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Abstract
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Biochemical processes all involve associations and dissociations of chemical entities.
Understanding these is of substantial importance for many modern pharmaceutical applications.
In this thesis, longstanding problems with regard to ligand binding are treated with
computational methods, applied to proteins of key pharmaceutical importance. Homology
modeling, docking, molecular dynamics simulations and free-energy calculations are used here
for quantitative characterization of ligand binding to proteins. By combining computational
tools, valuable contributions have been made for pharmaceutically relevant areas: a neglected
tropical disease, an ion channel anti-drug-target, and GPCR drug-targets.

We report three compounds inhibiting cruzain, the main cysteine protease of the protozoa
causing Chagas’ disease. The compounds were found through an extensive virtual screening
study and validated with experimental enzymatic assays. The compounds inhibit the enzyme in
the μM-range and are therefore valuable in further lead optimization studies.

A high-resolution crystal structure of the BRICHOS domain is reported, together with
molecular dynamics simulations and hydrogen-deuterium exchange mass spectrometry studies.
This work revealed a plausible mechanism for how the chaperone activity of the domain may
operate.

Rationalization of structure-activity relationships for a set of analogous blockers of the hERG
potassium channel is given. A homology model of the ion channel was used for docking
compounds and molecular dynamics simulations together with the linear interaction energy
method employed for calculating the binding free-energies.

The three-dimensional coordinates of two GPCRs, 5HT1B and 5HT2B, were derived from
homology modeling and evaluated in the GPCR Dock 2013 assessment. Our models were in
good correlation with the experimental structures and all of them placed among the top quarter
of all models assessed.

Finally, a computational method, based on molecular dynamics free-energy calculations, for
performing alanine scanning was validated with the A2A adenosine receptor bound to either
agonist or antagonist. The calculated binding free-energies were found to be in good agreement
with experimental data and the method was subsequently extended to non-alanine mutations.
With extensive experimental mutation data, this scheme is a valuable tool for quantitative
understanding of ligand binding and can ultimately be used for structure-based drug design.
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1 Introduction 

The world is a fascinating place, with many things to explore and learn. As a 
high school student I was certain of a few things; I would never work with 
computers and I would go nowhere near physics. I am still not an expert in 
any of these fields, but I have learned that they are great tools for under-
standing the world around us.  

One can look at the world in many ways, and depending on which magni-
fying glass you look through, different things will appear. For detailed un-
derstanding many tools are often needed. Classical biologists, chemists, 
physicists, and mathematicians all look with their own tools, at different 
aspects of the world. When these disciplines are combined, the details of 
nature can be studied. Details that have evolved for billions of years, becom-
ing advanced natural processes. Through evolution, these processes have 
been perfected to work at precise atomic detail, and are often maintained by 
molecular machines. To understand how these machines work, the atomic 
structures of them must be studied. The function of a molecular machine is 
linked to its structure just as yin and yang, or sauna and vihta. The magnify-
ing glasses that are used to study the molecular machines capture the atomic 
details of their three-dimensional structures. So far, mostly frozen structures 
are captured. The frozen structures are then “brought to life” by combining 
the power of computers with the knowledge in the fields of biology, chemis-
try, physics, and mathematics.  

The curiosity in nature and the desire to understand it has always been a 
driving force in science. Although we understand far from everything, we 
now have detailed knowledge of many processes and are learning how to   
control those that are malfunctioning. Since the function of a protein is so 
tightly linked to its structure, malfunction is also often linked to it. Malfunc-
tioning processes, if not handled, can lead to disease. Fortunately, humans 
have evolved fantastic tools to prevent and postpone many of the diseases 
affecting us; even in pre-historical times humans used trial-and-error based 
science. Today, pharmaceutical industry is a multi-billion-dollar industry 
facing enormous challenges. With increased costs and lack of new molecular 
entities, all stages of the drug-development process need to be optimized.1 
Computational tools are incorporated into drug discovery programs, and are 
often used in early stages in the process.2 As with all methods and tools, they 
need to be optimized and used smartly.  
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The aim of the projects within this thesis was to predict ligand binding of 
important pharmaceutical targets. Experimental structures were used when 
available, otherwise computational techniques were used for assigning the 
initial three-dimensional coordinates. In a cross-disciplinary collaboration, 
including virtual screening and experimental binding studies, three novel 
lead compounds that inhibit the parasite cysteine protease cruzain were 
found. Furthermore, the dynamics of the human chaperone domain 
BRICHOS was explored. Binding free-energies were calculated for ligands 
bound to the cardiac ion-channel hERG, and the G-protein coupled receptor 
(GPCR) A2AAR, including a validation and further development of a compu-
tational mutagenesis scheme. The three-dimensional structures were predict-
ed for the GPCRs 5HT1B and 5HT2B in complex with the anti-migraine drug 
ergotamine.  

1.1 Target systems 
In this section an introduction to the targets considered in the thesis will be 
given. One of the many strengths of computational chemistry is that it can so 
easily apply its methods to widely different targets. In this thesis, six differ-
ent proteins were investigated. These included one pathogen enzyme, one 
anti-amyloid chaperone, one ion channel and one GPCR anti-target, and two 
GPCR drug targets.      

1.1.1 Enzymes and chaperones  
Proteins are involved in all stages and processes of a cell. Proteins are abun-
dant there and are the real “workers”. Therefore many different strategies to 
modify and control them have evolved. Two classes of protein “modifiers” 
are studied within this thesis, an enzyme (cruzain) and a chaperone 
(BRICHOS). Enzymes make chemical processes extremely fast. Catalyzed 
reactions can be as fast as millions of times faster than the uncatalyzed reac-
tion, which make them essential for the survival of an organism. In this the-
sis an effort to find inhibitors for an enzyme belonging to the parasite Trypa-
nosoma cruzi was made. This is discussed in more detail in section 3.1.1 and 
papers I and II. The parasite causes Chagas’ disease in human, with 50.000 
death annually3. There are no good treatments against the disease, as the 
existing drugs are highly toxic4,5. Cruzain, the parasite´s major cysteine pro-
tease, modifies the target protein by cleaving peptide bonds. It has been 
identified as a potential drug target6, as it is present in all developmental 
stages of the parasite. Overexpression of it leads to higher transfection7 and 
reduced enzyme activity prevents infection.4  

Chaperones help proteins to fold properly as it is expensive for a cell to 
produce proteins that are misfolded and would go to waste. More important-
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ly misfolded proteins can also be highly toxic. For example, they can lead to 
amyloid formation which are implicated in many neurodegenerative disor-
ders8,9. Within this thesis the BRICHOS domain of the lung surfactant pro-
tein C proprotein was studied for its chaperone activity. This is discussed in 
more detail in section 3.1.2 and paper III.    

1.1.2 Ion channels and GPCRs 
A lipid membrane layer encloses cells, but the membrane is also packed with 
protein. These proteins have many key tasks for cells to function properly 
e.g., they handle the communication between the cell and the environment, 
and keep the cellular inner environment constant in an ever-changing outer 
environment. One can easily image that if the signaling pathways are broken 
the cell will not function properly thereby leading to malfunction or disease. 
Membrane proteins have been the targets of extensive research for a long 
time, leading to several Nobel Prizes related to this thesis. It was awarded in 
1988 to Prof. Johann Deisenhofer, Prof. Hartmut Michel, and Prof. Robert 
Huber for photosynthetic reaction center, in 1997 to Prof. Jens Skou for 
Na+/K+-ATPase, in 2003 to Prof. Roderick MacKinnon for ion channels and 
Prof. Peter Agre for aquaporins, and in 2012 to Prof. Robert Lefkowitz and 
Prof. Brian Kobilka for GPCRs. In this thesis one ion channel, and three 
GPCRs have been investigated because of their medical implications.  

Ion channels form selective pores through the membrane to allow particu-
lar ions to pass through. This is done to create a resting potential, manipulate 
the action potential over the membrane, or regulate signals. In this work a 
voltage-gated potassium channel has been studied for its importance as an 
anti-target. The human Ether-à-go-go Related Gene (hERG) is a homo-
tetramer containing a potassium-ion selectivity filter, four short pour helices 
supporting the filter structure and four replicates of two transmembrane heli-
ces. hERG is an essential potassium channel regulating normal cardiac elec-
trical activity. Life-threatening arrhythmias can be caused by malfunctioning 
channels10, because of either mutations or blockage by pharmaceutical com-
pounds. These severe side-effects caused by a diverse set of molecules have 
made hERG into an important anti-target; in fact all compounds are screened 
against hERG activity at an early stage of industrial drug-development cam-
paigns11. hERG is blocked by structurally diverse compounds on the intra-
cellular side of the selectivity filter; the channel is more susceptible to 
blockage than most other ion channels, indicating that it has a very distinct 
binding cavity. No crystal structure of hERG is so far available. Thus all 
structural information is extrapolated from other techniques, such as homol-
ogy models and structure-activity relationship data. In a collaboration be-
tween our group and the group of Prof. Bert de Groot at Max Planck Institute 
for Biophysical Chemistry, we produced and validated several homology 
models of the hERG channel12. One of the models was then used to perform 
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molecular docking and energy calculations to select the three-dimensional 
coordinates of a set of analogous inhibitors, and assess the key interactions 
between the inhibitors and the ion channel. This is discussed further in sec-
tion 3.2.1 and paper IV.  

GPCRs are also membrane proteins but instead of transferring ions over 
the cell membrane they mediate cell signals. By accepting a signal (light, 
hormone, pheromone, neurotransmitter, or odorant) on the outside of the 
cell, conformational changes in the receptor allow a G-protein or β-arrestin 
to bind to the receptor on the inside of the cell, further mediating the signal. 
This vital position of transferring signals is key to altering behaviors of sig-
naling pathways. Therefore large campaigns in both industry and academia 
focus on ligand activated GPCRs. As a consequence, about 30 % of all pre-
scribed drugs are targeted against GPCRs13.  

About 800 genes in the human genome are proposed to encode for 
GPCRs14. The sequence identity in this superfamily is usually very low, alt-
hough all have highly conserved structural features. All GPCRs are built up 
by seven transmembrane helices, connected by intra- and extracellular loops. 
The transmembrane region is the most conserved, while specificity is main-
tained in the intracellular regions. The superfamily has been clustered into 
classes or families according to their structural or sequence similarity. The 
most commonly used classification systems are the class A-F system15,16 and 
the GRAFS system17,18. They include: class A or rhodopsin-like family, class 
B or secretin receptor family and adhesion family, class C or glutamate re-
ceptor family, class D, class E and class F or frizzled/smoothened family. 
Class A is by far the largest and also the most studied, and the most crystal 
GPCR structures solved to date belong to this class. To navigate in the struc-
ture of GPCRs, Ballesteros and Weinstein introduced a numbering scheme 
apart from the sequence number. In their scheme the helix is denoted fol-
lowed by a number correlating to the sequence number, where the most con-
served residue in each helix is set to 50.19 

In this thesis different methods to explore GPCRs have been used and are 
discussed. The GPCRs that have been explored include two serotonin recep-
tors (5-HT1B, 5-HT2B) and one adenosine receptor (A2AAR). Serotonin recep-
tors are found in the central and peripheral nervous systems mediating the 
endogenous neurotransmitter serotonin; the function varies depending upon 
the location of the receptors20,21. The receptors are linked to various disorders 
e.g. aggression, depression, alcoholism, drug abuse, and hence are important 
drug targets21. Serotonin receptors are divided into seven classes, 5-HT1 to 5-
HT7, based on structural and transductional features20. 5-HT1B is a major 
target for anti-migraine drugs21, while 5-HT2B is a major anti-target22. An 
understanding of the selectivity between these highly similar receptors has 
been under high demand for a long time. In 2013 the structures of the two 
receptors were solved by crystallography both together with the anti-
migraine drug ergotamine23,24. Before the two structures were released, a 
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competition to model the two ligand-receptor complexes was launched in the 
modeling community. This was a rare and great opportunity for us modelers 
to assess our tools and ways of building our models in an unbiased manner. 
Our strategy and the results of the competition are discussed in more detail 
in section 3.2.2 and paper V.  

Adenosine receptors have roles in anti-inflammatory effects, regulating 
oxygen consumption in heart muscles and immune responses25, using adeno-
sine as endogenous ligand but also targeted by the most consumed drug in 
the world, caffeine26. (This is a drug powerful enough to keep you up long 
nights writing a thesis or finishing marathons.) They are classified into four 
sub-classes25,27, where the A2A adenosine receptor is the GPCR that has been 
structurally most studied. A2AAR has been crystallized in both inactive and 
active-like states with different ligands, including the highest resolution 
structure of any GPCR so far.28-33 Since A2AAR is well characterized, we 
used it as a test case for our newly developed scheme of mutating residues 
and calculating the effect on the relative binding free energies between wild-
type (wt) and mutated receptors. This is discussed in section 3.2.3 and papers 
VI and VII.    
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2 Computational approaches 

This section introduces and briefly describes the computational approaches 
in the thesis. For the more interested reader, excellent books have been pub-
lished with details of the theory in the field, e.g. “Physical Chemistry” by 
Atkins and de Paula34, “Statistical Thermodynamics” by McQuarrie35, “Mo-
lecular Modeling” by Leach36, and “Free Energy Calculations” by Chipot 
and Pohorille37, to name a few. As in any scientific field, there is a toolbox 
of methods to hammer out the answers to the questions we ask. In 2013, 
Prof. Arieh Warshel, Prof. Michael Levitt, and Prof. Martin Karplus were 
awarded the Nobel Prize. They were awarded for their method development 
in the computational biochemistry field. In this thesis a range of methods to 
explore the field of computer-aided drug design have been used. The meth-
ods include docking and virtual screening as well as molecular dynamics and 
detailed energy calculations.  

2.1 Molecular mechanics and force fields 
Molecular mechanics is a simplified model of atoms and molecules, where 
every atom is modeled as a soft sphere with a partial charge. All atoms inter-
act with the surroundings with these two entities, and are built up to mole-
cules by springs. To account for proper energy in a system, potential func-
tions are used to describe both bonded and non-bonded interactions. These 
potential functions are easily summarized into the force field, which is typi-
cally suitable to use for simulations of large systems. A typical force field 
often used is:  

 
𝑈!"# = 𝑘! 𝑏 − 𝑏! !

!"#$%

+ 𝑘! 𝜃 − 𝜃! !

!"#$%&

+ 

𝑘! 𝜉 − 𝜉! ! +
!"#$%#&$'

𝑘!
2

1 + cos 𝑛𝜑 + 𝛿
!"!!"#$%&

+ 

  
𝑞!𝑞!
𝑟!"

  
!"!!"#$%$

+
𝐴!"
𝑟!"!"

−
𝐵!"
𝑟!"
!

!"!#"!$%$
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which includes the bonded terms that evaluate intra-molecular interactions 
by bond stretching, angle bending, improper and dihedral rotation and the 
non-bonded terms which evaluate inter-molecular interaction including elec-
trostatic interaction energy and van der Waals interactions. The first three 
potential functions (bonds, angles and impropers) in equation 1 are described 
by harmonic functions with equilibrium bond length b0, angle θ0, improper 
ξ0, where deviations give a larger potential energy of the system. The force 
constants kb, kθ, kξ describe the stiffness of each sub-potential. The dihedral 
potential function is described by periodic function with barrier height kφ, 
periodicity n and phase shift δ. The electrostatic interaction energies are 
calculated from Coulomb’s law, where qi and qj are the partial charges of 
two atoms, i and j, separated by the distance rij. Finally the van der Waals 
term in calculated by a Lennard-Jones potential with parameters Aij and Bij. 
All these parameters have to be defined for all atoms to be able to calculate 
the potential. The parameters are usually based on experimental data or 
quantum mechanical calculations. Examples of classical force fields used for 
calculations on protein systems are AMBER38, CHARMM39, OPLS-AA40 
and GROMOS41.      

2.2 Molecular dynamics 
With equation 1, the potential energy of a static system can be calculated. 
However, biological systems are constantly fluctuating around the bottom of 
the potential well due to thermal motion. Measurable thermodynamic prop-
erties, generated by this motion, can be accessed computationally by produc-
ing ensembles of thermally accessible configurations. One common method 
is to simulate the system as a function of time using molecular dynamics 
(MD). By moving the atoms according to Newton’s law of motion, configu-
rations of the system are generated. This can be achieved since the force 
exerted on each atom is related to the potential energy in equation 1 by the 
negative positional derivative.     
 

𝑭! = −
𝜕𝑈!"#
𝜕𝒓!

= 𝑚𝒂! 
(2) 

 
In other words the force on every atom, Fi, at time t, is calculated from the 
negative positional derivative of the potential energy function, Upot. The 
acceleration of every atom, ai, with mass mi is calculated according to the 
direction and magnitude of the force. Through the acceleration, velocity and 
position of each atom at time t + Δt can be approximated by numerical inte-
gration. A popular algorithm used in MD simulations is the leap-frog Verlet 
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method, where the new position, ri, and velocity, vi, of each atom at time t 
and time step Δt is calculated by 

𝒓! 𝑡 + Δ𝑡 = 𝒓! 𝑡 + 𝒗! 𝑡 +
𝛥𝑡
2

𝛥𝑡 (3)

𝒗! 𝑡 +
Δ𝑡
2

= 𝒗! 𝑡 −
𝛥𝑡
2

+ 𝒂! 𝑡 𝛥𝑡 
 

(4)

In an MD simulation these equations are solved for every atom in the system 
to follow the progress over time and thereby gather ensembles of configura-
tions. When simulating biomolecules the starting structures usually are ob-
tained by X-ray crystallography, NMR or homology modeling. The starting 
velocities are assigned randomly by the Maxwell-Boltzmann distribution and 
time steps are set to 1-2 fs to properly sample the fastest vibrations.  

MD simulations are the core method used in all papers, I-VII, within this 
thesis. There are many MD softwares, all of which specialize in slightly dif-
ferent areas The software used in this thesis is mainly Q42, but also 
GROMACS43,  NAMD44 and Desmond45.   

2.3 Free-Energy Perturbation 
Once the potential energy and a simulation of a system have been obtained, 
the free-energy of the reaction below can be calculated.  
 

𝑃 + 𝐿 ⇌ 𝑃𝐿 
 
where free protein, P, and ligand, L, form the complex PL. Unfortunately 
binding events are slow processes. Because of time limitations in performing 
the calculations, the process are not sampled enough for the free-energy to 
converge. Experimentally, the binding constant, Kbind, is obtained by measur-
ing concentration of free protein, free ligand, and bound ligand-protein com-
plex. Through the binding constant, the binding free energies, ΔG, can be 
calculated by 
 

Δ𝐺 = −𝑅𝑇 ln𝐾!"#$𝑐⊖ = −𝑅𝑇 ln
𝑃𝐿 𝑐⊖

𝑃 𝐿
 

 

(5) 

where R is the gas constant, T is the temperature, and 𝑐⊖ is the standard 
reference concentration. 

The times scales of binding and unbinding events in the reaction above 
are extremely long compared to what is normally reached computationally. 
Instead of waiting for these processes to happen spontaneously and estimate 
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the free-energy by “brute-force” methods, the relative binding free-energies 
between related small molecules are often calculated instead. One such tech-
nique is called free-energy perturbation (FEP)46. Here the free-energy differ-
ence, %G, between two systems or states, A and B, are related through their 
difference in potential energy, given by Zwanzig’s equation47 

 
!! ! !! ! !! ! !!!! !" !! !!!!! !!! ! 

 
(6) 

where kB is the Boltzmann constant, T is the temperature, UA and UB are the 
potential energy functions of the two states, A and B, and  ! ! denotes the 
ensemble average generated through the MD simulation sampled using the 
potential UA. For equation 6 to give reliable results, the configurations sam-
pled with potential UA must also be relevant for potential UB. This means 
that the two states have to significantly overlap in the thermally accessible 
configurations. If the difference is not extremely small, intermediate poten-
tials, Um, are created by linear combinations of the potentials of state A and 
B to overcome the convergence problem 
 

!! ! ! ! !! !! ! !!!! 
 

(7)

where &m varies from 0 to 1. By performing the transformation from potential 
UA to UB in a number of discrete steps, (! ! !!! ! !), the total free-energy 
difference can be calculated by summing over the intermediate potentials. 

 

!! ! !! ! !! ! !!!! !" !! !!!!!!! !!! !

!!!

!

 
(8) 

 
By combining the FEP method with a thermodynamic cycle (Figure 1) rela-
tive binding free energies can be calculated between two similar compounds, 
as presented in paper IV. Here the perturbation is performed both in com-
plex, !" ! !"!, and in solution, ! ! ! ! ! ! !!, where !! is the second 
ligand. 

 
Figure 1. Thermodynamic cycle of  ligand ! and !! binding to the protein P. The 
horizontal “legs” measured experimentally, while the vertical “legs” are calculated 
computationally.   
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Historically FEP has only been used when the difference between two sys-
tems is a few atoms, due to convergence problems when performing larger 
perturbations. This issue has been addressed for amino acid mutations within 
this thesis in paper VI and VII, and is further discussed in section 3.2.3.   

2.4 Linear Interaction Energy 
A technique to calculate absolute binding free-energies is the linear interac-
tion energy (LIE) method48. Here only the corners of the thermodynamic 
cycle in figure 1 need to be simulated. The binding free-energy using LIE is 
calculated by nonbonded ligand-surrounding, l-s, potential energies 
 

Δ𝐺 = 𝛼 𝑈!!!!"#
! − 𝑈!!!!"#

! + 𝛽 𝑈!!!!"
! − 𝑈!!!!"

! − 𝛾 (9)

where the electrostatic, el, and the van der Waals, vdW, ensemble averages 
of the respective energies are calculated for both the ligand-protein complex, 
p, and the free ligand in water, w. The coefficients in equation 9 are used to 
scale the electrostatic and vdW contributions, where α is fully empirical and 
β depends on the nature of the ligand49. The term γ is system dependent, and 
is introduced to reproduce experimental absolute binding free-energies. It 
has been found to correlate with binding site hydrophobicity, where hydro-
phobic sites typically show negative values and polar sites show positive 
one50,51. The method has been successfully used in many studies52-55, and 
also in paper IV. 

2.5 Homology modeling 
The starting materials for MD simulation, FEP and LIE calculations are of-
ten structures obtained by experimental methods such as X-ray crystallog-
raphy or NMR. Much progress has been made56,57, but for the vast majority 
of proteins, protein-ligand and protein-protein complexes, there are no three-
dimensional structures assigned. Fortunately structural fold is more con-
served within protein families than sequence58, and can therefore be used for 
predicting three-dimensional structures for homologous proteins. The tech-
nique, named homology modeling, is used in papers V-VII and is the starting 
structure in paper IV where the model is validated using LIE calculations.  

In homology modeling the three-dimensional structure of the target pro-
tein is determined by a homologous template protein, for which the three-
dimensional fold is assigned experimentally. The sequences of two proteins, 
target and template, are aligned and the backbone of the target sequence 
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threaded on the three-dimensional fold of the template protein. Generally 
sequence alignments between several proteins are used to find the more con-
served regions, which can then be used to optimize the models. Usually α-
helices and β-sheets are conserved, and therefore easier to model than loops, 
which are often conserved neither in structure nor sequence. Homology 
modeling is dependent on the sequence identity between the target and tem-
plate and the quality of the template, where resolution and protein confor-
mation can be large limitations. To overcome some of these limitations, MD 
simulations can be used to relax the model59-62 or several templates can be 
used for different parts of the model where there is more sequence similari-
ty63,64. Knowledge from experimental data can also be used to guide the 
models, e.g. site-directed mutagenesis and structure-activity relationship 
data. Within this thesis mostly the homology modeling software Modeller65 
has been used, alone or as implemented in the GPCR-ModSim webserv-
er66,67.    

2.6 Automated docking 
By this point, structures of unknown, homologous, proteins can be produced 
and simulated using MD and both relative and absolute binding free-energies 
can be calculated for ligand-protein complexes. However, assignment of the 
spatial coordinates of a ligand in a ligand-protein complex is far from trivial 
if there is no experimentally solved structure of the complex. One method of 
predicting the binding conformation of a ligand in a ligand-protein complex 
is automated docking. Docking needs to handle two problems: searching for 
binding poses performed by a search algorithm, and ranking the poses per-
formed by scoring function. Searching for poses of the ligand is often per-
formed on a static protein to ease the problem and make this step faster. 
There are, however, several techniques to allow for protein conformational 
changes; two of those used in this thesis are the relaxed complex scheme68 
and induced fit algorithm69. In the relaxed complex scheme an ensemble of 
pregenerated protein conformations is used in the docking procedure, where-
as the induced fit algorithm allows change of residue rotamers in the binding 
site. A large number of ligand poses are generated in the first part of the 
docking process; all of these are sorted by the scoring function to filter good 
solutions from bad. The scoring functions are a compromise between accu-
racy and speed and can be divided into three categories on the basis of how 
they calculate the score, by: force field40,70, empirically71-76 or knowledge-
based77,78. To overcome the shortcoming of a given scoring function, the 
poses from the search can be rescored with several scoring functions, as 
done in papers I and II. The docking solutions are often optimized with MD, 
as performed in paper V. Alternatively, more detailed binding free-energies 
can be calculated with FEP or LIE since the scoring functions are usually 
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insufficient in calculating real binding free-energies79, see paper IV. Many 
different docking software are available; programs used within this thesis are 
GOLD72,80,81, GLIDE75,76,82 and CDOCKER70.  

Virtual screening is an application of automated docking, where a mas-
sive database of compounds are screened83,84. This is often used in drug de-
sign projects to fish out lead compounds for further optimization from large 
data sets. Virtual screens together with the relaxed complex screen, were 
performed in papers I and II.       
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3 Results and discussion 

In this section the results are summarized, discussed and fitted into a broader 
context.  

3.1 Enzymes and chaperones 
As already mentioned in the introduction, the two otherwise unrelated pro-
teins, cruzain and BRICHOS, both bind peptides, i.e., large molecules. Cru-
zain, an enzyme, cleaves peptides while BRICHOS, a chaperone, facilitates 
proper folding of other proteins. The dynamics of both proteins were studied, 
and virtual screening was carried out on cruzain, as discussed in more detail 
below.  

3.1.1 Cruzain 
The dynamics of the cysteine protease cruzain were studied and new poten-
tially druggable sites were found. A virtual screen was carried out followed 
by an experimental binding study of the top hits, where new potential inhibi-
tors were confirmed. The details of the results are further discussed in papers 
I and II.  

The virtual screening was started by performing MD simulations on cru-
zain, where the trajectories were clustered to perform the relaxed complex 
scheme68. This protocol has been successfully used to identify inhibitors 
against many targets, including HIV integrase85 and numerous T. brucei 
proteins86-88. The relaxed complex scheme overcomes the problem of a fixed 
protein structure while performing docking and virtual screening studies. By 
performing the study on an ensemble of structures instead of only one, fluc-
tuations of the protein are taken into account. To reduce the computational 
cost of the virtual screen and enrich the compound data set, the initial dock-
ing was performed to a static crystal structure of cruzain (Figure 2A). In 
order to avoid biasing the results by using only one scoring function, all 
docking solutions were rescored with multiple scoring functions. The en-
riched data set of 302 compounds were then docked to 24 receptor confor-
mations, and then scored and rescored according to the same scheme as in 
the crystal structure. From the final virtual screening, 30 candidate inhibitors 
were selected for further experimental characterization. The experimental 
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studies found three compounds to inhibit cruzain with µM affinity, 
NSC227186, NSC67436, and NSC260594 (Figure 2B). Although approved 
drugs typically inhibit in the nM-range, normally lead compounds do inhibit 
in the µM range. With further optimization these inhibitors could therefore 
be useful in drug discovery as lead compounds.  

 
Figure 2. (A) crystal structure of cruzain (pdb code 1ME4) depicted in green surface, 
with heptapeptide, shown in sticks, overlaid from crystal structure of procathepsin K 
(pdb code 1BY8) to display the peptide binding site. The S2 subsite of the binding 
pocket is indicated with black circle. (B) Three µM inhibitors (NSC277186, 
NSC67436, and NSC260594) found by virtual screening and experimental binding 
studies.     
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Detailed examination of the docking poses and trajectories revealed a previ-
ously uncharacterized pocket in the binding crevice, just beyond subsite S2 
(Figure 2). Four flexible residues control the pocket by acting as a gate. 
Crystal structures insinuate that there might be a pocket, but a fully opened 
pocket has never been seen before89,90. The solutions from the dockings pre-
dicted to bind this pocket were examined, and revealed mainly aromatic 
rings and aliphatic chains with hydroxyls occupying the site. This moiety 
can often be seen in used drugs; therefore the fragments can be considered 
drug-like and the pocket druggable.   

A classic bioinformatics approach aligning all homologous peptidase C1 
family members was performed to investigate conserved patches. This re-
vealed two highly conserved patches in addition to the active site crevice. 
These patches, on the opposite side of the active site, had not been previous-
ly characterized. Conserved patches usually indicate a conserved function, 
e.g., a protein-protein binding site. The particular patches seen here are also 
conserved in the homologous human protease cathepsin C, but residues be-
tween the patches are not. The patches could potentially be targeted by a 
drug containing a specifying linker to inhibit the function of cruzain. 

3.1.2 BRICHOS 
The three-dimensional structure of the BRICHOS domain belonging to hu-
man proSP-C, together with a proposal of the mechanism of its chaperone 
activity are reported and discussed in paper III.  

The BRICHOS domain is associated with cancer, neurodegeneration, and 
interstitial lung disease. The three-dimensional structure was assigned by x-
ray crystallography to 2.1 Å resolution. The architecture of the domain was 
found to be two α-helices (α1 and α2) flanking a central five-stranded anti-
parallel β-sheet (Figure 3). The two helices stretch diagonally across each 
side of the β-sheet. The side of the β-sheet facing α1-helix is highly con-
served, building a large hydrophobic patch. This raised the question if this 
hydrophobic patch could be the location of the chaperone activity. For this to 
be true, however, major reorganizations of tertiary structure would be need-
ed. To study the dynamics of the protein, we performed MD simulations of 
the wt and a D105N mutant. D105 is the only strictly conserved nondisulfide 
residue in all known BRICHOS sequences. Two mutations at the position 
are linked to interstitial lung disease, suggesting the importance of the resi-
due. We performed the simulations at different temperatures to monitor the 
stability of the domain. The wt and D105N mutant proteins behaved differ-
ently, in that the mutant protein showed structural stability whereas the wt 
did not. Several large-scale conformational changes could be monitored in 
the wt simulations, starting with the α2-helix unwinding at the N-terminus 
and from there signaling the α1-helix to move out from the β-sheet. This 
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exposed the hydrophobic core of the !-sheet to the solvent, making room for 
a peptide substrate (Figure 3). 

 
Figure 3. Three structures of BRICHOS superimposed shown in cartoon, with D105 
shown in sticks. Crystal structure is shown in light grey, and stable D105N mutant in 
dark grey. The distorted wt structure is shown in green.  

Furthermore, amyloid deposits were found in lung tissue of children with 
end-stage interstitial lung disease. The disease was caused by mutations in 
the linker and the BRICHOS domain of proSP-C, while the amyloid for-
mations were of mature SP-C, i.e., protein without the linker and the 
BRICHOS domain. This suggested that mutations in a chaperone can cause 
amyloid formation of its substrate, and disease in human.     

3.2 Ion channels and GPCRs 
3.2.1 hERG 
A docking study of a series of sertindole analogous was performed, followed 
by MD simulation and binding free-energy calculations (Figure 4A and B). 
The details can be found in paper IV. 

The simulations of the docking solutions were stable, although a general 
small shift away from the channel wall could be seen in all compounds. This 
is due to the docking algorithm having a “softer” vdW term, to allow ligands 
to explore larger areas in a binding cavity. However, one compound, com-
pound 3, did not show the same stable average MD structure and energy. 
Consequently it did not reach the low-energy conformation, position, or in-
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teraction pattern displayed by the other, highly similar analogues. To test if 
the docking program did not give the correct starting structure FEP calcula-
tions were performed. The compounds 3 and 10 are highly similar (Figure 
4C). By performing FEP calculations using the complex of hERG and com-
pound 10 as starting structure, a more stable conformation for compound 3 
could be found.  

 
Figure 4. (A) MD snapshot of hERG, in grey cartoon, in complex with sertindole, in 
cyan sticks. Interacting residues in the binding site are shown in sticks colored blue, 
orange, and yellow depending on which subunit of the homotetramer they belong to. 
They fourth subunit is not in direct contact with the ligand, and therefore removed 
for clarity. (B) Calculated LIE, !!!"#$!"# , versus experimental, !!!"#$!"# , binding free-
energies in kcal/mol for the nine sertindole analogues. The solid line is representing 
perfect agreement between !!!"#$!"#  and !!!"#$!"# . (C) Molecular structures of sertin-
dole, and two of the analogues, compound 10 and 3.    

Compound 10 has a 2-imidazolidinethione as a head group, where com-
pound 3 has a 2-imidazolidinone. These head groups could easily be inter-
changed in 51 FEP steps. This resulted in a calculated relative free-energy 
difference of 1 kcal/mol between the two, which is comparable with an ex-
perimental relative free-energy difference of 0.1 kcal/mol (Table 1). Using 
the end state of the FEP simulations, five new MD simulations were carried 
out, which generated stable low-energy conformations. The relative free-
energy difference was calculated by LIE to 0.6 kcal/mol between compound 
10 and 3. With this solved, a good correlation was found between the calcu-
lated and experimental binding free-energies, with a mean unsigned error of 
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0.4 kcal/mol. Our calculations clearly distinguish the good binders from the 
lower affinity ones (Figure 4B), while they also found that the scoring func-
tions could not rank the compounds appropriately.  

The results from our study are structurally in agreement with two previ-
ous alanine scanning studies by Kamiya et al., where they show that when 
mutating Tyr652, Phe656 or Ser624 sertindole looses binding.91,92 These 
results are important for the anti-target campaigns towards hERG, for which 
we predict a structure-based explanation for a set of sertindole analogues.   

Table 1. Relative binding free energy, ∆∆𝐺, between compound 10 and 3 for differ-
ent starting positions. Denoted in superscript is the method used to calculate the 
∆∆𝐺, in subscript the origin of the starting structure.   

 10→3 

∆∆𝐺!"# 0.1 

∆∆𝐺!"#$%&'!"#  2.6 
∆∆𝐺!"→!!"#  1 

∆∆𝐺!"#!"#  0.6 

3.2.2 5HT1B/5HT2B 
In the winter of 2013 a competition, GPCR Dock 2013 assessment, was 
launched to establish the progress of the molecular modeling and ligand 
docking for GPCRs. Within the competition four targets were considered, 
5HT1B and 5HT2B in complex with the agonist ergotamine and two structures 
of smoothened receptor in complex with antagonists. The outcome of the 
competition can be seen in paper V and our strategy is summarized and dis-
cussed in more detail here.  

The group of Prof. Raymond Stevens at the Scripps Research Institute 
solved the structures of these receptors,23,24,93,94 but prior to releasing the 
coordinates of these structures, the modeling community was given one 
month to model the receptors. The smoothened receptors are the first recep-
tors to be crystallized from the branch of class F (also called Frizzled family) 
in the GPCR tree, and therefore no closely related receptor could be used as 
a template for homology modeling. Because of this we decided not to partic-
ipate in this part of the challenge. Our methods are based on homology mod-
eling, so the evaluation of the methods would be meaningless.  

Both serotonin receptors were crystallized in complex with the anti-
migraine drug, ergotamine. Our strategy of modeling the two serotonin re-
ceptors was to use the GPCR-ModSim webserver66,67 and the docking soft-
ware GOLD. The webserver provides a pipeline to handle all steps needed to 
produce good models. By uploading the protein sequence to the server, a 
multiple sequence alignment is performed, and a suggested best template is 
given on the basis of the highest sequence identity. Two sets of templates are 
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given, based on active or inactive structures. One of the challenging features 
in the assessment was that ergotamine is an agonist for 5HT1B signaling for 
the Gi pathway, but a biased agonist for 5HT2B signaling for towards !-
arrestin pathway. We found the !-adrenergic receptors to be the best tem-
plates for both structures with transmembrane sequence identity between 42 
and 46 %. Of these, the turkey-!1 adrenergic receptor in complex with full 
agonist95 was finally chosen for both of them. It shared an active-like con-
formation stabilized by an agonist but without a G-protein, as we expecte 
would happen in the crystal structures of 5HT1B and 5HT2B.  After selecting 
the template, Modeller was used to build 100 models, where the highest 
ranked model was visually inspected and selected. Then iterative rounds of 
dockings and MD simulations were started to evolve the models. The overall 
strategy to produce the models is summarized in figure 5.  

 
Figure 5. Strategy used in the GPCR Dock 2013 assessment to produce our models. 
Procedures performed wirh the GPCR-ModSim webserver are shown in the green 
panel. From the models docking, shown in yellow panels, was perform using 
GOLD, and MD simulations of complexes, shown in blue panels, performed using 
GROMACS. The framed panels with letters indicate the final models.   

Three different tracks were used to produce the models. Track one produced 
models A, B and C, where model A was created by docking ergotamine di-
rectly to the homology model produced by the Modeller. Model B was then 
produced by running 50 ns MD simulation of model A, and model C by re-
docking ergotamine to the model B. Track two produced model D by first 
docking LSD, a rigid serotonin receptor selective binder, then selecting the 
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best model and performing MD on the complex, and finally by redocking 
ergotamine to the receptor. Track three was the most complex one, produc-
ing model E, which was done by first running MD of the apo structure, then 
docking serotonin, running MD of complex, docking LSD, running MD of 
the complex, docking ergotamine and finally running MD to produce the 
final model.  

The models from 44 participating groups were sent in and evaluated 
against the crystal structures, based on: the transmembrane bundle, structure 
of extracellular loops, geometry of the binding pocket, ligand position, and 
atomic contacts between the ligand and receptor. The overall performance of 
the modeling community was good. For 5HT1B in complex with ergotamine, 
the median ligand RMSD for all models was 5.44 Å, where the best model 
had an RMSD of 1.51 Å. The best ligand RMSD for 5HT2B in complex with 
ergotamine was 1.05 Å and median 5.54 Å.  

Our strategy worked well for predicting both the overall protein fold and 
ligand placement (Table 2). All our models for 5HT1B had better ligand 
RMSD than the median, the best solution having a ligand RMSD 3.79 Å, 
and predicting 77 % of the pocket accurately. The ligand RMSD of the best 
5HT2B model was between 3.18, predicting 67 % of the pocket accurately in 
the best model. 

Table 2. Final models of 5HT1B and 5HT2B with comparisons to the respective crys-
tal structures.  

Model Pocket 
RMSD (Å) 

Pocket accu-
racy 

Ligand 
RMSD (Å) 

Ligand er-
goline core 
RMSD (Å) 

TM back-
bone RMSD 

(Å) 
E - 5HT1B 2.28 77 % 3.79 2.11 1.67 
A - 5HT1B 1.77 65 % 3.97 2.77 1.86 
B - 5HT1B 1.73 70 % 5.37 1.29 1.89 

      
A - 5HT2B 2.68 67 % 3.18 1.81 2.13 
D - 5HT2B 3.11 55 % 5.83 2.12 2.39 
B - 5HT2B 3.11 48 % 6.62 3.84 2.19 

For 5HT1B all major features of the protein are captured (Figure 6A). Our 
models predicted EL2 to cover the binding site slightly more than it should, 
but the overall transmembrane backbone RMSD was 1.67 Å in our best 
model for entire protein and 1.73 Å for binding pocket residues. The buried 
ergoline core of the ligand was better predicted with a best ligand RMSD of 
1.29 Å, while the whole ligand was not predicted as well (best RMSD of 
3.79 Å).  

In the case of 5HT2B all the models of the protein are in agreement with 
the crystal structure (Figure 6B). Helix V makes an extra helical turn so that 
EL2 becomes slightly shorter. All our models missed this feature (which is 
not present in the template), but other than that, the rest of the binding region 
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was modeled well. The transmembrane backbone RMSD was 2.13 Å for our 
best model, and 2.68 Å for the binding site residues. The ligand prediction 
performed slightly better than compared to 5HT1B, with a ligand RMSD of 
3.18 Å for the best predicted ligand, and 1.81 Å for the ergoline core. 

 
Figure 6. Cartoon representation of our best model of (A) 5HT1B, model E in blue, 
and (B) 5HT2B, model A in green, superimposed on the respective crystal structure, 
in grey. Ergotamine is shown in sticks with same color scheme as receptors.  

In comparison with the participants in the challenge, our models of both 
5HT1B and 5HT2B were ranked in the first quarter of the total number of 
models in the categories of ligand and binding pocket RMSD. In the catego-
ry of pocket accuracy our best model of 5HT2B ranked in the first quarter, 
while we ranked 4th for the best 5HT1B model (Figure 7A-D).  

Even though predicting the transmembrane helices and binding pockets 
are reliable today, predicting loops are still problematic. Even experimental 
determination of three-dimensional coordinates of loop regions are some-
times not possible, since they are often unstructured and can adapt many 
different conformations. Loop modeling has improved though the years, 
where longer MD simulations can give accurate predictions. Another chal-
lenge, for modeling receptors, in the filed of receptor modeling is the fact 
that receptors can exist in different conformations, e.g., active and inactive. 
In the competition the biased state of 5HT2B was not captured in any model. 
Until now, no templates for the !-arrestin biased states were available, again 
highlighting the importance of good templates. If more states of GPCR are 
made available, the modeling community can produce reliable models that 
can be used for structure-based drug design. This is evident from the models 
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of 5HT1B, which are very close to the experimental structures. In fact, after 
the 2010 GPCR assessment, Carlsson et al. performed virtual screening 
against the dopamine D3 receptor homology model and the crystal struc-
ture96. They showed that homology models performed as well as crystal 
structures in finding high-affinity compounds.  

 
Figure 7. Comparisons of all models sent in to the GPCR Dock 2013 assessment. 
Correct ligand protein contacts versus ligand RMSD compared to crystal structure 
for (A) 5HT1B, in blue, and (B) 5HT2B, in green. Bottom two panels show pocket 
accuracy versus pocket heavy atom RMSD for (C) 5HT1B and (D) 5HT2B, in same 
color code as top panel. Our best models are shown in red square. 

Our tools worked well for producing reliable models of the protein. Interest-
ingly our internal ranking for the ligand worked well in both 5HT1B and 
5HT2B. The ranking was all done by visual inspection and manual ranking of 
the models, which highlights the importance of human intervention because 
most steps in the process cannot be automated.  

After the release of the experimental coordinates of the two receptors, we 
performed MD simulations to study the behavior of the receptor-ligand 
complexes. We performed 50 ns MD simulations of our best models and the 
experimental structures of 5HT1B and 5HT2B. For both receptors, the end 
states of the simulations of the best model and crystal structure started to 
converge. The conformation of ergotamine was stable in the crystal structure 
of 5HT1B. The ligand in the model adopted the same conformation as in the 
crystal, during the MD simulation. After the MD simulation the ligand 
RMSD between the crystal structure and the model came down to 2.96 Å. 
For 5HT2B, the ligand RMSD between the simulated crystal structure and the 
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best model came down to 1.86 Å. The crystallized ligand was also stable in 
this simulation, although the ergoline core moved slightly up towards our 
modeled ligand.   

3.2.3 A2AAR 
Our group recently developed a computational strategy to estimate the ef-
fects of single-point alanine mutations, alanine scanning, on ligand binding. 
In this thesis, this technique was validated, and extended to a computational 
mutagenesis study. The results are summarized and discussed here and more 
details can be found in paper VI and VII. 

The first GPCR to be crystallized was bovine rhodopsin in 200097, and all 
structural information prior was extracted by other methods, e.g. computa-
tional modeling based on a cryo-electron microscopy structure of rhodop-
sin98. One standard approach to understand ligand binding is to perform 
binding studies of mutated proteins. This approach has been widely used in 
GPCRs99-106 because of the lack of three-dimensional structures. Site-
directed mutagenesis gives clues from which the role of the wt residue can 
be extracted. Often the receptors are analyzed by mutating residues to ala-
nine, but also any other residue mutation is possible. After the first bovine 
rhodopsin structure was solved, it took seven years until the first human 
ligand-activated receptor, β2 adrenergic receptor, was solved107. Since then, 
over 100 receptor complexes have been solved, including inactive, partially 
active, and fully active receptors108. Of these most of these are of rhodopsin, 
in fact, only ~25 unique GPCR structures have been solved to date.  

To fully understand the behavior of a protein, static crystallographic 
structures are often not enough. Our goal was to link the structural infor-
mation from crystal structures with the energetic information from the bind-
ing studies using the computational tools we have access to. In computation-
al chemistry we can alchemically mutate ligands and residues in a protein 
and calculate the relative binding free-energy difference, using FEP or ther-
modynamic integration. In fact, this was already done in the 1980s109-112. A 
lot of effort on method development has been done since then113,114, but the 
main problems have still been convergence and precision, if the two end-
points of the mutation are too unlike115,116. Therefore a scheme was devel-
oped in the group to handle large changes, like those involved in sidechain 
mutations. Linking the structural information with binding energies and 
computational simulations, structural details of mutations could be explained 
and future structure-based ligand design can be further rationalized. The 
approach was first applied to examine different ligand poses in a homology 
model of the Y1 neuropeptide receptor.117 Since this was the first application 
of the approach, we wanted to further validate the method. Therefore, we 
evaluated it on a well-characterized GPCR, A2AAR, which has the highest 
resolution crystal structure available, also has also been crystallized with 
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several ligands, both agonists and antagonists. In addition, there are exten-
sive mutation data for A2AAR with several ligands. We collected all the ala-
nine mutations reported in the GPCR database108, for which there were also 
binding data for the agonist NECA and the antagonist ZM241385. We found 
14 alanine mutations performed on the A2AAR-ZM241385 system, and 17 on 
the A2AAR*-NECA system.  

 

 
Figure 8. Thermodynamic cycle of Phe ! Ala mutation using the smooth FEP 
scheme developed in the group. The mutation is divided into a series of smaller 
subperturbations, where unphysical intermediate states are created. Upper row corre-
sponds to the perturbation in free receptor, apo state, and lower to the perturbation in 
ligand-receptor complex, holo state. Green carbons, and white hydrogens represent 
regular partial charges and van der Waals parameters. While yellow carbons, and 
black hydrogens indicate atoms with no partial charge. Dotted surfaces, black and 
yellow, represent soft-core van der Waals parameters, to avoid singularities.    

The idea of the scheme was to “dim” electrostatic and van der Waals poten-
tials separately for each set of atoms at a time (Figure 8). Defining atom 
groups by their distance in number of bonds from the C" carbon and dim-
ming respective potential for one atom group at the time a smooth transition 
can be obtained going from the wt starting structure to the mutant end struc-
ture. Boukharta et al.117 showed how precision, accuracy and convergence 
can be achieved for alanine mutations with this smooth protocol. In their 
example, they compared a tyrosine to alanine mutation with the smooth pro-
tocol and conventional protocols where either both electrostatic and van der 
Waals potentials are dimmed either simultaneously or independently for all 
atoms. Another test case in the same study calculated the isomerization of a 
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phenyl ring in a solvent sphere, of which the free-energy difference between 
the states is exactly 0 kcal/mol. The two different setups gave free-energy 
difference of 0.06 ± 0.07 kcal/mol and 3.8 ± 0.3 kcal/mol and hysteresis of 
0.13 kcal/mol and 0.4 kcal/mol for the smooth protocol and test protocol, 
respectively. Comparing these setups shows how reliable the smooth proto-
col is. 

The scheme allows to explain the relative binding free-energy between wt 
and mutant. If the technique is linked to experimental methods, where bind-
ing free energies are given, a clear picture of the binding mode together with 
energetics of a ligand can be achieved.  

Good correlation for the relative binding free-energy was found between 
our calculated results and the experimental data for both the agonist and the 
antagonist complexes. We performed 17 mutations on the antagonist recep-
tor complex and 14 mutations on the agonist receptor complex, mutations 
causing non-binding and minor effects where clearly distinguishable.  

Strongly diminished binding of the antagonist was found for eight mu-
tants, in perfect agreement with experimental data (Figure 9A-C). No bind-
ing of the radioligand to the receptor could be measured for these mutations 
experimentally, so the fact that our calculations showed slightly more reduc-
tion of binding than the experimental thresholds confirms the predictions. 
Residues with direct contact naturally cause large effects when mutated to 
alanine, but our method also captured the reduced binding of H2506.52A and 
H2787.43A. These residues do not have direct contact with the ligand but 
interact through a highly stable water-mediated hydrogen-bond network, 
which is disrupted upon mutation.  

The six mutations causing moderate to no effects on antagonist binding, 
were also calculated with perfect correlation to experiment. In the case of the 
agonist, there was also excellent agreement between our calculated and ex-
perimental binding free-energy. Most non-binding mutations could be dis-
tinguished from mutations causing no or minor effects, with only two excep-
tions (Figure 10A-C).  

Strongly diminished binding of agonist to the receptor was found for eight 
mutants, in perfect agreement with experimental data. For the particular case 
of E1515.12A, the experimental effect of lost binding was not captured by our 
method. The mutant has however been proposed to have an indirect structur-
al effect on ligand recognition102. The same under-predicted effect is also 
seen for S2777.42A compared to the experimental data. The effect might be 
due to a shift in inactive-active receptor equilibrium, where the mutation 
causes the receptor to be constituently active or inactive. Interestingly, the 
effect of this mutation on binding of the agonist was measured via an antag-
onist, where the effect of active-inactive equilibrium is questionable. Muta-
tions causing minor or no effects experimentally, Q893.37A, S903.38A, 
S913.39A, E1615.22A, M1775.38A, F1805.41A, were captured by our calculations 
with excellent agreement to the experimental data, except for M1775.38A.  
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Figure 9. (A) Structure of the A2AAR antagonist ZM241385. (B) Cartoon representa-
tion of A2AAR in inactive state (TM1 ! TM7 in rainbow coloring blue to red) with 
the antagonist, important water molecules, and mutated residues in sticks. The resi-
dues are colored according to which TM helix they belong to. (C) Calculated, grey 
bars, and experimental, black bars, relative binding free-energies for ZM241385 to 
14 A2AAR alanine mutants compared to A2AAR wt. For mutants marked with *, the 
experimental binding free-energies are set to the experimental threshold reported in 
respective study. Error bars are in s.e.m..      
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Figure 10. (A) Structure of the A2AAR agonist NECA. (B) Cartoon representation of 
A2AAR* in active state (TM1 ! TM7 in rainbow coloring blue to red) with the 
agonist, important water molecules, and mutated residues in sticks. The residues are 
colored according to which TM helix they belong to. (C) Calculated, grey bars, and 
experimental, black bars, relative binding free-energies for NECA to 17 A2AAR* 
alanine mutants compared to A2AAR* wt. For mutants marked with *, the experi-
mental binding free-energies are set to the experimental threshold reported in respec-
tive study. Error bars are in s.e.m..      

The experimental binding free-energy of NECA bound to M1775.38A is in-
teresting since there is experimental data (1.2 ± 0.3 kcal/mol) for the same 



 36 

mutant with a highly similar compound, CGS21680. This is more in agree-
ment with our calculation of the binding free-energy of NECA, 2.6 ±0.7 
kcal/mol. To resolve our suspicion we performed the mutation of CGS21680 
in complex with M1775.38A. The relative binding free-energy was as ex-
pected, 1.5 ± 0.9 kcal/mol, in agreement with both the experiment and our 
previous calculation.  

To validate the performance of all calculations, different criteria can be 
used. The criteria we measured were convergence, precision, accuracy and 
stability. In order to estimate the convergence of the simulation, we calculat-
ed the average hysteresis 0.2 kcal/mol, which is calculated from the differ-
ence between performing the free-energy calculation in the forward and re-
verse direction of the transformation. The precision was calculated 0.7 
kcal/mol from the pooled standard error-of-mean for all simulations. The 
stability of the systems was assessed from the wt simulations. The ligand 
RMSD was 3.2 Å and 0.8 Å, for the antagonist and the agonist, respectively. 
The slightly higher ligand RMSD for the antagonist is also seen in the crystal 
structures. Furthermore, if the flexible phenol moiety is omitted from the 
calculation the ligand RMSD drops to 0.4 Å.   

In the scheme, the mutant receptor evolves smoothly, which allows side 
chains of other residues and water molecules to find new energetically min-
imal positions. Therefore these subtle secondary effects are also accounted 
for. This is important because the secondary effects contribute to the binding 
free-energy and stability of the ligand. In several of the mutations, the direct 
effect of loss of interaction energy from a mutated residue cannot explain the 
loss of binding free-energy. 

Alanine scanning is a widely used method to understand binding profiles 
of proteins, but experimental studies of other mutations are also common. 
Therefore we wanted to explore if our approach of computational alanine 
scanning could be extended to other mutations. The smallest common frac-
tion in all amino acids, except glycine and proline, is a residue constituted 
only by a Cβ. Glycine and proline mutations are usually structurally disrup-
tive and therefore not used in these experiments. By combining the strength 
of modeling with MD simulations and free-energy perturbation we can ac-
cess all mutations in both a controlled and smooth manner. Here we used the 
theoretically valid approach of combining several thermodynamic cycles, 
and performed them in the most stable direction. We perform two thermody-
namic cycles, first mutating the residue of interest in the wt receptor to Cβ, 
and second mutating the corresponding mutant residue in a modeled receptor 
to Cβ. By combining these two cycles, the corresponding relative free-
energy could be calculated (Figure 11A-B). With a common smallest frag-
ment, all perturbations, were easily accessed, although there were mutations 
that could be performed faster and computationally less expensive, e.g., ty-
rosine to phenylalanine.  Indeed, the effect can be extrapolated from the first 
subperturbation. However, one advantage of having the same common frac-
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tion when performing many mutations at the same position, is that the wt 
mutation will be the same for all mutants, so that the left panel of the ther-
modynamic cycle in Figure 11A can be recycled. This reduces the computa-
tional cost per mutant by every new mutation that is performed.   

 
Figure 11. (A) Thermodynamic cycle for a His ! Asn mutation developed in paper 
VII. The transformation uses the same scheme as in figure 8, but transforming both 
the wt and mutant, to C!. The grey panel is the middle represent the overly of the to 
perturbations, to show that they are joined. (B) Representation of how the experi-
mental and calculated mutants are connected. The upper mutation is performed ex-
perimentally, and connected to the computational mutations through a mutation to 
C!.    

To examine this approach we selected the same agonist system as above, 
because many non-alanine mutations could be found in the literature100-104,118 
and we  could directly compare the performance with the alanine studies in 
paper VI. We performed 17 mutations on eight positions in the A2AAR-
NECA complex. The protocol did distinguish between mutants having an 
experimentally large effect (T883.36S, T883.36D, T883.36E, T883.36R and 
E1695.30Q) and no or moderate effect (Q893.37D, V843.32L, N1815.42S, 
F1825.43W, F1825.43Y, H2506.52N, H2506.52F, H2506.52Y, S2777.42C, S2777.42E, 
S2777.42N, S2777.42T) on ligand binding, where the average error for these 
calculations is 1.2 kcal/mol (Figure 12A-C). Several of the mutants are ion-
izable residues; for these, calculations on both protonation states were per-
formed. One interesting case was Q893.37D, which experimentally showed 
slightly increased binding. Only the protonated calculation correlated with 
the experimental results, although with a slight overestimation. The protona-
tion state of the mutant was also confirmed by pKa calculations. All other 
ionizable residues showed loss of binding in both protonation states.  
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Figure 12. (A) Structure of the A2AAR agonist NECA. (B) Cartoon representation of 
A2AAR* in active state (TM1 ! TM7 in rainbow coloring blue to red) with the 
agonist and mutated residues in sticks. The residues are colored according to which 
TM helix they belong to. (C) Calculated, dark grey bars, and experimental, light 
grey bars, relative binding free-energies for NECA to 17 A2AAR* mutants compared 
to A2AAR* wt. For mutants marked with *, the experimental binding free-energies 
are set to the experimental threshold reported in respective study. Error bars are in 
s.e.m.. 
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4 Conclusions and future perspectives 

In papers I and II an effort was made to find novel inhibitors for a neglected 
tropical disease, Chagas’ disease, caused by T. cruzi, using computational 
tools. The study revealed three chemical scaffolds inhibiting the major cyste-
ine protease of the protozoa in the µM range, which could be used in further 
lead optimization. The conserved pockets, found in paper I, can be studied 
more extensively, and virtual screenings can be conducted on these. The 
academia has a responsibility of selecting drug targets neglected by the 
pharmaceutical industry. More efforts can be done in most of the fields of 
neglected diseases. In 2007, the WHO Global Network for Chagas’ Elimina-
tions was launched to organize projects to abolish the disease3. Although 
progresses have been made since then, the disease is still spreading119. Clear-
ly, more needs to be done and by incorporating computational tools in ra-
tional drug design the progress can be fastened. In 2010 Novartis120, Glax-
oSmithKline121, and St. Jude Children’s Research Hospital122, took the initia-
tive to open their archives of compounds screened against Plasmodium fal-
ciparum, one of the causative agents of malaria. The data sets of over 20 000 
compounds are deposited in the ChemBL-NTD123 archive and can be freely 
downloaded for further studies. This makes a fantastic opportunity for the 
academia to develop the next generation antimalarial drugs.   

In paper III, the structure of the BRICHOS domain of the lung protein 
proSP-C was determined. A mechanism for the chaperone activity was giv-
en, and amyloid deposits were found in lung samples of interstitial lung dis-
ease. This was the first study showing an improper chaperone function di-
rectly causing amyloid disease.             

In paper IV, a homology model of hERG is used to explain the structure-
activity relationships for a set of sertindole analogues. Although the results 
are convincing, a crystal structure could be used to confirm the model. Also, 
it would be interesting to perform the computational mutation scheme, used 
in paper VI and VII, to compare the results with experimental data. This 
would further validate both the model and the technique. The mutation 
scheme would then be extended to a non-GPCR target, and four mutations 
would be performed simultaneously (since hERG is a homotetramer).  

Paper V showed that reliable models of GPCRs can be produced by ho-
mology modeling, and optimized by other computational tools. Although in 
general more crystal structures are needed. If that was the case, modelers 
could perform more reliable computational calculations, whether it is pre-
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dicting homologous protein structure, conformational changes, or binding 
free-energies. Specifically GPCRs are lacking experimental structures; with 
more structures in all the different classes, different conformations, and 
bound to a variety of ligands, the entire GPCR receptome will be accessible 
for reliable homology modeling. This will fasten the understanding of this 
super-family of drug targets, and ultimately give a fast track for developing 
new drugs for a wide range of disorders.  

In paper VI a FEP scheme to perform alanine mutations computationally 
was validated on a well-characterized crystal structure. The relative binding 
free-energies between wt and mutant A2AAR bound to an agonist and an 
antagonist, respectively, were calculated with excellent agreement to exper-
imental data. In paper VII, the mutation scheme was extended, where a 
method for performing other mutants than alanine was developed. The two 
studies showed that mutations can be performed computationally and relia-
ble binding free-energies could be calculated. The scheme we have devel-
oped can be extended to other proteins than GPCRs. The method can be 
applied to many other targets; hERG is one example. A field where increas-
ing problems are arising by the minute is drug resistance in pathogens. Huge 
amounts of mutant/drug binding data is available for, e.g., HIV drug re-
sistance124, antibiotic resistance125,126. Our FEP scheme would be a valuable 
tool to understand the mechanisms of current mutations causing loss of drug 
potency. Ultimately, the scheme could be used to predict mutations that 
would cause drug resistance. That would mean, becoming one step ahead of 
evolution instead of chasing its tail. Finally, to either produce drugs that can 
handle the mutations, or use several variant of the same drug to keep the 
mutations down.   

Over the past decades enormous increase in computational resources have 
paved the way of long-scale simulations. Although these sometimes are 
needed, and can answer important questions, competing interest in the re-
sources is also increasing. Therefore, computational tools need to be used 
smartly, in the most efficient ways.  

Finally, this thesis has shown the value of incorporating computational 
tools in understanding and predicting ligand binding of important pharma-
ceutical targets. By determining protein structures, understanding ligand 
binding, and calculating binding free-energies, valuable knowledge in future 
drug design are presented.   
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5 Summary in Swedish 

Genom att studera naturen ur olika vinklar kan ett pussel läggas, där varje 
pusselbit ger ny kunskap men också nya frågor. Modern forskning tillämpar 
ofta många olika forskningsområden för att besvara större frågor. Projekten 
och arbetsmetoderna i den här avhandlingen befinner sig i gränslandet mel-
lan biologi, kemi, fysik, och matematik. Där fysik och matematik används 
som verktyg för att besvara frågor inom kemi och biologi.  

Kemiska processer sker oavbrutet i naturen, också i våra kroppar. Ef-
tersom vi inte behöver ägna någon tankekraft till dessa processer, tar vi dem 
ofta för givet. Men en felande process kan tyvärr leda till sjukdom, och det 
är därför viktigt att förstå hur felen och sjukdomar uppstår. För att studera 
dessa fenomen undersöks de makromolekylära maskiner, oftast proteiner, 
som ser till att processerna fungerar. Genom att studera hur proteiner är upp-
byggda kan vi öka förståelsen för deras funktion. Dessa kunskaper kan sen 
användas till att designa molekyler för att t.ex. styra eller blockera en felande 
process.  

Aldrig har datorbaserad forskning haft så stora resurser till förfogande 
som idag. Detta gör det möjligt att simulera proteiner och biologiska proces-
ser, samt beräkna hur starkt två molekyler binder till varandra, t.ex. ett läke-
medel till ett protein. I den här avhandlingen har datorbaserade verktyg an-
vänts för att förstå hur proteiner, viktiga för läkemedelsindustrin, beter sig.  

Enligt WHO är ungefär 10 miljoner människor infekterade av parasiten 
Trypanosoma cruzi, som orsakar Chagas sjukdom. Inga vaccin finns, och de 
läkemedel som används är toxiska. För att göra ett försök att hitta nya mole-
kyler som kan stoppa sjukdomen har vi använt en metod som heter virtuell 
screening. Metoden rangordnar molekyler från ett stort molekylbibliotek 
baserat på hur väl de passar i en bindningsficka på ett protein. Vi hittade tre 
molekyler som inhiberar ett centralt protein, cruzain, i parasiten. De är inte 
tillräckligt effektiva för att direkt kunna användas som läkemedel, men de 
kan användas i framtida optimeringsstudier. Dessutom studerades själva 
proteinet med molekyldynamiksimulering, för att utforska dess beteende. 
Simuleringarna visade på en ny sidficka som tidigare varit okänd. Den har 
därför inte utforskats i läkemedelshänseende, och mer studier skulle alltså 
behövas. I ett i övrigt orelaterat projekt utfördes liknande simuleringar för att 
utforska hur en proteindomän med chaperonaktivitet, BRICHOS, fungerar. 
Chaperoner hjälper andra proteiner att väckas till deras rätta tredimensionella 
struktur, vi kunde visa att mutationer i denna domän gör att den inte fungerar 
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som den ska och orsakar amyloidaggregat. Genom att utföra molekyldyna-
miksimuleringar vid olika temperaturer av vildtypen och en mutant (som 
orsakar sjukdom) kunde vi visa en möjlig förklaring till hur domänen hjälper 
proteiner att veckas.  

hERG är en jonkanal som har en viktig roll in hjärtats funktion. Flera lä-
kemedel har dragits tillbaka för att de blockerar hERG, och därmed orsakar 
hjärtstopp. Därför är kunskap kring hur molekyler binder till hERG avgö-
rande för framtida läkemedelsutveckling. Eftersom det inte finns någon ex-
perimentellt bestämd tredimensionell struktur av hERG använde vi en homo-
logimodell för att utforska bindningen till ett antal hERG-blockerare. Detta 
gjordes genom att bestämma hur inhibitorerna binder till hERG, och beräkna 
bindningsenergin och slutligen jämföra med experimentell data. Den beräk-
nade och den experimentella bindningsenergin visade på bra korrelation. Det 
tyder på att det är en bra modell, som kan användas i fortsatta studier för att 
öka förståelsen för av andra inhibitorer.  

Den proteinfamilj som flest läkemedel är riktade mot är G-protein kopp-
lade receptorer (GPCRer). GPCRer för signaler (i forma av neurotransmittor, 
hormon, feromon, odorant, eller till och med ljus) från utsidan av cellen till 
insidan. Denna centrala roll i de flesta signaler som skickas mellan celler i 
våra kroppar gör att de är mycket intressanta i läkemedelsindustrin. Antalet 
experimentella strukturer av GPCRer exploderat de senaste decennierna, 
tack vare stora metodologiska landvinningar. Trots det är bara en mycket 
liten del av alla GPCR-strukturer experimentellt bestämda. Den tredimens-
ionella strukturen för två av dessa GPCRer, två serotoninreceptorer, bestäm-
des genom homologimodellering och utvärderades sedan med experimen-
tella strukturer. Detta gjordes i en tävling bland modellerare runt om i värl-
den, för att se hur bra strukturerna kunde modelleras med de verktyg vi har 
till förfogande. Våra modeller klarade sig bra i alla kategorier, då vi var 
bland de 25 % bästa i alla mätningar. Tävlingen visade att homologimodelle-
ring är ett bra verktyg då experimentella strukturer inte finns. Det har även 
visats att modeller kan användas i lika stor utsträckning som experimentella 
strukturer för virtuell screening. I ytterligare två studier som inkluderar en 
annan GPCR, adenosinreceptorn, beräknades relativa bindningsenergier 
mellan mutant och vildtyps receptor bundna till antingen en agonist eller en 
antagonist. I dessa två studier validerades och vidareutvecklades en metod 
där mutationer av aminosyror görs i datorn. Alla beräkningar visade bra kor-
relation med experimentella data. Med hjälp av den här metoden kan vi på 
ett tillförlitligt sätt beräkna hur en mutation påverkar bindningen av en mo-
lekyl till proteinet. Hittills har vi endast använt metoden på GPCRer, men 
den kan mycket väl också användas på andra proteiner. En intressant appli-
kation vore att utföra beräkningarna i områden där läkemedelsresistens är ett 
stort problem, t.ex., HIV eller antibiotikaresistenta bakterier.           
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