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  “Don’t worry, this happens all the time!” 
 
  Sisyphus 
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1 Introduction 

The underlying principle governing every single process in a living cell is 
atomic-scale interactions between molecules. The size of the molecules 
ranges from a few atoms or even single ions, to truly gigantic macromolecu-
lar systems containing millions of atoms. There is an intimate relationship 
between the atomic structure of a biomolecule and its functional role, and 
insight into this relationship may not only simply help us understand the 
processes in the cell, but could also be useful in therapeutics. Using this 
knowledge, new drugs can be designed rationally – rather than by trial-and-
error, which has typically been the case historically. 

The development of the electronic computer has had a tremendous impact 
on our ability to understand biochemical processes at the atomic level – not 
only because it enables us to store and manage massive amounts of data and 
perform calculations that would otherwise be inconceivable, but also be-
cause of the ability to visualize the data using computer graphics. The use of 
computers in biology, chemistry, and physics may be separated into two 
distinct cases: indirect use of computers to analyze and visualize data from 
physical experiments, and direct use of computers to simulate processes, i.e. 
to generate the data itself. This thesis describes the direct use of computer 
simulations to study biochemical systems. The systems studied are diverse – 
the factors connecting the different projects are the methods used. 

The concept of molecular binding, or the strength with which different 
molecules associate with each other, is crucial for nearly all biochemical 
processes. Let us for example consider the synthesis of proteins by the ribo-
some – arguably one of the most fundamental processes in the cell. The ac-
curate synthesis of proteins relies on a great number of different molecules 
that need to associate to, and dissociate from, each other in a highly specific 
fashion – the ribosome itself is assembled from a handful of rRNA mole-
cules and ribosomal proteins. In addition, mRNA, tRNA and release factor 
molecules must correctly recognize each other, and a number of specific 
initiation, elongation, termination, and recycling factors are also necessary 
for the correct function of the protein synthesis machinery. Presented in this 
thesis are computer simulations that deal with molecular binding in two 
highly interesting biochemical systems: the aforementioned ribosome and 
the cardiac voltage gated K+ channel Kv1.5, which is a hot contender as a 
drug target in the development of antiarrhythmic drugs.  
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Molecular binding is quantifiable through the concept of thermodynamic 
stability, or free energy. Given two states, one describing two molecules free 
in solution and the other describing the molecules bound to each other, the 
strength of the binding is directly related to the difference in free energy 
between the two states. It is thus of tremendous value to be able accurately 
calculate free energies – it enables us to understand, at a microscopic level, 
the behavior of macromolecular systems and their various components. Free 
energy calculations may also be applied in rational drug design. Since the 
therapeutic mechanism of drug molecules is typically to bind to a specific 
cellular target, the most crucial property that needs to be predicted in rational 
drug design is the affinity of different molecules to each other. By being able 
to accurately predict the affinities to a specific target for a series of candidate 
drug molecules using computational methods, massive amounts of time and 
money can be saved by dramatically reducing the need for laboratory ex-
periments. 

As it turns out, binding free energies are notoriously difficult to calculate. 
Thus, the development of a simple, fast, and reliable method to make correct 
binding free energy estimates is of great interest. In part, the work presented 
in this thesis deals with the development and application of one such method 
– the linear interaction energy (LIE) method. As a part of a continuing effort 
to develop and validate the LIE method as a useful tool for efficient calcula-
tion of binding free energies, the method has been applied to a number of 
different biochemical systems and its performance evaluated, while at the 
same time providing valuable new insight into the studied systems. Further-
more, an expansion of the LIE method, to include implicit treatment of sol-
vent, is presented and analyzed. 
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2 Computational Methods 

2.1 Molecular Mechanics and Molecular Dynamics 
The foundation for all computer simulations presented in this work is mo-
lecular mechanics (MM) and molecular dynamics (MD) methodology. In 
this section, the principles of these concepts are described, along with some 
theoretical background. 

2.1.1 Molecular Mechanics Force Fields 
In MM, an atom is treated as a spherical particle, with a mass, a partial 
charge, and a van der Waals radius. Molecules are formed by explicitly 
bonding atoms together using harmonic or Morse potentials. Thus, the inter-
actions between atoms in an MM system may be divided into bonded and 
non-bonded terms. Non-bonded interactions are generally calculated for 
pairs of atoms separated by three bonds or more. A potential energy function 
for a system of such interacting atoms typically has the form 

 

( ) ( )

( ) ( )

2 2

pot 0 02 2
bonds angles

2

02
dihedrals impropers

2 12 6
non-bonded non-bonded0

1 cos

1
4

bk k

k

i j ij ij

ij ij ij

U b b

K n

q q A B
r r r

θ

ξ
ϕ

θ θ

ϕ δ ξ ξ

πε

= − + −

+ � + − � + −� �

� �
+ + −� 	� 	


 �

� �

� �

� �

 (1) 

The bonded interactions are made up of bond stretching, angle bending, di-
hedral rotation and improper dihedral bending (Figure 1A). Dihedral rotation 
is typically described by a series of periodic functions with barrier height Kϕ, 
periodicity n, and phase shift δ, while the other bonded interactions are mod-
eled using harmonic potentials with force constant kx and an equilibrium 
value of x0.The non-bonded interactions (Figure 1B) are divided into electro-
static and van der Waals parts, with rij denoting the distance between atoms i 
and j. The electrostatic interactions are calculated using Coulomb’s law, with 
partial charges qi and qj, while the van der Waals interactions are modeled 
using a Lennard-Jones potential with parameters Aij and Bij. 
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Figure 1. Illustration of the interactions described by equation 1. Bonded terms: 
bond stretching, angle bending, dihedral rotation, and improper dihedral (out-of-
plane) bending (A). Non-bonded terms: electrostatic and van der Waals interactions 
(B). 

In order to be useful for simulations of complex molecules, the parameters in 
equation 1 (i.e. kb, b0, kθ, θ0, K�, n, δ, kξ, ξ0, qi, qj, Aij, and Bij) must be deter-
mined for all atoms in the system. Experimental data as well as results from 
quantum chemical calculations may be used to perform this calibration. A 
set of such parameters for a large number of atom types or molecule frag-
ments is referred to as a force field. Force fields may be optimized for a spe-
cific task, or for simulations of a specific type of molecules. The work pre-
sented in this thesis relies entirely on three general purpose force fields for 
simulations of biochemical systems: OPLS-AA,1 CHARMM22,2,3 and 
GROMOS87.4 These force fields have been developed to reproduce struc-
tural and thermodynamic properties, such as dipole moments, heats of va-
porization, and free energies of solvation, for amino acids, ribonucleotides, 
and other biochemically relevant types of molecules.   

New or improved force fields are constantly being developed, to be appli-
cable for a wider range of chemical systems, or to improve accuracy. New 
atom types are parameterized, existing parameters are fine-tuned to better 
reproduce experimental or quantum chemical results, and new features – 
such as explicit polarizability of atoms or groups of atoms5–9 – are imple-
mented. 

2.1.2 Molecular Dynamics Simulations 
A single molecular mechanics potential energy evaluation alone can not 
provide information about the experimentally measurable thermodynamic 
properties of a system. To relate the potential energy of a system to a ther-
modynamic property, an ensemble of thermally accessible conformations 
must be generated. Furthermore, the members of this ensemble must be 
sampled according to the Boltzmann distribution. According to the ergodic 
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hypothesis, which states that the ensemble average of a property of a system 
is equal to the average over time of the same property of a single system, one 
way to do this is by performing molecular dynamics (MD) simulations of the 
system at hand. Alternatively, the ensemble of structures may be generated 
using stochastic Monte Carlo (MC) algorithms.10 

In MD, the dynamic behavior of the system is obtained by solving its 
equations of motion according to classical mechanics. Naturally, the motion 
of the system may be formulated according to either Newton’s, Lagrange’s, 
or Hamilton’s equations. In the case of Newton’s equations of motion, at any 
given time, t, the acceleration of atom i, ai, is equal to 

 ( ) pot
1i

i i
i i

t U
m m

= = − ∇Fa  (2) 

where Fi is the force acting on atom i, mi is the mass of atom i and potiU∇  
denotes the gradient of the potential energy function with respect to atom i, 
i.e. pot pot potˆ ˆ ˆ

i i i

U U U
x y z

∂ ∂ ∂
∂ ∂ ∂+ +x y z . Once the acceleration of atom i at time t is known, 

its position at time t + �t, ri(t + �t), may be approximated by e.g. the leap-
frog Verlet algorithm:  
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Here, ri and vi denote the position and velocity, respectively, of atom i. Note 
that the time step, �t, must be small enough to capture the fastest movements 
of the system. For biomolecular systems, this typically means 1–2 fs. One 
important property of MD that is not immediately obvious by looking at 
equations 2 and 3, is that the temperature at which the simulation is being 
performed can be controlled. By globally scaling the calculated velocities 
using e.g. the Berendsen thermostat,11 the total kinetic energy (and thus the 
temperature) of the system may be held at any desired value. 

All MD simulations in this thesis were carried out using the Q molecular 
dynamics package.12 This package contains software for the setup of MD 
simulations, as well as for the actual MD simulation and analysis of the re-
sults. Q was specifically designed to perform various types of free energy 
calculations: primarily binding free energy calculations using the linear in-
teraction energy (LIE) method or free energy perturbation (FEP), or reaction 
free energy profile calculations using the empirical valence bond (EVB) 
method.13–17 

One significant difference between Q and most other MD software is that 
Q is very well suited for simulations using spherical boundary conditions.18–

22 MD simulations of biochemical systems are otherwise often carried out 
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using periodic boundary conditions (PBC). The main advantage of using 
spherical boundary conditions is that it enables the simulation to be focused 
on relevant portions of a large system, without having to perform calcula-
tions for the entire system – the biologically relevant portion of a protein 
may be studied in a spherical system, excluding large parts of the protein and 
thereby speeding up the calculations and improving energy convergence 
(Figure 2). This approach has been shown to be very successful in e.g. free 
energy calculations in a wide variety of biochemical systems.23–26 In contrast, 
when using PBC, the entire system must be included in the simulation. As an 
example, the calculations presented in sections 3.2 and 3.3 of this thesis 
would be hopeless to perform using PBC – the entire ribosome, consisting of 
approximately a quarter of a million atoms, would then have to be placed in 
a periodic box and solvated by a huge number of water molecules. In order 
for such a calculation to reach convergence, it would consume an enormous 
amount of CPU time using the fastest hardware available today. The trade-
off when using spherical boundary conditions compared to PBC is that the 
finite size of the sphere introduces boundary effects that must be corrected 
for. In Q, the density of solvent molecules in the sphere is controlled by a 
Morse-type potential inside the sphere that attracts solvent molecules to the 
boundary, and a half-harmonic potential that keeps the solvent molecules 
from leaving the sphere. These restraints have been calibrated to accurately 
reproduce the density of bulk water in spheres with a radius ranging from 12 
to 30 Å. In order to keep the distribution of solvent dipole orientations at the 
boundary similar to that of bulk water, Q utilizes polarization restraints 
adopted from the SCAAS model.20 

 
Figure 2. Spherical boundary conditions enable detailed extensive simulations of 
isolated parts of very large systems that would require at the very least an order of 
magnitude more computer power to simulate using periodic boundary conditions, 
where the entire protein molecule must be included in the simulation system. 
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2.2 Free Energy Calculations 
2.2.1 Free Energy Perturbation and Thermodynamic Integration 
Statistical mechanical equations relating free energies to potential energy 
functions have been known for a long time.27,28 One such equation, known as 
Zwanzig’s equation,28 has the form 

 ( )ln exp B AU U
A B RT A

F RT −
→Δ = − −  (4) 

Here, ...
A

denotes an ensamble average of the property within the brackets, 
sampled on the potential energy surface of system A. The relation in equa-
tion 4 is a theoretically exact expression obtained from statistical mechanics, 
and the derivation of this equation is fairly straightforward. In practice, how-
ever, the calculation of the ensamble average is limited by the similarity of 
systems A and B. Thus, the direct deployment of equation 4 to calculate e.g. 
binding free energies in biomolecular systems is severely restricted. Note 
also that, in principle, the type of free energy obtained from equation 4 de-
pends on the ensamble for which the average is calculated. In biochemical 
systems, the Gibbs free energy is typically the thermodynamic potential of 
interest, since it is intimately related to experimentally observable quantities 
such as equilibrium constants and reaction rates. If the ensamble average in 
equation 4 is calculated from constant volume MD simulations, as is often 
the case, the difference in Gibbs free energy between the systems also in-
cludes a term dependent on changes in pressure and volume in addition to 
the expression in equation 4. However, in studies of biomolecular binding, 
this contribution is typically small enough to be neglected. 

More than 20 years after Zwanzig’s equation was published, free energy 
perturbation (FEP) and the clever use of computational alchemy were intro-
duced to address the issue of system similarity in calculations of ligand–
protein binding free energies.14 In FEP, the potential energy functions UA 
and UB are connected by a mapping parameter �,27 and the calculation of 
�GA�B is divided into many small steps along intermediate states described 
by ( )1i i A i BU U Uλ λ= − + , as λi is varied from 0 to 1 in n steps. Note that 
since the free energy is a state function, it is independent of the path connect-
ing two states. Equation 4 is thus replaced by the FEP formula given in equa-
tion 5. 

 ( )1
1

1
ln exp i i

n
U U

A B RT ii
G RT +

−
−

→
=

Δ = − −�  (5) 

As illustrated by the thermodynamic cycle shown in Figure 3 and the rela-
tionship in equation 6, the difference in binding free energy between the two 
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ligands, L and M, to the same receptor, R, may then be calculated by using 
FEP to compute the changes in free energy associated with the two alchemi-
cal reactions L R M R+ → +  and LR MR→ . 

 
Figure 3. Thermodynamic cycle describing the binding of two ligands, L and M, to 
a receptor, R. �Gx denotes the difference in free energy between the states at each 
end of the corresponding reaction arrow. 

 bound free
bind bind bind mut mut
L M M LG G G G G→ΔΔ = Δ − Δ = Δ − Δ  (6) 

Alternatively, A BG →Δ  may be calculated using the thermodynamic integra-
tion (TI) equation which can be derived from the same statistical mechanics 
formulae as equation 4, but is expressed in terms of an integral over a trans-
formation path. The TI formula has the form: 

 ( )1

0

dA B

U
G

λ

λ
λ

λ→

∂
Δ =

∂  (7) 

Additionally, methods such as the Bennett acceptance ratio (BAR) and the 
weighted histogram analysis method (WHAM) may be employed to enhance 
the performance of FEP and TI.29,30 Both these methods, which are related to 
each other, serve to extract the maximum amount of information from the 
generated simulation trajectories, by allowing the sampled conformations to 
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be used for potential energy evaluations at several different λ steps. These 
methods do not, however, address the more critical problems associated with 
FEP and TI related to the complete creation and annihilation of atoms further 
discussed below. 

In the eighties, when FEP and TI were first introduced as methods to cal-
culate free energies of binding for biomolecular ligand–receptor complexes, 
they showed great potential and it was generally believed that with increas-
ing computational resources, these methods could be used for just about any 
binding free energy calculation. However, over the years, it has become 
clear that a number of pitfalls in FEP and TI make them unfeasible under 
certain conditions. Most notably, the complete creation and annihilation of 
atoms give rise to severe problems in terms of convergence and sampling at 
the endpoints of the transformation. The problems are related to the singular-
ity of the Lennard-Jones potential at rij = 0, and the fact that during the simu-
lation, potential energy evaluations will be made for conformations sampled 
on a potential energy surface containing the singularity but with a potential 
energy function lacking the singularity (or vice versa). One available solu-
tion to this problem is to use so called “soft core” potentials, lacking the 
singularity at rij = 0, to replace the standard Lennard-Jones potential.31 Natu-
rally, another route may be to use an approximate free energy calculation 
method that does not suffer from this problem. One such method, which was 
used extensively in the work presented in this thesis, is the linear interaction 
energy method described in the following section. 

2.2.2 Linear Interaction Energy 
The linear interaction energy method (LIE) is a semi-empirical method to 
calculate ligand–protein binding free energies, and was originally introduced 
by Åqvist et al. in 1994.13 Compared to computationally expensive, and in 
some cases not viable, methods such as FEP and TI, LIE typically offers 
comparably reliable binding free energy estimates at a considerably lower 
computational effort. In LIE, the binding free energy of a ligand to a receptor 
is calculated as 

 LIE vdW el
bind l s l sG U Uα β γ− −Δ = Δ + Δ +  (8) 

where l s
iU −Δ  denotes the difference in ligand–surrounding potential en-

ergy (with i denoting van der Waals or electrostatic) between the free and 
bound states (calculated as an MD or MC average), and α, β, and γ are scal-
ing factors, whose significance is further discussed below. 

Figure 4 shows the thermodynamic cycle that is the foundation of binding 
free energy calculations using the LIE method. The free energy of binding of 
a ligand to a receptor, bindGΔ , is estimated by computing the three remaining 
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legs of the thermodynamic cycle: free
polarGΔ , bound

polarGΔ , and non-polarGΔΔ . The 
vertical legs of Figure 4, free

polarGΔ  and bound
polarGΔ , denote the changes in free 

energy associated with charging the ligand (i.e. the contribution to the free 
energy originating from electrostatic interactions between the ligand and its 
surroundings) in the free and bound states, respectively. non-polarGΔΔ  de-
scribes the difference in solvation free energy of the uncharged ligand be-
tween the free and bound states. 

 
Figure 4. Thermodynamic cycle describing the free energy contributions calculated 
in the LIE method. The double-headed arrows around the ligand, L, represent inter-
molecular (ligand–surrounding) electrostatic interactions, i.e. in the lower two states, 
the partial charges of the ligand are turned off with respect to the surroundings. 

In LIE, the calculation of the polar contribution to the binding free energy 
(i.e. the vertical legs of the thermodynamic cycle in Figure 4) is based on the 
linear response approximation.13,32,33 Under the assumption that the free en-
ergy functions describing the states at the ends of one of the vertical arrows 
of Figure 4 are both accurately described by parabolas of equal curvature, 
the free energy difference associated with going from the lower state (un-
charged) to the upper state (charged) can be calculated by 

 ( )el el
polar l s l son off

1
2

iG U U− −Δ = +  (9) 
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Here, i denotes either the free or the bound state, and 
on

...  and 
off

...  de-
note sampling on the potentials with the ligand charges turned on and off, 
respectively. Since the orientations of solvent dipoles will be very close to 
random around a completely neutral solute, the el

l s off
U −  term in equation 9 

may be neglected in most cases. While it is not immediately obvious that this 
approximation holds for an electrostatically preorganized environment, such 
as a protein binding site, it has been demonstrated that for small, drug-like, 
ligands binding to trypsin and P450cam, the el

l s off
U − contribution to the 

binding free energy is indeed negligible.34 Furthermore, for protein–protein 
interactions, the contribution is significant, but linearly dependent on the size 
of the ligand, and it may thus be parameterized into α (see below).34 Thus, 
the calculations of the polar contributions to the binding free energy require 
only sampling on the two upper states in the thermodynamic cycle in Figure 
4, and the difference between the left and right vertical legs of Figure 4 turns 
into the expression for the electrostatic part of equation 8. 

In the original parameterization of the LIE equation,13 the theoretically 
exact value of 0.5 was used to scale the electrostatic interaction energies. 
Subsequent studies have shown that the validity of the linear response ap-
proximation for charging a solute in water depends on the properties of the 
solute in question, and that the deviations from ideal linear response behav-
ior may be quantified into a set of solute-dependent corrections to the value 
of the electrostatic scaling factor, β.32,35 

The calculation of non-polarGΔΔ , i.e. the lower horizontal leg of the thermo-
dynamic cycle in Figure 4, is based primarily on the observation that the 
solvation free energy of non-polar molecules is roughly proportional to their 
size (denoted by σ in equations 10 and 11).36 Furthermore, the van der Waals 
interaction energy between a solute and its surroundings is also roughly pro-
portional to the size of the solute, suggesting that there is an approximate 
linear relation between non-polarGΔΔ  and vdW

l sV −Δ .13 Combining these obser-
vations, formalized in equation 10, leads to the expression for non-polarGΔΔ  
shown in equation 11. 

 

free
non-polar free free

bound
non-polar bound bound

vdW
l s free freefree

vdW
l s bound boundbound

G a b

G a b

U c d

U c d

σ

σ

σ

σ

−

−

� Δ +
�

Δ +��
� +�
�

+��

;

;

;

;

 (10) 
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( )vdWbound free

non-polar l s bound free bound free
bound free

vdW
l s

a aG U d d b b
c c

Uα γ

−

−

− � �ΔΔ = Δ − − + −� �−

= Δ +
 (11) 

While in theory, the α parameter may assume different values depending on 
the ligand–receptor system at hand, a value of 0.18 has been used, with im-
pressive results, in number of binding free energy studies on a wide variety 
of ligands and receptors.37–42 It has also been noted that the binding free en-
ergy contribution associated with solute rotational and translational entropy 
effects is implicitly taken into account by the α parameter.43 

The γ parameter has been shown to correlate with binding site hydropho-
bicity,44 and it might therefore, in theory, be possible to devise a method to 
predict the value of γ for a given receptor. However, in the typical case, 
when studying relative binding free energies between a series of ligands to 
the same receptor (i.e. using the same γ value for all binding free energy 
calculations), the value of γ is no longer explicitly relevant. The role of the γ 
parameter is then reduced to that of a constant offset, usually adjusted to 
minimize the RMS error against experimental binding affinity data. 

2.3 Automated Docking 
In order to be able to calculate the free energy of binding of a ligand to a 
receptor, using either of the methods discussed above, a reasonable initial 
conformation of the ligand–receptor complex must be available. As this is 
typically not the case, there is a great need for computational methods to 
automatically dock ligand molecules into a binding site, and determine 
which ligand conformation is likely to be the physically correct one. In prin-
ciple, this is equivalent to finding the orientation of the ligand that corre-
sponds to the lowest binding free energy. The task of calculating the likely 
conformation of the bound ligand may thus be divided into two parts: gener-
ating possible conformations (conformational search), and ranking the gen-
erated conformations to find the best one (scoring). During the conforma-
tional search, the receptor molecule is typically treated as a rigid structure. 
The ligand conformations may be generated by a handful of different algo-
rithms, e.g. stochastic methods such as genetic algorithms and MC methods, 
or incremental construction, where rigid fragments are fitted into the binding 
site, and connected by rotatable bonds.45 

In the docking program GOLD, used in PaperIV to dock small molecules 
into an ion channel structure, a genetic conformational search algorithm is 
used, in which the conformations are generated through a process that re-
sembles biological evolution.46,47 Starting from a set of randomly generated 
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ligand conformations (individuals with different phenotypes), each described 
by a set of coordinates (genotype), a scoring function is used to assign fit-
ness values to each individual. A new generation of individuals is then cre-
ated by letting the individuals in the previous generation produce offspring 
in proportion to their respective fitness values. By genetic recombination of 
high-scoring individuals, successful traits are enriched and spread in the 
population. Random mutations are also introduced to stimulate genetic drift. 
This process is then repeated for a fixed number of generations, or until 
some convergence criterion is met, e.g. if the RMSDs between all high-
scoring individuals are below a certain value. 

The scoring functions used in automated docking may be either empirical, 
force field based, or knowledge based, and are typically very simple in order 
to be sufficiently fast.45 In the work presented in PaperIV, the empirical 
Chemscore scoring function was used.48 The relative crudeness of the scor-
ing functions turns out to be not that great of a problem, as long as the indi-
viduals being compared are of the same species. In other words, the scoring 
functions seem to do better when used to determine which conformation of a 
given ligand is the physically correct binding one, than they do if used to 
rank the binding affinities of a series of different ligands to the same recep-
tor. 
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3 The Ribosome 

3.1 Protein Synthesis and the Ribosome 
The central dogma of molecular biology states that the flow of genetic in-
formation within the cell is channeled through three fundamental processes: 
replication, transcription, and translation (Figure 5A).49 In the general case, 
DNA serves as the long-term carrier of genetic information in the organism. 
Through the underlying concept of base pairing, the DNA molecule may be 
replicated and transcribed (Figure 5B).50 Replication is the process of copy-
ing a DNA molecule, required for cell division. Transcription, on the other 
hand, is the process of transferring (a segment of) the sequential information 
of the DNA molecule to an RNA molecule. RNA molecules perform a num-
ber of different tasks in the cell, but within the scope of the central dogma, 
the role of transient carrier of information between DNA and protein is per-
haps the most fundamental. This task is performed by messenger RNA 
(mRNA) molecules. In contrast to the flow of genetic data between DNA 
and RNA, the transfer of sequential information between mRNA and protein 
is strictly unidirectional; the specific amino acid sequence of a protein can 
never be directly transformed back into RNA. 

  
Figure 5. The central dogma of molecular biology and the concept of base pairing. 
DNA may be replicated into new DNA, or transcribed into RNA, which in turn may 
be translated into protein. In some special cases (e.g. retrovirus infection) genetic 
information from RNA may be incorporated into DNA, indicated by the dashed 
arrow (A). Watson–Crick base pairing between the four deoxyribonucleotides pre-
sent in DNA. The dotted lines indicate hydrogen bonds (B). 
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Translation of mRNA into protein is carried out by the massive ribosomal 
machinery. Consisting of the ribosome, mRNA, transfer RNA (tRNA) mole-
cules, and a handful of initiation, elongation, and recycling factors – this is 
one of the most impressive and fundamental macromolecular machines 
found in nature. The process of translation involves decoding the genetic 
information presented by an mRNA molecule by matching it to a tRNA 
molecule, and incorporating the amino acid associated with the tRNA mole-
cule into the polypeptide chain being synthesized. The mRNA and tRNA 
molecules are matched, by the ribosome, according to the rules of Watson–
Crick base pairing (Figure 5B) – thereby performing the last stage of deci-
phering the genetic code as it is implemented by the association of amino 
acid residues to tRNA molecules (Figure 6). Similar to most biomolecular 
processes, a viable compromise must be made to balance the relationship 
between speed and accuracy of protein synthesis – the product must be of 
sufficient quality, yet not prohibitively expensive to build. Through billions 
of years of fine-tuning by the evolution, the rate at which the ribosome is 
typically able to assemble proteins from amino acid residues is in the order 
of 101 s�1, with a remarkably low error frequency of about 10�4.51–53 

 
Figure 6. The standard genetic code, connecting the mRNA codon triplets and their 
corresponding amino acids. The amino acids are represented using their common 
three-letter abbreviations, with the names of polar and charged amino acids printed 
in italic and bold type, respectively. 

An atomic-scale crystallographic structure of the ribosome was first pub-
lished by Ban et al. in 2000, and it was soon followed by a number of struc-
tures of different ribosomal complexes.54–58 However, the large-scale fea-
tures of the ribosomal structure have been known since the seventies. The 
complete ribosomal assembly, called 70S in Bacteria and Archaea and 80S 
in Eukaryota, consists of one large subunit (50S and 60S, respectively) and 
one small subunit (30S and 40S, respectively). Each subunit is made up of a 
handful of ribosomal RNA (rRNA) molecules, and a large number of small 
proteins. There are three tRNA-binding sites on the ribosome, called A, P 
and E. The tip of the anticodon stem loop (ASL) of the tRNA bound to the 
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A-site inserts into the decoding center (DC) on the small subunit, where 
tRNA selection is performed, based on codon–anticodon complementarity 
with the mRNA molecule. The CCA-end of the A- and P-site tRNA mole-
cules come together in the peptidyl transferase center (PTC) on the large 
subunit, where peptide bond formation between the amino acid residues 
attached to each of the two tRNA molecules is catalyzed. Figure 7 shows an 
overview of the 70S ribosome in complex with three tRNA molecules. 

 
Figure 7. Overview of the complete 70S ribosome with tRNA molecules bound to 
the A- (red), P- (green), and E-sites (blue). 

3.2 Energetics of Sense Codon Recognition 
In order to achieve the low error frequency observed in protein synthesis, the 
ribosome has to be able to discriminate between correct (cognate) and incor-
rect (non-cognate) codon–anticodon complexes. How the ribosome is able to 
do this has puzzled the scientific community for some time. The difference 
in thermodynamic stability between a cognate and a non-cognate codon–
anticodon complex would have to be around 7 kcal/mol for an error fre-
quency of 10�4. However, when measured free in solution, the difference in 
free energy of helix formation between a cognate helix and a helix contain-
ing one mismatch (near-cognate) is typically only about 0 to 3 kcal/mol.59,60 
Over the years, a number of different mechanisms have been suggested to 
solve this problem.61–64 The matter seemed to be resolved when the concept 
of kinetic proofreading was verified experimentally.65,66 In kinetic proofread-
ing, the difference in free energy between cognate and non-cognate codon–
anticodon complexes is used to discriminate against incorrect aminoacyl-
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tRNAs (aa-tRNAs) in two steps, both during initial selection and proofread-
ing, separated by an irreversible step of GTP hydrolysis. In theory, this in-
creases the discrimination factor dramatically – enough to explain the ob-
served fidelity of protein synthesis. 

In 2001 and 2002, x-ray crystal structures and binding affinity data for the 
30S ribosomal subunit of Thermus Thermophilus in complex with several 
different anticodon stem loops (ASLs) were published.56,57 This data strongly 
suggested that the ribosome not only uses the thermodynamic stability of the 
codon–anticodon helix to discriminate against non-cognate tRNAs, but that 
the structure of the decoding center (DC) itself enhances the intrinsic differ-
ences in free energy between cognate and non-cognate codon–anticodon 
combinations. This remarkable feature of the DC is achieved through highly 
specific interactions between a number of nucleotides in 16S rRNA and the 
codon–anticodon helix. While being independent of the primary sequence of 
the codon–anticodon helix, these interactions are sensitive to Watson–Crick 
geometry, and selectively destabilize non-cognate base pairs. Figure 8 pre-
sents an overview of the key interactions between 16S rRNA and a cognate 
codon–anticodon helix, bound to the DC. 

 
Figure 8. Key interactions between 16S rRNA and the codon–anticodon helix in the 
decoding center. The codon nucleotides are shown in green, the anticodon nucleo-
tides are shown in cyan, and the monitoring 16S rRNA bases A1492, A1493 and 
G530 are shown in orange. 

Rodnina and co-workers have published a number of papers investigating 
the kinetic properties of aa-tRNA selection on the ribosome.67–70 From rate 
measurements of the different steps of the initial selection and proofreading 
parts of the translational elongation cycle (Figure 9) it was concluded that 
the accuracy of initial selection is of kinetic origin.69,70 That is, while the 
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difference in thermodynamic stability between cognate and near-cognate 
complexes in codon recognition (k2/k�2 in Figure 9) was reported to be 
around 4 kcal/mol, this does not affect kcat/KM, since the subsequent step of 
GTPase activation is too fast for this to be an equilibrium process, in the 
cognate case.69,70 However, for near-cognate aa-tRNAs, this is not the case, 
and a change in the dissociation rate in the codon recognition step (k�2) con-
sequently affects the accuracy of aa-tRNA selection. It could also be argued 
that the link between the thermodynamic stability and the structure of the 
codon–anticodon duplex in the DC indirectly influences the rate of GTPase 
activation. 

 
Figure 9. Kinetic model of the initial selection and proofreading steps of the transla-
tional elongation cycle. The figure is adapted from Gromadski, K. B., Daviter, T., 
and Rodnina, M. V. Mol. Cell 2006, 21, 369. 

Paper I describes the use of MD simulations and binding free energy calcula-
tions to study, in great detail, the interactions that are critical for correct de-
coding of mRNA during protein synthesis. The simulations enable a detailed 
investigation of the energetic properties of this process, which is of chief 
importance for the understanding of the initial selection step of protein syn-
thesis. The x-ray crystal structures and binding affinity data published by 
Ramakrishan and co-workers57 provide an excellent starting point for such 
simulations. Six different cognate and near-cognate codon–anticodon helices 
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were studied and their respective free energies of binding were calculated 
using LIE (equation 8). With an RMS error of just 0.6 kcal/mol, the calcu-
lated binding free energies presented in Table 1 are in excellent agreement 
with experimental ASL affinities.57 

Table 1. Average ligand–surrounding energies and calculated binding free energies 
for six codon–anticodon combinations on the ribosome.a 
Anticodon–codon 

(3’–5’)–(5’–3’) 
vdW
l s f

U −  vdW
l s b

U −  el
l s f

U −  el
l s b

U −  LIE
calcGΔ  Mσ  obsGΔ b 

AAG–UUC �46.9 �65.7 �144.3 �138.5 �7.5 0.46 �8.3 
AAG–UUU �46.9 �64.4 �144.3 �137.1 �6.7 0.47 �7.0 
GAG–UUC �46.9 �68.6 �170.1 �158.8 �5.7 0.83 �5.0 
GAG–UUU �46.9 �67.8 �170.1 �157.4 �5.0 0.87 N/Ac 

AGG–UUC �46.4 �64.9 �174.3 �164.0 �5.5 0.60 �5.2 
AGG–UUU �46.4 �62.7 �174.3 �160.0 �3.4 0.51 N/Ac 

a All values in kcal/mol. 
f

...  and 
b

...  denote the free and bound states of the ASL. Mσ  is 
the standard error of the mean LIE

calcGΔ . b Reference 57. c No experimental data available. 

There are no published experimental binding free energies for the GAG–
UUU and AGG–UUU ribosomal complexes, both of which contain multiple 
mismatches – in the first and third positions, and the second and third posi-
tions, respectively. The predicted binding free energies for these complexes 
(Table 1), indicate that the severity of multiple mismatches in the codon–
anticodon helix on the ribosome depends on whether or not the mismatches 
are adjacent to each other or not. That is, the AGG–UUU complex is 4.1 
kcal/mol less stable than the cognate AAG–UUC complex, while the corre-
sponding difference between the GAG–UUU and AAG–UUC complexes is 
only 2.5 kcal/mol. This result fits nicely with what would be expected from a 
simple analysis of the standard codon table (Figure 6) – dual mismatches in 
the first and third positions would generally lead to the incorporation of 
amino acids with similar properties (belonging to the same column in Figure 
6), while dual mismatches in the second and third positions would lead to 
more severe errors. 

The binding free energies presented in Table 1 are averages of nine repli-
cate 1 ns simulations. A total simulation time of 54 ns (6×9×1 = 54) was thus 
required to produce the results presented here. In order to investigate if simi-
lar results could be obtainable from significantly shorter simulation times, an 
analogous analysis was performed based on the first 50 ps of each 1 ns tra-
jectory. The resulting binding free energies are indeed of comparable quality 
to the results from the full-length simulations, with an RMS error of 0.5 
kcal/mol. However, the error bars are about 50% larger for the shorter simu-
lations. Nevertheless, this indicates that large scale simulations of all 4096 
(46 = 4096) possible codon–anticodon combinations on the ribosome might 
be computationally feasible, at least with respect to the simulation time re-
quired. 



 28 

In an attempt to quantify the suggested selective destabilization of non-
cognate codon–anticodon helices by the ribosome, additional simulations 
were performed, to calculate the free energy of binding for an anticodon to a 
codon without any ribosomal components present. The results are presented 
in Table 2, and clearly indicate that such a destabilization effect exists – e.g. 
the difference in binding free energy for AAG–UUC compared to AAG–
UUU is 0.8 kcal/mol on the ribosome, while there is no difference at all in 
solution. The corresponding ���G values for AAG–UUC vs. GAG–UUC 
and AAG–UUC vs. AGG–UUC are 1.1 and 0.6 kcal/mol, respectively. The 
differences in binding free energy between cognate and non-cognate helices 
are thus typically increased by about 1 kcal/mol on the ribosome, compared 
to in solution, indicating that the ribosome does, in fact, selectively destabi-
lize non-cognate codon–anticodon helices bound to the DC. 

Table 2. Average ligand–surrounding energies and calculated binding free energies 
for six codon–anticodon combinations in solution.a 
Anticodon–codon 

(3’–5’)–(5’–3’) 
vdW
l s f

U −  vdW
l s b

U −  el
l s f

U −  el
l s b

U −  LIE
calcGΔ  Mσ  

AAG–UUC �46.9 �60.2 �144.3 �145.8 �3.1 0.15 
AAG–UUU �46.9 �57.8 �144.3 �146.8 �3.0 0.05 
GAG–UUC �46.9 �61.6 �170.1 �169.4 �2.4 0.28 
GAG–UUU �46.9 �58.8 �170.1 �169.4 �1.8 0.06 
AGG–UUC �46.4 �59.2 �174.3 �172.8 �1.6 0.08 
AGG–UUU �46.4 �57.9 �174.3 �172.7 �1.4 0.23 

a All values in kcal/mol. 
f

...  and 
b

...  denote the free and bound states of the ASL. Mσ  is 
the standard error of the mean LIE

calcGΔ . Note that the constant � in equation 8 is set to zero 
here, since these calculations represent the association of codon–anticodon triplets in water. 

Structurally, the simulations of cognate codon–anticodon helices bound to 
the DC confirm the importance of the interactions with the monitoring bases 
A1492, A1493, and G530 (Escherichia coli numbering) of 16S rRNA. In the 
case of a cognate base pair in the first position, A1493 interacts with the 
minor groove in what is known as a type I A-minor motif.71,72 The 2’ hy-
droxyls of both the first position codon nucleotide and the corresponding 
anticodon nucleotide interacts through hydrogen bonding with O2’ and N1 
of A1493, respectively (Figure 8). If the cognate ASL in a UUC–AAG 
codon–anticodon helix is replaced by a near-cognate ASL to form a UUC–
GAG helix, the first position U of the codon (U1) loses its interaction with 
A1493 as it is displaced into the major groove, in order to retain favorable 
interactions with the anticodon guanine. The loss of the O2’–O2’ hydrogen 
bond between U1 and A1493 is not compensated for by any other compo-
nent – thus A1493 effectively destabilizes the non-ccognate G–U base pair 
compared to the cognate A–U pair. 

A1492 spans the minor groove of the cognate second position base pair, 
and hydrogen bonds to the 2’ hydroxyl of the codon nucleotide through N3, 
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while the 2’ hydroxyl of the second position anticodon nucleotide is moni-
tored by N3 of G530 (Figure 8). A1492 interacts with G530 through N1–N1 
and N1–N2 hydrogen bonds, completing an elaborate network of interac-
tions across the minor groove of the second position codon–anticodon base 
pair. In analogy with the results for the first position, simulations of a G–U 
mismatch in the second position results in the codon nucleotide (U2) losing 
its O2’ hydrogen bond to A1492, as it changes conformation in order to 
align with the second position guanine of the near-cognate ASL. With the 
loss of this interaction, A1492 no longer interacts directly with either the 
codon or the anticodon nucleotide in the second position. In the case of a 
non-cognate base pair in the first or second positions, A1492 is believed to 
remain stacked in helix 44 of 16S rRNA, and not interact at all with the mi-
nor groove of the codon–anticodon helix.57 The loss of direct interactions 
between U2 and A1492 gives a partial explanation as to why this may be the 
case for second position mismatches. In the first position, no such direct loss 
of interactions involving A1492 occurs. However, simulations performed 
with A1492 not spanning the minor groove of non-cognate codon–anticodon 
helices do yield lower binding free energies than the corresponding simula-
tions with A1492 spanning the minor groove, indicating that this is the pre-
ferred conformation. 

Discrimination against non-cognate base-pairs in the third position differs 
significantly from the first and second positions. The positions of the 2’ hy-
droxyls of the codon and anticodon nucleotides are not monitored by any 
interactions with rRNA – in fact, there are no specific interactions between 
the DC and the third position nucleotides at all. Instead, the discriminating 
factor in the third position is the solvent occluding effect of G530. The posi-
tioning of G530 makes it impossible for water molecules to interact with any 
unsatisfied hydrogen bond donors/acceptors in the minor groove of the third 
position. This is clearly visible when comparing the radial distribution func-
tions for one of the N2 hydrogens of the third position anticodon guanine to 
all surrounding hydrogen bond acceptors between simulations with a cognate 
third position base pair and simulations with a third position G–U mismatch 
(Figure 10). 

In conclusion, the simulations support the suggested roles of the univer-
sally conserved A1492, A1493, and G530 bases of 16S rRNA and reproduce 
the experimentally observed relative binding free energies of the studied 
codon–anticodon combinations (where available). Furthermore, the results 
predict that the binding free energy penalty for adjacent mismatches in the 
second and third positions of the codon–anticodon helix is more severe than 
for the corresponding mismatches in the first and third positions. This result 
is substantiated by the standard genetic code, according to which double 
mutations in the second and third positions lead to more drastic changes than 
do mutations in the first and third positions. 
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Figure 10. Radial distribution functions for one of the N2 hydrogens of the third 
position anticodon guanine to all surrounding hydrogen bond acceptors. The solid 
line shows the result from a simulation in the unbound state, the dashed line repre-
sents a simulation on the ribosome in complex with a cognate codon, and the dotted 
line represents a simulation on the ribosome in complex with a codon with a third 
position G–U mismatch. 

3.3 Energetics of Stop Codon Recognition 
Translation termination codons are not decoded by tRNA molecules. Rather, 
they are recognized by protein molecules, called ribosomal class I polypep-
tide release factors (RFs).73,74 It is generally believed that RFs evolved as 
replacements for stop codon specific tRNA molecules, and that the evolution 
of RFs is a comparably late event in evolutionary history. The RF proteins 
are very different between Eukaryota and Bacteria – a single RF, eRF1, de-
codes all stop codons in eukaryotes,75 while bacterial cells contain two RFs, 
RF1 and RF2, with partially overlapping stop codon specificities.76 

The decoding of stop codons by RFs is of comparable accuracy compared 
to tRNA decoding of sense codons, however, it is performed without the 
help of a kinetic proofreading mechanism.77 Atomic resolution x-ray crystal 
structures of ribosomal termination complexes were not available until 
2008,78–80 and before then, there was much speculation regarding the struc-
tural nature of RF decoding of stop codons.58,81–84 An outline of the struc-
tures of the decoding centers of the ribosomal RF1 and RF2 termination 
complexes is presented in Figure 11. The recognition of the first and second 
stop codon positions by the RFs seems relatively straightforward, when ex-
amining the crystal structures. The first position U is recognized by interac-
tions with backbone amides of RF residues at the tip of helix α5.78–80 In the 
second stop codon position, RF1 discriminates against G by interacting 
strongly with N6 of A2 through the backbone carbonyl of Thr186. RF2, on 
the other hand, interacts with the second stop codon position mainly through 
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interactions with the sidechain of Ser206, which has the ability to interact 
favorably with both A and G nucleotides. The third stop codon position is of 
particular interest, since it not only represents one of only two cases in the 
genetic code (Figure 6) where a third position purine to purine substitution 
leads to the formation of an erroneous peptide product (in the case of RF2), 
but also because the two RFs differ in their nucleotide specificities at this 
position. Furthermore, this discrepancy is significantly less well explained 
by the crystal structures than the similar situation at the second codon posi-
tion. 

 
Figure 11. Overview of the decoding center of the ribosomal RF1 (A) and RF2 (B) 
termination complexes. Stop codon nucleotides are shown in green, release factor 
residues are shown in cyan, and the 16S rRNA nucleotide G530 is shown in orange. 

In analogy with the simulations of codon–anticodon recognition presented in 
the previous section and in Paper I, the available crystal structures enable 
detailed computational investigation of stop codon recognition on the ribo-
some. Paper II presents the results and analysis of such simulations – thus 
shedding light on the underlying energetics governing this essential bio-
chemical process and providing valuable insight into the fundamental differ-
ences between recognition of stop and sense codons. In contrast to the work 
on codon–anticodon recognition discussed above, FEP was used to calculate 
binding free energies for the RF–ribosome complexes studied in Paper II. 
Several free energy calculations for nucleotide substitutions in RNA or DNA 
using FEP have been reported earlier, but not in the context of the ribosomal 
environment.85–87 

Relative binding free energies were calculated for six different RF–
mRNA–ribosome combinations: UAA and UAG in combination with RF1 
and UAA, UAG, UGA, and UGG in combination with RF2. Additionally, 
calculations were performed for UGG and UGA codons in combination with 
tRNATrp. The calculated binding free energy differences are presented in 
Table 3. As expected, the transformation of UAA to UAG in the RF1 com-
plex does not result in any significant change in affinity. In fact, the FEP 
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result for this transformation is 0.0 kcal/mol. In the case of RF2, the trans-
formation of a third codon position A to G leads to a loss of 4.0–4.8 kcal/mol 
in binding free energy, with the complex with a second position G being the 
least discriminatory of the two. The magnitude of the discrimination is in 
good agreement with the experimental result of ΔΔG > 3.4 kcal/mol, based 
on Km measurements.77 

The result for the UGG to UAG transformation in complex with tRNATrp, 
which is in qualitative agreement with experimental data,88 is very interest-
ing in terms of the competitive nature of RF2 and tRNATrp binding to the 
UGA stop codon. It is important to note, that while tRNATrp does not seem to 
differentiate strongly between binding to UGG and UAG codons, experi-
mental results indicate that RF2 binds slightly stronger, in absolute terms, to 
its cognate codon than tRNATrp does.88,89 Furthermore, the ratio of RF2 and 
tRNATrp copy numbers has been shown to be around six to one, in vivo.90,91 
When taken together, these effects add up to a discrimination factor of about 
102 against tRNATrp binding to the UGA stop codon, compared to RF2, 
which is probably enough to prevent tRNATrp from significantly inhibiting 
binding of RF2 to UGA stop codons. 

Table 3. Binding free energy differences between the UAA, UAG, UGA, and UGG 
codons and RF1, RF2, and tRNATrp, calculated using the FEP method.a 

Codons (5’–3’) Complex FEP
calcGΔΔ  Mσ  

UAA	UAG RF1 0.0 0.6 
UAA	UAG RF2 4.8 0.6 
UGA	UGG RF2 4.0 0.8 
UGG	UGA tRNATrp 0.2 0.8 

a All values in kcal/mol. Mσ  is the standard error of the mean FEP
calcGΔΔ  calculated from ten 

simulations with different randomized starting velocities. 

Structurally, the simulations suggest a modified means of recognition of 
third codon position G nucleotides by RF1, compared to earlier suggestions 
based on the crystal structure.78 According to the earlier model, the sidechain 
of Gln181 (Thermus thermophilus numbering) was suggested to flip its hy-
drogen bond accepting and donating capabilities on binding to the UAA and 
UAG codons, in order to be able to interact favorably with both N6 of A3 
and O6 of G3 (Figure 11).78 In contrast, the simulations indicate that the 
orientation of the sidechain of Gln181 is determined by the surrounding, 
highly conserved, RF1 residues Arg179 and Asn306, as well as G530 of 16S 
rRNA. The orientation of Gln181 is such that it forms a stable hydrogen 
bond with O6 of G3, and is not optimized for interactions with A3. This 
behavior is in line with the notion that the RF1 termination complex needs to 
selectively stabilize G3 over A3, in order to compensate for the larger loss of 
free energy associated with solvent interactions for G compared to A, when 
going from the free to the bound state. 
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The single most important factor in discrimination against G3 by RF2 
seems to be interactions with Arg214. This residue is positioned to interact 
favorably with N1 of A3, and is seen in the simulations to be held firmly in 
position by very strong interactions with Asp 330 and surrounding rRNA 
phosphate groups. In G3, where N1 is protonated, the positioning of Arg214 
significantly destabilizes the complex. In the RF1 complex, the space occu-
pied by the guanidinium group of Arg214 in RF2 is empty. In the simula-
tions, a water molecule occupies this space, and is able to form stable favor-
able interactions with N1 of a third position codon purine base regardless of 
whether or not it is protonated, i.e. both A3 and G3, by forming a hydrogen 
bond bridge to the phosphate group of U530 of 16S rRNA. 

Other conserved water molecules are also observed, in both the simula-
tions of RF1 and RF2 complexes, which seem to mediate interactions be-
tween the RF, mRNA, and rRNA. Most notably, an intricate hydrogen bond 
network involving the conserved residues Thr194/216 (RF1/RF2), 
His193/215, and the 2’ hydroxyl of the second codon position nucleotide is 
observed in the simulations. These interactions might serve to stabilize these 
RF residues in conformations that are optimal for correct decoding of stop 
codons. Furthermore, this hydrogen bond network is the first example of 
interactions on the ribosome involving the 2’ hydroxyl of a stop codon nu-
cleotide. As discussed in the previous section, 2’ hydroxyls are known to be 
crucial for correct decoding of sense codons – ribosomes fail to synthesize 
proteins from a deoxyribonucleotide template.56,92,93 Stop codons, on the 
other hand, are fairly well decoded by RFs even if they lack 2’ hydroxyl 
groups.94 Nevertheless, the observed water-mediated interactions involving 
the 2’ hydroxyl of the second position stop codon nucleotide, is the first 
structural indication of why removal of stop codon 2’ hydroxyl groups 
should have any effect at all on decoding. 

3.4 Ribosomal Release Factor Methylation 
The only universally conserved feature of all class I polypeptide release fac-
tors is the GGQ motif, located in domain 2 of the eukaryotic eRF1 and in 
domain 3 of the bacterial RFs RF1 and RF2.95 Ten years ago, results from 
mutational experiments indicated that the GGQ motif is essential for cataly-
sis of peptide hydrolysis by the RF.95 Low resolution cryo-electron micro-
scopic and x-ray crystal structures of ribosome-bound RFs published in the 
following years placed the GGQ motif in the immediate vicinity of the pep-
tidyl transferase center (PTC) on the large ribosomal subunit.58,83,84 Based on 
the crystal structure published by Petry et al. in 2005,58 which only contained 
coordinates for the Cα atoms of the RF, a seven-residue fragment containing 
the GGQ motif was docked into the PTC using automated docking, and the 
results indicated that Q185 is directly involved in the hydrolysis of the nas-
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cent peptide from the P-site tRNA.96 Subsequently published medium resolu-
tion x-ray crystal structures largely support the computational results, but the 
exact nature of the catalytic mechanism still remains to be established.78–80 

The glutamine residue of the GGQ motif (Q185 in human eRF1 number-
ing) is universally methylated at the Nε position, and the methylation has 
been shown to significantly enhance the catalytic activity of the RF both in 
vivo, in vitro, and in silico.96–101 However, it has not been determined 
whether or not this methylation also has an effect on the intrinsic structure of 
the GGQ-containing loop. All published structural data for RFs have been 
obtained from non-methylated RF molecules.58,78–80,84,102–105 In Paper III, 
extensive MD simulations were used to investigate the effect of Q185 me-
thylation on the structure of the GGQ loop of eRF1 in the unbound state. 

Using the recently published NMR structure of eRF1 free in solution,104 
containing 25 different NMR solutions, identical MD simulations were setup 
for the non-methylated and methylated variants of each NMR solution of the 
GGQ-containing loop. 500 ps of MD was performed for each system, yield-
ing a total of 12.5 ns of MD for both the non-methylated and methylated 
loops. The conformations of the backbone of the GGQ-containing loop in 
the 25 NMR solutions used as starting structures for the MD simulations are 
shown in Figure 12A, illustrating the considerable flexibility of this loop.104 
However, as shown in Figure 12B, the local conformation of residues 183–
187 of the GGQ-containing loop in the 25 NMR solutions is fairly similar – 
suggesting that the apparent flexibility of the GGQ loop is, at least in part, a 
result of a swing-like displacement of the entire loop. The RMSD between 
backbone atoms of residues 183–187 is no greater than 1.1 Å for any combi-
nation of the 25 NMR solutions, when fitted to minimize backbone RMSD. 
The similarity of the backbone conformations shown in Figure 12B suggests 
that the 25 NMR solutions may, in fact, not be separated by any significantly 
free energy barriers, and thus all be thermally accessible at ambient tempera-
tures.  

In order to be able to draw any conclusions from the simulations, it must 
first be verified that the MD trajectories populate relevant regions of phase 
space. That is, the simulations of the native (with respect to the NMR solu-
tions), non-methylated, loop should converge to an average conformation 
that is similar to the NMR solutions in order to be useful as a basis for com-
parisons with its methylated counterpart. This would be trivial if the NMR 
solutions were truly distinct, as each MD simulation would then conse-
quently be trapped in a well in the free energy landscape. In that case, the 
analysis could be performed on one simulation at a time, corresponding to 
one possible conformation of the loop. However, this is not the case. The 
individual 500 ps MD average structures deviate on average 3.8 Å from their 
respective starting (NMR) conformations in terms of backbone RMSD of 
residues 177–188 – essentially identical to the corresponding 3.9 Å average 
RMSD between each of the starting structures and the representative struc-
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ture of the NMR family. In other words, the average structure of each simu-
lation of the non-methylated GGQ loop has the same RMSD from its starting 
structure, as the 25 starting structures have between themselves. Instead, the 
12.5 ns total average structure calculated over all 25 500 ps trajectories was 
used in the analysis. As illustrated in Figure 13A, this structure is relatively 
similar to the average NMR structure, with an unfitted RMSD of 2.1 Å be-
tween the backbone atoms of residues 177–188. 

 
Figure 12. Overall backbone conformations of the GGQ-containing loop of eRF1 in 
the 25 NMR solutions104 used as starting conformations for MD simulations in Paper 
III. Residues 177–188 are shown in blue, and the sidechain of Q185 is shown in 
stick representation (A). Local conformations of residues 183–187 of the GGQ con-
taining loop of the 25 NMR solutions,104 fitted to minimize backbone RMSD (B). 

Another way to assert the relevance of the total MD average structure of the 
non-methylated GGQ-containing loop is to analyze it with respect to the 
NMR restraints used to build the NMR models.104 This way, the MD results 
can be analyzed with respect to the actual measurements rather than the 
models derived from the them. The non-methylated total MD average struc-
ture does, in fact, satisfy the NOE distance restraints involving H, H
, and 
H� atoms in residues 177–188, as illustrated by Figure 13B. The one re-
straint which is not satisfied in Figure 13B is between the H and H� atoms of 
residues K179 and Q185 – a restraint which is also violated by 40% of the 
NMR models, including the representative structure.104 Thus, it may be con-
cluded that the MD simulations of the non-methylated GGQ loop sample 
physically relevant conformations, and are in agreement with the NMR data. 

Figure 13C shows the total MD average structures from the simulations 
of the non-methylated and methylated GGQ-containing loops in relation to 
each other. The two structures are remarkably similar – the unfitted RMSD 
between the backbone atoms of residues 177–188 of the two structures is 
just 0.6 Å, and the corresponding RMSD including all heavy atoms is 0.7 Å. 
Not surprisingly, the fitted RMSD of the backbone atoms of residues 183–
187 of the two structures is extremely low (0.19 Å), and the local conforma-
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tions of the GGQ motif of the two structures are for all intents and purposes 
identical, as illustrated by Figure 13D. In analogy with the case of the simi-
larity between the non-methylated total MD average structure and the aver-
age NMR structure, the striking degree of resemblance between the non-
methylated and methylated average structures could simply be an effect of 
the individual 500 ps subaverages originating from the same starting con-
formation being intimately correlated. However, this is clearly not the case, 
as the average RMSD of the backbone atoms of residues 177–188 of indi-
vidual 500 ps non-methylated and methylated average structures correspond-
ing to the same initial conformation is 3.8 Å. This is, again, very similar to 
the corresponding 3.9 Å RMSD observed between the initial (NMR) struc-
tures and the representative NMR model (see above). 

 
Figure 13. Comparison of residues 177–188 in the average NMR104 (blue) and the 
non-methylated total MD average (green) structures (A). NOE distance restraints 
involving H, H
, and H� atoms in residues 177–188, used to build the NMR mod-
els104 (upper limits denoted by horizontal black bars) and the corresponding dis-
tances in the non-methylated total MD average structure (gray vertical bars) (B). 
Comparison of residues 177–188 in the non-methylated (green) and methylated 
(yellow) total MD average structures (C). Comparison of residues 183–187 in the 
non-methylated (green) and methylated (yellow) total MD average structures, fitted 
to minimize the RMSD of backbone atoms (D). 

To summarize, the simulations suggest that the Nε methylation of Q185 does 
not have an effect on the intrinsic structure of the GGQ-containing loop in 
eRF1, and, by extension, that the sole purpose of the methylation is to en-
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hance the catalytic power of the RF. Furthermore, the simulations confirm 
the highly flexible nature of the loop, and the results suggest that the 25 dif-
ferent NMR models of the loop published by Ivanova et al.104 may, in fact, 
all be thermally accessible at room temperature. 
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4 Kv1.5 

4.1 K+ Channels and the Cardiac Action Potential 
A heartbeat is the end result of an electrostatic potential buildup across 
membranes in cardiac muscle cells (cardiac myocytes). This potential, 
known as the cardiac action potential, is controlled through a number of 
currents flowing across the cell membranes, all working in unison to uphold 
a steady rate of heartbeats.106 Figure 14 shows a general overview of the 
different phases of the cardiac action potential, and the currents associated 
with the different phases. The currents underlying the different phases of the 
action potential differs between species, and even between different types of 
cardiac myocytes within the same species – the following outline of these 
currents is thus limited to crudely describing the behavior observed in human 
atrial and ventricular myocytes. The steep initial depolarization phase of the 
cardiac action potential is the result of a rapidly activating inward Na+ cur-
rent (INa).107 Immediately following depolarization, a transient outward K+ 
current (Ito) results in the “notch” of the cardiac action potential observed 
during phase 1. The repolarization that takes place during phases 2 and 3 of 
the action potential is the result of the so-called delayed rectifier K+ currents, 
IKr, IKs, and IKur. Also during phase 2, a Ca2+ current, ICa, is working against 
the delayed rectifier currents, resulting in the plateau shape seen in Figure 
14.106 

 
Figure 14. Overview of the phases of a generalized cardiac action potential, and the 
associated underlying currents. 

All of the K+ currents shown in Figure 14 are mediated by members of a 
family of voltage-gated K+ channels known as Kv.106 Kv is a large family 
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containing around 40 known channel proteins, expressed in a wide variety of 
cell types. Because of their role in regulating the cardiac action potential, 
certain Kv ion channels are possible targets for antiarrhythmic drugs. Nota-
bly, the IKur component is not found in human ventricular myocytes, and it 
may thus be a target for atrial specific antiarrhythmic agents.108–113 If discov-
ered, an atrial selective antiarrhythmic drug would allow effective treatment 
of atrial fibrillation (AF) – the most common serious cardiac arrhythmia114 – 
while eliminating the risk of possibly lethal side effects such as ventricular 
proarrhythmia associated with presently available treatments such as 
dofetilide and ibutilide, which target the IKr current.115–120 Prolongation of the 
cardiac action potential duration is known to significantly reduce the occur-
rence of so-called “reentrant wavelets” believed to be the cause of AF.120 
Thus, a plausible mechanism for an atrial selective antiarrhythmic drug tar-
geting AF could be to block the passage of K+ ions through the Kv channel 
associated with IKur. 

The ion channel mediating IKur is called Kv1.5.110–113 Like other members 
of the Kv family, the pore forming unit of Kv1.5 is a homotetramer, with 
each subunit containing six membrane-spanning helices, named S1–S6 
(Figure 15).121 The voltage gating mechanism is located in helices S1–S4, 
while helices S5, S6, and the shorter pore helix form the actual pore.122 Lo-
cated between the pore helix and S6 is the highly conserved selectivity filter, 
forming a narrow constriction in the pore, with the carbonyl oxygen atoms of 
the peptide backbone arranged to allow the selective transfer of K+ ions 
through the cell membrane.122 

 
Figure 15. Schematic outline of the structural components of an α subunit of the 
Kv1.5 channel. S1–S6, P, and SF, denote the six membrane-spanning helices, pore 
helix, and selectivity filter, respectively. 



 40 

4.2 Ligand Binding to Kv1.5 
In Paper IV, homology modeling, automated docking, MD simulations, and 
LIE binding free energy calculations were combined to study the binding of 
eight ortho,ortho-disubstituted bisaryl compounds to the human cardiac po-
tassium ion channel Kv1.5. Because of its status as a possible antiarrhythmic 
drug target, understanding blocker binding to Kv1.5 is of great interest. Pa-
per IV presents the first study of a high quality homology model of Kv1.5, 
and a rare insight into quantitative energetic structure–activity relationships 
of Kv1.5-binding compounds. The studied ligands are part of a larger set of 
analogous molecules with known affinities to Kv1.5,120 and were chosen to 
maximize the spread in binding free energy, and to capture both subtle struc-
tural differences resulting in significant changes in affinity, as well as rela-
tively dissimilar ligands having similar affinities. 

Since the structure of Kv1.5 has not been determined experimentally, the 
x-ray crystal structure of the very similar human Kv1.2 channel123 was used 
as a template to build a homology model of Kv1.5. The reliability of homol-
ogy models is highly dependent on the structural similarity between the tem-
plate and the target. In this case, the sequence identity of Kv1.5 and Kv1.2 is 
around 90% in the pore region, with no insertions or deletions, indicating 
that the structures are almost indistinguishable at the resolution of the tem-
plate (2.9 Å). The homology modeling was performed using the Modeller 
7v7 software124–126 and the resulting Kv1.5 model structure was incorporated 
into a membrane model consisting of octane molecules. The ligands were 
docked into the model using GOLD46,47 in combination with Chemscore48, 
and the top five docking solutions (as determined by the scoring function) 
were selected for MD simulations and binding free energy calculations using 
LIE. 

Using the standard LIE parameterization, the calculated binding free en-
ergies are in very good agreement with the experimental affinities with an 
average unsigned error of just 0.71 kcal/mol (Figure 16A). The Spearman 
rank correlation coefficient is 0.83, which is quite an impressive result con-
sidering the modest 2.5 kcal/mol span of the experimental affinities. To test 
the stability of the standard LIE parameterization, the calculated affinities 
were fitted to the experimental data by treating the α and β parameters of the 
LIE equation (equation 8) as free parameters. Separating β into βwat and βprot 
components (i.e. scaling interaction energies in the bound and free states by 
independent factors) and keeping βwat fixed at the β value determined by 
rigorous FEP calculations,37 while allowing βwat and α to take on any value, 
yields an optimal fit (with respect to RMS error) for βprot = 0.48 and α = 
0.21, with an average unsigned error of 0.28 kcal/mol and a Spearman rank 
correlation coefficient of 0.90. The optimal value of βprot = 0.48 does not 
change if α is kept fixed at the value used in the standard LIE model (α = 
0.18), and the correlation with experimental data is still extremely high 
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(Figure 16B). In fact, in terms of average unsigned error and Spearman rank 
correlation coefficient, the fit is slightly better for βprot = 0.48 and α = 0.18 
(average unsigned error = 0.27 kcal/mol and Spearman rank correlation coef-
ficient = 0.93), than it is for the fitted model with a free α parameter. To 
further illustrate the accuracy of the LIE method, Figure 16C shows the 
binding free energy estimates produced by Chemscore in relation to the ex-
perimental data. Apart from the average unsigned error being more than 
300% greater than for the standard LIE method, the Spearman rank correla-
tion coefficient is 0.12 – indicating virtually no correlation at all. Thus, it 
may be concluded that the LIE calculations reproduce the experimental data 
to a very high degree, and that the standard LIE parameterization yields val-
ues close to the optimal fit. 

 
Figure 16. The correlation between observed and calculated binding free energies 
for ligands docked to the Kv1.5 model based on the Kv1.2 x-ray crystal structure,123 
using the standard LIE method (A), LIE method with βprot fitted to minimize RMS 
error (B), and Chemscore (C). The correlation between observed and calculated 
binding free energies for ligands docked to the Kv1.5 model based on the KcsA x-
ray crystal structure127 using the standard LIE method (D). 
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As seen in Figure 16A, the standard LIE method is able to accurately repro-
duce binding free energies for ligands binding to the Kv1.5 model based on 
the Kv1.2 structure. For comparison, a corresponding model was built using 
the x-ray crystal structure of the dramatically less similar KcsA channel,127 
to test the sensitivity of the LIE method with respect to the receptor confor-
mation. A structural comparison of the two models is presented in Figure 17, 
and it is immediately clear that the conformations of the pore are different 
between the two models – especially in the region surrounding the key resi-
due Val512 (see below). Using the same computational protocol, the LIE 
binding free energies calculated using the model based on the KcsA channel 
structure are dramatically less accurate than the ones obtained from the 
Kv1.2-based model (Figure 16D). This illustrates the necessity of an accu-
rate description of the receptor conformation in order to be able to calculate 
accurate binding free energies. 

 
Figure 17. Comparison of two Kv1.5 homology models, built using different tem-
plate structures. The model with darker overall colors is based on the Kv1.2 crystal 
structure,123 while the structure shown in light colors is based on the KcsA crystal 
structure.127 The sidechains of residues proposed to be important for blocker binding 
to Kv1.5, based on experimental results,128–132 are show in stick representation. For 
clarity, only two channel subunits are show. 
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Mutational studies have identified a number of residues in the intracellular 
pore region of Kv1.5 believed to be critical for binding of various channel 
blockers.128–132 Among the identified residues – Thr479, Thr480, Val505, 
Thr507, Ile508, Leu510, Val512, and Val516 – most have their sidechains 
located directly on the surface of the intracellular cavity, directly below the 
selectivity filter, in the Kv1.2 x-ray crystal structure.123 From the MD simu-
lations, ligand–protein interaction energies were calculated and grouped in 
contributions from individual residues. The results from these calculations 
largely support the experimental data. However, all ligands also showed 
strong non-polar interactions with Pro513 and Ala509 – seemingly at odds 
with experimental results from studies of a ligand of very similar chemical 
composition.132 It is, however, important to note that strong interaction ener-
gies between a ligand and a protein sidechain does not necessarily translate 
into a loss of binding free energy upon mutation of that sidechain. That is, it 
is entirely plausible that the interactions are crucial for blocker binding, but 
that the mutations (in this case P513A and A509V) do not abolish the inter-
actions. This serves to illustrate two points, first, that predictions of binding 
free energy contributions should generally not be made directly from simply 
looking at absolute values of ligand–protein interaction energies, and second, 
that mutagenesis experiments will not necessarily identify every key interac-
tion in a ligand–receptor system. 
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5 Implicit Solvent Models in the LIE Method 

5.1 Water Models and the Solvation Energy 
In Papers I–IV, water molecules are included into the calculations as explicit 
particles, parameterized by the force field, according to the TIP3P water 
model.133 In Paper V, the implicit treatment of water as a dielectric medium 
is incorporated into the LIE method for calculations of free energies of bind-
ing for ligand–receptor complexes. Generally speaking, implicit water mod-
els have the advantage of possibly improving both the speed and conver-
gence of free energy calculations – which is obviously of great interest. 
However, like with all approximations, it is important to understand when 
and how the methods are applicable.  

The aim of explicit water models is typically to reproduce a number of 
experimentally observed properties of liquid water, e.g. density, radial distri-
bution functions, and heat of vaporization.134 In free energy calculations, 
such properties may not necessarily be of primary interest. Apart from the 
inclusion of explicit water molecules into the simulation being computation-
ally expensive, it may also lead to convergence problems – each water mole-
cule needs to be sampled in countless different conformations in order to 
give an accurate contribution to the free energy of the system. An alternative 
method to include the influence of water in a simulation is to employ a di-
electric continuum to implicitly describe the macroscopic properties of bulk 
water.5,135–137 Using implicit water models, an approximation of the solvent 
contribution to the free energy of a solute is available without having to 
sample a large number of conformations of water molecules. 

The solvation energy of a molecule, i.e. the free energy associated with 
transferring a molecule from vacuum into a solvent, can be described as a 
combination of polar and non-polar contributions: 

 sol polar non-polarG G GΔ = Δ + Δ  (12) 

In this description, the polar contribution to equation 12 is the result of elec-
trostatic interactions between the solute and the solvent, whereas the non-
polar part is a combination of solvent–solvent effects (cavity formation) and 
solute–solvent van der Waals interactions. Methods for calculation of both 
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these contributions, within a continuum solvent framework, will be outlined 
in the two following sections. 

5.2 The Polarization Energy in a Dielectric Continuum 
Already in 1920, Born derived an equation describing the electrostatic con-
tribution to the free energy associated with transferring a charged spherical 
particle (i.e. an ion) from vacuum into a dielectric medium.138 The equation, 
known simply as the Born equation, has the form 

 Born
polar
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where Q and a is the charge and radius of the ion, respectively, and � is the 
dielectric constant of the medium. The obvious drawback of equation 13 is 
that it is only able to calculate �Gpolar for spherical particles. An empirical 
extension of equation 13, called the Generalized Born (GB) equation, was 
introduced to expand the applicability of the Born equation to particles of 
arbitrary shape and charge distribution.136 The GB equation has the form 
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where qi and �i is the partial charge and the effective Born radius of atom i, 
respectively. Note that it is possible to express the gradient of equation 14 
analytically, which makes it usable in molecular mechanics force fields.136 

The effective Born radius of an atom may be physically interpreted as the 
average distance from the atom to the boundary of the dielectric continuum. 
In the original formulation of the GB equation, the effective Born radius of 
atom i is calculated by first calculating �Gpolar,i using an iterative numerical 
method, under the assumption that all other atoms in the system are neutral 
and displace the dielectric, and then inserting �i as a into equation 13 and 
solving it using the obtained value of �Gpolar,i.136 Naturally, this method only 
makes sense if the GB equation is used to calculate �Gpolar for an ensemble 
of structures that can be approximated as having identical Born radii, e.g. 
during an MD simulation. However, it is also possible to use simple analyti-
cal formulae, parameterized to reproduce Poisson–Boltzmann results (see 
below), to calculate �i, making the GB equation suitable for the calculation 
of �Gpolar for a single conformation of a system.139–141 

Another method of calculating �Gpolar is to use equation 15 to calculate it 
directly from the electrostatic potential, ( )φ r , which can be obtained by 
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solving the Poisson equation 16 – the special case of the Poisson–Boltzmann 
(PB) equation for zero salt concentration. 

 ( ) ( )( )PB 80 1
polar

1
2 i i i
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G q ε εφ φ= =Δ = −� r r  (15) 

 ( ) ( ) ( )4ε φ πρ∇ ⋅ � ∇ � = −� �r r r  (16) 

In equation 16, ( )ε r  denotes the position dependent dielectric constant and 
( )ρ r  denotes the charge distribution of the system. The equation is typically 

solved using finite difference or finite element methods.135,142 A cubic grid is 
placed onto the solute, and predefined dielectric constants and atomic partial 
charges and radii are used to assign an initial value of the electrostatic poten-
tial in each grid point, and the potential at the boundary of the grid is as-
sumed to be zero. Equation 16 is then solved iteratively until convergence is 
reached. This is performed for both the system in vacuum (ε = 1) and water 
(ε = 80). 

5.3 The Non-polar Contribution to the Solvation Energy 
The non-polar part of the solvation energy may be calculated with a signifi-
cantly less thorough approach than the polarization energy calculations out-
lined in the previous section. Based on the general observation that the sol-
vation energies of non-polar hydrocarbon solutes of various length is 
roughly proportional to their size,36 the non-polar contribution to the solva-
tion energy may be approximated by 

 non-polarG bγσΔ = +  (17) 

where σ is a suitable size-measure, for example the solvent-accessible sur-
face area (SASA) or the molecular surface area (MSA) of the solute,143,144 
and γ and b are empirical constants, tuned to reproduce experimental results. 
The calculation of the MSA/SASA of the solute may be performed either 
rigorously by numerical integration, or by approximate empirical analytical 
functions.145–147 

5.4 Application of Implicit Solvent Models in LIE 
In Paper V, a set of eight inhibitors to the malarial aspartic protease plas-
mepsin II were chosen to investigate the applicability of the PB and GB 
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methods of calculating the polar contribution to the free energy of binding 
using continuum representations of solvent electrostatics in the LIE method. 
The set of ligands was chosen because it had already been extensively stud-
ied using standard explicit water LIE, and was well characterized in this 
respect.40 

To incorporate implicit solvent electrostatics into the LIE method, the 
ligand–surrounding electrostatic term in equation 8 was divided into ligand–
receptor and ligand–water contributions. The simulations were performed 
using explicit water molecules, and a fairly larger number of conformations 
(between 400 and 900) were extracted from the resulting trajectories. These 
conformations were then post-processed using the LIE, LIE–PB, and LIE–
GB methods. That is, the polar ligand–water interactions, in the bound and 
free states, were estimated using continuum electrostatics in the LIE–PB and 
LIE–GB models, while the remaining terms were calculated in the same way 
as in standard LIE. 

Figure 18 presents the correlation between the ligand–water contributions 
to the electrostatic term of equation 8, calculated using the LIE–PB and LIE–
GB methods, relative to standard explicit water LIE. From this figure, it is 
immediately clear that the LIE–PB method does a very good job of repro-
ducing the explicit water results, while the LIE–GB method seems to under-
estimate the electrostatic desolvation of the ligands in the bound state by 10 
kcal/mol compared to the explicit water results. However, in terms of the 
relative difference between the different ligands, the LIE–GB model per-
forms reasonably well in capturing the general trend of the data. In this re-
spect, the 10 kcal/mol shift in el

l w GB
U −Δ  may also be seen as a constant 

correction to the γ term of equation 8. A noteworthy observation regarding 
Figure 18A is that the ligand for which the greatest error is observed has 
comparably strong interactions with three conserved water molecules in the 
bound state explicit solvent simulations. This illustrates one of the main 
weaknesses of treating solvent effects implicitly – specific interactions be-
tween a solute and structure-specific water molecules can not be modeled by 
an equation that describes the average properties of bulk water. 

As expected from Figure 18A, the binding free energies calculated using 
the LIE–PB equation are very similar to the explicit solvent LIE results, with 
an average unsigned error compared to experimental data of 0.7 and 0.5 
kcal/mol, respectively. The error bars of the LIE–PB binding free energies 
are, on average, about two thirds the size of the error bars of the explicit 
solvent LIE binding free energies, illustrating the improved convergence of 
continuum solvent electrostatics. 
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Figure 18. Differences in ligand–water electrostatic interaction energies in the free 
and bound states, calculated using the LIE–PB (A) and LIE–GB (B) methods, in 
relation to the results obtained using standard explicit water LIE. 

The binding free energies calculated by the LIE–GB model are of signifi-
cantly worse quality than the results from explicit solvent LIE. Not only is 
the average unsigned error more than doubled, but the ranking of the binding 
affinities is severely worsened. The spearman rank correlation coefficients 
between the experimental affinities and the binding free energies calculated 
by explicit solvent LIE and LIE–PB are 0.91 and 0.90, respectively, while 
the corresponding value for the LIE–GB method is 0.52, indicating a drasti-
cally weaker correlation. From a rational drug design standpoint, this is ob-
viously detrimental. 

A detailed analysis of the LIE–GB calculations led to the conclusion that 
the analytical function used to estimate the Born radii,139 critical for the ac-
curacy of equation 14, consistently underestimates the Born radii of atoms 
buried deep inside the solute. MD snapshots of one ligand in the free and 
bound states were used to investigate the effect of using exact Born radii, 
calculated directly from equations 13, 15, and 16 in the manner described 
above, in the LIE–GB method, and the results improve significantly using 
this approach. It should be noted that several approximate analytical methods 
to estimate Born radii exist, and that some of them have been shown to give 
results that are in better agreement with PB results.140,141 
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6 Summary in Swedish 

Arbetet som presenteras i den här avhandlingen behandlar gränslandet där 
matematik, fysik, kemi och biologi möts. Fenomenen som studeras är i all-
mänhet livsviktiga för en hel biologisk organism, men utspelar sig på atomär 
nivå – där katalys eller reglering av kemiska processer är själva grunden för 
allt liv. De molekylära system som deltar i dessa processer kan studeras i en 
dator med hjälp av simuleringsmetoder och matematiska modeller, med sta-
tistisk mekanik och kvantmekanik som grund. 

I takt med den ständigt ökande beräkningskraften hos moderna datorer, 
utvecklingen av förfinade metoder och inte minst tillgången på allt fler hög-
upplösta atomära modeller av makromolekylära system så ökar också möj-
ligheterna att göra biologiskt relevanta simuleringar och beräkningar. I den-
na avhandling presenteras simuleringar som skulle varit omöjliga att genom-
föra för bara några år sedan – dels på grund av begränsningar i beräknings-
kraft, men främst på grund av att de behandlar system vars tredimensionella 
struktur inte blivit känd förrän helt nyligen. 

De redovisade resultaten kan sägas vara uppdelade i tre delar. I den första 
delen behandlas processer som äger rum på ribosomen. Ribosomen kan be-
skrivas som cellens proteinfabrik – här sker det sista steget av översättningen 
av den information som finns lagrad i arvsanlagen, till färdiga proteinmole-
kyler, vilka utför det mesta av arbetet i cellen. Översättningen går till så att 
den genetiska informationen, i form av en molekyl kallad budbärar-RNA 
(mRNA), känns igen av avkodande molekyler, kallade transport-RNA 
(tRNA), som i ena änden är komplementära till mRNA och i andra änden är 
laddade med ett fragment som ska inkorporeras i proteinet som byggs. När 
en korrekt kombination av mRNA- och tRNA-molekyler binder till varandra 
på ribosomen sätts dessa fragment ihop som ett pärlband, och bildar till slut 
ett färdigt protein. När proteinet är färdigsyntetiserat binder en s.k. termine-
ringsfaktor till mRNA–ribosom-komplexet och lösgör proteinet från riboso-
men. Det är kritiskt för cellens överlevnad att matchningen av mRNA, tRNA 
och termineringsfaktorerna går rätt till – annars kommer defekta proteinmo-
lekyler att tillverkas. I denna avhandling presenteras två undersökningar som 
behandlar den underliggande mekanismen för hur detta går till på ribosomen 
– både i fallet mRNA–tRNA-igenkänning och mRNA–termineringsfaktor-
igenkänning. För igenkänning av mRNA–tRNA bekräftar resultaten att ribo-
somen i sig bidrar till att stabilisera korrekt matchning genom elektrostatiska 
interaktioner, och därmed förbättra processens noggrannhet. Vidare förutspår 
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resultaten att intilliggande felmatchning i de tre positioner som utgör de 
komplementära motiven i tRNA och mRNA är all-varligare än motsvarande 
felmatchning i position ett och tre. Den presenterade studien är också den 
första där den s.k. LIE-metoden för beräkning av fria bindningsenergier ap-
plicerades på ett ribonukleinsyrakomplex, vilket är intressant ur ett metodut-
vecklingsperspektiv. För igenkänning av mRNA–termineringsfaktor visar 
resultaten en delvis modifierad mekanism gentemot den tidigare föreslagna. 
Beräkningarna visar också att enskilda vattenmolekyler som interagerar med 
komplexet på specifika sätt kan vara viktiga för processen. 

I ett angränsande projekt som är indirekt relaterat till ribosomen presente-
ras simuleringar av en del av den humana termineringsfaktorn som är direkt 
inblandad i processen där den nysyntetiserade proteinprodukten frisläpps 
från ribosomen. I denna del av termineringsfaktorn sitter en modifierad ver-
sion av aminosyran glutamin. Det är känt sedan tidigare, både genom expe-
riment och beräkningar, att denna modifiering signifikant bidrar till termine-
ringsfaktorns effekt att underlätta frisläppandet av proteinprodukten. Där-
emot är det inte känt om modifieringen också har en rent strukturell effekt på 
termineringsfaktorn, när den inte sitter ihop med ribosomen. Detta är intres-
sant att känna till, därför att en sådan effekt skulle kunna påverka inbind-
ningsprocessen av termineringsfaktorn till ribosomen. För att undersöka 
detta genomfördes simuleringar av termineringsfaktorn i det obundna till-
ståndet, med och utan modifierad glutamin. Resultaten pekar entydigt på att 
ingen strukturell skillnad existerar mellan de två fallen, och att modifiering-
en har en strikt katalytisk roll, intimt kopplad till den omgivande strukturen 
hos ribosomen i det bundna tillståndet. 

I den andra delen presenteras resultat från simuleringar av hur små mole-
kyler kan blockera en s.k. jonkanal. Jonkanaler är proteiner som kan liknas 
vid en slags ventiler i cellens membran, som är anpassade för att kunna öpp-
nas och stängas, och när de är öppna endast släppa igenom en viss typ av 
joner. Jonkanalen som studerats här heter Kv1.5 och finns i hjärtat, där den 
deltar i regleringen av den s.k. aktionspotentialen, som är den elektriska im-
puls som får hjärtmuskulaturen att kontrahera i samband med ett hjärtslag. 
Kv1.5 är unik, då den endast påträffats i hjärtats förmak, och inte i kamrarna. 
Detta gör den till en tänkbar måltavla för specifika läkemedel mot förmaks-
flimmer, som inte riskerar att ge upphov till oönskade effekter i hjärtats 
kammare. Den s.k. primärstrukturen, d.v.s. ordningen på de fragment som 
bygger upp Kv1.5 är känd, men den tredimensionella atomära strukturen hos 
Kv1.5 är inte känd – däremot har den bestämts för den nära besläktade jon-
kanalen Kv1.2. Detta innebär att det är möjligt att konstruera en s.k. homo-
logimodell för Kv1.5, där strukturen för Kv1.2 används som grund för att 
konstruera en trolig modell för hur Kv1.5 är uppbyggd, något som tidigare 
aldrig gjorts. Genom att beräkna hur en serie tänkbara läkemedelsmolekyler 
interagerar med denna modell kan man nå värdefulla insikter om detta sy-
stem. Sådana beräkningar presenteras här för åtta likartade molekyler med 
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känd affinitet för Kv1.5. Samtliga åtta molekyler förutspås orientera sig på 
ett likartat, tidigare okänt, sätt när de binder till jonkanalen, och deras beräk-
nade bindningsstyrka överensstämmer väl med experimentella data. Även i 
detta projekt användes LIE-metoden för att beräkna fria bindningsenergier, 
något som tidigare gjorts ytterst få gånger i jonkanaler och homologimodel-
ler. 

I den tredje delen presenteras en utveckling av LIE-metoden för beräk-
ning av fria bindningsenergier. Denna metod har tidigare endast varit till-
lämpbar i beräkningar där vattenmolekyler beskrivs som explicita partiklar – 
något som är beräkningsmässigt kostsamt. Ett alternativt sätt att inkludera 
effekten av vatten i en simulering är genom s.k. kontinuummodeller, där 
vattenmolekylers genomsnittliga beteende används för att beskriva deras 
påverkan på systemet. Detta är en i vissa fall mycket grov approximation, 
men som ändå har visat sig fungera bra i vissa fall, och som framförallt av-
sevärt kan reducera kravet på datorkraft. I denna del presenteras två metoder 
för att tillämpa kontinuumteori i LIE, och deras prestanda jämförs med den 
ursprungliga LIE-metoden, med explicita vattenmolekyler. Den ena av me-
toderna, baserad på den s.k. Poisson–Boltzmann-ekvationen, visar sig funge-
ra mycket bra, medan den andra, baserad på den s.k. generaliserade Born-
ekvationen, fungerar mindre bra.  
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