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“You can just hang out in the sun all day tossing a ball around... 
or you can sit at your computer and do something that matters.” 
 
Eric Cartman 
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Introduction 

Like all animal species, the human being has a strong desire to survive. In 
contrast to other animals we have developed medicinal treatments to in-
crease the chance of survival. Not only are we able to cope with conditions 
such as broken legs, but we have also put together a sophisticated arsenal of 
medical drugs for treatment of everything from common cold to severe can-
cer. The medical industry has turned into an enormous business, and in 2004 
the world community spent a total of US $4.1 trillion on healthcare.1 A great 
deal of this money is spent on therapeutic drugs, and each year new drugs 
are released on the market adding to the arsenal.  

At the same time as the number of new drugs increase every year the 
process of releasing novel drugs is getting more regulated. The success rate 
among new drug applications filed in the United States during the period 
1990–1992 was only about 20%, which shows that drug development is a 
high risk industry.2 Drug development is not only risky, it also requires 
lengthy project times. The time required from target identification to an ap-
proved drug is tens of years. The different phases of a drug development 
project are depicted in Figure 1, and each phase in the development process 
has a time span of several years.  

 
Figure 1. Schematic illustration of the phases in a drug development project. The 
subject of this thesis is focused on the lead identification and lead optimization 
steps. 

Drug development has shifted from random screening to advanced targeted 
screening and predictive methods. Theoretical predictions have gained influ-
ence as a cost- and time-effective complement to traditional screening. A 
striking example is the company Epix Pharmaceuticals which is primarily 
based on computational development of agonists of G-protein coupled recep-
tors.3 The company actually has more computational chemists than synthetic 
chemists among their employees.  
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To a large extent the expansion of the health industry is dictated by the coun-
tries in the west due to an imbalanced market. In 2004, the rich countries, 
with only 20% of the population, spent 90% of all medical resources.1 This 
fact is reflected in the development of novel drugs, which to a large extent 
are aimed at diseases such as depression, diabetes, obesity and high blood 
pressure, whereas third world diseases, such as tuberculosis and malaria, 
often are overlooked. In 2005, it was estimated that over 500 million clinical 
cases of malaria occurred worldwide. These infections caused over one mil-
lion fatalities, the majority of them being children.4,5 Yet, malaria is not a 
prioritized disease by industrial companies as most of the clinical cases ap-
pear in the developing countries. Fortunately much work is done in academic 
settings on the malaria issue and in Paper V one such effort to find a novel 
affordable treatment for malaria is reviewed.  

This thesis is focused on computational structural based drug design 
methods where the key feature is a three dimensional structure describing the 
protein-ligand interface. In the first section methodologies are presented 
which is followed by an applied case of drug design, illustrated by the de-
velopment of malarial protease inhibitors. In the succeeding section some of 
the methods are evaluated and improved. 
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Methods in computational drug design  

The era of computational drug design started in the 1960’s when a statistical 
method was developed to relate the structure of a compound to the biological 
activity, the quantitative-structure-activity-relations (QSAR) approach.6 
Later, in the 1970’s, when the PDB structural database was created and pro-
tein structures became publicly available, structure based drug design efforts 
were initiated. During the 1980’s, with the development of faster computers 
and molecular dynamics packages, structure based methods started to gain 
influence.7,8 At the same time software for docking ligands into receptors 
emerged.9 In the 1990’s the structure based drug design field expanded 
enormously with a number of approximate methods to calculate binding free 
energies in structure based drug design, e.g. scoring functions and linear 
response methods.10,11 

Ligand based drug design 
Ligand based drug design utilizes experimental knowledge of binding free 
energies to correlate chemical structure with affinity and thereby build pre-
dictive models. A strong advantage of these methods is their high speed, and 
they are used extensively in early drug development to scan through large 
virtual compound libraries. Two examples of ligand based methods are 
QSAR and pharmacophore modeling. None of these methods are used in the 
papers presented here but they are briefly outlined here as a contrast to struc-
ture based drug design. 

In QSAR a model equation is hypothesized using a set of descriptors. The 
descriptors represent properties of the compounds and can be any character-
istics from molecular weight to computed interaction fields. Regression co-
efficients are calculated by correlating the hypothesized equation to experi-
mental data.  

Pharmacophore models are built from structural properties of known 
binders. In 3D pharmacophore modeling a complementary image of the re-
ceptor binding site is constructed showing e.g. hydrophobic, hydrogen bond 
acceptor/donor and excluded regions. A thoroughly built model can be util-
ized to screen large compound libraries by matching properties of the com-
pounds to the pharmacophore model. 
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A large benefit of the ligand based model is that prior structural knowledge 
about the target receptor is not necessary and for this reason they are excel-
lent tools for membrane associated targets such as G-protein coupled recep-
tors. However, when receptor structures are available more accurate methods 
become available through the use of structure based techniques. 

Structure based drug design 
As the name suggests structure based design depends on structures of the 
ligand and receptor in complex, whether it be a nuclear receptor bound to an 
antagonist or an inhibitor bound to an enzyme. The aim is to use the struc-
tural information to gain knowledge of the factors that determine the binding 
of ligand to a receptor, and to predict efficient binders.  

The structure of the receptor can be modeled from x-ray crystallography 
or nuclear magnetic resonance studies. The receptor structure can also be 
acquired from homology modeling when structures with high sequence simi-
larity are available. The ligand structure is usually modeled into the receptor 
structure with some docking procedure before an estimate of the binding free 
energy can be computed.   

Molecular mechanics and force fields 
Molecular mechanics (MM) is a method of modeling atoms and molecules 
as simple particles under the influence of classical physics and is a funda-
mental theory in structure based ligand design. Each atom is described by a 
center where the nucleus resides, containing the mass and partial charge of 
the atom, and by a Lennard-Jones potential describing the size of the atom. 
Atoms can be connected to create molecules by adding potentials for bonds, 
angles, dihedrals and improper dihedrals.  

A complete set of potential energy terms for describing atoms and mole-
cules and their interactions, with corresponding constants for all available 
atom types, is referred to as a force field. A number of force fields are avail-
able, with some differences in the details but with common underlying prin-
ciples. The force fields have been developed for different tasks; some are, 
for example, optimized to generate accurate structures of small molecules, 
while others are optimized to generate accurate heats of vaporization or sol-
vation free energies from molecular dynamics and Monte Carlo simula-
tions.12-14 

Force fields also differ in their level of atomic description; there are all 
atom force fields that explicitly account for all atoms in the system and there 
are united atom force fields which “unite” non-polar hydrogens with their 
neighbor.13,15 The advantage of the united atom force fields is increased 
speed, but at the cost of accuracy. There are even force fields that collapse 
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molecular substructures to large “atoms” to simplify the molecular descrip-
tion and gain speed. One such example is a course grained model for de-
scribing lipids, useful in simulations of e.g. lipid bilayers.16 

The force fields are continuously being upgraded to include parameters 
for more complex molecules and with the aim to achieve increased accuracy. 
In addition, the advances within computer hardware are encouraging the 
increase in the level of theory in the force fields. For example, attempts are 
being made to explicitly include polarizability.17  

The potentials that describe the interactions between the atoms in a mo-
lecular system can be divided in bonded and non-bonded terms, and the sum 
of all these interaction terms constitute the total potential energy of the sys-
tem, potU . The bonded terms consist of bonds, angles, torsions and improp-
ers (see Figure 2), and the non-bonded terms consist of electrostatic and 
Lennard-Jones interactions (see Figure 3). The bonded terms regulate all 
interactions between atoms connected within three bonds; further away the 
non-bonded terms model the interactions. 

Bonded terms 
The bonds are described by harmonic potentials around an equilibrium dis-
tance, as 

 2
bond 0( )

2
bk

U d d� �  1 

where d0 is the equilibrium distance, d is the measured distance and kb is the 
force constant. The force constant depends on the atom types of the particles 
involved in the bond. The harmonic bond potential can be viewed as a spring 
connecting the two atoms of the bond and it gives rise to steep curves far 
from the bond equilibrium that are not entirely physically accurate. It is, 
however, fast to evaluate and gives a good approximation close to the equi-
librium bond distance.  

 
Figure 2. The bonded energy terms. The sticks in the dihedral and improper dihe-
dral angles represent planes spanned by the three neighboring atoms. 
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Angles between all triplets of atoms are modeled in a similar manner to 
bonds with a harmonic potential 

 2
angle 0( )

2
k

U � � �� �  2 

where k� is the force constant and ���and � are the equilibrium and measured 
angles respectively.  

Dihedrals are generally described by a Fourier sum of several periodic 
functions which describes the potential energy barriers around a bond during 
a full rotation. Each of the terms in the Fourier series is given by 

 dihedral (1 cos( ))U k n� � �� 	 �  3 

where n is the period, � is the phase shift and� is the measured angle. An 
improper dihedral consists of a harmonic potential and is imposed on an 
atom to keep a certain planar angle between the neighbors of the atom by the 
potential 

 2
improper dihedral 0( )

2
k

U 
 
 
� �  4 

Improper dihedrals are mainly used on sp2 hybridized atoms such as aro-
matic carbons and amide nitrogens, but are also useful to define stereochem-
istry in a united atom force field. Improper dihedrals can also be defined by a 
periodic function. 

Non-bonded terms 
The non-bonded terms are calculated for every atom–atom pair and hence 
constitute the majority of the interactions which need to be calculated. The 
reason for this is the double sum over all atoms in the system which makes 
the number of non-bonded interactions scale quadratically with the number 
of atoms in the system. In comparison, the bonded terms scale linearly as 
there is only a limited number of bonded terms per atom.   

The non-bonded terms describe the interactions between atoms in sepa-
rate molecules and atoms connected by more than three bonds. These terms 
are the major factors that determine the interaction between a receptor and 
ligand. The non-bonded terms are divided into a Lennard-Jones potential 
part that models the van der Waals surface of an atom, and into an electro-
static part.  



 15

 
Figure 3. The non-bonded energy terms.  

The Lennard-Jones potential is defined as 

 Lennard-Jones 12 6
ij ij

ij ij

A B
U

r r
� �  5 

where Aij and Bij are parameters specific for each atom pair ij, and rij is the 
distance between atom i and j. Aij is derived from the atomic counterparts Ai 
and Aj by combining them either arithmetically ( ) / 2i jA A	  or geometri-
cally 1/ 2( * )i jA A . Different combination rules are applied in different force 
fields and this is one of the reasons why mixing parameters from one force 
field with parameters from another should be avoided.  

Alternatively, the Lennard-Jones potential can be expressed as  

 
12 6

min min
Lennard-Jones 2

ij ij

r rU
r r

�
� � � � �
� �� �� � � �� � � �� �� � � �� �

 6 

where ��is the depth of the potential well and rmin is the distance at the mini-
mum of the potential. The two expressions result in exactly the same poten-
tial when 12

minA r��  and 6
min2B r�� . In the Lennard-Jones potential, the posi-

tive term accounts for the repulsion when two atoms are brought very close 
together, and the negative term accounts for the attraction. 

The electrostatic potential is given by  

 electrostati c
04

i j

ij

q q
U

r��
�  7 

where qi and qj  are the partial charges of the two interacting particles, r is 
the distance between the particles and �0 is the dielectric constant in vacuum. 

Derivation of forces 
Forces acting on an atom can be calculated from the negative gradient of the 
total energy potential, as follows 

 tot( ) ( )i iU� ��F r r  8 
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where i�  is the nabla operator � �, ,i i ix y z� � � � � � , r is the coordinate vec-
tor, and totU is the sum of all energy terms described above. By moving at-
oms along the negative gradient the potential energy of the system can be 
lowered, and at some point a local minima will be found.  

A minimization process like this is useful for finding low energy confor-
mations of a molecular system, which may offer some qualitative informa-
tion of the system. However, often several low energy conformations can be 
found with similar energies, and drawing conclusions in drug design based 
on minimized structures gives less trustworthy results. Especially, the energy 
from a minimized receptor–ligand complex has little or no relevance con-
cerning the actual free energy of binding. The translation from potential en-
ergy to binding free energy requires more sophisticated methods, as de-
scribed below. 

Molecular dynamics 
Molecular dynamics (MD) is an extension of MM, where the dynamic be-
havior in a molecular system is simulated through time integration. Quantum 
chemistry is difficult to use for such simulations due to the immense compu-
tational cost; instead force fields obeying classic Newtonian physics are 
used. 

According to Newtonian mechanics the forces acting an atom will give 
rise to acceleration, 

 
( ( ))

( ) i
i

i

t
t

m
�

F r
a  9 

Here, mi is the mass of the affected atom. The acceleration will in turn 
change the velocity of the atom, and the velocity affects the coordinate vec-
tor r at (t+�t). These are the basic mechanisms of time integration and sev-
eral ways of computing the coordinates at r(t+�t) exists.  

One of the most common time integrators is the Verlet algorithm which is 
derived from a Taylor expansion around the positions in (t+�t) and (t–�t) as 
follows 

 2 3 4( ) ( ) ( ) (1/ 2) ( ) (1/ 6) ( ) ( )t t t t t t t t t O t
� �� ���

	 � � 	 � 	 � 	 � 	 �r r r r r  10 

 2 3 4( ) ( ) ( ) (1/ 2) ( ) (1/ 6) ( ) ( )t t t t t t t t t O t
� �� ���

� � � � � 	 � � � 	 �r r r r r  11 

 
Adding the two Taylor expansions in eq. 10 and 11 leads to 

 2 4( ) 2 ( ) ( ) ( ) ( )t t t t t t t O t
��

	 � � � � � 	 � 	 �r r r r  12 
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which offers an expression for the coordinate vector at the next time step 
based on the current and previous atomic positions and the current accelera-
tion. If the assumption is made that the acceleration is constant during the 
time step the higher order terms will be zero.  

A notable consequence of the algorithm is that the velocity vector is not 
explicitly calculated during the time integration, but it is nevertheless a 
property of interest. The velocities can be calculated from  

 ( ) ( )( )
2

t t t tt
t

	 � � � �
�

�
r rv  13 

and are needed, e.g., to estimate the kinetic energy of the system. 
In the MD software used in this thesis (Q), a modified version of the Ver-

let algorithm is used, called leapfrog, in which the coordinates and velocities 
are updated alternately. In the leapfrog algorithm the velocities are calcu-
lated at time step (t+0.5�t) as follows 

 1 1 ( )( ) ( )
2 2

tt t t t t
m

	 � � � � 	 �
Fv v  14 

and then the positions at time step (t+�t) are derived from the old coordi-
nates and the new velocities as 

 1( ) ( ) ( )
2

t t t t t t	 � � 	 	 � �r r v  15 

The initial velocities, before the first time step, are assigned randomly from a 
Maxwell-Boltzmann distribution matching the desired temperature.  

One of the main purposes of MD is configurational sampling. By saving 
snapshots of the simulated molecular system at regular intervals a set of dif-
ferent configurations can be collected together with corresponding energies. 
The average of the collected energies from the time integration can be re-
garded as an ensemble average. The physically relevant equilibrium con-
stants are ensemble averages and calculating these is hence a link between 
calculations and experiments. 

The bottleneck of MD simulations is the evaluation of the non-bonded 
terms as they scale quadratically with respect to the number of particles in 
the system. A cutoff is usually applied to the non-bonded interactions, which 
means that only pairwise interactions within a certain distance are consid-
ered explicitly. The cutoff reduces the number of non-bonded evaluations 
and makes the computational cost scale pseudo-linearly with the number of 
particles.  

Spherical boundary conditions 
The majority of the simulations in the papers of this thesis were performed 
with spherical boundary conditions. The strongest argument for using 
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spherical boundary conditions is its high speed due to the ability to optimize 
the size of the molecular system. A sphere can be made small enough only to 
cover the interesting part of a molecular system, e.g. a ligand bound to the 
active site, which is illustrated in Figure 4. In contrast, periodic boundary 
conditions must cover the whole molecular system, which leads to very large 
ensembles when biological macromolecules are simulated. Free energy cal-
culations have been performed with spherical boundary conditions on the 
permeation of ions in the potassium channel,18 and on codon-anticodon rec-
ognition on the ribosome.19 These calculation would be very difficult with a 
periodic boundary. 

The drawback with a spherical boundary is the artificial restraints that 
need to be applied at the border to reproduce physical properties. In Q, the 
atoms outside the sphere are kept in place by a very strong positional re-
straint, and only bonded terms are applied to these atoms. Thus, the atoms 
outside the sphere boundary have no non-bonded interactions with the atoms 
inside. Bonded terms are applied across the boundary, and usually a weak 
positional restraint is imposed on solute atoms close to the border to achieve 
a soft transition. Solvent atoms are subject to several restraints, but no posi-
tional restraints. A radial restraint is imposed on the solvent molecules to 
maintain the correct density, and an angular restraint is used on the waters 
close to the edge to mimic the distribution of dipole angles in bulk water.20 

  
Figure 4. HIV-1 reverse transcriptase from paper VI and VII. The benefit of using a 
small simulation sphere is illustrated here by the explicit water molecules covering 
only the inhibitor (green sticks) and not the whole enzyme. The blue surface repre-
sents the volume of the water molecules and is a rough approximation of the simula-
tion sphere. 
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Periodic boundary conditions 
The most common approach to perform MD simulations is to use periodic 
boundary conditions (PBC). The PBC box covers the entire molecular sys-
tem, and whenever a molecule passes through one of the walls an equivalent 
molecule comes in from the opposite wall. In this way the number of mole-
cules in the system remains constant throughout the simulation. The benefit 
of such simulations is that no additional restraints are needed at the bound-
ary.  

Other shapes than a box can be used to define the boundary, e.g. a rhom-
bic dodecahedron, to limit the size of the system.21 However, the boundary 
still needs to surround the macromolecule of interest and leave enough dis-
tance between the macromolecule and boundary such that sufficient amounts 
of solvent molecules can be added to prevent the macromolecule from inter-
acting with a copy of itself in the next cell. 

The box form of PBC is implemented in the Q software. An additional 
feature is a constant pressure algorithm based on a Monte Carlo approach 
which allows the box to expand or decrease to maintain a constant pres-
sure.22 

Docking  
The process of modeling the bioactive conformation of an organic molecule 
bound to a biomolecular receptor is usually referred to as ligand docking. 
Docking is performed as a first step in structure based drug design, to esti-
mate the bioactive conformations of novel ligands. The docking problem can 
be divided into two separate problems; searching the conformational space, 
and picking the correct conformation from all generated conformations. 

Searching conformational space  
The conformational space of a molecule in docking algorithms is usually 
spanned only by the translational, rotational and torsional degrees of free-
dom. Angles and bonds are treated as rigid to save valuable computational 
resources. Still, generating and ranking all the conformations that a molecule 
with 6 rotatable bonds can adopt is a major challenge. If the number of al-
lowed dihedral angles is set to 10 the number of conformations to evaluate 
would be 106, without including the translational and rotational degrees of 
freedom. Considering that 10 evaluation points per torsion is on the low end 
and that the number of rotational bonds in the molecules from Paper I is 15 
to 18, one realizes that a systematic search of all conformations is virtually 
impossible.  
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Algorithms solving this problem must hence be designed to search the con-
formational space in a clever manner to reduce the computational cost to a 
reasonable level. In Papers I–IV two different docking programs were used, 
Autodock23 and GOLD,24 which both make use of genetic search algorithms 
(GA). The genetic approach has proven very powerful in finding reliable 
conformations for energy evaluations and is widely employed.23,24 

The GA implemented in GOLD uses the genetic operators mutation and 
crossover on a population of chromosomes to generate new individuals. 
Each chromosome holds information that can be mapped to a unique con-
formation of the ligand. Each new individual is assigned a fitness score and 
will replace the least fit individual in the population given that the fitness 
score of the new individual is better. Further, an evolutionary pressure is put 
on the population by giving a larger probability to the individuals with high 
fitness to become parents. 

The GA in Autodock is based on Lamarckian genetics, in contrast to 
GOLD’s GA which is based on Mendelian genetics to mimic Darwinian 
evolution. In the Lamarckian approach phenotypic adaptations acquired dur-
ing an individual’s lifetime can be transferred to the next generation. In prac-
tice this means that a local search is performed on a preset fraction of a gen-
eration and the outcome of the search is passed on to the offspring. 

Other conformational search approaches exist. One example is to generate 
ligand conformations separately and use the generated conformations in rigid 
body docking. The program DOCK uses this technique.9  

Another approach is to divide the ligands into smaller fragments and build 
the ligand incrementally in the binding site. FlexX makes use of this frag-
ment based method and, interestingly, uses a technique adopted from pattern 
recognition to place the first fragment.25 

The program Glide uses hierarchical filters to mimic a full systematic 
search.26 In the first step, a crude estimate is made of the regions of the con-
formational space which are available to the ligand. In succeeding steps 
more complex force field based methods are used to fine tune the conforma-
tional search. 

In addition to these clever algorithms, the search space can also be re-
duced by applying knowledge of the molecular system, e.g., by imposing 
restraints. GOLD uses this technique in the setup when the user must define 
the binding pocket. In Autodock the user defines a box to which the search 
space is confined. Thus, the whole protein can be used, e.g. to find a binding 
pocket,27 or only a small region around a known binding pocket can be used. 
Further restraints can limit the search space even more, e.g. by distance re-
straints for known, conserved interactions.  
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Ranking of conformations 
All docking applications must rank the generated conformations with some 
fitness score to determine the most probable solution. In most applications 
the fitness is an integrated part of the search algorithms, e.g. as in GA’s. A 
desired property of this fitness function is a funnel shaped energy surface 
towards the correct ligand conformation, which should be located in the 
global minimum. Given these characteristics, and sufficient sampling from 
the search algorithm, a docking program will be successful in finding bioac-
tive ligand conformations.  

It is also preferable that the fitness function correlates well with experi-
mentally observed binding free energies, but this is not always the case. Still, 
it seems that it is not necessary to use a fitness function that can rank the 
ligands relative to each other in order to find correct docking solutions.28 

Two fundamentally different strategies for deriving fitness functions ex-
ist; knowledge based and empirical fitting, and these are discussed in more 
detail below.  

Free energy perturbation  
The theory of the free energy perturbation (FEP) method was formulated 
already in the 1950’s by Zwanzig.29 The method often uses unphysical trans-
formations of one molecular species to another, in conjunction with thermo-
dynamic cycles, to calculate the difference in free energy between the spe-
cies.30 The transformation can be divided into several steps where the free 
energy difference at each step is calculated from  

 1 B( ) /
B ln m mU U k T

m m
G k T e 	� �� � �  16 

where kB is the Boltzmann constant and T is the temperature. The total free 
energy difference of the two states is given by summing over the �Gm’s. 

The relative free energy of solvation between two compounds can be es-
timated by transforming compound A to compound B in vacuum and in the 
solvent. This process is illustrated in the thermodynamic cycle in Figure 5, 
where the solvation free energies are represented by the horizontal legs and 
the calculated transformations are represented by the vertical legs. Since the 
free energy is a state function the relative solvation free energy for com-
pound B compared to compound A can be estimated from the difference of 
the two transformations, i.e. solv,calc 2,FEP 1,FEP .G G G�� � � � �  The same ap-
proach can be used to calculate relative binding free energies of inhibitors. 
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Figure 5. Thermodynamic cycle for estimating the difference in solvation free en-
ergy of benzene and toluene. 

While the FEP method is theoretically rigorous, there are practical issues 
that limit the use of FEP calculations in structure based drug design. The 
main issue concerns the computational cost which is massive compared to 
e.g. simple scoring functions. Another problem is sampling problems at end-
states when annihilating or creating atoms. These issues limit the FEP tech-
nique to small transformations, typically between different substituents on a 
mutual scaffold in a compound series, and as a result the FEP method is 
mainly used as a reference method to which other, more approximate, meth-
ods are evaluated. 

The linear interaction method 
The LIE method can be regarded as a semi-empirical scoring function, 
where part of the parameter set is derived theoretically and part is derived 
from empirical studies. One of the largest differences compared to the em-
pirical scoring functions is that the LIE method relies on configurational 
sampling of the molecular systems, whereas the scoring functions usually are 
employed on a single molecular configuration for each receptor–ligand com-
plex. Further, the LIE method considers both the bound and free state of the 
ligand explicitly, and systematic errors in force field parameters are thereby 
minimized. These characteristics make the LIE method considerably slower 
than the empirical scoring functions, but also provide increased accuracy. 

Binding free energies are estimated with the LIE method from 

 vdW el
bind l-s l-sG U U�  !� � � 	 � 	  17 
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where � and   are scaling factors for the nonpolar and electrostatic contribu-
tions, respectively, and ! is a regression constant to obtain absolute binding 
free energies.11 The ’s represent MD or Monte Carlo averages of the 
ligand–surrounding (l–s) Lennard-Jones (vdW) and electrostatic (el) interac-
tion potentials, vdW

l-sU  and el
l-sU . In contrast to FEP, the LIE method only re-

quires MD simulations of the physical endstates, and the �’s in eq. 17 denote 
the difference in potential energy of the bound and free state. 

Background 
The LIE method originates from the idea that the binding free energy of a 
ligand can be expressed as a difference in solvation free energy of the ligand 
upon transfer from aqueous solution to the receptor binding site, which can 
be written as 

 p w
bind sol solG G G� � � � �  18 

Here, the superscripts “p” and “w” denote protein (receptor) and water, re-
spectively, and the two solvation energies, sol

iG� , reflects the transfer from 
vacuum to either of these environments. The transfer from vacuum can be 
regarded as a two step process where the first step involves the creation of a 
van der Waals cavity and the second step involves turning on the electro-
static interactions between the ligand and its surrounding. Thus, the binding 
free energy can be divided into an electrostatic and a nonpolar contribution.  

The electrostatic contribution 
In the LIE method, the electrostatic component of the solvation free energies 
is estimated by linear response theory, and given by  

 � �el el
el l-s l-son off

1
2

iG V V� � 	  19 

Here, el
iG� is calculated for both the free and bound state. It can be argued 

that the el
l-s off

V  can be approximated to zero, which leads to the simple ex-
pression in equation 17 for the electrostatic contribution, with a   of 0.5.11,31 

In later studies it was found that the linear response theory does not hold 
for all types of molecular entities and the electrostatic scaling factor,  �"�was 
revised. The linear response theory with a   of 0.5 holds well for ionic com-
pounds but does not hold for compounds with polar moieties, e.g. hydroxyl 
groups. FEP calculations suggested that different   should be used depend-
ing on the chemical nature of the ligand, according to the scheme32  
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0.50  for charged compounds

0.43 for neutral compounds

0.37 for neutral compounds containing one hyrdoxyl group

0.33 for neutral compounds containing two or more hydroxyl groups
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The model in eq. 20 was used for binding free energy calculations in Papers 
I–IV and VI–VII. Recently the model was further revised to an even more 
detailed level, including e.g. amides, amines and alcohols.33  

The nonpolar contribution 
It has been shown experimentally that the solvation free energies of hydro-
phobic compounds depend linearly with size measures such as the surface 
area.34 A useful size measure in this respect is the average solute–solvent van 
der Waals (Lennard–Jones) interactions, vdW

l-sU , which can easily be ex-
tracted from MD simulations. This relation is the rationale behind the linear 
model for estimating the nonpolar binding free energy contribution.  

An empirical approach was used to find a suitable � to correlate the dif-
ference in mean Lennard–Jones potential energies of the bound and free state 
to the difference in binding free energy. In the original parameterization of 
the LIE method � was determined to 0.16, but was later revised to 0.18 
which is a value that has been found to be valid for a large number of bio-
molecular systems.11,32  

As a result of the empirical parameterization of the nonpolar scaling fac-
tor �, and of the constant offset !, they represent all contributions to the cal-
culated binding free energy that is not included in the electrostatic part. 
These contributions include translational and rotational entropies, and hy-
drophobic effects. In addition, they include systematic errors in force fields 
and simulations.35 

Scoring functions 
The scoring functions described here are primarily used as fitness functions 
in docking algorithms and have been shown to have problems with predict-
ing accurate relative binding free energies on external test sets. Scoring func-
tions are well suited for finding low energy conformations generated by a 
docking application.28 They are, however, not reliable when it comes to 
ranking compounds in a homologous compound series. As was shown in 
Paper VI scoring functions have a tendency to rank large ligands according 
to molecular weight in a manner not seen experimentally. 
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Grid based energy evaluation terms 
The grid based energy evaluation originates from the QSAR field, and more 
specifically from the work by Goodford who invented the grid descriptor.36 
This descriptor describes the potential energy field for a certain atom type 
calculated on a grid. Autodock uses this strategy to calculate a grid potential, 
or interaction field, in a protein structure.23 The potential energy grid is cal-
culated separately for each atom type in the ligand set.  These grid potentials 
are then used as a term in the scoring function by looking up the grid value 
of the closest points and extrapolating to the actual point for each atom in the 
ligand. The advantage of the grid approach is speedy energy evaluations.  

Empirical scoring functions 
Empirical scoring functions are based on correlations to experimental data 
and can be thought of as structure based QSAR. Just as in QSAR a number 
of descriptors are selected and bundled into a linear (or non-linear) function 
and regression is employed to find the scaling parameters that reproduce 
experimental data the best. The difference to non-structure based QSAR 
approaches is that the empirical scoring functions are meant to be generally 
applicable to a large number of receptor–ligand systems.  

One of the first examples of this type is the scoring function developed by 
Eldridge and co-workers, based on the work by Böhm,37 is Chemscore. With 
Chemscore �Gbind is calculated from  
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Here, the different �G coefficients are scaling factors that determine the 
importance of each contribution. The hydrogen bond term is dependent on 
both distance and angle (rij and �), whereas the metal and lipophilic terms 
are only distance dependent. These three terms are evaluated for appropriate 
atom types only, e.g. only lipophilic atoms pairs are included in the lipo-
philic term. The Hrot term is a crude approximation of the entropy loss upon 
binding based on the number of frozen rotatable bonds. Together these terms 
make up the structure based QSAR function and the �G coefficients are 
determined by multiple linear regression.  
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Figure 6. Ramp function used for estimating the lipophilic interaction term between 
two atoms, i and j, in the Chemscore function. The total lipophilic term is the sum 
over all lipophilic pair contributions. 

One of the drawbacks of these functions is the lack of negative contributions 
from e.g. clashes and mismatched hydrogen bond donors/acceptors. For ex-
ample, in the Chemscore function the lipophilic term is evaluated with a 
ramp function illustrated in Figure 6. This function will give a positive con-
tribution to the score even when the interacting lipophilic atoms are unphysi-
cally close, which leads to bad conformations of ligands being scored as 
good. The steric clash issue can be fixed by introducing a softened LJ poten-
tial as was done in the X-Score function.38 Alternatively, a steric clash term 
can be added as was done when the Eldridge scoring function was imple-
mented in GOLD.39 The lack of negative contributions from mismatching 
hydrogen bond donors/acceptors is a more severe shortcoming and is com-
putationally more expensive to deal with.  

Knowledge based scoring functions 
The knowledge based scoring functions are derived purely from structural 
data. Initially, a set of atom types are defined to include all receptor and 
ligand atoms. Each receptor–ligand atom pair is then assigned a distance 
dependent energy function derived from large amounts of structural data 
from the PDB database. To begin with, radial distribution functions (RDF) 
are estimated for each atom pair type in the PDB. The RDF provides a meas-
ure of the probability that an atom pair of the given type is at a certain dis-
tance. Then a distance dependent energy function is derived from the RDF 
using the expression40 

 B( ) ln ( )ij ijG r k T g r� �  22 
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Here, kB is the Boltzmann constant, T is the temperature and gij(r) is the es-
timated RDF. 

 The total score of a receptor–ligand complex is the sum of all receptor–
ligand interactions within a cutoff,  

 
cutoff,

( )ij
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Score G r
(
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An advantage of this type scoring function is the speed. All energies are pre-
calculated and are available in look-up tables, and the only costly operations 
are the distance calculations. Another advantage is that these scoring func-
tions do not rely on fitting to observed data, and have thus eliminated a pos-
sible source of errors. Realizing that the RDF is a probability distribution, 
the knowledge based scoring functions can be viewed as a probability meas-
ure that the molecular complex can be found in the scored conformation. 

A serious problem when constructing the distance dependent energy po-
tentials is that for certain atom pairs (i,j) containing rare atom types there 
may not be sufficient statistics do derive smooth and reliable functions. An-
other issue is that it is hard to include explicit models of entropic effects and 
desolvation, although attempts have been made.41,42 

Model assessment and statistical significance 
When using linear regression it is essential to assess the quality of the ob-
tained models. Model assessment is important also for models where no 
regression was made, e.g. for the knowledge based scoring functions. The 
standard measure of correlation is the Pearson correlation coefficient, r, de-
fined as 
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where x and y are samples from two distributions, e.g. obs
bindG� and calc

bindG�  , 
and x  and y are the means of the two distributions. The square of the Pear-
son correlation coefficient, r2, is a measure of the variance explained by a 
linear regression model on the data. 

The Pearson coefficient is appropriate to use when looking for a correla-
tion between two variables. When assessing the significance of a model it is 
more relevant to examine the coefficient of determination, R2, defined as 

 2 1 SSER
SST

� �  25 

Here, SSE is the squared sum of errors, 2ˆ( )i iy y�' , and SST is the total sum 
of squares, 2( )i iy y�' . 
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The R2 is a measure of how well a model fits the given data, in contrast to 
the Pearson coefficient that only measures correlation between two vari-
ables. The two measures r2 and R2 are equal when least squares regression is 
applied to the estimates, but are not equal when a certain model is tested on 
data not included when fitting the model.  

The predictivity of a model can be assessed by cross-validation. In cross-
validation a part of the training set is left out when the optimal parameters 
are calculated, and is then used as a test set. This procedure is repeated until 
all data has been left out once. The predictivity is expressed as 

 2 1 PRESSQ
SST

� �  26 

where PRESS is the predictive squared sum of errors: 

 � �2
ˆj j

j
PRESS y y� �'  27 

In eq. 27 the j-th ˆ jy  is calculated from a model that was parameterized with-
out the j-th element. 



 29

Computational drug design applied to malaria 
protease inhibitors 

In 1735 Carl von Linnaeus put forward his first thesis on malaria in Harder-
wijk, the Netherlands, entitled Febrium Intermittentium Causa. He wrote 
two more theses on the subject, which illustrates the magnitude of the ma-
laria disease in Europe during the 18th century. The malaria disease was 
spread as far north as Uppsala and Linnaeus second theses on malaria was 
entitled Febris Uppsaliensis, where he believed the disease to come from 
humid air from wetlands around the city. Today we know that the disease is 
caused by parasites of the protozoan genus Plasmodium which are transmit-
ted through the mosquito vector Anopheles gambiae. In present days the 
malaria parasite is not an issue in Europe, but it still remains a significant 
problem over large areas of the globe. In 2005 it was estimated that more 
than 500 million people suffered from acute malaria, resulting in over one 
million deaths.4,5 More than 80% of these casualties occur in the tropical 
parts of Africa, and the majority are children under the age of five. The fact 
that countries in this region often have limited infrastructural and economi-
cal means to fight the disease, together with increasing resistance towards 
existing drugs and the absence of an efficient long term vaccine, makes it 
hard to control malaria. There is thus a need for a cost effective drug with a 
novel mechanism. In this section the malaria causing parasite will be de-
scribed together with current research on finding novel therapeutic treat-
ments. 

The malaria parasite 
The malaria parasite belongs to the protozoan genus Plasmodium. These 
parasites have a complex life cycle involving humans and the mosquito spe-
cies Anopheles gambiae, see Figure 7. The parasite is carried by the malaria 
mosquito in a form called sporozoites and enters the human host when the 
mosquito bites a human to feed. Inside the human host the infecting sporo-
zoites flow with the blood stream to the liver where they infest liver cells, 
proliferate, and finally differentiate to merozoites. When fully matured the 
merozoites cause lysis of the liver cells and escape into to the blood stream 
where they invade red blood cells, which is the beginning of the intraeryth-
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rocytic cycle. Alternatively, the sporozoites can differentiate to hypnozoites, 
which is a dormant form of malaria able to cause relapse up to several years 
after infection. Only the P. vivax and P. ovale species are capable of hiding 
in the dormant stage.43 

During the intraerythrocytic cycle parasites invade red blood cells, multi-
ply and cause rupture of the red blood cells. Throughout this stage up to 75% 
of the hemoglobin (Hb) in the erythrocyte is consumed.44 The symptomatic 
cyclic fever associated with malaria is the immune response to the release of 
new merozoites into the blood stream which occurs with an interval of 48–72 
hours, depending on the Plasmodium species. 

 
Figure 7. The complex life cycle of the malaria parasite. In the top panel the cycle 
between the human and mosquito host is shown, in the middle panel the intra-human 
stages are displayed, and the bottom panel shows a close-up of an infected red blood 
cell. (The picture was reproduced with permission from Erik Ersmark.) 
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Some of the merozoites develop to male and female gametocytes during the 
intraerythrocytic stage. When these are picked up by a mosquito feeding 
from an infected human, they undergo a sexual reproduction phase inside the 
mosquito gut. The outcome of this phase is the development of new sporo-
zoites that travel to the salivary glands, thereby closing the life cycle.43 

Malaria is not a disease unique to the human species, there are e.g. Plas-
modium species infecting rodents, but each malaria species is specialized to 
a specific host. There are four species of malaria infecting humans: P. falci-
parum, P. malariae, P. ovale and P. vivax. and of these P. falciparum is by 
far the most lethal. P. falciparum alone accounts for more than 90% of the 
malaria casualties, but only 15% of the infections.45 The high death rate is 
caused by the tendency of P. falciparum to clog the blood vessels in the 
brain. The clogging is caused by adhesive proteins displayed on the surface 
of the erythrocyte by the parasite as a means to avoid destruction in the 
spleen which can otherwise occur.46  

Existing and novel drugs 
Chloroquine has been one of the most commonly used drugs, both as pro-
phylaxis and in therapeutic treatment.47 The drug is believed to interfere with 
the parasites’ ability to dispose of heme groups from the digested Hb. 
Chloroquine is very affordable and was extremely effective until resistant 
strains of P. falciparum emerged. The resistant strains appeared at first in 
Africa but are now common in most parts of Asia as well, and have rendered 
chloroquine and its derivatives less useful as therapeutic drugs. 

An interesting class of compounds, derived from the plant kingdom, are 
the artemisinin-based drugs.47 These are often used in combination with 
other drugs due to short half times in the body, and are very effective to-
wards chloroquine resistant P. falciparum strains. Although the artemisinin-
based combination therapies are available from US $0.75, they are much 
more expensive than chloroquine-based drugs that used to be effective. As a 
result, the novel combination therapies may not be available to the impover-
ished people that need it the most.5 

Due to the complicated life cycle of the malaria parasite and the high abil-
ity to evade the immune system, developing a vaccine with full cover is a 
difficult task. Very recently a report was published on a promising vaccine 
tested in a phase II study on 214 infants in Mozambique.48 The vaccine was 
shown to induce high levels of antibodies and give over 50% protection dur-
ing the 6 months test period. Although these results are hopeful there is still 
an urgent need for an affordable medical treatment of malaria. 

When the characterization of the P. falciparum Hb degradation started in 
the 1990s several rational drug design projects were initiated to inhibit this 
metabolic pathway,49 and in 2002 after the full genome was presented,50 



 32 

numerous new drug design efforts targeting different metabolic and regula-
tory pathways were established.51-53   

Plasmepsins 
Plasmepsins, i.e. aspartic proteases in the Plasmodium genus, became the 
target of rational drug design after the identification of a Hb degrading as-
partic protease in P. falciparum.49 Later it was found that P. falciparum en-
codes nine different aspartic proteases and one histo-aspartic protease 
(HAP). Three of these plasmepsins and the HAP are involved in the degrada-
tion of Hb and are thus potential targets for inhibition by therapeutic drugs 
leading to starvation of the parasites.44 These four Hb degrading enzymes are 
located in the food vacuole of the parasite and are active during the in-
traerythrocytic stage, where this metabolic pathway serves as the main 
source of amino acids.54 It has been shown that the Hb degrading enzymes in 
P. falciparum have functional redundancy and that co-inhibition with falci-
pain may enhance the effect of plasmepsin inhibitors.55 It has also been 
demonstrated that inhibitors with effect on Pfpm1, Pfpm2 and Pfpm4 simul-
taneously have the ability to starve malaria parasites.56 

 The plasmepsins are translated as inactive proenzymes and are activated 
in the food vacuole by proplasmepsin convertase.57 The activated enzyme 
consists of two domains with the active site located in the interface between 
the domains. The two catalytic residues are situated at the bottom of a deep 
cleft and one catalytic residue is contributed from each domain. Along the 
cleft there are binding pockets for amino acid residues of the substrate. The 
pockets are named based on the number of residues away from the scissile 
bond, and are given a prime ()) suffix on the C-terminal side of the substrate 
(Sn-S1//S1)-Sn)), see Figure 5 in Paper V.58 The amino acid residues of the 
substrate are named by the same convention but using a “P” to indicate the 
residue position. 

Perpendicular to the active cleft lays a �-hairpin, called the flap loop, cov-
ering the active site. During a cleavage cycle, the flap loop opens up to allow 
the substrate to enter the active cleft, and then it closes on the substrate to 
stabilize it during catalysis. 

The closest homologous enzyme among the human aspartic proteases is 
Cathepsin D, and high selectivity of novel protease inhibitors is desirable to 
avoid adverse effects. The functionality of Cathepsin D in the human body is 
not yet fully understood but it has been shown to be an essential enzyme 
which is involved in proteolytic activity in the lysosome.59 
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P. falciparum plasmepsins 1 and 2 
Together with the highly homologous Pfpm1, the Pfpm2 protease initiates 
the metabolic process of Hb in P. falciparum. The first cleavage occurs at 
the bond between Phe33–Leu34 in a hinge region of Hb. This step is thought 
to be crucial in the degradation process as the other proteases in the food 
vacuole seem to prefer denatured Hb.60 These two enzymes are ideal targets 
for inhibition of the Hb degradation chain,44,61 and several inhibitor design 
projects have been reported.62,63  

Fourteen x-ray structures of Pfpm2 are available in the PDB, both as 
apoenzymes and in complex with inhibitors. However, no structure is avail-
able for Pfpm1 presumably due to difficulties of expressing the recombinant 
Pfpm1. Hence, most of the structural drug design efforts are carried out with 
the Pfpm2 as model enzyme.64  

P. falciparum plasmepsin 4 
Pfpm4 has a sequence similarity of 68% in the active site region to Pfpm2.65 
Until recently the only structure available in the PDB was an unpublished 
structure of Pfpm4 in complex with pepstatin A (pdb-code 1LS5). This 
structure was compared to a homology model in Paper III. Pfpm4 is an espe-
cially suitable target for inhibition as it is the only plasmepsin found in the 
food vacuole of the three species P. Vivax, P. Ovale and P. Malariae.66 
Thus, by inhibiting Pfpm4 a broad malaria treatment could potentially be 
developed, that can be used for treatment of all malaria species. 

Catalysis and transition state analogues 
The cleavage of the substrate is mediated by a water molecule situated be-
tween the two catalytic aspartic residues.67 A hydrogen is abstracted from the 
water molecule by one of the aspartic residues and the resulting hydroxide 
ion performs a nucleophilic attack on the amide carbonyl, thereby creating a 
tetrahedral intermediate. The cleavage is completed by protonation of the 
amide nitrogen whereupon the intermediate collapses into the products.  

The stabilization of the high-energy intermediate by the enzyme can be 
utilized in rational drug design by synthesizing compounds that mimic the 
intermediate without being cleaved.68 A typical example is the generic aspar-
tic protease inhibitor pepstatin A, which presents a hydroxyl group to the 
catalytic dyad as a mimic of the tetrahedral intermediate (TI). Another ex-
ample also using a hydroxyl group as TI mimic is the 1,2-dihydroxyethylene 
(DHE) class of inhibitors which were developed in Paper I–III and reviewed 
in paper V, see Figure 8. 
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Figure 8. Illustration of DHE scaffold interacting with the two catalytic aspartic acid 
residues. The structure shows  HIV protease (green) in complex with a DHE inhibi-
tor (yellow), with PDB-code 1EBY.69 The two central hydroxyl groups interact with 
the aspartic residues through a clam like conformation. The two amides hydrogen 
bond to the water molecule (red sphere) which is stabilized by the flaps. 

1,2-dihydroxyethylene inhibitors 
This class of inhibitors is based on mannitol, a cheap and readily available 
starting material for affordable drugs (see Figure 9). The DHE compounds 
were initially developed for inhibition of HIV protease,70 but were later 
modified for inhibition of plasmepsins.71 The inhibitors act as a transition 
state mimic through the two hydroxyl groups in the center of the molecule. 
This was verified in the x-ray structure 1EBY where a DHE inhibitor is 
bound to HIV protease, see Figure 8. The structure also shows that the DHE 
binds in an extended conformation that mimics the substrate and forms hy-
drogen bonds to the flap loop. Furthermore, it was found that two hydroxyl 
groups are more effective than just one for the hydroxyethylene scaffold in 
HIV protease.69 Since this scaffold was able to deliver compounds with sub-
nanomolar inhibition on HIV protease it was also tested on P. falciparum 
plasmepsins. 

The first inhibitors of this class designed for inhibition of plasmepsins 
were C2-symmetric, and were used to elucidate the optimal stereo configura-
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tion of the central part of the scaffold.62 Improvements were made to the 
DHE inhibitors in the P1/P1) positions, and it was found that this class of 
inhibitors had no activity on human Cathepsin D.72  
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Figure 9. The scaffold of C2-symmetric mannitol-based plasmepsin inhibitors. Man-
nitol, on the left side, is transformed through ring opening to a linear compound. 

In Paper I the first asymmetrical inhibitors were developed as a result of 
bioisostere replacement. The novel compounds (see Table 1 in Paper I) had 
one of the amide groups replaced by a bioisostere which was introduced to 
improve pharmacokinetic properties. Amide bonds are unsuitable groups in 
drug compounds, mainly due to low bioavailability, and were replaced by 
either a diacylhydrazine or a heterocyclic group (see Figure 10). In combina-
tion with the bioisostere replacement a series of substituents were evaluated 
at the R3 position in Figure 10. Several compounds with activity in the low 
nanomolar region were found, see Table I in Paper I. 

Compared to the symmetrical compounds, the new asymmetrical inhibi-
tors presented a delicate problem regarding the binding mode. The binding 
conformation of the C2-symmetric compounds was quite clear from earlier 
work,72 but the novel compounds presented two possible modes; one with 
the R3 group in the S2 pocket and one with the R3 group in the S2) pocket.  
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Figure 10. The bioisosteres used in Paper I to replace amide bonds. Note the change 
of substituent from R1 to R3 indicating that the symmetry from Figure 9 is broken. 

The novel compounds were assessed with computational methods to gain 
insight of important interactions and to elucidate the binding mode of the 
series. At first, docking was employed but did not provide any reasonable 
solutions due to the cramped binding site of the crystal structure (1SME). 
Instead, manual docking followed by MD simulation yielded consistent re-
sults and was used in binding free energy calculations with the LIE method. 
The conformations obtained by manual docking were similar to the one in 
the 1EBY x-ray structure in Figure 8. The central hydroxyl interacted with 
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the catalytic aspartic residues and the amide carbonyls formed hydrogen 
bonds to the flap. 

From the calculations it was predicted that a consensus mode existed 
which placed the introduced bioisostere on the prime side (see Figure 11). 
This binding mode required a widening of the S2) pocket to allow some of 
the bulky side chains to enter. This process was observed in the initial MD 
simulations of one compound, see Figure 1 in Paper I. When the widened 
pocket was used as starting structure in the MD simulations, the binding free 
energy estimates clearly pointed to the previously mentioned binding mode 
with the bioisostere on the prime side. In addition, the binding free energies 
were in excellent agreement with experimentally observed ones.   

 
Figure 11. Predicted vs. observed binding free energies for seven unsymmetrical 
Pfpm2 inhibitors. For all seven inhibitors the predicted binding free energies sug-
gests conformation 2. 

Macrocyclic 1,2-dihydroxylethylene inhibitors 
In Paper II, four macrocyclic compounds were synthesized and tested for 
activity on the P. falciparum plasmepsins; see Table 1 in Paper II. Cycliza-
tion of compounds is generally performed to restrict the internal degrees of 
freedom of the compound and thereby reduce the entropy loss upon binding.   

Two of the compounds, containing 16-membered rings, did not display 
high activity in assays. The low activity was explained by MD simulations 
and free energy calculations to be caused by an unfavorable conformation of 
the two hydroxyl groups interacting with the catalytic aspartic residues.  

Two 13-membered ring compounds were found to be quite potent in 
Pfpm2, although not of as good quality as the best linear inhibitors from 
Paper I. In Pfpm4, only the saturated compound turned out to be active. The 
observed selectivity of the unsaturated 13-membered ring compound, 5 in 
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Paper II, was explained by MD simulations to be caused by a rearrangement 
of the di-hydroxy moiety for steric reasons. In Pfpm4 the S1–S3 binding site 
is slightly more confined than in Pfpm2, which leads to the mentioned rear-
rangement when the cycle is conformationally restrained by the double bond 
in the unsaturated compound. Thus, the common hypothesis that rigid ana-
logues, through a lower loss of conformational entropy upon binding, have a 
free energy advantage relative to their flexible counterparts is not valid in 
this case. 

Inhibition of Pfpm4 
A subset of the DHE inhibitors from Paper I was evaluated computationally 
and experimentally on Pfpm4. These results are mainly presented in Paper 
III. The most potent compound on Pfpm4 was a symmetrical inhibitor carry-
ing two heterocyclic linkers, with a Ki of 35 nM, see Figure 12. This com-
pound also displayed a inhibitory effect on parasite growth in cell culture 
(25% inhibition at 4 *M). The successful inhibition of parasite growth com-
pared to other potent compounds may be explained by the ability to inhibit 
several plasmepsins at once. The multitargeting feature may be desirable as 
the plasmepsins have partially redundant functions.55  
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Figure 12. Compound 6 from Paper III.  

Structure validations in Pfpm4 and Pmpm4 

Homology model vs. crystal structure 
During the computational analysis of the Pfpm4 inhibitors in Paper III a 
homology model was built of Pfpm4 using three templates of Pfpm2 and the 
only hemoglobin degrading plasmepsin of P. Vivax. The model was created 
as a complement to the only available structure of Pfpm4 at the time of the 
work (pdb-code 1LS5). The 1LS5 structure is a medium resolution, unpub-
lished structure. Further, the homology model together with the 1LS5 struc-
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ture provided a basis for comparing a crystal structure with a homology 
model in LIE calculations. 

The homology model created by the SWISS-MODEL server and was as-
sessed using the WHAT-IF analysis.73,74 The model was found to be slightly 
better in the WHAT-IF analysis, compared to the crystal structure. The struc-
ture was also validated through MD simulations and binding free energy 
estimation of the generic aspartic protease inhibitor pepstatin A and was 
found to give satisfactory results. 

MD simulations of the nine compounds in Paper III were performed using 
both the 1LS5 structure and the homology model. Binding free energy esti-
mates were calculated from these and the results were compared. The esti-
mates from the two structures were reasonable with an rms error to experi-
mentally observed values of 0.98 and 0.77 kcal/mol, respectively. Interest-
ingly, the results were markedly improved when the estimated values were 
combined into one predictive model; see Figure 2 in Paper III. The combined 
LIE model achieved an rms error of 0.55 kcal/mol. This result shows that 
increased conformational sampling improves the accuracy of the binding 
free energy predictions. 

Analysis of a published Pmpm4 structure 
During the work with the Pfpm4 homology model a structure of Pmpm4 was 
released (PDB-code 2ANL).75 The structure contains Pmpm4 in complex 
with an allophenylnorstatine (APN) inhibitor developed by Kiso and co-
workers.65 The APN inhibitors is a series of compounds developed with the 
aim to find a multitargeting inhibitor, potent on all plasmepsins.76 

Initial docking calculations performed on the 2ANL structure resulted in 
ambiguous results, and the native structure was not found among the solu-
tions. These dockings were performed with the protonation state of the cata-
lytic aspartic residues identical to the one modeled in the DHE calculations. 
When another distribution of the proton on the two catalytic residues was 
used the results changed drastically.  

The protonation state of the catalytic aspartic residues was determined us-
ing MD simulations and binding free energy calculations. It was found that 
the protonation state of the aspartic residues is altered in the APN class, 
compared to the DHE inhibitors. Only when the proton was shifted from 
Asp34 to Asp214 could binding free energies be reproduced. 

With the Asp214 protonated, re-docking the 2ANL structure was success-
ful. In addition, relative binding free energy estimates were in close agree-
ment with experimental results, see Table 1 Paper IV.  
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Figure 13. Comparison of two conformations of an APN inhibitor.  The 2ANL crys-
tal structure conformation is displayed in green, and the conformation proposed by 
MD simulations and docking is represented in cyan. The major discrepancy is found 
in the encircled amide bond. 

An interesting observation was made during the docking and MD simula-
tions. MD simulations of the crystal structure complex suggested that the 
P1–P2 linking amide side was modeled erroneously, i.e. upside-down, 
Figure 13. In the start of the simulation the amide flips to a very stable con-
formation. The re-docking proposed the same conformation of the amide as 
the MD simulation. The new conformation of the amide leads to better H-
bond network, similar to that observed in numerous other crystal struc-
tures.77,78 
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Method evaluation and development 

Docking and scoring assessment 
In Paper VI the problem of finding reliable bioactive conformations of a 
ligand series is addressed. This issue also appeared in Paper I when the 
asymmetric DHE inhibitors were developed. In Paper VI, a protocol for pre-
dicting binding mode is prepared and for this purpose a ligand set must be 
used that: 

� has at least one experimental structure of the protein–ligand com-
plex 

� has experimentally measured Ki or IC50 values 
� possesses the (usually unwanted) characteristic to produce several 

similarly scored docking conformations 

These desired features were found in a series of HIV-1 reverse transcriptase 
(RT) ligands, see Table 1 in Paper VI.79 These are small, rigid molecules 
consisting of a pyridinone-benzyl core. They bind in a well defined allosteric 
pocket of RT and form a conserved hydrogen bond to Lys101. The charac-
teristics that make them particularly suitable for this docking assessment is 
the ability to flip the pyridinone ring while maintaining the position of the 
benzyl group and the hydrogen bond to Lys101, see Figure 14. Furthermore, 
an x-ray structure is available of RT in complex with one of the ligands 
(PDB-code 2BAN),80 which allows validation of the predicted binding 
mode. 

Docking calculations were initially performed using the 2BAN structure. 
The native conformation was found in the top ranked position in nearly all 
cases, showing that re-docking is easy in this case. Another round of docking 
calculations was performed, but this time with the RT structure replaced 
with a non-native one (PDB-code 1RT1). The resulting conformations were 
a mix of the two binding modes displayed in Figure 14, demonstrating that 
cross-docking is hard (see Table 2 in Paper VI). The binding mode aligned 
with the 2BAN structure is called correct and the mode with flipped pyridi-
none ring is called wrong. 
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Figure 14. Comparison of two plausible binding modes from re-docking. The pyri-
dinone ring can be flipped while still maintaining the crucial hydrogen bond to the 
carbonyl oxygen of Lys101 and keeping the benzyl group in equivalent positions.  

Ranking with scoring functions and the LIE method 
The cases where the cross-docking resulted in both correct and wrong con-
formations were selected for further analysis. The selected conformations 
were re-scored with empirical and knowledge based scoring functions to 
assess their ability to differentiate between the two modes. The scoring func-
tions used were Chemscore, X-Score and PMF.10,38,81 None of these three 
functions were able to separate the correct mode from the wrong, in terms of 
binding free energies. 

The LIE method was also used for re-scoring the conformations. Here, a 
distinct difference in binding free energy estimates for the correct and wrong 
conformations appeared, see Figure 8 in Paper VI. Further, the calculated 
relative binding free energies correlated well with experimentally observed 
values. 

Evaluation of partial charge models 
In structure based ligand design it is desirable to screen large virtual com-
pound libraries against pharmaceutical targets. For this purpose methods 
need to be automated, from the system setup to data analysis. As a result of 
the rapid development in the computer power, the bottleneck of rigorous free 
energy calculations has started to shift from computational resources to 
preparation of the molecular systems. In Paper VII, one step towards in-
creased automatization is pursued by assessing the use of semi-empirical 
charge models in binding free energy calculations with the LIE method. 
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Electrostatic interactions are important in ligand binding, and they are often 
the key to explaining relative binding free energies among chemically re-
lated ligands. The electrostatic term in affinity calculations with the LIE 
method is often found to be responsible for the major part of the relative 
binding free energy differences in a homologous ligand series. Hence, it is 
important to make certain that the partial charges used in the MD simula-
tions are compatible with the force field and are able to reproduce solvation 
and binding free energies. Recently, Mobley et al. demonstrated that the 
semi-empirical AM1-BCC method82 for calculating charges works almost as 
well as more computationally expensive restrained electrostatic potential 
(RESP) fitted charges,83 for calculations of solvation free energies.84 Those 
results encouraged us to investigate the influence of different charge models 
on binding free energy estimates. 

In Paper VII, a number of ab initio and semi-empirical charge models 
were assessed with regard to their usefulness in binding free energy calcula-
tions with the LIE method. Ten RT inhibitors, from the same compound 
series as in Paper VII, were used as a test case. Partial charges were derived 
from two semi-empirical and six ab initio quantum chemistry charge models, 
resulting in 22 different partial charge sets. The ab initio calculations were 
performed with two different basis sets, and a continuum solvent model was 
applied to model the polarization by the solvent.  

The charge sets were used in MD simulations and binding free energy es-
timates were calculated with the LIE method. The two semi-empirical charge 
models investigated, CM1A85 and VCharge86, performed well in the binding 
free energy calculations and showed robustness with respect to the starting 
conformations in the MD simulation. The results from the binding free en-
ergy calculations indicate that the semiempirical charge models may be a 
viable alternative for assigning partial charges. The semiempirical charge 
models are fast enough to be used for assigning partial charges to large com-
pound libraries for binding free energy calculations from the LIE method in 
combination with MD simulations. 
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Future perspectives 

Computational chemistry 
The impact of computational chemistry in biology will continue to grow. 
One reason is the increasing computational resources made available to re-
searchers. Here in Sweden, at the National Supercomputer Center in 
Linköping, a new computer cluster (Neolith) was recently inaugurated.87 It 
has a peak performance of 60 TFlops on a total of 6440 CPU cores. This 
resource, and others, will help the computational chemistry field to expand 
and provide a platform for method development. 

Structure based drug design methods will gain additional influence as a 
result of the increasing number of structures in the PDB. In 2006 there were 
over 37,000 entries in the databank and the number of entries have been 
growing almost exponentially over the last years.88  

Method development in structure based ligand design is dependent not 
only on available structures, but also on available affinity data from experi-
ments. Efforts are being made to extract such data from the literature and 
store it in a database together with information about solved structures.89 
This means that new methods can be evaluated on larger data sets.  

Novel methods needs extensive validation, but it is equally important to 
evaluate existing methods and compare the best methods with each other. An 
important enterprise in this respect is the “Critical assessment of techniques 
for protein structure prediction (CASP). There have been seven CASP events 
to date and the last one was held in 2006.90 The goal of the evaluation is to 
achieve an objective assessment of the available methods in protein predic-
tion from sequence information. An appealing thought is to create a similar 
project for the docking and scoring field. A project where data is hidden to 
the competitors and methods can be evaluated without prejudice in the end.  

Malaria prevention 
Malaria is a recognized global problem and the ongoing projects worldwide 
to fight malaria are encouraging. For example, the roll back malaria (RBM) 
partnership is a huge effort to organize large scale interventions at country 
level.91 RBM projects are focused on malaria control methods such as mos-
quito nets, insecticides, medicines and diagnostics. Projects like this, with 
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the aim to focus resources to the people who need help the most, is a neces-
sity in order to prevent malaria on a large scale.  

Current research in academic settings may potentially lead to novel treat-
ments of malaria, both in the form of vaccine and therapeutic drugs.43,47,48 
The research conducted in this thesis is a part of this process, and the most 
potent compounds could provide a foundation to continue the development 
of a potent therapeutic drug. 
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Summary in Swedish 

Strukturbaserad läkemedelsutveckling 
Traditionellt har nya läkemedel kommit från upptäckter i naturen. Ett klas-
siskt exempel är penicillin som hittades bland mögelsvampar på 1920-talet, 
och som senare ledde till en mängd modifierade varianter av den ursprungli-
ga substansen.  

Idag sker mycket av läkemedelsutvecklingen istället med rationella meto-
der. Så utvecklades t.ex. de första AIDS-medicinerna. Det började med att 
HIV-virusets genom sekvenserades, d.v.s. den genetiska koden löstes.  Från 
den genetiska koden kunde vitala enzym som viruset använder i sin livscykel 
identifieras. Ett av dessa enzym bryter ner andra protein, ett s.k. proteas. Om 
detta proteas inhiberas kan viruset inte fungera normalt och sjukdomsförlop-
pet bromsas. Så fungerar en del av de bromsmediciner som finns idag.  

Att hitta en lämplig molekyl som kan agera inhibitor är ingen lätt uppgift. 
En väg att gå är via enzymets 3-dimensionella struktur. Strukturen kan tas 
fram med röntgenkristallografi och resultatet är en modell av hur alla atomer 
i proteinet sitter ihop, se t.ex. Figure 4 och Figure 8. Från denna modell kan 
slutsatser dras om enzymets funktion och hur en passande inhibitor kan se ut. 
Denna procedur för att ta fram en ny medicin kallas strukturbaserad läkeme-
delsdesign och är ett centralt begrepp i avhandlingen.  

Botemedel mot malaria 
I avhandlingen presenteras ett projekt där strukturbaserad läkemedelsdesign 
appliceras på liknande sätt som i fallet med HIV, fast på proteaser från mala-
riaparasiten.  

Komplicerad livscykel 
Malaria orsakas av encelliga parasiter från släktet Plasmodium. De överförs 
mellan människor av malariamyggan och är en vanlig sjukdom i tropikerna, 
särskilt i Afrika. Det har uppskattats att över 500 miljoner människor drab-
bas av malaria årligen och att en miljon av dessa infektioner leder till döden. 
De flesta som avlider är barn under fem års ålder.  
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Malariaparasiten har en komplicerad livscykel som börjar med att en infekte-
rad mygga biter en människa, se Figure 7. Parasiter överförs till människans 
blod via myggans saliv och letar sig fram till levern. I levern förökar sig 
parasiten och de nya parasiterna tar sig sedan ut i blodet igen för att infektera 
röda blodkroppar. Inne i de röda blodkropparna förökar sig parasiten på nytt 
och ungefär varannan dag sprängs de infekterade blodkropparna. När blod-
kropparna spricker uppstår den karaktäristiska malariafebern som en respons 
på alla nya parasiter i blodet. Parasiterna letar sig återigen till nya blodkrop-
par och gömmer sig på så sätt från immunsystemet och den infekterade vär-
den känner sig tillfälligt bättre. 

Livscykeln sluts genom att en del parasiter utvecklas till gametocyter  och 
överförs till en bitande malariamygga. I myggans matsmältningsapparat sker 
en sexuell förökning som leder till att det bildas nya parasiter som slutligen 
letar sig fram till myggans salivkörtlar. 

Plasmepsiner bryter ner hemoglobin 
Den art som står för huvudparten av alla dödsfall heter P. falciparum . Under 
stadiet i de röda blodkropparna producerar den ett flertal enzym som bryter 
ner hemoglobin. Tre av dessa enzym, som använder sig av en gemensam 
mekanism för att klyva hemoglobin, kallas plasmepsiner. Med kunskap om 
deras mekanism kan effektiva inhibitorer utvecklas. Om plasmepsinerna 
inhiberas tillräckligt effektivt kommer parasiterna att svälta ihjäl eftersom 
hemoglobin är deras huvudsakliga föda inuti i de röda blodkropparna. 

Mannitolbaserade inhibitorer 
I ett flertal artiklar i avhandlingen beskrivs utveckling av plasmepsin inhibi-
torer som är baserade på mannitol. En viktig faktor i utvecklingen av läke-
medel mot en tropisk folksjukdom är kostnaden per dos. Fördelen med man-
nitol som startmaterial är den låga kostnaden, vilket gör att människor i fatti-
ga länder har råd att använda medicinen. 

Den första generationen inhibitorer var symmetriskt uppbyggda och lik-
nade det naturliga substratet hemoglobin i ett par kemiska strukturer som 
kallas amidgrupper. I den första generationen fanns substanser som visade 
sig vara mycket goda inhibitorer, dock har amidgrupperna egenskaper som 
fungerar dåligt i läkemedel. Därför byttes amidgrupperna ut i generation två, 
se Figure 10, för att göra inhibitorerna mer läkemedelslika. (Paper I)  

En inhibitor hittades som uppvisade effekt mot flera av plasmepsinerna 
och som dessutom hade effekt vid experiment med infekterade blodceller. 
Förutom att denna substans slog mot flera plasmepsiner så hade den fördelen 
att den inte inhiberade katepsin D. Katepsin D är ett proteas som finns i 
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människor och det är viktigt för en läkemedelssubstans att inte inhibera 
mänskliga enzymer vilket kan ge allvarliga bieffekter.  

I Paper I–IV har jag huvudsakligen jobbat med med prediktioner av hur 
hårt substanser binder till olika plasmepsiner. De detaljerade beräkningarna 
leder även till att viktiga interaktioner mellan enzym och inhibitor kan karak-
teriseras. 

Molekyldynamik och energier 
Datormodelleringen i malariaprojektet bestod i huvudsak av simuleringar 
med molekyldynamik (MD). MD är ett sätt att modellera atomers och mole-
kylers rörelse. Från simuleringar kan viktiga slutsatser dras om hur moleky-
ler interagerar med varandra. Interaktionerna mäts i energier och från beräk-
nade medelenergier kan ett värde på affiniteten beräknas. Affinitet är ett mått 
på hur hårt en substans binder till ett protein, och det är affiniteten som be-
stämmer effektiviteten hos en inhibitor. Hur bra inhibitorn är som läkemedel 
bestäms sedan av en rad andra faktorer, t.ex. dess förmåga att tas upp i krop-
pen eller om den har toxiska bieffekter. 

Metoden som används för att beräkna affinitet i avhandlingen kallas Line-
ar interaction energy. Något förenklat kan den beskrivas som en måttstock 
på var en substans trivs bäst, i vatten eller protein. Trivs den bättre i vatten 
än i enzymet så är det en dålig inhibitor, och vice versa.  
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