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Abstract

Multiscale simulations offer a way to understand how polymer transformations proceed under realistic conditions. However, existing
workflows rely on empirically tuned parameters. The MUltiscale SImulation frameworK (MUSIK) integrates conformer analysis, density
functional theory, high-level coupled-cluster energetics, and graph-based lattice kinetic Monte Carlo (kMC) to generate chemically accurate,
spatially and temporally resolved kinetic models for polymer transformations without parameter fitting. The present work introduces MUSIK
as a reproducible workflow and provides a step-by-step tutorial that shows how to construct, run, and analyze a lattice kMC model for base-
assisted dehydrochlorination of polyvinyl chloride (PVC), supported by post-processing scripts that automate kMC trajectory analysis and
polymer-structure reconstruction. Tutorial results demonstrate howMUSIK links atomic energetics and local structure tomacroscopic kinetics
and structural evolution and reproduces key experimental observations for PVC dehydrochlorination. MUSIK applies broadly to arbitrary
polymer chemistries and can provide practical recommendations for polymer recycling, upcycling, and materials design to address the plastic-
waste challenge.

Impact Statement

Plastic waste is a growing global challenge that affects the environment, resource availability, and long-term sustainability. Progress toward
circularmaterials systems depends on the ability to predict how plastics change during use, recycling, and reprocessing, because poor predictive
capability limits the design of efficient recovery strategies. Computational modeling offers a cost-effective and scalable way to examine polymer
transformations that remain difficult to isolate experimentally across multiple length and time scales. Our work introduces a predictive and
reproducible multiscale simulation framework for systematically analyzing polymer transformations and linking molecular-scale changes to
material behavior. A step-by-step tutorial, together with practical guidelines and tools, shows how researchers can apply the framework and
adopt it more readily across research and engineering settings. Greater reliability, consistency, and accessibility in polymer transformation
modeling can support better decisions in recycling and remanufacturing. Broader use of such predictive tools can help reduce waste, extend
material lifetimes, improve resource efficiency, and advance more sustainable production practices.
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1. Introduction

Polymers form the backbone of modern technologies in many
industries, including biomedical, transportation, food packaging,
water treatment, healthcare, and electronics, because of their struc-
tural versatility and adjustable chemical functionality [1, 2].
Synthetic polymers often go through post-polymerization trans-
formations that tune their structure and composition for specific
applications [3]. Polymer transformation reactions generally fall
into two types: functionalization, which modifies chemical groups
without breaking the backbone, and depolymerization or degrad-
ation, which cleaves covalent bonds to yield smaller fragments [4, 5,
6]. Common transformations include backbone scission,

elimination, substitution, isomerization, addition, melting, and
crosslinking [7], which together enable material recovery either as
initial monomers and oligomers or as new materials with tailored
properties [3, 8, 9, 10, 11, 12]. Understanding how these transform-
ations proceed along the polymer chain is crucial for designing
sustainable materials, circular manufacturing strategies, and effi-
cient recycling and upcycling platforms.

Computational modeling provides a powerful route to study
polymer transformations from atomic to mesoscopic scales and
complements experiment by helping interpret observations and
optimize reaction conditions [13, 14, 15, 16]. Common computa-
tional approaches for polymer transformations include molecular
dynamics (MD; classical and reactive force fields such as ReaxFF),
quantum chemical methods (density functional theory (DFT),
semi-empirical methods (SEMs), ab initio molecular dynamics
(AIMD), and coupled-cluster (CC) theory), kinetic modeling
(mechanistic ordinary differential equation models, microkinetic
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models (MKMs), and kinetic Monte Carlo (kMC)), and machine
learning (ML)–based models [17, 18, 19, 20, 21].

Classical MD captures polymer motion, chain packing, and
solvent interactions over long length and time scales, but cannot
describe chemical transformations. ReaxFF overcomes this limi-
tation by allowing bond breaking and formation, but it relies on
large, chemistry-specific parameter sets fit to quantum and
experimental data, and their optimization and transferability
remain challenging [22, 23, 24, 25, 26, 27, 28, 29, 30, 31, 32, 33,
34, 35]. Quantum chemical methods provide more accurate ener-
getics than ReaxFF, with DFT as the most cost-effective choice.
DFT studies report thermodynamic and kinetic parameters, iden-
tify competing reaction pathways, and characterize electronic
structure and spectroscopic signatures that compare directly with
experiment [35, 36, 37, 38, 39, 40, 41, 42, 43, 44, 45, 46, 47, 48, 49,
50, 51, 52, 53]. Relative to classical molecular dynamics and
reactive force-field methods, DFT requires substantially greater
computational effort and therefore restricts polymer models to
short oligomers or molecular fragments. Short-fragment models
can nevertheless provide reliable activation barriers when the
selected structure preserves the local steric, electronic, and con-
formational environment that affects the reaction step. To bridge
from oligomer-scale mechanisms to macroscopic behavior,
researchers build kinetic models informed by experimental or
quantum-derived rate constants, which predict chain-length dis-
tributions, product yields, and catalyst performance over
experimentally relevant time scales [54, 55, 56, 57, 58, 59, 60, 61,
62, 63, 64, 65, 66, ,67, 68, 69, 70, 71, 72, 73]. Within this family,
kMC propagates individual reaction events without mean-field
assumptions, capturing spatial correlations and rare events that
analytical and microkinetic models miss and extending accessible
polymer lengths and times beyond those reachable by classical
MD [74]. More recently, MLmodels for polymer degradation and
depolymerization use quantum-chemical and experimental
descriptors to learn structure–reactivity and structure–property
relationships and to screen polymer chemistries more efficiently
by reducing the number of costly high-level (HL) quantum chem-
ical calculations required [19, 21, 75, 76, 77, 78].

Multiscale computational strategies now bridge microscopic
chemistry and macroscopic behavior, allowing simulations to
interpret properties and guide polymer design beyond synthesis.
Existing workflows combine DFT orQuantumMechanics/Molecular
Mechanics (QM/MM) with MD or ReaxFF, kMC or microkinetic
models, and in some cases, reactor descriptions to link elementary
energetics and atomistic dynamics to degradation, aging, and recyc-
ling behavior [17, 79, 80, 81, 82, 83, 84, 85, 86, 87, 88, 89]. Prior
analyses have not fully integrated conformer-resolved polymer
models, benchmarked quantum chemical energetics, and graph-
based lattice kMC into a single workflow that propagates local reac-
tion events along explicit polymer-chain environments without
empirically fitted kinetic parameters. Recent advances in conformer
analysis and in HL ab initio methods [90, 91, 92, 93, 94, 95, 96, 97],
particularly local CC approaches that afford near-chemical-accuracy
energetics at tractable cost [96], now make rigorous, accurate quan-
tum-chemical kinetic-models feasible. The MUltiscale SImulation
frameworK (MUSIK) builds on these developments by combining
MD or SEM-informed conformational analysis, DFT geometry opti-
mizations, CC-level ab initio energetics, and lattice-based kMC to
model polymer transformationswithout empirically fitted parameters
to resolve spatial kinetics in plastic transformations [98, 99]. We
emphasize that previous MUSIK applications to polyvinyl chloride
(PVC) dehydrochlorination and depolymerization via olefin

metathesis reproduced experimental conversion or yield and struc-
tural-evolution trends without parameter fitting.

In this study, we provide a detailed tutorial of MUSIK for
polymer transformations. Our goal is to provide all details, includ-
ing how to set up, run, and interpret results in MUSIK [98, 99]. We
illustrate the complete workflow using the previously studied deg-
radation of PVC via base-assisted dehydrochlorination as a case
study [18]. The tutorial moves from computational methods and
inputs through construction of a kMCmodel under experimentally
relevant conditions, to post-processing of trajectories into rate,
mechanistic, and structural outputs. Although this tutorial focuses
on elimination, addition, and substitution of functional groups
along polymer chains, the same workflow extends to other trans-
formations, including depolymerization and degradation
chemistries. We aim for this work to help advance mechanistically
informed modeling strategies for polymer upcycling, which can
eventually support efforts in plastic circularity, including recycling,
upcycling, and sustainable materials design. First-time users may
focus on the core workflow steps in Sections 2.1–2.5 and the
associated Good Practices and Recommendations, which provide
the essential steps for constructing and analyzing a MUSIK model.
Advanced users who plan to adapt MUSIK to new polymer chem-
istries can use the detailed discussions of DFT method selection,
solvation treatment, and HL benchmarking in Sections 2.1.2–2.1.4
to validate system-specific energetics.

2. Methods

In this section, we introduce our MUSIK framework, a computa-
tional workflow that integrates quantum chemical calculations (e.
g., DFT and local coupled cluster methods) with lattice-based kMC
to study polymer transformations [98, 99]. We present an overview
of the MUSIK workflow in Figure 1. This section is organized
according to each stage of the workflow as follows: Section 2.1
describes recommended practices for choosing a computational
method and model that best represent the local chemical environ-
ment of the polymer. The generation and selection of low-energy
conformers that define the polymer geometry are discussed in
Section 2.2. Section 2.3 covers the construction of the reaction
mechanism, including how to calculate pre-exponential factors
and activation energies that serve as inputs for the kMC simulation.
We describe the setup and execution of the kMC simulation in
Section 2.4. Lastly, different ways of interpreting the output of the
kMC simulation are presented in Section 2.5, including how to
extract kinetic trends and structural insights from the evolving
model.

2.1. Model and Method Selection

Accurate simulation of polymer transformations begins with select-
ing a structural model that reproduces the steric and electronic
environment of the polymer backbone while remaining computa-
tionally tractable. After defining such a model, the next step is to
identify quantum chemical methods that provide reliable reaction
energetics by benchmarking candidate combinations of density
functional, basis set, and solvation model against a local CC refer-
ence. Once the computational method is in place, the focus shifts to
validating the structural model by varying the polymer chain length
and confirming that the key reaction energetics converge. We
highlight good practices and target recommendations throughout
model selection, method benchmarking, solvation treatment, and
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model validation. Evidence from prior studies shows that careful
selection and testing of both the polymer model and the computa-
tional method yield reliable simulations of polymer
transformations [98, 99].

2.1.1. Polymer Model Selection
Constructing representative polymer fragments is a critical step in
modeling polymer transformations, since model size effects, steric
hindrance, and electronic delocalization strongly influence calcu-
lated energetics. We recommend short polymer fragments that
reproduce the local electronic and steric environment of the reac-
tion center while keeping the calculations computationally efficient
[49, 98, 99, 100]. Each new polymer system nevertheless requires
fragment-size validation because chain-length effects, stereochem-
istry, and conformational constraints can alter the reaction
energetics. Researchers can perform that validation by increasing
fragment length until activation barriers and reaction energies no
longer change significantly. To avoid artifacts from chain ends, we
embed the reacting monomer unit within the fragment and include
enough neighboring monomer units to capture inductive and con-
jugative interactions that significantly influence local reactivity.

Polymer fragments can adopt multiple conformations and dis-
tinct stereochemical configurations, such as cis (Z) or trans (E)
isomers and isotactic or syndiotactic chain arrangement. When
experimental or computational precedent exists, literature reports
can guide the choice of conformation or isomer. In the absence of
such guidance, researchers can compare activation barriers across
candidate isomers for a key reaction step and select the configur-
ation with the lowest energy pathway while considering reaction
center location. End-chain and mid-chain environments impose
different steric and backbone constraints and therefore alter the
accessible conformational space. To avoid chain-end artifacts, we
embed the reacting monomer unit within the fragment and include
enough neighboring monomer units to capture inductive and con-
jugative interactions that significantly influence local reactivity [98,
99]. Researchers can address the reduced flexibility imposed by

mid-chain environments by introducing strain through incremen-
tal increases in the distance between the terminal carbon atoms of
the fragment and then evaluating the resulting changes in Gibbs
energies and activation barriers [101].

Polymer systems with additional complexity, such as branching,
tacticity variations, or chain defects, require additional models that
incorporate these features. A common strategy is to modify the
repeat/monomer unit at or near the reaction center to represent a
structural irregularity, such as replacing a regular monomer with
one containing amissing substituent, an added functional group, or
an altered stereochemical orientation [98]. Embedding the modi-
fied monomer within the polymer fragment allows for a direct
comparison of reaction energetics and mechanistic pathways
between a fragment with a structural defect and its defect-free
counterpart. For example, defect-containing fragments have been
shown to change the course of reactions along the polymer chain,
and such comparisons demonstrate that structural defects can
shift activation barriers and modify accessible mechanistic path-
ways [98, 99].

Good Practices and Recommendations
• Use polymer fragments that balance chemical realism with com-
putational efficiency; 3–5 monomer units are often sufficient.

• Place the reacting monomer away from chain termini and use
appropriate capping groups to prevent artificial polarization.

• Preserve inductive and conjugative influences from adjacent
units when defining chain ends to preserve local electronic
effects.

• Evaluate relevant conformers or stereoisomers; compare activa-
tion barriers if no precedent study exists.

• Incorporate branching, tacticity, or structural defects into add-
itional models when these features may influence reactivity.

2.1.2. Choice of DFT Method
Selecting an exchange–correlation functional is a nontrivial choice
in DFT studies, since functionals vary in their ability to describe
different classes of reactions, and no single option is universally
reliable. Hundreds of functionals exist [102], organized according
to Jacob’s ladder [103], and it is generally believed that higher
rungs offer improved accuracy at higher computational cost [103].
For polymer transformations that require accurate reaction bar-
riers and reaction energies, the functional must reliably describe
bond-breaking and bond-forming events, often in extended, con-
jugated, or sterically constrained environments. Current
computational resources permit geometry optimizations with
functionals at rung 3 or higher for polymer fragments, including
meta-generalized gradient approximation (GGA) and hybrid DFT
functionals [102]. Functionals such as PBE0 [104, 105], B3LYP
[106, 107], M06-2X [108], and ωB97X-D [107, 109, 110] are
frequently evaluated, as they have shown consistent performance
for barrier calculation relative to HL ab initio methods such as
canonical coupled cluster with single, double, and perturbative
triple excitations (CCSD(T)) [93, 111, 112]. The chemical com-
position of the full system, including the polymer backbone,
substituents, catalyst, and solvent, should guide functional choice
because some functionals describe main-group chemistry more
reliably, whereas others better capture transition-metal or heavy
p-block reactivity. Regardless of the specific choice, most DFT
functionals share systematic limitations, particularly self-inter-
action error (SIE) [113, 114, 115, 116] and the inadequate
treatment of long-range correlation [116]. Self-interaction error
arises from the spurious or unphysical interaction of an electron

Figure 1. MUltiscale SImulation frameworK (MUSIK). The workflow links method and
model selection, conformer analysis, reaction-mechanism calculation, and activation-
energy calculation to lattice-based kinetic Monte Carlo simulations. Result analysis
extracts kinetic and structural outputs from kMC trajectories, while the dashed
feedback arrow indicates iterative refinement of model assumptions and
computational inputs.
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with its own charge density and can strongly affect charged or
delocalized states [113, 114, 115, 116]. Global and range-separated
hybrid functionals incorporate a fraction of exact Hartree–Fock
exchange, which helps reduce SIE and improves barrier heights
and charge localization, particularly for anionic or radical inter-
mediates [102, 116]. Long-range correlation effects arise from
dispersion (London) interactions between distant parts of the
polymer or between the polymer and its environment and can
significantly alter relative stabilities and barriers [117, 118].
Incorporating dispersion corrections is therefore essential because
noncovalent interactions can influence both conformational pref-
erence and reaction energetics [109, 119]. Dispersion correction
methods such as D3 (with zero or BJ damping) [118, 119, 120], D4
[121], MBD [122, 123], VV10 [124, 125], or XDM [120, 126, 127]
can be added to most functionals [128], while others, such as
ωB97X-D, include dispersion treatment intrinsically. We recom-
mend applying dispersion corrections consistently across
reactants, intermediates, and transition states so that their relative
energies remain comparable and are not biased by inconsistent
dispersion treatment.

Once a suitable functional has been chosen, the next step is to
select a basis set that can describe bond breaking and formation
along the reaction coordinate and yield reliable reaction and
activation energies. A well-chosen basis set includes polarization
functions to describe bond breaking and formation, diffuse func-
tions to treat anions and other loosely bound electrons, and
sufficient valence functions to capture electron correlation accur-
ately. Increasing the size and completeness of a basis set generally
improves the description of the electron density but also increases
computational cost. Minimal and small split-valence basis sets
lack sufficient functions per atom to reliably describe bond
rearrangements, which increase basis set incompleteness error
(BSIE) and basis set superposition error (BSSE) [129, 130]. Basis
set incompleteness error occurs when the basis set is too small to
accurately describe the electronic structure of the polymer frag-
ment, while BSSE arises from overlapping basis functions between
interacting fragments because the basis set is too small [129, 130,
131, 132]. Both errors can distort bond lengths, angles, and
dihedrals, shift reaction and barrier energies, and artificially sta-
bilize polymer intermediates and transition states [131, 132]. To
minimize these errors, larger basis sets such as quadruple-ζ(Z) can
significantly decrease basis set errors but may be impractical for
routine geometry optimizations. In practice, a cost-effective
polarized basis set can be used for geometry optimizations, with
larger basis sets such as triple- or quadruple-ζ(Z) applied for
single-point energy calculations when resources permit. Common
Gaussian-type basis sets include those from the Pople [133, 134],
Dunning [135, 136], Ahlrichs [137, 138], and Jensen [139, 140]
families, each providing a systematic hierarchy that increases the
level of theory and calculation accuracy [135, 141]. We recom-
mend the Ahlrichs basis set family, as they are consistently
available for most elements on the periodic table. We find that
diffuse functions are generally unnecessary for neutral covalent
polymers but are important for systems with significant negative
charge density or for polarizability calculations. For heavy atoms
beyond the fourth period, one should combine scalar-relativistic
Hamiltonians (such as DKH [142], ZORA [143, 144], or X2C [145,
146]) with compatible scalar-relativistic basis sets (for example,
SARC [147], ANO [148, 149], or def2 variants [143]) to capture
relativistic effects that can significantly influence bond lengths,
bond strengths, and reactivity.

Good Practices and Recommendations
• Survey commonly used functionals for the reaction type of
interest and then evaluate their accuracy through benchmarking
(see Section 2.1.4).

• Include dispersion correction in all calculations.
• Evaluate basis sets on the chosen polymer fragment by checking
convergence of geometry and reaction energetics to ensure the
basis set is large enough to capture bond-breaking and bond-
formation while remaining computationally efficient.

• Always use diffuse functions whenmodeling anions, highly polar
transition states, or polarizability.

• Apply effective core potentials or scalar-relativistic corrections
for heavy atoms (N > 36).

2.1.3. Solvation Model
Solvent effects significantly influence the energetics of polymer
transformations since changes in polarity, dielectric constant, or
hydrogen-bonding environment can stabilize or destabilize react-
ants, intermediates, and transition states. Neglecting solvation can
thus lead to substantial errors in calculated barriers and reaction
energies, and sometimes result in qualitatively incorrect electronic
structures. In practice, the solvent can be treated with continuum
(implicit) models, microsolvation clusters, or fully explicit solvent
molecules, depending on the level of detail and computational cost
one is willing to accept [150, 151]. Explicit solvation is computa-
tionally demanding for polymer transformations because it
requires sampling polymer fragments with many explicit solvent
molecules. Therefore, the MUSIK framework uses implicit solv-
ation models as the standard approach, balancing accuracy and
efficiency. Implicit or continuum models like SMD [152], CPCM
[153, 154], or COSMO-RS [155, 156] capture bulk dielectric
properties and non-electrostatic effects, providing an efficient
way to include solvent effects. However, because implicit solvation
models average the solvent response, they may underestimate
activation barriers in systems where strong localized solute–solv-
ent interactions are important [150, 157]. The effect is even more
pronounced when dispersion corrections are neglected [109, 158].
While continuum models work well for many polymers with
nonpolar backbones [98, 99], systems with polar functional
groups, hydrogen-bonding motifs, or intermediates with partial
charge separation can bemore sensitive to solvation. In such cases,
implicit models generally predict the correct qualitative trends,
but further benchmarking against higher-level calculations or
explicit-solvent cluster models may be necessary for precise reac-
tion energetics.

Good Practices and Recommendations
• Choose the solvation model and solvent parameters to reflect the
experimental medium or the intended reaction environment.

• Apply the solvation model consistently across reactants, inter-
mediates, and transition states to avoid systematic shifts in
relative energetics.

2.1.4. Benchmarking and Selecting Computational Methods
Benchmarking establishes the reliability of candidate DFTmethods
by comparing their calculated energetics with a HL reference. The
goal is to identify a functional–basis set combination that repro-
duces barrier heights and reaction energies with sufficient accuracy
for polymer transformations, while remaining computationally
tractable.

Selecting an appropriate reference method is essential for reli-
able benchmarking [159]. Canonical CCSD(T) [93, 112] serves as
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the gold standard for small molecules, but it is prohibitively expen-
sive for larger systems because of its computational cost [96, 111].
Local CC methods such as DLPNO–CCSD(T) [95, 97] or LNO-
CCSD(T) [94, 160] provide a practical alternative, offering accuracy
close to canonical CCSD(T) while reducing the formal scaling to
nearly linear with system size. High-level CC approaches, both
canonical and local variants, are implemented in widely used
software packages such as ORCA [161, 162], MRCC [163, 164],
andMOLPRO [165, 166], with more recent interfaces also available
in PySCF [167, 168].

We suggest benchmarking as follows: First, we optimize the
geometries of representative polymer fragments with candidate
DFT functionals in widely available software such as Gaussian
[169], ORCA, Q-Chem [170, 171], or NWChem [172, 173]. Next,
we compute single-point reference energies at the HL using these
DFT-optimized geometries and compare reaction energies and
barrier heights using DFT against the HL reference values using
error metrics such as mean absolute error, root-mean-square
error, or maximum deviation. Then, we select the DFT method
that gives reaction and barrier energies in closest agreement with
the HL reference across all benchmarked steps. In parallel, we also
benchmark the structure of representative intermediate(s) or
transition state(s) across the tested DFT functionals and basis
sets. We recommend comparing key reaction coordinate bond
lengths, angles, or dihedrals across the tested DFT methods; if
these metrics do not change significantly, the chosen basis set is
adequate for HL single-point calculations. Accurate geometries
are essential because differences in bond lengths, angles, or tor-
sions lead directly to errors in the HL energies, reducing the
reliability of the benchmark. It should be noted that basis-set
errors, including BSIE and BSSE (see Section 2.1.2), reduce accur-
acy at every stage of benchmarking, from geometry optimization
and transition-state searches up to HL single-point energy calcu-
lations. Therefore, to minimize these errors, use at least triple-ζ
basis sets for single-point energy calculations, include diffuse
functions for weakly bound regions, and check basis-set conver-
gence for systems with multiple interacting fragments. For
consistency, apply the same solvation model and dispersion cor-
rection to all species and calculations to maintain comparability
and prevent systematic errors in relative energies.

Once a suitable computational method is established, we rec-
ommend reiterating the model benchmark and validating the
fragment size separately to confirm that the model captures the
steric and electronic influences of the polymer environment. One
can perform model validation by calculating reaction energetics,
either electronic energies or Gibbs free energies, for progressively
longer chain fragments until the values converge. Convergence
demonstrates that the selected computational setup is likely trans-
ferable across system sizes.

Good Practices and Recommendations
• Benchmark DFT methods systematically by varying the type of
functionals, basis sets, dispersion corrections, and solvation
models to identify combinations that yield reliable energetics.

• Keep geometries and solvation models consistent between DFT
and HL reference calculations so that differences arise only from
the electronic structure method.

• Use local CC methods as the HL reference method.
• For more accurate reference energies, apply at least triple-ζ basis
sets to minimize BSIE and BSSE.

• Reiterate model and method benchmarking to validate that the
model and method consistently produce accurate results

2.2. Conformer Analysis

Identifying the most relevant conformational states of a polymer
fragment is essential for obtaining meaningful reaction energetics.
Structural flexibility arising from backbone rotations, side-chain
motions, or branching can significantly alter activation barriers and
thermodynamic stability. Even fragments that appear rigid may
have several low-lying conformers within a narrow energy range,
making conformer analysis a critical step in modeling polymer
transformation. Because full DFT conformational sampling is often
expensive for large fragments, we adopt a multi-level approach:
conformers are first generated at a lower level of theory and then
refined at the chosen DFT level.

Practitioners commonly generate conformers using semiempi-
rical or tight-binding quantum methods, which balance speed and
accuracy and have been benchmarked extensively on organic back-
bones. TheMUSIK framework relies onmethods from the GFNn�
xTB (n = 1 or 2) [90, 91] family for routine conformer sampling,
which provide reliable starting points for diverse systems. Con-
former searches aim tomap torsional rotations, ring puckering, and
side-chain motions, which together define the accessible conform-
ational space. Search algorithms typically generate a large number
of candidate geometries, either by systematic torsion driving, sto-
chastic sampling, or enhanced sampling techniques such as
metadynamics. Post-processing reduces the raw ensemble by prun-
ing duplicates, re-ranking structures by relative energy, and
retaining only distinct low-energy candidates for further calcula-
tions. Computational workflows commonly use software packages
such as CREST [92], CENSO [174], RDKit [175], OMEGA [176],
and ConfGen [177] to generate conformers, prune ensembles, and
prepare inputs for subsequent DFT optimization. Recent develop-
ments have introduced ML-based approaches for conformer
generation, in which data-drivenmodels learnmolecular energetics
and conformational preferences from reference DFT datasets to
guide efficient exploration of low-energy regions at near-DFT
accuracy [178, 179, 180, 181, 182, 183, 184]. Although ML-based
methods are not employed here, they represent a complementary
and rapidly advancing direction that might be relevant for MUSIK
in the very near future.

Following the generation of conformers, select low-energy can-
didates from the conformer ensemble within 20–25 kJ mol�1 of the
global minimum. Reoptimize each candidate at the chosen DFT
level to refine the electronic structure and remove semiempirical
stage artifacts. The DFT global minimum generally serves as the
representative geometry for reaction energy and barrier calcula-
tions, with higher-energy conformers included via Boltzmann
distribution only if they significantly contribute to the reaction
temperature.

Good Practices and Recommendations
• Always perform conformer analysis and ensure that low-energy
candidates are structurally unique.

• Use efficient semiempirical, tight-binding, or ML interatomic
potential-based methods for initial conformer sampling to bal-
ance accuracy and cost.

• Record and archive all search parameters, conformer geometries,
and results to ensure reproducibility.

2.3. Reaction Mechanism Calculation

Developing a reaction network begins with identifying all chem-
ically plausible elementary transformation steps consistent with the
intended reaction chemistry. Insights from literature, including
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both computational and experimental studies, can guide the selec-
tion of elementary steps. For each elementary step, one must
optimize the corresponding intermediates and transition states at
the selected DFT level and confirm them through vibrational
frequency analysis. It is a must to identify local minima by the
absence of imaginary frequency and transition states by a single
imaginary frequency along the reaction coordinate. We also rec-
ommend performing intrinsic reaction coordinate (IRC) analysis to
confirm that each transition state connects to the expected minima
[185, 186]. To ensure that calculations use thermodynamically
relevant structures, apply the conformer analysis described in Sec-
tion 2.2 to each reactant, intermediate, transition state, and product
state. Use the lowest-energy DFT-optimized conformers as input
geometries for calculating reaction energies and barrier heights
with the chosen HL electronic structure method. Obtain reaction
energies and barrier heights in three stages, as detailed by the
equations in the subsection below:

2.3.1. DFT-Level Energies
At the DFT level, energy barriers are obtained by calculating the
electronic energy differences between the transition state or inter-
mediate and the sum of the reactant energies as follows:

ΔEX
DFT = E

X
DFT �

X
Ereactants,DFT (1)

where the superscript X refers to either the transition state (‡) or an
intermediate or product (INT). EDFT represents the total self-con-
sistent electronic energy, typically including dispersion correction.

The Gibbs free energy at the DFT level combines electronic,
zero-point, thermal, and entropic contributions:

GDFT =EDFT +ZPEDFT + EThermal�TSDFT (2)

where ZPEDFT is the zero-point vibrational energy, EThermal includes
the thermal energy contributions of translational, rotational, and
vibrational degrees of freedom, as well as the kBT term, T is the
temperature (298 K), and SDFT is the entropy term [169, 187].

The Gibbs free energy barrier for a step, similar to Equation 1, is
calculated as:

ΔGX
DFT =G

X
DFT �

X
Greactants,DFT (3)

Kinetic parameters such as the activation energy and the pre-
exponential factor are obtained by substituting the electronic and
Gibbs free energies from Equations 1 to 3 into the Arrhenius–
Eyring rate constant relationship as shown below:

k=Ae�
Ea
RT =

κkBT
h

e�
ΔGDFT

‡

RT (4)

where A is the pre-exponential factor, Ea is the activation energy, R
is the universal gas constant, T is the temperature, kBT is the
Boltzmann constant, h is Planck’s constant, and κ is the transmis-
sion coefficient (usually taken as unity). Most studies apply classical
transition-state theory (κ = 1), which assumes that every trajectory
crossing the transition state proceeds directly to products without
recrossing and that quantum tunneling through the barrier is
negligible. In cases where these assumptions do not hold, a more
accurate approach is to include dynamical effects that modify the
rate constant through a transmission coefficient that can vary with
temperature. We recommend applying methods like canonical
variational transition-state theory to capture recrossing and the
small-curvature tunneling approximation to describe tunneling,
obtaining temperature-dependent transmission coefficients that
reveal how these effects alter the overall rate relative to the classical

estimate [188, 189, 190]. We recommend that k and A must be
checked to ensure that their units remain consistent with the
reaction molecularity and the standard-state convention used in
Equation 4.

The activation energy at the DFT level is evaluated as:

Ea =ΔE‡
DFT +ΔZPE

‡
DFT +ΔE

‡
Thermal (5)

where ZPEDFT is the zero-point vibrational energy, EThermal includes
the thermal energy contributions of translational, rotational, and
vibrational degrees of freedom as well as the kBT term.

The Arrhenius–Eyring expression in Equation 4 contains both
the activation energy and the Gibbs free energy barrier. Substituting
the activation energy from Equation 5 and the Gibbs free energy
definition from Equation 3 allows the separation of the entropy
contribution. The pre-exponential factor is then obtained as:

A=
κkBT
h

e
ΔS‡

DFT
R (6)

where ΔSDFT is the entropy change between the transition state and
the reactants.

2.3.2. Thermochemical Corrections
Accurate modeling in agreement with experiments requires the
proper treatment of temperature, pressure, and entropy effects.
Neglecting thermodynamic corrections introduces non-systematic
errors in free energies, which in turn alter the rate parameters
supplied to kMC simulations. In the MUSIK framework, vibra-
tional analyses at the quantum-chemical level provide zero-point
energies, thermal contributions, and entropic terms. Post-process-
ing tools such as Shermo [191], GoodVibes [192], or Arkane [193]
facilitate vibrational analysis and allow the extraction of zero-point,
thermal, and entropic contributions directly from DFT calcula-
tions. Applying such corrections uniformly across all species
ensures that the relative free energy remains comparable to experi-
mental conditions. Free energies are typically referenced to the gas-
phase standard state (1 atm) by most quantum-chemical software
packages, which should be converted to the 1-M solution standard
state when plastic transformations occur in solution. The need for
concentration correction becomes critical when the reaction stoi-
chiometry involves a net change in the number of moles, because
the standard-state term no longer cancels between reactants and
products. The corrected free energy is then:

ΔGX
DFT =ΔG

X
DFT +RT ln

cΔv = 1M
cΔv = cref

(7)

Here, Δν is the change in the number of moles from reactants to
the transition state or intermediate and cref =

p
RT is the molar

concentration for the gas-phase standard state, where p is the
pressure (1 atm), R is the universal gas constant, and T is the
reference temperature. For example, a bimolecular association
reaction (Δν =�1) at 298 K corresponds to a correction of approxi-
mately �1.89 kcal mol�1 or 7.92 kJ mol�1.

2.3.3. High-Level (HL) Single-Point Energies
To achieve near-chemical accuracy in calculated energetics, the
MUSIK framework improves upon DFT-level results by applying
HL single-point electronic structure methods using local CCSD(T)
methods that we find as an affordable balance between accuracy
and computational cost. For each reactant, transition state, and
intermediate, we calculate HL single-point energies on the DFT-
optimized geometry of the lowest-energy conformer.
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The activation energy at a higher level of theory is evaluated
analogously to the DFT expression in Equation 5:

Ea =ΔE‡
HL +ΔZPE

‡
DFT +ΔE

‡
Thermal (8)

whereΔE‡0
HL is the CC electronic energy of the transition states. The

association/dissociation steps without an internal energy barrier
require estimating an effective activation free energy that can be
done by applying the translational-entropy penalty for association
steps [99]. To quantify the translational entropy, we utilize the
simplified form of the Sackur–Tetrode equation [157, 194], which
separates the contributions ofmass and temperature under ideal gas
conditions:

Strans =
3
2
R lnM +

5
2
R lnT + 2:315 (9)

whereM represents the molar mass, T is the temperature, and R is
the ideal gas constant. Consequently, for a 2! 1 association under
the 1-M standard state at 298 K, the translational entropic penalty
typically falls in the 40–50 kJ mol�1 range.

The HL Gibbs free energy is obtained by adding DFT-derived
thermal corrections to the HL single-point energy:

GHL =EHL + GDFT �EDFTð Þ (10)

The final HL Gibbs free energies of intermediates and transition
states with correction to the solution-phase standard state are then
written as:

ΔGX
HL =G

X
HL�

X
Greactants,HL (11)

We note that forward barriers are evaluated for every elementary
step.However, reverse barriers can be calculated and includedwhen
their magnitude is small or when the reverse process occurs on a
timescale comparable to the forward reaction. A forward barrier
corresponds to the Gibbs free energy difference between a transi-
tion state and the preceding intermediate or reactant, while a
reverse barrier corresponds to the Gibbs free energy difference
between the same transition state and the subsequent intermediate
or product.

Good Practices and Recommendations
• Use near-linear scaling local CCSD(T) methods to obtain accur-
ate HL energies.

• Archive all computational data, including optimized DFT geom-
etries, HL single-point calculations, and thermochemical
corrections, in accessible repositories to ensure transparency
and reproducibility.

2.4. Kinetic Monte Carlo Simulations

Kinetic Monte Carlo simulation is a simulation framework for
modeling the time evolution of systems via stochastic steps where
transitions between states occur with known rates, typically derived
from quantum chemical calculations or experimental measure-
ments [74, 195, 196, 197, 198, 199, 200, 201, 202, 203]. The kMC
simulation comes in two implementations, on- and off-lattice. On-
lattice kMC uses a fixed grid or network of sites and bonds, where
each site represents a possible chemical position such as an atom,
monomer, or active site. Reactions occur when local arrangements
of sitesmatch a predefined pattern, changing the type of a site or the
connection between neighboring sites [74, 195, 196, 197, 198, 199,
200, 204]. Off-lattice kMC works in continuous 3-D space, where
events depend on distances and orientations between moving par-
ticles rather than a fixed grid [202, 203], and can be implemented

using tree-based or matrix-based formulations for event selection
and rate representation [205, 206]. Lattice-based kMC can suit
polymer transformations because it preserves chain structure,
tracks local environments explicitly, and captures interactions
between neighboring units [67, 207, 208].

Modeling polymers introduce unique computational challenges
because each chain (lattice) contains many reactive sites, and each
site can undergo multiple reaction types, yielding thousands of
distinct events with rates that depend on local configurations. Event
selection and lattice updates become the primary computational
bottlenecks, especially when long-range or lateral interactions are
included [209]. Rejection-free sampling improves computational
efficiency by selecting the next event directly from the correct rate
distribution, advancing time accordingly, and executing every
selected event without unnecessary rejections [196, 198, 200, 204,
209, 210]. Tomake rejection-free sampling efficient,modern imple-
mentations organize event data so the algorithm can quickly find
the next reaction and update only the local region affected by the
last one [196, 209, 210]. In practice, rejection-free sampling often
uses graph-based representations [196], where each site or mono-
mer corresponds to a node and a chemical bond or where spatial
connections define edges. Events modify only the nodes and edges
involved, which allows localized rate updates instead of recalculat-
ing the entire system. When applying MUSIK, we recommend
using software such as Zacros, kmos [211], KMCLib [212],MoCKA
[213], orMonteCoffee [214] to leverage rejection-free sampling and
graph- or lattice-based representations that adapt well to polymer
transformations. Tool selection should depend on the target system
and required model features. Zacros is well-suited for graph-based
lattice models that require local pattern matching, multi-site elem-
entary steps, and lattice-state tracking; KMCLib and kmos are
useful for general lattice kMC implementations; and MoCKA or
MonteCoffee may be preferable when users need flexible custom-
ization of event rules or simulation workflows.

The rejection-free kMC algorithm produces stochastic trajec-
tories whose statistical properties satisfy the chemical master
equation (CME) [209, 210, 215]. The CME defines how each event
is distributed stochastically by linking state probabilities to micro-
scopic transition rates (k as defined in Equation 4, Section 2.3.1). Let
Pi tð Þdenote the probability of state i at time t, with

P
i
Pi tð Þ= 1. The

CME reads:

dPi tð Þ
dt

=
X

j≠ i

kjiPj tð Þ�kijPi tð Þ
� �

(12)

where Pj tð Þdenotes the probability of state j at time t; kji is the rate
from j! i (inflow to state i); and kij is the rate from i! j (outflow
from i). The balance between the inflow term kjiPj tð Þ and the
outflow term kijPi tð Þ governs the time evolution of Pi tð Þ . Also,
summing Equation 12 over all states shows zero net change in total
probability, so the distribution always remains normalized. Steady
state arises when each Pi tð Þ no longer changes; at that point, inflow
to every state exactly balances outflow from that state (i.ePdPi tð Þ

dt = 0).
The general rejection-free kMC workflow (Figure 2) has two

blocks: (i) input & initialization (blue) and (ii) event-time loop
(red). The workflow begins by building the lattice by defining
geometry, connectivity, site types, boundary conditions, and an
initial configuration. After defining the lattice, the simulation
parameters are set, including random-number seeds, sampling
cadence (the frequency, in simulation time or event steps, at which
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system states are recorded), stopping criteria (time, event count,
conversion, or precision), and thermodynamic conditions such as
temperature and pressure. Next, the reactionmechanism ismapped
onto the lattice by encoding the elementary steps and assigning
reaction rates from DFT-calculated barriers (see Section 2.3) or
experimental kinetics. One must also include lateral interactions
when needed to account for coverage, proximity, or conformational
effects that shift barriers and prefactors. The algorithm completes
initialization by enumerating all elementary steps from the chosen
starting state, collecting their rates, computing the total leaving rate
for the initial state, and setting the simulation clock to zero. After
initialization, the event-time loop uses the event list to select one
event at random with probability proportional to its rate, so faster
events are chosen more often than slower ones. The algorithm
executes the selected event by updating the local lattice (bonds, site
types) and any updated tracked observables (e.g., rate and pathway
tallies, species counts, conversion). Next, it advances the simulation
clock by a random waiting time drawn from an exponential

distribution whose rate equals the total rate, that is, the sum of
the rates of all currently enabled events. The algorithm then
refreshes the event list and associates rates only in the region that
changed, removing events that are no longer possible and adding
newly enabled events. Finally, it checks the termination rule; if
unmet, the loop returns to event selection, and if met, the simula-
tion stops and writes the event log, scheduled snapshots, and time-
series observables. Examples of stopping criteria include a target
simulation time, a maximum event count, a conversion target, or a
precision tolerance. The remainder of Section 2.4 details the input
components that drive the loop in Figure 1 and how to implement
them for polymer transformations. Section 2.4.1 defines the poly-
mer lattice for kMC simulation. Section 2.4.2 maps the reaction
mechanism onto that lattice and specifies the rate construction.
Section 2.4.3 incorporates lateral interactions that modify barriers
and prefactors. Each subsection includes practical recommenda-
tions for robust setup and reproducible simulations.

2.4.1. Definition of the Polymer Lattice
For modeling polymer transformation, the kMC lattice is naturally
described by a one-dimensional topology whereby each lattice site
corresponds to a backbone carbon atom, a repeat unit, or a reactive
segment. However, additional considerations such as branched or
cross-linked polymers may require two- or three-dimensional top-
ologies to capture connectivity across multiple chains, similar to
lattice definitions common in kMC modeling of surface reactions
[196, 209, 210, 213, 216]. In MUSIK, boundary conditions are
defined explicitly, where periodic boundaries connect the chain
ends to mimic an infinitely repeating polymer, and open boundar-
ies leave chain ends free to participate in termination or end-group
reactions. Once the lattice topology and boundary of the polymer
lattice are established, we identify which part (site) of the polymer
lattice can participate in an elementary step. We assign site types to
each site to capture distinct chemical environments or identity,
such as backbone, end group, repeat unit, defect, or branch. Site
types determine which reaction templates apply locally and enable
simplification by grouping chemically equivalent sites under one
label, minimizing the event catalog. Next, we define connectivity to
identify which sites act as neighbors and can react together. Within
our MUSIK framework, we specify site type and connectivity and
label the site type consistently to ensure that the lattice represents
both polymer structure and the local environments within the
polymer that govern reactivity. Additionally, we recommend set-
ting lattice length to reflect experimental molecular weight: convert
molecular weight to a count of repeat units and use that count as the
number of lattice sites.

2.4.2. Mapping of Reaction Mechanism onto the Lattice
Mapping quantum-chemical reaction mechanisms onto the poly-
mer lattice defines the elementary events that drive the stochastic
evolution of the system. The mapping translates results from small,
representative fragments into lattice-level rules that capture bond
breaking, bond formation, or chain rearrangements. In MUSIK, we
represent each elementary step and its energetics consistently on
the chosen lattice. We recommend selecting a set of lattice sites that
is large enough to include all positions that influence a given
elementary step yet small enough to avoid slow simulations and
then confirming through numerical convergence that expanding
the site size no longer changes the mapped event energetics or
kinetics significantly. Next, we map the site types introduced in
Section 2.4.1 onto the selected sites so that every elementary step
can be expressed with the chosen site-type scheme. Section 3.2.2

Figure 2. A rejection-free kMC workflow. The input and initialization block define the
lattice, map the reaction mechanism, set simulation parameters, and initialize the
lattice state. The event–time loop selects and executes events, updates simulation
time, checks termination criteria, and writes final kMC outputs.
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provides detailed, step-by-step examples of themapping procedure.
Finally, we assign each mapped event a kinetic parameter derived
fromHLquantummechanical calculations. Typical kMC inputs are
the activation energy Ea, pre-exponential factorA, and rate constant
? (see Equation 4). For rate calculations, we recommend following
the guidelines in Section 2.3 and deriving forward and reverse rates
from the same quantum-chemical data so that microscopic revers-
ibility holds. Some kMC engines allow explicit input of forward and
reverse parameters, whereas others enforce thermodynamic
consistency automatically through the equilibrium relation in
Equation 13:

kfwd
krev

= exp �ΔGo
RTð Þ (13)

where kfwd and krev are the forward and reverse rate constants, ΔGo

is the standard-state Gibbs free energy difference between products
and reactants, R is the gas constant, and T is the reaction tempera-
ture.

2.4.3. Lateral Interactions
In lattice-based kMC, lateral interactions account for how energet-
ics change when species occupy neighboring lattice sites. While
originally studied in the context of adsorbates on solid surfaces
[196, 209, 210, 217, 218], the same principles apply to polymers
when the presence or absence of neighboring reactive groups,
defects, or substituents on one repeat unit affects the reactivity of
adjacent ones [98, 99]. Such effects may stabilize or destabilize a
transition state, alter reaction barriers, or shift selectivity depending
on local structure. For instance, we showed that the formation of
unsaturated bonds or the presence of substituents on one repeat
unit can alter the barrier for transformations occurring on neigh-
boring units, either lowering or raising the barriers depending on
the local environment [98].

In frameworks that include lateral interactions, local environ-
ments modify site energetics by assigning corrections to base
reaction energies or rate constants according to the configuration
of neighboring sites. The most common approach is the cluster
expansionHamiltonian (CEH) [196, 209, 210, 217, 219, 220], which
expresses interaction energies as contributions from pairwise or
higher-order site clusters. For polymer systems, first-nearest-neigh-
bor interactions usually capture short-range effects. Higher-order
terms become necessary when strongly directional interactions
extend beyond adjacent sites, such as hydrogen-bond chains,
extended π–π stacking, or long-range dipole–dipole coupling that
influence multiple repeat units. Detailed theory and algorithms for
CEH can be found in the original references [196, 219, 220].Within
the MUSIK framework, we adopt this standard treatment by pass-
ing environment-dependent corrections to the kMC engine rather
than redefining the interaction model. Users supply the base reac-
tion energetics from Sections 2.1–2.3 and indicate which neighbor
shells can influence a given event, and the underlying kMC solver
then applies the corresponding cluster-based adjustments at run
time according to the local configuration.

Good Practices and Recommendations
• Enumerate all possible site combinations for each event; account
for symmetry and boundaries.

• Choose the event span and neighborhood radius just large
enough to capture chemistry without slowing the simulation.

• Keep site types and labels consistent, enumerate relevant site
combinations for every reaction to avoid bias, and keep site-type
labels and site labels consistent across inputs and outputs.

• Apply lateral-interaction corrections only to event instances that
meet the defined neighborhood features and state which terms
are corrected.

• Maintain reproducibility by providing scripts, inputs, and
instructions (README) that recreate at least one figure end-
to-end.

2.5. Model Output and Result Analysis

Kinetic Monte Carlo simulations produce raw outputs that record
both the sequence of accepted events and the evolving state of the
lattice. Raw outputs include the event log, which captures every
reaction event and its waiting time; lattice snapshots, which store
the spatial arrangement of reactive sites after each event or at fixed
intervals; and time series of observables such as species counts, site
occupancies, and counters/steps for each reaction pathway. From
the raw kMC files, one can extract kinetic and structural informa-
tion to produce interpretable metrics that reveal how polymer
reactivity and structure evolve throughout the simulation. Kinetic
outputs yield time-resolved quantities such as reaction rates, reac-
tion times, and pathway frequencies, which show how competing
mechanisms progress toward steady state or saturation. The aver-
age simulation time accumulated across many stochastic runs
defines the mean reaction time for each elementary step, and its
inverse gives the corresponding event frequency or apparent rate.
Plotting how event frequency changes with time or conversion
helps identify slow, rate-limiting steps and transient stages that
control the overall reaction progress. Lattice snapshots store struc-
tural information such as reacted and unreacted site fractions,
lengths and distributions of transformed segments, and fragment-
size distributions that determine mass or molecular-weight distri-
bution. To compute reacted and unreacted site fractions, one can
count the transformed sites and normalize by the initial number of
sites. Product distributions follow from counting reacted fragments
(e.g., monomers or oligomers) on the output lattice and plotting
their number or mass fractions as functions of time or conversion.
From the fragment-size/product distribution, one can compute the
number-average molecular weight ( �Mn ) and the weight-average
molecular weight ( �Mw ); their ratio defines the dispersity (Đ).
Analyzing and visualizing product distributions reveal which poly-
meric products dominate under given conditions and can guide the
selection or optimization of reaction conditions. We recommend
selecting only themetrics relevant to the study, averaging them over
multiple trajectories, and clearly reporting the chosen normaliza-
tion (per site, or monomer or chain). Together, kinetic and
structural analyses convert raw kMC trajectories into interpretable
observables that reveal mechanism, quantify reactivity, and connect
simulations directly to experimental data.

Reliable analysis of kMC simulations requires both statistical
averaging and post-processing of the raw event logs. Since individ-
ual kMC runs are stochastic, averaging acrossmultiple independent
simulations reduces noise and yields converged estimates. The
system and the property of interest determine the required number
of kMC runs; studies report ensembles ranging from hundreds to
many thousands of independent runs [98, 99]. Subsequently, con-
vergence relies on the stability of rate profiles or distribution
functions [98, 99].Most kMCpackages output raw event sequences;
so, post-processing extracts and visualizes chemically meaningful
observables. Some packages highlighted in Section 3.4 include built-
in analysis modules; when available, these tools generate standard
summaries and plots, including time-averaged reaction rates, spe-
cies populations versus time, site occupancy, and conversion
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profiles. When built-in post-processing is absent or tailored to
surface reactions, and thus insufficient for polymer transform-
ations, general-purpose tools such as Python, C++, or Excel
compute rate and pathway distributions, step frequencies, and
backbone group counts as functions of time. Visualization of the
processed data then plays a central role in interpretation, using plots
such as line, bar, histogram, or network diagrams to highlight
temporal trends.

Finally, the results analysis can also inform subsequent model
and method refinement (see loop-back in Figure 1). If the kMC
trajectories reveal a kinetically dominant pathway that differs from
the benchmarked mechanism, revisit Section 2.1 to re-evaluate the
reaction network and repeat the quantum-chemical benchmarking.
Confirming that the dominant mechanism in the kMC results
aligns with the benchmarkedmechanism is essential tomaintaining
the validity and internal consistency of the overall MUSIK frame-
work.

Good Practices and Recommendations
• Average results over independent trajectories to obtain statistic-
ally converged rate and distribution profiles.

• Run trajectories to reach a steady state and sample snapshots
frequently to capture structural changes.

• Normalize all metrics consistently (per site, per chain, or per
volume) to enable fair comparisons.

• Report kMC simulation inputs, settings, and analysis scripts to
ensure full reproducibility.

• Revisit the reaction network and rate constants when kMC
reveals a dominant or unexpected pathway.

3. Tutorial on Building a kMC Model

In this section, we use the previously published multiscale simula-
tion of base-assisted dehydrochlorination of PVC as an example to
demonstrate how the MUSIK framework integrates reaction ener-
getics derived from quantum chemical calculations to construct a
graph-theoretical kMC model [98]. We chose the base-assisted
dehydrochlorination of PVC as our case study due to its complex
reaction network that includes competing elimination, addition,
and substitution mechanisms. PVC dehydrochlorination provides
a representative test system for polymer transformations because it
couples competing elementary reactions, defect-dependent reactiv-
ity, and spatial propagation of structural changes along the polymer
backbone, which are relevant aspects for polymer recycling prob-
lems. Based on previous experimental and computational studies
[98, 221], we consider sodium hydroxide (NaOH) as the base and
tetrahydrofuran (THF) as the solvent under ambient conditions
(298.15 K and 1 atm), and standard concentration (1 M). The
dehydrochlorination of PVC proceeds through competing E2 elim-
ination, Michael addition (MA), and SN2 substitution steps that
remove chlorine and form conjugated double bonds, as illustrated
in Scheme S1 in the Supplementary Material [98, 222, 223].

The rest of Section 3 shows how to set up and analyze a
reproducible kMC model for PVC dehydrochlorination. Section
3.1 describes the quantum chemical workflow, including polymer
model selection, method selection and benchmarking, conformer
sampling, and reaction mechanism construction to obtain activa-
tion energies, reaction energies, and pre-exponential factors for
kMC simulations. Section 3.2 details the construction of the
graph-based lattice kMCmodel using Zacros [196], covering lattice
definition, mechanism mapping, simulation setup, and data collec-
tion. Section 3.3 presents kinetic analyses that quantify event

distributions, rate distribution, and pathway evolution during
dehydrochlorination. Finally, Section 3.4 focuses on structural
analyses tracking transformed lattice fractions and conjugation
lengths distributions. The results presented in this section repro-
duce previously published simulations and are included to
demonstrate the reproducibility and internal consistency of the
MUSIK workflow rather than to introduce new mechanistic
insights or provide a new quantitative comparison to experimental
data.

3.1. Quantum Chemical Calculations

In Sections 2.1–2.3, we outlined recommended practices for obtain-
ing activation energies and pre-exponential factors for kMC
models. Here, we summarize the quantum chemical calculation
protocol used to obtain the energetic input for the PVC case study.

We carried out all geometry optimizations, transition-state
searches, and vibrational analyses using Gaussian 16 [169] and
evaluated HL single-point energies in ORCA 5.0.2 [161, 162].
Meanwhile, we performed conformer sampling using the GFN2-
xTB semiempirical method as implemented in the CREST [92]
program. To represent the polymer environment accurately, we
modeled PVC as a five-monomer fragment terminated with hydro-
gen atoms.We selected this fragment size based on a benchmarking
analysis of reaction energetics across chains containing two to six
monomers (Supplementary Table S1), which demonstrates that
activation barriers converge within a few kJ mol�1 beyond four
monomers. The five-monomer fragment therefore provided a
chemically representative and computationally tractable model,
depicted as defect-free PVC in Supplementary Figure S1. To min-
imize chain-end artifacts, we placed the reactive monomer at the
center of the fragment.While our previous work examinedmultiple
defect types [98], including branching and tacticity, the present
tutorial considers only a methyl chloride (MeCl) defect on the
reactive monomer, as it represents the most common structural
defect in commercial PVC [224, 225, 226, 227, 228, 229] and serves
as the focus of the tutorial.

We selected the electronic-structure method by benchmarking
the electronic activation barrier (ΔE‡, Equation 1 in Section 2.3.1)
for the E2 dehydrochlorination step using a two-monomer PVC
model. We tested ωB97X-D [107, 109, 110] and M06-2X-D3 [108]
with basis sets 6-31 + G(d,p) [138, 230, 231, 232], 6-311 + G(d,p)
[230, 233], def2-TZVPPD [138, 234], and def2-QZVPPD [138, 232,
234] against composite methods that included DLPNO-CCSD(T)
[95, 97] single-point energies with the def2-TZVPPD basis set. The
benchmarking evaluated both electronic activation barriers and
transition-state O–Hbond lengths across functional–basis set com-
binations, confirming that even smaller polarized basis sets
captured the key geometric features of the reaction. We incorpor-
ated solvent effects using the SMD implicit solvation model with
THF, as geometry optimization in solution produced more realistic
PVC bond lengths in the presence of chloride. We also applied
dispersion corrections consistently across all calculations. Our
analysis supported the final choice of the composite scheme:
DLPNO-CCSD(T)(SMD = THF)/def2-TZVPPD//ωB97X-D
(SMD = THF)/6-31 + G(d,p). We selected this method because it
reproduced theHL reference barriers within 0.6 kJmol�1 difference
while maintaining a good balance with computational cost. We
determined the most favorable geometry for our reaction mechan-
ism by generating conformers with metadynamics and
reoptimizing structures within a 25 kJ mol�1 window of the global
minimum. The selected lowest-energy conformers exhibited
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backbone dihedral angles consistent with the trans (180 ± 15°) and
gauche (60 ± 15° and 300 ± 15°) motifs also observed in classical
MD simulations of PVC [235].

We constructed the complete reaction network by enumerating
all chemically distinct elementary steps accessible to the five-mono-
mer fragment. Supplementary Schemes S2 (defect-free PVC) and
S3 (PVC with a MeCl defect) summarize the resulting reaction
network, which contains 12 elementary steps grouped into E2
elimination, MA, and SN2 substitution pathways. Reactions 1–5
and 10 describe E2 events, in which case the base abstracts a β-
hydrogen to eliminate H and Cl simultaneously to form a double
bond. Reactions 6–8 describe hydroxide addition via MA to mono-
ene and diene sites. Reactions 9 and 11–12 represent SN2
substitution of chlorine by hydroxide. We optimized all reactants,
intermediates, and transition states at the DFT level and corrected
electronic energies using DLPNO-CCSD(T) single-point calcula-
tions. Using the equations in Section 2.3, we computed the
activation energies (Ea) and pre-exponential factors (A) that we
reported in Supplementary Table S2 for both defect-free PVC and
PVC with a MeCl defect.

3.2. kMC Simulation

We perform all kMC simulations using Zacros 3.01 [196], a graph-
theoretical kMC package that follows the rejection-free workflow
illustrated in Figure 2. The subsections below describe how to
construct the Zacros input files and analyze the resulting output
using the lattice shown in Supplementary Figure S1. Consistent
with our previous PVC dehydrochlorination studies [98, 221], we
use a reduced 10-site lattice for illustration and figure clarity, while
all production simulations are carried out on the full 500-monomer
(1000-site) PVC chain. First, Section 3.2.1 describes lattice con-
struction and generation of the lattice_input.dat file. Section 3.2.2
explains how we map the quantum-derived reaction mechanism
onto the lattice to generate the mechanism_input.dat and energe-
tics_input.dat files. Section 3.2.3 defines the simulation parameters,
including temperature, stopping criteria, and lattice update rules,
which together specify the kMC execution and generate the simu-
lation_input.dat file. Finally, Section 3.2.4 details output data
collection and analysis, including extraction of system state, event
histories, and time evolution from general_output.txt, as well as
temporal and final lattice snapshots from history_output.txt.

3.2.1. Building Lattice
We represent the PVC backbone as a one-dimensional, non-peri-
odic lattice of discrete sites. Because each vinyl chloride repeat unit
contains two backbone carbon atoms, we map each monomer onto
two lattice sites. For production simulations, we use a chain length
of 500 monomers (1000 sites) to match the reported low-molecu-
lar-weight PVC chain length [221]. To capture the local chemical
environments required for the elementary steps shown in
Supplementary Schemes S2–S3, we classify lattice sites into chem-
ically distinct types. In defect-free PVC, the backbone alternates
between methylene (CH₂) and methine chloride (CHCl) units,
which we designate as site types St1 and St2, respectively, as
illustrated in Supplementary Figure S1. We enforce this alternation
by restricting lattice connectivity such that St1–St2 bonds are
allowed, while St1–St1 and St2–St2 bonds are prohibited, since
these latter combinations do not occur in the PVC backbone.

Supplementary Figure S2 provides an explicit example of the
Zacros lattice input for a reduced five-monomer, defect-free PVC
model. The file first defines the total number of lattice sites

(n_sites = 10), corresponding to two backbone carbon sites per
monomer, and sets the maximum coordination number (max_-
coord = 2) to represent a linear polymer chain. Two chemically
distinct site types are specified (n_site_types = 2) and labeled St1
and St2, which correspond to CH₂ and methine chloride (CHCl)
backbone units, respectively. The lattice_structure block then
assigns each site a Cartesian coordinate along a single spatial
dimension, reflecting the one-dimensional nature of the polymer
backbone. For each site, the input explicitly defines the coordin-
ation number and lists the indices of its nearest-neighbor sites,
thereby enforcing linear nearest-neighbor connectivity. This con-
struction restricts each site to at most two bonded neighbors and
preserves the alternating St1–St2 sequence characteristic of defect-
free PVC, while preventing St1–St1 or St2–St2 linkages. The pre-
sented reduced lattice serves solely for illustration and clarity, and
all production kMC simulations employ the full 500-monomer
(1000-site) lattice constructed using the same site definitions, con-
nectivity rules, and coordination constraints.

For the PVC model containing a single MeCl defect
(Supplementary Figure S1), we modify the defect-free lattice by
introducing an additional site type while preserving the same one-
dimensional, nearest-neighbor topology. Supplementary Figure S3
shows the corresponding Zacros lattice input for the five-monomer
MeCl-defect PVC model. The lattice specifies three site types (St1,
St2, and St3), where St3 represents themethylene (CH₂) site bearing
a methyl substituent. To represent a single MeCl defect, we replace
the central St1 site with St3 (site 5 in the 10-site example), while
retaining St2 at the adjacent position to preserve the local CH₂–
CHCl backbone sequence. We enforce defect-specific connectivity
by allowing St3–St2 links and disallowing St3–St1 and St3–St3 links,
so the lattice maintains a chemically consistent backbone topology.
Aside from this site-type substitution and the associated connect-
ivity constraint, the lattice dimensionality, coordinate assignment,
and nearest-neighbor construction follow the same procedure as
the defect-free model.

To ensure reproducibility and consistent formatting, we gener-
ate all Zacros lattice inputs with the Python script lattice_build.py
(Supplementary Script S1). The script automates lattice construc-
tion by assigning site indices, Cartesian coordinates, and nearest-
neighbor connectivity, and supports both defect-free and defective
PVC lattices. In defective mode, the script converts a user-defined
fraction of St1 sites to St3 while preserving backbone geometry and
connectivity and then updates the Zacros input files accordingly.
The -nlat option generates multiple statistically independent
defective lattice configurations. For production simulations, we
represent a 500-monomer PVC chain as a 1,000-site lattice; an
8% defect level, therefore, corresponds to 40 St3 sites distributed
across the lattice. Supplementary Script S1 (Section S2 and project
GitLab repository) provides the complete code, command-line
options, and example commands required to reproduce all lattice
inputs.

3.2.2. Mapping Reaction Mechanism
We map the quantum chemical calculated elementary steps
obtained from the five-monomer DFT models onto reduced lattice
templates suitable for graph-theoretical kMC. Each reaction
requires only the minimal local chemical environment necessary
to define bond breaking, bond formation, and changes in conjuga-
tion along the PVC backbone. Accordingly, the lattice templates
span between three and six sites, depending on the reaction type.
The template size is determined solely by the number of adjacent
backbone sites required to represent the reactive center and its
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immediate chemical group. Reactions involving isolated dehydro-
chlorination or substitution steps require smaller templates,
whereas reactions that extend conjugated polyene sequences
require larger templates. In particular, the six-site templates capture
the CH₂–CHCl reactive center together with neighboringmonomer
units on both sides of the backbone, enabling explicit representation
of polyene growth during sequential dehydrochlorination.
Supplementary Figure S4 summarizes the lattice-template defin-
itions, including site numbering and the number of sites used for
each of the 12 elementary steps in both defect-free andMeCl-defect
PVC models.

Introducing MeCl defects substantially increases the number of
chemically distinct local environments. As an MeCl unit (St3)
replaces St1 sites, defects can occupy different positions within a
given three- to six-site reaction template. We accounted for this by
systematically enumerating all unique placements of St3 within
each reaction template while enforcing the lattice connectivity rules
described in Section 3.2.1. The proposed enumeration yields a finite
set of symmetry-unique defect configurations for each reaction
family. Supplementary Table S3 reports the complete set of defect
configurations generated through the enumeration procedure.
Each row corresponds to a reaction family shown in
Supplementary Figure S4, and each column (a–g) identifies a
distinct St3 placement within the template. We assigned kinetic
parameters to each configuration based on the defect position:
configurations with St3 located at the reactive monomer use
defect-specific activation energies and pre-exponential factors,
whereas configurations with St3 at non-reactive sites retain the
defect-free energetics. Supplementary Figure S4 and
Supplementary Table S3 use consistent color coding to link each
configuration to the corresponding kinetic parameters listed in
Supplementary Table S2.

Elementary steps in the Zacros mechanism are encoded using
lattice labels that explicitly track the chemical state of each PVC
backbone site before and after reaction. The symbol “*” denotes an
unreacted backbone site, corresponding to either a CH₂ or CHCl
unit in PVC. The label “C” (see Supplementary Figure S5) desig-
nates a site that has been converted into part of a vinylene (C=C)
unit following dehydrochlorination. Formation of the smallest
polyene unit is therefore represented by two adjacent sites labeled
“C,” while polyene growth during sequential elimination events
appears as contiguous strings of “C” labels along the lattice. Add-
itionally, we introduce labels including “CD” (Supplementary
Figure S6) for vinylene units originating from defect sites and
“OH” for hydroxylated products (see Supplementary Figure S7).

Supplementary Figure S5 shows the Zacros step definition in the
defect-free model using Reaction 1 as an example (Supplementary
Scheme S2 and Supplementary Figure S4). Each elementary step
begins with a step block and a unique step name (e.g., Rxn1_C-E2),
which encodes the reaction number (1), product type (C or OH),
and reaction class (E2, SN2, and MA) to facilitate automated post-
processing. The step definition specifies NaOH as the reactant and
NaCl and H₂O as products, reflecting the stoichiometry of the E2
elimination. The sites keyword defines the minimum four-site
lattice template required to represent the reaction, and the neigh-
boring line enforces linear connectivity (1–2–3–4) consistent with a
one-dimensional polymer backbone. The initial lattice state assigns
all four sites: the unreacted “*” label, while the final state assigns “C”
to sites 2 and 3, representing formation of a C=C bond. The
site_types entry (St2–St1–St2–St1) preserves the alternating CH₂–
CHCl backbone sequence defined in Supplementary Figure S4. The
step definition concludes by assigning the defect-free pre-

exponential factor and activation energy taken directly from Sup-
plementary Table S1.

Supplementary Figure S6 shows the corresponding step defin-
itions in the presence of a MeCl defect using Reaction 1 as an
example. In contrast to the defect-free case (Supplementary Fig
ure S5), Reaction 1 expands into multiple-step entries including
Rxn1a_C-E2, Rxn1b_C-E2, and Rxn1c_C-E2 to account for the
different possible positions of the MeCl defect within the four-site
reaction template. Each entry follows the same structural format as
the defect-free step, including identical gas-phase stoichiometry,
site count, neighbor connectivity, and initial lattice state. The
distinction between variants arises from the site-type assignments
specified in the site_types line. The site-type patterns for Rxn1_C-
E2 variants a–c (2321, 2123, and 2323) reflect the different positions
of the MeCl defect within the four-site template. When the defect
lies at the reactive center involved in C=C bond formation, the final
lattice state assigns the “CD” label to indicate vinylene formation
originating from a defect site (site 5), and the step uses defect-
specific energetics. When the defect lies outside the reactive center,
the final lattice state matches the defect-free case and retains defect-
free energetics.

Supplementary Table S4 consolidates the full kMC reaction
mechanism in CSV format, listing all elementary steps to be used
in the simulations. Each row specifies the step name, lattice size,
site-type template, initial and final lattice states, kinetic parameters,
and associated reactants and products. The first 12 entries corres-
pond to the defect-free PVC mechanism, while the remaining
entries enumerate all unique MeCl-defect configurations generated
by systematic defect placement within each reaction template.

We automate the construction of the Zacros mechanism input
files using the Python script mechanism_build.py (Supplementary
Script S2 and GitLab repository). The script reads each row of
Supplementary Table S4 and writes the corresponding step block
in mechanism_input.dat, ensuring consistent encoding of lattice
templates. The same script generates the accompanying energetic-
s_input.dat file by identifying all surface species appearing in the
lattice states and defining single-site point clusters for each species,
as illustrated in Supplementary Figure S7. Although Zacros sup-
ports explicit lateral-interaction terms through cluster expansions,
we incorporate neighbor effects directly into the DFT-derived
activation energies and pre-exponential factors by evaluating reac-
tion energetics on fragments that include nearest- and next-nearest-
neighbor environments. Introducing additional lateral-interaction
corrections would therefore double-count these effects. Accord-
ingly, we restrict the energetics file to point clusters only. The
simulations include a single OH point cluster with a cluster energy
of 0 eV, reflecting the low predicted OH coverage under the
simulated conditions and satisfying theminimum cluster definition
required for Zacros execution.

3.2.3. Setting Simulation Parameters and Running kMC
Supplementary Figures S8 and S9 present example simulation_in-
put.dat files for the defect-free and MeCl-defect PVC models,
respectively. In both cases, the files specify identical operating
conditions (298 K, 1.0 bar), define the gas-phase species NaOH,
NaCl, and H₂O together with their reference energies, molecular
weights, and mole fractions, and enable event-based reporting of
snapshots, process statistics, species numbers, and event logs. Here,
the term “gas-phase” species follows Zacros naming convention
and represents solution-phase reactant and product concentrations
coupled to the lattice and serve only as reservoirs in the kMC
simulation, rather than describing a physical gas phase. The files
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also apply identical termination criteria, with max_steps = 400 and
max_time = wall_time = 86,400 s, which corresponds to approxi-
mately 80% dehydrochlorination for a 500-monomer PVC chain.
The surface-species definition provides the only distinction
between the two inputs. The defect-free model (Supplementary
Figure S8) includes the surface species C and OH, whereas the
MeCl-defect model (Supplementary Figure S9) adds the CD species
to represent vinylene units formed at defect sites. The surface-
species labels match those used in the lattice-state templates and
reaction definitions listed in Supplementary Table S4, which
ensures consistent pattern matching across lattice, mechanism,
and simulation inputs. We generate simulation_input.dat using
the Python script simulation_build.py (Supplementary Script S3
or GitLab repository). Supplementary Script S3 parses the mech-
anism file to identify all gas-phase and surface species, assigns
molecular weights, and writes the simulation block specifying
thermodynamic conditions, species definitions, reporting options,
and termination criteria.

To assemble the full set of production simulations, we execute
Supplementary Scripts S1–S3 sequentially to generate the lattice,
mechanism, energetics, and simulation input files. Supplementary
Script S1 constructs the lattice_input.dat files, Supplementary
Script S2 generates the corresponding mechanism_input.dat and
energetics_input.dat files from the reaction definitions, and
Supplementary Script S3 produces the simulation_input.dat file
containing the operating conditions and reporting settings. In
Supplementary Script S3, the reactant (NaOH) concentration
(denoted as “gas_molar_fracs”) is set to 1.0 rather than the previ-
ously reported value of 0.24 to ensure exact reproducibility, as
earlier MUSIK simulations did not explicitly include concentration
effects, which are now supported in the current implementation. All
trajectories within a given model share the same mechanism,
energetics, and simulation inputs; only the lattice construction
differs between the defect-free and MeCl-defect cases. For the
defect-free PVC model, Supplementary Script S1 generates a single
1,000-site lattice representing an ideal alternating CH₂–CHCl back-
bone, which is reused for all kMC trajectories. Statistical averaging
is achieved by running 10,000 independent Zacros simulations on
this identical lattice geometry, each differing only in the stochastic
event sequence. To implement this, we create one directory per
trajectory and copy the same lattice_input.dat together with the
common mechanism_input.dat, energetics_input.dat, and simula-
tion_input.dat into each directory, while varying only the random
number seed for each run.

For the MeCl-defect PVC model, Supplementary Script S1 gen-
erates an ensemble of distinct lattices, each containing the specified
defect fraction (8%, corresponding to 40 St3 sites on a 1,000-site
lattice). Each lattice assigns defect sites to different random posi-
tions along the polymer backbone.We then create one directory per
trajectory and copy a unique defective lattice_input.dat, along with
the shared mechanism_input.dat, energetics_input.dat, and simu-
lation_input.dat, into each directory. In this case, each directory
represents an independent realization of both the stochastic kMC
event sequence and the defect distribution. In the present tutorial,
we generate 10,000 lattice trajectories for the MeCl-defect model to
enable statistical averaging over defect configurations and reaction
pathways. We execute Zacros in each directory in parallel.

3.2.4. Collecting Output Data
To illustrate the extraction of kinetic and structural information
from Zacros output files, we analyze a representative kMC trajec-
tory generated using the MeCl-defect lattice shown in

Supplementary Figure S3. The simulation uses the same reaction
mechanism and parameters as the production model but restricts
execution to two accepted dehydrochlorination events. We employ
a 10-site (5-monomer) lattice to present the resulting Zacros output
in a compact form that allows the complete lattice-state evolution to
be visualized within a single figure.

The primary raw output used for kinetic analysis is the general_-
output.txt file. Supplementary Figure S10 shows a representative
excerpt from general_output.txt for the illustrative trajectory in
Supplementary Figure S3. Each accepted kMC event appears as a
structured block reporting the kMC step index, the elementary-step
identifier (e.g., Rxn1a_C-E2), the simulation time at which the
event occurs, and the indices of the participating lattice sites. The
block also reports the event propensity evaluated at the simulation
temperature, the activation energy used for rate evaluation, and the
lattice energy change associated with the reaction. We provide
Supplementary Script S4 (get_event_data.py, see Supplementary
Material or GitLab repository) to preprocess general_output.txt
files across all numbered trajectory directories. The script scans
each file using the extraction keywords “Elementary step” and
“occurred at time t =” to identify accepted kMC events. For each
trajectory, it writes (i) the kMC step index and elementary-step label
to kmc_elementary_steps.csv and (ii) the kMC step index and event
occurrence time to kmc_elementary_times.csv. The script then
aggregates the per-trajectory outputs into two master files: combi-
ned_elementary_steps.csv, which records the kMC step index and
the corresponding elementary-step name across all trajectories, and
combined_elementary_times.csv, which records the kMC step
index and the simulation time at which each event occurred.
Together, these datasets provide the processed inputs used to
compute event-frequency (mechanism) distributions, apparent
reaction rates, and time distributions in Section 3.3.

Supplementary Figure S11 shows the history_output.txt file for
the illustrative MeCl-defect trajectory in Supplementary Figure S3,
which records site-resolved lattice configurations generated during
the kMC simulation. The file begins with a header defining gas
species, surface species, site types, and simulation metadata, fol-
lowed by a sequence of configuration blocks written after each
accepted event. Each configuration block reports the cumulative
number of accepted kMC events and provides a table describing the
instantaneous lattice state. In this block, the first column lists the
lattice site index, while the third column gives the numerical species
identifier that encodes the local chemical state of each backbone site
and serves as the primary structural descriptor used in the present
analysis. The remaining columns contain auxiliary Zacros diagnos-
tics and are not used further. The mapping between numerical
species identifiers and chemical labels is defined by the Surface_-
Species: entry in the file header and matches the ordering used in
the simulation input. For the MeCl-defect PVC model, unreacted
backbone sites are encoded as 0 (E or *), vinylene units formed by
dehydrochlorination as 1 (C), defect-derived vinylene units as 2
(CD), and hydroxylated sites as 3 (OH). Comparing successive
configuration blocks reveals how individual reaction events modify
the polymer lattice. For example, in the second configuration block
in Supplementary Figure S11, nonzero species identifiers appear at
sites 5 and 6, indicating formation of a C=C bond involving a
defect-derived vinylene site adjacent to a regular vinylene site. Each
configuration block concludes with a line reporting gas-phase
molecule production or consumption in the order defined by the
Gas_Species: header.

Supplementary Script S5 (get_lattice_data.py, see Supplementary
Material or GitLab repository) preprocesses structural information
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from history_output.txt. The script reads the surface-species defin-
itions from the file header, reconstructs the site-resolved lattice
configuration for each trajectory using the species identifiers in
column three, and maps these identifiers to their corresponding
chemical labels. It then identifies consecutive runs of reacted and
unreacted sites along the polymer backbone and computes structural
descriptors, including polyene length distributions, hydroxyl place-
ment, and remaining unreacted segments. The script writes per-
trajectory outputs (processed_history.txt and consecutive_cs.txt)
and aggregates these results across all trajectories into a combined
lattice dataset (combined_lattice_data.csv),which provides the struc-
tural input for the product-distribution analysis in Section 3.4.
Visualizing n lattice transformations requires simulations that accept
at least n + 1 reaction events, since history_output.txt records the
initial lattice state as the first configuration block.

3.3. Kinetic Analysis

We show how to analyze elementary reaction steps occurring in
time and frequency during PVC dehydrochlorination. The analysis
focuses on statistically averaged reaction mechanisms and reaction
timing obtained from large ensembles of kMC trajectories, with
direct comparison between defect-free and 8% MeCl-defect PVC
models.

Kinetic analysis proceeds by statistically averaging kMC event
data across 10,000 independent trajectories using the aggregated
outputs combined_elementary_steps.csv and combined_elemen-
tary_times.csv. We use 10,000 independent trajectories as
we confirmed to provide statistically converged quantities [98].
Supplementary Script S6 (event_post_process.py, see
Supplementary Material or GitLab repository) performs the data
aggregation in two stages. First, the script constructs the mechan-
ism distribution by stacking elementary-step identities across all
trajectories at each kMC step and normalizing their frequencies,
yielding mechanism_distribution.csv, where the weights of all
elementary steps sum to unity at every kMC step. This distribution
quantifies the relative contribution of competing pathways as the
reaction progresses. Second, the script computes ensemble-aver-
aged event times by averaging the occurrence time of each kMC step
across all trajectories, writing reaction_time_distribution.csv. The

mean time increment between successive kMC steps defines the
reaction-time profile, and its inverse provides an apparent reaction-
rate metric. Visualization of the mechanism distributions uses
Supplementary Script S7 (plot_mechanism.py, see Supplementary
Material or GitLab repository), which reproduces stacked mechan-
ism plots in the same format used in prior studies [98] to enable
direct comparison. The script reads the mechanism_distribution.
csv, maps kMC steps to conversion (extent of dehydrochlorination)
using a 1,000-site lattice and 401 kMC steps corresponding to 80%
conversion, groups low-weight pathways below a 0.01 threshold
into an “Others” category, and then generates stacked plots that
highlight dominant reaction steps. The color scheme used in the
stacked plots is listed in Supplementary Table S5 and is read directly
by Supplementary Script S7 from the same directory. In addition,
Supplementary Script S8 (plot_rate_time.py, see Supplementary
Material or GitLab repository) reads reaction_time_distribution.
csv and maps ensemble-averaged reaction times and rates to the
same 80% conversion window, reproducing the reaction-time and
rate line plots reported in prior MUSIK studies [98].

Figure 3 compares the ensemble-averaged elementary-step
distributions obtained from the tutorial kMC implementation.
At low conversion, Reaction 1 (initial dehydrochlorination, see
Supplementary Figure S4) and Reaction 3 contribute most
strongly, reflecting the formation of the first C═C bonds and their
immediate propagation to neighboring sites. As conversion pro-
gresses, Reaction 4 becomes increasingly dominant, indicating
that dehydrochlorination preferentially occurs adjacent to exist-
ing conjugation rather than at isolated C=C sites. This progression
reflects the lower barriers for propagation steps relative to the
initiation, which leads to sustained polyene growth in the CHCl
direction along the chain. For PVC containing 8% MeCl defects
(Figure 3, right), reactions associated with MeCl defective sites
dominate the mechanism at low conversion (<10%), with Rxn
1_defect (green region) initiating C=C bond formation at defect-
containing sites. Rxn 1_defect has a lower activation barrier than
the corresponding defect-free initiation step. The presence of Rxn
2_defect (neon green region) indicates that the newly formed C=C
bond adjacent to MeCl sites preferentially propagates toward the
CH₂ direction during the initial stages of dehydrochlorination.
Once unreacted MeCl sites are depleted, the elementary-step

Figure 3. Statistically averaged distribution of elementary reaction steps as a function of conversion during kMC simulations of PVC dehydrochlorination. Results are averaged over
10,000 independent kMC trajectories and shown for defect-free PVC (left) and PVC containing 8% MeCl defects (right). “Rxn” indicates the studied reactions shown in
Supplementary Schemes S1–S3. “Others” covers the contribution of all other reactions not explicitly mentioned separately. “Rxn” without additional note refers to defect-free
reaction mechanism steps as shown in Supplementary Figure S4, whereas “defect” indicates the contribution of defected reaction mechanism steps, also detailed in
Supplementary Figure S4.
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distribution shifts toward pathways in the defect-free chain seg-
ments, and reactions associated with CHCl-directed propagation
become dominant.

Figure 4 (left) compares the statistically averaged reaction rate as
a function of conversion for defect-free and 8% MeCl-defective
PVC. For the defect-free PVC model, the reaction rate increases
initially as the first C═C bonds form and reactive polyene segments
emerge that can react faster. The reaction rate reaches a broad
plateau between approximately 20% and 40% conversion and then
decreases gradually at higher conversion as available reactive sites
diminish. For the 8% MeCl-defective PVC model, simulations
predict a substantially higher initial reaction rate relative to the
defect-free case, reflecting rapid dehydrochlorination at reactive
MeCl-defect sites. As conversion increases and defect sites are
consumed, the reaction rate decreases sharply before 20% conver-
sion, after which the defect-free PVCmodel exhibits higher rates at
high conversion. The cumulative reaction-time profiles shown in
Figure 4 (right) reflect the same transition: the 8% MeCl-defective
model reaches lower cumulative times at early conversion, but the
curves cross near 40% conversion as defect-site depletion slows
later-stage propagation. The total reaction times are on the order of
hours for both defect-free and 8%MeCl-defective PVC, in line with
experimentally reported time scales for base-assisted PVC dehy-
drochlorination [221].

3.4. Structural Analysis

Structural analysis uses site-resolved lattice configurations
extracted from history_output.txt at a fixed conversion level and
statistically averaged over 10,000 independent kMC trajectories.
The tutorial focuses on the extreme case of 80% conversion and
compares defect-free PVC with PVC containing 8% MeCl defects.
At the kMC step corresponding to 80% conversion, reconstructed
lattice states are processed to compute distributions of consecutive
polyene lengths and consecutive unreacted chain lengths, which
provide direct structural descriptors of the dehydrochlorinated
polymer backbone.

We performed structural analysis using Supplementary Script S9
(lattice_post_process.py, see Supplementary Material or GitLab
repository), which processes the combined lattice dataset generated
from ensemble-averaged kMC simulations at a fixed conversion. The
script reads combined_lattice_data.csv, which aggregates lattice
snapshots across all trajectories, and uses explicit count (frequency)
markers (C-Count and E-Count) embedded in the file to isolate
reacted (polyene) and unreacted chain statistics. For each trajectory,
Supplementary Script S8 computes the average occurrence of con-
secutive reacted and unreacted segments, converts these averages
into ensemble-weighted frequencies, and outputs two product dis-
tribution files: c_count-output.csv for polyene length distributions
and e_count-output.csv for unreacted chain length distributions.
Visualization of the product distributions is carried out using
Supplementary Script S10 (plot_polyene_unreacted.py, see
Supplementary Material or GitLab repository), which reads the
statistically averaged distribution files generated by Supplementary
Script S9 and reproduces the line plots in the same format used in
prior studies [98]. The script plots the frequency of consecutive
polyene and unreacted chain lengths as a function of segment (chain)
size, enabling direct comparison of product distributions between
defect-free and MeCl-defective PVC models at a fixed conversion.

Figure 5 reports the statistically averaged distributions of poly-
ene and unreacted chain lengths at 80% conversion. For the defect-
free PVC model, the polyene-length distribution exhibits a domin-
antmode at a length of 6, consistent with prior simulations showing
that the dominant polyene length increases with conversion [98].
The peak in the blue defect-free curve reflects sustained propaga-
tion of conjugated segments once C=C bonds are formed, which
favors extension along the backbone rather than repeated re-initi-
ation. The declining tail at longer polyene lengths indicates that
very long uninterrupted conjugated segments occur less frequently
because further propagation requires adjacent unreacted backbone
sites. The corresponding unreacted chain length distribution peaks
at a length of 1 with the highest count, indicating that isolated
unreacted sites dominate at high conversion as extended
unreacted segments are progressively consumed. The unreacted-

Figure 4. Statistically averaged reaction rate (left) and cumulative reaction time (right) as a function of conversion for defect-free and 8%MeCl-defective PVCmodels, averaged over
10,000 independent kMC trajectories. The plotted reaction rate represents the ensemble-averaged kMC event frequency (s�1), rather than a macroscopic rate law.
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chain distributions also show an odd-even oscillatory pattern,
where odd-numbered unreacted segments occur more frequently
because C=C formation consumes pairs of adjacent backbone
carbons. For the PVC model containing 8% MeCl defects, the
polyene length distribution shifts toward shorter conjugated seg-
ments, with amode of 2 and a substantially higher count relative to
the defect-free case. The increase in count and population at
shorter lengths indicates that short polyenes initiated at MeCl
defect sites occur more frequently, consistent with defect-assisted
initiation and inhibited long-range propagation. Despite the
reduced polyene length, the unreacted chain length distribution
again peaks at a length of 1, with elevated counts reflecting
enhanced consumption of unreacted backbone segments due to
defect-induced propagation in the CH₂ direction and the same
even-odd oscillatory pattern but at lower counts.

4. Conclusion

In this work, we present a tutorial on graph-based kMC simulations
for polymer transformations within the MUSIK framework using
base-assisted dehydrochlorination of PVC as a case study. The
tutorial demonstrates how quantum chemical calculated reaction
mechanisms and rate constants are translated into lattice-based
kMC models and how kinetic and structural outputs are systemat-
ically extracted and analyzed. The tutorial establishes
recommended practices for quantum chemical modeling of poly-
mer reactions, including method and model selection, conformer
sampling, and calculation of activation energies and pre-exponen-
tial factors that define elementary reaction steps. We then outline
best practices for lattice-based kMC model construction, including
lattice definition, event mapping, and statistical convergence cri-
teria. We show how to map elementary steps and associated rate
parameters onto a graph-based lattice to perform statistically con-
verged kMC simulations under experimentally relevant conditions.
We also disclose Python-based post-processing procedures to
extract kinetic and structural observables. By providing fully docu-
mented input construction, execution, and post-processing
workflows, this work lowers the barrier for applying MUSIK-based
kMC simulations to new polymer systems and transformations for
the broader community, supporting future studies in polymer
degradation, recycling, and upcycling without reliance on empirical
kinetic fitting. Future MUSIK developments can integrate ML to
accelerate conformer screening, reaction-pathway prioritization,

and rate-constant estimation while retaining quantum-chemical
benchmarking for key elementary steps. The framework can also
be extended to more complex waste-stream models by incorporat-
ing mixed polymer lattices, defect populations, additives,
contaminants, and competing transformation pathways within
the same graph-based kMC workflow.
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