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Computational chemistry offers many avenues to investigate physical 

phenomena at the molecular level which is usually not totally captured by experiments. 

Its applications on biological problems present a whole new perspective to living 

organisms at a micro scale. Folding mechanisms of proteins into their functional forms, 

assembly formation mechanisms of multiple proteins, signal transduction pathways 

through a series of proteins and lipids, interactions of proteins and nucleic acids, 

catalysis pathways of enzymes, and binding principles of small molecules to enzymes 

belong to a long list of areas to be explored with computational chemistry to make 

sense of observations made at macroscopic scale. 

This dissertation features discussions pertaining protein structure, dynamics, and 

ligand binding. Quantum mechanics and molecular dynamics are employed to gain 

insights into sample problems in these areas. The first chapter introduces how 

computational chemistry might aid in the understanding of physical phenomena.  The 

second chapter summarizes the basic theory behind the methodologies utilized in the 

projects presented herein. The next two chapters deal with ligand binding to proteins. In 
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the third chapter, we prove the validity of the commonly used fragment interaction 

energy additivity assumption. The fourth chapter underlines the need of assessing the 

uncertainty of calculated properties and demonstrates a protocol to place error bars on 

binding affinity predictions for a set of protein-ligand complexes. The last two chapters 

investigate the structure and dynamics of a metal binding membrane fusion protein, 

CusB, the periplasmic piece of Cu(I) extrusion pump CusCBA. This dissertation 

contributes to the field of computational drug design by demonstrating the soundness of 

the pairwise interaction energy additivity approximation and encouraging the use of 

uncertainty assessment for computed physical properties. Moreover, it is expected to 

aid in elucidating the working mechanisms of intrinsically disordered protein domains.
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CHAPTER 1 
INTRODUCTION 

The year 2013 was a remarkable year for computational chemists. The recent 

Nobel Prize in Chemistry honored Arieh Warshel of University of Southern California, 

Martin Karplus of Harvard University and Université de Strasbourg, and Michael Levitt 

of Stanford University for “development of multiscale models for complex chemical 

systems”.1 Their work was attributed to be ground breaking because it successfully 

combined classical physics and quantum mechanics to model large, complex chemical 

systems and reactions. The fact that computers are “just as important as the test tube”1 

for today’s chemists was acknowledged and appreciated through the most prestigious 

award in the field of physical sciences. This thesis does not present any studies which 

particularly utilized the aforementioned method of focusing on the chemically significant 

regions of a large molecular system and treating it with quantum mechanical methods, 

and handling its remainder with more crude classical mechanical techniques. However, 

it offers a vast spectrum of different computational chemistry methods ranging from 

quantum mechanics calculations to molecular dynamics making use of pure classical 

physics employed in numerous projects. Thus, it demonstrates several aspects of how 

calculations are very complementary to experiment and how they might guide or 

complete experiment, just as emphasized by the Nobel committee.1  

Chemical timescales are extremely fast. It is impossible to capture all the 

molecular details of chemical processes experimentally. The power of computational 

chemistry comes from the fact that it establishes models of the chemical processes from 

scratch making use of physics which allows scientists to virtually slow down those ultra-

fast timescales to more conceivable levels. At this point, another factor comes into play: 
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the cost. Building up and simulating chemical systems from first principles in the form of 

delocalized wave functions is much more expensive than employing crude models 

composed of molecular or atomic constituents which limits the use of the former to 

much smaller systems although it is exempt from the rough approximations of the latter 

and hence much more accurate.2 Those rough approximations stem from the purely 

classical physical treatment of atoms, molecules, and their interactions. Quantum 

physics is totally out of the picture which leads to oversimplification of many molecular 

phenomena. Coulomb interactions, namely the interaction between the cores and the 

electrons are accounted for while the purely quantum mechanical exchange 

interactions, which have been formulated by Pauli’s exclusion principle, and other 

quantum mechanical effects like charge transfer and dispersion are entirely dismissed. 

Parameterization is also an ingredient to this approach. The predictions are fit to a 

characteristic set of experimental results and that might lead to biased outcomes which 

over- or underestimate the probed values of a particular test system based on its 

similarity to the original training set. Molecular mechanics and molecular dynamics are 

of this type of computational approach, whereas ab initio quantum mechanical 

calculations sit on the other end of the spectrum. Thus, molecular mechanics and 

molecular dynamics are the main methods to examine large biomolecular systems 

either in explicit solvent models or in a dielectric continuum. Studies, which seek 

solutions to more fundamental questions on smaller model systems concerned with 

certain concepts, require a higher level of accuracy. This level of accuracy is obtained 

through the use of ab initio quantum methods. A compromise between cost and 

accuracy is achieved by semi-empirical methods which take advantage of an 
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approximate wave function and parameterization to experimental data. System size and 

the available computing resources usually dictate which computational method is going 

to be chosen for a particular project to maximize the efficiency.3  

In this thesis, there is at least one example to all of these computational 

methods. After the background information about the theory and methods used to 

examine biomolecular systems given in Chapter 2, which introduces quantum 

mechanics, molecular mechanics, and molecular dynamics, a widely used concept in 

biomolecular models is questioned in Chapter 3: we investigate the additivity of pairwise 

interaction energies for protein-ligand complexes on the fragmented binding pocket of 

HIV Protease II bound to the inhibitor Indinavir. Chapter 4 moves on from the interaction 

energies to the ultimate property that many computational and medicinal chemists are 

after: binding free energy. It demonstrates an application of a systematic, local 

perturbation methodology to create ensembles for unbound ligands and protein-ligand 

complexes in static receptors on a congeneric series of aromatic inhibitors bound to the 

engineered binding pocket of T4Lysozyme L99A. The constituents of the created 

ensembles are scored using molecular mechanics and semiempirical methods while 

also being assessed for their random and systematic errors. The scores are utilized to 

estimate binding free energies directly from statistical mechanics equations with 

calculated uncertainties on the fly. The study shows clearly how the precision of binding 

affinity estimates improves with employed ensembles rather than single structures. In 

Chapter 5, we touch on the problem of protein folding with molecular dynamics by 

examining an intrinsically disordered protein domain, which contains a metal binding 

site and whose structure could not be resolved by crystallography because of being 
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extremely disordered. Twenty five distinct models of the N-terminal region of the Cu(I) 

binding protein CusB in Eschecihia coli (E. coli) are simulated in explicit solvent for a 

total time of 15 µs on each of its apo and Cu(I)-bound versions. The impacts of metal 

binding are explored with a very detailed post-trajectory analysis. Some repeated 

structural elements emerge in both versions and the disorder is mostly traced back to a 

certain subdomain. In the final Chapter 6, a representative CusB N-terminus structure is 

docked to its functional counterpart metallochaperone CusF. Two models for the metal 

binding site are created considering the potential metal transfer process and each 

model is simulated with molecular dynamics in explicit solvent for 4 µs. It is observed 

that the disorder in the N-terminal region of CusB ceases when it is complexed with the 

metallochaperone CusF. It becomes even more stable when the Cu(I)-ligating residues 

are predominantly from CusB which might suggest a clue about the direction of the 

metal transfer towards the extracellular milieu.  

I hope this thesis would serve as a good reference to many researchers in the 

drug design field who assume pairwise energy additivity applies to their systems of 

interest. It would lay the groundwork for the use of error bars of free energy estimations 

no matter with which protocol they are calculated. It would encourage the establishment 

of enhanced exhaustive sampling methods to reach larger ensembles which would in 

turn increase both the accuracy and the precision of the binding affinity calculations. It 

would inspire more methodologies to directly calculate free energy from statistical 

mechanics and to avoid decomposing it to its thermodynamic components enthalpy and 

especially entropy, whose effects are specifically hard to incorporate into computation. 

Last but not least, I truly wish the working mechanism of E. coli’s CusCFBA metal 



 

22 

extrusion pump would be solved and that would reflect on getting a better insight to the 

antibiotic resistance mechanisms in bacteria. Our very extensive molecular dynamics 

studies should certainly have accessed some molecular details on this system which 

were impossible to catch otherwise and they would definitely contribute to solving the 

full mechanism showing the fact that computers are “just as important as the test tube”, 

as described by the Nobel committee.1   
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CHAPTER 2 
THEORY AND METHODS IN MOLECULAR MODELING 

In this chapter the computational chemistry methods, which were employed by 

the presented studies, are briefly discussed with the theory behind them. 

Quantum Mechanics 

Quantum mechanics was developed to account properly for the particle-like and 

the wave-like properties of matter. 

Wave Functions  

The fundamental postulate of quantum mechanics is that the wave function Ψ   

exists for any (chemical) system and functions acting on it return observable properties 

of the system as shown in Equation 1-1. These functions are referred to as “operators”.    

𝜗Ψ = 𝑒Ψ       (2-1) 

where 𝜗 is an operator and ℯ is a scalar for some property of the system. When this 

holds, Ψ  is an eigenfunction and 𝑒 is an eigenvalue. 

The product of the wave function with its complex conjugate Ψ∗Ψ  has units of 

probability function. In chemistry, we always deal with real and not complex wave 

functions, hence we drop the symbol ‘*’. The probability that a chemical system will be 

found at a certain region of space is given by the integral of |Ψ2| over that region of 

space. 

These factors dictate some characteristics on an acceptable wave function. First, 

the normalized integral of |Ψ2| over all space must be unity: the system of interest 

should exist somewhere in space. Second, it must be finite and single-valued 

everywhere. Third, it must be continuous and continuously differentiable.  
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Designating the wave function as an “oracle” is common: its nature is not very 

obvious but it will return answers when inquired with operators about the observable 

properties of the system at hand. 

 The operator returning the energy E of a system as an eigenvalue is called the 

Hamiltonian operator H which we plug in the Equation 2-1 to obtain the time-

independent form of the Schrödinger Equation: 

𝐻Ψ = 𝐸Ψ      (2-2) 

 The Hamiltonian operator queries the energy of a chemical system, or more 

specifically a molecule, with respect to the sum of its potential and kinetic energies. The 

kinetic energies of the electrons and nuclei constitute the kinetic energy of the molecule, 

whereas the attraction between the nuclei and electrons along with the internuclear and 

interelectronic repulsions comprise its potential energy. For each of these contributors, 

there is a term in the Hamiltonian operator as shown in Equation 2-3.  

H = −
!2

2me

∇i
2

i
∑ −

!2

2mk

∇k
2

k
∑ −

e2Zk

rik
+

e2

rij
+

e2ZkZl
rklk<l

∑
i< j
∑

k
∑

i
∑        (2-3)

 

where i and j span electrons, k and l represent nuclei, ℏ  is the Planck’s constant divided 

by 2𝜋, me is the mass of the electron, mk is the mass of the nucleus k, ł2 is the Laplacian 

operator, e is the charge on the electron, Z is the atomic number, and rab is the distance 

of the particle a from the particle b. The wave function is a function of 3n coordinates 

where n stands for the number of particles (nuclei and electrons) because all the x,y,z 

coordinates associated with the particular molecule are involved. The Laplacian 

operator takes the following form in Cartesian coordinates: 
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∇i
2 =

∂2

∂xi
2 +

∂2

∂yi
2 +

∂2

∂zi
2

     (2-4) 
The last three summation terms in Equation 2-3 retain their appearance in classical 

mechanics where they display the attraction of the electrons to the nuclei, the electron-

electron repulsion, and the repulsion between the nuclei, respectively. The first two 

terms are the adapted versions of the kinetic energy operator yielding the kinetic energy 

for a QM particle.  

There are many acceptable eigenfunctions for a certain molecule and each of 

those are associated with a characteristic eigenvalue E which adds up to a complete set 

of 𝛙i with eigenvalues Ei. These solutions are usually required to be orthogonal to each 

other. If they are also normalized, that is, the integral of the probability of finding the 

particle over all space is one, then they establish an orthonormal set. 

The quality check of wave functions is carried out by making use of the 

Variational Principle. In the set of the possible eigenfunctions 𝛙i,  there must be one 

associated with a lowest energy value Ei. This enforces a boundary on the set from 

below and that energy is taken to be the ground state energy E0.  When we arbitrarily 

guess a wave function, we can vary it repeatedly and every variation decreasing the 

concomitant eigenvalue Ei is favorable because it means we are improving our guess to 

approach the E0. 

Why do we even need to guess a wave function? It would be very nice if we 

could systematically build it up but unfortunately, accurate wave functions for many-

particle molecular systems are extremely challenging to formulate due to the correlated 

motions of particles. In fact, exact solutions to the Schrödinger Equation exist only for 

simple model problems like the particle in a box, the harmonic oscillator, the particle on 
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a ring, the particle on a sphere, and one-electron species like the hydrogen atom. 

Correlations in the many-particle molecular systems give rise to pairwise attraction and 

repulsion terms indicating that no particle moves in an independent fashion. To simplify 

the situation, the Born-Oppenheimer approximation is used which states nuclear 

motions are much slower than electronic motions and thus their motions could be 

decoupled for convenience: nuclear masses are so much bigger than electrons’, so they 

could be assumed to be stationary with respect to electrons which adjust to any nuclear 

motion instantaneously. Computing the electronic energies for fixed nuclear positions 

causes the nuclear kinetic energy term in Equation 2-3 to be independent of electrons. It 

also eliminates the correlation in attractive electron-nuclear potential energy term and 

converts the repulsive nuclear-nuclear potential energy term to a simple constant for a 

set geometry. Wave functions are insensitive to constant terms in the Hamiltonian. So 

the pure electronic energy is calculated first, and then the constant nuclear energy is 

added to it to give the total electronic energy Eel. 

The Born-Oppenheimer approximation has very strong implications. The concept 

of a potential energy surface, which is spanned by the electronic energy Eel over all 

possible nuclear coordinates, would be impossible without it. Any critical points on the 

potential energy surface, like the equilibrium or transition state geometries, would also 

die as concepts. Instead, we would be limited to consider high-probability regions of the 

nuclear wave functions.   

Basis Sets 

 The Born-Oppenheimer approximation removes the electron-nuclear correlation. 

That certainly is a big simplification but the interelectronic correlation remains and it is 
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very difficult to incorporate it in the molecular wave functions, aka molecular orbitals. 

Their calculations involve evaluation of integrals which are cumbersome, if not 

impossible. One way to construct wave functions, which are rather easier to work with, 

may involve representing those as a combination of more convenient functions. These 

more convenient functions constitute a basis set. Projecting this on chemistry, we could 

conceive that atomic wave functions would be useful in constructing molecular wave 

functions.  The purpose here would be to provide the molecular wave function with 

enough flexibility to allow electrons to delocalize and thus decrease their energy, 

namely the eigenfunctions E, which would be achieved through the use of ideally an 

infinite basis set. However, that would hamper the practicability of this approach. Hence, 

employing a larger basis set is more likely to span the true molecular orbital space and 

to produce lower energies which are preferred. Linear combination of atomic wave 

functions presents an avenue to create molecular orbitals from atomic orbitals and the 

larger the basis set, the closer we get to the actual properties of the molecular orbitals. 

The approximate atomic wave functions we construct should satisfy the following 

criteria: at large distances from the nucleus the electron density in an atom decreases 

exponentially with the distance r and the electron density at the nucleus has a cusp. A 

common choice satisfying these criteria is the Slater type orbitals, which have the 

following form:  

χnlm = Rnl (r)Ylm θ,φ( )      (2-5) 
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where Y(θ,φ) is called a spherical harmonic, R is the radial part, n is the principal 

quantum number, l is the azimuthal quantum number and m is the magnetic quantum 

number. Switching to polar coordinates for atoms makes sense because atoms possess 

spherical symmetry. Manipulating Slater functions within molecular orbital calculations is 

mostly difficult, particularly when they are centered on different nuclei. That is why they 

are usually replaced by functions based on Gaussians in ab inito calculations. Gaussian 

functions are really useful since the product of two Gaussians can be expressed as a 

single Gaussian, where the spread of the function can be adjusted by handling the 

exponential coefficients. However, unlike the Slater functions, they lack the cusp at the 

origin, namely the nucleus, and they decay towards zero more quickly. These 

disadvantages are overcome by utilizing their linear combinations to express the atomic 

orbitals. A Gaussian expansion can be altered in two parameters: the coefficient and the 

exponent. The most flexibility is obtained by allowing both of these to vary in ab initio 

calculations, which is referred to as employing uncontracted or primitive Gaussians. 

These increase the computational effort required in these calculations which in turn 

makes the use of contracted Gaussians more common. The contraction coefficients and 

exponents are retained in their pre-determined forms during these calculations.  

 Containing only the functions that are necessary to accommodate the filled 

orbitals in each atom of a molecule could be a simplification to the problem of 

constructing molecular wave functions. Such a basis set is called a minimal basis set. 

The basis sets STO-nG (n≥3) are of this type in which n Gaussian functions are used to 
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describe each orbital. n=3 is found to be the absolute minimum that should be used in 

an ab initio molecular orbital calculation because at least three Gaussian functions are 

needed to represent each Slater type orbital. The computational expense rises with 

increasing n, the number of Gaussian functions in the expansion.  The minimal basis 

sets contain only one contraction per atomic orbital and the radial exponents are 

forbidden from expanding and contracting in size according to their molecular 

environment. Moreover, they cannot display the non-spherical aspects of the electronic 

distribution. These aspects render them deficient in expressing molecular wave 

functions. 

 Employing multiple functions per atomic orbital can suggest a solution to these 

deficiencies. This would create a mixture of contracted and diffuse functions to describe 

the best molecular wave function. Double zeta basis sets are examples to this type and 

they double the number of functions in the minimal basis set. An alternative to this could 

be doubling the basis functions which describe the valence electrons but keep a single 

function for the inner shells because the core orbitals are almost constant from one 

molecule to another and do not affect the chemical properties by much. These basis 

sets are designated as split valence double zeta basis sets. An example to this could be 

the very common Pople-type 3-21G orbital where three Gaussian functions describe the 

core orbitals. The valence orbitals are also presented via three Gaussians two of which 

represent the contracted part and the remaining one is for the diffuse part.  
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 Simply increasing the number of basis functions does not necessarily account for 

perturbed charge distributions in molecules. Introducing polarization functions into the 

basis set remedies anisotropic effects. Since these have higher angular quantum 

numbers, they correspond to p orbitals for hydrogen and d orbitals for the first- and 

second-row elements. Their use is notified by an asterisk *. The most commonly used 

basis set 6-31G* exemplifies this type of basis sets and it contains polarization functions 

on heavy (i.e. non-hydrogen) atoms. Two asterisks (as in 6-31G**) show the use of 

polarization functions for both hydrogen and helium.  

 None of these basis sets is able to deal with molecules containing lone electron 

pairs or anionic species. These encompass a significant amount of electron density 

distant from the nuclear centers. As the amplitudes of the Gaussian basis functions 

decay with increasing distance from the nuclei, this failure emerges. Adding highly 

diffuse functions to the basis set cures it. These basis sets are designated with a ‘+’ in 

Pople and “aug” in Dunning basis set terminology. For instance, the 3-21+G basis set 

includes an additional set of diffuse s- and p-kind Gaussian functions. Adding diffuse 

functions for hydrogen as well as for heavy atoms is announced by the use of ‘++’ in 

Pople-style basis sets. 

 Employing complete basis sets would present the only way to obtain the actual 

molecular wave function which is impossible due to computational limitations. Instead, 

the  results from finite basis sets are extrapolated to the Complete Basis Set  (CBS) 
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limit. The difference of the actual result and the extrapolated result is denoted as the 

basis set incompleteness error. 

The Hartree-Fock Approximation 

 Another attempt to solving the many-electron problems encountered in the 

endeavor of finding approximate solutions to the Schrödinger equation is the Hartree-

Fock (HF) approximation. In addition to its historical contributions to modern chemistry, 

it usually lays out the first step towards more accurate approximations. 

 Fulfilling the anti-symmetry requirement of wave functions is very important as it 

implies Pauli’s exclusion principle which states that no more than one electron can 

occupy a spin orbital. The simplest anti-symmetric wave function for the ground state of 

an N-electron system is given by a single Slater determinant: 

Ψ! = 𝜒!𝜒!   ⋯   𝜒!      (2-6) 
where χ  stands for spin orbitals, which are spatial wave functions multiplied by a spin 

function. The best wave function of this form is dictated by the variational principle to 

minimize the ground state energy E0 when the full electronic Hamiltonian acts upon it. 

The choice of the spin orbitals in Equation 2-6 provide the variational flexibility through 

which one can collect the lowest E0 and derive the Hartree-Fock equation, which 

determines the optimal spin orbitals.  The Hartree-Fock equation is an eigenvalue 

equation employing an effective one-electron operator, called the Fock operator, of the 

form 

f (i) = − 1
2
∇i
2 −

ZA

riA
υHF (i)

A=1

M

∑     (2-7)
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 where M represent the nuclei, i stands for electrons, and υHF is the average potential 

felt by the ith electron due to the presence of the other electrons. Thus, the complicated 

many-electron problem is substituted by a one-electron problem which treats the 

interelectronic repulsion in an average way. 

 The Hartree-Fock potential υHF or the “field” experienced by the ith electron 

depends on the spin orbitals of the other electrons which makes the Hartree-Fock 

equation nonlinear and brings the necessity of solving it iteratively. This iterative 

procedure is named the self-consistent-field (SCF) method. The average field felt υHF by 

each electron is calculated with an initial guess at the spin orbitals and then the Hartree-

Fock eigenvalue equation for a new set of spin orbitals. New fields are obtained by 

these new spin orbitals and this procedure is repeated until self-consistency is 

achieved. This means the fields should no longer change and the spin orbitals utilized in 

the Fock operator should become identical as its eigenfunctions for the iteration to stop. 

The solution produces a set of orthogonal Hartree-Fock spin orbitals N of which with the 

lowest energies constitute the occupied spin orbitals. The Slater determinant 

established with these is the Hartree-Fock ground state wave function which emerges 

as the best variational approximation to the ground state of the molecular system. The 

rest of the product set are the virtual spin orbitals. 

 Although there is an infinite number of solutions to the Hartree-Fock equation 

and an infinite number of virtual spin orbitals, practically a finite K-membered set of 
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spatial basis functions is introduced to solve the Hartree-Fock equation which leads to a 

set of 2K spin orbitals. As discussed previously, the larger and more complete the basis 

set, the greater the degree of flexibility in the expansions for the spin orbitals and the 

lower will be the eigenvalue E0. Increasing the size of the basis set will keep lowering 

the energy E0 until a certain limit, which is referred to as the Hartree-Fock limit. Any 

finite basis set will result in an energy somewhat above the Hartree-Fock limit.   

Second Order Møller-Plesset Perturbation Theory 

 The electron correlation problem was attacked in an alternative way by Møller 

and Plesset who based their method on Rayleigh-Schrödinger perturbation theory. In 

the Møller-Plesset perturbation theory, the ‘true’ Hamiltonian operator H is handled as 

the sum of a zeroth order Hamiltonian operator H0 and a perturbation V: 

H = H0 +V            (2-8) 

A set of molecular orbitals can be obtained for H0 in Equation 2-8. The eigenfunctions of 

the true Hamiltionian H are Ψi with corresponding energies Ei. The eigenfunctions of the 

zeroth order Hamiltonian H0 are referred to as Ψ0
(0) with energy E0

(0) as their eigenvalues. 

In order to gradually improve the eigenfunctions and eigenvalues of H0 to make them 

approach the eigenfunctions and eigenvalues of the ‘true’ Hamiltonian H, we express 

the ‘true’ Hamiltonian H as: 

𝐻 = 𝐻! + 𝜆𝑉      (2-9) 
where λ is an order parameter and can vary between 0 and 1. The eigenfunctions Ψi  

and eigenvalues Ei of the ‘true’ Hamiltonian H are written in a Taylor series in λ: 
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Ψ i =Ψ i
0( ) +λΨ i

1( ) +λ 2Ψ i
2( ) +... = λ nΨ i

n( )

n−0
∑

       (2-10) 
Ei = Ei

0( ) +λEi
1( ) +λ 2Ei

2( ) +... = λ nEi
n( )

n−0
∑

   (2-11)  

Ei
(n) is called the n-th order energy or the n-th order correction to the energy. It can be 

calculated from the eigenfunctions as: 

Ei
(0) = Ψ i

0( )H∫ Ψ i
0( )dτ

Ei
(1) = Ψ i

0( )V∫ Ψ i
0( )dτ

Ei
(2) = Ψ i

0( )V∫ Ψ i
1( )dτ

Ei
(3) = Ψ i

0( )V∫ Ψ i
2( )dτ

     (2-12) 

which requires to determine the wave functions for a given order. In Møller-Plesset 

perturbation theory the unperturbed Hamiltonian H0 is the sum of the one-electron Fock 

operators for N electrons. Additionally, the Hartree-Fock wavefunction, which is the 

Slater determinant formed with the occupied orbitals, is taken to be Ψ0
(0). Hence, 

applying the H0 on Ψ0
(0) yields E0

(0), the sum of the occupied orbital energies, as the 

eigenvalue. To obtain the higher order wave functions, we need to realize that the 

difference between the ‘true’ Hamiltonian H and the zeroth order Hamiltonian H0 is going 

to be the perturbation V. The sum of the nuclear attraction terms and electronic 

repulsion terms should establish the ‘true’ Hamiltonian. By subtracting the H0 in the form 

of the sum of the one-electron Fock operators from the true H, we obtain 

V =
1
rij
− Jij −

1
2
Kij
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where the first term on the right is the proper way to calculate the electronic repulsion 

between the electrons i and j, and the second term is how it is computed from summing 

over the Fock operators for the occupied orbitals where J stands for the Coulomb 

operator and K represents the exchange operator. Solving for the zeroth and first order 

energy values shows that their sum corresponds to the Hartee-Fock energy. Thus, to 

improve the energy result beyond this makes it necessary for us to consider at least the 

second order correction. This level of theory is named “MP2”. The higher order wave 

function Ψ0
(1) is written as linear combinations of solutions to the zeroth order 

Hamiltonian Ψ0
(0) which will include single, double, etc. excitations obtained from 

promoting electrons into the virtual orbitals from a Hartree-Fock calculation. 

 The Møller-Plesset perturbation theory presents the advantage of being size-

consistent. However, it is not variational which sometimes results in computation of 

lower energies than the correct ground state energy. It works best when the 

perturbation is small, that is, when the Taylor expansions in Equation 2-10 and 2-11 

converge quickly. Third and fourth order corrections are also applied in certain cases 

which are referred to as MP3 and MP4 levels of theory, respectively. The cost of the 

calculations increases once one goes to higher n which confines the practicability of 

higher order MPn  level calculations to small systems.  

Density Functional Theory 

 Obviously, it is not easy to construct a representative wave function and a good 

Hamiltonian operator for real chemical systems with multiple nuclei, especially 
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considering the difficulties of correctly incorporating the interelectronic interactions. 

Density Functional Theory (DFT) follows an alternative approach where it investigates 

the electronic structure using functionals, i.e. functions of another function: the electron 

density, ρ(r), which is a function of spatial coordinates. This property depends naturally 

on the total number of electrons in the system as shown in Equation 2-14: 

N = ρ(r)dr∫           (2-14) 

When integrated over all space, the electron density returns the total number of 

electrons: N. Additionally, since the nuclei are effective point charges, their positions 

would correspond to local maxima in the electron density.    

 Instead of calculating the many-electron wave function as a Slater determinant 

from a set of N-single electron wave functions as in the Hartree-Fock theory, DFT only 

attempts to calculate the total electronic energy and the overall electron density 

distribution by considering single electron functions. 

 DFT methodology works with a uniform non-zero charge distribution, named 

‘uniform electron gas’, subject to an external potential, Vext(r), which includes the effects 

of nuclear attraction which gives rise to the following energy functional: 

E ρ r( )!" #$= Vext r( )∫ ρ r( )dr+F ρ r( )!" #$              (2-15) 

F[ρ(r)] represents the sum of the contribution from interelectronic interactions and the 

kinetic energy of the electrons.  

DFT found widespread use in solid state physics communities at the beginning 

and it was not applied to quantum chemistry until Hohenberg and Kohn established their 

existence and variation theorems. Accordingly, the ground-state electron density 
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determines the external potential, which in turn determines the Hamiltonian operator 

and a candidate wave function. The density also obeys a variational principle, implying 

the best solution for the density corresponds to true ground-state density associated 

with the minimum value of the energy. Any incorrect density yields an energy above the 

true energy. The difficulty with the Equation 2-15 is that the form of the F[ρ(r)] is 

unknown. As a breakthrough, Kohn and Sham suggested that it should be 

approximated as the sum of three terms: 

F ρ r( )!" #$= EKE ρ r( )!" #$+EH ρ r( )!" #$+EXC ρ r( )!" #$    (2-16) 

where EKE[ρ(r)] is the kinetic energy, EH[ρ(r)] is the interelectronic Coulombic energy, 

and EXC[ρ(r)] expresses the contributions from exchange and correlation. These are not 

known exactly, which presents the biggest problem with DFT. However, several 

approximations for it exist and these have been ordered by Perdew with increasing 

sophistication and computational cost by an analogy to Jacob’s ladder. The simplest of 

these is the local density approximation, where the local density at the coordinate where 

the functional is evaluated is the only determinant for the functional. The local spin 

density approximation generalizes it by incorporating the electron spin. More accurate 

approximations have been gained through quantum Monte Carlo simulations of ‘jellium’. 

The gradient of the electron density is considered in addition to the local density in 

generalized gradient approximations (GGA) which takes the approximations beyond 

being only local. Meta-GGA DFT functionals provided a further improvement of the 

exchange-correlation functional by including the Laplacian for the density along with its 

gradient. The exchange part can be aided by including a component of the exact 
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exchange energy calculated from the Hartree-Fock theory, which makes the functional a 

so-called ‘hybrid’ functional. 

Semiempirical Theory 

 Semiempirical methods make up the second major category of quantum 

mechanical molecular orbital calculations besides the ab initio calculations. They attack 

the computational intensiveness and thus the slow speed of the Hartree-Fock 

calculations by omitting completely or parameterizing the two-electron integrals of the 

HF calculations to experimental information. Since these numerous integrals are very 

demanding to solve numerically, approximating or neglecting them is a sensible strategy 

to make calculations accessible to molecular systems of larger size. As a result, 

semiempiricial methods are so fast that they are applicable to even biomolecular 

systems. Their accuracy is also acceptable when the training set for the 

parameterization includes similar molecules to the probed systems. They also replace 

the entire core, namely the inner-shell nuclei and electrons, with parameterized 

functions, which is a further simplification. The rationale behind this is that the valence 

electrons cause all the chemical phenomena in that scientists might be interested.  

 Modern semiempirical methods are based on the Neglect of the Diatomic 

Differential Overlap (NDDO) method where the overlap matrix is replaced by the identity 

matrix. This simplifies the HF secular equation by equating the matrix elements that 

correspond to the overlap of two atomic orbitals on different atoms to zero, although this 

does not mean that all overlap integrals are set to zero in the calculation of Fock matrix 

elements. Modified Neglect of Diatomic Overlap (MNDO), Austin Model 1 (AM1), 

Parametric Model 3 (PM3), Parametric Model 6 (PM6) and Pairwise Distant Directed 

Gaussian (PDDG) use the NDDO formalism while each of them adds their specific 
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approximations with regards to evaluating the integrals and parameterization philosophy 

on top of it.  

Molecular Mechanics 

 So far we touched on the methods which are mainly concerned with the electrons 

in a molecular system. This is extremely complicated for larger system sizes. Hence, 

molecular mechanics (MM) works on the molecular modeling problems, that are too 

large to be attacked by quantum mechanics, by means of classical mechanics. It 

ignores electronic motions and computes the energy of a system as a function of the 

nuclear positions only. This is another application of the Born-Oppenheimer 

approximation, without which we would not be able to express the energy as a function 

of the nuclear coordinates. In all molecular mechanics methods, atoms are simulated as 

single particles; a radius, polarizability, and a constant net charge is assigned to each 

particle; and bonded interactions are regarded as springs with an equilibrium distance 

equal to the experimental or calculated bond length.  

Force Fields 

 Since we are interested in energy of chemical systems and in the molecular 

mechanics case this is a function of stationary nuclei only, we assume there is no 

contribution to the total energy from electronic motions. The potential energy functionals 

are called force fields and they describe the total energy of the system using four 

contributors from intra- and intermolecular forces contained in the system. Within this 

framework, deviation of bonds and angles away from their reference values causes 

energetic penalties. A function describes the change of the energy when bonds rotate, 

and there are terms describing the interaction between non-bonded parts of the system. 

Additional terms may appear in various force fields depending on their sophistication but 
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these terms are contained invariably in all force fields. The functional form of the 

AMBER force field4, which was exclusively used in the projects presented hereby, is as 

follows:  

V rN( ) = kb l − l0( )2 + ka θ −θ0( )2
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V(rN) stands for the potential energy, a function of the positions (r) of N particles. The 

first term denotes the interaction between pairs of bonded atoms, modeled with a 

harmonic potential, whose energy increases as the bond length l deviates from the 

reference bond length l0. The second term sums up the energies of all the valence 

angles in the molecule by using another harmonic potential which would penalize the 

angles deviating from the equilibrium value θ0. The third term, the torsional potential, 

gives the energy change as a bond rotates. The fourth term is the non-bonded term 

which is evaluated for all atom pairs (i and j) that are in different molecules or that are in 

the same molecule but apart by at least three bonds. The first part in the brackets is the 

Lennard-Jones potential which models the van der Waals interactions and the second 

part is the Coulomb potential model for electrostatic interactions. Although the number 

of individual terms to be computed amounts to a lot, it is fewer than the number of 

cumbersome integrals that would have to be calculated in an equivalent ab initio 

investigation.  

 The functional form is not the only ingredient to a force field, parameters like Vn, 

kb, and r0i,j must be specified as well. These are borrowed from experiments or ab initio 

calculations, whichever improves the overall energy result to a greater extent. The form 



 

41 

and the parameters are transferable which is a very important feature of force fields. 

This translates into being able to use the same set of parameters for multiple systems 

without having to assign new parameters each time we switch systems. Thus, we can 

make predictions on the systems that were never probed before.  

 Another concept that did not exist in quantum mechanical calculations is atom 

type. An atom type needs to be assigned to each atom in the system which specifies 

the atomic number, the hybridization state and sometimes information about the atom’s 

environment. For instance, in AMBER there are three sets of atom types for the 

histidine residue depending on its protonation state. Likewise, the carbon atom types in 

a histidine ring and in the five-membered ring of a tryptophan indole ring are different.4-6 

Force fields designed for modeling molecules of specific classes use more specific atom 

type descriptions than the general-purpose force fields. 

Potential Energy Surface 

 The concept of potential energy surface was mentioned earlier as an outcome of 

the Born-Oppenheimer approximation. Since it separates the electronic and nuclear 

motions, the energy of a molecule in its ground state remains as a function of the 

nuclear coordinates only and is reduced to be the potential energy. In even the simplest 

chemical systems, the potential energy is obviously a very complicated, multi-

dimensional function. The energy of an N-atom system will respond to the changes in its 

nuclear 3N Cartesian or 3N-6 internal coordinates and the way it changes with 

coordinates is denoted as the potential energy surface.  

 Of special interest are the stationary points on this ‘hypersurface’. These have no 

slope in any direction, i.e. have zero first derivatives. Local minima, namely the 

minimum energy configurations of the atoms, correspond to the most stable states of 
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the system. Moving away from these minimum points results in arrangements with 

higher energy. The very lowest energy on the surface is associated with the most stable 

structural configuration and is referred to as the global energy minimum. Another 

interesting point of investigations is how local minima are connected to each other and 

how the system changes from one minimum to the other. This might, for example, 

correlate with a chemical reaction or a conformational change. The highest point 

between two minima is called the saddle point and it represents the lowest energy 

barrier on the path connecting the two minima. The atomic arrangement in these points 

is the transition state structure. These cannot be isolated in experiments but can be 

observed and examined with computational tools. 

Energy Minimization 

 As stated before, modelers are especially interested in minima on the potential 

energy surface as these points coincide with the stable states of the system. A 

minimization algorithm is employed to locate the minimum points on the surface. Saddle 

points on the surface are also significant because they represent the transition states 

along the path from one local minimum to another. At both minima and saddle points 

the first derivative of the energy function is zero with respect to every variable. Hence, 

given a function f of independent variables x1,x2, …, xi, the following is required: 

!"
!!!

= 0  ;    !
!!

!!!
! > 0           (2-18) 

Molecular mechanics minimizations mostly involve 3N variables in Cartesian 

coordinates for N atoms.  

If the energy functional is of analytical form, then the derivatives can be found 

with the aid of standard calculus operations, which is not too likely for molecular 
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systems due to the complicated dependencies of the energy functional on the many 

variables. Instead, minima are detected using numerical methods that gradually vary the 

coordinates to generate configurations with lower and lower energies until a minimum is 

reached. Thus, there are two groups of minimization algorithms: those which use 

derivatives and those which do not. There is no universal algorithm to solve all the 

molecular modeling minimization problems. Most program packages offer a number of 

them and the user should take into account the specifics of the given problem to choose 

the algorithm in order to obtain the answer as quickly as possible, using the least 

amount of memory.  

While minimizing, being trapped in an energy well on the potential energy surface 

is very common because most methods can only decrease the energy outcome. This, of 

course, might prevent the algorithm from reaching the global minimum. Therefore, a 

means of producing several starting points and minimizing each of these is usually 

required so that multiple local minima and potentially the global minimum can be 

discovered.  

For the molecular mechanics problems presented in this thesis we employed the 

steepest descent method and the conjugate gradient method of minimization. Both are 

first-order minimization algorithms which change the coordinates of the atoms gradually 

while they approach the minimum. Each iteration starts with the molecular configuration 

gathered from the previous step. The first step of minimization is performed on the initial 

configuration provided by the user. 

The steepest descents algorithm takes steps in the direction of the negative of 

the gradient gk at the point k, which is where the outcome of the function decreases 
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most quickly, until a minimum is achieved. For 3N Cartesian coordinates, the 3N-

dimensional unit vector sk represents the direction of the movement: 

sk = −gk / gk          (2-19) 

Since the steps are taken in a linear fashion, this movement is referred to as a line 

search. Then the gradient is recomputed at the located minimum and the process is 

repeated in the orthogonal direction because the energy was minimized in the last 

direction. This method becomes very slow towards the actual minimum of interest. That 

is why it is mostly used to quickly relieve the initial strains on a system which was also 

what we did. Then we switched to conjugate gradient algorithm like most users in which 

the gradients are orthogonal at each point as in the steepest descent method but the 

directions are conjugate. The direction of movement from point xk is given as the vector 

vk which is computed from the gradient at the point and the previous direction vector vk-1: 

vk = −gk +γ kvk−1        (2-20) 

where γk is a scalar obtained from the gradient at the current and the previous points.  

Molecular Dynamics 

 If we could determine all the minima on a potential energy surface, then we could 

apply statistical mechanical formulae to develop a partition function from which we could 

obtain the thermodynamic properties. However, this is not possible for most of the 

systems in which modelers are interested because of the large system sizes. These 

usually possess an enormous number of local minima. Where a full characterization of 

the potential energy surface is impossible, modelers make use of simulations which 

enable them to study those systems via smaller replications thereof. Representative 

configurations of these smaller replications are created in simulations such that 
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accurate estimations of structural and thermodynamic properties can be collected 

through a viable amount of calculations. They also provide the modelers with the time-

dependent behavior of atomic and molecular systems, displaying an elaborate picture of 

the way in which a system varies from one configuration to another.  

 Molecular dynamics (MD) computes the dynamics of a given system from which 

time averages of thermodynamic properties can be evaluated by integrating the instant 

values of these properties over time. These time-averages approximate the actual 

values for the probed properties. They mostly cannot exactly reproduce those actual 

values because the phase space associated with the system is extremely likely to be 

not sampled fully. The 6N-dimensional phase space is an important concept of 

computer simulations and is defined as the collection of all the points spanned by the 

combination of six components (three positional coordinates and three momenta) for 

each of the N atoms in a system. During an MD simulation, sets of atomic positions are 

acquired in sequence by applying Newton’s equations of motions. By solving the 

differential equations manifested in Newton’s second law, a trajectory is obtained: 

d 2xi
dt2

=
Fxi
mi

     (2-21) 

Here, the motion of a particle of mass mi along the coordinate xi is described. Fxi is the 

force on the particle in that direction. Moreover, the state of a system at any future time 

can be predicted from its current state, which renders MD deterministic.  

Finite Difference Methods and Time Steps 

 In realistic models of intermolecular interactions, the force acting on each particle 

changes depending on their positions and the positions of their interaction partners. 

This continuous potential makes the motions of all particles coupled which results in a 
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many-body problem that cannot be solved analytically. Instead, the equations of 

motions are integrated by severing the calculation into a series of very short time steps, 

δt. The vector sum of the interactions of a particle with other particles gives the total 

force on it at a time t. From the force on each particle in a configuration, their 

accelerations can be obtained which are then combined with the positions and velocities 

at time t for computation of the positions and velocities at time t+δt. During the time step 

δt, the force is assumed to be fixed. Then the forces on the particles are calculated in 

their new positions, resulting in updated positions and velocities at time t+δt, and so on.  

 There is a number of algorithms to integrate the equations of motion using finite 

difference methods all of which assume the positions and dynamic properties can be 

approximated by Taylor series expansions: 

r t +δt( ) = r t( )+δtv t( )+ 1
2
δt2a t( )+ 1

6
δt3b t( )+ 1

24
δt 4c t( )+...

v t +δt( ) = v t( )+δta t( )+ 1
2
δt2b t( )+ 1

6
δt3c t( )+...

a t +δt( ) = a t( )+δtb t( )+ 1
2
δt2c t( )+...

 (2-22) 

where r is the position, v is the velocity (the first derivative of the position with respect to 

time), a is the acceleration (the second derivative), b is the third derivative and so on.  In 

MD, the Verlet algorithm is probably the most frequently implemented one. It calculates 

the new positions at t+δt from the positions and accelerations at time t and the positions 

from the previous step t-δt: 

r t +δt( ) = r t( )+δv t( )+ 1
2
δt2a t( )+...

r t −δt( ) = r t( )−δv t( )+ 1
2
δt2a t( )−...

    (2-23) 
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and these sum up to give: 

r t +δt( ) = 2r t( )− r t −δt( )+δt2a t( )     (2-24) 

The velocities do not come up explicitly in the Verlet algorithm but are calculated in 

various ways. A simple way is to divide the difference in positions at t+δt and t-δt by 2δt. 

The implementation of the Verlet algorithm emerges as straightforward and it only 

stores two sets of positions and the accelerations as seen in Equation 2-24. The lack of 

the velocity in the equations is a drawback because it cannot be calculated until the 

positions at the next step are collected. Additionally, the positions are obtained by 

adding the small term of δt2+a(t) to the difference of two much larger terms in Equation 

2-24 which might compromise the precision. It is also not a self-starting algorithm, which 

requires the positions of the previous step to calculate the next step. This gives rise to 

use of some other means to calculate the positions of the previous step at the initial 

time t=0.  

 Modifications of the Verlet algorithms produced other commonly used finite 

difference algorithms like the leap-frog algorithm, the velocity Verlet algorithm, and the 

Beeman’s algorithm. An efficient integration features speed, modest memory 

requirements, and ease of implementation. However, the calculation of the force on 

each particle in a system is always the most demanding part of an MD simulation. 

Compared to that, integration of the motion equations is usually trivial. Yet, the 

algorithm should conserve energy and momentum, be time-reversible, and should allow 

a long time step, δt, to be employed. The use of a longer time step would translate to 

less iterations to cover a particular amount of phase space. One needs to be careful 

when choosing the length, though, because if the time step is too long, instabilities 
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might occur due to high energy overlaps between atoms and they would prevent the 

conservation of energy and linear momentum. If the time step is too short, then the 

trajectory will be able to cover only a small portion of the phase space using the same 

amount of computational effort. The correct balance needs to be found. For flexible 

molecules, a useful guide is that the step should be one-tenth the time of the shortest 

period of motion. In flexible molecules, bond stretching is the fastest type of motion, 

especially the bonds involving hydrogen.  

Temperature Regulation 

 In Molecular Dynamics simulations, we are usually interested in observing a 

system’s behavior at fixed temperatures such as the room temperature or the 

temperature setting of the experiment to which the calculation will be compared. The 

temperature of the system correlates with the time average of the kinetic energy and is 

given by the following formula if no constraints are acting on the system: 

K
NVT

=
3
2
NkBT      (2-25) 

Hence, if we manipulated the velocities, we could alter the temperature of the system. A 

scaling factor λ can be applied on the velocities and the resulting temperature change 

can be computed as: 

ΔT = 1
2

2
3
mi λvi( )2

NkB
−

i=1

N

∑ 1
2

2
3
mi vi( )2

NkBi=1

N

∑           (2-26) 

ΔT = λ 2 −1( )T (t)        (2-27) 

λ =
Tnew
T (t)

     (2-28) 
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where vi is the velocity and mi is the mass of the ith particle in a N-particle system, kB is 

the Boltzmann constant and T(t) stands for the temperature of the system at time t. 

Multiplying the velocities by the scaling factor λ defined in Equation 2-28 emerges as 

the simplest way to control the temperature.  

 Alternatively, the system could also be coupled to an external heat bath fixed at 

the desired temperature as Berendsen et al. suggested, where the bath supplies to or 

removes heat from the system when needed. The rate of change of temperature is 

proportional to the temperature difference of the system and the heat bath acting as a 

source of thermal energy. The velocities are scaled at each step with the aid of a 

coupling parameter τ  determining how tightly the bath and the system are coupled to 

each other: 

dT (t)
dt

=
1
τ
Tbath −T (t)( )            (2-29)    

which leads to an exponential decay towards the target temperature. The temperature 

variation between successive time steps δt is expressed by: 

ΔT = δt
τ
Tbath −T (t)( )                      (2-30) 

Thus, the velocities are scaled by the scaling factor λ which is given by: 

λ 2 =1+ δt
τ

Tbath
T (t)

−1
"

#
$

%

&
'           (2-31) 

In this method, large values for 𝜏 imply weak coupling. If the coupling parameter 

equals the time step, this algorithm turns into the simple velocity scaling method. The 

advantage of the Berendsen method is that it allows the system to fluctuate about the 

target temperature.  
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In general, velocity scaling artificially pronounces any temperature differences 

between the system components, which can lead to uneven temperature distributions; a 

phenomenon also called “hot solvent, cold solute”. To generate proper canonical 

ensembles, other methods like stochastic collisions, aka the Anderson thermostat, or 

the extended system method, which is also referred to as the Nosé-Hoover thermostat, 

can be implemented. In the MD projects presented in this dissertation, the Langevin 

thermostat was used to maintain the temperature at desired values. In this type of 

simulations, Newton’s equations of motions are modified to approximate the effects of 

neglected degrees of freedom. At each time step, a random force acts on all particles 

and they are slowed down by constant friction giving rise to the Langevin equation of 

motion: 

mi
d 2xi (t)
dt2

= Fi xi (t){ }−γ i
dxi (t)
dt

mi +Ri (t)    (2-32) 

Ri(t) represents the random force acting on the ith particle at time t resulting from the 

interactions of the particle with solvent molecules. It is often assumed not to correlate 

with the particle velocities, positions and the forces acting on them. Fi is the frictional 

force on the particle i and is proportional to the velocity of the particle vi: 

Fi = −ξvi         (2-33) 

where ξ is the friction coefficient and is related to the collision frequency γ by 

γ = ξ /mi         (2-34) 

The collision frequency γ is mostly assumed to be independent of time and position as a 

simplifying factor. In Equation 2-32, the friction term F causes a drop in the average 

kinetic energy and thus the temperature because the friction coefficient ξ is a positive 
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constant. This decrease is balanced with the random force R(t) counteracting the 

frictional force and the temperature of the systems is kept around the target value. It 

actually fluctuates around the set value because the random force R(t) is randomly 

chosen from a Gaussian distribution with zero mean. 

Pressure Regulation 

 Simulations in the isothermal-isobaric ensemble directly mimic the most common 

experimental conditions and therefore are of interest to modelers. Furthermore, 

constant pressure may favor certain structural rearrangements which are of interest and 

make sampling from an isobaric ensemble more advantageous over sampling from a 

constant volume ensemble. A macroscopic system reacts to fluctuations in pressure by 

changing its volume which in turn keeps the pressure constant. This projects on the 

simulations of isobaric-isothermal ensembles as changing the volume of the simulation 

cell. The isothermal compressibility, κ, is a measure of the amount of volume 

fluctuations: 

κ = −
1
V

∂V
∂P
#

$
%

&

'
(
T

               (2-35)  

Larger values of κ imply easier compressions of the substance of interest. Hence at a 

given pressure, larger volume fluctuations accompany these easily compressible 

substances. It is the pressure analogue of the heat capacity. 

Pressure regulation makes use of similar methods as those in temperature 

control. So, the pressure can be kept constant by simply scaling the volume or by 

hooking the system up with a ‘pressure bath’. The rate of change of pressure is 

expressed as follows: 
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dP(t)
dt

=
1
τ p

Pbath −P(t)( )       (2-36) 

where τp is the coupling constant, also known as the relaxation constant, Pbath is the 

pressure of the bath and P(t) is the pressure at time t. The scaling factor λ applies on 

the volume of the simulation box which corresponds to scaling the atomic coordinates 

by a factor of λ1/3. Hence: 

λ =1−κ δt
τ p

P −Pbath( )      (2-37) 

The scaling factor can be equal for all three directions and this is referred to as isotropic 

scaling of the coordinates. The scaling factor can also be calculated independently in 

each direction and that would be anisotropic scaling. In our simulations, isotropic scaling 

was employed. 

Solvation Models 

 One of the most predominant uses of molecular dynamics is simulating the 

structural and dynamical properties of biological systems. As we all know, no 

biomolecular system exists naturally in a vacuum environment which makes including 

solvation effects into molecular dynamics simulations essential. Solvation affects the 

conformations adapted by macromolecules and binding of small molecules to those. 

 For any solvated system subject to simulation, the solute, namely the protein or 

the protein-ligand complex, remains as the primary focus but water molecules are 

explicitly added to the simulation box. Ideally, we would want this box to be as large as 

possible so that the system is approximated to be in bulk solvent but this would 

compromise the feasibility of the calculation. Most of the simulation time should be 

spent on the solute rather than solvent because we are not interested in the bulk 
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properties of the solvent but mainly in the behavior of the solute. Periodic boundary 

conditions allow the system in the simulation box to experience forces as if they were in 

an infinite system. The particles leaving the cell from one side of the simulation box 

enter it simultaneously from the opposite side. This approach decreases the number of 

the solvent molecules to be simulated although it imitates the effects of bulk solvent and 

is very commonly employed in molecular dynamics studies. As a simpler alternative, 

one can utilize a solvent shell with even less solvent molecules and if the shell is thick 

enough, it becomes analogous to a drop of solvent surrounding the solute. This is, 

however, less realistic than simulating a system in accordance with periodic boundary 

conditions.  

 Since the most important solvent for biomolecular systems is water, we are 

mostly interested in water models for explicit solvation purposes. All water models 

define the interaction sites of the water molecule, the partial charges on it, as these are 

needed to account for the electrostatic interactions, and the Lennard-Jones parameters 

for it to express the dispersion and repulsion forces. There are various types of water 

models like rigid, flexible or polarizable. They are also classified by the number of the 

interaction points on the model water molecule where this number ranges from three to 

six. Modelers use the rigid three-site models of TIP3P and SPC along with the four-site 

model TIP4P most frequently.  

 An alternative to explicit solvation is offered by implicit solvent models which are 

computationally less demanding and thus cheaper. Especially for the cases where the 

solvent does not directly interact with the chemical entity of interest but creates a milieu 

impacting the behavior of the solute with its dielectric properties, implicit solvation can 
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be preferred over explicit solvation to decrease the computational cost and to 

concentrate on the behavior of the solute. In implicit solvent models, the solvent is 

expressed as a continuum portrayed by macroscopic parameters like dielectric 

constant, surface tension, and density. The thermodynamic background is based on the 

solvation free energy, ΔGsol, defined as the free energy change to transfer a molecule 

from vacuum to solvent: 

ΔGsol = ΔGelec +ΔGvdw +ΔGcav                      (2-38) 

where ΔGelec is the electrostatic contribution which is significant for polar and charged 

species because of polarization of the solvent. This term is modeled with a uniform 

medium of constant dielectric. The second term ΔGvdw represents the van der Waals 

interaction between the solvent and the solute which can further be divided into an 

attractive, a repulsive, and a dispersion term. The last term ΔGcav is the free energy cost 

of creating a hole for the solute in the solvent. It contains the entropic penalty of solvent 

reorganization around the solute and work done against the solvent pressure in 

constructing the hole.  

In molecular mechanics, the Generalized Born (GB) and the Poisson-Boltzmann 

(PB) models are very popular choices for implicit solvation. The ΔGelec term in Equation 

2-38 is described by the Generalized Born equation in the former and the Poisson-

Boltzmann equation in the latter model, respectively. The remaining two terms, ΔGvdw 

and ΔGcav, are combined into a non-polar, solvent accessible surface area-based term to 

complete the implementation of these models in the approximate computation of a free 

energy of solvation contribution. Application of these are referred to as Molecular 
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Mechanics Generalized Born Surface Area (MM/GB-SA) and Molecular Mechanics 

Poisson Boltzmann Surface Area (MM/PB-SA). 
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CHAPTER 3 
INVESTIGATING THE CONCEPT OF ADDITIVITY OF INTERACTION ENERGIES 

FOR PROTEIN-LIGAND COMPLEXES  

Background 

Fragment-based drug design (FBDD), which focuses on using small molecular 

“fragments” to form larger molecules,7 has gained considerable popularity over the past 

decade and forms a complementary approach to methods such as high throughput 

screening of drug-like molecules.8 Many academic institutions and major 

pharmaceutical and biotechnology companies have put an emphasis on FBDD with 

their efforts placing drug candidates into clinical trials.9 FBDD scans small molecule 

libraries for activity using biophysical techniques such as surface plasmon resonance, 

protein- ligand NMR spectroscopy, isothermal titration calorimetry, x-ray 

crystallography, or with bioassays.8 In addition, technological advancements have 

allowed for the development of various computational tools, which aid in different 

phases of a FBDD effort such as the generation of fragment libraries and in silico 

screening of these libraries against targets to identify potential hits. The hope that 

successful binding mode prediction would facilitate the evolution of a hit to a potent lead 

molecule underscores the need for molecular docking studies10-15 and this has given 

rise to the use of computational screening as a starting point in FBDD.11  

The underlying assumption in FBDD is an additive (or nearly-additive) 

enhancement of binding affinity from each of the fragment molecules constituting the 

fully assembled inhibitor. Our study assesses the validity of this assumption in a realistic 

model by exploring the additivity of quantum mechanics-derived fragment energies 

                                            
 Reprinted with permission from Ucisik, M. N.; Dashti, D. S.; Faver, J. C.; Merz, K. M. J. Chem. Phys. 
2011, 135, 085101.  Copyright 2011, AIP Publishing LLC. 
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relative to interaction energies computed for an entire protein-ligand complex. The 

model system is the active site of the human immunodeficiency virus (HIV) II protease 

bound to the commercially available drug Indinavir,16-18 which has been isolated from 

the rest of the enzyme and abstracted into a series of representative protein-ligand 

fragments. The interaction energy expansion functional adopted from Xantheas’s study 

of water clusters19 has been utilized to compute the n-body corrections for the 

interaction energy of the fragment model of the binding pocket with the inhibitor and 

these have been compared to the binding energy of the ligand to the pocket as a whole. 

Although we anticipated a non-additivity level of up to 30% of the total binding energy as 

observed in Xantheas’s water cluster studies, we found largely an additive interaction 

pattern for the protein-ligand model system we studied. 

Before proceeding, the definition for additivity and non- additivity must be 

established. Benos and co-workers expressed additivity as the independent contribution 

of fragments to binding.20 Thus, the total interaction energy would equal to the sum of 

the energies of the individual contacts. The simplest unit of a contact involves two 

bodies, where only one interaction is present between the fragment pairs. Hence, the 

real simplifying assumption for combinatorial purposes would involve pairwise additivity, 

which ignores n- body interactions with n > 2 because of their (presumed) very low 

contribution to the total interaction energy. However, in the case of water clusters 

Xantheas found contributions as high as 30% for three-body interactions.19 Shimizu and 

Chan emphasize the pairwise character of additivity by comparing the total free energy 

of association among a set of N solutes to the sum of free energies of all two-body 

combinations of these N solutes, specifically to the N(N-1)/2 possible pairings of the 
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solutes calculated one pair at a time for two solutes while the effects of the remaining N-

2 solutes were ignored.21 Here, we should make a distinction between our work and this 

approach – we do not predict anything specifically about free energies but only 

electronic energies, which is further discussed in the Theory section of this chapter. 

Nonetheless, this study constitutes a validation of pairwise additivity of interaction 

energies computed in FBDD studies.  

Biochemists examine additivity concepts through double mutant cycles.22 

Basically, constructing a double mutant cycle corresponds to constructing a 

thermodynamic cycle involving the wild-type protein, the protein with a particular point 

mutation in the region of interest, the protein with a different point mutation again in the 

region of interest and the protein with both single mutations applied simultaneously as 

shown in Figure 3-1. Thus, if free energy additivity holds true, the impact of the double 

mutation should be equal to the sum of the two single mutations which allows for the 

prediction of the free energy associated with a certain functionality or structural element 

of any protein in the cycle from measurements of the other three proteins in the cycle. 

This practice resembles our strategy, whereby the ligand is kept intact and the binding 

pocket of the protein is varied, but has focused on addressing the (non-)additivity of free 

energies. Free energy additivity of point mutations has been observed at enzyme-

substrate interfaces in several studies.23-25 However, the observed additivity was largely 

traced back to the remoteness of the point mutation sites, which implies no interaction 

between the two sites. Any means of interaction between the two mutated residues, 

both via direct contact and indirect electrostatic interactions were described by Wells as 

factors which would cause the simple additivity model to collapse.25 Schreiber and 
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Fersht examined coupling free energies between two mutated sites, ΔΔGint, which 

correspond to non-additivity in the thermodynamic cycle of singly- and doubly-mutated 

proteins.26 They found that residues separated by less than 7 Å showed non- additivity 

and this non-additive behavior was interpreted to imply cooperativity between those 

residues. It was concluded that at greater separations the effects of the point mutations 

were additive implying that the mutual interaction between these point mutations was 

minimal. In contrast, our studies have explored the additivity of interaction energies 

beyond these distance boundaries. Some fragments that we examined were separated 

by less than 7 Å, but only had interaction energies of a few hundredths of a kcal/mol. 

Nevertheless, the observed free energy additivity behavior of fragment energies located 

in close proximity can be complex, as demonstrated by Wells.25 Establishment of an 

inverse correlation between additivity and cooperativity is a very common conclusion. 

That is, most studies connect the non-additivity to cooperativity among the examined 

fragments.21, 25, 26 Accordingly a non-zero coupling energy, which is accepted to be the 

measure of the cooperativity between interacting fragments, implies either a direct 

interplay mediated by steric, electrostatic, hydrogen-bonding, or hydrophobic 

interactions, or an indirect interplay through structural changes in the protein or solvent 

shell. The non-additive character of free energies associated with fragments is largely 

the result of the non-additivity of entropic terms. However, for enthalpies or energies, in 

addition to being theoretically justified,27 additivity has been observed in, for example, 

the isothermal calorimetry experiments of Baum et al. and Olejniczak et al.28, 29 

Geometrical changes induced by point mutations can contribute to the non-additivity of 

observed free energies, but this point is not a major concern in the present work 
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because of the fixed geometry we are using and due to the additivity of enthalpies 

experimentally observed in References 28 and 29. 

In order to understand the role additivity plays, it is important to select the 

appropriate computational model. The method to be employed should have a good 

balance between accuracy, cost efficiency, and feasibility in terms of memory and 

computer time requirements. Recent work examining the accuracy of several 

computational methods when compared to complete basis set (CBS) results acquired at 

the coupled-cluster single double (triple) (CCSD(T)) level of theory suggested that the 

M06-L meta-GGA (generalized gradient approximation) functional30 is such an 

appropriate level of theory.31 Even in conjunction with the 6-31G* basis set32 it yielded a 

narrow error distribution for the bound Indinavir system. We note that in spite of its 

relative accuracy and speed the M06-L functional has difficulty with convergence for 

charged systems.33 Thus, substantial effort was expended to deal with convergence 

problems for fragments containing acetate and methyl guanidinium. For comparison 

purposes HF/6-31G* and PM6-DH234-37 calculations were performed as well. 

This chapter is organized as follows: first, the model system and the 

computational details are reviewed. Next, the justification for using the computed 

energies as a measure of additivity validation is presented. The energy decomposition 

scheme for the cluster analysis of the binding site of the enzyme complexed with its 

inhibitor is then introduced. Then the contributions of the n-body interactions to the total 

energy of the system are evaluated at different levels of theory and the conclusions are 

given. Finally, the ramifications of our work on FBDD and force fields are discussed. 

Molecular System: HIV Protease II-Indinavir Complex 

 The protein-ligand model system is based on the crystal structure of the HIV II 
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protease obtained from Protein Data Bank at 1.9 Å resolution (PDB ID: 1HSG).16 The 

binding pocket was decomposed previously into a total of 21 fragments by Faver et al. 

in a study,31 for which the enzyme-ligand complex structure was obtained from the PDB, 

hydrogen atoms were added to the structure with the program Reduce38 and were 

subsequently optimized with the AMBER ff99SB force field.39 These 21 receptor 

fragments and the ligand were combined to model the binding site. Overlapping 

receptor fragments were joined to yield a total of 18 fragments from the original 21 

fragments. The resultant cluster structure was retained for all subsequent calculations. 

The final model contained short aliphatic alkanes including ethane, propane, isobutane, 

and butane along with polar species consisting of acetate, acetic acid, methyl 

guanidinium, and four peptide chains containing up to 35 atoms. Two tightly coordinated 

water molecules in the crystal structure were retained and treated as two distinct 

fragments. The ligand L-735,524,17, 18 an orally bio-available inhibitor of HIV proteases 

with the commercial name Indinavir, was kept intact in all calculations. 

Methods 

 Single point calculations were carried out at the HF, density functional theory 

(DFT), and semiempirical levels. The 6-31G* Pople type basis set32 was used 

throughout. The M06- L/6-31G* combination of level of theory was chosen because of 

its narrow systematic and random error distribution with respect to a CCSD(T)/CBS 

reference.40 Moreover, through its parameterization the M06-L functional gives a good 

account of intermolecular interactions as evidenced by the low systematic error 

associated with the polar and non-polar interactions relative to CCSD(T)/CBS reference 

calculations. On the other hand, HF/6-31G* calculations represent another extreme in 

that this method has both large random and systematic errors largely due to the 
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incorrect treatment of dispersion.31, 40 The large size of the quantum region was the 

major obstacle to upgrading to much larger basis sets and prompted our choice of the 

6-31G* basis set. In order to examine higher order multi-body interaction energies the 

semiempirical PM6-DH2 level of theory was employed due to its accurate performance 

with regards to the CCSD(T)/CBS results and its fast computational speed. Considering 

the individual accuracies for polar and non-polar interactions gave us further confidence 

in the use of PM6-DH2 method in our calculations.31, 40 

Convergence problems were encountered for some of the acetate and methyl 

guanidinium containing systems, which were addressed by using quadratic 

convergence methods,41 Fermi temperature broadening,42 and shifting of orbital 

energies. In order to correct for the basis set superposition error the counterpoise 

method was applied.43 In each calculation the nuclei of the atoms which did not belong 

to that particular calculation were deleted while their basis functions were retained. 

The DFT and HF calculations were performed with the Gaussian ‘09 suite of 

programs44, while MOPAC2009,45 was used for the semiempirical computations. 

Visualizations were done using the Visual Molecular Dynamics (VMD) program,46 while 

the density plots were obtained using the statistical software package R.47 

Theory 

 The process of partitioning a larger molecule into constituent fragments and 

treating those fragments as unique bonding units within the framework of the larger 

system formally splits the Hamiltonian of the larger molecule into individual fragment 

Hamiltonians. The total binding energy is given by the ensemble average of the 

Hamiltonian H of the full ligand containing N particles, at a volume V and at a 

temperature T:27 
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€ 

E N,V ,T( ) = H N ,V ,T            (3-1) 

Now, let us assume that the Hamiltonians associated with the distinct fragments sum to 

model the Hamiltonian of the full protein-ligand system. Thus, for a system of n 

fragments, 

€ 

H = Hi
i=1

n

∑            (3-2) 

By combining Equation 3-1 and Equation 3-2, we can define an energy expression: 

€ 

E = H = Hi
i=1

n

∑ = Ei
i=1

n

∑               (3-3) 

suggesting that the energy and enthalpy of the system is additive as long as the 

Hamiltonian is additive. 

 The additivity of enthalpies was experimentally studied by Baum et al. using 

isothermal titration calorimetry for a series of thrombin inhibitors.28 Incorporation of a 

particular functionality into the inhibitor always corresponded to a specific ΔΔH, which 

underlines the independent (additive) behavior of the enthalpy component, whereas the 

free energies and the entropy components for the same structural changes were much 

more variable suggesting non-additivity. Furthermore, this finding also supports the idea 

of associating a functional group present within a molecule with a given enthalpy 

change, which bolsters the notion of attributing certain energies or enthalpies to 

fragments of a larger molecule. 

 In this study we employ an approximation for the energy decomposition of the 

binding pocket of HIV II protease bound to the ligand Indinavir.16-18 The decomposition 

scheme we used was adopted from Xantheas’s formulation for water clusters.19 The 

total energy En of an n-body cluster can be expanded into one-, two-, three-, four-, …, n-
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body terms via the formula below: 

€ 

En = E 1234...n( )

≡ E i( )
i=1

n

∑ + Δ2E ij( )
j> i

n

∑
i=1

n−1

∑ + Δ3E ijk( )
k> j

n

∑
j> i

n−1

∑
i=1

n−2

∑ + Δ4E ijkl( )
l>k

n

∑
k> j

n−1

∑
j> i

n−2

∑
i=1

n−3

∑ + ...+ ΔnE 1234...n( )
   (3-4) 

Here, the first term corresponds to the one-body term, the second to the two-body, the 

third to the three-body, … and eventually the last term to the n-body term. E(i) denotes 

the energies of the single fragments or the ligand, E(ij) represents the energies of all 

possible combinations involving two bodies out of the pool of fragments and the ligand 

and E(ijk), E(ijkl) describe the energies of the multi-body combinations out of the same 

pool. 

 The total binding energy of the Indinavir ligand to the HIV II protease binding 

pocket, which was split into 18 fragments, was first calculated using Equation 3-5: 

bplbplbind EEEE −−= +          (3-5) 

where Ebind stands for the total binding energy, El+bp is the energy of the entire system 

consisting of the ligand and the fragmented binding pocket, El indicates the energy of 

the ligand, and Ebp refers to the energy of the binding pocket comprising its 18 

fragments. The total binding energy Ebind is compared to the binding energy Ebind’, which 

was obtained from the expansion shown in Equation 3-4 for the same system. If we 

write Ebind’ explicitly using Equation 3-4 and label the ligand as the 19th fragment, we 

arrive at Equation 3-6: 
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  (3-6) 

The collection of terms in the first row of the expansion in Equation 3-6 corresponds to 

El+bp in Equation 3-5, E(19) is equivalent to El and the expression in the third row 

excludes the 19th fragment, namely, the ligand, leaving the energy of the whole binding 

pocket composed of 18 fragments (n = 1–18) in the absence of the ligand. The 

difference between Ebind and Ebind’ will help us address the issue of additivity or non-

additivity of the interaction energy. As more terms in Equation 3-6 are considered, the 

difference between Ebind’ and Ebind will approach zero. Truncation at lower order terms 

(e.g., two-body) will allow us to investigate the contribution of the higher order multi-

body terms to Ebind. 

 Let us turn our attention to the individual n-body terms. The two-, three-, four-, 

and . . . n-body terms are defined as follows: 

{ }
{ } { }
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The number of m-body terms out of a system of n bodies, where m≠n, is simply given by 

the number of m-combinations out of a set of n bodies. Thus, for our cluster with 19 

bodies, there are

€ 

19
2

" 

# 
$ 

% 

& 
' =

19!
2!*17!

=171 E(ij) values. However, using Equation 3-6 and noting 

that the 18 receptor fragments are common to both expansions in the first and the third 

rows, we observe that only the E(ij) values involving the ligand, the 19th fragment, will 

survive. Thus, the total two-body term 

€ 

Δ2E ij( )∑  encountered in Equation 3-6 involves

€ 

19
2

" 

# 
$ 

% 

& 
' −

18
2

" 

# 
$ 

% 

& 
' =18 ∆2E(ij) values, which is actually obvious from the fact that there exist 18 

fragments to pair with the ligand. The same logic applies to the ∆3E(ijk), ∆4E(ijkl), … 

terms, which will be referred to as n-body correction terms in the sense that these terms 

supplement the total 

€ 

Δ2E ij( )∑  term in converging to Ebind. In other words, they correct 

Ebind’ to approach Ebind. Hence, 153 ∆3E(ijk) values are required to calculate the total 

three-body correction term, while 816 and 3,060 ∆4E(ijkl)’s and ∆5E(ijklm)’s compose the 

total four-body and five-body correction terms, respectively. As indicated above, the 

many-body energy values in the correction terms always involve the ligand since the 

interactions among only the receptor fragments are cancelled in the total decomposition 

scheme. 

 The sum of the two-body terms, namely the

€ 

Δ2E ij( )∑  is defined as the additive 

part of the binding energy decomposition, while the higher multi-body correction terms 

represent the non-additive part. According to this definition, the neglect of higher order 

multi-body corrections might be expected to produce a significant difference between 

Ebind’ and Ebind demonstrating the importance of non-additivity. This is what was observed 
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in the work of Xantheas for water clusters, where the three-body terms and above 

represented 30% of the total binding energy. On the other hand, for the energy 

decomposition scheme given by Equation 3-3, the additive part must be much bigger 

than the non-additive many-body correction terms. This manuscript aims to elucidate 

the extent of non-additivity for protein-ligand binding clusters.  

Having chosen our cluster we need to address the basis set superposition error 

(BSSE) because we will employ finite basis sets for our calculations. We applied the 

counterpoise method to account for BSSE43. Accordingly, the energies of the many-

body subsystems, e.g. E(ijk) for the subsystem (ijk), at the cluster geometry were 

calculated in the full basis of the entire system, which was denoted by 

€ 

E ijk | ijk...n( ). 

That is, in all the multi-body energy calculations, the basis functions centered on each of 

the 323 nuclei were kept, while the nuclei which do not participate in that particular 

calculation were deleted. The inclusion of these so-called “ghost” orbitals removes the 

effects of BSSE. This approach completes the formulation of the individual many-body 

correction terms given in Equation 3-7 by converting the expressions into Equation 3-8: 

Δ2E(ij ijkl...n) = E(ij ijkl...n)− E(i ijkl...n)+E( j ijkl...n){ }
Δ3E(ijk ijkl...n) = E(ijk ijkl...n)− E(i ijkl...n)+E( j ijkl...n)+E(k ijkl...n){ }

− Δ2E(ij ijkl...n)+Δ2E(ik ijkl...n)+Δ2E( jk ijkl...n){ }
Δ4E(ijkl ijkl...n) = E(ijkl ijkl...n)− E(i ijkl...n)+E( j ijkl...n)+E(k ijkl...n)+E(l ijkl...n){ }

−
Δ2E(ij ijkl...n)+Δ2E(ik ijkl...n)+Δ2E(il ijkl...n)+

Δ2E( jk ijkl...n)+Δ2E( jl ijkl...n)+Δ2E(kl ijkl...n)

#
$
%

&%

'
(
%

)%

− Δ3E(ijk ijkl...n)+Δ3E(ikl ijkl...n)+Δ3E( jkl ijkl...n)+Δ3E(ijl ijkl...n){ }
...

  (3-8) 

Figure 3-2 and 3-3 visually demonstrate the procedure used to obtain the binding 

energies Ebind’ and Ebind. Insertion of the individual correction terms given in Equation 3-8 
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into Equation 3-6 yields the terms that must be computed to obtain the two binding 

energies.  In Figure 3-2, Equation 3-5 is visualized for the HIV II protease-ligand 

system. The atoms containing ghost orbitals are transparent, while the darker atoms 

designate the nuclei present in that particular calculation. In Figure 3-3, the components 

of the energy decomposition scheme given by Equation 3-6 producing Ebind’ are 

represented. The same color-coding scheme used for Figure 3-2 applies to Figure 3-3. 

Results and Discussion 

Pairwise Interactions 

 First, the total binding energy Ebind of the HIV II protease to the Indinavir ligand 

was computed according to Equation 3-5 with the constituent terms shown in Figure 3-

2. It was found to amount to -23.57 kcal/mol, -111.60 kcal/mol and -131.68 kcal/mol for 

the HF/6-31G*, M06-L/6-31G* and PM6-DH2 levels of theory, respectively as shown in 

Table 3-1. Next, the correction terms 

€ 

ΔnE ij...n( )∑  given by Equation 3-8 were obtained. 

The large jump in the number of the energy values needed to generate the total many-

body correction terms set the limit to where we truncated Equation 3-6. The limit is 

mostly forced by the computational expense of the various methods. 

 Table 3-2 shows the individual total correction terms for the three levels of 

theory, HF, M06-L and PM6-DH2. The first point to note about these total correction 

terms is that as n increases, the absolute value of the total correction term associated 

with n, 

€ 

ΔnE ij...n( )∑ , decreases. That is, the contribution of the total correction terms 

associated with that particular n to Ebind’ diminishes as n rises. For HF, it dropped from ⎪-

26.86⎪ kcal/mol to ⎪4.24⎪ kcal/mol, which corresponds to a fall of 84.2%. Thus, the 

three-body total correction produces 18.7% of the 

€ 

Ebind '. At the M06-L level, this decline 
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is much sharper: the total two-body correction term was ⎪-111.49⎪ kcal/mol, while the 

total three-body correction equaled ⎪-4.45⎪ kcal/mol, which yielded a reduction of 

96.0%. The 

€ 

Δ3E ijk( )∑  correction contributed 3.84% to the overall Ebind’. The 

semiempirical PM6-DH2 level was found to show an even sharper drop of 98.6%, from 

⎪-132.86⎪kcal/mol to ⎪1.92⎪kcal/mol. The contribution of the three-body correction 

terms to Ebind’ was 1.46%.  Due to the speed of semiempirical methods higher order 

correction terms up to n=5 were included in the computed Ebind’ for PM6-DH2 and were 

found to make small contributions. The four-body corrections add up to -0.76 kcal/mol, 

which corresponds to 0.58% of the total Ebind’ and 0.57% of the total two-body 

correction. The total five-body correction term is 0.08 kcal/mol, or 0.06% of the total 

Ebind’ and 0.06% of the overall two-body correction. This equality of percentages in the 

presence or absence of the higher order correction terms 

€ 

ΔnE ij...n( )∑  with n>2 

demonstrates that their effect on the energetics within the active site of the HIV II 

protease bound to Indinavir is negligible. In other words, the energetics of this model 

system is additive. In contrast to the present cluster, Xantheas observed a non-additivity 

of the order of 30% for small water clusters19. This finding suggested that pairwise 

additive potentials (e.g. MCY48, TIP3P49, etc.) of water may be less accurate than 

previously thought (previously it was claimed to be ~10%50). In our case, the pairwise 

additivity corresponds to 86.0% of the total Ebind at the HF level, to 99.9% at the M06-L 

level and to 99.1% at the PM6-DH2 level of theory where the numbers were calculated 

by the following formula: 

€ 

1−
Δ2E(ij) − Ebind∑

Ebind

% 

& 

' 
' 

( 

) 

* 
* 
×100%       (3-9) 
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Thus, in the case of the present protein ligand system pairwise additivity appears to be 

a realistic model. 

Many-body Interactions 

Having analyzed the cumulative effect of the total n-body correction terms with 

n≥2, let us turn our attention to a deeper analysis of the individual multi-body correction 

terms. The distributions of individual correction terms for both ligand-binding pocket 

interactions and for the interactions among the fragments forming the binding pocket 

were examined. First of all, they reveal again an n-dependent behavior similar to the 

magnitudes of the total correction terms. As n rises, the number of terms included in the 

expansion jumps very rapidly, as mentioned previously and thus the populations of the 

distributions increase very rapidly as well. However, as one goes to higher n, the 

distribution gets consistently narrower.  At all three levels of theory, for the ligand-

binding pocket interactions, the majority of the eighteen two-body corrections have 

magnitudes falling into the [0.00:20.00] kcal/mol range. This range shrinks for all the 

methods when the three-body corrections to the ligand-binding pocket interactions are 

considered. At the M06-L level, the majority of the terms lie in the [-0.52:0.16] kcal/mol 

range at 80% confidence level, while at the HF level this range is [-0.34:-0.23] kcal/mol. 

The PM6-DH2 level had the narrowest distribution for these interactions with a range of 

[-0.25:0.13] kcal/mol. For higher order n-body corrections to the ligand-binding pocket 

interactions, where n equals 4 and 5, only the semiempirical PM6-DH2 results are 

available for assessment. For the four-body corrections to the ligand-binding pocket the 

range is [-0.007:0.004] kcal/mol, while the range for the five-body corrections is [-

0.0002:0.0003] kcal/mol. Thus, even with the large number of terms for n>3 the sum 
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does not yield a significant impact on the total energy Ebind’. Figure 3-4, Figure 3-5, and 

Figure 3-6 summarize these observations.  

When we expand the examination of these ranges over the entire collection of 

interactions within the binding pocket, that is, over all the interactions among the 

eighteen fragments making up the binding pocket and those between the ligand and the 

binding pocket, the same observation is made: As n rises, the range for the magnitudes 

of the interaction energy corrections shrinks. By looking at the distributions shown in 

Figure 3-7, we see the majority of the pairwise interactions, that is for n=2, fall into the 

range of [-1.00:1.00] kcal/mol for the HF, M06-L and PM6-DH2 levels of theory. It 

should be kept in mind that the interactions between the binding pocket fragments 

cancel out in the overall energy decomposition scheme upon subtraction of the third row 

from the first in Equation 3-6 when considering a particular nth total correction term, 

€ 

ΔnE ij...n( )∑ . However, these interactions between the binding pocket fragments 

survive in the subsequent higher order correction terms and thus, their magnitudes 

affect the value of Ebind’.  

As we have seen, the energy ranges including the majority of the n-body 

corrections for n=2-5 of all the interactions arising within Indinavir-binding pocket 

complex narrow down as n increases. For n=2, the range of the magnitudes containing 

most of the interactions is [0.00:1.00] kcal/mol as shown in Figure 3-7, while this range 

loses one order of magnitude for n=3 as in Figure 3-8). For n=4 and n=5, the 

corresponding range decreases one and three orders of magnitude further relative to 

the three-body correction terms, respectively. Hence, there is an overall decline in the 

magnitudes of the interactions as more "parties" are involved in one particular 
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interaction. To reframe the picture, in spite of the higher number of interaction terms 

involving increasing number of parties, the cumulative energy correction arising from the 

entire group of interactions among n bodies shows such a strong decay that at cases for 

n≥4, it reaches below the limits of accurate computation.  

Having discussed the limits of accuracy, it is necessary to acknowledge the 

uncertainty within the consecutive correction terms. Revisiting Equation 3-7, the (n+1)th 

total correction term of the energy decomposition scheme given in Equation 3-6, 

€ 

Δn+1E ijk..( )∑ , includes the lower nth, (n-1)th, (n-2)th, … and eventually first order 

correction terms. At this point, any nth order correction term with n>1 would have some 

level of uncertainty. The number of lower order terms contributing to the nth order 

correction term rises with increasing n, which results in accumulation of uncertainty 

within the n-body total correction term. Hence, although the decreasing magnitudes of 

the nth order corrections with increasing n has been confirmed by three different levels of 

theory, we do not claim that the numbers presented for higher n-body corrections are 

free of uncertainty. What is certain here is that the contribution of corrections to the total 

energy expansion yielding Ebind’ decreases as one includes higher terms in the 

expansion given in Equation 3-6. 

Although it was found that the pairwise interactions represent the full interaction 

energy Ebind to 86.0% at the HF level, to 99.9% at the M06-L level and to 99.1% at the 

PM6-DH2 level of theory, the slight contribution of the higher order corrections was 

another point of interest. The cumulative impact of the three-body corrections was very 

little. However, the individual 

€ 

Δ3E ijk( ) values associated with some of the receptor 

fragments and the ligand had magnitudes of several kcal/mol. In order to understand 
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whether the magnitudes of these individual three-body corrections could be categorized 

according to the proximity of the two receptor fragments interacting with the ligand, the 

distance between the nearest atoms of the non-ligand fragments has been plotted 

against the corresponding three-body correction at the M06-L level of theory as shown 

in Figure 3-9. These data reveal that the significant three-body corrections stem from 

interactions involving polarization of the ligand or the surrounding receptor fragments. 

The red data points symbolize the charged fragments, whereas the blue data points 

stand for the two water fragments and the black data points represent the remaining 

peptide and hydrocarbon fragments. The charged and hydrogen-bonding fragments 

significantly polarize their environment including both the ligand and the non-ligand 

parties involved in the three-body interaction. Each polarizing entity affects the electron 

densities on the remaining parties involved in that particular interaction which evokes a 

larger magnitude for the individual three-body correction. At distances <4 Å, the impacts 

of polarization are stronger due to the proximity of the receptor fragments. Only the 

charged fragments are capable of polarizing the remaining interacting parties over 

greater distances (>4 Å) and influence the interaction to result in a considerable three-

body correction.  

Taken altogether, we conclude that to a good approximation, the protein-ligand 

complex studied herein behaves additively. This observation supports the use of 

pairwise additive force fields and enthalpy computation in fragment-based drug design. 

Most force fields define non-bonded interactions as a double summation, which can be 

decomposed into van der Waals and electrostatic energies over all interacting atom 

pairs4, 51. This pairwise treatment of non-bonded interactions in protein-ligand 
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complexes is supported by the enormous drop of contributions from the n-body 

correction terms, where n>2, at multiple levels of theory. Secondly, as mentioned in the 

introduction, the observed additivity for the ligand-binding pocket energetics provides a 

powerful approximation for the potential additivity of the binding enthalpies of the 

fragments when they are unified into a larger molecule.  

This observed additivity has another significant application for the improvement 

of scoring algorithms based on energy. Faver et al. have suggested that systematic 

errors propagate as a simple sum of the errors contained within the individual 

interactions associated with each fragment pair.31, 52 Thus, if the sum of the energies of 

the fragment pairs approximates the total binding energy well enough, then the error 

propagation formula of 

€ 

ErrorSystematic = Err1 + Err2 + Err3 + ... represents the total systematic 

error to a considerable accuracy. This finding confirms the proposed idea of accounting 

for the systematic errors in a physics-based score function by constructing a reference 

library comprised of numerous unique interacting fragments and developing accurate 

error probability density functions based on those interaction libraries. The effective 

application of a systematic error correction scheme is facilitated through additivity with 

respect to the fragment energies. 

Conclusions 

In this chapter the goal was to show that additivity principles are applicable to 

electronic energies of fragments making up a larger molecular entity. We employed an 

energy expansion, which decomposes protein-ligand interaction energies into n terms 

where each term designates the contributions originating from m interacting fragments 

with m≤n. In our scenario involving the HIV II protease active site complexed to the 
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inhibitor Indinavir, m ranged from 2 to 5. The reliability of this decomposition scheme 

was confirmed at the HF, M06-L and PM6-DH2 levels of theory. For all three levels, 

inclusion of higher order terms with m>2 brought the interaction energy expansion closer 

to Ebind, the exact binding energy of the system, which was obtained by subtraction of 

energies of the ligand and the binding pocket from that of the full complex. 

Additivity is theoretically and experimentally unsupported in the literature with 

regards to free energies27-29. However, for enthalpies and electronic energies, additivity 

is largely supported in the case studied herein. The narrowing of the distributions for 

higher order interactions (for m>2) supports additivity for energies and enthalpies. The 

energy ranges encompassing the mth order corrections become consistently narrower 

with increasing m. Moreover, the ranges get exceedingly narrow such that they cannot 

be accurately detected with the present computational methods. Although the number of 

correction terms summing up to the total m-body correction term increases very rapidly 

and amounts to thousands at m=4, the magnitudes of these corrections are so small, 

that they do not accumulate to significant values. In other words, the quick decrease in 

the magnitudes of the correction terms with rising m overwhelms the increase in the 

number of single correction terms to be added to yield the total m-body correction term 

for a particular m. This observation is advantageous from a computational perspective, 

since the thousands of terms in the m>3 corrections may safely be neglected in the 

energy expansion for analogous systems.    

From the present chapter we can arrive at three main conclusions. Firstly, many 

force fields evaluate non-bonded interactions in a pairwise fashion for protein-ligand 

systems. Now, having confirmed that the two-body corrections to the overall energy 
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expansion constitute more than 95% of the total protein-ligand interaction energy, the 

use of pairwise potentials in drug design applications is supported. Secondly, our results 

place fragment-based drug design on a firmer footing especially with regards to 

interaction energy computation. Finally, if the additive model provides a good 

approximation for the total binding energy of the ligand to the receptor, then the 

systematic errors in each of the receptor-ligand fragment interactions accumulate as a 

simple sum, which accurately reveals the total systematic error for the whole binding 

event. Thus, the observed additivity of fragment energies supports the idea of the post-

hoc correction of systematic errors in physics-based score functions. 
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Table 3-1. Ebind, Ebind’, and the total correction terms for various orders of correction 
estimated using M06-L, HF and PM6-DH2 

For HF and M06-L, the calculations were completed up to the 3rd degree (n=3), while 
with PM6-DH2, terms up to the 5th degree were (n=5) achieved. All energy value entries 
are in kcal/mol.   
  

 
Level of Theory 

 
Total Interaction Energy for the 

Order n 
 

 Ebind’ upto n 
(kcal/mol) 

 
Ebind 

n=2 n=3 n=4 n=5 n=3 n=5 

HF/6-31G* -26.86 4.24 - - -22.62 - -23.57 
M06-L/6-31G* -111.49 -4.45 - - -115.94 - -111.60 

PM6-DH2 -132.86 1.92 -0.76 0.08 -130.94 -131.62 -131.68 
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Figure 3-1. A representative double mutant cycle involving protein (P)-ligand (L) 
interactions.  X and Y stand for two residues, which are mutated individually 
and together in the wild type protein (P-XY). The free energy change 
associated with each mutation is inserted into the following equations in order 
to obtain the free energy of coupling, ΔΔGint: ΔΔGint = ΔGP-XY→P-X - ΔGP-Y→P = ΔGP-

XY→P-Y - ΔGP-X→P 
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Figure 3-2. Visualization of the components of Equation 3-5. Upper panel shows the 

whole system with all the 18 fragments of the binding pocket and the Indinavir 
ligand. The middle panel displays the Indinavir ligand with the “ghosted” 
binding pocket. The lower panel shows the entire binding pocket with 
Indinavir in the “ghosted” state. 
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Figure 3-3. Visualization of the components summing up to total correction terms given 

in Equation 3-6. The panels display the ligand and the particular fragments’ 
nuclei participating in the calculations. Transparent atoms are the “ghosted” 
ones, while the solid atoms are the ones whose nuclei take part in that 
particular calculation. 
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Figure 3-4. The distribution of the 2-body corrections to the ligand-binding pocket 

interaction energies at the Black) HF level. Red) M06-L level. Blue) PM6-DH2 
level. The y-axis denotes the density for all three plots (the AUC=1). Most 
pairwise interactions fall into a range of [-5.06:-2.70] kcal/mol for HF, [-11.10:-
0.31] kcal/mol for M06-L and [-16.00:-1.08] kcal/mol for PM6-DH2 level. 
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Figure 3-5. The distribution of the three-body correction terms to the ligand-binding 

pocket interactions at M06-L, HF and PM6-DH2 levels are given in panels 
(red), (black) and (blue), respectively. The inset shows the peak region in 
more detail, where the y-axis is the density (the AUC=1). 
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Figure 3-6. The distributions of the n-body terms for n=3 (left), n=4 (middle) and n=5 

(right) at the PM6-DH2 level.  These distributions apply to ligand-receptor 
interactions. 
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Figure 3-7. The distributions of the pairwise corrections to all the interactions present 
within the Indinavir-binding pocket complex at the (black) HF level, (red) M06-
L level and (blue) PM6-DH2 level. One interaction lies around -110 kcal/mol 
at both HF and M06-L levels, which involved adjacent opposite charges and 
has been omitted for the purpose of visual clarity. The detailed peak region is 
shown in the inset. 
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Figure 3-8. The distributions of n-body correction terms for n=3 (left), n=4 (middle) and 

n=5 (right) at the PM6-DH2 level of theory. These correction terms apply to all 
the interactions involving 3- to 5-parties out of the members of the Indinavir-
binding pocket complex system, including all the 18 fragments constituting the 
binding pocket and the Indinavir ligand. 
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Figure 3-9. Magnitude of individual three-body corrections vs. the distance between the 

nearest atoms of the two receptor fragments involved in the three-body 
interaction. Interactions involving charged fragments are color-coded with red, 
water fragments with blue and other fragments with black. 
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CHAPTER 4 
ESTIMATION OF FREE ENERGY OF BINDING FOR PROTEIN-LIGAND 

COMPLEXES CONCOMITANT WITH ERROR ESTIMATION  

Background 

Determination of binding affinities for protein-ligand complexes presents one of 

the most complicated and attractive problems of computational chemistry.14, 53 The 

simplest methods attempting to suggest a solution to this problem, e.g. docking, mostly 

rely on end-point methods which estimate energies of single static complex structures.54 

They usually neglect factors like receptor flexibility, ligand strain upon binding, as well 

as various entropy effects.55-58 Some sampling is added on top of this strategy in 

methods like Molecular Mechanics-Poisson-Boltzmann/Surface Area (MM-PBSA) and 

Molecular Mechanics-Generalized Born/Surface Area (MM-GBSA) which evaluate the 

absolute free energies of the protein and the ligand before and after binding.59-62 Both 

docking and the latter methods decompose the free energy into enthalpy and entropy 

contributions.  In MM-PBSA and MM-GBSA the enthalpies are obtained from the 

average energies from the molecular mechanics trajectories, which when combined with 

an entropy and a solvation free energy estimate using a continuum solvent model 

results in the final free energy estimate.59, 63 In order to predict the free energy of 

binding accurately with this protocol, the first requirement is to correctly predict the 

absolute free energies of the bound and unbound species. However, these are typically 

large quantities and we are interested in the small differences between them, so even a 

small error (percentage-wise) in their prediction might have a significant impact on the 

free energy difference ∆G. Hence, force field accuracy is very important in this exercise.  

                                            
  Reprinted with permission from Ucisik, M. N.; Zheng, Z.; Faver, J. C.; Merz, K. M. J. Chem. Theory 
Comput. 2014, 10, 1314. Copyright 2014 American Chemical Society.  
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Another tool to calculate relative free energies of binding is alchemical free 

energy calculations, which modify a molecular entity into another via non-physical 

(“alchemical”) pathways. Via thermodynamic cycles, incorporating these alchemical 

transformations, free energy changes of physical processes can be evaluated.64-68 It 

avoids decomposition of free energy change into individual thermodynamic terms by 

utilizing the ratio of the partition functions of the involved species, which eliminates the 

need to evaluate enthalpy and entropy contributions explicitly. One issue associated 

with alchemical calculations is obtaining enough sampling to generate a sufficient 

number of uncorrelated configurations and this is done using force fields coupled with 

molecular dynamics (MD) or Monte Carlo (MC) sampling.67 Thus, the sampling would 

always be based on the biases inherent in the force field employed. Moreover, to collect 

enough uncorrelated configurations to feed into the partition functions would be costly, 

especially for larger biological systems.67 Ending up with biased results is also possible 

with insufficient sampling when computed free energies depend on the choice of the 

initial receptor or ligand structure. 69-71  The Mining Minima algorithm is worth noting 

here because it ties many aspects of the aforementioned free energy methods together. 

The attempt to systematically search for multiple local potential energy wells makes it 

unique among other end-point methods. Moreover, it computes the free energies of 

binding directly from the configuration integral contributions of the sampled local 

minima. However, just like the MM-PBSA and MM-GBSA protocols, it estimates the 

absolute free energies of the protein, ligand and their complex, which runs the risk of 

introducing errors when the difference between large numbers is taken.72, 73  
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Recently, various types of restrained or unrestrained MD74-79 and potential of 

mean force simulations80-82 have appeared where observed ligand binding or ligand 

removal events74, 76 provide another avenue to study protein-ligand binding. These 

simulations are very expensive and are subject to model uncertainties, but do provide 

unique insight into binding events.  

Regardless of their sophistication and practicability levels, all of these methods 

come with their intrinsic errors, which can be classified as systematic and random. 

Systematic errors in any measured or calculated quantity are rather easy to handle: 

They shift the result to a certain direction and, thus, are correctable. The random errors, 

on the other hand, may impact the determined energies in both fashions, up or down, 

and there is no way to correct for them in a post hoc manner.31 We have shown that one 

way to reduce the amount of this type of error is to include multiple microstates in the 

calculations. In other words, local sampling of the potential energy surface of interest 

decreases the random errors statistically.52  

In this work we propose a way to calculate the binding free energy of protein-

ligand complexes directly from microstate energies utilizing a ratio of configuration 

integrals and we then assess the uncertainty of our estimates with previously derived 

error propagation formulas.31, 52 We predict the binding affinities directly from statistical 

mechanical definitions without splitting the free energy into enthalpic and entropic terms. 

This presents a huge advantage in terms of accuracy and uncertainty evaluation 

because introducing more terms into these calculations tends to propagate the errors 

originating from each component and understanding how these component errors do 

indeed propagate becomes a much more complicated task. Additionally, methods to 
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directly calculate entropy are very challenging for a number of reasons.83-85 Moreover, 

commonly used entropy calculation methods like normal mode analysis utilized in 

methods like MM-PBSA, and MM-GBSA rely on minimized snapshots from trajectories, 

which also introduce further uncertainties.84 Estimating the free energy of binding 

directly from microstate energies provides a straightforward way to estimate 

uncertainties in free energies directly from the computed energies. We understand how 

to propagate the errors contained in microstate energies which allows us to directly 

determine the systematic and random errors associated with the calculated free energy 

of binding.31, 52, 85 With these aspects of uncertainty determination in mind, we aimed to 

create an unbiased ensemble of structures involved in modeling protein-ligand binding 

events and explored the effects of introducing such an ensemble on binding affinity 

prediction.  

Similar to many other studies aiming to calculate ligand binding free energies to 

protein receptors71, 86-90, we apply our protocol to predict the binding affinities and the 

associated uncertainties to the experimentally well-characterized, engineered T4 

Lysozyme L99A system.91, 92 We are not the first ones to use this series of T4Lysozyme 

L99A inhibitors to explore the power of binding free energy determination methods. It 

was subject to several earlier docking and free energy perturbation (FEP) molecular 

dynamics (MD) studies.64, 71, 86, 88, 93, 94 Moreover, an exhaustive docking study by 

Purisima et al. was recently conducted on this system using a very similar systematic 

ligand perturbation method to construct the protein-ligand complex and free ligand 

ensembles.90 The authors employed continuum solvent models that they developed and 

this sets a limitation on the applicability and reproducibility of their protocol by others. 



 

91 

Our work is novel in that it is the first study to offer error bars for binding free energy 

predictions, which are also corrected for their systematic errors. It uses the conventional 

force fields ff99SB39 and ff944 in the AMBER1295 package, and the semiempirical PM6-

DH235-37 method in MOPAC201296 in conjunction with the readily available continuum 

solvent models Generalized Born (GB)97, Conductor-like Screening Model (COSMO)98, 

and SMD99 for scoring purposes which enhances the extensibility of the present 

approach. 

Methods 

Molecular System: L99A Mutant of T4 Lysozyme 

We calculated the binding free energies and their associated uncertainties on a 

series of T4 Lysozyme L99A inhibitors.91, 92 T4 Lysozyme L99A is a very convenient 

system for this type of study due to the hydrophobic, entirely closed binding pocket 

facilitated by the L99A mutation. This isolated cavity accommodates a number of small 

hydrophobic molecules with experimentally measured binding affinities. Known 

experimental binding free energies allow us to judge the accuracy of our estimation 

which in turn makes it possible for us to improve our methodology and workflow. 

Additionally, dealing with a completely closed, hydrophobic pocket mitigates some 

computational artifacts, which could emerge from computing solvation effects. The 

protein-ligand complexes employed have the Protein Data Bank (PDB) ID’s 181L, 182L, 

183L, 184L, 185L, 186L, 187L and 188L and these contain benzene, 2,3-benzofuran, 

indene, i-butyl benzene, indole, n-butyl benzene, p-xylene, and o-xylene as ligands, 

respectively.92 
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Ensemble Creation with the “Blur” Program  

After downloading the protein-ligand complex structures from the PDB, we 

separated each complex into their ligand and protein parts. The protonation states for 

each protein chain were obtained with the web server H++ at neutral pH.100 To prepare 

the binding pocket for each of these complexes, the amino acid residues within 5 Å of 

the ligand in its native PDB complex pose were relaxed using the ff99SB force field in 

the AMBER12 package while weak positional restraints of 10 kcal/mol*Å2 were applied 

on the rest of the structure. The relaxation protocol consisted of 25,000 steps of 

steepest descent minimization3 in the gas-phase and was performed in the absence of 

the ligand to prevent any structural bias which would favor certain poses over others. 

These minimized protein structures were kept rigid in the remainder of the analysis. The 

ligand structures, on the other hand, were optimized at the density functional theory 

(DFT) level using the M06L functional30 in conjunction with the Dunning type aug-cc-

pVDZ basis set.101 The optimized geometries were utilized to obtain AM1-BCC partial 

charges and were used in the creation of the Generalized Amber Force Field (GAFF) 

parameters 5, 6, 102, 103 which were employed in conjunction with both ff99SB and ff94 

force fields during scoring.  

The optimized ligand structures were docked into their corresponding minimized 

binding pocket and their positions in the pocket were optimized using the ff99SB force 

field with the generalized Born (GB) solvent model. The ligands were then 

systematically translated and rotated using an in-house code. This process of 

systematically moving the ligand consisted of rotations of the whole ligand about its 

center of mass, rotating rotatable bonds within the ligand by 15° increments, and 

translating the ligand’s center of mass on an imaginary grid placed in the binding pocket 
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with a spacing of 0.5 Å. We termed this process “blurring”. If the perturbation yielded a 

new, chemically meaningful pose that does not place the ligand atoms on top of the 

receptor atoms or induce other significant clashes, it was then appended to the 

ensemble of protein-ligand geometries. The free ligand structures, i.e. the unbound 

ligands, were also “blurred” by having their functional groups rotated incrementally, just 

as in complex structures and this lead to an unbiased ensemble for the ligands as well. 

For strictly aromatic ligands with no rotatable bonds only one single ligand pose made 

up the free ligand ensemble. Also, bond to methyl groups were not treated as rotatable 

bonds. In this way, we ended up with the following: an ensemble of protein-ligand 

complexes, an unbiased “ensemble” of free ligands, and a rigid protein.  

Energy Scoring and Error Estimation  

The energies of each protein-complex pose, each free ligand pose, and each 

rigid protein geometry were calculated utilizing several protocols: (1) with the ff99SB 

force field coupled with the GB implicit solvent model, (2) with the ff94 force field and 

GB implicit solvent model, (3) with the ff99SB force field in the gas-phase, (4) with the 

PM6-DH2 semiempirical method in conjunction with the COSMO solvent model, (5) with 

the PM6-DH2 semiempirical method in the gas-phase. Molecular mechanics scoring 

was carried out with the AMBER12 suite of programs while the PM6-DH2 calculations 

were done with the MOPAC2012 package. 

The uncertainty and accuracy assessment for a particular free energy of binding 

relied on determining the uncertainty and accuracy of individual interaction energies 

associated with each protein-ligand complex pose making up that particular protein-

ligand complex ensemble. The polar and nonpolar interactions between the ligand and 

the binding pocket in every pose were counted and the systematic and random errors 
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per interaction were collected from the Biomolecular Fragment Database (BFDb).40 We 

used the “hsg” dataset and acquired the systematic and random errors with respect to 

the “gold standard” CCSD(T)/CBS level of theory.31, 104, 105 Then these individual errors 

were propagated to yield the cumulative error in the binding free energy as described in 

reference 52.52  

Theory  

The free energy of binding can be obtained directly with statistical mechanics 

without decomposing it into separate enthalpic and entropic terms. This is an advantage 

because it eliminates the need to estimate the errors introduced by individual enthalpic 

and entropic contributions, some of which are challenging to determine. Our algorithm 

samples from a canonical ensemble in which the volume, temperature, and number and 

composition of the atoms in the system remain constant in both the bound and unbound 

states of the protein and the ligand system. The partition function, which depends on 

positions and momenta of the particles in the system, is separable into a product of two 

separate integrals, one over positions and one over momenta, as the velocities of the 

particles are independent of the potential energy function.  The integral over momenta 

can be calculated analytically and the result depends only on the particle masses, the 

numbers of the particles, and temperautre of the system. As these variables do not 

change upon transitioning from the unbound state to the bound state, the integrals over 

momenta cancel in the ratio of partition functions of these two states.3 Hence, we used 

the ratio of the configurational integrals of the protein-ligand complex (PL), ligand (L) 

and protein (P) to define the free energy of the protein-ligand binding, ∆Gbind: 
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                    (4-1) 

For the configurational integral affiliated with the PL complex, we assumed that the 

entire set of degrees of freedom (DOF) could be classified into six groups representing 

various physical contributions: (a) Rigid translations (RT) of the PL complex: the entire 

complex could translate while keeping constant internal and rotational DOFs, (b) Rigid 

rotations (RR) of the PL complex: the entire complex could rotate while keeping a 

constant position of center of mass and internal DOFs, (c) Rigid docking translations 

(RDT): the ligand could translate while the ligand’s rotational and internal DOFs were 

constant and protein’s DOFs were fixed, (d) Rigid docking rotations (RDR): the ligand 

could rotate while its center of mass, internal DOFs and protein’s DOFs were constant, 

(e) Internal protein DOFs (IP), and (f) Internal ligand DOFs (IL). 

In this expansion of DOFs, RT and RR deal with DOFs specific to the entire 

complex. RDT and RDR handle DOFs regarding the positioning of the ligand relative to 

the protein. IP and IL span the remaining DOFs and are specific to the protein and 

ligand DOFs, respectively. Hence, the total configuration space of the PL complex 

should be spanned by these six classes of DOFs, which when combined form the 

following integral: 

        (4-2) 

Similarly, the configurational integral associated with the ligand was assumed to span 

(a) RT of the free ligand: it could translate while keeping constant internal and rotational 

DOFs, (b) RR of the free ligand: it could rotate while keeping a constant position of 

ΔGbind = −RT ln
e−βEPL (r ) dr∫

e−βEL (r ) dr∫( ) e−βEP (r ) dr∫( )
$

%

&
&

'

(

)
)

e−βEPL (r ) dr∫ = e−βEPL dr
IL−bound∫IP−bound∫RDR∫RDT∫RR∫RT∫
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center of mass and internal DOFs, and (c) IL: internal DOFs of the free ligand. This 

yields: 

     (4-3) 

Likewise, three classes were identified to collect the protein’s DOFs: (a) RT of the 

unbound protein: it could translate while keeping constant internal and rotational DOFs, 

(b) RR of the unbound protein: it could rotate while keeping a constant position of center 

of mass and internal DOFs, and (c) IP: internal DOFs of the unbound protein which 

results in: 

     (4-4) 

In all of these integrals RT and RR do not affect the energy, so the energy is 

constant with respect to them. We can evaluate the integrals as the volume of phase 

space associated with these DOFs times the value of the remainder of the integral. The 

PL complex, protein, and ligand can translate in a cubic box with the length equal to the 

average distance to another entity of their kind in a homogenous solution which allows 

us to assume a inverse concentration as the value of the RT phase-space volume.  

These integrals are thus reduced to: 

        (4-5) 

for the PL complex, 

    (4-6) 

for the free ligand, and 

    (4-7) 

e−βEL (r ) dr∫ = e−βEL dr
IL∫RR,L∫RT ,L∫

e−βEP (r ) dr∫ = e−βEP dr
IP∫RR,P∫RT ,P∫

e−βEPL (r ) dr∫ =
1
C

e−βEPL dr
IL−bound∫IP−bound∫RDR∫RDT∫RR∫

e−βEL (r ) dr∫ =
1
C

e−βEL dr
IL∫RR,L∫

e−βEP (r ) dr∫ =
1
C

e−βEP dr
IP∫RR,P∫
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for the unbound protein, respectively.  If we placed an arbitrary unit vector on the center 

of mass of each of these species, this unit vector could rotate to point anywhere on a 

unit sphere with a surface area of 4π. Each of these possible vectors could serve as a 

rotational axis about which the molecule could rotate 2π. So the volume of phase space 

for RR terms is 8π2 which transforms the above integrals into 

     (4-8) 

for the PL complex, 

        (4-9) 

for the free ligand, and 

      (4-10) 

for the unbound protein, respectively. 

We also assumed the protein’s internal DOFs would be constant as dictated by 

the rigid receptor approximation. The IP-bound piece would give the volume of phase 

space VP enclosing the internal DOFs affiliated with the protein within the PL complex 

times the remainder of the integral: 

           (4-11)
 

Monte Carlo (MC) integration was applied to the remaining DOFs for RDT, RDR 

and IL in the bound form. The volume of phase space comprising the RDT DOFs was 

the binding pocket volume in which the ligand’s center of mass could translate: Vpocket. 

The RDR DOFs span a volume of 8π2 with the same reasoning described above for the 

RR term. Finally, the volume of phase space containing the internal DOFs of the ligand 

e−βEPL (r ) dr∫ =
8π 2

C
e−βEPL dr

IL−bound∫IP−bound∫RDR∫RDT∫

e−βEL (r ) dr∫ =
8π 2

C
e−βEL dr

IL∫

e−βEP (r ) dr∫ =
8π 2

C
e−βEP dr

IP∫

e−βEPL (r ) dr∫ =
8π 2

C
VP e−βEPL dr

IL−bound∫RDR∫RDT∫
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in bound form was VL.  Here, we emphasize that VL is not an actual volumetric entity but 

an abstract quantity, which expresses the phase space occupied by the internal ligand 

DOFs. Thus: 

  (4-12) 

The pocket volume Vpocket was obtained by evaluating the smallest volume, which would 

fit the superimposition of the centers of mass of all the ligand conformations generated 

by the blur code within the binding pocket. 

Applying MC integration to Equation 4-9 leads to the following final expression for 

the configuration integral of the free ligand: 

       (4-13) 

The same operation on Equation 4-10 results in 

       (4-14) 

for the unbound protein. Since we employed a single, static protein structure in our 

calculations, there was no need for an average: 

      (4-15) 

By inserting Equation 4-13, 4-14, and 4-15 into Equation 4-1, we obtain: 

      (4-16) 

which reduces to our final free energy of binding expression: 
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   (4-17) 

In this expression, we sample over RDT, RDR and IL DOF’s of the PL complex and the 

IL DOF’s of the free ligand. Then using the conventional standard deviation formula106, 

the sampling error associated with this free energy of binding expression would be: 

    (4-18) 

The single point energies calculated for each pose making up the PL complex 

and free ligand ensembles contained both systematic and random errors as proposed 

earlier by Faver et al. 31, 107 These individual errors would accumulate in the final free 

energy of binding estimation and reduce the reliability of our results. Faver et al. 

attacked this problem by first classifying and quantifying the molecular interactions 

present between the protein binding pocket and the ligand, then assessing the 

individual fragment-based errors with a probability density function built with a reference 

database of molecular fragment interactions, and finally propagating these errors as 

ErrorSystematic = Nkµk
k
∑

ErrorRandom = Nkσ k
2

k
∑

         (4-19) 

where k stands for different interaction types in the reference database (e.g. polar and 

nonpolar), Nk is the associated interaction count, µk and σk
2 represent the mean error per 

interaction and variance about the mean error for interaction type k in the database.   

A generic function f(xi) has a systematic error which could be, in its simplest 

model, evaluated as  
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            (4-20) 

and a random error which could be estimated as 

     (4-21) 

where δxi expresses the uncertainty in the input variables. Faver et al. applied these 

operations in Equations 4-20 and 4-21 to the configuration integral Z and determined 

the total error of the free energies to be given as: 

 δGbind =
δEi

Syse−βEi
i∑
Z

±
e−βEi

Z
δEi

Rand#

$
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&

'
(

2

i
∑                          (4-22) 

where Z is the configuration integral, Ei stands for the microstate energies (here: 

energies of distinct PL poses), Ei
Sys represents the systematic error within each 

microstate energy, and Ei
Rand designates the random error contained in each microstate 

energy. This can also be written as 

    (4-23) 

where Pi is the normalized weight of the microstate i. That is, the first part of this 

expression provides the systematic error in free energy of binding as the Boltzmann-

weighted average of the systematic error of each microstate, while the second part 

gives the accompanying random error in form of a Pythagorean sum of the weighted 

random errors of each microstate.  

Since systematic errors shift the results only in one, known direction, they can be 

corrected in a post hoc manner once their magnitudes are determined. Random errors, 

on the other hand, cause alterations in both directions, which are not predictable. This 
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eliminates the possibility of a post hoc correction. The formula shown in Equation 4-23, 

however, suggests that if multiple microstates were considered in the binding free 

energy estimate, the second part related to the random errors would decay significantly 

because of the probability Pi within the Pythagorean sum. The impact of inclusion of 

numerous microstates on the cumulative systematic error is not as big as on the 

cumulative random error since the Pi values would add up to one eventually in the 

summation of the first part whereas the random error part would always get a coefficient 

which is less than one due to the Pythagorean sum. This was demonstrated with 

several thought experiments: The higher the number of states included, the less the 

random error encountered.52  

Our “blur” code accomplishes an exhaustive local sampling of the ligand within 

the protein binding pocket, in other words it creates the largest plausible PL complex 

ensemble given the input criteria, so that the uncertainty in the estimated free energy of 

binding is minimized as much as possible. As stated earlier, systematic errors can be 

accounted for completely assuming our reference “gold standards” are perfectly 

accurate. Hence, each pose making up the PL complex ensemble was analyzed for 

their protein-ligand interactions. Due to the strictly nonpolar nature of the binding pocket 

of interest, all the interactions detected were of van der Waals type. Then utilizing the 

Biomolecular Fragment Database, the systematic and random errors present in the 

energy of each PL complex pose were estimated. Systematic errors were removed from 

these microstate energies and then the corrected PL complex energies were used to 

estimate the free energy of binding in the absence of systematic errors. The uncertainty 

of a particular binding free energy was computed as follows: once an error bar was 
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obtained for each pose making up the PL complex ensemble, a random value of error 

was selected from the associated error distribution and added to the pose’s energy 

which was already corrected for the systematic errors. These microstate energies were 

inserted into the final binding free energy formula shown in Equation 4-17 to yield an 

estimate of the binding free energy. A distribution of binding free energies was acquired 

by calculating the free energy in this manner 10,000 times. Its standard deviation was 

used to measure the imprecision in the computed free energy due to microstate energy 

uncertainties.  

Results 

Binding Affinity Estimates 

The protocol of exhaustively sampling the ligand configurations within and 

without the PL complex, i.e. “blurring”, calculating the free energy of binding for the 

system of interest directly from Equation 4-17, and estimating the uncertainty contained 

in the calculated binding free energy was tested on a congeneric series of eight 

T4Lysozyme L99A inhibitors: benzene, 2,3-benzofuran, indene, i-butyl benzene, indole, 

n-butyl benzene, p-xylene, and o-xylene with the PDB ID’s of 181L, 182L, 183L, 184L, 

185L, 186L, 187L ,and 188L, respectively.  A sample blurring process involving n-butyl 

benzene (186L) is represented in Figure 4-1 using the Visual Molecular Dynamics 

(VMD) program.46 The “blurred” ensembles were checked for duplicate poses in order to 

prevent double counting, which alters the final binding affinity estimates. Assuming 

unique poses would have distinct energies, recurring energy scores were filtered out 

from the PL ensemble scores along with their error estimations. Thus, only structurally 

unique poses were retained in the ensemble. 
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One disadvantage of this set is that the measured experimental binding affinities 

span a very narrow range of 2.1 kcal/mol and this is beyond the accuracy levels of most 

computational methods.91 Table 4-1 reports free energy of binding estimates obtained 

from force field scoring in implicit GB solvent and the semiempirical PM6-DH2 method 

with the COSMO solvation model.  Interestingly, we ended up with much more negative 

free energies of binding estimates regardless of the method employed. As seen in 

Figure 4-2, the binding free energy estimates acquired from PM6-DH2 calculations 

correlated better with the experimental values indicated by the higher R2 values of 0.56 

and 0.68 in conjunction with SMD and COSMO, respectively, compared to the 

calculated free energies of binding from the ff99SB microstate energies which gave R2 

values of 0.45 and 0.53 utilizing the GB and SMD solvent models, respectively. 

Considering how well PM6DH2 is parameterized for interaction energies, this is not 

surprising.31 The force fields ff94 and ff99SB showed very similar performances where 

the results changed by at most 0.8% from one to the other. That is why only one plot is 

given for the to force field approaches. Only the results from the more recent ff99SB 

force field are given.  

A correlation of 0.68 with the PM6-DH2/COSMO method is quite reasonable in 

the face of the approximations made. We employed a static binding pocket 

conformation, in other words, we did not account for induced-fit interactions between the 

protein and its ligand. Mobley et al. found that considering a single, static protein 

conformation yields poorer binding free energy estimates rather than when several 

protein conformations are included.89 They remedied this problem to some extent by 

performing independent local geometry optimizations of the complex for each ligand 
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and then simulating a rigid protein in its optimized geometry. For them this was a more 

severe problem because they were sampling with MD methods and ligands were prone 

to be energetically trapped in certain conformations if conformational changes in the 

protein were required to overcome the local trapping. In our procedure, ligands are less 

likely to get trapped in particular orientations because the phase space is searched 

systematically. Another source of inaccuracy might have been the physical variables of  

“blurring”. If we made use of an infinitely small grid size for the translations within the 

binding pocket, we would end up with a larger ensemble covering a larger phase space. 

Likewise, if the rotation increments were decreased to infinitesimally small values, a 

higher number of conformations would be produced ensuring a better sampling. Both of 

these fine-tuning steps may yield improvements.  

The origin of the consistent negative shift in the results from ff99SB/GB, ff94/GB 

and PM6-DH2/COSMO microstate energies might also have stemmed from the 

inaccuracies of the continuum solvation models we used, namely GB and COSMO.85  

According to the thermodynamic cycle shown in Figure 4-3 for protein-ligand binding in 

the gas-phase and solvent, a way to analyze this problem can be developed as follows: 

    (4-24) 

Assuming the free energies of solvation for the protein P and the protein-ligand complex 

PL would have nearly identical solvation free energies due to the closed binding pocket, 

we can write: 

          (4-25) 

We tested this hypothesis of almost identical solvation free energies of the protein P and 

the PL complex on the protein structure used for the benzene system and a sample 

ΔGsolv,P +ΔGsolv,L +ΔGbind,solv = ΔGbind,gas +ΔGsolv,PL

ΔGbind,solv = ΔGbind,gas −ΔGsolv,L
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benzene-protein complex structure out of the benzene PL ensemble. Because we are 

concerned with single poses for both, free energy and energy would be interchangeable 

in this case. We calculated the solvation energies by extracting the polar contribution to 

their ff99SB/GB energies and summing that up with the non-polar contribution obtained 

from the solvent accessible surface area using the LCPO algorithm.108 The solvation 

energy for the benzene-protein complex was -3075 kcal/mol, whereas the solvation 

energy for the unbound protein was -3073 kcal/mol. Hence, their difference is, indeed, 

negligible, which supports our hypothesis. 

Hence, the microstate energies could be computed in the gas-phase and then 

the free energy of solvation for the ligand could be subtracted from the free energy of 

binding in the gas-phase. We utilized the experimental solvation free energies for the 

ligands, if they were available. The results collected using this protocol employed the 

same equations as before and are shown in Table 4-2. 

Using these approximations, we obtained estimates for the binding free energies 

from in vacuo microstate energies and these calculated binding affinities were more 

negative than those we gathered from microstate energies incorporating a solvation 

model. Experimental solvation free energies were available only for benzene and 

benzene derivatives out of the set of eight ligands, which decreased our test set size. 

The solvation free energies were obtained from the Minnesota Solvation Database - 

version 2012.109 We are unable to report free energy of binding estimates for 

benzofuran, indene, and indole because of the missing ligand solvation free energies. 

The experimental solvation free energy values were smaller than the magnitude of the 
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GB and COSMO solvation values shown in Table 4-2 yielding more negative free 

energies of binding as seen in Table 4-3. 

In addition to these, we evaluated the free energy of solvation for all eight ligands 

with another continuum solvation model: the quantum mechanical SMD method by 

Truhlar et al.99 These values have been subtracted from the free energy of binding 

estimates in accordance to Equation 4-25 to produce the final estimates for the free 

energy of binding for the whole set as shown in Table 4-4. Akin to the previous set of 

results using the experimental free energies of solvation for ligands, the free energies of 

binding turned out to again be too negative. The correlation to the experimental binding 

affinities improved considerably from 0.45 to 0.53 when the SMD values were 

incorporated along with the gas phase free energy of binding estimates from the ff99SB 

microstate energies compared to the results obtained with the GB solvent model shown 

in Table 4-1. The PM6-DH2/COSMO combination, however, reproduced the trend in the 

measured binding affinities significantly better than the PM6-DH2/SMD pair as the R2 

values show: 0.68 vs. 0.56. Figure 4-2 summarizes the information contained in Tables 

4-1, 4-3, and 4-4 in the form of a plot. 

For comparison purposes, we also performed a standard docking protocol on 

these systems and examined the correlation of the scores for the top hits to the 

experimental free energies. The Glide Standard Precision (SP) and Extra Precision (XP) 

algorithms110-112 were applied which lead to R2 values of 0.28 and 0.37, respectively.  

Error Analysis 

Systematic error correction and uncertainty determination was conducted on the 

results obtained with ff99SB/GB, PM6-DH2/COSMO, ff99SB/SMD, PM6-DH2/SMD 

scoring methods. Using the Biomolecular Fragment Database and the iterative error bar 
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assignment protocol, the systematic errors and uncertainties plotted in Figures 4-4 and 

4-5 were collected. For the binding affinity estimates obtained from force field energy 

scoring, accounting for the systematic errors moved the binding free energy estimates 

in the wrong direction although these corrected errors were tiny. Depending on the Vpocket 

value, the completely entropic term –RT ln(Vpocket C) contributes 0.5 to 1.5 kcal/mol to the 

free energy of binding at 300 K and a concentration of C= 1 M which were used 

throughout in our calculations. Thus its possible miscalculation cannot fully rationalize 

this systematic negative shift. There must be another source of inaccuracy arising from 

our binding free energy evaluation scheme which would shift the results to much more 

negative values. The calculated binding free energies with PM6-DH2/COSMO suffer 

even from a bigger shift to more negative values as displayed in Figure 4-5 while they 

have considerably higher precision, which is not surprising given our earlier 

observations.31 

In addition to insufficient sampling, we suggest inaccuracies partially originate 

from the static protein binding pocket approximation and inaccuracies of the solvation 

free energy of the ligand since the inaccuracies in the solvation free energies of the PL 

complex and the free protein would mostly cancel out in this particular system. To test 

the effects of these two possible sources of error, we designed Gedanken experiments. 

First, we assumed omitting the local relaxation of the binding pocket upon its interaction 

with the ligand would result in an energetic penalty of 2.00 kcal/mol. This destabilization 

of 2 kcal/mol was reflected in the systematic errors of the PL microstate energies as -2 

kcal/mol so that its application would yield a more stable microstate energy. We 

employed the same Monte Carlo error propagation protocol and observed a positive 
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shift in all the energy values both with ff99SB/GB and PM6-DH2/COSMO. We increased 

the hypothetical strain energy from 2 to 3 kcal/mol, which lead to a further improvement, 

i.e. closer estimates to the experimental results. The estimates obtained are displayed 

in Figures 4-6 and 4-7.  

A second Gedanken experiment aimed to reduce the errors arising from the 

solvation models employed in this study. As we pointed out earlier, due to the 

completely closed nature of the receptor pocket, the solvation free energy of the PL 

complex and of the free protein P largely cancel out. Thus, the only source of solvation 

model errors could be the solvation energy of the free ligand L. To quantify its 

inaccuracy, we compared the ligand’s experimental free energy of solvation to the 

solvation contribution to the absolute ligand energy. The difference was assumed to be 

the systematic error and this was combined with a hypothetical error bar of 1.00 

kcal/mol. If the experimental solvation free energies did not exist, we assumed the 

average of the systematic errors obtained for the ligands with experimental solvation 

free energies would give an acceptable estimate of the systematic error. Monte Carlo 

error estimation was extended such that it also iteratively assigns errors to the ligand 

piece in Equation 4-17. The results were surprising in the amount of improvement they 

yielded. Figures 4-8 and 4-9 demonstrate the trends. This solvation correction to the 

ligand was as effective as accounting for strain in the binding pocket. Both experiments 

were coupled where a hypothetical receptor strain of 3 kcal/mol and solvation free 

energy corrections for the ligand L were considered. Consequently, the binding free 

energy estimates were significantly enhanced to the point where half of the ff99SB/GB 

estimates contained the experimental results in their final error bars. With these two 
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small thought exercises we identified qualitatively two significant sources of error in our 

procedure.  

Convergence of Binding Affinity Estimates and Error Reduction 

As stated earlier, the precision of calculated binding free energies benefits from 

sampling. Since uncertainties cannot be eliminated in a post hoc manner, sampling 

actually presents the only way to improve uncertainties of calculated quantities, in this 

case, protein-ligand binding affinities. This was already demonstrated by Faver et al. via 

a thought experiment where they showed even increasing the sample size from N=1 to 

N=2 enhances the precision considerably.52 We applied this to our ff99SB/GB test set 

where we varied the sample size N from 1 to 5, 10, 25, 50, 75, 100 and increased it by 

25 from there on. The free energies of binding were calculated every time along with the 

associated uncertainty, which demonstrated the convergence of our binding affinity 

estimates and also displayed the rapid decay of the error bars with growing sample 

size.  

For our convergence analysis, the energies for each pose of the “blurred” 

ensembles were ranked and the poses associated with lowest energies were assigned 

to the smallest samples. In other words, the sample of N=1 consisted of the minimum-

energy pose, the N=5 sample contained the lowest five energies, the N=10 comprised 

the lowest ten energies and so on. Therefore the free energy of binding estimates rose 

as we included more and more microstates in our calculation. The maximum sample 

size was dictated by how compact the particular ligand was. For this system, N=50 

seems to be an acceptable sample size for a good binding affinity assessment. 

Unfortunately, the sample size of n-butyl benzene reaches only N=42, which suggests 
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that we might have under-sampled it or that it was packed very tightly into the binding 

pocket. With its large side chain, most of the produced poses lead to serious collisions 

with the binding pocket residues and hence had to be filtered out. Both the binding free 

energies and the error bars do not appear to change after N=50 as seen in Figure 4-10. 

A better presentation of the effect of sample size on the error bars is given in Figure 4-

11. The biggest impact on the random errors occurs when the ensemble size changes 

from N=1 to N >1 and the size of the error bars decrease drastically until N=25. After 

N=75, the uncertainties converge to their final values which are at least 3 kcal/mol less 

than what they were using only a single microstate. 

These two analyses prove the benefits of utilizing sampling rather than using 

single microstates. Over- or underestimating the final free energy values is almost 

inevitable and the obtained precision is the poorest with an ensemble of size N=1. Even 

adding just a few microstates with local sampling would result in a more accurate and 

precise binding free energy. If one found the most stable conformation of a particular 

ligand bound to the receptor and locally sampled from that minimum-energy 

conformation such that only the bottom of the deepest potential energy well was 

sampled, even this practice would account for a large part of the significant 

contributions to the configuration integral of the PL complexes in Equation 4-1 and we 

find that this would yield a much better free energy of binding estimate.  

Conclusions 

We evaluated the binding free energies and their associated uncertainty for a 

congeneric series of T4Lysozyme L99A inhibitors. These were calculated directly from 

the ratio of the configuration integrals of the protein-ligand (PL) complex, the protein (P), 
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and the ligand (L). Decomposition into entropic and enthalpic terms was not performed 

which presents an advantage: we did not have to work around the uncertainties arising 

from these separate terms. Especially computing entropy accurately would be a 

challenge. Importantly, we introduced for the first time a way to estimate the systematic 

and random errors in computed free energies of binding on the fly. This is a step 

forward for protein-ligand binding affinity calculation efforts because it allows for the 

understanding of the reliability of the computed quantity of interest. A workflow was laid 

out which involves creation of unbiased ensembles for protein-ligand complexes and 

unbound ligands via our in-house “blur” code, a direct binding free energy calculation 

formula from statistical mechanics, systematic error correction for microstate energies, 

and an error bar estimation protocol for the final binding free energy estimates. The 

microstate energies were obtained with the ff99SB force field and the PM6-DH2 

semiempirical method. Continuum solvent models were employed where the ff99SB 

force field was combined with the Generalized Born (GB) model and the PM6-DH2 

approach with the Conductor-like Screening Model (COSMO) model. In vacuo binding 

free energies were also calculated with the same methods and they were combined with 

the experimental and SMD-solvation free energies of the ligands. The systematic and 

random errors for each microstate were collected from the Biomolecular Fragment 

Database (BFDb) of Faver et al. and they were propagated as described elsewhere.52 

The results were promising:  they yielded reasonable correlation values (R2=0.45 with 

ff99SB/GB and 0.68 with PM6-DH2/COSMO) to the experimental binding affinities. 

However, they were all shifted to more negative values. We suggest that this artifact 

arises from the use of a single, static protein conformation, and the inaccuracies 
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contained within the solvent models as demonstrated via Gedanken experiments which 

showed improvements once these two sources of error were approximately accounted 

for. Insufficient sampling due to the dependency on the initial pose is another probable 

source of error. Hence, there is definitely room to improve our protocol. “Blurring” the 

protein would likely improve our estimates to include receptor flexibility. Likewise, 

exploiting explicit solvent for the force field scoring would enhance the results. 

Moreover, a bigger ensemble could be developed by utilizing finer settings during 

“blurring”, i.e. systematic perturbation of the ligand in or out of the binding pocket and 

potentially of the protein receptor itself. 

This work demonstrates the significant advantages of local sampling in 

enhancing precision of binding affinity estimates. It establishes the grounds for more 

sophisticated protein-ligand binding free energy calculations which correct for the 

systematic errors contained in microstate energies, hence leading to a more accurate 

free energy of binding estimation, and at the same time determining error bars for 

binding free energies by propagating the random errors contained in microstate 

energies. We believe presenting error bars with binding affinity calculations should 

become common practice in our community. Hopefully, this study would contribute to 

improving the reliability of the calculated binding free energies. 
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Table 4-1. The experimental and calculated binding free energies using microstate 
energies obtained with ff94 scoring in conjunction with the implicit GB solvent 
model, ff99SB scoring with the GB solvent model, and semiempirical 
PM6DH2 scoring with COSMO solvent model 

PDB Ligand 
Experimental 
ΔGbind 

ΔGbind 
 

ff94/GB ff99SB/GB PM6DH2/ COSMO 

181L benzene -5.2 -8.63 -8.64 -10.45 

182L 2,3-benzofuran -5.5 -10.43 -10.48 -15.51 

183L indene -5.1 -12.17 -12.10 -15.86 

184L i-butyl benzene -6.5 -19.18 -19.24 -19.90 

185L indole -4.9 -9.70 -9.68 -14.04 

186L n-butyl benzene -6.7 -20.60 -20.55 -19.84 

187L p-xylene -4.7 -15.78 -15.66 -13.93 

188L o-xylene -4.6 -14.09 -14.06 -13.68 

The systematic and random errors for each level of theory are also shown. All the 
numbers are in kcal/mol. 
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Table 4-2. Comparison of the solvation energies with GBSA, COSMO and SMD 
solvation models against the experimental solvation energies for the 
congeneric set of ligands 

Ligand GBSA solvation energy COSMO Solvation energy SMD experimental 

benzene -2.18 -2.01 -0.4 -0.9 

2,3-

benzofuran 
-5.69 -3.41 -0.8 - 

indene -3.48 -3.06 -1.3 - 

i-butyl 

benzene 
-0.84 -2.35 0.7 -0.4 

indole -7.54 -6.49 -4.4 - 

n-butyl 

benzene 
-0.74 -2.47 0.4 0.2 

p-xylene -1.44 -2.89 0.2 -0.8 

o-xylene -1.59 -2.92 -0.1 -0.9 
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Table 4-3. The experimental and calculated binding free energies using microstate 
energies from gas-phase ff99SB and PM6DH2 scoring with experimental 
(“exp”) free energies of solvation for the particular ligand 

Ligand 
Exp. 
ΔGbind 

Calculated 
in vacuo 
ΔGbind 

ff99SB 

Calculated 
in vacuo 
ΔGbind 

PM6DH2  

ΔGsolv/exp 

for ligand 

ΔGbind 

[ΔGsolv/exp
 

+ff99SB] 

ΔGbind 

[ΔGsolv/exp 

+PM6DH2] 

benzene -5.2 -13.27 -14.76 -0.9 -12.4 -13.9 

2,3-
benzofuran -5.5 -19.20 -21.84 - - - 

indene -5.1 -18.22 -22.58 - - - 

i-butyl 
benzene -6.5 -23.23 -26.35 -0.4 -22.8 -26.0 

indole -4.9 -19.39 -23.26 - - - 

n-butyl 
benzene -6.7 -25.46 -27.25 0.2 -25.7 -27.5 

p-xylene -4.7 -20.29 -20.82 -0.8 -19.5 -20.0 

o-xylene -4.6 -18.48 -20.88 -0.9 -17.6 -20.0 
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Table 4-4. The experimental and calculated binding free energies using microstate 
energies from gas-phase ff99SB and PM6DH2 scoring with SMD estimates 
for free energy of solvation 

Ligand Exp. ΔGbind 
ΔGsolv/SMD 
for ligand 

ΔGbind 
ff99SB/SMD 

ΔGbind 
PM6DH2/SMD 

benzene -5.2 -0.4 -12.9 -14.4 

2,3-benzofuran -5.5 -0.8 -18.4 -21.0 

indene -5.1 -1.3 -16.9 -21.3 

i-butyl benzene -6.5 0.7 -23.9 -27.1 

indole -4.9 -4.4 -15.0 -18.9 

n-butyl benzene -6.7 0.4 -25.9 -27.7 

p-xylene -4.7 0.2 -20.5 -21.0 

o-xylene -4.6 -0.1 -18.4 -20.8 
“Exp.” stands for experimental. 
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Figure 4-1. The process of “blurring”, i.e. systematically perturbing the ligand within the 

protein binding pocket, shown for n-butyl benzene (186L). A) Before blurring: 
Single conformation in the binding pocket, B) After blurring, numerous 
conformations superimposed in the binding pocket- front view, C) side view. 
Carbon atoms are displayed in grey and hydrogen atoms in white while red 
symbolizes oxygen and blue represents nitrogen.  
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Figure 4-2. Experimental free energies of binding plotted against calculated free 

energies of binding employing: (black) PM6-DH2 with SMD solvation model, 
(red) PM6-DH2 with COSMO solvation model, (green) ff99SB force field with 
GB implicit solvent model, (blue) ff99SB force field with SMD solvation model.  

  

-7 -6.5 -6 -5.5 -5 -4.5 -4
Experimental �Gbind (kcal/mol)

-30

-25

-20

-15

-10

-5
Ca

lcu
la

te
d 
�

G
bi

nd
 (k

ca
l/m

ol
)

PM6DH2/SMD
PM6DH2/COSMO
FF99SB/GB
FF99SB/SMD
R2=0.5620
R2=0.6798
R2=0.4532
R2=0.5273



 

119 

 
 

 
Figure 4-3. Thermodynamic cycle for protein-ligand binding in the gas and aqueous 

phases. P stands for protein, while L and PL represent ligand and protein-
ligand complex, respectively. 
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Figure 4-4. Systematic and random errors contained in the binding affinity estimates 

obtained from the ff99SB/GB (left) and ff99SB/SMD (right) microstate 
energies. 
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Figure 4-5. Systematic and random errors contained in the binding affinity estimates 

obtained from the PM6-DH2/COSMO (left) and PM6-DH2/SMD (right) 
microstate energies. 
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Figure 4-6. Free energy of binding estimates obtained with a Gedanken experiment, 

which assumes  the static protein binding pocket approximation introduces a 
strain energy of 2 kcal/mol (blue) and 3 kcal/mol (orange) per PL complex 
pose. The original results with the static receptor are shown in black. 
Microstate scoring was done with ff99SB/GB. 
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Figure 4-7. Free energy of binding estimates obtained with a Gedanken experiment, 
which assumes  the static protein binding pocket approximation introduces a 
strain energy of 2 kcal/mol (blue) and 3 kcal/mol (orange) per PL complex 
pose. The original results with the static receptor are shown in black. 
Microstate scoring was done with PM6-DH2/COSMO. 
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Figure 4-8. Gedanken experiments 1 and 2 combined. Blue represents the results with 
corrected solvation energy for the ligand and orange displays the results with 
both corrected solvation energy of the ligand and the receptor strain 
accounted for. Scoring was done with ff99SB/GB. 
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Figure 4-9. Gedanken experiments 1 and 2 combined. Blue represents the results with 
corrected solvation energy for the ligand and orange displays the results with 
both corrected solvation energy of the ligand and the receptor strain 
accounted for. Scoring was done with PM6-DH2/COSMO. 
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Figure 4-10. Convergence of binding free energy calculations for the ff99SB/GB test set. 
Blurred poses were sorted as such the ones with the most negative energies 
were included in the smallest samples, hence the increase in the binding free 
energy estimate. Sample size was increased gradually and its maximum 
depends on the compactness of the particular ligand. 
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Figure 4-11. Error bar propagation with growing sample size in ff99SB/GB calculations. 
Sample sizes of N=(1,5,10,25,50,75,100,125,…) were employed. N reached 
larger numbers for more compact ligands as the “blurred” ensembles for 
those were naturally bigger. After N=75, the random errors did not change by 
much in size. Enlarging the sample size decreased the uncertainties in the 
final free energy estimation by at least 3 kcal/mol. The biggest improvement, 
namely the sharpest decrease, occurred when transiting from N=1 to N>1. 
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CHAPTER 5 
DYNAMIC AND STRUCTURAL STUDIES OF THE N-TERMINUS OF THE 

INTRINSICALLY DISORDERED Cu(I) BINDING PROTEIN CusB  

Background 

In most organisms, copper-binding enzymes are usually membrane-bound or 

found in the periplasm.113 Escherichia coli is one of these: In E. coli the periplasm can 

contain significantly higher copper concentrations than the cytoplasm since copper is 

needed for periplasmic or inner membrane enzymes such as multi-copper oxidases, 

Cu,Zn-superoxide dismutases, or cytochrome c oxidase, the final enzyme of the 

respiratory chain.114 Still, periplasmic copper concentrations must be kept at low levels 

because Cu(I) can initiate the generation of reactive oxygen species (ROS) under 

aerobic conditions.114 This delicate balance is achieved through various metal-

resistance systems against excess metal concentrations including the RND-type 

(resistance, nodulation, division) transporters, which are common defense mechanisms 

not only in E. coli but all Gram-negative bacteria. Thus, they play major roles in the 

intrinsic and acquired antibiotic resistance of Gram-negative bacteria by facilitating their 

survival in otherwise lethal concentrations of drugs and metal ions.115 They also aid in 

expelling bacterial products such as siderophores, peptides, and quorum-sensing 

signals.116, 117 Clearer insight into these efflux mechanisms is of significant importance 

considering how antibiotic resistant pathogens represent a growing threat to human 

health. 

RND-type efflux systems consist of three fundamental components: an energy-

requiring inner membrane protein118, an outer membrane factor, and a periplasmic 

                                            
  Reprinted with permission from Ucisik, M. N.; Chakravorty, D. K.; Merz, K. M. Biochemistry 2013, 52, 
6911. Copyright 2013 American Chemical Society. 



 

129 

component.119 Proton-substrate antiporters of the RND protein superfamily serve as the 

inner membrane components and their exported substrate determines the subclass to 

which they belong. Accordingly, the inner membrane proteins ejecting heavy metals 

make up the heavy metal efflux subfamily and they are highly substrate-specific with the 

ability of differentiating even between the charge of the ions.118 The cytoplasm or the 

periplasm provide the substrates, depending on the properties of the particular efflux 

system and the substrate.120 

The CusCFBA efflux system in E. coli is responsible for extrusion of Cu(I) and 

Ag(I) and consists of CusA, the inner membrane proton/substrate antiporter of the 

heavy metal efflux-RND family, CusB, the periplasmic protein, and CusC, the outer 

membrane protein as shown in Figure 5-1.121-123 The Cus system has an additional 

fourth component, CusF, which acts as a periplasmic Cu(I)/Ag(I) metallochaperone and 

is vital for maximal metal resistance.122, 124 The periplasmic protein CusB is a member of 

the membrane fusion protein (MFP) family.125 It is hypothesized to stabilize the tripartite 

intermembrane complex through its interactions with CusA and CusC which is similar to 

the role that AcrA plays in the well-characterized multidrug efflux pump AcrAB-TolC.126-

129 Four domains were identified from the available crystal structures: the membrane 

proximal, beta-barrel, lipoyl, and alpha-helical domains. However, the most important 

part containing the three conserved metal binding Met residues could not be resolved 

with crystallographic techniques.126, 130 Mutation studies conducted on these three Met 

residues have resulted in the loss of metal resistance in vivo.131 Moreover, CusB and 

CusF interact temporarily in the presence of metal and have similar metal-binding 

affinities inferred from experimental findings where the metal in the medium gets 
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distributed approximately equally between them when mixed in equimolar 

concentrations in vitro.131, 132 Direct metal transfer between these proteins has also 

been shown experimentally.133  Chemical cross-linking/mass spectrometry experiments 

captured the CusB-CusF interaction, and underlined the significance of the N-terminal 

region in terms of protein- protein interactions and metal transfer.134 

Recently the N-terminal region of CusB (CusB-NT) was experimentally found to 

exhibit metal transfer from CusF by itself, although not as effectively as the full-length 

CusB, which rules out the hypothesis that CusB acts simply as a metal chelator. It must 

be inducing a structural change in the rest of the chain which gives rise to higher 

resistance. This change was actually captured experimentally, implying conformational 

flexibility.135 Yet the retention of the metal transfer ability by truncated CusB encouraged 

us to examine this region by itself in order to unravel the dynamics and structure of this 

highly disordered entity. Being highly disordered in their N- and C-terminal regions is not 

an uncommon feature of membrane fusion proteins. The N- and C-termini of the 

multidrug efflux MFP’s MexA and MacA could not be crystallographically resolved 

either.136-138 These regions appear to be of flexible and dynamic nature as the observed 

disorder suggests.   

Structural and dynamic properties of proteins can be probed simultaneously by 

molecular dynamics (MD) simulations, which make them especially useful for studying 

protein structure and folding.139 Recent attempts to examine the folding pathways of 

several peptides including villin headpiece 140-149, bovine acyl-coenzyme A 150, Trp-cage 

151-156, and Alzheimer amyloid beta 10-35 peptide 157 resulted in success suggesting this 
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technique has the potential to provide molecular-level insights into the structure of 

CusB. 

As stated above, the available crystal structures of the periplasmic protein CusB 

lack their N-termini. The absence of this very important piece hampers the ultimate 

modeling of the full metal efflux pump CusCFBA where metal uptake in the periplasm 

cannot be modeled. By determining a viable structural ensemble for CusB, whose 

members could transfer the metal from the open form of apo CusF, remains essential to 

reach our ultimate goal: simulating the entire metal extrusion process via CusCBA. 

Shedding light on this highly disordered domain would provide researchers with an 

ensemble of full model structures of CusB, which has been missing so far. Moreover, 

the insights gained would facilitate further insight on other disordered proteins.158  

In this chapter, we examine the structural and dynamic changes of the N-terminal 

region of CusB upon Cu(I) binding by simulating the apo and holo CusB-NT using MD 

simulations and analyzing the sampled phase space in each case with various analysis 

tools. 

Methods 

Initial Models 

We ran extensive MD simulations of 25 different initial models of the N-terminus 

region of CusB which were obtained with the protein structure prediction tools Quark159, 

I-Tasser160, 161, and Sparks-X.162 Quark is an ab inito protein folding and structure 

prediction algorithm, which is accessible through a web server. It constructs the 3D 

protein model from the amino acid sequence only with no global template information. 

Thus, it is useful for proteins without homologous templates. It was ranked as the 

leading server in free modeling in the CASP9 experiment.159, 163, 164 The second folding 
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server we used, I-Tasser, aims to predict protein structure and function by building 3D 

models based on multiple threading alignments and assembly simulations. The 

predicted models are then matched with the BioLiP protein function database.165 The 

latest CASP experiments ranked it as the number 1 server for protein structure 

prediction in addition to its first rank for function prediction in CASP9.166 The third server 

we employed was Sparks-X, which is one of the best performers in the CASP9 

experiment for single-method fold recognition. It is a template-based modeling algorithm 

which was established by weighted matching of multiple profiles and provides an 

improved scoring after taking into account errors in the predicted 1D structural 

properties.162 We refer to residues 29 through 79 of chain C in the crystal structure 

3NE5130 as the N-terminus region of CusB. Residues 1 to 28 constitute the signaling 

region and were not included in this study. The residue numbering is reported after 

subtraction of the signaling peptide.  

Computational Methods and Post-simulation Analyses 

Both apo and Cu(I)-bound versions of the N-terminal region of CusB  were 

simulated where all the protein and solvent atoms were treated explicitly. Each model 

system was solvated with the TIP3P triangulated water model49 in a periodically 

replicated rectangular water box whose sides were at least 10 Å away from the solute 

atoms. The systems were neutralized by addition of Na+ ions and charged amino acids 

were modeled in the protonated states obtained with the H++ protonation state server at 

physiological pH.100 The apo models were run through an energy minimization protocol 

of seven stages involving the minimization of only the solvent atoms and the counter 

ions (stage 1), minimization of the hydrogen atoms (stage 2), minimization of the side 

chains by gradually decreasing the harmonic positional restraints acting on them 
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(stages 3-6), and finally the energy minimization of the whole system with no positional 

restraints (stage 7). A total of 157,000 energy minimization steps were performed in 

total, 47,000 of which used the steepest descent protocol.3 The remaining 110,000 

steps utilized the conjugate gradient method for minimization.3 A two-stage equilibration 

protocol followed: first, the systems were heated slowly from 0 to 300 K over 200 ps of 

MD within the canonical ensemble (NVT) by maintaining a weak harmonic restraint on 

the protein, and then they were simulated for 10 ns at 300 K to check for the stability of 

the peptide chains after removal of the harmonic restraints at a constant pressure of 1.0 

bar for an isobaric, isothermal ensemble (NPT) using Langevin dynamics with a collision 

frequency of 1.0 ps-1.167 Periodic boundary conditions were imposed on the systems 

during the calculation of non-bonded interactions at all minimization and equilibration 

stages while the lengths of the covalent bonds involving hydrogen were constrained and 

their interactions were omitted with the SHAKE algorithm while the systems were 

heated.168 All the restraints on the systems were released before we started with the 

MD production runs with the apo models.  

The metal coordination site of CusB was experimentally found to consist of three 

Met residues (M21, M36, and M38) aligned in almost an equilateral triangle through 

their sulfur atoms where the S-Cu(I) distance was measured to be 2.3 Å in EXAFS 

experiments.133, 169 To correctly orient the metal binding residues for Cu(I)-binding in the 

apo systems, we employed 2 ns of steered MD on each of the 25 systems to bring the 

metal binding residues (M21, M36, and M38) into an hypothetical pre-organized state 

where the sulfur atoms would be 4.15 Å distant from each other in an equilateral 

triangular alignment using a harmonic restraint of 1000 kcal/mol*Å2. This distance value 
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was obtained from our optimization efforts involving methionine side chains and a Cu(I) 

ion at the density functional theory (DFT) QM level which were performed with 

Gaussian’0944 using the M06L DFT functional30 in conjunction with the double-ζ-quality 

LANL2DZ pseudopotential basis set for Cu(I)170 and the Pople type basis set 6-31G* for 

all the other atoms.32 In addition to providing the needed S-S distances and a general 

positioning in the metal site for the steered MD, these calculations confirmed the 

experimentally observed Cu(I)-S distance of 2.3 Å. Once we obtained the individual 

“pre-organized” geometries for the metal site on 25 models, we introduced the Cu(I) ion 

in the center of mass of the three sulfur atoms of M21, M36, and M38 after we had 

stripped all the solvent and counter ions from the final recorded snapshot at the end of 

the 2 ns simulation time which yielded 25 holo models. The metal-bound systems were 

represented by a bonded model where the metal parameters were obtained with 

MTK++/MCPB functionality171 of AmberTools version 1.5.172 A frequency calculation 

was run on the optimized structure (M062X/LANL2DZ-6-31G*) of the binding site using 

Gaussian09 to collect the bond and angle parameters.173 The charges for the Cu(I)-

bound ligands were calculated using RESP (M062X/6-31G*) within the MTK++ 

program.174, 175 

Having equilibrated the apo models and holo models, we proceeded with 200 ns 

of conventional MD and 400 ns of accelerated MD (aMD)176 for each of these 50 

systems which adds up to a total simulation time of 5 microseconds of MD and 10 

microseconds of aMD for both apo and holo models. The MD simulations were run with 

the ff99SBildn force field177 of the AMBER11 package172 where for the aMD simulations, 

the same force field in the AMBER12 suite was utilized.95 The aMD parameters were 
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obtained from the 200-ns MD runs for each of the 50 systems as described in the 

AMBER12 manual and an extra boost was applied to the torsions. Throughout the 

production simulations the SHAKE algorithm was used to constrain covalent bonds 

involving hydrogen. The Particle mesh Ewald (PME) method was utilized for long-range 

electrostatic interactions and an 8-Å non-bonded cutoff was applied to limit the direct 

space sum in PME.178 The temperature of the systems was maintained at 300 K with 

Langevin dynamics (collision frequency of 1.0 ps-1). Frames were collected every 2 ps. 

A selected subset of these snapshots were employed in distance, angle, dihedral, root 

mean square deviation (RMSD), root mean square fluctuation (RMSF), correlation 

analyses, entropy calculations and clustering of trajectory frames with the ptraj utility of 

AmberTools version 1.5. The average-linkage algorithm with a maximum eccentricity of 

5 Å was used in clustering the frames. NMR chemical shifts were assigned to backbone 

atoms extracted from snapshots separated by 0.5 ns with SPARTA+.179 A smaller 

subset of these snapshots with a frame separation of 20 ns was employed in secondary 

structure predictions with the Stride program.180 Visual molecular dynamics (VMD) was 

utilized to visualize the molecular structures46 while Gnuplot181 and Grace software were 

used to plot the data. 

Results 

Effect of Cu(I) Binding 

The N-terminus of CusB was found to be mostly disordered in previous circular 

dichroism and NMR experiments involving its apo and Ag(I)-bound versions.135 Before 

we started with the MD simulations, we assessed the expected level of disorder in the 

CusB N-terminus with SPINE-D, an online artificial neural network server which 

classifies regions of a given protein chain as ordered or disordered based on the protein 
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sequence only.165 The results are shown in Figure 5-2 and CusB-NT is predicted to 

have significant disorder while some order was estimated for two regions around the 

residues 16-25 and 38-41, which roughly corresponded to the metal coordination sites. 

This result, combined with the experimental findings, prepared us for the fact that a very 

careful analysis was needed to extricate insights into the intrinsically disordered protein. 

Both in the apo and holo trajectories of CusB N-terminus domain, there are some 

motifs which were visually observed repeatedly: an anti-parallel beta sheet configuration 

in the central part, a small beta-sheet structure at the N-terminus of the CusB-NT chain 

which sometimes aligns with the antiparallel beta sheets in the center to form a triple 

antiparallel beta sheet conformation, the N- and C-termini tails folding into short helices, 

and the 1-turn α-helix in the loop connecting the metal binding residues M21 and M36. 

Figure 5-3 gives sample structures observed in the simulations containing some of 

these features. Naturally, the Cu(I) ion bound to the three Met residues M21, M36 and 

M38 provides some degree of constraint to the chain motion which renders the holo 

form slightly more ordered around the metal binding region. Hence, the apo protein 

adopts a larger number of conformations.  For both forms, we observed the maximum 

mobility in the CusB-NT chain ends. The N-terminal end, (residue numbers 1-10), is 

even more mobile than the C-terminal end and the latter would normally be attached to 

the rest of the CusB chain whose crystal structure had been already resolved by X-ray 

crystallography techniques. Both in the holo and the apo forms, the N-terminal of the 

CusB-NT chain often folds into a small alpha helix in addition to the beta sheet it forms 

occasionally. As our RMSD analysis suggests though (see Figure 5-5 and discussion 

below), substantial structural changes occur during the simulations. We observe 
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numerous structural motifs, ranging from rather extended to more globular where the 

termini and the M21-M36 loop fold against the antiparallel beta sheet motif in the center. 

Hence, the beta sheets act like a core region leading to a rather compact shape along 

with the M21-M36 loop and the transient secondary structure (beta strand or alpha 

helix) in the C-terminus of the CusB-NT. 

We also made use of secondary structure predictions to quantify the observed 

structural similarities between the apo and Cu(I)-bound protein models. These were 

established using the Structural Identification (STRIDE) algorithm which uses atomic 

coordinates for assignment.180 The frames were isolated from the MD and aMD 

trajectories and the secondary structure elements assigned to each frame were 

combined into a matrix, which was displayed with the color-coding as seen in Figure 5-

4. We analyzed the MD and aMD data separately in each case. Since we simulated the 

holo version for a longer time using aMD, we ended up with more frames contributing to 

this matrix because the frame separation was kept at 20 ns at all times. It must be noted 

that the covered phase space with aMD going from one frame to the next, is larger due 

to the enhanced sampling of aMD. Hence, greater structural changes are to be 

expected. Actually, our test runs indicate an acceleration of three to forty five-fold in 

sampling the phase space depending on the starting point as tracked from the 

backbone RMSD profiles of arbitrary model structures. Thus, the MD trajectories tend to 

retain the secondary structure elements over consecutive frames. On the other hand, 

the aMD trajectories gives a more striped appearance due to the increased 

conformational variability of the snapshots and do not stack up as seen in MD matrices. 
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The bottom panels reveal this effect very clearly: the longer the separation between the 

snapshots, the less continuous the matrix representation. 

For both apo and holo simulations, turns and coils shown in white dominate in 

terms of the observed secondary structures, which implies a large extent of disorder 

throughout the protein structure. In addition to these, the persistence of the beta sheet 

motif can be seen in the red spots around residues 13-16 and 40-44. In the aMD 

trajectories, the alpha helix in the beginning part of the chain (first ten residues) 

dominates the picture. Helices are known to require time frames around 200 ns to form, 

which in turn makes them rarer in our MD trajectories182, 183 in comparison to the aMD 

trajectories.180, 181 The small helix forming in the loop region connecting M21 and M36 

sometimes appears in the apo aMD simulation, but it’s not a persistent structural 

element for the holo version. The most significant insight gained through these matrix 

representations is how much disorder is seen throughout the protein chain.  

Nonetheless, this analysis gives structural and timescale insights into the formation and 

unraveling of secondary structural elements in a disordered protein.184 

RMSD data served as another tool to assess the extent of structural variability of 

the apo and holo versions of the CusB N-terminal. The RMSD ranges and distributions 

observed in the MD trajectories for individual apo and holo models do not differ 

drastically as seen in Figure 5-5.  The mean RMSD for the apo aMD trajectories is 

10.86 ± 2.11 Å while for the holo aMD trajectories it is 12.32 ± 2.76 Å. The RMSDs of 

the apo models span a range of 5-18 Å where changes within one trajectory are minor: 

usually about 2 Å, although it reaches 6 Å for some models. 
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Surprisingly, the RMSD spread for the holo models is 6-22 Å while the RMSD 

within one trajectory remains mostly at much lower values of 2-3 Å. Here we experience 

the benefits of having started our MD runs from twenty-five distinct starting points to end 

up with good overall sampling. The RMSD values for each starting structure with 

respect to an arbitrary starting structure were computed to determine how dissimilar the 

starting models were and they turned out to have an RMSD of at least 5 Å with respect 

to an arbitrary model. The aMD data broadens the observed RMSD ranges slightly: 5-

23 Å for apo and 4-24 Å for the holo models. More importantly, the RMSD ranges 

spanned by single trajectories exceed 10 Å in certain cases which indicates better 

sampling, as expected, and would push the different conformations from different 

portions of the potential energy surface to other regions. In this way “energetic traps” 

were avoided by switching to different starting points.  

The Cu(I)-bound structures experience greater structural changes both in the MD 

and aMD trajectories compared to their apo counterparts which is counterintuitive with 

what one would anticipate because of the reasonable hypothesis that the metal ion 

would restrain the chain motion. This is observed both in the individual RMSD profiles 

and in the distribution of the RMSD values for the apo and holo trajectories. In Figure 5-

5, the distribution of the RMSD values associated with the holo trajectories is broader 

and its mode is greater than the one for the apo distribution. Although the analyzed 

trajectories are from the production phase, it appears that the polypeptide chain is still 

adapting to this extra constraint by fluctuating to a greater extent and searching for 

stable conformations.  This is in contrast to recent work on CzrA, where metal binding 
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(Zn(II)) lead to a reduction in the number of states sampled by CzrA relative to its apo 

state.185 

The RMSF profile is a measure of the mobility of the alpha carbons of the protein 

chain. In this case, the analysis shows that the end residues are more mobile compared 

to the rest of the molecule for both apo and holo conformations. The individual plots 

obtained from the individual MD trajectories contain various minima and local maxima in 

the interior parts of the chain. The RMSF profiles from the aMD trajectories provided 

useful insight where some trends are observable: for the apo models the most stable, 

i.e. showing the lowest atomic fluctuations, residues are T9, R12, I14, F27, S33, and 

K43 as seen in Figure 5-6. The reduced mobility around residue T9 is mostly associated 

with the formation of the alpha helix in the N-terminus tail of CusB-NT, which ceases to 

some extent upon addition of metal as indicated in the lower panels of Figure 5-4. I14 

and K43 fall into the beta sheets making up the central beta sheet motif, which 

emphasizes the tendency for this secondary structural element to form and stay stable 

over long time frames. R12 is adjacent to the first beta strand and is stabilized by the 

central beta motif. F27 and S33, on the other hand, are involved in extensive hydrogen 

bonding with other residues in the M21-M36 loop (Figure 5-11, see discussion below). 

This intermolecular interaction network reduces the mobility of these two residues. The 

loop region between M21 and M36 becomes almost as mobile as the tails of the chain 

towards the middle for some of the trajectories. Incorporation of the metal introduces a 

constraint to free motion and diminishes the atomic fluctuations of the metal ligating 

residues (indicated in Figure 5-6). The minima of the averaged atomic fluctuations for 

the holo version of the CusB N-terminal region are found at M21 and M36. Interestingly, 
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the Cu(I)-binding residues M21, M36, and M38 in the holo models do not necessarily 

show minimal fluctuations in some of the individual trajectories. We ensured that this 

does not trace back to the disruption of the metal site; the S-Cu(I) distances have been 

analyzed throughout and were confirmed to conserve the bonding distances at all times. 

Visual inspection aids in confirming these seemingly contradictory observations: The 

loop connecting the M21 and M36 residues moves to both sides of the central beta 

sheet motif similar to a flap which enhances the mobility of the Met’s bound to Cu. 

Comparing the atomic fluctuation profiles of single models obtained from the 

aMD trajectories reveals that the minima are less spread in the holo chain. The fact that 

the immobilization effect remains only local around the metal binding residues becomes 

even more obvious in the cumulative RMSF profiles in Figure 5-6. Looking at the 

individual profiles of the apo models, on the other hand, the motions seem to be 

dispersed along the chains more evenly. However, this artifact disappears in the 

cumulative graph.  

We next calculated NMR chemical shifts for the apo and holo forms of CusB-NT 

using SPARTA+.179 These shifts were calculated for a total of 20,000 snapshots of the 

apo and holo models and averaged structures. The program could only calculate 43 

backbone N’s and their associated H’s because the first amino acid residue is exempt 

from predictions and there are seven Pro residues without an amide hydrogen leaving 

43 residues in total. The average shifts for the backbone nitrogens (N) and their 

hydrogens (HN) were plotted with and without their standard deviations (Figure 5-7). 

The conclusion, which can be drawn from these calculations, is that no striking 

structural differences other than the local organization of the metal binding site occur 
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between the apo and the Cu(I)-bound versions of the CusB N-terminal, which is 

consistent with the experimental observations involving Ag(I).135 Additionally, this 

resembles the metallochaperone CusF where the apo and the metal-bound structures 

were similar to each other.124, 186-188 

In addition to the above, we investigated numerous structural properties in order 

to identify the structural changes induced by the metal binding. To determine these 

properties, we focused on the prominent structural motifs. The first was the beta sheet 

motif in the center of the chain. The distance between the two antiparallel beta strands 

measured from the center of mass of the residues 13-16 (strand 1) to the center of 

mass of the residues 41-44 (strand 2) emerged as a good coordinate to estimate the 

extent to which these two beta sheets maintained their antiparallel alignment. This 

distance is measured to be around 5-6 Å when the two beta sheets are found to be in 

the antiparallel configuration. The inset of the Figure 5-8 further illustrates this distance. 

The histogram showing the distribution of this distance over the apo and holo 

trajectories shows that the majority of the observed snapshots locates the two beta 

strands 5-6 Å apart from each other which implies that this central motif is one of the 

key structural elements in this disordered protein chain (Figure 5-2). The range for this 

specific distance spans values from 3 to 66 Å, suggesting that most, if not all of the 

available phase space is visited. 

Secondly, to check the relative positioning of the two beta strands belonging to 

the central beta motif the dihedral angle formed by the centers of mass of L15, I14, K43, 

and P42 residues was probed (Figure 5-9, right). Dihedral angles of 0 degrees would 

imply an antiparallel conformation. As seen in the histogram in Figure 5-9, the global 
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maximum occurs at around 0 degrees for both the apo and the holo trajectories of 

CusB-NT suggesting that the antiparallel beta conformation is the most favored 

although it comprises only ca. 10% of the whole spectrum. Other peaks occur around -

120, -30, 60, and 90 degrees indicate other common alignments in the trajectories. The 

similarity in behavior of the apo and holo models underlines the fact that this beta motif 

is one of the key structural features of the CusB N-terminal region, as suggested by the 

data of Figure 5-8. 

Further analysis aimed to explore the conformational preferences of the loop 

connecting M21 and M36 relative to the central beta motif, whose importance we have 

highlighted. The dihedral involving the center of mass of F16 (in the central beta sheet), 

M21, M36 and the common center of mass of the residues D28, K29 and P30, which 

falls on the midpoint of the big loop connecting M21 and M36, was examined for this 

purpose (Figure 5-10, inset). Not surprisingly, the apo and Cu(I)-bound models do not 

differ significantly. It appears that this loop tends to locate itself somewhere on the 

range of 0-120 degrees from the central beta motif while for the holo models, angles of 

0-30, 70-80, and 90-100 degrees dominate. For the apo models, dihedrals of 0-60 

degrees are more common (Figure 5-10). As more sampling is included in the analysis 

with the aMD trajectories, the peaks covering the range of 0-60 degrees flatten out for 

both the apo and the holo models giving rise to a more dispersed distribution. The 

distribution of the data obtained from the holo aMD trajectories shows two maxima at 

around 0-30 and 90 degrees. The one associated with the apo aMD data peaks at 

around 30-70 degrees.   
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To further understand the spatial alignment of the loop, a distance analysis was 

conducted on the residues, which constitute the loop (residues 22-35) and the ones 

close to the loop (residues 17, 19, 37, and 39), which may interact with the loop 

residues. Figure 5-11 shows these distance trends: hydrogen bonding between the 

backbone oxygen of S33 and the amide hydrogen of F35 occurs in almost 80% of all 

the snapshots taken both from the apo and holo trajectories. This is by far the most 

prevalent interaction inferred from this analysis. In 50% of the snapshots this hydrogen 

bond is a strong one since the carbonyl oxygen-amide nitrogen distance is less than 3 

Å.  S33 and F35 are located at the hinge of the loop when it folds against the beta motif, 

and favor this type of folded alignment. The side chain oxygen of the S33 and the amide 

hydrogen of F35 also interact in ~25% of all the frames in the apo and Cu(I)-bound 

simulations. This interaction alternates with the previous S33O-F35NH interaction from 

time to time, emphasizing the importance of F35 and S33 in determining the spatial 

arrangement of the loop. Alternatively, the side chain oxygen of S33 interacts with the 

amide hydrogen of M36 in almost 10% of the snapshots taken from both the apo and 

holo trajectories. This adds to the structural importance of residue M36: binding the 

Cu(I) ion and aiding in structural organization of the domain by facilitating the folding of 

the big loop with hydrogen bonds at the hinge point. In addition to these interactions, the 

backbone carbonyl oxygen of D19 and the amide H of Y22 form a backbone hydrogen 

bond on the other end of the loop and this acts as a hinge as well which is observed in 

~20% of the apo and ~40% of the holo conformations. Very rarely, the amide H of D19 

and the backbone O of Y22 form hydrogen bonds. Another interesting point revealed in 

the distance analysis is the formation of the 1-turn helix within the M21-M36 loop whose 
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formation is made possible through the backbone hydrogen bonding involving the 

residues P23-R26 and N24-F27. This is observed in almost 20-30% of the apo and holo 

models. 

An additional structural property was examined to gain insight to the general 

shape of the M21-M36 loop. The distance between the Cu(I) ion and the center of mass 

of each residue constituting the loop connecting M21 to M36 was calculated for every 

snapshot taken from the holo trajectories (Figure 5-12). This analysis reveals that the 

loop is mostly oval shaped. Standard deviations increase for residues closer to the 

middle of the loop implying that they are more mobile as they move further away from 

the hinge points. 

Finally, to examine the reversibility of the structural effects caused by metal 

binding, we randomly picked one of the 25 models and removed the Cu(I) ion from 

snapshots at 100 ns (“snapshot 1”) and 200 ns (“snapshot 2”) into the conventional MD 

simulation. We solvated, minimized, and equilibrated these two structures using the 

protocol described in the methods section and ran 200 ns of conventional MD on them. 

We tracked the backbone motions of the new trajectories both visually and with root 

mean square fluctuation (RMSF) and root mean square deviation (RMSD) analyses. 

These were compared to the corresponding analyses of the original apo trajectory of the 

same model. Accordingly, both the RMSD and RMSF profiles of snapshot 1 track the 

backbone motions of the original apo trajectory very closely, which suggests they may 

be covering similar regions of phase space. However, for snapshot 2 the recovery of 

apo behavior was not as clear. Although the original apo behavior of this particular 

model is not obtained in the snapshot 2 trajectory, the main secondary structural 
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elements like the central beta motif and the loop between M21 and M36 emerge in the 

middle of the trajectory, which is a point visited by other apo models, as the STRIDE 

analysis qualitatively demonstrates. 

Decomposing the Disorder 

Our original hypothesis envisioned that we would be able to extract probable 

structures for the Cu(I)-bound version of the CusB N-terminal region, which would 

further guide experimental analysis of this domain. Through visual inspection and the 

RMSF analyses, we observed the chain ends to be, not surprisingly, more mobile than 

the rest of the chain. This led to the idea of splitting the chain into three “subdomains” 

and analyzing these individually: The tails, the central beta motif, and the Cu(I)-site 

along with the big loop. These are shown in the insets of Figure 5-13 and Figure 5-14. 

Considering the atomic fluctuations of the alpha carbon atoms presents a useful 

quantitative way to justify how we determined the subdomains. As seen in Figure 5-13, 

the fluctuations behave consistently in the designated subdomains. Both tails show 

elevated backbone motion in the Cu(I)-bound version compared to the apo, which is 

designated as the first subdomain and displayed with a green background. In the central 

beta motif there is a changing trend in the RMSF: the beta region of the holo models 

become less mobile towards the metal binding site while this is inverted for the apo 

models. In other words, the chain fluctuations decrease in the holo models as one 

approaches the Cu(I) site while the opposite behavior is observed in the apo models. 

Thus, the region can also be considered as a distinct subdomain and is indicated with a 

grey background in Figure 5-13. The M21-M36 loop region constitutes the third 

subdomain as it displays a local stabilization upon metal binding, and a higher mobility 

in the apo models (pink background). 
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In this partitioning, the most stable subdomain was the Cu(I)-site and the M21-

M36 loop followed by the central beta sheet motif and then the tails as seen in the 

RMSD distribution in Figure 5-14.  The RMSD distribution profile shows that the tails 

have the highest extent of structural changes yielding the widest RMSD distribution with 

the greatest mode value of almost 10 Å, further confirming that the most significant 

chain motion happens there. Interestingly, the biggest change in the RMSD distributions 

upon metal binding is detected in the beta motif region which points to the largest 

acquired ordering in contrast to what might have been expected to happen in the third 

subdomain containing the metal site and the loop. The beta motif is likely to assist in 

generating a pre-organized state suitable for metal binding and this hypothesis 

emphasizes its structural significance. The average RMSF profiles in Figure 5-13 also 

support this finding where the alpha carbons of the residues constituting the Cu(I)-site 

and the big loop display the lowest atomic fluctuations while the highest atomic 

fluctuations stem from the tails of the protein chain. Additionally, clustering the split 

trajectories yielded a much lower number of clusters in general, while the lowest 

number of clusters were produced by the most stable subdomain constituting of the 

Cu(I)-site and the M21-M36 loop. More specifically, a subset of 6,000 frames from each 

subdomain was clustered using the ptraj utility of AmberTools version 1.5 using the 

average linkage algorithm, which resulted in 303, 22, and 4 clusters for subdomains 1, 2 

and 3, respectively. Hence, we could observe that the tails are mostly responsible for 

the disordered state of the N-terminal region of CusB. This led us to isolate the tails 

(subdomain 1) from the CusB-NT and cluster the remainder, namely the subdomains 2 

and 3. This protocol provided us with 261 clusters, which is a large decrease from the 
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1646 clusters when the entire CusB-NT chain was analyzed in an analogous manner. 

Thus, the observed disorder can be largely attributed to subdomain 1, the N- and C-

termini, of the CusB-NT domain. Based on this observation we propose that even the 

smaller construct of subdomains 2 and 3 might form a functionally competent metal 

binding domain. 

Conclusions  

In this study we explored the conformational dynamics of the apo and Cu(I)-

bound CusB N-terminal region to assess the impact of metal binding on this mostly 

disordered protein domain, which lacked an experimentally resolved structure. To obtain 

viable starting points, we utilized online protein folding servers Quark159, I-Tasser160, 161, 

and Sparks-X162 which gave promising results in CASP competitions. 25 starting models 

were obtained and used in extensive MD simulations to study the structure and 

dynamics of the CusB N-terminal region. Moreover, we applied the accelerated MD 

enhanced sampling method of Pierce et al.176 for another 10 microseconds of sampling 

in addition to 5 microseconds of classical MD simulations. The Cu(I) ion was inserted 

into the apo models after generating pre-organized metal binding sites according to the 

available experimental information regarding the binding site. A bonded force field was 

created which attached the three coordinating Met residues (M21, M36 and M38) to the 

Cu(I) ion in a trigonal planar (triangular) alignment over the course of these simulations. 

The holo models generated in this way were simulated for the same amount of 

simulation time, which provided us with sufficient conformational dynamics and 

structural information to compare the apo and metal-bound versions of the CusB N-

terminal domain.  
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Our analysis of the secondary structure assignments, RMSD, atomic fluctuations 

of alpha carbons, NMR chemical shift assignments, and various structural coordinates 

focusing on the more prominent motifs like the central beta sheet and the M21-M36 loop 

showed that significant disorder was present in both the apo and Cu(I)-bound forms of 

the protein. Metal binding only led to a local ordering around the metal site causing a 

modest impact on the disorder of the whole domain. To reduce the complexity of this 

general disorder, the protein was broken up into three subdomains utilizing logically 

selected structural elements. The first subdomain consisted of both tails (residues 1-12, 

46-51); the second contained the two beta strands in the center of the structure 

(residues 13-20, 39-45) and the third subdomain consisted of the M21-M36 loop in the 

apo chain along with the Cu(I) ion in the holo version. The RMSD analysis carried out 

on these regions showed that the first subdomain with the N and C-terminal tails 

showed the most disorder and was not affected by metal binding. Surprisingly, the 

biggest structural impact upon Cu(I)-binding occurs in the beta motif region, namely the 

second subdomain, in contrast to our anticipation where the binding site and the loop 

(the third subdomain) would be influenced the most. This finding suggests that the beta 

motif region is of utmost structural importance in the function of CusB as a metal 

chelator in the CusCFBA metal extrusion mechanism. Indeed, our simulations suggest 

that residues 13-45 would also function in a similar manner to the entire chain since the 

two tail regions do not form any significant structure during the simulations, and this 

prediction can be tested experimentally.    

The role of CusB-NT for metal delivery offers a conundrum. The concept of 

preorganization189 suggests that in order to have tight and selective metal ion binding 
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the receptor should adopt a structure similar to that of the complexed structure. 

Experimentally, CusB-NT appears disordered both in the apo and metal loaded forms 

as determined by NMR.135 Computationally there appears to be a modest level of 

structural preorganization in CusB-NT in residues 13-45, which was also seen for 

CusF124, 186-188, but it is still remarkable that this protein, which preforms an important 

and essential function, has characteristics that suggest that it might not sequester Cu(I) 

from the environment at levels typically seen in Cu(I) binding proteins.190 This disorder 

appears to be carried over into the intact complex as observed in the X-ray structures of 

the CusBA system.130, 191 Perhaps association with CusF induces further order or once 

metal is bound in the intact complex interactions between the metal binding domain and 

the intact transporter induces further stabilization.  

To summarize, our simulations concluded that CusB-NT largely remains 

disordered with only the central region of this protein (residues 13-45) forming 

secondary structure elements. Interestingly, this situation is not significantly affected by 

metal binding in opposition to our initial biases. This study has set the stage to simulate 

this domain with its functional companion CusF, the metallochaperone of the CusCFBA 

Ag(I)/Cu(I) pump. Another goal is to attach the CusB N-terminal to the remainder of 

CusB to see how it interacts with the intact copper transport system. The presence of 

these companion proteins might result in an increased order of this region and further 

insights into the metal ion transport mechanism.  
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Figure 5-1. The CusCBFA pump in E. coli. The green area represents the cytoplasm, 
the white area stands for the periplasm, and the red area shows the exterior 
of the cell. The Cu(I) ion is displayed with a dark orange sphere.  
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Figure 5-2. The predicted level of order for each residue by the online server SPINE-D.  
The scale for order probability is from +1 to -1 where +1 implies a maximum 
probability for order, namely complete order, and -1 expresses a maximum 
probability for disorder, in other words, total disorder. 
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Figure 5-3. The Cu(I)-bound version of the CusB N-terminal region is shown on the left 
and its apo version on the right. The central beta motif with the two 
antiparallel beta strands, the loop connecting the metal binding residues M21 
and M36 and the disordered tail regions are indicated in these sample 
structures. The short alpha helix on the N-terminal end of CusB-NT forms 
very frequently in both the holo and apo versions.  
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Figure 5-4. The STRIDE secondary structure predictions for the (top left) apo CusB-NT, 
MD trajectories; (top right) Cu(I)-bound CusB-NT, MD trajectories; (bottom 
left) apo CusB-NT, aMD trajectories; (bottom right) Cu(I)-bound CusB-NT, 
aMD trajectories. Color scale: 1/green-alpha helix, 2/red-beta sheet, 3/white-
turn, coil or not assigned. 
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Figure 5-5. Distribution of RMSD values over 10 microseconds of aMD for apo and 
Cu(I)-bound versions of the CusB-NT chain. The means and the standard 
deviations for both versions do not differ significantly implying comparable 
structural mobilities before and after metal binding.  
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 Figure 5-6.  Atomic fluctuations for the apo (blue) and Cu(I)-bound (red) versions of the 
N-terminal region of CusB. Data were collected over a total of 10 
microseconds of aMD simulations from 25 different starting points. Cu(I) 
binding seems to impact only the metal binding residues, M21, M36 and M38.  
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Figure 5-7. Average NMR Shifts for backbone N’s and their H’s for the apo (blue) and 

Cu(I)-bound (red) predicted by SPARTA+ (right) and their standard deviations 
(left). 
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Figure 5-8. Distribution of the distances between the two beta sheets forming the central 
beta motif. The distribution from the apo MD/aMD trajectories are shown in 
blue and the data from the holo MD/aMD trajectories are displayed in red. 
The inset visualizes this property. In this particular conformational  alignment, 
the distance measures exactly 5.0 Å. The vast range of distances suggests 
that we have extensively sampled the available phase space.   
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Figure 5-9. The dihedral angle formed by L15, I14, K43 and P42 as a measure of the 

relative beta sheet positions in the central motif (right). The distribution of this 
property is shown in the plot over the apo (blue) and holo (red) trajectories. 
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Figure 5-10. The dihedral involving the center of mass of F16 (in the central beta 

conformation), M21, M36 and the common center of mass of the residues 
D28, K29 and P30 is shown in the inset. The distribution of this property is 
shown in the plot over the apo (blue) and holo (red) trajectories. 
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Figure 5-11. Distance analysis plot for residues in and adjacent to the big loop 

connecting residues M21 and M36. The triangles indicate data obtained from 
the apo trajectories while the dots are for the holo trajectories. The numbers 
in the inset are the residue numbers. “O” represents the backbone oxygen, 
“N” the amide nitrogen and “OG”, the side chain oxygen of S33.  
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Figure 5-12. Distance between the Cu(I) ion and the centers of mass of each residue 
constituting the loop connecting M21 to M36 along with error bars.  
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Figure 5-13. The RMSF profiles of apo and holo CusB N-terminal revisited with 
background color-coding. Green is for the tails, grey for the central beta motif 
and pink the M21-M36 loop. The inset figure shows these three subdomains. 
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Figure 5-14. (right) The N-terminal domain of CusB was split into three subdomains to 

decompose the structural disorder: 1. The tails (green), 2. The central beta 
motif (grey), 3. The Cu(I)-site and the M21-M36 loop (magenta). (left)The 
RMSD distributions associated with these subdomains extracted from 10 
microseconds of aMD runs on the Cu(I)-bound protein: green background-
subdomain 1, gray background- subdomain 2, and pink background- 
subdomain 3.  
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CHAPTER 6 
MOLECULAR DYNAMICS STUDY OF THE N-TERMINUS OF CusB AND THE 

METALLOCHAPERONE CusF 

Background 

The CusCFBA efflux system in E. coli expels Cu(I) and Ag(I) when the 

concentrations of these heavy metals reach lethal levels within the cell. It is comprised 

of CusA, the inner membrane proton/substrate antiporter of the heavy metal efflux-RND 

family, CusB, the periplasmic protein, and CusC, the outer membrane protein.121-123 The 

Cus system is completed by an additional fourth component, CusF, which serves as a 

periplasmic Cu(I)/Ag(I) metallochaperone and is crucial for maximal metal resistance.122, 

124 The periplasmic protein CusB belongs to the membrane fusion protein (MFP) 

family.125 It is hypothesized to stabilize the tripartite intermembrane complex by 

interacting with CusA and CusC. Its available crystal structures resulted in identification 

of four domains: the membrane proximal, beta-barrel, lipoyl, and alpha-helical domains. 

However, its N-terminus, which contains three conserved metal binding Met residues, 

could not be resolved with crystallographic techniques because of its disorder.126, 130 

Recent experiments showed that the N-terminal region of CusB (CusB-NT) is capable of 

exhibiting metal transfer from CusF by itself, although not as effectively as the full-length 

CusB, which weakens the hypothesis that CusB behaves simply as a metal chelator. A 

structural change should be induced on the entire CusB chain, which results in higher 

Cu(I)/Ag(I) resistance by possibly increasing the metal ion transfer rate.135 Yet the 

retention of the metal transfer ability by truncated CusB led us to carry out molecular 

dynamics studies concerning the disordered N-terminal region of CusB which was 

extracted from the rest of the CusB protein.192 We found that some structural elements 

show up repeatedly over the microsecond time frame both in apo and Cu(I)-bound 
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versions of this protein chain which points to the formation of transient order over this 

timescale.192 Additionally, CusB and CusF interact in the presence of metal ion. They 

display similar metal-binding affinities which was determined from equal distribution of 

the metal ion between them when they were mixed in equimolar concentrations in 

vitro.131, 132 Direct metal transfer between these proteins was also shown 

experimentally.133 Chemical cross-linking/mass spectrometry experiments captured the 

CusB-CusF interaction which highlighted the significance of the N-terminal region in 

terms of protein-protein interactions and the metal transfer.134 

We hypothesize that the metal transfer between CusB and CusF might induce 

motional restraints on the very mobile N-terminal region of CusB. To explore the 

structural impacts of this protein-protein interaction, we conducted molecular dynamics 

studies on two models of the CusB-NT/CusF complex bound to Cu(I) ion: the MMM 

model and the MMH model. In the MMM model, three Met residues ligate the metal, 

whereas in the MMH model, one of the ligating Met residues is replaced by a His 

residue.  This computational experiment, which involves protein-protein docking 

followed by extensive MD simulations, also brings us one step closer to our ultimate aim 

of simulating the metal extrusion process through the CusCFBA pump.  

Constructing the Complex of Cu(I)-bound CusB N-Terminus and the 
Metallochaperone CusF 

Our docking effort yielded two plausible models which could facilitate the transfer 

of the Cu(I) ion from the metal chaperon CusF to CusB. The two models differ in their 

metal binding residues: the first model involves a Cu(I) binding site consisting of the Met 

residues M36 and M38 of CusB-NT, and M49 of CusF while the second model has M36 

of CusB-NT, H36 of CusF, and M49 of CusF bound to Cu(I). These potential metal 
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binding sites were based on predictions made by the protein-protein docking server 

HADDOCK	  (High Ambiguity Driven protein-protein DOCKing).193, 194 It presents an 

information-driven flexible docking approach for the modeling of biomolecular 

complexes in which it generates models, clusters the generated models, and returns the 

most populated clusters as docking results. The most populated cluster from 

HADDOCK docking of Cu(I)-bound CusB-NT192 with the open conformation of CusF195 

resulted in plausible metal transfer environments as shown in Figures 6-1 and 6-2.  Both 

candidates involve residues from both molecules, CusB-NT and CusF, which would be 

expected to be involved in the process of metal transfer. 

We introduced the Cu(I) ion in the center of mass of the sulfur atoms of the three 

Met residues making up the MMM model (M36 and M38 of CusB-NT, and M49 of CusF) 

and of the two sulfur atoms of the metal binding Met’s in the MMH model along with the 

epsilon nitrogen of the His residue (M36 of CusB-NT, H36 of CusF, and M49 of CusF). 

The needed metal parameters were previously obtained in studies on CusB-NT192 and 

CusF186 respectively using the MTK++/MCPB functionality171 of AmberTools version 

1.5.172 

Molecular Dynamics Simulation Methods and Post-Simulation Analyses 

In both models all the protein and solvent atoms were treated explicitly. Each 

model system was solvated with the TIP3P triangulated water model49 in a periodically 

replicated rectangular water box whose sides were at least 10 Å away from the solute 

atoms. The charge of the model systems were neutralized by addition of Na+ ions and 

charged amino acids were modeled in the protonated states obtained with the H++ 

protonation state server at pH= 7.100 A similar minimization and equilibration protocol to 

what we used in our CusB-NT simulations192 was employed: an energy minimization 
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series of seven stages involving the minimization of only the solvent atoms and the 

counter ions (stage 1), minimization of the hydrogen atoms (stage 2), minimization of 

the side chains by gradually decreasing the harmonic positional restraints acting on 

them (stages 3-6), and finally the energy minimization of the whole system with no 

positional restraints (stage 7). A total of 53,000 energy minimization steps were 

performed in total, 24,000 of which used the steepest descent protocol.3 The remaining 

29,000 steps utilized the conjugate gradient method for minimization.3 A two-stage 

equilibration protocol followed the minimization: first, the systems were heated slowly 

from 0 to 300 K over 200 ps of MD within the canonical ensemble (NVT) by maintaining 

a weak harmonic restraint on the protein, and then they were simulated for 10 ns at 300 

K to check for the stability of the peptide chains after removal of the harmonic restraints 

at a constant pressure of 1.0 bar for an isobaric, isothermal ensemble (NPT) using 

Langevin dynamics with a collision frequency of 1.0 ps-1.167 Periodic boundary 

conditions were imposed on the systems during the calculation of non-bonded 

interactions at all minimization and equilibration stages. The lengths of the covalent 

bonds involving hydrogen were constrained and their interactions were omitted with the 

SHAKE algorithm while the systems were heated.168 All the restraints on the systems 

were released before we started with the MD production runs. We then ran 4 µs of 

conventional MD using the ff99SBildn force field177 in the AMBER12 suite.95 Throughout 

the production simulations the SHAKE algorithm was used to constrain covalent bonds 

involving hydrogen. The Particle mesh Ewald (PME) method was utilized for long-range 

electrostatic interactions. An 8-Å non-bonded cutoff was applied to limit the direct space 

sum in PME.178 The temperature of the systems was kept at 300 K with Langevin 
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dynamics (collision frequency of 1.0 ps-1). Frames were collected every 2 ps. A selected 

subset of these snapshots were employed in distance, angle, dihedral, root mean 

square deviation (RMSD), root mean square fluctuation (RMSF) analyses with the aid of 

the ptraj utility in Amber Tools 1.5 and secondary structure assignments were obtained 

using the STRIDE program.180 

Results 

In the course of the simulations of the MMM model, the sulfur atoms of M36 and 

M38 of CusB-NT, M49 of CusF, and the Cu(I) ion presented a distorted tetrahedral 

geometry with slightly longer bonds than in the optimized and the experimental 

geometries (by 0.1-0.2 Å on average for both CusB-NT and CusF geometries).133, 169 

The bonding sulfur and nitrogen distances in the metal site of the MMH model remained 

near the optimized distances for the most part, which we obtained through optimization 

calculations involving methionine and histidine side chains and a Cu(I) ion at the density 

functional theory (DFT) QM level which were performed with Gaussian’0944 using the 

B3LYP196 and M06L30 DFT functionals in conjunction with the double-ζ-quality 

LANL2DZ pseudopotential basis set for Cu(I)170 and the Pople type basis set 6-31G* for 

all the other atoms.32 The Cu(I) ion and the ligating atoms placed themselves again in a 

distorted tetrahedron, akin to the MMM case.  

Disappearing of Disorder in CusB-NT 

The first observation we made on both the MMM and the MMH models was that 

this complexation provided the CusB-NT chain with a considerably increased structural 

stability. Upon visual inspection of the simulations, we observed the beta motif in the 

center of the CusB-NT, which was already present in the starting geometries, was 

preserved throughout the trajectory. The tail regions were the most mobile parts akin to 
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the apo and holo non-complexed CusB-NT runs.  We assigned secondary structures to 

snapshots saved from both trajectories using the STRIDE program. The 400 

consecutive frames we employed were separated by 10 ns, yielding the total simulation 

time of 4 µs. As inferred from visual inspection, the beta motif in CusB-NT was always 

retained and the tails remained mostly disordered. The M21-M36 loop was also a 

random coil. On the CusF side, the largest random coil region proved to be the flap 

region, namely the CusF residues 36 to 48 as seen in Figure 6-3, which corresponds to 

75 to 87 in the cumulative numbering which was used in the y-axis of the STRIDE 

matrices. 

Over the course of 4 µs of MD simulations, an interesting difference arose 

between the two models, MMM and MMH. In the MMM model, the very mobile, flap-like 

M21-M36 loop of the CusB-NT interacts with the open flap of CusF and these two are 

geometrically “locked” for over ~50% of the simulation time.  The interaction appears to 

be reversible, because we observed the M21-M36 loop and the CusF flap coming 

together and separating repeatedly during the course of the simulation. For the metal to 

be expelled, it must be first fetched by CusF in the periplasm and passed to CusB. This 

suggests a metal binding site, which first largely involves CusF components, then a 

mixture of CusF and CusB components that becomes gradually more dominated by 

CusB-NT components, and finally only CusB residues. Hence, observing first the MMH 

model with two constituents from CusF and one constituent from CusB and then 

switching to the MMM model with one CusF-component and two CusB-components is a 

reasonable pathway. In the hypothesized earlier MMH model, the total chain motion 

slightly exceeds what it is found in the proposed later MMM model.  These differ 
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considerably in the extent of motion observed in the M21-M36 loop of the CusB-NT 

where in the MMH model, this loop and the open flap of CusF move freely and do not 

strongly interact. On the other hand, in the MMM model, an interplay between these two 

regions noticeably restrains the motions of the CusB-NT M21-M36 loop.  

The first analysis we carried out was the comparison of the root mean square 

deviations (RMSD) of the protein chain backbone atoms in the MMM and MMH models. 

The first frame of each production run was used as the reference. The average RMSD 

for the MMM model amounted to 7.40 Å, while for the MMH model it was 7.83 Å. Hence, 

the overall structural changes are slightly more pronounced in the MMH model  as 

displayed in Figure 6-4. To check whether these changes were localized or spread 

along the entire protein complex, we performed a root mean square fluctuations (RMSF) 

analysis, which indicated that the difference in the RMSDs was really a consequence of 

local mobility in the MMH model. As seen in Figure 6-5, the mobilities of the two models 

track each other very well, except for the M21-M36 loop of CusB-NT which we already 

observed to interact with the open loop of CusF more strongly in the MMM model. This 

stronger interaction, which exists in prolonged time frames, stabilizes the loop and 

renders it less mobile than in the MMH model which in turn gives rise to higher RMSD 

values for the MMH model. 

A closer look at the interaction of the M21-M36 loop of CusB and the open flap of 

CusF was subsequently carried out. We developed various structural coordinates to 

quantify the properties of this interaction. Visual inspection of the simulation along with 

the RMSF analysis showed that these two regions of CusB and CusF affect each other 

significantly due to their proximity. Thus, the first coordinate we used was the distance 
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between the centers of mass of the M21-M36 loop of CusB and the CusF flap. At this 

point we should clarify that we consider the residues from 36 to 48 of CusF as the open 

flap (75 to 87 in the cumulative numbering). We found 10 Å to be the most prevalent 

value for this distance in the MMM model, whereas in the MMH model it averaged 

around 20 Å. As a further coordinate, we examined the distance between the alpha 

carbon atoms of K32 of CusB and P45 of CusF (84 in cumulative numbering). These 

two residues appear to be especially proximal to each other compared to the centers of 

mass of the loops, which hints that there might be a stronger interaction between them. 

In the MMM model, their alpha carbons are separated by ~6.0 Å while in most of the 

snapshots saved from the MMH run, this separation measures ~10.0 Å. Figure 6-6 

displays these distances throughout the simulation and Figure 6-7 presents the data in 

the form of histograms.  

Closer chains would also correspond to smaller angles of the center of mass of 

CusB-NT’s M21-M36 loop, the Cu(I) ion, and the center of mass of CusF’s open flap. 

Indeed, we probed this angle and saw it was much wider for the MMH model than in the 

MMM model, in which CusB-NT’s loop is found to interact with CusF’s flap. In the MMH 

model the average value for this property was 93.8° in contrast to 50.9° for the MMM 

model.  Its fluctuations and population densities are shown in Figures 6-8 and 6-9. 

We further analyzed this loop-flap interplay at the level of the molecular 

interactions present. Previously we identified a hydrogen bonding network at the “hinge” 

points of the CusB-NT M21-M36 loop which facilitated its folding against the core of the 

structure. A detailed visual analysis of likely hydrogen bonding partners on the loop and 

flap showed some hydrogen bonding occurs between these two although it is of various 
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types unlike the CusB-NT case. The stronger hydrogen bonds are formed between one 

of the guanidinium nitrogens of R26 of CusB-NT and the two side chain oxygen atoms 

of D46 of CusF and this sometimes leads to a bifurcated geometry (Figure 6-10, part 

A).197 In 13% of the saved snapshots, both guanidinium hydrogens of R26 interact with 

both side chain carboxyl oxygen atoms of D46 to create a salt bridge (Figure 6-10, part 

B). The same salt bridge interactions exist only in 0.02% of the snapshots saved from 

the MMH simulation. Additionally, weaker hydrogen bonds might also contribute 

significantly to the loop-flap synergy. The most prominent hydrogen bonds are observed 

between the side chain oxygen atom of CusB-NT’s Y22 and the backbone nitrogen of 

CusF’s T48. The side chain oxygen of CusB-NT’s Y22 switches partners to form 

another hydrogen bond to the side chain oxygen of CusF’s T48 which comes up as the 

second most common hydrogen bonding interaction.  The donor-acceptor distances in 

these interactions are longer than the ones associated with the R26-D46 hydrogen 

bonds suggesting they are weaker but they occur more frequently. They rarely, only in 

0.02% of the saved frames, position themselves in a bidentate geometry. As shown in 

Figure 6-11, all the MMH corresponding interactions have distances that are much 

longer suggesting very little or no stabilization. 

Another factor which might facilitate this geometrical locking of the CusB-NT loop 

and the CusF flap is the π-π stacking interaction between the side chains of CusB-NT’s 

F35 and CusF’s W44 (83 in cumulative numbering), which actively contributes to metal 

binding in the closed form of CusF through a π-cation interaction with cation being 

either Cu(I) or Ag(I) in this case.186 We measured the distance between the center of 

mass of the six carbon atoms making up the phenyl ring of CusB-NT’s F35 and the 
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center of mass of six carbon atoms constituting the phenyl part of the indole side chain 

of CusF’s W44. This interaction is observed in both the MMM and MMH models, but 

arises more frequently in the MMM model, which suggests a slightly more favorable 

interaction. As seen in Figure 6-12, the most prevalent distance appears at 6 Å for both 

the MMM and MMH models. According to McGaughey et al., distances below 7.5 Å 

stabilize these conformations energetically.198 56% of the snapshots saved from the 

MMM simulations have values smaller than or equal to 6Å, compared to 40% in the 

MMH simulations.  Both parallel and T-shaped conformations occur, as shown in Figure 

6-13.  

Conclusions 

The study focused on the dynamics of the two proposed complexes formed by 

two constituents of the CusCFBA pump, the N-terminal region of the membrane fusion 

protein CusB and the metallochaperone CusF. This aggregate is of significant 

importance because it performs a crucial step in metal extrusion from the cell in E. coli: 

CusF transfers the metal it fetches in the periplasm to CusB, which passes the metal to 

CusC to be expelled from the cell. The N-terminal region of CusB contains the metal 

binding site and was found to be so disordered that its structure could not be resolved 

spectroscopically. The general disorder was also confirmed by our earlier MD studies 

although some key secondary structures were observed.192  However, the assembly of 

the N-terminal region of the CusB and CusF present an interesting case where the 

order in the beta barrel protein CusF seems to be embraced by the originally disordered 

CusB-NT. The secondary structures, which were present in the starting geometries, 

were retained throughout the MD simulations, namely in two parallel runs of 4 µs each. 



 

175 

This is not new for CusF but definitely a significant observation for CusB-NT in terms of 

its overall stability.   

The complex structures were obtained by docking the protein chain of holo CusB 

to the open conformation of CusF195 using the protein-protein docking web server 

HADDOCK. The docking pose with the best score positioned the metal binding residues 

of both CusB and CusF in an appropriate manner through which we built two model 

Cu(I) binding sites. The first model binding site employed M36 and M38 from CusB-NT, 

and M49 from CusF which more closely resembles the metal site of CusB. The second 

model binding site was similar to the one from CusF which involves two Met residues 

(M36 of CusB and M49 of CusF) and one His residue (H36 of CusF). 4 µs of classical 

MD simulations on each model resulted in differences in the mobility of CusB-NT’s M21-

M36 loop and CusF’s open flap. In the model ligating the Cu(I) ion with the three Met 

residues, the M21-M36 loop of CusB-NT and the open flap of CusF interact for over 

most of the simulation time and they become geometrically locked with each other 

which in turn decreases the extent of their motion.  In contrast, the model where two 

Met residues and one His residue coordinate the Cu(I) ion shows greater mobility in 

CusB-NT’s M21-M36 loop and CusF’s open flap. The M21-M36 loop of CusB-NT and 

the open flap of CusF stay together as a result of a hydrogen bonding network and π-π 

stacking interactions. The hydrogen bonding network utilizes various types of hydrogen 

bonds including salt bridges (bifurcated) and paired ones. More abundant are the 

weaker hydrogen bonds that place the donor and acceptor atoms at distances greater 

than 3Å. A π-π stacking interaction is proposed also to play a role in stabilizing this 

interaction. It is the most abundant interaction between these two regions and is found 
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in both models although it is more common in the model involving three Met residues in 

its metal site. 

All these observations lead us to hypothesize that both models might occur in 

order: first the model with two methionines and one histidine, and then the model with 

three methionines. We hypothesize these represent steps of the metal transfer process. 

This suggests a metal coordination site, which is gradually dominated by CusB residues 

and is slightly more ordered. The observed stability in the rest of the CusB chain is 

already surprising when in complex with CusF. Some transient order for the CusB-NT 

seems likely while CusF delivers the metal to CusB so that the two proteins align 

themselves around the metal and exchange the metal ion successfully. The proposed 

sequence for the transition metal site geometries is in line with this because it also 

follows an increased structural order in the course of the transfer. The gained transient 

order in the model with three metal-coordinating methionines could be a driving force for 

the direction of the metal transfer: towards the extracellular milieu through CusB and 

then CusC.  Considering the experimental finding where the metal gets distributed 

evenly among CusB-NT and CusF when introduced to a solution containing equal 

amounts of these proteins, which implies similar metal binding affinities for CusB and 

CusF, gaining a higher extent of order during the metal transfer process might 

determine to which direction the metal ion is moved. In this case, the model providing 

more order is dominated by CusB residues and resembles the metal environment of 

CusB with its three methionines. To complete the transfer from CusF to CusB-NT would 

then proceed from the MMM case to the full CusB-NT coordinated mode where CusF’s 
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M49 would be replaced by CusB-NT’s M21. These two residues are very proximal to 

each other already in the MMM model facilitating this final transfer step. 

It is important to note that our initial hypothesis, about the possible 

disappearance of disorder in CusB-NT upon its complexation with its functional 

companion CusF, was supported up by the present simulations. This work might aid in 

gaining a deeper insight into the process of the metal transfer from CusF to CusB along 

with other metal transfer processes involving disordered protein chains.  
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Figure 6-1. The top hit from the HADDOCK docking of CusB-NT (grey) to the open 
conformation of CusF (red). The inset shows the positioning of the metal 
binding residues on CusB (black) and CusF (burgundy). 
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Figure 6-2. The two model metal binding sites were based on the positioning of the 
labeled residues. The black triangle shows the initial positions of M36 and 
M38 of CusB-NT, and M49 of CusF, in the middle of which we introduced 
Cu(I) to yield the first model binding site, MMM. The metal binding site of the 
second model, MMH, is comprised of the residues at the corners of the dark 
red triangle: M36 of CusB-NT, and M49 and H75 of CusF. 
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Figure 6-3. Secondary structure assignments of the CusB-NT/CusF complex for both 
the MMM (upper) and the MMH models (below). Residues 1-51 make up the 
CusB-NT whereas the rest is the CusF. Color coding: green- alpha helix, red- 
beta strand, white: randomly coiled or disordered. 
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Figure 6-4. The RMSD profiles of the MMM (black) and MMH (red) models over 4 µs of 
simulation time.  Frame separation is 10 ns. 
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Figure 6-5. The RMSF profiles of the MMM (black) and MMH (red) models over 4 µs of 
simulation time.  Frame separation is 10 ns. 
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Figure 6-6. Distances of the M21-M36 loop of CusB-NT and the open flap of CusF 

expressed in terms of the separation between their centers of mass (red) and 
the separation between the CusB-NT residue K32 and the CusF residue P45 
(black). Solid lines stand for the results from the MMM model and the dashed 
lines represent those from the MMH model. The separation expressed by 
both of these properties is smaller in the MMM model compared to the MMH 
model. 
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Figure 6-7. Histograms for the distances of the M21-M36 loop of CusB-NT and the open 
flap of CusF expressed in terms of the separation between their centers of 
mass (red) and the separation between the CusB-NT residue K32 and  the 
CusF residue P45 (black). Solid lines stand for the results from the MMM 
model and the dashed lines represent those from the MMH model. 
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Figure 6-8. The angle involving the center of mass of CusB-NT’s M21-M36 loop, Cu(I), 

and the center of mass of CusF’s open flap over the entire production run of 4 
µs. Black represents the values from the MMM model and red from the MMH 
model. 
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Figure 6-9. The histograms for the angle involving the center of mass of CusB-NT’s 

M21-M36 loop, cu(I), and the center of mass of CusF’s open flap over the 
entire production run of 4 µs. Black represents the values from the MMM 
model and red from the MMH model. 
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Figure 6-10. A) Bifurcated and B) paired hydrogen bonding interactions between CusB-

NT’s R26 and CusF’s D46. CusB-NT is displayed in grey and CusF is shown 
in violet. 
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Figure 6-11. Distances of possible hydrogen bonding partners on the CusB-NT M21-

M36 loop and the CusF open flap. Solid lines express the probed distances in 
the MMM model and the dashed lines the ones in the MMH model. Involved 
residues are the following: K32 of CusB-NT (“32”), D46 of CusF (“85”), N43 of 
CusF (“82”), R26 of CusB-NT (“26”), S33 of CusB-NT (“33”), W44 of CusF 
(“83”), Y22 of CusB-NT  (“22”), and T48 of CusF (“87”).  “NZ”, “NH1”, “NH2”, 
and “NE1” represent side chain nitrogens while “OE1”, “OE2”, “OG”, and “OH” 
stand for side chain oxygens. “N” is a backbone nitrogen and “O” is a 
backbone oxygen. 
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Figure 6-12. Histograms for the distance between the centroids of the phenyl ring of 

CusB-NT’s F35 and of the phenyl part of the indole ring of CusF’s W44.  
Results for the MMM model are shown in black and for the MMH in red.  
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Figure 6-13. π-π stacking interaction between the side chains of CusB-NT’s F35 and 

CusF’s W44. A)The common parallel and B) T-shaped configurations are 
both observed. CusB-NT is shown in grey and CusF is displayed in violet. 
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