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1. Introduction 

 

The activities of biological macromolecules in organisms are modulated by 
smaller organic molecules1. Such molecules are referred to as ligands, a 
word that originates from the Latin “to bind”. Ligands regulate different 
biological processes in symbioses with their interaction partners by acting as 
substrates to enzymes, hormones to receptors, building blocks of proteins or 
at the core of life itself, of DNA. The abilities of ligands can be harnessed 
and used as treatment of diseases by designing synthetic molecules with the 
aim to target certain biological processes. Small molecule drug design has 
traditionally entailed the synthesis of compounds inspired by natural 
products with the purpose to mimic an existing endogenous agent but with 
altered mode of action, potency, or selectivity2. Technological advances in 
the field later allowed for the discovery of ligands using in vitro experiments 
in high throughput screens (HTS) of large chemical libraries3. More 
recently, computer-based prediction techniques have emerged as a useful 
alternative or complement to the traditional methods3, 4. The advantages of 
computational methods are low costs, fast predictions, and a detailed model 
of interactions between a ligand and a target, typically a protein. 
Computational methods show promise for the future but are still 
compromised by low accuracy, and better models are still needed to improve 
predictions5. Computational prediction of ligands started with 2D methods 
that compared the shape and physicochemical properties of small molecules 
to known binders6. The next step in computational drug design was the shift 
towards the use of 3D models of the target and small molecules. In structure-
based drug design (SBDD)7, the target structure is typically obtained from 
atomic resolution X-ray crystallography and small molecules from virtual 
3D representations of in-house or commercial chemical libraries. Molecular 
docking8 is one SBDD method for modeling of protein-ligand complexes. 
Conformations of a small molecule are generated in the binding site of the 
target, which are then scored based on interactions between the two. The 
top-scoring binding mode of the small molecule is often used as a model of 
the complex, in for example lead optimization. Docking can also be used as 
a screening method to rank a library of molecules. The top-scoring 
compounds from a screen against a target are selected for experimental 
evaluation. Testing of only a few likely binders is a considerable advantage 
over evaluation of a full library as in HTS. 
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The work presented in this thesis primarily has its foundation in physics-
based molecular modeling methods and is applied to ligand discovery. Its 
main aims are to improve computational methods for SBDD and to apply 
molecular docking screening to proteins of pharmaceutical interest in order 
to identify new ligands or understand their function. Two main topics will be 
presented and discussed. The first is the role and atomic resolution modeling 
of water molecules in ligand binding. The second is the use of structure-
based virtual screening to discover new ligands, including development and 
application of a fragment-based approach in this area.  
 

1.1 Theory of Ligand Binding 
 
Interactions between small organic molecules and proteins regulate a vast 
number of biological processes in living organisms. Protein-ligand 
interactions are often very specific1, 9. A protein only recognizes a few 
different substrates or a single hormone as ligands. Small molecule drugs 
aim to target one or a few specific proteins to affect a physiological process. 
Understanding the specificity of ligands is key for drug design10-12 as non-
specific interactions of a compound can lead to undesirable side effects or 
unknown mode of action. Biological interactions take place in water 
environment and one of the main driving forces behind ligand binding is the 
hydrophobic effect13, 14. The hydrophobic effect can be observed when small 
molecules partition between water and octanol. Just as apolar molecules will 
prefer the octanol phase, hydrophobic ligands associate with complementary 
non-polar sites on a protein surface.  
 
The binding affinity of a ligand to a protein was first calculated based on 
theories from equilibrium chemistry. Based on the law of mass action15, the 
equilibrium constant describing reversible protein-ligand association can be 
expressed as: 
 

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

�� �
������

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

where the ligand (L) and the protein (P) form a complex (PL), and �� is the 
disassociation constant.  
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The equilibrium constant can be related to the binding free energy 
(������)16, 17: 
 
 

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

 
where R and T are the gas constant and temperature, respectively. The 
binding free energy can also be formulated as the change in enthalpy and 
entropy. The enthalpy consists of the pressure-volume work, inner potential, 
and kinetic energy of the system. The entropy accounts for the number of 
accessible microscopic states of the system.18 The binding free energy can be 
expressed as: 
 

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

 
where ���and �� are the changes in enthalpy and entropy, respectively. 
Finally, based on statistical thermodynamics, the probabilities of different 
states in a biological system can be determined by the Boltzmann 
distribution, which can be used to derive equations for the free energy of a 
process. The Boltzmann distribution assigns low probabilities to high-energy 
states whereas low energy states will have a high occupancy. The Boltzmann 
distribution makes it possible to connect the energies computed in 
simulations to those measured experimentally. 
 
Atomic level contributions to the binding energy can be described based on 
the concepts of enthalpy and entropy. For example, the hydrophobic effect13, 

14 can be explained on a microscopic level from this theory. Water molecules 
in bulk solution have relatively low free energy due to the enthalpy from 
hydrogen bonding networks that they form and entropy from access to many 
configurations. When a hydrophobic ligand enters an aqueous solution, the 
water molecules cannot hydrogen bond to nonpolar areas of the solute and 
instead order around it. The order maintains solvent hydrogen bonds but will 
decrease the entropy of the system. Ligand binding to a protein reduces the 
solvent exposed hydrophobic area of the ligand, which reduces the free 
energy of the system, i.e. favors binding. Desolvation of the protein binding 
site also contributes favorably to the binding free energy19-22. The water 
molecules that are liberated from the binding pocket generally increase their 
polar interactions (decreasing enthalpy) and configurational freedom 
(increasing entropy) in aqueous solution, which results in a more negative 
(larger magnitude of) binding free energy. Several tangible components that 
contribute to ligand selectivity can be understood from the molecular 
interactions between the protein and ligand10, 19, 23. Most evidently, the shape 



 
 

14 

of the ligand and the binding site must be complementary. There cannot be 
steric clashes between the two, which would result in a strong counteracting 
force from van der Waals interactions. Hydrogen bonds are regarded as one 
of the most important specific protein-ligand interactions. Furthermore, 
aromatic rings often participate in π-stacking interactions. Ligands with 
aromatic groups can interact perpendicular in edge-to-face or in parallel-face 
with phenylalanine, tryptophan, tyrosine, or histidine side chains. Buried 
charged residues are often key for the recognition of ligands. Salt bridges 
that they can form to ligands are strong interactions that can even reach the 
energy of covalent bonds23. Van der Waals interactions contribute in binding 
as atom density changes upon complex formation. The atom density is 
higher in a complementary complex compared to the protein binding site and 
ligand interacting with surrounding waters24, leading to a decreased 
enthalpy. An entropic contribution that can be observed in binding sites of 
holo structures is that the protein constrains the ligand. This reduces 
translational/rotational freedom and accessible conformations of a ligand25, 
which decreases the entropy of the system and hence counteracts binding. 
Enthalpy-entropy compensation25, 26 is often discussed in the literature. For 
example, the loss of solute entropy upon binding is usually compensated by 
an enthalpic gain from protein-ligand interactions. The system also gains 
solvent entropy due to the hydrophobic effect, and it has been demonstrated 
that the free energy from displacement of water molecules in the binding site 
affects the enthalpy-entropy balance26. In summary, there are a few 
phenomena that counteract binding, such as entropy of the protein and 
ligand themselves, and other that favor binding, e.g. the hydrophobic effect 
and enthalpy from protein-ligand interactions. 
 
Although the physical driving forces of ligand binding are understood17, 18 
the magnitude of their energetic contributions can be challenging to estimate 
accurately. The challenge that remains today in SBDD is not to understand 
the fundamental physics that underlies ligand binding, but rather modeling 
of these at the atomic level and estimating the relative magnitudes of 
different components. The components of the binding energy are preferably 
formulated in separate terms because of the increased opportunities for 
computational simplifications and approximations. This is beneficial both 
due to limitations in computational power and to facilitate understanding of 
different free energy components in ligand binding.  
 
 
1.2 Structure- and Fragment-Based Drug Discovery 

 
Ever since computers entered the scene in drug discovery they have been 
used to model and evaluate potential ligands3, 8, 27. Small molecules have 
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been analyzed with the aim to find or optimize ligands for a protein target. 
One widely used approach has focused on evaluation of compounds entirely 
based on already known ligands, a technique referred to as ligand-based 
drug discovery6, 28. A computational model is generated based on the 
properties of the known ligands, for example steric, electronic or 
physicochemical features of the molecules. The model is then applied to 
screen a chemical library for other molecules with similar properties. 
Ligand-based drug discovery was developed in an era when protein 
structures were rarely available and only implicitly accounts for the structure 
of the target. Nevertheless, this approach has been successful and is still 
used frequently in academia and industry. SBDD on the other hand, uses 
atomic resolution 3D structures of the target8, 28-30. The structures are 
typically determined from X-ray crystallography, but it is also possible to 
use high-resolution structures from NMR or cryo-EM31. The work in this 
thesis is based on SBDD using X-ray crystal structures. SBDD starts with 
creating a model of the binding site based on the structure. Molecular 
docking8, 16 is one method for SBDD that samples different orientations and 
conformations of a small molecule in the target binding site. Each 
conformation of the small molecule is then scored to evaluate the quality of 
the fit. Docking is mainly used to determine one or several possible binding 
modes of a ligand in a binding site of a protein and the method has the 
computational efficiency to screen a large number of compounds.  
 
Another increasingly used approach within the field of drug discovery 
addresses problems of low hit rates from screens of chemical libraries. HTS 
against protein targets in drug design yield varying hit rates depending on 
properties of their binding sites9, 12, 32, 33. There are cases in which it is very 
difficult to find potent ligands that can be used as starting-points for drug 
design34. The concept of molecular complexity is utilized in fragment-based 
drug discovery (FBDD) to address these difficulties35. Fragments are 
molecules that are about half the size of a typical final drug. Smaller 
molecules have lower molecular complexity36, 37 than larger lead-like 
molecules, which leads to a higher probability that they will fit in a binding 
site. As a result of this, hit-rates for a library of fragments are higher than for 
lead-like sized molecules. However, the drawback of a higher hit-rate from 
screening is that it is also typically higher for any target in humans, which 
can lead to adverse side effects. One other property that comes with the 
smaller size is lower binding affinity24. Hence, it is desirable to start from a 
fragment but then increase its size for gains in affinity and selectivity. An 
early approach to design a lead-like molecule from fragments was by linking 
them. Several weakly binding fragments that bound in vicinity of each other 
were connected to obtain a potent lead molecule. More recently, the step-
wise addition of small chemical groups while the affinity is monitored, 
which is referred to as “growing”, has emerged as a more adopted strategy. 
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An additional benefit of designing lead ligands from fragments is that lead-
like ligands from HTS campaigns can contain a number of groups that are 
not required for affinity or even such that decrease affinity. Leads designed 
from fragments are often efficient binders as the role of each chemical group 
for binding was assessed in the development process. In summary, FBDD 
intends to increase hit-rates and result in efficient lead-like ligands.  
 
 
1.3 Biological Systems Targeted in Molecular 
Modeling and SBDD 
 
Proteins carry out a plethora of functions in cells. Two important types of 
proteins are receptors and enzymes1. Receptors are proteins that upon 
receiving a signal from outside of the cell generate a response. These signals 
are often in the form of small molecules, for example hormones, which 
through receptors regulate a wide array of intracellular processes. Receptors 
handle a significant part of cell communication by sensing signals from the 
extracellular environment. Enzymes, on the other hand, perform biochemical 
reactions in cells. They bind a substrate molecule and then catalyze a 
reaction to form a product. Enzymes are particularly abundant in metabolic 
pathways but are also involved in a large span of various other biological 
processes. In this thesis, the A2A Adenosine Receptor (A2AAR) and the 
enzymes Human MutT homolog 1 (MTH1) and Cytochrome b561 (CybB) 
were studied using molecular modeling methods. 
 
1.3.1 G Protein-Coupled Receptors 

 
G protein-coupled receptors (GPCRs) are proteins in the cell membrane that 
upon receiving a signal from outside of the cell generate a response to the 
inside of the cell1. These proteins constitute an important superfamily with 
over 800 members38-40. They are present in all eukaryotic organisms and are 
responsible for transducing a wide array of different signals, ranging from 
eyesight and smell to the fight-or-flight response in the perception of a 
threat. There are mainly two different biochemical pathways that can be 
activated through GPCRs. These are the canonical G protein pathway and 
signaling via β-Arrestins39. The signal transduction starts with the binding of 
an agonist, an activating ligand, at the extracellular side which transmits a 
signal to the bound G protein on the intracellular side. The G protein 
complex consist of three subunits, α, β, and γ (Fig. 2)39. Upon activation of 
the receptor, G protein bound GDP is released and exchanged for GTP, 
following which the Gα subunit can dissociate from the Gβγ complex and this 
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initiates intracellular signaling. For example, the Gα subunit can activate 
adenylyl cyclase, leading to increased concentration of cyclic adenosine 
monophosphate (cAMP), which is involved in many intracellular regulatory 
processes. β-arrestins are also a vital part of GPCR signaling as they 
desensitize an active receptor to “arrest” or stop continuation of signaling by 
sterically hindering G protein binding. Binding of β-arrestin to GPCRs also 
triggers other intracellular signaling pathways. In order to study GPCR 
signaling and design drugs, two other types of ligands have been developed. 
Antagonists are ligands that do not alter the level of intrinsic signaling that 
occurs for most GPCRs, but instead prevent agonists from activating the 
receptor. Finally, there are ligands that inactivate the receptor and stop even 
the basal signaling, which are called inverse agonists.  
 
GPCRs are among the most important drug targets and currently comprise 
the effectors of nearly one third of all small molecule drugs41. The seven 
transmembrane helix bundle fold (Fig. 2) of GPCRs has been known for a 
long period of time but recent advances in structural biology have sprung a 
revolution in the amount of available atomic resolution information. Atomic 
resolution X-ray crystal structures started with Rhodopsin in the year of 
200042. The first pharmaceutically relevant GPCR structure, the β2 
adrenergic receptor, was released seven years later43, 44. The number of 
released crystal structures has since then increased continuously and 
breakthroughs in cryo-EM have recently led to that additional high 
resolution structures have been determined45, 46, which holds further promise 
for the future. The structural revolution has opened up opportunities for a 
new paradigm in SBDD for GPCRs. It is now possible to tailor the signaling 
properties of ligands47 and their selectivity48 guided by the new level of 
detailed information available from crystal structures. A study of the binding 
free energy for fragment ligands in the pocket of the A2A AR in paper II was 
based on atomic level information from crystal structures. 
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Figure 2. GPCR in complex with agonist and G protein. The ligand (yellow) is bound at 
the extracellular side of the transmembrane region of the receptor consisting of seven alpha 
helices (blue). The G protein complex (red, green, purple) is bound to the intracellular side. 
The G protein complex has three different subunits: alpha (red), beta (green) and gamma 
(purple). The proteins are showed in secondary structure representation, the ligand as spheres, 
and the membrane interfaces as spheres in two layers (PDB code: 3SN649). 
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1.3.2 Human MutT Homolog 1 (MTH1) 
 
Human MutT homolog 1 (MTH1) is an enzyme and investigational cancer 
target involved in degradation of oxidized nucleotides50-56. Reactive oxygen 
species (ROS) such as peroxide, hydroxyl ions, and hydroxyl radicals 
regularly cause damaging chemical reactions in cells57-59. The cell keeps 
redox homeostasis by a machinery of regulatory proteins to prevent these 
reactants from causing further damage to the cell. ROS do not only cause 
damage to DNA strands but also directly damage the dNTP pool of 
nucleotides51, 59, 60. Oxidized nucleotides can be misincorporated into DNA-
strands by DNA-polymerase, leading to mismatches in base pairing in the 
second round of replication. Accumulated mutations will eventually lead to 
strand breaks, apoptosis, and finally cell death. MTH1 is a housekeeping 
enzyme, which is part of the redox homeostasis regulatory proteins and is 
active in sanitation of nucleosides. It catalyzes degradation of oxidized 
nucleotides through hydrolytic cleavage of triphosphate groups on dNTPs 
into dNMPs50. More specifically, the substrates consist of 8-oxo-dATP, 2-
oxo-dATP, and 2-hydroxy-dATP. MTH1 has highest activity for 8-oxo-
dGTP. Hydrolysis of the triphosphate group disrupts incorporation into 
DNA from polymerizing enzymes, thus preventing damaging mutations to 
occur51. MTH1 belongs to the Nudix hydrolase family of proteins which 
adopts an alpha-beta-alpha fold (Fig. 1A)50. The substrate is bound in a 
deeply buried pocket within the protein and interacts with an asparagine and 
two aspartate residues (Fig. 1B). 
 
Chemotherapy in cancer treatment has traditionally been based on cytotoxins 
that bind covalently to DNA61, 62. Although this effectively kills oncogenic 
cells, healthy cells are damaged in the process, which gives rise to severe 
side effects for treated patients. One alternative to covalently DNA-bound 
agents is to target the DNA repair machinery, resulting in less damage to 
benign cells63, 64. In the past, this strategy has been applied by inhibiting poly 
(ADP-ribose) polymerase (PARP), an enzyme that is activated by single 
stranded breaks. PARP then initiates the enzymatic machinery for DNA-
repair. As strand breaks are more frequent in oncogenic cells, these will 
primarily be affected. The proposed mechanism of MTH1 inhibition in 
cancer has similarities to inhibiting PARP. Cancer cells often have 
dysfunctional redox regulation and accumulate ROS. Hence, the regulatory 
redox machinery is particularly important as enzymes such as MTH1 can 
degrade the increased amount of oxidized nucleotides51. Oncogenic cells 
accumulate damaging mutations from incorporation of oxidized nucleotides 
at a higher rate than healthy cells. Further impairment of regulatory 
mechanisms such as inhibition of MTH1 increases the probability for the 
cell to trigger apoptosis. Docking screens for MTH1 inhibitors were 
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performed in the work of paper III, with the aim to discover and optimize 
new drug candidates.  
 
 
 
 
 
 
 
 
 
 
cell death.  

 
 
Figure 1. The MTH1 enzyme and its binding site. (A) MTH1 in secondary structure 
representation (PDB code: 3ZR050) (B) Binding site with product bound and key interactions 
shown as black dashed lines. The product (yellow) and binding site amino acid side chains 
are represented as sticks with the backbone shown as cyan ribbons. The figure was made 
using PyMOL65. 
  
 
After Gad et al. presented MTH1 as a promising drug target, the role of 
MTH1 in cancer has been questioned55, 56. Kettle et al. published one study 
describing potent and selective inhibitors developed at AstraZeneca that had 
no cytotoxic effect on oncogenic cells56. A second study reported binding of 
Gad et al.’s MTH1 inhibitors to tubulin, a known cancer target55. A follow-
up study by Warpman Berglund et al. reported no increase of 8-oxo-dGTP 
levels in DNA using the compounds from the two other studies, which were 
used originally in the study by Gad et al. to validate the mechanism of action 
for MTH1 inhibitors52. The increased concentration of oxidized nucleotides 
from cellular experiments with TH287 and TH588 from Gad et al.’s study 
suggests that these compounds at least have the indented mechanism of 
action. However, the cytotoxicity of some MTH1 inhibitors may also be due 
to multi- or off-target effects and further studies in this area are ongoing.  
 

1.3.3 Cytochrome b561  
 
The respiratory chain of the cell comprises a range of metabolic processes. 
These take place both within the cell and at membranes. Electron leaks66 
occur in respiratory processes which in turn result in ROS such as 
superoxide (O2

-). To prevent oxidative damage from ROS the cell contains a 
regulatory machinery of defense mechanisms in the form of enzymes that 
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disproportionate ROS into molecular oxygen. One common defense against 
superoxide is the cytosolic enzyme superoxide dismutase (SOD)59, 67. It 
disproportionates superoxide through a reaction to peroxide. Peroxide 
generating reactions are currently the only known defense mechanism for 
this ROS spices.  
 
Cytochrome b561

68-70 (CybB) is an integral membrane protein. Its structure 
consists of a four-alpha-helical bundle comprising two heme-containing 
subunits. The diheme structure of CybB suggests electron shuttling in 
between the hemes. Earlier studies in E. coli of other cytochromes have 
confirmed quinones as substrates and it has previously been proposed that 
also cytochrome b561 could bind these molecules. Quinones typically act as 
electron acceptors, which in CybB could be reduced from shuttled electrons 
by oxidation of a second substrate. The biological function of cytochrome 
b561 is not entirely understood and is still under investigation. In Paper IV, it 
is proposed that CybB participate in the defense against ROS via shuttling of 
electrons through the membrane from superoxide to quinone substrates. New 
experiments and a computational analysis provided further insights into this 
topic.  
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2. Methods 
 
2.1 Molecular Mechanics Force Fields and 
Molecular Dynamics Simulations 
 
Biomolecules can be modeled using a mathematical framework from 
classical physics called molecular mechanics. The potential energy of the 
system can be expressed in a functional form dependent on the positions of 
the atoms in a molecular force field (Eq. 6)18, 71. Separate terms in the force 
filed model different energy contributions. The bonded interactions are 
comprised of bond stretching, torsions, and angles (Eq. 6, three first terms). 
The non-bonded contributions such as electrostatics and van der Waals 
interactions can be modeled by Coulomb’s law and the Lennard-Jones 
potential, respectively (Eq. 6, the last two terms). The latter contribution 
contains an attractive term from induced dipoles and a repulsive term caused 
by overlapping orbitals and the Pauli exclusion principle. 
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Figure 3. A molecular mechanics force field (Eq. 6). The right panel illustrates potential 
functions of the different terms of the force field72. 
 
The potential energy is formulated based on the deviation from equilibrium 
for bond lengths and angles (bi,0 and θi,0) and a periodic function for 
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dihedrals with angle ����. ki, kθ, and Vn are parameterized scaling constants. 
The multiplicity of the dihedral is n, and the phase factor γ determines the 
angle for the minimum potential energy. In the non-bonded terms, rij is the 
pairwise distance and the electrostatic contribution is calculated from the 
partial charges (q). The Lennard-Jones term is determined by the well depth 
(ϵ) and collision diameter distance of the van der Waals interactions (��. 
There are a number of different implementations of force fields that contain 
the terms in Eq. 6, but also includes varying additional contributions such as 
improper torsions (out-of-plane angles). A few examples of different force 
fields are AMBER73, CHARMM74, and OPLSAA75. Force fields have to be 
parameterized to reproduce properties of molecules. The AMBER and 
CHARMM force fields have mainly been parameterized using 
experimentally determined structural data and quantum mechanics 
calculations. The main goal of the OPLSAA parameterization has been to 
reproduce properties of water and other liquids from atomistic simulations. 
More recently, force fields that explicitly include polarization of atoms have 
been introduced and are increasingly used in biomolecular simulations76, 77.  
 
Force fields can be used to estimate the energies of static structures, e.g. in 
scoring of protein-ligand complexes or in energy minimization, but are 
mostly used in molecular dynamics (MD) simulations to study the motions 
of biomolecules78. The motions of molecules can be modeled based on 
Newton’s laws18. Forces acting on an atom can be determined by Newton’s 
second law (Eq. 7), which is integrated in time to obtain trajectories of a 
molecular system. An example of a commonly used algorithm is the Verlet 
integrators and Leap-frog discretization scheme (Eqs. 8 and 9):  
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where r is the position vector, � the velocity, � the acceleration, ���� the 
potential energy, � the force acting on the particles, and Δt is the time step. 
Representation of water using force fields has been extensively studied and 
MD simulations can be carried out with different models. TIP3P79, TIP4P79, 
and TIP5P80 are common models of water. The models with a greater 
number of partial charges for each molecule reproduce the properties of 
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water more accurately, but the more complex descriptions also increase the 
computational cost of the simulation. Three charge points (TIP3P) have been 
found to be sufficient for many applications in biology and are widely used 
in MD simulations. There are two types of boundary conditions for explicit 
solvent MD simulations: spherical and periodic. In spherical boundary 
conditions, the system is solvated in a spherical droplet. Restraints act on 
water molecules at the boundary to preserve solvent properties81. Periodic 
boundary conditions18 create an infinite number of replicas of the same 
system to avoid boundary effects. The system is affected by nonbonded 
interactions from its neighbors but is otherwise isolated and particles that 
move into one side of the boundary of the simulation box emerge on the 
opposite side of it. Periodic boundary conditions are implemented in, for 
example, the GROMACS simulation software82. MD simulations in this 
work were run using the Q software81 with a TIP3P83 water model and 
OPLS-AA75 force field with spherical boundary conditions.  
 
2.2 Free Energy Calculations 
 
MD simulations can be applied to calculate free energies of processes in 
biomolecular systems18, 78. Free energy perturbation (FEP) is a method that 
facilitates calculation of free energy differences between states of a system 
and is frequently used together with MD simulations. The free energy 
difference between two states can be obtained from the Zwanzig equation 
(Eq. 10)84:  
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where A and B are the two states and U is the potential energy. In the 
equation, the free energy change is calculated from an ensemble average that 
involves the potential energy difference between the states. However, the 
expression assumes that the phase spaces of A and B have significant 
overlap. Overlap is typically obtained by introducing (artificial) intermediate 
states of the system between the two states of interest. The total change in 
free energy can then be obtained as the sum of several transformations by 
weighting the potentials with a scaling factor (λ):   
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where A and B are the starting and end states, respectively, m=1, ..., n-1 
denotes the intermediate steps, and the square brackets represent an 
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ensemble average. MD simulations can hence be used to alchemically 
transform molecules and calculate free energy differences for biological 
processes. In practice, the van der Waals, electrostatic interactions, and 
bonded terms are hence gradually introduced for an appearing chemical 
group to ensure sufficient overlap in phase space.  
 

 
 
Figure 4. Thermodynamic cycle for calculation of relative binding free energies for a 
ligand pair. The free energies of transitions (ΔG) from initial ligand (L) and receptor (R) in 
solvent (R + L) to the substituted ligand (R + L*) and from (RL) to (RL*) are used together 
with the thermodynamic cycle to calculate the relative binding free energy ΔΔG for a ligand 
pair. 
 
The binding free energy difference between two ligands can be obtained 
from a thermodynamic cycle (Fig. 4). It is possible to estimate the free 
energy change for a substituent on a ligand by a cycle that consists of four 
states: The initial ligand and apo protein (R + L), the ligand with a 
substituent with apo protein (R + L*), and the corresponding protein-ligand 
complexes (RL and RL*). Alchemical transformations are performed both 
for the initial to substituted ligand in solvent (ΔG4) and in the complex 
(ΔG2). Subsequently, the relative binding free energy ΔΔG can be calculated 
using the thermodynamic cycle from ΔG2 and ΔG4. Convergence can be 
assessed by calculation of the difference in free energy between the forward 
and backward summation in Eq. 12. In the work presented in this thesis, free 
energy calculations were performed using the program Q81.  
 
2.3 Molecular Docking and Virtual Screening 
 
Molecular docking is a central method in SBDD and it is also the main 
technique used in this thesis16, 18. The binding site model used in docking 
calculations is based on an atomic resolution structure from X-ray 
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crystallography, NMR, cryo-EM, or comparative modeling. The location of 
the binding site is normally defined prior to docking to reduce the search 
space. For example, the binding site region can be determined from the 
position of a co-crystallized ligand. Furthermore, protonation states of amino 
acids have to be assigned as hydrogens are rarely resolved in experimentally 
determined structures. The hydrogen bonding network of residues can be 
analyzed to determine the protonation states, in particular for histidines as 
these have pKa values close to physiological pH. Docking algorithms can be 
divided into two main steps. In the first step, different orientations and 
conformations of the compound are generated in the binding site, which is 
referred to as sampling. The sampled orientations and conformations are 
then given a score. There are several types of scoring functions and these are 
mainly based on estimating contributions from ligand interactions with the 
protein. The final prediction for a given compound is the lowest energy 
score identified and the corresponding binding mode of the complex. The 
docking in this thesis was performed using the DOCK program85, 86. It uses 
an “anchor-and-grow” sampling algorithm that starts from rigid fragments of 
a molecule, e.g. a benzene ring, that are sampled in different orientations in 
the binding site. From this anchor, the remaining (flexible) parts of the 
compound are sampled in different conformations. DOCK uses a force field 
based scoring function based on AMBER parameters85, 86 (Eq. 13). The 
scoring function can be expressed as: 
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The score is calculated from a sum of electrostatic (Eelect) and van der Waals 
interactions (Evdw), and the desolvation free energy of the ligand (∆GL

desolv)87. 
DOCK uses an implicit solvent model with an electrostatic potential map 
calculated from the program DELPHI88 with dielectric constants ε=2 in the 
binding site and ε=78 for the bulk solvent. The desolvation of the docked 
compound is calculated from the Born model and per-atom desolvation 
energies pre-calculated on a grid in the binding site89.  
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Figure 5. Virtual screening protocol. (A) The model of the binding site is evaluated by 
screening and ranking of a library of ligands and decoys (non-binders). (B) A prospective 
virtual screen is performed for a selected chemical library with millions of molecules. Top-
ranked compounds are visually inspected and selected for experimental evaluation. 
 
Molecular docking can be applied to as a tool for virtual screening to 
identify ligands from chemical libraries (Fig. 5)8. All molecules from a 
selected chemical library are docked to a target protein and ranked in order 
of their energy scores. Based on the model, the molecules in the library with 
the lowest predicted energy values are the most likely to be true ligands. One 
method to evaluate the accuracy of the model is to re-dock a co-crystallized 
ligand to the binding site to assess if the same binding mode is captured. The 
model of the system can also be evaluated by docking a set of known ligands 
and a larger set of decoys, i.e. non-binders (Fig. 5A). The accuracy of the 
model can then be measured based on the ranking of known ligands 
compared to the decoys. A few different metrics can be used to evaluate 
virtual screening performance. The ranked library can be evaluated by the 
sensitivity, i.e. the number of true positives (actives) in a top subsection of 
the ranked list divided by the total number of actives in the full list. The 
performance can also be assessed by calculating enrichment of actives from 
selection of a top percentage of the ranked list and using a metric called 
enrichment factor (EF). The number of true positives in the subset of the 
ranked list is first divided by the total size of that subset. The EF is then 
obtained by dividing this number with the fraction between the total number 
of actives in the set and the total number of molecules in the set. A perhaps 
more general approach to address screening performance is to use a receiver 
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operating characteristic (ROC) curve. The ROC curve is plotted with the 
percentage of identified ligands on one axis and the percentage of the 
screened library on the other. The area under the curve (AUC) is calculated 
to quantify the enrichment, which can then be compared to that expected 
from random selection and AUC calculated from prior screening trials90. The 
logarithm of the x-axis on the ROC curve can be used to give a larger 
contribution of early enrichment, which is desirable in virtual screening87. In 
Paper III and IV, ligand enrichment was assessed using logAUC. A 
subsequent prospective virtual screen is performed with a different library in 
which all molecules are available for experimental testing (Fig. 5B). In this 
thesis, commercially available libraries from the ZINC database91 were used. 
The top-ranked compounds are subjected to visual inspection and evaluation 
based on empirical knowledge. The evaluation can be based on hydrogen 
bonding, interaction patterns, and potential flexibility in the binding mode. 
Finally, a subset of top-ranked molecules is selected and tested 
experimentally. 
 
2.4 Water Modeling in SBDD 
 
Water is generally regarded as one of the main contributors to the binding 
free energy13, 14, 16, 19. However, explicit water molecules have to a large 
extent been omitted in SBDD and binding predictions in the past. For 
example, docking programs have been using implicit water models, which 
treat the solvent as a continuous medium, or ignored this contribution 
completely. High-resolution crystal structures often resolve a large number 
of ordered water molecules at the protein surface and targeting such waters 
by displacement or hydrogen bonding interactions is a well-known strategy 
for optimization of ligand affinity92. However, crystal structures only show a 
static image of the system and do not represent a complete description of the 
water network. In recent years, an increasing amount of attention has been 
given to computational modeling of the solvent network in the binding site. 
Algorithms in this area range from knowledge-based methods to Monte-
Carlo and MD simulations93-97. A large part of the science within this field 
has been based on inhomogeneous solvent theory98, 99 and the work of 
Young et al.97  . Inhomogeneous solvation theory models the solvent as an 
inhomogeneous fluid and can be applied to MD simulation trajectories to 
study water networks. The method can be used to identify the characteristics 
of water at discrete points in the binding site of the protein. Such water sites 
will be referred to as hydration sites in this work. This model has been used 
for prediction of positions and occupancies of ordered waters in binding sites 
as well as estimation of free energy contributions from hydration site 
displacement by ligands20, 96.  
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2.5 Cheminformatics 
 
Cheminformatics is used to describe and analyze the structures, similarities 
and properties of small molecules100. Topological or functional features of 
molecules can be expressed in binary code in molecular fingerprints101-103. 
Fingerprints simplify computational comparison of molecules, which is 
valuable in drug design. Molecules are mainly encoded in two types of 
fingerprints. Functional fingerprints incorporate functional groups and 
features for molecules. Topological fingerprints are most relevant for this 
work and represent structural features of a molecule. Most fingerprints have 
no predefined bit-patterns for the different chemical groups that they 
represent102. Bit-patterns are instead generated by the fingerprint descriptor 
hash function applied to a molecule. A hash function maps data of arbitrary 
size to data of fixed size, i.e. the bit string. The drawback of this method is 
that a certain bit has no predefined chemical meaning. Two similar 
molecules can obtain fingerprints in which slightly different features result 
in an identical substring bit-pattern. However, hashing enables efficient 
comparison of bit-strings that are of equal lengths. Examples of fingerprints 
that use the described hashing method and linearly traverses molecules 
iteratively are the Daylight101 and RDKit fingerprints104. A fingerprint based 
on the same approach but with a different topological method is the 
Extended Connectivity Fingerprint105. This is a circular fingerprint, 
generated iteratively by focusing on one atom at a time and mapping of 
bonds connected to that atom in circular expansions. The fingerprint is 
complete after the full map of connectivity and topological features has been 
determined.  
 
Fingerprints are a common approach for similarity and substructure 
searching in chemical databases because of easy accessibility and because 
comparisons of bit-strings are computationally efficient102, 106. There are a 
few central mathematical expressions that are applied to similarity and 
substructure searching. One such expression is called the Tversky index107 
(Eq. 14): 
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with weights (a, b, and c) and can, depending on the values of the parameters 
α and β, represent different types of similarity measures (SA,B) between two 
molecules, A and B. If the parameters are set to α=1 and β=1, the Tanimoto 
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similarity108 is obtained, which identifies common features of two 
molecules. If instead α=1 and β=0 are selected, another useful metric is 
obtained that measures if the features in molecule A are present in molecule 
B. This expression gives a value equal to one for a full representation of 
molecule A within B. If instead no similarity exists the Tversky index is 
zero. The Tversky similarity with this parameter set gives a useful metric for 
rapid approximate substructure searches. Moreover, graph-based methods 
have proven to be more reliable for substructure searching than fingerprints 
but are also more computationally demanding. Graph theory is based on 
nodes and the connectivity between two nodes, called edges. The set of full 
nodes and edges composes the full graph. A molecule is a typical example of 
an entity that can be described by graph theory and molecular similarity 
searching is based on subgraph isomorfism109. Therefore, graph based 
methods give a more complete representation of molecular topology than 
fingerprints. To verify substructure accuracy of fingerprint comparisons, the 
graph-based vf2110 algorithm was applied as a post-processing step of 
similarity searching in the work presented in this thesis.  
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3. Results and Discussion 
 
The main results of the papers in the thesis (I-IV) will be discussed in this 
section.  
 

3.1 Networks of Ordered Water Molecules in 
Binding Sites and the Impact of Ligands (Paper I) 
 
The aim of Paper I was to study networks of ordered water molecules in 
binding sites and to investigate the impact of ligand binding on these. The 
possible applications in mind were to use explicit waters in molecular 
docking and to guide lead optimization by water molecule displacement. 
Thirteen pharmaceutically relevant proteins were prepared for MD 
simulations with and without ligand bound in the site and with restrained 
solute heavy atoms. MD simulations were performed to explore positions 
and occupancies of hydration sites and to analyze if ordered water molecules 
present in crystal structures could be predicted. The impact of the ligand on 
ordered waters was a particular focus of the study. Snapshots were extracted 
from simulation trajectories and a clustering algorithm based on the work of 
Young et al.97 was applied to identify hydration sites, high-density hotspots 
for waters. The clustering algorithm iterated through all water molecules 
from the MD snapshots and determined the single water oxygen with the 
largest number of oxygens within 1 Å. These water molecules were then 
defined as the first hydration site and were excluded from the subsequent 
steps of the algorithm. The procedure was repeated until a cut-off for the 
number of neighboring oxygen atoms was reached, corresponding to 
approximately twice the density of bulk solution. The occupancy of a 
hydration site was calculated as the number of waters in the cluster divided 
by the total number of MD snapshots. 
 
It was first investigated whether MD simulations could predict ordered water 
molecules resolved in crystal structures using the clustering method. The 
binding site was defined as the volume within 4 Å of both ligand and 
protein. In this region there were 113 crystal waters for the set of thirteen 
protein targets. A total of 161 hydration sites were obtained for the 
simulations with the ligand present. Crystal waters within 1 Å of the center 
of a hydration site were counted as correctly predicted, which resulted in 
73% overlapping sites. For comparison, an equivalent analysis using random 
placement of hydration sites yielded 9% overlap. The analysis was repeated 
for the set of simulations performed with the ligand removed from the 
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binding site to investigate the effect of ligands on the water networks. The 
percentage of crystal waters that overlapped with a hydration site was then 
58%. In the next step, a study was performed to elucidate if occupancy 
correlated with that hydration sites were reproduced by crystal waters. A 
strong correlation was found both for the simulations carried out with the 
ligand present (R2=0.85) and absent (R2=0.95). An analysis of reoccurring 
crystal waters was carried out for hydration sites determined with the ligand 
absent. In agreement with the previous analysis, the occupancy of the 
hydration sites was positively correlated with prediction accuracy for 
reoccurring crystal waters. However, the correlation was weaker than for the 
two previous cases (R2=0.55). The results demonstrated that hydration sites 
with high occupancy determined with the ligand absent are often found in 
the same positions for different protein-ligand complexes. The number of 
hydration sites in different occupancy intervals, and the impact of the ligand 
on these were then further examined. The hydration sites were divided into 
subsets according to their occupancy. A large difference in the number of 
sites was observed in the highest occupancy interval, in which there was 
only a third as many hydration sites for the simulations carried out with the 
ligand absent compared to those obtained for the complex. Finally, the 
overlap between the networks of ordered water molecules was compared for 
the two sets of simulations. Interestingly, there was a significant overlap 
between the sets. For example, 80% of the 117 hydration sites from the 
simulations carried out with the ligand bound (in the ligand-excluded 
volume) was reproduced in set with the ligand present.  
 
Paper I demonstrated that MD simulation is a valuable tool for predication 
of ordered water molecules in binding sites. The results showed that a large 
number of ordered waters are present in binding sites. Previous studies have 
found MD to be a useful tool for predicting ordered waters with similar 
prediction accuracy96, 111, in agreement with the results from Paper I. The 
correlation between hydration site occupancy and the presence of ordered 
waters in crystal structures suggests that MD simulations are able to identify 
if a water in a binding site will be ordered. The study also shows that ligand 
binding increases occupancy for non-ligand overlapping ordered water 
molecules while preserving a vast majority of their locations, which could be 
valuable for SBDD. For example, this could enable positions of explicit 
water molecules to be included in molecular docking and lead optimization 
to obtain a more accurate model of the system.   
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3.2 Impact of Ordered Water Molecules on 
Fragment Binding to the A2A Adenosine Receptor 
(Paper II) 

 
Displacement of ordered water molecules upon ligand binding causes free 
energy changes due to the different characteristics of water in bulk solution 
compared to in a binding site19-21, 26, 97. The free energy contribution from 
liberation of water molecules stems from the change in environment from 
the relatively constrained volume in the binding site and the more varied 
polar–nonpolar landscape of the protein surface compared to the polar and 
less ordered bulk solution.  
 
The goal of Paper II was to estimate binding free energy differences for 
analogs of fragment ligands of the A2AAR. Free energy calculations were 
performed with MD/FEP simulations. Based on the findings of Paper I, 
larger analogs of the fragment ligands were likely to displace ordered water 
molecules residing in the binding site. Alchemical transformations started 
from an adenine-based fragment ligand interacting with Asn253. 
Substitutions extended into two subpockets labeled A and B. The N9 
position of the adenine mainly occupied pocket A and the C8 substituents 
occupied subpocket B. A set of eight compound pairs explored free energy 
changes for substituents in subpocket A. Analogously, subpocket B was 
targeted by ten pairs based on twelve different compounds. A strong 
correlation between the binding free energy (ΔΔGbind) estimated from 
MD/FEP and experimentally determined values was found for the 18 
compound pairs, with an R2=0.75. Intriguingly, a bromine substituent in the 
N9 position resulted in a large gain of 2.0 kcal/mol experimentally and 2.4 
kcal/mol computationally, which was difficult to explain based on inspection 
of the protein-ligand interactions. Similarly, a methyl substituent in the C8 
position resulted in a large gain of free energy. Based on the results from 
Paper I, it was hypothesized that ordered water molecules could be involved. 
Application of the clustering method from Paper I to MD simulation 
trajectories of the A2AAR in complex with the relevant fragments revealed 
two distinct hydration sites with occupancies of 0.72 and 0.95 in regions 
explored by the bromine group in the N9 position and the methyl substituent 
in the C8 position, respectively. Simulations and water clustering with the 
two substitutions present showed no hydration sites present in these 
locations. Displacement of the ordered waters provided an explanation to the 
large free energy gains observed in the calculations. Subsequently generated 
van’t Hoff plots showed that the free energy change for the bromine 
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substituent in pocket A was an entropic effect and the improved affinity for 
substituent in pocket B was mainly enthalpy driven.  
 
The strong correlation between the free energies estimated from FEP and in 
vitro experimental values showed that this method is a reliable tool for 
fragment optimization. The project additionally elucidated the impact that 
displaced ordered water molecules can have on binding energy of ligands 
and the ability of MD simulations to capture these effects.  
 
3.3 Fragment-Based Discovery of MTH1 Inhibitors 
by Docking of Commercial Chemical Space (Paper 
III) 
 
Two cellular constituents exposed to ROS are DNA and the nucleotide 
pool57-59. MTH1 participates in redox regulation by degradation of oxidized 
nucleotides, thus preventing incorporation of these into DNA50, 51. Inhibition 
of MTH1 causes increased oxidative damage to the nucleotide pool, which 
in turn results in mutations in the second round of replication. Cancer cells 
could be particularly susceptible as their redox regulation is frequently 
deficient which can cause significant oxidative stress60. Further elimination 
of redox homeostasis is more likely to trigger apoptosis in oncogenic cells 
whereas healthy cells are more tolerant. In this project, MTH1 was targeted 
using a FBDD approach. 
 
FBDD has gained increased traction in the field of drug discovery. Although 
this technique has become a widespread approach in experimental medicinal 
chemistry, there has been limited use reported in the computational realm. 
Paper III focused on advancing FBDD by combining docking screens and 
cheminformatics. A protocol for fragment-based virtual screening was 
developed and applied to the MTH1 enzyme. SBDD was applied by 
performing molecular docking screens of 0.3 million fragments and 4.4 
million leads from the ZINC database of commercially available molecules 
against a crystal structure of MTH151. The developed fragment-to-lead 
pipeline started from the top 5000 ranked fragments. These were used as 
starting points for analog extrapolation. Tversky calculations using 
fingerprints were performed with settings similar to a substructure-search. 
Analogs were identified using both the fragment and lead libraries combined 
as source. A requirement on the size of the analogs was set to 0-6 heavy 
atoms (HAs) larger than the fragment query. A Tversky index cut-off of 0.8 
was also applied to allow for flexibility in the substructure search without 
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deviating too far from the fragment scaffold. Each top-ranked fragment was 
additionally required to have at least five high-scoring analogs in the same 
binding mode. This condition was set as a filter for the 5000 compounds and 
the top 1000 of the remaining fragments were inspected visually. The visual 
inspection was based on empirical knowledge of chemical interactions such 
as hydrogen bonds and nonpolar interactions as well as other free energy 
contributions such as desolvation and ligand entropy.  
 
Twenty-two fragments were acquired from vendors and evaluated in 
experimental enzymatic assays. Twelve compounds displayed activity 
against MTH1 in single-point assays at 125 μM. Five of these (1-5) 
exhibited inhibition of enzymatic activity >50% and were then screened in 
dose-response experiments to determine IC50 values. Their potencies ranged 
from 79 μM to 5.6 μM. Analogs of the five fragments were visually 
inspected and sourced from vendors. A variety of obstacles were 
encountered in pursuit of analogs from commercial chemical space. First, a 
significant fraction of the analogs was not predicted to have the same 
binding mode as the parent fragment. Second, many analogs lacked key 
interactions with the protein. Finally, some molecules were expired from the 
inventories of vendors or were prohibitively expensive to acquire. For 
fragment 1, seven out of 56 analogs were acquired and evaluated in 
experiments. The affinities of the analogs were high and the most potent 
compound had an IC50 of 170 nM, a 470-fold improvement over fragment 1. 
A solved crystal structure verified the predicted binding mode of a close 
analog (1b) to the most potent one (1a). Fragments 2 and 3 were optimized 
as one scaffold due to having the same binding mode, interactions, and 
potencies (24 and 26 μM). The two fragments jointly had 175 analogs of 
which 19 were evaluated in experiments. The most potent analog had 7-fold 
improved IC50 to 3.5 μM. The improvement was considerably less than for 
analogs of fragment 1 and a solved crystal structure of fragment 2 revealed a 
different binding mode than predicted. The different orientation of fragment 
2 in the predicted binding mode compared to the one observed in the solved 
crystal structure could explain the low gain in affinity for the analogs as 
interactions with the protein were optimized based on a different model. 
Redocking of fragment 2 to the solved structure resulted in the 
experimentally observed binding mode. Fragment 4 initially had 119 analogs 
of which seven were acquired and tested in a first step. However, the analogs 
of fragment 4 shared limited variability in shape and substitutions. To 
increase the diversity among the analogs, two additional compounds with 
substitutions in the 7-position of the benzoxazole, which occupied a region 
frequently occupied by other ligands, were custom synthesized by a vendor. 
The most potent inhibitor derived from fragment 4 had an IC50 of 120 nM, 
i.e. 190-fold enhanced activity. Of the 246 analogs to fragment 5, none were 
purchased due to limited availability or astoundingly high cost. Remarkably, 
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prior to publication of Paper III, Kettle et al.56   published a crystal structure 
of a potent analog (9 nM), which confirmed the predicted binding mode for 
fragment 5.   
 
Despite starting from a rather large number of analogs, only a small set of 
compounds was acquired for each fragment. The reasons for the relatively 
modest number were divided among the conditions of docking energy, pose, 
and, on a more practical note, vendor sourcing (e.g. price, availability, or 
purity) difficulties. The availability of analogs to fragments in commercial 
chemical space was investigated to examine whether the used approach 
could be applied on a more general basis. This analysis was carried out by 
performing substructure and Tversky searches for the full ZINC database 
fragment library. The results revealed that of the nearly 0.66 million 
fragments, ∼50 000 had >100 substructure analogs and ∼10 000 fragments 
even had >500 analogs. These numbers were greatly increased for analogs 
with similar substructures. 0.55 million fragments had >100 analogs based 
on similarity, which decreased to 0.38 and 0.27 if >500 and >1000 analogs 
were required, respectively. The use of Tversky searches was also important 
in the screen against MTH1. Notably, the most potent analog of fragment 1 
was not a substructure analog, demonstrating that the similarity condition 
was useful. An additional rationale for allowing flexibility in a substructure 
core to a discovered fragment is related to the possibility that the fragment 
might not initially be an optimal binder. Small changes in the substructure, 
i.e. scaffold hopping, could therefore increase the binding affinity. As 
commercial chemical space grows, both strategies using similarity or strict 
substructure analogs to fragments will likely become increasingly useful. 
The ZINC database has since the publication of Paper III been updated and 
at the time of writing contains nearly 724 million commercially available 
molecules. The developed method now has access to a considerably wider 
selection of analogs, which will contribute to improved potencies from 
optimization and enable application to more targets.  
 
3.4 Virtual Screening as a Tool for Substrate 
Identification in Investigation into the Function of 
Cytochrome b561 (Paper IV) 
 
The ROS regulatory machinery is comprised of proteins that degrade 
reactive species into molecular oxygen and water to prevent damaging 
reactions with cell constituents such as lipids, proteins, DNA, and 
nucleotides59. Reactions due to oxidative stress can cause a range of diseases 
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including cancer, as covered in Paper III. One enzyme active in ROS 
homeostasis, SOD, has been known to disproportionate superoxide into 
molecular oxygen and hydrogen peroxide, but little is known about other 
superoxide regulatory mechanisms. In 1982, the tertiary structure of E. coli 
CybB was determined to consist of two heme containing subunits112. The di-
heme structure and the midpoint potential of CybB indicated that it could 
facilitate electron transfer between the heme-subunits and it was shown to be 
reducible by respiratory substrates. However, its biological function has 
since remained uncertain.  
 
At the outset of the project, it was proposed that quinones and superoxide 
are substrates of CybB and experiments were performed to support this 
hypothesis. A 2.0 Å x-ray crystal structure of the protein was solved, which 
revealed an 11 Å distance between the heme molecules, translating into 
electron transfer in the microsecond range. The structure also revealed a 
pocket in each heme-subunit suitable for small molecule substrates, leading 
into the center heme Fe ion. Spectroscopy confirmed that Ubiquinol Q2 
reduced (heme) CybB in detergent under aerobic conditions by 50% 
compared to dihiondrite (which provided full reduction). If type II 
NADH:quinone oxidoreductase (NDH-2), a membrane protein active in the 
respiratory chain of E. coli known to leak electrons resulting in ROS 
formation, was added to the system, full reduction was also observed. 
However, CybB was not fully reduced under anaerobic conditions, 
suggesting NDH-2 side of the reaction was mediated by ROS. The addition 
of SOD under aerobic conditions to this pair of proteins disrupted NDH-2’s 
influence on CybB reduction. Interestingly, the addition of SOD to the 
mixture under aerobic conditions disrupted NDH-2’s ability to reduce CybB, 
while reduction via Ubiquinol was unaffected, which suggested direct 
electron transfer from Ubiquinol to CybB. Adding superoxide producing 
enzyme HPX/XO to CybB or Ubiquinone separately did not result in 
decreased superoxide levels but the combination resulted in close to 
complete abolishment of production. Next, experiments were reproduced 
with CybB inserted in membrane. Notably, HPX/XO and SOD did not have 
an effect on CybB although NDH-2 still induced reduction in the presence of 
SOD. The experiments supported the hypothesis that CybB is responsible 
for a novel discovered mechanism for superoxide oxidation at the membrane 
in E. coli and, as the respiratory system of bacteria is very similar to 
eukaryotes, possibly also for the eukaryotic domain.  
 
Virtual screening further supported that quinones are interaction partners for 
CybB. The binding site model was setup using the solved crystal structure 
and the heme group in the reduced state. The docking screen used 4.6 
million leads (250<MW<350) from the ZINC database91 together with 
truncated versions of the quinones. Based on the docking energy scores, 
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Ubiquinone was ranked as 4,564 in the database, which corresponds to 
>1000-fold enrichment over random selection (Fig. 6). Furthermore, the 
menaquinone and demethylmenaquinone were ranked in the top 20,000 
(rank 5,395 and 16,620) out of 4.6 million compounds. Visual inspection of 
the binding modes also revealed that the quinones also had encouraging 
complementarity to the protein binding site. The virtual screen clearly 
demonstrated that quinones were enriched by the structure, supporting the 
experimental results.  
 

 
Figure 6. Three quinones and ROC curve for their enrichment. (A) Ubiquinone (1), 
Menaquinone (2), and Demethylmenaquinone (3). (B) ROC curve for the enrichment of the 
quinones in a database of random molecules. The figure is from Paper IV (Supp. Fig. 7). 
 
Paper IV demonstrated that CybB performs its chemical reaction through 
two substrates, superoxide and a quinone, confirming previous hypotheses. 
Upon substrate binding, the quinone is reduced to a quinol by electron 
transfer from superoxide. The protein thus functions as a superoxide oxidase 
(SOO). Experiments furthermore suggested that CybB handles superoxide 
formed at or near the membrane, complementing SOD that handles 
superoxide in the cytoplasm.  
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4. Conclusions and Future Perspectives 
 
The amount of work conducted in the field of computational drug discovery 
is vast and increasing. This can particularly be observed in academia by the 
growing number of publications coming out in the field each year113. 
Although the applications side of the field is growing rapidly upheaved by a 
large influx of new structural and biochemical information for biomolecules, 
the computational methods have in many cases relied on similar models for 
a long time. MD simulations still rely on classical empirical force fields, 
although with some adjustments of parameters. Molecular docking 
predominantly uses implicit water models, rigid protein structures, and a 
scoring scheme based on intermolecular interactions. Cheminformatics 
methods such as the widespread Tanimoto108 or Tversky107 similarity have 
been around for decades. These methods have formed the basis for the 
computational drug discovery field and have facilitated many new 
discoveries. Aside from new structural information, the rapidly increasing 
computational power is also a contributing factor to the extended reach of 
molecular modeling in drug discovery. As of yet, however, inaccuracies in 
the models themselves are still a major concern and often limit successes 
and reliability of computational modeling. It can be argued that there is still 
a great need for further development of the basic modeling methods. 
Currently, computational methods are often used to explain experimental 
results or tune procedures instead of driving experiments leading to new 
discoveries. The slow progress in fundamental methodological advances can 
be attributed to a number of different factors. One prominent factor relates to 
the complexity and the large amount of work that is required to improve 
more fundamental methods, as opposed to low-hanging fruit from 
applications of computational methods to biological problems originating 
from new experimental data. In the light of the preceding discussion, this 
thesis attempts to make a small leap forward for a few modeling methods 
and demonstrates state-of-the-art applications to biological problems. Paper 
I and parts of Paper II aimed to broaden understanding of the role of ordered 
water molecules in binding sites and their impact on ligand binding. Paper 
III instead focused on development of an approach for fragment-to-lead 
discovery and was applied to the MTH1 enzyme. Collaborations with 
experimental groups in the project enabled testing of selected compounds in 
enzymatic assays and crystal structures of protein-ligand complexes were 
solved. Paper IV demonstrated how docking screens can be applied to 
identify substrates to enzymes and supported the conclusions drawn from in 
vitro experiments.  
 
Water is an active component of the protein-ligand binding process via the 
hydrophobic effect, but also through ordered water molecules that remain in 
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the binding site after the complex has been formed. As water is considered 
to have such importance, significant work has also been focused on water 
molecules in binding sites20-22, 26, 34. However, it is still challenging to predict 
ligand binding for a library of small molecules, and further improvement of 
water and entropic contributions could increase the accuracy of predictions. 
Several examples of large free energy gains from displacement of ordered 
water molecules have been documented, both in experiments and in 
computational studies20, 21. Waters that bridge protein-ligand interactions via 
hydrogen bonds also have been found to be frequent in complexes and 
contribute to the binding free energy22, 114. Paper I supports the use of MD 
simulations as a tool for prediction of ordered water molecules in binding 
sites, in line with findings from previous work in the field96, 111. Moreover, 
the results suggest that the positions of water molecules in binding sites are 
mainly determined by the protein and that many ordered waters are 
stabilized further by complex formation. These findings could form a basis 
for development of improved methods for modeling of water. For example, 
more accurate models of conserved positions of water molecules in protein-
ligand complexes could contribute to improved modeling of explicit water in 
docking and solvation of protein-ligand complexes prior to MD simulations. 
In addition, free energy contributions from binding site waters that are not 
displaced but stabilized by the ligand could be incorporated into models, as 
these appear to be of importance for the stabilization of ligands. As an 
example of how MD simulations could be used, it was possible to utilize the 
water clustering algorithm in Paper II to provide an explanation for large 
increases in binding energy that were not obvious from analysis of protein-
ligand interactions. 
 
FBDD is another method that aims to advance the drug discovery process. 
FBDD emerged from the relatively recent development of experimental 
techniques able to detect fragment binding. Attempts to use docking screens 
to drive discovery and optimization of fragments in a combined approach 
have been missing. Furthermore, only a few previous studies have showed 
that docking screens are able to discover fragment ligands115. In Paper III, a 
pipeline was developed for identification of commercially available analogs 
to fragments. Application of the developed approach discovered several 
fragment inhibitors and potent nanomolar analogs were derived from these. 
One additional benefit of using molecular docking screens is that discoveries 
are based on a model of the protein-ligand complex. The docking score is 
based on physical interactions and can be examined to evaluate free energy 
contributions by different chemical groups, which can be utilized in 
optimization. Moreover, the use of commercial chemical space in virtual 
screening enables fast, efficient, and low-cost discovery and optimization of 
fragment ligands into potent leads. Based on the promising results from the 
study, fragment-based design using docking screens will likely become a 
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valuable approach both for academia and the pharmaceutical companies in 
the future. Paper IV focused on identification of endogenous protein 
substrates, which can be a challenging task considering the vast number of 
different small molecules that exist in living organisms. Recognition of 
proposed substrates identified from in vitro experiments was evaluated using 
molecular docking screening. The screen showed that the three proposed 
quinone substrates were top-ranked in large chemical library of millions of 
molecules. The study supported docking screens as a useful tool to 
complement experiments in identification of substrates to proteins. In line 
with these findings, docking screens have previously been used as a tool to 
aid deorphanization of proteins116, 117.  
 
Molecular modeling methods have gradually been more integrated into drug 
discovery programs and this process will likely continue. The progress has 
probably been driven by several factors, including increased computational 
power, community awareness of the applicability of different modeling 
methods to biological problems, and refined models. This thesis aims to 
provide additional contributions along these tracks. Leading up to today, the 
rapidly increasing computational power has not always translated into the 
use of more rigorous methods and detailed models. Interesting areas related 
to this work that could hold great promise for the future include, docking 
screens combined with cheminformatics for discovery and optimization of 
fragment ligands, explicit water models in docking screens, and FEP in 
ligand optimization, but also a few other areas not directly related to this 
work are interesting, specifically, the use of polarizable force fields and 
mixed-solvent MD for ligand binding predictions118 could significantly 
impact the field going forward. It is the author’s hope that more rigorous 
methods with improved accuracy will see more widespread use and make 
key contributions to computational drug discovery and biology in the future.  
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5. Summary in Swedish 
 
Molekylära modelleringsmetoder har i en allt högre grad blivit integrerade i 
läkemedelsutvecklingsprocessen. Även om datorberäkningar redan utgör en 
essentiell del av processen idag så har dessa metoder en betydande potential 
att vidareutveckla och förfina läkemedelsutveckling i framtiden. 
Integreringen av modelleringsmetoder katalyseras också av den snabbt 
växande beräkningskraft som finns tillgänglig för både akademin och 
läkemedelsföretag. Dessa resurser ger en ökad räckvidd för 
beräkningsmetoderna till nya tidskalor i fysikbaserade simuleringar av 
biomolekyler och ökar antalet molekyler som är möjliga att docka till en 
receptor. Det finns fortfarande ett behov av vidareutveckling av dessa 
metoder och ökad detaljnivå i modellering av molekylära interaktioner som 
kan utnyttja de ökade beräkningstillgångarna. Arbetet som presenteras i 
denna avhandling har bidragit till metodutveckling inom två olika områden 
och demonstrerat hur virtuell screening kan appliceras för att identifiera 
ligander till proteiner. Det första huvudprojektet undersökte modellering av 
ordnande vattenmolekyler i bindningsfickor för att förstå betydelsen av 
vatten i igenkänning av ligander. I ett andra projekt utvecklades en metod för 
identifiering och optimering av ligander i fragment-storlek baserad på 
virtuell screening, som därefter användes för att hitta inhibitorer till ett 
cancerläkemedelsmål. Slutligen tillämpades molekylär dockning för att 
utvärdera bindning av substrat till Cytokrom b561, ett nyligen kristalliserat 
membranprotein.  
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