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Abstract

Understanding the physics of lignin will help rationalize its function in plant cell walls as well as
aiding practical applications such as deriving biofuels and bioproducts. Here, we present SPRIG
(Simple Polydisperse Residue Input Generator), a program for generating atomic-detail models of
random polydisperse lignin copolymer melts i.e., the state most commonly found in nature. Using
these models, we use all-atom molecular dynamics (MD) simulations to investigate the
conformational and dynamic properties of polydisperse melts representative of switchgrass
(Panicum virgatum L.) lignin. Polydispersity, branching and monolignol sequence are found to
not affect the calculated glass transition temperature, 7,. The Flory-Huggins scaling parameter for
the segmental radius of gyration is 0.42 + 0.02, indicating that the chains exhibit statistics that lie
between a globular chain and an ideal Gaussian chain. Below T, the atomic mean squared
displacements are independent of molecular weight. In contrast, above T, they decrease with
increasing molecular weight. Therefore, a monodisperse lignin melt is a good approximation to
this polydisperse lignin when only static properties are probed, whereas the molecular weight

distribution needs to be considered while analyzing lignin dynamics.

1. Introduction

The secondary cell walls of plants are primarily composed of three different polymers: cellulose,
hemicellulose and lignin.'> Lignin accounts for ~5-30% of plant biomass by weight and lends
mechanical strength to the cell wall while also providing resistance to microbial attack. From an

industrial standpoint, lignins are potential renewable sources of aromatic compounds used in the



resins and adhesives industry and can be used as a feedstock for novel materials during biofuel

production.3-!!

To use lignin as raw material for the above applications requires the lignin and polysaccharide cell
wall components to be separated from each other.”!° However, strong intermolecular interactions
between the cellulose and lignin molecules make them recalcitrant to traditional deconstruction
treatments such as acid hydrolysis.>'>"'* Thus, a thorough understanding of the structure and
interactions between different components of the plant cell walls is required to design potential

separation methods.!>-17

Lignin in plant cell walls exists as amorphous, polydisperse random copolymers composed
predominantly of p-hydroxyphenyl (H), guiacyl (G) and syringyl (S) lignin units.!->!7-1° These are
formed by the radical polymerization of hydroxycinnamyl alcohol monolignol precursors.'#20 In
addition to the above monolignol units, some monocots such as switchgrass also contain p-
hydroxycinnamate units such as p-coumarate (pCA), ferulate (FA) and tricin (T).2'-?* The units
are bonded by a variety of linkages including 5-0-4, B-8, -5, y-O-y, 5-5 and a-0-4 with §-0-4
being the most common linker.?3>* Due to their stochastic synthesis by radical coupling chemistry,
lignin structures lack specific stereochemistry, and the ratios between monomeric units vary
significantly between different plants. The G:S ratio correlates with biomass recalcitrance for some
plant species.!”-?2¢ In addition, the hydroxycinnamates (pCA and FA) in switchgrasses are
hypothesized to form strong covalent bonds with the carbohydrates (celluloses and hemicelluloses)

thus increasing their recalcitrance.!”

Lignin in plant cell walls is highly polydisperse.?3?¢ Polydispersity measures the

distribution of molecular mass of the chains in a polymeric system and is characterized by the



polydispersity index?’~2° which is defined as the ratio between the weight-averaged and number-
averaged molecular weights. For monodisperse polymers the polydispersity value equals 1.0.
Lignins in plant cell walls have polydispersity values ranging between 3.0 and 5.0.23-*6 To achieve
polydispersity values this large, some polymers must be much larger than others, suggesting
substantial variation in the molecular weight distribution for individual lignin chains extracted

from plant cell walls.

While there exist several experimental studies characterizing the structural and dynamical
properties of lignin, computer simulations and theoretical treatments pertaining to understanding
lignin melts (without solvents) are limited.?8-%-34 Further, the lignin structures that were probed in
those studies that exist were limited to certain specific sequences®* of monodisperse linear lignin
molecules. Furthermore, openly available software tools to generate an ensemble of branched
lignin molecules with an average composition and polydispersity reflecting experimental studies

are lacking.

To address this limitation, a small number of open-source software packages3>4* have been
developed which incorporate significant heterogeneity in the structure of lignin. The
LigninBuilder*® tool developed by Vermaas et al.,>> converts existing topology libraries for
monolignol units and linkages published in the literature to build atomistic models lignin models.
The Lignin-KMC3¢ tool developed by Orella et al.,’® combines density functional theory
calculations for radical coupling with kinetic Monte Carlo simulations to model lignin
biosynthesis. The LigninGraphs?®’ tool developed by Wang et al., uses graph theory-based methods
in conjunction with a rejection-free Metropolis Monte Carlo algorithm to build lignin polymer
structures. Eswaran et. al.,’® developed a molecular tool which can generate random lignin

topologies using a graph-based generative model based on a combinatorial approach based on



experimental inputs such as the average molecular weight and S:G ratio. The Broadbelt group
developed stochastic models**? for generating lignin libraries, which can be validated against
experimental parameters such as monomer, bond, molecular weight distributions and branching

coefficients.

While some of the aforementioned tools®”4? have the capability of generating branched
lignin chains, other tools model lignin as a linear polymer. Except for the models generated by
Broadbelt’s group,3*4? | other common tools for lignin topology generation do not explicitly set a
given polydispersity by default. While specific lignins can be selected from a pool of generated
lignins to achieve a specific polydispersity,*! this post-hoc processing can alter other desired lignin
properties, such as the S:G ratio or the linkage distribution. The resulting differences between the
plant-based experimental and theoretical literature are an impediment to direct comparison with
experimental measurements on cell wall lignins. To model more realistic plant cell wall lignins
software that can build branched and polydisperse systems that respect other topological

constraints is required.

To model polydisperse and branched lignin melts we have developed a versatile program,
viz., Simple Polydisperse Residue Input Generator (SPRIG), wherein users can input experimental
data such as the polydispersity and lignin composition of the systems. Further, SPRIG can be used
to generate branched lignin system for any given target experimental composition. In addition,
experimental data from gas permeation chromatography (GPC) can be directly input to the
software to generate a lignin melt with a molecular weight distribution that is similar to the
experimental data. In this fashion, researchers can leverage the software to compare the properties

of lignin domains across different plant species. SPRIG also generates topology and forcefield



parameters of the lignin molecules at the atomic level which can be used directly with standard

molecular dynamics packages to derive their conformational and dynamic properties.

Motivated by the need to understand the conformational and dynamic properties of lignin
in various plant cell walls, in this work we present SPRIG then demonstrate its usefulness with all-
atom molecular dynamics simulations of lignin domains. For this we start from recent solid-state
nuclear magnetic resonance (ss-NMR) spectroscopy experiments by Kang et al.,**> who proposed
that lignin in intact maize stems self-aggregates into nanodomains with extensive surface contacts
with hemicelluloses and minimal contact with cellulose. Combining this idea with the known
polydispersity of lignin in plants>32¢ we model switchgrass (Panicum virgatum L.) lignin
nanodomains in cell walls as polydisperse lignin melts. We describe the structure and use of the
code and generate lignin melt structures with a composition consistent with that observed
experimentally for switchgrass plants.?? Subsequently, we compute various static and dynamic
properties of the lignin melts using all-atom molecular dynamics simulations and compare these

results with the models for ideal polymer melts.*3

2. Methods

2.1 Simple Polydisperse Residue Input Generator (SPRIG)

To generate lignin melt configurations we developed a program called the Simple Polydisperse
Residue Input Generator (SPRIG). SPRIG leverages the functionalities of the LigninBuilder,3’
Nanoscale Molecular Dynamics** (NAMD) and Visual Molecular Dynamics* (VMD) packages
to generate linear or branched lignin melts of desired composition, polydispersity and number

averaged molecular weight. SPRIG is written in Python 3 wrapped around a FORTRAN 90 code.



A flowchart depicting the required inputs and algorithm for SPRIG is provided in Figure
1. The inputs comprise residue fractions, backbone linkages fractions, the polydispersity index of
the melt and constraints (if any) pertaining to the residue-linker placement. First, SPRIG generates
a polydisperse melt based on either the Schulz-Zimm distribution*®*’ or an experimental
distribution provided by the user. The Schulz-Zimm model assumes an ideal step-growth
polymerization reaction for the polymer synthesis with a unimodal distribution of molecular
weights. Next, SPRIG assigns the unit and linkage types based on input fractions using an Inverse
Transform Method (see discussion below). The 3D structure corresponding to the 2D topology is

then generated using LigninBuilder.?’

The initial structure generated may have chain overlaps and unphysical ring penetrations.
To remove these an unbiased energy minimization is performed initially for 500 steps using
NAMD software, following the protocol developed in LigninBuilder. If bonds are stretched
beyond 1.65 A, nearby residues are pushed away from the overlap point using a combination of
volumetric grids in VMD and the gridForce feature in NAMD. In addition, the alchemical
module in NAMD is turned on to decouple the atoms from the rest of the system to reduce the
barrier to moving pierced atoms from the ring. This step is analogous to a thermodynamic
integration calculation. For more details refer to Ref. 34. Outputs from SPRIG consist of the
structure, force field and topology files compatible with both GROMACS and NAMD software,

using TopoTools as a translation layer for GROMACS simulation.*®



The open-source codes and explanations for the input keywords used are provided in

https://github.com/vaidyanathanms/SPRInG_PolydispersePolymerBuilder. Here, we provide an

overview of the salient features and the algorithm used in SPRIG. Details pertaining to each block

in Figure 1 are described below.
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Figure 1: A simple flowchart for SPRIG with the required inputs, structure generation details and outputs produced.

2.1.1 Constraints

There are two specific constraints that ensure a specific 2D lignin sequence that is compatible with

the user’s inputs is also physically realizable.

1. Unit-Linkage constraint: This constraint ensures the compatibility of attaching a
particular kind of linkage at a specific position in the unit. For instance, if a 5-5
linakge is made between two p-hydroxyphenyl (H) residues, the C5 position of the
both residues becomes occupied. Therefore, the latter p-hydroxyphenyl (H) residue

cannot be linked to a third residue with a 5-5 linker. However, in this case, a 3-O-


https://github.com/vaidyanathanms/SPRInG_PolydispersePolymerBuilder

4 linker is allowed to link this p-hydroxyphenyl residue with another residue since

B-O-4 links only to the Cg position of the latter residue.

ii.  Linkage-Linkage constraint: This constraint avoids incompatible bonds between
residues. For instance, a y-O-y linker can be used to link the backbone and a
branched unit. This modifies the Cpz carbon of the backbone chain. Thus, a -
linker cannot be present as the linker between this backbone unit and the next

backbone unit.
2.1.2 Polydispersity Modeling

The Polydispersity index (D) is defined as

(1)

where M,, and M, are the weight-averaged and the number-averaged molecular weight,
respectively, and N; is the number of chains that have molecular weight M;. To obtain a
polydisperse lignin melt with a random distribution of residues and linkers with a target number
average molecular weight, we use an iterative method based on either the theoretical distribution

or a pre-determined experimental molecular weight distribution.

There are multiple theories used to model polydispersity?%46:4749-51 in polymeric systems.
Here we use the Schulz-Zimm distribution, which is widely used to model polydispersity in
synthetic polymers with polydispersities between 1.0 and 2.0. The probability density function of

the molecular weights for a Schulz-Zimm?®-4%47 distribution is given by
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is the ratio between the molecular weight of the it® chain and the number averaged molecular

weight. The constant « is related to the polydispersity index, b, through a =1/(P —1) and T

represents the Gamma function.
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Figure 2: (a) Schulz-Zimm distributions for three dispersity, D, values (Eq. 6); (b) Comparison between Schulz-
Zimm distribution theory with the simulated molecular weights for lignin using SPRIG. The molecular weights
from four different starting configurations for each dispersity value were used to compute the histogram; (c)
Comparison between molecular weight distributions from theory, SPRIG simulation and experiments for b = 3.7.
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Figure 2(a) shows the theoretical Schulz-Zimm distribution for three different
polydispersity values. When the polydispersity is greater than 2.0, the Schulz-Zimm distribution

decays exponentially at low molecular weights.

In practice, initially the molecular weights of the chains are generated by sampling the
Schulz-Zimm distribution with uniform random numbers using the Inverse Transform technique.
To this end, the Schulz-Zimm probability density function (Equation (2)) is integrated using the
trapezoidal rule and is normalized to compute the cumulative distribution function. Further,
uniform random numbers from the domain [0,1] are generated and mapped on to the ordinate of
the normalized cumulative distribution function. The abscissa value corresponding to this ordinate
value in the cumulative distribution function is multiplied by the number average molecular weight
to obtain the molecular weight of this chain. Since the number of units in each chain is determined
using Schulz-Zimm distribution before assigning their identities, the degree of polymerization is

used as a surrogate for the molecular weight of the unit.

In addition, the minimum number of residues allowed for each chain is fixed at two and
the maximum allowed molecular weight of the chain is fixed at ten times the number-averaged
molecular weight. The former constraint is to avoid generating monolignols in the system and the
latter constraint is for computational efficiency, since the value of the tail of the Schulz-Zimm
distribution decays to approximately zero within five times the number averaged molecular weight.
This process is iterated until the relative error between the polydispersity for the simulated system
generated using SPRIG (By;,,,) and the target polydispersity (D, is within a predefined tolerance

(default = 5%).

In Fig. 2(b), we show the results obtained from the theoretical Schulz-Zimm distribution

and that from simulating a polymer melt with 20 chains using SPRIG. The theoretical distribution
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matches the distribution obtained from SPRIG for D,,,- = 1.8 (dotted green lines) and for D;,, =
3.7 (dotted yellow lines). The discrepancy between the theory and simulations arises from the
small number of chains in our system. Note that, owing to the long-tail nature of Schulz-Zimm

distribution, the number of chains with large molecular weights tends to be small.

If an experimental molecular weight distribution obtained from gas permeation
chromatography (GPC) is available, this can be used in lieu of the Schulz-Zimm distribution for a
direct match with experiment. For completeness, we recap the connection between the GPC
experiments and the molecular weight distributions here.5? For the i*" chain with a molar mass M;

within a melt of total mass m, the differential mass distribution, w(M,) is defined as

dm

w(M;) = ar 4

The differential mass distribution outputs from the GPC experiments can be either in terms of w

(log(M )) or w(M). These quantities are related to each other as follows:

dm m

w(log(My)) = 2 GogM)) Mg

Finally, the probability density function p(M;) can be computed using

w(My) _ wllog(My)

M;) = 6
where the number averaged molecular weight (M,,) is defined by
M. = fMiP(Mi)dMi 7)

" [pMpam;

and the weight averaged molecular weight is defined by
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 _ IMZp(M)dM;
v Jp(My)dM;
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In practice, a base molecular weight is defined for a unit in the system (default =200 g/mol)
and the target average molecular weights are converted to average degrees of polymerization by
dividing by the base molecular weight. Subsequently, the input w(M) or w(log M) is converted to
p(M) using Eqs (4) - (6). Lastly, the Inverse Transform method, similar to that used for generating

the Schulz-Zimm distribution, is used here to generate chains with the desired polydispersity.

Note that the Schulz-Zimm distribution is formally valid for systems with D between 1.0
and 2.0, while larger P indicates complex polymerization reactions that are not modelled
accurately by this simple Schulz-Zimm kinetic scheme. In Figure 2(c), we compare the Schulz-
Zimm distribution with that of the experimental distribution for B,,,- = 3.7. It can be observed that
the Schulz-Zimm distribution deviates significantly from the experimental distribution at low
molecular weights. However, if the average properties of the melt obtained from using Schulz-
Zimm or experimental distributions are similar, then the Schulz-Zimm distribution can be used in
lieu of an experimental distribution if experimental data for the molecular weight distribution are
unavailable. To test this hypothesis, in the results we compare the molecular weight distribution (
Figure 2(c)) from SPRIG simulations for both the theoretical Schulz-Zimm distribution and the

experimental distribution.
2.1.3 Unit and Linkage Generation

Users can input the average fraction of the units and linkages in their lignin system. The topology,
parameter, unit-linkage and/or linkage-linkage constraints for the most common lignin units such
as p-hydroxyphenyl (H), guaiacyl (G) and syringyl (S) monophenolic units, ferulate (FA) and p-

coumarate (pCA) hydroxycinnamate units and linkages such as (3-O-4, a-O-4, y-O-y, 3-8, B-5 and

13



5-5 linkages are pre-built into the SPRIG repository. Users can add new units or linkages by adding
their corresponding topology, forcefield parameters and the constraint details into the respective

files.

The units and linkages are assigned molecular details in a similar fashion. First, the sum
of the input unit fractions is re-normalized to unity. If the abscissa of the random number generated
corresponds to a ferulate or a pCA residue, they are assigned as branches to the polymer. Tricin
units are assigned only if both the random number match is obtained and if the residue number
corresponds to the initiator of the chain. Further, a discrete cumulative probability distribution is
defined according to the input weight fractions of the residues and linkers and the mapping

procedure like that explained above for generating polydisperse residues is followed.

In each iteration, the Euclidean (L2) norm of the error between the simulated and target
residue (or linker) compositions is computed. The final residues and linkers are chosen such that
the relative error between the fraction of each moiety in the simulated system and the target fraction
is within a pre-specified relative tolerance (default = 10%). If the maximum number of iterations

is exceeded, then the system corresponding to the minimum L2 norm is generated as output.

2.2 Model

As a test case, we used SPRIG to model a lignin melt with a composition consistent with that
observed in the secondary cell walls of wild-type (WT) switchgrass.?* The backbone of these lignin
molecules is comprised of H, G and S monophenolic units bonded with 3-O-4, 3-8, -5 and 5-5
linkages. Ferulate (FA) and p-coumarate (pCA) hydroxycinnamate units were modeled as side
chains bonded to the backbone using y-O-y linkages.’*-** The sequences of the backbone units,
side chain units and linkages were chosen at random such that the average composition is within

10% of the experimentally observed values.”> We fixed the total number of chains for all the
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systems at 20. The distributions of molecular weights are given in Figure 2 for two of the
polydispersity values studied in this paper. The average composition of the lignin melts simulated
in this work is provided in Table 1. The influence of finite size effects on the static and dynamic

properties of the system is not explicitly examined in this work.

Table 1: Composition of wild-type switchgrass studied.

Units Composition Fraction
p-hydroxyphenol (H) 0.027
Gauaicyl (G) 0.434
Syringyl (S) 0.266
Ferulate (F) 0.039
p-coumarate (pCA) 0.234
Linkages Composition Fraction
B-0-4 0.888
B-B 0.011
B-5 0.078
5-5 0.023

15



2.3 Simulation Methodology

Using the SPRIG-derived structures we performed molecular dynamics simulations using
GROMACS version 2020.63°-°¢ and CHARMM-36 forcefields.”’° We performed the simulations
at temperatures between 300 K and 500 K with an increment of 10 K. Periodic boundary
conditions were employed in all three directions. The leap-frog integrator algorithm with a time-
step of 1 or 2 fs was used to integrate the equations of motion.5%¢! The particle mesh Ewald (PME)
method was used to compute the electrostatic interactions.>% The relative strength of the
electrostatic interaction at the cut-off was set at 10~>. The cutoffs for the Van der Waals and
electrostatic interactions were set at 1 nm. All bonds with the hydrogen atoms were constrained
using LINCS constraint algorithm.®* The molecular dynamics simulations consisted of the

following steps:
e Step I: Energy minimization using the conjugate-gradient method.

e Step 2: NVT simulations at 600 K using a velocity rescaling temperature coupling

algorithm with a coupling constant of 0.2 ps.5>

e Step 3: NPT simulations at 1 bar and 600 K using barostat with a Berendsen pressure
coupling®®$7 algorithm and a velocity rescaling temperature coupling algorithm. The

temperature and pressure coupling constants were 0.1 ps and 0.5 ps, respectively.

e Step 4: Output configurations from Step 3 were used as input conditions for target
temperatures. Steps [ and 2 were performed again followed by NPT simulations using a

barostat with Berendsen coupling at 1 bar and at target temperature.
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e Step 5: NPT simulations at target temperature and 1 bar pressure using the Parinello-
Rahman barostat®®® and velocity rescaling temperature coupling algorithm. The

temperature and pressure coupling constants were 0.2 ps and 5 ps, respectively.

A total of at least 400 ns, including equilibration and production cycles, were run for each
system. The last 280 ns were used to analyze the properties. The reported results were averaged

from four different simulations starting with independent initial configurations and velocities.
2.4 Quantification Measures
2.4.1 Glass Transition Temperature

The glass transition temperature is defined as the point where the polymer melts change from a
glassy state to a liquid-like state and is characterized by a change in slope in the density-
temperature curves. The glass transition temperature T, was calculated using a broken-stick
regression,

d(6; + dm—i) ~0

di ©)

T4 =T; such that

where T; is the temperature at the it" temperature. We plotted the specific volume of the melt,
defined by the inverse of the density, as a function of temperature for a given system. Further, we
divided the entire data into two groups and implemented linear fits separately to the two groups of
points (n; and ny,_;) where M represents the total number of points in the density-temperature
curve. Weighted linear regression was performed on both sets of points with weights for each
specific volume equal to the inverse of the standard mean of the four independent simulations
(normalized to the sum of the weights). The weighted errors between the linear fits and the points

for the two lines (§; and &,,_;) were calculated for all possible combinations of i and M — i. The
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glass transition point was then determined as the temperature T; corresponding to the point at
which a change in slope observed from the linear fits has the least sum of the errors to the linear

fits (derivative is zero).
2.4.2 Segmental Radius of Gyration

The segmental radius of gyration (R,) of a chain segment of N units was calculated using

, (10)

where (...) represents the ensemble average, m; represents the mass of the atom in the chain
segment and the r; represents the position of the atom in the Cartesian coordinates. We considered
only the backbone of the lignin chains (H, G and S) units while computing the segmental R,. R
is calculated using gmx gyrate.

2.4.3 Shape Anisotropy Factor

To understand the conformations of the chains in space, we computed the shape anisotropy factor

of the it" chain, x; defined by

—\2
3(EL, (=7
2 ZL'3=1 Ai

K;

where A; represents the eigenvalues of the not mass weighted radius of gyration tensor. The
eigenvalues A; are computed using the module gmx polystat. k; = 0 corresponds to a
spherically symmetric system (globular chain) and x; = 1 corresponds to a line (stretched linear

chain).

18



2.4.4 Mean Squared Displacement

The mean squared displacement of the atoms were computed by gmx msd using

N
1
P20 =3 D (ri(® — (02} (11

where 7;(t) represents the position of the it" atom at time t. For this all C; atoms were included.
N, represents the total number of C; atoms in the melt. Further, to compare the displacements
between chains of different molecular weights, we computed the mean squared displacement of

the chains at t = 100 ns denoted by d1¢ using d1go = %(t = 100 ns).
3. Results and Discussion
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Figure 3: (a) Equilibrated configuration of polydisperse lignin melt. (b) Zoomed-in picture from (a)
showing a few selected chains.

Figure 3(a) shows the equilibrated configuration of a lignin melt after 400 ns for b = 3.7.
Different chains are labelled in different colors to highlight chain variations. Polydispersity can be

clearly seen in Figure 3(b) wherein only a few selected chains from Figure 3(a) are displayed.
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Herein, the chain colored in green has a much higher molecular weight compared to other chains

and the brown chain a very low molecular weight.

3.1 Properties of Lignin Melts
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Figure 4: (a) Specific volumes as a function of temperature for monodisperse melts. The red and green dotted
lines are obtained by minimizing the total error according to Equation (4). (b) Specific volumes as a function of
temperature for all the systems studied. Error bars correspond to standard error of the mean.

In this section we examine the conformational and dynamical properties of lignin melts. First, we
estimate the glass transition temperature of simulated lignin melts as a function of the
polydispersity. Figure 4(a) shows the specific volume as a function of temperature for
monodisperse melts. The red and green dotted lines show the low and high temperature best fit
lines to the specific volumes which satisfy Equation (9). Larger error bars are seen for temperatures
below the glass transition temperature. This arises from the presence of local minima in the free-
energy landscapes especially at temperatures below the glass-transition temperatures. Unlike
synthetic polymers, lignin displays only a weak first-order transition in the specific volume change
as a function of temperature. This is consistent with experimental findings which suggest that
lignin does not have a sharp glass transition temperature. The glass transition temperature for

monodisperse lignin melts, obtained from the intersection of the two fitted lines, is approximately
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448 K. Vural et al., showed that the glass transition temperature for 25% hydrated lignin melt is
360 K and that for 5% hydrated lignin melt is 425 K.3! A linear extrapolation of these results to

0% hydration yields a T4 of 441 K which is in close agreement with the present work (448 K).

Table 2: Glass transition temperatures for all the systems studied.

Polydispersity index (D;gear) Glass transition Temperature (T ;)
1.0 448 K
1.8 433 K
3.0 433 K
3.7 (Schulz-Zimm distribution) 438 K
3.7 (experimental distribution) 444 K

Figure 4(b) displays the specific volumes as a function of temperature for different
polydispersity values and Table 1 shows the associated computed glass transition temperatures. 7,
varies between 430K and 445K, consistent with experimental measurements indicating that 7,
varies between 50°C and 160°C (323 — 433 K).7%7? The difference between the experimental and
simulation results can be attributed to two factors. One is the presence of water in experimental
conditions. Water acts as a plasticizer thereby reducing the effective glass transition temperature.
The lignin melt simulations here are solvent-free. The second factor is that the cooling rate in MD

is several orders of magnitude faster than in experiment, leading to a higher apparent T ;.

The glass transition temperatures for both monodisperse and polydisperse melts are within

440 + 10 K, suggesting that polydispersity does not affect T ;. This is also evidenced by the fact

that above 350 K the average specific volume values are insensitive to the polydispersity. The

variation in T, values at low temperatures (T < 320 K) arises from kinetic trapping. Further,
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although the backbone sequences and the branching positions are chosen at random for each

simulation, T ; computed for each case (Table 2) is similar. Further, our results (T, ~ 440 K) are
similar to the glass transition temperature for Vanilla lignin (T ; = 448 K).*! Together, these results

suggest that the lignin glass transition temperatures, as calculated from rapidly-cooled solvent-free

melts, are independent of backbone sequence or branching positions.

To better understand the conformation of the lignin melts at the chain level, we computed

the segmental radius of gyration (R) as function of the segmental degree of polymerization for all

the systems studied. For ideal linear chains, R, is related to the degree of polymerization N via
R, =Cp NY, (12)

where €}, and v represent the characteristic length (Kuhn segment length) and the Flory scaling
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Figure 5: Segmental radius of gyration as a function of the degree of polymerization at (a) 500 K and (b)
350 K. The data is truncated at N=30 since data beyond this value has poor statistics.

exponent (inverse fractal dimension), respectively. The fractal dimension, v is 0.5 for ideal
polymer melts (Gaussian melts) or polymers in a 8-solvent and 1/3 for polymers in collapsed

globular state. Figure 5(a) and (b) show the segmental radius of gyration for 500 K and 350 K,
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respectively. The data at 500 K (Figure 5(a)) correspond to the R, values for a temperature above
T, . The scaling is independent of the polydispersity. The differences at high N arise from low
statistics. Similar trends are observed for the data at 350 K (Figure 5(b)), which is below T,

suggesting that the radius of gyration scaling is independent of both polydispersity and

temperature.

The fitting parameters to the segmental radius of gyration using Equation (12) were found
to be independent of the temperature and polydispersity and the values are v = 0.42 + 0.02 and C,,
= 4.5 A, respectively. The values for v suggest that lignin melts behave somewhere between an

ideal melt and a globular melt. This is consistent with the observations for branched copolymers
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Figure 6: Shape anisotropy factors as a function of the number of backbone monomers in the melt at (a) 350 K; (b) 500
K.

by Douglas and coworkers.”>74

A further question is whether the conformations for individual lignin chains varies with
size. For instance, could the shorter chains in a polydisperse melt adopt stretched conformations

if the persistence length of the chain is greater than the end-to-end distance and the longer chains
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adopt a globular conformation to create a uniform shape? In Figure 6(a), we display the shape
anisotropy factor (k) of all the chains in the melt at two different temperatures. Shape anisotropy
factors vary between 0 for a spherical and 1 for rod-like geometry. The shape anisotropy factor is
observed to be always below 0.1, irrespective of the molecular weight of the chains. However,
larger chains have lower shape anisotropy factors, and are closer to spherical than smaller chains.
We suspect that in part, this bias is due to packing constraints, as small collapsed globules formed
from one polymer are more irregular in shape than larger with more rotatable bonds to minimize
their surface area to water. The small shape anisotropy factors suggest that the chains are globular
but not perfectly spherical which is in agreement with the results from the radius of gyration
analysis in Figure 5. Further, by comparing Figures 6(a) and 6(b), we see no evidence for a

temperature dependence.

Finally, probing the motion of the lignin chains, we look at the mean squared displacements
at t = 100 ns as a function of their degree of polymerization for all the systems studied. At the low
temperature (350K), the MSD is independent of, or weakly dependent on, the molecular weight

(Figure 7(a)). Further, the maximum MSD at this temperature is ~2.5 A2, suggesting that the
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Figure 7: Mean squared displacements as a function of the number of backbone monomers for (a) 350 K; (b)
500K
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polymeric monomers move distances smaller than the Kuhn segment length (C,, = 4.5 A) during
the 100 ns sampled. This confinement arises from the glassy nature of the chains at this
temperature. In contrast, at S00K a strong dependence on the molecular weight is observed with
the low molecular weight chains moving faster than the high molecular weight chains. This
suggests that the dynamics of low molecular weight chains become decoupled from the dynamics

of high molecular weight chains above T ;.

4. Conclusions

We developed a generic software, SPRIG, for generating initial configurations of polydisperse
lignin melt systems. The melts can be generated corresponding to a target polydispersity value
from either a theoretical Schulz-Zimm distribution or directly from the experimental probability
distributions obtained from a GPC experiment. The outputs generated by SPRIG can be directly
used in software such as GROMACS or NAMD to perform molecular dynamics simulations.
Compared to other33-40333¢ tools for generating lignin molecules, the flexibility in generating lignin
with realistic chemical structure and inhomogeneity to reflect experimental conditions makes
SPRIG a novel tool for understanding properties of lignin at the atomistic level. In addition, users
can directly input the data obtained from GPC experiments into the SPRIG software to generate
lignin melts with a molecular weight distribution which is similar to the ones obtained from GPC
experiments. Currently, SPRIG can generate lignin molecules comprising p-hydroxyphenyl,
guaiacyl, syringyl and tricin monophenolic units along with 3-O-4, a-O-4 -, B-5 and 5-5
linkages. Ferulate and p-coumarate hydroxycinnamate units can also be added as branches to the
lignin backbone. Also, SPRIG can be readily extended to other units or linkages upon addition of

topology and forcefield parameters associated with them to the library.

To demonstrate the utility of SPRIG we computed static and dynamic properties for a
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model switchgrass polydisperse lignin melt using all-atom molecular dynamics simulations. We
showed that the polydispersity, or the distribution of chain molecular weights, does not affect the
calculated glass transition temperature. The scaling of the radius of gyration showed that both
monodisperse and polydisperse melts both behave somewhere between a globular melt and an
ideal Gaussian melt. Further, the shape of the polymer chains is insensitive to the molecular weight
distribution and the temperature. However, the mean-square displacement is strongly dependent
on the molecular weight distribution of the chains and the temperature at which the dynamic
properties are probed. Together, we show that a monodisperse melt is a good approximation to
polydisperse cases if only static properties are probed whereas the molecular weight distribution

needs to be considered while analyzing dynamic properties of the system above T,.

Notes

The open-source codes for  the SPRIG software are available in

https://github.com/vaidyanathanms/SPRInG PolydispersePolymerBuilder.git. Codes for

generating initial configurations, molecular dynamics simulations and trajectory analysis are

available in https://github.com/vaidyanathanms/PureLigninMelt. git.
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