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Abstract

Intrinsically disordered proteins/peptides (IDPs) are a category of proteins

that possess a poorly defined equilibrium structure. IDPs have been shown

to play a central role in biological systems, however atomistic details about

their binding mechanisms, selectivity, and specificity are poorly understood.

The structures of IDPs are particularly challenging to study directly us-

ing experimental techniques due to their rapid inter-conversion of ensemble

conformations. Similarly, theoretical techniques such as molecular dynamics

simulations (MD), are typically parameterized via experimentally determined

observables of stable proteins and therefore contain inherent biasing. More-

over, MD data refinement requires clustering of uniquely sampled structures

in order to produce a non-biased ensemble. The work presented within this

dissertation aims to remedy these IDP structure determination challenges

by using circular dichroism (CD) to refine the conformations obtained from

all-atom MD trajectories, and cluster the resulting conformations to remove

degenerate structures in order to produce an unbiased ensemble with atomic

resolution. The future application of the generated structure ensembles to-
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wards IDP binding mechanism determination using a Markov State Model

(MSM) is discussed and outlined.
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Chapter 1

Introduction

1.1 Protein folding and dynamics

1.1.1 Proteins: the building block of living systems

In physics, we often describe phenomena in terms of relative size or time

scales. On the smallest observable length scale, fundamental particles such

as quarks, leptons, and bosons serve as the building blocks for atoms. The

unique arrangement and interactions of these fundamental particles enable

distinct elements such as oxygen, nitrogen and hydrogen to exist. Combining

elements together to form molecules increases the system length scale and

complexity. One set of molecules, known as amino acids, are of particular

interest. Amino acids share a common structural feature (see figure 1.1):

they posses both carboxylic acid and amino functional groups, which can

react with each other to form polymer chains known as proteins (See figure
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1.2). Upon formation of a protein, an individual amino acid is referred to as

a residue to reflect the loss of water in peptide bond formation.

The physical properties of amino acids (and their subsequent classifica-

H

N Cα C

R
H

O

O

H H

Figure 1.1: General structure of amino acids with substituted amino acid side chain
labeled ’R’

tions) are dependent on the moiety of substituted side chain, which can vary

in length, charge, and polarity. For example, non-polar side chains produce

a hydrophobic effect and are insoluble in water. The side chains of alanine,

valine, leucine, and isoleucine generate hydrophobic interactions within the

protein and clump together. This effect increases the secondary structure sta-

bility of a given protein. Uncharged polar side chains including serine, thre-

onine, cysteinem aspargine , and glutamine are able to form hydrogen bonds

with water and are therefore hydrophillic. Finally, the most hydrophillic side

chain groups are positively or negatively charged. At a biologically relevant

pH of 7, lysine, arginine, and histidine are positively charged, while aspartate

and glutamate are negatively charged.

Protein lengths can vary over several orders of magnitude, from two to sev-

eral thousand residues, within biological systems. The hierarchy of size and
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complexity of proteins is shown in figure 1.3. The description of amino acid

sequence within a polypeptide is referred to as a primary structure. Due to

the specific residue sequence present in the primary structure, portions of the

protein will form secondary structures. The culmination of these structural

subunits within the protein are refered to as the tertiary structure, which

describes all aspects of the three-dimensional folding of a given protein. Fi-

nally, multiple protein subunits are assembled together to form a quaternary

structure.

1.1.2 The protein folding problem

If an unfolded polypeptide chain has an extremely large number of confor-

mational degrees of freedom, how is it able to reliably and repeatably fold

into stable structures in a subsecond timescale? This questions was asked by

Cyrus Levinthal in his 1969 paper as part of a thought experiment, which is

commonly known as Levinthal’s paradox[94, 177]. To illustrate the magni-

(a) Bond formation between H and OH

H

N Cα C

R

H

O

O

H H

H

N Cα C

R

H

O

O

H H

(b) Dehydration and polymer formation

H

N Cα C

R
H

O

O

H

H

H

N Cα C

R

H

O

O

H H

Figure 1.2: Illustration of a condensation reaction involving two amino acids. The amino
(-NH2) moiety reacts with the carboxylic acid (-COOH) moiety to produce a peptide
bond, liberating water in the process
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Figure 1.3: Levels of protein structure and complexity. A polypeptide chain is formed
from amino acid condensation reactions, and is the primary structure of the
macromolecule. In biological conditions, these polypeptides can form secondary
structures, such as α-helices or β-strands. The tertiary structure of a protein includes all
of the secondary structure subunits to form a monomer. Several individual monomers
may exist together to form a quaternary structure, as seen in the CaMKII holoenzyme.
(Image taken from Principles of Biochemistry [112] )

tude of the problem, consider a protein composed of 101 amino-acids. If each

of the 100 peptide bonds has the ability to sample 3 configurations, then this

protein has 3100 = 5× 1047 total configurations available. If this protein was

able to sample 1013 configurations per second, it would take approximately

1027 years to sample all of them[177]. Levinthal concluded that proteins

do not randomly search for the natively folded configuration since proteins

fold in the subsecond timescale. Levinthal’s paradox highlights one of the

main points behind the protein folding problem, which can be summarized

by three main questions: (1) What is the relationship between 3D structure

of a protein based on its linear amino acid sequence? (2) How are proteins

4



able to fold so fast despite having an extremely large conformation space

of potential outcomes? (3) Can a protein’s 3D structure be solved through

theoretical approaches if only the amino acid sequence is known? [30]

Very few problems in physics are solvable in closed form. To put the pro-

tein folding problem in perspective, consider the solution to the Schrödinger

equation for the hydrogen atom electron wave function. Although the hydro-

gen atom consists of only one electron and one proton, its solution required

significant effort and was only obtainable because the hydrogen atom is a

single-body problem. The closed form solution breaks down for many-body

problems, such as the helium atom, and can only be approximated through

numerical analysis. Now consider proteins, which consist of a large number

of atoms on the order of hundreds or thousands. In addition to the atoms of

the protein, one must also consider the solvent surrounding the protein of in-

terest. Currently, a many-body problem of this magnitude cannot be solved

numerically using quantum mechanical approaches. Fortunately, other theo-

retical and computational approaches exist to simplify the model in order to

gain insight into protein behavior.

In constructing a theoretical model, we must first outline the forces affect-

ing protein conformation. Although it appears relatively straight forward, a

significant amount of approximations must be made before a computational

model is feasible. If we consider the length scale of a single atom, one can

easily identify the four fundamental forces at work: electromagnetic, strong,

weak and gravitational. As the system becomes more complicated, as in the

5



case of a protein and its environment, many-body effects begin to emerge.

Forces that appear to affect protein folding include hydrogen bonds, van der

Waals interactions, backbone dihedral angles, electrostatic interactions, hy-

drophobic interactions and entropy. Generally, all of these phenomenon can

be traced back to the four fundamental forces, however we must coarse-

grain these complex many-body interactions in order to model and solve the

problem.

Computational protein models have been an option since the advancement

of computational technology. Prior to this, experimental methods were stan-

dard. In 1962, the Nobel Prize in Chemistry was awarded to Max Perutz

and John Kendrew for their pioneering work in globular protein structure

determination using X-ray analysis. This method and other experimental

techniques such as nuclear magnetic resonance (NMR), cryo-electron mi-

croscopy (Cryo-EM), and circular dichroism spectroscopy(CD) are in use

today for structural determination. Despite being able to generate high reso-

lution structures using experimental techniques, we are still unable to answer

the questions associated with the protein folding problem using experimental

methods alone.

There appears to be a cyclic dependency between computational and exper-

imental protein analysis methods. On the theoretical side, molecular dy-

namics (MD) force fields use Hamiltonian functions that are guided by the

many-body forces described previously. These force fields are functions of

intra-atomic distances within a given protein and take very similar forms.

6



The distinguishing features between them come from the parameterization

of the Hamiltonian coefficients. Protein structures that are determined ex-

perimentally are used to refine the predictive power of MD through tuning.

If the structure obtained through MD does not agree with the experimen-

tally determined structure, an iterative approach is taken at modifying the

Hamiltonian coefficients until a solution is reached.

1.1.3 Protein-protein interaction models

Proteins express their specific functions by interacting with other molecules.

Protein-protein interactions that occur over relatively large distances (with

respect to a protein’s size) are typically governed by diffusion and electro-

static forces. These long-range interactions have been well studied, and sev-

eral models have been proposed. The simplest model of the diffusion pro-

cess governing bimolecular interaction is the Smoluchowski diffusion equation

[147, 116]:

∇ ·D(r) · [∇− F(r)/kbT ] ρ(r) = 0 (1.1)

where ρ(r) is the pairwise probability density at r, kbT is the Boltzmann

constant and absolute temperature (Kelvin), F(r) is the negative gradient

of the bimolecular potential of mean force, and D(r) is the diffusion tensor.

Improvements to the Smoluchowski equation have been made to account for

rate enhancements due to electrostatic interactions or rate reductions due to

site-dependent binding. For example, Northrup et al. characterized several

7



modifications that take into account the possibility of proteins not binding

upon initial encounter, and electrostatic rate enhancement [116].

Experimentally determined binding kinetics can provide insight into the equi-

librium probability of two proteins binding (or not binding) at close ranges,

however modeling the physics behind these probabilities is much more in-

volved. Depending on the types of proteins being investigated, different

binding models have been proposed.

1.1.3.1 Lock and key

One of the earliest models for protein-protein interactions was the ”lock and

key” binding mechanism, which was proposed by chemist Emil Fischer in

1894 [47]. Proteins that fold into stable structures at biologically relevant

conditions, known as globular proteins, are thought to interact at comple-

mentary shape interfaces. The interaction between a receptor and ligand is

strongest when the two ”fit” together without any further structure modifi-

cation. This type of interaction is typically observed within enzyme activity;

a reaction only occurs between one or two possible substrates that match the

enzyme active site. The kinetics of such a model could be described using

hydrodynamics because the rate limiting reaction step is largely due to diffu-

sion processes. This model assumes that both the enzyme and substrate do

not require any conformational changes in order to bind. Realistically, there

are few scenarios where this model can accurately describe protein binding.

As a result, newer models that take into account flexibility have emerged.

8



1.1.3.2 Induced fit & conformational selection

The modern approach to modeling protein-protein interactions comes from

the assumption that the target enzyme has a degree of flexibility, while the

ligand is rigid. This is an important feature in recognition because a confor-

mational change in the target must take place before a stable bound complex

is formed. Figure 1.4 illustrates the differences between the induced fit[85]

and conformational selection[109] protein binding mechanisms. The final

bound complex resides at an energetic minimum, however before forming

this complex, an energy barrier must be overcome. The differences in the

two binding mechanisms stem from whether a conformational change takes

place before or after the formation of an encounter complex. In the induced fit

model, an energetically unfavorable encounter complex is first formed (the

free energy barrier). The change in enzyme conformation upon encounter

allows for the stabilized low energy complex to occur. Alternatively, the con-

formational selection model proposes that the enzyme will sample different

conformations before an encounter complex is formed. When a conforma-

tion that is complementary to the rigid ligand is sampled, the stable bound

complex in formed.

1.1.3.3 Mutual and Induced Conformational Fit

The mutual and induced conformational fit mechanism proposed by the Che-

ung group[162] revolves around flexibility within proteins, similar to the in-

duced fit and conformational selection binding mechanisms. A key assump-

9



Figure 1.4: Comparison between conformational selection and induced fit mechanisms [2].

tion in the mutually induced mechanism is that both receptor and ligand

proteins change conformation in order to form the final bound complex.

This model is used to explain the experimentally observed conformational

changes in calmodulin and its binding targets (CaM/CaMBT) in the free

and unbound states (see figure 1.5). Since the structure of both the target

and receptor proteins have changed after binding, this model is applicable

towards proteins with unstructured regions and intrinsically disordered pro-

teins.
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Figure 1.5: Case study on the mutually induced conformational changes that take place
between CaM and its binding targets CaMKI and CaMKII peptides. [162]
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1.1.3.4 Flycasting

On the opposite spectrum of the lock and key model exists the flycasting

model [142]. The binding kinetics of disordered proteins and peptides is

challenging to predict because identification of potential binding sites on

a receptor is not dependent on its complementary structure. The flycasting

mechanism asserts that binding kinetics of a disordered protein will be greater

than a folded counterpart. Proteins with structure begin to bind at short

distances (on the order of 1 Å), and require proper complementary surface

alignment. This results in an energy barrier that must be overcome before

the final complex is formed. On the other hand, fully denatured proteins

will begin binding to a target if within a distance defined by the radius of

gyration. A cooperative binding can occur because the disordered protein

is able to reorient itself to better interact with the target site residues, as

illustrated in figure 1.6.

1.1.4 Electrostatics of proteins in solution

Proteins exist in biological environments, which are typically aqueous in na-

ture and contain a great number of other molecules or ions that have the abil-

ity to interact and change the behavior of proteins. For example, calmodulin

has the ability to change conformations in the presence of Ca2+ ions, which

is essential for its role in Ca2+ signal transduction. Another example of how

co-solutes are able to modulate protein behavior is shown in chapter 2; the
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Figure 1.6: Cartoon depiction of how the fly-casting mechanism increases folding speed.
At a distance Rcm, the partially folded ensemble is able to form a few initial contacts to
the binding site, while the folded structure remains out of range due to the smaller
number of conformational fluctuations in the folded state. Although the initial contacts
are weak, they allow the protein to ”reel” itself into the binding site to fold and bind
simultaneously. [142]
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effect of TMAO and urea osmolytes on the conformational ensemble of the

Tau/R2 fragment is investigated through our analysis of MD simulation data

from the Shea group.

These are complex examples of environmental factors that affect protein be-

havior. Explicit representation of ions or osmolytes in solution with proteins

is challenging to model and lacks the generality needed for most applications.

On the other hand, the effect of ions in solution on protein binding and fold-

ing can be generalized through its effect on electrostatics. Electrostatic rate

enhancement is the increase in formation of the encounter complex due to

Coulombic attraction of charged residues at long distances:

~Fij =
qiqj

4πε0r2ij
r̂ij (1.2)

Conversely, the presence of ions in solution will decrease the effective force of

long range electrostatics. Salts, such as NaCl or CaCl2, ionize in solution. As

such, they are not randomly distributed due to their own electrostatic prop-

erties interacting with the field generated by two charged residues or proteins

at a distance rij. These mobile charges effectively dampen the electrostatic

force and can be modeled through the Debye-Huckel equation:

~Fij =
qiqj

4πε0r2ij
e
−
rij
λD r̂ij (1.3)

where the ionic concentration, species, and temperature are taken into ac-

count in λD, which is known as the Debye length. Inclusion of this shielded in-
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teraction between charged proteins is especially convenient for computational

modeling. Additionally, the idea of electrostatic screening is particularly use-

ful for determining factors that contribute to protein binding. In the first

step of binding, proteins must form an encounter complex through diffusion.

Once the encounter complex is formed, additional conformational changes

must take place to form the final bound complex. From an experimental

standpoint, only the overall equilibrium association rates can be determined.

This includes a combination of electrostatic rate enhancements in the diffu-

sion region and any conformational changes. Thus, additional information

about the rate limiting steps can be found if electrostatic enhancements were

shielded in ionic solution.

1.2 Intrinsically disordered proteins

Intrinsically disordered proteins /peptides (IDPs) are a category of proteins

that possess a poorly defined equilibrium structure; they sample an ensemble

of weakly ordered and unordered structures in solution [40, 34, 156, 159, 125].

IDPs have been shown to play a central role in biological systems through

cellular signaling, regulation, and translation [159, 12, 169]. Additionally,

behavioral changes of IDPs are associated with cancer [73] and neurodegen-

erative diseases [57, 110, 93] such as Alzheimer’s disease. A distinguishing

feature of IDPs is that they do not adhere to the classical structure-function

paradigm, and typically form stable secondary or tertiary structures only
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Figure 1.7: Illustration of the ideal polymer chain consisting of rigid rods with length l
and orientation based on vector points ~ri Image credit: ThorinMuglindir

upon binding to target proteins [168, 51]. Unlike globular proteins that form

folded structures at biologically relevant conditions, IDPs do not form sin-

gle well-defined structure. As a result, IDPs are typically represented as an

ensemble of possible structures that inter-convert rapidly. The lack of stable

structures in the ensemble of unbound state [4, 49, 55, 97] enables binding

to multiple targets on demand while maintaining a degree of selectivity and

specificity due to their polymorphic properties [37].

1.2.1 Ideal polymer chain

A highly simplified version of a peptide can be modeled by an ideal polymer

chain. The freely jointed chain model is the simplest ideal polymer chain,

which has been well studied[136]. This model does not take into account
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any molecular interactions, rather the dynamics of the ideal polymer chain

proceeds through a random-walk process.

The model consists of rigid rods with length l, where the orientation of each

rod is independent of neighboring rods. Since the monomers in this model

are non-interacting, they are able to overlap. The total unfolded length of

the polymer is given by L = Nl, where N is the number of monomer units

in the chain and l is the length of each monomer. A vector drawn from one

end of the chain to the other can be characterized as

R =
N∑
i=1

ri (1.4)

Consider a very large ideal chain, where N → ∞. Since each monomer in

the chain is an independent random variable, the central limit theorem is ap-

plicable. As a result, R and ~ri follow a Gaussian distribution for the random

walk process. Hence, the end-to-end distance, R, will fluctuate around an

average point µ = 0:

〈R〉 =
N∑
i=1

〈ri〉 = 0 (1.5)

The mean-square end-to-end distance is non-zero,

〈
R2
〉

=

〈(
N∑
i=1

ri

)
·

(
N∑
j=1

rj

)〉
(1.6)
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Equation 1.6 can be combined and further reduced to

〈
R2
〉

= l2
N∑
i=1

N∑
n=1

〈cos θij〉 (1.7)

Since the monomers are not correlated, 〈cos θij〉 = 0 for i 6= j. Thus, the

variance given as

σ2 =
〈
R2
x

〉
=
〈
R2
y

〉
=
〈
R2
z

〉
= N

l2

3
(1.8)

Thus the average end-to-end distance of the polymer chain is given as
√
Nl.

Although this model is highly simplified, valuable insights into the physics

behind peptides and proteins can be observed. In particular, the resulting

average end-to-end distance from the above statistical arguments is not 0 or

the total length of the chain L. Such a result can be counter intuitive since

there are no forces acting on an individual monomer. Entropy and solvation

effects are significant factors in IDP ensemble behavior due to hydropho-

bic/hydrophilic peptide residues. Globular proteins are typically composed

of hydrophobic and uncharged residues, leading to a compact stable state.

1.2.2 The flat energy landscape of IDPs

A globular protein that folds into a stable conformation at biological con-

ditions possesses local or global minima on its energy landscape. Thus, the

folded conformation may be achieved regardless of folding pathway taken.
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Figure 1.8: Example of typical energy landscapes for folded proteins and IDPs. The
energy landscape of a folded protein (A) illustrates the funneled energy landscape. The
folded state at biological conditions corresponds to the lowest energy point. Conversely,
the flat landscape (B) illustrates the lack of a global energy minimum, which results in
an ensemble of structures to be sampled at equilibrium. [49]

Conversely, IDPs do not possess a funneled energy landscape, as depicted

in figure 1.8. The dimple-like landscape of IDPs illustrates that there are

certain conformations that are relatively more stable than others, however

the energy barrier between all possible conformations is less than the ther-

mal energy in the system at biological conditions. Thus, IDPs sample an

ensemble of structures at equilibrium.

1.2.3 Experimental analysis of IDPs

There are several methods that are useful in identifying IDPs, each possessing

a different set of highlights and limitations. Because of the dynamic nature

of IDPs, experimental methods are typically limited in their ability to distin-

guish individual conformations. Regardless of resolution, many experimental

techniques are adequate in detecting whether a protein region or peptide is
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disordered.

1.2.3.1 X-ray crystallography

X-ray crystallography is a popular method of protein structure resolution.

Using X-ray scattering, the electron densities of a sample may be mapped

and analyzed to determine structure. Early experiments observed that some

sections of a crystallized protein had unresolvable electron densities in func-

tional regions [71, 10]. There are other explanations given for the incoherence

of scattering, such as the possibility of crystal defects, however the low elec-

tron density from scattering is typically a result of the dynamic motions of the

disordered or unstructured regions of a protein [71]. Although the ensemble

of structures produced by the disordered segments are not clearly resolved

using x-ray crystallography, the lack of data enables for the identification of

potentially disordered regions of a crystallized protein. Alternatively, nuclear

magnetic resonance (NMR) spectroscopy became a competing experimental

method for protein structure determination.

1.2.3.2 NMR spectroscopy

Nuclear magnetic resonance (NMR) consists of several parameters that are

used in the study of IDPs, including: chemical shifts (CS), parmagnetic re-

laxation enhancements (PREs), residual dipolar couplings (RDCs), nuclear

relaxation and relaxation dispersion [77, 84, 119]. Each one of these param-

eters is capable of producing data related to the construction of the IDP
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ensemble. For example, in order to determine the local structure propensi-

ties of an IDP, CS data can be used to resolve localized secondary structures

such as α-helix and β-strand conformations. PREs and RDCs are able to

characterize and detect long-range interactions within the protein. Addi-

tionally, PREs can identify weakly populated states. Nuclear relaxation and

relaxation dispersion is able to resolve timescale dynamics related to inter-

conversion of structures within the ensemble or conformational changes that

occur due to binding [75].

NMR parameters are averaged over all structures in the conformational en-

semble [36]. In the construction of the energy landscape of the protein, steric

restrictions are imposed so that a limited number of backbone dihedral angle

combinations are possible, which reduces the complexity of ensemble gen-

eration. Due to the inherent flexibility of IDPs and rapid interconversion

between multiple conformations, the chemical shift dispersion of most reso-

nances is poor, and sequence-specific assignment of resonances is difficult[36].

A popular method of reconstructing the ensembles of IDPs uses computa-

tional techniques that limit the energy landscape sampled by MD through

backbone restraints derived from NMR parameters.

1.2.3.3 Circular dichroism spectroscopy

Circular dichroism (CD) spectroscopy is a simple spectroscopy method of pro-

tein secondary structure determination. Like other experimental methods,

CD describes the ensemble-averaged protein secondary structure only. Differ-
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ences in the ensemble-averaged secondary structure are detected through the

change in absorption between left and right polarized light. The absorption

spectra between 190-240nm contains information on the particular secondary

structure propensities within the ensemble [56, 100]. IDPs and denatured

protein regions are typically identified through CD signals in the 195nm re-

gion [102]. Deconvolution of the CD spectra shares a similar difficulty to

other specroscopy methods in that there is no analytical relationship be-

tween the experimentally observed spectra and protein secondary structure.

Generally, the spectra for proteins with known structures are used to solve

unknown experimental spectra for ensemble-averaged secondary structures.

1.2.4 Analytical methods

As discussed previously, the protein folding problem seeks to describe the 3D

structure of a protein based on its sequence. Although resolution of the IDP

structure ensemble based on sequence is still an unsolved problem, the mag-

nitude of disorder as well as conformational propensities have been predicted

for short proteins.

Uversky proposed a relationship between so-called ”natively unfolded” pro-

teins and sequence characteristics[158]. In addition to a correlation between

hydrophobicity, net protein charge and disorder, Uversky shows that there

exists a strong correlation between protein length and propensity for disor-

der (see figure 1.9). Ignoring dependencies on specific residue types, Uversky

showed that shorter proteins and peptides appear to be less likely to fold into
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Figure 1.9: Histogram of the distribution of ”natively unfolded” proteins with respect to
protein length. Figure taken from Uversky et al. [158]

stable conformations than larger proteins.

1.2.4.1 Dependency on charge distribution

The Pappu group has shown a correlation between conformation and dis-

tribution of charged residues within peptides. In their 2013 study[24], the

Pappu group was able to characterize the particular charged residue distri-

bution through an order parameter κ. Their work illustrated the correlation

of κ with the radius of gyration and compactness of a 50-residue peptide

consisting of positively-charged lysine and negatively-charged glutamic acid

residues. The effect of varying distributions of the charged residues within

the peptide was investigated (see figure 1.10a). An order parameter related

to the charge asymmetry is defined as σ = (f+−f−)2

(f++f−)
, where f+ and f− are the
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fractions of positively and negatively charged residues respectively. The κ

parameter is calculated by partitioning the given sequence into Nblob overlap-

ping residues of size g. The charge asymmetry for each segment g of blob i is

calculated with σi =
(f+−f−)2i
(f++f−)i

. The deviation between asymmetries is defined

as δ =
∑Nblob
i=1 (σi−σ)2

Nblob
. Different sequence variants will result in different values

of δ; upon determination of δmax, the κ order parameter can be solved:

κ =
δ

δmax
(1.9)

The order parameter κ is correlated with the ensemble Rg, as shown

in figure 1.10b. A generalized result of Pappu’s study indicates that Rg

decreases with increasing κ values.

1.2.4.2 Bioinformatic approach

There are several disorder prediction tools available, many of which use a

residue correlation approach to predict the behavior of proteins based on se-

quence alone. This approach is used in the IDP prediction tool IUPred[33,

32]. Proteins have a great number of pairwise residue interactions, whose

potential energies can be approximated through proteins with known struc-

tures. The particular sequence composition that results in stabilized or dis-

ordered proteins can be obtained from various experimental methods. Simon

et al.[33, 32] characterize the total energy of a particular sequence through
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(a)

(b)

Figure 1.10: Conformational dependence on κ. (a)Thirty sequence variants were tested
with different κ values. (b): Ensemble-averaged radii of gyration for sequence variants of
the Glu-Lys system. Insets show representative conformations for four sequence variants.
Side chains of Glu are shown in red, and side chains of Lys are shown in blue. The two
dashed lines intersect the ordinate at Rg values expected for all sequence variants of the
Glu-Lys system modeled in the excluded volume limit or as Flory random coils
(FRCs)[24].
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the individual pairwise interactions of each residue:

E =
20∑
ij

MijCij (1.10)

where Mij is the interaction energy of amino acid types i and j, and Cij is

the number of interactions between residue types i and j in a given protein

conformation. However, if the conformation is not known, the energy per

amino acid can be approximated:

Eappx
L

=
20∑
ij

niPijnj (1.11)

where Pij is a matrix that describes the energy correlation between residue i

and j in a particular sequence through bioinformatically derived potentials,

ni and nj describe the frequency of residue i and j in a sequence respectively.

Thus, the propensity for stabilization or disorder can be approximated for

unknown conformations of IDPs using equation 1.11. A drawback of this

method is that the pairwise energy correlation matrices used in 1.10 and 1.11

rely on data obtained primarily from globular proteins. Despite the success

of bioinformatic approaches to predict the degree of disorder in proteins and

peptides, this analytical method does not provide any information regarding

the actual conformations that can be sampled by the IDP ensemble. Thus,

other approaches may be needed in order to obtain additional data for IDP

modeling.
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1.2.5 Current approaches and challenges in IDP mod-

eling

Several methods for experimental structure determination of proteins, such

as crystallography, cannot be used on IDPs due to this unstable nature.

Theoretical approaches, such as MD simulations, largely rely on Hamilto-

nians whose coefficients are fitted to stable globular proteins, resulting in

biased ensemble sampling. As such, the generation of IDP ensembles re-

quires a combined computational and experimental approach. Variation of

experimental and simulation methods can be seen across research groups

that study IDPs, however the advantages of each approach is dependent on

the particular system being studied. In a 2011 study [4], Head-Gordon et

al. generate ensembles of the amyloid-β peptide using all-atom MD simula-

tions with explicit water and the ff99SB force field, which are subsequently

validated through the use of multiple NMR observables, such as chemical

shift and scalar coupling constants. Structures were sampled from the MD

equilibrium run at 1ns intervals, amounting to a total of fifty structures.

Chemical shifts were calculated using SHIFTS [172], J-coupling was calcu-

lated using the Karplus equation [81]. This ensemble generation method does

not use NMR observables to refine the generated ensemble; the comparison

between ensemble structures and experimental observables is performed to

simply validate the results. This places a strong dependence on force field

accuracy and sufficient MD sampling rate. Brooks and Head-Gordon later
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revised their ensemble generation model in a 2016 study [13] by perturbing

the native protein structure about the phi/psi dihedral angles without bias-

ing. The role of experimental NMR data is to define a Gaussian distribution,

which exploits measurement uncertainty to define the distribution variance.

Ensemble structures are ranked according to the location of back-calculated

NMR observables on the experimentally generated Gaussian distribution.

The generation of the structure pool using perturbation improves confor-

mational sampling over force-field based trajectory data due to the lack of

intrinsic force field bias, which was a significant obstacle throughout our

method of ensemble generation discussed in chapter 3. Forman-Kay et al.

published a similar approach to ensemble generation for the SH3 domain

[20] as Head-Gordon et al with an alternative approach in the structure pool

generation stage, which was produced by sampling structures in unfolding

MD trajectories. Gong et al. [55] generate IDP structure ensemble by first

using MD to generate a structure pool. The structures generated by MD

are clustered, and chemical shift data for each cluster center is calculated

and compared to experimental values of the IDPs of interest. Experimen-

tal chemical shifts here are taken from the BRMB databank. Although this

study suggests that their model’s main issue stems from structure degener-

acy and weigh factors, they do not address the biasing issue in MD sampling.

Similarly, Lindorff-Larsen et al. [97] use NMR to restrain computational sim-

ulations. They assert that a major difficulty in the model stems from the

NMR experimental data; the NMR observables are the average of the struc-
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ture ensembles. Their solution to structure generation is to match the average

chemical shifts of MD trajectories to the experimental average. The result-

ing IDP ensembles are heavily influenced by back-calculations of observables

for generated structures. NMR structure back calculations use a database

that provides a relationship between known structures and chemical shifts.

Unfortunately, the NMR chemical shift databases suffer a similar drawback

to the CD databases; they consist of stable proteins with α-helix and β-sheet

structures, instead of IDPs.

1.3 Computational protein modeling

Molecular dynamics simulations produce high resolution interaction and fold-

ing models of proteins, and allow for unparalleled insight into their interaction

mechanisms. Unfortunately, there is always a trade-off between simulation

time and system size. The number of calculations required in any MD sim-

ulation grows exponentially with system size for a single time step. Thus,

a smaller system will be suited for more detailed calculations for a given

simulation length. Conversely, a large system may require approximations

in order to reduce the number of calculations required in a single time step.

In chapters 2 and 3, the conformational ensembles of short peptides are in-

vestigated using all-atom MD. This was the natural choice for these systems

due to their small sizes. On the other hand, chapter 4 discusses modeling

the CaM/CaMKII binding kinetics through a coarse-grained simulation due
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to the larger size and length scales associated with the system.

1.3.1 All-atom models

As the name suggests, all-atom molecular dynamics simulations take into

account each atom of a protein. There are several all-atom MD simulation

environments available, with Amber, Gromacs, and Lammps among the most

popular. These simulators govern the motion of proteins through a Hamil-

tonian, which contains interaction terms that are bioinformatically derived.

1.3.1.1 Force field parameters

Amber uses the following potential energy function:

VAmber =
∑
bonds

k (r − req)2 +
∑
angles

k (θ − θeq)2 +

∑
dihedrals

Vn
2

[1 + cos(nφ− γ)] +
∑
i<j

[
Aij
R12
ij

− Bij

R6
ij

]
+
∑
i<j

[
qiqj
εRij

] (1.12)

The coefficient of each term in the potential is unique to the particular force

field used. There are several different Amber specific force fields that con-

tain alternative parameters for the potential function. The variance between

force fields arises from different experimental fittings. Many of the fitted force

field parameters come from globular proteins. This can pose a problem with

structure biasing in equilibrium simulations since IDPs do not share the same

stability. Best et al. attempt to remedy the over sampling of compact struc-
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tures in the CHARM 22 force field by optimizing sidechain potentials as well

as backbone potentials using NMR data for weakly structured peptides[9].

Refinement of the potential function parameters is a common method for

continued improvements on simulation accuracy, however choice of solvent

model can significantly affect the simulation outcome as well.

1.3.1.2 Explicit vs implicit solvent

The treatment of water in MD simulations can drastically change the sam-

pled conformations. Best and Mittal [8] showed that changing the water

model for the Amber ff03 force field from TIP3P to TIP4P resulted in an

improved helix-coil equilibrium transition, compared to the original water

model.

Implicit solvent is an alternative to using explicitly represented water molecules.

It is an attractive option for all-atom simulations since explicit solvent sim-

ulations require an enormous amount of computational power to obtain ad-

equate sampling. These implicit solvent models can approximate the free

energy of solvent-solute interactions through the accessible surface areas.

Zhou observed that the free energy landscape of implicit solvent MD was

significantly different from the explicit MD counterpart in several Amber

force fields, resulting in the over biasing of α-helical conformations [175].

Despite this drawback, an implicit solvent model was used in chapter 3 to

generate a large sample space of the CaMKII peptides that would otherwise

be unobtainable with an explicit solvent model.
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1.3.2 Coarse-grained models

Experimental data fitting can be used to reduce the degrees of freedom of the

system and smooth out the energy landscape [131]. Additionally, a coarse-

grained model accounts for solvent effects through implicit representation of

solvent within the force field [82]. These aspects of coarse-grained MD can

significantly increase the time scale and size of a simulated protein[157]. In

larger protein systems, such as the CaM-CaMKII binding model discussed

in chapter 4, a larger time scale is required to describe the protein dynamics

of interest. There is a complex transition between the folded and unfolded

states of CaM [151], therefore increased sampling in addition to longer time

scales is necessary to describe CaM dynamics.

There are several different coarse-grained models available, with the simplest

one being the structure-based Gō model [82], consisting of a single Cα bead

per amino acid that governs dynamics. The model discussed in chapter 4 re-

quires special consideration, however, because of the inclusion of disordered

peptides/regions. To resolve this issue, the coarse-grained model, AWSEM

[170], is used instead. This model uses a 3-bead representation of an amino

acid: Cα, Cβ, and O. Additionally, the parameters of the potential function

shown in eq. ?? have been derived bioinformatically, and have the abil-

ity to include user-defined structure based potential through the ”fragment

memory” term (eq. ??).

Vtotal = Vbackbone + Vcontact + Vburrial + Vhelical + VFM (1.13)
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with

VFM = −λFM
∑
m

e

[
(rij−r

m
ij )

2

2σ2
ij

]
(1.14)

Using the generated structure ensembles of the CaMKII peptides from chap-

ter 3 to bias the energy landscape, a system consisting of IDPs and folding

proteins may be modeled together with approximate all-atom accuracy.

1.4 Future work: Application to CaM/CaMKII

1.4.1 Functionality of CaM/CaMKII

Calcium ion signaling is an essential feature of neurological development,

memory formation, and dendritic spine growth. Several hundred Ca2+ bind-

ing proteins have been identified and the majority of them share a particular

Ca2+ binding motif. The transduction of calcium ion signals is mediated

by calcium sensing proteins, such as calcineurin, troponin C and calmodulin

(CaM). Calmodulin consists of four EF-Hand motifs connected by a flexible

linker. The EF-Hand motif contains a helix-loop-helix topology that is able

to interact with Ca2+ ions. In addition to the negatively charged amino acid

residues present in the EF-hand motif, backbone carboxyl oxygens and wa-

ter play a significant role in CaM’s interaction with Ca2+ ions. CaM is of

particular interest because it is the most ubiquitous Ca2+ sensing protein,

and is present in all eukaryotic organisms. The bioligical significance of CaM

can also be inferred from its highly conserved sequence. Where many of
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the Ca2+ binding proteins serve to regulate free Ca2+ concentration, CaM

uniquely interacts with Ca2+ as a secondary messenger to decode signals.

This is due to the flexibility of CaM’s linker and EF-hand motifs, enabling

its target interactions to be modulated by its environment. Fluorescence

experiments indicate that the rate of Ca2+ induced conformational change

at the N-terminal are over an order of magnitude faster than that of the

C-terminal [123].

1.4.2 CaM/CaMKII binding

One of the most abundant and evolutionarily conserved activation targets of

CaM is calmodulin-depended protein kinase II (CaMKII)[67, 154]. CaMKII

exists as a holoenzyme with mirrored 6 and 7 symmetric monomer ring struc-

tures that undergoes a complex activation/inactivation process involving

both Ca2+ and CaM, allowing it to transduce Ca2+ ion signals into biological

functions [135, 105]. CaMKII can be activated due to frequency dependent

Ca2+ spikes, remain active independent of the Ca2+ or Ca2+ -CaM levels, and

undergo molecular switch-like behavior that is critical for memory formation

and learning [72]. Each of the monomer subunits must interact with a Ca2+

saturated CaM, inducing a change in conformation that exposes the catalytic

domain [152]. From here, the exposed domain can be autophosphorylated

by adjacent monomers that leads to a long term activated state known as

CaM trapping that permits the monomer to remain active when Ca2+ levels

return to the basal state[104]. CaM-trapping, in turn, is the fundamental
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feature that permits CaMKII to act as a molecular decoder of the frequency

and amplitude of intracellular Ca2+ -pulses ([27]).

Unfortunately, the mechanism of Ca2+ -CaM/CaMKII signal transduction

is still unknown and debated. Using a Monte-Carlo based single molecule

approach, Waxham and Kubota [87] showed that the N-terminal of CaM is

highly sensitive to the spacial and temporal distribution of Ca2+ ions. The

Ca2+ saturated N-terminal of CaM is able to partially activate and induce

autophosphorylation of the CaMKII enzyme without Ca2+ saturation of the

C-terminal. Ca2+ -CaM/CaMKII binding is thought to occur over a sequen-

tial series of steps beginning with N-CaM binding [50]. Alternatively, it has

been shown[141] that the C-terminal of CaM has a dominant effect on binding

to CaMKII targets.

1.4.3 CaMKII peptides

The molecular mechanism of the phosphorylated (trapped) and unphospho-

rylated state has been investigated with a family of CaMKII peptide models

about the CaM binding domain of CaMKII (CaMKII 293-312). It is an

excellent model for experimental and computational simulation due to its

size and availability of the Ca2+ -CaM/peptide native bound complex[103].

When three charged residues of the CaMKII peptide (296-298; Arg-Arg-Lys)

were mutated to alanine, there was a loss of binding affinity that was re-

flected in both an increased off-rate and a decreased on-rate. An atomistic

understanding of the conformational transitions required during the binding
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pathway from basal to the CaM-trapped state is unknown.

1.4.4 Markov state model of CaM/CaMKII peptides

The kinetics of equilibrium protein binding can be modeled using Markov

State Model[122, 91, 86](MSM). The MSM is particularly useful in illustrat-

ing distinct binding pathways that are responsible for the observed protein

kinetics. This offers a distinct advantage over modeling kinetics via free en-

ergy in complex protein interactions. In the case of the CaMKII peptides, a

MSM can illustrate detailed changes in binding pathways between the wild-

type and mutant peptides. Since IDPs with low stability are able to bind

with high specificity and selectivity, modeling their complex kinetic pathways

is paramount in understanding their behaviors. The Noe group is known for

their work describing complex binding and folding kinetics using MSMs. An

example of this model’s use in characterizing binding with conformational de-

pendencies is shown in figure 1.11. Small changes in a protein conformation

are characterized as microstates, and the accumulation of changes between

an initial and final state of interest can be described through macrostates.

1.4.4.1 Microstates

In order to generate a MSM, a set of microstates must be used to discretize

the state space, Ω. These microstates are assumed to transition between

each other over an infinite amount of time (ergotic)[127]. Thus, any clustering

method that partitions the state space into non-overlapping clusters with low
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Figure 1.11: Trypsin conformations with Benzamidine-bound and the binding mode of
Benzamidine. The seven conformational states shown are equal to six apo states, plus
the yellow conformation that is only found with Benzamidine-bound. The binding
pocket conformation is defined by three loops: the yellow loop (residues 187–194) with
Asp189, the green loop (residues 215–221) with Trp215 and the orange loop (residues
225–230). The circles have an area proportional to the equilibrium probability of the
respective conformation, given that Benzamidine is bound, πi. Their respective relative
free energies G = −KbT lnπi and the unbinding times tunbind (mean first passage time to
unbinding) are given. The arrows indicate the transition probabilities for direct
transitions between the different states. The binding mode (pocket 1 or 1*) is indicated
by the green square with 1 or 1*.[126]

37



transition energy barriers will suffice for an MSM model. Despite the fact

that trajectories may not show bidirectional transitions between microstates,

we can filter out kinetically irrelevant microstates (microstates that trap the

trajectory) and calculate the symmetric transition matrix.

1.4.4.2 Macrostates

Macrostates cluster sets of microstates that are related by some kinetically

significant metric. For example, we can define several macrostates relating to

the open/closed conformations of CaM, and the bound peptide location rel-

ative to CaM (N-terminal, C-terminal, linker). In the CaM-CaMKII binding

model, we will use k-means clustering to partition the conformational state

space according to single linkage RMSD matrix values of the coarse-grained

trajectory Cα atoms.

Generally, an MD simulation consisting of N frames is partitioned into k

clusters. The number of clusters obtained is typically large (on the order of

103)[122, 115] because we require each state to be kinetically similar. The re-

sulting microstates can be coarse-grained based on some similarity metric(eg.

major conformational change, energy, etc.) to combine the initial microstate

ensemble into a form that is qualitatively understandable.

1.4.5 Future work

Using the MSM with our work on clustering and ensemble generation of IDPs,

a full binding model of the CaM/CaMKII peptide system can be generated.
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In chapter 4, the technical aspects behind building and implementing the

MSM are discussed.
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Chapter 2

Combinatorial-averaged

transient structure (CATS): A

tool for clustering IDPs on a

flat energy landscape

Published 2018 in JPCB[45]

2.1 Introduction

The data sets from molecular dynamics (MD) simulations can provide valu-

able insight into protein interactions and dynamics through clustering anal-

ysis [140]. There are several main categories of clustering methods: hierar-
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chical (eg. single linkage) [54], vector quantization (eg. K-Means)[95, 79],

neural network[41, 80], mixture density[176], and fuzzy [39, 44], to name a

few [140, 176, 171, 83]. In addition to these, new methods routinely emerge

that encompass characteristics from multiple algorithm categories, optimiz-

ing clustering of a specific set of data [140, 173, 52, 153]. Reduction of

dimensionality is sometimes desired to reduce computational cost and neces-

sary sample size; however the reduction of dimensions also can lead to lower

separation resolution [153]. RMSD-based clustering methods are typically

employed to find dominant protein structures due to their simplicity and low

dimensionality, however this technique heavily relies on an appropriate cutoff

between cluster groups to be effective. In RMSD-based clustering, choosing

a separation cutoff that is too large will produce significant variation within

the cluster and increase structure ambiguities, while a small cutoff may over-

separate similar structures[88]. Due to the sensitivity of the input param-

eters and low separation dimensionality, an RMSD-based method may not

be the best choice of analysis for proteins that sample a large conformation

space. This is a defining characteristic of intrinsically disordered proteins

(IDPs) and intrinsically disordered regions (IDRs), which represent a group

of proteins that do not form a stable tertiary structure under physiological

conditions and possess a large conformation space [159, 34]. A well-studied

protein containing a disordered region is Tau[43], whose function regulates

microtubule growth in the nervous system [29]. Significant interest in Tau has

occurred due to its link with neurodegenerative diseases; notably Alzheimer’s
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disease [110, 58]. Describing the conformational dynamics of IDPs is diffi-

cult, therefore several approaches have been developed to characterize them

that do not revolve around strict structure resolution (eg. sequence predic-

tions) [161]. A popular experimental method for IDP structure analysis is

NMR spectroscopy. Experimental methods like NMR resolve measured data

through RMSD fitting to generate structure ensembles, and offer a macro-

scopic view of IDP dynamics, however these methods are typically unable to

fully resolve the conformational substates due to high conformational vari-

ation [117, 76, 14]. Alternatively, MD simulations offer an atomistic level

of resolution to address the problem of IDP interactions[138]. Regardless

of method, structure resolution is essential for functional analysis of IDPs.

Because of the inherent flexibility and large conformation space exhibited by

IDPs [36], generation of dominant structures through the use of clustering

is a useful tool in structural analysis. Here, we discuss the development of

the Combinatorial Average Transient Structure (CATS) algorithm for deter-

mining structural ensembles of IDPs, and use it to analyze the trajectory

data for the Tau/R2 fragment in urea and TMAO solutions published by the

Shea group [93]. The clusters generated by CATS require no a priori infor-

mation about the expected structure, which is advantageous for determining

significant structures in MD trajectories where experimentally determined

structures are unavailable. The choice of backbone phi and psi dihedral an-

gle coordinates as structure descriptors was chosen for clustering due to their

rotational and translational invariance. The CATS method generates clus-
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ters through each descriptor coordinate distribution, therefore the phi and

psi residue dihedral angles have the added benefit of specifying backbone

orientation using two values instead of three values in a Cartesian coordinate

system. Through our novel technique, we show that CATS is able to generate

a robust set of primary structures highlighting the denaturing effect of urea

and compacting effect of TMAO on the Tau/R2 fragment. Additionally, we

compare our results to the clusters obtained with the GROMOS method and

show that CATS produces more structurally unique clusters that correspond

to a higher resolution energy landscape as described by a Fano factor[46] of

0.65 and 0.60 for the R2/TMAO and R2/urea trajectories respectively (com-

pared to Fano factors of 0.36 and 0.54 produced by the GROMOS method).

The drawback of this higher resolution energy landscape separation is that

CATS requires a set of coordinate descriptors with multi-modal distributions

that are well defined. CATS was tailored to separate the structures of pro-

teins with assumed meta-stable conformational states, and as a result not all

datasets are applicable.
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2.2 Methods

2.2.1 Combinatorial averaged transient structure (CATS)

clustering algorithm

CATS was created as a tool to identify highly probable ensemble structures

within a trajectory for proteins that rapidly sample multiple conformations.

Generally, any coordinate with a Gaussian-like distribution can be used for

clustering. Our interest lies in conformational clustering from atomic co-

ordinates; therefore we designed the process with dihedral coordinates as a

descriptor. This descriptor is invariant to the translational or the rotational

symmetry from the data set. Initially, the angular distribution of phi and

psi dihedral angles for each residue is generated from the trajectory data.

Assuming there are N residues, we obtain 2N individual coordinate distribu-

tions, where each of the 2N coordinate distributions contained between 1 and

3 Gaussian-like peaks (see figure 2.1). Each peak is fitted with a Gaussian

curve, and the average angle and standard deviation of each curve is used to

transform the dihedral coordinates from each trajectory frame into an index

value. We obtain a set of 2N index values for every frame in the trajectory,

which is used to generate clusters based on similarity between each frame’s

index set. Finally, the clusters are further refined by allowing members of

low populated clusters to be absorbed by others. Figure 2.2 depicts the flow

chart of CATS.
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Figure 2.1: Example dihedral angle distribution of the Tau/R2 trajectory for a single
residue. The multi-modal Gaussian distribution is a critical attribute of any coordinate
descriptor used in the CATS clustering algorithm.
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Figure 2.2: A flow chart of the CATS algorithm. Coordinates that exhibit Gaussian-like
distributions are extracted from the trajectory and histogrammed. One or more
Gaussian curves are fitted to the distribution of each coordinate, and each peak’s average
value and standard deviation is generated. These values are compared to the extracted
trajectory frame coordinates and transformed into indices that label which Gaussian
curve the coordinate belongs to within a given distribution. Clusters are initialized by
grouping together trajectory frames that possess the same transformation indices.
Refinement allows lower populated clusters to join higher populated ones if their indices
have less than a user-defined number of mismatches.
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2.2.1.1 Dihedral angle distribution analysis

The phi/psi dihedral coordinates for a given molecular dynamics trajectory

of an N-residue protein is extracted for each of the N residues of every frame.

We histogram these trajectory phi and psi dihedral angles using a bin size of

3.6◦ on a range of −180◦ to 180◦. The dihedral angle distribution represented

by the raw histogram data is smoothed and fitted with Gaussian curves of

the form:

f(θ) =
N∑
i=1

Aie
(θ−µi)

2

2σ2
i (2.1)

with amplitude A, angle θ, dihedral average µ and standard deviation σ

corresponding to peak i. The maximum number of peaks in the coordinate

distribution, N, varies by coordinate and trajectory and generally ranges

between 1 and 3. The standard deviation and amplitude in each coordinate

distribution is used to calculate an approximate probability value for peak i

given by Pi = Aiσi∑
j Ajσj

. A maximum of 3 most probable peaks are tabulated,

while statistically insignificant distribution peaks (less than 1% probability)

are discarded.

2.2.1.2 Trajectory transformation

For a protein with N residues, every frame in the MD trajectory is trans-

formed into a 2N-character string of numbers (0, 1, 2 or 3), which represent

the specific angular distribution that each dihedral coordinate belongs to.

This is accomplished by taking the dihedral coordinates from a given tra-
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jectory frame and comparing it to the corresponding coordinate distribution

peaks obtained from the previous step. Each of the frame’s 2N dihedral co-

ordinates will be assigned an indexing value of 0, 1, 2 or 3 if the coordinate

value satisfies:

|θi − µni | < εσni (2.2)

where θi is the trajectory frame’s dihedral coordinate i, n is the coordinate

distribution peak index, ε is a user defined constant, µni and σni are the dis-

tribution peak’s average and standard deviation respectively. CATS assumes

there is a maximum of 3 possible peaks for a given coordinate distribution,

therefore the first peak (starting from −180◦) is labeled 0, the second peak

is labeled 1 and so on. If a dihedral coordinate from the trajectory frame is

unable to be matched to any of the tabulated distribution peaks, it is given

an index value of 3.

2.2.1.3 Initial cluster formation

Clusters are formed by grouping together the transformed trajectory strings.

The first frame’s indexing string defines the first cluster. The next frame’s

indexing string is compared to the first cluster by calculating the value of:

C =
2N∑
i=1

Θ
(∣∣λki − λi∣∣) (2.3)

where Θ is the Heaviside step function, λki is the distribution index for the

ith coordinate of cluster k and λi is the ith distribution index of a given
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trajectory indexing string. If C = 0, the frame’s indexing string matches

the first cluster’s indexing string, and the frame joins the cluster. If C 6=

0, the indexing string of the frame fails to match with the indexing string

of the cluster and it forms a new cluster defined by that unique indexing

string. Similarly, every subsequent frame’s indexing string is compared to

all previous clusters; if there is a match, it joints that cluster, otherwise a

new cluster is formed as defined by the newest frame’s indexing string. This

process is repeated for all trajectory frames until all frames are clustered.

There is an option in CATS to specify coordinates in that are to be completely

ignored throughout cluster formation and relaxation; this effectively changes

the original number of coordinate comparisons (2N) to a user dependent

value.

2.2.1.4 Cluster representation and center structure

For a given cluster, each member is assigned an error factor that describes

how close the member’s dihedral coordinates are to the tabulated coordinate

distributions defining the cluster. This error value, E, is calculated by:

E =
2N∑
j=1

∣∣θj − µnj ∣∣
2N

(2.4)

where θj is the cluster member’s dihedral angle for coordinate j, µnj is the

cluster defined distribution peak average for peak index n and coordinate j.

The trajectory frame number of the cluster member with the lowest error
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value is used to represent the conformation of the cluster.

2.2.1.5 Cluster relaxation

Once a basis set of initial clusters are established, CATS attempts to reduce

the number of clusters by combining lower populated clusters that are similar

to higher populated clusters. Relaxation is based on two user-defined criteria:

cluster population cutoff, α, and number of ignorable coordinates, β. For

clusters with a population under the cutoff value, CATS will compare each

member’s indexing data to all other clusters, starting from the largest cluster

and ending at the smallest cluster, excluding the current cluster. In the initial

stage of clustering, all members of a specific cluster must contain the same set

of indexing values (given by a string of 2N values), however in the relaxation

stage, the relaxed cluster member may be absorbed into a different cluster

as long as the indexing data between the relaxed member and new cluster

does not differ by more than the specified number of ignorable coordinates

β. In other words, each frame’s indexing data is allowed to fail up to β

index comparisons with a given cluster before indicating a failure to match.

In the case that a cluster member cannot be absorbed elsewhere, it remains

in its original cluster. Cluster centers are not recalculated after relaxation.

Clusters that are relaxed are considered to be artifacts of simulation noise or

transitions; initially, they are not grouped together with larger clusters due

to a small fraction of coordinate index deviations. Essentially, relaxation

serves to change the population rankings of major clusters by correcting the
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deviation.

2.2.2 Implementation of CATS and GROMOS algo-

rithms on the Tau/R2 fragment

2.2.2.1 Cluster setup using the GROMOS method

Following the setup from the original Tau/R2 study conducted by the Shea

group, we use the GROMACS clustering package as a control [128, 6]. Clus-

ters are formed using the algorithm described in Daura et al [25] using an

RMSD cutoff value of 1.4Å.

2.2.2.2 Comparison of CATS clustering method

We focus our comparison between CATS clusters and the clusters obtained

by the RMSD-based GROMOS method used in the original R2 fragment

study [25]. The potential of mean force (PMF) was generated using the

distributions of the radius of gyration (Rg) and end-to-end distance (Ree)

using 25 evenly-spaced bins to histogram values.

2.2.2.3 All atom molecular dynamics simulation of the Tau/R2

fragment

The all-atom molecular dynamics simulations of the Tau/R2 fragment in

TMAO/urea was generated by the Shea group from a previous study [93].

Details on the model and simulation setup for Tau/R2(273-284) fragment
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can be found in the Shea group’s publication [93], which will be briefly sum-

marized here. The effect of TMAO and urea on the aggregation-prone (R2)

region of the Tau protein is investigated using all-atom molecular dynamics

(MD) simulations. Topologies were generated using GROMACS. Trajecto-

ries consisting of 6000 frames for the R2/Urea configuration and 7500 frames

from the R2/TMAO configuration (totaling 120ns and 150ns respectively)

are generated using a leap-frog algorithm to integrate the Newtonian equa-

tions of motion in the Nose-Hoover NVT environment at 300K using a time

step of 2fs and sampling rate of 20ps.

2.3 Results

2.3.1 CATS clusters and their center structures repre-

sent local minima in the energy landscape

The dihedral phi and psi angles chosen for clustering produced a series of

Gaussian-like peaks in their distributions. Each coordinate’s peak describes

a probability density, which associates the potential mean force (PMF) and

free energy with the clustering coordinate. CATS transforms the trajectory

into a 2N-dimensional energy landscape (where N represents the number of

residues) and creates clusters based on the landscape’s minima, as shown in

figure 2.3.

CATS method produces a different analysis of the R2 trajectory than GRO-
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MOS because GROMOS clusters by average RMSD. CATS uses the probabil-

ity distribution analysis that is essentially its free energy landscape. Figure

2.4 illustrates cluster populations and center structures for the four highest

populated clusters of CATS and GROMOS compared to the potential mean

force (PMF) of the TMAO trajectory. Similarly, figure 2.5 illustrates the

distribution of cluster populations for both methods compared to the PMF

of the urea trajectory.

The top four cluster members in the R2/TMAO trajectory produced by

CATS and GROMOS are similarly distributed around the center of the low-

est point on the PMF contour map shown in figure 2.5. CATS and GROMOS

produce the same center structure for the first cluster, and a β-hairpin struc-

ture for the second cluster. The third cluster of GROMOS is similar to the

fourth cluster of CATS, however the third CATS cluster center and fourth

GROMOS cluster center have completely different secondary structures. The

distribution of cluster members from the third CATS cluster is closer to the

center of the PMF map than the members of the fourth GROMOS cluster.

Despite the difference in order between the top four GROMOS and CATS

clusters, the fourth GROMOS cluster is still captured by the sixth CATS

cluster. Similarly, the third CATS cluster is captured by the ninth GRO-

MOS cluster. The similarities between some of the top structures indicates

that the two methods do not completely produce mutually exclusive cluster

groups.

The R2/urea trajectory produces a more diverse set of clusters. All GRO-
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MOS cluster members are distributed around the minimum PMF in the

neighborhood of Rg = 7.5Å, whereas CATS clusters have distributions around

both of the PMF local minima. This results in noticeably different center

clusters, with only CATS cluster 2 and GROMOS cluster 1 having a similar

conformation. GROMOS clusters 2 and 3 appear to be similar, indicating

the presence of degeneracies. The fourth GROMOS cluster is a beta-hairpin

structure, which is significantly different from the other clustered structures.

Despite GROMOS and CATS previously having captured similar structure

centers at different ranks, CATS does not capture the hairpin conformation

as its center structure throughout the top 20 CATS clusters due largely to

the low probability of a positive phi dihedral angle coordinate ( 1%) of the

6th residue and poorly defined Gaussian-like peaks in the phi/psi angles of

residues 5 and 7, which is responsible for the hairpin conformation (see fig-

ure 2.3C and supporting information for distribution). The low-probability

phi peak in residue 6 was not taken into account during the distribution

file setup, and therefore all structures containing this peak were flagged as

non-clusterable. We re-ran CATS using a modified input file that explic-

itly includes the low probability phi coordinate of the 6th residue with no

observable hairpin conformations (within the first 40 clusters). The frames

captured by the 4th GROMOS cluster appeared to be spread over multi-

ple low-ranked CATS clusters due to other dihedral coordinate variations.

Despite similar RMSD values, the coordinate index values vary enough to

eliminate the hairpin as a top ranking cluster.
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2.3.2 Cluster probabilities based on RMSD derived

populations can be misleading

The TMAO and urea PMF both resemble an oblong shape with one local

minimum for TMAO and two local minima for urea. The lack of resolu-

tion of the PMF contour maps is also clear from the tendency of GROMOS

and CATS clusters to not always center on a local minimum, which would

occur for highly populated clusters. Conversely, the 2N-dimensional PMF

landscapes shown in figure 2.3A-D contain higher resolution minima because

each CATS cluster occupies a local minimum within the 2N-dimensional en-

ergy landscape. Additionally, the center structure produced by CATS for

each cluster is the closest to the 2N-dimensional minima. Other members

in the cluster vary within the energy landscape around this central point.

The RMSD distribution of the GROMOS method illustrates that pairwise

RMSD values have a single distribution curve and cannot take into account

the PMF at high resolution. The implication of using an RMSD cutoff forces

structures that may deviate slightly from the center of a local minimum into

another cluster all together. In this case, probabilities derived by GROMOS

based on populations of the cluster may not accurately describe stable states

of high probability structures.
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2.3.3 CATS clusters structures that GROMOS might

have missed

GROMOS clusters have a strict clustering cutoff based on RMSD. Figure 2.6

illustrates two structures that would have normally been placed in separate

clusters due to their large differences in Ree. Figure 2.6A illustrates the

similarity between the dihedral angle coordinates of the clustered structures,

despite different end-to-end distances. The two structures are members of

the same cluster produced by CATS; one being the center structure, and

one being a large deviation in terms of end to end distance. Since CATS

produces the center structure at the closest possible minima point of the

2N-dimensional energy landscape for the cluster, any deviations in clustering

coordinate would produce a structure at a higher PMF as calculated by the

error function in eq. 2.4. The larger PMF due to backbone deviation does

not move the conformation into another 2N-dimensional local minimum (at

another cluster), but it does imply that the conformation of the peptide will

shift to resemble the center structure under the influence of the PMF. Because

CATS clusters form at local energy minima, cluster members can describe

how the center structure conformation (given by eq. 2.4) is perturbed around

the local minimum point.
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2.3.4 Clusters produced by CATS have larger struc-

ture variations than clusters produced by GRO-

MOS

Figure 2.7 illustrates the pairwise deviations between center structures pro-

duced by CATS and GROMOS methods. In both the TMAO and urea

clusters, CATS tends to produce more unique centers than the GROMOS

method. In the TMAO clusters, both methods appear to produce similarly

varying cluster centers until cluster 12, were CATS begins to generate centers

that have large RMSD values compared to previous structures. This trend

can be seen by comparing the Fano factor [46] of the two methods. The Fano

factor can be calculated using the following equation:

F =
σ2

µ
(2.5)

where σ2 is the variance and µ is the average of a random variable.

The top 20 TMAO structures for GROMOS and CATS produce a Fano factor

of 0.36 and 0.65 respectively. Additionally, CATS produces structures with

large comparative RMSD values as shown in figure 2.7. GROMOS appears

to produce 3 centers (cluster 13, 19 and 20) that have large RMSD values

compared to other centers. For the top 20 urea structures, GROMOS and

CATS produce a Fano factor of 0.54 and 0.60 respectively. The Fano factor

(eq. ??) is a quantitative measurement of the noise in a given variable, which
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in this case is the average RMSD between cluster pairs. Comparing the pair-

wise RMSD matrix in figure 2.7 and the Fano factors for the two methods

suggests that CATS and GROMOS methods do not share the same top 20

cluster centers. Figures 2.4 and 2.5 illustrated how CATS and GROMOS

methods produced similar structures with alternate rankings for the top 4

clusters. This trend does not appear to continue according to figure 2.7 A

and B, which suggests that CATS clusters have larger pairwise RMSD val-

ues after the 4th top ranked cluster, meaning CATS and GROMOS methods

have less agreement for center structures at lower ranked clusters.

2.4 Discussion

2.4.1 The cluster representation (center structure) pro-

duced by CATS captures energy landscape min-

ima with better resolution than the center struc-

ture of RMSD-based algorithms

In our comparison of the top 20 cluster centers produced by the GROMOS

and CATS methods (figure 2.7), we observed that CATS produces a greater

number of unique center structures. Visually, the top 20 CATS cluster centers

have a larger averaged RMSD than the top 20 GROMOS structures for both
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TMAO and urea. We quantify this observation with the Fano factor, where

CATS clusters possess a larger Fano factor in both cases. This behavior can

be observed in the PMF plots for the urea and TMAO trajectories (figure

2.4 & 2.5); the cluster members were shown to sample a larger area on the

PMF plot than the members of the GROMOS clusters. Since CATS produces

distinct clusters using bimodal dihedral distributions, we expect each cluster

group to have distinct features. The majority of the bimodal coordinate

distributions have large differences in their average peak values, which are

reflected through the large deviations between cluster centers. Since the

GROMOS method produces a continuum of different clusters (depending on

the cutoff value), there is no guarantee that the conformations of each cluster

will be relatively unique. Therefore, the clusters produced by CATS will not

sample from the same areas in an energy landscape defined by dihedral angles.

This is a feature of RMSD minimization used by the GROMOS method. On

the other hand, CATS captures the most probable conformation for IDPs,

constrained by the dihedral coordinate energy landscape, where RMSD may

not be small. Due to this phenomenon, CATS and GROMOS will assign

different ranks/probabilities to similar structures, as observed in figures 2.4C-

D and 2.5C-D. Thus, IDP-like proteins that have a larger RMSD but exist

in the same energy state (as described by the dihedral PMF) may not be

grouped together using the GROMOS method.
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2.4.2 CATS captures alternate high-probability struc-

tures suitable for IDP simulations

The fourth largest cluster produced by the GROMOS method for the R2/urea

trajectory, which is a beta-hairpin, was not captured by CATS (within the

top 40 structures) despite its relatively large population. CATS appears

to capture urea structures that mainly lack conformation. The discrepancy

between the CATS and GROMOS top 4 cluster structures comes from the

phi/psi coordinate distributions in residues 5-7. The phi dihedral angle PMF

for the 6th residue (shown in figure 2.3C) contains a bifurcation in the dis-

tribution curve, where 1% of the phi distribution exists in the 100 degree

region, while 99% exist in the -100 degree region. Not only does CATS reject

low populated distributions (1% or lower by default), the construction of the

distribution probability inputs also ignored the peak, therefore the hairpin

conformation was deemed an “unclustered coordinate” because the dihedral

angle values of the coordinate did not fit into any indexed distribution. CATS

was re-run on the R2/urea trajectory with this peak accounted for, however

the top 20 structures/clusters still did not contain the beta-hairpin confor-

mation. The coordinate indexes of the CATS transformed trajectory frames

that make up the hairpin cluster (GROMOS cluster 4) showed several “un-

clusterable” coordinates randomly throughout the cluster. We attribute this

phenomenon to the hairpin structures belonging to distribution regions that

poorly resemble a normal distribution. We observed several coordinate distri-
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butions that do not converge to zero population between distribution peaks,

which is where several hairpin coordinates reside. If the hairpin structures

were a result of poor simulation sampling, and all distribution peaks obey the

law of large numbers, then CATS could successfully have filtered out “noise”

since at some limit the population of hairpin conformations would be mi-

nuscule compared to others. On the other hand, if the distributions never

approach an ideal Gaussian distribution, then CATS would not be as apt for

clustering (at least with the choice of dihedral coordinate distributions).

2.4.3 Poorly defined coordinate distributions and re-

laxation affect accuracy of CATS

CATS was developed to specifically analyze a trajectory that contains points

of variation for the protein backbone. Coordinates with multiple distinct

distribution peaks permit clustering. The limit of resolution in this scheme

comes from the quality of the distribution peak and the number of coordi-

nates used to describe the structure as a descriptor. The R2 fragment has

24 coordinates total (a phi and psi dihedral angle describing relative ori-

entation for all 12 residues); therefore the maximum possible combination

of coordinate distributions (assuming that each coordinate had two peaks

in its distribution) is 224. This combinatorial maximum, however, does not

occur due to backbone constraints imposed on the protein during the MD

simulation. In the initial analysis of the MD trajectory (II.1.B), the de-
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scriptor coordinate distributions are generated. The distributions alone do

not characterize the constraints on the number of possible coordinate peak

combinations. The backbone constraints, which forbid dihedral coordinate

combinations that produce steric clashes or other unrealistic structures, are

taken into account by clustering distribution peak combinations that exist

in the trajectory. Once this analysis is complete and clusters are formed,

the center structure of each cluster is generated based on the cluster mem-

ber with the lowest error or deviation (see eq. 2.4) from each coordinate’s

distribution peak average. In this way, the representative center structure of

a CATS cluster shares similarities to expectation-maximization (EM) based

algorithms [171, 28], while the relaxation routine encompasses the idea of

fuzzy clustering [39, 44, 26, 17, 62, 61, 53]. The concept behind CATS re-

laxation is that a protein will still perform a function similar to the cluster

representative structure despite a lowered degree of membership. For exam-

ple, a relaxation factor of 2 ignorable coordinates in the R2 fragment implies

that all members of the cluster are at least 91% the same as with the repre-

sentative structure.

CATS has the ability to cluster any generalized coordinate with separable

Gaussian-like distributions. Depending on the data used for cluster analysis,

this can be a positive or negative attribute. Coordinates with large stan-

dard deviations will produce clusters that reflect a large range of variation

in such a coordinate. Conversely, narrow distributions will produce well de-

fined clusters with low variation. These properties can be exacerbated based
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on the coordinate chosen for clustering. In this study, we used the dihedral

angle coordinates to form distributions of the R2 fragment in TMAO and

Urea. We chose backbone dihedral angles phi and psi as our clustering co-

ordinates due to their Gaussian-like distributions throughout the trajectory,

independence from Cartesian coordinate positions (the R2 trajectories did

not need to be aligned prior to clustering), and condensed representation of

relative backbone orientation. In our comparison of CATS to GROMOS, we

analyzed the top four clusters as functions of Rg and Ree. The clusters from

both methods produced a high density population centered about a specific

Rg and Ree region. The clusters produced by CATS periodically included

members that appear to center about a different point on the density map,

which was not observed in the GROMOS results. This feature is most likely

due to a larger deviation of dihedral coordinates near the middle residues of

the R2 fragment (residues 5, 6, or 7) as observed in figure 2.6. The distance

travelled by a point on the N or C terminus due to a change in a central

residue dihedral angle is proportional to the distance between the central

residue and the terminus point. Since CATS is not optimized to minimize

RMSD distances, clusters produced using dihedral coordinate distributions

have the possibility of including members that seem out of place when an-

alyzing member conformations as a function of Rg and Ree. As with all

statistical methods, a larger sample size will improve accuracy. The larger

Rg and Ree of CATS may not be improved by greater sample size since this

is an artifact of the standard deviation exhibited by the coordinate distri-
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bution. Coordinates with significantly large standard deviations may not be

suited for CATS clustering since structure information cannot be partitioned

out.

2.4.4 CATS is better suited for input parameter tun-

ing than the GROMOS method

Determining the correct cutoff/input parameters for clustering proteins oc-

curs on a case-by-case basis. For the GROMOS method, one must supply

an RMSD cutoff that is both large enough to cluster a reasonable number of

structures together while simultaneously filtering out dissimilar structures.

Similarly, CATS requires the user to supply a standard deviation cutoff for

the coordinate distributions so that the majority of structures can be grouped

together. An important distinction between CATS and GROMOS methods

with respect to these user-supplied cutoff values is that CATS will generally

produce the same center structures regardless of standard deviation used;

tuning the inputs for CATS will affect the relative populations of clusters

only. On the other hand, tuning the RMSD cutoff values in the GROMOS

method will affect both the center structure and populations of clusters.

Determination of ignorable coordinates must also be made since volatile co-

ordinates that have little significance on the overall structure (such as the

dihedral angles of the first and last residues) should be ignored to avoid over

constrained clusters. A practical consideration of the parameter tuning pro-
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cess is the computational resources required for each method to complete

the task. The RMSD-based clustering method in GROMOS requires signif-

icantly more computational time than CATS. Due to the pairwise RMSD

calculations performed by GROMOS, the number of calculations required

to generate the observed clusters is much greater than the number of cal-

culations performed by CATS. In this study, we used the ‘backbone’ op-

tion for GROMOS, requiring 3 atom pairwise calculations per residue per

frame. Each frame comparison requires a symmetric pairwise RMSD matrix

to be formed. Therefore, the number of calculations required by GROMOS

scales proportional to roughly O((3N)!) where N is the number of residues.

CATS transforms the trajectory in a simple comparison step proportional to

2N, then clusters through iterative comparisons between transformed frames,

which requires roughly O(2N) if using the dihedral coordinate descriptors

from our studies. For larger proteins or larger trajectory sizes, the com-

putational cost will increase dramatically. Although the CATS algorithm

produces clusters significantly faster than the GROMOS method, there is a

drawback of CATS when producing input parameters. We chose to neglect

input parameter timing factors because there are multiple methods for input

parameter generation, all of which are dependent on the trajectory. The au-

tomated fitting of Gaussian curves to the coordinate distributions based on

our in-house numerical solver adds a trivial amount of time to CATS clus-

ter production. This software, however, is in the early development stage;

therefore its results can be inaccurate for complex distributions. The user
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can produce input files using Gaussian fitting software from other sources,

as well as a manual fitting tool, which was utilized here.
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Figure 2.3: The R2/TMAO potential mean force in units of 1/kT is shown for (A) the
phi dihedral angle distribution and (B) the psi dihedral angle distribution. The R2/urea
potential mean force in units of 1/kT is shown for (C) the phi dihedral angle distribution
and (D) the psi dihedral angle distribution.
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Figure 2.4: R2/TMAO top cluster member comparison. The top four most populated
clusters of R2/TMAO produced by (A) CATS and (B) GROMOS methods are compared
using the potential of mean force (in units of 1/kT) as a function of peptide
conformation at room temperature over 100ns. The automated “center” structure
(defined by eq. 2.4 for CATS and by the smallest average RMSD for GROMOS) of each
cluster is shown for (C) CATS and (D) GROMOS.
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Figure 2.5: Urea top cluster member comparison. The top four most populated clusters
of urea produced (A) CATS and (B) GROMOS methods are compared using the
potential of mean force (in units of 1/kT) as a function of peptide conformations at room
temperature over 150ns. The automated “center” structure (defined by eq. 2.4 for CATS
and by the smallest average RMSD for GROMOS) of each cluster is shown for (C) CATS
and (D) GROMOS.
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Figure 2.6: Using the first cluster generated by CATS for the R2/TMAO trajectory, the
center structure and structure with the largest end-to-end distance is compared through
(A) the phi and psi dihedral angles of the center structure (shown in black) and the
deviation structure (shown in red) for each coordinate. (B) The end-to-end distance and
radius of gyration for the two structures are shown in comparison to the R2/TMAO
potential mean force map shown in figure 3 with the two structures overlaid to illustrate
conformational differences.
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Figure 2.7: Pairwise backbone RMSD values (in angstroms) between center structures of
the top 20 ranked clusters are shown for (A) R2/TMAO and (B) R2/urea. Cluster
numbers are shown on the x and y axes, with 1 being the most probable cluster. The
upper triangle illustrates the RMSD value between a given pair of cluster centers for
CATS, and the lower triangle illustrates the RMSD value between a given pair of cluster
centers for GROMOS.
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Chapter 3

Molecular Dynamics Ensemble

Refinement of Intrinsically

Disordered Peptides According

to Deconvoluted Spectra from

Circular Dichroism

3.1 Introduction

It is challenging to determine the structural feature from an ensemble of IDPs.

Popular methods for experimental structure determination of proteins, such

as Cryo-EM or crystallography, are insufficient to independently determine
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the structure of IDPs [168]. Solution experimental methods, such as nuclear

magnetic resonance spectroscopy (NMR), are only able to produce an ensem-

ble averaged structure, thus additional analysis must be performed in order

to generate the structural ensemble [16]. Computational approaches, such as

molecular dynamics (MD) simulations, are also used to generate IDP struc-

tures, however these methods largely rely on Hamiltonians whose coefficients

are tuned using experimentally determined structures of stable proteins, re-

sulting in overly biased structures [7, 68, 98]. To alleviate these drawbacks,

combined computational and experimental approaches have also been used

[55, 119, 13, 111]. A necessary feature of these combined approaches is the

conversion between experimental observables and computationally generated

structures. NMR structure back-calculations [172] use a database that pro-

vides a relationship between known structures and chemical shifts. Unfor-

tunately, the NMR chemical shift databases consist of stable proteins with

α-helix and β-sheet structures, instead of IDPs. The relationship between

the spectroscopic observables and the distinguishing feature of a given pro-

tein is deconvoluted from the set of reference structures so that the features

of proteins with unknown structures can be determined. This is the typical

method for generation of computational models and force field refinement

using spectroscopic methods [13, 172, 96, 19, 77, 163]. Despite the popular-

ity of NMR analysis, there are several advantages to using CD spectroscopy

for the analysis of IDPs in certain circumstances. CD measurements are

of low cost, can be quickly performed and require a small amount of sam-
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ple material [90, 166]; however, they cannot provide high-resolution (residue

specific) structure approximations. We used several standard CD decon-

volution algorithms in conjunction with the SDP-48 CD reference dataset,

including SELCON3, CONTIN-LL, and CDSSTR, to analyze our IDP exper-

imental CD spectra. The resulting conformational solutions did not converge,

prompting us to speculate that there may be features within these standard

algorithms that are incompatible with systems containing short IDPs. In

this study, we have removed the bias in the deconvolution analysis of the CD

spectra by developing a non-negative least squares (NN-LSQ) fitting method

using a protein database that includes denatured proteins. We have pro-

duced the features of secondary structures from CD spectra and used them

to extract an ensemble of structures from all-atomistic molecular dynamics

simulations (MD). We applied this approach on refining the structures of a

set of small disordered peptides derived from the calmodulin (CaM)-binding

domain of calcium/CaM-dependent protein kinase II (CaMKII, 293-312) and

its 1-amino-acid and 3-amino-acid mutants (see Table 3.1 for the amino-acid

sequences). These peptides were chosen for detailed examination because

they show significant differences (up to 6-fold) in association rates when in-

teracting with CaM in solution at physiological ionic strength [164], with

as yet no understanding of the underlying mechanism. With our combined

approach of CD experiments and MD simulations, we have unexpectedly dis-

covered that the increase of secondary structures in a particularly revealing

peptide mutant (AAA) was due to the formation of a β-hairpin conforma-
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tion that we propose leads to a frustrated state, limiting the overall encounter

rate. Obtaining the structural ensembles of CaMKII peptides was a neces-

sary and essential step towards a more accurate estimation of their binding

rates for CaM and presently serves as a novel example for how secondary

structure can be a barrier to productive protein-protein interactions. More

broadly, the development of a new algorithm that is inclusive of disordered

protein states for CD deconvolution should find widespread use.

3.2 Materials and Methods

3.2.1 Peptide synthesis and preparation

The three 20 amino-acid long peptides used in this study were modeled af-

ter the CaM-binding domain of CaMKII (residues 293-312; see amino acid

sequences in Table 3.1) and were synthesized by LifeTein LLC. Their purity

was greater than 95% and the composition of each peptide was validated by

mass spectroscopy.

Table 3.1: CaMKII (293-312) peptide sequences are shown with mutated residues in red.

Peptide Sequence
RRK (Wildtype) FNARRKLKGAILTTMLATRN
RAK (Mutant - 1 site) FNARAKLKGAILTTMLATRN
AAA (Mutant - 3 sites) FNAAAALKGAILTTMLATRN
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3.2.2 Measurement with CD spectroscopy

Far-UV CD spectra were collected on a JASCO-815 spectrophotometer con-

trolled by Spectra Manager software. Suprasil cuvettes with a 1.0 mm path

length were used for all experiments. The spectrometer parameters were

typically set to the following unless noted otherwise: band width, 1 nm; re-

sponse time, 1s and data pitch, 0.2 nm/min. A solution consisting of 100

µM peptide was made using 10 mM Tris buffer at pH 7.5 and measurements

were taken by scanning the excitation wavelength between 190-260 nm with

temperature controlled at 20◦C. A total of 10 data accumulations for each

run were made with a sweep rate of 100 nm/min. Data collection was re-

peated for each peptide a total of 3 times, using a freshly prepared sample

in each run.Deconvolution of CD using a standard package: The CDPro

software package suite [148, 149] was used to deconvolute the experimental

CD spectra of the wildtype and mutant CaMKII peptides. We used the

soluble and denatured protein (SDP-48) datasets in conjunction with the

CDPro standard numerical fitting methods: CDSSTR, CONTIN/LL, and

SELCON3 [148, 149]. Because CDPro gives reliable results with CD data in

the range of wavelengths 190-240 nm when a large reference set is used (such

as SDP-48) [148], we input our data in the same range in increment of 1 nm.

The resulting structure approximation is presented as fractional values for six

main secondary structure categories: helix (regular), helix (distorted), strand

(regular), strand (distorted), turn, and unordered. We generalized the sec-

ondary structure codes into four main categories by consolidating the helix
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Table 3.2: Consolidation of CDPro and Dictionary of Secondary Structure of Proteins
(DSSP) structure annotations into generalized helix, strand, turn and unordered
categories. We choose a consolidation scheme similar to Kardos et al [107], where the
pi-helix secondary structure is counted as un-ordered due to its lack of distinction as a
stable secondary structure. DSSP was implemented using the AMBERTOOLS trajectory
analysis software CPPTRAJ, which contains an alternate set of structure codes despite
using the DSSP algorithm.

Defined Structure
Categories

CDPro Structures DSSP Structures CPPTRAJ imple-
mentation of DSSP

Helix
Helix(regular) α-helix α-helix
Helix(distorted) 3-10 helix 3-10 helix

β-sheet
Strand(regular)

β-strand
Parallel β-sheet

Strand(distorted) Anti-parallel β-
sheet

Turn Turn
Turn

Turn
Bend

Unordered/other Unordered

π-helix π-helix
β-bridge

None
Irregular/loop
Turn (1-residue)
Bend (1-residue)

(regular) and helix (distorted) into the helix category, and strand (regular)

and strand (distorted) into the strand category for comparison of structure

fractions produced by other analysis methods (see Table 3.2).

3.2.3 Deconvolution of CD data using Non Negative –

Linear Square (NN-LSQ) fitting

We deconvoluted the experimentally determined CD spectra of the wildtype

and mutant CaMKII peptides using a NN-LSQ fitting method. To do so, we

used the reference dataset SDP-48, which consists of CD spectra of 48 soluble
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and denatured proteins, as the basis spectra. We assumed that a linear

combination of CD spectra from the reference protein database is sufficient

to approximate the experimental spectra seen in RRK, RAK or AAA, and

that the CD spectra of the reference proteins are linearly independent. The

squared difference between any non-negative linear combination of the CD

basis spectra and the experimental CD spectrum δ2 is minimized by finding

the optimal weight coefficients ~x as shown in Eqn. 3.1

δ2 =
∣∣∣C · ~x−~b∣∣∣2 (3.1)

where C is the 51x48 matrix representing the 51 CD spectrum points for all

48 reference proteins of SDP-48, ~x is a vector of the weight coefficients for the

reference proteins, and~b is the 51 by 1 vector of the experimentally measured

CD values of the CaMKII peptide in the 190 to 240 nm wavelength range.

The weight coefficients vector, ~x, is determined by NN-LSQ fitting, and each

coefficient is required to satisfy xi ≥ 0 to account for the possible differences

in the signal amplitude in our experimental results and the reference database

CD spectrum. We subsequently use the fitted weight coefficients of ~x to

compute the secondary structure fractions given by Eqn. 3.2,

~d = A
~x

|~x|
(3.2)

Where A is the 6x48 matrix representing the 6 possible secondary structure

fractions for each of the 48 reference proteins, and ~d is the 6x1 secondary
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structure solution for the CaMKII peptide. The resulting structure approx-

imation is presented as fractional values for six main secondary structure

categories: helix (regular), helix (distorted), strand (regular), strand (dis-

torted), turn, and unordered. We generalized the secondary structure codes

into four main categories by consolidating the helix (regular) and helix (dis-

torted) into the helix category, and strand (regular) and strand (distorted)

into the strand category for comparison of secondary structure fractions pro-

duced by other analysis methods (see Table 3.2).

3.2.4 All-atom molecular dynamics (MD) simulations

with implicit solvent of the peptides

3.2.4.1 MD setup and initialization

Because there is no high-resolution solved structure due to the disordered

nature of the CaMKII peptides, we built the initial structures for molecu-

lar dynamics (MD) simulations using the LEaP module of AMBERTOOLS

14 [18] based only on the amino acid sequences (Table 3.1). The N and C

terminals of these peptides were not capped or modified, consistent with the

experimental study [164]. All molecular dynamics (MD) simulations were

carried out using the package AMBER 14 with the ff99sb force field [68, 18].

We used an implicit solvent model with the Generalized Born [150, 118, 113]

approximation and the modified Born radius parameter set mbondi2 [118].

We performed energy minimization on the initial structures using 1000 steps
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of conjugate gradient followed by 1000 steps of steepest descent algorithms.

The minimized structures were brought to the desired temperatures in two

steps: heating each minimized structure to 277K, 285K, or 293K, followed

by a simulated annealing cycle. Simulated annealing was carried out by

heating structure coordinates obtained in the previous step to 400K over a

period of 600ps, followed by cooling to the designated temperature over a

period of 600ps with velocity randomization every 100ps. All setup runs

used a time step of 2 fs. We restrained hydrogen dynamics by employing

the SHAKE algorithm [137]. We used Langevin dynamics with a collision

frequency of 2ps−1 to regulate the temperature (Langevin thermostat); pe-

riodically randomizing the velocity distributions was therefore necessary to

avoid synchronization effects associated with Langevin thermostats [144].

3.2.4.2 MD production runs

We performed all-atomistic implicit solvent simulations for each CaMKII

peptide at 277K, 285K, and 293K, replicating the operating temperature of

the stop-flow kinetics experiment [164], a mid-point temperature, and the

operating temperature of the CD measurements, respectively. The produc-

tion run was performed at the designated temperature for a period of 80

ns with a 2fs time step. We sampled energy and trajectory data every 4ps,

which was determined through correlation time analysis. All simulation steps

from the setup and production runs were repeated an additional 14 times for

every temperature/peptide combination, resulting in a total production run
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simulation time of 2.4 µs (per peptide per temperature). Trajectories were

tested for convergence using two approaches: Kullback-Liebler (KL) diver-

gence [38, 89] between distributions of the potential energy in accumulated

simulation time, and cluster analysis with respect to simulation time.

3.2.4.3 Data-guided extraction of all-atom peptide conformation

ensembles

Determination of the secondary structure content in MD trajectories: The

secondary structure content of the peptides was computed using the CPP-

TRAJ module of AMBERTOOLS[133], which calculates structure content

based on the Dictionary of Secondary Structures of Proteins (DSSP)[78].

The results of our structure analysis generated 7 possible secondary struc-

ture categories per residue: α-helix, parallel β-sheet, anti-parallel β-sheet,

3-10 helix, π-helix, turn, and unordered. We consolidated the 7 secondary

structure categories into 4 generalized secondary structure categories (see

Table 3.2) and generated a histogram of the structure codes associated with

each residue to produce the overall fractional secondary structure values in

each trajectory frame.

3.2.4.4 Refinement of IDP ensemble structures from MD using

CD deconvolution data

Using the secondary structure data for each frame of our MD trajectories, we

selected pairs of trajectory frames that produce average secondary structure
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fractions similar to those observed in the CD deconvolution data from our

NN-LSQ fitting. For a given peptide trajectory, frames are extracted in pairs

if the following equality is satisfied for each structure fraction:

∣∣∣∣∣Ski + Skj
2

− Sk0

∣∣∣∣∣ ≤ σ (3.3)

where Ski and Skj are the fractional values for the kth structure category

(either helix, β-sheet, turn or unordered secondary structure categories) for

frames i and j, and Sk0 is the structure fraction for category k derived from

our NN-LSQ deconvolution results. Selected structures represent the refined

IDP ensemble. Clustering is performed on the obtained ensembles to derive

representative structures shown in Fig. 3.4.

3.2.4.5 Contact map analysis

CD-guided MD structures of the peptides from the CD-refined ensemble were

used for contact map analysis. The definitions are described as follows: A

contact between residue i and j (at least 4 residues away) is formed if any

atom from residue i is within a cutoff distance of 4Å of any atom from the

residue j. A backbone (sidechain) contact between residue i and j (at least 4

residues away) is formed if any backbone (sidechain) atom from the residue i

is within a cutoff distance of 4Å of any backbone (sidechain) atom from the

residue j. A single hydrogen atom from glycine is considered as its sidechain.

A hydrogen bonding contact between residue i and j is formed if a donor
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atom (D) from residue i is within a cutoff distance of 4Å of an acceptor atom

(A) from residue j, and the D-H-A angle through a bonding hydrogen (H) is

within a cutoff angle of 30◦.

3.3 Results

The results of our CD spectra indicate a distinct secondary structure shift

between RRK and AAA. The CD spectra presented in figure 3.1 shows the

average secondary structure ensembles of RRK, RAK and AAA peptides.

Typically, a negative CD signal at 220 nm indicates the presence of helical

or strand structures, and a negative signal at 195 nm corresponds to de-

natured/disordered structures [56]. Here, the experimental data shows the

existence of a secondary structure in AAA that does not exist in RRK or

RAK. This data suggests that each charged residue mutation reduces the

disordered content of the peptide’s structure ensemble. Overall, the charged

residue mutations result in a significant conformational change from the dis-

order in RRK to the more ordered structures in AAA. We first speculated the

increased structures in AAA was due to helical secondary structure as ala-

nine residues have the highest propensity to form α-helices [121]. However,

the experimental CD spectrum for AAA displays only one negative peak at

222 nm but is missing a second smaller signal peak at 208 nm, which is a

hallmark of alpha helical regions in CD spectra [56]. This indicates that there

is a mixture of secondary structure components in the peptides. Therefore,
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Figure 3.1: Far-UV CD spectra of the CaMKII peptides. The circular dichroism
(CD) experimental spectra is shown for the RRK, RAK and AAA peptides. A solution
consisting of 100 µM of each peptide was made in 10 mM Tris buffer at pH 7.5 and
measurements were taken in a 1.0 mm quartz cuvette by scanning the excitation
wavelength between 190-240 nm with temperature controlled at 20◦C.
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Table 3.3: Fractional secondary structure approximations are given for the CONTIN/LL,
SELCON3, CDSSTR and NN-LSQ fit CD deconvolution methods. The approximate CD
spectrum representing the CaMKII peptides is recreated from a linear combination of
SDP-48 known conformation/spectra definitions that we developed. The unitless RMSD
between the approximated and experimental spectrum (δε) is given. *SELCON3 was
unable to converge for the RRK spectrum; the solution shown is the result of partial
completion of the SELCON algorithm.

Helix Strand Turn Unordered RMSD

RRK

*SELCON3 0.00 -0.06 -0.07 1.28 15.86
CDSSTR 0.15 0.32 0.28 0.24 1.38

CONTIN/LL 0.01 0.01 0.10 0.88 0.35
NN-LSQ 0.04 0.15 0.09 0.72 0.26

RAK

SELCON3 0.04 0.03 0.01 0.94 4.72
CDSSTR 0.17 0.29 0.23 0.31 0.84

CONTIN/LL 0.03 0.02 0.08 0.87 0.40
NN-LSQ 0.04 0.22 0.13 0.62 0.23

AAA

SELCON3 0.29 0.20 0.19 0.36 3.26
CDSSTR 0.37 0.30 0.16 0.17 0.63

CONTIN/LL 0.03 0.05 0.30 0.62 0.44
NN-LSQ 0.04 0.34 0.17 0.46 0.36

we employed CDPro to deconvolute the CD spectra on the three peptides in

the next section.

3.3.1 Standard CD deconvolution solvers produce in-

consistent results on the content of secondary

structures

We have used three standard CD deconvolution solvers, CDPro, CAPITO,

and BESEL in attempts to analyze the structural information of the peptide

spectra. We found that all of them produce inconsistent outcomes, show-
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ing non-convergence and large RMSD compared to experimental spectra.

(A) CDPro: We generalized the secondary structure codes used by CDPro

into four main categories (see Table 3.2). The three standard deconvolu-

tion solvers (CDSSTR, SELCON3, and CONTIN/LL) from CDPro generate

inconsistent fractions of secondary structures as shown in Table 3.3. The

CONTIN/LL method shows that RRK contains mostly turn and unordered

secondary structures, however, the CDSSTR method shows that RRK con-

tains similar quantities of structured and unstructured regions. In the AAA

deconvolution results, the CDSSTR and CONTIN/LL methods suggest op-

posing secondary structure content, with CDSSTR resulting in the increase

of helical fractions and CONTIN/LL resulting in the increase of turn content.

The SELCON3 methods appear to perform the worst among the three, giv-

ing large RMSD between the reconstructed CD spectra and the experimental

data (figure 3.2) and producing unrealistic fractions of secondary structures.

In summary, the deconvoluted data were inconclusive because of disagree-

ment between the three solver methods (https://sites.bmb.colostate.edu/sreeram/CDPro/).

(B) CAPTIO: Use of more recently developed tools for the analysis of CD

spectra, shows either large RMSD or under-estimates the fraction of un-

ordered secondary structure for proteins with rich disordered segments. Specif-

ically, CAPITO [167], which uses basis spectra for each of α-helix, β-strand,

and irregular secondary structures extracted from SP-175, was not able to

produce a good fit for the CaMKII peptides. (C) BeStSel [106] : carries

out a detailed secondary structure analysis providing information on eight
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Figure 3.2: Comparison between the fitting of the CD spectra using the CDPro and
NN-LSQ fitting. (A, C, E) The experimental CD spectrum is compared to the calculated
CD spectrum derived from the CONTIN/LL, CDSSTR, and SELCON3 methods for
RRK, RAK and AAA peptides, respectively. (B, D, F) The calculated CD spectrum
using the NN-LSQ fitting method and SDP-48 database is compared to the experimental
data for RRK, RAK and AAA peptides, respectively.
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secondary structure components, and provides improved estimation of the β-

strand content. Our analysis of the CaMKII peptides with BeStSel produced

relatively large RMSD and reinforces that present CD analysis tools are not

useful for this class of peptides.

3.3.2 CD deconvolution with NN-LSQ fitting indicates

presence of β-hairpin secondary structure

The inconsistencies associated with the standard deconvolution models prompted

us to review the fitting methods from the three standard deconvolution

solvers. We noted that the current methods overly favor helical content by

fitting the CD spectrum to a dataset of predominantly globular or membrane-

bound proteins as well as by employing algorithms emphasizing the weights

on helical structures. In order to avert these two issues, we chose to fit the CD

spectrum with the data set of denatured proteins (SDP-48) and search for al-

ternative fitting routines. We used NN-LSQ fitting because it simultaneously

took into account the data from all protein structures in the SDP-48 reference

set and made no a-priori assumptions about the secondary structure. Our

NN-LSQ fit deconvolution results presented in Table 3.3 indicate that the

primary effects of the mutation in the peptides emerge through an increase

in the β-sheet category secondary structure (in red fonts in Table 3.3), while

the helical content remains the same. The increase in secondary structure

is naturally associated with a decrease in the disordered structure category,
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where RRK has the highest disordered content with 72%, and AAA has the

lowest disordered content with 46% (according to NN-LSQ fit deconvolution

from Table 3.3).

3.3.3 All-atom MD simulations produce strongly bi-

ased structure ensembles

To generate an equilibrium ensemble of structures for the three peptides,

we employed all-atom MD simulations with implicit solvent at three tem-

peratures: 277K, 285K, and 293K. A total of 2.4µs of data sampled at 4ps

intervals was collected for each peptide/temperature combination, and an-

alyzed for their secondary structure content using DSSP. Data produced

from this analysis was translated into a four-category generalized secondary

structure scheme shown in Table 3.2. The secondary structure fractions for

each trajectory were first averaged to illustrate the overall conformational

trend produced in each simulation (figure 3.3). The analysis of the secondary

structures shows that the MD simulations were incapable of generating an

ensemble of structures that match with the CD analyses. More specifically,

comparing to the deconvoluted secondary structure fractions from the CD

data, the MD ensembles illustrate a significant bias towards helical content.

The data for all peptides at all temperatures show the β-sheet content at

less than 5% and the helical, turn, and unordered content in the range of

30-40%. Additionally, the DSSP analysis indicates no significant overall sec-
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Figure 3.3: Average secondary structure fractions produced by the all-atom CaMKII
peptide simulation. A histogram of the secondary structures produced by DSSP analysis
for each frame of the CaMKII peptide trajectories are shown for (A)RRK, (B)RAK, and
(C)AAA at 277K, 285K and 293K.
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ondary structure shift between the wildtype and mutant peptides for all

three temperatures. This finding is in contrast to the deconvolution data in

NN-LSQ fitting, where the fraction of β-sheet content for RRK is 15% and

increases to 22% and 34% for RAK and AAA respectively. In summary, the

outcomes from the MD simulations do not appear to accurately represent the

secondary structure shift that occurs between mutant peptides as indicated

by our CD data.

3.3.4 Approximate structure ensemble of IDPs from

all atom trajectories and CD deconvolution

To gain useful information from the MD simulations that agrees with our CD

deconvolution data, we select pairs of trajectory frames from the production

run with similar averaged secondary structure fractions as those observed in

our NN-LSQ fit CD deconvolution data shown in Table 3.3. We analyzed

peptide trajectories for the 293K production run using a σ value of 0.035

for each structure category (Eqn. 3.3). We obtained 11002 structures for

RRK, 2410 structures for RAK and 130 structures for AAA. Deviations be-

tween the number of structures generated for each peptide appears to be

correlated with the relative β-sheet content. All MD trajectories displayed

poor sampling of β-sheet structures (figure 3.3), which may explain the de-

creasing number of extracted frames as the β-sheet content for each peptide

increases. Although the structural ensemble derived from MD simulations
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appeared to be biased, we assume that the force field still samples the correct

peptide conformations in significantly smaller quantities. Since spectroscopic

methods produce observables corresponding to the ensemble-averaged state,

we only require that the extracted MD frames produce an ensemble whose

average corresponds to the experimental CD data. Using the solutions ob-

tained from CD deconvolution enables us to separate MD trajectory data

that agrees with the experimental data from biased trajectory data.

A set of 10 structures representing each peptide ensemble was generated by

clustering. Initially, the Hieragglo clustering method from CPPTRAJ with

10 total clusters was used. The results of this clustering method appear to be

misleading due to the disproportionally large populations of the first clusters

in RRK and RAK. Since the CaMKII peptides possess significant fractions of

disordered content, it is likely that these large clusters have conformational

variation within them, and are poor representations of the ensemble. To

gain better resolution of the representative ensemble structures, a previously

developed clustering algorithm was chosen to resolve the extracted struc-

tures. The Combinatorial Averaged Transient Structure (CATS) method

has produced better structure resolution for IDPs than traditional clustering

methods [45], and is therefore employed in the current study. The selected

structures (figure 3.4) from CATS represent a set of highly probable confor-

mations exhibited by the peptides in solution. Based on these representative

structures, RRK and RAK display significant conformational variation com-

pared to AAA, which forms compact β-sheet structures. In our NN-LSQ CD
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Figure 3.4: Sample conformations of generated ensembles. CaMKII peptide ensembles
were generated by selecting MD trajectory frames from the 293K runs with secondary
structure fractions that match the NN-LSQ CD deconvolution results. To illustrate
structure features, the generated ensembles are clustered using an algorithm designed to
cluster IDPs developed from our group: Combinatorial Averaged Transient Structure
(CATS) [45]. Center structures from the 10 most populated clusters are shown for (A)
RRK, (B) RAK, and (C). The peptides are colored according to atomic index, with the
N-terminus shown in red and the C-terminus shown in blue.
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deconvolution results, RRK and RAK present a high percentage of unordered

structure at 72% and 62%, respectively. On the other hand, AAA possesses

a lower degree of unordered structure at 46% (labeled in blue in Table 3.3).

This result is consistent with the generated structure ensemble, which possess

a maximum RMSD of 12.5Å for RRK, 12.4Å for RAK, and 10.5Å for AAA.

The RMSD analysis of the generated ensemble also illustrates that AAA

has the lowest standard deviation of RMSD values (0.986Å), compared to

RRK and RAK (1.412Å and 1.737Å respectively). An increasing secondary

structure content can be observed in figure 3.4 as a result of each sequential

mutation of the RRK peptide. This observation is in agreement with the shift

in ordered and disordered content predicted by CD deconvolution despite the

apparent force field bias observed in the analysis of the complete trajectories

(figure 3.3). We acknowledge that the precise quantitative shift in secondary

structure fractions in each mutant may not be completely represented by the

generated ensembles shown in figure 3.4, however they illustrate the approx-

imate location of residual secondary structure. The set of RRK structures

(figure 3.4A) contain relatively small regions of helical and β-hairpin regions.

The N-terminus appears to be largely unstructured with the ability to par-

ticipate in β-strand formation with C-terminus residues. On the other hand,

the C-terminus appears to form turn/helical/hairpin structures more read-

ily with other C-terminal or central residues. In the set of RAK structures

(figure 3.4B), the presence of β-strand conformations is more prevalent in

comparison to RRK. It can be observed that the N-terminus of RAK par-
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ticipates in the majority of β-hairpin structure formation. Additionally, the

number of structures with turn/helical regions in the C-terminus has de-

creased with respect to RRK, however this appears to be correlated with the

increase in β-hairpin structure formation. Lastly, the set of AAA structures

(figure 3.4C) all contain the β-hairpin secondary structure, however there

appears to be two distinct variations of the hairpin: a symmetrical β-hairpin

structure, and an asymmetrical hairpin-helix structure. The asymmetrical

structures begin their hairpin motif closer to the N-terminus, and form a

helical structure on the unbound C-terminal tail. Alternatively, the symmet-

rical structures start forming the hairpin motif in the central region of the

peptide, with the N and C terminal binding instead. Contact map analysis

shows AAA mutant adopts strong secondary structure formation. In order

to gain more insight in the characteristics of the differential hairpin struc-

tures in the three peptides, we studied the contact formation of each peptide

(figure 3.5). The CaMKII peptide can be broken down into three regions:

N-terminus, C-terminus, and the center. The N-terminal region (293-298)

contains positively charged residues in RRK/RAK, and neutral residues in

AAA. The central region, or the CaM binding motif (L299-L308), is mainly

composed by hydrophobic residues. The C-terminal region of each peptide

(309-312) contains a charged arginine residue, which can potentially form hy-

drogen bonds or repel other positively charged residues in the N-terminus.In

the wild-type peptide RRK, as seen in figure 3.5A, the probability of contact

formation is generally low (less than 0.5), which suggests high variations in
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Figure 3.5: Contact probability map of the CD-refined MD structures. Probability of
contact formation are plotted for peptide (A) RRK, (B) RAK, and (C) AAA. The upper
triangle and lower triangle depict the probability of backbone to backbone (BB) and
side-chain to side-chain (SC) contact formation, respectively. The amino acid sequences
are provided as the axis labels. The blue/orange ellipses encircle anti-parallel β-sheet
structures; the orange rectangle encircles parallel β-sheet structure; and the dotted
straight lines mark the contacts in the α-helical structures. The criteria of contact
formation are defined in the Method section. Figure generated by Pengzhi Zhang and
Nathaniel Jennings.
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the conformations adopted by the peptide. Secondary structures such as β-

sheets can be formed with low probability. More specifically, the N-terminus

and the C-terminus can possibly form anti-parallel β-sheet, suggested by the

interactions in the cross-diagonal region of the contact map (blue ellipses),

especially between sidechains of M307 and the middle basic residue (R297);

the central region of the peptide can form parallel β-sheets, suggested by

the low-probability interactions in the region of the contact map that are

parallel to the diagonal (orange ellipse); more likely, the central region can

form α-helix, indicated by the sparsely distributed higher probability con-

tacts parallel to the diagonal (residues separated by 4 residues, dotted lines

parallel to the diagonal in figure 3.5A), such as the backbone to backbone

contact between L304 and L308, and the side-chain to side-chain contacts

between L299 and I303, between I303 and M307. Upon mutation of R297A,

in figure 3.5B, the interactions are sparser but mostly of higher probabili-

ties. Comparing to the wild type, there is a higher probability of forming an

anti-parallel β-sheet between the N-terminus and the central region of the

peptide (blue ellipses in figure 3.5 5B). The N-terminus are likely to form

stable contacts with hydrophobic residues in the central region close to the

C-terminus, especially between the residues around the mutation A297 and

M307-L308. Comparing to the wild type, interactions in the center of the

RAK peptide do not seem to form any parallel β-sheet structure (figure 3.5).

In AAA, further compaction in the peptide structure (figure 3.4) and in-

crease in the secondary structures are observed (figure 3.5C). In contrast to
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RRK and RAK, there is a relatively high probability of forming anti-parallel

β-sheet structures between the N-terminus and the central region (blue el-

lipses, figure 3.5C), and a low probability of forming anti-parallel β-sheet

structures between the central region and the C-terminus (orange ellipses,

figure 3.5C). Interestingly, the mutated residues play an essential role. There

are stable backbone to backbone interactions between the hydrophobic region

formed by the mutated residues and neighboring residues (A297-G301) and

hydrophobic residues in the central region (M308-L309), as well as side-chain

to side-chain interactions between the mutated residues and residues in the

central region as well as the C-terminus. To note, the mutated residue A298

forms a side-chain to side-chain contact with charged residue R311 in high

probability, which is prohibited in RRK or RAK because of the electrostatic

repulsion. In summary, AAA peptide shows a high probability of adopting

anti-parallel β-sheet (as shown in figure 3.4C) and the stabilizing hydropho-

bic interactions of the AAA mutant may interfere with helix formation, which

is a necessary conformational adjustment that aligns the CaM-binding motif

to residues in CaM, including residues L299, I303, and L308 (lack of interac-

tions within the CaM-binding motif along the lines parallel to the diagonal

in figure 3.5C).

Furthermore, we analyzed the hydrogen bonds within each peptide ensemble

to investigate the role of charged residue distribution in each peptide’s equi-

librium conformation (figure 3.6). Our analysis reveals two diagonal hydro-

gen bonding patterns in AAA between N- and C- terminal residues that does
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Figure 3.6: Hydrogen bond probability map. The relative probability of intramolecular
hydrogen bond formation is shown for the ensemble of structures extracted from all atom
MD simulations using the results from NN-LSQ CD deconvolution for (A) RRK, (B)
RAK, and (C) AAA. Contacts are defined using a 30◦ angular cutoff and 4Å distance
cutoff between hydrogen bond donor and acceptor residues. Contact probabilities are
scaled such that the highest contact probability is 1.
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not exist in RRK or RAK. Upon closer examination of AAA, we observe that

the charged residue mutation sites form hydrogen bonds with the C-terminal

region near R311. This binding pattern appears to contribute to the β-sheet

secondary structure formation of AAA. On the other hand, the two high-

est probability bonds exist between T310-M307 and R311-L308, which may

contribute to the formation of the C-terminal helical motif that is observed

in several extracted AAA ensemble conformations (figure 3.4C). RRK and

RAK show alternate hydrogen bond patterns on the diagonal that loosely

resemble helical or turn conformations. RRK and RAK appear to form only

one high probability hydrogen bond between M307 and L304, which is not

formed by AAA. Although RRK and RAK both appear to form low proba-

bility hydrogen bonds with both N and C terminus residues, RAK possesses

a high probability hydrogen bond between R296 and M307. Examination of

the bonds formed by the charged residues of the N-termini in RRK and RAK

illustrates a pattern of interactions with over half of the other residues, with

RRK possessing a greater spread of low probability bonds than RAK. Direct

binding pattern changes between RRK, RAK, and AAA at the mutation sites

are expected, however many of the new hydrogen bonds do not appear to

directly involve the charge residues at the mutation sites, implying the effect

of charged residue mutations is not localized. This phenomenon is observed

in the L299-L308 hydrogen bond: AAA has a high probability of forming

this contact compared to RRK and RAK even though neither residue was

mutated.
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3.4 Discussion

Conformational ensemble of the CaMKII peptides are dependent on charged

residue distribution. Our experimental CD measurements and CD deconvolu-

tion results indicate that the residual secondary structure of the 3-residue mu-

tant, AAA, is hairpin-like. Additionally, our analysis revealed that the RRK

and RAK peptides were composed of disordered and hairpin conformations,

along with 4% residual helix structure (Table 3.3). The equilibrium confor-

mational ensemble shift between the wildtype and mutant CaMKII peptides

is directly correlated to solvation and electrostatic effects. Previously, the

Pappu group has shown that the specific distribution of charged residues

within a peptide will affect the equilibrium conformation [24, 101, 120]. To

determine whether the conformational shift observed between RRK, RAK

and AAA is attributed to changes in charge distribution, we analyzed the

sequences of the CaMKII peptides using the IDP analysis tool CIDER [66].

Our analysis found that AAA is predicted to be in a compact/globular en-

semble, while RRK is predicted to be in the most expanded conformation.

This result was expected since RRK has the most heterogeneously distributed

charges with respect to RAK or AAA. CIDER also predicted that RAK will

be in a globular form based on the fraction of charged residues, however the

similarity between the RRK and RAK CD spectra leads us to question the

validity of this prediction.
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3.4.1 CDPro overly emphasizes helical formation

Convergence for secondary structure fractions between each CDPro method

is necessary for establishing confidence in the determination of secondary

structures [148]. Our decision to employ an alternative CD deconvolution

method came after a lack of convergence from the three major methods as

outlined in Table 3.3. These algorithm features may be appropriate for globu-

lar proteins with stable secondary structures; however, we show that they are

not applicable for the present set of CaMKII peptides. Due to this revealed

incompatibility, we fitted the experimental CD spectra with the SDP-48 ref-

erence protein set. Although this reference set was also used with CDPro

deconvolution algorithms, it did not produce the same results. Compared

to the standard CD deconvolution methods, the fit including the SDP-48

database resulted in the lowest RMSD for all peptides (Table 3.2), signifying

that, as expected, IDPs and other flexible proteins require alternate CD data

analysis methods than those used for larger, globular proteins. A significant

difference in our NN-LSQ fitting is that it considers all proteins within the

SDP-48 dataset, whereas the CONTIN/LL, CDSSTR, and SELCON3 meth-

ods randomly select a subset of proteins from the reference set for solving

the deconvolution problem. This may be an issue for peptides with disor-

dered content since there are only five fully disordered proteins within the

SDP-48 dataset. Hence, the best combination of proteins to fully represent

CD spectra has, to date, not been obtained.
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3.4.2 Force fields for molecular dynamics simulations

favor helical formation

The Hamiltonian used in MD Force fields refine coefficients through exper-

iments with larger globular proteins that are structured by nature [69, 92].

This effect has been demonstrated in our equilibrium peptide simulations,

which were performed for all mutant variations and at different tempera-

tures (see figure 3.3). The effect of temperature on the secondary structures

of each peptide appears to be minimal. In each simulation, the helical confor-

mation is over expressed regardless of temperature or even mutation. In all

three peptide runs at each temperature, the same structural trend appears:

helix, turn and unordered structure components are similarly distributed.

Compared to the experimental CD results (figure 3.1), we expect the emer-

gence of a dominant structure in AAA that does not appear in RRK or RAK.

Since the trajectory data does not display this trend, the force field we used

is assumed to contain conformational bias despite previous efforts to improve

accuracy [98].

Newer force fields for molecular dynamics simulations that are designed for

IDP and folded proteins are available [132, 70]. However, choosing the best

model for our specific system was not a simple task. In addition, variations

in the water model heavily affect the outcome of IDP simulations [8, 11].

There is a limitation to IDP force field development due to the lack of ex-

perimental data detailing the conformational ensemble of IDPs. Common
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methods for experimentally refining force fields, such as SAXS, FRET and

NMR, are only able to produce an average of the conformational ensemble

[77, 15] and do not necessarily contain the observables needed to describe

IDPs in silico. We elected to sample a larger set of data by implementing an

implicit solvent model instead of focusing our efforts on finding the best MD

parameterization. By combining simulation and experimental results, we are

able to reveal and partially resolve the shortcomings in each method [48].

3.4.3 Conformations of unbound CaMKII peptide may

be important to binding with CaM

The experimental study of the CaM-CaMKII binding kinetics between CaM

and the CaMKII peptides illustrate an 6-fold increase in the association

rate of RRK compared to AAA [164] in 150 mM ionic solution. This ionic

strength effectively screens the electrostatic potential by a Debye length of

7.8Å. This screening effect can decrease the electrostatic rate enhancement

for diffusion-limited binding kinetics [160, 1] of CaM and the CaMKII pep-

tides, however the electrostatic potential is not completely screened over

localized peptide regions. Comparison of the kinetic results to the conforma-

tional analysis in the present study resolves a finite set of possible binding

mechanisms between CaM and the CaMKII peptides. We initially assumed

that AAA would have a higher affinity for CaM because of the residual helical

propensity induced by the alanine residues as these peptides are known to
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adopt a helical conformation when they bind to CaM. It has been hypothe-

sized that the presence of residual structure would reduce the energy barrier

between unbound and bound states leading to increased association rates

[130, 108]. Since the stopped-flow experimental results (decreased on-rate

for AAA relative to RRK; [101]) disproved this hypothesis, we turned to our

CD analysis for additional mechanisms, which has shown to offer a diverse

range of secondary structures for other calmodulin binding target peptides

[35].

The CD measurements indicate a distinct difference in the ensemble of RRK

and AAA secondary structures. Our CD deconvolution results indicate that

the secondary structure formed through each mutation is actually in the form

of a hairpin structure. The apparent lack of helical structure in the peptide

ensemble implies that the hypothesis that increased kinetics and peptide

residual structure are positively correlated [23, 3, 74] is not applicable in

modeling the CaM-CaMKII peptide binding. Moreover, a larger energy gap

between the bound and unbound states may exist due to the presence of the

stable hairpin structure in AAA [165, 64, 65]. In order for the mutual and

induced conformational fit mechanism [162] to take place, the peptide must

transition from the hairpin structure to the extended state in order to form

productive and stable contacts with CaM. Our findings suggest that a signif-

icant conformational change must occur for the AAA peptide, reversing the

hairpin structure to allow formation of the helical conformation upon forma-

tion of the CaM bound complex [103]. This provides a plausible mechanistic
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explanation for the differences in association rates [101] and emphasizes that

conformational frustration can be an important step in regulating the kinetics

of protein-protein interactions.
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Chapter 4

Investigation of

CaMKII(293-312)/CaM

binding kinetics

4.1 Introduction

Modeling the complex Ca2+ -CaM/CaMKII(293-312) kinetics has been an

underlying goal of this dissertation. A major challenge in modeling this

bimolecular interaction stems from the disordered nature of the CaMKII

peptides and the flexible CaM linker. Equilibrium binding between CaM

and the CaMKII peptides occurs in multiple steps:

[A] + [B]
k1−−→←−−
k−1

[AB∗]
k2−−→←−−
k−2

[AB] (4.1)
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where proteins A and B form the encounter complex, [AB*], and undergo

conformational changes to produce the final bound canonical complex [AB].

The formation of the encounter complex is diffusion limited; the forward

and backward kinetic rates, k1 and k−1 respectively, can be found using the

Smoluchowski equation. Unfortunately, the determination of k2 and k−2 is

not as straight forward from a theoretical perspective. CaM rapidly sam-

ples open and closed equilibrium conformations in the presence of Ca2+ ions,

which enables it to form the canonical complex with its peptide targets [123].

In this system, the CaMKII peptide targets are IDPs. This increases the con-

formational degrees of freedom available to the transition pathway between

canonically bound and unbound states. The kinetics involving disordered

proteins appear to be unique to the system being studied. For example,

Clarke et al. show that the coupled folding and binding of the cMyb pe-

tide with the KIX protein is much faster than the diffusion limited rates

[139], and thus the upper-limit to kinetics can be approximated through the

Smoluchowski equation with additional electrostatic rate enhancement con-

siderations. Conversely, the conformational changes associated with coupled

folding and binding for IDPs have also been shown to possess relatively slow

kinetics compared to the diffusion limited region [31].

If the CaM/CaMKII interaction model possessed a fast binding and folding

pathway, then diffusion would be the rate-limiting step and the lower charge

on the mutant CaMKII peptide would explain the 6-fold decrease in kon rate

[164]. The stopped-flow fluorescence experiment was setup using a solution
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Figure 4.1: visualization of the crystal structure of the CaM/CaMKII(290-314) peptide
complex. PDB ID: 1CM1. The charged residue mutation sites of RRK (CaMKII
296-298) are represented explicitly in blue. CaM is colored by atomic index, with red
representing the N-terminus and blue representing the C-terminus.

with high ionic concentration in order to shield electrostatic rate enhance-

ment effects. As a result, the observed kinetics are hypothesized to be due

to conformational change of the binding partners. In chapter 3, our analysis

of the experimental CD spectra for the wildtype and mutant CaMKII pep-

tides illustrated that shift in the ensemble-averaged conformation had taken

place. This result agreed with the hypothesis that the CaM/CaMKII kinetic

rates are related to a conformational change of the binding partners. The

109



crystal structure of the CaM/CaMKII(293-312) canonical complex in figure

4.1 illustrates that RRK adopts an α-helical conformation once bound. The

increase in secondary structure propensity of the AAA peptide (3-residue

mutant) decreased stability of the bound complex despite having neutral or

positive kinetic effects in other studies [134, 99].

The goal of the proposed future work in this chapter is to generate a model

that is able to predict the kinetics of the CaM/CaMKII peptides and illus-

trate differences in binding mechanism due to the charged residue mutations.

Bimolecular interactions involving a high degree of coupled conformational

change require careful treatment of each possible binding pathway, since the

culmination of pathways determine the transition between initial and final

states. This chapter outlines previous work on bimolecular interaction mod-

els, and discusses the implementation of a MSM for the CaM/CaMKII sys-

tem.

4.2 Overview of kinetics

Collins and Kimball [22] discuss diffusion-controlled reaction rates with some

consideration of the partially absorbing boundary condition. The Solution

to the Smoluchowski equation for the concentration of a diffusive species is
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given in terms of the flux across the boundary:

Φ = 4πR2D

(
∂c

∂r

)
r=R

(4.2a)

Φ = 4πRDc0

(
1 +

R√
πDt

)
(4.2b)

Collins and Kimball resolve a diffusion-limited reaction model that may not

react after reaching the reactive boundary b. The generalized Smoluchowski

equation is given as

4πR2Dc′(R) = κc(R) (4.3)

which essentially states that the flux is proportional to the reactant concen-

tration. The diffusion-controlled reaction is further controlled by the con-

stant κ, where κ = 0 implies no reaction occurs, and κ → ∞ implies that

the reaction is fully diffusion limited.

Alternatively, in Northrup et. al. [116], particles achieving separation of b are

modeled as either reacting or diffusing outward towards infinity by the prod-

uct k = kD(b)p, where the diffusion-controlled reaction can be approximated

by the Smoluchowski result kD(b) = 4πDb. Calculation of p is dependent

on a number of factors within the reaction boundary, b. The quantity β∞

is defined as the probability that a particle within the radius b will collide

with the reactive surface of the receptor at least once rather than escape to

infinite separation distance. The quantity α is defined as the intrinsic prob-

ability that a collision with the active site will react. If every collision with
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the surface of the receptor causes a reaction, p = β∞ and α = 1. The kinetic

rate is trivial in this case:

k = kD(b)β∞ (4.4)

where β∞ only involves diffusion and can be calculated using Brownian Dy-

namics. In the case that not every collision results in a reaction, further

expansion of α is required. In this case, subsequent diffusion away from an

unsuccessful reaction attempt must be considered by including the quantity

∆∞, which is the probability that another collision will occur after diffusing

away following an initial failed reaction. The final reaction rate is given by

k =
kD(b)β∞α

1− (1− α)∆∞
(4.5)

The major issue with this calculation is that the collision with the reactive

surface can have only two outcomes: react or diffuse away. In the case of

CaM-CaMKII interaction, an encounter complex is generally formed, but the

conformational changes that are required in order to form the bound com-

plex cannot be described through simple probability factors. The encounter

complex effectively sequesters CaMKII/CaM from a diffusion limited reac-

tion model, therefore the α, β∞ and ∆∞ coefficients cannot describe this

time dependent state, where CaM/CaMKII are neither reacted or free. Noe

discusses the formation of a kinetic rate kAB from a Markov state model
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using the total probability flux [115]:

F =
∑
i∈A

∑
i/∈A

πiTijq
+
j (4.6a)

kAB =
F

τ
∑m

i=1 πiq
−
i

(4.6b)

The numerator in the equation for kAB represents the total number of states

that transition from an equilibrium state (πi), which exist in the initial con-

figuration (set A) to an intermediate set of states not in A, which ultimately

form B instead of A. The denominator accounts for the timescale required for

the transitions from A to B, and also removes over counting from the indi-

rect transitions from A to B (bounces between multiple intermediate states).

This equations shares a great similarity to the Northrup calculation [116],

however this kinetic rate does not limit its usefulness to diffusive models.

Noe later expands this rate calculation to include diffusion [63]. The com-

bined diffusion and bimolecular reaction rate was derived by Erban and Chap-

man in their 2009 paper [42]. The equation for kon is given as

kon = 4πD

(
r −

√
D

kAB
tanh

(
r
kAB
D

))
(4.7)

In his paper, Noe mentions that this equation results in the same rate calcu-

lation as those produced in Northrup’s paper [116]. Northrup’s model does

not appear to be applicable to protein reactions that involve time-dependent

conformational change, therefore we must investigate further.
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Taking a closer look at the work by Erban and Chapman [42], the derivation

of the above equation makes use of the assumption that a reactive species

within a radius b of the receptor will be removed by rate kAB. At a distance

less than the reaction radius, b, the concentration is assumed to take the

form of the following differential equation:

d2c

dr2
+

2

r

dc

dr
− kABc

DA +DB

= 0 (4.8)

The solutions to this equation are in the form of radially dependent expo-

nentials, which implies that the system concentration is heavily impacted by

the rate of removal of species A by kAB. Therefore there appears to be a

bottleneck implied within this concentration equation: diffusion is the rate

limiting step, and the bimolecular rate is comparatively fast.

HX Zhou discusses reaction rates that are diffusion limited versus rates that

are limited by bimolecular interaction[174]. In a reaction scheme where an

encounter complex forms: A+B
kD−−⇀↽−−
kD−

A ·B kc−−⇀↽−−
kc−

C, the rate is given as

ka =
kDkc

kD− + kc
(4.9)

If kc >> KD−, then the diffusion step is rate limiting, and ka ≈ kD. con-

versely, if there is a large conformational change between the bound and

unbound states, this conformational step can be rate limiting. In this case,

ka ≈ kD
kD−

kckD
kD−

. Hagen et al [59] model a peptide and enzyme interaction
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where both diffusion and protein folding come into play. Their model is

based on a two-step description; first the ligand and receptor diffuse together

until they share a reaction volume, forming an encounter complex. At this

point, it either dissociates at a rate kD− or reacts at rate k+ to form a com-

plex. In the steady state approximation, the overall binding rate is given by

kon, with

1

kon
=

1

kD+

+
1

Kk+
(4.10)

Where K ≡ kD+

kD−
; the diffusion based kinetics. In the case of a reaction-

limited model, kon ≈ Kk+.

Gordon et al. [60] also discuss the case of a mutual and induced confor-

mational binding mechanism as a rate limiting step. They suggest the use

of pathway calculations similar to the concepts of Markov State Models to

determine the rate constants.

4.3 Markov state model

4.3.1 Simple construction of the MSM

We begin our generation of the MSM model from a set of clusters, S, where

the kth cluster is defined as a member of S

S = {S1, S2, . . . Sk, . . . } (4.11)
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Given a simulation of infinite time, each state x ∈ S will be visited an infinite

number of times [127].

Elements in the transition matrix, Tij (τ) represent the probability of a sys-

tem to be in state j at time t + τ given that it was in state i at time t. If

we define the transition count cij at the number of transitions from state i

at time t to state j at time t+ τ , then we can generate an initial estimate of

the transition matrix:

Tij (τ) =
cij∑
k cik

=
cij
ci

(4.12)

where
∑

k cik represents the total number of transitions from state i. This

trivial estimation assumes that the states are well distributed.[127]

4.3.2 Stationary states

In a perfectly sampled simulation over infinite time, the stationary density,

µ(x) represents the density of time spent in state x. µ(x) is invariant and

related to the partition function by

µ(x) =
e−βH(x)

Z(β)
(4.13)

with the Hamiltonian given by H(x) and β given by 1
kT

.

We define the stationary probability πk as the probability to be in set Sk[127]

πk =

∫
i∈Sk

µdi (4.14)
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Where µ is the global stationary density. MSM models require that the

transition matrix satisfy the detailed balance:

πiTij = πjTji (4.15)

Stationary states define the equilibrium state density given an infinite re-

laxation time. A system approaches Markovian dynamics if the forwards

and backwards transitions between two states is equal [115]. In building our

MSM transition matrix, we can enforce the detailed balance by applying the

maximum likelihood (Bayesian) estimator between forward and backward

transitions.[143]

Since we are using a single memory for our AWSEM simulations and folding

under annealing conditions, the trajectories are not in equilibrium, therefore

the global stationary states cannot be calculated directly. Before approximat-

ing stationary states, we focus on the time dependent probability densities

(pt(x)) and the associated transition matrix.

4.3.3 Transition matrix

Noe[114] outlines the reversible element shift method, which describes how

to modify the transition matrix such that it obeys the detailed balance while

preserving the stationary states. We can also generate the symmetric count

matrix by

T ′ =
T † + T

2
(4.16)
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4.3.4 Evolution of states

Clustering allows us to partition the conformation space Ω into k clusters.

Given an initial probability distribution of states at time t = 0, the transition

matrix generates the probability distribution of states after the lagtime τ :

p (τ) = T (τ) p (0) (4.17)

It follows that the state distribution for any time t = nτ can be calculated if

T (nτ) = [T (τ)]n given that τ ≥ τeq (4.18)

where τeq is the Markov timescale of the data given. This quantity is the

coarse-grained limit of sampling time, where lagtimes shorter than the sam-

pling times provide no further information as it does not exist within the

sampled simulation data.[114]

4.3.5 Piecing together data to approximate MSM lag-

time

We do not know the ideal lag time (τ) needed to generate a transition matrix.

A caveat of the lag time is that it must be shorter than the timescale of

the process we are interested in measuring (canonical binding of the CaM-

CaMKII complex)[114]. In the CaM-CaMKII binding model, no canonical
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binding has been observed before the 106 Nstep mark. Therefore we can

begin to iteratively estimate lagtimes by building a set of transition matrices

at various lagtimes smaller than the folding event. These count matrices can

be adjusted to satisfy the detailed balance, and the lagtime satisfying the

condition

T (nτ) ≈ [T (τ)]n (4.19)

We can use the associated lagtime to calculate time scales and stationary

states, as well as estimate the quality of our model through error analysis.

4.3.6 Timescales and eigenstates

Given a microstate x ∈ S, we have a probability distribution of the microstate

at a time t given by ρt (x). Then the transition matrix will describe the

probability distribution of the state at time t+ τ :

ρt+τ (x) = T̂ (τ) ρt (x) (4.20)

The eigenvalues of the transition matrix can be represented by

λi (τ) = e
τ
ti (4.21)

where the eigenvalue λi (τ) with timescale ti is associated with eigenvector

φi [129]. Then the probability distribution for a state y after time t+ τ can
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be computed with

ρt+τ (y) =
∞∑
i=1

e
τ
ti 〈ψi|ρi〉φi (4.22)

The equilibrium solution to our system corresponds to a timescale of t1 →

∞, thus λ1 = 1 and φ1 = µ. For i > 1, we can calculate the weighted

eigenfuctions ψi = φi
µ

Subsequent eigenstates and eigenvalues of the transition matrix represent

finite timescales, with t2 > t3 > t4 . . . , hence, CaM-CaMKII binding would

be observable under the solutions around t2. With such solutions, kinetics

can be calculated for the ”slowest” timescale using the autocorrelation of the

approximate eigenstates:

〈ψi (xt) |ψi (xt+τ )〉t ≤ e
τ
ti (4.23)

4.4 Implementing the Markov State Model

The MSM has been useful in illustrating the mechanisms in folding and

binding of a wide range of proteins, including those with large degrees of

freedom [124, 126, 21]. Completion and accuracy of the MSM heavily depends

on the data obtained from the CaM/CaMKII simulations.

4.4.1 CaM/CaMKII representation

An ongoing challenge surrounding the generation of the MSM for the CaM/CaMKII

peptide system stems from accurate coarse-grained representation of CaM.
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The behavior of CaM in solution is affected by its 4 EF-hand motifs that

bind to Ca2+ at different rates, therefore its equilibrium conformations are

transient [146, 145]. An all atom representation of CaM could be used to

show conformational changes due to Ca2+ signaling, however the large sys-

tem size makes an all-atom representation impractical for constructing an

MSM. The coarse-grained representation of CaM and the CaMKII peptides

is ideal for obtaining long trajectories, however the complete ensemble of

structures must be sampled. In chapter 3, the ensemble of structures for the

CaMKII peptides was generated. Since the AWSEM force field can be trained

using this high resolution structure ensemble, the CaMKII peptide may be

accurately represented. Assuming the CaMKII peptides possess a flat energy

landscape, each of the ensemble structures have roughly an equal probability

of sampled during MD. Unfortunately, the extended and collapsed equilib-

rium structure of CaM in solution is not equally sampled and is therefore

not currently adequate. Coarse-grained representation of CaM in solution is

currently an active research topic in the Cheung group.

4.4.2 Bimolecular diffusion

Formation of the encounter complex between CaM and the CaMKII peptides

proceeds through diffusion. Since CaM and the CaMKII peptides both con-

tain charged residues, consideration of electrostatic rate enhancement must

be made. Originally, the AWSEM potential (see equation ??) does not con-

tain an electrostatic term. Our goal is to generate kinetics that follow the
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trends observed in Waxham’s original study [164], therefore we must consider

electrostatic shielding. Experimentally, 150mM of CaCl2 was used, which

corresponds to a Debye length of 7.8Å. Thus, we can implicitly represent

these ionic conditions in the AWSEM force field by including the Debye-

Huckel equation (see equation 1.3).

I intend on placing the CaM/CaMKII peptides a distance of roughly 50Å

apart, which enables both a diffusion-limited region with and without elec-

trostatic enhancement to be simulated. Currently, it is not clear how the

relative orientations of CaM and the CaMKII peptides would affect the en-

counter complex.

4.4.3 Binding and folding

The encounter complex is formed upon first contact between CaM and the

CaMKII peptides. At this point, there are multiple pathways and confor-

mational states that each binding partner can progress through in order to

form the canonical bound complex. The equilibrium binding and unbind-

ing behavior can be represented using the transition matrix. If we define

macrostate A as the encounter complex and macrostate B as the canonically

bound complex, then the eigenvalues and eigenvectors of the transition ma-

trix can be solved for all forwards and backwards transitions between the A

and B states.
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4.4.4 Challenges

The transition matrix is ultimately dependent on the quality of simulation

data used. As discussed earlier, an accurate coarse-grained equilibrium model

of CaM in solution has not been found yet. Pilot simulations of CaM/RRK

or CaM/AAA binding showed that once the canonical complex is formed, it

does not unfold and return to the encounter complex state. A true Markov

process requires both A and B macrostates to be sampled at equilibrium.

Thus, the model is not physical if the MD simulation results do not contain

transitions from B to A. Further development of the coarse-grained model

must be taken.

4.4.5 Expected outcomes

Once issues regarding the coarse-grained representation of CaM are resolved,

the MSM can provide excellent details on CaM/CaMKII peptide binding

mechanisms. The bimolecular reaction between CaM and the CaMKII pep-

tides involves both diffusion and folding.

4.4.5.1 Diffusion region

The effects of electrostatic rate enhancement on the diffusion limited region

is expected to only affect the formation of the encounter complex at short dis-

tances due to ionic shielding. Using a large number of trajectories with unique

initial conditions, the diffusive kinetic rate may be solved. A major unan-
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swered question pertains to whether the formation of the CaM/CaMKII(293-

312) canonical complex is limited by diffusion or conformational change. If

the bimolecular reaction is indeed limited by diffusion, then the folding, bind-

ing and unbinding of CaM and the CaMKII peptides should take place before

another peptide molecule has the opportunity to form the encounter complex

with CaM. Additionally, the kinetic binding rates between RRK and AAA

should be similar since the peptides are roughly the same size. From the

experimental results of the Waxham group, we are aware that this scenario

is not true and the kinetics are not governed by diffusion alone.

4.4.5.2 Binding and folding

If the kinetics of the CaM/CaMKII peptide interactions are dependent on

conformational change, then the electrostatic rate enhancements in the dif-

fusion region are inconsequential. The process of folding and binding is

expected to occur over a larger timescale than the diffusion process, imply-

ing that the kinetic binding rates between CaM and the CaMKII peptides is

non-linear.

CaM has a flexible linker, which enables it to wrap around its binding target

to produce the canonical complex. The flexibility of the linker region implies

that there are many folding pathways available for CaM. Likewise, the disor-

dered nature of the CaMKII peptides implies the formation of contacts with

CaM can occur through various different pathways. Since a MSM considers

the culmination of all possible pathways between the encounter complex A
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and final canonical complex B, the charged residue mutation of RRK is ex-

pected to remove or change some of these pathways.

Electrostatic effects are expected to play a significant role in binding once

the encounter complex is formed because ionic shielding will be small at this

length scale. RRK contains positively charged residues at the N-terminus

and C-terminus, whereas AAA only contains a positively charged residue at

the C-terminus. I hypothesize that the positively charged residues on RRK

will interact with the positive and negative residues on the N-terminus and

C-terminus of CaM. Once RRK is able to form simultaneous contacts with

both CaM terminals, hydrophobic effects will increase the number of con-

tacts between RRK and the CaM linker. This process will collapse both to

form the bound canonical complex. Alternatively, AAA was shown in chap-

ter 3 to possess a higher β-sheet secondary structure. Thus, more energy

will be required to break this structure and form contacts with CaM instead.

Additionally, the C-terminus of AAA may interact with negatively charged

residues in either end of CaM, but the N-terminus of AAA may require more

time to interact with CaM. This will increase the amount of time required

to form enough native contacts with CaM to canonically bind.
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Chapter 5

Conclusions

CATS brings together several aspects of different types of clustering algo-

rithms in a unique way, exploiting distribution trends in the raw data to form

clusters. The question we want to address is whether CATS out-performs

other clustering algorithms for the purpose of conformational analysis of

IDPs. The answer is not simply yes or no, as there are several factors that

one must consider when comparing the results from CATS to those of an

RMSD-based method, such as GROMOS. The difference between CATS and

GROMOS lies in how one defines similarity between structures. RMSD sim-

ilarity has the disadvantage of being based in Cartesian coordinate space;

there is sensitivity to how the structures are aligned beforehand, and ignores

energetic deviations within the backbone. CATS defines similar structures

as those belonging to the same regions within the PMF space, thus back-

bone energetics has a significant effect on structure categorization. In recent
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years, attention has been given to the development of machine learning (ML)

algorithms for use in clustering proteins. CATS shares a large similarity with

current ML algorithms [5]. With little modification, the CATS algorithm can

correct for noise and irregularities discussed earlier that may hamper analysis

and be fully capable of self-correction.

The importance of IDPs in biological function has become readily apparent

in recent years. A major challenge in IDP modeling stems from experimental

sampling of the structure ensemble. Popular methods such as NMR spec-

troscopy offer higher resolution, but are still limited in IDP ensemble deter-

mination. To overcome difficulties pertaining to experimental ensemble con-

struction of IDPs, combined theoretical approaches are often used. Circular

dichroism spectroscopy does not offer high resolution structure determina-

tion, however this drawback appears to be inconsequential for IDPs since MD

simulation can be used to perturb the averaged structure to generate the IDP

ensemble. In this study, we have used a combination of techniques to bridge

the experimental data with theoretical data to generate a detailed picture of

our CaMKII peptides despite the inherent inaccuracy of the MD simulation.

Our resulting ensemble approximations illustrate how the residual secondary

structure of the CaMKII peptides changes due to charged residue mutation.

Our findings suggest that the AAA ensemble becomes stabilized through the

formation of the hairpin secondary structure, which may explain the bind-

ing phenomenon observed in previous studies [164]. In addition to the free

peptide ensemble, the observed structure shift may play a significant role
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in complex stability post binding due to the formation (or lack thereof) of

”fuzzy structures”[155].

The culmination of this work can be used in the generation of a Markov

State model(MSM). Due to the complexity associated with protein-protein

interactions involving IDPs, a MSM is the ideal method of characterizing

binding pathways. Our future work aims to use the MSM in conduction

with coarse-grained simulations to describe differences in the binding path-

ways between CaM and the wildtype/mutant CaMKII peptides. Since MSMs

have been successful in describing complex binding pathways between flexible

proteins[126, 21], it may be the ideal solution for explaining the phenomenon

of CaM trapping. If we are able to successfully model the binding kinetics

between CaM and the CaMKII peptides using coarse-grained MD, the next

step is to expand the system to include multiple monomers of the full length

CaMKII enzyme. Autonomous activation of the CaMKII holoenzyme occurs

through a complex interaction of multiple Ca2+ CaM molecules and at least

2 CaMKII monomers. The our completed model will be able to illustrate

the conformational changes that must take place in order to induce the au-

tonomous CaMKII state. Contingent on the completion of coarse-grained

representations of Ca2+ CaM and apoCaM, differences in CaMKII activa-

tion by various Ca2+ ion signals can be investigated. On a larger scale, the

successful representation of IDPs and coarse-grained modeling is applicable

to other protein interaction problems involving disordered regions. As the

importance of IDPs in nature emerge, the complicated protein-protein inter-
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actions involving them continue to be an active area of research.
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