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Protein folding is described as a dynamic process of an ensemble of molecules reaching 

well-defined three dimensional structures to achieve biological activity from linear amino acids 

sequences. Many human diseases result from protein misfolding or aggregation. Enormous effort 

has been made both experimentally and theoretically for nearly 40 years to explain the basic 

principle and mechanism of protein folding and unfolding. Nonetheless, many of them are still 

unknown or incompletely understood, mainly due to the complexity of the systems and the fast 

folding time scale. Experimental and theoretical approaches are complementary with each other 

for the protein folding studies and hence, combination of the two is required to have better 

understanding. 

One of the most popular experimental methods for the protein folding studies is laser-

induced temperature-jump (T-jump), because it has nanosecond resolution. In the first project, 

the T-jump on the polyalanine peptides (Ala20) was simulated as a proof-of-principle system to 

mimic the experimental measurements. Replica exchange molecular dynamics (REMD) were 

performed to obtain equilibrated ensembles as a proper conformational sampling, which was 

combined with multiplexed molecular dynamics to extract kinetic properties in line with 

experiments.  
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In the second project, the same methodology used in the first project was applied to real 

proteins. Effect of frictional coefficient in the solvent model was approximated using Langevin 

dynamics. Computationall results on the two related 14-residue peptides were chosen and 

compared with experimental results. A ratio of relaxation time of the two peptides was 

determined by calculated Circular Dichroism (CD) spectra by a factor of ~1.2, while the 

experimental results were ~1.1.  
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CHAPTER 1 
INTRODUCTION 

1.1 Prologue 

Proteins and nucleic acid are a starting point of life science, as they have a role in all living 

processes. Protein folding studies are of great interest especially for many human diseases 

associated with protein misfolding, such as cystic fibrosis, Alzheimer’s, Parkinson’s disease and 

Mad cow disease.1-5  

Proteins are built by various combinations of commonly twenty amino acids. All amino 

acids contain an amino group (NH2), a carboxyl group (COOH), and a distinctive R group 

connected to a central carbon atom (Cα) (Figure 1-1).  

 
Figure 1-1. The general formula of an amino acid is showing a central carbon atom (Cα) is 

attached to an amino group (NH2), a carbonyl group (COOH), a hydrogen atom, and a 
side chain (R). 

The twenty amino acids found in proteins are shown in Figure 1-2. In general, four 

different groups are connected to the central Cα atom, making it a chiral center, except glycine, 

where two H atoms link to Cα. Chiral molecules can have optical isomers, L- and D- forms 

(Figure 1-3). Most of the amino acids in nature exist in L-form. Circular dichroism  (CD) 

spectroscopy, discussed in section 1.4,6 is a useful and critical tool to study chiral interactions.  

A protein is made of combination of amino acids joined via a peptide bond, where the 

side chain group 

carboxyl 
group 

carbon_alpha atom (Cα) 

C HH3C

NH2

COOH

α 

amino 
group 
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Figure 1-2. The twenty different amino acids found in proteins. Side chains are shown in blue.
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Figure 1-3. The optical isomers of alanine, L and D forms. 

 
Figure 1-4. Part of the polypeptide chain shows to illustrate rigid peptide bond between C´ (from 

carbonyl group) and N (from amino group), two degrees of freedom, φ and ψ angels 
from rotations around N–Cα and Cα–C´ bonds, respectively.  

carboxyl carbon atom (C-terminus) of one amino acid is bonded to the nitrogen atom (N-

terminus) in the amino group of the next amino acid (Figure 1-4). The connection of multiple 

peptide bonds generates a backbone (or main chain) of a protein. The peptide group is generally 

rigid enough to remain planar and in trans configuration. The amino acid sequence which is 

linked by a peptide bond is called a primary structure.  

Backbone rotations can occur around either the N–Cα or the Cα–C bonds; defined as phi 

(φ) and psi (ψ) angles, respectively. Different sets of values for phi and psi angles can denote 

different protein (or peptide) conformation. Thus, the backbone conformations can be described 

C HH3C

NH3
+

COO-

CH CH3

NH3
+

COO-

L-alanine D-alanine 

α α 

peptide bond 

ψ 

C terminal 

N terminal 

α 

α 

α 
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by specifying these two angles. In Figure1-5, the pair of angles (φ and ψ) are plotted in a 

Ramachandran plot.7 As shown in the figure, three main regions are allowed with respect to φ 

and ψ angles; one is the right-handed α-helix around φ=–57°, ψ=–47° (denoted αR), another is 

the β sheet (parallel and antiparallel) around φ=–125°, ψ=+125° (denoted β) and the other is the 

left-handed α-helix around φ=+57°, ψ=+47° (denoted αL). A left-handed polyproline II helix 

(PPII) which is often observed in proline-rich sequences and  sterically forced conformation for 

polyproline, is also found in proteins around φ=–75°, ψ=+145° (denoted PPII) and is an 

important conformation in protein-protein interfaces.8,9   

The three-dimensional form of local geometric arrangements within the peptide backbone 

is called secondary structure. For example, α-helices in proteins appear when the φ and ψ angles 

are approximately –57° and –47°, respectively and when hydrogen bond are formed between the 

carbonyl oxygen of the ith residue and the amido portion of the i + 4th residue.  

The tertiary structure is the combination of secondary structural units joined by a loop (or 

turn). Furthermore, the quaternary structure can be defined when a protein involves more than 

one polypeptide chain. The diagram of hierarchy of protein structures Figure 1-6 shows this 

relationship. 

1.2 Structural Biology 

The subject of structural biology in proteins is the link between one-dimensional amino 

acid sequences to their three-dimensional structure. Structural biology is the study of molecular 

shape of biological macromolecules–proteins and nucleic acids– and their interactions. Studies of 

structural biology began with the exploration of biological materials by using early microscopy 

over 100 years ago. Thanks to development of new and powerful methods, such as X-ray 

crystallography and nuclear magnetic resonance (NMR), it became one of the most important 
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Figure 1-5. Ramachandran plot for the 20-residue Trp-cage protein (PDB ID: 1L2Y). The dots 

are created by each residue from the Trp-cage protein. The Trp-cage protein is one of 
smallest folding protein-like molecule. The structure is showed in Figure 1-6 C. 

subjects in molecular biology.10 There are two main experimental tools in structural biology; X-

ray crystallography and NMR. X-ray crystallography is the first discovered and the most 

dominant tool, being widely used for structure determination of macromolecules. As of May 

2007, 85% (37,101 out of total 43,633 structures) of released structures in Protein Data Bank 

were obtained based on X-ray crystallographic results. However, its application is not universal 

because it can be used only when high quality of crystal is available. Moreover, it provides 

averaged atomic positions, with atomic displacement parameters (or B-factors) used to infer the 

internal motions of proteins.11  

-180 
-180 

+180 

+180 

0 

0 

phi (φ)

psi (ψ) 

αR 

β 

αL 

PPII  
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A 
 

 
B 

 
                                                   α-helix                    β-sheet 

C 

 
D 

 
Figure 1-6. The diagram of protein structures. A) Primary structure, B) Secondary structure using 

an α-helix and β-sheet (PDB ID: MBH12), C) Tertiary structure (Trp-cage protein), 
and D) Quaternary structure showed using hemoglobin complex (1GZX)
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The NMR technique has been also commonly used. It is, however, limited to smaller 

molecular systems, but sensitive enough to recognize mobile regions of macromolecules in 

aqueous solutions. In addition to effort on these technologies, theoretical work, especially 

computational studies, are routinely used to support and complement experimental data.   

1.3 Protein Folding 

The dynamical process where a protein forms its well-defined three dimensional structures 

to achieve biological activity is called “Protein Folding”. For proteins that do fold, they usually 

do into one specific unique state in just a few seconds (or less) from any starting conformation. 

This state is defined as the “native state”. Slight changes, such as pH, or temperature, can convert 

biologically active protein molecules in native state (folded) to biologically inactive denatured 

state (unfolded). Moreover, many human diseases result from protein misfolding or aggregation. 

Therefore, protein folding research is the one of the most important subjects in biology. 

Although enormous efforts were made from experimental and theoretical studies for nearly 40 

years, the pathways and mechanisms of protein folding have not been yet fully understood due to 

the complexity of the systems and the fast time scale of folding.12-14 

In the early 1960’s, experimentally, Anfinsen et al. 15 studied the refolding of the 

denatured bovine pancreatic ribonuclease (RNase). RNase as non-functional protein, 

immediately returns to its native conformation (folding process) from a randomly coiled 

structure, upon removal of the denaturant (8M urea), which helps to restore its enzymatic 

activity. This behavior established the “thermodynamic hypothesis”, which is directly related to 

the tertiary structure of a protein and more importantly, there is a thermodynamically the most 

stable minimum on the free energy profile, i.e., the free energy is being lowest in the native than 

in the unfolded state.16 Thus, Anfinsen’s observation opened a new era of protein folding 

research. 
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In 1968, Cyrus Levinthal showed that it is impossible that the protein folds into its native 

state by sampling all possible conformations.17 For example, if a 150-residue protein molecule 

has only three stable conformations for each amino-acid (the allowed regions are α, β, and L 

from the Ramachandran plot), then 3150≈1068 possible conformations exist. In order to obtain the 

native structure from a random search, it will take ~1048 years, substantially longer than the age 

of the universe. This argument is popularly known as the “Levinthal’s paradox”. Therefore, 

Levinthal conjectured that proteins must fold to their native, stable conformation by using well-

determined “folding pathways”. These endeavors to find the correct pathways are continuing to 

these days with increasing success.  

1.4 From the Experiment to the Simulation 

The present study aims towards simulating experimentally observed processes, by 

computing thermodynamic and kinetic properties. Advances in computational power and speed 

have opened the way to investigations of new fields and new possibilities. Karplus and his 

coworkers first introduced molecular dynamics (MD) simulation of a biological macromolecule 

in 1977.18 The MD simulation can generate the configurations of the system based on Newton’s 

law of motion and hence, can provide ultimate details of individual atomic motions as a function 

of time. Hidden details of interest (including folding pathways) can be revealed by an MD 

simulation. Thus, the simulation can play an important role in interpreting experimental 

observations.  

Experimental outcome is frequently compared with data calculated from MD simulations 

in order to validate the methodology and estimate systematic errors. The simulation can be 

carried out under conditions that are difficult or impossible to achieve in experiments, for 

example, under very high temperature or pressure. Therefore, combination of experimental and 

simulational information is of relevance in complementing and validating both approaches.  
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1.5 Temperature Jump Experiments 

A major shortcoming of most experimental methods in protein folding is their limited time 

resolution while key events might occur much faster than that. Relaxation methods that can 

probe very fast time scales are of great interest in the studies of fast reactions.19,20 A powerful 

relaxation method for the study of protein folding is temperature-jump (T-jump). The T-jump 

experiments were originally developed in the 1950s with the application of resistive heating. It 

was recently revisited and applied to protein folding dynamics with the use of modern laser 

heating.21 Laser T-jump can reduce the dead time to nanosecond or picosecond scale and probe 

the earliest folding events. Laser T-jump is also advantageous with regard to the fast rise time 

coupled with a small amount of sample due to small heating volume. Fast T-jump experiments 

are, hence, adequate for studies of kinetics and later combined with theoretical results for a 

detailed description of biological systems.   

A scheme of experimental T-jump relaxation kinetics is shown in Figure 1-7. The sample 

is initially in an equilibrium state at the initial temperature, Tinitial. At t=0, a pulsed pump laser 

increases the temperature of the solution until the final temperature (Tfinal) is reached within a 

nanosecond or shorter timescale.22 The final temperature should be sufficiently different from the 

initial temperature to perturb the equilibrium significantly. Temperature change (ΔT) is generally 

set up between 10°C and 20°C in an aqueous sample of protein. The unfolding process is 

initiated rapidly, and the subsequent relaxation kinetics is monitored and recorded at a time 

resolution of ~1ns 22,23 by using time-resolved infrared (IR) spectroscopy,19,24 UV Circular 

Dichroism (CD),20,25 or Trp-fluorescence,4,26,27 until the system reaches a new equilibrium. The 

resulting kinetic spectra are then fitted to a proper relaxation curve; for example, single (for two-

state mechanism) or double (for three-state mechanism) exponential model. 
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Figure 1-7.  The general scheme of Temperature-jump (T-jump) relaxation kinetics.28 

In a two-state folding mechanism, the process assumes only two states; the folded (F) and 

unfolded (U) ensembles with kF and kU, the folding and unfolding rates, respectively. 

 

 

The folding rate equations are derived as, 

[ ] [ ] [ ]F U
d F k U k F

dt
= −                                                           (1-2) 

[ ] [ ] [ ]U F
d U k F k U

dt
= −                                                          (1-3) 

where ][U  and ][F  are the concentrations of unfolded and folded states, respectively. If we 

assume an initial concentration of 1, then this makes ][1][ FU −= . Thus, the time dependent 

populations can then be directly solved leading to:29 

1 2( ) tF t C e Cλ−= +                                                             (1-4) 
)(1)( tFtU −=                                                                (1-5) 

The population relaxation is dominated by a single rate constant, 

FUrelaxFFU Kkkk τττλ /1/1/1)1( 1 +==+=+= −                          (1-6) 
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In this equation, τF is the folding time (and τU is the unfolding time). The values of the two 

constants C1 and C2 are completely determined from the initial and final equilibrium 

concentrations and are then not adjustable parameters. The equilibrium constant K (=
F

U

k
k ) can be 

written as a ratio of the forward and backward rate constants and also determined by the 

equilibrium concentrations of the folded and unfolded states. Therefore, we could derive the 

folding (τF) and unfolding times (τU) by combining the relaxation results (Equation 1-6) and 

equilibrium constant.  

1.6 Circular Dichroism 

Circular Dichroism (CD) spectroscopy is a widely used technique for the study of 

secondary structures of polypeptides and proteins.30-34  CD measures the differential absorption 

of choromophore –containing chiral molecules– between left circularly polarized light (LCPL) 

and right circularly polarized light (RCPL), CD=Abs(LPCL)–Abs(RPCL), which arises from 

structural asymmetry chirality. This, therefore, provides information about both conformation 

and its change. It also valuable for analysis of macromolecules,  globular structures, and drug 

complexes  in the field of biological, biochemical, chemical, and pharmaceutical sciences, 

because it can give more detailed data than most absorption or fluorescence spectroscopy 

techniques. 35,36 

 The CD data are reported in units of absorbance (Abs(LPCL)–Abs(RPCL)) or ellipticity 

(θ). Molar ellipticity (θ) is usually utilized when CD involves molar concentration, and is defined 

as: 

[ ] Clθθ 100=                                                              (1-7) 
where C is the molar concentration (mol/L) and l is cell pathlength (cm) of the sample. The unit 

of molar ellipticity is typically reported as deg·cm2 ·dmol-1 or deg·M-1·m-1. 
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 CD data contain secondary structural information in terms of amide transitions in the 

backbone chain. For example, α-helical content consists of a positive band at 190nm and two 

negative bands at 208nm and 222nm,37 whereas β-sheet contains two opposite signs at 215nm 

(minimum) and 198nm (maximum).38 In particular, a strong negative band with molar ellipticity 

at 222nm is a key indication of helix formation of protein and peptides, because it is strongly 

affected by structural changes between folding and unfolding processes. Helical content can be 

monitored effectively in CD spectra and be used to understand protein folding and unfolding 

procedure.39 Figure 1-8 shows the standard curves for CD spectra of poly-L-lysine in different 

secondary structure conformations (random coil, β-sheet and α-helix) from Campbell et al. 40 

 
Figure 1-8. The standard curves for CD spectra of poly-L-lysine in different secondary structure 

conformations taken from Campbell & Dwek, 1984.40 
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1.7 NMR Spectroscopy 

The spectroscopic measurements are extended to study more completely structural 

properties of proteins and peptides including the kinetic and thermodynamic results on protein 

folding.41 Nuclear magnetic resonance (NMR) spectroscopy is also an important tool in these 

studies along with CD spectra. The most accessible quantities in NMR spectroscopy are  

chemical shifts,42 nuclear Overhauser effects (NOEs), and scalar coupling constants.  

Allerhand et al. showed significant differences between Cα chemical shifts in random coil 

and helical polypeptides.43 These observations showed that the chemical shift might be applied to 

probe secondary structures of proteins. The chemical shifts of 1H, α-13C, and carbonyl-13C are 

conformation-dependent, as shown by empirical 44,45 and ab initio studies.46 Therefore, they can 

be used for determination of backbone conformations. Later, Dalgarno and his colleagues  

defined the ‘secondary structure shift’ (sometimes called ‘conformational’ or ‘conformation-

dependent’ shift), Δδss, as:47 

coilrobsss .δδδ −=Δ                                                           (1-8) 
where δr.coil refers to the standard chemical shift measured from random coil. The relative 

secondary structure shift (Δδss) could be correlated with the intensity of the helical CD signal 

(θ222). For example, upfield shifts for 1H, 15N and downfield shifts for 13C are observed for helix 

formation.42  

Since one-dimensional (1D) NMR spectra are too complex to interpret due to severe 

overlapping signals, two-dimensional (2D) experiments are more popular in the studies of 

protein folding at individual residues. The hetero-nuclear single quantum coherence (HSQC) 

experiment is also frequently used in the field of protein NMR. The spectra are two-dimensional 

between 1H and hetero nuclei (13C or 15N). They contain thermodynamic information such that 

the spectrum is well dispersed and all individual peaks are distinguishable when the protein is 
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folded. In this dissertation, we focused on conformational variations by direct use of chemical 

shift and HSQC experiments.48 

1.8 Overview of Research Projects 

The main goal of this work is to simulate the experimental T-jump setup for the study of 

protein folding. Computational methods used include replica exchange molecular dynamics 

(REMD), calculated CD spectra, structural cluster analysis, and computational NMR chemical 

shifts. Two projects have been performed: the first one is the T-jump simulation of Alanine20, 

and the second project is the same type of study of two related 14-residue peptides. 

1.8.1 First Project: Simulating Temperature Jumps for Protein Folding 

My first project presents a new computational methodology aimed to calculate 

thermodynamic and kinetic properties of peptide folding, and designed to mimic the way 

experimental measurements of these properties are made. Particularly, I focus on T-jump 

simulations of folding rates, and show how a combination of REMD followed by multiplexed 

molecular dynamics starting from structures taken from the REMD runs can be used to extract 

properties in line with experiments. A model system, Alanine20, was studied in this project as a 

proof of principle and description of the methodology. 

1.8.2 Second Project: Folding Kinetics by Temperature-Jump Simulations of Two Related 
14-residue Peptides 

As follow-up of Project 1, REMD simulations of two closely related 14-residue peptides 

were performed to obtain equilibrated ensembles. Snapshots from this ensemble were used as 

initial structures for the T-jump simulations. These two 14-residue peptides are very similar but 

have different experimental folding rates by a factor of ~2.9.49 They were selected by the 

experimental group to compare end-capping effects which can stabilize α-helix. The folding 

kinetics of the two 14-residue peptides is studied by using T-jump simulations, and their results 
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are analyzed using calculated CD spectra to obtain the folding and unfolding rate. For these two 

systems, the relaxation time and folding/unfolding rate constants are calculated and compared 

with experimental data. 
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CHAPTER 2 
THEORY AND METHODS 

In this chapter we will present some general discussion of theory and methods used in this 

dissertation. In particular, we will address issues of sampling, force fields, Langevin dynamics, 

generalized Born (GB) solvation model, and computation of circular dichroism (CD) and NMR 

chemical shifts. 

2.1 Conformational Sampling 

The MD simulations of biomolecules are still immature due to both inaccuracy of the force 

fields and inadequate conformational sampling associated with the number of degrees of freedom 

of system. The energy surface of biological systems is generally rough and rugged, such that it 

contains many local energy minima, which are isolated by high, insurmountable energy 

barriers.50,51 MD simulations may often get trapped in a local minimum and never reach the 

global minimum. One way to overcome this sampling problem is to perform simulations in 

generalized ensembles, where the construction of the ensemble is weighted by a non-Boltzmann 

probability weight factor. Therefore, the resulting distribution guarantees a random walk in 

energy space, producing much better sampling in the conformational space. The results need to 

be properly re-weighted to give any thermodynamic quantity as a function of temperature.52-54 

Many methods based on generalized ensemble algorithms have been introduced to 

overcome sampling problems of biological molecules; the multicanonical algorithm (MUCA,55,56 

also referred as entropic sampling57 or adaptive umbrella sampling58), simulated tempering 

(ST),59 1/k-sampling,60 Tsallis statistics 61 with simulated tempering,62 replica-exchange method 

(REM),63,64 and replica-exchange multicanonical algorithm (REMUCA).65 The replica- exchange 

method (REM) (or parallel tempering 64,66) is one of most widely used algorithms in a 

generalized-ensemble. 
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Replica Exchange Method (REM).  In REM, the standard Boltzmann weight factor can 

be used. A number of non-interacting copies (replicas) can be simulated independently and 

simultaneously at different temperatures by the conventional MD or Monte-Carlo (MC) methods. 

Conformations are exchanged between different temperature replicas every few steps with a 

specified transition probability that is defined by the Metropolis criterion. This exchange process 

enforces random walks in temperature space, which in turn leads to random walks in potential 

energy space. Consequently, REM has been widely applied to protein and peptide folding 

research.50,64,67,68 This dissertation makes use of the REM algorithm, modified to be combined 

with molecular dynamics, the so-called the replica exchange molecular dynamics (REMD).  

In REM,50 an artificial system composed of M non-interacting copies (or replicas) is 

considered at M different temperatures, Tm (m=1, 2,…, M). The state of this generalized 

ensemble is defined as ),...,( )]([)]1([
1

Mi
M

i xxX = with m
iii

m qpx ),( ][][][ ≡ where ][ip , ][iq represent 

momenta and coordinates, respectively, for replica i at temperature m. Since the replicas are non-

interacting, the weight factor (W) for the state X is then given by the product of Boltzmann 

factors for each replica or temperature, as shown in Equation 2-1: 
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where 
TkB

1
=β  (kB is the Boltzmann constant) and the Hamiltonian ),( ][][ ii qpH is the sum of 

kinetic and potential energies. 

Now, one can attempt to exchange temperatures between the ith and jth replicas at 

temperatures Tm and Tn, respectively. The new state of the system becomes: 

,...),...,(...,,...),...,(...,
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i

m xxXxxX =→=                       (2-2) 
The detailed balance condition needs to be applied to converge to an equilibrium ensemble: 
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)()()()( ''' XXwXWXXwXW REMREM →=→                             (2-3) 
where )( 'XXw →  is the transition probability from state X to X′ and )(XWREM  is the weight 

factor of the state X. From Equation 2-1, 2-2, and 2-3, the exchange probability (P) is obtained: 
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Figure 2-1. The sketch of Replica-exchange method (REM) simulation in amber molecular 
dynamics packages. 
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where ))(( jiji EE −−=Δ ββ and E is the potential energy of each replica. One can now obtain 

the acceptance probability of replica exchange (P(accept)) by using a Metropolis criterion (or 

Monte Carlo procedure):69  

[ ] [ ]Δ−− == eeacceptP ji EEji ,1min,1min)( ))(( ββ
                                   (2-5) 

The general simulation of the REM performs the following steps: 

1. Each replica is simulated-based on canonical ensemble-in parallel and independently for 
a certain number of MD steps. 

2. Periodically, replicas with adjacent temperatures are swapped with acceptance 
probability, P(accept) from Equation 2-5. 

3. Repeat the process. 

In step 2, the exchanges are only allowed between adjacent replicas in temperature, because the 

acceptance ratio of the exchange decreases exponentially with increasing difference between the 

two temperatures.63 Figure 2-1 shows a sketch of a REM simulation, describing the mechanism 

of replica exchange (or rejection) between different temperatures. 

2.2 Force Field 

The force field representing the collection of molecular interactions represents the behavior 

of all atoms and bonds with specific fitting parameters. Many different simulation packages have 

been developed over the years; for example, AMBER,70,71 GROMACS,72 OPLS,73 and 

CHARMM.74 Names of these packages generally imply the empirical force fields. In the 

framework of this dissertation, the AMBER force field, the most commonly used for 

biomolecular systems, was applied. Its potential energy function (U(R)) with a corresponding set 

of empirical parameters is shown below:75  



 

33 

ticelectrosta
R
qq

Waalsdervan
R
B

R
A

sdihedralnV

anglesK

bondsrrKRU

atoms

ji ij

ji

atoms

ji ij

ij

ij

ij

dihedrals

n

angles
eq

bonds
eqr

∑

∑

∑

∑

∑

<

<

+

−+

−++

−+

−=

ε

γφ

θθθ

612

2

2

])cos[1(
2

)(

)()(

                    (2-6) 

where req and θeq are equilibration structural parameters. Kr, Kθ, and Vn are force constants, n is 

multiplicity, and γ is the phase angle for the torsional angle parameters. In addition, A, B, and q 

are parameters related to the non-bonded potentials. Balance in parameterization can result in 

reasonably good compromise between accuracy and computational efficiency, thus, reproducing 

simulation results close to experimental ones. 

For the non-bonded part, the van der Waals parameters are usually determined by 

thermodynamic properties of various pure liquids.76,77 The electrostatic parameters are calibrated 

using a restrained electrostatic potential fit (RESP) model.78,79 The parameters for the first three 

internal terms (bond, angle, and dihedral) of Equation 2-6, come from a combination of 

experimental data and high-level ab initio calculations. 

Numerous MD simulations have been run for proteins and nucleic acids under these force 

fields and compared with experimental structures over the decades. Nevertheless, older AMBER 

type force fields present many deficiencies, such as the well-known over-stabilization of α-

helices. In order to avoid this tendency and thus to get better backbone dihedral angles, Hornak 

et al. introduced new parameters, considering the energies of multiple conformations from high 

level ab initio calculations.80 Since there are many approximations within force fields, 
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optimization of force fields remains to be improved along with advance in experimental 

technology.  

2.3 Generalized Born (GB) Solvation Model 

Simulations with an explicit treatment of solvent provide much improved accuracy, but is 

computationally expensive for larger molecules, for example, proteins or nucleic acids.81-83 

Alternatively, implicit solvation models have proven to be valuable tools for computational 

efficiency and also relative simplicity. In particular, the Generalized Born (GB) model is one of 

the most popular implicit solvation models. The solvent, such as water, in the GB model is 

treated as an infinite continuum medium with the corresponding dielectric properties.81,84 Thus, 

the GB model calculates approximate values of the solute-solvent electrostatic free energies of 

solvation (Gpol) and gives rapid estimates of Gpol to save computation times in calculations.81,85 

The electrostatic contribution of the solvation free energy in the reaction field, Φreac, is 

approximated by a system of simple ionic particles with radius α and charge q:84 

⎟
⎠
⎞

⎜
⎝
⎛ −=Φ=Δ 11

22
1 2

εα
qqG reacpol                                                 (2-7) 

where ε is the dielectric constant and this result is the well-known Born formula.86 If the simple 

ion is expanded to a “molecule” consisting of spheres of radii (α1, α2, …, αN) and charges (q1, q2, 

…, qN) with the separation distance rij between charges qi and qj, the polarization free energy 

(Generalized Born (GB) equation) has been approximated as follows:81 

 ∑∑
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where 

)4/(,)(,)( 225.05.022
ijijjiij

D
ijijGB rDerf ααααα ==+= −                        (2-9) 

The GBf  is defined as a function of an “effective Born radius”(αi) when the distance rij → 0 , 

while GBf → rij as rij → ∞.87 
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In the original model, the effective Born radius (αi) was computed by a numerical 

integration procedure,81 but more recently “pairwise” approximations in which αi is estimated 

via a summation over atom pairs, has been proposed by several groups.82,87,88 Therefore, 

effective Born radius (αi) can be derived as: 

∑
≠

−− −=
ij

jijiii rrg ),,,(11 ρρρα                                        (2-10) 

where iρ is an intrinsic radius for atom i, and g() is a positive function which depends on the 

positions and sizes of the atoms and also has scaling factor for an empirical correction.83,88,89 

While the GB approximation is highly efficient for larger molecules, it is not so well 

balanced between protein-protein and protein-solvent interactions, compared to explicit solvent 

model. For example, over-stabilization of salt bridges has been frequently observed in GB 

model, causing a significant conformational difference from explicit solvent model.90-93 In order 

to quantify the potential overstabilization of ion pairs for both models, Geney et al. performed 

Potential of Mean Force (PMF) method of salt bridge formation and found an excessive strength 

of salt bridges in GB.94  

The lack of solvent friction in GB can accelerate conformational transition rates, resulting 

in faster conformational sampling and at the same time, correctly predicting the native 

conformations.95-98 Langevin Dynamics is one of the commonly employed methods to overcome 

the frictional and high velocity collision problem.  

2.4 Langevin Dynamics 

Langevin dynamics complements Newton’s second law to account for omitted (solvent) 

degrees of freedom. The Langevin equation includes a frictional term in the form of a stochastic 

differential equation and thus, it attempts to mimic the viscous aspect of a solvent. However, it is 

an incomplete implicit solvent model, since it ignores electrostatic or hydrophobic effect. Those 
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effects are included via the implicit solvation models, such as GB, described above. Furthermore, 

Langevin dynamics controls the temperature as a thermostat, thus approximating the canonical 

ensemble.  

The Langevin equation for motion of a particle i can be written using a stochastic 

differential equation as:    

{ } )()()()(
2

2

tRm
dt

tdxtxF
dt

txdm ii
i

iii
i

i +−= γ                                  (2-11) 

where mi and xi are the mass and position of particle i in the simulation, respectively. Fi is an 

interaction force between a particle of interest and other particles and R(t) is the force on the 

particle due to random fluctuation by interaction with solvent molecules.99 The collision 

frequency (γ) is derived from the friction coefficient (ξ) by γ=ξ/m (m is the mass of the particle) 

and sometimes referred to as the friction coefficient in the literature. R(t) is a white thermal noise 

that obeys the fluctuation-dissipation theorem at temperature T,100 

)(2)()( '' ttTmktRtR B −= δγ                                             (2-12) 
where kB is the Boltzmann constant.  

2.5 Computation of Circular Dichroism (CD) 

The CD spectra generally provides a direct measure of “chirality” of the molecular 

structure, since the magnitude and sign of the CD spectrum depend on the geometrical variables 

and electronic structure of a molecule. The protein can be characterized as a collection of 

independent chromophores. An individual chromophore that is sensitive to secondary structural 

conformation and its interactions between the transitions on chromophores are the basis of 

calculations of CD. The matrix method is most commonly used to compute the CD spectra of 

proteins and peptides, where the excited states of each chromophore are subject to quantum 

chemical treatment, considering interactions between the chromophores based on classical 

physics.101,102 The rotational strength, which gives the intensity of a CD band, can be 
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theoretically defined in terms of the imaginary part of the scalar product of the electric (μ) and 

magnetic (m) transition dipole moments of an electronic transition, using the Resenfeld equation  

and measures transitions of excited state.103 For an electronic transition from ground (0) to 

excited (i) states (0 → i), the rotational strength can be calculated according to:104 

( ) ( )00 ||||Im ψμψψμψ miieoiR •=                                     (2-13) 
where Im represents imaginary part, 0ψ  and iψ  are the ground and excited state wave function, 

respectively. μe and μm are the electronic and magnetic transition dipole moment, respectively. 

Since an electronic excitation occurs only within a group, rather than between groups, a 

protein can be considered as a set of M non-interacting chromophoric groups in the matrix 

method. The excited-state wave function of the whole system (ΨT) is expressed as a linear 

combination of the basis functions (Φia) for each chromophoric group with the ni excitation: 

∑∑ Φ=Ψ
M
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a
iaiaT

i

c                                                         (2-14) 

Each basis function is a product of M monomer wave functions, such that: 

0010 ......... Mjiaia ϕϕϕϕ=Φ                                                   (2-15) 
where φia corresponds to the wave function of chromophore i for (0 → a) excitation. When the 

molecule is not symmetrical, the CD spectrum can be obtained from the sum of these rotational 

strengths derived as a nonzero value from each transition.   

A Hamiltonian matrix of a protein is composed of the excitation energy of a single 

chromophore (forming the diagonal elements) and the interaction between different 

chromophoric groups (forming the off-diagonal elements). The off-diagonal elements can be 

simplified by charge distribution of electronic interactions.105 Thus: 

∑∑=
m n

kijmkijmklij rqqV ln,ln, /                                              (2-16) 

where m and n correspond to the point charge of the transition j (on chromophore i) and 

transition l (on chromophore k), respectively, and r represents the distance between the point 
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charges. As an example, the Hamiltonian matrix for the amide electronic transitions between nπ* 

(at 220nm) and ππ* (at 193nm) is shown below: 
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The diagonalization of the matrix H using a unitary transformation provides the eigenvalues and 

eigenvectors corresponding to all transitions of the protein. The eigenvalue gives information 

about the excitation energy and the eigenvector describes the mixing of localized transitions. The 

rotational strength (Equation 2-13) of each excited state can now be derived from the eigenvector 

and be used to calculate the CD. In our work we will use the programs design by Sreerama and 

Woody, where instead of performing a quantum chemical calculation they employed parameter 

sets consisting of a combination of experimental data and theoretical parameters.105,106 

2.6 Computation of NMR Chemical Shifts 

The NMR chemical shifts are affected by the environment. Calculating the shift is, 

therefore, important for interpretation of structural information on macromolecules. Empirical 

methods,44,48,107-111 semi-empirical models 112,113 and ab initio quantum approaches 114-117 have 

been tried to calculate the chemical shift. 

2.6.1 Calculation of Proton (1H) Chemical Shift 

An equation of the proton chemical shift is generally described in terms of various 

contributions, as below:118 

miscsideeHBringtorrctotal δδδδδδδδδ +++++=−=Δ                            (2-18) 
where rcδ  = the random coil chemical shift value of an amino acid residue, torδ  = the backbone 

torsional contribution, ringδ  = the ring current contribution, HBδ  = the contribution arising from 
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hydrogen bond, eδ  = the electric field or local charge contribution, sideδ  = the side chain 

torsional contribution, and miscδ  = other chemical shift contributions including solvent, 

temperature, motional averaging, and covalent bond geometry. The empirical model (Equation 2-

18) was developed and parameterized to experimental shift data through literature analyses. 

107,114,115,119,120 However, it simply represents rough and empirical knowledge of chemical shift 

propensity, rather than unique (or complete) and quantitative description of proton chemical 

shifts (1H).112  

Quantum chemical shift calculations were performed to improve the accuracy of the 

previous empirical models, considering ring current,121 electrostatic effects, structural 

dependence of magnetic anisotropy, and close contact contributions.115 As a result, a new 

empirical model developed via a combination of the empirical formula with the quantum 

calculation, was introduced with an improved prediction of proton shifts.115  

2.6.2 Calculation of 15N and 13C Chemical Shifts 

Xu et al. predicted 15N, 13Cα, 13Cβ, and 13C´ (carbonyl C) chemical shift in proteins, using a 

mix of quantum chemistry and a database of experiments.122 Figure 2-2 presents an outline of 

15N and 13C shift prediction algorithm, where database of density-functional derived shifts in the 

program SHIFTS (version 4.1) was used. This database is also used for chemical shift 

calculations in this dissertation.122 The SHIFTS program first takes a protein structure in 

Brookhaven (PDB) format and calculates the structural parameter of all the amino acids within a 

given protein, such as backbone conformation, side-chain orientation, and hydrogen bonding 

geometry.  

The density-functional database was built based on the calculated chemical shift patterns of 

1335 peptide sequences which are derived from 20 proteins. The calculated results identified 
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various significant potential contributions to the shift: the backbone φ and ψ torsion angles of the 

three consecutive residues (preceding (i - 1), self (i), and following residues (i + 1)), side-chain 

orientations of two consecutive residues and hydrogen bonding. Therefore, the total contribution 

is given by the sum of the individual ones: 

∑Δ=Δ
k

ckc ),()(
                                                     (2-19) 

where k denotes one of the contributions, and c is either helix or sheet structure. The predicted 

chemical shift, δpred(c), is then derived as: 

)()()( ccc REF
pred Δ+= δδ                                              (2-20) 

)(cREFδ  is a reference chemical shift for an amino acid, where c = α for helix and c = β for sheet.  

)(cREFδ  is ideally determined by DFT calculation using the standard structure parameters from 

the literature.122 Finally, the process is followed by side-chain orientation refinement based on 

experimental shifts for an improved prediction.
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Figure 2-2. Outline of 15N and 13C chemical shift calculation in SHIFTS program.122
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CHAPTER 3 
SIMULATING TEMPERATURE JUMPS FOR PROTEIN FOLDING 

3.1 Introduction 

Understanding the structure, kinetics and thermodynamics of protein folding is one of the 

unsolved problems in biology. Many human diseases like Alzheimer’s and mad cow disease 1-5 

are directly associated with protein misfolding, unfolding and aggregation. When studying 

protein and peptide folding, there are three main questions of interest. First, given a primary 

sequence, is there a unique 3-D structure under physiological conditions and if so, what is that 

structure? Second, how does the peptide fold into its native structure? Third, how fast does it 

fold? 123-128 These questions are routinely answered in the laboratory using a mix of structural, 

thermodynamic and kinetic methods.24,129 Both experimental and theoretical approaches to the 

protein folding problem have been used to address these questions.25,28 It is basically impossible 

to probe all possible protein conformations experimentally because data, when available, is 

averaged over time and over many molecules (with the notable exception of single molecule 

experiments that still average over time).24,130 Alternatively, molecular dynamics simulations can 

be used to provide a detailed description of the system.131-134 In this chapter I focus on the speed 

of protein folding, but it is clear that underlying methodology, structure and thermodynamics are 

also available. 

In recent years, the use of multiplexed molecular dynamics runs to study folding has 

become commonplace. The availability of very large numbers of processors for short times has 

permitted the existence of pioneering efforts such as Folding@Home.4,135-137 This technique has 

been able to reproduce experimental folding rates for a number of systems.4,138-140 In its most 

used, basic form, it starts from a very large number of initial conformations, and runs molecular 

dynamics for each of them for a pre-defined amount of time (a small number of nanoseconds). 
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The initial coordinates are usually chosen either fully extended or taken from a high temperature 

run. The procedure then monitors the evolution of each sample independently and, after the 

predefined amount of time has passed, simply counts the number of runs that produced a folded 

structure.138,141,142 Under the assumption of a single exponential decay, one can extrapolate to 

long times and extract a rate constant for the process. In a single exponential decay assumption 

(over all time scales) with a time constant τ, and for M independent very short MD runs of time t, 

one expects around tM/τ runs to have folded.137 For typical values of t=50ns, τ=10 μs and 

M=10,000 trajectories, one expects only 50 of the runs to have folded. These represent, by 

definition, the fastest component of the folding. The basic extrapolation relies on an assumption 

of a single exponential process over all time scales, even the very short ones. In other words, it is 

assumed that the fastest folders truly follow the same pathways as the overall ensemble. 

However, some of the assumptions in the Folding@Home style methods become invalid 

under certain conditions. Several groups showed that an extrapolation of very short time decays 

to asymptotic exponential behavior might be unreliable.143,144 Paci et al. 145 reported that the 

fastest folding events do not agree with a corresponding ensemble behavior obtained by the 

distributed computing for a three-stranded antiparallel β-sheet peptide. This is in some sense 

obvious: given a system with many free energy minima and a number of barriers (whose 

ensemble relaxation should be described in terms of a master equation description), one should 

not expect a single exponential decay to hold at ALL time scales.146 This has been best expressed 

by Daggett and Fersht in ref.:147 “It is our opinion that, at the molecular level, intermediates are 

always present. In other words, true two-state folding with only the denatured and native states 

occupying free energy minima is implausible.”  
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Moreover, Pande and his colleagues4 start from a fully extended conformation for their 

initial states. While they see evidence of very fast (tens of nanoseconds) relaxation to a 

collapsed, unstructured state in times substantially shorter than their simulation times, it is clear 

that this is a choice of unfolded ensemble that cannot be compared with typical kinetic 

measurements (such as temperature jumps) which usually measure relaxation times between two 

closely related equilibrium states.  

Since in Folding@Home a folding event is only counted against a pre-determined 

coordinate set (the folded state), it is possible that a number of the simulations have ended in a 

different configuration. If this new state has lower (free) energy than the initial choice, then it 

should be properly called the folded state. The solution to this problem is to run every simulation 

long enough for a substantial percent of the ensemble to fold into the same state, which then is 

defined, a posteriori, as the folded state of the system.  

Recently, Pande et al. and Levy et. al,140,148-150 introduced a new method, namely, 

Markovian state models (MSMs), to predict protein folding rate constants. The MSMs can 

calculate both folding probability (Pfold) of all the configurations in a system and mean first 

passage time (MFPT) from the unfolded state to the folded state.140 

In the present report, the folding kinetics of a polyalanine peptide is described and 

discussed based on MD simulation results. One of the most used experimental approaches to 

protein folding kinetics is laser-induced temperature-jump (T-jump) spectroscopy.26,27,151 T-jump 

can raise the temperature extremely fast (nanosecond scale) and record the relaxation to 

equilibrium with a time resolution of ~1ns.22,23 Since the usual distributed computing procedure 

(Folding@Home) is clearly not what is done experimentally, where, in the case of T-jump, 

relaxation of the ensemble from one equilibrium distribution to another one is realized, it is 
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important to ask if a protocol that closely resembles an experimental T-jump could be designed 

and explored. This chapter will show that this is indeed possible, focusing on a model system 

that should be considered as a proof of principle calculation.  

In the computational T-jump which is first introduced in this chapter, the temperature 

will be increased suddenly, creating a system no longer at equilibrium and having to relax to a 

new state of equilibrium. In this method, the conformational space of a polyalanine peptide is 

pre-equilibrated at different temperatures using replica exchange molecular dynamics (REMD). 

In this way, we will have a-priori knowledge of what the ensemble looks like at the initial time, 

before the T-jump (equilibrium at Tlow), and as time approaches infinity (equilibrium at Thigh). 

Then we will monitor a number of trajectories started from structures taken from the Tlow 

ensemble, run them at Thigh for a pre-defined time, and then, at each time-slice, compute any 

property we desire. In a similar way with experiment, this data will be analyzed after watching 

the relaxation data, before deciding on what kinetic scheme will fit the data best. Additionally, 

we can then go into the ensemble, and ask detailed structural questions about rates and pathways.  

3.2 Methods 

3.2.1 Simulation Details 

The initial structure of the alanine polypeptide, ACE–(ALA)20–NME (ACE is acetyl 

beginning group and NME is N-methylamine ending group), was built in an extended 

conformation with the AMBER 8.0 simulation package75 using recently published AMBER 

ff99SB force field,76,152,153 which has been shown to provide improved agreement with 

experiment.154,155 A cutoff of 16Å was used to compute long-range interactions, and the 

Hawkins, Cramer, Truhlar 88,89 pairwise generalized Born (GB) implicit solvent model, with 

parameters from Tsui and Case,85 was then applied to mimic the effects of water solvation.81,156 

The system was initially subjected to 2,000 steps of minimization and the resulting
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conformations were used as initial seeds for the REMD simulation. 

The REMD method used the multisander implementation in the AMBER 9.0 molecular 

dynamics program. Sixteen replicas were simulated for 200ns each (total of 3.2µs) at 

exponentially spaced temperatures, from 153K to 542K (153, 166, 181, 197, 214, 233, 253, 276, 

300, 326, 355, 386, 420, 457, 498, and 542K). These temperatures resulted in an average 

exchange rate of 15% between adjacent replicas. The SHAKE algorithm was used to constrain 

the lengths of all bonds involving hydrogen157 and a 2-fs time step was used for every replica. 

Exchanges between replicas was attempted every 10ps, resulting in 20,000 attempted exchanges 

at each temperature. Conformations were recorded every 2ps from the simulation of each replica. 

The first 10ns of the simulation were discarded and the latter 190ns were saved for further 

calculations, giving a total of 19,000 configurations for analysis.  

Conformations obtained from the REMD calculation were used as the initial structures for 

the T-jump experiment. 362 starting configurations were selected, equispaced in time, collected 

from the equilibrated simulations at 181K. Each member of this ensemble was then instantly and 

independently heated up to the Thigh of 214K (the details of the T choices are presented later on) 

and MD was run for each member for 35ns to simulate the relaxation after the T-jump. All MD 

parameters are same as those used in REMD. Figure 3-1 shows a sketch of both the experimental 

T-jump scheme and computational T-jump setup to illustrate how these two methods are similar 

to each other. 

In order to properly identify the structural elements of the ensemble, we performed a 

cluster analysis with moil-view 158 using backbone RMSD for residues 2 to 19 as a similarity 

criterion with average linkage.159 The clusters were defined using a bottom-up approach with a 

similarity cutoff of 2Å, for Cα-RMSD.  The representative structures from the REMD ensemble 
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at 153K were used to determine the composition of the folded ensemble. 

3.2.2 Calculation of NMR Chemical Shifts 

NMR Chemical shifts were computed in order to predict structural information. SHIFTS 

(version 4.1) program (by David Case group) was employed to estimate proton (amide proton, 

and Hα), as well as 15N, 13Cα, 13Cβ, and 13C' (from CO bonds) chemical shift of the polyalanine 

peptide.112,121,122 SHIFTS program recognizes a protein structure in Brookhaven (PDB) format. It 

computes proton chemical shifts using empirical equations and 15N, 13Cα, 13Cβ, and 13C' chemical  

 
Figure 3-1. The diagram of the T-jump setup. A) Experimental T-jump scheme, B) 

Computational T-jump setup. 
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shifts from a database based on density functional calculations.  

2D NMR spectra obtained using HSQC experiment and 13Cα/13Cβ crosspeaks relationship 

enable us to see structural distributions of folded and unfolded states.   

3.2.3 Calculation of CD Spectra 

Computations on CD spectra for estimating secondary structure and calculating folding 

properties were performed by Sreerama and Woody.105,106 The matrix method 101 (in origin-

independent formulation  of rotational strength 102) was employed with a transition parameter set 

consisting of a combination of experimental data and theoretical parameters: the authors used 

experimental data160 for two amide ππ* transitions and parameters from intermediate neglect of 

differential overlap/spectroscopic (INDO/S) wavefunctions161 for the nπ* transition. The 

rotational strength was computed in order to generate CD spectra through Gaussian band. The 

bandwidths assigned for the nπ* transition, and for two ππ* transitions were 10.5nm, 11.3nm, 

and 7.2nm, respectively.39 

3.3 Results and Discussions 

The conformations at the lowest temperature (153K) from REMD were sorted into 

clusters.159 Clustering of the ensemble at 153K shows only two substantially populated clusters. 

The largest cluster contains 76% of the structures, whereas the next largest cluster is 9% 

populated, with no other cluster having a population higher than 6%. Figure 3-2 A shows the 

ensemble at 153K superimposed on the representative structure of the largest populated cluster. 

Figure 3-2 B shows the structure for that cluster, forming a well defined α-helix. This is then the 

reference structure for future analysis. For the ensembles at 181 and 214K, the Cα-RMSD 

(residues 2-19) are computed, versus the representative structure of most populated cluster, and 

obtain the histograms of Figure 3-3 A. There is a clear separation between the features in these 

plots, which allows us to define two different types of states, which are named folded (F) and 
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unfolded (U). Structures are defined as folded (F) (α-helical) if their Cα-RMSD is within 2.0Å of 

the reference structure, and labeled as unfolded (U) otherwise. Based on this clear structural 

separation, the process is treated as a two-state equation between the folded and unfolded 

ensembles.  

 

            

The folding rate equations for each species are written as, 

[ ] [ ] [ ]F U
d F k U k F

dt
= −                                                          (3-2) 

[ ] [ ] [ ]U F
d U k F k U

dt
= −                                                          (3-3) 

 
Figure 3-2. Cluster analysis of polyalanine. A) All conformations from REMD at 151K are 

superimposed on the reference structure of the largest cluster, B) α-helix reference 
structure from the cluster analysis. 
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Figure 3-3. Histograms from the Cα-RMSD. A) Probability density of Cα-RMSD at 181K (blue 

line) and 214K (red line), B) Δ(probability at 214K - probability at 181K) vs. Cα-
RMSD.
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In the theoretical work concentrations were replaced by populations, which is equivalent of 

having a total initial concentration set to unity. This then makes (U) = 1 – (F). The time 

dependent populations can then be directly solved leading to:29 

1 2( ) tF t C e Cλ−= +                                                             (3-4) 
)(1)( tFtU −=                                                                (3-5) 

The population relaxation is dominated by a single rate constant, 

1/ 1/ 1/U F relax U Fk kλ τ τ τ= + = = + . In this equation, τF is the folding time (and τU is the 

unfolding time). The values of the two constants C1 and C2 are completely determined from the 

initial and final concentrations and are then not adjustable parameters. By recalling that the 

equilibrium constant K can be written as a ratio of the forward and backward rate constants, the 

two can be then separately determined. The population of two F and U ensembles versus 

temperature is shown in Figure 3-4. They were computed from the Cα-RMSD histograms 

(referenced to the F structure) using a 2.0Å cutoff. At low temperature the system shows mostly  

 
Figure 3-4. Fractions of α-helical folded state (F), and unfolded state (U) as a function of 

temperature using probability (Cα-RMSD). 
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α-helical folded states but the populations of unfolded states rise as temperature increases 

providing a reasonable melting curve. A clear melting temperature was found at ≈ 190K. The 

low melting temperature compared with regular experiments can be assigned directly to issues 

with the force field and solvation model.1,94 It does not however subtract from the main point of 

this chapter which aims to present and test a new method. Based on the melting curve, T-jump 

simulations were performed with the temperature jump bracketing the melting temperature, from 

181K to 214K. By having the complete description of the temperature dependent ensembles we 

can have complete knowledge of what both the initial t=0 (T=181K) and t=∞ (T=214K) 

ensembles look like. In Figure 3-3 A, we show the RMSD probability at both initial and final 

temperatures for the T-jump. In Figure 3-3 B, the probability difference (214K - 181K) validates 

choices of temperatures, by showing a significant change in (F) and (U). These figures 

completely determine the values of C1 and C2 in Equation 3-4. 

3.3.1 Calculation of Chemical Shifts 

Calculation of chemical shift was performed on the trajectories obtained from 10-200ns 

REMD simulations. All the chemical shifts (1Hα, 1Hβ, 1H (along the N–H bond), 13Cα, 13Cβ, 13C' 

(along the carbonyl bond), 15N) were computed using SHIFTS program (section 3.2.2). The 

spectra measured at 16 different temperatures were then averaged for each residue (total 1,900 

structures). The averaged chemical shifts are plotted as a function of residue number (Figure 3-

5). As shown in Figure 3-5, the highest temperature is placed at the bottom and all the averaged 

chemical shifts decrease with increasing temperature except 13Cβ and 1Hα chemical shifts. We 

can expect that our prediction of 13Cβ and 1Hα chemical shifts compared with experimental data 

(Table 3-1) shows prediction errors from side chain orientation. 

Table 3-1 presents chemical shifts values obtained using REMD simulations at the lowest 

(153K) and the highest temperature (514K) for a residue 6 (A6) in polyalanine peptide. For
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Figure 3-5. Averaged chemical shifts (proton, 13C, and 15N) for polyalanine peptide (ACE–

(ALA)20–NME) as a function of residue number, for all sixteen temperatures.
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Table 3-1. Comparison of calculated chemical shifts for residue 6 (A6) in polyalanine peptide 
and experimental values for alanine residue from references 42,44,111* 

 Helixa 153Kb Random coilc 514Kd δf–δRC
e δl–δh

f 
13Cα 54.7 54.51 52.4 52.47 2.3 2.04 
13C' 179.6 179.34 177.6 177.20 2.0 2.14 
13Cβ 19.74 18.48 19.26 20.06 0.48 -1.58 
15N  117.94 122.5 115.28  2.66 
α–1H  3.91 4.33 3.98  -0.07 
N–1H  7.68 8.15 7.55  0.13 

* All data are given in ppm. 
a, c experimentally measured chemical shift values from references. 
b, d computationally measured average chemical shift values from 10-200ns REMD simulations. 
e chemical shift deviations,  δf (helix) – δRC (random coil), from references. 
f chemical shift deviations, δl (low temperature) – δh (high temperature), from 10-200ns REMD 
simulations. 
 
comparison, it also provides the chemical shift values of both helix and random coil for a alanine 

residue, measured experimentally by Wishart et al. 42,111 and Spera et al.44 As mentioned in the 

previous section (cluster analysis), the conformation at the lowest temperature (153K) is mainly 

well-defined α-helix (76% populated). The calculated chemical shifts (13C) at 153K (Table 3-1) 

agree well with the helix chemical shifts values from the experiment.  In contrast, the calculated 

values at 514K are comparable with the random coil values from the experiment. The calculation 

results make sense, disordered conformations of the peptide (random coil) are expected at the 

higher temperature and more structured conformations (folded or packed conformation) at the 

lower temperature. The results also indicate that with increasing temperature, there is an increase 

of the random coil population (unfolded state) accompanied by a decrease of α-helical structure 

(folded state (F)). Therefore, one can detect formation of the secondary structure by monitoring a 

change in the chemical shift (∆δ).    

The calculated 13Cα, and 13C' chemical shift are in good agreement with experimental 

results. However, the calculated 13Cβ chemical shift differs from experimental one, due to errors 

associated with fitting of reference shifts in the database of the SHIFTS program.112,121,122 
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Wishart et al. commented that error in 13C and 15N chemical shift data is relatively larger than 

that in the proton chemical shift.42 

The 2D spectrum, for example HSQC, can usually provide more complete structural 

details, compared to 1D one. Figure 3-6 shows 1H–15N HSQC spectrum of a polyalanine peptide 

at 181K and 300K. At higher temperature (300K, Figure 3-6 B), the spectrum is poorly resolved 

with slow fluctuation, due to the disordered state. This indicates unfolded states are dominated. 

On the contrary, the spectrum at lower temperature (181K, Figure 3-6 A) is well resolved and 

dispersed, as a result of folded states. Figure 3-6 included only the cross peaks providing the 

structural information. However, the kinetic analysis can be performed with additional intensity 

information. 

The 13C chemical shift for Cα and Cβ has been often used to determine backbone 

conformation of proteins and peptides, as found in many of previous NMR studies, such as 

empirical 44,45 and ab initio 46 methods. This is because the Cα and Cβ chemical shifts are mostly 

determined by the backbone φ and  ψ torsional angle.41 In this studies, 13Cα/13Cβ crosspeaks in 

the folded state are relatively sharp (2-4 ppm full width), narrow, and well resolved. The 

crosspeaks in the unfolded state are, however, broad, spreading toward upright. Figure 3-7 shows 

two-dimensional calculated 13Cα/13Cβ crosspeaks for polyalanine peptides (residue 5 (A5), 11 

(A11), and 16 (A16)) obtained at 153, 181, 214, and 300K. The spectra measured at different 

temperatures were then averaged over the ensemble (total 1,900 structures). Three labeled 

residues are all similar in the general trend on temperature. The crosspeak at the lowest 

temperature (153K) is relatively ordered, sharp, and narrow, indicating significantly folded (or 

helical) conformation. As temperature increases, the crosspeak profile becomes broader toward 

upright, showing that conformational distribution is temperature dependent.  
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These results are in accord with the HSQC results that covered in Figure 3-6. 

3.3.2 Calculation of Circular Dichroism 

For each member of the ensemble and at each temperature in the REMD simulation, CD spectra 

were computed using the technique described in the methods section. The spectra for 

 

 
Figure 3-6. 1H–15N HSQC spectra of polyalanine peptide. A) At 181K and B) At 300K. 

A 
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Figure 3-7. Two-dimensional 13Cα/13Cβ crosspeak shapes for polyalanine peptide, residue 5, 11 

and 16 (A5, A11, and A16) from several temperatures. Color scheme are from the 
maximum signal intensity (red) to the minimum signal intensity (blue). 

each temperature were then averaged over members of the ensemble (total 1,900 structures). The 

data is shown in Figure 3-8 A for the average spectra versus temperature. In agreement with the 

RMSD data, the lowest temperature spectrum resembles that of an α-helix, while as temperature 

increases, the system becomes disordered. The folded state has two minima in the CD spectrum, 

one at 208nm (π-π* amide transition) and another at 222nm (n-π* transition along the carbonyl 

bond). Experimental CD spectra for an α-helix shows a deeper minimum for 222nm than for 

208nm.162 The calculated local minimum at 208nm does not agree with the experimental results, 

indicating those transitions to be very sensitive. 100% α-helical poly-alanines, ACE–(Ala)20–

NME, were built using TINKER molecular dynamics program 163,164 and 200 steps of 
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minimizations were performed to investigate the difference. Minimum wavelengths are 

compared between two CD spectra (one is before minimization, i.e. pure 100% α-helix, and the 

other is after minimization) in Figure 3-9. The 100% α-helix has a minimum at 222nm while the 

structure after minimization has a minimum at 208nm. 

This discrepancy is assigned to problems with the CD calculations parameters, and been in 

the process of investigating this. Figure 3-8 B presents the average value of CD at 222nm 

(<CD222>) versus temperature. This is the type of signal one can follow when performing the T-

jump experiment. 

T-jump simulations were performed and the resulting time traces were fitted to calculate 

the folding and unfolding rates with initial and final temperatures determined by referring to the 

melting curve in Figure 3-4. 362 structures from the ensemble at 181K were used as starting 

points for molecular dynamic runs at 214K, hence simulating a T-jump. The temperature reaches 

the new value in a time scale of the order of the thermostat coupling (0.1ps-1 time constant used) 

and should be thought as having a very short dead-time. These simulations were run for a total of 

35ns each (total of 12.67µs). At each time slice, a CD spectrum was computed for each 

independent MD run, and the average performed. The folded and unfolded states were added and 

then <CD222> versus time is plotted for each state in Figure 3-10. The folded and unfolded states 

were defined in Figure 3-4 using Cα-RMSD probability. When fitting this kinetic trace, the 

power of this method can be clearly seen. This trace is bounded by the fact that we know, from 

the equilibrium runs, what the system looks like at t=0 and at t=∞. This leaves a single parameter 

to be determined via fitting, assuming a two-state system. The calculated relaxation data are well 

fitted using a single exponential equation, as shown in Figure 3-10, indicating that the suggested 

reversible two-state kinetic mechanism (Equation 3-1) during the cluster analysis is valid. From  
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Figure 3-8. Results of Circular dichroism. A) Calculated circular dichroism spectra of ACE–

(ALA)20–NME from 153K to 542K, B) Average of CD222 (<CD222>) of each 
simulated polyalanines. Error bars represent standard deviation.  
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Figure 3-9. Two circular dichroism (CD) spectra, pure α-helix and α-helix after minimization, 

are compared to see different minimum wavelengths. 

 
Figure 3-10. Average of CD222 (<CD222>) of T-jump simulation data (red: folded (F), and green: 

unfolded (U) states) are fitted using a single exponential equation. 
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this fit the value of ( )U Fk kλ = +  in Equation 3-4 is determined to be 1  
36339

1 −ps  and 

τrelax=36.34ns. This relaxation time was used from CD to predict the time evolution of the F and 

U populations. Figure 3-11 has the simulated average populations versus time, and the 

populations predicted from Equation 3-4 also. The curves in Figure 3-11 are not fitted, but are 

instead simulated using the fit from Figure 3-10. The agreement between the simulated and raw 

population data is excellent. Using our knowledge of the limiting populations at the initial and 

final temperatures, equilibrium constants can be obtained. We can then separately determine the 

folding and unfolding rate constants at the final temperature.  

The computed values are kF=2.11 × 10-5ps-1, and kU=6.44 × 10-6ps-1, corresponding to a 

folding time τF=47.5ns and an unfolding time τU=155ns. Williams et al. have simulated  

 
Figure 3-11. Folding (green) and unfolding (red) fractions from T-jump simulation data are 

calculated and fitted using same λ in Figure 3-10. 
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21-residue alanine-based peptide (Fs21 peptide, –A5–(A3RA)3A–) and estimated folding time, 16 

to 180ns using T-jump experiment from 9.3 to 27.4°C.19  

In the present model we assume that the implicit solvent is a correct representation of 

structure and thermodynamics. However, it does not properly represent the friction of water 

solvent.95 The time scales seen in this chapter are then much faster than they would be otherwise. 

The following chapter describes our continuing line of work on systems where experimental data 

is available and using Langevin dynamics (which incorporates friction). 

3.3.3 Optimum Number of Unfolded States? 

Two clusters were found in the cluster analysis earlier. The most populated cluster is α-

helix (Figure 3-2 B) that occupies roughly 76% of the population. It is defined as a folded state 

in the two-state mechanism (α-helix and unfolded state). The second largest cluster is 9% 

populated coiled-coil α-helix (the structure is shown in Figure 3-12). If the coiled-coil α-helix is 

added as the second folded state, three-state kinetic mechanism (α-helix, coiled-coil α-helix, and 

unfolded state) can be suggested. 

Three different states (α-helix, coiled-coil α-helix and unfolded states) are chosen for 

initial MD simulation run for 1μs at 214K in order to check how many different states exist. The 

simulation time (1μs) is chosen because it is estimated to be close to the folding time of small 

proteins (11-21 residues peptides) as the lower limit.165 This simulation possibly shows all the 

intermediates involved in the protein folding process.14 The Cα-RMSD (residues 2 to 19) was 

computed from the 1 μs trajectory with respect to α-helical, coiled-coil reference structures 

(Figure 3-13). These RMSD plot reflects the number of different states. By comparing α-helix 

reference (Figures 3-13 A, B, and C) and coiled-coil α-helix reference structure (Figures 3-13 D, 

E, and F), simulated structures are classified as follows: α-helix when Cα-RMSD1 < 2.0Å and 

Cα-RMSD2 > 5.0Å and coiled-coil α-helix when Cα-RMSD1 > 5.0Å and Cα-RMSD2 
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Figure 3-12. Reference structures from cluster analysis. A) All conformations from REMD at 

151K are superimposed on the two reference structures, B) α-helix and C) Coiled-coil 
α-helix reference structures. 

< 2.0Å, where Cα-RMSD1 was calculated from α-helix reference and Cα-RMSD2 from coiled-

coil α-helix reference structure. Interestingly, several transitions, from coiled-coil α-helix to α-

helix folded state based in the rmsd range (0-2, 2-3, 3-5, and above 5Å), are found in Figure 3-13 

E. The fraction of four states was obtained by applying both Cα-RMSD1 and Cα-RMSD2, as 

shown in Figure 3-14. In order to show relationship between two folded states, Cα-RMSD1 as an 

x-axis is plotted against Cα-RMSD2 as an y-axis Cα-RMSD (Figure 3-15), where four different 

states are also found. Based on the results, the following kinetic mechanism can be suggested. 

 

In Equation 3-6, two different unfolded states are separated by two representative 

structures (U1 and U2). This implies that more representative structures can be defined without 

limit. Based on the present experiments, the number of unfolded states is counted, introducing 

the T-jump methodology. Optimal folding mechanism was not discussed in this chapter and 

should be dealt in the near future. 
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Figure 3-13. Cα-RMSD (residue 2-19) computed using different initial states from 1μs MD 

simulations. A) α-helix, B) Coiled-coil, and C) Unfolded initial states from Cα-
RMSD1. D) α-helix, E) Coiled-coil, and F) Unfolded initial states from Cα-RMSD2. 

3.4 Conclusion 

This chapter presents the first attempt to using simulation conditions and predicting 

observables as close as possible to experiment. As far as we know, this is the first time a 

simulation of T-jump is used to calculate the folding rate constants.  

By using a mix of very efficient sampling techniques (REMD) to properly populate 

ensembles and regular MD simulations to study the non-equilibrium relaxation of the 

populations, extracting kinetic and thermodynamic data are enabled. A set of folding/unfolding 

time (τF=47.5ns and τU =155ns) was calculated by data fitting of calculated CD spectra. 

The chemical shifts were also calculated and it showed systematic change in 

conformational distributions depending on the temperatures. Finally, the number of folded and 

unfolded states was determined and discussed, based on 1μs long MD simulations. 

In the future, implicit and explicit solvent models need to be compared and influence of 

friction remains to be determined. As an extension of the present work, the following chapter 
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describes results obtained on real proteins using Langevin dynamics which considers frictional 

effect.  
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Figure 3-14. Cα-RMSD2 (with respect to coiled-coil α-helix) plots from 1μs MD simulation 

using coiled-coil α-helix initial state at 214K. 

 
Figure 3-15. Cα-RMSD (residue 2-19) relation plot using Cα-RMSD1 (with respect to α-helix 

reference structure) as x-axis and Cα-RMSD2 (with respect to coiled-coil α-helix 
reference structure) as y-axis, respectively, at 214K. 
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CHAPTER 4 
FOLDING KINETICS BY TEMPERATURE-JUMP SIMULATIONS OF TWO RELATED 14-

RESIDUE PEPTIDES  

4.1 Introduction 

Protein folding is described as a process of an ensemble of molecules reaching their 

biologically active three dimensional structures from a linear chain of amino acids.99 Both 

experimental and theoretical studies for over 40 years have converged to show and predict the 

basic principle and particular mechanism of folding and unfolding of proteins.146 Their 

mechanism and kinetics are still unknown or incompletely understood and therefore, are being 

actively investigated in the molecular biology area. Particularly, simulations can describe the 

folding process microscopically and its atomic details which are unavailable in experiments.  

However, conventional molecular dynamics is unable to yield complete conformational 

space sampling due to its high energy barriers and deep local minima in most of the systems. 

Thus, the development of efficient algorithms becomes a point at issue. One of the oldest 

methods is umbrella sampling technique that is combined with molecular dynamics simulations. 

166 Brooks and coworkers 167 utilized this method extensively to understand thermodynamics and 

kinetics of folding for biomolecular (or biological) systems. It was very powerful for the 

investigation of the folding free energy landscape in several chosen reaction coordinates. 

However, it was limited to small proteins (or peptides),168 and was not capable of determining 

the biasing potential.  

Replica exchange molecular dynamics (REMD),64 which adapts a random walk in potential 

energy space, was introduced to overcome those problems. This technique shows not only 

enhanced sampling but also increased speed of equilibration by treating the temperature as a 

control parameter. 
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Direct experimental measurement of folding rates becomes possible by using the 

temperature jump (T-jump) experiments in the nanosecond to microsecond time scale. The T-

jump rapidly changes the position of the equilibrium between folded and unfolded states by the 

temperature change, and hence, reaction kinetics to the new equilibrium can be monitored 169. 

Moreover, the laser-induced T-jump technique was extended to far-infrared absorption (5.88 - 

6.67 μm), which can observe protein secondary structure.29 Several groups applied this method 

to helix-coil transition 19,170 and folding transition of hairpin structure.171,172 

Combination of computational and experimental methods in studying protein folding is 

advantageous.25 For example, Folding@Home typically runs a very large number of initial 

conformations for a few nanoseconds, either fully extended or taken from a high temperature 

run. Under the assumption of a single exponential decay that is based on two-state folding 

kinetics, a folding time of 10 μs is calculated when 50 out of 10,000 trajectories have folded for a 

50ns simulation. In order to verify the dynamics, the simulations were compared with T-jump 

spectroscopic results.25,173  

However, several groups pointed out that two-state model might not be applicable under 

certain conditions. Daggett and Fersht 147 emphasize the problem in terms of intermediate states 

that always exist between a denatured and native state. Sabelko et al. found non-exponential 

folding kinetics of two proteins (yeast phosphoglycerate kinase (PGK) and a ubiquitin mutant) 

from a nanosecond T-jump.173 F. Gai and coworkers also reported non-exponential behavior for 

helix-coil transition kinetics.130 Therefore, the most important issue at this point is how we 

perform our simulation in the conditions close to real experiments without any kinetic 

assumption, while connecting theory and experiment. 

In Chapter 3, we introduced Temperature-jump (T-jump) simulations of the polyalanine 
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peptides (Ala20) as a proof-of-principle system.174 Since alanine-20 has high hydrophobicity and 

insolubility in water,175 no experimental data have been reported. In this chapter, we apply the 

same techniques (T-jump simulations) to model two related 14-residue peptides. Wang et al. 49 

have previously studied the helix-coil kinetics of these two peptides using time-resolved infrared 

(IR) spectroscopy, coupled with laser-induced T-jump technique. They reported that the one is a 

general polyalanines derivative of Baldwin-type peptide,176 and the other contains helix stabilizer 

and end-capping groups, showing difference in helicity and stability regarding the folding 

kinetics. In this chapter, we simulated T-jump and calculated folding and unfolding rates of the 

same peptides that Wang et al. 49 applied, using calculated circular dichroism (CD) spectra. The 

results were then compared with the experimental data. Most importantly, the present work was 

performed in a very similar way to the experiments, such that they were compared with each 

other, minimizing assumptions. Initially, REMD simulations were performed to obtain 

equilibrated ensembles to overcome energy barriers and accelerate the convergence. Snapshots 

from these ensembles were used as initial structures for T-jump simulations.  

The Effect of Frictional Coefficient.  To further validate our T-jump methodology, we 

focus on the influence of friction and random forces–introduced by the solvent–on the protein 

folding kinetics. Kramers 177 proposed in its simplest form that the reaction rate (k) in the high 

friction (γ) limit should be proportional to the inverse of the friction of the solvent, γ/1∝k . 

This inverse dependence of rates of protein folding on viscosity, η (or, equivalently, the friction, 

γ) has been frequently reported experimentally.23,95,178,179  

The effect of frictional coefficient through Langevin dynamics was studied for the folding 

kinetics of two related 14-residue peptides. Different values of friction and random forces were 

applied and compared with experimental results from Wang et al.49  
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4.2 Methods 

Alanine-based peptides were originally designed by Marqusee and Baldwin 176 for α-helix 

formation. Two related 14-residue peptides, Ac-YGAKAAAAKAAAAG-NH2 (peptide 1), and 

Ac-YGSPEAAAKAAAA-r-NH2 (peptide 2, where r represents D-Arg), were derived and tested 

by F. Gai group.49 The initial structures for two related 14-residue peptides were constructed in 

fully extended conformations with the AMBER 9.0 molecular simulation package.180 The 

AMBER ff99SB force field 76,152,153 was used for both peptides. Modified generalized Born (GB) 

implicit solvent model by A. Onufriev, D. Bashford and D. A. Case (GBOBC)181 was applied. The 

system was initially subjected to 500 steps of minimization, and then equilibrated by using 

Langevin dynamics with collision frequency γ=1.0ps-1 for both peptides to account for frictional 

effects. The resulting conformations were used as initial seeds for the REMD simulation. 

All REMD simulations reported here were carried out using the multisander 

implementation in the AMBER 9.0 simulation package. Sixteen replicas for peptide 1 were 

simulated for 500ns each (total of 8μs) at exponentially distributed temperatures, from 150K to 

726K (150, 167, 185, 206, 228, 254, 282, 313, 348, 386, 429, 477, 529, 588, 653, and 726K). 

Eighteen replicas for peptide 2 were simulated for 500ns each (total of 9μs) from 150K to 834K 

(150, 166, 184, 203, 225, 248, 275, 304, 336, 372, 411, 455, 503, 557, 616, 681, 754, and 834K). 

The average exchange rate between adjacent replicas was 15%. The SHAKE algorithm was used 

to constrain all the bond lengths involving hydrogen atoms,157 which allows an integration time 

step of 2fs for each replica. Replica exchanges were attempted at every 10ps, resulting in 50,000 

attempted exchanges at each temperature. Conformations from the simulation of each replica 

were recorded every 2ps interval. The first 20ns of the simulation were discarded and the latter 

480ns were saved for further calculation, giving a total of 48,000 configurations for both 

peptides.   
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To determine the secondary structure, the program designed  by Kabsch and Sander, 

Definition of the Secondary Structure of Proteins (DSSP),182 was used for both peptides. 

Percentage of α-helix (Helicity) was calculated for every residue and every replica, using this 

program. We also performed a cluster analysis with moil-view 158 based on backbone RMSD for 

residues 4-9 for peptide 1 and residues 5-10 for peptide 2 with a cutoff of 2Å. 

Conformations obtained from the REMD calculation were used as the initial structures for 

the T-jump experiment. We selected 1,200 starting configurations collected from the equilibrated 

simulations for peptide 1 and peptide 2 at 282K and 304K, respectively. They are equispaced in 

time (200-500ns REMD). Each member of this ensemble was then instantly and independently 

heated up to the Thigh (the details of the temperature choices are discussed later) and MD was run 

for 5ns to simulate the relaxation after the T-jump. For both of the peptides, all MD parameters 

are the same as those used in REMD. 

Several collision frequencies (γ=1.0, 5.0, 10.0, and 20.0ps-1) were used for both peptides to 

investigate the frictional effect on the rate of the protein folding. 

In order to estimate secondary structure and folding properties, computations on CD 

spectra were performed, in the same manner used by Sreerama and Woody (chapter 3).105 The 

matrix method 101 was employed with a transition parameter set consisting of a combination of 

experimental data and theoretical parameters: experimental data 160 for two amide ππ* transitions 

and parameters from intermediate neglect of differential overlap/spectroscopic (INDO/S) 

wavefunctions 161 for the nπ* transition. The rotational strength was computed to generate CD 

spectra through Gaussian band. The bandwidths assigned for the nπ* transition, and for two ππ* 

transitions were 10.5nm, 11.3nm, and 7.2nm, respectively.39  
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4.3 Results and Discussion 

The two related 14-residue peptides in this study were selected to prove a new 

methodology (described in the chapter 3). Marqusee et al. 176 designed, synthesized, and tested 

alanine-based peptides as helix-forming peptides. In their work, the poly-Ala helix containing (i 

+ 4) Glu-…Lys+ salt bridges showed optimal behavior (≈80% helicity). D-Arg was also chosen 

because it is the most efficient α-helical C-capping residue.183 According to Huang et al., a 

tripeptide, Ser-Pro-Glu, was selected as helix-stabilizing N-terminal sequence that occurs most 

frequently at the N-terminus of helices in the WHATIF database of 1705 helices and also might 

stabilize the helix by electrostatic interactions.130 Therefore, peptide 2 was built based on 

possible α-helix-stabilizing effects, while peptide 1 was considered as a regular poly-Ala peptide 

found in the experimental work.  

We determined the secondary structure between two related 14-residue peptides to verify 

our new methodology on the study of properties of peptides. Figure 4-1 shows plots of the 

helicity of the secondary structure versus residue number to present the structural differences. 

The overall helicity is expected to be low, since these two peptides are only 14-residue long. 

However, significant differences are found between the two peptides in Figure 4-1. A high 

helicity region in peptide 2 is seen between residue 5 (Proline) and 10 (Lysine). In contrast, 

peptide 1 shows a low and broad distribution. The difference can be explained by a salt-bridge 

interaction of two charged residues, Glu-(residue 6) and Lys+(residue 10). When the two end 

terminals (N-terminal and C-terminal) in peptide 2 are compared, C-terminal end with a D-Arg 

residue shows 20-40% helicity, but N-terminal with an acetyl group shows almost zero helicity. 

Simulations results are comparable with experimental ones in a sense that peptide 2 is more 

helical than peptide 1. 
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Figure 4-1. Calculated helicity. A) Peptide 1 versus residue number, B) Peptide 2 versus residue 

number based on DSSP method, respectively. 

4.3.1 Cluster Analysis 

The conformations at the lowest temperature (150K for both peptides) from REMD were 

sorted into clusters based on potential helical regions (residue 4 to 9 of peptide 1 and residue 5 to 

10 of peptide 2) from DSSP method. The largest cluster in peptide 1 contains 71% of the 

structures and the next largest cluster is 13% populated. In peptide 2, the largest cluster is 78% 

and the next largest is 14% populated. No other clusters from both peptides have a population 

higher than 10%. Figure 4-2 A shows all conformations superimposed on the representative 

A B
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structures of the largest populated clusters for both peptides (red and yellow for peptide 1 and 2, 

respectively) at 150K. Two representative structures from clusters are shown in Figure 4-2 B. 

In Figure 4-3 the fractional sizes of each cluster in both peptides are plotted as a function 

of time to evaluate convergence of the REMD simulations, where the first 20ns of the 

simulations were discarded and the latter 480ns were used for calculation. Both peptides 

converge to their final populations after approximately 200ns. The biggest cluster of both 

peptides converges to a population of ~0.7-0.8 (70-80%).  Therefore, all initial conformations 

were taken from 200-500ns REMD for future analysis. 

 

 
Figure 4-2. Reference structures from cluster analysis of peptide 1 and peptide 2. A) All 

conformations from REMD at 150K and are superimposed on the two reference 
structures, B) Two representative structures.

A 
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Figure 4-3. Populations of the representative clusters. A) Peptide 1 as a function of time from 20-

500ns REMD, B) Peptide 2 as a function of time from 20-500ns REMD. At 200ns, 
simulations of both peptides are converged and stabilized. 
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4.3.2 Helicity 

Theoretical fractional helicity (fH) of a peptide can be calculated using the mean residue 

ellipticity at 222nm, [ ]222θ ,49,184,185 

)1(][

][

222

222

n
x

f H

−
=

∞θ

θ                                                       (4-1) 

where [ ]222∞θ  is the mean residue ellipticity of an ideal peptide with 100% helicity, n is the the 

length of the potential helical region, and x is an empirical correction. In order to assign those 

parameters, 14 polyalanines (ACE-(ALA)n-NME, n=5-14, 16, 18, 20, 22) with 100% helix were 

built using HyperChem software 186 and subjected to 5,000 steps of initial minimization. The CD 

spectra ( [ ]222θ ) were computed and plotted ( [ ]222θ  versus 1/n) from the Equation 4-1 (Figure 4-

4). Values of x and 222][ ∞θ  are taken to be 2.38 and -31403 deg cm2 dmol-1, respectively, based 

on the plot and fit in Figure 4-4. These two values are used for further calculations. Figure 4-5 

shows the fractional helicity of peptide 1 and peptide2 from 200 - 500ns REMD as a function of 

temperature (Equation 4-1).  

Wang et al. 49 reported that the helicity of peptide 1 and peptide 2 at 11°C was 

approximately 11% and 29% (by experiment), respectively. Marqusee et al.176 showed that the 

16- or 18-residue Ala-based peptides contain approximately 25-50% helicity. Both theoretical 

and experimental results clearly indicate that the helicity of peptide 2 is larger than that of 

peptide 1.  

4.3.3 Calculation of CD Spectra 

For each member of the ensemble and at each temperature in the REMD simulation, CD 

spectra were computed as mentioned in the methods section 4.2. The spectra obtained for each 

peptide at a certain temperature were then averaged over members of the ensemble (49,000  
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Figure 4-4. The resulting curve for the two parameter calculations ([θ∞]222 and x) from the plot 

[θ]222 versus 1/n from the Equation 4-1. The unit of molar ellipticity is deg·cm2 ·dmol-

1 of both peptides. 

 
Figure 4-5. Fractional helicity (fH) of peptide 1 (blue) and peptide 2 (red) as a function of 

temperature.
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structures each). The resulting average spectra as a function of wavelength are shown in Figure 

4-6. The CD spectra for an α-helix show two minima, one at 222nm (n-π* transition along the 

carbonyl bond) and the other at 208nm (π-π* amide transition).162 In the plot, the molar 

ellipticities at 222nm (θ222) are linearly related to the helical minimum.184 Figure 4-7 shows 

average values of CD at 222nm (<CD222>) for peptide 1 and peptide 2, as a function of 

temperature. The observation showing higher helical population in peptide 2 than peptide 1, are 

in a good agreement with the experimental results by Wang et al. 49, in the similar temperature 

region. This type of signal is useful for the T-jump experiment.  

T-jump simulations were performed and the resulting time traces were fitted to calculate 

the folding and unfolding rates. This system appears to reach equilibrium after ~ 200ns of 

REMD from the cluster analysis in Figure 4-3. Therefore, 1,200 initial configurations were 

selected from 200 - 500ns REMD. The T-jump was then simulated from 313 to 348K for peptide 

1 and 336 to 372K for peptide 2. Temperature change is achieved within a time scale of the order 

of the thermostat coupling (0.1ps time constant used), having a very short dead-time. The 

simulations were run for a total of 5ns each (total of 6 μs of each peptide). At each time slice, a 

CD spectrum was computed for each independent MD run, and then they are averaged. The 

resulting <CD222> are plotted against time and fitted (Figure 4-8). As we mentioned in the 

Chapter 3, the trace is bounded from the equilibrium runs, we know what the system looks like at 

t=0 and at t=∞. This leaves a single parameter (λ) to be determined via fitting from the Equation 

3-4. The calculated relaxation data are fitted well using a single exponential function, indicating 

occurrence of reversible two-state folding. Details of the two-state mechanism are covered in 

Chapter 3.  
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Figure 4-6. Calculated circular dichrioism (CD) spectra. A) Peptide 1 from 150-726K, B) Peptide 

2 from 150-834K. The unit of molar ellipticity is deg·cm2 ·dmol-1 of both peptides. 
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Figure 4-7. Average of mean residue ellipticities at 222ns (<CD222>) of simulated peptide 1 

(blue) and peptide 2 (red) are shown as a function of temperature. The unit of molar 
ellipticity is deg·cm2 ·dmol-1 of both peptides. 

In a two-state model, the relaxation time (τrelax) is obtained from the sum of the folding 

rate (kf) and unfolding rate (ku),  

λ = kf + ku = kf (1 + K) = 1/τrelax = 1/τf + 1/τu                              (4-2) 
In this equation, τf is the folding time, while τu is the unfolding time. The equilibrium constant K 

(=
f

u

k
k ) is calculated by fractional helicity (fH) and is a ratio of the forward and backward rate 

constants. When only two states, folded (F) and unfolded (U) states, exists and fractional helicity 

of peptide 1 and peptide 2 are 12% at 348K and 15% at 372K, respectively, the K values of 

peptide 1 (K1) and peptide 2 (K2) are calculated with the final temperatures of T-jump simulation 

as the target temperatures, according to, 



 

81 

 

 

Figure 4-8. Average of CD222 (<CD222>) of temperature jump (T-jump) simulation data (collision 
frequency γ = 1.0ps -1). A) Peptide 1: black, B) Peptide 2: red with fitting curves, 
respectively. The unit of molar ellipticity is deg·cm2 ·dmol-1 of both peptides. 
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The relaxation time and folding time obtained from experimental and computational results 

are compared in the Table 4-1. The computed τ values are 0.20ns for peptide 1 and 0.17ns for 

peptide 2, which correspond to a folding time τf=1.65ns of peptide 1 and τf=1.16ns of peptide 2, 

respectively. Thus, the relaxation time of two peptides differ by a factor of ~1.2, which is the 

ratio [ ])17.0/()20.0( nsns . Similarly,, difference in experimental results was by a factor of ~1.1, 

which is the ratio [ ])204/()222( nsns .49 This result validates our methodology for the kinetic 

studies. In addition, ratio of folding time between two peptides is ~1.4 from the computation and 

~2.9 from the experiments.49 The results show that peptide 2 with higher helicity folds faster 

than peptide 1, indicating correlation between overall helix stability and folding time.   

Table 4-1. Relaxation and folding times of peptide 1 and peptide 2 from experimental and 
computational data. 

 Relaxation and folding times (ns) 

 τ (exp.*) τ (com.**) τf (exp.*) τf (com.**) 
Peptide 1 222 0.20 ~ 2000 1.65 
Peptide 2 204 0.17 ~ 700 1.16 
* Experimental data obtained at 11°C (284K) by Wang et al. 49 

** Computational data obtained by calculated CD (<CD222>) of T-jump simulations (peptide1 at 348K 
and peptide 2 at 372K) in Figure 4-7. 
 

The time scales seen in theoretical data are much shorter than in experimental data. This 

mainly is due to the implicit solvent model used for the calculation, which accelerates the folding 

and unfolding times. The solvent effect on the folding time including different frictional 

coefficients will be discussed in the next section.  

4.3.4 Effects of Frictional Coefficients 

In order to generate data closer to the explicit solvent environment and also to show 

independence of friction versus folding time, we studied the effect of frictional coefficient. To 

investigate the frictional effect on the rate of the protein folding, we performed the T-jump 
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simulations (details in section 4.3.3) using Langevin dynamics with several collision frequencies 

(γ=1.0, 5.0, 10.0, and 20.0ps-1), for both peptides. Figure 4-9 presents the simulation results in 

the plot of average values of CD at 222nm (<CD222>) versus time. As we already mentioned in 

Chapter 3 and section 4.3.3, all traces for both peptides were fitted to only a single parameter (λ) 

with the same values of C1 and C2 from Equation 3-4 since we have complete knowledge of what 

the system looks like at t=0 and t=∞. The calculated relaxation data in Figure 4-9 are then fitted 

using a single exponential function, resulting in folding times (τf) from Equation 4-2. The folding 

times are plotted as a function of collision frequency (γ) in Figure 4-10 and the values of folding 

time for two peptides are compared in the Table 4-2.  

Table 4-2. Folding times of the two peptides at different collision frequencies with Langevin 
dynamics. 

 Folding times (τf, ns) 
Collision frequency, γ (ps-1) Peptide 1 Peptide 2 
1.0 1.65 1.16 
5.0 4.45 4.11 
10.0 8.94 5.94 
20.0 16.7 11.2 
 

The folding time with higher friction is much longer than lower friction for both peptides. 

The folding time is approximately linear to the collision frequency (Figure 4-10). However, it 

does not seem to be closely fitted to the Kramers’ relation1, γτ ∝=− )(1
ffk . The Kramers’ 

model is not satisfactory, as its y-intercept is fixed to be zero.23,177 Therefore, the results in 

Figure 4-10 were further analyzed using the following linear model (a modified simple Kramers’ 

model, Equation 4-4) with a and b as variables  which was suggested by Qiu et al.;23 

γτ baf +=                                                                  (4-4) 

                                                 
1 Kramer’s equation in its simplest form could be described as, )/exp()2/( RTEk ba Δ−= πγωω  where aω  

and bω  are the curvature of the potential energy surface at the bottom and top of the barrier, respectively, E is the 
size of the energy barrier to conformational change, R is the gas constant, T is the temperature, and γ is the friction 
of the solvent. 
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Figure 4 -9. Comparisons of different collision frequencies, γ=1.0, 5.0, 10.0, and 20.0ps-1. A) 

Peptide1, B) Peptide 2 using average of CD222 (<CD222>) of T-jump simulation data, 
respectively. The unit of molar ellipticity is deg·cm2 ·dmol-1 of both peptides.

A 
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The plots were well fitted with R2 = 0.999 for peptide 1 and R2 = 0.99 for peptide 2 (values of a 

and b are given in Figure 4-11). This equation describes that the Kramers’ relationship γτ ∝f  is 

preserved except the positive value of y-intercept (a) whereas a = 0 in simple Kramers’ model.  

Ansari et al. 187 also suggested the relaxation rate equation using a modified Kramers’ 

model according to;2 

 sk ησ +∝−1                                                                 (4-5) 

 
Figure 4-10. Comparisons of the folding times at different collision frequencies of two peptides 

with error bars and linear fits (dotted lines). The folding times and associate errors 
were calculated from fitting curves of average of CD222 (<CD222>) from Figure 4-9. 

                                                 
2 The rate equation can be written as )/exp( 0 RTECk

s

−
+

=
ησ

, where R is the gas constant, T is the 

temperature, E0 is the average height of the potential energy barrier, C is adjustable parameter, σ is the protein 
friction, and ηs is the solvent friction. 
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Figure 4-11. Friction dependence of peptide 1 (marked as 1) and peptide 2 (marked as 2) by T-

jump simulations. A) Y-intercept, B) Slope of folding time (τ) obtained from linear 
fits in Figure 4-10. 
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where σ is the protein friction (or internal friction) and ηs is the solvent friction. Ansari et al. 187 

mentioned that the folding rate can be determined as the sum of the solvent friction (ηs) and the 

protein friction (or internal friction, σ) from Equation 4-5. Related with Ansari model,187 we 

could suggest that y-intercept (a) is correlated with internal friction.  

The simple Kramers’ model ( γτ ∝f ) is well associated with the analysis of the protein 

folding kinetics when folding is relatively slow ( fk/1 ~ms).23 However, our model shows better 

agreement with Equation 4-4, instead of simple Kramer model, and thus internal friction can 

influence the very fast folding reactions since the values of a and b in Figure 4-11 show fastest 

(nanoseconds) timescales.  

Zagrovic and Pande 95 simulated TrpCage (TC5b) using the distributed computing 

technique and analyzed the dependence of solvent viscosity. According to their results, if the 

protein initially collapses into a random conformation and this continues until the protein folds 

(unfolded → random → folded), the first step is mainly controlled by the solvent friction and the 

second step is controlled only by the internal friction. Thus, internal friction would play a major 

role for the folding rate when the second step becomes the rate-limiting step. 

The time scale of present folding (Figure 4-10) is much shorter than that from the 

experiments (microsecond scale).23 This is due to the difference in the composition of the solvent 

between the experiment and simulation. The simulated results, however, show similar ratio of 

folding times between two peptides to the experimental results.   

4.4 Conclusion 

We studied folding kinetics of two related 14-residue peptides by using T-jump 

simulations that was recently introduced as a new computational methodology. Helicity and 

folding kinetics of two alanine-based peptides were investigated and compared with 
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experimental data. Very efficient sampling techniques, such as REMD, are used to populate 

equilibrium ensembles. Multiplexed MD simulations were then run to obtain kinetic information, 

particularly the non-equilibrium relaxation of the populations. We found that peptide 2 having 

more helicity, folds faster than peptide 1. The ratio of relaxation time of two peptides differed by 

a factor of ~1.2, while the corresponding experimental results were ~1.1. Therefore, our new 

methodology seems in good agreement with experimental data. 

The effect of friction on the protein folding was also studied using Langevin dynamics. We 

performed data fitting, using the modified Kramers’ linear model, on simulated results from 

different frictional coefficients. The observed nanosecond time scale of folding for both peptides 

indicates that internal friction can influence the very fast folding reactions. The composition of 

solvent made a significant effect on the folding kinetics, such that the nanosecond time scale in 

the simulation was obtained for the microsecond time scale in the experiments. 
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CHAPTER 5 
CONCLUSIONS 

Simulations opened the way to investigations of new fields and possibilities since Karplus 

et al. first introduced MD simulation of biomolecular systems.18 MD simulations can provide 

ultimate details of individual atomic motions including pathways while experimental results 

usually show only averaged structure. However, approximations of molecular interactions are 

one of the well known drawbacks of MD simulations. Therefore, combining experimental and 

computational results address in complementing and overcoming limitations of both approaches.  

Moreover, understanding the structure, kinetics and thermodynamics of protein folding 

remains one of the unsolved problems for both computational and experimental biophysists. 

Laser-induced T-jump is one of the most popular experimental methods in protein folding 

research since the timescale of T-jump extends from nanoseconds to milliseconds, which is an 

appropriate range for studies of folding kinetics. 

In the first project, we introduced the computational T-jump: the temperature increases 

suddenly, creating the relaxation of the ensemble from one equilibrium distribution (at low 

temperature) to another one (at high temperature) by using proper conformational sampling 

method, which is REMD. Our method is designed and explored closely resembling to an 

experimental T-jump while the usual distributed computing procedure uses multiplexed MD runs 

to study folding. The alanine polypeptide (ACE–(ALA)20–NME) was used as our model system 

in this project as a proof of principle and description of the methodology. A set of 

folding/unfolding time (τF=47.5ns and τU=155ns) was calculated from fitting the results of CD 

spectra and the changes of conformational distributions were shown through computation of 

NMR chemical shifts. 
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The second project extended the method to real proteins to get consistent results using 

Langevin dynamics which includes frictional effects and random forces. In this project two 

related 14-residue peptides were chosen and compared with the experimental data. The ratio of 

relaxation times of the two peptides is by a factor of ~1.2, while the corresponding experimental 

result was ~1.1. 
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