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Chapter 8 
 

Summary, conclusions and perspectives 

Summary 

The primary aim of the research described in this thesis, as defined in Chapter 2, was to 
show how computational chemistry methods can be developed and used to: 

1) improve our understanding of physicochemical properties that are important in the 
development of biologically active molecules towards drug lead compounds. 

2) improve our understanding of the chemical properties and molecular pharmacophore 
features that determine the biological activity of small molecules. 

3) obtain insights in the molecular determinants and binding modes of small molecule 
ligands to pharmaceutically relevant protein targets. 

My work particularly focused on: Ι) The definition of ligand efficiency scores as guidelines 
to control the size and lipophilicity of biologically active molecules during drug 

development, ΙΙ) The identification of simple descriptors that are related to the melting 

point of drug-like compounds, ΙΙΙ) The evaluation and combination of ligand-based virtual 
screening (LBVS) approaches for the identification of fragment-like bioactive molecules 
and IV) Structure-based modeling studies to elucidate ligand binding modes in the 
histamine H4 receptor (H4R). 

Chapter 1 provides an overview of the drug research process. The development of 
potential drug candidates by medicinal chemists is explained and issues and challenges 
during this process are discussed. Drug candidates need to have good ADMET 
(absorption, distribution, metabolism, excretion and toxicology) properties and good 
affinity towards a defined drug target. Computational chemistry provides tools to support 
medicinal chemists in different stages (screening, hit to lead and lead optimization) of the 
drug finding process. Virtual screening supports hit finding, quantitative structure property 
relationship (QSPR) can be applied for ADMET optimization and modeling tools are 
useful for affinity optimization towards a drug target. As a drug target family of high 
interest, G Protein-Coupled Receptors (GPCRs) are introduced. A special focus has been 
put on H4R as it is a promising new target in the GPCR field for modulating immune 
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responses and inflammatory processes. 

Chapter 2 defines the scope and the aim of the thesis. 

Chapter 3 (research aim 1) reviews how ligand efficiency scores have been applied to 
guide the selection and optimization of fragment hits. Both molecular size and lipophilicity 
are important ADMET related parameters that need to be carefully controlled during the 
drug discovery process. Ligand efficiency scores, like ligand efficiency (LE)1, binding 
efficiency index (BEI)2, ligand-lipophilicity efficiency (LLE)3, ligand efficiency dependent 
lipophilicity (LELP)4, fit quality (FQ)5-7, size independent ligand efficiency( SILE)8, that 
combine molecular size and lipophilicity have been proposed as a better guide during the 
drug discovery process than affinity on its own. Fragment-based screening (FBS) has 
become an established approach for hit identification. The advantage of fragments as 
starting points is that low molecular weight and hydrophilic compounds form the basis of 
the further optimization process, and the regular features to optimize affinity, such as 
molecular size and lipophilicity, are not initially constraining factors. Ligand efficiency 
scores are ideal parameters to guide the hit selection and optimization process.  

In Chapter 4 (research aim 1) the influence of simple molecular descriptors on the 
melting point temperature (Tm) has been investigated using a matched molecular pair 
(MMP) analysis. This method has been used to identify small structural differences 
between pairs of molecules, which are put into relation to changes in Tm. Our analysis 
shows that the number of hydrogen bond donors, hydrogen bond acceptors and rotatable 
bonds has a significant effect on the Tm of a molecule. Hydrogen bond donors have the 
most pronounced effect. Furthermore, the studies reveal that not ClogP but rather the 
number of bromine and iodine atoms has a marked effect on the Tm. The results of our 
MMP analysis are discussed within the context of drug solubility optimization. 

In Chapter 5 (research aim 2) the applicability of LBVS methods for fragments using 
different similarity methods and different consensus scoring approaches was tested. For 
this task, performance of all possible combinations of 14 similarity methods was tested. In 
addition, the dependency of the success of LBVS on similarity between the test and 
reference compounds was investigated. The results reveal that EDprints seems to be less 
dependent on similarity, and therefore is the most suitable method to enrich dissimilar 
scaffolds. Consensus scoring was shown to significantly increase enrichments of actives 
compared to the average enrichments. For group fusion (combining the similarity values 
obtained by comparing test compounds with several actives) ranked-by-vote and also 
(less frequently) the maximum similarity most often perform best. For data fusion 
(combining the scores of the different similarity methods) the mean-value and mean-rank 
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most often perform best. Interestingly the best performing individual method is not 
necessarily included in the best combination of similarity methods and also combining the 
best individually performing methods does not necessarily lead to considerably higher 
enrichments than other method combinations. Finally the study shows that although 
LBVS, especially for small fragments, can be challenging, it can be applied for fragment 
compounds and is also suitable for enrichment of dissimilar scaffolds. 

Chapter 6 (research aim 3) presents the combination of complementary in silico 
receptor modeling approaches with in vitro ligand structure-activity relationship (SAR) and 
protein site-directed mutagenesis studies to elucidate the binding modes of 2-
aminopyrimidines and indolecarboxamides in the H4R. In this study different ligand 
binding poses in combination with different protonation states in different H4R modeling 
templates were investigated. Site directed mutagenesis studies revealed important 
interactions sites in the H4R binding pocket. Using MD simulations these interactions 
could be studied in atomic detail, and formed the basis to explain ligand-specific mutation 
effects as well as subtle differences in SAR of the investigated H4R ligand classes. The 
studies underline that a combined theoretical and experimental approach represents a 
powerful strategy to map ligand-protein interactions. 

Chapter 7 (research aim 3) focuses on the elucidation of the binding conformation of 2-
aminopyrimidine ligands with flexible side-chains in the H4R binding pocket. In Chapter 6 
a binding mode for 2-aminopyrimidine ligands bearing a rigid phenyl moiety on position 6 
of the pyrimidine was proposed. In this study 2-aminopyrimidine ligands with flexible side-
chains were designed and synthesized to investigate the role of ligand conformation in 
H4R ligand binding. By combining structure-activity relationships, protein-ligand modeling 
studies, and quantum mechanical calculations we have obtained new insights into the 
molecular determinants of H4R-ligand binding and could elucidate ligand binding 
conformations and orientations in the H4R binding pocket. Our combined ligand- and 
protein-ligand modeling method can be used as a general approach to investigate the 
binding modes of flexible side-chains of ligands in other protein targets.  
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Conclusion and perspectives: 

The work presented in this thesis covers aspects of physicochemical properties of 
potential drugs that are important to consider for obtaining good pharmacokinetic and 
safety properties. Methods were developed to investigate the influence of simple 
descriptors on the melting point, which is an important factor for solubility. The applicability 
of different ligand based virtual screening methods for fragment screening was evaluated. 
Site directed mutagenesis studies and molecular dynamic simulations were used to 
investigate molecular determinants that play a role for ligand-H4R binding on an atomic 
level. Experimental and computational approaches, including ligand and structure based 
approaches were combined to investigate binding modes, binding conformations and 
protonation states of H4R-ligands. Our research led to an improved understanding of H4R 
ligand-interactions and offered explanations for the observed SAR of H4R ligands. This 
knowledge will be important to consider for the design of new H4R-ligands. 

1. Optimization of physicochemical properties 

Finding the most promising drug candidates  

The drug discovery process usually starts with screening of large compound libraries to 
obtain initial hits. Finding the most promising hit candidates for further optimization is a 
key success factor for medicinal chemists.9 Affinity optimization is often guided by 
experimental x-ray structures or structural models. However, optimization of potential 
drugs towards good pharmacokinetic and safety properties is often the challenging part in 
drug discovery. There are a lot of assays, that assess pharmacokinetic and safety 
properties, which a compound has to pass to be selected for further clinical development. 
These assays include solubility, permeability, oral bioavailability, volume of distribution, 
plasma protein binding, CNS penetration, P-Glycoprotein mediated efflux, brain tissue 
binding, in vivo clearance, hERG inhibition or Cytochrome P450 inhibition.10 Both, low 
molecular weight and low lipophilicity have been shown to be favorable in this aspect and 
are additional criteria beside affinity to consider in the hit selection and optimization 
process.3,10,11 Ligand efficiency scores were proposed that combine affinity, molecular 
size and/or lipophilicity (LE1, BEI2, LLE3, LELP4, FQ5-7, SILE8) as an improved parameter 
in comparison to just affinity. Such scores are reviewed in Chapter 3. Since this review 
was written other efficiency scores were proposed.12,13 Recent analyses suggest that the 
enthalpic part of the binding affinity (∆H) is more important than the entropic part as it is 
related to specific binding interactions.13 This part is governed by the number of non-
covalent bonds. It is therefore proposed that compounds with high enthalpic energies are 
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more specific. Enthalpic efficiency (∆H/HA) has been proposed as an additional score to 
guide hit selection and optimization.13 Recent studies show that the maximal achievable 
binding enthalpy appears to decrease with compound size which suggests that very high 
affinity can only be achieved by a significantly high entropic contribution to binding 
affinity.12 These insights suggest that a balanced affinity-enthalpy-physicochemical 
property profile is more desirable than high affinity on its own.9,14 Figure 1 shows 
examples of ligands of the human histamine H1 receptor ligands. The binding affinity of 
the small hydrophilic agonist histamine 1 is purely enthalpic, indicating that this 
compound forms very specific interactions. In contrast, the binding affinities of the bigger 
and more lipophilic antagonists fexofenadine 2 and clozapine 3 are purely entropic.15  

 
Figure 1. Binding enthalpy and entropy of histamine H1 ligands.15 

Understanding structure-property relationships  

Ligand efficiency scores are of course only rough guidelines in order to obtain favorable 
pharmacokinetic and safety parameters. Optimization of Absorption, Distribution, 
Metabolism, Excretion, Toxicology (ADMET) properties is still one of the main challenges 
in the drug discovery process.16 Accurate prediction of these properties is therefore of 
high value. In literature a substantial number of models for different ADMET properties 
have been proposed.16 However, for some ADMET properties the predicting quality is still 
quite low. Studies showed that non-linear models are better than linear.17 The 
interpretation of the influence of the parameters included in non-linear models to real 
chemical modifications is not a trivial task. Additionally, the parameters that are included 
in good predictive models are often hard to relate to structural features that can be 
synthesized.16 For medicinal chemists the knowledge, how structural features influence 
certain properties, is important. The identification of matched molecular pairs (MMPs) 
from a set of compounds allows the association of structural changes with the change of 
a property of interest. One of the key advantages of MMP analysis over other data 
analysis and modeling techniques is that it deals directly with chemistry and measured 
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data, ensuring clear interpretation of the results.18 MMP analyses have been applied to 
identify the influence of structural features on potency19,20 plasma protein binding19,21, 
solubility19,21-24, clearance25 , hERG inhibition22,23 or Cytochrome P450 inhibiton,22 and in 
Chapter 4 a MMP analysis was applied to analyze the influence of simple descriptors on 
the melting point (Tm) of drug-like molecules. The Tm is of particular interest as it 
influences drug solubility, which is an important factor for the bioavailability of small 
molecules.26 The advantage of MMP analysis is that the influence of descriptors on Tm 
could be analyzed leaving all other descriptors constant.  

 
Figure 2. A) Box plots of the Tm changes if two descriptors of interest (out of hydrogen bond donors, 
hydrogen bond acceptors or the number of rotatable bonds) are changed exactly by one while the 
remaining descriptor, as well as the number of each halogen atom type, remains constant B) Two 
MMPs from the Kartikeyan dataset27 showing the effect on Tm if one H-bond donor is added and one 
H-bond acceptor is removed.28.  

To use and combine results from different models can be challenging, as demonstrated in 
the MMPs analysis to identify the molecular determinants of Tm described in Chapter 4. 
For example both H-bond donors and acceptors decrease lipophilicity, which is favorable 
for solubility. However the MMP study shows that they also have the ability to increase 
the Tm, which is adverse for solubility. This can explain why certain groups providing H-
bond donors and/or H-bond acceptors do not or only hardly increase solubility.24 However 
this could have not been predicted in advance using MMPs. Another observation in the 
MMPs study presented in Chapter 4 was that structural exchanges can have quite 
different effects on Tm. This suggests that the surrounding atoms, where the group is 
attached to, also influence the effect of this group on a certain property. In case these 
surrounding atoms are set constant, the number of appropriate matched pairs in a 
dataset gets very low. The increase of datasets29,30 and ongoing development of 
modeling techniques18,31 will lead to more accurate models and will also improve the 
knowledge how to influence specific properties by design. This knowledge is important to 
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consider for target specific affinity optimization. For this task again MMP can be a useful 
approach, especially for the identification of activity cliffs.32,33 An activity cliff is a 
significant potency difference between two molecules that share a high degree of 
similarity.34,35 Such affinity cliffs can for example be the result of changes in H-bond 
capacities, basicity/acidity or hydrophobicity of functional groups.36 Exploration of such 
activity cliffs can be useful for identification of ligand-based features that are important for 
binding to a certain target.36,37 In case of histamine H4 receptor (H4R) this is a basic 
moiety that binds to the negatively charged D943.32.38,39 Affinity cliffs can give information 
about atomic details of protein-ligand interactions and provide useful information about 
ligand binding modes.36 Such information is important to consider for ligand design and 
target specific affinity optimization. 

2. GPCR modeling and drug discovery 

Ligand based virtual fragment screening  

GPCRs belong to the gene family that is most targeted by approved therapeutic drugs.40 
This is impressive as for a long time rational drug design was hampered by a lack of 
structural information. The first GPCR crystal structure was solved of bovine rhodopsin in 
2000. This structure was for long time the only available GPCR x-ray structure.41 In the 
recent years there was an exciting development in the field of GPCR crystallization, 
resulting in x-ray structures for A2A adenonsine42, adrenergic-beta-143, adrenergic-beta-
244, CXCR2 and CXCR4 chemokine45,46, dopamine D3

47, histamine H1
48, 5HT1B

49, 

5HT2B
50, M2 and M3 muscarinic51,52, neurotensin 153, nociceptin/orphanin FQ peptide54, δ-

, κ-, µ-opioid55-57, PAR 158, rhodopsin41, smoothened 7TM59, sphingosine 1-phosphate 
160, and alpha-9 nicotinic acetylcholine61.62 These structures have pushed the limits of 
rational drug design and in-silico discovery of new drugs.63-69 However for a lot of GPCR 
targets the structure, or a closely related structure is not solved yet.70 In such cases 
ligand based virtual screening (LBVS) techniques provide opportunities for hit finding. In 
Chapter 5 the applicability of LBVS techniques to enrich bioactive fragments was tested. 
Fragments are of special interest as they can be ideally optimized with a focus on good 
physichochemical properties.11,71,72 We used a dataset with know active and known 
inactive fragments which enables unbiased retrospective virtual screening. As LBVS 
methods depend on the similarity to already known ligands73 the challenge is to find hits 
that are novel compared to the already known actives.74 Our retrospective ligand based 
virtual fragment screening study (Chapter 5) demonstrated that the performance of LBVS 
methods depends on scaffold similarity. Nevertheless we also showed that enrichment of 
actives, that have dissimilar scaffolds compared to the respective reference actives, is 
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possible. High enrichments could be better achieved with larger ligands as reference 
actives. However, larger reference actives rank other larger test compounds first. This 
shows that the enrichment of especially smaller fragments in a dataset is challenging. 
Consensus scoring of multiple actives (group fusion) and multiple similarity methods (data 
fusion) was shown to increase the performance. A yet unsolved problem is finding the 
best combination of screening methods. We revealed that the combination of similarity 
methods that leads to best enrichment does not necessarily include the similarity method 
that leads itself to best enrichment. To elucidate the principles finding the best 
combinations of similarity methods will need more theoretical retrospective studies. 
However applying different virtual-screening methods in parallel and finally combining the 
resulting hit lists is highly recommended. In the case the 3D structure is available 
structure-based virtual screening (SBVS) can complement the findings of LBVS. Both 
methods, SBVS and LBVS have been shown to be successful in enrichment of active 
compounds.75-79 The advantage of SBVS is however that they do not depend on similarity 
on already known actives and are therefore more suitable to find more diverse hits.77 The 
combination of LBVS methods and SBVS methods is therefore a promising approach to 
for virtual database screening.80-85 Moreover including the presence of special ligand 
based features or the occurrence of important protein-ligand interaction as a selection 
filter in SBVS can be a useful strategy to increase virtual screening efficiency.65 

Modeling GPCR ligand interactions  

For rational ligand design and SBVS knowledge of the ligand binding mode and 
molecular binding determinants of known actives in a 3D structure is necessary. In case 
closely related x-ray structures are available experimental guided homology modeling is a 
suitable tool to obtain reliable 3D structural models. The success of homology modeling 
depends on the sequence identity of the receptor to any of the available x-ray structures. 
The overall fold of the 7 transmembrane (TM) helices of different GPCR x-ray structures 
is the most highly conserved component of GPCRs.62 Variation in the fold of the TM 
helices are most pronounced in the extracellular TM regions where ligand binding takes 
place.62,86 GPCRs contain highly conserved sequence motives like DRY in TM3, CWxP in 
TM6 and NPxxY in TM7 as well as conserved cysteines (C3.25 in TM3 and C45.50 in the 
extracellular loop 2 (EL2)) that form a covalent disulfide bond. Proper sequence 
alignment is crucial for the success of homology modeling. Misalignments result in wrong 
locations of amino acids residues. This affects the prediction of the correct ligand-protein 
interaction. The identification of insertions or deletions as well as the presence of 
structural motives like helical kinks or additional cysteine bridges is critical to obtain 
reliable homology models.87 Mutation studies allow the identification of amino acids that 
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interact with ligands. This knowledge is beneficial to guide homology modeling and to 
determine binding modes.38,87-90. However symmetric distributions of important 
pharmacophore features in the binding pocket or in ligands are challenges for ligand 
interaction modeling. For example in the chemokine CXCR4 receptor and in the 
histamine H4 receptor (H4R) a symmetric distribution of negatively charged residues is 
observed. Docking therefore results in several possible ligand binding modes.87,88,90,91 For 
accurate determination of the binding modes it is therefore important to combine in-silico 
tools that also take into account the dynamic behavior of protein-ligand complexes with 
experimental data. MD simulations can account for distributions of protein-ligand 
interactions and thus can give a more comprehensive explanation of ligand-dependent 
mutation effects and subtle differences in ligand structure-activity relationships.92,93 In our 
study described in Chapter 6 such a combined approach revealed overlaying binding 
modes for indolecarboxamides and 2-aminopyrimidines in H4R (Figure 3).  

 
Figure 3. SAR of mutation studies (L5.39V and E5.46Q, ΔpKI=pKI(mutated)-pK I(wt), blue: ΔpKI<1, red: 
ΔpKi>1) and initial binding poses of indolecarboxamides and 2-aminopyrimidines in H1R x-ray 
structure based H4R model that showed stable interactions with D943.32, E1825.46 and L1755.39 during 
a 1ns MD-simulation. Based on mutation studies these residues have been identified as important 
binding determinants.38,39,90 Additionally our study suggests that 2-aminopyrimidines bind in a double 
protonated form to the receptor, which can explain the severe loss in affinity upon E1825.46Q 
mutation (R=H: ΔpKI:1.1, R=Cl: ΔpK: 2.0). Compounds and pocket residues are depicted as ball-and-
sticks, whereas for clarity Y953.33 is shown as lines. H-bonds between the ligand and pocket residues 
are represented as black dotted lines. The backbone TM helices 5, 6, and 7 (right to left) are 
presented as yellow helices. Helix 3 is partially presented by yellow sticks. Subpockets I, IIa and IIb 
(see Chapter 6) are labeled in red. 
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The binding mode of the 2-aminopyrimidines was further supported by the design of 
VUF14880, a pyrimidine compound which has instead of the amino moiety an ethylene 
moiety that was shown to covalently bind to C983.36.94 

We showed that the consideration of different H4R modeling templates, ligand binding 
poses, and ligand protonation states in combination with molecular docking and MD 
simulations allowed to explain ligand-specific mutation effects and subtle differences in 
ligand SAR. This modeling approach led to an improved understanding of ligand-protein 
interactions.  

The study in Chapter 7 demonstrated that in some cases the binding mode is not enough 
to explain SAR differences. Calculations of conformational energies and measurements 
of the pKa were important factors to explain ligand dependent SAR. Figure 4 shows an 
example of how conformational energy analyses can be used in the elucidation of protein-
ligand binding conformations.  

 
Figure 4. (A), (B), and (C) shows examples of 2-aminopyrimidines with flexible side-chains. View 
and depiction is the same as in Figure 3. The respective dihedral angle and relative energies of 
these side chain orientations are indcated with triangles in panel (D) Black circles in panel (A) mark 
the atoms surrounding the monitored dihedral angle and the red array shows the direction in which 
the dihedral angle is monitored (in front of the plane). 
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The study shows that knowledge of the relative conformational energies and the strength 
of H-bond interactions can be crucial to understand ligand dependent SAR data. In future 
this information will be important to consider in the design of potent H4R ligands.  

While there are a lot of studies on determination of binding determinants38,39,88-90 and also 
selectivity determinants88,95,96 in GPCRs, reports on determinants for pharmacological 
activity of a compound are very rare. For GPCRs multiple downstream pathways are 
reported that can be differently affected by different ligands. The investigated 2-
aminoprimidines described in Chapter 6 are antagonists for G-protein signaling97 and the 
investigated indolecarboxamides are antagonists or partial inverse agonists for G-protein 
signaling.98,99 JNJ7777120 was additionally found to be a partial agonist for ß-arrestin2 
activation.100 However, subtle structural differences can lead to large shifts between 
agonistic, antagonistic or inverse agonistic effects for G-protein signalling95-97,101,102, ß-
arrestin2 signalling103,104 or to interchanges in both pathways103,104. Although inactive and 
active GPCR structures are currently available42,105-109 we are not yet able to design H4R 
ligands with a certain cellular effect. The elucidation of the molecular mechanisms of the 
receptor activations would therefore as well be interesting. Combining the knowledge of 
specific binding and activation determinates holds the promise to design highly potent 
compounds that stimulate beneficial responses while antagonizing adverse signaling 
routes.110-112  

Concluding remarks 

The increasing number of GPCR structures has led to increased understanding of binding 
interactions.113 Agonist and antagonist bound structures provide insights in active and 
inactive conformations. High resolution structures increased the possibilities of structure 
based identification of new ligands.64,65 An interesting research area is the in-silico 
identification of fragments. Fragments are of special interest as they can be optimized 
with a special focus on good physicochemical properties.11 The ligand efficiency indices 
discussed in this thesis provide guidelines for fragment based drug discovery. Both ligand 
based approaches and structure based approaches have been useful to identify 
fragments hits.65,77,83 The combinations of different ligand based approaches have been 
shown to increase the performance for virtual fragment screening methods. As a 
consequence also the combination of structure and ligand based approaches is 
recommended if structural information is available.80-85 In-silico ligand based approaches, 
like the presented MMP analysis are useful to identify descriptors or structural features 
that are beneficial for certain physical chemical properties (e.g., solubility, melting point) 
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and biological activity (e.g. affinity, potency) of molecules. The studies in this thesis 
moreover show how in-silico ligand and structure based techniques can be combined with 
experimentally determined information for elucidation of molecular binding determinants. 
Such an integrative approach can be used for investigations of binding determinants of 
new ligands and new binding sites. The presented tools and methods within this thesis 
can be applied during the different steps in the drug discovery process (see Figure 1 in 
Chapter 2). These approaches can serve as blueprints to support future drug discovery 
projects. 
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