
ABSTRACT 

KIRSCH, MICHAEL PAUL. In Silico Insights into Cellulose Synthase Homotrimer Stability. 

(Under the direction of Dr. Yaroslava Yingling). 

 

 Cellulose synthases, glycosyltransferase family 2 integral membrane proteins, produce 

cellulose, the main structural component of plant cell walls. In plants, functionalization of these 

enzymes requires their assembly into trimers, which further assemble into six-trimer cellulose 

synthesis complexes. Recent investigations into soybean cellulose synthases suggest a structural 

preference for homotrimeric over heterotrimeric assembly. However, the structural and energetic 

interactions responsible for this behavior remain unknown. To gain insight into the structural 

basis of cellulose synthase trimerization, homotrimeric and heterotrimeric models comprised of 

Physcomitrium patens cellulose synthase isoforms 5, 7, and 8 were constructed and investigated 

using all-atom molecular dynamics simulations in a lipid bilayer environment. The results 

indicate that the interfaces of homotrimers display greater stability than those of heterotrimers 

formed by the replacement of one monomer, consistent with their experimentally observed 

assembly preferences. These findings support a biological preference for homotrimer formation 

during cellulose synthase trimerization and contribute to improved understanding of the 

composition of higher-order cellulose synthesis complexes. 
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CHAPTER 1: Current Insights into Cellulose Synthase Structure, Assembly, and Function 

 

Cellulose, the most abundant biopolymer in nature, is a linear polysaccharide comprised 

of β-(1→4)-linked glucose residues and is the main structural component of plant cell walls.1 It 

is a highly promising biomaterial, particularly as a sustainable biofuel, owing to its abundance 

and renewable nature.2–5 Understanding the structural and functional properties of  

cellulose-producing proteins can provide a rational basis for future efforts to modify cellulose 

biosynthesis. 

Cellulose in plants is synthesized by cellulose synthases (CESAs), glycosyltransferase 

family 2 integral membrane proteins.6 Many plant species, including poplar, cotton, rice, and 

moss, express multiple CESA isoforms, though the functional significance of this diversification 

is not well understood.7 Previous investigations into cellulose synthases have supported that each 

CESA monomer catalyzes the polymerization of UDP-glucose into a single β-(1→4)-linked 

glucan chain, which is then extruded through the cell membrane and into the apoplast via the 

CESA’s transmembrane channel.1,6,8,9 These enzymes contain a Rossmann nucleotide binding 

fold and a conserved D, D, D, QxxRW active site motif within their catalytic domain (CatD).10,11 

Plant CESAs share several conserved structural features, including a transmembrane channel 

consisting of seven alpha helices, a plant-conserved region (PCR) consisting of two antiparallel 

alpha helices, and a class specific region (CSR) (Figure 1.1).12–16 Both the CSR and the  

N-terminus (N-term) of CESAs are predicted to contain intrinsically disordered regions (IDRs) 

that may contribute to the formation and regulation of higher-order CESA assemblies.17,18 An 

IDR does not fold into a single, well-defined secondary structure motif, but instead exists as an 

ensemble of interconverting conformations, where any one structural state is insufficient to fully 
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describe the conformational heterogeneity of the region.19 Though the mobile nature of these 

regions hinders their structural understanding via traditional resolution techniques, in silico 

modeling and simulations have made progress towards understanding the conformational 

ensemble these IDRs sample within the overall CESA structure.16,20 

 CESA monomers self-associate to form stable oligomeric assemblies. Cryo-EM 

visualization of Populus tremula x tremuloides CESA isoform 8, Gossypium hirsutum CESA 

isoform 7, and Glycine max CESAs 1, 3, and 6 have shown that CESA monomers can form 

stable homotrimers (Figure 1.1).1,17,21 Dimerization of Arabidopsis thaliana CESA isoform 3 has 

also been observed, but the residues involved differ from those implicated in the trimeric 

interface and its functional role, including whether it precedes trimer formation, remains 

unresolved.5,22 FF-TEM imaging of Physcomitrium patens CESAs show that CESA trimers will 

further assemble into six-trimer cellulose synthesis complexes (CSCs) called “rosettes”.23 This 

arrangement is also consistent with current models of cellulose microfibril structure, which 

propose that each microfibril contains 18 glucan chains, matching the number of CESA 

monomers in a rosette CSC.24 

Certain conserved structural regions of CESAs are proposed to facilitate their  

higher-order assembly into CSCs. PCR interactions are believed to form the main stabilized 

interface between each CESA monomer in a trimeric assembly.1,5,21 Recently, the CSR has been 

implicated in CSC formation, with inter-trimer contacts in Glycine max CSCs theorized to be the 

result of fuzzy CSR-CSR interactions.17 Ho et al. also noted a distinct lack of heterotrimer 

formation between co-expressed Glycine max CESA isoforms, additionally suggesting that the 

PCR of individual isoforms may be specialized enough to only permit the stable formation of 

homotrimeric CESAs.17
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Figure 1.1: Structural representations of P. patens cellulose synthases highlighting key 

functional regions and the trimeric assembly state. (A) Domain architecture of P. patens 

cellulose synthases highlighting the locations of the transmembrane domain (TMD), consisting 

of transmembrane helices 1-7 and interfacial helix 3 (1-7, IF3), class specific region (CSR), 

plant-conserved region (PCR), and active site residues (D, D, D, QxxRW). (B) Side view of a 

PpCESA5 monomer highlighting the TMD (blue), CSR (purple), and PCR (lavender), 

represented using VMD’s “NewCartoon” drawing method. (C) Cytosolic view of a PpCESA8 

homotrimer (blue), represented using VMD’s “NewCartoon” drawing method. The PCRs at the 

trimeric interface are lighter blue for enhanced visibility. 
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Investigations of CESA activity in the moss Physcomitrium patens have shown that the 

removal of certain CESA isoforms by genetic knockout can severely impair overall cellulose 

production, even when other isoforms remain present.25 P. patens contains seven  

cellulose-producing CESA isoforms (named PpCESAs 3, 4, 5, 6, 7, 8, and 10), which are 

subdivided into two clades. Clade A contains PpCESAs 3, 5, and 8 and Clade B contains 

PpCESAs 4, 6, 7, and 10. Of these CESAs, only PpCESA5 can produce cellulose in the absence 

of any other isoform. For every other isoform, the presence of both Clade A and Clade B 

isoforms is necessary for cellulose production. Thus, for example, co-expressed PpCESAs 7 and 

8, 7 being from Clade B and 8 being from Clade A, can produce cellulose, while co-expressed 

PpCESAs 3 and 8, both from Clade A, cannot.25 Consequently, with the exception of PpCESA5, 

functional P. patens CSCs must be assembled from either heterotrimers or a hetero-oligomeric 

combination of homotrimers. Despite the recent evidence supporting preferential homotrimeric 

CESA formation and hetero-oligomeric CSC composition, the structural interactions that 

influence CSC stability and enable cellulose synthesis remain unclear, providing the rationale for 

investigating homotrimeric and heterotrimeric assemblies. 

Chapter 2 describes the use of structural prediction, evaluation, and alignment tools to 

construct computational trimer models of PpCESA isoforms 5, 7, and 8. 

Chapter 3 employs all-atom explicit solvent MD simulations to elucidate structural and 

energetic differences between homotrimeric and heterotrimeric PpCESA interfaces.  
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CHAPTER 2: Modeling Trimeric Assemblies of  

Physcomitrium patens Cellulose Synthases 

 

Introduction 

Protein structure prediction has progressed from the initial identification of secondary 

structure motifs by Pauling and Corey in 1951, and the early physical homology modeling 

developed by Browne et al. in 1969, to the computational methods widely used today.26–28 

Modern protein structure prediction strategies include homology modeling, threading, and  

deep learning-based approaches for determining protein structures from their residue 

sequences.29 In the homology modeling approach, programs like BLAST and HHblits are used to 

find homologs of the input protein sequence.30 These homologs are used as a template to provide 

atomic coordinates to the input sequence based on their alignment. While this method can lead to 

high-quality protein structures, the quality of the output model is largely dependent on the 

available template structures, with low-homology template models leading to poor quality 

models.31,32 Threading takes a different template-based approach to protein modeling. Based on 

the idea that protein folding motifs can be conserved across a diverse space of protein sequences, 

threading instead uses common protein folds as templates, threading regions of the sequence to 

these templates to find the best-fit templates, which are then used to assign atomic coordinates.33 

Like homology modeling, threading quality can be limited by the folds available.31 Deep 

learning, a subfield of artificial intelligence, uses neural networks to predict protein structures 

directly from amino acid sequences without the need for structural templates.29 By analyzing 

multiple sequence alignments, these neural networks capture co-evolutionary relationships 
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between residues that inform predictions of spatial proximity and structural constraints.34,35 The 

neural networks then iteratively refine their initial predictions to generate the final 3D structure. 

Homology modeling, threading, and deep learning all exhibit reduced predictive accuracy 

for CESAs due to the intrinsically disordered N-term and CatD. X-ray crystallography has been 

unable to resolve IDRs, resulting in a shortage of experimentally derived templates for these 

regions in the Protein Data Bank, limiting homology-based modeling approaches.36 Although 

nuclear magnetic resonance (NMR) spectroscopy has been employed to characterize IDRs, it 

faces limitations in resolving long disordered regions and proteins containing both ordered and 

disordered domains, as well as in achieving comprehensive sampling of the IDR conformational 

ensemble.37–39 Template-free prediction methods, including deep learning-based structure 

prediction algorithms, exhibit limited predictive accuracy for IDRs, tending to over-compact 

disordered segments due to their training on datasets dominated by stable, well-structured 

proteins.40 Threading techniques also exhibit limited predictive accuracy for IDRs. Their 

template folds, obtained from experimentally solved structures in the PDB, fail to encompass the 

range of conformations that can be natively adopted by an IDR.41–43 Even when an IDR is 

modeled as part of a protein structure, the resulting single conformation cannot capture the 

dynamic conformational ensemble characteristic of these regions.42 Moreover, some IDRs can 

adopt partially ordered conformations upon interaction with binding partners, such as forming 

fuzzy complexes, which cannot be accurately modeled in the absence of their interaction 

partners.44 Fuzzy complex formation has been predicted for the CSRs of CESAs.17 

One way to overcome the inherent limitations of single-conformation protein models is to 

explore their conformational landscapes through MD simulations, which are described in more 

detail in Chapter 3. Briefly, for CESA trimers in particular, MD simulations can provide insight 
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into both the intrinsic flexibility of their IDRs and the monomer-monomer interface interactions 

that occur over the time scale of the simulation.5,45 MD simulations can also capture 

conformational changes IDRs undergo in response to interactions with nearby molecules.46 

Additionally, a single conformation cannot account for the effects of lipid-protein interactions on 

a protein, making it necessary to embed CESAs within membranes to capture lipid-mediated 

effects on protein conformation.47 The versatility of MD simulation environments even permits 

the incorporation of tailored mixed-composition lipid bilayers, enabling the approximate 

modeling of CESA native plant cell membrane conditions.48 Due to their capacity to model 

atomic motion and interactions under specified environmental parameters over time, MD 

simulations provide deeper and more accurate molecular insights than single-conformation 

protein structures, which cannot account for intrinsic flexibility or dynamic interactions. 

To generate starting structures for these simulations, the protein modeling programs 

SWISS-MODEL, I-TASSER, I-TASSER-MTD, Phyre2, and AlphaFold were initially 

considered. SWISS-MODEL uses homology modeling, I-TASSER, I-TASSER-MTD, and 

Phyre2 use threading, and AlphaFold uses deep learning.34,43,49–51 Phyre2, known to exclude 

modeling regions without homologous folds, which includes IDRs, was purposefully excluded.51 

At that time, AlphaFold had known difficulty predicting initial IDR structures with confidence 

and thus was also excluded.52–54 Thus, SWISS-MODEL, I-TASSER, and I-TASSER-MTD were 

selected for protein structure prediction. A complete hybrid model of GhCESA1 with 974 

resolved residues developed by Kwansa et al. was used as a structural template to guide 

modeling.20 This model incorporates the structurally resolved regions of a cryo-EM determined 

PttCESA8 structure (720 out of 978 residues), including the ordered transmembrane domain and 
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most of the catalytic domain.1 These ordered domains were supplemented with  

in silico-determined structure of less structured regions, including the N-term and CSR.16,20 

Following model generation, validation was performed using ERRAT, ProSA-web, and 

QMEANDisCo to evaluate stereochemical quality and confirm biological plausibility prior to 

MD simulations.55–58 Each tool provides complementary insights into model quality, and the 

following sections describe their methodologies, beginning with ERRAT. In proteins, 

noncovalent atomic interactions occur in specific spatial patterns that are dictated by the 

protein’s amino acid sequence, folding principles, and physicochemical environment.56 The 

frequent occurrence of nitrogen-oxygen nonbonded interactions is attributed to their strong 

tendency to participate in hydrogen-bonding interactions, which play a central role in stabilizing 

protein structure. ERRAT leverages this, evaluating structural error based on the relative 

fractions of C-C, C-N, C-O, N-N, N-O, and O-O nonbonded interactions in submitted 

structures.56 These interactions must be within a 3.5 Å cutoff and occur between atoms in 

separate residues. ERRAT first calculates the relative fraction of each nonbonded interaction 

type within a 9-residue sliding window (Equation 2.1). These fractions are then used to generate 

a six-dimensional vector for the window (Equation 2.2). The deviation of that vector from the 

ERRAT reference vector, comprised of nonbonded interaction fractions from 96 high-resolution 

crystal structures from the Brookhaven PDB, is then calculated (Equation 2.3) and incorporated 

into a quadratic form error function (Equation 2.4).56,59 

𝑓(𝑋𝑋) =
𝑛𝑥𝑥

𝑛𝐶𝐶+𝑛𝐶𝑁+𝑛𝐶𝑂+𝑛𝑁𝑁+𝑛𝑁𝑂+𝑛𝑂𝑂
                                             (2.1) 

Where f() denotes the fraction of a nonbonded interaction type, n is the number of interactions of 

a given type, and XX is representative of any type of nonbonded interaction. 

𝑦𝑖 = (𝑓(𝐶𝐶), 𝑓(𝐶𝑁), 𝑓(𝐶𝑂), 𝑓(𝑁𝑁), 𝑓(𝑁𝑂), 𝑓(𝑂𝑂))𝑖−4
𝑖+4                     (2.2) 
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Where i represents the central residue of the window. 

𝑥𝑖 = 𝑦𝑖 − 𝑦̅                                                          (2.3) 

Where 𝑦̅ is the reference vector comprised of the mean fraction composition of the reference 

structures. 

𝐸𝑟𝑟𝑜𝑟 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 =  𝑥𝑖
𝑇𝐵𝑥𝑖                                              (2.4) 

Where 𝑥𝑖
𝑇 is the transposed matrix of 𝑥𝑖 and B is a symmetric positive-definite matrix calculated 

from the reference vectors. 

The 95% confidence limit for the nonbonded interactions of a given window corresponds 

to an error function of ~6. The overall percentage of residues that fall within the 95% confidence 

limit for a model is considered to be the model’s Overall Quality Factor, with a cutoff of 95% for 

high-quality structures. 

 ProSA-web uses knowledge-based mean force potentials to give insight into the overall 

energy of a model based on its Cα (alpha carbon) atoms.57,60 This in turn gives insight into the 

accuracy of its folds. Initially, ProSA-web incorporates the model of interest into a polyprotein 

comprised of 230 proteins of known structure (~50,000 residues).61 Conformations are then 

generated starting at each residue that can give a full-length structure when threading the model 

sequence along the polyprotein structure, giving ~50,000-(L-1) total conformations, where L is 

the length of the model. For each conformation, the energy of each pair of Cα atoms is calculated 

(Equation 2.5) and the pair energies summed to give the total energy for each conformation, 

including the model of interest (Equation 2.6).60,62 The energy of the model of interest is then 

compared to the average energy of all conformations and divided by the standard deviation of the 

energy of all conformations (Equation 2.7), giving a z-score of the model’s normalized energy. 
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𝐸𝑖𝑗 = −𝑘𝐵𝑇𝑙𝑛 [
𝑃𝑖𝑗(𝑟𝑖𝑗)

𝑃𝑟𝑒𝑓(𝑟𝑖𝑗)
]                                                (2.5) 

Where 𝑘𝐵 is the Boltzmann Constant, T is temperature (293 K), 𝑟𝑖𝑗 is the distance between Cα 

atoms i and j, 𝑃𝑖𝑗(𝑟𝑖𝑗) is the observed probability of two Cα atoms being r distance apart, and 

𝑃𝑟𝑒𝑓(𝑟𝑖𝑗) is the random probability of two Cα atoms being r distance apart.60 

𝐸𝑐𝑜𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 = ∑ 𝐸𝑖𝑗
𝑖<𝑗                                                       (2.6) 

𝑧 − 𝑠𝑐𝑜𝑟𝑒 =
𝐸𝑚𝑜𝑑𝑒𝑙−𝐸̅𝑐𝑜𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛𝑠

𝜎𝑐𝑜𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛𝑠
                                              (2.7) 

Where 𝐸̅𝑐𝑜𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛𝑠 is the mean energy of the set of conformations and 𝜎𝑐𝑜𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛𝑠 is the 

standard deviation of the set of conformations. 

A model is considered high-quality if its z-score falls within the range of z-scores typical 

for experimentally determined proteins of the same size in the PDB, which is included in the 

ProSA-web output. However, due to the high prevalence of z-scores of soluble globular proteins 

within the database, these z-score ranges may not be applicable for transmembrane or similar 

proteins.57 

Rather than the single-metric approaches of ERRAT and Pro-SA web, QMEANDisCo 

uses a composite scoring function to evaluate protein structure.58 It does this by combining 

individual model scores derived from the structure of the submitted model with a distance 

constraint (DisCo) score that compares the pairwise residue-residue distances of the model to the 

pairwise residue-residue distances of an ensemble of homologous protein structures. This 

weighted linear combination of terms is shown in Equation 2.8. A feed-forward neural network 

is used to adaptively weigh the contributions of these scoring metrics. 

𝑄𝑀𝐸𝐴𝑁𝐷𝑖𝑠𝐶𝑜 = 𝑤1𝑆AApot + 𝑤2𝑆𝐶𝛽𝑝𝑜𝑡 + 𝑤3𝑆𝑝𝑎𝑐𝑘_𝑝𝑜𝑡 + 𝑤4𝑆torsion + 𝑤5𝑆SA         (2.8) 

+𝑤6𝑆SAagree + 𝑤7𝑆SSagree + 𝑤8𝑆𝐶𝛽𝑝𝑎𝑐𝑘 + 𝑤9𝑆red_pot + 𝑤10𝑆clash + 𝑤11𝑆N + 𝑤12𝑆DisCo 
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Where 𝑆AApot is the all-atom interaction potential, 𝑆𝐶𝛽𝑝𝑜𝑡 is the Cβ (beta carbon) interaction 

potential, 𝑆𝑝𝑎𝑐𝑘_𝑝𝑜𝑡 is the packing potential, 𝑆torsion is the torsion potential, 𝑆SA is the solvent 

accessibility, 𝑆SAagree is the solvent accessibility agreement, 𝑆SSagree is the secondary structure 

agreement, 𝑆𝐶𝛽𝑝𝑎𝑐𝑘 is the  Cβ packing potential, 𝑆red_pot is the reduced potential, 𝑆clash is the 

clash score, 𝑆N is the number of residues within 15 Å, 𝑆DisCo is the distance constraint, and 𝑤𝑖 is 

the weight assigned to each term. 

 QMEANDisCo scores can range from 0 to 1. A model with a QMEANDisCo global score 

of at least 0.60 is considered to be a high-quality structure. Additionally, the per-residue scores, 

which also have the same range and quality cutoff, can help identify problematic parts of a 

model. 

While these three structural evaluation tools can provide a foundation for model 

selection, their scores alone cannot be deemed sufficient for final selection. ERRAT and  

ProSA-web base their methodologies on crystal structures from the PDB, in which IDRs and 

transmembrane regions are underrepresented.57,63 Thus, in the case of CESAs, closeness of fit of 

the TMDs of the models to the TMD of the Cryo-EM PttCESA8 model and observation of the 

modeled IDRs for an initial placement within the expected conformational ensemble should be 

considered in addition to these scores when selecting candidate models for subsequent CESA 

trimer simulations. 

 

Materials and Methods 

Initially, FASTA sequences of PpCESAs 5 and 7 (1081 and 1096 residues, respectively) 

were submitted to modeling software SWISS-MODEL, I-TASSER, and I-TASSER-MTD. The 

PpCESA8 FASTA sequence (1091 residues) was only submitted to SWISS-MODEL and  
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I-TASSER due to the I-TASSER-MTD being down when its structure was submitted. Each 

FASTA sequence was submitted with an accompanying GhCESA1 hybrid structure template 

(974 residues), described by Kwansa et al.20 

To find the domains of each model, ChimeraX 1.5 was used to perform structure-based 

sequence alignment between each model and the cryo-EM derived PttCESA8 monomer 

described by Purushotham et al.1 Alignment was completed using the Needleman-Wunsch 

algorithm and BLOSUM-62 matrix.64 

ERRAT, ProSA-web, and QMEANDisCo were used to evaluate the quality of each 

model’s transmembrane and catalytic domains, excluding the intrinsically disordered CSR from 

the catalytic domain.56–58 This was followed by visual inspection of the IDRs of promising 

models to screen for favorable initial configurations. Finally, the evaluation scores of the most 

promising models were compared to the standards of high-quality models set forth by each 

evaluation software to ensure general model quality. 

Following the selection of suitable initial models for each of PpCESA5, 7, and 8, an  

in-house script was used to identify pairs of identical residues in the alignments between each 

monomer and the PttCESA8 monomer. These identical residue pairs were used as the basis for 

the alignments of the monomers into PpCESA trimers. Importantly, only identical residue pairs 

with resolved atomic coordinates in the PttCESA8 cryo-EM structure were used (residues 157 to 

549, 610 to 846, and 869 to 958), as several regions in this model remain structurally 

unresolved.1 Using this filtered set of identical residue pairs with PttCESA8 spatial coordinates, 

seven PpCESA trimers were constructed for MD simulations within Visual Molecular Dynamics 

(VMD).65 Trimer construction was completed using a custom Tcl script, which fit the PpCESA 

monomers to the PttCESA8 homotrimer by minimizing the RMSD (root mean square deviation) 
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of the Cα atoms of the spatially resolved, identical residue pairs. This alignment strategy was 

chosen to maintain isoform-specific structural differences while ensuring consistency with the 

resolved template structure. The resulting trimer set included three homotrimers (PpCESAs 555, 

777, and 888) and four heterotrimers, comprising combinations of PpCESA5 and 7 (557, 577) 

and PpCESA7 and 8 (887, 877). 

RMSD values were calculated using VMD to assess the fit of each PpCESA monomer to 

its corresponding PttCESA8 monomer. These calculations were based on the Cα atoms of the 

aligned spatially resolved identical residue pairs. Additionally, RMSD values were calculated for 

each complete trimer against the PttCESA8 homotrimer, using both Cα atoms of the aligned 

spatially-resolved identical residue pairs as well as the Cα atoms of all aligned spatially-resolved 

residues. 

 

Results 

 Structural modeling of the PpCESA isoforms resulted in 12 models for PpCESA5, 11 

models for PpCESA7, and 6 models for PpCESA8. The corresponding breakdown of models by 

modeling program is shown in Table 2.1. 

 

Table 2.1: Numbers of generated PpCESA models. Initial models of PpCESAs 5, 7, and 8 

were generated using SWISS-MODEL, I-TASSER, and I-TASSER-MTD. 

 PpCESA5 PpCESA7 PpCESA8 

SWISS-MODEL 2 1 1 

I-TASSER 5 5 5 

I-TASSER-MTD 5 5 - 

Total 12 11 6 
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 Structural domains for each isoform were identified based on alignment to PttCESA8. 

These domains included the N-term, transmembrane domain (TMD), consisting of all seven 

transmembrane helices and interfacial helix 3 (TMH1-7 and IF3), CatD, which contains both the 

Plant-Conserved Region (PCR) and the Class Specific Region (CSR), and the C-terminus  

(C-term) (Figure 2.1, Table 2.2). Residue counts for each alignment of a PpCESA sequence  

(5, 7, and 8) to PttCESA8 are shown in Table 2.3, including counts for residues that are within 

spatially resolved regions of PttCESA8. 
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PpCESA5 

 
 

PpCESA7 

 
 

PpCESA8 

 
Figure 2.1: Annotated sequences of PpCESAs 5, 7, and 8. Domains of interest for PpCESAs 

5, 7, and 8 were determined through alignment to PttCESA8. This includes the N-terminus  

(N-term) in light green, transmembrane domain (TMD), consisting of all seven transmembrane 

helices (TMH1-7) in blue and interfacial helix 3 (IF3) in orange, the catalytic domain (CatD) in 

yellow, which contains both the Plant-Conserved Region (PCR) in pink and the Class Specific 

Region (CSR) in purple, and the C-terminus (C-term) in green. 
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Table 2.2: PpCESA structural domains. Domains of interest for PpCESAs 5, 7, and 8 were 

determined through alignment to PttCESA8. This includes the N-terminus (N-term), 

transmembrane domain (TMD), consisting of all seven transmembrane helices and interfacial 

helix 3 (TMH1-7 and IF3), the catalytic domain (CatD), which contains both the  

Plant-Conserved Region (PCR) and the Class Specific Region (CSR), and the C-terminus  

(C-term). PttCESA8 domains are included for completeness. 

CESA Length N-term TMH1 TMH2 CatD PCR CSR 

PttCESA8 1-978 1-160 170-194 200-223 224-743 301-418 543-664 

PpCESA5 1-1081 1-261 271-295 301-324 325-848 402-519 644-770 

PpCESA7 1-1096 1-269 279-303 309-332 333-863 410-527 652-781 

PpCESA8 1-1091 1-263 273-297 303-326 327-858 404-521 646-781 

                

CESA TMH3 TMH4 IF3 TMH5 TMH6 TMH7 C-term 

PttCESA8 744-775 786-809 815-846 870-899 907-930 938-957 958-978 

PpCESA5 849-880 891-914 920-951 975-1004 1012-1035 1043-1062 1063-1081 

PpCESA7 864-895 906-929 935-966 990-1019 1027-1050 1058-1077 1078-1096 

PpCESA8 859-890 901-924 930-961 985-1014 1022-1045 1053-1072 1073-1091 

 

Table 2.3: Residue counts for each alignment of the PpCESA sequences (5, 7, and 8) to 

PttCESA8. Residue counts are reported for both all aligned residues and for all aligned residues 

that are within spatially resolved regions of PttCESA8. 

Alignment to PttCESA8 PpCESA5 PpCESA7 PpCESA8 

Total number of aligned residues 973 964 970 

Number of aligned residues  

with spatial coordinates 
719 720 718 

 

 The quality of the catalytic domain (excluding the intrinsically disordered CSR) and 

transmembrane domain of each model for each isoform was assessed using ERRAT, ProSA-web, 

and QMEANDisCo (Table 2.4). 
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Table 2.4: Model quality scores for conserved PpCESA domains. The catalytic domain 

(CatD, excluding the disordered CSR) and the transmembrane domain (TMD) were evaluated 

using ERRAT, ProSA-web (ProSA in table), and QMEANDisCo (QMEAN in table). Results 

were compiled for each model for each isoform. The top three scores in each category for each 

isoform are highlighted in green, with the total of top scores per model included in the right 

column. PttCESA8 scores for these regions were included for comparison.  

CESA  

Type 

Model Source 

and Number 

CatD (excluding CSR) TMD # of Top 

3 Scores ERRAT ProSA QMEAN ERRAT ProSA QMEAN 
  

      
 

PttCESA8 PDB: 6WLB 78.17 -7.51 0.77 100 1.97 0.67 - 
 

        

PpCESA5 

SWISS-MODEL 1 87.97 -7.26 0.68 98.97 2.57 0.52 1 

SWISS-MODEL 2 88.30 -7.31 0.68 98.97 2.56 0.52 1 

I-TASSER 1 97.15 -7.63 0.78 95.07 2.45 0.61 5 

I-TASSER 2 93.98 -7.26 0.68 96.06 2.84 0.54 0 

I-TASSER 3 92.73 -7.52 0.76 96.55 2.52 0.62 3 

I-TASSER 4 92.37 -7.52 0.77 100 1.72 0.61 5 

I-TASSER 5 89.56 -7.41 0.70 92.12 3.11 0.51 0 

I-TASSER-MTD 1 97.66 -7.25 0.75 96.06 3.18 0.55 1 

I-TASSER-MTD 2 89.61 -7.61 0.75 92.12 2.63 0.55 1 

I-TASSER-MTD 3 83.94 -4.62 0.69 67.49 6.06 0.47 0 

I-TASSER-MTD 4 90.65 -7.48 0.74 84.24 2.74 0.54 0 

I-TASSER-MTD 5 95.32 -7.42 0.75 88.67 2.41 0.54 2 

         

PpCESA7 

SWISS-MODEL 87.27 -7.47 0.68 98.47 3.16 0.59 2 

I-TASSER 1 89.35 -7.26 0.76 98.52 2.22 0.66 4 

I-TASSER 2 91.60 -7.38 0.67 96.06 3.07 0.60 1 

I-TASSER 3 91.03 -7.11 0.78 97.54 2.66 0.66 3 

I-TASSER 4 88.02 -7.39 0.76 96.55 2.04 0.66 4 

I-TASSER 5 95.57 -7.28 0.75 99.51 2.58 0.65 3 

I-TASSER-MTD 1 88.27 -7.47 0.74 88.18 3.19 0.61 1 

I-TASSER-MTD 2 77.95 -5.89 0.71 97.04 3.53 0.62 0 

I-TASSER-MTD 3 76.53 -5.62 0.70 97.04 3.52 0.62 0 

I-TASSER-MTD 4 87.10 -6.69 0.67 94.09 3.53 0.62 0 

I-TASSER-MTD 5 87.72 -7.17 0.72 67.98 3.40 0.50 0 
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Table 2.4: Model quality scores for conserved PpCESA domains (continued). 

PpCESA8 

SWISS-MODEL 97.63 -7.54 0.79 96.55 2.31 0.58 3 

I-TASSER 1 94.70 -7.48 0.76 98.52 2.27 0.60 6 

I-TASSER 2 90.65 -6.92 0.68 95.57 2.37 0.58 0 

I-TASSER 3 94.15 -7.38 0.76 100 2.29 0.61 5 

I-TASSER 4 89.82 -7.81 0.76 93.60 1.04 0.57 3 

I-TASSER 5 93.12 -7.41 0.77 98.03 2.44 0.60 3 

 

The transmembrane and catalytic domains of the I-TASSER models exhibited more 

favorable quality scores than those produced by I-TASSER-MTD or SWISS-MODEL. 

Consequently, subsequent analyses focused exclusively on the I-TASSER models. The IDRs of 

these models were examined to identify structural features that appeared atypical even to the 

conformational ranges of IDRs. Two examples of atypical IDR configurations predicted by  

I-TASSER for models of PpCESA5 are presented in Figure 2.2. Following IDR evaluation, 

Model 1 of the generated I-TASSER models for each isoform was selected for final 

benchmarking against the established quality standards of ERRAT, ProSA-web, and 

QMEANDisCo. Table 2.5 shows the results of this comparison, with high-quality model scores 

shown in green. With their structural quality confirmed by their scores, I-TASSER Model 1 was 

selected as the monomer model that would be used for each isoform. 
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Figure 2.2: I-TASSER modeling of the N-terminal domain of PpCESA5. (A) Comparison of 

the modeled N-terminal domain of I-TASSER Model 1 (white, New Cartoon) to I-TASSER 

Model 4 (lime, New Cartoon). Part of the catalytic domain of Model 1 (transparent white, New 

Cartoon) is included for structural reference. The first 30 residues of Model 4 diverge 

significantly from their predicted locations in Model 1. (B) Comparison of the modeled  

N-terminal domain of I-TASSER Model 1 to I-TASSER Model 5 (magenta, New Cartoon). The 

first 30 residues of Model 5 diverge significantly from their predicted locations in Model 1. The 

I-TASSER Model 1 representation is the same as in (A).  
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Table 2.5: Quality scores for conserved PpCESA domains of selected PpCESA models. The 

catalytic domain (CatD, excluding the disordered CSR) and the transmembrane domain (TMD) 

were evaluated using ERRAT, ProSA-web (ProSA in table), and QMEANDisCo (QMEAN in 

table). Scores that fall within that range of “high-quality” for each evaluation method are 

highlighted in green. PttCESA8 scores for these regions were included for comparison.  

CESA  

Type 

Model Source 

and Number 

CatD (excluding CSR) TMD 

ERRAT ProSA QMEAN ERRAT ProSA QMEAN 

PttCESA8 PDB: 6WLB 78.17 -7.51 0.77 100 1.97 0.67 

PpCESA5 I-TASSER 1 97.15 -7.63 0.78 95.07 2.45 0.61 

PpCESA7 I-TASSER 1 89.35 -7.26 0.76 98.52 2.22 0.66 

PpCESA8 I-TASSER 1 94.70 -7.48 0.76 98.52 2.27 0.60 

 

 Figure 2.3 displays the alignments of the PpCESA sequences (5, 7, and 8) to PttCESA8. 

Counts of identical residue pairs for the full alignments, as well as those within the spatially 

resolved regions of the PttCESA8 monomer, are reported in Table 2.6. 

 

  



  21 

 

Figure 2.3: ChimeraX alignments of the PpCESA sequences (5, 7, and 8) to PttCESA8. 

Identical residue pairs in the alignments are highlighted in green, with the total number of  

these pairs indicated for each sequence. The ruler corresponds to the full alignment length. 
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PpCESA5-PttCESA8 alignment - 653 pairs of identical residues 

 
 

PpCESA7-PttCESA8 alignment - 661 pairs of identical residues 
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PpCESA8-PttCESA8 alignment - 648 pairs of identical residues 

 
 

Table 2.6: Number of identical residue pairs for the alignments of the PpCESA sequences 

(5, 7, and 8) to PttCESA8. Residue counts are reported both for all aligned residues and for 

aligned residues located within spatially resolved regions of PttCESA8. 

Alignment to PttCESA8 PpCESA5 PpCESA7 PpCESA8 

Total number of identical pair 

aligned residues 
653 661 648 

Number of identical pair aligned 

residues with spatial coordinates 
562 564 554 

  

All seven PpCESA trimeric combinations were generated as described (Figure 2.4). To 

assess the quality of the monomer-level alignments, RMSD values were calculated for each 

PpCESA isoform in each trimer relative to its corresponding PttCESA8 monomer. These 

RMSDs were calculated using the Cα atoms of all aligned, spatially resolved, sequence-identical 

residue pairs. The resulting values are listed in Table 2.7. 

In addition to monomer-level RMSD values, RMSD values were also calculated for each 

complete PpCESA trimer relative to the PttCESA8 homotrimer. Two sets of calculations were 

performed for each trimer: one using only the Cα atoms of spatially resolved, sequence-identical 
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residue pairs, and another using all spatially resolved Cα atoms from aligned residues, regardless 

of sequence identity (Table 2.8). 

 

Figure 2.4: Generated PpCESA trimers. All seven generated PpCESA trimers, viewed from 

the cytosol. Homotrimers are on the top row (from left to right: 555, 777, 888) and heterotrimers 

are on the bottom row (from left to right: 557, 577, 877, 887). Monomers within the trimer are 

colored by PpCESA isoform (5 is red, 7 is yellow, and 8 is blue). 
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Table 2.7: RMSD values for each PpCESA monomer within each trimer, measured relative 

to its corresponding PttCESA8 monomer. RMSD values were calculated using the Cα atoms 

of all aligned, spatially resolved, sequence-identical residue pairs. The corresponding PpCESA 

isoform type is included in parentheses below the RMSD value. 

 555 557 577 777 877 887 888 

PttCESA8 

Chain A 

RMSD (Å) 

0.76 

(5) 

0.76 

(5) 

0.76 

(5) 

1.15 

(7) 

1.10 

(8) 

1.10 

(8) 

1.10 

(8) 

PttCESA8 

Chain B 

RMSD (Å) 

0.76 

(5) 

0.76 

(5) 

1.16 

(7) 

1.16 

(7) 

1.16 

(7) 

1.10 

(8) 

1.10 

(8) 

PttCESA8 

Chain C 

RMSD (Å) 

0.76 

(5) 

1.16 

(7) 

1.16 

(7) 

1.16 

(7) 

1.16 

(7) 

1.16 

(7) 

1.10 

(8) 

 

Table 2.8: RMSD values from the structural superposition of each PpCESA trimer onto the 

template PttCESA8 homotrimer. Both RMSD fits were calculated based on Cα atom pairs that 

were spatially resolved in the PttCESA8 homotrimer. RMSD values are reported for both the 

subset of identical residue pair Cα atoms used during alignment and all aligned Cα atoms within 

the resolved regions. 

RMSD of all Cα atoms from identical pair aligned residues with spatial coordinates 

 555 557 577 777 877 887 888 

RMSD (Å) 0.76 0.91 1.04 1.16 1.14 1.12 1.10 

RMSD of all Cα atoms from aligned residue pairs with spatial coordinates 

 555 557 577 777 877 887 888 

RMSD (Å) 0.98 1.13 1.26 1.38 1.35 1.31 1.28 
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Discussion 

SWISS-MODEL, I-TASSER, AND I-TASSER-MTD each successfully generated 

complete structures for PpCESA isoforms 5, 7, and 8. However, structural analysis of the models 

using ERRAT, ProSA-web, and QMEANDisCo revealed overall quality differences in the 

modeling of the conserved transmembrane and catalytic domains by each modeling software. 

Specifically, the analysis revealed that the I-TASSER models were overall of a higher quality 

than those of either I-TASSER-MTD or SWISS-MODEL, based on the overall number of top 3 

scores I-TASSER models received from the evaluation software. This, combined with the visual 

examination of the IDRs of the I-TASSER models, led to the conclusion that the most promising 

PpCESA model for each isoform was the I-TASSER Model 1. 

The evaluations scores for each isoform’s I-TASSER Model 1, when compared to the 

high-quality model thresholds for each evaluation technique, agreed that the I-TASSER  

Model 1s were promising structural candidates for each PpCESA isoform. ERRAT scores above 

95% correspond with higher quality models, which was met by the TMD and CatD of the 

PpCESA5 model, the TMD of the PpCESA7 model, and the TMD of the PpCESA8 model. The 

CatD of the PpCESA8 model scored slightly outside the range (94.7%). While the CatD of the 

PpCESA7 model scored 89.35%, this still exceeds the 78.17% ERRAT score for the CatD of the 

cryo-EM PttCESA8 monomer, supporting the plausibility of the PpCESA7 model. 

QMEANDisCo scores for each model met or surpassed the 0.60 threshold for quality models. 

The ProSA-web z-scores for the CatD of all three models fell within the expected range of  

z-scores for proteins of their size, while the TMD z-scores did not. The positive z-scores 

observed for the TMDs, typically indicative of structural errors, instead likely reflect the  
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under-representation of membrane proteins in the ProSA-web reference set, which is 

predominantly derived from soluble globular proteins.57 

The high conformational variability observed at the beginning of the N-terminal region of 

the generated models likely reflects limitations in modeling this part of the IDR due to the 

absence of a structural template, as the GhCESA1 hybrid model did not extend to those residues. 

I-TASSER Model 1 for each isoform generated this region in a compact conformation, while 

other I-TASSER models generated linear N-terminal conformations. In agreement with previous 

investigations of intrinsic disorder, which have demonstrated that IDRs tend to adopt some 

compactness, rather than fully random coils, the compact conformation was selected as a more 

plausible starting state within the IDR conformational ensemble.66,67 

The low RMSD values between the PpCESA monomers and the template PttCESA8 

trimer during trimer assembly indicate close structural agreement between the Cα atoms of the 

spatially resolved, identical residue pairs of the trimers and the experimentally derived model. 

This is further confirmed by the low RMSD values of the completed trimers compared to the 

experimental PttCESA8 trimer model. While the RMSD values of the Cα atoms of the spatially 

resolved, identical residue pairs for the entire trimers were expected to be low, as these were the 

residues used to perform the structural alignment, the RMSD values of all Cα atoms residue pairs 

with spatial coordinates being similarly low (less than 1.5 Å for each trimer) indicates close 

structural agreement of the trimers to the PttCESA8 homotrimer model over all resolved regions. 
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CHAPTER 3: Assessment of Physcomitrium patens Cellulose  

Synthase Trimers using Molecular Dynamics Simulations 

 

Introduction 

Molecular dynamics (MD) simulations were first developed in the 1950s, but the 

simulation of bovine pancreatic trypsin inhibitor in 1977 marked the beginning of widespread 

use of MD methods in structural biology.68,69 Since then, MD simulations have become an 

essential tool in computational biophysics, enabling the exploration of molecular motion and 

energetics with atomic-level precision beyond what static experimental techniques can provide. 

MD simulations can be used to model complex and diverse biological interactions, including 

ligand binding, membrane transport, and protein folding, increasing understanding of these 

processes at an atomic level.70,71 MD simulations also enable characterization of IDR structure 

and dynamics, regions whose conformational heterogeneity complicates resolution by X-ray 

crystallography.72 All-atom explicit solvent MD simulations have previously been employed to 

investigate CESA systems, including CESA monomer active site interactions with UDP-glucose 

for 500 ns, CESA trimer CatD interactions for 1 μs, and CESA monomer interactions with 

glycan chains for 500 ns.5,48,73 This last simulation is of particular note, as the CESAs were 

modeled in trimeric form and embedded within a heterogenous lipid bilayer. 

Initial parameters of MD simulations include atomic positions, force fields, and 

environmental conditions such as temperature and pressure. The atomic configuration is 

propagated over time by numerically integrating Newton’s equations of motion, which update 

positions and velocities at each time step.74 From the MD simulations, system information such 

as energy contributions, pressure, volume, temperature, and density can be obtained over a 
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defined time period.75 These results offer molecular-level insights that can complement and 

assist the interpretation of wet lab experiments. While there are many simulation software 

packages that may be utilized for MD simulations, this work will describe the use of Amber 

2020 (Amber20 and AmberTools20), chosen for its computational efficiency.75 

MD simulations require force fields for different types of molecules in the system (water, 

proteins, ions, lipids, sugars). The energy parameters in these files can be broken down into two 

categories. Bonded energy (Equation 3.1) is the sum of the energies of bond lengths, atom 

angles, and dihedral angles. Nonbonded energy (Equation 3.2) is the sum of the 6-12 Lennard 

Jones (LJ) potential and Coulombic interactions. Together, when calculated over the entire 

system, these energies sum to the total potential energy of the system (Equation 3.3).75  

𝑈𝑏𝑜𝑛𝑑𝑒𝑑=∑ 𝑘𝑟(𝑟 − 𝑟𝑒𝑞)
2

𝑏𝑜𝑛𝑑𝑠 + ∑ 𝑘𝜃(𝜃 − 𝜃𝑒𝑞)
2

𝑎𝑛𝑔𝑙𝑒𝑠 + ∑
𝑉𝑛

2
[1 + cos(𝑛𝜙 − 𝛾)]𝑑𝑖ℎ𝑒𝑑𝑟𝑎𝑙𝑠  (3.1) 

𝑈𝑛𝑜𝑛𝑏𝑜𝑛𝑑𝑒𝑑 = ∑ [
𝐴𝑖𝑗

𝑅𝑖𝑗
12 −

𝐵𝑖𝑗

𝑅𝑖𝑗
6 ]𝑖<𝑗 + ∑ [

𝑞𝑖𝑞𝑗

𝜀𝑅𝑖𝑗
]𝑖<𝑗                                     (3.2) 

𝑈𝑡𝑜𝑡𝑎𝑙 = 𝑈𝑏𝑜𝑛𝑑𝑒𝑑 + 𝑈𝑛𝑜𝑛𝑏𝑜𝑛𝑑𝑒𝑑                                              (3.3) 

In the bonded energy equation kr is the bond force constant (kcal/mol/Å2), r is the bond 

length (Å), req is the equilibrium bond length (Å), kθ is the angle force constant (kcal/mol/rad2),  

θ is the angle (deg), θeq is the equilibrium angle (deg), Vn is the torsion force constant (kcal/mol), 

n is the torsion periodicity (unitless), ϕ is the torsion angle (deg), and γ is the phase shift (deg). 

In the nonbonded energy equation Aij is the repulsive coefficient that represents the LJ  

energy-well depth multiplied by the twelfth power of the equilibrium interatomic distance 

between two atoms, i and j, (kcal/mol*Å12), Bij is the attractive LJ coefficient that represents 

twice the LJ energy-well depth multiplied by the sixth power of the equilibrium interatomic 

distance between two atoms, i and j, (kcal/mol*Å6), Rij is the interatomic distance between two 
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atoms, i and j, (Å), qi and qj are the partial charges of atoms i and j (C), and 𝜀 is the effective 

permittivity (C2/(kcal/mol*Å)).75 

 The total potential energy of the system can then be used to calculate the force on an 

atom. Force is defined as the negative gradient of the potential energy with respect to the atom’s, 

i, position and is calculated by taking partial derivatives of the potential energy with respect to 

the x, y, and z components of the atom’s position vector (Equation 3.4). 

𝐹⃑𝑖 = −∇𝑖𝑈 = − (
𝜕𝑈

𝜕𝑥
+

𝜕𝑈

𝜕𝑦
+

𝜕𝑈

𝜕𝑧
)                                               (3.4) 

Once the force vector has been calculated, the acceleration of the atom can be calculated 

using Newton’s Second Law (Equation 3.5). 

𝑎𝑖 =
𝐹𝑖

𝑚𝑖
                                                                 (3.5) 

Using the acceleration of the atom and its velocity, derived from the acceleration, the atom’s 

position, r, following the simulation timestep, t+δt, can be calculated (Equation 3.6). 

𝑟𝑖(𝑡 + 𝛿𝑡) = 𝑟𝑖(𝑡) + 𝑣𝑖(𝑡)𝛿𝑡 +
1

2
𝑎𝑖(𝑡)𝛿𝑡2                                  (3.6) 

Amber20 calculates the velocity of an atom using the Velocity-Verlet algorithm. 

Velocity-Verlet calculates the updated velocity by first deriving the velocity at the half-time step, 

vi(t+
1

2
δt) (Equation 3.7), and using that half-step velocity and the acceleration of the new time 

step (calculated from the potential energy of the new atomic positions) to calculate velocity at 

the new time step, vi(t+δt) (Equation 3.8). 

𝑣𝑖 (𝑡 +
1

2
𝛿𝑡) = 𝑣𝑖(𝑡) +

1

2
𝑎𝑖(𝑡)𝛿𝑡                                            (3.7) 

𝑣𝑖(𝑡 + 𝛿𝑡) = 𝑣𝑖 (𝑡 +
1

2
𝛿𝑡) +

1

2
𝑎𝑖(𝑡 + 𝛿𝑡)𝛿𝑡                                  (3.8) 

From the calculated atomic coordinates and velocities, simulation trajectories are generated and 

can be subsequently analyzed to extract structural and energetic descriptors, including RMSD, 
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linear interaction energy (LIE), and secondary structure, which provide insight into the system’s 

conformational variability and stability. 

While atomic motion in MD simulations is fully determined by Newtonian mechanics, 

the resulting trajectory depends on configurable aspects of the system including the simulation 

environment and force field selection. PpCESA trimers, being integral membrane proteins in 

plant cells, require a native-like lipid-bilayer environment for structural fidelity. To create an 

experimentally relevant P. patens membrane environment, essential to ensure native PpCESA 

folding pattens, this work draws on the findings of Resemann et al., who have characterized the 

membrane lipid composition of P. patens.76 They determined that the most prevalent lipid head 

groups (that were available within the lipid17 force field) were phosphatidylcholine (54%), 

phosphatidylglycerol (22%), phosphatidylethanolamine (13%), and phosphatidic acid (4%), 

totaling 93% of the lipid head membrane composition. Similarly, the most prevalent fatty acid 

tail groups (that were available within the lipid17 force field) were palmitic acid (33.1%) and 

arachidonic acid (16.1%). While this accounts for only 49.2% of the fatty acid tail composition, 

the next two most prevalent fatty acid tail types were not available within lipid17. These four 

fatty acid tails together would have accounted for 74.8% of the fatty acid membrane 

composition. This work utilized the relative composition of the available lipids to model the 

bilayer. 

An explicit solvent system was used in the simulation. This was required to accurately 

model the membrane environment, as implicit water can fail to capture water-lipid interactions 

accurately due to the loss of specific interactions between the water and the polar head groups.77 

Potassium and chloride ions were added within the solvent in a 0.15 M concentration to mimic 
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the natural concentration of potassium in plant cells, in agreement with previous PpCESA MD 

simulation work.78,79 

Another consideration in simulation setup is how the selected force fields model IDRs. 

Many traditional protein force fields produce overly compact structural ensembles.80 Protein 

force fields parameterized specifically for IDPs, such as a99SB-disp, have demonstrated 

substantial improvements in capturing conformational ensembles while retaining the accuracy of 

more structured regions.81 The selection of the water model itself also has a large effect on IDP 

structure.80,82 TIP3P, a popular water model, demonstrates weaker-than-experimental  

solute-solvent interactions, indicating that the overly compact regions are partially due to 

understabilization of the protein by the surrounding water. For this same reason TIP3P is also 

known to overstabilize secondary structure when compared to the OPC water model.80 Though 

the current protein force field the developers of Amber recommend, ff19SB, has shown 

improvement in modeling flexible peptides when paired with the OPC water model, including 

modeling less compact IDPs, it can still struggle accurately modeling these structures.80,83 The 

developers of ff19SB have indicated their intent to use this force field pairing in future IDP 

studies. 

This work uses the combination of ff14SB and TIP3P to study these trimers. As CESAs 

are largely structured proteins and this research focuses specifically on monomer-monomer 

interface interactions within the PpCESA trimers, where IDRs are fully absent, any limitations of 

the protein and water force fields in modeling IDRs is expected to have minimal impact on the 

studied interactions. However, the consideration of force fields will need to be revisited should 

CSCs be modeled, as the disordered CSR is directly implicated in their trimer-trimer contacts.17  
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In total, the force field package for the following simulations is ff14SB for proteins, 

lipid17 for lipids, TIP3P for water with Joung/Cheatham ion parameters, and GLYCAM_06j-1 

for carbohydrates.84–88 In addition to their determined suitability for this work, this force field 

ensemble allows direct comparison with previous studies on CESAs, including a recent 

investigation of PpCESA5-glucan chain interactions.20,48 Had this work been entirely 

independent from prior work, ff19SB and OPC would have been strongly considered for use as 

the protein and water force fields. 

The all-atom explicit solvent MD simulations of P. patens trimers described herein give 

novel insight into differences between homotrimeric and heterotrimeric PpCESA interfaces. 

These simulations are in agreement with the findings of Ho et al., as described in Chapter 1.17 

Through the use of these simulations, it was found that PpCESA homotrimeric interfaces exhibit 

an increased stability when compared to those of heterotrimers made by swapping one monomer 

in a homotrimer to a different isoform, supporting the hypothesis that stable CSCs will be 

comprised of homotrimers.  

 

Materials and Methods 

 These methods describe the pre-simulation preparation and MD simulation of the seven 

P. patens trimers described in Chapter 2. For redundancy, the PpCESA isoform compositions of 

the trimers are 555, 557, 577, 777, 877, 887, and 888. 

Initially, a 22-mer glucan chain was placed into the transmembrane channel of each 

monomer in each trimer. These chains are an extension of the cellopentaoses originally resolved 

in the initial PttCESA8 cryo-EM structure determined by Purushotham et al. and have been 

extended to mimic nascent glucan chains.1,20 Then, PACKMOL-Memgen was used to generate 
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the cellular environment, which included a phospholipid bilayer, 0.15 M K+ and Cl- ions, and 

explicit TIP3P water.89,90 The phospholipid bilayer was comprised 39% DPPC, 16% DPPG 9% 

DPPE, 3% DPPA, 19% DAPC, 8% DAPG, 5% DAPE, and 1% DAPA, where DP and DA 

(dipalmitoyl and diarachidonyl, respectively) were the fatty acid tail groups and PC, PG, PE, and 

PA (phosphatidylcholine, phosphatidylglycerol, phosphatidylethanolamine, and phosphatidic 

acid, respectively) were the lipid head groups. 

The Amber 2020 software package was then used to perform the MD simulation, which 

followed a 10-stage protocol.75 CPU-only PMEMD (Particle-Mesh Ewald Molecular Dynamics) 

was used for minimization and GPU-accelerated single precision-fixed point PMEMD was used 

for all subsequent stages.91,92 Each simulation employed periodic boundary conditions and PME 

electrostatics with a 10 Å cutoff.93 A Langevin thermostat (gamma_ln=1) and a Berendsen 

barostat (set to 1 atm, 1 ps relaxation time, 44.6*10-6 bar-1 compressibility, and anisotropic 

scaling) were applied in relevant stages.94,95 Each simulation stage was conducted under either 

NVT (constant number of particles, fixed volume, and regulated temperature) or NPT (constant 

number of particles, regulated pressure, and regulated temperature) ensembles. The ff14SB, 

Lipid17, GLYCAM_06j-1, and TIP3P water force fields were used along with Joung/Cheatham 

ion parameters.84–88 

Simulations began with an up-to-10,000-step NVT minimization stage, consisting of 

5,000 steps of the steepest descent method followed by 5,000 steps of the conjugate gradient 

method. During this stage, restraints of 10 kcal/mol/Å² were applied to all protein atoms and  

2.5 kcal/mol/Å² to all phosphorus atoms. Following minimization, for each stage, bonds 

involving hydrogen atoms were constrained using the SHAKE algorithm.96 The system was then 

gradually heated from 0 K to 300 K over a 100 ps NVT heating stage with a 1 fs timestep. The 
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system was kept at 300 K for the remaining equilibration and final production stages. Two  

100 ps NVT equilibration stages with a 1 fs timestep followed heating, the first maintaining the 

same restraints as the minimization stage and the second reducing the protein restraints to  

5 kcal/mol/Å². Subsequently, equilibration continued under NPT conditions in five stages:  

100 ps with restraints of 2.5 kcal/mol/Å² on protein and 1.0 kcal/mol/Å² on lipids and a 1 fs 

timestep, 100 ps with 1.0 and 0.5 kcal/mol/Å² restraints and a 2 fs timestep, 100 ps with 0.5 and 

0.1 kcal/mol/Å² restraints and a 2 fs timestep, 100 ps with only 0.1 kcal/mol/Å² protein restraints 

and a 2 fs timestep, and finally 400 ps without any restraints and a 2 fs timestep. Following 

equilibration, a 500 ns NPT final production stage with a 2 fs timestep was performed without 

any restraints. 

Analyses of the trimers (RMSD, LIE, and secondary structure) were performed using 

options within the AmberTools20 CPPTRAJ program.75  

 

Results 

500 ns simulations were completed for each trimer. Convergence of each trimer was 

determined to have occurred by 200 ns, so the final 300 ns of each simulation was used for 

analysis.  

Values for the average percent secondary structure composition of each trimer following 

convergence were determined using CPPTRAJ, which utilizes the DSSP algorithm. It was 

determined that, between all seven trimers, the percent variance in secondary structure was at 

maximum less than 2 percentage points (Figure 3.1, Table S1). 
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Figure 3.1: Overall trimer secondary structure. (A) Average secondary structure percent 

composition for each trimer over the last 300 ns of each simulation. (B) Range of timer 

secondary structure composition variance was at maximum less than 2 percentage points. 

 

For each monomer in each trimer, interface residues were determined by selecting atoms 

within a 5 Å cutoff from its neighboring monomers (Figure 3.2). Any residue containing at least 

one of these atoms was selected as an interface residue and the totals were counted (Table 3.1). 

They were then compared to each trimer’s total residue count to get a % interface residue value 

for each trimer. 

 

 

A                                                                     B 
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Figure 3.2: PpCESA 555 homotrimer interface residues, represented using VMD’s 

“NewCartoon” drawing method. Residues were selected if they contained an atom within 5 Å 

of a neighboring monomer during the last frame of the 500 ns simulation. Residues from 

different monomer atoms are colored blue, yellow, and red respectively. 

  

Table 3.1: Trimer interface residue count. Number of interface residues for each trimer. Each 

residue contains at least one atom within 5 Å of a neighboring monomer. The total number of 

residues and the resultant calculated % interface residues for each trimer are also reported. 

Trimer: 555 557 577 777 877 887 888 

# Interface Residues: 242 278 263 300 293 288 321 

# Total Residues: 3243 3258 3273 3288 3283 3278 3273 

% Interface Residues: 7.46 8.53 8.04 9.12 8.92 8.79 9.81 

 

Following the determination of interface residues, CPPTRAJ was used to calculate the 

RMSD for each trimer’s interface compared to its post-convergence average structure. These 

RMSD values were examined both for individual trimers as well as for the groupings of 

homotrimers and heterotrimers (Figure 3.3).  
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Figure 3.3: Post-convergence trimer interface RMSD values. (A) RMSD of the interfaces of 

all seven trimers, colored by individual trimer and smoothed over a 25 ns window. (B) RMSD of 

the interfaces of all seven trimers, colored based on trimer composition (homotrimers are blue 

and heterotrimers are light green) and smoothed over a 25 ns window. RMSD was calculated 

based on the average structure for each trimer over the last 300 ns of each simulation. 

 

The potential energy values of the interface interactions were calculated using 

CPPTRAJ’s LIE functionality, which calculates both nonbonded van der Waals and nonbonded 

Coulombic contributions. The last 300 ns of each simulation was used and the energy values 

averaged. This was done on a monomer-monomer interaction level as well as on a  

monomer-“rest of the trimer” interaction level to capture both individual interaction 

contributions as well as the ability of the rest of a trimer to stabilize each participating monomer. 

Notation-wise, 555_AB_55 is to be read as the interaction between the first (A) and second (B) 

monomer of the 555 trimer, with the 55 highlighting that this is an interaction between two 

PpCESA5 isoforms. Similarly, 887_BC_87 is the interaction of the second (B) and third (C) 

monomers of 887, which is an interaction between PpCESA isoforms 7 and 8. A, B, and C were 
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initially arbitrarily designated based on monomers in the initial PttCESA8 structure, though they 

are consistently assigned for each trimer. Additionally, 555_A_BC is the interaction between the 

first monomer (A) and both of its neighboring monomers (B and C) (calculated by summing 

their individual interaction contributions). These interface values were initially investigated 

based on their trimer of origin, colored by interaction energy contribution types (Figure 3.4). 

They were additionally investigated based on their total potential energy, colored by the nature 

of the monomer-monomer interaction (Figure 3.5). 

 

 

Figure 3.4: Trimer monomer-monomer and monomer-“rest of the trimer” nonbonding 

energy, arranged by trimer.  (A) Nonbonding energy for each monomer-monomer interaction 

in each trimer. Energy was averaged over the last 300 ns. Van der Waals energy is light green 

and Coulombic energy is in cyan. Error bars are one standard deviation of the total.   

(B) Nonbonding energy for the interactions of each monomer and its two neighboring 

monomers. Color scheme and error bars are the same as (A), as is the energy average. 
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Figure 3.5: Trimer monomer-monomer and monomer-“rest of the trimer” nonbonding 

energy, arranged by decreasing energy.  (A) Nonbonding energy for each monomer-monomer 

interaction in each trimer, arranged by decreasing energy (and thus increasing stability). Energy 

was averaged over the last 300 ns. A hetero-interaction in a heterotrimer is light green, a  

homo-interaction in a heterotrimer is aqua, and a homo-interaction in a homotrimer is blue. Error 

bars are one standard deviation of the total.  (B) Nonbonding energy for the interactions of each 

monomer and its two neighboring monomers. Color scheme, energy averaging, and error bars are 

the same as (A), except there are no purely homo-interactions in the heterotrimers.  

  

Then the total potential interface energy of each trimer was calculated by summing the 

individual monomer-monomer contributions, to get an overall stability order (highest energy to 

lowest energy) for the trimers (Figure 3.6). The increasing stability order is 557, 577, 877, 555, 

777, 887, and 888. Notably, though this will be discussed in the Discussion section, each 

heterotrimer is less stable than the homotrimer that contains two of its monomers (557 is less 

stable than 555, 577 and 877 are less stable than 777, and 887 is less stable than 888). 
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Figure 3.6: Trimer interfacial total nonbonding energy, arranged by decreasing energy. 

Total nonbonding potential energy of each trimer’s interfaces, averaged over the last 300 ns of 

the simulation, arranged by decreasing total energy (increasing stability). Each box within a 

column represents a different interface within the trimer (AB interfaces have diagonal lines, BC 

have crosshatched patterns, and AC have vertical lines). Additionally, monomer-monomer 

interactions are colored by monomer interaction type (homo=blue, hetero=green). The error bars 

are one standard deviation.  
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Discussion 

The results presented indicate that homotrimeric CESA trimer assemblies are more 

stabilized relative to their heterotrimeric counterparts formed by replacing one monomer of the 

homotrimer with a different PpCESA isoform. This is evidenced in Figure 3.6, where the 555 

homotrimer is more stable than the 557 trimer, the 777 trimer is more stable than either the 577 

or 877 trimers, and the 888 homotrimer is more stable than the 887 trimer. This increased 

stability could indicate a biological preference for CESA homotrimer formation, a 

computationally-derived conclusion that agrees with the experimental findings of Ho et al., who 

found that their expressed cellulose-producing CSC rosettes were formed from homotrimers and 

who did not find tangible evidence of heterotrimer formation in their experiments.17 

This investigation has not yet identified a probable cause for why this destabilization 

occurs. The overall secondary structure of the trimers does not show much deviation between 

trimer types, with the greatest range in trimer secondary structure types being less than 2%. 

Trimer secondary structure includes highly conserved α-helices in the transmembrane domain 

and PCR and highly conserved β-sheets that form a Rossman fold that comprises part of the 

catalytic region.97 Additionally, the number of residues within 5 Å of the interface do not 

correlate to the homotrimeric or heterotrimeric nature of the trimer or the length of the 

monomers in each trimer, with 555 having the least number of residues near the interface and 

888 having the most. Finally, the RMSD of the trimeric interfaces does not correspond to the 

nature of the trimer and seems broadly similar across all CESA trimer types, indicating that the 

gross movement of the interfaces over the course of the simulations is quite similar. 

This could indicate that trimer stability may be mediated by specific inter-monomer 

contacts, rather than large-scale inter-monomer interactions. Future work will investigate this 
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possibility by looking into the types and the duration of the contacts at the trimeric interfaces to 

gain a clearer understanding of the stabilizing forces present. 

 Additionally, to further investigate the PpCESA functionality work of Li et al., future 

simulations will investigate different combinations of homotrimeric PpCESA CSCs.25 To better 

understand CESA functionality at the CSC level, these combinations will involve arrangements 

with both known or suspected functionality (a CSC comprised only of PpCESA5 homotrimers as 

well as one comprised of alternating PpCESA 7 and 8 homotrimers) as well as those with known 

lack-of-function (a CSC comprised of only PpCESA7 homotrimers and one of only PpCESA8 

homotrimers). In pursuing this line of inquiry, it is hoped that the resulting insights may help 

resolve long-standing questions regarding the effects of higher-order assembly on CESA 

function, ultimately informing future strategies to modulate cellulose synthase activity.  
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Table S1: Secondary structure composition percentages for all PpCESA trimers. Values 

were determined using CPPTRAJ, which uses the DSSP algorithm. 

 Pi 3-10 Beta Turn Bend Coil Alpha 

555 0.13 3.44 6.95 14.88 16.02 23.97 34.62 

557 0.12 4.24 6.56 14.90 15.51 25.06 33.61 

577 0.05 3.83 6.72 14.03 16.07 25.01 34.28 

777 0.02 3.02 6.27 15.40 15.75 25.70 33.84 

877 0.02 3.95 6.62 15.32 15.01 24.78 34.30 

887 0.02 4.09 6.55 14.86 14.85 24.74 34.90 

888 0.03 4.54 7.08 15.13 14.32 24.43 34.47 

 

 


