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Abstract

Simulating Protein Adsorption
for Experimental Comparison

Michael Deighan

Chair of the Supervisory Committee:
Assistant Professor Jim Pfaendtner

Department of Chemical Engineering

Many biological processes and technological applications involve proteins coming into contact with a solid

surface. Generally, we know that proteins experience some degree of conformational change at the solid/liquid

interface, and can measure these changes in the lab. However, while many experimental techniques exist for

characterizing surface-bound proteins, none have been able to resolve high-precision structures. Computer

simulation offers a unique route to determining how proteins adsorb. Herein, we apply a popular statistical

sampling technique – Parallel Tempering Metadynamics – to all-atom molecular dynamics simulations of ex-

plicitly solvated proteins interacting with solid surfaces. We show that by biasing specific degrees of freedom

– or collective variables – a protein can be influenced to exhaustively explore conformational space both on

and off a surface. The results from these simulations can be post-processed to reveal details such as: surface-

bound conformations, orientations, and finer structural details like interatomic distances and Ramachandran

angles – which, in turn, can be compared to, and validated by, experimental measurements. Ultimately, this

work should convey the descriptive power that can arise from a mutually beneficial partnership between

surface science and computer simulation in the context of biomolecular adsorption.
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Introduction

The idea of a boundary is an invention of human intuition that allows us to rationally evaluate physical

systems. For example, we use the concept of a boundary to set limits for differential equations, define the

confines of an apparatus, and segregate different phases and states. Therefore, the natural world on many (if

not all) scales can be imagined as a rich, heterogeneous medium. Phases partitioned by boundaries interact

with both themselves and one another at interfaces, where two or more boundaries meet. Consequently, a

tremendous amount of complexity emerges from a myriad of interfacing schemes that occur among or within

physical systems (e.g., subatomic or atomic interactions, chemical bonds, living organisms, or planetary

sytems). Furthermore, the drive to understand and predict how different physical systems interface has

provided inspiration for some of humanitys greatest discoveries and achievements.

When discussing biological interfaces, proteins dominate the conversation. Proteins (for terseness, but

also biomolecules such as DNA and RNA), in and of themselves, are exemplars of interfacing – the function-

ality of many depends on intrachain interactions and their relationship with the surrounding environment.

In addition to their multifarious biological role, proteins are both utilized and studied by a number of fields

that focus on: filtration, [1] separations, [2] materials development, [3] coatings, [4] and chromatography [5]

to name a few examples. In many of these examples, one can imagine that a protein is in contact not

only with a bulk solvent environment, but also with a secondary phase – in many cases, a solid surface.

To consider the molecular-scale behavior of a protein in solution is a sizeable endeavor, but to attempt to

predict how a protein simultaneously interacts with two distinct phases – essentially, the intersection of three

interfaces (protein/liquid, protein/solid, and liquid/solid) –constitutes a separate area of study altogether.

Conventionally, the structure of a protein can be ascertained either in solution from nuclear magnetic reso-

nance (NMR) spectroscopy, or in the crystal state with X-ray crystallography. No such technique exists for

resolving whole surface-bound proteins, and therein lies the central problem posed at the onset of this work.

Specifically, educing the molecular-scale conformation(s) of a whole protein at a liquid/solid interface is a

task that could not be done five years ago by experimental analysis alone, and still cannot be done today.

As of the time of this writing, the Protein Data Bank (PDB) contains over 100,000 entries –none of which,

1



to our knowledge, are of a protein in an adsorbed state.

Several computational research groups became aware of this deficiency during the first decade of the

21st century. [6–10] With the advent of powerful microprocessors and sophisticated modeling techniques,

molecular simulation was poised to make increasingly impactful contributions in many fields, including

surface science. Early simulations of proteins at surfaces constituted a small protein in proximity to a surface,

and then allowing the system to settle into thermodynamic equilibrium using a molecular mechanics (MM),

Monte Carlo (MC), or molecular dynamics (MD) algorithm. [11–22] Later studies employed computational

techniques such as: the RosettaSurface algorithm, [23] which produces energy-minimized conformations of

surface-bound proteins; Umbrella Sampling, [24] where a peptide is restrained at different distances from

a surface, providing an idea of the potential energy landscape for adsorption; biased replica exchange, [25]

which adds an umbrella sampling-derived potential field to a replica exchange (a.k.a. parallel tempering,

discussed below) to encourage better sampling; and steered molecular dynamics, [26] which “pulls” a protein

from a surface (analogous to atomic force microscopy) in order to identify interesting energetic features of

the protein/surface complex. However, while these early simulations shed light on simple aspects of protein

adsorption (e.g., conformational change, surface affinity of different residues, or binding energy), they lacked

the ability to produce converged statistical samples of adsorption phenomena, which precluded quantitative

comparison with experiment. [27]

Sampling challenges arose in early simulations mostly due to time- and length-scale impediments inherent

to molecular simulation (discussed below). Compounding those two fundamental issues was also the question

of system size. Protein adsorption simulations require a sufficient amount of lateral space for a protein to

undergo conformational change and diffuse across a surface without influencing itself through the periodic

boundary. Similarly, enough overhead space must be provided in the simulation environment for a protein to

be able to diffuse beyond the influence of the surface. There, it may freely orient and serve as a solution phase

comparison to the surface-bound alternative. As a result, all-atom, explicitly solvated protein adsorption

simulations require large simulation environments, which can be extremely expensive to converge.

The work presented in this document begins by addressing these sampling challenges. Specifically, Chap-

ter 1 expands on a large body of work authored by the developers of Metadynamics. Therein, we demonstrate

that the cost of a simulation can be greatly reduced by subtly biasing a system’s potential energy, setting

the stage for large-scale protein adsorption simulations. Chapter 2 takes the proof of concept established

in Chapter 1 and applies it to several simulations containing short LK peptide sequences in the presence of

two self-assembled monolayer surfaces. With this work, we were able to demonstrate the applicability of the

sampling method developed in Chapter 1 to study protein adsorption, provide insight on peptide adsorption

at the molecular level, compare existing force-fields and methodologies, and – most importantly – link our
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results to experimental data, adding to a growing body of literature that justifies the proposed partnership

between experiment and simulation. [27–31] In Chapters 3 and 4 we comprehensively evaluate the salivary

protein statherin in the presence of a hydroxyapatite surface. Statherin was an ideal candidate for study,

owing to the extensive experimental attention it has garnered. Chapter 3 focuses on a truncated statherin

segment – namely, the first 15 N-terminal residues that constitute the protein’s surface-binding domain. In

Chapter 4, the adsorption behavior of the entire 43-residue statherin protein is simulated. In the case of both

SN15 and statherin, we are able to compare simulation results directly to over 20 individual experimental

measurements. Our findings provide insight for both theorists and experimentalists on protein adsorption

phenomena. The overarching theme of this work declares this sophisticated MD strategy as a workhorse that

can untangle fine, molecular-scale details within a complex system. Moreover, its simple implementation

and exclusive use of free software should encourage curious scientists in a range of disciplines to try their

hand at molecular modeling. In the final chapter, the overall significance of this work is discussed, including

directions for future work.

Molecular Simulation Primer

Advances in computational speed over the past few decades have enabled the development of sophisticated

algorithms geared toward elucidating the behavior of microscopic systems. Many different approaches have

arisen from fundamental and empirical principles, and continue to evolve toward becoming more inclusive,

descriptive, and efficient at simulating physical reality. Physics-based computational models in use today

can be categorized according to which time and length scales they approximate most effectively. Quantum

mechanical (QM) and ab initio algorithms account for both electronic and nuclear degrees of freedom (DOFs)

in their calculations, and must be integrated over very short time steps (10−15 seconds) in order to remain

consistent with the First Law of Thermodynamics – as is the case, more or less, for the all molecular

modeling algorithms. Atomistic methods such as MM, MC, and MD forgo calculating electronic DOFs to

gain access to longer time scales and larger length scales (up to microseconds and nanometers). These

methods represent atoms as points in space that interact with one another according to simple potential

energy functions. Greater time and length scales can be simulated with coarse graining (CG) methods that

agglomerate functional groups, monomers, or whole molecules into singular entities. These models can be

used in conjunction with MM, MC, or MD algorithms to explore the physical properties of macromolecular

structures (e.g., collagen bundles or the lipid bilayer). [32, 33] Additionally, the accessible timescale for

atomistic methods can be extended even further (approaching milliseconds) by using non-standard computing

architectures – namely, graphics processing units (GPUs) or the ANTON super computer. [34,35] Ultimately,

3



continuum models (e.g., the Navier-Stokes equation) replace discrete, particle-based models for simulating

systems that contain molar quantities of molecules.

The work presented in this document makes use of MD for simulating proteins, surfaces, and explicit

solvent molecules. MD is a straightforward algorithm that scientists can use with facility to examine many

different physical systems at the molecular scale. Although it consists of, in its basic form, simple iterations of

Newton’s equations of motion, MD aptly addresses the intrinsic nonlinearity of the natural world. In other

words, MD calculations take into account the coupling and interdependence of many degrees of freedom

in a physical system, whose behavior may be nearly impossible to describe analytically. However, serious

limitations become apparent when considering the time and length scales that are accessible to MD, especially

in the context of complex biological processes (e.g., protein folding or conformational change at a surface).

Additionally, computational cost scales proportionally with N·log(N) (N = number of atoms), which impedes

the simulation of systems larger than a few million atoms. [36–39] These limitations underscore one of the

central challenges to simulation research: efficiently obtaining a representative statistical sample of phase

space from a complex molecular model. The following section briefly describes the specific method used for

the work presented in this thesis.

Sampling Technique Primer

As noted above, the time and length scales accessible to MD restrict fast and efficient sampling by conven-

tional means (i.e., brute force calculation). The work presented in the following chapters involves moderately

sized systems (< 100,000 atoms), suitable for MD. However, protein conformational change and adsorption

are complicated processes that can take place over seconds or much much longer – a corresponding simulation

would certainly extend beyond the lifetime of even the most masochistic graduate students. How, then, is

it possible to circumvent an obstacle as fundamental as time? Many researchers have asked themselves a

similar question. In response, several highly effective “enhanced sampling” (ES), or “generalized ensemble”

(GE), methods have been developed over the past few decades. These methods all take advantage of the

statistical mechanical framework underpinning MD. The GEMD methods most pertinent to my research are

briefly described below.

Parallel Tempering Metadynamics

This work makes use of the Parallel Tempering Metadynamics in the Well-Tempered Ensemble (PTMetaD-

WTE) enhanced sampling method. PTMetaD is an amalgam of two highly effective GE methods, described

separately here – the WTE is introduced in Chapter 2. Recall from the previous section that, in MD,
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an atoms electronic degrees of freedom are averaged out. Instead, bonds and non-bonded interactions are

represented by different pairwise potentials, constituting the basis of the MD force field, detailed below and

as a cartoon in Figure 0.1.

Figure 0.1. Cartoon representing the conventional molecular dynamics force field. Bonds (b), bond angles
(θ), and dihedral angles (φ) are all represented by Equations 0.2, 0.3, and 0.4, respectively. Non-bonded
atoms (red and blue), and atoms more than 4 bonds away within the same molecule, “see” each other as soft
spheres. They interact via Van der Waals and electrostatic forces, whose governing equations are Equations
0.5 and 0.6, respectively. Most force fields assign a single, static point charge to each atom (δ), which, in
part, approximates electron density.

U = Ubond + Uangle + Udihedral + UV dW + UCoulomb (0.1)
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1

2
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(
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)2
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Metadynamics (MetaD) augments Equation 0.1, the total potential energy, in a specific way. [40] In practice,

the MetaD bias energy acts on slow DOFs inherent to a system in order to accelerate the sampling of

conformational space. Slow DOFs are represented by user-defined collective variables (CVs), which describe

one or more intuitively slow processes (e.g., breaking/forming of hydrogen bonds, collapse/dispersion of
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hydrophobic residues, or adsorption/desorption with respect to a surface). MetaD bias is periodically added

to a simulation in the form of Gaussian hills, forming a history-dependent energy function that forces a

system into regions of unexplored conformational space, and eventually approximates the underlying free

energy landscape with respect to the chosen CV(s). In Well-Tempered Metadynamics (WTM), each new

bias addition decays with respect to the history-dependent potential, [41] resulting in a smoothly converging

sum as simulation time approaches infinity:

Umeta (s(r), t) =

t′=nτ<t∑
n=1

(
ω · exp

[
−Umeta (s(r), t′)

kB∆T

]
·
NCV∏
i=1

exp

[
− (si(r)− si(r(t′)))

2σ2
i

])
(0.7)

The sum Umeta represents the total bias potential added to Equation 0.1, where each term within the

sum takes the shape of a NCV -dimensional Gaussian hill whose height is scaled by the decaying prefactor

ω · exp

[
−Umeta(s(r),t′)

kB∆T

]
. Please note that the WTM bias does not perfectly compensate the underlying free

energy landscape to yield a flat histogram. Instead, it produces a scaled impression that can be scaled to

reproduce an impression of the free energy landscape. Some analogies exist that explain this concept. For

example: filling an empty swimming pool with grains of sand, or water flooding a valley to a high enough

mark for a boat to freely pass to the next valley. For WTM, imagine a garden in a snowstorm. Let the area

of the garden represent a plane formed by the intersection of two CVs, and its topography (topiary) represent

the underlying free energy landscape. Each snow flake, in this example, is a single packet of Metadynamics

bias energy. We are unable to see the true underlying landscape, but we can estimate what it looks like based

on how snow settles onto it. After enough snow has fallen, the features of the garden become smoothed out,

but an impression of its underlying topography is still evident. The formalism of WTM allows us to examine

the smoothed surface and determine where the footpaths are, what kinds of plants are growing, how many

gnomes survived, and so on. We used the Well-Tempered version of MetaD in work reported in this thesis.

Parallel Tempering (PT) improves sampling efficiency in a more general way than MetaD. [42,43] A PT

simulation comprises several identical replica systems, each equilibrated at incrementally greater tempera-

tures. Periodically, throughout a simulation, the coordinates of replicas adjacent in “temperature space” are

swapped according to the Metropolis criterion:

P = min {1, exp [(βj − βi) (U(qj)− U(qi)) + βi (Vi(s(qi))− Vi(s(qj))) + βj (Vj(s(qj))− Vj(s(si)))]} (0.8)

This method allows a protein at a colder temperature to gradually diffuse to hotter temperatures where

they can overcome all relevant energy barriers, and subsequently return to colder temperatures assuming

a different configurational state. In the limiting case of an infinitely long simulation using a perfect force
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Figure 0.2. Graphical representation of the PTMetaD scheme. A series of M replicas of identical volume
(V ) and composition (N ) hold discrete places in a temperature distribution ranging from TO to TM . Peri-
odically, the coordinates (Rj) of two adjacent replicas are allowed to switch temperatures if their respective
potential energies (Uj) satisfy the Metropolis criterion in Equation 0.8. The overall exchange rate between
two replicas is determined by how substantially their respective potential energy distributions overlap. Mean-
while, MetaD bias (Umetai ) accumulates at each position in temperature space, but is not swapped.

field, an accurate multidimensional histogram of phase space will eventually emerge at all temperatures.

Combining PT and MetaD improves the efficacy of both methods. [44] MetaD drives a system to explore

specific regions of CV space, whereas PT enables the system to cross any “hidden” energy barriers that would

otherwise be invisible to the MetaD bias. A graphical description of PTMetaD is provided in Figure 0.2. The

two methods work seamlessly in concert to produce a comprehensive description of a system’s underlying

free energy landscape, which can be processed to yield the equilibrium Boltzmann distribution for any

observable. [45] In the following chapter, we describe how generally biasing a systems potential energy

(establishing the Well-Tempered Ensemble) can greatly reduce computational cost of large-scale PTMetaD

simulations.
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Chapter 1

Efficient Simulation of Explicitly Solvated
Proteins in the Well-Tempered Ensemble1

The task of quickly and accurately exploring large regions of phase space is a pressing challenge for biomolecu-

lar simulations, especially when considering large systems (e.g., proteins or other organic polymers). Schemes

that address this challenge, frequently referred to as enhanced sampling methods, typically fall into two broad

categories. In one class of methods, specic slow degrees of freedom (i.e., collective variables, or CVs) are

biased in order to accelerate the dynamics of the system, forcing an extensive exploration of conformational

space. A prominent example of this class is the metadynamics method, which has become increasingly pop-

ular over the past decade. [40,46] The Metadynamics methodology is centered around the periodic addition

of a Gaussian-shaped packets of bias potential to a system’s Hamiltonian. Over the course of a simulation,

the history-dependent bias sum influences a system to sample new regions of relevant phase space, producing

a free energy profile along a user-defined set of CVs. However, Metadynamics suffers from a general prob-

lem: hidden degrees of freedom, which may not be accurately described by the chosen CVs, can frustrate

exploration of phase space and sometimes iterfere with the extent of convergence and accuracy of results.

An alternate approach is to manipulate some or all degrees of freedom in a more general way. For our

purposes, we focus on accomplishing this by increasing a system’s temperature. The archetypical example

of this class is parallel tempering (PT). [42, 43] In PT, a series of identical replicas are simulated together

along a distribution of temperatures. Periodically, adjacent replicas in temperature space are allowed to

exchange their coordinates in accordance with the Metropolis criterion. [47] A measure of effciency for PT is

the characteristic time required for the coldest replica to diffuse to the hottest temperature and return (i.e.,

the round-trip time, RTT). [48]

1Reproduced in part with permission from M. Deighan, M. Bonomi, J. Pfaendtner. Efficient simulation of explicitly solvated
proteins in the well-tempered ensemble. J. Chem. Theory Comput., 8:2189-2192, 2012. Copyright 2012 American Chemical
Society.
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A more effcient approach, which incorporates the attributes of both classes mentioned above, is to combine

metadynamics with PT (PTMetaD). [44] This method allows a system to overcome hidden energy barriers

and comprehensively explore CV space. However, although this approach is very powerful and significantly

reduces the required simulation time per replica, it is not a panacea. Systems containing more than a few

dozen amino acids still remain prohibitively large for the PTMetaD algorithm due to the large number of

replicas that would be required to simulate those systems.

This scaling challenge is rooted in the fact that in order to achieve effcient exchange between adjacent

replicas, suffcient overlap between their potential energy (PE) distributions is needed. In the well-tempered

ensemble (WTE) the PE overlap is increased by amplifying energy fluctuations with a tunable factor γ,

resulting in a decreased RTT and quicker convergence. [49] More importantly, since WTE preserves the

average energy of the original ensemble, canonical averages of all other obsrvables can be accurately obtained

by reweighing techniques. [45, 50]

To investigate the performance of PTMetaD and WTE combined (PTMetaD-WTE), we have applied it

to an explicitly solvated 20-residue protein and performed over 20 µs of aggregate sampling. We compare

PTMetaD-WTE to a full PTMetaD simulation and show that a reduction of the overall computational cost

can be achieved by properly tuning γ.

All simulations were carried out using the Gromacs 4.5.3 molecular dynamics engine, [51] the AM-

BER99SB force field, [52] and the PLUMED 1.2.2 plug-in. [53] Calculations were performed on a 4.9 nm3

simulation box containing the 20-residue tryptophan-cage protein (PDB entry 1L2Y [54]), 3717 TIP3P water

molecules, and a chlorine ion for charge neutrality. To study the properties of PTMetaD-WTE, we performed

the following simulations: (I) 100-replica PTMetaD, (II; γ = 12) 100-replica PTMetaD-WTE, (III; γ = 12)

50-replica PTMetaD-WTE, (IV; γ = 12) 10-replica PTMetaD-WTE simulation, and (V; γ = 24) 10-replica

PTMetaD-WTE. Simulations I and II were completed with 50 ns/replica, III had 100 ns/replica, and both

IV and V had 250 ns/replica. Therefore, we report a total of 20 µs of aggregate sampling (5 µs each for IIII

and 2.5 µs each for IV and V). Details pertaining to preparing and running PTMetaD-WTE simulations are

provided in Appendix I. For the well-tempered metadynamics, [41] we used CVs that have often been used

for studying protein folding: [46] (1) the formation of the secondary structure (i.e., hydrogen bonds) and (2)

the hydrophobic core of the protein (see Appendix I for more information regarding the PTMetaD-WTE

parameters).

The rate of convergence of our calculations as a function of the total computational time is computed

using the FES from the PTMetaD run (simulation I) as a reference, shown in Figure 1.1. Unlike small model

systems (e.g., alanine dipeptide) from which an exhaustively sampled FES can be obtained with umbrella

sampling or metadynamics, [41] the complexity of the trp-cage system precludes us from obtaining such a
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perfectly sampled reference. However, we believe that the FES from simulation I is a good approximation of

the real FES, given that we not only observed hundreds of recrossings between the folded and unfolded states,

but also saw the free energy difference between both states clearly converge, which we show in Figure A.1 in

Appendix I. Furthermore, Figure A.1 shows the quantitative value of folding free energy we obtained is in

reasonable agreement with that determined from experiments, a nding that was previously reported for this

same protein and force field. [55] These three criteria all point toward convergence of the reference simulation;

however, in principle, it would be equally appropriate to assess convergence based on the behavior of other

experimental observables whose ensemble averages could be obtained from reweighting the PTMetaD-WTE

simulations in a straightforward way. [29,53]

Figure 1.1. Convergence of the simulations using the RMSD of the FES between PTMetaD-WTE and a
reference (details in Appendix I). The reference is the FES from simulation I, and serves as an estimate of the
true FES for TRP cage folding. The four simulations shown are labeled in the gure inset. Total simulation
time is dened as the simulation time per replica multiplied by the number of replicas.

Table 1.1 shows that simulations with similar RTTs (runs II-IV) have a similar convergence trend with

respect to the total simulation time. In contrast, simulation V shows improved convergence and a reduction

of the overall computational cost. Simulation V has a smaller RTT value, presumably made possible by

increasing the adjustable WTE parameter γ to 24. This especially convincing when comparing simulations
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Table 1.1. Performance Metrics for Enhanced Sampling Simulations

RUN Replicas γ RTTa RMSDb tcFE

I 100 1 6.3 (0.2) 0.34 10.1 (0.6)

II 100 12 5.1 (0.1) 0.38 11.2 (0.7)

III 50 12 5.4 (0.2) 0.37 9.1 (0.8)

IV 10 12 5.7 (0.5) 0.38 11.5 (2.4)

V 10 24 4.0 (0.3) 0.46 8.4 (1.4)

a Average round trip time in ns, with the standard error in parentheses
b Comparison to the lowest energy NMR structure in Å
c Average time per folding/unfolding event in ns, with the standard error in parentheses

IV and V, as the only difference between them is the value of γ. The two factors that most strongly control

the convergence of the PTMetaD-WTE simulations are the RTT and the total simulation time. As we

show in Figure 1.1, similar total simulation times can be achieved by balancing the number of replicas with

the simulation time per replica. Over 2.5 µs of total simulation time, we see nearly identical convergence

behavior for simulations II-IV. PTMetaD simulations that comprise a small number of replicas are not

generally achievable. The incorporation of the WTE framework offers users the ability to tune the number

of replicas and RTT to the availability of a particular resource.

It is important to note that the benefits gained from the walk through temperature space correlate with

the presence of energy barriers greater than kBT at the temperature of interest. Even with Metadynamics

applied to the two coarse folding CVs, we expect there to be some “hidden variables” preventing diffusive

exploration of phase space once the bias potential is converged. To demonstrate that the hidden barriers are

energetic and not entropic, we performed a serial simulation of Well-Tempered Metadynamics at 300 K for

a simulation time of 500 ns. This simulation contained only 10 folding events (47 ns/event based on total

simulation time) compared with 10 ns/event observed for PTMetaD-WTE. Additionally, a comparison of the

FESs from the reference PTMetaD simulation (I), the fastest converging PTMetaD-WTE simulation after

500 ns of total sampling (V), and the single replica simulation after 500 ns in Figure A.2 shows that although

the folded state can be identified, the unfolded region is dramatically overfilled due to the comparative lack

of sampling. Therefore, even for studies that do not make use of the higher temperature data, the PTMetaD-

WTE algorithm can offer a signicant reduction in computational cost.

In spite of our complicated system model and the additional time-dependent metadynamics bias applied

to it, we have effectively reproduced all of the scaling behavior that is expected from many years of experience

with standard PT simulations. [56,57] Future work will explore the convergence properties of PTMetaD-WTE

calculations with a model system that permits a more systematic exploration of its relevant parameters. In
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light of recent work showing a dramatic loss of accuracy in biased simulations that depart too far from their

original ensemble, [50] our future work should also provide quantitative guidance for estimating a reasonable

upper bound for γ that is appropriate for explicitly solvated systems. A related consideration is the extra

computational cost required to converge the WTE bias potential at higher values of γ.

Figure 1.2 shows the FES as a function of the metadynamics CVs obtained from four of the simulations

(IIV). A two state system with a tightly dened folded is correctly described by each simulation. Additionally,

we verified that the additional WTE bias did not adversely affect the FES obtained for the metadynamics

CVs. Formally, the FESs in Figure 1.2 were obtained by computing the probability distribution of the H-

Bond and Hydrophobic Core CVs after removing the effect of the bias on the potential energy. Comparing

the FESs with and without the removal of the WTE bias showed the results to be equal within about 0.1

kcal/mol. The fact that WTE preserves the canonical averages guarantees a strong overlap of the biased and

unbiased ensembles and facilitates the reconstruction of the latter. Conversely, the WTE energy distribution

is not signicantly altered by the Metadynamics bias along other CVs. As shown in Figure A.3, the distribution

of the potential energy does not change appeciably from the beginning to the end of thePTMetaD-WTE

simulation.

Figure 1.2. Free energy surfaces for runs I-IV. The folded region is marked in each by the white F. Contour
lines are plotted every 0.5 kcal/mol with the energy scale shown at the right side of the figure.
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In addition to ensuring the similarity of the FESs, we assessed how PTMetaD-WTE affects the fold-

ing/unfolding rate of the protein relative to PTMetaD. As shown in Table 1.1, the average time per folding

event (described in Appendix I) is essentially the same for every simulation, with the PTMetaD simulation

(I) falling somewhere in the range of observed values from PTMetaD-WTE. This demonstrates that the

additional bias on the PE does not introduce an appreciable slowing of the conformational dynamics of the

system.

In summary, we reported initial observations of the convergence and properties of all-atom PTMetaD-

WTE simulations. By exploiting the properties of the recently introduced WTE, we were able to establish

amplified potential energy uctuations in a system containing an explicitly solvated tryptophan-cage protein

while actively biasing two additional CVs. The convergence properties of PTMetaD-WTE depend both on

the total simulation time and the RTT. Without any rigorous tuning of the adjustable parameter γ, we

observed that a trp-cage simulation can be reduced to 10 total replicas, which achieves a similar RTT and

total computational cost to 100-replica PTMetaD and PTMetaD-WTE simulations. This is signicant in

that the 10-replica simulation would otherwise experience no exchange events, and therefore have an innite

RTT, without the imposed WTE framework. A reduction of the overall computational cost can also be

achieved by further tuning the value of the WTE parameter γ; thereby enhancing the exchange probability

between replicas and reducing the RTT. The agreement found in our simulations shows that PTMetaD-WTE

in all-atom simulations of biomolecules is a robust improvement to current sampling schemes. Finally, this

technique presents a bridge toward the enhanced sampling of systems that are far larger than what has

previously been considered, greatly extending the applicability of the metadynamics method.
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Chapter 2

Exhaustively Sampling Peptide Adsorption
with Metadynamics1

Introduction

The adsorption of a protein at an interface is a ubiquitous phenomenon with wide ranging applications in

biomedicine, biomaterials, chromatography, and adhesion. Considerable progress has been made in devel-

oping new technologies that mimic or interface with biological systems with the overall goal of inhibiting or

controlling protein adsorption. Realizing the goal of rationally designing the biomolecule/surface interface

will require a detailed understanding of the molecular scale behavior that takes place there. Moreover, un-

raveling such mechanistic details necessitates quantitative structural and thermodynamic information that

describes adsorbed proteins. Compared to solution phase (NMR) or crystal state (X-rays) techniques, the

experimental toolkit for resolving atomistically detailed structures of biomolecules at surfaces is lacking.

This further motivates the use of molecular modeling to complement experiments and provide additional

information not readily measurable in the lab. However, as others have already pointed out [8], extending

modern molecular modeling techniques to protein adsorption absolutely requires a model system that has

been well-characterized experimentally.

DeGrado and Lear originally designed two sequences of leucine and lysine residues (LK peptides) for the

purpose of evaluating induced conformational changes upon adsorption. [58] One sequence, LKα14 (LKKL-

LKLLKKLLKL), is expected to adopt an α-helical conformation at certain interfaces. In its folded state,

polar lysine and nonpolar leucine residues are partitioned to opposite hemicylinders of the helix. Another

sequence, LKβ15 (LKLKLKLKLKLKLKL), is a model structure that exhibits β-sheet character. In its

1Reproduced in part with permission from M. Deighan and J. Pfaendtner. Exhaustively sampling peptide adsorption with
metadynamics. Langmuir, 29:7999-8009, 2012. Copyright 2012 American Chemical Society.
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ordered state, every other residue is oriented in the same direction, giving LKβ15 amphipathic qualities

similar to those of LKα14. The structures of both peptides are shown in Figure 2.1. Extensive work has

been done to study the orientation and conformation of LK peptides adsorbed to polar and nonpolar sur-

faces. Sum frequency generation (SFG) [59–62] spectroscopy and near edge X-ray adsorption fine structure

(NEXAFS) [63, 64] spectroscopy experiments have provided convincing evidence that leucine residues pref-

erentially orient themselves toward a hydrophobic surface upon adsorption; whereas lysine residues behave

similarly when exposed to a hydrophilic surface. Results from some of these studies and solid-state nuclear

magnetic resonance (ssNMR) [65] also suggest that the peptides retain their presumed secondary structures

upon adsorption to methyl- or carboxyl-terminated self-assembled monolayers (SAMs). X-ray photoelectron

spectroscopy (XPS) and time of flight secondary ion mass spectrometry (ToF-SIMS) experiments reinforce

these findings. [66] In the same work, Apte and coworkers observed that leucine and lysine residues predom-

inantly orient toward hydrophobic and hydrophilic surfaces, respectively. Additionally, they showed that

the peptides have a stronger affinity for the hydrophilic surface. LK peptide adsorption kinetics have been

studied with surface plasmon resonance (SPR); however, the experiment showed that LK peptides adsorb

irreversibly to methyl- and carboxyl-functionalized SAM surfaces, preventing the calculation of an adsorp-

tion equilibrium constant. [67] What can be inferred from SPR is that LK peptides have a very high affinity

for the two SAM surfaces and will adsorb in higher concentrations onto the carboxyl-terminated SAM. This

behavior suggests that the free energy of adsorption of a LK peptide onto a carboxyl-terminated SAM is

greater than that of the methyl-terminated SAM.

A major drawback to the experimental methods mentioned above concerns the overall lack of atomic

resolution in their data. For example, experimental measurements can be used to calculate changes in

binding free energies, but provide little to no insight regarding how specific protein/surface interactions

influence the adsorption free energy profile. Computer simulations can alleviate this issue by confirming

or enhancing experimental results with atomic detail. To date, many simulations have been reported that

examine proteins interacting with surfaces of varying structure and functionality. Protein adsorption studies

have addressed such topics as: amyloid aggregation on surfaces [68, 69], biomineralization [26, 70], non-

fouling surfaces [71, 72], dimer formation upon adsorption [73], protein immobilization [74], adsorption to

a patterned surface [75], and other areas of interest related to conformational change in the presence of a

surface. [25, 76–80] Regarding LK peptides, Collier and coworkers have recently examined the behavior of

LKα14 and two LKβ7 peptides restrained to respective SAM surfaces in a study that addressed the role of

empirical force fields in adsorption simulations. [81]

Molecular simulation – molecular dynamics (MD) in particular – could powerfully augment experimental

studies if it were more broadly applied. However, in light of the strong binding energy felt at the pro-
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Figure 2.1. The model peptides (a) LKα14 and (b) LKβ15

tein/surface interface as well as the conformational changes expected to occur in a protein, classical MD

is severely limited in accessible timescales. Even microsecond long simulations are expected to be lacking

in one or more key areas, precluding quantitative evaluation of the free energy change on adsorption and

the thermodynamics of surface-induced conformational change. In principle, a Monte Carlo (MC) based

approach could be used to sample peptide adsorption, but the high configurational entropy of the peptide

in addition to the need for an explicit water model would dramatically reduce its efficiency.

So-called enhanced sampling methods have been successfully used to overcome some of the limitations

of MD, particularly those related to simulating protein adsorption. In fact, many of these methods have

already been applied to study peptide adsorption. Specifically, these are techniques that bias one or more

relevant, coarse degrees of freedom (i.e., collective variables, or CVs) such as steered molecular dynamics

(SMD) [26, 82, 83], umbrella sampling (US) [24, 78], or variations of parallel tempering molecular dynamics

(PT), which accelerate the sampling of all degrees of freedom in a general way. [25,77,81] A detailed review

of enhanced sampling approaches in general can be found elsewhere. [27, 84]

The challenges inherent to sampling peptide adsorption are unique. Overcoming the combination of driv-

ing forces and energetic barriers inherent to peptide adsorption requires a method that can simultaneously:
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1) drive the peptide on and off the surface, 2) quickly explore relevant conformational space, and 3) overcome

“hidden” energy barriers that would otherwise inhibit sampling. Few (if any) enhanced sampling methods

have been able to accomplish all three of these points when applied to peptide adsorption. Work done by

Vellore and coworkers [28] is a good example of a conscientious application of enhanced sampling methods,

where they combined a free energy method with PT in order to obtain a more detailed description of their

system. Above all, we must emphasize that modeling protein adsorption is not a simple problem, nor is it

likely that there exists an elegant solution to it.

There is a substantial amount of important work that is yet to be done in this area of research. Our

approach to the challenge of accurately modeling peptide adsorption uses a variant of the Metadynamics

method. [40] Metadynamics works by applying a time-dependent bias to one or more collective variables

that describe, in reduced dimension, descriptive characteristics of a system (e.g., α-helicity or the distance

from a surface). The algorithm biases a MD simulation through the periodic addition of a small repulsive

potential (which is Gaussian-shaped and centered on the CV at the time of addition) to the Hamiltonian.

This results in a net force that over time influences the system to explore many different states along the

CV dimension. The cumulative effect is a dramatic increase in the number of states that are explored within

a single MD simulation. Metadynamics, its common variants, and a wide range of applications have been

thoroughly discussed in several review articles. [46,85,86] In this work, we used a combination of the parallel

tempering and well-tempered metadynamics methods (PTMetaD) [44] to which we recently applied the

well-tempered ensemble (WTE) methodology. [49] Our PTMetaD-WTE approach [87] is an effective way to

overcome well-known limitations of system size that plague PT-based approaches while increasing the overall

sampling efficiency. Herein, we demonstrate that the application of PTMetaD-WTE produces converged, all-

atom protein adsorption simulations yielding valuable structural and thermodynamic information. To offer

some perspective regarding how a different enhanced sampling method biases protein adsorption, binding

energy profiles from PTMetaD-WTE are compared to those of several umbrella sampling simulations. The

effectiveness of each method and the importance of sampling technique in simulating protein adsorption

are discussed as well. Additionally, we examine the impact the choice of molecular force field has on a

simulation – a subject that has also been discussed by Collier and coworkers [81] for older force fields. Three

popular force fields (AMBER99SB [52], CHARMM22 with CMAP correction [88], and OPLS-AA/L [89])

were applied to identical systems and subsequently compared to one another. We also evaluate how closely

each simulation reproduces experimental observations.

The comparison to experimental observations is included below in the ”Side Chain Orientation” subsec-

tion, and more detailed results from each force field are provided in Appendix II.

17



Methods

2.2.1 System Setup

Table 2.1. Physical System Details

System Force Field Peptide SAM Waters Box Dimensions (nm3)

I AMBER99SB LKα14 COOH 9402 7.8 × 6.5 × 7.6

II AMBER99SB LKα14 CH3 9508 7.8 × 6.5 × 7.6

III AMBER99SB LKβ15 COOH 9372 7.8 × 6.5 × 7.6

IV AMBER99SB LKβ15 CH3 9476 7.8 × 6.5 × 7.6

V CHARMM22a LKα14 CH3 9507 7.8 × 6.5 × 7.6

VI OPLS-AA/L LKα14 CH3 9507 7.8 × 6.5 × 7.6

a With CMAP correction

A detailed list of system specifications is shown in Table 2.1. In general, a simulation environment con-

sisted of a single LK peptide, a SAM surface, TIP3P waters, and enough sodium or chlorine ions to ensure

a net charge of zero. LKα14 and LKβ15 peptides were generated with the psfgen plugin for VMD. [90] The

peptides’ N-termini were capped with an acetyl group, mimicking their experimental counterparts. [59–67] In

order to be consistent with experiment, the protonation state of the peptides was defined according to a phys-

iological pH of 7.4. Lysine residues were simulated in the NH3
+ side chain protonation state, and C-termini

were simulated in the unprotonated state (carboxylate). The Latour Research Group provides download-

able SAM structures on their website, (http://www.clemson.edu/ces/latourlabs/Jmol/Surfaces.html)

which we used in our simulations. The two SAM surfaces, composed of dodecane thiol (methyl-terminated)

and mercaptododecanoic acid (carboxyl-terminated) chains, were chosen due to their popularity in the litera-

ture as model hydrophobic and hydrophilic surfaces, respectively. The SAM surfaces’ component alkanethiol

chains were organized in
(√

3×
√

3
)

R3° geometry with 5 Å spacing. Each chain was tilted 30° from the

Z-axis to mimic how alkanethiols pack on a gold surface. [91] The carboxyl-terminated SAM comprised

equal proportions of randomly distributed protonated and deprotonated chains, corresponding to a bulk pH

of 7.4. [92]

The Gromacs 4.5.5 molecular dynamics engine [51] and the PLUMED 1.3 plugin [53] were used to perform

all simulations. System setup began by energetically minimizing a lone, unsolvated SAM surface with a

steepest decent algorithm for 5000 steps. Force field parameters for the methyl, carboxylate, and carboxylic

acid terminated SAMs were borrowed from AMBER99SB’s leucine, glutamate, and glutamic acid residues,

respectively. To prevent alkane thiol chains from diffusing into solution or melting at high temperatures, their

thiol groups and first 10 CH2 groups were frozen in place and remained frozen for the entire study. Following
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the energy minimization, the SAM was thermally equilibrated at 300K with a global stochastic thermostat

for 1 ns. [93] A steepest descent energy minimization was performed on a separate system containing an LK

peptide, explicit TIP3P water, and ions. The LK peptide system was then equilibrated at 300K and 1 bar

for 1 ns with the same stochastic thermostat and Berendsen barostat. [94] During this step, the X and Y

simulation box dimensions of the peptide environment were kept equal to those of the SAM environment.

The equilibrated LK peptide system was then grafted above the SAM, energy minimized, and thermally

equilibrated once more at 300K for 1 ns with a time step of 2 fs. A sufficient volume of liquid water was

provided along the Z dimension (normal to the surface) for an LK peptide to be able to diffuse beyond the

10 Å non-bonded force field cutoff distance of the SAM. A harmonic restraint, placed on the peptide’s center-

of-mass relative to the Z-axis, prevented any spurious interactions between the peptide and the bottom of

the SAM. Generally, a peptide could diffuse to a point about 40 Å away from a surface, or 15 Å from the top

of the simulation box. Production simulations with Metadynamics used periodicity in all three dimensions

to enable particle mesh Ewald summation for electrostatic calculations.

Ensembles of 25 identical replicas were created for systems I through VI, each set spanning a temper-

ature range of 300K to 500K. Replicas were spaced according to the algorithm developed by Prakash and

coworkers [95] and equilibrated before production runs. We also ensured that each of the 25 replicas in

each system would initiate from unique configurations. Simulations ran until convergence, which amounted

to 50 ns/replica for LKα14 simulations and 75 ns/replica for LKβ15 simulations. The computational cost

each LKα14 and LKβ15 simulation was about 100,000 CPU hours and 150,000 CPU hours, respectively. It

is important to note that when optimizing computational cost for a PT simulation, it is important to: 1)

choose a maximum temperature that is close to the peptide’s melting point to avoid sampling uninteresting

regions of phase space, and 2) have replicas swap frequently in order to reduce the round trip time of any

given replica. [96]

2.2.2 Enhanced Sampling and Free Energy Calculations

Our PTMetaD-WTE simulation protocol is described in our prior work and briefly summarized here. First,

a short well-tempered Metadynamics (WTM) [41] simulation is performed using only the system’s potential

energy (PE) as a collective variable. This increases the overlap in the PE distribution between adjacent

replicas, thereby reducing the systems’ round-trip-time and concomitantly increasing sampling efficiency.

After this, the metadynamics bias is implemented as a static biasing potential on the PE, allowing subsequent

simulations to bias other metadynamics CVs. The only change made from our previous work was to use

a γWTE of 20 for preparing the WTE bias potential. This value was chosen to achieve an approximate
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exchange success probability of 40% between replicas. It is important to note that without the WTE bias,

the exchange probability would have been essentially 0%. Moreover, about 100 replicas would have been

needed for a conventional PT simulation to achieve the same exchange probability as the PTMetaD-WTE

simulations.

Production runs were performed with a static WTE potential energy bias in effect; its sole purpose being

to amplify PE fluctuations. Two collective variables were actively biased during these simulations with

WTM, which uses an exponentially decaying bias to improve the speed of convergence of a metadynamics

simulation. The bias takes the form of a summation of many Gaussian hills centered on the CV coordinate

at the time of addition:

V (S, t) =

t′=nτ<t∑
n=1

ω̇ · τ · e−
V (S,t′)
kB∆T · e

−
∑d
i=1

(Si(R)−Si(R(t′)))2

2σ2
i (2.1)

The first two factors in Equation 2.11, ω̇ and τ , represent the initial hill height deposition rate (4 kJ·mol−1·ps−1)

and time step between bias additions (0.5 ps), respectively. The third factor in the equation is a bias-

dependent exponential that scales the hill height to prevent overfilling the free energy landscape. A virtual

temperature difference, ∆T, dictates how quickly the hill height decays anywhere in CV space; it is scaled

with the so-called bias factor, γ = (T + ∆T ) /T , which we set to be 10. The temperature, T, in this case is

the temperature of the coolest replica (300K). The fourth factor in Equation 2.1 is a Gaussian hill of width

σ that is centered on the ith CV coordinate at time t. More information related to Metadynamics input

parameters is available elsewhere. [53] It is important to note that the WTM bias can be reweighted to re-

produce the equilibrium Boltzmann distribution. [45] From the reweighted bias, the equilibrium distribution

of any other observable in a system can be calculated. We have already demonstrated conclusively [87] that

the well-tempered ensemble setup we employ does not change in any way the final free energies that are

obtained.

Taking note of SPR experiments [67], we expected the free energy change of adsorption to be quite

high. To ensure sufficient sampling of the binding process, we biased the distance along the Z-axis from the

peptide’s center of mass to the surface plane (Gaussian hill width of 0.1).

Two additional CVs had to be devised for LKα14 and LKβ15, respectively, so that each peptide would

be biased to explore relevant conformational space while adsorbing and desorbing. The LKα14 peptide in

simulations I, II, V, and VI was biased with respect to its α-helical hydrogen bond contacts. Its collective

variable took the form of a switching function that compared a set of backbone hydrogen-oxygen distances

(ri) against a reference distance (ro = 2.5 Å):
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SHbond(R) =

NHB∑
i=1

 1 ri ≤ 0

1−(ri/ro)n

1−(ri/ro)m ri ≥ 0
(2.2)

The tuning parameters n and m as well as the hill width were set as 8, 12, and 0.4, respectively.

The LKβ15 in simulations III and IV was biased with respect to its φ and ψ backbone dihedral angles.

Its collective variable measured the dihedral offset describing the general orientation of leucine and lysine

residues with respect to one another, and took the form:

SDH(Φ,Ψ) =
1

2

Nphi∑
i=1

(
1 + cos

(
φi − φref

))
+

1

2

Npsi∑
i=1

(
1 + cos

(
ψi − ψref

))
(2.3)

The maximum value of Equation 2.3 corresponds to a state where all leucine side chains are pointed in

the opposite direction of all lysine side chains. Reference angles φref and ψref , and hill width were defined

as -2.36 and 2.36 radians, and 0.1, respectively.

Collective variables for effectively biasing protein adsorption should represent descriptive parameters

that distinguish between states of interest (i.e., slow degrees of freedom). As reported elsewhere [44], when

applying CV-based methods to study conformational change in peptides or proteins, it is likely that the

chosen CVs are not perfect descriptors. In these cases it is possible that nominally hidden free energy barriers

exist that hinder the complete exploration of relevant phase space. We previously demonstrated that for

a model peptide in water [87], the PT portion of the PTMetaD-WTE algorithm increases overall sampling

efficiency. PT played an equally necessary role in this work, given the likely presence of conformational

impediments at the peptide/surface interface.

Several umbrella sampling simulations were also carried out and compared to the results obtained from

the PTMetaD-WTE simulations. One-dimensional sampling was performed on the Z-distance CV of a system

containing a LKα14 peptide and methyl-terminated SAM surface (identical to the system from simulations

II, V, and VI). A harmonic restraining potential, V = 1
2k (zCOM − zo)2

, acted on the center of mass of

the peptide, biasing the peptide to desorb from the surface over the course of several hundred 75 ps US

simulation windows. The energy constant k was set as 100 kJ·mol−1·Å−2 and the restraint distance was

incremented by 0.08 Å from a surface separation distance of 6 to 35 Å. Five simulations were run: two

beginning from the adsorbed folded state, and three beginning from the adsorbed unfolded state. The first

5 ps of each umbrella window was considered equilibration time and omitted from our analysis. The weighted

histogram analysis method (WHAM) [97] was used to calculate potential of mean force (PMF) curves for
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each simulation. We note here that increasing the window time to 300 ps did not appreciably change the US

results, validating 75 ps as an acceptable window time. We concluded that the same degree of conformational

change is accessible on either timescale.

2.2.3 Clustering Algorithm

There is an inherent degeneracy associated with some collective variables due to their nonspecific, combina-

torial nature. We observed this degeneracy in the conformational CVs that were biased in each simulation,

motivating us to perform an iterative clustering analysis on peptide structures in the adsorbed state. The

clustering algorithm is carried out first by drawing a random sample of 5000 structures from a parent set.

A reference structure is selected from the set, to which all 5000 structures are subsequently aligned. The

structures are subjected to a 2D Cα alignment [98] to the reference structure in order to preserve the ori-

entation of each peptide with respect to the surface. The Gromacs tool g cluster then sorts the set of 5000

according to the gromos clustering algorithm [99] using a Cα RMSD cutoff of 1.5 Å. The gromos algorithm

selects cluster centers by systematically identifying the structures in a set with the most neighbors within the

RMSD cutoff. Once the largest center has been identified, it and its neighbors are defined as a cluster and

excluded from future comparison or assignment. The selection process is performed until every structure is

assigned to exactly one cluster. Keeping with the constraint that a structure may only belong to one cluster:

while the logic used by gromos guarantees that each cluster center is beyond the RMSD cutoff of all other

cluster centers, it is possible that some constituent structures may be incorrectly assigned to their clusters.

In other words, although a structure may fall within the cutoff of one cluster center, it may more closely

match another cluster center that is defined later by the gromos algorithm. To address this, we retain the

cluster centers defined by gromos and reevaluate cluster membership on a case-by-case basis according to the

same Cα RMSD cutoff of 1.5 Å. During the reevaluation, assignments are made for the structures from the

5000-member sample in addition to the remainder of the parent set. Structures that do not fall within the

cutoff of any cluster center are extracted and subjected to a new iteration of the entire algorithm. Iterations

are performed until all structures are assigned to a cluster. Following the final iteration, the Metadynamics

bias is reweighted [45] to yield the equilibrium Boltzmann distribution of the clusters, from which low free

energy conformations can be identified.
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Results and Discussion

2.3.1 Convergence of Metadynamics Calculations

For methods such as Metadynamics that apply a time-dependent bias, it is essential to assess the convergence

of the calculations. Unlike the case of an idealized model system (e.g., alanine dipeptide) – whose reference

free energy is known and can serve as a quantitative check – it is extremely difficult to obtain an exact

reference free energy for the adsorption of a peptide that may fold and unfold. Therefore, we assessed

the convergence of our simulations with an approach that we previously applied to biased folding with

metadynamics [87, 100] and observed the following: 1) full exploration of physically interesting regions of

CV space, 2) the free energy difference between adsorbed and solvated states converges, and 3) throughout

each simulation, the peptide trajectories along the CV dimension show diffusion through states of interest.

Figure 2.2 shows the free energy difference between adsorbed and desorbed states for our simulations as a

function of time. A peptide was considered to be completely adsorbed if its center of mass was less than

11 Å away from the surface; it was considered solvated if its center of mass was farther than 26 Å from

the surface. We also observed dozens of folding/unfolding and adsorption/desorption events in each of our

simulations. Given this substantial body of corroborating evidence, we are confident that PTMetaD-WTE

enables fast convergence when applied to these systems. The calculated free energy differences also follow

the expectation laid out in previous experiments [67] that both LK peptides have a higher affinity for the

hydrophilic, carboxyl-terminated SAM.

2.3.2 Reweighted FES and Clustering Analysis of I-IV

Figure 2.3 shows the reweighted free energy surfaces of the original biased CVs from simulations I through

IV. The adsorbed state is clearly visible as a deep free energy minimum at a distance between 6 and 11 Å

from the SAM surface; we use this observation to define the cutoff distance for the adsorbed state. LKα14

occupies multiple stable states at the surface in simulations I and II. When comparing the two simulations,

it becomes apparent that the hydrophobic surface of II promotes a tight adsorption interaction for all bound

structures, depicted by the steep free energy gradient between the adsorbed and solvated states that spans all

hydrogen bond values In contrast, the hydrophilic surface exhibits a gentler gradient and affects the binding

energy profile almost a full nanometer away from the surface, even for the folded peptide. The reason for

this behavior can be understood by considering how the different surface functional groups interact with

the leucine and lysine residues of LKα14. Tight association between LKα14 and the hydrophobic methyl

termini of the SAM in simulation II is directly related to the entropic maximization that occurs when the
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Figure 2.2. Time series of the free energy difference between the adsorbed and solvated states at 300K,
showing the convergence of (I) LKα14 on carboxyl SAM, (II) LKα14 on methyl SAM, (III) LKβ15 on
carboxyl SAM, (IV) LKβ15 on methyl SAM, (V) LKα14 on methyl SAM with CHARMM22/CMAP, and
(VI) LKα14 on methyl SAM with OPLS-AA/L.

peptide’s leucine residues interact with the surface, freeing loosely bound surface waters. Leucine side chains

and methyl groups are nearly charge neutral, explaining their strong affinity for each other at the interface.

The absence of Coulombic interactions between the leucines and the surface is the most likely reason why the

surface free energy trough of simulation II is shallower than that of simulation I. Given these observations, it

becomes apparent that LKα14 can adopt a more tightly folded conformation with greater ease on the methyl

surface compared to the carboxyl surface. In this case, intramolecular forces (predominantly hydrogen bonds)

within LKα14 play a more significant role in influencing the ensemble of accessible equilibrium states that

the peptide explores at the hydrophobic surface, acting against only surface van der Waals forces instead of

van der Waals and Coulombic forces. An explanation of the FES extracted from simulation I can be carried
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Figure 2.3. Free energy surfaces of the biased Metadynamics collective variables for simulations (I) LKα14
on carboxyl SAM, (II) LKα14 on methyl SAM, (III) LKβ15 on carboxyl SAM, and (IV) LKβ15 on methyl
SAM. Asterisks mark the regions of free energy space from which corresponding representative structures
were drawn. The colorbar is in units of kBT with isolines spaced every 2kBT.

out along the same vein. Negatively charged carboxyl head groups attract positively charged lysine residues

to the surface, and the Coulombic forcesbetween the two groups contribute to the deeper surface free energy

trough. Solvent effects in this case are the most likely reason for the softer gradient between the adsorbed and

solvated states, as electrostatic forces hold a tight boundary layer of water at the SAM/liquid interface. This

phenomenon is directly observable from a comparison of trajectory snapshots of the solid/liquid interfaces

from simulations I and II. In these frames, we were able to see waters bound 1 Å closer to the carboxyl

surface than to the methyl surface.

In comparison to simulations I and II, the free energy minima shown in simulations III and IV are

broad swaths of CV space that are also located between 6 and 11 Å from the surface. At a glance, the

LKβ15 simulations appear to share some similarities with the LKα14 ones. The FES of simulation IV
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(LKβ15 and methyl SAM) is a shallow well with a steep gradient between the adsorbed and solvated states,

although the gradient is not as steep as that of simulation II. Simulation III (LKβ15 and carboxyl SAM)

has a deeper free energy well than IV at the surface with a gentler gradient leading away into solution.

The defining characteristics of the two simulations can also be attributed to the hydrophobic effect. An

absence of Coulombic interactions between the leucine residues and methyl head groups of simulation IV

should account for its comparatively shallower FES. Water has a higher affinity for the carboxyl surface head

groups in simulation III and most likely forms a barrier that impedes rapid adsorption of LKβ15 onto the

surface, similar to simulation I.

The FESs of systems III and IV in Figure 2.3 suggest that that LKβ15 conforms to a single preferred state

upon adsorption. However, a random selection of structures lying within kBT of the free energy minima of

each FES revealed that many different structures populate the adsorbed state. Examples of these structures

are shown in Figure 2.3, where the regions of free energy space from which they were extracted are marked

with asterisks. In a broad sense, the conformational CVs are effective at influencing the peptides to explore

a wide range of extended and collapsed states, but are clearly unable to resolve finer structural details. To

address this, we carried out a reweighted clustering analysis on systems I through IV in order to elucidate low

free energy peptide conformations in the adsorbed state. Only structures whose centers of mass fell within

6 and 11 Å from the surface were considered and subjected to theclustering algorithm described above.

Many clusters were identified within each dataset (I: 270, II: 365, III: 813, IV: 1051) and, as expected, more

than one type of structure populates the free energy minima in Figure 2.3. Moreover, we observed clusters

that span large areas of CV space; some of which contained structures that occupy different free energy

minima. This can be explained by the combinatorial nature of the hydrogen bond and dihedral offset CVs

for LKα14 and LKβ15, respectively. In other words, small differences in certain structural features, which

may not greatly affect a structure’s RMSD from its cluster center, can result in a much larger shift along a

CV coordinate.

The structural degeneracy along both conformational CV coordinates made it impractical to identify

cluster-occupied regions on the FESs in Figure 2.3. To provide a better visual representation of the general

structure of the adsorbed peptides, and an idea of the distribution of α and β character at a surface, we

carried out an analysis of the peptides’ backbone dihedral angles. First, φ and ψ backbone dihedral angles

were calculated from trajectory data for peptides whose surface separation distances were between 6 and

11 Å (i.e., the adsorbed state). The angles were subsequently reweighted to produce the Ramachandran free

energy surfaces shown in Figure 2.4, all of which converged after roughly the same amount of sampling time

as their counterparts in Figure 2.3. Clusters were also subjected to the reweighting algorithm in order to

find low free energy structures in the adsorbed state. The five lowest free energy cluster centers are shown
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for systems I and II in Figure 2.5, and systems III and IV in Figure 2.6. Additionally, (φ, ψ) dihedral angle

pairs were calculated for each cluster center and are represented as dots that overlay the Ramachandran

plots beside the structures in Figure 2.5 and Figure 2.6.

Figure 2.4. Reweighted Ramachandran free energy surfaces for adsorbed structures from simulations (I)
LKα14 on carboxyl SAM, (II) LKα14 on methyl SAM, (III) LKβ15 on carboxyl SAM, and (IV) LKβ15 on
methyl SAM. The colorbar is in units of kBT with isolines spaced every kBT.

The peptides in systems I and II are preferentially α-helical in the adsorbed state; however, the methyl-

terminated surface of system II allows LKα14 to assume a wider variety of tight α-helical conformations.

The contrast between the two systems can be explained by the presence and absence of Coulombic in-

teractions. Comparatively weaker binding forces allow the peptide to be more flexible and mobile at the

hydrophobic interface, resulting in the exploration of a greater number of conformational states (delineated

by the cluster RMSD cutoff). Similar behavior can be inferred for systems III and IV. Although most of the

clusters observed in systems III and IV are coils or β-like, sometimes with helical character, the structures

observed in system III generally adopt conformations that are more extended than those in system IV. This
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(a) LKα14 on a COOH-terminated SAM (b) LKα14 on a CH3-terminated SAM

Figure 2.5. The most probable adsorbed conformations of LKα14 found in (a) simulation I , and (b)
simulation II, and their associated free energy differences (with respect to the lowest free energy state)
calculated from a reweighted clustering analysis. Left column: cluster center (φ, ψ) dihedral angles (shown
as red dots) overlaid on the Ramachandran FES. Center column: side view of the cluster center structure.
Right column: top view of the cluster center structure.

behavior can be attributed again to the greater mobility of leucines on the methyl surface. Surface van der

Waals forces of the methyl-terminated SAM are weak enough to allow the LKβ15 peptide to easily transi-

tion between extended and compact states, whereas the comparatively stronger electrostatic forces of the

carboxyl-terminated SAM stabilize peptide conformations that are less entropically favorable. Additionally,

as we discuss below, the structures’ orientations in the adsorbed state generally agree with what has been

observed experimentally.
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(a) LKβ15 on a COOH-terminated SAM (b) LKβ15 on a CH3-terminated SAM

Figure 2.6. The most probable adsorbed conformations of LKβ15 found in (a) simulation III , and (b)
simulation IV, and their associated free energy differences (with respect to the lowest free energy state)
calculated from a reweighted clustering analysis. Left column: cluster center (φ, ψ) dihedral angles (shown
as red dots) overlaid on the Ramachandran FES. Center column: side view of the cluster center structure.
Right column: top view of the cluster center structure.

2.3.3 Side Chain Orientation

Separate works by Weidner and Apte [63, 64, 66, 101] describe side chain orientation of LK peptides at

hydrophobic and hydrophilic surfaces. There is a strong consensus that leucine residues will predominantly

associate with hydrophobic surfaces, as lysine residues will with hydrophilic surfaces. LKα14 in its folded

state is therefore expected to orient itself upon adsorption in such a way that a preferred hemicylinder (either

leucine- or lysine-rich) comes into contact with the surface. The same reasoning can be applied to LKβ15,

where only one kind of residue is expected to interact with the surface, leaving the remaining side chains to

point into solution. In order to assess these orientation preferences from our own simulations, a new order
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parameter had to be defined to describe side chain orientation with respect to the surface normal. The

direction in which a side chain is oriented can be calculated from the coordinates of two atoms in a residue:

one from the α-carbon, and the second from an atom on the side chain. For our purposes, the side chain

atoms were selected to be leucine’s γ-carbon and lysine’s side chain nitrogen. The two atoms’ positional

information is substituted into the following equation:

SO =
(zi − zCαi)√

(xi − xCαi)2
+ (yi − yCαi)2

+ (zi − zCαi)2
(2.4)

The orientation order parameter spans from -1 (oriented toward the surface) to +1 (oriented away from the

surface). Leucine and lysine orientation values were calculated for each frame in the simulations’ respective

trajectories. Figure 2.7 shows free energy surfaces of peptide side chain orientation versus the surface

separation distance that were calculated by reweighting the Metadynamics bias from simulations I through

VI. The orientation free energy surfaces agree well with experimental observations in that there appears to

be a clear preference for leucine and lysine residues to interact with hydrophobic and hydrophilic surfaces,

respectively. Positively charged lysine side chains strongly prefer to interact with the negatively charged

carboxyl-terminated SAM. Furthermore, when exposed to a methyl-terminated SAM, lysine residues are

more inclined to associate with the solvent, whereas leucine residues prefer to interact with the surface.

Farther away from the surface in each system, the orientation for both residues shifts toward an even

distribution, indicating random side chain orientation. Past 26 Å, side chain orientation becomes completely

random. At this point we consider the peptide to be beyond the influence of the surface, and therefore in the

solvated state. This observed quality validates the assumption we make above where we define the solvated

state as the region beyond a surface separation distance of 26 Å. The disoriented nature of the side chains in

the solvated state also demonstrates that our simulations have explored peptide adsorption from a random

distribution of orientations in the solution state.

While the distribution of LKα14 surface conformations differ between simulations II, V, and VI (see Ap-

pendix II), leucine residues are predominantly oriented toward the methyl-terminated SAM surface in each

case. Figure 2.7 shows reweighted leucine and lysine orientations that qualitatively agree with experimental

observations. Recently, Weidner and coworkers [101] used SFG and ssNMR to study a similar system consist-

ing of the same LKα14 peptide adsorbed to a polystyrene surface. They reported tilt angles of each leucine’s

Cβ-Cγ bond with respect to the surface normal. The same angles were measured and reweighted from sim-

ulation II, V, and VI trajectory data for structures that appeared in the adsorbed state. Although we are

comparing leucine side chain orientations at different surfaces, we expect to see some similarity between the
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Figure 2.7. Free energy surfaces of leucine (L) and lysine (K) side chain orientations with respect to the
peptide center of mass distance from the surface. Simulations shown here are (I) LKα14 on carboxyl SAM,
(II) LKα14 on methyl SAM, (III) LKβ15 on carboxyl SAM, (IV) LKβ15 on methyl SAM, (V) LKα14 on
methyl SAM with CHARMM22/CMAP, and (VI) LKα14 on methyl SAM with OPLS-AA/L. The colorbar
is in units of kBT with isolines spaced every kBT.

two environments. Table 2.2 shows the experimentally derived angles alongside the reweighted angles from

simulations II, V, and VI. The difference between experiment and simulation appears under the columns

marked with a ∆. Leu1, Leu5, and Leu8 angles from each simulation deviate the least from experiment,

whereas the average orientations of Leu7, Leu11, and Leu12 deviate the most from the experimental mea-

surement. Of the three force fields, AMBER99SB deviates the least from experimental data. We note that
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developing a strong link between theory and experiment is critical for characterizing complicated systems

such as these. Although our simulation generally agrees with experiment, it does not completely validate

the model. However, the comparison we make does give weight to the overall validity of our observations;

namely, the adsorbed structures we observe and their orientations.

Table 2.2. Leucine Tilt Angles Derived from SFG Spectroscopya; Corresponding Average Tilt
Angles from Simulations II, V, and VI; and Their Differences (∆).

Residue Tilt Angle (deg) II ∆II V ∆V VI ∆VI

Leu1 70 70.4 0.4 67.1 2.9 74.3 4.3

Leu4 47 53.2 6.2 56.4 9.4 81.9 34.9

Leu5 68 66.5 1.5 62.0 6.0 69.9 1.9

Leu7 39 64.4 25.4 77.9 38.9 80.8 41.8

Leu8 48 54.6 6.6 52.0 4.0 54.9 6.9

Leu11 30 69.6 39.6 65.7 35.7 85.8 55.8

Leu12 82 58.7 23.3 51.6 30.4 52.2 29.8

Leu14 74 74.9 0.9 40.3 33.7 49.8 24.2

Average ∆ 13 20 25

a Experimental values come from work done by Weidner and coworkers. [101]

2.3.4 Comparing Methods

If we consider the simplified case of an ion or small molecule adsorbing to a surface, umbrella sampling would

seem comparable (or perhaps preferable) to Metadynamics as the method of choice for an enhanced sampling

simulation. However, if the molecule of interest is capable of undergoing complex conformational changes,

then the computational effort required to reach convergence is an important factor to consider. US biases a

system along one or more CVs like Metadynamics, but it samples in discrete windows that typically last for

a nanosecond or less. This poses a serious challenge for studying the adsorption of flexible molecules such as

proteins, which fold on the order of microseconds to seconds. The US method has been used by other groups

to study the adsorption (but not folding) of biomolecules. For example, the adsorption of carbohydrate

binding module to cellulose [78] and of flounder antifreeze protein to ice. [24]

We performed a series of US simulations whose results were compared to Metadynamics. For consistency,

we chose to base our comparison off the system containing an LKα14 peptide and methyl-terminated SAM

surface. Sampling was performed along the Z-distance collective variable from the adsorbed state (6 Å)

into the solvated state (35 Å). Five US simulations were run, two of which were initiated from the folded

adsorbed state and the remaining three were initiated from the unfolded adsorbed state. Particular details of
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each simulation are as follows: (1) folded and restrained to the folded state; (2) folded and unrestrained; (3)

unfolded and restrained to the starting state; (4 & 5) unfolded and unrestrained. The restraint implemented

in simulations (1) and (3) was placed on the peptide’s Cα radius of gyration. The purpose of the restraint

was to investigate whether conformational changes in the peptide led to changes in the final PMF from the

US calculations.

Figure 2.8. Binding free energy curves from Metadynamics (MetaD) and the Umbrella Sampling simulations
where the peptide was: (US:1) folded and restrained, (US:2) folded and unrestrained, (US:3) unfolded and
restrained, and (US:4 & US:5) unfolded and unrestrained.

Figure 2.8 shows the PMF profiles of the Z-distance CV for each US simulation compared to a reweighted

Metadynamics free energy surface from simulation II. Simulations initiated from the folded state all exhibited

very similar behavior, indicating that 75 ps was enough time for a US window to equilibrate and also that

restraining the peptide’s radius of gyration has little to no effect on sampling. In fact, although some

unfolding occurred in both simulation (2) and the 300 ps long window simulaton, the helix reformed within
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a few picoseconds, demonstrating that the peptide did not explore conformational space beyond the folded

state. A greater degree of variability is evident in the simulations initiated from the unfolded state, however.

Each of these simulations produced PMF curves that were significantly different from one another, both

in slope and free energy difference between the adsorbed and solvated states. Simulation (3) produced a

PMF that is somewhat similar to the Metadynamics free energy surface. To check the legitimacy of the

simulation (3), a second restrained simulation, initiated from the unfolded state, produced a PMF that

deviated significantly from the Metadynamics curve. A lack of strong agreement between the folded and

unfolded simulations, as well as among the unfolded simulations themselves, is further evidence that US does

not sample enough conformational space to produce a well-converged and reliable binding free energy profile.

We note that if US were performed on an additional conformational CV, one would expect to reproduce

the Metadynamics profile. However, such a simulation would have the same computational cost as one of

our PTMetaD-WTE simulations, and would ultimately yield less information because it would only produce

ensemble data for a single temperature.

Conclusions

In this study, the Parallel Tempering Metadynamics in the Well-Tempered Ensemble (PTMetaD-WTE)

enhanced sampling algorithm facilitated the exploration of many adsorption and conformational states of two

LK peptides. Previously shown to have effectively sampled the behavior of a fast-folding miniprotein [87], our

algorithm has now produced ensemble data that is consistent with experimental observations. We emphasize

that the well-tempered ensemble (WTE) greatly reduced the computational expense of our simulations, while

enabling an exchange success probability of 40% between 25 replicas. In order to achieve the same exchange

probability for a conventional parallel tempering (PT) simulation, the number of replicas would have to be

quadrupled. We also demonstrate that while PTMetaD-WTE and umbrella sampling appear to be similar

sampling techniques, the former is able to more effectively bias a system to explore a large number of

conformational states at different temperatures.

We report strong qualitative similarities between low free energy structures extracted from simulation

and experimental observations. In simulations I through IV, LKα14 predominantly adopts an α-helical

conformation on the self-assembled monolayer (SAM) surfaces; whereas, LKβ15 tends to self-associate in a

loop or coiled structure on a methyl-terminated surface but is more likely to adopt extended, less entropically

favorable conformations at a carboxyl-terminated surface, where it is also capable of forming a β-sheet

structure. Peptides that adsorbed to the hydrophobic methyl-terminated SAM were able to explore a greater

number of surface conformations compared to those adsorbed to the hydrophilic carboxyl-terminated SAM.
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We attribute the entropy difference between these two systems to Coulombic interactions, or a lack thereof.

Coulombic forces restrict lateral movement for peptides adsorbed to the charged hydrophilic SAM, whereas

their absence permits a greater degree of flexibility in peptides adsorbed to the hydrophobic SAM.

In three simulations the AMBER99SB, CHARMM22/CMAP, and OPLS-AA/L force fields were applied

to an explicitly solvated system containing a LKα14 peptide and methyl-terminated SAM. Qualitatively, the

AMBER99SB and CHARMM22 simulations produce low free energy peptide conformations in the adsorbed

state that are more consistent with experimental observations than OPLS-AA/L (see Appendix II). Regard-

ing CHARMM22, this agrees with a recent study done by Collier and coworkers. However, AMBER99SB

yielded structural data that deviated the least from sum frequency generation (SFG) spectroscopy measure-

ments of a similar system reported by Weidner and coworkers. [101] We expect this work will contribute to

a growing body of literature on the use of empirical force fields for modeling protein/surface interfaces. If

the predictive capability of these simulations is to improve, we must continue to explicate where and how

classical force fields fall short. Effective and efficient sampling will play a critical role in this process, which

PTMetaD-WTE has been shown to carry out in a computationally inexpensive manner. Future priorities

for enhanced sampling simulations of peptide or protein adsorption include: 1) In general, to perform more

simulations that exhaustively sample protein behavior at a variety of solid-liquid interfaces, 2) To run iden-

tical simulations with several different force fields, and most importantly 3) To model systems whose results

can be quantitatively compared to specific experimental observables. [29]
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Chapter 3

Eliciting a Detailed Picture of the
SN15/Hydroxyapatite Interface with
Metadynamics, Sum Frequency Generation
Spectroscopy, and Existing Literature Data

Introduction

Biomineralization – the growth and development of mineral structures in and/or around an organism – is

a process that is largely controlled by proteins. [102, 103] Hard tissues such as nacre, tooth enamel, and

bone are examples of highly specialized materials that exist naturally due to underlying protein-mediated

mechanisms. The morphology of these substances is determined by a complex orchestration of protein

dynamics that ostensibly takes place at the solid/liquid (i.e., mineral/biofluid) interface. Understanding the

behavior of proteins that govern biomineralization is of key interest to the fields of medicine and dentistry

because of its relation to some osteological, cardiovascular, and neurological disorders (e.g., the calcification of

soft tissues). [104,105] Mechanistic details surrounding the structure-function relationship of these proteins,

and how they interact with their environment, are also extremely relevant for designing new materials.

Improved molecular-level knowledge of the biomineralization process could spur the development of new

fabrication methods and inspire a range of novel materials that interface with biological environments in

different ways. [106]

While several hypotheses exist that attempt describe biomineralization at the cellular level, little is

known or understood about the process at the atomic scale. [107] Protein recognition, binding, and con-

formational change at the mineral surface are examples of complex events that require more attention. A

simple system that has been extensively characterized is the salivary protein statherin in the presence of hy-
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droxyapatite(HAP). [108–110] Statherin is a 43-residue enamel pellicle protein that is involved in lubricating

tooth enamel, mediating bacterial adhesion, and preventing calcium phosphate from precipitating in saliva;

it has the primary structure:

DpSpSEEKFLRRIGRFGYGYGPYQPVPEQPLYPQPYQPQYQQYTF

where “pS” denotes a phosphorylated serine residue. In the solvated state, statherin is not known to adopt

any persistent secondary structure, but does undergo measurable conformational change in the presence of a

hydroxyapatite surface. The surface-induced secondary structure of statherin, and the role it plays in surface

recognition, binding, and folding, have been the foci of several surface analysis studies.

Early work on this system inferred that the first 15 N-terminal residues (SN15) bind and fold into an

α-helical conformation at the HAP surface. [111] The current scheme describing this mechanism involves

the first six charged residues (D1, pS2, pS3, E4, E5, and K6) strongly binding to the HAP surface. [112–

114] Adsorption assays, solid-state nuclear magnetic resonance (ssNMR), sum frequency generation (SFG)

spectroscopy, and near edge X-ray absorption fine structure (NEXAFS) spectroscopy experiments have also

shown residues R9, R10, and F14 to have a weak affinity for a hydroxyapatite surface. [115,116]

Folding ostensibly occurs during a recognition-and-binding event at the HAP surface, but a detailed

explanation of the mechanism is still unknown. Solid-state NMR measurements of individual residues in

the SN15 sequence suggest that the peptide assumes a loose α-helical conformation in the adsorbed state.

[113, 117, 118] Dipolar recoupling with a windowless sequence (DRAWS) analysis of the phi dihedral angles

of residues pS3, L8, and G12 suggest that the first few residues of SN15 are only slightly helical, whereas

the C-terminus – which does not interact as strongly with the HAP surface – is thought to hold a more

conclusive helical structure. Residues F7 and F14 have also been observed to orient in different directions,

where F7 points into solution and F14 points toward the surface. [116, 119] This observation conflicts with

the arrangement of an ideal α-helix, for which residues i and i+7 are aligned. Residues E4 and E5 have also

been reported to be positioned farther from and closer to the HAP surface, respectively, which supports the

distorted helix hypothesis. [120]

Currently, entire protein structures can only be resolved in solution with NMR or the crystal state

with X-ray crystallography. Although experimental methods are capable of educing a number of molecular

details that describe the biomolecule/surface interface, none can provide a complete picture of these systems.

Similarly, while the structure of statherin – and, by association, the SN15 domain – at the HAP surface has

been extensively characterized, its entire surface-bound structures remains unclear to a certain degree. The

development of a viable method aimed at resolving the structure and behavior of an adsorbed biomolecule

is an active research area – one that is challenging and for which there may not be a neat answer. Computer
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simulation attempts to address this challenge by numerically iterating a microscopic system through phase

space according to classical and/or quantum physics. Coarse Monte Carlo (MC) simulations have been

performed on a statherin analog in the presence of model surfaces of varying functionalities. [121] Quantum

mechanical simulations have also been used to study how different amino acids and small peptides interact

with a hydroxyapatite surface. [122,123] The most revealing work regarding the structure of the protein at the

statherin/HAP interface, however, has been a series of simulations that have employed the RosettaSurface

algorithm. [23, 30, 70] RosettaSurface is a variation of the Rosetta [124] structure prediction software that

seeks low energy structures according to van der Waals, implicit solvation, and hydrogen-bonding potentials

in the presence of a solid surface. This computational technique has yielded statherin/HAP complexes

that agree very well with experimental observations. The advent of RosettaSurface.NMR has refined the

minimized structures even further by coupling the scoring function with reported ssNMR data. [30]

Herein we deliver results that conclusively demonstrate the descriptive power of enhanced sampling MD,

coupled with experimental data. The accuracy of these simulations, and their ease of execution, should appeal

to experts across disciplines in the natural sciences. Below, we focus on the SN15 domain of statherin,

which has received much experimental attention. Our previous work focused on the application of the

enhanced sampling method Parallel Tempering Metadynamics in the Well-Tempered Ensemble (PTMetaD-

WTE), [87] which we geared toward efficiently sampling protein adsorption. [125] We note that the PTMetaD-

WTE method has received attention from other groups and has been used effectively in computational

research. [126] In the following sections we describe our methodology for simulating the SN15 binding domain

in the presence of the [001] face of monoclinic hydroxyapatite, and discuss the results of free energy and

clustering analyses. Additionally, we introduce an experimental fitness function that allowed us to pinpoint

best-fit theoretical structures. The large experimental and theoretical dataset for the SN15/HAP system

provided an excellent source of validation for our simulations.

Setup and Methods

3.2.1 Simulation Details

The simulation details for studying the behavior of the SN15 domain in explicit solvent and in the presence

of the [001] face of hydroxyapatite are as follows. The primary structure of the SN15 peptide was constructed

with VMD and the psfgen algorithm [90]; its two phosphoserines were constructed and parameterized accord-

ing to data reported by several groups. [127–129] The HAP surface took the form of a continuous, monoclinic

slab one unit cell thick (6.88 Å) and eight unit cells (75.4 Å) long along the a and b box vectors (box angles:
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α = β = 90°, γ = 120°). Atomic coordinates for a HAP unit cell were set according to experimental crys-

tallographic data for monoclinic hydroxyapatite. [130, 131] The surface was parameterized with force field

information made available by Hauptmann and coworkers. [132] We solvated the SN15 peptide with 13933

TIP3P [133] explicit water molecules and three sodium ions to maintain charge neutrality.

Simulations were performed with the Gromacs 4.5.5 molecular dynamics (MD) engine [51] and AMBER99SB-

ILDN force field. [134] Free energy calculations were performed with the PLUMED 1.3 plugin for Gro-

macs. [53] A cutoff of 1 nm was placed on short-range, non-bonded interactions. Long-range electrostatic

interactions were calculated with particle mesh Ewald (PME) summation. A time step of 2 fs was used

in every simulation. Initially, a solvated SN15 system, sans surface, was energetically minimized for 10000

steps with a steepest decent algorithm. The minimized SN15 system was then equilibrated to a pressure

of 1 bar and temperature of 310K with a Berendsen barostat [94] and stochastic velocity-rescaling thermo-

stat [93] in a 1 ns simulation. Following the preceding equilibration step, the SN15 system was grafted above

a HAP surface (box dimensions: a = b = 75.4 Å, c = 96.3 Å and α = β = 90°, γ = 120°). This newly

assembled system was then energetically minimized for 10000 steps and thermally equilibrated at 310K in

a 1 ns simulation, where the HAP surface was frozen in place and would remain frozen for all subsequent

simulations. An upper potential wall at Z=85Å was placed on the Cα center of mass in order to prevent any

spurious interactions between the peptide and bottom of the HAP surface through the periodic boundary.

The position of the wall provided enough space for the peptide to diffuse beyond the cutoff of the HAP

surface and into solution.

3.2.2 Enhanced Sampling Method

PTMetaD-WTE is a robust enhanced sampling technique that efficiently samples phase space by: (1) Allow-

ing identical replica systems to diffuse along an incremental temperature scale, overcome all relevant energy

barriers, and explore many different configurational states;/citesugita.1999,sindhikara.2010 (2) Applying the

Well-Tempered Metadynamics (WTM) algorithm to each replica, [41, 44] biasing specific slow degrees of

freedom and accelerating the dynamics of the system; and (3) Requiring many fewer replicas for effective

sampling through the use of a potential energy bias placed on each replica. [49] Furthermore, a powerful

attribute of the WTM algorithm lies in the fact that the biased distribution of a converged simulation can

be reweighted, producing the equilibrium Boltzmann distribution of any conceivable CV. [45] As we have

recently shown, [125] this technique is capable of alleviating some of the challenges associated with simulating

the adsorption of a biomolecule to a solid surface. Specifically, PTMetaD-WTE can simultaneously drive a

peptide on and off a surface (avoiding the tendency for the peptide to become kinetically trapped), force the
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peptide to explore relevant areas of conformational space, while providing a way for the system to overcome

any “hidden” energy barriers that the WTM bias does not affect. In order to effectively carry out our

enhanced sampling scheme, 24 identical replicas were generated from the system described in the simulation

details. Each replica, initiated in a random unfolded state, was thermally equilibrated at a different temper-

ature ranging from 310K to 450K. Temperatures were calculated according to the distribution developed by

Prakash and coworkers, [95] which ensures an equal probability for exchange between adjacent replicas. A

full list of temperatures is provided in Appendix III. Several short, preliminary runs established a reasonable

Well-Tempered Ensemble (WTE) potential energy bias, which induced an exchange probability of about

30% between adjacent replicas. The WTE bias was generated and implemented in the same manner as in

our past work. [87, 125] The parameter for scaling history-dependent bias energy, or bias factor, was 10 for

all simulations. The production simulation ran until Metadynamics (MetaD hereafter) convergence criteria

were satisfied, translating to 300 ns/replica, or 7.2 µs of total simulation time. We defined convergence as

the point at which no measurable changes occurred in the free energy surface reweighted from the MetaD

bias. One aspect of measuring convergence involved monitoring the MetaD bias decay over the course of

the simulation. Convergence becomes more likely as the magnitude of each bias addition and the bias decay

rate approach zero. We also measured how two respective free energy surfaces varied over the course of the

simulation. Convergence was assumed once the free energy difference between the adsorbed and solvated

states remained constant for a sufficient amount of time. In an a posteriori analysis, we determined that

convergence occurred after approximately 225 ns (single replica basis), and extended the simulation 75 ns

further to confirm our observation.

3.2.3 Collective Variables

After setting up the Well-Tempered Ensemble, two additional CVs were tuned for use in the production

simulation. The first CV was the orthogonal distance between the Cα center of mass of the SN15 peptide

and the surface. For a 15-residue peptide, biasing its center of mass is sufficient to ensure it comes into

contact with the surface but never becomes kinetically trapped in the adsorbed state. Subtracting the

surface thickness from the first CV yields the surface separation distance (SSD) with respect to the Cα

center of mass. The second CV defined the pairwise carbonyl oxygen and amide hydrogen α-helical contacts

along the backbone of the peptide. The contacts were calculated using a switching function that takes the

form:

SHbond(R) =

NHB∑
i=1

 1 ri ≤ 0

1−(ri/ro)n

1−(ri/ro)m ri ≥ 0
(3.1)
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As many others have noted, properly tuning parameters n, m, and ro is an important step to ensure the

MetaD simulation seamlessly explores conformational space. The values we selected for n, m, and ro in this

case were 8, 12, and 2.5 Å, respectively. During the PTMetaD-WTE simulation, bias was added at an initial

deposition rate of 4 kJ·mol−1·ps−1 using a hill widths of 0.1 nm for the first CV and 0.1 for the second.

3.2.4 Experimental Fitness Function

The RosettaSurface.NMR algorithm effectively incorporates experimental data as constraints for resolving

the structures of adsorbed biomolecules. A structure prediction method like RosettaSurface.NMR can be

thought of as a top-down simulation technique, whose convergence is contingent on optimizing a system

according to a set of constraints. In the case of any pertinent molecule, the RosettaSurface.NMR solution

structure automatically coincides with a structure that agrees well with experimental measurements. In

contrast, MD (with or without enhanced sampling) can be thought of as a bottom-up technique, whose

convergence depends on how extensively a system has explored its phase space. Therefore, it is not a trivial

task to identify structures from MD simulations that agree well with experimental measurements. In this

case, we require a means of measuring experimental fitness.

Over the past two decades the SN15 domain has been extensively characterized by various experimen-

tal techniques. This dataset is extremely advantageous to us, and any other researchers who study the

statherin/hydroxyapatite interface, as it provides a basis for validating new measurements and calculations

pertaining to the system. Experimental measurements of the SN15 domain are conveniently presented in

the literature as geometric values. We drew from 22 different experimental measurements of SN15 in the

adsorbed state for our comparison. These parameters are shown in Table 3.1.

Here, we introduce an experimental fitness function (EFF) designed to evaluate a simulation trajectory

on a frame-by-frame basis, compare it to experimental measurements, and calculate fractional fitness values

that indicate how well each structure agrees with experiment (0 to 1, worst to best). The entire experimental

dataset that we considered comprises three flavors of information. The first is distance information. These

data were taken from ssNMR measurements and consist of mean distances between two specific carbons

within the peptide, or between a carbon and phosphorus at the HAP surface. The second flavor we define as

angular information; specifically, backbone torsional angles, side chain tilt angles, and the overall backbone

tilt angle taken with respect to the surface. This information can be obtained from ssNMR, SFG, and

NEXAFS experiments. Finally, we consider limit information. Limits also come from ssNMR experiments,

from which the radio labeled atoms did not produce a noticeable signal. A non-signal indicated that the

atom was beyond the distance cutoff for detection in the experiment.
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Table 3.1. Experimental Parameter Set and Sources

Residues Measurementa Exp. Valueb Method Reference

pS3 φ dihedral angle -60 ± 10 ssNMR Long, 2001 [113]

pS3 – F7 ∆(C’ – C’) 4.3 ± 0.2 ssNMR Long, 2001 [113]

E4 ∆(Cδ – HAP) > 6.5 ssNMR Ndao, 2009 [120]

E5 ∆(Cδ – HAP) 4.25 ± 0.09 ssNMR Ndao, 2009 [120]

K6 ∆(Nζ – HAP) 3.5 ± 0.5 ssNMR Gibson, 2005 [114]

F7 ∆(RING – HAP) > 6.5 ssNMR Gibson, 2006 [119]

F7 Θ ring axis tilt 11 ± 6 NEXAFS & SFG Weidner, 2012 [116]

F7 Ψ ring twist 15 ± 6 NEXAFS & SFG Weidner, 2012 [116]

F7 ρ ring normal tilt 76 ± 7 NEXAFS & SFG Weidner, 2012 [116]

L8 φ dihdral angle -60 ± 10 ssNMR Shaw, 2000 [117]

L8 Cβ – Cγ tilt 27 ± 12 SFG Weidner, new data

L8 – G12 ∆(C’ – C’) 4.8 ± 0.4 ssNMR Long, 2001 [113]

R9 ∆(Cζ – HAP) 4.62 ± 0.29 ssNMR Ndao, 2010 [115]

R10 ∆(Cζ – HAP) 4.53 ± 0.16 ssNMR Ndao, 2010 [115]

I11 Cα – Cβ tilt -56 ± 6 SFG Weidner, new data

G12 φ dihedral angle -73 ± 10 ssNMR Shaw, 2000 [117]

R13 ∆(Cζ – HAP) > 7.0 ssNMR Ndao, 2010 [115]

F14 ∆(RING – HAP) 4.55 ± 0.25 ssNMR Gibson, 2006 [119]

F14 Θ ring axis tilt 61 ± 7 NEXAFS & SFG Weidner, 2012 [116]

F14 Ψ ring twist 34 ± 6 NEXAFS & SFG Weidner, 2012 [116]

F14 ρ ring normal tilt 35 ± 6 NEXAFS & SFG Weidner, 2012 [116]

SN15 peptide average backbone tilt 85 ± 15 SFG Weidner, new data

a ∆(X – X) indicates the distance between two objects. All tilt angles were measured with respect to the
HAP surface normal.
b Angles are in degrees, distances are in Ångstroms.

Comparing such a diverse set of experimental data with simulation results requires a flexible approach –

one that takes into account the different flavors of data, estimates how closely each simulation frame fits that

data, and yields a single value indicative of an overall fitness. Calculating the sum of squared residuals is not

satisfactory in our case because the data refers to a variety of inter- and intramolecular relationships, contains

different units, and has inequalities. Therefore, a necessary attribute of the EFF must be that it can return

a normalized fitness value from each comparison. Seeking an adequate method for experimental comparison,

we first focus on distance and angular information. These experimental data are reported as average values

with respective standard errors. In this case, a reduced chi-squared (χ2
R) goodness of fit statistic can be

employed. A χ2
R statistic is a convenient for our purposes because it works with categorically different
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data, takes experimental error into account, and normalizes regardless of model complexity. However, the

presence of inequalities in the SN15 experimental dataset precludes us from using a common χ2
R statistic,

which is simply the normalized summed squared deviation of an observation from its reference, divided by

the variance of the reference. An alternative χ2
R model – our EFF – treats inequalities as step functions and

squared-deviation-to-variance ratios as Gaussian functions. This approach ensures that all comparisons lie

between zero and one. The EFF can be expressed as:

Ψ =
1

N

N∑
i=1

ψi (3.2)

where,

ψ =

exp
[
− (O−E)2

2σ2

]
if distance or angle

H(O,E) if limit
(3.3)

N is equal to the number of observables, O represents an observable from simulation, whereas E and σ

refer to an experimental measurement and its error, respectively. The expression H(O,E) represents a step

function that yields zero if O is less-than or equal to E, and one if O is greater than E. Conveniently, within

the WTM framework, fitness can be treated as a CV, allowing us to extract its equilibrium Boltzmann

distribution from our simulation results. [45] We present reweighted fitness free energy profiles and identify

best-fit structures in the “Fitness to Experimental Measurements” section of the Results and Discussion.

Results and Discussion

Our analysis focuses primarily on the 310K replica, which is body temperature and therefore the most

biologically relevant. We first focus on the general adsorption behavior of a SN15 peptide on hydroxyapatite.

Following this, analyses for experimental fitness and clusters of surface-bound SN15 structures are presented.

Finally, we discuss the results from several conventional MD simulations that were performed on selected

structures of interest.

3.3.1 Free Energy Features of SN15 Adsorption

MetaD bias from the production run was reweighted (rejecting the first 100,000 hills) to produce a free

energy surface (FES) of the biased CVs described above. By following the FES in Figure 3.1 along the SSD

coordinate, along the x-axis, one can see a gradual free energy gradient between the adsorbed and solvated

states. We have observed similar behavior in a small peptide adsorbing to a hydrophilic self-assembled
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monolayer surface, whereas a much steeper gradient is evident for hydrophobic surfaces. The gradual free

energy slope is indicative of a strong electrostatic interaction between the mineral surface and explicit waters,

against which the SN15 peptide competes for space. Additionally, there appears to be a cleft-like formation

running down the middle of the surface free energy trough. Simulation snapshots of this region show a dense

monolayer of water molecules existing in close proximity to the mineral surface. The cleft itself may represent

the acidic head of SN15 disrupting this layer of water, and establishing a strong electrostatic interaction with

HAP surface.

Figure 3.1. Free energy surface of SN15 center-of-mass surface separation distance in relation to α-helical
content, represented by backbone hydrogen bond contacts. Isolines are spaced every 2kT, whereas the sidebar
is in units of kT.

Figure 3.1 also shows that the SN15 peptide generally lacks strong secondary structural features in the

solvated state. Conversely, the peptide is capable of adopting noticeable α-helical characteristics on the HAP

surface, evidenced by the surface free energy trough extending into highly ordered conformational space. This

feature of the FES could be indicative of surface-induced folding in the sense that the folded state is explored
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more at the surface than in solution. However, the free energy difference between the unfolded state and

folded state is about 20kT for both an adsorbed peptide and a solvated peptide. Moreover, we note that

there is no stable macrostate in the folded region of the surface free energy trough. Instead, the trough

slopes gradually from a region of high α-helicity down to a relatively disordered state. A solitary, α-helical

SN15 does not appear to be stable in the adsorbed state.

As with any complex system whose information has been projected onto only a few select coordinates,

the SN15/HAP system is not perfectly described by the FES generated from the MetaD CVs. To extract

any further meaning from the Figure 3.1 would be ill advised due to the degeneracy inherent to any definite

region of the FES. The reason for this lies in the combinatorial nature of the hydrogen bond CV, for which

many different structures can yield the same value, providing little insight as to what structures are most

prevalent at the HAP surface. Consequently, this condition requires us to analyze our dataset along different

criteria. In the following section we introduce an analysis of how well our dataset compares to experimental

observations. The analysis is performed primarily with our own experimental fitness function, which we

explain in our Methods above.

3.3.2 Fitness to Experimental Measurements

In order to identify the surface structures that most closely fit experimental data, we applied our experimental

fitness function (EFF) to each simulation frame that contained SN15 in the adsorbed state. Fitness scores

range from zero to one, where zero is the poorest fit and one is the best. To demonstrate the capability for

MD and PTMetaD-WTE to predict the structure of surface-bound peptides, we present the best-fit structure

from a 13-parameter comparison in Figure 3.2. This particular structure and the RosettaSurface.NMR SN15

region were evaluated along the same 13 experimental parameters so they could be rationally compared.

Quantitative details for each are provided in Table 3.2. One can see that the majority of the observables

calculated from the best-fit structure from the 13-parameter set fall within error of both experimental and

RosettaSurface.NMR results. Moreover, when we compare EFF scores between RosettaSurface.NMR results

and the best-fit structure, both appear to match experimental results to a similar degree. Many individual

residues from the high-scoring structure in Figure 3.2 occupy appropriate positions on and off the surface.

Specifically, we see the first three acidic residues and K6 tightly bound to the surface; R9 and R10 are loosely

bound, whereas R13 is more than 7Å away from the surface; and F7 points away from the surface, while

F14 is oriented toward the surface. The only significant outlier is the position of E5, which is expected to

be situated closer to the surface.

Additionally, in Table 3.2 we provide information detailing the best-fit model for a 22-parameter EFF
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Figure 3.2. Side and top views of the best-fit SN15 structure from a 13-parameter experimental fitness
calculation. Hydrogen atoms have been removed for clarity.

calculation. This calculation took into account the respective Eulerian angular orientations of the F7 and

F14 phenyl rings with respect to the surface, [116] as well as the tilt angles of the backbone and residues L8

and I11 (new data). The best-fit structure from the 22-parameter calculation is very similar to the structure

in Figure 3.2 – a snapshot is provided in Appendix III. We calculate their RMSD to be 2.1 Å. The most

noticeable difference between the two best-fit structures is the position of the F14 residue at the C-terminus,

which lies close to the surface for the 13-parameter best-fit and farther away for the 22-parameter best-fit.

Regarding the angular orientations of the SN15 phenylalanine residues, both best-fit structures’ F7 residues

deviate nearly equally from experimental measurements. However, the 22-parameter best-fit more closely

matches the SFG measurements for F14. Finally, while both best-fit models also deviate from the L8 and
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Table 3.2. Comparison of Observables from Respective Datasets

Measurementa Experimentb RosettaSurfaceb Best-Fit (13) Best-Fit (22)

pS3 φ dihedral angle -60 ± 10 -63.9 ± 12 -62.6 -64.2

pS3 – F7 ∆(C’ – C’) 4.3 ± 0.2 4.3 ± 0.3 4.2 4.2

E4 ∆(Cδ – HAP) > 6.5 11.7 ± 1.4 10.6 11.2

E5 ∆(Cδ – HAP) 4.25 ± 0.09 5.0 ± 0.5 9.3 13.5

K6 ∆(Nζ – HAP) 3.5 ± 0.5 4.3 ± 0.8 3.0 2.0

F7 ∆(RING – HAP) > 6.5 11.3 ± 0.4 6.7 9.8

L8 φ dihedral angle -60 ± 10 -62.7 ± 6.2 -57.5 -59.3

L8 – G12 ∆(C’ – C’) 4.8 ± 0.4 4.3 ± 0.5 4.3 4.6

R9 ∆(Cζ – HAP) 4.62 ± 0.29 4.6 ± 0.4 6.9 10.5

R10 ∆(Cζ – HAP) 4.53 ± 0.16 4.8 ± 0.3 4.4 4.9

G12 φ dihedral angle -73 ± 10 -71.4 ± 8.2 -70.1 -77.3

R13 ∆(Cζ – HAP) > 7.0 7.6 ± 2.5 7.2 16.9

F14 ∆(RING – HAP) 4.55 ± 0.25 12.4 ± 2.8 4.5 13.3

F7 Θ ring axis tilt 11 ± 6 – 61.9 58.9

F7 Ψ ring twist 15 ± 6 – 14.6 15.9

F7 ρ ring normal tilt 76 ± 6 – 31.4 34.6

L8 Cβ – Cγ tilt 27 ± 12 – 52.9 56.3

I11 Cα – Cβ tilt -56 ± 6 – -18.0 -30.1

F14 Θ ring axis tilt 61 ± 6 – 84.7 34.2

F14 Ψ ring twist 34 ± 6 – 0.1 32.8

F14 ρ ring normal tilt 35 ± 6 – 5.3 61.8

average backbone tilt 85 ± 15 – 77.3 78.3

EFF Score (13 // 22)c – // – 0.68 // – 0.72 // 0.55 0.60 // 0.62

a ∆(X – X) indicates the distance between two objects. All tilt angles were measured with respect to the
HAP surface normal.
b Angles are in degrees, distances are in Ångstroms.
c Calculated from a 13- or 22-parameter comparison.

I11 tilt angle values, we note that the orientations of each sidechain agree with experiment.

Regarding the reported α-helical character of SN15, each of the backbone dihedral angles measured in

our best-fit models match experimental values within error. These structures also match, within error,

the predicted backbone tilt angle of the entire peptide (77.3° and 78.3° with respect to the surface normal,

compared to 85° ± 15°). The backbone tilt angle was calculated by averaging the tilt angles of each backbone

carbonyl C=O with respect to the surface, to mimic an SFG analysis of the backbone amide-I stretch.

Keeping with this observation, we note the first three acidic residues have a strong affinity for the HAP
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surface – they are able to effectively penetrate the layer of tightly bound surface waters mentioned in the

preceding section. Residues past K6 have a weaker electrostatic affinity for the surface, and appear to rest

on top of the water layer. Therefore, we propose that the slight tilt along the surface-bound SN15 peptide

is a result of the displacement of the C-terminus by tightly bound waters at the HAP surface.

Figure 3.3. The reweighted free energy profiles of (a) a 13-parameter experimental fitness calculation and
(b) a 22-parameter experimental fitness calculation. High-scoring wells are marked with asterisks.

Fitness values of all surface-bound structures were calculated, and subsequently reweighted (rejecting

the first 35,500 hills in the surface set) to produce the equilibrium Boltzmann distribution of the set. We

present two EFF free energy profiles. The first, shown in Figure 3.3a, is the fitness distribution based on

the 13-parameter comparison we describe above. The best-fit structure from Figure 3.2 does not appear in

Figure 3.3 because its free energy was too high to appear significant on the free energy profile. Figure 3.3b

shows a similar distribution, but incorporates all 22 experimental parameters. In each profile, one can see

two distinct minima that correspond to poorly fit structures and relatively closer fits, respectively. Both

figures show that poorly fit structures make up the global free energy minimum, whereas structures that

more closely match experimental data are markedly higher in free energy. The free energy difference between

the two minima in Figure 3.3a is about 25kT, with deference to the poorly fit structures, and the difference

in Figure 3.3b is somewhat lower at 18kT. A second free energy well can also be seen to the left of the

18kT well in Figure 3.3b around 15kT. Coincidentally, the difference in fitness score between the two wells

is roughly 1/22. The most plausible explanation for this difference is that that a single residue (E4, F7, or

R13) is closer to the surface in the 15kT well than in the 18kT well.
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These perplexing distributions appear to go against established experimental measurements. Based

on our previous experience with the LK peptide on SAM systems, [125] we expected that our simulation

would predominantly favor surface-bound structures that agree well with experimental observation. Even

from a theoretical point of view we expected to see closer agreement, given the promising results from

RosettaSurface.NMR simulations. What we see is that while structures exhibiting a high degree of fitness

are sampled, they are also relatively high in free energy. To help resolve the apparent disagreement between

our simulation and experimental evidence we provide a clustering analysis below.

3.3.3 Clustering Analysis of Adsorbed Structures

In order to avoid relatively high free energy structures in our analysis, we chose to take a representative sample

based on an assessment of Figure 3.1 and a one-dimensional free energy profile of the surface separation

distance (SSD). The region of space we examined was where the SN15 center of mass fell between 0.7 nm

and 1.4 nm away from the surface. This region was wide enough to provide a sample size of roughly 1.6×105

individual surface-bound structures, while narrow enough to exclude structures in energetically unfavorable

proximity to the surface, or in some transitional state between the surface and solution.

Our clustering analysis was performed according to a procedure developed in our previous work. [125]

According to an RMSD cutoff of 3Å – an appropriate cutoff distance for a small biomolecule [135] – surface-

bound structures were grouped into 232 individual, non-overlapping clusters. The one-to-one relationship

existing between each cluster and its constituents permitted us to reweight the cluster set (rejecting the

first 35,500 hills in the surface set), and determine the relative free energies of each individual cluster. An

interesting dichotomy emerges from the cluster set: (1) unfolded, low-scoring structures typically have low

free energies (structures I, II, and III of Figure 3.4), whereas (2) the two densest clusters in the set are folded,

high-scoring structures that are comparably higher in free energy (structures IV and V of Figure 3.4). One

might intuitively expect the denser clusters to be lower in free energy. However, we must note that the most

significant factor in the reweighting algorithm is the production run MetaD bias. In other words, the MetaD

weight inherent to a cluster trumps its population density. The unfolded, low-scoring clusters in Figure 3.4

received substantially more MetaD bias than the folded, high-scoring structures during the production run,

and therefore are lower in free energy. This is also evidenced by the global free energy minimum appearing

on the bottom left of Figure 3.1, where adsorbed structures exhibit low α-helical order.

Nevertheless, the presence of a few densely populated folded states shows that the HAP surface induces

folding, but lacks a critical factor that stabilizes the SN15 folded state. Taking note of this observation, we

see a consistent trend throughout each of our respective analyses. Recalling the surface free energy trough
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Figure 3.4. Representative structures extracted from a clustering analysis. Structures I, II, and III il-
lustrate, in ascending order, the three lowest free energy surface-bound states. Structures IV, V, and VI
illustrate, in descending order, the three most densely populated states. The RMSD value reported below
each structure is with respect to the best-fit structure shown in Figure 3.2. Hydrogen atoms have been
removed for clarity.

present in Figure 3.1, the SN15 domain folds more readily at the HAP surface compared to solution, but

never achieves a stable folded conformation at the HAP surface. Instead, we see a relatively smooth and

gradual slope extending downward from the folded state toward the unfolded state. Moreover, our results

from experimental fitness reweighting in Figure 3.3 describe similar behavior, where a low-scoring, unfit state

appears to be preferred over structures that agree with experimental observations.

Clearly, confinement to the HAP surface is only partially responsible for inducing and stabilizing the

SN15 folded state. Based on the above analysis, we conclude that our system containing a single peptide,

a HAP surface, and explicit water was inadequate for reproducing behavior measured with experimental

techniques. We note that the pristine conditions typically assumed in molecular simulations rarely match

experimental environments, which contain millimolar concentrations of protein, let alone media as heteroge-

neous as human saliva. Furthermore, recent work suggests complex dynamics occur through protein-protein

interactions taking place at a solid surface. [136] Following this, we hypothesized that one or more unac-

counted environmental factors, such as lateral protein-protein interactions, could be affecting the results.
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The fact that saliva is relatively protein-rich, and how statherin has been characterized as a pellicle protein

– meaning many adsorb to tooth enamel as a film – supports the idea that that protein-protein interactions

could play a significant role in stabilizing the SN15 folded state. We carried out several conventional MD

simulations as a first step to test this hypothesis.

3.3.4 MD Analysis of Selected Structures

Seven conventional MD simulations were run, whose initial configurations were as follows: (A) The most

densely populated cluster, (B) The lowest free energy cluster, (C) The best-fit structure from Figure 3.2, (D)

The structure with the lowest 13-parameter EFF score, (E) A representative structure from the low-scoring

basin in Figure 3.3a, (F) A representative structure from the high-scoring basin in Figure 3.3a, assuming high

degree of similarity between high-scoring structures in Figure 3.3a and Figure 3.3b. The seventh simulation

(G) comprised the starting configuration from (F) surrounded by four other unfolded, surface-bound SN15

peptides. The purpose of (G) was to test the protein-protein interaction hypothesis by confining the folded

SN15 peptide to a crowded microenvironment at the HAP surface. Each simulation was equilibrated and

executed according to the setup procedure detailed in the Setup and Methods section above.

Figure 3.5. (a) RMSD trajectories of surface-bound, solitary (red) and crowded (blue) SN15 peptides taken
with respect to the 22-parameter best-fit SN15 structure; and (b) fitness score trajectories produced from a
22-parameter EFF evaluation for surface-bound, solitary (red) and crowded (blue) SN15 peptides. Shaded
regions represent the standard deviation of each trajectory.

Each of the first six simulations deviated significantly from its initial configuration after 25ns of simulation
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time. Most notably, the systems initiated from the folded state exhibited a noticeable degree of unraveling

from the C-terminus. However, the peptide within the seventh system maintained a folded conformation

over the course of the entire simulation. To verify our observation, we extended simulations (F) and (G)

to 100ns and ran each in triplicate. Figure 3.5a shows the averaged Cα RMSD trajectory (with respect

to the best-fit structure from the 22-parameter calculation) of simulations (F) and (G) nested in shaded

regions representing the standard deviation. After about 10ns the solitary peptide began to deviate farther

from the best-fit conformation, later experiencing substantially larger RMSD fluctuations than its crowded

counterpart. These comparatively large fluctuations indicate that the SN15 domain is free to explore a wide

range of conformational space and unfold on very short timescales in the absence of stabilizing protein-

protein interactions. Conversely, one can see the crowded peptide maintained its structure over the course

of the entire 100ns, and also fell within the 3 Å cutoff limit we imposed in our clustering analysis; it also

experienced comparatively diminished structural fluctuations when crowded by other peptides at the HAP

surface.

Simulations (F) and (G) also differ in terms of experimental fitness. Figure 3.5b shows averaged fitness

scores based on the 22-parameter evaluation for both systems over the 100ns duration. One can see each

system experiences an initial drop in fitness, lasting about 25ns. However, the crowded system (G) maintains

a higher fitness score than (F) and begins to trend upward after about 75ns, whereas the score for (F)

consistently decreases over time. Therefore, we propose that lateral protein-protein interactions play a

significant role in stabilizing the SN15 folded state on a hydroxyapatite surface.

Conclusions

In this report we show how we exhaustively sampled the adsorption behavior of the N-terminal binding

domain of statherin (SN15) on the [001] face of monoclinic hydroxyapatite (HAP). Furthermore, we show

that with MD and the enhanced sampling technique PTMetaD-WTE, it is possible to predict the surface-

bound conformation of a domain known to fold only in the adsorbed state. Our predictions agree with results

from the RosettaSurface.NMR algorithm, an alternative surface structure prediction technique. Moreover,

best-fit structures generated from our simulation align well with 22 individual experimental measurements.

Currently, no experimental technique exists that is fully capable of resolving the structure of a biomolecule

at an interface. Barring future technological advances, computer simulations are now more than ever crucial

for overcoming important scientific challenges. These results are evidence that a unique partnership between

theory and experiment is not only possible, but also mutually beneficial to an exciting degree.

Throughout our analysis of the SN15/HAP system we noticed consistent behavior: the HAP surface
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induces the SN15 domain to fold; however, any persistent structural stability is precarious at best. Several

conventional MD simulations were performed to resolve the apparent conflict between our formal simulation

results and experimental measurements reported in the literature. We found that a folded SN15 domain

generally retains its conformation when crowded by other peptides at the HAP surface, whereas solitary

peptides tend to unravel after a short period of simulation time. This result aligns well with statherin’s

biological role as a pellicle protein, which adsorb en masse to tooth enamel and create a film. Just as cellular

proteins rely on a crowded, heterogeneous environment to fold properly, the SN15 domain likely requires

both protein-surface and lateral protein-protein interactions to maintain its conformation. We emphasize

the power inherent to these calculations. We have generated a statistical sample on the order of one hundred

thousand individual surface-bound structures, made accurate of the peptide’s behavior, and also are able to

suggest environmental factors that could play a significant role in the dynamics of a real system. Enabled

by current state-of-the-art computational resources, and powerful software (Gromacs and Plumed) that is

available gratis, future studies should focus on decidedly larger and societally relevant systems.
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Chapter 4

Simulating a Whole Statherin Protein
on Hydroxyapatite

Simulating the adsorption of a biomolecule is a task that requires both detailed knowledge of the system

at hand and a reliable method for sampling conformational space. The first criterion provides necessary

experimental data that validates computational results. The second criterion ensures that a measurably

sufficient amount of conformational space is explored, and establishes the computational results as the best-

possible model of the physical system. For a statherin protein in the presence of a hydroxyapatite (HAP)

surface, a large body of quantitative experimental research satisfies the former criterion. In our prior work,

we successfully applied the Parallel Tempering Metadynamics in the Well-Tempered Ensemble (PTMetaD-

WTE) method to simulate the adsorption of two comparably smaller peptides. Size is a primary concern

for researchers studying the protein folding problem, as the number of possible conformations a protein can

assume increases exponentially with chain length (Levinthal’s Paradox). An extra degree of complexity is

added to this problem when one considers conformational behavior at, or close to, an interface. Therefore,

a thorough, logical approach must be taken when simulating the adsorption behavior of any protein larger

than, say, a dozen residues. Herein, we present a simulation of the salivary protein statherin adsorbing to

the [001] face of monoclinic hydroxyapatite. Statherin is a protein responsible for inhibiting the accretion

of calcium phosphate in saliva. Statherin also naturally binds to tooth enamel with its acidic N-terminal

residues, and acts as a lubricating agent in the adsorbed state. At 43 residues in length, statherin is the

largest protein we have studied to date in the context of adsorption. While larger proteins on surfaces have

been simulated elsewhere, those studies have not achieved the high degree of sampling we present below.

As we mentioned in the preceding chapter, a substantial amount of experimental work has been done on

the statherin/HAP system. [110, 137] There, we reviewed literature that focuses on the first 15 residues of

statherin (SN15) – the putative binding domain. The C-terminal residues (Y16 to F43) have received less
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attention due to their relatively disordered nature and comparatively weak affinity for hydroxyapatite, both of

which complicate measurement. Nevertheless, some valuable information has been deduced regarding certain

structural and functional attributes of the statherin C-terminus. In a solid-state nuclear magnetic resonance

(ssNMR) experiment, Masica and coworkers showed that P28 does not interact with the HAP surface when

statherin is in the adsorbed state. [30] Likewise, in a separate ssNMR study Ndao and coworkers showed

that E26 also does not interact with a HAP surface. [120] This latter result is somewhat surprising, given the

affinity acidic residues have for the mineral surface, and supports the tight packing density scheme proposed

by R. Goobes and coworkers. [138]

These observations, however, do not negate C-terminal involvement with adsorption. Results from an in

situ ellipsometry study, performed by Santos and coworkers, indicate the opposite is a more likely scenario.

[139] Comparing affinity for a HAP surface, they found that statherin adsorbs in higher concentrations

compared to a fragment comprising its first 21 residues (StN21), implicating the C-terminus in surface

binding. With data obtained from ssNMR and the Rosetta structure prediction algorithm, G. Goobes and

coworkers proposed that the P33–Y38 region of statherin adopts an α-helical conformation when statherin

is adsorbed to HAP. [140] Furthermore, the hypothetical tertiary structure of the adsorbed protein could

involve the P33–Y38 domain interacting with the proline-rich midsection (residues Y16–P28). Statherin

C-terminal composition and structuring are also hypothesized to play a role in bacterial adhesion. Studies

have shown the periodontopathogens Porphyromonas gingivalis and Fusibacterium nucleatum binding to the

L29–F43 and P33–Q39 regions of statherin, respectively. [141,142]

Below, we report on an all-atom molecular dynamics (MD) simulation of an explicitly solvated statherin

molecule in the presence of a monoclinic HAP surface. The PTMetaD-WTE method was used to obtain a

representative sample of conformational space on and off the HAP surface. We analyze the adsorption behav-

ior of statherin, evaluate how well the simulation matched experimental results, and discuss the structural

details of statherin in the adsorbed state. In the Sampling Details we discuss our rationale for balancing

computational cost with comprehensive sampling, which must be seriously considered when simulating even

moderately sized proteins. The protocol for determining simulation convergence is also discussed. These

last two points are crucial when studying biomolecular adsorption, and even more so if the biomolecule of

interest is capable of adopting a broad range of conformations.

Simulation Setup

The primary structure of statherin was built with the psfgen algorithm available in the Visual Molecular Dy-

namics (VMD) software package [90]; its two phosphoserines were constructed and parameterized according
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to data reported by several groups. [127–129] The HAP surface took the form of a continuous, monoclinic

slab, one unit cell thick (6.88 Å) and ten unit cells (94.2 Å) long along the a and b box vectors (box angles:

α = β = 90°, γ = 120°). Atomic coordinates for a HAP unit cell were set according to experimental crys-

tallographic data for monoclinic hydroxyapatite. [130, 131] The surface was parameterized with force field

information made available by Hauptmann and coworkers. [132] The solution environment consisted of 24190

TIP3P [133] explicit water molecules and four sodium ions to maintain charge neutrality.

Simulations were performed with the Gromacs 4.5.5 MD engine [51] and AMBER99SB-ILDN force field.

[134] Free energy calculations were performed with the PLUMED 1.3 plugin for Gromacs. [53] A cutoff of 10 Å

was placed on short-range, non-bonded interactions. Long-range electrostatic interactions were calculated

with particle mesh Ewald (PME) summation. A time step of 2 fs was used in every simulation. Initially, a

solvated statherin system, sans surface, was energetically minimized for 10000 steps with a steepest decent

algorithm. The minimized statherin system was then equilibrated to a pressure of 1 bar and temperature of

310K with a Berendsen barostat [94] and stochastic velocity-rescaling thermostat [93] in a 1 ns simulation.

Following the preceding equilibration step, the statherin system was grafted above a HAP surface (box

dimensions: a = b = 94.2 Å, c = 106 Å and α = β = 90°, γ = 120°). This newly assembled system was then

energetically minimized for 10000 steps and thermally equilibrated at 310K in a 1 ns simulation, where the

HAP surface was frozen in place and would remain frozen for all subsequent simulations.

The statherin molecule is significantly larger than the peptides in our prior studies. As such, it required

a more elaborate restraint to prevent it from interacting with the bottom of the HAP surface through the

periodic boundary. Thus, a three-part quartic restraint – Equation 4.1 – was placed on the Cα center of

mass (COM) of three corresponding segments along the statherin backbone: the SN15 domain (residues 1

to 15), the following 15 residues, and the trailing 13 residues.

U(s) = K(s− L)4 (4.1)

The COM position is represented by s. The restraint was placed at L=85 Å, and used a spring constant K

value of 1,000,000 kJ·mol−1·Å−4 to prevent any spurious interactions between statherin and the bottom of

the HAP surface. A sufficient amount of space remained for the protein to diffuse beyond the surface force

field cutoff.

We used the PTMetaD-WTE technique to induce the exploration of a diverse range of states in our

MD simulation. PTMetaD (Parallel Tempering, PT [42, 43] + Well-Tempered Metadynamics, WTM [41])

has been demonstrated to be effective for studying biomolecular phenomena, [44, 46, 85] including peptide

adsorption [125] in the Well-Tempered Ensemble (WTE). [49] Results from a PTMetaD-WTE simulation
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are amenable to reweighting, which produces the equilibrium Boltzmann distribution of any observable

regardless of whether the observable was biased or not. [45] In the statherin simulation, bias energy was

initially deposited at a rate of 4 kJ·mol−1·ps−1, and scaled over the course of the simulation by a bias factor

of 10. The WTE was constructed in the same manner as our previous work with a bias factor of 15. A set

of 24 replicas was generated from the system described in the setup above. Each replica was equilibrated at

distinct temperature derived from a numerically generated distribution. [95]

We employ an augmented version of the experimental fitness function (EFF) introduced in the previous

chapter. Experimental data describing the C-terminal residues were incorporated into the updated version.

The full set includes the literature data shown in Table 3.1 in Chapter 3, and Table 4.2 below.

Table 4.1. Experimental Parameter Set and Sources

Residues Measurementa Exp. Valueb Reference

P23 – P33 ∆(H(4’ ring position) – C’) 8.8 ± 0.8 G. Goobes, 2006 [140]

10.5 ± 1.0

P23 – Y34 ∆(H(4’ ring position) – C’) 8.8 ± 0.8 G. Goobes, 2006 [140]

10.5 ± 1.0

E26 ∆(Cδ – HAP) > 6.5 Ndao, 2009 [120]

P28 ∆(Cδ – HAP) > 7.28 Masica, 2010 [30]

P33 – Y34 ∆(C’ – C’) 3.12 ± 0.13 G. Goobes, 2006 [140]

P33 – Y38 ∆(C’ – N) 5.3 ± 0.5 G. Goobes, 2006 [140]

Y34 φ dihedral angle -75 ± 15 G. Goobes, 2006 [140]

Y34 ψ dihedral angle -40 ± 10 G. Goobes, 2006 [140]

Y34 – Y38 ∆(C’ – N) 4.0 ± 0.5 G. Goobes, 2006 [140]

a ∆(X – X) indicates the distance between two objects. All tilt angles were measured with respect to the
HAP surface normal.
b Angles are in degrees, distances are in Ångstroms.

Two values are reported for distance measurements between the 4’ hydrogen of P23 (substituted as a

fluorine in experiment) and the backbone carbonyl carbon of P33 and Y34 respectively. G. Goobes and

coworkers report that a distinction could not be established between the two measurements; therefore, both

values are reported together. To accommodate these data, the EFF was modified so that the scoring function

incorporated two Gaussian peaks instead of one.
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Sampling Details

When sampling a system with Metadynamics (MetaD), specific collective variables (CVs) representing in-

herently slow degrees of freedom are biased. Extensive and efficient exploration of phase space is dependent

on which CVs are chosen. The process through which a biomolecule adsorbs and desorbs from a surface is

often slow by simulation standards, taking place over seconds or even hours in some experimental procedures.

If the attractive potential of a surface has a strong influence on a biomolecule, it is doubtful that thermal

fluctuations alone would ever be sufficient to dislodge the biomolecule – at least on any computationally

practical timescale. Therefore, it is necessary to bias a biomolecule’s position normal to a surface in order

to comprehensively sample a wide range of biomolecule-surface interactions. Accordingly, we biased the Cα

COM of the statherin molecule along the Z-axis (normal to the HAP surface) of the simulation environment.

Computational expense (concomitant with convergence time) of a simulation increases with the number

of biased CVs. In order to minimize computational expense, we chose to bias one additional CV for the

purpose of sampling configurational space. Given that statherin is only known to adopt a persistent secondary

structure in the adsorbed state – implying that confinement effects at the surface strongly influence the SN15

domain to fold – whereas the majority of the protein remains unstructured in both solvated and the adsorbed

states, we assumed that the radius of gyration should be a sufficient descriptor. Moreover, biasing the radius

of gyration of the entire statherin molecule should yield a more diverse sample of extended and collapsed

states than if N-terminal hydrogen-bond contacts were biased instead.

Several auxiliary MD simulations of statherin on and off the HAP surface, at different temperatures,

were carried out in order to test our hypothesis. At low temperatures, the statherin molecule preferentially

assumed a globular conformation on and off the surface, and showed little deviation from the compact state.

Conversely, at low and high temperatures, we observed the SN15 domain of a surface-bound statherin to

repeatedly form and break α-helical hydrogen bonds. Large-scale structural changes occurred over much

longer timescales. These preliminary simulations supported the notion that the extension and collapse of the

statherin molecule occurs on a longer timescale than α-helical bond formation, especially in the adsorbed

state. We proceeded with a production simulation wherein the statherin surface proximity and radius of

gyration were biased. The MetaD sigma value for both CVs was 1 Å.

The simulation was run until our convergence criteria were satisfied, amounting to 500 ns/replica or 12µs

of total simulation time. Generally, it is considered good practice to judge the convergence of a simulation

along several metrics. Three metrics were used for this simulation. First, we tracked the sample evolution

of biased and unbiased collective variables (CVs) over the course of the simulation. This convergence cri-

terion depended on the observation that no new regions of CV space were being sampled after a sufficient
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amount of simulation time. The second involved monitoring the free energy difference between two apparent

macrostates. Convergence can be assumed once the free energy difference between the two states is observed

to attain a constant value for a sufficient amount of time. We note this metric requires a posteriori knowledge

of the system’s macrostates, and therefore cannot be performed until a substantial amount of sampling has

already taken place. We monitored the free energy difference between the solvated state and an arbitrary

surface macrostate for several biased and unbiased CVs; namely, the whole protein COM, SN15 domain

COM, protein midsection COM, protein tail COM, radius of gyration, and SN15 hydrogen bond contacts.

Most of the CVs converged in less than 200ns (per replica basis), whereas the radius of gyration required

nearly 400ns. The final convergence metric we used was related to the MetaD bias itself. This convergence

criterion was met once both the magnitude of MetaD bias and its decay rate had asymptotically approached

zero for a sufficient amount of time – where a trend showing hill height versus time is essentially flat and

close to zero. We continued our simulation for 100ns/replica (20% of the total simulation time) past the

point where all convergence criteria were satisfied in order to ensure the simulation was converged.

Results and Discussion

In this analysis, we examine the 310K replica as it is the most biologically relevant. Free energy results

represent the equilibrium Boltzmann distributions of the respective CVs, which were extracted from the

original MetaD bias with a reweighting algorithm. [45]

4.3.1 Free Energy Features of Statherin Adsorption

A reweighted free energy surface (rejecting the first 100,000 hills – the transient period) of the statherin

surface separation distance (SSD) versus its radius of gyration is shown in Figure 4.1. As expected, statherin

preferentially exists in a collapsed conformation in solution, and experiences a substantial degree of defor-

mation upon adsorption. In contrast to the free energy surfaces in Chapters 2 and 3, we see three distinct

macrostates take shape at the HAP surface (states I, II, and III). These three states represent conformations

of varying elongation, whose local minima become more proximal to the surface with increasing extension.

We also note two distinct free energy troughs extending from state I into solution. The first, running along

the bottom of Figure 4.1, represents the case of a compact molecule approaching the surface. Upon adsorp-

tion, the protein orients itself in some thermodynamically preferred manner without much configurational

disruption. The second trough, extending diagonally into solution from state I, most likely corresponds to

a loose, globular state whose bulk is detached from the surface but still bound by some trailing domain.

Further structural analysis of this region revealed the SN15 domain bound to the HAP surface with a glob-
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ular C-terminus protruding into the bulk in most cases. A possible mechanism could exist where the SN15

domain hitches onto the HAP surface and, upon binding, draws the bulk of the protein closer to the surface

as Figure 4.1 suggests.

Figure 4.1. The reweighted free energy surface for the statherin radius of gyration versus its Cα COM
SSD shows several features related to its adsorption behavior. The surface-bound, globular state (I) contains
the global free energy minimum and suggests two possible pathways for statherin adsorption. States II and
III represent extended surface structures whose globular forms are broken and stabilized by the attractive
potential at the HAP surface. Isolines are spaced every 2kT whereas the color bar is in units of kT.

A reweighted, one-dimensional free energy profile of the Cα SSD (not shown) was calculated from the

MetaD results; it depicted an adsorption free energy difference of -14.12 ± 0.04 kJ/mol, which differs from

the experimental literature value – -42.3 ± 2.1 kJ/mol [143] – by less than a factor of three. The fact that

the calculated adsorption free energy is the same order of magnitude as the experimental value gives weight

to the accuracy of our simulation. The statherin adsorption free energy we calculated is much less than that

of a lone SN15 fragment. This is most likely because of the C-terminal statherin residues interfering with the

formation of close contacts between the N-terminal residues and the HAP surface. The fact that statherin

60



binds to HAP more strongly in experimental studies suggests that the protein experiences a cooperative

binding effect in the presence of other proteins.

The free energy gradient between the adsorbed and solvated states appears to steepen with increasing

protein extension. Several factors most likely contribute to this behavior. As we note in our prior studies, a

protein is likely to compete with water for surface contact if the surface is very hydrophilic. Other factors

to consider are charged residues with high electrostatic affinity for the HAP surface, and hydrodynamic

behavior (e.g., the hydrophobic effect), which balance to influence adsorption behavior.

Surface-bound structures were clustered and reweighted in order to give context to our interpretation of

statherin adsorption. Low free energy structures for states I, II, and III from Figure 4.1 are illustrated in

Figure 4.2. Structures in state I appear to preferentially situate themselves with their charged residues –

mostly at the N-terminus – oriented toward the surface. Notably, structure Ia assumes a slab-like confor-

mation but rests precariously on its edge. This case is an example of a stable conformation arising from the

balance between charged residues forming favorable surface contacts and C-terminal residues self-associating

into a hydrophobic bundle. The same behavior is evident in structures Ia, Ib, and Ic. Proline and tyro-

sine residues compose much of the C-terminus, and are not only more likely to configure themselves in a

hydrophobic bundle but also lack the electrostatic potential necessary to pierce the layer of tightly bound

surface waters. Residue E26 stands out in snapshots Ia and Ib where it appears bound to the surface, in

disagreement with experiment. [120] In a physical system, surface crowding by other biomolecules would

prevent this interaction. [138] States II and III display a variety of extended, disordered conformations. In

the examples we provide, it is visually apparent that the N-terminal binding domain strongly associates with

both the surface and itself, in several cases forming a distorted α-helix. The globular C-terminus, seen in

state I, does not exist in states II and III. Rather, the disrupted hydrophobic residues only loosely associate

with each other and are drawn in closer to the surface by electrostatic and van der Waals forces. However,

even in these extended states, few residues are able to pierce the layer of water bound by the HAP surface.

Additionally, we reweighted the hydrogen-bond contacts with respect to the SSD of the SN15 domain,

and compare the resulting FES to the case of an SN15 fragment in Figure 4.3. We see a greater free energy

difference between the solvated and bound states for an SN15 fragment, suggesting that the overall size of

the adsorbing molecule plays a role in how tightly it binds to a surface. In the case of statherin, the global

free energy minimum at the surface shows greater α-helical content than the SN15 fragment, which could

be due to some feature of the C-terminus stabilizing the fold.
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Figure 4.2. Low free energy examples of the structures that populate each state shown in Figure 4.1. In
each case the N-terminus (pink) appears tightly bound to the HAP surface, while the remaining residues
(yellow) exist in various states of self-association through hydrophobic interactions.

4.3.2 Experimental Fitness

The statherin molecule has been extensively studied over the past few decades. In addition to the attention

paid to the SN15 binding domain, the C-terminus has been characterized to some extent through ssNMR

experimentation. [30,120,140] We incorporated data on the C-terminus into an experimental fitness function,

and performed a frame-by-frame analysis of each adsorbed structure whose COM fell below a SSD of 25 Å.

The cutoff of 25 Å encompassed a range of collapsed and extended structures of various orientations, and

embodied a sufficient sample for our purposes. The surface set was reweighted (rejecting the first 35,000

– the transient period for the surface set) in order to see how well our simulation replicated experimental

findings.

We performed two separate calculations: the first (A) only considered data that described the SN15

domain; the second (B) took into account data for the whole protein. The free energy profiles from each of

these calculations are shown in Figure 4.4. We note the similarity between these two profiles and Figure 3.3
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Figure 4.3. The reweighted free energy surface for α-helical hydrogen bonds versus the SN15 domain COM
SSD for the statherin system (left) and a system containing a solitary SN15 domain (right). The N-terminal
residues of a whole statherin molecule appear slightly more helical than the SN15 domain. Both systems
show a similar degree of α-helical content in solution. Isolines are spaced every 2kT whereas the color bar is
in units of kT.

in Chapter 3. Specifically, structures of low fitness appear more energetically favorable, whereas a few

metastable states appear at the jagged, high-scoring extremes in either profile. As a comparison, we thought

it useful to see how well the structures scored for general structural features. Therefore, two supplementary

reweighting calculations (C and D) were performed, which omitted side chain tilt angles – specifically, L8

and I11, as well as the F7 and F14 ring tilts. Calculation C paralleled A, using only SN15 data, whereas D

paralleled B and used whole protein data.

In the cases of C and D in Figure 4.5, both profiles depict even more pronounced high-scoring metastable

states that closely resemble those seen in Figure 3.3. This could suggest an error in the molecular model, the

sampling, or the simulation environment. We believe the last option is the most likely culprit as discussed in

the previous chapter. The reason for the noticeable disagreement between our simulation and experimental

findings could be due to the fact that we are only sampling a single peptide on a pristine [001] HAP

surface. Surface protein-protein interactions probably play a significant role in stabilizing the surface-bound

conformation of statherin.

Best-fit structures were extracted from each calculation. Quantitative structural information for each

best-fit conformation is compared with experimental data and RosettaSurface.NMR results in Table ??.

Structures from calculations A and B closely resemble each other (RMSD = 0.644 Å), so we present B in

Figure 4.6. The best-fit structure resembles a constituent of state I in Figure 4.1 – a compact, globular

structure whose loosely α-helical N-terminus is tightly bound to the HAP surface. The C-terminus forms a
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Figure 4.4. Reweighted free energy profiles for experimental fitness calculated from a set of surface-bound
structures. The calculation using only SN15 domain data (pink) and the calculation that used whole statherin
molecule data (green) show that the statherin molecule weakly fits to experimental values in the simulated
adsorbed state.

self-associated hydrophobic core, whose marginal residues interact weakly with the surface. This supports

the experimental finding that the trailing residues interact with the proline-rich midsection of statherin.

However, no apparent C-terminal α-helicity is noticeable. The best-fit structures from calculations C and

D in Figure 4.7 possess N-termini that are more loosely bound to the surface, and C-termini that are more

elongated than the best-fit structures from A and B. Such a diverse set of surface conformations may suggest

that there may not be a single “precise” adsorption state because of the inherently disordered nature of the

statherin molecule. Rather, the protein could exist in a variety of functional states at the HAP surface. A

functional state may not need to be any more specific than one whose N-terminus facilitates recognition and

binding, leaving the C-terminus free to lubricate, interact with other surface-bound entities, and bind to
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Figure 4.5. Reweighted free energy profiles for experimental fitness calculated from a set of surface-bound
structures without using data for sidechain tilt angles. The calculation using only SN15 domain data (red)
and the calculation that used whole statherin molecule data (blue) show a similar trend as Figure 4.4,
favoring states that weakly fit to experimental data. However, the pronounced metastable state (asterisk)
is reminiscent of the fitness profile from Chapter 3, suggesting that high-scoring states are being visited but
the simulation lacks a crucial feature necessary for experimental agreement.

exogenous life forms. This scheme is flexible and adaptable to various environmental features, which would

be ideal for a salivary protein whose milieu is subject to fluxes in pH and molecular concentrations, not to

mention irregular tooth morphology and chipped teeth.

Conclusions

In this final chapter, we examined the adsorption behavior of a whole statherin molecule on hydroxyapatite.

The extensive sample of surface-bound structures was reweighted to show three distinct states of varying
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Figure 4.6. The best-fit structure from a 31-parameter fitting calculation. N-terminal residues (purple)
are in close contact with the HAP surface; its basic residues appear to fold and assist with surface binding.
The trailing C-terminus (yellow) forms a compact hydrophobic globule consisting of tyrosine and proline
residues; its polar glutamine residues point away from the globule into solution.

elongation at the HAP surface, the most favorable of which is a compact globular conformation. We highlight

two pathways for statherin recognizing and binding to a HAP surface: one involves a compact globule coming

to rest on the surface without undergoing substantial distortion; whereas the second suggests the N-terminus

first hitches onto the surface, from which point the entire protein succumbs to the attractive surface potential.

Surface-bound structures generally show low to moderate agreement with experimental data, suggesting that

a more heterogeneous simulation environment is required to reproduce experimental conditions.

The statherin/HAP system is the largest system we have studied to date with PTMetaD-WTE method

for the purpose of studying adsorption behavior. Furthermore, to the best of our knowledge, statherin is the

largest protein ever simulated in the presence of a surface with the Metadynamics algorithm, offering new

evidence that such a complex system can be rationally modeled and converged. We show in this work that

biasing a CV that describes general structural behavior (i.e. the radius of gyration) may be advantageous

compared to biasing several specific degrees of freedom (e.g. hydrogen bonds), especially when the surface is

known to induce folding. The most notable reason for this is the SN15 H-bond contact FES comparison shown

in Figure 4.3. A similar degree of low free energy α-helical conformational space was sampled while statherin

extended and contracted at the surface under the influence of the MetaD bias. Specific challenges for future
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Figure 4.7. Best-fit structures from EFF calculations performed without considering side chain tilt angles.
The best-fit structure from a 13-parameter calculation (red N-terminus) shows a high degree of α-helicity in
its N-terminus, but lacks C-terminal detail seen in experiments. The best-fit structure from a 22-parameter
calculation (blue N-terminus) shows a more distorted N-terminus. The C-terminal proline and tyrosine
residues interact in this case, but no α-helical character is apparent in the C-terminus.

work on large proteins will concern proper selection of CVs, ascertaining convergence, and mimicking an

experimental or living environment. We emphasize that none of this would be as relevant if not for extensive

experimental characterization. Experimental techniques like ssNMR and SFG, coupled with simulations such

as the one presented here, stand to offer a dramatically enhanced picture of adsorption phenomena in the

coming years.
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Table 4.2. Comparison Between Experiment, RosettaSurface.NMR, and Best-Fit Structures

Measurementa Experimentb RosettaSurface.NMRb Abc Bbc Cbc Dbc

pS3 φ dihedral angle -60 ± 10 -63.9 ± 12 -63.2 -75.6 -59.0 -73.0

pS3 – F7 ∆(C’ – C’) 4.3 ± 0.2 4.3 ± 0.3 4.2 4.4 4.2 4.1

E4 ∆(Cδ – HAP) > 6.5 11.7 ± 1.4 7.0 7.5 9.3 13.5

E5 ∆(Cδ – HAP) 4.25 ± 0.09 5.0 ± 0.5 7.4 9.3 4.3 8.0

K6 ∆(Nζ – HAP) 3.5 ± 0.5 4.3 ± 0.8 11.3 10.8 2.8 2.2

F7 ∆(RING – HAP) > 6.5 11.3 ± 0.4 13.6 13.4 12.5 13.8

L8 φ dihedral angle -60 ± 10 -62.7 ± 6.2 -59.9 -69.7 -56.1 -60.7

L8 – G12 ∆(C’ – C’) 4.8 ± 0.4 4.3 ± 0.5 4.5 4.5 5.0 5.0

R9 ∆(Cζ – HAP) 4.62 ± 0.29 4.6 ± 0.4 4.5 4.7 3.6 12.3

R10 ∆(Cζ – HAP) 4.53 ± 0.16 4.8 ± 0.3 8.8 8.0 14.1 20.7

G12 φ dihedral angle -73 ± 10 -71.4 ± 8.2 -70.2 -75.2 -71.8 -74.1

R13 ∆(Cζ – HAP) > 7.0 7.6 ± 2.5 4.0 3.9 9.2 10.9

F14 ∆(RING – HAP) 4.55 ± 0.25 12.4 ± 2.8 10.1 10.6 18.5 14.7

average backbone tilt 85 ± 15 – 75.5 76.5 69.3 73.2

P23 – P33 ∆(4’H – C’) 8.8 ± 0.8 12.8 ± 2.5 10.2 8.9 18.7 2.9

10.5 ± 1.0

P23 – Y34 ∆(4’H – C’) 8.8 ± 0.8 13 ± 2.6 12.1 10.9 18.5 2.6

10.5 ± 1.0

E26 ∆(Cδ – HAP) > 6.5 21.3 ± 8.5 9.3 8.7 25.0 10.9

P28 ∆(Cδ – HAP) > 7.28 21.7 ± 8.7 6.1 5.2 17.5 13.8

P33 – Y34 ∆(C’ – C’) 3.12 ± 0.13 3.1 ± 0.1 3.6 3.3 3.3 3.1

P33 – Y38 ∆(C’ – N) 5.3 ± 0.5 6.4 ± 0.4 10.2 9.4 13.9 8.8

Y34 φ dihedral angle -75 ± 15 -67.2 ± 8.5 -118.1 -74.8 -94.2 -55.2

Y34 ψ dihedral angle -40 ± 10 -36.8 ± 8.2 2.7 -94.7 175.2 -32.3

Y34 – Y38 ∆(C’ – N) 4.0 ± 0.5 4.3 ± 0.6 8.5 8.1 10.8 8.9

F7 Θ ring axis tilt 11 ± 6 – 8.1 12.0 90.5 37.6

F7 Ψ ring twist 15 ± 6 – 5.7 6.3 15.3 28.0

F7 ρ ring normal tilt 76 ± 6 – 82.0 78.1 15.3 57.4

L8 Cβ – Cγ tilt 27 ± 12 – 0.0 -17.2 14.8 32.1

I11 Cα – Cβ tilt -56 ± 6 – -38.6 -35.7 -17.9 28.8

F14 Θ ring axis tilt 61 ± 6 – 33.2 39.6 90.7 53.7

F14 Ψ ring twist 34 ± 6 – 17.6 25.5 31.0 35.1

F14 ρ ring normal tilt 35 ± 6 – 58.4 54.9 31.0 48.8

a ∆(X – X) indicates the distance between two objects. All tilt angles were measured with respect to the
HAP surface normal.
b Angles are in degrees, distances are in Ångsrtoms.
c Values used in EFF calculation are in boldface.
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Coda

At the onset of the work presented in this thesis, specific challenges were facing the surface science community

from both experimental and theoretical points of view. While experimentalists had at their disposal numer-

ous sophisticated surface analysis methods for studying biomolecules at interfaces, they lacked a unifying

factor that could bring their individual measurements into sharp clarity. Computational scientists sought to

provide this unifying factor, and molecular simulation appeared to be a sensible solution. However, early

adsorption simulations used rudimentary sampling techniques, which provided some detail but were inef-

fectual at addressing the onerous sampling challenge inherent to simulating three interfaces (protein/liquid,

protein/surface, liquid/surface). As we have shown, the robust sampling power of the Parallel Tempering

Metadynamics (PTMetaD) scheme, coupled with the reduced computational cost that the Well-Tempered

Ensemble (WTE) allows, improves upon past strategies in a quantifiable manner. The accomplishments and

contributions made by this work can be summarized as the following:

• Extended the applicability of the PTMetaD enhanced sampling method to study protein adsorption;

specifically, by designing, testing, and implementing appropriate collective variables for simulation and

analysis.

• Showed that the WTE reduces the computational cost of large-scale all-atom PTMetaD simulations.

• Showed that results from a PTMetaD-WTE adsorption simulation can be compared to, and validated

by, experimental measurements.

• Provided predictions for low free energy surface-bound conformations that agree with experimental

findings and other structure prediction algorithms.

• Evaluated the efficacy of modern adsorption simulation protocol; specifically, in regards to choice of

force field and simulation environment.

• Gained attention in the simulation and experimental communities through conversations, publications,

and talks at national conferences.

69



Impact

The findings reported in this work should appeal generally to anyone interested in simulating large-scale

all-atom simulations, and specifically to those who study the behavior of complex molecules at interfaces.

We note that several domestic and international research groups have taken notice of our contributions.

The PTMetaD-WTE scheme for all-atom simulations has been employed for the purpose of studying: the

dimerization and trimerization of a homooligomeric peptide, [144] the free energy landscape of a small peptide

folding, [145] structural and mechanistic details of allostery in a transcription factor, [146] and structural

changes in a protein with oncogenic mutations. [126] The results from each of these studies aligned well

with experimental findings, highlighting the robustness of the PTMetaD-WTE method. Furthermore, the

effectiveness of the PTMetaD-WTE method has been cited in fundamental thermodynamic research that

examined phase transitions. [147] Our work has also gained notoriety and validity by being cited by several

groups interested in simulating adsorption phenomena. [148–151] One other group has also begun using

PTMetaD-WTE for their adsorption simulations. [31] The applicability of PTMetaD-WTE is clear and

broad – as evidenced by these published studies – and likely to remain relevant far into the future.

Future Work

A particularly exciting aspect of this work is the fact that it provides a strong basis for future projects.

The large-scale simulation work that the PTMetaD-WTE method facilitates has the potential to enhance

many fields of study. Much work is yet to be done, however, in terms of simulating large molecular systems

while keeping computational costs low. In addition to the impact our work has had on other groups, the

Pfaendtner Research Group has used this enhanced sampling method to study structural changes in human

fibrin protein, [152] and how ionic liquids affect the conformational free energy of glucose. [153] For protein

adsorption simulation, this work has created more questions than could have possibly been answered in a

single thesis. To begin, both LK peptides and statherin are thought to aggregate in solution. Undoubtedly,

this multibody behavior affects adsorption mechanics and the free energy landscape of the surface-bound

state. Future simulations should take into account heterogeneous mixtures, the affect of molecular crowding

in solution and at an interface. Moreover, many adsorption simulations currently assume ideal surface and

solvent conditions. In reality, the two phases are in flux, and may affect how solute molecules behave at the

interface (e.g., nucleated mineral growth, pitting, or diffusion). This is related to an active area in adsorption

simulation research, focused primarily on ascertaining the accuracy of current models and force fields, with

a long-term goal of producing one or more interfacial force fields. [28,81,154,155] Additionally, temperature
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appears to affect protein adsorption in different ways, depending on surface functionality. With increasing

temperature, preliminary data shows adsorption free energies for hydrophilic and hydrophobic surfaces to

increase and decrease, respectively. A full thermodynamic analysis of this phenomenon should be carried

out, as it may greatly enhance our current understanding of adsorption.

Finally, there is room for development in regards to the PTMetaD-WTE method itself in two ways.

Firstly, a known issue in the simulation community is that Metadynamics results do not lend themselves

to kinetic interpretation. The rich dataset that PTMetaD-WTE simulations provide require a specialized

tool that would extract mechanistic details surrounding adsorption and conformational change at interfaces.

Fortunately, some work is already underway with this in mind. [135,156,157] Secondly, where comprehensive

sampling was an issue addressed by this work, sampling efficiency will be a future challenge. In concrete

terms, sampling efficiency can be measured in terms of convergence times (for Metadynamics) and round-

trip times (for Parallel Tempering) – future systematic algorithms would work to minimize both. Improving

Metadynamics convergence times would be a difficult exercise. On the other hand, a method similar to

Metadynamics or Wang-Landau sampling could conceivably act on a set of replicas in PT to induce efficient

diffusion through temperature space. Regardless, important work has been, is, and will continue to be done

to further the validity and legitimacy of molecular simulation in surface science. As with any theoretical

model, scientific progress will continue to push the limits of the model until it breaks, then fix it, and continue

moving forward.
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Appendix I

Further Details of MD and Metadynamics Simulations

The simulation box was constructed as follows: First, a conjugate gradient energy minimization was per-

formed for approximately 5000 steps. Next, a 1 ns NPT simulation was performed with a stochastic velocity

rescale thermostat and Berendsen barostat at 300K and 1 atm in order to equilibrate the box dimen-

sions. [93, 94] We obtained starting structures for the unfolded state through thermal annealing, where the

system was heated to 600 K for 1 ns, allowing it to equilibrate to an unfolded state. Before either the

PTMetaD or PTMetaD-WTE simulations were initiated, short 500 ps simulations were performed on each

individual replica so that they could equilibrate to their specific temperatures, ensuring that the replicas

were not at identical points in phase spaceat the beginning of the formal simulations. The Cα RMSD (com-

pared to the lowest energy NMR structure) of the replicas that started in the unfolded state ranged from

4 to 9 Å. We performed the PTMetaD-WTE simulations using a two-step process. We first performed a

1 ns PTMetaD simulation biasing only the potential energy (PE) CV. The cumulative bias potential from

this simulation was then implemented as a static bias potential (no further Gaussians were added to the PE

CV) while the other folding CVs were biased according to the well-tempered metadynamics algorithm. The

parameters we set for the work reported in Chapter 1 are as follows. After initial testing, we selected values

of 12 and 24 for γ. The Gaussian width for the PE CV was set to 500 kcal/mol.

Functional Form of Collective Variables and Associated Parameters
for PTMetaD

Two collective variables were biased during the simulations: 1) backbone hydrogen bonds and 2) hydrophobic

core contacts. Mathematically, the CVs are described by well-tuned switching function shown here:
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sij(t) =
1− (rij(t)/ro)

n

1− (rij(t)/ro)
m

where rij is the distance between two CV atoms at time t, ro defines a fully formed contact (ro (Hbond) =

2.5 Å, ro (Hcore) = 5.0 Å), and n and m are exponential factors that correspond the variable the bond length.

For both CVs, the value of n and m were 8 and 12, respectively. Hydrogen bonds were counted as individual

pairs, whereas each hydrophobic atom combination was counted to define the folded core. [44,158,159] These

two particular CVs can be expressed as:

SHbond(t) =
HB∑
i=j=1

sij(t)

SHcore(t) =

HC∑
i=1

HC∑
j=1

sij(t)

where S(t) is the value of the CV at time t, HB is the number of α-helical hydrogen bonds in the

native state, HC is the number of Cγ side-chain atoms in the hydrophobic core, and sij(t) is the expression

in equation 1. The i and j sets for hydrogen bonds contain the relevant hydrogen and oxygen indices,

respectively. The i and j sets for the hydrophobic core CV contain identical sets indices of the atoms that

describe the core.

To construct the MetaD bias potential used to study tryptophan cage folding, a Gaussian deposition

rate of 2 hills/ps was chosen, σ values for the hydrogen bond and hydrophobic contact CVs were both

0.4, and the initial Gaussian hill height was 0.6 kcal/mol with the separate Well-Tempered Metadynamics

scaling parameter γWTM set at 8. For clarity we note that the PTMetaD-WTE algorithm can have two

different γ parameters: one sets the magnitude of the PE fluctuations and the other sets the magnitude of

the bias potential for the additional CVs. Exchanges were attempted between replicas every 0.4 ps with the

PTMetaD algorithm implemented in PLUMED/GROMACS. [51,53]
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The Quantitative Comparison of PTMetaD-WTE and PTMetaD
Free Energy Surfaces

To quantify the differences between the PTMetaD-WTE and the PTMetaD FESs, we used the RMSD of

the PTMetaD-WTE FES aligned to that of the reference (simulation I). This has been shown to be effective

in comparing biased MD simulations. [41, 160] Once the estimate of the FES (FREF ) from the reference

simulation and the FES (F) from the PTMetaD-WTE simulations are aligned to their mean values, the

RMSD between the FESs after a given amount of simulation time is defined as:

RMSDFES = β ·

√∫
Ω

(FREF (s)− F (s))
2
ds

The region Ω is defined as the set of points on the reference FES with free energy within 8kBT of the

global minimum.

The Analysis of the RTT and Calculation of Folding Events

The round trip times in Table 1.1 were calculated by averaging the time each replica took to traverse

temperature space defined as: diffusing from its original temperature, to both the hottest and coldest

temperatures, and back to start. A folding/unfolding event was described as any instance where the Cα

RMSD, compared to the NMR structure, of trp-cage passed from less than 2 Å to greater than 8 Å, or the

reverse. This metric has been successfully used to characterize folding of the villin headpiece subdomain. [161]

The error estimates in Table 1.1 (for RTT and folding time) are the estimated standard error of the mean

for the entire sample of round trips and folding event times.

Free Energy Difference Versus Time for Reference Simulation I

Since it is extremely challenging for this system to achieve a perfectly converged reference FES, we assess

the quality of our reference simulation by evaluating the convergence of an experimental observable as a

function of the simulation time. An experimental quantity with which we can directly evaluate our reference

simulation is the reported folding free energy difference of trp-cage (-0.5 kcal/mol) at 300K. [162] Figure A.2

was obtained by first projecting the FES only onto the Hbond collective variable since the folded and unfolded

states are well separated in that projection. Next the free energy difference was obtained by comparing the

minima in the folded and unfolded states. Comparing the final 25 ns/replica of the simulation, the mean
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difference between our simulation and experiment is about 0.35 kcal/mol, which is within the range that

others obtained using the same family of force fields from brute force simulations of an explicitly solvated

villin headpiece. [161]

Figure A.1. Assessing the quality of the reference FES: The free energy difference between folded and
unfolded states versus simulation time per replica for the reference PTMetaD simulation (solid line), and
the experimental value [162] (-0.5 kcal/mol) at 300K (dashed line).

Figure A.2. To demonstrate the presence of hidden energy barriers(and their energetic nature), the refer-
ence simulation (left, I) is compared with the FES obtained after a 50 ns/replica simulation (middle, V) and
contrasted with a single replica 500 ns long well-tempered metadynamics simulation initiated from the un-
folded state at 300K (right). Note the vastly different energy scales: the left side ranges from 0 to 5 kcal/mol
compared with 0 to 20 kcal/mol on the right side. This is a result of the significant overfilling of the unfolded
region due to hidden degrees of freedom that nontrivial features of the FES, but are not accounted for by
the metadynamics CVs.
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Figure A.3. Comparison of the potential energy distributions from the first 50 ns (dashed line) and last
50 ns (solid line) of simulation IV. The bin width is 500 kJ/mol and the potential energy fluctuations of the
simulation average to approximately 1600 kJ/mol.
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Appendix II

Force Field Comparison

Since MD simulation of peptide adsorption is still a relatively new area of research, questioning the influence

of the force field is of utmost importance. To date, solid-liquid interfaces have not received much consideration

in force field development. Prior simulations have been carried out that used generalized force field values

to parameterize their surfaces. Others, including our own work, assigned amino acid force field parameters

to solvent-exposed head groups, which corresponded to residues with identical chemical functionality (e.g.,

alanine and glutamic acid). Recently the Latour group performed a series of PT simulations on two LK

peptides adsorbed to methyl- and carboxyl-terminated SAM surfaces. In their study, they compared three

force fields: AMBER94, CHARMM22 with CMAP, and OPLS-AA. [81] A qualitative comparison of their

simulation results with experimental findings suggested that of the three force fields, CHARMM22 produces

the most accurate adsorption model.

To contribute to the ongoing discussion on modeling protein adsorption, we provide our own force field

comparison using converged free energy calculations. PTMetaD-WTE simulations were set up and carried

out – in the same manner as we describe in Chapter 2 – on a system containing a single LKα14 peptide

and methyl-terminated SAM surface. The force fields we considered were: AMBER99SB (II), CHARMM22

with CMAP (V), and OPLS-AA/L (VI). Simulations V and VI each consisted of 25 replicas and ran for

50 ns/replica, converging after roughly the same amount of sampling as simulation II. Figure 2.2 (main

text) clearly shows that while the AMBER99SB and CHARMM22 simulations converge to within less than

2kBT of each other, the OPLS-AA/L simulation differs from each by a substantial margin. These energetic

similarities and differences are further exemplified in Figure A.4. Again, AMBER99SB and CHARMM22

appear to show similar behavior. Both have a strong preference for the adsorbed folded state in the upper

left of the FES, as well as similar wells in the adsorbed, unfolded region in the lower left. Additionally, the

solvated regions in both II and V are more or less evenly distributed along the entirety of the Hbond CV,

with simulation V showing a slightly greater preference for the folded state than simulation II (not shown).
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Figure A.4. Free energy surfaces of the biased Metadynamics collective variables for simulations (II) LKα14
on methyl SAM, (V) LKα14 on methyl SAM with CHARMM22/CMAP, and (VI) LKα14 on methyl SAM
with OPLS-AA/L. The colorbar is in units of kBT with isolines spaced every 2kBT .

The preferred LKα14 adsorption state in the OPLS-AA/L simulation, on the other hand, ranges from the

unfolded state to a slightly α-helical conformation, and also strongly prefers the unfolded state in solution (not

shown). The energetic differences between the FESs in Figure A.4 most likely result from differing dihedral

potentials since the non-bonded parameters for leucine and lysine residues do not vary by much between

force fields. This point is emphasized by Figure A.5, which shows reweighted Ramachandran free energy

surfaces for simulations II, V, and VI. Each surface is clearly different from its neighbors and indicative of

the structures it describes. We performed a clustering analysis on the adsorbed peptides found in simulations

V and VI, and reweighted the cluster centers. Figure A.6 follows the same organization as Figure 2.5 and

Figure 2.6 in Chapter 2, showing the five lowest free energy surface conformations for simulations V and

VI. Although CHARMM22 strongly favors a compact α-helix at the surface, AMBER99SB produces similar

low free energy structures despite its comparatively more degenerate Ramachandran surface. In Figure A.6

OPLS-AA/L is the outlier again, echoing what could be inferred from Figure A.4 and Figure A.5: that its

surface structures consist of coils and α-helices of varying shapes, and exhibit some β-sheet character as well.
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Figure A.5. Reweighted Ramachandran free energy surfaces for adsorbed structures from simulations (II)
LKα14 on methyl SAM, (V) LKα14 on methyl SAM with CHARMM22/CMAP, and (VI) LKα14 on methyl
SAM with OPLS-AA/L. The colorbar is in units of kBT with isolines spaced every kBT .
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(a) LKα14 on a CH3-terminated SAM
(CHARMM22 with CMAP)

(b) LKα14 on a CH3-terminated SAM
(OPLS-AA/L)

Figure A.6. The most probable adsorbed conformations of LKα14 found in (a) simulation V, and (b)
simulation VI, and their associated free energy differences (with respect to the lowest free energy state)
calculated from a reweighted clustering analysis. Left column: cluster center (φ, ψ) dihedral angles (shown
as red dots) overlaid on the Ramachandran FES. Center column: side view of the cluster center structure.
Right column: top view of the cluster center structure.
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Appendix III

Temperature Distribution Used in Simulation (Kelvin)

310
314.772
319.524
324.428
329.092
334.199
337.71
343.44
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354.653
360.391
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391.122
397.011
407.101
414.209
419.345
428.953
434.475
443.38

450
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Snapshot of Best-Fit Structure from a 22-Parameter
EFF Calculation

Figure A.7. Side and top views of the best-fit SN15 structure from a 22-parameter experimental fitness
calculation. Hydrogen atoms have been removed for clarity.
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