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Accurate predictions of binding free energies from computer simulations are an invaluable
resource for understanding biochemical processes and drug action. The primary aim of the work
described in the thesis was to predict and understand ligand binding to several proteins of major
pharmaceutical importance using computational methods.

We report a computational strategy to quantitatively predict the effects of alanine scanning
and ligand modifications based on molecular dynamics free energy simulations. A smooth
stepwise scheme for free energy perturbation calculations is derived and applied to a series of
thirteen alanine mutations of the human neuropeptide Y1 G-protein coupled receptor and a series
of eight analogous antagonists. The robustness and accuracy of the method enables univocal
interpretation of existing mutagenesis and binding data. We show how these calculations can
be used to validate structural models and demonstrate their ability to discriminate against
suboptimal ones. Site-directed mutagenesis, homology modelling and docking were further used
to characterize agonist binding to the human neuropeptide Y2 receptor, which is important in
feeding behavior and an obesity drug target.  In a separate project, homology modelling was
also used for rationalization of mutagenesis data for an integron integrase involved in antibiotic
resistance.

Blockade of the hERG potassium channel by various drug-like compounds, potentially
causing serious cardiac side effects, is a major problem in drug development. We have used
a homology model of hERG to conduct molecular docking experiments with a series of
channel blockers, followed by molecular dynamics simulations of the complexes and evaluation
of binding free energies with the linear interaction energy method. The calculations are in
good agreement with experimental binding affinities and allow for a rationalization of three-
dimensional structure-activity relationships with implications for design of new compounds.
Docking, scoring, molecular dynamics, and the linear interaction energy method were also
used to predict binding modes and affinities for a large set of inhibitors to HIV-1 reverse
transcriptase. Good agreement with experiment was found and the work provides a validation
of the methodology as a powerful tool in structure-based drug design. It is also easily scalable
for higher throughput of compounds.
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Introduction 

All living cells and systems thereof (e.g. the human body) are ultimately 
well-regulated systems of molecules and ions interacting and reacting with 
each other. All functions that we or any other organism need to survive have 
their basis in these complex systems of molecular interplay, which are the 
result of around 4 billion years of evolution. Important molecular entities of 
living systems are macromolecules such as proteins, nucleic acids, lipids and 
polysaccharides and small molecules such as metabolites. The structure and 
chemical properties of a molecule determines what other molecules it will 
associate with. This specificity in molecular binding is in cells utilized in 
regulated chains of events that result in a biological function.  

In cases of disease, altering or regulation of biological pathways is desir-
able. Drugs are usually non-endogenous small molecules with high binding 
affinity to a biomolecule. By binding their target they alter its function and 
exert a biological effect. 

Binding free energies between proteins and small molecule ligands can 
both be measured in biochemical assays and calculated using computer sim-
ulations of atomic-level 3D structures. Free energy calculations can thus 
provide the missing links between experimental binding affinities and struc-
tures of protein-ligand complexes. They have also the advantage to be very 
fast and cost-efficient and to provide detailed structural and energetic infor-
mation about the system of study, which is usually not possible to attain 
from experiments.  

The primary aim of the work described in the thesis was to predict and 
understand ligand binding to several proteins of major pharmaceutical im-
portance using computational methods. Since no crystal structure was de-
termined for several of the proteins, this also involved protein structure pre-
diction. Binding free energies were calculated for ligands to the human neu-
ropeptide Y1 G-protein coupled receptor (GPCR), the cardiac ion channel 
hERG and HIV-1 reverse transcriptase. Further, two cross-disciplinary col-
laboration projects involving mutagenesis and modelling of the human neu-
ropeptide Y2 GPCR and IntI1, a bacterial tyrosine recombinase of the in-
tegron integrase family, are described. The thesis also contains work on 
method development of the free energy perturbation technique that enables 
calculation of relative binding free energies between molecules differing 
substantially in the number of atoms. The scheme reported can for instance 
be used for computational prediction of alanine scanning of proteins. 
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Computational Methods 

This chapter summarizes the theoretical and computational methods used in 
the work reported in the thesis. 

Molecular mechanics and force fields 
In molecular mechanics, the interactions between all atoms in a system are 
described by a potential energy function (Upot), most commonly of the form  
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where bond lengths (b), angles (θ), improper dihedral angles (ξ), dihedral 
angles (φ), and interatomic distances (rij) depend upon the relative positions 
of the atoms in the system. The total potential energy is divided into six dif-
ferent parts. The first four terms describes the bonded interactions in the 
system. Bond stretching, angle bending and improper dihedral bending are 
described with harmonic functions with force constants kb, kθ and kξ,, respec-
tively. The reference bond lengths, angles and improper dihedrals are and b0, 
θ0, and ξ0, respectively. Dihedral angles are described by a series of periodic 
functions with barrier height kφ, periodicity n and phase shift δ. The two 
latter nonbonded terms in the potential function describe electrostatic and 
van der Waals interactions. They are evaluated for intermolecular atom pairs 
and intramolecular atom pairs that are separated by three or more bonds. The 
electrostatic interaction energy between each atom pair is calculated from 
Coulomb’s law, where qi and qj are partial charges of the two interacting 
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atoms. The van der Waals interaction between two atoms i and j is described 
by a Lennard-Jones potential, with parameters Ai, Aj, Bi and Bj.  

The parameters kb, b0, kθ, θ0, kξ, ξ0, kφ, qi, qj, Ai, Aj, Bi and Bj are deter-
mined by calibration against results from quantum chemistry calculations 
and experimental methods such as spectroscopy and crystallography. A large 
set of parameters together with a corresponding potential energy function is 
called a force field. In the work reported in this thesis predominantly the 
OPLS-AA1 force field, but also CHARMM222, was used.  

Molecular dynamics 
A real biological system is constantly changing due to thermal motion. Thus, 
to relate the potential energy of a simulated system to experimentally meas-
urable thermodynamic properties, an ensemble of thermally accessible con-
figurations sampled according to the Boltzmann distribution must be gener-
ated. Molecular dynamics (MD) simulations is a commonly used method 
that generates such configurations by moving the atoms according to New-
ton’s laws of motion. In MD, the force on an atom i (Fi) at the time t is cal-
culated from the gradient (∇ ) of the force field potential energy function (eq 
1). Newton’s second law is then used to calculate the acceleration (ai) of the 
atom 

             poti
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t ∇−== 1
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F
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where mi is the mass of the atom. From the acceleration, the velocity and the 
position at time t + Δt can be approximated from truncated Taylor expan-
sions. In the leap-frog Verlet MD algorithm utilized in the Q molecular dy-
namics package3, the positions and velocities are obtained from 
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where ri  and vi  are the position and the velocity of the atom and Δt  is the 
time step. In MD simulations of biomolecules, the time step is usually set to 
1-2 fs and initial temperatures are assigned from the Maxwell-Boltzmann 
distribution. 
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Q 
In this thesis, all MD simulations performed by me were with the Q molecu-
lar dynamics package3. Q is principally designed for free energy perturbation 
simulations4, empirical valence bond calculations5 and binding affinity esti-
mation by the linear interaction energy method6. Spherical boundary condi-
tions are available in Q, which makes it possible to limit the size of the simu-
lated system and focus the simulation on the region of interest, such as a 
binding site. Reduced models that still yield correct local structural fluctua-
tions of the binding site7 may be significantly more efficient than larger scale 
models, precisely because they do not sample large scale conformational 
motions that require much longer timescales for convergence.   

The spherical boundary implementation in Q uses a combination of a 
Morse-type boundary attraction potential inside the sphere and a half-
harmonic potential outside the sphere applied to the oxygen atoms of water 
molecules to reproduce the density of bulk water in the boundary zone. In 
order to avoid boundary polarization effects of water molecules near the 
surface of the sphere, polarization restraints similar to that of the SCAAS8 
model are also in effect in Q. Solute atoms outside the sphere are restrained 
by a strong harmonic potential and excluded from non-bonded interactions.  

Free energy perturbation 
The free energy difference between two states A and B can be obtained from 
Zwanzig’s exponential formula9: 

 
  

AAB UGGG )exp(ln1 Δ−−=−=Δ − ββ   (5) 
 

where β = 1/kT  and 〈. . 〉  denotes an MD- or Monte Carlo-generated ensem-
ble average of ΔU = UB - UA that is sampled using the UA potential. Eq 5 
assumes that the configurational sampling is carried out under constant tem-
perature and pressure conditions (isothermal-isobaric ensemble), whereas 
(N, V, T)-simulations instead yield the corresponding Helmholtz free ener-
gy.  

The main criterion for eq 5 to be useful is that the configurations sampled 
on the potential UA have at least a non-vanishing probability of also occur-
ring on UB. This essentially means that thermally accessible regions of the 
two potentials should have a significant degree of overlap. If not, the result 
will be a very slow convergence of the average. That convergence can be 
assessed by interchanging the labels A and B and changing the sign of ΔG in 
eq 5, thus applying the formula in the reverse direction10. The hysteresis 
resulting from applying eq5 in the forward and reverse direction show if 
state A and B are similar enough to ensure convergent free energy differ-
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ences. To meet the criterion a multistep approach that takes advantage of the 
fact that free energy is a state function is normally adopted. A path between 
the states A and B is defined by introducing a set of intermediate potential 
energy functions that are usually constructed as linear combinations of the 
initial (A) and final (B) state potentials: 

 
                BmAmm UUU λλ +−= )1(   (6) 
 

where λm varies from 0 to 1. In practice this path is thus discretized into a 
number of points (m = 1,…,n), each represented by a separate potential ener-
gy function that corresponds to a given value of λm. The total free energy 
change can be obtained by summing over the intermediate states along the 
variable.  
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This approach is generally referred to as the free energy perturbation (FEP) 
method.   

LIE 
The linear interaction energy (LIE) method is a semi-empirical method for 
calculation of binding free energies6. The thermodynamic cycle shown in 
Figure 1 is used to derive an expression for the binding free energy: 

 
nonpolar
bind

polar
w

polar
pbind GGGG ΔΔ+Δ−Δ=Δ   (8) 

 ∆  and ∆  are the free energies of turning on the ligand-
surrounding electrostatic interaction energy when the ligand is free in water 
and bound to a protein, respectively. ∆∆  is the free energy differ-
ence between the solvation of the ligand (with electrostatic interactions with 
its surrounding turned off) in water and in a protein. In contrast to FEP, MD 
simulations are only performed for the two physical states - the ligand free in 
water (state W) and bound to the protein (state P). The unphysical states W  
and P  differ from state W and P in that the electrostatic interactions between 
the ligand and its surrounding are turned off (Figure 1). 
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Figure 1. The thermodynamic cycle used to estimate binding free energies with the 
LIE model based on eq 8. The black and white arrows represent ligand-surrounding 
and ligand-ligand electrostatic interactions, respectively. 

The polar term 
The polar contribution to the binding free energy is based on the linear re-
sponse approximation11,12: 
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where  and  are scaling factors and 〈 〉 , 〈 〉 , 〈 〉  and 〈 〉  are the average ligand surrounding electrostatic interaction energies 
extracted from MD simulations of state W, W , P and P , respectively. In 
standard LIE, state W  and P  are not simulated and 〈 〉  and 〈 〉  
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are neglected. Contributions from electrostatic preorganization in the recep-
tor and non-random water dipole orientations surrounding the ligand in 
states W  and P  are instead parameterized into the scaling factors βw and βp, 
yielding 
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βw is ligand dependent and βp is ligand and possibly also receptor dependent. 
The ligand dependence of βw and βp is due to the functional groups of the 
ligand and Hansson et al.13 and Almlöf et al.14 have calculated βw values for a 
large number of functional groups using FEP. In the standard LIE model by 
Hansson et al.13, βw = 0.5 for charged ligands, 0.37 for ligands with one hy-
droxyl group, 0.33 for ligands with more than one hydroxyl group and 0.43 
for all other compounds. βp is complicated to calculate since turning off the 
ligand-surrounding electrostatic interactions when the ligand is bound to the 
receptor can lead to unbinding, not corresponding to the thermodynamic 
cycle in Figure 1. In standard LIE βp is assumed to be equal to βw, giving the 
following expression: 

 
el
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where β = βw = βp and ∆〈 〉 = 〈 〉 − 〈 〉 .  

The nonpolar term 
The nonpolar contribution to the binding free energy, ∆∆ , is esti-
mated from ligand-surrounding van der Waals interaction energies extracted 
from MD simulations of state W and P14. Solvation free energies of non-
polar molecules depend linearly on the size of the solute in many different 
solvents15,16 (eq 12). Ligand-surrounding van der Waals interaction energies 
also depend linearly on solute size6,14 (eq 14, 15).  Further the assumption is 
made that in terms of nonpolar solvation the receptor behaves as a solvent, 
but with different proportionality constants (eq 13). 
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where σ is a size measure, aw, bw, ap, bp, cw, dw, cp and cp are constants and 〈 〉  and 〈 〉  are the average ligand surrounding van der Waals 
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interaction energies extracted from MD simulations of state W and P, re-
spectively. Combining the four expressions yields 
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where a = ap – aw, b = bp – bw, c = cp – cw, d = dp – dw, α = a/c and γ = b – 
ad/c. 

It has been shown that the contribution to the binding free energy associ-
ated with translational and rotational entropy loss for the ligand upon bind-
ing is also correlated with ∆〈 〉 and this is also parameterized into the 
empirically determined α parameter17. 

The LIE equation 
Combining equations 8, 11 and 16 yields the standard LIE equation 

 
γβα +Δ+Δ=Δ −−

el
sl

vdW
slbind UUG                        (17) 

where β is determined according to Hansson et al.13, α = 0.18 and γ is a sys-
tem dependent constant. This parameterization has been used in several LIE 
applications with impressive results10,18,19. 

 The γ parameter has been found to be correlated to binding site hydro-
phobicity, where nonpolar binding sites have a lower (more negative) val-
ue20. A way of interpreting this is that γ reflects the energetics of water ex-
pulsion from the binding site21. That is, in a hydrophobic site, this constant is 
negative and water expulsion is favorable, while in a moderately polar site 
the constant can be close to zero reflecting that water molecules are equally 
well solvated in the binding site as in bulk solution. For strongly polar sites 
containing metal ions, there will be a significant energetic penalty of water 
expulsion as indicated in Mishra et al.21 

Homology modelling 
Homology modelling is a method for prediction of protein structure based on 
the fact that structural fold is more conserved than sequence among homolo-
gous proteins22. Homology modelling algorithms model a protein (the target) 
on the basis of an experimentally determined structure of a homologous pro-
tein (a template) and an alignment between their respective amino acid se-
quences. Several templates can also be used employing an equivalent proto-
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col as outlined below. The most crucial factor is the sequence identity be-
tween template and target. The higher the sequence identity, the more correct 
the assumption will be that structure is conserved between the two homo-
logs. The resolution of the template structure is also important because high-
er resolution crystal structures generally have fewer errors. Further, the accu-
racy of the sequence alignment is very important since an incorrect align-
ment will lead to incorrect mapping between template and target.  

Our method for sequence alignment is a multi-step procedure. First, we 
perform a structural alignment of all crystal structures determined for the 
protein family of interest to identify the correct sequence alignment among 
those and to map the secondary structure of the proteins. Alpha helices, beta 
sheets and very important loops (like selectivity filters of ion channels) are 
more conserved in sequence than other parts and this can be used for align-
ment to the target sequence. 

Then a multiple sequence alignment is generated for the target protein 
with the program ClustalW223, using a large number of homolog sequences 
from other species as well as from the closest homologs in the protein fami-
ly. This will identify which residues that are conserved and therefore im-
portant for structure and/or function as well as the location of secondary 
structure elements. An equivalent multiple alignment is also generated for 
the template.  

Finally, ClustalW2 is used for multiple sequence alignment between the 
target sequence and all the crystal structure sequences and the obtained 
alignment is manually corrected if necessary, using the structural alignment 
and the three multiple sequence alignments generated previously. 

The template structure and the target-template sequence alignment are 
given as input to a computer program that builds the homology models. In 
the work reported here, predominantly the program Modeller24 has been 
used.  

Modeller 
Modeller implements an automated approach to homology modeling by in-
corporation of distance and dihedral angle restraints. First, the template 3D 
structure is aligned with the target sequence to be modeled. Second, spatial 
features, such as Cα - Cα distances, hydrogen bonds, and mainchain and 
sidechain dihedral angles, are transferred from the templates to the target. 
Thus, a number of spatial restraints on its structure are obtained. The re-
straints are expressed as conditional probability density functions that are 
obtained empirically from a database of protein structure alignments. Third, 
an initial 3D model is obtained by satisfying all the restraints as well as pos-
sible. In the final step, a scoring function that combines the spatial restraints 
with CHARMM2 energy terms enforcing proper stereochemistry is used for 
optimization in Cartesian space to obtain the final model. The optimization 
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is carried out by the use of the variable target function method25 employing 
methods of conjugate gradients and MD with simulated annealing. Several 
slightly different models can be calculated by varying the initial structure. 
The variability among these models can be used to estimate the errors in the 
corresponding regions of the fold.  

Besides the scoring function used in model optimization, Modeller also 
features a second scoring function, DOPE-HR26, which can be used for 
rescoring of models. Our practice is to generate a large amount of models, 
rank them with DOPE-HR and proceed with the highest ranked model that is 
in agreement with knowledge from experiments on the system, e. g. site-
directed mutagenesis. The selected model is then further tested by using 
binding free energy calculations for reproduction and/or prediction of exper-
imental binding free energies. 

An interesting approach for model selection utilized by Carlsson et al. in 
virtual screening campaigns is to evaluate a couple of thousands of the best 
ranked models for their ability to enrich known ligands among a large num-
ber of decoys in a docking screen27. The models with the best enrichment are 
considered to be the most correct structures and are used in prospective vir-
tual screening. 

Automated docking 
Automated docking is a method for prediction of the binding conformation 
of a ligand in a receptor. Numerous programs have been developed for this 
task, for example Glide28, GOLD29-31, DOCK32 and Autodock33. Docking 
algorithms have two main components, a conformational search engine that 
generates ligand conformations in the receptor and a scoring function that is 
designed with the aim to predict binding free energy of the ligand to the re-
ceptor from one snapshot of the complex. Scores are evaluated for a large 
amount of conformations during a docking run and to enable high through-
put of the algorithms, scoring functions are typically very simple, at the ex-
pense of accuracy. Scoring functions can be grouped into three main classes 
- force-field based, empirical and knowledge-based functions34. Force-field 
based functions usually evaluate the non-bonded interaction energy between 
ligand and receptor. Empirical functions are weighted sums of terms describ-
ing for example hydrogen bonds, van der Waals energy, electrostatics or 
desolvation. The weights are usually determined by fitting the binding affini-
ty data of a training set of protein-ligand complexes with known 3D struc-
tures. A problem with empirical functions is that they usually do not consid-
er long-range electrostatic effects. Knowledge-based functions are derived 
from statistical observations of experimentally determined protein-ligand 
complexes. 
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In the work reported in this thesis, the programs GOLD and Glide have 
been used. 

GOLD 
GOLD (genetic optimization for ligand docking) utilizes a so-called genetic 
algorithm, based on the concept of evolution, to explore the space of ligand-
receptor conformations. A protein-ligand complex (binding mode) is encod-
ed in four strings called chromosomes. The first chromosome contains the 
internal coordinates of the ligand in form of torsion angle values for all lig-
and rotatable bonds. The second chromosome contains the torsion angles 
over single bonds to terminal hydrogen bond donor or acceptor heavy atoms 
in the receptor binding site sidechains, enabling amine and hydroxyl groups 
to be oriented in variable directions. GOLD adds fitting points for hydrogen 
bond donors and acceptors in the receptor and ligand and also generates hy-
drophobic fitting points in non-polar parts of the protein binding cavity. The 
third and fourth chromosomes contain a mapping between the hydrogen 
bond fitting points in receptor and ligand as well as a mapping between hy-
drophobic fitting points and ligand CH groups. The coordinates of the ligand 
are attained by least squares fitting to form as many of these hydrogen bonds 
and hydrophobic contacts as possible. All bonds and angles are treated as 
rigid.  

A fitness score is determined for each complex attained by the genetic al-
gorithm. GOLD presently offers a choice of four different scoring functions: 
the empirical functions GoldScore30, ChemScore35 and CHEMPLP36, and the 
knowledge-based function ASP37. Predominantly GoldScore, but also 
ChemScore and ASP have been used in the work reported in the thesis. 
GoldScore is a sum of four terms describing protein-ligand hydrogen bond 
energy, protein-ligand van der Waals energy, ligand internal van der Waals 
energy and ligand torsional strain energy.  

In a docking run, first an initial population of a couple of hundred indi-
viduals (sets of four chromosomes) is randomly generated and fitness is de-
termined for all individuals. A genetic operation, crossover or mutation, is 
randomly selected and used to generate one or two new “children” individu-
als. A “parent” individual in case of mutation or two parents in the case of 
crossover are randomly selected. Individuals with higher fitness are more 
likely to be parents, introducing an evolutionary pressure into the algorithm. 
Crossover means generation of two children by exchanging one part of a 
chromosome between two parents, while mutation means that the child will 
be a copy of the parent, but with a random value in a chromosome randomly 
altered. Fitness score for the child is determined and if it is higher than any 
other individual in the population, it will replace the least fit individual in the 
population. The parent individuals remain in the population. The algorithm 
proceeds until a predetermined number of genetic operations have been per-
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formed and then the individual with highest fitness is reported as binding 
solution by the program.  

Several docking runs, each generating a binding solution with a fitness 
score, should be performed to enhance sampling and statistics. Further, sev-
eral of the top-ranked binding solutions should be taken into account, since 
the docking programs usually are good at finding correct binding modes, but 
does not necessarily rank conformations correctly38. 

Glide 
Glide (grid-based ligand docking with energetics) uses a series of hierar-
chical filters to search for possible locations in the active-site of the recep-
tor28. The shape and properties of the receptor are represented on a grid by 
different sets of fields that provide progressively more accurate scoring of 
the ligand pose. The fields used for scoring are first a discretized version of 
ChemScore35 and at a later stage the OPLS-AA1 electrostatic and van der 
Waals potential. 

After the initial grid generation, the docking procedure starts with a con-
formational search for the ligand that eliminates high-energy ligand con-
formers. The remaining lowest energy conformers are screened on a grid 
describing the binding site shape to collect the binding orientations of the 
ligand that are sterically possible. These orientations are further filtered by 
using the scoring function grid and the highest scoring binding modes are 
optimized using the OPLS-AA grid. After this filter the lowest-energy bind-
ing poses are subjected to a Monte Carlo procedure that examines nearby 
torsional minima. Finally the remaining ligand-receptor complexes are 
scored using a function combining ligand-receptor molecular mechanics 
interaction energy, ligand strain energy and Glidescore28, which is based on 
a sum of empirical terms describing hydrogen bonds, van der Waals interac-
tions, solvation effects and ligand flexibility. 

As when docking with GOLD, several of the top-ranked binding solutions 
should be taken into account. 
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Free energy perturbation method development 
– a scheme for computational prediction of 
alanine scanning and ligand binding energetics  

Reliable free energy calculations based on MD simulations can provide the 
missing links between experimental binding affinities and 3D structures of 
protein-ligand complexes39. In particular, approaches based on the FEP 
method enable the evaluation of relative binding free energies between dif-
ferent ligands binding to a given receptor as well as to mutant versions of 
it4,10. These techniques can yield accurate and convergent results provided 
that the complexes compared are not too dissimilar40,41. However, when lig-
ands differ by larger substituents, or receptors differ by more drastic muta-
tions (e.g., tryptophan to alanine), the methodology becomes considerably 
less reliable due to convergence and sampling problems associated with the 
simulations. The basic problem with applying free energy calculations to 
complexes that differ substantially in chemical structure is both that numeri-
cal instabilities can arise and that conformational sampling becomes more 
critical, when large groups of atoms vanish or appear during the computa-
tional “alchemical” transformations used10. In Paper III, a new FEP scheme 
is presented that can overcome this limitation and be used for accurate calcu-
lation of the energetics of alanine scanning. 

We constructed a smooth scheme based on successive fragment annihila-
tion, which is illustrated for the case of a Tyr→Ala mutation in Figure 2. 
The basic idea is to divide the whole transformation into a series of smaller 
“subperturbations” between a number of additional intermediate states, 
which are designed to be similar enough to ensure convergent free energy 
differences. Each subperturbation is as usual divided into a series of even 
finer grained FEP windows, yielding a total number of perturbation steps of 
several hundred (Figure 3). The free energy difference associated with each 
subperturbation was calculated using equation 7.  

The subperturbations are defined by grouping atoms based on their dis-
tance (number of bonds) to a fragment common to both the start and end 
state of the overall transformation. In the case of alanine scanning, the 
groups are thus defined by the distance to the Cβ atom (Figure 2 shows the 
Tyr example). Each group will undergo three consecutive types of transfor-
mations during its annihilation: charge annihilation, regular van der Waals 
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(Lennard-Jones) potential transformation to soft-core42 and, finally, annihila-
tion of the soft-core potential. Soft-core interactions are given in Q3 as 
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where Aij and Bij are the Lennard-Jones parameters for the interaction be-
tween atoms i and j, rij the distance between them and αij is a constant that is 
set here to yield an energy of 20 kcal/mol at rij=0.  

 
Figure 2. Thermodynamic cycle for a Tyr→Ala mutation following the scheme 
developed in Paper III. The transformation is divided into a series of smaller subper-
turbations involving additional intermediate states (horizontal paths). Yellow car-
bons, red oxygen and white hydrogens represent regular partial charge and van der 
Waals parameters. Cyan carbons, purple oxygen and black hydrogens represent 
atoms with zero partial charge. Dotted surfaces represent soft-core van der Waals 
parameters. The upper row corresponds to the apo state and the lower row to the 
holo state (with the presence of the ligand indicated).  

 In the Tyr→Ala case five atom groups are defined and eight independent 
subperturbations are used (Figure 2). For cases where new atoms are instead 
created, the scheme is simply reversed and annihilation and creation of 
groups can also, of course, be treated simultaneously. 

In Paper III, we apply our new FEP scheme to a combined data set of ala-
nine scanning for thirteen amino acids in the binding region of a GPCR and 
the binding of eight analogous antagonists. We assessed the precision of our 
method for every protein and ligand mutation from six independent MD/FEP 
simulations, each corresponding to a total length of 4-6 ns including all sub-
perturbations.  Besides the precision, a critical convergence measure is the 
hysteresis resulting from applying the FEP formula (equation 7) in the for-
ward and reverse summation direction for each individual simulation. The 
average hysteresis obtained in this way from the six replicate trajectories for 
each alanine scan FEP calculation was in the range 0.0-0.5 kcal/mol, with an 
overall average for all mutations of 0.25 kcal/mol. The corresponding hyste-
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resis range for the ligand mutations was 0.0-0.1 kcal/mol, with an average 
over all ligands of 0.06 kcal/mol. These hysteresis errors are, in fact, re-
markably small and clearly demonstrate the efficiency of our FEP scheme. 
As an illustration, Figure 3 shows the forward and reverse progression of the 
free energy change for a Tyr→Ala mutation in the hY1 apo structure corre-
sponding to the upper row of the thermodynamic cycle in Figure 2.  

 
Figure 3. Progression of free energy change for a Tyr→Ala mutation in a GPCR apo 
structure with different FEP protocols. Blue and red curves are averages over six 
independent simulations and correspond to application of the FEP formula in the 
forward (Tyr→Ala) and reverse (Ala→Tyr) directions, respectively. (a) The FEP 
scheme derived in Paper III, where the calculations correspond to the upper row of 
the thermodynamic cycle in Figure 2. ∆ = 7.4 ± 0.5 kcal/mol (error bar 1 s.e.m.) 
with a hysteresis error of 0.35 kcal/mol. (b) Result for the most basic reference FEP 
protocol. ∆  = 2.2 ± 0.9 kcal/mol with a hysteresis error of 11 kcal/mol. (c) 
Result for the reference protocol utilizing soft-core potentials and separate transfor-
mation of electrostatics and van der Waals potentials, but applied to all atoms simul-
taneously. ∆ = 4.4 ± 0.3 kcal/mol with a hysteresis error of 1.8 kcal/mol. The 
total simulation time is equal for all protocols. 

Furthermore, the precision of the different free energy calculations, in terms 
of standard errors of the mean (s.e.m.) based on the six independent trajecto-
ries, is very satisfactory and typically about 0.5 kcal/mol for the different 
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protein simulations and ˂ 0.2 kcal/mol for the ligand mutations in water. The 
performance of our method was superior to two less intricate reference pro-
tocols (Figure 3). 

As an additional control, Figure 4 shows analogous FEP curves for our 
scheme and a reference protocol, extracted from a transformation where one 
phenyl group is created and one simultaneously annihilated in water. This is 
a useful benchmark since the correct free energy change is exactly zero and 
both hysteresis errors and accuracy (in this case based on ten independent 
simulations) can be assessed. The result of the FEP calculations utilizing our 
new method is ΔG = −0.06 ± 0.07 kcal/mol with an average hysteresis error 
of 0.13 kcal/mol (Fig. 4a). Hence, convergence (hysteresis), precision and 
accuracy are all excellent. In contrast, the performance of the reference pro-
tocol is considerably worse with ΔG = 3.8 ± 0.2 kcal/mol with a hysteresis of 
0.4 kcal/mol (Fig. 4b). 

 
Figure 4. Progression of free energy change for a phenyl to phenyl group null trans-
formation with two different FEP protocols. The correct ΔG between the two states 
is exactly zero. Blue and red curves as in Figure 3 based on ten independent simula-
tions. (a) Result for the main protocol derived in this work. ΔG = −0.06 ± 0.07 
kcal/mol (error bar 1 s.e.m.) with a hysteresis error of 0.13 kcal/mol. (b) Result for 
the reference protocol. ΔG = 3.8 ± 0.2 kcal/mol with a hysteresis error of 0.4 
kcal/mol. The total simulation time is equal for both protocols. 

The free energy calculation scheme developed here turns out to be very effi-
cient for systematically modelling the effect of single-point alanine muta-
tions on protein-ligand binding, even for the complex case of a membrane 
receptor. The smooth stepwise transformation procedure overcomes the 
long-standing convergence problem with FEP simulations that involve the 
creation or annihilation of many atoms40,41. When applied to the GPCR-
antagonist system, further described in the next chapter, the agreement be-
tween calculated and experimental binding free energies is remarkably good 
for the thirteen alanine mutations and the series of eight receptor antagonists. 
These results thus serve to validate the 3D model of the complex and, con-
versely, a severely erroneous model could immediately be identified as such 
based on the loss of correlation between calculations and experiment. 
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Future perspectives 
In Paper III, our scheme is utilized for validation of a predicted complex. We 
have also results for a follow-up paper, where alanine scanning FEP calcula-
tions are carried out for a high resolution crystal structure of the adenosine 
A2A receptor in complex with several ligands. The agreement between calcu-
lated and corresponding experimental binding free energies is excellent, 
further showing the strength of our method.  

There are several possibilities for further follow-up studies. A large 
benchmark study would be interesting, where alanine scanning calculations 
are performed of numerous high resolution crystal structure complexes that 
have been well characterized by site-directed mutagenesis. Further we will 
investigate how to optimally mutate residues to other amino acids than ala-
nine. Here one has two choices: either annihilation of both the start and end 
state residues to a common fragment or first annihilation of the starting state 
residue to a common fragment and then growing of the end state residue.  
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The neuropeptide Y system 

G-protein coupled receptors 
GPCRs are an important group of membrane proteins that mediate physio-
logical signals from the outside to the inside of cells. They are targets for 
approximately 30% of all prescribed drugs and of major interest to the 
pharmaceutical industry43. The understanding of GPCR structure, function 
and ligand binding has traditionally advanced through a combination of bio-
chemical experiments and computationally generated 3D structure models44. 
Common experimental approaches include site-directed mutagenesis, gener-
ation of chimeric receptors and the substituted-cysteine accessibility method, 
while 3D models are used for design and interpretation of such experiments. 
In recent years, the field has benefitted enormously from breakthroughs in 
membrane protein crystallography, with a steadily increasing number of 
GPCR crystal structures determined since 200745. These structures not only 
enable structure-based drug design for crystallized targets but also make 
modelling of homologous GPCRs for the same purpose feasible46. Computa-
tional modelling is of optimal use in combination with site-directed muta-
genesis data and structure-activity relationships for series of ligands47, but 
requires careful validation. 

Numbering and nomenclature used for receptor residues and 
mutants 
The numbering of GPCR residues was done according to the system of Bal-
lesteros and Weinstein48. According to this system the first number after the 
amino acid corresponds to the number of the transmembrane (TM) helix in 
which the residue is located (or the closest TM region) and the second num-
ber is relative to a reference residue. The reference residue constitutes the 
most conserved amino acid in the TM region and is assigned the number 50.  

The neuropeptide Y system 
The NPY system of neuronal and endocrine peptides and receptors has broad 
biological functions, including involvement in control of feeding behavior, 
cortical neural activity and emotional regulation. As a consequence, this 



 29

system has been implicated in several human diseases such as obesity, alco-
holism and depression, each of which might be considered to have behavior-
al or psychiatric components. However, until now no effective drugs have 
been developed for the NPY system49, an area that would definitely benefit 
from structural insights into receptor-ligand interactions.  

The NPY family of peptides is in mammals comprised of the three related 
peptides NPY, peptide YY (PYY) and pancreatic polypeptide (PP). NPY has 
high expression levels in the peripheral and central nervous system, whereas 
PYY and PP are primarily expressed in the gastrointestinal tract and pancre-
as, respectively. The peptides activate receptors belonging to the rhodopsin-
like (Class A) GPCRs. Four functional receptors named Y1, Y2, Y4 and Y5 
exist in humans and all are expressed in the brain and the peripheral nervous 
system. In the brain, all Y receptors have been demonstrated in high concen-
tration in regions involved in energy intake and energy expenditure, such as 
hypothalamus50,51. Furthermore, Y2 receptors are more often found pre-
synaptically/pre-junctionally and their activation usually suppresses neuro-
transmitter release, whereas other Y receptors have mainly post-
synaptic/post-junctional expression51. All NPY peptides show affinity for all 
Y receptors, but Y1, Y2 and Y5 preferentially bind NPY and PYY, while PP 
has highest affinity to Y4. Due to their involvement in energy regulation, the 
main therapeutic focus on these receptors has been as potential anti-obesity 
targets. Since NPY and PYY stimulate appetite and PP reduces food intake, 
antagonists of Y1 and Y5 and agonists of Y2 and Y4 reduce appetite49. Fur-
ther, the mainly neuronal NPY also has anxiolytic effects and is found at 
reduced levels in alcoholic individuals52. Agonism of Y1 and Y5 and antag-
onism of Y2 and Y4 have therapeutic potential for treatment of depression 
and alcoholism49. 

NPY, PYY and PP are 36 amino acids long with an amidated C-terminus. 
Their three-dimensional structures have been determined by either X-ray 
crystallography53 or NMR54-56. Residues 1-31 are in most determined struc-
tures folded in a helical hairpin structure commonly referred to as PP-fold 
(polyproline type-II helix, type-I β-turn, α-helix), whereas the highly con-
served C-terminal pentapeptide is very flexible in solution (Figure 5A). The 
pairwise sequence identity between hNPY, hPYY and hPP is in the range of 
44-64%.  The homology is particularly high in the helical interface and in 
the C-terminal pentapeptide. A complete alanine scan of hNPY has shown 
that in particular the residues in the C-terminal pentapeptide 32TRQRY36-
NH2 are very important for binding to both the hY1 and hY2 receptors57. Our 
hypothesis is that the amidated C-terminal pentapeptide is complementary to 
the orthosteric binding site of the NPY family of receptors and that further 
specificity is mediated through subtype-specific contacts with the diverse 
extracellular loops of the receptors. Paper I and II address peptide and antag-
onist binding to the hY2 receptor. 
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Figure 5. (A) Structure of porcine PYY from NMR56. Conserved residues important 
for PP-fold and the C-terminal pentapeptide in stick representation. (B) The Y2-
selective antagonist BIIE0246. 

Structure prediction of hY2 in complex with the natural 
agonists PYY and NPY 
No crystal structure has yet been determined for any of the Y receptors. Un-
til that occurs a combination of biochemical experiments and computational 
modeling is the route to characterize receptor-peptide interactions and pre-
dict structure. Since several years back our research group is involved in a 
collaboration project with the group of Dan Larhammar at the Department of 
Neuroscience, Uppsala University. The collaboration has so far focused on 
prediction of the structure of the hY2 receptor in complex with the natural 
agonist peptides PYY and NPY. We work in a feedback loop fashion where 
experiments guide computational modeling that provides hypotheses for new 
experiments etc. (Figure 6). The Larhammar lab performs site-directed mu-
tagenesis of residues for which we want to know the effect of a substitution 
on ligand binding. This is followed by a saturation assay where dissociation 
constants (Kd values) are determined for the radiolabelled agonist [125I]-
pPYY to wt hY2 and mutants. For the receptor mutants that bind the radio-
labelled ligand, a competition assay is executed to determine the inhibition 
constants (Ki values) for a selection of peptide agonists and the antagonist 
BIIE024658 (Figure 5B). Further, a membrane expression assay is performed 
for all mutants to determine whether loss of binding is due to loss of expres-
sion. Our group constructs homology models based on the experimental data 
at hand - crystal structures, mutagenesis, binding data and amino acid se-
quences of homologous receptors. Further we perform docking of the ligand 
of interest and a final model of the receptor-ligand complex is attained after 
a MD equilibration, which assess the stability of the receptor-ligand interac-
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tions. The modeled complex can be validated by calculation of binding free 
energies directly corresponding to those measured experimentally. The pro-
ject then proceeds by another round in the feedback loop where the new 
model guides and is evaluated by new mutagenesis and binding studies. The 
large number of GPCR crystal structures that are now being determined and 
released every year are very useful input to the modeling procedure. Better 
templates for modelling become available and further every new structure 
increases the statistics of occuring TM and loop conformations and ligand 
interactions. 

 
Figure 6. Flowchart over the working method used in the hY2 collaboration project 
with Larhammar et al. 

So far our cross-disciplinary team has completed two cycles in our feedback 
loop of experiments and calculations. In total, we have carried out binding 
measurements for the radiolabelled agonist [125I]-pPYY for 28 hY2 mutants 
involving 13 different residues (Paper I, Paper II and Fällmar et al.59). Fur-
ther, peptide agonist binding data is available for 12 additional mutants in-
volving another five hY2 residues in the literature60,61. Our recent work thus 
constitutes a large part of all mutagenesis data reported on hY2. All our pub-
lished binding data for hY2 mutants is presented in Table 1. 

The collaboration started with the work leading to Paper I. Åkerberg et al. 
had measured agonist and antagonist binding to wt hY2 and five mutants 
involving three different residues - Y2.64, V6.58 and Y7.31. For Y2.64F and 
Y7.31H no specific binding of [125I]-pPYY could be obtained. Binding to 
V6.58A did not deviate significantly from wt hY2, while measurements on 
Y2.64A showed reduced binding strength for all ligands and Y7.31A for 
some of the ligands. The membrane expression assay confirmed expression 
of all receptors except the mutant Y2.64F (Table 1). We prepared 3D models 
of hY1 and hY2 to illustrate where in the receptors the residues were situat-
ed. The aim of the modelling was to investigate a hypothesis of Sautel et al.62 
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that these three residues, which are not conserved between Y receptor sub-
types, constitute a hydrophobic binding pocket in hY1 with a specific hydro-
gen bond interaction pattern to the conserved C-terminal Y36-NH2 residue of 
NPY, PYY and PP. The hypothesis was derived from mutagenesis data in 
hY1 and was published five years before the first GPCR crystal structure 
was determined63. Our models were based on the best templates at the time, 
the human β2-adrenergic receptor64,65 and the human A2A adenosine receptor 
(h2AAR)66. The conclusion drawn from the structural models was that the 
three residues do not form a continuous hydrophobic pocket in the Y recep-
tor family. However, it cannot be determined from the structures alone if 
they contact the Y36-NH2 residue as proposed by Sautel et al.62 

Table 1. Relative inhibition of [125I]-pPYY binding to mutant hY2 receptors com-
pared to wt hY2 for the truncated agonist hPYY(3–36) and the antagonist BIIE0246.  

Mutant hPYY(3–36)    Ki / Ki (wt) BIIE0246    Ki / Ki (wt) 

T2.61A 101 0.3
Y2.64A 8.8 4.0
Y2.64Fa - -
G2.68N 2.7 0.6
Y3.30A 5.8 0.5
Y3.30L 1.8 0.2
Y3.30L + Y5.38L 38.2 1.3
Y3.30L + L6.51A 13.9 0.7
Q3.32Aa - -
Q3.32E 56.9 6.2
Q3.32H 141 0.2
Q3.32La - -
Q3.32H + H7.39Qa - -
T3.40I 0.4 2.3
L4.60A 2.1 46
Y5.38A 37.4 0.7
Y5.38L 11.4 0.3
Y5.38L + L6.51A 85.9 0.5
L6.51A 28.9 0.4
Q6.55A 0.1 2.9
Q6.55La - -
Q6.55N 1.4 7.8
V6.58A 1.5 0.8
Y7.31A 7.8 2.0
Y7.31Hb - -
H7.39Aa - -
H7.39La - -
H7.39Q 9.2 5.2 
a No membrane expression of mutant receptor. b No binding detected for the radioligand. Data 

from Paper I, Paper II and Fällmar et al.59 
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In a follow-up mutagenesis study by Fällmar et al.59, which reported muta-
genesis and binding data for wt hY2 and the mutants G2.68N, T3.40I, 
L4.60A and Q6.55A, the hA2AAR-based hY2 model was used to interpret 
the results. Here, two of the mutants, T3.40I and Q6.55A, showed up to 10-
fold increased binding strength for several of the agonists. Further, the ef-
fects of the mutated positions on the binding of the antagonist BIIE0246 
were clearly different from those on agonist binding (Table 1). 

Another interesting observation in our first generation of models was that 
the TM cavity would allow for the binding of peptide ligands deeper in the 
TM bundle. In the peptide binding mode hypothesized by Sautel et al.62, a 
large region of the orthosteric binding pocket of hY1 is not occupied by the 
ligand. This inspired us to investigate alternative docking models for ago-
nists to the hY2 receptor, using the reported homology models and automat-
ed docking, to be followed by experimental testing with mutagenesis.  

Due to the large number of degrees of freedom for the 36-amino acids 
long peptide, we have focused our docking efforts on the conserved C-
terminal 32TRQRY36-NH2 part of PYY and NPY. This pentapeptide has been 
shown to be very important for binding to both the hY1 and hY2 receptors in 
an alanine scanning experiment57. Another reason for not considering the full 
length peptide is that the PP-fold of residues 1-31 somehow will be in con-
tact with the outer parts of the extracellular loops and/or the N-terminal of 
the Y receptors, for which we have no high homology template. Yet we have 
docked the full peptide in Paper II to make sure that binding of the peptide 
C-terminal part deep in the orthosteric pocket and the resulting positioning 
of the PP-fold part is compatible sterically with the receptor structure. 

In Paper II, automated docking of the conserved C-terminal dipeptide 
fragment of the natural agonists with acetylated N-terminus (CH3C(O)-R35-
Y36-NH2) was carried out to the orthosteric binding pocket of the hY2 ho-
mology model based on hA2AAR. These two residues are known from exper-
iment to be crucial for peptide binding to Y receptors57,61. Docking of larger 
fragments was not considered since this hY2 model did not include extracel-
lular loop 2 (EL2) due to low homology with the template. The C-terminal 
part of EL2 constitutes an important part of the entrance of GPCR binding 
cavities and is often involved in ligand recognition67. It was clear from dock-
ing of larger C-terminal peptide fragments of PYY that the dipeptide was the 
largest fragment that could bind so deep in the pocket that EL2 could be 
discarded.  
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Figure 7. Docking solution of the C-terminal dipeptide of NPY/PYY/PP in the 
hA2A-based hY2 model. The ligand (in magenta) and the side chains of the hY2 
positions mutated in Paper II as well as Tyr7.31 and Asp6.59  mutated previously 
(Paper I and Merten et al.61) are shown as sticks. TM helices of the hY2 model are 
shown in counterclockwise order (TM1, dark blue; TM7, red).  

The shape and residue interactions of the modeled hY2 binding pocket, to-
gether with the dipeptide binding mode obtained by automated docking 
(Figure 7) and the degree of conservation in Y receptors of the residues lin-
ing the binding cavity guided selection of the positions to be studied by site-
directed mutagenesis. Special interest was given to residues that are very 
highly conserved in Y receptors, but uncommon in other GPCRs68, indicat-
ing involvement in peptide binding and/or importance for correct receptor 
fold. 19 mutants were generated involving seven different residues – T2.61, 
Y.3.30, Q3.32, Y5.38, L6.51, Q6.55 and H7.39. Mutagenesis was followed 
by binding assays using full-length and truncated peptide agonists and the 
Y2-specific antagonist BIIE0246 and a membrane expression assay, with 
results presented in Table 1. Our model suggested a hydrogen bond network 
between the highly conserved residues T2.61, Q3.32 and H7.39, which could 
play a role in ligand binding and/or receptor structure. Binding assay results 
provided experimental support for our computational model since most of 
the mutants for these residues displayed reduced peptide agonist affinities. 
The Ala and Leu mutants of Q3.32 and H7.39 disrupted membrane expres-
sion of the receptor, which was also the case for Q6.55L. Further, mutants of 
Y5.38 and L6.51 showed reduced agonist affinity. Overall, the binding of the 
truncated peptide hPYY3-36 was more affected by the mutations than [125I]-
pPYY and again the results for the antagonist BIIE0246 suggest several in-
teraction differences compared to the peptides. 
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Figure 8. Docking solution of the C-terminal pentapeptide of NPY/PYY in the ac-
tive-like (NTSR1-based) hY2 model. The ligand (in magenta) and the side chains of 
the hY2 positions discussed in the text are shown as sticks, and water molecules in 
contact with the ligand are shown as spheres. TM helices of the hY2 model are 
shown in counterclockwise order (TM1, dark blue; TM7, red). 

In 2012, the determination of the rat neurotensin receptor 1 (NTSR1) struc-
ture69, released during the course of this project, provided us with the first 
crystal structure of a peptide-binding GPCR with an agonist bound. Like the 
NPY receptor family, NTSR1 is a member of the β-branch of class A 
GPCRs according to the phylogenetic tree derived by Fredriksson et al.70, 
although the sequence identity between hY2 and rNTSR1 is a rather modest 
18% overall and 26% in the TM helices. We decided to create a new model 
based on this template to compare with the model that we used as a guide for 
the selection of positions for mutagenesis, and to offer a complementary 
interpretation of the results. The TM helices tilt slightly differently, in par-
ticular TM6, in agreement with the observed differences between the tem-
plates and the activation-related conformational changes in GPCRs71-73. 
However, the same amino acids line the cavity walls, with the notable excep-
tion of residue Y3.30 which in the new model is oriented towards the mem-
brane. Since the last round of modeling, structures of several other peptide 
binding receptors were determined, all containing a β–sheet fold of EL2 and 
conserved structural features in the C-terminal part of EL2, which is very 
important for ligand binding45. This facilitated modeling of this important 
loop considerably and the inclusion of EL2 was a great advantage with our 
NTSR1-based model. Now, with a more complete binding pocket available, 
we docked an acetylated version of the entire conserved C-terminal pen-
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tapeptide (CH3C(O)-32TRQRY36-NH2) of PYY and NPY. The resulting re-
ceptor-ligand complex is displayed in Figure 8 and it is in good agreement 
with the mutagenesis data presented here as well as previously57,60,61,74. Fur-
ther, the stability of the receptor-ligand interactions was confirmed by MD 
simulations. The complex shows a somewhat different interaction pattern as 
compared to our initial, A2AAR-based model, but the same residues are in-
volved. The side chain of Y36 is positioned in a deep pocket situated be-
tween TM3, TM6 and TM7, showing contacts with hY2 residues Q3.32, 
V3.36, L6.51, Q6.55 and H7.39, in addition to a water-mediated hydrogen 
bond with the backbone of TM7. The C-terminal amide of the peptide forms 
hydrogen bonds with Y5.38, S5.42 and Q6.55, and it is the side chain of Q34 
in this binding orientation that forms a hydrogen bond to the conserved 
Q3.32 in the receptor. The electrostatic interaction network defined by the 
positively charged residues of the peptide, R33 and R35, is intricate. Both 
residues form salt bridges with D6.59 in TM6 and E5.24 located in EL2, 
reinforced by hydrogen bonds of R33 with T5.23 and V6.58 (backbone), and 
of R35 with S5.39. The peptide backbone is further stabilized with hydrogen 
bonds to water molecules from the bulk solvent, as well as with hY2 resi-
dues Q6.55 and Y7.31. Finally, the position of T32 is compatible with the 
extension of the peptide in order to represent the full NPY or PYY agonists 
in the binding site. 

Future perspectives 
The hY2-pentapeptide complex based on NTSR1 completed the second cy-
cle in our feedback loop of experiments and calculations and has guided new 
experiments that are ongoing. The new mutagenesis involves residues both 
in the orthosteric binding pocket and in the extracellular loops. Two different 
strategies are applied. First, for the loop residues and some of the residues in 
the binding pocket an alanine scanning approach is used. Second, for some 
of the binding pocket residues, substitutions to more bulky amino acids are 
carried out, to examine the effect on ligand binding of diminishing of differ-
ent binding pocket regions. As is the case with all mutagenesis, one of 
course has to keep in mind that any effect on ligand binding could be indi-
rect.   

Further, with the new computational alanine scanning methodology de-
scribed in Paper III now available to us, we could start using that for valida-
tion of our receptor-ligand complex. At this point we have a large amount of 
experimental data to reproduce with binding free energy calculations both 
for the peptides and BIIE0246 (Table 1). However, the large size of these 
molecules makes this task more challenging than in the case described in 
Paper III.  

We will also receive feedback of our model from new crystal structures 
being released. For instance, the company Heptares has announced that they 
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have solved the structure of the orexin-2 receptor in an antagonist-bound 
confirmation, but the structure has not yet been released to the public. That 
receptor would be a suitable template for Y receptor modeling due to higher 
homology than any GPCR now available.  

The ultimate feedback will though be a crystal structure of any Y receptor 
in complex with agonist or antagonist. This is in pipeline in a collaboration 
project between our groups and Ray Stevens’ group at the Scripps Research 
Institute, La Jolla, and it would be truly rewarding to see an experimental 
answer to this scientific question. 

Structure prediction of hY1 in complex with the 
antagonist BIBP3226 
In Paper III we have modeled the hY1 receptor in complex with the antago-
nist BIBP3226 (Figure 9B) and report the validation of this complex by uti-
lizing MD and state-of-the-art FEP calculations of relative binding free en-
ergies. The calculated energies are compared with binding free energies from 
alanine scanning mutagenesis experiments and from measurements per-
formed on a series of analog molecules. The calculations of relative binding 
free energies between wild type (wt) and Ala mutant receptors required the 
method development described in the previous chapter to achieve convergent 
results. 

BIBP3226 
BIBP3226 is a competitive and Y1-selective antagonist which is widely used 
as a pharmacological tool for studying the physiological role of the Y1 re-
ceptor. It is designed to mimic the C-terminal dipeptide Arg35-Tyr36-NH2 
of the Y1 receptor natural agonists NPY, PYY and PP, but BIBP3226 differs 
in that it contains a diphenylacetyl group, has an Arg residue in (R)-
configuration and a 4-hydroxybenzylamine group instead of the Tyr-NH2

75 
(Figure 9B). For therapeutical application, however, the compound has 
drawbacks with regard to toxicity as well as low oral availability and brain 
penetration75. There is extensive experimental data available in the literature 
for this particular receptor-ligand pair, with binding studies for BIBP3226 to 
both wild-type (wt) and alanine mutants of Y176,77, as well as Y1 wt binding 
data for numerous BIBP3226 analogs78-82.   

Free energy calculations and structure prediction 
The hY1-BIBP3226 complex that was used as starting structure for all FEP 
calculations is shown in Figure 9A. The system was generated by homology 
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modelling of hY1, followed by insertion of the model in a lipid bilayer and 
refinement by MD equilibration in a periodic box. Then both automated 
docking with Glide28 and mutagenesis-guided docking of BIBP3226 into the 
hY1 model were carried out, and the resulting complexes were subject to a 
final round of MD equilibration using a spherical simulation system. Based 
both on structural stabilities of the wt hY1− BIBP3226 complexes and sub-
sequent free energy calculations, the mutagenesis-guided docking approach 
was found to provide the best starting model. 

In this complex BIBP3226 is positioned at the bottom of the hY1 or-
thosteric binding cavity. The deep pocket between F4.60 and W6.48 is occu-
pied by the phenol moiety of BIBP3226, which places the hydroxyl group at 
hydrogen bond distance to both Q5.46 and N6.55. The guanidinium group of 
the ligand forms a salt bridge with the key NPY receptor residue D6.5961,76,77 
and hydrogen bonds to N6.55. The pocket between helices TM2, TM3 and 
TM7 and EL2 accommodates the biphenyl moiety of BIBP3226. 

The position of the ligands and their interactions with the receptors were 
generally very stable throughout the MD simulations. As an example, the 
BIBP3226 heavy atom RMSD was only 0.3 Å between the initial structure 
and the average wt structure from a total of (13+7)×6=120 independent equi-
libration runs (60 ns) for this complex. 

The relative binding free energies calculated from the MD/FEP simula-
tions are generally in good agreement with experimental values, thus sup-
porting the validity of the underlying structural model. For the alanine muta-
tions the mean unsigned error with respect to experimental BIBP3226 bind-
ing free energies is 0.9 kcal/mol and the method is generally successful in 
discriminating mutations that have large effects on ligand binding from those 
that have only minor effects (Figure 9C). 

The overall results of the simulations for the relative binding free energies 
of the BIBP3226 ligand series are remarkably good, with a mean unsigned 
error of 1.2 kcal/mol. Moreover, the method is clearly successful in discrim-
inating the best binders from the low affinity ligands (Figure 9D). 
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Figure 9. Structure of the hY1-BIBP3226 complex, ligand analogs and relative 
binding free energies. (a) Starting structure for the FEP calculations. The TM helices 
of hY1 are shown in anti-clockwise order (TM1, dark blue – TM7, red). Residues 
for which alanine scanning has been done are coloured according the TM helices 
and BIBP3226 is shown with magenta carbons. (b) Structure of BIBP3226 and sev-
en analogs78,79, where the ligands differ in the R substituent.  (c) Calculated and 
experimental relative binding free energies for BIBP3226 to the thirteen hY1 alanine 
mutants compared to hY1 wt. Blue bars represent ∆∆ , red bars ∆∆  from 
Sautel et al.76 and green bars ∆∆  from Sjödin et al.77. For mutants marked with 
an *,  ∆∆  measured by Sautel et al.76 is larger than 2.3 kcal/mol. (d) Calculated 
and experimental relative hY1 wt binding free energies for the seven compound 
analogs compared to BIBP3226. Blue bars represent ∆∆  and red bars ∆∆  
from Aiglstorfer et al.78,79 Error bars are ± 1 s.e.m. 
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Comparison of binding free energy differences between calculations and 
experiment can thus be used to validate the structural model. Here, the 
agreement is very good in most instances indicating that this GPCR-
antagonist model has a close resemblance to the correct structure. Converse-
ly, an alternative binding model obtained by docking with Glide could im-
mediately be identified as clearly erroneous based on the loss of correlation 
between calculations and experiment (Figure 10 and further described in 
Paper III). 

The structural insights obtained further demonstrate the applicability of 
the approach in ligand design projects aimed at structure-based development 
of new GPCR ligands. 

 
Figure 10. Structure of hY1-BIBP3226 complex generated with automated docking 
and calculated vs experimental relative binding free energies. (a) Starting structure 
for these negative control FEP calculations with colouring as in Figure 9. (b) Calcu-
lated and experimental relative hY1 wt binding free energies for the seven com-
pound analogs compared to BIBP3226. Blue bars represent ∆∆  and red bars ∆∆  from Aiglstorfer et al.78,79. (c)  Calculated and experimental relative binding 
free energies for BIBP3226 to the thirteen hY1 alanine mutants compared to hY1 
wt. Blue bars represent ∆∆ , red bars ∆∆ from Sautel et al.76 and green bars ∆∆ from Sjödin et al.77. For mutants marked with an *,  ∆∆  measured by 
Sautel et al.76 is larger than 2.3 kcal/mol. Error bars are ± 1 s.e.m. 
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Future perspectives 
We have an ongoing follow-up project in collaboration with Larhammar et 
al. where we will perform a double-blind experimental and computational 
alanine scanning of our reported hY1-BIBP3226 complex. We have used 
free energy calculations to predict relative BIBP3226 binding free energies 
between wt hY1 wt eight alanine mutants. All of the mutated residues are 
situated in the orthosteric binding pocket. Our collaborators will perform the 
corresponding experiments and then we will get together and disclose and 
compare our respective results. This will provide an excellent test of the 
present binding model.  

As in the case of peptide binding to hY2, a crystal structure of any Y re-
ceptor will provide excellent feedback to the structural complex predicted in 
Paper III.  
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hERG 

Human ether-à-go-go-related gene (hERG) potassium channels are essential 
for normal electrical activity in the heart and malfunction in these channels 
can result in life-threatening arrhythmias83. Malfunction can be due either to 
inherited mutations or by a blockage of hERG by a surprisingly diverse 
group of pharmaceutical compounds. This adverse side-effect has led to 
withdrawal of several blockbuster drugs from the market by drug regulatory 
agencies. hERG has become a very important anti-target for the pharmaceu-
tical industry and it is now routine practice to test compounds for hERG-
channel activity early in the drug-development process84. 

The hERG channel is unusually susceptible to blockage by drugs in com-
parison with other voltage-gated K+ (Kv) channels, suggesting that it has a 
unique binding site. The main difference from other Kv channels is that 
hERG has eight aromatic residues (Tyr652 and Phe656 in each of the four 
subunits) arranged in two concentric rings in the internal pore cavity of the 
channel in positions where most channels have Ile and Val residues. Despite 
the large amounts of existing biochemical data on blockade of hERG by 
drugs and druglike compounds85-88, relatively little is known regarding the 
structural basis of binding of blockers to the channel. Most compounds caus-
ing blockade apparently become trapped in this relatively unspecific pore 
cavity, and it is therefore of major interest to investigate its binding proper-
ties.  

hERG homology modelling  
To this date, no hERG crystal structure has been determined, so our first step 
was to produce a homology model based on the KvAP ion channel structure 
determined by MacKinnon et al.89. Our hERG project was executed in col-
laboration with Anna Stary-Weinzinger and Bert de Groot at the Max Planck 
Institute for Biophysical Chemistry, Göttingen. They built and validated a 
number of homology models and we used the best model for calculation of 
binding free energies for a series of channel blockers.  

The work of Stary et al. is not formally included in this thesis, but at-
tached as Paper i in the Appendix, since the paper is a prologue for Paper IV. 
My contribution was limited to building one of the models that were tested 
(model 1), discussions on design of the project and review of the manuscript. 
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Like other Kv channels, hERG is a tetramer and the pore region consists 
of a K+ ion selectivity filter (SF), four short pore helices supporting the SF 
structure, and four copies each of transmembrane helices S5 and S6, which 
move upon activation to allow permeation of ions into the pore cavity (Fig-
ure 11). The four S6 helices and the intracellular part of the SF constitute 
walls of the cavity. The pore helix, the SF, and the innermost S6 helix lining 
the pore can be confidently aligned between hERG and the Kv channels of 
known 3D structure, on the basis of conservation of the filter region and a 
glycine hinge in S690,91. The sequence identity between KvAP and hERG is 
36% for the pore helix and SF and 31% for S6. The situation is more ambig-
uous for the S5 helices that pack against the S6 helices in the tetrameric 
structure, and several alignments of S5 against K+ channels of known struc-
ture have been published90-93. The sequence identity between hERG and 
KvAP in S5 is only 14%. 

  
Figure 11. Side view of two diagonal subunits of the pore domain of hERG. S5 
helices in blue, pore (P) helices in green, the selectivity filter in yellow and S6 heli-
ces in red. 

In the work presented in Paper i in the Appendix, Stary et al. analyzed seven 
hERG models based on different sequence alignments of S5, using a combi-
nation of conventional geometry/packing/normality validation methods as 
well as MD simulations and molecular docking. None of the single analyses 
unambiguously identified a preferred model, but the combination of all three 
revealed that only model 6 of that article fulfills all quality criteria. Most 
importantly, that model is in agreement with the results from an alanine 
scanning of S5 by Ju et al.94. 
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Computer simulations of structure-activity relationships 
for hERG channel blockers 
In Paper IV, we have used the best model from our validation study to con-
duct molecular docking experiments with a series of channel blockers, fol-
lowed by MD simulations of the complexes and evaluation of binding free 
energies with the LIE method. 

The ligands were a series of analogues of sertindole95, an antipsychotic 
agent with a hERG IC50 value of 3 nM. The results of the simulations are 
encouragingly found to be highly predictive for this series of ligands and 
provide a structure-based rationalization of the channel blocking potencies of 
the molecules. The average unsigned error between experimental and calcu-
lated free energies was 0.4 kcal/mol and the best binders are clearly separat-
ed from the lower affinity group (Figure 12B). The protein-ligand complexes 
are very stable during MD simulations and have close and favorable interac-
tions with multiple copies of the aromatic residues Tyr652 and Phe656 as 
well as S624, all shown in alanine scanning experiments to be important for 
binding of other compounds87,88 (Figure 12A).  

 
Figure 12. MD snapshot of hERG (green ribbon) in complex with sertindole (orange 
sticks), including the water structure in the pore cavity. The snapshot is very similar 
to the average structure from the MD simulations. Residues that contribute most to 
binding and/or specificity are shown in sticks and colored magenta, yellow, or blue, 
depending on the hERG subunit they belong to. The fourth hERG subunit that is not 
in direct contact with the ligands was removed for the sake of clarity. (B) Calculated 
LIE (∆  ) vs experimental (∆ ) binding free energies ( in kcal/mol) for the 
nine sertindole analogues. The solid line represents perfect agreement between ∆  and ∆ . 

Figure 13A depicts the starting structure from docking for one of the ligands 
compared to the average structure from a 3 ns MD simulation. The average 
structure differs from the starting structure in that the ligand moves out 
slightly from the channel cavity wall because of the shift of interaction po-
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tential function from GoldScore30 in docking to OPLS-AA1 in MD. The for-
mer uses a softer 4-8 van der Waals potential term for contacts between lig-
and and receptor atoms, which allows them to get closer to each other com-
pared to a standard Lennard-Jones 6-12 potential. This choice of a softer 
docking potential is a common, but rather approximate, way of dealing with 
the issue of induced fit upon ligand binding. As a consequence, the stable 
binding pose and hydrogen bond pattern attained during MD is not found by 
the docking program.  

 
Figure 13. (A) Initial docked structure (green) for a sertindole analog compared to 
the average structure (purple) from a 3 ns MD simulation. (B) GoldScore vs experi-
mental binding free energies (∆  in kcal/mol) for the nine hERG-ligand starting 
structures. Note that GoldScore is intended to be anticorrelated to binding free ener-
gy. 

The GoldScore fitness function is designed to be anticorrelated to binding 
free energy, so good blockers are expected to have a high fitness score. In 
this case, the GoldScores of the candidate binding conformations instead 
showed a weak positive correlation (r2 = 0.37) with the experimental binding 
free energies (Figure 13B), showing that the scoring function is not predic-
tive for ranking of these compounds. However, it is probably not so surpris-
ing that scoring functions such as GoldScore are not able to rank these 
hERG-ligand complexes correctly. That is, in addition to their approximate 
nature, scoring functions are usually not parametrized on binding within 
relatively large cavities such as ion channel pores, which contain numerous 
water molecules and do not necessarily encapsulate blockers in a “snug fit” 
manner96. Long-range electrostatic effects such as the influence of the dipole 
moments of the pore helices or potassium ions in the SF are not considered 
by these functions. The LIE method, on the other hand, takes such effects 
into account. 
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Future perspectives 
A hERG mutation study of sertindole blockade would clearly be very inter-
esting in comparison with this work and would serve as a validation of the 
binding model. Performing equivalent mutagenesis with our new FEP meth-
odology is also interesting and would involve transformation of four residues 
simultaneously, since the ion channel is a tetramer. Further, a hERG crystal 
would provide ultimate feedback to our structural model and would be a 
large breakthrough for drug development. 
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HIV-1 reverse transcriptase 

The human immunodeficiency virus (HIV) is a major global public health 
issue that has claimed more than 36 million lives. As of 2012, approximately 
35 million people are infected with the virus. HIV-1 reverse transcriptase 
(RT) is one of the main targets in the development of drugs against HIV. The 
enzyme transcribes viral RNA into complementary DNA that is integrated in 
host cell DNA by HIV integrase. The virus then uses the transcription and 
ribosomal machinery of the host cell to multiply. As the virus infects im-
mune cells, and impairs or destroys the function of them, infected individu-
als gradually become immunodeficient. 

An important class of anti-HIV drugs is the non-nucleoside RT inhibitors 
(NNRTIs). The NNRTIs are a diverse group of compounds that bind to a 
cavity which is created upon formation of the RT-inhibitor complex, thereby 
inducing a conformational change that inhibits the function of RT. Several 
NNRTIs are already used in HIV therapy, but a major problem is that drug 
resistant mutants arise quickly after treatment is initiated. A great challenge 
is therefore to continuously develop new inhibitors that are effective against 
both the wt and mutant forms of the enzyme97-99. 

For RT there is a large amount of crystal structures with co-crystallized 
inhibitors determined and ligand binding to the enzyme is well character-
ized100. In Paper V, docking, scoring, MD simulations, and the LIE method 
are combined to predict binding modes and estimate binding free energies 
for 43 NNRTIs to RT. The studied inhibitors are analog compounds with RT 
binding affinities from 1 nM to more than 100µM101 and a crystal structure 
with one of the ligands co-crystallized102 was used for the calculations. The 
results were excellent for the LIE method which reproduces the experimental 
binding free energies for 39 inhibitors with an R2 = 0.70 and an unsigned 
average error of 0.8 kcal/mol (Figure 14A). Further, extensive structure-
activity relationships for this ligand series are derived and residue interac-
tions determining the differences in binding affinity between the ligands are 
identified (Figure 14B). It is found that the sum of the electrostatic contribu-
tions from residues Lys101, Lys103 and Glu138, together with the desolva-
tion term, also correlates well with the experimental binding affinities.  

The work in Paper V can be viewed as a benchmark that serves as a vali-
dation of the combined docking and LIE methodology in a realistic inhibitor 
design situation, and the procedure is straightforward to scale up into a high-
er throughput of compounds. 
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Figure 14. (A) Calculated LIE ( ) vs experimental ( ) binding free ener-
gies (kcal/mol). The solid line represents perfect agreement between  and 

. (B) The six RT residues (in green) that make the three largest van der Waals 
and electrostatic contributions to binding for the inhibitors. The binding mode of one 
of the ligands (in yellow) is also shown. 

As in Paper IV, the GoldScore30 scoring function was used as a reference to 
LIE. The MD starting structures for the inhibitors, predicted by GOLD and 
very similar to the experimental structure (Figure 15A), were scored using 
GoldScore and compared to experimental binding data (Figure 15B). There 
was no correlation between GoldScore and the experimental data and these 
results agree with published studies, which indicate that docking algorithms 
in many cases can identify the correct binding mode but they are not able to 
rank different inhibitors by affinity38.  

The finding that the electrostatic term in the LIE method determines the 
relative binding free energies for this data set also provides a possible expla-
nation for the poor results obtained using GoldScore. The only term repre-
senting polar interactions in this scoring function is a simple hydrogen bond 
term, which may not be a sufficiently accurate description. 

The work by Nervall et al., attached as Paper ii in the Appendix, is a par-
allel study to Paper V. The same series of HIV-1 RT inhibitors was cross-
docked with GOLD in a crystal structure determined in complex with an 
inhibitor not analog to the docked molecules. The docking experiment re-
sulted in two distinct clusters of possible binding conformations. One of 
these clusters was compatible with the existing crystal structure, whereas the 
other displayed a flipped heterocyclic group. Scoring with several different 
functions yielded similar scores for the two clusters, and no conclusion about 
the binding mode could be drawn from these results. Thus, the docking pro-
gram could find the correct binding mode, but not rank it relative to other 
conformations. 
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The two clusters could be separated through rescoring with LIE in combi-
nation with MD simulations, which leads to a binding mode prediction in 
line with experimental crystallographic data. Further, the LIE model again 
generates better correlation between experimental and calculated binding 
free energies than the scoring functions. 

The work of Nervall et al. is also not formally included in this thesis, but 
included in the Appendix since it is related to Paper V. My contribution was 
limited to parameterization of the inhibitors in OPLS-AA1 and review of the 
manuscript. 

 

 
Figure 15. (A) Experimental and docked structure of one of the inhibitors. The ex-
perimental and docked structures are shown with white and green carbon atoms, 
respectively. (B) GoldScore (SGOLD) vs experimental binding free energies (  
in kcal/mol). The solid line represents the best fit between SGOLD and  (r2 = 
0.02). 
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Integron integrase 

Antibiotic resistance in bacteria is a major threat to human health. Infections 
caused by resistant microorganisms often fail to respond to conventional 
treatment, resulting in prolonged illness, greater risk of death and higher 
costs for health care. A very important mechanism in genomic evolution of 
bacteria and thus evolution of antibiotic resistance is horizontal DNA trans-
fer - the movement of genetic traits between bacteria. The efficiency with 
which bacteria incorporate genetic information reflects their capacity to 
adapt to changing environmental conditions103. Integrons are an important 
part of this machinery. They are mobile DNA elements with a capacity to 
capture genes, notably those encoding antibiotic resistance, through site-
specific recombination104. The principal components of an integron are the 
intI gene, the attI recombination site and two promoters (Figure 16). The 
gene cassettes that can be captured contain an open reading frame and a re-
combination site termed attC. IntI encodes a site-specific tyrosine recom-
binase that recognizes attI and attC and catalyzes the specific excision and 
integration of these gene cassettes105. The two promoters are dedicated to intI 
and the captured genes, respectively. 

 
Figure 16. Integron-mediated gene capture. Outline of the process by which circular 
gene cassettes are inserted at the specific attI site in an integron downstream of the 
strong promoter Pc. intI, integrase encoding gene; IntI, integrase IntI.  
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The crystal structure of IntI from Vibrio cholerae (VchIntIA) bound to attC 
has been determined at 2.8 Å resolution by MacDonald et al.103 The structure 
is of the protein-DNA complex in the recombination synapse state and con-
tains four IntI monomers and two attC substrates (topology shown in Figure 
17A). Two of the monomers are in attacking state, meaning that they cata-
lyze the reaction, while the other monomers are in non-attacking state and 
are important for assembly of the recombination synapse. Further, the struc-
ture shows that the site of recombination along the DNA backbone is deter-
mined by the position of two extrahelical bases in attC that both position the 
integrase along the DNA and mediate the high-order assembly of the synap-
tic complex. 

Mutagenesis and homology modeling of integron 
integrase IntI1  
Paper VI is the result of a collaboration project with Carolina Johansson, 
Jens Eriksson and Lars Sundström at the Department of Medical Biochemis-
try and Microbiology, Uppsala University. Johansson et al. had generated 
twenty mutants of a close homolog to VchIntIA - integron integrase IntI1 
from the transposon Tn21. Further they had tested attC binding of these mu-
tants by an electrophoresis mobility shift assay (EMSA). The EMSA results 
showed that four of the mutants are responsive (have reduced binding affini-
ty to attC as compared to wt IntI1), while the sixteen other mutants are non-
responsive. To interpret their data they needed a structural model, and we 
generated an IntI1 homology model based on VchIntIA. 

IntI1 and VchIntIA have a sequence identity of 45% and alignment of the 
two sequences is straightforward. SWISS-MODEL106 was used to generate 
the model (shown in Figure 17A) and we used MD simulations for local 
relaxation of key regions of the model to examine structural features such as 
hydrogen bonding. 

The mutagenesis strategy was to substitute residues in and close to an in-
sert region of 18 amino acids that among tyrosine recombinases only exist in 
integron integrases. The VchIntIA crystal structure revealed that this insert 
region form several important DNA contacts, among those binding to one of 
the extrahelical bases in attC103. Figure 17B shows the structure of this in-
serted region in our IntI1 homology model and how it contacts DNA.  
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Figure 17. (A) Architecture of our homology model of four IntI1 monomers bound 
to two attC substrates. Attacking and non-attacking IntI1 subunits in yellow and 
cyan, respectively. (B) The insert region loop binding of IntI1 contacting attC, in-
cluding the extrahelical base G20’’. (C) Residues mutated in Paper VI. Responsive 
and non-responsive mutants in green and magenta, respectively. 

The residues that were mutated are shown in Figure 17C. In Paper VI, the 
binding assay results are interpreted using our structural model. In summary, 
the structural rationalization of the EMSA results is that non-responsive mu-
tants have conserved wt structure of the insert region and maintained DNA 
contacts, while the responsive mutants have reduced binding affinity due to 
direct or indirect effects. It was rather clear from the structure why some 
mutants had wt or reduced attC binding affinity, while other would have 
been difficult to predict.  
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Summary in Swedish 

Alla levande celler och organismer, till exempel människor, är i grund och 
botten välreglerade system av molekyler och joner som interagerar och rea-
gerar med varandra. Alla biologiska funktioner som vi eller någon annan 
organism behöver för att överleva bygger på de här komplexa systemen av 
växelverkande molekyler som har evolverat fram under fyra miljarder år. En 
molekyls struktur och kemiska egenskaper avgör vilka andra molekyler den 
kommer att binda till. Den specificiteten i bindning mellan molekyler an-
vänds i celler i välreglerade händelseförlopp som leder till en biologisk 
funktion. 

Bindningsenergier mellan proteiner och små molekyler kan både mätas 
biokemiskt och beräknas med datorsimuleringar av proteinstrukturer. Ener-
giberäkningar kan alltså utgöra den felande länken mellan experimentella 
bindningsaffiniteter och strukturer av protein-ligand komplex och är viktiga 
för att förstå biokemiska processer och hur läkemedel fungerar. De har också 
fördelen att vara snabba och kostnadseffektiva och ge detaljerad information 
om struktur och energetik som vanligtvis inte går att få från experiment. 

Det primära målet med arbetet i den här avhandlingen var att med hjälp 
av beräkningsmetoder förutsäga och förstå ligandbinding till ett antal farma-
ceutiskt viktiga proteiner. Metoderna som användes var homologimodelle-
ring för att konstruera proteinstrukturmodeller i de fall då de inte var be-
stämda experimentellt, automatisk dockning för att placera ligander i bind-
ningsfickor och molekyldynamiksimuleringar för att sampla termiskt till-
gängliga strukturkonformationer för ett system. Med den data man samlar in 
under en simulering kan man beräkna fria energier mellan olika tillstånd 
genom att använda sig av termodynamiska cykler. LIE- och FEP-metoden 
användes för att beräkna fria energier. 

G-proteinkopplade receptorer (GPCR’er) är en viktig grupp av membran-
proteiner som medierar fysiologiska signaler från utsidan till insidan av cel-
ler. Exempel på signalsubstanser är hormoner, neurotransmittorer, lipider, 
peptider, doftämnen och smakämnen och det finns även receptorer i ögats 
tappar och stavar som översätter inkommande fotoner till en kemisk signal 
inuti cellerna. För tre av de fem sinnena – syn, smak och lukt – går alltså den 
första signalen in i kroppen genom en GPCR.  Ungefär 30% av alla recept-
belagda läkemedel binder till en GPCR och de är väldigt intressanta för lä-
kemedelsindustrin. På senare år har flera av receptorerna kunnat strukturbe-
stämmas med röntgenkristallografi efter ett metodologiskt genombrott i kris-
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talliseringsteknik för membranproteiner. De nya experimentella strukturerna 
kan användas i strukturbaserad läkemedelsdesign.  

I artikel III var målet att förutsäga strukturen för en GPCR - neuropeptid 
Y1 receptorn - i komplex med en antagonist. Y1 receptorn är viktig för aptit-
reglering och antagonister kan fungera som läkemedel mot fetma. Vi byggde 
en strukturmodell av komplexet och validerade den med molekyldynamik-
simuleringar och FEP-beräkningar genom att reproducera bindingsdata från 
biokemiska experiment. Kompliciteten i problemet innebar att vi behövde 
utveckla ny metodik för FEP-tekniken för att kunna beräkna konvergerade 
relativa bindningsenergier mellan mutanter och vildtypreceptorer. Metodens 
robusthet och noggrannhet möjliggjorde en entydig strukturell tolkning av 
den tillgängliga mutagenes- och bindningsdatan. I artikeln visar vi också hur 
metoden kan användas för att falsifiera strukturer där liganden inte är opti-
malt dockad. 

Den nya metodiken möjliggör ett antal intressanta uppföljningsprojekt. 
För att vidare testa vårt predicerade receptor-ligand komplex har vi beräknat 
bindingsenergier för nya mutanter i bindningsfickan som går att verifiera 
med experiment. Vidare så utför vi beräkningar på en kristallstruktur av en 
adenosinreceptor i komplex med tre ligander. Detta är en kontrollstudie där 
vi vill se att vår metod reproducerar experimentella fria energier i ett fall där 
strukturen är känd.  

I artikel I och II beskriver vi ett tvärvetenskapligt samarbetsprojekt där vi 
använt mutagenes, bindningsmätningar, homologimodellering och dockning 
för att karaktärisera binding av peptider och antagonister till neuropeptid Y2 
receptorn – en homolog receptor till Y1 receptorn. Arbetet har genererat 
bindningsdata för flera agonister och en antogonist till sammanlagt 28 Y2-
mutanter samt en hypotes för hur peptidagonisten binder till receptorn som 
överenstämmer kvalitativt med bindningsdatan. Vi har arbetat i en återkopp-
lingsstruktur där experiment guidar modellering som i sin tur guidar nya 
experiment osv. Vårt arbete utgör en stor del av all mutagenes som finns för 
Y2 receptorn. 

Jonkanaler är membranproteiner som reglerar flöde av joner över cell-
membran och är därmed bland annat viktiga för att upprätthålla en aktions-
potential i nerv- och hjärtceller. Kaliumjonkanalen hERG är viktig för nor-
mal elektrisk aktivitet i hjärtat och funktionsnedsättningar i denna typ av 
kanal kan leda till livshotande arytmier. 

I artikel IV var målet att förutsäga strukturen för hERG och använda mo-
dellen för molekyldynamiksimuleringar och beräkningar av bindningsener-
gier med LIE-metoden för en serie molekyler som blockerar kanalen. hERG 
kan binda väldigt många och strukturellt diversa läkemedelslika molekyler 
och detta kan ge upphov till hjärtflimmer. Att undvika bindning till den här 
jonkanalen är en mycket viktig parameter vid utveckling av nya läkemedel 
på grund av de allvarliga biverkningarna. Våra affinitetsberäkningar stämde 
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mycket bra med experimentalla värden och jonkanal-ligand komplexen kan 
användas vid design att nya läkemedel för att undvika bindning till hERG.  

HIV-1 RT är en av de viktigaste målproteinerna i utvecklingen av läke-
medel mot HIV. RT är ett enzym som kan transkribera virusets RNA till 
DNA, som sedan integreras i värdcellens DNA av enzymet HIV-integras. 
Viruset använder sedan värdcellens transkriptions- och replikationsmaskineri 
för att föröka sig. Viruset är särskilt farligt eftersom det angriper immuncel-
ler.  

I artikel V användes dockning, molekyldynamik och LIE-metoden för att 
förutsäga bindningskonformationer och affiniteter för en stor serie inhibito-
rer till HIV-1 RT. Metoden gav väldigt god överensstämmelse mellan beräk-
nade och experimentella bindningsenergier och arbetet validerar metoden 
som ett kraftfullt verktyg i strukturbaserad läkemedelsdesign. Den kan också 
lätt skalas upp för högre genomströmning av molekyler. 

Integroner är mobila DNA-element som används av bakterier för att 
skicka genetisk material mellan varandra. Gener som kodar för antibiotikare-
sistenta virusproteiner överför ofta med integroner. I artikel VI byggde vi en 
modell av ett integronintegras och använde den för att tolka bindningsdata 
från en EMSA analys.  
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