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ABSTRACT

USING MOLECULAR SIMULATIONS AND STATISTICAL MODELS TO

UNDERSTAND BIOMOLECULAR CONFORMATIONAL DYNAMICS

Yunhui Ge

DOCTOR OF PHILOSOPHY

Temple University, May, 2020

Professor Francis Spano, Chair

Conformational dynamics are important to the function of biological molecules.

While many experimental techniques (e.g. X-ray crystallography and NMR

spectroscopy) have been developed for providing the structure of functional

conformations, it is exceptionally challenging to understand conformational

dynamics from experimental characterization. Molecular dynamics (MD) sim-

ulations is a powerful tool for probing conformational dynamics. The timescale

resolution of MD simulations enables people to investigate intermediate con-

formations and transition pathways in atomic detail. Recent advancements

in computer hardware have increased the timescales accessible to MD simula-

tions. Meanwhile, more accurate and speci�c force �elds have been developed

to accurately model a variety biological system of di�erent sizes. My graduate

research has been focused on using MD simulations to study the conforma-

tional dynamics of proteins. Markov State Model (MSM) based approaches are

extensively applied to investigate a variety of folding and/or binding mecha-

nisms in atomic detail. Another focus of my work has been developing a

Bayesian inference-based approach called BICePs to reconcile experimental

measurements with simulation data to determine conformational ensembles

and to validate force �elds.
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tion mechanism for Phe association with ACT domain dimers.
a, the crystal structure of full-length tetrameric mammalian
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binding events shown with a Bayesian estimate of the binding
rate. e and f, example traces for Phe binding trajectories (or-
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CHAPTER 1

INTRODUCTION

1.1 Molecular dynamics simulation

Molecular dynamics (MD) simulations, �rst developed in the 1970s,[1] have

been proved a useful tool to probe conformational dynamics at atomic-level

detail with good agreement with experimental measurements.[2, 3, 4, 5, 6] In

general, there are three main aspects that need to be considered for successful

modeling using MD simulations: (1) force �elds, (2) conformational sampling

and (3) analysis methods.

A force �eld is a classical-mechanical potential energy function describ-

ing the forces acting on all atoms of a molecular system. The development

of force �elds have enabled the accurate description of interactions between

particles for di�erent types of systems. [7, 8, 9, 10, 11, 12]. Most force

�elds have been studied and implemented using popular simulation suites such

as GROMACS[13], CHARMM[14], Amber[15], NAMD[16], or OpenMM[17].

These successes of these many force �elds aside, it is important to keep in mind

that a force �eld is still a classical-mechanical approximation of quantum-

mechanical reality. More work need to be done to improve the accuracy of the

force �elds for more compatible with experimental observations.

Another important consideration in molecular simulation isconformational

sampling. Molecular dynamics is useful for sampling the equilibrium distri-
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bution, but dynamical trajectories are time-correlated, and �nite sampling

limits our ability to observe long-timescale behavior in biological systems.

Such events include the dissociation of ligands, which is important to drug

discovery.[18, 19, 20] A number of solutions to this challenge have been de-

veloped. One possible solution is to use enhanced sampling techniques to

overcome the inadequate sampling.[21, 22, 23, 24, 25, 26, 27, 28, 29] Such sim-

ulations may not sample the equilibrium distribution directly, but are instead

designed to more e�ciently explore conformational space, and are usually used

alongside methods to compute unbiased thermodynamic and kinetic proper-

ties. Another way to improve conformational sampling is to design specialized

hardware to enhance computational performance of simulations for e�cient

sampling, a strategy motivating the development of the supercomputer An-

ton [30, 31], and the development of distributed computing platforms like

Folding@home that can use many idle conventional computers over the world

for simulations.[32] The introduction of graphics processing units (GPUs) for

speeding up MD simulations has improved the performance of molecular sim-

ulation by an order of magnitude.[33, 34, 35]

With the increased e�ciency that comes from hardware and software ad-

vances, molecular simulation data can now be collected on a large scale. This

leads to the last challenge mentioned above: What is the appropriate method

to analyze such simulation data? Some key questions we wish to address

are: How can we obtain human-comprehensible results from high-dimensional

simulation trajectory data? How should we interpret experimental measure-

ments using computational modeling results? This dissertation addresses these

questions through the extensive application of Markov state model (MSM) ap-

proaches to extract information of interest from the raw simulation data. A

Bayesian inference based approach (BICePs) is developed to reconcile theo-

retical predictions with experimental measurements for structural ensembles

determination. The theory and conceptions associated with these approaches

will be explained in the following sections.
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1.2 Markov state models (MSMs)

Markov state models are a powerful approach to describe biomolecular

dynamics from simulation data.[36, 37, 38, 39, 40, 41, 42, 43, 44] The �rst

step to constructing an MSM is to project high-dimensional simulation trajec-

tory data onto a low-dimensional, discrete conformational state space. Once

a state decomposition is obtained, a transition probability matrix (describing

the probabilities of transitions between states within a given lag time) can

be constructed from observed transitions in locally equilibrated simulations.

Assuming the stochastic dynamics is Markovian (i.e. non-history dependent),

the MSM transition matrix can then be used to describe the long-timescale

dynamics of the system. For excellent reviews of MSM methodology, with in-

sightful introduction and discussion, see [45, 46, 47]. Several software packages

are also available for MSM construction.[48, 49]

State decomposition. The essential part of an MSM is theN � N transi-

tion probability matrix T , where N is the number of metastable states, and

elementsTij contain transition probabilities between state indicesi and j . The

transition probability matrix is constructed from transition counts Cij from

state i to j observed in the simulation trajectory data.

The discrete states are determined by partitioning the high-dimensional

continuous space of trajectory coordinates using machine learning approaches,

such as conformational clustering. For example, an RMSD distance metric

might be de�ned based on the geometric variation between snapshots in the

simulations. In the k-centers clustering algorithm, trajectory snapshots are

grouped intoN states such that the longest distance between any snapshot to

its closest center is minimized.

Good state decompositions for MSMs do not necessarily have states that

are geometrically distinct, but rather ones that are kinetically distinct, with

slow-interconverting conformational states well-separated by somekinetic dis-

tance. Additionally, due to the high-dimensionality of the input data, geometry-
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based clustering overemphasizes the spatial variance that arises from fast mo-

tions, whereas we mainly care about a few slow motions like folding and binding

when building MSMs.

To address these issues, another widely used algorithm called tICA (time-

lagged independent component analysis) has been developed.[50, 51] The tICA

method seeks linear combinations of input coordinates that maximize the auto-

correlation function of that projection, while constraining each linear combina-

tion to be uncorrelated to the previous ones. In that way, the input trajectory

data can be projected onto a subspace where slow motions are captured and

ranked based on their time-correlation. According to the variational approach

to conformational dynamics,[52, 53] tICA is the optimal low-rank linear trans-

formation that preserves the slowest-timescale motions. Projection onto them

tICA components (tICs) with the largest tICA eigenvalues gives a new coor-

dinates in am-dimensional space, where each tICm represent themth -slowest

motions present in the input data. A low-rank

When performing tICA, we �rst select some features that can best distin-

guish conformations in di�erent energy basins, similar to collective variables

(CVs) used in metadyanmic simulations. The tICA components (tICs) are

found by maximizing the objective function



� i

�
�C (� t )

�
� � i

�
(1.1)

subjected to certain constraints wherej� i i are the tICs andC (� t ) is the time-

lagged correlation matrix that can be computed asCij = hx i (t)x j ( t + � t)i

for (zero-mean) featuresx i and x j . To solve for eachj� i i , the problem is

equivalent to �nding the solution to the generalized eigenvalue problem

C (� t ) j� i i = � i � j� i i (1.2)

where we can order the eigensolutions by their eigenvalues� i so that the

slowest tIC isj� 0i and the second slowest tIC isj� 1i , etc. In the new tIC space,

di�erent geometric clustering methods[54, 55, 56, 57] (e.g. Euclidean distance)
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can be used for state decomposition. A state index will be assigned to each

snapshot of the trajectories and then a transition matrix can be constructed.

Transition probability matrix. The transition probability matrix T (� )

is at the core of a discrete-time Markov model. Its elementsTij (� ) represent

the conditional probabilities of transitions from statei to j in a time lag of

� , (Tij (� ) = P(i; t jj; t + � )). Given a vector p(t) of state populations at time

t, we can predict the discrete-time evolution asp(t + � ) = T (� )| p(t). Thus

the probability of observing the transitions happen between states in the time

interval of � only depends on the current state. Such process is known as

Markovian (or memoryless).

The analogous continous-time Markov process can be described by anN �

N rate matrix K , and the master equation,

dp(t)
dt

= Kp (t): (1.3)

The rate matrix K is singular (det(K ) = 0), so for at least one eigenvector

 , dp(t )
dt = K  = 0. This means that that the system achieves a steady-state

condition and  is a vector of steady-state populations.

What is the relationship between the continuous-time rate matrixK and

the discrete-time transition probability matrix T ? Given a extremely small

time interval �t (�t ! 0 and �t � � ), based on the master equation, the

corresponding population change should be�p = Kp (t)�t . Then the time

evolution of p(t) with after �t is p(t + �t ) = p(t) + � p = (1 + K �t )p(t).

With N intervals so that N�t = � (N ! 1 ), we have p(t + �t ) = p(t) +

� p = (1 + K �t )N p(t) = lim N !1
�
1 + K �

N

� N
p(t) = exp( K � )p(t). Thus, we

get an important equivalence between the transition matrix and rate matrix,

T (� )| = exp(K � ). By writing the matrix exponential exp(K � ) as an Euler

series, it is easy to show thatK and T share eigenvectors i , and that the

eigenvalues ofT (� ) are:

� i = exp( � i � ) (1.4)
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With � i as the relaxation rates of each eigenmode i , it is convenient to de�ne

implied timescales� i = � 1=� i . Since each� i is related to the eigenvalue� i of

the discrete-time transition matrix T , it means we can estimate the timescales

of the continuous-time dynamics directly from our matrix of discrete transition

probabilities at lag time � :

� i = �
�

ln (� i )
(1.5)

Note that � i is di�erent from � : the � i is the implied timescale ofi th

relaxation mode, whereas� is the time interval (lag time) used to construct

the transition probability matrix. Since � i represents the timescale of a speci�c

motion, the implied timescale can also be used to validate the Markovianity

of the process by computing� i with di�erent values of the lagtime � . If the

dynamics is Markovian, the� i should be independent of the lag time. While

this is not a su�cient test of Markovianity, it is a strong indication of the

quality of an MSM. In practice, a plot of the implied timescales versus lag

time should have a \plateau" region where the� i are relatively insensitive to

the lag time chosen.

Estimation of the transition matrix. In practice, the transition proba-

bility matrix elements Tij (� ) are estimated from matrix of observed transition

counts,Cij (� ). The most naive estimate of the transition matrix is simply the

row-normalized matrix of transition counts,

Tij (� ) �
Cij (� )

P
j Cij (� )

(1.6)

A better estimate can be achieved using a maximum likelihood estimator

(MLE) that enforces detailed balance. The likelihood of observing transition

counts Cij (� ) is given by

LMSM =
Y

i;j =1

Tij (� )Cij (� ) (1.7)
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Therefore, the maximum-likelihood estimate of the transition probability ma-

trix Tij (� ) is given by LMSM such that detailed balance in constrained, accord-

ing to � i Tij (� ) = � j Tji (� ), where � i are the state populations at equilibrium.

The general solution to this problem is not given by a closed-form analyt-

ical expression, but instead can be computed numerically by self-consistent

iteration until convergence.

Key advantages of MSMs. MSM-based approaches provide a kinetic net-

work describing conformational dynamics sampled in MD simulations. MSM

approaches for studying long-timescale behavior of proteins have the following

key advantages:

1. Both kinetics and thermodynamic properties can be extracted from a

well-constructed model.

2. Global equilibration is not required for simulations whereas the local

equilibration is enough for constraints (detailed balance).

3. A perspective of ensemble-averaged dynamics instead of single trajec-

tories. Di�erent starting points of the simulation have little relevance

which increases the statistical signi�cance in resulted predictions.

4. The ensemble-averaged view of dynamics are also compatible with ex-

perimental measurements.

5. MSMs provide an excellent framework for exploring conformational space

using adaptive sampling.

Recent methodological developments further expand the ability of MSMs

to better estimation of thermodynamic and kinetic properties, through the

use of enhanced sampling techniques to overcome the �nite sampling issues

[58, 59, 60, 61, 62].
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1.3 Bayesian Inference of Conformational Pop-

ulations (BICePs)

Protein molecules do not exist as a single conformation, but rather un-

dergo conformational 
uctuations in the cellular environments, sampling from

a larger protein structural ensemble. To understand biological function, it is

useful and more representative of reality to model protein structural ensembles

rather than a single protein conformation. It is challenging to determine struc-

tural ensembles by using either experimental measurements or computational

modeling alone.[63] Thus, a combination of experimental and computational

methods are used to determine structural ensembles.[64, 65, 66, 67, 68, 69, 70,

71, 72] Many methods exist for this purpose, with advantages and disadvan-

tages. Motivated by this, we developed an algorithm called Bayesian Inference

of Conformational Populations (BICePs). BICePs uses Bayesian inference to

make statistically optimal estimates of conformational populations using com-

bined information from experimental observables and theoretical predictions.

The goal of BICePs is to model aposterior distribution P(X jD) of confor-

mational statesX , given some experimental dataD. This posterior probability

is proportional to a product of (1) a likelihood function Q(DjX ) representing

experimental restraints, and (2) aprior distribution P(X ).

P(X jD) / Q(DjX )P(X ) (1.8)

Here P(X ) represents prior knowledge about conformational states from

theoretical modeling. Normally it is represented by potential energy of con-

formational states based on computational sampling. In BICePs we assume a

normally-distributed error model of the likelihoodQ(DjX ). Such error model

re
ecting how well a given conformationX agrees with experimental measure-

ments:

Q(DjX; � ) =
Y

j

1
p

2�� 2
exp

�
�

�
r j (X ) � r exp

j

� 2
=2� 2

�
: (1.9)
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Here,r j (X ) represents computed ensemble-averaged observables from the sim-

ulations and are compared to the experimental valuesr exp
j wherej = 1; :::; Nj

is the number of observables. Eq 1.9 shows that BICePs can be considered

as a way to reweight conformational populations to best agree with experi-

mental restraints. In BICePs, the likelihood functionQ(DjX ) relates a single

structure to the experimental data. Because of that, the error model re
ects

both uncertainty in the experimental measurements and heterogeneity in the

conformational ensemble. These uncertainties are usually not knowna priori ,

and must be treated as nuisance parameters� which can be modeled using

some prior modelP(� ):

P(X; � jD) / Q(DjX; � )P(X )P(� )

In BICePs, We treat P(� ) as noninformative Je�reys prior (P(� ) = 1 =� ).

Reference potentials. The likelihood function Q(DjX ) corresponds to ex-

perimental restraints, where restraint spacer is a low-dimensional projection of

some high-dimensional state spaceX . Because of this, we need to introduce a

reference potentialQref(r ) that re
ects some reference distribution for possible

values of some observablesr in the absence of any experimental measurements.

With this modi�cation, Eq 1.8 becomes:

P(X jD) /
�

Q(r (X )jD)
Q ref (r (X ))

�
P(X ) (1.10)

The negative logarithm of the bracketed weighting function� ln[Q(r jD)=Qref(r )]

is then a potential of mean force.[73, 74, 75] The use of reference potential can

be considered as introducing a reweighting factor to correctly weigh the di�er-

ent restraints against each other, by considering how informative they are in

observable space. In our previous work, we showed the importance of properly

applying reference potentials for accurate results of BICePs.[76, 77]. Because

BICePs is designed with sparse/noisy data in mind, the likelihood function

Q(DjX ) to enforce experimental restraints is assumed to be coarse-grained.
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So we are using very conservative reference potentials: uniform (no informa-

tion), exponential (the least-informative distribution if all we know ishr i ), and

Gaussian (the least-informative distribution if all we know ishr i and hr 2i ).

Sampling of the posterior distribution. Posterior sampling overX and �

using Markov Chain Monte Carlo (MCMC) can then be used to determine the

conformational populations given the experimental restraints asP(X jD) =
R

P(X; � jD)d� . Since X and � are statistically independent then we have

P(X; � ) = P(X )P(� ). In BICePs, we de�ne the energy function as the nega-

tive logarithm of the posterior probability:

� ln P(X; � jD) = ( N j + 1) ln � + � 2(X )=2� 2 � ln Qref +( N j =2) ln 2� � ln P(X )

(1.11)

where� 2(X ) is the sum of squared errors, which is computed as

� 2(X ) =
X

j

wj
�
r j (X ) � r exp

j

� 2
(1.12)

where wj is a weight parameter that is designed for equivalent observables.

For examplewj = 1=3 can be used for hydrogens in a methyl group.

The Metropolis-Hastings algorithm is used to perform MCMC sampling of

the energy function de�ned in Eq 1.11, yielding an estimate of the full posterior

distribution P(X; � jD). The most probable values of� can be obtained by the

marginal distribution P(� jD) =
R

P(X; � jD)dX , and the state populations

are estimated asP(X jD) =
R

P(X; � jD)d� .

To enhance the sampling of this distribution, we use a free energy pertur-

bation (FEP) method, in which we perform posterior sampling for a series of

models with priorsP (k)(X ) � exp(� � k f (X )), where k = 1; :::; K , 0 � � k � 1,

and f (X ) = � ln P(X ) is the free energy of conformational stateX estimated

from theoretical modeling. In other words, a series of corresponding interme-

diate ensemblesP (k)
� (X ) � [P (k)(X )]� =

R
[P (k)(X )]� dX are used for enhanced
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sampling. Here,� represents how much theoretical information (priors) is in-

put in the sampling. For example, when� = 0, P (k)(X ) is uniform, and there

is no theoretical prior information included in the sampling When� = 1, all

the theoretical information is used in the sampling.

Then, the MBAR free energy estimator [78] is used to integrate samples

from each � -ensemble to make statistically optimal estimates ofP (k)
� (X jD)

and the posterior likelihood of the modelZ (k)
� at all � values. Here,

Z (k) =
Z

P (k)(X; � jD)dXd� =
Z

P (k)(X )Q(X )dX: (1.13)

We can think of Z (k) as an overlap integral between the priorP (k)(X ) and

a likelihood function Q(X ) =
R

[Q(r (X )jD; � )=Qref(r (X ))]P(� )d� . This inte-

gral reaches the maximum whenP (k)(X ) most closely matches the likelihood

distribution Q(X ) speci�ed by the experimental restraints.

The BICePs score. Suppose we have two models (1) and (2) with pri-

ors P (1) and P (2) . The ratio of the posterior likelihood of these two models

Z (1) =Z(2) is also known as Bayes factor used in Bayesian statistics. Given the

physical meaning ofZ (k) mentioned above, we can compare these two models

and �nd out the model which is more consistent with the experimental data

(with the best overlap). In BICePs this is done by the quantity called BICePs

score which is de�ned as a free energy-like quantity:

f (k) = � ln
Z (k)

Z0
(1.14)

where Z0 is some reference model. In practice, we chose a uniform reference

model, i.e. the ensemble when� = 0, indicating no information from theoret-

ical modeling. The physical interpretation of the BICePs score is a quantity

that tells you how the posterior distribution is improved (or unimproved) when

using a given theoretical modelP (k)(X ) alongside experimental restraints, ver-

sus a situation with no theoretical model. For di�erent modelk (k = 1; :::; K ),

each model can be assigned a unique BICePs score where the same reference
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model is selected in Eq 1.14. A lower BICePs score indicates a model having

better agreement with the experimental restraints.

BICePs has been successful in determining structural ensembles of a broad

range of systems [76, 77, 79, 80, 81, 82]. Recent works also explored its poten-

tial in force �eld validation [77] and an improved predictor of HDX protection

factors from structural observables in simulated ensembles[82].

1.4 Outline

In Chapter 2, both experimental measurements and MD simulations were

used to characterize the folding properties of a series of designed� -hairpins.

Di�erent AMBER force �elds were used and assessed based on the accuracy of

predicted ensemble-averaged NMR chemical shifts and other thermodynamic

properties. MSM based analysis was performed to gain microscopic insight

into the folding landscape.

In Chapter 3, the directionality of helical hydrogen bonding on folding ki-

netics was investigated using both T-jump experiments and simulations. MSM

based approach was applied to reproduce the experimental observed kinetic

properties from simulations and con�rmed a hypothesis made based on the

experimental measurements.

In Chapter 4, massive parallel simulations were performed to investigate the

binding mechanism of phenylalanine to the regulatory ACT domain dimer of

the enzyme phenylalanine hydroxylase. A conformational selection mechanism

was identi�ed, and key protein motions gating ligand binding were revealed

by MSM analysis.

In Chapter 5, the potential of BICePs was further explored to validate

and parameterize force �elds. Potential error sources a�ecting the accuracy

of BICePs prediction were explored assessed, including experimental noise,

restraint sparsity, and state-space coarse-graining.
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CHAPTER 2

COMPUTATIONAL AND

EXPERIMENTAL

EVALUATION OF DESIGNE

� -CAP HAIRPINS USING

MOLECULAR SIMULATIONS

AND KINETIC NETWORK

MODELS

This chapter is published as:Yunhui Ge , Brandon Kier, Niels H. Andersen and Vincent
A. Voelz. Computational and experimental evaluation of designed beta-cap hairpins using
molecular simulations and kinetic network models. J. Chem. Inf. Model., 2017, 57 (7), pp
1609{1620. DOI: 10.1021/acs.jcim.7b00132
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2.1 Abstract

Molecular simulation has been used to model the detailed folding properties

of peptides, yet prospective computational peptide design by such approaches

remains challenging and nontrivial. To test the accuracy of simulation-based

hairpin design, we characterized the folding properties of a series of so-called

� -cap hairpin peptides designed to mimic a conserved hairpin of LapD, a bacte-

rial intracellular signaling protein, both experimentally by NMR spectroscopy

and computationally by implicit-solvent replica-exchange molecular dynamics

using three di�erent AMBER force �elds (�96, �99sb-ildn, and �99sb-ildn-

NMR). A unique challenge presented by these designs is the presence of both

a terminal Trp-Trp capping motif and a conserved GWxQ motif in the hair-

pin turn required for binding to LapG. Consistent with previous studies, we

found AMBER �96 to be the most accurate when used with the OBC GBSA

implicit solvent model, despite its known bias toward� -sheet conformations

when used in explicit-solvent simulations. To gain microscopic insight into

the folding landscape of the hairpin designs, we additionally performed par-

allel simulations on the Folding@home distributed computing platform using

AMBER �99sb-ildn-NMR with TIP3P explicit solvent. Markov state models

(MSMs) built from trajectory data reveal a number of non-native interactions

between Trp and other amino acid side chains, creating potential problems in

achieving well-folded hairpin structures in solution.

2.2 Introduction

The development of peptidomimetics {molecules that can mimic the struc-

ture and binding motifs of proteins{ has enabled new approaches to disrupt

protein-protein interactions. Unlike small-molecule drugs that typically tar-

get an active-site binding pocket, structural sca�olds mimicking� -helices

and � -hairpins have been used to target relatively large protein interaction

surfaces. Examples include chemically modi�ed peptides (stapled peptides,
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cyclic peptides, N-methylated peptides) as well as nonbiological sca�olds such

as � -peptides, peptoids, spiroligomers, and oligo-(oxopiperazines), many of

which have been discovered and/or improved through computational screen-

ing e�orts.[83, 84]

A key challenge in the computational design of peptidomimetics is control-

ling their foldameric properties, as enhancing conformational preorganization

in the unbound state should result in higher binding a�nity.[85, 86, 87] De-

spite many several successful examples of engineered� -hairpin mimics,[88,

89, 90, 91, 92, 93] many more examples of� -helix peptidomimetics exist,

perhaps re
ecting key obstacles in designing well-folded� -hairpins. Unlike

� -helices,� -hairpin mimics can have numerous alternative hydrogen-bonded

con�gurations[94] and folding times in the microsecond range.[95] Because of

this, a complete understanding of� -hairpin folding properties -and application

of this information to in silico design of preorganized� -hairpin mimics- may

likely require physics-based simulation models.

A target system for computationally designed� -hairpin mimics is the LapG

periplasmic protease involved in bacterial bio�lm formation. LapG cleaves the

N-terminus of a cell-surface adhesion protein called LapA, resulting in the

loss of bio�lm formation.[96, 97] In the presence of high cytoplasmic levels

of cyclic-di-GMP, another protein called LapD is recruited to sequester LapG

via direct protein-protein interaction, preventing it from cleaving LapA and

promoting bio�lm formation.[98, 99, 100] Disrupting the LapG-LapD interac-

tion is thus an arractive strategy to disperse bacterial bio�lms, a major source

of antibiotic resistance in bio�lm-forming pathogens.[99, 101, 102] A recent

high-resolution crystal structure of the periplasmic domain of LapD bound

to LapG reveals that a highly conserved haripin epitope from LapD binds to

a pocket of LapG.[101, 103] The LapD haripin contains a highly conserved

GW126xQ motif that is absolutely required for binding. In its unbound state,

W126 protrudes into solvent; thus, its burial in this pocket upon binding with

LapG is expected to contribute signi�cantly to the binding a�nity with LapG

(Figure 2.1).
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Can we design small peptide mimics of the LapD hairpin that are stably

folded in solution? A key design challenge to overcome is the di�culty of

maintaining a solvent-exposed tryptophan in the hairpin turn that is required

for function. Recently, the Andersen lab has discovered a linear peptide motif

that results in extremely stable� -hairpins. [104, 105] This so-called \� -cap"

motif uses cross-strand face-to-edge tryptophan interactions to stabilize hair-

pins by about 6-8 kJ/mol. These motifs have been used to stabilize a number

of unique peptide sca�olds that could be used as a starting point for further

development of peptidomimetics.[104, 106, 107] We hypothesized that the� -

cap motif could also be used to design stably folded LapD hairpin mimics and

that molecular simulation methods would be able to accurately predict these

folding properties.

Figure 2.1: (A) Crystallographic structure of the LapD-LapG complex (PDB
entry 4u65). (B) Molecular model of the designed hairpin mimic TrpLoop-
2a bound to LapG. (C) Predicted solution structure of TrpLoop-2a from
ROSETTA FoldIt Standalone.

To test these hypotheses, we herein present three main results. First, we

perform NMR spectroscopy to show that linear� -cap peptides can indeed

be designed to mimic the LapD hairpin and fold stably in solution. Second,

we test the ability of implicit-solvent replica-exchange molecular dynamics
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(REMD) simulations to predict their solution structures. Finally, we perform

large-scale explicit-solvent simulations of these hairpin designs on the Fold-

ing@home distributed computing platform and use the resulting trajectory

data to construct Markov state models (MSMs) of the conformational dy-

namics. The MSMs reveal a number of non-native interactions between Trp

and other amino acid side chains, a consequence of the� -cap design strategy

that potentially complicates the goal of achieving a single well-folded hairpin

structure in solution.

2.3 Materials and Methods

2.3.1 Design, Synthesis, and Characterization of Linear

� -Cap Peptides.

Rationale and Design. In the native LapD structure, the GWxQ motif is

found in the hairpin turn, with the Gly and Trp residues forming a type II'

two-residue� -turn. Because Gly-Trp is a marginal sequence for enforcing this

turn type, we incorporated as many fold-stabilizing features as possible into

the �nal designs. Residues outside the GWxQ motif are not strictly conserved

and are not crucial to the integrity of the folded hairpin structure. We veri�ed

this in each of our designs by modeling residue substitutions with ROSETTA

FoldIt Standalone[108, 109] and PyMOL,[110] whereby every position in the

hairpin was mutated to all other non-proline amino acids in the context of

the conformation bound to LapG. We examined possible clashing interactions

and/or backbone hydrogen-bond disruption and found that all positions al-

lowed most substitutions. A total of six � -cap peptides were designed and

synthesized, each a result of iterated rounds of experimental assays to test

folding and binding properties (Table 2.1). This family of peptides is named

\TrpLoop", as all of the designs contain the essential Trp residue in the� -

hairpin turn.

TrpLoop-1a was designed to balance solubility and� -sheet propensity, with
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Table 2.1: Summary of Linear� -Cap Peptides Synthesized and Characterized
in This Work

Name Sequence Tm (K) Fold pop-

ulation at

298K

Binding to

LapG?

TrpLoop-1a RWTTITKGWKQVRKWY298 � 47% NO

TrpLoop-2a RWRTVTIGWKQIRVWY353 � 96% NO

TrpLoop-2b RWRTKKIGWKQIRVWY318 � 85% n.a.

TrpLoop-3 KCTTRGWEQTC n.a. < 20% n.a.

TrpLoop-4a RWRTIGWKQIWY 300 � 55% NO

TrpLoop-4b RWRMIGWKQIWY 290-300 � 85% NO

a mix of mostly Thr (T), Arg (R), and Lys (K) residues. In addition, it incor-

porated an essential terminal� -cap motif consisting of RW���WE (with Trp

located, crucially, at the non-hydrogen-bonding positions nearest the termini).

TrpLoop-2a was designed as an improvement on TrpLoop-1a, which was found

by chemical shift deviations (see below) to be only� 47% folded at 298 K. Im-

proved cross-strand hydrophobic interactions were achieved by introduction

of Ile and Val residues and a C-terminal Tyr, resulting in a construct with

signi�cantly higher folded population (� 96% at 280 K by NMR). This pep-

tide was prone to aggregation at neutral and basic pH, a side e�ect of high

hydrophobicity and exposed� - strands. TrpLoop-2b represented an e�cient

stability-for-solubility trade-o�. Replacing the Val-Thr (VT) sequence with

Lys-Lys (KK) signi�cantly reduced aggregation while maintaining acceptable

fold stability. TrpLoop-3 was a cysteine-cyclized peptide with signi�cantly

lower fold stability (< 20%) than its non-covalently � -capped analogues and

therefore was not further studied. TrpLoop-4a was a shorter variant (four

fewer residues than the TrpLoop2 designs) that retained su�cient fold stabil-

ity for further investigation. TrpLoop-4b substituted the Thr at residue 4 with

Met. Early modeling e�orts suggested that this T4M mutation may result in

a more favorable binding interaction; Met is also found at this position in the
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Legionella pneumophilaLapD orthlogue bound to LapG in a crystal structure

(PDB entry 4u65). We found this design to have better fold stability than

TrpLoop-4a (which was unexpected as Met has a lower� -sheet propensity

than Thr) and similar solubility. We note, however, that oxidation of the Met

side chain proceeded more rapidly than anticipated, and it was impossible to

obtain an entirely nonoxidized sample.

Synthesis. All of the peptides were synthesized on a CEM Liberty Blue syn-

thesizer, grown from preloaded Wang resins using standard Fmoc solid-phase

peptide synthesis on a 0.1 mmol scale. Removal of side chains and cleavage of

peptides from the resin was accomplished with a tri
uoroacetic acid/ triiso-

propylsilane/water cocktail (9.5:0.25:0.25 mL) for 2 h. The resulting �ltrate

was concentrated under vacuum, crashed out, and washed with chilled diethyl

ether, giving the crude peptide. When disul�de formation was required, af-

ter the peptide was dried, the pellet was dissolved in the minimal amount of

DMSO (0.5 mL), diluted with water (1 mL), and allowed to stand for 24 h

at room temperature. After it was dissolved in� 4 mL of water, the solution

was puri�ed using reversed-phase HPLC (C18 column) at 10 mL/min with a

water (0.1% TFA)/acetonitrile (0.085% TFA) gradient. Peaks were visualized

at 220 and 280 nm with veri�cation by mass spectrometry (Bruker Esquire

ion trap with electrospray ionization). The concentrated fractions were then

lyophilized, a�ording the puri�ed peptide.

NMR Spectroscopy. NMR samples were made at� 1 mM in 50 mM sodium

phosphate bu�er with 10% D2O and 4,4-dimethyl-4-silapentane-1-sulfonate

(DSS) as an internal standard. Complete 1H NMR spectral assignments were

made using peptide backbone connectivities determined by 2D TOCSY and

NOESY experiments taken on an AV 700 MHz spectrometer. Structuring-

induced chemical shift changes were analyzed as chemical shift deviations

(CSDs, the observed shifts minus the coil reference values). The CSDs were cal-

culated using the in-house version of the CSDb algorithm, which is also avail-
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able online (http://andersenlab.chem.washington.edu/CSDb/about.php). Fold

stability (percent folded) calculations for the TrpLoop peptides (see Table 2.1)

were based on the CSDs of TrpLoop-2a at 280 K, which was assumed to be 99%

folded at 280 K on the basis of the observed melting of the CSDs and the agree-

ment with those of other � -capped peptides (e.g., the H� 3 and H� 3 protons

for the \edge" tryptophan of the � -cap were within 2% of the expected 100%

values for generic� -capped peptides), including peptides for which amide H/D

exchange studies have a�orded fully quantitative folded populations.

Circular Dichroism (CD) Spectroscopy. CD measurements were taken

at 30 M in 20 mM potassium phosphate bu�er at pH 6.5. The concentration

of the stock solution and samples were determined using the UV absorption

of tryptophan at 280 nm. CD spectra were taken on a Jasco J720 spectropo-

larimeter using a 0.1 cm path length and a UV range from 190 to 270 nm.

Spectra were collected from 5 to 95� C in 10 � C increments. Melting temper-

atures corresponded to the in
ection points of the broadly sigmoidal melting

curves, plotted using the� -cap's intense 228 nm exciton couplet maximum.

2.3.2 Molecular Simulation of Hairpin Designs.

Implicit Solvent Simulations of Hairpin Designs. For initial screen-

ing of designs, all-atom REMD simulations were performed using GROMACS

4.5.4[13] on the Owlsnest high-performance computing cluster at Temple Uni-

versity. Initial replica conformations came from NMR structures. Twenty-four

replicas with temperatures exponentially spaced from 300 to 450 K were cho-

sen to ensure broad conformational sampling. The total simulation time of

each replica was around 2� s (� 48 � s in aggregate). Exchanges were at-

tempted every 10 ps with acceptance probabilities between 0.69 and 0.86. For

each peptide design, we performed simulations using the AMBER �96,[111]

AMBER �99sb-ildn,[112] and AMBER �99sb-ildn-NMR[113] potentials, each

in conjunction with the OBC GBSA implicit solvation model.[114] Stochastic
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Figure 2.2: (A) NMR-validated model structure of TrpLoop-2a (RWRTVTIG-
WKQIRVWY), shown with � -capping Trp residues in magenta and conserved
GWxQ residues in orange. (B) HN and H� chemical shift deviations illustrat-
ing the expected pattern for a well-folded� -hairpin: alternating intensity for
protons pointed toward the inside vs the outside of the sheet and a gap at the
turn.

(Langevin) integration was used with a time step of 2 fs. To examine the

convergence of the REMD simulations, root-mean-square deviation (RMSD)-

to-native distributions were calculated for 200 ns windows over time using

the MBAR algorithm[115] from all of the temperature replicas. The results

showed su�cient convergence after about 1� s of simulation (Figure 2.12).

Trajectory Analysis. The MDTraj python library[116] was used to analyze

all of the simulation results. The� -sheet content was calculated as the frac-

tional number of residues in a� -sheet backbone conformation, as determined

by Dictionary of Protein Secondary Structure (DSSP) assignments calculated

for each residue. Predicted folded populations were computed using two dif-

ferent structure-based metrics to gauge similarity to the folded structure. One

metric we used was the RMSD of all peptide backbone non-hydrogen (N, C� ,
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C, O) and C� atoms from the NMR-validated reference structure (see Figure

2.2). The other metric used was the RMSD of the non-hydrogen backbone +

C� atoms of the six turn residues (highlighted in Table 2.1) with respect to

the bound pose of the LapD-LapG cocrystal structure (Figure 2.1A; PDB en-

try 4u65). In both cases, the folded population was computed as the fraction

of the ensemble with RMSDs smaller than 0.2 nm. The� -sheet content and

folded population were calculated as functions of temperature (300 to 450 K)

by analyzing each temperature replica separately. Melting temperatures were

estimated as the temperature at which the plot of folded population versus

temperature showed the largest negative derivative.

Predictions of NMR Chemical Shifts from Simulation Data. The

SHIFTX2 algorithm[117] as implemented in MDTraj was used to calculate

predicted HN and H� chemical shifts from the simulation trajectory data us-

ing the user-speci�ed parameters pH 2.5 and 280 K. The SHIFTX2 algorithm

has been trained on proteins with known structures, with prediction accura-

cies (average RMS errors) of 1.1169 (N), 0.4412 (C� ), 0.5163 (C� ), 0.5330

(C), 0.1711 (H), and 0.1231 ppm (H� ). Similarly, SHIFTX2 yields reported

correlation coe�cients between experimental and predicted backbone chem-

ical shifts of 0.9800 (N), 0.9959 (C� ), 0.9992 (C� ), 0.9676 (C), 0.9714 (H),

and 0.9744 (H� ). The predicted chemical shifts we report are the ensemble-

averaged chemical shift values calculated from SHIFTX2 predictions of each

trajectory snapshot.

Explicit-Solvent Simulation on Folding@home. Massively parallel molec-

ular dynamics simulations were performed using GROMACS 4.5.4[13] on the

Folding@home distributed computing platform.[32] The AMBER �99sb-ildn-

NMR force �eld[113] was used in combination with the TIP3P explicit solvent

model. NVT molecular dynamics was performed at 300 K, starting from 25

conformations taken from implicit-solvent REMD simulations (generators from

RMSD-based k-centers clustering of the 300 K replica). A 2 fs time step was
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used with a Berendsen thermostat for a cubic periodic box with ions at 100

mM to neutralize the system. A full list of particle numbers and box sizes

can be found in Table 2.3. Hydrogen bonds were restrained using LINCS,

and particle mesh Ewald electrostatics was used with nonbonded cuto�s of 9

�A. Because of the asynchronous availability of distributed computing clients,

Folding@home generates a distribution of trajectory lengths (Figure 2.11).

The average trajectory lengths for TrpLoop-2a, -2b, -4a, and -4b were� 1034,

316, 536, and 286 ns, respectively. Aggregate simulation times for each design

were� 167, 54, 55, and 40� s, respectively. Snapshots were recorded every 100

ps.

Markov State Model Construction. MSM approaches have been used

with great success to model the conformational dynamics of protein folding

as a kinetic network of metastable conformational states.[118, 119, 120, 121,

122, 123, 124] A key advantage of MSMs is the ability to infer complete infor-

mation about folding thermodynamics and kinetics from ensembles of short,

nonequilibirum trajectories. Constructing an MSM involves �rst identifying

the metastable states, usually through geometry-based conformational clus-

tering. Then, once the states have been de�ned, the probabilitiesTij of tran-

sitioning between metastable statesi and j over some lag time� can be es-

timated from the number of observed transitions in the trajectory data. The

matrix T (� ) (with elementsTji ) thus contains full information about the ther-

modynamics and kinetics. The equilibrium populations� are given by the

stationary eigenvectorT � = � , and the implied time scales� n of each relax-

ation eigenmode are obtained from the eigenvalues� n of T as � n = � �= ln � n .

The longest implied time scale corresponds to the folding relaxation rate of

the system.

The MSMBuilder3 software package[48] was used to construct MSMs from

the explicit-solvent simulation trajectory data using protocols similar to those

described in refs [95] and [120]. Time-structure-based independent component

analysis[125, 126] (tICA) was used to �nd an optimal low-dimensional subspace
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onto which the high-dimensional trajectory coordinate data could be projected

for the purpose of conformational clustering. As inputs to tICA, we used

pairwise distances between backbone + C� atoms as structural observables:

496 distances for TrpLoop-2a/2b and 276 distances for TrpLoop-4a/4b. The

outputs of tICA are the set of time-lagged independent components (tICs) that

best capture a low-rank approximation of the time-lagged correlation matrix.

Thus, the tICs represent the degrees of freedom along which the longest-time-

scale conformational dynamics occurs, an optimal subspace for constructing

MSMs by conformational clustering.[127, 128] We used a tICA lag time of 5

ns and performed k-centers clustering over four tICs to identify 18 and 25

metastable states for TrpLoop-2a/2b and TrpLoop-4a/4b, respectively.

The maximum-likelihood estimator (MLE) in MSMBuilder (default set-

ting) was used to estimate the MSM transition matrix from sliding-window

counts. An MSM lag time of 10 ns was chosen for construction of the MSM

model. Plots of implied time scales versus MSM lag time showed convergence

near 10 ns, validating that dynamics was su�ciently Markovian (Figure 2.13).

A unique aspect of this and previous work from our group[95, 120, 122,

129] is the construction of joint MSMs from the combined simulation data

for multiple sequences. Provided that mutational changes present only small

perturbations and the state de�nitions are su�ciently coarse-grained to be

sampled by both sequences, MSMs can be constructed from the joint data

to obtain a shared de�nition of macrostates. With this uni�ed set of state

assignments, separate MSMs can be constructed for each sequence to compare

the important di�erences in conformational dynamics. We built joint MSMs

for TrpLoop-2a and TrpLoop-2b, whose sequences di�er by two residues (VT

vs KK), and for TrpLoop-4a and TrpLoop-4b, whose sequences di�er by a

single-residue mutation (T4M). Our �nal MSM for TrpLoop-4a/4b contained

25 states, and our MSM for TrpLoop-2a/2b contained 18 states.
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2.4 Results

A key question we sought to address is whether implicit-solvent REMD

simulations can accurately model the folding properties of designed� -hairpins.

Since implicit solvent models such as GBSA can be implemented extremely ef-

�ciently, especially in modern GPU-accelerated dynamics codes,[130, 131, 132]

accurate predictions would enable fast simulation-based screening of designed

peptides.

To answer this question, we evaluated several AMBER force �elds in com-

mon use AMBER �96,[111] AMBER �99sb-ildn,[112] and AMBER �99sb-

ildn-NMR[113] on how accurately they predicted solution-phase folding prop-

erties and NMR observables when used with the OBC GBSA implicit solvation

model.[114] Along with salt-bridge artifacts,[133, 134] a known issue with im-

plicit solvation is a propensity to overstabilize� -helical conformations at the

expense of� -sheet conformations.[135] Thus, while AMBER �96 is generally

a poor choice for explicit-solvent simulations because of its preference for� -

sheet conformations, its use with implicit solvent models has enjoyed continued

success in folding simulations,[121, 136, 137, 138] likely because of the fortu-

itous cancellation e�ects of these two competing tendencies. AMBER �99sb-

ildn and AMBER �99sb-ildn-NMR are revised versions of AMBER �99sb[139]

that have also recently been used alongside implicit solvent models with some

success.[140]

2.4.1 Implicit-Solvent REMD Simulations Accurately

Predict Folding Properties of Designed � -Cap Hair-

pins.

To determine the extent to which REMD simulations of each peptide design

sampled folded structures, we computed RMSD distributions from the lowest-

temperature replica (300 K). The distributions reveal two major populations

of structures that are well-separated by RMSD, corresponding to folded and
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unfolded states, typical of two-state folding behavior. For example, the RMSD

distributions for TrpLoop-2a in all three force �elds show sampling of highly

native-like structures, with the distribution of the RMSD of the full hairpin

to the LapD crystal structure peaked at 0.94�A and the RMSD of the turn

residues peaked at 0.78�A (Figure 2.3). Di�erent force �elds, however, predict

di�erent folded-state populations. The AMBER �96, AMBER �99sb-ildn, and

AMBER �99sb-ildn-NMR force �elds, when used with GBSA, predict folded

populations of 93%, 65%, and 64%, respectively.

Figure 2.3: (A) Histograms of turn-residue RMSDs for TrpLoop-2a simulated
with the AMBER �96, �99sb-ildn, and �99sb-ildn-NMR force �elds. (B) His-
tograms of all-residue RMSDs for TrpLoop-2a. (C, D) Representative (C)
folded and (D) unfolded structures from the simulated ensemble using AM-
BER �96, chosen randomly from each region.

A similar force �eld trend was found in our analysis of� -sheet content as
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a function of temperature for all of the peptide designs. Except for very high

temperatures, AMBER �96 + GBSA consistently had the highest� -sheet con-

tent, while AMBER �99sb-ildn-NMR + GBSA had the lowest (Figure 2.4).

The melting temperature of each peptide in each force �eld was estimated

from the maximum negative slope of the plot of folded population versus tem-

perature (Figure 2.14). Not surprisingly, the simulated melting temperature is

severely overestimated (375-450 K for all three force �elds) because the GBSA

model lacks any description of temperature-dependent solvation and also lacks

dispersion forces contributed by the solvent.[141] That said, the AMBER �96

force �eld does the best job of capturing the experimental trend in melting

temperature for each design (Table 2.4).

Figure 2.4: � -Sheet content vs temperature for designed hairpin peptides sim-
ulated using AMBER �96, �99sb-ildn, and �99sb-ildn-NMR.

Next, we compared experimental versus simulated folded populations pre-

dicted by di�erent force �elds for each peptide design. Calculated linear cor-

relation coe�cients (i.e., R2 values) and RMS errors show that AMBER �96
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gives the most accurate predictions when coupled with GBSA (Figure 2.5).

To verify the robustness of these results, we performed calculations using two

di�erent RMSD-based de�nitions of folded population (turn-based vs full hair-

pin) and in each case found the same result. A particular outlier in all of the

comparisons is for TrpLoop-4b. While experimental studies show a high folded

population (85%), simulations predict folded populations less than 50% for all

three force �elds.

Figure 2.5: Comparison of experimental (x axis) and simulated folded pop-
ulations (y axis) for AMBER �96, �99sb-ildn, and �99sb-ildn- NMR when
used with OBC GBSA implicit solvent. Shown for each is the RMS error
agreement for fold populations calculated using all-residue RMSD cuto�s (the
value in parentheses is the RMS error agreement when the TrpLoop-4b outlier
is removed).
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2.4.2 Implicit-Solvent REMD Simulations Accurately

Predict NMR Observables.

To more quantitatively assess the force �eld accuracy, we compared experi-

mentaly measured chemical shifts with predicted chemical shifts from SHIFTX2

[142] (see Materials and Methods) for all of the force �elds and designs. As

an example, in Figure 2.6 we present a comparison of experimental HN and

H� chemical shifts versus predicted shifts from TrpLoop-4a REMD simula-

tions with the three di�erent force �elds. Results for the other four simulated

hairpin designs are shown in the Figures 2.16-2.19.

Through evaluation of the RMS di�erences and coe�cients of determina-

tion (R2 values) between the experimental and predicted chemical shifts, we

again found that AMBER �96 + GBSA most accurately predicts experimental

measurements, while AMBER �99sb-ildn-NMR + GBSA performs the most

poorly. This force �eld trend corresponds well with the hairpin fold stability

predictions above, suggesting that in order to quantitatively predict chemical

shift observables, force �elds must accurately predict the folded population.

Indeed, while AMBER �99sb-ildn-NMR has been parametrized to accurately

predict NMR observables in TIP3P explicit solvent, these results suggest that

its weak propensity for stabilizing hairpin structures in implicit solvent leads

to poor prediction of experimental NMR chemical shifts.

Consistent with previous work,[120] we found that the RMS errors for HN

are larger than the RMS errors for H� over all of the peptide simulations,

re
ecting in part the intrinsic accuracy of SHIFTX2. To more quantitatively

assess the overall agreement with experiment in light of this fact, we computed

the � 2 statistic, � 2 = � i (RMS 2
i =� 2

i ), where i ranges across the two chemical

shift values (HN and H� ) and � i is the expected RMS error of SHIFTX2

predictions for chemical shifts in the RefDB entry (0.397 and 0.197 for H and

H� , respectively). The� 2 values for all of the peptide simulations uniformly

show the same force �eld trends (Table 2.2).
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Figure 2.6: Comparison of experimental and predicted HN (left) and H�
(right) chemical shifts for TrpLoop-4a in (A) �96 (B) �99sb-ildn (C) �99sb-
ildn-NMR. The NMR structure used for these comparisons was obtained using
the same methods as for TrpLoop-2a in Figure 2.2 (see Materials and Meth-
ods). A visualization of the NMR-validated structure for each design can be
found in Figure 2.20.
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Table 2.2: Summary of� 2 Values for All of the Designs with Di�erent AMBER
Force Fields

Name �96 �99sb-ildn �99sb-ildn-

NMR

TrpLoop-1 2.933 4.676 6.688

TrpLoop-2a 4.573 8.968 19.244

TrpLoop-2b 2.742 2.991 12.187

TrpLoop-4a 2.558 3.267 5.296

TrpLoop-4b 6.856 8.666 10.119

2.4.3 REMD Simulations of TrpLoop-4b Reveal a Mis-

folded Trap.

While most of the REMD simulations accurately predict folded popula-

tions and NMR chemical shifts (especially for AMBER �96 + GBSA), our

results for TrpLoop-4b are an exception, with predicted folded populations

less than 50% and� 2 > 6.8 for all three force �elds. This large di�erence

is surprising considering that TrpLoop-4b di�ers from TrpLoop-4a by only a

single mutation, T4M. To better understand how this mutation could cause

such di�erent behavior in REMD simulations, we used MSMBuilder3 to per-

form k-centers clustering of the combined trajectory data (TrpLoop-4a and

TrpLoop-4b) using the intermolecular backbone + C� RMSD as the distance

metric.

Examination of the relative cluster populations for TrpLoop-4a versus

TrpLoop-4b provided a way to analyze how the T4M mutation a�ects the

folding landscape of TrpLoop-4b. Projection of population clusters onto an

RMSD-to-native observable shows three main families of conformations: a

folded state (RMSD < 2 �A), an unfolded state (RMSD > 4 �A), and a mis-

folded state (RMSD� 3 �A) (Figure 2.7). Whereas TrpLoop-4a and -4b have

roughly equal native-state populations, the misfolded state is populated by

TrpLoop-4b in a 9:1 ratio with respect to TrpLoop-4a and is predicted to
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account for 17.4% of the total population for TrpLoop-4b. Inspection of the

misfolded state reveals a misregistered hairpin with a close interaction between

Met4 and Trp11. While methionine-aromatic interactions are known to have

stabilizing e�ects on proteins,[143, 144, 145] the strong stability of this inter-

action in our REMD simulations is likely exaggerated by the GBSA implicit

solvent model, resulting in poorer agreement with experimental observables.

2.4.4 Markov State Models of Hairpin Peptide Dynam-

ics in Explicit Solvent.

We performed massively parallel explicit-solvent simulations at 300 K on

the Folding@home distributed computing platform for all �ve hairpin designs

using the AMBER �99sb-ildn-NMR force �eld, a potential previously shown to

yield excellent quantitative predictions of experimental folding properties.[120,

146] Our purpose was twofold. First, we aimed to use the resulting trajectory

data as a \gold standard" against which to compare the results of implicit-

solvent REMD simulations. Second, by constructing MSMs from the resulting

trajectory data, we sought to gain microscopic insight into both thermody-

namic and kinetic mechanisms of hairpin folding that could potentially be

useful for de novo design.

As described in Materials and Methods, we used pairwise atomic distance

coordinates (all backbone + C� atoms) as input to the tICA algorithm to

discover the low-dimensional subspace corresponding to the slowest kinetic

degrees of freedom. Conformational clustering in this subspace was then used

to identify kinetically metastable states. To better compare designs with sim-

ilar sequences, we analyzed the combined trajectory data of TrpLoop-2a and

TrpLoop-2b and the combined data of TrpLoop-4a and TrpLoop-4b to generate

MSMs of 18 and 25 states, respectively. These numbers of states yielded MSMs

�ne-grained enough to be Markovian with well-separated implied time scales

(see Figure 2.13) yet coarse-grained enough to be human-understandable.

Projections of the TrpLoop-2a/2b and TrpLoop-4a/4b explicit-solvent tra-
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Figure 2.7: (A) RMSD-to-native distributions sampled in REMD simulations
of TrpLoop-4a and TrpLoop-4b. Clustering of the joint trajectory was used
to identify clusters corresponding to the folded (black), unfolded (blue), and
misfolded (red) states. (B-D) Population ratios between TrpLoop-4a and
TrpLoop-4b for the (B) folded, (C) misfolded, and (D) unfolded states. A
typical structure from the misfolded state is shown in Figure 2.21. (E, F)
Di�erences in average residue-residue contact probabilities between (E) the
misfolded and folded states and (F) the misfolded and unfolded states. Red
squares correspond to average distances that are closer in the misfolded state,
while blue squares denote average distances that are closer in the other state.
The upper and lower diagonals of each plot show results for C� and C� dis-
tances, respectively. Circled regions highlight non-native interactions between
Met4 and Trp11.

jectory data onto the two largest tICA components show folding landscapes

with features consistent with two-state hairpin folding but also the existence

of many long-lived kinetic intermediates (Figure 2.8). For both sets of de-

signs, the unfolded state (a collection of unstructured conformations near the

center of the tICA landscape) and the folded state are well-separated along
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Figure 2.8: Projections of explicit-solvent simulation data onto the two largest
tICA components for (A) TrpLoop-2a/2b and (B) TrpLoop-4a/4b. Red dots
(indexed by arbitrary state numbers) denote the centers of metastable states
used to construct the MSM, obtained through k-centers clustering.

the tIC 1 component, corresponding to the slowest conformational transitions.

Nearly orthogonal to the folding reaction, however, are multiple long-lived ki-

netic \traps" whose distance from the unfolded state in the tICA landscape

indicates relaxation time scales similar to the folding time scale. The non-

native \trap" states are stabilized by alternative backbone hydrogen-bonding
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