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Abstract

Development and Use of Molecular Simulation Tools to Study the Structure and

Function of Biomolecules at Interfaces

Kayla G. Sprenger

Chair of the Supervisory Committee: Associate Professor Jim Pfaendtner Department

of Chemical Engineering

Predicting and controlling the biophysical chemistry of protein/host interactions remains a pressing
challenge of high fundamental interest across many subfields in chemistry, engineering, and
medicine. Our ability to (experimentally) probe interfacial interactions between a surface, polymer,
or solvent and a biomolecule has increased due to high-resolution NMR and other spectroscopic
techniques. However, new structural and mechanistic insights coming from experiments alone
have been limited due to — in the case of the protein/liquid interface — the compounding challenges
of simultaneously studying the protein/host interface and elucidating sequence specific
interactions, and in the case of the protein/surface interface — the lack of a single unifying technique
that can fully resolve the structure of an adsorbed protein. For the protein/liquid interface, the
challenge is even worse in the case of synthetic frameworks such as ionic liquids (ILs) where the
combinatorial design space of the solvent and protein sequence explodes beyond what could ever
be feasibly considered in a laboratory. The field could be greatly advanced through the use of
predictive, physics-based simulations; however, best practices of how to simulate protein
interfacial adsorption and extract meaningful information about protein/host interactions from
molecular simulations for direct experimental comparison, are still developing. Herein, we aim to
address these challenges through the use of a variety of statistical enhanced sampling simulation
techniques and novel analytical approaches. A number of systems are simulated, ranging from
small model proteins adsorbing onto solid, idealized surfaces, to simulations of full proteins in
complex solution environments. Ultimately, these simulations should lead to large improvements
in the way we use computers to study multifaceted interfacial processes like protein adsorption, in
addition to providing new fundamental insights into protein/host interactions.
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Introduction

Some of the greatest innovations in human history have been inspired by natural processes
and the molecular machinery that drives them. From early studies of birds to enable human flight'
to studies of animal diets to discover miracle drugs®; from photosynthesis-inspired solar power
research’ to harnessing the coding power of DNA to design the world’s fastest computers”; and
from studies of the synthesis of cell walls and structures of incredible strength by living organisms
to enable new nanotechnologies and biomaterials*, nature has played a crucial role in solving many
of the toughest technological challenges that have faced humanity to date.

In the drive to understand the molecular mechanisms and machines responsible for
governing such nature-driven processes, proteins have largely dominated the discussion. Proteins
are primarily made up of the 20 naturally-occurring amino acids, which can be arranged in any
sequence or order for any given chain length L, and then folds into a unique protein structure. This
incredible diversity in protein sequence and structure makes possible a wide range of functions
that, collectively, allow proteins to carry out all of the nanoscale processes of life. It may be
intuitive, then, to think that specific proteins could be readily chosen for use in specific applications
based on their individual functions. In early studies of proteins, however, it was discovered that
the relationship between a protein’s sequence, structure, and function is hardly straightforward,
and can instead depend heavily on the protein’s surrounding environment’®. Indeed, some
researchers have gone so far as to call the surrounding host environment the “21* amino acid.”’

The mechanism through which a protein interacts with its surrounding microenvironment
can be characterized as an interfacial process, and the points of interaction between them as an
interface. In a biological context, interfaces can exist between proteins and a surrounding liquid,
such as water or blood plasma, and between proteins and a solid surface, such as the flexible
membrane of a cell or the tough mineral structures of bones and teeth. Many complex behaviors
can take place at these biological interfaces, including molecular recognition and protein
conformational change. These complexities are further exacerbated in the presence of a solid
surface, where not just one but three interfaces exist simultaneously that can influence each other’s
behavior (i.e. the protein/liquid, protein/solid, and liquid/solid interfaces). The ability to
understand and predict how a protein concurrently interacts with multiple interfaces at the
molecular level, or even with just a single interface, is an extremely challenging problem. Yet it
must be solved if nature’s best and brightest ideas are to be harnessed to address today’s
technological problems and demands.

Experimental techniques such as nuclear magnetic resonance (NMR) spectroscopy and X-
ray crystallography have been developed — and successfully applied in many cases — to determine
the structure of proteins in solution or in the crystal state, respectively. After obtaining a structure
with atomistic resolution, protein coordinates are generally deposited in the Protein Data Bank
(PDB). Despite over 100,000 entries, the PDB currently contains no entries of a protein adsorbed
to a solid surface, to our knowledge. This is because no single experimental technique exists today
that can fully characterize the structure of a surface-bound protein. In addition, even in cases where
NMR or X-ray crystallography have been successful in ascertaining the structure of a protein, the
coordinates represent “static” snapshots. Essentially, we gain little mechanistic or dynamic insight
into the system from looking at these snapshots, e.g., insight into the different configurations
explored by the protein before reaching the final coordinates deposited in the PDB, or how long
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on average it took for the protein to reach those final coordinates in response to its environment.
We also obtain next-to-no information about key interactions between the solution and specific
protein residues or moieties, except in rare cases where the coordinates of bound solvent molecules
were able to be determined during the experiments in addition to the protein coordinates®.

Computer simulations, in particular classical molecular dynamics (MD) simulations, are a
natural partner to both build upon and complement experiments of protein interfacial processes.
Using coordinates from the PDB or other sources, as well as empirically or theoretically-derived
data to describe molecular interactions and a set of elementary physical rules to propagate these
interactions in time, MD has the potential to provide unprecedented insight into the behavior of
proteins in complex interfacial environments. For example, by watching the “trajectory” of an MD
simulation, we can directly observe how a protein changes shape upon adsorption to a surface to
minimize the overall energy of the system, or how the structure of a protein changes over time (e.g.
degrades or unfolds) in the presence of a given fluid. Additionally, MD can be used to provide
quantitative details about the preferred structure of an adsorbed protein to supplement
experimental data. In cases where we want to simulate the protein/solid interface, however, special
simulation techniques must be employed to ensure the results are accurate. In reality, countless
proteins sampling all conceivable configurations are present in solution, and then adsorb onto the
surface. Thus, the protein coordinates determined via experimental techniques represent an
“ensemble average”. Since it would be too expensive to perform a simulation with anything more
than a few proteins at once, simulations must instead be run for a very long time in order to sample
this same set of configurations. Alternatively, a number of what are called “enhanced sampling”
simulation techniques have been developed in recent years to address this issue that allow for faster
convergence of thermodynamic and structural properties in complex systems. Nonetheless, best
practices of how to simulate protein adsorption are still developing and so remains an active and
important area of research in the field of computational biophysics.

The work presented in this document employs many of these advanced simulation
sampling schemes to study several different aspects of interfacial protein adsorption, both at the
protein/solid and protein/liquid interface. The overall goal of this work is to improve the way we
use computers to discover and control molecular driving forces at engineered interfaces to optimize
the protein or host environment for specific applications. The first three chapters of the document
focus on the investigation of peptide behavior — a proxy for protein behavior with reduced
computational expense — at the protein/solid interface. In Chapter 1, the binding of model peptides
to model surfaces is explored from a mostly thermodynamic perspective, wherein it was
discovered that the surface-bound ion content has a large influence on biomolecular binding free
energies derived from molecular simulations. This information was the basis for the work
described in Chapter 2, which further investigates the effects of different types and concentrations
of ions on peptide adsorption. Chapter 3 investigates a slightly more realistic scenario wherein
peptides adsorb to surfaces incorporated with different types of experimentally-observed defects
to investigate the role of the surface in modulating biomolecular structure. At this point, the
document switches to focus on the investigation of proteins in contact with non-solid interfaces.
Chapter 4 is an overview of the molecular simulation approaches (“force fields”) and analysis
methods used to study protein interactions with a particular type of solvent called ionic liquids, or
ILs, which will be described in detail throughout the document. In Chapter 5, GAFF —a common
force field used to model ILs — is extensively tested for its ability to reproduce thermodynamic and
transport properties of a wide range of ILs, comparing directly against available experimental data.
Chapter 6 is a foray into the realm of prediction. Simulation methods and analysis techniques
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described in the previous two chapters are used to study the behavior of two proteins recently
discovered in cellulolytic cocktails, in ILs. As there is currently no experimental data to compare
against for these particular systems, the results from our simulations — that the enzymes are highly
stable in a wide array of ILs and thus are strong candidates for biomass conversion in ILs — can
hopefully serve as a guide for future experiments. In stark contrast to Chapter 6, Chapter 7 is a
detailed quantitative validation using experimentally measured structures of the accuracy of MD
in predicting protein/IL interactions. We find MD to be highly accurate in this respect, with easily
explainable differences. The final chapters explore biomolecular behavior in slightly different
environments, though still at interfaces. Chapter 8 is an investigation of peptide structure and
dynamics at the air/water interface in the presence of ILs. Finally, utilizing a combined
computational and experimental approach, Chapter 9 explores the interactions between enzymes
and small polymer surrogate molecules to provide new insights into the protein encapsulation
process for biomedical applications. The chapter concludes with a discussion of the overall
significance and future directions of this work.
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Chapter 1

Strong Electrostatic Interactions Lead to
Entropically Favorable Binding of
Peptides to Charged Surfaces

Introduction

Protein adsorption at solid surfaces has been extensively researched due to its widespread
application in the fields of biocatalysis, biomedicine, biomaterials, and in the broader area of
biotechnology. Prior technological progress in these applications has benefited from increased
molecular-level understanding of the interactions of proteins and surfaces such that protein
adsorption can be controlled and tuned to a desired degree. To achieve this goal of rationally
designing the protein/surface interface with specific functionalities, a comprehensive
understanding of the interfacial structural and thermodynamic behavior of adsorbed proteins and
the underlying mechanisms they govern is essential. Due to a number of long-standing challenges,
experiments have been limited in their ability to obtain all the information necessary to characterize
protein/surface interactions; no single experimental technique exists today that can fully resolve
the structure or dynamics of proteins adsorbed at interfaces. This creates a unique window for
molecular simulations to fill the gaps in experimental knowledge. The combination of the two
allows us to obtain a significantly more detailed picture of the adsorption process.

The lack of experimental data also leads to difficulties in investigating molecular level
hypotheses and validating molecular models regarding protein adsorption.” Thus, there is a
pressing need for model systems that are experimentally well characterized.'® Self-assembled
monolayer (SAM) surfaces have long been regarded as strong candidates for fundamental studies
to examine protein/surface interactions in detail.” Additionally, LK peptides, originally designed
to permit study of adsorption-induced conformational changes'', also fall into the category of
being excellent contenders for fundamental modeling studies of protein adsorption. A great
number of experimental studies employing a wide variety of techniques like solid-state nuclear
magnetic resonance (ssNMR)'?, near edge X-ray adsorption fine structure (NEXAFS)">™'*, sum
frequency generation (SFG)""'*, X-ray photoelectron spectroscopy (XPS)'’, and time-of-flight

1Reproduced in part with permission from K.G. Sprenger and J. Pfaendtner. Strong Electrostatic Interactions
Lead to Entropically Favorable Binding of Peptides to Charged Surfaces. Langmuir, 32:5690-5701, 2016.
Copyright 2016 American Chemical Society.
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secondary ion mass spectrometry (ToF-SIMS)" have been performed on systems of LK peptides
adsorbed to solid surfaces, many with SAM surfaces specifically, to determine interfacial
conformations and orientations of the adsorbed peptides. Some studies have gone a step further to
investigate mechanisms of LK peptide aggregation™ ***' and complex/film formation at
interfaces' **. Surprisingly fewer experimental studies have focused on the kinetic” or
thermodynamic aspects of LK peptide adsorption. Thermodynamic analyses are important because
they can provide key mechanistic insights into protein self-assembly on surfaces and the basis of
protein function and stability in general.** Calculating the change in the standard-state adsorption
free energy is a convenient way to directly evaluate the primary thermodynamic driving force for
adsorption”. Surface plasmon resonance (SPR) and atomic force microscopy (AFM) can be used
together to obtain peptide adsorption free energies™ 2, as can a combination of isothermal titration
calorimetry and equilibrium adsorption isotherm analysis**, which can also be used to break down
the adsorption free energy change into the separate enthalpic and entropic contributions. These
types of experimental analyses have been applied to systems such as zwitterionic host-guest
peptides adsorbing on SAM surfaces”’ and to statherin adsorption on hydroxyapatite®*, but to our
knowledge they have never been applied to LK peptides adsorbing on SAMs. Developing the tools
to carry out such analysis computationally is a logical step in studying model systems.

Though molecular simulations have the potential to provide atomic level details about the
adsorption process, computational progress to date has been hindered by a number of problems.
One issue is the lack of available experimental data that can be directly compared to simulation
results to validate force fields™, and thus force field accuracy in regards to peptide/protein
adsorption remains an open question. On the other hand, prior work from our group on similar
systems showed similar structure and dynamics across three commonly used molecular dynamics
(MD) force fields”, and thus a standard force field was deemed sufficient for use in this study.
Other challenges of simulating interfacial biomolecular adsorption include timescale limitations
that limit relevant exploration of conformational phase space, and strong surface binding affinities
that lead to kinetic trapping of the biomolecules at the surface and difficult (or impossible)
determination of adsorption free energies. These issues are especially true for classical MD
simulations. Fortunately, a great deal of work has gone into developing new algorithms that can
circumvent the timescale and sampling limitations of MD, and many of these methods have now
been applied to study peptide adsorption at interfaces. These techniques work by biasing one or
more relevant, slow degrees of freedom (collective variables (CVs)) that can effectively describe
the system in reduced dimension. Applications of enhanced sampling techniques to peptide
adsorption include parallel tempering (PT) and its variations ">, umbrella sampling (US)*****,
and steered molecular dynamics (SMD)***!. Although there are many choices that work well for
sampling peptide adsorption, our approach utilizes a variation of Metadynamics (MetaD)*, which
is particularly powerful since the peptide’s degrees of freedom can also be taken into account. In
some cases neglecting to account for these degrees of freedom can lead to widely varying results,
for example in an umbrella sampling-based scheme, if enormous simulation times per window are
not used to relax the other degrees of freedom™. In this study we combine well-tempered
Metadynamics with parallel tempering (PTMetaD)". Simulations are performed in the well-
tempered ensemble (WTE)™ to increase the potential energy fluctuations between replicas and
thus the overall efficiency of the PT sampling. This technique, called PTMetaD-WTE, was
previously employed to study the adsorption of model LK peptides on SAMs*’, DNA adsorption
and folding on model surfaces®, and folding of the model miniprotein tryptophan cage (trpcage)
on SAMs.™® Because of the large system sizes typically needed in peptide or protein adsorption
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simulations, PTMetaD-WTE has proven to be particularly useful in its ability to reduce the number
of required replicas needed to span a meaningful temperature range (and thereby make use of
temperature to overcome energetic barriers). The WTE boost, in many situations, can also reduce
the round trip time of the random walk in temperature space and thereby further increase sampling
efficiency.

Building off our past work™, which focused on determining side chain orientations and
preferred conformations of adsorbed LK peptides on SAMs, PTMetaD-WTE is used to simulate
similar systems of LK peptides adsorbing to SAMs, but with a focus on determining the role of
peptide/surface charge and ion concentration on binding thermodynamics. In particular, we seek
to decompose the obtained free energies and determine the respective energetic and entropic
components of adsorption. As we show below, the simulations present a very surprising result,
namely an apparent increase in peptide binding strength to a charged surface with increasing
temperature. This result is completely understood via a combination of independent MetaD
simulations that break down the different parts of the thermodynamic cycle of adsorption
(highlighting the critical role of ionic solution strength) and a configurational entropy analysis of
both the peptide and solvent degrees of freedom upon adsorption. Clustering and reweighting
analysis techniques are employed to estimate configurational entropy from a biased simulation.
This study also demonstrates one way in which a complicated result from a single PTMetaD-WTE
simulation (i.e., one representing a multi-step thermodynamic cycle) can be decomposed through
multiple independent simulations to glean crucial information about the adsorption process and
provide needed molecular level insight to macroscopic behavior. For consistency with past
simulations™, carboxylic acid/carboxylate- and methyl-terminated SAMs were chosen as the
model hydrophilic and hydrophobic surfaces for this study, respectively, and LKa14 and LK15
were chosen as the model peptides''. Though both peptides consist only of leucine and lysine
residues, their different sequences give rise to unique secondary structures presenting interesting
opportunities for behavioral comparison: LKoal4 with an amino acid sequence of
LKKLLKLLKKLLKL adopts an a-helical conformation at interfaces, whereas LKf315 with an
amino acid sequence of LKLKLKLKLKLKLKL displays B-strand character.

Methods

1.2.1 System Setup

Specifications of each simulation are given in Table 1.1. Data from systems III and VI, and
IX and X were taken from previously published papers from our group.” ** Unless otherwise noted,
discussion of simulation parameters and methodology refers only to new simulations performed
for this study. A full list of parameters for systems III, VI, IX, and X can be found in Table Al.1
in the Supporting Information (SI) and other minor methodological details can be found
elsewhere.”” ** Systems consisted of one LK peptide, either LKo14 or LKB15, a SAM surface
with either a carboxylic acid/carboxylate- (COOH/COO) or methyl-terminated (CHs) dodecane
thiol chain, TIP3P waters, and chlorine or sodium ions as necessary to achieve system charge
neutrality. Results for trpcage miniprotein on both of these surfaces are also later included for
comparison.*® LK peptide structures were generated with the VMD psfgen plugin®’ and the SAM

26



surfaces were downloaded from the website of the Latour Research Group
(http://www.clemson.edu/ces/latourlabs/Jmol/Surfaces.html). To match typical experimental
conditions, both LK peptides were capped with a deprotonated carboxylate group, leading to
overall charges of +5 and +6 for LKa14 and LKB15, respectively.'>"” > The SAM chains were
spaced 5A apart in an R3 (V3 x V3) geometry and at a tilt angle of 30° to the z-axis to mimic
packing of the alkanethiol chains on a gold surface.” In contrast to the neutrally charged CH;-
terminated SAM, the COOH/COO-terminated SAM was made up of randomly alternating
protonated and deprotonated chains to mimic a bulk pH of 7.4.%

Table 1.1. Setup of PTMetaD-WTE simulations.

Peptide  Surface Approximate  Approximate

System Peptidle @~ SAM Charge  Charge Na" CI I\glmber of Box ngs.
articles (nm”)
I LKal4 COO/H +5 -50 45 0 16,000 4x5x8
11 LKal4 COO/H +5 -50 51 6 16,000 4x5x8
r LKal4  CHj +5 0 0 5 40,000 8x7x8
v LKB15 COO/H +6 -116 110 0 40,000 8x7x8
A% LKB15 COO/H +6 -116 116 6 40,000 8x7x8
VI* LKB15 CH; +6 0 0 6 40,000 8x7x8
VII none COO/H n/a -50 50 O 16,000 4x5x8
VIII none CH; n/a 0 1 1 16,000 4x5x8
IX*  Trpcage COO/H +1 -50 49 0 16,000 4x5x8
X"  Trpcage CHj +1 0 0 1 16,000 4x5x7

“Data from Deighan et al.”
®Data from Levine et al.*

The GROMACS 4.6.5 MD engine’® with the AMBER99SB-ILDN force field”' was used
in conjunction with the PLUMED 2.0 plugin®. Force field parameters for the head groups of the
SAMs were taken from similar amino acid residues in the AMBER99SB-ILDN force field (i.e.
CHj; from leucine, COOH/COO from glutamic acid/glutamate). The length of the boxes in the z-
dimension was chosen such that a peptide could diffuse far enough beyond the short-range van der
Waals and Coulombic cutoff distances of 10 A to allow approximation of a bulk-like state. A
harmonic restraint was placed on the LK peptides’ centers-of-mass to keep them from interacting
with the bottom of the surface (i.e. at the top of the simulation box); the restraining force of this
“wall” began acting on the peptides at a z-distance of 45 A from the top frozen carbon atom on the
surface (C10), or about 20 A from the top of the simulation box. The different box lengths in the
x and y dimensions for the LKa14 and LKB15 simulations reflect the greatly different secondary
structures of the two peptides. Preliminary LKB15 simulations performed with the smaller box
parameters showed the peptide’s more extended conformations led to potential self-interactions
across the periodic boundary. Conversely, initial testing did not reveal any such interactions in the
smaller LKa14 system, allowing us to save computational costs (data from system III with LKa14
was taken from past simulations by Deighan et al.,” which used the larger box size). Extensive
preliminary characterization was performed to ensure structure and thermodynamics were
unaffected for LKa14 simulations in the smaller simulation cell. All simulations used periodic
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boundary conditions in the three dimensions to allow for the calculation of electrostatic forces
using the particle mesh Ewald (PME) method™.

Energy minimization was performed on each simulation box using a steepest descent
algorithm for 40,000 steps. The same system temperature and a global stochastic thermostat®* was
then used in a 1 ns NVT simulation with a time step of 2 s, where the thiol group and first 10 CH,
groups of the SAM chains were frozen to prevent diffusion or melting at high temperatures. The
chains were frozen as such in all subsequent simulations, while the head groups remained unfrozen.

1.2.2 Enhanced Sampling

The method Parallel Tempering Metadynamics in the Well-Tempered Ensemble, or
PTMetaD-WTE, is an enhanced sampling algorithm that can effectively overcome the challenges
of simulating peptide/protein adsorption, such as timescale limitations or strong substrate/surface
binding forces.” > An overview of the method will be presented here; the full protocol for
employing this method is described elsewhere.*” > Parallel tempering replica exchange™, or PT,
was employed to ensure the systems could overcome hidden energy barriers that likely exist at the
interface. Twelve configurationally identical replicas spanning a temperature range of 300-450 K
were simulated. The algorithm developed by Prakash and coworkers®’ was used to determine the
temperature spacing that would lead to the best exchange rate between replicas. A short 1 ns NVT
PT simulation was first performed to equilibrate each replica at the appropriate temperature.
Following this simulation, a 10 ns well-tempered Metadynamics (WTM)>® simulation was
performed, biasing the overall potential energy of each replica to increase the energy fluctuations
(while maintaining the same average values). This led to an increase in the potential energy overlap
and thus exchange rate between adjacent replicas, reducing the round trip time (RTT) of any given
replica and thus greatly enhancing the overall sampling efficiency. Ten ns was found to be the
approximate amount of time needed for the systems’ potential energy fluctuations to cease
increasing at a noticeable rate; after this transient period, a nearly constant exchange rate between
replicas of 30-35% was achieved via sampling the well-tempered ensemble (WTE)**. We note that,
as in our prior examples, it is impossible to simulate with PT a temperature span of 300-450 K
with only 12 replicas as zero overlap is achieved. A bias factor of 20 was used in all WTE setup
simulations with LK 14 or with no peptide present, whereas the larger system sizes of the LK315
simulations used a bias factor of 50 to achieve similar exchange success probability (n.b., we
desired to achieve similar RTT values in order to simplify comparisons between simulations and
obtain similar sampling efficiencies and convergence times). Gaussian hills were added every ps
with an initial height of 2.0 kJ/mol in all WTE setup simulations. Gaussian hill widths, or sigma
values, of 200 and 320 kJ/mol were used for the LKa 14/pure solution (i.e. water and ions) and
LKB15 simulations, respectively; the sigma values were determined by halving the natural
fluctuations of each replica’s potential energy from the lowest temperature of the NVT PT
equilibration runs. As described in the SI, a new functionality in PLUMED2* was also used in
this study to provide a modest improvement to the PTMetaD-WTE method.

Following the WTE setup step, two CVs were biased for each of the peptides with an
additional two-dimensional MetaD bias potential. A common CV to both LKa14 and LK15 was
the distance between the surface and the center-of-mass of the peptides, biased with a Gaussian
hill width of 0.05 nm. The second CV for each of the peptides was chosen to maximize
conformational sampling in the context of their different secondary structures. As with our
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previous work on LKo.14*, the number of backbone a-helical hydrogen bond contacts was biased.
Contacts were defined between oxygen and hydrogen atoms four residues apart within the peptide
(i, i+4), and a switching function ranging from 0 to 1 with a reference bond length of 2.5 A was
used to define the degree of the contact. Previous simulations with LKB15 biased the @ and y
backbone dihedral angles to measure the relative orientation of leucine and lysine residues™.
Preliminary simulations performed for this study indicated sampling might be more effective by
biasing the radius of gyration. We note that as the results in this paper generally only make use of
the 1D free energy projections onto the distance CV, there is no issue comparing amongst all the
simulations. The conformational CVs for LKa14 and LKB15 were biased with a Gaussian hill
width of 0.1 nm, respectively. For all MetaD CVs, a bias factor of 10 was used with Gaussian hills
added every ps. An initial hill height deposition rate of 3.0 kJ/mol/ps was used for all simulations.
Production simulations were run until convergence was reached, which will be discussed in the
next section.

For systems VII and VIII where only solvent and counterions existed above the SAM
surfaces, two separate simulations were run, one in which a single water molecule was biased and
the other in which a single sodium ion was biased. In each of the two simulations, the only CV
was the z-distance between the ion or water molecule and the surface.

Results and Discussion

1.3.1 Convergence of MetaD Simulations

Assessing convergence of the biased simulations is confounded by the absence of
thermodynamic data to compare to as there is, to our knowledge, no quantitative data of free
energies of adsorption for LKa14 or LKB15 adsorbed to SAM surfaces. Instead, the metric used
to assess convergence was the free energy difference between the adsorbed and solvated states,
and when this value ceased changing with time at a noticeable rate, convergence was established.
This is demonstrated in Figure 1.1, which shows the change in the Helmholtz binding energy as a
function of simulation time per replica for systems [-X. Two lines each are shown for systems VII
and VIII, which refer to separate simulations where a single ion (VIIa, VIIIa) or water molecule
(VIIb, VIIIb) was biased. As expected, we see the systems converged on different timescales;
systems I and IT with LKo14 and IX and X with trpcage miniprotein*® converged at least 100 ns
faster than systems IV and V with LKB15, most likely due to the differences in box sizes. We note
that systems III and VI with LKa14 and LKB15 on the CH;-terminated SAM, respectively, were
run by Deighan et al.*’ for much less time per replica than their counterparts here but were
simulated with twice the number of replicas, thus achieving an approximately similar amount of
sampling. For reference, systems VII and VIII with only solution above the surfaces were run for
150 ns each but converged in much less time than any of the peptide simulations.
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Figure 1.1. Convergence of free energy differences between solvated and adsorbed states for
PTMetaD-WTE simulations at 300 K. Lines [-X correspond to systems [-X in Table 1.1. Lines
VIIa/VIIb and VIIIa/VIIIb correspond to systems VII and VIII in Table 1.1, respectively, where a
single ion/water molecule was biased.

1.3.2 Binding Free Energies

The use of high temperature simulations to extract valuable thermodynamic, structural, and
kinetic information about a molecular system is quite common. High temperature data has
frequently been used, for example, to analyze both the folding mechanisms and folding rates of
proteins and peptides’®’, information that is generally inaccessible from room temperature
simulations. While often times only used as a means to accelerate sampling, high temperature data
from tempering-based methods like PTMetaD-WTE has also been utilized, for instance, to analyze
the stability of individual secondary structure motifs within a protein®, as well as the
thermodynamic properties of water across a wide temperature range.”’ The utility of high
temperature simulations has led to many published studies that have specifically evaluated the
accuracy of force fields in predicting properties from high temperature biomolecular simulations
in comparison to experiments.””’ Following a stringent set of tests, a study published in 2012
found AMBER99SB-ILDN to be overall a robust force field for biomolecular simulations over a
wide range of temperatures.®’

We used the high temperature data to study the free energies of adsorption for all the
simulated replicas. Figure 1.2 shows binding free energies calculated as a function of temperature
for systems I (LKa14 on COOH/COO), III (LKa14 on CHs3), IV (LKB15 on COOH/COOQ), VI
(LKB15 on CHj3), IX (trpcage on COOH/COO) and X (trpcage on CH3z). When comparing the
results of the six simulations, a trend quickly becomes apparent: the three lines with increasing
slopes, indicating weaker surface binding with increasing temperature, all correspond to systems
with the neutral, hydrophobic CH; SAM, and conversely the three negatively-trending lines that
indicate stronger binding with increasing temperature correspond to systems with the charged,
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hydrophilic COOH/COO SAM. Furthermore, the two sets of lines (i.e. increasing or decreasing
slopes) show roughly the same rate of change in binding free energy with increasing temperature.
We note that for the majority of the lines in Figure 1.2, all of these trends could be similarly
realized from analyzing the data over a much narrower range in temperature, e.g., by just
considering the first few replicas or so. We found the results from the MetaD simulations indicating
increasing binding strength with increasing temperature to be particularly surprising.

-ZO-W-

-60} i
80 _M_

0238538 8 8 6o
©

AA (kJ/mol)

'100 B 9 O_

120 I I I
300 350 400 450

Temperature (K)

System
oo | oo |V o—ae |X
o—eo ||| o—o VI o—o X

Figure 1.2. Binding free energy change upon adsorption to SAM surfaces as a function of
simulation temperature for systems I, III, IV, VI, IX, and X. Each circle represents a different
replica in the system.

Since LKa 14, LKB15, and trpcage all show the same effect, it is clear that this effect is not
attributable to the peptides. Insight can be gained from looking at the constituent energetic and
entropic components of the binding free energy as a function of temperature. The Helmholtz
energy is the relevant thermodynamic quantity for the canonical ensemble,

AA =AU

ads

_TAS,, (1)

ads

where A4, 1s the change in the Helmholtz energy of the system upon binding, AU, is the change
in internal energy upon binding, 7'is the replica temperature, and AS,,; is the entropy change upon
binding. Assuming AU, is independent of temperature, according to Equation 1 the slope of the
lines in Figure 1.1 can be used to determine AS,,, This approach has been successfully used by
Bussi et al.* to extract changes in enthalpy and entropy upon folding of a B hairpin in explicit
water, with good agreement to the Go model and to experiments, and by Zhai et al.”' to calculate
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the change in entropy of two states of a water nonamer. We used our simulation results to ensure
that the binding potential energy is independent of temperature for the adsorption of LKa14 to the
COOH/COO SAM as a test case. This is described in the SI, and the results (Figures Al.1 and
A1.2) show no dominant temperature trend exists, thus validating the key assumption underlying
the analysis of our results with Equation 1.

As the slopes trend the same for all three simulations with the CH; SAM regardless of the
peptide present, and similarly for the three simulations with the COOH/COO SAM, we conclude
that the entropic contribution to the binding free energy is dominated by the choice of surface.
Equation 1 also indicates that AU, corresponds to the to y-intercepts of the six lines in Figure 1.2.
Since each of the different peptide/surface combinations results in a unique y-intercept, we can
conclude that the energetic contribution to the binding free energy is synergistically dominated by
the specific sidechain/surface interactions at play. Recent experiments by Deshapriya and Kumar
of enzymes adsorbing to inorganic surfaces validate the finding that positively charged sidechains
at the interface are a major driving force for binding.”* Structures, orientations, and conformations
of the LK peptides on the SAM surfaces were previously investigated in detail by Deighan et al.”’

The result that the binding free energy can strengthen with increasing temperature is not
intuitive and calls for a deeper analysis. Visual inspection of the simulations, combined with the
fact that the chosen CVs for the six systems only bias the peptide degrees of freedom (i.e. peptide
distance from the surface and an internal conformational descriptor), suggested that solution
effects (i.e. water or ion surface binding) might play an important role.

1.3.3 Breakdown of the Thermodynamic Cycle of Adsorption

We proposed an overall thermodynamic cycle that takes into account both peptide and ion
binding effects in Figure 1.3. In writing the equations for each step in Figure 1.3, we assumed that
water would contribute negligibly to the binding thermodynamics. To test the validity of the
mechanism and its assumptions, additional MetaD simulations were required. We chose LKa 14
adsorbed to the COOH/COO SAM as the first test case.

Mechanism Validation with LKa14. Upon closer inspection of the simulations showing
the peculiar temperature behavior, we saw that the systems and thus the binding profiles shown in
Figure 1.2 were actually representative of the peptide adsorption process (step B), rather than of
the full thermodynamic cycle (step A). This is due to the common practice of charge neutralization
without introduction of excess ions: with a surface charge of -50 and 45 positively charged ions
bound to surface sites, LKo 14 with a charge of +5 should be able to adsorb to the surface without
displacing ions. In light of this, system II was designed with excess sodium ions to cover all 50
surface sites prior to adsorption (with chlorine ions added to maintain charge neutrality), which
should represent the true step A of the thermodynamic cycle. The same CVs were biased and
parameters used as in system I. Additionally, step C is represented by system VII, where in two
separate MetaD simulations a single sodium ion (VIla) and water molecule (VIIb) where biased
on and off the COOH/COO SAM surface. Calculated binding free energies for these four separate
MetaD runs are shown in Figure 1.4. The binding free energies of system VIla have been
multiplied by -1 to represent desorption of the ions from the surface.
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Figure 1.3. Proposed breakdown of the thermodynamic cycle of the peptide/surface adsorption
process. Steps A, B, and C represent the overall thermodynamic cycle, peptide adsorption step,
and ion desorption step, respectively.
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Figure 1.4. Binding free energies calculated for systems I, II, and VIla/b, corresponding to steps
B, A, and C, respectively, of the thermodynamic cycle of adsorption (c.f. Figure 1.3). Binding free
energies have been multiplied by -1 for system VIla to represent ion desorption from the surface.
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Figure 1.4 shows that, as expected, the binding free energy of a single water molecule
leaving a water bath to adsorb to the carboxylic SAM is essentially 0 kJ/mol and does not change
with increasing temperature, validating this original assumption. This is unsurprising, as there is
an equal and opposite potential of mean force for a water molecule desorbing into bulk solvent.
Results in Figure 1.4 also lend support to the idea that the sodium ions play an important role, as
they have an affinity for the charged, COOH/COO surface that is strengthened as the temperature
is increased (multiplying the system VIla values by -1 gives the adsorption values rather than the
plotted desorption values). In other words, similar to when peptides adsorb on the charged surface,
it is more entropically favorable for the sodium ions to be bound to the charged surface than
floating in the bulk. As will be discussed later, the increase in entropy upon adsorption of the
peptides and ions to the charged surface is largely due to configurational entropy gains upon
release of bound water molecules. Conversely, the step C results for CH3 (see Figure A1.3 in the
SI), show neither water nor sodium ions have an affinity for the surface at any temperature,
implying that for a hydrophobic, methyl-terminated SAM step C does not contribute to the
mechanism, and thus that steps A and B are energetically the same. Clearly, this is not the case for
the COOH/COO SAM in Figure 1.4, which shows very different binding profiles for systems I
and II, i.e. steps B and A, respectively. Furthermore, simply adding the results of systems I and
Vlla does not give the results of system II, and so a reweighting analysis is needed to determine
the value of x, or the number of ions desorbed in the steps listed in Figure 1.3. The idea that counter
ion release contributes significantly to biomolecular adsorption to a charged surface is well known
in the literature, e.g., counter ion release has been shown to drive interactions between proteins
and DNA”, as well as between peptides and charged lipid bilayers; ¢ however, as we show below,
understanding these contributions on a deeper level allows for greater control over the molecular
driving forces in adsorption and thus represents a new step towards rational design of the
biomolecule/surface interface.

Reweighting Analysis for the Number of Desorbed Ions. The histogram-based reweighting
algorithm by Bonomi et al.”” was used to generate a 2D free energy surface of the number of ions
in solution (defined as at least 4 A beyond the surface) as a function of the distance between LKo.14
and the COOH/COO surface. The ensemble average of the number of ions in solution was then
calculated for both the surface-bound and solution states of the peptide. We note that for all
reweighting analyses we performed, the portion of the trajectory that corresponds to the MetaD
transient was excluded from the analysis. The differences are shown in Figure 1.5 as the number
of ions displaced or desorbed from the surface upon peptide adsorption, as a function of
temperature. It was originally anticipated that this would only be needed for the MetaD simulation
of step A. However, upon performing the reweighting, it was found that it was necessary to also
correct step B binding free energies for the hindrance of having to displace ions upon adsorption.
This is most likely because the five free surface sites LKal4 should need to adsorb are not always
next to each other on the surface. Figure 1.5 shows the average number of ions that are displaced
from the surface during peptide adsorption for the different replica temperatures. An average value
of 2 that is roughly independent of temperature is found for the peptide adsorption step, whereas
the direct simulation of the thermodynamic cycle shows a leveling off in the number of desorbed
ions at a value of about 3.5. For the rest of the analysis, the value of x is held constant at 3.5 for
step A and 2 for step B; this reduces the noise to make it easier to visualize the final results, but
does not change the trends or conclusions (see Figure A 1.4 for the temperature-dependent results).
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Figure 1.5. Reweighted number of ions displaced from the COOH/COO SAM during LKa 14
adsorption as a function of temperature. Lines I and II refer to the peptide adsorption step (step B)
and the overall thermodynamic cycle (step A), respectively. Dashed lines refer to the average
number of desorbed ions used in each case for later analysis.

Multiplying the value of the binding free energy at each temperature for a single ion
(system VIla in Figure 1.4) by 2 and subtracting these numbers from the binding free energy values
for system I in Figure 1.4 gives the binding free energies for the true peptide adsorption step, or
step B, of the thermodynamic cycle. Figure 1.6 shows these values, along with the step C results
multiplied by x=3.5, and the step A results from simulating system II. The exciting result is seen
with the blue line, which represents the addition of the yellow and green lines, or the step B binding
free energies plus 3.5 times the step C binding free energies. Thus, the blue line signifies the
calculated step A result and can be compared directly to the result from the simulation of step A
with system II (i.e. the purple line); the strong agreement between the two lines gives confidence
in the mechanism we proposed earlier, and in a broader sense, that the results of separate MetaD
simulations can be combined and compared in this manner. The results indicate that peptide/ion
binding effects on a negatively charged surface are complementary, i.e. that upon adsorption the
peptide displaces ions to preserve charge neutrality at the interface. Supporting these findings,
Deshapriya and Kumar found maintaining charge neutralization at the nanobio interface with a
charged solid to be a major driving force for adsorption.”? For further validation of our proposed
adsorption mechanism, we look at the case of LK 15 binding to the COOH/COO SAM.
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Figure 1.6. Calculated binding free energies for the three steps of the thermodynamic cycle for
LKa 14 on COOH/COO. Yellow and green lines represent steps B (system I, corrected for ion
desorption) and 3.5-C (system VIla) of the mechanism proposed in Figure 1.3, respectively,
whereas purple and blue lines represent the results from the direct simulation of step A (system II)
and the calculated results for step A based on addition of the yellow and green lines (B+3.5-C).

Additional Validation with LK15. Analogous to Figure 1.5 for LKa14, Figure 1.7 shows
the average number of ions displaced from the surface during the adsorption of LKf15 as a
function of temperature. Line I corresponds to the ion desorption results for the peptide adsorption
step or system IV in Table 1.1, and line II corresponds to the results for the overall thermodynamic
cycle step, or system V. Dashed lines represent the constant number of desorbing ions chosen to
correct the step B binding free energies (line II1) and represent the value of x in the mechanism of
Figure 1.3 (line I'V). Figure 1.8 shows the final binding free energy results versus temperature for
the system of LKB15 adsorbing on the COOH/COO SAM. Lines represent the ion-corrected
binding free energies for the peptide adsorption step, or step B, of the thermodynamic cycle, as
well as the step C results multiplied by x=4, the step A results from simulating system V, and the
step A results from adding the step B and 4 times the step C results. Temperature-dependent results
(i.e. results calculated with non-constant x values) are shown in Figure A1.5 in the SI. Comparison
of the simulated and calculated step A results shows near perfect agreement; considered next to
the similar conclusions drawn from the LKa14 on COOH/COO analysis, this leads to a degree of
certainty in the proposed adsorption mechanism of Figure 1.3, as least for systems in which
electrostatics dominate the interfacial binding energies.
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Figure 1.7. Reweighted number of ions displaced from the COOH/COO SAM during LK15
adsorption as a function of temperature. Lines I and II refer to the peptide adsorption step (step B)
and the overall thermodynamic cycle (step A), respectively. Dashed lines refer to the average
number of ions used in each case for later analysis.
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Figure 1.8. Calculated binding free energies for the three steps of the thermodynamic cycle for
LKB15 on COOH/COO. Yellow and green lines represent steps B (system IV, corrected for ion
desorption) and 4-C (system VIla) of the mechanism proposed in Figure 1.3, respectively, whereas
purple and blue lines represent the results from the direct simulation of step A (V) and the
calculated results for step A based on adding the yellow and green lines (B+4-C).
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To reiterate, this analysis was found to be unnecessary for systems with the neutral,
hydrophobic CH3; SAM. This was due to the fact that neither the sodium ions nor water molecules
showed any affinity towards the surface, implying the energy of step C is zero and thus that steps
A and B are energetically equivalent. The question still remains as to why in the peptide adsorption
step the peptides bind less strongly with increasing temperature to the neutral, hydrophobic SAM
and more strongly with increasing temperature to the charged, hydrophilic SAM, which is
addressed in the next section.

1.3.4 Understanding the Origin of the Sign Change in AS

The negative slope in binging free energy versus temperature seen in Figure 1.2 for the
peptides on the COOH/COO surface indicates, according to Equation 1, that the change in entropy
upon binding is greater than zero, i.e. it is more entropically favorable for the peptides to be on the
surface than in the bulk. The opposite trend holds true for systems with the CHs surface, that it is
more favorable for the peptides to be in the bulk solution than adsorbed to the surface, meaning
the change in entropy upon binding is negative. To explain why the entropy of peptides adsorbed
to the charged, hydrophilic SAM might overcome the rotational and translational entropic losses
that occur on adsorption, we tested whether extended conformations that might increase
configurational entropy could be stabilized on the charged, hydrophilic SAM due to strong
peptide/surface charge interactions. This was accomplished by reweighting the end-to-end
distances between the backbone carbon centers-of-mass of the first and last residues of LK15
adsorbed on each surface at both 300 K and ~380 K (384.5 K on the COOH/COO SAM and 381.0
K on the CH3; SAM). The same reweighting algorithm that was previously used to calculate the
number of surface-bound ions was used here to calculate end-to-end distances for surface-bound
states.”” The 2D free energy surfaces are shown below in Figure 1.9, where the top plots correspond
to LKB15 on the COOH/COO SAM surface, and the bottom plots to LKB15 on the CH; SAM
surface. Compared to identical solution phase behavior, the ensemble of states on the surface at
300 K clearly shows that the charged, hydrophilic surface stabilizes an extended conformation of
LKB15 (Figure 1.9A, ~3.3 nm end-to-end distance) compared to the neutral, hydrophobic surface,
which shows between a 1.5-2 kT increase in free energy upon extension in the adsorbed state to
the same end-to-end distance (Figure 1.9C). The multi-state behavior indicated by Figure 1.9A at
300 K is maintained at the higher temperature of 384.5 K (Figure 1.9B), though the extended state
appears to be slightly less stable. Similar behavior is observed for the high temperature results on
the CHj surface (Figure 1.9D) compared to the results at 300 K (Figure 1.9C). Experiments by
York et al. investigating the influence of ionic strength on LK peptide adsorption to hydrophilic
and hydrophobic surfaces'’ found comparable results: with a charged, hydrophilic surface, the
authors found that at high ionic strength, an N-H mode appeared in the SFG spectra that was not
present at low ionic strength, and that this mode only appeared when the peptide had a stable
secondary structure. In other words, the authors found that at low ionic strength, which correlates
to step B in our proposed adsorption mechanism (Figure 1.3), the peptide did not have a stable
secondary structure on the charged surface, indicating an extended conformation as seen in Figure
1.9. Also in line with our findings, the authors found no change in the spectra with changes in the
solution ionic strength with a neutral, hydrophobic surface present.
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Figure 1.9. 2D free energy profile of the end-to-end distance for LKB15 versus the separation
distance between LK 15 and A) the COOH/COO-terminated SAM surface (system IV) at 300 K,
B) the COOH/COO-terminated SAM surface at 384.5 K, C) the CHs-terminated SAM surface
(system VI) at 300 K, and D) the CHs-terminated SAM surface at 381 K. Phase space is restricted
to include only surface-bound states. Black boxes indicate areas for clustering analyses (each box
indicates a separately performed clustering analysis, labeled by the number next to it).

Despite the interesting discovery that the charged surface stabilizes a broader range of
peptide configurations, this finding alone is not sufficient to explain the overall increase in entropy
that occurs upon adsorption to the charged, hydrophilic surface as seen in Figure 1.2; the possibility
that the charged surface only selects a specific set of extended conformations upon adsorption
needs to be considered. To examine this, we estimated the configurational entropic effects of
adsorption on the two surfaces. Employing protocols similar to those used in our recent past work’®,
all surface-bound structures of LKB15 within kT of the respective energy minima of the surfaces,
as well as the solution state structures of system IV, were separately clustered and subsequently
reweighted to attain unbiased cluster probabilities. The change in configurational entropy of the
peptide upon adsorption to the two surfaces was then estimated via Equation 2:
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where kg is Boltzmann’s Constant and p; is the probability of each individual cluster. The results
of the analysis (see Table 1.2) indicate the entropic penalty is 1.2 kJ/mol-K larger upon adsorption
to the neutral surface than to the charged surface, which translates to a notable difference in entropy
of 360 kJ/mol at 300 K (n.b. while we did not explicitly calculate translational or rotational losses
upon adsorption, we expect their contributions to the overall loss in entropy upon adsorption to be
fairly equal for the two surfaces).

Table 1.2. Clustering analysis results for surface-bound structures of LK315.

# Structures for  # Clusters from

. . Configurational AS s confie
Surface C:Illjf; ;lsg Clillllztle; ;Ilsg Entropy (kJ/mol-K) (kJ/mol-K)
CH, 48,619 219 6.4 -4.0
COOH/COO 59,419 183 7.6 -2.8
None (solution) 26,864 241 104

However, the fact that the configurational entropy decreases upon adsorption to either
surface fails to explain the opposite signs in the overall system adsorption entropy observed for
the surfaces in Figure 1.2. Thus, we concluded that solvent entropy effects must play a larger role
in determining the peptide-surface binding affinities, which is in line with the work of others.”’
Ten ns, unbiased MD simulations were performed for systems VII and VIII with solvent above the
charged and neutral surfaces, respectively, as well as a simulation with triple the amount of sodium
(and chlorine) ions above the charged surface. Unidirectional density plots for the water above the
surfaces were calculated over the last 5 ns of each simulation (Figure A1.6). The results show
nearly a 40% higher density of water above the charged surface than above the neutral surface,
which has a density scarcely above that of the bulk water, as well as a second well-defined water
layer that exists only above the charged surface. Additionally, the first water layer formed above
the surfaces is able to penetrate about 1A closer to the charged surface than to the neutral surface,
indicating a more tightly bound water layer. All of these observations lead to the conclusion that
upon peptide adsorption and subsequent release of water to the bulk, the configurational entropy
gains would be significantly greater on the charged surface. We believe this result, combined with
the results from the peptide configurational entropy analysis, explains the previously ambiguous
trends of increased entropy upon binding to the charged surface (and thus the trend of increasing
AA .4 With increasing 7) and decreased entropy upon binding to the neutral surface.

To summarize: 1) for the charged surface, the large entropic gains incurred from release of
bound water molecules upon peptide adsorption heavily dominate over the entropic losses of the
peptide itself upon adsorption to the surface, leading to an overall positive change in system
adsorption entropy (AS.4s); and 2) the slight or even negligible entropic gains incurred from release
of bound water molecules upon peptide adsorption to the neutral hydrophobic surface are not
enough to overcome the configurational entropy losses of the peptide upon adsorption (which we
found are notably larger than on the charged surface), leading to an overall negative change in
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AS,qs. Furthermore, Figure A1.6 shows that the addition of excess ions to the simulation interrupts
surface/water interactions and significantly decreases the density of the water layers above the
charged surface, eliminating the second water layer altogether. This implies less configurational
entropy would be gained upon release of bound water molecules during peptide adsorption,
explaining the results of Figures 1.6 and 1.8 for systems II and V with excess ions, respectively,
where AS,4=0, as a balance between water entropy gains and peptide entropy losses.

Conclusions

The enhanced sampling method PTMetaD-WTE was employed to simulate the adsorption
of two model peptides, LKa14 and LKB15, on two self-assembled monolayer (SAM) surfaces, a
model hydrophilic SAM consisted of a charged carboxylate/carboxylic acid-terminated head group,
and a model hydrophobic SAM consisted of a neutral methyl-terminated head group”. Simulations
of trpcage miniprotein were included for comparison.*® Calculated binding free energies plotted
as a function of temperature showed all three peptides bound more weakly to the neutral, CH3
surface with increasing temperature and more strongly to the charged, COOH/COO surface with
increasing temperature. These results led us to conclude that entropic and energetic driving forces
are most likely driven by the choice of surface and by the specific sidechain/surface interactions
at play, respectively. A mechanism for the overall thermodynamic cycle of adsorption was
proposed to attempt to explain these differences, which required additional MetaD simulations.
Reweighting analyses for the average number of ions displaced from the surface during peptide
adsorption showed that ions play a crucial role in the thermodynamic cycle of adsorption when the
charged, hydrophilic surface is present, but make no contribution to the system’s binding
thermodynamics when the neutral, hydrophobic surface is present. It was demonstrated for LK 14
and LKB15 on the COOH/COO SAM that at any temperature, the binding free energy of the
peptide adsorbing to the surface (simulation 1) can be directly added to the total binding free
energy of the ions being displaced from the surface (simulation 2) to give the overall
thermodynamic cycle binding free energies versus temperature (simulation 3). In other words,
entropic or configurational effects between ions and peptides are complementary with charged,
hydrophilic surfaces, but are not with neutral, hydrophobic surfaces. The idea that free energies
from separate MetaD simulations can be combined in a manner similar to classical analyses of
complex thermodynamic cycles is an exciting idea, but requires further validation when applied to
other types of systems, particularly to protein adsorption, which is a significantly larger challenge
than peptide adsorption. Evidently, however, when constructing model systems like those studied
here, simulators need to take great care; it is common practice to add only enough counterions to
achieve charge neutrality, for instance, but the results of this work show the ion concentration can
heavily influence important thermodynamic aspects of a system.

Further analysis on the end-to-end peptide distance of surface-bound states revealed that
upon adsorption, the charged surface stabilized extended peptide conformations compared to the
neutral surface. Clustering and reweighting techniques were used to estimate the configurational
entropy of a peptide bound to either surface, providing a useful way to obtain more from biased
simulations. This analysis demonstrated that despite the stabilization of extended states on the
charged surface, upon adsorption to either surface the configurational entropy was reduced
compared to in the bulk. A solvent density analysis then showed that the trend of increasing peptide
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binding strength with increasing temperature on the charged surface could be explained by large
entropic gains of bound solvent molecules released upon peptide adsorption dominating over
peptide configurational entropy losses. The opposite conclusion was found to explain the trends
upon adsorption to the neutral surface. This study thus provides a means to gain valuable atomic
level insight about macroscopic ideas, such as the hydrophobic effect as it applies to protein
adsorption. An interesting question for future inquiry is whether decreasing the charge of the
hydrophilic COOH/COO surface to be neutral leads to a decrease in entropy upon binding as seen
with the neutral, hydrophobic CH3 surface, which would indicate electrostatic interactions
dominate over hydrophobic interactions.

Perhaps the most important take away from this study is that molecular simulations can
provide valuable information about the adsorption process that is not readily measureable or in
some cases even possible to measure in the lab. For instance, experiments of protein adsorption
are nearly always performed with a water-based salt solution such as PBS to preserve protein
conformation and functionality; a study by Xia et al. showed drying caused a significant loss of
functionality and altered the conformation of adsorbed proteins.”® Enhanced sampling simulations
circumvent these issues, allowing the free energy of a peptide adsorbing to a surface in the absence
of salts to be determined, as we inadvertently investigated with the three peptides adsorbing to the
COOH/COO SAM. Tuning the peptide/surface interactions for this step of the thermodynamic
cycle of adsorption that is normally hidden from experiments could lead to important strides in the
rational design of the biomolecule/surface interface.

42



Chapter 2

Essential Slow Degrees of Freedom 1n
Protein-Surface Simulations:
A Metadynamics Investigation

Introduction

The free energy is an important thermodynamic quantity in biomolecular systems,
containing information about relative stability between states, binding affinities, and solubilities”.
Several enhanced sampling methods can provide reliable estimates of free energies of specific
reaction coordinates or free energy differences between stable states from molecular simulations
of the system. Recently, the metadynamics family of methods has gained widespread use in such
calculations. It allows users to bias several slow degrees of freedom (or collective variables (CVs))
using a history-dependent, dynamic bias. Small biases (usually Gaussian-shaped hills) are
deposited in CV phase space to force the system to visit new states, ultimately converging to the
underlying free energy surface™. Several flavors of metadynamics have since been developed to
overcome challenges related to convergence and scaling®'. Some variations scale the Gaussian
height™ or width® according to its location in phase space to improve convergence. Others
introduce parallel replicas in phase® and temperature™ * space to increase sampling. And finally,
some alter the way bias is deposited — by exchanging between replicas® or by depositing many
low-dimensional bias potentials in parallel*— to tackle problems associated with biasing multiple
CVs. (For an exhaustive review of metadynamics, the authors direct the readers to some excellent

Some of these metadynamics methods have been used to calculate free energies of binding
of molecules to proteins® *° and to surfaces™ " *" 1% especially where strong binding prohibits
exhaustive sampling with plain MD. For example, Hughes et al. used well-tempered
metadynamics (WTM) to exhaustively compute the binding free energies of all amino acids to
graphene”. Several studies have used parallel tempering metadynamics in the well-tempered

2Reproduced in part with permission from K.G. Sprenger, Arushi Prakash, and J. Pfaendtner. Essential slow
degrees of freedom in protein-surface simulations: A metadynamics investigation. Biochemical and
Biophysical Research Communications, In Press. Copyright 2016 Elsevier.
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ensemble (PTMetaD-WTE) to characterize binding™” ***°. Others have used replica exchange with
solute tempering augmented with metadynamics (RESTMetaD) to calculate the binding of
peptides to various gold crystal facets’ and to silica’”®. Like other dimension-reducing
algorithms, the efficacy of metadynamics is influenced by the choice of CV(s). The
abovementioned studies used the center-of-mass distance of the molecule from the surface™ *%°!-
2% helicity of the peptide’’, hydrogen bonds***, or the hydrophobicity of the protein core™ as
CVs. These CVs bias either intrinsic coordinates of the solute or the solute-surface distance.

However, commonly used CVs in biomolecular adsorption systems do not explicitly
consider environmental variables that may affect binding, such as solvation'®"'"' surface ion
content’’, and other local order variables'®. In fact, Wu et al. showed that ions in the local
environment can affect the conformation of adsorbed peptides, stabilize different binding residues,
and compete with peptide adsorption'”®. Therefore, it is essential to understand and account for the
effect of ions, either from the electrolyte or naturally occurring surface ions in metal oxides like
silica, when studying biomolecular adsorption.

To address remaining gaps in knowledge about the best practices for simulating peptide
adsorption in relation to charged interfaces and ions in solution, herein we study the interaction of
model peptide GGKGG with a silica surface at pH 7.5. Mimicking neutral pH conditions, several
surface sites are deprotonated and passivated by sodium ions. We compare the resulting peptide
binding free energy profiles of three different variants of metadynamics— (1) well-tempered
metadynamics, (2) parallel-tempering metadynamics in the well-tempered ensemble, and (3)
parallel-bias metadynamics. We compare the sampling achieved by each of these methods and the
results of using two different CVs, namely the center-of-mass and sidechain distance of the peptide
from the surface. Finally, we compare peptide-surface binding in the presence of different
electrolyte species. From our results, we hope to establish a general protocol that would allow
researchers to comprehensively explore conformational phase space and obtain true energetics of
inorganic surface-binding peptides. We especially stress thorough exploration of the role of ions
in biomolecular adsorption.

Methods

2.2.1 Simulation Setup

All simulations, listed in Table 2.1, were conducted with the GROMACS 5.1.2'* MD
engine. The surface and peptide were modelled with the INTERFACE'” and CHARMM36'*
force fields, respectively, and the SPC'®” model was used to represent water. The peptide, GGKGG,
was generated with the psfgen plugin for Visual Molecular Dynamics (VMD™). It was capped
with neutral ACE and NME groups to warrant the study of a single binding residue (i.e., positively
charged lysine) to silica. To approximate the correct surface ionization state and terminal
chemistry for a silica surface at pH 7.5, the structure provided by Emami et al.'” was used. Each
simulation box consisted of a ~ 3.5 x 3.4 x 2.0 nm silica unit. This unit was placed next to 3.5 x
3.4 x 4.6 nm of solution containing a single peptide, water, counterions, and electrolyte (optional)
(Table 2.1). For production runs, bulk atoms in the silica structure were frozen to prevent extensive
deformation of the structure during the simulations. However, atoms within 0.5 nm of the surface
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remained free to capture the true interaction of silica with other species’. In each simulation, the
peptide was placed near the surface in a random starting configuration. One Cl ion was added to
each simulation box to neutralize the peptide. In some cases, electrolytes in the form of Ca*'(CI),,
Na'Cl, and (Na’>),Cl were added to the solution (modelled with the CHARMMS36 force field)
to model varied experimental conditions. In the case of (Na”*"),CI, the charges of all sodium ions
(including surface ions) were scaled to 0.5+ for consistency, creating a hypothetical micro-
environment of like-charged counterions. The system was periodic in X, y, and z dimensions which
allowed the peptide, water and ions to interact with both the top and bottom surfaces of silica.

All starting configurations were stabilized using a steepest descent method to minimize the
energy of the system. The systems were then equilibrated in the NPT ensemble at 1 bar and 300 K
for 1 ns using the Berendsen barostat'”” and Donadio-Bussi-Parrinello thermostat™. Finally,
production runs were conducted in the NVT ensemble at 300 K, using the same thermostat, for
varying simulation times as noted in Table 2.1. All simulations were performed with a 2 fs time
step with bonds between hydrogen and heavy atoms constrained using the LINCS''"” algorithm.
Short-range Coulomb and Van der Waals forces were explicitly calculated below a cutoff value of
1 nm. Particle Mesh Ewald (PME)""" was used for calculating electrostatics with the short-range
term cutoff at a value of 1 nm.

2.2.2 Biasing Methods

Following NPT equilibration, different enhanced sampling schemes were employed to test
their relative efficacy in determining the binding free energy of the peptide to the silica surface.
Brief descriptions and relevant parameters for the three chosen flavors of metadynamics are given
below. Complete protocols for employing these methods can be found elsewhere (WTM™,
PTMetaD-WTE** >, PBMetaD™).

Based on previous sampling procedures for using distance CVs, the initial Gaussian height
was set to 2 kJ/mol, the bias factor to 10, and the Gaussian deposition rate to 1 hill/ps for all
metadynamics simulations’’. The o value was calculated from an unbiased simulation of the
system; the peptide-surface distance was tracked with PLUMED and half the standard deviation
of the equilibrium fluctuations was used as an estimate''*. The value used for the simulations was
0.05 nm. During all metadynamics simulations, a harmonic restraint was placed on the distance of
the peptide’s center-of-mass (COM) from the surface (at ~ 2.2 nm from the top of the simulation
box) to promote sampling in the region of interest and use computational time more efficiently.
Free energy profiles recovered from the metadynamics simulations were considered converged
when they retained their shape over the last 25% of the simulation; while the majority of the
simulations converged prior to 1 ps of total sampling time, all simulations were nonetheless carried
out to 1 us for consistency.

2.2.3 Well-Tempered Metadynamics (WTM)

Well-tempered metadynamics (WTM) simulations were performed by biasing either the
orthogonal distance between the COM of all peptide atoms and the surface, or the distance between
only the sidechain (SC) nitrogen atom of lysine and the surface.
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A simple reweighting scheme'"? was used to recover the free energy profile of the SC-
surface distance from a simulation where the COM was biased. The weight of each configuration
was given by

eBW(st)—c(t) (2.1)

where V(s,t) is the instantaneous value of the history-dependent bias potential for the system (s is
the value of the CV at a given time ¢), and = 1/kgT, where kg is the Boltzmann constant and T is
temperature. The reweighting factor, c(t), is a time-dependent offset bias that was calculated on-
the-fly using PLUMED?? via the following equations,

1 [ ds e=BF()
c(t) = Elog [ as o PEOVGD) (22)
BF(s) = AL log [ ds e¥V(sO/ksAT (2.3)

kpAT

where AT is the so-called hills temperature for the WTM simulation, y = # is the bias factor,

and At is the time between energy depositions of Gaussian hills. These weights were binned
according to the SC-surface distance and the free energy was then obtained by taking the natural
log of the sum of weights in each bin.

2.2.4 Parallel Tempering Metadynamics in the Well-Tempered Ensemble (PTMetaD-WTE)

Parallel tempering metadynamics in the well-tempered ensemble (PTMetaD-WTE) was
employed to assess the use of temperature for overcoming hidden free energy barriers introduced
by the presence of an interface. Six configurationally identical replicas were simulated across a
temperature range of 300-450 K, spaced per the algorithm developed by Prakash et al.”” In a 100
ps NVT parallel tempering simulation, the replicas were equilibrated at their respective
temperatures with the Donadio-Bussi-Parrinello thermostat™. A 10 ns WTM simulation was then
performed to establish the well-tempered ensemble (WTE), biasing the potential energy of the
system with a bias factor of 30. Gaussian hills were added to the potential energy every ps with a
o value of 150 kJ/mol and an initial height of 2.0 kJ/mol. After 10 ns, a constant exchange success
probability of 21% was achieved between replicas.

Following the WTE setup, a second metadynamics simulation was performed with an
additional one-dimensional bias potential on the orthogonal distance between the COM of all the
atoms in the peptide and the silica surface. As in our previous study’’, the WTE bias continued to
be applied to the potential energy, though with a significantly reduced deposition pace of every 5
ps. Reweighting for the free energy as a function of the SC-surface distance was obtained as
previously described for WTM simulations.
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2.2.5 Parallel Bias Metadynamics (PBMetaD)

Recently, PBMetaD was shown to be a flexible and easy method for sampling multi-
dimensional free energy surfaces® . Instead of depositing a multi-dimensional bias (which scales
poorly with the number of CVs), PBMetaD relies on depositing several low-dimensional biases in
parallel in multiple CV spaces.

A 6-replica multiple walker PBMetaD simulation was conducted® ®. The distances of all

ions (independently) and the COM of the peptide from the surface were biased, using the same
parameters as previously described.

We used the technique of Tiwary ef al.'"®, to make an estimate of the unbiased probability
distributions (free energies) of other CVs in PBMetaD (i.e., the SC-surface distance). This resulted
in using the same approach described above to calculate weights using the c(t) quantity described
above. As a technical note, the current version of PLUMED does not apply the reweighting method
within PBMetaD, so we estimated (c(t)) as:

YV (s t+At) YV(s,t)

eBec(t) = fds e kAT — e kAT 24)

where the various components and variables were described in an earlier section.

Table 2.1. List of metadynamics parameters and collective variables used for different simulations
of GGKGG on silica at pH 7.5.

Excess # of Total
Cations Simulation Method Collective Variable(s) Simulation
Electrolyte . b
(Water) Time
WTM SSD (Protein COM) 1,000 ns (1W)
None® 20 WTM SSD (Protein SC) 1,000 ns (1W)
(1705) PBMetaD SSD (Protein COM/Ions) 1,000 ns (3W)
PTMetaD-WTE SSD (Protein COM) 1,000 ns (6W)
Ca?(CI) 45 WTM SSD (Protein COM) 1,000 ns (1W)
2 (1575) PBMetaD SSD (Protein COM/Ions) 1,000 ns (6W)
Na*Cl 45 WTM SSD (Protein COM) 1,000 ns (1W)
(1600) PBMetaD SSD (Protein COM/Ions) 1,000 ns (6W)
(Na"5*),CI 46 WTM SSD (Protein COM) 1,000 ns (1W)
2 (1652) PBMetaD SSD (Protein COM/Ions) 1,000 ns (6W)

“Refers to silica-neutralizing sodium ions (Na* ions) modeled with the INTERFACE force field.
"Values in parentheses are the number of identical walkers (W) or replicas used in each
simulation.
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Results and Discussion

2.3.1 Choice of Collective Variable

The distance between the peptide and the surface can be biased by using the distance
calculated from (a) the COM (a function of all atoms of the peptide, in our study), or (b) a specific
sidechain atom. Here, both biasing schemes are implemented with WTM to compare their
convergence speeds and ability to predict features of the peptide binding free energy profile. The
binding free energy was calculated as the difference between the Boltzmann-averaged energy of
the adsorbed (0.9 to 1.1 nm) and solvated (2 to 3 nm) states. Here, convergence was defined as the
point at which (1) the free energy difference between states stabilized to within 2.5 kJ/mol (kgT at
300 K) (Figure 2.1, top right), and (2) minimal changes were observed in the free energy profile
of the CV over the last 25% of the simulation. For simulations where the COM was biased (scheme
(a)), the free energy profile along the SC-surface distance was calculated by reweighting
(described in the Methods section).

We first compare the convergence of the SC and COM biasing schemes with WTM (Figure
2.1; top right). The results show the COM bias converges significantly faster than the SC bias.
Indeed, the binding free energy of scheme (a) converges to within kgT of the final value of ~ -8.6
kJ/mol (averaged across the three methods) nearly 400 ns before scheme (b).

In fact, even after 1 us of total sampling the free energy profiles obtained from both
schemes are markedly different (Figure 2.1; top left). While the binding free energy is identical
for both sampling schemes, the minima have different features. Two preferred binding modes of
the peptide can be resolved using the COM bias — (A) between z-distances of 0.9 and 1.0 nm, and
(B) between 1.0 and 1.1 nm. Representative snapshots from the simulation (Figure 2.1; bottom)
show that minimum A comprises structures that are flattened on the surface with multiple
peptide/surface interaction points. However, minimum B comprises structures with one binding
site only. These features are lost by biasing only the SC-surface distance; a single minimum is
resolved where the peptide most commonly binds with one or two residues but overall remains at
a distance from the surface (minimum C).

From the differences in the binding free energy profiles, it is evident that the profile
obtained from biasing the COM incorporates more information about the adsorption process. It
can differentiate between binding poses. Importantly, it incorporates changes to the whole peptide
structure since the COM bias is a function of the coordinates of all peptide atoms. On biasing the
sidechain atom(s) only, we lose information about the binding behavior of neighboring residues
that might affect the overall surface-bound conformations of the peptide. We hypothesize that
these differences might be more appreciable for solutes with multiple binding residues. These
findings suggest that metadynamics users should use CVs that apply bias to all atoms of the solute.
On converging the free energy profile (and bias potential) of the original CV, the free energy
profile of the true CV of interest can then be obtained via reweighting techniques.
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Figure 2.1. (top left) Free energy projected onto the distance between the sidechain (SC) nitrogen
atom of lysine and silica for the two biasing schemes: bias added to all atoms in the peptide through
the center-of-mass (COM), or bias applied to just the SC nitrogen atom. The black line is the result
of reweighting. (top right) Change in Helmholtz energy between the solvated and adsorbed state
of GGKGG onssilica for the two different biasing schemes. A gray box highlights the “convergence
region” of +/- kgT of the average of the final AA values of the three methods of ~ -8.6 kJ/mol.
(bottom) Snapshots from each of the labeled minima in the top left plot. The surface and sodium
ions are shown in gray and pink, respectively, and are restricted to within 1 nm of the peptide. The
peptide backbone is shown in purple, and carbon, hydrogen, oxygen, and nitrogen atoms are shown
in cyan, white, red, and blue, respectively. Water is not pictured for clarity.

2.3.2 Comparison of Sampling Schemes

From the above simulations, it was concluded that applying bias to all atoms in a
biomolecule results in faster calculations and provides greater information about the system.
Another key issue that metadynamics users face is selecting the appropriate biasing scheme to
calculate a variable of interest. For the calculation of peptide binding free energy, we compare
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three biasing methods - (1) WTM, (2) PTMetaD-WTE, and (3) PBMetaD. WTM is a relatively
simple metadynamics sampling scheme where applying bias to more than 2 or 3 CVs becomes
computationally expensive. In the PTMetaD-WTE framework, sampling is enhanced by a parallel
tempering scheme that allows the system to sample several temperatures (by biasing the potential
energy). However, on increasing the number of CVs beyond 2 or 3, this method also becomes
computationally prohibitive as the scheme for building the bias potential is identical to WTM. In
contrast, in the PBMetaD biasing scheme low-dimensional biases are deposited in parallel, instead
of higher dimensional biases, making computations more efficient and allowing for the possibility
of biasing many CVs. Thus, with PBMetaD the distance of each ion from the surface can be biased
in addition to the peptide-surface distance. The free energy profile recovered from PBMetaD
simulations is considered to be the most accurate among the three methods since it accounts for
the most degrees of freedom in the system. The peptide COM distance from the surface is biased
in all schemes, and the SC distance is reweighted for as described earlier.

The results (Figure 2.2) show that within the resolution of the calculations (i.e., = 0.05
nm and kgT = 2.5 kJ/mol), PBMetaD and WTM recover nearly identical free energy profiles with
two free energy minima (A and B) resolved for the adsorbed state. These minima correspond to
the minima and snapshots shown in Figure 2.1 for the WTM simulation.

However, the PTMetaD-WTE simulation does not recover the minimum closest to the
surface, minimum A. We hypothesize that this discrepancy is either due to: 1) the behavior of ions
at high temperature, since PTMetaD-WTE allows the system to visit temperatures from 300-450
K, or 2) incomplete sampling. In regards to the former hypothesis, it has been predicted that the
binding affinity of sodium ions to a hydrophilic surface increases with increasing temperature’".
Therefore, we expect most replicas at high temperatures to sample configurations with ions bound
to the surface, rather than free in solution. As noted before, PTMetaD-WTE relies on the exchange
of these high temperature configurations so that they eventually reach the lowest-temperature
replica at 300 K. However, at 300 K, these ions are tightly bound beyond kgT (Figure 2.3A), and
the impact of the temperature alone on sampling the ion degrees of freedom is unclear[16]. Thus,
it is possible that the 300 K trajectory primarily samples a surface with charged sites predominantly
bound to ions and the peptide cannot adsorb at the free energy minimum located 0.1 nm from the
surface (minimum A). Essentially, we propose that the temperature benefits of the enhanced
sampling algorithm are reduced in this case. Examining the behavior of the MetaD transient
throughout the PBMetaD simulation (results not shown), does show that the location of the minima
fluctuates modestly in terms of location and energetics, albeit within the standard deviation of the
CV (0.1 nm) and thermal noise (2.5 kJ/mol). In light of these results, we set out to explore the role
of ions, ion binding, and the capability of a sampling algorithm to effectively tackle various ion-
specific effects.
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Figure 2.2. Free energy (kJ/mol) along the distance of the nitrogen atom of the lysine sidechain
from the surface using enhanced sampling method WTM (black), PTMetaD-WTE (blue), and
PBMetaD (purple).

2.3.3 Ion-Surface Distance as a Collective Variable

The simulations discussed above were carried out at low ionic strengths. However, many
proteins adsorb in conditions of high ionic strength where ions can promote aggregation or
“salting-out” of proteins''* or screening of protein-protein interactions or protein-surface
interactions '"°. To understand the influence of ions on the adsorption behavior of our model
peptide, additional metadynamics simulations were performed with different electrolytic
conditions (i.e., monovalent and divalent cations). Simulations were carried out with additional
cations (25 Ca®’, 25 Na, or 26 Na’") and with requisite numbers of anions (CI") to maintain
system charge neutrality (Table 2.1). In all simulations, the added electrolytes were initially evenly
distributed in the solution and allowed to adsorb spontaneously onto the surface. Both WTM and
PBMetaD simulations were performed in each case, and the results (Figure 2.3) are discussed in
detail below.

Protein Adsorption Without Excess lons

Without excess ions in the solution, the previous simulations represented the limit of a
dilute electrolytic solution in contact with a silica surface. In those cases, the WTM and PBMetaD
peptide binding free energies were shown to be identical (Figure 2.2, Figure 2.3A). Additionally,
Figure 2.3A shows the binding free energy of the sodium ions, calculated from the PBMetaD
simulation, was equal to that of the peptide. Thus, it is likely the ions competed with the peptides
for binding sites; however, in the limit of a dilute electrolytic solution, 1 ps of total simulation
time was found to be more than enough to converge to the correct peptide binding free energy
profile with either method.
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Figure 2.3. Free energy projected onto the COM-surface distance with: (A) no electrolyte, (B)
excess Na’>" ions, (C) excess Na" ions, and (D) excess Ca*" ions. Green lines indicate thermally-
averaged ion binding profiles from PBMetaD simulations. Solid and dotted purple lines indicate
peptide binding profiles from PBMetaD and WTM simulations, respectively.

Effect of Excess Na"*" Ions on Peptide Adsorption

On investigating peptide adsorption in the presence of excess Na’”" ions from the
PBMetaD simulation (Figure 2.3B), it is evident that the peptide binds much stronger to the surface
(~ 20 kJ/mol) compared to the ions (~ 5 kJ/mol). This is a departure from the binding free energy
predicted in previous simulations that did not have excess ions (~ 13 kJ/mol for both peptide and
ions), but had the requisite monovalent sodium ions to neutralize the surface. When Na’>" ions
adsorb to the surface, they cannot completely compensate for the -1 charge of the surface sites.
Thus, an ion adsorbed on a surface site fails to completely screen the charge of the surface,
promoting other solutes that can fully compensate for the charge, like the +1-charged lysine
sidechain, to adsorb in its place. Additionally, the difference in charge (+0.5 versus +1) provides
the lysine sidechain with a greater electrostatic driving force to adsorb on a surface site. These
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factors lead to an increase in the binding free energy of the peptide in the presence of Na”*" ions

. + .
compared to in the presence of Na' ions.

Notably, both WTM and PBMetaD simulations again converge to the same free energy
profile for the peptide SC-surface distance, even though ions were not explicitly biased in the
WTM simulation. This results from the higher binding free energy of the peptide to the surface
compared to the ions. Thus, a WTM simulation biasing a single CV to study peptide adsorption
does not face sampling limitations from surface-bound ions. From these findings, we conclude that
more intensive sampling methods like PBMetaD and PTMetaD-WTE are not required in this case
to calculate the binding free energy of the peptide.

Effect of Excess Ca’" Ions on Peptide Adsorption

With 25 additional Ca** ions and 50 CI ions added to neutralize the system, this represents an
electrolyte of high ionic strength with cations that have twice the charge of the peptide’s lysine
sidechain. The results of the PBMetaD simulation (Figure 2.3D) show that a driving force (~ 4
kJ/mol) exists for dissolved Ca** to adsorb to the surface. Conversely, both WTM and PBMetaD
simulations predict that as the peptide approaches the surface, the peptide is repelled from it and
thus prefers to remain ~0.7 nm away from the surface. Since Ca** ions preferentially bind to the
surface adsorption sites and more than compensates for the surface charge of each site, the protein
effectively feels a positive surface charge and is repelled. Visual analysis of the trajectory in
VMD? confirms this; whenever the protein approaches the surface to bind (mainly driven by the
influence of the bias potential), it is promptly repelled and remains in solution (Figure 2.4). We
note that while a small free energy minimum does appear for the PBMetaD simulation at a peptide-
surface distance of ~0.4 nm, the peptide must cross a free energy barrier to fall into this minimum,
presumably to displace the bound Ca**. We recommend future work to investigate this effect,
perhaps performing simulations to explore the surface charge effects (e.g., number of charge sites
and magnitude of charges) as well as extending the study to peptides with multiple charged side
chains to promote different binding mechanisms and thermodynamics.
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Figure 2.4. Snapshots from a WTM simulation with added electrolyte Ca**(CI'),. The surface and
peptide are colored as previously described (Figure 2.1). Ca®" ions are shown in green. Explicit
water molecules and Cl” ions are not pictured for clarity.
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Effect of Excess Na' Ions on Peptide Adsorption

Finally, in the case where the electrolyte contains excess Na' ions, a difference of ~ 2kgT
is observed in the peptide binding free energies of the WTM and PBMetaD simulations (Figure
2.3C). This is noteworthy, given that WTM and PBMetaD converged to the same peptide binding
free energy in the absence of excess Na' ions (Figure 2.3A). In both cases (i.e., with or without
excess Na' ions), the binding free energy of the peptide and ions are predicted to be the same with
PBMetaD.

The excess Na' ions provide a crowded microenvironment where the peptide diffuses
slowly in solution and ions quickly replace other ions on the surface. Consequently, when an ion
leaves a binding site, it is easier for another ion in the vicinity to take its place. Once an ion is
bound to a surface site, it is a “rare event” for it to desorb spontaneously (in a 300 K simulation)
and allow the peptide to adsorb in its place. Thus, in situations where an electrolyte and
biomolecule have similar surface affinities, WTM simulations, which only provide energy to the
degrees of freedom of the solute, are severely limited by the availability of surface binding sites
when the peptide approaches the surface.

On the other hand, in PBMetaD bias is also provided to the ions to adsorb/desorb multiple
times during the simulation. This leads to many opportunities for the peptide to adsorb to free
surface sites and thus for the system to collect information about solute binding/unbinding. This is
also evident in Figure 2.5, where we track the position of the lysine sidechain with respect to the
surface. Although the WTM simulation (Figure 2.5; left) samples a few binding events, the peptide
spends most of the time in solution. It draws near the surface several times, but likely due to
inaccessible surface sites, quickly moves back into solution. In the PBMetaD simulation (Figure
2.5; right), the peptide spends time on the surface and in solution almost equally. Additionally,
most approaches of the peptide to the surface result in a successful binding event. Thus, the use of
PBMetaD results in many more binding/unbinding events collected during the simulation and
converges much more rapidly than WTM. We hypothesize that the WTM simulation would require
several more microseconds to sample enough peptide binding/unbinding events to converge to the
same free energy profile as PBMetaD.
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Figure 2.5. Distance of the sidechain nitrogen of lysine from the surface, as sampled by (left)
WTM and (top) PBMetaD (bottom). Each walker in the PBMetaD simulation is colored separately,
with the x-axis denoting cumulative simulation time. Each simulation starts from independent
starting structures and evolves sharing the same bias potential for 166.67 ns each.

Conclusions

Three different metadynamics methods, namely WTM, PTMetaD-WTE, and PBMetaD,
were employed to simulate the adsorption of model peptide GGKGG to silica. These methods were
evaluated for their ability to converge to the “correct” peptide binding free energy profile in the
presence of various electrolytic solutions. Here, PBMetaD was expected to provide the most
accurate results due to its capacity to bias both solute (peptide) and solvent (ion) degrees of
freedom. It was determined that competing slow degrees of freedom from solvent constituents can,
in some cases, have a large impact on the resulting binding free energy of the solute. Thus, it is
important to consider how surface-bound and electrolytic ions affect biomolecular adsorption.
Indeed, there are several cases where ions dictate how proteins interact with surfaces, for example
in the polyamine-directed precipitation of silica nanospheres that only occurs in the presence of
multivalent anions such as phosphate ''°.

Based on our findings, we recommend the following biasing protocols to recover “correct”
binding free energy profiles when simulating biomolecular adsorption processes:
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2)

3)

4)

5)

Dilute solutions — A simple metadynamics sampling scheme like WTM can be used. While
competition for surface sites may exist between the solute and ions, the dilute electrolytic
conditions allow for many solute binding/unbinding events to occur throughout the
simulation. Thus, convergence to the correct solute binding free energy profile can be
achieved in a shorter simulation timescale (within 1 us).

Excess, competing electrolyte - It is necessary to use a method like PBMetaD that can bias
both the solute and ion degrees of freedom. If the binding affinities of the constituents are
not known a priori, it can be roughly assumed that ions with a charge equal to the charge
of binding sidechain residues will have a similar binding affinity to the surface as the solute.
We strongly emphasize the need to explicitly bias the ion degrees of freedom in these
situations; it was determined that a method like PTMetaD-WTE that only indirectly biases
the solvent degrees of freedom may result in an incorrect binding free energy profile of the
solute.

Excess, weak-binding electrolyte - It is sufficient to use a sampling scheme like WTM. The
protein sidechain can displace the surface ions upon adsorption, allowing for adequate
sampling of binding/unbinding events to converge to the correct binding free energy profile
of the solute.

Excess, strong-binding electrolyte — Since the ions bind considerably stronger, it leads to
extremely long sampling times required to obtain the correct solute binding free energy.
Thus, we recommend using a method like PBMetaD to speed up the time to convergence,
and a larger bias factor for CVs.

Choice of solute CV - Conformational CVs should be chosen that apply bias to all atoms
of the solute to obtain quicker convergence and maximum information about the solute
conformation. On converging this free energy profile, the free energy along a different
reaction coordinate can be calculated through simple reweighting procedures.
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Chapter 3

Probing How Defects in Selt-Assembled
Monolayers Affect Peptide Adsorption
with Molecular Simulation

Introduction

The formation and characterization of self-assembled monolayers (SAMs) on solid
surfaces has been extensively studied for several decades. The easy preparation of SAMs with
different terminal chemical functionalities has made them convenient for far-reaching and
numerous applications, including bio-related technologies such as biosensors and medical
implants, nano- and microfabrication, nanodevices, and corrosion protection. Experimental
microscopy studies have long shown that SAMs have high concentrations of defects''”""”; in some
cases, as with the nanofabrication method of microcontact printing, naturally-occurring
imperfections in the SAMs were shown to play a beneficial role in the process'*’. In most cases,
however, defects in the monolayers can have unexpected and perhaps undesirable consequences.
Two commonly occurring defects arise from imperfections in the substrate (leading to increased
surface roughness after self-assembly) and imperfections in the self-assembly process (i.e., so-

called film defects).

Though molecular simulation can offer unique insights into the consequences of SAM
structural imperfections, it has only rarely been done'*'"'*; limitations of small simulation cell
sizes and/or insufficient sampling times have prevented the explicit exploration of defects in
typical SAM modeling studies.'”” We have employed the enhanced sampling method parallel
tempering metadynamics using the well-tempered ensemble (PTMetaD-WTE), which we have
used successfully in several prior studies to study peptide/protein adsorption at interfaces.”” % >
A descriptizgn of other simulation approaches to studying these types of problems can be found
elsewhere.

In this work we build on our prior simulations® of the model peptide LKa14'" adsorbing
onto an ideal SAM. Past work focused on obtaining structural and thermodynamic information of

3Reproduced in part with permission from K.G. Sprenger, Y. He, and J. Pfaendtner. Probing How Defects in
Self-Assembled Monolayers Affect Peptide Adsorption with Molecular Simulation. Foundations of Molecular
Modeling and Simulation, 21-35,2016. Copyright 2016 Springer Singapore.
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adsorbed peptides, with a specific emphasis on quantitative comparison to experimental
measurements of sidechain orientation. However, the systems studied were very idealized due to
their lack of SAM structural imperfections. In this work, we take the logical next step by studying
the impact of incorporating surface defects, and provide new insights into the consequences of
SAM imperfections on the structure and binding thermodynamics of adsorbed biomolecules.
Herein we have performed a series of molecular dynamics (MD) simulations with PTMetaD-WTE
of LKa14 adsorbing onto a carboxyl-terminated alkanethiol SAM with both substrate and film
naturally-occurring defects incorporated to mimic experimental observations. In addition to the
simplicity of the peptide (the alpha helix organizes the sidechains into a hydrophobic and charged,
hydrophilic face with sequence LKKLLKLLKKLLKL), this combination of surface and peptide
was chosen owing to the ease with which future experiments could be performed related to further
understanding defects in SAMs. With an idealized SAM as a control, two types of defects are
introduced, namely a gold depression that creates shortened alkyl chain lengths to mimic a
characteristic defect in the underlying gold substrate, and a characteristic film defect arising from
faulty packing of the SAM (i.e., chains pointed towards and away from each other), creating
domain boundary effects. We also used an advanced clustering analysis and reweighting technique
to reveal large differences in surface-bound peptide conformations caused by the presence and
type of incorporated SAM defect. As we discuss, this analysis is quite general and can be applied
to any type of biased protein/surface simulation.

Methods

3.2.1 System Setup

System specifications are reported in Table 3.1, including information from a control
simulation without defects from our past work®’. Systems consisted of one LK0o.14 peptide, a SAM
surface functionalized with a carboxylic acid/carboxylate head group, explicit TIP3P waters, and
sodium ions to achieve system charge neutrality. The LKa14 peptide structure was generated with
the VMD psfgen plugin®’ and the defect-free SAM surface was based on our prior studies. LKa.14
was capped with a deprotonated carboxylate group to match experimental conditions'>" *,
imparting it an overall peptide charge of +5. Two types of defects were introduced into the SAM
surfaces. The first type of defect mimics an experimentally observed defect in the underlying gold
substrate where depressions in the gold layer lead to shortened alkyl chain lengths (hereafter
referred to as a “Type I defect, see Figure 3.1).

The original surface consisted of 100 randomly alternating protonated and deprotonated
chains in a 1:1 ratio to mimic a bulk pH of 7.4*. Fifty chains were randomly mutated to have
reduced alkyl chain lengths from 12 to 8 carbons. The same force field parameters were used for
the head groups of both the healthy and mutated chains, leaving the overall surface charge of -50
unaffected. Force field parameters were taken from the AMBER99SB-ILDN force field®' (i.e.
COOH/COO from glutamic acid/glutamate). Triplicate systems were set up in this manner;
distributions of the healthy/mutated chains for the 3 systems are shown in Figure 3.2.

58



IR X k,
19048 &) YA O
YT e}a;r?*;:‘?qyi‘v;}&gy.w.
D'.ga@(). O 230 20k [CORA O 1

YL AOOY O OO IOLDID

Figure 3.1. Side view of LKa 14 (sidechains shown in space-filling representation and hydrogen
not included) on a SAM surface with a Type I substrate defect causing areas of shortened alkyl
chain lengths. The +z direction is orthogonal to the SAM surface and the +x direction is out of the
plane of the page. Chains are colored to highlight frozen atoms (silver = frozen CH, atoms) and
head group atoms allowed to remain free during MD simulation (teal = carbon, yellow = hydrogen,
and red = oxygen).
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Figure 3.2. Distribution of healthy to defective (i.e. short) chains for the three Type I defect
simulation trials. The +z direction is out of the plane of the page. Cyan and magenta represent
healthy and defective chains, respectively.

The second type of defect mimics a characteristic film defect that occurs during SAM self-
assembly, where alkyl chains pointing in opposite directions leads to domain boundary effects
(hereafter, “Type II” defect, see Figure 3.3). To introduce this defect while still maintaining the
original R3 geometry and 30° normal tilt angle of the SAM chains™, it was necessary to remove
30 of the original 100 chains. A portion of the remaining chains was then rotated about the chains’
centers of mass (minus the head groups), creating both the outwards and inwards defects shown
from left to right in Figure 3.3. To prevent spurious interactions with the thiol group exposed at
the base of the inward boundary defect, thiol groups were removed from the original surface. As
all simulations used periodic boundary conditions in the x, y, and z dimensions to allow for
electrostatic calculations with the particle mesh Ewald (PME) method™, the peptide could interact
with water in the triangular regions marked in blue in Figure 3.3.
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Figure 3.3. Side view of LKa14 (sidechains shown in space-filling representation and hydrogen
not included) on a SAM surface with a Type II film self-assembly defect causing inwards and
outwards boundary effects. The +z direction is orthogonal to the SAM surface and the +y direction
is out of the plane of the page. Chains are colored to highlight frozen atoms (silver = frozen CH,
atoms) and head group atoms allowed to remain free during MD simulation (teal = carbon, yellow
= hydrogen, and red = oxygen).

Simulations used the GROMACS 4.6.5 MD engine™ with the AMBER99SB-ILDN force
field’' and the PLUMED 2.0 plugin>. Box heights were chosen to permit diffusion of the peptide
beyond the short-range van der Waals and Coulombic cutoff distances of 1.0 nm to experience a
bulk-like state. The peptide was prevented from interacting with the image of the surface by
placing a harmonic restraint on its center of mass that began acting on the peptide at a z-distance
of 4.5 nm from the top of the surface. Energy minimization was performed on all surfaces with a
steepest descent algorithm for 40,000 steps, followed by minimization of the solvated
peptide/surface systems where the first 6 and 10 CH, groups were frozen for the mutated and
healthy SAM chains, respectively. Chains were frozen to prevent diffusion or melting at high
temperatures and remained frozen in all ensuing simulations while movement of the head groups
was unrestricted.

Table 3.1. Setup of PTMetaD-WTE simulations.
Total COO/

Mutated Mutated Box

Defect 7,31 Numberof  COOH  “rq5"  co0H  Na® Waters Lengths
Type SAM Chain Chains Chains (nm”)

Chains Ratio

I I 100 1:1 24 26 45 4334  4x5x8

I | 100 1:1 27 23 45 4339  4x5x8

I 11 100 1:1 23 27 45 4334  4x5x8

| N/A 70 3:4 16 24 25 4490  4x5x8

None®”  N/A 100 1:1 0 0 45 3957  4x5x8

3.2.2 Enhanced Sampling

Due to the strong binding forces that exist between the peptide and surfaces, the use of a
multiscale modeling algorithm to overcome sampling challenges is essential. This type of
algorithm, as applied to protein adsorption, should 1) have strong atomistic detail (e.g., be based
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on MD or other molecular techniques), 2) be scalable to systems of practical size, and 3) allow for
quantitative comparison with experiments (e.g. in resolving the conformation and orientation of
adsorbed proteins for comparison with, for example, SFG results). A method that can address all
of these challenges is metadynamics (MetaD)** '*°, which works by applying a history-dependent
bias to one or more collective variables (CVs) that describe the underlying changes in a system
(e.g., interfacial versus solution state structure of biomolecules in an adsorption process) in
reduced dimension:

(3.1)

V(s(r),H)=W i ﬁexp[—(si(r);;(r(tv)))}

t'=7g 27, i=l

The added bias potential, V(s,?), is added to the overall potential energy and is repulsive,
Gaussian-shaped, and centered on the CV at the time of addition. This results in a net force that
prevents the system from exploring previously visited states and instead encourages it to explore
new regions of the CVs. To achieve smooth convergence of the bias potential we use the well-
tempered variant of metadynamics (WTM)’®:

W‘=a)*exp[—‘l£(2’?} (3.2)

In Eqn. 1, the number of CVs is given by Ny, the values of which are defined by a
functional mapping that relates the CV to the system’s geometry, or s(r). Gaussian “hills” are
added every 7 time steps with characteristic height # and width o. WTM leads to an exponential
decrease in the amount of bias added to previously explored regions of phase space (Eqn. 2). The
instantaneous hill height, W, is also controlled by an adjustable parameter AT that is related to the
characteristic barrier heights in the system. In a post-processing manner the cumulative bias from
the simuglgltion can be inverted to obtain the underlying free energy surface (FES) as projected onto
the CVs™.

Despite its capacity to greatly enhance conformational sampling, MetaD suffers from the
ability of the chosen CVs to overcome hidden degrees of freedom in the system. This can be
addressed with the use of parallel tempering (PT)*® '*’, which manipulates some or all degrees of
freedom in a more general way (e.g. by increasing the temperature of the system). PT works by
requiring many parallel simulations or “replicas” of the system that span a wide temperature range
and exchange configurations periodically according to the Metropolis criterion. In this way PT can
be combined with metadynamics (PTMetaD™) to both increase the exploration of CV space and
overcome hidden energy barriers.

The addition of sampling in the well-tempered ensemble (WTE)** provides an efficiency
boost to the method, which has been discussed elsewhere®®. The WTE algorithm works by using
the potential energy itself as a CV and amplifying energy fluctuations (while leaving average
energies of the original ensemble untouched) to increase overlap in the energy distributions of
adjacent temperatures. This in turn increases the frequency of exchange between replicas and thus
increases the overall efficiency of the method. The degree of amplification of the energy
fluctuations is controlled via the same adjustable parameter A7. However, the WTE bias of the
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simulation is generally constructed with a different value of this parameter. Commonly, AT is
rewritten as y, called the bias factor, where y = (AT+1)/T."*°

PTMetaD-WTE was used with the same procedure described in past work”™, including the
use of a new functionality in PLUMED2* to provide a slight improvement to the method.
Spanning a range of 300-450 K, 12 configurationally identical replicas were simulated in a short,
1 ns NVT PT simulation to equilibrate each replica at its respective temperature. A 10 ns WIM
simulation biasing the potential energy was then performed to establish the WTE to increase
sampling efficiency through increasing the spread in the system’s potential energy. A bias factor
of 20 was used in all WTM simulations with Gaussian hills added every ps with a width of 200
kJ/mol at an initial height of 2.0 kJ/mol.

Production runs biased two CVs for LKa14 with an additional two-dimensional MetaD
bias potential. As with past work®’, the first CV biased the distance between LKo.14’s center-of-
mass (COM) and the surface, whereas a second conformational CV biased the number of backbone
a-helical hydrogen bond contacts. A switching function with a reference bond length of 0.25 nm
was used to define the degree of the contact, which was defined between a-helical hydrogen bond
donor/acceptor pairs along the peptide backbone (i.e., i, i+4 pairs). The distance and
conformational CVs were biased with Gaussian hill widths of 0.05 and 0.1 nm, respectively. A
bias factor of 10 was used in all PTMetaD-WTE simulations with Gaussian hills added every ps
at an initial bias deposition rate of 3.0 kJ/mol/ps.

Results and Discussion

3.3.1 Convergence of MetaD Simulations

To assess convergence of the PTMetaD-WTE simulations, the free energy difference
between the adsorbed and solvated states was calculated as a function of time. Convergence was
established when the change in the free energy difference became negligible with time. Figure 3.4
shows the change in the Helmholtz binding energy as a function of simulation time for each of the
systems listed in Table 3.1. All simulations were initially run for 200 ns per replica, and all Type
I defect simulations were deemed converged by the end of that time period. The Type II defect
simulation was extended by 50 ns per replica to achieve convergence. Figure 3.4 shows both the
type of defect (i.e. Type I vs. Type II) and the distribution of the defects (i.e. Type I, trials I-III)
impact the final value of the free energy change upon binding as compared to the control simulation.
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Figure 3.4. Convergence of free energy differences between solvated and adsorbed states for
PTMetaD-WTE simulations at 300 K. The negative value implies a decrease in free energy upon
adsorption.

3.3.2 Clustering of Surface-Bound Structures

Figure 3.5 shows the Helmholtz energy as a function of distance between LKa 14 (Ca
centers-of-mass (COM)) and the surface (frozen C10 atom) for each simulation listed in Table 3.1.
Figure 3.5c shows the minimum peptide/surface distance for the control simulation is
approximately 1 nm, therefore any minima in Figure 3.5a,b below 1 nm represents binding to
defective areas of the SAM surfaces.
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Figure 3.5. Helmholtz free energy as a function of LKa14/SAM distance for PTMetaD-WTE
simulations at 300 K: a) Type I defect simulations, trials I-III; b) Type II defect simulation, energy
minima highlighted in inset; and c) control simulation. Note that the relative energy scale is
arbitrary owing to the trivial constant introduced in the estimation of the free energy from the
MetaD bias potential.
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To determine the effect of the defects on peptide adsorption, an RMSD-based clustering
algorithm'*® was used to extract the most dominant structures in each of the wells in Figure 3.5.
The algorithm works by first removing external translational and rotational motions so that only
the internal structural fluctuations can be characterized. A least-squares alignment between all
unique pairs of structures is then performed and an RMSD value is calculated for each pair. For
each structure, other structures that fall below a given cutoff value in RMSD are assigned as
“neighbors”. The structure with the largest number of neighbors and all of its assigned neighbors
are assigned a cluster number and removed from the pool of clusters. The process is then repeated
for all remaining structures until each is assigned a cluster value.

An important point should not be overlooked. The clusters obtained in the manner
described above are obtained from biased MD trajectories. Therefore, it is impossible to directly
compute relative cluster weights or probabilities only using the output of a clustering analysis.
Instead, we employed a previously demonstrated reweighting technique®* that makes use of the
classic Torrie-Valleau umbrella sampling reweighting approach'®” with statistical weights
calculated according to Eqn. 3:

w=exp(-V,,..B) (3.3)

where the bias potential in this case is obtained by using the final MetaD bias potential treated as
a static biasing potential. We note for interested readers that this analysis is trivially performed
within PLUMED/GROMACS by using the “-rerun” functionality of the MD engine along with
the final MetaD bias (e.g., the ‘HILLS’ file) and the MD trajectory (i.e., in this case the 300 K
replica trajectory from the sampling scheme). Care should be taken to avoid using the portion of
the trajectory that corresponds to the MetaD transient. However, in this case this is not an issue as
we only clustered the 2™ half of the trajectories — far beyond the end of the transient period. With
the proper statistical weights in hand for the trajectory of surface-bound structures, the final
probability of each cluster is trivially calculated by normalizing and summing the individual
weights (calculated via Eqn. 3) for each member in each cluster.

The analysis was first performed on the trial III Type I defect simulation; since Figure 3.5a
shows similar free energy profiles for the three trials, we deemed analysis of a single trial to be
sufficient. Skipping every second frame to reduce computation time, surface-bound structures
(defined as peptide/surface distances below 1.2 nm) were clustered with an RMSD cutoff value of
0.2 nm. As noted above, we used only the second half of the trajectory for the clustering analysis
to eliminate the transient part of the MetaD bias potential. Among 39,696 structures, 78 clusters
were determined. The control simulation was analyzed in a similar manner, resulting in 29 clusters
from 29,848 surface-bound structures. The central conformation of each cluster, the so-called
‘cluster centers’, for the top three weighted clusters for each of these simulations, along with their
respective weights, is shown in Figure 3.6. Both top and side views are included for the Type I
defect simulation to highlight binding to either normal or shortened alkyl chain lengths.
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Figure 3.6. Top 3 surface-bound cluster center conformations from a clustering analysis of the
Type I, trial III defect simulation compared to the control simulation with no chain defects.
Secondary structure is indicated by peptide backbone color: purple designates an a-helix, magenta
a turn, and cyan a random coil. Silver and pink represent healthy and defective chains, respectively.

The first thing to note is the difference in cluster distribution between the defect and control
simulations: conformations in the top three clusters of the defect simulation make up about 81%
of the total probability of surface-bound states, whereas conformations in the first cluster alone in
the control simulation have a similar probability of existing on the surface of just over 78%. As
Figure 3.6 shows, this is because areas of shortened alkyl chain lengths caused by depressions in
the gold substrate below the SAM surface dramatically disrupt the helical structure that LK 14
normally adopts at interfaces, leading to a wide array of unfolded structures. Nearly all secondary
structure, indicated by the color of the peptide’s backbone (i.e. magenta, cyan, and purple indicate
turns, coils, and alpha helical residues, respectively), is lost with the addition of the surface defects.
Unlike the central cluster conformations from the control simulation, those from the defect
simulation appear to have little in common apart from a tendency towards unstructured coils,
which makes sense as defective chains are randomly distributed across the surface.

The same analysis was performed on the Type II defect simulation for each of the three
energy minima highlighted in Figure 3.5b (i.e. A, B, and C). These minima are related to the
presence of the outwards boundary defect (see Figure 3.3); the inwards boundary defect appears
to have little influence on binding. Within +/- sigma of each minimum, all structures below an
RMSD cutoff of 0.2 nm were clustered. This resulted in 9,885 structures in 11 clusters for
minimum A, 41,203 structures in 23 clusters for minimum B, and 14,710 structures in 9 clusters
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for minimum C. The central cluster conformations of the clusters with the top 3 weights calculated
for each of the minima are shown in Figure 3.7.

Figure 3.7. Top 3 surface-bound cluster center conformations from a clustering analysis of the
Type II defect simulation for each energy minima highlighted in Figure 3.5b. Secondary structure
is indicated by peptide backbone color: purple designates an a-helix, blue a 3,o-helix, magenta a
turn, and cyan a random coil.

Similar to the Type I defect results, conformations in the first cluster of energy minimum
A make up about 60% of all surface-bound states. As the distance between the peptide and surface
increases to correspond to energy minima B and C, however, the cluster distributions become
tighter (i.e. over 95% of all surface-bound structures reside in the top weighted cluster), similar to
what was observed with the control simulation. The trends make sense given that the results for
energy minimum C should most closely represent those of the control simulation due to the
particular peptide/surface distance.

Deep in the hydrophobic cleft (i.e., minimum A) highly extended conformations of LKa14
are stabilized compared to structures in the control simulation, which we believe is due to the shape
of the defect. Figure 3.5b shows binding in the pocket of minimum A is stronger than that for
minimum B and much stronger than that for minimum C on top of the surface, which, as mentioned
earlier, should most closely resemble the control simulation. Some oa-helicity is retained on top of
the surface (i.e., minimum C), as indicated by the purple color of the peptide’s backbone in the
cluster center conformations. However, even the mere presence of the defect causes the peptide to
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extend over the edge of the surface into the cavity, thereby affecting the normally helical structure
of LKa14.

Conclusions

The enhanced sampling method PTMetaD-WTE was employed to simulate the adsorption
of LK 14 to a model hydrophilic SAM with a carboxylate/carboxylic acid-terminated head group
and two types of induced surface defects. Naturally occurring defects were chosen to best mimic
what has been observed experimentally and included both a substrate defect and a characteristic
SAM film defect. Results of free energy versus peptide/surface distance showed a difference in
the location of the free energy minima for the surfaces with defects compared to a control surface
with no defects. The results also indicated binding to the surface with the characteristic film defect
(“Type II”” defect) is much stronger than binding to the control surface, which we hypothesized is
due to the specific shape of the hydrophobic cleft defect.

A clustering analysis was performed to elucidate structural differences in the bound peptide
caused by the surface defects. Results showed the presence of either type of defect heavily disrupts
the helical structure that LKa 14 normally adopts at interfaces. In performing this analysis, peptide
structures were extracted from basins, aligned, and clustered, and thus orientation of the peptides
with respect to the surface was not taken into account, only the conformation. In this case, it was
not important to distinguish between orientations because charged or hydrophobic sidechains
dominate the surface-bound orientations. However, prior to reweighting it would be trivial to
extend the clustering analysis to distinguish between orientations by subdividing further to, for
example, distinguish between hydrophobic/hydrophilic patches on a peptide or protein or using
other directional descriptors to account for protein orientation in conjunction with the
conformational clusters.

This work will also have implications for future experimental work. Surface-guided self-
assembly of proteins is growing in interest; the observed effects on peptide structure from
relatively small changes in surface roughness suggest careful design of the electrostatic and van
der Waals interactions at the protein/surface interface may be required. Additionally, this method
could be used as a means to reverse engineer protein structure by designing and incorporating
specific surface defects to control the structure of biomolecules upon adsorption.

Finally, we note that the predictions from these simulations could be directly probed with
surface spectroscopies such as sum frequency generation (SFG) spectroscopy'*. Provided self-
assembly of SAMs of different chain lengths were possible, adsorption of LKa 14, we predict,
would reveal no appreciable SFG signal compared to neat SAMs, which reveal the expected helical
structures. Likewise, using a combination of techniques like surface plasmon resonance (SPR) and
atomic force microscopy (AFM)*, we propose it would be possible to study the expected increases
in binding energy due to the film formation defects. Of course, this would depend on being able to
synthesize in a controlled way the film type defects.

67



Chapter 4

Using Molecular Simulation to Study
Biocatalysis in Ionic Liquids’

Introduction

4.1.1 Motivation for Studying Biomolecules in Ionic Liquids

The study of biomolecules in room temperature ionic liquids (sometimes referred to as
RTILs; here called simply ILs) has applications in biochemistry, biomedicine and
nanotechnology."”” Early examples in the area of biocatalysis in ILs included new biomass
pretreatment methods to facilitate the breakdown and conversion of cellulose to green fuels and
chemicals *!, and the enzymatic breakdown of waste food oils '**'**. Compared to traditional
organic solvents, ILs have many beneficial properties that could support novel uses of enzymes in
industry (e.g., negligible vapor pressures, low flammability, high recoverability, and extremely
tunable solvent properties).** Although there are many examples of combing ILs with the full
spectrum of various biomolecules, in this article we are focusing on enzymes due to their unique
ability to catalyze chemical transformations. Both computational and experimental efforts have
provided valuable insights into the microscopic interactions of enzymes with ILs. However, this
book chapter is focused on simulations of biocatalysis in ILs, and thus experimental studies will
be highlighted only briefly. A very recent review article by Benedetto and Ballone paints a more
detailed picture of the current status of experiments related to biomolecules in ILs."** Additionally,
we emphasize that this chapter is not meant as a comprehensive review of all enzyme/IL
simulations to date. Rather, our aim is to provide a guide for researchers looking to start performing
their own enzyme/IL simulations and focus on best simulation practices, potential pitfalls and
limitations, and common analysis techniques.

4Reproduced in part with permission from K.G. Sprenger and J. Pfaendtner. Using Molecular Simulation to
Study Biocatalysis in Ionic Liquids. Methods in enzymology, 577: 419-441,2016. Copyright 2016 Academic
Press.
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4.1.2 Experiments of Biocatalysis in Ionic Liquids

Experiments of enzymes in ILs have been on the rise over the past decade or so, though,
like its computational counterpart, the field is still very new compared to the study of enzymes in
native or native-like environments. Difficulties arising from the use of non-aqueous solvents have
prevented the use of many of the typical analysis techniques used to study enzymes. Many papers
that have been published thus far that deal specifically with enzymes in ILs utilize techniques such
as circular dichroism (CD) '*>° differential scanning calorimetry ', and fluorescence
spectroscopy techniques **'* to observe dynamics and conformational changes upon insertion in
the IL. Dynamic light scattering has been used to observe enzyme aggregation or large-scale
denaturation in ILs.'* Additionally, Kaar and coworkers have recently demonstrated the use of
2D NMR methods as a means to understand and improve enzyme stability in ILs.'*' Common
activity assays have also been used including colorimetry '*°, activity and conformational stability
assays '*>'* and fluorescence quenching assays to find the extent of ion binding to the enzyme
surface '**. Kinetic studies using ultraviolet-visible spectroscopy or other techniques have yielded
Michaelis-Menten constants % *° and quantitative structure-activity relationship (QSAR)
models have been developed to predict enzyme performance in ILs '*. To determine IL effects on
enzyme activity, experiments by Kim and coworkers in 2014 investigated the lipase-catalyzed
transesterification reaction of butyl alcohol with vinyl acetate in ILs.'*’

Directed evolution techniques have also recently been applied to enzyme/IL systems as a
means of optimizing enzymes with respect to desired properties.'**'** For example, Carter and
coworkers mutated Candida boidinii with error-prone PCR to improve the enzyme’s
thermostability and tolerance to ILs.'* Wolski et al. evolved variants of cellulase enzyme Cel7A
via biased clique shuffling, based on the standard DNA shuffling, to have increased stability in
aqueous ILs to improve the biomass dissolution process for biofuels production.'™ Iterative
saturation mutagenesis is another technique to direct the evolution of enzymes. Ultimately, the
choice of technique depends on the desired enzyme property to be optimized.'*’

4.1.3 Simulations of Biocatalysis in Ionic Liquids

To our knowledge, the first paper of a molecular simulation study of an enzyme in an ionic
liquid was published in 2008 "' followed by subsequent work in in 2011 from other groups **"'**.
Since that time, the number of classes of enzymes and types of ILs studied has grown significantly.
For reference, Table 4.1 shows the broad range of combinations of enzymes and ILs, both aqueous
and nonaqueous, studied up till now (n.b., this list may not be exhaustive but is meant to show
range and depth both in the choice of enzyme and IL). The full names and chemical formulas of
the ILs listed in Table 4.1 are given in Table 4.2. As Table 4.1 shows, although a wide variety of
biomolecules and ILs have been studied, the large amount of prior experimental work has led to
more common uses of lipases such as Candida antarctica lipase B (CALB) and Candida rugosa
lipase (CRL), and imidazolium-based ILs (i.e. [RMIM], where R is the alkyl side chain defined in
Table 4.2).

The majority of the studies published thus far have focused on characterizing biomolecular
structure and dynamics in ILs with water as a reference to measure and learn how to control the
stability and retained activity, respectively, of enzymes in nonaqueous media. Recently, examples
of enzyme/IL simulations have begun to explicitly mimic advanced enzyme design procedures.
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Burney et al. '** following the experimental protocol developed by the Kaar group '**'*, simulated

the surface charge modification procedure and studied the effect of controlled surface charge
modification on the long-range structure and properties of the ionic liquid near the enzyme surface.
In many cases, as Table 4.1 shows, the role of water content has been explicitly examined by
studying solute behavior in varying concentrations of aqueous IL solutions. Common practices of
simulating enzymes in IL solutions, even in pure IL solvents, include retaining the crystallographic
water molecules that surround and at times penetrate the structure of the enzyme, primarily because
of their important role in upholding enzyme stability '>>. A common method of analysis to gain
mechanistic insight into enzyme stability in ILs is to track the diffusion of water from the enzyme
surface over time in IL solutions compared to in pure water (Micaélo 2008, Burney Pfaendtner
2013, latif 2014). However, some studies have taken the approach of removing the surface
crystallographic waters while retaining just the water molecules buried within the enzyme '** or
removing the structural waters altogether '**, citing the activation of the enzyme under anhydrous
conditions.

Later in this chapter we provide more detailed descriptions of common analysis tools and
techniques to study enzymatic behavior in ILs with specific tips and suggestions to get started.
However, to highlight the wide range of examples and interesting analyses that atomistic molecular
simulations uniquely enable, we describe a few unique examples in the remainder of this section.
Some additional analysis methods to note include the use of principal component analysis to gain
insights into the representative slow modes of enzymes in water and ILs '*, which suggested that
the ILs can disrupt relative ordering and strength of various slow, correlated motions. Building on
this was the observation that in glycoside hydrolases, transient behavior of hydrogen bonds and
salt-bridges could be linked to enzyme stability. '>°

Finally, there are growing examples of studying how ILs affect the structure and dynamics
of substrate binding pockets in relation to enzyme activity. Kim and coworkers analyzed the
conformational changes of the active site of CALB in various ILs and found a direct relationship
with enzymatic activity.'* Depth profiles from the interior of the catalytic cavity to the enzyme
surface changed in response to the IL type and differed notably from one solvent to the next. These
findings were also verified with follow-up experiments. In another example of computational
predictions that were validated for the case of biocatalysis in ILs, the prediction by Jaeger and
Pfaendtner '* of the role of ILs as competitive inhibitors to enzyme substrates was later
independently confirmed '*°. As the field of computational biocatalysis in ILs is still relatively
new, many testing and validation studies are still needed to understand the accuracy of the force
fields used. As others have noted, the tolerance of a given enzyme to any particular IL is generally
unpredictable at this time."°. Thus, it is an exciting step forward whenever computational
predictions are later proved to be correct through experiments.
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Table 4.1. Overview of enzyme/IL systems studied to date with molecular simulations.

Biomolecule 1L % or Conc. in Water Ref
Serine protease [BMIM][NO;,] 2.5,5,7.5,10,15,25, 151
cutinase [BMIM] [PF,] 35,50, 60,75

[BMIM][NO;]

[BMIM][BF,]

[BMIM][PF]

[MOEMIM][BF,] 152-153
CALB [BAGUA][BF,] 100

[BCGUA][BFE,]

[MCGUA][NO;]

[DCGUA] [NO,]

[EMIM][ACE] 140
Xylanase [EMIM] [EtSO,] 10,20,50

[BMIM][PF] 157
CRL [BMIM] [NO,] 100
Adenosine [AMIM][CI] 100 139
deaminase [OMIM][CI]

[BMIM][PF]

[BMIM] [BF,]
CALB,CRL [BMIM][C]] 5,10,15,20,50 138

[BMIM] [TfO]

[BMIM][Tf,N]

[BMIM][TfO] 145
CALB [BMIM] [CI] 100
Cellulases* [EMIM][ACE] 15,50 1
CRL, bos taurus  [BMIM][CI] 20 154
a-chymotrypsin [EMIM] [EtSO,]
Henegg white | pn iy iy 1.5M 158
lysozyme
Renilla luciferase [BMIMI[PE] 14mM,16mM** 136

[BMIM] [BF,]

*Trichoderma viride, thermogata maritime, pyrococcus horikoshii

**Pairwise for ILs
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Table 4.2. Abbreviations and formulas for IL cations and anions listed in Table 4.1.

Cation Anion
Abbrev Name Formula | Abbrev Name Formula
1-ethyl-3- . .
[EMIM] methylimidazolium CH, N, [PF] Hexafluorophosphate =~ PF
1-butyl-3- . . .
[BMIM] methylimidazolium C¢H,sN, [NO,;]  Nitrate NO,
[oMIM]  Loowl-3- C,H,N,” |[BF,]  Tetrafluoroborate BF,
methylimidzolium 12 ¢ ¢
amivy  Allyl3- C,H,N,” |[ACE] Acetate CH,CO,
methylimidzolium s T2
I-methyl-3- N .
[PMIM] pentylimidazolium C,H,,N, [EtSO,] Ethyl Sulfate C,H,O,S
[MOE- I-methoxyethyl-3- N Trifluoromethane- .
MIM] methylimidazolium GHN0™ | [THO] sulfonate CF,SO;
acyclic o
i N bis(trifluoromethane- C,F\NO,
[BAGUA] butyl‘pe‘nFamethyl C,,H.uN; [Tf,N] sulfonyl)imide S,
guanidinium
MCGUA]  SYelie tetramethyl- oy o L) Chloride Cr
guanidinium
cyclic
[BCGUA]  butyltrimethyl- C,H,(\N,* | [Br] Bromide Br
guanidinium
cyclic
[DCGUA]  decyltrimethyl- C,sH;y N,*
guanidinium

Methods for Simulating Biomolecules in Ionic Liquids

4.2.1 Choice of Force Field/Parameterization Process

Many different approaches exist for setting up simulations of enzymes in ionic liquids.
There are three main parts to the setup process — choice of force field to simulate the enzyme,
choice of force field to simulate water, and parameterization of the force field for the IL. Whereas
there are many choices for the former two, there are widely varying approaches to establishing the
IL force field. Due to length considerations, we will not discuss the choice of biomolecular force
field here beyond noting the general need for the class of the force field to have compatibility with
both the water model and force field for the IL. Regarding the choice of water model, a wide range
of force fields have been used to simulate both the water molecules present in aqueous IL solutions
or the crystallographic water surrounding the enzyme in pure IL solvents. The most common
choice of model in studies published thus far are 3-site water models like SPC 51 SPC/E ¥, and
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TIP3P.'*" #1515 ‘There has been a single study with a 4-site water model '°*. While more
computationally expensive than 3-site or 4-site water models, studies by Klahn et al. used the
TIPSP water model >, citing their previous experiments that found TIP3P overestimated the
strength of water/IL interactions and led to incorrect mixing of [BMIM][PFs], known to be a water-
immiscible IL, with water; TIPSP correctly predicted no mixing of [BMIM][PF¢] with water in the

simulations '°.

The greatest variation in approach among the published studies on biocatalysis in ILs lies
in the parameterization of the IL cations and anions. Generally, approaches fall into one of three
categories: 1) use or manually create a customized force field specifically refined for a particular
IL; 2) use a generic or universal force field combined with customized partial atomic charges via
quantum mechanics calculations; or 3) use a self-contained computer program to generate force
field parameters for the IL(s) of interest. Guiding the choice of how to proceed with IL
parameterization are the major considerations of scope and scale of the researcher’s study. If the
goal is to test the stability of a particular enzyme in many ILs from different families (i.e. no
common cation or anion to all ILs) in a high-throughput manner, the parameterization method
should be general and easily applied across the range of ILs tested, like in approach 2. Conversely,
if the goal of the study is, for example, to reproduce experimental results of the behavior of an
enzyme in a particular IL or family of ILs, an IL-specific (and thus more accurate) parameterization
method would be appropriate, like in approach 1. A few studies thus far have utilized a united-
atom model for the ILs: in the spirit of the first type of approach, Micaélo et al. developed a united-
atom based model for two imidazolium-based ILs in the framework of the GROMOS force field
11 whereas Ghosh et al. and Ajloo et al. followed the third type of approach and generated united-
atom IL force field parameters from software such as the Automated Force Field Builder and
Repository (ATB and Repository) '®°, also based on the GROMOS force field, and PRODRG2 '*!,
respectively °*'*°. OPLS-based force fields have also been common: Latif et al. '°* and Klahn et
al. "> used the IL family-transferable force fields developed by Canongia Lopes et al. '**'** to
model the ILs in their studies, and Kim et al. '*° used the force field parameters developed for 68
different ILs by Sambasivarao et al. '®>. Our own group, seeking to leverage the high quality
AMBER family force fields for proteins and carbohydrates, adopts the second approach and makes
use of the fact that the general AMBER force field (GAFF) can reproduce many properties of neat
ILs ', This has permitted seamless combining of GAFF-parameterized ILs with modern AMBER
protein force fields like AMBER ff99SB '’ and GLYCAM ', the AMBER carbohydrate force
field, to study many different biomolecule/IL systems '* **1% 15719 "Eor many ILs, GAFF
already includes all the necessary bonded and non-bonded interactions with the exception of
electrostatic point charges, which are obtained in a customized manner via a standard procedure.
The developers of the CHARMM family of force fields recently published a generic force field,
CGenFF '""'7! which is an ideal candidate to further test the ability of a general force field to have
widespread predictive power.

A common need, irrespective of the various parameterization methods, is accounting in
some way for the slow dynamics of room temperature ILs, which if ignored may lead to poor
configurational sampling and increase simulation convergence times " '**. The origin of this
problem stems from the high viscosity of many ILs that can artificially dampen system dynamics
if not captured and corrected for by the IL force field, and can lead to wildly inaccurate predictions
of IL transport properties. Micaélo et al. found it helpful to scale the masses of heavy atoms in
their system in order to bring all of the characteristic vibrational frequencies more in line with each
other.””' They acknowledged this had an effect on the overall dynamics of the system, but it left
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the equilibrium thermodynamic properties of the system unchanged. Another method to overcome
the sluggish dynamics of ILs is to simply scale down the partial charge of each cation/anion.
Studies have shown that classical force fields generally do a poor job of estimating the transport
properties of ILs (e.g. shear viscosity or self-diffusivity) when full charges are assigned to the
ions.'” This is best explained by the fact that using full charges leads to a poor approximation of
liquid-like behavior 7> i.e. charge screening by neighboring molecules and electron density
effects by neighboring molecules of opposite charge are not well represented. It has been shown
that scaled partial charges lead to significant improvements in the resulting transport properties of
ILs.'”” The use of GAFF combined with the Antechamber/RESP charge generation method and
scaled IL partial charges by a factor of 0.8 has been used in some more recent biocatalysis/IL
studies.”*"** The steps to carry out this particular parameterization method will be described in
the next section, followed by a small case study to illustrate the effects of charge scaling in ILs on
the conformational transitions of biomolecules. It should be noted that this method of performing
quantum calculations on isolated ions or pairs of ions and then uniformly scaling the charges does
sacrifice some accuracy; a much more accurate but computationally exhaustive approach is to use
a QM/MM description of the liquid to derive the parameters for the Coulombic potential using the
actual charge distributions in the liquid. This method has been employed by Klahn and coworkers
to simulate CALB in a number of IL solvents.'**"*?

4.2.2 System Setup Example Using GAFF/Antechamber Tools

There are many freely available programs to establish a workflow for creating the required
force fields and starting structures for simulating enzymes in ILs. Figure 4.1 shows a general
flowchart for setting up an enzyme/IL system for use in a molecular dynamics (MD) simulation
carried out with the GROMACS MD engine.”® We note that for any individual step, a number of
different programs could be substituted, and interested readers are suggested to review the
literature listed in Table 4.1 for alternative methods. Steps 1-5 are performed consecutively first
for one ion, then for the other, but will be discussed here in tandem to avoid redundancy. The point
charges for the cation/anion pair are created by drawing the chemical structures of the ions (step
1, completed in GaussView or a free program like Molden or Avogadro) and subsequent geometry
optimization and calculation of the electrostatic potential around the molecule (in step 2, Gaussian
' conveniently works with the AmberTools program in our workflow, but there are many other
options for completing this step). Fitting the electrostatic potential leads to the determination of
the atomic point charge on each atom (in step 3, Antechamber '® is a convenient program because
it also assigns GAFF atom types). Combining the generated structural and electrostatic parameters
with the equation of GAFF to describe the potential energies and their force derivatives creates
force field files for the ions (a program like Parmchk can be used to identify missing parameters
(step 4) that can be manually parameterized and incorporated in LEaP ' in step 5). After
constructing the molecular structure file for the full system (step 6, completed in a program like
Packmol '®), force field files for the system are created as before with the ions (step 7, completed
in LEaP). Lastly, input files are generated to perform an MD simulation (in step 8, ACPYPE '”
is used to convert between the AMBER and GROMACS file formats).
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Figure 4.1. Flow chart for developing MD simulation files for an enzyme/IL system to be
simulated in GROMACS. This workflow is general and could be used with any MD engine
compatible with modern force fields.

4.2.3 Electrostatics and Charge Scaling Considerations

As noted above, many different approaches have been applied to setup simulations of
biocatalysts in ILs. One aspect of the parameterization process that deserves further attention is
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the scaling of electrostatic point charges of IL ions. In IL systems, the prevalence of large numbers
of significant point charges means that electrostatic interactions can contribute to molecular scale
fluctuations much more than in purely aqueous systems. To illustrate the potential impact of charge
scaling on the properties of an MD simulation of an enzyme, we have performed some simple
calculations of alanine dipeptide in solutions of pure 1-butyl-3-methylimidazolium chloride
([BMIM][CI]) with ion partial charges scaled to values of 1.0 (unscaled), 0.9, and 0.8. Additionally,
a simulation is done in water for comparison. The AMBERO3 force field '** was used to model the
peptide, TIP3P ' to model the water, and GAFF '® to model the organic molecules with RESP
partial charges generated via Antechamber. Following a steepest-descent energy minimization of
10,000 steps, a short 1 ns NPT simulation at 300K was run to equilibrate the system pressure, using
a global stochastic thermostat >* and the Berendsen barostat '. MD combined with the well-
tempered version of metadynamics (MetaD) *°* * was used to construct free energy surfaces for
each of the four simulations, shown in Figure 4.2. The free energy has been projected onto the phi
and psi dihedral collective variables (CVs), which were biased using PLUMED °? with Gaussian
hill widths (o) of 0.2 radians and hills added every 4 ps (t) at an initial bias deposition rate of
0.075 kcal/mol/ps. A biasfactor (y) of 9 was used in all simulations. Figure 4.2 shows the free
energy profile of alanine dipeptide in water (A) is very similar to that in [BMIM][CI] with partial
charges scaled by a factor of 0.8 (B). Scaling the charges by a factor of 0.9 (C) and by a factor of
1.0 (D) leads to increasingly higher barrier heights, hinting that longer transition times between
states might exist for systems with less scaling of IL partial charges and that the main pathway(s)
for changing states might differ as well. Despite these apparent differences in the free energy
landscapes, all free energy surfaces show a two-state system with the same general locations of
the low free energy wells, a (indicated with an asterisk) and [, across all simulations. It is
interesting to note, however, that while the two-dimensional shape of the o well remains very
similar across the four simulations, the shape of the B well changes considerably as the partial
charges are less scaled, or essentially as the viscosity of the system increases. We also note that
convergence was based on the free energy difference between the two wells over time, with the
slow dynamics in the IL systems leading to longer convergence times.

To assess the rate of conformational transition in the different systems, we also initiated a
series of simulations with the infrequent metadynamics approach '* to estimate the rate of reaction
of the o> transition of alanine dipeptide in the different solvents (n.b., a white asterisk in each
plot in Figure 4.2 represents the point in CV phase space at which state a is designated). These
simulations used well-tempered MetaD simulations with hills now added every 80 ps at an initial
bias deposition rate of 0.00375 kcal/mol/ps and post-processed with the infrequent metadynamics
algorithm. Calculation of an individual transition time over a barrier is calculated via Equation 1,

N
teﬁ‘ - EAtiMetaDeﬁVb,-m(s,t) (41)

i=0

where At is the MetaD time step and Vs is the instantaneous value of the MetaD bias potential at
the ith point in the transition trajectory. The point in time at which alanine dipeptide leaves the a
basin defines the interval of time in the so-called “transition trajectory”. Details about the p value
analysis can be found in the work of Salvalaglio, who suggested the approach for checking the
validity of the calculations '**. We also note our analysis and bootstrapping process followed our

recent use of infrequent metadynamics to study chemical reaction rates '™
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Figure 4.2. Free energy surfaces for alanine dipeptide in: (A) water; (B) [BMIM][CI] with partial
charges scaled by multiplying by 0.8; (C) [BMIM][CI] with partial charges scaled by multiplying
by 0.9; and (D) [BMIM][CI] with partial charges scaled by multiplying by 1.0 (i.e. not scaled).

Table 4.3 shows that all p values are above the recommend threshold of 0.05, thus we can
conclude the transition times are uncorrelated and follow a Poisson distribution. The results show
drastically different mean transition times, beyond an order of magnitude, are calculated depending
on the degree of scaling of the ion partial charges. As predicted in the earlier discussion of the free
energy profiles, the mean transition time generally increases as the degree of scaling is decreased
from 0.8 to 1.0. In other words, the viscosity has a significant effect on the conformational
transitions of biomolecules and should be treated with extreme care when constructing simulations
of enzymes in IL solvents.
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Table 4.3. Mean escape time data for the alanine dipeptide o= 3 transition.

Solvent Cha.rge 7 (ns)? p value® Number of ¢
scaling events

Water N/A 0.136(0.016) 0.78 100 80

[BMIM][CI] 0.8 9.00(1.2) 0.99 100 80

[BMIM][CI] 0.9 138(17.9) 0.92 100 80

[BMIM][CI] 1.0 149(21.3) 0.08 100 80

"Mean transition times of 100 rare events, with standard deviations in parentheses.
’Kolmogorov-Smirnov significance (p) values.
‘Time between successive Gaussian hills deposition in MetaD simulations.

4.2.4 IL-Specific Aspects of Enzyme MD Simulations

Determining the force field, topology, and all input files for simulations of enzymes in ILs
often proves to be the most time-consuming aspect (from the point of view of human effort) of the
whole process. Once this is completed, the simulations can be performed with any parallel and
efficient MD engine. Beyond the initial setup, there are a few potential considerations that merit
further attention.

First, there is a common practice in the enzyme/protein simulation community to use a
slow annealing from a low temperature near 10K to the desired simulation temperature.
Simulations with a barostat to mechanically equilibrate the system at a fixed pressure often follow
this heating step. The IL systems are highly viscous and initial random configurations may lead to
strong electrostatic interactions that could artificially pull the system far from equilibrium. To
address this we recommend a twofold remedy. First, simulations should be performed with
multiple instances of generating the packed box of ILs (and water if desired). Second, in each
system we suggest freezing all protein atoms and holding the system at a very high temperature
(above 500K) for ~5 ns to equilibrate the solvent structure. The simulations can then be reliably
quenched to a very low temperature and then slowly heated with an unfrozen protein according to
the common community practice of annealing to room temperature for biomolecular studies.

Next, for simulations of enzyme/IL/water (i.e., there are IL and water cosolvents together),
the issue of water miscibility is a potential concern. There is a significant amount of experimental
data to guide the selection of the system temperature and amount of water (in order to avoid phase
separation). However, unless the force field has already been evaluated for its ability to predict
experimental phase separation, it is important to remember the precise temperature and
composition at which the phase split occurs. If concerns exist regarding miscibility, we suggest
trial simulations of the water/IL mixture to evaluate this issue in detail. Finally, in light of the issue
of slower timescales arising from high solvent viscosity, we also suggest extending MD
simulations to longer timescales and/or using enhanced sampling approaches, which will be
discussed further in the conclusions.

4.2.5 Typical Analysis Approaches

This section briefly highlights typical ways that other researchers have characterized MD
simulations of enzyme/IL systems. We note that on a practical level, there is no reason any type
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of analysis based on studying average or time dependent behavior of the enzyme, solvent, or both
cannot be used in the context of MD simulations of nonaqueous biocatalysis. To date the most
common way of characterizing enzyme/IL interactions is through the use of structural-based
methods like those listed in Table 4.4, most of which are often calculated post priori versus on-
the-fly to avoid computational overhead on MD simulations.

Some groups have made a point to focus on the thermodynamic aspects of enzyme/IL
interactions as well. For instance, in 2011 Klahn and coworkers quantified the enthalpic changes
that occurred upon solvation of an enzyme in IL compared to in water '°*, as well as calculated the
strengths of the Coulombic and Lennard-Jones interaction energies between the enzyme and IL
ions **'** More recent papers by Burney et al. and Jaeger et al. directly quantified the entropic
contributions to enzyme/IL interactions > '’ by quantifying side chain fluctuations. Jaeger and
coworkers also quantified energetic contributions to enzyme/IL interactions by calculating the
in‘[ernall gnergy of the protein, i.e. summing up all of the molecular interactions within the
protein.

A final type of analysis that is commonly performed on data from simulations of enzymes
in ILs is the calculation of radial distribution functions '**'**'>* and spatial distribution functions
3L 1% of the IL jons and/or water molecules surrounding the enzyme surface. These types of
analyses have provided insight into the behavior of ions and water, either solution or
crystallographic, at the enzyme surface. In the case of Burney et al., this provided insightful
information about the change in proportion of IL cations and anions around the enzyme surface
with certain enzyme surface charge modifications.'>* In this same paper, the authors also calculated
charge distribution functions (i.e. charge density of the IL ions as a function of the radial distance
from the en