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Abstract Polymer nanocomposites have been envisioned
as advanced materials for improving the mechanical perfor-
mance of neat polymers used in aerospace, petrochemical,
environment and energy industries. With the filler size
approaching the nanoscale, composite materials tend to
demonstrate remarkable thermomechanical properties, even
with addition of a small amount of fillers. These obser-
vations confront the classical composite theories and are
usually attributed to the high surface-area-to-volume-ratio
of the fillers, which can introduce strong nanoscale interfa-
cial effect and relevant long-range perturbation on polymer
chain dynamics. Despite decades of research aimed at under-
standing interfacial effect and improving themechanical per-
formance of composite materials, it is not currently possible
to accurately predict the mechanical properties of polymer
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nanocomposites directly from their molecular constituents.
To overcome this challenge, different theoretical, experimen-
tal and computational schemes will be used to uncover the
key physical mechanisms at the relevant spatial and tempo-
ral scales for predicting and tuning constitutive behaviors
in silico, thereby establishing a bottom-up virtual design
principle to achieve unprecedented mechanical performance
of nanocomposites. A modular-based multiscale modeling
approach for viscoelasticity of polymer nanocomposites has
been proposed and discussed in this study, including four
modules: (A) neat polymer toolbox; (B) interphase tool-
box; (C) microstructural toolbox and (D) homogenization
toolbox. Integrating these modules together, macroscopic
viscoelasticity of polymer nanocomposites could be directly
predicted from their molecular constituents. This will max-
imize the computational ability to design novel polymer
composites with advanced performance. More importantly,
elucidating the viscoelasticity of polymer nanocomposites
through fundamental studies is a critical step to generate an
integrated computational material engineering principle for
discovering and manufacturing new composites with trans-
formative impact on aerospace, automobile, petrochemical
industries.

Keywords Polymer nanocomposites ·Multiscalemodeling ·
Viscoelasticity · Material design · Finite element analysis ·
Molecular dynamics

1 Introduction and motivation

Polymer nanocomposites (PNCs) have been envisioned as
advanced materials for improving the mechanical perfor-
mance of neat polymers used in aerospace, petrochemical,
environment and energy industries [1]. With the filler size
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approaching the nanoscale, composite materials tend to
demonstrate remarkable thermomechanical properties, even
with addition of a small amount of fillers [2,3]. These obser-
vations confront the classical composite theories and are
usually attributed to the high surface-area-to-volume-ratio of
the fillers, which can introduce strong interfacial effect and
relevant long-range perturbation on polymer chain dynam-
ics [1,4–8]. As such, the Young’s modulus, viscoelasticity,
yield stress, fracture toughness and glass transition tempera-
ture (Tg) of these materials have been dramatically changed.
Despite decades of research aimed at understanding the inter-
facial effect and improving the mechanical performance of
composite materials, it is not currently possible to accu-
rately predict the mechanical behaviors of PNCs directly
from theirmolecular constituents. Therefore, design of PNCs
traditionally relies on the slow and in-efficient ‘Edisonian’
approaches.

Viscoelasticity characterizes the most important mechan-
ical behaviors of PNCs, represented by the storage (elastic)
modulus G ′ and loss (viscous) modulus G ′′. Their ratio
G ′′/G ′, so-called tan(δ), denotes the energy dissipation dur-
ing the deformation process. We have tan(δ) = 0 for a
metallic spring, indicating that it loses very little energy
when it is stretched and let go. However, other materials,
like carbon-black filled rubber, or silica filled rubber, will
have larger value of tan(δ) due to the molecular filler-rubber
interface/interphase motion. In the tire manufacturing and
related industry, tan(δ) is used as the gold standard in design
and evaluation the performance of tire materials [9]. In the
temperature range of 40–80 ◦C, the rolling resistance of tire
correlates directly with tan(δ): the smaller tan(δ), the lower
rolling resistance. A higher tan(δ) at lower temperature will
lead to goodwet grip. It has been recognized that 10% of fuel
used in the average car is taken for overcoming the rolling
resistance of tires. By itself, the automobile rolling resistance
is responsible for the astonishing 4% of worldwide carbon
dioxide emissions from fossil fuels [10]. Thus, it is another
way to improve the fuel economy by lowering the rolling
resistance (or tan(δ)). However, in the tire world, designers
are constrained tradeoffs in which an improvement to rolling
resistance has to sacrifice thewet-road grip and/or tread-wear
of tire.

As shown in Fig. 1a, the value of tan(δ) for rubber com-
pounds has to be enlarged and reduced simultaneously at
high (40–80 ◦C) and low (−40 to 20 ◦C) temperature ranges,
respectively, to reduce the rolling resistance and enhance ice
and wet grips. However, for the typical synthetic rubbers
filled by carbonblacks, experimental results reveal that tan(δ)
value will be enlarged and reduced at high and low tempera-
ture ranges, respectively, by increasing the loading of carbon
blacks (cf. Fig. 1b). Therefore, reducing tan(δ) at 40–80 ◦C,
however, also reduces the tan(δ) at −40 to 20 ◦C. This is
why the wet-grip and rolling resistance of tires are hard to
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Fig. 1 a Design target of tan(δ) in tire industry and b filler loading
effect on tan(δ) in synthetic rubber-carbon black composites observed
in experiments. Note that Tg = −67 ◦C for rubber materials. These
figures are adapted and modified from [9]

pull apart. Thus, the manufactured rubber compound cannot
satisfy the requirements of tire design for targeted perfor-
mance. The Transportation Research Board estimates that
if tire rolling resistance were reduced by 50%, 10 billion
gallons of fuel (7.7% of our total national fuel expendi-
ture) could be saved per year [11]. However, it is currently
unknown whether it is possible to design and manufacture
the polymer compounds meeting the above requirements.
Moreover, the physical mechanisms underpinning the tan(δ)
change induced by the added fillers are still not clear. These
limitations and challenges call for a deeper understanding on
the viscoelastic properties of PNCs and a useful toolbox for
predicting these properties from theirmolecular constituents.

Constitutive modeling on linear elastic behaviors of PNCs
dates back to the advent of micromechanics, initiated by
Einstein’s [12] and Smallwood’s [13] two-phase model. In
this model, the fillers are assumed to be spherical and rigid,
immersed in an elastic polymer matrix, ignoring the aspect
ratio, finite stiffness, and local changes of polymer behav-
iors near the fillers (interphase). Subsequentmicromechanics
theories have been developed through phenomenological or
mean-field theoretical approaches [14–16], by using addi-
tional terms to represent these factors. Based on the finite
Eshelby tensor of representative volume element [17,18], Li
and co-workers have developed micromechanics models to
analyze the interphase effects on effectivematerial properties
of PNCs [19], which are in good agreement with molecular
dynamics simulations. Later on, these theories have been
generalized to linear viscoelasticity by using the Fourier
transform of the constitutive law, and some of them have
explicitly considered the interphase regions inPNCs [20–23].
Besides, based on these micromechanics models, nonlin-
ear, time-dependent constitutivemodels have been developed
for filled elastomers, such as the Bergström-Boyce model
[24–26], for finite deformation regime. These theories are
relatively easy to use and fast to compute, and the suffi-
ciently advanced ones have good descriptive capabilities and
can be calibrated for multiple materials, which makes them
useful for modeling and design of devices and components.

123



Comput Mech

SEM Image of the Polymer 
Nanocomposite

Polymer 
matrix

Silica

interphase

Zoom in Zoom out

(a)

(b)

Fig. 2 a Finite element modeling scheme on viscoelasticity of PNCs.
b Comparison between experimental measurements and simulation
results

However, they account for interphase properties in only an
approximate way. In some models, the filler is assumed to
have no effect on local stress relaxation in the matrix, and
in other cases, the effect is prescribed to match particular
experimental observations through a fitting procedure. The
common shortcoming of all existing methods is that they are
based on top-down experimental data that can only be cor-
related with nanoscale interfacial phenomena in an indirect,
case specific fashion. As such, a predictive modeling capa-
bility that is necessary for computational materials design
remains to be established.

The limitations of these models and the increase in avail-
able computing power have led us to re-examine the reduc-
tionist approach. Motivated by the image-based approach
pioneered by the ONR/DARPA-sponsored Dynamic
3-Dimensional Digital Structures (“D3D”) project [27–29],
one of the most sophisticated methods for modeling PNCs
has been developed by Northwestern University in collabo-
ration with Goodyear Tire and Rubber Company (GT), led
by the corresponding author of this work, Liu, and Brin-
son, Chen, Dikin (among others) [30,31]. First, images of
the composite microstructure obtained using scanning elec-
tron microscopy (SEM) were binarized and converted into
finite element models, and interphase regions were explic-
itly placed around each filler particle or cluster, as shown for
2D in Fig. 2a. Reconstructed images created to reproduce the
observed filler size, shape, and dispersion statistics were also
considered. Afterwards, the 3D representative volume ele-
ment has been reconstructed through the statistical analysis
[32–34], by accurately reflecting themicrostructure informa-
tion revealed through SEM. Next, the constitutive behavior
of the polymer matrix was determined empirically by fitting
a standard phenomenological form (Prony series) to exper-
imental results from dynamic mechanical analysis (DMA)
of unfilled synthetic natural rubber. Finally, the interphase

thickness and deviation from matrix constitutive behavior
were then calibrated to best fit DMA results of the compos-
ite material, as shown in Fig. 2b. The difficulty arises from
the thickness and properties of interphase region, which is
still a debating issue [6,35–40]. Therefore, the mechanical
behaviors of the interphase regime can only be calibrated
from the matrix behavior for fitting the experimental data
of PNCs, with predefined interphase thickness [30,41]. The
result modeling scheme is a powerful methodology with
sophisticated descriptive capabilities for microstructure of
PNCs. However, it still suffers from the lack of predictive
capability, as the interphase properties and thickness are
needed to be calibrated for matching experimental data. Nev-
ertheless, the estimated viscoelastic properties (tan(δ)) of
PNCs are still far away from the experimental results in cer-
tain regime, as shown in Fig. 2b.

Essentially, all the above modeling methods are based on
the micromechanics modeling strategies [30,42–45], which
require the mechanical properties of different phases known
as a prior. Thus, these methods are not particularly suit-
able for the design of PNCs, as the interphase regimes
around the surface of nanoparticles are still not clear [6,46].
There is an urgent need to develop a predictive multi-
scale modeling scheme for PNCs, by overcoming the above
limitations.

To address the above issue and challenge, the goal of our
research here is to create amultiscalemodeling approach that
can provide guidance towards the design of materials, which
necessitates predictive models of the effects of confinement
and the strength of polymer-filler interaction on the resultant
macroscopic behavior of PNCs. Such an effort will create a
new and efficient design paradigm for the advanced PNCs. To
purse this goal, amodular-based approach has been presented
and discussed in this study, including four modules: (A) neat
polymer toolbox; (B) interphase toolbox; (C)microstructural
toolbox and (D) homogenization toolbox. Integrating these
modules together, macroscopic viscoelasticity of polymer
nanocomposites could be directly predicted from their mole-
cular constituents. Through the multiscale modeling method
outlined by this study, we anticipate that the design process
for PNCs will be dramatically accelerated. The flexibility
of the method allows for rapid computational prototyping
and predicting the performance of PNCs in silico, provid-
ing new physical insights into the interplay between the
molecular scale nanoparticle-polymer chain interaction and
macroscopic behaviors of PNCs. Moreover, predicting the
mechanical properties of PNCs a priori is the Holy Grail
of material science and engineering, which is also the goal
of the Grand Challenge posted by Materials Genome Initia-
tive [47]. The modular-based multiscale modeling method
could be used to obtain new paradigms for guiding exper-
imental design of novel PNCs with large and small tan(δ)
values at low and high temperatures, respectively, satisfying
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the requirements of tire materials (cf. Fig. 1a) and reducing
the daily energy cost of the automobiles.

This work is organized as follow. Section 2 provides an
integrated multiscale modeling scheme for understanding
mechanical behaviors of PNCs. Such a multiscale model-
ing toolbox is based on multiple modules, which enables
the flexibility of the proposed scheme. Section 3 presents a
design toolbox for the viscoelasticity of neat polymer. The
interphase toolbox in Sect. 4 demonstrate an efficient way
to understand the chain dynamics in vicinity of nanoparti-
cles and predict interphase properties. The microstructure
information about the PNCs is given in Sect. 5. Section 6
demonstrates a self-consistent clustering analysis to homog-
enize the effective mechanical properties of PNCs. The
perspective about design of multifunctional PNCs through
multiscale modeling is discussed in Sect. 7.

2 A predictive integrated multiscale modeling
scheme

A predictive integrated multiscale modeling scheme for
mechanical properties of PNCs is depicted in Fig. 3, which
is based on four modules:

– Module A: neat polymer toolbox. In this module, a
coarse-grained molecular model, derived from system-
atic coarse-graining method from all-atomic simulations
[48–50], has been developed. Such a model enables us to
directly probe the dynamics and entanglement network
of high entangled chains in molecular scale. All these
observations provide the key information about the poly-

Fig. 3 An integratedmultiscalemodeling scheme tomodel and predict
themechanical behavior of PNCsby consideringmaterial properties and
structural information at various length scales. The scheme consists of
four modules/toolboxes: the neat polymer toolbox, the interphase tool-
box, the microstructure toolbox and the PNC homogenization toolbox

mer dynamics and physics, which are the materials law
parameters in physics-based constitutive model for finite
viscoelasticity of polymers [49,51]. Therefore, paramet-
ric materials design concepts can be easily gleaned from
the model. This toolbox provides the material proper-
ties of polymer matrix for direct numerical simulations
(DNS) on PNCs.

– Module B: interphase toolbox. In this module, large scale
molecular simulations have been performed to under-
stand the chain dynamics in vicinity of nanoparticles
[4–6], corroborated by corresponding experimental stud-
ies [52,53]. The interphase thickness and its properties
will be revealed, contributing important properties in
DNS modeling on PNCs.

– Module C: microstructure toolbox. The microstructure
information, including dispersion of nanoparticles, their
cluster size and arrangement in the space, is recon-
structed through the image-based modeling scheme.
The 3D representative volume element has been recon-
structed through the statistical analysis [32–34], by accu-
rately reflecting the microstructure information revealed
through SEM. This toolbox yields structure information
for PNCs in DNS modeling.

– Module D: PNC homogenization toolbox. According
to above mechanical properties of polymer matrix and
interphase, equipped with structural information, the
effective mechanical properties of PNCs can be homoge-
nized through self-consistent clustering analysis [43,54].
Therefore, the homogenized constitutive laws for PNCs
could be obtained, for predicting the stress–strain curves
of PNCs, their viscoelasticity and many others.

Integrating above four modules together, a multiscale mod-
eling scheme has been constructed to predict the mechanical
behaviors of PNCs, by linking their various length scales. The
details about these modules will be discussed and explained
in the following sections. Such a modular-based system-
atic approach also enables the flexibility of the proposed
approach.

3 Module A: neat polymer toolbox

3.1 Mechanical behaviors of polymer matrix

The prediction of mechanical behaviors of polymeric mate-
rials has been an active research area for decades. There
have been numerous experimental studies addressing dif-
ferent aspects of the response of elastomers. Experimental
evidences have accumulated that polymeric materials exhibit
strong rate effects when subjected to dynamic loadings
[55], showing a viscoelastic mechanical behavior. It is also
well known that the stress in a polymeric specimen relaxes
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Fig. 4 a Microscopic structure of an elastomer can be decomposed
into a cross-linked polymer network with free chains. The hyperelastic
stress σ E and viscous stress σ V are due to the nonlinear deformation
of the cross-linked network and diffusion of free chains, respectively.
Therefore, the mechanical response of the elastomer can be given as
σ = σ E + σ V . b Uniaxial loading and unloading behaviors of un-
vulcanized NR at room temperature. c Uniaxial loading and unloading
behaviors of peroxide vulcanized NR at room temperature

towards an equilibrium state after being subjected to a fixed
applied strain [56], which indicates the existence of a hyper-
elastic strain energy function for very low loading rates.
Successful applications of polymeric materials in industry
require precise prediction of the complicated mechanical
behavior of polymers and thus necessitate the development
of accurate constitutive equations.

Themacroscopicmechanical response of elastomers orig-
inates from their microscopic molecular structure: long
randomly oriented polymer chains are joined together via
cross-linkers, forming a cross-linkedpolymeric network; free
chains are randomly distributed within the cross-linked net-
work, as illustrated in Fig. 4a. Upon loading/unloading, the
cross-linked polymeric network is stretched and the free
chains diffuse within the network. The cross-linked poly-
meric network acts as the backbone and is usually capable of
recovering its original shapes after unloading, which results
in a nonlinear hyperelastic mechanical response. In contrast,
reptation of free chains within the cross-linked network is
irreversible and causes energy dissipation (i.e. the mechani-
cal response exhibits hysteresis upon cyclic loading), leading
to a viscous mechanical behavior. Therefore, to develop
a constitutive law that accurately describes the mechani-
cal response of elastomers, their stress response needs to
be decomposed into two parts [49,51,57]: a hyperelastic
part and a viscous part. Physically, the hyperelastic part is
attributed to the nonlinear deformation of the cross-linked
polymer network, while the viscous part originates from the
diffusion of the free chains.

3.1.1 Hyperelasticity of polymers

The nonlinear elasticity of a cross-linked polymeric net-
work is typically characterized by a hyperelastic constitutive
model, which is governed by a strain energy density func-
tion W . Depending on the approach followed by the authors
to develop the strain energy function W , the hyperelastic
models can be classified into phenomenological and physics-
based models. The phenomenological models are mainly
obtained from invariant-based continuum mechanics treat-
ment of W and can be used to fit experimentally observed
mechanical behaviors. The strain energy density W must
depend on stretch via one or more of the three invariants
of the Cauchy-Green deformation tensor. Model parame-
ters in phenomenological models usually carry no explicit
physical meaning and can only be calibrated by fitting exper-
imental data. Physics-based models are derived based on
polymer physics and statistical mechanics which begins by
assuming a structure of randomly-oriented long molecular
chains. The strain energy density function W for physics-
based models depends on the microscopic structure of the
polymeric network, in which model parameters are related
to the underlying polymer physics/chemistry/dynamics and
can be calibrated by using information of the microscopic
structure of elastomers. Along this line, the most widely
used phenomenological models include but are not limited
to the Mooney Model [58], the Mooney-Rivlin Model [59],
the Ogden Model [60], the Yeoh Model [61] and the Gent
Model [62]. An excellent review of the detailedmathematical
formulation of aforementioned phenomenological hypere-
lastic models is given by Marckmann and Verron [63]. For
the physics-basedmodels, there are the Neo-HookeanModel
[64], the 3-Chain Model [65], the Arruda-Boyce (8-Chain)
model [66], the slip-linkmodel [67], the extended tubemodel
[68], the non-affine micro-sphere model [69], and the non-
affine networkmodel [70]. Details about these physics-based
models have been summarized and compared by Davidson
and Goulbourne [70]. The Neo-HookeanModel, the 3-Chain
Model and the Arruda-Boyce Model are widely deployed to
characterize the hyperelastic response of elastomers because
of the compact mathematical form. However, these models
cannot capture the stress softening behavior observed in elas-
tomers with low cross-linking density since they ignore the
effect of polymer entanglements [70]. The extended tube
model and the non-affine microsphere model can capture
the stress softening but contains some parameters without
clear physical connections or hard to be calculated [70]. Slip-
link model and the non-affine network model can capture the
stress softening and all their material parameters are con-
nected to molecular quantities. It is worth noting that the
non-affine network model is mathematically compact com-
pared to the slip-link model, which facilitates its application
in capturing stress-stretch response of elastomers [51].
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3.1.2 Viscoelasticity of polymers

Besides efforts on developing constitutive models to address
the equilibrium response (i.e. hyperelasticity) of elastomers,
there also exists many models that attempt to address the
observed rate dependence. To investigate the finite-strain
viscoelastic properties of unfilled or filled elastomers, phe-
nomenological viscoelastic constitutive models have been
developed bySimo [71],Govindjee andSimo [72], Lion [73],
Lubliner [74], Keck and Miehe [75] based on stress/strain
variables. These phenomenological constitutive models are
mainly used to fit existing experiment data sincemicroscopic
details about the underlying physics are not considered in
the formulation of the constitutive models. Moreover, most
of these reported models only capture a subset of the exper-
imentally observed phenomena. In an attempt to overcome
the disadvantage of the phenomenological models, Le Tal-
lec et al. [76], Govindjee and Reese [77], Bergström and
Boyce [78], Miehe and Göktepe [79] have developed their
constitutive models for finite-strain viscoelasticity based on
the tube model developed by Doi and Edwards [80]. How-
ever, these models still have several internal variables or
model parameterswithout any physical significance, and thus
have to be classified as micromechanism-inspired phenom-
enological models. In the information age, computationally
understanding or designing materials, as suggested by mate-
rials genome initiative (MGI) [47], requires the development
of fully physics-based constitutive models with all model
parameters related to the molecular physical structure. The
aforementioned viscoelastic constitutive models apparently
do not meet this requirement.

3.2 Physics-based constitutive modeling on polymer
viscoelasticity

Polymeric materials are characterized by a disparate range of
spatial and temporal scales. For instance, the typical covalent
bond vibrations are on the length scale of Å and time scale of
sub-picoseconds. The typical size of amonomer is a nanome-
terwith relevant dynamics in tens of picoseconds. The overall
size of a single polymer chain is represented by its radius of
gyration, usually between 10 and 100nm. Depending on its
surrounding environments, the relaxation of the single chain
lasts about 10–100ns, but often longer. Beyond a critical
concentration, different polymer chains are coiled together
with mutual uncrossability. A typical polymeric network has
a size of about 1–100nm, with a relaxation time on the order
of microseconds to milliseconds. Composed of these coils
and networks, the bulk polymeric materials are on the length
sale ofmillimeters to centimeters. The relaxation and agingof
thesematerials occur in the range of seconds, hours, days and
even years. These multiple, disparate spatio-temporal scales
and their interdependence among each other in terms of sys-

tem behavior (i.e., bulk behavior depends on the behavior of
individual polymer chains, and so forth) make it necessary
to adopt a multiscale modeling technique that can correctly
characterize the hierarchy of scales [49,50], if wewish to link
molecular constituentswithmacroscopic viscoelastic proper-
ties for polymeric materials. To this end, different simulation
techniques have to be used to understand these relevant phys-
ical mechanisms in the corresponding temporal and spatial
scales. More importantly, a bottom-up approach should be
created to systematically link these different scales together
for establishing a truly multiscale modeling method for pre-
dicting the viscoelasticity of polymers.

Recently, Li and Tang [49,51] have developed a physics-
based constitutive model by combining the non-affine net-
work model [70] for hyperelasticity and a modified tube
model for viscosity. All the parameters in this constitu-
tive model carry physical significance and the model is
able to capture the mechanical response of a wide range of
elastomers reasonably well. Specifically, in the constitutive
model, the stress response is decomposed into two parts:

σ = σ E + σ V (1)

where σ E denotes the stress stems from hyperelasticity and
σ V the stress due to viscosity. The non-affine network model
yields that σ E equals to

σ E = 1

J

3∑

k=1

λk
∂

∂λk

[
1

6
Gc I1 − Gcλ

2
max ln

(
3λ2max − I1

)

+Ge

3∑

j=1

(
λ j + 1

λ j

)⎤

⎦ vk⊗vk (2)

where λk(k = 1, 2, 3) is the kth principal stretch, J is the
Jacobian of deformation gradient tensor F , I1 is the first
invariant of Cauchy-Green deformation tensor and vk is the
kth eigenvector of Cauchy-Green deformation tensor. There
are three materials parameters related to the hyperelastic
stress and they all carry significant physical meanings: λmax

is the maximum extensibility of chains for the hyperelas-
tic part; Gc is the cross-linking modulus of the cross-linked
network; and Ge is the entanglement modulus of the cross-
linked network. All these parameters can be directly related
to the microstructure of cross-linked network [51], which are
signatures of polymer chemistry and physics.

As we discussed before, the viscous stress originates
from the diffusive behavior of free chains within the elas-
tomer. According to the tube concept pioneered by Doi and
Edwards [80], the lateral movement of the free chains is con-
strained within a tube-like region due to the entanglements
with its neighboring chains. As a result, the chains can only
move along the central line of the tube by Brownian motion.
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The central line is the so-called ‘primitive chain’, defined as
the shortest path connecting two ends of the polymer chain
upon respecting uncrossability of surrounding chains. Under
macroscopic loading, both the cross-linked network and free
chains deform accordingly. The primitive chain deforms
accordingly: the contour length of the primitive chain and the
unit vector at an infinitesimal segment of the primitive chain
are denoted by L pp0 and ν0 respectively in the reference con-
figuration; in the current configuration, the primitive chain
deforms with contour length and the unit vector denoted as
L pp and ν. The mathematical formulation of σ V is based on
the configuration of the primitive chain, which is given as

σ V = 3kBT nv

nvb2
〈L pp〉2

∞∑

p=1,3,5...
∫ t

0

8

π2τd

[
− ∂

∂x
Eα,1(−xα)

]

x=p2(t−t ′)/τd
Λ(t, t ′)dt ′

(3)

where kb is the Boltzmann constant, T is the temper-
ature. Moreover, 〈L pp〉 is the expectation of primitive
chain length in the current configuration and 〈L pp〉 =
〈L pp0〉
4π

∫
s2 ‖F · ν0‖d2ν0, where

∫
s2 ∗dν0 represents an inte-

gration over all possible orientation of ν0 (i.e. over a unit
sphere). Eα,1 = ∑∞

k=0 x
k/(αk)! is the Mittag-Leffler func-

tion. Λ(t, t ′) is
∫
s2 ν ⊗ νd2ν

∫
s2

1
4π δ(ν − F(t,t ′)·ν0‖F(t,t ′)·ν0‖ )d2ν0 −

1
3 I . Here δ(x) is the Dirac delta function and I is the identity
tensor. The viscous stress σ V exhibits 6 material parameters:
the number of free chains per unit volume: the polymeriza-
tion degree of free chains nv , the Kuhn length for the free
chains b, the fractional order parameter for the relaxation of
free chainsα and the disentanglement time for the free chains
τd , with explicit physical meanings.

In contrast tomost existing finite-strain viscoelasticmodel
for elastomers, all of the 9 material parameters in this
constitutive model carry physical significance and thus
each parameter can be directly obtained through molecular
dynamics simulations or measured by experiments [49–51].
This enables a bottom-up approach to predict and design
the macroscopic mechanical behavior of an elastomer from
its molecular structure, enabling a multiscale simulation
methodology to investigate the viscoelasticmaterial behavior
of elastomers [49]. The applicability of this model to pre-
dict the finite-strain viscoelastic mechanical behavior of real
elastomers are demonstrated in Fig. 4b, c for un-vulcanized
polymer and vulcanized polymer, respectively. Comparison
between modeling results and experimental measurements
indicates that the constitutive model can reasonably repro-
duce the experimentally observed stress-strain behaviors
of vulcanized and un-vulcanized natural rubbers [49,51].
Moreover, the storage and loss moduli, viscosity, and relax-

ation modulus for polyisoprene and polyethylene can also
be directly predicted by this constitutive model, with corre-
sponding material law parameters determined through large
scale molecular simulations [49].

To this end, because of its merits such as physics-based
nature and accuracy in capturing finite-strain viscoelas-
tic behavior, the newly developed finite-strain viscoelastic
model together with the material parameters calibrated from
molecular dynamics simulations can be used to model the
mechanical behavior of polymer matrix in PNCs.

4 Module B: interphase toolbox

4.1 Interphase behaviors in PNCs

In PNCs, regions with altered mechanical properties are
broadly called the interphase, and the proximity of polymer
chains to solid interfaces, and thus the possibility of their
interaction (either through physical or chemical interaction),
is termed confinement. The key challenge in predicting the
performance of a PNC is to quantify the spatially varying
changes in interphase constitutive behavior resulting from
polymer confinement and controlled by polymer-filler inter-
action, as a function of filler volume fraction and distribution
morphology. Key insight into interphase formation and con-
finement effects in PNCs has come from studies on polymer
thin films supported on solid substrates [81–85]. In these thin
films, both the free surface at the top surface of the film and
the solid supporting layer cause extremely complex changes
in the behavior of the polymer.

The range and magnitude of these effects have been
singled out recently by systematically varying the bound-
ary conditions (free standing film, supported thin film,
and polymer layer confined between two surfaces) and
surface/polymer chemistry. Most importantly, the Schadler
group [86,87], as well as the Torkelson group [82,88], have
shown a quantitative equivalence between PNCs and poly-
mer thin films with regards to glass-transition temperature
(Tg) via the calculation of an equivalent metric of confine-
ment within the nanocomposite from the distribution of filler
surface-to-surface distances. Glass transition is a phenom-
enon inextricably linked to the constitutive (stress–strain)
behavior of polymers. A non-crystallizing polymer exhibits
rubbery behavior above Tg , while it behaves like a glass
below Tg , with the difference between these states character-
ized by the dynamics and magnitude of stress relaxation. By
measuring the glass transition temperature (Tg), it has been
shown that the thickness of interphase in a polystyrene film
is around several tens of nanometers [81]. Therefore, as the
size of the fillers approaches nanoscale, the overall properties
of the PNCs will depend a lot on the interphase behav-
iors. This finding is important because it allows for direct
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prediction of the of the nanocomposite directly from thin
film measurements and microstructural statistics, leveraging
current capabilities in accurate computational/experimental
characterization of film properties. However, it is currently
unknown whether the thin-film analogy can be extended
into the constitutive behavior of PNCs, most importantly the
stress relaxation behavior of the polymer matrix that governs
viscoelastic behavior.

Except the Tg measurements, Cheng et al. measured the
mechanical properties of confined polymer films adjacent to
a plane substrate through atomic force microscopy (AFM)-
based indentation [83]. Two sets of polymer/substrate sys-
tems are investigated in their work: Poly(methyl methacry-
late) (PMMA) on slica and alumina plates. For both systems,
gradients ofmechanical properties are observed in interphase
regions away from the substrates. Characterized by the mod-
ulus, the thickness of the interphase region is around 100nm,
and the maximum modulus is on the material interphaes
with about 50% increase from bulk PMMA’s modulus. An
improved understanding of interface and interphase effects
in PNCs and polymer thin films, combined with mechanistic
approaches to linking polymer chemistry and confinement
to relaxation metrics will pave the way for rational materials
design using predictive simulations.

4.2 Molecular modeling on interphase behavior

It is well-known that the viscoelasticity of polymers origins
from the chain dynamics [80,89–91]. For short, oligomer
chains, their dynamics is governed by the monomeric fric-
tion, which can be described by the classical Rouse model
[89]. However, when the polymerization degree N of the
chain has been increased beyond the entanglement length
Ne, the dynamics of chains will be hindered due to the
chain connectivity and uncrossability. These topological con-
straints are termed as entanglements. These entanglements
are commonly assumed to effectively restrict the lateral
motionof individual chains into a tube-like regime, pioneered
by de Gennes [90] and Doi-Edwards [80]. The so-called
tube model has been developed to understand and predict
the viscoelasticity of polymers, which has been considered
to be the most successful theory in polymer physics in the
last three decades. In the tube model, the chain moves in a
one-dimensional diffusive behavior, due to the lateral con-
finement introduced by the entanglements. Thus, the chain
can only move back and forth, or reptate, along the cen-
tral axial of the tube, which is defined as the primitive
path (PP). The chain can be considered to be fully relaxed
when it escapes the original tube and forms another new
one with neighboring chains. The critical time for the chain
completely leaves its original tube is defined as the disentan-
glement time, τd . When the nanoparticles are added into the
polymer network, additional constraints are introduced on

the polymer chain dynamics. Consequently, the underlying
entanglement network and chain relaxation can be dramati-
cally changed by these nanoparticles, firstly observed by the
authors’ large scalemolecular simulations [4]. Subsequently,
both molecular simulations done by Grest and co-workers
[92,93], and theoretical studies done by Schweizer and co-
workers [94,95] have confirmed these observations. Thus,
the changes of viscoelasticity of PNCs, comparing with the
neat polymers, are induced by the changes of chain dynam-
ics in PNCs [5,96]. It has been reached agreement that the
polymer chain entanglements will be reduced upon adding
nanoparticles [4,92,93]. However, it is still not clear how the
reptation behavior of polymer chains will be affected by the
added fillers. Here we hypothesize that the viscoelasticity of
PNCs can be accurately understood by fully elucidating the
polymer chain dynamics in PNCs.

To further understand the interphase behavior in PNCs,
we have carried out large scale molecular dynamics (MD)
simulations [6]. Due to the limitation of approachable time
scale inMDsimulations, only short and unentangled polymer
chains are considered. Then, spherical nanoparticles with
different volume fractions φ are infused into the polymer
matrix. The dynamics of polymer matrix has been charac-
terized by the coherent scattering function S(q, t), which
is defined as S(q, t) = 1/N

∑
i, j

〈
exp

{
iq[ri (t) − r j (0)]

}〉
.

Here ri (t) and r j (t) represent the positions of monomer i
and j at the time t , respectively. The average 〈∗〉 indicates
an average over many starting states (t = 0) as well as ori-
entations of the scattering vector q. The scattering function
S(q, t) cannot only be quantified through the MD simula-
tions [4,6], but also measured through neutron spin echo
experiments [52,53]. Thus, S(q, t) can be used to directly
characterize the dynamics of chains in PNCs for interpreting
their viscoelastic properties.

For neat polymers, S(q, t) of short, unentangled chains
can be theoretically predicted through the classical Rouse
model [89], according to the monomer friction coefficient
ζ . Thus, the value of ζ for neat polymer chains can be cali-
brated through the MD simulation results on S(q, t). When
the nanoparticles are added into the polymer matrix, they
dynamics will be altered due to the geometric constraints
applied. To understand the dynamics of chains in PNCs, we
hypothesize that the S(q, t) can be decomposed into two
parts: one is the bulk state and the other is the interphase state,
as illustrated in Fig. 5a. Then, the S(q, t) can be written as
S(q, t) = AbulkSbulk(q, t) + Aconf Sconf(q, t), where Abulk

and Aconf denote the fraction of bulk and interphase states,
respectively. Thus, Aconf = 1 − Abulk. Here we assume
that a fraction of Abulk is far away from the nanoparticle
surface and its dynamics is unaffected by the nanoparticle
(cf. Fig. 5a). While the fraction Aconf is located between the
bulk phase and nanoparticle with a different relaxation rate
or friction coefficient ζconf , as given in Fig. 5a. By knowing
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Nanoparticle
Interphase polymer

Bulk polymer

(b)(a)
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Fig. 5 Molecular simulation on interphase behavior of PNCs. a Pro-
posed two layer model for interphase zone in PNC. b and c represent
the dynamic structure factor results for PNCs with nanoparticle volume
fractions φ = 0 and 36.2%, respectively. d denotes the relationship
between the bulk phase Abulk and nanoparticle volume fraction φ in
PNCs. The solid lines in b and c are fitted by the classical Rouse model
and proposed two layer model in a, respectively

the monomer friction coefficient ζ from neat polymer, there
are only two unknown parameters Aconf and ζconf , which
can be fitted through the S(q, t) from MD simulations. As
shown in Fig. 5b, c, the S(q, t) for neat polymers and PNCs
with φ = 36.2% can be well described by the Rouse model
and our proposed two layer model, respectively. Moreover,
by varying the volume fraction φ of nanoparticle, the bulk
phase fraction Abulk has been found to be related to φ as
Abulk = exp(−3.07φ), shown in Fig. 5d. At the same time,
themonomer friction coefficient ζconf in the interphase region
is obtained, which can be related to the viscoelastic proper-
ties of interphase through the Rouse model [97]. Therefore,
both the volume fraction (thickness) and mechanical proper-
ties of interphase region can be directly probed through these
MD simulations.

However, the above study is limited to the short and unen-
tangled polymer matrix. When the high entangled chains
are confined by nanoparticles, their topological and dynamic
properties can be dramatically altered, evidenced by the large
scale molecular simulations [4,5] and experimental observa-
tions [52,53]. However, it still not clear how the reptation of
chains will be affected. The viscoelasticity of neat polymers
(G ′ and G ′′) scales with the loading frequency, following
the combine tube relaxation, contour length fluctuation and
constraint release effects [91]. These scaling behaviors have
been substantially changed due to the added nanoparticles. A
rigorous link between the polymer chain dynamics in PNCs
and their viscoelastic behaviors will provide detailed expla-
nations on these scaling laws.

5 Module C: microstructure toolbox

5.1 Microstructural information of PNCs

Microstructural information plays an essential role in assess-
ing the effective properties of PNCs [7,8]. In order to
capture the homogenized behaviors of a real material, a 3-
dimensional structure needs to be prepared for computational
multiscale modeling (e.g. FEM). The start point is always
microstructure characterization through experiments; how-
ever, obtaining 3Dmicrostructural information directly from
experiments is still burdensome evenwith the state-of-the-art
imaging techniques, especially for soft materials like PNCs
[33,98]. Thus, a myriad of reconstruction techniques which
computationally generate 3D microstructures based on 2D
images [33,99–102] are developed to reduce the complexity
and cost in the experimental stage.

Various imaging techniques can be utilized for the
microstructure characterization of PNCs. The most com-
mon ones are known as SEM and transmission electron
microscopy (TEM) [103], both of which are belong to 2D
imaging techniques and can only observe the surface or the
projection of a thin layer of a material sample. Direct 3D
imaging techniques such as X-ray scattering and transmis-
sion electron microscopy tomography (TEMT) [104] are not
sensitive to the microstructural conformation in the scan-
ning direction, so that they are not capable of providing a
3D image at the RVE scale for PNCs where complex filler
network are present. According to the authors’ knowledge,
the state-of-the-art 3D imaging technique at the RVE scale
for PNCs is to serial section the 3D material and image each
cross-section/layer using standard SEM or TEM. However,
besides specific difficulties in serial sectioning soft materi-
als [105], measuring in such a layer-by-layer manner is also
extremely time-consuming and expensive since a high spa-
tial resolution in the thickness direction is usually required
for characterizing PNCs.

Other than characterizations purely based on experiments,
a more efficient way is to computationally reconstruct 3D
microstructure based on 2D images from SEM or TEM
as shown in Fig. 6. By assuming the isotropicity of the
3D microstructure, a 2D image at the RVE scale would
contain all the geometrical features in 3D, and theoreti-
cally no microstructural information is missing in the 2D
image. In the last two decades, there has been a spectrum
of reconstruction approaches, which mainly fall into three
basic categories. The first category is based on N -point cor-
relation functions, which mathematically can characterize
arbitrary microstructure [99]. Various strategies are utilized
to match the correlation functions of the real material sam-
ple and reconstructed ones, such as pixel/voxelmoving [106],
Gaussian random field-based approach [107], support vector
machines [100] and generic algorithm [108]. Since correla-
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Experiments: SEM or TEM

3D serial 
sectioning

Characterization

Binarization

(a) Correlation functions

(b) Physical descriptors

(c) Machine learning (classification tree) 

Optimization

Reconstruction

2D & 3D meshes

Fig. 6 Characterization and computational reconstruction of PNCs. a
Various correlation functions are utilized to characterize themicrostruc-
ture, such as two-point correlation function S2 and two-point cluster
correlation function C2. b Physical descriptors are utilized to describe
the microstructure. In [33], physical descriptors are classified into three
categories (composition, dispersion and geometry). cMachine-learning
methods are used to fit a model to microstructural data

tion functions do not have clear physical meanings, a 2-point
correlation function is usually not enough to capture complex
microstructures and increasing the dimension of the corre-
lation function becomes a necessary. However, evaluating
and integrating higher-dimensional correlation functions are
very time-consuming, making it inconvenient to use correla-
tion functions as the design variables. The second category of
reconstruction approaches is based on physical descriptors,
such as filler volume fraction, the aspect ratio of fillers and
nearest neighbor distance [33,101,102]. There are mainly
two challenges for descriptor-based approaches: (1) finding
themost important descriptors to keep the lowdimensionality
of microstructural characteristics; (2) predicting 3D descrip-
tors from 2D descriptors. The last category of approaches
utilizes supervised learning models and does not need prede-
fined characteristics (e.g. correlation functions and physical
descriptors). Bostanabad et al. fit a classification tree to the
digitized microstructure image and efficiently reconstruct
any number of statistically equivalent samples with the same
learning model [109]. Although the current work based on
supervised learning models is still restricted to 2D recon-
struction due to a lack of good2D-to-3Dmapping algorithms,
themethodology is general and shows great potential ofmak-
ing the reconstruction much more computationally efficient.

6 Module D: PNC homogenization toolbox

6.1 Homogenization of PNCs

Considerable effort has been put into the multiscale model-
ing of PNCs. Generally, the inputs of thesemultiscalemodels
are (1) microstructures obtained from imaging techniques or

Step 1: Imaging Step 2: Binarization Step 3: Characterization

Approach 1: Reconstruction and DNS Approach 2: Micromechanics-based 
methods (no explicit microstructures).

r

Finite element method
& FFT-based method

a) Inclusion shapes
b) Volume fractions
c) N-point correlation

functions

Model Inputs:

Fig. 7 Basic framework of material characterization and related
homogenization of PNCs. (r : distance between a pair of points in the
material; S2 : two-point correlation; C2 : two-point cluster correlation.
‘target’ refers to the desired correlation function while ‘actual’ refers
to the one of a reconstructed RVE.) Approach 1 includes DNS meth-
ods, such as FEM and FFT-based method. Approach 2 includes various
micromechanics-based methods, where the inputs are microstructural
descriptors as listed

computational reconstructions and (2) material properties of
each individual constituents in the PNC. On the other hand,
outputs of the models are the macroscopic material proper-
ties, such as effective storage and loss moduli. In amultiscale
perspective, the developedmodel linksmicroscopic informa-
tion to macroscopic material behaviors, which can be further
served as a homogenized constitutive relation for macro-
scopic simulations. Accuracy and efficiency are two critical
aspects for such models; however, it is still challenging for
current methods to achieve both aspects at the same time.

Direct Numerical Simulation (DNS) is the most accu-
rate and flexible homogenizationmethod, e.g. Finite Element
Method (FEM) [110,111] and Fast Fourier Transformation
(FFT)-based method [112]. For both FEM and FFT-based
method, a mesh of the microstructure is needed to start the
calculation as shown in Fig. 7. FFT-based methods usually
require less computational resources than FEM due to its
iterative manner and the high efficiency of existing FFT
algorithms; However, the mesh in FFT-based method must
be uniform and its convergence will be deteriorated if one
material phase becomes much stiffer than the other ones.
Qiao et al. [113] developed a finite element (FE) model to
study the influence of the interphase percolation (overlap-
ping) and gradients on the viscoelastic response of polymer
composites. Peng et al. [114] used a FE model to analyze the
effects of particle clustering and geometries of nanoparticles
on the effective elastic properties of nanocomposite. Their
simulations are performed at the scale of a representative-
volume-element (RVE), so that the FE models are large
enough to statistically represent the heterogeneous compos-
ite material. However, simulations at the RVE scale can be
computationally expensive especially when the resolution of
the FE mesh is high. In order to reduce the cost of each
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individual simulations, Yin et al. [115] introduced a concept
of statistical-volume-element (SVE), wherein the effective
responses are obtained by averaging the results of several
small SVEs. However, since the SVE scale is below the RVE
scale, properties of realizations on the SVE scale depend on
the boundary conditions and are prone to oscillation with
respect to different microstructures. As a result, a large num-
ber of SVEs are usually required to narrow the variance.
Such high computational cost makes DNS prohibitive for
real-world multiscale engineering problems. Therefore, sev-
eral approaches have been proposed to improve the efficiency
of the prediction without losing substantial accuracy.

For linear viscoelastic properties of PNCs with perfectly
bonded interface, the analysis in the frequency domain
becomes equivalent to a linear elastic one [116], so that var-
ious micromechanics methods can be applied. As shown in
Fig. 7, micromechanics methods don’t need an explicit mesh
of the microstructure which is a must for aforementioned
DNS methods, so that burdens from computational recon-
structions can be overcome. The microstructure is usually
characterized by several microstructural descriptors which
will be further incorporated into micromechanics models.
On the other hand, since micromechanics methods usually
have analytical or semi-analytical solutions based on certain
assumptions in the homogenization, they are usually much
more efficient than DNS methods. As the first category of
micromechanics methods, Hashin and Shrikman gave the
upper and lower bounds for the effective properties based on
variational principles [117,118], which only depends on the
volume fraction of the inclusion but ignores other key factors,
such as inclusion shapes and distributions. Torquato further
narrow the bounds by considering higher-order correlation
functions of the microstructure [119]. The second category
of the micromechanics methods methods starts with the pio-
neering work of Eshelby [120], which shows that the stress
field is constant within an ellipsoidal inclusion embedded in
an infinite matrix. Several mean-field approaches were pro-
posed based on Eshelby’s solution, such as the Mori-Tanaka
method [121] and the self-consistent methods [122]. To con-
sider arbitrary inclusion shape and strain distribution in the
inclusion, Liu et al. [43] developed a self-consistent micro-
mechanics method based on a volume integral method. As
mentioned before, these theories can be generalized for use
with linear viscoelasticity of polymer composite by perform-
ing the Fourier transformation of the constitutive law. Liu
et al. [123] used the Mori-Tanaka method to evaluate the
reinforcing efficiency of inclusions on the storage and loss
moduli in polymer nanocomposite. Diani et al. [124] used
the 3-phase and 4-phase self-consistent methods to investi-
gate the role of interphase in the carbon-black filled styrene
butadiene rubbers.

Recently, Liu et al. proposed a mechanistic and data-
driven approach called “self-consistent clustering analysis”

Number of clusters: 16Number of clusters: 1 Number of clusters: 128

Fig. 8 Clustering results in the matrix of a 2D composite with 1, 16
and 128 clusters. The mesh size of the original DNS is 600 × 600,
and a set of DNS under 3 orthogonal loading conditions (or 6 in 3D) is
needed for constructing the database in the offline stage [54]

(SCA) for homogenizing elastic, viscoelastic and plastic het-
erogeneous materials [54,125]. By incorporating data com-
pression algorithms (e.g. k-means clustering) in the offline
(or training) stage, material points with similar mechani-
cal behaviors are grouped into clusters, so that the number
of degree-of-freedoms (DOF) in the online (or predicting)
stage can be greatly reduced. Clustering results based upon
the elastic strain concentration tensor in a 2D composite are
provided in Fig. 8, and this data compression approach can
be applied to both 2D and 3D heterogeneous materials with
arbitrary microstructures, such as clusters of nanoparticles
and interacting interphases in PNCs. In the online stage, the
homogenization of each material cluster is achieved by solv-
ing the Lippmann-Schwinger equation self-consistently. For
elastic properties, using the same database built on a cer-
tain selection of phase properties in the offline stage, SCA
predicts the effective properties of new materials with dif-
ferent selections of phase properties accurately with only a
small number of clusters, so it is much more efficient than
a full-field DNS. Moreover, it also shows great potential of
modeling inelastic material behaviors in PNCs, such as the
Payne effect.

7 Perspective and future works

Computational methods that could facilitate accurate pre-
dictions of PNCs can speed up materials design processes
aimed at achieving particular viscoelastic properties. PNCs
are ubiquitously used in engineering materials ranging from
tire to structural materials used in the built environment
and aerospace structures. By improving dynamic mechan-
ical performance of these materials, it will be possible to
create materials with highly-tunable, predictable relaxation
properties. Advances in materials discovery using computa-
tion has now become a national priority because it is now
known that the slow nature of the materials development
process will become the central bottleneck in the way of
technological innovation in the near future. In additional
to these anticipated societal benefits, fundamental research
on PNCs provides unique opportunities to generate impact
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by integrating new physical concepts into the mechanics
of composites. In conclusion, understanding and designing
PNCs with unprecedented mechanical properties via multi-
scale simulation is an emerging and exciting research field.
Among a variety list of potentially intriguing directions for
future research, several areas present particularly pressing
needs.

(i) Physically understanding on the material behaviors of
the interface between nanoparticle and polymer matrix in
PNCs is one of the holy grail in polymer science. It is crit-
ical to develop new experimental techniques to characterize
and quantitatively measure the mechanical and topological
properties of the interphase region, such as the variation of
polymer chain dynamics and interphase thickness, which are
not accessible by existing experimental tools. Moreover, the
computational methods, such as molecular dynamics, can be
applied to understand the structure and dynamic properties
of chains in vicinity of nanoparticles, as shown in Sect. 3.2.
However, further studies on high entangled chains are still
beyond the capability of current methods, as the relaxation
time of the chain τd ∼ N 3, where N is the polymeriza-
tion degree. Therefore, the corresponding simulations need
multiple years to finish, given by the current state-of-the art
supercomputers. Development of more advanced computa-
tional method could benefit the fundamental understandings
on the interfacial properties in PNCs through large scale com-
putation.

(ii) The development of new physics-based viscoelastic
models for PNCs with all model parameters connected to
molecular structures is highly desired. In this work, we have
introduced an newly developed physics-based viscoelastic
constitutive model for polymer matrix. However, the key
challenges and opportunities reside in the fact that the model
cannot capture the influence of nanofiller on the mechanical
response of PNCs. To this end, descriptors such as volume
fraction and size of nanofillers may need to be included in a
physical-based viscoelastic model for modeling PNCs. Dis-
tinct from existing constitutive models for filled polymer, the
new model will have all model parameters carrying physical
significance and thus enable bottom-up material design of
PNCs.

(iii) Advanced homogenization techniques of PNCs are
desired, especially for nonlinear properties such as hypere-
lasticity. ExistingDNSmethods are accurate and flexible, but
may be prohibited from design purpose due to the extremely
high computational cost. On the other hand, most analytical
micromechanics methods are limited to certain microstruc-
ture (e.g. spherical inclusions embedded in the matrix) and
small strain assumption. A promising way is to enhance the
homogenization with database precomputed by DNS meth-
ods as what has been done in SCA [54]. The challenging
parts of data-driven approaches are always how to construct

the database and how to extract data from the database effi-
ciently.

(iv) It is necessary to study the mechanical behavior of
emerging PNCs and their derivatives such as graphene-filled
PNCs and nanocomposite hydrogels.Owing to their unprece-
dented mechanical, thermal and electrical properties, these
new PNCs have wide applications such as sensors [126],
electrodes, stimuli responsive devices [127], tissue scaf-
folds [128] and drug delivery agents [129]. Because of the
new structural and physical characteristics of these PNCs
(e.g. the high content of water in nanocomposite hydrogels),
understanding the mechanical behavior of these new PNCs
necessitates development of synergistically integrated mod-
eling and high-fidelity experiments.

Finally, we note that tackling the above problems presents
many challenges and opportunities for mechanicians and
experimentalists. Hopefully, the synergistically integrated
multiscale experiment and modeling will shed light on the
understanding, design, and optimization of new PNCs by
linking molecular level parameters to macroscopic material
properties/performance.
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