or can be used for biopolymers. Notably, polymeric materials are mul-
tiscale by nature and thus different levels of description are required to tackle 
these systems, often combined together to different extents , see e.g. Ref. [41]. 
Hence, both chemically specific approaches, as well as highly CG tech-
niques were covered. We focused on providing an overview of physics-based 
biopolymer modelling approaches employed for tackling current biopoly-
mer materials modelling challenges, but due to the close relation to some 
materials directions, some examples rise from biological systems. Specifi-
cally, we focused on particle-based simulations methods, including all-atom 



ADVANCES IN PHYSICS: X  35

and CG MD, DPD, Langevin and BD approaches, as well as brief overview 
on stochastic sampling approaches (MC methods), and free energy func-
tional based methods, such as SCFT, and c(D)DFT. In addition to these, a 
large variety of other theoretical models that can be applied to biopolymers 
exist. We omitted here, e.g., Lattice Boltzmann approaches [336], Markov 
Chains [337,338], and the classical polymer physics originating scaling ap-
proaches, but also a number of combination approaches bridging scales in 
polymer modelling [339].

Generally, the more chemically specific the model is, the more microscopic 
information on the biopolymers can be obtained. Moving into larger length 
and time scales reach, the connection with specific polymers is lost to an in-
creasing degree. Nevertheless, the large-scale predictions by these methods 
capture a vast collection of polymers and assembly responses, as well as, dy-
namics. However, it is also evident that modelling accuracy at all scales, as 
well as bridging the different scales in modelling, remain the pressing chal-
lenges – the development required is both technical and at the level of how 
the existing physics-based approaches are best combined with each other, but 
also with the fast rising data-based approaches [59,60,340].

We point that also two additional and recent reviews in the field ex-
ists. The first is a thorough review on CG models targeted on studying the 
formation and biological function of macromolecular assemblies in living or-
ganisms [341], whereas the second provides a topical review on multiscale 
modelling of silk and silk-based biomaterials [342]. Finally, the reader might 
also find interest in Ref. [343], where the synthesis, structure, assembly, prop-
erties, and applications of protein-based block copolymers are thoroughly 
reviewed. 
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