VU Research Portal

In silico Medicinal Chemistry
Kooistra, A.J.

2015

document version
Publisher's PDF, also known as Version of record

Link to publication in VU Research Portal

citation for published version (APA)
Kooistra, A. J. (2015). In silico Medicinal Chemistry: Investigating GPCRs: key regulators of signal transduction
and cell function. [PhD-Thesis - Research and graduation internal, Vrije Universiteit Amsterdam].

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.
• Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
• You may not further distribute the material or use it for any profit-making activity or commercial gain
• You may freely distribute the URL identifying the publication in the public portal ?
Take down policy
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately
and investigate your claim.
E-mail address:
vuresearchportal.ub@vu.nl

Download date: 09. Jan. 2023

Chapter 1
Introduction

9

Chapter 1 - Introduction

1

10

Introduction - Chapter 1

Co-authored by: Henk Timmerman, Iwan J.P. de Esch, Rob leurs, and Chris de Graaf
Partly published as: Neurochemical Research 2014, 39, 1850-1861.

1

T

he oldest medical text is the Kahun Gynaecological Papyrus and stems from ~1800 BCE.
It contains the earliest records of the use of “medicinal” products for the treatment of afflictions.1 Mankind has treated their ailments similarly for centuries using natural products
that were selected based on empirical findings. However, it was not until the second half of the
19th century that there was an initial understanding of the underlying mechanisms of an effective
drug.2 Subsequently, organic synthetic chemistry reformed pharmacology by allowing modification of biologically active substances. Soon after the link between “chemical constitution and
physiological action” was made.2 This was complemented around the turn of the 20th century
with the hypothesis that a medicine could bind to substances in the body. Langley suggested in
1878 that atropine and pilocarpine could form “compounds” with substances in the nerve endings of gland cells, which we now know to be the muscarinic receptors.3, 4 In 1913, in an address
to the International Medical Congress in London, Ehrlich introduced his famous quote corpora
non agunt nisi fixata, which translates to “bodies (compounds) do not act unless fixed (bound to
a receptor)”.5 From that point pharmacologists started working with a lock-and-key metaphor
(as introduced by Fischer for substrate-enzyme interactions6), where the key is a ligand (a compound that bind to the targeted protein, based on the Latin word for “to be bound”) and the lock
is a protein.7
This lead to modern medicinal chemistry where the underlying cause of a disease is investigated, and is more than ever target-centric (Figure 1.1). Diseases are being studied in a cellular
and molecular context with the aim of finding a molecular protein target that allows chemical modulation. A validated protein target is subjected to drug discovery screening techniques
using high throughput approaches, fragment-based drug discovery technologies,8, 9 biophysical
technologies such as SPR and NMR, and computational approaches such as virtual screening.10
Selected hits are then optimized in a hit-to-lead program using, for example, (structure-based)
drug design, structure-activity-relationship (SAR) analysis, molecular fragmentation, fragment
growing or linking, and (bio)isosteric replacements.8, 10 The most promising lead compounds
are subsequently developed into potential clinical candidates by optimizing their Absorption,
Distribution, Metabolism, Excretion, and Toxicity (ADMET) properties.11 This process is highly iterative, meaning that (advanced) projects can revert back to the drug discovery stage or even
the target identification stage depending on the information that is obtained during the studies.
However, the acquired knowledge regarding the disease and drug target is taken into account
during the next iteration of the development cycle. Once a clinical candidate is identified it is
pushed towards clinical trials in order to ultimately obtain approval (from the FDA/EMA/MHLWPMDA12) for the use in humans and/or animals.
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Figure 1.1 Schematic representation of the drug development process. After the identification of a potential
drug target multiple techniques are applied in order to discover compounds targeting that specific protein.
Selected hits are then optimized into leads and ultimately into candidates with the desired effect, which are
then moved to the (pre)clinical stages.

1.1 Computational medicinal chemistry
In the past few decades also computational (in silico) techniques have found their way to medicinal chemistry. In the 60’s, Hansch introduced the use of multiple regression analysis to perform SAR analysis and create predictive models for congeneric compounds, representing the
“classical” quantitative SAR (QSAR) approach.13 Nowadays, the use of computers is embedded
in every part of the drug development process, starting with the mere use of chemical databases to store, annotate, and process experimental data.14 However, the general acceptance and
integration of computational approaches in the drug development cycle itself has progressed
slower.15 The earliest account of successful computer-aided drug design (CADD) was the design
of captopril, an antihypertensive drug (an angiotensin-converting enzyme inhibitor) that was approved by the FDA in 1981.16 Since then, multiple drugs have been approved by the FDA that were
(heavily) driven by computer-aided structure-based design. For example, several HIV-1 protease
inhibitors that were approved in the 90’s16, 17 and diverse kinase inhibitors (mainly for the treatment of specific cancer types) that have been approved more recently have been developed by
using CADD.18
CADD represent a rational approach in medicinal chemistry, implying that a thorough understanding and description of the molecular events that govern (patho)physiological responses
enable the efficient design and development of potent ligands and drugs. Many techniques have
therefore been developed that specifically focus on describing molecular interactions in the
context of biological activity and using these to identify complementary compounds using in
silico screening technologies.
These techniques can be categorized into three types: ligand-based, protein-based, and combined approaches.19, 20 Ligand-based techniques use the information from known ligands in order
to discover new ligands based on the similarity principle (a particular protein target binds similar compounds). Protein-based techniques use information from the protein to predict ligand
binding. Combined approaches integrate knowledge from both the ligand and the protein to
predict protein-ligand interactions. Such techniques (e.g. chemogenomics21, 22 and proteochemometrics19) integrate chemical and biological space and can therefore be used to build predictive
models for, for example, predicting missing values in bioactivity data sets.19
Currently, in silico techniques are mainly applied in the drug discovery, hit-to-lead, and
lead-to-candidate stage of the drug development process (Figure 1.1). In the drug-discovery
stage ligand-based or structure-based virtual screening (LBVS or SBVS) is applied instead of
or in combination with experimental screening techniques.20, 23, 24 Where LBVS uses knowledge
from known ligands, SBVS uses the structure of the target protein based on one or more X-ray
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or NMR structures or, if the protein structure is unknown, homology models. Once (new) ligands
are known, accurate modeling of their binding mode is essential for effective structure-based
optimization of the initial hit compound into a lead and ultimately a candidate. Here docking25
(paragraph 1.1.2), molecular dynamics (simulating the movement of molecules on atomic level
in a predefined context and over a set period of time),26 and 3D-QSAR27 approaches can guide
site-directed mutagenesis studies for the elucidation of the binding mode. Moreover, these
techniques can also be used to interpret and explain phenomenon observed in in vitro experiments (e.g. protein selectivity, thermodynamic profiles, ligand-binding kinetics). High-resolution
structural chemogenomic analyses can guide medicinal chemists in all stages of the drug development process. Insights gained into the molecular mechanisms of a (family of a) protein target
can help find new ligands, and improve selectivity, kinetics and functional effect.
Several of the aforementioned techniques have been applied, developed and evaluated in this
thesis and are therefore further introduced in paragraphs 1.1.1-1.1.3.

1.1.1 Ligand-based virtual screening
When performing a LBVS, a large compound database (typically in the range of hundred thousands to millions compounds) is compared to one or more known ligands of the protein target.
LBVS techniques use one-, two-, or three-dimensional chemical properties of compounds and
encode these into descriptors (i.e. abstract representations of the molecules which can be easily
compared by a computer).28 One-dimensional LBVS focuses on the properties of known ligands
like the number of hydrogen-bond donors/acceptors, number of aromatic rings, number of
heavy atoms, molecular weight, polar surface area, hydrophobicity, etcetera.28 These properties
are, however, mainly used for focusing (biasing) a database by only selecting the compounds
that match a range of properties based on known ligands. Two-dimensional LBVS on the other
hand uses the molecular structure of known ligands and tries to find other compounds with
similar structures and/or features.28 In order to compare known ligands to a compound library,
descriptors have to be generated for each of them. Subsequently, the descriptors are compared
and scored according to a specific similarity coefficient, which quantifies the similarity based
on the number of matches and mismatches in the descriptor. Binary fingerprinting techniques,
like ECFP29 and EDprints,30 annotate the absence (0) or presence (1) of specific structural features in a bit string (fingerprint). These molecular fingerprint techniques have been applied in
the research reported in this thesis and are therefore described in more detail in the next two
paragraphs. Three-dimensional LBVS is based on the (bioactive) conformation of molecules and
the location and orientation of specific features and is therefore generally more computationally intensive than a 2D technique. Three examples of such 3D techniques are given next. 1) In
pharmacophore modeling a 3D model is created based on the alignment of known ligands or
on the binding pocket derived from a (putative) protein structure31 and captures essential pharmacophoric features (e.g. H-bond donor/acceptor, cation/anion, aromatic) and the inter-feature distances.32 This model can be used to understand the biological activity and SAR of the
ligands33 and to perform a virtual screen to retrieve compounds that meet these requirements.34
2) ROCS35, 36 overlays a compound library on a reference compound and scores the compounds
based on shape similarity and the overlay of pharmacophoric features. 3) FLAP (Fingerprints for
Ligands And Proteins)37 calculates molecular interaction fields (MIF) for compounds and creates
quadruplets of MIF hotspots and encodes them into a binary fingerprints which are subsequently
compared to the fingerprints of a reference compound (or fingerprints based on the binding
pocket of a protein).
13
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Extended-connectivity fingerprints

1

ECFP (Extended-Connectivity FingerPrints) is a ligand-based fingerprinting technique that
breaks a molecule down in substructures based on connectivity.29 When encoding a molecule,
ECFP starts with the assignment of an initial atom identifier to each of the heavy atoms based
on the Daylight atom invariants rule.38 As ECFP is a circular fingerprint it then takes every heavy
atom as a centric point (ECFP-0) and extends the selection within a circle of 1-bond length creating substructures with a maximum bond length of 2 (ECFP-2) after which the atom identifiers
are updated with the identifiers of the neighboring atoms. This extension can be iterated once or
twice more resulting in substructures with a maximum bond length of 4 (ECFP-4) and 6 (ECFP6), respectively. All unique identifiers (for the central atoms) resulting from the starting point
and each of the iterations (e.g. for ECFP-4, all substructures generated for ECFP-0, ECFP-2, and
ECFP-4) are then hashed and stored in a binary fingerprint (Figure 1.2a).29
Electron density fingerprints
EDprints (Electron Density Fingerprints) is a ligand-based fingerprinting technique and encodes
properties that are related to the electron density distribution of a compound.30 EDprints starts
by calculating the MMFF94 atomic partial charges39 and predicting 13C and 1H chemical shifts40,
41
for a compound. Subsequently, the resulting set of partial charges and two distinct sets of
chemical shifts are converted into bit positions for their own fingerprint using a rule-based conversion method (Figure 1.2b). The rule-based conversion method normalizes the charges and
shifts to the length of the bit-string and rounds them to whole integers (i.e. bit positions).30 The
resulting three fingerprints can then be compared to the fingerprints of other compounds. A
10-fold cross-validation of the screening results for all 40 DUD datasets42 highlighted the most
robust performance of EDprints when weighing the similarity score in a 2:1:1 ratio for the partial
charges, 13C, and 1H chemical shifts respectively.30
Fingerprint similarity search
The similarity between fingerprints is assessed using a similarity coefficient. Features present in
both fingerprints (c), unmatched features from fingerprint 1 (a) and fingerprint 2 (b) and sometimes features missing in both fingerprints (d) are counted and used as input for the similarity
coefficient. Examples of four similarity coefficients (Jaccard-Tanimoto, McConnaughey, Simple
Matching, and Yule coefficients) are given in Figure 1.2d.30 The Jaccard-Tanimoto coefficient is
the most widely used coefficient in (chem)informatic tools, for example by ECFP. EDprints, on
the other hand, uses the McConnaughey coefficient as it was found to be performing best over
a wide range of targets.30
Once a fingerprint has been calculated it can be used for virtual screening purposes. The fingerprint of a reference ligand can, for example, be compared to a database of calculated fingerprints
from a compound library. The (dis)similarities between the reference ligand and the compounds
in the library are then scored using a similarity coefficient.43 This scoring then allows for ranking
the compounds from the database and selecting the most promising compounds (according to
the fingerprinting technique and similarity coefficient) for further investigation.
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Figure 1.2 The construction and comparison of binary ligand-based fingerprints. Examples of the construction of a fingerprint using a) the ECFP and b) EDprints technique. c) Binary fingerprints-based similarity
search (screening) by comparison of the fingerprint of a reference compound to the fingerprints of a compound library. d) The formulae of four similarity coefficients. Atoms indicated with A in subfigure a represent
any atom as the atom type itself is not taken into account, only the bond to that atom is used. The number
following ECFP indicates the maximum length of the substructures that are generated in that iteration of
ECFP. MMFF94 is a force field, which is used to calculate the partial charges of the atoms.

1.1.2 Structure-based virtual screening
If an experimentally obtained structure of the protein target is available, or if a hypothetical
model can be created based on the structure of a homologous protein (a homology model),
SBVS can be used to find (new) ligands for that protein target. Molecular docking methods can
be used to computationally fit a library of compounds into a protein structure. The proposed
binding modes of the compounds in the protein (docking poses) are subsequently scored using a
scoring function.25 However, such scoring functions generally have a limited applicability domain
are therefore frequently inaccurate.25, 44 Other post-processing methods, like molecular interaction fingerprints,45 can then be used to score docking poses and rank individual molecules.
Docking
Based on an experimental or modeled protein structure a compound library can be docked into
a (hypothetical) binding site of the protein (Figure 1.3a). In order to do this first the protein
structure has to be prepared: assessment of the proper ionization states of the residues, addition
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of hydrogen atoms to the residues (if absent), consideration of (conserved) water molecules,
modeling of missing atoms or residues. The targeted binding site (docking site) can be defined
based on the location of a co-crystallized ligand, other experimental data such as site-directed
mutagenesis, binding site predictions, or based on the identified binding site of homologous
proteins. In case of a blind docking this last step is omitted, as the whole protein is taken into
account in search of possible binding sites.
Each compound from a compound library is subsequently docked one or more times into the
binding site using a docking algorithm (e.g. PLANTS,46 GOLD,47 AutoDock48, ICM49), which tries
to fit the compound into the binding site by exploring the conformational space of the compound while taking the protein into account. Some docking methods can also take the flexibility
of the protein into account. In this case also the conformational space of the protein (or specific
residues) is sampled while sampling the conformational space of the compound. The resulting
docking poses are subsequently scored using an empirical, force field, or knowledge-based scoring function that tries to predict the free energy of binding.50
Molecular Interaction Fingerprints
Due to the lack of a scoring function that is both accurate and generally applicable frequently
additional approaches are used to process and rank docking poses. Molecular interaction fingerprinting is a technique where the similarity of the interaction profiles of the obtained docking
poses is compared to the interaction profile of a reference ligand. This reference ligand can
either be a co-crystallized ligand in a protein structure, but also a hypothesized binding mode
of a docked ligand (preferably supported by experimental data) can be used. For the reference
ligand as well as the docked compounds all interactions between the compound and the binding
site residues are encoded into a fingerprint. Since the molecular interaction fingerprint (IFP)
technique developed by Marcou and Rognan is used throughout this thesis, the details of this
technique are discussed here.45 However, it should be noted that other protein-ligand fingerprinting techniques (e.g. SIFt51 and TIFP52) are also available. The default IFP technique encodes
seven different interaction types between the protein and the ligand: hydrophobic contact,
aromatic face-to-face and face-to-edge, hydrogen bond donor-acceptor and acceptor-donor,
and ionic positive-negative and negative-positive interactions. IFP evaluates for every residue
in the binding site whether or not it makes one of the 7 aforementioned interactions with the
ligand and encodes this information in a binary fingerprint (Figure 1.3b). Subsequently the IFP
(the interaction profile) of each docking pose can be compared to that of the reference ligand
and is scored using the Tanimoto coefficient (Figures 1.2d and 1.3b). This allows the ranking of
docking poses for each compound but also the ranking of a list of docked compounds based on
their similarity to interactions of the reference compounds. A high IFP score for a docking poses
indicates that the compound is able to make similar interactions as the reference compound,
thereby increasing the chance of this compound being a true ligand over compounds that might
be missing essential interactions with the protein. Apart from scoring docking poses IFPs are
also useful for analyzing and mining interaction patterns of different ligands, between different
proteins, and across protein families.53
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Figure 1.3 Schematic representation of a) a docking-based virtual screening and b) scoring and ranking of
compounds and docking poses using molecular interaction fingerprints (IFPs). Using IFP seven different
interactions with the ligand are encoded into a binary fingerprint for each residue in the binding site: hydrophobic contact (blue), aromatic face-to-face (dark green) and face-to-edge (light green), hydrogen bond
donor-acceptor (red) and acceptor-donor (magenta), and ionic positive-negative (purple) and negative-positive interactions (orange).

1.1.3 (Bioactivity) data mining
As mentioned earlier, the integration of experimental data is key for creating high-resolution
(predictive) models. By combining experimental data from different sources a more complete
view can be obtained. Databases like ChEMBL,54 DrugBank,55 BitterDB,56 and BindingDB57 combine and annotate experimental data derived from different sources (mainly literature, patents,
and HTS datasets) and present this data in an easily accessible fashion with many search options.
This allows users to focus on the protein targets of their interest and search for known ligands
with their bioactivity data and known inactive compounds which allow for comparative analyses.
Based on the data in such compound sets, predictive models can be trained and retrospectively
validated. Cross-comparison of such datasets for multiple proteins can give new insights in issues
like ligand selectivity and binding mode prediction, although gaps in experimental data is the
Achilles heel of such chemogenomics analyses.58 Moreover, it allows for performing 3D-QSAR
approaches, which can play a key role in elucidating the binding modes and pinpoint the drivers
of binding affinity and/or selectivity.27, 59, 60
Other data sources like the PDB,61 GPCRdb,62, 63 UniProt,64 HMDB,65 ZINC,66, 67 DUD(-E),42, 68 and
many more also provide organized and annotated biological, structural, and chemical data which
are freely accessible to (academic) users and are of high value for (computational) medicinal
chemists (and others).
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1.2 G Protein-Coupled Receptors, key regulators of signal transduction

1

Every second of every day people are influenced by external stimuli like odor, taste, and sight.
Moreover, within the human body many substances influence, for example, organ function, pain
sensation, immune response, and even emotion.69 Many of these effects are mediated by so
called G protein-coupled receptors (GPCRs). GPCRs are one of the largest protein families in
the human genome comprising 825 GPCRs64 (including 421 olfactory/odorant and gustatory
receptors) which have been divided in seven classes70 (class A-F and O), five families71 (rhodopsin,
glutamate, secretin, adhesion and frizzled/taste), and many subfamilies.72 GPCRs span the cell
membrane and are able to relay a signal from the outside of a cell into a cell. At the intracellular
side GPCRs are able to activate guanine nucleotide-binding proteins (G proteins), heterotrimeric complexes consisting of an α, β, and γ subunit, which in turn can be divided in four classes
Gs, Gi, Gq, and G12/13 based on the type of the Gα subunit. At the extracellular side GPCRs can
be modulated by a wide range of compounds/factors such as photons, ions (e.g. sodium and
phosphate), hormones/neurotransmitters (e.g. adrenaline, dopamine, histamine, and serotonin),
lipids (e.g. phospholipids), peptides (e.g. glucagon), proteins (e.g. chemokines), and drugs (e.g.
antidepressants, antihistamines, antipsychotics, and beta-blockers).73 These ligands can change
the conformational energy landscape of the receptor upon binding, thereby adjusting the signal
that is being relayed into the cell (Figure 1.4b).74 Based on how the compounds influence the
receptor they are categorized either as agonist (increasing G protein activation), inverse agonist
(decreasing G protein activation) or antagonist (not affecting G protein signaling but occluding
the compound binding site).75 More recently, it has been discovered that GPCRs can also signal
via β-arrestins, independent of G proteins.76-78 This has added an extra layer of complexity to
the molecular mechanism of GPCR signaling. Ligands have been shown not only to influence G
protein signaling, but are also (and sometimes independently) able to influence G protein-independent signaling. The phenomenon where a compound is able to activate one signaling pathway
over the other is called biased signaling and these compounds are therefore called biased agonists. Seen the pivotal role of GPCRs in cell signaling, GPCRs are sensible drug targets which is
reflected by the fact that ~30% of the currently marketed small-molecule drugs are targeting
GPCRs.79

Figure 1.4 A schematic representation of a) the structure of a GPCR and b) the transduction of an external
signal into a cell via a GPCR.

1.2.1 The highly conserved structure of GPCRs
The elucidated GPCR structures (as discussed 1.3) have revealed a highly conserved structure
for all GPCRs. Each GPCR spans the cell membrane with 7 transmembrane (TM) helices (TM1 to
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TM7), which are connected by three intracellular and extracellular loops (ICL1 to ICL3 and ECL1
to ECL3 respectively). The N-terminal tail starts at the extracellular side and moves via the TM
helices and loops and (almost always) an intracellular 8th helix (H8) to the intracellular C-terminus
(Figure 1.4a). It has to be noted that some GPCRs do not only consist of a TM domain but also
comprise a N-terminal extracellular domain (e.g. class B GPCRs).80-82 Each of the TM helices
contains a highly conserved residue, which is used for a systematic residue numbering scheme
for GPCRs that was introduced for class A GPCRs by Ballesteros and Weinstein (B&W).83 These
highly conserved residues are N1.50 in TM1, D2.50 in TM2, R3.50 in TM3, W4.50 in TM4, P5.50 in TM5,
P6.50 in TM6, and P7.50 in TM7. Each of these residues is assigned position 50 for that particular
helix (e.g. the asparagine in TM helix 1 is assigned position 1.50) and all other residues in that helix
are numbered relative to the conserved residue. D3.32, for example, is part of TM3 and is located
18 residues before the highly conserved R3.50. Translations of the B&W numbering scheme to
non-class A GPCRs have been proposed.80, 84 The B&W scheme is used throughout this manuscript in combination with the original Uniprot numbering of protein specific residues.64
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1.3 The era of GPCR structural biology

1

The three-dimensional structure of GPCRs has eluded researchers for a long time, due to the
challenges that come with crystallizing a membrane protein but also the stabilization of a receptor in one conformation has proven to be challenging. However, the tide has changed and the era
of GPCR structural biology has arrived. At the start of this research project the structure of only
4 GPCRs was known. This number has rapidly increased during this research project and in total
114 GPCR X-ray structures have been published (PDB61 accessed at 29th of August 2014) covering 26 unique GPCRs from all main GPCR families (Figure 1.6). Not only the increased number of
unique crystallized GPCRs is breathtaking, also the crystallization of the same GPCR in different
activation states, in complex with ligands of different functional classes, and even in combination
with a Gs protein has tremendously pushed our understanding of the molecular mechanisms of
GPCRs as is discussed throughout this thesis. This has opened up unique opportunities for medicinal chemists using structure-based approaches.

1.3.1 The first insights into the three-dimensional structure of a GPCR
The first crucial finding was the elucidation of the electron cryomicroscopy structure86 (and later
X-ray structure87) of bacteriorhodopsin, which became the standard template for the structurally closely related GPCRs. The first steps towards molecular modeling on basis of the structure
of the target had become feasible, as will be exemplified in the next paragraphs for the GPCR
family of histamine receptors that play important roles in allergy, acid secretion, inflammation,
and CNS disorders.
Although bacteriorhodopsin has a low sequence similarity with GPCRs, the shared heptahelical fold allowed for low-resolution homology modeling. By combining these homology models
with experimental data the structural understanding of ligand-GPCR binding grew. This was, for
example, the approach in a study investigating the binding mode of second-generation antihistamines in the histamine H1 receptor (H1R).88 A bacteriorhodopsin-based homology model was
used in combination with docking studies, a ligand-based pharmacophore,89 and site-directed
mutagenesis studies. This led to the first experimentally supported binding-mode hypotheses for
second-generation antihistamines.88 In this study the positively charged K5.39 residue was identified as an anchor for the carboxylate-moiety of acrivastine and levocetirizine, which still is key in
the accepted binding-mode hypothesis for these antihistamines (which was later confirmed by
the H1R crystal structure).90 Subsequently the structure of bovine rhodopsin (the first crystallized GPCR) was elucidated in 2000.91 This allowed for more accurate homology modeling than
the structure of bacteriorhodopsin, however the sequence similarity of many GPCRs with bovine
rhodopsin is low.92

1.3.2 New structural insights into GPCR ligand binding mode diversity
From that point in time it took over 7 years before the first druggable GPCR was crystalized,
namely the β2-adrenoceptor. A large array of techniques93 including thermostabilizing mutants,
insertion of T4-lysozyme/cytochrome b562/rubredoxin, addition of nanobodies and covalently-bound ligands have yielded 114 GPCR crystal structures to this date. These crystal structures
have given unique insights into the structural mechanism of ligand binding. Moreover, they show
that the location for ligand binding is not as conserved and static as assumed during the introduction of the key and lock metaphor.
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Figure 1.5 A phylogenetic tree representing all classes and members of the GPCR family (courtesy of GPCR
network,85 http://gpcr.scripps.edu), highlighted GPCR gene names in gray and red were crystallized before
and during this PhD project, respectively. To this date the following GPCRs have been crystallized (chronologically ordered): rhodopsin (RHO), β2 and β1 adrenoceptors (ADRB2 and ADRB1 respectively), A2A receptor (ADORA2A), CXCR4, D3 receptor (DRD3), H1 receptor (HRH1), M2 receptor (CHRM2), S1P1 receptor
(EDG1), M3 receptor (CHRM3), κ receptor (OPRK1), μ receptor (OPRM1), δ receptor (OPRD1), NOP receptor (OPRL1), NTS1 receptor (NTSR1), PAR1, 5-HT1B and 5-HT2B receptors (HTR1B and HTR2B respectively), SMO (SMOH), CRF1 receptor (CRHR1), GCGR, CCR5, mGlu1 receptor (GRM1), P2Y12 receptor (P2Y12),
mGlu5 receptor (GRM5), and FFA1 receptor (FFAR1).
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Figure 1.6 Overlay of GPCR crystal structures and comparison of different GPCR-ligand binding modes. a)
Neurotensin-peptide (salmon) bound to the NTS1 receptor (PDB-code 4BUO94). b) PAM LY2119620 (orange)
and agonist iperoxo (purple) bound to muscarinic M2 receptor (PDB-code 4MQT95) c) ergotamine (green)
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bound to 5-HT1B (PDB-code 4IAR96). d) Maraviroc (blue) bound to CCR5 (PDB-code 4MBS97). e) Antagonist
AZD1283 (slate) and agonist 2MeSADP (salmon) bound to P2Y12 receptor with the ribbon of the agonist
structure shown (PDB-codes 4PXZ98, 4NTJ99). f) IT1t (cyan) in CXCR4 (PDB-code 3ODU100). g) A sodium
ion (purple) in the β1-adrenoceptor (PDB-code 4BVN101). h) Doxepin (magenta) bound to the histamine H1
receptor (PDB-code 3RZE90). i) Carazolol (slate) and epinephrine (salmon) with the ribbon of the active-state
epinephrine structure shown (PDB-codes 2RH1102, 4DLO103). j) CP-376395 (dark gray) bound to the CRF1
receptor (PDB-code 4K5Y81). The ribbon overlay of all crystallized GPCRs also shows the Gs-protein coupled
to the β2-adrenoceptor (PDB-code 3SN6104). For selected residues the B&W numbers83 are indicated in gray
(for class B the translated B&W numbering is used as previously proposed80, 84). In subfigures e and h only the
interactions of the agonist are indicated.

Several unique ligand-binding sites have been revealed that differ between GPCRs, but also multiple binding sites within a single GPCR have been identified. The most frequently observed binding site is the so-called major pocket (between TM 3, 5, 6, and 7), which is the orthosteric binding
site for many class A GPCRs, as exemplified by the binding mode of doxepin in H1R90 (3RZE,
Figure 1.6i) and epinephrine103 and carazolol102 in β2R (2RH1 and 4DLO, Figure 1.6h). Opposite to
this pocket is the minor pocket (between TM 2, 3, and 7) that was (for the first time) found to
be occupied in the CXCR4 crystalized with the small molecule IT1t100 (3ODU, Figure 1.6f). Since
then, larger ligands have also been co-crystalized that occupy both this major and minor pocket,
e.g. antiretroviral drug maraviroc in CCR597 (4MBS, Figure 1.6d) and beta-blocker carvedilol in
β1-adrenoceptor105 (not shown). Some allosteric modulators have been shown to bind higher up
in the GPCRs (i.e. between the extracellular loops), as shown for the muscarinic M2 receptor in
an X-ray structure with both an agonist (iperoxo) in the major pocket and a positive allosteric
modulator (PAM), LY2119620, in the loop region95 (4MQT, Figure 1.6b). For multiple GPCRs also
dualsteric/bitopic/bivalent ligands have been developed that target multiple pockets (like maraviroc). Ergotamine is such a dualsteric agonist for the 5-hydroxytryptamine family, targeting
both the loop-region and the major pocket, and has been crystallized in the 5-HT2B and 5-HT1B
receptor96 (4IAR, Figure 1.6c). Instead of binding small molecules, many GPCRs are also known
protein/peptide-binders and therefore have a large open pocket to accommodate these large(r)
ligands. To this date two receptors have been crystalized in combination with a peptide ligand: the
NTS1 receptor with a part of neurotensin94 (4BUO, Figure 1.6a) and CXCR4 with peptide-antagonist CVX15.100 More recently, non-class A GPCRs have been crystalized. From class F (Frizzled)
the SMO receptor has been crystalized. The cyclopamine-bound SMO structure106 (not shown)
shows extensive contacts between the ligand and the extracellular loops, but also with the elongated helix of TM6 (compared to class A). The first class B GPCRs that were crystalized are the
glucagon receptor82 and the CRF1 receptor.81 Although no density for a ligand could be found in
the glucagon receptor, in combination with extensive site-specific mutagenesis a high-resolution model of glucagon bound to its native receptor could be created. In the CRF1 receptor an
antagonist, CP-376395, was co-crystallized and was found to bind in an unusual deep binding
pocket (within the cytoplasmic half) between TM 3, 5, and 6 (4K5Y, Figure 1.6j).80 The mGlu1
receptor,107 the first crystalized class C GPCR, was crystalized in combination with a negative
allosteric modulator (NAM) binding in the major pocket (not shown). Also the mGlu5 receptor108
was crystallized with a NAM (mavoglurant) binding in the major pocket. However, mavoglurant
extends downward into the (class A) ion-binding site (not shown). Other unique observations for
class A GPCRs are the binding mode of antagonist AZD1283 and agonist 2MeSADP in the P2Y12
receptor99 that binds perpendicular to other major pocket binders and has contacts with TM4
(4NTJ, Figure 1.6e), and also a conserved ion-binding site that was found to be present in several
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high-resolution X-ray structures (A2A receptor,109 β1-adrenoceptor,101 δ (opioid) receptor,110 and
PAR1111). This ion binding site between TM1, 2, and 7 (4BVN, Figure 1.6g) is tightly interacting with
a water network that was shown to influence the activation of GPCRs.101, 109, 110, 112, 113 Moreover, the
residues lining this ion-binding site are relatively conserved and it is therefore expected to be
present in multiple GPCRs.110, 112
The advances in the elucidation of GPCR structures in the past decade have been tremendous
and show a high diversity of ligand binding modes (Figure 1.6). Interestingly, the H1R crystal
structure90 confirms the previously proposed H1R-antihistamine binding orientations based on
protein homology modeling and mutation studies.88, 89

1.4 Aim and outline of this thesis
Computational chemistry is maturing and becoming an integral member of modern medicinal
chemistry. In the past years the fruits of the incorporation of computational techniques has
become more and more visible through the approval of drugs that were rationally designed and
also our improved understanding of molecular mechanisms. We have now come at a point where
GPCR research from the pre-structural era can be combined with the recent structural insights
in order to obtain a deeper understanding of these druggable protein targets and where we can
exploit the huge amounts of available data through mining and integration. At the same time
the explosion of elucidated GPCR structures gives unique opportunities to find novel ligands
for well-known GPCRs, the first small-molecules to target lesser-known targets, and allows us to
investigate drug design issues like ligand selectivity and ligand function.
Table 1.1 Overview of the objectives, targets and main techniques of the research described in chapters 2-7.
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Introduction - Chapter 1

The primary aim of this thesis is the development and application of computational methods to
predict protein-ligand interactions. I have constructed and validated such in silico methods for
the investigation of G Protein-Coupled Receptors, arguably the most important family of drug
targets in the human body, in order to reach the following objectives (Table 1.1):
1.
2.
3.

To gain new insights in ligand binding and selectivity by combining bioactivity data, mutagenesis data, ligand structure and newly acquired protein structures.
To develop and apply novel structure-based virtual screening protocols using new GPCR
crystal structures.
To identify the molecular (structural) determinants for the prediction of the functional effect of GPCR ligands.

Chapters 2-3 focus on mining literature and databases for (experimental) data and combining it
in order in order to obtain a better understanding of our protein targets and reviewing the previous application of computational techniques on these targets. Chapter 2 analyses the application
of structure-based virtual screening for GPCRs based on experimental structures and homology
models through the years. In Chapter 3 we combined ligands, bioactivity data, site-directed mutagenesis data, sequences, and structural data in a chemogenomics analysis that gives a unique
view of the aminergic subfamily of class A GPCRs.
Chapter 4-7 describe the development and application of different computation techniques on
multiple GPCRs. Chapter 4 discusses the successful virtual screening for novel fragment-like
histamine H1 ligands based on the first X-ray of H1R in complex with doxepin, a first generation
antihistamine. We developed a custom virtual screening protocol combining a classical scoring
function and IFP scoring and retrospectively trained the model before prospectively applying it.
Based on the success of this virtual screening a follow-up was undertaken in order to validate if
the custom virtual screening approach had an added value and if this protocol could also be applied to a different aminergic GPCR, namely the β2-adrenergic receptor (β2R), which is described
in Chapter 5. In order to take an extra step forward in the field of virtual screening, we aimed
to selectively retrieve fragment-like β2R agonists. In Chapter 6 we analyzed all experimentally
available beta-adrenergic structures (combined the β1R and β2R currently have the most structures available of all GPCRs) with as main focus the prediction of GPCR ligand function guided
by IFP. In the last research chapter, Chapter 7, we present a prospective application of an in silico
approach for the identification of the first small-molecule ligands, moreover, inverse agonists
for ORF74, a constitutively active and viral-encoded GPCR, which is known to have oncogenic
properties.
Chapter 8, the final chapter, contains a discussion and the main conclusions of the research described in this thesis and future perspectives for the use of computational methods in a medicinal
chemistry context.
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