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Biomolecular function is closely linked to the events that occur at the molecular level, 

which often takes place in a complex biological environment (i.e., at a complex interface). 

Approaches which can correlate the massive design space of biophysical and biochemical 

features at the nanoscale with their expressed macromolecular behavior are of fundamental 

interest to the field of bioinspired design. While experimental/AI approaches have successfully 

been applied to characterize the behavior of solution-phase proteins, there is a lack of methods 

which can probe interfacial phenomena of biomolecules at the same level of resolution. Increases 

in compute power point to simulation approaches as one avenue for advancing the frontier of 

biomolecular structure/function exploration at interfaces. In this dissertation, physics-based 

simulation frameworks were developed and applied to model interfacial peptide, protein, and 

peptoid systems. As a result, this work demonstrates the capability of computational molecular 

models to study different biological phenomena with high accuracy, providing insight to the 

behavior of these complex biomolecules within the areas of biomineralization, self-assembly, 

and enzyme catalysis. 
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Chapter 1  
Introduction 
 

Over billions of years, biomolecules have evolved to be highly optimized and carry out 

specific functional tasks.1 Taking inspiration from nature, scientists have long been interested in 

harnessing the power of biological molecules and applying them to solve problems across several 

fields including energy, biomedicine, drug delivery/design, biomineralization, and catalysis.2–4 

Optimizing and developing existing and novel biomolecular agents for applications other than 

those intended by nature, often requires the non-trivial modification or redesign of their existing 

structure. A large amount of effort has been directed at the design of stable and self-assembling 

biomolecular building blocks (e.g. proteins, peptides, and peptoids) which can mimic and achieve 

this high function.5,6 Progress in this area has been driven by highly trained intuition and a bit of 

luck, as little is known about the fundamental driving forces that regulate these processes at the 

nanoscale.  

Generally, it is hypothesized that the way in which these biological entities are arranged or 

assembled at the nanoscale, is what enables them to achieve such high function at the macroscale. 

In pursuit of rational and functional biomaterial design, there is a demand for methods that can 

link atomistic-level chemical features of biomolecules with their expressed function. Thus, the 

focus of this work has been aimed at answering the question; how is the sequence and structure of 

biomolecules related to their function? The breadth of this question stems from the fact that 

biomolecules are versatile, specific, and efficient building blocks. Consequently, biomolecules are 

highly diverse both in sequence and structure making up a massive design space which is difficult 

to navigate. Similarly, often these processes take place in the presence of complex interfaces (e.g., 

a solid surface interface, small molecules, or solvents). When these further complexities are 

introduced, there is often a substantial impact on their function, making these relationships 

between sequence, structure, and function increasingly more difficult to resolve.  

Progress in solving these relationships for solution-phase and crystallographic structures 

has been impressive. Experimental techniques such as X-ray, and electron microscopy have given 

way to thousands of protein structures, many of which are all freely available on the protein data 
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bank (PDB). Similarly, advancements in machine learning and AI have accumulated in the 

development of AlphaFold, essentially resolving the sequence/structure relationships for any 

sequence of amino acids, otherwise known as the “protein folding problem”.7 However, even the 

world’s most powerful experimental and computational techniques have not reached this level of 

resolution for biomolecules at an interface. In contrast to the ~ 100,000 resolved protein structures 

available on the protein data bank, very few structures have been solved for surface bound proteins. 

Several experimental methods have been applied to characterize the structure of proteins at 

aqueous or solid interfaces. To name a few; neutron reflectometry, atomic force microscopy 

(AFM), circular dichroism (CD), vibrational sum frequency generation (SFG), and solid-state 

nuclear magnetic resonance (NMR) have made strides in this area. Yet, there remains several 

limitations in both the environment in which they can be probed, the degree of resolution that can 

be achieved, and the type of information that can be extracted. Further, with the goal of smartly 

designing functional bioinspired systems, both a dynamic and mechanistic understanding of the 

interactions that regulate the behavior of these molecules at the nanoscale, and their behavior in 

the presence of complex interfaces is critical. Progress in AI and sheer compute power point to 

computational approaches as a promising avenue for advancing the frontier of protein 

structure/function exploration at interfaces.  

Computational methods span large time and length scales, ranging from sub-atomic 

quantum mechanical descriptions (at short time/length scales) to mesoscopic or continuum (large 

time/length scale) descriptions of systems behavior. Such approaches can be used to complement 

experimental data and provide insight in cases where experiments might be difficult or expensive. 

Somewhere in the middle of this computational spectrum lies classical molecular dynamics (MD), 

a physics-based simulation approach for modeling the motion (or dynamics) of a system. MD 

simulations are powerful in that they can be used to sample configurational space, study the 

dynamic behavior of a system, and (in the limit of ergodic sampling) evaluate the thermodynamic 

properties of a system. As the power and volume of computational resources available increases, 

the ability to scale up atomistic models is increasing in a way that has not been feasible in the past. 

MD simulations can simulate biological systems on the order of nanoseconds to microseconds and 

with the most powerful computers has even hit milliseconds.8 

Admittedly, while MD is powerful, it suffers in its ability to survey long timescales. 

Significant biological events like protein folding, aggregation, or self-assembly can oftentimes 
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occur on timescales of seconds, hours, even days; this is orders of magnitude larger than even the 

longest MD simulations. In simulations, these are often referred to as “rare events”. There are 

several computational strategies that can be employed to overcome timescale barriers necessary to 

observe these rare events. In this work, a class of enhanced sampling simulation methods known 

as metadynamics (MetaD) is applied to many of the systems studied in this work.9 In MetaD, a 

bias in the form of a gaussian potential is applied to a few slow degrees of freedom, discouraging 

the system from exploring the same region of phase space thereby encouraging sampling of the 

free energy landscape. These slow degrees of freedom are referred to as collective variables (CVs) 

and can be defined as any differentiable function describing the atomistic coordinates of a system. 

With a properly chosen CV, at long simulation times the full energy landscape is explored, and the 

deposited gaussians sum to the underlying free energy. A CV be anything as simple as a distance, 

angle or a dihedral, ranging to more complex ones such as coordination number (CN), or ring 

puckering coordinates. A good CV provides an estimate for the transition between two states of 

interest separated by some energetic penalty (e.g. distance from peptide to a surface would be a 

smart candidate for a CV if one was interested in studying protein adsorption onto a surface). CVs 

provide a useful metric for scaling the 3N-6 degrees of freedom in a system down to a few slow 

modes that can be monitored and explored. In an enhanced sampling biasing scheme, the CV 

choice is not trivial as they can be highly degenerate in describing the relevant metastable states. 

Additionally, this challenge becomes more difficult as the systems and rare events of interest 

become more complex by the addition of new solvents, solid surfaces, or biomolecules to the 

simulation system. This is because selection of CVs become less obvious to define in more 

complex systems. This is often one of the most difficult tasks in setting up a metadynamics 

simulation.  

The development of different classical MD and enhanced sampling frameworks that can 

be broadly applied to model different biological phenomena is a common theme that unites the 

work presented throughout this dissertation. As a result, this work also expands on the current 

understanding of the behavior of some of these complex biomolecular systems. In the next six 

chapters, this applies to discussing and uncovering the mechanisms which underpin systems 

related to three main focus areas: (1) biomineralization, (2) self-assembly and (3) enzyme catalysis.  

First, in Chapter 2, a variant of metadynamics is applied to study the structure/function 

relationships in biomineralization through studying the mechanisms of implant fouling by matrix 
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proteins in the body. Work in the field of tissue engineering suggests that specific surface 

properties of an exposed implant material are influential in guiding initial cellular events (e.g., 

protein adsorption to the implant surface) that regulate the environment of the extracellular matrix, 

and result in osseointegration, or the integration of an implant with its surrounding tissue. Applying 

metadynamics to simulate a set of model systems, a description of these initial adhesion events is 

obtained and is used to compare mechanisms and thermodynamics driving forces of protein 

adsorption onto a mineral (or bone) and titania (or implant) surfaces.  Through comparing the 

simulation results we were able to describe in detail the protein-surface protein-ion and surface-

ion interactions that lead to protein denaturation at the implant surface, and by-proxy their possible 

implication in implant fouling. This level of detail provided a generalized set of material principles 

that can be used in the future design of implant materials that mimic the bone adhesion response.  

Following this, in Chapter 3, a campaign of classical MD simulations was conducted to 

answer a fundamental question related to the self-assembly of a common model protein, 

Lysozyme, at an air-water interface. This system is one such example that highlights the difficulty 

in resolving protein conformation and orientation at the interface. Previously, different 

experimental methods had been used to contradictorily suggest Lysozyme is denatured or folded 

at an air-water interface. Further, there was additional discrepancy concerning whether the folded 

structure was in a head-on, axial, or side-on conformation. These challenges are likely attributed 

to difficulties in examining monolayer-level length scales at an interface.  Using simulations 

combined with SFG we show with strong agreement that lysozyme adopts an axial conformation 

at pH 7. Further, we provide molecular-level insight as to how pH influences the binding domains 

of lysozyme, providing a plausible mechanistic explanation for prior contradictory conclusions in 

the literature.  

Included in Chapter 4 is a review of the state of modeling and experimental approaches 

that have been used to study the self-assembly of biomolecules at interfaces in solution. We also 

include a perspective as to how machine learning and combined experimental/simulation 

approaches can help evolve this field of research. Chapter 5 is a review of parallel bias 

metadynamics, a simulation approach used to circumvent the high degrees of freedom related to 

studying complex systems with metadynamics. This chapter highlights different examples where 

this approach has previously been applied successfully.  
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In Chapter 6, a variant of metadynamics is used to elucidate the mechanisms that lead to 

product inhibition in an industrially relevant enzyme. A major limitation in the enzymatic 

production of renewable biofuels from cellulose is related to their cost. One reason for these can 

be attributed to cellulase enzymes high susceptibility to product inhibition, leaving them inactive 

and difficult to recycle. Thus, the rational design of enzymes that retain high substrate affinity and 

a reduced product affinity are desirable to reduce costs at a commercial scale. In this work, a 

mutant enzyme with reduced product inhibition and increased catalytic turnover is discovered. 

Funnel metadynamics is then used to investigate the effect of the amino acid substitutions on the 

mechanism of cellobiose binding (i.e. product inhibition). Atomistic level resolution of these 

structural and binding mechanism changes as a function of point mutations provides a framework 

for rationally designing cellulases with improved commercial activity.  

In Chapter 7, a metadynamics approach is proposed to study the structure/function 

mechanisms that give rise to secondary structure assemblies in a peptidomimetic foldamer known 

as peptoids. Synthetic oligomers which can mimic the secondary structure of proteins and nucleic 

acids offer a route to potentially expand beyond the functions accessible to current molecular 

frameworks. One fundamental challenge in the application of these foldamers is in uncovering the 

rules that relate sequence and chemistry to folding behavior within these non-biological 

backbones. In this work we present a metadynamics framework that can successfully traverse the 

highly dimensional folding landscape of a peptoid backbone. Using three model systems with 

different sidechain chemistries, we demonstrate how this framework is generalizable to many 

peptoid chemistries. Through this, we uncover the underlying energetic and entropic driving forces 

that stabilize protein-like helices for a chiral bulky peptoid chemistry. This method provides a 

basis for peptoid-structure exploration which can be expanded upon to rationally design sidechains 

that enable more robust helix formation, or the design of peptoid sidechains that can assemble into 

other biomimetic secondary structure or higher order building blocks. Lastly, the final chapter then 

concludes with a discussion of the overall significance and future directions of this work. 
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Chapter 2  
Impact of glutamate carboxylation in the adsorption of the 
α-1 domain of osteocalcin to hydroxyapatite and titania1 
 

2.1 Abstract 

One proposed mechanism of implant fouling is attributed to the nonspecific adsorption of 

non-collagenous bone matrix proteins (NCPs) onto a newly implanted interface. With the goal of 

capturing the fundamental mechanistic and thermodynamic forces that govern changes in these 

NCP recognition domains as a function of γ-carboxyglutamic acid (Gla) post-translational 

modification and surface chemistry, we probe the adsorption process of the most commonly 

occurring NCP, osteocalcin, onto a mineral and metal oxide surface. Here, we apply two enhanced 

sampling methods to independently probe the effects of post-translational modification and peptide 

structure on adsorption. First, well-tempered metadynamics was used to capture the binding of 

acetyl and N-methylamide capped glutamic acid and Gla single amino acids onto crystalline 

hydroxyapatite and titania model surfaces at physiological pH. Following this, parallel tempering 

metadynamics in the well-tempered ensemble (PTMetaD-WTE) was used to study adsorption of 

the α-1 domain of osteocalcin onto hydroxyapatite and titania. Simulations were performed for the 

α-1 domain of osteocalcin in both its fully decarboxylated (dOC) and fully carboxylated (OC) 

form. Our simulations find that increased charge density due to carboxylation results in increased 

interactions at the interface, and stronger adsorption of the single amino acids to both surfaces. 

Interestingly, the role of Gla in promoting compact and helical structure in the α-1 domain resulted 

in disparate binding modes at the two surfaces, which is attributed to differences in interfacial 

water behavior. Overall, this work provides a benchmark for understanding the mechanisms that 

drive adsorption of Gla-containing mineralizing proteins onto different surface chemistries.   

 
1 This chapter was reproduced with permission from S. Alamdari and J. Pfaendtner. Impact of glutamate 
carboxylation in the adsorption of the α-1 domain of osteocalcin to hydroxyapatite and titania. Molecular 
Systems Design and Engineering, 5, 620-631 (2020). Copyright 2020. Royal Society of Chemistry.259 
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2.2 Introduction  
 When implants are introduced in the body (e.g. orthopedic or dental), the efficacy of the 

implanted material is hypothesized to be dependent upon its ability to mineralize or fuse properly 

with its surrounding tissue.10–13 This phenomenon, known as osseointegration, takes place at the 

cell-implant or mineral-implant interface and can be promoted by the chemical or structurally 

specific design of the implant interface.14–16 Work in the field of tissue engineering has revealed 

that specific surface properties of the exposed implant material are influential in guiding these 

initial cellular events (e.g., protein adsorption to the implant surface) and thus regulating the 

environment of the extracellular matrix.13,17,18 In spite of these advances, much remains to be 

discovered regarding the specific molecular-level recognition mechanisms between bone 

extracellular matrix proteins (ECM) and both mineral and implant surfaces. This is particularly 

important for the goal of optimizing the molecular scale design of new materials for implant 

coatings. 

Titanium and its alloys are commonly used as implant materials due to their high 

biocompatibility and mechanical (load bearing) properties. Upon exposure to oxygen, the highly 

reactive surface oxidizes and forms a layer of titania (TiO2) between 2 nm and 5 nm thick.19 It has 

previously been shown that implant treatment with grit-blasting, acid-etching, anodization, or 

various nanomodification techniques alter the surface roughness and mechanical surface properties 

resulting in improved osseointegration.19–23 To further address implant biocompatibility, many 

groups have looked towards the adhesion of coatings to implanted materials which can improve 

cell recall to the implant surface.11,17,24,25 For example, Baranowski et al. demonstrated a bone 

sialoprotein coating on titania implants first delayed the early stages of osteoblast formation, but 

ultimately positively influenced ECM mineralization when compared to uncoated titania.26 

Modifications of the implant surface have been shown to impact osseointegration in a variety of 

ways, which have been extensively summarized by Damiati et al.,27 and Jemat et al.28 Prior work 

concludes that the adsorption of cells to the implant surface is highly susceptible to both changes 

in morphology and chemistry of the surface. However, the fundamental mechanisms driving cell 

adsorption onto different materials cannot be captured with experiments alone.  



 8 

The ECM contains both organic and inorganic components. The inorganic component of 

the ECM is mainly composed of hydroxyapatite (HA) crystals, a calcium phosphate mineral with 

formula Ca5(PO4)3(OH), and a major component of bone. Osteoblasts are responsible for the 

production of organic osteoid, which includes both collagen and non-collagenous proteins (NCPs). 

While collagen makes up approximately 90% of the ECM, NCPs are understood to be key 

regulators in mineralization.29–31 NCPs undergo posttranslational modifications (i.e. carboxylation 

in osteocalcin and matrix Gla protein, or phosphorylation in osteopontin and bone sialoprotein) 

resulting in an increased negative charge density that has been attributed to the strong adsorption 

of these proteins onto mineral surfaces.32 This led to the hypothesis that structurally specific 

adsorption of NCPs to the newly implanted surface is what allows NCPs  to effectively carry out 

their mineralization role and integrate properly; inhibition of these processes are predicted to 

promote implant fouling.14,33,34 Of these NCPs, Osteocalcin is the most abundantly occurring and 

is commonly used as a biomarker in bone health. Its structure is composed of three alpha helical 

domains with a single disulfide bond between the α−1 and α−2 domains, and this sequence is 

highly conserved across porcine, mice, and humans.35,36 The calcium-binding affinity of 

osteocalcin is attributed to the presence of 3 vitamin-K dependent post-translationally modified γ-

carboxyglutamic acid (Gla) residues located on the α−1 domain as shown in Figure 2.1. 
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Figure 2.1. Representation of osteocalcin in its fully carboxylated form (PDB: 1QH836), and the structure of Glu 
and Gla residues. The α-1 helix containing the first 15 residues is shown in cartoon representation and its 
sequence is listed below. Other protein residues are presented transparently in cyan. Residues that undergo a 
posttranslational modification from Glu to Gla are listed in red. Gla residues and residues C23 and C29 between 
the α−1 and α−2 helices forming a disulfide bond are pictured in licorice and colored by blue carbon, red oxygen, 
blue nitrogen, and yellow sulfur atoms. 

The structure of osteocalcin and decarboxylated osteocalcin in the presence of calcium ions 

has been studied using circular dichroism, nuclear magnetic resonance (NMR) spectroscopy, and 

X-ray crystallography in solution concluding the important role calcium ions in producing a 

secondary structure of the protein in solution.35–39 Only a handful of studies40–43 have resolved the 

structure of biomineralizing proteins on mineral or implant surfaces, and even fewer for NCPs. 

Notably, in one study Scudeller, et al. used spectroscopy, spectrometry, and isotherm methods to 

reveal the orientation and conformation of the two forms of osteocalcin on phosphate and silica 

scaffolds, showing higher adsorption of all forms of osteocalcin on calcium phosphate when 

compared to silica, and greater helical denaturation on the silica surface.44 This and another study39 

suggest that the mechanism of mineralization is related to the secondary structure of the adsorbed 

protein, and is partially dependent upon the surface chemistry of the substrate. To our knowledge 

there are no experimental studies using these same approaches to probe their structure on titania 

substrates. Rather, work in this area has focused on macroscopically characterizing osteoblast 

affinity and function.45–47 These results, and lack of detail describing the mechanisms that govern 

these interactions in the literature have inspired additional molecular dynamics (MD) work in this 
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area with the goal of gaining a more microscopic understanding of the behavior of NCPs at mineral 

and implant interfaces. The role of sequence and post-translational modifications in the 

biorecognition mechanisms of biomineralizing proteins have previously been studied with success 

using MD simulations. These studies have been limited in scope, generally focused on 

understanding the effects of a common post translational modification phosphorylation48–50, 

collagen protein51, and another NCP52. Surprisingly, while there is a large interest in understanding 

phosphorylation, there are few studies that have looked at the effects of Gla post-translational 

modifications53,54.  

Many prior MD studies on HA have used generalized surface chemistries which 

corresponded to basic pH.39,55–57 Older forcefields were modeled after bulk HA crystals lacking 

parameters for phosphate protonation on the water-exposed surface that occur in biological 

systems. The lack of parameterization of an interface at realistic conditions was resolved by  Lin 

and Heinz who published a pH specific forcefield in 2016, where changes in pH are accounted for 

through protonation of surface exposed phosphate groups and the removal of calcium to maintain 

system charge neutrality.58 Through this, they demonstrated pH to be influential in peptide 

adsorption on HA.58 These limitations in HA simulations have also been discussed extensively by 

Walsh et al.59 and continue to be addressed for this complex surface through more robust forcefield 

development.53,60–62 Fortunately, this advancement has prompted the ability for new studies to 

begin to investigate peptide behavior on biologically relevant surfaces. Recently, an enhanced 

sampling MD study63 quantified the energetic effects of phosphorylation on the mineralizing 

protein statherin binding onto HA,  and a combined NMR/enhanced sampling MD study64 

uncovered the structure of a statherin mutant on HA, silica, and titania surfaces. These studies 

motivate using enhanced sampling MD to uncover molecular design rules, a protocol that has 

shown success in capturing both thermodynamic and structural fingerprints for large peptide-

surface systems.  

With respect to simulations on titania, there has been a large amount of work in the 

literature that has simulated the behavior of small molecules and unstructured titania-binding 

peptides onto titania surfaces65–68 providing guidance towards understanding the 

sequence/structure/function relationships of NCPs. Defining the surface of a metal oxide in 

classical models has proven challenging due to the inability to dynamically represent water 

dissociation. To tackle this, Předota et al. developed a set of surface models that represent different 
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surface charge states and varying levels surface hydroxylation that describe four plausible 

molecular-level scenarios occurring at the titania interface in an aqueous environment.69 With this 

in mind, we investigated the neutral hydroxylated interface, which allows us to directly probe the 

influence of surface composition when compared to the neutral hydroxyapatite hydroxylated 

surface model used in this study. The neutral hydroxylated model provides a model system for the 

case where the surface of titania is neutralized through the dissociation of water at the interface, 

forming terminal and bridging hydroxyl groups with exposed titania and oxygen molecules.   

The aim of this work was to understand how structure, function, and chemistry of both the 

surface and peptide manifest in these unique peptide-surface interactions, and ultimately in 

different biorecognition mechanisms. A deeper understanding of these mechanisms, and the 

variables that influence them will guide the rational design of new implant coatings. Our approach 

applied MD simulations and the enhanced sampling method Parallel Tempering Metadynamics in 

the Well-Tempered Ensemble (PTMetaD-WTE) to extract energetic and structural information of 

the α-1 domain of carboxylated osteocalcin (OC) and the fully decarboxylated α-1 domain (dOC) 

adsorbed onto model basal HA (001) and neutral hydroxylated rutile (110) TiO2 surfaces at 

physiologically relevant pH. Lastly, we comment on how the results from these simulations can 

be generalized in the design of new implant coatings.  

2.3 Methods 

The PTMetaD-WTE enhanced sampling method was used for all simulations which has 

previously been shown to exhaustively sample peptides on surfaces.70,71 All simulations were 

performed using GROMACS 2018.372 and enhanced sampling simulations were carried out using 

the Plumed 2.4.2 plugin.73  The peptides were modeled using the CHARMM36 force field74 and 

SPC/E water75, which are compatible with both of the surface models we implemented. While the 

CHARMM36 forcefield was designed to be used with TIP3P water model, we chose to use the 

SPC/E water model which was used in development of the titania model parameters.69 Previous 

work understanding the reliability of SPC in combination with CHARMM for biomolecular 

simulations on titania has shown this is a reasonable choice.76 Additionally, The INTERFACE 

forcefield which was parameterized with CHARMM36 in mind, has been shown to capture 

biomolecular and polymer binding energies within 2-4% using both SPC/E and TIP3P forcefield 

water models supporting this choice for the HA simulations as well.77 The Gla forcefield was built 
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by using existing CHARMM36 parameters for glutamic acid, and additional details and parameters 

used for Gla have been included in the SI (Appendix A). The INTERFACE forcefield77 was used 

to model the HA (001) surface, and neutral hydroxylated Rutile (110) TiO2 surface was modeled 

using parameters from Předota et al.69, all near pH 7. The pH 10 HA surface given in the 

INTERFACE forcefield was modified to approximate pH 7 surface by adjusting the ratio of 

dihydrogen phosphate (H2PO4-) and monohydrogen phosphate (HPO4-2) surface groups to be to be 

69%, and 31% respectively (converting 16 dihydrogen phosphate groups to monohydrogen 

phosphate per face of the surface, 32 total), and adding 8 additional INTERFACE calcium ions 

per face (16 total). This ratio of phosphate groups is a close approximation of the chemistry at pH 

7 (70%/30%). Calcium and chloride counterions were added to neutralize system charge. In 

recognition of the modified partial charges in the HA model, Ca1.5+ ions were used in the 

HA/INTERFACE system whereas we used the standard Ca2+ from the CHARMM36 model for 

the TiO2 system to maximize consistency within each model system. Sultan et al. previously 

verified that the addition of 2+ charge calcium ions can be appropriately used with the negative 

non-hydroxylated titania surface model, making this an appropriate choice.78 Table A-S1 includes 

information about the system charge and total ions added for each unique simulation.  

Each surface was built by replicating the unit cell in the x/y dimension and given a z-

dimension of at least 10.5 nm in length to prevent self-interaction across the periodic boundaries. 

A peptide structure for the α-1 domain sequence shown in Figure 2.1 was generated in Avogadro 

1.2.079 and placed near the surface.  Following this, the HA surface (7.6 nm × 6.6 nm × 11.0 nm) 

was solvated with an average of 12,100 water molecules and the TiO2 surface (5.4 nm × 5.2 nm 

× 10.7 nm) was solvated with 8,200 water molecules. All systems were first minimized using a 

steepest descent algorithm to remove any unfavorable contacts over 10,000 steps. A timestep of 2 

femtoseconds was used in all simulations, and hydrogen bonds were constrained using the 

LINCS80 algorithm. The systems were then equilibrated to standard temperature and pressure, over 

1 ns total, using a stochastic global thermostat81 to couple temperature (tau=0.1 ps) and semi-

isotropic pressure scaling using the Parrinello-Rahman barostat82 (tau=10 ps) with x/y and z 

compressibility set to 4.5x10-15 bar-1, and 4.5x10-5 bar-1. Van der Waals interactions were 

calculated below a cutoff of 1.1 nm, and electrostatic interactions were calculated with particle-

mesh Ewald83 summations using a 1.2 nm cutoff. A 1 ns NVT simulation was then used to generate 

starting configurations for the enhanced sampling production runs, which were also carried out in 
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the NVT ensemble. During production simulations all phosphate atoms, and all bulk calcium ions 

in the HA system were held frozen. Similarly, all titanium and all bulk oxygen atoms were held 

frozen in the TiO2 system. The bulk atoms are defined to be all the atoms in the surface excluding 

the first two layers on both the top and bottom interfaces. This was done to preserve surface 

integrity over the course of the long simulations, while simultaneously allowing interactions with 

the fluctuating surface atoms. 

We first equilibrated 24, and 25 replicas for titania, and HA respectively over 100 ps to 

temperatures ranging from 300-450K in the NVT ensemble. An ensemble of initial peptide 

configurations was generated from a 500K NVT simulation of the peptide in water. Different 

peptide configurations from this trajectory were used as starting structures for each replica. This 

temperature range has been previously used for biasing large peptides with hidden free energy 

barriers that are otherwise difficult to sample in the MetaD scheme alone84. The specific 

temperature values for each replica in each system are provided in Table A-S3. The potential 

energy was then biased with metadynamics for 10ns, to establish the well-tempered ensemble85,86 

The potential energy was biased using an initial hill height of 2 kJ/mol, a bias factor of 10, and 

1hill/1ps hill deposition rate, attempting replica exchange at the same pace.  A sigma values of 290 

and 400 kJ/mol were used for titania and HA, respectively. These values were calculated by using 

the half the standard deviation of the smallest equilibrium fluctuations in potential energy from the 

initial PT simulations, which were all calculated from the lowest temperature replica. The well-

tempered ensemble was achieved by observing a constant replica exchange probability near 30% 

while remaining computationally feasible.87 In the case of our systems we found 24 replicas were 

needed with the titania system for 37% exchange probability, and 25 replicas were needed with 

the HA system for 25% exchange probability. Once WTE was achieved, an additional 2D 

WTMetaD bias potential was introduced. The WTE deposition rate was reduced by a factor of 5 

(1hill/5ps) which has been previously shown to maintain constant exchange, smoothing out any 

effects from the additional MetaD bias applied to the CVs.88 This was done to enhance the 

fluctuations of those slow degrees of freedom to sampling peptide conformation and adsorption 

on and off the surface. The 2 CVs chosen for this study were; CV1 – the peptide radius of gyration 

using the alpha carbons, and CV2 – the z-distance between the all atom center of mass (COM) of 

the peptide and a reference surface atom. These CVs were biased using sigma values of 0.2nm, 

and 0.1nm, respectively, an initial hill height of 2 kJ/mol, a bias factor of 10, and 1hill/1ps hill 
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deposition rate in the 2D MetaD biasing scheme. In this step a harmonic restraint (𝑘 = 50,000 

kJ/mol/nm2) was introduced on the z-component of CV2 keeping the peptide within 4.5nm of the 

surface. This was done to limit sampling to one face of the surface and accelerate convergence. 

Production runs were extended up until convergence, which is further described in the SI 

(Appendix A). This window ranged from between 300 ns and 500 ns per replica for each 

subsystem. Considering that the total simulation time as the product of simulation time per replica 

and the number of replicas, this resulted in a total of 6-10 microseconds of computational time 

needed for each system to reach convergence.  

Simulations of acetyl and N-methylamide capped Glu and Gla amino acids were done to 

characterize the impact of modification alone on adsorption to the surface. Each amino acid was 

simulated on both surfaces using 4 walkers in the multiple-walker well-tempered MetaD scheme. 

In the HA system, Ca+1.5 INTERFACE ions were used as counterions, in the titania system sodium 

ions were used as to not introduce any competitive interactions with surface binding as to probe 

the impact of modification on surface binding energetics alone. Additional system setup details 

are included in Table A-S2. Systems were equilibrated using the same criteria as described above. 

A single 1D bias was added on the z-distance between the COM of all atoms in the peptide 

analogues.51 All single amino acid simulations used a sigma value of 0.1nm, initial hill height of 

2 kJ/mol, a bias factor of 10, and 1 hill/1ps deposition rate. A harmonic restraint (𝑘 = 50,000 

kJ/mol/nm2) was introduced on the z-distance to the surface, at 4.5 nm to limit sampling to one 

face of the surface. These simulations were carried out until convergence, following the same 

criteria for the other enhanced sampling simulations.  

Standard reweighting procedures were used to obtain equilibrium probability distributions 

for unbiased CVs and is further described in the SI (Appendix A). All corresponding PLUMED 

input files required to reproduce the results reported in this paper are available on PLUMED-NEST 

(www.plumed-nest.org), the public repository of the PLUMED consortium (plumID: 19.079).89 

2.4 Results and Discussion 

To assess simulation convergence of all enhanced sampling simulations, free energy as a 

function of the biased CV was monitored over time. Binding free energies were calculated using 

a Boltzmann averaged difference of the Helmholtz free energy between the surface adsorbed and 

solution states. All systems were considered converged when the fluctuations in energy were less 
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than kBT at 300K (~2.5 kJ/mol) for the final 30% of simulation time, during which the system 

continued to explore CV phase space. The binding free energy time series are included in Figure 

A-S1 and discussed in greater depth in the SI (Appendix A). 

Influence of Surface Composition 

To date and to our knowledge, there are no experimental studies that have reported binding 

energies of dOC and OC on HA or titania to use as benchmarks for the thermodynamic quantities 

calculated from simulation. Furthermore, HA and TiO2 were parameterized with different 

methods, thus it is important to stress extreme caution should be used in making direct quantitative 

comparisons between the binding free energies calculated from binding on HA and TiO2. 

However, we recently showed in a combined NMR/MD study of statherin adsorption and folding 

on HA, titania, and silica (using the same forcefields) strong structural agreement between 

experimental and simulation results, indicating that the surface models are able to sufficiently 

capture the necessary physics to model these biomolecular-surface interactions.64  

This study is motivated in estimating the structure of the surface adsorbed peptides and 

probing the thermodynamic and structural implications of the Gla mutation as a function of 

changing surface chemistry and charge. We began our investigation profiling the water density for 

the two surfaces (Figure 2.2), which match prior reported water densities.58,69 These water 

densities are calculated from the nearest frozen heavy atom layer, for each surface respectively. 

The behavior of water on titania differs fundamentally from that of the hydroxyapatite surface. 

Most notably, there is a substantial heterogeneous charge distribution in titania resulting in highly 

ordered water behavior at the interface.69. The 001 face of HA, has been characterized as having 

the least affinity towards water, which is described by a water density profile that contains a peak 

at a slight distance from the surface.58 
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Figure 2.2. Water density profile on HA (red squares) and titania (orange circles) surfaces. 

Similarly, ion affinity varies between the two surfaces. HA contains strong ordered layers 

of calcium ions within its crystal structure, and a driving force for calcium ions to bind directly to 

the surface.58 The behavior of ions on titania has previously been explored by Walsh et. al.  on a 

negative titania surface model where two binding modes were reported; 1) direct surface binding 

and, 2) water-mediated ion binding.78 In the case of neutral titania only water-mediated ion binding 

occurs, and there is no direct affinity observed for the ions to adsorb to the surface, as expected.  

Impact of γ-Carboxylation on Glutamate Binding to Surfaces 

Binding free energies of capped Glu and Gla amino acids onto each surface were calculated 

to probe the influence of the modification alone on binding. In Figure 2.3, Glu and Gla binding 

profiles on HA were reweighted along the distance between the carboxylate COM and the surface, 

to gain insight into the minimum energy conformations at the surface. The free energy profiles 

(FEP) from the biased CVs are included in Figure A-S2. Gla binds approximately 2 kBT stronger 

than Glu to HA, a direct result of increased electrostatic interactions with the surface, based on the 

COM distance to the surface in Figure A-S2. Interestingly, Glu is able to bind closer than Gla 

attributed to steric restrictions in the case of Gla, which has a larger sidechain.  
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Figure 2.3. FEP for Glu (blue), and Gla (red) binding onto HA, reweighted along the distance between the 
carboxylate centers of mass and the surface. Representative structures corresponding to free energy minima are 
shown for (A) Glu and (B) Gla, respectively. Surface atoms are colored by orange phosphorous, red oxygen, 
white hydrogen, and cyan calcium. Amino acids are shown in licorice representation, corresponding to the same 
color scheme as Figure 2.1.  

The TiO2 binding profile in Figure 2.4 contains many more features than HA, indicating 

adsorption behavior on the two surfaces is influenced by fundamental differences in the surface 

chemistry. Similar to HA, both Glu and Gla were found to bind to TiO2 through direct sidechain 

interactions with surface atoms. In HA, this was largely attributed to interactions with calcium, in 

TiO2 binding is achieved with surface hydroxyl groups. Gla binds approximately 5 kBT stronger 

than Glu to the surface, based on COM binding energies reported in Figure A-S1 which is also 

directly attributed to increased surface interactions. Similar to HA, Glu was able to bind much 

closer to the surface than Gla, likely due to steric reasons exemplified in Figures 2.4A and 2.4D, 

which represent then minimum energy structures bound closest to the surface. Interestingly, the 

strongly adsorbed water layer formed on titania was able to support water-mediated binding poses 

(Figure 2.4C and 2.4F) with a considerable binding affinity in the case of both Glu and Gla.  
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Figure 2.4. FEP for Glu (blue) and Gla (red) binding to TiO2 reweighted along the distance between the carboxylate 
centers of mass and the surface. Representative structures for free energy minima associated with Glu binding are 
shown in (A), (B) and (C). Minima structures for Gla binding are shown in (D), (E), and (F), and labeled on the FEP. 
Surface atoms are shown in pink for titania, red for oxygen, and white for hydrogen.  

The single amino acid binding profiles reveal site-specific adsorption to HA and TiO2 for 

both wild type glutamate as well its carboxylated version. The presence of positively charged sites 

on both surfaces, with a favorable register against the spacing of negative charges on the amino 

acid sidechains leads to increased binding for the Gla residue in approximately the same amount 

on both surfaces. However, the contributing factors to binding are not solely due to the increased 

Coulombic interactions from the side chain owing to the fact that both HA and TiO2 show roughly 

a 1/3 increase in binding energy upon carboxylation. Thus, other factors such as van der Waals 

interactions or Coulombic interactions from the backbone may also substantially contribute to 

binding.  

Glutamate Carboxylation Influences Peptide Binding Affinity through Interfacial 
Structure  

To explore the impact of modification on the magnitude of binding to HA and TiO2 binding 

affinities for both systems were calculated for the fully unmodified (dOC – containing all Glu 

residues) and fully modified (OC – containing all Gla residues) forms of the a-1 helix and shown 

in Figure 2.5 (n.b., here we follow consistent nomenclature from the literature adopting dOC and 

OC in discussing osteocalcin posttranslational modifications). In the case of HA, OC binds with 

over twice the affinity, and slightly closer to the surface than dOC. The OC sequence is more 

negatively charged than dOC, indicating adsorption to HA is driven by electrostatic interactions, 
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and subsequently the overall charge density of the system agreeing with what was predicted from 

the single amino acid binding profiles. Electrostatic driven binding has also been reported for 

phosphorylated peptides to metal oxide surfaces90, LK peptides on negative self-assembled 

monolayers88, and large globular proteins lysozyme and α-lactalbumin at charged interfaces91. In 

contrast, on the titania surface there was almost a tenfold decrease in the binding affinity with 

increasing charge density; dOC bound much stronger to the surface than OC, and OC was also 

bound much further to the surface than dOC. These non-linear binding trends prompted further 

exploration into the role of peptide structure on the impact of binding.  

 

 

Figure 2.5. FEP for dOC (blue) and OC (red) for the all-atom peptide COM distance to HA (top) and TiO2 
(bottom). Dashed lines indicate location of free energy minima on each FEP.   

 Structure, configurational entropy, and the behavior of water on the two surfaces 

are discussed as dominating driving forces causing differences in adsorption behavior. Free energy 

surfaces (FES) describing the peptide distance to the surface, and radius of gyration were used to 

characterize surface-bound and solution peptide structure of each system. The radius of gyration 

was reweighted based on solution (distance > 3.0 nm) and surface (distance <= 3.0 nm) distance 

from the surface, to clearly understand the impact of modification on structure. The 2D FES are 
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provided in Figure A-S9 for reference. Clustering techniques were then used to describe the 

peptide structure at minimum energy regions on the FES and to further quantify entropic driving 

forces. And lastly, reweighted FES were used to quantify contacts between the peptide 

modification sites and the surface which are further discussed in detail in the SI (Appendix A). 

 Figure 2.6 shows the structural analysis for the surface bound states of dOC and OC 

adsorbed to HA (i.e. a COM distance <= 3.0 nm). The free-energy profile for the peptide radius of 

gyration shows that dOC adopts an extended conformation at the interface, given by the free energy 

minima at a radius of gyration value of 1.2 nm. This extended conformation persisted in all 3 of 

the top structures from clustering the structures at the surface, representing over 50% of the surface 

bound conformations (Figure A-S3). A similar analysis for configurational energy was done for 

the peptide in solution (i.e. at COM distances > 3.0 nm from the surface) and is given in Figure 

A-S5, with the top structures from clustering given in A-S7. In solution, dOC adopts a slightly 

extended conformation, but the energetic differences between collapsed and extended states are 

significantly smaller than the adsorbed state, indicating the unmodified peptide has no 

conformational preference in solution.  

In contrast, the carboxylated peptide OC shows a stabilized collapsed or compact structure 

on the surface. Additionally, OC demonstrated helical adsorption onto HA, which persists in the 

top clusters (Figure A-S4). This helical structure captured in Figure 2.6B and C, is slightly 

different from the helical structure proposed by the solution studies in Figure 2.1 where helices 

are presumed to be stabilized due to strong Gla/divalent interactions in solution. In the surface 

adsorbed structure of OC, a kinked tight helix with two turns appears in two of the top clusters, 

representing 79% of all adsorbed conformations. This kinked helix was found to be due to strong 

stabilized amino acid/ion interactions between Asp-3 and Gla-6 and the surface, and a proline 

residue (Pro-5) induced kink in the backbone. Two different hydrogen-bonding modes forming an 

irregular helix were found to occur in the backbone and have been characterized further in Figure 

A-S12. No helical structure is observed past residue Arg-9, in the second half of the peptide. In 

the full osteocalcin sequence, a disulfide bond at position 12 acts as a stabilizing bridge between 

the α-1 and α-2 domains, suggesting the presence of the second helical domain might be critical in 

stabilizing structure in the second half of the α-1 domain. Scudeller et. al. proposed that the α-2 

domain also adsorbed onto HA, prompting future investigation in the role of this second domain 

and its stabilizing disulfide bond.44 Unlike dOC, OC takes on a distinctly more compact form in 
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solution (Figure A-S5 and A-S8). This indicates that the combination of calcium and 

carboxylation lead to a distinct solution structure. This agrees with previous experimental work 

which has reported OC to be unstructured in solution without the presence of Ca2+ ions, and 

supports the importance of the Gla modification in promoting structure of the full protein.92  

To further characterize increased binding due to increased interactions at the surface, the 

simulations were reweighted to quantify the number of interactions between Glu or Gla residues 

and the surface. The reweighted FES for dOC on HA shows that the adsorbed peptide has an 

average of 1 O-H interaction, and 2 O-Ca1+5 interactions with Glu (Figure A-S10) indicating the 

extended surface adsorption is a function of many residues on dOC interacting with the surface. 

As shown in Figure A-S10, OC adopts a number of energetic minima at the surface. The deepest 

free energy minima accounts for an average of 6 O-H interactions, and 13 O-Ca1+5 interactions 

with Gla. In this case, carboxylate side groups are stabilized by both protein/surface and 

protein/ion interactions. The modification resulted in a larger binding free energy, which can 

directly be described through increased surface contacts, and closer binding to the surface. This 

indicates enthalpic contributions act as a dominant driving force in HA-adsorption.  
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Figure 2.6. Reweighted 1D FEP for dOC (blue) and OC (red) adsorbed on HA along the radius of gyration 
calculated from c-alpha atoms. (A) Representative snapshot of the lowest free energy minima found for dOC, 
representing 38% of the surface adsorbed structures. Representative snapshots of the free energy minima for OC 
at positions (B) and (C) on the FES. OC structures represent the ensemble of configurations described by cluster 
1 and 2 (Figure A-S4) which in total accounts for 79% of the surface adsorbed structures. Amino acids are 
labeled and represented in licorice, not including hydrogens, carbons are shown in white. Nonpolar non-
interacting amino acids were omitted from the representation for clarity. The structure of the peptide is 
represented by the new cartoon drawing scheme colored by structure, where a 1-4 helix is shown in purple, 
irregular helices are given in royal blue, turns are represented by cyan, and coils are shown in white. 

As noted above, the adsorption thermodynamics on neutral TiO2 were found to be 

dramatically different compared to HA for both peptides. The unmodified peptide (dOC) was 

shown to have a much larger binding affinity towards the surface than the carboxylated form (OC), 

opposite the single amino acid predictions. This indicates the role of structure is a critical 

consideration in these systems. Interestingly, although demonstrating different binding affinities, 

the both HA and TiO2 showed similar structural behavior at the interface and in solution. As shown 

in Figure 2.7 dOC is extended at the surface, and this persists in all of the top clusters, as shown 

in Figure A-S3. This mechanism of interaction is similar to a recent study showing that extended 

phosphorylated R5 peptides derived from silaffin strongly bind quartz surfaces compared to 

collapsed and more globular peptides.48 Similarly, OC adopts a compact form at the surface, with 

some structure in the top clusters shown in Figure A-S8. A similar kinked helix as described in 

Figure A-S12, is seen in the top structures for TiO2, but less prominently than upon adsorption to 
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HA. This is attributed to differences in the crystalline structure of the two surfaces, which do not 

contain bound calcium ions, and the alternate modes by which the peptide interacts with the 

surface. 

It is important to note that while we can predict that the Ca1.5+ interactions could be 

underestimating the energetic impact on structure especially in solution, we see the same 

conformational trends in solution (albeit to a lesser degree in the case of the Ca1.5+  containing 

system) independent of the charge on calcium used; dOC shows little structural preference in 

solution whereas OC adopts a significantly compact conformation in solution (Figure A-S6). 

Future work should look to investigate the impact of the HA force field’s use of Ca1.5+ and the 

energetic impacts on Glu and Gla binding, perhaps with the use of DFT simulations to accurately 

capture solvation free-energies and enthalpic contributions to the binding free-energy. 
 

 
Figure 2.7. Reweighted 1D FEP for dOC (blue) and OC (red) on TiO2 along the radius of gyration calculated 
from c-alpha atoms. (A) Representative snapshot of the lowest free energy minima found for dOC, representing 
41% of the surface adsorbed structures. Representative snapshots of the free energy minima for OC at positions 
(B) representing 21% of the surface adsorbed structures. Follows coloring scheme from Figures 2.4 and 2.6. 
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The FES for dOC shown in Figure A-S11, demonstrates that the Glu residues are highly 

coordinated with hydroxyl groups on the titania surface with an average of 7 O-H interactions, and 

3 O-Ca2+ interactions. In contrast, the minimum energy OC adsorbed structure has no O-H Gla 

interactions (no interactions with the surface), and highly interacts with calcium over an average 

of 8.5 O-Ca2+ Gla interactions. This indicates that the negative modified Gla residues strongly 

prefer to coordinate with calcium over the surface hydroxyls. In the neutral surface, there is no 

electrostatic driving force for positive calcium ions to adsorb directly to the neutral surface. The 

surface bound structure is instead stabilized by few water-mediated interactions of both the ions 

and arginine residues, giving rise to weakly bound interactions. This minimum energy binding 

pose, and high affinity to interact with calcium, explains the over tenfold reduction in binding 

energy that was reported in Figure 2.5. Similar solvent-mediate contact has been reported in titania 

binding peptides, when calcium ions were introduced to the system.78 Peptide/calcium affinities 

compete with direct peptide/surface binding in the case where there are no ion/surface driven 

interactions.  

Configurational Entropy 

To further understand the trends in binding across the different surface chemistries we used 

a configurational entropy analysis on the peptide structures. A clustering analysis on surface and 

solution phase structures was used to assess the probability of each of the microstates (𝑝<). The 

change in conformational entropy upon adsorption (∆𝑆=:5,8.-+<C)	was obtained by difference 

between the solution (𝑆5.D,8.-+<C	)	and absorbed states (𝑆57/+,8.-+<C) using Equations 2.1 and 2.2.  

𝑇𝑆8.-+<C =	−𝑘E𝑇	D𝑝< ln(𝑝<)
<

F

2. 1 

𝑇∆𝑆=:5,8.-+<C = 𝑇𝑆57/+,8.-+<C − 𝑇𝑆5.D,8.-+<C	 2. 2 

Convergence of this analysis is demonstrated in Figure A-S13. This method has previously 

been used to estimate LK-peptides adsorbed onto SAMs88 and does not include translational or 

rotational degrees of freedom, which are assumed to be less significant in this case. The entropy 

calculations are given in Table 2-1. All systems, except the adsorption of OC onto neutral titania 

demonstrate an entropic penalty upon adsorption with the solution phase showing more 

conformational flexibility. As noted in Table A-S2, each system contains a unique number of ions 
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due to the protocol of charge neutralization that was used for setting up each simulation. Therefore, 

great care should be taken in comparison between the different solution phase entropy values only, 

although the ∆S values should be comparable across all systems.  

 
Table 2-1. Change in configurational entropy at 300K 

Surface Peptide 𝑻𝑺𝒔𝒖𝒓𝒇,	𝒄𝒐𝒏𝒇𝒊𝒈 
(kJ/mol) 

𝑻𝑺𝒔𝒐𝒍,	𝒄𝒐𝒏𝒇𝒊𝒈 
(kJ/mol) 

𝑻∆𝑺𝒂𝒅𝒔,	𝒄𝒐𝒏𝒇𝒊𝒈 
(kJ/mol) 

HA dOC 1.48 6.37 -4.88 

HA OC 0.91 3.17 -2.26 

TiO2 dOC 0.69 5.09 -4.41 

TiO2 OC 2.50 1.19 +1.31 

 

A larger entropic penalty was found for dOC adsorption onto HA, and for dOC adsorption 

onto TiO2. As described above, both peptides adsorb in a similar extended and rigid confirmation. 

OC adsorption experienced less of an entropic penalty, compared to dOC in both systems.  In 

addition to configurational entropy, previous work on peptide adsorption59,65,88 report that the 

entropic gains from tightly bound water layers can often be used to explain the driving forces 

behind peptide binding affinities on metal oxides and strongly hydrophobic surfaces. And 

similarly, large binding affinities have also been reported for extended peptides binding onto other 

surfaces.48 As noted above although care should be taken when comparing energetics across 

different force fields, we expect the entropic gains due to water when the peptide binds on TiO2 to 

be much larger than when binding on HA from the water density profiles given in Figure 2.2. This 

can partially rationalize the large difference in binding free energetics between two structurally 

similar systems, which experience different driving forces.  

In contrast to dOC, binding of OC shows different entropic trends between the two 

surfaces. While they were structurally similar, binding on HA was mediated by ion interactions at 

the surface, and binding on TiO2 was driven by water-mediated binding of ions and the peptide 

sidechains. Calcium ions have previously been shown to influence the structure of titania binding 

peptides thereby influencing conformational flexibility when adsorbed on titania.65,78 The increase 

of binding entropy on OC adsorption to TiO2 is consistent with the other energetic and structural 

analyses, namely that this peptide binds the weakest (Figure 2.5) and furthest from the surface (in 
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a water-stabilized binding mode) and shows a wide range of stable Rg values on the surface 

(Figure 2.7).  

2.5 Conclusions 

This paper presents a comprehensive study of the behavior of the first domain of 

Osteocalcin interacting with different model surfaces. Using single amino acid studies as a starting 

point, we described the effect of a common Gla post-translational modification on binding to the 

two surfaces. In both systems, the modification increased overall binding to the surface, however 

we observe disparities in the binding mechanisms which can be attributed to differences in the 

behavior of water and ions on each surface. A strongly adsorbed water layer on TiO2 promotes 

competitive binding modes that can occur at the surface.  To further explore the impact of 

glutamate carboxylation on structure and energetics, we used enhanced sampling to capture the 

behavior of the α-1 helix on both surfaces.  

Simulations showed that the Gla-modification provides stable binding with surface 

adsorbed calcium ions, giving way to helical structure. These peptide/surface interactions result in 

uniquely kinked helix that occurs in the first 7 residues due to strong interactions between aspartic 

acid, Glu, and Gla with surface ions and the presence of prolines in the peptide backbone. We 

predict that a fully helical structure of α-1, which was not captured in these simulations, may be 

partially dependent on adsorption and stability of the α-2 helix, which was also previously 

predicted to bind to HA experimentally.44 A single disulfide bond between the α-1 and α-2 helices 

would provide a significant amount of stability to the N-termini that was seen to be flexible and 

random coil in all simulations, prompting further investigation by simulation into more complex 

systems.  

dOC was found to behave similarly on HA and TiO2, adsorbing in an extended and 

unstructured conformation. Differences in binding affinities of the similar structures, while not 

definitive, are likely explained by the differences in water behavior on the two surfaces, and 

differences in competing interactions at the interface (i.e. entropic over enthalpic binding 

affinities). Gla induced structure in the case of OC, resulted in further differences in the binding 

modes on the two surfaces. Gla was able to promote both structure and binding on HA, due to 

calcium ions bound to the HA surface. Alternatively, while Gla promoted structure in the case of 
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TiO2, a lack of ions bound directly at the titania interface gave rise to enthalpically driven solvent-

mediated binding of structured OC on TiO2.  

Osteocalcin adsorption appears to not only be a function of the specific protein/surface 

interactions as a function of post translational modifications but is highly dependent upon the 

behavior of water and ions surrounding the surface. This environment surrounding titania resulted 

in mechanistically different adsorption when compared to HA. Increased peptide/ion interactions 

appear to be important in eliciting helical structure, which are stabilized by the post translational 

carboxylation modification, and was found to be a dominating driving force, enhancing peptide 

adsorption to HA, and disrupting binding to TiO2.   

Our study helps suggest design principles for surface coatings that could help promote 

binding similar to the natural HA surface. Namely, design of implant coatings should consider two 

aspects found to be critical in replicating adsorption to HA; 1) high enthalpic (electrostatic) driving 

must be designed into the system (i.e. some inherent affinity of the surface for calcium), and 2) 

surfaces should minimize strong ordering of water. Effects like surface etching and modification 

that disrupt the highly crystalline nature of a titania surface and improve osseointegration may 

indirectly impact the effect of tightly bound waters at the surface, prompting further consideration 

and investigation from both an experimental and simulation standpoint. Similarly, the use of 

negative or non-hydroxylated surface titania surfaces could positively influence more direct 

calcium-surface interactions, prompting further investigation into additional model simulations.   

Nonetheless, the ability to gain some insight into the driving forces of these protein-surface 

interactions using simulations alone is exciting.  These simulations are a first look at understanding 

the mechanisms that govern protein binding interactions at mineral and implant surfaces in the 

ECM and prompt future studies.   
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Chapter 3  
Orientation and Conformation of Proteins at the Air-
Water Interface Determined from Integrative Molecular 
Dynamics Simulations and Sum Frequency Generation 
Spectroscopy2 

 

3.1 Abstract 

Understanding the assembly of proteins at the air water interface (AWI) informs the 

formation of protein films, emulsion properties, and protein aggregation. Determination of protein 

conformation and orientation at an interface is difficult to resolve with a single experimental or 

simulation technique alone. To date, the interfacial structure of even one of the most widely studied 

proteins, lysozyme, at the AWI remains unresolved. In this study, MD simulations, are used to 

determine if the protein adopts a side-on, head-on, or axial orientation at the AWI with two 

different forcefields GROMOS-53a6+SPC/E and a99SB-disp+TIP4P-D. Vibrational SFG 

spectroscopy experiments and spectral SFG calculations validate consistency between the 

structure determined from MD and experiments. Overall, we show with strong agreement, that 

lysozyme adopts an axial conformation at pH 7.  Further, we provide molecular-level insight as to 

how pH influences the binding domains of lysozyme resulting in side-on adsorption near the 

isoelectric point of lysozyme. 

 
2 This chapter was reproduced with permission from S. Alamdari, S. J. Roeters, T. W. Golbek, L. Schmüser, T. 
Weidner, and J. Pfaendtner. Orientation and Conformation of Proteins at the Air–Water Interface Determined 
from Integrative Molecular Dynamics Simulations and Sum Frequency Generation Spectroscopy. Langmuir, 
36, 40, 11855–11865 (2020). Copyright 2020 American Chemical Society.522 
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 3.2 Introduction 

Protein adsorption is important for the stabilization of interfaces.93 Proteins have markedly 

complex and diverse structure due to a high variability in size, shape, amphiphilicity, and charge 

needed to carry out their biological function. The interfacial structure of adsorbed proteins governs 

macroscopic properties such as foaming and stabilization, relevant to  applications in pharmacy, 

biotechnology, and the food industry.94–97 However, there is no single experimental or simulation 

technique alone that can determine the interfacial structure of proteins at a high level of resolution. 

One massive challenge of linking the activity of proteins with their interfacial function lies in 

uncovering the mechanisms which govern assembly at interface, and inherently the orientation and 

conformation of the structures themselves. Lysozyme, a globular protein, has shown high 

antibacterial and food preservation properties desirable to applications in food technology.98,99 Hen 

egg white lysozyme (HEWL) is also a widely used model protein, whose crystal structure was first 

captured in 1965, and has been used regularly for decades in the development of novel approaches 

to probe orientation, conformation and function of proteins.100 However, despite being one of the 

most broadly studied proteins for interfacial behavior, there remains disagreement around the 

orientation and folding of lysozyme at the air water interface (AWI).  

Experimentally, studies of lysozyme conformation at the AWI have suggested both 

folded101–106 or denatured107–110 adsorption. Spectral methods such as circular dichroism107, and 

FTIR109 as well as x-ray reflectometry108,110,111 were used to study the secondary structure of 

lysozyme in solution and at the AWI. In these studies, a shift from mainly helical secondary-

structure in solution to unstructured or beta-sheet content at the interface indicated surface-induced 

denaturation. It has even been proposed that this denaturation occurs to the extent of lysozyme 

fully refolding into an antiparallel beta-sheet conformation at the AWI.110 In contrast to this, 

lysozyme is known to be highly robust against denaturation even in the presence of non-aqueous 

solvents (like urea) and is characterized as having a highly stable structure due to the presence of 

four disulfide bridges.105,108,112 Many of the early experiments which proposed folded adsorption 

did so by matching the thickness of the adsorbed protein layers with at least one possible dimension 

of the folded protein (4.5 nm × 3.0 nm × 3.0 nm), and kinetic modeling.101–103,105 Later work from 

Delahaije et al.104 used relationships between surface elastic modulus and surface pressure to 

demonstrate the adsorbed proteins remain in their native state, and a previous vibrational sum-
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frequency generation (SFG) study106 concluded some structured organization of lysozyme at the 

AWI.  

As described above, the dimensionality of the interfacial protein layer, determined by 

neutron reflectometry101,105,113,114 or x-ray reflectometry103 techniques, has been previously used 

as an indicator of protein orientation based on the thickness of the protein layer, using the length 

scales of the ellipsoidal globular form of lysozyme as a guideline. A layer 4.5 nm thick was 

determined as being adsorbed head-on, 3.0 nm thick was classified as side-on, and a value in-

between 3.0 and 4.5 nm was classified as axial. Any reported thicknesses shorter than any 

dimension of the protein would be concluded as being denatured. However, even among studies 

using same techniques, there remained disagreement in the obtained layer thickness leaving 

unresolved as to whether the protein lies axial, side-on, or head-on. Interestingly, a handful of 

studies101,102,115 have separately explored the effects of concentration on adsorption, proposing 

change from side-on to head-on at high concentration at pH 7. Lu et al.114 also explored the impact 

of pH on adsorption, reporting a side-on conformation at both high and low concentrations when 

a pH of 11 was used (near the isoelectric point (pI) of lysozyme which is 11.35). There have also 

been a number of proposed kinetic and thermodynamic adsorption models which include terms 

accounting for changes in the adsorbed monolayers – both in terms of conformation and orientation 

(i.e. side-on to head-on, or unfolding).102,104,116–119  

Experiments, simulations, and combined studies have previously been used to propose the 

structure and conformation of lysozyme at a variety of hydrophobic113,120–124, hydrophilic113,125–

127, and charged128–132 interfaces. Notably, in the case of hydrophobic self-assembled monolayers 

both disordered and folded lysozyme structures have been reported.113,120,121,127 Molecular 

simulation can provide atomistic-level resolution into the assembly at interfaces, complementing 

experimental results nicely. This approach of using MD to validate experimental predictions has 

previously been used to provide insight into similar lysozyme-centric adsorption debates in the 

past. For example, Kubiak et. al. suggested that ionic strength and structure of the surface could 

provide a molecular understanding for the discrepancies in experimental studies on the structure 

of lysozyme at charged silica interfaces.132 Similarly, simulations have been long used to 

understand the conformation of AWI-adsorbed proteins such as enzymes, antifreeze proteins, and 

hydrophobins, and a number of other globular proteins (i.e. β-Lactoglobulin, or β-Casein ).133–141 

However, there have been limited simulation studies that have looked at the assembly of lysozyme 
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at the AWI. Recently, Cieplak et. al presented a coarse-grained model for modeling proteins at the 

AWI by relating amino acid hydropathy to its preferred orientation at the interface.139 This was 

followed by a single atomistic MD study aiming to understand the differences in behavior of 

globular proteins (including lysozyme) at air-water compared to water-oil interfaces.133  

Vibrational SFG is a nonlinear optical method with the ability to capture the behavior of 

proteins at interfaces in situ.142,143 Spectra in the amide I region can provide information about 

orientation, folding and dynamics.144–147 At the air-water interface, SFG can probe proteins by 

frequency mixing of narrowband visible and femtosecond broadband infrared laser pulses. For the 

resulting vibrational spectra, SFG selection rules dictate that signal is only generated by proteins 

adsorbed to an interface.148 For complex proteins such as lysozyme, SFG signal photons 

originating from different protein sites will interfere in complex ways making direct spectral 

interpretation difficult. Therefor the interpretation of protein SFG spectra has often been aided 

through the use of complementary MD simulations.149,150 

In this study, we combine MD, vibrational SFG, and spectral calculations to determine the 

orientation and conformation of lysozyme at the AWI, as outlined in Figure 3.1. First, using two 

forcefields, a number of candidate orientations are proposed. Then, the structures determined from 

MD are validated by comparing experimental SFG spectra to spectra calculated from simulation 

trajectories. The calculated spectra are averaged over several thousand structural states along the 

trajectory and therefore represent the ensemble of structural poses present at the interface. Overall, 

there was strong agreement between the most likely pose predicted by MD and experiment. Lastly, 

additional simulations were conducted at pH 11 to gain atomistic-level insight into disagreements 

over the proposed mechanisms of assembly at the AWI. In addition to providing additional 

concrete evidence explaining the dominant lysozyme structure at the AWI while also resolving 

previous discrepancies, our work provides a template for future studies of proteins at interfaces to 

make maximum use of integrated computational and experimental approaches.  
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Figure 3.1. Protocol for determining interfacial structures and orientation using a combined MD+SFG 
approach. First simulations are used to capture the interfacial structure. SFG spectroscopy is used to 
measure the signal from experimentally derived structure.  Spectral calculations on the structure determined 
from simulation, are then used to determine conformation and orientation consistent between experiment 
and simulation.   

3.3 Methods 

MD simulations 

 The sequence chosen for this study is derived from tetragonal hen egg white lysozyme 

protein PDB code 1IEE.151 The protein was simulated in both a vacuum/water simulation box, 

using two different forcefields and water model combinations. The forcefields used in this study 

included GROMOS-53A6152 in combination with the SPC/E75 water model, and a99SB-disp153 

with TIP4P-D154 water model. Two commonly used forcefields were chosen as a means to compare 

the role of potentials in studying biomolecular adsorption at the AWI. All simulations were 

performed using GROMACS 5.1.2.72 Ten trials were performed for each forcefield, initialized 

with the protein in a random orientation (a total of 20 simulations). Four disulfide bonds were 

defined between cystine residues 75 and 93, 63 and 79, 114 and 29, and 98 and 126. Each 

simulation box was solvated with between 11614 to 11866 water molecules, and 8 chloride 

counterions to create a system of neutral charge in a 7.2 nm x 7.2 nm x 7.2 nm simulation box.  
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To ensure the solvent and ions were well equilibrated, the water and ions were heated to 

500K then quenched back down to 300K over 3 ns using a stochastic velocity-rescaling thermostat 

(t = 0.1 ps), while the entire protein was held frozen.81 The velocity-rescaling thermostat (with t 

= 0.1 ps),  was used for temperature control in all subsequent simulations. Following this, the entire 

system was rapidly equilibrated to 300 K over and 1 bar using a Berendsen barostat (t = 1.0 ps) 

over 2ns, followed by another NPT run using the Parrinello-Rahman barostat (t = 1.0 ps) over 

10ns.82,155 Van der Waals interactions were set to switch at 1.0 nm using a 1.2 nm cutoff, and 

electrostatic interactions were calculated with particle-mesh Ewald electrostatics using a 1.2 nm 

cutoff. Periodic boundaries were applied in all directions.83 All simulations were run using a 

timestep of 2 fs, and hydrogen bonds were constrained in all simulations by the LINCS algorithm.80 

After the water in the system was properly equilibrated to standard temperature and pressure, the 

z-dimension of the box was doubled (to 14.2 nm) to create a vacuum water interface (VWI), which 

is used interchangeably with AWI in this paper. With periodic boundaries, this resulted in two 

VWI (top and bottom) present in the simulations. After equilibration, the protein was placed within 

2.5nm of the interface to facilitate rapid adsorption to the AWI over 100 ns. This is one approach 

for generating randomized trials, a number of methods can be implemented to simulate proteins at 

the AWI.133,138,150 Production runs were carried out in the NVT ensemble for 100ns. One trial of 

each interfacial pose was carried out to 500ns to assess stability, orientation, and conformation of 

the adsorbed proteins at the interface (Figures B-S1, B-S4, and B-S5).  

The adsorbed structures from the a99SB-disp+TIP4P-D trials were used to simulate 

lysozyme at pH 11. The lysine residues were deprotonated to -NH2, reducing the overall protein 

(and thus system) charge from +8 to +2. The excess chloride counterions were removed from the 

system to keep the system neutral. The systems were again relaxed using a steepest descent energy 

minimization, then simulated using the same protocol described for the other production 

simulations. Raw data for adsorption and orientation vs. time are included in Figure B-S6.  

Simulation Analysis 

Trajectories were analyzed using the PLUMED 2.3.0-dev library.73 To monitor the 

orientation of lysozyme at the interface we used a single collective variable (CV), which described 

the vector ( 𝑣⃑ ) along the proteins long axis between the center of mass (COM) of Threonine (T-

69) and the COM of Cystine (C-127), as shown in Figure B-S2,  and used the cosine of the angle 



 35 

(𝜃) between the vector and its normal (	𝑣GLLLL⃑  ) to describe orientation. A second CV was used to track 

the minimum distance between the COM of the protein and all the oxygens in water molecules to 

approximate its distance from the AVI. This was monitored using the MAXDISTANCE (beta=0.1) 

colvar in PLUMED. Visualizations and surface area calculations were done using VMD 1.9.3.156  

Experimental Methods 

A Teflon trough at room temperature (22°C) containing approximately 20 mL of phosphate 

buffer saline (PBS; 0.01 M phosphate buffer, 0.0027 M KCl, and 0.137 M NaCl, pD 7.8, Sigma –

Aldrich), prepared in D2O (Eurisotop) was used.  Throughout all experiments, the water level was 

held constant by a syringe pump (New Era Pump Systems Inc.) with the cannula submerged at the 

bottom of the trough. A powder of lysozyme from hen egg-white (HEWL, molecular weight 14 

300 Da, Sigma-Aldrich) was dissolved in D2O PBS and injected into the trough subphase to reach 

a final concentration of 0.1 mg/ml. 

SFG Spectroscopy 

 The SFG setup has been described previously.157 Briefly, the setup is based on a 7 W, 35 

femtosecond laser system (Astrella, Coherent) with pulses centered at 800 nm and a repetition rate 

of 1 kHz.  One part of the output was used to pump an optical parametric generator (OPG)/ optical 

parametric amplifier (OPA) with a noncollinear difference frequency generation (NDFG) 

extension (TOPAS Prime, Light Conversion) to generate broadband (300 cm-1) IR pulses tunable 

at 6.1 𝜇𝑚.  A narrow band (15 cm-1) visible beam was generated by guiding 1 mJ of the 

fundamental through a Fabry-Perot etalon.  The visible and IR beams were spatially and temporally 

overlapped on the surface.  The SFG signal was focused into a spectrograph (303i, Shamrock) and 

detected by an EMCCD camera (Newton 971, Andor).  All SFG spectra were recorded in SSP (S-

SFG, S-visible, P-IR) and PPP polarization combination. The sample area and IR path were flushed 

with nitrogen to avoid artifacts due to IR light adsorption by water vapor. In the present study, 

SFG measurements were recorded in the amide I region 1600-1700 cm-1. D2O was used to avoid 

overlap between amide I band and H2O bending vibrational modes and to reduce H2O 

contamination at the sample surface. All spectra were normalized using a reference spectra 

obtained from gold. 
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Spectral Calculations 

The spectral calculations are performed with a FORTRAN90 implementation of the amide-

I one-exciton Hamiltonian formalism which has previously been described.143,158 Briefly, a one-

exciton Hamiltonian is constructed for the amide-I mode of the backbone amide groups of 

lysozyme, with couplings that are estimated differently for nearest- and nonnearest-neighbor 

amide groups. The nearest-neighbor interactions, which are dominated by through-bond effects, 

are computed using a parameterized map of an ab initio calculation with the 6-31G+(d) basis set 

and the B3LYP functional, thus providing the coupling as a function of the dihedral angle.159,160 

The nonnearest-neighbor interactions, dominated by through-space effects, are estimated with the 

transition-dipole coupling model.161 The local-mode frequencies 𝜈D.8=D are shifted with the same 

model employed by Lu et al.162, based on the ab initio study of Ham et al.163 that finds a linear 

relationship between the C=O length of the amide group, and the presence and strength of each of 

the hydrogen bonds that the amide group can participate in, leading to the relation in Equation 

3.1.  

𝜈D.8=D = 𝜖F − 𝛼 ∗ Q𝑟!$% − 𝑟!$%	9H7<.S	 3. 1 

The optimal values for the gas-phase frequency 𝜖F, the scaling factor 𝛼, and the number of 

frames over which the C=O length is averaged, was found to be 1675 cm-1, 1500 cm-1/Å and 10, 

respectively. The equilibrium bond distance  𝑟!$%	9H7<.  of C=O, was set to 1.229 Å for amide 

groups with secondary amines, which corresponds to the equilibrium value of a C-O bond in the 

AMBER99SB-ILDN force field, and to 1.232 Å for amide groups with tertiary amines (prolines), 

for which the local-mode frequency is also redshifted by 26.3 cm-1 to account for the redshift due 

to the larger carbon mass as compared to the hydrogen mass bound to the amide N atom in other 

amino acids. 

The Hamiltonian is then diagonalized to obtain the amide-I eigenvalues and eigenvectors, 

from which the SFG hyperpolarizability is calculated by multiplication of the eigenmodes’ 

transition-dipole moments and Raman polarizabilities. The thus-derived orientation-dependent 

SFG spectra are obtained by convoluting the response with Lorentzians with a half-width-at-half-

max of 10 cm-1. Because of the intrinsically unknown interfacial refractive index, which heavily 

affects the magnitude of the PPP polarization combination.158,164, we chose to only compare the 

spectral shape of the calculations with the experiments, by normalizing the calculated spectra to 
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each of the associated experimental polarization combination spectra The spectra were convoluted 

with a Gaussian with a s of 13 cm-1 to account for the spectral width of the visible beam. The 

residual-sum-of-squares was determined by interpolation of the experimental data on a 1600-1700 

cm-1 grid with a spacing of 1 cm-1 and subtracting it from the calculated data before taking the 

squaring at each frequency point and summing these squared residuals. 

3.4 Results 

Simulation Predictions of Lysozyme Assembly at the AWI 

In Figure 3.2, the dynamics of the ten trials for GROMOS-53a6152+SPC/E75 and a99SB-

disp153+TIP4P-D154 forcefield combinations are analyzed. Over 100 ns and 10 trials we captured 

both the tendency to observe adsorption to the AWI, as well as forcefield specific effects on the 

orientational and conformational dynamics of the protein. 

Interfacial dynamics were classified as being either not-adsorbed, transiently bound, or 

strongly bound (Figure 3.2a and 3.2b). Trials that rapidly diffused between the bulk and interface 

(total adsorption time < 20 ns) were considered as not-adsorbed, trials where the protein remained 

adsorbed for at least 20 ns of the production run were categorized as transiently bound, and trials 

where the protein remained adsorbed for at least 80 ns were classified as strongly bound. Overall, 

the GROMOS-53a6+SPC/E trials demonstrated strongly bound interfacial behavior (as depicted 

in Figure 3.2b) and defined by the criteria above, indicating this forcefield is highly sensitive for 

conducting simulations at the AWI. The GROMOS-53a6 forcefield was optimized to reproduce 

the hydration free enthalpy of amino acids in water.152 A cumulative effect of these amino acid 

free enthalpies could be amplified in a protein model, explaining the strong interfacial adsorption 

at the AWI. With a99sb-disp+TIP4P-D the interfacial interactions were more dynamic and 

transient (Figure 3.2a). This model is a recently developed Amber forcefield and water model 

with a dispersion correction which has been shown to accurately reproduce experimental data for 

21 different proteins (including both ordered and disordered protein and peptides).153 To validate 

the choice of 100 ns long trials, and to verify dynamics at longer length scales, we extended several 

trials within each set of simulations that uniquely adsorbed to the interface to 500 ns. In Figure B-

S1 we demonstrate that at long time-scales adsorption trends remained consistent with trends 

observed in the first 100ns.    
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A vector along the protein was defined and then used to track orientation (with respect to 

the z-axis) for each trial (Figure B-S2). The angle between the protein vector and the z-axis was 

transformed using cosine into a discrete space to monitor the orientation of the protein over the 

course of the simulation (Figure 3.2c and 3.2d). Time-series data was then used to probe 

orientation and stability of this orientation at the interface, and a probability density analysis was 

used to identify trends across trials. 

In the case of GROMOS-53A6+SPC/E, while more trials adsorbed to the interface across 

the set of ten simulations, the forcefield produced no self-consistent interfacial orientations, 

whereas trials from a99SB-disp+TIP4P-D distinctly adsorbed in two orientations (which will be 

referred to as the axial (I) and head-on (II) poses, respectively), as determined by the mean values 

of the orientation distributions plotted in Figure 3.2c and 3.2d. The GROMOS-53A6 forcefield 

was parameterized against amino acid free energy of solvation, so these results could be interpreted 

as being overcompensated in a protein model, due to an amplified cumulative effect of these 

solvation energies at hydrophobic interfaces. The GROMOS-53A6/SPC/E trials that adsorbed, on 

average, did so over wider distributions than when compared to a99SB-disp/TIP4P-D, indicating 

high orientational flexibility at the interface. Alternatively, the a99SB-disp+TIP4P-D trials that 

adsorbed had stronger specific interfacial interactions given by strongly peaked distributions about 

the mean values. Structures corresponding to the mean orientations of the adsorbed proteins for 

both forcefields are given in Figure 3.2e and Figure B-S3. The orientations of the trials that did 

not adsorb were also analyzed in Figure 3.2c and 3.2d. As expected, there was no significant 

conformational preference of the non-adsorbing trials, suggesting the “bulk” of our simulation 

environment is not affected by the presence of the interface. 
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Figure 3.2. Simulation predictions of lysozyme orientation at the AWI. Time series data for all ten trials 
of simulations monitoring protein distance to the interface for (a) a99SB-disp+TIP4P-D and (b) GROMOS-
53A6+SPC/E. Simulations that adsorbed to the interface (given at 5.5nm for the top interface, or 3.2 nm 
for the bottom interface, due to periodic boundaries) for at least 20ns are colored by blue triangles, and 
simulations that did not are colored in red circles, shading was used to differentiate data between different 
trials. Orientation analysis of each lysozyme trial measured over 100ns for (c) a99SB-disp+TIP4P-D and 
(d) GROMOS-53A6+SPC/E. Probability density plots of the 100ns are given for the trials that did not 
adsorb. Adsorption and orientation data were averaged every 1 ns and is plotted every 2.5 ns for clarity. 
Structures corresponding to unique adsorbed orientations are labeled I through IX and provided in (e) for 
(I) axial and (II) head-on orientations determined by a99SB-disp+TIP4P-D as well as exemplary poses (V) 
(VIII) and (IX) predicted by GROMOS-53A6+SPC/E. A dotted line is used to indicate the direction of the 
AWI, and waters were omitted for clarity. Additional structures corresponding to structures not shown for 
GROMOS-53A6+SPC/E can be found in Figure B-S3.  
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Characterization of the Lysozyme Binding Domain 

In a99SB-disp+TIP4P-D, trials adsorbed to an axial or head on orientation, but both of 

these poses are dominated by the same coil and beta regions interacting at the interface, which we 

define in Figure 3.3 as the primary binding domain. Interestingly, Proline 70 and Glycine 71 

located in this primary domain, have both been previously reported as facing the AWI by previous 

reports from Perriman et al.103 Both poses captured by this forcefield are also characterized as 

being adsorbed with beta-content facing the direction of the interface, which supports a number of 

studies that have previously reported the presence of beta-sheets at the AWI.107–109 There is some 

transience between the two head-on and axial poses observed over the course of 100 ns (quantified 

by the slight shoulders present in the distribution of trial 9), indicating weak molecular interactions 

assist in binding of a secondary domain leading to a head-on to axial shift at the interface. Here, 

we define a secondary binding domain in Figure 3.3, located in the helical region facing towards 

the interface. This domain contains charged and hydrophobic residues, which likely results in 

competing interactions driving an axial pose at the interface. The interaction of this secondary 

binding domain with the interface, exposes the hydrophobic core of the protein to the interface 

providing additional stability, and a driving force for assembly. The presence of positively charged 

residues (arginine and lysine), sensitive to deprotonation at high pH indicates some tunability of 

the charge in the secondary binding domain, alluding to the ability to retain some control over an 

axial to side-on orientational shift at the interface which is explored later in this work.  

Each GROMOS-53A6+SPC/E trial adsorbed in a unique conformation (Figure 3.2d, 3.2e 

and Figure B-S3). Pose III and IV both adsorbed through the same primary and secondary domains 

as described in the a99SB-disp+TIP4P-D trials, indicating some ability to capture consistent 

interfacial poses between forcefields. Pose V and VI were bound to the interface through the 

primary binding domain but were oriented with the second binding domain facing opposite the 

interface. Lastly, poses VII, VIII, and IX were bound through regions outside of the domains 

determined in the a99SB-disp+TIP4P-D trials, and markedly bind with the primary binding 

domain (beta-containing domain) facing away from the interface.  

To monitor the interfacial stability (in terms of long-scale dynamics), and backbone 

stability (unfolding) of these adsorbed poses, we looked again at the trials extended out to 500 ns. 

A root means square deviation (RMSD) of the 𝛼-carbons was used to show insignificant unfolding 

at the interface compared to the crystal structure, predictably due to stability provided from the 
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four disulfide bonds (Figure B-S4). This indicates little change in the secondary structure of 

lysozyme over long time scales. Orientational dynamics over 500 ns showed trends that persisted 

from the first 100 ns. GROMOS-53A6+SPC/E trials underwent large fluctuations in interfacial 

orientation while remaining adsorbed over 500 ns, indicating no preference towards a single 

binding pose. In the a99SB-disp trials the axial orientation demonstrated the most interfacial 

stability (trials 4, 6 and 8, Figure B-S5) remaining adsorbed for over 400 ns in one case, and the 

head-on orientation showed some transience at the interface (trial 9, Figure B-S5), remaining 

adsorbed for 120 ns.  
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Figure 3.3. Atomistic description of the primary binding domains involved in lysozyme binding at the 
AWI. Using the axial pose as reference, the primary (blue) and secondary (green) domains are highlighted. A 
top-down view of each binding domain is shown below the protein to display the residues in each binding domain 
involved in binding to the interface. Hydrogens and backbone carbon and nitrogen atoms are omitted from this 
representation (and therefore glycine residues), for clarity. All other atoms are presented in a licorice 
representation and colored in red for oxygen, blue for nitrogen, and yellow for cystine, and carbons are colored 
to the corresponding binding domain colors.  

Overall, consistency across the a99SB-disp+TIP4P-D trials and at long time scales 

indicated that lysozyme is likely interacting with the air-water interface in a head-on or axial pose 

through primary and secondary binding domains that place the beta-content near the interface, and 

expose the hydrophobic core to the AWI. This is supported through some consistency across 

forcefields where similar binding domains were observed in two the adsorbed trials from 

GROMOS-53A6+SPC/E simulations. 
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SFG and Spectral Calculations 

To validate our prediction of the head-on or axial orientation at the interface, we used 

vibrational SFG spectra calculations to compare these results to the experimentally determined 

SFG signal, and used additional structures predicted from GROMOS-53A6+SPC/E as controls. 

Experimental SFG spectra of lysozyme at the AWI in SSP and PPP (s-polarized SFG and p-

polarized infrared) polarization are displayed in Figure 3.4. The spectra show broad resonances 

between 1640 cm-1 and 1680 cm-1, as expected for a convoluted signal that has contributions from 

the β-sheet, α-helix and turn motifs within the lysozyme secondary structure. Since the SFG 

selection rules dictate that only ordered species at interfaces are detected, the observation of SFG 

signal alone confirms that lysozyme binds the AWI and has a preferential orientation in its bound 

state.  

Chen et al. have developed strategies to determine the orientation of proteins at interfaces 

using SFG peak ratios for β-sheet and α-helix-related modes within the spectra165,166 In the present 

case such an approach to determine the binding pose of lysozyme would lead to significant 

uncertainties because of the strongly overlapping and interfering modes observed within the 

spectra. There is also a considerable amount of undefined secondary structure present in the 

lysozyme structure, which can also contribute to the SFG spectra but would remain unaccounted 

for in a direct analysis of the experimental spectra. Calculating theoretical SFG spectra from the 

MD trajectories directly is not limited by the accuracy of spectral fitting and peak assignment, 

makes full use of the complexity of SFG data and is therefore a very direct way to validate the 

simulation results. In addition, by averaging over the MD trajectories, the SFG calculations can 

include the dynamics and structural variations present in the adsorbed state of lysozyme. Figure 

3.4d contains a residual sum of squares (RSS) estimate for the match of experimental and 

theoretical SSP and PPP spectra for each of the trials that demonstrated adsorption to the interface, 

where a low RSS value indicates the best match to experimental data. Overall, the structures that 

adsorbed to pose I and II from a99SB-disp+TIP4P-D resulted in excellent agreement with the 

experimental data and gave the lowest RSS values, as expected. Both models resulted in similar 

interfacial structures bound by similar domains. The best fit SFG calculation to the experimental 

signal is given in Figure 3.4a, for the lowest RSS trial adsorbed to an axial-bound pose with a 

mean RSS of 0.919 +/- 0.012 (across the three trials that were classified as adsorbing to an axial 

pose). The second-best overall RSS fit was for the head-on pose (II), as determined across multiple 
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trials (Figure 3.4b). The head-on pose gave a mean RSS 0.971 with higher deviation (0.110) 

between the two calculated spectra compared to the axial pose which gave similar estimates across 

three MD trials. 

The RSS values for III and IV from GROMOS-53A6+SPC/E were similarly low, as 

expected since both of these trials were bound by the same two binding domains as determined 

from the a99SB-disp+TIP4P-D trials. Poses V and VI, which were bound by the primary binding 

domain only, but found the secondary binding domain to be facing the interface was captured in 

having the second-best SFG signal as judged by the RSS value.  And the other GROMOS-53A6-

determined poses (pose VII, VIII, and IX) which contained no similar binding domains and 

captured the β-sheets to be oriented away from the interface, resulted in the highest RSS values. 

An SFG calculation for pose IX (the control pose) is also included in Figure 3.4c. Pose IX was 

the single trial that adsorbed in an orientation completely opposite the other predicted orientations, 

indicating it is unlikely that lysozyme binds to the interface through this mechanism.  

The fact that two models resulted in a good agreement with experiment and that both 

models predict very similar binding poses underlines the robustness of the general approach. It 

should also be noted that the models used only simulate single proteins at the interface. In the 

dense protein films used in the experiment there is a balance of protein-protein as well as protein-

surface interactions, which can impact protein orientation and even folding. The high degree to 

which the models capture the experimental spectra indicates that these effects do not play a 

significant role for the behavior of lysozyme and that, within the accuracy of the theoretical models 

used, simulating single proteins interacting with the surface describes the interfacial processes 

well. 
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Figure 3.4. Experimental SFG signals for the best and worst fits determined by RSS between experimental and 
calculated spectra. SFG intensity is given for (a) a99SB-disp+TIP4D trial 4 which adsorbs in Pose I (axial) (b) 
a99SB-disp+TIP4D trial 5 which adsorbs in Pose II (head-on), and (c) GROMOS-53A6+SPC/E trial 8 which 
adsorbs in Pose IX (axial). The experimental data is given by a green dotted line for SSP and a red dotted line 
for PPP, the spectral calculations of simulation structures are provided in solid lines. Interfacial structures 
corresponding to each trial, and their respective RSS values are provided in plot for clarity. (d) RSS comparing 
the normalized SSP and PPP of each pose determined from simulation to the experimental signals for every 
interfacial structure determined from MD. In cases where multiple simulations adsorbed to the same interfacial 
poses, additional shaded bars are provided. Additional spectra are included in Figure B-S7 and Figure B-S8. 

Sensitivity to pH 

A number of experimental studies have reported orientation of the bound protein in its 

folded state, however there has still not been agreement over whether the protein retains head-on 

and side-on orientation.101–103,105,114 In this study we find a head-on or axial pose to be the most 

likely conformation at pH 7,  likely due to the chemistry of the secondary binding domain which 

contains hydrophobic and charged residues. Lysozyme has a uniquely high pI of 11.35. At high 

pH, we expect the positively charged residues to deprotonate, reducing their polar (or hydrophilic) 

nature, and near the pI we expect all lysine (with a sidechain pKa of 10.55) residues to become 

deprotonated. Lysozyme contains 6 lysine residues, all of which are solvent-exposed, and two of 

which are contained in the secondary binding domain defined in Figure 3.3 and 3.5, suggesting 

these are influential in the pH-dependent surface behavior observed in lysozyme.  
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 To probe the effects of pH, the six adsorbed a99SB-disp+TIP4D trials were 

simulated at pH 11 by deprotonating the lysine residues (see SI (Appendix B) for additional 

simulation details). Of the six trials, four of these simulations remained adsorbed to the interface 

over 100ns. Of those 5 trials all proteins were in a slightly shifted axial pose which frequently bind 

in a side-on conformation over the course of 100ns (as demonstrated by the wider distributions 

biased away from the peak A mean distribution in Figure 3.5c), and none of the proteins remained 

adsorbed over 100 ns in a head-on pose, indicating some instability of this orientation at high pH 

(Figure B-S6). A depiction of the shifted axial pose is shown in Figure 3.5d, where the 

deprotonated lysine (K*) residues are depicted showing assisted binding behavior at the interface, 

further exposing the hydrophobic core. The additional binding of this secondary domain validates 

some of the early mechanisms proposed by Lu et al.114 and Hunter et al.102 Additionally, Thakur 

et. al167 also previously proposed pH 11 produced optimal conditions for classic Langmuir type 

adsorption. However, these mechanistic changes have also been attributed to concentration 

effects.101,115 In these simulations we can ascribe these changes in assembly to higher driving 

forces for side-on assembly at the interface, versus nearly equal propensity driving the assembly 

of two protein orientations seen at pH 7.  
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Figure 3.5. Orientation shifts due to changes in pH. (a) reference schematic for images in (b) which shows 
the exposed hydrophobic residues in blue (Ala, Val, Leu, Ile, Met, Phe, Trp, Pro), and lysine (Lys) residues in 
green from a side-on view (left) and a top down view (right). (c) On the left are the original pH 7 simulations 
which adsorb in a distinct axial (I) and head-on (II) conformation (replotted here for clarity), and the pH 11 
simulations are given on the right with an arrow indicating a shift from the axial pose at pH 7 into a side-on 
conformation (d) structure for shifted axial/side-on pose found in pH 11 simulations following previous coloring 
schemes, deprotonated lysine (K*) are also demonstrated in green for clarity.  

3.5 Discussion  

Developing and validating approaches to determine the conformation and orientation of 

proteins at interfaces is critical for uncovering the function of proteins and still remains a challenge 

today. The interfacial structure of even one of the most widely studied proteins in the literature, 

lysozyme, has been the topic of a long-standing discussion in the literature since the early 90s, and 

yet its structure at the air-water interface had yet to be resolved without dispute.  

Through a cross-validated SFG-MD approach, we found lysozyme to adopt a head-on or 

axial conformation at the interface with the beta-content facing the interface consistent between 

simulation and experiment. This was supported by the SFG calculations showing strongest 

agreement with simulation structures that had both the primary and secondary domains facing the 

interface, some agreement when the primary domain was bound to the interface, and the least 
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agreement for oppositely oriented structures. This is partially consistent with previous studies 

which have reported beta-content at the interface, but in our simulations it is never observed that 

this occurs to the extent of the protein restructuring at the interface, but instead we observe a very 

stable backbone, consistent with lysozyme being characterized as highly stable.105,108,112 Lastly, 

we provide atomistic detail which can help explain how changes in pH could promote side-on 

adsorption. By paying close attention to the chemistry of the solvent-exposed residues we find that 

changes in pH near the pI of lysozyme result in the deprotonation of positively charged 

(hydrophilic) residues, which influence its interfacial orientation, supporting a number of previous 

proposed mechanisms of AWI adsorption.   

Through SFG calculations we were able to show that the a99SB-disp+TIP4D forcefield 

can predict interfacial structure of proteins without a clear hydrophobic binding domain with high 

consistency compared to experiment. While the GROMOS-53A6 forcefield was sometimes able 

to capture the correct interfacial structure, a lack of self-consistency within the orientation 

indicates some caution should be used when applying this forcefield to study interfacial structure 

in the absence of additional experimental or simulation data. With the additional simulation results 

and experimental data, we show correlation to some structures obtained from the GROMOS-

53A6+SPC/E simulations, showing some consistency across forcefields.  

3.6 Conclusion  

Here we have presented the structure and orientation of lysozyme at the AWI, with high 

consistency between both experiment and simulation obtained structures, through the use of 

spectroscopy and spectral calculations. We have also presented a streamlined approach from a 

simulation perspective for evaluating the structure of complex proteins at interfaces and identified 

a forcefield sensitive to interfacial simulations. With atomistic-level detail about the binding 

domains of lysozyme we are able to make mechanistic predictions about the adsorption and 

equilibrium behavior of this system and provide new information to help resolve long-standing 

discrepancies among prior studies. Future work stemming from this study could focus on applying 

simulation techniques to further explore the effects of pH and concentration, providing additional 

mechanistic insight into different adsorption models that have been proposed for lysozyme and 

other proteins. Lysozyme contains a number of arginine residues on the solvent-exposed surface 

of the protein, which would predictably result in additional mechanistic changes at higher pH. 
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Similarly, studying the influence of disulfide bonds and protein stability on the adsorbed 

orientation and conformation is another interesting direction. A system where disulfide bonds have 

been reduced would greatly impact the proteins flexibility and therefore, which regions are 

exposed and demonstrate an affinity to the AWI. A greater understanding of these assembly 

mechanisms would result in high control over assembly at the AWI, and in their application. 

Advancement of simulation techniques to probe both the thermodynamics and kinetics of 

unfolding mechanisms at the interface would also be critical in understanding the behavior of not 

only lysozyme but a number of protein behaviors. This might involve the application of enhanced 

sampling methods to probe these more complex processes. 
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Chapter 4  
Closing the Gap Between Modeling and Experiments in 
the Self-assembly of Biomolecules at Interfaces and in 
Solution 3 
 

4.1 Abstract  

Molecular self-assembly is a powerful tool in materials design, wherein non-covalent 

interactions like electrostatic, hydrophobic, hydrogen bonding, and van der Waals can be exploited 

to produce supramolecular nanostructures that are functional and highly tunable. Biomolecules are 

attractive building blocks, as they are biocompatible, biodegradable and adopt a wide array of 

higher order structures. Moreover, naturally occurring protein systems display a manifold of 

structures and interactions that can be replicated in synthetic biomolecules. In this perspective, we 

highlight advances in multiscale simulation techniques across broad spatiotemporal scales that can 

aid in characterizing self-assembly of hybrid and hierarchical bionanomaterial systems, with an 

emphasis on physics-based simulation approaches currently employed to study biomolecules at 

mineral interfaces. The power of these approaches is highlighted across a few recent areas where 

molecular simulations have advanced our understanding of self-assembly spanning peptides to 

protein self-assembly. Looking forward, we discuss how in the near future emerging methods in 

statistical and machine learning will advance this research field in all areas from expanding the 

capabilities of physics-based simulation methods to enabling new analyses of high throughput 

experiments. These advances will pave the way for understanding the molecular recognition 

patterns in systems that are dictated by self-assembly - biomineralizing peptides, hierarchical 

peptoids, and large protein assemblies, and will aid in the development of a new synthesis science 

for achieving precise molecular control in materials design. 

 

 
3 This chapter was reproduced with permission from J. Sampath, S. Alamdari, and J. Pfaendtner. losing the 
Gap Between Modeling and Experiments in the Self-Assembly of Biomolecules at Interfaces and in Solution. 
Chemistry of Materials, 32, 19, 8043–8059 (2020). Copyright 2020 American Chemical Society.6 
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4.2 Introduction 

Hierarchical self-assembly, the phenomenon by which a system’s components organize 

into higher ordered, functional structures as a result of specific local interactions, is ubiquitous in 

nature and can be harnessed in the laboratory to produce materials with superior properties and 

specific functionalities.168–173 Naturally occurring biomolecules have information encoded in their 

chemistries that enables them to spontaneously organize into complex structures in vivo.174–176 

While some of these structures have been mimicked in vitro, by identifying and exploiting key 

interactions between units that self-assemble in biomolecular systems, we can predictively tune 

and control the assembly pathway to obtain a final, desirable structure. 

Two naturally occurring, self-assembling systems that have been studied extensively are 

proteins and DNA.177–180 The assembly of proteins plays a vital role in regulating bodily functions. 

For instance, misfolded proteins can trigger abnormal aggregation such as the amyloid beta protein 

into plaques that are prevalent in patients suffering from Alzheiemer’s disease.181–184 Another 

example is the aggregation of globular hemoglobin protein that distorts red blood cells causing 

hemophilia.185–187 Proteins such as capsids that house viral RNA self-assemble within host cell and 

have a high degree of stability.188 Relatedly, proteins like osteocalcin and silaffin interact with 

inorganic interfaces, to template and modulate calcite and silica growth.189,190 Proteins have 

inspired countless synthetic self-assembling systems, a prominent example are the biomimetic 

sequence controlled foldamers known as peptoids, which possess tunable properties that give rise 

to a wide range of architectures.191,192While protein assembly mechanisms are rather complex and 

varied, DNA assemblies characterized by few primary interactions are highly specific, mediated 

by hydrogen bonding between two base pairs.177,193–197 This has made it possible to produce 2D 

and 3D DNA nanoarchitectures with a high degree of stability, as the interactions are well 

characterized and the molecule is rigid, enabling a convenient route for predictive design. Unlike 

DNA, a delicate balance between different non-covalent interactions, such as electrostatic, 

hydrophobic, hydrogen bonding, and van der Waals gives rise to the final, self-assembled structure 

in proteins and protein-mimetic materials, which are the primary focus of this review. We believe 

that presenting these systems together will enable a unified framework for analysis, as findings 

and observations can be directly translated from one system to another. 

Experimentally, biomolecular assembly can be studied using a range of techniques, 

including fluorescence and optical microscopy,198 electron microscopy (scanning and 
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transmission),199 Nuclear Magnetic Resonance (NMR),200 X-Ray Diffraction (XRD),201 and in situ 

Atomic Force Microscopy (AFM).202 Surface Plasmon Resonance (SPR) can be used to model 

assembly kinetics on surfaces.203 However, none of these techniques offer a complete picture of 

the atomic interactions and molecular driving forces that ultimately give rise to macroscopic 

structures. Molecular simulations can be utilized as a ‘computational microscope’ that provides 

the insight required to augment experiment and advance the field towards predictive synthesis of 

hierarchical soft materials.204 In the context of the important applications noted above, this 

perspective aims to shed light on the methods and applications of molecular simulations that have 

advanced our understanding of interfacial phenomena of biomolecules. We also discuss 

opportunities for expanding these studies to more complex systems, with the ultimate goal of 

making computer simulations of these systems a robust predictive tool in the design of 

biomolecular self-assembly.  

Many current approaches to biomolecular self-assembly are built on extensive past 

theoretical and experimental studies of rigid colloidal assemblies that produce well-ordered nano 

structures with huge diversity of self-assembled motifs across a range of length scales.205,206 This 

was due to two contributing factors, the first was an unprecedented advance in particle synthesis 

methods that gave rise to a large variety of building blocks with exotic shapes and functionalities. 

The second was the ability of statistical mechanical methods to accurately estimate assembly phase 

space, enabling predictive design of self-assembled colloidal building blocks. Unlike colloids, 

small biomolecules (approximately 50 residues in size) and their analogs are often highly flexible, 

and this makes characterizing their propensity to self-assemble challenging. Larger globular 

proteins (hundreds of residues in length) possess a stable tertiary structure, however, these 

assemblies are governed by the association of side chains that experience large structural 

fluctuations. In both extremes, backbone and sidechain flexibility is a key determinant of the final 

structure. The driving forces which govern self-assembly of biological soft materials can be 

described using a common physical framework. This framework motivates the current perspective 

to use advanced computer simulations in tandem with experiments to formulate design rules to 

control and direct self-assembly of biomolecules, informed by well characterized systems such as 

micelles and colloids. 

In the remainder of this perspective, we first highlight the simulation methods that have 

been applied to study self-assembly. A number of methods can be applied to tackle these complex 
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questions, but here we focus on molecular dynamics (MD) simulations and the advanced sampling 

technique known as metadynamics as an approach to estimating equilibrium structures and 

thermodynamics. This subset of methods when coupled with experimental observations, has 

previously been widely used to capture phenomena that spans across broad length scales in the 

field of biomineralization. Then, building off inspiration from progress made in biomineralizing 

systems, we present three types of biomolecular systems whose functionalities are dependent on 

the assembly of individual units – biomineralizing peptides, hierarchical peptoids, and large-scale 

protein assemblies, which share common themes driving self-assembly in this interesting milieu. 

We discuss significant advances that have been made in understanding the structure-function 

relationships in these systems, as well as open questions that remain in these areas, while focusing 

on the next generation of modeling and simulation studies needed in order to drive the field 

forward. These simulation methods have the potential to inform and guide experimental design, 

shifting the paradigm from trial and error based synthesis to predictive, in silico predictive design 

and optimization. We also highlight studies where simulations and experiments deviate 

considerably from each other and, attempt to provide a direction for these differences. We conclude 

by discussing how simulations and the expanding role of data science methods will help propel 

molecular modeling of biomolecular self-assembly in these important research areas.  

4.3 Simulations of Biomolecules at Interfaces: Progress in 
Biomineralization 

The span of time and length scales accessible using simulations is wide, ranging from the 

interactions between few atoms (governed by phenomena like covalent bonding or nonbonded 

interactions), to the slow conformational rearrangement of glassy systems.207–211 We would like to 

note that it is beyond the scope of this review to describe all the computational approaches which 

could be applied to study self-assembly, therefore we refer to the reader to more general review 

articles about computational studies of self-assembly in both biomolecular and non-biomolecular 

contexts.205,212–215 One major challenge of applying simulations to resolve these assemblies is in 

the development and use of methods that are widely applicable and predictive of the unique 

structure-property relationships in flexible self-assembling biomolecular systems. Overcoming 

this obstacle requires careful consideration of the model systems studied (including system size, 

and chemistries), ensuring the potentials used in the simulation can capture the underlying physics 
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at least at a semi-quantitative level, and the proper selection and implementation of enhanced 

sampling methods that correlate with the spatiotemporal scale of interest. 

Biomineralization is one area that has been studied extensively with multi-scale 

models.216,217 Starting with the most accurate, and the most computationally expensive, density 

functional approaches apply a quantum mechanical (QM) description of energy to the system to 

gain information about electronic structure. Due to the expensive nature of these calculations QM 

methods are often applied to understand small model systems (on the order of 100-200 atoms). In 

the context of biomineralization, QM approaches have mainly been employed to study the 

behavior of bulk minerals in vacuo, the interactions between crystalline surfaces and water or ions, 

or to validate the behavior of forcefields used to study complex interactions in 

biomineralization.218–220 DFT methods can also be used to understand the interplay between part 

of a mineral surface acting with part of a binding site on a protein and a few surrounding waters.221  

Classical potentials are a popular choice when studying the behavior of more than a handful 

of atoms, or when looking to answer more physiologically complex problems like the influence of 

ions or solvent conditions on biomolecular structure. All-atom molecular dynamics simulations 

implement classical potentials (forcefields) built from QM calculations or fit to experimental data, 

integrating out information about electronic structure, to inform dynamics as a function of the 

bonded and nonbonded interactions at the atomistic level.222 CHARMM and AMBER are two of 

the more popular forcefields used for studying biomolecules, which have been developed for use 

with specific water models (TIP3P223 and SPC224, respectively). Consistency between these 

popular forcefields and the surface models developed for organic and inorganic components is 

critical. One important factor (aside from compatibility with the biomolecules), is in capturing the 

unique behavior of water which is known to behave differently at mineral apatite or silicate 

interfaces. In classical potentials, like the INTERFACE forcefield, water dissociation is treated 

rigidly where hydroxylated sites are pre-defined before running a simulation.77 Within the family 

of INTERFACE models, Emami el. al. introduced a surface model to capture a range of silica 

surface chemistries and pH conditions (e.g. variable Q2, Q3, and Q4 silanol groups) compatible 

with CHARMM.225 Later, Lin. et al. developed a hydroxyapatite model, also compatible with 

CHARMM, that accounts for changes in pH by modeling different ratios of hydroxylated species 

at the interface.58 These are just a few examples of how classical potentials capture complex 

behavior of water and ionic strength, but there are a number of potentials parameterized for other 
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mineralizing chemistries (i.e. metal oxides like titania) outside the scope of this work which have 

also been generalized to be compatible with commonly used forcefields.69,212,226–228  

 In the context of biomineralization and self-assembly, classical simulations are useful in 

describing at high atomistic resolution the stability of proposed conformations and structures that 

can be correlated with mechanisms of assembly. These types of simulations probe stability by 

monitoring properties calculable from thermal fluctuations, or by identifying dominant Coulombic 

and Lennard-Jones interactions. This can be applied while probing candidate binding poses at 

interfaces, or the disassembly of pre-assembled structures to name a few examples. While classical 

methods are popular for probing hypotheses surrounding stability and structure, these methods fall 

short when the time and length scales to sample these dynamic interactions (e.g., modeling the 

process of assembly) are larger than computationally accessible. This is typically in the range of 

running calculations for two to four biomolecules of chain lengths up to fifty residues. However, 

the calculation of many important thermodynamic quantities, such as binding free energy, requires 

sampling of biomolecular structure and rare events (such as binding and unbinding) which is often 

inaccessible on classical timescales. The introduction of a solid or biomolecular interface to model 

different aspects of assembly further exacerbates these problems due to an increase in a complexity 

of the thermodynamic landscapes, and system size.  

Enhanced sampling methods are one approach that can be used to circumvent these 

limitations. The possible methods that can be used to circumvent time and length scales are too 

numerous to name here. For example, these methods include replica exchange, simulated 

annealing, log mean force dynamics, nudged elastic band, and blue-moon sampling, to name a 

few. These approaches and many others have also previously been applied to study biomolecules 

and have been discussed extensively.9,229,230 One popular suite of enhanced sampling methods is 

known as metadynamics (MetaD). This enhanced sampling in particular has been used to study 

mechanisms of self-assembly and interfacial phenomena, making significant strides in the field of 

biomineralization.  

Briefly, in metadynamics a bias in the form of a gaussian potential is applied to a few (1-

3) slow degrees of freedom (defined as collective variables, or CV’s), and used to explore the 

thermodynamic landscapes of these systems.231 In some cases, hidden slow degrees of freedom 

can limit the scope of using metadynamics. In these cases, the addition of more robust sampling 

methods can aid in the rapid convergence of system energetics. There are reviews dedicated to 
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describing MetaD and its variants in detail, herein we highlight how select variants of MetaD have 

been developed to enable investigations of model systems related to biomineralization.9,232 Parallel 

tempering metadynamics (PT-MetaD) found great use in overcoming hidden slow degrees of 

freedom not captured in the CV’s definition.84 However the challenges of system scaling prevented 

wide application to more realistic systems at the bio/nano interface. Application of the well-

tempered ensemble (WTE) to biomolecular systems extended the use of these methods to many 

studies of peptide adsorption and folding at interfaces.70,71,88,233 An additional approach is to 

improve the number of CVs that can be sampled. Traditional MetaD uses 2-3 CVs for soft-matter 

systems with severe convergence issues introduced beyond this number. Building on bias 

exchange MetaD234, the parallel bias metadynamics (PBMetaD) framework introduces the ability 

for arbitrary numbers of new CVs.235 Building on this concept with an eye toward self-assembly, 

a new variant of this, PBMetaD with partitioned families (PBMetaDPF), demonstrated increased 

efficiency and convergence when degenerate CVs are partitioned to share the same bias 

potential.236  

Several approaches outside of enhanced sampling have also been used to address 

simulating these large all-atom systems. Coarse-grained (CG) models reduce the degrees of 

freedom in a system, providing a more efficient route for probing longer time and length scales.237 

Many find the popular MARTINI238 model a convenient starting place for CG modeling in 

biomolecular and bio-inspired systems. Parameterization of new molecules can be accomplished 

with  all-atom MD, an approach previously used to study self-assembly. 239–241 A popular statistical 

method known as Markov state models (MSM) is an example of an unbiased approach which 

applies a stochastic method used to describe long-scale dynamics and kinetics of a system.242 In 

the MSM scheme, a large number of short simulations taken from a large conformational space 

are used to probe the relevant transitions which can be used to understand the dynamics that give 

rise to aggregation mechanisms, or kinetics of assembly. More recently, researchers are finding 

innovative ways to overcome systematic error in physics-based potentials through inclusion of 

experimental data in simulations. The scope of this area of research is large and has been described 

by Bonomi et al. in detail.243 In the spirit of developing ways to improve molecular simulations, 

MetaD was combined with a  Bayesian inference method known as Metadynamics Metainference 

(M&M), allowing for a natural way to bias a collection of simulations toward agreement with 

ensemble-averaged experimental data.244 Combining this approach with additional MetaD biasing 
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of conformational CVs provides an additional capacity to fully explore conformational of 

biomolecular assemblies at interfaces.245 

Biomineralizing Peptides 

Bottom up self-assembly enables biomolecules to precisely template mineral precursors to 

produce hierarchical nanostructures.189,246–250 This is commonly seen in marine organisms, such as 

diatoms,251 and is also observed in the human body, where proteins regulate the formation of tooth 

enamel and bones.217 This process, termed as biomineralization, gives rise to inorganic materials 

with unique characteristics depending on the proteins that template them. For instance, avian egg 

proteins like osteopontin, lysozyme, and ovalbumin template calcium carbonate to give rise to a 

highly ordered, semipermeable membrane that protects the egg white against bacterial 

infection.252,253 Enamel proteins such as amelogenin and amelotin, along with the salivary protein 

statherin are responsible for regulating the crystal growth of hydroxyapatite, giving it superior 

mechanical properties.254,255 These examples highlight the idea that protein structure is intimately 

linked to the mechanism by which it recognizes mineral precursors in solution, which determines 

the morphology of the mineral structure that is formed. Importantly, biomineralizing proteins have 

stereochemical matching to crystal surfaces that can inhibit or mediate growth in a specific 

direction. Detailed atomistic level insight into the precise interactions of these proteins with 

minerals, specifically molecular recognition patterns is needed to control and regulate mineral 

formation. The understanding of these mechanisms can potentially be applied to treatments for 

diseases that arise from erroneous biomineralization, such as kidney stones, atherosclerosis, etc.256 

Simulations have helped achieve a comprehensive understanding of molecular interactions that 

govern the process of biomineralization.90,212,257–259 Specifically, by using small fragments of 

protein sequences that have high affinities to mineral interfaces in tandem with complex sampling 

methods, simulations have successfully probed the thermodynamic and structural properties that 

drive biomineralization. Below, we highlight simulations that have advanced our understanding of 

biomineralization, specifically with respect to hydroxyapatite and silica, the two most common 

biominerals. We conclude this section with open questions pertaining to the role of aggregation of 

biomolecules on biomineralization, and how future simulations can be designed to address this.   
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Figure 4.1. Biomineralizing peptide systems (a) Molecular structure of Statherin adsorbed to the HAP (001) 
surface, with the final structure shown on the colored interface; the amino acids that are known to interact with 
HAP are magnified and shown in licorice representation. Reprinted with permission from ref 260. Copyright 
Elsevier, 2010. (b) Binding free energy of osteocalcin a-1 domain on HAP interface with (red) and without 
(blue) post translational modification; snapshots pertain to the most probable interfacial peptide structures. 
Reprinted with permission from ref 259. Copyright Royal Society of Chemistry, 2019. (c) Schematic of the 
M&M workflow used to restrain the structure of N-terminal statherin peptide based on ssNMR chemical shifts. 
Reprinted with permission from ref 64. Copyright American Chemical Society, 2019 (d) Images of silica 
precipitated from silaffin R5 and LKa14 peptides. Reprinted with permission from refs 261 and 262. Copyright 
American Chemical Society, 2017 and 2014. 

The Gray group extensively characterized the surface structure of the full salivary protein 

statherin on hydroxyapatite (HAP), shown in Figure 4.1a, using an approach that incorporated 

geometric restraints measured by solid state NMR (ssNMR) into the protein design suite 

Rosetta.263 Experimental methods such as ssNMR that measure the structure of proteins at 

interfaces have high resolution, but often are limited in the total number measurements that can be 

taken (compared to requirements for structure prediction).264,265 Therefore, there is an immense 

benefit from integration with high resolution atomistic MD simulation. NMR chemical shifts can 

be calculated with relative ease from classical simulations, providing a means of cross validating 

results between experiments and simulations.266 Using experimental NMR shifts with 
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RosettaSurface to restrain the structure of proteins at mineral interfaces, Masica et al.260 proposed 

structural models that showed remarkable consistency with prior studies, while greatly reducing 

the number of ssNMR measurements required to resolve the entire structure of  the statherin.263,267 

Specifically, they found that while the protein is extended in solution, it adopts a structured 

conformation when it is adsorbed on the surface, with a helical binding domain at the C-terminal 

of the molecule.260,268 Additionally, they probed the specificity of statherin on three HAP faces – 

001, 100, and 010 and found that the 001 surface compliments the helical binding domain of 

statherin, proving that the biologically relevant HAP face is the 001 surface, in line with prior 

experimental outcomes. This combined computational-ssNMR approach greatly increased the 

resolution of residue-specific contributions of proteins to the process of biomineralization, 

ultimately accelerating the abilities of experiment and computation to inform these processes. 

Despite the success of this method in predicting the preferential binding residues for statherin to 

HAP a priori, the restraint of an individual structure to an experimental measurement may not 

fully reflect the ensemble-averaged nature of NMR measurements. Moreover, knowledge-based 

potentials like Rosetta do not incorporate the effects of explicit water and ions at the interface.  

The M&M  method was specifically developed to integrate experiments and simulations 

reflecting the need to guide the ensemble average of some simulation observables toward the 

experimental measurement.245 By employing this technique, we were able to elucidate how SNa15, 

a peptide derived from the HAP recognition domain of the biomineralization protein statherin, 

interacts with HAP, silica, and titania interfaces. In contrast with traditional ssNMR approaches 

for predicting biomolecular conformation, we were able to use MD simulations + M&M to predict 

orientation and conformation of peptides at interfaces. Our work suggested that SNa15 remains 

helical at the interface of HAP and TiO2 but unravels upon adsorption to SiO2.64 The use of 

enhanced sampling in these systems provides a powerful combination by giving simultaneous 

estimates of thermodynamics and interfacial structure in an all atom simulation.  

While the above simulations have been very useful in elucidating preferred surface 

conformations of the full protein sequence, these methods do not allow for explicit characterization 

of the thermodynamic landscape, specifically in capturing the binding free energies of the protein 

adsorbing to the surface. Advanced sampling methods allow for complete sampling of phase space 

for systems that are often trapped in metastable states, resulting in full exploration of the free 

energy landscape. Using metadynamics, our group has characterized many solid binding proteins 
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that are known to promote biomineralization, including the effect of pH and post-translational 

modifications (PTM).48,70,88,90,230,269,270 Figure 4.1b shows the binding free energy profile for the 

non-collagenous bone matrix protein osteocalcin on HAP before and after PTM of the sidechain 

glutamic acid group, using parallel tempering metadynamics in the well-tempered ensemble.259  

We find that post translational carboxylation of glutamic acid residues resulted in increased protein 

structure in solution and at the surface, mediated through strong intrapeptide contacts with ions. 

This structural stability led to differences in the thermodynamic driving forces on different 

biologically relevant materials like HAP and TiO2, where the affinities between the surface and 

ions was shown to play a critical role in adsorption behavior. By exploring the molecular 

recognition mechanisms present in surface binding, these findings help shed light on how 

osteocalcin assembly templates mineralization. 

Although the overarching goal of the above computational studies was to correlate the 

thermodynamics of peptide-surface interactions to the protein mediated formation of inorganic 

substrates, peptide-surface binding affinities may not be the primary indicator of biomineralization 

efficiency. For example, Patwardhan et al. suggested that peptides which have a strong affinity to 

silica perform poorly in early stages of silica precipitation.271 To build a complete mechanistic 

understanding of biomineralization, characterizing peptide-peptide and peptide-precursor 

interactions is vital. To this end, the Drobny group has extensively characterized the intrinsically 

disordered peptide, silaffin R5, and the helical peptide LKa14, focusing on their aggregation in 

solution.261,262,265,272,273 They found that although the two peptides have extremely different 

structures in solution, their ability to precipitate silica with remarkably similar morphologies 

suggests that the properties of the peptide aggregate could play a large role in how biomolecules 

template minerals. In a prior study, we observed that LKa14 molecule binds less strongly to a 

silica surface than R5, signifying that surface binding alone does not predict biomineralization.270 

Future simulations comparing the aggregation states of R5 and LKa14, using experimental 

structures for verification are required to quantify interpeptide driving forces that  control protein 

assembly, which could be a mechanism that templates biomineralization. It is also theorized that 

surface properties of aggregated assemblies are predictive of mineralization. However, it is 

difficult to fully explore the conformational landscape of multiple proteins binding in atomistic 

simulations due to convergence issues described in the Simulations section. One way to address 

this is to extend the simulation-NMR technique that was applied to protein-surface assemblies to 
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capture protein-protein assemblies in solution. Chemical shifts of the aggregate can be used to bias 

the collective structure of the proteins in solution, speeding up the simulation process. 

Understanding how proteins aggregate can help build a more complete picture of protein-precursor 

interactions, before the onset of biomineralization. These interactions obtained from simulations 

can be exploited experimentally to give rise to nanostructures with desired morphology. 

Cooperative Surface Binding 

 

Figure 4.2. Cooperative protein – surface binding (a) Schematic representation of non-cooperative vs. 
cooperative adsorption pathways as a function of surface density; at low surface densities, protein orientation is 
determined by protein – surface interactions; at high surface densities protein-protein interactions dominate 
orientation of proteins. Reprinted with permission from ref 274. Copyright Elsevier, 2010 (b) Two step binding 
process for Car9 fusion protein at a silica interface is described by a sigmoidal binding isotherm, in contrast to 
the monolayer Langmuir isotherm which is used to model single step binding process. Reprinted with permission 
from ref 203. Copyright American Chemical Society, 2019 (c) Cooperative behavior between three Car9 
peptides is observed using molecular dynamics under conditions that represent surface bound behavior, and 
additional AFM images capture similar cooperative behavior when Car9 is fused to sfGFP at a silica interface. 
Reprinted with permission from ref 275. Copyright American Chemical Society, 2019. 

Protein adsorption on solid surfaces is a phenomenon crucial to applications such as 

biological implants, membranes, analytical sensors, etc.276–278 Simulations have successfully been 
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able to elucidate how individual proteins adsorb to surfaces, by providing a picture of the 

thermodynamic landscape, and elucidate the complex structural rearrangements that proteins 

undergo at a solid interface, characteristic of non-rigid particles.48,269,270,279,280 As external 

conditions such as temperature, pH, surface chemistry etc. can be precisely controlled in 

simulations compared to experiments, their effects on peptide adsorption has been made clear.48,280 

However, an important aspect that needs to be addressed in both simulations and experiments is 

the issue of cooperative protein adsorption, as the primary focus so far has been the behavior of 

single biomolecules on a surface.274,281 The commonly implemented Langmuir adsorption model, 

which assumes single monolayer adsorption on the surface, may be too simplistic when dealing 

with protein adsorption, as proteins assume a variety of conformations at a surface, unlike rigid 

gas molecules which the theory was originally devised for. A protein adsorption model that 

incorporates cooperative or nearest neighbor effects can account for deviations from the Langmuir 

model and provides a mechanistic explanation for the sigmoidal shaped adsorption isotherm. A 

schematic representation of a cooperative vs. non cooperative adsorption pathway is shown in 

Figure 4.2a.274 The surface density of proteins can also determine the overall orientation of 

proteins on a surface. For example, at high surface density, protein-protein interactions can lead to 

changes in orientation compared to low surface densities, where only protein surface interactions 

determine orientation.281 Thus, it is important for future research studies to devise simulations that 

can probe cooperative binding and still include nanoscale features of the protein-protein-surface 

interface. 

Biomineralization is one field where there has been evidence in using combined 

simulation/experimental approach to uncover mechanisms of multi-protein adsorption at 

interfaces. Using Surface Plasmon Resonance (SPR), Hellner et al. developed a two-step 

cooperative model for the technologically relevant solid binding peptide and  superfolder green 

fluorescent protein scaffold, sfGFP-Car9/silica system (Figure 4.2b).203 The observed sigmoidal 

adsorption behavior is best captured with a two-step cooperative model. In this model, a first step 

describes intermolecular cooperative contacts between Car9 linkers, followed by an isomerization 

step where the Car9 and the protein scaffold are locked in a high affinity interaction with the 

surface. Building on this work a further combined simulation and experimental study related the 

correlation between the overall adsorption mechanism and specific chemical interactions at the 

peptide-surface interface.275 In this study, MD simulations were used to capture SBP binding 
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(without the scaffold) to a silica interface. Using restrained MD simulations, they were able to 

predict mechanisms of cooperative behavior in the Car9 at the silica interface. In this study AFM 

images validated these predictions, demonstrating similar cooperative behavior when minimal 

scaffolded to sfGFP, showing strong agreement across both techniques in the mechanisms of 

cooperativity at a silica interface (Figure 4.2c).  

An important aspect of multi-peptide adsorption is the interplay between entropic vs. 

enthalpic forces, and the idea that certain peptides are able to bind tightly due to increased access 

to configurational space when surface-adsorbed. Estimation of entropy, including breaking 

entropy down into translational, rotational and conformational parts using MD simulations has 

been done before, however, reconciling these features with experiments remains elusive. Early 

work by Tang et al.282 and Sprenger et al.88 has proposed different mechanisms based on entropic 

driving forces, however the quantitative link to experimental observations needs further refinement 

for these more complex systems. Still there remains a number of questions that have yet to be 

answered in the area of cooperative adsorption. The application and extension of these combined 

theory, simulation, and experimental methods that have showed initial success, can be used to 

study cooperative assembly in-depth.  Overall, the combination of these approaches will form a 

complete mechanistic picture of the processes that drive these complex self-assembling systems.  

4.4 Hierarchical Sequence Defined Polymers 

Peptoids are a class of synthetic foldamers that have characteristics of both polymers and 

proteins.192,201,283–285 The side chain is appended to the backbone nitrogen as opposed to the alpha-

carbon atoms in amino acids. The N-substituted glycine backbone prevents the formation of 

hydrogen bonds, and this absence of hydrogen bond interactions renders the backbone floppy, 

making peptoid oligomers unstable. However, it is possible to form stable higher order structures 

like helices, sheets, and tubes through the appropriate choice of sidechain chemistries. As these 

structures depend on sidechain interactions and are not governed by backbone hydrogen bonds, 

peptoids remain stable under a host of different solvent and temperature conditions, opening 

different avenues of application, from therapeutics and diagnosis to catalysis. Zuckerman et al. 

pioneered the synthesis of peptoids using the solid-phase sub monomer method, enabling a vast 

array of amine sidechains to be conjugated to the backbone, making these molecules highly 

tunable.286 The ability of these molecules to self-assemble into long ranged hierarchical structures 



 64 

make them perfect candidates to study through simulations, as uncovering key molecular 

interaction will enable control of the material design space.  

Hydrophobicity is often used as a knob to control the self-assembly of peptoids, as 

quaternary structures such as nanosheets arise from hydrophobic collapse of sidechain groups. In 

an attempt to tune the crystallization pathway of biomimetic polymers, Ma et al. used two peptoid 

systems which contained alternate polar and hydrophobic groups, with one system bearing a 

hydrophobic ‘tail’ at the end.202 In situ AFM was used to study the crystallization of the two 

peptoid systems on mica (Figure 4.3a).202 They found the peptoid without the tail readily form 

crystalline particles in solution, which deposit on the surface at a rate that decreases as coverage 

increases. The tail system in contrast forms small micellar clusters in solution that then deposit on 

the surface and undergo conformational transformation to form crystalline bilayers. MD 

simulations by our group in this work shed light on the dimerization propensity of these peptoids, 

where the no-tail peptoid was seen to dimerize in the presence of Ca2+ ions, and in contrast, the 

tail peptoid remains dissociated with the tail wrapped inwards.202 This is consistent with prior work 

demonstrating the importance of the parameterization of the interaction between the divalent and 

the carboxy sidechain.287 

Stable peptoid nanosheets that self-assemble in solution have been widely characterized. 

Sanii et al. elucidated the mechanism of nanosheet formation from amphiphilic peptoid chains; 

they postulate that a monolayer intermediate first forms at the air water interface, and irreversible 

compression of this monolayer forms a stable bilayer.288 Using lipid like sequence defined 

peptoids, Jin et al. successfully self-assembled membrane mimetic 2D materials in solution and on 

substrates (Figure 4.3b).289 By using all-atom MD simulations, they observed that membrane 

stability was due to extensive pi stacking of the hydrophobic groups, to minimize contact with 

water. They were also able to incorporate functional moieties into the peptoid membranes, and 

these membranes demonstrated self-healing tendencies similar to lipid bilayers. 
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Figure 4.3. Peptoid assemblies at interfaces and in solution (a) Proposed peptoid crystallization pathways 
showing the effect of the hydrophobic tail on the propensity for aggregation on a mica interface; there is an 
alteration in free energy landscape from a single step to a two-step process. Reprinted with permission from ref 
202. Copyright Springer Nature, 2017 (b) Self-assembly of lipid like peptoids into highly stable and crystalline 
membrane-mimetic 2D nanosheets, with a molecular model showing the proposed packing of the peptoid 
subunits. Reprinted with permission from ref 289. Copyright Springer Nature, 2016 (c) Time dependent TEM 
images showing the assembly pathway of peptoid nanotubes. Reprinted with permission from ref 290. Copyright 
Springer Nature, 2018 (d) Assembly of amphiphilic peptoid tiles into hollow nanotubes. Reprinted with 
permission from ref 291. Copyright 2016, National Academy of Sciences (e) Atomistic simulation of peptoid 
nanosheets matches well with experimental dimensions. Reprinted with permission from ref 201 and ref 292. 
Copyright American Chemical Society, 2016 and Springer Nature, 2015, respectively.   

Another interesting self-assembled motif that peptoids adopt are tubes, as shown in Figures 

4.3c and 4.3d. Using sequence defined peptoids Jin et al. were able to design peptoid nanotubes 

that demonstrated tunable diameter, wall thickness, and mechanical properties through pH-

triggered, reversible contraction-expansion motions.290 Using time-resolved Transmission 

Electron Microscopy (TEM), they showed the self-assembly pathway of peptoid nanotubes. 

Nanospheres are seen immediately after the peptoid is dissolved in a mixture of water-acetonitrile 

solvent. Soon after (30 mins), a mixture of spheres and ribbons are observed. After 24hrs, 

nanoribbons with partially rolled up edges are seen, which form nanotubes after 48hrs. The 
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measured width of the nanoribbon is pi times the diameter of the nanotube, confirming that the 

nanoribbon folds up and closes to form the nanotube. Sun et al. observed that amphiphilic diblock 

copolypeptoids spontaneously self-assemble into nanotubes in water, with diameters that are 

dependent on chain length.291 These tubes are held together primarily by side chain van der Waals 

interactions, and are formed without a central hydrophobic core. Although the authors didn’t 

propose a mechanistic pathway for the formation of these structures, they were able to show that 

crystallization of both hydrophobic and hydrophilic domains play a prominent role in the formation 

of supramolecular structures. 

In order to resolve atomistic details of peptoid assembly, the Whitelam group developed a 

CHARMM-based forcefield for peptoids to perform MD simulations of the nanosheets, as shown 

in Figure 4.3e.292–294 Dimensions such as nanosheet thickness and sidechain distances matched up 

well between experiments and simulations. Results from this work revealed that peptoid backbone 

adopts novel secondary structure, an alternating binary motif characterized by two different 

regions of the Ramachandran plot. This enables the nanosheets to adopt a relatively flat 

configuration. The simulations also revealed that the nanosheets formed by short peptoids were 

less stable than those formed by long peptoids, in line with experimental observations. While the 

all-atom model has been useful in describing structural features of peptoid sheets, it can only access 

length scales in the range of 10 nm, and time scales up to a few microseconds, which is not long 

enough to observe the formation of higher order structure. Key questions remain about the 

mechanism of by which tubular peptoids are formed, and their self-assembly pathway from sheets 

to tubes remains elusive; simulations can provide insights into their formation. To capture the 

dynamic self-assembly process across a broad spatiotemporal scale, peptoid coarse-grained 

models with reduced degrees of freedom is necessary.237 The CG forcefield for N,N-

dimethylacetamide developed by Du et al. parameterized against OPLS-AA forcefield captures 

the appropriate local structure and water solvation behavior as the atomistic model. To remain 

consistent to the CHARMM based peptoid forcefield by Whitelam et al. described above, 

development of Martini based peptoids, similar to the peptide model parameterized by Mansbach 

et al. is necessary.239,295 
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4.5 Protein Assemblies 

Naturally occurring proteins have shown to form a wide range of hierarchical, 

supramolecular structures due to an interplay of chemistry, sequence, and solution 

conditions.174,176,178 Due to the high information content encoded in proteins, they are the 

cornerstone in numerous biological applications and are paving the way for future 

technologies.276,296,297 To develop new functional materials it is important to understand self-

assembly in natural systems, and proteins are excellent candidates in this regard. There has been a 

lot of effort in emulating natural protein structure and function using different building blocks, 

however, this work is often driven by intuition and trial and error approaches vs. a rational design 

approach. A clear knowledge of the overarching principles that govern in vivo self-assembly can 

guide the design and synthesis of in vitro systems. In applications such as biological sensors and 

2D crystal peptide arrays, the underlying structure of the surface, or the lattice interactions dictates 

the long-ranged structure of adsorbed peptide assembly.298 Below, we present studies where 

computational models have been used in tandem with experiments, to more effectively design 

large scale protein assemblies. 

The Tobacco Mosaic Virus (TMV) capsid made from 2130 molecules of coat protein (CP) 

is widely considered as the paradigm of self-assembly in biology, as it spontaneously organizes 

into a helical, cylindrical rod around an RNA strand (Figure 4.4a).175 As it was the first 

macromolecular structure observed to self-assemble in vitro, this mechanism has been studied in 

detail. The CP first assembles into disks, after which the viral RNA inserts itself into the core of 

the disc, that elongates and grows into a helix encapsulating the RNA. The entire structure is 

formed through competing attractive hydrophobic and repulsive electrostatic interactions. As the 

structure is well understood, TMV has been used in a number of applications, from vaccines to 

micromachines.299–301 The hollow nature of TMV makes it an excellent scaffolding agent that 

encapsulates and deliver therapeutic drugs to target sites in in the body.301 The capsid has been 

shown to reform into other shapes when subjected to different temperatures, and is used to increase 

the efficiency of electrodes by adhering to the surface of electrodes, thereby increasing the surface 

area for reactions to take place.299,300  

 



 68 

 

Figure 4.4. Natural and de novo protein assemblies (a) helical reconstruction of tobacco mosaic virus using cryo 
TEM, showing the central axis and cross sections. Reprinted with permission from ref 175. Copyright 2010, 
Elsevier. (b) Mechanism of viral capsid assembly using Brownian dynamics simulations, where a small partial 
capsid nucleates on the polymer followed by reversible addition of one or two subunits at a time. Reprinted with 
permission from ref 302. Copyright 2014, Elsevier. (c) Schematic representation and AFM image of a designed 
peptide adsorbing on to the surface of graphite as beta sheets. Reprinted with permission from ref 303. Copyright 
2016, Elsevier. (d) Protein-protein interactions drive the formation of tunable hexagonal lattices on the surface 
of Mica. Reprinted with permission from ref 298. Copyright 2019, Nature Springer. (e) TEM images and 
schematic representations of the conformational states accessible by RhuA lattices. Reprinted with permission 
from ref 304. Copyright 2018, Nature Springer.  

To elucidate the role of the encapsulated polymers (RNA, DNA, proteins, etc.) in 

conferring stability to the viral capsid, Elrad and Hagan used coarse-grained Brownian dynamics 

to study the self-assembly process in an icosahedral virus (Figure 4.4b).302,305 They find that the 

nature of assembly can be tuned by controlling polymer length, solution conditions, and protein 

concentration. Moreover, they also find that the nature polymer has dramatic effects on assembly 

kinetics, as the polymer significantly lowers the free energy barrier for nucleation. This study sheds 

light on different aspects of multicomponent assembly processes and provides a robust framework 

for designing in vitro assembly experiments, guided by simulations.  

The bacterial caboxysome shell consisting of thousands of protein subunits is another 

example of in vivo protein assembly giving rise to a complex 3D structure. Tanaka et al. 

constructed atomic 3D models of the shell from two known classes of carboxysomes. Their model 

showed that an icosahedron unit could be formed from smaller hexameric and pentameric protein 

subunits.176 This study highlighted the fact that intricate molecular structures are formed from 
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common atomic interactions and a few basic building blocks, opening up strategies for designing 

various molecular machines and scaffolds in vitro.  

Mustata et al. designed peptides that could self-assemble on graphite and graphene 

surfaces, forming beta sheets with microdomains corresponding to the underlying surface lattice 

(Figure 4.4d).303 They were also able to assemble DNA along the peptide that adhered to the 

surface, creating a 2D platform for studying DNA-peptide interactions. In a similar vein, Pyles et 

al. showed that large protein assemblies could be precisely assembled on inorganic interfaces 

through surface lattice matching (Figure 4.4c).298 The interface that they chose was muscovite 

mica, that has a well-defined sublattice upon which biomolecules have been shown to bind. Using 

a de novo designed protein scaffold with regularly repeating carboxylate units to match the spacing 

of the underlying mica surface, they were able to assemble 2D protein arrays that showed order 

over tens of millimeters. Aided by Rosetta, they created a tunable hexagonal protein lattices on the 

surface, by changing the number of repeat units and K+ ion concentration in the solution. The 

primary driving force behind the formation of the honeycomb structure is entropic packing effects, 

modulated by strong electrostatic interactions. This feature of lattice matching is also observed in 

ice binding proteins assembling on ice crystals,306 proving that simple principles of molecular 

recognition can lead to tunable, long ranged assemblies on surfaces. These studies are prime 

examples of computationally driven experimental design of protein assemblies at solid/water 

interfaces. 

Using principles of de novo design, Suzuki et al. constructed stimuli responsive crystalline 

assemblies of the C4 symmetric tetrameric protein RhuA through functionalized cystines that 

direct self-assembly via disulfide bonds.307 The strong, reversible bonds between the protein 

subunits allows the lattice to expand and contract without losing crystallinity, and while remaining 

isotropic. This assembly was shown to possess unique mechanical properties like negative 

Poisson’s ratio (leading to increased toughness and resistance to fracture), and stimuli responsive 

behavior giving rise to molecular membranes with tunable porosity from 4 nm to 1 nm. By 

mapping out the free energy landscape of this system using atomistic MD simulations, Alberstein 

et al. showed that the dynamics of the protein crystalline lattice was driven by solvent entropy, and 

with this knowledge, elucidated specific interactions that could be tuned to achieve the desired 

mechanical or chemical response (Figure 4.4e).304   
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Using the enhanced sampling toolkit described in the Simulations section, we have 

successfully used MD simulations with explicit solvent and ions to model peptide dimerization in 

solution, as well as the underpinnings of molecular recognition of solid binding peptides to various 

surfaces.48,90,270 However, in order to achieve a physics-informed prediction of protein self-

assembly at interfaces, there is still much work to be done improving both coarse-grained 

potentials as well as sampling algorithms.  

4.6 Statistical Learning and Artificial Intelligence 

 

Figure 4.5. Machine learning approaches (a) Depiction of a fully convolutional neural network with encoder-
decoder type architecture used to characterize defects in STEM and STM images. Reprinted with permission 
from ref 308. Copyright 2017, American Chemical Society.  (b) Generalized schematic of a markov state model 
describing protein folding, thickness of arrows indicate relative probability of transitioning from one state to the 
next and describe overall likely pathway of folding. Reprinted with permission from ref 309. Copyright 2012, 
American Chemical Society. (c) Schematic illustrating the typical workflow of methods that use machine 
learning to analyze and enhance MD simulations. Reprinted with permission from ref 310. Copyright 2020, 
Elsevier.  
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Machine learning methods (ML) have been finding increasing use across the spectrum of 

problems described above with examples ranging from experimental characterization of protein 

self-assembly to improving MD simulation methods. Detailed description of the use of ML in these 

types of problems is outside the scope of this review, and have been previously characterized 

elsewhere.311–313 Broadly, ML methods for use in molecular and chemical studies can be 

categorized as accomplishing two types of tasks; 1) To infer a quantitative relationship between 

inputs and outputs (supervised learning), or 2) To predict the relationship between a set of inputs 

(unsupervised learning). These tools provide a large and scalable toolbox for identifying trends in 

massive data sets, which can be applied to both simulation and experiments alike.  

Experimentally, many approaches that have made use of these methods have largely been 

directed at high-throughput analysis of microscopic and spectroscopic imaging data. One approach 

towards analyzing these datasets involves the application of convolutional neural networks (CNN), 

an example of which is shown in Figure 4.5a. In this example, Ziatdinov et al. used a weakly 

supervised approach (which applied theoretical data as “labeled” predictions of a lattice with 

defects), to determine the atomic positions and vacancies in unprocessed Scanning Transmission 

Electron Microscopy (STEM) and Scanning Tunneling Microscopy (STM) imaging data of 

different silicon dopeants and graphene.308 Deep learning and ML analysis of imaging data have 

already been widely successful in the medical field314,315 and have become critical in materials 

design and discovery313,316,317. Only recently, has self-assembly begun to be explored in this 

respect. Ziatdinov et al. demonstrated the potential of an approach utilizing Markov random field 

models and convolutional neural networks to incorporate ab-intio data to analyze spatial, 

rotational, and structural states of complex molecular assemblies onto a surface.318 These strides 

demonstrate an important first step at applying imaging-based methods towards the analysis of 

more complex biological assemblies on surfaces. Further, the ability to extract physics-based 

information and theory from these approaches and combine them with first-principles simulations 

can overall strengthen the use of these techniques to inform mechanistic insight into self-assembly.  

With respect to simulation, there are a number of application areas and this review is far 

from comprehensive. We refer the readers to a number of excellent review papers which have 

covered these applications in detail.210,310,319,320 In the context of self-assembly DS methods are 

aimed at improving three areas; 1) forcefield development, 2) sampling limitations, and 3) property 

prediction. Specifically, in the case of assembly on complex materials (e.g., protein adsorption on 
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solid surfaces), the availability validated force field still limits the application of MD to a small 

number of material categories. The recent development of new methods for building forcefields 

using neural network trained on ab initio data321–331 is promising for the rapid development of this 

area. Bayesian approaches such as metadynamics metainference have successfully been used to 

overcome systematic errors in forcefield parameterization, but often require input from complex 

experimental methods or rigorous QM calculations.245,332–334 Sampling limitations in molecular 

simulation have been a long-standing issue. Many statistical approaches, as described earlier, have 

been proposed to overcome these limitations. More recently, many ML-based approaches are an 

exciting outlook this area. For example, Noé et al. recently demonstrated an approach using deep 

machine learning and statistical methods to produce unbiased equilibrium samples of rare events, 

without a priori knowledge of the reaction coordinate, known as Boltzmann generators.335 A 

number of techniques rooted in the use of neural networks have been shown powerful in predicting 

potential energy surfaces, structure, and  coarse-grained models.336–340 Progress in this area will be 

critical as we seek to use atomistic simulations to study the types of problems described such as  

understanding cooperativity in solution or atomic scale driving forces that underlie protein self-

assembly 

Property prediction has been one of the more enticing applications of data science to 

simulation. This progress suggests that, given a sufficient amount of training data, ML could assist 

in the prediction of hierarchical assembly of structures based on chemistry, sequence, and structure 

– an exciting frontier of this field. Some progress has already been made in this respect; Le at al. 

have predicted the assembly of lipid-based delivery nanoparticle systems341,  Li et al. developed a 

combinatorial approach to predicting the assembly of hydrogels342. Beyond the need for large 

amounts of training data, an additional challenge is development of chemical descriptors which 

can effectively correlate structure with assembly. For example, Shamay et al. have shown 

electrotopological molecular descriptors are highly predictive of nano-assembly and nanoparticle 

size343.  Physics-based simulations may be able to inform many of these decisions and are critical 

to the development of these models. Further, biological systems like proteins peptides, proteins, 

and peptoids are complex structures which require further advances in structure prediction and 

assembly, likely from coarse-grained simulations.  
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4.7 Conclusions and Future Directions 

Controlling and tuning biomolecular self-assembly will pave the way for applications in 

therapeutics, materials synthesis, diagnostics, etc. Beyond the individual success stories we 

described here, the foundational challenge faced by the field is the development of entirely new 

heuristics and theories that will enable predictive power over the design and optimization of these 

systems. The design space offered by the different building blocks that can be used in hierarchical 

self-assembly is vast, and future advances in the field require reliable models to help focus the 

efforts of expensive synthesis and characterization experiments. Physics based simulations like 

MD, in spite of the advances the field has made, will not be a panacea. Like the accuracy of the 

empirical potentials that describe key fundamental interactions, the speed of calculations and the 

emergence of new statistical mechanical sampling approaches continues to improve each year. 

However, it is not realistic to expect that these approaches will either replace experiments or 

provide a universal tool for materials design as the compute requirements are simply too far beyond 

today’s capabilities. Instead, we expect simulation will emerge as a reliable middleman between 

even faster computational design and the needed work of careful wet lab experimentation. 

Integrating experiments and simulations will further propel advancements in the field of 

biomolecular assembly. As demonstrated by many examples in this review (protein design, 

biomineralizing peptides, etc.) simulation aided experiments can effectively reduce the vast 

chemical and process design space of biomolecular assembly, mitigating the need for performing 

a battery of experiments. In addition, experimental data (NMR chemical shifts, binding free 

energy, long range structure from X-ray diffraction, etc.) are useful to validate simulations, and to 

correct artifacts that may arise due to forcefields used. Therefore, a major priority in the near term 

is the rapid expansion of the use of data driven methods like machine learning. This frontier region 

in hierarchical materials science will be critical in the coming years across the full spectrum of 

approaches in the scientific pipeline from the design and execution of MD simulations all the way 

to the interpretation of sophisticated high throughput experimental results. While applications of 

these new methods in hybrid and hierarchical materials are still in their infancy, we expect a rapid 

adoption in the field and an exciting future.   
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Chapter 5  
Efficient sampling of high-dimensional free energy 
landscapes: A Review of Parallel Bias Metadynamics4 
 

5.1 Abstract 

A number of enhanced sampling methods have been developed to overcome the length and 

time scale barriers of classical simulations. Metadynamics has made considerable strides in the 

last decade as a technique for constructing free energy landscapes as a function of a few low 

dimensional descriptors of atomic positions, commonly referred to as collective variables (CVs). 

In particular, parallel bias metadynamics (PBMetaD) and its variants enable the sampling of many 

CVs without prohibitively increasing simulation time. This parallelizable scheme allows for its 

implementation in systems that necessitate the use of more than a few CVs, or in the case that the 

CVs corresponding to the slowest modes of a process are not easily identifiable. Here we present 

a review of notable enhanced sampling schemes with a focus on the underlying theory of 

PBMetaD. We discuss various examples where this method has been applied, and future areas of 

impact.  

  

 
4 This chapter was reproduced with permission from S. Alamdari, J. Sampath, A. Prakash, L. Gibson, and J. 
Pfaendtner. Efficient sampling of high-dimensional free energy landscapes: A Review of Parallel Bias 
Metadynamics. Foundations of Molecular Modeling and Simulation. 123-141, 2021. Copyright 2021 Springer, 
Singapore.495 
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5.2 Introduction 

Molecular dynamics (MD) and Monte Carlo simulations are powerful methods used to 

elucidate the conformational and structural properties of molecules by the dynamic or stochastic 

evolution of a molecular configuration. Simulations find value across a number of fields, and range 

from understanding the fundamental driving forces in a simple Lennard Jones system to gaining 

thermodynamic and kinetic insight of complex biological and chemical systems. MD simulations, 

while a powerful tool for sampling the dynamic evolution of a system, usually fails to sufficiently 

sample all the relevant configurations of these complex systems. Further, when the interesting 

states of the system are separated by free energy barriers larger than kBT, it becomes impossible 

to comprehensively sample a 3N-dimensional phase space. In order to improve sampling in such 

simulations, a number of enhanced sampling methods have been proposed. These methods have 

been successfully applied to study rare events in biological processes (e.g., protein 

unfolding231,344,345, peptide adsorption70,229,346, drug and ligand docking347–349, phase 

transitions350,351, and nucleation352,353) and chemical reactions230,354–358 in combustion, pyrolysis, 

and enzymology to name a few. This review is not meant to be comprehensive, but an overview 

of the development of metadynamics and a few of its variants. Notable alternative enhanced 

sampling methods including, but not limited to, transition path sampling359, log mean force 

dynamics360, multiscale enhanced sampling361, average force362, nudged elastic band363, Onsager-

Machlup multiscale enhanced sampling (MSES)364, boxed molecular dynamics (BXD)365, blue-

moon sampling366, and string method367 are outside of the scope of this chapter. These methods 

and more can be found in excellent detail in various reviews.368–371 

Broadly, one convenient way to characterize enhanced sampling methods is to categorize 

them as either tempering or external biasing methods. In tempering methods, temperature is 

exploited to enhance the sampling of the system. The canonical form of these methods is simulated 

annealing372, a generalized probabilistic method used to quickly reach a global optimum. The 

probability of accepting an exchange relies on a temperature variable which either promotes or 

restricts exploration of new states. This process rapidly becomes computationally intensive, which 

introduced a need for more advanced methods with respect to molecular simulations. Replica 

exchange is the most generalized sampling approach used in MD, where several replicas of a 

molecular configuration are simulated at the same time. A swap of two replicas can occur under 

an acceptance probability that preserves detailed balance. Replicas are weakly coupled and only 
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interact under an exchange attempt. This promotes a highly parallelizable and enhanced method 

for sampling a system. While it is not a requirement, the most common variant of replica exchange 

involves simulating replicas at different temperatures; this is commonly known as parallel 

tempering (PT).373,374 Other sampling subsets of replica exchange include Hamiltonian replica 

exchange375, and solute tempering376. These methods and many more such as adiabatic free energy 

dynamics377, and temperature accelerated molecular dynamics (TAMD)378 are described in much 

greater detail in a number of prominent reviews.87,229,379,380  

In external biasing methods, sampling of the system is enhanced by applying an external 

bias on the slow modes of the system. These slow modes of the system can be described by 

defining a few choice collective variables (CVs). A CV is a differentiable function that provides a 

low dimensional projection of all atomic coordinates in the system. This function can be as simple 

as the distance between two atoms, or be extended to more complex ones like Pickett angles and 

Cremer-Pople coordinates381, which can quantify the conformation of N-member rings. A good 

CV (or set of CVs) should capture the slow dynamic evolution of the system (e.g., 

breaking/forming bonds, adsorption/desorption on a surface, protein unfolding, etc.) and 

distinguish between states of interest. CVs can provide meaningful insight about the energy 

differences between two stable states, but should not be confused with a reaction coordinate, which 

carries a special connotation in the literature. Reaction coordinates are capable of uniquely 

quantifying the dynamics of a system as it transitions between two stable states. Discussion on the 

identification and assessment of reaction coordinates has been thoroughly accomplished 

elsewhere.382 Choosing a CV is a non-trivial task, as it can be difficult to gain chemical intuition 

about a system prior to launching a simulation.  

External biasing methods greatly benefit from reducing the free energy landscape of a 

system in terms of a few CVs. One early example of an external biasing method is umbrella 

sampling (US), developed by Torrie and Valleau.383 In US, a static restraint (or bias) in the form 

of a harmonic potential is applied along multiple intervals along a CV. In the simplest terms, a bias 

is an additional term added to the potential energy of the system. In turn, this allows for greater 

sampling of high energy regions. Sampling many overlapping “umbrellas” in phase space allows 

for the reconstruction of the underlying free energy surface. This can be done by using the 

weighted histogram analysis method (WHAM)384, popularized by Alan Grossfield385, or by 

applying the multistate Bennett acceptance ratio (MBAR) estimator introduced by Michael Shirts 
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and John Chodera386. Often, however, this method is not sufficient to fully sample the phase space 

and interesting chemistries of the system because integration of the underlying potential of mean 

force becomes degenerate with higher dimensional CVs. However, the most significant drawback 

of US is that most CPU time during a simulation is spent sampling high energy, and uninteresting, 

regions of phase space more so than the relevant ones. A number of external biasing methods have 

been developed to account for the drawbacks of US, including targeted MD387, energy landscape 

paving366, the Wang–Landau algorithm388, variationally enhanced sampling389, and many others.   

Metadynamics (MetaD), originally developed by Laio and Parrinello390,391, gained 

popularity as a robust and flexible technique to address a wide range of problems including protein 

folding234, nucleotide complexation392, chemical reactions230,393, ligand docking394,395, and phase 

transitions396. In MetaD, an external bias potential in the form of a Gaussian is applied along a few 

choice CVs. This enhances the fluctuations of those CVs, discouraging the system from visiting 

previously visited metastable states, thereby allowing it to sample many configurations. In the first 

variant of MetaD, constrained MD was used to impose a history dependent bias, allowing the 

system to diffuse through the free energy surface.390 In the subsequent versions, the bias is applied 

directly on the CVs while the system dynamically evolves during an MD simulation.394,397 A 

drawback of standard MetaD and its early variants was convergence of the bias potential to the 

underlying FES, making it unclear when to stop a simulation. This problem was alleviated by the 

introduction of well-tempered MetaD (WTMetaD), where asymptotic convergence of the FES was 

proven.86 Similar to standard MetaD, small, repulsive, history-dependent Gaussian kernels that can 

adapt to the FES are deposited on the phase space in WTMetaD. The height of the Gaussian bias 

decreases over time, and in the long-time limit, the bias is shown to converge exactly to the 

underlying FES.398 Another variant that achieved convergence better than standard MetaD was 

flux-tempered MetaD, proposed by Singh et al., an iterative method that maximizes the flux of a 

random walker in CV space.399 Still, simulations that apply enhanced sampling methods suffer 

from being computationally intensive as the number of CVs that are biased exponentially increases 

the phase space to be sampled.  

Numerous variants of MetaD have been proposed over the years,399–404 and herein we 

briefly describe some of these methods which have been developed to speed up convergence of 

the enhanced simulation. In the multiple-walker version of MetaD, “walkers” (or replicas) share a 

history-dependent bias potential, allowing each walker to concurrently explore the FES. The error 
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in the energy landscape can be reduced by increasing the number of walkers (note that this number 

depends on degree of correlation between walkers, and is thus limited).405 In the adaptive Gaussian 

flavor of MetaD, the width of the Gaussian biases are adjusted on the fly to better mimic the 

features of the underlying FES, which is advantageous while dealing with systems with markedly 

different CV fluctuations.401 Readers are encouraged to go through prior MetaD literature that 

detail other variants.229,231,402,406–409     

In the context of biomolecular applications, variants that couple MetaD with replica 

exchange are perhaps the most widely employed MetaD methods, and are done so to explore more 

degrees of freedom.232 Examples of these are parallel tempering MetaD (PTMetaD), where 

temperature is used to increase sampling and explore hidden degrees of freedom84, parallel 

tempering MetaD in the well-tempered ensemble (PTMetaD-WTE), which addressed the system 

size limitations of PTMetaD233, bias exchange MetaD (BEM)234 which can increase dimensionality 

by biasing more than 2-3 CVs, and collective variable tempering410. The replica exchange methods 

above have the drawback of being computationally intensive, either requiring a careful, non-trivial 

choice of temperatures to generate replicas or requiring an additional parameter (bias exchange 

stride in BEM) to sample the CV space.  

Traditionally, MetaD-based sampling has been limited to 1-2 CVs, because the simulation 

time to converge a multi-CV system increases exponentially with the number of CVs. In the case 

of BEM, each additional CV increases the number of parallel replicas of the system, as serially 

biasing many CVs limits collective motion. As an alternative that relies upon the basic premise of 

replica exchange with concurrent MetaD410, Pfaendtner and Bonomi developed a scheme known 

as parallel bias MetaD (PBMetaD). PBMetaD allows a single replica of the system to 

simultaneously apply 1-dimensional biases to many CVs, allowing for a highly parallelizable 

simulation that can bias many more CVs when compared to other enhanced sampling methods.235 

Recently, variations of PBMetaD have been proposed including metadynamic metainference 

(M&M)400 and PBMetaD with partitioned families (PBMetaD-PF)236. This review is a summary 

of methods and applications related to the PBMetaD framework. Below, we discuss the theory 

behind PBMetaD and its variants M&M and PBMetaD-PF. To illustrate the use of these methods 

we describe six examples that deal with: (1) sampling the structure of biomolecules at interfaces, 

(2) elucidating chemical reaction pathways, or (3) guiding biomolecular simulations toward 
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experimentally observed structures. We briefly comment on the power of this approach and further 

emphasize its potential to be incorporated in other research areas. 

5.3 Theory  

The following section emphasizes how the bias potential calculation is uniquely distributed 

in the PBMetaD method. In the original metadynamics method,390 a single multidimensional bias 

potential is created where the dimensionality of this potential is equal to the number of CVs. In 

contrast, in the PBMetaD variant, several single-dimensional bias potentials are constructed, and 

the number of potentials is equal to the number of CVs. As shown empirically by Pfaendtner and 

Bonomi,235 this method also converges to the correct free energy profile. This method permits the 

construction of multiple single-dimensional potentials in lieu of a multi-dimensional potential, 

which saves computational resources, by utilizing a conditional weight term. Thus, the bias 

potential for the 𝑖6I CV(𝑠<), under the PBMetaD framework, is constructed as following: 

𝑉J(𝑠< , 𝑡) = 	Y 𝑑𝑡K	𝑊 ∗ exp_−
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where 𝑊 is the initial Gaussian height, 𝜎< the width of the Gaussian, 𝑑𝑡K	the pace of 

Gaussian deposition, 𝑘E the Boltzmann constant, 𝑇 the system temperature, Δ𝑇 is an input 

parameter with units of temperature which controls the rate at which Gaussians are scaled down, 

and 𝑛 is the total number of CVs in the system. The first three terms in Equation 5.1 follow the 

standard WTMetaD biasing scheme, which allows for the reduction of the height of the Gaussian 

kernel as bias accumulates. The last term, shown in Equation 5.2, is the conditional weight such 

that CVs that are in less explored regions (or regions with low bias) receive greater bias, while 

CVs in highly explored regions (or regions of high bias) receive smaller bias. This terms results 

from a derivation of a cumulative bias that uses an auxiliary variable to stochastically switch 

among individual 1D MetaD biases. As equilibrium statistics of the auxiliary variable are 

uninteresting, it is integrated out to obtain Eqs. 1-2.410 Consequently, these single-dimensional 
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potentials evolve independently, only interacting through the conditional weight term. This 

functional form ensures there is no contamination between the individual bias potentials and that 

the correct free energy is ultimately obtained.  

The M&M approach, illustrated in Figure 5.1, recently developed by Bonomi et al. uses 

Bayesian statistics to incorporate experimental observables into the MetaD enhanced sampling 

scheme.400 This metainference approach is powerful in that it allows a user to simulate ensembles 

consistent with experimental data, guiding the simulation to sample conformations obtained from 

experimental techniques like NMR. Application of PBMetaD to this approach allows for the rapid 

convergence of these systems to the underlying true free energy profile.  

 
Figure 5.1. Schematic representation of the M&M method. In this method an ensemble of replicas is simulated, 
where X represents the molecular coordinates of the system, and σ represents the noise in the data. Replicas 
are coupled to the Metainference function, and sampling of phase space (S) is accelerated by addition of bias 
from PBMetaD. Adapted from ref 400. 

In this combined flavor, each replica (N) is simulated using the metainference energy 

function (EMI) and the PBMetaD bias factor, giving a total energy function represented by:  

 
𝐸N&N 	(𝑋, 𝜎, 𝑡) = 𝐸N;(𝑋, 𝜎) + ∑ 𝑉LE(𝑆(𝑋/), 𝑡)	P

/$' 5. 3 

This unique approach allows for efficient sampling of the conformational space, which provides 

higher resolution to results that have a low signal to noise ratio, which is common to experiments 

of heterogeneous systems. Combined with metadynamics, this is a powerful tool to extract crucial 

information about biomolecular systems.   

Recently, Prakash et al. proposed a variant of PBMetaD called PBMetaD with partitioned 

families (PBMetaD-PF), to introduce a scalable method for systems that contain degenerate 

CVs.236 In this method, CVs that are degenerate are partitioned into the same family such that each 

member of the family contributes to the same single-dimensional potential, similar to the multiple 
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walkers framework, but within a single replica.405 The method is diagrammed in Figure 5.2. 

Consequently, the number of bias potentials is equal to the number of families. And the bias 

potential for a CV (x) in a partitioned family (say PF1) which has anywhere from 1 to 𝑚 members, 

is recovered through:  

 

𝑉J(𝑠LQ'"R , 𝑡) = 	DY 𝑑𝑡K	𝑊 ∗ exp_−
𝑉J(𝑠LQ'"S𝑅(𝑡K), 𝑡K)

𝑘EΔ𝑇
b ∗

6

F

0

S$'

 

	exp_
−(𝑠LQ'"R(𝑅(𝑡)) − 𝑠LQ'"S(𝑅(𝑡K)))(

2𝜎(
b ∗ 𝑊LE(𝑠LQ'"S , 𝑡K) 5. 4 

In this way, the bias potential of the family acts simultaneously and contributes to the enhanced 

sampling of all the degenerate CVs. Note that the denominator of the conditional weight term 

(Equation 5.2) still sums over all the CVs biased in a system, as is done in regular PBMetaD.  

 

Figure 5.2. Schematic representation of the differences between the PBMetaD and PBMetaD-PF sampling 
schemes. Under the PBMetaD biasing scheme, an individual bias potential is evolved for each CV and the CV 
only acts under its own potential. In contrast, the PBMetaD-PF schemes allows for all of the members of a given 
family to contribute to the formation of a single bias potential that, in turn, acts on all of the members of a 
particular family. Reprinted with permission from ref 236. Copyright 2018 American Chemical Society. 

In the following sections we will go on to introduce model systems where these methods have 

been applied, and comment on areas which might benefit from implementation of newer PB 

variants. 
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5.4 Example 1: Alanine and Sarcosine in Solution and Near a 
Surface 

Prakash et al.411 employed PBMetaD to study the orientation and conformation of alanine 

and sarcosine in water and near self-assembled monolayers (SAM). The study was aimed towards 

parameterizing a new model to understand how differences in the conformational flexibility of a 

peptide and peptoid affect their structure in solution and near a surface. By biasing the following 

three CVs, they were able to ensure that folding/unfolding of the peptide and binding/unbinding 

to the surface were simultaneously explored: (1) radius of gyration of the molecule, (2) alpha-beta 

dihedral parameter, and (3) orthogonal distance between the molecules center of mass and the 

surface (which was frozen to prevent extensive deformation during simulations). The free energy 

profile was constructed after performing a three replica multiple walkers PBMetaD simulations 

(however, using more than two CVs in WTMetaD exponentially reduces the computational 

efficiency of the simulation). To further understand the effect of surface chemistries, they 

simulated both hydrophobic and hydrophilic SAMs (Figure 5.3a). Due to the rapid convergence 

of a system biased with three CVs, the authors were also able to employ the scheme developed by 

Tiwary et al. to reweight two other variables—clusters and number of contact residues.412 The 

sampling of the low-energy regions of the three CV space would have been computationally more 

demanding using a traditional multidimensional MetaD bias. 

From Figure 5.3b, we see that the binding of both alanine and sarcosine are similar at the 

hydrophobic and hydrophilic surfaces, although the interaction with the hydrophobic surface for 

each molecule is stronger than with the hydrophilic surface. The contribution of two types of 

interaction energies (Lennard-Jones and Coulomb) on the binding of the molecules to the surface 

was also studied by reweighting the simulation trajectories to calculate the unbiased distribution 

of these short-range interaction energies. Although the overall interaction energies of both the 

molecules are comparable (Figures 5.3c and 5.3d), the LJ energy dominates the binding to the 

hydrophobic surface.  
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Figure 5.3. Simulation of sarcosine and alanine near SAMs that are either hydrophobic (−CH3 terminated) or 
hydrophilic (−COOH terminated). (A) Simulation setup for the hydrophilic surface (bottom) and hydrophobic 
surface (top). (B) Free energy curve as a function of distance from the surface. Energy contributions from short-
range Coulombic and Lennard-Jones interactions with distance from the (C) hydrophilic and (D) hydrophobic 
surfaces. Reprinted with permission from ref 411. Copyright 2018 American Chemical Society. 

5.5 Example 2: Elucidating Reaction Networks with SPRINT 
Coordinates 

Fu and Pfaendtner413 have demonstrated an approach to studying chemical reaction 

networks by using PBMetaD to explore the connections of atoms in a molecule. The CVs that they 

utilized to describe these connections are called Social PeRmutation INvarianT (SPRINT) 

coordinates.414 A SPRINT coordinate is a type of generic CV that describes the relative 

connectivity of atoms in a system and is derived from the contact matrix of all relevant atoms. 

These generalized CVs are unique in that they require no chemical intuition about a system a 

priori, and the only “chemical information required” are the equilibrium bond lengths of the atoms 
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involved. In practice the number of SPRINT CVs scales massively with the size of the system, due 

to the nature of creating a contact matrix for every atom in the system. Fu and Pfaendtner have 

shown that chemical reaction networks can be explored by using the PBMetaD scheme to bias all 

of the atomic SPRINT coordinates of a system. Particularly, they employed this 

PBMetaD+SPRINT framework to explore the decomposition of g-ketohydroperoxide (KHP), also 

known as the Korcek reaction mechanism. 

From their study, they concluded that the recovered reaction networks and pathway 

selectivities were largely unaffected by the choice of conservative or aggressive bias parameters 

(i.e., Gaussian hill height and width). It was noted, however, that the use of aggressive bias 

parameters may increase the number of reactive events that are sampled, but also carries the 

potential risk of missing reverse reactions. 

They also investigated how the choice of starting structure affected the sampled pathways. 

For KHP decomposition, the lowest energy pathway proceeds via a ring-formation step to form 

1,2-dixolan-3-ol (CYCP), shown in Figure 5.4, from which the network diverges into four 

pathways. They found that the choice of starting structure (i.e., KHP or CYCP) did not impact the 

sampled pathways but affected the recovered selectivity. Since KHP and CYCP exhibit different 

bonding topologies, the atomic SPRINT coordinates are distributed differently between the two 

structures, and thus the history-dependent bias potential accumulates at different points in phase 

space. 

Lastly, one important feature of PBMetaD+SPRINT that separates it from other automated 

reaction prediction methods is the ability to distinguish between pathways that produce 

enantiomers, whereas other methods lose chirality in their predictions. 
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Figure 5.4. Reaction network of KHP after passing through CYCP. This reaction network was produced from 
simulations with KHP as the starting structure and with a temperature of 800 K. Barrier heights were not 
determined from the PBMetaD simulation, but added later from additional DFT calculations. Forward reactions 
barriers are listed as the first value going from top to bottom, the second value listed corresponds to the reverse 
reaction. Reprinted with permission from ref 413. Copyright 2018 American Chemical Society. 

5.6 Example 3: Effect of Surfactant on the Surface Induced 
Denaturation of Proteins 

It is known that surfactants prevent surface induced denaturation of proteins, and to study 

this mechanism, Arsiccio et al. employed atomistic MD enhanced by PBMetaD in order to 

exhaustively sample peptide configurations at three interfaces, namely, air-water, ice-water and 

water-silica.415 This study uses GB1, a 16-residue peptide that folds into a stable beta hairpin, and 
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Tween 80, a polysorbate as the model protein and surfactant, respectively. By employing 

PBMetaD, the authors were able to include more CVs than is typically possible by utilizing 

conventional metadynamics, while ensuring that the bias converged to the well-tempered form in 

the long time limit.  The CVs that were used in this study were: (1) distance between protein center 

of mass and the surface, (2) alpha beta backbone dihedral parameter, (3) peptide radius of gyration, 

(4) antiparallel beta sheet content, and (5) coordination number of the Tween 80 molecule around 

the protein surface. 

As the effect of surfactant on protein stability is complex, employing a wide spectrum of 

CVs enabled the authors to study this process over multiple length scales. Different multi-

dimensional free energy surfaces were constructed by reweighting the biased simulations using 

the method of Tiwary et al., as shown in Figure 5.5a.412 Overall, it is seen that GB1 is unstable at 

air-water and ice-water interfaces; however, it is stabilized in the presence of a silica surface. With 

the introduction of Tween 80, this trend reverses, with the GB1 being slightly unstable at the silica-

water interface. To further investigate the nature of surfactant-protein binding, an orientation 

parameter was defined as the ratio between the coordination number of the surfactant tails and 

surfactant heads around the protein, seen in Figure 5.5b, for the silica-water interface. It was 

concluded that the surfactant acts to stabilize/destabilize a protein by an orientation dependent 

mechanism, where hydrophilic heads oriented toward the protein stabilize it, and hydrophobic tails 

oriented toward the protein destabilize it.  
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Figure 5.5 (a) Free energy surface as a function of beta sheet content vs. distance (left), radius of gyration vs. 
beta sheet content (center) and snapshot of G1B on silica surface (b) Free energy surface of peptide distance vs. 
orientation parameter for G1B at silica-water interface. Reprinted with permission from ref 415. Copyright 2018 
American Chemical Society. 

5.7 Example 4: Protein Simulation Near a Quartz Surface 

To compare three variations of MetaD on protein-surface simulations, Prakash et al.269 

simulated a model peptide GGKGG on quartz. Specifically, they used well-tempered (WTMetaD), 

parallel bias (PBMetaD), and parallel tempering in the well-tempered ensemble (PTMetaD-WTE) 

to sample the conformational landscape of peptide binding to silica. A second objective of the 

study was to elucidate the effect that the choice of CV has on the energy landscape and binding 

free energy of the peptide. All simulations were carried out at a pH of 7.5 and different electrolytes 

were added to mimic varied experimental conditions.  

For the WTMetaD simulations, the CV used was the orthogonal distance between peptide 

center of mass (COM) and surface. For PTMetaD-WTE, six replicas were simulated between 300-

450 K and a bias potential was applied to the distance between the COM of the peptide and the 

surface. In contrast to the methods above, two CVs were applied for the PBMetaD simulations, 

namely (1) z-component of the distance of each ion from the surface and (2) distance of the COM 

of the peptide from the surface.  

Based on the type of electrolytic solution used, the authors evaluated the efficiency of the 

methods based on peptide binding free energy profile and convergence of the simulations. From 

Figures 5.6a and 5.6b, it is seen that WTMetaD is sufficient for systems containing dilute 

solutions of electrolytes as well as excess weak biding electrolytes. This is because it yields the 

same free energy profile as the other two schemes in short simulation times, as many peptide 

binding/unbinding events occur over the course of the simulation, allowing for correct 

convergence of the binding free energy profile. In the case of excess competing electrolytes and 

excess strong binding electrolytes, shown in Figures 5.6c and 5.6d, respectively, PBMetaD 

yielded the most accurate binding free energy profile. This is due to the fact that, along with peptide 

degrees of freedom, it can also bias ion degrees of freedom which is important as ions have a 

similar binding affinity to the surface as the peptide, due to which they need to be sampled directly. 

Overall, in systems like these where ions and peptides have competing slow degrees of freedom, 
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PBMetaD is shown to be the most accurate sampling scheme as it takes both these effects into 

account.  

This is a choice example of a system where PBMetaD-PF could find application, due to 

the degeneracy in free energy profiles of each “family” of ions. For example, in the highly 

concentrated system the PBMetaD simulation was used to bias the distances between the COM of 

the peptide, 25 sodium, and 26 chloride ions to the surface, for a total of 51 CVs. Alternatively, 

since the profile of each class of ions is degenerate, a PF simulation would bias only three CVs: 

(1) the peptide, (2) the family of sodium ions, and (3) the family of chloride ions. 

 

Figure 5.6. Free energy projected onto the center of mass (COM)-surface distance with: (A) no electrolyte, (B) 
excess Na0.5+ ions, (C) excess Na+ ions, and (D) excess Ca2+ ions. Green lines indicate thermally averaged 
ion binding profiles from PBMetaD simulations. Solid and dotted purple lines indicate peptide-binding profiles 
from PBMetaD and WTM simulations, respectively. Reprinted from ref 269, with permission from Elsevier. 
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5.8 Example 5: Sampling Structural Ensembles of Peptides without 
Forcefields  

T. Löhr et al. show that the M&M approach implemented with PBMetaD studies can 

effectively explore the conformational space of a disordered peptide, with sufficient experimental 

data, independent of the forcefield.244 They simulated a disordered peptide with the sequence 

EGAAWAASS incorporating three sources of experimental data which included: NMR chemical 

shifts (CS), J-couplings (JC), and Residual Dipolar Couplings (RDCs). They simulated three 

variations of M&M: unrestrained (no experimental data), using CS and JC data, and using all the 

data (CS, JC, and RDCs), while also comparing two forcefield/water model combinations 

(CHARMM22/TIP3P vs AMBER99SB/TIP4P-D). Additionally, they compared the results of an 

implicit water model (EEF1-SB) using the CHARMM36 forcefield for the unrestrained and full 

data (CS, JC, and RDCs) cases. This gave a total of eight simulation ensembles to be compared. 

For the metadynamics calculations, they biased the following CVs: backbone and dihedral angles; 

E1-S9 Cα–Cα distance; W5 χ1 and W5 χ2 angles; and similarities between φ3 and φ6, as well as 

ψ3 and ψ6, dihedral angles. Upon reweighting the simulations for the equilibrium distribution, 

their results indicate that regardless of the forcefield, quality of results from M&M simulations 

were more similar to the reference data, with the addition of more experimental information into 

the system. This method allowed for results using two forcefields that were not only in good 

agreement with each other, but the experimental data as well. To push the limits of this method, 

they looked at simulations of the protein in implicit solvent and compared them to results from the 

explicit water models. Compared to the unrestrained models they noted an increase in agreement 

with experiments, similar to results obtained for the explicit model. A summary of these results is 

included in Figure 5.7. Figure 5.7c demonstrates that in the M&M simulations the results for two 

different forcefields are indistinguishable from the experimental results, which is not observed 

without the M&M scheme implemented. The power of this approach is demonstrated by its ability 

to elucidate an ensemble of data with different priors that share a common solution.  
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Figure 5.7. Results of M&M simulations comparing results for the explicit (C22) and implicit (C33) solvent 
models. (A) Root-mean-square-deviations (RMSD) of CS, JC, and RDC comparing unrestrained and fully 
restrained implicit solvent models, using experimental values as reference, (B) Probability distributions of the 
radius of gyration for the fully restrained implicit case (C36), unrestrained implicit case, and restrained explicit 
case (C22) (C) Squared-deviation inter-residue distance matrix between fully restrained explicit, and fully 
restrained implicit simulations. Reprinted with permission from ref 244.  

5.9 Example 6: 7-Particle Lennard-Jones System 

Prakash et al. employed PBMetaD-PF to describe the system consisting of 7 LJ particles 

constrained in two dimensions.236 All 21 interatomic distances were biased for PBMetaD, and were 

partitioned into a single family for PBMetaD-PF. For comparison, simulations of the same system 

were carried out using unbiased MD and WTMetaD, where the CVs biased were the second and 

third moments of the coordination numbers. The free energy profile for WTMetaD was recovered 

by reweighting the coordination numbers onto the inter-atomic distances and compared with those 

obtained from PBMetaD and PBMetaD-PF (Figure 5.8a). It is seen that the energy profiles for 

these schemes were identical, proving that PBMetaD-PF can capture the conformational landscape 

of a system with high convergence speeds (21 times faster than PBMetaD due to the partitioning 
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into families). Prior work has shown the 7 LJ particle system exhibits four stable structural minima, 

and these studies established that the second and third momenta of the coordination number were 

adequate to differentiate the structures.416,417 Hence, the inter-atomic distances that were biased in 

PBMetaD-PF were reweighted for the coordination numbers to remain comparable to prior work. 

This reweighted FES shown in Figure 5.8b correctly captures the four structural minima, 

consistent with prior results. This example demonstrates that PBMetaD-PF can effectively capture 

complex free energy landscapes that contain multiple stable minima, such as aggregation of pre-

nuclei from solution.  

 

Figure 5.8. (a) Mean-aligned free energy profiles of the interatomic distance between LJ particles (b) Free 
energy surface recovered from PBMetaD-PF simulation of the 2D seven-particle LJ system after reweighting 
for second and third moments of the coordination number. Reprinted with permission from ref 236. Copyright 
2018 American Chemical Society. 

5.10 Conclusions 

To improve sampling in molecular dynamics simulations, many enhanced sampling 

methods have been proposed over the years. This review is focused on applications of the 

PBMetaD method, which has found extensive utility since its introduction in 2015. We review six 

distinct implementations of PBMetaD, ranging from the effect of ion concentration in peptide 

binding to protein structure determination in solution. An important, unexplored avenue is the 

application of PBMetaD-PF to study the driving forces of multiple peptide aggregation in solution. 

Overall, the main benefit of the method is its versatility and scalability to large numbers of CVs. 
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Additionally, although the method does not yet have a formal proof of how to reweight the bias 

potential, various reweighting schemes have been employed using both the rigorous, on-the-fly 

method of Tiwary and Parrinello412 as well as the convenient Torrie-Valleu383 style reweighting 

introduced by Branduardi et al.401. Whereas the former was a convenient ansatz and proved to give 

physically meaningful results in the study of Prakash et al.411, the latter method was shown to 

exactly converge to the underlying free energy (of unbiased variables) for the limited case of LJ 

clusters.236 Future work should further explore the application of the Tiwary-Parrinello estimator 

and compare the convergence efficiency of different types of CVs against the more ad hoc 

approach. Another frontier area for biasing large numbers of CVs is the case when there are largely 

different relevant energy scales. It has been long established that the adjustable “bias factor” in the 

well-tempered variant of MetaD should somewhat correlate to the barriers on the reduced-

dimension free energy landscape (c.f., Figure 1 in the original WTM paper86), however the case is 

less clear when using PBMetaD to bias multiple CVs that could benefit from substantially different 

bias factors. There are ample model systems from which the convergence properties of these 

instances could be explored. Finally, this high dimensional sampling scheme still suffers from a 

general problem, which is the proper selection of CVs. Emerging methods for learning CVs such 

as the SGOOP protocol of Tiwary and Berne may be of use here.418 Enhanced sampling methods 

have an important role to play in the molecular simulators toolbox, and the coming years will 

determine the relative importance of methods that survey many low-dimensional CVs such as 

PBMetaD.   
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Chapter 6  
Amino Acid Substitution of Distal and Active Site 
Residues Reduce Product Inhibition of E1 Endocellulase 
from Acidothermus Cellulolyticus5 
 

6.1 Abstract  

Cellulases are largely afflicted by inhibition from their reaction products, especially at high 

substrate loading, which represents a major challenge for biomass processing. This challenge was 

overcome for endoglucanase 1 (E1) from Acidothermus cellulolyticus by identifying a large 

conformational change involving distal residues upon binding cellobiose. Having introduced 

alanine substitutions at each of these residues, we identified several mutations that reduced 

cellobiose inhibition of E1, including W212A, W213A, Q247A, W249A, and F250A. One of the 

mutations (W212A) resulted in a 47-fold decrease in binding affinity of cellobiose as well as a 

five-fold increase in the kcat. The mutation further increased E1 activity on Avicel and dilute-acid 

treated corn stover and enhanced its productivity at high substrate loadings. These findings were 

corroborated by funnel metadynamics, which showed that the W212A substitution led to reduced 

affinity for cellobiose in the +1 and +2 binding sites due to re-arrangement of key cellobiose-

binding residues.  

  

 
5 This chapter was reproduced with permission from S. Summers, S. Alamdari, C. J. Kraft, R. Brunecky, J. 
Pfaendtner, J. L. Karr. Substitution of Distal and Active Site Residues Reduces Product Inhibition of E1 from 
Acidothermus Cellulolyticus. Protein Engineering Design & Selection. (In Press) Copyright 2021 Oxford 
University Press.  
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6.2 Introduction  

Over the last several decades, numerous advances have improved the viability of enzymatic 

processes for generating renewable biofuels from cellulosic materials. However, the high cost of 

enzymes required to effectively breakdown cellulose to glucose remains a major bottleneck for the 

commercialization of such processes.419 Although many factors contribute to the cost of these 

enzymes,420,421 one factor that is prominent in such processes is the inhibition of cellulases by 

hydrolysate. Specifically, the hydrolysis products cellobiose, and less so glucose,422 are notorious 

inhibitors of cellulase enzymes, especially at high substrate loadings.423,424 As a result of product 

inhibition by cellobiose, fresh enzyme must be fed intermittently to the reaction, resulting in the 

need for high enzyme loadings. Furthermore, cellobiose inhibition prevents the recycling of 

enzyme in the reaction, which is necessary to keep the cost of the enzymes low at commercial 

scale.425 

  To overcome the challenge of product inhibition and enable enzyme recycling in 

biorefining processes, several approaches have been investigated. A common approach has 

involved the removal of hydrolysate, including cellobiose, during biomass conversion via 

membrane filtration.426 In one example, Gan and co-workers427 showed the conversion of cellulose 

could be increased 1.5 times in a continuous process with simultaneous filtration of hydrolysate 

compared to in a batch process. Although promising, membrane fouling remains a major challenge 

in such approaches as is the requirement for large reactors to enable high cellulose conversions.428 

Another conventional approach to alleviate hydrolysate inhibition of cellulases entails the addition 

of excess β-glucosidase,429 the enzyme that converts cellobiose to glucose. However, β-

glucosidases are also strongly inhibited by glucose,423 thereby creating an additional challenge that 

has stymied progress in this field.   

Due to the limitations of current approaches, recent efforts to overcome hydrolysate 

inhibition have shifted to focus on engineering hydrolysate-resistant cellulases. The susceptibility 

of cellulases to hydrolysate may be reduced through substituting amino acids at residue positions 

involved in the ligand binding interface.421,430–432 The most notable example of this involved the 

substitution of tyrosine to glycine at position 245 in endocellulase 1 (E1) from Acidothermus 

cellulolyticus.433 Substitution of tyrosine 245 to glycine in the active site of E1 resulted in dramatic 

(15-fold) reduction in the affinity of cellobiose for E1, which enhanced cellulose conversion. 

Crystallographic evidence showed that the reduction in affinity of cellobiose for E1 was due to the 
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loss of the ability of E1 to hydrogen bond with cellobiose at this position. However, such a decrease 

in affinity with cellobiose frequently coincides with a reduction in the binding of substrate, 

resulting in an important trade-off.430,434,435 For example, Atreya and co-workers reported that 

while mutations in the active site improved the tolerance of Trichoderma reesei Cel7A to 

cellobiose inhibition, these same mutations resulted in a dramatic decrease in Cel7A activity.430 

We have observed a similar trade-off for E1 where the Y245G mutation results in an increase in 

Km and thus a reduction in the catalytic efficiency of the enzyme. To date, the rational engineering 

of cellulase variants that maintain high substrate affinity while showing reduced cellobiose 

inhibition has remained elusive. 

The overall aim of this work was to identify amino acid substitutions in E1 that reduce 

cellobiose inhibition and improve enzyme activity relative to the Y245G variant. To identify such 

amino acid substitutions, 1H-15N HSQC NMR was used to discover residues in E1 that were 

perturbed as a result of binding by cellobiose. Having observed that binding of cellobiose induced 

a conformational change in E1, we systematically mutated residues that were perturbed to alanine 

to understand how each of these residues contributed to cellobiose binding. These findings led to 

the identification of multiple residues that when mutated to alanine had large effects on cellobiose 

binding and inhibition of E1. Interestingly, while some of these residues were already known to 

have a role in product binding, other residues whose role in product binding was less clear were 

also identified. Discovery of a variant with reduced product inhibition and increased catalytic 

turnover prompted the use funnel metadynamics (FM) to investigate the effect of amino acid 

substitutions on cellobiose binding. Finally, we investigated the utility of this variant by testing its 

activity on Avicel and dilute-acid treated corn stover (DACS) as well as modeling productivity at 

high substrate loading. Our findings are significant given we have shown it is feasible to engineer 

cellulases with reduced product inhibition and improved catalytic turnover frequency via 

mutations in a distal ring 

6.3 Methods 

Mutagenesis and Preparation of E1 

 Alanine-substituted E1 variants were generated using the QuikChange (Agilent) 

multi-site mutagenesis kit and confirmed via sequencing. Plasmid DNA with the desired mutations 

was transformed into BL21(DE3) Escherichia coli. Cells were grown in Lysogeny broth at 37°C 
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until an OD600 of 0.5-0.8 after which the cells were induced with isopropyl β-D-1-

thiogalactopyranoside overnight at 16°C. E1 variants were purified by hydrophobic and anion-

exchange chromatography, followed by heating to 65°C to remove contaminant proteins.436 

1H-15N HSQC NMR  

We previously analyzed the chemical shift perturbations from the interaction of wild-type 

and Y245G E1 with cellobiose by 1H-15N HSQC NMR.437 Briefly, 1H-15N HSQC NMR spectra 

were collected using ~50-200 μM 15N-labeled wild-type and Y245G E1 in 10 mM citrate buffer, 

pH 5.0 with 5 v/v% D2O at 50°C. Cellobiose was titrated into the solution containing E1 at 

concentrations ranging from 0-0.11 M. The dissociation constant for residues that were 

significantly perturbed by the presence of cellobiose were estimated from chemical shift 

perturbations using a single-site binding model that accounted for reversible binding with fast 

exchange. 

Screening Cellobiose Inhibition of E1 in Cell Lysate 

 Cells containing E1 variants were grown and induced in 5 mL cultures as described 

above. Cells were harvested at 16,000 x g for 10 min and the resulting cell pellets were re-

suspended in 1 mL of BugBuster® Master Mix solution to lyse the cells. Cell samples were gently 

shaken for 10-20 min at room temperature, and then spun at 16,000 x g for 20 min to separate the 

insoluble fraction. E1 activity was assayed by mixing 40 μL of soluble lysate with 0.5 mM 4-

nitrophenyl β-D-cellobioside (pNPC), cellobiose (0, 0.03, 0.1 M), and buffer (50 mM citrate, pH 

5.0), resulting in a final reaction volume of 400 μL. Reactions were incubated at 50°C while 

removing 50 μL aliquots at various time points. The reaction in each of the aliquots was quenched 

by adding 50 μL of 0.5 M sodium carbonate (pH 11.5). The concentration of the product, 4-

nitrophenolate, in the aliquots was measured spectroscopically at 405 nm. Lysate reactions at each 

condition were measured in triplicate using the same soluble fraction sample. 

Determination of Kinetic and Inhibition Constants for E1 

Michaelis-Menten kinetic constants for E1 were determined by monitoring the hydrolysis 

of pNPC (0-9 mM) in 50 mM citrate buffer (pH 5.0) at 50 °C using 0.25 μM of enzyme. Inhibition 

by cellobiose was assessed using 0, 22, 60, and 100 mM cellobiose, which was added to the 

solution before initiating the reaction with E1. The resulting Michaelis-Menten curves were fit to 
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a competitive inhibition model through nonlinear regression analysis using JMP Pro 14 to extract 

values for kcat, Km, and KI.  

Molecular Simulation Details 

Molecular simulations were performed on the wild-type as well as Y245G and W212A E1 

systems in their holo form using GROMACS2018.372. The structure of E1 was obtained from 

Protein Data Bank (accession code: 1ECE)438, whereas the structures for the Y245G and W212A 

E1 were generated by in silico point mutations. All systems were simulated using the Amber 14SB 

forcefield439 in an 9.0 x 9.0 x 9.5 nm3 simulation box containing approximately 22,000 TIP3P 

water molecules and 11 sodium counter ions, and 2 disulfide bonds between pairs 34/120 and 

168/171. A cellobiose ligand was generated from the cellotetraose bound to the +1 and +2 product 

binding sites in 1ECE, and was modeled using the GLYCAM_06j-1440 carbohydrate parameter 

set. 

Systems were minimized using a steepest descent method over a maximum of 10,000 steps. 

Each system was then equilibrated to 300 K in NVT over 1 ns and to 1 bar in NPT over 1 ns. In 

all simulations, a Parrinello-Rahman barostat82 (t = 1.0 ps) and a global stochastic thermostat 81(t 

= 0.1 ps) were used. A 1.2 nm cutoff was used for calculating both short range van der Waals 

interactions and particle-mesh Ewald electrostatics. Periodic boundaries were applied in all 

directions. Hydrogen bonds were constrained in all simulations by the LINCS80 algorithm, and a 

2 fs timestep was used in all simulations.  

Following equilibration, metadynamics simulations were carried out in the NVT ensemble 

at 300 K using Plumed 2.373 and applying the same thermostat and parameters used in 

equilibration. Using the FM Advanced Protocol441 a funnel restraint was applied to each system 

with the following parameters: Zcc was set to 2.5 nm, α was 0.55 radians, and a value of 0.1 nm 

was used for Rcyl, and a harmonic restraint to keep the ligand within a funnel-shaped region was 

used with a kappa value of 50,000 kJ/mol/nm2. A 2D well-tempered metadynamics potential was 

applied to each system biasing two collective variables (CVs): 1) The z-axis of the funnel and 2) 

the distance between the center of mass of the ligand and residue 213, using a sigma of 0.05 nm 

for both variables. This sufficiently described binding of cellobiose to the product binding site, 

which is located between residues 245 and 213 in wild-type E1. For metadynamics an initial 

gaussian height of 2.5 kJ/mol, a bias factor of 8, and a deposition rate of 1hill/2 ps was used. Upper 
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and lower walls were placed to constrain sampling within the region of the funnel, and an 

additional lower wall was placed on the wild-type system at 0.7 nm on collective variable 2 to 

prevent simulation errors. The use of walls in the FM scheme to aid in sampling these systems has 

previously been described in detail.441 RMSD of the backbone a-carbons was monitored during 

the metadynamics run to confirm that the bias added from the funnel restraint did not lead to any 

conformational changes (Figure C-S1). All corresponding PLUMED input files required to 

reproduce the results reported in this paper are available on PLUMED-NEST 

(https://www.plumed-nest.org/) the public repository of the PLUMED consortium 

(plumID:21.012).89  

Systems were simulated for 400 ns for WT E1 and 300 ns for both Y245G and W212A E1 

to allow for convergence of free energy. Systems were characterized as being converged when ΔG 

fluctuations were on the order of thermal fluctuations (±KBT) while the system was exploring the 

CV space without additional hills being deposited. This criterion was met for all systems over the 

at least the last 30% of each simulation and is given in Figure C-S2. Free energy was reweighted 

along the z-axis of the funnel (describing solvation) and the distance perpendicular to the funnel 

z-axis (describing location in the binding pocket) for each system.442 

Conversion of Avicel and DACS 

Progress curves for the conversion of Avicel and DACS were generated for wild-type, 

Y245G, and W212A E1 using 1.5% wt Avicel and DACS at 50°C in 20 mM sodium acetate buffer 

(pH 5.0) with 100 mM NaCl. For these studies, a low (0.5 mg/g substrate) and high (2 mg/g 

substrate) concentration of E1 was used. To promote complete conversion from cellulose to 

monomeric glucose, exocellulase Cel7A from Trichoderma reesei (15 mg enzyme/g cellulose) and 

Aspergillus niger β-glucosidase (0.5 mg enzyme/g cellulose) from Megazyme were added to the 

reaction mixture with E1. Prior to the reaction, β-glucosidase was de-salted using a Hi-Trap 26/10 

de-salting column to remove ammonium sulfate. Hydrolysis of Avicel and DACS was monitored 

for 4 days. At various time points throughout the 4-day reaction, aliquots were removed from the 

reaction and boiled for 15 min to inactivate the enzymes. Samples were the filtered using a 0.45 

µm Acrodisc syringe filter and the sugar content released during hydrolysis was analyzed via 

HPLC using an Agilent 1100 HPLC system equipped with a BioRad Aminex HPX-87H 300 mm 

x 7.8 mm column heated to 55°C. A 20 µL injection volume as well as a constant flow of 0.6 
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mL/min was used with 0.1 M sulfuric acid in water as the mobile phase. The concentration of 

glucose, xylose, and cellobiose were determined using independent standard curves and converted 

to total anhydrous glucan equivalents. All experiments were performed in triplicate and the 

resulting extents of conversion are shown as percent glucan converted. 

Modeling of Theoretical E1 Productivity 

Theoretical productivity curves of E1 variants were generated using the integrated 

Michaelis-Menten equation (Equation 4.1) for linear competitive inhibition (assuming no product 

is initially present):443 

t =
1

Vmax
%Km &

St=0
KI

+ 1( ln )
St

St=0
*+ &1−

Km
KI
( (St − St=0).	 6. 1 

The Km and KI values used were derived from the initial velocity experiments with pNPC 

and cellobiose. Vmax was calculated using kcat values derived from Michaelis-Menten analysis 

as well as an industrially relevant enzyme concentration of 0.13 mg/g substrate.419 For substrate 

concentration, a value of 0.23 mM, which corresponds to a high substrate loading from the 

literature, was used.424 Error for the productivity curves was calculated using the errors from 

kinetic and inhibition parameters. Productivity curves were generated by solving the implicit 

function in Mathematica for the substrate concentration (St) over a time period of 20 h. 

6.4 Results and Discussion 

Structural Analysis of E1-Cellobiose Interaction 

We have previously used 1H-15N HSQC NMR to characterize the impact of active site 

mutations in wild-type (WT) and Y245G E1 on the binding of cellobiose.437 In these studies, 

cellobiose was used as substrate analogue to elucidate how mutations altered the affinity of E1 for 

cellulose relative to 1-butyl-3-methylimidazolium chloride, an ionic liquid that has been 

exhaustively studied as a possible solvent for biomass processing given its capacity to solubilize 

cellulose. In this work, we investigated the extent to which the binding of cellobiose induces 

structural changes that are outside the active site of E1. Interestingly, analysis of chemical shift 

perturbations from 1H-15N HSQC NMR revealed a significant number of distal residues with 

large perturbations in the structure of WT E1 (Figure 6.1A and Figure C-S3, which shows the 

near complete 1H-15N HSQC spectra for WT E1 in the presence of 0-30 mM cellobiose). In total, 
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we observed 29 residues that were significantly perturbed, which indicated a large conformational 

change in the enzyme. These residues formed a ring along the surface of WT E1 that involved the 

helix interface between alpha helices 7 and 8 as well as helix 6 (Figure 6.1B and C). The ring 

further initiates and ends within the active site near where cellobiose binds. Given the connectivity 

of the ring with the active site, this finding explains how cellobiose binding may induce a 

conformational change in the ring. To confirm perturbations of the residues in the ring were 

coordinated, the dissociation constant for cellobiose binding was determined from the chemical 

shifts of several distal residues, including F283, T286, L287, Q293 and W295 (Figure C-S4). 

Notably, the Kd values for E1-cellobiose binding based on the chemical shifts of this subset of 

residues were similar (2.61-6.31 mM), suggesting the perturbation of these residues was indeed 

connected. Additionally, the Kd values based on these residues was nearly the same as the Kd for 

E1-cellobiose binding based on the chemical shift of residue W213 (3.56 ± 0.002 mM), which 

directly interacts with cellobiose in the active site. When fit with the average Kd of the subset of 

distal residues, there was excellent agreement between the chemical shifts for the remaining 

residues and the fit of the binding isotherms. This further confirmed the structural changes in the 

ring were indeed coordinated and that these changes were the result of a large conformational 

change in WT E1 upon cellobiose binding.  
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Figure 6.1. 1H−15N HSQC NMR analysis of the interaction of WT E1 and cellobiose. (A) Overlay of partial 
1H−15N HSQC spectra of WT E1 in the presence of 0 (black), 1 (pink), 2 (red), 6 (orange), 10 (yellow), 15 
(green), 21 (cyan), and 30 (blue) mM cellobiose. The partial overlay of the spectra show select distal residues in 
the ring region that are significantly perturbed as defined by having a Δδ > 1σ from average. The labels and 
arrows indicate the residue number and direction of the chemical shift perturbations, respectively. Additionally, 
the asterisk indicates a peak that was significantly perturbed, but for which there is no residue assignment. (B) 
Projection of residues with significant chemical shift perturbations on the surface of WT E1 (shown in cyan). 
The structure of cellobiose bound in the active site of WT E1 is shown in stick representation (yellow). (C) A 
close-up view of helices 6-8 that were part of the ring region. 

Although related studies have examined how cellobiose affects the structure of other 

cellulases,435,444 this is the first report of a binding-induced conformational change outside the 

active site for an endoglucanase. Since substrate binding to the -1 to +1 sites in the active site can 

lead to small structural changes in cellulases,445–447 we verified that cellobiose was bound to the 

consensus product binding position (+1 to +2 sites). Consistent with this finding, the chemical 

shifts of residues E282, W319, and H116 that are involved in substrate binding were negligible. 

Additionally, the residues adjacent to the ring that is perturbed by cellobiose binding have 

relatively high B-factors compared to the rest of WT E1. This suggests the ring may have different 

conformers in the crystal structure of WT E1 when bound to cellobiose and cellotetraose, which 

is consistent with our NMR findings. In contrast with WT E1, the relative magnitude of the 

chemical shift perturbations in the critical ring were considerably smaller for Y245G E1 at high 



 103 

cellobiose concentrations (Figure C-S5). This is notable since Y245G E1 is significantly less 

inhibited by cellobiose compared to WT E1 as mentioned above. Furthermore, the apparent Kd 

values for the residues that shifted were dissimilar, suggesting the lack of a coordinated structural 

change. Based on our findings, we hypothesized it may be possible to inhibit cellobiose binding to 

E1 through amino acid substitutions that disrupt the connectivity of the critical ring. Specifically, 

if the conformational change in the ring stabilizes the binding of cellobiose, disrupting this change 

may reduce the affinity of cellobiose for the active site of E1. 

Impact of Mutation of Loop Region on Cellobiose Inhibition 

Given our structural observations, we sought to determine if the mutation of one or more 

of the residues in the ring could block cellobiose binding without adversely impacting E1 activity. 

This question was investigated by mutating each residue in the ring to alanine and measuring the 

binding of cellobiose as well as the activity of E1 for each mutation. Such an approach is analogous 

to the use of alanine scanning to determine the contribution of important residues to the stability 

of proteins as well as protein-protein interactions.448 Notably, alanine is classically used in 

scanning mutagenesis experiments because it is small, has minimal effects on protein structure, 

and does not interact strongly with other residues. To rapidly screen the effect of alanine 

substitutions on cellobiose binding and inhibition, the relative activity of E1 in the lysate of E. coli 

cells was measured using pNPC as a substrate. Variants were assessed by comparing their relative 

activities in the presence of 0, 0.03, and 0.1 M cellobiose to that of WT and Y245G E1. In addition 

to screening alanine variants for the 29 residues that were structurally perturbed, alanine variants 

for 6 other residues that were unassigned in the 1H−15N HSQC NMR spectra and presumed to be 

part of the ring were also screened.  

Of the 35 alanine variants screened, enzymatic activity was detected for all the variants 

except five, which involved substitution of highly conserved and buried residues. However, five 

of the variants, including W212A, W213A, Q247A, W249A, and F250A E1, exhibited reduced 

cellobiose inhibition (Figure 6.2). Specifically, E1 with each of these substitutions was 

significantly more active (based on 95% confidence) in the presence of 0.03 and 0.1 M cellobiose 

relative to WT E1. It was perhaps not surprising that the replacement of residues 212, 213 and 247 

with alanine led to reduced cellobiose inhibition given they are located at the ends of the ring in 

the active site. Moreover, residues W213 and Q247 have previously been shown to stabilize 
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cellobiose binding through stacking and hydrogen-bonding interactions.433,438 Although also in the 

active site, it is less obvious how replacement of W212 with alanine disrupts cellobiose binding 

given it is unclear if and how it interacts with cellobiose. However, even more interesting was the 

impact of the replacement of W249 and F250 with alanine given that these residues are located 

outside the active site and are largely non-solvent accessible. Unlike the residues in the active site, 

the replacement of these residues may disrupt cellobiose binding indirectly through altering the 

conformational change in the critical ring. Despite being outside the active site and thus distal, it 

is interesting to note that the replacement of residues furthest from the active site with alanine had 

a negligible impact on product inhibition. As such, proximity to the active site may be critical for 

disrupting the conformational change of the ring, although this remains to be confirmed through 

detail structural studies. While replacement of P260 with alanine also resulted in reduced 

cellobiose inhibition, this was presumed a false positive due to unusually large variability in 

activity measurements. 

 
Figure 6.2. E1 lysate screen for cellobiose inhibition of alanine-substituted variants. Relative activity was 
determined by normalizing the activity of each variant in the presence of 0.03 (black bars) and 0.1 (white bars) 
M cellobiose to that the activity of each variant in the absence of cellobiose. Error bars represent the standard 
deviation from the mean for three replicate measurements. Horizontal lines with long and short dashes represent 
the cutoff for determining significant difference (based on 95% confidence) in the presence of 0.03 and 0.1 M 
cellobiose, respectively, from the activity of WT E1. Asterisks indicate substitutions that resulted in variants 
with no appreciable activity above background hydrolysis. 

0

20

40

60

80

100

120

140

160

W
T

Y2
45

G
W
16
9A

Q
20
4A

Y2
06

A
Y2

11
A

W
21
2A

W
21
3A

H
23

8A
D
23

9A
Y2

40
A

P2
46

A
Q
24
7A

W
24
9A

F2
50
A

F2
55
A

P2
56

A
M
25

9A
P2

60
A

W
26
3A

K
26

5A
W
26
7A

L2
80

A
T2

85
A

T2
86
A

L2
87

A
Q
29
3A

W
29
5A

K
29

7A
V3

00
A

Q
30
1A

Y3
02

A
L3

03
A

F3
14
A

Y3
46

A

R
el
at
iv
e
A
ct
iv
it!

"#
$

Re%i&'e

* * * * *

0(03 )M cell*+i*%e
0(1 )M cell*+i*%e



 105 

The impact of the replacement of W212A, W213A, Q247A, W249A, and F250A on 

cellobiose inhibition of E1 was characterized further by kinetic assays using the purified variants. 

Of specific interest was comparing the kinetic parameters kcat and Km as well as the inhibitory 

constant KI for cellobiose for the variants to that for WT as well as Y245G E1. To determine kcat, 

Km, and KI, the initial rate for E1 with varying substrate (pNPC) concentrations was measured in 

the presence of 0, 22, 60, and 100 mM cellobiose. Due to unusual kinetic behavior (e.g., non-linear 

competitive inhibition) and increased aggregation, the kcat, Km, and KI could not be determined for 

W213A, Q247A, W249A, and F250A E1. However, we were able to determine kcat, Km, and KI 

for the W212A variant, which exhibited linear competitive inhibition in the presence of cellobiose. 

Remarkably, the KI for the W212A variant (135.3 ± 4.5 mM) was significantly higher than that 

for WT (2.87 ± 0.09 mM) and Y245G E1 (69.8 ± 3.9 mM), indicating weaker inhibition by 

cellobiose (Table 4-1). Furthermore, the kcat for the W212A variant was approximately five-fold 

that for WT E1 and two-fold that of Y245G E1, although the Km for the W212A variant was higher 

than for WT and Y245G E1. Because of the higher Km, the overall catalytic efficiency of the 

W212A variant was slightly lower than for WT and Y245G E1, yet this decrease is compensated 

for by the reduction in inhibition. The decrease in KI and increase in kcat for W212A E1 was 

extremely encouraging for identifying amino acid substitutions that improved the overall 

productivity of E1 in breaking down cellulose. Figure C-S6 in the Supporting Information shows 

the Michaelis-Menten plots for WT, Y245G, and W212A E1 for the different concentrations of 

cellobiose used in the kinetic analysis. Given the presumption that P260A variant was a false 

positive, this variant was excluded from this characterization.   

 
Table 6-1. Michaelis-Menten and inhibition parameters for WT, Y245G, and W212A E1 using pNPC as a 

substrate. The inhibition constant was determined for competitive inhibition using a standard reversible 
competitive inhibition model. All values represent the mean ± standard error. 

Variant kcat (s-1) Km (mM) kcat/Km (mM-1 s-1) KI (mM) 

WT 1.11 ± 0.02 0.19 ± 0.02 5.84 ± 0.62 2.87 ± 0.09 

Y245G 2.55 ± 0.18 1.57 ± 0.12 1.62 ± 0.17 69.8 ± 3.9 

W212A 5.29 ± 0.10 6.01 ± 0.21 0.88 ± 0.03 135.3 ± 4.5 
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Using the values for kcat, Km, and KI from Table 4-1, we further modeled the productivity 

curves for W212A, WT, and Y245G E1 at high substrate loadings. By modeling productivity, we 

sought to understand if productivity of W212 E1 would be higher than WT and Y245G E1 under 

industrial conditions despite the reduction in substrate affinity. For this analysis, a concentration 

of 20% wt of lignocellulose was used to simulate conditions in which high concentrations of 

hydrolysis products would accumulate over time. This concentration of lignocellulose, which 

amounted to 8% wt (or 0.23 M) cellulose, was also used since it represents the lower limit for the 

concentration of solids for economical biomass yields.424 Additionally, the concentration of E1 

used for this analysis was 20 mg enzyme/g cellulose, which was significantly higher than that used 

for the abovementioned kinetic assays.  

As shown in Figure C-S7, the theoretical productivity of W212A E1 was greater than that 

of WT and Y245G E1. This was evident by comparing the time to reach 100% conversion of the 

lignocellulose, which was the shortest for the W212A variant. Specifically, in the case of W212A, 

complete conversion of lignocellulose was reached after only 4 h whereas complete conversion 

for WT and Y245G E1 required 18 and 8 h, respectively. Interestingly, the 4.5-fold difference in 

the time to reach complete conversion for W212A and WT E1 was nearly the same as the 

difference in values of kcat for W212A and WT E1 (i.e., the kcat of W212A E1 was 4.7-fold greater 

than that for WT E1). Similarly, the 2-fold difference in the time to reach complete conversion for 

W212A and Y245G E1 was nearly the same as the difference in values of kcat for W212A and 

Y245G E1 (i.e., the kcat of W212A E1 was 2.3-fold greater than that for Y245G E1). This finding 

suggests that improvements in the kcat of W212A E1 along with the increase in KI likely had a 

significant impact on the time to reach complete conversion. It is worth noting that the time to 

reach complete conversion on lignocellulose substrate would likely be much longer than that 

predicted here due to greater complexity of the kinetics on an insoluble substrate vs. pNPC, as well 

as more inhibitors than cellobiose (i.e., lignin) in the hydrolysate. Nonetheless, our results 

highlight the potential enhancement in productivity of W212A E1 over WT and Y245G E1 under 

industrially relevant conditions. While such a benefit is clear from this analysis, the economic 

impact of this benefit on biomass conversion processes at industrial scale remains to be seen. 
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Funnel Metadynamics of Cellobiose Binding 

To better understand how the W212A substitution reduced cellobiose binding, FM was 

used to characterize the interaction of cellobiose with WT, Y245G, and W212A E1. In FM, a 

funnel shaped restraint (Figure C-S8) is applied to the ligand, confining the ligand in the path of 

the binding pocket, while slow degrees of freedom are biased with metadynamics to enhance 

sampling of enzyme-ligand binding/unbinding events449 By sampling ligand binding events, 

details of the binding pose of cellobiose in the active site of each variant could be elucidated. The 

elucidation of such details, in turn, allowed for differences in the interactions of cellobiose with 

each variant of E1 to be determined, which was used to also explain differences in affinity. To 

confirm we were able to accurately capture the interactions between cellobiose and E1, the free 

energy of cellobiose-E1 binding for each variant (ΔGb FM
0 ) was estimated from the results of FM.449 

As shown in Table C-S1, the values of ΔGb FM
0  were indeed similar to the experimentally 

determined free energies (ΔGb
0

exp), which were computed from the KI values reported above. 

Analysis of the binding poses of cellobiose with the variants from FM showed that each 

variant had 2-3 energetic minima, or basins, that contributed to cellobiose binding (Figure 6.3). 

These basins correspond to distinct locations in the active site where cellobiose binding was 

observed as determined based on the measurement of binding energies. Because these basins were 

determined based on binding energies, they are referred to hereafter as thermodynamic energetic 

basins. Basins 1 and 3 describe binding poses near the catalytic active site (sites -1 and -2) whereas 

basin 2 describes binding near the known product binding site (sites +1 and +2). Interestingly, 

while basin 2 is the known product binding site from the crystal structure of cellotetraose bound 

to WT E1, basins 1 and 3 represent previously unreported binding sites. Of the three variants, WT 

E1 was stabilized in the consensus binding site (basin 2) to the largest extent. Upon binding in 

basin 2, cellobiose was stabilized through stacking interactions with residues W213 and Y245, 

hydrogen bonding with Q247, and non-CH/π interactions450 due to the perpendicular arrangement 

of W212 (Figure 6.4). Conversely, the Y245G substitution led to the loss of a critical 

carbohydrate-stacking interaction, which weakened cellobiose binding in basin 2, although this 

was compensated for by an increase in binding to basin 3. The enhanced binding to basin 3 

explained the increase in binding affinity of Y245G E1 for cellobiose compared to W212A E1. 

For W212A E1, cellobiose binding to basin 2 was preserved, although the interaction with basin 2 
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was weaker than for WT E1. The decrease in binding affinity was presumably the result of the 

rearrangement of W213, which prevented stacking interactions with cellobiose. Additionally, 

unlike for Y245G E1, a third energetic basin was not observed for W212A, suggesting cellobiose 

only bound to basins 1 and 2 for this variant. The differences in the apparent binding of cellobiose 

to the basins explain the differences in affinity of the three variants for cellobiose. Importantly, the 

overall structure and dynamics of the active site of the variants was similar as observed with 

unbiased classical MD simulations. In light of this, the differences in the binding free energy of 

cellobiose was solely due to the loss of favorable energetic interactions upon mutation, and not 

differences in active site accessibility. 
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Figure 6.3. Free energy surfaces showing energetic basins in the active site for WT (top), Y245G (middle), and 
W212A (bottom) E1. The spatial location of the basins is depicted by the dashed squares and labeled according 
to basin number. Basin 2 for all of the variants represents the consensus product binding site (+1 and +2 sites) 
in the crystal structure of WT E1 (PDB: 1ECE).  
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Figure 6.4. Snapshots of cellobiose in basin 2 of WT (top), Y245G (middle), and W212A (bottom) E1. 
Residues within 4 Å of cellobiose are labeled, and hydrogens and backbone atoms are omitted for clarity. Glycine 
and valine residues are not included in this visualization. 

Impact of Amino Acid Substitutions on Biomass Conversion 

Having shown the W212A variant is less susceptible to product inhibition on soluble 

pNPC, we characterized the activity W212A E1 on the relevant biomass substrates Avicel and 

DACS. Avicel and DACS are both highly crystalline, insoluble forms of cellulose; however, 

Avicel is composed of only cellulose, whereas DACS contains lignin in addition to cellulose.451 
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The activity of W212A, Y245G, and WT E1 was tested on both substrates at 1.5% wt substrate 

and at 0.5 and 2.0 mg enzyme/g substrate enzyme concentrations. To mimic industrial conditions 

where a cellulase cocktail would be used, the exocellulase Cel7A from Trichoderma reesei and 

Aspergillus niger β-glucosidase were also added to the assay. The use of such a cocktail is 

necessary (and widely used to assay endocellulases) since endocellulases such as E1 primarily 

serve to create initiation sites for exocellulases and have little activity on insoluble substrates on 

their own.  

As observed with the model substrate pNPC, the W212A variant was significantly more 

active than Y245G and WT E1 on Avicel (Figure 6.5). For comparison, the W212A variant led to 

~34% conversion at 2.0 mg enzyme/g substrate after 95 h compared to only ~30 and 27% 

conversions for Y245G and WT E1, respectively. On DACS, the W212A variant was more active 

than WT E1, but had similar activity to Y245G E1. Because DACS contains lignin, it is plausible 

that W212A E1 is inhibited more strongly by lignin than Y245G E1, which would explain the 

similar activities on DACS. Although not explored here, lignin inhibition of W212A E1 may be 

overcome via further engineering efforts, including rational modification of enzyme charge as we 

have shown previously.452 Ultimately, that W212A E1 was as active or more active than WT and 

Y245G E1 underscores the potential industrial utility of W212A E1 in commercial biomass 

conversion processes. Additionally, although the addition of glucosidases can reduce cellobiose 

inhibition of cellulases, our results show that the W212A mutation still had a beneficial effect. 
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Figure 6.5. Progress curves for the digestion of Avicel and DACS by WT, Y245G, and W212A E1. The progress 
curves were measured for each variant of E1 using a low (0.5 mg/g substrate) and high (2.0 mg/g substrate) 
enzyme loading with the addition of Cel7A from T. reesei (15 mg/g) and β-glucosidase from A. niger (0.5 mg/g). 
Error bars, which are in some cases are smaller than the symbols, represent the mean of three independent 
reactions. Lines represent the fits to the Michaelis-Menten equation. 
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6.5 Conclusions 

Our findings demonstrate that active site as well as distal mutations in E1 can significantly 

reduce cellobiose inhibition and thus enhance biomass conversion. Such amino acid substitutions 

were identified via structural analysis of the binding of cellobiose with E1, which revealed a large 

conformational change of a ring on the surface of the enzyme. To the best of our knowledge, this 

is the first evidence of a coordinated conformational change that is induced by cellobiose outside 

the active site of E1. The W212A substitution was of particular interest since the replacement of 

tryptophan with alanine led to a dramatic increase in kcat of E1 in addition to weakening the binding 

of cellobiose. These combined effects translated to increased conversion of Avicel and DACS, as 

well as greater theoretical productivity at high substrate loadings. Consistent with these findings, 

FM showed that the W212A substitution led to reduced affinity for cellobiose in the +1 and +2 

binding sites due to re-arrangement of key cellobiose-binding residues relative for WT E1. In 

addition to revealing the structural change in E1 in distal residues, we are not aware of any reports 

of mutations beyond the cellobiose binding site that enhance activity while reducing product 

inhibition of cellulases. Ultimately, the understanding from this work provides the framework to 

develop cellulases with significantly enhanced commercial utility for industrial biomass 

processing and conversion. Having demonstrated this framework for E1, it is interesting to 

consider if such understanding can be used to improve the catalytic productivity and thus utility of 

other enzymes. Of particular interest is exploring how substitutions in distal residues represents a 

useful approach to engineer other enzymes that suffer from product inhibition. 

6.6 Acknowledgements  

This work was supported by funding from the National Science Foundation award CBET 

1454379. Additionally, S.R.S. was supported by the U.S. Department of Energy (DOE), Office of 

Science, Office of Workforce Development for Teachers and Scientists, Office of Science 

Graduate Student Research (SCGSR) program. The SCGSR program is administered by the Oak 

Ridge Institute for Science and Education (ORISE) for the DOE. ORISE is managed by ORAU 

under contract number DE-SC0014664. S.A. also acknowledges support from the National 

Science Foundation Graduate Research Fellowship Program under Grant No. DGE-1762114. This 

work was completed in part through the use of advanced computational, storage, and networking 



 114 

infrastructure provided by the Hyak supercomputer system and funded by the STF at the 

University of Washington.  



 115 

 

Chapter 7  
Thermodynamic Basis for Stabilization of Helical 
Peptoids by Chiral Sidechains6 

7.1 Abstract 

Peptoids are a class of highly customizable biomimetic foldamers that retain properties 

from both proteins and polymers. It has been shown that peptoids can adopt peptide-like secondary 

structures through the careful selection of sidechain chemistries, but the underlying conformational 

landscapes that drive these assemblies at the molecular level remain poorly understood. Given the 

high flexibility of the peptoid backbone, it is essential that methods to study secondary structure 

formation possess the requisite sensitivity to discriminate between structurally similar yet 

energetically distinct microstates. In this work a generalizable simulation scheme is used to 

robustly sample the complex folding landscape of a polypeptoid backbone and develop a predictive 

model of the impact of sidechain chemistry on preferential assembly into one of 12 accessible 

backbone motifs. Using the metadynamics sampling method, three peptoid dodecamers are 

simulated in water; sarcosine, N-(1-phenylmethyl)glycine (Npm) and S)-N-(1-phenylethyl)glycine 

(Nspe) – to determine the underlying entropic and energetic impacts of hydrophobic and chiral 

peptoid sidechains on secondary structure formation. Our results demonstrate that conformational 

entropic gains from a bulky chiral sidechain (Nspe) promotes overall cis- backbone isomerization. 

However, overall assembly of Nspe into a helix is found to be entropically unfavorable, indicating 

the overall assembly of Nspe peptoids into polyproline type-I helices in water is enthalpically 

driven, benefitting from an entropic gain for isomerization and steric strain due to the presence of 

a chiral center.  

 
6 This chapter is a draft of an article titled “Thermodynamic Basis for Stabilization of Helical Peptoids by 
Chiral Sidechains” which has been submitted for review, and was reproduced with permission from S. 
Alamdari, K. Torkelson, X. Wang, C. L. Chen, A. L. Ferguson, and J. Pfaendtner. 
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7.2 Introduction 

Natural sequence defined polymers such as proteins and DNA have inspired a growing 

field of synthetic, self-assembling, structured, and functional engineered molecular systems to 

advance technology 6,453,454. Well-controlled polymers with high structural and functional 

complexity hold potential for a wide range of applications ranging from materials science to 

advanced biomimetics 455. Peptoids, or N-substituted glycines, are one such class of materials, 

providing mimicry of the peptide backbone 456. They have demonstrated extraordinary properties 

including enhanced thermal, chemical, and enzymatic abilities that are protease resistant, 

antifouling, and biocompatible 457–460. In particular, peptoids have been highlighted for their 

capacity to assemble into complex hierarchical macromolecular architectures like microspheres, 

nanosheets, and dynamic single-walled nanotube structures 290,456,461. However, peptoids also have 

advanced structural and functional complexity, providing a promising avenue for exploring a new 

class of highly functional molecules. It has previously been shown that peptoids can fold into 

regular secondary structure motifs that resemble polyproline helices, beta structures, and 

hierarchically assemble into higher order tertiary-like structures 454,462–465. Further, the adoption of 

peptoids into other regular structures found in proteins such as loops and turns has also been 

explored 466–470.  

The chemical and structural design space afforded by synthetic peptoids is vast, providing 

potentially limitless possibilities. In peptoids the sidechain is attached to the backbone nitrogen 

(Figure D-S1) resulting in two important effects at the molecular level. First, backbone hydrogen 

bonding, an essential driver in biological secondary structure formation, is eliminated due to the 

loss of the H-bond donor. Second, in contrast to peptides and proteins which are often sterically 

confined to a trans- backbone configuration, an isomerizing amide bond in the peptoid backbone 

results in access to both cis- and trans- backbone configurations. This increased flexibility expands 

the thermally available configurational landscape and results in conformationally heterogeneous 

structures, both within a given sequence and with respect to an ensemble of structures. Secondary 

structure formation in peptoids is instead promoted by the selection of sidechain residues that 

exploit interchain interactions (either with the backbone, or between residues) to produce folded 

architectures. In this case, peptoid secondary structure becomes a tunable property through careful 

selection of the appended sidechain chemistry. Advances in synthesis methods have expanded 

upon the types of sidechains which can be appended to a peptoid backbone and can accomplish 
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this with relatively high control. This indicates some promising avenues to independently control 

peptoid sequence and structure by the careful selection and placement of sidechain chemistries 

within a peptoid oligomer sequence. This makes these foldamers an exciting route towards 

applying synthetic analogs to study the structure-function relationships which govern a wide range 

of natural phenomena 471–474. However, progress in determining new peptoid sequences and 

molecular designs is severely limited by a lack of molecular level rules that link the mechanism of 

folding and stability with its sidechain.  

The earliest example of a peptoid that assembles into secondary structure is the N-

substituted chiral aromatic oligomer (S)-N-(1-phenylethyl)glycine (Nspe), which has been shown 

to produce stable polyproline type-I like helices as short as 5 residues in chain length 475–477. Since 

the discovery of the helical peptoid, other chiral sidechains such as (S)-N-(1-tert-

butylethyl)glycine, a non-aromatic chiral sidechain, and (S)-N-(1-naphthylethyl)glycine, a  

polycyclic aromatic chiral sidechain, have also been shown to promote backbone cis- 

isomerization, generating PPI-like helices with increasing homogeneity 478,479. Stringer et al. has 

demonstrated that incorporation of N-aryl sidechains stabilize trans- backbone conformations 

which can resemble PPII helices 480. Although these achievements have significantly advanced our 

understanding of the relationship between sequence and secondary structure, corresponding 

progress in computational design has not kept pace. Despite the tremendous utility of physics-

based simulations in aiding in computational design of peptides and intrinsically disordered 

proteins, there is a severe paucity in the literature of similar applications in biomimetic foldamers. 

To date, simulations have provided important knowledge of these systems, complementing 

the relatively small number of experimental structures available from NMR and x-ray 

crystallography 481. Early examples used replica exchange molecular dynamics (REMD) to sample 

peptoid backbone isomerization 482,483. However, progress in implementing computational 

approaches was hindered by a lack of models that adequately described the 𝑁 → 𝜋∗ backbone 

interaction, and these simulations produced results inconsistent with experimental and density 

functional theory (DFT) calculations. Recent advancements in quantum calculations and forcefield 

fitting have led to the development of more robust forcefields and coarse grained models, which 

more accurately describe the underlying peptoid potential energy landscapes 293,464,477,484–490. 

Despite improved potentials, configurational sampling remains a challenge in peptoids as 

the complex relationship between sequence and secondary structure continues to emerge in the 
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literature. Early quantum mechanics simulations revealed that the peptoid backbone makes 

available a highly-dimensional subspace of helical or quasi-helical states which are stable on the 

order of ~5 kcal/mol 293,464. Recently, Weiser et al. used DFT calculations to improve the MFTOID 

forcefield model, uncovering a 12-dimensional subspace (i.e., the existence of 12 unique motifs) 

available to a solvated peptoid monomer 484. The potential of biomimetic foldamers to expand the 

regime of thermally accessible configurations has further been highlighted in a recent discovery 

by Mannige et al., which demonstrated the existence of a novel secondary structure motif possible 

through alternating backbone patterns stabilized by intermolecular interactions, leading to the 

discovery of a new aggregate macromolecular structure 292. However, previous computational 

studies have mainly focused on applying simulations to characterize entropic and enthalpic driving 

forces behind homopolymer assembly into singular known experimental structures such as the PPI 

like helix, cyclic peptoids, or disordered sequences 411,482,491–494. 

Rational design of peptoid secondary structure relies on the ability to select peptoid 

sidechains which preferentially stabilize a single global minimum over the entire thermodynamic 

landscape available. To that end, this paper presents a robust, high-dimensional configurational 

sampling scheme based on the metadynamics family of methods to characterize the underlying 

thermodynamic preferences within the folding landscape for three aqueous peptoid dodecamers 
407. This approach uses a broadly applicable set of collective variables which can be extended to 

model other peptoid foldamers systems. The three chemistries simulated in this work are 1) 

sarcosine (sarc12), a polyglycine analog, 2) N-(1-phenylmethyl) glycine (Npme12), an achiral 

aromatic sidechain that is not known to produce helices experimentally, and 3) S)-N-(1-

phenylethyl) glycine (Nspe12) a chiral aromatic sidechain which has been shown to produce PPI-

like helices in solution (Figure 7.1). Robust sampling of the 12 relevant states was accomplished 

by using the parallel bias metadynamics (PBMetaD) scheme, a variant of metadynamics suited to 

efficiently sample multidimensional free energy landscapesm235. In contrast to typical MetaD 

which uses a high-dimensional bias potential to reconstruct the free energy landscape, in the 

PBMetaD sampling scheme multiple 1D bias potentials are constructed on the fly to reconstruct 

the free energy surface (FES) of a highly dimensional CV space. This approach has previously 

been applied to converge the FES for many high-dimensional systems 235,269,400,413,495. Mastery of 

these energy landscapes provides insight into the sidechain interactions that give rise to unique 
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secondary structures in peptoids and the development of predictive models for the rational design 

of engineered peptoid structures 

 

 

Figure 7.1. Polypeptoid sequences for N-methyl glycine (sarcosine), N-(1-phenylmethyl) glycine (Npm), and 
(S)-N-(1-phenylethyl) glycine (Nspe).  

7.3 Results 

I. Sampling the peptoid secondary structure landscape with parallel bias metadynamics 

To sample the folding landscape for each 12mer, we used an efficient enhanced sampling 

method that combines parallel bias metadynamics with parallel tempering in the well-tempered 

ensemble, described in detail in the Methods section. Although the scheme is more complex than 

the name indicates, for brevity this method is referred to as “PBMetaD” for the remainder of this 

article. In this work, we  applied 1D potentials to each of the backbone and sidechain dihedrals 

(𝜙,	𝜓, 𝜔, 𝜒', and 𝜒(), ring-ring coordination (for sequences that contain aromatic sidechains), 

radius of gyration, and “alphabeta” a collective variable which measures the distances between a 

set of torsional angles and set of reference values (refer to SI Methods in Appendix D for detailed 

descriptions of these collective variables). This led to a total of 59 (sarcosine) to 138 (nSPE / 

nPME) CVs used in each simulation. This generalized set of collective variables within the 

PBMetaD scheme can be extended to model many peptoid folding problems. Complete sampling 

and convergence was achieved in the limit of 12mer repeat foldamer states requiring a total of 6μs 

(600 ns/replica) for  sarc12, 9μs (900 ns/replica) for Npm12, and 10μs (1000ns/replica) for Nspe12 

(n.b., full demonstration of convergence is discussed in the SI Methods (Appendix D) and can be 

found in Figs D-S12 to D-S22.  

Like proteins, the average backbone dihedrals of peptoids can be visualized through 

Ramachandran plots which project the thermally accessible combinations of the backbone 

dihedrals 𝜙	 and 𝜓, illustrated in Figure 7.2. To depict the full conformational landscape of 

Sarcosine NspeNpm

O

N
n

O

N
n

CH3
HO

N

CH3

n



 120 

peptoids, inclusive of the backbone cis- and trans- states, a separate Ramachandran plot is used 

for each omega value. Specific combinations of ϕ and ψ on the peptoid backbone result in three 

motifs (𝛼U, 𝛼, and 𝐶V&), which can possess both right-handed (RH, -) or left-handedness (LH, +) 

and either a cis- or trans- backbone, resulting in a total of unique 12 relevant states, or motifs, that 

each residue in a sequence can adopt on the peptoid secondary structure landscape. Figure 7.2 

depicts this secondary structure landscape, with illustrative representative repeat motifs extracted 

from the enhanced sampling simulations for sarc12 in the limit of homogeneous assembly. 

However, the production of heterogeneous peptoid helices has frequently been observed, and the 

design of sidechains which can enable robustly homogeneous secondary structure formation has 

been the focus of many works .496–498  

As shown, motifs that only differ by a cis- or trans- backbone configuration can produce 

dramatically different structures, many bearing strong resemblance to common secondary 

structures in proteins and peptides. Previously, free-energy plots derived from 46 high resolution 

peptoid X-ray and NMR structures were used to characterize the peptoid Ramachandran plots, but 

focused only on four motifs related to the	𝛼U
"/X-cis and -trans regions which resemble PPI and 

PPII helices, respectively499. To study oligomeric peptoid structure with enhanced sampling 

approaches, we propose here the importance of considering all 12 thermodynamically relevant 

motifs.   
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Figure 7.2. Depiction of the accessible thermodynamic folding landscape for the peptoid backbone. (A) 
Ramachandran plots demonstrate the 12 relevant minima 𝛼/0 (light red), 𝛼/1 (red), 𝛼0(light blue), 𝛼1(blue), 𝐶230  
(light yellow), and 𝐶231  (yellow) are given for both cis- (circle) and trans- (square) conformations. Minus (-) 
states describe right handed (RH) structures and (+) states describe left handed (LH) structures. Dihedral 
definitions are included in Figure D-S2 and this schematic is replotted on a 0 to 360 degree scale in Figure D-
S3. (B) Representative cis- and trans- backbone conformations. (C) Representative snapshots for each 
homogeneously folded state obtained from sarc12 PBMetaD simulations (Ramachandran plots and full structures 
are given in Figure D-S4) 

Previous quantum mechanics calculations have supported these 12 states as being 

thermodynamically relevant (on the order of ~5-10 kcal/mol) for many peptoid sidechain 

chemistries, with 𝛼X/" motifs being the overall the most energetically unfavorable in both the cis- 

and trans- conformations for these sidechain chemistries 464,484. More commonly, sidechains that 

stabilize heterogeneous or alternating combinations of 𝛼U", 𝛼UX in the cis- and trans- conformations 

have been reported in the literature for a number of cyclical peptoids and coil-like structures 
468,470,499,500. An alternating combination of backbone dihedrals near the  𝐶VY" Z[\P4
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local minima as defined here, previously coined the sigma strand, have also been observed in a 

macromolecular assembly 292. To date, there are no known sidechains, cyclical structures, or 

macromolecular assemblies that stabilize any of the other monomeric repeat structures into these 

notable secondary structures that are depicted in Figure 7.2. Further, stable peptoid structures 

composed of alternating or irregularly patterned backbone motifs (as seen in the novel sigma 

strand) highlights the possible magnitude of this peptoid backbone structural landscape, which has 

yet to be explored. Stabilization of the homogeneous 𝛼U"!;4, 𝛼UX!;4 motifs have been of particular 

biomimetic interest for their resemblance to polyproline type I helices, where dominant 

handedness has previously been linked to use of S or R enantiomers, for Nspe and similar sidechain 

chemistries 478. Other motifs characterized here may be of interest to future sequence design 

efforts, specifically structures extracted from regions on the trans- Ramachandran plot 𝛼U
"/X

Z[\P4, 

𝐶V]
			"/X

Z[\P4 bearing closer resemblance to protein beta sheets, and 𝛼Z[\P4" , and 𝛼Z[\P4X  to left and 

right handed protein helices.  

To first gain insight into the average backbone structure as a function of the appended 

sidechain chemistry we analyzed a subset of 20 sample structures for each of the 12 

homogeneously folded (alphabeta > 30) lowest-energy peptoid configurations from simulations of 

sarc21 Npm12 and Nspe12 (240 structures per system). The alphabeta CV undergoes degeneracy 

quickly, as it does not preserve continuity of the dihedrals within a sequence. A reference value 

greater than 30 accounts for the most homogeneously folded structures, adjusting for some 

flexibility. The set of 𝜙, 𝜓, and 𝜔 backbone dihedrals for each residue along the sequence 

(excluding termini) were averaged for each 12mer structure, hereafter referred to as the “sequence-

averaged” values and are reported in Table D-S1. The sequence-averaged dihedrals reflect the 

average behavior of each residue’s backbone within the 12mer. The values for each motif were 

found to remain constant independent of the appended sidechain chemistries, given by the low 

standard deviation. This indicates that the same 12 configurational motifs are accessible to 

sarcosine, Npm, and Nspe, meaning that the accessible peptoid folding landscape is independent 

of the appended sidechain chemistry. Therefore, secondary structure formation relies on the 

sidechain to alter the relative probabilities between these 12 microstates. The following 

thermodynamic analysis aims to uncover this relationship between sidechain chemistry and 

stabilization of a single microstate.  
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II. Energetics of sequence-averaged structural ensembles  

Under the assumption of a quasi-static bias potential, these 1D potentials can be 

reconstructed as a single effective bias potential, which has previously been shown to converge 

empirically to the correct underlying free energy surface.235 Because of this, standard 

metadynamics reweighting approaches can be applied to reconstruct the underlying free energy 

surfaces. In this work we applied the standard Torrie-Valleau reweighting technique to recover 

probability distributions.383 First, we reweighted the energy of every 𝜙/𝜓/𝜔 dihedral triplet in each 

sequence, onto a 2D Ramachandran-like FES (Figure 7.3). This is what we refer to as the 

sequence-averaged peptoid structures, or the impact of the appended sidechain on a single residue 

backbone within the 12mer sequence. We emphasize that the energetics of these basins reflect the 

average propensity of individual 𝜙/𝜓/𝜔 dihedral triplets of a single residue to be in one region of 

the helical phase space and do not necessarily imply anything about possible effects arising from 

the ordering of structural motifs along a sequence. The overall tendency of a particular helical fold 

to be adopted homogeneously along a peptoid is further discussed in section IV. To accomplish 

this, a weight was calculated for each 𝜙/𝜓/𝜔 dihedral triplet in the sequence.  A weighted kernel 

density function (bandwidth=0.05) was then used to project the unbiased energies onto two 2D 

free energy surfaces (FES) for each system, in this case using the replica at 300K (Figure 7.3).  
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Figure 7.3. Sequence-averaged free energy for backbone dihedrals at 300K. Free energy profiles (FEP) are 
plotted as a function of the omega dihedral (left) and FES are plotted for cis- and trans- configurations for (row 
A) sarc12 (row B) Npm12 (row C) Nspe12. 

The data on these information-rich surface representations, are quantitatively represented 

in Table 7-1. To accomplish this, the Helmholtz free energies (𝐴) for each of the 12 folded states 

were extracted from each FES using basin definitions depicted in Figure D-S5 and renormalized 

by basin weights and isomerization weights to extract the relative probability of being in one of 

the 12 available states, normalized to the entire folding landscape (Figure D-S6). In this scheme, 

𝑃+.D:9:" describes the probability of being in a folded state relative to the entire free energy surface, 

using the normalized probability of each state (𝑝+",-./0	, defined in Figure D-S6) as the reference 

point. Since these values are normalized, the quantity, 1 −	𝑝+",-./0	describes the probability of 
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being in outside of this motif. For isomerization, cis- regions were defined as 𝜔 ≥	−90 and	𝜔 ≤

90, and all other values were considered to be in a trans- backbone configuration. Free energy was 

then calculated from Equation 7.3, using either 𝑃<5.09/<^=6<.- or 𝑃+.D:9:". The probability of a 

peptoid backbone dihedral falling outside of one of the 12 motif definitions, was found to be 

insignificant and therefore not included in Table 7.1. This is given by the very small exemplary 

probabilities provided in Figure D-S6, and the very high (> 10kcal/mol) energies needed to 

describe states outside these regions as presented in Figure 7.3.  

 

𝑃4567894:;<46= =
𝑝>45
𝑝<9;=5

7. 1 

𝑃?6@A8A! =
𝑝?!,=697	

1 − 𝑝?!	,=697
7. 2 

𝐴 = −𝑘B𝑇𝑙𝑛(𝑃)	 7. 3 

The sequence-averaged free energies for the omega dihedral, describes a sequences overall 

propensity to isomerize into a cis- backbone configuration (Figure 3), Values reported for 

isomerization in Table 7-1 describe the relative energetic propensity for a sidechain to drive cis- 

isomerization for a single residue within the entire 12mer sequence. Sarc12 does not favor 

isomerization (negative energy for isomerization), whereas the presence of the hydrophobic 

sidechain (Npm) stabilizes the cis-backbone configuration by a very small amount (0.11 kcal/mol), 

and the addition of the chiral sidechain further stabilizes a cis- backbone by 0.45 kcal/mol. Both 

values are less than kT, but the energies of isomerization can be used to calculate a corresponding 

equilibrium constant using the equation K=exp(−ΔG/RT) and values in Table 7-1. From this, we 

estimated a Kcis/trans of 0.23, 1.2, and 2.1 for sarc12, Npm12, and Nspe12, respectively which are 

consistent with increasing cis- stability. These results suggest that a methyl sidechain stabilizes a 

trans- backbone, whereas the presence of an aromatic sidechain reduces the trans- to cis- 

isomerization energy, and a chiral aromatic group further stabilizes cis- backbone sequences. In 

Section III we show that the role of these sidechains in stabilizing a specific backbone isomer is 

correlated with the available configurational entropy in those states. Npm and Nspe sidechains 

enable a greater diversity of backbone structures in a cis-, where as sarcosine supports greater 

diversity in a trans- backbone state.   
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In Table 7-1 we report the energy of folding into a specific motif of the possible 12, for a 

single sidechain chemistry. These values are normalized by the minimum energy value for each 

chemistry, so that relative stabilization of different motifs by a single chemistry can be compared. 

In this table we highlight stable motifs within kT of the minimum energy, these are expected to be 

the most energetically stable states a residue in a sequence can adopt at room temperature. For 

achiral sidechains, left- (+) and right-handed (-) structures are expected to have the same free 

energy. In Table D-S2 we calculated these differences showing that left- and right-handed motifs  

for sarc and Npm converge to energies within a tenth of a kcal/mol of each other, and significantly 

less than half a kT at 300K. In contrast, the energy differences in right vs left-handed structures 

produced by the chiral Nspe sidechain were significantly different. This further highlights the 

robustness of the sampling method applied in this approach.  

In sarc12, we find the most stable motifs are 𝛼U"Z[\P4 and 𝛼UXZ[\P4 agreeing with previous 

experimental and computational studies499,501. Polysarcosine is exemplary of a random coil 

peptoid, having been characterized in depth showing significant cis/trans conformational 

heterogeneity along the backbone and in solution, with an overall preference towards a trans- 

backbone and no overall preference towards a single conformation502. This highlights that 

“randomness” in the context of peptoids may be less related to the propensity of backbone 

dihedrals to fall outside of these 12 defined states, but instead related to conformational 

heterogeneity and overall flexibility (or lack of rigidity) along the peptoid backbone.  

For Npm12 four motifs including both cis- and trans- backbones  (𝛼U"Z[\P4, 𝛼UXZ[\P4,

𝛼U"!;4 and 𝛼UX!;4) are stabilized within kT, indicating that different motifs can be readily adopted 

by residues within a single oligomer sequence, with nearly equal energetic preference. This would 

support the overall formation of heterogeneously patterned sequences. In agreement with this, 

Npm has not previously been reported to form helical structure in solution475. Npm however has 

previously been used as a building block in amphiphilic sequences to form macromolecular 

peptoid sheets290, with dominant interactions originating from interchain pi-pi stacking, as opposed 

to the intrachain interactions identified here, and has been characterized as having a beta-like 

secondary structure motif. In this case, stability from additional intermolecular driving forces 

likely drive an overall backbone preference where the sidechain does not sufficiently accomplish 

this through intermolecular interactions with the backbone or other sidechains. With Npse, 𝛼U"!;4 

and 𝛼UX!;4 are the most stable motifs, supporting assembly into the previously reported PPI-like 
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peptoid helix. Further there is a slight energetic preference (0.5 kcal/mol) for Nspe to form a right-

handed motif over a left-handed helix. This matches previous computational predictions for an 

octamer Nspe sequence, and predicted behavior from the forcefield applied in this study 477,484. 

Since we did not initiate the simulations from any pre-populated structures, and our biasing scheme 

did not favor one structural ensemble over any others, it is very significant that the subtle effects 

of the sidechain on shifting the helical ensemble seem to be naturally captured by MD, provided 

there is a suitable enhanced sampling scheme to fully explore helical phase space.  

 
Table 7-1. Sequence-averaged energies extracted from reweighted FES. Values for structures are in 
kcal/mol relative to the lowest-energy conformation, except isomerization energies. Values within 0.59 

kcal/mol (1kT) of the absolute minima for each dodecamer chemistry are bolded. 

 Sarc12 
(kcal/mol) 

Npm12 

(kcal/mol) 
Nspe12 

(kcal/mol) 

Isomerization (trans to cis) 0.88 -0.11 -0.45 

cis- 𝜶𝑫		# 1.03 0.00 0.00 
cis- 𝜶𝑫		$ 1.09 0.13 0.50 
cis- 𝜶# 3.01 2.33 2.36 
cis- 𝜶$ 2.83 2.29 3.19 

cis- 𝑪𝟕𝜝				# 3.24 2.54 3.50 
cis- 𝑪𝟕𝜝				$ 3.15 2.29 4.15 

trans- 𝜶𝑫		# 0.00 0.34 1.13 

trans- 𝜶𝑫		$ 0.05 0.33 0.74 
trans- 𝜶# 1.75 2.00 2.60 
trans- 𝜶$ 1.73 1.91 3.34 

trans- 𝑪𝟕𝜝				# 2.03 1.93 2.64 
trans- 𝑪𝟕𝜝				$ 2.03 2.04 3.41 

 
To further understand the mechanism of stabilizing interactions, we determined the 

structure and energetics of the peptoids along the two prominent sidechain dihedrals, 𝜒' and 𝜒( 

(Figure D-S7). Comparison of the FES describes the impact on freedom of rotation about the 

sidechain through the addition of the -CH3 (and creation of a chiral center) in Nspe. In Npm12, the 

sidechain is flexible in both a cis- and trans- backbone configuration, given by the large connected 

low energy regions along the FES. In Nspe12, the FES show higher energy states between rotation 

of the sidechains, indicating less rotational freedom. The addition of a chiral center also results in 
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preferential stabilization of two of the minima in the cis- form where there are four stable minima 

present in the trans- form, indicating some steric repulsion due to the chiral center in the cis- 

conformation. Exploration of this impact of chirality on homogenous structure stability is further 

explored in section IV.  

III. Entropic driving forces in helical peptoid stability  

The role of entropy in stabilizing peptoid helices has long been of interest. In the parallel 

tempered metadynamics approach applied in this work, temperature aids in sampling the 

conformational landscape. Because of this, we gain access to free energy over a range of 

temperatures (𝑇). Using the relationship in Equation 4 between 𝐴 and 𝑇, we can uncover the 

underlying entropic (𝑆) contributions to the observed energetics.  In this work, we evaluate the role 

of entropy and enthalpy as a function of two events necessary for overall helix formation; (1)  

isomerization into a cis- backbone, and (2) folding into an 𝛼U#$%
		"  motif. Free energies were 

calculated using equations 1-3 over a range of temperatures and plotted in Figure 7.4. In these 

plots, slope indicates the entropic contributions for each system. Under the general assumption 

that U and S do not significantly vary with temperature, a negative slope indicates an entropic gain, 

and a positive slope indicates an entropic penalty. The linear fit of these relationships, and 

respective slopes are provided in Table D-S3. The entropic contributions for these processes at 

temperatures ranging from 300K to 500K are included in Table D-S4 and D-S5.  

 

𝐴 = 	𝑈 − 𝑇𝑆 7. 4 

Isomerization energy is plotted as a function of temperature in Figure 7.4, providing 

insight into how the role of the sidechain drives cis- backbone stability. For sarc12, there is an 

overall energetic preference towards the trans- state. The entropic contributions for cis- 

isomerization at 300K are nearly zero, indicating no entropic driving force for the backbone to 

isomerize into a cis- form. There is a small energetic driving force for Npm12 and Nspe12 to 

isomerize into a cis- backbone. However, the entropic component is nearly zero for Npm12 at 

300K, while Nspe12 benefits from an entropic gain on the order of  0.30 kcal/mol at 300K. 

Therefore, while Npm12 appears to have no backbone preference, cis- isomerization for the chiral 

bulky Nspe12 is entropically driven. 
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Figure 7.4. Entropic driving forces. Free energy of isomerization into cis- (top) and free energy of folding into 
𝛼/"#$
		0  state is plotted as a function of temperature (bottom). Sarcosine is plotted in black circles (●), Npm in 

blue diamonds (◆) and Nspe in red squares (■) linear fits for this data is provided in Table D-S3.  

One possible explanation for this entropic gain is that Nspe provides greater 

conformational diversity in a cis- backbone conformation compared to trans-. Meaning, a residue 

within a Nspe12 sequence is more likely to adopt one of any combination of the 6 motifs with a 

cis- backbones, than the 6 trans- motifs. To qualitatively assess this, we can apply clustering and 

reweighting methods to compare the conformational diversity (or the distribution of unique 

structures) that can exist given a mostly cis- or trans- backbone. A cumulative distribution function 

(CDF) of these reweighted cluster probabilities is plotted in Figure D-S11 (and further described 

in the SI, Appendix D). By comparing the CDF that more rapidly approaches 1 for cis- vs trans-, 

we gain a proxy that describes which backbone enables greater conformational diversity of 

structures. Sarc12 demonstrates greater conformational entropy in a trans- backbone configuration, 

compared to cis- (given that fewer cis- than trans- structures are needed to describe the entire 

distribution of structures). Npm12 appears to have slightly greater conformational entropy in a cis- 

than a trans- state, although quite similar preferences for both. Nspe12 demonstrates greater 
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conformational entropy in a cis- than trans- state. This supports that the addition of a hydrophobic 

and chiral backbone enables greater diversity of cis- backbone structures, and that this entropic 

gain to isomerization in Nspe12 can be attributed to conformational entropic gains.  

Alternatively, there is a significant entropic penalty associated with all three sidechain 

chemistries assembling into the 𝛼U"!;4 motif. There is greater conformational diversity in the 

unfolded states than within the ensemble of 𝛼U#$%
		"  structures, resulting in an overall entropic 

penalty related to assembling an ordered helix in water. This indicates that folding into an 𝛼U"!;4 

motif by Nspe is mainly driven through enthalpic gains. This phenomena has previously been 

observed experimentally in diblock helix containing polymers, where large entropic gains were 

associated with peptoid disordering 503. Alternatively, Mukherjee et al., previously applied the 

Lifson−Roig Theory of the Helix−Coil Transition to evaluate the role of entropy in relation to the 

steric clash caused by a bulky chiral center on helix formation, proposing that the sidechain 

supported an overall greater volume of allowed conformations citing entropy as a major driving 

force.491 To accomplish this, they use a broader definition to describe a folded state: a cis ω, and a 

negative ϕ. In the work presented here, this cutoff applies to 3 different cis minus motifs: 𝛼U#$%
		" , 

𝐶V]#$%
		" , and 𝛼		!;4" . In general, our metadynamics results support these conclusions with respect to 

cis- isomerization but not for overall assembly into a helix. These slight discrepancies are likely 

due to differences in how the folded state is defined between works.  

Complexity between competing entropic and enthalpic contributions due to these 

sidechains begins to elucidate how the generation of homogenous helices is difficult due to 

competing driving forces, where design of robust sidechains requires optimization of both entropic 

and enthalpic interactions. This could begin to provide an explanation for why a non-aromatic 

chiral (S)-N-(1-tert-butylethyl)glycine peptoid sidechain has previously demonstrated more robust 

assembly into polyproline-like helices than these bulky aromatic and chiral sidechains like Nspe 
479.  Application of the computational methods used in this work can be applied to further evaluate 

the entropic components as they are related to non-aromatic chiral sidechains, and assembly under 

non-aqueous experimental conditions to provide further insight to the entropic and steric driving 

forces of helix stabilization in various sidechains, as well as the impact of solvents. 
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IV. Homogeneous Assembly of Peptoid Secondary Structure  

The thermodynamic analysis presented thus far has been reported in reference to the 

sequence-averaged energies that give rise to ordered peptoid motif stability due to the presence of 

a sidechain. However, navigating the large structural landscape of these heteropolymers requires 

careful consideration related to how they assemble into these homogeneous secondary structure 

sequences. The alphabeta CV is highly degenerate, as it does not preserve continuity of the 

backbone dihedral reference values. So, to describe energetics of structure along the full peptoid 

sequence we introduce a new CV used for analysis called peptoidRMSD. This CV has previously 

been used to explore protein structure504, and was adapted here to measure peptoid structure, 

coined here as peptoidRMSD, and given by equation 7.5. While the peptoidRMSD CV was not 

explicitly biased in these simulations, using reweighting techniques previously described, the 

converged system energetics can be projected onto this other collective variable to gain insight 

into sequence helicity along the backbone.  

A perfectly ordered 𝛼U#$%
		"  structure was used to construct a 3-residue repeat reference 

structure, which describes a single 𝛼U#$%
		"  helical turn. With this definition of helical structure, the 

RMSD between the backbone atoms (𝑁, 𝐶!"#!, 𝐶!$%,	𝑂, and 𝐶Y) of each 3-residue block along 

the peptoid and the reference structure is measured. A sigmoidal function ranging from 0-1 is used 

with values of n=8, m=12, and 𝑟F = 0.08 nm, to determine how closely each segment along a 

sequence matches the reference structure. The RMSD between all 12 reference motifs was found 

to be around 0.12 nm. A smaller value of 0.08 nm was then chosen as 𝑟F as a tight cutoff to 

distinguish between unique structures. This value is summed over all the 3-residue blocks (𝑖) 

within the sequence (e.g., a 12mer is composed of 9, 3-residue repeats). Larger peptoidRMSD 

values correspond to more helical content, and lower values correspond to less or no helical 

content. This provides a descriptor for a perfectly helical peptoid (for a 12mer this value is 9) and 

allows for classification of homogeneously folded helices. This CV for defining structure could be 

extended in the future to model all 12 peptoid structures, and further expanded to quantify 

heterogeneous (A/B) alternating structures sampled computationally.  

𝑝𝑒𝑝𝑡𝑜𝑖𝑑𝑅𝑀𝑆𝐷 =D
1− {𝑅𝑀𝑆𝐷<𝑟F
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-
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Free energy of the 12mers were projected onto the peptoidRMSD(𝛼U#$%
		" ) CV and radius of 

gyration to describe energy as a function of how folded and flexible each 𝛼U#$%
		"  containing structure 

was in solution (Figure 7.5). On these plots a peptoidRMSD value of 0 is representative of all the 

sampled structures which do not contain a single 3-residue 𝛼U#$%
		"  helix turn, low peptoidRMSD 

values indicates the presence of heterogeneous 𝛼U#$%
		"  kinks within a sequence, whereas values that 

approach 9 denotes a perfectly homogeneous helix. The energy required to assemble into a 𝛼U#$%
		"  

helix as a function of chain length was calculated using equations 7.2-7.3, using the 

peptoidRMSD(𝛼U#$%
		" ) CV as a proxy for how folded the structure is. A large peptoidRMSD, is 

consistent with a more homogeneously folded structure, whereas a small peptoidRMSD indicates 

there is only some adopted structure within the sequence. Free energy of folding into a helix as a 

function of this CV value is included in Figure 7.5D. Assembly of all sidechains, including Nspe12, 

into a fully homogeneous helix (given by a peptoidRMSD(𝛼U#$%
		" ) greater than 8) was not observed 

to be energetically favorable in water. Future work should be aimed at applying the simulation 

methods described here to probe assembly in  non-aqueous solvents, like acetonitrile, which better 

approximate experimental conditions. 

Of all the sidechains, Nspe12 had the overall largest propensity to fold into a partial 𝛼U#$%
		"  

helix, preferring a compact helix given by a smaller radius of gyration. It also experienced the 

smallest energetic penalty associated with assembling into a homogeneous helix 

(peptoidRMSD(𝛼U#$%
		" ) value of 9). The longest stable partial helix was found to be for a 

peptoidRMSD value of 6, with an overall driving force of -0.94 kcal/mol. The small radius of 

gyration is correlated with compact structures which are bent or folded onto themselves (Figure 

7.5C). Npm12 also slightly favored assembly into a partial compact helix. The largest partial helix 

that could be significantly stabilized by Npm was represented by a peptoidRMSD value of 5, with 

a driving force of -1.39 kcal/mol. Npm12 preferred a slightly larger radius of gyration and a less 

folded structure, indicating more conformational flexibility. Assembly of sarc12 sequence into 

partial 𝛼U#$%
		"  helices was only significantly favorable for a peptoidRMSD value of 4, indicating 

that a few residues within a sarcosine foldamer sequence could adopt this helical sequence. Sarc12 

also experienced the largest energetic penalty associated with assembling into more homogeneous 

𝛼U#$%
		"  helices. Similarly, sarc12 favored the largest radius of gyration values, indicating the greatest 
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overall conformational flexibility in water. Sequence energetics matched the sequence-averaged 

trends reported earlier in this work.  

 

Figure 7.5. FES for homogeneous 𝛼/"#$
		0  helix formation. FES given for (A) sarc12 (B) Npm12 (C) Nspe12. 

Two representative conformations for the minimum energy (>1kcal/mol) regions on FES are provided in the 
right column for each system. (D) free energy associated with folding into a 𝛼/"#$

		0  helix as a function of the 
number of helical segments in a sequence, where peptoidRMSD is used to define the cutoff for total number of 
helical segments. 
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To evaluate where the additional stabilization is gained in the 𝛼U#$%
		"  partial helix formed 

by Nspe12, the rotational degrees of freedom related to the addition of a chiral center between 

systems Npm12 and Nspe12 can be compared. The χ'	dihedral describes this rotation about the first 

carbon on the sidechain, directly capturing the effects of a chiral center. The 1D potential of mean 

force (PMF) integrated along the  χ' dihedral for Npm12 and Nspe12 for partial 𝛼U#$%
		"  helices 

(defined as peptoidRMSD > 6) are given in Figure 7.6. Rotation about χ' in sarcosine describes 

rotation about a methyl hydrogen, which results in a low energy symmetric rotation, and is not 

included in this analysis. With Npm12 there is a small energetic penalty associated with rotation 

about χ', while the presence of a chiral center in Nspe12, resulting in a large energetic penalty to 

rotate along this dihedral. Additionally, the Nspe12 PMF highlights a small energetic preference 

towards one energetic basin over the other, indicative of a preference towards a right-handed helix 

for this system. This bias towards a single basin is not present in the achiral Npm12 counterpart. 

Overall, these results support that the role of steric strain due to the bulky chrial center, as 

previously hypothesized, is a major driving force in helical peptoid formation and stability.477 

 

 

Figure 7.6. 1D PMF of χC	rotation integrated out for partially folded 𝜶𝑫𝑪𝑰𝑺
		0  helices. (top) Npm12 and (bottom) 

Nspe12.  
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7.4 Discussion 

Peptidomimetics like peptoids are ideal candidates for use in advanced materials 

applications, but much remains to be learned about the mechanisms that govern their assembly 

into the large design space of higher order secondary and tertiary structural assemblies. Similarly, 

the tendency for peptoids to form heterogenous conformers in solution makes them difficult to 

study experimentally. Without further advances in methods that can uncover the relationships 

between side chain chemistry and evaluation of structural ensembles, progress in rational design 

of these systems will be slow. The simulation approach presented in this work holds great potential 

as an efficient and powerful tool for predicting energetics and structures of complex peptoid 

chemistries, paving the path towards understanding specific sequence impacts of the sidechain on 

folding. Beyond demonstrating a general-purpose simulation tool that can be used to study a huge 

range of biomimetic foldamers, this work provides significant new mechanistic insight into the 

underling process by which chiral side chains stabilize helical folds in the Nspe system, under 

aqueous conditions.  

Our results indicate isomerization of the omega dihedral into a cis- backbone configuration 

for Nspe is attributed to entropic gains which can be attributed to an increase in conformational 

entropy for cis- vs trans- containing backbones. However, entropic penalties associated with 

assembling into a 𝜶𝑫𝑪𝑰𝑺
		"  backbone motif, indicate assembly of peptoid helices in not entirely 

entropically driven. We found a greater energy required to rotate about the 𝝌𝟏 dihedral in Nspe 

compared to Npm, indicating steric strain provides additional stability necessary to promote 

an	𝛼U#$%
		"  motif. Overall, these driving forces relate specific attributes of the sidechain to overall 

formation of a PPI-like helix (coined here as the 𝛼U#$%
		"  helix) in water. This is conclusion is 

supported by previous insights from experiment and computation, all of which are self-consistent 

with the new results we present herein. Further, we quantified the overall stability of a right-handed 

PPI twist formed by Nspe, supporting previous experimental observations for the S-enantiomer. 

These results are presented in the limit of peptoid sidechain chemistries where neutral steric bulky 

sidechains drive the main mechanism of assembly for peptoids in water solvents. Future directions 

for this field could apply this approach to investigate relevant underexplored degrees of freedom 

and their effects on folding at the molecular level including chain length, solvent effects, sidechain 

chemistries, and sequence. And further, the assembly of helical peptoids into new hierarchical 
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nanomaterial macro-assemblies, composed of higher order combinations of the motifs described 

here. Broad predictions of stability along wider range of side-chain chemistries in specific could 

possibly allow for the creation of QSPR type relationships for peptoid design.   

7.5 Methods 
 Three different dodecamer polymers were simulated in a water box using a 

modified CHARMM-based forcefield combining parameters published by Weiser and Santiso 484 

and MFTOID forcefield 293, this is described in detail and validated in the SI (Appendix D). The 

dodecamers studied were sarcosine (sarc12), N-(1-phenylmethyl)glycine (Npm12) sequence, and 

(S)-N-(1-phenylethyl)glycine, (Nspe12) with a neutral  N-termini and amidated C-termini as shown 

in Figure D-S1. Additional simulation, setup, equilibration, and forcefield details are included in 

the SI Methods.  After equilibration, the three peptoid dodecamers were simulated using a variant 

of parallel tempered metadynamics 505, coined here as parallel bias parallel tempered 

metadynamics in the well-tempered ensemble (PT-PBMetaD-WTE) 233,235,506.  

An ensemble of initial peptoid configurations was generated from a biased simulation of 

the peptoid exploring different conformational phase space, so that a unique starting configuration 

was used for each replica. Using 10 equally spaced replicas ranging from 300K to 500K, potential 

energy was biased with metadynamics for 20ns, to establish the well-tempered ensemble 233. For 

this, an initial hill height of 2 kJ/mol, a bias factor of 60, with a sigma of 150 kJ/mol (calculated 

from the potential energy fluctuations of the lowest temperature replica). A deposition rate of 

1hill/0.5ps (250 steps) was used, attempting replica exchange at the same pace. The well-tempered 

ensemble was achieved by a constant replica exchange probability of 28%, 27%, 25%, for sarc12, 

Npm12, and Nspe12, respectively near the recommended value 87. Following this, additional parallel 

bias metadynamics bias potentials were introduced, and the WTE deposition rate was reduced by 

a factor of 20 (1hill/10ps) to maintain constant exchange, and used to smooth out any artificial 

effects from the second biasing potential 88. In the parallel bias metadynamics scheme CVs were 

biased using 1D well-tempered biased potentials. A gaussian potential with an initial hill height of 

2.5 kJ/mol, a bias factor of 140, and a hill deposition pace of 1hill/2ps (1000 steps) was used. The 

bias factor in PBMetaD simulations is considerably higher than standard well-tempered 

metadynamics (WTM) simulations due to the manner in which the PBMetaD bias is distributed 

amongst the individual 1D potentials 235 . Experience has shown a reasonable choice is to scale an 
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expected WTM bias factor for the underlying physics of the system (in this case 12) by the square 

root of the number of CVs used. In sarcosine simulations the coordination collective variable was 

omitted due to the absence of ring interactions. This resulted in a total of 138 CVs used to sample 

the Npm12 and Nspe12 systems, and 59 CVs used to sample the sarcosine system. These CVs 

include:  

(i) Each ring coordination number (66 CVs, sigma=0.5) 

(ii) The total ring coordination number (1 CV, sigma=0.5) 

(iii) Radius of gyration (1 CV, sigma=0.5 nm) 

(iv) All 𝜔	dihedrals (11 CVs, sigma=0.35 rad) 

(v) All 𝜙 dihedrals (11 CVs, sigma=0.35 rad) 

(vi) All 𝜓 dihedrals (12 CVs, sigma=0.35 rad) 

(vii) All 𝜒'dihedrals (12 CVs, sigma=0.35 rad) 

(viii) All 𝜒( dihedrals (12 CVs, sigma=0.35 rad), and  

(ix) alphabeta of each identified structural state (12, sigma=0.5) 

Each system was simulated for a total of simulation time of 6μs (600 ns/replica) for sarc12, 

9μs (900 ns/replica) for Npm12, and 10μs (1000 ns/replica) for Nspe12. Additional methods, CV 

descriptions, convergence, and additional supporting classical MD simulations are included and 

described in the SI (Appendix D). All corresponding PLUMED input files required to reproduce 

the metadynamics results reported in this paper are available on PLUMED-NEST (www.plumed-

nest.org) plumID:21.030, the public repository of the PLUMED consortium.89 
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Chapter 8  
Significance and Perspective  
 
 

The work presented here has advanced the state of computational simulations, by adding 

fundamental insight to the structure/function mechanisms which regulate biological systems 

within biomineralization, self-assembly, and enzyme catalysis.  

With respect to biomineralization, we have further contributed to the literature on modeling 

peptide/surface and peptide/peptide interactions, providing fundamental mechanistic insight into 

experimentally studied systems. This work builds off foundational peptide/surface computational 

studies done in the Pfaendtner group which involved method development using model 

systems.70,88,269 Recently, work from the Pfaendtner group applied these methods to study systems 

related to silica48,270,275, titania90,280, and mineral64 interfaces. Inspired by this, these methods were 

applied to study the binding domain of a protein, Osteocalcin, at a physiologically relevant 

hydroxyapatite and titania surface, as described in Chapter 2. At the time of publication, only a 

handful of studies had been done to understand the behavior of peptides at these complex 

interfaces, due to a lack of models that could appropriately describe a hydroxyapatite surface at a 

physiologically relevant pH. By simulating systems under these conditions, we propose a 

mechanism for peptide disordering at a titania interface as a function of its post-translational 

modifications.   

Our contributions to enzyme catalysis built off foundational work from the Pfaendtner and 

Kaar groups related to optimizing enzymes in non-aqueous solvents with the goal of reducing costs 

related biofuel production. One of many obstacles in the production of biofuels is the costly and 

time-consuming conversion of biomass into hydrolyzable sugars. Ionic liquids, which can 

effectively break down cellulose, have been poised as a potential solution to replace multi-step 

pretreatment steps with a single batch process. Prior work from the Pfaendtner and Karr groups 

was focused on studying/optimizing the activity enzymes these non-native solvents.507–509 

Combined simulation/experimental approaches had previously revealed ionic liquid cations 

competitively inhibit the activity of a cellulase known as E1.436 Following this, it was found that 
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the activity and stability of this enzyme in ILs could be improved through the rational mutation of 

active site residues, and the addition of non-native disulfide bonds to reduce structural 

fluctuations.437 Inspired by this progress, we looked to further improve activity and lower costs 

associated with processing biofuels by alternatively reducing the mechanisms of product inhibition 

for E1 as presented in Chapter 6. Together, these works have contributed different strategies for 

reducing the inactivity of a model cellulase. This can serve as a template for improving other 

cellulases and potentially other enzymes.  

In the field of self-assembly, we contributed to the literature in two ways; studying protein 

assembly at the air-water interface, and hierarchical peptoid self-assembly. Through established 

and ongoing collaborations between the Pfaendtner and Weidner group149,150,273, we had previously 

studied the behavior of an antifreeze138 and ice-nucleating510 protein at an air-water interface. These 

works inspired conversations related to resolving fundamental questions in protein surface-

science, that SFG methods did not have high enough resolution over. In particular, the SFG signal 

intensity in the amide-III region which can distinguish characteristic structural features (e.g. α-

helixes, β-sheets, β-turns, and random coils) is relatively weak to obtain due to technical 

challenges.  In cases, like Lysozyme, where there is no significant changes to protein structure 

from bulk to interface, the obtained SFG are difficult to infer due to a weak signal-to-noise ratio. 

Overcoming this challenge with an integrated simulation/experimental approach led to the 

publication of Lysozyme at an air-water interface presented in Chapter 3. With respect to studying 

hierarchical peptoid self-assembly, these challenges were first introduced to us with the goal of 

using simulations to inform their assembly into macromolecular structures.201,290,511 In pursuit of 

this, we contributed to the development of a coarse-grained model.488 Further interested by the 

low-level assemblies that can be formed by these molecules, we proposed a thermodynamic basis  

by which they form secondary structure in solution in Chapter 7. This is the first study to date that 

has been able to obtain this level of thermodynamic and atomistic resolution for a peptoid 12mer. 

More importantly, this method can serve as a template for studying and eventually the rational 

design of new peptoid sequences that enable even greater stability, and functional activity.  

Overall, the study of structure-function relationships at interfaces remains to be a great 

challenge. Taking inspiration from how AI has shifted the field of protein structure discovery, 

future approaches should aim to leverage big data, high throughput computation, and machine 

learning methods to advance the field. This dissertation has been a small sample of how 
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computational methods can be used to study applied systems providing high information content 

and strong agreement with experiment. Future work should build upon these approaches, applying 

them to generate large data sets. Information-rich physics-based simulations will be critical for 

generating data where not experimentally feasible. These in silico screening platforms could then 

be used to uncover the fundamental building blocks of organic biological systems which make 

them so specific and efficient at their jobs. This molecular template would provide a chemical and 

physical basis for materials synthesis, and thus inform the design of new highly functional 

biomaterials. Deep learning models have already been applied to a handful of interfacial systems; 

RNA and DNA-binding proteins512–514, binding site predictions515, and protein-ligand binding516. 

We hope the methods/approaches outlined in these chapters will inspire future development of 

high-throughput frameworks to study many bioinspired systems.  
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Gamma Carboxyl Glutamic Acid Forcefield Parameters  

The following list includes the atom names, and the corresponding CHARMM36 atom 

types that were used to model γ-carboxyglutamic acid (Gla). These were adjusted from existing 

CHARMM36 atom types. A general CH atom was used to model the 𝐶)atom, and partial charges 

for that atom were adjusted as shown by column 3 so that the entire Gla amino acid had an overall 

charge of -2, and each carboxylate group retained the same overall charge. This approach has also 

been used in previous studies.517,518 Other studies have shown that this Gla-carboxylate/Ca2+ 

interaction has both been over and underestimated by previous iterations of the CHARMM 

forcefield parameters, but have not yet been investigated yet with the CHARMM36 release, or the 

Ca1.5+ model used by INTERFACE.53,519 In this study, due to the different ions used within the 

surface model constraints, a generalized approach parameterized from CHARMM36 was used. 
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Partial charges for Gla 

       N   NH1   -0.470  0 
     HN     H    0.310  1 
     CA   CT1    0.070  2 
     HA   HB1    0.090  3 
     CB  CT2A   -0.180  4 
    HB1   HA2    0.090  5 
    HB2   HA2    0.090  6 
     CG   CT1   -0.290  7  
    HG1   HA1    0.090  8  
    JA1    CC    0.620  9 
    OE1    OC   -0.760 10 
    OE2    OC   -0.760 11 
    JA2    CC    0.620 12  
    OE3    OC   -0.760 13 
    OE4    OC   -0.760 14 
      C     C    0.510 15 
      O     O   -0.510 16 
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Table A-S1. Specific simulation setup details for PT-WTE-MTD  

Simulation Peptide Surface 
Charge Counterions 

Surface Peptide Total Ca1.5+ Ca2+ Cl- 

1 dOC HAP 0 -2 -2 2 - 1 

2 OC HAP 0 -5 -5 4 - 1 

3 dOC Neutral Hydroxylated TiO2 0 -2 -2 - 1 0 

4 OC Neutral Hydroxylated TiO2 0 -5 -5 - 3 1 

 
 

Table A-S2. Specific simulation setup details for wtMTD 

Simulation Peptide Surface 
Charge Counterions 

Surface Peptide Total Ca1.5+ Na+ Cl- 

5 GLU HAP 0 -1 -1 2 - 2 

6 GLA HAP 0 -2 -2 2 - 1 

7 GLU Neutral Hydroxylated TiO2 0 -1 -1 - 1 0 

8 GLA Neutral Hydroxylated TiO2 0 -2 -2 - 2 0 
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Table A-S3. Temperatures used for each replica of PT-WTE 

HA TiO2 

Replica Temperature 
(K) Replica Temperature 

(K) 
1 300 1 300 

2 305 2 305 

3 310 3 311 

4 316 4 316 

5 321 5 322 

6 326 6 328 

7 332 7 333 

8 337 8 339 

9 343 9 345 

10 349 10 352 

11 355 11 358 

12 361 12 364 

13 367 13 371 

14 373 14 377 

15 380 15 384 

16 387 16 391 

17 393 17 398 

18 399 18 405 

19 406 19 412 

20 414 20 419 

21 421 21 426 

22 428 22 434 

23 435 23 442 

24 442 24 450 

25 450 - - 
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Convergence of Enhanced Sampling Simulations and Reweighting 

Binding free energies were calculated using a Boltzmann averaged difference of the 

Helmholtz free energy from the surface adsorbed and solution states, as shown in Equations A-

S1 and A-S2. Here 𝑟 represents the peptide center of mass (COM) distance to the surface. The 

region from 𝑟F to 𝑟' is the region where the peptide COM was considered bound (distance <= 3.0), 

and 𝑟( is the distance at which the wall was placed as described in the Methods section. The time 

series monitoring binding energies are shown in Figure A-S1.    

𝐴57/+=89 	=
1

𝑟' − 𝑟F
Y 𝑒"

\(/)
S)Z

/*

/+

𝑑𝑟			, 𝐴5.D76<.- 	=
1

𝑟( − 𝑟'
Y 𝑒"

\(/)
S)Z

/!

/*

𝑑𝑟 (𝐴. 𝑆1) 

𝐴b<-:<-C = −𝑘E𝑇 ln g
𝐴57/+=89
𝐴5.D76<.-

h	 (𝐴. 𝑆2) 

 

The binding energy reported in Figure A-S1 was calculated by taking the mean of the 

Boltzmann weighted binding energies calculated during the last 30% of simulation time. The 

binding energies for capped Glu and Gla were calculated to be -17.55 kJ/mol ±	0.27 kJ/mol and   

-22.7 kJ/mol ± 1.05 kJ/mol on HA, and -15.4 kJ/mol ± 1.13 kJ/mol and -26.0 kJ/mol ± 0.97 

kJ/mol on TiO2, respectively. The binding energies of dOC are -16.0 ±1.2 kJ/mol and -40.5±0.9 

kJ/mol for OC on HA, and -67.9 ±2.5 kJ/mol for dOC and -6.1 ±1.7 kJ/mol for OC on TiO2 

respectively. Errors reported were calculated by taking the standard deviation of binding energy 

from the last 30% of the simulation.  
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Figure A-S1. Binding free energy calculated from Equation A-S2 as a function of time for all 
wtMTD simulations of capped amino acids (left) plotted every 2.5 ns, for clarity. Binding energy 
calculated for the 300K replica in PTMetaD-WTE simulations (right) plotted every 20 ns, for 
clarity. 

Free-energies and other equilibrium averages were obtained from the biased simulations 

via reweighting.  For all reweighting analyses we used static bias approximation. That is, the 

trajectory of interest is re-processed using the final MetaD bias potential from each simulation and 

each frame is assigned a weight based amount of bias given by the use of the final static bias; 

weights are obtained with the Torrie-Valleau442 scheme (n.b., this method was inspired by 

Branduardi et al.401 and was shown to provide exact agreement with reference potentials in 

multiple prior studies235,413) 
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Figure A-S2. Free energy profile for Glu (blue) and Gla (red) binding onto HA (left) and TiO2 
(right). Whereas the binding profiles in Figure 3 and 4 show the reweighted free-energy as a 
function of the side-chain COM, these profiles represent the free-energy of the COM of the entire 
amino acid, derived from the sum of the MetaD bias potential 
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Clustering  

Clustering was done using the gromos520 method developed by Daura et al. implemented 

in GROMACS. Gromos is a geometric clustering method that uses a root mean square deviation 

(RMSD) distance metric to group structures given a cutoff value. Peptides were clustered based 

on RMSD of the alpha carbon atoms in the peptide backbone using a cutoff value of 0.2 nm.521 

Structures were processed every two to four frames using the ensemble of biased structures at 

300K, classified based on their COM distance to the surface (distance <= 3.0 nm away from the 

surface). The cluster weights from this analysis were then reweighted as described above to correct 

for the effect of the MetaD bias. The top 3 clusters for dOC on HA and TiO2 are included in Figure 

A-S3, and OC on HA and TiO2 are included in S4. The top 3 structures in Figure A-S3 and A-S4 

represent at least 50% of the peptide conformations observed at the surface. The top 3 solution 

structures are shown in Figure A-S5 and A-S6, to demonstrate conformational preferences in 

solution. Convergence of clustering shown in Figure A-S5, was performed by calculating the total 

number of clusters as a function of trajectory frames clustered.  

 

 
Figure A-S3. Top 3 structures from clustering analysis for adsorbed dOC in row A) HA and row 
B) TiO2 surfaces. Percentages listed over the structures correspond to the reweighted % of 
simulation that structure represents. 
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Figure A-S4. Top 3 structures from clustering analysis for adsorbed OC in row A) HA and row 
B) TiO2 surfaces. Percentages listed over the structures correspond to the reweighted % of 
simulation that structure represents. 
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Figure A-S5. Free energy profiles for dOC and OC in HA systems along the radius of gyration 
for structures in solution (COM distance > 3.0 nm)  
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Figure A-S6. Free energy profiles for dOC (blue) and OC (red) in TiO2 systems along the radius 
of gyration for structures in solution (COM distance to the surface > 3.0 nm).  

 
 
 
 
 
 
 



 154 

 
Figure A-S7. Top 3 structures from clustering analysis for solution dOC in row A) HA systems 
and row B) TiO2 systems. Percentages listed over the structures correspond to the reweighted % 
of simulation that structure represents 

 

 
Figure A-S8. Top 3 structures from clustering analysis for solution OC in row A) HA system and 
row B) TiO2 systems. Percentages listed over the structures correspond to the reweighted % of 
simulation that structure represents. 
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Figure A-S9. FES for A) dOC on HA, B) dOC on TiO2, C) OC on HA, and d) OC on TiO2. Note 
the difference in energy scales, given in kJ/mol for clarity in seeing the minimum energy bound 
states.   
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Characterization of surface bound structure 

To characterize the minimum energy adsorbed clusters, simulations were reweighted using 

Torrie-Valleau442 reweighting scheme using only the surface adsorbed structures (peptide COM 

distance <= 3.0 nm). The structures were then reweighted along 2 coordination number (CN) CVs, 

to produce a free energy surface (FES) describing the environment between the peptide, and ions 

(Ca) or hydroxyls (H) at the surface. The CN is represented by a continuous switching function 

between atoms 𝑖 and 𝑗 following the form given in Equation A.3 where  𝑟F, 𝑛, and 𝑚 are adjustable 

parameters to control the shift, and slope of the switching function.  

𝐶𝑁 =
1 − {

𝑟<M
𝑟F
|
-

1 − {
𝑟<M
𝑟F
|
0 	 (𝐴. 3) 

The reweighted CVs shown are: (1) the CN between each oxygen on every carboxylate in 

Glu or Gla and all calcium ions (𝑟F = 0.35 nm), and (2) the CN between each oxygen and hydrogen 

on surface hydroxyls (𝑟F = 0.2 nm). This was done to capture the amount of surface contacts 

through the unique interaction with each O on the Glu and Gla residues with the surface. Values 

of 6, and 12 were used for 𝑛 and 𝑚 in both CVs.  

 

 
Figure A-S10. Characterization of the surface bound structures of dOC (left) and OC (right) on 
HA 
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Figure A-S11. Characterization of the surface bound structures of dOC (left) and OC (right) on 
TiO2 

 
  



 158 

Characterization of OC helical structure 

 
 

 
Figure A-S12. Characterization of the kinked helical structure in OC, showing only the backbone 
atoms in licorice, and transparent overlay of the helical structures obtained from the proteins 
adsorbed on HA. A) A tight helix formed by i+4 h-bonding with a proline kink in the first helix, 
followed by i+3 h-bonding in the second helix. B) Another tight helix formed by combined i+3, 
i+4 bonding in the first helix with a proline kink with residues Leu-5 and Gla-6, followed by the 
same i+3 hydrogen bonding mode in the second helix. Protein structure is shown transparently, 
and backbone residues are shown in licorice following the same color scheme as the Figure 2.6.  
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Figure A-S13. Convergence of clustering calculations for (A) dOC and C) OC on HA; and B) 
dOC and D) OC on TiO2. Convergence of surface clusters (peptide COM distance <= 3.0 nm from 
the surface) are given by the blue line, and solution clusters (peptide COM distances > 3.0 nm 
from the surface) are shown by the orange line.  
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Figure B-S1. Extended time series data for select simulations monitoring the z-distance between 
the COM of protein to the furthest water atom for (left) GROMOS-53A6/SPC/E and (right) 
a99SB-disp/TIP4P-D 

  

GROMOS-53A6+SPC/E a99SB-disp+TIP4P-D 
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Figure B-S2. Description of the collective variable used to model orientation of lysozyme at the 
interface, the vector is defined as the distance from the COM of Cystine 127, and Threonine 69. 
Disulfide bonds are shown in licorice between residues 75 and 93, 63 and 79, 114 and 29, 98 and 
126, and the protein is colored according to its secondary structure where alpha helices are given 
in purple or blue, beta sheets are shown in yellow, and coils are given in cyan.  
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Figure B-S3. Additional interfacial structures obtained from GROMOS-53A6+SPC/E trials, 
corresponding to labeling scheme in Figure 3.1 
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Figure B-S4. Root mean square deviation of α-carbons to monitor stability over time in reference 
to the PDB structure conformation of (left) GROMOS-53A6/SPC/E and (right) a99SB-
disp/TIP4P-D 

 
  

GROMOS-53A6/ SPC/E a99SB-disp/ TIP4P-D 



 165 

 

 
 
Figure B-S5. Extended time series data of simulations monitoring the orientation of (left) 
GROMOS-53A6/SPC/E and (right) a99SB-disp/TIP4P-D 
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Figure B-S6. Raw data for interfacial distance to monitor adsorption and orientation for trials 
conducted at pH 11 using a99SB-disp/TIP4P-D. Trials 11, 12, 13, 14, 15 and 16 represent the 
structures started from trial 4, 5, 6, 7, 8, and 9 of the adsorbed poses at pH 7. 
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Figure B-S7. Calculated SFG signals given for a99SB-disp+TIP4D (a) trial 6 which adsorbs to 
pose I (axial) (b) trial 7 which adsorbs to pose I (axial) and (c) trial 9 which adorbs to pose II 
(head-on). The experimental signal is also shown for comparison.  

 
 

a b
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Figure B-S8. Calculated SFG signals given for GROMOS-53A6+SPC/E (a) trial 2 which adsorbs 
to pose III (b) trial 4 which adsorbs to pose VIII and (c) trial 5 which adorbs to pose V (d) trial 6 
which adorbs to pose VI (e) trial 7 which adorbs to pose VII (f) trial 9 which adorbs to pose IV. 
The experimental signal is also shown for comparison.  
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Figure C-S1. RMSD of the alpha-carbon backbones of the course of each metadynamics 
simulation, (red, left) WT, (blue, middle) Y245G, (green, right) W212A E1. 
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Figure C-S2. Demonstrating convergence for WT (red, top row), Y245G (blue, middle row), and 
W212A (green, bottom row) E1. For each system (from left to right, column 1) free energy profile 
(FEP) is plotted as a function of the funnel z-axis, for 70, 80, 90, and 100% of the total simulations 
time. A dotted line at 2.5 nm is used to indicate the bound state vs. the unbound state. An error bar 
is plotted over the FEP to show standard deviation over the last 30% of simulation time. (Column 
2) The change in free energy as a function of time is plotted with the entropic correction (3.8 
kcal/mol) applied. A solid line is used to highlight the average binding energy and its standard 
deviation over the last 30% of simulation. (Column 3) Protein-ligand binding as a function of 
simulation time, where 2.5 nm is highlighted with a dotted line to indicate the bound and unbound 
states. (Column 4) Gaussian hill height as a function of time.  
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Figure C-S3. Overlay of near complete 1H−15N HSQC spectra of WT E1 in the presence of 0 
(black), 1 (pink), 2 (red), 6 (orange), 10 (yellow), 15 (green), 21 (cyan), and 30 (blue) mM 
cellobiose. The overlay of the spectra shows many of the active site and distal residues in the ring 
region that were significantly perturbed (Δδ > 1σ from average). The labels and arrows indicate 
the residue number and direction of the chemical shift perturbations, respectively. Additionally, 
the asterisk indicates peaks that were significantly perturbed, but for which there was no residue 
assignment. 
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Figure C-S4. Binding isotherms for the interaction of cellobiose with residues in the perturbed 
ring of WT E1. The lines represent each residue fitted individually to a single-site, reversible 
binding model for each residue in fast exchange. 
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Figure C-S5. Overlay of near complete 1H−15N HSQC spectra of Y245G E1 in the presence of 
cellobiose. The overlay shows spectra with 0 (black), 0.6 (pink), 3 (red), 9 (orange), 21 (yellow), 
31 (green), 46 (cyan), 63 (blue), 90 (light purple), and 110 (dark purple) mM cellobiose. Residues 
in WT E1 with significant perturbations (Δδ > 1σ from average) in the presence of cellobiose are 
numerically labeled, whereas residues significantly perturbed in the presence of cellobiose for 
Y245G E1 have arrows indicating the direction of chemical shift perturbations. 
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Figure C-S6. Activity of WT, Y245G, and W212A E1 using pNPC as a model substrate in the 
presence of 0 (circle), 0.022 (square), 0.06 (triangle), and 0.1 M (diamond) cellobiose. Lines 
represent the fit to a linear competitive inhibition model. Error bars represent the mean of three 
independent reactions. 
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Figure C-S7. Theoretical productivity curves for WT, Y245G, and W212A E1 at 20 wt % (0.23 
M) substrate loading. Productivity curves were generated using integrated Michaelis-Menten 
equations for linear, competitive product inhibition and kinetic parameters from E1 activity on 
pNPC. Maximum error for each variant was determined from the error of the kinetic constants of 
each variant on pNPC (shaded area). 
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Figure C-S8. Scheme describing tunable parameters in a funnel restraint where E is the enzyme 
and S is the substrate. Zcc is the distance at which the restraint switches from a cone into a 
cylindrical shape, α is the angle which describes the amplitude of the cone, Rcyl is the radius of the 
cylinder, and Z describes the axis along which the ligand binds to the protein.  
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Table C-S1. Free energies of cellobiose binding to WT, Y245G, and W212A E1 determined 
from experimental kinetic parameters (ΔGb

0
exp) and Funnel MetaD (Gb

0
FM). 

Variant ΔGb
0
exp(kJ/mol) Gb

0
FM(kJ/mol) 

WT 15.7 14.57 ± 2.46 

Y245G 7.14 7.97 ± 1.82 

W212A 5.37 5.30 ± 0.81 
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Figure D-S1. Comparison of peptide backbone to peptoid backbone  

 
 

  
 
Figure D-S2. Representative polypeptoid backbone and termini used in this study, where R is side 
chain group. (Top) Three backbone dihedrals are depicted here; ω describes the rotation about the 
𝐶!"#! − 𝐶!$% − 𝑁 − 𝐶!"#! dihedral, ϕ describes the rotation about the 𝐶!$% − 𝑁 − 𝐶!"#! −
	𝐶!$% dihedral and ψ describes rotation about the 𝑁 − 𝐶!"#! − 𝐶!$% − 𝑁 dihedral. (Bottom) 
Representative Nspe monomer to depict sidechain dihedrals; ρ describes the rotation about 𝐶!$% −
𝐶!"#! − 𝑁 − 𝐶&, and Χ'and Χ(	describe the rotation about 𝐶!"#! − 𝑁 − 𝐶& − 𝐶),  and 𝑁 − 𝐶& −
𝐶) − 𝐶* for longer sidechains, where 𝐶& , 𝐶) ,	and 𝐶* are the first, second, and third carbon atoms 
from the sidechain backbone nitrogen.  
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Figure D-S3. Reference Ramachandran plots with helical minimas depicted, plotted on a -180 to 
180 degree scale (top row), and again on 0 to 360 scale (bottom row) for both the cis- (left column) 
and trans- (right column) conformation  
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Table D-S 1. Sequence-averaged backbone dihedrals for each peptoid chemistry and motif. 
The average column represents the average dihedral measurement of each of the 12 motifs for each 
of the three chemistries, where error is the standard deviation of these three values. 

 Sarcosine Npm Nspe Averaged Motif Backbone 
 𝛟		(°) 𝝍	(°) 𝝎(°) 𝛟		(°) 𝝍	(°) 𝝎(°) 𝛟		(°) 𝝍	(°) 𝝎(°) 𝛟		(°) 𝝍	(°) 𝝎(°) 

𝜶𝑫		#𝑪𝑰𝑺 -82 179 -1 -84 172 -8  -80 173 -1 -82 ± 2 175 ± 4 0 ± 2 
𝜶𝑫		$𝑪𝑰𝑺 81 -176 0 85 -174 -2 80 -180 2 82 ± 3 -176 ± 3 0 ± 2 
 𝜶𝑪𝑰𝑺#  -60 -49 -11 -63 -56 -11 -59 -44 -11 -61 ± 2 -50 ± 6 -11 ± 0  
 𝜶𝑪𝑰𝑺$  60 51 10 66 56 11 62 41 11 63 ± 3 49 ± 8 11± 1 

 𝑪𝟕𝜝				#𝑪𝑰𝑺 -130 74 -1 -146 74 -6 -130 75 -1 -135 ± 9 74 ± 1 -3 ± 3 
 𝑪𝟕𝜝				$𝑪𝑰𝑺 128 -72 1 127 -70 6 129 -72 0 128 ± 1 -71 ± 1 2 ± 3 

 𝜶𝑫		#𝑻𝑹𝑨𝑵𝑺 -85 177 -179 -85 168 179 -86 176 180 -82 ± 1 174 ± 5 180 ± 1 
𝜶𝑫		$𝑻𝑹𝑨𝑵𝑺 84 -176 179 84 179 -179 80 -174 180 83 ± 2 -177 ± 4 -180 ± 1 
 𝜶𝑻𝑹𝑨𝑵𝑺#  -55 -56 175 -60 -67 176 -55 -58 177 -57 ± 3 -60 ± 6 176 ± 1 
 𝜶𝑻𝑹𝑨𝑵𝑺$  55 60 -176 64 76 -176 58 55 -176 59 ± 5 64 ± 11 -176 ± 0 

 𝑪𝟕𝜝				#𝑻𝑹𝑨𝑵𝑺 -108 74 -178 -101 91 -176 -108 76 -177 -82 ± 4 80 ± 9 -177 ± 1 
 𝑪𝟕𝜝				$𝑻𝑹𝑨𝑵𝑺 110 -76 179 97 -91 176 107 -76 178 105 ± 7 -185 ± 9 178 ± 2 
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Figure D-S4. Full sequence folded structures obtained from sarcosine PBMetaD simulations, and 
dihedrals plotted on the converged Ramachandran plots used in Figure 7.3. 
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Figure D-S4. Full sequence folded structures obtained from sarcosine PBMetaD simulations,  
and dihedrals plotted on the converged Ramachandran plots used in Figure 7.3. 
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Figure D-S5. Example of basin definitions used for free energy analysis plotted on a 0 to 360 
degree scale to remove boundary effects at the regions of interest. Values that lie within any of 
these basins were considered “structured” and values that lie outside were classified as 
unstructured. A radius of 55 degrees was used to define each basin. Unstructured regions on the 
FES accounted for less than 5% of the total weights from each simulation. Energy is plotted in 
kcal/mol. 
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Figure D-S6. Assigning Probability Weights for Free Energy Analysis. Each free energy 
surface was assigned to 3 different categories 1) Isomerization (cis or trans); cis- regions are 
defined as 𝜔 ≥	−90 and	𝜔 ≤ 90 and trans- regions was all omega values outside of that range, 
2) Structure (unstructured or structured), structured regions fell into one of the 12 basins described 
in Figure S5 whereas unstructured regions fell outside of those regions, 3) Folded (one of 12 
unique basins) as described in Figure S5. Probability of being in a folded state (Equation 2, main 
text) with respect to the entire folding landscape was calculated by propagating the probability of 
being in a single state along the tree diagram: 𝑝+",-./0 = 𝑝+${'..'(} ∗ 𝑝4${56/7867/9:,7-56/7867/9:} ∗
𝑝;${8<5,6/=-5} 

Weight assignment
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$%&'%'&/)'*+',-./0	(2/,&34)
STRUCTUREDUNSTRUCTURED

!!"			$%&	 !!'			$%& !				$%&" 	 !				$%&' 	 #()			$%&
" 	 #()		$%&

' 	

!!.	,-./&	 !.,-./& #(+		,-./&

F7 F8 F9 F10 F11 F12

$%&'%'&/)'*+',-./0	(2/,&34)
STRUCTUREDUNSTRUCTURED

Pf

PS

PI

Temperature 300
CIS (PI=cis) TRANS (PI=TRANS) SUM (PI)

0.68 0.32 1.00

Structured 
(Ps=structured) 0.979

f1 0.351

Structured
(Ps=structured) 0.896

f7 0.588
f2 0.619 f8 0.334
f3 0.005 f9 0.009
f4 0.02 f10 0.031
f5 0.001 f11 0.008
f6 0.003 f12 0.029

SUM
(Pf) 1.00 SUM

(Pf) 1.00

Unstructured
(Ps=unstructured) 0.021 Unstructured

(Ps=unstructured) 0.104

SUM (Ps) 1.00 SUM (Ps) 1.00

Sample weights for Nspe 300K replica
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Table D-S2. Absolute energy difference between left-handed and right-handed energies in Table 
1. Energy differences are the absolute value calculated by subtracting the RH (+) state from the 
LH (-) state and are reported in kcal/mol.  

 Sarc12 
(kcal/mol) 

Npm12 

(kcal/mol) 
Nspe12 

(kcal/mol) 

cis- 𝜶𝑫 0.06 0.13 0.5 
cis- 𝜶 0.18 0.04 0.83 

cis- 𝑪𝟕𝜝 0.09 0.25 0.65 
trans- 𝜶𝑫 0.05 0.01 0.39 
trans- 𝜶 0.02 0.09 0.74 

trans- 𝑪𝟕𝜝 0.00 0.11 0.77 
 
 
 

 
Figure D-S7. Flexibility along residue sidechains. Free energy surfaces projected onto the χ'and 
𝜒( sidechain dihedrals for (A) Npm12 (B) Nspe12.  
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Table D-S3. Entropic fitting parameters for isomerization and folding reported in kcal/mol   

 𝑪𝑰𝑺	𝒊𝒔𝒐𝒎𝒆𝒓𝒊𝒛𝒂𝒊𝒕𝒐𝒏 𝜶𝑫#	𝑪𝑰𝑺	(𝑹𝑯) 

 -𝜟𝑺	(𝒎) 
(kcal/mol K) 

𝜟𝑼	(𝒃) 
(kcal/mol) 𝑹𝟐 -𝜟𝑺	(𝒎) 

(kcal/mol K) 
𝜟𝑼	(𝒃) 

(kcal/mol) 𝑹𝟐 

Sarcosine -0.00029 0.93749 0.500 0.00325 0.35502 0.974 

Npm 0.00031 -0.21849 0.835 0.00361 -0.51778 0.999 

Nspe -0.00100 -0.15806 0.961 0.00239 -0.54046 0.936 
 
 

Table D-S4. Entropic contributions to cis- isomerization at different temperatures reported in 
kcal/mol 

Temperature (K) 300 317 336 355 376 398 421 446 472 500 

Sarcosine -0.086 -0.091 -0.096 -0.102 -0.108 -0.114 -0.121 -0.128 -0.136 -0.144 

Npm 0.093 0.099 0.104 0.110 0.117 0.124 0.131 0.139 0.147 0.156 

Nspe -0.301 -0.319 -0.338 -0.357 -0.378 -0.400 -0.423 -0.448 -0.474 -0.502 

 
 
Table D-S5. Entropic contributions to 𝜶𝑫"	𝑪𝑰𝑺	helix formation reported in kcal/mol 

Temperature (K) 300 317 336 355 376 398 421 446 472 500 

Sarcosine 0.976 1.031 1.093 1.155 1.223 1.295 1.370 1.451 1.536 1.627 

Npm 1.084 1.145 1.214 1.282 1.358 1.438 1.521 1.611 1.705 1.806 

Nspe 0.718 0.758 0.804 0.849 0.900 0.952 1.007 1.067 1.129 1.196 
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SI Methods  

Forcefield Details and Equilibration 

All systems were simulated in GROMACS 2018.372 and analyzed using the Plumed 2.4.2 

plugin73. A modified CHARMM-based forcefield was implemented in this work. Backbone partial 

charges for the amide nitrogen atom, the backbone carbon were taken from the original MFTOID 

forcefield293 were used. Lennard-Jones parameters for the carbonyl carbon from the original 

MFTOID forcefield293 were also used.  Backbone dihedrals (omega, and chi) and tuned-CGENFF 

parameters for the sidechains as published by Weiser and Santiso484 were used. A combination of 

backbone and sidechain parameters from these CHARMM-based forcefields was chosen in order 

to retain a uniform backbone partial charges for the sequences, similar to how CHARMM-based 

forcefields are implemented for proteins and peptides. All systems were simulated in a TIP3P 

water box. GROMACS formatted forcefield rtp files are available on github 

(https://github.com/UWPRG/peptoid-ffgen/tree/master/docs). To justify combining these 

parameter sets, we conducted a 500ns, well-tempered metadynamics simulation of a single 

sarcosine dipeptoid with an acetyl-capped N-terminus, and a dimethylamide-capped C-terminus, 

following what was used in previous forcefield fitting papers293,484. This molecule was simulated 

in a 3.3 nm x 3.0 nm x 3.1 nm water box, using 1000 water molecules, and equilibrated using the 

protocol described in the following paragraph.  A 3D bias potential was added to the phi, psi, and 

omega collective variables using a hill height of 2.5 kJ/mol, a pace of 500 steps, and a bias factor 

of 15. In the original Mirijanian et al., work the 𝛼X and 𝛼" states were most favorable for a cis 

backbone, which did not agree with DFT calculations. The FES (Figure D-S8) obtained from our 

metadynamics simulation agrees with the results published by Weiser and Santino, showing 

overall favorability of the 𝛼UX and 𝛼U" states for both cis and trans backbone configurations. This 

result validates the choice of forcefield parameters used in this work, in the limit of current 

forcefields available. Convergence of these calculations are given in Figure D-S9/D-S10. 

Three different dodecamer polymers were simulated in this work; sarcosine (sarcosine)12 

which is unsubstituted at N–Cα, an achiral N-(1-phenylmethyl)glycine (Npme)12 sequence, and the 

chiral helix forming (S)-N-(1-phenylethyl)glycine, (Nspe)12 terminated with a free N-termini and 

an amidated C-termini as shown in Figure D-S1. All three systems were simulated in a 6.4 nm x 

6.4 nm x 6.1 nm box, with approximately 7,600 water molecules.  All systems were equilibrated 

using the following protocol. First systems were minimized using a steepest descent algorithm to 
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remove any unfavorable contacts, over 10,000 steps. Then, each system was equilibrated to 300K, 

over 1 ns, using a stochastic global thermostat81 to couple temperature (tau=0.5 ps) followed by 

pressure equilibration to 1 bar, over 100 ps, using the Parrinello-Rahman barostat82 (tau=5 ps) with 

compressibility set to 4.5x10-5 bar-1. A timestep of 2 femtoseconds was used in all simulations, 

and hydrogen bonds were constrained using the LINCS80 algorithm. Van der Waals interactions 

were calculated below a cutoff of 1.2 nm, and electrostatic interactions were calculated with 

particle-mesh Ewald83 summations using a 1.2 nm cutoff. 

 

 
Figure D-S 8. FES obtained from metadynamics of sarcosine dipeptoid in water 

 

Convergence of 3D Metadynamics Simulations of capped diethylamide  

 

 
Figure D-S9. CV sampling for metadynamics of sarcosine dipeptoid in water 
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Figure D-S10. Hill height as a function of time for metadynamics of sarcosine dipeptoid in water. 

Description of Collective Variables (CVs) 

Coordination number (CN) was calculated using the functional form in equation 1, 

following the current implementation in PLUMED. This collective variable calculates the number 

of contacts between two groups of atoms (𝑖 and 𝑗). In this definition if a contact between two rings 

is formed the value is 1, otherwise it is zero, where 𝑠<M is a smoothing function provided in equation 

2.  Coordination number was used in two cases; 1) to bias each individual ring coordination, and 

2) bias the overall coordination of aromatic rings in a sequence. For case 1, within this definition 

each group is represented by the the center of mass of the first carbon and fourth carbon in each 

aromatic ring (as a proxy for representing the entire ring). This results in a coordination number 

for each aromatic ring pair possible in a 12mer (CN(ring0, ring1), CN(ring0, ring2)… 

CN(ring11,ring12), etc.) for a total of 65 unique CVs. Additionally, in PLUMED its possible to 

capture the overall coordination of a sequence by summing all the coordination between all pairs. 

In both cases 𝑟F is 0.5 nm, 𝑛 is 8, and 𝑚 is 12. A neighbor list cutoff of 0.75 nm was used and 

updated every 10 steps to help speedup these calculations. Parameters were chosen based off the 

average behavior between aromatic rings in classical simulation runs.  

DD𝑠<M
M<

	 𝐷. 1 

 

𝑠<M =
1 − {

𝑟<M
𝑟F
|
-

1 − {
𝑟<M
𝑟F
|
0 	 𝐷. 2 

 

Alphabeta is a collective variable defined in PLUMED which can measure the distance 

between an instantaneous set of torsional values (𝑡<), and a set of reference values (𝑡<
/9+), as 
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provided in Table D-S6. This collective variable provides a metric to evaluate how many dihedrals 

of a 12mer are folded into a specific reference. In this work, we applied this CV to describe the 

sum of all the backbone dihedrals (𝜙< , 𝜓< , 𝜔<) for an entire 12mer in reference to each of the 12 

motifs. Each 12mer consisted of 11 phi, 11 psi and 12 omega dihedrals, thus each alphabeta CV 

contained 𝑖 =34 reference dihedrals for each motif. A total of 12 unique alphabeta CVs were used 

to describe overall homogeneous folding into each of the 12 motifs. The reference dihedrals used 

in this work are provided in Table S3, and were originally derived by approximating values from 

the MP2/6-31G* potential energy surface published by Weiser and Santiso484. For practical 

implementation of this CV, we refer the reader to the PLUMED input files published in PLUMED-

NEST (plumID:21.030).  

𝑠 =
1
2
D�1 + cosQ𝑡< − 𝑡<

/9+S�
<

	 𝐷. 3 

Clustering  

Clustering was done using the gromos520 method developed by Daura et al. implemented 

in GROMACS. Gromos is a geometric clustering method that uses a root mean square deviation 

(RMSD) distance metric to group structures given a cutoff value. In this work, each frame of the 

trajectory was first separated into a cis or trans structure. If more than half the omega dihedrals 

were in a cis backbone conformation, the structure in that frame was considered a cis structure, 

otherwise the structure was considered a trans structure. Each set of structures were then separately 

clustered based on RMSD of the backbone atoms (𝐶!"#!, 𝐶!$%, 𝑁, 𝑂),using cutoff values ranging 

from 0.12nm to 0.18nm to asses robustness. The probability of each cluster was then reweighted, 

using Torrie Valleau reweighting as previously described, to correct for the effect of the bias on 

the cluster’s probability. A cumulative distribution function (CDF) of these reweighted 

probabilities is plotted in Figure D-S11 as a function of different gromos cutoff values, and 

different sidechain chemistries.  
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Figure D-S11. Cumulative distribution function (CDF) of reweighted probabilities corresponding 
to each cluster of structures given a mostly cis or mostly trans backbone for (row A) sarc12, (row 
B) Npm12, and (row C) Nspe12 at 300k. The varying cutoffs used in the gromos clustering algorithm 
are given in each column.   
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Table D-S6. Reference dihedrals used for the alphabeta collective variable, given in radians  

Motif 𝛟		(𝒓𝒂𝒅) 𝝍	(𝒓𝒂𝒅) 𝝎(𝒓𝒂𝒅) 

𝜶𝑫		0𝑪𝑰𝑺 -1.57 3.14 0.00 

𝜶𝑫		1𝑪𝑰𝑺 1.57 3.14 0.00 

𝜶𝑪𝑰𝑺0  -0.87 -1.00 0.00 

𝜶𝑪𝑰𝑺1  0.87 1.00 0.00 

𝑪𝟕𝜝				0𝑪𝑰𝑺 -2.09 1.30 0.00 

𝑪𝟕𝜝				1𝑪𝑰𝑺 2.09 1.30 0.00 

𝜶𝑫		0𝑻𝑹𝑨𝑵𝑺 -1.57 3.14 3.14 

𝜶𝑫		1𝑻𝑹𝑨𝑵𝑺 1.57 3.14 3.14 

𝜶𝑻𝑹𝑨𝑵𝑺0  -0.87 -1.00 3.14 

𝜶𝑻𝑹𝑨𝑵𝑺1  0.87 1.00 3.14 

𝑪𝟕𝜝				0𝑻𝑹𝑨𝑵𝑺 -2.09 1.30 3.14 

𝑪𝟕𝜝				1𝑻𝑹𝑨𝑵𝑺 2.09 1.30 3.14 
  
 

PT-PBMetaD-WTE Convergence  

Convergence was determined by evaluating the 12 Alphabeta CVs over the last 30% of 

simulation time . Convergence was determined by evaluating 1) fluctuations of this CV, and 2) no 

significant changes to the FEP minima along alphabeta at long timescales while the overall bias 

added to the system was low (Figures D-S12 to D-S18). The minimum and maximum values of 

alphabeta range from 0 (no dihedral triplets associated with the 12 residues in a sequence) to 34 

(all 12 residues are in a local minimum state), providing a metric for evaluating structures 

traversing the entire free energy landscape. Traversing this CV implies that all the relevant 

dihedrals are sampled along each sequence.  We note that although the reweighted free-energy 

profiles (cf. Figs S8, S10, S11) experience fluctuations in the small basin at high values of 

ALPHARMSD, these do not impact our overall conclusions as these states represent unlikely 

“perfect helices”. As discussed in the manuscript, we verified that it is the significantly wider deep 

energetic minima for all 12 states that have relevance for our key conclusions needed to reproduce 

sequence averaged free energy surfaces consistent with previous experimental and DFT-level 

predictions.  
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To further validate results obtained from metadynamics, a series of classical MD 

simulations are supplied which supported relative stability of the states extracted from enhanced 

sampling simulations. Classical MD simulations support those structures obtained from low-

energy regions predicted by metadynamics were stable. Figure D-S19 depicts the time series 

RMSD for 3-1 𝜇s trials done on sarc12, Npm12, and Nspe12 from a fully folded 𝛼U#$%
		"  helix starting 

configuration. These results show that the Nspe12 helix is stable on the order of 1	𝜇s whereas Npm12  

and sarc12 rapidly unfold, given by a large RMSD. This result supports findings reported in Figure 

7.5 in the main text.  

Following this, a second validation test was conducted on the Nspe12 by running a single 

100ns MD simulation starting from structures corresponding to each of the 12 basins. The starting 

and ending configurations for these simulations are provided in Figure D-S20, and the timeseries 

RMSD and dihedral probability densities related to structure stability are provided in Figures D-

S21 and D-S22. As shown in D-S21 and D-S22 few trans- to cis- isomerization events, and no 

cis- to trans- events were observed. On average trans- structures were much less stable cis- ones, 

consistent with isomerization predictions from metadynamics. These results further demonstrate 

that structures which begin in 𝛼U#$%
		"  helices are the most stable, given by no significant changes to 

the dihedral preferences and structure over 100 ns. The simulation starting from a  𝛼U#$%
		X  was 

slightly less stable than 𝛼U#$%
		" ,	resulting in a final state where 2 of the 12 residues unfolded into a 

different energetic minimum. Structures started from other higher energy basins demonstrated 

some additional heterogeneous unfolding into nearby energetic basins, as predicted by the free 

energy surface. Structures which start in 𝛼U,-./%
		"/X  are partially stable, showing initial unfolding 

into heterogeneous conformers. The 𝐶V&#$%/,-./%
		"/X  and 𝛼!;4/Z[\P4

X/"  demonstrated the least stability 

on MD timescales, showing complete and rapid unfolding into heterogeneous combinations of 

nearby 𝛼U#$%/,-./%
		X/"  states.  
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Figure D-S12. Sarc12 sampling of the 300K replica monitoring alphabeta of each of the 12 states 
over the entire simulation time. 
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Figure D-S13. Average 1D Free Energy Profile (FEP) for sarc12 300K replica calculated using the 
last 30 % of simulation time, error bar is the standard deviation of energy fluctuations from the 
last 30% of simulation time  
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Figure D-S14. Npm12 sampling of the 300K replica monitoring alphabeta of each of the 12 states 
over the entire simulation time.  
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Figure D-S15. Average 1D Free Energy Profile (FEP) for Npm12 300K replica calculated using 
the last 30 % of simulation time, error bar is the standard deviation of energy fluctuations from the 
last 30% of simulation time  
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Figure D-S16. Nspe12 sampling of the 300K replica monitoring alphabeta of each of the 12 states 
over the entire simulation time.  
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Figure D-S17. Average 1D Free Energy Profile (FEP) for Nspe12 300K replica calculated using 
the last 30 % of simulation time, error bar is the standard deviation of energy fluctuations from the 
last 30% of simulation time.  
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Figure D-S18. Gaussian hill height vs time for all 1D bias potentials added to system at 300K for 
(A) sarc12, (B) Npm12, and (C) Nspe12 metadynamics simulations. 
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Figure D-S19. Three 1 𝜇s trials of MD were conducted in water from a fully helical starting 
position. Backbone RMSD vs time was measured for A) sarc12 B) Npm12 and C) Nspe12  

 

B

A
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Figure D-S20. Conformational stability measured over 100ns of classical MD. 12 trials of 
Nspe12 were simulated at 300K with classical MD, initiated from each of the 12 minima. Dihedrals 
for each residue in the starting (red squares) and ending (blue circles) configurations are plotted 
on top of the Ramachandran plots obtained using PBMetaD. Each structure contains only either a 
cis or trans Ramachandran plot for simplicity, although isomerization events occurred over 100ns 
timescales. Time-series RMSD and probability density related to fluctuations of this system over 
100ns timescales are given in Figures D-S16 and D-S17.  
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Figure D-S21. Stability of folded Nspe structures on MD timescales starting from cis- backbone 
configurations 

 

!!	#			$%&	 !!'			$%&

!			$%&# 	 !			$%&'

#()# $%&
#()# $%&



 206 

 
Figure D-S22. Stability of folded Nspe helices on MD timescales starting from trans- backbone 
configurations 
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