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Modeling-driven materials by design for
conjugated polymers: insights into optoelectronic,
conformational, and thermomechanical properties

Zhaofan Li, a Sara A. Tolba, b Yang Wang, c Amirhadi Alesadid and
Wenjie Xia *a

Conjugated polymers (CPs) have emerged as pivotal functional materials in the realm of flexible

electronics and optoelectronic devices due to their unique blend of mechanical flexibility, solution

processability, and tunable optoelectronic properties. This review synthesizes the latest molecular

simulation-driven insights obtained from various multiscale modeling techniques, including quantum

mechanics (QM), all-atomistic (AA) molecular dynamics (MD), coarse-grained (CG) modeling, and

machine learning (ML), to elucidate the optoelectronic, structural, and thermomechanical properties of

CPs. By integrating findings from our recent computational work with key experimental studies, we

highlight the molecular mechanisms influencing the multifunctional performance of CPs. This

comprehensive understanding aims to guide future research directions and applications in the modeling

assisted design of high-performance CP-based materials and devices.

1. Introduction

Conjugated polymers (CPs) have emerged as critical functional
materials in the realm of flexible electronics and optoelectronic
devices due to their unique blend of mechanical flexibility,
solution processability, and tunable optoelectronic proper-
ties.1–4 These characteristics have driven significant research
into their applications in organic field-effect transistors
(OFETs),5–8 organic photovoltaics (OPVs),9–11 and organic light-
emitting diodes (OLEDs).12–14 Among these, donor–acceptor
(D–A) CPs, which feature alternating electron-rich (donors)
and electron-poor (acceptors) moieties along the polymer back-
bone, have been extensively studied for their superior optoelec-
tronic properties.15–17 Additionally, significant advancements
have been made in the study of other important conjugated
systems, such as porphyrin-based tapes, which have shown
remarkable properties for electronic applications.18,19 Under-
standing the mechanical and conformational properties of CPs
at a molecular level is crucial for optimizing their performance
in these applications.

Investigating CPs presents several challenges due to their
diverse chemical structures, which can include various backbone
configurations, side-chain lengths, and functional groups. This
structural diversity leads to a wide range of thermomechanical
and optoelectronic behaviors that are complex to predict and
control. Experimental techniques, although valuable, often face
limitations in fully capturing the dynamic and nanoscale beha-
viors of CPs. For instance, small-angle X-ray scattering (SAXS)
and neutron scattering (SANS) are commonly used to determine
chain conformation, but the presence of aggregates can compli-
cate the interpretation of scattering profiles.20,21 Additionally,
techniques such as differential scanning calorimetry (DSC) and
dynamic mechanical analysis (DMA) are employed to study
thermal properties, but these methods sometimes struggle with
the small sample sizes typical of CPs and their semicrystalline
nature, which can obscure transitions such as the glass transi-
tion temperature (Tg).22–25

To overcome these challenges, molecular simulations have
become an indispensable tool, offering detailed molecular-level
insights that complement experimental approaches. Multiscale
modeling techniques, which include quantum mechanics (QM),
all-atomistic (AA) molecular dynamics (MD), coarse-grained (CG)
modeling, and machine learning (ML), enable the study of CPs
across different length and time scales (Fig. 1). QM methods
based calculations of the polymers’ electronic structure informa-
tion (e.g., highest and lowest occupied molecular orbitals, band
gap, electronic band structure) is needed to further understand
the optoelectronic properties of CPs. For instance, Jackson et al.
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demonstrated that various nonbonding interactions between
neighboring donor and acceptor units can improve backbone
planarity.26 Wang et al. utilized density functional theory (DFT)
calculations of molecular orbital energies to guide the rational
design of conjugated polymers for photocatalytic CO2 reduction by
analyzing molecular orbital energies, they selected polycyclic are-
nes and anthraquinone to construct donor–acceptor copolymers
with suitable band structures.27 AA-MD simulations offer insights
into molecular and chain-level interactions and dynamics, which
are important for exploring chain conformations and various
physical properties.28 For instance, Alberga et al. employed AA-
MD simulations of both crystalline and amorphous phases of
poly(3-hexylthiophene) (P3HT) and poly(2,5-bis(3-alkylthiophen-2-
yl)thieno[3,2-b]thiophene) (PBTTT) to understand the relationship
between molecular structure and charge mobility using Marcus
theory.29 Similarly, De Pablo et al. combined experimental SANS
measurements with AA-MD simulations to accurately determine
the persistence length of PTB7.30 These simulations reveal the
molecular structure of aggregates that contribute to complex
optoelectronic phenomena, providing insights into the solution-
phase conformations of CPs that are challenging to achieve
through experimental methods alone. Furthermore, CG modeling
simplifies complex systems, enabling the study of larger-scale
phenomena and long-term behavior while retaining necessary
molecular details, making CG-MD simulations particularly
valuable for ‘‘bottom-up’’ investigations of polymer systems over
extended spatiotemporal scales. By reducing degrees of freedom
and eliminating non-essential atomistic details, CG-MD can
explore the influences of fundamental molecular parameters on
the thermomechanical behaviors of polymers with different seg-
mental and chain structures in both bulk and confined states.31–33

For instance, generic CG models, designed to mimic the essential
structural features of diketopyrrolopyrrole (DPP)-based polymer

chains, have shown that polymer chains align along the deforma-
tion axis through chain-sliding and torsional motions, increasing
alignment and extension with strain.34 A chemistry-specific CG
model for P3HT predicted that backbone chain alignment
increases with applied uniaxial strain.35 These multiscale model-
ing techniques collectively provide a comprehensive understand-
ing of CP behaviors across various scales.

Recently, ML algorithms have seen increasing use in develop-
ing simplified models that offer excellent predictive capabilities
for polymer properties.36–39 By deriving molecular features directly
from the monomer geometry, ML models circumvent the com-
plexity of traditional feature descriptors. For instance, ML models
have effectively predicted the Tg of CPs, as demonstrated by Xie
and coworkers,40 who introduced an empirical model that pre-
dicts Tg based on the mobility of various functional groups within
the repeat unit, achieving a root-mean-square error of 13 1C for 32
semi-flexible polymers. Additionally, ML techniques have been
applied to enhance CG modeling by efficiently calibrating
complex force fields to match properties derived from AA-MD
simulations or experimental data.38 This approach significantly
extends the length and time scales of MD simulations, enabling
more accurate predictions of thermomechanical properties across
different temperatures and curing states. Integrating ML with CG
modeling accelerates the materials design process, providing a
powerful tool for developing new CPs with tailored properties.
High-throughput experiments and simulations combined with
data-driven ML approaches further enhance our ability to rapidly
screen and optimize materials, significantly accelerating the dis-
covery process. For instance, Yang et al. highlighted how ML can
be utilized to predict and design properties for CPs, demonstrat-
ing the broad applicability of these techniques.41

This short review aims to summarize the recent simulation-
driven insights from our research group, highlighting the main

Fig. 1 Schematics of the multiscale modeling techniques across different time and length scales of CPs material systems from quantum, all-atom, to
coarse-graining. The paradigm shows the approximate ranges of time and length scales associated with each modeling technique along with relevant
applications. Figure adapted from ref. 64 (copyright 2023 Elsevier).
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findings in the optoelectronic, structural, and thermomechanical
properties of CPs. By integrating various multiscale modeling
techniques, including QM, AA-MD, CG modeling, and ML, we
provide a comprehensive understanding of how these properties
can be optimized for flexible electronics and optoelectronic
applications. Our goal is to present a multiscale modeling frame-
work to enable fundamental understanding of the molecular
mechanisms underlying CP functional behaviors, thereby offering
valuable guidance for future research, design and development
of advanced CP-based materials and devices. This review is
organized as follows: Section 2 covers the models and methods
used in our simulations, including DFT calculations, AA-MD, CG
modeling, and data-driven ML approaches. Section 3 discusses
the results and insights gained from these simulations, focusing
on optoelectronic properties, chain conformation in solution, Tg,
and mechanical properties. Finally, Section 4 concludes with a
summary of our findings and perspectives on future research
directions in the field of CP-based materials.

2. Models and methods
2.1 Density functional theory (DFT) calculations

To gain deeper theoretical insights at the atomistic and molecular
levels, QM-based calculations of the electrical structure and
optical characteristics of CPs have been extensively conducted
using first-principles techniques. Notably, the Hartree–Fock (HF)
technique42 and density functional theory (DFT)43 have been
employed to explore the electrical properties, charge transport
kinetics, and optoelectronic features of these materials. These
methods are often used to analyze the ground-state and excited-
state electronic properties, band structures, band gaps, absorption
spectra, and the effects of charge-carrier injection. Additionally,
advanced quantum chemical methods such as the GW and mean
field Hubbard models have been employed to provide detailed
insights into the electronic structure of polymers.44 DFT calcula-
tions solve the self-consistent equations of DFT within a fictitious
one-electron Kohn–Sham (KS) framework and typically show good
agreement with experimental data.35 In simulation models, to
manage computational costs while retaining accuracy, long alkyl
chains are sometimes replaced with methyl groups, as charge
transport primarily occurs along the polymer backbone. Geometry
optimizations are typically conducted either in the gas phase
without symmetry constraints or using a periodic model of an
isolated polymer chain with one-dimensional periodicity along
the backbone to avoid finite chain-length effects.45,46

In our rencent DFT studies, periodic polymer chains were
optimized using semi-local Perdew–Burke–Ernzerhof (PBE)
functional,47 and the projector-augmented wave (PAW)48 to
get the chain conformation into the ground state. The kinetic
energy threshold was set to 400 eV. For geometry optimization,
Gamma-centered 1 � 1 � 1 k-points were employed to balance
computational efficiency with accuracy, given the large unit cell
size (415 Å). However, for subsequent electronic structure
calculations, which are crucial for capturing the delocalized
nature of CPs, we increased the k-point sampling to 16 k-points

along the polymer backbone direction. This two-step approach
allowed us to efficiently optimize the geometry while ensuring a
more comprehensive sampling of the Brillouin zone for accurate
electronic property predictions. Atomic positions were optimized
using the conjugate gradient method with energy and force
tolerance of 10�6 eV and 0.01 eV Å�1, respectively. Then, the
electronic structure was accurately calculated using the Hartree–
Fock/DFT HSE06 hybrid functional.49 Hybrid functionals are a
class of approximations to the exchange–correlation energy func-
tional in DFT that incorporate a portion of exact exchange from
Hartree–Fock (HF) theory with DFT exchange and correlation. This
scheme improves the accuracy of calculated molecular properties,
including atomization energies, bond lengths, and vibrational
frequencies, compared to pure DFT functionals. Also, the inclusion
of exact exchange helps to correct the self-interaction error inher-
ent in pure DFT functionals and improves the description of
electronic localization, which is crucial for accurately predicting
band gaps and electronic structures. The Heyd–Scuseria–Ernzerhof
(HSE) functional, a widely used hybrid functional, employs a
range-separated approach. It includes a fraction of exact Fock
exchange at short range, while using pure DFT exchange at long
range. The HSE exchange–correlation functional:

EHSE
xc = aEHF,SR

x (o) + (1 � a)EPBE,SR
x (o) + EPBE,LR

x (o) + EPBE
c

where a is the fraction of exact exchange, and o is an adjustable
parameter controlling the short-rangeness of the interaction.
For the used HSE06, a = 1/4, and o = 0.2. The short-range Fock
exchange EHF,SR

x (o) is calculated as:

EHF;SR
x oð Þ ¼ �1

2

X
s;s0

ð
drdr0

erfc o r� r0j jð Þ
r� r0j j � rs;s0 r; r

0ð Þ
�� ��2

The long-range and remaining short-range exchange is deter-
mined from the exchange-hole formulation of PBE functionals.

All periodic structures were simulated using Vienna Ab initio
Simulation Package (VASP).50,51 While non-periodic models
were simulated with the Becke’s three-parameter functional
B3LYP52 and the augmented correlation consistent triple-zeta
basis set (aug-cc-pVTZ),53 using Gaussian16 software package.54

Also, the time-dependent DFT (TD-DFT) simulation were used
to predict the excited states, the excitation energies and the
maximal absorption wavelength. While these are commercial
packages, there are several open-source alternatives available
that researchers could consider, such as Quantum ESPRESSO
or SIESTA, NWChem or Psi4, ABINIT, CP2K.

To study the impact of charge injection on the electrical
configuration of polymers, different configurations with varying
numbers of electrons were considered. The solution of the
electronic structure and total energy depends on the number of
electrons.55 For the negatively charged system, DFT calculations
were performed on a model with two additional electrons, while
for the positively charged system (hole-injected DFT model),
the model includes two fewer electrons.45 The occupancy of
molecular orbitals in the DFT periodic models was modified to
simulate the promotion of electronic population from the high-
est occupied molecular orbital (HOMO) to the lowest unoccupied
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molecular orbital (LUMO). This modification reflects a change in
the population pattern for Kohn–Sham (KS) orbitals while main-
taining a closed-shell and singlet spin configuration.

2.2 All-atomistic (AA) modeling of CPs

2.2.1 AA-MD simulations in solution states. In our recent
MD studies, the initial configuration of the atomistic models
for the CPs was constructed using the Materials Studio plat-
form. The simulations utilized the general Dreiding force field,
which describes all bonded (stretching, bending, and torsional)
and non-bonded interactions between atoms.56,57 This force
field was chosen for its simplicity and wide applicability in
studying both crystalline and amorphous phases of CPs.58,59

To fully characterize conformational changes in dilute solution,
single polymer chains were modeled, considering interactions
between the polymer chain and solvent implicitly. The
Lennard-Jones interaction potential was truncated and shifted
to zero at rcut = 21/6s, making atom-atom interactions purely
repulsive to mimic good solvent conditions, consistent with
previously investigated CPs.46,60 Electrostatic contributions
were computed using the Coulombic pairwise interaction. Each
polymer chain was inserted into a cubic simulation cell with
dimensions significantly larger than the initial chain length.
Systems were first equilibrated for 1 ns under a canonical (NVT)
ensemble using a Nosé–Hoover thermostat with a damping
time constant of 50 fs, applying periodic boundary conditions
in all three directions with a time step of 1 fs. Following
equilibration, the simulations underwent a 100 ns production
run in the NVT ensemble, with data collected every 20 ps to
adequately sample configurational trajectories. Six indepen-
dent initial configurations were generated for each system to
ensure adequate sampling and to determine averaged proper-
ties with standard deviations. All MD simulations were per-
formed using the large-scale atomic/molecular massively
parallel simulator (LAMMPS)61 software package, and atomic
configurations were visualized using visual molecular dynamics
(VMD) software.62

2.2.2 AA-MD simulations in bulk states. Accurately modeling
the thermomechanical behavior of CPs in bulk states involves
detailed AA-MD simulations using specialized force fields. For the
AA simulations of regio-regular poly(3-hexylthiophene) (P3HT),
the Dreiding force field was employed. The initial configurations
were created with the Materials Studio platform, including single
P3HT chains and liquid monomer bulk systems to sample
bonded and non-bonded interactions. Following energy minimi-
zation with the conjugate gradient algorithm, the system was
equilibrated in the melt state at high temperatures under the
isothermal–isobaric (NPT) ensemble, followed by cooling to the
target temperature for sampling. Periodic boundary conditions
were applied to simulate bulk behavior with an integration time-
step of 1 fs, ensuring precise modeling of molecular interactions
and conformations observed experimentally.59

Additionally, the general amber force field (GAFF) was used
to predict the Tg of various CPs. Initially, CP models were built
and optimized, followed by atom typing and charge calculation.
The bulk systems underwent equilibration under the NPT

ensemble at the melt state and subsequent cooling to the target
temperature. To determine Tg, the density as a function of
temperature was analyzed, fitting linear lines at low-T glassy and
high-T melt regimes to identify the intersection marking Tg. The
AA-MD simulations further unraveled the fundamental roles of
chemical building blocks in dynamical heterogeneity and local
mobility of CPs. By measuring the mean-squared displacement
(MSD), these measurements provided critical insights into the
molecular interactions and segmental mobility that influence
the mechanical performance and thermal stability of CPs.63

2.3 Coarse-grained (CG) modeling of CPs

2.3.1 Generic CG modeling. Generic CG modeling provides
computationally efficient approach to study the mechanical
and conformational properties of CPs by simplifying complex
atomistic details into larger interaction sites, or beads. This
approach enables simulations of larger systems over longer
timescales while maintaining the essential physical behaviors
of polymers, without requiring detailed chemical specificity.
Generic CG models qualitatively represent more than one type
or class of materials by using simplified representations of
molecules. The polymer’s backbone and side-chains are typically
represented by beads connected via harmonic springs to mimic
bond stretching, angle bending, and torsional motions. The non-
bonded interactions between these beads are described using
the Lennard-Jones (LJ) potential, which effectively captures van
der Waals forces. The parameters of these potentials are
expressed in reduced LJ units, facilitating the study of general
trends and mechanisms across different systems.64

Simulations based on the generic CG models have been
effectively employed to investigate the effect of temperature,
solvent quality, and chain length on the mechanical properties
and chain conformation of CPs.34,65–68 These models simplify
the representation of complex polymer architectures, allowing
for detailed analysis of how side-chain length and bending
rigidity influence properties such as Young’s modulus, tensile
strength, and ductility. The results from these simulations
align well with experimental observations, providing valuable
insights into the orientation and alignment of polymer chains
under mechanical stress.

2.3.2 Chemistry-specific CG modeling. To achieve a more
detailed understanding of CP behavior, chemistry-specific CG
models are developed by systematically coarse-graining from
AA models. This approach retains chemical specificity by pre-
serving critical molecular interactions and conformations
observed in AA simulations. The energy renormalization (ER)
method was often employed to derive CG potentials that
accurately reproduce AA simulation data, ensuring that the
CG model captures the essential physics of the polymer
system.69,70 The process begins with the construction of an
initial AA configuration, typically using a force field such as
Dreiding or GAFF to describe bonded (bond, angle, dihedral)
and non-bonded interactions. The chemistry-specific CG model
was then parameterized by matching the bonded and non-
bonded probability distributions from the AA simulations. This
involves calculating bonded parameters (bond lengths, angles,
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and dihedrals) and non-bonded interactions (radial distribu-
tion functions) from the AA trajectories and fitting them to the
CG potentials.

The ER approach adjusts the cohesive interaction strength
and effective interaction length-scale parameters to correct
deviations in activation free energies that occur upon coarse-
graining. This method allows the CG model to reflect the
dynamics and structural properties of the CPs accurately. By
employing the ER method, the CG models maintain fidelity to
the original AA model, ensuring that essential interactions and
behaviors are preserved even as the model is simplified. Addi-
tionally, the ER approach allows for the creation of temperature-
transferable CG models, ensuring accurate simulations across a
broad range of temperatures.59 MD simulations using these
models unravel the roles of chemical building blocks in dyna-
mical heterogeneity and local mobility of CPs, providing crucial
insights for designing CP-based materials for flexible electronics
and other high-performance applications.

2.4 Data-driven modeling for Tg prediction of CPs

The integration of data-driven modeling based on machine
learning (ML) with MD simulations and experimental measure-
ments provided a robust framework for predicting the Tg of
CPs. This hybrid approach leveraged the strengths of each
method to enhance the accuracy and reliability of Tg predic-
tions based on chemical structure.

In this ML framework, ordinary least squares (OLS) multiple
linear regression was employed to correlate the geometry of six
key chemical building blocks—side-chain fraction, isolated
rings, fused rings, bridged rings, halogenated atoms, and
double/triple bonds—with Tg values. This model was trained on
a diverse dataset comprising Tg data points from literature,
experimental measurements, and MD simulations. By doing so,
the ML model effectively captured the influence of these chemical
features on Tg, offering a powerful predictive tool for material
scientists. The dataset used in training the ML model included
154 Tg data points, allowing for the identification of patterns and
relationships between chemical structure and thermal properties.
The ML predictions were validated through both MD simulations
and experimental techniques such as quasi-elastic neutron scat-
tering (QENS). These validations ensured the reliability of the ML
model and provided deeper insights into the segmental dynamics
and local mobility of CPs.63

The practical application of this ML framework was demon-
strated through the accurate prediction of Tg for several high-
performance CPs used in organic solar cells, such as poly[(2,6-
(4,8-bis(5-(2-ethylhexyl-3-fluoro)thiophen-2-yl)-benzo[1,2-b:4,5-b0]
dithiophene))-alt-(5,5-(10,30-di-2-thienyl-50,70-bis(2ethylhexyl)ben-
zo[10,20-c:40,50-c0]dithiophene-4,8-dione))] (PM6), poly[(2,6-(4,8-
bis(5-(2-ethylhexyl-3-chlore)thiophen-2-yl)-benzo[1,2-b:4,5-b0]dithio-
phene))-alt-(5,5-(10,30-di-2-thienyl-50,70-bis(2ethylhexyl)benzo[10,20-c:
40,50-c0]dithiophene-4,8-dione))] (PM7), and PTB7 polymers. The
predicted Tg values aligned closely with experimental measure-
ments, underscoring the effectiveness of the ML approach. This
predictive capability was crucial for developing CP materials
with optimized thermal and mechanical properties, addressing

challenges in creating stable and efficient organic electronics.
Recent advancements in ML have further enhanced the predic-
tion of electronic structures, as demonstrated by a study on
polycyclic aromatic hydrocarbons (PAHs) which used guided
diffusion methods for inverse molecular design, achieving
accurate predictions of electronic properties.71

3. Results and discussion
3.1 Optoelectronic properties

3.1.1 First-principles studies of electronic structure and
optical properties. The investigation of electronic structure
and optical properties is crucial for understanding the opto-
electronic performance of CPs. Alesadi et al. employed DFT to
explore the effects of charge injection on the optical properties
and conductivity of a diketopyrrolopyrrole (DPP)-based conju-
gated semiconducting polymer, PDPP3T (Fig. 2(g)).45 Specifi-
cally, they simulated n-type (Fig. 2(b)) and p-type (Fig. 2(c))
doping through charge-carrier injection, analyzing its impact
on the polymer’s electronic configuration. Additionally, they
examined the triplet state of the polymer model to gain insights
into the excitation mechanisms of these semiconductors
(Fig. 2(d)). The research focused on the response of the poly-
mer’s geometry to electronic excitation, specifically nuclear
reorganization induced by promoting electrons from the
HOMO to LUMO (Fig. 2(e)). This reorganization significantly
influences the band gap of the polymer. The findings revealed
that charge carrier injection in PDPP3T semiconducting poly-
mers substantially affects their electronic properties, resulting
in a reduced band gap and enhanced charge carrier mobility.
This study suggests that manipulating charge injection could
be a potent strategy to tailor the electronic performance of
conjugated polymers for various technological applications.
In another study, Pavlak et al. explored zinc porphene, a 2D
material.72 They revealed its semiconductive nature, attributed
to a Peierls distortion, which was accurately modeled using
hybrid functionals like PBE38. This emphasizes the importance
of precise electronic structure modeling. Both Alesadi and
Pavlak studies highlight how structural distortions can tune
electronic properties, demonstrating the broader applicability
of these concepts for understanding and enhancing materials
for molecular electronics and spintronics.

In a related study, Alesadi et al. used ab initio molecular
dynamics simulations to investigate photo-induced charge
transfer (CT) between a diketopyrrolopyrrole-based polymer
donor and two different acceptor units: non-fullerene ITIC
(forming a DPP:ITIC blend) and fullerene PCBM (forming a
DPP:PCBM blend).73 The study employed HSE06 functionals to
calculate the HOMO and LUMO orbitals for DPP:PCBM, with
electron density indicated in the shaded areas (Fig. 2(h) and (i)).
They analyzed representative charge carrier dynamics upon
photoexcitation for specific initial electronic transitions at the
blend interface with zero external electric fields. The distribu-
tion of charge as a function of energy and time is shown in
Fig. 2(j), while Fig. 2(k) represents charge density distribution
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Fig. 2 (a) Schematic of the ground-state energy band and absorption spectra. (b) Schema of the energy band and absorption spectra due to negative type doping
(electron donors). (c) Schema of the energy band and absorption spectra due to positive type doping (electron acceptors). (d) Schema of the spin polarization process
and corresponding absorption spectra. (e) Portrayal of change of geometry due to excitation and optimized geometry after the excitation. (f) Schematic
representation of a band structure with k-points sampling and corresponding absorption spectrum. Here, Eg, EF, Es, and EDs represents band gap energy, Fermi
energy, and band energy gap of the excited state, respectively. (g) Top panel is the geometry-optimized structure (ground state) of the polymer model aligned in the
y–z plane. Cyan, blue, gray, yellow, and red spheres represent C, N, H, S, and O atoms, respectively. Bottom panel is schematic chemical structure of the PDPP CP
model employed in the simulations. Figures adapted from ref. 45 (copyright 2021 American Chemical Society). (h) HOMO for DPP:PCBM. (i) LUMO for DPP:PCBM.
Shaded areas indicate the electron density. Calculations are performed via HSE06 functionals. (j) and (k) Charge carrier dynamics of the DPP:PCBM blend upon
photoexcitation for three representative initial transitions which possess higher oscillator strength; HO�3 - LU+2. For all initial transitions, both excited electron and
hole are located on PCBM. (j) indicates the distribution of charge as a function of energy and time, dashed and solid lines indicate expectation values for energy,
calculated in an energy space distribution for conduction and valence bands, respectively. (k) represents charge density distribution as a function of time and position
in the space. Electrons, equilibrium distribution, and holes are represented in yellow, green, and blue, respectively, where the offset between solid and dashed lines
corresponds to the electric dipole. Figures adapted from ref. 73 (copyright 2022 American Chemical Society). (l) Top-left panel: The mechanism of molecular orbital
hybridization between alternating donor unit and acceptor moiety; top-right panel: energy alignment of NDI-nT polymers; bottom panel: orbital energy alignment of
DPP-nT polymers. (m) The dependence of band gap on bandwidth for DPP-nT (n = 1, 2, 3). Figures adapted from ref. 46 (copyright 2023 John Wiley and Sons).
(n) Top panel: Repeating unit of a polymer chain showing the post-branching side-chain dihedral angles; bottom panel: values calculated for the dihedral angles (in
degrees). (o) Schematic definition of the dihedral angles between thiophene–thiophene (fT–T) units, and isoindigo–thiophene (fI–T) units and isoindigo–isoindigo
(fI–I) units. (p) DFT calculated UV-vis spectrum of IID-T2-C2C10C10 backbone with twisted T–T dihedral angles. (q) Dihedral potential for a IID-based trimer. (r) DFT
calculated averaged dihedral angles fT–T and fI–T of IID-based polymers. Figures adapted from ref. 60 (copyright 2023 Royal Society of Chemistry).
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as a function of time and spatial position. The results demon-
strated that the spatial redistribution of hole density occurs
much faster than electron relaxation. At the end of the relaxation
process, the hot electron relaxes on the PCBM acceptor unit, and
the hot hole remains on the backbone of the DPP model.
Comparing the two blends, the CT rate calculations indicated
that the DPP:ITIC blend offers a better photovoltaic effect
compared to the DPP:PCBM blend. This study introduced a
potential computational approach to qualitatively characterize
the CT performance of CP blends based on the difference
between the transfer rates of electrons and holes over time. In
another work, Chang et al. introduced a computationally effi-
cient model using the effective Frenkel–Holstein (EFH) Hamil-
tonian to analyze donor–acceptor–donor (DAD) chromophore
aggregates.74 This model, which simplifies each chromophore
to a two-level system with vibronic coupling, effectively captures
the optical properties and spectral features of p-stacks with
significant intermolecular charge transfer (ICT). The EFH model
aligns well with experimental data from bithiophene-DPP (2T-
DPP-2T) and is contrasted with other models like the essential
states model (ESM). The study highlights how ICT and Coulomb
coupling affect optical behavior and suggests further investiga-
tion in near-resonance regimes using more robust models.

3.1.2 Influences of segmental structures on electronic
configuration and single-chain conformation. DFT calculations
have been instrumental in providing critical insights into the
optoelectronic properties of CPs by elucidating how the length of
oligothiophene units influences the optical properties and
single-chain conformation of DPP-based and NDI-based
polymers.46 DFT calculations were performed to explore the
electronic features with increasing numbers of thiophene units
in DPP-nT and NDI-nT polymers, aiming to understand the role
of thiophene length in band gap modulation (Fig. 2(l)). Several
acceptor units were analyzed to calculate their molecular orbital
energy alignments, shedding light on the observed trends in
conjugated polymer bandgap modulation as a function of struc-
tural modifications that highlight the role of orbital energy
alignment type in determining the optoelectronic properties of
D–A conjugated polymers.75 The DFT results revealed significant
differences in the nature of the orbital energy alignment between
the two polymer types. For DPP-based polymers, the orbital
energy alignment exhibits a sandwich-type configuration, lead-
ing to an increased band gap with longer oligothiophene chains
due to bandwidth reduction (Fig. 2(m)). This reduction arises
from a more localized charge density distribution and increased
chain flexibility with intrachain twisting. Conversely, in NDI-
based polymers, the staggered-type orbital energy alignment
allows the introduction of additional thiophene units to create
a new hybridized higher HOMO level, which narrows the optical
band gap despite the decreased chain rigidity. This contrast
highlights the critical role of orbital energy alignment in deter-
mining the optoelectronic properties of donor–acceptor CPs.

In another study, the effect of chain conformation on the
optical properties of donor–acceptor CPs was investigated.60

Specifically, chain rigidity (Fig. 2(q)), coplanarity of the polymer
backbone, side-chain length, and branch points were analyzed.

The study revealed the critical role of side-chain length and
branch points in optical absorption, attributed to steric effects.
DFT calculations demonstrated that variations in backbone
planarity significantly impact optical absorption (Fig. 2(p)),
with blue shifts correlating to less planar backbones. Addition-
ally, the optical shift for IID-based polymers, which changed
according to an odd–even effect of the branching point, was
ascribed to changes in backbone coplanarity induced by steric
hindrance from the side chains (Fig. 2(n)). Geometry-optimized
structures from DFT calculations indicated that even branching
positions cause the backbone to adopt a more twisted confor-
mation, as shown in Fig. 2(r). Furthermore, DFT calculations
showed that, despite their rigidity, the backbones of DPP-based
and IID-based polymers are not fully planar, and their observed
optical absorption shifts can be explained by local distortions
in the backbone structure.60 These DFT studies highlight the
significance of single-chain conformation in determining the
optoelectronic properties of CPs. By providing detailed insights
into molecular interactions and conformational changes, DFT
enables the rational design of CPs with optimized properties for
specific optoelectronic applications.

3.2 Chain conformation in solution

3.2.1 Effects of side-chain and backbone configurations.
The single-chain conformation of D–A CPs is significantly
influenced by both side-chain lengths and backbone configura-
tions, which in turn impact their optoelectronic properties. AA-
MD simulations have provided detailed insights into how these
molecular structures affect polymer behavior in solution. Two
groups of polymers were purposefully designed to explore the
influence of the side-chain and backbone structure on the
single-chain conformation of DPP-based polymers (as shown
in Fig. 3(a)). A 60-monomer long polymer chain model was built
and simulated, considering interactions between the polymer
chain and solvent implicitly, to examine the isolated-chain
conformations. As illustrated in Fig. 3(b), a wave-like extended
coil molecular conformation for the DPP polymer chain was
observed due to flexible yet highly correlated dihedrals at
various positions, demonstrating the expected behavior in a
good solvent.76 Further investigation into the trans and cis
conformations along the polymer backbone revealed that trans
conformations promoted a more rigid backbone structure,
while cis conformations introduced flexibility. Trans conforma-
tions were associated with a more extended chain structure,
contributing to higher rigidity and potentially better charge
transport properties. Conversely, cis conformations, by intro-
ducing kinks and flexibility, could impact the polymer’s pack-
ing and morphology, influencing its electronic performance.
The simulations on DPP-based polymers with varied side-chain
lengths revealed that longer side-chains led to a more rigid
polymer backbone. This increased rigidity was indicated by the
increased persistence length (lp) (Fig. 3(e)) and was attributed
to the reduced population of cis conformations that introduce
kinks in the backbone (Fig. 3(f)). Based on DFT calculations,
Fig. 3(g) shows that as the side-chain length increases, the
polymer backbone becomes more twisted, indicated by the
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Fig. 3 AA-MD simulation of single chain conformation. (a) Structure of DPP-based polymers with different side-chain lengths and varied numbers of
thiophenes. (b) A snapshot of a DPP-T polymer chain simulated in a solution state. (zoom view) The enlarged inset shows the two planar conformations:
trans and cis conformations for cv with different oligothiophene length. (c) Schematic definition of the dihedral angles between thiophene–thiophene
units (fT–T) and DPP–thiophene units (fD–T). (d) Schematic definition of the bending angle. Grey beads denote the center-of-mass of each functional
group. (e) lp of DPP-based polymers with varied side-chain length from MD simulation. (f) Thiophene–thiophene dihedral angle distributions from AA-MD
simulation. (g) DFT calculated averaged fT–T and fD–T. (h) lp values for DPP-nT polymers with varied donor length from MD simulation. (i) Thiophene–
thiophene dihedral angle distributions for DPP-nT polymers. (j) Dihedral angle between adjacent DPP cores for DPP-nT polymers. Inset shows the
graphical definition of the dihedral angle between adjacent DPP cores (fD–D). Figures adapted from ref. 46 (copyright 2023 John Wiley and Sons) and ref.
60 (copyright 2023 Royal Society of Chemistry).
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decrease in the dihedral angle fD–T from 1621 to 1521. Small-
angle neutron scattering (SANS) measurements supported
these findings, showing a consistent increase in chain rigidity
with longer side-chains.60

The backbone configuration also played a crucial role in
determining chain conformation. Polymers with different back-
bone units exhibited distinct conformational behaviors due to
varying steric hindrance and electronic effects. DPP-based
polymers with longer oligothiophene units demonstrated
decreased lp (Fig. 3(h)), indicating a more flexible backbone.
Longer oligothiophene units increased the population of cis
conformations (Fig. 3(i)), which reduces steric hindrance and
lowers lp. Additionally, co-planar conformation between DPP
cores is less favorable with increasing oligothiophene length
(Fig. 3(j)), highlighting that the increased conformational free-
dom of longer thiophene units reduced overall chain rigidity.46

Polymer chain conformation directly impacts optoelectronic
properties. Experimental observations showed that longer side-
chains lead to blue shifts in optical absorption spectra due to less
planar backbone conformations.60 Backbone structure also affects
optoelectronic properties; longer oligothiophene units reduce
conjugation length and alter optical absorption characteristics.46

This alignment between AA-MD simulations and experiments
underscores the importance of simulations in understanding
molecular mechanisms behind optoelectronic behavior and high-
lights the need to carefully design side-chains and backbone
structures to optimize CP-based devices.

3.2.2 Effects of solvent quality and side-chain architecture.
Various solvents and solvent mixtures have been used to
dissolve and process CPs,77–79 but few studies have quantified
the effect of solvent quality on the solution behavior of CPs. The
impact of solvent quality and side-chain architecture on the
conformation of CP chains in solution was examined using a
generic CG model (Fig. 4(a) and (b)), providing valuable
insights into their behavior under various conditions.

Higher temperatures and good solvents significantly impact
polymer chain conformation in similar ways, both promoting
extended polymer configurations. Conversely, lower tempera-
tures and poor solvents lead to chain aggregation. As tempera-
ture increases, polymer chains become more flexible, resulting
in a decrease in persistence length Lp. At lower temperatures,
chains in poor solvents exhibit significant aggregation, but as
temperature rises, chains show slight extension, though Lp

remains low compared to good solvents (Fig. 4(c)).68 The
solvent quality parameter (l) was adopted to describe the
interaction between polymer and solvent, where a higher l
indicates a poorer solvent, enabling tuning of ‘‘solvent quality’’
by varying l between particles.81,82 In good solvents, chains
exhibit increased radius of gyration (Rg) and Lp, indicating a
more extended conformation. As the l increases, indicating
worse solvent quality, the Rg diminishes, reflecting the gradual
compaction of the polymer coil within the solution. When l
exceeds a certain threshold, the polymer chain collapses into a
compact conformation, demonstrating the impact of solvent
quality on polymer chain behavior (Fig. 4(d)). For a more
comprehensive analysis, Rg was calculated for both the entire

polymer chain and the backbone alone, exhibiting a consistent
decreasing trend (as shown in Fig. 4(e)). However, the difference
in Rg between the entire chain and the backbone becomes more
pronounced for shorter chain lengths, while for longer chains, the
presence of side-chains has a relatively minor impact on the
polymer size. Moreover, the parameter ly, marking the y solvent
condition where the polymer transitions from a good solvent to a
poor solvent, is defined by the crossover point where curves from
different molecular masses intersect (Fig. 4(d)). Side-chain length
significantly impacts ly, with longer side-chains improving solu-
bility and delaying the transition to poorer solvent conditions
(Fig. 4(f)).68 Side-chain architecture also affects ly, suggesting that
CPs with long, dense, and branched side-chains can achieve
enhanced polymer–solvent interaction, thus enabling overall bet-
ter solution dispersion.67 These conclusions were corroborated by
experimental observations, which demonstrated that side-chain
modifications could significantly enhance polymer–solvent inter-
actions, showing that polymers with longer and branched side-
chains exhibited better solubility, less aggregation, and main-
tained extended chain conformations even in poorer solvents.67

Additionally, the mass scaling exponent n, defined by the
power-law relationship Rg p Nnbb, serves as a fundamental
structural measure of polymer size. A higher n suggests that
the polymer expands more rapidly as it grows, while a lower n
indicates that the polymer remains relatively compact even as
its length increases. The scaling exponent n was systematically
investigated under different solvent conditions (as shown in
Fig. 4(g)). In good solvents, n approximates 0.62 and remains
nearly constant across varying side-chain lengths. However, in y
solvents, distinct variations in n were observed with different
side-chain lengths, showing greater sensitivity to changes in
solvent quality. These findings underscore the significant influ-
ence of side-chain length and solvent quality on the scaling
behavior of polymer chains in dilute solutions, emphasizing the
robustness of n as a structural descriptor in polymer science.

3.2.3 Effects of backbone rigidity. The backbone rigidity of
CPs is crucial for determining their chain conformation,
significantly impacting their optoelectronic properties and
solution behavior. Experimental techniques such as small-
angle neutron scattering (SANS) and selective deuteration have
been employed to decouple the scattering contributions from
CPs’ backbone and side-chains.80 This methodology elucidates
the inherent conformation of the electronically active conju-
gated backbone, highlighting how backbone rigidity affects
electron delocalization along the chain, which is essential for
optimizing the performance of CPs in optoelectronic applica-
tions. Additionally, recent studies have shown that backbone
planarity can be improved by adsorption on specific surfaces,
such as the adsorption of dinitrosobenzene polymer on a gold
surface, which significantly narrows the band gap due to
enhanced backbone planarity, as evidenced by spectroscopic
ellipsometry measurements.83

To explore the impact of backbone rigidity on chain con-
formation, CG-MD simulations were employed, offering a
detailed examination of the structural properties of CPs by
varying the stiffness of the polymer backbone. The stiffness of
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the backbone was controlled through an angular stiffness
constant (ky) parameter, allowing the simulation of different
degrees of rigidity. The CG-MD simulations revealed several key
insights. Increasing backbone rigidity led to a more extended
chain conformation. Specifically, for polymers with flexible
backbones, the overall chain conformation, including both
the backbone and side-chains, exhibited a significant increase
in rigidity compared to the backbone alone (as shown in
Fig. 4(h)). This was evident from the Lp measurements, which
showed that the Lp of the backbone alone was significantly
smaller than that of the entire chain contour. By employing a
center of geometry (COG) assumption, the effective persistence
length of the entire CP contour was calculated, accounting for

the influence of side-chains. This approach demonstrated that
the presence of side-chains significantly affects the overall chain
rigidity, especially for polymers with flexible backbones.80 As the
backbone stiffness increased, the difference between the Lp of
the backbone and the overall chain diminished, eventually
resulting in an almost linear, rod-like configuration for the
most rigid polymers (Fig. 4(i)). For semi-rigid and highly rigid
backbones, the impact of side-chains on the overall chain
conformation was reduced, aligning closely with experimental
observations. These findings highlight the importance of
considering both backbone and side-chain effects when design-
ing CPs for specific applications, providing quantitative
insights into the solution behavior of CPs and guiding the design

Fig. 4 (a) Schematic illustration of CG polymer model with branched side-chain, where Nbb and Nsc are the numbers of segments in the backbone and
each side-chain, respectively. (b) Snapshot of a single polymer chain simulated in a solution state. (c) Evolution of persistence length Lp of the polymer
chain as a function of the temperature under two distinct solvent conditions. Influence of side-chain on the location of the y point. Normalized squared
radius of gyration Rg

2/(N � 1) as a function of solvent quality parameter l for different scenarios: (d) side-chain length Nsc = 4, (e) comparison of whole
chain and backbone for Nsc = 4, (f) Nsc = 3, with Nbb representing the number of monomers in each polymer chain. The location of the y point is indicated
by the black dashed line. (g) Molecular mass dependence of Rg for solvent qualities ranging from an ideal good solvent (l = 0), y solvent (l = ly), to a poor
solvent (l = 1). (h) Snapshot of a CP simulated using the CG model in a solution state, where schematic cylinders denote a chain of effective persistence
length of segments Lp,whole chain and cross-sectional radius of R. (i) Comparison of the Lp between the backbone alone and the overall polymer chain.
All Lp values are reported in reduced LJ units. Figures adapted from ref. 68 (copyright 2023 John Wiley and Sons) and ref. 80 (copyright 2020 American
Chemical Society).
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and processing of CPs toward next-generation organic
electronics.

3.3 Glass transition temperature (Tg)

3.3.1 CG modeling of effects of side-chain on Tg. The glass
transition temperature (Tg) is crucial for determining the ther-
mal and mechanical performance of CPs, especially in organic
electronics where thermal stability directly impacts device per-
formance and longevity. Experimental studies indicate that the
side-chain length and structure significantly influence Tg, with
longer alkyl side-chains decreasing Tg due to increased chain
flexibility and reduced intermolecular interactions.66,84 This
underscores the importance of side-chain engineering in tuning
the thermal properties of CPs for optimal performance.

To verify the experimental results and gain more insights,
CG-MD simulations were employed to probe how side-chain

length (M) and grafting density (f) influence mechanical proper-
ties and Tg.66 A generic bead-spring CG model was used to
preserve the essential structural features of the D–A CPs
(Fig. 5(a)). Specifically, the CG model of each CP consists of a
linear backbone chain, a side-chain branching site, and side-
chains representing alkyl groups. These simulations revealed
that increasing the side-chain length significantly decreased
the Tg of the bulk polymers. For polymer models with a side-
chain length (M) greater than three, Tg tended to plateau,
indicating a reduced rate of decrease with further increases
in side-chain length (Fig. 5(a)). These simulation results were
consistent with experimental findings, demonstrating that
longer side-chain lengths lead to a greater reduction in Tg.
To further explore the influence of the side-chain group on
bulk properties, the Debye–Waller factor hu2i was calculated,
which measures local free volume and segmental mobility.85,86

Fig. 5 (a) Computational molecular model of PDPPT-based polymers. Representative geometrical configuration of simulated polymers with branched
side-chains. The backbone of all chains is composed of 20 CG beads (shown in gray). M represents the number of CG beads for each branched side-
chain (shown in cyan). f represents the grafting density (the branching position is shown in purple). A snapshot of bulk CG polymer system. Tg versus side-
chain length M for six polymers with different grafting densities f. Debye–Waller factor hu2i versus side-chain length M for polymers with different grafting
densities f. Figure adapted from ref. 66 (copyright 2020 John Wiley and Sons). (b) Bulk CG of polymer with random cleaved side-chains. Representative
configuration of simulated polymers with cleaved branch side-chains. Snapshot of the bulk CG polymer system. The variation of Tg as a function of the
degree of cleavage o for constant cohesive interaction strength e2 (red color) and variant cohesive interaction strength e2 (blue color). Inset shows the
function of constant e2 and variant e2. Figure adapted from ref. 87 (copyright 2022 John Wiley and Sons). (c) Machine learning model. Flow chart of the
integrated machine learning framework, molecular dynamics simulations, and experimental techniques to predict Tg of conjugated polymers. Figure
adapted from ref. 63 (copyright 2022 Elsevier).
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The simulations indicated that larger side-chain lengths exhib-
ited higher mean-squared displacement (MSD) values, reflect-
ing enhanced chain mobility. As the fraction of side-chain
beads in the bulk polymer model increases, either by increasing
side-chain length (M) or grafting density ( f ), hu2i also increases
(as shown in Fig. 5(a)). This suggests a greater local free volume
associated with segmental mobility, which significantly influ-
ences Tg. The simulation results highlight that the structure of
side-chain groups is a critical parameter for controlling the Tg

and mechanical properties of D–A CPs.
Building on the insights gained from examining how side-

chain length affects Tg, it is equally crucial to understand the
impact of side-chain cleavage. Experimental studies have
demonstrated that flexible side-chains possess much faster
dynamics, and the cleavage of these side-chains reduces chain
dynamics, leading to a higher Tg. Controlled side-chain cleavage
in polythiophenes, for instance, revealed that removing more
than 95% of alkyl side-chains at 140 1C significantly raised the
backbone Tg from 23 1C to 75 1C.87 This increase in Tg was
attributed to the specific interchain interactions between the
residual carbonyl groups in ester groups and the hydroxyl groups
of newly formed carboxylic groups. To gain deeper insights and
verify experimental results, CG-MD simulations were employed
to study the Tg dependence on side-chain cleavage. These
simulations examined the structural properties and molecular
dynamics by varying the degree of side-chain cleavage. The CG
model represented the polymer backbone and side-chains,
where side-chain segments were selectively removed to mimic
thermal cleavage (Fig. 5(b)). The simulations revealed that
increasing side-chain cleavage significantly increased Tg, agree-
ing well with experimental findings. The reduction of flexible
side-chains was found to enhance the thermal stability of CPs by
decreasing chain dynamics. The Tg enhancement trend was
found to be governed by specific interchain interactions, which
were captured at the molecular level.

These findings underscore the importance of considering
both side-chain length and side-chain cleavage in designing
CPs for specific applications, highlighting the consistency
between simulation and experimental results. Such a compre-
hensive understanding of side-chain effects on Tg is crucial for
guiding the development and processing of CPs toward next-
generation organic electronics.

3.3.2 Machine learning predictions of Tg from chemical
structure. Designing and predicting the Tg for CPs remains a
significant challenge due to the complex architecture and diverse
chemical building blocks of these materials. This complexity
necessitates advanced predictive approaches to facilitate the
design of new materials with desired thermal properties. To
address this challenge, a predictive modeling framework was
developed by integrating machine learning (ML), MD simulations,
and experimental data (as shown in Fig. 5(c)).63 This integrated
approach aims to accurately predict the Tg of CPs, facilitating the
design of new materials with desired thermal properties.

The foundation of this framework lies in the construction of
an ML model using a dataset of 154 Tg values collected from
both literature and experimental measurements. Simplified

molecular features derived from the chemical structure of the
repeat units of CPs were used to develop the model. Six key
structural features were identified as the most influential: side-
chain fraction, isolated rings, fused rings, bridged rings, halo-
genated atoms, and double/triple bonds. These features formed
the basis of a multiple linear regression model, which demon-
strated strong predictive capability for diverse CPs. To enhance
the model’s accuracy, MD simulations provided deeper insights
into the role of these chemical building blocks. The simulations
revealed the influence of side-chains and aromatic rings on the
dynamic heterogeneity and local mobility of CPs, corroborating
the ML model’s predictions. By capturing the molecular-level
interactions and chain dynamics, the MD simulations offered a
detailed understanding of how these structural features govern
Tg. This integration of ML predictions and MD insights under-
scores the robustness of the predictive framework.

Additionally, the integrated approach included dynamic
mechanical analysis (DMA), differential scanning calorimetry
(DSC) experiments, and quasi-elastic neutron scattering on CPs
to improve dataset diversity and validate model predictions.63

This comprehensive method highlighted that Tg is strongly
governed by the chemical structure of key building blocks of
CPs. Recent studies have demonstrated the use of ML for
predicting the Tg of polymers, achieving significant accuracy
improvements and emphasizing the importance of diverse
datasets and robust feature selection.40,88 The practical appli-
cation of this combined ML and MD approach was demon-
strated through accurate Tg predictions for high-performance
CPs used in organic solar cells, such as PM6 and PTB7. These
predictions closely aligned with experimental measurements,
showcasing the model’s capability to design CPs with tailored
thermal properties. This integrated predictive framework
underscores the importance of combining computational and
experimental methods to achieve reliable material predictions.

3.4 Mechanical properties

3.4.1 Elastic and deformational behaviors of CP thin films.
The mechanical properties of CPs are crucial for their application
in flexible and wearable electronics. Traditionally, achieving
high stretchability in CPs has focused on ensuring a low elastic
modulus (E). However, recent studies have shown that the
degree of entanglement, rather than softness alone, determines
stretchability.65 Experimental studies have highlighted that
side-chain length and architecture significantly influence the
mechanical behavior of CPs, affecting properties such as
stress–strain response and E.34 Understanding these structural
influences is essential for designing CPs with both high
mechanical performance and desirable electronic properties.

To complement the experimental investigations on thin film
systems, CG-MD simulations were employed to study the
mechanical behavior of CPs with varying side-chain lengths
and structures (Fig. 6(a)). The simulations utilized a ‘‘bead-
spring’’ model to capture essential structural characteristics,
where a linear backbone chain with each backbone bead was
connected to a side-chain to simulate the alkyl groups. In the
CG-MD simulations, the elastic modulus (E) was analyzed as a
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Fig. 6 (a) Snapshot of CG free-standing thin film. (b) Elastic modulus vs. T for polymer thin film system. Inset shows representative tensile stress–strain response of
polymer thin film for different T, where the elastic modulus E was determined by linearly fitting the stress–strain data within 3% strain as marked by the dashed lines. (c)
Average orientation parameter (left y-axis) and end-to-end distance (right y-axis) versus strain for two representative T. Inset shows the schematic of a single polymer
chain with a defined angle between the bond orientation and tensile direction. CG-MD simulation results were expressed using the reduced LJ units. (d) Coarse-graining
the all-atomistic (AA) model of P3HT to the CG model, illustrating the CG mapping scheme. The snapshot depicts a scratching test on polymer thin film, with the bottom
2 nm polymer layer treated as a rigid region (gray atoms), and the cone-shaped indenter also shown in gray. (e) Toughness (area under tensile stress curve to 250%) of
P3HT with different Mw (or n) with the inset showing a snapshot of stretched P3HT thin films with different chain lengths at 135% strain. (f) Representative indentation
curves of force vs. depth for P3HT thin film systems with 10 and 150 monomers per chain and with the inset showing the nanoindentation theoretical model. (g) Top view
snapshots of P3HT thin film at various strains: for the 30-mer film at strains 1.2 and 1.3, cracks occur by chain pullout with decreased orientation along the tensile direction
when straining X1.1. For the 150-mer film at strains 0.7 and 1.3, polymer chains continuously align in the stretching direction, and the film gradually narrows. Only
backbones are shown here for clarity, and chains are colored using their local ordering parameter P2. (h) Von Mises stress distribution of atoms in P3HT thin film with
10 and 150 monomers per chain, respectively, at the final stage of scratching (scratch distances of 300 Å). The color bar below indicates the atomic Von Mises stress.
(i) Snapshot of the equilibrated P3HT/graphene nanocomposite system containing 12 graphene flakes and 800 P3HT chains with 20 monomers chain. (j) Young’s
modulus (left y-axis) and Tg (right y-axis) vs. graphene content of P3HT/graphene nanocomposites. The experimental89 and Halpin–Tsai predictive Young’s modulus
values for nanocomposites are also shown for comparison. (k) Dynamical heterogeneity of the P3HT/graphene nanocomposite at 300 K: color maps of local stiffness 1/
hu2i of the center of mass of the CG beads of P3HT/graphene nanocomposites with different graphene contents. (l) Tensile modulus E/Ebulk vs. hu2ibulk/hu2i for all P3AT/
graphene nanocomposites at different temperatures and with different graphene contents, where the dashed line indicates the linear fitting of the data. (m) Representative
snapshot of amorphous morphology before and after straining to 150% (only graphene and two P3HT chains are shown for clarity). (n) Orientation parameter f of the axial
and transverse components of the P3HT backbone and the graphene C–C bond during the uniaxial tension deformation at 300 K. Figures adapted from ref. 65 (copyright
2023 John Wiley and Sons), ref. 90 (copyright 2024 American Chemical Society), and ref. 91 (copyright 2023 Royal Society of Chemistry).
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function of temperature for the polymer thin film system,
ranging from 0.7 Tg to 1.3 Tg (Fig. 6(b)). The results revealed
a significant drop in E with increasing temperature, indicating
that the material becomes less stiff as it approaches and
surpasses the Tg. The inset of Fig. 6(b) illustrates the represen-
tative tensile stress–strain response of the polymer thin film at
different temperatures, where E was determined by linearly
fitting the stress–strain data within 3% strain, as marked by the
dashed lines. These findings align well with experimental
observations, demonstrating the validity of the simulation
approach.65

Experimental studies have emphasized the need for detailed
insights into the mechanical and conformational properties of
CPs thin films to design materials with optimal performance.
To address this need, a chemistry-specific CG model was
developed, derived from all-atomistic (AA) simulations of
poly(3-hexylthiophene) (P3HT).59 This approach preserves the
critical molecular interactions and conformations observed
experimentally, enabling systematic investigation of the
mechanical behavior and conformational characteristics of
free-standing CP thin films through uniaxial tension, nanoin-
dentation, and scratching tests.

Using the chemistry-specific CG model, the mechanical
properties of P3AT derivatives with different side-chain lengths
were systematically explored. The simulations revealed that
increasing the side-chain length generally leads to a decrease
in E and tensile strength, as longer side-chains introduce more
free volume and flexibility into the polymer matrix. This trend
was consistent across various molecular weight (Mw), indicating
that side-chain length is a significant factor in determining the
mechanical behavior of CP thin films. Uniaxial tension tests
further revealed that higher Mw, corresponding to longer poly-
mer chains, resulted in elevated stress levels before fracture. As
the stretching progressed, the radius of gyration (Rg) of P3HT
chains exhibited a trend similar to that of stress, with Rg

undergoing a decline upon film fracture. This behavior is
attributed to the increased entanglement and segmental rear-
rangement capacity of higher Mw chains, which accommodate
applied strain more effectively, preventing fracture initiation.
Fig. 6(e) illustrates this trend, where the area under the stress–
strain curve (indicative of material toughness) increases with
Mw. The inset of Fig. 6(e) provides visual confirmation, showing
that low-Mw systems tend to fracture via chain pullout, whereas
high-Mw systems allow more conformational changes and seg-
mental rearrangements within the polymer chains, accommo-
dating the applied strain more effectively. This enhancement in
ductility and toughness with increasing Mw is crucial for the
performance of flexible devices.

The orientation of polymer chains during stretching was
further evaluated by calculating the orientation parameter of
the thin film system. This parameter, defined by the angle
formed by the bond vector connecting two consecutive back-
bone CG beads relative to the deformation direction (inset of
Fig. 6(c)), provided insights into the chain alignment. Fig. 6(c)
shows clear evidence that, as the tensile strain increased, the
polymer chains exhibited a greater tendency to align along the

deformation axis, resulting in a higher orientation parameter
and an increase in the end-to-end distance of the polymer
chains. This tendency for backbone orientation under strain
was observed for different temperatures (0.7 Tg and 1.3 Tg), with
a Gaussian-like distribution of local orientation parameters,
indicating a propensity for backbone alignment in the direction
of strain. The end-to-end distance distribution exhibited a
similar trend, with both the orientation parameter and end-
to-end distance being nearly independent of temperature.65

These CG-MD simulations provided valuable insights into the
molecular-level mechanisms driving the mechanical behavior
and chain conformation during stretching, complementing the
experimental observations.

3.4.2 Interfacial characterization of CP thin films. The
interfacial properties of CP thin films are equally critical for their
performance in practical applications. Nanoindentation and
scratching tests provide insights into the mechanical resilience
and durability of CP thin films. Using the chemistry-specific CG
model, nanoindentation behavior was studied for P3AT thin films.
The representative force vs. indentation depth curve (Fig. 6(f))
revealed stiffening behavior with increasing Mw. Young’s modulus
(E), derived using the nanoindentation theoretical model, showed
that E obtained from indentation is more sensitive to Mw than
from tensile tests. This difference is attributed to the distinctive
deformation mechanisms, where chains are more uniformly
stretched under uniaxial tension and locally compressed under
nanoindentation. Additionally, side-chain length significantly
influenced the mechanical response; longer side-chains resulted
in lower toughness and E due to the additional mobility and
spatial accommodation provided by the side-chains. Despite these
influences, the backbone’s structural integrity remains crucial in
determining the overall film properties. Transitioning to the chain
conformation under mechanical stress provides essential insights
into both mechanical and electronic behavior. Simulation results
demonstrated that stretching promotes both chain alignment and
extended conjugation lengths, enhancing the electronic properties
of P3AT thin films. As shown in Fig. 6(g), chain alignment
increases with applied strain, especially for high-Mw samples.
For low-Mw thin films, chain pullout and fracture occur at lower
strains, accompanied by a drop in orientation along the tensile
direction. In contrast, high-Mw thin films exhibit continuous
alignment and narrowing under higher strains, maintaining
structural integrity and enhancing electronic performance.90 This
behavior underscores the importance of molecular weight in
determining the mechanical response and stability of CP thin
films under mechanical stress.

Furthermore, scratch testing provided additional insights
into the mechanical resilience and durability of CP thin films.
The simulations indicated that high-Mw thin films exhibited
elevated friction forces due to chain accumulation on the inden-
ter. The Von Mises stress distribution, depicted in Fig. 6(h),
revealed that high-Mw films could better distribute and dissipate
stress, contributing to their enhanced mechanical performance.
This behavior is due to the sufficient chain sliding and alignment
along the scratch path, which allows the material to absorb and
redistribute stress more effectively. Conversely, films with longer
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side-chains showed lower friction coefficients, correlating with
their reduced mechanical strength. The polymer chains in
these films exhibited lower stress values, indicating less effective
stress distribution and higher susceptibility to damage during
scratching.90 The chemistry-specific CG model effectively captured
the mechanical and conformational behaviors of P3AT thin films,
providing molecular-level insights consistent with experimental
observations, and guiding the design of CP-based materials for
flexible electronics.

3.4.3 CG modeling of thermomechanical behaviors of CP
nanocomposites. The integration of graphene into CP nano-
composites is a promising strategy to enhance their mechanical
properties, crucial for flexible and electronic devices. Experi-
mental studies have shown that graphene, with its exceptional
mechanical strength and electrical conductivity, can signifi-
cantly improve the thermomechanical properties of CPs.92–94

Despite these advancements, a fundamental understanding of
these enhancements at the molecular level remains limited. To
address this gap, a chemistry-specific P3AT CG model,
informed by atomistic simulations, was employed to investigate
the temperature-dependent thermomechanical properties of
graphene-reinforced P3AT nanocomposites (Fig. 6(i)).59,91

To elucidate the impact of graphene content on the mechan-
ical performance of P3AT nanocomposites, tensile deformation
simulations were conducted. As shown in Fig. 6(j), the Young’s
modulus of P3HT/graphene nanocomposites increases with
graphene content. The comparison between the simulation
results and the Halpin–Tsai predictive model95,96 highlights
the reinforcing effect of graphene. Notably, the experimental
data align well with the simulation predictions, demonstrating
the reliability of the CG model.89 Additionally, the Tg also
showed a positive correlation with graphene content, further
reinforcing the thermal stability of the nanocomposites. The
simulations revealed that higher graphene content leads to
improved mechanical strength and thermal stability, making
these nanocomposites suitable for advanced applications.
Furthermore, to explore the impact of graphene content on
dynamical heterogeneity, color maps of local stiffness 1/hu2i
were generated for P3HT/graphene nanocomposites at 300 K
(Fig. 6(k)). The results indicate that as the graphene content
increases, the local stiffness becomes more pronounced, with
higher concentrations of red regions representing areas of
slower molecular dynamics. This increased dynamical hetero-
geneity is attributed to the presence of more rigid graphene,
which enhances the mechanical response of the system. The
inclusion of graphene not only increases the overall stiffness of
the nanocomposite but also induces significant dynamical
heterogeneity, contributing to the improved mechanical prop-
erties of the material. Additionally, Fig. 6(l) illustrates the
tensile modulus E/Ebulk vs. hu2ibulk/hu2i for all P3AT/graphene
nanocomposites at different temperatures and with varying
graphene contents. The dashed line represents the linear fitting
of the data, showing a clear linear relationship. This linear
correlation between the tensile modulus and local stiffness
highlights the fundamental role of graphene in altering the
mechanical properties of CP nanocomposites. Specifically, the

presence of graphene significantly increases the local molecu-
lar stiffness, as indicated by the higher values of 1/hu2i. This
enhanced stiffness translates directly into higher tensile mod-
uli, demonstrating that the mechanical reinforcement provided
by graphene is not only due to its intrinsic strength but also due
to its ability to modify the local dynamics and structural
properties of the polymer matrix. The consistent increase in
tensile modulus with local stiffness further underscores the
effectiveness of graphene in improving the mechanical perfor-
mance of CP nanocomposites.

Furthermore, the strain-induced chain conformation of
P3AT/graphene nanocomposites was evaluated to understand
the effects of uniaxial strain on molecular alignment. Applying
uniaxial strain causes the chain segments to align along the
axial direction, enhancing charge carrier mobilities in highly
aligned nanofibrillar structures.97 Representative snapshots
before and after straining to 150% show significant morpholo-
gical changes (Fig. 6(m)). Simulations of P3HT/graphene nano-
composites (5 wt% graphene) at 300 K demonstrated that both
the P3HT backbone and graphene exhibited increasing chain
alignment with rising strain along the stretching direction,
while decreasing along the transverse direction (Fig. 6(n)).
Due to its planar architecture and high stiffness, graphene exhib-
ited a lower degree of alignment, which nonetheless contributes to
the overall mechanical enhancement of the nanocomposite. The
alignment behavior was found to be relatively insensitive to
temperature and graphene content, but the longer side-chains in
the P3AT system exhibited a higher tendency for alignment due
to stronger segment dynamics. These findings provide a compre-
hensive understanding of the thermomechanical behavior of
graphene-reinforced CP nanocomposites, highlighting the signifi-
cant role of graphene in enhancing mechanical properties and
stability. This molecular-level insight is crucial for optimizing CP
nanocomposites for advanced flexible electronics and other high-
performance applications.

4. Conclusion

In summary, this review underscores the significant advance-
ments in understanding the optoelectronic, structural, and
thermomechanical properties of CPs through multiscale simu-
lations. Quantum mechanical studies have provided critical
insights into the electronic structures and conformational
dynamics of CPs, establishing foundational knowledge for
predicting material behavior. AA-MD simulations have eluci-
dated the intricate interplay between polymer chain morphol-
ogy and optoelectronic properties, while coarse-grained models
have enabled the exploration of larger-scale phenomena and
long-term behavior. ML approaches have shown promise in
developing predictive models for CP properties, offering an
efficient route for material design and optimization. The inte-
gration of these computational techniques has not only
enhanced our understanding of CPs at a molecular level but
also bridged the gap between theoretical predictions and
experimental observations. Moving forward, the continued
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development of these simulation methodologies, coupled with
experimental validation, will be crucial in advancing the field of
conjugated polymers. Future research should focus on refining
these models to capture the complexities of CP behavior more
accurately and exploring new CP architectures and composi-
tions to meet the evolving demands of flexible and wearable
electronics.
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