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Abstract
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G protein-coupled receptors (GPCRs) are integral membrane proteins responsible for signal
transduction of extracellular stimuli into the cell. Because of their widespread distribution
throughout the human body and important roles in physiological processes, GPCRs are
prominent drug targets and approximately 34% of all approved drugs interact with members
of this superfamily. GPCR ligands are used as drugs against various diseases, including
neurodegenerative and neuropsychiatric disorders. The increased availability of GPCR
structural information has enhanced understanding of GPCR function but also enables structure-
based drug design (SBDD). This thesis focuses on SBDD targeting allosteric and orthosteric
binding sites of GPCRs and strategies to identify multi-target ligands. Drug discovery
campaigns are traditionally based on the one-target-one-drug paradigm, but effective treatment
of complex neurological disorders generally requires modulation of several signaling pathways.
In publication I, dual-target ligands that activate the D2 dopamine receptor (D2R) and antagonize
the A2A adenosine receptor (A2AAR) were designed through a structure-based approach. Both
GPCRs are relevant for Parkinson’s disease (PD) and animal studies support that interactions
with these targets induce neuroprotection while eliciting a synergistic therapeutic effect. One
of the designed ligands was shown to yield an antiparkinsonian effect in a rodent model.
Publication II focuses on the identification of negative allosteric modulators (NAMs) of
the metabotropic glutamate receptor 5 (mGlu5) using structure-based virtual screening. Such
modulators have been considered as a treatment of PD, fragile X syndrome and depression. The
study discovered 11 allosteric modulators and four of these were also shown to be NAMs of
mGlu5. Manuscript III describes the development of dual-target ligands acting as antagonists
of the A2AAR and NAMs of mGlu5. Blocking the activity of both receptors has been shown to
have a synergistic antiparkinsonian effect that could be both symptomatic and neuroprotective.
In this study, virtual screening was used to discover drug-like compounds with submicromolar
binding affinity to both targets. Publication IV presents a comprehensive review of SBDD
targeting GPCRs of all classes with a specific focus on the method of molecular docking.
Publication V describes a program for automatic validation of X-ray crystal structures. Possible
applications involve assessment of protein structures used in SBDD or the generation of high-
quality test sets for the evaluation of molecular docking methods. The results of this thesis
illustrate that structure-based virtual screening is a versatile tool to discover ligands with tailored
pharmacological properties.
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1. Introduction 

G Protein-Coupled Receptors (GPCRs) are cell-membrane spanning 
proteins that are found in many different tissues throughout the human 
body and mediate physiological responses to a variety of stimulants, 
such as hormones and neurotransmitters. Because of their widespread 
distribution and basic function to facilitate signal transduction into the 
cell, GPCRs are important drug targets with relevance for a plethora of 
diseases. Approximately 34% of all drugs approved by the US Food and 
Drug Administration interact with GPCRs.1 Prominent examples of 
top-selling drugs targeting GPCRs are Aripiprazole, an antipsychotic 
agent with a peak yearly revenue of 7 billion USD, and Clopidogrel, an 
anti-thrombic prodrug with record yearly sales of 9 billion USD.2 

1.1.   The GPCR Superfamily 
 
The GPCR family is the largest and most studied proteins in mammals.3 
There are approximately 800 GPCRs encoded in the human genome, 
which are diverse in their structure and function and are therefore clus-
tered into several groups based on two major classification systems.4 
The well-established A-F system categorizes GPCRs into six different 
classes based on functional features: class A (Rhodopsin-like), which 
includes about 80% of all GPCRs, class B (Secretin receptor family), 
class C (Metabotropic glutamate family), class D (Fungal mating pher-
omone receptors), class E (Cyclic AMP receptors) and class F (Friz-
zled/smoothened receptors).5,6 Alternatively, the more recently devel-
oped GRAFS system classifies GPCRs depending on a phylogenetic 
analysis and includes the classes Glutamate, Rhodopsin, Adhesion, 
Frizzled/Taste2 and Secretin.4 The major difference between the sys-
tems is the separation of class B into the Adhesion and Secretin families 
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because these families have a more distinct evolutionary history.4,7 De-
spite of the clustering of GPCRs into different classes, all receptors of 
the superfamily share a common structure (Figure 1) consisting of 
seven transmembrane helices (TMs), which are connected by three ex-
tra- and intracellular loops (ECLs and ICLs, respectively).  

 
 

 
Figure 1. Schematic Depiction of the Architecture of GPCRs.  All GPCRs contain a 
heptahelical domain, which consists of an extracellular N-terminal, seven TMs (con-
nected by ECLs and ICLs), and an intracellular C-terminal. For class A GPCRs, the 
orthosteric binding site is located between the membrane-spanning helices and faces 
the extracellular medium. The orthosteric binding site in class C GPCRs is found in 
an extracellular domain at the N-terminal. The intracellular region and loops interact 
with G Proteins and β-arrestins. 
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1.2. GPCR Signaling 

1.2.1. The Canonical Pathway  
 
GPCRs perceive extracellular stimuli and transduce this signal to the 
heterotrimeric G protein at their intracellular region, which will evoke 
a cellular response. G proteins are composed of three subunits: Gα, 
which accommodates a GDP/GTP binding site, Gβ and Gγ (Figure 2). 
Based on sequence analysis, several different isoforms were identified 
for each of the subunits, which influence the efficacy and specificity of 
the signal transduction.8,9  
 
The signaling cascade is initiated by the binding of an agonist (e.g., 
neurotransmitters, hormones, nucleotides or peptides) to the orthosteric 
binding site of the GPCR.10 Upon agonist binding, a conformational 
change is induced, which favors active receptor conformations.11 On 
the structural level, this includes a distinct outward movement of TM6, 
a minor displacement of TM7 and a rotation of TM5.11 Through these 
changes, the activated receptor now acts as a GTP exchange factor for 
the Gα subunit and triggers the release of the bound GDP and the bind-
ing of GTP.11,12 Subsequently, the adjacent Gβγ complex becomes un-
stable and the Gα subunit can dissociate.11 Depending on the isoform, 
the Gα subunit can then activate different pathways.13 For example, it 
can influence the activity of the key regulatory enzyme adenylyl 
cyclase, which will then alter the cellular concentration of the second 
messenger 3’,5’-cyclic adenosine monophosphate (cAMP).13,14 The 
cAMP is responsible for activating protein kinase A, which will then 
phosphorylate various target proteins in order to modify their biological 
activity.13,14 In contrast, the Gβγ complex is for example involved in the 
regulation of ion channels like the muscarinic-gated potassium chan-
nels15 and N-type Ca2+ channels16. Abnormalities in G protein signaling 
can cause a plethora of diseases.17,18 For example, the McCune-Albright 
Syndrome is a genetic disorder that affects the skin, bones, and endo-
crine system. The disease is caused by a mutation in an isoform of the 
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Gα subunit, which hinders the termination of G protein signaling and 
causes the production of excess cAMP.18  
 
 

 
 

Figure 2. G Protein and β-arrestin Bound to a GPCR. (a) Rhodopsin (teal) in complex 
with the heterotrimeric G protein transducin (Gα in purple, Gβγ in orange). The struc-
ture was determined with cryo-EM and has the PDB accession code 6OY9.19 (b) Neu-
rotensin receptor 1 (teal) coupled to β-arrestin1 (purple) from a cryo-EM structure 
with PDB accession code 6UP7.20 

1.2.2. The β-arrestin Pathway 
 
In addition to G proteins, GPCRs also interact with other intracellular 
partners such as β-arrestins (Figure 2). These proteins are of interest in 
the context of Parkinson’s disease (PD), as an animal study showed that 
the genetic deletion of β-arrestin2 significantly diminishes the positive 
effects of the standard Levodopa therapy on the concomitant motor 
symptoms while enhancing dyskinesia-like side effects.21 This observa-
tion suggests that therapeutic efficacy and side effects of drugs are not 
only determined by G protein associated pathways but that β-arrestin 
signaling is also of importance. 
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The interaction between GPCRs and β-arrestins is induced through the 
phosphorylation of activated GPCRs at their ICLs or C terminal tail, 
which subsequently initiates the recruitment of β-arrestin.22,23 The re-
cruited β-arrestin will then bind to the GPCR and disrupt the signal 
transduction, which ultimately leads to desensitization.22 The complex 
of a GPCR and β-arrestin can eventually be internalized into the cell 
where the GPCR will be recycled or degraded.22,24 Experimental data 
indicate that β-arrestins shuttle information from GPCRs to transcrip-
tional regulatory elements in the cellular nucleus.25 Moreover, β-ar-
restins also trigger G protein-independent cell responses and are for ex-
ample involved in vesicular trafficking.24,26 The discovery of non-ca-
nonical signaling pathways highlights the complexity of GPCR signal-
ing and could lead to the development more efficient drugs with less 
side effects. 

1.2.3. Orthosteric Ligands and Allosteric Modulators 
 

 
 

Figure 3. Effects of Orthosteric Ligands on the Receptor Response. Expected dose-
response curves, i.e. the relationship between the concentration of a ligand and the 
magnitude of the receptor-induced response, for orthosteric ligands with different 
types of functionality. 
 
Ligands interacting with the orthosteric binding site of a GPCR can 
have different effects on a receptor. When assessing the activity of a 
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ligand in a functional assay, the strength of the signal transduced by the 
receptor can be measured using the resulting change in concentration of 
secondary messengers, e.g. cAMP or inositol-1-phosphate (IP1). The 
reference point for this change is the measured secondary messenger 
concentration when no extracellular stimulus is present but spontaneous 
populations of the active receptor will occur (basal activity).27 A ligand 
acting as a full agonist will yield the maximum signal observed whereas 
a partial agonist will elicit a response below maximum (Figure 3).27 
Ligands functioning as antagonists will occupy the orthosteric binding 
site and hence prevent agonists from binding.10,28 Inverse agonists will 
stabilize the inactive state of the receptor and reduce the constitutive 
activity of the receptor.27 Furthermore, agonists may induce biased sig-
naling, in which the GPCR will occupy conformational states that either 
activate or block specific intracellular signaling pathways, such as those 
mediated by β-arrestins or G proteins.29,30  

 
 

Figure 4. Location of the Orthosteric and Allosteric Binding Sites in the A1 Adenosine 
Receptor. The structure of the A1 adenosine receptor, which was determined using 
cryo-EM (PDB accession code 7LD3). (a) The orthosteric binding site with the en-
dogenous ligand adenosine bound. (b) An allosteric binding pocket accommodates a 
positive allosteric modulator and is facing the membrane. 
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The signal transduction at GPCRs can also be modulated by ligand 
binding to allosteric sites. Positive allosteric modulators (PAMs) in-
crease the affinity and/or efficacy of a ligand (Figure 4).31 Conversely, 
negative allosteric modulators (NAMs) reduce the actions of a ligand.31 
The application of allosteric modulators as drugs can be advantageous 
if the orthosteric site has high sequence similarity to other receptor sub-
types.32 Prominent examples of allosteric modulators that have been ap-
proved as drugs are the PAMs Diazepam (Valium) and Zolpidem (Am-
bien), which both interact with the GPCR gamma-aminobutyric acid 
type A receptor.33,34 Valium is prescribed to manage anxiety disorders 
and panic attacks33 whereas Ambien alleviates sleeping problems34.  

1.3. Structural Biology of GPCRs 
 
Experimentally determined protein structures can be the starting point 
for rational drug design. The first structure of a GPCR, bovine rhodop-
sin from the membrane of a bovine retinal disk, was solved through X-
ray crystallography in the year 2000.35,36 Since then, the number of 
structures deposited in the Protein Data Bank (PDB)37 has been growing 
rapidly. To date, more than 350 crystal structures of GPCRs have been 
determined and published in the PDB.38  
 
The crystallization of integral membrane proteins is challenging. Due 
to the low polar surface area and structural instability of GPCRs in de-
tergents, several methods were developed that led to an accelerated in-
crease of GPCR structural information.39 For example, it became a 
common practice to fuse a T4 Lysozyme (T4L) to the intracellular loop 
3 (ICL3) of the GPCR.39,40 Stabilization of ICL3 was crucial for crys-
tallization as this loop is a very flexible region in many GPCRs.39,40 In 
addition, the T4L increases the polar surface area of the GPCR, allow-
ing for crystal packing.39,40 Other fusion proteins41, antibody fragments, 
and nanobodies have also been used to facilitate crystallization of 
GPCRs.39,42–44 Another approach to stabilize GPCRs for X-ray crystal-
lography is to introduce thermostabilizing point mutations, which can 
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be identified by alanine scanning.45 Directed evolution has also been 
successfully utilized to identify mutants that enhance receptor stabil-
ity.46  
 
In addition to X-ray crystallography, the method of cryogenic electron 
microscopy (Cryo-EM) has been successfully applied to determine 
structures of GPCR-G protein complexes.47 So far, ~30 cryo-EM struc-
tures of GPCRs have been deposited in the PDB.38 Compared to X-ray 
crystallography, cryo-EM allows imaging of GPCRs in a phospholipid 
bilayer-system, which resembles their native environment.48 However, 
a disadvantage of cryo-EM was the comparably low resolution of the 
obtained structures. However, recent advances in electron detection, 
image acquisition, and cryo-EM data processing led to significant im-
provements in model quality.47,49 For example, early cryo-EM struc-
tures of GPCRs were obtained by applying nanobodies for the stabili-
zation of the complex, which added to its size and thus attributed to a 
low resolution.49,50 Recently introduced mutated Gα subunits and mini-
Gα proteins contribute to a greatly reduced size of the complex and 
therefore yield an improved resolution.49,50 Additional advances in im-
aging technology now allow to obtain structures at a resolution of lower 
than 2.5 Å.50 
 
In order to compare residues in different class A GPCRs, a numbering 
scheme was developed by Ballesteros and Weinstein, which is used in 
this thesis.51 Each residue is assigned two numbers, N1.N2. N1 de-
scribes the TM in which the residue is located and N2 relates to the most 
conserved residue on the same TM, which was identified by multiple 
sequence alignment. The most conserved residues on each TM are as-
signed an N2 value of 50 and surrounding positions are descending in 
their numbering towards the N-terminal and ascending towards the C-
terminal. For example, the proline residue 388 of the D2 dopamine re-
ceptor (D2R) would be denoted as P3886.50, as it is the most conserved 
residue in TM6. The closely located phenylalanine in position 382 is 
described as F3826.44, as it is found 6 positions away from residue 
P3886.50 and located towards the N-terminal. The generic numbering 
scheme52 was introduced to denote residues in the other classes. This 
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system can be applied to all GPCRs and relies on experimental struc-
tures to account for bulges and constrictions in the TM.52 This notation 
consists of three numbers: N1.N2xN3. N1 and N2 are determined by 
the numbering scheme for the specific class, e.g. the reference residues 
identified by Pin et al.53 for class C GPCRs.52 N1 represents the TM 
and N2 describes the residue position in the sequence. N3 is optional 
and represents an offset to the generic numbering scheme, which can be 
caused by bulges and constrictions in the receptor structure.52 
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2. Molecular Docking 

Molecular docking is a key computational method in structure-based 
drug design that aims to sample potential binding orientations of a mol-
ecule in a three-dimensional target model (sampling).54 A docking score 
is then calculated for each predicted orientation of the molecule in order 
to estimate its binding affinity for the target (scoring).54 Numerous pro-
grams apply semi-flexible docking algorithms, which approximate the 
target structure as rigid whereas the ligand is modeled as flexible. This 
simplification allows efficient sampling by application of different al-
gorithms, e.g., matching algorithms, anchor-and-grow techniques, 
Monte Carlo based approaches, and genetic algorithms.55 All potential 
poses of a compound in the binding site that are predicted during the 
sampling phase need to be scored in order to identify the one with the 
most favorable interactions with the target. For this purpose, three dif-
ferent types of scoring functions can be applied. Knowledge-based 
scoring functions are based on the idea that interatomic contacts that 
occur more frequently than expected by random chance should be ben-
eficial for the binding affinity. Thus, interatomic contacts can be scored 
based on potentials of mean force calculated from statistical analysis of 
crystal structures. Empirical scoring functions consist of several energy 
terms, each describing interactions that contribute to the binding affin-
ity, such as polar interactions (e.g. hydrogen bonds and ionic interac-
tions), apolar interactions (aromatic, van der Waals and lipophilic inter-
actions), entropic and desolvation effects. The weights for the terms in 
an empirical scoring function are derived from a training set of depos-
ited crystal structures and experimental ligand binding affinities. Force 
field based scoring functions typically consist of the sum of non-bonded 
energy terms from classical molecular mechanics force fields (such as 
Assisted Model Building with Energy Refinement (AMBER force field)57), 
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e.g. van der Waals or electrostatic interactions between the ligand and 
protein.56 

 
The algorithm used by DOCK will be described in this thesis as this 
program was applied in all research projects focusing on ligand discov-
ery. During the sampling step, DOCK employs a matching algorithm 
that relies on the representation of the docked molecule and target bind-
ing site as matching spheres. The binding site is determined by the lo-
cation of the co-crystallized ligand and its shape is defined by a set of 
matching spheres.55,58 Additionally, matching spheres are placed on the 
rigid part of the molecule, e.g. ring systems. In a separate calculation, 
conformations of the molecule are generated.55,59 In the matching step, 
the internal distances of both sphere sets (the rigid core of the molecule 
and binding site matching spheres) are put into a distance matrix and 
matched to each other based on the best agreement and a user-defined 
tolerance.55,59 In the scoring step, the DOCK program uses a force field 
based energy function to evaluate the binding energy for different con-
formations of the molecule. The scoring function contains the following 
terms60,61: 

 
Ebind = Evdw + Eelec + Elig_desolv 

 
Evdw represents van der Waals contributions. This term can be calcu-
lated using a Lennard-Jones potential: 
 

𝑬𝒗𝒅𝒘 =#4𝜀$% &'
𝜎$%
𝑟$%
*
&'

− '
𝜎$%
𝑟$%
*
(

,
)*

	 

 
where 𝜀$% is the depth of the potential well, 𝜎$% is the atom-atom distance 
at which the potential equals zero, and 𝑟$% is the distance between atoms 
i and j. The energy term with the exponent ‘12’ approximates the repul-
sion of two atoms based on the Pauli exclusion principle whereas the 
term with the exponent ‘6’ represents London dispersion forces. In 
DOCK, the term for the van der Waals contributions is obtained using 
the AMBER force field.57,60,61 The Eelec term represents electrostatic 
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interactions, which are calculated on the basis of the Poisson-Boltz-
mann equation. The DOCK scoring function can be modified to im-
prove performance for a target. For example, increasing the dipole mo-
ment of polar residues or placing low-dielectric spheres in important 
parts of the binding site will favor electrostatic receptor-ligand interac-
tions in these regions. Finally, the Elig_desolv term represents the desolv-
ation penalty for the ligand.60,62 As the three different energy contribu-
tions can be pre-computed on a grid, ligand conformations can rapidly 
be scored in the docking calculations.55,58,59 The DOCK software allows 
screening a large number of molecules in a rapid manner, but this ad-
vantage comes at a trade-off. The predicted binding affinities have only 
a weak correlation with experimental values.63 This is caused by the 
neglect of receptor flexibility and simplifications made in the scoring 
function, which lacks terms for the ligand internal energy, protein 
desolvation, and several entropic contributions.63 
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3. Workflow of Structure-Based Virtual 
Screening  

Structure-based virtual screening aims to identify ligands of a target 
from a chemical library, for instance through the application of molec-
ular docking. Compounds with the highest potential to bind to the target 
are then evaluated experimentally.64 The alternative method of high-
throughput screening, which involves assaying all the compounds in a 
library experimentally, usually yields lower hit rates compared to vir-
tual screens.65 In publication IV, we summarize the workflow of struc-
ture-based virtual screening with the following steps: (a) Design and 
preparation of a chemical library, (b) selection and preparation of a 
model of the target receptor, (c) evaluation of the prediction power of 
the docking protocol, (d) molecular docking screen, and (e) experi-
mental assessment and optimization of identified ligands.66 

3.1. Design and Preparation of a Chemical Library 
 
A virtual chemical library consists of a large collection of molecules 
encoded in portable representations of a certain chemical file format, 
such as for example the SMILES line notation (Figure 5a).67 In this 
work, the molecules often originated from the ZINC database, which 
currently contains 945 million commercially available compounds.68–70  
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Figure 5. Generation of a Chemical Library for Molecular Docking Screening. 

 
A chemical library can be tailored to the requirements of a target’s bind-
ing pocket by filtering on physicochemical properties or extracting mol-
ecules with specific features present in active compounds (Figure 5b). 
In the context of drug discovery, it is important to consider ADME (ad-
sorption, distribution, metabolism, excretion) properties in the design 
of a virtual library. For example, Lipinski’s rule of five provides a rule-
of-thumb regarding features that will increase the likelihood of oral bi-
oavailability, such as the number of hydrogen bond donors/acceptors 
and molecular weight (Figure 5c).71 If the target receptor is located in 
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the brain, it is recommended to consider additional criteria that will im-
prove the chances of penetrating the blood-brain barrier.72 It is also rec-
ommended to exclude pan-assay interference compounds (PAINS), 
which are molecules that can interfere with assays and thereby cause 
false positive hits, by application of filters (Figure 5d).73 Once the li-
brary design is completed, the resulting collection of virtual compounds 
is prepared for docking (Figure 5e). This includes the transformation of 
the SMILES of the compounds to three-dimensional structures while 
considering stereochemistry, tautomerisation and protonation.54,68   

3.2. Receptor Model Selection and Preparation 
 

A structure of a GPCR can sometimes be obtained from the PDB, which 
provides three-dimensional models of experimental origin.74 During the 
selection of an experimentally obtained structure, it is crucial to assess 
its quality. For example, structures determined by X-ray crystallog-
raphy can be evaluated by quality measures such as resolution or the 
coverage of a co-crystallized ligand with electron density.75 The con-
formational state of the receptor should also be considered, i.e. a GPCR 
structure in an inactive state should be selected if the goal is to discover 
antagonists. If no experimental structure of the target is available, it is 
possible to resort to homology models, which can be generated from 
structural information of closely related proteins with high sequence 
identity to the target.76 The recently published software AlphaFold2 
may also be used, which predicts structures based on neural networks 
that are trained on experimentally obtained models.77 AlphaFold2 is a 
major breakthrough for the prediction of protein structures.77 In the 
CASP14 competition, in which participants model proteins of unknown 
structure based on its sequence, AlphaFold2 performed remarkably 
well.78  
 
Once a receptor structure is selected, it has to be prepared for molecular 
docking. This process includes completing the structure in case of miss-
ing residues, capping the terminal residues and assigning protonation 
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states to ionizable residues (e.g. histidines). The preparation can also 
require reverting the alterations made to facilitate GPCR crystalliza-
tion79. Thermostabilizing point mutations have to be reverted to the wild 
type state and stabilizing fusion proteins are removed. Upon completion 
of this procedure, the prepared structure can be passed to the docking 
program in order to define the binding site and to generate the grids 
required by the scoring function.62  

3.3. Evaluation of the Docking Protocol 
 

Prior to a molecular docking screen, measures must be taken to verify 
that the docking setup has sufficient prediction power to identify lig-
ands. First, the co-crystallized ligand present in the binding site should 
be re-docked and the predicted binding pose is then compared to the 
experimental pose. To quantify the docking performance, the root-
mean-square deviation (RMSD) from the experimentally determined 
binding mode can be used. An RMSD value of < 2.0 Å is considered to 
be a successful re-docking calculation.54 The enrichment of ligands 
should also be assessed by docking known ligands and property-
matched decoys60 to the target and then measuring the ability of the 
docking program to identify actives.80 This can be visualized by a re-
ceiver-operator-characteristic curve (ROC), which displays how well 
actives are ranked by plotting the true positive rate against the false 
positive rate.80 The area under the ROC curve is a good indicator how 
well the docking grid performs.80 Furthermore, the enrichment factor 
(EF) can be derived from the ranked list of actives and decoys. It quan-
tifies the ratio of the ligand concentration among the 1% (EF1) of the 
top-ranked compounds to their concentration in the entire library.81  

3.4. Molecular Docking and Compound Selection 
 

If the docking protocol displays satisfactory ability to enrich ligands, 
the next step is the virtual screen of the selected chemical library. The 
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result of a docking screen is a list of the screened compounds ranked by 
docking score and the corresponding predicted binding poses. Top-
ranked compounds are then visually inspected for their interactions with 
the binding site and a subset of molecules is selected to be assessed 
experimentally. Selection criteria can include interactions with key res-
idues, chemical diversity, and the novelty of the compounds. To in-
crease the diversity among the selected compounds, the list of top-
ranked compounds can be clustered based on fingerprints and a selec-
tion can then be based on the representatives of each cluster.82,83 The 
maximal Tanimoto coefficient (Tc) can be calculated between each 
screened compound and previously identified ligands of the target to 
assess novelty. The Tc is a similarity metric, which quantifies the struc-
tural similarity of two compounds based on their molecular fingerprints, 
which represent binary arrays in which the presence or absence of struc-
tural features are denoted.84,85  

3.5. Experimental Evaluation and Hit-to-lead 
Optimization 
 
The selected compounds have to be experimentally evaluated in order 
to verify the computational predictions. The binding affinities of the 
compounds can be measured through a radioligand displacement assay 
at the respective target. For example, a single point measurement is first 
performed for each compound and the molecules yielding significant 
radioligand displacement are further evaluated by generating a full 
dose-response curve to obtain binding affinities (Ki values). Com-
pounds that bind to the target can be examined in functional assays to 
determine their effect on GPCR signaling. If the hits exhibit the desired 
efficacy, analogs are designed with the goal to optimize potency, phys-
icochemical and ADME properties.86 Analogs also provide valuable 
structure-activity-relationships (SAR) that can be used to verify the pre-
dicted binding mode and guide further optimization.86 
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4. Homology Modeling of GPCRs 

The number of GPCR structures in the PDB has been growing expo-
nentially, leading to more than 370 entries for over 70 different recep-
tors bound to unique ligands.38 However, it is not always the case that 
a structure of the receptor of interest is available. In such cases, it is 
possible to use the homology modeling method, which is based on the 
observation that homologous proteins will display a common fold, to 
predict the target structure.87 The method consists of four steps: tem-
plate selection, generation of a three-dimensional structure, refinement 
and assessment of the structural model.76,88 The first step involves the 
selection of templates, i.e. the experimentally obtained structures of ho-
mologous proteins to the target. Pairwise or multiple sequence align-
ment of the target sequence and sequences of potential templates can 
guide this process.88 To generate a model of sufficient quality for struc-
ture-based drug design, it is important to consider the identity between 
the sequences of the target and each template. As an empirical rule, a 
sequence identity of >30% leads to a model that is sufficiently accurate 
for drug discovery purposes.89 Moreover, the quality of the experi-
mental structure used as template and the conformational state of the 
receptor (active or inactive) should also be considered.76 For the re-
maining steps, the MODELLER90 program is widely used. This pro-
gram was applied in publication I to model the D2R. The algorithm gen-
erates predicted protein structures by satisfaction of spatial constraints. 
In MODELLER, a set of geometrical restraints, e.g. on torsion angles 
and interatomic distances, is derived from the sequence alignment and 
template structure and subsequently converted into a probability density 
function. In addition, stereochemical criteria and constraints on atom-
atom distances, bond lengths, bond angles, and dihedral angles are en-
coded into the function. Parameters are obtained from the CHARMM91 
molecular mechanics force field and experimentally determined protein 
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structures. After generation of an initial structure, the model is itera-
tively refined by energy minimization through a conjugate gradient al-
gorithm in order to reduce violations of the defined restraints.88,90,92 To 
assess the quality of a model, the DOPE score available in MODELLER 
can be used, which is calculated through a scoring function that is based 
on statistical potentials parameterized on structures from the PDB.93 
However, quality can also be validated by the model’s ability to enrich 
ligands of the target over property-matched decoys based on a docking 
screen.94 
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5. GPCR Polypharmacology 

Development of drugs against central nervous system (CNS) diseases 
has been proven to be very challenging and effective therapies for many 
neuropsychiatric and neurodegenerative disorders are still lacking.95,96 
A common property of CNS drugs is that these compounds interact with 
multiple targets and that this is essential for their therapeutic effect.97,98 
In fact, drugs with polypharmacological profiles may be crucial for 
many complex diseases because several compensatory signaling path-
ways are involved, which cannot be treated with a traditional single-
target drug.99 In such cases, it is necessary to modulate several nodes in 
a network of targets in order to achieve sufficient therapeutic effi-
cacy.99,100 Multi-target drugs also have several advantages over a com-
bination therapy with single-target drugs, such as lower costs in devel-
opment as well as reduced risk of side effects and drug-drug interac-
tions.100 Rational design of improved GPCR drugs is currently being 
accelerated by the breakthroughs in structural biology, providing 
atomic resolution structures of receptor-ligand complexes relevant for 
CNS diseases.101 Publication I and manuscript III focus on the design 
of dual-target ligands of GPCRs, i.e. ligands with the ability to interact 
with two binding sites, by applying structure-based virtual screening.  
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6. Structure-guided Design of A2A Adenosine 
and D2 Dopamine Receptor Polypharmacology 
(I) 

PD is the second most common neurodegenerative disorder with a prev-
alence of approximately 2-3% in the population over 65 years of age.102 
The disease is characterized by the degeneration of dopaminergic neu-
rons in the nigrostriatal pathway in the brain.103 The resulting dopamine 
depletion causes a wide array of symptoms, including depression, anx-
iety and motor complications such as postural instability, resting tremor 
and muscular rigidity.103 The administration of Levodopa, a precursor 
to dopamine, is the gold standard in PD treatment.104 However, as the 
long-term treatment with Levodopa decreases its therapeutic effect 
while inducing side effects such as motor fluctuations and dyskinesia, 
the development of a more efficient therapy is desirable in order to im-
prove PD patients’ life quality.95 Animal studies have indicated that ag-
onism and antagonism of the D2R and A2A adenosine receptor (A2AAR), 
respectively, alleviates PD symptoms and protects dopaminergic neu-
rons from degeneration.105 Moreover, interactions with both targets 
synergistically enhances therapeutic effects.106 Based on these observa-
tions, the goal of publication I was to develop a dual-target ligand of 
D2R and A2AAR using a structure-based approach. 

 
 



 

 32 

 
 

Figure 6. Strategy to Design Dual-target Ligands for Disparate Binding Sites. The 
D2R agonist N-methyl-2-aminoindane was integrated into all compounds to interact 
with Glu169EL2 in the secondary binding pocket (SBP) of the A2AAR and the key res-
idue Asp1143.32 in the orthosteric binding pocket (OBP) of the D2R. This core motif 
was then extended into the SBP of D2R and OBP of A2AAR, where it was connected 
to building blocks forming interactions with A2AAR key residue Asn2536.55. 
 
Analysis of high resolution structures and previously identified ligands 
of the A2AAR and D2R made it apparent that the binding sites of these 
class A GPCRs were very different. Whereas D2R ligands often contain 
a positive charge, A2AAR ligands are generally neutral. To address this 
challenge, we exploited the finding that most GPCRs have a secondary 
binding pocket (SBP) at the extracellular entrance to their orthosteric 
binding pocket (OBP), which can for example be targeted by allosteric 
modulators (Figure 6).107,108 Analysis of the receptor binding sites re-
vealed that the D2R has the charged Asp1143.32 in its OBP, which can 
form a salt bridge with D2R ligands such as Risperidone109, and that 
Glu169EL2 in the SBP of A2AAR can also form interactions with posi-
tively charged groups110,111. Based on this analysis, the D2R agonist N-
methyl-2-aminoindane was used as a common motif in all designed 
compounds. This molecule has a positive charge and can thus form a 
salt bridge in the OBP of D2R and in the SBP of A2AAR. To fulfill the 
requirements of both receptor binding sites, the D2R agonist was ex-
tended with a linker, which could be connected to a second moiety to 
improve the binding affinity at A2AAR by interacting with its key resi-
due Asn2536.55 (Figure 6). The variable moieties were obtained from 
commercially available building blocks and fragments identified based 
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on retrosynthesis using A2AAR ligands from the ChEMBL data-
base.112,113 To facilitate the coupling of the building block to the spacer, 
simple reaction types were employed (amide coupling and Buchwald-
Hartwig amination). Using this approach, a virtual chemical library 
with >10,000 virtual compounds was obtained. 
 

 

 
Figure 7. Binding Modes of Compound 30 in the A2AAR and D2R Binding Sites. Pre-
dicted binding modes of compound 30 in the A2AAR and D2R obtained from molecu-
lar docking. The A2AAR (PDB accession code: 3PWH114) and D2R (homology model) 
are displayed as blue and grey cartoons, respectively. Key binding site residues and 
ligands are represented as sticks. 
 
The compounds in the virtual library were docked to an A2AAR crystal 
structure and top-ranked molecules were inspected. Ten selected com-
pounds were synthesized and tested in binding assays. Among these, 
three dual-target ligands were identified. Compound 2, which was 
based on the retrosynthesis approach, was selected as a starting point 
for hit-to-lead optimization because it showed the best binding affinity 
at A2AAR (Ki = 1.2 μM) and submicromolar affinity at D2R (Ki = 0.9 
μM). Structure-guided optimization of compound 2 resulted in com-
pound 30 (Figure 7), which showed improved binding affinity at 
A2AAR (Ki = 0.16 μM, Figure 8a) and D2R (Ki = 0.37 μM, Figure 8b). 
In functional experiments measuring G protein-mediated changes in in-
tracellular cAMP concentration, compound 30 was able to activate D2R 
and antagonize A2AAR. 
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Figure 8. Binding Curves and Evaluation of the Antiparkinsonian Effect of Compound 
30. (a) Concentration response curve of compound 30 at the A2AAR labelled with 
[3H]-ZM241385. (b) Concentration response curve of compound 30 at the D2R la-
belled with [3H]-spiperone. (c) Bar plot presenting the number of net rotations (con-
tralateral-ipsilateral rotation count, 30 min) induced by 17% of DMSO/saline (n=6) 
or compound 30 (n=7, 30 mg/kg i.p.) dissolved in 17% of DMSO/saline. Data repre-
sent mean ± S.E.M. **P<0.01 accordingly to Mann-Whitney test.  

 
Compound 30 was evaluated in a rodent model of Parkinsonism. In the 
animal study, rats were unilaterally lesioned with 6-OHDA and com-
pound 30 was then intraperitoneally injected. In the absence of a D2R 
agonist, 6-OHDA lesioned rats showed a tendency to rotate ipsilaterally 
due to the unequal dopamine innervation. However, with a D2R agonist 
present, the rodents will rotate contralaterally, which indicates that the 
compound can display an antiparkinsonian effect. With compound 30 
injected, the rats produced a significant number of contralateral rota-
tions (Figure 8c), demonstrating that the compound can cross the blood-
brain barrier and elicit an antiparkinsonian effect.  
 
  



 

 35 

7. Structure-Based Discovery of Allosteric 
Modulators of the Metabotropic Glutamate 
Receptor 5 (II)  

Metabotropic glutamate receptors (mGlus) comprise eight subtypes and 
belong to the class C GPCRs, which are characterized by their unique 
structural features. These receptors strictly appear as dimers and each 
monomer consists of an extracellular Venus flytrap domain (ECD), 
which contains the orthosteric binding site of the neurotransmitter glu-
tamate, and a heptahelical transmembrane domain (TMD).115–117 The 
domains are connected through an extracellular cysteine-rich region.115–

117 In the absence of a ligand, the ECDs occupy a disconnected and open 
conformational state. However, upon binding of an agonist, a confor-
mational change is induced towards a closed and connected state of the 
ECDs.115–117 Through this shift, the active conformation of the adjacent 
TMD is stabilized, yielding signal transduction into the cell.115–117 This 
process can be influenced by an allosteric binding site of the receptor, 
which is located between the transmembrane-spanning helices of the 
TMD.115–117 As this region is less conserved than the orthosteric binding 
sites of mGlu receptors, drugs targeting allosteric site could be more 
selective, reducing the risk for side effects due to off-target interac-
tions.32  
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Figure 9. Binding modes and Functional Assays of the Most Potent Fragments F1 
and F2. Predicted poses of (a) F1 and (b) F2 in the mGlu5 binding site. The com-
pounds are displayed in cyan and the receptor is shown as a purple cartoon with key 
residues in sticks. (c) Results from functional assays quantifying the influence of F1 
and F2 on IP1 accumulation. 
 
The mGlu5 receptor is a promising drug target for PD. Dipraglurant, 
which is a mGlu5 NAM, has been investigated as a PD treatment in 
combination with Levodopa and was found to reduce dyskinesia caused 
by Levodopa.118,119 NAMs of mGlu5 have also been evaluated in clini-
cal trials for their therapeutical potential against other conditions, such 
as fragile X syndrome120 and depression121. In manuscript II, molecular 
docking screens were performed with the goal to identify mGlu5 NAMs. 
Two chemical libraries were docked: Fragments (1.6 million com-
pounds, MW ≤ 250 g/mol) and lead-like compounds (4.6 million com-
pounds, 250 ≤ MW ≤ 350 g/mol) from the ZINC1268 database. Top-
ranked compounds from each screen were experimentally evaluated (59 
fragments and 59 lead-like molecules). The screen resulted in the 
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identification of 11 ligands of the allosteric site. Four hits were from the 
fragment library and had Ki values ranging from 0.43 μM (F1 in Figure 
9a) to 8.6 μM. Seven hits originated from the lead-like virtual library 
and had micromolar affinities (0.99-7.9 μM). The two fragments F1 
(Figure 9a) and F2 (Figure 9b) were evaluated for their ability to inhibit 
agonist-induced mGlu5 dependent IP1 production. F1 and F2 yielded 
negative allosteric modulation of mGlu5 with IC50 values of 6.3 μM and 
7.9 μM, respectively (Figure 9c). Two lead-like compounds also antag-
onized activation, but the potencies of these compounds were weaker. 
Another interesting finding was that although different types of chemi-
cal libraries were used, the two virtual screens resulted in similar hit 
rates (7% for the fragments and 12% for the lead-like compounds). 
Analysis of the compounds that were identified demonstrated that vir-
tual screens of fragment- and lead-like chemical libraries have comple-
mentary advantages, e.g. hits with different properties and receptor-lig-
and interactions. 
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8. Structure-based Discovery of Dual-target 
Inhibitors of the A2A Adenosine and 
Metabotropic Glutamate 5 Receptors (III) 

As in publication I, the work described in manuscript III had the objec-
tive to predict dual-target ligands of GPCRs relevant for CNS diseases. 
The combined administration of antagonists of the class A GPCR 
A2AAR and NAMs of the class C GPCR mGlu5 (Figure 10) has been 
demonstrated to synergistically alleviate parkinsonian motor symptoms 
in animal models.122 Based on these observations and the advantages of 
polypharmacology100, we aimed to design dual-target ligands of the two 
receptors.  

 
 

 
Figure 10. Location of the Allosteric and Orthosteric Sites in A2AAR and mGlu5. Ex-
perimentally determined structures of (a) the mGlu5 (PDB accession code 6N51123) 
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and (b) the A2AAR (PDB accession code 5OLO124) in teal and grey cartoon, respec-
tively. 
 
To develop a design strategy for dual-target ligands, we analyzed the 
topology of previously identified A2AAR and mGlu5 ligands. Approxi-
mately 5% and 12% of A2AAR and mGlu5 ligands, respectively, con-
tained an amide bond that connected two aromatic rings. Docking of 
ligands to the binding sites showed that molecules with these features 
could form interactions with key residues. Incorporating this motif into 
all designed molecules allowed rapid synthesis of a diverse set of com-
pounds. Based on this design principle, two chemical libraries were 
constructed. One library (>97,000 compounds) was based on commer-
cially available fragments from the ZINC1569 database. The second li-
brary (>7300 compounds) was generated by using previously identified 
ligands of both targets. Sets of A2AAR and mGlu5 ligands with an amide 
moiety were extracted from the ChEMBL database and literature125,126. 
They were then processed through in silico retrosynthesis, i.e. they were 
deconstructed at their amide moiety and the resulting building blocks 
were recombined. By using this approach, all generated compounds in 
the second library contained substructures of known ligands.   
 
The two libraries were docked to A2AAR and mGlu5 crystal structures 
and a consensus ranking method was used identify compounds that 
could bind to both targets. After visual inspection of top-ranked com-
pounds from each library, 32 molecules were selected for experimental 
evaluation. Two compounds with significant binding affinity at both 
targets were identified. Compound 1, which was part of the ZINC li-
brary, yielded a Ki value of 0.60 μM at A2AAR and 0.74 μM at mGlu5. 
Compound 2, which was obtained through the retrosynthesis approach, 
had a Ki value of 0.74 μM at A2AAR and 1.9 μM at mGlu5. As com-
pound 1 displayed higher binding affinity at both targets, hit-to-lead de-
velopment was focused on this scaffold. Structure-guided optimization 
resulted in compound 33, which had enhanced affinity at both receptors: 
Ki of 0.32 μM at A2AAR and 0.14 μM at mGlu5. In functional assays, 
compound 33 was an antagonist of A2AAR and NAM of mGlu5, which 
is the pharmacological effect that is relevant for treatment of PD. 
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The results of this study demonstrate that structure-based virtual screen-
ing can be used to design compounds with specific polypharmacologi-
cal profiles. In the case of the A2AAR and mGlu5, the orthosteric and 
allosteric binding sites and ligands had similar features, which enabled 
us to rapidly identify potent drug-like compounds.  
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9. Structure-Based Virtual Screens for GPCR 
Ligands: What can docking do for you? (IV) 

Publication IV presents an extensive overview of the method of molec-
ular docking as a tool to identify GPCR ligands from chemical libraries. 
A comprehensive review of the current availability of GPCR structures 
and identified binding sites is provided. The state-of-the-art in the re-
search field is analyzed by summarizing prospective applications of 
molecular docking to discover GPCR ligands. Strategies to identify 
compounds with specific efficacy and selectivity profiles are described, 
which demonstrate the strengths and limitations of the molecular dock-
ing method.   
 
One key conclusion of the review is that molecular docking is a versa-
tile and valuable tool to identify novel ligands of GPCRs. However, the 
screening hit rate is greatly dependent on the nature of the binding site. 
Docking to well-defined, deeply buried pockets have resulted in higher 
hit rates than screening against shallow sites. To enhance the docking 
performance against any kind of binding site, several different strate-
gies can be used. For instance, in retrospective calculations of ligand 
enrichment for several experimental receptor structures, the best per-
forming binding site conformation can be identified127–129 or the recep-
tor structure may be computationally optimized to identify additional 
binding site conformations130–135. In the docking step, the application of 
consensus docking functions has led to good results.136,137 
 
The ability of molecular docking to identify ligands with a certain func-
tional profile, i.e. agonism and antagonism, is analyzed. The discovery 
of antagonists has generally required less effort than for agonists. A po-
tential explanation to this observation is that antagonists, in contrast to 
agonists, don’t need to form specific interactions in order to stabilize 
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the active conformation. Several measures are suggested to bias the 
screening towards a certain efficacy, such as the comparison of the 
docking results between active and inactive state structures138 and the 
application of interaction fingerprints127,139.  
 
Approaches to achieve subtype-selectivity and identify compounds 
with polypharmacological profiles are also discussed. Subtype selectiv-
ity is difficult to predict using molecular docking, as it is not always the 
case that structures of relevant subtypes are available. For this reason, 
several studies have combined crystal structures and homology mod-
els.140 One strategy to identify selective ligands is to select compounds 
that that form interactions with residues that are only present in the pre-
ferred subtype GPCR but not in the anti-target.141,142 It is also recom-
mended to adapt the chemical library by removing chemotypes that 
show similarity to known ligands of the anti-target.143,144 The design of 
multi-target ligands using molecular docking is a challenging endeavor, 
which has been accomplished in only a few studies.145–147 The screening 
success in these projects is greatly dependent on the similarity of the 
targets’ binding sites and the topological and physicochemical proper-
ties of their ligands.  
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10. StructureProfiler: An All-in-one Tool for 
3D Protein Structure Profiling (V) 

X-ray crystallography is the main source of structural information for 
proteins. To obtain a structural model, the target protein is first crystal-
lized and then illuminated with an X-ray beam, which subsequently 
scatters and thereby produces a diffraction pattern.148 An electron den-
sity map, i.e. a plot of electron distribution, is then computed from the 
obtained diffraction pattern through extensive calculations.148 With this 
data, an initial structure can be constructed by fitting the atoms of the 
target protein into the electron density map.148 The initial model is then 
refined until the maximal agreement between atomic coordinates and 
the density data is achieved.148  
 
Experimental structures, mainly stemming from X-ray crystallography, 
but also other sources such as cryo-EM, are used to evaluate novel 
SBDD methods. To ensure a statistically sound evaluation, the quality 
of the structures in the benchmarking set should be thoroughly vali-
dated. With the growing number of experimental structures, manual 
validation becomes a tedious task and an automated solution is desira-
ble. For these reasons, the StructureProfiler was implemented. This 
software allows the automatic and customizable validation of experi-
mentally obtained structures from various sources based on quality cri-
teria from common benchmarking sets for the evaluation of SBDD 
methods: The Iridium HT set75 (207 protein-ligand complexes) and 
Astex Diverse set149 (85 protein-ligand complexes) for the assessment 
of docking algorithm performance and the Platinum set150 (4548 pro-
tein-ligand complexes) for the validation of conformer ensemble gen-
erators.  
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Table 1.  Examples Quality Features Available in the StructureProfiler. 
Structure Active Site Ligand 

 ● Resolution 
 ● R Factor 
 ● R Free Factor 

 ● EDIAm per residue* 
 ● RSCC* 
 ● Intra- / Intermolecular Clashes 
 ● Bond Angles and Lengths 
 ● Occupancy 

 ● EDIAm* 
 ● RSCC* 
 ● Intramolecular Clashes 
 ● Bond Angles and Lengths 
 ● Occupancy 
 ● Torison Angles 
 ● Lipinski Rule of 5  

* Requires an electron density map. 
 

The StructureProfiler includes optional and customizable quality fea-
tures for diverse use cases, which assesses different tiers of the struc-
ture: The protein-ligand complex, the binding site and ligand (Table 1). 
Depending on the benchmarking purpose, different quality criteria may 
be applied. For example, the overall resolution of the complex is high 
priority for methods assessing docking programs. For evaluation of 
conformer generation methods, a sufficient coverage of ligand with 
electron density is important and can be elucidated by the traditional 
real-space correlation coefficient (RSCC) and the electron density score 
for individual atoms and molecules (EDIAm)151. Compared to RSCC, 
the EDIAm requires less visual inspection and allows for a more autom-
atized procedure.151 All implemented quality descriptors were success-
fully assessed on the respective set they originated from.  
 
In summary, the StructureProfiler enables automatized quality valida-
tion of experimentally determined structures. Thus, it can be applied to 
collect sets of structures for validation of novel tools and methods in 
SBDD. The StructureProfiler has recently been used to create a struc-
ture benchmarking set for evaluating a conformer ensemble genera-
tor.152  
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11. Conclusions and Future Perspectives 

Because of their widespread distribution throughout the human body 
and basic functionality to transfer signals, GPCRs present prominent 
drug targets. Advances in protein structure determination and modeling 
of receptor-ligand complexes have greatly benefitted drug discovery 
endeavors targeting GPCRs. The main goal of this thesis was to develop 
strategies to identify multi-target and allosteric ligands using structure-
based virtual screening. The implications of the results and potential 
future applications will be discussed in this section. 
 
Innovations in X-ray crystallography and Cryo-EM have led to an in-
creasing number of GPCR structures, as summarized in publication IV. 
However, there are still no available structures for a large number of 
therapeutically important receptors. A breakthrough for structural biol-
ogy is the AlphaFold2 method, which employs artificial intelligence to 
predict protein structures. The software operates at incredible speed and 
accuracy and will further increase the amount of structural information 
for available GPCRs.77 Artificial intelligence can likely also be used to 
improve molecular docking algorithms. For example, machine learning 
has been applied in the sampling and scoring steps of the docking 
method and was demonstrated to outperform previous methods.153 In 
such cases, high quality benchmarking sets are very valuable. In publi-
cation V the StructureProfiler is introduced, which allows classifying 
structures obtained by X-ray crystallography based on their quality in 
an automatized and customizable fashion. This gives the possibility to 
rapidly assemble good benchmarking sets for assessment of novel 
SBDD methods. Additionally, the growth of computational resources 
and improvement of molecular docking algorithms now allows to rap-
idly screen several hundred millions of compounds.154 In future appli-
cations, machine learning combined with molecular docking can be 
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used to search for ligands in screening libraries with billions of com-
pounds, which could improve the efficiency of early drug discovery.155  
 
The “one drug-one target” paradigm is currently being rethought be-
cause of the challenges to find efficient treatments of CNS dis-
eases.156,157 A majority of the therapeutic drugs that display a multi-
target mechanism of action binds to proteins that either are closely re-
lated or recognize similar ligands. A number of antipsychotics (e.g. 
clozapine and aripiprazole)158 and cancer drugs (e.g. imatinib and so-
rafenib)159 mediate their effects via interactions with several GPCRs or 
kinases, respectively. In these cases, polypharmacology was generally 
discovered by serendipity and was facilitated by the overlapping prop-
erties of the targets, e.g. the common substrate ATP of kinases or recog-
nition of biogenic monoamines by CNS drug targets. However, disease-
relevant pharmacological networks will often involve unrelated pro-
teins that interact with disparate endogenous molecules. In this more 
general scenario, the overlap of ligand pharmacophore features will be 
limited. Considering the difficulties involved in optimizing compounds 
to interact with unrelated targets, novel strategies for ligand design will 
be required to enable the paradigm shift to polypharmacology. In this 
thesis, we identified several new strategies to develop drugs with 
polypharmacological profiles. Publication I describes the design of 
dual-target compounds of the A2AAR and D2R. A potent compound 
with submicromolar binding affinity at both targets was discovered and 
it showed an effect in a rodent Parkinsonism model. Publication III also 
resulted in dual-target compounds that were potent at both A2AAR and 
mGlu5. As the binding sites of A2AAR and D2R are very different, 
bitopic ligands that target both the OBP and SBP were designed. A dif-
ferent approach was used for A2AAR and mGlu5. As shown in manu-
script III, ligands of the orthosteric and allosteric sites of A2AAR and 
mGlu5 showed a some similarities to each other in terms of size and 
structural features. In this case, the identified ligands are fragment-sized 
and have a more integrated topology. The continuously growing 
amount of GPCR structural information will soon allow screens of large 
panels of targets and anti-targets, which could make it possible to ac-
celerate the design of more efficient drugs with less side effects. 
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Allosteric modulators are gaining increasing attention in drug discovery.160 
They have several advantages over orthosteric ligands, including an increased 
subtype selectivity.31 Although experimental high throughput screening com-
bined with medicinal chemistry optimization has been applied successfully to 
discover NAMs of mGlu5

161–163, our study clearly demonstrates that virtual 
screens using high resolution structures can also be a useful tool to identify 
allosteric ligands. X-ray crystallography and Cryo-EM structures have re-
vealed the location of additional allosteric pockets of GPCRs, which will en-
able virtual screens for allosteric modulators of several drug targets (e.g. the 
β2 adrenergic receptor164 and the purinergic P2Y1 receptor165). Furthermore, 
several computational methods have recently been developed to locate poten-
tial allosteric sites, leading to an even larger number of pockets to target using 
molecular docking.166 In publication IV, orthosteric and allosteric binding 
pockets revealed by experimental structures of GPCRs were analyzed. Com-
pared to orthosteric sites, allosteric sites of class A GPCRs are generally more 
solvent exposed or located in extrahelical pockets towards the membrane.66,167 
In contrast, the allosteric pocket of mGlu5 is buried within the heptahelical 
bundle of the TMD and resembles the orthosteric sites of many class A 
GPCRs, which could explain the high hit rates obtained in manuscript III. 
Standard docking algorithms will likely perform poorly for extrahelical sites 
as they were not parameterized for lipid-exposed environments and there is 
hence a need for development of new methods in this area.  
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12. Sammanfattning 

G-proteinkopplade receptorer tillhör gruppen membranproteiner och 
finns på cellens yta. Många receptorer känner igen kemiska signaler i 
form av molekyler som binder till dem. Receptorns struktur förändras 
när den binder en signalmolekyl vilket initierar processer inne i cellen. 
Receptorer spelar nyckelroller i många fysiologiska processer och är 
också viktiga mål för läkemedelsutveckling. Ungefär 34% av alla läke-
medel verkar genom att molekyler, så kallade ligander, binder till G 
protein-kopplade receptorer och därigenom aktiverar eller blockerar de-
ras aktivitet. Under de senaste 10 åren har forskare lyckats bestämma 
hur receptorer ser ut på molekylär nivå, vilket har lett till ökad kunskap 
om hur de fungerar. Det har också blivit möjligt att använda tredimens-
ionella strukturer för att designa ligander. I flera av avhandlingens pub-
likationer så har den datorbaserade metoden molekylär dockning an-
vänts för att identifiera ligander till G proteinkopplade receptorer. Mo-
lekylär dockning gör det möjligt att med superdatorer söka igenom ke-
miska bibliotek med miljontals molekyler för att hitta de som passar i 
en receptors bindningsficka. De molekyler som beräkningarna förutsä-
ger binda bäst till receptorn testas sedan i experiment. Eftersom endast 
ett litet antal molekyler av de som utvärderas måste testas i experiment 
så kan molekylär dockning vara ett kostnadseffektivt sätt att hitta start-
punkter för läkemedelsutveckling. 
 
Vid utveckling av läkemedel fokuseras arbetet ofta på att identifiera en 
ligand som binder selektivt till ett målprotein. Problemet med detta an-
greppssätt är att det finns många sjukdomar som kräver att man ändrar 
aktiviteten hos flera proteiner, till exempel för neurologiska och psy-
kiska sjukdomar. Många effektiva läkemedel verkar också genom att 
påverka flera G-proteinkopplade receptorer, men det är en stor utma-
ning att designa molekyler med så komplexa egenskaper. I avhandling-
ens första publikation (I) utvecklades strategier för att designa ligander 
som binder till flera receptorer. Målet med studien var att identifiera 
ligander med förmågan att aktivera D2 dopaminreceptorer och blockera 
A2A adenosinreceptorer. De två receptorerna finns i hjärnan och är mål 
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för utveckling av läkemedel för att behandla Parkinsons sjukdom. Ex-
periment har visat att en molekyl som binder till båda receptorer skulle 
kunna leda till ett bättre läkemedel än de som finns tillgängliga idag. I 
projektet användes strukturbaserade tekniker för att utveckla ligander 
som binder till båda receptorer. Flera tusen molekyler designades först 
med hjälp av receptorernas strukturer och sedan användes den mole-
kylära dockningsmetoden för att identifiera de bästa kandidaterna i 
detta bibliotek. Tio olika molekyler tillverkades och testades i experi-
ment för att mäta om de kunde binda till receptorerna. En av de tre mo-
lekyler som kunde binda till båda receptorer vidareutvecklades och slut-
resultatet blev en mycket potent ligand. Den optimerade liganden testa-
des i en djurmodell och hade liknande effekt som läkemedel mot Park-
insons sjukdom. Den strategi som utvecklades i projektet kan i 
framtiden användas för att designa ligander till andra kombinationer av 
receptorer. 
 
Läkemedel som har G-proteinkopplade receptorer som mål binder oft-
ast till samma bindningsficka som kroppens signalmolekyler. En alter-
nativ strategi som utforskades i avhandlingens andra publikation (II) är 
att identifiera ligander som påverkar receptors aktivitet genom att binda 
till andra delar av proteinet, så kallade allosteriska fickor. Projektet var 
fokuserat på att identifiera molekyler som binder till den metabotropa 
glutamatreceptorn mGlu5. Receptorn mGlu5 finns i hjärnan och är ett 
intressant mål för utveckling av läkemedel mot både Parkinsons och 
psykiska sjukdomar. Flera tredimensionella strukturer av mGlu5 har ny-
ligen bestämts och avslöjade vilka fickor som allosteriska ligander bin-
der till. Detta genombrott gav möjligheten att försöka identifiera nya 
typer av ligander som kan binda till samma plats. Molekylär dockning 
till en allosterisk ficka användes för att söka igenom ett bibliotek med 
flera miljoner molekyler. Sedan valdes 118 topprankade molekyler ut 
och testades i experiment, vilket ledde till upptäckten av 11 allosteriska 
ligander. Studien visar att tillgång till nya tredimensionella strukturer i 
kombination med molekylär dockning kan bidra till att identifiera li-
gander som binder till allosteriska fickor. 
 
I det tredje manuskriptet (III) kombinerades metoder och kunskaper 
från de två första projekten (publikation I och II). Målet var att hitta 
molekyler som kan blockera både A2A adenosinreceptorer och mGlu5 
receptorer, vilket skulle kunna leda till bättre läkemedel mot Parkinsons 
sjukdom. Eftersom receptorerna tillhör olika grupper inom familjen G-
proteinkopplade receptorer så har de få strukturella likheter. Vid 
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projektets start så fanns det heller inte några kända ligander som kunde 
binda till båda receptorer. I ett första steg studerades likheter mellan 
kända ligander till receptorerna och några gemensamma egenskaper 
identifierades. Denna information användes för att designa ett bibliotek 
med fler än hundratusen molekyler. Molekylär dockning till båda re-
ceptorer ledde till att 32 molekyler valdes ut och tillverkades. Två mo-
lekyler hade förmågan att binda till båda receptorer i experiment och en 
av dem vidareutvecklades genom att designa nya ligander. Den optime-
rade liganden binder starkt till båda receptorer och är en intressant start-
punkt för utveckling av ett nytt läkemedel för behandling av Parkinsons 
sjukdom.  
 
Den femte publikationen (V) beskriver ett datorprogram, StructurePro-
filer, som kan användas för att utvärdera kvaliteten på proteinstrukturer 
bestämda med den experimentella metoden röntgenkristallografi. Vid 
utveckling av nya datorbaserade metoder som använder experimentella 
strukturer, till exempel molekylär dockning, så är det viktigt att ha till-
gång till data av hög kvalitet. StructureProfiler är ett verktyg som kan 
användas för att analysera strukturer med bundna ligander för att gene-
rera dataset som är lämpliga att användas till utvärdering av metoder.   
 
Resultaten i avhandlingen visar att tillgång till tredimensionella struk-
turer av receptorer gör det möjligt att designa ligander som binder till 
olika typer fickor och har komplexa egenskaper. I avhandlingens fjärde 
publikation (IV) sammanfattas vilka strukturer av G-proteinkopplade 
receptorer som nu finns tillgängliga och presenterar olika strategier som 
man kan använda för att identifiera ligander med molekylär dockning. 
Sammanställningen av ett stort antal studier visar att molekylär dock-
ning har använts framgångsrikt för att identifiera ligander till många 
olika receptorer och kommer bli ett värdefullt verktyg för att designa 
mer effektiva läkemedel i framtiden.  
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