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Biological sequence-defined polymers, such as proteins, have inspired a wide range of 

synthetic sequence-defined polymers that can be exploited for applications in fields including drug 

delivery, biomedicine, catalysis, and novel materials development. These synthetic polymers show 

great opportunity for precise control of single-chain secondary and tertiary structure, multi-unit 

self-assembly, macromolecular hierarchical design, and overall function through careful tuning of 

sequence. However, the relationship between sequence, structure, and function in these molecules 

is often not well understood. Computational modelling in this sphere provides a great opportunity 

to gain nanoscale-level insight on these systems, understand the driving forces relating molecular 

sequence, structure, and larger function, and exploit these features for better sequence design. In 

this work, physics-based simulation models are used to analyze these sequence-structure-function 

relationships in peptoids and peptides. The knowledge gained from these simulations provides 

frameworks for understanding the folding of peptoids into helical hairpins as well as interfacial 

interactions to design better polymers for applications in biomimetic mineralization.  
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Chapter 1: Introduction 
 

Biological sequence-defined polymers, such as proteins, are critical for functions within 

natural environments including signaling, growth, providing structure, maintaining pH, 

transporting nutrients, and more 1. Understanding the mechanism of a protein with one function 

from another relies on understanding the structure and fold of these biomolecules, which is defined 

from the sequence of each protein, even though these molecules are built from the same twenty 

candidates of amino acids 2,3. Much work in the field of protein modelling and design has focused 

on understanding these sequence-structure-function relationships to develop synthetic proteins that 

can be highly specialized for improved stability, binding specificity, or interfacial interactions 

through modification of primary sequence and structure 4–10. The field of synthetic sequence-

defined polymers often relies on motifs common in these natural sequence-defined polymers, 

taking inspiration from protein or peptide sequences and structures with particular applications as 

a starting point for designing better catalysts, drug delivery systems, or novel materials 11–19. One 

of the most recent additions to strengthen the field of bioinspired design is a class of materials 

known as peptoids, or N-substituted glycines, which are similar in backbone to naturally occurring 

peptides, but have sidechains connected to the backbone nitrogen instead of the backbone alpha 

carbon 20–27. 

 

The primary draw of peptoids in this field is the diversity of available sidechains. While 

peptides and proteins are limited to the twenty native amino acids as building blocks, peptoids can 

be built from any monomer that can be synthesized from a tertiary amine without losing the 

biocompatibility or high immunogenicity we see in natural systems 28. However, there are strong 

differences between peptoids and their peptide counterparts, namely in the relationship between 

sequence and structure. Peptoids are still capable of folding into complex secondary, tertiary, and 

quaternary structures based on sequence, but the driving forces behind peptoid folding are very 

different than those that govern peptide and protein-folding 29–33. While peptides and proteins adopt 

secondary structures like alpha helices due to hydrogen bonding between the carbonyl oxygen and 

the hydrogens present in later sequence residues, the change in sidechain connectivity in peptoids 

prevents these hydrogen bonds from forming. Instead, peptoids are capable of adopting protein-

like helices through the interactions between bulky, often aromatic sidechains 34–39. This provides 
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a great opportunity to develop synthetic sequence-defined polymers for specific applications based 

on careful tuning of sequence. The placement and order of monomers with particular secondary, 

tertiary, and quaternary structure driving traits could be the key to developing synthetic polymers 

with enzymatic functionality, or to better controlling the morphology of inorganic materials formed 

from organic template molecules. 

 

 The sequence-structure relationships that we are so interested in with peptides and peptoids 

have strong implications in numerous fields, including the field of biomimetic mineralization. 

Naturally, biomineralization is a process that occurs in the cell walls of diatoms, unicellular 

photosynthetic organisms that use silaffin as a primary protein to construct complex hierarchical 

silica nanostructures. This process can be mimicked in a laboratory setting through the use of the 

R5 peptide, one of the main unstructured repeat units in the silaffin protein, but without the 

morphological control of the natural process 40. These biomimetic silica nanostructures have 

received interest lately for applications in catalysis, separations, biosensing, and drug delivery, but 

achieving a full mechanistic understanding of silica morphology necessary for these applications 

and the particular side chain chemistry, molecular structure, aggregate structure, concentration of 

precursor or molecule, and solution conditions required to create such a morphology proves 

difficult 41–45. Computational modelling presents a great opportunity for understanding these 

nanoscale interactions in order to tune molecular sequence, structure, and inevitably function. This 

work seeks to advance the state of the art in molecular modelling to understand these sequence-

structure relationships and provide frameworks for developing synthetic polymers with enzymatic-

mimicking functions or peptides and peptoids of defined sequence that can create specific silica 

morphologies. 

  

In chapter two, we develop forcefield parameters for peptoid monomers with varying levels 

of chiral, hydrophobic, or charged characteristics and devise a simulation method that allows us to 

relate polymer sequence to single-chain secondary and tertiary structure in helical hairpins that 

mimic native protein conformations. These first atomistic molecular dynamics simulations of 

peptoids are used to discuss the important structural features of these polymers driven by their 

primary sequence in both water and acetonitrile and provide a future-look at how we might design 

more complex peptoids with enzymatic-mimicking structures and functions in the future. 
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 In chapter three, we highlight the use of bioinspired peptoids for modulating silica 

morphogenesis and compare the produced silica nanostructures between peptoids and peptides 

with similar sequences. We are able to predict a specific silica morphology by looking at a key 

computational marker established from simulation and can then use the structural information from 

these simulations to explain the characteristics of a sequence and its interfacial interactions with 

silica that may lead to this specific morphology. This provides us a basis for computational 

understanding of biomimetic mineralization using sequence defined polymers for the purposes of 

rational design of novel materials. 

 

 In chapter four, we build on our key computational marker identified in chapter three to 

provide a comprehensive study of silica binding peptides, their binding energy on amorphous silica 

or ordered quartz surfaces, and the silica morphologies they produce. We identify the experiments 

necessary to validate our method and improve understanding of the relationship between the 

concentration of biomolecule required and resulting silica morphology as well as offer key insight 

on how to speed these calculations in the future at a lower computational cost. 

 

 Contributions have also been made to additional in-progress work that builds on the 

foundations mentioned here, primarily forcefield construction for peptoid systems and enhanced 

sampling methods for understanding interfacial interactions pertinent to biomimetic 

mineralization. These projects include a collaboration with the Ferguson group at the University 

of Chicago focused on the collection of peptoid forcefield parameters to enable the high-

throughput computational screening of peptoids to speed rational design of novel materials, as well 

as a project focused on peptide binding to facets of calcium phosphate to understand biomimetic 

mineralization outside of solely silica-based materials. 
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Chapter 2: Exploration of Tertiary Structure in Sequence-Defined 

Polymers Using Molecular Dynamics Simulations1 
 

2.1 Abstract 
 

Peptoids are a class of sequence-defined biomimetic polymers with peptide-like backbones 

and side chains located on backbone nitrogens rather than alpha carbons. These materials 

demonstrate strong ability for precise control of single-chain structure, multi-unit self-assembly, 

and macromolecular assembly through careful tuning of sequence due to the diversity of available 

sidechains, although the driving forces behind these assemblies are often not understood. Prior 

experimental work has shown that linked 15mer peptoids can mimic the protein helical hairpin 

structure by leveraging the chirality-inducing nature of bulky side chains and hydrophobicity, but 

there are still gaps in our understanding of the relationship between sequence, stability and 

particular secondary or tertiary structure. We present a molecular dynamics (MD) study on the 

folding behavior of these polymers into hairpins, discussing the differences in structure from 

sequences with various characteristics in water and acetonitrile and then compare the handedness 

preference of common helical motifs between solvents. 

 

2.2 Introduction 
 

Biological sequence-defined polymers, such as proteins or DNA, have inspired a wide 

range of synthetic sequence-defined polymers that can be exploited for applications in everything 

from biomedicine to novel materials development 46. One such class of biomimetic sequence-

defined polymers is peptoids, or N-substituted glycines, which mimic the backbone of peptides, 

but with the sidechain of these synthetic building blocks connecting to the backbone nitrogen 

instead of the backbone alpha carbon 20. Peptoids have demonstrated a number of desirable 

properties, including high biocompatibility, immunogenicity, and antimicrobial and antifouling 

behavior 47–51. Peptoids can also be synthesized from a larger collection of tertiary amines than the 

traditional peptide amino acids, allowing for more diverse sequences that will hopefully inspire 

more complex structures and functions. These materials, with this vast design space of monomer 

 
1 This chapter was reproduced from an under-review draft submitted to Biomacromolecules with permission from K. 

Torkelson and J. Pfaendtner. 
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building blocks, present great opportunity for the precise control of sequence, single chain 

secondary and tertiary structure, multi-unit self-assembly, and larger macromolecular assemblies 

21,22,30,52–56. 

 

While peptides and proteins are known to adopt secondary structures such as alpha-helices 

due to the presence of hydrogen bonding between oxygen and nitrogen atoms in the backbone, 

moving the functional group to the nitrogen as in peptoids removes the ability of this bond to form. 

However, these polymers are still capable of folding into a number of protein-like secondary 

structures, such as helices or beta sheets, due to the careful selection and placement of side chains 

33,52,53. Thus, a number of studies have focused on identifying side chains that induce stabilization 

of secondary structures in these materials. Early work in this field demonstrated that a bulky 

aromatic sidechain with a chiral center, such as Nspe, could induce helical folding in a peptoid that 

resembled a polyproline type-I helix, as reported by circular dichroism measurements and 

supported by molecular mechanics calculations 33,53. Inverting the chiral center to obtain Nrpe was 

shown to induce helical folding in a peptoid to resemble a polyproline type-I helix of the opposite 

handedness compared to its Nspe counterpart 32, but further work has been needed to quantify the 

driving forces for the assembly of these peptoids into specific helices with a degree of 

homogeneity. The handedness preference of Nspe or Nrpe sidechains has been investigated more 

fully with DFT, molecular dynamics, and enhanced sampling methods 34–36, and such work has 

demonstrated that the free energy driving forces for the assembly of these peptoids into specific 

helices remains relatively small. However, new sidechain chemistries, including napthylethyl, n-

aryl, and tert-butyl sequences, have also been identified as helical-forming sidechains and may 

show a much stronger driving force towards homogenous secondary structure in water 37–39. 

 

While a large collection of work has focused on the creation of helical secondary structures, 

peptoid macrocycles, or larger macromolecular assemblies like nanosheets or nanotubes 

21,22,30,55,57, far fewer researchers have focused on mimicking the common (yet more complex) 

protein-motif of a hairpin or helical bundle. Lee et al developed the first example of a peptoid 

helical bundle based on an amphiphilic 15mer peptoid that was shown to self-assemble in solution 

54. By chaining multiple 15mer units together with disulfide linkages, they were able to form 

structures that folded in aqueous environments due to stable hydrophobic cores and then confirmed 
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the compactness of these structures through circular dichroism and the quenching of fluorescence 

resonance energy transfer (FRET) reporter groups. While Lee et. al continued to build upon the 

idea of helical peptoid bundles by introducing a zinc-binding functionality to previously identified 

sequences to demonstrate the ability of these sequences to mimic enzymatic behavior 58, little work 

has followed since on these specific secondary and tertiary structures as well as their possible 

biomimetic functions, especially from a computational standpoint. However, further work in the 

field of tertiary peptoid structures does exist, primarily focusing on the hydrophobic sequence 

patterning of monomers without any chiral or helix-inducing characteristic. This idea was first 

investigated through small angle X-ray scattering and dynamic light scattering data from the coil-

to-globule transition of two polypeptoid sequences with different patterning, creating a model that 

can describe structural transitions based solely on hydrophobic forces 59. Recently, we have seen 

renewed interest in understanding how the pattern of hydrophobic monomers in a larger 

polypeptoid sequence can change the compact structure that is formed in aqueous solution, with 

such studies utilizing coarse-grained simulations to probe the effect that hydrophobic placement 

has on the end-to-end distance of these polymers 60. 

 

Compared to the advanced field of protein structure modeling, the field of peptoid 

modeling is still in relative infancy. Given the strong impact different monomers can have on the 

flexibility, structural characteristics, and self-assembly behavior of peptoid systems, further 

computational work would greatly aid the rational design of peptoid sequences with secondary and 

tertiary structure for tunable functions, as we are currently seeing in the investigation of larger 

macromolecular assemblies like nanotubes and nanosheets. A number of groups have used both 

atomistic and coarse-grained simulations to predict the properties, self-assembly pathways, 

structure, and stability of peptoid nanosheets or peptoid nanotubes in order to design more 

interesting hierarchical materials 29,30,61. While recent advances in coarse-grained parameterization 

and simulation methods have allowed for the simulation of peptoids on the larger mesoscale 62,63, 

the investigation of secondary and tertiary structure in these systems must rely heavily on atomistic 

dynamics. Computational efforts in this field have largely been slowed down by the need to 

develop atomistic force field parameters for every new peptoid residue, due to the lack of off-the-

shelf options limited to the amino acids so regularly used in the protein community. While much 

work has focused on properly capturing the flexibility of the peptoid backbone 36,64,65, papers that 
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contain large numbers of simulated side chains at atomistic resolution are much less commonly 

found. With this work, we hope to leverage some of the recent advances in the development of 

peptoid force fields in order to add to the limited knowledge about the key driving forces that lead 

to higher order peptoid structures. 

 

The rest of this manuscript is organized as follows. First we perform, to our knowledge, 

the first MD simulations of peptoid helical bundles or helical hairpins based on four sequences 

identified by Lee et al with various residue characteristics: a sequence with both chiral (helix-

inducing) and hydrophobic residues, a sequence with achiral and hydrophobic residues, a sequence 

with no hydrophobic residues, and a sequence with chiral residues and smaller spacing between 

hydrophobic residues. We use steered molecular dynamics to establish initial configurations of 

each of these sequences, allow them to equilibrate, and then perform ensembles of long-time 

unrestrained MD simulations. To understand structural properties of these systems we use 

clustering, among other analyses, to discuss the features of each resulting structure in both water 

and acetonitrile. Next, building on our prior work analyzing thermodynamic stabilities of helical 

handedness with chiral sidechains, we perform an in-depth comparison of the handedness 

preference of one sequence with helix-inducing chiral side chains in both water and acetonitrile, 

exploring the stability and features of a helical bundle composed of left-handed/left-handed 

helices, left-handed/right-handed helices, right-handed/right-handed helices, or right-handed/left-

handed helices in comparison to the same sequence with no helical character.  

2.3 Methods 
 

Simulation Setup 

 

The sequences for each peptoid of interest in this study were taken from Lee et al 54 and 

are shown in Table 2.1 below, along with important attributes of the residues and the overall charge 

of each peptoid. The individual residues in each sequence are drawn in Figure 2.1. The four 

sequences chosen were selected for having a range of chiral or achiral residues, hydrophobic or 

not hydrophobic residues, and peptoid lengths. In the original study, fluorescence resonance 

energy transfer reporter groups were used to determine the distance between the N-terminal and 

C-terminal of each sequence, and these FRET labels (Naae and Nnp) have been included here in 

order to reproduce each system as accurately as possible. 
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Table 2.1: Table detailing the sequence of each peptoid of interest in this study before the linker 

and after the linker, important attributes of each residue, and the total charge of each sequence. 

Hydrophobic residues are shown in purple, while the FRET labels are shown in blue and red. 

 
 

Each peptoid residue was built in GaussView 66 and the GROMACS 67 insert-molecule 

function was used to create each peptoid chain. These peptoids were then solvated in a 10 nm box 

with either water or acetonitrile, and then with either sodium or chlorine ions to balance charge. 

Each residue is shown in Figure 2.1 below, including FRET labels and the linker residue. 

 
Figure 2.1: Reproduced from Lee et al, details the chemical structures of all side chains used 

with their full name and abbreviation. All hydrophobic sidechains have been abbreviated in 

purple, while the two FRET tags are shown in blue and red. The linker residue is shown at the 

bottom. 
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All systems were modeled using the CHARMM36 force field 68,69. Parameters for the 

peptoid backbones were taken from Weiser and Santiso and the MFTOID forcefield 64,65, while 

the sidechain, linker, and FRET label parameters were taken from the CGenFF parameter generator 

70 and comparison to existing peptide sidechain parameters, as mentioned in previous works 71. 

The TIP3P water model was used for all water systems 72, while the acetonitrile forcefield 

parameters were taken from available off-the-shelf CHARMM forcefields for all systems in 

acetonitrile 68. 

 

All simulations were performed in GROMACS 67. Hydrogen mass repartitioning was 

employed so that a timestep of 4 femtoseconds could be used for all production steps 73. Energy 

minimization was carried out for a maximum of 10 picoseconds using the steepest descent 

algorithm, followed by NPT equilibration at 300 K and 1 bar for 500 picoseconds using the 

Berendsen barostat with a pressure damping parameter of 1.0 and a stochastic global thermostat 

with a temperature damping parameter of 0.1 74. Lennard Jones and Coulombic interactions were 

calculated with a cutoff of 1.0 nm and long-range electrostatic interactions were treated with the 

Particle Mesh Ewald method. After the NPT step, the final box size for all water simulations was 

9.96 nm and for all acetonitrile simulations was 10.19 nm. All simulations underwent a 100 

nanosecond NVT equilibration period, from which five initial starting configurations were chosen 

to be the starting structures for the five trials of each system. 

 

Collective Variables for Describing and Equilibrating Structures 

 

Multiple collective variables were defined in this study to compare resulting structures as 

well as equilibrate systems. The first collective variable defined, the simulated FRET distance, 

was used to measure the distance between the Naae and Nnp FRET labels on each system for each 

trial in order to be compared with experimental values of FRET distance listed in Lee et al. A high 

simulated FRET distance would indicate an extended structure, while a low simulated FRET 

distance would indicate a more collapsed structure, as shown in Figure 2.2 below. A coordination 

number collective variable was also implemented for each system as a proxy for determining how 

close certain residues were interacting (i.e., if two residues were close enough to be interacting, 

those residues would be defined as “coordinated”). For systems with hydrophobic residues 
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(including CH30, AH30, and CH22), the center of mass of each hydrophobic residue was defined 

and then the coordination number between any of these residues on the pre-linker section of the 

sequence was calculated with any of these residues on the post-linker section of the sequence. For 

the system without hydrophobic residues (AN30), the center of mass of every third residue in the 

sequence was defined and the coordination number between any of these residues on the pre-linker 

section of the sequence was calculated with any of these residues on the post-linker section of the 

sequence. These residues were chosen to be consistent with the spacing of hydrophobic residues 

in the two sequences of the same length, CH30 and AH30. As shown in Figure 2.2 below, a 

collapsed system with a high degree of interaction between hydrophobic residues (necessary for 

the formation of a stable hydrophobic core) would have a high coordination number, while a 

system with a low degree of interaction (and thus likely extended) would have a low coordination 

number. The PLUMED plug-in for enhanced sampling was used to define these variables and 

further information about the specific formulas used can be found in the PLUMED manual 75. 

 

 
Figure 2.2: Simulation snapshots detailing a low versus high simulated FRET distance and a low 

versus high coordination number. 

 

The ToidRMSD collective variable was used to equilibrate systems in the steering 

protocols mentioned in the next section. This collective variable was designed based on a 

previously established collective variable used to explore protein structure 76 but was adapted for 

peptoid structure and has been previously defined in Alamdari et al 35. Within this collective 

variable, shown in Equation 2.1 below, the RMSD between the backbone nitrogen, the first carbon 

of the sidechain, the backbone alpha carbon, the carbonyl carbon, and the carbonyl oxygen of each 
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3-residue block of the peptoid of interest and a set reference structure is measured. Reference 

structures are constructed to match the dihedral angles and atom positions of each peptoid 

conformational minima; within this work, the helical minima alpha D plus, corresponding to a left-

handed helix, was primarily used as the reference. A sigmoidal function ranging from 0 to 1 with 

values of n = 8, m = 12, and r0 = 0.05 nm is then used to determine the deviation of each 3-residue 

segment along the peptoid sequence with that chosen reference structure. This value is then 

summed over all the 3-residue blocks within the sequence. A larger value of ToidRMSD thus 

corresponds to a more helical system with more 3-residue blocks that closely resemble a helix, 

while a low value of ToidRMSD corresponds to a less helical system with fewer 3-residue blocks 

that closely resemble a helix. In this work, the pre-linker and post-linker sections of each sequence 

were defined separately so they could both be steered to the highest, most-helical value of peptoid 

RMSD without interference from the linker. In the case of the longer sequences (CH30, AH30, 

and AN30), the maximum value of ToidRMSD is 13 for a perfectly helical structure, while 

sequences that have a smaller number of 3-residue units with helical character will have a lower 

value of ToidRMSD.  

𝑇𝑜𝑖𝑑𝑅𝑀𝑆𝐷 =  ∑   
1 − (

𝑅𝑀𝑆𝐷𝑖
𝑟0

)
𝑛

1 − (
𝑅𝑀𝑆𝐷𝑖

𝑟0
)

𝑚

𝑖

                  (2.1) 

 

Simulation Protocols for Structural Studies 

 

This study combines steered MD simulations for establishing initial structures (e.g., two 

helical bundles connected by a linker) with classical MD simulations to study formation of hairpin 

structures and the long-term structural evolution of helical hairpins. Our overall approach is 

described below in Figure 2.3 with detailed explanation of each phase following:  
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Figure 2.3: Detailed steering protocol diagram. The distance restraint is initialized early in the 

simulation to push the two halves of the peptoid apart while also steering each segment into a 

helix, leading to the representative structure on the bottom left. Around 50 nanoseconds, the 

distance restraint is slowly lowered, allowing the structure to collapse. At around 150 

nanoseconds, the helical restraint is turned off, allowing the secondary structure to relax. There 

are then 250 nanoseconds of unrestrained production simulation (indicated with green overlay), 

with representative structures shown. This process is repeated for all five trials, during which 

average values are calculated for each trial and then averaged across trials. Error on these 

calculations is the standard error of the mean between the five trials. In the trial shown and most 

additional trials, the ToidRMSD helicity CV quickly approaches lower values after the restraint 

is removed, although structures still maintain helical character. This is likely due to slight 

deviations between the backbone dihedrals of the ToidRMSD “perfect helix” and the actual 

helical structures seen in simulation. 

 

Two different steering protocols were implemented for each section of this work: one for 

the comparison of structures between different sequences that relied on the use of the ToidRMSD 

collective variable to define and steer to ideal helicity and another for the comparison of different 

handedness in the CH30 sequence that relied on the use of more specific dihedral angles to define 

and steer to ideal helicity.  

 

For the first steering protocol, each trial was allowed to equilibrate for 200 picoseconds 

and then the distance between the center of mass of the pre-linker and post-linker sections of the 

sequence was pushed from the starting value to 4 nanometers over the next 10 nanoseconds, 

starting with a kappa value of 1000 and ending with a kappa value of 2500. During this timeframe 

for the systems that display helical character (CH30 and CH22), each helical section was then 
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steered to the maximum value of the ToidRMSD CV, starting with a kappa value of 100 and ending 

with a kappa value of 2500. This helical restraint was held for the next 25 nanoseconds, over which 

the distance restraint was slowly removed and collapse (in the case of systems with hydrophobic 

residues) was witnessed. The system was allowed to equilibrate for another 65 nanoseconds and 

then the helical restraint was slowly removed over the next 50 nanoseconds, leading to a total 

simulation time for the steering portion of the protocol of 150 nanoseconds. Each simulation was 

then run with no restraints or steering for another 250 nanoseconds, leading to a total sampling 

time (sum for five trials) of 1.25 microseconds. 

  

For the second steering protocol, each helix needed to be strictly confined to a more specific 

helical minima so that we could analyze structural differences between a hairpin with particular 

helical handedness. There are two primary helical minima present in peptoids: the Alpha D Plus 

minima, or the left-handed helix, and the Alpha D Minus minima, or the right-handed helix. To 

provide a full sampling of all possible helical states, we investigated the structure of a helical 

bundle composed of left-handed/left-handed helices, left-handed/right-handed helices, right-

handed/right-handed helices, or right-handed/left-handed helices in comparison to the same 

sequence with no helical character at all. To accomplish this steering to particular handedness, 

every phi, psi, and omega dihedral was defined for the sequence. Then, four alphabeta variables 

were defined for each helical portion of the sequences: one for all the phi dihedrals, one for all the 

psi dihedrals, one for all the omega dihedrals, and one for all phi, psi, and omega dihedrals. The 

reference values for these alphabeta variables were then chosen to reflect the steering of each 

portion of the sequence to the preferred helical handedness (left-handed or right-handed). Each 

trial was equilibrated for 200 picoseconds, and then the distance between the COM of each helical 

section was pushed from the starting value to 4 nanometers over 10 nanoseconds, starting with a 

kappa value of 1000 and ending with a kappa value of 2500. During these 10 nanoseconds for all 

systems except that with no helical steering, the values of each alphabeta collective variable (four 

for each helix, or eight in total) were pushed to the maximum value, starting with a kappa of 100 

and ending with a kappa of 1000. The helical restraint was held for the next 25 nanoseconds while 

the distance restraint was slowly removed so each system could experience hydrophobic collapse. 

The collapsed hairpin was allowed to equilibrate for another 65 nanoseconds and then the helical 

restraint was slowly removed over the next 50 nanoseconds, leading to a total simulation time for 
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the steering portion of the protocol of 150 nanoseconds. Each simulation was then run with no 

restraints or steering for another 250 nanoseconds, leading to a total sampling time (sum of five 

trials) of 1.25 microseconds.  

 

The PLUMED input files required to reproduce the steering protocol reported in this paper 

are available on PLUMED-NEST (www.plumed-nest.org) 77, the public repository of the 

PLUMED consortium, as plumID: 24.003. These files also contain the definitions of all collective 

variables discussed in this work. 

 

Clustering and Calculation of RMSD 

 

Data analysis was only performed on simulation trajectories after all restraints were 

removed (during the last 250 nanoseconds of each trial). Values for each of the collective variables 

previously highlighted (simulated FRET distance and coordination number) were averaged over 

this production period to provide an average for each trial. All five trials were then averaged; the 

error on each calculation was reported as the standard error of the mean between these five trials. 

 

Clustering was performed on 3,125 frames from the last 250 nanoseconds of each trial’s 

trajectory using the GROMOS algorithm 78 with a Cα RMSD cutoff of 0.2, allowing for a total of 

15,625 structures to be analyzed per system by combining all 5 trials. This algorithm selects the 

first cluster based on the largest number of neighbors within that cutoff and then repeats that 

process with the remaining frames until each frame is assigned to a cluster number. For each 

system, the percentage of structures found in the top three clusters were calculated while the top 

three cluster centers for each system were visualized using VMD 79. 

 

Three calculations of root mean square deviation (RMSD) were performed against two 

different reference structures; the reference structure for the RMSD of each helix was chosen as 

the structure from each trial at 100 ns (when the helical steering was still in place for the helical 

systems and when there was no helical steering for non-helical systems) and the reference structure 

for the RMSD for the entire structure was chosen as the largest cluster center from the above 

clustering analysis. Each reference structure was then loaded into VMD with the no-restraint 

trajectory from each trial and the RMSD Trajectory Tool was used to calculate the RMSD of the 

http://www.plumed-nest.org/
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backbone (no linker included) for the first half of the sequence (before the linker), the second half 

of the sequence (after the linker), and then the entire sequence (before and after the linker) over all 

frames in the trajectory. For each trial, the RMSD was averaged over the 250 ns production period, 

and then averaged across those five trials to report a final value. Error on the final RMSD 

calculations is the standard error of the mean for all five trials.  

 

2.4 Results and Discussion 

 

Comparison of Sequences in Water and Acetonitrile 

 

The four sequences chosen from Lee et. al contain a wide variety of residues with 

interesting characteristics. CH30 has both chiral residues, indicating that the system is helical, as 

well as hydrophobic residues, which indicate that the system likely collapses in water. AH30 has 

hydrophobic residues, indicating a compact structure, but no chiral residues, so the presence of 

helical sections of the sequence is highly unlikely. AN30 has no hydrophobic residues at all; 

instead, these hydrophobic residues have been replaced by a residue that is positively charged at 

neutral pH, leading to more extended structures. Lastly, CH22 has chiral (helix-inducing) and 

hydrophobic (compact) residues, but at a smaller spacing than CH30 due to the shortened sequence 

length.  

 

When simulated in water, each of these residues imparts a different character to the 

structure of each sequence, which can be shown in Figure 2.4 below. The biggest three cluster 

centers for CH30 all show helical or partially helical structures of at least half of the sequence (pre-

linker or post-linker), as well as hydrophobic cores indicated by the interaction between the 

hydrophobic residues shown in black, and the general compact nature of the hairpins. In contrast, 

the biggest three cluster centers for AH30 have no secondary structure but do still display compact 

hydrophobic cores shown by the interacting side chains in black. The top three cluster centers for 

AN30 make up a very small portion of the analyzed frames for that sequence, indicating a high 

level of dissimilarity between most of the structures here. The structures for this sequence are 

largely extended with a low level of rigidity. In particular, AN30 is shown to have 10-15x more 

clusters than the other systems at the 2 Å cutoff length. This significant increase compared to the 

other three structures is due to the fact that a long, extended system needs very little conformational 
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change to affect a structural difference at this cutoff size. We verified the trends are insensitive to 

the cutoff size and selected 2 Å due to the reasonable volume of cluster weights found in the top 3 

clusters of the other systems.  

 

Lastly, CH22 shows helical character like that of CH30, but with a hydrophobic core that 

seems less well pronounced due to the shortness of the sequence and the different spacing of the 

hydrophobic residues. The sequences with hydrophobic residues (CH30, AH30, and CH22) all 

maintain a relatively similar FRET distance coinciding with collapsed structures as well as higher 

coordination numbers, indicating more interaction between those hydrophobic residues. The 

helical and hydrophobic sequences (CH30 and CH22) demonstrate lower RMSD of each helical 

section to a reference structure than the non-helical sequence (AH30) due to the rigidity that 

secondary structure imparts on the overall helical bundle, with the shortest sequence CH22 being 

noticeably less flexible and more stable. However, RMSD of each structure for all hydrophobic 

sequences is relatively similar and much lower than that of the non-hydrophobic and charged 

system AN30.  
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Figure 2.4: Three largest cluster centers for each sequence in water with the number of clusters 

for each sequence indicated below title. Simulated FRET distance, coordination number, and 

RMSD of section before the linker (Helix 1), section after the linker (Helix 2), and entire 

structure (CH30, AH30, AN30, and CH22 in order from left to right). CH30 is shown in purple, 

AH30 is shown in green, AN30 is shown in black, and CH22 is shown in orange. 

 

These observations are consistent with our expectations of these sequences in water; those 

sequences with hydrophobic residues will collapse in order to hide those hydrophobic residues 

from the solvent, while the sequences with chiral residues will demonstrate more rigidity in their 

helical domains due to the added secondary structure elements. It is interesting to note here that 

neither CH22 or CH30 maintain a structure with two perfect helices; while there is a degree of 

helical character present in the major cluster centers for both, the driving forces towards a defined 

secondary structure for systems composed of residues like Nspe have been shown to be very 

small34,35, so these sequences likely produce an ensemble of states with helical or partially helical 

structure. 

 

We see a number of structural differences when the solvent is changed to acetonitrile. Lee 

et al. used acetonitrile to explore the cooperative unfolding of these exact peptoid systems, so it 

was expected that the solvent would lead to melting of the hydrophobic contacts responsible for a 

hydrophobic core, leading to much more extended states, but our simulation results find that the 

structural differences between these systems in each solvent are much more nuanced than which 

can be analyzed with experimental FRET distance alone. First, in acetonitrile, the hydrophobic 

residues in each system are no longer directed inwards to form the hydrophobic core of each 

structure and are instead pointing outwards into the solvent as shown in Figure 2.5 for sequences 

CH30, AH30, and CH22. This indicates sidechain-solvent interactions are energetically 

competitive with sidechain-sidechain interactions, in significant contrast to water. These three 

systems thus have a significantly lower coordination number between these residues and a higher 

simulated FRET distance than previously in water, although the top three cluster centers for the 

three hydrophobic sequences do show a certain degree of compact tertiary structure. The systems 

with helical character, CH30 and CH22, show stronger helical stability through lower helical 

RMSD (although they demonstrate very similar structural RMSD to the water simulations) as well 

as a higher percentage of structures in the top cluster centers and a lower overall number of clusters 

compared to these simulations in water. We believe that the hydrophobic solvent has a stabilizing 
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effect on the secondary structure elements in CH30 and CH22, allowing for more helical 

homogeneity and thus more structural homogeneity in the sampled cluster frames. In contrast, 

sequence AH30 has no secondary structure elements to be stabilized in this way, resulting in a 

much higher number of clusters than seen previously in water because the driving force towards 

structural homogeneity is much smaller without the encouragement of the hydrophobic core. 

 

Interestingly, the charged sequence, AN30, is able to collapse in acetonitrile due to the 

charge screening effect of the solvent on the positive charges that had previously led to significant 

electrostatic repulsion of these segments. This charge screening allows AN30 to maintain a 

compact structure, with a low simulated FRET distance and higher coordination number than 

previously seen in the water simulations. Remarkably, a change from water to acetonitrile leads to 

a 60-fold reduction in the number of unique 2 Å structural clusters at room temperature. This leads 

to a much lower helical and structural RMSD as well, significantly fewer clusters than in water, 

and a much higher percentage of structures in the top three cluster centers for this sequence. 

 

While Lee et. al had indicated they saw cooperative unfolding of the tertiary structure of 

the hydrophobic sequences in acetonitrile demonstrated by higher FRET distances than seen in 

water, our simulations seem to indicate that these structures can still fold into collapsed structures 

in acetonitrile; while these collapsed structures in acetonitrile do have higher FRET distances than 

collapsed structures in water, the flexibility of these peptoid sequences means that they can still 

maintain hairpin-like structures even with these slightly larger FRET distances. Lee et al. also 

indicated that while they believed they saw cooperative unfolding of tertiary structure of the 

hydrophobic sequences in acetonitrile, they did not see unfolding of secondary structures in these 

systems, which is consistent with our results showing higher helical content of each chiral structure 

stabilized by acetonitrile compared to that seen previously in the aqueous water simulations.  
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Figure 2.5: Three largest cluster centers for each sequence in acetonitrile with the number of 

clusters for each sequence indicated below title. Simulated FRET distance, coordination number, 

and RMSD of section before the linker (Helix 1), section after the linker (Helix 2), and entire 

structure (CH30, AH30, AN30, and CH22 in order from left to right). CH30 is shown in purple, 

AH30 is shown in green, AN30 is shown in black, and CH22 is shown in orange. 

 

Comparison of Helical Structure in Water and Acetonitrile 

 

After comparing the structure of the previous four sequences, we were interested in 

studying in more detail the subtle differences in structures of the CH30 sequence, which contains 

both helix-inducing chiral residues and hydrophobic residues responsible for compact structures. 

To do this, we used an updated steering protocol to specifically steer each pre-linker and post-

linker section to the dihedral values of a defined peptoid helical minima of either left-handed or 

right-handed nature. The additional flexibility conferred to peptoid backbones leads to a 

significantly expanded thermally accessible set of conformations 35and, unlike in peptides and 

proteins, the handedness of a particular helical structure is not definitive. Thus, we set out to use 

simulations to help shed light on the relative impact of helical handedness and solvent on stability 

of higher order peptoid structures. 
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This led to four main steered conformations: left-handed pre-linker section with left-

handed post-linker section (referred to here as “LH/LH”), left-handed pre-linker section with right-

handed post-linker section (“LH/RH”), right-handed pre-linker section with right-handed post-

linker section (“RH/RH”), and right-handed pre-linker section with left-handed post-linker section 

(“RH/LH”). We then compared these with data from the CH30 sequence without helical steering 

(“None”). 

 

Figure 2.6 below shows the three largest cluster centers for each of these different handed 

structures of this sequence in water, along with simulated FRET distance, coordination number of 

the hydrophobic residues, RMSD of the pre-link and post-link sections, and overall structural 

RMSD. There are collapsed hairpin structures evidenced by the similar coordination number for 

all systems produced from each steering protocol (including that without helical restraints), 

although the coordination number of hydrophobic residues is slightly lower for the structures with 

the non-helical steering protocol. On average, all structures show a similar FRET distance, 

indicating that any combination of left-handed or right-handed helices, or even no helices, can 

produce a compact structure. Each different steering has roughly the same number of clusters, 

again indicating similar stability. This is likely due to the small driving forces towards helical 

homogeneity in peptoids with Nspe sidechains in water 34,35; this specific sequence in water likely 

produces an ensemble of states with varied helical percentages and left-or-right handed character. 
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Figure 2.6: Three largest cluster centers for each handedness combination in water with the 

number of clusters for each indicated below title. Simulated FRET distance, coordination 

number, and RMSD of section before the linker (Helix 1), section after the linker (Helix 2), and 

entire structure. LH/LH, LH/RH, RH/RH, RH/LH, and no helical steering shown in order from 

left to right, with LH/LH being the darkest purple, the plus sign marker on the scatter plots, and 

the plus sign hatch marks on the bar plots.  

 

The replacement of water with acetonitrile in these systems greatly changes these structures 

and their relative stability, as shown in Figure 2.7. All of the resulting structures show a much 

lower coordination number of hydrophobic residues in acetonitrile, as these residues are now 

pointing outwards into solution. The average simulated FRET distance for these systems is where 

we start seeing marked differences between the different handed systems with the RH/RH and 

RH/LH systems showing a much higher average FRET distance, indicative of structures that may 
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not necessarily collapse with those FRET tags particularly close together. While the RMSD of 

each helical section for all types of handedness is lower in acetonitrile than in water, there aren’t 

large differences between the five systems. However, the LH/LH steering has the lowest overall 

structural RMSD and the lowest number of clusters (194 v. 400-1000 clusters for all other 

systems). The presence of acetonitrile here stabilizes the interactions between Nspe sidechains, 

which has always been thought to adopt left-handed helices preferentially to any other handedness 

(due to being an S enantiomer). The hydrophobic solvent here likely causes a stronger degree of 

conformational homogeneity in the helical-inducing residues, which more strongly supports the 

LH/LH steering of the s-enantiomer residues than any other steering, leading to more defined 

configurations in this handed system than in any other structures produced from either steering 

protocol in water or acetonitrile. 
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Figure 2.7: Three largest cluster centers for each handedness combination in acetonitrile with 

the number of clusters for each indicated below title. Simulated FRET distance, coordination 

number, and RMSD of section before the linker (Helix 1), section after the linker (Helix 2), and 

entire structure. LH/LH, LH/RH, RH/RH, RH/LH, and no helical steering shown in order from 

left to right, with LH/LH being the darkest purple, the plus sign marker on the scatter plots, and 

the plus sign hatch marks on the bar plots.  

 

2.5 Conclusions 
 

In this work, we shed new light on molecular scale driving forces that arise in the 

stabilization of secondary and tertiary structures in peptoids. Building off of seminal experiments 

that showed the feasibility of peptoid hairpins, we relate solvent, sequence, and structure through 
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the study of unique chiral, non-chiral, hydrophobic, and charged residues. We show that the main 

drivers of the collapse of stable tertiary structures in water is the presence and placement of 

hydrophobic residues. We show that while chiral side chains can induce a level of helical structure 

in these hairpins, it is likely that the driving forces in water for helical homogeneity are fairly small 

and that sequences with chiral residues likely sample an ensemble of collapsed configurations with 

helical, partially helical, or non-helical sections. We also indicate that in acetonitrile, the secondary 

structure elements of peptoid sequences with chiral side chains are strengthened and we move 

closer to helical homogeneity, even without the stabilizing elements of a defined hydrophobic core. 

 

In the future, this simulation method can be used to screen sequences computationally for 

desired structural elements in each solvent, including narrowing in on the differences in structures 

between sequences with small changes in hydrophobic or chiral residue placement. This work can 

also hopefully encourage further computational research into the applications of these secondary 

and tertiary structures in creating nanostructured peptoids that can eventually mimic the function 

of more complex proteins. 
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Chapter 3: Rational Design of Novel Biomimetic Sequence-Defined 

Polymers for Mineralization Applications2 
 

3.1 Abstract 
 

Silica biomineralization is a naturally occurring process, wherein organisms use proteins 

and other biological structures to direct the formation of complex, hierarchical nanostructures. 

Discovery and characterization of such proteins and their underlying mechanisms spurred 

significant efforts to identify routes for biomimetic mineralization that reproduce the exquisite 

shapes and size selectivities found in nature. A common strategy has been the use of short peptide 

sequences with chemistry mimicking those found in natural systems, such as the use of the silaffin-

derived R5 peptide. While progress has been made using this approach, there are many limitations 

that have prevented breakthroughs in biomimicry. To advance our ability to use charged 

macromolecules for silica formation, we propose to use sequence-defined synthetic polymers 

known as peptoids, or N-substituted polyglycines, which present significant capability for the 

precise tuning of sequence and structure beyond what can often be achieved with peptides alone. 

This study presents a computationally predicted design of these polymers that leads to the 

controlled formation of silica nanomaterials. We investigate surface adsorption and the 

mineralization process through analysis of binding mechanisms and energetics of the R5 system. 

Next, we synthesized two R5-inspired peptoids and validated our prediction in the design of 

mineralization polymers through characterization using surface plasmon resonance and electron 

microscopy. This computationally guided study holds great promise for designing new sequences 

with unprecedented control of the placement of chemical functional groups, thus allowing for 

further unraveling of silicification mechanisms and the eventual design of sequence-defined 

synthetic polymers leading to the predictive synthesis of nanostructured functional materials. 

 

3.2 Introduction 
 

The natural process of biomineralization occurs in the cell walls of diatoms, photosynthetic 

single-celled algae known to produce complex hierarchical silica structures under ambient 

 
2 This chapter was reproduced with permission of K. Torkelson, N. Y. Naser, X. Qi, Z. Li, W. Yang, K. 

Pushpavanum, C-L. Chen, F. Baneyx, and J. Pfaendtner from Chem. Mater. 2024, 36, 2, 786–794. Copyright 2024 

American Chemical Society. 71 
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conditions. Synthetically, this process can be mimicked by using the R5 peptide 

(SSKKSGSYSGSKGSKRRIL) which is repeated in silaffin, a silica-mineralizing protein present 

in diatom cell walls. R5 supports the biomimetic mineralization of silica under simple reaction 

conditions by producing silica nanoparticles but does not deliver the structural complexity and 

morphological control of natural biomineralization processes; while control of the biomimetic 

silica process has made progress in recent years, the complex hierarchical silica structures we 

witness in nature continue to be the ultimate goal of works such as this.  

 

Silica has classically been used in catalysis and separations but has gained interest in recent 

years for biotechnological and biomedical applications such as biosensors, drug delivery systems, 

and novel materials due to its defined structure and properties 41–45. Multiple silica precipitating 

biomolecules have been used for the synthesis of biomimetic silica, including larger domains of 

silaffin 40, poly-L-lysine 80, R5 peptide 81,82, Car9 peptide 83, and LK repeat peptides 84, 

demonstrating the importance of cationic moieties and the ability to self-assemble in the 

mineralization process. The R5 peptide has become a specific focus in this area due to its short 

sequence, disordered backbone, biocompatibility, and ability to induce silica precipitation from 

silicic acid precursors at near-neutral pH. Furthermore, the R5 peptide precipitates silica 

morphology in vitro that is similar to those obtained with portions of the silaffin protein under 

ambient conditions, making the peptide a popular model system for biosilicification 41,85.  

 

Our knowledge of key structure−function relationships within R5 and other mineralizing 

peptides has steadily progressed since the seminal paper by Kröger et al. 40,86,87 that first illustrated 

the mineralization capability of short repeat chain segments of silaffin under certain conditions 88 

(e.g., phosphate buffer). Selected examples include detailed computational and experimental 

studies of individual post- translational modifications such as trimethylation or comprehensive 

screening studies 85,89–91. However, unraveling a fully mechanistic understanding that 

quantitatively relates emergent silica structures and growth rates to key parameters such as side-

chain chemistry, peptide single chain structure, peptide aggregate structure, relative concentrations 

of precursor and peptide, and buffer and pH effects has remained elusive. This can at least partially 

be attributed to a lack of experimental techniques that can probe the nascent stages of silica 
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nucleation and growth concurrently with the properties of the peptide(s). Additional approaches 

are therefore needed to advance the state of the art.  

 

Computational approaches such as molecular dynamics (MD) simulations represent a 

unique opportunity not only for improved understanding of existing peptide mineralizers but also 

to allow for the design of new sequences that synthesize silica with an expanded range of 

properties. For example, prior computational studies have shown that the phosphorylation of serine 

side chains is critical to the binding energy and interfacial conformation of R5 peptide with silica 

surfaces, providing a rationale for the pH-dependent behavior of R5 silica formation due to the 

strong relationship between net peptide charge, surface ionization state, and peptide conformation 

90. Molecular dynamics simulations have also been used to show the molecular structure of the R5 

peptide responsible for the formation of stable nanometer-thin biosilica sheets 92. Combined 

molecular dynamics and experimental approaches have been used to illustrate the structure of long- 

chain polyamines at silica interfaces as well 93. 

 

While the R5 peptide and other proteins have been studied extensively for synthetic 

biosilicification, other biomolecules using sequence-specific chemistry present a new opportunity 

to understand, control, and design new silica morphologies based entirely on sequence and 

structure. Peptoids are a class of sequence-defined synthetic polymers with building blocks that 

are analogous to natural amino acids except that peptoid side chains are attached to backbone 

nitrogen atoms instead of alpha carbons 20,21. This difference in backbone connectivity enables 

their increased stability and conformational flexibility compared to peptides. Peptoids can also be 

synthesized with a broad variety of side chains that can control both sequence and structure, 

making this class of materials an attractive focus for gaining finer control over silica morphology 

purely based on elements of the peptoid sequence. Recently, we found that short peptoid sequences 

self-assemble and facilitate the formation of various silica nanostructures, including nanofibers 

and nanosheets, in which the presence of silica-binding amino groups is important for the 

templated silica formation 94.  

 

Herein, we seek to expand our understanding of peptoid- based biomimetic mineralization 

through the controlled study of peptoids with a side chain chemistry matching approach. We first 
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use MD simulations to rationally design two peptoids that capture the essential features of the R5 

peptide by comparing the biomolecule and silica binding free energies. Following this, the 

synthesis of a new biomineralizing peptoid is demonstrated with detailed characterization via 

surface plasmon resonance, microscopy, and MD simulations. Key descriptors for 

biomineralization efficiency are identified, namely, biomolecule/silica binding affinity and the 

interactions of silicate precursors with charged side chains. These findings are further validated 

with synthesis and simulation analysis of additional sequences, revealing key driving forces and 

suggesting new design rules for future studies.  

 

3.3 Results 

Noting that R5 peptide has been observed to be disordered in solution and at silica 

interfaces 82, we hypothesized that an exact R5 peptoid mimic would similarly synthesize silica 

nano- particles due to the lack of intrinsic backbone structure and the similarities in side chain 

chemistry. As described in the Materials and Methods section, we parameterized a force field for 

a peptoid mimic of R5 with side chains having identical chemical structure to the R5 peptide, with 

the only difference being the peptoid side chains connect to the backbone nitrogen instead of the 

backbone α carbon (n.b., for clarity, hereafter we refer to this peptoid as toidR5M or simply R5M 

for short as shown in Figure 3.1). A series of MD simulations were performed to study the structure 

of peptide R5 and toidR5M in solution and to study the adsorption behavior to amorphous silica 

interfaces (Figure 3.1). As shown in the figure, R5 and toidR5M have nearly identical behavior 

regarding the adsorption binding profile and overall binding energy. Recent work from Hamm et 

al. revealed that binding energy is a potentially useful predictor of the mineralization behavior of 

small molecules 95. This finding alongside our prior work studying the role of serine 

phosphorylation in R5 binding to quartz 90 provides a strong basis for expecting a peptoid mimic 

of R5 to similarly produce silica nanoparticles of low dispersity like its peptide counterpart.  
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Figure 3.1: (A) Sequence of the R5 peptide (top) and the proposed R5 peptoid mimic toidR5M 

(bottom). (B) Comparison of side chain chemistry for serine, tyrosine, glycine, arginine, and 

isoleucine between the R5 peptide (top) and the synthesized R5 peptoid analogue or toidR5A 

(bottom). (C) Binding free energy of the center of mass (COM) of the R5 peptide (red), the R5 

peptoid mimic or toidR5M (dotted black), and the R5 peptoid analogue or toidR5A (solid black) 

to an amorphous silica surface obtained through metadynamics calculations. (D) Surface 

plasmon resonance sensorgrams obtained by flowing 25 μM R5 peptide (red) or toidR5A (black) 

on a multichannel SPR chip. Samples were injected after 15 min of equilibration in pure buffer 

and the signal was allowed to reach a plateau corresponding to equilibrium binding. After an 

additional 23 min, pure buffer was injected to induce dissociation which occurred with similar 

kinetics for both species. 

To test the predictions from MD simulations, we adopted a side chain similarity matching 

approach to account for two issues. First, the R5 peptide contains three glycine residues, which 

cannot typically be included in peptoid sequences. Second, several of the amino acid analogue 

residues were not readily available as precursors for peptoids. Thus, we identified a synthesizable 

peptoid analogue (hereafter, toidR5A or R5A) with several minor modifications that can be seen 

when compared to the canonical amino acid side chains. Note, however, that the sequence length 

is maintained in R5A as is the chemical character of each residue. Figure 3.1B highlights the 

differences between the analogue residues in toidR5A, with side chains that connect to the 

backbone nitrogen, and the canonical amino acid counterparts found in the R5 peptide, with side 

chains that connect to the backbone α carbon. In toidR5A, the serine and tyrosine analogues have 

an additional CH2 in the alkyl chain, the glycine analogue replaces the hydrogen “side chain” with 
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−CH2CH3, the arginine analogue removes one CH2 from the alkyl chain, and the isoleucine 

analogue replaces the branched isobutyl group with a butyl chain. 

 

We parameterized a force field and carried out an identical series of simulations for 

toidR5A, which showed the binding predicted by metadynamics simulations to be substantially 

higher than the corresponding peptide and toidR5M systems (Figure 3.1C). Following this, both 

R5 and toidR5A were synthesized as described in the Materials and Methods and Supporting 

Information sections. To validate the trends from the binding energy predictions, we conducted 

surface plasmon resonance (SPR) experiments (Figure 3.1D) in which equimolar concentrations 

of the R5 peptide and the R5 peptoid analogue (toidR5A) were flowed over a silica-coated chip 

until the SPR shifts reached a plateau. This equilibrium shift, which is reached when the number 

of dissociation events equals the number of association events, approximates the macro- molecular 

coverage on the chip surface. It was approximately fourfold larger for toidR5A relative to R5, 

denoting a substantially higher binding affinity of the peptoid on silica relative to the peptide. 

While surface binding energy is likely not the sole predictor of mineralization efficiency, it is 

known to be a useful descriptor owing to the fact that strong binding lowers the net interfacial 

energy and thus reduces barriers to nucleation 95. 

 

To understand the differences in binding energies between these systems, two-dimensional 

free energy profiles were constructed for each (Figure 3.2A) to identify the preferred backbone 

structure on the surface. The data show that toidR5A (Figure 3.2A, right) has one very clear 

binding mode to the surface, denoted by an extended radius of gyration around 1.4 nm. The other 

two systems have two binding modes: an extended structure at 1.6 nm for the R5 peptide and at 

1.4 nm for the hypothetical toidR5M, and a collapsed structure that binds slightly further from the 

surface with a radius of gyration of 1.2 nm for the R5 peptide and of 0.8 nm for the toidR5M. We 

previously related the level of extension of a peptide to its surface binding energy 96, as well as a 

lower distribution of available states 97, and the trends appear to be repeated here. The systems 

with lower binding energy (R5 peptide and toidR5M) show two available states instead of one, 

including a collapsed state that is further separated from the surface by several angstroms. A more 

collapsed state at a lower radius of gyration is also present in the R5A system (Figure 3.2A, right) 

but at energy levels ∼4kT higher than the dominant, extended binding mode we have identified at 



 31 

a higher radius of gyration. These energetic trends appear converged, as shown in Figure A-S8, 

indicating that while this local minima does exist, it does not compete with the global minima 

previously identified.  

 
Figure 3.2: (A) Two-dimensional free energy surfaces for R5 peptide (left), toidR5M (middle), 

and toidR5A (right) showing the radius of gyration of each system against the distance of the 

center of mass (COM) of the backbone from the amorphous silica surface. (B) Histograms of the 

distance between the amorphous silica surface and the COM of both arginine residues (left) and 

the OH headgroup on the tyrosine side chain (right), indicating that both arginine residues and 

the tyrosine headgroup of toidR5A get closer to the surface, likely because of the modified side 

chain chemistry and a more flexible peptoid backbone. (C) Bar plots of the relative stability of 

interactions between silicate and arginine (left) and silicate and lysine (right) normalized to the 

binding of a single silicate anion. The R5 peptide is colored red, toidR5M gray, and the 

synthesized toidR5A is shown in black. 

We next set out to specifically understand which residues contribute to the observed higher 

binding energy. The positively charged residues, lysine and arginine, have been shown to play the 



 32 

strongest role in silica binding 97,98, so we compared the relative propensity for binding among the 

three systems. Figure 3.2B shows a probability density for the side chain headgroup center of mass 

to the surface for the biomolecule structures we considered to be surface bound (backbone COM 

within 2 nm to the surface). While the lysine or lysine analogue residues nearer the N-terminus 

(residues 3 and 4) have roughly the same distance distributions for all three systems, larger 

differences are seen in the side chains near the end of the chain. Specifically, TYR8, LYS12, 

LYS15, and ARG16-17 (and their peptoid analogues) show marked differences, as seen in Figure 

A-S1. Here, we see that the structure of toidR5A allows for significantly closer distances of these 

charged and polar groups to the surface, which can be understood to be the causal factor for the 

stronger binding of the toidR5A compared to that of the R5 peptide and toidR5M. In the case of 

positively charged side chains (LYS and ARG) that are closer to the surface, visual inspection of 

trajectories shows a preference for these side chains to lie flat on the surface. It is also noteworthy 

that the headgroup of the tyrosine-like residue in the toidR5A has, on average, substantially closer 

and more narrow distance distributions although this side chain is one CH2 group longer than 

tyrosine. The underlying reason for this is difficult to precisely attribute to a small number of 

attributes of toidR5A, however, it is likely that the tendency for the R5 peptide and toidR5M to 

fold into compact structures on the surface is a major contributor.  

 

While this work and related studies 95 suggest that the biomolecule/surface binding energy 

may be a critical determinant of silicification outcomes, our prior work 85 also indicates  that the 

strength of interaction between silica precursors in solution and charged side chains can also help 

understand and predict synthesis outcomes. To further investigate this, we performed simulations 

of single chains of each system in solution (R5 peptide, toidR5M, and toidR5A) with silica 

precursor ions and analyzed the free energies for association of silicates with lysine and arginine 

(or their respective side chains in the peptoids). Using the free-energy profiles directly from the 

simulations (Figure A-S2), we quantified the relative binding energy of the lysine and arginine 

headgroups with silicate anions in solution. From the resulting free energy profiles, we were able 

to quantitatively compare the binding energies between silicate and arginine or lysine headgroups 

in each system.  
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The data in Figure 3.2C show the stability of silicate anions binding to each headgroup 

relative to binding a single silicate anion, where positive values indicate stronger or more stable 

binding compared to one silicate anion and negative values indicate lower or less stable binding 

for silicate anions to that headgroup type. We see that toidR5A shows much stronger silicate 

binding to the headgroup of the arginine side chain compared to the R5 peptide and the toidR5M, 

as well as much lower silicate binding to the headgroups of the lysine side chains. Because the 

arginine heavy RRIL motif is generally thought to be a key driving force in the aggregation process 

of the R5 peptide 81,90,98,99, this increased interaction between silicates and arginine in toidR5A 

might influence both biomolecule−biomolecule interactions, as seen in Figure A-S2C, while 

potentially inhibiting more silicate interactions with the lysine active sites, thus making an impact 

on nucleation rates of new oligosilicates due to the impact on the structure and/or quantity of the 

charged side chains that act as nucleation sites.  

 

To understand the impact of the differences we observed above in structure, binding energy, 

and affinity for silicate precursors, we compared the simulation results to the outcomes of silica 

mineralization reactions, which were conducted under standard mineralization conditions to allow 

for direct comparison of these outcomes between systems. These were conducted by mixing 

solutions of the R5 peptide or its peptoid analogue toidR5A at 1- or 3-mM final concentrations 

with an excess of orthosilicic acid produced by hydrolyzing the tetramethyl orthosilicate (TMOS) 

precursor in hydrochloric acid as described in the Materials and Methods section. Precipitation 

products were washed and characterized by scanning electron microscopy (SEM)  (Figure 3.3). 

When used at a 3 mM concentration (Figure 3.3, top), both constructs yielded quasi-spherical silica 

particles in the 500− 600 nm size range. However, at the lower concentration, there was a marked 

difference in the synthesis outcomes: while the R5 peptoid analogue yielded similar 500 nm 

spherical particles, the peptide induced the formation of an extended structure consisting of 

interconnected, polycondensed nanostructures that lacked any morphological control.  
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Figure 3.3: SEM images of silica mineralization products obtained in the presence of 3 mM 

(top) or 1 mM (bottom) toidR5A (left) or R5 peptide (right). Histograms show size distributions 

based on N = 30 particles and the scale bar is 1 μm. 

The relationship between subtle structural differences between the peptide R5 and toidR5A 

and the notable differences in synthesis outcomes at low biomolecule concentrations can be 

rationalized in the context of the descriptors we identified from the simulations. Producing 

monodisperse silica nanoparticles from biomolecules requires a balance between the rate of 

nucleation of new sphere nuclei against the rate of growth of the individual spheres. Positively 

charged side chains act in a catalytic fashion in silicate polycondensation 100,101, thus the strength 

and persistence of interactions between the biomolecule and growing silica surfaces may be a 

crucial determinant of the fate of a particular synthesis experiment (i.e., positively charged side 

chains buried at a silica interface are not available to promote generation of new nuclei). The 

unique ability of toidR5A to preserve monodisperse silica nanoparticles at low concentrations of 

biomolecule precursor suggests that the binding energy is a critical signature of this synthesis 

outcome.  

 

Finally, to further investigate the relationship between surface binding energy, precursor 

binding energy, and silica synthesis outcomes, we designed two additional molecules, reversing 

the peptide R5 and toidR5A sequences while keeping identical termini. The reverse peptide R5 
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sequence is thus LIRRKSGKSGSYSGSKKSS, and there is a corresponding reverse toidR5A 

peptoid that refers to identical side chain chemistries with an inverted sequence. As shown in 

Figure A-S3, the trends in key descriptors of binding affinity for amorphous silica and association 

with silicate precursors are preserved. Both reverse sequences nucleate silica nanoparticles when 

used at higher concentrations of 3 mM but fail to do so at lower concentrations (Figure A-S3A). 

The binding energy of both the reverse peptide and reverse toidR5A to amorphous silica is 15 

kJ/mol lower compared to the forward toidR5A (Figure A-S3B), likely because forward toidR5A 

can maneuver side chain headgroups closer to the surface for stronger binding than the reverse 

peptide or its reverse peptoid counterpart, as demonstrated by narrower distance distributions  

(Figure A-S4). Likewise, the binding of silicate precursors to positively charged side chains 

follows similar trends (Figure A-S3C).  

 

3.4 Conclusions 

 
This research article reports a computational and experimental investigation of 

structure−function relationships for the design of new sequence-defined synthetic polymers to 

enable biomimetic mineralization. Using the archetypical R5 peptide as a model system, we 

designed and computationally characterized an exact peptoid mimic and subsequently synthesized 

an analogue of the R5 peptoid which was investigated computationally for its ability to bind silica 

and silicate ions and experimentally for its ability to induce the formation of quasi-spherical silica 

nanoparticles in the 500− 550 nm range. Through careful analysis of the differences and 

similarities in simulations and synthesis outcomes, we proposed several key features of 

biomolecule/silica interactions that should be targeted in future sequence design for the production 

of spherical nanoparticles and, potentially, additional types of morphologies with diverse shapes 

and sizes. Moreover, given the ability of peptoids to fold into secondary 31 and tertiary structures 

54 as well as self-assemble into hierarchical nanostructures 22 , opportunities abound for future 

research studies using this platform of materials for the synthesis of more sophisticated silica 

structures as well as other metal oxides such as titanium dioxide. Further applications might 

involve conjugating peptoids into other polymers or using these strong nanoparticle-forming 

peptoids we have identified in conjunction with nanosheet or nanotube-forming peptoids to 

achieve more complex and hierarchical silica structures.  
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Future work should further investigate our finding that the single-chain binding energy is 

critically related to silicification outcomes. Given the extremely high computational cost of 

binding energy calculations that also explore backbone structure, new methods and advances are 

needed to improve the computational cost of these methods without sacrificing accuracy. 

Moreover, while the single chain−silicate precursor calculations seem to indicate a clear 

correlation between the synthesis outcomes and variance in the binding to the guanidinium groups 

of the peptoids and peptides, there is much to be done. For example, designing and testing new 

and short peptoid sequences that demonstrate strong surface binding with weak precursor binding 

to the arginine analogue (and vice versa) will do much to advance the state of art of mechanistic 

knowledge in these systems. Our work is a key first step in enabling significant improvements in 

the rational design of precursors for biomimetic mineralization through the lens of 

sequence/energetics/structure relationships. Future studies will build on this by using computers 

to screen potential mineralization candidates for their interactions with silica and precursors and 

surface and structural binding details.  

 

3.5 Materials and Methods 

 

Molecular Simulations 

 

Systems. The R5 forward sequence is SSKKSGSYSGSKGSKRRIL, and the reverse 

sequence is LIRRKSGKSGSYSGSKKSS. We simulate five systems of interest in this study: (a) 

the R5 peptide, (b) the R5 peptoid mimic, (c) the R5 peptoid analogue, (d) the R5 reverse peptide, 

and (e) the R5 reverse peptoid analogue. The peptide version of R5 was constructed using the 

Visual Molecular Dynamics 79 Molefacture plug-in with an ACE N-terminus and a COOH C-

terminus. Residues for all R5 peptoids (mimic and analogue, forward and reverse) were built 

within Gaussview 66. The R5 peptoid mimic side chain chemistry is identical to that of the R5 

peptide, just connected to the backbone at the nitrogen instead of the α carbon as shown in Figure 

3.1. The R5 peptoid analogue side chain chemistry has been previously discussed in Figure 3.2. 

All peptoid systems have an NH2 N-terminus and a CH3 C-terminus. Each chain has a charge of 

+6 due to the protonation state of the lysine and arginine residues at neutral pH; this charge was 
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neutralized in simulation with the addition of phosphate or silicate ions depending on the 

simulation type.  

 

All systems were modeled using the CHARMM36 force field 68,69 and explicit TIP3P 72 

water. Force field parameters for the peptoid backbones were taken from Weiser and Santiso 65 and 

the MFTOID force field 64 while the side chain parameters were taken from the CGenFF parameter 

generator 70 and compared to existing peptide side chain parameters. The phosphate ion was 

modeled based on the work of Mao et al. 102 using Antechamber 103,104  and RESP; a charge of −3 

was used to mimic phosphoserine in a neutral pH environment and parameterization of 

phosphoserine used a combination of data from Steinbrecher et al. 105 and data contained within 

the CHARMM27 force field 106.  

 

Silica Surface Simulations. The binding affinity of each system to silica particles was 

approximated by sampling the adsorption/ desorption of a single peptide/peptoid molecule on a 

semi-infinite silica slab in atomistic molecular dynamics simulations. We described the silica using 

the INTERFACE force field 107, which is compatible with the CHARMM force field by design. 

The silica surface was modeled using an amorphous structure (i.e., a suitable model for silica 

nanoparticles <200 nm) with the surface terminated with Q3 silanol groups. We tuned the 

ionization state of the silanol groups to 14.5% to reflect a solution pH of 7.5.  

 

For all organic species, the simulations were set up by equilibrating a single molecule 

adjacent to an 8.06 × 8.29 nm amorphous silica slab solvated in water with two extra phosphate 

ions to neutralize the total charge. Simulations were performed using GROMACS 67 with the 

PLUMED 75 plugin for enhanced sampling. The LINCS 108 algorithm was used to constrain bonds 

between hydrogens and heavy atoms within the chain so that a 2 fs time step could be used for all 

simulations. Energy minimization was carried out for a maximum of 10 ps using the steepest 

descent algorithm. Lennard-Jones and Coulombic interactions were calculated with a cutoff of 1.0 

nm, and long-range electrostatic interactions were treated with the particle mesh Ewald method. 

Energy minimization was followed by NPT equilibration at 298 K and 1 bar for 500 ps using the 

Berendsen barostat 74 with a pressure damping parameter of 1.0 ps and a v-rescale thermostat with 

a temperature damping parameter of 0.1 ps. Note that due to the semi-infinite structure of the silica 



 38 

slab, pressure coupling was applied only to the z dimension in the NPT equilibration. Moreover, 

the center of the silica slabs was frozen during all energy minimization, NPT and NVT steps, 

allowing only the silanol groups and the top layer of silica to move.  

 

The binding free energy of each system was calculated using parallel-bias metadynamics 

(PBMetaD) 109 with multiple walkers 110 and adaptive Gaussians 111. PBMetaD allows multiple 

collective variables to be biased in parallel to efficiently explore the free energy landscape on the 

time scale of a simulation, while multiple walkers and adaptive gaussians are employed to speed 

the convergence of each simulation. The initial configurations of eight walkers were selected from 

the last 50 ns of the NVT simulation, and each possessed a distinct configuration and location to 

ensure efficient sampling in the phase space. We biased 22 one-dimensional CVs in each PBMetaD 

calculation, including the orthogonal distance between the COM of the backbone and the surface, 

the orthogonal distance between the COM of each residue headgroup and the surface, and the 

radius of gyration. The total sampling time for each system was 12 μs (1.5 μs for each replica) or 

until convergence.  

 

Silicate Simulations. We assessed the interactions between the R5 peptide/peptoid and silicates by 

solvating a single peptide or peptoid with six silicate ions, which corresponded to the number of 

positively charged residues on each chain. The structure and topology of the silicate were adopted 

from the work of Buckle et al 85. The equilibration process was carried out in the same fashion as 

that of the surface simulations. All systems were relaxed in a cubic box with a length of 6.93 nm.  

 

The affinity between peptide/peptoid and silicates was characterized by the coordination 

number of silicate ions around a specific group on the chain. Since the positively charged LYS and 

ARG residues are the most relevant, the biased CVs included the coordination number of silicate 

ions around all LYS groups and all ARG groups. We additionally biased the radius of gyration to 

maximize the sampling of the organic molecular configuration. The free energy calculations were 

again done using PBMetaD with multiple walkers and adaptive Gaussians and the initial 

configurations of the five walkers were chosen from the last 50 ns of the initial NVT simulation. 

The total sampling time for each system was 2.5 μs (500 ns for each replica) or until convergence.  
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Dimer Simulations. For the dimer simulations, two chains of the same type were randomly placed 

within an 8.7 nm cubic simulation box with phosphate ions. Each system underwent energy 

minimization and NPT equilibration similar to those of previous simulations mentioned here. The 

last frame of NPT equilibration was used to start a 100 ns unbiased NVT simulation at 300 K; five 

replicas were selected from this NVT simulation. Each of these replicas has been run for 1 μs per 

replica for a total of 5 μs of simulation time.  

 

PBMetaD with multiple walkers and adaptive Gaussians was once again employed to 

calculate the dimerization free energy of each system. The production MetaD runs consisted of 

biasing three main sets of collective variables for a total of 20 CVs. For the first set of CVs, each 

chain was split up into groups of 4−5 residues, with each of these groups being assigned a bead 

number. The distance between the center of mass of each bead in the first chain and each bead in 

the second chain was then biased for a total of 16 bead−bead distances between the two chains. 

For the next set of CVs, the coordination number between the center of mass (COM) of the 

positively charged residue head groups for each chain (lysine and arginine) with the center of mass 

of each phosphate ion in solution was biased, for a total of two coordination numbers per 

simulation. Lastly, the radius of gyration of each peptide or peptoid chain within the box was 

biased for a total of two radii of gyration CVs per system.  

 

All systems have reached convergence within the simulation time, as demonstrated by 

sufficient sampling of the variable of interest, convergence of the time evolution of each free 

energy profile, and convergence of the binding free energy calculation. The plots and a further 

discussion of this analysis can be found in the Supporting Information. The figures corresponding 

to the silica surface simulations are Figure A-S5 (sampling), Figure A-S6 (time evolution of free 

energy profile), Figure A-S7 (binding free energy), and Figure A-S8 (convergence of the 2D free 

energy surface), while the figures corresponding to the silicate simulations are Figure A-S9 

(sampling) and Figure A-S10 (time evolution of free energy profile). Although it is difficult to 

obtain a precise error bar from well-tempered metadynamics simulations that use a transient bias 

potential, the long period of free-diffusion and convergence as demonstrated by Figure A-S5 

through Figure A-S7 suggests a lower boundary of uncertainty of 0.41 kJ/mol for the R5 peptide, 

0.25 kJ/mol for the R5 peptoid mimic, and 0.58 kJ/mol for the R5 peptoid analogue as determined 
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from taking the standard deviation of the binding energy over the last 40% of the simulation. The 

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

PLUMED-NEST (http://www.plumed-nest.org/), the public repository of the PLUMED 

consortium 77, as plumID: 23.023. These input files also provide the precise definition of each 

collective variable that was biased, and the relevant parameters used to construct the metadynamics 

bias potential.  

 

Experimental Methods 

 

Materials. N,N-Diisopropylcarbodiimide (DIC), bromoacetic acid, and trifluoroacetic acid (TFA) 

were purchased from Chem-Impex International, Inc. and used as received. The primary amines 

were synthesized according to literature or commercially available. N,N-Diisopropylethylamine 

(DIPEA), All other reagents were obtained from commercial sources and used without further 

purification. Milli-Q water at 18 MΩ cm was used for all experiments.  

 

Peptoid Material Synthesis. Rink amide resin (0.09 mmol) was used to generate the C-terminal 

amide peptoid R5. First, the Fmoc groups on the resin were removed in 2 mL of 20% (v/v) 4- 

methylpiperidine/N,N-dimethylformamide (DMF) by agitating for 40 min, filtering, and washing 

with DMF five times. For each DMF wash, 1 mL of DMF was added and then agitated for 1 min. 

An acylation reaction was then performed on the amino resin by adding 1.5 mL of bromoacetic 

acid in DMF (0.6 M), followed by addition of 0.30 mL of 50% (v/v) N,N-diisopropylcarbodiimide 

(DIC)/DMF. The mixture was agitated for 10 min at room temperature, filtered, and washed with 

DMF 5 times. Nucleophilic displacement of the bromine with different primary amines occurred 

by the addition of 1.5 mL of primary amine monomer (0.6 M) in N-methyl-2-pyrrolidone (NMP), 

followed by the agitation for 10 min at room temperature. The monomer solution was filtered from 

the resin and washed with DMF 5 times. The acylation and displacement steps were repeated until 

R5 was synthesized.  

 

The final crude product was cleaved from the resin by addition of 2 mL of TFA/water (v/v 

= 95/5) and agitation for 30 min. The solution was collected by filtration followed by washing the 

resin with 95% TFA (1 mL, twice). The solvent was then evaporated off under a stream of N2 gas, 

http://www.plumed-nest.org/


 41 

yielding the oily crude product, which was dissolved in H2O/CH3CN (v/v = 1:1) for HPLC 

purification. The crude products were purified by reverse-phase HPLC on an XBridge Prep C18 

10 μm Optimum Bed Density (OBD) (10 μm, 19 mm × 100 mm), using an adaptable gradient of 

acetonitrile in H2O with 0.1% TFA over 15 min. Purified peptoids were analyzed using Waters 

ACQUITY reverse-phase UPLC (corresponding gradient at 0.4 mL/ min over 7 min at 40 °C with 

an ACQUITYBEH C18, 1.7 μm, 2.1 mm × 50 mm column) that was connected with a Waters 

SQD2 mass spectrometry system. The purified peptoid R5 was lyophilized from its solution in a 

mixture of water and acetonitrile (v/v = 1:1). The peptoid powders were finally divided into small 

portions (1.0 × 10−6 mol) and stored at −80 °C. UPLC-MS and UPLC characterization for the R5 

peptoid analogue and the reverse R5 peptoid analogue can be found in Figures B-S11 and B-S12.  

 

Silica Mineralization and Scanning Electron Microscopy. Orthosilicic acid was freshly prepared 

before each experiment by vigorously mixing 0.15 mL of tetramethyl orthosilicate with 0.85 mL 

of 1 mM hydrochloric acid until dissolved. Samples were prepared by resuspending the 

preweighed lyophilized reagent (forward/reverse peptide/peptoid) in phosphate-citrate buffer 

([Na2HPO4] = 164.3 mM and [citric acid] = 7.1 mM at pH 7) to reach a final concentration ranging 

from 1 to 3 mM. To induce mineralization, orthosilicic acid was added to the reagent solution (1:10 

volumetric ratio) and vortexed for 10 s. The reaction was allowed to progress at room temperature 

for 5 min before the vials were centrifuged for 10 min at 15,000g. The supernatant was carefully 

removed, and the pellets were washed three times using Milli-Q water and centrifugation for 10 

min at 15,000g. The pellets were finally reconstituted in 100 μL of Milli-Q water, and 3 μL of that 

solution was deposited onto a silicon wafer and allowed to air-dry overnight before SEM imaging. 

Micrographs were acquired on FEI Sirion XL30 SEM operated at 2 kV and a spot size of 1 using 

through-lens detection (TLD) and the ultrahigh resolution (UHR) mode.  

 

Surface Plasmon Resonance Experiments. Surface plasmon resonance (SPR) chips were fabricated 

in-house using a glass substrate coated with a 2 nm titanium adhesion layer, a 48 nm evaporated 

gold film, and a 4 nm silicon film deposited by plasma- enhanced chemical vapor deposition. Chips 

were cleaned with ethanol and deionized water before use. They were mounted on the four- 

channel flow cell of an SPR sensor from the Institute of Photonics and Electronics (Prague, Czech 

Republic). The channels were allowed to equilibrate for 15 min by using a phosphate-citrate buffer. 
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Two channels were then used to run forward R5 peptide and forward R5 peptoid samples at 25 

μM. The third was used to run phosphate− citrate buffer as a baseline/negative control. After 30 

min, all channels were washed with a phosphate−citrate buffer until a plateau was reached. All 

experiments were conducted at a flow rate of 40 μL min−1 and at room temperature.  
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Chapter 4: A Comparative Study of Silica-Binding Peptides on 

Amorphous Silica and Ordered Quartz 
 

4.1 Abstract 
 

 Organic-inorganic hybrid nanomaterials are of interest in applications including catalysis, 

energy storage, and biomedicine. A wide diversity of organic materials, such as proteins, peptides, 

and polymers, can impart unique properties on resulting material morphologies, including 

structural characteristics that can be used to tune function. However, this relationship between 

organic templates, ideal reaction conditions, and resulting nanomaterial is often hard to elucidate. 

In this work, we seek to evaluate the binding affinity of a number of silica-binding peptides on an 

amorphous silica and crystalline quartz surface to validate previous work that has demonstrate 

high binding affinity as a good indicator of monodisperse nanoparticle precipitation. We provide 

suggestions for future computational studies to speed calculations and explore new morphologies 

as well as future experimental studies to identify the relationship between biomolecule sequence, 

binding energy, and biomolecular concentration in mineralization experiments necessary for the 

production of monodisperse nanoparticles. 

 

4.2 Introduction 
 

Organic-inorganic hybrid nanomaterials have become a popular class of novel materials 

for their diverse range of functionalities, including applications in catalysis, electronics, 

biomedicine, and sensing 112–115. Organic templates, or structure directing agents, such as 

polymers, proteins, or ligands, play a key role in determining the morphology, structure, and 

properties of the resulting hybrid materials, as has been seen in the formation of nanoparticles 116–

119, generation of quantum dots 120–124, or synthesis of zeolites 125,126 or metal-organic frameworks 

127–129. However, the relationship between these organic templates, ideal reaction conditions, and 

the resulting nanomaterial morphologies and structures has often proven difficult to elucidate. One 

method of approaching this lack of understanding is to rely on bioinspired materials, or materials 

that mimic natural biological systems, such as those that are utilized in the process of silica 

biomineralization 130. In the natural process of silica biomineralization, organisms, like marine 

diatoms or sponges for example, use proteins within their cell walls to direct the formation of 

complex hierarchical nanostructures. This process can be synthetically mimicked with the same 
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proteins responsible for the natural process (silaffin in diatoms or silicatein in sponges), 

precipitating silica nanoparticles with relatively controlled shape and size 40,86,87,131,132. The 

building blocks of proteins, smaller peptide units, also present promising opportunities for 

synthetic mineralization, as they can similarly be used to precipitate silica nanostructures with 

often easier synthesis, milder reaction conditions, and for more highly specific functions compared 

to the larger proteins 41,71,85,89,91,99,112,133.  

 

Silica traditionally has been used for catalysis and separations, but more recently has seen 

adoption in biotechnological fields as part of therapeutic or diagnostic systems. Multiple peptides 

are known to precipitate silica, including the silaffin-derived R5 peptide and its mutants, as well 

as LK repeat peptides or poly-L-lysine, which all rely on the positively charged sidechains of lysine 

or arginine 80–83. Shorter peptide sequences (<10 residues) with these common residues have also 

been highlighted for their ability to self-assemble into templates, like beta sheets or nanowires, 

that can then be used in the growth of more complex silica nanostructures including nanotubes or 

fibers 134–140. Additionally, work has shown that silica-precipitating peptides can be conjugated 

with block polymers to create small monodisperse particles or in conjunction with silk proteins or 

silk films to create engineered silk-silica chimeras 141–144. 

 

Detailed experimental and computational studies have begun to elucidate the key 

relationships between peptide sequence and resulting morphology, including studies of individual 

post-translational modifications on commonly identified silica precipitating peptides 85,89,91. 

Molecular dynamics simulations have been increasingly utilized in this space as well, showing that 

the phosphorylation of serine side chains can explain the pH dependent behavior of silica 

formation in R5, clarifying the molecular structure of peptides responsible for stable biosilica 

sheets, or illustrating the structure of long-chain polyamines at silica interfaces 90,92,93. Molecular 

dynamics simulations and enhanced sampling methods were also recently used to rationally design 

biomimetic polymers similar to the R5 peptide with experimentally validated higher mineralization 

efficiency and then define key descriptors for this higher efficiency, namely biomolecule/silica 

binding affinity 71.   

 



 45 

In this work, we gather disparate experimental studies of silica biomorphogensis using 

peptides and perform the most comprehensive set of peptide/surface binding simulations of silica 

forming systems. We seek to validate this key descriptor for specific silica morphologies using a 

wider range of peptides with varying sequence length, structure, residue character, and charge in 

order to expand our understanding of biomimetic mineralization and the key factors relating 

sequence and morphology. We perform molecular dynamics simulations of these peptides on silica 

and quartz to understand the differences (if any) in binding to an amorphous v. crystalline surface 

and then seek to identify the particular threshold of binding affinity responsible for the 

development of monodisperse nanoparticles at different biomolecule concentrations. We highlight 

the key features of a strong binding sequence versus a weak binding sequence and provide 

suggestions on future computational studies in this area that might be able to speed necessary 

calculations, explore new morphologies, or provide data for future machine learning studies. 

 

4.3 Methods 
 

 To provide a comprehensive analysis of mineralizing peptides in relation to silica and 

quartz, nine different short peptide sequences with known silica mineralization ability were chosen 

from the literature 40,101,112,138–140,145–148. The sequences and expected silica morphologies, as well 

as charge in solution at pH 7.5 are listed in Table 4.1 below. 

 

Table 4.1: Table depicting the silica-binding peptide name, amino acid sequence, a description of 

the silica morphology produced, the peptide charge at pH 7.5, and the reference from which each 

sequence was identified.  

 
 

All sequences were constructed with an acetyl N-terminus (ACE) and an N-methyl C-

terminus (NME) for consistency. The structure of each sequence was built using tleap 149. The 

silica surface was modeled as an amorphous structure with Q3 silanol group termination, as 

described in previous work 71. The ionization state of the silanol groups was tuned to 14.5% to 
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reflect a solution pH of 7.5. We used the (100) face of quartz surface, with a mix of Q2 and Q3 

silanol group terminations. To approximate a pH of 7.5, the percentage of the deprotonated silanol 

groups was set to 16.5% with the deprotonated sites being randomly chosen 150. The silica 

simulation box had x-y dimensions of 8.09 by 8.31 nm and the quartz simulation box had x-y 

dimensions of 6.68 by 6.97 nm; the z-dimension for each system varies slightly but is around 9.65 

nm for all amorphous silica simulations and 13.2 nm for all quartz simulations. All systems were 

modeled using the CHARMM36 forcefield 68,69 and explicit TIP3P water 72. The silica and quartz 

surfaces were modeled using the INTERFACE forcefield 107 due to its compatibility with this 

CHARMM forcefield.  

 

Each peptide was placed in the simulation box above either the silica or the quartz surface 

depending on the simulation type and then solvated with approximately 17,500 water molecules 

using Packmol 151. The charge of each peptide was neutralized using sodium (+1 charge) and/or 

phosphate ions (-2 charge), which were modelled on previous work from Mao et al 102. All 

simulations were performed in GROMACS 67 with the PLUMED 75 plugin for enhanced sampling. 

The LINCS 108 algorithm was used to constrain all bonds between hydrogen and heavy atoms; all 

production NVT calculations were additionally performed with hydrogen mass repartitioning so 

that a timestep of 4 fs could be used 73.  

 

Energy minimization was carried out on each system for a maximum of 10 picoseconds 

using the steepest descent algorithm and then followed by NPT equilibration at 300 K and 1 bar 

for 500 picoseconds using the Berendsen barostat with a pressure damping parameter of 1.0 and a 

stochastic global thermostat with a temperature damping parameter of 0.1 74. Lennard Jones and 

Coulombic interactions were calculated with a cutoff of 1.0 nm and long-range electrostatic 

interactions were treated with the Particle Mesh Ewald method. Due to the semi-infinite structure 

of the slabs, pressure coupling was applied only to the z dimension during the NPT equilibration. 

The center of each slab (both amorphous silica and quartz) was frozen during all simulation steps, 

allowing only the silanol groups and the top layer of the surfaces to move 71,150. Following this 

NPT equilibration, all systems underwent a 100 ns NVT equilibration, from which 8 initial 

configurations of each system were chosen.  
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 The binding free energy of each system was calculated using Parallel-Bias Metadynamics 

109, with multiple walkers 110 and adaptive Gaussians 111 employed to speed the convergence of 

these simulations. Collective variables chosen include the orthogonal distance between the center 

of mass of the backbone of the peptide to the center of mass of the top of each silica or quartz 

surface, the orthogonal distance between the center of mass of each amino acid headgroup in the 

peptide and the center of mass of the top of either surface, and the radius of gyration of the peptide 

71,150. The total sampling time for each system was 6.4 microseconds (800 ns per replica), which 

we have deemed sufficient for convergence of the calculation.  

  

4.4 Results and Discussion 
 

Comparison of Sequence Binding on Silica and Quartz 

 

 Prior work in the field has shown that computationally predicted adsorption energies show 

correlation with particular morphological outcomes, namely that higher peptide binding energy to 

a silica surface corresponds to the production of monodisperse nanospheres through mineralization 

experiments 71. In order to validate this hypothesis with new data, we performed a series of binding 

energy calculations for nine peptides on amorphous silica as well as quartz. 

  

Unsurprisingly, the similarities between the amorphous silica and ordered quartz surfaces 

lead to very similar binding trends between peptides for each surface, as shown in Figure 4.1. The 

peptides that bind strongest to both surfaces are those with the highest overall charge: LK Alpha 

(+6 charge), Pep B (+4 charge), and the R5 peptide (+6 charge). However, LK Alpha binds almost 

15 kJ/mol stronger than the next two peptides, despite the R5 peptide having the exact same charge. 

The peptides with lower charges bind roughly in the 0-20 kJ/mol range with fairly low driving 

forces towards adsorption, even though these systems have been experimentally proven to 

precipitate silica under mineralization conditions. We believe systems like this, composed of lower 

charged peptides with fewer residues, might need to form larger aggregates in order to template 

the growth of specific silica morphologies 135,137–140. This claim is experimentally supported in 

literature by a number of works that highlight the more complex arrangements these peptides may 

form, such as the self-assembled antiparallel beta sheets necessary for mineralization using P11 138 

as well as templated nanofibers constructed using V6K or A6K 140. We recommend that these 

morphologies be further investigated through coarse-grained methods, as the computational cost 
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of investigating these much larger systems using atomistic molecular dynamics and the chosen 

enhanced sampling methods would be prohibitively high. 

 

 
Figure 4.1: Binding free energy as a function of peptide distance from the surface for the silica 

surface (left, dashed lines) and for the quartz surface (right, solid lines). The legend is shown on 

the right; colors remain consistent across peptide name. 

 

 There are four peptides from the above figure that we identified as having similar 

morphologies to the monodisperse nanospheres or networks of partially fused spheres that we have 

focused on in previous work. LK Alpha, the strongest binding peptide, produces monodisperse 

nanoparticles which is consistent with prior hypotheses relating high adsorption energy to 

monodisperse particle production. R5, another highly charged and strong binding peptide, 

produces this morphology as well, although lower concentrations of the peptide see a transition 

from monodisperse nanoparticles to partially fused spheres. On the other hand, the Si-4 and Pep-

1 peptides both have low binding energy at around 10 kJ/mol and produce networks of partially 

fused spheres, as shown in Figure 4.2 below. 
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Figure 4.2: The binding free energy as a function of distance from the silica surface for LK 

Alpha (red), R5 (black), Si-4 (grey), and Pep-1 (pink). The SEM images of silica morphologies 

on the right have been reproduced from multiple sources and include LK Alpha3 (top left), R54 

(top right), Si-45 (bottom left), and Pep-18 (bottom right) 71,146,148.The two peptides with the 

highest binding energy, LK Alpha and R5, produce monodisperse nanoparticles while Si-4 and 

Pep-1, with significantly lower binding energies, produce a network of partially fused spheres. 

 

 While the SEM images shown above were taken under different mineralization conditions 

(i.e. silicate precursor used, concentration of biomolecule, buffer conditions, etc.) due to the 

number of literature sources these images were collected from, we believe that they provide a good 

validation metric for our hypothesis on the relationship between adsorption energy and 

morphology if we can perform a consistent panel of mineralization experiments. We also believe 

that these systems could also shed light on the concentration dependence of certain morphological 

constructs, which we will discuss in the proposed future work section. 

 

Signatures of Strong Binding v. Weak Binding Sequences 

 

 We also use the data from these simulations to comprehensively validate what features 

make a strong binding peptide.  In the future, this information can be leveraged for improved  

nanomaterials synthesis. Previous work has shown that strong binding is often attributed to 

peptides that can maintain either an extended state on the surface or a very specific preferred 

 
3 Adapted with permission from J. Am. Chem. Soc. 2014, 136, 43, 15134–15137. Copyright 2014 American 

Chemical Society. 
4 Adapted with permission from Chem. Mater. 2024, 36, 2, 786–794. Copyright 2024 American Chemical Society. 
5 Adapted with permission from J. Am. Chem. Soc. 2012, 134, 14, 6244–6256. Copyright 2012 American Chemical 

Society. 
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conformation 71,96, which we have explored below in Figure 4.3 through the use of two-

dimensional free energy surfaces that relate the distance from the surface to the radius of gyration 

of each peptide. In Figure 4.3A, we highlight the three strongest binding peptides (LK Alpha, Pep 

B, and the R5 peptide) and demonstrate that these three peptides all achieve fairly close distances 

to the surface and maintain one clear binding mode to the surface. There is a very small range of 

ideal radii of gyration for each peptide to happily bind to the surface, as demonstrated by the very 

small regions of dark red on the plots. In contrast, the weaker binding peptides, Si-4 and Pep-1, 

shown in Figure 4.3B have a much wider range of equal energy conformations shown by the large 

collection of red in each figure. It is important to note here that not all of these peptides are of the 

same length, so natural differences in the range of radii of gyration possible or preferred are 

inherent. We are more specifically looking for a small range of possible strong-binding radii of 

gyration, not necessarily just a longer radius of gyration. It is also worth noting that the y-axis in 

Figure 4.3A and Figure 4.3B are different, as Si-4 and Pep-1 are both much shorter than R5 or Pep 

B. However, when you look at the range of radii of gyration with similar binding for all five 

systems you see that the preferred conformations for LK Alpha, R5, and Pep B are all within 0.05 

nanometers of each other, while the range for Si-4 and Pep-1 is closer to 0.15-0.20 nanometers. 

 
Figure 4.3: Two-dimensional free energy surfaces showing the radius of gyration of selected 

peptides as a function of the distance of the peptide from the silica surface for (A) stronger 

binding peptides and (B) weaker binding peptides. The stronger binding peptides from left to 
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right are LK Alpha, Pep B, and R5, while the weaker binding peptides from left to right are Si-4 

and Pep-1. 

 

  We believe that as the presence of a limited number of available similar energy 

conformations is key to designing peptides that bind strongly to surfaces. This is likely due to the 

ability of these peptides, when in an extended or highly specific conformation on the surface, to 

maneuver  positively charged sidechains closer to the negatively charged silica and quartz surfaces 

71. This idea is illustrated in Figure 4.4 below, in which histograms of the distance of each residue 

from the surface for the bound states are shown for the highest binding peptide and the lowest 

binding peptide on silica. Figure 4.4A shows that LK Alpha, the system that binds with the most 

specificity and the highest adsorption energy, is able to maneuver a number of the positively 

charged sidechains (shown in red) closer to the surface than the lowest binding system, shown in 

Figure 4.4B. The placement of positive charges throughout the LK Alpha sequence also holds the 

non-positively charged residues shown in black much closer to the surface, as opposed to Pep-1, 

which seems to lose the interaction of the last half of the sequence with the surface. This is shown 

by much wider distance distributions for residues 7 through 14 that seem to be mostly at 1.75-2 

nm away from the surface COM. 
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Figure 4.4: Histograms detailing the frequency of close binding residue headgroups for (A) LK 

Alpha, a strong binding peptide, and (B) Pep-1, a weak binding peptide. Each column shows one 

histogram for every residue in the sequence, starting with the ACE termini and ending with the 

NME termini for each peptide. The positively charged residue headgroups in each sequence are 

shown in red. 

 

4.5 Conclusions and Future Work 
 

 The similar characteristics between amorphous silica and quartz lead to similar trends 

between the studied peptides on each surface, with most peptides showing a slight preference for 

the amorphous surface over the ordered one. The peptides with the highest overall positive charge 
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see the strongest adsorption energy with the surface, while the other peptides may need to form 

larger aggregates to see noteworthy adsorption energies. The peptides with the highest surface 

binding energy to amorphous silica also are capable of producing monodisperse nanoparticles, 

while those with significantly lower binding energy (like Si-4 and Pep-1) how large networks of 

partially fused spheres, indicating that this could be an interesting avenue for future combined 

experimental and computational studies to pursue in more detail. The strongest binding sequences 

all have very specific, clearly defined binding modes that often demonstrate a high level of 

extension on the surface, and we believe this is due the ability of these sequences to maneuver 

their positively charged sidechains closer to the amorphous silica surface. This study validated 

conclusions drawn from previous work, but we hope to expand on this work with the proposed 

studies below. 

 

Planned Experimental Validation 

  

 The SEM images for the LK Alpha, R5, Si-4, and Pep-1 peptides shown in Figure 4.2 are 

reproduced from a collection of literature sources to illustrate that stronger surface binding energy 

correlates with an ability to produce monodisperse nanoparticles as opposed to networks of 

partially fused spheres. While these literature sources likely maintained similar mineralization and 

SEM protocols, we are interested in validating our calculations with a complete panel of identical 

mineralization studies performed at multiple different concentrations of molecular precursor, 

hoping to narrow down the relationship between a specific computationally predicted binding 

energy and the concentration of molecular precursor that shifts expected morphology from 

monodisperse nanoparticles to partially fused spheres. These mineralization experiments and 

subsequent imaging are currently in progress with experimental collaborators in the Weidner 

Group, located at Aarhus University in Denmark. 

 

Speeding Future Calculations 

 

Additionally, the binding energy calculations for each of these peptides are computationally 

intensive, taking multiple months to reach convergence and hundreds of thousands of CPU hours 

to complete. Achieving a comprehensive analysis of multiple solid-binding peptides on different 

inorganic surfaces using PBMetaD, while accurate, will be too time and resource-consuming for 

most groups and research goals. Recent advances in computational methods have indicated that 
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new methods are available for rapid estimation of such binding energies. The binding of a peptide 

to an inorganic surface can be estimated as a linear combination of the free energy contribution of 

each residue in the sequence, based on the statistics of a thermodynamically stable structure 

ensemble 150. This method has been validated so far for five silica-binding peptides and we intend 

to provide validation for the peptides discussed in this work as well, on both the silica and quartz 

surfaces.  

A model like this, which can achieve the binding energy calculation with roughly 10% of 

the computational cost as the PBMetaD calculation, will extend the opportunity for high-

throughput simulation in this space to screen a number of sequences and identify those with 

binding energies suitable for specific research goals. This data could also be helpful in training 

machine learning algorithms in order to predict solid binding peptide effectiveness in the future. 
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Chapter 5: Conclusions and Future Work 
 

The work presented here has advanced the state of the art in molecular modelling for 

understanding sequence-structure-function relationships in novel folding polymers and for 

biomimetic mineralization.  

 

In chapter two, recent progress in the rapid development of atomistic forcefield parameters 

for sequence-defined polymers was leveraged to create a new library of peptoid residues, including 

those with varying levels of chiral, hydrophobic, or charged characteristics. This library was 

utilized along with the enhanced sampling technique of steered molecular dynamics to devise a 

simulation method that allows us to relate peptoid polymer sequence to single-chain secondary 

and tertiary structure in helical hairpins capable of mimicking native protein structures. We 

performed, to our knowledge, the first MD simulations of peptoid helical hairpins based on four 

sequences previously identified by experimentalists and compared the resulting structures using 

clustering to discuss the important features imparted by each residue type in water and acetonitrile. 

This was followed by an in-depth comparison of the handedness preference of a helical peptoid 

sequence that demonstrated how changing the solvent environment from water to acetonitrile can 

encourage more specific peptoid helical handedness and stabilize secondary structure 

characteristics in these materials, while still allowing tertiary structure to form despite the 

difference in hydrophobic driving forces. Here, we have provided a roadmap for future studies to 

utilize physics-based simulations to relate polymer sequence and structure. This work allows for 

nanoscale insight into peptoid structures that have previously only been probed through 

experimental methods like circular dichroism, providing a more accurate resolution to assess 

structural features and hopefully design more complex peptoids with enzymatic-mimicking 

functions.  

 

 In chapter three, we demonstrated the advantages of sequence-defined polymers in 

modulating silica morphogenesis by leveraging ease of synthesis with a wider set of possible 

sidechains. We achieve an unprecedented level of biomimicry in the creation of entirely synthetic 

polymer sequences that produce silica nanostructures with defined shape and size and identify the 

biomolecule/surface binding energy as a key computational marker in predicting sequences that 

might produce similar nanostructures. The developed simulation framework can be utilized with 
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future biomolecular sequences to understand and predict possible silica morphologies prior to 

experimental synthesis and validation. 

 

 In chapter four, we utilized the simulation framework from chapter three on a wider range 

of peptide sequences and validated our ability to predict a specific morphology given 

biomolecule/surface binding energy. We identified necessary experiments to be performed by our 

experimental collaborator that could provide insight on relationships between computationally 

determined biomolecule/surface binding energy and the concentration of biomolecule necessary 

to produce defined nanospheres. We also narrowed in on the regions of parameter space in which 

this model is not successful, primarily on short sequences that must first self-assemble into a larger, 

more positively charged template in order to participate meaningfully in silica morphogenesis. We 

identify possible routes to understanding these more complex nanostructures using different 

modelling approaches, as well as highlighting how the calculations from the simulation framework 

identified originally in chapter three can be completed in smaller timeframes at a lower 

computational cost. 

  

 The work discussed here can also grow the field of molecular modelling; the expertise in 

peptoid forcefield development combined with the parameter library used in chapter two can be 

leveraged to speed high-throughput simulation efforts in the area of peptoid modelling, which has 

previously been held back by the lack of off-the-shelf forcefield options in this area. These high-

throughput simulation efforts along with an understanding of secondary and tertiary structure 

characteristics in sequences like those in chapter two can now be applied to different systems, like 

metal chelating sequences, to move closer to the idea of developing peptoid enzymes for complex 

functions like catalysis. The enhanced sampling methods highlighted in chapter three and built 

upon in chapter four can be applied to different interfaces, like calcium phosphate surfaces, to 

understand the growth of teeth and bone from bioinspired peptides. The computational signatures 

identified within also present an opportunity for calculations derived from simulation to serve as 

data for machine learning algorithms to narrow down regions of parameter space that might benefit 

from more thorough modelling approaches, further speeding the rational design of bioinspired 

materials. 
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Appendix A: Supporting Information for Chapter 3 
 

Reweighting Biased Simulations for Unbiased Ensemble Averages 
 

Ensemble averages and reweighted probability distributions for relevant observables (e.g., 

sidechain distance distributions) were obtained from PBMetaD simulations using the quasi-static 

bias approximation 109. 

 

 
Figure A-S1: Histograms of the distance between the amorphous silica surface and the center of 

mass of the lysine headgroup in residue 3 (A), lysine headgroup in residue 4 (B), lysine 

headgroup in residue 12 (C), lysine headgroup in residue 15 (D), arginine headgroup in residue 

16 (E), and arginine headgroup in residue 17 (F). The R5 peptide is shown in red, the R5 peptoid 

mimic in grey, and the synthesized R5 peptoid analog in black. 
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Figure A-S2: Free energy profiles of the interactions between lysine headgroups and silicate 

anions (A) and arginine headgroups and silicate anions (B) from the performed silicate 

simulations. The R5 peptide is shown in red, the R5 peptoid mimic is shown in dotted black, and 



 59 

the R5 peptoid analog is shown in solid black. Panel C shows the reweighted free energy profile 

of dimerization for each system, indicating that the R5 peptoid analog has the lowest propensity 

to aggregate with another molecule of the same type. 

 

 
Figure A-S3: Panel A shows SEM images of resulting silica nanospheres for R5 peptide reverse 

(LEFT) and R5 peptoid analog reverse (RIGHT) at high concentrations of biomolecule (TOP) 

and low concentrations of biomolecule (BOTTOM) with all scale bars equal to 1 µm. Panel B 

shows a comparison of the binding free energy of the COM of each molecule backbone from an 

amorphous silica surface, with R5 peptoid analog in black, R5 peptide reverse in dashed red, and 

R5 peptoid analog reverse in dashed black. Panel C shows bar plots of the relative stability of 

interactions between the arginine headgroup and the silicate anion (TOP) and the lysine 

headgroup and the silicate anion (BOTTOM) normalized to one anion. Positive numbers indicate 

higher stability and negative numbers indicate lower stability. 
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Figure A-S4: Histograms of the distance between the amorphous silica surface and the center of 

mass of both arginine residues (A), the tyrosine headgroup (B), the lysine headgroup in residue 3 

(C), lysine headgroup in residue 4 (D), lysine headgroup in residue 12 (E), lysine headgroup in 
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residue 15 (F), arginine headgroup in residue 16 (G), and arginine headgroup in residue 17 (H). 

The synthesized R5 peptoid analog is shown in black, while the R5 peptide reverse is shown in 

red with black hatch marks and the R5 peptoid analog reverse is shown in grey with black hatch 

marks. 

 

Convergence of Metadynamics Calculations 
 

Each metadynamics calculation was run sufficiently long to ensure convergence, which 

was assessed for the surface binding simulations through sufficient sampling of the backbone 

center of mass distance of each system from the amorphous silica surface as shown in Figure A-

S5. The time evolution of each free energy profile has also been provided to assess convergence, 

as shown in Figure A-S6, and convergence of the binding free energy calculations have been 

shown in Figure A-S7. For the silicate simulations, sufficient sampling of the arginine-silicate and 

lysine-silicate interactions are shown in Figure A-S8, while the time evolution of the free energy 

profile of the arginine-silicate interactions for each system has been provided in Figure A-S9. 
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Figure A-S5: Sampling of the center of mass distance between the backbone atoms of the R5 

peptide and the amorphous silica surface for each walker in each subplot over the total 

simulation time. The red line indicates the transition between surface bound and unbound 

states. Similar sampling and convergence was obtained for all systems. 
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Figure A-S6: Time evolution of the free energy profiles of (A) R5 peptide, (B) R5 peptoid 

mimic, (C) R5 peptoid analog, (D) R5 peptide reverse, and (E) R5 peptoid analog reverse on 

amorphous silica. The x-axis is the orthogonal distance between the center of mass (COM) of 

each molecule backbone and the surface. Each legend indicates the percentage of simulation time 

relative to the total simulation time (1.5 microsecond/walker). The blue region has been 

highlighted to represent the surface bound state while the yellow region has been highlighted to 

represent the solution phase state for the calculation of binding free energy for each peptide on 

each surface. 
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Figure A-S7: Free energy of binding calculated as a function of total simulation time (1.5 

microseconds) for each molecule on the amorphous silica surface. The R5 peptide is shown in 

solid red, the R5 peptoid mimic in dotted black, the R5 peptoid analog in solid black, the R5 

peptide reverse in dashed red, and the R5 peptoid analog reverse in dashed black. Convergence is 

indicated by a flattening of the curve to one consistent value. 
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Figure A-S8: Two-dimensional free energy surfaces for the R5 peptide (LEFT), R5 peptoid 

mimic (MIDDLE), and the R5 peptoid analog (RIGHT) at 75% of simulation time (TOP), 90% 

of simulation time (MIDDLE), and 100% of simulation time (BOTTOM). The important minima 

shown are relatively the same across this section of simulation time, indicating convergence of 

our calculations and likely low uncertainty. 
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Figure A-S9: Sampling of the coordination number between the arginine headgroup and silicate 

anions (TOP) and the lysine headgroup and silicate anions (BOTTOM) for R5 peptide for each 

walker in each subplot over the total simulation time. Similar sampling and convergence was 

obtained for all systems. 

 

 
 

Figure A-S10: Time evolution of the free energy profiles of the arginine-silicate interactions 

in  (A) R5 peptide, (B) R5 peptoid mimic, (C) R5 peptoid analog, (D) R5 peptide reverse, and 

(E) R5 peptoid analog reverse. The x-axis is the coordination number between arginine 

headgroups and silicate anions. Each legend indicates the percentage of simulation time relative 

to the total simulation time (500 ns/walker). Similar convergence was seen in the lysine-silicate 

coordination number profiles. 
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Figure A-S11: UPLC-MS characterization of toidR5A (TOP) and UPLC characterization of 

toidR5A with the gradient of 0 - 40% CH3CN in H2O (BOTTOM). MS characterization of R5. 

2222.7 (Molecular weight), 1112.3 (Found: [M+2H]2+) 
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Figure A-S12: UPLC-MS characterization of reverse toidR5A (TOP) and UPLC 

characterization of reverse toidR5A with the gradient of 0 - 40% CH3CN in H2O (BOTTOM). 

MS characterization of r-R5. 2222.7 (Molecular weight), 1112.5 (Found: [M+2H]2+) The UPLC 

shows a small shoulder around the major peak at t=3.01 minutes. The shoulder has nearly 

identical MS with the center major peak at t=3.01 min, indicating these are not significant 

impurities but more likely different protonation states of the guanidinium and amino groups on 

the arginine and lysine analog sidechains. 
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