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Chapter 1. Preface 
 
There is no more amazing and complex masterpiece in Nature than that of the human body, in 

which a small chemical entity has to act in a gentle way to cure a specific disease but not to 

harm in any way. The human body has multiple levels of complexity, since the highly specified 

machineries -the proteins- work with endogenous, natural compounds that are located in 

different chemical milieu, regulated in spatial distributions and have time dependent changes 

regarding their concentrations. Accordingly, xenobiotic drugs must hit their targets in the 

appropriate location, and with optimal kinetics. Meanwhile, drugs can interact with virtually all 

of the proteins (there are more than 30 000 relevant genes in the human genome), and have 

transport equilibrium between organs, tissues and cells. Drugs have characteristic 

pharmacokinetic behaviour based on their absorption, distribution, metabolism and excretion 

(ADME) and pharmacodynamics regarding their interactions with the targeted biological 

system (such as proteins, DNA, RNA).  

 Interactions of drugs can be characterized into target and anti-target classes; the desired 

effect that is presumed to counter-act the pathophysiological process is the target, while the anti-

targets comprise those interactions that are not designed and might cause adverse reactions. The 

depth of intricacy of the human biology makes the drug development process challenging, 

extremely expensive and explains its low success rate. 

 Therefore such approaches that can decrease the number of synthetized compounds by 

eliminating the potentially low quality ones that would later fail in the drug discovery process 

have crucial importance. Costs can be effectively reduced by the “fail early, fail cheap” 

philosophy. Rational approaches such as the use of computer aided drug design toolboxes have 

significant contributions to the success of drug discovery. The source of information that is 

incorporated in the mathematical, statistical or physical models incorporate ligand based 

informations, 2D or 3D descriptors, or knowledge of the protein, such as X-ray or NMR 

structures and vast amount of biochemical and pharmacological data. These methods can be 

used as filters for identifying the undesired chemical moieties as well as to effectively deisgn 

desirable ones. During last decades the capacity of computer hardware and the development of 

in silico sofware and basic tools had overgone wondrous improvement that is also reflected in 

their enhanced cost-efficiency. Although the complexity of biology could not be perfectly 

understood, in silico hit identification and subsequent optimization, ADME and toxicity 

predictions are integrated parts of modern drug research.  
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The studies presented in this thesis were conducted on the field of in silico ADMET predictions 

in a true drug discovery environment. The aim of this chapter is to give a short introduction to 

the field of pharmacokinetics and the in silico modeling possibilites.  

 

1.1 Fate of drugs in the human body 
The most general route of drug administration is oral, thus the active compound is formulated as 

tablet or capsule that can be swallowed. The pharmacokinetics, the study of the time course of 

the active compound within the body, generally considered to be affected by four steps: 

absorption, distribution, metabolism and excretion [1] (Figure 1.1).  

 
Figure 1.1. Fate of drugs in human body. 

The main measured pharmacokinetic feature is drug concentration in blood or plasma. First, the 

drug dissolves in the gastro-intestinal tract and absorbed through the gut wall. Next, it passes the 

liver and get into the systemic circulation. Blood circulation enables the distribution of the drug 

to various tissues and organs in the body. Drugs acting on targets located in the central nervous 

system have to pass the blood-brain barrier to reach its molecular target. The targets are related 

to the pathophysiology of the disease and generally include enzymes, receptors or ion channels 

on which the desired action such as inhibition, agonism or antagonism is excerted. The 

compounds are recirculated into the liver, and metabolized in order to increase its polarity. 

Finally, they are excreted by the renal tract via the urine, or in some specific cases via the faeces 

by the enterohepatic circulation. 

 As the drug is distributed in the human body several interactions can be formed with 

anti-targets that are responsible for side-effects and toxicity [2]. One of the crucial adverse drug 

reactions is torsades de point (TdP), a cardial event that might cause sudden death. TdP has 

been connected to the inhibition of the human ether a go-go related gen product, the hERG 
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potassium channel that is responsible for the repolarization and if inhibited induces QT interval 

elongation. This elongation results in arrhythmia and sudden death (torsade de pointes). 

Inhibiton of the hERG channel is one of the major reasons of the withdrawals of the marketed 

drugs including astemizole, cisapride, grepafloxacin, and sertindole. Hepatotoxicity is another 

serious adverse drug reaction that is responsible for the withdrawal of marketed drugs such as 

amineptine, bromfenac sodium, tolcapone, troglitazone and ximelagatran [2]. The most 

characterized biological systems involed in ADMET are summarized in Table 1.1.  

Table 1.1. Most important off-target proteins involved in adverse reactions and ADMET. 

Protein name Mode of action Adverse event ADMET affected 

Serum albumin Transport protein 
Plasma binding, low free durg 
level. Durg-drug interaction. 

Distribution 

P-glycoprotein Efflux transporter Efflux transport. 
Absorption, 
distribution 

Cytochrome isoenzymes 
such as CYP2C9, CYP2D6, 
CYP3A4 Metabolic enzymes 

Metabolism, inhibition. Food 
effect, Drug-drug interaction. 

Metabolism 

Pregnan receptor X 
Nuclear receptor. Biosynthesis 
regulation of CYP enzymes CYP induction. 

Metabolism 

Constitutive androstane 
receptor (CAR) 

Activates the transcription of 
genes including CYP members 
and transporters.  Metabolism, efflux tarnsport.  

Metabolism, 
absorption, 
distribution. 

hERG Potassium ion channel. 
Inhibition. Cardiovascular side-
effects. 

Toxicity 

5-HT2B receptor G protein-copuled receptor Valvular heart disease. Toxicity 

α1 adrenergic receptor G protein-copuled receptor Vasoconstriction of arteries. Toxicity 

 

1.2 Physicochemical parameters affecting ADMET properties 
Liberation of the active compound, including disintegration of the tablet or capsule, followed by 

dissolution, is the first event in the drug absorption process. Accordingly, low solubility has 

detrimental effect to good and complete oral absorption, therefore measurement and pre-

synthesis prediction is of great importance in drug discovery [1]. Analysis of the influence of 

twelve simple, consistent molecular properties revealed that a number of key ADMET assays 

run within GlaxoSmithKline (GSK) namely: solubility, permeability, bioaviability, volume of 

distribution, plasma protein binding, CNS penetration, brain tissue binding, P-gp efflux, hERG 

inhibiton, and cytochrome P450 1A2/2C9/2C19/2D6/3A4 inhibition depends on three major 

physicochemical descriptors: MW, logP and basic pKa or ionization state [3].  

 Lipophilicity has a major impact on a number of druglike features including ADME 

parameters and toxicological properties [4]. Lipinski and colleagues demonstrated the 

relationship between poor absorption, solubility and permeability and increased values of MW, 
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logP, and H-bonding partners for a dataset of 2245 compounds in clinical development [5]. 

Deteriorating effect of increasing lipophilicity was shown on an in vitro safety endpoint of 119 

central nervous system (CNS) drugs and 108 candidates [6] and also for 273 commercially 

available drugs (either marketed or withdrawn from the market) and 273 Pfizer proprietary new 

chemical entities [7] Animal in vivo tolerance studies involving 245 Pfizer preclinical 

compounds highlighted the impact of lipophilicity and topological surface area (TPSA) on 

toxicological outcomes, that led to the formation of the “clogp<3, TPSA>75”-rule to avoid in 

vivo risk factors [8]. When both factors are present a very clear and consistent trend was 

observed. Compounds with high-clogP/low-TPSA are approximately 6 times more likely to be 

toxic compared to the low-clogP/high-TPSA compounds. Large-scale analysis of in vitro off-

target assay results and corresponding physicochemical properties revealed the significant 

detrimental effect of increasing lipophilicity and positive charge on the adverse promiscuity [9]. 

More recently, a GSK team showed that increasing lipophilicity contributes to lower drug 

efficiency and consequently higher required doses that may increase the risk of adverse effects 

[10]. 

1.3 In silico ADMET modeling 
Computational ADMET predictions can be divided into two main categories: data modeling and 

molecular modeling [1]. These two approaches require different toolboxes. For data-modeling, 

typically quantitative structure-activity relationships (QSAR) are applied using statistical tools 

to search for correlations between a selected measured property and a set of molecular and 

structural descriptors of the compounds in question. QSAR models rely on a large database of 

compounds possessing biological activity. The database is divided into a training set and a test 

set. The training set is used to develop the QSAR model. These models are subsequently 

validated on the remaining part of the compounds in the database, not used during model 

generation. This set is called test set. There is a wide variety of techniques that can be used to 

formulate QSAR models including multiple linear regression (MLR), partial least squares 

(PLS), machine learning methods such as neural networks (NN), self-organizing maps (SOM), 

recursive partitioning (RP), Bayesian learning and support vector machines (SVM) [1].  

 Molecular modeling includes two approaches: modeling of protein-ligand interactions 

or pharmacophore models which are built from a superposition of known ligands. The first case 

requires the protein structure, therefore called as structure-based modeling, while the latter uses 

solely ligand based informations, thus called as ligand-based modeling. Breakthroughs in 

protein engineering and X-ray crystallography of the past decade had significant impact on 

structure based ADMET modeling. To date, several proteins have X-ray structure or can be 

made available as homology models (Table 1.2.) [11]. 
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Table 1.2. Structural resources for structure-based ADMET modeling. 

Protein PDB ID [examples] 
Serum albumin 1GNI 
P-glycoprotein 3G60 

CYP2D6 3TBG, 3QM4, 3QM4, 3TDA 
CYP2C9 1OG2, 1OG5, 1R9O 
CYP3A4 1TQN, 2J0D, 2V0M, 3NXU, 3TJS, 3UA1 
CYP1A2 2HI4 

Pregnan receptor X 1NRL 

Constitutive androstane receptor (CAR) 
1ILG , 1ILH, 1M13, 1NRL, 1SKX, 2O9I, 

2QNV,3R8D 
hERG Homology model (KcsA:1K4C) 

5-HT2B receptor Homology model (GPCR templates) 
α1 adrenergic receptor Homology model (GPCR templates) 

 

 Computational prediction of protein-ligand intearactions involves conformational 

sampling of the ligand in the binding site of the protein and estimation the binding energy. In 

order to achive high prediction speed along with acceptable cost-benefit ratio and accuracy both 

steps can be carried out by fast docking softwares. However, computationally more intensive 

methods can also be applied to understand the underlying molecular mechanisms such as 

molecular dynamics (MD) simulations, free energy perturbation (FEP) and by using methods 

combining quantum mechanical and molecular mechanical principles (QM-MM). 

 Considering the requirements of the pharmaceutical research, structure-based ADMET 

predictions are typically carried out by fast docking methods. Ligand based methods for 

ADMET prediction involves knowledge based expert systems that are based on large databases. 

The simplest possibility is similarity or substructure matches. There are rule based systems such 

as Pallas, and SMARTCyp that uses knowledge bases of known biotransformations for 

metabolism prediction and quantum chemistry based reactivity rules, respectively [12-13]. 

Among the ligand based methods, shape similartity, for example using ROCS [14], is also a 

viable stategy to predict site of metabolism, Pharmacophore-based methods extract the 

characteristic interacting points of known active compounds that represents the complementary 

points to the binding site derived from the superposition of known ligands. Such pharmacophore 

maps are modeled for the majority of the ADMET antitargets involving P-glycoprotein, various 

CYP isoforms, PXR and hERG [15-17]. 

1.4 Aims of this thesis 
 

In silico methodologies can support the optimization of chemical series in terms of ADMET 

related modifications and therefore have crucial importance and contributed significantly to the 

success in clinical development [1]. During the preparation of the thesis I was employed in the 
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Computer Assissted Drug Design team of Discovery Chemistry Laboratory at Gedeon Richter 

Plc.. Due to my involvement in the drug discovery projects I met the requirements of medicinal 

chemists on several ADMET optimization issues. Three major areas were found to demand in 

silico support that inspired my research: (i) relationships between metabolic stability and ligand 

structure and the site of metabolism, (ii) active efflux mechanism mainly mediated by P-

glycoprotein, and (iii) assessment of compound quality from multidimensional optimization 

aspects. Finally, these three fields were selected as bases for my research activity.    

 First, the breakthrough in protein crystallography enabled the development of structure-

based site of metabolism predictions. The CYP2C9 is one of the isoforms with major 

contribution to drug metabolism, CYP2C9 and CYP2C19 are responsible for the metabolism of 

~25% of the drugs [18]. Three crystal structures were available the apo, the warfarine bound 

and the flurbiprofen bound holo complexes [19-20]. My first aim was to understand and 

summarize the biochemical background of CYP catalysed biotransformations and the 

corresponding in silico methodologies (Chapter 2). Based on this knowledge, the next goal was 

to design and evaluate a novel and fast methodology, that relies on the universal catalytic-cycle 

of the CYP enzymes and is based on sofwares that are otherwise integral components of in 

silico drug discovery. The results of the proposed knowledge-based docking methodology are 

discussed in Chapter 3. 

  The crystal structure of mouse P-glycoprotein efflux transporter was published in 2009 

[21]. The structure elucidation prompted us to build the human P-glycoprotein structure by 

homology modeling and assess its potential applicability. This study had been divided into two 

parts. The first step was the analysis of the binding site and the binding mode prediction of well-

characterized ligands. In this case, a computationally more intensive approach was used to 

incorporate both ligand and protein flexibility during docking. The secondary objective was the 

assessment of the homology model from virtual screening ascpects. Therefore the performance 

of the docking method was tested by retrospective enrichment studies. The homology modeling, 

the binding site analysis and the enrichment studies are dicussed in Chapter 4.  

 In the third part of my Phd research compound quality was assessed in terms of the 

impact of lipophilicity on the development phases and in vitro ADMET assay results. The study 

was designed to evaluate ligand lipophilic efficiency metrics on the course of development 

phases including hit compounds, lead compounds, Phase II compounds and marketed drugs. 

The secondary aim was to translate the observed differences among the ligand lipophilic 

efficiency values during the course of development phases to specific in vitro ADMET assay 

results. The goal of this research was to evaluate ligand lipophilic efficiency metrics and give 

supporting information for medicinal chemists on the benefits of using such metrics to compare 

different chemical series from multiple aspects, including potential ADMET risks. These studies 

are discussed in Capter 5.  
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Chapter 2. Introduction 

2.1 Site of metabolism prediction 

2.1.1 Biochemistry of cytochrome P450 catalyzed metabolism 
CYP enzymes constitute a large superfamily of heme-containing monooxygenases with 

ubiquitous occurrence in almost all living organisms. CYPs show extraordinary diversity 

considering the catalysed reactions including hydroxylation, epoxidation, dealkylation, nitrogen 

and sulfur oxidation, oxidative cleavage and even alkyl-halide reduction. Among them, one of 

the most interesting (and also the most general) is the stereospecific hydroxylation of 

unactivated hydrocarbons at physiological temperature, a reaction that, uncatalyzed, requires 

extremely high temperatures to proceed, even nonspecifically. CYP-mediated 

biotransformations are involved in various physiological and pathophysiological processes 

including detoxification of potentially harmful xenobiotic compounds such as drugs, 

biosynthesis of steroids or lipids, and bioactivation of nontoxic compounds to toxic reactive 

intermediates and procarcinogens into ultimate carcinogens [22-26]. CYPs have crucial impact 

on the fate of drugs in human body as 7 of the known 57 human isoforms (1A2, 2C9, 2C18, 

2C19, 2D6, 2E2, 3A4) are responsible for > 90% of the metabolism of pharmaceuticals in 

current clinical use [27,28]. Understanding the mechanism by which these enzymes are able to 

activate oxygen to carry out this challenging chemistry has long been investigated, but many 

details have not yet been established [29]. A comprehensive overview of the underlying 

mechanisms responsible for the site of metabolism (SOM) is out of the scope of this thesis; 

therefore, a short introduction is presented here to give the essential biochemistry background 

for discussing computational approaches to the prediction of site of CYP metabolism. 

Considering pharmacological aspects, model generation for CYP-mediated 

biotransformations can be triggered for several reasons such as to: i) predict that a molecule is a 

substrate or an inhibitor on a specific isoform, ii) estimate the rate of the reaction, if it occurs, 

iii) approximate the Michaelis constant of the ligand or iv) predict the products of the 

biotransformation. This chapter focuses on the computational (in silico) modeling approaches to 

predict metabolically vulnerable points of the substrate or the products related to CYP-mediated 

biotransformations. Fast and accurate site of metabolism (SOM) prediction can aid the 

preclinical and clinical research tremendously, because: i) metabolic stability of lead molecules 

can be optimized in a rationalized way, even on virtually enumerated compound libraries, ii) 

during the experimental identification of metabolites the predicted structures act as useful hints 

and iii) the predicted potential metabolites would serve as a starting point for safety 

assessments.  

The catalytic cycle of CYP-mediated biotransformation is depicted in Figure 2.1 

[22,29]. 
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Figure 2.1. Catalytic cycle of CYP. Steps with relevance in SOM predictions. Product formation 

(left) and substrate orientation (right) and are depicted on inserts (Electronic effects graph and Steric 

effects picture). Boxes represent the ligand-enzyme comlex (2) and the product-enzyme complex (8). 

 

The first episode is a diffusion controlled displacement of the distally positioned water ligand 

(Figure 2.1, (1) ) of the heme (protoporphyrin IX) to the substrate at the active site of the 

enzyme (2). This is followed by the reduction of the heme iron (III) to iron (II) (3) by electron 

transfer from NADPH-P450 reductase. In the next step, the molecular oxygen occupies the 

distal position of the heme (4) in a relatively fast, diffusion controlled way. The following event 

is an electron transfer reaction (5) from the NADPH-P450 reductase or from the cytochrome b5 

to the heme-oxygen complex. The closely located acidic Thr or Glu/Asp residues found in the I 

helix of CYPs protonate the reduced oxygen (6). During the second proton addition, a water 

molecule is produced to generate the electrophilic high valent iron-oxo species (7), the activated 

oxygen intermediate (Compound I). It is noteworthy that the peroxide shunt is an alternative 

way to produce activated iron-oxygen species. In the following step, the iron-bound oxygen is 

∆G 
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inserted into the substrate (8). This step is suggested to take place via: i) sequential hydrogen 

atom abstraction-oxygen rebound that is considered to be the consensus mechanism or ii) 

sequential one-electron abstraction-deprotonation oxygen rebound or iii) concerted oxygenation. 

Kinetic isotope effect studies and computational results revealed this being the rate-limiting 

step, in general, of the catalytic cycle [30,31]. In the last step, the product is released via 

diffusion and the initial water-heme complex is restored. Considering thermodynamic and 

kinetic aspects, present in silico approaches typically take the binding free energy change (∆Gb) 

of substrate-protein complex formation, the activation energy (Ea) and the free energy change of 

the oxidative reaction (∆Greact) into account.  

SOM prediction tools capture different states of the catalytic cycle and can be classified 

as: i) orientation effect based methods which predict the first, substrate recognition step using 

information either from the protein structure or the spatial alignment of known ligands, ii) 

mechanism-based methods which focus on the electronic effects of the rate determining step by 

calculating hydrogen abstraction energy in model systems, iii) combined models which take 

orientation effect as well as mechanism-based electronic effects into account and iv) empirical 

models (expert systems) which consider the outcome of the catalytic cycle as represented in the 

database of known biotransformations. 

2.1.2 Substrate orientation-based predictions 
Methods classified in this group rely on the spatial alignment of the interaction pattern of the 

active site and the substrate to assess the region of the ligand positioned towards the catalytic 

oxygen as the SOM. Alignment algorithms can be: i) ligand docking, ii) comparison of 

molecular interaction fields (MIFs) between ligand and the active site or iii) ligand shape-based 

molecular alignment. 

Docking and MIF-based techniques require high resolution structural information of the 

protein. One of the first structure-based SOM predictions was reported in 1996 rationalizing the 

regio- and stereoselective formation of carbofuran metabolites within the binding site of 

P450cam [32]. Publication of the human CYP2C9 [19] structures in 2003 proved to be a 

milestone in this field, giving new impetus to the docking-based SOM methods. These 

structures were followed by several others, and recently almost all the human isoforms with 

high pharmaceutical relevance have been resolved (2C9, 2C8, 3A4, 2A6, 2D6, 1A2, 2A13, 

46A1, 2R1, 7A1, 2E1, 2B6, 51, 11A1)[33]. This prosperous abundance of human protein 

structures had been preceded by comparative models [34] built on the basis of bacterial P450 

structures that now have limited relevance. 

Because several thousands of drugs are metabolized by quite a few CYPs, it is not surprising 

that pharmacologically relevant CYP enzymes possess flexible binding sites with variable size. 

Analyzing the available CYP structures, it is obvious that there is a huge variability in the 
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volume of the binding cavity. Considering the volume of their substrate binding site, Otyepka et 

al. suggested that the isoforms can be divided into three classes: i) large active site such as 2C5, 

2C8, 2C9 and 3A4, ii) medium size active site such as 2B4 and 2D6 and iii) small active site 

2A6 and the later published 1A2 [35]. Active site cavity offers huge variability among the 

crystal structures of the same protein depending on the co-crystallized ligand or the apo form; 

conspicuous examples are 2C9 (1OG2, 1OG5, [19] 1R9O [20]) and 3A4 (1TQN [36], 1W0E, 

1W0F, 1W0G [37], 2V0M, 2J0D [38]). Interestingly, the binding pocket of some isoforms can 

host multiple copies of the ligand at the same time, as it has been observed in 3A4 co-

crystallized with ketokonazole (2V0M). It was published very recently that P450cam can 

dynamically visit an open conformation allowing access to the deeply buried active site without 

being induced by substrate or ligand [39]. The high conformational freedom underlines the 

importance of incorporating protein flexibility into the models via molecular dynamic (MD) 

simulations or building homology models to represent different active site conformations [40]. 

On the other hand, structures were obtained for three intermediates (Figure 2.1, intermediates 3, 

4 and 7) in the catalytic cycle of the hydroxylation reaction of camphor by P450cam with 

trapping techniques and cryo-crystallography that showed limited mobility of the ligand during 

the reaction [29,41]. The overall structure of the protein matrix in the 5-exo-hydroxycamphor-

bound P450cam (8) was found to be identical to that of the camphor-bound enzyme (2). 

Furthermore, the RMS shift of the common atoms of the product and the substrate is 0.13 � 

only [42]. The 5-hydroxyl group of the product forms a weak interaction with the heme iron 

atom as evidenced by the continuous electron density between the product OH group and the 

iron atom [42]. These observations and the principal features of the consensus mechanism 

suggest that not only the substrates but also the products must fit the active centre of the CYP 

enzymes; giving sufficient theoretical background for docking-based SOM prediction that on 

the other hand are seriously challenged by the typically large and flexible binding sites. 

2.1.3 Docking 
Docking programs predict energetically favorable binding conformations of the ligand in the 

active site cavity. This process involves sampling of the ligand conformational space within the 

basically rigid binding site and the subsequent binding energy based ranking of the generated 

possible binding modes by a scoring function. The distance between the heme iron and the 

heavy atoms of the top scored binding conformation is predictive for metabolically labile part of 

the ligand. The most commonly used algorithms for CYPs are AutoDock (Lamarckian genetic 

algorithm) [43], DOCK (geometric approach for macromoleculeligand interactions) [44], FlexX 

(incremental construction algorithm) [45], Glide (enhanced sampling with filtering) [46] and 

GOLD (Darwinian genetic algorithm) [47]. 
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Figure 2.2 Superposition of 1DZ4 (PDB ID) (ferric enzyme-substrate complex), 1DZ6 (ferrous enzyme-

substrate complex), 1DZ8 (iron-bound dioxygen substrate complex), 1DZ9 (enzyme-substrate complex) 

and 1NOO (enzyme-product) crystal structures of P450cam. Carbon, oxygen and nitrogen atoms are 

coloured green, red and dark blue, respectively. The iron atom is coloured cyan. 

The prediction of the feasible binding mode is a challenging task for several reasons: i) scoring 

the interaction with the heme prosthetic group, ii) scoring weak van der Waals interactions due 

to the lipophilic nature of the active site, iii) sampling a relatively large and flexible active site 

that hosts broad range of substrates with several SOMs in most compounds and iv) considering 

water molecules (including the catalytically active) in the active site [34]. It is interesting to note 

that successful docking methods providing exact binding mode tend to mix substrates and 

inhibitors if no estimation of reactivity is incorporated. de Graaf et al. published a docking study 

for SOM prediction of 65 CYP2D6 substrates and compared AutoDock, FlexX and GOLD 

programs [48]. They concluded that water molecules and the scoring function have crucial 

impact on the results. The presence of predicted water molecules in the docking studies was 

shown to strongly improve the accuracy. Considering the utilized methods, AutoDock and 

GOLD programs were superior to FlexX; AutoDock had 82% maximal accuracy at optimized 

conditions. Santos et al. published a recent paper to investigate the role of water in docking 

simulations of CYP2D6 [49]. MD simulation was carried out to find hydration sites in the 

cavity of 2D6. Inclusion of selected water molecules in the docking simulation resulted in 

different effects such as improvement, worsening, no effect and no improvement depending on 

the nature of the docked ligand. This study shed light on the relevant yet highly versatile role of 

water molecules in the 2D6 active site. Vasanthanathan et al. Predicted the SOM using GOLD 

algorithm for CYP1A2 and explored the role of waters [50]. In this case, no significant 

improvement was observed by the inclusion of water molecules independently on the ligands 
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docked. Afzelius et al. [51] published a comparative analysis of computational SOM prediction 

methods. Two docking algorithms, DOCK and Glide, were included to predict SOM for 2C9 

and 3A4 substrates from published literature and in-house data sets. Considering the first three 

ranked sites, DOCK and Glide gave similar performance (67 - 81% correct prediction for 

functional groups), except for CYP2C9 in-house compounds where Glide outperformed DOCK 

(45 and 79% correct prediction, respectively). Moreover, Sykes et al. used FRED [52] program 

with Piecewise Linear Potential scoring function for docking-based SOM prediction [14]. They 

found that 31 (70%) out of the 44 docked CYP2C9 ligands were correctly aligned in the active 

site. The impact of protein flexibility on the accuracy of docking-based SOM prediction was 

studied by Hritz et al. Docking 65 CYP2D6 ligands into 2500 structures obtained by MD runs 

[53]. These authors concluded that in spite of small conformational changes observed during the 

MD run these changes have dramatic effects on the resulting docking poses. Selection of one 

structure for docking-based SOM prediction using GOLD program resulted in 71% reliability, 

while using a simple and robust decision tree model to find the proper protein structure for each 

ligand resulted in 80% reliability. In summary, the dynamically increasing number of human 

CYP structures is a major leap forward for the accurate, docking-based SOM prediction with 

several critical issues to be solved in the future, such as scoring, the role of water molecules or 

the incorporation of the protein flexibility during docking. These challenges, therefore, limit the 

accuracy achieved so far to the range of 45-82% depending on the docking setup and the protein 

structure used.  

2.1.4 Comparison of molecular fields 
The program MetaSite [54-56] calculates the complementarity of MIF between a ligand and a 

particular CYP, assuming different orientations of the ligand with respect to heme iron. MIF is 

constructed by GRID [57] methodology using DRY (hydrophobic), N1 (amide nitrogen H-bond 

donor) and O (carbonyl oxygen H-bond acceptor) probes with a grid step 1 Å accounting for 

some limited protein flexibility (Grid MOVE directive). This option allows side chain flexibility 

to mimic the movement of the side chains as they accommodate different substrates depending 

on their size [55]. MIF interaction points are filtered by their interaction energy and the distance 

between the grid points that are used to calculate a new set of descriptors representing the 

interaction energy in a distance binned manner. Distance is measured from the oxygen atom 

attached to the heme iron in Compound I. Maximal interaction energy corresponding to each 

distance bin is used as descriptor. Query ligand is mapped with the same method: by locating 

the starting point of the distance binning on each hydrogen atom. The descriptors are converted 

into fingerprints and the similarity between the protein and all hydrogen fingerprints are 

calculated to rank them according to their complementarity. Accordingly, the hydrogen atom 

possessing the highest similarity is the predicted SOM. The efficacy of this model was 
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demonstrated on CYP2C9 using a test set including 43 different substrates (25, 3, 4 and 11 

substrates with one, two, three or four sites of metabolism, respectively) representing 87 

transformations. These authors reported that in > 90% of the investigated biotransformations the 

hydrogen atom ranked first, second or third by this method was found to be the known site of 

oxidation. It should be noted that the performance of MetaSite seems to depend on the nature of 

the CYP enzyme and the applied substrate database. Trunzer et al. published CYP2C9 

prediction results for 18 compounds and concluded that MetaSite predicted 14 (78%) molecules 

correctly, considering the best ranked three options [58]. Zhou et al. reported metabolite 

prediction for CYP3A4 substrates by MetaSite with 78% accuracy [59]. Comparative molecular 

field analysis (CoMFA) has been generally used to predict the Michaelis constant for ligands; 

however, comparison of the metabolic site of the template and the neighboring atoms of the 

ligand might serve information about the SOM. CoMFA identifies quantitative relationships 

between steric and electrostatic properties of the 3D ligand conformers and the biological 

activity. Although both MetaSite and CoMFA use interaction fields, it should be noted that 

these approaches are different. MetaSite is a structure-based training set independent method, 

while CoMFA is a ligand-based approach that depends on the set of compounds used for 

training. 3D-QSAR (quantitative structure--activity relationship) techniques and the prediction 

of the rate of the reaction or the Michaelis constant are reviewed elsewhere [34,60]. 

2.1.5 Shape alignment  
The idea behind shape alignment implemented, for example, in ROCS [61] and also in the 

Schrödinger Suite [62] is that molecules possess similar shape, if their volumes overlay well, 

and the volume mismatch can be considered as a measure of dissimilarity. ROCS minimizes the 

global match between the query molecule (the guide structure) and the molecule in the database. 

Shape similarity is represented by a Tanimoto score in the range of 0-1; score 0 and 1 refer to 

zero and full alignment, respectively. Because molecular recognition depends on the shape and 

also on the chemical features of each atom, ROCS takes chemical similarity into account by 

way of color-coded force field. Sykes et al. used the experimental binding conformation of 

flurbiprofen that was co-crystallized with CYP2C9 (1R9O) as a query molecule to align 70 

CYP2C9 substrates [14]. According to their hypothesis, the best overlay is capable of predicting 

the orientation of the substrate in the active site; therefore, the atoms in close proximity to the 

SOM of flurbiprofen are a potential SOM for the tested ligand. Overall, 51 out of 70 database 

molecules had successful alignments based on their SOM, with 60% of the molecules having 

their SOM aligned to within 3 Å of the SOM of flurbiprofen. The combination score (shape 

similarity plus chemical similarity) was maximized in 0.999 as a reliability cutoff for the 

alignment. Using this criterion, 39 out of the 44 acceptable overlays had correct alignment 

resulting in 89% of accuracy in SOM prediction [14]. 
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2.1.6 Mechanism-based predictions 
These approaches focus on the rate-limiting step of the catalytic cycle by the estimation of the 

activation energies of hydrogen abstraction. Quantum chemical models (semi-empirical models 

are discussed together with QM models) used for these predictions rely on the assumption that 

the ligand can rotate in the active site until the hydrogen atom with the lowest activation barrier 

and sufficient solvent exposure gets abstracted by the activated oxygen intermediate 

(Compound I). QM and hybrid QM-MM calculations used to study the structure, reactivity and 

selectivity of P450 enzymes were extensively reviewed by Shaik et al. [63] recently. Only those 

methods are highlighted here that are dedicated for large-scale predictions. Pioneer work of Yin 

et al. reported excellent correlations between biotransformation rates and the calculated 

activation energies for CYP-mediated hydrogen abstraction of halogenated alkanes [64]. These 

authors used a para-nitrosophenoxy radical (PNR) model system to calculate the activation 

energy from the heat of reaction and the ionization potential (IP) of the intermediate carbon 

radical using the following equation:  

�Hact = 2.60 + 0.22* �Hreact + 2.38* (IP) 

 Interestingly, this model depends only on AM1 (Austin Model 1) ground state energies. Jones 

et al. extended this model to the oxidation of aromatic compounds by changing the PNR model 

to methoxy radical using AM1 formalism [65]. PNR was found to be less adequate for aromatic 

compounds, because the tetrahedral radical intermediate is not the ground state. According to 

the model of Jones et al., good linear correlation was observed for the heats of reaction and the 

activation energies without using IP. They also created a combined model that was directly 

scaled to experimental difference in activation energy. Hydrogen abstraction energy was defined 

as the energy difference between the AM1 heat of formation of the native substrate and that of 

its radical by Singh et al. [66]. Internal steric effects were assessed through atom accessibility in 

terms of using solvent accessible surface area threshold. This model identifies all hydrogen with 

abstraction energies ~ 27 kcal/mol and surface area exposure ~8 Å2 as a potential SOM. Among 

78% of the cases, the correct SOM was included in the predicted hydrogens using 50 CYP3A4 

substrates. Because this procedure demanded high computational costs, a trend vector model 

was fitted to AM1 energies using descriptors derived from the chemical environment of 

hydrogens that resulted in R2 = 0.98 and s.e. = 2.06 kcal/mol for predicted AM1 energy.  

Park and Harris shed light on the impact of computational details as they calculated the 

energy landscape for methoxyflurane with B3LYP DFT functional to compare oxyferryl-heme 

and PNR model systems [67]. Computing the relative reactivity of CH2-H and CCl2-H they 

found similar preference in activation energy, but the barrier height for the oxyferryl-heme 

system differed by nearly a factor of 2 from that found by the surrogate PNR model. 

Consequently, they questioned the feasibility of the PNR model for the estimation of activation 

energy. Moreover, AM1 calculations were completely unable to differentiate between the two 
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above mentioned pathways. This poor performance of AM1 might be explained with the lack of 

crucial electron correlation effects; therefore, they suggested higher level DFT calculations to 

improve the predictability.  

This work was extended by Olsen et al. publishing a thorough analysis of QM 

parameters for calculating the activation energies for the hydrogen abstraction from 24 CYP 

substrates [68]. They compared Fe(V) porphirine equipped with distal O2- and proximal 

(CH3S)- ligands with small radical models (methoxy, phenoxy and PNR) at both the DFT 

(B3LYP,/6-311++G(2d,2p) and 6-31G(d)) and semi-empirical (AM1/6-31G(d)) levels. They 

concluded that: i) zero-point correction had negligible (mean absolute error (MAE) = 0.7 

kJ/mol) effect, ii) large basis set can also be avoided, with a bit larger impact on the accuracy 

(MAE = 6 kJ/mol using smaller basis set without zero-point correction), iii) the energies of the 

intermediates correlate well with that of the TS; however, for substrates with aromatic sp2-

hybridized groups next to the reactive carbon, the correlation disappears, iv) simplified radical 

models worked well at both B3LYP and AM1 levels (MAE 3-4 and 4 kJ/mol, respectively), 

while the simple phenoxy radical gave the smallest MAE and the best absolute energies. Next, 

various QM-based molecular descriptors were studied to substitute the computationally 

intensive transition-state search without a significant loss in accuracy. Considering the whole 

data set, the best correlation was obtained for the descriptors related to bond dissociation energy 

(BDE). A simple qualitative model was also established depending on the local environment of 

selected atoms. In total, five descriptor-energy pairs were derived that gave excellent (MAE = 

2.5 kJ/mol) accuracy in the prediction of hydrogen abstraction energies. This simple method 

was improved and six aliphatic and five aromatic or alkene carbon sites were labeled with QM-

derived energy value to create the neighboring atom type (NAT) model [69]. SOM predicting 

capacity of the NAT model was evaluated on 20 general CYP and 60 CYP1A2 specific 

substrates. NAT model combined with solvent accessible surface area of substrate atoms for a 

set of 20 ligands ranked the major metabolite at first position for 75% and in the top three for 

95% of the substrates. Considering the 60 CYP1A2 substrates, NAT model gave the major 

metabolite ranked in the top three for 87% of the cases. The recent paper of Rydberg et al. [13] 

describes an atom reactivity library that was derived from DFT calculations on 139 transitional 

states to assign hydrogen abstraction energies by SMARTS matching. Energies have been 

combined with 2D accessibility descriptors to compute score and rank of atoms within the 

molecule. Overall, 394 CYP3A4 ligands with experimentally identified SOMs were used for 

testing the efficacy of the SMARTCyp model. Compounds with metabolic position ranked first, 

first or second, or in the top three ranks were 65, 76 and 81%, respectively, showing similar 

results to that of the StarDrop method (59, 75 and 84%, respectively). Recent version of 

SMARTCyp (v2.2) incorporates simple, 2D ligand structure based descriptors derived for active 

site interaction hot-spot informations of CYP2C9 and CYP2D6 that further improved the SOM 
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prediction accuracy on these isoforms [70-71]. The main characteristics of this method are: i) 

high speed (3 ligands/sec), ii) acceptable accuracy, iii) program and source code are available 

free of charge via http://www. farma.ku.dk/p450 and iv) output format (html) can be interpreted 

easily.  

Mayeno et al. compared semi-empirical AM1, PM3 (Parameterized Model number 

3), SAM1 (Semiempirical ab initio model 1) and DFT methods using PNR surrogate and 

iron-oxo-porphirine model for calculating activation enthalpies of CYP-mediated hydrogen 

abstractions [72]. The comparison of transition state energies obtained at semi-empirical level 

using PNR surrogate and DFT activation energies calculated by a Compound I model revealed 

that the accuracy of lower level calculations are limited except for simple alkanes. This finding 

suggests that the mechanism-based SOM prediction of drug-like molecules typically requires 

higher level DFT calculations.  

EaMEAD model uses empirical equations that were derived on the basis of descriptors 

(e.g., atomic charges, effective polarizabilities and bond dipole moments) obtained by AM1 

semiempirical calculations on the substrates [73]. EaMEAD was shown to accurately predict the 

activation energy of the rate-limiting step with a correlation coefficient of R = 0.94 and root-

mean-square error (RMSE) of 0.70 kcal/mol for aliphatic hydroxylation, N-dealkylation and O-

dealkylation and R of 0.83 and RMSE of 0.80 kcal/mol for aromatic hydroxylation. SOM of 46 

CYP3A4 substrates were predicted with EaMEAD model resulting in 28 correct predictions, 

considering the top two ranked sites, while the efficacy of the trend vector model by Singh et al. 

on the same compound set was 43.5%.  

QMBO and QMSpin models were published by Afzelius et al. to predict SOM on 82 

public substrates (65 CYP3A4 and 49 CYP2C9 substrates, among them 32 were metabolized on 

both enzymes) and 40-40 (CYP3A4 and CYP2C9) unpublished in-house compounds from 

AstraZeneca [51]. QMBO method assumes that the hydroxylation occurs at the weakest bonded 

hydrogen location; accordingly, atom pair bond orders were calculated from the wave function 

using B3LYP/3-21G level of theory. Prediction was fine-tuned with a function considering 

solvent accessible surface area. QMSpin prediction utilizes an alternative catalytic hypothesis, 

where the initial step is an electron transfer from the substrate to the heme iron that generates a 

positively charged radical ligand intermediate. The radical reacts with the nucleophilic heme 

iron-oxygen complex or with the surrounding water molecule. Therefore, this methodology 

assumes that the SOM will be at the position of the spin hole in the positively charged radical. 

Density functional (B3LYP/3-21G) calculations were carried out and the magnitude of the 

Fermi contact term was taken as a measure for spin density on each hydrogen atom. Ranking 

was based on the Fermi contact value in combination with steric function. Although the QMBO 

method slightly outperformed the QMSpin approach, it is important to notice that these methods 

provided the highest predictability among the tested methods (SPORCalc, MetaSite, MetaGlide, 



 22 

MetaDock) when the three top ranked functional groups were considered for CYP3A4 or 

CYP2C9 in both public and in-house data sets [51]. 

Shaik and co-workers found useful linear correlation between H-abstraction barrier for a 

series of alkanes and corresponding C-H bond strengths [74]. The same group later published 

the valence bond (VB) model of Compound I catalyzed oxidations in various cases such as 

hydroxylation, epoxidation and sulfoxidation [75-77] and rationalized the origin of barriers. 

From quantitative aspects VB modeling of C-H hydroxylation revealed that the barrier for the 

reaction can be estimated with BDE and the reorganization energy of the alkyl radical [77]. VB-

derived barrier heights are close to the DFT computed values, with an average deviation of 1.53 

kcal/mol [77]. 

In summary, the evolution of QM methods approximating the activation energy of 

hydrogen abstraction from semiempirical ground state to DFT transition state calculations 

shows that this approach is a dynamically developing and promising method for predicting 

substrate reactivity in CYP enzymes. In addition, these methods are capable to estimate rate 

constants as well. On the other hand, there are some limitations of these approaches: i) high 

computational costs and related time-consuming predictions and ii) available crystal structures 

suggest that free tumbling of the substrate might be limited indicating the importance of 

orientation effects neglected here.  

2.1.7 Empirical and knowledge-based predictions 
Empirical approaches can be grouped into three classes: i) rule-based expert systems, ii) query, 

substructure or similarity searches in biotransformation databases and iii) QSAR models based 

on ligand descriptors. The first two models are holistic approaches that rely on statistical 

probabilities, while the third group is in between mechanism-based models and empirical 

models, but they share the common viewpoint that only substrate-based, empirical information 

is utilized.  

Successive extension of biotransformation databases provided a reliable background for 

the development of fast, mainly structure and/or substructure search, similarity search or 

reactivity rule-based empirical methods for SOM prediction. Quality and quantity of the 

incorporated biotransformation data are critical in this field, because biochemically relevant 

diverse reaction types on dissimilar molecules are required to achieve reasonable sampling of 

the CYPs catalyzed biotransformation space. The first two of these databases MetabolExpert 

[12] and META [78-80] were constructed by compiling literature intentionally limited to well-

established sources such as textbooks and reviews assuring the quality of the information [81]. 

MetabolExpert, a rule-based expert system that predicts potential metabolites by the rules 

constructed from known metabolic transformations covering > 400 article references [82], 

generates all possible metabolites without any ranking, while META further assigns an 
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estimated hierarchy for the likelihood of the metabolites to occur. METEOR system contains a 

biotransformation dictionary describing > 300 reaction rules and > 800 reasoning rules [83-84] 

to evaluate the ranked list of predicted metabolites. Much of the publicly available data have 

been collected by Symyx [85] (previously MDL Metabolite) which contains > 80,000 metabolic 

transformations of xenobiotics reported in the scientific literature [86]. Substrate Product 

Occurrence Ratio Calculator (SPORCalc) is a data-mining method that uses the Symyx database 

for SOM prediction. SPORCalc uses hierarchical radical fingerprinting that is encoded by a 

sparse 2D matrix to compare atoms in the query with atoms in the database by objective 

function [87-88]. SPORCalc method was tested with 30 CYP substrates that were not included 

in the database that resulted in 87% of correct predictions considering the three top ranked sites 

[88]. Information stored in metabolites can be assessed via atomic environment fingerprint-

based MetaPrint2D method that also utilize occurrence ratio for SOM estimation [86]. 

Sheridan et al. published QSAR-based, SOM regioselectivity models for CYP3A4, 2D6 

and 2C9 isoforms that were developed purely on empirical basis, using the structures of the 

substrates only [89]. Descriptors mapped the local environment around each heavy-atom such as 

detailed substructure descriptors, solvent accessible surface area, physicochemical environment 

(radial distribution of donor/acceptor, hydrophilicity and formal charge properties), hydrophobic 

moment and span (edge or middle position of SOM in the molecule in a topological sense). 

QSAR models were built by random forest technique; each atom was treated as a separate entry 

with its own descriptors and binary response. Predictions were returned as probabilities that a 

given atom would be a SOM as a real number between 0 and 1. Considering the three 

investigated isoforms, the empirical regioselectivity model gave correct predictions in the range 

of 67-84% when the top ranked two sites were included. Using the same substrate collections, 

the Sheridan model outperformed the predictions of MetaSite and that of the Singh model [89]. 

Aromatic hydroxylation sites were predicted by a statistical method described by 

Borodina et al. [90]. Transformations were coded by 2D topological descriptors that refer to 

Reacting Multilevel Neighborhood of Atom describing atoms and bonds in the molecule that are 

involved in CYP-mediated biotransformations. All potential aromatic hydroxylation 

transformations are generated for the substrate based on the vocabulary of transformation 

patterns from the Metabolite (now Symyx) database that was refined by human experts. The 

prediction algorithm was trained to distinguish between true and false transformations based on 

789 structurally unique first step mammalian transformations referred in the database as 

belonging to the ‘Aromatic Hydroxylation’. Statistical model was tested on 1552 substrates and 

benchmarked against quantum chemical models. The evaluation resulted in 84.5% independent 

accuracy of prediction (IAP = N(rankr<ranku)/(Nr*Nu)*100%, r-index indicates true (real), u-

index indicates false (unreal) transformations) that was comparable to quantum chemical 

models with significantly lower computational costs.  
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2.1.8 Combined models 
In the likely situation when an atom with the highest predicted reactivity cannot interact with 

the activated oxygen because of the ‘size-exclusion’ nature of the corresponding binding site or 

is shielded by steric factors within the molecule, the prediction will fail. Likewise, if spatial 

requirements are fulfilled for several atoms in the molecule, the reactivity will determine the 

product formation. To avoid these pitfalls, the orientation of the substrate and the reactivity of 

the selected atoms should be considered in parallel that calls for combined models.  

de Groot et al. combined ligand-based pharmacophore modeling and structure-based protein 

modeling with molecular orbital calculations (AM1) for CYP2D6 substrates for SOM prediction 

[91]. The model involved 72 metabolic pathways catalyzed by CYP2D6 in 51 substrates. Seven 

compounds were used for model validation. The combined model correctly predicted six out of 

eight observed metabolites.  

Currently, MetaSite is a combination of both protein recognition and reactivity because 

from version 1.7 it contains a reactivity component as a default option to estimate the ease of 

hydrogen abstraction; moreover, a CYP isoform-specific variable was introduced to 

discriminate between reaction types from version 3.0. For example, the weight factor for N-

demethylation is lower than 1 for CYP2C9 and higher than 1 for CYP3A4 reflecting that 

CYP3A4 has a higher probability to catalyze N-demethylation than CYP2C9 [92]. Recently, 

MetaSite was used to construct the probability of a SOM from the product of orientation-based 

MIF comparison index, reactivity index and isoform specific index [93]. Because the 

calculation of the reactivity index does not involve time-consuming steps the prediction is 

reasonably fast.  

Catalyticphore-based docking and activation energy estimation were combined by Oh et 

al. to create MLite tool for SOM prediction [94]. Two kinds of models, both utilizing AM1 

calculations of ground state, were tested for reactivity prediction of vulnerable sites similar to 

the models published by Korzekwa et al. [64,95] and Singh et al. [66] for 72 CYP3A4 

substrates. Considering the top two predicted sites, the Korzekwa model slightly outperformed 

the model of Singh (57 and 53% accuracy, respectively); therefore, the catalyticphore docking 

was combined with the activation energies computed by the Korzekwa model that resulted in 

76% of correct predictions considering the top two predicted sites for the 25 molecules in the 

test set. Because many of the failed cases were O-dealkylation reactions of oxygen atoms 

neighboring to a double bond, -4 kcal/mol penalty to the activation energy to this type of 

reaction was introduced that increased the predictability for O-dealkylation reactions without 

any expense to other reaction types. The modified MLite predicted the SOM in 82% of the cases 

correctly considering two top ranked sites on 72 substrates.  

A similar approach was published by Jung et al. [96] that consists of the following 

steps: i) AutoDock calculations to assign an atom as a possible metabolic site if the distance 
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between the Fe atom and the selected atom is lower than 5.5 Å to start estimation of binding 

free energy, ii) in case of aliphatic oxidation, the hydrogen atoms must have sufficient solvent 

exposure (solvent accessible surface area > 8 Å2) and iii) the activation energies for all possible 

sites are calculated with the method proposed by Korzekwa and co-workers [64] and Jones et al. 

[65]. The Boltzmann distribution calculated from the binding free energy plus activation energy 

contributions was used to estimate the probability of potential SOM sites. Considering the two 

top ranked sites the predictability of the activation energy method was 67%, while the combined 

model gave 100% prediction accuracy on 12 CYP1A2 substrates. 

This thesis represents a different approach that relies on the observation that the 

substrate and the product overlap in available P450cam crystal structures captured along the 

catalytic cycle. This overlap suggests that the product should also fit the active space [41] of the 

contributing CYP isoform. This method combines the advantages of the knowledge-based 

method, MetabolExpert, with the docking-based ranking by Glide for the prediction of SOM. 

This approach will be discussed in details in the next chapter.  

Holistic methods such as QM/MM have the univocal advantage among the combined 

methods, because the coordinative effect of the protein structure and the electronic effects can 

be analyzed simultaneously [63]. Bathelt et al. studied benzene hydroxylation in human 

CYP2C9 using QM/MM calculations that resulted in similar rate constants to that of the 

experimental values of benzene metabolism in CYP2E1 [97]. Active species of CYP3A4 and 

the impact of cooperative binding were modeled applying QM/MM calculations by Fishelovitch 

et al. It was reported that the substrate stabilizes the Fe-S bond and prevents the localization of 

the radical on the sulphur [98]. Nevertheless, QM/MM methods are computationally intensive 

and consequently their conformational sampling is indeed limited. Therefore, it can be 

concluded that these calculations have a fundamental importance in understanding the 

mechanism of CYP enzyme catalyzed reactions, but -to date- the large scale application of 

QM/MM based SOM prediction is hampered by its low throughput. 

2.1.9 Summary 
Beyond the amazing variety of biotransformations catalyzed by CYP enzymes, a sophisticated 

chemical machinery is operating. Although the underlying biochemical mechanisms have not 

been fully understood in detail, tremendous attempts have been made to model and rationalize 

the outcome of CYP-mediated biotransformations. Because these biotransformations play a 

central role in drug metabolism, there is a high demand for accurate in silico prediction of the 

metabolically vulnerable sites. The key requirement of the model system is to deliver accurate 

results even on new scaffolds that involve an obligate extrapolation from the application domain 

of the model representing a very challenging task. I have collected virtually all published SOM 

predictions and summarized for the most important CYP isoforms such as CYP1A2, CYP2D6, 
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CYP2C9 and CYP3A4. Predictions on more than five compounds were incorporated in this 

analysis and the SOM prediction was evaluated in terms of ranking the metabolic sites in the top 

three ranked positions (Figure 2.2). Originally, these data were not generated for direct 

benchmark and accordingly slight differences in the SOM definition may occur. Nevertheless, 

we assume that this kind of analysis is capable of capturing the present status of SOM 

predictions, shows the general trends and provides implications for future directions.  

 

A 

 



 27 

 

B 

 
C 

 
 

 

 

 

 



 28 

 

D 

 
Figure 2.2. Predictability of published SOM predictions on A) CYP1A2, B) CYP2C9, C) CYP2D6, D) 

CYP3A4 Numbers indicates the number of sites considered. ‘Mechanism’ indicates QM and semi-

empirical methods. Numbers at the end of the lines indicate the number of top ranked sites incorporated. 
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The CYP1A2 (Figure 2.2) combined models outperformed mechanism-based quantum 

mechanical calculations, if the first or first and second ranked metabolic sites are accounted. 

The only exception is the NAT model used on a very small set of 12 CYP1A2 substrates. 

However, when the top three ranked sites are evaluated, the difference between the methods 

became marginal. Based on these results, utilizing the combined model seems to be a 

straightforward approach. Comparing prediction accuracies to those obtained for other isoforms, 

it can be concluded that metabolic site prediction on CYP1A2 can be carried out with the 

highest efficacy among the four investigated isoforms. It is interesting to note that this particular 

isoform has the smallest binding site volume and the lowest flexibility from all the isoforms 

compared here. Results obtained on CYP2D6 (Figure 2.2) shows a somewhat similar picture as 

in the case of CYP1A2. Combined methods have an advantage over the single approaches; 

however, in this case only limited data have been generated that prevents a more detailed 

comparison.  

 The benefit of combined models is also shown for CYP2C9 (Figure 2.2), as indicated 

by the performance of MetaSite using top two ranked sites. Considering the top three ranked 

sites, all in silico techniques had similar predictability. Numerous papers report SOM 

predictions on CYP3A4 utilizing a large variety of approaches. This enzyme was co-crystallized 

with two copies of ketokonazole which indicates the importance of its extended and flexible 

binding site. According to the published crystal structures, high variability of the binding site 

volume has been observed that is in agreement with the relatively low predictability of docking-

based methods. On the other hand, the knowledge-based SPORCalc, the mechanism-based 

QMBO or the combined model in MetaSite could predict the SOM correctly >80% of the cases, 

considering the top three ranked sites. The impact of reactivity in case of MetaSite is strikingly 

shown in Figure 2.2, by comparing the reactivity-off and reactivity-on cases. In conclusion, in 

silico SOM prediction approaches are dynamically developing and the evolution of the models 

is clearly reflected in the improved predictability of SOM sites. Different isoforms prefer 

different models and sometimes different approaches; however, it is noteworthy that the 

combination of the mechanism-based approach with the orientation effects is a straightforward 

and promising way to improve the prediction accuracy. It can also be concluded that 

knowledge-based systems give the smallest variation of the predictability, besides moderate or 

good efficacy. The published trials of the approaches utilizing diverse compound collections are 

still limited in many cases. Community-wide publication of experimental data and 

corresponding SOM predictions using different methodologies -even on in-house data- might, 

therefore, impact future developments significantly. 

 



 30 

2.2 Estimation of P-glycoprotein mediated efflux 
 
The first identified eucaryotic ATP-binding cassette(ABC) transporters were discovered due to 

their potency to export hydrophobic drugs out of the cell. Overexpression of the most prevalent 

member of the ABC superfamily, the P-glycoprotein (P-gp) can make the cells simultaneously 

resistant to a variety of chemically unrelated cytotoxic drugs that are widely used in cancer 

chemotherapy, thereby contributing to multidrug resistance phenomenon. On the other hand, 

this ABC transporter plays a crucial physiological role in protection from harmful agents. 

Accordingly, mice lacking P-gp are viable and fertile, but are hypersensitive to cytotoxic 

compounds. Moreover, elevated drug levels in many tissues and decreased drug elimination 

were shown [99]. Human P-gp is expressed in numerous tissues such as intestinal epithelial 

cells, brushborder of renaltubule, canalicular side of the hepatocytes and brain endothelial cells 

[100], consequently it has great impact on adsorption and distribution of therapeutic agents. 

Oral absorption and blood–brain penetration can be limited by P-gp transport. Moreover, co-

administration of a drug that is substrate, inhibitor or inducer, may affect the kinetics of the 

drugs interacting with P-gp [101,102]. Considering its influence on multidrug resistance and 

pharmacokinetics, P-gp has been identified as a crucial anti-target in pharmaceutical research. 

Consequently, understanding the molecular basis of drug binding and transport mechanism of P-

gp has primary importance [103,104]. The recent publication of the structure of mouse P-gp 

[21] prompted us to build a new model for the highly homologous human P-gp and investigate 

its binding site characteristics.  

 P-glycoprotein, a product of the mdr1 gene in humans, is composed of 1280 residues 

organized into two homologous halves in a single polypeptide chain. The 170-kDa protein 

contains six putative transmembrane (TM) sequences and an intracellular nucleotide binding 

domain (NBD) at each half, giving a total of 12 helices and two NBDs per protein. NBDs are 

better conserved than the TM domains and harness energy from ATP hydrolysis for the 

transport process. The ATP binding site is lined with conserved sequences among ABC 

transporters such as the Walker-A motif (P-loop), Q-loop, Leu–Ser–Gly–Gly–Gln signature 

sequence (C-loop), Walker-B motif, D-loop and H-loop that coordinates Mg2+ ion and ATP. 

The brief hypothetical transport cycle is initiated by ligand binding in the TM domain followed 

by ATP binding at the NBDs. ATP binding and/or cleavage leads to significant conformational 

rearrangements and the two NBDs forms a dimer. Conformational change also occurs in the TM 

domains that allow the release of the ligand at the opposite side of the membrane. A vast battery 

of biochemical, biophysical and bioinformatical tools has been used to explore structural 

characteristics of P-gp [103,104]. Drug-binding pocket is located at the TM region, since 

truncated mutants lacking NBDs retained their ability of interaction with substrates. 

Investigations of separately expressed TM domains underlined the importance of the interaction 



 31 

between the homologous halves in drug binding, but it has also been observed that they do not 

have to be covalently attached. 

 Multiple binding site hypothesis first emerged during transport studies; revealing 

distinct rhodamine (R-site), Hoechst 33342 (H-site) and regulatory site for progesterone and 

prasosin [103, 104]. Radioligand binding studies suggested that P-gp contained at least four, 

while competition experiments plotted seven different drug-binding sites [104]. Complex drug-

binding mechanisms could be the reason for unusually fuzzy and promiscuous ligand specificity 

of P-gp, involving a wide range of compounds from 330 to 4000 Da such as mitomycin (334 

Da), amisulpride (362 Da), flupheanzine (437 Da), daunorubicin (527 Da), docetaxel (807 Da), 

rapamycine (914 Da) and cyclosporine (1202 Da). Fluorescent biophysical approaches indicated 

that the protein-binding site is located in a hydrophobic environment, with polarity lower than 

chloroform [90]. Several electron density maps have been published, including electron 

microcopy maps of the ADP-complex and the nucleotide-free protein giving insight into P-gp 

architecture [106,107]. Mutational data [103,104] shed light on the key residues lining the drug-

binding pocket. Colchicine, rhodamine, vinblastine and verapamil transport was studied 

extensively to characterize the drug-binding pocket of the mutated variants [103, 104]. Alanine 

scanning mutagenesis was the first approach to localize the drug-binding sites of P-gp, but 

resulted limited success, since most mutations had no effect or caused only modest changes in 

substrate specificity [103, 104]. Cystein mutagenesis coupled with thiol-labeling approaches -

using modified substrates substituted with reactive bifunctional groups and protection from 

reaction with preincubation with substrates- successfully identified important residues in drug 

binding such as Ser-222, Leu-339, Ala-342 and Gly-984 in the case of verapamil and Ile-340, 

Ala-841, Leu-975, Val- 981 and Val-982 in the case of rhodamine. Arginin-scanning 

mutagenesis was also applied to monitor the drug-binding cavity, providing information about 

key amino acids; for example Leu65Arg, Thr199Arg and Ile306Arg mutations inhibited 

vinblastine interactions while the Phe343Arg mutation inhibited binding of rhodamine [103, 

104]. 

 Seven high-resolution bacterial structures were published between 2000–2007, such as 

the five importers (BtuCD [108], ModBC-A [109], HI1470/1 [110], MalFG/K [111] and MetNI 

[112]) and two drug exporters (Sav1866, a Staphylococcus aureus transporter [113,114] and 

MsbA [115]). Sav1866 crystallized in the presence of ATP was observed in outward facing 

conformation, with NBDs in close proximity. MsbA co-crystallized with the ATP analogue 

AMPPNP was also observed in NBD-dimerized form, with an outward opened binding pocket, 

while in the absence of the nucleotide open- and closed-apo protein structures were resolved. 

Considering the open-apo architecture, the NBDs are separated approximately 50 Å apart. Three 

X-ray structures at 3.8 Å resolution, such as the ligand-free mouse P-gp, and mouse P-gp bound 

to two stereoisomers of a novel cyclic hexapeptide inhibitor, all in the absence of ATP, 
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presenting open-apo conformation were recently published [21]. The inhibitor is coordinated 

mainly by the hydrophobic residues and dual binding of the two stereoisomers has been 

observed. Mouse P-gp has 87% sequence identity to the human ABCB1 transporter providing a 

better template for homology modeling than Sav1866, since it shares only 17% sequence 

identity at the TM domain. It is important to note that some authors questioned the relevance of 

the mouse P-gp structure, since it is unlikely that P-gp exists in the cell in a ‘nucleotide-free’ 

state [116]. Several homology models have been published that employ the bacterial crystal 

structures and binding mode of ligands [117–123]. Recently Wiese et al. found good correlation 

between the 3D pharmacophore model and the predicted binding mode of quinazolinone series 

[124]. However, neither systematic binding site mapping nor docking-based enrichment studies 

have been published on new generation mouse P-gp-based models to date.  

2.3 Assessment of lipophilic ligand efficiency 
 
Lipophilicity is one of the crucial parameters used in drug discovery [4]. Measured as the 

logarithm of the octanol−water partition coefficient (logP) or as the pH-dependent distribution 

coefficient (logD), it contributes to potency [125], has an inevitable role in selectivity and 

promiscuity [126], affects compound solubility, determines the passive permeability of small 

molecules through biological membranes [127], impacts drug metabolism and pharmacokinetics 

[3], and influences adverse effects and compound-related toxicity [8]. It has been recently 

shown that lipophilicity has therefore a major impact on compound quality routinely assessed at 

the milestones of the discovery process including identification of chemical starting points, 

viable chemical leads,[128] and development candidates [129]. The low variance of 

lipophilicity over the past decade of drug candidates and marketed drugs also underscores its 

central role in drug discovery settings [129]. On the other hand, however, lipophilicity is, 

contrary to successful lead optimizations [130], typically increasing along optimization paths, 

and this undesired shift is a major factor for the well documented inflation of physicochemical 

properties [125,126,128,131] observed in most medicinal chemistry programs. Because 

multidimensional optimization toward oral drug candidates should deliver compounds with 

logP/logD between −1 and 3 [3,8,126,127] this relatively narrow range requires the effective 

control of lipophilicity. In addition to basic parameters such as logP/logD or related measures 

(e.g., chromatographic log k), lipophilic efficiency indices provides a straightforward and 

meaningful way to control lipophilicity. A vast amount of project data indicate that the quality 

of hits and leads have a decisive effect on the fate of the chemotype in lead optimization and 

preclinical development. There is an increasing consensus [125,126,132,133] that efficacy 

indices typically used for ranking compounds or chemotypes can significantly support 

medicinal chemistry programs in delivering high quality candidates. Lipophilic ligand 
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efficiency (LLE) introduced by Leeson and Springthorpe is a typical example of efficacy 

indices [126]. Defined as the difference of logP (or logD) and the negative logarithm of a 

potency measure (pKd, pKi, or pXC50), LLE describes the contribution of lipophilicity to 

potency. Compounds with reduced complexity (e.g., fragments and leadlike chemical matter) 

are typically polar compounds often with limited potency that makes their LLE less desirable. 

As a consequence, comparative evaluation of these compounds, that are otherwise considered to 

be promising, is challenging. This limitation of LLE is due to the neglected effect of ligand size 

that calls for an alternative metrics. The concept of lipophilicity-corrected ligand efficiency was 

first realized by LELP [128], defined as the ratio of logP and ligand efficiency (LE) that 

therefore depict the price of ligand efficiency paid in logP. LELP is meaningful for logP values 

typical in most of the discovery programs and allows the evaluation of both fragments, leadlike 

and druglike compounds. Although LELP has its own limitation for compounds with logP < 1, 

due to the correlation of logP with molecular mass project compounds generally do not possess 

large heavy atom count with low logP. This might be the case for natural products that are 

therefore out of the scope of comparative LELP evaluations. Efficiency metrics have been 

recently evaluated on a set of CNS drugs and candidates indicating [6] that unlike LE and LLE, 

LELP was able to discriminate development candidates and marketed drugs. Furthermore, these 

authors found that all of the investigated Pfizer candidates possessing suboptimal LELP values 

had been terminated along the drug discovery/development pathway. The unprecedented 

performance of LELP prompted the investigation of lipophilic efficiency metrics LLE and 

LELP in a large and diverse data set that includes fragment hits and corresponding leads, HTS 

hits and corresponding leads, successful leads, compounds that entered phase II trials, 

candidates, and drugs. These studies revealed that both LLE and LELP have a unique character 

when assessing the lipophilic efficiency at different stages of drug discovery and that these 

evaluations could contribute significantly to the overall quality of candidate drugs. 
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Chapter 3. Methods 

3.1 Site of metabolism prediction 

3.1.1 Collection of ligand database 
In order to avoid any bias toward a specific set of substrates and metabolites, and analyze our 

method using independent datasets, we applied the CYP2C9 substrate libraries originally used 

by Zamora et al. (43 different molecules with 87 reactions) and Sykes et al. (70 molecules with 

single site of metabolism) [14, 55]. 21 molecules (58C80, aceclofenac, acenocoumarol, 

celecoxib, delta-9-tetrahydrocannabinol, diclofenac, flurbiprofen, fluvastatin, indometachin, 

linoleic acid, lornoxicam, losartan, mefenamic acid, mestranol, montelukast, phenprocoumon, 

phenytoin, piroxicam, S-MTPPA, warfarin and zafirlukast) were used in both studies. In the 

case of the overlapping substrates, we used the wider set of biotransformation reactions reported 

by Zamora et al. In summary, our database contained 92 substrates with 136 metabolic 

reactions. Compounds were downloaded from the PubChem database [134] or were drawn by 

MarvinSketch [135].  

3.1.2 Generation of possible metabolites 
MetabolExpert module of the Pallas 3.5.1.4 [136] software was used to generate a pool of 

possible metabolites of the substrates. MetabolExpert is a rule-based expert system that predicts 

potential metabolites by the rules constructed from known metabolic transformations covering 

more than 400 article references [136]. Since the latest article was included in 2004 we applied 

CYP2C9 specific reaction types and discarded phase II reactions (conjugations) and non-

oxidative transformations updating the implemented set of rules. One general chroman-ring 

oxidation rule that was already described in the literature [137] was added to the default 

transformations of MetabolExpert [138]. When the experimentally observed metabolites were 

missing from the pool generated by MetabolExpert, we added them manually. These data were 

only used for the independent analysis of the efficacy of metabolite generation and docking.  

The reaction data file (rdf) generated by MetabolExpert was converted to structure data file 

(sdf). All the possible metabolites and substrates were prepared for docking by LigPrep [139]. 

3D conformations were optimized by PRCG method and the most probable protomers (pH = 7, 

Epik module) and tautomers were used for further investigations. The stereochemical 

information of the substrates was preserved during the metabolite generation protocol. 

3.1.2 Protein preparation  
We used the flurbiprofen co-crystallized (1R9O) CYP2C9 crystal structure [20], the camphor 

(1DZ4) [29] and the 5-exo-hydroxycamphor (1NOO) [42] co-crystallized P450cam for docking 
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studies. Water molecules and cocrystallized glycerine were deleted. Protein Preparation Wizard 

[140] was used with default settings to prepare the crystal structures. The active site was defined 

according to the position of the heme-group or the ligand.  

3.1.3 Docking 
We docked the potential metabolites to the binding site by Glide 5.0 [141] that was previously 

shown to provide accurate binding modes of small molecules [142-144]. We carried out 

Standard Precision (SP) calculations with default settings except the number of the poses 

included in the post-docking minimization which was set to 20.  

Since the newly formed groups in the hypothetic product complex should be oriented towards 

the heme iron as demonstrated by the corresponding P450cam structural data, we tested the 

effect of filtering the poses based on the distance between the newly formed group and the heme 

iron. The distance was calculated for the top twenty docking conformations, all the poses 

possessing value over the distance limit were discarded and the best binding mode was selected 

according to the default settings available in Glide.  

3.1.4 Data analysis 
In the case of metabolite docking, we ranked the possible metabolites by GlideEnergy and 

searched for the rank of the experimentally observed product(s). We calculated the real 

metabolite ratio of the whole database in two ways. In the first case only the first experimentally 

verified metabolite was considered in the rank list, while the second approach considered all 

correct metabolites (if there were more than one). If two metabolites were one after the other in 

the rank list, we used the same rank as suggested by Zamora et al. [55].  

In the case of substrate docking, we used the three lowest energy poses and calculated the 

percent of the cases where the site of metabolism was the closest heavy atom to the heme iron.  

Python scripts were used for data collection and data mining. Graphs and calculations were 

prepared by MS ExcelTM, and Origin 7GTM. 

3.2 P-glycoprotein homology modeling and docking study 

3.2.1 Homology modeling 
Mouse versus human P-gp sequence alignment was performed by Clustal W [145]. Structural 

models of P-gp were generated by Modeller. Modeller is an automated method for comparative 

modeling that relies on the satisfaction of spatial restraints [146]. Modeller extracts distance, 

dihedral angle and stereochemical restraints on the target sequence from the alignment to that of 

the template. Homology model is built through the minimization of the restraints-based 

objective function of the target backbone as it is projected onto the template framework. 

Modeller was used with a slightly modified python script to achieve more thoroughly refined 
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models, than the default ones (command set used: library schedule=autosched. slow; max var 

iterations=300; md level= refine. slow; repeat optimization=2). During model refinement, 

Modeller uses conjugate gradient and simulated annealing molecular dynamics to optimize the 

positions of heavy atoms. Simulated annealing incorporates constraints derived from the 

template structure preventing the homology model from unfolding in a vacuum. A total of 100 

initial models were created by Modeller 9v6 using 3G61 as a template [21]. 

3.2.2 Docking 
Protein Preparation Wizard available in the Schrödinger suite [140] was used with default 

settings to prepare the homology model for docking. Optimization of hydrogen-bonding 

networks to select appropriate states and orientations of hydrogens and restrained minimization 

of the whole protein using OPLS 2005 force field was performed by the Protein Preparation 

Wizard. Initial 3D ligand structures were created by LigPrep [139]. Protonation state of the 

ligands was set by Marvin 5.3.1 [135]. In the case of IFD [147], the compounds were docked 

into the active site with reduced van der Waals radii (0.5 scaling factor for the protein and the 

ligand), which was followed by Prime [148] protein refinement (limited to 5-Å shell of the 

ligand) on the top 20 poses. Subsequently, the molecules were re-docked to the refined binding 

site and Emodel top ranked ligand poses were analyzed. In the case of the enrichment study, the 

molecules were docked by Glide 5.0 [41] in standard precision mode, ranking was based on 

GlideScore and Coulomb-van der Waals interaction energy (GlideEnergy). Positioning of the 

ligand during Glide docking is based on a predefined grid. Grid was centered on the ligand and 

the inner box size was set to the maximal 14 Å. Midpoint of the receptor grid was defined as the 

centroid of the inhibitors in the corresponding 3G61 structure. 

3.3 Assessment of lipophilic ligand efficiency 
Lipophilic efficiency metrics, LLE and LELP, have been evaluated from three different 

perspectives: (i) lipophilic efficiency in medicinal chemistry optimizations; (ii) impact of 

lipophilic efficiency on ADMET properties; (iii) the role of lipophilic efficiency in optimization 

strategies including conventional scheme guided and thermodynamics guided approaches. Eight 

compound sets have been compiled such as fragment hits and corresponding leads, HTS hits 

and corresponding leads, successful leads that provided commercialized drugs, compounds that 

entered phase II trials, development candidates, and marketed drugs. Fragment hits (N = 100) 

and leads (N = 95) were obtained from the literature [149-152], and HTS hits (N = 319) and 

HTS leads (N = 319) were collected by Keser� and Makara [128]. Successful leads were 

reported by Perola et al. (N = 60) [9]. Drugs and phase II (P2) compounds, which entered P2 

trials, were collected from Thomson Reuters Integrity database [153] using the criteria of 

marketed drugs or the furthest trial being phase II, respectively, and having experimentally 
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measured affinity on human “enzyme”, “receptor”, or “channel” targets and data that was 

published after 1960 (N = 210). Drugs downloaded from Thomson Reuters Integrity database 

were added to drugs reported by Perola et al. [130] and Wager et al. [6]. Finally, this collection 

of marketed drugs was focused on those administered orally (N = 302). The octanol−water 

partition coefficient (logP) was calculated by the property calculator (cxcalc) of ChemAxon, 

version 5.3.6. [135]. In the case of the ADME and safety analysis, we used the whole data set 

published by Wager et al., including LELP and LLE values, because the candidate structures 

were not disclosed. In all other cases, LELP was calculated by the number of heavy atoms times 

logP divided by the binding free energy. Binding free energies were calculated by the �G = RT 

ln(potency) formula, where potency was estimated by the available Ki or IC50 values. Graphs 

and statistical analysis was carried out by Origin 7 (OriginLab, Northampton, MA) and 

Statistica 9 (StatSoft, Tulsa, OK). 
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Chapter 4. Results and discussion 
 

4.1 Site of metabolism prediction 

4.1.1 Theory 
According to our hypotheses (i) the correct binding pose of the real metabolite is preferred over 

the decoy products and (ii) docking of metabolites is more efficient approach for prediction of 

metabolic site than substrate docking. We suggest that true metabolite(s) produced in the 

catalytic cycle can be more favourably accommodated to the active site than the false ones. In 

other words, true metabolites possess reasonable binding modes that should reflect in their 

binding interactions. False metabolites, however, fit less perfectly to the binding site, 

consequently their interactions should be significantly weaker, or no reasonable binding mode 

should be generated for them. As a proof of concept camphor and its possible metabolites were 

docked into the active site of the cytochrome P450cam (PDB code: 1NOO [42]). During this 

investigation all the possible hydrogen atoms were substituted into hydroxyl groups one-by-one 

to test the ranking capability of the method. Ranking of the seven docked molecules by their by 

GlideEnergy resulted the correct metabolite in the first place. The orientation of the docked 

product was within 0.56 Å RMSD compared to the experimentally observed binding mode of 5-

exo-hydroxycamphor (Figure 4.1). 

Testing the efficacy of camphor self-docking (protein PDB code: 1DZ4 [29]) gave converse 

results, since the site of metabolism is located far away from the heme centre. In this case the 

carbonyl oxygen interacts with the heme iron instead of forming H-bond with Tyr 96, resulting 

2.3 Å RMSD compared to the orientation observed experimentally (Figure. 4.2).  

In the next step the case of flurbiprofen co-crystallized with CYP2C9 was investigated. For 

testing purposes each hydrogen atom was substituted to hydroxyl groups and the generated 

metabolites were docked into the active site of the CYP2C9 (PDB code: 1R9O [20]) to rank 

them according to their complementarity. The observed metabolite was the second ranked 

compound using GlideEnergy. In the case of the best ranked decoy, the corresponding hydroxyl 

group formed upon the heme mediated biotransformation is located in 12.5 Å distance from the 

heme iron, therefore this metabolite might be discarded. Binding mode of the real metabolite 

overlaps with that of the native ligand considering the carbon atoms (Figure 4.3), moreover the 

oxygen atom is located in an appropriate distance (3.95 Å) from heme iron.   
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Figure 4.1 Binding mode of the 5-exo-hydroxycamphor in the active site of the P450cam 

(1NOO [42]). Heme carbon, docked ligand carbon, co-crystallized ligand carbon, oxygen, 

nitrogen and iron atoms are coloured grey, green, orange, red, blue and cyan, respectively 

 

Figure 4.2 Binding mode of camphor in the active site of the P450cam (1DZ4 [42]). Heme 

carbon, docked ligand carbon, co-crystallized ligand carbon, oxygen, nitrogen and iron atoms 

are coloured grey, green, orange, red, blue and cyan, respectively 
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Figure 4.3 Binding mode of the 4’-hydroxyl-flurbiprofen and the co-crystallized ligand in the 

active site of the CYP2C9 (1R9O [20]). Heme carbon, docked ligand carbon, co-crystallized 

ligand carbon, oxygen, nitrogen, fluorine and iron atoms are coloured grey, green, orange, red, 

blue, pink and cyan, respectively 

The binding mode of 4’-hydroxyl-flurbiprofen [20] matches the interaction field of the substrate 

and forms an additional interaction with the heme iron. Therefore, it was assumed that modeling 

the oxygenated product complex (Chapter 2., Figure. 2.1, structure 8) is a feasible way of 

distinguishing between decoy and real metabolites.   

 Seeking for binding mode of flurbiprofen substrate gave similar results to the case of 

camphor substrate docking. In the best binding mode the experimentally observed site of 

metabolism (the 4’-oxdiation site) of flurbiprofen was positioned 11.8 Å away from the heme 

iron (Figure 4.4). Binding mode of flurbiprofen was significantly different form that found 

experimentally, the carboxyl group was oriented towards the heam iron instead of interacting 

with Arg 108 and Asn 204. Interestingly, skipping post-docking minimization gives the correct 

pose (RMSD is within 0.5 Å) as the top one, but in case of extended post-docking minimization 

the false pose outperforms the correct one in terms of the GlideEnergy. 
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Figure 4.4 Binding mode of flurbiprofen in the active site of the CYP2C9 (1R9O) [20]. Heme 

carbon, docked ligand carbon, co-crystallized ligand carbon, oxygen, nitrogen, fluorine and iron 

atoms are coloured grey, green, orange, red, blue, pink and cyan, respectively 

Based on these observations a larger set of available substrates and published metabolites were 

investigated to validate the methodology. 

4.1.2 Metabolite generation 
Considering the 92 substrates and 136 biotransformation reactions MetabolExpert [136] 

generated 74% of all true metabolites. This rate is significant, however one quarter of the 

correct metabolites was still lost. MetabolExpert provides the possibility of editing and 

expanding its database. New rules can be based on in-house metabolism studies or on the 

growing literature of the CYP enzymes. Expanding the rules of MetabolExpert by one recently 

described hydroxylation-reaction [137,138] at the chroman ring increased the efficacy up to 

82%. 

4.1.3 Metabolite docking 
Docking was applied to select the correct metabolites from the potential ones generated by 

MetabolExpert. GlideEnergy values were used to rank order all possible metabolites based on 

their complementarity to the active site. The impact of active site definition (heme centred or 

substrate centred) and the use of post-docking filter monitoring the distance between the atom 

added to the substrate upon the biotransformation and the heme iron was investigated. Results 

are summarized in Table 4.1.  
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Table 4.1 Docking results shown as the percent of cases where the correct metabolite could be 

found among the first, first and second or at the three best-ranked candidates. Cut-off (6 Å) 

between the heme iron and the atom added in the metabolic reaction was applied for post-

docking filtering. 

    Post-docking filter 

Active site  Rank (-) (+) 

I. 47.8 51.1 

I-II. 72.8 71.7 Heme centered 

I-III. 83.7 79.3 

I. 45.6 57.6 

I-II. 67.4 75.0 
Substrate 

centered 
I-III. 79.3 83.7 

 

 Modeling the correct binding mode of oxygenated product complex is a crucial point of 

our methodology, accordingly we analysed the impact of the distance filter defined between the 

metabolic site and heme iron. Twenty poses were generated and filtered by a certain distance 

cut-off to select the best binding mode for each possible metabolite. Setting an appropriate filter 

gives the opportunity to discard poses not fulfilling the requirements of our hypothesis, since it 

eliminates the poses which are not in agreement with the approximated product complex. 

Analysing the percentage of the cases ranked first, second or third with the best setting 

(flurbiprofen centred active site) using filtering (shown in Figure 4.5) revealed 6 Å as an 

optimal distance filter which is in agreement with the experimental data obtained for P450cam 

[154]. 

 Considering first ranked poses docking efficacy is decreasing after 6 Å with increasing 

distances and is continuously turning into the non-filtered situation. On the other hand, the 

efficacy calculated for second and third ranked cases increases and reaches maximum at higher 

distance. It was concluded that the distance filter of 6 Å applied for the first, second and third 

ranked poses could significantly improve the overall efficacy of our method. 

The optimization protocol also assessed the influence of the active site definition. 

Accordingly, the active site was based on the flurbiprofen substrate or heme. This parameter, 

which sets the number of possible initial locations (site-points) of the molecule in the enzyme, 

had only a slight effect on the docking efficacy (Table 4.1). The results suggest that using  

flurbiprofen centred active site in combination with the post-docking filter gave the highest 

fraction of first ranked cases.  
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Figure 4.5 Docking efficacy plotted by the distance cut-off of filtering. Square, circle and 

triangle indicates the percentage of the cases ranked first, second and third, respectively. 

Docking was performed using the 1R9O crystal structure with flurbiprofen centred active site. 

Here GlideEnergy was used for ranking, a modified Coulomb - van der Waals 

interaction energy that is not scaled to reproduce binding affinity. Although it is a proper 

function to sample the main interaction pattern and complementarity of the metabolite with the 

protein it cannot estimate its binding affinity. The lower GlideEnergy of false metabolites 

indicates that these potential products could not fit the active site or if reasonable binding mode 

exists they can not form interactions similar to that of the real metabolite. Therefore, preferred 

GlideEnergy of the real metabolite over the other potential products do not indicate product 

based inhibition.  

The best docking performance was achieved by using the 1R9O crystal structure, 

flurbiprofen active site definition and filtering. Analysing the cases were our method failed to 

predict the true metabolite among the top three ranked product, 8 out of 15 had more than 6 

rotatable bonds (for example carvediolol (10) and linoleic acid (14)), 3 had molecular weight 

(MW) over 500 (montelukast, zafirlukast and the hydroxylated derivative of zafirlukast) and 

there were 3 steroid derivatives (desogestrel, 17-alpha-ethinylestradiole and mestranol). This 

result might be explained by (i) the absence of receptor flexibility during Glide SP docking, 

since recognition of high MW metabolites or huge rigid molecules like steroids are probably 

accompanied by a considerable conformational change in the protein, and (ii) docking ligands 

with numerous rotatable bonds expands the conformational space resulting more challenging 

task for docking.  

4.1.4 Substrate docking 
Substrate docking calculations were carried out in SP mode using the 1R9O crystal structure 

and flurbiprofen centred active site. 43 out of 92 substrates (47%) were docked in optimal 
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orientation considering the three best ranked poses. The method outlined in this paper consists 

of two subprocesses, consequently the total performance can be calculated from the metabolite 

generation (82%) and docking (84%) steps, which gives 69% as an overall efficacy. We 

therefore concluded that our knowledge-based metabolite docking approach is significantly 

more accurate than substrate docking on the enzyme investigated (CYP2C9) and metabolite 

dataset used. It is important to note that our method combines the advantages of the expert 

system and the structural information of the CYP enzyme. The possible metabolites contain 

more hydrophilic interacting points than the substrates. This might result in more efficient 

docking of metabolites, since hydrophilic interactions are considered in the initial steps of the 

Glide docking process (“subset test”). Another advantage of our metabolite docking based 

prediction is that substrate docking needs manual evaluation while the evaluation in our method 

can be automated. 

4.1.5 Comparison to the results of the original datasets 
Our substrate database included 43 compounds reported by Zamora et al. [55] and 70 molecules 

reported by Sykes et al. [14] providing us a benchmarking challenge. Zamora et al. utilized 87 

metabolic reactions. They reported the correct hydrogen atom as the site of oxidation ranked as 

first 50%, second 75% or third in more than 90% of the cases, using their dataset (43 substrates 

with 87 true metabolites), in comparison, the knowledge-based docking methodology  resulted 

in 59%, 65% and 71% overall efficacy, respectively (see Table 4.2).  

Table 4.2 Site of metabolism prediction efficacy for benchmarking datasets. Efficacy data are 

shown as the percent of the cases where the correct metabolite could be found among the top 

ranked candidates. 

 Substrate set Zamora et al. [55] Sykes et al. [14] 

  Efficacy (%) 

Rank Docking Overall Docking Overall 

I.  72 59 47 39 

I-II. 79 65 70 57 

I-III. 87 71 80 66 

 

Sykes et al. reported a site of metabolism study based on ROCS alignments. In this 

study the site of metabolism was found within 3 Å of the 4'-hydroxylation site of flurbiprofen in 

60% of the cases. Considering the three best-ranked metabolites, our method demonstrated 66% 

maximal efficiency on the same dataset (see Table 4.2).  

It is important to mention that we applied the substrate sets of Zamora and Sykes et al., 

which ensures that our substrate selection is not biased against our method. It is also important 
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to emphasize that our method provide the exact metabolite structures, while substrate-based 

methods suggest the site of metabolism only. 

 The diversity of the benchmarking database is a key aspect to consider when different 

methods are compared. The preferable method should provide reliable results on diverse 

databases. Therefore, 2D-UNITY fingerprints [155] and the corresponding Tanimoto matrix of 

the databases (see Table 4.3) were calculated. 

Table 4.3 Diversity assessment of the datasets. 

 Zamora et al. [18] Sykes et al. [10] This work 

Tanimoto Mean 0.317 0.229 0.250 

Tanimoto S.D. 0.177 0.105 0.127 

Number of substrates 43 70 92 

 

Table 4.3 shows that the molecules used by Zamora et al. are less diverse than the substrates 

utilized by Sykes et al. This is partially reasoned by the fact that Zamora et al. adopted 13 

coumarin-like molecules and 7 enantiomer pairs in their database. Furthermore, the performance 

of the GRID based approach by Zamora et al. (commercialized as MetaSite) was shown to 

depend on the applied substrate database.  

 Based on the results achieved by our methodology, we suggest that knowledge-based 

docking is a competitive approach with the generally used substrate-based prediction methods. 

Moreover, an important advantage of our approach is the direct structural prediction of the 

metabolite instead of giving the site of metabolism points for the molecules. It is important to 

mention that higher efficacy might be achieved by occasionally updating the expert system 

responsible for the generation of potential metabolites. Another possibility is to use more 

accurate and sophisticated docking programs with further optimized parameters.   

4.1.5 Summary of site of metabolism prediction 
A novel methodology was developed for predicting the metabolites of CYP enzymes. The 

underlying phenomenon behind this approach is the overlap between the substrate and the 

product structures demonstrated by the crystal structures representing the different stages of the 

P450cam catalytic cycle. Consequently, we suggest that the correct metabolite can be selected 

from the set of potential metabolites by docking to the CYP crystal structure. As a proof of 

concept, we used CYP2C9, which is a major contributor of human drug metabolism. We 

constructed a database comprising of 92 substrates, generated the corresponding possible 

metabolites by MetabolExpert and applied Glide as a docking tool. 

 MetabolExpert generated 74% of the true metabolites with default metabolite rules, 

while incorporating one recently described rule this efficacy was increased to 82%. Regarding 
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the optimization of the docking phase it was concluded that filtering the poses by their distance 

between the metabolic site and the heme iron can improve the efficacy. Best result was achieved 

by using the 1R9O crystal structure co-crystallized with flurbiprofen with ligand centred active 

site, applying post-docking distance filter of 6 Å. Using the best options, one correct metabolite 

was found among the three best-ranked options in 69% of the cases, since metabolite generation 

and docking accuracy was 82% and 84%, respectively.  

 The proposed method gave comparable results with those achieved by literature 

approaches used for site of metabolism prediction. It was also demonstrated that metabolite 

docking performed better than substrate docking on the investigated dataset. The main 

advantages of the knowledge-based docking method are automatic evaluation of the results and 

the direct prediction of the metabolite structures instead of the site of metabolism only. 

Furthermore the application of the knowledge-based docking method does not necessarily 

require the use of specific commercial metabolism prediction software. The possible metabolite 

pool can be generated by chemists and pharmacokinetic experts, providing opportunity testing 

their ideas, discussing and interpreting the results easily. 

 Knowledge-based docking approach can be adopted for different CYP enzymes. The 

efficacy of the knowledge based method depends on both metabolite generation and docking. If 

the metabolite generation algorithm is not capable to provide the correct metabolite among the 

decoys, it can not be predicted by the subsequent docking step that underlines the importance of 

expert systems tailored for the given isoform. On the other hand, docking protocols could also 

be optimized to achieve the best performance on the CYP enzyme under investigation. 

Predicting the metabolically vulnerable points and corresponding metabolites is useful for 

metabolic stability optimization. Therefore the knowledge-based docking approach can be 

considered as a reliable and fast metabolite prediction tool and therefore it is suggested to 

support lead optimization programs. 

4.2 Modeling of P-glycoprotein 
Our goal was to investigate the drug-binding pocket of human P-gp using a homology model 

based on the mouse crystal structure. Docking and enrichment studies were carried out to test 

the feasibility of this model. The primary objective was to develop a methodology for the 

structural analysis of small molecule–P-gp interactions that helps reducing this affinity during 

lead optimization. In addition, we were interested in whether the model would be useful for the 

in silico identification of P-gp substrates in early-phase lead discovery. Multiple challenges 

were identified including: i) physiological relevance of the template conformation might be 

uncertain, ii) induced-fit effects may have a critical role in ligand binding, iii) ligand-binding 

pocket contains hydrophobic residues preferring aspecific van der Waals, π−π stacking and 

cation–π interactions that are challenging task to score, and iv) the P-gp is a multispecific 
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transporter and therefore a randomly selected decoy set may contain true ligands with a higher 

frequency compared to general specific receptors. 

4.2.1 Homology modeling 
High-sequence identity made the alignment of human and mouse P-gp sequences obvious. 

Performing automated sequence alignment by Clustal-W [145] gave the same result to that of 

the published one [21]. The protein backbone in the crystal structure is not continuous; the 

linker region between the two homologous halves of the protein contains a 58-residue long 

disorganized coil region that was not resolved. The IUPRED prediction server [156-157], a 

sequence based disorganization predictor tool [156], was in good agreement with this 

observation, in terms of the existence and length of this unresolved region. This region is more 

than 30 Å far from the drug-binding pocket, therefore it does not impacts drug binding and was 

not modeled. A total of 100 initial models were built by Modeller 9v6 [146] based on P-gp 

structure co-crystallized with the cyclic hexapeptide inhibitor (PDB code: 3G61 [21]) as a 

template.  

4.2.2 Model validation 
Next, the homology models were ranked and validated using stereochemical and knowledge- 

based measures. The GA431 score depends on: i) compactness; ii) combined statistical potential 

z-score and iii) percentage of sequence identity to discriminate between models with correct or 

incorrect fold [158]. GA431 score was equal to one for all of the homology models passing 

quality requirement of Modeller (>0.6) and predicted correct folding. Modeller objective 

function (molpdf score) was used for model ranking and the top-scored structure was selected 

for further evaluation. Stereochemical quality of the best model was checked using SAVES 

Metaserver [159]. Ramachandran plots of the model and template was generated by 

PROCHECK [160]. 96.2% of the residues in our model were in the most favored or allowed 

regions, 2.9 and 0.9% of the residues were found in generously allowed and disallowed regions 

considering phi/psi distribution, while results for the template were 93.8, 6.2 and 0%, 

respectively. Model residues found in disallowed region were located in the NBD of the protein, 

except one that is in the extracellular hinge region between TM domain helices. Considering 

Chi1–Chi2 distributions, 27 out of 712 residues (3.8%) were in unfavourable conformations 

(score < -3) and 11 out of 27 were found in the TM domain. Most of the unfavored residues 

were located in the hinge regions between TM helices. In summary, the stereochemical quality 

of the model is satisfactory, with similarities to that of the used template. Quality test of side 

chain parameters was carried out by ProSA [161], which uses distance- and surface-dependent 

knowledge-based potentials for Cb atoms of all residues in the model. Positive energies indicate 

unfavorable interactions in this region. Using a 40-amino acid window length, ProSA 
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knowledge-based potential is below one for the whole protein. Comparing the knowledge-based 

energy of the 3G61 structure with the homology model (Figure 4.6.) gives similar results.Most 

of the residues possess sub-zero energy value and positive regions can be found in the NBD or 

along the hinge regions.  

 
Figure 4.6 Knowledge-based potential [E/kT unit] by residues of the template (A) and the best 

ranked homology model (B). 

 

4.2.3 Binding site assessment 
 
There are only three non-identical residues in the presumed drug-binding pocket comparing 

mouse and human P-gp sequences: Ala-63(mouse)–Gly-64(human), Ala-194(mouse)–Ser-

195(human), Ala-952(mouse)–Gly-953(human)[21]. As a consequence of this high identity at 

the amino acid level, identical residues contribute to drug binding in human P-gp, as observed in 

the mouse structure. Out of the 73 solvent accessible residues in the internal cavity 15 are polar 

and only two, located in the N-terminal half of the TM, are charged or potentially charged. 

Characterization of the binding pocket of our homology model by SiteMap [162] resulted in 

1003 Å2 hydrophobic and 418 Å2 hydrophilic surface area. These results are in agreement with 

the biochemical investigations concluding that the drug-binding pocket is lined with mostly 

hydrophobic residues such as Leu-65, Ile-306, Leu-332, Leu-339, Phe-343, Gly-346, Ile-868, 

Val-982, Leu-975 and Phe- 942, creating a significantly lipophilic milieu. The presence of 

hydrophobic residues and the apolar characteristics of binding cavity at the inward-facing 

conformation has significnat physiological relevance, since P-gp transports lipophilic molecules 

and can pump ligands stacked in the membrane towards the extracellular space. 2D QSAR 

models trained to distinguish between substrates and nonsubstrates generally contain 

A, B, 
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physicochemical descriptors measuring lipophilicity of the molecules such as logP or logD(pH 

7.4) that is in good correlation with our observations[163]. 

4.2.4 Induced-fit docking 
P-glycoprotein transports structurally unrelated compounds suggesting that the drug-binding 

pocket must accommodate appropriate conformation for each substrate. Many authors suggested 

that multiple and overlapping binding sites may exist, underlining the importance of considering 

protein flexibility during docking. Therefore the IFD method [147] was applied for binding-

mode analysis of five ligands including rhodamine B, verapamil, colchicine, vinblastine and 

Hoechst 33342 (Scheme 4.1). The list of interacting residues is given in Table 4.4.  

 

   
Rhodamine B   Verapamil    Colchicine 

 

    
Vinblastine      Hoechst 33342 

 

Scheme 4.1 2D representation of the five compounds included in IFD study. 
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Table 4.4 Interacting residues of the investigated ligands. 

RhodamineB Verapamil Vinblastine Colchicine Hoechst33342 Distance 
Met68 Met68 Leu65 Tyr307 Met69 
Met69 Phe72 Phe194 Phe314 Phe72 
Phe72 Met75 Gln195 Trp315 Thr76 
Tyr307 Tyr117 Ala198 Phe336 Phe79 
Leu332 Tyr307 Tyr306 Leu339 Tyr114 
Phe336 Phe336 Phe336 Ile340 Gln195 
Leu339 Gln724 Ile340 Ala729 Phe336 
Ile340 Gln725 Phe343 Phe732 Ile340 
Phe343 Phe728 Ser344 Ser733 Phe343 
Ile736 Ala729 Gln347 Phe728 Ser344 
Phe728 Phe732 Gln725 Ile736 Arg741 
Met949 Met949 Phe728 Tyr953 Phe957 
Tyr953 Tyr950 Gln946 Leu975 Val974 
Leu975 Tyr953 Met949 Phe978 Leu975 
Phe978 Ala954 Tyr953 Ser979 Val977 
Val977 Phe957 Phe978  Phe978 

 Val977 Val981  Val982 
 Phe978 Val982   
 Val982 Ala985   

<3Å 

Leu65 Leu332 His61 Val981 Gln347 
Met75 Ile736 Gly62 Val982 Tyr953 
Tyr117 Val974 Phe303   
Phe732 Leu975 Met986   
Val982  Gly989   

<4Å 

Val71 Met69 Thr199 Met69 Leu332 
Tyr310 Trp315 Thr202 Phe72 Ile736 
Phe314 Ile340 Leu304 Tyr310 Ala961 
Ser337 Phe726 Leu339 Ala311 Phe971 
Ser733 Cys956 Gly341 Leu332 Glu972 
Tyr950 Arg958 Phe732 Phe343 Leu976 
Phe957 Ser979 Phe983 Ile730 Ser979 
Val974 Val981 Val988 Phe957 Val981 
Leu976 Phe983 Phe942 Leu976 Ala985 
Val981  Thr945 Ala985  

<5Å 

 

4.2.4.1 Rhodamine B 
According to the IFD results, rhodamine B is located in a buried, apolar binding pocket of the P-

gp. Its binding mode is affected by the hydrophobic interactions such as van der Waals contacts 

with Leu-339 and Ile-340, and π−π stacking with aromatic moieties of Phe-336, Phe-343, Phe-

728, Phe-732 and Phe-978 residues (Table 4.1). The hydroxyl group of Tyr-307 forms polar–

polar interactions with the N-atom of the substrate, while Tyr-953 is H-bonded to the carboxylic 

moiety of rhodamine B. Loo and Clarke reported that preincubation with rhodamine B 

significantly protected cystein mutants of Ile-340, Ala-841, Leu-975, Val-981 and Val-982 from 
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methanethiosulfonate (MTS)-rhodamine labelling [103]. Disulfide crosslinking with a 

homobifunctional thiol-reactive cross-linker was inhibited by rhodamine B between Phe-728-

Cys and Ile-306-Cys, and Phe- 728-Cys – Phe-343-Cys mutants [103], indicating that these 

residues are located in the drug-binding pocket. Moreover, mutation Phe-336-Arg caused at 

least a tenfold increase in the apparent affinity for rhodamine B [164] highlighting the 

significant contribution of this residue to rhodamine B binding that is in agreement with the 

docking pose. In summary, the binding mode of rhodamine B is consistent with the biochemical 

data considering the key interacting residues.  

 

4.2.4.2 Verapamil 
Analysis of the IFD-predicted binding mode of verapamil revealed key contacts with Tyr-953 

that includes H-bond with the nitril group and π−π stacking interaction with the phenyl moiety 

of the ligand. Cation–π interaction is formed between Phe-978 and the basic amine group of the 

ligand. Tyr-117 forms an H-bond with the O–Me group of verapamil, and polar–polar 

interactions were predicted with Gln- 724. All of the other residues playing a role in verapamil 

binding are apolar such as Leu-65, Met-68, Phe-72, Phe-336, Leu-339, Phe-728, Ala-729 and 

Phe-732 (Table 4.1). According to the investigations of Loo and Clark, mutations of Phe-728-

Cys, Val-982-Cys and Leu-975-Cys were significantly protected from inhibition by the MTS-

verapamil agent by pretreatment with verapamil [103]. Considering the predicted binding mode 

of verapamil, Phe-728 and Val-982 residues are located within 3 Å of the ligand, while Leu-975 

is positioned closer than 4 Å; in agreement with our docking studies. 

 

4.2.4.3 Colchinine 
Binding-mode analysis of IFD-docked colchicine revealed that both seven carbon-membered 

rings of the molecule occupy the hydrophobic pocket of P-gp, while the trimethoxyphenyl ring 

is oriented towards the intracellular, solvent accessible site. The 9-oxo and 10-methoxy groups 

form polar interactions with the backbone atoms of Phe-732, Ser-733 and Leu-975. The 

carbonyl group of the amide moiety of colchicine forms an H-bond with the Tyr-307 and 

additional polar–polar interaction is predicted between the hydroxyl-group of Tyr-953 and the 

2-methoxy group of the phenyl ring. Cystein scanning mutagenesis completed with colchicine 

pretreatment based protection assay of Ser-222-Cys, Ile-306-Cys and Ile-868-Cys mutants 

implicated that these residues lie in the drug-binding pocket [103]. Several arginine mutations 

enhanced colchicine transport such as the Phe-336, Phe-770, Ser-979, Phe-983, Met-986 and 

Ala-987 residues [164]. The experimentally confirmed residues face the same binding pocket as 

colchicine, although they are not predicted to participate directly in colchicine binding. 
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4.2.4.4 Vinblastine 
The predicted IFD-binding mode of the binary indole–indoline alkaloid, vinblastine, revealed 

that the apolar indole moiety of the catharanthine fragment and the hydrophobic part of the 

vindoline part is mudded into the lipophilic cavity at the bottom of the V-shaped binding 

pocket, while the more polar ether and ester functions are facing the solvent accessible site. Two 

simultaneous H-bonds are predicted between the ligand and the protein: i) Gln-195 interacts 

with the carbonyl of the methyl-ester moiety of the vindoline fragment ii) Tyr-307 interacts with 

the basic nitrogen of the catharanthine moiety. Polar interactions are predicted with Ser-344, 

Gln-347, Gln-946 and Tyr-953, and van der Waals contacts are formed with Leu-65, Phe-194, 

Ala-198, Phe-336, Ile-340, Phe-343, Gln-725, Phe-728, Met-949, Phe-978, Val-981, Val-982 

and Ala-985 (Table 4.1). Mutation of Leu-65 to Arg reduced the apparent affinity for 

vinblastine approximately 60-fold, which is in agreement with our proposed binding mode, 

since Leu-65 forms hydrophilic interactions with the vindoline part [164]. Substitution of this 

amino acid with a positively charged Arg might change the character of the binding site because 

the ligand is destabilized by the charge–charge repulsion between the Arg and the basic amine 

in the vindoline. Thr-945 is located in the vicinity of the proposed binding site (Table 4.1), 

consistently with biochemical results, since Arg mutation at this position disrupted P-gp 

interactions with vinblastine [164]. However, Ile-868, which showed the same effect when 

substituted to Arg, does not interact with vinblastine in our model. Mutants such as Gly-939-

Ala, Phe-942-Ala, Gln-946-Ala, Ala-947-Leu and Tyr-953-Ala in TM11 had altered apparent 

affinities for vinblastin. Accordingly, it was found that residues 942, 946 and 953 are in the 

vicinity of vinblastine [103]. In fact, residues Phe-942 and Thr-945 are located within the 5-Å 

shell of the ligand. In fact, vinblastine prevented the inhibitory effect of dibromobimane in 

double mutants Phe-942- Cys and Thr-945-Cys [103]. Although two out of the five 

experimentally observed interacting residues are distant to the ligand, the occupied active space 

of the ligand is located nearby the mutated residues contributing to binding. Perturbation of this 

site introduced by mutation of the protein might involve changes in the binding properties. In 

summary, the orientation and interaction pattern of vinblastine in the predicted complex 

correlates with the experimental results. 

4.2.4.5 Hoechst 33342 
It is accepted that P-gp contains at least two positively cooperative sites (the H- and R-sites) for 

drug binding and transport. Therefore, binding mode of Hoechst 33342 was predicted by IFD. 

The linear ligand, that spans approximately 25 Å, oriented perpendicular to the membrane and 

approximately parallel with the TM helices. The protonated nitrogen of the piperazine ring 

forms H-bond with the hydroxyl group of Thr-76. The dihydroquinazoline moiety is surrounded 
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by aromatic moieties such as Phe-72, Phe-336 and Phe-978. The ether moiety of the ligand is 

located in a polar environment provided by Gln-195 and Ser-344.  

 Pilot docking calculation was carried out to model the cooperative binding. Subsequent 

Glide SP docking of Hoechst 33342 into the rhodamine B–P-gp complex resulted in a different 

binding mode compared with docking into the apo form; however, interestingly, both ligands 

can accommodate the binding site. In the case of the subsequent docking, the protonated 

nitrogen of the piperazine ring of Hoechst 33342 forms salt bridge with the Glu-990, while the 

opposite edge of the molecule is located in a hydrophobic pocket lined by residues Met-68, 

Met-69, Phe-336, Phe-978 and the phenyl moiety interacts with the aromatic system of 

rhodamine B. More detailed dual-docking investigations were outside the scope of this study, 

but this preliminary result confirms the biochemical observation of the existence of distinct H- 

and R-sites and the capability of P-gp to host both ligands simultaneously. 

According to the mutational analysis and coupled biochemical tests, colchicine, rhodamine B, 

verapamil and vinblastine have partially allosteric but interacting binding sites. This 

phenomenon is in accordance with the pattern of the interacting residues (Figure 4.7) derived 

from IFD-docked binding orientations in the homology model.  

 Predicted binding modes revealed that rhodamine B possess a ‘common’ binding site, 

while vinblastine has the highest ratio of independent interactions. Verapamil also shares 

common interactions, but it contacts four unique binding residues. The residues plotted in the 

intersection of all the four ligands are biochemically validated hot-spots of P-gp [103]. 
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Figure 4.7 Venn diagram of residues within 5 Å of the selected ligand; based on IFD binding 

modes. Residue notations are based on biochemical results: underlined residues compose the 

binding site and bold residues were found to be specifically important for the given ligand [5]. 

Bold residues located in the intersection were found to be important for all of the specific 

ligands. 

4.2.5 Enrichment study 
Our second objective was to test the performance of the new human P-gp model in the 

discrimination of actives and inactives in virtual-screening situation. An enrichment study was 

carried out to test the capability of the model to rank actives over decoy molecules. The 

performance of the virtual screening protocol is better as a larger part of the actives is preferred 

over the inactives in terms of the interaction energy-based ranking. Two types of actives were 

collected such as inhibitors and substrates. P-gp inhibitors were downloaded from the Integrity 

database [153], and a diverse subset containing 53 molecules with maximal Tanimoto 0.76 

(UNITY fingerprints [155]) was selected from them (Table 4.2).  

 

 

 

 

 



 55 

Table 4.5 Characteristics of inhibitor and substrate subsets used in enrichment study. A and D 
indicates actives and decoys respectively. PSA means polar surface area. clogP means 

calculated ocatanol-water distribution coefficient. clogP and PSA were calculated by Marvin 
5.3.1 [135]. 

Inhibitors Substrates 

 Part1 Part2 Part3  

A D A D A D A D 

n 51 3572 21 2550 20 1660 20 3641 

clogP (average) 5 4.9 2.8 2.8 3.6 3.6 3.5 3.5 

PSA (aveage) 66.3 79.3 81.6 84.7 78.2 89.4 76.4 77.6 

Mw [g/mol] (average) 451.8 455 392 393 441 444 403 395.8 

Tanimoto average 0.40 0.40 0.35 0.38 0.39 0.40 0.35 0.38 

Tanimoto maximum 0.76 0.89 0.56 0.98 0.63 0.9 0.55 0.89 

 

 The collection of substrates was based on the work of Cianchetta et al. and Xue et al. 

[165-166]. Substrates with a molecular mass higher than 700 Da were discarded and finally 61 

diverse molecules were sorted randomly into three equal groups (Subsets 1–3). Decoy 

molecules were selected from commercially available drug-like compounds for each active set 

based on the mass, polar surface area and the octanol-water partitioning coefficient (clogP) 

distribution of the active molecules to create an appropriate decoy set (Table 4.2). 

In the case of the inhibitors there was no significant enrichment using GlideScore. By contrast, 

enrichment calculated at the top 1% of the GlideEnergy ranked database was significant (Figure 

4.8).  

 This enrichment virtually disappeared at approximately 15% of the ranked database; 

therefore top-ranked molecules investigated thoroughly. Top-ranked actives can be 

characterized by high molecular weight and high clogP value, which are in correlation with the 

good GlideEnergy. Since GlideEnergy is less specific and not fitted directly to free energy 

change – it contains only Coulomb and van der Waals interaction energies-, the correlation with 

molecular weight is higher than in the case of GlideScore, which rationalizes the difference 

between the two ranking schemes. Based on this observation, a more detailed enrichment study 

was designed for substrate sets. Three enrichment studies were run in parallel, with 

approximately 20 substrates in each run mixed with carefully selected decoys. No enrichment 

was seen in the case of substrates considering all the three docking runs and GlideScore- or 

GlideEnergy-based ranking (Figure 4.9).  
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Figure 4.8 Enrichment plot of the docking based ranking of inhibitors. Upper line represents the 

possible highest percent of actives; bottom line represents percent of random ranking. Cyan 

squares and red triangles indicate GlideEnergy and GlideScore based ranking 
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Figure 4.9 Enrichment plots of substrate sets (detalied information in the main text). Upper line 

represents the possible highest percent of actives; bottom line represents percent of random 

ranking. Cyan squares and red triangles indicate GlideEnergy and GlideScore based ranking. 
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Optimized binding site prepared by rhodamine B IFD was also tested in enrichment studies on a 

set of inhibitors and substrates (subset 1). This optimization could not improve the enrichment 

(data not shown). The possible clues lying beyond this poor enrichment might be i) low 

resolution of the template structure and consequent uncertainty of the side chain orientations, ii) 

high frequency of actives among proposed decoys, iii) failure of scoring, and iv) open-apo 

conformation of the P-gp that prevents the formation of the high-affinity binding-pocket 

conformation in rigid protein docking protocol. 

 Regarding the first possible caveat, the orientation of side chains was optimized by MD 

simulation during model building by Modeller and Prime constrained refinement was also 

carried out on the obtained homology model before the Glide docking calculation. The 

validation of the homology model resulted in satisfactory values. Second, efforts were made to 

minimize the effect of the enrichment study design, by parallel runs, however, this possible clue 

can not be ruled out. In the case of scoring we investigated two available scoring functions of 

Glide (GlideScore and GlideEnergy) without observing significant effect on the results. It is 

interesting to note that we observed differences between the flexible and rigid protein docking, 

suggesting that an IFD approach might be crucial in the case of P-gp.  

 Template selection has a crucial impact on the quality of the homology model built. 

Therefore using the structure with the highest sequence identity, the mouse P-gp instead of 

MsbA or SAV1866 is reasonable. It is noteworthy that mouse P-gp was co-crystallized with an 

inhibitor (QZ69) that might reflect the protein conformation of the inhibited, dead-end state of 

the transport cycle, revealing an open-apo conformation. MsbA adopts the same open-apo 

conformation that was studied by spin labeling [167]. Distance changes in liposomes, induced 

by the transition from nucleotide-free MsbA to the highest energy intermediate, revealed that 

residues on the cytoplasmatic side undergo 20–30 Å closing motion, while a 7–10 Å opening 

motion is observed on the extracellular side, consistent with that implied by the crystal 

structures. MsbA structures therefore capture conformational states coupled to ATP energy 

expenditure and provide structural and mechanistic framework of substrate transport [167]. 

Cystein cross-linking studies at the location of the extracellular hinge region [168] are also 

consistent with the open, resting state of the transporter that validates the utility of using mouse 

P-gp structure. By contrast, it has been published recently that cross-linking of double cystein 

mutants (L175C/N820C) of human P-gp increased its basal activity approximately threefold and 

activity could be further increased by drug substrates such as verapamil and rhodamine B [168]. 

These results suggest that under physiological conditions the P-gp might be in closed 

conformation. It was concluded that the main reason behind this discrepancy may be the 

absence of membrane and nucleotide during crystallization. In summary, the physiological role 

and relevance of open-apo conformation is not clear, and might contribute to low enrichment 
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factor. In any case, ligand binding residues identified by IFD are in line with experimental data 

and the multiple binding site hypothesis was also proved. 

4.2.6 Future perspective 
The recently identified crystal structure of mammalian P-gp can be considered a milestone for 

structure-based drug design. However, on the other hand, it can not be expected that this 

structure has the capability to revolutionize this particular field. One can consider this structure 

as a promising and significant step towards the understanding of ligand binding, which will be 

hopefully followed by new structures in the near future. Since crystallizing the closed form of a 

human P-gp is a challenging task, it is important to mention that this protein complex is a 

feasible starting point for state-of-the-art molecular dynamics-based simulations of huge 

systems, using lipid membrane and water solvent to predict the P-gp efflux mechanism at the 

atomic level. Despite the fact that MD simulations of such systems (~140 k heavy atoms) are a 

challenging task, targeted MD simulations to explore the atomic details of the conformational 

transition from the outward facing to the inward facing states of MsbA were published this year 

[169]. We expect that the highly parallelized MD simulations such as Desmond [170] running 

on Anton [171] cluster is capable of exploring physiologically relevant conformational states of 

P-gp and thus provide novel structures for high-throughput in silico screening.  

4.2.7 Summary of P-glycoprtein stucutre based modeling 
The mouse P-glycoprotein (P-gp) crystal structure-based human P-gp model satisfied the 

protein quality assessment tests. Considering the induced-fit docking mode of rhodamine B, 

verapamil, colchicine and vinblastine, the residues located in the binding pocket are in good 

correlation with the available biochemical data. The presented results are consistent with the 

multiple binding-site hypothesis; dual binding of Hoechst 33342 and rhodamine B was 

predicted. The model performed poorly in the enrichment studies using inhibitors or substrates. 

From a practical point of the view, homology models based on mouse P-gp as a template might 

be useful when analyzing interactions with known P-gp substrates or inhibitors. This activity 

could support designing out P-gp affinity during lead optimization. On the other hand, 

preliminary virtual-screening experiments on this model resulted in only limited enrichment that 

prevents its application in early, high-throughput in silico identification of P-gp substrates. 

Comparing induced-fit docking (Glide induced-fit docking) and high-throughput virtual 

screening (Glide standard precision) using a rigid protein structure, it is suggested that in case of 

P-gp, consideration of protein flexibility is crucial to achieve reliable binding modes. 

4.3 Lipophilic efficiency in medicinal chemistry optimizations 
During my Phd work questions were conceived from two different aspects, on atomic level and 

from a more holistic perspective. First, two proteins with significant involvement in the 
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pharmacokinetic behavior of drugs, the cytochrome P450 (CYP enzyme family) and the P-

glycoprotein were selected for atomic level simulations. From a more broader perspective, our 

plan was to assess the compound quality in terms of the relationships between affinity and 

physicochemical parameters searching for the optimal values. 

 First objective of this work was to investigate two lipophilic efficiency metrics LLE and 

LELP, in preclinical settings. Five data sets such as fragment hits and leads, HTS hits and leads, 

and leads of marketed drugs, so-called successful leads, were collected from literature sources. 

Despite the sharp difference in the mean logP, low LLE values were found for both fragment 

and HTS hits (2.5 and 2.5, respectively; see Figure 4.10 and Chapter 7. Supporting Information 

Table 1). Similar values are due to the generally lower potency and logP of fragment hits and 

the usually higher potency and logP of HTS hits. HTS leads had mean LLE values similar to 

that of the successful leads, while fragment leads possessed somewhat higher values, 3.6, 3.8, 

and 3.9, respectively. Both HTS and fragment hits had significantly lower mean LLE values 

compared to that of fragment, HTS, and successful leads. Hit-finding strategies investigated 

here provided similar LLE, because there was no separation between fragment hits and HTS 

hits, or fragment leads and HTS leads. Analyzing average LLE data on the horizon of a typical 

discovery project, it was found that (i) mean LLE values were in line with research stages (hit 

and lead), (ii) LLE was not sensitive for hit discovery approaches, and (iii) LLE did not 

differentiate successful leads from other leads. Analysis of the corresponding LELP values 

revealed that the fragment hits have the lowest mean LELP value of 5.4, which was followed by 

successful leads (mean value of 8.8) and fragment leads (mean value of 10.2) (Figure 4.11).  

 
Figure 4.10 LLE−logP plot of the investigated subsets. All data are mean values with error bars 

representing standard errors. 
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Figure 4.11 LELP−logP plot of the investigated subsets. All data are mean values with error 

bars representing standard errors. Lines marked as LE = 0.2, LE = 0.3, and LE = 0.4 are LE 

isovalues calculated from LELP and logP data. 

 
Somewhat higher mean LELP values were observed for HTS leads (mean value of 11.8) and 

HTS hits (mean value of 12.0). A significant LELP difference (p < 0.05) could be observed as 

fragment hits were compared to fragment leads, HTS hits, HTS leads, and successful leads. 

Changes in LELP were also significant, comparing successful leads and HTS hits or HTS leads. 

Focus on the HTS hits and leads led to an improvement in the mean LE; meanwhile, logP was 

increased, and LELP did not change. On the contrary, hit to lead optimization of fragments 

slightly decreased the mean LE, increased logP, and consequently markedly increased the mean 

LELP. Increasing LELP values associated to hit to lead optimizations indicate that potency 

optimization at this phase is typically performed at the expense of lipophilicity. This analysis 

points out that hit and lead data sets can be categorized into three groups including fragment 

hits, successful leads, and the most populated group consisting HTS hits, fragment leads, and 

HTS leads. Straightforward interpretation is that (i) fragment hits have unique and desirable 

lipophilic efficiency, (ii) successful leads still have proper mean LELP values and they can be 

distinguished from HTS and fragment hits and fragment leads, (iii) fragment leads have LELP 

typically better than that of the HTS leads, (iv) lipophilic efficiency of HTS hits is pretty much 

similar to that of the HTS leads.  

 Starting from a viable lead, the primary objective of lead optimization is the 

identification of a development candidate suitable for a first in man study. Investigating the 
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impact of lipophilic efficiency on lead optimization, further subsets were considered including 

compounds that had entered phase II trials (P2 compounds) and marketed drugs both having an 

acceptable ADME and pharmacokinetic profile in man. At this stage of the analysis, following 

subsets were included: (i) successful leads, (ii) fragment leads, (iii) HTS leads, (iv) fragment + 

HTS leads, and (v) all leads (fragment + HTS + successful leads). Successful leads, fragment 

leads, fragment + HTS leads, and all leads had mean LLE values of 3.8, 3.9, 3.3, 3.7, and 3.7, 

respectively, while the P2 compounds and launched drugs possessed LLE values of 5.2 and 5.0, 

respectively (Figure 4.12). Figure 4.12 indicates that P2 compounds and marketed drugs have 

LLE much better than that of the leads from any source. Interestingly, it was found that LLE 

does not discriminate between successful leads and all leads, and P2 compounds and drugs. 

Focusing on the discovery process, development stages can be clearly distinguished by their 

LLE values, but mean LLE shows virtually no difference between the lead subsets considered in 

this study. In the case of LELP, successful leads, fragment leads, HTS leads, fragment + HTS 

leads, and all leads had mean values of 8.8, 10.2, 11.8, 11.4, and 11.1, respectively (Figure 

4.12). P2 compounds and marketed drugs showed mean LELP of 8.5 and 6.37, respectively. 

From a process perspective, a gradual, monotonic decrease in LELP can be observed in the 

course of HTS leads, fragment + HTS leads, fragment leads, all leads, successful leads, P2 

compounds, and marketed drugs. Most importantly, successful leads had a mean LELP value 

significantly lower than that of the fragments leads, HTS leads, and their combination. The 

mean LELP of successful leads was similar to that of the P2 compounds and strikingly higher 

than that of the marketed drugs. In fact, the latter’s have a LELP profile similar to that of the 

fragment hits. In summary, both LLE and LELP showed strong correlation with the 

development phase, and despite LLE, LELP was able to discriminate between lead discovery 

strategies and could differentiate successful and all the other leads. Consequently, LLE and 

LELP monitor the improvement of compound quality along the discovery path effectively. 

Pairwise comparison of corresponding LLE and LELP values separates leads, successful leads 

from P2 compounds, and marketed drugs (Figure 4.12), suggesting that LLE- and LELP-based 

assessment of compound quality directs discovery programs toward the desirable drug space.  
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Figure 4.12 LELP versus LLE for the different subsets investigated. All data are mean values 

with error bars representing the standard error values. 

 

4.3.1 Impact of Lipophilic Efficiency on ADMET Properties  
Analyzing Pfizer candidates and marketed drugs, Wager et al. conducted an elegant study to 

explore the chemical space of CNS drugs [6]. This work spanned from descriptive analysis of 

physicochemical profiles via alignment of ADME and safety attributes until comparison of 

efficiency indices of the two databasets. These authors found that LELP, unlike LLE and LE, 

was able to discriminate drugs from candidates. This observation prompted us to investigate the 

impact of lipophilic efficiency on ADMET properties in depth. To achieve this goal, the in vitro 

ADME and safety attributes of all compounds mentioned in ref 13 were pooled together. 

Lipophilic ligand efficiency metrics (LLE and LELP) were analyzed in the context of three 

pharmacokinetic and three safety parameters such as passive apparent permeability, P-

glycoprotein efflux liability, unbound intrinsic clearance and inhibition of CYP2D6 or CYP3A4 

enzymes, inhibition of the hERG potassium channel, and cell viability. In fact, LLE and LELP 

were challenged in terms of separating the compounds with attractive or undesirable in vitro 

properties, as these features are crucial when selecting candidates with favorable 

pharmacokinetic and safety profile.  
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First, focus was on pharmacokinetics-related features such as permeability, microsomal 

stability, and active transport properties. Permeability has a dominant role in adsorption and 

distribution. It is routinely assessed in vitro using epithelial cell lines that spontaneously form a 

confluent polarized monolayer, thereby serving as a feasible model for the assessment of 

epithelial transport. Wager et al. classified compounds as having low, moderate, and high 

permeability based on their Papp values < 2.5, 2.5 < Papp < 10 and Papp > 10 (units are 10−6 

cm/s), respectively [6]. Here, compounds with low and moderate permeability have been pooled 

together to yield statistically relevant populations in each class. It was found that compounds 

with high permeability have a mean LELP much lower than those in the moderate or low 

permeability group (5.5 and 8.9, respectively; see Figure 4.13 and Chapter 7. Supporting 

Information Table 3). 

 
Figure 4.13. Lipophilic efficiency metrics (LELP and LLE) versus in vitro measured 

pharmacokinetic parameters. All data are mean values with error bars representing the standard 

error values. 

 

Mean LLE values, however, were found to be pretty much similar in the two groups (6.3 and 

6.5, respectively), showing no correlation with the permeability data.  

Metabolic clearance, commonly estimated by the in vitro intrinsic clearance observed 

during incubation with liver microsomes, limits the maximal concentration and half-life of 

compounds and might hamper their development. Analysis of LLE and LELP values in the low 

and high clearance groups revealed that compounds with high metabolic stability are 
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characterized by a mean LLE and LELP (6.9 and 4.8, respectively) significantly better than 

those observed in the high clearance group (10.8 and 5.5, respectively; see Figure 4.13. and 

Supporting Information Table 4).  

A transport ratio higher than 2.5 measured in opposite directions, apical to basolateral 

and basolateral to apical sides, is an indicator of the active transport mainly mediated by P-

glycoprotein. Classification of compounds as transporter substrates and nonsubstrates and 

evaluating them by their LLE and LELP values resulted in a significant difference in the case of 

LELP (mean 6.1 and 9.0, respectively) but no difference in LLE values (median 6.3 and 6.5, 

respectively; see Figure 4.13 and Chapter 7. Supporting Information Table 5). 

Next, focus was on in vitro safety measures including CYP inhibition, hERG blockade, 

and cellular toxicity. Compounds perturbing clearance mechanisms might have potential for 

drug−drug interactions (DDI) that is routinely investigated by assessing the inhibition of 

CYP2D6 and CYP3A4 enzymes.13 In the Pfizer study, compounds were classified having low 

(<25%), moderate (25% < inhibition < 75%), and high (>75%) inhibition. Compounds with 

moderate and high inhibition potential have been pooled together to yield statistically relevant 

populations in each class (Figure 4.14 and Chapter 7. Supporting Information Tables 6 and 7).  

 
Figure 4.14 Lipophilic efficiency metrics (LELP and LLE) versus in vitro measured safety 

parameters. All data are mean values with error bars representing the standard error values. 

 
LELP values were higher for compounds with moderate and high CYP2D6 inhibition (8.25) 

than for those with low inhibitory potential (6.6), although the difference was not significant. 

LLE values were similar (mean values 6.3, 6.3) in the two groups of compounds (Figure 5.5 and 

Chapter 7. Supporting Information Table 6). 
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Considering the CYP3A4 data set, LELP values were significantly higher (mean 12.1) 

for compounds with moderate and high inhibition than for those with low inhibition (6.56) 

(Figure 5.5 and Chapter 7. Supporting Information Table 7), and a similar statistically 

significant difference was observed in LLE values (6.4 and 5.0, respectively). 

Blocking the hERG potassium channel may result in prolongation of the QT interval of 

cardiac rhythm and has thereby emerged as one of the most important in vitro parameters of 

cardiotoxicity [172]. Mean LELP values decreased significantly for compound sets representing 

high (mean 9.8), moderate (8.4), and low (4.3) risk of inhibition. Mean LLE values changed 

periodically with no statistical significance (Figure 5.5 and Supporting Information Table 8). 

THLE cell viability was the last safety parameter published by Wager et al. [6]. 

Desirable compounds had to possess IC50 values higher than 100 �M (HighCv class) while 

compounds below the threshold had high risk to induce cellular toxicity (LowCv class). In this 

case, both LLE and LELP showed significant separation for low (mean LLE = 5.3, mean LELP 

= 10.2) and high (mean LLE = 6.5, mean LELP = 6.2) cell viability classes (Figure 5.5 and 

Chapter 7. Supporting Information Table 9). 

In summary, evaluation of pharmacokinetic and safety parameters revealed that LELP 

has benefits over LLE, as compounds with acceptable in vitro ADMET profiles are 

discriminated from compounds with significant liabilities. Consequently, the number of violated 

in vitro ADME or safety end-point criteria showed higher correlation with LELP than with LLE 

(Figure 4.15 A, B). Compounds with low LELP value (around 4) have a high chance to pass all 

of the ADME and safety criteria, while compounds having a high LELP value, typically higher 

than 10, would have higher propensity to fail because of ADME and safety violations. 

The most important difference between LLE and LELP is that the latter depends not 

only on logP but also on molecular size. LELP therefore combines the two most important 

physicochemical parameters, MW and logP, in a unique way. LLE is a linear function of logP 

while its correlation with LELP is nonlinear, but proportional, yielding increased penalty for 

compounds in the high logP space. Leeson et al. concluded that logP is the most important 

molecular property that changed less over time in launched oral drugs than other properties 

[126]. Hughes et al. also emphasized the role of lipophilicity in toxicological adverse effects 

studied on 245 preclinical Pfizer compounds [8], and it is a general indicator of promiscuity 

[125,126,173]. 

Because desolvation terms change parallel with lipophilicity, it might rationalize the 

generally good performance of lipophilic ligand efficiency metrics on predicting promiscuity. 

On the basis of our analysis, it seems that this effect is better represented in LELP than in LLE 

and is in line with the off-target effects of Pfizer compounds observed in in vitro ADMET 

profiling. Size dependency, that is also incorporated in other, recently published ADME scoring 

functions such as MPO [6] or ADMEScore [125], strikingly distinguishes LELP from LLE. LE 
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used in LELP is a more straightforward measure of protein−ligand interactions, and therefore 

ligand specificity, than potency (pAct) used in LLE, because the latter may increase simply by 

virtue of making many contacts [174]. 

  

 
Figure 4.15 Mean LLE (A) and LELP (B) values for compounds violating a given number of in 

vitro ADME or safety end-point criteria (Papp, Clearence, Pgp substrates, CYP inhibition, 

hERG inhibition, and cell viability). Error bars represent the standard error values. 

 

Recently, Arrowsmith published a brief analysis on phase II failures within 2008−2010 

concluding that 19% of the cases were still due to safety issues, a finding that urges the early 

evaluation of safety liabilities and decisions on chemical scaffolds [175]. Potency addiction 
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[176] that results in high potency at the expense of undesirable logP and size should be 

controlled effectively. The present results suggest that LELP may serve as a useful guide to 

realize candidates with balanced potency and ADMET profile. 

4.3.2 Summary of lipophilic efficiency impact on pharmacokinetics 
The attractiveness of increasing potency in medicinal chemistry optimizations can be more 

detrimental than prosperous without the adequate control of physicochemical parameters, 

especially logP or logD. The documented addiction to potency calls for a feasible measure that 

combines potency and lipophilicity that is useful for postsynthesis evaluations, supports 

prospective design, and facilitates identifying high quality compounds at discovery milestones. 

Lipophilic efficiency indices such as LLE and LELP are supporting this concept to be realized. 

We investigated these measures in several aspects such as comparison of data sets representing 

different stages of drug discovery, ADME and safety status. The results suggest that monitoring 

LLE and LELP both have clear benefits; however, these metrics possess different 

characteristics: (i) LLE is sensible for the development stages and does not prefer fragment-type 

hits that are otherwise considered to be promising starting points for lead discovery; (ii) LELP 

incorporates molecular size and penalizes the increase in logP more than in LLE; therefore, it 

has an advantage for both ADME- and safety-related issues over LLE. As a consequence, the 

use of LELP is recommended in the early-phase optimizations, especially where fragment-sized 

hits are compared to more complex structures, and for the early selection of desirable lead 

scaffolds, and the use of both LLE and LELP in later-phase optimizations that are characterized 

by lower fluctuations in molecular size.  





Chapter 5. Conclusions 
 
The studies discussed in thesis were carried out on the field of in silico ADMET modeling. This 

research was motivated by the the requirements of the drug discovery projects in terms of in 

silico ADMET models during pre-synthesis design and assessment of the synthesized 

compounds in the light with the obtained biological response to aid decision making on 

compound series from multiple aspects.  

First, a novel concept for in silico site of metabolism prediction was proposed. This 

knowledge-based docking approach was based on knowledge of crystallogpahy results and uses 

metabolite docking for site of metabolism. This method was validated on CYP2C9 isoform. 

Second, the homology model of the human P-glycoportein efflux transporter that has 

fundamental contribution to multiple drug resistance, absorption and distribution of xenobiotic 

in the human body was built. This model was validated using well characterized ligands and the 

applicability of the model for virtual screening purposes was tested. Last, lipophilic efficiency 

metrics were analysed regarding their distributions along the preclinical and clinical 

development. The benefit of using lipophilic efficiency metrics was established in terms of 

ADMET risks and compound quality relationships. The results of the research can be 

summarized in the following thesis points. 

 

1) I have developed a novel methodology for computational prediciton of the site of 

metbolism. The theoretical background of the method is based on the crystal structural 

information of the catalytic cycle of the CYP enzyme catalysed biotransformations. The 

knowlegde-based docking approach involves three steps (i) generation of possible metabolites 

for a query compound, (ii) docking the possible metabolites into the binding site of the enzyme, 

amd (iii) selection of the most probable metabolites based on their complementarity to the from 

two aspects: the substituted region of the compound must be within 6 Å from the catalytic iron 

atom and the compound should have the lowest Glide Energy score among the possible 

metabolites [41, 177].  

2) As a proof of concept I evaluated the knowledge-based docking method by using 

MetabolExpert for metabolite generation and Glide for docking into the binding site of the 

CYP2C9 crystal structure. The method could identify the correct metabolite among the three 

best-ranked compounds in 69% of the cases. The predictive power of our knowledge-based 

method was comparable to that achieved by substrate docking and two alternative literature 

approaches [41]. 

3) I developed and validated the human P-gp protein model and used for induced-fit docking 

of experimentally characterized P-gp substrates. Residues located in the binding pocket are in 
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good correlation with the results of side-directed mutagenesis studies. I have tested the 

applicability of the developed homology model for virtual screening purposes using enrichment 

studies aimed at discriminating inhibitors and substrates from decoys. Since the enrichment 

studies resulted in only limited enrichments, I concluded that in the case of P-gp protein 

incorporation of flexibility is crucial. Induced fit effects have significant influence on the 

docking results due to the high flexibility of the binding site [178].  

4) Lipophilic efficiency indices such as LLE and LELP were suggested to support balanced 

optimization of potency and ADMET profile. I investigated the performance of LLE and LELP 

on multiple data sets representing different stages of drug discovery including fragment and 

HTS hits and leads, development candidates, phase II compounds, and launched drugs. I found 

that LLE is sensible for the development stages but does not prefer fragment-type hits, while 

LELP has an advantage for this class of compounds and discriminates preferred starting points 

effectively [179]. 

5) I investigated the correlation between lipophilic efficienecy metrics namely LLE and LELP 

measures and ADME as well as safety risks. I concluded that monitoring LLE and LELP both 

have clear benefits on ADME and safety assay results that can deconvoluted to ADMET assay 

endpoints. LELP was able to discriminate between desirable and undesirable cell viability, 

clearence, CYP2D6 inhibition, CYP3A4 inhibition, hERG inhibition, penetration, and P-gp 

efflux transport assay results. Analyzing the impact of LLE and LELP on ADME and safety 

properties, I found that both LLE and LELP help identifying better quality compounds. 

Therefore I suggested the intensive use of lipophilic ligand efficiency metrics during the course 

of medicinal chemistry programs [179].  
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