
 
 
 
 
 
 
 
 
 
 
 

 
 

This thesis has been submitted in fulfilment of the requirements for a postgraduate degree 

(e.g. PhD, MPhil, DClinPsychol) at the University of Edinburgh. Please note the following 

terms and conditions of use: 

 

This work is protected by copyright and other intellectual property rights, which are 

retained by the thesis author, unless otherwise stated. 

A copy can be downloaded for personal non-commercial research or study, without 

prior permission or charge. 

This thesis cannot be reproduced or quoted extensively from without first obtaining 

permission in writing from the author. 

The content must not be changed in any way or sold commercially in any format or 

medium without the formal permission of the author. 

When referring to this work, full bibliographic details including the author, title, 

awarding institution and date of the thesis must be given. 

 



 

Ph.D. in Chemistry – The University of Edinburgh – 2018 

A molecular dynamics simulation perspective on the role of 

protein motions in allosteric regulation 

 
 

 

A thesis submitted for the degree of 

Doctor of Philosophy 

By 

 

Pattama Wapeesittipan 
 

 

 



 

 
 

i 

Abstract 

A deep understanding of the physicochemical principles that underpin allosteric 

regulation in proteins is a major objective of contemporary biophysical chemistry 

research. This work focuses on understanding protein allostery mechanisms by means 

of computer simulations. 

 

Numerical studies and molecular dynamics (MD) simulation were used to investigate 

allosteric effects using discrete and continuous energy landscape representation of 

simple generic protein models in the framework of the recently proposed ensemble 

allostery model. 

 

Efforts turned next to the elucidation of specific allosteric effects in Cyclophilin A 

(CypA), an enzyme that catalyzes cis/trans isomerisation of amide bonds in Proline 

residues. There has been a vigorous debate about the functional role of protein motions 

in this enzyme. Previous studies have proposed a causal link between specific 

millisecond time-scale motions and catalysis in CypA. X-ray crystallography and 

NMR measurements suggest that several mutations remote from the catalytic site of 

CypA cause changes in populations and rates of exchanges between a ‘major’ and a 

‘minor’ conformational state, that correlates with decreased catalytic activity of 

mutants with respect to the wild-type form. Atomistic molecular dynamics simulations 

of CypA were carried out to investigate further the connection between rates of protein 

motions and catalysis. Markov state models (MSM) of the enzymes in apo form were 

constructed to estimate rates of transition between conformational states. The MSM-

derived structures and populations of the simulated conformational states reproduced 

well the X-ray crystallography data. Remarkably the rate of exchanges between the 

computed conformational states were 5 to 6 orders of magnitude faster (ns-µs 

timescale) than the rates reported from NMR measurements (ms-s timescale). 

 

Umbrella sampling MD techniques were then used to compute free energy profiles for 

the cis/trans-isomerization reaction of CypA in the computed ‘major’ or ‘minor’ 

conformational states. The results show that in all forms of CypA the ‘major’ 

conformational state is catalytically competent, whereas the ‘minor’ conformational 



 

 
 

ii 

state is functionally inactive due to poorer hydrogen bonding interactions with the 

transition state substrate. Finally, a model for catalysis in CypA was constructed by 

combining the results from the MSM and Umbrella Sampling simulations, leading to 

overall calculated isomerization rates consistent with experimental measurements. 

Therefore, it can be concluded that changes in fast (ns-µs) time scale motions are 

sufficient to explain the reduction of catalytic activity of CypA mutants
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1 Introduction 

This chapter provides a general introduction to the theory of enzyme kinetics and the 

computational methods used in this thesis. 

1.1 Enzyme catalysis and kinetics 

1.1.1 Enzymes 
Enzymes are biological catalysts which speed up chemical reaction rates by several 

orders of magnitude in the living cell. The catalysis phenomena was first discovered 

by Swedish chemist, Jon Jacob Berzelius in 1835 and the first enzyme, jack bean 

urease, was crystallized in 1926 by James Sumner.1 Since then extensive research has 

been carried out to study the catalytic reactions of an enzymes. Enzymes are involved 

in many biological functions, vital to sustain life in living organisms, such as 

metabolism, digestion, reproduction, and respiration. Thus, enzymes have been a 

major target for drug discovery over the last few decades. Enzymes are highly specific 

with regard to substrates and reactions. The enzyme-catalysed reactions occur at one 

or more small regions of the enzyme called “the active site”. The substrate binds to the 

enzyme through non-covalent interactions such as van der Waals, electrostatic, 

hydrogen bonding, and hydrophobic interactions.1 

 

1.1.2 Kinetics and Transition state theory 
Enzymes accelerate the rate of chemical reactions by lowering an activation free 

energy, but this process does not affect the overall free energy change of the reaction. 

Enzymes cannot change the position of the equilibrium or the direction of the 

reactions. According to transition state theory, the reaction rate depends on the free 

energy difference between the reactants and the transition state given by Equation 1-1. 

 𝑘 ∝ 𝑒[\]‡/_`, Equation 1-1 

where k is the reaction rate constant, R is the gas constant, T is the absolute 

temperature, and ∆𝐺‡ is the free energy of activation (the difference between the free 

energy of the transition state and that of the reactants).2 This equation indicates that 

“the larger the free energy of activation, the slower the reaction rate”.  Enzymes work 

by stabilizing the transition state and reducing the free energy of activation. The rate 



 

  22 

enhancement (the ratio of the rates of the catalyzed and uncatalyzed reaction) is given 

by  𝑒[\∆]‡/_`  where  ∆∆𝐺‡  is the difference between the values of ∆𝐺‡  for the 

uncatalyzed and catalyzed reactions (Figure 1-1). As mentioned before, enzymes do 

not alter the equilibrium position of a reaction but accelerate the reaction to approach 

equilibrium. It should be noted that both the forward and reverse reaction are 

accelerated equally.3  

 

Figure 1-1 Free energy diagram of uncatalyzed (blue) and enzyme-catalyzed (orange) reactions. 
The catalyzed reaction has a lower activation energy than the uncatalyzed reaction. 

 

1.1.3 The Michalis-Menten kinetic mechanism 
In 1913, a kinetic model for a single-substrate irreversible reaction called “The 

Michaelis-Menten equation” was proposed by L. Michaelis and M. L. Menten. 4 Then, 

the best derivation of this equation was further developed by Briggs and Haldane in 

1925.5 The simplest model for a catalyzed-enzyme reaction can be expressed with the 

following equation.6,7 

 
𝐸 + 𝑆

𝑘5
⇄
𝑘[5

𝐸𝑆
𝑘ghi
→
	
	𝐸 + 𝑃. 

Equation 1-2 

The free enzyme (E) binds to the substrate (S) to form the enzyme-substrate complex 

(ES). Then, ES is decomposed to product (P) and free enzyme (E). 𝑘5 is the rate 

constant for ES formation and 𝑘[5 is the dissociation rate constant of the reverse 
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reaction, while 𝑘ghi is the dissociation rate of the enzyme-substrate complex into 

product and free enzyme. In this model, it is assumed that the conversion of the ES 

complex into free enzyme and product is the rate-limiting step (𝑘[5 ≫ 𝑘ghi) and 

generally assumed to be irreversible. The rate of formation of the product (𝑘ghi) is a 

first order process, and the velocity of the reaction is given by Equation 1-3: 

 𝑣 = m[o]
mi

= 𝑘ghi[𝐸𝑆], 
Equation 1-3 

where [𝑃] is the product concentration and [𝐸𝑆] is the enzyme-substrate complex 

concentration. 

According to the reaction model given in Equation 1-2, the overall rate of production 

of ES is: 

 𝑑[𝐸𝑆]
𝑑𝑡 = −(𝑘[5 + 𝑘ghi)[𝐸𝑆] + 𝑘5[𝐸][𝑆]. 

Equation 1-4 

In most enzyme catalyzed systems, the ES concentration increases rapidly and reaches 

a steady state and its concentration will not change with time. In Briggs and Haldane’s 

derivation, it is assumed that ES maintain a steady state. In this assumption, the 

substrate is in great excess over enzyme ([S]>>[E]). The rate of ES production equals 

its rate of consumptions over most of the course of reactions as shown in  

Figure 1-2. Thus, the ES concentration remains the same over period of time 

(Equation 1-5). 

 𝑑[𝐸𝑆]
𝑑𝑡 = 0. 

Equation 1-5 
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Figure 1-2 The progress curves for a simple enzyme-catalyzed reaction in a condition of a large 
excess substrate over enzyme ([S]>>[E]) . In the steady state condition (a grey dash line area), 

the rate of formation of ES (green line) equal its rate of consumption (𝒅[𝑬𝑺]/𝒅𝒕 = 𝟎).  

 

In the reaction, the total concentration of enzyme is equal to the sum of concentrations 

of free enzyme and the ES complex: 

 [𝐸]` = [𝐸] + [𝐸𝑆]. Equation 1-6 

Using Equation 1-5 and Equation 1-6, Equation 1-4 is rearranged to: 

 𝑘[5 + 𝑘ghi
𝑘5

=
([𝐸]` − [𝐸𝑆])[𝑆]

[𝐸𝑆] . 
Equation 1-7 

The three rate constants are combined and defined as the Michaelis-Menten constant 

(𝐾z)  

 
𝐾{ =

𝑘[5 + 𝑘ghi
𝑘5

=
([𝐸]` − [𝐸𝑆])[𝑆]

[𝐸𝑆] . 
Equation 1-8 

The concentration of the ES complex can be rearranged into Equation 1-9. 

 
[𝐸𝑆] =

[𝐸]`[𝑆]
𝐾{ + [𝑆]

	. 
Equation 1-9 
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As mentioned before, the substrate concentration is saturated in this model. All enzyme 

is bound to the substrate and involved in catalysis. The maximum velocity can be 

written as: 

 𝑣zh| = 𝑘ghi[𝐸]`. Equation 1-10 

At 𝑡 = 0, the initial velocity of the reaction can be expressed by Equation 1-3 and 

Equation 1-9: 

 
𝑣* = 𝑘ghi[𝐸𝑆] = 𝑘ghi

[𝐸]`[𝑆]
𝐾{ + [𝑆]

	. 
Equation 1-11 

Therefore, the Michalis-Menten equation is obtained by Equation 1-10 and Equation 

1-11: 

 
𝑣* =

𝑣zh|[𝑆]
𝐾{ + [𝑆]

	. 
Equation 1-12 

According to Equation 1-12, the initial velocity can be plotted as a rectangular 

hyperbola shown in Figure 1-3. When the initial rate is a half of the maximum velocity, 

the substrate concentration is equal to the Michaelis-Menten constant ([𝑆] = 𝐾{). 

At low substrate concentration ([𝑆] ≪ 𝐾{), only very little amounts of the ES complex 

are formed, so [𝐸] ≈ [𝐸]`. Thus, Equation 1-11 can be reduced to a second order rate 

equation: 

 𝑣* =
����
��

[𝐸]`[𝑆] ≈
����
��

[𝐸][𝑆]. Equation 1-13 

The ratio of  𝑘ghi/𝐾{  is considered as the second-order rate constant of an enzyme 

and defined as the catalytic efficiency of an enzyme. 
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Figure 1-3 A plot of initial velocity (𝒗𝟎) with the concentration of substrate[𝑺] for a Michaelis-

Menten reaction. At low substrate concentration, the initial velocity increases with the substrate 

concentration until reaching a maximum velocity (𝒗𝒎𝒂𝒙). The Michaelis constant (𝑲𝑴) is the 

substrate concentration at a half of maximum velocity (𝒗𝒎𝒂𝒙
𝟐

). 

 

1.1.3.1 Kinetic parameters 

The Michaelis-Menten constant (𝑲𝑴) provides information on the substrate binding 

affinity of an enzyme. A smaller 𝐾{ for an enzyme indicates a higher affinity for its 

substrate. Each enzyme has a unique 𝐾{ value for different substrates with a range 

typically between 10-1 M and 10-7 M. 𝐾{ values also depend on temperature, pH, the 

ionic strength and the nature of substrate.8 

The maximum velocity (𝒗𝒎𝒂𝒙) is the maximum velocity of a reaction. It occurs at the 

high substrate concentrations when all enzymes are involved in enzyme-substrate 

complexes. 

The turnover number (𝒌𝒄𝒂𝒕) is the product concentration of an enzyme per unit of 

time under the saturating substrate condition. The larger the 𝑘ghi of an enzyme the 

faster the rate of the catalytic reaction. 
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The catalytic efficiency of an enzyme (𝒌𝒄𝒂𝒕/𝑲𝑴) is used to compare an enzyme’s 

preference for different substrates; the larger the 𝑘ghi/𝐾{, the more catalytically 

effective the enzyme. The value of 𝑘ghi/𝐾{ cannot be greater than 𝑘5 because the rate 

of decomposition of the enzyme substrate complex to the product cannot occur more 

rapidly than the rate of the formation of ES. 

 

1.2 Enzyme inhibition 

Inhibitors are molecules that reduce an enzyme’s activity. There are two main types of 

enzyme inhibition: irreversible inhibition and reversible inhibition. Irreversible 

inhibition involves the covalent binding of an inhibitor with amino acid residues in the 

active site of an enzyme that permanently inactivates the enzyme. In reversible 

inhibition noncovalent binding takes place between an inhibitor and the enzyme 

causing a temporary reduction in enzyme activity. Reversible inhibition can be 

subdivided into competitive inhibition, non-competitive inhibition and uncompetitive 

inhibition.  

 

Competitive inhibition involves a substance that competes directly with a substrate 

for an enzyme’s binding site. At high substrate concentration, the effect of a 

competitive inhibitor can be overcome. In the presence of a competitive inhibition, the 

𝑣zh| does not change but the affinity of the enzyme for the substrate decrease, thus 

𝐾{ increases. 

Uncompetitive inhibition occurs when an inhibitor does not bind to the free enzyme, 

but it binds reversibly to the enzyme-substrate complex forming the ES complex. The 

ESI complex cannot form a product. A higher substrate concentration cannot overcome 

the effect of an uncompetitive inhibitor and both 𝐾{ and 𝑣zh| decrease.  

Noncompetitive inhibition occurs when an inhibitor binds at a site other than the 

active site and decreases the catalytic activity of the enzyme by changing its 

conformation. The effect of a noncompetitive inhibitor cannot be overcome by 

increasing the substrate concentration. In this case, 𝐾{ does not change but 𝑣zh| 
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decreases. Sometimes, this noncompetitive inhibition can be described as “allosteric 

inhibition”. 

 

1.3 Allosteric modulations 

Allostery is a mechanism that regulates the function of proteins involved in vital 

biological functions such as enzyme activation, the cellular network for signal 

transduction and metabolism regulation. An allosteric interaction occurs when an 

effector molecule binds at a site remote from the protein active site, yet causes a change 

in protein activity. Allosteric perturbations can alter the relative distribution of 

conformational protein ensembles. Although allosteric regulation is important for 

therapeutic drug development, the concept of allostery is still poorly understood. Three 

models of allostery will be described in the following sections.  

 

1.3.1 The concerted model or the MWC model 
In 1965, the first principle model for allostery called “MWC model or the concerted 

model” was proposed by J. Monod, J. Wyman, and J. P. Changeux to explain the 

mechanism of cooperativity of hemoglobin.9 The protein in this model, Figure 1-4A, 

exists in two conformational states, the inactive T (tense state) and the active R (relaxed 

state). The R state can bind the substrate tightly and the T state can bind the substrate 

less tightly. The distinguishing feature of this model is that all subunits in the protein 

change conformation from the T to R state at the same time and these two states are in 

equilibrium. This model describes the cooperativity of allosteric enzyme by the R-T 

equilibrium and the binding. The binding of ligand or substrate alters the R-T ratio and 

then perturbs the equilibrium between the T and R states. This model can explain the 

behavior of some proteins very well such as haemoglobin and the ATCase hexamer.10 
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Figure 1-4 The MWC model (A) and the KNF model (B) for the binding of ligands to a tetrameric 
protein. S is the substrate. Tense conformation (T form) and relaxed conformation (R form) are 

represented as blue squares and brown circles, respectively. Substrate (S) binds preferentially to 
the R form. In the MWC model (A), all subunits must be in the same conformation and substrate 
binding shifts equilibrium toward R form. In the KNF model, substrate binding at one subunit 
causes a conformational change of a bound-subunit and induces a conformational change of a 
neighbouring subunit (red cross). 

 

1.3.2 The sequential model or the KNF model 
A year later, the KNF sequential model was proposed based on the induced-fit 

mechanism.11 In this model, the binding of substrate or ligand can induce the 

conformational change from the T state to the R state. The binding of inhibitor or 

activator leads to a conformational change of the bound-subunit which can affect the 

conformational change of other subunits (Figure 1-4B). This sequential model has 

successfully described the negative cooperative behavior in tRNA synthetases which 

cannot be accounted for by the concerted model.12  

 

1.3.3 The ensemble allostery model 
Although MWC and KNF established models can explain the allosteric behavior of 

some enzymes, they do not explain all possible conformational states. In 2012, “the 

ensemble allosteric model” (EAM) was proposed. This model includes a larger number 
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of possible states of an allosteric protein based on thermodynamics.13 The model 

defines the energy of a protein conformation in terms of conformational free energies 

of individual sites and coupling energies between sites. Ligand binding is treated as a 

perturbation of the potential energy surface of a system. This perturbation redistributes 

the states of the protein leading to an altered allosteric response. Because the states are 

distributed according to the Boltzmann distribution, allosteric effects also depend on 

the temperature. Therefore, another important parameter for the allosteric response is 

the temperature of the system.14  

 

1.4 Molecular dynamics (MD) 

In recent years, the structure and conformational dynamics of protein has been 
measured using X-ray crystallography, Nuclear Magnetic Resonance (NMR), and 

cryo-Electron Microscopy (cryo-EM).15 However, these experimental techniques 

cannot provide an atomistic detailed picture of protein dynamics. Computational 

approaches such as molecular dynamics simulations (MD) have been used to 

overcome this limitation of experiments, with the aim to be predictive and to direct 

future experiments. MD methods can provide detailed molecular-level information 

including the structure and dynamics of proteins. MD serves as a powerful tool to study 

a wide range of biological problems such as protein conformational dynamics,16 

protein folding,17 conformational changes of proteins,18 ligand binding,19 membrane 

transport and drug discovery.20 The combination of experimental and molecular 

dynamics techniques can lead to a deep understanding of biological processes on a 

molecular scale. 

 

The MD method looks at the time-dependent evolutions of a molecular system by 

propagating the starting atomic positions and velocities using Newton’s second law 

motion (Equation 1-14).21,22 

 𝑭� = 𝑚𝒂� =
m𝒗�
mi
= 𝑚 m�𝒓�

mi�
= −∇𝑈(𝒓�), 

Equation 1-14 
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where position of atom 𝑖 (𝒓�), velocity (𝒗�) and acceleration (𝒂�) are function of time 

(𝑡). The acceleration (𝒂�) is proportional to the force (𝑭�) acting on the atom 𝑖. This 

force is also equal to the negative of the potential energy (𝑈) gradient.  

1.4.1 The ergodic hypothesis 
In a typical experiment, macroscopic properties are measured, whereas computer 

simulations generate microscopic properties such as the positions and velocities of 

particles. In order to calculate the average behavior of the isolated system in MD 

simulations and compare with experimental results, statistical thermodynamics is 

introduced. In statistical thermodynamics, the ensemble average is obtained by 

integration over all microscopic states of a system. The weights of each microstate 

depend on the distribution of microstate in the system as shown in Equation 1-15.  

 𝐴zhg�� = 〈𝐴〉����z��� = ∫ ∫ 𝐴(𝒑, 𝒓)𝜌(𝒑, 𝒓)𝑑𝒓𝑑𝒑	
�

	
£ , Equation 1-15 

where	𝐴(𝒑, 𝒓) is the property of interest as a function of position (𝒓) and momentum 

(𝒑). 𝜌(𝒑, 𝒓) is the probability density of the ensemble. 

MD simulations can generate a large number of molecular configurations of an 

ensemble whose average yields a macroscopic property of the system. The 

fundamental concept of statistical mechanics called “the ergodic hypothesis” is applied 

to calculate the average thermodynamic properties of a MD system. The ergodic 

hypothesis states that the ensemble average is equal to the time average (Equation 

1-16). 

 〈𝐴〉����z��� = 〈𝐴〉i�z�. Equation 1-16 

Thus, the time average from a long-time MD simulation is considered to be the same 

as the ensemble average. 

 

1.4.2 Ensembles in MD simulations 
As described before, the thermodynamics properties can be calculated from the 

ensemble average that is related to the time average from MD simulations. In general, 

a MD simulation operates naturally under the condition of a constant number of 

particles (𝑁), a constant volume (𝑉), and constant total energy (𝐸). In other words, the 

MD simulation is performed in the microcanonical (NVE) ensemble.22 However, this 

condition is not comparable with experimental conditions. It is more appropriate to 
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simulate the system under constant temperature and constant volume or pressure 

conditions such as the canonical (NVT) ensemble and the isothermal-isobaric (NPT) 

ensembles. These ensembles can be obtained by controlling the temperature and 

pressure of the system. The particular methods of temperature and pressure coupling 

are described in section 1.4.5. 

 

1.4.3 Force fields 
In MD simulations, the trajectories of particles in the system are generated by solving 

the equations of motion (Equation 1-14). First, the initial position and velocities of 

each particle are defined. Then, the force between particles of a system can be derived 

from the potential energy. The potential energy can be obtained from molecular 

mechanics force fields. Force fields for MD simulation consist of a collection of 

potential energy functions and parameters. In general, the classical functional form of 

force fields is composed of bonded interaction terms and nonbonded terms given by 

Equation 1-17.23,24 

 𝑈i�ih� = 𝑈���m + 𝑈h�¦�� + 𝑈i������ + 𝑈�z£��£�� + 𝑈§m¨ +

𝑈©�ª����. 

Equation 1-17 

The bonded interactions are represented by 4 terms: bond stretching, angle bending, 

torsion angle, and improper torsions. The component of nonbonded interactions are 

the van der Waals term and the electrostatic term. 

The bond stretching and angle terms are described by a harmonic potential given in 

Equation 1-18 and Equation 1-19, respectively. 

 𝑈���m = ∑ 5
"���m� 𝑘�¬𝑟 − 𝑟�®¯

", Equation 1-18 

where 𝑘� is a force constant, 𝑟�® is the equilibrium bond length and 𝑟 is the distance 

between two atoms. 

 𝑈h�¦�� = ∑ 5
"
𝑘h¬𝜃 − 𝜃�®¯

"
h�¦��� , Equation 1-19 

where 𝑘h is a force constant, 𝜃�® is the equilibrium angle and 𝜃 is the angle between 

three atoms. 
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The torsion angle of four connected atoms (A-B-C-D) is the angle between the A-B-C 

bond plane and the B-C-D bond plane. The torsion angle potential is represented in 

Equation 1-20.  

 𝑈i������ = ∑ ±²
"
[1 + cos(𝑛𝜙 − 𝛿)]i������� , Equation 1-20 

where 𝑉� is the rotation energy barrier height of multiplicity 𝑛 and phase 𝛿. 

The improper torsion term is added to maintain planarity of some particular groups in 

molecules such as aromatic rings and sp2 hybridized carbons as shown in Equation 

1-21 and Equation 1-22. 

 𝑈�z£��£�� = ∑ ��¸¹

"
[1 + cos	(2𝜔 − 𝜋)]�z£��£���  or Equation 1-21 

 𝑈�z£��£�� = ∑ ��¸¹

"
(𝜔 − 𝜔*)"�z£��£��� , Equation 1-22 

where 𝜔 is the improper angle. 

The van der Waals interaction is described by the Lennard-Jones potential consisting 

of the repulsive and the attractive forces between two non-bonded two atoms. 

 𝑈§m¨ = ∑ 4𝜖�¿ À
Á�Â
Ã�

��Â
Ã� −

Á�Â
Ä

��Â
Ä ÅÆÇ , 

Equation 1-23 

where 𝜎�¿ and 𝜖�¿ is the Lennard-Jones parameters and 𝑟�¿is the distance between two 

atoms. 

The last term of the potential energy function is the electrostatic interaction energy 

described by the coulombic potential (Equation 1-24). 

 𝑈©�ª��z� = ∑ 5
ÉÊËÌ

®�®Â
��Â���g , Equation 1-24 

where	𝑞� and 𝑞¿ are partial charges of atom 𝑖 and atom 𝑗 and 𝑟�¿ is the distance between 

atom 𝑖 and atom 𝑗. 

 

1.4.4 The leap-frog integration algorithms 
After calculating the forces of the system, the next step is to solve Newton’s equations. 

There are several MD integrators to numerically integrate the equations of motions 

such as leap-frog integration.25 Figure 1-5 shows how the leap-frog integration method 

calculates the position and the velocity of each time step. In this method, the mid-step 
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velocity (𝒗(𝑡 + 5
"
∆𝑡	)) is implemented from the previous mid-step velocity 

𝒗Ï𝑡 − 5
"
∆𝑡Ð (  Equation 1-25) and then position (𝒓(𝑡 + 5

"
∆𝑡	)) is calculated with 

Equation 1-26. 

 
𝒗 À𝑡 +

1
2∆𝑡Å = 𝒗À𝑡 −

1
2∆𝑡Å +

∆𝑡
𝑚 𝑭(𝑡) 

  Equation 1-25 

 𝒓(𝑡 + ∆𝑡) = 𝒓(𝑡) + ∆𝑡 ∙ 𝒗(𝑡 + 5
"
∆𝑡), Equation 1-26 

where ∆𝑡 is the time step of MD simulation,  𝑭 is the force from the equation of 

motions (Equation 1-14). 

 

Figure 1-5 The leap-frog integration method. Positions are calculated at integral time steps, but 

velocities are calculated at half time steps. 

 

1.4.5 Thermostats and barostats 
In order to perform MD simulation of the NPT ensemble, the temperature and the 

pressure of the system in the simulation are controlled using thermostat and barostat 

algorithms. Berendsen method can be used for temperature coupling of MD 

simulations.26 This method is a weak temperature coupling that mimics an exchange 

of thermal energy between a system and a heat bath. The temperature of the system is 

slowly corrected by Equation 1-27. 

 m`
mi
= Ì̀[`

Ò
, Equation 1-27 

where, 𝑇* is the desired temperature, 𝜏 is a time constant or a coupling parameter. 

To control the heat transfer to the system, the velocities of particles are re-scaled using 

the velocity scale factor given by Equation 1-28. 
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𝜆 = Ö1 + \i

Ò
Ï Ì̀
`
− 1Ð, 

Equation 1-28 

where 𝜆 is the velocity scale factor of the desire temperature 𝑇* with the integration 

time step Δ𝑡. The Berendsen thermostat is no longer used nowadays because it does 

not lead to a rigorous canonical ensemble sampling, however rigorous stochastic 

variants of the Berendsen thermostat are popular. 

In order to maintain the constant pressure of the system, a barostat is used in MD 

simulations. There are several methods for pressure coupling such as Berendsen 

barostat, Andersen barostat, and Parrinello-Rahman barostat27. Similar to the 

Berendsen thermostat, the Berendsen barostat controls the constant pressure by 

coupling to an external bath:26 

 mo
mi
= oÌ[o

Ò¹
, Equation 1-29 

where 𝑃* is the desired pressure, 𝜏£ is a time constant for the coupling. 

In this method, the volume of the system and the centre of mass coordinates are re-

scaled in order to maintain the desired pressure. The Parrinello-Rahman barostat27 is a 

constant-pressure method that allows the changing of the simulation box shape and 

size. Although the Berendsen barostat is more efficient at reaching the targeted 

pressure, the Parrinello-Rahman barostat is more accurate for predicting 

thermodynamic properties. 

 

1.4.6 Periodic boundary conditions 
In MD simulations, the protein is solvated in a box or unit cell, for instance a rhombic 

dodecahedron shape. Periodic boundary conditions are applied to minimize boundary 

effects.28 Under this condition, the simulation unit cell is surrounded by duplicate 

boxes in all three dimensions. Thus, the system is now infinite with a large number of 

the simulation replica unit cells. When the particle moves out into the next simulation 

box, its copy particle will appear in the opposite side of the box with the same velocity 

as shown in Figure 1-6. 
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Figure 1-6 Periodic boundary conditions illustrated in 2-dimensional square. The simulation box 
(orange box) is replicated to form an infinite lattice. When particles (yellow circle) go out from 
one side of a simulation box, they re-appear in the other side of a simulation box. 

 

1.5 Enhanced sampling methods 

The classical MD simulation method suffers from insufficient sampling of potential 
energy functions because of considerable energy barriers between local minima. One 

way to overcome this problem is to use enhanced sampling techniques such as 

umbrella sampling, metadynamics, or replica-exchange molecular dynamics 

(REMD).29,30 In umbrella sampling, a biased potential is added in order to promote the 

occurrence of conformational change. This method is suitable for a well-known 

process where a simple description of the rare event is achievable. Another bias 

potential method is metadynamics. In contrast to umbrella sampling, metadynamics 

uses the memory of the sampling and discourages the system from revisiting the same 
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region of configurational space.31 Since this method can accelerate the sampling of 

conformational space and allows exploration of other local minima rapidly, it is 

suitable for finding reaction pathways. Another approach for enhanced sampling is 

replica-exchange molecular dynamics (REMD). In this method, parallel independent 

MD simulations are carried out at different temperatures or specific parameters. The 

system coordinates swap between the neighboring replica simulations based on Monte 

Carlo acceptance criteria. In doing so, the simulations can overcome energy barriers 

and explore a larger region of conformational space. In this thesis, umbrella sampling 

was used, and the method is described in more detail in the following section. 

 

1.5.1 Umbrella sampling (US). 
In order to study a chemical process, free energy differences can be obtained by an 

average over ensembles of atomic configurations of a system in MD simulations. The 

Umbrella sampling (US) method32 may be used to calculate a free energy difference 

between two states along a chosen reaction coordinate.33 US is useful to calculate the 

energy barrier of the reaction. Firstly, the chosen reaction coordinate is divided in 

multiple windows. In each window, a biased potential is applied to restrict the 

sampling of configurations in a range around a reference value for the reaction 

coordinate as shown in Figure 1-7.  

In the canonical ensemble, the probability density as a function of the reaction 

coordinate 𝜙 is given by: 

 𝑃(𝜙) = ∫;-×[[ØÙ(𝒓)]Ú[Û(𝒓)[Û]m𝒓
∫ ;-×[[ØÙ(𝒓)]m𝒓

, Equation 1-30 

where  𝜙 is the reaction coordinate, 𝛽 is equal to  5
�Ý`

 and 𝑈(𝒓) is the potential energy. 

The free energy along the reaction coordinate	𝜙 can be calculated as: 

 𝐹(𝜙) = − 5
Ø
ln𝑃(𝜙). Equation 1-31 

In umbrella sampling, the additional potential 𝑉(𝜙(𝒓))is added to the energy term 

𝑈(𝒓) to restrict sampling along the chosen value of 𝜙. The biased MD simulation is 

generated using the biased potential (𝑈∗) 

 𝑈∗ = 𝑈(𝒓) + 𝑉¬𝜙(𝒓)¯. Equation 1-32 
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The simplest functional form of the additional term is that of a harmonic potential 

(Equation 1-33). 

 𝑉¬𝜙(𝒓)¯ = �
"
(𝜙 − 𝜙��á)", Equation 1-33 

where 𝑘 is a force constant and 𝜙��á is reference value for the reaction coordinate. 

The biased probability distribution in an US simulation is: 

 
𝑃∗(𝜙) =

∫;-×â[Ø⋅ÏÙ(𝒓)ä±¬Û(𝒓)¯ÐåÚ[Û(𝒓)[Û]m𝒓

∫ ;-×â[Ø⋅ÏÙ(𝒓)ä±¬Û(𝒓)¯Ðåm𝒓
. 

Equation 1-34 

Since the additional biased term depends on 𝜙, Equation 1-34 can be re-written as: 

 𝑃∗(𝜙) = exp Ï−𝛽 ⋅ 𝑉¬𝜙(𝒓)¯Ð ∫;-×[[ØÙ(𝒓)]Ú[Û(𝒓)[Û]m𝒓

∫;-×â[Ø⋅ÏÙ(𝒓)ä±¬Û(𝒓)¯Ðåm𝒓
. Equation 1-35 

Using Equation 1-30 and Equation 1-35 give: 

 𝑃(𝜙) = 𝑃∗(𝜙)	𝑒𝑥𝑝 Ï𝛽 ⋅ 𝑉¬𝜙(𝒓)¯Ð ⋅
∫ ;-×â[Ø⋅ÏÙ(𝒓)ä±¬Û(𝒓)¯Ðåm𝒓

∫ ;-×[[ØÙ(𝒓)]m𝒓
	. 

Equation 1-36 

Then, 

 𝑃(𝜙)
= 𝑃∗(𝜙)	exp Ï𝛽 ⋅ 𝑉¬𝜙(𝒓)¯Ð

⋅
∫ exp¬−𝛽𝑈(𝒓)¯𝑑𝒓 ⋅ ∫ exp Ï−𝛽𝑉¬𝜙(𝒓)¯Ð 𝑑𝒓

∫ exp[−𝛽𝑈(𝒓)]𝑑𝒓
	. 

Equation 1-37 

Then, 

 𝑃(𝜙) = 𝑃∗(𝜙)	exp Ï𝛽 ⋅ 𝑉¬𝜙(𝒓)¯Ð 〈exp(−𝛽𝑉(𝜙(𝒓)))〉. Equation 1-38 

 

Thus, the Helmholtz free energy is obtained by: 

 𝐹(𝜙) = − 5
Ø
ln𝑃∗(𝜙) − 𝑉¬𝜙(𝒓)¯ + 𝐶, Equation 1-39 

where 𝐶 is a constant defined as − 5
Ø
𝑙𝑛〈exp(−𝛽𝑉(𝜙(𝒓)))〉. 

In the NPT ensemble simulation, the Gibb’s free energy is obtained as via a similar 

derivation: 

 𝐺(𝜙) = − 5
Ø
ln𝑃∗(𝜙) − 𝑉¬𝜙(𝒓)¯ + 𝐶. Equation 1-40 
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Figure 1-7 Example of an umbrella sampling simulation. The top image depicts the free energy 
and the umbrella potentials for each window along the reaction coordinate. The bottom image is 

the histogram of the configurations for each umbrella sampling window. The histogram shows 
sufficient overlap between adjacent windows for the weighted histogram analysis method. 

 

1.5.2 Analysis with WHAM 
The weighted histogram analysis method (WHAM)34 estimates the free energy from 

umbrella sampling simulations. In this method, the overlapping probability 

distributions of multiple windows are treated to minimize the statistical error. The total 

unbiased distribution is estimated by Equation 1-41.33,35 

 
𝑃(𝜙) = ë 𝑝�(𝜙)𝑃�(𝜙)

ì��m�ì�

�

 
Equation 1-41 

where 𝑝� is the weight of window 𝑖 and 𝑃� is the unbiased probability distribution of 

window 𝑖. 

The normalized weight 𝑝� is computed to minimize the statistical error as shown in 

Equation 1-42. 
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 𝜕𝜎"¬𝑃(𝜙)¯
𝜕𝑝�(𝜙)

= 0 
Equation 1-42 

where ∑ 𝑝�(𝜙) = 1ì��m�ì�
� . 

According to Equation 1-42, the weight 𝑝� is calculated with Equation 1-43. 

 
𝑝�(𝜙) =

𝑛�expî−𝛽(𝑉�¬𝜙(𝒓)¯ + 𝛽𝐶�)ï
∑ 𝑛¿exp	î−𝛽(𝑉¿¬𝜙(𝒓)¯ + 𝛽𝐶¿)ïì��m�ì�
¿

 
Equation 1-43 

where 𝑛� and 𝑛¿ is the total number of samples in window 𝑖 and 𝑗, respectively.  

The constant 𝐶� is calculated using the total unbiased distribution 𝑃(𝜙) given by 

Equation 1-44. 

 exp(−𝛽𝐶�) = ð𝑃(𝜙)exp Ï−𝛽𝑉¬𝜙(𝒓)¯Ð 𝑑𝜙 
Equation 1-44 

Equation 1-42 is solved by self-consistent iterations in order to update and converge 

𝐶� and 𝑝�. 

 

1.6 Markov state models (MSMs) 

In this thesis, a Markov state model is built in order to study the protein dynamics and 
kinetic properties of Cyclophilin A, as introduced in chapter 3. MSMs provide a way 

to quantitatively evaluate equilibrium and dynamic properties of proteins which can 

be compared to experiment. In a Markov state model the long-timescale dynamics are 

approximated by a Markov chain on a discrete partition of configuration space. The 

background theory and the key steps for building MSMs from MD simulations are 

explained in the following sections. 

 

1.6.1 The mathematical background of MSMs 
The idea behind MSMs as developed in the late 1990s by Schütte et al.36 is that the 

propagator (an operator that propagates the probability distribution of the system of 

study over time) of the stochastic dynamics of protein motion can be approximated 

well using a Markov jump process. The Markov jump process (Markovian process) is 

a memoryless transition process meaning that the chance of jumping from one state to 
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another state depends only on the previous state and does not depend on any other state 

before that (memoryless) as shown in Figure 1-8.  

 

Figure 1-8 The memoryless process of Markov jump process between three states A, B and C. 
The chance of jumping from one state to another state depend on only the previous state. 

In molecular dynamics, a time series or trajectory 𝒙(𝑡) is generated using Newtonian 

dynamics as described before. The positions 𝒙(𝑡) are now clustered in 𝑁 states and 

discretized according to membership to each of the defined clusters. This result in a 

discrete ‘jump’ trajectory used to define the Markov process. The discrete version of 

the transfer operator of the non-discrete dynamics process is the transition matrix. The 

discrete trajectory is used, to estimate the row-normalized transition probability matrix 

𝑻(𝜏) ∈ ℝô×ô of the conditional jump probabilities from one state to another state in a 

small-time interval (𝜏). 

 𝑇�¿(𝜏) = 𝑃(𝑥iäÒ = 𝑗, 𝑥i = 𝑖), Equation 1-45 

where 𝜏 is the lag time, 𝑝�¿ is the probability of transition from state 𝑖 to state 𝑗. 

The generation of discrete states from MD trajectories is discussed in section 1.6.3.1. 

After discretizing trajectories, the transition probability matrix 𝑻(𝜏) is then estimated 

using the constraint that the dynamics are reversible.37 This matrix provides relevant 

and interesting information regarding stationary behavior by computing its 

eigenvalues 𝜆� and eigenvectors 𝜙�. 

 𝑻(𝜏) ∘ 𝜙� = 𝜆�(𝜏)𝜙�`. Equation 1-46 

Because 𝑻 is a stochastic matrix and reversible, the eigenvalues are bounded as −1 <

𝜆� ≤ 1. The corresponding eigenfunction 𝜙5 of the largest eigenvalue (𝜆5 = 1)  is the 

stationary distribution	𝜇, which corresponds to the equilibrium probabilities of the 
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microstates ( Figure 1-9B). The other eigenvectors (𝜙", 𝜙W, …) correspond to the slow 

dynamical relaxation processes, so the corresponding eigenvalues (𝜆", 𝜆W, …) are 

related to the relaxation timescale.  Other eigenvalues (𝜆", 𝜆W, … ) except the largest 

one (𝜆5 = 1) decay exponentially as: 

 𝜆�(𝜏) = exp	(−𝜅�𝜏)  ∀𝑖 > 1, Equation 1-47 

where  𝜅� is the rate of decay. 

According to this decay, the relaxation timescale of a system called “implied 

timescales” can be calculated from eigenvalues (𝜆", 𝜆W, … ) as: 

 𝑡� = − Ò
þÿ	 |"�|

, Equation 1-48 

where 𝑡� is a relaxation time, 𝜏 is the lag time. 

The sign change of eigenvectors gives the information about the probability change 

between discrete states and it corresponds to the slow process of the system as shown 

in  Figure 1-9C. 
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 Figure 1-9 (A) The toy potential (B) the stationary distribution 𝝁(𝒙) and (C) the second 

eigenvector of the toy potential The slowest process between two macrostates is shown by the 
sign change of eigen vector from positive to negative. Figure adapted from ref 37.  

 

1.6.2 Validation of the Markov model 
The implied timescale plot as a function of lag times can be used as a tool to decide a 

proper lag time 𝜏 parameter for a Markov model. The lag time 𝜏 should be chosen 

when the implied timescale is independent of the lag time. After estimating the 

transition probability matrix of a chosen lag time, the Markovianity of the model can 

be tested using the Chapman-Kolmogorov equation: 

 𝑻(𝑛𝜏) = (𝑻(𝜏))� Equation 1-49 

This shows that the transition probability matrix of a lag time	𝑛𝜏 should be equivalent 

to the power 𝑛 time of the transition probability matrix at a lag time 𝜏. 
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1.6.3 Protocols for building a MSM 

1.6.3.1 Clustering MD data into a set of microstates  

The first step of building a MSM is the discretization of MD trajectories into a group 

of conformations known as “microstates”. The conformations in the microstates have 

the same kinetic properties. In order to reduce the dimensionality of the feature space 

used for clustering, Time structure Independent Component Analysis (TICA) can be 

used to build MSM.38 There are many fundamental methods to cluster the 

conformations such as k-centers, k-means and k-medoids.39 The k-means clustering 

algorithm is described by the following protocol.40,41 

a) In order to cluster all conformations into K clusters the initial points 

𝑘5, 𝑘" … , 𝑘� of conformations are randomly chosen for the centers of 

microstate 𝑆5, 𝑆", … , 𝑆�. 

b) Each conformation (𝑿�) is assigned to the closest center of microstate 𝑆� by 

comparing the Euclidean distances between the conformations and each of the 

microstate centers. 

c) After assigning all conformations into a group of microstates, the new centers 

of each cluster are updated using the mean vectors calculated from distances 

between all conformations in the microstates. 

d) Repeat step b) and c) again until the sum of the squared distance errors of all 

clusters (Equation 1-50) are minimized. 

 
𝐸 =ë ë ‖𝑿� − 𝑆�‖"

𝑿�∈©&

�

�'5

 
Equation 1-50 

where 𝑿� is the phase space point of conformation 𝑖 and 𝑆� is the center point of 

microstate 𝑘.41  

1.6.3.2 Selecting an appropriate lag time  

As described before, a lag time 𝜏 for time-discretization of the process is chosen from 

the plot of the relaxation timescales. The implied timescale of the Markovian process 

should remain constant over a range of 𝜏. The chosen lag time should be long enough 

such that the process is Markovian. The MSM validation test can be conducted to 
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minimize the discretization error. In this thesis, the Chapman-Kolmogorov equation is 

used to validate the Markov state model as a means of choosing lag time.42 

1.6.3.3 Estimating the transition probability matrix 

The transition matrix containing the conditional jump probabilities between states is 
constructed by counting the transition between microstates at a given lag time. It is 

possible to write down a maximum likelihood formulation to solve for the best 

transition matrix under the conditions that the estimated matrix needs to be reversible. 

In this thesis, a Bayesian reversible MSM estimation was used which is described 

elsewhere.43 Once the transition matrix it is obtained it can be used to estimate 

stationary and dynamic properties of the system. In particular, the eigenvalue of the 

transition matrix gives information regarding the timescale at which motions occur in 

the system and the eigenvectors hold the information of what conformational changes 

are involved in the motion. These extracted rates should be qualitatively comparable 

to experimental observables. 

1.6.4 Computing observables from MSM 

Once we build an MSM, the kinetic MSM model can be used to predict experimental 

data as mentioned before. In order to make an understandable model and gain intuition 

for the system, the metastable macrostates are constructed from a kinetic lumping of 

the microstates. The number of macrostates of the system can be chosen based on the 

significant gap between two consecutive modes in the implied timescales. Macrostates 

are defined as a collection of microstates that have the same kinetic properties. There 

are several methods to lump microstates into metastable macrostates such as Perron 

Cluster Cluster Analysis (PCCA)44 and Robust Perron Cluster Analysis (PCCA+).45 

The macrostates can also be manually constructed using specific criteria depending on 

the system of interest. After coarse-graining microstates into macrostates, the 

stationary distribution of each macrostate can be obtained from the transition 

probability matrix of macrostates. Also, the timescale of transition between 

macrostates can be calculated as the average time of the transition starting from state	𝑖 

reaching to state	𝑗 called “mean first passage time (MFPT)”. The MFPT is defined 

as:46–48 
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𝑀𝐹𝑃𝑇�¿ = 𝜏 +ë𝑇�¿(𝜏)𝑀�¿

�

¿'5

 
Equation 1-51 

where 𝜏 is lag time and 𝑇�¿ is the probability of transition from state	𝑖 to state	𝑗. 

 

1.7 NMR observable 

In recent years, Nuclear magnetic resonance spectroscopy (NMR) has been used to 
investigate protein dynamics over a wide range of timescales.49,50 NMR is a 

spectroscopy technique that detects energy absorptions due to transition of the nuclear 

spin state. In NMR, the nuclear spin transition from a ground state to its excited state 

is caused by the interaction of a nuclear magnetic dipole moment and an external 

magnetic field. The absorption energies of the individual nuclear spins are detected 

depending on the electron density surrounding the nucleus (shielding or de-shielding 

effects). These effects lead to differences in the NMR observed frequencies called 

“chemical shift”. Thus, NMR provides structural information on the electronic 

environment of the nucleus. In this thesis, NMR observables were generated from MD 

trajectories and compared with experimental data in order to validate the simulation of 

the system. The NMR observables used in the thesis are discussed in the following 

section. 

 

1.7.1 The scalar J-coupling 
The scalar J-coupling measures indirect spin-spin couplings between neighboring 

nuclei that occur through chemical bonds. The constant J is the width between the spin-

spin splitting line and is independent of the magnetic field strength. The coupling 

constant 𝐽	W  is related to dihedral angle described as the Karplus’s equation:51,52 

 𝐽	W (𝜃) = 𝐴cos"(𝜃) + 𝐵cos(𝜃) + 𝐶, Equation 1-52 

where 𝜃 is a dihedral angle and the constants 𝐴,	𝐵 and 𝐶 are empirical parameters.  

The J-coupling can be calculated from MD simulations by using Karplus’s equation 

and can be compared with experimental results. Thus, the ensemble average of the 
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backbone dihedral angles f and ψ from MD simulation can be converted to 

𝐽(𝐻ô,𝐻,)	
W ,	 𝐽(𝐻ô, 𝐶-)	

W , and  𝐽(𝐻ô, 𝐶Ø)	
W .  

 

1.7.2 Nuclear Overhauser Effect (NOE) 
Nuclear overhauser effect (NOE) is a magnetic interaction that occurs when one spin 

perturbs the equilibrium of another spin and causes the relaxation between two nuclei. 

NOE occurs through space and depends on the distance between two nuclei. Therefore, 

NOE is very useful for the determination of three-dimensional molecular geometry. 

NOE can be measured by two-dimensional experiments such as nuclear overhauser 

effect spectroscopy (NOESY) and heteronuclear overhauser effect spectroscopy 

(HOESY). The predicted internuclear distances of NOE signals can be calculated by 

averaging of 𝑟[. of distance between hydrogens i and j:53 

 𝑟�¿
h§¦ = 	 〈𝑟�¿[.〉

/Ã
Ä , Equation 1-53 

where 𝑟�¿ is the distance between hydrogens i and j.   

1.7.3 Order parameters (𝑺𝟐) 
The generalized order parameter (𝑆") of macromolecular NMR relaxation analysis has 

been introduced by Lipari and Szabo in 1982.54 The generalized order parameters (𝑆") 

report macromolecular internal dynamics by characterizing the reorientation of the 

bond vector along two nuclei A and B. In this thesis, NH bond order parameters are 

obtained directly from MD simulations by computing the internal orientation of NH 

vectors. This can be done by calculating the autocorrelation of the 2nd order Legendre 

polynomial of the NH bond vector:55  

 𝐶0(𝑡) = 	∫ 𝑃"(𝑣(𝑡) ∙ 𝑣(𝑡 + 𝒯))
2
* , Equation 1-54 

where 𝑃"[𝑥] is the second Legendre polynomial and 𝑣 is the NH-bond vector. 

The order parameters 𝑆" of from a MD simulation can be determined as:56 

 𝑆" = lim
i→2

𝐶0(𝑡). Equation 1-55 
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The values of 𝑆" vary between 0 and 1 whereby lower 𝑆" indicates more dynamics 

and larger 𝑆"	corresponds to a rigid protein. In principle, there is no limit to the time 

interval that may be used to compute 𝑆" values from MD simulations. 

 

1.8 Aims of this thesis 

The main goal of this thesis is to use an ensemble allosteric model (EAM) to explain 
the allosteric effects in enzymes using a variety of computational approaches. Firstly, 

allosteric effects in simple discrete and continuous protein models were studied using 

numerical studies and molecular dynamics (MD) simulations. Subsequently, EAM 

was combined with atomistic MD simulations to study allosteric effects in the enzyme 

Cyclophilin A in order to contribute to a current debate about the role of protein 

dynamics in enzymatic catalysis.  
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2 Cyclophilin A dynamics and catalysis 

This chapter reviews the main experimental techniques that have been used to study 

protein dynamics and catalysis in the enzyme Cyclophilin A. 

2.1 Protein dynamics on different timescales 

Proteins undergo motions on a wide range of timescales, from femtoseconds to 

seconds. A variety of experimental methods such as neutron scattering, X-ray 

crystallography and NMR spectroscopy have been developed to measure the internal 

protein motions that occur on this range of timescales (Figure 2-1).57–62 The fast 

internal protein motions of backbone or side-chain rotations occur on the picosecond 

to nanosecond timescale, whereas global motions , such as conformational exchange, 

tend to occur on the microsecond to millisecond timescale and interplay between these 

motions and enzyme functions has been previously discussed.62,63 Many biological 

processes including protein folding, signal transduction and allosteric regulation occur 

on the micro- to millisecond timescale. Thus, protein motions relating to this range of 

timescales are the focus of much research. 

 

 

Figure 2-1 The range of enzyme dynamics covered by diverse experimental and  computational 
techniques. 
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Proteins can be represented by an energy landscape as shown Figure 2-2. Energy 

minima represent the stabilized conformational states of the protein, whereas maxima 

represent transition states. Conformational states are distributed based on their 

energies which are determined by statistical thermodynamics. The interconversion 

rates (k) and the time scale of transitions between states depend on the energetic 

barriers that separate the various minima. 

 

Figure 2-2 The energy landscape of proteins  

2.2 NMR as a tool for studying protein dynamics 

Nuclear magnetic resonance (NMR) spectroscopy is a useful tool to study the structure 

and dynamics of biomolecules.  The NMR observables such as nuclear Overhauser 

enhancements (NOE), residual dipolar coupling (RDC) Carr-Purcell-Meiboom-Gill 

(CPMG), the off-resonance rotating frame (R1r) and spin relaxation measurements 

report on the internal protein motions at different timescales as shown in Figure 2-3.64 

These various NMR techniques are described further below. 
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Figure 2-3 Timescale of Nuclear Magnetic Resonance (NMR) observables. The picosecond to 

nanosecond time scale motions of protein are measured by nuclear spin relaxation rate (𝑹𝟏,𝑹𝟐 

and NOE). Residual  dipolar couplings (RDC) can be used to measure slower motions of protein 
occurring between nanosecond to millisecond timescale.  A Carr-Purcell-Meiboom-Gill (CPMG) 

and 𝑹𝟏𝝆 detect protein motions on microsecond to millisecond time scale. ZZ exchange 

experiment is used for slow chemical exchange study.  

 

 

2.2.1 NMR for measuring fast protein dynamics 
Protein dynamics can be measured by the NMR relaxation rate.11,12 NMR Relaxation 

is a process by which magnetic nuclear spins return to equilibrium. In the NMR 

relaxation experiment, molecular motions cause the fluctuation of local magnetic 

fields, which can be described by the correlation function 𝐶(𝑡) of the internal bond 

vector. The Fourier transform of this correlation function 𝐶(𝑡) is the spectral density 

function 𝐽(𝜔), which describes the probability of finding molecular motions at the 

frequency 𝜔.62,64  The spectral density function 𝐽(𝜔) is related to the three relaxation 

rates: 𝑅5(the longitudinal relaxation rate),	𝑅" (the transverse relaxation rate) and 

hetero-nuclear NOEs as described in Equation 2-1, Equation 2-2, and Equation 2-3.65,66 

 𝑅5 = 𝐴î𝐽¬𝜔� − 𝜔¿¯ + 3𝐽(𝜔�) + 6𝐽¬𝜔� + 𝜔¿¯ï + 𝐵𝐽(𝜔�) Equation 2-1 

 𝑅" = 0.5𝐴î4𝐽(0) + 𝐽¬𝜔� − 𝜔¿¯ + 3𝐽(𝜔�) + 6𝐽¬𝜔¿¯

+ 6𝐽(𝜔� + 𝜔¿)ï +
1
6𝐵

"[3𝐽(𝜔�) + 4𝐽(0)] 

Equation 2-2 

ps ns !s ms s

"#, "$, NOE CPMG

"#% ZZ exchange

Residual dipolar coupling

Lineshape
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NOE = 1 + À

𝛾¿
𝛾�
Å 𝐴î6𝐽¬𝜔� + 𝜔¿¯ − 𝐽(𝜔� − 𝜔¿)ï

1
𝑅5

 
Equation 2-3 

where 𝐴 = 0.1î(𝛾�𝛾¿ℎ)/(2𝜋𝑟�¿W)ï
" and 𝐵 = ( "

5@
)[𝜔�"(𝜎∥ − 𝜎B)"], ℎ is Planck’s 

constant, 𝑟�¿is the inter nuclear distance of 𝑖 and 𝑗, 𝛾¿ and 𝛾� are the gyromagnetic ratio 

of spin 𝑖 and 𝑗, 𝜎∥ and 𝜎B are components of the axially symmetric chemical shift 

anisotropy tensor. 

These three NMR observables can be used to obtain information on molecular 

dynamics. The spectral density function and the relaxation data can be analyzed by 

using the model-free approach of Lipari and Szabo.54,67 This model explains the 

spectral density function as a function of the order parameter (𝑆") and the timescale of 

internal bond fluctuations:  

 
𝐽(𝜔) =

𝑆"𝜏z
1 + 𝜔"𝜏𝑚" +

(1 − 𝑆")𝜏
1 + 𝜔"𝜏"  

Equation 2-4 

where 𝜏z is the correlation time for the overall rotational diffusion of the 

macromolecule, 𝑆" is the order parameter and 1/𝜏 = 1/𝜏z + 1/𝜏�	, where 𝜏� is the 

internal correlation time of bond vector motions.  

The order parameter 𝑆" measures the restriction of local motions. The value of 𝑆" is 

varies between 0 (unrestricted bond-vector) and 1 (rigid bond-vector). The lower site-

specific values of 𝑆", indicate flexible regions within the protein. The simplest model 

describing the fast protein motions is considered as the distribution of orientations of 

a bond vector in a cone with semi-angle 𝜃 (Figure 2-4).68 In this case, the order 

parameter 𝑆" is given as:62 

 
𝑆" =

cos"𝜃(1 + cos𝜃)"

4  
Equation 2-5 

The N	5@  nuclear spin relaxation experiments provide a standard toolbox to measure the 

site-specific parameters describing dynamics of the N−	
5@ H	5  bond vector of the 

protein backbone. However, this information about the internal protein backbone is 

still incomplete. Therefore, several studies also measured the CO−	
5W C	5W , bond 

vectors by using the NMR CO−	
5W C	5W , cross-correlated relaxation experiment.69 

Also, methyl order parameters of side-chain dynamics can be obtained by N	5@  , H	"  and 

C	5W  relaxation measurements.70 𝑆" values of internal dynamics are typically derived 
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from nuclear spin relaxation measurements and these experiments can only resolve 

dynamics occurring on timescales faster than the tumbling time of the protein 

(typically ca. 10 ns for a 20k Da protein). 

 

Figure 2-4 The cone model with semi-angle 𝜽 for describing fast protein motions 

2.2.2 NMR for measuring slow protein dynamics 
Slower motions describing the conformational exchange process (µs-ms), can be 

studied by several backbone N	5@  relaxation experimental methods. Such methods 

include line shape analysis,  ZZ exchange, Carr-Purcell-Meiboom-Gill (CPMG)71 and 

the off-resonance rotating frame (R1r).49 The data from these experiments is frequently 

interpreted as a two-site chemical exchange process as described below. 

2.2.2.1 Conformational exchange process 

In a two-site chemical exchange process, the protein changes conformation between 

one state A and another state B.64,72 

 
A
𝑘5
⇌
𝑘[5

B, 
Equation 2-6 

where  𝑘5 is the exchange rate from A to B and 𝑘[5 is the rate from B to A. 

The populations of states A and B is 𝑝H and 𝑝I, respectively. The chemical shift 

difference of the states is: 

 Δ𝜔 = 𝜔I − 𝜔H Equation 2-7 

The chemical exchange rate constant is: 

 𝑘�| = 𝑘5 + 𝑘[5  Equation 2-8 
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During a chemical exchange process, the change of magnetic environments of the 

nuclei affects the lineshape on the NMR spectra as shown in Figure 2-5. When the 

exchange rate is equal to the chemical shift difference (𝑘�| ≅ 	Δ𝜔) the interconversion 

process is said to be ‘intermediate’. For a slow exchange process (𝑘�| ≪ 	Δ𝜔), the two 

sharp peaks of two states are observed and the relative population of each state is 

obtained from the integral of its peak. If 𝑘�| ≫ 	Δ𝜔, the interconversion is fast and the 

single resonance signal (𝜔���) is observed at a chemical shift position of a population 

weighted average of the protein conformations:72,73 

 𝜔��� = 𝑝H𝜔H + 𝑝I𝜔I Equation 2-9 

The broadening of resonance peak in exchange process increases the transverse 

relaxation 𝑅" by an amount 𝑅�|:64,74 

 𝑅"�áá = 𝑅"* + 𝑅�| Equation 2-10 

where 𝑅"�áá is the observed transverse relaxation rate and 𝑅"* is the transverse 

relaxation rate in the absence of chemical exchange. 
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Figure 2-5 The example of NMR spectrum of two-states chemical exchange (A and B) with the 

exchange rate 𝒌𝒆𝒙. The chemical shift of state A and B is 𝝎𝑨 and 𝝎𝑩. 

 

The broadening of resonance signals caused by these timescale motions can be 

characterized using the relaxation dispersion approaches including Carr-Purcell-

Meiboom-Gill (CPMG)71 and the off-resonance rotating frame (R1r)75  in order to 

study the kinetic and structural information of the conformational exchange process. 

CPMG 𝑅" relaxation dispersion method is the most common experiment to study 

micro-millisecond protein dynamics. However, the R1r experiment can be used to 

study faster protein motions in the range of microsecond timescales.62 In the CPMG 

method, a series of spin-echo pulses spaced by 𝜏g£  are applied to cause a refocus of 
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the transverse magnetization. The decay of the NMR resonance signal from spin-echo 

can be measured as a function of the frequency of the CPMG pulse (𝜈©o{] = 1
4𝜏g£P ). 

The curve of this decay can be fitted to a dynamical model in order to obtain exchange 

parameters including exchange rate, chemical shifts and populations. The slow-

millisecond protein motions can be also measured by exchange spectroscopy (EXSY) 

or the ZZ-exchange experiment.49 In this technique, the exchange of longitudinal 

magnetization between major and minor states is monitored as a function of time. This 

experiment can be used only when the major and minor states’ signals are well 

separated, so the exchange signal can be easily identified.49 

 

Advanced NMR experiments have been developed to specially monitor protein 

motions over a wide range of timescales. Such measurements can provide details about 

dynamical information that is related to the functions of proteins. In recent years, much 

research has proposed that enzyme dynamics plays an important role in enzyme 

catalysis.76–81 However, there is much debate about this idea and it is still unclear how 

enzyme dynamics contribute to catalytic function.82–86 

 

2.3 The debate of dynamical effects in enzyme catalysis 

While some researchers especially experimentalists consider that enzyme dynamics 

are important for enzyme catalysis,87 others suggested that dynamics do not 

significantly contribute to catalysis.82,88 This controversial topic has arisen from 

several particular issues such as the different definition of “protein dynamics” and the 

timescale which is important for protein motions of interest. The definition of “protein 

dynamics” has been discussed in some reviews.84,88 Some researchers use this term to 

mean thermal equilibrium motions of the protein but other researchers use “protein 

dynamics” for nonequilibrium events. 

 

2.3.1 The transmission factor of transition state theory (TST) 
In enzymatic reactions, it has been suggested that the dynamical effects of an enzyme 

can contribute to a transmission factor	𝜅. The transmission coefficient 𝜅 is used to 
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correct for barrier recrossing.89 Figure 2-6 shows the reaction path from substrate to 

product with the successful (green) and unsuccessful (red) trajectories. There are some 

trajectories that cross back from the transition state to the reactant. Thus, the rate 

constant is defined as: 

 
𝑘 = 𝜅𝑘`Q` = 𝜅 À

𝑘I𝑇
ℎ Å 𝑒[∆]‡/(�Ý`) 

Equation 2-11 

where  𝑘I is the Boltzmann constant, 𝑇 is the absolute temperature, 𝑘`Q` is a classical 

transition state theory rate constant, and 𝜅 is a transmission coefficient. When 𝜅 = 1 

there are no recrossing trajectories. 

 

 

Figure 2-6 Reaction path from reactant to product. The unsuccessful and successful trajectories 
are represented by a red line and a green line respectively. 

Several studies have estimated the transmission coefficient of a wide range of 

enzymes.90–94 Some of them reported that the contribution of the transmission 

coefficient in catalysis is small and so there is no difference between transmission 

factors of the enzyme catalysed reaction and the reaction carried out in solutions.35,38 

Olsson et al. compared the transmission coefficient of the catalysed reaction of the 
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haloalkane dehalogenase (DhlA) and the uncatalysed reaction in solution.95 They 

investigated the autocorrelation functions of the energy gap of the reactant, product 

and transition state. If the autocorrelation functions between the enzyme catalysed 

reaction and the reaction in solution are similar, the transmission factor should also be 

similar. Their result showed that the transmission coefficient of the catalysed and 

uncatalyzed reactions are not significantly different.95 Therefore, there is no 

contribution of dynamical effects in this system. The transmission coefficients of 

another enzyme, catechol O-methyltransferase (COMT), was also estimated by Roca 

et al.92 Their results showed that the transmission coefficients are 0.83 ± 0.03 in the 

enzyme and 0.62 ± 0.04 in solution.92 

 

2.3.2 Electrostatic preorganization in the enzyme catalysis  
It has become widely accepted that the contribution of electrostatic effects is 

significant in enzyme catalysis.83,96 The electrostatic interactions in the active site of 

the enzyme and substrate are essential for ligand binding and transition-state 

stabilization. In order to understand the effect of the electrostatic environment in 

enzyme catalysis, the idea of electrostatic preorganization was introduced by 

Warshel.97,98 The concept of preorganization is that, for the reaction in solution the 

solvent incurs a significant reorganization energy in order to reorient its dipoles for 

transition state stabilization during the reaction. On the other hand, in the catalyzed 

reaction the enzyme requires less reorganization energy due to the pre-orientation of 

dipoles in the active site (Figure 2-7). 
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Figure 2-7 A) The reorientation of solvent’s dipole during the reaction, B) the preorganized 

active site of an enzyme undergoes fewer changes in dipole’s reorientations. 

Previous studies of the catalytic effect in ketosteroid isomerase (KSI) have proved the 

preorganization concept and the electrostatic contribution in enzyme catalysis.99,100  

Feierberg and Åqvist reported that the enhancement rate of the isomerization catalyzed 

reaction in KSI is due to the reduction of reorganization energy and transition state 

stabilization from hydrogen bonding.100 

 

2.4 Cyclophilin A dynamics and catalysis 

In this thesis, the relation between the rate of protein motions and catalysis in enzymes 

was studied using cyclophilin A (CypA) as a model system.  CypA is a peptidyl-prolyl 

isomerase (PPIase) that catalyzes the cis/trans imide isomerization of proline (Figure 

2-8A).101,102 It is a b-barrel of eight anti-parallel b-strands with two a-helices on top 

and bottom. A hydrophobic pocket is formed by aromatic and hydrophobic residues 

on four b-sheets within the barrel.103 CypA plays an important role in protein folding 

and regulation,104 gene expression,105 cellular signalling and the immune system.106 

CypA is a receptor of the immunosuppressive drug cyclosporin A (CsA). Cyclosporin 

A (CsA) complexed with CypA binds to the serine/threonine protein phosphatase 

calcineurin (CN) and prevents the activation of T-cells and thus immune 

response.106,107 Furthermore, inhibition of CypA has proved to have antitumor, 
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antiviral and anti-inflammatory effects.108 Because of its implications with many 

viruses and cancers, CypA has been the subject of structure-based drug design efforts 

for decades.109–112 Despite that, little is known about the connection between protein 

dynamics and enzymatic activity in CypA. Thus, in recent years, there have been many 

experimental research studies trying to shed light on this connection between protein 

dynamics and enzymatic activity in CypA.77,80,82,87,113  

 

Figure 2-8  (A) Illustrative diagram of the isomerisation of proline residue. The interconversion 
between cis and trans of proline residue is catalysed by Cyclophilin A. (B) The structure of 

human Cyclophilin A is 18kDa protein with an a b-barrel of eight-stranded antiparallel (yellow 

beta strands) and two a-helices (red ribbon structure). 

2.4.1 The millisecond motions of apo CypA resembling the 
substrate-bound states during catalysis 

In 2002, Eisenmesser et al. characterized the intrinsic motions of CypA during 

catalysis by using N	5@ -relaxation experiments.80 A change in the chemical shift 

resonance of several backbone amide groups was observed while adding the substrate. 

𝑅" relaxations rates were measured as a function of substrate concentration in order to 

separate the contribution of 𝑅�| from binding and isomerization.114 Since the measured 

rate of conformational exchange occurs on the same timescale as the catalytic turnover 
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number, researchers suggested that there was a correlation between CypA dynamics 

and catalysis. Later, the same group of researchers performed NMR relaxation 

dispersion experiments to compare the protein dynamics between free enzyme and 

substrate-bound complexes of CypA.87 N	5@  and C	5W − CPMG relaxation dispersion 

experiments were used to provide more quantitative information of the amide 

backbone and methyl side chains motions on the micro-to-millisecond timescale. The 

result revealed that the same conformational change of substrate-bound CypA during 

catalysis was detected in the apo enzyme. Different exchange rates were detected in 

two groups of residues (group I and group II), as shown in Figure 2-9A.87 In the free 

enzyme, the proposed conformational change of CypA involves two-states, a ‘major’ 

conformation (M) and a ‘minor’ conformation (m) with the exchange rate (𝑘�| =

𝑘{→z + 𝑘z→{) of 1,140 ± 200 s-1 for group I residues and 2,260 ± 200 s-1 (mean ± 

s.d.) for group II. During the isomerization reactions, the relaxation data of all residues 

can be globally fitted with an exchange rate of 2,730 ± 220 s-1(Figure 2-9B).87 The 

exchange rates of conformational change process within the apo enzyme correlate well 

with the sum of the rate constants of cis-to-trans and trans-to-cis isomerization (𝑘�| = 

2,500 ± 500 s-1), providing support for a link between intrinsic protein dynamics and 

enzymatic activity. It is noted that the populations of the minor states observed by 

NMR were about 2 to 7 % for the free enzyme and about 40% for the enzyme-substrate 

complex. 

 



 

  62 

 

Figure 2-9 ( A) NMR relaxation data reported by Eisenmesser et al. showed that residues in apo 
CypA were fitted in two groups, group I (red) and group II (blue). (B) The exchange rate of the 
two-state conformational change of apo and substrate-bound Cyclophilin A. The circle sizes are 
scaled by the population of each conformation. 

 
2.4.2 The structure of the minor state of CypA 

A detailed structure of the minor state (m) of CypA was proposed by use of ambient 

temperature X-ray crystallographic data and automatic electron density sampling.115 

Comparison between the major and minor states indicated an interconversion pathway 

between the two states involving coupled rotations of a network of side chains 

including those of Ser99, Phe113, Met61 and Arg55 as shown in Figure 2-10. For the 

M state, 𝜒5of Phe113 is the “in” rotamer (+60°), while 𝜒5of Phe113 is the “out” 

rotamer (-60°) in the m state. A distal mutation (ca.10 Å away from the active site) of 

Serine to Threonine (S99T) was designed to stabilize the “out” rotamer of Phe113, 

leading to a sidechain dynamic network of minor (m) conformations. According to 

Emajor

Eminor

~ 60 s-1

~ 1200 s-1

Group I (Gly45, Phe46, Tyr48, His92, Ser99, 
Ala101, Asn102, Gln111, Phe113, Glu120, 

Leu122)  

Group II (Gln63, Gly65, Asp66, Phe67, 
Thr68, Asn71, Gly72, Gly74, Lys76, Ser77, 

Ile78, Lys82, Phe83, Ser110)

A)

B)

EScis EStrans

~ 1,090 s-1

~ 1640 s-1
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NMR experiments on S99T, the population of the m state was significantly increased 

and the conversion rate 𝑘{→z of group I residues decreased to 1.0 ± 0.3 s-1, compared 

to ~60 s-1 in WT.115 In order to investigate the link between motions and catalysis in 

CypA variants, the catalytic efficiency (𝑘ghi/𝑘{), the dissociation constant (𝑘W) and 

the bidirectional isomerization rate (𝑘ghi��� = 𝑘g��→i�h�� + 𝑘i�h��→g��) were measured 

using the enzymatic assays and NMR measurements. The results showed a 300-fold 

reduction in 𝑘ghi/𝑘{, a ~3 to 6-fold decrease in 𝑘W  and a dramatic 70-fold drop in 

𝑘ghi���  of S99T.115 The similar rate reduction between the interconversion rate 𝑘{→z  

and the bidirectional isomerization rate 𝑘ghi���  suggested a link between slower motions 

and the catalytic rate reduction in the S99T mutant.  

 

Figure 2-10 The orientations of side chains Ser99/Thr99, Phe113, Met61 and Arg55 define the 
‘major’ conformation of WT (blue) and stabilized ‘minor’ conformation of S99T (red). 

 

2.4.3 The faster dynamics of CypA enhanced catalysis 
  Further research was done to enhance the catalytic activity of CypA using directed 

evolution on the impaired variant (S99T). Two variants, S99T/C115S and 

S99T/C115S/I97V, were identified as rescue mutants that improve the catalytic 

efficiency of the S99T mutant.116 These two mutations (C115S and I97V) are located 

close to Thr99, but not in the active site (Figure 2-11). NMR chemical exchange 

saturation transfer (CEST) spectroscopy was used to investigate the slow exchange of 

the CypA mutants. The interconversion rate 𝑘{→z of impaired mutant (S99T) was 

gradually increased by a C115S single mutation and then the C115/I97V dual mutation 

as shown in Table 2-1.87,115,116 
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Table 2-1 The exchange rate from major to minor conformation of apo CypA for group I residues.  

Apo CypA variants 𝑘{→z (s-1) 

WT ~60a 

S99T 1.0 ± 0.3b, 2.3 ± 0.c 

S99T/C115S  8.2 ± 0.4c 

S99T/C115/I97V 11.5 ±0.5c 

a data from Eisenmesser et al.87 , b data from Fraser el al.115, c data from Otten et al.116 

 

 

Figure 2-11 The position of Ile97, Ser99, Cys115, Phe113, Met61 and Arg55 in CypA 

 

The catalytic activities of all variants were measured for two peptide substrates (Suc-

AFPF-pNA and Suc-AAPF-pNA). The result showed the same trend of increased 

catalytic efficiency by 3-fold for S99T/C115S, and 5-fold increase for 

S99T/C115S/I97V compared to S99T.116 This suggested a correlation between the 

increase catalytic activity and faster exchange rate 𝑘{→z of group I residues. 

According to X-ray collection data, the “in” and “out” conformations of Phe113 were 

refined with different occupancies for different variants. The X-ray structure of 

S99T/C115S/I97C revealed occupancy of ~ 20% “in” and 80% “out” conformations, 
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while “in” and “out” structures in WT were defined with 65% and 35% occupancies, 

respectively.116 For S99T and S99T/C115S variants, only the “out” conformation was 

observed in X-ray structures. The size reduction of the C115S and I97V mutation 

restored the “in” conformation, and probably caused the faster transition between 

major and minor conformations. 

 

2.5 The catalytic mechanism of CypA 
To understand the linkage between enzyme dynamics and the catalytic mechanism the 

catalytic mechanism has to be understood. Indeed the catalytic mechanism has been 

studied extensively by many researchers.77,117–120 CypA speeds up the peptidyl-prolyl 

isomerization reaction rate by more than five orders of magnitude compared to the 

uncatalyzed reaction without breaking or forming bonds.121 Most crystal structures of 

CypA were reported for the cis conformation of substrate122,123, while trans 

conformation structures were published only in the cyclophilin/HIV capsid 

complex.124,125 The cis and trans conformational structure of the cyclophilin/HIV-1 

capsid complex suggested a counterclockwise rotation of the N-terminus of the 

substrate during cis/trans isomerization, 54 which has been proposed by both 

experimental and computational studies.113,118,124 Although the studies by Eisenmesser 

et al. (2002) suggested the C-terminal rotation of the substrate to interact with L98 and 

S99 during isomerization process80, the result from previous MD studies have proven 

that N-terminal ligand rotation better describe NMR experiments.118    

In 2002, Hur and Bruice proposed near attack conformers (NACs) in the cis/trans 

isomerization processes.126 The criteria of a conformer to be characterized as NAC, is 

a 20° twisted carbonyl group of the proline residues and a distance of less than 4.0 Å 

between the backbone nitrogen of proline and the guanidinium nitrogen of Arg55. It 

was proposed also that the thermal motion of the NAC conformation of CypA can 

facilitate and result in the direct transition for the cis to the transition state 

conformation. However, subsequent studies suggested that NACs do not have an effect 

in CypA catalysis or HIV-1 protease catalysis.127,128 
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2.5.1 The transition state stabilization in the catalytic 
mechanism of CypA 

Previous computational studies of Hamelberg and colleagues  have used accelerated 

MD simulations (aMD) to explain the important role of transition-state stabilization in 

the isomerization reaction of CypA.129–131 In these studies, similar free energy profiles 

of the isomerization reaction were obtained using different substrates and an improved 

version of force field parameters.77,129–132 The results showed that the transition-state 

of the substrate is stabilized though selective hydrogen bonding interactions in the 

active site, and favorable nonpolar interactions between the proline ring and the 

hydrophobic pocket. The calculated binding free energy of the transition-state 

conformations is lower than that of cis and trans conformations (Δ𝐺i� < Δ𝐺g�� <

Δ𝐺i�h��).129–131 It suggested that the transition-state of the substrate is the most 

preferential conformation in the active site of CypA and the cis substrate binds stronger 

to CypA than the trans substrate. This explains the experimental results since in most 

of the X-ray crystal structures the substrate is resolved in the cis-conformation.122,123 

Several key residues including Arg55, Gln63, Asn102 and Trp121 were identified to 

form hydrogen bonds with the transition state (Figure 2-12).77 For cis and trans 

configurations, the hydrogen bonds are loosely formed in comparison with the stable 

hydrogen bonds with the transition state configuration.77 This result showed the 

evidence of conformational selection of CypA for binding different configurations of 

the substrate.77 Other computational and experimental studies also identified the 

conserved Arg55 as one of the essential residues in stabilizing the transition state 

through the electrostatic interaction between the guanidinium side chain and the 

carbonyl of proline.64,65 In order to study the role of Arg55 in CypA catalysis, Li and 

Cui performed PMF calculations of different CypA variants (WT, WT with zero 

charge Arg55, R55A and R55L) using hybrid QM/MM simulations.127 The potential 

of mean force of the zero charge mutants confirmed that the electrostatic interaction 

of Arg55 stabilized the transition-state substrate, leading to A lower energy barrier. 

Also, R55K is less active than WT due to the inappropriate conformation of the side 

chain of the Lys55 residue to stabilize the transition-state configuration. 
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Figure 2-12 Key residues (cyan stick) in the active site of Cyclophilin A that form hydrogen 
bonds with the transition-state of the model peptide Ace-AAPF-Nme (yellow stick). 

 

The electrostatic handle mechanism for isomerization reaction of CypA was proposed 

by Camilloni et al (2014).117 In their work, a combination of NMR measurement, 

molecular dynamics and density functional theory calculations was used to investigate 

the cis-bound and trans-bound states, as well as the substrate with and without the 

electrostatic environment of the enzyme. The results suggested that CypA generated 

the electrostatic field acting on the electric dipole of the carbonyl group of the substrate 

and facilitating the rotation of the peptide bond with the transition-state stabilization. 

The validation of the electrostatic handle mechanism showed that the reduction of the 

catalytic activity when the electronic dipole of the substrate was reduced by replacing 

the CO group with a CS group. This mechanism was further supported by the reduction 

of catalytic activity of the R55A mutant using the same calculation.  

 

2.5.2 The proposed dynamic network of CypA  
In recent years, there have been many experimental and computational studies 

focusing on the conformational dynamics of CypA related to catalysis. These studies 

have proposed a role for a dynamics network of residues within CypA during substrate 

binding and catalysis as discussed in the following section. 
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In one of these studies, a conserved network of coupled protein vibrations that promote 

CypA catalysis was discovered using molecular dynamic simulations by Agarwal et 

al.113,133 The pathway of this network occurs on picosecond to micro-millisecond 

timescales and tends from the surface region to the active site of the enzyme and it is 

coupled to substrate turnover. This network impacts the catalytic process by changing 

the essential hydrophobic and hydrophilic interaction between enzyme and 

substrate.113,133 Parts of this network are conserved in various orthologues of 

cyclophilin. Also, experimental data, such as NMR relaxation and the high temperature 

factor from X-ray, indicate  the motions of several residues involved in this network.59 

 

Doshi et al. studied the effect of enzyme conformational dynamics in CypA catalysis 

by using normal and accelerated molecular dynamics simulations.134 The authors 

reached the conclusion that there is a coupling between enzyme motions and the 

chemical step by comparing the kinetics of the uncatalyzed and catalyzed 

isomerization reactions. From free substrate in water, a single exponential decay of the 

survival probability of trans substrate was observed, whereas the enzyme-substrate 

complex simulation showed a multi-exponential kinetic decay.134 Using Kramers’ rate 

theory, this study suggested that enzyme motions do not accelerate the chemical step 

but play an essential role in the reorganization of the active site for transition-state 

stabilization. In other research, Doshi et al. analyzed multiple microsecond molecular 

dynamics simulations of apo and substrate-bound CypA complexes using residue-

residue contact analysis.135 This method is a coarse-grained approach that defines the 

enzyme dynamics in term of residue-residue contact formation and breaking. It was 

found that substrate binding affected the enzyme motion 15 Å away from the active 

site, suggesting allosteric regulation of CypA.135 The result of the dynamic cluster from 

MD simulation was also validated by NMR experiments. Interestingly, the same distal 

residue (Val29) in this network was observed in the chemical exchange process upon 

ligand binding from the NMR results of Schlegel et al.136 Using a combination of NMR 

relaxation techniques and single-site multiple mutations, Val29 and Val6 were also 

identified as distal hotspot residues of the allosteric network in CypA  by Holliday et 

al.137 In the same study, two allosteric dynamic networks, termed “response 1” and 

“response 2”, were discovered during substrate binding and catalysis.137 In addition, 
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the results from molecular dynamics simulations revealed that these two allosteric 

pathways tend to be conserved in different cyclophilin isoforms.138  

 

Recently, these allosteric pathways were further studied by performing microsecond 

MD simulations of WT and four mutants (V6I, V6T, V29L and V29T). The MD 

trajectories of all CypA variant systems were analyzed using side-chain torsion angle 

analysis and residue-residue contact analysis.139 These computational studies 

discovered three communication pathways linking distal hotspot residues (Val29 and 

Val6) to the active site. The first two pathways resemble the allosteric networks that 

were reported by a previous experimental study.137 These two pathways are likely to 

couple between Val29 and the active site, while the other pathway is the 

communication between Val6 and the active site. 139 

 

The different timescales of protein motions have been investigated by both 

experimental and computational approaches in order to provide a connection between 

enzyme dynamics and catalysis. Several experimental studies reported the coupling 

between millisecond motions with the chemical coordinate because of the similar 

range of timescale. However, it still remains not understood how these inherent 

motions on varied time scales affect the catalytic activity of the enzyme. MD 

simulations can also provide the atomistic details of longer time scales during which 

CypA experience chemical exchange processes and quantify the dynamics information 

of biological systems. The direct roots to simulate the long timescale protein dynamics 

during catalysis requires both large computational and time resources. Therefore, 

alternative approaches can be used to overcome this limitation to study biological 

systems over long timescales. In our study, biased MD simulations and Markov state 

model (MSM) were used to investigate the link between the catalytic activity and the 

rate of protein motions. The kinetic information from MSM was combined with the 

free energies of chemical reactions to examine the hypothesis of the relationship 

between protein motions and catalytic activity.  
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3 A numerical study of the ensemble model of 

allostery 

In this chapter, numerical studies and molecular dynamics simulations were carried 

out on model potential energy surfaces to investigate the physical principle of 

allostery. 

3.1 Introduction 

Allostery is the phenomenon whereby a ligand binding at one site of a protein causes 
an effect at another distal active site that changes the function of the protein. Allosteric 

activators cause an increased activity of the protein, while allosteric inhibitors decrease 

the protein activity.10,140 In the 1960s, the MWC and the KNF models were first 

proposed to explain how allosteric cooperativity works.9,141 The details of these models 

have been described in the previous chapter. These models were applied to examine 

allosteric effect in many other proteins.142 However, a limitation of the MWC and KNF 

models is that they can only explain the allosteric function of oligomeric proteins 

existing only in two states. Nowadays, proteins are represented as an ensemble of 

conformations mapped on an energy landscape.143–145 This has led to the development 

of the ensemble allosteric model (EAM).146 This model includes a larger number of 

different conformational states of an allosteric protein populated based on their 

energies, which are determined by statistical thermodynamics. The model defines the 

energy of a protein conformation in terms of conformational free energies of individual 

sites and coupling energies between sites. Upon binding of an allosteric ligand, the 

potential energy surface of the protein is remodeled. These allosteric perturbations can 

alter the relative distribution of conformational protein ensembles.147 In the two classic 

allostery models (MWC and KNF), the conformational changes between two 

macrostates are induced by ligand binding, whereas the EAM considers allostery as an 

ensemble of two or more possible macrostates, which are populated depending on their 

stabilities.  

 

Although allosteric regulation is important for a wide range of fields, including drug 

discovery,144,148 the concept of allostery is still poorly understood. The purpose of this 
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work is to use numerical studies and molecular dynamics simulations in order to 

investigate the equilibrium properties of an idealized allosteric protein based on the 

ensemble allosteric model. This will pave the way for computationally intensive 

atomistic molecular simulation studies of protein structures described later in this 

thesis. 

 

3.2 Theory and methods 

In this work, discrete and continuous energy landscapes were used to study how energy 
landscape perturbation by an allosteric ligand can change the activity of a protein. 

 

3.2.1 A Conceptual ensemble model of allostery 

3.2.1.1 A discrete energy landscape model 

A conceptual discrete energy landscape of a protein with and without a ligand bound 

are shown in Figure 3-1 . Eight microstates are represented by different conformations 

of a protein at different energy values given in Table 3-1. Site 1 (triangle), site 2 

(sphere) and site 3 (square) of the protein represent a functional site, the binding site 

of ligand B2 and the binding site of ligand B3 respectively. This model defines an 

“active” state when the functional site is open and an “inactive” state when it is closed. 

The activity of the protein is 1 if site 1 (functional site) is “open”. The activity of a 

protein conformation is 0 if site 1 is “closed”. The free energy change for a conversion 

between an open to closed state is given by the energy values E1, E2, E3. In addition, 

if sites 1 and 3 are open at the same time, a coupling energy term E1-3 applies (and 

conversely for E2-3).  
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Figure 3-1 The discrete energy landscape of an unbound protein (A) , a protein bound to an 
allosteric ligand B2 (B) and a protein bound to an allosteric ligand B3 (C). Site 1 (triangle, bottom) 
is the functional site. Sites 2 (sphere, top left) and 3 (square, top right) are potential allosteric sites. 

There are coupling energies between functional and allosteric sites, which are depicted with black 
bars. Ligand B2 and ligand B3 are shown as red spheres and green  rectangles respectively. States 
from the apo ensemble that can bind to a ligand are shown in gray. 
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Table 3-1 The energy (arbitrary units) of each microstates in the discrete energy landscape 
model. 

State Apo B2-bound B3-bound 
m0 0 0 0 
m1 E1 E1 E1 
m2 E2 E2 + B2 E2 
m3 E3 E3 E3+ B3 
m4 E2 + E3 E2 + E3 + B2 E2 + E3 + B3 
m5 E1 + E2 + E1-2 E1 + E2 + E1-2 + B2 E1 + E2 + E1-2 
m6 E1 + E3 + E1-3 E1 + E3 + E1-3 E1 + E3 + E1-3+ B3 
m7 E1 + E2 + E3 + E1-2 + E1-3 E1 + E2 + E3 + E1-2 + E1-3+ B2 E1 + E2 + E3 + E1-2 + E1-3+ 

B3 
 

3.2.1.2 The continuous energy landscape model 

A two dimensional continuous energy landscape model is shown in Figure 3-2(A). In 

this case, the microstates are described by points on a potential energy surface. The 

microstates locate at distinct regions depicted by a 9 × 7 voxel grid belong to eight 

distinct macrostates. The region of space that belong to a macrostate is shown in Table 

3-2. The two-dimensional potential energy of the model system is given by Equation 

3-1 and represented in Figure 3-2 (B,C). 

 

Table 3-2 The macrostate regions for the continuous energy landscapes model 

Macrostate 𝑥 region 𝑦 region 

m0 𝑥 ∈ [5.0, 6.0] 𝑦 ∈ [3.0, 4.0] 

m1 𝑥 ∈ [3.0, 4.0] 𝑦 ∈ [3.0, 4.0] 

m2 𝑥 ∈ [5.0, 6.0] 𝑦 ∈ [5.0, 6.0] 

m3 𝑥 ∈ [5.0, 6.0] 𝑦 ∈ [1.0, 2.0] 

m4 𝑥 ∈ [7.0, 8.0] 𝑦 ∈ [3.0, 4.0] 

m5 𝑥 ∈ [1.0, 2.0] 𝑦 ∈ [5.0, 6.0] 

m6 𝑥 ∈ [1.0, 2.0] 𝑦 ∈ [1.0, 2.0] 

m7 𝑥 ∈ [1.0, 2.0] 𝑦 ∈ [3.0, 4.0] 
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Figure 3-2 (A) A grid version of a 2D representation of the energy landscape of the protein. 
Macrostates occupy distinct regions of configuration space. In additions the space contains region 
that are subject to a repulsive potential (cross and FB symbols) or lack interactions (circle). (B) 
The two dimensional and three dimensional (C) plot of the potential energy surface (PES) of U(x, 

y) defined by Equation 3-1. 
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 𝑈(𝒓) = 𝑈(𝑥,𝑦) = ∑ 𝐶� exp [−À
(|[|�)�

"Á\,�
� + (][]�)�

"Á^,�
� Å_�'W.

�'* +

𝐾`I𝐹𝐵(𝑥) + 𝐾`I𝐹𝐵(𝑦)  

 

Equation 3-1 

𝐹𝐵(𝑥) = 	0	𝑖𝑓	𝑥`Iz�� ≤ 𝑥 ≤ 	𝑥`Izh|	

																	= (𝑥 − 𝑥`Iz��)"	𝑖𝑓	𝑥 < 	 𝑥`Iz��	

															= (𝑥 − 𝑥`Izh|)"	𝑖𝑓	𝑥 > 	 𝑥`Izh|	

𝐹𝐵(𝑦) = 	0	𝑖𝑓	𝑦`Iz�� ≤ 𝑦 ≤	𝑦`Izh|	

																	= (𝑦 − 𝑦`Iz��)"	𝑖𝑓	𝑦 <	𝑦`Iz��	

																																																																	= (𝑦 − 𝑦`Izh|)"	𝑖𝑓	𝑦 >	𝑦`Izh|	 

where the parameters of Equation 3-1 are given in Table 3-3. 

The activity function of the 2D potential energy surface is defined by Equation 3-2. 

 
𝐴(𝒓) = 𝐴(𝑥,𝑦) =ë𝐶� exp b−c

(𝑥 − 𝑥�)"

2𝜎|,�"
+
(𝑦 − 𝑦�)"

2𝜎],�"
de

�'W

�'*

 
 

Equation 3-2 

where the parameters of Equation 3-2 are given in Table 3-4. 

Binding of a ligand is modelled by a perturbation of the potential energy surface of the 

protein. This is done by adding a binding function to Equation 3-1. The binding 

function of ligand B2 and B3 are defined by Equation 3-3 and Equation 3-4. 

 
𝐵"(𝒓) = 𝐵"(𝑥,𝑦) =ë𝐶� exp b−c

(𝑥 − 𝑥�)"

2𝜎|,�"
+
(𝑦 − 𝑦�)"

2𝜎],�"
de

�'W

�'*

 
 

Equation 3-3 

 
𝐵W(𝒓) = 𝐵W(𝑥,𝑦) =ë𝐶� exp b−c

(𝑥 − 𝑥�)"

2𝜎|,�"
+
(𝑦 − 𝑦�)"

2𝜎],�"
de

�'W

�'*

 
 

Equation 3-4 

 

where the parameters of Equation 3-3 and Equation 3-4 are given by Table 3-5 and 

Table 3-6 respectively. 

As seen in Figure 3-2B and C, all eight macrostates contain energy minima represented 

by the blue regions. The states m0 and m1 are the lowest energy minima in the unbound 

protein. 
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Table 3-3 Parameters of the potential energy function U(x,y). Energies are in arbitrary energy 
units, positions (xi, yi) are in arbitrary length units 

 𝑲𝑭𝑩 𝒙𝑭𝑩𝒎𝒊𝒏 𝒙𝑭𝑩𝒎𝒂𝒙 𝒚𝑭𝑩𝒎𝒊𝒏 𝒚𝑭𝑩𝒎𝒂𝒙 

 5.00 1.00 8.00 1.00 6.00 

𝒊 𝒙𝒊 𝒚𝒊 𝑨𝒊 𝝈𝒙𝒊 𝝈𝒚𝒊 

0 1.00 1.00 1.00 0.30 0.30 

1 1.00 6.00 1.00 0.30 0.30 

2 1.50 1.50 -0.40 0.10 0.10 

3 1.50 2.50 1.00 0.50 0.50 

4 1.50 3.50 0.10 0.10 0.10 

5 1.50 4.50 1.00 0.50 0.50 

6 1.50 5.50 -0.50 0.10 0.10 

7 2.50 1.50 1.00 0.50 0.50 

8 2.50 2.50 0.00 0.50 0.50 

9 2.50 3.50 1.00 0.50 0.50 

10 2.50 4.50 0.00 0.10 0.10 

11 2.50 5.50 1.00 0.50 0.50 

12 3.50 1.50 1.00 0.50 0.50 

13 3.50 2.50 1.00 0.50 0.50 

14 3.50 3.50 -1.00 0.30 0.30 

15 3.50 4.50 1.00 0.50 0.50 

16 3.50 5.50 1.00 0.50 0.50 

17 4.50 1.50 1.00 0.50 0.50 

18 4.50 2.50 0.00 0.50 0.50 

19 4.50 3.50 1.00 0.50 0.50 

20 4.50 4.50 0.00 0.50 0.50 

21 4.50 5.50 1.00 0.50 0.50 

22 5.50 1.50 -0.6 0.10 0.10 

23 5.50 2.50 1.00 0.50 0.50 

24 5.50 3.50 -1.00 0.30 0.30 

25 5.50 4.50 1.00 0.50 0.50 

26 5.50 5.50 -0.20 0.10 0.10 

27 6.50 1.50 1.00 0.50 0.50 

28 6.50 2.50 0.00 0.50 0.50 

29 6.50 3.50 1.00 0.50 0.50 

30 6.50 4.50 0.00 0.50 0.50 
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31 6.50 5.50 1.00 0.50 0.50 

32 7.50 1.50 1.00 0.50 0.50 

33 7.50 2.50 1.00 0.50 0.50 

34 7.50 3.50 0.20 0.10 0.10 

35 7.50 4.50 1.00 0.50 0.50 

36 7.50 5.50 1.00 0.50 0.50 

 

Table 3-4 Parameters of the activity function A(x,y). Energies (Ci) are in arbitrary energy units, 
positions (xi, yi) are in arbitrary length units 

𝒊 𝒙𝒊 𝒚𝒊 𝑪𝒊 𝝈𝒙𝒊 𝝈𝒚𝒊 

0 1.50 1.50 1.00 0.20 0.20 

1 1.50 3.50 1.00 0.20 0.20 

2 1.50 5.50 1.00 0.20 0.20 

3 3.50 3.50 1.00 0.20 0.20 

 

Table 3-5 Parameters of the binding function B2(x,y). Energies (Ci) are in arbitrary energy units, 

positions (xi, yi) are in arbitrary length units 

𝒊 𝒙𝒊 𝒚𝒊 𝑪𝒊 𝝈𝒙𝒊 𝝈𝒚𝒊 
0 1.50 1.50 -1.00 0.10 0.10 
1 1.50 5.50 -1.00 0.10 0.10 
2 5.50 5.50 -1.00 0.10 0.10 
3 7.50 3.50 -1.00 0.10 0.10 

 

Table 3-6 Parameters of the binding function B3(x,y). Energies (Ci) are in arbitrary energy units, 

positions (xi, yi) are in arbitrary length units 

𝒊 𝒙𝒊 𝒚𝒊 𝑪𝒊 𝝈𝒙𝒊 𝝈𝒚𝒊 
0 1.50 1.50 -1.00 0.10 0.10 
1 1.50 3.50 -1.00 0.10 0.10 
2 5.50 1.50 -1.00 0.10 0.10 
3 7.50 3.50 -1.00 0.10 0.10 
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3.2.2 Calculation of observables and physical quantities from a 
model potential energy surface 

For 𝑇 > 0, molecules distribute over possible distinct conformations of energy. If the 

energy associated with a state i of a system is 𝐸�, then the probability 𝑃� of its 

occurrence at a temperature T and volume V is given by Equation 3-5.149 
 𝑃� ∝ 𝑒[k�/�Ý`, Equation 3-5 

where T is the system’s absolute temperature and kB is the Boltzmann constant. 

The exponential dependence on the energy in Equation 3-5 means that there is a low 

probability of finding a molecule in a high-energy state. To describe the equilibrium 

between configurations, the distribution law tells us the frequency of occurrence of the 

state i, of energy Ei, in a macroscopic system. According to the Boltzmann distribution 

law, the probability Pi of finding a particular state i in equilibrium at temperature T 

and constant volume V is given by Equation 3-6.21 

 𝑃� =
�/l�/&m

∑ �/l�/&m�
= �/l�/&m

n
, 

Equation 3-6 

where Q is the partition function which is calculated by summing over all energy states 

Ei for the whole system. To study the allosteric activity of a protein, the ensemble 

average of the activity 〈𝐴〉, can be calculated from the probability Pi of each state i. 

 〈𝐴〉 = ∑ 𝐴�𝑃� =i
�'5

5
n
∑ 𝐴�𝑒[Øk�i
� , Equation 3-7 

where 𝐴� is the activity of each state i and 𝛽 = 5
�Ý`

. 

In this work, the allosteric response (AR) is defined as 

 𝐴𝑅 =	 〈H,o���〉
〈H,h£�〉

, Equation 3-8 

where 〈𝐴, ℎ𝑜𝑙𝑜〉 is the ensemble activity of the protein in complex with an allosteric 

ligand and 〈𝐴,𝑎𝑝𝑜〉 is the ensemble activity of the protein without allosteric ligand. 

For a classical system described by continuous coordinates, the canonical partition 

function is given by Equation 3-9:  

 𝑄ô±` = ðð···ð𝑒[Øt(𝒓,𝒑)𝑑𝒑𝑑𝒓 
Equation 3-9 

where H is the Hamiltonian function. For the present model system there are two 

degrees of freedom in the vectors of momenta	(𝒑)	and positions (𝒓). In this study, the 
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space is two dimenstional of 𝒓 = 	 (𝑥,𝑦) and 𝒑 = 	 ¬𝑝|,	𝑝]¯. Thus, the dimensionless 

canonical partition function is: 

 
𝑄ô±` =u ð ð 𝑒[Øt(£\,£^,|,])𝑑𝑝|	𝑑𝑝]𝑑𝑥𝑑𝑦

]'v

]'*

|'w

|'*

ä2

[2
 

Equation 3-10 

In general, the Hamiltonian can be separated into potential and kinetic energy vectors: 

 𝐻(𝑝|, 𝑝] , 𝑥,𝑦) = 𝐾¬𝑝|, 𝑝]¯ + 𝑈(𝑥,𝑦) Equation 3-11 

Then, substituting Equation 3-11 into Equation 3-10 gives 

 
𝑄ô±` =u 𝑒[Ø�¬£\,£^¯

ä2

[2
𝑑𝑝|	𝑑𝑝]ð ð 𝑒[ØÙ(|,])	𝑑𝑥𝑑𝑦

]'v

]'*

|'w

|'*
 

Equation 3-12 

The kinetic energy term is given by Equation 3-13: 

 
𝐾¬𝑝|, 𝑝]¯ =

𝑝|"

2𝑚 +
𝑝]"

2𝑚 
Equation 3-13 

where 𝑚 is the mass. Thus, the first integral term of Equation 3-12 is given by Equation 

3-14 : 

 
u 𝑒[Ø�¬£\,£^¯

ä2

[2
𝑑𝑝|	𝑑𝑝] = À

2𝜋𝑚
𝛽 Å

ô

= Λ 
Equation 3-14 

The second integral term is given by Equation 3-15 : 

 
ð ð 𝑒[ØÙ(|,])	𝑑𝑥𝑑𝑦

]'v

]'*

|'w

|'*
= 𝑍 

Equation 3-15 

where Z is the configuration integral, which only depends on the potential energy 

function.  

Thus, the canonical function can be written in Equation 3-16: 

 𝑄ô±` = ΛΖ Equation 3-16 

where Λ is Ï"Êz
Ø
Ð
ô

and Ζ is the configuration integral. 

The internal energy for a system fixed (T, V, N) is given by  

 ∆𝑈ô±` = ∫𝑃�(|,]) 𝑈(|,])𝑑𝑥𝑑𝑦, Equation 3-17 

where 𝑃�(|,]) = �
/{|(\,^)

n
. 
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Thus, Equation 3-17 gives: 

 
∆𝑈ô±` =

∫𝑈(|,])𝑒[ØÙ(|,])𝑑𝑥𝑑𝑦
∫ 𝑒[ØÙ(|,])

=
∫𝑈(|,])𝑒[ØÙ(|,])𝑑𝑥𝑑𝑦

𝑍  
Equation 3-18 

where Z is the configuration integral. 

The excess Helmholtz free energy of a system is given by in Equation 3-19 and 

substituting with Equation 3-16: 

 
∆𝐹�]�i�z→�m�h�(𝛽) = −

1
𝛽 ln À

𝑄�]�i�z
𝑄�m�h�

Å = −
1
𝛽 ln	(

ΛΖ�]�i�z
ΛΖ�m�h�

) 
Equation 3-19 

 
∆𝐹�]�i�z→�m�h�(𝛽) = −

1
𝛽 ln	(

Ζ�]�i�z
Ζ�m�h�

) 
Equation 3-20 

The negative of the temperature-entropy product can be obtained from the excess 

internal energy and the excess Helmholtz free energy as given in Equation 3-21: 

 −𝑇∆𝑆(𝛽) = ∆𝐹(𝛽) − ∆𝑈(𝛽) Equation 3-21 

The relative free energy between two macrostates can be computed by Equation 3-22. 

 
∆𝐹(𝑞5) − ∆𝐹(𝑞*) = ∆𝐹(𝑞* → 𝑞5) = −

1
𝛽 ln	{

𝑃(𝑞5)
𝑃(𝑞*)

} 
Equation 3-22 

where 𝑃(𝑞*) and 𝑃(𝑞5) is the probability of observing the system in state 𝑞* and 𝑞5. 

In this model, the macrostates are defined by the position on potential energy 

function. Thus, the relative free energy can be calculated from Equation 3-23. 

 ∆𝐹(𝑞5) − ∆𝐹(𝑞*) = ∆𝐹(𝑞* → 𝑞5)

= −
1
𝛽 ln	{

∫ ∫ 𝑒[ØÙ(|,])𝑑𝑥𝑑𝑦	
]∈®Ã

	
|∈®Ã

∫ ∫ 𝑒[ØÙ(|,])𝑑𝑥𝑑𝑦	
]∈®Ì

	
|∈®Ì

} 

Equation 3-23 

 

3.2.3 Numerical methods for solving the configuration integral 

3.2.3.1 Two dimensions trapezoidal integration 

In order to find the probability of macrostates in a continuous energy landscape 
model, the Boltzmann weight of each macrostate was calculated by the double 

integral of a function given in Equation 3-24.  
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𝑍(𝛽) = 	 ð ð 𝑒[ØÙ(|,])𝑑𝑥𝑑𝑦

]�

]Ã

|�

|Ã

 
Equation 3-24 

Trapezium integration was used to calculate the configuration integral. In this case, the 

four-corner method was chosen to compute the weight of a macrostate in a particular 

area. Firstly, the rectangular macrostate area was subdivided into small subrectangles. 

If ¬𝑥�,𝑦¿¯ is the grid point in the interior of the rectangle, then the sum of the 𝐹 area is 

given by Equation 3-25:150 

 𝐹 = 	 H
É
(∑ 𝑍(𝑥�,𝑦¿)g������ + 2∑ 𝑍(𝑥�,𝑦¿)�m¦�� +

∑ 𝑍(𝑥�,𝑦¿)��i����� ), 

Equation 3-25 

where A is the area of the subrectangles, which depends on the integral spacing. 

To compute Equation 3-24 numerically, the four corner method in Equation 3-25 is 

used, leading to Equation 3-26 : 

 𝑍(𝛽) = 	 H
É
(∑ 𝑍(𝑥�(g),𝑦¿(g))g������ +

2∑ 𝑍(𝑥�(�),𝑦¿(�))�m¦�� + ∑ 𝑍(𝑥�(��),𝑦¿(��))��i����� ), 

Equation 3-26 

where ¬𝒙�(g),𝒚¿(g)¯ is the grid point of four corners, (𝒙�(�),𝒚¿(�)) is the grid point of 

edges of a rectangle, (𝒙�(��),𝒚¿(��)) is the interior grid point of a rectangle. 

 

3.2.4 MD simulations 
In our model, all macrostates are already defined and the potential energy surface is 

fully described. However, in many cases, it is possible that not all states are already 

known. Molecular dynamics simulation can be used as an alternative method to find 

the relevant states and study the properties of an allosteric system when trapezoid 

integration is impractical because the PES is too large. MD simulations rely on solving 

Newton’s second law.151 In order to calculate the force acting on each particle, the 

classical equation of motion (Equation 3-27) needs to be solved.  

 
𝑭(𝒓) = 𝑚𝒂 = 𝑚

𝑑𝒗
𝑑𝑡 = 𝑚

𝑑"𝒓
𝑑"𝑡 = −∇𝑈(𝒓) 

Equation 3-27 

where F is the force, r is the position vector of the N atoms of the system, m is the 

mass, U is potential energy function.21 
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In This model, the potential energy function of a system is defined from 

Equation 3-1. The force is given by the negative of the gradient of the potential energy 

function. Thus, the value of the force vector on grid points covering a configuration 

space is defined by Equation 3-29 and plotted in Figure 3-3. 

 𝐹(𝒓) = −∇𝑈(𝒓) Equation 3-28 

 
−∇𝑈(𝑥,𝑦) = 𝐴� exp b−c

(𝑥 − 𝑥�)"

2𝜎|,�"
+
(𝑦 − 𝑦�)"

2𝜎],�"
de b

(𝑥 − 𝑥�)
𝜎|,�"

e

+ 𝐴� exp b−c
(𝑥 − 𝑥�)"

2𝜎|,�"

+
(𝑦 − 𝑦�)"

2𝜎],�"
de b

(𝑦 − 𝑦�)
𝜎],�"

e+ 𝐾`I𝐹𝐵′(𝑥)

+ 𝐾`I𝐹𝐵′(𝑦) 

 

 

Equation 3-29 

𝐹𝐵′(𝑥) = 	0	𝑖𝑓	𝑥`Iz�� ≤ 𝑥 ≤ 	𝑥`Izh|	

																	= 2(𝑥 − 𝑥`Iz��)	𝑖𝑓	𝑥 < 	 𝑥`Iz��	

															= 2(𝑥 − 𝑥`Iz��)	𝑖𝑓	𝑥 > 	 𝑥`Izh|	

𝐹𝐵′(𝑦) = 	0	𝑖𝑓	𝑦`Iz�� ≤ 𝑦 ≤	𝑦`Izh|	

																	= 2(𝑦 − 𝑦`Iz��)	𝑖𝑓	𝑦 <	𝑦`Iz��	

																																																								= 2(𝑦 − 𝑦`Iz��)	𝑖𝑓	𝑦 >	𝑦`Izh|	 

 

Figure 3-3 The vector field projection of −𝛁𝑼(𝒓) 
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In a molecular system, molecules interact with the solvent or air molecules. In 

Langevin dynamics (LD), the average interactions from the surrounding molecules are 

assumed to have a friction term and a random force term that average to zero. These 

two terms are added to the normal molecular forces 𝐹��i�h as shown in Equation 3-30.  

 
𝑚
𝑑"𝑟
𝑑"𝑡 = −𝛾𝑚

𝑑𝒓𝟏
𝑑𝑡 + 𝐹�h�m�z + 𝐹��i�h 

Equation 3-30 

 where 𝛾 is the friction coefficient. 

 

The random force term is associated with a temperature, so Langevin dynamics allows 

controlling the temperature of simulation. The intramolecular forces term can be 

calculated by the gradient of the particle interaction potential. Therefore, the LD 

equation of motion is defined by:152 

 
𝑚
𝑑"𝑟
𝑑"𝑡 = −𝛾𝑚

𝑑𝒓𝟏
𝑑𝑡 +

�2𝛾
𝑚 𝑚𝑹(𝑡) − ∇𝑈(𝒓𝟏) 

 

Equation 3-31 

where 𝛾 is the friction coefficient and 𝑹(𝑡) is a Gaussian function of zero mean and 

unit variance. 

 

The Brooks Brünger Karplus (BBK) algorithm is a popular Langevin dynamics 

integrator.153 For MD simulation, the Velocity-Verlet formulation of the BBK 

integrator is used in this study. A timestep of this method in MD simulation is 

performed with the following steps.  

1) Given 𝒓(𝑡) and 𝒗(𝑡) 

2) Compute 𝒗Ï𝑡 + ∆i
"
Ð = Ï1 − 𝛾 ∆i

"
Ð 𝒗(𝑡) + ∆i

"z
[−∇𝑈¬	𝒓(𝑡)¯ + Ö

"�
{∆�
�

𝑚𝑹(𝑡)]	 

3) Compute 𝒓(𝑡 + ∆𝑡) = 𝒓(𝑡) + 𝒗(𝑡 + ∆i
"
)∆𝑡  

4) Compute 

	𝒗(𝑡 + ∆𝑡) = 5

(5[�∆�� )
�𝒗Ï𝑡 + ∆i

"
Ð + ∆i

"z
b−∇𝑈¬𝒓(𝑡 + ∆𝑡)¯ + Ö

"�
{∆�
�

𝑚𝑹(𝑡 + ∆𝑡)e�  

5) Set	𝒓(𝑡) = 𝒓(𝑡 + ∆𝑡) and 𝒗(𝑡) = 	𝒗(𝑡 + ∆𝑡) 
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6) Return to 1) or terminate after X iterations. 

A C++ LD program was written to simulate the motion of a particle on a potential 

energy function. To debug the C++ MD code, the microcanonical (NVE) and 

carnonical (NVT) ensembles were generated. The potential energy function was 

modified initially to represent a simple harmonic oscillator as shown in Equation 3-32.  

 𝑈(𝒓) = 𝑈(𝑥,𝑦) = 𝑘|(𝑥 − 𝑥*)" + 𝑘](𝑦 − 𝑦*)" Equation 3-32 

where  𝑘| and 𝑘] are force constants and 𝑥* and 𝑦* are the reference position. 

 

The total number of atoms (N), volume (V) and energy (E) are constrained to be 

constant in NVE ensemble. In an NVE simulation the total energy (potential + kinetic) 

was conserved by setting the friction coefficient to be 0. The fluctuations of energy 

over simulation time were monitored by varying the time step (∆𝑡). Also, the same 

simulation of NVT condition was performed to verify that the mean potential energy 

of the harmonic oscillator is close to the value expected according to the equipartition 

principle. In the case of the oscillator, the mean kinetic energy is equal to the mean 

potential energy which is given by: 

 〈𝐾〉 = 〈𝑈〉 =
1
2𝑘I𝑇 

Equation 3-33 

where the angular brackets <...> denote the average of the enclosed quantity,	𝑘I is the 

Boltzmann constant and T is the temperature. In both NVE and NVT simulation, the 

motion of a particle of mass m = 1 arbitrary mass unit with initial condition 𝒓𝟎 =

(4.0,4.0) arbitrary length unit and 𝒗𝟎 = (4.0,4.0) arbitrary velocity unit was simulated 

for up to 10 million time steps. 𝛽	( 5
�Ý`

), 𝛾 and ∆𝑡 values were varied to find stable 

integration conditions.  

 

After the most stable integration conditions were chosen, the total number of times 

that the particle was seen within one macrostate was computed and a probability 

distribution was obtained. The following conditions were found to be the most stable 

and were used in the MD simulation protocol: initial position r0 = (2.0, 3.0), initial 

velocity v0 = (0.0,0.0), β = 5, 𝛾 = 1, mass = 1 amu and Δt = 0.001. The average 
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population of each macrostates and the standard deviation from 50 independent 

simulations were calculated and compared with the results from numerical integration. 

Also, the MD simulation were performed using the same protocol for sampling particle 

from m0 to m7. The average times and the standard deviations of the time were 

calculated as a function of β from 50 simulations. 

 

A C++ LD code was modified to link to the software PLUMED2154 to decrease average 

time needed for moving particle from position m0 to m7. The potential energy function 

was added by the biasing term, in this case, using a harmonic function as shown in 

Equation 3-34.  

 𝑈∗(𝑟) = 𝑈(𝑟) +	𝑘|(𝑥 − 𝑥*)" + 𝑘](𝑦 − 𝑦*)" Equation 3-34 

The harmonic force constants (𝑘|, 𝑘]) are specified as KAPPA values in PLUMED2. 

In this simulation, the KAPPA = 0.1, 1.5 and 2.0 were used and (𝑥*,𝑦*) = (1.5,3.5). 

The initial velocity v0 = (0.0,0.0), β = 5, 𝛾 = 1, mass = 1 amu and Δt = 0.001. 

 

3.3 Results and discussions 

3.3.1 Equilibrium properties of a discrete energy landscape 
model 

3.3.1.1 Positive and negative allosteric effects due to microstate 

population shifts 

A discrete model was defined by setting parameters of the model as: E1 = 0.0 kBT; E2 
= +8.0 kBT; E3 = +4.0 kBT; E1-2 = -3.0 kBT; E1-3 = +2.0 kBT; B2 = -10kBT; B3 = -10kBT. 

The equilibrium probabilities of each microstates for apo, B2-bound and B3-bound 

proteins (Figure 3-1) were calculated (see Table 3-7). In the absence of ligand, the 

majority of inactive microstate (m0) and active microstate (m1) populate around 50% 

each. Thus, the ensemble average of the activity (〈𝐴〉) is 0.50. The binding of ligand 

B2 stabilizes the microstates m4, m5 and m7 as shown in Figure 3-1B. This effect 

increases the probability distribution of active microstate m5 to a population of 94%. 

As a result, the activity of the protein increased (〈𝐴〉 = 0.95). Since the activity has 

increased, the ligand B2 is an allosteric activator. Addition of ligand B3 lowers the 
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energy of the microstate m3, m4, m6 and m7 (Figure 3-1C). In this system, m3 with an 

inactive functional site is the most populated and the ensemble average of the activity 

(〈𝐴〉) is 0.12. The activity decreases after binding of B3 so that the ligand B3 acts as 

an allosteric inhibitor. 

 

Table 3-7 The equilibrium probabilities of each microstate in the discrete energy landscape 
model. 

 Activity Apo B2-bound B3-bound 

P(m0) 0 0.493123 0.006316 0.002171 

P(m1) 1 0.493123 0.006316 0.002171 

P(m2) 0 0.000165 0.046670 0.000001 

P(m3) 0 0.009032 0.000116 0.875996 

P(m4) 0 0.000003 0.0008555 0.000294 

P(m5) 1 0.003323  0.937388  0.000015  

P(m6) 1 0.001222  0.000016  0.118553  

P(m7) 1 0.000008  0.002324  0.000799  

〈𝐴〉 - 0.5 0.95 0.12 

 

3.3.1.2 Modulation of the allosteric response 

To study the effect of the model parameters on the allosteric response, variations of 

E1, E2, E3 and the coupling energy (E1-2, E1-3) in the range of -5 to 5 kBT were examined. 

In this case, the B2 was considered to have a binding energy of -10 kBT. According to 

Equation 3-8, the AR is maximized if 〈𝐴,𝑎𝑝𝑜〉 is close to zero and 〈𝐴, ℎ𝑜𝑙𝑜〉 is close 

to one. The set of discrete energy landscapes of low AR and high AR is shown in 

Figure 3-4. It was found that the difference of energy between the states m0 and m2 has 

a strong influence on AR. The greater the difference in energy between m0 and m2 is, 

the lower the AR. Another factor is the sign of the coupling energy. A negative sign 

of the coupling energy of ligand B2 causes higher AR. The allosteric response is 1.0, 

when the activities of the protein with and without ligand binding are the same or 

ligand binding doesn’t affect the activity of protein. In other words, if there is no 

coupling energy between the binding site and the functional site (E1-2, E1-3). This 
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condition (AR =1) is achieved if all energy values, E1, E2, E3 and the coupling energies 

(E1-2, E1-3), are equal. 

 

 

Figure 3-4 The discrete energy landscape of low (A) and high (B) allosteric response (AR) of the 

conceptual allosteric system with ligand B2. AR of system (A) is 0.084 ( 〈𝑨𝒂𝒑𝒐〉 = 0.911 and 

〈𝑨𝒉𝒐𝒍𝒐〉=0.076). AR of system (B) is 15.170 ( 〈𝑨𝒂𝒑𝒐〉 = 0.053 and 〈𝑨𝒉𝒐𝒍𝒐〉=0.806) 

 

3.3.2 Equilibrium and Thermodynamic properties of the 
continuous energy landscape model  

3.3.2.1 The configurational integral as a function of different spacings. 

To study the two-dimension energy model, a trapezium integration term was used to 
calculate the Boltzmann weight of each of the macrostates. The plot of the 

configurational integral of m0, m1, m2, m3, m4 against integral spacing is given in 
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Figure 3-5 (left). It is shown that the configurational integrals converge to the same 

value when the spacing integral is lower than 0.01. Thus, the smaller integral spacing 

that is used, the value of weight is more correct. Also, Figure 3-5 (right) depict the 

effect of integral spacing for a configurational integral at different β values. It shows 

that the spacing has no effect on the configurational integral at very high temperature. 

Smaller spacings (0.1, 0.05 and 0.01) give constant in similar configurational integrals. 

For the rest of the study, a spacing of 0.01 was chosen for numerical integration. 

 

 

Figure 3-5 The configuration weight of m0(blue), m1(red), m2(green), m3(purple) and m4 (cyan) as 
a function of integral spacing at β = 3 (A). The configuration weight as a function of β (B) for 

spacing 1.0 (red), 0.5 (blue), 0.1 (black) , 0.05 (orange) and 0.01(green) . 
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Thermodynamics properties were calculated from the configuration integral as shown 

in Figure 3-6. The excess Helmholtz free energy, the excess internal energy and the 

negative temperature-entropy product were plotted against temperature. It is shown 

that the lower the temperature, the lower internal energy is, whereas the Helmholz free 

energy and -TΔS(β) terms are more positive.  
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Figure 3-6 The excess Helmholtz free energy (A), the excess internal energy (B) and the negative 

temperature-entropy product (C) along the function of β. 

 

 

A)

B)

C)
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3.3.2.2 Perturbation of potential energy surfaces and population 

redistribution upon ligand binding. 

The potential energy surface plots (Figure 3-7) of the protein bound with an allosteric 
ligand were calculated using Equation 3-2, and with ligand binding functions B2 and 

B3 given by Equation 3-3 and Equation 3-4 respectively. Figure 3-7 (top) shows that 

the binding energy of B2 stabilizes the PES region of macrostates m2, m5 and m6. In 

the case of the protein bound with B3, the macrostates m3 and m6 are stabilized. The 

perturbation of the PES by ligand binding changes the relative distribution of the states 

(Figure 3-8), which has an effect on the ensemble average of the activity of the protein 

shown in Figure 3-9. For ligand B2 bound protein, when β increases, the ensemble 

average of the activity of protein increases rapidly and reaches almost 1 at around β = 

12. In the case of ligand B3 binding, the ensemble average of the activity rises to a 

maximum around 0.3 and slowly decreases at 0.1 at β = 15.  

 

The eight macrostate probabilities are plotted against the different β given in Figure 

3-8. At high temperature, the populations of all macrostates are very low as a result of 

high energy value. If the temperature decreases, the probabilities of m0 and m1 

increase rapidly and reach almost 0.5 at β = 12, while the other macrostates decrease 

to almost zero. Thus, the most probable states, m0 and m1, are equally populated at the 

lower temperature. Since the activity of m0 and m1 is 0 and 1 respectively, the ensemble 

average of activity of the protein increases and reaches 0.5 as shown in Figure 3-9. 
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Figure 3-7 The potential energy surface (PES) of protein bound with ligand B2 (top) and protein 
bound with ligand B3 (bottom). Macrostate representation for each minimum is shown. 

. 
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Figure 3-8 The macrostate probabilities of apo (A), protein bound ligand B2 (B) and protein 
bound with ligand B3 (C) as a function of β. 

A)

B)

C)
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3.3.2.3 The activity and allosteric response (AR) of protein bound with 

ligand 

Figure 3-9 shows the activity and allosteric response of the protein after binding with 
ligand B2 and B3. Ligand B2 binding enhances the activity of the protein, while ligand 

B3 binding enhances the protein activity at high temperature (β = 0-5), but after that 

the protein activity decreases. The result shows that ligand B2 acts as allosteric 

activator and ligand B3 acts as both allosteric activator and inhibitor depending on the 

temperature. The activity of B2 bound protein with a decrease of temperature and 

reaches to almost 1.0 at β =8. 

 

Figure 3-9 The activity (A) and allosteric response (B) of the protein bound with ligand B2 (blue) 
or ligand B3 (red) 

A)

B)
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3.3.3 NVE and NVT simulations of a harmonic oscillator 
The NVE and NVT simulations of a simple harmonic oscillator were performed to 

investigate the parameters that influence the dynamics of simulation. First, the total 

energy in constant energy (NVE) simulations was measured to monitor the stability of 

the simulations at different time steps (Figure 3-10). Ideally, the total energy of the 

NVE simulation should remain constant along the simulation time. The integration 

time step should be as large as possible for an efficient MD simulation. However, too 

large a time step can lead to an error of integration. As seen in Figure 3-10, the larger 

the time step, the greater the fluctuation of the total energy. In order to minimize 

fluctuation of energy, the time step 0.001 atu was chosen for the NVT simulation. In 

the NVT simulation validation, the mean potential and kinetic energy of the harmonic 

oscillator should follow the equipartition theorem (Equation 3-33).155 According to the 

equipartition principle, the average potential and kinetic energy is 0.2 𝑘I𝑇. Figure 

3-11 shows the mean potential and kinetic energy of the NVT simulation with β = 5 

and different 𝛾 values. The results show that the mean kinetic and potential energy 

values are close to equipartition theorem values, when the 𝛾 parameter is between 0.1 

to 100. Moreover, the mean potential and kinetic energies were checked with different 

values of β (Figure 3-12) and it can be seen from the results that there is an agreement 

between the computed value and the equipartition principle results.  

 

Figure 3-10 The total energy in arbitrary energy units using different time steps:  ∆𝑡 = 0.05 (blue), 

0.01(green), 0.005(red), 0.001(black) 
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Figure 3-11 The mean potential energy (blue) and the mean kinetic energy (red) from NVT 

simulations at 𝜷 = 5 , ∆𝑡 = 0.001 and 𝜸 = 0.01 to 100 

 

Figure 3-12 The mean potential energy (blue) and the mean kinetic energy (red) from NVT 

simulations at 𝜸 = 1, ∆𝑡 =0.001 and 𝜷 = 1 to 15. The green bars represent the expected value 

calculated from the equipartition theorem. 

 

3.3.4 Comparison of the results between numerical integration 
and MD simulation 

Figure 3-13 shows the probability of each macrostate as a function of β from molecular 

dynamics simulation and numerical integration. The results of the numerical 

integration show that the probabilities of m0 and m1 increase rapidly and reach to 0.5 

at β =12, while in the other macrostates probabilities decrease to almost zero 
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probability. In the case of molecular dynamics simulation, the average probabilities 

showed a similar trend with the numerical integration at lower β value (~ 1 to 5). 

However, it is noted that the average population obtained by MD simulation at higher 

β has more fluctuations (larger SD) than the MD results at lower β. This is because at 

lower temperature, the particle was likely to fall into the nearest local minimum and 

needed more time to overcome the energy barriers and sample the other states on the 

potential energy surface. 

 

 

Figure 3-13  The probability of microstate from 50 MD simulations (blue) and numerical 
integration (red). The error bar is the standard deviation of a probability of microstate. 
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3.3.5 Accelerating transition between macrostates with biased 
MD simulations. 

Figure 3-14 (left) shows that the higher β, the longer the time needed for the particle 

to move from m0 to m7. This is expected because at higher β, the system becomes 

colder and the particle is trapped in an energy minimum for a long time. The particle 

moved to the target position faster in the biased MD simulation as shown in Figure 

3-14 (right). This is because adding the bias potential term favours the exploration of 

a particular region of the PES. In this case, the biasing force helps the particle to move 

to the position m7.  

 

 

Figure 3-14 The average time needed for sampling particle movement from m0 to m7 in MD 

simulation (left) and biased MD simulations (right) in the NVT ensemble at 𝜸 = 1, and 𝜷 = 0 to 

9. The force constant of the harmonic function in biased simulations were 1.0 (teal), 1.5 (orange) 
and 2.0 (purple). 
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3.4 Conclusions 

Hilser et al. has proposed the ensemble allosteric model (EAM) to describe an 

allosteric coupling as a shift in a population of ‘active’ and ‘inactive’ states of a 

protein. In this thesis, the same statistical thermodynamics principle of EAM model 

was used to study the equilibrium properties an allosteric protein in simple discrete 

and continuous energy landscape models. In the continuous energy landscape model, 

numerical integration was used to calculate the configurational integral in order to 

obtain the thermodynamic properties of the system (∆𝐹, ∆𝑈, −𝑇∆𝑆). Ligand binding 

was treated as a perturbation in the potential energy surface of a system. This 

perturbation redistributes the states of the protein leading to an increase or decrease in 

activity of the allosteric protein, and also leads to the definition of an allosteric 

response. Microstates are distributed according to the Boltzmann distribution that also 

depends on the temperature. Another important parameter for the allosteric response 

is therefore the temperature of the system. However, to understand a complex protein 

in a more realistic system it is too complicated to use trapezoid numerical integration 

because of the high dimensionality of the PES. An alternative method is to use MD 

simulation. Thus, Langevin MD simulations were performed to calculate the 

populations of macrostates. The MD results were compared with the macrostate 

probabilities from numerical integration. It is clear that the temperature has an effect 

on the exploration of macrostates in the energy landscape. At higher β values, the 

particle was trapped in an energy minimum and long simulation times were needed to 

sample different macrostates. According to the numerical integration results, it is 

shown that at higher β values only some of the macrostates are well populated and 

contributed more to the properties of the system than the other macrostates. In the real 

system, we can use MD simulation to sample active and inactive states of the allosteric 

protein. Thus, the exploration of energy landscapes by MD simulation has its 

limitations. However, biased MD simulations are devised to encourage exploration of 

PES. These principles will be applied in the following chapters of this thesis to 

atomistic models of protein structures. 
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4 Protein motions in Cyclophilin A: A Markov state 

model study 

In this chapter, the side-chain motions of Cyclophilin A’s residues between a reported 

‘major’ and a ‘minor’ state from NMR and X-ray experiments were studied using 

Markov state model and molecular dynamics simulation methodologies. 

4.1 Introduction 

The role of protein dynamics in protein function has been studied by both experimental 
and computational approaches for several decades.80,87 Proteins are dynamic 

molecules that undergo motion on a wide range of timescale ranging from 

femtoseconds to seconds. Advances in experimental techniques such as Nuclear 

magnetic resonance (NMR) spectroscopy, X-ray crystallography and cryo-electron 

microscopy have generated a wealth of data on the structure, thermodynamics, and 

kinetics of proteins.156 Furthermore, computational approaches such as MD 

simulations are useful tools to study the dynamic properties of enzymes at the atomic 

level.157 Comparison between experimental and computational results is useful for the 

validation of computer simulation methods, which can then be used to guide further 

experimental design.   

 

Extensive studies of enzyme dynamics during catalysis for Cyclophilin A (CypA) have 

been reported in the past few years as described in Chapter 2.80,87,115–117,131 NMR 

relaxation experiments of CypA revealed the enzyme motions of the apo form coincide 

with the catalytic turnover, suggesting that intrinsic motions underlie catalysis.87 

According to this body of work, the conformational changes between a major M and a 

minor m state occur on a millisecond timescale. This conformational change was tested 

by evaluating several mutants forms of CypA.115,116 According to these studies, X-ray 

crystallography data suggested a structure for the minor m state of WT CypA and the 

mutation of Ser99 to Thr increased the population of this state m (Figure 4-1). This study 

suggested a 60-fold decrease of the interconvertion rate (𝑘{→z) in S99T (referred as 

ST) correlated to a 70-fold decrease of catalytic turnover.115 Another two rescue 

mutants, S99T/C115S (referred as ST/CS) and S99T/C115S/I97V (referred as 
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ST/CS/IV), were designed by Otten et al. to enhance the catalytic activity of the ST 

mutant.116 The authors suggested that an increase of catalytic activity of the ST/CS and 

ST/CS/IV mutants is due to the faster interconversion rate (𝑘{→z) with the respect to 

the ST mutant.116 

 

 

Figure 4-1 (A) The major (blue) and minor (orange) conformations of WT X-ray crystal structure 
(3K0N) with labelled ‘in’ and ‘out’ rotamers of Phe113. (B) The major WT (blue) and ST mutant 
structures (3K0O) (red).115  

  

This chapter seeks to study the dynamics associated with the ‘in’ and ‘out’ 

conformations of CypA. To this end a series of MD simulations of the WT and mutants 

were performed. Markov state models were used to analyse the data in order to extract 

quantitative information on the side chain dynamics. 

 

4.2 Methods 

The following section will explain the methodologies used for protein preparation 

and MD simulations.  

 

4.2.1 Structure preparations  
For the planned MD simulations, the structure of apo CypA variants, including WT, 

S99T (ST), S99T/C115 (ST/CS), S99T/C115/I97V (ST/CS/IV), were prepared from 

A) B)

Ser99

Phe113

Met61

Arg55

Ser/Thr99

Phe113

Met61

Arg55

‘in’
‘out’
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X-ray crystal  structures with PDB codes, 3K0N (R=1.39 Å), 3K0O (R= 1.55 Å), 

6BTA (R=1.5 Å), and 5WC7 (R=1.43Å) respectively.115 Initially before the PDB 

structures of ST/CS and ST/CS/IV mutants released, structures of these mutants were 

also prepared by means of residue mutations of the WT structure using Schrödinger’s 

Maestro.158 Both structures from PDB and computational residue mutations  have been 

used for the MD trajectory generation and MSM analysis. For WT, ST/CS and 

ST/CS/IV mutants, the higher occupancy structure was used. The N-terminal and C- 

terminal ends of the proteins were capped with acetyl group (ACE) and N-methyl 

amide group (NME) and missing atoms were added using Schrödinger’s Maestro.158 

His54 and His70 are HIE protonation states, while His92 and His126 are HID states. 

 

4.2.2 Apo CypA MD simulations of WT and ST with different 
force fields 

Twenty independent 200-ns MD trajectories of the apo WT and ST mutants (10 each) 

were performed using Gromacs 5.0.28 with two different force field, the Charmm22* 

and the modified Amber ff99SB*.132,159 The steepest descent method was used to 

minimized for 50,000 steps, followed by equilibration for 100 ps in an NVT ensemble, 

and 100 ps NPT ensemble, with heavy protein atoms restraint using a harmonic force 

constant of 1000 kJ×mol-1×nm-2. Production runs generated 200 ns trajectories with a 2 

fs timestep, with the first 5 ns discarded to allow equilibration of the unrestrained 

protein. A stochastic Berendsen thermostat was used to maintain the temperature at 

300 K.160 The Parrinello-Rahman barostat was used for pressure coupling at 1 bar.27 

Long-range electrostatic interactions were treated using the Particle Mesh Ewald 

scheme with a Fourier grid spacing of 0.16 nm, and fourth-order cubic interpolation.161 

Short-range van der Waals and electrostatic interaction were cutoff at 1 nm. The 

LINCS algorithm was used to constrain all bonds.162  

 

Table 4-1 List of apo WT and ST mutant simulations for comparison of different force fields. 

Apo CypA Simulations PDB  Force field 

WT 10 ´ 200 ns 3K0N CHARMM22*, Amber ff99SB* 

ST 10 ´ 200 ns 3K0O CHARMM22*, Amber ff99SB* 
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4.2.3 Apo CypA variants MD simulations 
80 independent 200 ns MD trajectories of the apo WT, ST, ST/CS, and ST/CS/IV 

proteins (20 each) were carried out using Gromacs 5.0.28 For apo ST/CS and ST/CS/IV 

the MD simulations were divided into two set of 10 simulations for both structures 

prepared from manual mutation and PDB structure (Table 4-2). Each protein was 

solvated in a rhombic dodecahedron box of TIP3P water molecules with edges 

extending 1 nm away from the proteins and chloride counter-ions were added to 

neutralise the overall net-charge. The Charmm22* forcefield159 was used to describe 

protein atoms in the apo simulations. Production simulations were run in an identical 

manner described in section 4.2.2. 

 

Table 4-2  List of apo simulations that used for MSM analysis 

Apo CypA Simulations PDB  Forcefiled 

WT 20 ´ 200 ns 3K0N CHARMM22* 

ST 
ST/CS 

ST/CS/IV 
ST/CS 

ST/CS/IV 

20 ´ 200 ns 
10 ´ 200 ns 
10 ´ 200 ns 
10 ´ 200 ns 
10 ´ 200 ns 

3K0O 
6BTA 
5WC7 

Manual mutation 
Manual mutation 

CHARMM22* 
CHARMM22* 
CHARMM22* 
CHARMM22* 
CHARMM22* 

 

 

4.2.4 Calculation of NMR observables from MD simulation 
In order to predict average proton-proton distances that may be compared to distance 

intervals derived from NOE and eNOE measurements, the average distances between 

proton pairs were calculated from MD trajectories of the WT as shown in Equation 

4-1.53 

 𝑟�¿
h§¦ = 	 〈𝑟�¿[.〉

/Ã
Ä , Equation 4-1 

where  𝑟�¿ is the distance between hydrogen atom i and j. 

The calculated NOEs and eNOEs distances were compared with the dataset of 2143 

NOEs and 1253 exact NOEs from published experimental data.163 For NOE and 

eNOEs data, the comparison between predicted signal were reported as the percentage 

of distances satisfied to within a tolerance range. When the predicted eNOE signal is 
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within lower and upper bounds of the tolerance range, the signal is considered to be 

fulfilled. The upper bound was only used for the NOE data.  

 

The backbone dihedrals f and ψ were calculated using MDTRAJ from the MD 

trajectories in order to predict 𝐽	W  coupling constants. The 𝐽tôt,	
W , 𝐽tô©�	

W , and 𝐽tô©Ø	
W  

were computed by using the Karplus equation:52 

 𝐽(𝜃) = 𝐴cos"(𝜃) + 𝐵cos(𝜃) + 𝐶 Equation 4-2 

where 𝜃 is a dihedral angle and the constants 𝐴,	𝐵 and 𝐶 are listed in Table 4-3. 

 

Table 4-3 Coefficients of Karplus equation for 𝑱	
𝟑  coupling constants.164 

𝐽	W  type 𝐴 (Hz) 𝐵 (Hz) 𝐶 (Hz) 

𝐽tôt,	
W  7.97 -1.26 0.63 

𝐽tô©�	
W  4.12 -1.10 0.11 

𝐽tô©Ø	
W  3.51 -0.53 0.14 

 

 

The predicted 𝐽	W  coupling constants were compared to experimental data by computing 

root mean square deviations (RMSD) between the simulated and experimental values. 

For all NOE, eNOEs and 𝐽	W  coupling observables, MD trajectories were weighted 

based on the probability of snapshots sampled from the MSM. 

 

The backbone N-H 𝑆"	order parameter was estimated directly from MD trajectories. 

The overall translation and rotation of trajectories were removed by using the tool gmx 

trjconv in Gromacs. The rotational correlation of the 2nd order Legendre polynomial 

was calculated for the N-H bond vector using different time intervals (𝜏g) of 1 ns, 10 

ns, 20 ns and 50 ns. The correlation function was computed using gmx rotacf module 

in Gromacs 5.0 package.28 The N-H 𝑆" order parameters were determined by 

averaging the relaxation curve over the second half of the MD trajectories. The 𝑆" 

order parameter was also calculated for 𝜒5 dihedral angles by using a similar range of 
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time intervals as for the N-H order parameter. The dihedral angle correlation function 

defined as Equation 4-3 was calculated using gmx angle tool.28,165 

 𝐶(𝑡) = 〈cos[𝜃(𝜏g)] cos	[𝜃(𝜏g + 𝑡)]〉 Equation 4-3 

where  𝜃 is the dihedral angle value and 𝜏g is a correlation time.  

A 1 µs long MD simulations for each CypA form was also performed to calculate S2 

order parameters using time intervals of 10 ns and 100 ns respectively. 

 

4.2.5 Markov state model 
The software package pyEMMA version 2.3.2 was used for the Markov state model 

analysis.166 The 12 selected sidechain torsion values of specific residues (Table 4-4), 

related to protein motions from NMR (Figure 4-2) were used for TICA input 

coordinate. Trajectory data for all variants were clustered using a set of 24 input 

coordinates, with selecting dominant coordinates using a 90% variance in TICA for 

the subsequent k-means clustering. In order to determine an appropriate number of 

microstates for clustering, MSMs with 50, 100, 200, 250, 300 and 350 clusters were 

built using the Bayesian MSM option of pyEMMA. With a lag time of 0.6 ns, the 

microstates of all systems were manually assigned to ‘in’ and ‘out’ macrostates defined 

by the 𝜒5 valued Phe113. The manual assignment of the two macrostates was done by 

calculating the integral of 𝜒5 Phe113 dihedral distribution with -180° < 𝜒5 Phe113 < 

0° for macrostate ‘out’ and 0° < 𝜒5 Phe113 < 180° for macrostate ‘in’. The Bayesian 

method function in pyEMMA was used to calculate the mean and error bar of MSM 

observables, such as state populations and mean first passage times (MFPT). 

 



 

 
  106 

 

Figure 4-2 The residues of the input coordinates used for MSM building. 

 

Table 4-4 Dihedral input coordinates for Markov state model analysis. 

Systems Input coordinates 

WT Phe113c1, Arg55c1 , Met61c1, Ser99c1, Arg55c3, Met 61c2, Cys115c1, Ile97c1, 
Leu98c1, Glu63c1, Leu98c2, Glu63c2 

ST Phe113c1, Arg55c1 , Met61c1, Thr99c1, Arg55c3, Met 61c2, Cys115c1, Ile97c1, 
Leu98c1, Glu63c1, Leu98c2, Glu63c2 

ST/CS Phe113c1, Arg55c1 , Met61c1, Thr99c1, Arg55c3, Met 61c2, Ser115c1, Ile97c1, 
Leu98c1, Glu63c1, Leu98c2, Glu63c2 

ST/CS/IV 
Phe113c1, Arg55c1 , Met61c1, Thr99c1, Arg55c3, Met 61c2, Ser115c1, Var97c1, 

Leu98c1, Glu63c1, Leu98c2, Glu63c2 

 
 

4.2.6 MSM validation 
The kinetic properties of WT, ST, ST/CS, and ST/CS/IV were studied by building 

Markov state models from sets of MD simulations. Time structure independent 

component analysis (TICA) was used as a dimensionality reduction method for the 

input coordinates of the sidechain torsion angles of the 12 residues (Figure 4-2). 

Subsequently, the reduced space data from MD trajectories of all variants was 
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clustered into 50, 100, 200 250 and 300 clusters using k-mean clustering. The implied 

timescales (ITS) as a function of lag time for different clusterings were plotted as 

shown in Figure 4-3 to Figure 4-7. ITS plots can be used to determine an appropriate 

lag time (𝜏) for building the MSM. When the timescale is constant as a function of a 

lag time	𝜏, the model is Markovian. Thus, a minimum markovian lag time	𝜏 will be 

chosen to build a good MSM. According to the ITS plot, the slowest process of the 

ST/CS/IV mutant has the slowest implied timescale, while the slowest process of WT 

is faster than that of other mutants.  In this case, the lag time 0.6 ns was chosen to build 

MSMs of WT and all mutants for all different number of clusterings. 

 

Fraser et al.115  proposed that the distinct feature of the two major and minor states 

depends on the c1 value of Phe113, thus the microstates in each cluster were manually 

assigned into two macrostates of the Phe113-‘in’ and Phe113-‘out’ conformations. In 

order to assess the quality of each clustering, average macrostate populations and mean 

first passage time (MFPT) were compared between different number of clusters 

(Figure 4-8, Figure 4-9). The result shows that microstate population and MFPT of all 

clusterings are in the same range. In order to validate the quality of MSMs, the 

Chapman-Kolmogorov (CK) test was performed for two manually assigned 

macrostates for all clusterings. The root mean square deviations (RMSD) of predicted 

and estimated data of CK test (Figure 4-10) shows that estimated data of 200- and 250-

state clusterings is in a good agreement with predicted data. Therefore, a 200-state 

clustering was chosen to build Markov state models (MSMs) of WT and three mutant 

using the same cluster centers (Figure 4-11 and Figure 4-12). It is noted that Perron 

Cluster Cluster Analysis (PCCA) was first used to construct coarse-grained models of 

the MSMs of all CypA variants. In the PCCA method, the macrostates are split based 

on the slowest eigenvector but the interconversion process of ‘in’ and ‘out’ is not the 

slowest process apart from the ST mutant. Therefore, the macrostates generated from 

this method could not resolve the two conformations. In order to obtain distinct 

features that described the Phe113-in and Phe113-out macrostates, a manual 

assignment of microstates was thus used to divide the microstates into two 

macrostates. 
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Figure 4-3 Implied timescales for a discretization carried out with 50 clusters, for WT (A), ST 
(B), ST/CS (C) and ST/CS/IV (D).  

 

Figure 4-4 Implied timescales for a discretization carried out with 100 clusters for WT (A), ST 

(B), ST/CS (C) and ST/CS/IV (D). 
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Figure 4-5 Implied timescales for a discretization carried out with 200 clusters for WT (A), ST 
(B), ST/CS (C) and ST/CS/IV (D). 

 

 

Figure 4-6 Implied timescales for a discretization carried out with 250 clusters for WT (A), ST 
(B), ST/CS (C) and ST/CS/IV (D). 
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Figure 4-7 Implied timescales for a discretization carried out with 300 clusters for WT (A), ST 

(B), ST/CS (C) and ST/CS/IV (D). 
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Figure 4-8 (A)Illustrative diagram showing the flip of Phe113 𝝌𝟏 dihedral taken from simulation 

snapshots with a manual coarse graining of microstates according to Phe113 𝝌𝟏 dihedral in the 

‘in’ or ‘out’ state. Populations and mean first passage times (ns) of the microstates for 50- (B), 
100- (C) and 200- (D) state clustering.   

Ser99

Ile97

Phe113

Arg55

Met61

Cys115
Ser99

Ile97

Phe113

Arg55

Met61

Cys115

out in

MFPTout→in (ns)

MFPTin→out (ns)

Cluster 50 WT ST ST/CS ST/CS/IV
P(out) 0.59 ± 0.01 0.99 ± 0.02 0.82 ± 0.02 0.84 ± 0.02
P(in) 0.41 ± 0.01 0.01 ± 0.01 0.18 ± 0.01 0.16 ± 0.01

MFPTout→in 15.7 ± 0.4 252.1 ± 32.6 38.1 ± 1.8 35.9 ± 1.6
MFPTin→out 10.8 ± 0.4 3.4 ± 0.5 1.0 ± 0.9 8.3 ± 1.0

Cluster 100 WT ST ST/CS ST/CS/IV
P(out) 0.55 ± 0.01 0.99 ± 0.01 0.82 ± 0.01 0.82 ± 0.02
P(in) 0.45 ± 0.01 0.01 ± 0.01 0.18 ± 0.01 0.18 ± 0.01

MFPTout→in 14.2 ± 0.3 242.2 ± 15.2 62.8 ± 2.3 56.1 ± 2.7
MFPTin→out 11.8 ± 0.2 4.0 ± 0.3 16.4 ± 2.8 10.4 ± 1.2

Cluster 200 WT ST ST/CS ST/CS/IV
P(out) 0.55 ± 0.01 0.99 ± 0.01 0.83 ± 0.01 0.77 ± 0.01
P(in) 0.45 ± 0.01 0.01 ± 0.01 0.17 ± 0.01 0.23 ± 0.02

MFPTout→in 15.3± 0.2 290.0 ± 15.0 125.2 ± 5.4 94.2 ± 4.0
MFPTin→out 12.9 ± 0.3 4.8 ± 0.2 25.4 ± 2.0 19.3 ± 2.2

A)

B)

C)

D)
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Figure 4-9 (A) Illustrative diagram showing the flip of Phe113 𝝌𝟏 dihedral taken from simulation 

snapshots with a manual coarse graining of microstates according to Phe113 𝝌𝟏 dihedral in the 

‘in’ or ‘out’ state. Populations and mean first passage times (ns) of the microstates for 250- (B) 

and 300- (C) state clustering.   

 

 

 

 

 

Ser99

Ile97

Phe113

Arg55

Met61

Cys115
Ser99

Ile97

Phe113

Arg55

Met61

Cys115

out in

MFPTout→in (ns)

MFPTin→out (ns)

Cluster 250 WT ST ST/CS S99TCSIV
P(out) 0.55 ± 0.01 0.98 ± 0.01 0.83 ± 0.01 0.75 ± 0.01
P(in) 0.45 ± 0.01 0.02  ± 0.01 0.17 ± 0.01 0.25 ± 0.03 

MFPTout→in 15.5  ± 0.2 272.90  ± 9.30 137.1 ± 5.5 113.9 ± 4.7
MFPTin→out 12.4 ± 0.2 5.50 ± 0.20 27.4 ± 1.2 22.2 ± 2.6

Cluster 300 WT ST ST/CS ST/CS/IV
P(out) 0.54 ± 0.01 0.99 ± 0.01 0.84 ± 0.01 0.82 ± 0.01
P(in) 0.46 ± 0.01 0.01 ± 0.01 0.16 ± 0.01 0.18 ± 0.01 

MFPTout→in 15.6 ± 0.1 254.4 ± 6.4 105.3 ± 3.0 97.0 ± 3.7
MFPTin→out 13.7 ± 0.9 4.8 ± 0.1 20.3 ± 0.7 19.1 ± 1.4

Cluster 350 WT ST ST/CS ST/CS/IV
P(out) 0.32 ± 0.02 0.99 ± 0.01 0.83 ± 0.01 0.78 ± 0.01
P(in) 0.68 ± 0.16 0.01 ± 0.00 0.17 ±0.00 0.22 ± 0.01  

MFPTout→in 15.7 ± 0.1 269.1 ± 7.5 135.8 ± 4.2 112.5 ± 4.4
MFPTin→out 3538.58 ± 5297.11 5.3 ± 0.2 26.8 ± 1.2 21.9 ± 1.7

A)

B)

C)

D)
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Figure 4-10 Root mean square deviation of predicted and estimated data of Chapman-

Kolmogorov (CK) test plots for the MSM built. 
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Figure 4-11 Chapman-Kolmogorov (CK) test plots for the MSM built with 200 states for WT (A), 
ST (B). The predicted and estimated relaxation curves are shown in blue and black lines.  

A)

B)
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Figure 4-12 Chapman-Kolmogorov (CK) test plots for the MSM built with 200 states for ST/CS 
(A), ST/CS/IV (B). The predicted and estimated relaxation curves are shown in blue and black 
lines.  

A)

B)
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4.3 Results and discussion 

4.3.1 Comparison of the side-chain dihedral distribution of 
Phe113 from two different force fields 

To investigate the accuracy of force fields for studying CypA dynamics, the 

CHARMM22* and Amber ff99sb* force fields were compared by analysing dihedral 

distributions of Phe113 and Ser/Thr99 from unbiased MD simulations of WT and the 

ST mutant. In this study, the side-chain torsion angles of Ser/Thr99 were divided into 

three rotamers (Figure 4-13), g+ (0° < 𝜒5 ≤ 120°), g- (-120° < 𝜒5 ≤0°) and t (𝜒5 > 

120° or 𝜒5 ≤ -120°).167,168 Using the CHARMM22* force field, Phe113 of WT 

sampled both the ‘in’ and ‘out’ rotamers equally, while the ‘out’ rotamer of Phe113 

was found to dominate (98.6 ± 0.1%) in the ST MD simulations (Figure 4-14A and 

Table 4-5). For WT, Ser99 sampled all three rotamers with the population of the t 

rotamer being the highest at about 98%. Snapshot of Phe113 and Ser99 from the WT 

simulations are shown in Figure 4-15A. The t rotamer of Ser99 allowed the side-chain 

of Phe113 to move freely between ‘in’ and ‘out’, whereas the g+ rotamer pushed 

Phe113 to sample the ‘out’ conformations. In the case of the ST simulations with 

CHARMM22*, only the t rotamer of Thr99 was sampled. Thus, the ‘out’ conformation 

of Phe113 was the most populated rotamer due to the steric repulsion of Thr99’s 

methyl group. 

 

 

Figure 4-13 The three stagger conformations for representing g+, g- and t rotamers of Ser/Thr99.  
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In contrast, in the simulations done using Amber ff99sb*, the ‘in’ conformation was 

found to be highly favourable in the WT simulation with almost 100% population of 

that rotamer (Figure 4-14C and Table 4-5). However, Phe113 in the ST mutants 

sampled both ‘in’ and ‘out’ orientations with populations of 25.4 ± 2.6 % and 74.6 ± 

0.1% respectively (Figure 4-14D and Table 4-5). The probability distribution of 𝜒5 

Ser/Thr99 (Figure 4-14B,D) in the Amber ff99sb* force field showed a significantly 

larger population of g- rotamer than in the CHARMM22* simulations (34.7 ± 3.1 % 

for WT and 41.2 ± 3.1 % for ST). In the Amber ff99sb* simulations, there is almost 

no g+ rotamer for Ser/Thr99 (0.1%) that pushes the side-chain phenyl ring of Phe113 

(Figure 4-16A). Therefore, there is very small population of ‘out’ Phe113 (0.4%) in 

WT.  

 

According to previous X-ray crystallography data,115 the Phe113-‘in’ and ‘out’ 

conformations of WT crystal structures (PDB:3K0N) have occupancies of 0.63 and 

0.37, but the ‘out’ conformation was only observed in the ST structure 

(PDB:3K0O).115 Comparison of ‘in’ and ‘out’ rotamer populations between X-ray data 

and two different force fields were plotted as bar graphs in Figure 4-14E-F. The result 

shows that the populations of CHARMM22* simulations are more consistence with 

the X-ray occupancy data than that of the simulations performed with the Amber 99sb* 

force field. This result is in agreement with a previous computational study of 

conformational changes and free energy calculations of WT and ST mutant performed 

by Papaleo et al.169 They suggested that the CypA simulations using CHARMM22* 

force field has higher accuracy in comparison with another two force fields, 

CHARMM36 and Amber ff99sb*-ILDN.169 Therefore, all subsequent MD simulations 

of WT and the three mutants (ST, ST/CS,ST/CS/IV) were generated using the 

CHARMM22* force field. 
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Table 4-5 The population of side chain rotamers of Phe113 and Ser/Thr99 in simulations using 
CHARMM22* and Amber ff99sb* force fields. Error is the standard error of the mean. 

Forcefield CHARMM22* Amber ff99sb* 

WT  ST WT ST 

Phe113 ‘in’ 49.2 ± 7.5 % 1.4 ± 0.6 % 99.6 ±2.6 % 25.4 ± 2.6 % 

 ‘out’ 50.8 ± 7.1% 98.6 ± 6.4 % 0.4 ± 0.0 % 74.6 ± 0.1 % 

Ser/Thr99 t 98.3 ± 1.9 % 99.9 ± 2.0 % 65.2 ± 3.1 % 58.7 ± 9.5 % 

g+ 0.7 ± 0.3 % 0.0 ± 0.0 % 0.1 ± 0.0 % 0.1 ± 0.0 % 

g- 0.9 ± 0.2 % 0.1 ± 0.1 % 34.7 ± 3.1 % 41.2 ± 3.1 % 
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Figure 4-14 The probability distributions of c1 Phe113 (A, C) and c1 Ser/Thr99 (B, D) for WT and 

ST simulations performed with CHARMM22* (A, B) and Amber ff99sb* (C, D). Population of 
‘in’ and ‘out’ side chain rotamers of Phe113 in WT (E) and S99T (F) MD simulations. 
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Figure 4-15 (A) Representative snapshots of Ser/Thr99 and Phe113 from MD simulations of WT 
(A) and ST (B) using CHARMM22*.  

‘in’

Phe113Ser99 

‘t’
‘t’ ‘out’ ‘g+’

‘out’

A)

B)

‘t’ ‘out’

‘g-’

‘out’

‘t’

‘in’

‘g-’
‘in’

Phe113Thr99 



 

 
  121 

 

Figure 4-16 (A) Representative snapshots of Ser/Thr99 and Phe113 from MD simulations of WT 
(A) and ST (B) using Amber ff99sb* force field. 
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4.3.2 Comparison of NMR observables from experiments and 
MD simulations 

Previously reported experimental NMR observables were used to compare and 

validate the CypA conformational ensemble generated by MD simulations with 

CHARMM22*.163 The predicted exact and conventional NOEs signals were calculated 

from inter-proton distances from the MD simulations. The calculated NOEs signals 

reproduced about 95% of the experimental NOE data, while the satisfied fraction of 

exact NOEs signals was about 89% with 0.5 Å tolerance (Figure 4-17A). 

𝐽tôt,	
W , 𝐽tô©�	

W , and 𝐽tô©Ø	
W  values related to the backbone torsion angle 𝜙 of residues, 

were also estimated from MD simulations of the WT. The average value of pairwise 

RMSDs between the predicted 𝐽	W -coupling and the experimental data are 1.26 Hz for 

𝐽tôt,	
W , 0.81 Hz for 𝐽tô©�	

W  and 1.22 Hz for 𝐽tô©Ø	
W  (Figure 4-17B). Comparison of 

the accuracy between the calculated NMR measurements and the previous published 

CypA studies of Chi et al.170 and Ottiger et. al.171 shows a good agreement for NOEs, 

eNOEs, and three 𝐽	W -coupling constants. 

 

 

 

Figure 4-17 (A) Satisfied fraction of NOE and eNOE signals with a 0.5 Å tolerance  for the apo 
WT simulations (brown) and the previously published data from Chi et al.170 (purple) and Ottiger 
et al.171 (green). Bar heights indicate the fraction fulfilled allowing for a 0.5 Å tolerance. (B) RMSD 
between measured and calculated 3J couplings.  

 

 

A) B)
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The N-H bond order parameters 𝑆" measured from MD simulations are shown in 

Figure 4-18. The regions obtaining lower 𝑆" values in all variants are the loop regions. 

Differences in predicted N-H 𝑆"  values between WT and other three mutants were 

also plotted for different correlation time intervals (Figure 4-19). Most residues in all 

CypA forms show the same range of N-H 𝑆"  values, and only flexible loop regions of 

residues 75-80, 100-110 and 145-155 (Figure 4-20A) have different 𝑆" values. 

Comparison of different correlation time for 1 ns, 10 ns, 20 ns and 50 ns shows that 

the mobile regions have higher values of Δ𝑆" on a longer interval time. The loop region 

of residues 145-155 showed the most significant differences of 𝑆" in ST. This is due 

to an unstable hydrogen bond between Gly150 and Ile56 (Figure 4-20 B,C) that causes 

large fluctuations of this loop over the timescale of the simulations. A previous 

experimental study reported that the 65-80 loop region of all variants show similar fast 

dynamics and that this loop is not related to the catalytic turnover.116 However, a 

previous computational study by Agarwal et al. suggested a correlated dynamics in all 

three surface loop regions with the catalytic activity of CypA.113 It is also possible that 

these loop regions in CypA undergo motions on timescales of the order of the duration 

of the MD simulations, and therefore differences between mutants may reflect a lack 

of convergence of the auto correlation functions. 
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Figure 4-18 The calculated 𝒔𝟐 N-H peptide bond order parameters of WT (blue), ST (red) (A), 

ST/CS (purple) (B), and ST/CS/IV (green) (C) from the MD trajectories with  a time interval of  
20 ns. 
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Figure 4-19.  The difference of S2 values between WT and other three mutants were plotted in red 

(𝚫𝑺𝑺𝑻/𝑾𝑻
𝟐 ), purple (𝚫𝑺𝑺𝑻𝑪𝑺/𝑾𝑻

𝟐 ) and green (𝚫𝑺𝑺𝑻𝑪𝑺𝑰𝑽/𝑾𝑻
𝟐 ) for time intervals of 1-ns (A), 10-ns (B), 

20-ns (C), and 50-ns (D) interval. 
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Figure 4-20 (A) The loop regions of residues 75-85 (cyan), 100-110 (orange) and 145-155 (violet) 
in CypA. (B, C) A snapshot from ST simulations when the hydrogen bond between Gly150 and 
Ile56  was formed (B) and lost (C).  

 

Figure 4-21 shows 𝜒5 bond order parameter 𝑆" of active site residues with different 

time intervals. The results showed the same trend of N-H bond order parameters, that 

is longer correlation times give lowers 𝑆" values for mobile residues. In WT, the 𝜒5 

order parameter of Phe113 varies from ca. 0.7 for 1-ns time interval to ca. 0.3 for 20-

ns time interval. Therefore, the side-chain Phe113 of WT has the highest fluctuation, 

while 𝜒5 Phe113 of ST mutant has the smallest fluctuation and the ST/CS and 

ST/CS/IV show intermediate fluctuations in side-chain rotations. This result indicates 

that the side chain flip of Phe113 occurs on a ns-µs timescale. This fast timescale 

motion cannot be detected by NMR relaxation experiments such as CPMG or CEST. 

These NMR measurements were extensively used to study µs-ms processes of CypA 

in previous several studies.87,115,116 However, Residual Dipolar Coupling (RDC) can 

be a useful tool for measuring these side chain motions of Phe113. This technique has 

been used to provide information about ns-µs side chain dynamics in ubiquitin.172 
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Figure 4-21 The calculated S2 𝝌𝟏 order parameter of input MSM residues in WT (blue), ST 

(red), ST/CS (purple), and ST/CS/IV (green) from the autocorrelation functions of 1-ns (A), 10-
ns (B), 20-ns (C), and 50-ns (D)  interval.  

 



 

 
  128 

In order to test robustness of the 𝑆" calculations for 𝜒5 Phe113 motions, 1 µs long MD 

simulations of all CypA forms were performed. The 𝑆" values and the differences 𝑆" 

values of 10-ns and 100-ns time interval of autocorrelation function were plotted as 

shown in Figure 4-22. It was found that the 100-ns autocorrelation function obtained 

the lower 𝑆" than 10-ns function by about 0.2 for Phe113 motion. 

 

 

Figure 4-22 The calculated S2 𝝌𝟏 order parameter of input MSM residues in WT (blue), ST (red), 

ST/CS (purple), and ST/CS/IV (green) from 1 µs MD simulations with the autocorrelation 

functions of 10-ns (A), 100-ns (B) interval. (C) The difference of S2 𝝌𝟏 order parameter between 

10-ns and 100-ns interval. The error bar is standard error of the mean of two MD simulations. 
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4.3.3 The population of ‘in’ and ‘out’ rotamer of apo CypA 
Previous studies of Fraser et al. and Otten et al. reported a connection between the 

changes of interconversion rate from M major to m minor states (𝑘{→z) with the 

catalytic activity of WT, ST, ST/CS, and ST/CS/IV mutants.115,116 The interconversion 

pathway between M and m states of WT CypA involves side-chain rotations of Ser99, 

Phe113, Met61 and Arg55 (Figure 4-1A).115 The result from the same study showed 

the  X-ray crystal structure of the ST mutant resembles the minor structure of WT 

CypA (Figure 4-1B).115 According to these structures, the most distinct feature of the 

major and minor conformations are the rotameric states of 𝜒5of Phe113. For the major 

state of WT,  𝜒5of Phe113 is the ‘in’ rotamer (+60°), while 𝜒5of Phe113 is the ‘out’ 

rotamer (-60°) in minor state.115 Figure 4-23 (A, B, and C) shows the dominant X-ray 

structures of dynamic network residues (Ser99, Phe113, Met61 and Arg55) and 

mutation residues (Cys/Ser115 and Ile/Var97). 

 

Dihedral distributions of 𝜒5 Phe113 of each CypA variants were plotted to compare 

with the occupancy of X-ray crystal structures. The dihedral histograms were weighted 

by the probability of each microstate of the MSM. According to the apo MD 

simulations, the ‘in’ and the ‘out’ rotamers of Phe113 are almost equally populated in 

WT, while the mutation of Ser99 to Thr99 shifts the population from the ‘in’ rotamer 

to the ‘out’ rotamer significantly (Figure 4-24A). However, the X-ray crystal structures 

of the ‘in’ conformation in WT (PDB: 3K0N) has a high occupancy of 0.63. For ST, 

the result is consistent with the occupancy of the X-ray crystal structure only the ‘out’ 

orientation was observed in the ST crystal structure (PDB: 3K0O).115 It should be 

noted that apo ST simulations sampled both ‘in’ and ‘out’ rotamers via multiple 

backwards and forwards transitions (Figure 4-27). For ST/CS and ST/CS/IV, the X-

ray crystal structure observed only the ‘out’ conformation in ST/CS (PDB: 6BTA) but 

the occupancy of the ‘in’ conformation was 20% (𝜒5Phe113 = 31.2°) in ST/CS/IV 

structure (PDB: 5WC7). In our MD simulations, the ‘in’ rotamer of 𝜒5Phe113 was 

populated about ~16-17% for both ST/CS and ST/CS/IV (Figure 4-24C,E). 

 

In mutants, the phenyl ring of Phe113 is likely to stay in the ‘out’ conformation (Figure 

4-23) because of the steric bulk in the t rotamer of Thr99 (Figure 4-25G,H,I and Figure 



 

 
  130 

4-15B). An increased population of the g- rotamer of Thr99 in ST/CS and ST/CS/IV 

mutants compared to ST (Figure 4-24B,D,F) allowed the side-chain ring of Phe113 

increase in population of the ‘in’ rotamer. It is noted that the g- rotamer of Thr99 was 

observed only in the ST/CS/IV crystal structure with 26% occupancy. Rotamers of 

other side chain dihedrals of the key residues for WT and mutants are shown in Figure 

4-25 and Figure 4-26. 

 

Figure 4-23 The orientations of side chains Ser99/Thr99, Phe113, Met61 and Arg55 define the 
‘major’ conformation of WT (blue) and stabilized ‘minor’ conformation of S99T (red), ST/CS 
(purple), and ST/CS/IV (green), taken from crystallography data.115,116 The figures represent only 

the highest occupancy structure. 

A) B)

C)
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Figure 4-24 The MSM-derived probability distributions c1 in Phe113 and Ser/Thr99 for WT and 

ST (a,b), ST/CS (c,d) and ST/CS/IV (e,f). The data of WT, ST, ST/CS and ST/CS/IV are 
represented by blue, red, purple, and green respectively. The X-ray crystallography derived data 
of Fraser et al.115 is depicted for WT and mutants with their respective occupancies as dashed 
lines.  

A) B)

C) D)

E) F)
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Figure 4-25 The MSM-derived probability distributions of selected dihedral angles for WT (blue) 

, ST (red), ST/CS (purple) and ST/CS/IV (green) (a, b, c) c1 in Arg55, (d, e, f) c1 in Met61, (g,h,i) 

c1 in Ser/Thr99, (j,k,l) c3 in Arg55 and (m,n,o) c2 in Met61. The error bars indicate the standard 

deviation. The X-ray crystallography derived data of Fraser et al.115 is depicted for WT and the 
ST mutant with their respective occupancies as dashed lines. The red dashed line represent the 
‘out’ conformation of the ST mutant . 
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Figure 4-26 The MSM-derived probability distributions of selected dihedral angles for WT (blue) 

, ST (red), ST/CS (purple) and ST/CS/IV (green) (A, B, C) c1 in Cys/Ser155, (D, E, F) c1 in 

Ile/Var97, (G, H, I) c1 in Leu98, (J, K, L) c1 in Gln63, (M, N, O) c2 in Leu98 and (P, Q, R) c2 in 

Glu63. The error bars indicate the standard deviation. 
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4.3.4 The proposed ‘major’ and ‘minor’ states exchange on 
timescales of nanoseconds in apo CypA 

Dihedral torsion data was discretized into MSM microstates using the same definition 

for all CypA variants. Subsequently, the microstates were assigned to two coarse-

grained models of ‘in’ and ‘out’ conformation depending on the value of 𝜒5 Phe113. 

During the 200 ns MD simulations, the ‘in’ and ‘out’ rotamer of 𝜒5 Phe113 flips 

frequently for all CypA variants (Figure 4-27). The timescale of transitions between 

these two macrostates was calculated as Mean first passage time (MFPT) in ns and 

converted to an exchange rate of µs-1. The transition between ‘in’ and ‘out’ macrostates 

is illustrated by Figure 4-28A. Macrostate populations and exchange rate between two 

states are shown in Figure 4-28B. ST has the slowest interconversion rate of 3.8 ± 0.2 

µs-1 from ‘out’ to ‘in’, while WT shows the fastest dynamics of 65.7 ± 0.7 µs-1. For 

ST/CS and ST/CS/IV mutants, the rate from ‘out’ to ‘in’ macrostates are faster than 

ST but slower than WT. According to our simulations, the exchange rates (𝑘�|) of WT 

and three mutants is in a range from 238.5 ± 17.6 µs-1 (ST) to 46.5 ± 3.6 µs-1 

(ST/CS/IV), whereas the reported experimental exchange rates vary between ~ 102 to 

103 s-1.87,115,116  Interestingly, these dynamics are more than five orders of magnitude 

faster than previous NMR experimental data.115 The structural rearrangement of the 

‘in’ and ‘out’ macrostates is described by the dihedral probability distribution of 

binding site residues, Phe113, Ser/Thr99, Met61 and Arg55 as shown for WT (Figure 

4-29), ST (Figure 4-30), ST/CS (Figure 4-31), ST/CS/IV (Figure 4-32). In WT, the g+ 

(𝜒5= ca. +60º) rotamer of Ser99 was found only in the ‘out’ macrostates. For ST/CS 

and ST/CS/IV, the process of ‘out’ to ‘in’ rotamer in ST/CS and ST/CS/IV involves 

the rotation of Thr99 to the g- (𝜒5= ca. -60º) rotamer (Figure 4-24D, F). For the ‘out’ 

conformations of all variants, there is higher probability at 𝜒" Met61 of ~90º, while 𝜒" 

Met61 are likely to be ~-180º for the ‘in’ macrostates. For the catalytically important 

residue Arg55, the side chain rotation of both ‘in’ and ‘out’ microstate fluctuates 

quickly and samples all three 𝜒W rotamers rotameric states of ~90º, ~90º and ~180º. A 

higher population at ~90º was found for the ‘out’ rotamers. These side chain 

conformations of ‘in’ and ‘out’ macrostates are consistent with previous X-ray 

structure represented by dash line in Figure 4-25.115 
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Figure 4-27 The dihedral angle value of χ1 of Phe113 in 200-ns MD simulation of free WT (a), ST 
(b), ST/CS (c) and ST/CS/IV (d) 

 

Figure 4-28 (A) Illustrative diagram showing the flip of the Phe113 𝝌𝟏 dihedral taken from 

simulation snapshots with a manual coarse graining of microstates according to Phe113 𝝌𝟏 

dihedral in the ‘in’ or ‘out’ state. (B) Populations of macrostates and transition rates in µs-1. The 
error is the standard deviation as calculated from the Bayesian MSM in PyEMMA.  
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out in

A)

B)



 

 
  136 

 

Figure 4-29 Dihedral probability distribution of two macrostates, ‘out’ (green) and ‘in’ (pink), 
from apo WT simulations. 

 

 

Figure 4-30 Dihedral probability distribution of two macrostates, ‘out’ (green) and ‘in’ (pink), 

from apo ST simulations. 
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Figure 4-31 Dihedral probability distribution of two macrostates, ‘out’ (green) and ‘in’ (pink), 
from apo ST/CS simulations. 

 

 

Figure 4-32 Dihedral probability distribution of two macrostates, ‘out’ (green) and ‘in’ (pink), 
from apo ST/CS/IV simulations. 
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4.4 Conclusion 

This chapter covered the dynamics of side chains of relevant amino acids obtained by 

an in depth MSM analysis of the MD trajectories. Firstly, the dihedral distributions of 

Phe113 and Ser/Thr99 in apo WT and ST MD simulation were compared between two 

different force fields, CHARMM22* and Amber ff99sb*. CHARMM22* simulations 

of WT produced almost equally 50% ‘in’ and ‘out’ populations, while Amber ff99sb* 

generated more than 99% of ‘in’ conformations of WT. For ST simulations, the 

population of Phe113-‘out’ is dominated for ~99% in CHARMM22* and ~75% in 

Amber ff99sb*. The result is consistent with previous computational work169 that 

CHARMM22* results in a better accuracy than Amber ff99sb* by a direct comparison 

to X-ray experimental data. 

 

This led to a more extensive set of simulations with CHARMM22* for which MSM 

analysis were used to study side chain dynamics. After the discretization of the 

trajectories dihedral data, the microstates were lumped into two macrostates 

representing the ‘in’ and ‘out’ conformations based on the 𝜒5 of Phe113. This study 

shows that the population of two macrostates weighted by the MSM populations for 

WT and three mutants is in a good agreement with X-ray data.115 In addition, the ‘in’ 

and ‘out’ MSM macrostates show different side chain conformations of Ser/Thr99 and 

Met61, which is consistent with previous experimental evidence.115 

 

However, observed dynamic features of the transition between ‘in’ and ‘out’ rotamer 

of Phe113 occurred at the ns-µs timescale, which is five to six orders of magnitude 

faster than those reported by NMR measurements. NMR relaxation experiments can 

be used to probe only the fast motions on the ps-ns timescale and much slower µs-ms 

motions.115 In order to verify our simulation result, Residual Dipolar Coupling (RDC) 

could be used to probe the ps-µs side chain dynamics of 𝜒5 Phe113 that cannot be 

determined by relaxation dispersion experiment.173  
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5 Elucidating catalytic mechanism in Cyclophilin A 

using umbrella sampling simulations 

This chapter discusses the results of the umbrella sampling simulations used to study 

catalytic mechanism in Cyclophilin A and the mutants discussed in the previous 

chapters. 

5.1 Introduction 

Enzymes are biological catalysts that can speed up the rate of chemical reaction by 
lowering the activation energy. Enzymes are involved in many biological processes 

such as metabolism, immune system, digestion and reproduction.174 Therefore, it is 

crucial to understand the structure and function of enzyme. In addition, recent 

advanced research has extensively studied the mechanism of enzymatic catalysis.  

 

Cyclophilin A (CypA) is an enzyme that catalyses the cis/trans isomerization reaction 

of the prolyl peptide bond. CypA can accelerate the isomerization rate from seconds 

(uncatalyzed reaction) to millisecond (enzyme-catalyzed reaction).1 Several 

computational studies have investigated the catalytic mechanism of CypA yet it is still 

not completely understood.175 The idea that the enzyme’s dynamics make a crucial 

contribution to the catalytic activity of CypA has been proposed during the past few 

years.113,117,133,134 Previous studies looked at the effect of distal residue mutations that 

result in a slower conformational change between ‘major’ and ‘minor’ states on a ms 

timescale, and a decreased catalytic activity. The mutants studied were ST, ST/CS and 

ST/CS/IV in comparison to WT.87,115,116,176 NMR and X-ray crystallography 

experiments suggested that a distinct feature of the ‘major’ and ‘minor’ structures is 

the 𝜒5 rotamer of Phe113 that adopt different values ‘in’ (𝜒5 ≈ +60°) and ‘out’ (𝜒5 ≈ 

-60°) conformation using the terminology introduced in previous chapters.  

 

In the present chapter, the correlation between the rate of enzyme motion and catalytic 

activity of CypA is investigated for WT and the three mutants (ST, ST/CS and 

ST/CS/IV). The previous chapter studied the rate of side chain motions of Phe113 in 

CypA using Markov state models (MSM). In order to link these motions to catalysis, 
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umbrella sampling simulations were performed to provide the free energy profiles of 

the catalysed reaction in WT, ST, ST/CS and ST/CS/IV. 

 

5.2 Methodology 

5.2.1 Structure preparations  
The starting structures of the CypA-substrate complex were prepared from PDB 

structures 3K0N (R=1.39 Å), 3K0O (R= 1.55 Å), 6BTA (R=1.5 Å) and 5WC7 

(R=1.43Å) for WT, ST, ST/CS and ST/CS/IV respectively.115,116 For residues with 

multiple occupancy in WT, ST/CS and ST/CS/IV, the conformation with the higher 

occupancy was retained. The crystal structure of the CypA- cis AAPF (Ala-Ala-Pro-

Phe) peptide complex (PDB ID: 1RMH)115,116 was used to obtain a suitable 

conformation for the substrate bound in the active site of WT and the other mutants. 

PDB structure 1RMH was aligned to the structures of WT and all mutants, and the N-

terminal and C-terminal ends of the proteins and substrate were capped using 

Schrödinger’s Maestro.123 

 

5.2.2 The preparation of ‘in’ and ‘out’ substrate-bound CypA  
In the previous chapter, the Charmm22* forcefield158 was used for MD simulations for 

a better accuracy of distribution probabilities of the Phe113 rotamer. However, to 

obtain a more accurate free energy profiles of the substrate isomerization, the 

amber99sb forcefield with optimised angle parameters for amides reported by Doshi 

and co-workers was used for MD and umbrella sampling (US) simulations.159 Gromacs 

5.0 was used for structure preparations and all MD simulations.132 The TIP3P water 

model was used to solvate the protein substrate complex in a rhombic dodecahedron 

box with 1-nm distances between protein and box edges. Chloride ions were added to 

neutralise the system. All systems were minimised for 50,000 steps using the steepest 

descent method, followed by 100 ps of NVT equilibration and 100 ps of NPT 

equilibration with heavy protein atoms restraint using a harmonic force constant of 

1000 kJ×mol-1×nm-2. A 10-ns MD simulation for each CypA-substrate (cis-

conformation) complex was performed in order to generate the ‘in’ (𝜒5 of Phe113 ≈ 
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+60°) and ‘out’ (𝜒5 of Phe113 ≈ -60°) conformations for umbrella sampling 

simulations. 

Transition from the ‘out’ to the ‘in’ conformation of 𝜒5of Phe113 was observed in ST, 

ST/CS and ST/CS/IV 10-ns MD simulations. Thus, the last snapshot of the ‘in’ and 

“out” complex structures were used as starting points for the ‘in’ and ‘out’ umbrella 

sampling calculation, respectively. However, MD simulation of WT complex 

produced only the ‘in’ rotamer. In order to generate the ‘out’ rotamer of the WT 

complex, umbrella sampling simulations to bias the value of 𝜒5Phe113 were carried 

out serially starting from 𝜒5 ≈ +60° to 𝜒5 ≈ -60° using PLUMED2.28 All US windows 

were run for 5 ns using the last snapshot of the previous window as the initial structure. 

During these US simulations, the distance between the center of mass of the substrate’s 

proline ring and the center of mass of the phenyl ring of Phe113 and Phe60 was 

restrained with a force constant of 300 kJ×mol-1×rad-2 to keep the substrate in the active 

site. The bias parameters for the US of 𝜒5Phe113 are listed in Table 5-1. 

 

Table 5-1 Force constant for each umbrella sampling window of 𝝌𝟏 Phe113 for WT. 

𝜒5 of Phe113 (degree) k (kJ×mol-1×rad-2)   

57 100 
29 100 
0 100 

-14 100 
-29 100 
-57 100 
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Figure 5-1 (A) The ω angle of substrate Ace-Ala-Ala-Pro-Phe-Nme and (B) the CypA-AAPF 

complex structure. The substrate and enzyme were represented by orange stick and a secondary 
structure, respectively. 

 

 

5.2.3 Umbrella sampling simulations 
Free energy profiles of the uncatalysed and catalysed reactions along the ω dihedral 

angle of the proline substrate were calculated using US simulations. For free substrate 

in water, a total of 22 US windows were used starting from a trans conformation taken 

from a 10-ns equilibration run. For protein-substrate complex simulations, both ‘in’ 

(𝜒5of Phe113≈ +60°) and ‘out’ (𝜒5of Phe113≈ -60°) US calculations were performed 

using 24 windows starting from a cis conformation. A biased harmonic potential was 

applied on the ω dihedral angle (Figure 5-1) of the substrate using different force 

constants for different target values of ω (Table 5-2 and Table 5-3) in order to obtain 

a good overlap between the ω values probability distribution of neighbouring windows 

(Figure 5-2). Simulations were performed serially initially for 7 ns by using the last 

snapshot of window 𝜔� for the initial structure of windows 𝜔�ä5. Then, each US 

simulations was extended to 20 ns. All generated US simulations are shown in Table 

5-5. 



 

 
  143 

For the ‘out’ US simulations, 𝜒5of Phe113 was restrained to maintain the ‘out’ 

conformation using a force constant of 200 kJ×mol-1×rad-2. Also, the distance between 

the proline ring of the substrate and the phenyl rings of Phe113 and Phe60 were 

restrained at 0.4 nm using a force constant of 300 kJ×mol-1×nm-2. Three and six repeats 

of US simulations were carried out for the ‘out’ and ‘in’ conformations, respectively 

in order to estimate uncertainties of the free energy profiles. All US simulations were 

performed using a PLUMED2 patched version of Gromacs 5.0 with the same 

parameters as previous MD simulations.154 Free energy profiles along the 𝜔 angle of 

the isomerization reaction were estimated using the weighted histogram analysis 

method (WHAM).28,154 The histogram of the 𝜔 angle distribution for each set of US 

simulations is shown in Figure 5-2. 

 

Table 5-2 Force constant for each umbrella sampling window for AAPF in water 

w (degree) k (kJ×mol-1×rad-2)   

0 100 
29 300 
57 300 
72 500 
86 500 
100 500 
115 600 
129 500 
143 300 
158 600 
172 500 
-172 300 
-158 300 
-143 300 
-129 500 
-114 800 
-100 500 
-86 500 
-72 800 
-57 800 
-43 500 
-29 100 
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Table 5-3 Force constant for each umbrella sampling window for the enzyme-substrate complexes 

w (degree) k (kJ×mol-1×rad-2)   
0 300 
29 100 
43 300 
57 300 
72 500 
86 800 
100 800 
115 600 
129 500 
143 500 
158 800 
172 300 
-172 300 
-158 800 
-143 500 
-129 800 
-115 700 
-100 800 
-86 800 
-72 800 
-57 800 
-43 800 
-29 800 
-14 500 
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Table 5-4 Summary of enzyme-substrate complex simulations for umbrella sampling 

Systems MD 𝜒5of Phe113 
after MD run 

US simulations 

AAPF 10 ns - 2´22 ´ 20 ns 
WT ‘in’ + AAPF 10 ns +60º 6´24 ´ 20 ns 
ST ‘in’ + AAPF 10 ns +60º 6´24 ´ 20 ns 

ST/CS ‘in’ + AAPF 10 ns +60º 6´24 ´ 20 ns 
ST/CS/IV ‘in’ +AAPF 10 ns +60º 6´24 ´ 20 ns 

WT ‘out’ + AAPF 10 ns -60º 3´24 ´ 20 ns 
ST ‘out’ + AAPF 10 ns -60º 3´24 ´ 20 ns 

ST/CS ‘out’ + AAPF 10 ns -60º 3´24 ´ 20 ns 
ST/CS/IV ‘out’ +AAPF 10 ns -60º 3´24 ´ 20 ns 
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Figure 5-2 The probability distribution of the dihedral angle 𝝎 in each umbrella window of free 

AAPF in solution (A), the WT complex (B), the ST complex (C), the ST/CS complex (D) and the 

ST/CS/IV complex (E)   

 

 

 

 

 

 

 

 

C)

E)

D)

B)A)
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5.2.4 Trajectory analyses 
Interaction energies between the binding site residues (Arg55, Ile57, Phe60, Met61, 

Gln63, Asn102, Gln111, Phe113, Trp121, Leu122 and His126) and all atoms of the 

substrate were analysed with the Gromacs g_energy module.177 The distance 

probability distribution of six hydrogen bonds between key residues (Figure 5-3) and 

substrate atoms were computed using the MDAnalysis library.28  The probability of 

hydrogen bond formation is also computed for each US windows. The list of atom 

pairs and cut-off distance used to define conformations that form hydrogen-bonding 

are shown in Table 5-5. The per-residue root mean square fluctuations (RMSF) of 

heavy atoms were measured using the gmx rmsf module of Gromacs.178,179 

 

 

Figure 5-3 Hydrogen bond network in the active site of transition state complex. 

 

Table 5-5 The list of atom pairs that form potential hydrogen bonds in the CypA active site. 

Hydrogen bond cut-off distance (Å) 

Arg55:CZ-Pro3:O 4.0 
Gln63:N-Ala1:O 3.45 

Asn102:N-Ala2:O 3.45 
Asn102:O-Ala2:N 3.45 

Trp121:NE1-Phe5:O 3.45 
His126:HE1-Ala2:O 3.45 

 



 

 
  148 

5.3 Results and discussion 

5.3.1 No differential catalytic activity is observed in the ‘in’ 
conformations and the ‘out’ conformation is catalytically 
inactive 

The MSM analysis of WT and three mutants from the previous chapter shows 

that the transition rate of the ‘in’ and ‘out’ conformations occurred at a faster timescale 

than previously suggested. In order to examine the effect of ‘in’ and ‘out’ motions of 

Phe113 in catalysis, the isomerization free energy profiles were calculated by 

performing umbrella sampling (US) simulations of the ‘in’ and ‘out’ rotamers of 

Phe113 for all CypA variants. A previous study by Ladani and Hamelberg 

demonstrated that a fixed-charge classical force field can be used to describe the 

isomerization process in this system because of the small contribution of 

intramolecular polarization to the free energy barrier.28 

 

For WT and ST, the isomerization free energy profiles of the ‘in’ and ‘out’ 

conformations are shown in Figure 5-4A and in Figure 5-4B, respectively. The 𝜔 angle 

of the proline residue of the substrate Ace-AAPF-Nme was used as the reaction 

coordinate to describe the cis (𝜔 ≈ 0°) to trans (𝜔 ≈180°) isomerization process. The 

US simulations of free substrate Ace-AAPF-Nme in water gives an activation free 

energy of 20.1 ± 0.1 kcal•mol-1 for cis→trans isomerization, which is in agreement 

with the experimental data previously reported for the substrate N-Suc-AAPF-p-

nitroanilide at 283 K (ca. 19.3 kcal•mol-1).131 A similar trend for the free energy 

profiles in ST/CS and ST/CS/IV mutants is shown in Figure 5-5. 

 

For the isomerization of enzyme bound substrate complexes of  the ‘in’ conformations, 

free energy profiles show the same features as previous computational studies 

reporting that the enzyme catalysed only the positive values of 𝜔 dihedral angle with 

transition state configuration at 𝜔 value of ca. 90-100º (Figure 5-6A).180,181 The ‘in’ 

free energy profiles of WT and ST show that the enzymes lower the free energy 

barriers equally for both directions of  the cis↔trans isomerization compared to the 

uncatalyzed reaction. The activation energy of trans→cis isomerization is reduced by 

about 6 kcal•mol-1, while the cis→trans isomerization is not significantly reduced by 
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less than 1 kcal•mol-1 because of a tighter binding of the cis configuration than the 

trans. These results are consistent with previous free energy calculation of Ladani and 

Hamelberg that show a more significant decrease in energy barrier for trans→cis than 

for cis→trans. The isomerization process of the ‘out’ conformations has no different 

catalytical effect with the free substrate in water.  
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Figure 5-4 Isomerization free energy profile of the free substrate in water (black), WT (blue) and 

ST (red) for the ‘in’ (A) and ‘out’(B) configurations. The free energies of the trans (𝝎 = 180°) 

configuration were set to zero. The shaded area represents the standard error of the mean. The 

tables show the free energies from cis→trans and trans→cis activation. 

Systems Δ"‡(cis→trans) Δ"‡(trans→cis)
AAPF 20.1 ± 0.1 20.9 ± 0.1 

WT-AAPF 20.4 ± 0.6  20.2 ± 0.5 
ST-AAPF 20.6 ± 1.5  19.9 ± 0.8 

A)

B)

Systems Δ"‡(cis→trans) Δ"‡(trans→cis)
AAPF 20.1 ± 0.1 20.9 ± 0.1 

WT-AAPF 19.7 ± 1.3    15.2 ± 0.8  
ST-AAPF 19.2 ± 1.4    15.1 ± 1.0  
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Figure 5-5 Isomerization free energy profile of the free substrate in water (black), ST/CS (purple) 

and ST/CS/IV (green) for the ‘in’ (A) and ‘out’(B) configurations. The free energies of the trans 

(𝝎 = 180°) configuration were set to zero. The shaded area represents the standard error of the 

mean. The tables show the activation free energies from cis→trans and trans→cis. 

 

Systems Δ"‡(cis→trans) Δ"‡(trans→cis)
AAPF 20.1 ± 0.1 20.9 ± 0.1 

ST/CS-AAPF 22.1 ± 1.5  20.9 ± 0.7 
ST/CS/IV-AAPF 21.9 ± 0.8  19.8 ± 0.4 

A)

B)

Systems Δ"‡(cis→trans) Δ"‡(trans→cis)
AAPF 20.1 ± 0.1 20.9 ± 0.1 

ST/CS-AAPF 19.7 ± 1.4    15.9 ± 1.0    
ST/CS/IV-AAPF 20.6 ± 1.3    14.0 ± 0.9    

US Minor

B)
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5.3.2 The role of hydrogen bonding in transition state 
stabilization of the Phe113-‘in’ conformation 

Umbrella sampling trajectories were further analysed to compare the ‘in’ and ‘out’ US 

simulations of all CypA variants. The Coulombic interaction energies between active 

site residues and substrate during the isomerization process in the ‘in’ conformations 

is shown in Figure 5-6A. The decrease in average Coulombic interactions at the 

transition state region (𝜔 = 90-100º) indicates preferential transition state stabilization 

by the ‘in’ conformation of the enzyme (Figure 5-6). The transition state ‘in’ 

configurations have the most favourable electrostatic interactions, around -26 to   -28 

kcal•mol-1, while the cis configurations (ca. -19-22 kcal•mol-1) have stronger 

interactions than the trans configurations (ca. -11-13 kcal•mol-1) for all CypA variants. 

The averaged Coulombic interactions per active site residue were also calculated to 

identify important residues for the substrate stabilization of the cis, transition state (ts) 

and trans complex as shown in Figure 5-6B, C, D.  Arg55, Trp121, Asn102, His126, 

Gln63 have a different contribution of electrostatic interactions with the different form 

of substrate conformations resulting from differences in hydrogen bonding patterns 

(Figure 5-7). Arg55 has the strongest electrostatic interactions with the cis and ts 

substrate consistent with previous studies.113,182,183,117  

 

Figure 5-7 represents the hydrogen bonds between key active site residues and the 

substrate in cis, ts and trans complexes. The probability of each hydrogen bonds is 

plotted along the  𝜔 dihedral angle as shown in Figure 5-8 and Figure 5-9. A similar 

pattern of hydrogen bonding of all CypA variants during isomerization process is 

observed. In the cis complex, H-bond formation with the N-terminal of the substrate 

(Ala1 and Ala2) is more likely. Residues Asn102 of CypA form strong hydrogen bonds 

to Ala2 of the substrate. Furthermore, there is also a minor electrostatic contribution 

of the hydrogen bond between Gln63 and Ala1 for cis-substrate stabilization. The 

hydrogen bond formation probability of Arg55 with the substrate is about 20% to 60% 

and leads to the largest electrostatic interaction for Arg55 in the cis conformation. 

 

Previous NMR results suggested the C-terminus rotation of substrate during 

catalysis,176whereas X-ray crystal structure and previous MD simulation proposed the 

clockwise rotation of N-terminus.124,130 However, the present result indicates both C- 
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and N-terminus rotation of substrate during catalytic cis to trans isomerization. From 

the cis to the ts configuration, the C-terminal of the peptide rotated, and it becomes 

more likely to form a hydrogen bond with Trp121 as shown in Figure 5-7B. The 

transition state complex has the highest hydrogen bond probabilities for all key active 

site residues with the substrate. This suggests the well-formed hydrogen bond network 

in the ts complex leads to transition state stabilization. The preferential transition state 

stabilization in this calculation is consistent with the proposed catalytic mechanism of 

CypA by previous studies.77,129,130 

 

During the configurational change from ts to trans of the substrate (Figure 5-7C), the 

hydrogen bond of Trp121:NE1-Phe4:O was still present (Figure 5-9B) but two 

hydrogen bonds between Asn102 and substrate (Figure 5-8B and Figure 5-8C) were 

broken because of the dihedral rotation of the substrate. The trajectory analysis 

indicates a proper arrangement of key residues for the substate stabilization during cis-

trans isomerization of ‘major’ conformation of CypA.  

 

 

Root mean square fluctuations of the active site residues were also calculated to 

investigate the active site flexibility of the cis-, ts-, and trans- complexes for WT and 

other three mutants (Figure 5-10). The active site structure of transition state complex 

is generally more rigid due to the stablization of the transition state hydrogen bonding 

network. Greater fluctuation of the cis and trans complexes in comparison to the ts 

complex are due to a looser hydrogen bonding network in the active site. This result 

agree with the principle component analysis (PCA) of active site residues reported by 

Hamelberg’s group .77,134 They found that the conformational space of active site of 

the transition state is more compact than that of the cis and trans complexes.77 They 

also reported a higher  order parameter S2 value (smaller fluctuation) of active site 

residues for the transition state complex in comparison with the cis and trans 

complexes.134 
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Figure 5-6 (A) Electrostatic energies between the substrate and active site residues as a function 

of the w dihedral angle in WT (blue), ST(red), ST/CS (purple) and ST/CS/IV systems (green) with 

simulations started from the ‘in’ configuration. Average electrostatic energies per-active site 
residues at the cis (B), transition state (C) and trans (D) region. Error bars denote the standard 
error of the mean. 

A)

B)

C)

D)
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Figure 5-7 Hydrogen bonding between key residues (cyan sticks) in the active site and cis (A), ts 
(B) and trans (C) configuration of the substrate (orange sticks) from the the Phe113-‘in’ US 
umbrella sampling of WT. The residue Phe113 is the ‘in’ rotamer and represented by purple 
sticks. The sidechain of Phe4 of the substrate is transparent.  
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Figure 5-8 The probability of hydrogen bond formation along the 𝝎 dihedral angle for Arg55:CZ-

Pro3:O (A), Asn102:N-Ala2:O (B) and Asn102:O-Ala2:N (C) from the Phe113-‘in’ US 
simulations. The data from WT, ST, ST/CS and ST/CS/IV simulations are shown in by blue, red, 
purple and green, respectively. Shaded areas denote the standard error of the mean. 

 

 

Arg55:CZ-Pro3:O 

Asn102:N-Ala2:O 

Asn102:O-Ala2: N 

A)

B)

C)
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Figure 5-9 The probability of hydrogen bond formation along the 𝝎 dihedral angle for 

Gln63:NE2-Ala1:O (A) and Trp121:NE1-Phe4:O (B) from the Phe113-‘in’ US simulations. The 
data from WT, ST, ST/CS and ST/CS/IV simulations are shown in by blue, red, purple and green, 
respectively. Shaded areas denote the standard error of the mean. 

 

 

Gln63:NE2-Ala1:O 

Trp121:NE1-Phe4:O 

His126:HE1-Ala2:O 

A)

B)

C)
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Figure 5-10 Root mean square fluctuation (RMSF) of binding site residues in cis, ts, trans US 
simulations of WT (A), ST (B) ST/CS (C) and ST/CS/IV (D). RMSF data of cis (light colour), ts 

(medium colour), trans (dark colour) is from US windows of 𝝎 = 0º, 100º, 172º, respectively. Error 

bar is the standard error of the mean. 

A)

B)

C)

D)
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5.3.3 Loss of hydrogen bonding for transition state stabilization 
in the Phe113-‘out’ conformation 

In the ‘in’ or ‘major’ conformation simulations, the hydrogen bond network between 

CypA and the ts complex is the most stable compared to the cis and the trans 

complexes. This result suggests the preferential transition state stabilization of the 

‘major’ state of CypA. In contrast to the ‘out’ or ‘minor’ conformation simulations, no 

transition state stabilization is observed in all CypA forms studied. This is supported 

by a smaller electrostatic interaction of binding site residues and substrate (Figure 

5-11). The Coulombic interaction energies of all CypA variants were in the same range 

along the 𝜔 dihedral about -5 to -15 kcal•mol-1. Figure 5-12 and Figure 5-13 show low 

probabilities of forming key hydrogen bond along the reaction coordinate (the 𝜔 

dihedral of substrate) in the ‘minor’ US simulations.  

 

A considerable destabilization of the transition state in ‘out’ CypA can be attributed to 

the lack of hydrogen bond formations with respect to the ‘in’ conformation (Figure 

5-14). A comparison of the probability of hydrogen bond formation between ‘major’ 

and ‘minor’ conformation at the transition state is shown in Figure 5-15.  These 

probabilities were calculated from the hydrogen bond distance distributions with a cut-

off distance as shown in Figure 5-16 and Figure 5-17. The result suggests that the 

weaker hydrogen bonding in the active site of the ‘out’ conformations during catalysis 

leads to poorer catalytic activity of CypA.  
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Figure 5-11 (A) Electrostatic energies between the substrate and active site residues as a function 

of the w dihedral in WT (blue), ST(red), ST/CS (purple) and ST/CS/IV systems (green) with 

simulations started from the ‘out’ configuration. Average electrostatic energies per-active site 
residues at the cis (B), transition state (C) and trans (D) region. Error bars denote the standard 

error of the mean. 

A)

B)

C)

D)
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Figure 5-12 The probability of hydrogen bond formation along the w dihedral for Arg55:CZ-

Pro3:O (A), Asn102:N-Ala2:O (B) and Asn102:O-Ala2:N (C) from the Phe113-‘out’ US 
simulations. The data from WT, ST, ST/CS and ST/CS/IV simulations are shown in by blue, red, 
purple and green, respectively. 

Arg55:CZ-Pro3:O 

Asn102:N-Ala2:O 

Asn102:O-Ala2: N 

A)

B)

C)
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Figure 5-13 The probability of hydrogen bond formation along the w dihedral for Gln63:NE2-

Ala1:O (A), Trp121:NE1-Phe4:O (B) and His126:HE1-Ala2:O (C) from the Phe113-‘out’ US 

simulations. The data from the WT, ST, ST/CS and ST/CS/IV simulations are shown in by blue, 
red, purple and green, respectively. 

 

 

 

 

Gln63:NE2-Ala1:O 

Trp121:NE1-Phe4:O 

His126:HE1-Ala2:O 

A)

B)

C)
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Figure 5-14 Comparison of active site structures and hydrogen bonds between key residues (cyan 
stick) and transition state substrate (Ace-AAPF-Nme) in the ‘in’ (A) and ‘out’ (B) conformations 

in WT. The substrate is represented by orange sticks with a transparent Phe ring.  The 
hydrophobic active site residues are shown in purple sticks, respectively. The distal residues Ser99 
is represented by green colour. Many of the key hydrogen-bonding interactions in (A) cannot 
occur in (B) because the distances have increased. 

 

Figure 5-15 The probability of hydrogen bond formation between active site residues and 
substrate observed in umbrella sampling simulations around the transition state region for WT 
(A), ST (B), ST/CS (C) and ST/CS/IV (D).  The dark and light colours represent the data from the 

‘in’ and ‘out’ US simulations, respectively. The error bar is the standard error of the mean. 
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Figure 5-16 The distance probability distribution of binding site residues and substrate (AAPF) 
observed in umbrella sampling simulations around the transition state region for WT (A) and ST 
(B). The darker colours and the lighter colours represent data from ‘major’ US and ‘minor’ US 
simulations, respectively. The cut-off distance used to define conformations that form hydrogen-
bonding interactions is depicted with dashed-dotted lines. 

A)

B)
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Figure 5-17 The distance probability distribution of binding site residues and substrate (AAPF) 
observed in US simulations around the transition state region for ST/CS (A) and ST/CS/IV (B). 

The darker colours and the lighter colours represent data from ‘major’ US and ‘minor’ US 
simulations, respectively. The cut-off distance used to define conformations that form hydrogen-
bonding interactions is depicted with dashed-dotted lines. 

 

 

 

A)

B)
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5.3.4 Preorganization can explain observed decrease in 
catalytic activity of the mutants 

The effect of distal mutations on the catalytic activity of CypA can be elucidated by 

combining the US and MSM data from WT and three mutant simulations. MSM results 

of the WT simulations without substrate suggested the rapid motions of Phe113 

between catalytically active ‘in’ and catalytically inactive ‘out’ conformations that 

occur with an interconversion rate of ca. 70 µs-1 which is faster than the rate of 

substrate binding reported by NMR experiments (ca. 2•104 s-1, based on kon rates ca. 

2•107 s-1•M-1 and substrate concentration ca. 1 mM.). Thus, the free enzyme is 

equilibrated between the ‘in’ and ‘out’ states before substrate binding (Figure 5-18). 

For the other three mutants, the conversion rates are slower than WT but still in the 

range of µs-1, with an increase in equilibrium population of the catalytically inactive 

state. Therefore, mutants display a less preorganized active site than that of WT, 

leading to a reduction of catalytic activities. 

 

Fraser et al. have measured by NMR the bi-directional isomerization rates 

(𝑘ghi���z = 𝑘g��→i�h�� + 𝑘i�h��→g��) of 13000 ± 800 s-1 for WT and 190 ± 20 s-1 for the 

ST mutant.113,127 In order to compare our simulation results with these rates, the ratio 

of isomerization rates of WT and ST mutant ( ����
���¸(¨`)

�������¸(Qww`)
) was computed from free 

energy profiles and the MSM populations of the ‘in’ and ‘out’ states. The overall 

isomerization rate of the enzyme is calculated by the sum of bi-directional 

isomerization in the ‘in’ and ‘out’ states and these rates were weighted by the MSM 

populations of these states 

 ����
���¸(¨`)

�������¸(Qww`)
=

£�²(¨`)����,�²
���¸ (¨`)ä£���(¨`)����,�²

���¸ (¨`)

£�²(Qww`)����,������¸ (Qww`)ä£���(Qww`)����,������¸ (Qww`)
, 

Equation 5-1 

where  𝑝�� and 𝑝�ªiis the population of the ‘in’ and ‘out’ conformations, 𝑘ghi,��/�ªi���z  is 

𝑘g��→i�h�� + 𝑘i�h��→g�� of the ‘in’ or ‘out’ states. 

The isomerization rate of the cis to trans and vice versa, is calculated from the 

isomerisation free energy profiles using transition state theory, 

 
𝑘 =

𝑘I𝑇
ℎ 𝑒[\]‡/_` 

Equation 5-2 
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where k is the reaction rate constant, 𝑘I is the Boltzmann constant, R is the gas 

constant, T is the absolute temperature, and ∆𝐺‡ is the activation free energy. 

 

The ratio of the bi-directional isomerization rates calculated using the experimental 

values between WT and ST is 68±13, while a ratio of 12 < 46 < 176 was calculated 

using Equation 5-1 and the activation free energy from simulations. The simulations 

result shows a larger uncertainty interval than the experimental value because small 

changes in activation free energy lead to large changes in catalytic rate. Nevertheless, 

the rates from the simulations still covers the range of experiment values. Therefore, a 

model of catalytic mechanism of CypA (Figure 5-18) can be proposed to explain the 

allosteric inhibition of ST mutants. According to this model, the ns-µs side-chain 

motions of the ‘in’ and ‘out’ Phe113 flips happen before substrate binding. Then, 

effective catalysis takes place in the ‘in’-Phe113 active conformations, while 

inefficient catalysis occurs in the ‘out’-Phe113 inactive states. Thus, a reduction of 

catalytic activity in the ST mutant is due to an increased equilibrium population of the 

inactive state before catalysis.  

 

For the ST/CS and ST/CS/IV mutants, there has been no experimental report of bi-

directional isomerization rates, but a previous study showed an increased catalytic 

efficiency of these mutants with respect to ST.117 This experimental data is in good 

agreement with our model and MSM results showing that ST/CS and ST/CS/IV have 

intermediate populations of catalytically active conformations between WT and ST 

(see previous chapter).  
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Figure 5-18 The proposed model of the mechanism model of allosteric inhibition of CypA. The 
catalytically active route is through ‘in’ conformations. In free WT (A), the population of ‘in’ and 
‘out’ conformationsin are populated equally, while mutants (B) have a lower population of ‘in’ 

conformation leading to a decreased catalytic activity.   

 

5.4 Conclusion 
Previous works have reported measurements of conformational changes in CypA on a 

millisecond-timescale during catalysis.115 A slowing exchanged rate between a ‘major’ 

and a ‘minor’ state leads to a dramatic decrease in catalytic turnover rate for CypA 

mutants.116 It was proposed that the distinct feature of the ‘major’ and ‘minor’ 

conformation is the ‘in’ (𝜒5 ≈ +60º) and ‘out’ (𝜒5 ≈ -60º) rotamer position of Phe113. 

MD simulations in the current work do not investigate motions that are slower than 

the microsecond timescale, thus our results do not support or reject this proposal of 

millisecond timescale motion of CypA. However, our MSM analysis suggests a faster 

motion (ns-µs timescale) of the transition between the ‘in’ and ‘out’ rotamers of 
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Phe113 than the reported rate from NMR experiments.87 In addition, the MSM 

weighted population of Phe113 rotamers in WT and mutant corresponded well to the 

occupancies reported in X-ray structures. 

 

In this chapter, the free energy profiles for the cis-trans isomerization reactions of 

‘major’ and ‘minor’ CypA conformations were obtained from umbrella sampling 

simulations. A reduction of the free energy barrier as a result of transition state 

stabilization indicates that the Phe113-‘in’orientation serves as a catalytically active 

conformation of CypA, whereas the free energy profile of the ‘out’ conformation is 

comparable to the uncatalyzed reactions, suggesting that the Phe113-‘out’ 

conformation is catalytically inactive. An energy and trajectory analysis of US 

simulations indicates a significant contribution of electrostatic interactions to catalysis 

by stabilization of the transition state substrate through hydrogen bonds. A combined 

analysis of the MSM and US data provides a link between local motion of Phe113 and 

catalysis in CypA. The ns-µs rate of conformational exchange suggested that the free 

enzyme rapidly exchanges between the active state (Phe113-‘in’) and the inactive state 

(Phe113-‘out’) before substrate binding. Due to an increase in population of the 

inactive state, mutants have a less preorganized active site than WT, resulting in a 

decreased catalytic activity.  

 

Our result showed that a ns-µs motion of the ‘in’ and ‘out’ Phe113 rotamer is sufficient 

to explain the dramatic decrease in catalytic activity of ST, ST/CS and ST/CS/IV 

mutants. Therefore, a mechanistic model is proposed to explain the effect of the distal 

residue Ser99 mutation on CypA function (Figure 5-18). In order to provide evidence 

for the c1 rotation of Phe113 on the ns-µs timescale, additional experiments, such as 

Residue Dipolar Couplings (RDCs), should be conducted to measure protein motions 

on this timescale. In addition, advanced molecular dynamics method should be 

performed to resolve with atomic details of the millisecond timescale processes that 

exist in CypA. However, that is out of the scope of this thesis. 
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6 Conclusion 

Allosteric regulation of a protein is a distal effect, where a structural or dynamical 

change in one region of the protein site causes an enhancement or a disruption of the 

protein function at another site.115,116 Understanding allostery is important for curing 

diseases and for drug discovery.115 Recently the ensemble allostery model (EAM) was 

proposed based on statistical thermodynamics principle.145 In the EAM model, a 

protein is represented by an ensemble of different conformational states that are 

distributed according to their energies, and allosteric ligand binding re-models the 

energy landscape by stabilizing or destabilizing particular conformational states.10  

 

The purpose of this thesis was to study allosteric mechanisms by using an ensemble 

allosteric model. In chapter 3, the discrete and continuous energy landscapes of a 

simple allosteric model protein were studied on the basis of EAM model. Numerical 

integration and molecular dynamics (MD) simulations were used to investigate the 

physical properties of allostery in this model. The results showed that the population 

shift of conformational states arising from ligand binding leads to changes in enzyme 

activity and allosteric response. A particular result from this study is that an allosteric 

ligand can be an activator or inhibitor depending on the temperature of the system. 

Nevertheless, MD simulations have their limitation for sampling different protein 

conformations separated by free energy barrier. Therefore, the use of biased MD 

simulations is deemed necessary to enhance the sampling of different protein 

conformations. 

 

The following step was to understand allosteric effects in a more realistic protein 

system. In recent years, there is much debate on the link between protein dynamics 

and catalysis. In this thesis, the allosteric effects of mutating the distal residue Ser99 

in Cyclophilin A (CypA) was studied in order to elucidate the role of protein motions 

in catalysis. Previous studies have shown that several mutants (ST, ST/CS and 

ST/CS/IV) of CypA cause a population shift and a slower millisecond rate of 

conformational change that correlates with a reduction in catalytic activity of the 
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enzyme with respect to WT.148 In addition, X-ray experiments suggested that the 

conformational change between a major and a minor CypA states involves a network 

of residues that link the distal residue Ser99 to the active site of the protein.14 

According to an X-ray crystal structure of CypA,  the distinct feature of this 

conformational change can be described as the Phe113-‘in’ rotamer (𝜒5 ≈ +60°) for 

major state and ‘out’ rotamer (𝜒5 ≈ -60°) for ‘minor’ state.  

 

Thus in chapter 4, the side chain dynamics of CypA residues that are involved in this 

conformational change were studied using MD simulation and Markov state modeling 

(MSM). In order to obtain dihedral populations of input residues for MSM analysis, 

MD simulations of apo WT and ST were performed using two different forcefield 

(CHARMM22* and Amber ff99sb*). The results showed that the CHARMM22* force 

field produced dihedral distribution of Ser/Thr99 and Phe113 that are more consistent 

with the X-ray experimental data. Thus, subsequent MD simulations of apo WT, ST, 

ST/CS and ST/CS/IV were carried out using CHARMM22* force field. MD 

trajectories were analysed using MSM to calculate the rates of the transitions between 

‘in’ and ‘out’ rotamers of apo CypA. The stationary distribution derived from the 

MSM analysis was able to reproduce the trends observed in X-ray experimental data, 

however the calculated exchange rate between the ‘in’ and ‘out’ rotamer of Phe113 

are 5 to 6 orders of magnitude faster (ns-μs timescale) than the rate reported from NMR 

measurements (ms-s timescale). Those NMR measurements have used CPMG or 

CEST techniques to study the millisecond motions of Phe113. However, our findings 

showed that Phe113 also moves on a timescale that is too fast to be detected by CPMG 

or CEST experiments. Nevertheless, the ‘in’ and ‘out’ populations of WT and mutants 

are consistent with X-ray structures. Therefore, it is possible that the X-ray structures 

reported in the literature have resolved a conformational change that occurs on a 

different timescale than that of the processes that have been resolved by CPMG 

experiments. 

 

In order to understand how this motion is linked to catalysis, free energy profiles of 

cis/trans-isomerization reaction of WT and all mutants in ‘major’ or ‘minor’ states 
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were calculated using umbrella sampling simulations (chapter 5). The results show 

that all forms of CypA catalyzed the isomerization reaction by stabilizing the transition 

state substrate using hydrogen-bonding interactions and there is no differential 

catalytic activity between all ‘major’ conformations of CypA variants. However, the 

‘minor’ conformation is catalytically inactive in all forms because of decreased 

hydrogen-bonding interactions between transition state substrate and the active site 

residues.  

 

The calculated isomerization rates obtained by combining activation  free energies  and 

MSM populations are consistent with the experimental results. The exchange rate of 

‘in’ and ‘out’ motions is faster than the rate of substrate binding. This suggested that 

the catalytically active state (Phe11-3‘in’) and inactive state (Phe113-‘out) are 

equilibrated before the substrate binding occurs. The Ser99 to Thr99 mutation in CypA 

shifts the enzyme population towards the inactive state, causing a lesser preorganized 

active site in the enzyme. Consequently, this lead to a significant drop of catalytic 

activities in mutants compared to WT. Therefore, this fast timescale motion of 𝜒5 

Phe113 is sufficient to explain the allosteric inhibition of distal residues Ser99 

mutation in CypA described by the proposed model in Figure 5-18. 

 

In order to validate this model, additional experiments should be conducted to probe 

the ns-μs timescale motions of  𝜒5 Phe113 before causally linking catalysis to 

millisecond time scale motions. Such timescales can in principle be accessed by 

performing residual dipolar coupling measurements.115,116 However, this work has not 

been reported to date in the literature for CypA. This result shows that experiments 

should aim to probe the motions in a wide range of timescales that clearly affects 

catalytic activity by providing direct evidence of coupled motion and catalysis.115,174 

 

Overall, this study demonstrates that the theoretical framework of the ensemble 

allosteric model can be combined with atomistic MD simulations to study allosteric 

effects in a protein. 
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