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T

he research described in this thesis entails the development, application, and validation
of computational methods to predict protein-ligand interactions. Throughout this thesis
we have focused on GPCRs, a protein family of important drug targets involved in cell
function and cell signaling (chapter 1). In chapters 2-6 we have investigated the protein-ligand
interactions of aminergic GPCRs. Amongst the aminergic GPCRs is the β2-adrenoceptor (β2R),
the first druggable GPCR for which a crystal structure was published (2007).102, 386 GPCR crystallography continued to advance tremendously during the period of the research described in
this thesis, and the number of elucidated GPCR structures grew from 4 to 26 unique GPCRs
and from 27 to 114 GPCR crystal structures (chapter 1).80, 116, 135, 176 Among these crystal structures are 8 aminergic GPCRs (chapter 1), including the histamine H1 receptor (H1R). It should
be noted that the last-mentioned receptor has been studied by our research group since it was
founded by professor Nauta in 1955. Since the release of the first crystal structure of H1R bound
to the marketed drug doxepin in the summer of 2011, we have dedicated much time and effort
to utilize this crystal structure in order to gain new insights in the workings of this receptor. The
β-adrenoceptors, on the other hand, have been utilized by the GPCR community as a model
system (just like rhodopsin) to gain a better understanding of structure-function relationships
for the GPCR family. This has resulted in 32 crystal structures for the β1 and β2 receptors in
varying activation states co-crystallized with (covalent) agonists, inverse agonists, antagonists,
biased agonists and even in complex with a Gs protein.101-105, 187, 193, 206, 302, 303, 386-388, 390-394 The crystal
structures of the β-adrenoceptors therefore provide the perfect tools to further progress structure-based approaches on GPCRs. In the final research chapter (chapter 7), the viral-encoded
chemokine receptor ORF74 (encoded by human herpes-virus 8) is targeted. For this receptor
(almost) no information regarding protein structure and small molecule ligands was available,
therefore proving to be a challenging target.
The key objectives of this thesis (new insights in GPCR-ligand binding and selectivity, development of novel GPCR structure-based virtual screening methods, structure-based prediction of
GPCR ligand function) have been addressed in chapters 2-7, as summarized below:
Chapter 2 focuses on the application of structure-based virtual screening (SBVS) and ligand
optimization approaches on GPCRs. The analysis of successful structure-based ligand discovery and design studies shows that receptor models, despite structural inaccuracies, can be efficiently used to find novel ligands for GPCRs. Moreover, it shows the new opportunities in structure-based ligand discovery and design that GPCR crystal structures can give.
In chapter 3 we combined ligand affinity data, receptor mutagenesis studies, and amino acid sequence analyses with high-resolution structural analyses of aminergic GPCR-ligand interactions.
This integrated structural chemogenomics approach gives us new insights in the correlations
between ligand and binding site similarities of different aminergic receptors. Moreover, we can
explain apparent discrepancies through the integration of protein-ligand binding modes analyses. This knowledge can be used to identify structure-selectivity relationships that increase our
understanding of ligand binding to aminergic receptors and hence can be used in future GPCR
ligand discovery and design.
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Chapters 4 and 5 demonstrate the opportunities of GPCR crystal structures for SBVS. By using
the doxepin-bound H1R crystal structure we developed a novel docking scoring protocol, in
which a conventional scoring function is combined with a molecular interaction fingerprint in
order to overcome the challenges of selecting and ranking the right docking poses of (fragment-like) compounds. We applied and validated this SBVS approach and the individual scoring
approaches for both H1R and β2R. This gives us new insights into the advantages of each of the
approaches and the added value of the novel docking scoring protocol. Moreover, by systematic
retrospective analysis of the available β-adrenoceptor crystal structures we were able to select
the optimal β-adrenoceptor crystal structure for the discrimination between partial/full agonists
and antagonists/inverse agonists. In both cases the combined scoring approach outperformed
the individual scoring approaches and resulted in high hit rates.
In Chapter 6 we further explore the potential of GPCR crystal structures to predict the functional effect of GPCR-ligands. The systematic analysis of 31 β-adrenoceptor crystal structures
allowed us to assess the possibilities and limitations of structure-based prediction of GPCR ligand function. In total we analyzed 1920 unique IFP-structure combinations, which offer insights
into the relative impact of protein conformation and IFP scoring on selective virtual screening
for ligands with a specific functional effect. The IFP can be efficiently used to classify ligands
with the same function, however, small differences between the receptor conformation and
reference IFP determine the enrichment of specific ligand types in virtual screening hit lists.
This systematic analysis shows that the selective identification of agonists can be achieved by
using agonist IFPs to post-process docking poses from both agonist-bound as well as antagonist/
inverse agonist-bound crystal structures.
In the final research chapter, chapter 7, we used both structure-based and ligand-based virtual
screening techniques to find inhibitors for ORF74, a constitutively active viral-encoded GPCR.
Although the available information for ORF74 was limited, the crystal structure of CXCR4 could
be used to build a homology model of ORF74. This model was subsequently used in a SBVS
against an in-house compound library and followed by a LBVS on a SBVS hit. The screening led to
the identification of the first small molecule inhibitors acting on ORF74, consisting of a congeneric series of 4 inverse agonists and 1 antagonist.

8

This thesis demonstrates how GPCR crystal structures in combination with experimental data
can be used to gain new insights into protein-ligand interactions for the discovery and design of
new ligands. The growing availability of GPCR structures allowed us to devise new and efficient
SBVS protocols for the identification of novel (fragment-like) GPCR ligands. Furthermore, we
have shown that the integration of experimental data with computational techniques allows us
to find structural anchors for ligand binding and the design of selective ligands or even ligands
showing polypharmacology. Moreover, this thesis shows that the functional effect of a ligand,
which is encoded in its interactions with the receptor, can be captured in a simple molecular
interaction fingerprint. Such interaction fingerprints can be derived from crystal structures and
can subsequently be used for the creation of predictive models.
Although the thesis focuses on GPCRs, the research techniques described here are in principle
generally applicable to other protein targets as well, in particular to protein families for which
structural information is available such as kinases370 and phosphodiesterases512.
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8.1 Towards a complete picture of GPCRs
During the research described in this thesis a lot has happened in the field of GPCRs, as was
already indicated in Chapter 1. Not only the structural elucidation of GPCRs has changed during
these past 4 years,85, 176, 513 but the whole GPCR research field has grown, partly as a result of
these new structural insights.130, 514-517 GPCR-ligand discovery and design has shifted in the past
decade from finding and optimizing ligands and their binding affinity325, 357, 518 to optimizing ligand-binding kinetics519, 520, thermodynamics521, 522, selectivity (both towards selective molecules,
to prevent side-effects338 and toxicity,523 and compounds with a designed polypharmacological
profile)166, 397, 524, (biased) signaling profiles441, and potential allosteric modulation.520 Based on
previously acquired knowledge regarding GPCRs we are building towards a more complete, but
also more complex, picture of the inner workings of GPCRs.
Despite all the advances referred to, and described in this thesis, there still lies a long road ahead
of us in fully understanding GPCRs, their ligands and signaling. The next paragraphs outline
some of the state-of-the-art technologies and future perspectives for structure-based GPCR
research.

8.1.1 Scoring approaches in structure-based virtual screening
Although energy-based scoring functions are used by default for scoring docking poses, their
performance is highly target dependent (as was observed in chapter 5). Correctly selecting and
scoring the right docking pose remains a challenge, let alone accurately estimating the free
energy change upon ligand binding. In chapters 4-6 we have shown that interaction fingerprints
(IFPs) can be used to effectively rank docking poses, however, when pairing IFP with a conventional docking scoring function the performance could be further improved.45, 51, 52, 222, 359, 419, 525
We have, however, not observed a distinctive correlation between IFP (or PLANTS) ranking and
the binding affinity of the VS hits. A large scoring function consortium has tried to build a robust
and accurate scoring function, however, these scores still have their limitations.526, 527
In the chapters 2 and 4-6 we have looked at well-known targets from the aminergic GPCR family. However, as chapter 3 shows, there are still many GPCRs for which there is few (experimental)
data available (as is the case for many orphan GPCRs,528 for example). This lack of information
makes (homology-model based) virtual screenings on such GPCRs hard, as became clear from
the homology-model based VS on ORF74 described in chapter 7. The relatively low sequence
identity to crystallized GPCRs in combination with the fact that ORF74 scavenges chemokines
(SBVS on chemokine receptors generally result in few hits with low affinities/efficacies) for
which no small molecule ligands were known made it hard target. Despite this we were still able
to identify one SBVS hit (although serendipity might have also played a role), which lead to the
identification of 5 small molecule ligands of ORF74. The hit-rate of 5% of low affinity ligands
pales in comparison to the high hit-rates of 73% and 53% for H1R and β2R with up to nanomolar affinities and potencies. This clearly demonstrates that there is a correlation between the
amount of knowledge and data that is available for a protein target, but also target-dependency
of these results as the endogenous ligands for H1R and β2R are also small molecules in contrast
to ORF74, which binds chemokines. Moreover, in chapter 6 we show that even the small differences in the binding pocket, as observed in the β-adrenoceptor crystal structures, can result in
highly varying hit rates. Besides these issues it also seems that herpes-virus encoded GPCRs are
intricate proteins that are hard to target with small-molecules. Up to now only low-affinity small
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molecule inhibitors had been reported for US28469-471 and none for other viral-encoded GPCRs
like BILF1, UL28, UL33, US27, and UL78.486
More recently, the target-dependent performance of scoring functions is addressed by employing machine learning techniques to optimize a scoring function for the targeted protein
by making use of the binding affinity of known ligands. Random forest527, 529, 530, support vector
machine530, and linear regression531 are used for automated training, validation and optimization
of docking scoring functions. These techniques do, however, have as drawback that they can
result in an overfitted blackbox that is not suited for prospectively applications and can even
be insensitive to the 3D conformation of the docking pose itself.532 Neural networks have also
been used to predict ligand-binding modes (using IFP) based on simple ligand descriptors.533 Last
year, Fingerprinting Triplets of Interaction Pseudoatoms (TIFP), a novel protein-ligand interaction fingerprint, was published.52 TIFP encodes protein-ligand interactions in a frame-invariant
descriptor that also allows for cross-protein comparisons of protein-ligand binding modes. Due
to its frame-invariant nature it does, however, not allow for the identification of or filtering on
specific protein residue-ligand interactions.
Conventional scoring functions are expected to be computationally inexpensive as they have
to be able to score millions of docking poses in a limited amount of time. However, more computationally expensive techniques have been shown to be more accurate in the estimation of
the change in free energy upon ligand binding. Free energy calculations were first applied to
simulate enzymatic reactions,534-536 but more recently they are also being used as a technique
to rescore docking poses537 and to predict ligand binding affinities. Boukharta et al. have shown
that molecular dynamics free energy simulations can be used to quantitate the effects of ligand
modifications, but also of alanine mutations of the protein.538. Furthermore, (mixed) quantum
mechanic methods are being proposed as a more accurate way to estimate ligand binding affinities.539
In short, correctly predicting and scoring docking poses remains challenging, especially in a
computationally inexpensive way. For the short-term future this research area seems to bring
additional methods for customizing target-specific scoring approaches and more computationally intensive approaches for the more accurate prediction of ligand binding affinities for smaller
sets of compounds.

8.1.2 From ligand binding mode to ligand design

8

Observed ligand binding modes in crystal structures can be used for the creation of structural
databases for interaction analysis, ligand design and much more. As IFPs themselves are easily
compared and visualized, they allow for a medicinal chemistry oriented comparison of ligand
binding modes in such databases. For kinases and phosphodiesterases (PDE), for example, we
have used IFPs to build and analyze a database containing all human and mouse structures of
kinase domains (KLIFS370) and all PDE structures (PDEStrIAn540). This has uncovered conserved
and selective interaction patterns for the different types of inhibitors. Kellenberger et al. created
the sc-PDB, a structural database in which druggable binding sites are obtained from the available structures in the PDB.541
Such databases can serve as a medicinal chemistry toolbox in which different inhibitors (or fragments of those inhibitors) with similar interaction patterns can be found, but also to find (bioisosteric) replacements for a specific group while maintaining a similar interaction profile.370,
542
Moreover, these databases can be used to structurally investigate (and ultimately design)
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ligand selectivity and polypharmacology and predict off-targets.543, 544 Although this is a promising approach, the limitations mentioned earlier for docking scoring approaches are also multiplied when applying large-scale cross-protein SBVS.544 A kinome-wide cross-docking approach
showed that the kinase inhibitor selectivity profiles could (only) be roughly predicted.545 Such
structural databases could also prove to be valuable for GPCRs as the number of available GPCR
crystal structures is growing at an increasingly fast pace.

8.1.3 From ligand binding mode to receptor signaling
Due to the structural advances in GPCR crystallography great strides have been made in understanding of the activation mechanism of GPCRs.383 The classical two-state model has been
replaced by a model, in which multiple (transition) states are possible that account for the differences in signaling and ligand-binding behavior of GPCRs (such as biased agonism).382, 441, 546
Despite these improvements, structure-based prediction of the functional efficacy of GPCR ligands remains challenging45, 162 and requires multiple GPCR structures bound to ligands of different functional classes (partial/full agonist, antagonist, inverse agonist).117 The 32 β-adrenoceptors
(β1R/β2R) structures, covering multiple receptor activation states in combination with 20 ligands
with different functional effects, show how subtle differences in the binding pocket can accommodate ligands with different functional activities (chapter 6),45, 162 and give insights into the
molecular mechanisms of G-protein binding104 and activation.382 Structure-based virtual screening studies against agonist-bound β-adrenoceptor crystal structures,45, 162 agonist-customized
models,162 and different agonist-bound MD simulation snapshots indeed enables the selective
identification of agonists (over antagonists and inverse agonists). Comparison of the inactive
antagonist/inverse agonist bound and the (active/active-like) agonist bound crystal structures
of the β2-adrenoceptor,103, 104, 303 rhodopsin,547 adenosine A2A receptor,548 P2Y12,98 and muscarinic M2 receptor95 show that activation of the muscarinic M2 receptor and P2Y12 are associated
with larger structural changes in the orthosteric ligand-binding site compared to the relatively
small changes observed for β2-adrenoceptor, rhodopsin, and A2A receptor. These new structural insights into GPCR activation suggest that a detailed understanding of the GPCR specific
ligand-binding modes203, 429, 549 and conformational changes73, 205, 206 associated with (specific)
signaling pathways are required for the development of selective structure-based virtual screening strategies for agonists over antagonists (or vice versa) or ultimately even for biased ligands.
Biased ligands are selective towards a specific signaling pathway, corresponding with a different
physiological response thereby showing the promise of reduced side-effects.441, 546, 550 β-arrestin
biased ligands for the AT1A receptor, for example, increase cardiac contractility and decrease
cardiac cell apoptosis while not increase blood pressure and fluid retention.550 Another example
is β1R for which biased ligands that activate β-arrestin signaling while blocking Gs protein signaling seem to able to reduce blood pressure and decrease heart rate while preserving cardiac
function.551
In the absence of such crystal structural information (which is still the case for most GPCRs),
experimentally guided (e.g. mutagenesis studies) protein modeling can be used to: i) predict
ligand-stabilized conformational changes in the ligand binding site (for example the construction
of the agonist-bound β2-adrenoceptor based on the antagonist bound crystal structure162), and/
or ii) the molecular mechanisms of signal transduction between the ligand binding site and the
intracellular site (as was for example shown for histamine H1235 and H4299 receptors). Although
not state-of-the-art, an alternative is the training of ligand-based computational models using
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experimental ligand functional efficacy data, as was for example recently demonstrated in
3D-QSAR modeling studies to predict β-arrestin2 recruitment efficacies of a series of histamine
H4 receptor ligands.552 Interestingly, the only H4R ligand that was not β-arrestin2 biased (but displayed an equal preference for the Gαi and β-arrestin2 pathway) was an outlier of the 3D-QSAR
model.552
However, compound sets for which multiple signaling pathways have been experimentally determined are scarce. Data from ligand bias studies, like the H4R study described above, the β2R
study by Van der Westhuizen et al.407 and the D2R study by Allen et al.553, for example, are therefore very valuable. The difficulty in quantifying ligand bias also lies in the experimental assays
themselves. In chapter 6 we have also shown that different assays result in different readouts and
therefore ligand classifications. Therefore ligand bias needs to be consistently measured using
standardized assays and operational models with the same definition of an unbiased reference
ligand.407, 546

8.1.4 From GPCR crystal structure to alternative (allosteric) ligand binding sites

8

Allosteric modulators can alter orthosteric ligand affinity and/or efficacy, potentially with higher
receptor selectivity due to lower sequence similarity between allosteric sites of different receptor subtypes (compared to the conserved orthosteric pocket).389, 554, 555 The TM binding sites
of several crystal structures of class A (chemokine receptors CXCR4100 and CCR597), class B
(glucagon82 and CRF181 receptors) and class C (mGlu1107 and mGlu5108) GPCRs represent allosteric
binding pockets that overlap with/are adjacent to (class A73, 176 and class B80) or are located far
away from (class C107) the orthosteric binding sites of the corresponding receptors. Recent
GPCR crystal structures furthermore show that ligands cannot only target the TM binding site,73,
176
but can also interact with (allosteric) binding sites in the extracellular loop region (e.g. class A
NTS1 receptor94, class F SMO receptor106, class A muscarinic M2 receptor95), or deep in the TM
domain below the “classical” TM binding site (class B CRF1 receptor81). In the recent muscarinic
M2 receptor crystal structure an orthosteric agonist (iperoxo) and a positive allosteric modulator (LY2119620) are bound simultaneously (see figure 1.6 in chapter 1), providing new insights
into the molecular mechanism of allosteric modulation and activation of GPCRs.95 Most virtual
screening and structure-based ligand design studies have focused on the TM binding sites,132, 376
but these alternative ligand binding sites identified in GPCR crystal structures, as well as the
intracellular G protein-binding site104, 556 and GPCR dimer interfaces,557, 558 provide novel sites
to target with small molecules to regulate GPCR function.559, 560 Moreover, in silico discovery of
ligands in multiple distinct binding560, 561 sites offer opportunities for the structure-based design
of bitopic ligands332, 562 that target both orthosteric and allosteric binding sites (e.g. by fragment
linking, merging, or growing8).

8.1.5 From receptor structure dynamics to rational optimization of ligand binding kinetics
GPCR crystal structures and homology models have been successfully used to identify new ligands,375 and extensively used to guide and/or explain SAR and site-directed mutagenesis studies,26, 27, 150, 552 and rational structure-based ligand optimization375, 376 has now become feasible for
more and more GPCRs (as, for example, illustrated for the A2A159, 167, 563). Moreover, the new GPCR
crystal structures in combination with molecular dynamics simulations give insights into receptor flexibility and (potential) ligand entrance and exit channels.200, 524, 564 The association and dis-
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sociation pathways revealed by computer simulations in combination with experimental studies
(e.g. mutagenesis data and/or biophysical measurements167, 519, 565) can ultimately be used to relate
ligand structure to kinetic properties, thereby changing the focus from solely affinity-based optimizations to optimization of kinetic properties (as for example illustrated for the histamine H4
receptor566). An example is the work by Kikkawa et al. from 1998 on β2R (see chapter 2), who
demonstrated a significant change in binding affinity of isoprenaline and TA-2005 by mutating
Y3087.35 to an alanine and phenylalanine (similar to β1R).567 They hypothesized this residue might
be part of an additional binding site, however, Selvam et al. showed in 2012 that this residue
affects the egress of these compounds using molecular dynamics simulations.431
Furthermore consideration of water molecules in GPCR binding sites that can mediate, facilitate,
or hamper receptor-ligand (un)binding (dynamics) may be required to improve the resolution of
GPCR-ligand interaction predictions.568 Computational and biophysical assessment of the thermodynamics of water interaction networks allow the identification of energetically favorable
water molecules that may be targeted and/or unfavorable (“unhappy”) water molecules that can
be displaced in structure-based ligand optimization studies167, 569 to improve GPCR-ligand binding
affinity and kinetics.167, 570

8.1.6 Ligands with designed polypharmacological profiles
The one-drug-one-target view is slowly changing. Although single protein target selectivity can
still be crucial for the efficacy of a drug and to prevent side effects338, also beneficial effects have
been observed when targeting multiple proteins simultaneously. 523, 571-574 This does, however, depend on the disease that is being targeted.523, 572, 574 For example, for the histamine receptors the
combined inhibition of both H1R and H4R shows an additive effect on the treatment of pruritis,329,
575, 576
and the dual inhibition of H1R and H3R on nasal decongestion.328, 577 The infamous promiscuity of kinase inhibitors has also been shown to sometimes be advantageous for the treatment of
cancer.572, 578-580 By simultaneously interfering at multiple points in the cell signaling network(s) a
compound might prove to be more efficacious as they can have an additive effect and can potentially overcome backup and redundancy mechanisms.523, 571, 573, 579 Hopkins proposed the network
pharmacology approach, a novel drug design approach to target a network of proteins thereby
simultaneously improving clinical efficacy while reducing and predicting side effects and toxicity
properties.581
Unfortunately the number of compounds for which complete data profiles are available for consistent analysis is limited (chapter 2). This is the Achilles’ heel for analyzing and understanding
ligand selectivity and creating predictive models for polypharmacological design.58 Fragments
libraries for which all compounds have been consistently measured across multiple targets are
therefore a goldmine of information for modeling approaches. Due to the aforementioned
promiscuity of kinase inhibitors family-wide screenings of kinase inhibitors are more common.
Datasets have been published in which hundreds of kinase inhibitors have been screened against
hundreds of kinases.582-585 Such datasets, data from fragment library screenings, and the data
that is available from public databases (e.g. ChEMBL,54 DrugBank,55 BitterDB,56 and BindingDB57)
are essential to further progress in the field of predictive modeling.
Predictive modeling is generally performed based on data from ligands (e.g. EDprints, ECFP-4),
structures (e.g. docking, protein similarity), or both (proteochemometric modeling approaches).
The last-mentioned approach is a promising and relatively young technique in which descriptors of both ligands and structures are integrated to train models using machine-learning techniques.19, 586
171
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Table 8.1 Selectivity profile of fragment-like H1R ligands identified using the combined scoring approach for
4 aminergic GPCRs.
VS Hit

H1R pKia

H3R pKia

H4R pKia

β2R pKia

5.72 ± 0.09

<5

<5

7.12 ± 0.02

5.58 ± 0.14

6.20

<5

<5

5.49 ± 0.04

6.97

<5

<5

6.01 ± 0.28

<5

<5

5.23 ± 0.09

6.27 ± 0.07

<5

<5

6.24 ± 0.01

7.21 ± 0.03

<5

5.54 ± 0.10

5.65 ± 0.04

5.20 ± 0.13

<5

5.62 ± 0.04

6.20 ± 0.03

8.20 ± 0.10

<5

<5

5.93 ± 0.02

VUF13787

VUF13788

VUF13790

VUF13794

VUF13803

VUF13810

VUF13811

8

VUF13816
pKi values are calculated from at least three independent radioligand displacement measurements as the mean ± SEM using
[3H]mepyramine, [3H]-N-α-methylhistamine, [3H]-histamine, and [3H]dihydroalprenolol for H1R, H3R, H4R, and β2R respectively.
a)
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Besnard et al. proposed an automated protocol for the design of ligands with the right polypharmacological profile.214 This protocol utilizes machine-learning techniques to predict polypharmacological profiles and ADMET properties, and to assess novelty and synthetic feasibility
of virtual compounds in order to adaptively and automatically design ligands with the desired
polypharmacological and safety profiles. A proof-of-concept study was performed by predicting the selectivity profile of compounds across serotonin receptors, dopamine receptors and
α-adrenoceptors. Subsequently, virtual evolutionary molecule design was successfully applied
to design synthetically-feasible compounds that had reduced affinity for the α1-adrenoceptor,
an anti-target.214
Here we also report the (limited) profiling of the 19 H1R SBVS hits from the combined PLANTSIFP scoring approach (chapter 4). All hits were tested for their affinity for the related H3R, H4R,
and β2R, also three aminergic GPCRs. In total, 8 of the 19 hits had non-selective profiles with
a pKi of at least an 5 or higher for one or more of these three additional receptors (Table 8.1).
Surprisingly, only 2 compounds had additional affinity for H3R and 2 other compounds for H4R.
Despite the high pocket sequence identity, ligand similarity, and ligand overlap (as described in
chapter 2) none of the compounds had affinity for both H3R and H4R). On the other hand the
2 ligands with affinity for H4R did show affinity for β2R, and the two ligands with affinity for H3R
did not. Despite the low percentage of shared ligands (chapter 2) between H1R and β2R, 6 compounds had affinity for both receptors. Information like these selectivity profiles can be used to
train predictive models, but also to elucidate the structural elements of this selectivity. The combination of ligand affinity, efficacy, or potency data for multiple proteins with machine learning,
docking, and chemogenomics/proteochemometrics techniques and protein crystal structures
could pave the way towards in silico design of ligands with the desired (polypharmacological)
effect.

8.2 Final words
This thesis has clearly demonstrated that the use of computational techniques in medicinal
chemistry can be very effective despite all of its limitations. The field of computational medicinal
chemistry is maturing and will continue to do so if it stays closely intertwined with other disciplines in medicinal chemistry, such as organic chemistry and pharmacology. As the founder of
our research group, professor Nauta, said: “Medicinal Chemistry can flourish only by an integration of contributing disciplines”.
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