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ABSTRACT 

Biological organisms use biomolecules in combination with compartmentalization 

and ion sequestering strategies to craft intricately structured hard tissues such as nacre, 

tooth, and bone. A molecular-level mechanistic understanding of these biomineralization 

processes would enable biomimetic strategies to synthesize custom nano-structured 

materials and would aid in developing treatments for biomineralization-related diseases. 

With the advent of in situ atomic force microscopy and single molecule force spectroscopy, 

detailed kinetic and thermodynamic information on biomineralization processes is now 

available. Molecular simulation can connect this information to the atomic structure of 

proteins adsorbed on mineral surfaces and enable the rational design of molecules to 

control mineral growth and nucleation. A previously developed method, RosettaSurface, 

served as a starting point for protein structure prediction on mineral surfaces. In this 

dissertation, I detail my work expanding upon the RosettaSurface framework, comparing 

the results of RosettaSurface with experimental measurements on peptide-biomineral 

systems, and rationally designing peptides to control the growth and nucleation of 

biominerals. First, I describe the computational details of the RosettaSurface algorithm, 

using the osteocalcin/hydroxyapatite system as a model. Next, I compare the results of the 

RosettaSurface algorithm with an experimental benchmark of kinetic and thermodynamic 

measurements on peptide-biomineral interactions taken from atomic force microscopy. The 

RosettaSurface algorithm successfully identifies which mineral face and step edges will bind 

peptides the strongest; however, the algorithm struggles to predict the correct rank order of 

binding for multiple peptides to the same face or step edge. Next, I detail my work in 

studying the adsorption of single amino acids on vaterite mineral surfaces and connect my 

computational results to experimental observations of chiral hierarchical structures in 

vaterite crystals. Finally, I design peptides intended to control calcium carbonate nucleation 
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and growth by binding both flat surfaces and mineral step edges, targeting specific kinetic 

and thermodynamic mechanisms for growth and nucleation. 
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 CHAPTER 1 

INTRODUCTION 

Background 

Biological organisms use biomolecules, such as proteins, in combination with 

compartmentalization and ion sequestering strategies to craft intricately structured 

materials and hard tissues such as nacre, tooth, and bone (Figure 1.1). The exoskeleton 

formation of the Chesapeake blue crab (Callinectes sapidus) is a prime example of one such 

“biomineralization” process. Misregulation of biomineralization in humans is the driving 

force of diseases that impact hundreds of millions worldwide every year. Formation of 

inorganic crystals in soft tissues results in diseases such as kidney stones, gallstones, 

atherosclerosis, and neurodegenerative disorders. Meanwhile, a lack of mineralization in 

hard tissues results in diseases such as osteoporosis, tooth decay, hypophosphotasia, and 

osteomalacia. A detailed mechanistic understanding of these biomineralization processes 

and the role that protein-biomineral interactions play would aid greatly in the development 

of therapeutics for biomineralization related diseases. A prime example of this is the recent 

development of an enzyme replacement therapy to treat hypophosphotasia by McKee and 

others.(1) In this case, the needed replacement enzyme was recombined with a known 

hydroxyapatite binding domain in order to localize treatment to the developing bones and 

teeth of knockout mice. This enzyme replacement therapy, enabled by an understanding of 

protein-biomineral interactions, is now improving the lives of patients living with 

hypophophotasia. Recent insights into the specific interactions of citrate with calcium 

oxalate monohydrate have provided a basis for the use of citrate as a treatment for kidney 

stones.(2-4) Finally, structural data on the interaction of amelogenin with hydroxyapatite 
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has provided insight into mutations that may be responsible for amelogenesis imperfecta, a 

disease which prevents proper formation of tooth enamel.(5)  

 

Figure 1.1. Structured biological minerals. (A) False color SEM images of diatom species, 
clockwise from left: Eunotia sp., triceratium sp., asterolampra sp., arachnoidiscus sp., 
amphitetras sp. Details of (B) Coscinodiscus asteromphalus and (C) Stephanopyxis turris.(6) 
(D) The California mussel(7) and detail (E) outer calcitic prismatic layer (left) and inner 
aragonitic nacreous layer (right)(8) (F) The inner ear and (G,H) SEM image of isolated 
pineal hexagonal and cylindrical calcite microcrystals.(9) 

Tangential to the medical relevance of biomineralization, discovering nature’s 

design principles for protein-mineral systems will allow engineers to mimic biology and 

develop revolutionary environmentally friendly, safe and cost-efficient approaches to 

nanoengineering, allowing the deployment of next-generation materials. Molecular 

manufacturing(10) can be used to synthesize novel materials for use in medicine, 

manufacturing, energy, and defense. Some recent advancements in molecular 

manufacturing of complex structures utilize pH, temperature, and ion concentrations to add 

atoms from a solution or vapor phase to a growing solid substrate. These techniques have 

been used to grow nano-stalks, vases and flowers from SiO2 and BaCO3;(11) and diatom 

frustule-like structures from silica and titania.(12)  
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Despite the need for a mechanistic understanding of biomineralization in both 

medicine and materials engineering, relatively little is known about the role that 

interactions between proteins and mineral crystals play in biomineralization. Two factors 

contribute to the current lack of mechanistic understanding: (1) crystal growth and 

nucleation mechanisms, even in the absence of biological additives, are not fully understood 

and (2) current experimental methods provide only low-resolution data on atomic 

structure at solid interfaces.  

Crystal growth and nucleation in biomineralization follows both classical and 

non-classical pathways. Beginning with the seminal work of Burton, Cabrera, and 

Frank(13) in 1951 much of the work on crystal nucleation and growth in the latter half of 

the 20th century has been based upon classical nucleation theory and the terrace-ledge-kink 

model of crystal growth. Under classical nucleation theory, a critical nucleus with a 

crystalline structure identical to the bulk crystal must first be formed before crystal growth 

becomes a thermodynamically favorable process. The stochastic formation of a critical 

nucleus from ions in solution imposes an energetic barrier to nucleation that may be 

overcome by reducing the interfacial energy between the crystal surfaces and the solvent 

or, in the case of heterogeneous nucleation, introducing a foreign surface for nucleation to 

occur upon.(14) Under the terrace-ledge-link model, crystal growth then proceeds via 

monomer-by-monomer addition of ionic growth units to step edges on the crystal surfaces, 

resulting in a final structure that diffracts light as a single crystal. 

These classical theories of crystal growth and nucleation accurately reproduce 

experimental results in many systems; however, there are a number of experimental 

observations that cannot be readily explained using classical theory. For instance, pre-

nucleation clusters have been observed at solute concentrations below those predicted by 
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classical nucleation theory.(15) This behavior has been attributed to a non-classical 

nucleation mechanism that involves aggregation and subsequent crystallization of pre-

nucleation clusters(15-18) or amorphous particles(19-21) in a variety of systems at lower 

saturations. In these examples, the structure of the critical nucleus does not match the 

crystalline structure of the bulk crystal, in contrast to classical nucleation theory. Another 

experimental observation that cannot be reconciled with classical theory is the branched 

growth of nanowires in synthetic crystals.(22) This behavior has been attributed to a non-

classical growth mechanism that involves addition of amorphous or nanocrystalline 

particles, rather than individual ions, to growing crystals via oriented attachment.(23) In a 

recent review,(24) De Yoreo and coworkers propose a spectrum of crystal growth and 

nucleation pathways, encompassing the fully classical monomer-by-monomer model, 

aggregation of pre-nucleation clusters and amorphous precursors, and oriented attachment 

of nanocrystals to a bulk crystal. Although a particular pathway may be the prevalent 

mechanism of crystal growth in a given system it is important to note that multiple 

pathways can be operating in parallel and at different length and time scales. For instance, 

in the case of oriented attachment of nanocrystals to a growing bulk crystal, monomer by 

monomer addition may still contribute to the growth of both the bulk crystal and the 

nanocrystals attaching to the bulk crystal.   

Experimental Studies of Biomineralization   

Probing the kinetics and thermodynamics of protein-mineral interactions. 

Experimental observations of biomineralization processes are complicated by uncertainty 

in the structure of the mineral phase, the relevant mineral face, and the mode of interaction 

between the relevant biomolecules and the mineral. However, there are several “gold 

standard” experiments in biomineralization where these uncertainties can be minimized. 
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The gold standard experimental observables in the biomineralization literature are broadly 

composed of three groups: (1) structural constraints obtained from solid state NMR 

(ssNMR)(25), (2) thermodynamic data on mineral face-specific adsorption free energies 

from single molecule force spectroscopy (SMFS)(26), and (3) kinetic data on mineral step-

specific velocity measurements in the presence of additives from in situ atomic force 

microscopy (in situ AFM)(27). In the recent literature, SMFS and in situ AFM studies far 

outnumber ssNMR studies.  

Thermodynamic data is available from single molecule force spectroscopy using 

AFM tips functionalized with proteins/peptides(26, 28, 29). In these experiments, the 

single-molecule free energy of adsorption to specific crystalline faces may be determined by 

repeatedly pulling an adsorbed protein/peptide away from a mineral surface and applying 

either Jarzynski’s equality(30) to relate the ensemble averaged work to the free energy 

change or by measuring the mean work across a range of loading rates and extrapolating to 

an infinitely slow loading rate(28).  

Kinetic data for proteins/peptides on mineral surfaces is available from in situ 

atomic force microscopy(31-34). In these experiments, propagation of atomic steps from 

dislocation hillocks are directly visualized and step speeds are measured in the presence 

and absence of impurities such as peptides or proteins. The benefit of in situ AFM is that the 

kinetic data on step speeds can be directly compared with mechanistic predictions, and thus 

a particular mechanism of interaction between a protein/peptide and a surface can be 

proposed and subsequently compared with computational predictions. However, one 

assumption must be made to directly compare calculated binding energies from simulation 

to inhibitory potential from in situ AFM experiments: stronger binding will correspond to 

stronger inhibitory potential. Stronger binding corresponds to a higher density of peptides 
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adsorbed on a step edge, which will reduce the average step length between peptides and 

force a smaller radius of curvature for the growing steps, resulting in inhibition of crystal 

growth.  

Morphological characterization of biominerals. Determination of biomineral 

morphology does not provide specific information on protein-mineral interactions; 

however, it can provide indirect information on whether or not a protein is a modifier of 

crystal nucleation and growth. Scanning electron microscopy (SEM) can be used to image 

crystalline features at the micrometer scale. X-ray diffraction (XRD) is the most widely used 

method for determining the bulk periodic atomic structure of crystals. Selected area 

electron diffraction (SAED) is similar to XRD but is capable of targeting an area as small as 

several hundred nanometers.  

Computational Studies of Biomineralization 

 A wide range of computational methods is currently employed to study protein-

surface interactions. In general, these approaches can be broken down into three categories: 

quantum mechanical (QM), molecular dynamics (MD), and Monte Carlo (MC)-based 

docking. QM methods, which treat electronic degrees of freedom (DOFs) explicitly, can be 

accurate for determining both interaction energies and equilibrium structures of molecules 

adsorbed on surfaces. However, such methods are limited by poor scaling with the number 

of atoms in the system. Performing geometry optimizations on small peptides using this 

approach is just beginning to become feasible (35). Still, QM calculations on smaller systems 

can guide parameterization of molecular mechanics force fields or score functions (36, 37). 

Recent QM studies have parameterized the interaction of individual amino acids with 

hydroxyapatite (HAp) (38) and gold (36). 
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MD methods integrate Newton’s laws of motion for each atom in the system and 

follow the trajectory through time. Theoretically, if MD is run long enough, the time-average 

of the simulation should approach the thermodynamic ensemble average, allowing for the 

calculation of thermodynamic properties such as the free energy change of adsorption (39, 

40). Determining a sufficient length of time, however, is difficult and variable from system 

to system. Whether MD simulations have been run long enough to draw conclusions about 

the equilibrium behavior of proteins on solid surfaces remains an open question (37), 

particularly in determining the role of water-mediated protein surface interactions. The 

advantage of MD lies in the ability to calculate kinetic properties such as adsorption rate 

constants from the resulting trajectories. MD also captures correlated motions in a natural 

way, making it ideal for systems with many correlated DOFs (solvent).  

MC-based docking algorithms employ a move set of random perturbations that 

update explicit DOFs in a molecular system; each move is either accepted or rejected based 

on the Metropolis criterion. Similarly to MD, if a sufficient number of moves are attempted 

in MC, the simulation average should converge to the thermodynamic ensemble average. By 

incorporating minimization into MC-based docking, the ability to sample from a 

thermodynamic ensemble is lost, but the likelihood of locating a global minimum on the 

potential energy surface increases dramatically (41). Although it lacks the accuracy of QM 

methods and the kinetic information provided by MD, MC-plus-minimization (MCM) 

docking is perhaps the best method for locating global minima and determining structural 

complementarity rapidly. MCM can also perform protein design calculations by expanding 

the move set to include altering the chemical identity of amino acid side chains, thus 

searching for a sequence that minimizes the potential energy for a given structure (42, 43) 
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Recent work on benchmarking of computational methods to study 

biomineralization processes has focused on the development of energy functions to 

reproduce experimental results on bulk and interfacial properties of minerals in aqueous 

ionic solutions(18, 44, 45). Force fields have been optimized to reproduce bulk mineral 

properties such as lattice parameters and relative thermodynamic stabilities of crystalline 

polymorphs(44), interfacial properties such as surface energies and water contact 

angles(45), and solution properties such as equilibrium constants for ion pair and ion 

cluster formation(18). Developed independently of the aforementioned energy functions for 

minerals, energy functions for proteins in aqueous solution have been shown to, in some 

cases, predict three-dimensional structure with sub-Ångstrom accuracy (46-51). 

Independent parameters from protein and mineral energy functions may be combined 

using standard mixing rules to simulate biomineralization processes; however, without 

benchmarking simulation results against experimental measurements of peptide-

biomineral interactions, the validity of these mixing rules remains dubious(52).  

Some previous work has focused on the development and validation of energy 

functions specifically to model the interaction between peptides and surfaces. Latour’s 

group has developed a benchmark set of host-guest peptides interacting with self-

assembled monolayers of varying chemistry(53). In their benchmark, peptide adsorption 

free energies were measured with surface plasmon resonance spectroscopy and compared 

to computational free energy calculations. Next, GolP is an energy function parameterized to 

reproduce density functional theory data on amino acid small molecule analogues 

interacting with gold surfaces, and it also displays agreement with experimental adsorption 

isotherms(36, 54). Freeman and coworkers have developed a method for deriving peptide-

mineral interaction parameters from crystallographic data in which analogous peptide atom 

types are incorporated in the crystal lattice(55). 
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Specific Aims and Impact of Thesis 

Aim One: Develop a computational method to predict the structure and 

binding energy of a peptide adsorbed to a biomineral step edge. Previous work in Gray 

lab has focused on structure prediction of proteins and peptides on flat mineral surfaces.(5, 

56, 57) As discussed earlier in the introduction, classical crystal growth theories involve the 

addition of ions to step edges. Additionally, the richest source of experimental data on 

peptide-biomineral interactions is in situ AFM, which measures mineral step velocities in 

the presence of peptides. In order to relate the structures of adsorbed peptides to classical 

mechanisms of crystal growth and to compare computational predictions with experiment I 

have extended our existing algorithm, RosettaSurface,(58) to account for biomineral step 

edges. This work has produced a computational tool, available to the biomineralization 

community, for developing structural models of adsorbed peptides to augment new 

experimental data.  

Aim Two: Test the accuracy of the RosettaSurface algorithm against an 

experimental benchmark of peptide-biomineral interactions. To date, computational 

models of biomineralization have struggled to make meaningful comparisons to 

experimental data. This problem is exacerbated by the fact that most energy functions used 

in simulations of peptide adsorption on minerals are arbitrary combinations of mineral 

energy function parameters and peptide energy function parameters. Without 

benchmarking these hybrid energy functions their accuracy remains in question. The 

development of a computational method to predict peptide binding energies at mineral step 

edges enabled me to make qualitative comparisons to experimental data on step edge 

velocities measured by in situ AFM. With this new ability, I developed a benchmark set of 

experimental data on peptide-biomineral interactions and evaluated the ability of the 

RosettaSurface algorithm to reproduce experimental observations. These comparisons 
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represent the largest benchmark study of biomineralization systems to date. With the 

creation of a benchmark set, the advantages and disadvantages of particular sampling and 

scoring methods can be discussed within the biomineralization community, guiding further 

improvements to existing methods and assisting in the development of new methods. 

Aim Three: Improve the accuracy of RosettaSurface by performing a 

parametric analysis of the energy function using a model system. Results from Aim 

Three indicate that the RosettaSurface algorithm displays modest accuracy at reproducing 

experimental observations. To improve performance in the benchmark set I sought to 

improve the energy function used in the algorithm. To this end, I used a model peptide/self-

assembled monolayer system as a quantitative measure of energy function accuracy. 

Utilizing this model system, I performed a parametric analysis of the RosettaSurface energy 

function and identified several potential improvements. My findings not only help to 

improve RosettaSurface, but other algorithms utilizing the Rosetta energy function as well. 

A comparison between the results of RosettaSurface and two other molecular dynamics 

studies using enhanced sampling furthers ongoing discussions in the field regarding 

sampling and scoring strategies for simulation of peptide adsorption.  

Aim Four: Rationally design peptides to control calcium carbonate nucleation 

and growth. Discovering nature’s design principles for protein-mineral systems will allow 

engineers to mimic biology and develop revolutionary environmentally friendly, safe and 

cost-efficient approaches to nanoengineering, allowing the deployment of next-generation 

materials. Molecular manufacturing(10) draws on the endlessly variable designs evident in 

the natural world to synthesize novel materials for use in medicine, manufacturing, energy, 

and defense. The rational design of crystallization modifiers to control the growth and 

nucleation of simple materials is an important first step in realizing the potential of 

molecular manufacturing. I rationally designed two classes of peptides designed to control 



 

11 
 

calcium carbonate growth and nucleation. The work described in this chapter provides a 

computational toolset that can be applied to more complex materials of scientific and 

technological interest, such as hydroxyapatite, metals, or amorphous materials. The success 

or failure of these initial designs will provide valuable feedback to guide the improvement 

of this computational tool. Additionally, the success or failure of particular design strategies 

will provide valuable insight into what strategies nature might utilize to control the 

nucleation and growth of minerals using peptides and proteins. 

Organization of thesis 

Chapter 2. I summarize the development and use of the RosettaSurface algorithm 

and present new results on the osteopontin/hydroxyapatite system using this algorithm.  

Chapter 3. I compare the results of the RosettaSurface algorithm with an 

experimental benchmark of kinetic and thermodynamic measurements on peptide-

biomineral interactions taken from atomic force microscopy. The computational results 

presented in Chapter 3 represent the largest benchmarking study of biomineralization 

systems to date.  

Chapter 4. I present a parametric analysis of the RosettaSurface energy function 

using a model peptide/self-assembled monolayer system. Unlike the benchmark system 

discussed in Chapter 3, the LK peptide/self-assembled monolayer system provides a 

quantitative measure of accuracy and is more appropriate for fine-tuning the energy 

function.    

Chapter 5. I summarize my work studying the adsorption of single amino acids on 

vaterite mineral surfaces. My computational results connect to experimental observations 

of chiral hierarchical structures in vaterite crystals. Two potential mechanisms to explain 

the induction of chirality in vaterite crystals by amino acids are proposed.  
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Chapter 6. I summarize the rational design of peptides to control calcium carbonate 

nucleation and growth. I present the design peptides to act as growth inhibitors by binding 

to growing calcite step edges and utilizing a step pinning mechanism. Additionally, I present 

the design peptides to promote nucleation of aragonite, a less thermodynamically stable 

polymorph of calcium carbonate, by forming a two dimensional symmetric lattice that 

epitaxially matches the aragonite lattice. The experimental characterization of these designs 

is an ongoing project in the Gray Lab.  
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 CHAPTER 2 

THE ROSETTASURFACE ALGORITHM 

Previously published as:  

Pacella MS, Koo da CE, Thottungal RA, & Gray JJ (2013) Using the RosettaSurface algorithm 

to predict protein structure at mineral surfaces. Methods in enzymology 532:343-366. 

Reprinted with the permission of Elsevier. I have abridged the introduction of the original 

version.  

Overview 

Determination of protein structure on mineral surfaces is necessary to understand 

biomineralization processes toward better treatment of biomineralization diseases and 

design of novel protein-synthesized materials. To date, limited atomic resolution data has 

hindered experimental structure determination for proteins on mineral surfaces. Molecular 

simulation represents a complementary approach. In this chapter, I present RosettaSurface, 

a computational structure-prediction based algorithm designed to broadly sample 

conformational space to identify low energy structures. I summarize the computational 

approaches, the published applications, and the new releases of the code in the Rosetta3 

framework. In addition, I present new results on the osteopontin/hydroxyapatite system 

using this algorithm. Finally I summarize ongoing challenges in energy function 

optimization and conformational searching, and emphasize the need for more comparisons 

between simulation and experiment moving forward. 
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Introduction 

The interaction of proteins with solid surfaces plays a pivotal role in diverse areas 

including biomaterials, bioprocessing, nanotechnology, solar energy, materials synthesis, 

and mineralogy. Treatments for diseases resulting from unregulated biomineralization, 

such as atherosclerosis, dental calculus, and kidney stone formation could also be better 

developed with structural guidance. Protein-surface interactions govern the immune 

response and biocompatibility of implanted medical devices, the growth and morphology of 

crystals during biomineralization, and the self-assembly of nanoscale systems (37, 59). A 

better understanding of these interactions would give engineers the ability to design 

proteins to grow custom materials: a revolutionary, environmentally-friendly approach to 

nanoengineering. Despite the integral role of protein-surface interactions in these fields, a 

fundamental understanding of their nature has remained elusive due to limited 

experimental methods capable of resolving the atomic structure of proteins at solid 

interfaces (60, 61). Computational methods offer an alternative approach to explore these 

interactions at an atomic scale (37).  

In the field of biomaterials and bioprocessing, the conventional wisdom has been 

that proteins adsorb to solid surfaces nonspecifically and become denatured upon their 

adsorption (59, 62, 63). However, in the field of biomineralization, organisms demonstrate 

exquisite control over crystal growth and morphology using proteins (64-66). With this 

apparent contradiction in mind, Gray Lab developed RosettaSurface, a computational tool 

that simultaneously optimizes the fold, side chain conformations and rigid-body orientation 

of a protein on a solid surface, with the goal of broadly testing the following hypothesis: 

Does structural recognition analogous to that found in protein-protein complexes exist in 

the interaction of proteins with crystal surfaces?  While QM calculations give accurate 

energies and equilibrium structures and MD methods provide kinetic data, RosettaSurface 
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employs MCM docking as the proposed route to test potential structural complementarity. 

Additionally, because of Rosetta’s success in predicting protein folding (67, 68) and protein-

protein interfaces (69, 70), the algorithms and score functions contained within that 

framework are logical starting points. RosettaSurface can perform ab initio or constraint-

based calculations. Including constraints allows users to create a feedback loop between 

experimental constraint determination and computational refinement based on these 

constraints.   

In this chapter, I present the current version of the RosettaSurface algorithm and 

the methods it employs. The core RosettaSurface algorithm is available both as a C++ 

executable and as a modifiable PyRosetta script (71). For usage on high performance 

computing clusters, I recommend the C++ executable. For users interested in modifying or 

expanding the existing algorithm, or crafting their own algorithm, PyRosetta scripting is 

recommended. For both versions, command lines for pre-processing, execution, and post-

processing/analysis are described.  

Algorithm Evolution and Prior Results  

RosettaSurface was developed in stages to address progressively more complex 

challenges. In the first iteration, the algorithm focused exclusively on sampling rigid-body 

and side chain conformational DOFs between a previously refined solution-state structure 

of the protein of interest and the surface. Restriction to these DOFs precluded the prediction 

of protein conformational changes upon adsorption, but allowed a thorough coverage of the 

rigid-body and side chain conformational space. This algorithm was first applied to the 43-

residue salivary protein statherin docking to the [001] plane of HAp (72). The algorithm 

converged on a set of low energy structures (Figure 2.1) consistent with previously 

published solid-state NMR (ssNMR) data and mutagenesis experiments, and it also 
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suggested a helical lysine and arginine molecular recognition motif for the phosphate 

clusters in HAp. 

 

Figure 2.1. Predicted structures from RosettaSurface. Top (A) and side (B) views of the 
lowest energy structure of statherin docked onto the [001] face of HAp using the initial 
version of the algorithm. (C) A representative structure of statherin bound to HAp, colored 
by the local root-mean-square deviation of 100 structures that best satisfied experimental 
constraints. Reprinted from Makrodimitris, et al., 2007 (72) and Masica, et al., 2010 (56) 
with permission. 

 
The next iteration of the algorithm extended sampling to include protein backbone 

torsional DOFs, allowing us to model conformational changes upon adsorption but also 

increasing the size of conformational space. Again, results were generated for the model 

statherin/HAp system and benchmarked against experimental ssNMR distance and angle 

measurements (73). This algorithm captured an experimentally observed adsorption-

induced folding event in statherin’s helical binding domain and yielded top structures that 

matched 15 published ssNMR distance and angle measurements. The algorithm was 

adapted to incorporate user-provided structural constraints to bias sampling towards 

conformations that are consistent with existing experimental information. This study was 

the first to demonstrate that a combination of experimental constraint determination and 
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structure prediction could effectively determine high-resolution protein structures at 

biomineral interfaces. 

 

The method of establishing a feedback loop between experimental constraint 

determination and structure prediction was further expanded upon in the next study on 

statherin/HAp (56). Areas of structural ambiguity in computational results were targeted 

for isotopic labeling and ssNMR constraint measurement. Several iterated rounds of 

experiment and computation yielded a final adsorbed-state structure with minimal 

ambiguity, shown in Figure 2.1. In addition, the ability of predicted structures to comply 

with the experimental constraints on different HAp faces suggested which faces were most 

likely to be the binding face.  

Since the original algorithm development, RosettaSurface has also been used to 

study the binding of tissue-non-specific alkaline phosphatase to HAp (1), phosphorylated 

and non-phosphorylated leucine-rich amelogenin to HAp (74, 75), an acidic serine- and 

aspartate-rich motif of osteopontin to HAp (76), and other apatite-binding peptides (77).   

Overview of the RosettaSurface Algorithm 

Recently, I incorporated RosettaSurface into the Rosetta 3 software suite (78), 

giving object-oriented access to new features such as non-canonical amino acids (79), a 

generalized framework for handling symmetry (80), variable pH (81), and the scripting 

interfaces RosettaScripts (82) and PyRosetta (71). Rosetta 3’s object-oriented design and 

Python interface make it possible for users to craft their own MCM docking or folding 

algorithms and tailor score functions specifically to their needs.   

The RosettaSurface algorithm addresses the two principal challenges in structure 

prediction: (1) sampling of the conformational space available to both the protein and solid 
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surface, (2) scoring of candidate structures (decoys) to identify the global free energy 

minimum.  

Conformational sampling is carried out in two stages: (1) a solution-state stage, 

where the internal DOFs of the protein are optimized in implicit solvent, independent of the 

surface, and (2) an adsorbed-state stage, where the internal DOFs of the protein and the 

rigid-body orientation of the protein relative to the surface are simultaneously optimized on 

the surface. This process is repeated many times to generate a large ensemble of decoys for 

both the solution and adsorbed states. Starting from a fresh random fragment assembly 

process to generate each new decoy avoids over-sampling kinetically trapped structures in 

false minima on the energy landscape and allows for straightforward parallelization.   

Search Algorithm 

Figure 2.2 presents a flow chart of the RosettaSurface algorithm. The algorithm 

employs a multiscale MCM protocol based on Rosetta docking (69) and folding (67) 

strategies. A key feature in our algorithm is variation in the number of cycles before 

transitioning from the “solution” to the “adsorbed” stages. In the solution stage, the protein 

is able to sample both extended and compact structures. Once adsorbed onto the surface, 

large conformational changes often produce steric clashes between protein and surface 

atoms, preventing acceptance in a traditional MC algorithm (a computational limitation). In 

the algorithm, the protein begins the solution stage as a fully extended peptide chain and 

undergoes several optimization cycles, each resulting in a more compact and “protein-like” 

structure, containing features that occur frequently in known crystal structures. Varying the 

number of optimization cycles in solution before transitioning to the adsorbed state ensures 

that both extended (few optimization cycles in solution) and compact (many optimization 

cycles in solution) structures are sampled in the adsorbed state. Physically, this feature 
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allows the calculation to capture protein conformational changes upon adsorption (such as 

unfolding or structural transitions).  

The protein starting structure is an extended chain in implicit solvent, independent 

from the surface. The protein is initially represented in “centroid mode” where all backbone 

atoms are explicitly modeled but side-chains are represented by a single “pseudo-atom” 

that captures the low-resolution features of the side chain chemistry. The extended chain is 

then rapidly collapsed using a fragment assembly protocol. The fragment assembly protocol 

follows Simons et al (83), except the radius of gyration score term is removed to allow a 

greater sampling of extended structures in both the solution and adsorbed stages to capture 

conformational changes upon adsorption. After each fragment assembly step, the protein 

backbone is optimized with “shear” and “small” moves coupled with conjugate-gradient and 

line minimization respectively. 

At this point, the protein side chains are converted from “centroid” to “full-atom” 

mode. In “full-atom” mode, all-atom (including hydrogen) side chains are built from a 

backbone-dependent rotamer library (84) using a simulated annealing protocol (42). A 

rotamer library, derived from PDB statistics, represents local minima on the quantum 

mechanical energy landscape (85).  

The protein now undergoes a total of 5 “refinement cycles” with adsorption 

occurring randomly between cycles 1 and 5. This is done by generating a random number n 

between 1 and 5 and performing n cycles of solution stage refinement and 5-n cycles of 

adsorbed stage refinement. n is varied for each individual decoy, ensuring an approximately 

equal amount of sampling in both the solution and adsorbed states and yielding a range of 

compact and extended final structures.  

Solution stage refinement includes “outer-“ and “inner-loop optimization”. During 

outer-loop optimization, a sequence of backbone perturbation moves are applied, each 
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followed by conjugate-gradient minimization. During inner-loop optimization, the same 

perturbing moves are applied except each is followed by line minimization along the initial 

gradient. Separating the refinement stage in this fashion ensures that the least 

computationally expensive (and least globally perturbing) line minimization calculation is 

performed in the inner-most loop. The outer loop is implemented five times; for each outer 

loop, the inner loop is repeated five times. 

After n cycles of solution stage refinement, an adsorbed-state complex is formed by 

introducing the solution-refined protein to the surface in a random orientation and bringing 

the two into contact. The adsorbed protein then undergoes 5-n outer cycles of refinement 

on the surface. Adsorbed stage refinement is identical to solution stage refinement with the 

addition of a modified version of RosettaDock’s (69) high-resolution docking protocol at the 

end of each cycle. This modified docking protocol consists of a sequence of small rigid-body 

perturbations, side-chain repacking, and gradient-based minimization in rigid-body space 

repeated six times; side-chain repacking is combinatorial (full repack), rather than 

sequential (rotamer trials), every third time. Combinatorial repacking accounts for the 

possibility of correlated side chain motions but is more computationally expensive than 

sequential re-packing, which optimizes each side chain rotamer independently. Hence, the 

protein undergoes simultaneous backbone, side-chain, and rigid-body optimization on the 

surface. With user-input “surface vectors,” the protein can be translated to a symmetrically 

equivalent position at the center of the slab after each round of docking. Because rigid-body 

docking involves translation in the plane of the surface, an additional “orientation” move is 

necessary to insure that the protein is not translated off of the surface slab used for 

simulation yet remains in a symmetrically equivalent position on the surface. An 

assumption in the search algorithm is that the relative positions of the atoms within the 

solid surface remain static throughout the simulation.  
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Figure 2.2. Flowchart of the complete RosettaSurface algorithm. Small/shear moves 
perturb the protein backbone and are described in (86), linmin and dfpmin_armijo are 
energy minimization routines described in the Rosetta user’s manual 
(https://www.rosettacommons.org/manuals), Nres , protein length; Wrep, repulsive van der 
Waals weight.  

Energy Function      

The standard Rosetta score function contains both statistical and physical terms 

that are optimized to recover known protein crystal structures during folding and docking. 

However, benchmarking and parameterization are crucial when extending an existing score 

function or force-field into the context of protein-surface interactions (52). Due to a lack of 

experimental benchmarks, very few parameter sets have been developed to specifically 

describe protein-surface interactions. Additionally, few existing parameter sets designed to 

https://www.rosettacommons.org/manuals
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simulate protein behavior in solution have been verified to be transferrable to the context of 

protein-surface interactions (52, 87).  

Rosetta’s default all-atom score function for protein folding (Talaris) serves as the 

starting point for the RosettaSurface score function. To account for electrostatic 

interactions between protein side chains and charged surface ions, a Coulomb interaction 

term with a distance-dependent dielectric is added (81). The final score function is a 

weighted linear combination dominated by van der Waals (attractive and repulsive), 

electrostatic (distance-dependent dielectric), hydrogen bond and implicit solvent 

interactions (Table 2.1):   

𝐸total = 𝑊vdW𝐸vdW + 𝑊elec𝐸elec + 𝑊Hbond𝐸Hbond + 𝑊solv𝐸solv 

where the weights 𝑊𝑖 and the energy functions 𝐸𝑖  are defined in (88). The statistical score 

function terms derived from protein structures are only included for intra-protein 

interactions. Rosetta’s accuracy in modeling the intra-protein component of protein-surface 

interactions is the main advantage of using Talaris as a starting point (89). 

Score Term Weight Description 

fa_atr 0.800 Attractive range of Lennard-Jones 6-12 potential 

fa_rep 0.440 Repulsive range of Lennard-Jones 6-12 potential 

fa_elec 0.700 Coulomb interactions with distance dependent dielectric1 

hbond_lr_bb 1.170 
Long range orientation dependent backbone-backbone hydrogen 
bonding2  

hbond_sr_bb 0.585 
Short range orientation dependent backbone-backbone hydrogen 
bonding2 

hbond_bb_sc 1.170 Orientation dependent backbone-side-chain hydrogen bonding2 

hbond_sc 1.100 Orientation dependent side-chain-side-chain hydrogen bonding2 

fa_sol 0.650 implicit solvation model based on EEF1 from Lazaridis and Karplus3 

Table 2.1. Major score terms used in RosettaSurface.1(90), 2(91), 3(92). 

When RosettaSurface is run in a constraint-based fashion, the score function is 

modified to include additional terms that penalize structures deviating from experimental 
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measurements. This penalty ensures that conformational sampling is restricted to 

structures in agreement with experiment data.  

My studies to date are limited to surfaces of ionic crystals. In this context, electronic 

delocalization effects are minimal, and assignment of partial charges for electrostatic 

calculations is a fair approximation. In addition to ignoring electronic effects, an implicit 

solvation model (92) is employed. Although the reduced DOFs offered by implicit solvation 

saves computation time, hydrogen-bond interactions mediated by explicit water molecules 

at the solid-liquid interface are lost (37, 40, 93). The precise role of explicit waters in 

protein surface interactions remains an area of active research.  

Osteocalcin/Hydroxyapatite System 

In this section, I provide a step-by-step protocol to generate and post-process 

candidate adsorbed protein structures. As an example I docked osteocalcin to the [100] 

surface of HAp. Osteocalcin is known to play a role in bone mineralization, but the 

mechanism of its interaction remains speculative (94). Osteocalcin’s solution-state crystal 

structure is known (PDB ID=1Q8H) and a model binding structure has been proposed 

assuming no unfolding upon binding (95). Since osteocalcin contains three γ-

carboxyglutamic acids, it has only recently become possible to model this protein in the new 

Rosetta 3 framework with the non-canonical amino-acid parameterization (79). 

Input files containing the crystal surface coordinates, the protein sequence, and 

experimentally determined constraints (if any) are needed to run RosettaSurface. 

Descriptions of each of these file types are included with the Rosetta source code. 

After obtaining and compiling the latest version of the Rosetta source code (see 

http://www.rosettacommons.org), the RosettaSurface executable can be found in the 
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directory Rosetta/main/source/bin. The command line for execution of 

RosettaSurface is: 

Rosetta/main/bin/surface_docking.gccrelease @flags 

 

Where gccrelease may be replaced if other compilers (icc, macos) were used to 

build rosetta, and flags is a plain text file containing a list of all arguments the user wishes 

to pass to RosettaSurface (Table 2.2). For scientific benchmarking, O(104) structures are 

needed, thus a high performance computing cluster is employed, typically using the Condor 

job distribution system (96). 

 

Arguments Description 

 -s filename PDB file containing protein and surface 

 -in:file:frag3 filename Name of 3-mer fragment file 

 -in:file:frag9 filename Name of 9-mer fragment file 

 -database filepath Path to rosetta_database 
 (default $ROSETTA3_DB) 

 -nstruct integer Number of structures to generate 

 -constraints:cst:file filename Name of constraints file 

 -multiple_processes_ 
writing_to_one_directory 
 

Optional. Enables parallelization  
across a computing cluster 

-show_simulation_in_pymol integer Optional. Number of seconds between  
PyMOL updates (enables live viewing of  
simulation in PyMOL) 

Table 2.2. Command-line arguments for the RosettaSurface C++ executable.  
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In addition to the C++ RosettaSurface script, I have written a Python script 

employing the PyRosetta libraries to allow a user to easily change and adjust parameters of 

the protocol to suit specific needs. For example, the number of refinement cycles may be 

decreased if sufficient constraint data are available, allowing fewer cycles to obtain a 

meaningful structure in less time. Examples of parameters that can be changed are listed in 

Table 2.3. 

 

Parameter Variable/function name Default value 

Solution state (full atom)   

    Refinement cycles sol_cycles n ≤ 5 (random) 

    Outer cycles sol_outer_cycles 5 

    Inner cycles sol_inner_cycles 5 

Adsorbed state   

    Refinement cycles ads_cycles 5 - n 

    Outer cycles ads_outer_cycles 5 

    Inner cycles ads_inner_cycles 5 

Other parameters   

Number of small/shear moves before minimization 
cen_relax.set_nmoves(n) 
fa_relax.set_nmoves(n) 

6 

Maximum angle of perturbation for small/shear 
moves 

cen_relax.set_max_angle(n) 
fa_relax.set_max_angle(n) 

30/outer_cycle 

Table 2.3. Examples of modifiable PyRosetta algorithm parameters 

The PyRosetta scripts can be found in the apps directory within PyRosetta and can 

be run in a similar way to the C++ executable.  

 

PyRosetta/apps/surface_docking/surface_docking.py @flags 

 

The PyRosetta options differ slightly (Table 2.4). Decoy generation requires 1 to 15 

minutes, depending on the length of the protein and the distribution of the solution-state 

and adsorbed-state refinement cycles. 
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Arguments Description 

-h, --help Show help message with these descriptions and exit 

-s, --start 
filename 

Specify start PDB file containing protein and surface 

--database path 
Specify Rosetta database path in PyRosetta (default 
$PYROSETTA_DATABASE) 

-n, --nstruct 
integer 

Specify number of structures to generate 

--f3, --frag3 
filename 

Optional. Specify 3-mer fragment file. If not specified, ab initio and 
centroid relax will be skipped, which is useful if solution-state structure 
is known. 

--f9, --frag9 
filename 

Optional. Specify 9-mer fragment file. If not specified, ab initio and 
centroid relax will be skipped, which is useful if solution-state structure 
is known. 

-c, --constraints  
Optional. Specifies that ssNMR constraints are to be loaded from 
[startpdbname]_ads##.cst (adsorbed state) and 
[startpdbname]_sol##.cst, (solution state) where ## are integers 

--nosmallshear 
Optional. If included, small/shear refinements are not used. Use if rigid-
body docking is desired. If not included, refinements are used (default). 

-d, --disulf 
filename 

Optional. Specify disulfide constraints file. 

Table 2.4. Command-line options for the PyRosetta algorithm. 

Analysis of Osteocalcin/Hydroxyapatite Results 

For both the C++ and PyRosetta implementations, the raw data output from 

RosettaSurface consists of decoys and their corresponding scores. Decoys are output in PDB 

format in the working directory and are appended with a numerical identification tag. Total 

scores and individual score terms are appended in each decoy’s PDB file and summarized in 

a score file (.fasc) in the working directory. A breakdown of the hydrogen bonds and the 

constraint energies are also appended to the end of each PDB file.  

Typically, the top-scoring 1% of decoys are considered for structural analysis. The 

visualization tool PyMOL (97), which can be interfaced with PyRosetta (98), allows the user 

to identify interactions which contribute most strongly to the adsorption energy. The script 
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GetTop.sh extracts the top decoys into a separate folder, and the script 

PostProcessRS.sh generates the secondary structure, contact map and adsorbed-state 

surface contact map plots inside that folder. A summary of these scripts and their usage is in 

Table 2.5. 

Script Name 
Working 
Directory 

Usage 
Output 

GetTop.sh 

Main 
directory 
with all 
decoys 

GetTop.sh <Ads/Sol> <no. of 
decoys> 

TOP<no. of 
decoys>.<Ads/Sol> 
folder containing decoys 

PostProcessRS.sh TOP folders 
for Ads and 
Sol 
 

PostProcessRS.sh 
SecStruct.png 
ContactMap.png 
SurfaceContactMap.png 

extract_scores_and_constrai
nts.py 

extract_scores_and_constrai
nts.py 

<ads/sol>_energy_cmp 

Table 2.5. Scripts for post-processing analysis. 

The sample files included with the installation can be found in the directory 

demos/protocol_capture/2013/surface_docking, which includes a README file 

with additional instructions regarding the environment and paths. A sample flags file is 

provided to generate ten osteocalcin decoys with a disulfide constraint to bond residues 23 

and 29. The commands, run from the sample directory, are: 

1. surface_docking.py @flags  

a. Wait until all 10 decoys have been generated (no .in_progress files 

left) 

2. GetTop.sh Ads 4 

3. cd TOP4.Ads/ 

4. PostProcessRS.sh 
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5. cd .. 

 

In order for this example to run quickly, these commands generate 10 decoys (step 

1 in the flags file) and post-process the 4 top-scoring decoys. For production runs, and for 

the plots described in the next section, I generated 100,000 structures and analyzed the top-

scoring 100.  

A plot is generated to illustrate the distribution of secondary structures at each 

residue in the set of top-scoring structures. Secondary structure can assess convergence 

between top-scoring decoys, and comparison of the secondary structure profiles between 

adsorbed- and solution-state structures can identify adsorption-induced conformational 

changes. 

Outpus for the case of osteocalcin on HAp are in Figure 2.3-Figure 2.7. The 

secondary structure distribution (Figure 2.4) of the top adsorbed-state decoys shows a mix 

of secondary structures at the N-terminus and three major helical structures, matching 

those observed in the crystal structure. The protocol suggests that the solution-state 

secondary structures are largely retained after adsorption.  
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Figure 2.3. Osteocalcin solution state secondary structure.  
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Figure 2.4. Osteocalcin adsorbed state secondary structure on HAp (001) 

While the secondary structure plot provides local structural information, the contact 

map provides information about the tertiary structure of the protein. Pairs of residues with 

at least one atom-atom contact within 8 Å are aggregated over the 100 top-scoring 

structures and the resulting pairwise frequencies are illustrated in a non-mirrored plot. The 

x- and y-axes represent the residue numbers and the gradient from white to blue represents 

minimum to maximum frequencies.  

An example of this two-dimensional matrix for the osteocalcin adsorbed-state is 

shown in Figure 2.6. Proximal contacts, such as those found in helices, appear as 4-residue 

wide stripes along the diagonal, while distal interactions are represented by patches off the 

diagonal. 
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Figure 2.5. Osteocalcin solution state protein-protein contact map.  
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Figure 2.6. Osteocalcin adsorbed state protein-protein contact map.  

Similar to the protein-protein contact map, the protein-surface contact map gives 

information about contacts in the top adsorbed-state decoys. The y-axis is the 

perpendicular distance of each residue to the surface (in Ångstroms), and the width of the 

distance distribution can be used to assess convergence in the models. Residues with ill-

defined positions are the most useful protein-surface atom pairs to inform with ssNMR 

experiments. 

Figure 2.7 illustrates the protein-surface contact map for osteocalcin. The three 

helices exhibit alternating dark spots close to the surface, showing frequent adsorption 

among the top-scoring structures. Some of the most dominant protein-surface interactions 
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include the three γ-carboxyglutamic acids, two aspartic acids, and two arginine residues, 

and minor contacts with some unmodified glutamic acids. The large spread of distances at 

both termini shows that a range of conformations are represented in the top-scoring 

decoys. ssNMR measurements, therefore, would be helpful near the termini to narrow down 

the candidate structures. 

 

Figure 2.7. Osteocalcin adsorbed state protein-surface contact map.  
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Together, the RosettaSurface results in presented in this chapter suggest that the 

adsorbed osteocalcin maintains three helices, adopts an unfolded structure and interacts 

with the HAp mineral primarily through three γ-carboxyglutamic acid residues (Gla17, 

Gla21, Gla24) of the first helix, two aspartic acid residues (Asp30, Asp34) of the second helix 

and two arginine residues (Arg43, Arg44) of the third helix. The interacting residues on the 

first two helices are similar to those proposed by Hoang et al. in their rigid, crystal 

structure-based, model (95) and both models show symmetrically equivalent calcium atoms 

coordinated by the three γ-carboxyglutamic acid residues. In fact, the residue contacts 

proposed by Hoang  et al. are all local in sequence, so that many alternate or unfolded 

conformations can reproduce the same strong contacts with the calcium ions in HAp.  

To test whether the unfolded conformations are truly lower in energy, or whether 

RosettaSurface may have been unable to sample folded binding structures like Hoang et al.’s 

model, I modified the PyRosetta implementation of RosettaSurface to hold the osteocalcin 

backbone fixed for rigid docking to the surface. While structures like Hoang et al.’s model 

were generated during rigid docking (Figure 2.8B), their energies were higher than those of 

the lowest-scoring unfolded, adsorbed osteocalcin structures (Figure 2.8C). It is possible 

that the unfolded RosettaSurface models are closer to the true structure of adsorbed 

osteocalcin. However, it is also possible that the balance of interface energy and folding 

energy is inaccurate, thus further experimental data are needed to resolve the true 

structure. The conformations generated by RosettaSurface can be used to suggest sites for 

ssNMR labeling and measurement. For example, a distance constraint between a side chain 

nitrogen atom of Arg43 and a HAp phosphorous atom could provide information on 

whether or not osteocalcin’s third helix interacts with HAp.  
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Figure 2.8. Predicted structures for the osteocalcin/HAp system. (A) Predicted 
solution-state structure of osteocalcin (blue) superimposed with its crystal structure (red). 
Lowest energy decoys from rigid (B) and flexible (C) backbone docking. Similar contacts are 
made between the γ-carboxyglutamic acids and the surface in both models, indicating 
ambiguity in whether or not osteocalcin adopts extended conformations on HAp.       

 

The Need for Comparison to Experiment 

The RosettaSurface algorithm provides a flexible platform to explore adsorbed 

conformations of proteins on mineral surfaces. Because of the paucity of experimental data, 

it is difficult to validate an energy function (37) and thus, despite the success of the Rosetta 

energy function for folding, docking and design, the ranking of adsorbed structures is 

subject to error. Work is needed to test alternate formulations and parameterizations of the 

energy function, ideally with additional atomic-resolution structural data on a variety of 

experimental systems. A second limitation is in RosettaSurface’s sampling. Exploring 
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relevant areas of conformational space is particularly difficult for long proteins, since 

transitional pathways may be hindered by the surface (74). 

For progress in the study of biomineralization, a combination of computational and 

experimental approaches is ideal. Weaknesses in the energy function and conformational 

sampling can be identified with comparison to experimental data on peptide-biomineral 

interactions. The constraint-based docking framework employed by RosettaSurface 

establishes a feedback loop between experimental constraint determination and 

computational refinement, making it a valuable tool for the study of biomineralization (56). 

As the fundamental components of the algorithm improve, design of biomineralization 

proteins will also improve (99, 100) 
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 CHAPTER 3 

A BENCHMARK STUDY OF PEPTIDE-BIOMINERAL INTERACTIONS 

Overview 

A longstanding goal in the field of biomineralization has been to achieve a 

molecular-level mechanistic understanding of how proteins participate in the nucleation 

and growth of inorganic crystals (both in vitro and in vivo). Computational methods offer an 

approach to explore these interactions and propose mechanisms at the atomic scale; 

however, to have confidence in the predictions of a computational method, the method 

must first be tested against a benchmark experimental data set of protein-mineral 

interactions. Prior work has demonstrated the ability of computational methods to 

reproduce experimental results on bulk and interfacial properties of minerals in aqueous 

solution; however, relatively little work has been done to test the ability of computation to 

reproduce experimental results on mineral systems with biologically relevant additives 

present. In this chapter, I will develop a standard and varied benchmark to test whether a 

computational method is sampling and scoring well enough to match experimental results 

at the length and time scales of biomineral-peptide interactions. I compare the results of the 

RosettaSurface algorithm to an experimental benchmark of kinetic and thermodynamic 

measurements on peptide-biomineral interactions taken from atomic force microscopy. The 

benchmark set includes data on peptide interactions with brushite, calcite, calcium oxalate 

monohydrate, and mica. I included peptide sequences extracted from biomineralization 

proteins as well as engineered ones. In the case of kinetic measurements, classical crystal 

growth theory is applied to provide a link between the experimental data and the structure 

and energy of the protein-mineral interaction at the atomic scale, thus allowing comparison 
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with computational results from the RosettaSurface algorithm. The RosettaSurface 

algorithm successfully identifies which mineral face and step edges will bind peptides the 

strongest; however, the algorithm struggles to predict the correct rank order of binding for 

multiple peptides to the same face or step edge. 

 

Introduction  

 An ongoing challenge in the field of biomineralization has been the experimental 

determination of atomic structure at biomolecule-biomineral interfaces. Computational 

methods offer the ability to explore these interactions and propose mechanisms, and they 

can augment sparse experimental data(56, 101-105). In order to successfully elucidate 

interactions at the atomic scale an algorithm must (1) sample candidate conformations 

effectively and (2) discriminate between low-energy conformations likely to be observed in 

nature and high-energy conformations unlikely to be observed. These challenges are known 

as the “sampling” and “scoring” problems, respectively. To assess the ability of a 

computational method to address these challenges, here I compare algorithm predictions to 

a benchmark set of experimental observations.  

 Recent work on benchmarking of computational methods to study 

biomineralization processes has focused on the development of energy functions to 

reproduce experimental results on bulk and interfacial properties of minerals in aqueous 

ionic solutions(18, 44, 45). Developed independently of the aforementioned energy 

functions for minerals, energy functions for proteins in aqueous solution have been shown 

to, in some cases, predict three-dimensional structure with sub-Ångstrom accuracy (46-51). 

Independent parameters from protein and mineral energy functions may be combined 
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using standard mixing rules to simulate biomineralization processes; however, without 

benchmarking simulation results against experimental measurements of peptide-

biomineral interactions, the validity of these mixing rules remains dubious(52).  

Comparing simulation results with experimental observations of biomineralization 

processes is complicated by uncertainty in the structure of the mineral phase, the relevant 

mineral face, and the mode of interaction between the peptide and the mineral. Despite 

these complications there are several “gold standard” experiments where these 

uncertainties can be minimized. The gold standard experimental observables in the 

literature on peptide-biomineral interactions are broadly composed of three groups: (1) 

structural constraints obtained from solid state NMR (ssNMR)(25), (2) thermodynamic data 

on mineral face-specific adsorption free energies from single molecule force spectroscopy 

(SMFS)(26), and (3) kinetic data on mineral step-specific velocity measurements in the 

presence of peptide additives from in situ atomic force microscopy (in situ AFM)(27). In the 

recent literature, SMFS and in situ AFM studies far outnumber ssNMR studies. As a result, in 

the benchmark set developed here, I focus solely on SMFS and in situ AFM experimental 

observables. The benchmark set includes data on natural and engineered peptide 

interactions with brushite, calcite, calcium oxalate monohydrate, and mica.  

The thermodynamic benchmark data from single molecule force spectroscopy using 

AFM tips functionalized with proteins/peptides(26, 28, 29). In these experiments, the 

single-molecule free energy of adsorption to specific crystalline faces may be determined by 

repeatedly pulling an adsorbed protein/peptide away from a mineral surface and applying 

either Jarzynski’s equality(30) to relate the ensemble averaged work to the free energy 

change or by measuring the mean work across a range of loading rates and extrapolating to 

an infinitely slow loading rate(28).  
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The kinetic benchmark data for proteins/peptides on mineral surfaces came from in 

situ atomic force microscopy(31-34). In these experiments, propagation of atomic steps 

from dislocation hillocks are directly visualized and step speeds are measured in the 

presence and absence of impurities such as peptides or proteins. The benefit of in situ AFM 

is that the kinetic data on step speeds can be directly compared with mechanistic 

predictions, and thus a particular mechanism of interaction between a protein/peptide and 

a surface can be proposed and subsequently compared with computational predictions. 

However, one assumption must be made to directly compare calculated binding energies 

from simulation to inhibitory potential from in situ AFM experiments: stronger binding will 

correspond to stronger inhibitory potential. Stronger binding corresponds to a higher 

density of peptides adsorbed on a step edge which will reduce the average step length 

between peptides and force a smaller radius of curvature for the growing steps, resulting in 

inhibition of crystal growth.  

Two factors enable my goal of developing a standard and diverse benchmark set to 

test computational methods in biomineralization. First, over the last five years there has 

been a steady increase in the amount of both single molecule force spectroscopy AFM data  

and in situ AFM data available in the literature. Second, the speed of the RosettaSurface 

algorithm allows rapid generation of results for the approximately 30 peptide-biomineral 

systems contained in the benchmark set. Previous computational work(28, 40, 106, 107) 

(including modeling studies accompanying the experimental work used in this 

benchmark(33, 108, 109)) has often focused on only one or a handful of peptide-biomineral 

systems at a time. These computational models are often generated specifically for the 

peptide-biomineral system at hand and lack general applicability to an arbitrary 

biomineralization system. Utilizing the speed and modularity of the RosettaSurface 

algorithm, here I rapidly generate computational results across a diverse benchmark set 
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including approximately 30 different combinations of minerals, crystal faces, step edges, 

and peptides. This chapter presents a comparison between RosettaSurface algorithm 

predictions and a benchmark set of four different experimental systems. For each system I 

will summarize the available experimental data and relate them to expected computational 

results. Then I will discuss the calculated binding energies for each peptide-surface pair in 

the system. Finally I will analyze low-energy structures and offer explanations for 

agreement/disagreement with experiemental data.     

Algorithm Overview 

I used the RosettaSurface algorithm(58) to predict binding energies and geometries 

of peptides on mineral surfaces. I modified the standard algorithm specifically for peptide 

structure prediction, as opposed to protein structure prediction, in one key way. Instead of 

using structural fragments obtained from the Protein Data Bank(110) to assemble a peptide 

structure (which bias sampling towards previously observed structures), I implemented 

large conformational changes to the peptide by sampling from a two-body neighbor-

dependent Ramachandran distribution for φ and ψ angles(111). Utilizing this sampling 

strategy, only interactions between neighboring residues bias sampling.  

RosettaSurface carries out conformational sampling in two stages; a solution-state 

stage optimizes the protein’s internal degrees of freedom in implicit solvent, independent of 

the surface, then an adsorbed-state stage optimizes both the protein internal degrees of 

freedom and the rigid body degrees of freedom describing the relative orientation of the 

protein to the surface. For computational efficiency, I held the positions of mineral atoms 

fixed at their equilibrium lattice positions. Model generation is repeated 10,000 times to 

generate a large ensemble of candidate structures, or decoys, for both the solution and 

adsorbed states. A flow chart of the RosettaSurface algorithm is shown in Figure 3.1.  
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Figure 3.1. A flow chart of the RosettaSurface algorithm. (MCM = Monte Carlo plus 
Minimization)

Mineral Models 

I constructed an (010) brushite slab using CrystalMaker version 9.1 and brushite 

unit cell coordinates from Schofield(112). I chose the thickness of the slab (8.2 Å) to exceed 

the maximum interaction distance in the Rosetta energy function, and I chose the lengths 

and widths to be large enough to remove edge effects (80 Å x 80 Å). I generated step edges 

by removing a layer of atoms along the appropriate edge direction, yielding a step height of 

7.6 Å, in agreement with in situ AFM data. Because brushite contains a layer of ordered 

water molecules within the crystal structure, I tested two potential surface terminations. 

My first termination assumed that the ordered water layer will be penetrated by peptide 

adsorbates that remove these waters from the surface slab. My second termination assumed 

that the ordered waters will remain on the surface slab and that adsorbed peptides will 

interact with the mineral via the adsorbed water layer. I adapted atomic parameters for 

brushite from the hydroxyapatite model used by Masica(57).  

I constructed a calcite (104) slab in a similar fashion by taking unit cell coordinates 

from Graf(113), and I used atomic parameters from Raiteri et al.(44). Acute and obtuse step 
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edges were generated by removing a monolayer of ions along the appropriate step-edge 

direction. I generated calcium oxalate monohydrate (COM) (010) and (-101) slabs by using 

unit cell coordinates from Tazzoli and Domeneghetti (114), and I used calcium parameters 

from Raiteri et al. along with default CHARMM 27 parameters for the oxalate group. I 

generated a mica slab from coordinates of Heinz et al. (45), and I used parameters from the 

INTERFACE force field(45).  

It should be noted that in many simulations of ionic surfaces utilizing finite slabs the 

patterning of positive and negative charge within the slab must be considered and the 

existence of a net dipole moment must be avoided. As described by Tasker,(115) if a net 

dipole perpendicular to the surface exists, lattice sums in the electrostatic energy diverge 

and the calculated surface energy is infinite. This is not merely a computational limitation 

but also a requirement in physical systems, only surface terminations that present no net 

dipole will be observed in nature. In physical systems the existence of a net dipole may be 

avoided by a surface reconstruction wherein a subset of charged atoms are removed from 

the top of the crystalline slab and moved to the bottom, thus neutralizing the dipole. The 

structures of the bottom faces of the slabs used in my study are not a concern in my 

calculations for a few reasons. First, I am only accounting for interactions between the 

amino acid and the surface; interactions between mineral atoms are omitted, and the 

mineral atoms are locked in their lattice positions during simulations. Second, I am using a 

slab thickness that exceeds the interaction cutoff (which is smoothed to zero at the 

transition) in the RosettaSurface algorithm, so the structure/termination of the bottom of 

the slab will not affect binding energies. Third, I am not performing a periodic calculation 

(the slab thickness and length/width are large enough to remove edge effects), so the 

problem of slab dipoles stacking infinitely and creating an infinite surface energy does not 

arise (although it would in a sufficiently large periodic crystal). 
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Peptide Models 

I constructed extended peptides from each of the published sequences with ideal 

bond lengths and angles(116). I adjusted the protonation states of both the amino and 

carboxy termini as well as side chains of titratable residues to reflect the experimental pH 

range of 5-6. All main chain φ/ψ torsion angles as well as side chain χ angles were flexible. 

 

Energy Function 

I calculated adsorption energies using the Rosetta Talaris-2013 energy 

function(117), which has been tested in wide contexts. Talaris-2013 includes a linear 

combination of terms for van der Waals energies, hydrogen bonds, electrostatics, and 

solvation via an implicit-solvent Gaussian exclusion model (equation below). I combined 

default Rosetta parameters for peptide atoms with the aforementioned mineral parameters 

for each system using Lorentz-Berthelot mixing rules. The implicit water model enables 

direct interaction of peptides with mineral surfaces without the limitation of water drainage 

timescales, with the trade-off of necessarily omitting water-mediated hydrogen bonding 

and local structuring.  

𝐸total = 𝑊vdW𝐸vdW + 𝑊elec𝐸elec + 𝑊Hbond𝐸Hbond + 𝑊solvation𝐸solvation  

    

Benchmark System 1: Osteopontin and Amelogenin Peptides on 

Brushite Steps 

Recent in situ AFM studies from the Wang group(31, 32) analyzed the impact of 

three different biomineralization peptide sequences on step velocities on the (010) terrace 
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of brushite (figure 1). In these studies, the authors employed phosphorylated and non-

phosphorylated 14-mer peptide sequences extracted from the mineral binding domain of 

osteopontin (referred to as 3popn and npp, respectively) as well as a 13-mer sequence 

extracted from amelogenin’s C-terminal mineral binding domain (referred to as amel) 

(sequences shown in Figure 3.2). There are two primary results from their kinetic data: (1) 

3popn is the only peptide of the three to have a significant inhibitory effect on step 

velocities, (2) the inhibitory effect seen from 3popn is specific to the [-100] step edge 

direction. The kinetic data for 3popn on the [-100] step edge revealed a classical “step-

pinning” mechanism, originally proposed by Cabrera and Vermilyea(118), wherein crystal 

growth is inhibited by adsorption of peptides to a specific step-edge on a growing crystal. 

Based on the kinetic data, I expect two results from our simulations: (1) 3popn should bind 

strongest on the [-100] step edge vs the [10-1] and [101] step edges, (2) on the [-100] step 

edge, 3popn should bind the strongest of the three peptides.  
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Figure 3.2. Brushite hillock structure. In situ AFM surface micrograph of a triangular 
dislocation hillock on a brushite (010) terrace (top left). Molecular model of a step-edge in 
the [-100] direction (right). Amino acid sequences of the three peptides used in the kinetic 
study (bottom). 

 

 

 To calculate the adsorption energy of each peptide on each of the three step edges I 

used the RosettaSurface algorithm (described in Chapter 2). Briefly, I generated a model of 

the bulk crystal using unit cell coordinates from Schofield(112). Using CrystalMaker 

software I removed atoms to expose a (010) surface. I then generated a step-edge by 

removing a layer of atoms along the appropriate edge direction. I created starting 

structures for each system by positioning a fully extended peptide model above the 

appropriately terminated step edge slab. Next I used the RosettaSurface algorithm to search 

for low-energy structures by exploring ~107 conformations using a multi-start Monte Carlo-
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plus-minimization algorithm(41). Lowest energy structures were then selected for 

comparison between peptide-surface systems.   

The calculated adsorption energies (shown in Figure 3.3) show partial agreement 

with the kinetic data. Adsorption energies are shown in “Rosetta Energy Units” (REUs), one 

REU is approximately equivalent to one kcal/mol of energy. 3popn is predicted to bind 

strongest on the [-100] step edge, in agreement with our expectation from the kinetic data. 

However, on the [-100] step edge, the non-phosphorylated peptide, npp, has the strongest 

calculated adsorption energy, in contrast to expectations from the kinetic data.   

 

 

Figure 3.3. Step-specific peptide binding energies on brushite. Calculated adsorption 
energies for each of the three peptides on each of the three brushite step edges composing 
the (010) terrace are shown. Error bars represent one standard deviation. 

A possible explanation for this discrepancy can be seen by inspection of the lowest 

energy structures predicted for both 3popn and npp on the brushite [-100] step edge 

(Figure 3.4). Based on the kinetic data, I expect a strong interaction between the 
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phosphorylated residues of the 3popn peptide and the exposed calcium ions on the [-100] 

step edge. However, the predicted lowest energy structure of 3popn orients the 

phosphorylated residues of the peptide away from the exposed calciums on the step-edge. 

Energetic analysis of the 3popn structure by the RosettaSurface energy function indicates 

that solvation of the hydrophilic phosphorylated residues is favored over direct 

electrostatic interactions with the step. This result suggests that rebalancing the solvation 

and electrostatic components of the energy function may be necessary to improve accuracy. 

Alternatively, adjustment of brushite atom partial charges could also affect the electrostatic 

energy and alter its balance with solvation. 
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Figure 3.4. Calculated lowest energy structures for benchmark system 1. Calculated 
lowest energy structures for 3popn (top, yellow sticks) and npp (bottom, cyan sticks). 
Phosphoryl groups (orange phosphorous atom with three attached red oxygens) on the 
3popn peptide are observed to be oriented away from the step edge instead of interacting 
with the exposed calciums as expected from the kinetic data. 

Benchmark System 2: Calcite Step-Edges Affected by Polyaspartate in a 

Length-Dependent Fashion.  

An in situ AFM study from De Yoreo’s group(119) determined the effect of 

polyaspartate peptides of varying length on step velocities on the rhombohedral (104) 

terrace of calcite. A schematic of the calcite (104) terrace is shown in Figure 3.5. On each 

side of the c-glide plane a pair of “obtuse” and “acute” step edges exist, so named for the 
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angle the carbonate plane makes with the terrace plane (in Figure 3.5 the acute and obtuse 

steps are denoted by ‘-‘ and ‘+’ signs, respectively, at the end of the crystallographic 

direction. 

 

Figure 3.5. Schematic of a rhombohedral calcite (104) hillock. The c-glide plane is 
shown with a dashed line, each side of the glide plane exhibits a pair of acute and obtuse 
step edges denoted by ‘-‘ and ‘+’ signs, respectively. 

There are two primary results from their kinetic data: (1) the inhibitory effect of the 

peptides on both acute and obtuse step velocities increases with increasing length of the 

polyaspartate peptides, (2) at a polyaspartate peptide length of 2, the inhibition switches 

from being specific to the acute step to specific to the obtuse step. Based on these data I 

expect two results from our binding energy calculations: (1) binding energy on both step 

edges should increase with increasing polyaspartate length, (2) binding should be 

stronger on the acute step edge for peptides of length 2 and stronger on the obtuse step 

for peptides of length 3 and higher. 

 The calculated binding energies (shown in Figure 3.6) agree with the 

experimental data. For both the acute and the obtuse step edges, the binding energy 

increases with increasing polyaspartate length, in agreement with experiment. 
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Additionally, at a polyaspartate length of 2 residues there is a switch in the rank order of 

binding energies from favoring the acute step edge to favoring the obtuse step edge, also 

in agreement with the in situ AFM data.  

 

Figure 3.6. Polyaspartate length dependence of step-specific binding energies on 
calcite (104). Binding energies for each length of polyaspartate peptides are shown for 
both the acute and the obtuse step edge on the calcite (104) hillock. Error bars represent 
one standard deviation. 

Inspection of the predicted lowest energy structures (Figure 3.7) for Asp1 (a 

single amino acid) and Asp2 (a dipeptide) reveals a potential mechanistic explanation for 

the switch in step edge specificity. As seen in the top left panel of Figure 3.7, hydrogen 

bonding on the acute step is more favorable than on the obtuse step due to the orientation 

of the carbonate oxygens relative to the acute step edge. For a single amino acid on the 
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acute step edge, a lone hydrogen bond to the surface can be formed while minimally 

desolvating both the peptide and the surface. Due to the orientation of the carbonate 

oxygens on the obtuse edge this geometry is not possible and the amino acid has no 

interactions with the surface, instead allowing full solvation of both the step edge and the 

amino acid. Thus, binding on the acute step edge is more favorable than the obtuse edge 

for a single amino acid. In a dipeptide (and all subsequently longer peptides), the original 

position of one of the C-terminal carboxyl oxygens is replaced by an amine group that is 

electrostatically complementary to carbonates it is aligned with the on the step edge, 

providing a better geometrical match than that found on the acute step edge. 

 

 

Figure 3.7. Calculated lowest energy structures for benchmark system 2. Calculated 
lowest energy structure of a single aspartate (top) acid and an aspartic acid dipeptide on 
both acute and obtuse step edges on the calcite (104) terrace. In the single amino acid case a 
lone hydrogen bond can be formed from the amino group of the amino acid to the carbonate 
ion along the acute step edge (left) while minimally desolvating the amino acid and the step 
edge, thus favoring adsorption on the acute step edge. In the dipeptide case, the addition of 
a backbone amine group allows for a better geometrical match to the obtuse step edge. 
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Benchmark System 3: Calcium Oxalate Monohydrate Growth Inhibition 

by Polyaspartate Enantiomers 

Another in situ AFM study from De Yoreo’s group(108) analyzed the effect of 

polyaspartate enantiomers on growth inhibition of calcium oxalate monohydrate. In this 

study two polyaspartate peptides of length 6 were used, with one composed of amino acid 

subunits with L-chirality (L-Asp6) and the other composed of amino acid subunits with D-

chirality (D-Asp6), making the two polyaspartate polymers non-superimposable mirror 

images of one another. There were two primary results from the kinetic data here: (1) 

inhibition of step velocities is stronger for both L-Asp6 and D-Asp6 on the (-101) vs the 

(010) face, (2) inhibition of step velocities on the (010) face is slightly stronger for D-Asp6 

vs L-Asp6. Based on these data, I expect two results from my simulations: (1) binding of 

both L-Asp6 and D-Asp6 will be stronger on the (-101) face vs the (010) face (since there is 

a mirror plane in the (-101) surface, binding energies of D- and L-Asp6 should be equivalent 

on (-101) but different on (010), and (2) on the (010) face, D-Asp6 should bind slightly 

stronger than L-Asp6.  

The calculated binding energies for both L-Asp6 and D-Asp6 on COM (-101) and 

(010) are shown in Figure 3.8. Partial agreement with experiment is obtained in this 

benchmark system. Binding energies for both L-Asp6 and D-Asp6 are stronger on the (-101) 

face compared to the (010) face, in agreement with experiment. However, on the (010) face, 

the binding energies for L-Asp6 and D-Asp6 are equivalent within standard deviation, in 

contrast to experimental observations that D-Asp6 should be the stronger inhibitor on this 

face.  
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Figure 3.8. Calculated binding energies for both L-Asp6 and D-Asp6 peptides on COM 
(-101) and (010) surfaces. Error bars represent one standard deviation. 

An examination of the predicted lowest energy structures (Figure 3.9) confirms, as 

expected, that L-Asp6 and D-Asp6 bind in nearly mirror image orientations on the (-101) 

surface. Additionally, it is clear that that the reason for stronger peptide binding on the (-

101) face vs the (010) face is due to the exposure of the negatively charged oxalate groups 

on the (010) face, repelling the negatively charged polyaspartate peptides. The reason for 

the discrepancy between simulation and experiment on the (010) face is difficult to discern 

from these structures, as both peptides form relatively weak interactions with the (010) 

face. 
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Figure 3.9. Calculated low enegery structures for both L-Asp6 and D-Asp6 on COM (-
101) and (010) surfaces. A mirror symmetry plane on the COM (-101) face (shown with a 
dashed line) facilitaes mirror image binding of the two enantiomeric peptides. On COM 
(010) the exposure of negatively charged oxalate groups repels the negatively charged 
polyaspartate peptides. 

 

Benchmark System 4: Alanine Scanning Mutants of Phage-Display 

Selected Mica Binding Peptide 

Recent work from the Reches group(109) used single molecule force spectroscopy 

to investigate the interactions of peptides with mica surfaces. In this study, the peptides 

were a series of alanine scan mutations of a peptide selected to bind mica using a phage 

display method. Single molecule force spectroscopy was performed in the kinetic regime, 

where the loading rate of force to remove the peptide from the surface is prohibitively high 

to facilitate a reversible process and calculation of adsorption free energy. However, in this 

regime, calculation of kinetic parameters such as barrier height, barrier position, and 
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surface residence time is possible using an appropriate kinetic model such as Bell-

Evans(120). The experimental observable of interest is surface residence time: I expect to 

see a correlation between calculated binding energies of each peptide on mica and the 

experimentally observed residence time.  

A plot of calculated binding energy vs mica surface residence time for 5 of the 7 

peptides investigated in the study is shown in Figure 3.10. (Two peptides that displayed 

anomalous behavior in the experimental study have been excluded from our benchmark 

comparison.) No significant correlation is observed, indicating disagreement between 

simulation results and SMFS measurements.    

 

Figure 3.10. Scatter plot of calculated binding energy vs MICA surface residence time 
for each of the five peptides. No significant correlation is observed, indicating 
disagreement between computational and experimental results. 
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Examination of the calculated low energy structures for each peptide reveals a 

potential explanation for the observed discrepancy. As shown in an example structure in 

Figure 3.11, all peptides display relatively weak interactions with the mica surface and 

make almost no direct contact with the surface. One potential explanation is that the 

Lennard-Jones well depths and radii prescribed by the INTERFACE force field are 

incompatible with the well depths and radii prescribed by the RosettaSurface energy 

function.  In this case, the standard Lorentz Berthelot mixing rules cannot be applied to 

combine the mineral and protein parameters in this system. 

 

Figure 3.11. An example low energy structure of an alanine mutant peptide adsorbed 
on mica. Minimal direct contacts between the peptide and the mineral are observed. This 
may indicate an incompatibility between the Lennard-Jones well depths and radii used by 
the INTERFACE force field and the RosettaSurface energy function. 
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Discussion and Conclusions 

A summary of each benchmark system, the experimental observables, and the 

comparisons to simulation are shown in Table 3.1. Overall, the RosettaSurface algorithm 

displays moderate accuracy at reproducing experimental results. The RosettaSurface 

algorithm is capable of predicting which mineral face and step edges will bind peptides the 

strongest; however, the algorithm struggles to predict the correct rank order of binding for 

multiple peptides to the same face or step edge. For instance, in the brushite benchmark 

system, the algorithm correctly predicts that the [-100] step edge direction is favored by 

over 10 kcal/mol for all three of the peptides tested. However, in that same system the 

algorithm is unable to correctly predict that the phosphorylated osteopontin peptide will 

bind stronger than the non-phosphorylated variant. This trend could suggest that peptide 

flexibility and conformational entropy, which are neglected in RosettaSurface, play a 

significant role in binding to biominerals. Differences in conformational entropy between 

peptides would affect the rank order binding of peptides on a given face but would be less 

likely to affect which step edge will bind peptides the strongest, which matches the pattern 

of discrepancies observed in the benchmark set. Another trend revealed in the benchmark 

data is the importance of properly balancing implicit solvation and electrostatic 

contributions to the energy function. For instance, in the brushite system, the algorithm 

incorrectly orients the phosphorylated serine residues away from the exposed calciums on 

the brushite step edge, solvating the hydrophilic phosphate groups at the expense of 

favorable electrostatic interactions with the step edge.  

Development of the varied and large-scale benchmark set of peptide-biomineral 

interactions used in this study is a vital step in improving the accuracy of computational 

models in the biomineralization field. With an objective measure of accuracy, meaningful 

comparisons between different sampling and scoring strategies can be discussed within the 
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community. Standard benchmarking datasets are nearly ubiquitous in other computational 

fields. For instance, an objective comparison of antibody structure prediction tools was 

recently made possible by employing a standard benchmark set(121).  

The computational results presented in this chapter represent the largest 

benchmarking study of biomineralization systems to date. Previous computational 

work(28, 40, 106, 107) (including modeling studies accompanying the experimental work 

used in this benchmark(33, 108, 109)) has often focused on only one or a handful of 

peptide-biomineral systems at a time. These computational models are often generated 

specifically for the peptide-biomineral system at hand and may only involve a local 

sampling of candidate structures. In some cases, these models are custom-built to provide a 

plausible mechanistic explanation for observed experimental data. In contrast, the 

RosettaSurface algorithm uses a global sampling strategy that requires no user input aside 

from the peptide sequence and the crystallographic face or step edge to dock with. Speed is 

another major advantage of the RosettaSurface algorithm and is the main reason it was 

possible to generate computational results for such a large benchmark system. A weakness 

of explicit solvent models in biomineralization systems is that the timescale of the 

simulation must exceed the timescale for water drainage away from the relevant mineral 

surface. As discussed in work from Gale’s group(122), water residence times near calcite 

step edges are on the order of tens of nanoseconds, a potentially prohibitively long 

timescale for current molecular dynamics methods. Without computational results from 

molecular dynamics on the benchmark set discussed here a detailed comparison between 

molecular dynamics and RosettaSurface is not possible. However, based on the results from 

RosettaSurface it is clear that peptide binding preferences for particular crystal faces can be 

assessed rapidly and accurately with RosettaSurface.    
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We are at the beginning of using simulation to decipher the mechanisms by which 

peptides control biomineral nucleation and growth. At present, potentially crucial physical 

details must be overlooked in order to perform benchmarking simulations with current 

computing resources. Physical details missing from RosettaSurface include explicit water 

molecules and counter-ions, polarizability of both peptide and mineral atoms, motion of 

surface atoms, and an energetic model for the stability of the mineral surface. Without these 

details, developing models for some biomineralization systems will not be possible. For 

instance, recent work from Rimer’s group indicates that some positively charged proteins 

are capable of enhancing the rate of crystal growth by up to 20%(123). Any model of this 

phenomenon will need to incorporate both how proteins assist in the transport of ions to 

the growing step edge as well as how proteins disrupt the structure of water surrounding a 

step edge. Using quantum chemical calculations on a small molecule system, Rimer’s group 

has also shown that interactions between adsorbates and mineral surfaces can strain 

mineral atoms away from their equilibrium lattice positions and destabilize the mineral 

phase(124), leading to negative growth rates in systems that are supersaturated. An 

accurate energetic model for the stability of the mineral surface would be needed to capture 

this computationally. Work from Gale and Wallace(18) on nucleation suggests that liquid-

liquid separation may be an important step in the development of an amorphous mineral 

phase as a precursor to nucleation. Any model of liquid-liquid separation and amorphous 

phases will require explicit water and mineral ions accounting for all degrees of freedom. 

Computational work from these groups is beginning to demonstrate how these physical 

details can be accounted for. Unfortunately, the cost of including these details in the 

benchmark system described in all of the benchmark systems described in this work is still 

prohibitive. 
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At least in the near future, the path toward deciphering these more complex 

biomineralization mechanisms will be to coarse-grain and exclude some level of physical 

detail, as done in RosettaSurface. By analyzing the results of more detailed simulations on 

small model systems, coarse-graining parameters for larger systems may be developed. The 

creation of a peptide-biomineral simulation benchmark is a significant step in this endeavor 

because it provides a standard by which to objectively compare the accuracy of a 

computational method at reproducing experimental results at length and time scales 

relevant to biomineral-peptide interactions. With an objective measure of accuracy, the 

validity of excluding particular physical details (such as explicit water or polarizability) may 

be assessed and optimal values for coarse-graining parameters can be determined. 

Additionally, the advantages and disadvantages of particular sampling and scoring methods 

can be discussed within the community, guiding further improvements to existing methods 

and assisting in the development of new methods. 
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Table 3.1. Benchmark summary. 
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 CHAPTER 4 

PARAMETRIC ANALYSIS OF THE ROSETTASURFACE ENERGY FUNCTION USING A 

MODEL PEPTIDE/SELF-ASSEMBLED MONOLAYER SYSTEM 

Overview 

The validity of mixing independent parameters from protein and mineral energy 

functions, as the RosettaSurface energy function does, remains uncertain. As such, one 

possible route to improve the performance of the RosettaSurface algorithm in the 

benchmark study discussed in Chapter 3 is to improve the accuracy of the energy function. 

In this chapter, I present the adsorption of leucine/lysine repeat peptides on methyl- and 

carboxy-terminated self assembled monolayers as a model system to quantitatively 

measure the accuracy of the RosettaSurface energy function. Utilizing this model system, I 

performed a parametric analysis of the RosettaSurface energy function and identified 

several potential improvements. I discovered that a combination of increasing methyl head 

group hydrophobicity and lysine carbon hydrophilicity gave computational predictions in 

closest agreement with experimental results. The findings in this chapter will not only help 

to improve RosettaSurface, but potentially other algorithms utilizing the Rosetta energy 

function.  

Introduction 

The benchmark study discussed in Chapter 3 provides a standard by which to 

objectively assess the accuracy of the RosettaSurface energy function at reproducing 

experimental results at length and time scales relevant to biomineral-peptide interactions. 

However, the benchmark set possesses several traits that make it unsuitable for 
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determining whether or not an incremental change to the energy function improves 

accuracy. First, generating and analyzing results for the entire benchmark set is a 

computationally intensive and time consuming process. Second, the comparison between 

computational results and experimental data is a qualitative one, meaning that benchmark 

accuracy is measured by a binary success or failure. In order to fine-tune the RosettaSurface 

energy function a more quantitative measure of accuracy is desired. In this chapter, I 

present the structures of two amphiphilic leucine/lysine repeat peptides (LK peptides), 

referred to as LK-α and LK-β, adsorbed on hydrophobic and hydrophilic alkane-thiol self 

assembled monolayers as a model system for quantitatively assessing the accuracy of the 

RosettaSurface energy function.  

LK-α and LK-β possess hydrophobic periodicities of 3.5 and 2 residues, respectively. 

As a result, LK-α can partition its hydrophobic leucine residues and hydrophilic lysine 

residues by adopting an alpha helical secondary structure, and LK-β can partition 

hydrophobic and hydrophilic residues by adopting an extended beta sheet secondary 

structure  (Figure 4.1). DeGrado and Lear first investigated the structure of LK peptides at 

the air/water interface in 1985 using circular dichroism (CD) and discovered that each LK 

peptide adopted the anticipated secondary structure in order to present leucines towards 

the hydrophobic air/water interface.(125) Moving from gas/liquid to solid/liquid 

interfaces, Somorjai and coworkers investigated LK peptide adsorption onto hydrophobic 

polystyrene and hydrophilic silica surfaces using atomic force microscopy (AFM), quartz 

crystal microbalance (QCM), and sum frequency generation spectroscopy (SFGS).(126) 

More recently, Castner and coworkers studied the structure of LK peptides adsorbed on a 

variety of material surfaces; including alkane-thiol self assembled monolayers (SAMs) of 

various chemistries.(127-130) In this chapter, I will compare RosettaSurface results with 

experimental structures of LK peptides determined by Castner and coworkers on 
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hydrophobic methyl-terminated SAMs (Figure 4.2) and hydrophilic carboxylic acid-

terminated SAMs (Figure 4.3) using SFGS and near-edge X-ray absorption fine structure 

spectroscopy (NEXAFS). 

 
Figure 4.1. LK peptides partition hydrophobic and hydrophilic residues by adopting 
specific secondary structures. (top) LK-α partition hydrophobic and hydrophilic residues 
by adopting an alpha helical structure. (bottom) LK-β partition hydrophobic and 
hydrophilic residues by adopting a beta sheet structure.  
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Figure 4.2. Hydrophobic methyl-terminated self-assembled monolayer.  
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Figure 4.3. Hydrophilic carboxylic acid-terminated self-assembled monolayer.  

  

The experimental results presented by Castner and coworkers provide information 

on both LK peptide secondary structure and the orientation of the amino acid side chains 

relative to the SAM surface. In the SFG spectra of LK-α on both the methyl-terminated and 

carboxy-terminated SAMs, an amide I signal near 1655 cm-1 is observed. This signal is 

characteristic of intact alpha helical structures and suggests that LK-α adopts an alpha 

helical structure on both the hydrophobic and hydrophilic SAMs. In the SFG spectra of LK-β 

on both the methyl-terminated and carboxy-terminated SAMs, no amide I signal is 

observed, indicating canceling C=O group orientations characteristic of extended beta 

strand structures. On the hydrophobic SAM, for both LK-α and LK-β the phase of the SFG 

resonances indicates that the leucine side chains are oriented towards the hydrophobic 



 

68 
 

SAM surface. On the hydrophilic SAM, for both LK-α and LK-β the phase of the SFG 

resonances indicates that the leucine side chains are oriented away from the hydrophilic 

SAM surface. These experimental observations are ideal for comparing with structure 

prediction calculations. On both hydrophobic and hydrophilic SAMs, an accurate calculation 

would show high alpha helical content for LK-α and low alpha helical content for LK-β. 

Thus, the difference in predicted helicity between LK-α and LK-β, assessed on both 

hydrophobic and hydrophilic SAMs, is a quantitative measure of the calculation’s ability to 

capture structural differences between these peptides. Proper orientation of the leucine 

side chains towards the hydrophobic surface and away from the hydrophilic surface is a 

secondary measure of structural accuracy.  

There have been several previous computational studies that compared to Castner 

and coworker’s data on the LK peptide/SAM system. Using replica-exchange molecular 

dynamics simulations, Latour and coworkers assessed the ability of three commonly used 

protein force fields (CHARM22, AMBER94, and OPLS-AA) to reproduce the structural 

results and found the CHARM22 force field to be most accurate (52). Deighan and 

Pfaendtner used molecular dynamics with two enhanced sampling strategies, 

metadynamics and umbrella sampling, to exhaustively sample LK peptide adsorption using 

the AMBER99SB force field.(131) Additionally, Deighan and Pfaendtner compared the 

performance of three force fields (CHARM22, AMBER99SB, and OPLS-AA) specifically on the 

LK-α/methyl-terminated SAM system. In their study, metadynamics outperformed umbrella 

sampling in exploring a large number of conformational states. In their force field 

comparison, CHARMM22 and AMBER99SB reproduced the experimental results more 

accurately than OPLS-AA.  

In this chapter, I will assess the ability of the RosettaSurface algorithm to reproduce 

the structural data reported by Castner and coworkers on the LK peptide/methyl-
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terminated SAM and LK peptide/carboxy-terminated SAM systems. The results of this 

assessment will provide a quantitative measure of the accuracy of the RosettaSurface 

energy function. After evaluating the accuracy of the default energy function, I will perform 

a parametric analysis using this measure of accuracy as a guide to improve the energy 

function. Finally, I will present a comparison between the results of RosettaSurface and the 

two molecular dynamics studies mentioned previously. This comparison will shed light on 

the validity of the simplifying assumptions utilized in the RosettaSurface algorithm (implicit 

solvation, static surface) and will further ongoing discussions in the field regarding 

sampling and scoring strategies for simulation of peptide adsorption. 

 

Results 

I generated results for the LK peptide/SAM systems using the algorithm described 

in Chapter 3. I constructed extended peptides from the published sequences of LK-α (N-

term-LKKLLKLLKKLLKL-C-term) and LK-β (N-term-LKLKLKLKLKLKLKL-C-term). For ease 

of analysis, I shortened the LK-β sequence used in this chapter at the C-terminus from 15 

amino acids to 14 (removing a leucine), in order to match the length of LK-α. I constructed 

extended peptides with ideal bond lengths and angles(116). All main chain φ/ψ torsion 

angles as well as side chain χ angles were flexible. Professor Robert Latour of Clemson 

University graciously provided structures of the methyl-terminated and carboxy-

terminated alkane-thiol self-assembled monolayers. Unlike the mineral surfaces discussed 

in previous chapters, the SAM surfaces are amorphous and contain no two-dimensional 

symmetry. As a result, no symmetry move (Chapter 2) was used to re-center the protein on 

the slab. Instead, the slab length and width was expanded to 85 x 85 Å, in order to remove 

edge effects. The slab thickness was 13 Å. The ratio of protonated to unprotonated 
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carboxylic acid head groups on the carboxy-terminated SAM was adjusted to reflect the 

experimental pH of 7.4. 104 candidate structures were generated during each simulation 

with the 100 (1%) lowest energy structures retained for analysis.  

 To assess the ability of the RosettaSurface algorithm to reproduce the structural 

data reported by Castner and coworkers I inspected the low energy structures generated by 

RosettaSurface for each of the four LK peptide/SAM systems (Figure 4.4). On both the 

hydrophobic and hydrophilic surfaces LK-α is observed to adopt an alpha helical 

conformation with its leucines oriented towards the hydrophobic surface and away from 

the hydrophilic surface, in agreement with Castner’s experimental data. On the hydrophilic 

surface LK-β is observed to adopt an extended secondary structure with its leucines 

orientated away from the hydrophilic surface, also in agreement with experiment. On the 

hydrophobic surface LK-β adopts an alpha helical secondary structure with some leucines 

oriented away from the surface, in conflict with the experimental observation of an 

extended secondary structure with leucines oriented towards the hydrophobic surface. 

Overall, three of the four LK peptide/SAM systems match the experimental data, with the 

case of LK-β on the hydrophobic SAM being the exception.  

To assess the consensus of the predicted secondary structures in these simulations I 

generated secondary structure distribution plots that show the fraction of helical models 

(out of the 100 lowest energy models) at each residue position for each system (Figure 4.5). 

These distributions show strong consensus towards alpha helical secondary structure for 

LK-α peptides on both the hydrophobic and hydrophilic surfaces, in agreement with 

experiment. For LK-β peptides on both the hydrophilic and hydrophobic surfaces, these 

distributions also show strong consensus toward alpha helical secondary structure, in 

conflict with the extended secondary structure observed in experiments. In the case of LK-β 

on both hydrophobic and hydrophilic surfaces, these distributions also indicate that the 
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single lowest energy structures (Figure 4.4) are not representative of the ensemble of the 

100 lowest energy structures. 

To assess the agreement between leucine side chain orientations predicted by 

RosettaSurface and experimental observations I generated distributions of surface 

separation distances for leucine and lysine residues on each SAM surface (Figure 4.6). For 

both LK peptides on the hydrophilic SAM surface, leucines are found farther from the 

surface than lysines, in agreement with experiment. For LK-α on the hydrophobic SAM 

surface, leucines are found closer to the surface than lysines, in agreement with 

experimental observations. For LK-β on the hydrophobic SAM, leucines and lysines are both 

present near the surface. In this system, lysines are distributed fairly evenly between small 

and large separations. A large fraction of leucines is present near the surface, in agreement 

with experiment; however, there is also a significant fraction of leucines oriented away from 

the hydrophobic SAM, in contrast with the experimental observation that leucines are 

oriented towards the surface.  
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Figure 4.4. Low energy structures of LK peptides adsorbed on hydrophobic and 
hydrophilic SAMs. (top left) LK- α on hydrophobic SAM. (top right) LK-β on hydrophobic 
SAM. (bottom left) LK- α on hydrophilic SAM. (bottom right) LK-β on hydrophilic SAM. 
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Figure 4.5. Secondary structure distributions for the 100 lowest energy structures. 
(red) alpha helix, (blue) extended. 
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Figure 4.6. Leucine and lysine distributions of distances from the surface. (red) lysine, 

(blue) leucine 

 

 One discrepancy between RosettaSurface structural predictions and the 

experimental observations of Castner and coworkers is that the LK-β peptide on the 

hydrophobic SAM favors helical structures over extended structures. This behavior should 

be controlled by the balance between helix breaking and helix favoring forces. Hydrogen 

bonding and van der Waals forces favor the formation of alpha helices. Meanwhile, the 

unfavorable solvation of hydrophobic leucine residues disfavors any alpha helical 

conformation that orients leucine residues away from the hydrophobic surface. With this 

balance of forces in mind, I hypothesized that altering the weight on the implicit solvation 

energy term in the RosettaSurface energy function might drive down the helical content of 

LK-β peptides on hydrophobic SAMs.  

 To test this hypothesis I ran a series of simulations for both LK-α and LK-β on the 

hydrophobic SAM surface where the weight of the implicit solvation energy term (FA_SOL) 
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in the linear combination of energy terms (discussed in Chapter 2) was varied across a 

range of values both greater than and less than the default weighting (see Chapter 2 for a 

list of default weights) for the energy term. The weights of all other terms in the energy 

function were held constant at their default values. As seen in Figure 4.7, the alpha helical 

content is indeed decreased at higher implicit solvation energy weights as exposure of the 

polar backbone atoms to solvent becomes more favorable. The helicity of LK-β begins to 

decline at slightly lower weights than LK-α. The hydrophobic periodicity of LK-α allows it to 

maintain a helical structure while still excluding leucines from solution. However, at very 

high weights, favorable solvation of the polar backbone of the peptide outweighs the 

favorable hydrogen bonding and van der Waals interactions maintaining an alpha helical 

conformation, regardless of side chain identity. In order for RosettaSurface structural 

predictions to match experiment, I would expect to see an intermediate weight range where 

LK-α maintains high helicity but LK-β does not. However, although discrimination between 

LK-α and LK-β can be improved slightly by choosing a higher implicit solvation weight, 

there is no weight that predicts the experimental result of LK-α adopting a helical 

conformation and LK-β adopting an extended conformation on the hydrophobic SAM 

surface.  
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Figure 4.7. LK peptide helicity versus implicit solvation energy (FA_SOL) term 
weighting. (red) LK-α, (blue) LK-β. The dashed line indicates the default weight (.75) of the 
FA_SOL term in the RosettaSurface energy function. Each point represents the average 
helicity of the 10 lowest energy structures out of 1000 generated structures. Error bars 
represent one standard deviation.   

To explore the effect of other energy function terms on the helicity of LK-α and LK-β, 

I ran a similar series of simulations varying the energy term weights for each of the major 

terms in the RosettaSurface energy function. These “weight scan” plots are shown in Figure 

4.8. Unsurprisingly, the attractive component of the Lennard-Jones energy favors compact 

alpha helices at high weights and extended structures at low weights (Figure 4.8). With the 

exception of some anomalous behavior at a weight of zero, the repulsive component of the 

Lennard-Jones energy has little impact on helicity at low weights and favors extended 
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structures at high weights (Figure 4.8). The electrostatic energy, calculated using a 

Coulombic model with a distance dependent dielectric (referenced in Chapter 2), has little 

impact on predicted helicity. This indicates that the attractive electrostatic interaction 

between polar backbone atoms in an alpha helical conformation is offset by the repulsive 

interaction between positively charged lysine residues that are placed in close proximity to 

one another by the alpha helical conformation. Increasing the weight on the hydrogen 

bonding term favors alpha helical conformations, likely because it strengthens the 

backbone-backbone hydrogen bonds that define an alpha helical structure. (Figure 4.8).  
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Figure 4.8. Weight scan plots for each of the major energy terms in the RosettaSurface 
energy function. In each plot, energy method weight is plotted against LK peptide helicity. 
(red) LK-α, (blue) LK-β. Top left, attractive component of Lennard-Jones term (FA_ATR, 
default weight=0.8). Top right, repulsive component of Lennard-Jones term(FA_REP, default 
weight=0.44). Bottom left, electrostatic energy term (FA_ELEC, default weight=0.7). Bottom 
right, short-range backbone-backbone hydrogen bonding (HBOND_SR_BB, default 
weight=0.1.17), short-range backbone-backbone hydrogen bonds are the only type of 
hydrogen bonding present in alpha helices. The vertical dashed lines indicate the default 
weight of each term in the RosettaSurface energy function. Each point represents the 
average helicity of the 10 lowest energy structures out of 1000 generated structures. Error 
bars represent one standard deviation.  
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Relatively large error bars seen At intermediate weight ranges for both FA_SOL and 

FA_ATR, there are relatively large error bars that result from of averaging structures that 

are fully helical with structures that are fully extended. That is, RosettaSurface is finding 

both helical and extended structures with similar low energies. In order to investigate the 

lack of discrimination between LK-α and LK-β on the hydrophobic surface, I visually 

inspected low energy structures for LK-β and observed that in many structures lysine 

residues lie flat against the hydrophobic surface. Lysine is a hydrophilic residue with a 

charged primary amine and should prefer to be solvated; however, in these structures 

lysine appeared to be making higher quality contacts with the hydrophobic surface than 

leucine. This observation was corroborated by single amino acid docking studies (not 

shown) that predicted lysine to have a higher affinity for the hydrophobic surface than 

leucine did (by ~1kcal/mol). Analysis of atom-pair energies between the lysine and the 

hydrophobic surface revealed that by angling the polar nitrogen at the end of the lysine side 

chain away from the hydrophobic surface it was considered fully solvated and not penalized 

for being in proximity to the surface. An example of this type of lysine structure is shown in 

Figure 4.9. 
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Figure 4.9. A low energy structure of LK-β on a hydrophobic SAM with multiple lysine 
side chains laying flat against the surface.  

 The prevalence of this adsorbed lysine conformation suggested a 

shortcoming in the parameters used by the EEF1 implicit solvation model(132) in 

RosettaSurface. In an effort to correctly penalize lysine for interacting with the hydrophobic 

SAM I increased the hydrophobicity of the surface by altering the “LK_DGFREE” parameter 

for the carbon atoms composing the alkane-thiol methyl head groups. Rosetta’s solvation 

model, EEF1, is a Gaussian shaped solvent exclusion model that approximates solvation free 

energy by evaluating the degree that solvent is excluded from surrounding a particular 

atom. The LK_DGFREE parameter controls the magnitude of the energetic penalty/reward 

applied when an atom is excluded from solvent. The results of a series of simulations 

assessing the impact of methyl head group LK_DGFREE on helicity are shown in Figure 4.10. 



 

81 
 

Increasing surface hydrophobicity decreases helical content for both peptides. As surface 

hydrophobicity increases, unfolding of the peptide on the surface becomes favored in order 

to maximize solvent exclusion from the SAM surface. LK-α is predicted to have higher 

helical content than LK-β and the amount of discrimination between both peptides appears 

to improve as the methyl head group LK_DGFREE is increased. Despite a slight 

improvement in discrimination, lysine residues were still observed to lie flat on the 

hydrophobic SAM surface. Inspection of the LK_DGFREE parameters for the atoms 

composing lysine provided a potential explanation for the persistence of this behavior. 

While the terminal polar nitrogen is considered hydrophilic (negative LK_DGFREE), all of 

the side chain carbons that make up the lysine tail are considered hydrophobic (positive 

LK_DGFREE). With this in mind, I tested a hypothesis that increasing the hydrophilicity of 

the lysine side chain carbons while simultaneously increasing the hydrophobicity of the 

surface would force lysine away from the hydrophobic surface and correct the anomalous 

behavior. With new LK_DGFREE parameters for the delta and epsilon carbons of lysine 

(Table 4.1) I repeated the series of simulations varying the LK_DGFREE parameter for the 

methyl head group. As seen in Figure 4.11, maximum discrimination between LK-α and LK-

β is seen at a methyl head group LK_DGFREE of 14. With these parameters LK-α is predicted 

to be ~40% more helical than LK-β. This result is the closest any set of parameters I tried 

has come to agreeing with experiment. The secondary structure distributions on the 

hydrophobic surface for this parameter set (Figure 4.12) show significant improvement 

over the baseline case (Figure 4.5). Additionally, the distance distribution plots (Figure 

4.13) reveal that the population of leucines oriented away from the hydrophobic surface has 

been reduced significantly, bringing RosettaSurface predictions into closer agreement with 

experiment.  
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Figure 4.10. LK peptide helicity versus methyl head group hydrophobicity parameter 
(LK_DGFREE). (red) LK-α, (blue) LK-β. The dashed line indicates the default setting of the 
LK_DGFREE parameter for the methyl head group. Each point represents the average 
helicity of the 50 lowest energy structures out of 5000 generated structures. Error bars 
represent one standard deviation.  
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Figure 4.11. LK peptide helicity versus methyl head group hydrophobicity parameter 
(LK_DGFREE) with increased lysine carbon LK_DGFREE. (red) LK-α, (blue) LK-β. The 
dashed line indicates the default setting of the LK_DGFREE parameter for the methyl head 
group. Lysine delta and epsilon carbon LK_DGFREE parameters were set to -1.25 and -10 
respectively. Each point represents the average helicity of the 10 lowest energy structures 
out of 1000 generated structures. Error bars represent one standard deviation.  
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Lysine side 
chain atom 

LK_DGFREE in original EEF1 model and 
default RosettaSurface energy function 

Optimal LK_DGFREE 
parameter in this study 

Carbon-beta 0.52 0.52 

Carbon-
gamma 

0.52 0.52 

Carbon-delta 0.52 -1.25 

Carbon-
epsilon 

0.52 -10.00 

Primary amine 
nitrogen 

-20.00 -20.00 

Table 4.1. LK_DGFREE parameters for lysine side chain atoms.  

 

Figure 4.12. Secondary structure distributions for LK-α (left) and LK-β (right) on the 
hydrophobic surface using the optimized parameter set.(red) helix, (blue) extended  
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Figure 4.13. Leucine and lysine distributions of distances from the hydrophobic 
surface for LK-α (left) and LK-β (right) using the optimized parameter set.(red) lysine, 

(blue) leucine 

Discussion and Conclusions 

 The LK peptide/SAM system is an excellent test case for fine-tuning the parameters 

of the RosettaSurface energy function. Computational results can be generated quickly and 

compared quantitatively with experimental results on peptide structure from SFGS and 

NEXAFS. For this small system, scoring, not sampling, is the limiting factor in the ability of 

the RosettaSurface algorithm to successfully reproduce experimental results, which 

simplifies the task of fine-tuning energy function parameters. A limitation of the LK 

peptide/SAM system, as it pertains to the primary focus of this dissertation, is that it is not a 

mineral system. Indeed, the relatively large size particle size of most minerals causes light 

scattering that renders many spectroscopic techniques such as SFGS impossible. Despite 

this limitation, the simulations performed in this chapter help to shed light on the 

sensitivity of various terms in the RosettaSurface energy function. Additionally, these 

simulations provide information on which energy terms control the transition from a 

compact folded state (such as an alpha helix) to an extended unfolded state (a single beta 
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strand). As a result, the findings in this chapter will not only help to improve 

RosettaSurface, but potentially other algorithms utilizing the Rosetta energy function.  

 Using the default energy function, RosettaSurface successfully predicts peptide 

secondary structure and side chain orientation in three of the four LK peptide/SAM systems 

considered. Strong hydrogen bonding and electrostatic interactions between lysine residues 

on both LK peptides and the carboxy-terminated hydrophilic surface appear to anchor both 

peptides to the surface. In this case the observed secondary structure is directly controlled 

by the hydrophobic periodicity of each peptide; LK-α anchors its lysines to the surface by 

adopting an alpha helical structure and LK-β anchors its lysines by adopting an extended 

structure. In the problem case, LK-β adsorbs on the hydrophobic SAM with an alpha helical 

secondary structure and a significant number of lysine residues oriented towards the 

hydrophobic surface. In an effort to alleviate this discrepancy with experiment I performed 

a parametric analysis of the RosettaSurface energy function. I calculated average helicities 

for both peptides across a range of weights for each of the major terms in the energy 

function. I observed a strong dependence of helicity on both implicit solvation energy 

weight and attractive Lennard-Jones energy weight. After performing the parametric 

analysis, an inconsistency became obvious. Adsorption of lysine on the hydrophobic SAM is 

favored over leucine due to favorable interactions between the hydrophobic carbons on the 

lysine tail and the hydrophobic methyl head groups on the methyl-terminated SAM. To 

correct this inconsistency I varied LK_DGFREE, a parameter that controls the 

hydrophobicity/hydrophilicty of an atom type for both the methyl head groups and the 

delta and epsilon carbons on lysine. Ultimately, I discovered a combination of increasing 

methyl head group hydrophobicity and lysine carbon hydrophilicity gave computational 

predictions in closest agreement with experimental results. 
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 Although tuning the RosettaSurface energy function improved accuracy 

considerably, the final results are still not perfectly consistent with experiment. The final 

results on the hydrophobic surface show that LK-α is predicted to be ~40% more helical 

than LK-β, with the majority (but not all) of leucines oriented towards the hydrophobic 

surface. While it is uncertain how sensitive the SFGS measurements of Castner and 

coworkers are to structural heterogeneity of adsorbed peptides, the predicted 30% helical 

content for LK-β would likely produce an observable amide I peak. No such peak is 

observed in the experimental spectra, suggesting a discrepancy remains between 

RosettaSurface and experimental measurements in this case. Multiple factors may limit the 

ability of the RosettaSurface energy function to correctly reproduce experimental results in 

this case. The EEF1 implicit solvation model may be insufficient to capture the energetics of 

water at the LK peptide/hydrophobic SAM interface. Polar solvation of residues such as 

lysine is known to have a directional dependence that is lost in the Gaussian solvent 

exclusion model of EEF1.(133) Additionally, lateral interactions between peptides within an 

adsorbed monolayer may be important. The data from Castner and coworkers suggests that 

both LK-α and LK-β form a densely packed monolayer on both methyl-terminated and 

carboxy-terminated SAMs. Hydrogen bonding between adjacently adsorbed LK-β peptides 

would help to stabilize an extended beta strand structure. Meanwhile, lateral van der Waals 

interactions between adjacently adsorbed alpha helices would not significantly alter the 

stability of the alpha helical conformation. Thus, the importance of lateral interactions 

between LK-α and LK-β is one factor that could account for the deviation we see from 

experiment in the case of LK-β on the hydrophobic SAM.   

 The ability of the RosettaSurface algorithm to reproduce experimental results on 

three of the four LK peptide/SAM systems investigated by Castner and Coworkers (Figure 

4.4) is comparable to two other recent computational studies. In the replica-exchange 
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molecular dynamics study conducted by Latour and coworkers(52) the most accurate force 

field tested (CHARM22) successfully reproduced experimental secondary structures and 

leucine side chain orientations in three of the four LK peptide/SAM surface combinations. 

Unlike our work, in their study, the CHARM22 force field failed to produce extended beta 

sheet structures on the hydrophilic carboxy-terminated surface. In the 

metadynamics/umbrella sampling molecular dynamics study performed by Deighan and 

Pfaendtner,(131) the AMBER99SB force field, when utilized with metadynamics, accurately 

reproduced all secondary structures and leucine side chain orientations from Castner and 

coworkers. Although both molecular dynamics studies discussed here utilized enhanced 

sampling strategies (replica exchange in the case of Latour and coworkers, metadynamics in 

the case of Deighan and Pfaendtner) the computational resources needed to generate their 

results far exceeded the resources required by RosettaSurface. Indeed, the parametric 

analysis discussed in this chapter, which involved running ~10 simulations per parameter 

scan, would not have been possible using a more computationally intensive all-atom 

molecular dynamics strategy. The comparable accuracy observed in all three studies 

suggests that the simplifications in RosettaSurface (implicit solvent, static surface) may be 

useful in modeling peptide adsorption to save computational resources.  
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 CHAPTER 5 

MODELING CHIRAL RECOGNITION BETWEEN AMINO ACIDS AND VATERITE 

SURFACES 

This work was performed in collaboration with Professor Marc McKee’s group at McGill 

University. Dr. Wenge Jiang obtained the experimental data presented in this chapter.  

Overview 

Chirality is ubiquitous in biology, including in calcium carbonate biomineralization, 

where it is found in many hardened structures of invertebrate marine and terrestrial 

organisms (e.g. helical gastropod shells). In this chapter, I present an experimental finding 

(obtained by Professor Marc McKee’s group) that complex, chiral hierarchical architectures 

for the calcium carbonate mineral vaterite can be controlled simply by the addition of chiral 

acidic amino acids (Asp and Glu). Chiral toroidal vaterite suprastructures with “right-

handed” (counterclockwise) spiraling morphology were induced by L-enantiomers of Asp 

and Glu, whereas the “left-handed” (clockwise) spiraling morphology was induced by D-

enantiomers, and sequentially switching between amino acid enantiomers caused a switch 

in chirality. I summarize my work studying the adsorption of single amino acids on vaterite 

mineral surfaces in an effort to connect my computational models to the experimental 

observations of chiral hierarchical structures in vaterite crystals. I propose two potential 

mechanisms to explain the induction of chirality in vaterite crystals by amino acids. In one 

mechanism, chiral amino acids bind to an achiral vaterite surface and break symmetry, 

resulting in a chiral monolayer of amino acids that directs vaterite growth in a chiral 
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fashion. In an alternative mechanism, chiral amino acids preferentially nucleate intrinsically 

chiral vaterite. Both mechanisms are supported by structural models and adsorption energy 

calculations and are deemed equally plausible. Exhaustive sampling of amino acid degrees 

of freedom as well as the inclusion of D- amino acids in this chapter was made possible by 

the development of new code to model the adsorption of single amino acids on mineral 

surfaces. The findings in this chapter suggest a molecular mechanism for how 

biomineralization-related enantiomers might exert hierarchical control to form extended 

chiral suprastructures. 

Chiral Acidic Amino Acids Induce Chiral Hierarchical Structure in 

Calcium Carbonate 

Chirality ‒ the fundamental phenomenon of handedness ‒ ranges across nature 

from the atomic arrangement of amino acids to the long, macroscopically helical tooth of the 

narwhal, Monodon monoceros(134). Chirality is ubiquitous in biology, including in calcium 

carbonate biomineralization, and it is found in many hardened structures of invertebrate 

marine and terrestrial organisms, notably helical gastropod shells and now-extinct 

ammonites(135-139). In nonbiological systems, formation of chiral crystals have been 

described, induced by abiotic twist, optical effects and surface stress(140-142). In biology, 

differences in the handedness of biomineralized, chiral architectures of calcium carbonate 

polymorphs are thought to result from the actions of chiral biomolecules(137, 143-148). 

However, to date, knowledge of how chiral molecules might direct nano-sized calcium 

carbonate “building blocks” to form larger chiral hierarchical architectures remains 

unknown. Vaterite, a polymorph of CaCO3, has attracted attention in the biomineralization 

field because it is the mineral phase of the solitary stolidobranch ascidian 

Herdmaniamomus(149), an invertebrate having a hierarchically organized helical skeleton. 
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In addition, vaterite is the mineral phase produced during gastropod helical shell repair and 

in otoliths of marine fishes(150). In the inner ear of humans, otoconia of the vestibular 

apparatus ‒ which function in balance by sensing gravity and linear acceleration ‒ can show 

abnormal, pathologic rounded chiral vaterite structures rather than the appropriate calcitic 

morphology having well-defined crystalline faces as found in healthy individuals(136). A 

remarkable example of change in chirality can be seen in the helical shell of the marine 

foraminifer Globigerina pachyderma, where in the Arctic and Antarctic oceans the 

mineralized CaCO3 shells grow in a right-handed (dextral, counterclockwise) direction, but 

for unknown reasons, in temperate and tropical waters, left-handed (sinistral, clockwise) 

shells predominate(137, 138). 

Biomineralization processes occur within organisms of most phyla and have as a 

hallmark feature the regulation of crystal growth by proteins rich in acidic amino acid 

residues(151). Of particular interest, these acidic amino acids ‒ Asp and Glu ‒ have been 

implicated in biochemical homochirality(152, 153). To determine whether such chiral 

acidic amino acids can transmit chiral information to hierarchical structures of biologically 

influenced minerals (i.e. biominerals), the McKee group investigated the effects of chiral Asp 

and Glu enantiomers on vaterite deposition and growth. 

Hierarchical, chiral suprastructure assembly of vaterite induced by chiral 

acidic amino acids. Scanning electron microscopy (SEM) of calcium carbonate crystals 

grown in supersaturated calcium- and carbonate-containing solution in the absence of 

amino acids revealed predominant characteristic rhombohedral calcite crystals (the most 

thermodynamically stable phase of CaCO3), and occasional vaterite crystals that were 

achiral and had hexagonal symmetry (Figure 5.1). However, calcium carbonate crystals 

grown in the presence of the chiral acidic amino acids Asp and Glu showed that the 

predominant mineral phase was vaterite, which formed complex structures that had chiral 
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features (Figure 5.1 and Figure 5.2). Similar to the work described here, which produced a 

mix of polymorphs (both calcite and vaterite) after adding amino acids (but, where vaterite 

predominated), other studies using different solution conditions have also reported the 

formation of a mix of polymorphs in the presence of amino acids(154).  In the McKee study, 

vaterite formed hierarchically organized, toroid-shaped chiral suprastructures where the 

spirally oriented morphology of assembled mineral platelets ‒ somewhat like the blades of 

a propeller or a pinwheel ‒ depended upon the enantiomeric form of the acidic amino acid 

additive (Figure 5.1 and Figure 5.2).  
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Figure 5.1. Uniformity of representative chiral vaterite toroids grown in the presence 
of chiral acidic amino acid Asp and viewed by SEM. Whereas characteristic 
rhombohedral calcite crystal morphology (a) and hexagonal vaterite morphology (b) both 
form in the absence of amino acids when grown in a supersaturated calcium carbonate 
solution, vaterite predominates when grown in 20 mM L- or D-Asp (c, d), and all the chiral 
toroids in the field of view spiral in the counterclockwise (green arrow, c)  and clockwise 
(yellow arrow, d) directions for L- and D-Asp, respectively, and have uniform and 
reproducible morphology. 
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Figure 5.2. Hierarchically organized, vaterite toroid suprastructures showing chiral 
orientations as induced by chiral acidic amino acids. SEM images of vaterite toroids 
grown in 20 mM L- or D-Asp or in a racemic mixture of Asp (top panels a-c), or in 20 mM L- 
or D-Glu or in a racemic mixture of Glu (bottom panels d-f) (pseudocolored). L-enantiomers 
produce chiral toroids having a counterclockwise (right-handed) spiraling morphology 
(green arrow, a, d), whereas D-enantiomers produce a clockwise (left-handed) spiraling 
morphology (yellow arrow, b, e). For both L- and D-Glu, toroids form with a central core 
region remaining uncovered by platelets and with six peripheral structural subdomains, as 
indicated by the numbered white curved arrows and dashed lines (d, e). Under racemic 
conditions, no chirality effect is observed (c, f). Vaterite platelets are colored green and 
yellow as induced by L- and D-acidic amino acids, respectively, and achiral vaterite 
structure is colored pink. 

In the presence of the D- and L-enantiomers of the acidic amino acids Asp and Glu, 

hierarchical organization of aligned, flat crystal platelets with rounded/curved edges 

formed to produce spiraling toroidal suprastructures ‒ chiral (vaterite) toroids ‒ that were 

mirror images of each other. In the presence of Asp enantiomers, a spiral and aligned array 

of crystal platelets formed as rounded vaterite toroids, where the chiral directions of these 

spirally oriented crystal platelets could be characterized as being either counterclockwise 
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(right-handed) or clockwise (left-handed) according to whether L- or D-Asp was added, 

respectively (Figure 5.2a, b). Mineral growth under racemic (50:50) L- and D-Asp 

conditions resulted in symmetric vaterite with no chiral character (Figure 5.2c). 

When Glu enantiomers were used in a manner similar to Asp enantiomers, the 

spirally arranged and aligned vaterite platelets likewise assembled into spiraling 

suprastructures having a counterclockwise sense for L-Glu and a clockwise sense for D-Glu 

(Figure 5.2d, e). The addition of Glu, however, resulted in toroidal morphology with a 

central core area not showing any platelets, as well as a substructure within the chiral 

vaterite toroids consisting of six spirally oriented platelet domains (Figure 5.2d, e). When a 

racemic Glu mixture was added to the growth solution, no chiral structuring was observed, 

and a symmetric nontoroidal hexagonal form of vaterite was formed (Figure 5.2f).  

Furthermore, the chirality of vaterite toroids does not depend on the pH of supersaturated 

solutions, and this chiral morphology can form in a broad range from slightly acidic pH 6.46 

to basic 12.40 (Figure 5.3). As additional controls, when enantiomers of neutral and basic 

chiral amino acids such as Ala and Lys (respectively) were used, or the simplest achiral 

amino acid Gly was added, the vaterite forms were symmetrically hexagonal, nontoroidal, 

and achiral (Figure 5.4). 
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Figure 5.3. Chiral vaterite toroids induced by chiral acidic amino acids at different pH. 
SEM images of vaterite toroids formed in the presence of D-Asp in different pH solutions (a-
d; pH=6.46 for 10 d, pH=7.00 for 7 d, pH= 9.00 for 3 d and pH=12.40 for 6 h, respectively), 
with all showing the same clockwise spiral growth direction (yellow arrows). 
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Figure 5.4. Symmetric calcium carbonate crystals as grown in neutral, basic and 
achiral amino acids. SEM images showing that characteristic hexagonal vaterite crystals 
also form in the presence of neutral (a) L-alanine (L-Ala) and (b) D-Ala, and basic (c) L-
lysine (L-Lys) and (d) D-Lys for 8 h, and  achiral glycine (Gly) after 1 h (e), 2 h (f), 4 h (g), 12 
h (h) and 24 h (i) of growth. 

Constructional evolution of hierarchically organized vaterite into chiral 

toroids. To understand how such complex vaterite structures develop over time with the 

addition of acidic amino acids, scanning electron microscopy (SEM) and atomic force 
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microscopy (AFM) were used to examine the time-course evolution of the chiral toroids 

(Figure 5.5). An example is illustrated using L-Asp in the growth solution (Figure 5.5a). 

Initially, a round flat disc was formed (Figure 5.5a1) that consisted of CaCO3 nanoparticles 

roughly 20 nm in size as measured by SEM and AFM (Figure 5.5a2). These flat CaCO3 discs 

were amorphous as demonstrated by micro-Raman spectroscopy (Figure 5.6), and they 

showed no chiral features. However, with time, the amorphous CaCO3 transformed into 

crystalline vaterite, and, perhaps most importantly in terms of the early events of induction 

of chirality, some spiraling, short vaterite platelets (white arrows in Figure 5.5a3) emerged 

with a counterclockwise growth direction from the outer-edge region of the initial disc, as 

arising from the effect of the added L-Asp enantiomer. With additional time (Figure 5.5a4, 

Figure 5.5a5), continued formation and growth of spirally oriented vaterite platelets 

occurred predominately at the outer-edge region of the discs. Additional platelets with the 

same growth direction then formed on top of previous platelets to increase the overall 

thickness of the initial flat discs to form larger structures that we refer to here as vaterite 

toroids. Such a growth pattern decreased the dimensions of the achiral central core region 

of the initial disc (Figure 5.5a3-a6). With time, platelets converged on the central core 

region, completely covering the whole initial disc and resulting in thick toroidal 

suprastructures of vaterite having a spiral, counterclockwise morphology. All platelets 

possessed a nanoparticle substructure that was exclusively vaterite, with no amorphous 

phase being detectable in the platelets throughout the whole growth process (Figure 5.5a7, 

5.5a8 and 5.6). Similar to the results obtained using L-Asp, use of D-Asp reproduced all 

formation and growth processes of vaterite to produce spiraling, chiral toroids having an 

opposite, clockwise growth pattern. For the Glu enantiomer effects on vaterite growth, the 

formation of chiral toroids was essentially similar but with minor differences at the 

intermediate and latest stages of growth. This biomineral chirality induced by chiral acidic 
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amino acids causing rounding of vaterite platelet edges contrasted sharply with the 

symmetric hexagonal growth that occurred in the absence of amino acids, where 

hexagonally shaped vaterite platelets formed with development. 

Similar to ultrastructural findings by Hu et al.(155), high-resolution observations by 

AFM, SEM and transmission electron microscopy (TEM) demonstrated a nanoparticle 

substructure in both the symmetric platelets of pure (no additive) hexagonal vaterite, and 

in the spirally oriented curved platelets formed in the presence of Asp and Glu. Both achiral 

symmetric hexagonal vaterite and chiral vaterite toroids were constructed from 

nanoparticle subunits aligned by continuous crystallization of nanoparticles 

(nanohexagonal prisms) at the platelet edge ‒ whether by nucleation, through a growth 

instability, or by attachment of unresolvable clusters (Figure 5.5a8, b8. No evidence was 

found for self-assembly of independent, initially dispersed single vaterite nanoparticles, this 

being confirmed by an absence of pre-existing nanoparticles in the reaction solutions. In the 

absence of chiral acidic amino acids, vaterite platelets had a well-known hexagonal growth 

morphology as exemplified by straight edges and hexagonal angles over various length 

scales, resulting from perfect alignment of nascent vaterite nanoparticles onto existing 

nanoparticles. 

Chiral switching of vaterite toroids is induced by changing the enantiomer of 

the chiral acidic amino acid. Given the demonstration of biomineral chirality induced by 

chiral acidic amino acids, the McKee group next examined whether switching between the 

L- and D- enantiomeric forms of Asp and Glu could switch the respective chirality of the 

toroids. Indeed, abrupt chiral transitions in suprastructure architecture were obtained by 

simply replacing one enantiomer with the other, here shown for Glu. Initially, L-Glu 

imparted a counterclockwise morphology to the vaterite toroid (green arrow, Figure 5.7a). 

Nascent small platelets (black arrows) branched off from existing larger platelets 
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(asterisks) and had a spiral counterclockwise growth direction (long green arrows) that 

was switched to the spiral clockwise growth direction (long yellow arrows) when the initial 

L-Glu-containing solution was replaced by a D-Glu-containing solution (Figure 5.7b-f). As 

part of this switch in orientation, initial spiraling platelets having a counterclockwise 

growth direction disappeared and transitional symmetric platelets were formed (Figure 

5.4b), with subsequent spiral organization of the platelets in exclusively the clockwise 

direction starting at two days after the switch in solutions (yellow arrows, Figure 5.7c-f). 

With the continued addition and growth over time of more spiraling platelets with 

clockwise growth direction, all transitional symmetric platelet surfaces were buried within 

the toroid and the chiral switch completed to end with the six outer-surface structural 

subdomains as seen previously when only one Glu enantiomer was used (Figure 5.2e). As 

observed for D-Glu alone, switching the enantiomeric form of L- to D-Glu caused with time 

the partial closure of the central achiral core region of the toroid (Fig. 7d, e). Additionally, 

the McKee group compared the growth direction of the vaterite platelets on mature vaterite 

toroids formed in pure L-Glu solution with that which occurred after replacing L-Glu with D-

Glu, and they indeed had opposite growth directions (Figure 5.7g, h). High-magnification 

SEM images showed chiral branching growth directions of nascent small vaterite platelets 

(black arrows) arising from larger existing platelets (asterisks) that were counterclockwise 

for pure L-Glu, but changed to the clockwise direction after replacing L-Glu with D-Glu. 

Thus, without any change in temperature, pH, or stirring, the switching of chiral 

enantiomers of acidic amino acids in solution was sufficient to induce in the vaterite a chiral 

switch in the growth pattern of the toroids.  

 

Curved platelets form by misalignment (tilting) between vaterite 

nanohexagons induced by the binding of chiral acidic amino acid. As evidence that the 
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chiral acidic amino acids were extensively incorporated into the oriented platelets similar 

to the incorporation of amino acids in calcite found by Pokroy et al.(155), the McKee group 

observed that the C-H peak of L-Asp seen by micro-Raman spectroscopy deviated by about 

19 cm-1 compared to that of pure L-Asp solid amino acid powder. The amount of L-Asp 

incorporation was established biochemically to be about 1.4% by weight, this value being 

similar to that found in natural biomineralized structures ‒ for example in the mollusk shell 

‒ where the amount of organic matrix is 1-5%(156). This observation was also confirmed 

using the phase function of AFM in the tapping mode, which is extremely sensitive to 

surface inhomogeneity and variations in composition, and which is widely used to examine 

complex biominerals to distinguish between organic matrix and inorganic crystalline 

phases. Here, the McKee group showed (Figure 5.5a9, b9,) such heterogeneous subunit 

variation within the platelets, where inorganic crystalline vaterite nanoparticles (yellow) 

are separated by boundaries marking the position of organic material (red, acidic amino 

acids). Based on these findings, we hypothesize that the presence of enantiomeric amino 

acid at the surface of the nanoparticles causes a change in their alignment ‒ a tilt between 

mother and daughter nanohexagonal prisms ‒ that might generate platelet-edge curvature, 

thus deviating from the otherwise precise co-alignment that occurs in the absence of amino 

acid resulting in straight edges and sharp angles (Figure 5.8a-d). Such a tilt ‒ in this case 

being approximately 4º ‒ was documented between nanoparticles by high-resolution TEM 

where lattice plane visualization allowed angle measurements to be made after toroid 

growth in the presence of chiral amino acid (Figure 5.8i). This slight offset between the 

“mother” nanohexagon 1 and the consequential “daughter” nanohexagon 2 was also 

confirmed by nanobeam electron diffraction in TEM to characterize the relationship 

between two adjacent nanohexagons (Figure 5.8i). 
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Figure 5.5. Growth evolution over 24 hours of vaterite chiral toroids grown in the 
presence of L-Asp or L-Glu. (a, b) SEM and AFM (colored) images of toroid growth for 2 h 
(a1, 2), 3 h (a3), 5 h (a4), 8 h (a5), 12 h (a6) and 24 h (a7, 8) in the presence of L-Asp, and 
for 1.5 h (b1, 2), 2 h (b3), 3 h (b4), 5 h (b5), 10 h (b6) and 24 h (b7, 8) in the presence of L-
Glu. Oriented vaterite platelets (white arrows) emerge within several hours (a3, b3) at the 
outer edge of a flat substrate vaterite disc to begin the formation of a toroid with a 
counterclockwise chirality (green curved arrow), and these and other platelets continue 
spiral growth to encroach upon, and then obscure (in the case of Asp), the centrally located 
achiral vaterite core region. AFM height images (a2 and a8, and b2 and b8, lower panels) 
show that all vaterite elements in the toroids have nanoparticle substructure, and in the 
AFM phase mode (a9, b9) shows inorganic vaterite nanoparticles (yellow) surrounded by 
organic amino acid (red) in the platelets. 
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Figure 5.6. Mineral phase evolution of chiral toroids grown in L-Asp. Micro-Raman 
spectroscopic analysis of early-stage calcium carbonate discs show only a single broad peak 
at about 1085 cm-1 (indicative of amorphous calcium carbonate) for both core (C) and edge 
(E) regions of a single immature initial disc without platelets, as observed by SEM. At the 
intermediate stage, where platelets are clearly present at the edge of the toroids as 
observed by SEM, the calcium carbonate ν1 peak of the spectra from the core region of an 
intermediate single toroid could be deconvoluted into one amorphous broad peak at about 
1085 cm-1 (green peak) and two sharp vaterite peaks at 1074 cm-1 (red peak) and 1089 cm-1 
(blue peak); this data indicates a phase transformation from the amorphous state to 
vaterite. This vaterite contribution in the core region is not high, since the ν4 peaks at 738 
cm-1 and 750 cm-1 are not present. Micro-Raman analysis from the edge region of the 
intermediate toroids, where platelets are abundant, show a calcium carbonate ν1 peak 
composed only of the two sharp vaterite peaks at 1074 cm-1 and 1089 cm-1 without the 
amorphous broad peak; in addition, other vaterite ν4 peaks appear at 738 cm-1 and 750 cm-1, 
and lattice mode peaks at 268 cm-1 and 301 cm-1. These data indicate that the vaterite 
platelets form directly without a precursor amorphous phase. At the mature stage, here 
shown for L-Asp, where platelets are present at the entire surface of the toroid, all calcium 
carbonate peaks of the micro-Raman spectra ‒ from both core and edge regions of a single 

mature toroid ‒ can be assigned exclusively to vaterite, with no amorphous broad peaks 
being present. 
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Figure 5.7. Change in chirality of vaterite toroids induced by switching amino acid 
enantiomer. (a) SEM images of an initial vaterite toroid with counterclockwise spiraling 
(green arrow) induced by L-Glu after 8 hours of growth. Oriented nascent small platelets 
(small black arrows) branch off from existing larger platelets (asterisks) and have a 
counterclockwise growth direction (small green arrows in panel a) that is switched to the 
clockwise growth direction (small yellow arrows) by replacing L-Glu with D-Glu in the 
growth solution (b-f; 2, 3, 4, 5 and 6 days, respectively). As the transition point, mostly 
platelets without oriented growth direction are observed at two days surrounding the 
central region of the toroid (b). (g)  High-magnification SEM images showing the oriented 
branching of nascent small vaterite platelets (black arrows) arising from larger existing 
platelets (asterisks), having counterclockwise growth direction (long green arrow) leading 
to the mature, chiral toroids having the counterclockwise growth direction (short green 
arrow, inset) for pure L-Glu. (h) Conversely, the clockwise growth direction (long yellow 
arrow) causes the mature, chiral toroids to have the clockwise growth direction (short 
yellow arrow, inset) after replacing L-Glu by D-Glu. 



 

105 
 

 

Figure 5.8. Curved-edge vaterite platelets form by misalignment (tilting) between 
vaterite nanohexagons induced by the binding of chiral acidic amino acid.  (a) SEM 
image showing hexagonal vaterite, and (b, c) high-magnification SEM images of the vaterite 
surface showing hexagonal growth at the straight edges of platelets (white dashed lines), 
which match the proposed simplified structure (light grey hexagons) involving 
nanostructured growth. The precise alignment of nanoparticle growth (white arrows in 
panel b, without tilting of nanoparticles caused by binding of chiral amino acids) results in 
similar orientations and thus straight-edge growth, rather than the rounded/curved-edge 
platelet growth seen in the presence of chiral acidic amino acids. (d-g) Low-magnification 
SEM images of chiral toroids, and high-magnification SEM of platelets showing tilting (by 
approximately -4° or +4°), of nanoparticle (nanohexagon) growth induced by selective 
chiral amino acid adsorption. This chirality-inducing effect causes rounded/curved platelet 
edge growth having either a counterclockwise direction for L-Asp (green arrows) or a 
clockwise direction for D-Asp (yellow arrows). (h) High-resolution TEM image showing a 
counterclockwise (long green arrow) growing platelet edge formed in the presence of L-Asp 
with visible nanohexagons and their internal lattice structure. For consequential “daughter” 
hexagon 2, its (100) plane (blue line) is tilted by approximately -4º (in the counterclockwise 
direction, short green arrow) relative to the same plane (purple line) in the “mother” 
hexagon 1. Another adjacent hexagon 3 in the field also shows the -4º tilt (red line). This 
slight offset between the (100) planes of the hexagons is also confirmed by nanobeam 
electron diffraction in TEM (inset) from the white dashed-circle region. 
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Potential mechanisms to explain induction of chirality by amino acids 

Chiral biomineral growth driven by chiral amino acids is attributable to the 

interaction between chiral amino acids and specific mineral planes(152, 157). Using high-

resolution TEM for lattice imaging, and focused-ion beam (FIB) cutting and thinning of the 

toroids followed by TEM and X-ray diffraction (XRD), the hexagonal structure of the vaterite 

nanoparticles in the platelets was clearly identified. Here, the McKee group visualized the 

basal (001) face and hexagonal boundaries, observations in agreement with previous 

reports for hexagonal vaterite(158) (Figure 5.9a). High-resolution AFM phase data obtained 

from the platelets showed that chiral acidic amino acids reside at the boundaries between 

vaterite subunit nanoparticles, implying that chiral acidic amino acids bind to the boundary 

plane, rather than to the (001) face (Figure 5.5a9, b9)  

In order to explore how amino acid binding at the surfaces of vaterite nanoparticles 

could induce the formation of chiral hierarchical structures I used RosettaSurface docking 

simulations to develop computational models of the the atomic level interactions between 

chiral acidic amino acids and vaterite surfaces. In proposing an accurate model for amino 

acid adsorption on vaterite surfaces, the development of an accurate atomic model of 

vaterite is crucial. The structure of vaterite has been a subject of debate in the literature for 

50 years, with no single definitive structure agreed upon(159). With uncertainties in 

vaterite crystal structure in mind I explored two potential mechanisms, each mechanism 

based on a different proposed crystal structure of vaterite, to explain the formation of chiral 

vaterite toroids induced by chiral amino acids. In mechanism “A”, chiral amino acids adsorb 

onto an achiral vaterite surface, producing a chiral monolayer which then directs toroid 

growth in a chiral fashion. In mechanism “B” chiral amino acids preferentially nucleate 

vaterite nanohexagons that are intrinsically chiral (the crystal structure belongs to a chiral 

space group) and each vaterite enantiomer then produces toroids with chiral structure. 
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Mechanism “A”: Chiral amino acids adsorb onto achiral vaterite to produce a 

chiral monolayer. This chiral monolayer may then interact with daughter nanohexagons 

and break the perfectly oriented attachement observed in the absence of amino acids. The 

disruption of this oriented attachment may then propagate from nanohexagon to nano 

hexagon, resulting in the curved-edge platelets observed by the McKee group (Figure 5.11). 

Mechanism “A” requires a vaterite model surface that both agrees with the experimental d-

spacings and is achiral. I sought to construct a model of L- and D-Asp amino acid binding to 

a vaterite surface that would explain the emergence of chiral nanoparticle suprastructures, 

taking into account the dominant lattice d-spacing (0.36 nm) obtained from X-ray 

diffraction (XRD) and high-resolution transmission electron microscopy (TEM). I examined 

several hypotheses for vaterite structures (Table 5.1). I first selected the recent 2009 crystal 

structure of vaterite by Wang and Becker based on quantum chemical calculations(160). 

The (110) surface of this structure matches the experimental d-spacing the McKee group 

observed. Initial docking runs identified regions of local symmetry on the (110) surface 

where chiral amino acids adsorbed in mirror-image orientations. However, calculated 

binding energies for each enantiomer differed considerably; although the enantiomeric 

structures were similar on the solvent-exposed surface, asymmetry outside of the first shell 

of contacts caused significant differences in binding energies. This initial result was 

inconsistent with the experimental data, where both L- and D-Asp affect the crystal habit 

identically but with opposite chirality.  

With this inconsistency in mind, I refined my model to require a mirror or glide 

plane on the vaterite surface so that iso-energetic binding of chiral amino acids would be 

possible. In my refined model, chiral amino acids adsorb to an initially achiral surface and 

produce a chiral organic monolayer that is capable of directing subsequent crystal growth 
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in an ordered fashion to produce chiral suprastructures. In order for the L- and D-

enantiomers to create symmetric chiral suprastructures, the mineral-binding plane must 

have a symmetry element such as a mirror or glide plane. Thus, for the next set of models, I 

explored the 1963 crystal structure presented by Kamhi(161), which is based on powder 

diffraction patterns and has P63/mmc symmetry. The (100) surface of Kamhi’s structure 

matches the experimental d-spacing the McKee group observed and has a mirror plane 

passing through it orthogonally, meaning that chiral amino acid adsorption will necessarily 

break the symmetry. A challenge in Kamhi’s structure is that the carbonate groups have 

partial occupancy, indicating disorder in their arrangement. In this study I considered 

“vertical” and “angled” orientations of the two carbonate groups in the unit cell. The 

“vertical” carbonate orientations give rise to a second mirror plane orthogonal to the first. 

The second mirror plane removes any oriented preference a chiral amino acid may have 

because for every binding site on the surface, an identical binding site exists when the 

structure is rotated by 180°. Thus, the modified Kamhi model with vertical carbonates is 

also inconsistent with our study’s chirality observations. 

With one orthogonal mirror plane, the (100) surface with “angled” carbonate groups 

presents the necessary symmetry. There are several possibilities for the termination of the 

(100) surface. Since the amino acids are negatively charged, and local electrostatic 

complementarity is needed for favorable binding energies, I discarded the possibility of a 

net-negatively charged surface termination. I next explored a net-positively charged surface 

termination and found that it both maintained surface symmetry and strongly adsorbed 

negatively charged acidic amino acids. However, because of the even spacing of calcium ions 

on the net-positively charged surface, rotation of any acidic amino acid by 180° creates 

similar electrostatic contacts between both carboxyl groups and surface calcium atoms. 

Because these energetically favorable contacts can be made regardless of amino acid 
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orientation, adsorption on net-positively charged surfaces cannot explain the different 

chiral morphologies resulting from chiral amino acid adsorption.  

Finally, I investigated net-neutrally terminated surfaces because they often have low 

surface energies and are stable in solution. I explored several net-neutrally terminated 

surfaces by deleting alternating Ca atoms as well as alternating rows of Ca atoms. I found 

that deleting alternating rows of Ca atoms perpendicular to the mirror plane maintained 

symmetry and provided an environment where directionally dependent interactions could 

be made, yielding an orientational preference. Given that the net-neutrally terminated 

modified Kamhi (100) surface is expected to be stable in solution, maintains symmetry, and 

has the potential for orientational preference, I selected this modified Kamhi (100) model as 

the vaterite structure to be used in RosettaSurface docking simulations related to 

mechanism “A”.  

I performed RosettaSurface docking simulations(58) to identify low-energy 

conformations of the amino acid Asp bound to the modified Kamhi vaterite (100) model. On 

the modified Kamhi vaterite (100) plane, enantiomers of chiral Asp recognized and 

discriminated between the “left” and “right” sides of the symmetric (100) site, with 

stereochemical matching occurring via a non-colinear three-point binding mode (Figure 

5.9a). Using Asp as an example, as shown in Figure 5.9a, the two carboxyl groups of Asp 

each occupy an interstitial site between two adjacent calcium atoms of the symmetric (100) 

surface. The bonds between the two carboxyl groups and these four calcium atoms fix the 

orientation of the amino acid on the mineral surface to constrain the binding geometry. In 

the case of L-Asp, a third bond (a hydrogen bond) readily forms between the positive amino 

group and the carbonate of the left side of the symmetric site as a consequence of the 

fortuitously matching configuration. However, no such configurational match is found on 

right side of the symmetric (100) (Figure 5.10). The minimized configuration of L-Asp 
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binding the carbonate group of the left side of the symmetric (100) surface results in a 

calculated binding energy 0.64 kcal/mol higher than that calculated for L-Asp binding to the 

right side (Figure 5.10), thus demonstrating an energetic binding preference of an 

enantiomer to either the left or right side of the symmetric surface. In an ensemble of 

molecules, this energy difference would result in one orientation being approximately three 

times as likely as the other, which could account for the 4° tilt between nanoparticles 

observed in the vaterite suprastructure. Conversely, D-Asp can form the third hydrogen 

bond with the right side of the symmetric (100) plane, resulting in an opposite orientation 

for this D-enantiomer (Figure 5.9a). 

In my modeling studies, in addition to considering how the bulk crystal should be 

terminated, I also considered the possibility of hydrated species existing at the vaterite 

surface as a function of pH, as has been found to be important in other systems(162). The 

Mckee group’s experiments confirm the formation of chiral morphology from pH 6.46 to 

12.40 (Figure 5.3). In solution, across the pH range 6.46 to 12.40, carbonate is present in 

both the HCO3- and CO32- forms based simply on the pKa of carbonic acid. Unfortunately, 

there are no experiments that probe the hydration species present on any vaterite surface. 

On a calcite (104) surface, AFM studies from Stipp(163) suggest the presence of stable 

hydration species CaOH+ and HCO3-. However, AFM studies on calcite from Ohnesorge & 

Binnig(164) and Rachlin et al.(165) suggest that a pristine bulk termination exists. Another 

AFM study from Liang et al. (166) observed a pH-independent AFM image between pH 

range 4-9, suggesting the absence of pH-dependent hydration species. The invariance of the 

McKee group’s observations across a wide range of pH suggests two possibilities. First, a 

pristine termination may persist for the entire pH range. This is the case represented by my 

structure prediction models. As shown in Figure 5.9a, a strong hydrogen bond between the 

amino terminus of Asp and a surface carbonate ion is needed for chiral selectivity. In the 
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second case, at lower pH, the hydrated HCO3
- ion may be important. A pH-dependent change 

in the concentration of hydrated species and restructuring of the surface could be 

complemented by a change in the protonation state of the amino acid. The same hydrogen 

bonding geometry can be achieved whether the proton is attached to the surface carbonate 

or to the amino terminus of Asp. This alternate chemistry was used to confirm the 

plausibility of this structure by simple minimization calculations (not shown). 

 

Mechanism “B”: Chiral amino acids preferentially nucleate intrinsically chiral 

vaterite. A second potential explanation for the observed chiral vaterite suprastructures is 

that chiral amino acids may preferentially nucleate one chiral crystal enantiomer over the 

other. Thus, as an alternative strategy, I investigated a second potential mechanism based 

on a recent vaterite structural model by Demichelis et al.(159)  Demichelis et al. propose 

several pairs of chiral structures for vaterite. I chose to use Demichelis et al.’s lowest energy 

pair of chiral vaterite structures, which belong to the space groups P3221 and P3121. The 

(110) surface of these structures matches our experimentally observed d-spacings. 

Similarly to the modified Kamhi (100) surface, I considered negative, positive, and neutral 

terminations of the Demichelis et al. (110) surfaces. As with the modified Kamhi (100) 

surface, I selected a neutral termination of the Demichelis P3121 (110) surface for docking 

studies.  

Docking of both L- and D-Asp onto the neutrally terminated Demichelis P3121 (110) 

surface revealed that binding of L-Asp onto the P3121 surface is favored by 0.33 kcal/mol 

over D-Asp (which, by symmetry, implies binding of D-Asp onto the P3221 is favored by 0.33 

kcal/mol over L-Asp). The difference in adsorption energy arises from the electrostatic 

complementarity between the P3121 surface and L- and D-Asp (Figure 5.9). Both L- and D-

Asp are anchored to the surface via hydrogen bonding between the amino terminus and the 
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surface carbonates as well as by electrostatic contacts between the carboxyl terminus and 

one surface calcium. With these two functional groups locked in identical positions for both 

L- and D-Asp, the adsorption energy difference is attributable to the interaction of the 

charged side chain with the mineral. In the case of L-Asp, the side chain carboxyl group is 

able to interact favorably with an exposed calcium ion. However, in the case of D-Asp, the 

side chain carboxyl is forced to interact unfavorably with a highly coordinated calcium ion. 
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Figure 5.9. Binding geometry of chiral acidic amino acids on vaterite surfaces. (a) On a 
hypothetical symmetric vaterite surface model, schematics of a fundamental nanohexagonal 
vaterite prism showing exposed symmetric binding sites (the black dashed line in the solid 
rectangle) on the symmetric P63/mmc (100) plane with geometries of L- and D-Asp 
involving their two carboxyl groups and one amino group. (b)  On a hypothetical chiral 
vaterite surface model,  configurations of L-Asp (green) and D-Asp (yellow) on the chiral 
vaterite P3121 (110) surface (one out of a pair of enantiomeric surfaces). The positions of 
the amino and carboxyl termini on both L- and D-Asp are identical; however, because of the 
chirality of the Cα atom, L-Asp is able to position the carboxyl group of its side chain near a 
more-exposed surface calcium atom, as opposed to D-Asp whose carboxyl side chain is 
forced to interact with a more-coordinated calcium atom. Vaterite crystal atoms: Ca, green; 
C, light gray; O, red. (c) Vaterite hexagonal growth configurations showing the relationship 
of consequential “daughter” nanohexagonal prism (H2) to its “mother” nanohexagonal 
prism (H1) [with a (100) plane in the symmetric model critical-edge size of ~10 nm] in the 
absence of amino acid (no tilting, light blue), or in the presence of L- or D-Asp; the 
enantiomers respectively cause an approximately -4º tilt in the counterclockwise direction 
(green), or an approximately +4º tilt in the clockwise direction (yellow). These tilts arise 
from the symmetric chiral adsorption of each respective enantiomer with opposite 
orientations onto the repeating symmetric site of the mother vaterite nanohexagonal prism 
(100) plane. Vaterite crystal atoms: Ca, green; C, gray; O red. 
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Figure 5.10. Rotation of D-Asp onto the L-Asp binding site. Rotating D-Asp (yellow) onto 
the L-Asp (purple) binding site alters the hydrogen bonding geometry and results in an 
orientational preference of .64 kcal/mol.  
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Figure 5.11. Proposed mechanism leading to the formation of vaterite as chiral 
toroids induced by chiral amino acids. Schematic summary of the formation of 
hierarchically organized, chiral toroids based on an approximately -4° or + 4° tilting of 
hexagonal subunits (H1, H2a and H2b) caused by the adsorption of L- or D-enantiomer 
respectively of chiral amino acid whose amplification/replication with further growth 
forms thin, flat, curved-edge platelets that collectively form a chiral toroid. Note, platelets 
formed directly on the substrate disc are tilted rather than being parallel to the disc, by a 
small tilting angle of about 6º between the first-layer platelets and the substrate disc, and 
then between subsequent adjacent platelet layers. 
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Unit Cell 

Coordinates 

Miller 

Indices 
CO3 

Orientation Termination 

Surface 

Symmetry Notes 

Wang and 

Becker 

(2009) 

P63/522  

110  N/A neutral 

local 

mirror 

but not 

global 

no global mirror plane 

Kamhi 

(1963)  

P63/mmc 

110  N/A N/A no mirror 

d-spacing does not agree with our 

experimental observations 

100  

vertical 

positive 

mirror/ 

mirror 

2nd mirror plane negates oriented 

preference 

neutral 

(rows) 

mirror/ 

mirror 

2nd mirror plane negates oriented 

preference 

neutral 

(checkerb

oard) 

mirror/ 

mirror 

2nd mirror plane negates oriented 

preference 

negative 

mirror/ 

mirror 

negative surface unlikely to bind 

negatively charged amino acids 

angled 

positive mirror 

L- and D-enantiomers show no 

orientation preference 

neutral mirror 

L- and D-enantiomers break symmetry 

(model A) 

negative mirror 

negative surface unlikely to bind 

negatively charged amino acids 

Demichelis 

et al. (2013) 

P3121 

110  N/A neutral 

no mirror 

 (chiral 

surface) 

L-Asp adsorption is favored (model B) 

Demichelis 

et al. (2013) 

P3221 

110  N/A neutral 

no mirror  

(chiral 

surface) 

D-Asp adsorption is favored (model B) 

Table 5.1. Candidate vaterite surfaces for docking studies.  

Discussion and Conclusions 

Both “A” and “B” models presented in this chapter provide a potential mechanism 

for the experimentally observed chiral morphologies resulting from vaterite growth in the 

presence of chiral amino acids. Many potential structural models of vaterite have been 

proposed in the literature, and our amino acid adsorption models are limited by the 

conception of the vaterite atomic structure. Model “A” relies on symmetry breaking at the 
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mineral surface. Differing interfacial structures with adsorbed chiral amino acids stabilize 

one nanoparticle tilt direction over the other. In model “B”, symmetry breaking occurs by 

selecting a chiral form of the bulk crystal. Both models match the experimental d-spacings 

that we observed. A potential problem with model “A” is that the stability of the 1963 Kamhi 

vaterite structure has been controversial in the recent literature and does not provide 

specific coordinates for the atoms of the carbonate group. An advantage of the model “A” is 

that the difference in adsorption energies at alternate sites is 0.64 kcal/mol, which is nearly 

double that of the secondary model. However, note that differences in adsorption energy 

even smaller than the .33 kcal/mol observed for model “B” have been shown to be sufficient 

for chiral selectivity of chiral cycloalkanes on chiral Pt surfaces(167), propylene oxide on 

the chiral Cu (643) surface,(168) and 3-methyl-cyclohexanone on the chiral Cu (643) 

surface.(168)  

In summary, this work demonstrates that complex hierarchical and chiral 

architectures of the vaterite polymorph of calcium carbonate can be achieved simply by the 

addition of chiral acidic amino acids. These findings advance our understanding of the 

binding and effects of acidic amino acids known to be highly abundant in biomineralization-

regulating proteins, and they provide insight into nucleation mechanisms for guiding 

biomineral growth and for generating complex chiral hierarchical structures commonly 

seen in biological systems that mineralize. Our observations of interactions between chiral 

amino acids and symmetric surface features of calcium carbonate minerals provide insight 

into one possible mechanism for mineral-mediated prebiotic chiral molecular concentration 

and organization. In addition, these findings point to the importance of nanoscale crystal-

biomolecule interactions that may prove useful in the development of complex 

composite/hybrid functional materials.  
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 CHAPTER 6 

DESIGN OF PEPTIDES TO CONTROL CALCIUM CARBONATE NUCLEATION AND 

GROWTH  

Overview 

With increased confidence in the predictive power of the RosettaSurface algorithm 

from my benchmarking study, I shifted my focus from structure prediction of adsorbed 

peptides to design of peptides intended to control crystal nucleation and growth. Calcium 

carbonate is the best model system to explore control of mineral nucleation and growth 

because of its extensive pliability observed in nature. In previous design work with 

RosettaSurface, peptides were designed to bind a flat mineral surface as a monomer. 

Without taking into account crystal growth and nucleation mechanisms, the ability of these 

original models to predict the effect a particular peptide would have on crystal polymorph, 

morphology, and kinetics was limited. In the work presented in this chapter, I designed 

peptides to bind both flat surfaces and mineral step edges, targeting specific kinetic and 

thermodynamic mechanisms for growth and nucleation. I designed peptides to act as 

growth inhibitors by binding to growing calcite step edges and utilizing a step pinning 

mechanism. Additionally, I designed peptides to promote nucleation of aragonite, a less 

thermodynamically stable polymorph of calcium carbonate, by forming a two dimensional 

symmetric lattice that epitaxially matches the aragonite lattice to nucleate via a surfactant 

mechanism. Although the experimental characterization of these designs is an ongoing 
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project in the Gray Lab, nearly all designs have been observed to alter calcium carbonate 

nucleation or growth in some way.  

 

Introduction 

Discovering nature’s design principles for protein-mineral systems will allow 

engineers to mimic biology and develop revolutionary environmentally friendly, safe and 

cost-efficient approaches to nanoengineering, allowing the deployment of next-generation 

materials. Molecular manufacturing(10) draws on the endlessly variable designs evident in 

the natural world (Figure 1.1) to synthesize novel materials for use in medicine, 

manufacturing, energy, and defense. Some recent advancements in molecular 

manufacturing of complex structures utilize pH, temperature, and ion concentrations to add 

atoms from a solution or vapor phase to a growing solid substrate. These techniques have 

been used to grow nano-stalks, vases and flowers from SiO2 and BaCO3;(11) and diatom 

frustule-like structures from silica and titania.(12) 

The rational design of crystallization modifiers to control the growth and nucleation 

of simple materials is an important first step in realizing the potential of molecular 

manufacturing. In this chapter I will describe the rational design and experimental 

characterization of two classes of peptides designed to control calcium carbonate growth 

and nucleation. The work described in this chapter provides a computational toolset that 

can be applied to more complex materials of scientific and technological interest, such as 

hydroxyapatite, metals, or amorphous materials. The success or failure of these initial 

designs will provide valuable feedback to guide the improvement of this computational tool. 

Additionally, the success or failure of particular design strategies will provide valuable 

insight into what strategies nature might utilize to control the nucleation and growth of 
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minerals using peptides and proteins. The chapter will begin with a summary of classical 

crystal growth and nucleation mechanisms and then describe how additives (such as 

peptides) can potentially exert control over these mechanisms. I then present the 

computational algorithms used to design peptides that exert control over growth and 

nucleation using both the step pinning and surfactant mechanisms. Finally, I present the 

two classes of rationally designed peptides. One class of peptides (referred to as “step edge 

designs”) was designed to act as calcite growth inhibitors by binding to growing calcite step 

edges and utilizing a step pinning mechanism. The other class of peptides (referred to as 

“nucleation designs”) was designed to promote nucleation of aragonite, a 

thermodynamically unstable polymorph of calcium carbonate at ambient conditions, by 

forming a two dimensional symmetric lattice that epitaxially matches the aragonite lattice 

and utilizing a surfactant mechanism for nucleation. The experimental characterization of 

both classes of peptides is also described. To characterize the step edge designs in situ AFM 

was used to measure step velocities in the presence and absence of peptides on calcite 

(104) surfaces. To characterize the aragonite nucleation designs SEM was used to image 

crystal morphology. Crystalline polymorph was determined by comparing the resulting 

morphologies with known structures of both calcite and aragonite.  

Previous work in the biomineralization field demonstrates the ability of peptides to 

bind specifically to particular material surfaces. Phage display studies show that it is 

possible to select peptides that bind to a wide variety of metals and minerals(169-172) and 

even affect nucleation and growth of crystals.(173-178) Such peptides have been used to 

shape Pt and Pd particles,(179) control Pd particle size,(180) or accelerate sequestration of 

CO2.(181) Several computational studies have simulated peptides on solid surfaces to 

interpret functional mechanisms of selected peptides(182-197) and natural peptides,(40, 

72) and one group has trained neural networks to recognize peptides with mineral binding 
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or nucleation function.(198) Although there are now many known examples of peptides 

affecting solid matter formation, library selection techniques do not provide a rational 

explanation for the success or failure of a design. Additionally, these techniques require 

available featured materials to use as templates. There is currently no generalizable rational 

approach for designing biomolecules to control growth and nucleation of any desired 

material.  

Computational methods can design proteins with particular structures and function, 

offering a potentially general approach to controlling crystal growth in a rational 

manner.(199, 200)  Achievements include de novo design of novel domains(43, 201) 

protein-protein interfaces,(202-206) protein-DNA interfaces,(204, 205, 207) enzymes(208-

210), protein loops,(211) vaccines,(212) and metal(213, 214) and small-molecule binding 

sites.(215) Of particular relevance in materials development is the recent construction of 

multimeric protein cages(47, 216-219) and protein lattices.(214, 220) Finally, nanotubes 

have been separated using peptides computationally designed to match the tube radius and 

chirality.(221) Advancement in energy functions and protein sequence and conformational 

sampling algorithms creates a novel opportunity to transform the development of 

therapeutics for biomineralization-related diseases as well as materials synthesis 

techniques through the design of protein-based systems to bind and control solid surfaces. 

Three principal experimental metrics to characterize proteins on solid surfaces are 

adsorption kinetics, equilibrium thermodynamics and the structure of the adsorbed 

protein. Numerous techniques have been used to study protein adsorption kinetics and 

equilibrium isotherms, including surface plasmon resonance spectroscopy,(53, 222) quartz 

crystal microbalance,(192, 223) total internal reflection fluorescence,(224, 225) optical 

waveguide light-mode spectroscopy(226) and ellipsometry.(227, 228) Sub-nanometer 

resolution in situ atomic force microscopy (AFM) has recently been used to explain growth 
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kinetics of crystals(229) and can provide the mechanism of adsorption and growth 

modification. AFM-based dynamic force spectroscopy (DFS) has been used to extrapolate 

the face-specific free energy of adsorption.(28, 230) Of the techniques available to study 

peptide structure at the solid interface,(231, 232) solid-state nuclear magnetic resonance 

spectroscopy gives the highest resolution and allows direct comparison with the intended 

design.(56, 233, 234)    

Prior work accomplished in Gray lab established an algorithm to computationally 

design protein-surface interactions. The protein-surface prediction and design tool is built 

within the Rosetta biomolecular modeling package, which offers many sampling methods 

and a broadly tested scoring function. The algorithm was used to design peptides that 

modify the growth of calcite (Figure 6.1).(99) A 15-mer peptide’s sequence and 

conformation were optimized to bind on one of two mixed-charge terminations of calcite’s 

(001) face. All six of the designed peptides modified calcite growth. Negatively-charged 

peptides modified growth in a sequence-independent manner (i.e. scrambled sequences 

produced similar calcite morphologies). Net-positive mixed charge peptides showed 

sequence-specific effects on calcite growth, indicating that the structure of the peptide 

determined the peptide-surface interaction and the functional effect on the inorganic crystal 

growth.  Further investigation of point mutants showed that the calculated residue-surface 

energetics correlated with experimental effects of residue mutations on crystal 

morphology.(235) Thus, the structural and thermodynamic information from 

RosettaSurface design calculations are useful for shaping the growth of inorganic crystals.  

While the first designs from Gray Lab successfully modified calcite crystals, the 

design models were ignorant of the underlying crystal growth and nucleation mechanisms. 

As such, the ability to predict the specific effect a particular designed peptide would have on 

growth or nucleation was limited. In this chapter, I use kinetic and thermodynamic theories 
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of crystal nucleation and growth to make testable predictions regarding the impact my 

designs will have on calcium carbonate nucleation and growth. 

 

Figure 6.1. Previous design results using RosettaSurface.(a) Structure of designed 

peptide BAP4 on calcite (001) surface. (b) Calcite grown without modifiers, (c) calcite 

grown with BAP4, (d) calcite grown with a scrambled variant of BAP4. From Masica et 

al.(99) 

Crystal Growth and Nucleation Mechanisms 

Thermodynamic theory of crystal nucleation. The primary mechanism by which 

surface adsorbates are thought to influence crystal nucleation is by decreasing the 

interfacial energy between a crystal nucleus and an electrolyte solution.(14) The smaller the 

interfacial energy, the smaller the size of the critical nucleus and the more probable 

nucleation becomes for a given supersaturation. Adsorbates may exert control over 

nucleation by forming bonds with the crystal nucleus that are stronger than the bonds of 
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solvation, thus lowering the interfacial energy. Several experimental studies have 

successfully used organic-mineral interfaces to control the location and orientation of 

nuclei, suggesting that peptides may be capable of utilizing this strategy.(236-238) One 

strategy used in this chapter is the design of two-dimensional symmetric arrays of peptides 

to promote nucleation of the calcium carbonate polymorph aragonite using the 

thermodynamic theory of crystal nucleation.  

Kinetic theory of crystal growth. There are several mechanisms by which surface 

adsorbates are thought to influence crystal growth and morphology after nucleation has 

occurred. Based on the terrace-ledge-kink model of crystal growth,(13) these theoretical 

mechanisms lead to different predictions for the shape and speed of advancing step edges 

that traverse a surface during crystal growth (Figure 6.2).(239) In the surfactant 

mechanism, adsorbates (peptides) lower the surface energy between the solid and the 

liquid. Thermodynamically, crystal growth proceeds to minimize total free energy of the 

system by expanding low-energy stable faces and shrinking high-energy unstable faces. 

Adsorbates can increase or decrease the step velocity, and the velocity remains linear with 

the adsorbate concentration.(240) In the step pinning mechanism, if the average distance 

between impurities (e.g. the peptide or protein) attaching to a step edge is small, the edge 

must advance by curving around the impurities. The Gibbs-Thomson effect dominates and 

slows or stops growth if the curvature of the resulting interface is below the critical radius 

of curvature for that step.(118, 241) In the kink blocking mechanism, if adsorbates bind at 

kink-sites, the rate of incorporation will be reduced, slowing step velocities at all ion 

concentrations.(33) A second strategy used in this chapter is the design of peptides that 

inhibit growth of the calcium carbonate polymorph calcite using the step-pinning 

mechanism. 
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Non-classical mechanisms of crystal nucleation and growth. The designs 

discussed in this chapter target classical nucleation theory and classical step pinning 

mechanisms, based on the terrace-ledge-kink model of crystal growth. This model 

prescribes classical ion-by-ion addition of calcium and carbonate to the growing step edge; 

however, recent studies have shown the existence of a number of non-classical mechanisms 

of nucleation and growth. These non-classical nucleation mechanisms involve aggregation 

and subsequent crystallization of pre-nucleation clusters(15-18) and amorphous 

particles(19-21) in a variety of systems at lower saturations. In lieu of ion-by-ion addition, 

non-classical growth mechanisms involve the addition of amorphous or crystalline particles 

to growing crystals via oriented attachment.(23) For example, the driving force for the 

oriented attachment of non-classical, aggregated, pre-nucleation clusters in mineralized 

tissues is thought to be a reduction in surface energy facilitated by biomolecular matrices, 

given that reduction in surface energy decreases the barrier to nucleation.(242) Because 

biomolecular matrices (e.g. collagen) reduce the surface energy only for specific faces, there 

is a relative inhibition of other, often native, faces and structures.(144) Biomolecular 

matrices can also control polymorph selection, as is observed in bivalves with a bilayer of 

calcite and aragonite,(243, 244) and in corals, where proteins select calcite even in 

seawater magnesium concentrations favoring the formation of aragonite.(245) 
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Figure 6.2. Step pinning and kink blocking mechanisms. Expected step velocity profiles 

with increasing concentrations of peptide impurities at constant supersaturation, σi. In step 

pinning, little effect is expected until a critical peptide concentration creates a dead zone. In 

kink blocking, we expect linearly dropping velocity as the number of available kink sites 

decreases. (adapted from Vekilov(239)) 
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Several recent studies have observed these mechanisms in crystal growth. A 

surfactant effect was observed when aromatic molecules were used to stabilize a Pt (111) 

face to create tetrahedral nanoparticle shapes;(179) this study included quantum 

calculations and Raman spectroscopy measurements to determine the complementarity of 

the aromatic molecules for the Pt face.(246)  Step pinning by proteins has been observed in 

both molecular modeling and AFM experiments on the citrate/COM(34, 229) and 

osteopontin/COM systems, calcite growth(247) and dissolution(248) with organic acids, 

osteopontin/brushite growth,(32) and in antifreeze proteins.(249) A correlation between 

predicted binding energies and step-velocities, as well as enantio-specific effects on crystal 

growth and dissolution suggests a structural recognition between adsorbates and particular 

step-edges. Kink-blocking has been observed in calcite exposed to strontium ions.(250) 

Despite these observations, there are no approaches to target these different mechanisms a 

priori. 

Calcium carbonate is a good model system to explore control of mineral nucleation 

and growth because of its extensive pliability observed in nature. Carbonate and phosphate 

salts of calcium are the most commonly found minerals in organisms.(251) The carbonate 

salts of calcium exist in multiple stable states in nature and are readily synthesizable. The 

calcium carbonate system has been the subject of a multitude of in vitro and in situ studies, 

making it a prime target for computational design studies. Beyond the scope of this 

dissertation, the methods presented here are applicable to other materials of scientific and 

technological interest, such as hydroxyapatite, metals, or amorphous materials (e.g. silica).  
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Peptide Design Algorithm 

An overview of the RosettaSurface design algorithm is shown in Figure 6.3.  

Computational protein design is based on finding a sequence that minimizes a scoring 

function (emulating free energy) for a particular protein conformation or context. For the 

work in this chapter, I am seeking peptide-mineral systems that have a low (favorable) free 

energy of adsorption. The design algorithm is based on the structure prediction algorithms 

described in Chapters 2 and 3. The algorithm begins with a poly-alanine peptide sequence 

and alternates between sampling of the peptide conformation and optimization of the 

peptide sequence to arrive at a global optimum for both structure and sequence given a 

particular mineral surface or step edge. As in the prediction algorithms discussed in 

Chapters 2 and 3, all degrees of freedom associated with the mineral surface remain static. 

In all designs presented in this chapter, the peptide secondary structure begins as alpha 

helical and remains so throughout the design simulation to ensure shape complementarity 

with the mineral step edge (in the case of the step pinning designs) and to prevent steric 

clashes with periodic images (in the case of the symmetric array nucleation designs). The 

sequence is varied by choosing alternate amino-acid side chains from a pretabulated 

rotamer library.(42, 252) This process is repeated independently 105 times, resulting in 105 

adsorbed low-energy models with varying sequences and structures. Calculated energy 

includes a combination of van der Waals, implicit solvation, hydrogen bond, and 

electrostatic terms,(57) and thus it approximates a free energy including solvent entropy 

but not protein entropy. Top-scoring sequences are inspected manually to judge whether 

they are good candidates for experimental testing. 
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Figure 6.3. Overview of the RosettaSurface design algorithm. 

 To design a peptide to target a calcite step edge (Figure 6.4), I constructed calcite 

surfaces with a partial overlaying growth layer. The surface now has only one direction of 

local translational symmetry (as opposed to the flat surface with two translational 

symmetry operations). I constrained the search to one unit cell of the step edge using a one-

dimensional periodic boundary condition. To ensure shape complementarity between the 

peptide and the calcite step edge, the peptide begins in an alpha helical conformation with 

the helical axis oriented roughly parallel to the step edge and remains in this region of 

conformational space throughout the simulation.  

Conformational Sampling 

Sequence Optimization 

-Rigid body motion 

-Backbone torsional perturbations 

-Side-chain packing 

-Energy minimization 

-Side-chain packing (variable amino acid 

identity) 

-Energetic penalties for incorporation of 

charged amino acids (prevent over-

charging of peptide) 



 

131 
 

 

Figure 6.4. Design template for step edge designs. 

To design a peptide to stabilize a particular crystal face I created an array of 

peptides with two-dimensional translational symmetry that matches the symmetry of the 

underlying mineral lattice (Figure 6.5). To do this, I begin with the surface unit cell for the 

desired mineral face, for instance, the (001) face of calcite. I then expand the surface unit 

cell (by an integer number of cells) to create a “master subunit” that approximately matches 

the dimensions of the folded alpha helical peptide. Finally, I expand the “master subunit” 

into a 3x3 grid so that the central subunit is surrounded by periodic images on all sides 

(Figure 6.6). The rationale for this approach is that lateral interactions between peptides 

can cooperatively stabilize the peptide construct and aid in specific recognition of the 

underlying surface symmetry. The eight subunits surrounding the central subunit maintain 

a master/slave relationship with the central subunit such that any conformational changes 

occurring in the central subunit are immediately propagated to the surrounding subunits. 

Additionally, only interactions within the central subunit and between the central subunit 

and its neighbors are considered during energy calculations. Utilizing this strategy the 
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design algorithm simulates an infinite two-dimensional array of peptides bound to a flat 

mineral surface. Again, the peptide conformation is restricted to alpha helical in order to 

prevent steric clashes between adjacent periodic images of the peptide.  

 

Figure 6.5. Design template for a two-dimensional symmetric array.  
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Figure 6.6. Creation of an infinite two-dimensional array of peptides bound to a flat 
calcite (001) surface. 

Step Edge Designs 

I created step edge designs to target the acute and obtuse step edges on calcite 

(104) surfaces (see Chapter 3, Figure 3.2, for a description of calcite (104) hillock 

structure). A structure of the first design to target the obtuse edge on calcite (104), named 

BAPEO (biomineral associated peptide edge-optimized obtuse), is shown in Figure 6.7. The 

sequence of BAPEO is Nterm-SETEEAIAENEEYKNWLNEY-Cterm, giving the peptide a 

formal charge of -6 e per peptide. Seven peptide-surface contacts are made, including five 

electrostatic interactions between glutamic acid residues and exposed calcium ions along 

the step edge. The matching register of the alpha helix and the lattice constant along the 

step edge direction facilitates these interactions. A structure of the second design to target 

the actute step edge on calcite (104), named BAPEA (biomineral associated peptide edge-
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optimized acute) is shown in Figure 6.8. The sequence of BAPEA is Nterm-

SEETETWKLIEIILKLIELY-Cterm, giving the peptide a formal charge of -3 e per peptide. Six 

protein-surface contacts anchor the peptide to the upper and lower terraces as well as the 

exposed step edge. A summary of both step edge designs, their net charge, and their 

intended effects on calcite growth are presented Table 6.1. 

Peptide Sequence Formal charge (e) Intended effect 

BAPEO SETEEAIAENEEYKNWLNEY -6 Inhibit obtuse step 
growth on calcite 
(104) surface 

BAPEA SEETETWKLIEIILKLIELY -3 Inhibit acute step 
growth on calcite 
(104) surface 

Table 6.1. Summary of step edge designs.  
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Figure 6.7. Structural model of BAPEO binding to an obtuse step on a calcite (104) 
hillock. 
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Figure 6.8. Structural model of BAPEO binding to an acute step on a calcite (104) 
hillock. 
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Experimental characterization of step edge designs. My Gray Lab colleague, 

Shourya Sonkar Roy Burman, in collaboration with James DeYoreo’s group at Pacific 

Northwest National Lab has synthesized BAPEO and tested its ability to inhibit growth of 

both obtuse and acute steps on calcite (104) surfaces using in situ AFM (see Appendix A for 

details of the experimental method). His experimental results are shown in Table 6.2. At low 

peptide concentrations, BAPEO shows non-specific inhibition of both the acute and obtuse 

step edges on calcite (104). Interestingly, at high peptide concentrations addition of peptide 

appears to enhance the rate of crystal growth. There are several possible explanations for 

this behavior. First, it is possible that the peptides aggregate on the calcite surface at higher 

concentrations. This aggregation process could potentially disrupt the structure of water 

along the calcite step edges. As shown by Gale,(122) the displacement of structured water 

from calcite step edges is the rate limiting step in the growth of calcite. Another possibility 

is that the peptides assist in the transport of ions to the growing step edge. BAPEO is rich in 

glutamic acid residues capable of binding calcium ions in solution and assisting in their 

transport to a growing step edge.  

 

Table 6.2. Acute and obtuse step velocities on calcite (104) in the presence of 
designed peptide BAPEO. 
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Nucleation Designs 

 I created nucleation designs to form a two-dimensional symmetric array that targets 

the (001) face of the calcium carbonate polymorph aragonite. Although aragonite is less 

thermodynamically stable than calcite at ambient temperature and pressure, it possesses 

superior hardness and is precipitated by mollusks and other bivalves to form their shells. 

Despite the widespread precipitation of aragonite by these organisms, the mechanism by 

which aragonite is selectively favored over the more stable calcite is poorly understood. 

Thus, the rational design of a system capable of precipitating aragonite over calcite is 

considered one of the “holy grails” in the biomineralization field. Aragonite’s (001) face is 

known to be stable and has been nucleated using Langmuir monolayers of anionic 

surfactants.(253, 254) 

 The length, sequence, and net charge of each of the aragonite nucleation designs I 

created are detailed in Table 6.3. A structure of aragonite design 4 is shown in Figure 6.9. 

Designs were selected from candidate low energy structures/sequences and visually 

inspected for (1) good lateral side chain packing interactions between periodic images, (2) 

strong peptide-surface interactions, (3) low net charge, and (4) diversity of sequences 

amongst designs. 

ID Sequence Length Formal  Charge (e) 

1 LEFEAWEEQRKKEAKAQI 18 -1 

2 YEWEAQEKQREKEARAEA 18 -2 

3 YEWEAQEDQRWREAEAEK 18 -5 

4 VVREAEERIQKDAARREEEG 20 -2 

5 VAREAEARRHKDEQRIELEL 20 0 

6 VVREYEARAQKDAARIEWEL 20 -1 

Table 6.3. Summary of aragonite (001) nucleation designs. 
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Figure 6.9. Two-dimensional symmetric array of aragonite design protein 4.  

 Experimental characterization of nucleation designs.  My Gray Lab colleagues, 

Shourya Sonkar Roy Burman and Joseph Lubin have synthesized two of the aragonite 

nucleation designs and have tested the ability of the peptides to preferentially nucleate 

aragonite structures. This was done by immobilizing the peptides on gold-plated mica and 

using the Kitano method to precipitate calcium carbonate from a saturated Ca(HCO3)2 
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solution (see Appendix A for details of the experimental method). They then imaged the 

resulting crystals using scanning electron microscopy (SEM) to characterize the 

morphology and identify crystal polymorphs. A representative SEM image of a crystal 

precipitated in the presence of aragonite design 1 is shown in Figure 6.10. For reference, an 

image of a control calcite crystal, precipitated without peptide additives, is shown in Figure 

6.11. Additionally, an image of a control aragonite crystal, precipitated without peptide 

additives, is shown in Figure 6.12. The first notable observation here is that the resulting 

crystal with aragonite design 1 still appears to have calcite morphology, meaning that the 

design failed to nucleate aragonite as intended. Second, although a calcite rhombohedrum 

similar to the one observed in the control image can still be identified, the addition of 

aragonite design 1 has had several effects on the calcite morphology. Most notably, the 

presence of a potentially amorphous mineral phase is visible at the base of the calcite 

rhombohedrum. Additionally, crystal growth appears to have sheared the underlying gold 

layer away from the mica substrate, leaving discernable gaps. One possible explanation 

would be that the amorphous material at the base of the calcite rhombohedrum is, in fact, 

amorphous calcium carbonate (ACC), an amorphous precursor to calcite nucleation 

discussed in the introduction of this chapter. If this were true, it would suggest that 

aragonite design 1 is capable of stabilizing ACC. A representative SEM image of a crystal 

precipitated in the presence of aragonite design 2 is shown in Figure 6.13. Once again, the 

resulting crystal resembles calcite in morphology, suggesting that aragonite design 2 also 

failed to preferentially nucleate aragonite as intended. Similar to aragonite design 1, some 

potentially amorphous material was observed at the base of the calcite rhombohedrum.  
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Figure 6.10. SEM image of a calcite crystal precipitated in the presence of aragonite 
design 1.  
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Figure 6.11. SEM image of a control calcite crystal. 
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Figure 6.12. SEM image of a control aragonite crystal. 
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Figure 6.13. SEM image of calcite crystal precipitated in the presence of aragonite 
design 2. 

Discussion and Conclusions 

While experimental characterization of both my step edge and nucleation designs 

suggests that the designed peptides interact with the growing mineral in some fashion, 

neither of the experimentally characterized designs had the desired specific effect on 

growth or nucleation. For the designs that have been experimentally characterized, a 

summary of the designed peptides, their intended effect on growth or nucleation, their 

experimental characterization, and their observed effect on growth or nucleation are shown 

in Table 6.4. The BAPEO step edge design does reduce step velocity at low peptide 
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concentrations; however, the design shows no specificity for the obtuse edge over the acute 

edge. Both aragonite designs 1 and 2 fail to preferentially nucleate aragonite over the more 

thermodynamically stable calcite polymorph. However, aragonite design 1 (and to a lesser 

extent aragonite design 2) does alter calcite morphology significantly. Aragonite design 1 

may stabilize the amorphous calcium carbonate phase, although it is impossible to know 

this for certain based on SEM images alone.  

Peptide Charge Intended 
Mechanism 

Experimental  
Characterization 

Observed 
Effect 

BAPEO -6 Step pinning of 
the obtuse step 
edge on calcite 
(104) 

in situ AFM Both obtuse and acute step 
edges slowed at low peptide 
concentrations. Both obtuse 
and acute step edges 
accelerated at high peptide 
concentrations. 

Aragonite 
design 1 

-1 Nucleation of 
the (001) face 
of aragonite 
using a 
surfactant 
mechanism 

SEM imaging of 
crystals 
nucleated off a 
monolayer of 
immobilized 
designed 
peptides 

Rhombohedral calcite crystals 
with a potentially amorphous 
phase extending from their 
base 

Aragonite 
design 2 

-2 Rhombohedral calcite crystals. 
Significantly less amorphous 
phase extending from base. 

Table 6.4. Summary of experimentally characterized designs.  

 
The rational design work presented in this chapter extends previous work 

accomplished in Gray Lab by explicitly accounting for known crystal growth and nucleation 

mechanisms in the design process, allowing for more precise predictions regarding 

experimental characterization to be made. A vital next step in this work, and an area of 

ongoing research in Gray Lab, is to perform additional experimental characterization of 

these designs and to test additional designed sequences. While the first round of 

experiments presented in this chapter assesses the success or failure of each design, these 

experiments alone do not provide sufficient information to suggest specific improvements 
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to the design algorithm. A summary of additional experiments that could be used to further 

characterize my computational designs is shown in Table 6.5. 

Table 6.5. Summary of experimental techniques to characterize designs.   

The development of a feedback loop between experiment and computational design 

will be crucial to improving the existing algorithm. In such a loop, experimental 

characterization of a designed peptide identifies weaknesses in the design algorithm and 

informs later round of computational design. Subsequently, the structural and energetic 

details of the design model help to refine further rounds of experimental characterization.  

Multistate design(255) is one potential algorithmic improvement that would benefit 

greatly from such a feedback loop. In multistate design, a peptide sequence is optimized to 

minimize the adsorption free energy on a particular mineral surface or step edge (as in the 

algorithms presented earlier in this chapter) while simultaneously maximizing the 

adsorption free energy on one or many other surfaces or step edges (known as “negative 

states”). Experimental techniques, such as force spectroscopy, that are capable of 

identifying off-target peptide binding would then improve the design algorithm by 

suggesting surface or step edges to be used as negative states in subsequent rounds of 

multistate design. Indeed, the experimental characterization of the BAPEO peptide 

presented in this chapter suggests that the design algorithm could be improved by including 

the acute step edge as a negative state in subsequent design rounds. ssNMR is an 

Experiment Information Obtained 

Force spectroscopy Binding energy and face specificity of the peptide 

in situ AFM { 
Face specificity of the peptide 

Peptide array formation on crystal face 

Crystal growth kinetics  

Circular dichroism Solution state secondary structure of peptide 

SEM Change in crystal habit 

SAED Crystal lattice 

ssNMR Bound state structure of peptide 
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experimental technique that benefits greatly from structural and energetic information 

provided by computational models. Because of the expense and difficulty of radiolabeling 

specific atoms for ssNMR experiments, any information on which atomic interactions are 

expected to be important is valuable and avoids exhaustive radiolabeling of all possible 

atoms. For instance, energetic analysis of a computational design might suggest that a 

particular glutamic acid residue is crucial for binding to a specific surface. This 

computational prediction informs the experimental characterization and suggests that 

ssNMR characterization should focus on the interaction of glutamic acid with the surface.    

 Multiple factors may contribute to flaws in the initial step edge and nucleation 

designs presented in this chapter. As discussed in earlier chapters, the accuracy of the 

RosettaSurface energy function is a potential limitation in the design strategies discussed in 

this chapter. Additionally, an important assumption in the design strategies employed here 

is that a single low-energy peptide structure will dominate the thermodynamic ensemble 

and that recognition between the peptide and the mineral surface will occur via this low-

energy structure. Although spectroscopic measurements on solid surfaces suggest that 

some biomineralization proteins do adopt well-defined structures in their adsorbed state, 

sequence based analysis methods suggest that many biomineralization proteins are 

intrinsically disordered in solution as a result of their polyelectrolyte nature. To address the 

possibility of intrinsic disorder in our designs giving rise to non-specific binding at 

biomineral interfaces, a multi-state design protocol could be employed to explicitly account 

for alternative conformations. Additionally, the use of hydrogen bond surrogates(256) or D-

amino acids(257) in my synthetic peptides could also address the problem of intrinsic 

disorder by restricting the peptides to favor alpha helical conformations. An alternative 

direction to take my design work would be to target one of the non-classical crystal growth 
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and nucleation mechanisms discussed in the introduction of this chapter; however, this 

would necessitate significant changes to the design algorithm. 
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 CHAPTER 7 

CONCLUSION 

My Contributions 

A deeper mechanistic understanding of biomineralization processes will enable the 

development of new therapeutics for diseases such as kidney stones, gallstones, 

atherosclerosis, and neurodegenerative disorders. Additionally, it will allow engineers to 

mimic biology and develop revolutionary environmentally friendly, safe and cost-efficient 

approaches to nanoengineering, allowing the deployment of next-generation materials. 

Simulation has the potential to accelerate these endeavors significantly; however, 

grounding computational results to experimental data is vital. Experiments should drive 

simulations! There should always be a dialogue between experimentalists and modelers. 

Given the relative lack of structural data available on peptide-biomineral interactions it can 

be tempting to dismiss the need to compare with experiment. Comparisons with other types 

of experimental data will not always be straightforward, but even an indirect connection 

between simulation and experiment is more helpful to the field than abandoning the 

endeavor entirely.  

In my graduate research, I have strived to ground my work in experiment as much 

as possible. The desire to compare computational results with in situ AFM data on step 

velocities motivated the development of an algorithm to predict the structure and energy of 

a peptide adsorbed on a mineral step edge (Aim One). The development of this algorithm 

then enabled the largest benchmark study of biomineralization systems to date (Aim Two). 

The benchmark relies on the assumption that stronger inhibition of step velocities equates 
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with stronger binding. This assumption is not perfect, it is indirect, but it grounds my 

computational results to experimental observations. It is my assertion that similar indirect 

comparisons will need to be used in the future in order to maintain a dialogue between 

experimentalists and modelers. To improve the accuracy of the RosettaSurface algorithm I 

simulated a model experimental system with clear structural data to compare with (Aim 

Three). In developing models for chiral recognition between amino acids and vaterite 

surfaces (Chapter 5) I used experimental observations to refine the vaterite structural 

model used in my simulations. Finally, it is clear that the next step in improving my peptides 

designed to control calcium carbonate growth and nucleation (Chapter 6) is further 

experimental characterization.  

The extension of the RosettaSurface algorithm to account for mineral step edges and 

enable comparison with in situ AFM data and the development of the benchmark set 

described in Chapter 3 are, in my view, my most important contributions to the field of 

biomineralization.  

It should be emphasized that the dialogue between experimentalists and modelers 

goes both ways. When possible, new experiments on biomineralization systems should be 

designed with an eye towards making comparisons with simulations as direct as possible. 

Prior work from Gray Lab has emphasized the need for synergy between ssNMR structural 

determination experiments and structure prediction simulations. I believe that a similar 

synergy needs to be established between in situ AFM/force spectroscopy and simulation.  

The need to connect simulation with experiment is also tied to algorithm 

development. The reason I was able to perform the largest benchmark study of 

biomineralization systems to date is the relative speed of the RosettaSurface algorithm 

compared to other computational methods. Performing the same benchmark calculations 

using all-atom molecular dynamics with explicit solvent would have been prohibitively 
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slow, and performing the calculations using a quantum mechanical method would have 

been outright impossible. In the next section, I’ll discuss the importance of including greater 

levels of physical detail into models; however, it is also important to balance the need for 

physical detail with the ability to access length and time scales comparable to experiment. If 

the inclusion of more detail prevents a meaningful comparison to experiment it becomes a 

meaningless inclusion.  

Future Directions 

Prior work on RosettaSurface in the Gray Lab focused only on protein structure at 

flat mineral surfaces. Without taking into account crystal growth and nucleation 

mechanisms, the ability of these original models to predict the effect a particular peptide 

would have on crystal polymorph, morphology, or kinetics was limited. In this thesis, I have 

presented my work extending the RosettaSurface algorithm to account for mineral step 

edges. This addition has enabled me to make more direct comparisons with experimental 

data on crystal growth kinetics and to link peptide structure at mineral surfaces and step 

edges with classical crystal growth mechanisms. However, in order to model the non-

classical crystal growth processes discussed in the Chapter 1, crystal growth will need to be 

simulated in tandem with biomolecule adsorption. Therefore, the next logical step in 

improving RosettaSurface would be to account for crystal growth kinetics explicitly in the 

algorithm. In the current version of RosettaSurface, peptides are docked against static 

mineral surfaces and step edges. While the assumption of a static surface is computationally 

efficient it is also unrealistic. In the physical system, addition of ions to a growing crystal 

occurs in concert with peptide adsorption/desorption. The relative step velocities on each 

crystalline facet and in each direction ultimately control the crystal morphology. Without 

explicitly accounting for crystal growth kinetics in the RosettaSurface algorithm we are 
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limited to predicting which peptides will inhibit growth along individual step edges without 

understanding how this inhibition will ultimately shape the crystal morphology. A similar 

limitation is found in the single amino acid modeling studies described in Chapter 5. The 

goal of modeling single amino acids on vaterite surfaces was to propose a potential 

mechanism to explain the induction of hierarchical chiral structures in vaterite crystals by 

amino acids. Although the structural models I developed of single amino acids adsorbed on 

vaterite surfaces are detailed, the mechanism by which the structure of the single amino 

acid (or monolayer of single amino acids) produces hierarchical chiral structures is largely 

speculative. If crystal growth kinetics were directly incorporated into RosettaSurface, it 

would be possible to predict both the structure of an adsorbate on a mineral surface and 

also the resulting change in crystal morphology. A Kinetic Monte Carlo algorithm would 

both complement the existing Monte Carlo structures within the RosettaSurface code and 

have the potential to model crystal growth kinetics explicitly.  

Another future direction for RosettaSurface would be improvements to the energy 

function and inclusion of greater levels of physical detail in the algorithm. In the benchmark 

study presented in Chapter 3, the RosettaSurface algorithm demonstrates modest accuracy 

at predicting experimental trends in crystal growth kinetics. However, as observed in 

benchmark system 5, there is significant room for improvement in some areas. Physical 

details missing from RosettaSurface include explicit water molecules and counter-ions, 

polarizability of both peptide and mineral atoms, motion of surface atoms, and an energetic 

model for the stability of the mineral surface. Without these details, developing models for 

some biomineralization systems will not be possible. For instance, recent work from 

Rimer’s group indicates that some positively charged proteins are capable of enhancing the 

rate of crystal growth by up to 20%(123). Any model of this phenomenon will need to 

incorporate both how proteins assist in the transport of ions to the growing step edge as 



 

153 
 

well as how proteins disrupt the structure of water surrounding a step edge. Using quantum 

chemical calculations on a small molecule system, Rimer’s group has also shown that 

interactions between adsorbates and mineral surfaces can strain mineral atoms away from 

their equilibrium lattice positions and destabilize the mineral phase(124), leading to  

negative growth rates in systems that are supersaturated. An accurate energetic model for 

the stability of the mineral surface would be needed to capture this computationally. Work 

from Gale and Wallace(18) on nucleation suggests that liquid-liquid separation may be an 

important step in the development of an amorphous mineral phase as a precursor to 

nucleation. Any model of liquid-liquid separation and amorphous phases will require 

explicit water and mineral ions accounting for all degrees of freedom. Computational work 

from these groups is beginning to demonstrate how these physical details can be accounted 

for. Although the computational cost of including these additional physical details currently 

prohibits their application to a benchmark set of the scale discussed in Chapter 3, the 

massively parallel architecture of modern scientific computing clusters may offer a solution. 

Additionally, graphics processing units (GPUs) offer massively parallel hardware that is 

available at a smaller scale than a scientific computing cluster. However, to take full 

advantage of the parallel computing power available, new parallelizable algorithms would 

need to be developed and optimized. Unfortunately, developing code that splits a 

calculation into multiple independent tasks is no simple matter and requires technical 

expertise in both the scientific calculation being performed and experience in object 

oriented programming. I believe that in order to incorporate increasingly complex levels of 

physical detail into simulations, we will need to develop new code to take full advantage of 

massively parallel computing clusters and GPUs.        



 

154 
 

 APPENDIX A 

DETAILS OF EXPERIMENTAL CHARACTERIZATION OF DESIGNED PEPTIDES 

Step velocity measurements using in situ atomic force microscopy. Shourya 

used subnanometer-resolution atomic force microscopy (AFM) to observe the changes in 

step shape and growth kinetics of calcium carbonate crystals in the presence and absence of 

designed peptides.  This allowed us to assess the ability of the peptides that bind to the 

crystal to modify the atomic-scale process of solute attachment and thereby control growth 

shape. Shourya obtained seeds having clean (104) faces from commercially available 

Iceland spar. He secured the seed calcite crystals inside an enclosed fluid cell and exposed 

them to a peptide-laden supersaturated calcium carbonate solution prepared by pumping 

NaHCO3 and CaCl2∙2H2O into a T-junction and through the fluid cell.  The changes in the 

step-orientation between upward and downward finite-speed AFM scans yielded the step 

velocities as a function of Ca2+ concentration (Ca2+:CO32+ = 1).  From these data we can infer 

the degree of inhibition the peptide exerts on crystal growth as well as the mechanism of 

peptide modification of calcite growth.   

Aragonite design nucleation assays. Through measurements of calcite nucleation 

rates on self-assembled monolayers (SAMs) and DFS measurements of SAM-calcite binding 

energies, it has been shown that the interfacial free energy that determines the probability 

of nucleation on a SAM is directly proportional to the binding free energy.(242) Because this 

probability scales exponentially with the cube of the interfacial energy, the sensitivity of 

nucleation probability to binding free energy is enormous.(258) As a consequence, 

nucleation is enhanced on the SAMs, and crystals nucleate on the single face (e.g., (012) for 

mercaptohexanoic acid)(236, 258, 259) that marks the plane of lowest interfacial 

energy(260) and hence the plane of maximum binding free energy.  To exploit this 
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relationship, the designed peptides were immobilized onto gold films deposited on mica 

substrates (from Agilent Inc.) using the same bifunctional linker chemistry described in 

references above.  These substrates were placed in a container of CaCl2 solution within a 

sealed vessel containing ammonium carbonate to produce calcite via the carbonate 

diffusion method.  If the peptides have an affinity for the (001) face of aragonite over all 

other potential faces, the plane of aragonite nucleation should be the (001).  This was 

discerned through SEM imaging of the resulting film of crystals.(236, 261)   
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