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ABSTRACT: In the rational design of novel polymers, the role of simulation
methods based on classical physics is often hindered by the limited accuracy and
transferability of the available models, at both the full-atomistic (FA) and coarse-
grained (CG) level. Here, we introduce a first-principles-based, fully modular
computational protocol for the generation of accurate and consistent FA and CG
force fields, tailored on a specific material, and requiring as the sole input the
chemical formula of one repeating monomeric unit of the target polymer. The
proposed workflow is aimed to connect, across multiple scales, Quantum
Mechanical (QM) calculations, FA and CG quantum-mechanically derived force
fields (QMD-FFs), and Molecular Dynamics (MD), integrating them into a
single, consistent, and reproducible framework. The protocol is tested on
poly(ethylene terephthalate) (PET), a well-known polymeric material, widely used in the packaging industry. MD simulations
carried out with our FA and CG QMD-FFs are found to significantly outperform standard general-purpose models in predicting key
properties such as density, glass transition temperature, as well as the intra- and supra-molecular structure. Such improvement is
traced back to the accuracy of the parent QM description by controlling the adherence of the lower level models to the reference set,
monitoring this flow of information at each step of the applied procedure. The performances obtained for PET confirm the reliability
of a general and tunable approach, which supports systematic refinement and hence stands as a promising tool for in silico design of
novel polymers. Subjected to further automation, the procedure could also be integrated into computational machine-learning-based
high-throughput schemes, paving the way toward an efficient data-driven polymer discovery.

1. INTRODUCTION
Thanks to their structural versatility and tunable physicochem-
ical properties, polymers are ubiquitous in modern materials
science, enabling applications that range from traditional uses,
such as packaging, construction, the automotive sector, and the
production of technical components, to more specialized fields,
including optoelectronics and biomedical technologies. Today,
in response to growing environmental pollution concerns and
increasingly stringent regulations regarding the life cycle of
plastic materials, both research and industry are shifting toward
the development and use of ecofriendly and sustainable
polymers. These materials are being applied not only in
conventional sectors, such as packaging,1 but also in advanced
fields, such as nature-inspired biomedical materials,2 high-
performance electronic devices,3,4 bulk heterojunction solar
cells,5 and organic light-emitting diodes (OLEDs),6 to name
some of the most promising emerging applications. Such a
never-ending quest of novel and improved polymeric materials
is nowadays flanked by the increasing concerns on their
environmental impact,7 which bring in the challenge to design
advanced polymers not only with enhanced performances but
also with sustainable environmental compatibility.8 Both of
these aspects hinge upon a deep comprehension of the

structure−property relationships connecting the detailed
atomistic structure of the polymer, and its possible
functionalization, with the performances of the final device.
In this context, computational approaches can, on the one

hand, play a crucial role in interpreting such connections, and
given the availability of accurate and reliable models, bottom-
up strategies could be devised for an efficient rational design of
these materials. On the other hand, the wide range of length
and time scales required to reliably rationalize the intricate
supramolecular features characterizing polymeric materials in
terms of atoms and their dynamics hampers this development
and poses a significant challenge,9−11 which stands in
simultaneously considering the supramolecular organization
and the fine molecular features, including the electronic effects
of functional groups and the backbone conformational
flexibility. This is particularly critical in smart polymers and
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optoelectronic materials,12 where the desired performance is
governed by both molecular-scale structural organization and
fine electronic structure, but also more standard properties
such as density, barrier, diffusion, and transport significantly
depend on the accuracy of the chosen model.13,14

Although the most accurate approach should consist of
resorting to a Quantum Mechanical (QM) framework, QM
calculations are computationally prohibitive for these materials
and usually limited to small systems and short simulation times
(typically up to hundreds of atoms and ps). Conversely,
simulation methods based on classical physics, such as full-
atomistic Molecular Dynamics (FAMD) and coarse-grained
Molecular Dynamics (CGMD), offer great scalability, allowing
for exploration on the �s scale of wide portions of the
investigated material.15 In particular, a long-lasting and
considerable attention in polymer design has been devoted
to coarse-grained models,16−20 which are able to disclose larger
spatial and temporal scales with respect to FAMD approaches,
exploiting a reduction in the number of degrees of freedom
(DoFs), usually obtained by averaging out the fastest modes by
grouping together multiple atoms into a single interaction site
(bead). CG approaches allow in fact for accessing many
dynamical properties of polymeric systems, such as chain
relaxation time, diffusion, shear stress relaxation modulus, and
miscibility.20−25 Yet, both FA and CG simulations often fail to
deliver accurate and reliable predictions due to limitations in
the adopted force field (FF), i.e., the model adopted to
describe the potential energy surface (PES) of the target
system. In fact, at the CG level, bottom-up approaches
parametrize CG-FFs to match some preselected structural,
dynamical, or thermodynamic reference properties, obtained
with the higher resolution FA model. CG accuracy is hence not
only related to the employed parametrization strategy but also
remarkably dependent on the reliability of the underlying FA-
FF.26,27 Therefore, a careful selection of the latter is crucial in
any computational protocol aimed at rational design through
either FA- or CGMD simulations.
The most straightforward choice is probably invoking

transferability, thus assembling a FA-FF through general-
purpose parameters.28 Nonetheless, widely used transferable
FFs, such as OPLS29 and GAFF,30 are typically parametrized
for biomolecules or small organic compounds, and they often
underline erroneous trends in capturing key conformational
and dynamic features that are critical for accurately modeling
polymer systems.31−35 These deficiencies include inaccurate
descriptions of short-range steric repulsion, conformational
flexibility of polymer backbones, and �−� stacking inter-
actions.32 This lack of specificity inevitably reflects on the
predicted thermodynamic properties (e.g., glass transition
temperature or vaporization enthalpy) and dynamical features.
For instance, in the case of n-tetradecane, GAFF was recently
found to deliver a significant overestimation of both density
and heat of vaporization,35 which eventually led to the
formation of artificial crystalline domains at room temperature.
Similarly, Mohanty et al.33 reported that OPLS436 performs
well in predicting the self-diffusion coefficient of the ethylene
glycol monomer, but its accuracy drops sharply for oligomers
as short as the dimer, further deteriorating for longer chains.
Such behavior upon chain elongation has also been found by
Semmeq et al.34,37 for GAFF when tackling polyethylene glycol
oligomers. Some of these inaccuracies can be corrected by
resorting to a partial refinement of selected parameters,
specifically carried out for the target species. Following this

line, bonded and nonbonded FF terms for conjugated
polymers were, for instance, obtained38 using capped minimal
models, where the polymer backbone is optimized at the QM
level and subsequently combined with OPLS-derived side-
chain parameters. Similar efforts in this direction focused on
recalculating partial atomic charges,13,39 reparametrizing tor-
sional potentials to better capture polymer-specific conforma-
tional behavior,40 or applying both simultaneously.32,41,42

While such targeted modifications can improve the prediction
of certain properties, they may worsen the performances with
respect to some others, hence reducing the transferability and
internal consistency of the refined FF. In particular, overfitting
torsional profiles or adjusting charges to match a specific
experimental observable can distort the PES defined by the FF
in regions not directly constrained by the fitting data.
Furthermore, such discrepancies can propagate into CG
models, introducing uncontrolled biases, which can in turn
undermine the CGMD predictive power.
An alternative procedure stands in retrieving the full set of

FF parameters from accurate QM information, purposely
computed for the species of interest.43,44 In this framework, the
performances of quantum mechanically derived force fields
(QMD-FFs) were recently validated in challenging related
areas such as complex fluids,45,46 nanomanipulation of single-
chain polymers47,48 and, most lately, phonon interference,49

hence suggesting the possibility to apply a similar strategy to
tackle the simulations of polymer bulk phases. A successful
integration of robust QMD-FF parametrization strategies50

into an automated workflow designed for computational
screening protocols targeting polymer materials could not
only enhance the accuracy of the FAMD predictions but even
bridge the gap between the detailed and specific information
retrieved at the QM level on molecular structure and the
material properties predicted by the CG dynamics. As recently
pointed out by Burke and Troisi,10 it is however crucial to
carefully monitor the flux of information across the different
levels of theory, whose integrity is pivotal for the success of a
reliable protocol.
In this work, we present a modular and general workflow,

aimed at a systematic and consistent transition of information
through multiple levels of theory, ranging from QM reference
data, through QMD-FF-based FAMD, up to the CG
representation. To this end, the unique possibility offered by
first-principles approaches to retrieve key molecular informa-
tion from the sole knowledge of the molecular structure is first
exploited to build an accurate atomistic QMD-FF for the
chosen target species through the integration of the JOYCE35,51

and PICKY50,52 algorithms. The resulting parameters are
thereafter employed in FAMD simulations to collect the
supramolecular structural descriptors required for the sub-
sequent CG parametrization, while preserving key physical
characteristics such as chain flexibility and intra- and interchain
interactions. Once validated, the here proposed workflow
could bring three major advancements: i) the integration of
robust and widely employed techniques such as density
functional theory (DFT), QMD-FFs, FAMD, and CG
modeling ensures reproducibility at all levels of theory; ii) it
is in principle applicable to any polymer chain, as only the
structure of the constitutional or repeating monomeric unit
(RMU) is required as input; iii) it is highly tunable and
supports systematic refinement, making it well-suited for in
silico design and a promising tool to answer the urgent call of
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automated and reliable protocols in data-driven polymer
discovery.11

For a first extensive benchmark of our protocol, we have
selected a well-known and widely employed polymer, poly-
ethylene terephthalate (PET). This choice is motivated by
several reasons. First, the physicochemical properties of PET
are widely known and well-characterized experimentally, which
is crucial to validate the accuracy of the parametrized QMD-
FF. Furthermore, abundant computational studies have been
reported on PET using transferable force-fields (Tr-FFs) or
partially refined ones,53−55 giving us the chance to thoroughly
evaluate the advantages and lacks of the present approach.
From a more fundamental point of view, the semiaromatic
polyester structure of PET, comprising alternating ethylene
glycol and terephthalate units, exhibits a combination of rigid
(phenyl ring) and flexible (ethylene glycol) moieties, making it
ideal to test our parametrization protocol. Finally, despite its
extensive use, particularly in food and beverage packaging,
textiles, and high-volume consumer products,56 a significant
fraction of PET still ends up in landfills after single or limited
use. This issue arises from multiple factors, including
contamination during collection, material degradation upon
reprocessing, and the limited efficiency of current recycling
technologies.57 Moreover, the adoption of multilayer and
heterogeneous packaging systems, where PET is combined
with barrier polymers, adhesives, or coatings, further
complicates recycling routes, often preventing a closed-loop
circular process. As a consequence, PET waste contributes to
environmental accumulation, microplastic formation, and long-
term ecological and health concerns.58 In this framework, the
proposed workflow may act as an enabling technology for the
computational screening and rational design of next-generation
linear polymers with PET-like performance but reduced
environmental burden, bridging the gap between sustainability
targets and advanced materials design.

2. METHODS

2.1. Workflow Overview
The proposed multilevel workflow, summarized in Figure 1, is made
up of several sequential modules, as outlined in the following.

I. From the sole knowledge of the chemical structure of one
RMU (ethylene terephthalate in this work), a number of QM
descriptors is computed for the smallest representative units of
a polymer (i.e., 1RMU, 2RMU, or 3RMU) and successively
employed for the parametrization of the intramolecular terms
of the QMD-FF, resorting to the JOYCE protocol.35,51

II. The intramolecular QMD-FF obtained in the previous step for
small oligomers is propagated to chains of n units (nRMU)
through an automated protocol coded in the CHAMAK software
(vide inf ra).

III. The QMD-FF parametrization is completed by refining the
intermolecular term, which rules the interaction between
different polymer chains, by applying the PICKY protocol,50,52

where the FF parameters are again obtained by minimizing the
difference with QM reference data, here purposely computed
for selected chain pairs, at the same level of theory adopted in
module I.

IV. Once the QMD-FF is assembled, FAMD at different
temperatures is carried out to i) validate the FF reliability
through the comparison of relevant experimental properties
(e.g., density and glass transition temperature), ii) compare the
results with existing transferable models to assess and control
the gain in accuracy; and iii) retrieve information concerning
both polymer single chains and the achieved supramolecular
structure, necessary for the parametrization of the successive
CG module.

V. Computationally more efficient CG-FFs are obtained through
the iterative Boltzmann inversion (IBI) method, which allows
for robust parametrization exploiting the FA trajectories
retrieved at the previous module and offers the possibility of
different mapping schemes.

VI. The best-performing CG-FF is eventually used in CGMD
simulations for a final validation.

Figure 1. Overview of the computational workflow. The chemical formula of one repeating monomer unit (RMU, here ethylene terephthalate; see
the inset in the top left corner) is employed to build a database containing selected molecular descriptors, specifically computed at the chosen QM
level of theory (green background) for a few RMUs. The QM data are then employed, through modules I to III (sketched in the top panels), to
derive all parameters of a PET dedicated full-atomistic QMD-FF (FA level, cyan background), suitable for polymer chains consisting of a chosen
number of units (nRMU). The resulting QMD-FFs are next used in extensive MD simulations (step IV) to generate a new FA database, which
serves as input for ensuing FF parametrization, carried out at the CG level (violet background) in step V of the proposed workflow. The final CG-
FF is eventually employed (bottom left) in the final step VI to compute polymer properties and structural descriptors collected in the final CGMD
database.
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As further summarized in Table 1, each module or subunit is based
on the application of a specific software, some of which is purposely

coded or refined to fit the present workflow. In the same table,
estimates of the average computational cost required by each module
are also reported to evaluate scalability to similar or more extended
systems.
2.2. QM Calculations
While most QM methods provide reasonable accuracy for all the data
concerning short single chains (such as equilibrium minimum-energy
geometries and relaxed energy scans of the most flexible DoFs), the
noncovalent intermolecular interactions between two separate chains
are highly sensitive to the choice of theory and basis set.66,67

Moreover, it has been shown68 that, even for simple liquids as pure
benzene, slight differences in the reference QM description can
eventually lead to significant under- or overestimations of the
macroscopic properties yielded by the resulting QMD-FF. Since
among other condensed-phase features, the density was reported68 to
be particularly affected by the quality of the parent QM description,
here a not careful calibration of the latter could cause artificial bias,
which in turn may be inherited by the final CG model. To ensure
robustness, we therefore benchmarked multiple DFT functionals with
the 6-311+G(d,p) basis set against highly accurate reference data,
obtained through Coupled Cluster calculations, carried out, as
described in Section S1.1 in the Supporting Information, with Single,
Double, and perturbative Triple excitations, extrapolated to the
Complete Basis Set limit (CCSD(T)/CBS).66 As detailed in Section
S1.2, our benchmarks revealed that the B3LYP functional, augmented
with Grimme’s D3 dispersion correction using Becke−Johnson
damping (GD3BJ),69 provides interaction energies that are com-
parable to the ones obtained at the CCSD(T)/CBS level, yet with a
remarkable computational benefit. Based on these outcomes, the DFT
calculations required for JOYCE and PICKY parametrizations were
performed at the B3LYP-D3(BJ)/6-311+G(d,p) level. All QM
calculations were carried out with the GAUSSIAN1659 software.
2.3. QMD-FF Parametrization
For a system of Nc polymer chains, the total energy modeled at the
classical level by the QMD-FF (EQMD‑FF) is expressed as

E E EQMD FF
intra
QMD FF

inter
QMD FF= + (1)

Therefore, as illustrated in Figure 1, the QMD-FF parametrization
separately addresses the intramolecular E( )intra

QMD FF and intermolecular

E( )inter
QMD FF contributions, which, respectively, govern the flexibility of

each polymer chain or their interaction. Following such partition, this
hierarchical approach ensures a systematic and independent control
over both the intra- and intermolecular terms, enhancing the accuracy,
physical consistency, and transferability of the whole QMD-FF to
longer chains.35,47,50

2.3.1. Intramolecular Term. As far as Eintra
QMD FF parametrization is

concerned, we adopt a bottom-up strategy, where such transferability
is first evaluated by addressing, in a stepwise manner, one, two, or
three covalently bound RMUs, hereafter labeled 1RMU, 2RMU, and
3RMU, respectively. For each oligomer, all intramolecular parameters
were obtained with the JOYCE3.060,70 code, following the procedure
detailed in Section S2.1 of the Supporting Information. Based on the
resulting 2RMU and 3RMU parameters, a custom-built algorithm is
here proposed to automatically generate chains composed of n units
(nRMU), streamlining the workflow for parameter development and
enabling straightforward scaling to larger systems. The procedure has
been coded in the Chain-Maker (CHAMAK) software61 and is briefly
described in the following. The CHAMAK algorithm is devised for
homopolymers, i.e., chains made up of n identical RMUs, whose
skeleton can be schematized as A−B1−B2−···−B(n‑2)−C, where A
indicates the head building block, C the tail, and Bk an internal unit.
In such a framework, it is evident that 3RMU, which can be indicated
as A−B1−C, already contains the main ingredients required for the
description of the flexibility of longer chains. Following this scheme,
CHAMAK automatically inserts (n − 3) RMU units in the 3RMU’s A−
B1−C structure, hence obtaining a longer nRMU chain, whose QMD-
FF parameters are retrieved by transferring those optimized for the
corresponding unit (A, B, or C) in the smaller oligomer. The resulting
set, which contains information only on the interaction between First
Neighboring Units (FNUs), is successively integrated by CHAMAK

(see section S2.1.2 for details) with additional parameters, able to
describe the interaction among Far Lying Units (FLUs).

2.3.2. Intermolecular Term. An accurate description of the FF
intermolecular term is critical for capturing condensed-phase
behavior, including packing, density, and long-range conformational
properties. The parameters defining uinter were obtained resorting to
the PICKY3.0 package,63 following a recently proposed procedure,50

which integrates the original PICKY algorithm52 with the Fragmenta-
tion Reconstruction Method (FRM).71 This combined approach
enables the intermolecular QMD-FF parametrization of molecules of
large dimensions.50 While further details can be found in sections S2.2
and S3.2 of the Supporting Information and in the cited references, a
brief summary of the main PICKY features is given in the following.
The iterative procedure implemented in PICKY starts with a systematic
exploration of the QM interaction potential energy surface (IPES).
The IPES of two interacting nRMUs is sampled by automatically
selecting a diverse set of representative chain pairs, extracted from
MD configurations of several nRMU chains, equilibrated at specified
thermodynamic conditions. The QM interaction energies of these
dimers are then computed, generating a reference database (Figure 1).
The resulting QM training set is used to obtain the nonbonded
QMD-FF parameters for each atom of the nRMU chain, as defined in
eq (S8), namely �inter, �inter, and partial charge q. The resulting set of
parameters is subsequently used in FAMD simulations, which
produce a trajectory equilibrated on the new IPES. Additional
configurations are then sampled from the latter trajectory and
employed in the next PICKY cycle, thus identifying additional distinct
dimers and progressively enriching the training set. This QMD-FF
refinement cycle (sampling → QM evaluation → parameter fitting →
FAMD resampling) is repeated iteratively until convergence is
achieved, namely when two consecutive cycles yield negligible
differences in the IPES.
2.4. FAMD Simulations
Polymeric systems, consisting of a fixed number (Nc) of nRMU chains
of varied lengths (n = 10, 20, 50, or 100), were equilibrated at room
temperature and 1 atm through FAMD simulations, following the
extensive annealing protocol proposed by Lightfoot et al.72 The same
protocol, described in more detail in Section S4.1 of the Supporting

Table 1. Summary of the Codes Employed along the
Proposed Computational Workflow Sketched in Figure 1,
Listed Together with Their Functions and Approximated
Average Computational Cost (Wall Time), Registered for
Each Module

Module Code Output Wall timea

I.a QM database GAUSSIAN1659 PES descriptors 60 (<1)

I.b QMD FFoligo
intra

JOYCE60 QMD-FF parameters 2 (<1)

II QMD FFpoly
intra

CHAMAK
61 QMD-FF topologies <1 (<1)

III.a QM database GAUSSIAN1659 IPES descriptors 280 (<1)
III.b IPES sampling GROMACS62 4RMU’s chain pairs 4 (1)

III.c QMD FFpoly
inter

PICKY63 Final QMD-FF for
nRMU 1 (<1)

IV FAMD GROMACS62 nRMU distribution
functions

220 (11)

V IBI MAGIC3.064 CG-QMD topologies 30 (10)
VI CGMD LAMMPS65 polymer properties 180 (6)
aTotal wall time (h) was obtained by summing all elapsed times
registered for each type of calculation in the module: e.g., QM
optimizations, MD runs, etc. The average time required for a single
production run is also reported in parentheses.
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Information, was applied both to the tailored QMD-FF and to a
general purpose FF (OPLS),29 the latter generated with the
LigParGen server73 and hereafter labeled as Tr-FF. After equilibra-
tion, each system was then simulated for 100 ns under ambient
conditions, collecting structural and thermodynamic properties such
as densities, torsional distributions, and glass transition temperature
(Tg). A time step of 1 fs was used to integrate the equations of motion
with the leapfrog algorithm, while bonds involving hydrogen atoms
were constrained with the LINCS scheme.74 Short-range Coulomb
and van der Waals interactions were truncated at 1.2 nm, while long-
range electrostatics were treated with the smooth particle mesh Ewald
method75 (cubic interpolation, maximum grid spacing 0.12 nm).
Temperature and pressure were controlled with the velocity-rescaling
thermostat76 and stochastic cell rescaling barostat,77 using coupling
constants of 0.1 and 2.0 ps, respectively. All simulations were
performed with the GROMACS engine.62

2.5. CG-FF Parametrization
Systematic coarse-graining included two main steps, i.e., the selection
of the CG mapping scheme, which sets the degree of resolution, and
the following CG-FF parametrization. For the development of a
chemically specific CG model, it was essential to choose a mapping
scheme that balanced the predictive accuracy and computational
efficiency. On one hand, it was desirable to retain as much structural
detail as possible from the FA force field to minimize information loss
and preserve predictive reliability. On the other hand, because the
mapping process is not unique, benchmark tests were necessary to
identify the scheme that best preserved the relevant physical
information while offering computational advantages.78,79 Hence,
three different CG mapping schemes were investigated, as discussed
in detail in the next sections. Each mapping scheme aimed to capture
a different set of local interactions that may affect the global packing
structure. In PET, material properties like density, Tg, and oxygen
permeability are governed by local interactions such as torsion (e.g.,
�5 defined in Figure S5 and phenylene ring-flipping) and �−� stacking
of the phenylene rings.80 For this reason, we have chosen rather finer
mappings that keep key displacements between chemical moieties,
such as ester−ethylene and phenylene−ester rotations, at the expense
of partially losing some computational speed-up. As detailed in
section S5.1 of the Supporting Information, the IBI method16,81,82

implemented in the MAGIC3.0 package64,83 was used to derive the
CG-FFs according to each considered scheme. To the best of our
knowledge, torsional terms are not implemented in the current MagiC
3.0 version.83 Even though CG dihedrals usually correspond to 1−8
atomistic interactions, PET showed a relatively long soft segment,
which could result in several CG torsions around the ring−glycol and
ethylene glycol moieties, depending on the mapping scheme. To
capture the correct chain flexibility and further address the subtle
differences among the mapping schemes, an “in-house” script was
used to extend the IBI parametrization to the dihedral interactions. At
each iteration, additional CGMD runs were performed, from which
the distributions were extracted to obtain a new set of refined CG
potentials, running for each model a minimum of 5 iterations.
2.6. CGMD Simulations
All CGMD simulations were computed with LAMMPS software65 at
the same thermodynamic conditions at which the CG-FFs were
derived. Following the approach of Golmohammadi et al.,84 who
validated the transferability of their CG force field derived from short
PET chains (four repeat units) to longer chains, our simulations were
also performed starting with short oligomer systems. The initial
structures were therefore obtained by coarse-graining a well-
equilibrated atomistic trajectory for the 10RMU system. To reduce
any bias in the initial state, for each mapping scheme, 10 independent
simulations were run in the NVT ensemble at 298 K using different
starting configurations. The temperature was controlled with a Nose−́
Hoover thermostat using a damping parameter of 100 time steps. The
NVT ensemble was applied to ensure that the density of the CG
model was consistent with that of the atomistic one. First, an
equilibration step of 10 ns was performed, followed by a production
run of 100 ns to sample the structural distributions. Such simulation

lengths are sufficient to evaluate whether the developed CG models
preserve the structural and thermodynamic properties. The reversible
reference system propagator algorithm (rRESPA) integrator85 was
used to speed up the bond stretching, bending, torsional, and
nonbonded degrees of freedom. Namely, this algorithm decouples the
slow and fast degrees of freedom by using different Liouville operators
for each, making it possible to use more than one time step for
integration of the different degrees of freedom. Time steps of 2 and 8
fs were used for the bonded and nonbonded interactions, respectively.
A cutoff of 25 Å was employed for both nonbonded Lennard-Jones
and electrostatic interactions. Beyond this cutoff, the long-range
interactions were computed using the PPPM solver,86 with an
accuracy of 1 × 10−6. Thermodynamic properties and snapshots were
stored for analysis every 1 and 10 ps, respectively.

3. RESULTS AND DISCUSSION

3.1. QMD-FF Parametrization

3.1.1. Intramolecular Term. As outlined in Figure 1, the
first module of the workflow consists in the QMD-FF
parametrization of the target PET polymer through a stepwise
procedure, which eventually leads to a reliable and accurate FA
model of chains composed of n units (nRMU). The initial step
involves specific atom typing, hence enabling chemically
accurate differentiation of local atomic environments. Indeed,
unlike general-purpose Tr-FF models, which often rely on
limited or overly generic atom types, QMD-FFs employ a
chemically informed labeling scheme that captures electronic
and steric distinctions. The assigned atom types for the 1RMU
monomeric unit of PET are illustrated in Figure 2a, together
with a possible partition of 1RMU into three chemically
distinct moieties: (a) the aromatic ring, (b) the carboxylate
groups, and (c) the ethylene glycol-like moieties. Such
fragmentation reveals three possible interactions within each
RMU: i) steric between the COO−CH2−CH2 segment and
the aromatic ring, ii) hydrogen bonding between hydroxyl and

Figure 2. QM equilibrium geometries of PET’s monomeric unit
(1RMU), dimeric (2RMU) and trimeric (3RMU) units, and atom
typing. a) 1RMU: the employed QMD-FF atom labels are displayed
with the definition of the main building blocks; b) 2RMU: building
blocks-based fragmentation scheme used to define the intramolecular
LJ interactions between moieties (colored arrows) within the dimer;
c) 3RMU: PET chain fragmentation scheme into RMUs.
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carboxylate groups, and iii) ring−ring interactions. As
displayed in Figure 2b, all of these specific interactions within
each RMU are fully transferable to larger oligomers. As an
example, Figure 2c displays the partition of the 3RMU trimer

into three units (A, B, and C), respectively, referring to the
head, central, and tail units. Following this scheme, we retain
the same types shown for the 1RMU parametrization for all
nRMU polymer chains, with an additional designation “a” for

Figure 3. Results of the intramolecular QMD-FF parametrizations displayed for a−c) 1RMU; d−f) 2RMU; g−i) 3RMU. a), d), and g) Overlap of
the optimized structures at QM (inner dark green spheres) and QMD-FF (outer transparent cyan spheres) levels. b), e), and h) Top: overlap of
QM and QMD-FF normal modes; bottom: correlation plot between QM and QMD-FF vibrational frequencies. c), f), and i) Relaxed energy
profiles obtained upon �5 rotation (see insets) at the QM level (solid green circles) and with the JOYCE-parametrized QMD-FF (solid cyan lines).
Similar scans computed through Tr-FF (OPLS,73 dashed gray lines) are also displayed for comparison.
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atoms belonging to the head unit (A), “b(n)” for the central
(B) unit(s), and “c” for those in the tail unit (C), to account
for positional asymmetry in going from 2RMU to 3RMU.
Once all specific atom types have been assigned to each of

the considered oligomers, separate intramolecular parameters
were obtained, with the parametrization carried out for each
nRMU chain (n = 1−3) as described in the Supporting
Information. Panels a−g of Figure 3 show the equilibrium
geometries obtained at QM and QMD-FF levels for the three
oligomers. The FF-predicted structures align very well with the
reference QM geometries, delivering a root mean squared
displacement (RMSD) of 0.2, 0.4, and 0.4 Å for 1RMU,
2RMU, and 3RMU, respectively. A further validation was
carried out to verify how faithfully the QMD-FF captures the
features of the reference QM PES in a local harmonic
approximation (LHA), hence ensuring a correct dynamics near
the equilibrium. Panels b−h of the same figure indicate very
good adherence to the parent QM description, achieved in
both the vibrational frequencies (see correlation plots in
bottom panels) and their subtending normal modes (histo-
grams, top panels), confirming the accuracy of the harmonic
terms of the QMD-FF (see Equation (S5) in the Supporting
Information) in describing the QM features in LHA.
Interestingly, a slightly worse agreement is registered in the
frequency range between 300 and 1200 cm−1, corresponding
to normal modes delocalized over several internal coordinates,
e.g., stiff dihedrals and bending angles. Notwithstanding, a
better description of such modes could be achieved by

introducing explicit coupling functions in the adopted FF
model;87 the simpler standard diagonal FF expression (S5) was
adopted to enhance both code portability and computational
performances. Upon chain elongation, in an even lower
frequency range (<200 cm−1) corresponding to “soft” modes,
the overlap between QM normal modes and those obtained
from the QMD-FF also worsens, as such coordinates may be
subjected to large amplitude displacements and hence should
not be treated within LHA.
According to the JOYCE35,51 procedure, soft coordinates are

usually identified as the dihedral angles ruling rotation around
�-bonds. As evidenced in Figure S5, 1RMU includes five
internal torsions, denoted respectively as �1 to �5, plus two
terminal −OH torsions. In 2RMU, the same torsions could be
defined for the A head unit, their equivalent counterparts for
the tail unit B labeled 1 to 5, and the dihedrals governing the
linkage between the A and B units through the internal
rotation in the ethylene/carboxylate bridge denoted as �AC1
and �AC2. The same labeling is straightforwardly transferred to
3RMU, where equivalent dihedrals can be defined for each
RMU forming the trimer, i.e., �AB1, �AB2 and �BC1, �BC2 linking
AB and BC units, respectively. It is important to stress that this
dihedral labeling strategy allows for maintaining consistency in
defining such torsions across different chain extensions, hence
prompting a simple transferable procedure for the QMD-FF
parameters to larger nRMU’s. Panels c and f of Figure 3
present the comparison between the QMD-FF energy profiles
and the QM training data, computed along the �5 rotation for

Figure 4. Summary of the PICKY procedure applied for the parametrization of the intermolecular QMD-FF term. a) 4RMU chain created by
CHAMAK by inserting a B2 unit (green building block) within the 3RMU skeleton; b) example of a pair of 4RMU chains extracted from an
equilibrated configuration of the FAMD trajectory; c) distributions achieved along the PICKY sampling: chain−chain distance (orange), chain
elongation (brown), � and � orientational angles (green and red, respectively; see Figure S1 for definition); d) correlation plot of the QM (blue)
and QMD-FF (green) interaction energies of the sampled chain pairs and convergence (inset) of the PICKY cycles.
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1RMU and 2RMU. The similarity of the 1RMU and 2RMU
QM profiles, found for �5 and for most of the considered
dihedrals (see Section S3.1.1 in the Supporting Information),
prompted us to transfer the QMD-FF parameters obtained for
the flexible coordinates of the dimer to the longer chains,
hence avoiding the computational burden associated with the
systematic QM torsional scans, limiting the calculations to
some selected “control” scans, carried out for the 3RMU chain
and also shown for validation purposes in Figure 3i. For all
three oligomers, QMD-FF profiles are in excellent agreement
with the QM reference, demonstrating that the FA model also
accurately captures the anharmonic rotational features,
essential for describing large-amplitude motions and conforma-
tional transitions toward PES regions far from the minimum
energy geometry. In the same panels, the comparison with the
torsional energy profiles computed with the general-purpose
Tr-FF clearly indicates that the best agreement with the QM
description is yielded by QMD-FF, even for the data outside
the training set. In fact, notwithstanding Tr-FF is able to
predict with rather good accuracy many of the considered
scans, it misrepresents �5, which drives the flexibility of the
ethylene segment, significantly impacts the overall shape of the
chain, and hence plays a crucial role in determining important
PET’s conformational properties.88,89 Indeed, the Tr-FF
description appears to predict the trans-configuration to be
more stable than the cis-one, which could bias the conforma-
tional dynamics of longer nRMU chains, predicting over-
estimated elongations.
Following the main workflow reported in Figure 1, the next

module of our protocol toward realistic simulations of
polymeric materials requires significantly longer nRMU chains
whose structures and FF parameters were automatically
obtained through the CHAMAK code, based on the QMD-FFs
parametrized for 3RMU. In fact, the latter oligomer already
contains all the essential building blocks required for the
description of longer chains, i.e., a head unit A, a central
moiety B, and a tail C (see Figure 2c). According to this
scheme, four additional nRMU were assembled, exploiting the
CHAMAK code, systematically inserting and replicating B
building blocks in an A−B1−B2−···−B(n‑2)−C structured
chain of different lengths, thus obtaining intramolecular
QMD-FFs suitable for 10RMU, 20RMU, 50RMU, and
100RMU polymers. Further details can be found in Section
S2.1.2 of the Supporting Information.

3.1.2. Intermolecular Term. The next step of the
workflow requires modeling the interactions between two
separate polymer chains, thus completing the QMD-FF with
the intermolecular term. To this end, the PICKY procedure50

was applied to a model nRMU chain, made up of four units
(4RMU). In fact, this oligomer is large enough to capture key
chain−chain interactions, including �−� stacking, hydrogen
bonding, and long-range conformational effects, yet small
enough to remain computationally feasible for sampling the
chain−chain IPES through QM calculations. The molecular
structure and intramolecular QMD-FF parameters, obtained
with the CHAMAK code as sketched in Figure 4a, were first
completed with intermolecular parameters transferred from the
OPLS database.73 The resulting “hybrid” FF is initially
employed in MD runs to equilibrate a system of 216 4RMU
chains at 1 atm and 350 K, which yielded the starting
configuration to initiate the PICKY cycles. A total of four cycles
were required to achieve convergence, the difference between
the IPES of the two last cycles being less than 1 kJ/mol. The

final training set included 350 distinct chain pairs, extracted
along the PICKY cycles as shown in Figure 4b, whose
interaction energies, computed at the QM level, range from
−160 to +10 kJ/mol. Figure 4c confirms the broad and
effective sampling of the IPES in terms of chain elongation,
chain−chain distance, and reciprocal orientation of the
selected chain pairs. Panel d of the same figure compares the
correlation plot of the chain−chain interaction energies
computed at the QM or FF level, with either OPLS or
QMD-FF. The latter clearly outperforms the former, as
evidenced by the deviation with respect to the QM values,
which is reduced from 22.1 to 3.1 kJ/mol. Further details and
the complete intermolecular QMD-FF parameter set are
available in the Supporting Information.
3.2. FAMD on �RMU Polymer Chains
Four complete QMD-FFs, suitable for FAMD simulations of
10RMU, 20RMU, 50RMU, and 100RMU polymer chains,
were built by joining the intra- and intermolecular terms,
parametrized as described in the previous sections. For each
FA model, a system composed of a fixed number (Nc) of
nRMU chains (n = 10, 20, 50, or 100) was prepared and
equilibrated under ambient conditions, as described in Section
2. Several FAMD runs were thereafter carried out at ambient
pressure and varied temperatures. To assess the QMD-FF
performance, we chose to first analyze the bulk density of the
resulting amorphous condensed phase, the glass transition
temperature (Tg), and the chain conformational behavior,
comparing them with the experimental data available for PET
and with the same properties computed adopting a general
purpose Tr-FF.73 Table 2 reports, for all four investigated

nRMU models, the average density observed with FAMD
simulations carried out with either Tr-FF or QMD-FF.
According to our computations, at room temperature, the
system density obtained with Tr-FF is around 1256 kg/m3 for
shorter chains, while it decreases slightly below 1250 kg/m3 for
the 100RMU system. Conversely, QMD-FF predicts in all
cases a density around 1373 kg/m3, hence decreasing to ∼2%
the error with respect to the experimental range90,91 for
amorphous PET (1335−1345 kg/m3). Interestingly, the
density variation upon chain elongation is minimal in both
models, thus suggesting that the basic physics leading to the
condensed phase structure is already caught by the smaller
model. For this reason, the following discussion will be limited,
for simplicity, to the 10RMU system, whereas further details
on the similar results obtained for the longer chains can be
found in the Supporting Information. A second validation test
carried out to evaluate QMD-FF reliability and accuracy
concerns the prediction of the glass transition temperature

Table 2. Comparison between the �RMU Densities (kg
m−3) Computed with FAMD Runs at 1 Atm and 298 K with
the Tr-FF and QMD-FF Models�

nRMU Nc Tr-FF QMD-FF

10 36 1256 1373
20 18 1256 1371
50 8 1257 1373
100 4 1249 1374

exp: 1335−134590,91
aThe experimental value measured for PET under the same
thermodynamic conditions is reported at the bottom for comparison.
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(Tg). This property is indeed crucial in polymer science, as it
plays a central role in determining thermal, mechanical, and
processing properties of soft-matter-based materials, which
demand dimensional stability, rigidity, or resistance to
deformation at elevated temperatures. To compute Tg, several
FAMD runs were carried out as described in Section S4.2 of
the Supporting Information, varying the temperature at 1 atm
in the 50 to 550 K range and recording the system density
under the imposed thermodynamic conditions. The resulting
density−temperature curves, shown in Figure 5 for the

10RMU system, exhibit two distinct linear regions with
different slopes: one corresponding to the glassy state at
lower temperatures, where the material is rigid and the density
changes slowly with temperature, and another corresponding
to the rubbery or liquid-like state at higher temperatures,
characterized by a steeper slope due to increased molecular
mobility. In this framework, Tg can be defined as the
intersection point of these two regimes and therefore
estimated, as displayed in Figure 5, through a bilinear fitting
of the density−temperature (�−T) curves obtained from the
FAMD runs. Applying this approach, Tg delivered by Tr-FF for
100RMU is slightly higher than 445 K, thus severely
overestimating the experimental range (343−349 K).92

Conversely, QMD-FF predicts a Tg of ∼365 K, thus
significantly reducing the gap with respect to experimental
measures, from the ∼30% deviation obtained with the Tr-FF to
less than 6%.
The different performances delivered by the two investigated

models in assessing both PET’s density and Tg might stem
from the different descriptions of the polymer conformational
landscape given by the two FFs. In fact, a more flexible
polymer chain packs more efficiently and requires lower
temperatures to undergo the glass transition. Since the better
agreement found with the experiment for QMD-FF results
from a density increase and a Tg decrease with respect to the
general purpose description, a larger degree of entanglement
and a more rich conformational variety within the chains
should be expected with respect to Tr-FF. Indeed, FT-IR
studies92,93 aimed to elucidate the relaxation behavior of PET

at various temperatures in relation to its conformational energy
landscape revealed pronounced temperature-dependent varia-
tions in the conformational properties of PET. More
specifically, several authors88,89,92,93 report an abrupt change
in the trans−gauche population of the O−CH2−CH2−O
dihedral (herein denoted as �5) occurring at Tg. This
observation demonstrates that the conformational and
relaxation dynamics evolve concomitantly, thereby demonstrat-
ing a direct coupling between the glass transition and the
intramolecular flexibility. To verify this hypothesis, we
exploited the 10RMU FAMD trajectories to gain a deeper
insight into the conformational dynamics within each chain,
concretely by i) estimating chain elongation by considering the
gyration radius (Rg; see Figure 6a for definition); ii)

monitoring the average population of the most flexible
dihedrals. The first four panels of Figure 6 compare Rg’s
distributions obtained at ambient conditions along the Tr-FF
and QMD-FF trajectories. Significant differences appear
between the two models, with more grooved conformations
populated by QMD-FF (hence leading to the registered
density increase), while more elongated, thus less packed,
chains are found with Tr-FF. This is illustrated by the
representative MD snapshots in panels b) and d). To shed
light onto the origin of such differences, we display in panel e
the population distribution of two selected chain dihedrals,

Figure 5. �−T curves compare both Tr-FF (top) and QMD-FF
(bottom). The �(T) curves computed along the MD trajectories are
displayed with black solid lines, whereas their linear fits are shown
with blue and orange dashed lines with the corresponding correlation
coefficients r. In both panels, the experimental and computed Tg’s are
evidenced with red and black vertical dashed lines, while shaded areas
highlight the error.

Figure 6. Distributions of the radius of gyration (Rg) and
representative FAMD snapshots of polymer chains colored according
to their respective Rg values for Tr-FF (a, b) and QMD-FF (c, d).
Panel (e) shows the distributions of selected flexible-chain dihedral
angles (�2, left and �4, right), obtained with QMD-FF (blue) and Tr-
FF (gray).
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namely, �2 and �4, evidenced in the insets. Noticeably, in
contrast with QMD-FF, which predicts a non-negligible �2
population between 0° and 180°, Tr-FF-based dynamics miss
the occurrence of such nonplanar terephthalate conformations,
hence resulting in a stiffer backbone, which in turn leads to
more elongated (larger Rg) and less grooved chain config-
urations. Also, the �4 population obtained with the Tr-FF
exhibits shifted peaks with respect to the refined QMD-FF and,
more importantly, a significant increase in the trans
conformation, again pointing to more elongated segments. A
final validation of the quality of the parametrized QMD-FF
comes from Table 3, where the conformational distribution of

the O−CH2−CH2−O dihedral (�5) is analyzed in terms of
trans/gauche percentage, delivered by the two models or
measured by experiment.88 By considering the results obtained
for different chain lengths, in contrast with the considered
general purpose description, the QMD-FF model appears to be
more stable upon chain elongation. More importantly, the
populations registered by QMD-FF for the two conformers
quantitatively agree with the experimental range of values,

again correcting Tr-FF, which instead predicts a slightly
overestimated trans population, and confirming that both the
chain conformational dynamics and the polymer supra-
molecular structure are accurately described by the QMD
model.
3.3. CGMD of �RMU Polymer Chains

3.3.1. CG-FF Parametrization. Module V of the workflow
sketched in Figure 1 concerns coarse-graining. As discussed in
Section 2, the use of well-validated reference FAMD
trajectories is essential since any inaccuracy present in the
atomistic FF is inherited by the CG model. It is therefore
interesting to examine how much of the structural details
contained in the FA description is passed to the lower level
CG-FF. To this end, we assess the ability of three different CG
models, sketched in Figure 7, to reproduce local structural
properties within each RMU as described by the parent FA
model. The distributions of bond lengths, bond angles, and
dihedral angles, as well as intramolecular conformational
populations, describe in fact the internal geometry and
flexibility of each unit within the polymer chain and thus
serve as the fundamental structural basis for developing the CG
force field. For representing one RMU, each of the considered
CG mappings employs a different combination of beads,
summarized in Figure 7c for schemes A, B, and C, respectively.
Scheme A employs the smaller number of beads (4) and hence
constitutes our reference.84 In this mapping, the phenylene
ring is represented by a single CG bead, the carboxyl moieties
on both sides of the ring are each mapped into separate beads,
and the ethylene moiety forms the fourth bead (see the right
panel of Figure 7c). Scheme B is obtained by further
partitioning the CG site assigned to the aromatic moiety in
scheme A into three smaller beads, resulting in a total of six
units. In scheme C, composed of five beads, the ethylene-glycol
moiety is instead divided into two distinct beads, namely, O−
CH2 and C�O. Each mapping scheme is designed to
emphasize different local structural features, which may

Table 3. Comparison between the �RMU � 5 Populations (in
%) Computed with FAMD Runs at 1 atm and 298 K with
the Tr-FF and QMD-FF Models�

trans gauche

nRMU Tr-FF QMD-FF Tr-FF QMD-FF

4 42 8 58 92
10 17 10 83 90
20 9 9 91 91
50 10 9 90 91
100 17 8 83 92
exp.88,89 5−11 89−95

aThe experimental value measured for PET in the same
thermodynamic conditions is reported at the bottom for comparison.

Figure 7. Coarse-grained (CG) mapping schemes A to C adopted in this work: a) snapshots of the full simulation box, b) snapshots of a single
chain, and c) detailed chemical structure of CG-mapped beads of the RMU as well as the end groups.
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influence the overall packing behavior. For instance, approx-
imating the phenylene rings as spherical beads may allow them
to slide more easily, thus reducing the extent of �−� stacking
and leading to an overestimation of chain mobility. Scheme B,
by introducing a more detailed representation of the aromatic
moiety, might partially recover a more realistic description of
the ring planarity. Similarly, in scheme C, the explicit treatment
of the rotation around the �5 dihedral of the ethylene glycol
segment could provide an additional degree of flexibility in the
chain backbone.
Among the three mapping schemes, Scheme A is the

coarsest and allows the largest time step (5 fs), resulting in the
greatest computational speed-up and making it the most
efficient choice for long-time-scale simulations. Scheme C
permits a time step of 3 fs, whereas Scheme B is limited to 2 fs
due to the presence of stiffer bonded potentials involving
aromatic beads, which constrain the achievable acceleration.
The derivation of the CG parameters was performed using as
reference two different atomistic force fields: for each of the
three mapping schemes, two independent CG parametrizations
were carried out based on the distribution functions computed
from FAMD trajectories generated with either the Tr-FF or the
QMD-FF model, resulting in the six distinct CG-FFs
summarized in Table 4. Since Scheme A represents the

coarsest and most computationally efficient model, with
improved numerical stability, we focus our detailed discussion
on the CG-QMD-A and CG-Tr-A models, while the results for
mappings B and C are reported in Section S6.2.
According to CG parametrization scheme A, 4 bonds, 5

angles, and 4 dihedrals (including E1 and E2 edges) are
required to describe the chain’s conformational flexibility. The
distributions of bond stretching, angle bending, and dihedral
rotation along these CG coordinates were obtained from the
two FAMD trajectories and used as reference for the CG-Tr-A
and CG-QMD-A parametrizations, together with the radial
distribution functions between the beads' centers. Such bonded
and nonbonded conformational distributions contain all the
information about the local arrangement of the CG beads
relative to the others. Figure 8 shows the population
distributions for selected CG stretching and bending CG
coordinates computed along the two FAMD trajectories, the
effective potentials obtained by their Boltzmann inversion, and
the same functions retrieved with the resulting CG-Tr-A and
CG-QMD-A models. Overall, a very good agreement is
observed between the CG models and their atomistic reference
curves. Some of the resulting profiles, e.g., Pbond(lAB) and
Pangle(	ABA), exhibit sharp peaks and well-defined Gaussian
shapes, meaning that the underlying potentials can indeed be
modeled as harmonic springs. Such stiff modes are negligibly
correlated to the other DoFs, but they are efficient to preserve

important local structural features. For instance, the single peak
at 180° found for the 	ABA angle indicates that the carbonyl
groups tend to remain nearly coplanar, reflecting the rigidity of
the ester linkage and the planarity of the terephthalate
backbone. Conversely, Pbond(lAC) and Pangle(	ACA) show a
broader shape, characterized by multiple maxima and
shoulders. This broader shape arises because, during coarse-
graining, several distinct atomistic dihedral conformations are
effectively projected onto a single CG bond or angle. It is
hence interesting to compare the Pbond(lAC), Pangle(	ACA), and
Pangle(	BAC) profiles (see Section S6.2), obtained with either
the CG-Tr-A or CG-QMD-A model, because these distribu-
tions provide insights into the atomistic �OCCO (�5) dihedral. At
the FA level, changes in the �5 population between gauche and
trans conformations are known to affect the CG bond distances
and angles between the corresponding beads.84 The resulting
differences between the CG-Tr-A and CG-QMD-A models
therefore arise from varied relative populations of the gauche
and trans conformations at the atomistic scale, which in turn
descend from the different adherence to the QM torsional
profile (see Figure 3) delivered by the two FA-FFs.
As explained in detail in Section S6.2 of the Supporting

Information, the local structure of different chain regions is
primarily determined by the stretching and bending
coordinates between neighboring beads, whereas the overall
shape and conformational dynamics of the entire chain are
mainly controlled by the CG dihedral angles. By looking at the
top panels of Figure 9, it is apparent that the behavior of these
coordinates also reflects the differences between the Tr-FF and
QMD-FF atomistic trajectories. For example, in line with the
results previously reported by Golmohammadi et al.,84 CG-Tr-
A adopts significantly nonplanar conformations, exhibiting two
maxima at ±60° for all dihedrals except 
ACAB (see Section
S6.2.3 in the Supporting Information for additional details).
Such behavior can be traced back to a less accurate description
of the chain conformations achieved at the FA level with the
parent general-purpose description. As displayed in Figure 3,
the QMD-FF corrects the Tr-FF profiles, and it is pivotal that
the CG modeling proves to be able to encode this
improvement. As a matter of fact, all torsional distributions
obtained with CG-QMD-A are centered at 0°, i.e., in a planar
conformation, thus correcting the inaccurate profiles delivered
by the CG-Tr model. The CG-Tr distribution of 
ACAB
displays a lower barrier with respect to CG-QMD, which
might reduce the rigidity of the chains, hence affecting the
chain coiling, as discussed in the following. Overall, this
analysis proves that despite averaging some degrees of
freedom, key differences at the atomistic scale are successfully
encoded into the CG model since the results show that the
CG-QMD-A potentials accurately reproduce the distributions
of dihedral DoFs, in close agreement with those obtained from
the underlying atomistic model.
The information concerning the interaction with the

neighboring RMUs is instead passed to the CG model through
the nonbonded distributions, g(r), displayed for all models in
the bottom rows of Figure 9. It appears that despite visible
differences with the reference distributions, all the most
significant features are well preserved. As in fact expected in a
CG model, some details of the atomistic structure are
inevitably lost: the sharp signals present at the atomistic level
appear smoothed, particularly for the first peak of gAC(r) and
gCC(r) and g(r)’s involving edges (see Section S6.2). To better
understand the performance of the CG-FFs, it might hence be

Table 4. CG Models Parametrized in the Present Work over
the FA Trajectories Obtained with either Tr-FF or the
QMD-FF

reference FA CG mapping number of beads label

Tr-FF A 4 CG-Tr-A
B 6 CG-Tr-B
C 5 CG-Tr-C

QMD-FF A 4 CG-QMD-A
B 6 CG-QMD-B
C 5 CG-QMD-C
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useful to recall that the total g(r) arises from three different
contributions: i) an intrachain term accounting for bead pairs
lying less than three CG bonds apart, ii) nonbonded beads
within the same chain, at larger distances, and iii) the bead
pairs pertaining to different chains. By looking at Figure 9, it
appears that both CG-FFs yield overall quite similar RDFs, all

characterized by multiple peak profiles. The first peak (at r =
5−6 Å) corresponds to intramolecular interactions within the
same RMU, while the next two, respectively, placed at r = 7−
10 Å and r = 12−14 Å correspond mainly to interactions with
the beads in the left and right RMUs within the same chain.
Some of the profiles also have a small shoulder before the first

Figure 8. Probability distribution functions computed within CG-Tr-A (left) or CG-QMD-A (right) schemes for selected bond stretching (Pbond(l),
top row) and angle bending (Pangle(	), bottom row) coordinates (see insets) of the 10RMU system at FA (blue lines) and CG levels (orange
circles), using mapping scheme A, shown in the top right corner. In all panels, the corresponding CG effective potentials are displayed with gray
dashed lines.

Figure 9. Dihedral probability (Pdied, top row) and radial distribution functions (g(r), bottom row) computed for selected coordinates (see insets)
of the 10RMU system at FA (blue lines) and CG levels (orange circles), using mapping scheme A. In all panels, the corresponding CG effective
potentials are displayed with gray dashed lines. Parameterization results for both CG-Tr-A (left) and CG-QMD-FF (right) are shown for
comparison.
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peak, which corresponds to bonded 1−2 pairs. The effect of
the interchain interactions on the recorded radial distributions
is instead more subtle since the presence of neighboring chains
may lead to a plethora of bead−bead arrangements, which may
cover several distances, hence contributing to the overall
broadening of the signal. Based on these findings, we can
conclude that the CG parametrization successfully reproduces
the local packing of each RMU, as described in the reference
FAMD trajectories. In fact, both CG-QMD and CG-Tr CG-
FFs inherit the atomistic structural features, proving the
versatility of the adopted IBI method to capture changes in the
RMU conformation predicted by different FA-FFs.

3.3.2. CG Validation. The final validation of the whole
protocol is achieved in the last module (VI), i.e., by analyzing
the results of preliminary CGMD simulations, carried out with
the parametrized CG-FFs on systems of nRMU chains (n =
10−100). Indeed, for a robust assessment of the CG model’s
reliability, a careful comparison with the reference atomistic
system should be carried out in terms of properties not
considered in the CG-FF parametrization process described in
the previous section. Therefore, to validate the transferability
of the CG models developed above, we have extended the CG-
FFs to a system consisting of 40 100RMU chains (16,000−
24,000 beads), computing several global structural properties
for comparison with those obtained from the fully atomistic
model, as well as from those of the smaller systems. In this
framework, the global structure of a polymer in its condensed
phase can be described by static properties, such as the end-to-
end distance (Ree) or radius of gyration (Rg). While the former
is analyzed in section S6.2.5 of the Supporting Information,
Figure 10 shows, for all the six CG models, the comparison

between the distributions of Rg, extracted from CGMD runs or
computed along the reference FAMD trajectories for the
100RMU system. In all cases, a very good match is found for
Rg for both Tr- and QMD- derived CG-FFs, confirming the
success of the models in reproducing the global structure of
longer chains.
An additional macroscopic observable, which is key in

characterizing the phase behavior of the polymer assembly, is
the system bulk density. To this end, we compare for all
investigated systems the densities computed with the different
CG mappings with those delivered by the atomistic models.
The data were averaged in the NPT ensemble along 50 ns
runs, and the results are summarized in Table 5. As far as the
adherence of the CG model to the parent FA description is
concerned, the PET density predicted by both CG-Tr and CG-
QMD is in close agreement with the one predicted by the
corresponding atomistic model, the standard deviation being

less than 1.5%. Consequently, the CG models based on Tr-FF
trajectories suffer a similar underestimation of the experimental
value registered with such FA-FF. This suggests that the CG
models inherit the most relevant atomistic structural features,
including any systematic error suffered by the FA-FF, which
underlines the importance of carefully validating the model at
every level in multiscale modeling. The differences among the
A, B, and C mapping schemes are of the same order as the
standard error, suggesting that, as far as the properties studied
herein are concerned, the inclusion of additional CG beads to
capture the effect of ring rigidity (scheme B) or flexibility of
the ethylene glycol moiety (scheme C) has no noticeable
impact on the density with respect to the more computation-
ally efficient scheme A. These results confirm that all CG-
QMD models can be confidently transferred to longer chains,
preserving the accuracy of the original QMD-FF atomistic
description yet allowing for a considerable computational
benefit.

4. CONCLUSIONS
We presented a computational protocol of general applicability
that integrates information retrieved at different levels of
theory in a modular workflow, eventually leading to accurate
and consistent FA and CG force fields, suitable for an accurate
modeling of polymer structure and dynamics. The whole
procedure is rooted in first-principles training data and, as
such, does not require the use of any experimental input, hence
standing as a promising tool for the rational design of novel
polymer materials. The proposed workflow is structured
through different modules, where the resolution is gradually
lowered yet maintaining the essential features of the parent
reference description, hence allowing for building accurate FF
models at the desired level of theory. The protocol is of wide
applicability, rooted in the possibility to specifically tailor FA
against the most appropriate reference, more detailed method-
ology, since QMD-FFs can be parametrized over any level of
QM theory. The successive CG modeling, even if in the
current implementation it follows a sequential strategy, can be
applied to any FA distribution, and the IBI parametrization is
targeted for refinement of specific interaction terms when
needed. Noticeably, this would provide flexibility in practical
applications, enabling selective updates of preexisting inter-
action potentials without requiring the entire CG model to be
redefined from scratch.

Figure 10. Comparison between FA and CG distributions of the
radius of gyration, P(Rg), of the 100RMU system obtained by using
the different mapping schemes. Parameterization results for both CG-
Tr (left) and CG-QMD (right) are shown for comparison.

Table 5. Comparison of Density, in kg m−3, Computed for
the 10RMU and 100RMU Systems along FA- and CGMD
Runs, Carried Out in the NPT Ensemble under Standard
Conditions Employing Different Models�

level model 10RMU 100RMU

FA Tr-FF 1256 ± 6.8 1251 ± 3.0
CG Tr-A 1240 ± 19.2 1253 ± 5.7

Tr-B 1259 ± 15.4 1253 ± 4.7
Tr-C 1246 ± 17.8 1246 ± 5.4

FA QMD-FF 1373 ± 6.7 1374 ± 2.2
CG QMD-A 1372 ± 24.2 1363 ± 7.0

QMD-B 1366 ± 17.0 1374 ± 5.2
QMD-C 1377 ± 21.4 1376 ± 6.4

exp.90,91 1335−1345
aIn the last row, the experimental range is also reported for
comparison.
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For a first validation, we chose here the well-known PET
polymer, exploiting the availability of a wide range of
experimental and theoretical literature data for a thorough
comparison. Besides controlling the quality of the achieved
description along the whole parametrization process with a
careful comparison of selected relevant properties measured on
the target polymeric material, the information flow throughout
consecutive modules is monitored by comparing their
outcomes. First, the accurate description achieved at the QM
level of PET’s potential energy surface and supramolecular
interactions is successfully mapped onto the FA model through
reliable QMD-FFs, parametrized with the JOYCE/PICKY
procedure for small oligomers and successively extended to
longer chains through the CHAMAK tool. Lowering the level of
resolution, the essential improvements achieved with the
QMD description at the FA level with respect to a “blind”
choice of a general-purpose transferable FF are successfully
passed to the CG models, which proved to be capable of
preserving the significant differences registered between their
FA references. Noticeably, with respect to general-purpose
models, both QMD-FF and CG-QMD delivered better
agreement with the experiment in key properties such as
density, glass transition temperature, and chain conformational
features. Such an improvement can be traced back to the scarce
adherence of general-purpose models based on transferability
to the more accurate and reliable description achievable on
smaller building blocks at a QM level. Finally, as far as PET is
concerned, the achieved validation and the enhanced accuracy
of the results delivered by both QMD-FF and CG-QMD
models encourage their application in more extended FA and
CGMD, which would allow for accessing additional key
polymer properties, such as Young’s modulus or barrier and
rheological properties. As a matter of fact, work in this
direction is already in progress in our group.
From a more general perspective, the workflow proposed

here brings in three major advancements: i) the integration in
a consistent and unique workflow of robust and widely
employed techniques such as DFT, QMD-FFs, FAMD, and
CG modeling ensures reproducibility at all levels of theory; ii)
it is completely general, thus in principle applicable to any
polymer chain, as only the structure of its constitutional
repeating unit is required as input; and iii) it is highly tunable
and supports systematic refinement, making it well-suited for
data-driven polymer discovery and in silico design. Despite the
promising results achieved here for PET, the wide applicability
of the protocol and its performance should be evaluated on
more extended samples, targeting other polymers with varied
structural properties designed for different applications. On the
one hand, in the present implementation, our protocol is
expected to transfer straightforwardly to other linear
homopolymers, including 1RMU’s containing both aliphatic
and aromatic moieties. Indeed, as indicated by the initial DFT
benchmarking, the proposed reference QM level appears to be
well calibrated and suited for building blocks also containing
aromatic units and hence possibly subject to �-stacking
interactions. Extension to copolymers featuring multiple
repeating units arranged either in ordered architectures (e.g.,
block or alternating) or statistical sequences (e.g., random or
gradient copolymers) is in principle feasible with slight
modifications to the CHAMAK procedure, for instance,
considering larger building blocks as repeating units or
randomized insertions. Additional developments are, on the
other hand, required to tackle more complex yet interesting

polymer architectures, such as those characterized by branched
chains or “decorated” with functionalized additional groups.
For these reasons, a near-future perspective will consist in
further validating our protocol on other homopolymers,
applying our workflow to poly(ethylene furanoate) (PEF)
and poly(lactic acid) (PLA), two of the most promising
biobased alternatives to PET, owing to their potentially
reduced environmental impact over the full material life
cycle. Assessing such systems will allow us to verify the
capability of the workflow to support the development of more
sustainable polymeric materials for packaging and, more
generally, contribute to future strategies for plastic waste
management. Nonetheless, prompted by the growing interest
in advanced functional materials, such as those used in organic
optoelectronics and photovoltaic devices,94 the CHAMAK

procedure could be extended to “decorated” and branched
polymers, thus paving the route toward a more reliable and
robust modeling in innovative advanced materials, where a
highly accurate classical-level description is essential for
integrations in novel mixed quantum-classical approaches, in
turn fundamental for rationalizing the device functions and
guiding innovative material design strategies.95,96

In this context, the integration with automated or data-
driven schemes, e.g., based on machine-learning potentials,
could further enhance both the applicability and computational
efficiency of high-throughput virtual screening protocols.97

Reliable physical descriptors are indeed required by machine-
learning procedures to make accurate predictions,98 and the
potential predictivity and interpretability of the proposed
protocol, both rooted in the physically grounded description
retrieved from first-principles, make the latter a promising
candidate for building such reference data. Moreover, the
controlled multiscale consistency achieved across the different
modules of the workflow addresses the current lack of
consolidated computational strategies capable of coherently
bridging multiple resolution levels.10,98 By preserving physical
consistency from the quantum-mechanical scale up to coarser
representations, the present procedures can provide hierarchi-
cally coherent data sets to complement data-driven
approaches, ultimately improving their reliability and extending
their predictive capability to genuinely novel classes of
materials.
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