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ABSTRACT: Lignin is an abundant biopolymer of phenylpropanoid
monomers that is critical for plant structure and function. Based on the
abundance of lignin in the biosphere and interest in lignin valorization, a
more comprehensive understanding of lignin biosynthesis is imperative.
Here, we present an open-source software toolkit, Lignin-KMC, that
combines kinetic Monte Carlo and ﬁrst-principles calculations of radical
coupling events to model lignin biosynthesis in silico. Ligniﬁcation is
simulated using the Gillespie algorithm with rates derived from density
functional theory calculations of individual fragment couplings. Using
this approach, we conﬁrm experimental ﬁndings regarding the impact of
ligniﬁcation conditions on the polymer structure such as (1) the positive
correlation between sinapyl alcohol fraction and depolymerization yield and (2) the primarily benzodioxane linked structure of
C-lignin. Additionally, we identify the in planta monolignol supply rate as a possible control mechanism for lignin biosynthesis
based on evolutionary stresses. These examples not only highlight the robustness of our modeling framework but also motivate
future studies of new lignin types, unexplored monolignol chemistries, and lignin structure predictions, all with an overarching
aim of developing a more comprehensive molecular understanding of native lignin, which, in turn, can advance the biological
and chemistry communities interested in this important biopolymer.
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1. INTRODUCTION
Lignin is an alkyl-aromatic polymer that gives structural
integrity to plant matter and protects it from microbial
attack.1−5 As a highly abundant natural biopolymer, lignin has
substantial promise as a renewable feedstock for chemical
synthesis of aromatics.6−10 To economically convert lignocellulosic biopolymers, eﬀective utilization of both polysaccharides and lignins is imperative as wasted feedstocks rapidly
decrease the proﬁtability of any bioreﬁnery venture.11 In
current generation bioreﬁneries, we are well equipped to
upgrade the polysaccharide fraction through a number of
catalytic12−17 and biological18−20 strategies. However, our
understanding of lignin biosynthesis remains incomplete,
limiting our ability to fully valorize lignin. A better quantitative
understanding of the complex native lignin structure can
enable the advancement, optimization, and, ultimately, deployment of recently proposed depolymerization techniques,8,21−23
improve the suite of natural lignin-based polymer products,24−29 provide a starting point for analysis of higher
molecular weight lignin fragments,30−34 and guide the eﬀorts
of plant biologists interested in genetically modifying plants to
produce designed lignins.35−39
Lignin biosynthesis, or ligniﬁcation, begins in the cytoplasm
where a series of metabolic pathways convert phenylalanine
© 2019 American Chemical Society

and tyrosine into primarily coniferyl alcohol (G-unit), sinapyl
alcohol (S-unit), and p-coumaryl alcohol (H-unit), which are
collectively known as the monolignols.4,5,9,40−46 These
molecules are subsequently transported to the cell wall
through a number of mechanisms,47,48 where peroxidase and
laccase enzymes mediate their oxidation into phenolic radicals.
The radicals delocalize over the aromatic structure, resulting in
coupling reactions that generate a complex phenolic polymer
network containing a variety of intermolecular C−O or C−C
bonds.1,2 Figure 1 illustrates the most common chemical
linkages found in native lignin fragments and their associated
nomenclature that will be used throughout the remainder of
this manuscript.
Previously, multiple research groups have attempted to
model the ligniﬁcation process to obtain fundamental understanding via a variety of stochastic methods parameterized by
experimental data on bond distributions. For example,
SIMREL, one of the earliest models of ligniﬁcation, added
monomers to growing chains of lignin so long as the chains
conformed to experimentally measured lignins.49 Similarly, to
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Figure 1. Ligniﬁcation reactions that can occur in H, S, and G lignin between oxidized fragments. These connections represent the linkages that are
most commonly found in native lignins and the linkages represented in the Lignin-KMC code. The characteristic bond for each linkage is color
coded, and this color code is used throughout the main text. The β-1 bond is drawn in the form found under acidic conditions, with the aldehyde
separated from the remainder of the bond (bottom right).

and transition-state energetics calculated at the M06-2X/def2TZVP level of theory in implicit water.65 By using this hybrid
strategy, we achieve monomer resolution within the polymer
while incurring a lower computational cost as compared to ab
initio simulations of the ligniﬁcation process in a solvent. Close
agreement between the simulated outputs and experimentally
measured structural properties of lignins with typical hardwood
and softwood compositions illustrates the predictive capability
of the model. We then apply the Lignin-KMC method to
investigate the impact of the S/G ratio on depolymerization
monomer yields and to explore in detail the importance of
monolignol addition rate as a parameter in controlling the
resulting lignin chemistry in planta. With minimal additions,
we extend the model to simulate the formation of
homopolymers of caﬀeyl alcohol (C-unit) and accurately
predict their bond formation tendencies. With the source code
publicly available on GitHub (https://github.com/
michaelorella/lignin-kmc),66 this toolkit can be readily used
and built upon by researchers in areas focusing on lignin,
ranging from plant biology and genetic engineering to catalytic
depolymerization and renewable polymers derived from lignin,
to gain deeper understanding of the ligniﬁcation process and
the implications of the lignin structure on valorization
strategies.

better understand the geometry of lignin within the middle
lamella, Jurasek’s model of ligniﬁcation in the cell wall relied on
bond formation probabilities obtained from experimental
data.50,51 Most recently, Yanez et al. used Metropolis Monte
Carlo methods to generate lignin topologies that satisfy
measured molecular weight, monomer, and bond distributions.52,53 Leveraging these topologies, Broadbelt and coworkers have gained an improved understanding of lignin
pyrolysis through the use of kinetic Monte Carlo methods.54
Further building upon this work, Vermaas et al. developed
methods to convert the topological libraries produced by
Yanez et al. to structural libraries resembling those of Jurasek,
which simulate the three-dimensional structure of lignin within
cell-wall-like environments.55 Parijs et al. were among the ﬁrst
to utilize kinetic Monte Carlo methods for predictive lignin
simulations, but again their model was parameterized by
information obtained from synthetic dehydrogenation polymers (DHPs).56 While the abovementioned methods are
parameterized primarily by experimental data representing a
population of macromolecules that may have changed during
the extraction process, an alternative approach is to parameterize models with data from ab initio predictions. Several prior
density functional theory (DFT) calculations investigating
monolignol coupling have focused on the thermodynamics of
bond formation.57−61 If kinetics are invoked at all, it is only in
the control of β-O-4 reactions, as thermodynamics alone
cannot explain their qualitative frequency.62−64 Recently, we
demonstrated that the full suite of radical coupling activation
energies qualitatively reproduce many experimentally observed
lignin ﬁndings,65 motivating the parameterization of stochastic
models with these energies for deeper, more quantitative,
understanding of the lignin structure. To date, no ligniﬁcation
model currently exists that: (1) can be readily extended to
newly-discovered monolignols, (2) is compatible with
parameters derived from ab initio calculations that can be
reﬁned as the accuracy of such calculations improve, and (3) is
easily accessible to the diverse community of chemists,
engineers, and biologists focused on lignin utilization.
Here, we introduce Lignin-KMC,66 an open-source toolkit
for the simulation of ligniﬁcation that combines the beneﬁts of
stochastic chemical kinetic methodologies and fundamental
chemical behavior obtained from ab initio calculations. Rather
than relying on traditional empirical parameterizations, LigninKMC uses relative rates estimated from the Eyring equation

2. RESULTS AND DISCUSSION
2.1. Model Development. Lignin-KMC relies on four
main concepts: (1) a sparse matrix-based data structure to
represent lignin in silico, (2) generation of possible reactions
between lignin fragments, (3) computation of transition
probabilities between two states; and (4) repetition of kinetic
Monte Carlo simulations to obtain statistical distributions from
which average lignin topologies can be calculated.
2.1.1. Data Structure. A graph structure representing the
chemical connectivity of lignin allows straightforward mapping
of ligniﬁcation into a computational framework. This graph
contains N nodes representing the simulated monomers, where
each node is an object from the created “monomer” class in
Python, connected by edges whose weights signify the types of
bonds connecting them. The Supporting Information contains
additional details on this data structure. Figure 2a shows the
numbering and types of monolignols that constitute lignin.1,2
The β-O-4, β-5, β−β, β-1, α-O-4, 5-5, and 5-O-4 linkages
that occur with measurable frequency in extracted lignins are
18314
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colored boxes in Figure 2c. As compared to the string-based
representations of lignin,56 the sparse adjacency matrix-based
graph structure provides a method for storing lignin graphs
that easily allows branching and monolignol indexing.
2.1.2. Possible Simulation Events. Oxidized fragments are
known to react from the β, 1, 5, and 4 positions with any other
nearby oxidized fragments at these same positions to produce
the observed β-O-4, β-5, β−β, β-1, α-O-4, 5-5, and 5-O-4
linkages.3,67 However, by allowing any monomer to react with
any other monomer, the number of possible events grows
rapidly with the number of monomers in the simulation. To
avoid this, previous models have restricted the number of
possible reactions by forcing reactions to occur only between
monomers and a growing chain49 or by limiting the number of
reactive sites within the monomers.56 Rather than following
this approach, in Lignin-KMC, we allow all possible active sites
on the monolignols to react with growing chains of any size to
replicate the ligniﬁcation process as it occurs within the cell
walls of a plant. As such, we stipulate that only oxidized species
may react with other oxidized species. We choose to neglect
possible radical propagation reactions between a single
oxidized species and a nonoxidized counterpart as these are
predicted to incur large energetic penalties as compared to
radical coupling,62 and are not expected to be overcome by
concentration eﬀects. After the radical coupling, tautomerizations of all bonds other than β-O-4 were assumed to be
instantaneous and irreversible, as none of these intermediate
products are observed experimentally.1,2 For the β-O-4 bond,
however, we explicitly considered the diﬀerence in barriers
leading from the unstable quinone methide intermediate to (1)
the β-O-4 linkage by hydration, and (2) the α-O-4 bond by
chain propagation.

Figure 2. Data structure used for lignin topology throughout the
kinetic Monte Carlo simulations. The generic monolignols shown in
(a) are sinapyl alcohol (S-unit, R1 = OMe, R2 = OMe), coniferyl
alcohol (G-unit, R1 = OMe, R2 = H), p-coumaryl alcohol (H-unit, R1
= H, R2 = H), and caﬀeyl alcohol (C-unit, R1 = H, R2 = OH). The
adjacency matrix shown in (b) contains two bonds, one β−β
(highlighted in red) between monomers 0 and 1, and one β-O-4
(highlighted in black) between monomers 1 and 2. The chemical
structure of a lignin fragment with this adjacency matrix is shown in
(c) with the same color highlighting, where the colored bonds
represent the named bonds that are formed and the highlighted boxes
show bonds around the formed bond that have changed as a
consequence.

easily stored in the adjacency matrix, shown by example in
Figure 2b. This matrix, A, corresponds to the fragment shown
in Figure 2c and contains two bonds: red β−β between S-units
0 and 1, A01 = A10 = 8, and black β-O-4 between S-unit 1 and
G-unit 2, A12 = 4, A21 = 8. The eﬀects of rapid rearrangements
accompanying the aforementioned bonds are highlighted by

Figure 3. (a) Logic ﬂow of the Gillespie algorithm used to perform the stochastic simulation of ligniﬁcation. The state X is represented by the
graph previously described. The stationary time equation translates the number u1 sampled from a uniform distribution to a random number
sampled on the exponential distribution. The event choice equation minimizes the event index j′ such that the partial sum up to and including j′
surpasses the value u2. Finally, updating the state takes on a speciﬁc function f j′ depending on the event chosen. (b) Schematic evolution of a lignin
state using the Gillespie algorithm. In this schematic, three S-units in their natural state are initialized in the simulation at t = 0. Each frame of the
schematic shows the possible events stacked onto a line normalized between 0 and 1, where the length of the individual bar is proportional to the
rate of the event listed. The arrow below this number line represents a random number selection that determines which event of the listed
possibilities will be performed.
18315
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random numbers on the uniform distribution, τ is the time that
passes between the occurrence of individual events, j′ is the
index of the speciﬁc event that will occur, and f j′ is the speciﬁc
function that updates the state to execute event j′. For the
mechanics of the implementation, see the source code.66
Figure 3b shows a schematic of the time evolution of the
algorithm for a simple case of 3 S-units. The simulation begins
by considering neutral, disconnected monomers. The only
possible events are the oxidations of the three monomers. The
rates of these events are normalized by the sum-total rate,
stacked onto a number-line between 0 and 1, and compared to
u2 to perform the event selection. Meanwhile, the elapsed time
for an individual step can be calculated by sampling an
exponential distribution in the total rate, which can be
obtained by transforming u1. In the ﬁrst iteration, the
generated random numbers are u = [0.1791, 0.6138]T, which
advances the simulation time to 1.72 and elects to oxidize the
gray monomer. At the next iteration, only the blue and the red
monomers can be oxidized, and the choice of u = [0.3789,
0.1012]T oxidizes the blue monomer while advancing the time
to 3.19. Now that there are two oxidized monomers, bonds
could form between them, or the red monomer could be
oxidized. For the sake of this demonstration, u = [0.1341,
0.9772]T, causing bond formation between the two oxidized
monomers. The algorithm continues selecting events and
updating simulation state until either there are no further
events or a speciﬁed time threshold is passed. Based on the
speciﬁc implementation, we avoid regeneration of events that
have already been accounted for, limiting the scaling to
O(N2.54), as shown in Figure S1. To ease the adaptation of
these simulation results, we have also developed a method of
converting the computational graph structure into a molﬁle
format for visual output and analysis, which is described in
detail in the Supporting Information. In addition, conversion
tools have also been implemented to interface with other lignin
analysis and modeling tools, such as LigninBuilder55 and
NetworkX75 (Figure S3).
2.1.4. Sampling Process. As individual simulations are
inherently stochastic by design, we rely on a method of
repeated simulations and aggregated properties, as shown in
Figure 4, where n indicates the simulation number and nmax the
total number of simulations. The most important properties

In addition to chemical reaction rates, the rate of monolignol
transport to the cell wall has been previously predicted to
strongly inﬂuence lignin polymerization by altering instantaneous monolignol concentrations.56 To allow Lignin-KMC to
dynamically add monolignols to the simulation, the adjacency
matrix can grow in time. By combining the ﬂexibility of the
data structure with the extensibility of the event deﬁnitions, it
is straightforward to incorporate new lignin understanding into
this model structure.
2.1.3. Transition Probabilities. To accurately represent
monomer coupling chemistry, we incorporated intrinsic
chemical reaction rates associated with oxidation and coupling
into the model. The coupling rates were approximated by
applying the Eyring equation to energy barriers obtained from
DFT calculations (Table S1)65 for the reactions of monomer
and dimer couplings to form β-O-4, β-5, β−β, β-1, α-O-4, 5-5,
and 5-O-4 bonds. Similarly, oxidation rates were approximated
by calculating a radical transfer activation barrier with an Hunit. Although DFT calculations are known to be error prone
for absolute rate predictions, the relative rates, which beneﬁt
from error cancellation,61,68 dictate the probabilities of
reaction. Equation 1 shows the rate calculation, where hj(X)
is the rate of event j in state X, ΔG⧧j (X) is the diﬀerence
between reactant and transition state energy obtained from
DFT calculations, kB is the Boltzmann constant, T the absolute
temperature of the reaction (T = 298.15 K for all results
presented here), N is the number of monomers in the
simulation, n is the molecularity of the reaction, and h is
Planck’s constant. Because each monomer is treated as an
individual species, the lignin species concentration dependence
of these rates is handled implicitly, while any solvent and
catalyst concentration eﬀects are not included in the model.
hj(X) =

ij ΔGj‡(X) yz
kBT
jj
zz
exp
jj−
z
n
jj
hN
kBT zzz
k
{

(1)

We treat the rate of monolignol transport as a parameter in
ligniﬁcation control. Rather than focus on particular transport
rates, we parametrically sweep through the possible rates,
which can be estimated at about 108 monomers per second
from the entire cell.69 However, with a cell area of about 100
μm2 and growing chains requiring 1 nm2 for growth, each
chain could get approximately 1 monomer per second added to
the chain. Previous models’ reliance on experimental data to
obtain transition probabilities only allows for regressive uses.
However, based on new data available through DFT
calculations,65 we can obtain transition probabilities that
enable predictive calculations. Although signiﬁcant improvements have been realized in these DFT calculations, further
insights could be oﬀered by obtaining reaction rates from ab
initio molecular dynamics-based simulations that can explicitly
account for solvation or conﬁnement eﬀects during polymerization. We use the Gillespie algorithm,70,71 a well-known
methodology for simulating polymerization chain reactions,72−74 to perform our stochastic simulation of the
ligniﬁcation process. Each iteration of the algorithm updates
the state by drawing the time between events (stationary time)
from an exponential distribution and selecting an event based
on the weights determined through eq 1. In the representation
of the Gillespie algorithm shown in Figure 3a, Xi is the
simulation state and ti is the simulation time at iteration i, R is
the net rate of all possible events in the current state, M is the
number of events at the current state, u1 and u2 are pseudo-

Figure 4. Schematic visualization of sampling methodology used for
generation of in silico lignin compositions. Bonds are counted directly
from the adjacency matrix, while C−O bonds formed during synthesis
are broken instantaneously in this simulation to attempt to observe
the theoretical monomer yields obtained from a RCF process.
18316
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Figure 5. Bond and monomer compositions measured from lignin generated in silico under diﬀerent polymerization conditions where (top) shows
the yields of monomers obtained after degradation by ether cleavage treatments and (bottom) shows the fraction of bonds identiﬁed in the lignin
fragments before hydrogenolysis. Each horizontal panel shows the eﬀect of S/G ratio on these properties at a distinct monomer addition rate,
measured in monomers per second, displayed at the top of each panel. Panel (a) mimics conditions of batch polymerization, where monolignol
concentration is initially high, while panel (e) mimics conditions of transport-limited lignin polymerization. In the intermediate region (b−d),
monolignol transport rates near the kinetic rates are used.

species were not similarly correlated, calling into question
previous assumptions about how lignin forms from its
constituent monomers.81 Anderson et al. further investigated
this eﬀect by studying the distribution of dimers obtained from
RCF of diﬀerent poplars, showing that the S-units were more
likely to form C−C dimers.81 Accordingly, a deeper understanding of the ligniﬁcation process would enable rational
tuning of the control mechanisms that plants use to defend
against biological degradation and would help diﬀerentiate
between competing hypotheses formulated to explain the
observed yields in RCF processing.
Based on its ﬂexibility, our model can fully evaluate the twodimensional space of monomer composition and transport rate
to investigate these hypotheses. The discrepancies amongst the
prior literature on the impact of S/G ratio suggest the existence
of tunable mechanisms for controlling bond frequency and
maximum monomer yields. To test the inﬂuence of the S/G
ratio within the model framework, we systematically varied the
S to G ratio between 0.1 and 10 at constant monolignol
transport rates, as shown in Figure 5. The monolignol
transport rates that are investigated here span 1 monomer
per second to 108 monomers per second added to the
simulation. This range of transport rates was selected to
include the typical bond formation rates, which for the
computed β-O-4 energetics is 1.5 × 108 reactions per second,
such that both mass transport and kinetically limited regimes
could be explored. In this study, the transport rate relative to
the rates of bond formation events is more relevant than the
absolute transport rates. The lowest selected transport rate of 1
monomer per second for individual chains is likely in the
correct order of magnitude range for passive monolignol
transport. The rate of monolignol transport from the entire cell
can be estimated at about 108 monomers per second,69 which

that we examine are the relative bond types and theoretical
depolymerization monomer yields, as could be obtained
through reductive catalytic fractionation (RCF). The bond
contents can be obtained directly from the adjacency matrix,
and the monomer yields are obtained by breaking all C−O
bonds formed during ligniﬁcation, as RCF depolymerization
processes do,76 while leaving C−C bonds intact. Once the C−
O bonds have been removed from the adjacency matrix, we use
depth-ﬁrst search techniques described in the Supporting
Information to identify and size the resulting lignin fragments.
2.2. Model Validation. In Section 2.1, we described the
Lignin-KMC model of ligniﬁcation processes; here, we validate
the model and study important open questions in the
literature. More speciﬁcally, we ﬁrst investigate the polymerization of lignin composed of varying amounts of S- and Gmonomers, with these monomers added to the simulation at
varying rates. Through this study, we hope to understand the
localization of bonds that are present in the ﬁnal polymer and
the impact that kinetics and transport have on ﬁnal structure.
Second, we study the homo-polymerization of caﬀeyl alcohol
monomers, as these types of polymers have previously been
diﬃcult to rationalize computationally.
2.2.1. Analysis of S/G Lignins. Recent studies on the genetic
engineering of lignins as feedstocks35−38 for bioreﬁneries have
focused on increasing the ratio of S-units to G-units within the
polymer as this is hypothesized to increase the fraction of β-O4 bonds in the ﬁnal structure, which should subsequently
increase the monomer yield from RCF.77 To date, studies on
the RCF of diﬀerent biomass species have identiﬁed a clear
correlation between S/G ratio and depolymerization yield.21
Genetically modiﬁed poplars have been found to be similarly
correlated, where high S-content results in high monomer
yields.38,78−80 However, native variants of the same plant
18317
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shown in Figure 5b−d. These data show the gradual changes in
predicted bond content and depolymerization yields as a
function of the transport rate. Interestingly, it is possible to
observe extrema in the monomer yields of Figure 5b,c at S/G
ratios between 1 and 5, which can be explained by a tradeoﬀ
between high β−β bond content between S-units and high β-5
bond content between G-units. Perhaps unsurprisingly given
the behavior in the limiting cases, at intermediate monolignol
transport rates, regions of relative invariance appear in the
monomer yield as the S/G ratio changes. The existence of such
plateaus under speciﬁc monolignol transport rates could help
explain why monomer yields do not appear to change as the S/
G ratio changes in wild-type lignins.81
2.2.2. Analysis of Nontraditional Lignins. Recent discoveries of lignins composed of building blocks beyond traditional
S- and G-monomers have inspired a number of diﬀerent
applications.39,44,89−91 These monomers are still typically
phenylalanine-derived species but are undermethylated as
compared to their S-, G-, and H-counterparts. Homopolymers
of caﬀeyl alcohol (C-lignin) hold particular promise as a
feedstock for fuel and chemical production because of the
near-exclusive presence of interunit benzodioxane linkages, a
speciﬁc type of β-O-4 linkage that can easily be
cleaved.89,90,92,93 Based on this discovery, researchers have
sought to understand the thermodynamic origin of the
selectivity of benzodioxane linkages compared to a hydrated
β-O-4 linkage.90 In addition, recent eﬀorts have been made to
take advantage of the well-deﬁned ether linkage structure by
using C-lignins in RCF treatments, where, despite the high
theoretical yields, catalyst deactivation limits the actual
yields.92,93 Therefore, in the present model, it is more
informative to compare the results of bond contents than
those of monomer yields as would be possible for S/G-lignin.
The tunability of the model enables simulation of these
novel lignins by deﬁning new monomer types within the model
and updating the set of transition state energies obtained from
kinetic DFT calculations (Table S2). Notably, with those two
changes, the same methodology employed in the previous
section and knowledge gained for modeling S/G lignins can be
applied to guide the exploration of this polymer. Speciﬁcally,
C-lignin was synthesized in silico using a transport rate of 1 Cunits per second, as at this transport rate, long chains were
preferred over dimer products in S/G lignin. The distribution
for the simulations run is shown in Figure 6. Despite the lower
predicted activation barrier of β-5 bond formation for the
coupling of two monomers, our calculations show the resulting
lignin is highly enriched in β-O-4 content, matching the native
lignin found in seed coats as determined by experimentation.89
This counter-intuitive result can again be understood by
comparing the energetics of monomer−monomer additions,
with monomer−chain additions (Table S2). Thus, with
minimal adaptation, we can accurately describe the structure
of this lignin type. We anticipate that, as new lignin forms are
discovered, or additional parameters of interest are identiﬁed,
this model can be easily adjusted to incorporate this new
behavior.

would be reduced signiﬁcantly by spatial restrictions on lignin
coupling. At the high end, the transport rates correspond to in
vitro processes or the rapid release of lignin stored within the
vacuole.82 Given the inherent uncertainty around the native
addition rate, all of the chosen transport rates may be justiﬁed
under certain conditions. Thus, rather than focus on any
particular case, we parametrically sweep the transport rate and
focus on the general trends that emerge in the bond
distribution.
In Figure 5 there are clear trends in the theoretical monomer
yields (top panels) and bond frequencies (bottom panels) as
both the S/G ratio and monolignol transport rates are varied.
Broadly speaking, as the monolignol transport rate increases,
there is a larger maximum β−β bond content and lower
maximum β-O-4 and β-5 bond content. These changes are
directly reﬂected by lower maximum monomer yields because
of the decreased prevalence for C−O bonds.
The monolignol transport rate has been explored experimentally in the literature through the synthesis of DHP lignins
via batch (Zulauf-type) and slow-feed (Zutropf-type)
processes. The data observed under conditions mimicking
Zulauf DHP experiments, where monomers are added quickly,
are shown in Figure 5a. The trend of decreasing monomer
yield with increasing S-content appears contrary to most
observations and intuition. However, in this case, Lignin-KMC
predicts a higher frequency of β−β linkages created between Sunits that terminate the polymer growth, whereas competing
linkages at the 5- position are common in high-G-lignin,
matching what has been simulated previously.56 Most reports
of Zulauf polymerization experiments suggest the presence of
many low-molecular-weight fragments, with the occurrence of
primarily β−β bonds between S-units,83 and β-5 bonds
between G-units.84 Interestingly, we also see a large fraction
of 5-O-4 connections between high G-content lignins, but
these tend to form between larger fragments after the
formation of β-5 bonds (Figures S4−S6). To more closely
match observed yields, we attempted simulating ligniﬁcation
under conditions that may more closely resemble those in
planta (e.g., Zutropf experiments in vivo). Under these slow
monomer addition conditions, shown in Figure 5e, increasing
S-content drastically increases β-O-4 content, which subsequently increases the depolymerization monomer yield
(Figure S7), as previously predicted.77,85 This appears to
match what has been observed with transgenic lignins,38,78 and
those generated during Zutropf DHP experiments,86−88 as well
as the lignins simulated by Merks and co-workers.56 In
addition, under these conditions, the bond distributions that
we simulate match closely what has been reported
previously.9,67 At an S/G ratio of 1 and transport rate of 1
monomer per second, we observe a β-O-4 bond frequency near
65%, while typical reported values are between 50 and 62%.9,67
Similarly, we observe β−β bond contents of near 1% while
reported values are usually between 2 and 12%.9,67 The largest
deviations that we see exist in β-5 and β-1 bonds, where we
expect 3−11% but observe 33% and expect 1−7% but observe
1% respectively.9,67 The relatively high frequency of β-5 bonds
is more similar to what has been observed in DHP lignins,84
but the diﬀerences between the in vitro polymers and native
lignins remain unclear. Based on the stark contrast between
these two limiting cases, we found it important to investigate
some of the intermediate transport rate behavior.
The data corresponding to these intermediate transport
regimes, which are yet to be computationally investigated, are

3. CONCLUSIONS
In this work, we demonstrated the general framework and
broad applicability of the Lignin-KMC toolkit for simulating
ligniﬁcation using both traditional S/G-lignin and the recently
discovered C-lignin. Through these applications, we have
veriﬁed the conclusions drawn from previous models, garnered
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Figure 6. β-O-4 bond content distribution for the prediction of Clignin generation. For these simulations, monolignols were added at a
rate of 1 unit/s, starting with 2 monomers, with a maximum of 500
monomers included.

better understanding of the chemistry that occurs during
ligniﬁcation, and have illustrated the impact of intermediate
monolignol supply rates on the lignin structure. Speciﬁcally, we
have shown, for the ﬁrst time, the behavior of ligniﬁcation
chemistry where transport processes occur on timescales
similar to the bond formation kinetics. Through this study,
regions of relative invariance of depolymerization yields with
changing S/G ratio were identiﬁed that could have signiﬁcant
implications for plant biologists attempting to create “designer”
lignins. Further, our studies allow us to understand the
structure of these S/G lignins that will eventually be used by
both the catalytic depolymerization scientists and polymer
scientists, providing an improved starting point for their
optimization and engineering. We have also shown that, with
minimal adaptations, this model can accurately simulate the
formation of the C-lignin polymer, which has previously not
been attempted. From this point, the Lignin-KMC model can
be further used to explore diﬀerent biosynthetic parameters of
interest to help provide a better starting point for more realistic
models of designer lignins for use in detailed computational
studies. We note that this model is currently unable to explore
the eﬀects of spatial orientation or conﬁnement of lignin
fragments within the cell wall, which we hypothesize could also
have signiﬁcant impact on the ﬁnal lignin structure. To that
end, Lignin-KMC serves as a foundation for future studies and
extensions that incorporate these types of eﬀects, including
time-dependent monomer delivery rates, leading to a more
comprehensive, molecular understanding of the ligniﬁcation
process.
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