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ling of graphene and carbon
nanostructures: advances in atomistic, coarse-
grained, and machine learning approaches

Iman Najafipour*a and Santanu Chaudhuri ab

Graphene, its derivatives such as graphene oxide and reduced graphene oxide, and related carbon

nanostructures including carbon nanotubes, possess exceptional mechanical, thermal, and electronic

properties. These features make them highly attractive for applications ranging from energy storage and

filtration to flexible electronics and biomedical systems. Molecular simulation methods, including

atomistic molecular dynamics, coarse grained modeling, and dissipative particle dynamics, have become

essential tools for investigating the behavior of these materials at multiple length and time scales. This

review presents recent advances in the modeling of graphene-based systems, highlighting how different

simulation techniques are employed to explore mechanical deformation, defect evolution, thermal

transport, and interfacial behavior. Special attention is given to the development of coarse-grained

models, the role of force field selection, and the integration of machine learning to improve

computational efficiency and predictive accuracy. Future directions include the use of high-performance

computing, artificial intelligence assisted simulations, and scalable frameworks for large scale modeling.

Overall, molecular simulations continue to play a critical role in the rational design and optimization of

graphene-derived materials for advanced technological applications.
1. Introduction

Graphene, a single atomic layer of carbon atoms arranged in
a hexagonal lattice through strong sp2 bonding, has attracted
extensive scientic and industrial interest in recent years due to
its extraordinary physicochemical properties.1–4 The electronic
structure of graphene is fundamentally determined by its two-
dimensional hexagonal lattice, giving rise to linear energy
dispersion near the K and K0 points of the Brillouin zone. As
a result, charge carriers in graphene behave as massless Dirac
fermions, enabling ballistic transport and unconventional
quantum phenomena.5 The lightweight nature of carbon,
combined with its anisotropic bonding, results in characteris-
tics that oen surpass those of traditional carbon and silicon-
based materials.6 These include a nonlinear mechanical
response under strain,7 superconductivity under specic
congurations,8 ballistic electron transport at room tempera-
ture,9 and magnetism arising from edge states and topological
defects.10 Such properties position graphene as a highly versa-
tile material, especially for next generation nanoelectronic
applications demanding high performance, miniaturization,
and energy efficiency.10
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Beyond its remarkable electronic and mechanical charac-
teristics, graphene also exhibits exceptional thermophysical
properties that make it a benchmark material for nanoscale
transport studies. At room temperature, its specic heat
capacity is approximately 700 J kg−1 K−1, while its thermal
conductivity ranges between 2000 and 3500 W m−1 K−1,
depending on structural quality and measurement
conditions.11–13 Graphene's density (∼2.2 g cm−3), negative
thermal expansion coefficient (∼−8 × 10−6 K−1), and extremely
high Debye temperature (2100–2300 K) further underline its
unique phonon dynamics.14,15 In addition, the Young's modulus
(∼1 TPa), intrinsic tensile strength (∼130 GPa), and extraordi-
nary electron mobility (∼2 × 105 cm2 V−1 s−1) make graphene
not only the strongest known material but also one of the most
efficient for heat and mass transport at the atomic scale.11–13

The historical development of graphene research holds
particular signicance, as it illustrates how this material has
evolved from the earliest stages of synthesis to the isolation of
single layers, leading to a deeper understanding of its properties
and the development of innovative applications. As shown in
Table 1, the experimental journey of graphene spans over
a century and encompasses key milestones, including the
synthesis of graphite oxide, growth on substrates, and the
isolation of single layers. This journey began in 1859, when
Brodie independently synthesized graphite oxide.14 This
achievement laid the foundation for the chemical under-
standing of thin carbon layers and their functionalization,
RSC Adv., 2026, 16, 10193–10229 | 10193
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providing early insights into the feasibility of controlled exfo-
liation of graphite. In 1958, Hummers introduced his well-
known method for graphite oxide synthesis, which repre-
sented a signicant advancement in reproducibility and scal-
ability, enabling the production of high-quality starting
materials for systematic studies.15 In the 1970s, the synthesis of
monolayer graphene on silicon carbide (SiC) substrates allowed
researchers to explore the intrinsic electronic and mechanical
properties of graphene, although the method remained limited
in terms of scalability.16 This stage marked a critical step in
understanding graphene's behavior and uncovering its unique
characteristics, attracting signicant attention from the scien-
tic community for potential applications in electronics and
advanced materials.

The true breakthrough occurred in 2004, when Novoselov et
al. successfully isolated monolayer graphene using the simple
and innovative “Scotch Tape”method.17 This approach not only
made graphene more accessible but also triggered a wave of
fundamental and applied research worldwide, paving the way
for the rapid development of this remarkable material. Subse-
quent studies revealed that graphene possesses a unique
combination of exceptional mechanical strength, outstanding
electrical and thermal conductivity, and optical transparency,
making it an ideal material for electronics, energy storage, and
exible and printable technologies. By 2013, the importance of
graphene had reached such a level that the number of publi-
cations in the eld exceeded 40 papers per day, reecting the
widespread interest and focus of the scientic community on
this material and its applications.18,19

This historical trajectory, as also highlighted in Table 1,
emphasizes that graphene is not only a unique and extraordi-
nary material but also a symbol of transformation in two-
dimensional materials science, representing a convergence
point between experimental and theoretical research. By inte-
grating experimental advances with theoretical studies and
sophisticated simulations, graphene has now become a central
platform for the development of cutting-edge technologies,
including nanoelectronics, energy storage, multifunctional
materials, and exible/printable devices, setting the stage for
future research directions in the eld.

As experimental exploration reached its practical limits,
computational modeling emerged as an indispensable
complement, allowing deeper insight into the atomic-level
mechanisms governing graphene behavior. Building on the
Table 1 Illustrates the timeline of major scientific and technological mil

Year 1859 1958 1975

Event Brodie independently
synthesized graphite
oxide

Graphite oxide
independently
synthesized by
Hummers
(Hummers' method)

Synthesis of
monolayer graphene
using silicon carbide
substrates was
achieved

10194 | RSC Adv., 2026, 16, 10193–10229
remarkable capabilities of pristine graphene, research has
expanded to include its functionalized derivatives such as gra-
phene oxide (GO) and reduced graphene oxide (rGO).20 These
materials exhibit enhanced mechanical robustness, chemical
versatility, and thermal stability,21 enabling their use in
sensors,22 energy storage devices,23,24 water purication
membranes,25,26 exible electronics,27 and various biomedical
and drug delivery platforms.28,29 The presence of oxygen con-
taining groups in GO and the partial restoration of the p-
conjugated network in rGO offer tunable surface chemistry and
modiable interfacial behavior, enhancing their utility in
application specic designs.30

As the complexity of graphene-based systems continues to
grow, experimental approaches alone oen fall short in charac-
terizing phenomena that occur across atomic, molecular, and
mesoscopic scales. Molecular simulation techniques have
emerged as indispensable tools for exploring and predicting the
behavior of graphene and its derivatives across multiple scales.31

The development of computational methods for graphene
has progressed through several transformative stages. Between
1988 and 2000, the application of the Tersoff potential enabled
the rst atomistic studies of graphene lattice stability and basic
mechanical properties.32 This approach allowed researchers to
understand bond lengths, angles, and elastic behavior at the
atomic scale, although it was limited to small system sizes and
could not capture reactive or defect-related phenomena. This
period represents the earliest phase of graphene simulation,
marking the rst successful use of empirical potentials to
describe the lattice and establish baseline mechanical behavior.

In 2001, the introduction of ReaxFF revolutionized the
modeling of graphene by enabling reactive molecular dynamics
simulations.33 With ReaxFF, simulations could now account for
bond breaking and formation, allowing the study of defects,
oxidation processes, and chemical functionalization such as the
formation of GO. This marked a signicant step toward bridging
the gap between static atomistic models and the dynamic,
chemically active behavior observed experimentally. The shi
from Tersoff to ReaxFF expanded simulation capability beyond
structural stability to chemically evolving systems, representing
the second major milestone in graphene modeling.

By 2011, dissipative particle dynamics (DPD) and coarse-
grained (CG) models were implemented for graphene
systems.34 These approaches enabled researchers to study
mesoscale phenomena, including self-assembly, defect
estones that shaped the development of graphene

2004 2010 2013

Graphene was rst
isolated and
characterized by Geim
and Novoselov using
the simple ‘Scotch
Tape’ method. This
work kick-started
modern graphene
research

The Nobel Prize in
Physics was awarded
to Geim and
Novoselov for their
pioneering work on
two-dimensional
atomic crystals

Academic
publications reporting
the use of graphene
reached over 40
publications per day

© 2026 The Author(s). Published by the Royal Society of Chemistry
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clustering, and large-scale mechanical deformation. While
atomic detail was sacriced for efficiency, CG and DPD allowed
simulations of systems orders of magnitude larger than those
accessible by classical molecular dynamics, making it possible
to investigate interactions with polymers, solvents, and other
macromolecular components. This third stage in simulation
development linked atomistic and mesoscale regimes, enabling
multi-micron architectures and polymer–graphene composite
behavior to be explored computationally.

In 2018, the integration of machine learning (ML) potentials
into graphene simulations further expanded modeling capa-
bilities.35 ML potentials combine accuracy comparable to DFT
with the computational efficiency needed for large-scale simu-
lations, allowing researchers to explore complex chemical
spaces and predict material behavior beyond the original
training data. These methods facilitate rapid screening of
functionalized and defective graphene structures, optimization
of synthesis conditions, and multi-scale integration with CG
and DPD models. This fourth milestone introduced data-driven
simulation approaches capable of capturing both quantum-
level accuracy and macroscale system sizes.

Together, these milestones mark the evolution of computa-
tional tools from empirical atomistic descriptions to data-
driven predictive modeling, bridging multiple scales of mate-
rial behavior. Collectively, these simulation advancements
provide a multi-scale toolkit for studying graphene, from
atomic-scale mechanical and electronic properties to mesoscale
assembly and transport phenomena. They also allow predictive
exploration of extreme conditions and novel material designs
that are difficult or impossible to achieve experimentally. The
historical progression of graphene simulation can now be
understood as four major eras: (1) early Tersoff-based atomistic
modeling (1988–2000), (2) the emergence of reactive simula-
tions through ReaxFF (2001), (3) the rise of mesoscale CG/DPD
methods (2011), and (4) adoption of machine learning poten-
tials for DFT-level large-scale prediction (2018).

Approaches such as molecular dynamics (MD),36 dissipative
particle dynamics (DPD),37 and coarse-grained (CG)
modeling38–40 have been employed to investigate a range of
properties, including mechanical response, thermal conduc-
tivity, mass transport, interfacial interactions, and defect
evolution. These techniques also facilitate the study of complex
dynamic processes, such as surfactant adsorption and self-
assembly, which are critical for optimizing material perfor-
mance in real world applications.

In recent years, simulation techniques have not only com-
plemented experimental approaches but also enabled predic-
tive modeling of graphene systems under extreme conditions or
at scales inaccessible to laboratory methods. The integration of
machine learning into simulation workows,41 along with the
development of hybrid multiscale frameworks,42 has signi-
cantly expanded the scope and efficiency of computational
materials science. These advances allow researchers to tailor
properties such as mechanical strength, thermal transport, and
electrokinetic behavior for targeted applications, while also
uncovering structure property relationships that drive the
rational design of novel materials.
© 2026 The Author(s). Published by the Royal Society of Chemistry
This review provides a comprehensive overview of recent prog-
ress in the molecular simulation of graphene-based systems, with
emphasis on simulation methodologies, key ndings, and their
implications for materials design. The sections that follow address
mechanical behavior, thermal transport, self-assembly, electroki-
netic phenomena, and the integration of machine learning into
simulation workows. Special attention is given to the advantages
and limitations of each modeling approach, the importance of
force eld selection, and the need for experimental validation. The
review concludes by outlining emerging research directions in high
performance computing and data driven modeling aimed at
bridging the gap between theoretical predictions and practical
applications. The timeline of studies conducted on graphene,
including experimental work, the development of its two-
dimensional surface, and related simulation research, is schemat-
ically presented in Fig. 1. This gure summarizes the evolution of
graphene from its initial discovery to recent advances.
2. Mechanical properties of graphene
and carbon nanotubes

Graphene's exceptional mechanical strength and exibility make
it an ideal candidate for applications in exible electronics,
composites, and nanomechanical systems. Molecular simula-
tions have played a central role in elucidating the fundamental
deformation and failure mechanisms of graphene and its deriv-
atives, providing insights that are difficult to obtain experimen-
tally. Atomistic simulations have revealed the scale-dependent
and defect-sensitive nature of graphene's mechanical behavior.
Kim et al.43 employed MD simulations to study the indentation
response of monolayer and multilayer graphene using the reac-
tive empirical bond order potential for in-plane interactions and
the Lennard-Jones potential for interlayer forces.

Their results showed that the elastic modulus increased with
the number of layers, stabilizing near 1 TPa beyond four layers,
consistent with experimental data. Notably, fractures occurred
at shallower indentation depths in multilayer systems, with the
topmost layer failing rst due to localized stress concentrations
(Fig. 2).

Beyond in-plane stretching, graphene exhibits notable out-
of-plane deformation behaviors such as wrinkling and buck-
ling under mechanical loading. These responses are highly
sensitive to boundary conditions, defect distribution, and the
number of layers, inuencing the stability and strength of
suspended graphene membranes. Atomistic simulations have
shown that out-of-plane ripples can act as stress relief mecha-
nisms, delaying crack initiation and enabling reversible defor-
mation under cyclic loading.43–45 Chen et al. modeled the effect
of grain size, strain rate, and temperature on polycrystalline
graphene using structures generated by Voronoi tessellation.46

Using the AIREBO potential, they demonstrated that decreasing
grain size and increasing temperature led to lower fracture
strength and Young's modulus, attributed to stress concentra-
tion and weakening at grain boundaries (Fig. 3). These ndings
underscore the need for careful microstructural control in
applications involving dynamic loading or thermal cycling.
RSC Adv., 2026, 16, 10193–10229 | 10195
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Fig. 1 Timeline of graphene research highlighting key experimental, theoretical, and computational milestones: (A) early chemical oxidation of
graphite (Brodie method), (B) development of the Hummers method for graphene oxide synthesis, (C) epitaxial growth of monolayer graphene
on silicon carbide, (D) advances in atomistic modeling using REBO, Tersoff, and ReaxFF force fields, (E) isolation of monolayer graphene via the
Scotch-tape method, and (F) emergence of multiscale and machine-learning-based modeling approaches bridging DFT, MD, and coarse-
grained simulations.
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Importantly, simulation predictions of Young's modulus and
fracture strength align closely with experimental nano-
indentation and tensile testing results, which report values
Fig. 2 MD simulation of the indentation response in single-layer and
six-layer graphene. Panels (a–c) depict the deformation sequence of
a monolayer graphene sheet from its relaxed state to progressive
indentation, while panels (d–f) illustrate the corresponding stages for
a six-layer graphene model. Cross-sectional views of the indented
structures are highlighted in (c) and (f),43 Kim, H. J.; Seo, K. J.; Kim, D. E.,
Investigation of mechanical behavior of single- and multi-layer gra-
phene by using molecular dynamics simulation, International Journal
of Precision Engineering and Manufacturing, vol. 17, pp. 1693–1701,
2016. Reproduced with permission from Springer Nature, Copyright
2016.

10196 | RSC Adv., 2026, 16, 10193–10229
ranging from 0.5 to 1 TPa for monolayer graphene depending
on the presence of defects and substrate interaction. Such
agreement validates the use of MD and CG approaches for
predictive modeling and supports the development of
simulation-guided material design strategies.7

The mechanical performance of graphene can also be tuned
through chemical functionalization. Pei et al. conducted MD
simulations to study hydrogenated graphene and found that
partial hydrogenation (up to 30%) led to signicant reductions
in tensile strength and fracture strain, largely due to the
conversion of sp2 bonds to weaker sp3 bonds.47 At full hydro-
genation (graphene), the material exhibited a 30% drop in
Young's modulus and up to 65% loss in tensile strength
compared to pristine graphene. These results suggest a tradeoff
between chemical tunability and mechanical integrity Fig. 4.

Recent ReaxFF-based MD simulations by Li et al. explored
hydrogen functionalized graphene allotropes and found that
mechanical properties degrade markedly with increasing
hydrogen coverage. At full hydrogenation, the Young's modulus
can drop by ∼70% and tensile strength by ∼90%, primarily due
to the conversion from sp2 to sp3 bonding and loss of structural
integrity.48 Lu et al. combined MD simulations and a thermo-
dynamic continuum model to investigate how edge structure
and passivation affect graphene nanoribbon mechanics.49

Zigzag nanoribbons exhibited higher fracture strain and
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 3 MD simulation of polycrystalline graphene with an average
grain size of 10 nm. (a) Model of a 30 nm× 30 nm graphene sheet with
periodic boundary conditions applied along both x and y axes. (b)
Enlarged view of a representative grain boundary. (c) Stress–strain
responses of single-crystalline (SC) and polycrystalline graphene
(10 nm grain size, samples A and B) under uniaxial tension in the x and y
directions,46 Reprinted from Carbon, vol. 85, M. Q. Chen, S. S. Quek, Z.
D. Sha, C. H. Chiu, Q. X. Pei & Y. W. Zhang, “Effects of grain size,
temperature and strain rate on the mechanical properties of poly-
crystalline graphene – a molecular dynamics study”, pp. 135–146,
Copyright 2015, with permission from Elsevier.

Fig. 4 Stress–strain behavior and structural configurations of
hydrogen-functionalized graphene at 10% hydrogen coverage and
fully hydrogenated graphene (graphene). Tensile loading is applied
along the armchair direction. Hydrogen atoms are represented by
yellow spheres,47 Reprinted fromCarbon, vol. 48, Q. X. Pei, Y. W. Zhang
& V. B. Shenoy, “A molecular dynamics study of the mechanical
properties of hydrogen functionalized graphene”, pp. 898–904,
Copyright 2010, with permission from Elsevier.

Fig. 5 Uniaxial tensile testing of a multilayer graphene (MLG) system.
(a) Stress–strain curve with an inset showing the schematic architec-
ture of the model (not drawn to scale). (b) Snapshots depicting the
deformation sequence and failure process of the graphene layers,38

Reprinted from Carbon, vol. 82, L. Ruiz, W. Xia, Z. Meng & S. Keten, “A
coarse-grained model for the mechanical behavior of multi-layer
graphene”, pp. 103–115, Copyright 2015, with permission from
Elsevier.
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strength compared to armchair ones due to differences in crack
nucleation behavior. Hydrogen passivation reduced edge
energy, with a more pronounced impact on armchair congu-
rations. This highlights the need for edge-specic engineering
in nanoribbon-based devices. While atomistic simulations
provide detailed insights, they are computationally expensive
for large-scale systems. CG models have been developed to
overcome this limitation. Ruiz et al. constructed a 4 : 1 CG
model for multilayer graphene that retained hexagonal lattice
symmetry and accurately captured directional mechanical
responses under tension and shear (Fig. 5).38

Similarly, Liu et al. used a CG framework incorporating the
Mie potential to replicate both in-plane and interlayer defor-
mation at a fraction of the computational cost.39 Their model
reproduced key mechanical features such as compressive
stress–strain behavior, bending stiffness, and self-folding
dynamics (Fig. 6).

Complementing atomistic and polycrystalline studies,
Jahanshahi et al. introduced a coarse-graining (CG) method-
ology to model the nonlinear mechanical behavior of FCC
nanocrystals, demonstrating how Iterative Boltzmann Inversion
(IBI) can derive effective interatomic potentials while
© 2026 The Author(s). Published by the Royal Society of Chemistry
signicantly reducing computational cost.50 Their CG potential
was validated against the Embedded Atom Method (EAM)
potential, achieving comparable stress–strain predictions under
RSC Adv., 2026, 16, 10193–10229 | 10197
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Fig. 6 CG simulation of a large-scale graphene assembly. (a) Initial configuration composed of 320 square CG layers, each 200 Åwide, randomly
distributed in the simulation box. (b) Final relaxed structure containing 267 520 CG with overall dimensions of 759 Å × 740 Å × 688 Å along x, y,
and z directions. (c) Sectional view of the assembled structure. (d) Compressive stress–strain curve of the graphene assembly. (e) Snapshots
illustrating deformation under varying compressive strains,39 Reprinted fromCarbon, vol. 178, Sihan Liu, Ke Duan, Li Li, Xuelin Wang, and Yujin Hu,
“A multilayer coarse-grained molecular dynamics model for mechanical analysis of mesoscale graphene structures”, pp. 528–539, Copyright
2021, with permission from Elsevier.
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various loading conditions. Although initially developed for
metals, this CG framework can be extended to graphene and
other 2D materials to address the computational challenges of
simulating large-scale systems. By adapting IBI-derived poten-
tials for sp2 carbon networks, the mechanical response, defor-
mation, and fracture of graphene nanoribbons and defect-
engineered sheets could be captured efficiently, offering valu-
able insights for applications in nanocomposites, exible elec-
tronics, and energy storage devices.

Bao et al. extended CG modeling to 3D graphene networks,
simulating monolayer to six-layer assemblies under tension and
compression.51 The results showed that monolayer networks
offered greater exibility and interlayer slippage, while multi-
layer assemblies became more rigid (Fig. 7). The CG approach
10198 | RSC Adv., 2026, 16, 10193–10229
effectively bridged atomistic detail and macroscopic behavior,
enabling exploration of size and shape effects at larger scales.

Shear behavior and interlayer slippage are particularly crit-
ical in multilayer and stacked graphene systems. MD simula-
tions by Shen & Wu have demonstrated that the interlayer shear
modulus is orders of magnitude lower than the in-plane
Young's modulus. This weak van der Waals coupling allows
energy dissipation through interlayer sliding, which is espe-
cially important under bending or shear loads in multilayer
paper-like composites.52 Experimental measurements using
pressurized bubble membranes report interlayer shear stress of
∼40 kPa in bilayer graphene, far lower than interfacial strengths
seen in layered composites, highlighting the pronounced size
and registry dependence of multilayer shear.53
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 7 Coarse-graining scheme for graphene, where four carbon atoms are represented by a single CG particle. The all-atom graphene structure
is shown in gray, while the CGmodel is depicted in red,51 Reprinted from Applied Surface Science, vol. 570, Qiang Bao, Zhenyu Yang, Zixing Lu &
Xiaofan He, “Effects of graphene thickness and length distribution on the mechanical properties of graphene networks: a coarse-grained
molecular dynamics simulation”, Article 151023, Copyright 2021, with permission from Elsevier.
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To simulate the mechanical behavior of carbon nanotubes
(CNTs) at reduced computational cost, Liba et al. developed
a DPD model of single-walled CNTs.54 Their model preserved
the tubular structure and elasticity of CNTs and successfully
captured phenomena like bending, elongation, and tube–tube
interactions. Notably, the simulation reproduced CNT zipper-
ing, a van der Waals-driven phenomenon observed during
chemical vapor deposition (Fig. 8). While limited to single-
walled CNTs and isotropic interactions, the model demon-
strated the potential of DPD for mesoscale mechanical analysis
of CNT-based systems.

Together, these atomistic and CG studies offer a multiscale
understanding of how structure, functionalization, and
dimensionality inuence the mechanical behavior of graphene
and carbon nanotubes. Such insights are critical for the design
of nanostructured materials with tailored mechanical
properties.
Fig. 8 Coarse-graining approach for a carbon nanotube (CNT), where
24 carbon atoms are grouped into a single CG particle. Solid dots
indicate the lumped particles, while the solid arrow shows the tube axis
and the dashed arrow represents the graphene wrapping process. The
resulting model corresponds to an armchair CNT with a (6, 6)
chirality,54 Liba, O., Kauzlarić, D., Abrams, Z. R., Hanein, Y., Greiner, A.
and Korvink, J. G., “A dissipative particle dynamics model of carbon
nanotubes”, Molecular Simulation, July 2008. Published by Taylor &
Francis Ltd, Copyright 2008, reprinted by permission of the publisher
(Taylor & Francis Ltd).

© 2026 The Author(s). Published by the Royal Society of Chemistry
Molecular simulations have enabled detailed exploration of
fracture processes in graphene under various loading condi-
tions. Zhang et al. demonstrated that graphene's fracture
toughness varies with crack length, lattice orientation, and edge
termination, revealing a transition from brittle to quasi-ductile
behavior at nanoscale dimensions.55 Dewapriya and Meguid
conducted MD simulations of out-of-plane crack propagation in
graphene sheets, revealing that rippling signicantly inuences
crack dynamics and enhances fracture resistance under certain
loading orientations.56

Temperature and strain rate play critical roles in modulating
graphene's mechanical response. Wei et al. used MD to show
that pentagon–heptagon topological defects inuence thermal
soening and strain localization in graphene sheets, particu-
larly under high temperatures.57 MD simulations and
continuum modeling have shown that thermal ripples in
monolayer graphene lead to nonlinear stiffening and strain
stiffening under compressive or biaxial loading conditions.
Singh and Hennig demonstrated a temperature- and layer-
dependent scaling of ripple amplitudes, while Mauri et al.
explored the distinct thermal uctuation behavior in bilayer
graphene, highlighting the impact of interlayer coupling on
exural stability under zero tension.58,59 These behaviors are
crucial for thermal management and high-strain-rate
applications.

The mechanical properties of CNTs are highly sensitive to
their chirality and the presence of structural defects. Yakobson,
Brabec, and Bernholc performed molecular dynamics simula-
tions showing that carbon nanotubes undergo snap-through
buckling and kinking under bending and compressive loads,
with critical strain highly dependent on chirality and diam-
eter.60 Lu and Bhattacharya used atomistic simulations to show
that Stone–Wales (SW) defects substantially reduce the tensile
strength and stiffness of single-walled carbon nanotubes, with
greater sensitivity in zigzag congurations and increased
mechanical variability under strain.61 These studies highlight
the need to account for atomic topology in CNT mechanics.
RSC Adv., 2026, 16, 10193–10229 | 10199
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Theoretical and experimental studies indicate that the
Young's modulus of carbon nanotubes (CNTs) is at least as high
as that of graphite and can be even higher for small single-
walled CNTs (SWNTs). Our experiments show that the
modulus of multi-walled CNTs (MWNTs) depends on the degree
of order within the tube walls; as disorder increases, the
modulus decreases, and the variability of measured values
grows. These results highlight the importance of controlling
CNT structure to achieve uniform mechanical properties in
composites.62 Graphene and CNTs are widely used as rein-
forcements in polymer nanocomposites, where interfacial load
transfer governs mechanical performance. Arash, Park, and
Rabczuk developed a CG model to simulate CNT pull-out and
stress transfer in polymer nanocomposites. Their simulations
demonstrated how CNT volume fraction, aspect ratio, and
interfacial bonding affect the elastic modulus and failure
strength of the composite system.63 Chen et al. reviewed the
interfacial characteristics of CNT-polymer composites, high-
lighting the roles of surface functionalization, dispersion
quality, and matrix compatibility in determining pull-out
behavior and load transfer efficiency.64

Graphene-reinforced polymer nanocomposites have
garnered signicant attention due to their tunable mechanical
properties and processing-dependent morphologies. Lin et al.
employed a multiscale simulation approach, combining DPD
and nite element method (FEM), to evaluate the dispersion
and mechanical performance of poly(methyl methacrylate)
(PMMA) nanocomposites reinforced with pristine graphene
(GN), functionalized graphene (FGN), and polymer-coated
PMMA@FGN.65 Their DPD simulations revealed that surface
functionalization enhances exfoliation and alignment of gra-
phene under shear ow, while pristine graphene tends to
agglomerate. PMMA@FGN nanollers provided optimal
dispersion due to steric stabilization from polymer coatings.
FEM analysis showed a corresponding increase in both tensile
and shear moduli following the hierarchy PMMA@FGN > FGN >
GN. These results underscore the importance of interface
engineering and shear processing in optimizing the mechanical
performance of graphene-based nanocomposites.65 These
simulation-derived trends indicate that experimentally opti-
mizing graphene dispersion and interfacial bonding is critical
for maximizing mechanical reinforcement in graphene–poly-
mer composites.

Table 2 presents a comprehensive comparison of three
fundamental mechanical properties: fracture strain, fracture
strength, and Young's modulus obtained from four different
methodologies: experimental,7 molecular dynamics
Table 2 Comparison of fracture strain, fracture strength, and Young's
machine learning (ML), and coarse-grained (CG) approaches; ML closel
tends to underestimate mechanical properties

Property Unit Experimental
Mol
(atom

Fracture strain % 25 � 2 13–3
Fracture strength GPa 130 � 10 90–1
Young's modulus TPa 1.0 � 0.1 0.8–

10200 | RSC Adv., 2026, 16, 10193–10229
(atomic),66–68 machine learning (ML),69 and coarse-grained
(CG).38 For fracture strain, the experimental value (25 ± 2%)
serves as the reference, indicating that the material can elon-
gate signicantly before failure. The ML model predicts 23 ±

2%, showing excellent agreement and conrming its ability to
replicate the ductile behavior observed in experiments. The
atomic simulations yield a broader range (13–38%), which
reects the variability introduced by atomic-scale effects such as
defects, strain rate, and boundary conditions. In contrast, the
CG model gives smaller values (11–15%), suggesting an
underestimation of ductility due to simplications in its coarse-
grained representation. For fracture strength, the experimental
measurement (130± 10 GPa) represents the actual resistance of
the material to breaking under stress. The ML prediction (125±
5 GPa) aligns very closely with this benchmark, conrming the
model's strong predictive capability. The atomic simulations
produce a wide range (90–195 GPa), consistent with their
sensitivity to local atomic arrangements and simulation
conditions, while the CG model (64–81 GPa) again underesti-
mates the strength because it neglects ne atomic interactions
that contribute to load-bearing capacity. In the case of Young's
modulus, which reects the material's stiffness, all four
approaches show excellent consistency. The experimental value
(1.0 ± 0.1 TPa) overlaps with ML (1.0 ± 0.05 TPa), MD (0.8–1.13
TPa), and CG (0.9–1.18 TPa) results. This agreement indicates
that stiffness, as a largely elastic and structure-averaged prop-
erty, is well captured even by simplied or data-driven models.
Overall, Table 2 demonstrates that the machine learning
approach reproduces experimental data with high precision,
while molecular dynamics captures the realistic variability of
material behavior, and coarse-grained simulations, despite
being computationally efficient, tend to underestimate fracture-
related properties, though they still provide reliable predictions
for elastic stiffness.

Fig. 9 comparison of mechanical properties obtained from
four different approaches (atomic, experimental, machine
learning, and coarse-grained) is presented in a radar chart. This
gure illustrates three fundamental mechanical properties
along the radial axes: fracture strain, representing the material's
ductility; fracture strength, indicating its resistance to breaking;
and Young's modulus, reecting its stiffness. As observed,
Young's modulus remains nearly constant (∼1 TPa) across all
methods, demonstrating that each approach accurately predicts
the stiffness of the material. In contrast, fracture strain and
fracture strength vary more noticeably among methods: the
experimental data (blue line) serve as the reference standard,
the machine learning model (orange line) closely matches these
modulus obtained from experimental, molecular dynamics (atomic),
y matches experimental data, MD captures realistic variability, and CG

ecular dynamics
ic)

Machine learning
(ML)

Coarse-grained
(CG)

8 23 � 2 11–15
95 125 � 5 64–81
1.13 1.0 � 0.05 0.9–1.18

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 9 Comparison of mechanical properties (Young's modulus, fracture strength, and fracture strain) obtained from four different approaches:
atomic, experimental, machine learning (ML), and coarse-grained (CG). The ML model shows the closest agreement with experimental data,
while the atomic model captures the realistic variability of the material, and the CG model tends to underestimate the mechanical properties.
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experimental values, showing high predictive accuracy, the
atomic simulations (light blue shaded area) capture a broad and
realistic range of variability inherent to atomic-scale behavior,
and the coarse-grained model (green line), while computation-
ally simpler, tends to underestimate both strain and strength.
Overall, the ML model offers the most accurate predictions, the
atomic approach provides the most realistic variability, and the
CGmodel, though faster and less detailed, offers an efficient yet
conservative estimation of material failure behavior.
3. Thermal and mass transport in
graphene-based systems

The exceptional thermal conductivity and selective mass
transport properties of graphene and its derivatives are critical
for applications in electronics, energy storage, desalination, and
membrane technologies. Recent studies show that the synthesis
and structure of graphene and its derivatives, such as CVD
growth and large-scale production, enable uniform, stable lms
and nanomembranes with optimized thermal and mass trans-
port performance.70 Molecular simulations, particularly non-
equilibrium molecular dynamics (NEMD), CG methods, and
DPD, have been widely used to investigate the transport
phenomena in these nanomaterials. This section reviews key
advances in modeling thermal and mass transport in graphene
© 2026 The Author(s). Published by the Royal Society of Chemistry
systems, focusing on interatomic potential selection, structural
modications, and multiscale modeling approaches.

Transport through graphene-based nanochannels depends
strongly on the degree of connement and on the appropriate
hydrodynamic boundary condition. A simple geometric indi-
cator is the connement ratio H/d, where H is the effective
channel height (or CNT diameter) and d is the characteristic

molecular diameter (for water, d ∼ 0.27–0.30 nm). When
H
d

approaches only a few molecular diameters (i.e., sub-1–2 nm
connement), molecular layering, discrete hydration structure,
and even single-le-like motion can emerge, and continuum
assumptions become increasingly unreliable. In addition, the
Knudsen number Kn = l/H is oen used as a regime indicator
in rareed-gas ows; although liquid water is not a dilute gas,
a similar conceptual distinction between continuum-like and
molecularly dominated transport applies: when the conne-
ment length scale becomes comparable to the relevant micro-
scopic length scale, transport becomes increasingly non-
continuum and sensitive to interfacial physics. For pressure-
driven ow, the Péclet number Pe = UH/D (with mean velocity
U, channel height H, and diffusivity D) indicates whether
advection or diffusion dominates mass transport. Importantly,
nanoscale ows in CNTs and graphene channels are also highly
sensitive to the assumed wall boundary condition: below ∼1–
2 nm connement, continuum assumptions and no-slip
RSC Adv., 2026, 16, 10193–10229 | 10201
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Fig. 10 Phonon spectrum analysis for different interatomic potential
models at 300 K: (a) total vibrational power spectrum and (b) power
spectra of the out-of-plane acoustic (ZA) and optical (ZO) phonon
modes,88 Reprinted from International Journal of Heat and Mass
Transfer, vol. 107, Chao Si, Xiao-Dong Wang, Zhen Fan, Zhi-Hai Feng,
“Impacts of potential models on calculating the thermal conductivity
of graphene using non-equilibrium molecular dynamics simulations”,
pp. 450–460, Copyright 2017, with permission from Elsevier.
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boundaries become unreliable; slip length and interfacial fric-
tion can dominate predicted ux, so “enhancement factors”
should be interpreted in light of boundary-condition sensitivity
and validated slip models. This has been discussed in recent
critical assessments and scale-effect treatments for CNT water
transport and slip-modied descriptions, and supported by
experimental demonstrations of large, radius-dependent slip-
page in CNTs.71–73

Thermal conductivity (k) in graphene is among the highest of
all known materials, but it is highly sensitive to structural
factors and simulation settings. Thermal conductivity in gra-
phene exhibits a wide range in experimental measurements,
reported between 1500 and 5300 W m−1 K−1, reecting varia-
tions in sample quality, defects, and measurement
conditions.12,74–76

Recent studies continue to rene our understanding of
thermal transport in graphene-related systems. For example, Li
and et al., used molecular dynamics and machine-learning
frameworks to elucidate thermal transport in defective
graphene/graphyne van der Waals heterostructures, high-
lighting the interplay between structural defects and phonon
transport in engineered 2D carbon networks.77

Molecular Dynamics (MD) simulations predict lower values,
ranging from 350 to 3000 W m−1 K−1, due to nite-size effects,
limited sampling time, and incomplete representation of long-
wavelength phonon transport.76,78–86 In contrast, Machine
Learning (ML) approaches estimate k at approximately 3600 W
m−1 K−1, lying within the mid-range of experimental data.87

These numerical ranges provide a useful reference for evalu-
ating the predictive accuracy of simulations and guide the
selection of interatomic potentials in subsequent NEMD
studies. Si et al. systematically evaluated interatomic potentials
for modeling thermal transport in graphene using NEMD
simulations across a temperature range of 200–500 K (Fig. 10).88

They found that the optimized Tersoff (opt-Tersoff) potential
provides the best agreement with experimental data. It captures
both the reduction in k with increasing temperature and the
role of interlayer phonon scattering.

To improve predictive accuracy in multilayer and hybrid
systems, hybrid models combining opt-Tersoff with van der
Waals potentials (e.g., registry-dependent potentials) are oen
used. These models better capture out-of-plane phonon
contributions. Zhang, Lee, and Cho examined thermal trans-
port in graphene containing vacancy defects and showed that
increasing vacancy concentration leads to signicant reduc-
tions in thermal conductivity due to enhanced phonon scat-
tering and reduced lifetimes of acoustic modes.89 Similarly,
Bouzerar et al. demonstrated that vacancies dramatically alter
phonon lifetimes and limit lattice thermal conductivity in gra-
phene sheets.90 Jiang et al. reported that isotope doping in
graphene nanoribbons reduces thermal conductivity due to
phonon localization effects, with narrower ribbons experi-
encing more pronounced suppression. Their ndings suggest
that isotope engineering can be used to tailor phonon transport
in low-dimensional systems.91

Thermal conductivity in rGO shows further complexity.
Renteria et al. investigated the impact of thermal annealing on
10202 | RSC Adv., 2026, 16, 10193–10229
the thermal conductivity of rGO lms and found that in-plane
conductivity increased signicantly with oxygen removal,
reaching values above 60 W m−1 K−1, while cross-plane
conductivity decreased to near-insulating levels.92 Park et al.
further demonstrated, through both experiments and simula-
tions, that increasing rGO content in polymer composites
enhances thermal conductivity due to improved heat percola-
tion pathways.93 These studies underscore the critical inuence
of defects, chemistry, and dimensionality on graphene's heat
conduction behavior. Structural asymmetry enables directional
heat transport, thermal rectication, in 2D materials. Youse
et al. conducted NEMD simulations of nanoporous graphene
(NPG), revealing a drastic reduction in thermal conductivity up
to two orders of magnitude lower than pristine graphene due to
enhanced phonon scattering at pore edges.94 Their results
showed direction-dependent heat transport, with the armchair
© 2026 The Author(s). Published by the Royal Society of Chemistry
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direction exhibiting higher k than the zigzag direction, attrib-
uted to anisotropic phonon dispersion.

At the nanoscale, predicted mass ux through carbon
nanotubes and graphene-based channels depends critically on
the assumed hydrodynamic boundary condition at the solid–
liquid interface. Classical continuum models with a no-slip
boundary condition substantially underestimate experimen-
tally observed ow rates in CNTs, whereas introducing a nite
slip length can increase predicted permeability by several orders
of magnitude. Karim et al., critically showed that reported “ow
enhancements” in CNT membranes are highly sensitive to the
choice of slip boundary condition and that slip-modied
Hagen–Poiseuille descriptions are required to reconcile simu-
lations and experiments at small diameters. Molecular-scale
analyses further demonstrate that interfacial friction is not
constant but depends on nanotube curvature, with reduced
friction and enhanced slippage emerging in narrow CNTs, as
elucidated by Falk et al. Experimental measurements by Secchi
et al., directly validated this picture by quantifying large, radius-
dependent slip lengths in individual CNTs, conrming that
boundary-condition assumptions—and not only nite-size
effects—play a dominant role in determining nanoscale ux.
Consequently, transport predictions in sub-nanometer to few-
nanometer channels must be interpreted in light of boundary-
condition sensitivity and validated slip models rather than
relying solely on no-slip continuum assumptions.71–73

Farzadian et al. extended this concept to graphene/BCN
hybrid structures, showing that rectication can be enhanced
by engineering the grain boundary orientation and applying
mechanical strain.95 Among three BCN congurations studied,
BCN-1 with armchair-oriented interfaces achieved rectication
ratios up to 68% under a temperature gradient of 100 K. These
ndings suggest the viability of graphene-based thermal diodes
via nanoscale heterostructuring. Hu et al. performed MD
simulations showing that asymmetric graphene nanoribbons
exhibit notable thermal rectication due to edge chirality and
geometric asymmetry. Their study established that narrower
ribbons and asymmetric edge designs enhance rectication
effects.96 Zhang et al. further studied in-plane hexagonal BCnN/
graphene heterojunctions and demonstrated that interfacial
phonon mismatch in these systems can yield measurable
rectication, especially when combining structural asymmetry
with interfacial engineering.97 Recent studies have shown that
graphene/BCN hybrid structures offer tunable thermal trans-
port properties due to the interplay of phonon spectra at the
interface. Using NEMD simulations, a study on graphene/BCN
hybrids investigated thermal rectication with respect to BCN
conguration, grain boundary orientation, and mechanical
strain.95 Among various designs (BCN-1, BCN-2, BCN-3), the
BCN-1 conguration exhibited the highest rectication ratio,
reaching up to 68% under a 100 K temperature gradient for
armchair-oriented boundaries, while zigzag interfaces showed
negligible TR due to competing phonon scattering effects. The
results further emphasized the role of Kapitza resistance at the
graphene-BCN interface, driven by phonon density-of-states
mismatch across the interface, leading to direction-dependent
heat ow. Mechanical strains were found to modulate TR,
© 2026 The Author(s). Published by the Royal Society of Chemistry
with moderate strains (<5%) enhancing phonon transport in
BCN-1 and BCN-2, while BCN-3 showed diminished rectica-
tion at higher strains. Analysis of the phonon DOS revealed that
interfacial phononmismatch and strain engineering are critical
design parameters for graphene-based thermal diodes and
nanoscale heat management devices.95

Wu et al. investigated the thermal conductance of graphene/
MoS2 heterostructures via NEMD simulations and observed
a conductance of approximately 8.95 MW m−2 K−1 at room
temperature, which increased with thermal bias. They also
found that introducing single-carbon vacancies at the interface
could enhance conductance by nearly 90%, offering a viable
route toward weak thermal rectication through defect engi-
neering. These ndings demonstrate that phonon band engi-
neering and heterostructuring are powerful tools for controlling
heat ow in nanodevices.98 Mass transport through GO and rGO
membranes is governed by pore structure, functionalization,
and water–graphene interactions. Zeng et al. developed a CG
DPD model to simulate heat and moisture diffusion in GO-PVP/
PVDF composite membranes, addressing limitations of tradi-
tional macro- and atomistic-scale models.99 Their approach
incorporated Fast Fourier Transforms and CG beads to simulate
mesoscale diffusion and surface wetting behavior.

Joshi et al. conducted experimental and theoretical investi-
gations into GO membranes and demonstrated that molecular
sieving is governed by interlayer spacing, which can be tuned by
humidity and oxidation level. Their study showed that water
molecules permeate rapidly while ions are rejected due to
connement and electrostatic interactions.100 Mi further devel-
oped GO membranes for nanoltration and desalination,
highlighting their scalability and tunable selectivity through
ake alignment and oxidation control.101 They highlighted that
membrane performance is tunable via humidity, oxidation
level, and ake alignment. Yang et al. used MD simulations and
experiments to investigate ion sieving in ultrathin GO
membranes, showing that hydrated ions such as Na+ and Cl−

experience size-selective transport driven by dehydration
barriers and channel connement. Their results underline the
importance of interlayer tuning and surface chemistry for
selective permeability.102

Composite membranes have numerous applications, but
accurately modeling and manipulating heat and mass transfer
through these structures remains challenging. Previous
attempts using either micro-scale all-atomMD simulations103 or
macro-scale resistance-in-series models104 have signicant
limitations. Macro-scale resistance models, while computa-
tionally efficient, operate as black-box lumped-parameter
approaches that fail to account for mesoscale structural
features such as surface roughness, pore sizes, and molecular-
level interactions. In contrast, all-atom MD simulations can
provide detailed molecular-level insights into phenomena like
pore hydration, solute diffusion, and interfacial dynamics, but
they are computationally expensive and limited in their ability
to model large or complex systems due to the high level of
molecular detail required. The simulations revealed that
porosity, surface energy, and ller distribution control water
uptake and mass ux through the membrane. The model
RSC Adv., 2026, 16, 10193–10229 | 10203
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successfully captured the trade-off between permeability and
selectivity, providing a robust platform for optimizing GO-based
ltration membranes for desalination, pervaporation, and
humidity control applications. These ndings suggest that,
experimentally, precise control over channel size, surface
functionalization, and ionic environment is essential for tuning
permeability and selectivity in graphene-based membranes.

The dispersion stability of graphene and GO in aqueous
environments signicantly affects their performance in ltra-
tion, sensing, and printable electronics. CG and atomistic
simulations have played a key role in elucidating the molecular
mechanisms governing aggregation, interfacial interactions,
and the impact of solvent composition. Williams and et al.,
introduced CGmodels for pristine and functionalized graphene
using a 4 : 1 mapping scheme and a Martini-compatible water
model.105 Their simulations showed that pristine graphene
strongly aggregates due to van der Waals forces (DF =

−316 kJ mol−1), while GO, owing to its surface functional
groups, remained dispersed under neutral and basic pH due to
electrostatic repulsion. The aggregation free energy for
protonated GO (−109 kJ mol−1) was signicantly lower than for
pristine graphene, supporting experimental trends. Entropic
effects also played a critical role, with surface heterogeneity in
GO hindering ordered stacking. These models can be adapted
to simulate size-dependent dispersion, pH-triggered aggrega-
tion, and co-solvent effects in scalable membrane design. Table
3 demonstrates a regime guidance for modelling transport,
electrokinetic, and dispersion in graphene-based systems.71–73

Limitations and regime boundaries of CG/DPD models:
while coarse-grained (CG) and dissipative particle dynamics
(DPD) models enable access to mesoscopic length and time
scales, their applicability is limited in regimes where transport
is governed by molecular discreteness. In sub-nanometer CNTs
and narrow GO galleries, single-le-like constraints, strong
hydrogen-bond cooperativity, and highly correlated (sometimes
burst-like or ballistic) motion can emerge under connement,
Table 3 Regime guidance for modeling transport, electrokinetic, and di

Application Key length scale Recomme

CNT water transport CNT diameter 0.6–2 nm Atomistic
(validated

GO membranes
(water/ions)

GO interlayer spacing
0.7–1.2 nm

Atomistic
DPD for m

Electrokinetics in
graphene channels

Debye length lD vs.
channel height H

Continuu
atomistic

Graphene ink
dispersion/assembly

>10 nm to mm scale CG/DPD
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as demonstrated by atomistic simulations of water conned in
carbon nanotubes. In this regime, CG representations cannot
reproduce correlated molecular motion or discrete hydration
structure; notably, previous studies reported a ballistic regime
at short times, transitioning to Fickian diffusion at longer
timescales in narrow CNTs. Similarly, hydration-shell distortion
and ion dehydration penalties dominate ion selectivity in
angstrom-scale channels, requiring atomistic resolution for
quantitative predictions. In such regimes, CG/DPD models are
most reliable for capturing mesoscale morphology, swelling,
and dispersion trends aer calibration to atomistic or experi-
mental benchmarks. Importantly, thermodynamic consistency
of CG models should be explicitly veried, including preserva-
tion of potentials of mean force, solvation free energies, and
pressure tensors, particularly when free-energy differences
govern aggregation or selectivity. This is illustrated by prior CG
studies that report markedly different interaction free energies
for pristine graphene versus graphene oxide, emphasizing the
need for careful validation when extending CG models beyond
their calibrated regime.106,107

Tang et al. used MD simulations to investigate how pH and
electrolyte composition affect GO aggregation. They showed
that divalent ions like Ca2+ strongly promote sheet-to-sheet
restacking, while acidic pH neutralizes surface charges,
increasing aggregation propensity. In contrast, basic pH and
monovalent ions like Na+ favored dispersion through electro-
static stabilization.108 Their free energy proles conrmed that
electrostatic interactions dominate aggregation thermody-
namics in aqueous media. Wu and Yang explored surfactant-
assisted dispersion using CG MD simulations of nonionic
surfactants on graphene. Their study revealed that PEO chains
can adsorb along sheet edges and stabilize graphene suspen-
sions via steric hindrance, with the dispersion efficiency
depending on chain length and concentration.109 Shih et al.
used MD simulations and experiments to explore how pH and
temperature inuence the colloidal stability of GO. Their study
spersion in graphene-based systems

nded modeling level Rationale

MD
slip/friction models)

Sub-nanometer connement leads
to chain-like ordering, strong
hydrogen-bond cooperativity, and
highly correlated (burst-like or
ballistic) motion; continuum no-
slip models underestimate ux

MD for selectivity; CG/
esoscale swelling

Hydration-shell distortion, ion
dehydration penalties, and
connement-driven correlations
dominate transport and selectivity
at angstrom–nanometer scales

m valid if lD/H � 0.1;
/CG otherwise

Strong EDL overlap, ion-wall
interactions, and charge regulation
invalidate mean-eld electrokinetic
assumptions
Collective hydrodynamics,
aggregation, and solvent-mediated
interactions dominate; atomistic
details unnecessary aer calibration
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demonstrated that increased temperature weakens hydration
shells around functional groups, promoting aggregation, while
basic pH improves dispersion by enhancing surface charge
repulsion.110

Simulations of thermal and mass transport in graphene
materials provide critical insight into the structure–function
relationships driving device performance. Accurate thermal
modeling hinges on appropriate interatomic potentials, treat-
ment of phonon scattering, and representation of dimensional
effects. For mass transport, CG and DPD approaches offer
valuable scalability while preserving essential chemical and
interfacial features. Emerging directions include integrating
machine learning to accelerate transport property predictions
across diverse chemistries and morphologies. Coupled simu-
lations of thermal and mass ux could enhance the design of
multifunctional membranes and energy devices. Further efforts
are also needed to link simulations situ experimental data,
enabling validation and renement of multiscale models under
realistic conditions.
4. Simulation of interaction and
assemblies

Molecular simulations have played a pivotal role in under-
standing the self-assembly, interfacial interactions, and
dispersion behavior of graphene and related nanomaterials.
These studies are essential for applications in composite pro-
cessing, surfactant stabilization, drug delivery, and biosensing.
This section is organized into thematic subsections that capture
how CG, DPD, MD, and analytical models have been used to
investigate assembly behavior in various chemical and envi-
ronmental contexts.
4.1. Self-assembly of graphene in aqueous and surfactant
environments

CG simulations offer an efficient way to capture large-scale self-
assembly phenomena. Williams and Ĺısal developed CGmodels
for graphene and GO in aqueous media using Martini water and
a 4 : 1 mapping scheme.105 Their simulations reproduced
aggregation free energies in good agreement with experiments
and revealed that GO dispersion is stabilized by electrostatic
repulsion from surface functional groups, while pristine gra-
phene aggregates via p–p stacking. Poorsargol et al. performed
combined experimental and MD simulations to study surfac-
tant mixtures interacting with graphene sheets. Their results
demonstrated that sodium dodecyl sulfate (SDS)-rich mixtures
adsorb and self-assemble into monolayer and hemispherical
structures, increasing surface charge and colloidal stability.
Potential of mean force analysis conrmed enhanced repulsion
and dispersion stability under higher surfactant coverage.111

SDS molecules preferentially adsorbed at graphene edges,
increasing the local density and altering solvent structuring,
which improved colloidal stability. This highlights the ability of
surfactants to modify interfacial energies and stabilize carbon
nanomaterials.
© 2026 The Author(s). Published by the Royal Society of Chemistry
Min et al. employed DPD simulations to investigate the self-
assembly of CG graphene nanosheets (CGNS) with CG
SDS(CSDS) surfactants in water (Fig. 11). The CGNS model,
calibrated with bond stretch and angle-bend constants to
maintain graphene's two-dimensional honeycomb structure,
captured the dynamic adsorption process and equilibrium
morphologies of surfactant-covered graphene. The simulations
revealed that CSDS molecules initially adsorb along graphene
edges, aligning parallel to the basal plane to minimize hydro-
phobic tail group exposure. As adsorption progressed, higher
surfactant concentrations led to oversaturation at the edges,
with additional molecules aggregating near the surface rather
than forming multilayers. Micellar collapse onto graphene was
more efficient at the edges than on the basal plane, due to
reduced drag effects and enhanced penetration. Quantitative
analysis of phase separation using order parameters conrmed
that adsorption stabilized within ∼47 ns on average. Morpho-
logical evaluations showed that surfactants near the CGNS
edges were oriented differently from those in the central region,
emphasizing the critical role of edge effects in adsorption
dynamics.37

Understanding graphene's interactions with solvents and
amphiphilic molecules is critical for applications such as drug
delivery, biosensing, and nanouidics. Keshtkar et al. used DPD
simulations to investigate the self-assembly of di-
palmitoylphosphatidylcholine (DPPC) lipid molecules on
carbon nanotubes (CNTs), offering insights translatable to
graphene-based systems (Fig. 12).112 Their study revealed a two-
step self-assembly process: (1) an initial densication phase,
where lipid molecules reorient to form an ordered monolayer,
followed by (2) the formation of stable, densely packed struc-
tures inuenced by CNT curvature. Higher curvature increased
lipid surface density, which is crucial for designing biocom-
patible nanocarriers and can serve as a model for surfactant-
assisted dispersion of graphene. The adsorption dynamics
and ordering behavior observed here parallel molecular inter-
actions with graphene surfaces, shedding light on how func-
tional coatings or lipids stabilize carbon nanostructures in
aqueous environments.

Wu et al. developed a CG MD model of PEO adsorption on
graphene, demonstrating morphology transitions from patchy
hemimicelles to edge-adsorbed monolayers as chain length and
sheet size increased. While powerful, their model used a single
CG mapping without explicit ionic strength or pH effects,
limiting its predictive power in real-world aqueous systems.109

Later studies, such as Poorsargol et al. expanded on this by
incorporating surfactant mix dynamics and potential of mean
force analysis to better model electrostatic stabilization and
dispersion behavior.111 Williams et al. conducted high-
throughput MD simulations to quantify ion free-energy
barriers in GO membranes, revealing how hydration-induced
dehydration effects and pore non-uniformity inuence ionic
adsorption and interlayer structuring. Their ndings under-
score how surface oxidation and pore topology can dictate
nanoscale assembly behavior in GO systems.113
RSC Adv., 2026, 16, 10193–10229 | 10205
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Fig. 11 (a–f) Self-assembly sequence of CG graphene nanosheets (CGNS) with CSDS beads in water, illustrating adsorption dynamics and edge-
induced micelle formation. (g) Evolution of the order parameter P1P_1P1 for each bead type in the CGNS/CSDS system, calculated at intervals of
5000 simulation steps,37 Used with permission of The Royal Society of Chemistry, from “Dissipative particle dynamics modeling of a graphene
nanosheet and its self-assembly with surfactant molecules” by Sa Hoon Min, Choonghyeon Lee & Jyongsik Jang, Soft Matter, vol. 8, pp. 8735–
8742, 2012; permission conveyed through Copyright Clearance Center, Inc.
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4.2. Interlayer and interfacial interactions

Understanding the interlayer and interfacial interactions in GO
and related nanomaterials is crucial for tailoring their perfor-
mance in composites, membranes, and energy devices. Several
studies have combined atomistic, CG, and continuum
approaches to model these complex phenomena. Dyer et al.
developed an atomistic-continuum model based on the Lerf–
Klinowski structural framework to investigate interaction forces
Fig. 12 Left: Snapshot of DPPC in solution showing monomers and clu
showing DPPC ordering around a (20, 20) CNT at different surface densit
2.09, and 2.43 nm−2, respectively), showing increased packing with highe
Nargess Mehdipour, Hossein Eslami, “Supramolecular self-assembly of
particle dynamics simulation study”, 2022, Article 2653, licensed under C

10206 | RSC Adv., 2026, 16, 10193–10229
between GO sheets (Fig. 13).114 By incorporating van der Waals
and electrostatic forces through Lennard-Jones and Coulomb
potentials, their model efficiently calculates interaction ener-
gies while maintaining good agreement with MD results. The
study demonstrated that variations in oxidation and hydration
levels strongly inuence interlayer distance and binding energy.
Higher oxidation levels increased both interlayer spacing and
binding energy, while intercalated water molecules led to
stepwise spacing increases due to hydrogen bonding. This
sters adsorbing onto a (14, 14) CNT (water omitted). Right: Snapshots
ies: (a) 0.28, (b) 0.83, (c) 1.05, and (d) 1.22 (corresponding to 0.56, 1.64,
r coverage,112 Adapted fromNanomaterials, 12(15), Mahboube Keshtkar,
dipalmitoylphosphatidylcholine and carbon nanotubes: a dissipative
C BY 4.0.
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Fig. 13 (a) Configuration of a pair of 2 nm × 2 nm periodic GO sheets
with intercalated water molecules after energy minimization. (b) Final
structure of the same system after a 1000 ps MD simulation,114 Used
with permission of The Royal Society of Chemistry, from “Modelling
the interaction of graphene oxide using an atomistic-continuum
model” by T. Dyer, N. Thamwattana & R. Jalili, RSC Adv., vol. 5, pp.
77062–77070, 2015; permission conveyed through Copyright Clear-
ance Center, Inc.
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analytical model signicantly reduces computational cost
compared to fully atomistic simulations, making it practical for
large-scale GO studies, while still capturing key physical trends
observed experimentally.

Building on this, Shang et al. used atomistic simulations to
explore the energetics and alignment behavior of GO nanosheet
assemblies. Their study incorporated force elds calibrated
using rst-principles calculations, enabling an accurate depic-
tion of the potential energy surface governing interfacial inter-
actions.40 They systematically varied the degree of oxidation,
sheet misalignment, and water content, revealing that partial
oxidation leads to anisotropic charge distributions, which
promote edge-to-face stacking geometries. Their ndings
offered molecular-level understanding of how functional group
heterogeneity inuences stacking orientation, with implica-
tions for stability and dispersion behavior in polar solvents.

More recent CG and CG-DPD models have extended this
understanding to mesoscale dynamics. These models incorpo-
rate effective potential for polar and nonpolar interactions,
enabling simulation of large ensembles of GO sheets in ionic or
humid environments. Studies have shown that multivalent ions
such as Ca2+ and Mg2+ compress the electrical double layer
(EDL) and reduce hydration repulsion, causing GO lamellae to
collapse and aggregate. In contrast, monovalent ions and
surfactant molecules can expand interlayer spacing by
enhancing hydration and introducing steric barriers. For
example, simulations using the Martini force eld with explicit
solvent show reversible swelling behavior in response to relative
humidity changes, with interlayer spacing modulating from
∼0.8 nm (dry) to over 1.2 nm (humid conditions). These results
align with experimental SAXS and AFM data and highlight the
importance of solvent structure and ionic strength in designing
GO-based membranes and dispersions.

Recent atomistic MD simulations have also quantied how
GO hydration and oxidation impact nanoscale structure. Deva-
nathan et al. demonstrated that as GO hydrates, interlayer
spacing increases from ∼0.8 nm to ∼1.1 nm, while water
diffusion is slowed by strong hydrogen bonding. These results
were consistent with neutron scattering experiments and
showed the importance of solvent-structured layers in limiting
© 2026 The Author(s). Published by the Royal Society of Chemistry
molecular mobility.115 Ab initioMD by Mouhat et al. highlighted
clustering of epoxide/hydroxyl groups on GO surfaces and
quantied a negative surface charge of ∼−10 mC m−2 in water,
underscoring GO's dynamic chemical and structural response
upon hydration.116 Overall, simulation studies have claried
that interfacial interactions in GO systems are governed by
a subtle interplay of van der Waals forces, electrostatics,
hydration effects, and surface chemistry. Future directions
includemachine learning-guided force eld renement, explicit
pH-dependent protonation modeling, and multiscale coupling
of atomistic and continuum models to better predict dynamic
stacking behavior under ow or connement conditions rele-
vant to water purication, nanouidics, and layered
nanocomposites.
4.3. Carbon nanotube-polymer systems

The dispersion and alignment of CNTs in polymer matrices are
critical to the mechanical, thermal, and electrical performance
of nanocomposites. Molecular simulations, particularly DPD,
CG-MD, and atomistic MD, have been instrumental in eluci-
dating the mechanisms governing CNT-polymer interactions.
Zhou et al. studied CNT dispersion and alignment in polymer
matrices using DPD simulations.117 They showed that disper-
sion stability depends on matrix viscosity, shear ow, and CNT
aspect ratio. Under ow, CNTs aligned preferentially along the
velocity gradient, a behavior benecial for enhancing the
mechanical performance of nanocomposites. Further insights
have been provided by Chawla and Sharma118 who used atom-
istic MD simulations to investigate CNT pull-out behavior from
a polyethylene matrix. They modeled a single-walled (5, 5) CNT
embedded within an amorphous PE system and applied quasi-
static axial displacement to the CNT. The simulation captured
interfacial shear stress as a function of displacement and
quantied pull-out energy. Their results showed that van der
Waals interactions and polymer chain entanglement were the
dominant contributors to interfacial shear strength. The study
also evaluated the inuence of polymer chain length and CNT
embedment length on load transfer efficiency, providing
a detailed force–displacement relationship. To simulate larger
systems, Hente et al. employed a CG-MD model to simulate the
mechanical behavior of CNT-reinforced PMMA composites.
Their model included short CNTs dispersed in a cross-linked
PMMA matrix with tunable interaction parameters.119 The
simulations varied CNT volume fraction and degree of interfa-
cial cross-linking to examine the resulting elastic modulus. The
study showed that higher CNT loading and increased cross-link
density signicantly improved stiffness, with results closely
matching continuum micromechanics models and full atom-
istic benchmarks. This CG approach enabled simulations of
larger systems while preserving essential interfacial mechanics.
Recent CG-MD simulations have further detailed how polymer
graing and volume fraction inuence CNT dispersion and
mechanical reinforcement.

Ileri-Ercan et al. used Martini-3 CG simulations of
polystyrene-functionalized CNTs in lipid bilayers to quantify
how graing density controls alignment and membrane
RSC Adv., 2026, 16, 10193–10229 | 10207
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deformation, highlighting parallels between polymer and bio
membrane interactions.120 Arash, Park & Rabczuk applied a CG
model to CNT/polymer nanocomposites, demonstrating a direct
scaling of composite Young's modulus with CNT volume frac-
tion and validating the approach against atomistic results.63

Collectively, these simulations offer predictive capabilities for
optimizing CNT-polymer nanocomposites. By evaluating inter-
facial energetics, dispersion quality, and alignment behavior,
molecular models help bridge nanoscale interactions with
macroscale processing outcomes. This understanding is vital
for designing mechanically robust, thermally conductive, and
electrically active polymer nanocomposites.
5. Defects

Defects play a pivotal role in determining the mechanical,
electrical, and thermal properties of graphene and related
carbon nanostructures. While pristine graphene exhibits
exceptional strength and conductivity, real-world applications
inevitably involve intrinsic and extrinsic defects that alter its
performance. Molecular simulations have proven essential in
understanding how different types of defects ranging from
point vacancies and substitutional dopants to extended topo-
logical irregularities like SW defects and grain boundaries
inuence material behavior. Recent studies highlight the dual
role of defects in graphene: while intrinsic point and line
defects can degrade electronic and mechanical properties, they
also offer opportunities for tailoring local functionalities. Gra-
phene uniquely reconstructs its lattice around vacancies and
line defects, stabilizing divacancies and enabling novel elec-
tronic behaviors. Extrinsic defects, such as dopant atoms, can
strongly modulate charge distribution, band structure, and
induce phenomena like magnetism or Kondo effect. Controlled
introduction of such defects is thus crucial for designing
graphene-based devices with targeted properties.121

Atomistic MD simulations have been widely used to probe
defect-induced mechanical failure in graphene. Studies have
shown that vacancies and SW defects can serve as nucleation
sites for crack propagation and drastically reduce tensile
strength. Ho et al. demonstrated through atomistic MD that
single vacancy defects in graphene nanoresonators lead to
localized stiffness degradation, which in turn lowers the reso-
nant frequency and quality factor (Q-factor), highlighting the
inuence of atomic vacancies on both mechanical and dynamic
stability.122 For instance, Juneja and Rajasekaran performedMD
simulations of graphene sheets containing Stone–Thrower–
Wales (STW) defects under uniaxial strain and observed
anomalous strength characteristics, including bond rotation,
local lattice distortion, and fracture stress reduction. Their
study showed that STW defects not only serve as crack initiation
sites but also alter out-of-plane deformation patterns and
energy dissipation mechanisms.123 Such defects lead to local-
ized stress concentrations and signicantly impact crack initi-
ation and propagation paths. In contrast, certain congurations
of defects can enhance fracture toughness by promoting
distributed damage and energy dissipation.
10208 | RSC Adv., 2026, 16, 10193–10229
Defect engineering emerges as a powerful strategy for
enhancing the mechanical resilience of graphene, as demon-
strated by the role of STW defects in improving fracture
toughness. Using MD simulations, recent studies highlight how
these defects, formed by rotating carbon–carbon bonds, redis-
tribute stress and induce out-of-plane displacements near crack
edges, signicantly boosting graphene's fracture resistance. For
pristine graphene, carefully positioned STW1 defects enhance
fracture toughness by up to 28%, while in hydrogenated gra-
phene, partially hydrogenated structures outperform fully
hydrogenated ones due to the stability provided by mixed sp2

and sp3 hybridization states. The simulations, employing the
AIREBO potential, show that STW defects effectively suppress
crack-tip stress, facilitate atomic chain bridging, and counteract
hydrogen-induced distortions. These ndings emphasize the
potential of STW defects in tailoring graphene's mechanical
properties, offering critical insights for designing durable
graphene-based materials in various applications.124

To overcome the limitations of atomistic scale, CG models
have been developed to simulate large-scale fracture
phenomena in defective graphene. Mohammadi et al. devel-
oped a CG MD framework to study the mechanical and thermal
properties of defective carbon nanomaterials, including gra-
phene. Their model incorporated vacancy defects distributed
across graphene sheets and was calibrated against full atomistic
simulations to ensure accuracy in predicting stress–strain
responses and thermal transport.125 The simulations revealed
how defect density inuenced crack branching, fracture
patterns, and localized failure mechanisms in extended gra-
phene sheets. These models allow for system sizes spanning
hundreds of nanometers, making them suitable for predicting
mechanical behavior in real-world device geometries.

More recently, machine learning (ML) approaches have
emerged as a powerful complement to traditional simulations.
Data-driven models trained on MD-generated datasets can
rapidly predict defect-induced changes in elastic modulus,
fracture strength, or thermal conductivity across a wide
parameter space. For example, Recent work has applied con-
volutional neural networks (CNNs) to analyze MD datasets of
defect-laden graphene and predict mechanical properties such
as fracture stress. For instance, deep CNN architectures have
been trained to recognize defect geometries and classify their
impact on fracture energy distribution, enabling rapid
screening of failure-prone congurations, while Gupta et al.
employed graph neural networks (GNNs) to model atom-level
failure behavior based on structural topology.126

Together, these simulation strategies offer multiscale insight
into defect-driven behavior in graphene systems. One particu-
larly important direction is the study of disclinations in poly-
crystalline graphene Fig. 14. Romanov et al. (2018) reviewed the
atomic congurations of improper carbon rings, such as 5-7, 5-
8-5, and 555-777, and used both MD simulations and elastic
theory to model grain boundaries and pseudo-graphenes. Their
simulations revealed that disclination arrangements such as
quadrupoles signicantly inuence the energy, stability, and
structure of grain boundaries Fig. 15. The study further
demonstrated how symmetric and asymmetric grain
© 2026 The Author(s). Published by the Royal Society of Chemistry

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5ra09422d


Fig. 14 Representative atomic structures of disclination defects in graphene, including (a) 5‑8‑5, (b) 555-777, (c) 5555-7777 complexes. These
topological irregularities alter lattice symmetry, introduce local curvature, and contribute to the formation of grain boundaries,127 Adapted from
Letters on Materials, 8(4), A. E. Romanov, M. A. Rozhkov, A. L. Kolesnikova & I. S. Yasnikov, “Disclinations in polycrystalline graphene and pseudo-
graphenes”, pp. 384–400, licensed under CC BY.
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boundaries, characterized by different distributions of 5-, 7-,
and 8-membered rings, exhibit energy variations from 0.4 to
over 2 eV Å−1.127

These results enhance our understanding of how micro-
structural features at the atomic scale control macroscopic
mechanical behavior, supporting the development of graphene
defect engineering. MD provides atomic-level resolution, CG
approaches extend to device-relevant scales, and ML enables
rapid screening and surrogate prediction. However, challenges
remain in integrating these methods coherently and validating
predictions against experimental data. Future work should
focus on developing hybrid multiscale workows that combine
accuracy, efficiency, and data robustness for modeling real-
world defective graphene systems. Chemical functionalization
and defect engineering are inherently interconnected
approaches that strategically introduce or modify structural
imperfections at the atomic level, allowing tailored control of
graphene's properties. Unlike intrinsic structural defects such
as vacancies and dislocations, chemically induced defects
involve precise atomic or molecular alterations that inuence
mechanical, thermal, and electronic characteristics.

Chemical functionalization techniques like hydrogenation,
oxidation, uorination, and atomic doping systematically
introduce defects that alter graphene's pristine structure. Pei
et al. utilized reactive MD simulations to show how hydroge-
nation transforms robust sp2 bonds into weaker sp3 hybridiza-
tions, creating local structural defects that degrade tensile
strength by around 65% at partial hydrogenation.47 Ruiz et al.
extended this analysis using CG modeling, demonstrating that
hydrogenation-induced defects signicantly lower graphene's
Fig. 15 Grain boundary energy as a function of misorientation angle for v
rings, (b) symmetric, and (c) nonsymmetric grain boundaries. The plo
boundaries, derived from MD simulations and elastic theory,127 Adapted
Kolesnikova & I. S. Yasnikov, “Disclinations in polycrystalline graphene an

© 2026 The Author(s). Published by the Royal Society of Chemistry
Young's modulus and substantially alter its deformation
mechanisms.38 Atomistic simulations of oxidation processes
leading to GO and rGO have revealed detailed insights into
defect formation driven by oxygen-containing functional
groups. Shang et al. performed comprehensive atomistic
simulations illustrating how epoxide and hydroxyl groups
induce defects, expanding interlayer spacing and signicantly
modifying thermal and mechanical behaviors.40

Kumar et al. demonstrated via density functional theory
(DFT)-informed simulations how oxidation enhances defect
densities, thereby substantially altering electronic properties
and chemical reactivity.128 Additionally, uorination studies
combining MD and DFT simulations revealed that uorine
atoms create localized sp3 defect sites, inuencing mechanical
and electronic characteristics.129 The synergy between chemi-
cally induced defects and existing structural defects profoundly
impacts graphene's performance. Juneja and Rajasekaran,
using detailed MD simulations, revealed that STW defects
redistribute local stress elds, inuencing fracture toughness
and dynamics signicantly when combined with adjacent
chemically functionalized regions.4,123 The simulations eluci-
dated mechanisms such as defect-induced crack bridging and
altered fracture pathways. Mohammadi et al. employed an
energy-based CG simulation framework to elucidate how
chemically functionalized defects interact with intrinsic struc-
tural defects, collectively inuencing fracture propagation, local
stiffness, and thermal conductivity. Their simulations explicitly
accounted for varying defect densities and chemical environ-
ments, highlighting the combined roles of structural and
arious disclination configurations in graphene chain of (a) 5‑8‑5 carbon
t highlights energy differences between symmetric and asymmetric
from Letters on Materials, 8(4), A. E. Romanov, M. A. Rozhkov, A. L.
d pseudo-graphenes”, pp. 384–400, licensed under CC BY.
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chemical modications in controlling mechanical robustness
and thermal performance.125

Graphene functionalization critically inuences the forma-
tion and evolution of interfacial defects in composite materials;
a phenomenon rigorously explored via multiscale simulations.
Lin et al. combined DPD simulations with nite element
modeling (FEM) to analyze the dispersion of polymer-
functionalized graphene sheets (PMMA@FGN). Their simula-
tions showed that functionalization signicantly reduced
interfacial defects, enhanced dispersion stability, and conse-
quently improved the mechanical properties and reliability of
the graphene–polymer composite system.65 Liba et al. applied
DPD modeling to investigate surfactant-functionalized carbon
nanotube (CNT) dispersion within polymer matrices, high-
lighting improved stability and fewer interfacial defects. Their
ndings illustrate how surface functionalization simulations
can guide effective defect control and optimization of interfacial
properties critical for composite fabrication.54

Advances in ML methods have signicantly enhanced the
ability to predict complex functionalization-defect interactions
efficiently. Zheng et al. leveraged high-throughput MD simula-
tions and neural networks to rapidly predict mechanical and
thermal property changes resulting from functionalization-
induced defects. This ML approach enables swi screening
and optimization of chemically functionalized graphene struc-
tures.130 Gupta et al. implemented GNNs to simulate detailed
atomic-level interactions between chemical groups and gra-
phene defects, providing precise predictions of resulting
mechanical behaviors. Such computational frameworks signif-
icantly streamline the exploration of the functionalization-
defect landscape, facilitating the identication of optimal gra-
phene modications.126 Understanding the evolution,
dynamics, and stability of defects in graphene is crucial for
predicting its mechanical, thermal, and electronic behaviors
under practical operational conditions. Computational
methods, particularly MD, kinetic Monte Carlo (kMC), and DFT,
provide detailed insights into defect mechanisms, pathways,
and stability criteria.

Defects in graphene, such as vacancies and STW defects,
originate and evolve through specic atomic mechanisms.
Reactive MD simulations have revealed vacancy migration
pathways and the critical role of mechanical strain in enhancing
vacancy mobility. For instance, recent simulations demonstrate
signicant room-temperature vacancy diffusion under
moderate tensile strain conditions (∼0.8%), highlighting strain-
driven defect dynamics.131 Furthermore, combined MD and
kMC studies offer insights into long-term vacancy evolution,
showing complex coalescence and spatial clustering patterns
over extended timescales and large graphene areas.132 Temper-
ature and mechanical strain profoundly inuence defect
behavior. MD analyses have demonstrated how temperature
variations and tensile loading affect defect-induced vibrational
properties, altering graphene's dynamical response and
mechanical stability.133 Additionally, strain-induced mobility
studies indicate that mechanical deformation signicantly
accelerates vacancy migration and clustering, which can
10210 | RSC Adv., 2026, 16, 10193–10229
substantially impact graphene's durability and operational
performance.131

Defect clustering signicantly modies graphene's
mechanical, thermal, and electronic properties. Computational
studies tracking vacancies via kMC and MD methods reveal
clustering behaviors, illustrating how vacancy concentrations
affect graphene's structural integrity and transport proper-
ties.132 These studies emphasize the necessity of controlling
defect densities to maintain desired graphene functionalities in
practical applications. Advanced simulation methodologies
such as kMC and accelerated MD enable investigations into
defect dynamics beyond conventional MD timescales. Recent
large-scale kMC simulations of graphene growth and etching
effectively model defect generation, healing processes, and
evolution at edges and during substrate interactions, offering
crucial insights into defect management strategies.132,134

Substrates and environmental conditions signicantly impact
defect formation and stability. Atomistic MD simulations
illustrate how substrates inuence the healing of topological
defects, such as pentagonal disclinations (“scars”), through
modications in local coordination and bonding structures.135

Additionally, quantum-mechanical MD simulations capture
environmental interactions, revealing how graphene vacancies
interact dynamically with water, either promoting vacancy
healing or stabilizing defect structures, depending on hydration
conditions.136

Machine learning (ML) techniques trained on MD- and DFT-
derived data sets represent a powerful approach to predicting
defective evolution pathways efficiently. ML-driven predictions
accelerate defect simulations and offer valuable guidance for
long-term behavior forecasting, thus signicantly enhancing
computational efficiency and predictive accuracy for practical
graphene applications. Defects in graphene, ranging from point
defects to grain boundaries and functionalized sites, substan-
tially modulate their physical properties. Advanced simulations
have become instrumental in dissecting these effects, allowing
quantitative predictions across thermal, mechanical, electronic,
and chemical domains. Reactive MD simulations have investi-
gated fracture behavior in defective graphene under tensile
loading, demonstrating that intrinsic defects signicantly alter
crack propagation paths and strength reductions.137 A reactive
MD study by Liu et al. demonstrated how vacancy clusters
inuence crack initiation and propagation, highlighting the
importance of defect distribution in determining fracture
modes.138

A CNN-guided NEMD study revealed that structural disorder
and defects in multilayer graphene induce pronounced reduc-
tions in thermal conductivity, up to ∼60%.139 Additional NEMD
simulations conrm that both vacancy shape and concentration
dramatically increase phonon scattering.94 DFT analysis of out-
of-plane defects revealed modulation of electron transmission
through quantum interference effects.140 A tight-binding study
showed how edge notches in graphene nanoribbons create
localized states and impact transport behavior.141 Recent DFT
work detailed O2 adsorption at vacancy sites on graphene,
showing enhanced energetics and potential catalytic applica-
tions.142 MD and DFT simulations at graphene–copper
© 2026 The Author(s). Published by the Royal Society of Chemistry
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interfaces highlighted how defect-driven phonon scattering and
interfacial chemistry inuence composite performance.143
6. Incorporating machine learning in
graphene simulations

Machine learning (ML) has emerged as a transformative tool for
accelerating and extending the capabilities of computational
simulations related to graphene. From predicting atomic-scale
defects to optimizing functional properties and discovering
new materials, ML techniques are being widely integrated with
classical and quantum mechanical simulations, including MD,
DFT, and kMC methods.
6.1. Machine learning for defect prediction and formation
pathways

Machine learning-based techniques have achieved atomic-level
precision in detecting and classifying defects in graphene.
Zheng and Gu developed a machine learning framework using
kernel ridge regression trained on thermal vibration data
extracted fromMD simulations. They implemented two distinct
workows: an atom-based approach, which evaluates local
displacement features per atom, and a domain-based approach,
which averages data over spatial patches of the graphene sheet.
These workows enabled robust detection and classication of
vacancy and topological defects with approximately 90% accu-
racy, even without prior specication of defect type. Their
Fig. 16 Atom-based machine learning prediction of a single-atom vac
simulations. (b) Predicted label vector indicating defect presence. (c) 2D s
accuracy vs. regularization parameter l. (e) Label vector output under
detection of graphene defects with atomic precision” by Bowen Zheng

© 2026 The Author(s). Published by the Royal Society of Chemistry
framework distinguishes between atom-based and domain-
based ML workows, both of which are visualized in Fig. 16.144

Zheng et al. further applied transfer learning techniques to
generalize defect prediction from smaller MD models to larger
graphene sheets, reaching up to 80% accuracy. These scalable
methods reduce the computational burden associated with
large-scale DFT defect mapping.

Supervised learning techniques, such as support vector
machines (SVM), decision trees, and random forests (RF), have
been employed to predict vacancy formation energies, migration
barriers, and defect clustering tendencies in graphene. Yang and
Buehler proposed a graph neural network framework for pre-
dicting defect-inducedmechanical property changes in crystalline
solids, including graphene. Although their model focuses
primarily on GNNs, it establishes a foundational link between
atomic-level defects and mesoscale mechanical behavior, offering
insights comparable to supervised learning methods like SVMs
for defect classication. Recent studies have leveraged GNNs to
model the atomic connectivity of graphene, allowing accurate
predictions of defect energetics and transition states under
varying mechanical and thermal conditions.145 For example, Xie
and Grossman introduced a crystal graph convolutional neural
network (CGCNN) that accurately predicts formation energies,
including those related to defects, using atomic connectivity
graphs derived from DFT datasets. Additionally, active learning
frameworks have been developed to iteratively explore defect
conguration space, reducing the number of ab initio calculations
while improving model generalizability.146
ancy in graphene. (a) Example of the input energy vector from MD
patial map showing predicted defect intensity. (d) Validation and testing
strong regularization,144 Reproduced from “Machine learning-based

and Grace X. Gu, Nano–Micro Letters, 12:181 (2020), CC BY 4.0.
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In addition to deep learning and graph-based models,
ensemble machine learning frameworks have also shown
promise for defect modeling. Chen et al. developed an ensemble
approach to train interatomic potentials that generalized across
different atomic environments, including defective graphene.
Their method integrated a variety of descriptors and model
types to improve robustness and reduce overtting, facilitating
accurate predictions of force elds in heterogeneous systems.147

Jha et al. extended this methodology to the electronic domain,
using RF regression on high-throughput DFT datasets to predict
electronic band gaps in functionalized and defective graphene
materials. These studies underscore the broader versatility of
supervised learning models, not only for structural predictions
but also for electronic property estimation, highlighting their
value in multiscale simulations where defects substantially
inuence local and global graphene behavior.148

Zuo et al. conducted a comprehensive benchmarking study
of machine-learned interatomic potentials (MLIPs), such as
SNAP, GAP, and ANI, to assess their accuracy and robustness in
modeling defect structures, migration energies, and stress
distributions in various materials, including graphene. Their
ndings showed that MLIPs trained on high-quality DFT data-
sets can achieve near-DFT accuracy in predicting formation
energies and elastic properties of defective graphene, while
offering orders-of-magnitude speedup over ab initio calcula-
tions.149 This work highlights the importance of training
diversity and model selection in MLIP development for reliable
simulation of defective 2D materials.
6.2. ML-accelerated MD and predictive force eld surrogates

Machine-learned force elds (MLFFs) and surrogate models
have become essential tools in overcoming the limitations of
traditional quantum mechanical methods for simulating large-
scale graphene systems. By learning interatomic potentials
directly from high-delity quantum data, these models can
replicate ab initio accuracy with dramatically reduced compu-
tational cost, enabling dynamic simulations of thousands of
atoms over extended time scales. Among the most impactful
advancements in molecular simulations of graphene is the
Deep Potential Molecular Dynamics (DeePMD) framework,
which employs deep neural networks to represent potential
energy surfaces with ab initio accuracy. Trained on DFT data,
DeePMD models have replicated key physical properties of
pristine and defective graphene, including phonon dispersion
curves, thermal conductivity, and mechanical behavior, with
remarkable precision. Lu et al. (2021) demonstrated that
DeePMD enables large-scale simulations of up to 100 million
atoms, capturing phenomena such as fracture initiation, crack
propagation, dislocation dynamics, and phonon transport at
resolutions unattainable by traditional DFT or tight-binding
methods. Their work also introduced efficient training proto-
cols using force-matching and energy consistency, enhancing
the model's transferability across diverse graphene-based
systems. This breakthrough allows mesoscopic modeling and
lifetime prediction of nanodevices under thermal and
10212 | RSC Adv., 2026, 16, 10193–10229
mechanical stress, bridging the gap between quantum accuracy
and classical scale.150

In addition to DeePMD, recent advances have introduced
equivariant neural network models such as NequIP, which
explicitly enforce physical symmetries, including rotational and
translational invariance through SE(3) equivariance. These
architectures signicantly enhance data efficiency, trans-
ferability, and generalizability in machine-learned force elds
(MLFFs). Although NequIP has not yet been specically applied
to graphene, it has demonstrated exceptional performance across
a variety of material systems, particularly in capturing inter-
atomic forces, stress elds, and symmetry-breaking phenomena
in structurally complex regions such as grain boundaries and
defect dipoles. Batzner et al. showed that NequIP could extrap-
olate to previously unseen congurations, maintaining accurate
force predictions across temperatures and defect landscapes.151

Its ability to resolve subtle stress localizations and variations in
elastic properties suggests strong potential for modeling defect-
laden graphene and other two-dimensional materials, where
traditional force elds oen fall short.

Another inuential model, SchNet, developed by Schütt et al.
is a continuous-lter convolutional neural network that ach-
ieves chemical accuracy in predicting energies and forces for
a wide range of systems. SchNet, originally developed for
molecular systems, has been extended to periodic and 2D
materials, including carbon-based systems. Its adaptability
suggests strong potential for modeling functionalized graphene
and GO, especially for predicting vibrational spectra and
binding energies, although direct applications remain limited.
It accurately predicts binding energies, vibrational spectra, and
interfacial adhesion with DFT-like precision. Its capacity to
model structural distortions and functional group effects
suggests strong potential for accelerating the screening of
thermodynamic and vibrational properties in graphene-based
systems.152 Furthermore, when integrated with active learning
loops, SchNet can rene its predictive accuracy on-the-y by
selecting new, informative congurations, making it highly
suitable for chemically diverse and dynamic environments.
6.3. Electronic, thermal, and mechanical property
prediction

Machine learning (ML) has been extensively used in chem-
informatics to predict binding affinities,153 aqueous
solubilities,154–156, partition coefficients,157 and other physico-
chemical properties.158 These successes illustrate the versatility
of ML in capturing complex structure–property relationships.
Leveraging these methodologies, researchers have increasingly
applied ML to graphene and related nanomaterials, integrating
it with MD and DFT to accelerate the prediction of key elec-
tronic, thermal, and mechanical properties. This synergy allows
for rapid screening, optimization, and design of graphene-
based systems with reduced computational cost. ML models
are increasingly used to predict electronic, thermal, and
mechanical properties of graphene systems, complementing
traditional MD and DFT simulations by offering faster and
scalable approaches.
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 17 Illustration of a standard neural network architecture featuring
an input layer, two hidden layers, and an output layer,69 Reprinted from
Carbon, vol. 148, Zesheng Zhang, Yang Hong, Bo Hou, Zhongtao
Zhang, Mehrdad Negahban & Jingchao Zhang, “Accelerated discov-
eries of mechanical properties of graphene using machine learning
and high-throughput computation”, pp. 115–123, Copyright 2019, with
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6.3.1. Electronic properties. Recent advances have
extended ML applications beyond band gap prediction to
detailed electronic structure analyses. SVM, RF, and deep neural
networks (DNNs) are increasingly employed to predict band
structures, Fermi levels, and defect-related states in pristine,
doped, and functionalized graphene. Jha et al. demonstrated
that RF models trained on high-throughput DFT data can
accurately predict band gaps for chemically modied graphene
derivatives.148 Moreover, Xie and Grossman introduced the
Crystal Graph Convolutional Neural Network (CGCNN), which
has been successfully applied to model electronic density of
state and defect-induced states.146

6.3.2. Thermal properties. Advanced ML models are now
widely used to predict thermal conductivity, phonon transport,
and heat capacity in graphene systems. A recent study by Chen
et al. introduced a unied deep learning framework that inte-
grates convolutional neural networks (CNNs) with physics-
informed layers to model interlayer phonon coupling and
cross-plane heat transport in bilayer graphene and h-BN
heterostructures. Their model effectively accounts for stacking
orders, interlayer van der Waals interactions, and temperature
dependence, achieving predictive errors below 3% compared to
direct Boltzmann transport equation calculations while
reducing computational time by two orders of magnitude.159

Similarly, Li et al. developed a hybrid deep learning architecture
that combines GNNs with transfer learning to analyze thermal
conductivity across a range of stacking congurations, defect
densities, and functionalization levels. Their model incorpo-
rates descriptors derived from both atomic topology and
phonon spectra, enabling accurate prediction of both in-plane
and cross-plane thermal conductivity.77 The framework also
demonstrated predictive capability for thermal boundary
resistance in graphene/BN heterostructures, making it appli-
cable to real-world device designs.

Other ML-driven frameworks, such as Gaussian process
regression (GPR), kernel ridge regression (KRR), and neural
network potentials (NNPs), have been applied to predict
phonon lifetimes, specic heat, and anharmonic effects in
large-scale simulations. ML-based inverse design approaches
also enable the optimization of isotopic compositions or defect
patterns to achieve targeted thermal conductivities, which is
particularly relevant for applications like thermoelectric devices
and thermal management in exible electronics.

6.3.3. Mechanical properties. High-throughput MD simu-
lations coupled with ML models such as articial neural
networks (ANNs) and GPR have been used to predict Young's
modulus, fracture strength, and tensile failure. Gupta et al.
applied a sparse ML framework based on D-optimal design to
explore mechanical responses of graphene under strain, incor-
porating defect density, doping, and strain rate as input
features. Their approach reduced the computational cost by an
order of magnitude while maintaining accuracy above 95%
compared to direct MD results.126 Zhang et al. demonstrated
a novel approach by integrating ML algorithms with high-
throughput MD simulations to study temperature, strain rate,
vacancy defects, and chirality effects on fracture strain, fracture
© 2026 The Author(s). Published by the Royal Society of Chemistry
strength, and Young's modulus Fig. 17. They tested models
including k-nearest neighbors (KNN), SVM, decision trees (DT),
and ANNs, nding that ANNs delivered the most accurate
predictions. Results indicated that temperature and vacancy
defects reduce mechanical strength, while strain rate enhances
it, with signicant chirality-dependent variations. This frame-
work allows for accurate predictions of mechanical properties
within seconds, signicantly reducing computational time.69

Predicting the mechanical properties of nanocomposites is
a critical challenge in materials science due to the complex
interactions between components, particularly under varying
conditions of temperature, orientation, and composition. A
hybrid approach combining MD simulations and ML, speci-
cally long short-term memory (LSTM) models, has been
employed to predict the nanoindentation hardness of nickel-
graphene nanocomposites. MD simulations investigated how
graphene volume fraction, orientation angles, and temperature
inuence mechanical performance. The LSTM model trained
on force-depth data achieved a Pearson correlation coefficient
above 0.95, outperforming traditional ML models such as SVM
and MLP. This integration of MD and ML reduces computa-
tional time signicantly, predicting mechanical properties in
seconds versus hours for direct MD, highlighting the role of
graphene's microstructural characteristics in determining
composite behavior.160

Advancing the understanding of graphene's mechanical
properties under defects and doping is critical for optimizing its
applications. Another study integrates MD with ML using a D-
optimal design algorithm to reduce computational costs
without compromising accuracy. Five input features, tempera-
ture, strain rate, single vacancy defects, silicon doping, and
edge effects, were varied to evaluate fracture strength, failure
strain, and Young's modulus. Gaussian process regression
(GPR) models showed superior predictive accuracy for complex
permission from Elsevier.
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mechanical behavior, providing deeper insights into cross-
dependencies among parameters and enabling efficient 2D
material studies.126 Another deep ML approach combines
analytical quantized fracture mechanics, MD, and neural
networks to study fracture strength under the inuence of
defects, crack orientation, and high temperatures. The deep ML
model achieved high predictive accuracy (MAPE below 5%)
using transfer learning, signicantly reducing computational
overhead while maintaining delity across conditions such as
crack sizes, orientations, and lattice congurations.161

6.4. Integrated frameworks

Recent studies have explored multitask learning frameworks that
simultaneously predict mechanical, thermal, and electronic
properties using shared descriptors such as temperature, strain,
and chemical environment. This integrated approach allows for
cross-property correlation analysis and faster optimization of
graphene materials for applications in nanoelectronics, exible
devices, and thermal interface materials. Additionally, ML
methods have been applied to optimize mechanical exibility in
graphene kirigami designs, where CNN-based inverse design
strategies identify optimal cut congurations to maximize
stretchability with minimal simulations, as shown by Hanakata
et al. This iterative ML-guided design reduced the search space
from millions of congurations to just hundreds, discovering
highly stretchable patterns.162

Finally, ML-driven multiscale frameworks, like that developed
by Khoei et al., integrate atomistic MD with continuum nite
element models using MLP-ANNs. These frameworks accurately
predict nonlinear mechanical responses under tension, shear,
torsion, and nano-indentation while eliminating predened
constitutive models and reducing computational costs. Such
approaches are particularly relevant for graphene's nonlinear
mechanical behavior.163 These developments highlight the
potential of ML-based predictive modeling in accelerating the
design and discovery of advanced graphene-based materials.

6.5. Advanced ML-driven design and predictive approaches

Beyond property prediction, ML is increasingly applied to
complex tasks such as thermodynamic modeling, solvation
analysis, and structural optimization. While ML has seen
signicant application in electronic and mechanical domains,
its use in predicting thermodynamic and solvation properties
for graphene-related systems remains underexplored. Tradi-
tional methods like Free Energy Perturbation (FEP), thermody-
namic integration (TI), and linear interaction energy (LIE)
models are computationally expensive. Recent work has intro-
duced Molecular Dynamics Fingerprints (MDFP), which inte-
grate statistical descriptors from MD data such as potential
energy distributions, radius of gyration, and solvent-accessible
surface area into ML models. These approaches provide accu-
rate predictions of solvation free energies and partition coeffi-
cients at a fraction of the computational cost, opening avenues
for studying graphene in solvents or composites.164

Another notable application involves the design of graphene-
based metamaterials. Hanakata et al. used a CNN trained on
10214 | RSC Adv., 2026, 16, 10193–10229
MD simulations to predict mechanical responses (yield strain
and stress) of graphene kirigami structures based on cut density
and placement. By exploring a design space of over 4 million
possible patterns, their ML-guided inverse design approach
identied optimal cut congurations, achieving enhanced
stretchability and mechanical exibility. Fig. 18 illustrates this
ML-driven optimization process.162

While machine-learning force elds (ML-FFs) signicantly
extend the accessible time and length scales of molecular
simulations, their predictive reliability is ultimately constrained
by the quality, diversity, and representativeness of the reference
data used for training. As emphasized in recent critical reviews,
ML-FFs may exhibit excellent interpolation accuracy within the
training domain but can suffer from uncontrolled extrapolation
errors when applied to new chemistries, defect structures, or
thermodynamic conditions. In addition, long-range electro-
statics, polarization, and rare-event sampling remain chal-
lenging to capture consistently without explicit physical
constraints. Consequently, ML predictions for graphene-based
systems should be interpreted in conjunction with uncertainty
awareness and, where possible, validated against atomistic
simulations or experimental benchmarks.165

Additionally, Park et al. introduced GHP-MOF assemble,
a generative AI framework for designing metal–organic frame-
works (MOFs) for carbon capture, which combines molecular
generative diffusion models with ML-based screening, MD, and
GCMC simulations. Although focused on MOFs, the strategy
demonstrates how generative AI can be adapted to graphene-
based materials, particularly for adsorption, separation, and
catalysis. Similar AI approaches could be applied to graphene
oxide frameworks (GOFs) and covalent organic frameworks
(COFs) for gas separation and pollutant removal. The CGCNN
model, for example, could be retrained to predict graphene-
adsorbate interactions, gas storage, and charge transport
properties. Extending this methodology to graphene-MOF
hybrids could yield high-surface-area materials for energy
storage, supercapacitors, and electrochemical applications.166
7. Simulation of electrokinetic
phenomena

Electrokinetic phenomena, such as ion transport, EDL forma-
tion, and electro-osmotic ows (EOFs), are fundamental to the
operation of graphene-based membranes, nanopores, and
electrochemical devices. Due to the multiscale nature of these
processes, traditional MD or continuum approaches alone are
oen insufficient to capture the coupled electrostatic and
hydrodynamic interactions across length and time scales. Recent
advancements in DPD and its extensions have enabled more
efficient and accurate mesoscale modeling of electrokinetic
phenomena in complex systems, including graphene interfaces.
7.1. Charged DPD

Deng et al. introduced the charged dissipative particle dynamics
framework (cDPD) as a mesoscale extension of classical DPD. In
cDPD, each particle is assigned ionic concentration and
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 18 (a) Illustration of the neural network-based search algorithm for optimizing graphene kirigami patterns. Panels (b) and (c) plot the average
yield strain of the top 100 configurations across generations for kirigami with 3 × 5 and 5 × 5 cut grids, respectively. Visualizations of the five
best-performing 5 × 5 configurations are shown for each generation, with the top three remaining unchanged after the ninth generation. (d)
Shown are the top five kirigami performers with 5 × 5 allowable cuts at each generation. After the ninth generation, the leading three
configurations stabilize and no longer change. (e) Comparison between ML-optimized kirigami designs and conventional centered-cut patterns,
demonstrating enhanced stretchability in the ML-generated configurations. Kirigami structures are not drawn to scale,162 Reprinted figure with
permission from Paul Z. Hanakata, Ekin D. Cubuk, David K. Campbell & Harold S. Park, Phys. Rev. Lett., vol. 121, 255304 (2018). Copyright 2018 by
the American Physical Society.
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electrostatic potential, enabling the simultaneous solution of the
stochastic Poisson–Nernst–Planck (PNP) and Navier–Stokes
equations. This approach accurately models ion diffusion, elec-
trostatic interactions, and thermal uctuations using a fully
Lagrangian scheme. The electrostatic potential is solved itera-
tively with a particle-based Poisson solver, eliminating the need
for grid-based techniques. Enhanced boundary conditions
enforce realistic hydrodynamic and electrostatic constraints at
charged surfaces. Validation against Poisson–Boltzmann and
mean-eld solutions demonstrated cDPD's accuracy for predict-
ing EDL structure, EOF velocity proles, and pressure-driven
electrokinetic transport in microchannels. This method can be
adapted to graphenemembranes and nanopores by incorporating
tunable surface charges and chemical functionalization, facili-
tating studies of ion sieving, desalination, and energy storage.167
7.2. Electrostatic DPD

González-Melchor et al.168 and Gavrilov et al.169 extended DPD by
incorporating long-range electrostatic interactions through
techniques such as Ewald summation and smoothly damped
Coulomb forces. These modications prevent unphysical
charge collapse while preserving accuracy in systems with high
charge density and non-uniform distributions. Electrostatic
DPD has been validated by simulating polyelectrolyte chain
collapse, ionic microphase separation, and electrolyte struc-
turing, showing good agreement with MD simulations. For
graphene-based materials, electrostatic DPD can be applied to
model the dynamic behavior of ionic species near conductive
surfaces, double-layer capacitance, and charge storage
processes in supercapacitor electrodes. Such simulations offer
insights into how surface charge distributions, defects, and
© 2026 The Author(s). Published by the Royal Society of Chemistry
functional groups inuence electro-osmotic transport and
energy storage performance.

7.3. Many-body DPD and electronic transitions

Faramarzi and Mehdipour170 applied many-body DPD to study
the metal–nonmetal transition in uid cesium, focusing on the
role of atomic clustering, density uctuations, and changes in
electronic structure on conductivity. This methodology uses
a grand canonical ensemble to track conductivity percolation by
identifying connected atomic clusters, correlating structural
dynamics with electronic transitions. While initially designed
for liquid metals, this approach can be extended to graphene-
based systems. Graphene's electronic properties are highly
sensitive to doping, strain, and external elds, which could be
studied via many-body DPD to predict percolation thresholds,
solvent-induced conductivity transitions, and charge transport
pathways in composites. Recent parameterization strategies for
many-body DPD at interfaces provide a solid foundation for
adapting these models to simulate graphene/electrolyte
interfaces.

8. Graphene ink

Printed electronics have emerged as a promising technology for
fabricating low-cost, large-area, and exible devices.171,172

Conductive inks are central to this eld, serving as the active
material that forms electrical pathways and electrodes.173–180

Their physical and chemical properties directly affect the
performance, resolution, and stability of printed devices.
Among conductive materials, graphene stands out due to its
high electrical conductivity, chemical stability, and intrinsic
exibility.181–186 Graphene-based inks provide a superior
RSC Adv., 2026, 16, 10193–10229 | 10215
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Fig. 19 Schematic illustration of the graphene ink preparation
process. (a) Graphene flakes are exfoliated from graphite powder in an
ethanol/ethyl cellulose (EC) mixture using probe ultrasonication. (b)
The resulting graphene/EC dispersion is then centrifuged to remove
large residual graphite flakes. (c) Salt-induced flocculation is applied to
the graphene/EC to form small, stable aggregates. (d) The graphene/
EC powder is subsequently dispersed in an 85 : 15 cyclohexanone/
terpineol mixture to produce a stable ink suitable for inkjet printing. (e)
Photograph of the prepared graphene ink in a vial. (f) Sequence of
droplet formation during inkjet printing, showing spherical droplets
forming after approximately 300 mmAdaptedwith permission from ref.
204. Copyright 2013 American Chemical Society.
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alternative to conventional carbon-based inks, which oen
show limited conductivity in formulations suitable for inkjet
printing.

To utilize graphene in inks, a large-area material that can be
easily manipulated into complex device architectures is
required. Among various production methods, solution-phase
exfoliation is particularly attractive due to its low-cost precur-
sors, scalability, low thermal budget, and compatibility with
additive printing techniques.187–192 While RGO has been used in
inkjet printing for applications like thin-lm transistors and
sensors, its electrical properties are inferior to pristine gra-
phene, making the latter more advantageous for high-
performance printed electronics.193–197

Pristine graphene akes can be obtained via ultrasonication
in selected solvents198,199 or with the use of additives such as
planar surfactants and stabilizing polymers,200–202 resulting in
akes smaller than 10 mm2. Small akes are essential for stable
inkjet printing, though they increase the number of ake-to-
ake junctions, which can slightly raise lm resistance. More-
over, traditional solvents and surfactants may leave residues
even aer extensive annealing, potentially disrupting the
conductive network.187,203 A holistic approach to graphene ink,
therefore, involves exfoliation, ink formulation, printing, and
nal annealing, using environmentally friendly solvents like
ethanol combined with stabilizing polymers such as ethyl
cellulose, to achieve uniform, conductive, and exible printed
features suitable for next-generation electronic devices.

Printed electronics require inks that combine high conduc-
tivity, stability, and compatibility with exible substrates.
Among various preparation strategies, solution-phase exfolia-
tion of graphene in environmentally friendly solvents such as
ethanol, with stabilizing polymers like ethyl cellulose (EC),
provides a scalable and effective route. Fig. 18 illustrates the
preparation of graphene ink. First, graphene is exfoliated from
graphite powder in an ethanol/EC mixture using probe ultra-
sonication to obtain thin graphene akes. The resulting solu-
tion is then centrifuged to remove large graphite akes, leaving
only small, printable graphene akes. Next, the graphene/EC
akes undergo salt-induced occulation to form small aggre-
gates, improving dispersion and reducing sedimentation.
Finally, the graphene/EC powder is dispersed in an 85 : 15
cyclohexanone/terpineol mixture to produce a stable, inkjet-
printable graphene ink shows the application of this ink onto
a substrate. First, the akemorphology is examined with atomic
force microscopy (AFM) to conrm the ink quality. The ink is
then printed onto the substrate using an inkjet printer, forming
small droplets. Finally, the printed patterns are annealed with
intense pulsed light (IPL), which rapidly removes solvents,
improves ake connectivity, and enhances conductivity.201,204 In
summary, Fig. 19 focuses on ink preparation, while Fig. 20
focuses on printing and post-processing to achieve uniform,
conductive graphene patterns.204–207

In a recent study, the IPL annealing process was investigated
as a rapid and substrate-compatible method for improving the
electrical properties of inkjet-printed graphene lms. As shown
in Fig. 21, the sheet resistance of graphene lms was evaluated
as a function of light pulse energy on four different substrates,
10216 | RSC Adv., 2026, 16, 10193–10229
including PET, PEN, polyimide (PI), and glass. The results
indicate that, due to differences in the thermal properties of the
substrates, the required pulse energy to achieve optimal
conductivity varies. Substrates with lower thermal conductivity,
such as PET and PEN, can produce highly conductive lms even
at low pulse energies, whereas thicker substrates like PI and
glass require higher energy to achieve similar performance.
Despite these differences, all substrates yielded graphene lms
with sheet resistance comparable to that obtained through
conventional thermal annealing, demonstrating the versatility
and efficiency of the IPL process.

Furthermore, examination of printed lines on various
substrates, including PET, PEN, PI, glass, and HMDS-treated
glass, revealed smooth, uniform patterns with well-dened
edges and no coffee-ring effects, which conrms the excellent
wetting and drying behavior of the graphene ink. Increasing the
drop spacing was found to reduce the line width and improve
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 20 Inkjet printing and intense pulsed light (IPL) annealing of
graphene. (a) Atomic force microscopy (AFM) image of graphene
flakes; the inset shows a vial of the graphene ink. (b) Schematic illus-
tration of the inkjet printing process used to deposit graphene onto
a substrate. (c) Schematic illustration of intense pulsed light (IPL)
annealing applied to the printed graphene patterns to improve flake
connectivity and conductivity, Adapted from ref. 207 with permission
from Wiley, vol. 27, E. B. Secor, B. Y. Ahn, T. Z. Gao, J. A. Lewis & M. C.
Hersam, “Rapid and versatile photonic annealing of graphene inks for
flexible printed electronics”, pp. 6683–6688, Copyright 2015 John
Wiley and Sons.
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the printing resolution, while surface treatment of the substrate
with HMDS enabled the formation of ne lines with widths
below 50 mm. Overall, these ndings clearly demonstrate that
high-concentration graphene ink combined with IPL annealing
provides a reliable approach for producing high-quality,
conductive, and precise graphene patterns on a wide range of
both exible and rigid substrates.207

Recently, a method for preparing nitrocellulose-based gra-
phene inks has been developed. In this approach, pristine
graphite is exfoliated in a solution of nitrocellulose and acetone
via shear mixing, and unexfoliated graphite akes are removed
by centrifugation, yielding a stable dispersion of few-layer gra-
phene with a concentration of approximately 1 mg mL−1. AFM
Fig. 21 Versatility of IPL annealing for printed graphene patterns. (a) Sh
different substrates, including PET, PEN, polyimide (PI), and glass. (b) Opt
a droplet spacing of 35 mm, showing uniform and well-defined patterns.
of droplet spacing, demonstrating the effect of drop spacing on line wid
permission from Wiley, vol. 27, E. B. Secor, B. Y. Ahn, T. Z. Gao, J. A. Lewi
inks for flexible printed electronics”, pp. 6683–6688, Copyright 2015 Jo

© 2026 The Author(s). Published by the Royal Society of Chemistry
characterization shows that the graphene platelets have an
average thickness of ∼2 nm and lateral dimensions of ∼200 ×

200 nm, suitable for high-resolution printing. To simplify ink
formulation, salt water is added to induce occulation of the
graphene/NC composite, which is then washed, dried, and ob-
tained as a ne black powder that can be readily redispersed in
suitable solvents. This approach allows precise control over ink
properties such as concentration, surface tension, and drying
kinetics, while enabling a wide range of viscosities suitable for
various printing methods, including spray coating, blade
coating, stencil, screen, gravure, and inkjet printing. For inkjet
printing specically, the graphene/NC powder is dispersed in
a solvent mixture of ethyl lactate, octyl acetate, and ethylene
glycol diacetate at a concentration of ∼10 mg mL−1 to produce
an ink with a shear viscosity of ∼10 mPa s, with low-volatility
solvents included to prevent nozzle drying and to optimize
wetting and drying behavior. Fig. 22 schematically illustrates
this process and the ink characteristics; panel (a) shows the
schematic preparation of the ink along with the nitrocellulose
chemical structure and representative AFM images of graphene
akes, panel (b) presents the thickness distribution of the akes
with both number- and volume-weighted statistics, panel (c)
displays the area distribution of the akes, and panel (d) shows
the shear viscosity of the graphene inks for different printing
methods including blade coating, inkjet printing, and spray
coating, emphasizing that the ink viscosity can be tuned over
a wide range to suit various industrial printing and prototyping
applications.208

Numerous simulation studies have been conducted on gra-
phene inks to understand their behavior in inkjet printing
applications. In a recent study, MD simulations were performed
to investigate the behavior of graphene inks on plasma-
modied polyimide (mPI) substrates. The main goal was to
study interfacial adhesion, stability of the ink/substrate inter-
face, and the effects of printing parameters such as inkjet
velocity, temperature, and mechanical loading (pressure and
deformation) at the atomic scale. Two types of inks were
considered: GO and pristine graphene (PG), forming the mPI/
GO and mPI/PG systems, respectively.
eet resistance of graphene films as a function of annealing voltage on
ical microscopy images of printed lines on five different substrates with
(c) Resolution of inkjet-printed lines on the five substrates as a function
th and printing precision. Adapted with permission from ref. 207 with
s & M. C. Hersam, “Rapid and versatile photonic annealing of graphene
hn Wiley and Sons.
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Fig. 22 Overview of the process and characterization of the graphene ink. (a) Schematic representation of the preparation and application of
nitrocellulose-based graphene inks, showing the chemical structure of nitrocellulose (top left) and a representative AFM image of graphene
flakes (top right). (b and c) Distributions of graphene flake thickness and lateral area, respectively, including both number-weighted and volume-
weighted statistics obtained from AFM measurements (total number of flakes >600). (d) Shear viscosity of the graphene inks, optimized for
different deposition techniques such as blade coating, inkjet printing, and spray coating Reprinted with permission from ref. 208, Copyright 2017
American Chemical Society.

RSC Advances Review

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

0 
Fe

br
ua

ry
 2

02
6.

 D
ow

nl
oa

de
d 

on
 6

/1
9/

20
26

 7
:5

3:
23

 A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online
Fig. 23 illustrates the simulation setup: the bottom part of
the substrate is treated as rigid, and the ink is given an initial
velocity toward the substrate (Fig. 23A). The results showed that
the inkjet velocity affects two main aspects: the impact force of
the ink on the substrate and the interfacial uctuations at the
ink/substrate interface, as reected in the stress uctuation
amplitude (Fig. 23B) and the density prole of the ink near the
interface (Fig. 23C and D). Generally, higher velocities lead to
greater uctuations in the interaction energy. However, in the
mPI/GO system, higher inkjet velocities resulted in enhanced
interfacial adhesion aer approximately 100 ps, whereas no
signicant effect was observed for mPI/PG. These ndings
indicate that achieving uniform, stable, and conductive gra-
phene patterns requires careful consideration of both impact
force and interfacial uctuations, providing valuable guidance
for the development of graphene-based exible electronics.209

From an experimental perspective, these results highlight
solvent selection, ake functionalization, and aggregation
control as key parameters for achieving stable and printable
graphene inks.

Recently, machine learning approaches have also been
applied to graphene inks to predict and optimize their behavior
in printing applications and nal device performance. In
a recent study, similar to strategies used for 3D-printed ther-
moplastics, a physics-informed machine learning (PIML) model
was employed to predict the properties of different graphene
10218 | RSC Adv., 2026, 16, 10193–10229
inks.210 Initially, MD simulations were performed to investigate
the interfacial adhesion and stability of the ink/substrate
interface under various printing conditions, including inkjet
velocity, temperature, and mechanical loading. Subsequently,
a multilayer perceptron (MLP) model was used to predict the
characteristics of different graphene inks. By reducing the
dimensionality of experimental data and incorporating physics-
informed descriptors, the model achieved highly accurate
predictions and established correlations between ink compo-
sition and performance. These results demonstrate that
combining MD simulations with machine learning provides an
effective strategy for optimizing graphene inks and designing
exible, conductive printed patterns.
9. Comparison of simulation
approaches for graphene

In the previous sections of this article, we reviewed the details of
atomistic simulations of graphene, coarse-grained (CG)
methods, and machine learning (ML) applications, providing
examples from studies on structural, mechanical, and defective
graphene behavior. We also discussed how these approaches
can be used to predict material properties and investigate
interfacial interactions. Table 3 provides a comprehensive
comparison of the main simulation approaches for graphene,
including atomistic simulations, Coarse-Grained (CG) methods,
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 23 (A) Scheme of shooting GO onto mPI; (B) stress of mPI/GO upon hitting; density profiles of mPI/GO system under (C) 1 Å ps−1, (D) 10 Å
ps−1; (E) Ein change of mPI/GO system under different inkjet velocities upon hitting; inset: magnified Ein change from 50 to 200 ps. Adapted from
“Adapted from ref. 209, licensed under CC BY 4.0”.
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and Machine Learning (ML) techniques. The table highlights
the spatial and temporal scales, primary applications,
strengths, and limitations of each method. Atomistic simula-
tions, operating at atomic resolution (Å) and femtosecond
timescales (fs), allow detailed investigation of graphene's
structural, mechanical, electronic, and thermal properties.
These simulations can capture interfacial interactions,
adsorption of molecules, and behaviors of defective graphene,
providing directly interpretable physical quantities. However,
their main limitation lies in high computational cost, restrict-
ing studies to small systems and short simulation durations,
which prevents exploration of large-scale or long-term
phenomena.211
© 2026 The Author(s). Published by the Royal Society of Chemistry
Coarse-Grained approaches reduce atomic detail by
grouping atoms into effective particles, allowing simulations
over larger spatial (nm–mm) and temporal (ms–ms) scales. These
methods efficiently study large-scale dynamics, self-assembly,
realistic mechanical deformation, and uid interactions. They
can include hydrodynamic effects and bridge molecular and
continuum scales. The trade-off is the loss of atomic-level detail
and inability to capture quantum or electronic effects.212

Machine learning techniques leverage atomic or experimental
data to rapidly predict material properties, t potential energy
surfaces, and discover new materials. They are fast, transfer-
able, and enable multi-scale integration, extending predictive
capability beyond traditional simulation datasets. Their
RSC Adv., 2026, 16, 10193–10229 | 10219
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Table 4 Comparison between atomistic simulations, coarse-grained (CG), and machine learning (ML) approaches

Method Scale & resolution Main applications Advantages Limitations

Atomistic Atomic scale (Å, fs) Structural, mechanical,
electronic, and thermal
properties of pristine and
defective graphene;
interfacial interactions; and
adsorption studies

High accuracy, captures
bond formation/breaking,
directly interpretable
physical quantities

Computationally expensive,
limited to small systems and
short timescales

Coarse-grained
(CG)

Mesoscale (nm–mm, ms–ms) Large-scale dynamics of
graphene-based composites,
membranes, and uids; self-
assembly; mechanical
deformation under realistic
conditions

Efficient for large systems,
includes hydrodynamic
effects, bridges molecular
and continuum scales

Lacks atomic detail.
Parameterization can be
system dependent. Not
suitable for quantum or
electronic effects

Machine learning
(ML)

Cross-scale (trained from
atomic or experimental data)

Property prediction,
potential energy surface
tting, materials discovery,
optimization of synthesis
conditions

Very fast once trained,
transferable, enables multi-
scale integration and
prediction beyond
simulation data

Requires large, high-quality
datasets, limited
interpretability, may fail
outside the training domain
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limitations include the need for high-quality training data and
reduced reliability outside the training domain 213.

Table 4 summarizes the major challenges in computational
modeling of graphene and outlines practical strategies to
address them. One of the primary limitations arises from the
restricted scale of atomistic simulations. Although MD offers
atomic-level precision, it is computationally expensive and
limited to small systems. To overcome this, multi-scale
modeling using CG and ML approaches has been proposed,
enabling the efficient exploration of larger and longer systems.
The second challenge involves uncontrolled structural defects,
which are oen introduced during non-ideal graphene
synthesis. This issue can be mitigated by simulating the growth
process in conjunction with ML-assisted optimization, thereby
improving defect prediction and control.

For multi-functional property prediction, bridging the gap
between atomic and macroscopic scales remains a major diffi-
culty. Integrating multi-scale and modular simulation frame-
works (MD–CG–ML) provides a coherent link between structure
and function, enhancing the predictive capability of simula-
tions. While CG simulations enable large-scale studies, they
inherently lose atomic detail. Therefore, hybrid MD–CG
methods are necessary to retain atomic accuracy while
Table 5 Key challenges in computational modeling of graphene and c
simulation methodologies

Challenge Reason

Scale limitation MD is computationally expens
a few thousand atoms

Uncontrolled defects Non-ideal synthesis of graphen
structural defects

Multi-functional property prediction Difficult to bridge atomic and
scales

Loss of atomic detail CG simulations sacrice atom

Limited training domain ML models may fail outside th

10220 | RSC Adv., 2026, 16, 10193–10229
maintaining computational efficiency. Finally, ML models are
oen limited by their training datasets, which can reduce reli-
ability outside the training domain. Expanding high-quality
datasets and coupling ML with physical simulations are
essential for improving robustness and generalization. Overall,
Table 4 highlights that no single simulation technique is
sufficient to capture the full behavior of graphene. Instead, an
intelligent integration of MD, CG, andMLmethods provides the
balance between atomic accuracy, scalability, and predictive
power, a crucial step toward designing next-generation
graphene-based materials (Table 5).214–218

The correlation between the properties and performance of
graphene shown in Fig. 24 is derived from experimental and
computational data reported in previous studies,7,13,181,184,219–224

integrating mechanical,7,219 electrical,181,220 and thermal13,223

characteristics of graphene for various applications. This gure
presents a radar chart that visually and quantitatively illustrates
the relationship between the intrinsic properties of graphene
and its suitability for different applications. The axes of the
chart represent key properties, including fracture strain, frac-
ture strength, Young's modulus, electrical conductivity, and
thermal conductivity. Each colored line corresponds to
a specic application of graphene such as exible electronics,
orresponding strategies proposed to overcome them using different

Proposed solution (and related method)

ive and limited to Employ multi-scale simulations using CG or ML
approaches

e leads to Simulate growth processes combined with ML-
assisted optimization

macroscopic Integrate multi-scale and modular simulation
frameworks (MD–CG–ML)

ic resolution Apply hybrid MD–CG approaches to retain
atomistic accuracy

e training dataset Expand high-quality datasets and couple ML
with physical simulations

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 24 Radar chart showing the suitability of graphene properties for different applications. The axes represent key properties including fracture
strain, fracture strength, Young's modulus, electrical conductivity, and thermal conductivity. Each colored line corresponds to a specific
application flexible electronics, composites/coatings, nano-devices/membranes, and batteries/energy devices and the values (0–1) indicate how
critical each property is for that application. The chart illustrates how graphene's mechanical, electrical, and thermal characteristics collectively
influence its performance across applications and provides a quantitative guide for material design and optimization.
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composites and coatings, nano-devices and membranes, and
batteries or energy storage systems and the values from 0 to 1
indicate the relative importance of each property for that
particular application. A high fracture strain allows graphene to
stretch without breaking, which is essential for exible
electronics.

A high fracture strength enables graphene to withstand large
mechanical loads, improving the durability of composites and
coatings. A higher Young's modulus contributes to stiffness and
mechanical stability, enhancing the structural integrity of
composites and the stability of nano-devices. High electrical
conductivity ensures efficient charge transport, which is vital for
batteries, supercapacitors, and electronic devices, while also
supporting reliable signal transmission in exible electronics.
Similarly, high thermal conductivity allows for effective heat
dissipation, preventing damage in nano-devices, high-power
electronics, and energy systems, and improving thermal
management in advanced composites. Overall, this radar chart
demonstrates how the combination of graphene's mechanical,
electrical, and thermal properties determines its performance
across various applications.
10. Conclusion and outlook

This review highlights the remarkable progress in multiscale
modeling of graphene and its derivatives, encompassing
atomistic molecular dynamics, coarse-grained simulations, and
emerging machine learning approaches. By integrating insights
from mechanical, thermal, and mass transport studies, as well
© 2026 The Author(s). Published by the Royal Society of Chemistry
as defect engineering and chemical functionalization, we have
demonstrated how computational methods bridge atomic-scale
phenomena with device-scale performance. The unique
strength of multiscale frameworks lies in their ability to capture
critical structure–property relationships that guide the rational
design of graphene-based systems for advanced applications in
electronics, energy storage, ltration, and exible devices.
Despite these advances, challenges remain, including the need
for improved force eld accuracy, seamless coupling of models
across scales, and rigorous experimental validation. Machine
learning-driven force elds and AI-accelerated simulations offer
promising solutions to these challenges, enabling rapid and
predictive exploration of vast structural and chemical spaces.
Future research should focus on combining high-throughput
simulations, data-driven design, and experimental feedback
loops to develop scalable, reliable, and application-specic
graphene materials. In essence, multiscale modeling is
evolving from a supporting tool to a predictive engine for
innovation in graphene science, paving the way for next-
generation functional materials and technologies.

Graphene research has followed a remarkable trajectory,
evolving from theoretical predictions in the mid-20th century to
groundbreaking experimental achievements in the early 2000s,
and now entering the era of predictive multiscale modeling.
Molecular simulations have become indispensable tools for
uncovering the structural, mechanical, thermal, and interfacial
behaviors of graphene and its derivatives. Despite signicant
advances, numerous scientic and engineering challenges
remain that limit the full exploitation of this extraordinary
RSC Adv., 2026, 16, 10193–10229 | 10221
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material. Future studies should emphasize the seamless inte-
gration of theory and experiment. Multiscale models must be
closely aligned with experimental observations to enable accu-
rate predictions of both material properties and fabrication
processes. There is a critical need to develop quantitative
frameworks to capture the effects of strain, curvature, and
symmetry breaking on electronic properties, such as band
structure, conductivity, and charge transport, which are
particularly relevant for the design of exible electronics,
sensors, and novel nanoscale devices.

Simulation-guided processing and self-assembly also repre-
sent an emerging frontier. While the mechanics and dispersion
of graphene have been extensively studied, the use of simula-
tions to guide practical processes-such as solvent selection, ink
formulation, ow-induced self-assembly, and large-scale
functionalization-remains underdeveloped. By predicting pro-
cessing–structure–property relationships, future modeling
efforts can accelerate the translation of graphene research from
the laboratory to industrial applications, minimizing trial-and-
error experimentation. Defect engineering offers additional
opportunities. While defects are oen considered detrimental,
their controlled introduction can enhance selective transport,
catalysis, and separation performance. Advanced simulations
should quantify the effects of defect patterns on material
properties across multiple scales, enabling the rational design
of membranes and nanostructures with tunable mechanical
strength, selectivity, and functionality.

The integration of machine learning with multiscale
modeling promises to revolutionize the eld. Hybrid workows
that combine the chemical delity of atomistic simulations with
the scalability of CG and DPD models can accelerate the design
of nanocomposites, inks, and membranes, providing more
accurate predictions of material behavior and process
outcomes. Furthermore, shape-aware coarse-graining, using
ellipsoidal, rod-like, or patchy particles, is necessary to capture
graphene's anisotropic and planar nature more realistically,
improving predictions of directional interactions and self-
assembly behavior. The long-term vision involves creating
a “Graphene Materials Studio”, an integrated digital platform
capable of predicting not only the nal properties of graphene-
based materials but also optimal fabrication protocols, defect
management, and morphological outcomes. Such a platform
would allow researchers and engineers to digitally prototype
materials, bridging the gap between design, synthesis, and
performance, and enabling rapid innovation with minimal trial
and error.

In summary, achieving predictive design and scalable
applications of graphene requires an intelligent combination of
multiscale modeling, machine learning, and the integration of
theory with experiment. By leveraging these strategies, the full
potential of graphene can be unlocked, advancing both funda-
mental understanding and practical deployment of next-
generation materials.
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Two-dimensional

ANN
 Articial neural network

CG
 Coarse-grained

CGCNN
 Crystal graph convolutional neural network

CGMD
 Coarse-grained molecular dynamics

CGNS
 Coarse-grained graphene nanosheet

CNN
 Convolutional neural network

CNT
 Carbon nanotube

COF
 Covalent organic framework

cDPD
 Charged dissipative particle dynamics

CSDS
 Coarse-grained sodium dodecyl sulfate

DFT
 Density functional theory

DPD
 Dissipative particle dynamics

EC
 Ethly cellulose

EDL
 Electrical double layer

EOF
 Electro-osmotic ow

FEM
 Finite element method

FGN
 Functionalized graphene nanosheet

GO
 Graphene oxide

GNN
 Graph neural network

h-BN
 Hexagonal boron nitride

IBI
 Iterative boltzmann inversion

kMC
 Kinetic monte carlo

LIE
 Linear interaction energy

LJ
 Lennard-Jones

LSTM
 Long short-term memory (neural network)

MD
 Molecular dynamics

MDFP
 Molecular dynamics ngerprint

ML
 Machine learning

MLFF
 Machine-learned force eld

MLG
 Multilayer graphene

MLIP
 Machine-learned interatomic potential

MOF
 Metal–organic framework

NEMD
 Non-equilibrium molecular dynamics

NNP
 Neural network potential

NPG
 Nanoporous graphene

PEO
 Polyethylene oxide

PMMA
 Poly(methyl methacrylate)

PNP
 Poisson–Nernst–Planck

PVDF
 Polyvinylidene uoride

PVP
 Polyvinylpyrrolidone

RF
 Random forest

rGO
 Reduced graphene oxide

SAXS
 Small-angle X-ray scattering

SC
 Single-crystalline

SDS
 Sodium dodecyl sulfate

SE(3)
 Special euclidean group (3D transformations)

STW
 Stone–Thrower–Wales

SW
 Stone–Wales

SVM
 Support vector machine
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datasets referenced in the manuscript are derived from previ-
ously published studies, which are cited in full in the Refer-
ences section. No new primary data was created for this work.
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