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ABSTRACT

Computational studies have become an essential tool in biochemistry, providing

detailed insight into biological systems alongside experimental studies. Molecular sim-

ulation can predict protein conformational dynamics and the impact of mutations,

enabling rapid and low-cost investigation of potential therapeutic targets and better

understanding of biological systems. Molecular dynamics (MD) is a computational

method able to model ensembles of biomolecular conformations in solution by sim-

ulating atomic motion at high temporal resolution. The principle limitation of MD

is the ability to collect sufficient data for equilibrium sampling. However, with the

progression of high-performance computing (HPC) clusters and distributed comput-

ing platforms, timescales previously inaccessible to MD can be reached and relevant

protein parameters can be extracted using modeling.

From these simulations, Markov state models (MSMs) are used extract system-

relevant kinetic and thermodynamic information. An MSM represents a series of

memoryless, probabilistic transitions between discrete states in a kinetically mean-

ingful way. The obtained information is used to understand the relationships between

relevant protein conformations, thus enabling a comprehensive understanding of the

modelled system in a human-readable format. Recent advancements in model scoring

and hyper-parameterization moved MSM construction away from anecdotal, case-by-

case basis to a highly systematic approach that focuses on optimization and validity.
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Thus, modern MSMs are employed to investigate protein properties, and predict ex-

perimental observables using system-representative ensembles of conformations. Ad-

ditionally, a comprehensive MSM can be combined with sparse experimental data to

generate an improved interpretation of the system.

My work focuses on performing all-atom massively-parallel MD simulation using

the Folding@home distributed computing platform in order to build comprehensive

MSMs that are used in improving simulation accuracy and protein design. This work

results in the development of an unbiased framework for MSM building that is used

to lend insight into simulation parameters, extract novel system behavior and enable

clear comprehension of a target function, such as impact of mutations or emphasis of

rare events.
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CHAPTER 1

INTRODUCTION

1.1 Molecular Dynamics Simulations

Understanding molecular motion using computational techniques is essential for

exploring conformational changes, reactivity, and environmental interactions [1{3].

Molecular dynamics (MD) simulations allow for the exploration of a molecule's con-

formational landscape while maintaining physiological conditions. First applied to

bovine pancreatic trypsin inhibitor, MD simulations of proteins demonstrated the


uid-like nature of these molecules at biological temperature, and showed good agree-

ment with experimental X-ray crystallography results [4]. Initial applications of this

technique focused on understanding of internal molecular motion and reconciling with

experimental observables, which has seen signi�cant improvement with an increase

in computational resources [5]. With the advent of high performance computing

(HPC), distributed computing platforms such as Folding@Home, and graphical pro-

cessing unit (GPU) accelerated MD, simulating large systems at biologically relevant

timescales became possible [1{3]. This has led to an exponential-like increase in the

number of publications related to MD simulations of proteins with applications in

understanding structural stability, assessing the impact of perturbations, structure
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re�nement and monitoring biomolecular activity [4, 6]. However, two major issues

remain unsolved in MD simulations, analysis of data and force �eld approximation.

1.2 Analyzing Molecular Dynamics Simulations

The data generated during MD simulations consists of individual atomic posi-

tions, velocities and interactions for each trajectory snapshot. A system consisting

of 150,000 atoms has approximately 30-million interactions for each frame with a

relatively short simulation consisting of over a million frames [7]. Analyzing this

vast pool of information requires specialized software packages with a high empha-

sis on statistical accuracy and human understandability [8, 9]. Initial developments

relied on speci�c property descriptions and anecdotal exploration, such as visualiz-

ing root-mean-square deviation (RMSD) between individual frames and a reference

structure, calculations of the radius of gyration (Rg) to describe protein conforma-

tional changes in reference to its center of mass, mapping of the solvent accessible

surface area (SASA), and other system-speci�c metrics chosen by the user [10]. De-

spite the usefulness of these properties, thermodynamic and kinetic information is

frequently discarded in these calculations, and potentially relevant protein conforma-

tions are overlooked. Discrete state kinetic models emerged as a solution to this issue

with several steps aiming to simplify the system's behavior in a statistically accurate

manner [8].
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1.2.1 Feature Selection

Describing atomic con�gurations is the �rst step in understanding protein mo-

tion [11]. The selection of collective variables to represent protein motion, henceforth

called features, is critical to ensuring kinetic accuracy and model completeness while

reducing data complexity [8,11]. The simplest and most data-intensive set of features

are raw Cartesian coordinates of atoms for each snapshot, but these are typically ex-

cessive and undesirable because relevant motions are capturable using simpler descrip-

tions. Pairwise heavy atom distances, and backbone and/or sidechain torsion angles

are preferred due to their ability to capture metastable state transition rates [8, 9].

Additionally, the inclusion of physically relevant properties (speci�c angles/distances,

contacts, SASA of certain residues) may assist in further model building, but is not

critical for model validity and is left at the discretion of the user.

1.2.2 Markovian Systems and the Variational Principle

Determining an appropriate featurization scheme is challenging, but aided by

modern analytical tools. We brie
y describe the fundamentals of Markovian systems

and introduce a technique for determining optimal features, following the work of

Noe et al. [12,13].

Markovian Systems Consider a protein with conformational space 
, and two

states x; y 2 X that are related by a dynamic Markovian processzt , such that the
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conditional probability of observing the system in statey at time t + � , given that

the system was observed in statex at time t, is

p(x; y ; � ) = p(zt+ � = y j zt = x) ; (1.1)

where � is the lag time. This concept, which is critical for connecting the sampling

of molecular conformations with kinetics, serves as a basis for Markov State Models

(MSMs), which will be discussed in a later section.

The stationary (equilibrium) distribution of x can be described as� (x) � p(zt = x),

and therefore thejoint probability of observing the system at statex at time t and

state y at time t + � is

C(x; y ; � ) = � (x)p(x; y ; � ) (1.2)

The quantity C(x; y ; � ) is called the correlation density, and it is presumed to obey

microscopic reversibility by� (x)p(x; y ; � ) = � (y)p(y ; x; � ) and

C(x; y ; � ) = C(y; x; � ).

The discrete time evolution of state populations after lag time� is given by

� � (y) =
Z



dx� 0(x)p(x; y ; � ) =: P(� )� 0(y) (1.3)

where � 0(x) is the initial probability distribution at t = 0, and P(� ) is a linear

operator called thepropagator. The propagator operates on a distribution of state

populations and returns the time-evolved distribution after time� . P(� ) has a set of

eigenvalues,� i (� ), with a corresponding set of eigenfunctions. BecauseP(� ) describes

a stochastic process that satis�es a Chapman{Kolmogorov equation, the largest eigen-

value � 1(� ) is nondegenerate and equal to 1. The corresponding eigenvector is there-

fore the stationary (equilibrium) state � (x), which obeys � (x) = P(� )� (x). The
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remaining eigenvalues� 2(� ); � 3(� ); ::: have smaller magnitudes, and can be ordered

� 1(� ) = 1 > � 2(� ) > � 3(� ); ::: with j� i (� )j ! 0. Typically there is some set of

m eigenvalues that are all positive, which correspond to a set of relaxation rates

� i ; i = 1; :::m, through the relation � i (� ) = e� � i � [12].

The Variational Principle The introduction of a variational principle for molec-

ular dynamics by No�e F. et al. [14] enables a systematic determination of features

that best describe a system's kinetics. In this variational approach, optimal feature

selection is posed as the problem of �nding a set of features that best represent the

true dynamical propagatorP(� ).

Initial developments of this approach led to the variational approach to confor-

mational dynamics (VAC) [14], which assumes that the input data is sampled at

equilibrium, and thus obeys detailed balance. In practice, this condition is di�cult to

achieve, due to �nite sampling limitations [13]. Later work on the variational approach

developed the less restrictive variational approach to Markov processes (VAMP) algo-

rithm, which does not assume detailed balance, and can be used with non-equilibrium

input data. The VAMP approach applies the Koopman theorem to approximate the

propagator P(� ) using the time-correlation found for a set of features. [13,15{17].

The Koopman operator,K � , is de�ned as

K � f (x) =
Z



p(x; y ; � )f (y)dy: (1.4)

Here, f (x) is a vector of features describing statex. The Koopman operator prop-

agates the time evolution of the expectation values of features. In the case that
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f (x) = � y (x) is a set of delta functions indicating whether the conformation is in

state y, the Koopman operator gives the conditional transition probabilities

K � � y (x) = p(x; y ; � ); (1.5)

and thus contains complete information about dynamics.

The Koopman operator can be approximated using any basis set of features, how-

ever, the variational principle of Wu and No�e states that the optimal set of features are

the ones maximum the Rayleigh trace of them dominant singular values ofK � [13,15].

This idea is generalized in a metric called the VAMP-r score,s, de�ned as

s =
mX

i =1

� r
i (1.6)

where � i are the m largest singular values of a Koopman matrix, andr � 1 is a

positive exponent. The VAMP-1 score is equivalent to the Rayleigh trace, while the

VAMP-2 is commonly used.

The singular values� i are obtained from the Koopman matrix ~K , which is an

estimate of the Koopman operator computed from a �nite basis set of features� (t).

It is calculated as

~K = C
� 1

2
00 C01C

� 1
2

11 (1.7)

whereC00 and C11 are feature covariance matrices, andC01 is a time-lagged covari-

ance matrix of features [11]:

C00 � E
h
� (x t ) � (x t )

>
i

(1.8)

C01 � E
h
� (x t ) � (x t+ � )>

i
(1.9)
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C11 � E
h
� (x t+ � ) � (x t+ � )>

i
: (1.10)

Calculation of the VAMP-r score, combined with cross-validation schemes to avoid

over�tting [18], can be used to select optimal features for analyzing molecular kinetics.

Schereret al. [11] show that VAMP-2 scoring is able to successfully compare the

performances of 14 featurization schemes on 12 fast-folding proteins. They found

that pairwise atomic distances and/or 
exible torsions are best able to describe the

proteins' dynamics [11]. The development of VAMP and its scoring algorithm enabled

a systematic approach to featurization and MSM construction.

1.2.3 Dimensionality Reduction

A featured protein dataset must be further reduced in dimension with the goal of

capturing the relevant dynamics. In most modern MD analysis, this is accomplished

using principal component analysis (PCA) or time-lagged independent component

analysis (tICA), but the applications of aforementioned VAC and VAMP algorithms

is possible [19]. We brie
y introduce the theory behind these methods. PCA, also

called covariance analysis, seeks to introduce a low-dimensional space that minimizes

covariance and neglects coordinates of small variance [20]. This leads to a set of

discrete components related to the large-amplitude motions of the protein. However,

PCA is not ideal for determining protein dynamics due to a lack of a guaranteed

relationship between large amplitudes and slow motions [21]. tICA functions using the

variational principle to estimate the dominant eigenfunction of the propagator [21].
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Assuming the selected lagtime,� , of the propagator, P(� ), leads to the stationary

distributions, � , so that

P(� )� = � (1.11)

we can infer that the time-lagged covariance,C(� ), is described as

C(� )b i = C(0)b i � i (� ) (1.12)

where b i and � i (� ) are approximated eigenvectors and time-lagged eigenvalues, re-

spectively. This enables the extraction of a linear combination of input order param-

eters that approximatesP eigenfunctions [21]. Applications of tICA demonstrate its

superior accuracy in expressing the longest implied timescales over PCA [21]. For

this reason, tICA is the preferred method for dimensionality reduction.

1.2.4 State Discretization and Markov State Models

A Markov State Model (MSM) is a statistically rigorous approximation to the

dynamical propagator, using a coarse-grained representation of conformational space

partitioned into discrete states [22{24]. An MSM comprises a de�ned set ofN dis-

crete conformational states, and anN � N transition probability matrix T (� ), whose

elementsTij are the probability of transitioning from state i to state j in some lag

time � .

While there are many ways to de�ne a partitioning of conformational space into

discrete states, one robust approach is to use kinetics-based dimensionality reduction,

followed by unsupervised clustering into discrete states based on speci�ed proximity

metrics [8, 25]. This is often accomplished using traditionalk-means clustering al-
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gorithms that utilize Voronoi tessellation to compartmentalize data with the goal of

minimizing squared Euclidean distances [26].

Knowing the fundamentals of a Markovian system covered in Equations 1.1 and

1.3, we can immediately begin to discuss the utilization of MSMs in protein data.

The clustered simulation data is classi�ed by assigning each frame of the trajectories

to their appropriate microstate, resulting in a discretized trajectory of state indices.

Utilizing a user-de�ned lag time parameter,� (typically � 10{100 ns, for simulation

lengths on the microsecond timescale), transitions between each pair of microstates,

i and j , are counted along the trajectory to generate a transition count matrix,C(� ).

The count matrix is used to infer the transition probability matrix T (� ), often with

a constraint to enforce detailed balance [22,25,27].

The discrete-time probability matrix T (� ) is related to the continuous-time rate

matrix K used in the chemical master equationdp(t)=dt = Kp (t), by

T = exp(K � ) (1.13)

where p(t) is the vector of state populations at timet. Thus, T can serve as an

estimate of the continuous-time Markovian process as long as (1)T contains no

negative transitions in the diagonal components, and (2) the sum of row-components

are equal to 1 [28].

From T , we can obtain physically meaningful eigenvalues and eigenvectors that

assist in understanding the system. The largest eigenvalue� 1 of a valid T is 1, and

its eigenfunction corresponds to the equilibrium populations. Remaining eigenvalues

1 > � 2 > � 3; ::: assist in our understanding of the system's dynamics: projections of
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the state populations to the corresponding eigenvectors will decay over time as the

system reaches equilibrium.

A major remaining challenge for MSM constructions is further coarse-graining of

discretized states into system-relevant macrostates. Coarse-grained models serve as a

point of comparison to experiments and constitute a partitioning of MSM microstates

based on kinetic and/or structural similarities. Successful coarse-graining techniques,

such as Perron-cluster cluster analysis (PCCA) have been applied to systems, but

utilization of physical descriptors based on the system's identity yields highly com-

prehensible results relevant to its physical behavior [24].

1.3 Force Fields

The implementation of MD simulations and modeling led to signi�cant advance-

ments in our understanding of biological systems, and ensuring proper representations

of atomic interactions is critical to providing accurate interpretations [29,30]. Calcu-

lations of potential energies in simulations is dependent on an accurate description of

forces as a function of atomic positions [29]. These potential energy functions, called

force �elds, serve as approximations to the physical world and vary in complexity from

rigorous quantum mechanical (QM) de�nitions to highly coarse-grained representa-

tions [29, 31]. Depending on the system of choice, an appropriate potential energy

function must be carefully selected while balancing computation cost and approxima-

tion error. Quantum mechanical functions serve as the best approximation to atomic

behavior, but limit the target system's size to 100's of atoms due to calculations
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of electronic polarization [29,32]. Coarse-grained force �elds approximate motion by

combining several atoms into groups with representative positions and charges [31].

This enables the simulation of large systems, but a signi�cant amount of informa-

tion and accuracy is lost to approximation. All-atom force �elds are a viable middle

point with the �tting quantum mechanical parameters and experimental observables,

and allow the simulation of 10,000's of atoms while retaining a high degree of accu-

racy [6, 29]. The utilization of these functions is common in protein studies, and we

will discuss them moving forward.

1.3.1 Fundamental Forces used in All-atom Mechanical Force Fields

All-atom mechanical force �elds rely on a series of force de�nitions for calculating

atomic interactions [24, 29]. In total, all-atom mechanical force �elds are governed

by:

E total =
X

K bond(l � l0)2+

X
K angle(� � � 0)2+

X
K dihedrals [1 + cos(n� � � n )]+

X
K improper (� � � 0)2+

X

i 6= j

�
qi qj

r ij

�
+ ELJ

(1.14)

Where ELJ is Lennard-Jones (LJ) potential described as:

ELJ =
X

i 6= j

 

4� ij

" �
� ij

r ij

� 12

�
�

� ij

r ij

� 6
#!

(1.15)
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where r ij is the atomic distance,� ij is the dispersion force and� ij is the atomic

distance at zero energy between atomsi and j [29, 33]. The �rst summation corre-

sponding to the bonding interaction between two withK bonding representing a bond

sti� and l0 is bond length at equilibrium [29]. The second summation is the angle

formed between two atoms, and the corresponding sti�ness constantK angle and bond

angle at equilibrium � 0 [29, 33]. Dihedral forces are calculated between four atoms,

and K dihedrals and � n are the phase of the dihedral angle and force constant, respec-

tively. Improper dihedrals are represented similarly to the proper dihedrals with the

corresponding force constant,K improper , and equilibrium dihedral angle� 0. Lastly,

Coulombic forces are calculated between two atoms,i and j , at a distancer ij with

�xed chargesqi and qj that are atom dependent. LJ potentials are employed in esti-

mating repulsive and attractive interactions. Depending on the force �eld, di�erent

methods are employed in approximating constants in Equation 1.14.

1.3.2 AMBER

The Assisted Model Building with Energy Re�nement (AMBER) force �eld fam-

ily was initially developed by the Kollman Group as part of a software package by

the same name [34]. Initial successful attempts for force �eld development led to

AMBER94 and AMBER96 [35]. Further re�nement created AMBER99, which was

employed in simulating the Dickerson dodecamer [36]. Despite this progress, issues

with backbone parameters were discovered by Hornak V. et al. [35]. with glycine and

alanine parameters being incorrectly represented, which necessitated further investi-
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gation and led to the development of AMBER99SB (SB for Stony Brook University).

Using a series of tetrapeptide energy �ttings, Hornak V. et al. [35]. successfully gener-

ated a viable force �eld and tested it using lysozyme and ubiquitin simulations. AM-

BER99SB was further improved for isoleucine, leucine, aspartic acid and asparagine

side chain torsion parameters by �tting to new QM data to create the AMBER99SB-

ILDN force �eld [37]. Its performance was tested using lysozyme, bovine pancreatic

trypsin inhibitor, ubiquitin, and the B3 domain of Protein G proteins, and compared

to experimental NMR measurements [37]. Further modi�cations to AMBER99SB

generated AMBER99SBnmr1-ILDN force �eld (initial version: AMBER99SBnmr1)

that aims to implement NMR-driven parameterization for increased force �eld ac-

curacy [38]. In addition to these force �elds, many variations of AMBER99 were

created for speci�c applications outside of the scope of this thesis to varying success.

This ultimately led to the development of A14SB with improved accuracy over AM-

BER99SB [39]. By addressing helical propensity and side chain preferences, Maie

J. et al. [39]. arrived at a viable force �eld and tested its accuracy using a series

of polypeptides, helical peptides, miniproteins and globular proteins, and achieved

remarkable agreement with NMR results.

1.3.3 CHARMM

The Chemistry at Harvard Macromolecular Mechanics (CHARMM) force �eld

family heavily di�ers from AMBER with a focus on additional terms with the use

of grind-based energy correction map (CMAP) [40]. Early versions of CHARMM
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force �elds relied on the united-atom approach for explicit hydrogen identi�cations

for non-polar residues, which is a non-ideal approximation [41]. CHARMM22 [42] and

CHARMM27 [43] are focused on further improvements by implementing amino acid

and ion parameters [41]. This development culminated in the release of CHARMM22/CMAP

with CMAP being a 2D dihedral map for the correction of potential energies in the

interactions between dihedrals. CMAP aims to eliminate secondary structure bias

by correcting backbone motions [44]. The most recent CHARMM force �eld uti-

lizing CMAP is CHARMM36, which implements CMAP parameters for all amino

acids and improved parameterization utilizing the most recent QM data. Continuous

improvements on CHARMM36 are carried out to include additional parameters and

corrections.
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CHAPTER 2

AN EVALUATION OF FORCE FIELD ACCURACY FOR

THE MINI-PROTEIN CHIGNOLIN USING MARKOV

STATE MODELS

2.1 Abstract

All-atom molecular dynamics (MD) simulations can provide detailed insight into

a molecule's conformational ensemble in solution. While molecular force �elds are

parameterized to accurately model a protein's potential energy surface, it remains

challenging in practice to evaluate how well force �elds can capture ensemble-averaged

experimental observables, since it requires simulation of the complete folding land-

scape. In this work, we employ massively parallel molecular simulations, performed

using the Folding@home distributed computing platform, to investigate the ability of

nine force �elds (AMBER14SB (A14SB), AMBER99 (A99), AMBER99SB (A99SB),

AMBER99SB-ildn (A99SB-ildn), AMBER99SBnmr1-ildn (A99SBnmr1-ildn), CHARMM22*

(C22*), CHARMM27 (C27), CHARMM36 (C36) and OPLS-aa) with TIP3P explicit

solvent to accurately reproduce experimental observables for chignolin, a beta-hairpin

mini-protein with an experimental folding time of� 600 ns. From over 200� s of aggre-

gate trajectory data, we constructed Markov state models (MSMs) to obtain estimates
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of thermodynamic and kinetic properties of chignolin in each force �eld. Quantitative

assessment of the force �elds was performed by comparing predicted and experimental

folded populations, and the statistical agreement between predicted and experimental

solution-state NMR observables. This work highlights the utility of MSM approaches

for force �eld evaluation, and provides a baseline for future studies using Bayesian

inference methods to evaluate and parameterize force �elds. It also provides an ex-

cellent dataset for testing new approaches to simulation-based sequence design of

mini-proteins.

2.2 Introduction

Advances in computational hardware have enabled massively-parallel molecular

dynamics (MD) simulations capable of thoroughly sampling a protein's conforma-

tional landscape at biologically relevant timescales [1,45,46]. This technique relies on

accurate descriptions of atomic forces as dictated by potential energy functions (force

�elds), which are continuously re�ned by introducing additional parameters and in-

tegrating experimental measurements [30, 35, 37, 47{50]. Inaccuracies in force �elds

leads to incorrect sampling and a bias towards speci�c conformations, thus necessi-

tating a thorough understanding of how force �elds impact simulations results [37].

However, evaluating force �elds in a comprehensive and unbiased manner is di�cult

due to a lack of a reliable pipeline. Here, we evaluate the ability of 9 force �elds

(AMBER14SB, AMBER99, AMBER99SB, AMBER99SB-ildn, AMBER99SBnmr1-

ildn, CHARMM22*, CHARMM27, CHARMM36 and OPLS-aa) to reproduce exper-
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imental observables for the mini-protein chignolin using comprehensive Markov state

models.

2.2.1 Overview of Relevant Force Fields

Several research groups performed comprehensive evaluations of force �elds tar-

geted by our work. Sorin E. et al. [51] simulated two helical polymers, capped alanine

homopolymer A21 (Ace-A21-NMe) and the Fs peptide (Ace-A5[AAAR1A]3A-NMe),

using replica exchange MD and 5 AMBER force �elds, including AMBER99. They

found that AMBER99 severely understabilized polyalanine-based helices, and pro-

posed a corrected version of this force �eld, AMBER99-� . K•uhrov�a P. et al. [52]

employed replica-exchange molecular dynamics to sample chignolin for 4 di�erence

force �elds, including AMBER99SB [35] and CHARMM22/CMAP. They found the

misfolded populations for these two force �elds to be 48% and 1%,respectively. It is

important to note that CHARMM22/CMAP and CHARMM22* are di�erent force

�elds, as noted by K•uhrov�a P. et al. [52]. They attribute this di�erence to Gly-

7 parameters due to its critical role in folding. K•uhrov�a P. et al. [52] also found

that a representative ensemble of folded and misfolded conformation better repro-

duced nuclear magnetic resonance (NMR) observables. Piana S. et al. [53] simulated

a fast-folding mutant of the villin headpiece using AMBER03, AMBER99SB*-ildn,

CHARMM27 and CHARMM22*. They found that these force �elds reproduce exper-

imental native state conformation, but had signi�cant di�erences in the free energy

surfaces. Beauchamp K. et al. [54] simulated various systems using 5 water models
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and 11 force �elds, including AMBER99, AMBER99SB-ildn, AMBER99SBnmr1-ildn,

CHARMM27 and OPLS-aa. Based on their results, AMBER99SBnmr1-ildn is one of

the force �elds capable of consistently (relatively to other) reproducing NMR observ-

ables. It was also observed that explicit water models yielded similar results due to

force �eld dominance of the variance. Pantelopulos G. et al. [55] simulated MDM2

using 9 di�erent force �elds, including AMBER14SB, AMBER99SB, AMBER99SB-

ildn, AMBER99SBnmr1-ildn, CHARMM22* and CHARMM36. Using the NMR

predictor SHIFTX2, they compared computed and experimental chemical shifts in

order to evaluate force �eld performance. In general, all force �elds were found to

perform well at longer simulation timescales. Interestingly, AMBER99SBnmr1-ildn

was able to capture the uniqueapo-MDM2 helical lid structure. McKiernan K. et

al. [56] the chignolin variant CLN025 using AMBER-FB15, AMBER99SB-ildn and

CHARMM22* at near-melting temperature. They employed a projection MSMs ap-

proach that forecasts new data onto a completed reference model, which standardizes

microstate assignments across force �elds. They found that all force �elds follow

similar free energy surfaces, but AMBER99SB-ildn and CHARMM22* overstabilize

the native state. Robustelli P. et al. [50] benchmarked 21 systems using 6 force �elds

in order to assess force �eld performance on structured and disordered proteins. As-

sessments of AMBER99SB-ildn with TIP4P-D, AMBER99SB with TIP4P-Ew, and

CHARMM22* and CHARMM36 with TIP3P-CHARM, along with other relevant

force �elds, were carried out and compared to NMR experimental measurements us-

ing a custom-written force �eld score. While both CHARMM22* and CHARMM36

performed reasonably well for the folded and disordered proteins, they found that
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CHARMM36 speci�cally understabilized fast-folding proteins in temperature tem-

pering simulations, including a chignolin variant CLN025. They also found that

when using AMBER99SB-ildn/TIP4P-D, fast-folding proteins were unstable, but the

folded and disordered proteins were well-described. They created the AMBER99SB-

disp force �eld by modifying several parameters of combined AMBER99SB-ildn force

�eld and the TIP4P-D water model.

2.2.2 Chignolin Mini-protein Discovery, Mechanism and Key Proper-

ties

A 10-residue� -hairpin miniprotein chignolin was selected for force �eld due to an

abundance of experimental observables, and the protein's size enabling a large amount

of sampling needed to investigate multiple force �elds. Chignolin (GYDPETGTWG)

is derived from G-peptide B1� -hairpin domain by Honda S. et al. [57], and is found

to spontaneously fold into a [4:4] hairpin in water with an experimental folded-state

populations of 61% [57]. This stability is largely due to the hydrophobic interactions

between sidechains, with Tyr2 and Trp9 edge-to-face orientation being critical to con-

formational stability [57]. Experimental results from temperature-dependend circular

dichroism (CD) and 1H NMR suggest a two-state system, folded and unfolded, with

no intermediates [57]. Subsequent computational studies of this protein lead to some

detabe in determining the speci�c folding mechanism and stable states [58,59]. One of

the �rst computational studies of chignolin were performed by Suenaga A. et al. [60].

Using several rounds of MD, they reported an extensive description of chignolin's
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folding and unfolding mechanism with a large emphasis on understanding Tyr2-Trp9

hydrophobic interactions in hairpin formation [60]. Using multicanonical MD, Satoh

D. et al. [58] re-a�rmed the stability of chignolin in solvent, and reported a stable

misfolded state that separates itself from the native state via unique Asp3O{Gly7N

interactions [58]. The folding process of chignolin was further explored by Harada R.

et al. [59] using coarse-grained replica exchange MD. In that paper, they re-a�rmed

the existence of the misfolded state and proposed an intermediate state [59]. They also

emphasized the importance of hydrophobic collapse in the formation of the hairpin

turn, and the di�erence in hydrogen bonding between the native and the misfolded

states [59]. A di�erent formation pathway was proposed by Enemark S. et al. [61]

that relies on hairpin turn formation rather than hydrophobic collapse in order to sta-

bilize the protein. Despite these arguments, an agreement on the major metastable

states, native, misfolded and unfolded, was reached, and the importance of Tyr2-Trp9

edge-to-face and Asp3O{Gly7N interactions are highlighted in all relevant literature.

2.2.3 Project Description and Goals

We performed MD simulations of chignolin using 9 force �elds (AMBER14SB

(A14SB), AMBER99 (A99), AMBER99SB (A99SB), AMBER99SB-ildn (A99SB-ildn),

AMBER99SBnmr1-ildn (A99SBnmr1-ildn), CHARMM22* (C22*), CHARMM27 (C27),

CHARMM36 (C36) and OPLS-aa) and generated comprehensive coarse-graining MSMs

with the purpose of comparing force �eld accuracy by analyzing the molecule's ther-

modynamics, kinetics and approximated experimental observables. We explore the
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impact of speci�c model parameters on aspects of force �elds, such as unique structure

formation, sampling and data partitioning (number of microstates). We introduce a

coarse-graining methodology that enables a direct comparison of native, misfolded

and unfolded populations of chignolin. We explore an unconventional approach to-

wards MSM construction that involves combining all force �eld data into a joint

model, thus standardizing state assignments for an improved evaluation of force �eld

sampling. In combinations, this comprehensive MSM approach enables an unbiased

evaluation of force �eld performance when simulating the mini-protein chignolin.

2.3 Methods

2.3.1 Molecular Dynamics

In order to obtain signi�cant sampling for all force �elds, molecular dynamics

(MD) simulations of chignolin were carried out using GROMACS 2020.4 on Fold-

ing@Home distributed computing platform. Half of the simulations were performed

using NMR-determined native state (PDB ID: 1UAO) starting structure while the

other half used the extended conformation build from sequence using AMBERtools.

Each structure was solvated using a 100 mM NaCl solution of 4000 TIP3P water

molecules in a cubic box of 5 nm sides, energy minimized and equilibrated to 300 K

for 100 ps using the appropriate force �eld. Productions simulations were performed

using NPT ensemble utilizing Parrinello-Rahman barostat with 2 fs integration and

100 ps coordinate export. Each structure type (extended and native) was replicated to

seed 50 parallel simulations for Folding@Home simulations, yielding 100 trajectories
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of various lengths for each force �eld. In order to avoid introducing a sampling bias

for short-lived dynamics, top 34 longest trajectories with a cuto� of> 200 ns were se-

lected for analysis with 17 from extended and 17 from native starting conformations.

Distributions of analyzed trajectories for all force �elds are displayed in A.1 with the

aggregate dataset size average of 27.5� s for each force �eld and standard deviation

of 220 ns between force �elds. It is important to note that the standard deviation is

less than the reported folding time, which suggests that no critical timescales are lost

between force �elds due to trajectory size di�erences.

2.3.2 Markov State Model Generation

All model construction was done utilizing PyEMMA (version 2.5.7) [8] and sup-

porting root mean square error (RMSD) calculations used MDTraj (version 1.9.5) [9].

Atomic pairwise distances for all C� , Tyr2C� , Trp9C� 1, Asp3N, Thr8O and Gly7O

(henceforth shorthanded as distances,d) were selected for the initial featurization.

Selection of Tyr and Trp carbons and Asp, Thr and Gly atoms was done to highlight

potential interactions seen in prior work [57]. Inverse distances were also calculated

to emphasize close-proximity interactions. In addition to distances, backbone (� , )

dihedrals were calculated and analyzed separately and in combination with inverse

distances. The featurized data was projected into 8 time-independent component

analysis (tICA) components using 50 ns lag time with independent components 1

(IC1) and 2 (IC2) shown in A.2, and clustered into 5, 10, 50, 75, 100 and 500 mi-
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crostates using k-means spatial clustering. MSMs were constructed using a maximum

likelihood estimation for each n-microstates model at 20 ns lagtime.

2.3.3 Sub-sampling Models for Error Investigation

In order to con�rm the robustness of the collected simulation dataset, we per-

formed and analyzed 5 rounds of 50% randomly-excluded trajectories with 50%

of aggregate length and starting structure representation (pairing all trajectories of

similar lengths and starting structures, and excluding one). We focused on certifying

model validity by examining the MSM implied timescales (A.3), VAMP-2 scores for

5, 10, 50, 75 and 100 microstates (A.4), and macrostate populations (A.5). Overall,

the sub-sampled results average to values comparable to the fully-sampled dataset.

For the 100 microstate model, demonstrated as an example, the 3 longest implied

timescales at 50% of the data experience a high level of deviation, but these trends

agree with the complete set (A.9). The MSM VAMP-2 scoring trends within indi-

vidual sub-sampled datasets partially agree with the complete dataset for some force

�elds (A14SB) and not for other (C22*'s relative score averages for A.4 A relative to

A.4 B). These results warrant a discussion of trajectory consistency within individ-

ual force �elds, but the overall behavior in the sub-sampled datasets is acceptable.

Lastly, we examined the macrostate populations shown in A.5, and found that the

populated obtained by averaging the 5 sub-sampled datasets yield values comparable

to the complete set. The calculated error is within reason for all sets as well, thus

indicating the sub-sampled data is able to accurately capture macrostate representa-
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tions. Based on the behavior of the sub-sampled data, it is reasonable to conclude

that the complete dataset is su�cient enough to capture chignolin's behavior for all

force �elds.

2.3.4 Generating NMR predictions

Ensemble average predictions of 158 experimental observables were generated us-

ing 20 randonly selected structures for each microstate. SHIFTX2 (v1.11) [62] was

used to generate 13 chemical shifts shown in A.17 for all force �elds . Nuclear over-

hauser e�ect (NOE) distances (60 in total) were calculated using MDTraj [9] shown

in A.19 [9]. Six vicinal J-coupling constants for HN and H� were computed using

BICePs (v2.0) [63] and shown in A.19.

2.4 Results/Discussion

The nine force �elds were selected to represent a variety of approaches and his-

torical improvements. They are also selected to reproduce prior trends. In order to

construct complete MSMs for the individual force �elds, several steps were performed

to ensure model optimization and validity.

2.4.1 Unbiased Selection of Features to Describe Chignolin for All Force

Fields

Inverse distances featurization was selected for MSM building based on 50 iter-

ations of VAMP2 scoring of the 4 tested featurizations with the average and stan-
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dard deviation reported in 2.1 A. For most force �eld (with exception of A99SB and

A99SB-ildn), inverses distances have a higher average VAMP-2 score in comparison

to distances alone with some cases being arguable within standard deviation. Addi-

tionally (with the exception of A14SB) backbone (� , ) dihedrals yielded lower scores

in comparison to inverse distances. A combination of these two featurizations gener-

ated little or no improvement in the scores, which shows that inverse distances alone

are su�cient enough to describe chignolin. A14SB's scores show that backbone (� , )

dihedrals and inverse distances yield the highest score. Being an outlier to the trends,

we built complete models for A14SB using this featurization. The inclusion of dihe-

dral angles lead to a new distribution in tICA along negative independent component

(IC1) and independent component (IC2) as seen in A.6 A. In addition to generating

higher feature VAMP-2 scores, inclusion of dihedral angles led to a higher average

MSM VAMP-2 scores for microstate analysis as seen in A.6 B. Evaluation of the

implied timescales in A.6 C shows that including dihedrals leads to an introduction

of non-Markovian dynamics to the longest implied timescales that is detrimental to

MSM construction. These points suggest that backbone (� , ) dihedrals featurization

captures a rare slow protein motion that could impact MSM coarse-graining. We

investigated a speci�c trajectory (2nd, index = 1) that visits this state as seen in A.6

D and A.6 E, and found that this state is populated by a unique 2:2 turn formation

visualized by distinct Glu5� and Pro angle interactions in the left handed� -helix

region. We also performed similar angle interaction analysis for all force �elds in A.7.

The complete model for this featurization in A.6 F shows that the MSM state contain-

ing this turn are coarse-grained into the unfolded state, and this featurization leads to
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a small impact on macrostate populations ( A.6 F insert). The overall in
uence this

turn formation is minimal and it is reasonable to use inverse distances to featurize

A14SB's dataset. To further visualize this unusual turn formation, we investigated

Glu5� and Pro angle interactions for all force �elds (A.7) and found that A99 and

A99SB do not shown any turn formations. For these two force �elds, attempts to build

MSMs using backbone dihedrals alone, and paired with inverse distances, failed for

>10 microstates, which suggests that Glu5� and Pro angle interactions speci�cally

aim to describe the 2:2 turn formation.

Figure 2.1. VAMP-2 scores for all force �elds for A) comparing featuriza-
tion schemes (max score = 4) whered is atomic pairwise distances for all
C� , Tyr2C� , Trp9C� 1, Asp3N, Thr8O and Gly7O, and B) comparing the
number of k-means clusters used for MSM microstate partitioning (max
score = 8) with error bars generated using 50 iterations of scoring for both
sub�gures
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2.4.2 Determining Optimal Markov State Model Parameters

To determine the optimal number of MSM microstates for force �eld comparison,

an average and standard deviation of 50 iterations of VAMP2 scoring were calculated

and reported as a function of the number of microstates in 2.1 B. It is interesting

to note that C36 and A14SB obtain noticeably lower and higher scores than other

force �elds, respectively. This is because A14SB attempts to capture the unique 2:2

turn, while C36's small folded state populations may limit the timescales available

for VAMP-2 scoring. Trends within each force �eld show logarithmic behavior with

similar score averages above 50 microstates. Additionally, the standard deviations

are large enough to suggest little di�erence in models above 50 microstates. Coarse-

grained MSM state assignments were also not impacted by the number of microstates

as seen in A.8. For consistency, we selected to focus on models at 100 microstates

for all force �elds. An MSM lag time of 20 ns was selected by analyzing the implied

timescales behavior with Bayesian sampling of the posterior error shown in A.9 for

all force �elds. At 20 ns, the slowest implied timescale is independent of the selected

lag time for most force �elds. For C22* and A99SBnmr1-ildn, the longest implied

timescale has some non-Markovian behavior by continuously increasing at higher

lagtimes, but the magnitude of the increase is unlikely to cause issues. Attempts to

construct models using lagtimes of 50 ns and 100 ns were unsuccessful due to A99

and A99SB failure to properly discretize.
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2.4.3 Applying an Unbiased Coarse-graining Protocol to Compare Force

Field

Generation of MSM macrostates was done with the goal of impartial comparison

between force �elds. Initial attempts to coarse-grain the MSM microstates were done

using Robust Perron Cluster Analysis (PCCA+) fuzzy spectral clustering algorithm,

and resulted in inconsistent de�nitions across force �elds, thus generating no valid

point of comparison between states. This issue necessitated the development of a

method to consistently separate the 3 desired macrostates, native (N), misfolded (M)

and unfolded (U), regardless of the force �eld. We consulted prior literature that

captures structural di�erences between the native and misfolded states of chignolin

using Asp3N-Gly7O and Asp3N-Thr8O atomic distances, and reproduced this for all

force �elds as shown in A.10. This distance space o�ers some ability to separate

the target states, but de�ning speci�c boundaries (henceforth called cuto�s) is chal-

lenging. To enhance macrostate separation, we transformed these distances,d, using

the function e� �d =1 + e� �d where � is a tuning parameter. Applying this function

with � = 5 generated large separation between the native and the misfolded state as

shown in A.11. An arbitrary cuto� of 0.10 was applied between the native/unfolded

and misfolded/unfolded regions in order to isolate the unfolded state, and assign spe-

ci�c microstates to the corresponding macrostate based on the location of k-means

cluster center position. A potential concern of using this cuto� is the arbitrary nature

of the value used, and to alleviate this concern, we generated coarse-grained MSMs

using 0.075 and 0.125 cuto�s and investigated the macrostate populations in A.12.
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The impact of changing the cuto� is minimal, which suggests that microstates at

the boundary between the de�ning regions have low populations and are not vital to

the goal of this paper. More extreme cuto�s were tested, but yielded invalid results

by incorrectly assigning obvious native/misfolded/unfolded structures. The result-

ing coarse-grained MSMs yielded good separation of states for the 3 macrostates in

Asp3N-Gly7O and Asp3N-Thr8O hydrogen bond distances (nm) with A14SB shown

as an example in in 2.2 A (see A.13 for all force �elds). We also con�rmed the validity

these assignments in IC1, IC2 tICA with 2.2 B as an example for A14SB (see A.14

for all force �elds). Similarly to the Asp3N-Gly7O and Asp3N-Thr8O separation, the

macrostates partition into relatively uniform regions. Visual con�rmation of assign-

ments was performed by extracting 3 samples structures corresponding to the native

and misfolded states, and con�rming the orientations of speci�c carbons/residues that

are expected for the target macrostate. As predicted, the native structure exhibits

close proximity of the Asp3N and Thr8O atoms, and Tyr2 and Trp9 "edge-to-face"

interaction (captured using Tyr2C� , Trp9C� 1 proximity) For the misfolded structure,

there is a close interaction between Asp3N and Gly7O, and minimal interaction be-

tween Tyr2 and Trp9 due to a shift in the turn formation. We also con�rmed the

presence of an unfolded structure, but a lack of distinct atomic interactions necessi-

tates no further discussion. Additionally, we calculated root mean square deviation

(RMSD) values for all force �elds relative to the1H NMR determined native structure

(PDB: 1UAO), and projected the macrostate assignments shown in 2.2 C for A14SB

example and A.15 for all force �elds. The assignments show the distributions for

the native, misfolded and unfolded states in the order of increasing RMSD values,
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which indicates a correct partitioning of protein structures. It is interesting to note

that A99's macrostates have di�culty separating, as characterized by IC1, IC2 tICA

(see A.14 B), and larger misfolded contributions in Asp3N-Gly7O and Asp3N-Thr8O

distance (see A.13 B) and RMSD (see A.15 B). Further discussion of this issue is

carried out in the Discussion section. Based on the analysis of the coarse-graining, it

is reasonable to apply this protocol for force �eld comparison.

2.4.4 Evaluation of Force Field Performances

With the validity of the coarse-grained MSMs con�rmed, macrostate populations

and reduced� 2 values were obtained and reported in 2.3 A and 2.3 B, respectively.

Reduced� 2 values for all n-microstate models are shown in A.20 and for individual

predicted observables in A.21. These values enable direct comparison between force

�elds.

AMBER force �elds Assisted Model Building with Energy Re�nement (AMBER)

force �eld family that has seen continuous development and re�nement. We tested

5 AMBER force �elds and their subsequent modi�cations that aimed for accurate

protein simulations. Starting with A14SB, its ability to sample chignolin is accept-

able. It underestimates the native state population at 35% (2.3 A) and has the third

highest reduced� 2 value (2.3 B). The unfolded state population is large (second only

to C36), which indicates that the protein has di�culty folding or misfolding. The

formation of the 2:2 turn as described by Glu5� and Pro in A.6 shows the force

�eld's propensity to explore unusual con�rmations, which likely contributes to the
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Figure 2.2. Evaluation of macrostate assignment accuracy for A14SB
example. Coarse-graining was performed by transforming Asp3N-Gly7O
and Asp3N-Thr8O distance usinge� �d =1+e� �d where� is a tuning param-
eter and applying a 0.100 cuto� between states. Projection of individual
structures colored by their macrostate assignments (red for native (N),
green for misfolded (M) and blue for unfolded (U)) for A) Asp3N-Gly7O
and Asp3N-Thr8O distance, B) IC1, IC2 tICA space and C) RMSD dis-
tributions. Example structures for the native (N) and misfolded (M) con-
formations are shown on the bottom-right panel, and projected on A and
B as black square and magenta triangle, respectively.

overall populations of other states. A99 [64], we see a severe overestimation of the

misfolded state population in 2.3 A, which is further re
ected in the 2nd largest
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Figure 2.3. Comparisons between 100 microstate MSMs for the nine force
�elds using A) coarse-grained macrostate populations, B) reduced chi-
squared,� 2=N (N = 158) obtained by combining NOE distances (N =
139), chemical shift H� (N = 7), chemical shift HN (N = 6) and J-coupling
(N = 6) experimental data

reduced� 2 value 2.3 B. This force �eld is known to over-stabilize the� -helical con-

formations [35]. Since chignolin is not prone to� -helix formation, it is re
ected in

the incorrect conformational preference in our simulations. Additionally, the devel-

oped A99SB shows that A99 lacks rigidity for the� -hairpin and C-terminus regions

of human ubiquitin over long trajectories [47]. Based on this, it is understandable

that AMBER99 simulations of chignolin will settle in the less-stable misfolded con-

formation. A99SB is an improvement upon AMBER99/AMBER94 by �tting glycine

and alanine tetrapeptides local minima to quantum mechanical (QM) and molecular

mechanical (MM) energy functions, which aims to avoid over stabilization, and re-

moves biasing of dihedral optimizations relative to a reference conformations. These

adjustments lead to a better balance in secondary structures for glycine and ala-

nine with speci�c improvements to dihedral angle regions [35]. A99SB was found
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to have improved hydrogen bonding for ubiquitin and protein G stability relative

to its predecessors (OPLS/AA, CHARMM22, GROMOS96-43a1, GROMOS96-53a6,

and AMBER03) with these improvements being a result of adjusted torsional poten-

tials [65]. Our �ndings show that A99SB is excellent at replicating the experimental

native state population at 52% (2.3 A) and yields the lowest reduced� 2 value (2.3

B). A99SB was further improved by Lindor�-Larsen K. et al. [37] via side-chain tor-

sion potentials for four amino acid (ILDN), resulting in A99SB-ildn. Re�nement of

these side-chains was done by �tting to quantum-mechanics (QM) data and validat-

ing with NMR observables. Despite these improvements, A99SB-ildn performs poorly

relative to its predecessor in terms of predicting native state population at 23% (2.3

A), but the reduced � 2 value is relatively close to A99SB's (2.3 B). This relationship

between incorrect native state population prediction and small impact on reduced

� 2 values suggests that the misfolded state serves an important role in experimental

NMR and native state predictions alone do not provide the complete picture. This is

further shown in the next AMBER force �eld that was evaluated. Further improve-

ment were made to A99SB by using NMR parameters to directly guide force �eld

potentials for backbone dihedrals [38]. This force �eld, AMBER99SBnm1 (eventu-

ally AMBER99SBnm1-ild),suggests an overall improvement of these dihedrals for 22

proteins [38]. In terms of performance, AMBER99SBnm1-ildn slightly overestimates

the native state population at 69% (2.3 A) but exhibits a reduced� 2 value similar to

A99SB-ildn (2.3 B). This force �eld exhibits an unfolded state population similar to

its predecessor, and when comparing the severely underestimated of A99SB-ildn and

slightly overestimated of A99SBnmr1-ildn native state populations, it is fair to con-
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clude that the penalty of the misfolded state contribution to calculating the reduced

� 2 value is lower than the unfolded state contribution.

CHARMM force �elds Chemistry at Harvard Macromolecular Mechanics (CHARMM)

force �elds are developed with a variety of simulation targets (lipids, nucleic acids,

proteins). A key approach of CHARMM force �elds that deviates from their AM-

BER counterparts is the use of grind-based energy correction map (CMAP) is a

feature that aims to improve protein backbone dihedral representations by reproduc-

ing experimental angle distributions and generating corrections to the Ramachandran

energy pro�le [40]. The �rst CHARMM force �eld we evaluated is C22*, which is

an improvement upon C22 by introducing CMAP corrections of glycine and pro-

line residues, improving helix-coil balance by parameterizing backbone dihedrals, and

modifying aspartic acid, glutamic acid and arginine amino acids [53]. In our work,

C22* overestimates the native state population at 77%, exhibits a large unfolded state

population at 22% (2.3 A) and has minimal misfolded contribution. The reduced� 2

value of this force �eld is comparable to A99SB-ildn (2.3 B) despite the large di�er-

ence in all state distributions between force �elds. C27 saw the complete integration

of CMAP into C22 in hopes of improving agreement with QM simulations [66, 67].

In our results, C27 exhibits similar macrostate distributions as C22* (2.3 A). With

negligible contributions to the misfolded state (C22* at 0.9% and CAHRMM27 at

0.3%), the redistributions of population from C22* to C27 is due to increased native

state stability and migration of population from the unfolded state. The resulting

impact on the reduced� 2 value is signi�cant (C22* at 2.66 and CAHRMM27 at 2.42),
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making C27 the third best force �eld in terms the reduced� 2 value. This again serves

to highlight the detrimental nature of poorly estimating the unfolded state popula-

tion on predicting NMR observables. C36 is an improvement upon C22/CMAP with

new backbone CMAP and sidechain torsion potentials optimized against small macro-

molecules [48]. However, this force �eld has a high left-handed� -helix propensity for

disordered a arginine/serine peptide [49]. Simulations of small model peptides, includ-

ing CLN001 and CLN025, with C36 improved force �eld, CHARMM36m, resulted in

an underestimate of� -hairpin miniprotein stability. Our results strongly agree with

these conclusions. C36 severally underestimates chignolin stability as shown in the

large unfolded population in 2.2 A at 93%. The resulting reduced� 2 value is the worst

of all force �elds at a value of 22.1 (2.2 B). When comparing C36 and AMBER99,

both force �elds severely unestimate the fodled state populations with prominent con-

tributions to other states 2.2 A. However, AMBER99 fairs signi�cantly better than

C36 despite resulting in similar mistakes, thus highlighting the importance of the

misfolded state to experimental observables.

OPLS-aa force �eld Optimized Potentials for Liquid Simulations (OPLS) are a

family of force �elds developed using liquid simulation �tting to experimental observ-

ables [68,69]. In our work, OPLS-aa (all atom) was evaluated and found to perform

well relative to other force �elds. It is arguable the best force �eld to match the

experimental state population at 56% (2.2 A). Despite this close approximation, the

reduced� 2 value is 3.1, making it the 4th worst force �eld. This disconnect between

good native state prediction and poor reduced� 2 value is likely due to the large un-
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folded state population at 26%. As with other force �elds discussed, the unfolded state

contribution serves to reduce the accuracy of predicted experimental observables.

2.5 Conclusion

An evaluation of nine force �elds (A14SB, AMBER99, A99SB, A99SB-ildn, A99SBnmr1-

ildn, C22*, C27, C36 and OPLS-aa) with TIP3P water model was carried out using

over 200� s of aggregate trajectory data of a 10-residue� -hairpin miniprotein chigno-

lin. A thourough exploration of the protein's conformational landscape was carried

out and comprehensive MSMs were constructed in order to compare the force �elds

in a systematic manner. This approach provided insight into individual force �eld

beehaviors (such as A14SB's 2:2 turn formation and C36's native state instability),

and enabled performance comparison using experimental observables (CD and NMR).

We encourage the application of this approach to other systems in order to under-

stand force �elds. This exploration opens avenues for further applications, such as

reconciling incomplete models with noisy experimental data using Bayesian Inference

of Conformational Populations (BICePs).
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CHAPTER 3

COMPREHENSIVE MARKOV MODEL MODELS FOR

ASSESSING AND IMPROVING THE ACCURACY OF

PROTEIN FOLDING SIMULATIONS

3.1 Abstract

A molecule's solution-state stability is dependent on chemical linkers and nonco-

valent residue interactions, which is essential for the delivery of therapeutics, inter-

molecular interactions and speci�city. While signi�cant progress has been made in

chemical stabilization of proteins, noncovalent approaches o�er a more 
exible devel-

opment pipeline, but require comprehensive screening of mutations. Computational

methods enable the investigation of mutational sites while o�ering detailed insight

into protein behavior. The ability of force �elds to accurately sample across multiple

sequences with a high degree of precision remains a challenge due to the complex

nature of residue interactions with neighbors and the environment. In this work, we

investigate the ability of 6 force �elds (AMBER99SB, AMBER99SBnmr1-ildn, AM-

BER14SB, AMBER99, CHARMM36 and OPLS-aa) to reproduce experimental ob-

servables using 16 ms of all-atom massively-parallel molecular dynamics (MD) simula-

tions of 24 chignolin� -hairpin variants. Theoretical predictions of mutation-induced
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change in folding, �� Gfolding , were obtained using a previously tested protocol for

constructing Markov state models (MSM)s, and quantitatively compared to exper-

imental �� Gfolding to determine simulation accuracy. In addition to determining

the optimal force �eld for screening mutants, instances of incorrect parameters were

captured by quantifying the changes in predictions as a consequence of single-point

mutations. This works provides the methodology for� -hairpin miniprotein design by

predicting properties of novel mutants from sequence using sparse sampling. It also

showcases the utility of comprehensive MSMs as predictive models for simulation-

based sequence design.

3.2 Introduction

Protein mutations play a critical role in biological processes by changing chemically

active sites and modi�cations protein thermodynamics and kinetics [70]. Predicting

mutational e�ects is an important objective in de novoprotein design and understand-

ing diseases [71{75]. Experimental techniques designed to understand the impact of

sequence modi�cations are costly and time-consuming, which necessitates the use of

high-throughput, low-cost computational methodologies [76, 77]. Simulation-driven

investigations were used in design mini-protein for inhibiting binding sites [73], mod-

i�cation of conformational stability for protein-protein interactions [78], and protein

engineering for biodegradable materials and catalysis [79{82]. Focusing speci�cally

on mutation-driven conformational modi�cation, protein overstability (or instability)

can directly lead to biological malfunctions [71,83]. Generation toxic aggregates and
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hindrance of transport are important considerations when designing a protein [84].

Therefore, a balance must be maintained for the desired protein stability and simu-

lations must be in agreement with this.

Despite this progress, comparing simulations results of several proteins is di�cult

due to a lack of a guarantee in consistent sampling across sequences. Changes in se-

quence identity is re
ected in the system's topology, which is partially dictated by the

selected force �eld's descriptions of atomic interactions. Therefore, selecting a force

�eld with reliable parameters across multiple sequences is critical to securing accu-

rate results and minimizing force �eld biases. In this study, we performed massively

parallel MD simulations, constructed comprehensive MSMs, and evaluated predic-

tive capability to experiments for 24 variants of the mini-protein chignolin param-

eterized with 6 force �elds (AMBER99SB, AMBER99SBnmr1-ildn, AMBER14SB,

AMBER99, CHARMM36 and OPLS-aa) in order to quantify force �eld consistency

and identify speci�c parameter errors. This insight showcases a protocol for ensuring

a reliable comparison between mutated proteins while eliminating systematic force

�eld errors.

3.3 Methods

3.3.1 System Selection

Selecting an appropriate system to perform force �eld capability assessment is im-

portant for promoting a �ne-grained understanding of how parameter changes respond

to mutations. The mini-protein chignolin and its 23 variants was selected due to its
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small size (10 residues) and large impact of amino acid substitutions on experimental

results [85]. Chignolin (sequence: GYDPETGTWG) was modi�ed at the terminal

Gly1 and Gly10 to generate the 23 variants, and experimental melting points, �Tm ,

were obtained by �tting circular dichroism (CD) data to a two state model by Honda

S. et al. [85] . A critical bene�t of using this dataset is the relatively large changes

in protein melting points with multiple minor sequence alterations, which is atypical

of most proteins and is necessary for identifying speci�c instances of incorrect force

�eld parameters [72]. Additionally, chignolin's topological simplicity reduces MSM

complexity and eliminates potential analysis bias that is detractive from fore �eld

comparison. A potential issue of treating chignolin in a simpli�ed manner is the

assumption of a two state system. Chignolin's 3 conformational states discussed in

the previous section, native (N), misfolded (M) and unfolded (U), can be grouped

into a two-state model by combining the misfolded and the unfolded distributions

to yield a folded (F) and unfolded (U) conformations. This assumption is carried

out in the experimental results and must be applied to the simulation data for a

valid comparison [85]. Chignolin simulations have previously demonstrated that the

misfolded state lacks critical atomic and residue interactions, and a two-state folding

mechanism is a valid assumption for both experiment and simulation [58].

3.3.2 Molecular Dynamics and MSM Building

MD simulations of chignolin were performed on Folding@Home distributed com-

puting platform via GROMACS 2020.4 simulation package. All rounds of simulations
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were initiated using folded state starting structures by modifying the 1st and the 10th

residues of the wild type native conformation (PDB ID: 1UAO). Proteins were sol-

vated using a 100 mM NaCl solution with 4000 TIP3P waters in a 53 nm cubic box.

Systems were energy minimized and equilibrated at 300 K. A total of 50 independent

trajectories, totally 110 � s, were generated for each force �eld, mutant combination

for an aggregate dataset of 16 ms.

Model building protocols employed in Chapter 1 were used for the analysis of this

dataset with some modi�cations. We will brie
y reiterate them here. MSMs were con-

structed by featurizing all C� , Tyr2C� , Trp9C� 1, Asp3N, Thr8O and Gly7O inverse

pairwise distances (henceforth shorthanded as distances,d), projecting data onto 8

tICA components with a 50 ns lagtime, clustering into 100 microstates via k-means

spatial clustering, and building MSMs using maximum likelihood estimation (20 ns

lagtime). Coarse-graining of microstates was done by transforming Asp3N-Gly7O

and Asp3N-Thr8O atomic distances usinge� 5� d=1 + e� 5� d function and partitioning

using a 0.1 cuto�.

3.3.3 Calculating and Evaluating �� Gfolding of Mutation

Estimations of the change in Gibb's free energy of folding, ��Gfolding , due to

mutagenesis were performed in order to compare experimental and simulation re-

sults. Simulation predictions were calculated based on the relationship between glob-

ular protein folded (F ) and unfolded (U) states asK = [F ]
[U] , and Gibbs free energy

� G = RT ln K . The predicted �� Gfolding were calculated relative to the wild type
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(WT) based on theF and U macrostate populations obtained from the coarse grained

MSMs. Actual values were calculated from experimental CD melting temperatures

using Robertson A. et al. [70] protocol for connecting protein stability and temper-

ature. The relationship between a protein's folded state, free energy and melting

temperate (� Tm ) is well known, and is frequently used to quantify thermostabil-

ity [70, 83, 86]. Based on the foundational relationship between Gibb's free energy,

enthalpy and entropy, � G(T) = � H (T) � T � � S(T), Robertson A. et al. [70] arrived

at the following modi�ed Gibbs-Helmholtz equation:

� G(T) = � Hm

�
1 �

T
Tm

�
+ � Cp

�
(T � Tm ) � T � ln

T
Tm

�
(3.1)

There are two quantities that need to be estimated in order to utilize Equation 3.4,

� Cp and � Hm . Novack D. et al. [71] estimated these properties using Robertson A.

et al. [70] data as a function of the number of protein residues,N , as:

� Hm = N � (� 0:698 kcal mol� 1) (3.2)

� Cp = N � (� 0:0139 kcal mol� 1 K � 1) (3.3)

These quantities are estimated for chignolin's 10 amino acid sequence as �Hm =

� 6:98 kcal mol� 1; however, we utilized � Cp = 0 kcal mol� 1 K � 1 due to Honda S. et

al. [85] speci�cation of this parameter in their work. This decision in �Cp value has

little impact on the calculations due to the inherently small size of the protein.
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Combining Equation 3.4, and the calculated �Hm and � Cp values, Novack D. et

al. [71] estimated experimental �� Gfolding as

�� Gfolding (T) = T[� H folding (T � 1
m (WT) � T � 1

m (mutant))

+� Cp ln
�

Tm (mutant)
Tm (WT)

�
] � � Cp(Tm (mutant) � Tm (WT))

(3.4)

This enables the direct comparison between simulation prediction fromF and U

macrostate populations, and experimental values from �Tm . We utilized this prin-

ciple to arrive at our estimations of �� Gfolding (T) based on coarse-grained MSM

populations.

3.3.4 Statistical Evaluation of MSM Accuracy

We utilized two statistical metrics to evaluate internal force �eld precision and pre-

diction accuracy. First, we calculated root mean square error (RMSE) to determine

the degree of precision for each force �eld. This very common metric is frequently

utilized across many scienti�c �elds and will not be discussed in this work. The sec-

ond metric, Matthew's correlation coe�cient (MCC), is a statistical method used in

evaluating model accuracy, and was utilized in order to judge force �eld accuracy [87].

This is performed by partitioning the model space into 4 distinct categories relative

to a chosen reference: true positive (TP) with positive trends between predicted and

actual, true negative (TN) as the negative equivalent to TP, false positive (FP) with

negative predicted and positive actual values, and false negative (FN) with the reverse
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of FP. This enables the determination of incorrect predictions, which can be further

be quanti�ed into a MCC using:

MCC =
TN � TP � FN � FP

p
(TP + FP)(TP + FN )(TN + FP)(TN + FN )

(3.5)

The resulting value varies between 1 and 0 for optimal agreement and no agreement,

respectively, and makes it possible to directly evaluate the force �eld's ability to

correlate with known values.

3.4 Results and Discussion

The completed MSMs were initially scrutinized in terms of model validity and

quantitative compared known experimental values. For each force �eld, the tICA inde-

pendent component 1 (IC1) and 2 (IC2) space was visualized in Figures B.1,B.2,B.3,B.4,B.5,B.6

to con�rm well-behaved distributions, speci�cally the presence of a 3-lobed behavior

indicative of the 3 expected macrostates. Additionally, native state populations for

the WT CLN001 (sequence: +GYDPETGTWG+) and variant CLN025 (sequence:

+YYDPETGTWY+) were compared in Figure 3.1 to known experimental values

for each force �eld [57, 85]. These comparisons yield interesting patterns for each

force �eld that can be utilized in qualitative assessment. AMBER99SB (A99SB)

and AMBER14SB (A14SB) show a slight underestimation of both native state pop-

ulations, which signi�es consistent understabilization of the protein across the 2 se-

quences. AMBER99 (A99) and CHARMM36 (C36) exhibit further extremes of this

pattern with negligible small native state populations for the force �elds. Consider-

ing prior history of these force �elds, this behavior is not surprising with backbone
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rigidity underestimation for A99 and left handed� -helix propensity for C36 [49,64].

A99SBnmr1-ildn overestimates the native state stability to some degree for both

hairpins, which is in agreement with our previous �ndings. Lastly, OPLS-aa shows

a remarkable degree of agree with experiment for both sequences, which may signify

an excellent degree of precision.

Figure 3.1. Comparison of native state populations for each force �eld for
CLN001 and CLN025 relative to known experimental values (solid black
line). Experimental values for CLN001 and CLN025 were obtained from
Honda S. et al. [57] and Honda S. et al. [85], respectively.

All macrostate populations were visualized and shown in Figures B.7, B.8, B.9,

B.10, B.11, B.12 for analysis completeness. Individual patterns across force �elds are

di�cult to describe without an experimental point of reference for each macrostate,

but qualitative comparisons for A99 and C36 across mutants show consistence in low

native state populations across all mutants. Similar conclusions for the other force

�elds are di�cult to draw based on these patterns alone.
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3.4.1 Determining the Most Consistent Force Field Across a Series of

Mutants of Chignolin

Qualitative force �eld evaluations were performed in Figure 3.2 using �� Gfolding

as estimated from simulations macrostate populations, and experimental �Tm as dis-

cussed in the Methods section. For numerical comparison, RMSE and MCC values

(the 4 distinct categories highlighted in Figure 3.2) were calculated, and are shown in

Figure 3.3. Based on RMSE values, A14SB is the best force �eld with A99SBnmr1-

ildn being close second. However, when taking into account the MCCs, A14SB ex-

hibits fewer correct assignments than A99SB. This is clearly emphasized with Figure

B.15 that shows A14SB's inconsistent underestimation of the native state populations

relative to the melting point trends. The complex behavior of these force �elds makes

performance comparisons challenging. Therefore, it is safe to assume that A14SB and

A99SBnmr1-ildn have very similar performances, and A99SB is slightly worse than

those force �elds. The poor performances of A99 and C36 are not surprising consid-

ering previous observations about these force �elds, and no additional performance

evaluations can be made due to a lack of statistical con�dence. There is, however,

an interesting phenomenon regarding OPLS with excellent native state population

reproducibility in Figure 3.1, but seemingly poor RMSE values in Figure 3.2. This

is an indicator of large detrimental contributions from poor estimations for certain

mutants, which we will further examine.
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Figure 3.2. Comparison between experimental �� Gfolding of mutation cal-
culated using CD melting temperatures [85] via Robertson A. et al. [70]
protocol and simulation results estimated from folded and unfolded state
populations. Each sub�gure is partitioned into four confusion matrix cat-
egories: true negative (TN, red), true positive (TP, green), false positive
(FP, magenta) and false negative (FN, teal). The confusion matrix is uti-
lized in a statistical evaluation of each force �eld's accuracy by calculating
Matthew's correlation coe�cient (see Methods for details).

Figure 3.3. Trends in A) root mean square error (RMSE) and B)
Matthew's correlation coe�cient (MCC) for all force �elds, mutant com-
binations from Figure 3.2
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3.4.2 Amine Capping Group Force Field Parameter Impact on Protein

Stability

A detailed look at the normalized relationship between �Tm and native state

populations for all force �elds in Figures B.13, B.14, B.15, B.16, B.17, B.18 qualita-

tively reveals a potential pattern of consistent underestimation of protein stability for

amine-terminated sequences for certain force �elds. For quantitative determination,

we separated the carboxyl and the amine terminated sequences for each force �eld

and compared �� Gfolding in Figure 3.4. The analysis reveals a statistically-signi�cant

dataset separation, as determined using a student t-test, for carboxyl and amine ter-

minate sequences for C36 and OPLS. This artifact is not due to inherent protein

backbone issues since A99 does not exhibit this phenomenon. Additionally, we show

the RMSE values for each separated dataset in Figure 3.4 for carboxyl and the amine

terminated sequences as red and blue, respectively. These metrics o�er no insight into

speci�c patters due to the inherently poor RMSE values across force �elds; therefore,

a detailed analysis of carboxyl and the amine terminated datasets is carried out.

To further understand this separation of data, we examined the most populated

microstate structures for the FYDPETGTWF-NH2 variant simulated using C36 force

�eld in Figure 3.5. The C-terminus of this structure exhibits a strong hydrogen bond

between the terminating amine's hydrogen and Gly7O at 2.11�A.

The formation of this hydrogen bond is limited to � -helical structures due to

the required proximity of the amine hydrogens to Gly7O. We examined the distances

between Gly7O and nitrogen of the amine cap, and imposed a 3.0�A cuto� to quantify
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Figure 3.4. Comparison between experimental �� Gfolding of mutation cal-
culated using CD melting temperatures [85] via Robertson A. et al. [70]
and simulation results estimated from folded state populations. Sepa-
ration between amine-terminated and carboxyl-terminated sequences is
performed to highlight C36 and OPLS issues with amine-terminated pa-
rameterization.

the instances of this structure formation. This yields a binary contact metric that can

be applied to the protein's population, and yield the percentage of time the protein

exhibits the � -helical structure. This protocol was carried out for the 17 amine-capped

mutants with the average percentage of populations forming this contact reported in

Figure 3.6 (individual distributions shown in Figure B.19). The selection of nitrogen

instead of hydrogen for this contact calculation was done due to the di�erences in

force �eld indexing of atoms. It is signi�cantly easier to consistently isolate the

nitrogen atom across multiple force �elds, and the presence of two hydrogens in the

cap may further complicate calculations by forcing a selection of a speci�c hydrogen

or averaging the two. The selection of a 3.0�A cuto� was not arbitrary considering
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Figure 3.5. Example structure of the most populated microstate (4%
of total population) for FYDPETGTWF-NH2 variants simulated using
C36 (C36) force �eld. Enhanced zoom insert shows the C-terminus with
the distance between amine hydrogen and Gly7 oxygen are shown in
Angstroms.

the typical size of N-H bond, hydrogen's atomic diameter and the 2.11�A distances

shown in Figure 3.5. We tested a 2.5 and a 3.5�A cuto�s as shown in Figure B.20.

There were no contacts made for the 2.5�A cuto�s, yielding an average values of 0.

The pattern of distributions across force �elds for the 3.5�A cuto� closely matches

the 3.0 �A with a noticeable increase in the total percentage, which is to be expected.

As such, we determined that the 3.0�A cuto� between the Gly7O and the amine

cap's N was an appropriate metric for quantifying the formation of the target� -helix

structures.

Examining the force �eld behaviors in Figure 3.6 yields insight into structural

preferences. Firstly, the largest percentage of contacts is observed in A99. This is

not surprising considering the known backbone rigidity issues this force �eld exhibits.

Additionally, with its poor overall performance, as shown in Figure 3.3, A99 is di�cult
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to draw conclusions for and we will exclude this force �eld from further discussion.

When examining the remaining AMBER force �elds, there are fewer average contacts

made in comparison to C36 or OPLS. It is arguable that A99SBnmr1-ildn and C36 are

very similar in behavior, but B.19 shows that A99SBnmr1-ildn have increased contacts

for less stable mutants while C36 does not follow that trend. This indicates that

A99SBnmr1-ildn forms more contacts due to the inherent instability of the protein

while C36 forms contacts at random. The formation of contacts in C36 is also present

in OPLS. For these force �elds, there is an underlying issue unrelated to protein

stability that is causing the formation of the undesirable� -helical structures.

Figure 3.6. Percentage of populations that form contacts between Gly7O
and N of the amine cap. A cuto� of 3.0�A was utilized to generate a binary
metric (1 for instances� 3.0 �A, 0 otherwise) for 17 amine-capped mutants
with averages and standard deviations reported for each force �eld.

In order to understand this, we examined the charges of the nitrogen and hydrogen

atoms of the capping amines in AMBER, CHARMM and OPLS force �elds, and

estimated the net dipole moments of the amine capping groups, shown in Table
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3.1. Dipole magnitude estimates were done assuming a bent molecular structure

with no connectivity to the terminal carbon. Although this estimation is not an

outright representation of the terminus's environment, it serves to highlight force

�eld di�erences due to atomic partial charge.

Table 3.1.
Average partial charges of the N and H atoms, and estimated magnitudes
dipole moments of the amine capping group for AMBER, CHARMM and
OPLS families obtained from force �eld parameter �les. AMBER family
parameters are taken from A99SBnmr1-ildn, but the values remain the
same for other AMBER force �elds. Estimations of the dipole moments
were done using a bent molecular structure with no connectivity to the
adjacent terminal carbon. A bond angle of 104.5o was utilized for all
force �eld families as the assumed estimate of the average angle across
simulations.

The magnitudes of the dipole moments were compared to the di�erences of ��Gfolding

for 6 pairs of chignolin mutants due to amine capping (�� Gfolding of amination) in

3.7. This enables a direct comparison between the amine cap's partial charges and

the amount of energy required for amination for the force �eld families. When com-

paring AMBER and CHARMM results, amine capping for CHARMM force �elds
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leads to a destabilizing e�ect. Similar conclusions are di�cult to draw for the OPLS

family due to a wider distribution of amination energies. An examination of indi-

vidual amine-capped folded state populations in Figure B.18 reveals a clear trend of

signi�cant destabilization of the native state with EYDPETGTWK-NH 2 exhibiting

the most extreme case of this phenomenon. Overall, we conclude that CHARMM and

OPLS overestimate the magnitudes of partial charges on the amine cap, which leads

to a destabilizing e�ect on chignolin's folded state and generates erroneous� -helical

structures.

Figure 3.7. The relationship between force �eld families' estimated dipole
moments based on partial atomic charge in Table 3.1 and the free energy
di�erence of amine capping resulting from simulations for 6 pairs of chig-
nolin mutants (GXG : GXG-NH 2 , FXF : FXF-NH 2 , FXY : FXY-NH 2 ,
YXY : YXY-NH 2 , WXY : WXY-NH 2 , WXF : WXF-NH 2) where X is
YDPETGTW sequence conserved across all mutants. CHARMM family
is represented by C36 force �eld and AMBER family values are taken from
A99SBnmr1-ildn
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3.5 Conclusion

We performed and analyzed 16 ms of all-atom MD simulations of 24 chignolin

� -hairpin sequences utilizing 6 force �elds (A99SB, A99SBnmr1-ildn, A14SB, AM-

BER99, C36 and OPLS-aa), constructed comprehensive MSMs to enable an unbiased

comparison between systems and contrasted these outcomes to known experimental

observables. Calculations of predicted and expected ��Gfolding were carried out in

order to evaluate force �eld performances across a wide range of mutants. Utiliz-

ing statistical analysis, we determined that A99SBnmr1-ildn is the most accurate

and precise force �eld for simulating a variety of sequences with A14SB coming in

close second, and A99 and C36 being the worst. Additionally, we determined that

CHARMM and OPLS atomic partial charges on the amine capping group are over-

estimated, leading to a destabilizing e�ect of the folded state and the generation of

erroneous� -helical conformations. These results illuminate speci�c issues in force

�elds that require addressing in order to ensure accurate simulation performance.

This work is essential to improving our ability to replicate the physical behaviors of

proteins, and can be utilized in reconciling theoretical and experimental results.
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CHAPTER 4

CONSTRUCTION OF COMPREHENSIVE MARKOV

STATE MODELS FOR THE PROTEIN UBIQUITIN

4.1 Abstract

Protein motion plays an essential role in biological mechanisms and extensive

investigations are carried out into to understand this process. Ubiquitin is a highly-

conserved protein responsible for a variety of cellular functions, including protein

degradation and intermolecular manipulation. In order to study this protein, sim-

ulations are utilized in both equilibrium dynamics and folding. To promote further

understanding and generate a model for further applications, we constructed a Markov

state model (MSM) of a 1 ms simulation of ubiquitin native state obtained from Piana

S. et al.. The resulting MSM was rigorously tested to con�rm validity, and coarse-

grained using time-independent component analysis (tICA) components 1 (IC1) and 2

(IC2) landscape to generate 3 distinct states, folded, misfolded and terminus, de�ning

ubiquitin's conformational landscape. The folded state was attributed to a structure

comparable to the native state, the misfolded conformation di�ers slightly from the

folded by an interaction between E24 and G53/D52, and the terminus state cap-

tures the dynamic motion of the disordered c-terminus. A high degree of agreement

with Piana S. et al. was observed for the folded and the misfolded states at 70%
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and 20% macrostate populations, respectively. The terminus state assignment di�ers

from Piana S. et al.'s assessment due to their exclusion of c-terminus residues in their

analysis. This di�erence serves to highlight the importance of ubiquitin's disordered

region in the protein's dynamics. In addition to con�rming and highlighting critical

ubiquitin motions, these results will see further applications in the re�nement of the

Bayesian Inference of Conformational Populations (BICePs) algorithm for reconcil-

ing theoretical models with experimental data by o�ering a comprehensive model for

comparison against the vast amount of experimental data available for this protein.

4.2 Introduction

A protein's conformations landscape and structural variance is known to impact

its functionality, dynamics and stability [88]. Understanding folding and dynamics on

biological timescales is essential to capturing critical information about hindrances to

the protein's purpose and locating potential sites for detrimental mutations poten-

tially leading to disease [70]. Computational approaches, such as molecular dynamics

simulations (MD), o�er a detailed picture of protein motion in biological conditions,

which enables the determination of motions critical to protein stability [2, 7, 53]. In

the initial stages of MD development, biological timescales of 1 ms or more were not

accessible due to limited technology and re�nement of descriptors to govern atomic

motions. However, with improved technology and re�ning of simulation parameters,

highly accurate MD simulations of large proteins became possible and previously

inaccessible timescales are now explorable [53].
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Ubiquitin is an essential protein that remains an important target for experimen-

tal and theoretical studies. The utilization of this protein in cellular processes is

diverse and complex with it playing a critical role in proteolytic and non-proteolytic

events [89]. This highly conserved protein is known for its extreme stability, universal

presence in eukaryotic cell, and a wide range of responsibilities in enzyme modi�ca-

tion, signaling and gene expression [53,89,90]. To further improve our understanding

of ubiquitin, we constructed MSMs of ubiquitin dynamics in its native conformation

using simulation data from from Piana S. et al. [91] . The models were repeated

validated and literature veri�ed in order to obtain a comprehensive understanding

of protein motion. These �ndings will be utilized in optimization of the Bayesian

Inference of Conformational Populations (BICePs) algorithm for reconciling noisy

experimental and incomplete simulation results. [63]

4.3 Methods and Results

Raw trajectory data was obtained from Piana S. et al. [91] as a 1-ms, 300 K

simulation of the native state of ubiquitin (PDB ID: 1UBQ) using CHARMM22*

force �eld. Utilizing the PyEMMA software package (version 2.5.7) [8] for model

construction, two featurization schemes, atomic pairwise distances for all C� (hence

called distances), and backbone (� , ) dihedrals (hence called dihedrals), were tested

and evaluated using 50 iterations of VAMP-2 scoring. Dihedrals were selected based

on a slightly higher average VAMP-2 score of 1.04 relative to 1.01 for the distances.

Both featurization schemes featured minuscule standard deviations with 3� 10� 6 for
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distances and 2� 10� 5 for dihedrals. Additionally, dihedral featurization is prefer-

able due to the reduction in dataset size when compared to the distances. Time-

independent component analysis (tICA) was used for projecting the featured data

into time-correlated motion. An access of 8 components were utilized to ensure that

all slow modes are captured with a lagtime of 100 ns.

4.3.1 Investigation of Ubiquitin's Conformational Landscape

Independent components 1 (IC1 and 2 (IC2) exhibit two distinct "arms" of distri-

butions are shown in Figure 4.1 and example structures contributing to these areas

are shown in Figure 4.2. The distribution with IC2 value of >0 involves the known

native state conformation of the protein (hereby called folded), including the start-

ing structure shown in Figure 4.2 in green. Structures with IC1 value of >0, shown

Figure 4.2 as blue, exhibit a misfolded conformation (hereby called misfolded) with

di�erences at residue positions 50{54. This is a well-known conformation that is

characterized by the interaction between E24 and G53/D54 due to a backbone 
ip as

shown in Figure C.1 [91,92]. Lastly, the IC1/IC2 <0 distributions are characterized by

the motion of the c-terminus tail (hereby called terminus). This tail is known for its

dynamic properties and is typically excluded from analysis [91]. We included these

residues for model completeness and an example of these terminus conformations is

shown in Figure 4.2 as red. These structural di�erences along tICA coordinates show

a clear separation of conformations states related to the slower protein motions.
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Figure 4.1. tICA independent components 1 (IC1) and 2 (IC2) distribu-
tions for ubiquitin.

4.3.2 Verifying State Partitioning Approaches

K-means clustering was performed to generate 50, 100, 500, 1000 and 5000 mi-

crostates. Selection of optimal model was performed using 50 iterations of VAMP-2

scoring as shown in 4.3. The selection of the ideal number of clusters is arbitrary due

to the minuscule di�erences in scores and further analysis will show little impact on

the number of microstates on the �nal model.

Maximum likelihood MSMS were generated for each n-microstates model at 20

ns lagtime. The selection of lagtime was veri�ed by visualising 5 of the slowest

implied timescales as a function of lagtime in Figure C.2. The rapid stabilization of
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Figure 4.2. tICA independent components 1 (IC1) and 2 (IC2) landscape
with example structures for the terminus (red), folded (green) and mis-
folded (blue) shown with the ribbon representation of the protein back-
bone using the corresponding macrostate colors.

Figure 4.3. VAMP-2 scores comparing the number of k-means clusters
used for MSM microstate partitioning (max score = 8) with error bars
generated using 50 iterations of scoring.

timescales at lowest lagtimes and a notable lack of error indicates that 20 ns lagitime

is appropriate for these models.
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Microstates for the 500 cluster model were further coarse-grained into 3 states by

examining the structural di�erences along the IC1 and IC2 traces shown in Figure

4.2. The resulting assignments led to a consistent structural partitioning as shown in

Figure 4.4 with population assignments in Figure 4.5. This manual assignment was

veri�ed for consistency by examining its application across the 100 and 1000 cluster

models as shown in Figure C.3. Additionally, 3-state Chapman-Kolmogorov test (CK

test) was carried out to validate MSM consistency shown in Figure C.4. The CK test

results indicate good agreement between the estimates within statistical uncertainty

of the predicted behavior.

Figure 4.4. tICA independent components 1 (IC1) and 2 (IC2) landscape
with macrostate partitioning based on conformational di�erences. Dis-
tributions were assigned to the 
exible c-terminus (red: terminus), the
native state conformation corresponding to (PDB ID code 1UBQ) (green:
folded), and the slightly misfolded structure at residues 50{54 relative to
the native state (blue: misfolded).
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Figure 4.5. Terminus (red), folded (green) and misfolded (blue)
macrostate populations for 500 microstate model as determined by
structure-based partitioning of the tICA space along IC1 and IC2.

The rigorously validated models were compared to the original analysis performed

in Piana S. et al. [91]. In their work, Piana S. et al. [91] arrived at 3 distinct

macrostates. We observe agreement with their assignments for the folded and mis-

folded state populations at 70% and 20% respectively. For the last state, we observe

populations similar to Piana S. et al. [91], but there is a di�erence in the concluded

motion related to this distribution. While Piana S. et al. [91] attribute this to the

dynamic c-terminus of the� -helix, we conclude that the c-terminus of the protein

plays a bigger role in this state. This distinction is likely due to their decision to

remove the highly disordered tail of ubiquitin from the analysis. Our inclusion of the

tail leads to its highlighting in tICA and consequent occurrence in the coarse-grained

model. The decision to include this behavior in our analysis serves to emphasize the

importance of the entirety of protein dynamics without subtracting from our agree-
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ment with Piana S. et al. [91]. Overall, it is appropriate to conclude that our models

are highly robust and in agreement with the prior work.

4.4 Conclusion

Utilizing a 1 ms simulation of ubiquitin native state obtained from Piana S. et

al. [91], we constructed MSMs in order to quantify protein dynamics. Rigorous model

evaluation con�rmed its validity and solidi�ed our con�dence in the selection of model

parameters. This resulted in the identi�cation of 3 distinct macrostates: folded,

misfolded and terminus at 70%, 20% and 10% populations, respectively. The

macrostate assignments were found to be in high agreement with Piana S. et al. [91]

for the folded and the misfolded conformational assignments, while our terminus state

assignment was highlighted due to our inclusion of the c-terminus residues that are not

analyzed in the original work. These robust models serve to emphasize the importance

of the c-terminus of ubiquitin dynamics, highlight the conformational changes in the

protein due the interaction between E24 and G53/D52 and will see applications in

further re�nement of the Bayesian Inference of Conformational Populations (BICePs)

algorithm to reconcile theoretical models with experimental data.
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APPENDIX A

CHAPTER 2 SUPPORTING FIGURES

Figure A.1. Simulation trajectory lengths for the unfolded (blue) and na-
tive (red) starting structures for A) A14SB, B) AMBER99, C) A99SB, D)
A99SB-ildn, E) A99SBnmr1-ildn, F) C22*, G) C27, H) C36, and I) OPLS-
aa force �elds
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Figure A.2. tICA independent components 1 (IC1) and 2 (IC2) distri-
butions for A) A14SB, B) AMBER99, C) A99SB, D) A99SB-ildn, E)
A99SBnmr1-ildn, F) C22*, G) C27, H) C36, and I) OPLS-aa force �elds
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Figure A.3. Sub-sampled (50% of trajectories) implied timescales plot for 3
slowest timescales for A) A14SB, B) AMBER99, C) A99SB, D) A99SB-ildn,
E) A99SBnmr1-ildn, F) C22*, G) C27, H) C36, and I) OPLS-aa force �elds,
Timescales and errors were obtained by averaging and standard deviation
calculations of the 5 iterations of sub-sampling
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Figure A.4. Sub-sampled (50% of trajectories) VAMP-2 scoring comparing
the number of k-means clusters used for MSM microstate partitioning for
each iteration of the 5 sub-samplings in A), B), C), D) and E), respectively.
Error bars generated using 50 rounds of scoring.
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Figure A.5. Sub-sampled (50% of trajectories) macrostate populations for
all force �elds. Reported magnitudes and error bars were generated using
averaging and standard deviation calculation of the 5 iterations of sub-
sampling.
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Figure A.6. Impact of backbone (� , ) dihedrals inclusion with inverse dis-
tances on A14SB's models. A) tICA independent independent components
1 (IC1) and 2 (IC2) distributions. B) VAMP-2 scores for various number
of microstates for inverse distances (red) and the tested featurization (ma-
genta); error bars are generated using 50 iterations of scoring. C) Three
slowest implied timescales for the tested featurization with errors gener-
ated using Bayesian MSM computing; gray zone is to highlight instances
of timescales being shorter than the lagtime. D) Magnitude of IC1 for the
second trajectory obtained for this force �eld with 100-500 ns highlighted
in magenta to showcase instances of 2:2 turn formation. E) Ramachan-
dran plot of Glu5� and Pro for the selected trajectory with similar frame
highlighting. F) tICA IC1 and IC2 with macrostate assignment showing
2:2 turn formation is characterized as an unfolded state. Insert compare
populations for the 3 macrostates for the inverse distances and the tested
featurizations.
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Figure A.7. Distributions of Glu5� and Pro angles for A) A14SB, B)
AMBER99, C) A99SB, D) A99SB-ildn, E) A99SBnmr1-ildn, F) C22*, G)
C27, H) C36, and I) OPLS-aa force �elds. This dihedral angle combination
showcases a unique 2:2 turn formation visualized in the distribution at the
left handed � -helix region
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Figure A.8. Macrostate populations of the native (red), misfolded(green),
unfolded (blue) macrostates for all force �eld MSMs utilizing A) 5 mi-
crostates, B) 10 microstates, C) 50 microstates, D) 75 microstates, E) 100
microstates, F) 500 microstates
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Figure A.9. Implied timescales plot for 3 slowest timescales for A) A14SB,
B) AMBER99, C) A99SB, D) A99SB-ildn, E) A99SBnmr1-ildn, F) C22*,
G) C27 , H) C36, and I) OPLS-aa force �elds
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Figure A.10. Scatter plot of Asp3N-Gly7O relative to Asp3N-Thr8O hy-
drogen bond distances (nm) used to separate native and misfolded states
of chignolin for A) A14SB, B) AMBER99, C) A99SB, D) A99SB-ildn, E)
A99SBnmr1-ildn, F) C22*, G) C27, H) C36, and I) OPLS-aa force �elds
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Figure A.11. Scatter plot of transformed Asp3N-Gly7O and Asp3N-Thr8O
hydrogen bond distances usinge� 5d=1 + e� 5d transformation function for
A) A14SB, B) AMBER99, C) A99SB, D) A99SB-ildn, E) A99SBnmr1-
ildn, F) C22*, G) C27, H) C36, and I) OPLS-aa force �elds. Grey density
map is used to approximate protein structures. Semitransparent colored
regions indicate areas of macrostates assigned (red:Native, green:Misfolded,
blue:Unfolded). Magenta circles are used to indicate the locations of k-
means cluster centers for the 100 microstate MSMs, which were used to
assign a particular microstate to the macrostate based on the region the
center is in.
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Figure A.12. Macrostate populations generated using the transformed
Asp3N-Gly7O and Asp3N-Thr8O hydrogen bond distances usinge� 5d=1 +
e� 5d transformation function as a function of 3 cuto� ranges applied to
Asp3N-Gly7O and Asp3N-Thr8O simultaneously for A) 0.075, B) 0.10 and
C) 0.125. Little change to distributions is observed, signifying little impact
of cuto� on models.
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Figure A.13. Asp3N-Gly7O and Asp3N-Thr8O hydrogen bond distance
distributions with macrostate projections (red for native (N), green for
misfolded (M) and blue for unfolded (U)) based one� 5d=1 + e� 5d transfor-
mation of Asp3N-Gly7O and Asp3N-Thr8O hydrogen bond distances for
A) A14SB, B) AMBER99, C) A99SB, D) A99SB-ildn, E) A99SBnmr1-ildn,
F) C22*, G) C27, H) C36, and I) OPLS-aa force �elds.
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Figure A.14. tICA independent components 1 (IC1) and 2 (IC2) distribu-
tions with macrostate projections (red for native (N), green for misfolded
(M) and blue for unfolded (U)) based one� 5d=1 + e� 5d transformation of
Asp3N-Gly7O and Asp3N-Thr8O hydrogen bond distances for A) A14SB,
B) AMBER99, C) A99SB, D) A99SB-ildn, E) A99SBnmr1-ildn, F) C22*,
G) C27, H) C36, and I) OPLS-aa force �elds.
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Figure A.15. Root mean square deviation (RMSD) distributions calcu-
lated using 1H NMR determined native structure (PDB: 1UAO) as a ref-
erence and colored (red for native (N), green for misfolded (M) and blue
for unfolded (U)) based one� 5d=1 + e� 5d transformation of Asp3N-Gly7O
and Asp3N-Thr8O hydrogen bond distances A) A14SB, B) AMBER99, C)
A99SB, D) A99SB-ildn, E) A99SBnmr1-ildn, F) C22*, G) C27, H) C36,
and I) OPLS-aa force �elds.
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Figure A.16. The mean absolute error (MAE) and correlation coe�cients
R2 calculated for each force �eld show the agreement between experimental
H chemical shifts and predicted observables calculated using ShiftX2.
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Figure A.17. The mean absolute error (MAE) and correlation coe�cients
R2 calculated for each force �eld show the agreement between experimental
H � chemical shifts and predicted observables calculated using ShiftX2.
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Figure A.18. The mean absolute error (MAE) and correlation coe�cients
R2 calculated for each force �eld show the agreement between experimen-
tal J-coupling constants and the forward model predicted observables cal-
culated using the Karplus relation with parameters from V•ogeli, Bax et
al. [93] (� 0 = � 60�= 180, A=8.4, B=-1.36, C=0.33).
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Figure A.19. The mean absolute error (MAE) and correlation coe�cients
R2 calculated for each force �eld show the agreement between experimental
NOE distances and the forward model predicted observables.
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Figure A.20. Reduced chi-squared,� 2=N (N = 158) for each of the nine
force �elds, computed using populations from each MSM. Each column
compares MSM models built using di�erent extents of coarse-graining into
microstates.

Figure A.21. Reduced chi-squared,� 2=N computed for each of the nine
force �elds using only A) NOE distances (N = 139), B) chemical shift
H� (N = 7), C) chemical shift HN (N = 6) and D) J-coupling (N =
6) experimental data. Each column compares MSM models built using
di�erent extents of coarse-graining into microstates.
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APPENDIX B

CHAPTER 3 SUPPORTING FIGURES

Figure B.1. tICA independent components 1 (IC1) and 2 (IC2) distribu-
tions for A99SB for all variants.
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Figure B.2. tICA independent components 1 (IC1) and 2 (IC2) distribu-
tions for A99SBnmr1-ILDN for all variants.

Figure B.3. tICA independent components 1 (IC1) and 2 (IC2) distribu-
tions for A14SB for all variants.
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