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1 Introduction

Drug discovery aims to provide innovative and effective medicines designed 
to fight diseases in important areas of medical need. In attempts to decrease 
time lines and costs, new techniques are increasingly being used in all stages 
of drug discovery.  

The “more and faster” paradigm introduced a few years ago is 
progressively being complemented with more precise and knowledge-based 
computational techniques that help to direct chemical synthesis towards 
achieving set goals. The computational models can be implemented at 
different stages (Figure 1.1). In an early phase, discriminative models based 
on global descriptors for two dimensional structures can be used to make 
decisions on for example which compound classes to develop further.  

At a later stage, semi-quantitative models can be used in potency 
classification (high, medium and low potency compounds). These models 
are based on more elaborate descriptors, often involving the three 
dimensional nature of the structure. In the lead optimisation stage, specific 
models for particular compound classes can be derived to make quantitative 

Quantitative models 
• Maintain pharmacologically 

active features  
• Optimise for  ADME-Tox 

properties
• Define binding modes 
• Specific interactions  
• Functional groups / 

bioisosters 

• Estimation of      
high/medium /low potency 

• Explore the active site 
• Substance classes / functional 

groups.
Discriminant models 

Number of compounds 

Semi-quantitative models 

• Initial general screening  
• Prescreen for more general 

quantitative model 
• Global properties 

Figure 1.1: Different stages of modelling during drug development.
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predictions of the biological activity based on high precision biological data 
with defined mechanisms of binding. In these cases, three dimensional data 
on the ligands are often connected to protein structure data to give more 
information and make it possible to design more accurate models.  

The application of these methods has long been confined to modelling 
pharmacological properties. For drugs intended for oral administration, 
information on pharmacokinetic parameters, such as absorption, distribution, 
metabolism and elimination, may also be gained from computational 
modelling methods. As the drug moves towards its effector site, it will be 
recognised as a xenobiotic and be targeted for elimination by drug 
transporters and metabolising enzymes (Figure 1.2).  

ADME-Tox (Absorption, Distribution, Metabolism, Excretion and 
Toxicology) problems have been associated with high attrition rates in new 
chemical entities (2) and the withdrawal of a number of drugs from clinical 
use (3). The major cause of attrition is enzyme inhibition-based drug-drug 
interactions that are the result of the prescription of multiple drugs, where 
one inhibits the metabolic elimination of the other. 

The metabolic pathways of a candidate drug must be fully characterised 
for approval by regulatory authorities. Most drugs initially possess lipophilic 
characteristics that promote the permeation of the drug through cell 
membranes to its site of effect. Lipophilicity hinders the elimination of the 
drug from the body, however, transformation to more hydrophilic 
metabolites is usually required to facilitate elimination and excretion.  

Metabolising enzymes are divided into phase I and phase II. Phase I 
enzymes aim to increase the water solubility of the compounds by 

Figure 1. 2 : Parameters affecting the delivery of a drug to the receptor site. 
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introducing functional groups such as hydroxyl groups. This is to enable 
direct excretion or further metabolism facilitated mainly by phase II 
conjugation reactions. The cytochrome P450 superfamily, which belongs to 
the phase I group, is responsible for metabolising an unusually wide range of 
endogenous and exogenous compounds. The ability to predict how a drug 
interacts with these enzymes prior to synthesis would be useful in modifying 
its metabolic characteristics. The present work was therefore initiated to 
derive models for substrates and inhibitors of one of the major cytochrome 
P450s, CYP2C9.  
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2 Metabolism

2.1 Overview of CYP450 enzymes 
The cytochrome P450 (CYP) superfamily is of profound importance for the 
metabolism of xenobiotics and endogenous compounds. It is a family of 
heme containing proteins with an iron protoporphyrin noncovalently bound 
to the apoprotein as the prosthetic group. A complex of this kind is called a 
haloenzyme. The protein part is denoted apoprotein and the non-protein part 
– the reactive heme – is called the prosthetic group. The mammalian CYPs 
are membrane bound. They are present in the endoplasmic reticulum and in 
lesser amounts in the mitochondria, nuclei and lysosomes. The primary 
source of the enzyme is the liver, but it is present in all mammalian cells 
except mature red blood cells and skeletal muscle cells. Bacterial CYPs are 
not membrane bound and they are found in the soluble fraction of the 
cytoplasm. The enzymes have well conserved protein domains, the 
domain, which is rich in helices, and the  domain, which is mainly built of 

 sheets (4). The name cytochrome P450 originates from a unique 
absorption spectrum at a wavelength of 450 nm that occurs when carbon 
monoxide is bound to the reduced heme (5).

The levels of expression and activity are dependent on environmental 
and/or genetic factors. The enzyme activity can be depressed due to 1) gene 
mutations that block synthesis or produce catalytically inactive or impaired 
enzyme, 2) exposure to environmental factors such as infectious diseases or 
xenobiotics that lead to a suppression of P450 expression or 3) exposure to 
xenobiotics that inhibit or inactivate a pre-existing enzyme. In the same way, 
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Figure 2.1: The heme group of P450
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the expression can be increased due to 1) gene duplication, giving an over-
expression of P450 enzymes, 2) exposure to environmental factors that 
induce synthesis or 3) stimulation of a pre-existing enzyme by a xenobiotic.  

Genetic regulation of CYP450 expression and/or activity is the basis of 
major inter-individual and interracial variability in the ability to metabolise 
drugs. Regulation by inhibitors is the basis of clinically important drug-drug 
interactions in combination therapy.  

2.2 Evolutionary origin and nomenclature of CYPs 
It is believed that all CYPs descended from one ancestral P450 gene that 
existed more than 3.5 billion years ago. There are many indications that it 
has a prokaryotic origin and that the phylogenetic tree of the CYPs follows 
the presently accepted time scale for the emergence of eukaryotes and the 
subsequent divergence of animals and plants. It has therefore been suggested 
that they might have played an important role in evolution(6). The 
progression has been driven by gene duplications, conversions and point 
mutations.  

The established technique for classification of evolutionary relationships 
is based on amino acid sequence alignment. A CYP gene has a particular 
CYP designation number denoting the family and an alphanumerical 
character defining the subfamily and the individual protein, e.g. CYP2C9. If 
the amino acid identity is <40%, the genes are denoted by different gene 
classes, such as CYP1, CYP2, CYP3 etc. Identity between 40 and 55% 
yields a common subfamily (CYP2A, CYP2B, CYP2C) and above that are 
the individual isoforms within a subfamily e.g. 2C8, 2C9 and 2C19. 

In 2003 the number of CYP450 gene products identified surpassed 2000, 
thereby making this the largest family of proteins currently listed in gene 
data banks (7). These numbers are subject to constant changes. Information 
can be obtained at http://drnelson.utmem.edu/CytochromeP450.html (8). The 
human cytochromes fall into two distinct classes: one that has variable 
specificity (CYP1, CYP2 and CYP3) and comprises most of the drug- 
metabolising enzymes and a second class (CYP4 and higher) that has 
specific endogenous substrates. They take part in vitamin D and bile acid 
metabolism and in the biosynthesis of cholesterol, steroid and thromboxane 
A2.
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2.3 The CYP dependent M.F.O. reaction system
A mammalian P450 reaction is dependent on several different components 
that make up the mixed-function oxidation system (M.F.O). This system 
consists of the cytochrome P450 enzyme, NADPH–cytochrome P450 
reductase (CPR) and lipids. Apart from that, an equivalent amount of 
NADPH and molecular oxygen is required to oxidize a substrate once [Eq 
2.1]. 

OHSubstrateOHNADPHSubstrateOHNADPH 22

 Eq 2.1 

The eukaryotic CPR contains both FAD and FMN (Figure 2.2), which is 
the characteristic of a class II systems (all eukaryotic CYPs) (9). In this class 
both the CYP and the reductase are membrane bound. Most bacterial CYPs 
belong to class I, where both the protein and the redox partners, FAD and an 
iron sulphur cluster containing flavodoxin, are soluble.  

One of the bacterial enzymes, the BM3, has a similar one component 
reductase system as exists in class II but the reductase is coupled directly to 
a soluble CYP. The crystal structures of BM-3 (10) were therefore proposed 
as the most suitable templates for homology modelling of the class II 
members before any mammalian cytochrome structures were resolved. BM3 
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reductase seems to be related to mammalian reductase, based on sequence 
alignment and recognition of a catalytic triad, represented by Ser457, 
Cys629 and Asp674 in human reductase (11,12). 

Crystal data from CYP2C5 suggest a positive electrostatic potential area 
that could facilitate contact with the electronegative surface of the reductase 
and bring it towards the heme(13). The exact nature of this interaction is not 
known, since the corresponding adhesion patch defined in the co-crystallized 
BM3-CPR complex (10) is probably buried in the membrane in the CYP2C5 
structure. Experimental estimates of the height between the membrane and 
the enzyme indicates that part of the enzyme should be buried in the 
membrane (14). The increased hydrophobicity in the helical segments 
between the F and the G helices together with the hydrophobicity in the 
region between the proline rich N-terminal and the A-helix make these 
regions probable candidates for membrane insertion.  

2.4 General 3D structure
The structural fold of CYPs is conserved throughout the super family despite 
a sequence identity that is often as low as 20 % (Figure 2.3). The core region 
enclosing the heme consists of helices J and K and a cluster of four helices 
(D, E, I and L). The proximal side of the heme in helix K has an absolutely 
conserved E-x-x-R motif which is suggested to play a part in core 
stabilisation. Another conserved region is a coil called the “meander”. The 
heme is sandwiched between the L helix towards the surface and the I helix 
towards the interior. The RMS C  in this region between the BM3 and the 
CYP2C5/3LVdh is only 0.9 Å. The cystein penta-coordinated to the heme 
(Cys435 in CYP2C9) is also conserved throughout the entire super family, 
which shows the strong structural relationship in members of the family. 
Another highly conserved feature in the I helix is a threonine (Thr301). This 
threonine takes part in hydrogen bonds, which are a probable reason for the 
distinct bend in the I helix that leaves room for a water molecule inserted 
into the helical segment. These conserved structural features are most likely 
of importance in the proton-transfer step (13) prior to the water generation in 
the oxidative reaction (see step 5 Figure 2.6 .

In CYP2C9, the heme is held in position by hydrogen bonds between the 
propionic acid of the A ring and His368 and between the D ring propionate 
and Trp120, Arg124 and Arg433. Arg97 makes hydrogen bonds in both 
directions, as it is inserted between the two propionate side chains, as well as 
with Val113 and Pro367. 

 Before the crystal structure of 2C9 was solved it was shown that 
mutation of Arg97 produces a catalytically less active enzyme (15). Site - 
directed mutagenesis is often used to determine amino acids involved in 
binding, but this is an example in which the mutated amino acid distorts the 
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stability of the enzyme and thereby diminishes the efficacy without being 
directly involved in binding.  

2.4.1 Substrate recognition sites 
The overall fold and certain amino acids are highly conserved throughout the 
super family, but there are other parts that are non-conserved or variable. 
These give rise to the distinct substrate specificities. At the beginning of 
1990, amino acid sequencing of the CYP2C family enabled alignment of this 
group. The group was then compared to groups of bacterial amino acids in 
which the substrate binding residues had been determined by x-ray 
crystallography on co complexes. Mainly primary structures, but also 
secondary structure predictions and hydropath indices, were successfully 
used to establish six substrate recognition sites (SRSs) Table 1 (16).
Comparisons with the other related subfamilies, CYP2A, CYP2B, CYP2C 
and CYP2D, indicate that the substitutions in the SRSs are more 
nonsynonymous than in the remaining region. This increased diversification 
has enabled the recognition of an increasing number of foreign compounds.  

        Figure2.3: P450 structural elements
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Table 1 Active site regions as defined by Gotoh et al.(16). 

Substrate Recognition 

Site (SRS) 

Amino acid  

 residue numbers 

Region

SRS 1 103 – 126 B’ and flanking areas 

SRS 2 209 – 216 C terminal of F-helix 

SRS 3 248 – 255 N terminal of G-helix 

SRS 4 302 – 320 N terminal of I - helix 

SRS 5 375 – 385 3 area 

SRS 6 485 – 493 Central 5

To date, three substrate – enzyme complexes of mammalian CYPs have 
been published: CYP2C9 – warfarin (17), CYP2C5 – diclofenac and 4-
methyl-N-methyl-N-(2-phenyl-2H-pyrazol-3-yl)benzenesulfonamide (DMZ) 
(18). Another complex that can be used for evolutionary comparison is the 
co complex of BM3 with N-palmitoylglycine, which has been resolved to 
1.65 Å resolution(19). The recognised SRS regions proposed, which 
constitute about 16 % of the total residues, still hold after the actual 
crystallization of these enzymes. 

2.5 Substrate binding 
S-warfarin has been co crystalized together with CYP2C9 (Figure 2.4) (17). 
The results showed that this well recognised substrate of CYP2C9 was 
captured at about 10 Å from the heme. Several hypotheses have been put 
forward to explain these unexpected results. It could be an inhibitory binding 
mode, since warfarin is both a substrate and an inhibitor, or a resting stop to 
await conformational changes that will facilitate approach and catalysis. This 
resting mode could be a preferred mode in the mutated crystal structure of 
CYP2C9 as compared to the wild type. The mutated CYP2C9 is still 
metabolically active, which implies that it is possible for warfarin to enter 
the inner cavity, although it might be that the mutations somehow alter the 
conditions and favour this position for the case of this substrate. 

 Another possibility is that this is an allosteric binding mode that gives 
rise to activation. CYP2C9-mediated metabolism has been shown for several 
substrates to display allosteric kinetics (20,21). Warfarin follows Michaelis-
Menten kinetics however, which undermines the idea of auto activation in 
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spite of the fact that there is space for another ligand in the binding site. The 
conformational changes that occur upon binding are minor. The side chain of 
Phe476 flips towards the bound S-warfarin to gain a -  stacking interaction, 
which causes a slight displacement of the C terminal loop (residues 474 – 
478).

Figure 2.4: S-warfarin co crystalized with CYP2C9.  
Reprinted with the kind permision of Nature (17).

Complexes with substrates bound to CYP2C5 show more extensive 
conformational changes than the changes seen for CYP2C9. Three 
compounds, metabolised by both CYP2C5 and CYP2C9, have been co 
crystallized together with CYP2C5/3LVdH. Diclofenac(18) is small and 
polar and DMZ (22) and progesterone (13) are large and hydrophobic, 
although progesterone differs from DMZ by being flat and rigid. Diclofenac 
was captured with the 3’ and 4’ carbons at a distance of 4.4 and 4.7 Å from 
the iron, respectively (Figure 5.1). Since the compound is small, a water 
network fills the distal part of the pocket, and the amino acids involved are 
N204, K241, S289, D290 N236 (bound to N204), V106, I112 and A113 
(both to D290), A237 and S289 in the F, G and I helices and B-C loop. On 
the opposite side of the substrate cleft, additional water molecules are bound 
to E297 and R304. The largest conformational changes are seen around the 
B’ helix, these reflect the size of the compound, but F and G helixes are also 
affected. The B’ helix has relatively weak interactions with the rest of the 
protein structure and is flanked by glycine - rich regions that are relatively 
free to adopt different conformations since they have no bulky side chains. 
The binding modes of diclofenac and DMZ in CYP2C5 differ significantly 
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from warfarin’s position which, as discussed above, could be an inhibitory 
binding mode.  

2.6 Catalytic mechanisms 
The catalytic reactivity of P450s dependes on the heme group (Figure 2.1). 
The heme group consists of four pyrrole rings that coordinate the iron in the 
centre. Two of the pyrrole rings have propionate side chains that can 
stabilise the non-covalent bonding of the heme in the apoprotein by 
hydrogen bonds (in CYP2C9, by two hydrogen bonds from Arg97)(17).  

2.6.1 Spectral characteristics 
Cytochrome P450s have a characteristic Soret absorption spectrum at ~450 
nm when CO is bound to the reduced (ferrous) state of the protein generating 
the FeII-CO complex. Other heme proteins exhibit a spectrum at ~420 nm 
under the same conditions. In the cytochromeP450s, a thiolate from a 
conserved cysteine is ligated instead of a nitrogen from a histidine, which is 
common in other heme proteins. In the resting state, the iron is penta-
coordinated to the sulphur and hexa-coordinated to a water molecule. 
The heme group can exist in two spin states. When water is bound to the 
heme group, it is planar and considered to be in the low spin state. Strong 
binding ligands with a lone pair of electrons can displace the water with a 
nitrogen atom and maintain this spin state Figure 2.5 . Otherwise, substrate 
binding displaces the water and, as the hexa-coordination disappears, the 
iron moves out of the plane and approaches the sulphur in a high-spin state 
penta-coordinated form. These changes are captured in UV spectra 
determination, and this was used to determine the way, in which, ligands in 
the set of compounds analysed interact with the heme. The underlying 
thought was to divide the data set on the basis of these interactions with the 
heme and to study them separately. Crystallization of the BM3 complex has 
shown that substrate binding changes the iron spin state. It appears to be 
nearly complete from low to high spin state upon saturation of the active 
site. A water molecule is still present close to the heme, which can explain 
the fact that the conversion from high to low spin state is not always as 
complete as is described in theoretical models (19). This water molecule is 
also likely to be the proton donor required for scission of dioxygen, 
described under the catalytic cycle (Figure 2.6).  
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2.6.2 Catalytic cycle
The general catalytic cycle is depicted in (Figure 2.6). In the cycle of 
reaction, cytochrome P450 first aims to activate the oxygen (Step 1-6), then 
to oxidate the substrate (7,8) and finally to release the product (Step 9).  

The nature of the oxidative species involved in the reaction and the rate 
limiting steps alter depending on which substrate, CYP, reaction or system is 
studied. 1) In the first step the substrate enters and displaces the water bound 
to the heme. Here the iron is in its ferric (Fe3+) state. 2) Second, one electron 
is added by oxidation of the NADPH-CYP450 reductase, which reduces the 
iron to the ferrous state (Fe2+). The accessory protein, the reductase 
prosthetic group FMN-FAD, facilitates the electron transfer from NADPH. 
Depending on the cytochrome P450 , steps 1 and 2 can come first or second, 
but these are reversible steps and the first step is always faster than the 
second, independent of the substrate.  
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Figure 2.6 Catalytic cycle of cytochrome P450. (Adapted Guengerich et al. 2001(1)) 

Figure 2.5: High spin state – type I (left) , low spin state – type II(right) .
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3) In the next step, one oxygen molecule must diffuse from the protein 
surface and then coordinate to the ferrous iron. This is a highly unstable 
complex that can form a ferric iron and a super oxide anion, O2

.-. 4) In the 
next step, an additional electron is added, either through NADPH-
cytochrome P450 reductase or cytochrome b5, which is dependent on the 
individual system. In some systems, e.g. CYP3A4, addition of cytochrome 
b5 can increase Vmax and decrease KM. The ratios between these participants 
are NADPH-cytochromeP450 reductase: cytochrome b5: cytochrome P450 1 
: 5-10 : 10-20. NADPH can transfer electrons much faster than the 
cytochrome can use them, and low levels protect the cells from harmful one 
electron reduction reactions. Cytochrome b5 is not as efficient as NADPH 
reductase and is therefore only influential in this step, since it 
thermodynamically costs less energy. This complex was first structurally 
described by Schlichting et al. (23). Low temperature crystallographic 
techniques allowed characterization of most of the steps in the P450cam cycle. 
5) A proton is added either directly from the conserved threonine or by a 
water hydrogen bonded to this threonine (24). 6) In this step, the dioxygen 
bond is heterolytically cleaved and a water molecule is released, generating a 
complex of FeO3+ RH. The electron configuration is most likely an oxyferryl 
species, FeIV=O. This complex is considered the main reactive species of the 
catalytic cycle. 7) In the next step, initial hydrogen or electron abstraction or 
sigma complex formation takes place, followed by 8) oxygen insertion to 
generate the hydroxylated species by the so called oxygen rebound 
mechanism and finally 9) the substrate is released.  

2.6.3 Catalytical mechanisms 
Three intermediates of the cycle are considered important in the catalytic 
reaction (Figure 2.7). The main one is the ferryl species (FeIV =O) although 
this has not yet been proven experimentally. The other two are the ferric 
peroxy anion (FeIII-OO-), which could act as a nucleophilic oxidizing 
species, and the ferric hydroperoxy complex (FeIII-OOH), acting as a 
electrophilic oxidizing species (24). 
The ferric peroxy anion is nucleophilic and reactive with electrophilic 
substrates such as the  - carbon of aldehydes. The dioxygen bond is 
homolytically cleaved to produce a free radical that decays to a double bond 
by hydrogen abstraction of the oxyferryl species (Figure 2.7). 
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The ferric hydroperoxy complex and the oxyferryl species (FeIV =O) react in 
the same way. The mechanisms involved are (as described in p 22) 

o Initial hydrogen abstraction  
o Carbon hydroxylation (alkane oxidation), which is 

commonly referred to as the oxygen rebound mechanism. 
It is a rapid mechanism that leads to retention of the 
configuration.  

o Initial electron abstraction
o Heteroatom release ( -carbon oxidation) if electron 

donor constituents destabilize the formed radical, which 
is followed by a hydrogen abstraction from the  position 
when this is possible. After rearrangement, the oxygen 
rebound mechanism and proton transfer will oxidate the 
carbon and release the heteroatom.  

o Heteroatom oxygenation occurs if the radical that is 
formed is stable. Radical stability is favoured by more 
electropositive atoms, e.g. S>N. N radical formation and 
subsequent oxidation will also be favoured if there are 
other electron donor substituents that can stabilise the 
radical, if there are no -hydrogens or if those present are 
sterically hindered. 

o Initial charge transfer -  complex formation by electrophilic 
attack on the - bond.

o 1e- transfer that gives a radical cation, which after 
hydrogen abstraction gives double bond formation and 
oxygen rebound.  

o 2e- transfer that generates  complexes that transform 
acetylenes and olefins to ketene and epoxide 
intermediates.  
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species – electrophilic (middle) ,oxyferryl species – electrophilic(right). 
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2.7 Polymorphism 
Genetic variation is common in the human genome. Most of these variations 
are due to single point base pair mutations that give rise to altered amino 
acid coding. In most cases these mutations lead to a catalytically less active 
enzyme or an enzyme with a different substrate specificity. In other cases the 
mutation results in a premature stop codon or changes the initiation code, 
which will result in a null allele, that is, no enzyme is formed. Depending on 
whether this occurs in one or both of the alleles of the chromosome, 
heterozygous or homozygous polymorphism, the extent of the effect differs. 
The distribution in a population with regard to enzyme activity results in the 
poor metaboliser (PM), extensive metaboliser (EM) and ultra rapid 
metaboliser (URM) subclasses. Individuals in the different subgroups can 
have clinically important variations in drug response. 

2.8 Enzyme kinetics  
2.8.1 Metabolic stability 
The evaluation of a new drug entity (NDE) includes the characterization of 
the pathways for substrate metabolism, inhibition, induction and activation. 
This is done by measuring the kinetics – the rate of changing the reactants to 
products. If one enzyme is studied separately, e.g. recombinant enzyme, or 
only one enzyme is involved in the conversion from substrate to metabolite, 
simple Michaelis-Menten relationships can be used to explain the hyperbolic 
behaviour of an enzyme-catalysed reaction.  

The reaction velocity is plotted over the range of substrate concentrations 
used (see Figure 2.8 and references Segel and Kuby (25,26)).  
The velocity refers to the change in product formation over a unit of time. 
The rate of the reaction refers to the change in total quantity per unit time. 
The initial velocity (V0) is the change of the reactant during the linear phase 
of a reaction. There are certain general kinetic assumptions that must be 
fulfilled to allow Michaelis Menten kinetics [Eq 2.2].  

Figure 2. 8: Michaelis Menten relationship for substrate metabolism

½ Vmax
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[S]KM
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1) The enzyme and substrate must react rapidly to form the ES complex. The 
equations assume steady state kinetics during the initial phase of the reaction 
(k2 << k-1) so that the breakdown into product is the rate limiting step. This is 
achieved by having an excessive amount of substrate present, S >> E. 2) 
When the enzyme is saturated, it is present as the ES complex. 3) If the 
enzyme is only present as the ES substrate, then the rate of product 
formation is maximal (Vmax=k2 [ ES ]).  

[Eq 2.2] 

A Lineweawer–Burk plot is drawn by taking the reciprocal values of [V] 
and S. Many other representations, e.g. a Eadie-Hofstee plot (v/S over v), are 
also available. These different plots can alone or simultaneously increase the 
interpretability of the data, although computer programs are now more 
accurate in calculating the constants(27,28). KM is the S  at which the 
reaction reaches ½ Vmax. Under conditions KM  Ks, KM can be interpreted as 
a measure of enzyme substrate affinity. The clearance of a drug by an 
enzyme is defined as MKVCL /maxint  at low substrate concentrations. 

Deviations from linearity in the Eadie-Hofstee plot are an indication of 
atypical kinetics and can be due to allosteric kinetics, multiple enzymes, 
substrate inhibition and/or solubility problems.  

2.8.2 Enzyme inhibition
Inhibition of CYP enzymes is the most common cause for metabolism-based 
drug-drug interactions. One example is the anticoagulant warfarin, which is 
a substrate of CYP2C9 and a drug with a narrow therapeutic window. Co 
administration of an inhibitor of CYP2C9 will cause the substrate to be 
metabolised to a lower extent; the active compound will then accumulate and 
the blood concentration can rise to toxic levels and can cause bleeding 
complications. The more potent the inhibitor is, the less substrate will be 
metabolised and the quicker will the concentrations of unmetabolised 
substance rise. In the case of prodrugs, the metabolism of the compound is 
essential for the activation of the drug, and the onset will then be delayed as 
the concentration of active metabolite will be lower. It is thus of fundamental 
importance to elucidate and reduce the inhibitory effect of compounds at an 
early stage to prevent failures due to adverse clinical effects.  

There are two types of inhibition, irreversible and reversible. In the case 
of irreversible inhibition, the ligand binds covalently to the enzyme and 
inactivates it. The catalytic function of the protein will not recover, and 
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o
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enzymatic activity will not return until new protein has been synthesized. 
Tienilic acid binds covalently to Ser365 in CYP2C9 and causes mechanism-
based inhibition (29). It is common, as in the case of tienilic acid, that the 
mechanism-based inhibitor is also a substrate of the enzyme. In most cases, 
it is the reaction product (the metabolite) that reacts with the cytochrome and 
inactivates it. 

The reversible type of inhibition is more common (See Figure 2.9). When 
studying inhibition, the steady state approach was used, as described in the 
enzyme kinetics section. In the same way that the substrate concentration 
must be much higher than the enzyme concentration (so that enzyme-
substrate binding does not become rate limiting), the inhibitor concentration 
should also be much higher to avoid that binding would appreciably alter the 
free inhibitor concentration. The inhibitory potential of a compound is 
measured by its effects on the metabolism of a marker substrate, e.g. the 
hydroxylation of diclofenac for CYP2C9. Since the substrate should by 
definition be present in excessive amounts during the experiment, the 
metabolite formation is measured. The IC50 value describes the concentration 
at which the inhibitor inhibits 50 % of the velocity at a certain substrate 
concentration. If the substrate concentration of the marker substrate is set to 
[S ] = KM (marker substrate) and competitive inhibition is assumed, the Ki value 
can be approximated from IC50/2. This type of initial screening was used to 
identify inhibitors and find an approximate Ki value. Deviations from the 
sigmoid curve give indications of atypical events. 

To determine the type of inhibition, different inhibitor concentrations at 
changing substrate concentrations are compared to identify how they 
correlate to the inhibitor free control. The inhibitor concentrations used were 
chosen on the basis of the approximate Ki determined in the initial 
experiment, e.g. 1/3 Ki, Ki and 3Ki, to make a comparison with the control 
without inhibitor. The substrate concentrations were set on the basis of the 
KM of diclofenac (8 M).

2.8.3 Competitive inhibition
A competitive inhibitor (Figure 2.9a) competes with a substrate for the 
active site since the competitive inhibitor combines with the free enzyme so 
that the substrate is prevented from binding and reacting. A substrate can 
also be an inhibitor and vice versa. This is dependent on the affinity of the 
substrate in the marker reaction. If two substrates with different affinities are 
allowed to compete, the substrate with the highest affinity will inhibit the 
one with the lower affinity, as the equilibrium is shifted depending on the 
affinity. Recent crystallization results have shown that compounds that act as 
both competitive inhibitors and substrates can bind in alternative binding 
sites/modes in the active site distant from the heme where metabolism is not 
possible. This has led to the hypothesis of a possible inhibitory binding 
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mode. A competitive inhibitor should produce an increase in KM but no 
effect on Vmax..

2.8.4 Uncompetitive inhibition
An uncompetitive inhibitor (Figure 2.9b) binds directly to the enzyme- 
substrate complex and yields an inactive enzyme-substrate-inhibitor 
complex. The inhibitor does not bind to the free enzyme. This is quite rare in 
unireactant reactions but more common in cases in which several substrates 
and inhibitors are present as in the case of product inhibition. In this case, 
the degree of inhibition depends on the substrate concentration and increases 
as the substrate concentration increases. This is because the uncompetitive 
inhibitors combine only with the ES complex, and this increases as the 
concentration of S increases. An uncompetitive inhibitor is recognised by a 
decrease in Vmax and KM as compared to the control. 
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Figure 2.9 Reversible inhibition |  [I]=0 | [I]=1/3Ki | [I]=Ki | 3Ki
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2.8.5 Mixed inhibition and non-competitive inhibition 
Mixed inhibition (Figure 2.9c) is a mixture of competitive inhibition and 
uncompetitive inhibition. Non-competitive inhibition is a theoretical case in 
which the Ki (competitive) is equal to Ki (uncompetitive) , but this is not very likely to 
be found in vivo. This would give a decrease in Vmax but, in the equations, 
the KM values should be equal to each other and there should therefore be no 
change. In the real case, there will be a small difference, and this will cause 
both the Vmax and the KM to change. If the Ki (competitive) is very high, the case 
reduces to uncompetitive inhibition, if the Ki (uncompetitive) is very high, it will 
in the same way reduce to pure competitive inhibition.  

2.8.6 Activation
It is becoming clear that many CYP-catalyzed reactions do not follow typical 
Michaelis Menten kinetics. Instead, atypical kinetics owing to hetero 
activation and auto activation is increasingly common. CYP3A4 has been 
the model enzyme for such cooperativity (30-35), but CYP2C9 has also been 
shown to exhibit atypical kinetics (20,36). Dapsone, which is itself 
metabolised by CYP2C9, activates flurbiprofen, piroxicam and naproxen by 
increasing the Vmax and decreases the KM, which suggests a two site model 
describing activation. Recent crystallization studies of CYP2C9 indicate an 
active site that is large enough for such cooperativity(17). 

2.9 Experimental systems to study CYP450 
Metabolic stability, inhibition and induction can be studied in a number of 
different systems that can be classified according to whether or not the 
enzymes are still in their cellular environment. The enzyme-based systems 
include human liver microsomes (HLM) and recombinant enzymes (37) and 
the cell-based systems are hepatocytes(38) and liver slices (39).  

2.9.1 Subcellular and heterologous systems – Human liver 
microsomes and recombinant enzyme 

Human liver microsomes are prepared from human liver by separating the 
post mitochondrial supernatant through centrifugation, yielding fragments of 
the endoplasmic reticulum. The benefits of a system of this kind is that the 
same ratio of NADPH-cytochrome P450 reductase, cytochrome b5 and lipids 
is present in the microsomes as in the intact liver. It is a good system for the 
purpose of distinguishing the relative importance of different routes, but a 
drawback is that the in vitro conditions required to study different enzymes, 
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e.g. CYPs and UGTs, are different and hence not possible for evaluation of 
the additive results of a compounds sequential metabolism. 

Recombinant enzymes are very useful for studying interactions with a 
specific enzyme, though they do not explain the relative isoform 
contribution. The recombinant DNA (cDNA) encoding either of the CYPs is 
transfected into host cells, such as bacteria, yeast, insect or mammalian cells, 
where each host has different benefits and drawbacks. Yeast was used 
throughout this work as an expression system with the human reductase gene 
co cloned and endoplasmic reticulum with which the expressed protein can 
associate. It is also easy to grow in large volumes. Recombinant enzymes are 
currently commercially available for all of the major CYPs.  

2.9.2 Cell-based systems – Hepatocytes and liver slices 
The cell-based systems are the models that are closest to human liver, since 
the physiological conditions of enzymes and cofactors for both phase I and 
phase II reactions are present. At the same time, these are much more 
complex systems that often require fresh tissue or cryopreservation, and this 
can alter responses.  

Cell-to-cell interactions are also maintained in the liver slices, although 
the activities in liver slices are generally lower. This may be because the 
drugs do not perfuse the liver slice completely and/or because of poor O2
diffusion and necrotic cell death inside slices.  

These cell-based systems enable studies of induction since the 
transcription mechanisms are maintained and protein expression continues 
and can be altered by adding an inducer.  

2.10 In vitro – in vivo correlations
In vitro experiments are done to make it possible to extrapolate the results 
for in vivo predictions. Michaelis-Menten enzyme kinetics give the 
relationship CLint= Vmax/KM, which is a measure of the intrinsic activity of 
the enzyme towards a drug. The clearance of the drug in the system is then 
dependent on the hepatic blood flow and the drug concentration at the site of 
metabolism. Several mathematical models have been developed to predict 
hepatic clearance in order to predict the metabolic clearance of a compound 
in vivo. One is the well-stirred model [Eq 2.3]. This assumes that there is an 
equal distribution of enzymes throughout the liver and that only the unbound 
fraction (fu) can cross through membranes and be metabolised.  
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Q is the hepatic blood flow (20 mL/min/kg) and E is the hepatic extraction 
ratio and is used as a measure to describe the extent of metabolism. If E> 
0.9, the drug is classified as a high clearance compound, where the clearance 
is limited by the blood flow. As the blood flow is the limiting factor, 
inhibition will have only a small influence of CLh while if E< 0.5, a low 
clearance compound, the metabolism is directly related to the unbound 
fraction and to the CLint. For low clearance compounds, altered metabolism 
therefore exerts a greater influence on clearance. 

2.11  Important families of the CYP family 
The main cytochromes relevant for drug metabolism are CYP3A4, CYP2D6, 
CYP2C9, CYP2C19, CYP1A2, CYP2E1 and CYP2B6, which metabolise 
34%, 19%, 16%, 8%, 8%, 4% and 3% of current therapeutics, 
respectively(40). The importance is not related to the abundance of the 
enzyme in the liver, as shown in the corresponding figures of 30%, 2% and 
20 %, respectively, for CYP3A4, CYP2D6 and CYP2C9.  

The major site for biotransformation is the liver, but the intestinal mucosa 
also contribute significantly, mainly via CYP3A metabolism. Other extra 
hepatic sites include the kidney, lungs, skin, brain and nasal epithelium. 
Though the different CYPs exhibit some preferences for certain chemical 
structures, these enzymes have broad and overlapping substrate specificity. 
See table 2.2 for marker reactions in vitro and in vivo.
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Table 2 .2 Specific substrates and inhibitors for CYP450s. 

Marker
reaction

Substrate
In vitro 

Substrate
In vivo 

Inhibitor

CYP1A2 phenacetin 
demethylation 

caffeine -naphtoflavone

CYP2A6 coumarin  
7-hydroxylation 

coumarin methoxypsoralen 

CYP2B6 mephenytoin 
N demethylation 

bupropion orphenadrine 

CYP2C8 paclitaxel  
6 -hydroxylation 

 quercetin 

CYP2C9 diclofenac  
4-hydroxylation 

warfarin sulphaphenazole 

CYP2C19 S-mephenytoin  
4-hydroxylation 

S-mephenytoin ticlopidine 

CYP2D6 bufuralol 
1-hydroxylation 

debrisoquine quinidine 

CYP2E1 chlorzoxazone  
6-hydroxylation 

chloroxazone diethyl-
dithiocarbamate

CYP3A4 midazolam  
1-hydroxylation 
testosterone
6 -hydroxylation 
nifedipine

dapson
midazolam 

ketoconazole

2.11.1 Structure – activity relationships of CYPs 
Modelling for CYP450 has been done on the basis of the ligands or protein 
structures or by using both sources of information concomitantly. The degree 
of computational complexity ranges from empirical calculations of the 
number of structural features to semi empirical and density functional 
theoretical calculations.  

The initiatives came from Hansch (41) who in 1972 published a 
quantitative relationship between lipophilic character and microsomal 
metabolism of drugs. These were mainly P450-mediated reactions and, since 
then, interest in P450 has grown exponentially. In the 1990s, reports of 
QSAR modelling of CYP enzymes started to appear more frequently in 
literature. The first SARs for specific isoforms (CYP2D6 and 3A4) were 
reviewed by Smith and Jones (42). The CYP2D6 specificity was determined 
by the overlap of a number of inhibitors (43) and described an extended 
hydrophobic region, a positively charged basic nitrogen and a possibility to 
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accept hydrogen bonds positioned 5 – 7 Å from the nitrogen atom. The same 
review describes the absence of a structural relationship for CYP3A4. 
Instead the correlation to lipophilicity is mentioned. The ideas that were put 
forth by Hansch, Smith and Jones are still valid, even though the amount and 
quality of information available has increased exponentially. Main efforts 
have involved homology modelling for the different isoforms and substrate 
and inhibitor QSAR and pharmacophore modelling. Lately, inducers (44)and 
activators (45,46) have been studied using molecular modelling techniques. 
Some of the main authors who have published extensively in all of these 
fields are D.F.V.Lewis(47-54), Sean Ekins, Marcel J de Groot and Jeffrey P 
Jones(55-60). In addition, there are a number of isoform-specific original 
modelling articles(46,60-85). 
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3 Computational chemistry and molecular 
modelling

A model is “a simplified or idealised description of a system or process, 
often in mathematical terms, devised to facilitate calculations and 
predictions” (Oxford English Dictionary). In theoretical chemistry, systems 
of chemical relevance are described in mathematical terms by fundamental 
laws of physics. The only systems that can be solved exactly are those 
composed of one or two particles; models must be developed for all other 
systems.  

In computational chemistry, the computer is often used more as an 
experimental tool, where the focus is set on obtaining results relevant to 
chemical problems. The main issues include selection of a reasonable level 
of theory to establish the most appropriate model of a problem and to be able 
to evaluate the quality of the models. Molecular modelling comprises the 
application of computational chemistry methods to give insight into the 
behaviour of molecular systems. The molecular system is often described by 
a force field that can correlate the nuclear coordinates of the system to an 
energy profile that can be used for comparisons. The following chapter 
describes some fundamental concepts in computational chemistry. More 
extensive information can be obtained in the following references. (86-88)

3.1 Energy calculations 
One of the most important techniques in computational chemistry is the 
ability to make energy calculations. The intention is to quantify the intra- 
and intermolecular interactions of the molecules and to reflect that as the 
free energy, G. One should keep in mind that the algorithms are based on 
approximations that will affect their accuracy. Energies in systems are 
calculated mainly through quantum mechanics or molecular mechanics. In 
quantum mechanics, both the position of the nuclei and the electrons are 
taken into account, in contrast to molecular mechanics calculations, where 
the electrons are not explicitly considered and the energy of the system is a 
function only of the nuclear positions.  

Molecular mechanics is conceptually easier to understand than quantum 
mechanics since it is based on classical mechanics. The energies are 
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calculated as separate functions depending on atom coordinates using a force 
field. A force field is built from different equations, together with 
experimentally determined parameters. Some of the more common 
contributions to the force fields are: 

2
0 )( ddkEstr

 d = actual bond length, d0 = equilibrium value, k= constant
2)( oangle kE

 = actual bond angle, 0= equilibrium value, k= constant 

))cos(1( vkEtors    

 = torsion angle; v = periodicity, k= constant 
612 // rArBEvdw

Lennard – Jones non- bonded interaction between atoms separated by 

a distance r

rQQEelec 4/21

 = dielectric constant; Q = atomic charge 

Estr describes how much energy it takes to stretch or compress a bond length 
(d) from its equilibrium state (d0) and Eangle describes the energy required for 
the deformation of an angle ( ) from its equilibrium state ( 0). The torsional 
energy (Etors) approximates the rotational barriers. The Lennard–Jones 
function describes the van der Waals interactions by a 6 – 12 potential where 
r6 is the attractive force and r12 is the repulsive force. The electrostatic 
energy between two point charges (Q1 and Q2) is calculated by the Coulomb 
potential.

The force fields are also described by force constants, strain–free angles, 
bond lengths, atomic polarisability and other parameters that used to be 
based on experimental values but which are now most often calculated using 
quantum mechanics. Force fields should be selected according to the system 
being analysed. Peptides and nucleic acids can be studied using for example 
AMBER or OPLS. Small organic molecules are often studied using the 
MM2 or MM3 force fields (89-94). 
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3.2 Energy minimisation 
A molecule can have several local minima and one global minimum with 
respect to the energy and the atoms’ positions. A molecule such as butane 
will have three minima: two gauche conformations and one anti 
conformation. The anti conformation is lowest in energy and represents the 
global minimum energy conformation and the two gauche conformations are 
local minima. 

The energy of the different conformations can be evaluated using 
molecular mechanics, ab initio or semi empirical methods. One common 
model to visualize energy surfaces is the PES –potential energy surface –
model. The most important features at this surface are the minima and the 
saddle points.  

Any structure that has been constructed and will be used in calculations must 
be energy minimized. In this process the atoms are moved to the nearest 
energy minimum – the energetically most favourable point in the immediate 
surroundings – by a minimisation algorithm. Most minimisation algorithms 
can only go downhill and therefore can only locate the minimum that is 
closest to the starting conformation. Some algorithms can also make uphill 
moves to seek local minima other than the nearest one, but no algorithm has 
yet been proven capable of finding the global minimum from an arbitrary 
starting position.  
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3.2.1 Conformation analysis  
Conformational analysis aims at analysing the different conformational 
states available to a molecule and determining the most stable or the most 
populated conformation. Minima and saddle points can be defined from 
potential energy surface models. The saddle point is the conformation that 
gives the most favourable transfer between two minima (See Figure 
3.1).Using different force fields to calculate the energy also gives rise to 
different potential surfaces with different minima. Several different 
conformational search techniques can be applied, which include systematic 
search methods, Monte Carlo approaches and molecular dynamics. 
Exhaustive quantum chemistry methods can be used for small systems but 
molecular mechanics are used for the energy calculations in the majority of 
cases. Another factor that affects conformational analysis is the environment 
in which the computation is made. Conformational analysis is often done in 
vacuum, but using explicit water or a water solvation model usually gives a 
better description of the true environment (95).  

3.2.1.1 Systematic search  
Systematic search is an exhaustive conformational search method. Each 
rotatable bond is defined and systematically rotated through 360  using a 
fixed increment. If the increment is 10 , the number of conformers that will 
be generated is (360 /10 = 36) n where n is the number of rotatable bonds. 
Sulphaphenazole has three torsional bonds, which would theoretically give 
rise to 363 (= 46 656) different conformers. However, by eliminating 
structures that violate certain predefined criteria, a reduction in the 
computational complexity can be achieved.  

3.2.1.2 Monte Carlo search 
Molecules that have many rotatable bonds can be examined using random 
search techniques. These techniques can never guarantee that the 
conformational space is sampled exhaustively, as it is in a systematic search. 
The typical scenario is that many conformers are found at the beginning of 
the search but, as the search proceeds, the number of new conformers per 
time unit decreases rapidly. This is not the case in the systematic search, 
which is equally efficient throughout. The Monte Carlo random search 
finishes its search for new conformers when the program no longer finds any 
new conformers or the same conformer has been identified a predefined 
number of times. 

3.2.1.3 Molecular dynamics
In molecular dynamics simulations, energy is added to a system as kinetic 
energy related to the temperature of the system. Under these conditions 
molecules can overcome conformational barriers. This method, based on 
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molecular mechanics, results in a trajectory that specifies how the positions 
and velocities of the particles in the system vary over time. Snapshots are 
taken at specified intervals and energy is minimised to sample the 
conformational space over time. The trajectory is obtained by solving 
differential equations embodied in Newton’s law of motion (F= ma). These 
calculations can be made in vacuum or in solution under periodic boundary 
conditions and they are suitable for exploring the dynamics of proteins and 
other large systems, as described in Paper V. It requires considerable 
computer time, however, and there is no statistical or geometrical means to 
determine completeness. 

3.3 Ligand-based modelling
Ligand-based modelling refers to modelling the biological activity without 
considering the 3D structure of the receptor and possible sites of interaction. 
Instead the analysis is based on a set of compounds that are known to 
interact with a receptor by the same mechanism. Several techniques can be 
used to make this analysis.  

3.3.1 Pharmacophore modelling  
A pharmacophore corresponds to those features common to a set of 
compounds, acting at the same receptor/enzyme, which are responsible for 
recognition and activation. 

Common pharmacophoric features are hydrogen bonding sites and 
hydrophobic regions. Atoms that can behave as hydrogen bond acceptors 
are, for example, carbonyl oxygens. Donors could be hydroxyl or amide NH 
groups. One fundamental assumption in drug design is that similar molecules 
can be expected to exhibit similar biological activity. Substituents or groups 
that produce broadly similar biological properties and facilitate the same 
interactions are called bioisosteric groups. Such groups are therefore often 
interchangeable in drug design, and they are used to maintain receptor 
interactions but to change other properties thus enabling a more 
straightforward synthesis or avoiding toxic metabolites.  

Pharmacophore modelling can be done using the active analog approach, 
which states that one specific conformer for each active compound can bind 
to the active site in a similar way and give rise to activity. Studies have 
shown that the active conformer is in most cases not the energy minimum 
conformer and thus most ligands are conformationally modified so that they 
will bind to the enzyme (96). The reason is purely energetic; the cost of 
conformational modification is often < 3 kcal and the gain in energy based 
on favourable hydrophobic interactions, steric receptor complementarities 
and hydrogen bonding will return more to the system. Different programs 
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can be used for pharmacophore derivation, including DISCO (97), 
GASP(98) and CATALYST(99).

3.3.2 QSAR modelling 
The basis for SARs (structure activity relationships) is to guide synthesis by 
analysis of the effect of different substituents to a common core structure. 
The SAR concept can be extended by correlating the structural changes to 
quantifiable properties – QSAR (quantitative structure activity relationship).  
The most widely used technique is linear regression, where the y variable is 
the dependent variable and the x variables are the independent variables. The 
general regression formula for a single independent variable (y = kx +m) is 
then used to derive values for the coefficient, k, and the constant, m. If there 
is more than one independent variable the method is referred to as multiple 
linear regression, which requires more complex equations.  

Inevitably, many of the descriptors are correlated by nature, since groups 
of chemical variables influence the biological behaviour. Historically, 
Hansch introduced the first use of QSAR to explain the biological activity of 
a series of structurally related molecules (100). In his pioneer work he 
described the correlation of the molecule’s electronic characteristics and 
hydrophobic properties to the biological activity for phenoxyacetic acids via 
equations of the following form: 

321 log)/1log( kkPkC

The correlation between metabolism and lipophilicity was demonstrated 
early by (41) Hansch. Recently, a baseline lipophilicity relationship was 
demonstrated for over 70 substrates of eight metabolising enzymes from 
families CYP1, CYP2 and CYP3 (48). The general form of the equation 
was:

bGaG partbind

The slope, a, can be considered the hydrophobicity factor of the active site 
and the intercept, b, the sum of non-hydrophobic interactions between 
enzyme and substrate. The free energy of binding can be derived from : 

mbind KRTG ln

where KM is the Michaelis Menten constant for substrate binding. The Gpart
is the partitioning between n-octanol and water based on 

PRTGpart ln
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These equations can be used to estimate the probable hydrophobic character 
of the individual human P450 active sites. It was suggested as well that these 
types of correlations could also explain outliers by additional binding 
interactions, usually hydrogen bonds. 

3.3.2.1 Molecular descriptors  
QSAR models can be obtained from a wide range of descriptors. Apart from 
physicochemical properties, a simple count of features, molar refractivity, 
topological – or shape – indices of 2D fingerprints can be applied. More than 
1000 descriptors have been reported in the literature and are ready to be used 
in QSAR analysis http://www.disat.unimib.it/chm/QSARnews2.htm.
VolSurf is one computational procedure that can be used to explore the 
physicochemical property space of a molecule starting from a 3D interaction 
energy grid map. The basic concept of VolSurf (101) is to describe the 
structures by calculating molecular interaction fields and transferring them 
into a set of molecular descriptors that quantify the molecule’s overall size 
and shape and the balance between hydrophobicity, hydrophilicity and 
hydrogen bonding. Among other descriptors, the integy moment is 
computed, which reflects the distribution of hydrophilic and hydrophobic 
regions compared to the molecule’s centre of mass. These types of 
descriptors are well suited for ADME problems, e.g. absorption models. 
They are also valuable in defining the chemical space occupied by a set of 
compounds as described in Paper I.  

3.3.3 3D – QSAR modelling 
Models can also be generated by correlation of three dimensional descriptors 
to the activity (3D QSAR). This is a very powerful tool since it highlights 
specific regions of a ligand in which modification can give altered activity. 
This information can be valuable in lead optimisation to predict properties of 
compounds that are not yet synthesised. To enable a correlation between 
compounds, the ligands must be aligned and superimposed in their putative 
bioactive conformer.

3.3.3.1 Calculation of descriptors based on molecular interaction 
fields

The concept of a bioactive conformer advocates the use of three dimensional 
descriptors. One common application in which these descriptors can be 
calculated is CoMFA (Comparative Molecular Field Analysis), developed by 
Cramer and co workers(102). The molecular interaction fields calculated in 
CoMFA focus on non-covalent interactions since these are usually 
responsible for the observed biological effects. In CoMFA, calculation of the 
steric and electrostatic interaction fields of each compound is done at the 
intersections of a three dimensional lattice. The separation between each 



33

point in the lattice is 2 Å. The default probe used in CoMFA has the van deer 
Waals properties of an sp3 carbon and a charge of +1.0. Since the data 
matrix consists of more descriptors per observation than the number of 
observations and since the variables are dependent on each other, the data 
are no longer suitable for linear regression models. This type of data matrix 
therefore requires multivariate statistical analysis, such as PCA and PLS (see 
3.5).

The CoMFA method has been followed by the development of the 
multivariate analysis tool GOLPE (Generating Optimal Linear PLS 
Estimations) (103) (see 3.5.1.3 GOLPE) which employs the GRID force 
field to calculate the molecular interaction fields (104). In GRID the probe 
can be chosen from many different probe molecules, e.g. water, methyl, 
amine nitrogen, carboxylic oxygens and hydroxyl groups that are allowed to 
interact with the molecule, which is called the target. Compared to CoMFA, 
GRID offers a more dynamic approach toward calculating the molecular 
interaction fields. It supplies the user with many more choices than just the 
steric and electrostatic fields available in CoMFA. GRID was thus used 
throughout this work, and the statistical analysis was made in GOLPE. 

3.3.3.1.1 GRID
In GRID the molecule is positioned in a grid box. The probe interaction 
energies are calculated at all grid lattice intersections, the grid points, 
throughout the xyz space, starting with the first energy, Exyz, at the first point 
of the first XY plane of the grid. Positions far away from the molecule will 
generate small energies while positions intersecting the molecules will give 
large positive interactions because of strong repulsion forces. These positive 
energy levels normally define the surface of the target. Modest negative 
energies correspond to points in the interatomic space that give favourable 
interactions between the probe and the molecule. The energy values define 
the contours of the interaction fields and can be visualised for each probe 
alone.

The interaction energy is calculated as follows (105): 

SEEEE hbelljxyz

ljE  Energy of the Lennard -Jones function 

elE  Energy of the electrostatic interactions 

hbE Energy of hydrogen bonding 

      S Entropic term (associated with the hydrophobic probe) 
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The Lennard-Jones potential function (Figure 3.2) empirically explains the 
attractive and repulsive forces of each molecule. The function is dependent 
on the number of electrons, the polarisability and the van deer Waals radius 
of the interacting atoms (106). These values are listed in the grub.dat file 
included in the GRID package (http://www.moldiscovery.com/docs).When 
the distance between the nonbonded atoms is small (< dI), E lj is largely 
positive, which is equal to strong repulsion. The collision diameter occurs 
when the energy equals zero (d’). For a d larger than d II, the atoms are too 
far away to generate interaction. If the distance between the probe and the 
molecules is above 8 Å, the E lj is typically –0.01 kcal/mol and is set to zero. 
This simplification is made to save computational time. A threshold value 
(rm) of Elj will give the nominal radius, that is the optimal distance between 
atoms and the energy minimum.  

The energy of the electrostatic interactions does not diminish rapidly with 
distance. The magnitude is considered crucial to spatial dielectric behaviour, 
according to Hopfinger et al. (106), who proposed the distance dependent 
dielectrics. In GRID, electrostatic interactions are traced 15 Å from the grid 
point. This function should explain charge interactions, dipole–dipole 
interactions and charge–dipole interactions. A full description of the 
equations for studying proteins or small molecules is given at 
http://www.moldiscovery.com/docs/. 

The function for the energy of hydrogen bonding in GRID has been 
rewritten several times in the past (104,107-109) due to the complexity of 
hydrogen bonding arising from the diverse contributions (electrostatic, 
charge transfer, polarisation, dispersion and electron exchange terms). 
Unlike electrostatic interactions, hydrogen bonds have a directional 
component, and the hydrogen bond strength decreases as the geometry 
becomes less optimal. Strong hydrogen bonds bring atoms closer together 
than the sum of their van deer Waals radii.  

0 distance 

energy

d I         d II

Figure 3.2 The Lennard-Jones potential
rm
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These non-bonded interaction forces, the Lennard-Jones interactions, the 
electrostatic interactions and the hydrogen bonding, are supplemented by an 
entropic term (S) when hydrophobic interactions or conformational flexible 
targets are studied.  

The overall energy for the hydrophobic probe is computed at each grid 
point as: 

  Exyz= WENT + ELJ – EHB 

WENT stands for WaterENTropy and describes the ideal entropic 
contribution from ordered water molecules. The computed energy reflects 
the disorder that occurs when hydrogen bonds disturb the arrangement of 
ordered water molecules (EHB) and the order when hydrogen bonds are 
broken as a consequence of hydrophobic areas (ELJ) coming together.  

For conformationally flexible targets (see 3.4.3.1.2 Flexible grid), the 
entropy loss is compared to the gain for different geometrical arrangements 
between the probe and the target to find the most favourable position for 
interaction.

3.3.3.1.2 Flexible GRID  
Earlier versions of GRID took into account tautomeric hydrogens, such as 
those in the imidazole ring of histidine, and the torsional rotation of aliphatic 
or phenolic hydroxyl or amino hydrogens [10], but the heavy atoms of the 
target were kept rigid throughout the calculations. The possibility to study 
conformationally flexible targets was developed to explore the 
conformational freedom of the terminal groups of certain amino acids in 
proteins. The resolution of x-ray crystals cannot usually reveal the atomic 
positions, and arbitrary conformations are chosen. In Paper IV we applied 
the flexibility algorithm to small ligands. 

 By treating the ligands as flexible targets, it is not necessary to make 
assumptions or select a bioactive conformer. Instead, the conformational 
space available to the compound is explored. The flexible option allows both 
the probe and the target to respond to the environmental changes that occur 
upon moving the probe between the different grid points. For each grid point 
the energetically most optimal interaction of the flexible side chain is 
calculated on the basis of 1) the interactions with the probe and 2) the 
entropic contribution due to the geometrical rearrangement of the side chain. 
The strength of the interactions with the probe is evaluated for electrostatic, 
van der Waals and hydrogen bond interactions after taking into account 
entropic effects. The resulting map for each probe will describe the most 
energetically favourable possibilities that a certain ligand has when allowed 
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to adjust to the active site of a protein. The methodology aims to mimic the 
adjustments and binding to a receptor. 

The molecules were automatically assigned flexibility using the GRIN 
directive MOVE=1 [11]. Three different possibilities are considered for each 
atom: 1) assignment to the rigid “core” of the ligand, 2) assignment to a 
“bead” (which is also rigid but is smaller in size than the core or 3) total 
flexibility. The core does not change its position in space during the 
calculations, and each target can only have one core. A bead is rigid relative 
to all heavy atoms within the same bead but is allowed to change its position 
and orientation towards the core in order to obtain the most optimal 
arrangement, subject to any constraints on its movements imposed by the 
length and flexibility of the flexible chains. There can be many beads in each 
target. The flexible atoms are allowed to move during the calculations and 
will be positioned in the most energetically favourable position of those 
being evaluated. 

The procedure for the algorithm by which the program assigns flexibility 
starts with recognising the entire system as the core and can, very simply, be 
described as follows. (1) Certain atoms (mainly hydrogens) and water 
molecules are eliminated from the pdb file . (2) For each remaining atom, the 
number of neighbouring atoms within a sphere of 4Å is identified, and, if the 
number exceeds 12, the atom is assigned to the core structure. At this stage, 
flexible parts of very compact conformations could be wrongly assigned to 
the core and extended structures should therefore be used as starting 
conformations. (3) If more than one part of the molecule fulfils the 
requirements for being a core, then the largest of these parts is assigned as 
“The Core” and the other(s) are assigned as “Beads”. (4) An initial GRID 
run is automatically made on each bead before the main computation for the 
chosen probe begins, considering the bead as a separate target. The findings 
are used to establish the most favourable interactions between the probe and 
the bead, and that bead will then move throughout the main grid run so that 
it is always oriented in the most favourable way with regard to the probe. (5) 
Finally, atoms outside the core/bead or between the core and beads are 
assigned as flexible. When the GRID probe interacts with a flexible atom or 
bead, it starts by determining whether it will be repelled or attracted. If 
repelled, the atom or bead is moved away to the least unfavourable position, 
always taking into account the fact that it is bonded (directly or through a 
chain of flexible atoms and beads) to the rigid core. If it is attracted, the atom 
or bead will move as close as possible to the probe with regard to its bonding 
and the van der Waals radii.  

3.3.3.2 ALMOND – 3D descriptors transformed to 2D correlograms 
As described previously, to obtain a successful 3D QSAR, the molecules 
must be 1) analysed in their bioactive conformer, 2) with the correct 
alignment in space. In the absence of co crystallized complexes, a user bias 
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will be introduced. To reduce the number of assumptions, alignment 
independence is desirable. There are several examples of alignment-free 
descriptors but they have never reached general applicability (110-112). This 
could be due to problems associated with transforming descriptors back to 
the 3D space to facilitate interpretation and aid in the design of novel 
compounds. A new methodology was therefore developed by Pastor et al. 
(113) that had the ability to transform GRID molecular interaction fields into 
correlograms that describe interactions available to these compounds as 2D 
graphs. Each of the descriptors can be transformed back to its 3D 
coordinates. These ALMOND descriptors are derived by calculating all 
distances between all grid points. The scaled energy products are calculated 
for each distance based on the interaction energy for each grid. The distances 
are sorted into bins based on their length, but only the distance 
corresponding to the lowest energy product for each bin is kept. The most 
favourable distance for each of the bins is plotted in a graph of energy over 
distance - a correlogram. These descriptors are then used to correlate the 
biological activity using different multivariate statistical methods such as 
PCA and PLS (see 3.6.1 Statistical methods for multivariate analysis) 
without any need of first performing an alignment (See paper IV). 

3.4 Structure-based modelling
The aim of structure-based modelling is to understand the environment into 
which the ligand is presented and how the enzyme interacts with the ligand. 
If this relationship is understood, structure-based design can be applied to 
alter or disable the ligand–enzyme complementarities and to avoid 
recognition and thereby interference with e.g. the CYP. This example differs 
from the more common scenario when complementarity to the receptor is the 
aim in order to achieve a pharmacological effect. In order to approximate the 
possible interactions, different programs and techniques are applied. 

3.4.1 Homology modelling 
The most favourable situation in structure-based design comprises the access 
to multiple crystal structures of the target being studied, with and without 
ligands being bound to it. In the case of CYPs, crystal structures are starting 
to emerge but the generation is still on an experimentally very demanding 
level.

To be able to describe systems in which no crystal information is 
available, homology models can be built. The general procedure for 
homology modelling is: 1) search for crystal templates of high similarity and 
high evolutionary relationship with regard to secondary structure and three 
dimensional correspondence; 2) align the sequence of the desired protein to 
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the crystal structure sequence; 3) build homology models using a 
comparative modelling software; 4) evaluate the models on the basis of 
stereochemistry parameters for backbone angles etc. 

In general, the models should be based on templates with as high 
sequence similarity and conserved secondary structure as possible. 
Templates with 30 % sequence similarity have been named as a lower limit 
for reasonable accuracy in the final model. It is generally accepted that the 
higher the sequence identity between the template and the target, the better 
will the model turn out.  

3.4.1.1 MODELLER 
The software that we have used to build the homology models in Paper V is 
MODELLER(114). This program does 3D comparative modelling based on 
sequence alignment of templates to target sequences. The alignment can be 
done outside MODELLER in programs such as ClustalX(115) which 
facilitates two dimensional alignment based on amino acid sequence 
similarity. A module called MALIGN in the MODELLER program 
generates an alignment based on 3D superimposition of multiple crystal 
templates. This alignment is then used as a profile in programs such as 
ClustalX, and the target sequence is aligned to it. The alignment must be 
checked carefully, especially in cases where much freedom is allowed during 
the alignment, to avoid gaps in secondary structure elements. When the 
alignment is satisfactory, it is used for modelling in MODELLER. The 
algorithm is based on extracting and retaining spatial restraints such as 
distances between atoms and dihedral angles. In addition to the information 
obtained from the template, more information is available from libraries so 
that regions with gaps can also be modelled and non amino acid residues 
such as the heme group can be recognised and considered during the 
modelling step.  

3.4.2 Docking  
The general idea of a docking program is to position the ligand in possible 
binding modes in the protein active site and to calculate a score for the 
protein–ligand complex. In general the docking conditions must be 
optimised for each individual target to achieve as precise results as possible. 
Also, depending on the environment of the active sites, different programs 
will perform differently and generate different solutions  binding modes. 

In most cases, the program has a function that aims to relate the solutions 
to the binding affinity by making an estimate of the change in free energy 
upon binding.  
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3.4.2.1 GOLD 
The GOLD docking program (116) has been used in the docking studies for 
the conformer selection described in Paper I. This is a program based on a 
genetic algorithm that starts from a number of potential solutions called the 
population. These solutions are evaluated on the basis of a fitness function 
that returns a ranking. Each member of the population is encoded as a 
chromosome. The chromosomes are randomly mutated or crossed and then 
evaluated again. Crossover starts from two parent chromosomes. At a certain 
point the chromosomes are cut and exchanged for the corresponding part in 
the other chromosome. The mutated / crossed solutions are thereafter 
evaluated and, if the ranking is improved, the solution is kept and will be the 
starting point for the next mutation. Otherwise the previous chromosome is 
mutated again. The scoring function consists of a hydrophobic term and a 
hydrogen–bonding term for the protein-ligand interaction and an internal 
term that describes steric clashes and torsional energies. The ligand is 
considered to be flexible during the docking but the protein active site is kept 
rigid, except for hydrogen atoms of polar amino acids, which are flexible. 

3.5 Statistical methods 
3.5.1 Statistical methods for multivariate analysis 
Data matrices for QSAR analysis often consist of more descriptors per 
observation than the number of observations and the variables are dependent 
on each other. This type of data is no longer suitable for linear regression 
models, where dependent data must be as orthogonal as possible. 
Multivariate data analysis must instead be applied. Multivariate analysis can 
handle missing and erroneous data, it can take care of the dimensionality 
problem and multicollinearity, and it enables the separation of signal to noise 
by different methods of variable selection. Two of the most important MVA 
techniques include the PCA, Principal Component Analysis, and the PLS, 
Partial Least Square, analysis. The science of these techniques is called 
chemometrics and provides a number of methods for obtaining good insight 
into data sets and extracting the most relevant information.  
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3.5.1.1 PCA - Principal Component Analysis 
The first step in analysing the data is to make a principal component 
analysis, PCA, to gain an overview of descriptors and compounds and to 
identify whether they are related to each other in any way. It is also useful 
for identifying outliers and clusters of compounds. These clusters can in 
certain cases benefit from being analysed separately, and it is often valuable 
to make a separate analysis that excludes outliers to see how the structure of 
the data is affected, as single observations with the highest degree of 
variation are excluded. The PCA identifies “underlying” descriptors that best 
summarise the information content of the original descriptor block by 
explaining the variance in the data. To a greater or lesser extent, all 
descriptors contribute in some way to the component extraction. 

The PCA analysis starts from an X-matrix consisting of N rows 
(observations) and K columns (variables). The PCA fits the data to lines, 
planes and hyper planes. The first fitting, the first principal component, aims 
to draw a line that explains the data with the least square residual. This type 
of fitting ensures that the variance of the scores is maximised. 

The second component is orthogonal to the first component in order to 
explain as much as possible of the variance that was not explained by the 
first component, e.g. the second component is extracted from the residual 
obtained from the first component. The first two components generate a 
plane in the space where the observations are projected. This plane is called 
the score plot and describes the position of the observations based on the 
first two latent variables (PC1 and PC2). The third component, calculated 
from the residuals of the second component, should be orthogonal to the first 
two, which means that it is perpendicular to the plane of PC1 and PC2. The 
original variables are then analysed to see how they contribute to the latent 
variables (PCs). The cosinus of the angle between the latent variable and 
each of the observations is calculated and describes how they load into the 
latent variables. This is put into the loadings plot, which gives information 

Y YX X

Figure 3.3 Data set geometry suitable for linear regression analysis (left)  
Data set geometry suitable for multivariate analysis (right) .
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about how important each of the original descriptors was in defining each 
component.  

The two plots generated by the PCA, the score plot and the loadings plot, 
can be interpreted after superimposition. Variables that are positively 
correlated to an observation are positioned at the same place in the loadings 
plot as the observations in the score plot. Variables that are negatively 
correlated are positioned on the opposite sides of the plot origin. It should be 
noted that, if the input data are negative, as in the case of negative 
(favourable) energies of interactions, the interpretation is the opposite, e.g. 
superimposed scores and loadings regions are negatively correlated. The x-
matrix can be explained as

EptptptptptptxX nn '.......'''''1 5544332211

where x1  corresponds to the variance scaling, t is the score vectors and p is 
the loadings vector for each of the components. E represents the residuals 
that comprise the noise of the data that cannot be explained by the 
components. 

3.5.1.1.1 CPCA – Consensus Principal Component Analysis 
In a PCA analysis it can be difficult to distinguish the influence of different 
probes if more than two objects are studied. It is therefore beneficial in 
selectivity analyses of proteins to use the consensus approach to the PCA to 
identify single amino acids responsible for binding. This is a PCA analysis 
made on two levels, a super level that includes all probes, identical to the 
original PCA, and a block level that distinguishes the influence of each 
probe for each component in the super level PCA. This means that the first 
component of a probe at the block level does not necessarily need to explain 
the most variance if the influence on the super level is lower than in the other 

PC1

max. variance 
of scores 

min. least
square residual  PC1PC2

Figure 3.5 Derivation of the first two principal components in a three dimensional space.
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probes. The probes with the greatest influence can then be selected for 
further analysis. This technique was used in Paper V.  

3.5.1.2 PLS – Projection to Latent Structures
PLS stands for projection to latent structures by means of partial least 
squares analysis. The PCA components can be correlated directly to the y 
variables in a principal component regression (PCR) or by correlating the 
latent variables from the PCA to latent y variables in a PLS and deriving the 
new latent PLS component. 

Instead of extracting underlying components that best describe the x 
blocks, as in PCA, PLS summarises x to be as highly correlated to y as 
possible. The technique is used for relating Y dependent variables, such as 
biological activity, to x variables. It can be conceptually described as the 
rotation of the structure of the x matrix so that it best explains the y variable 
or as two PCA-like models that are aligned to each other. 
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If a correlation is found, the remaining residuals for the y variables are 
diminished in the next dimension. Repeated fitting to new latent components 
will diminish the residing residuals and the correlation can approach 1, 
which means that all the residuals are explained. It is important to keep in 
mind that this is over-fitting of the data, since an experimental error is 
always present. Instead, the number of components included in the model 
should be driven by the predictive power of the model (q2). The predictive 
power of a model can be investigated using cross-validation. Cross 
validation gives an estimation of the predictivity without the help of external 
data. It makes an internal validation, and this is very valuable in QSAR 
studies since the number of objects studied is often very limited and 
therefore necessary for development of the model. In cross-validation, 
groups of observations are excluded from the matrix and the model is rebuilt. 
The model then predicts the excluded observations and the procedure is 
repeated until all observations have been excluded at least once. Another 
way of validating the model is to divide the original data set into a training 
and a testing set and then do all the modelling with the training set and use 
that model to predict the test set. 

3.5.1.3 GOLPE 
GOLPE (103) is a multivariate statistical analysis program that was written 
to build, validate and interpret 3D QSAR models on the basis of molecular 
interaction fields calculated in GRID or CoMFA. Numerous statistical tools 
for selection of variables are included, such as factorial designs and smart 
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region definitions that make the program very suitable for this type of data. 
It is not a molecular modelling program, so all alignments, energy 
minimisations and interaction fields calculations have to be done before 
entering GOLPE. Beyond PCA and PLS, there is also the possibility to do 
consensus PCA (CPCA), which allows the analysis of molecular interaction 
fields from multiple probes on a super level or the consensus influence of 
each probe in the model. This was the chief statistical analysis program used 
in Papers I and V.
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4 Aim and Objectives 

4.1 Aim
To derive computational models for the quantitative and qualitative 
prediction of inhibitors and substrates of the drug-metabolising enzyme, 
cytochrome P450 2C9. 

4.2 Objectives 
To achieve this aim, a number of specific objectives were outlined as 
follows:

(1) Generate inhibition kinetics data for CYP2C9 from compounds that 
are already on the market. This work would involve the screening of a large 
number of compounds to identify inhibitors and non-inhibitors of CYP2C9. 
The inhibitors would then be further investigated to establish the 
mechanisms of inhibition in order to be able to select only competitive 
inhibitors for subsequent computational modelling work. 

(2) Use as diverse compounds as possible to capture the chemical space 
available to these enzymes, which are characterized by low substrate 
specificity.  

(3) Use GRID to calculate molecular interaction fields for targets studied 
and, on the basis of these fields, to explore methodologies that can handle 
the issues of alignment and bioactive conformer selection. 

(4) Explore structural characteristics of CYP2C9, first by using homology 
models and then, as crystal data emerge, continuing with up-to-date x-ray 
crystal data. 
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5 Summary and discussion 

In drug discovery and development, compounds are evaluated for their 
metabolic properties with respect to their routes of elimination, the enzymes 
that are involved and the potential for drug-drug interactions (117). Among 
the many drug metabolizing enzymes responsible for the biotransformation 
and disposition of therapeutics, cytochrome P450s play a major role. The 
most important CYPs in drug metabolism are CYP3A4, CYP2D6 and 
CYP2C9, which metabolise approximately 34, 19 and 16% of the drugs on 
the market, respectively (40). It is therefore not surprising that drug-drug 
interactions involving the induction and the inhibition of CYPs have been 
observed to chiefly involve these three CYPs. In recent years, a number of 
compounds including cerivastatin have been withdrawn from the market due 
to fatal interactions in which inhibition of CYPs was implicated (118). A 
survey of the literature also shows that there are many drug-drug interactions 
involving CYP inhibition that result in adverse effects, which are both 
hazardous to patients and expensive for the healthcare system(119-126). The 
pharmaceutical industry is therefore developing and employing 
computational, in vitro and in vivo approaches to be able to predict routes of 
drug metabolism, potentials for drug-drug interactions and effects of 
chemical modifications of candidate drugs such that they have favourable 
metabolic profiles.

5.1 Choice of CYP2C9 as a study model 
A number of factors made us choose CYP2C9 as a model for exploring the 
applicability of new computational tools to derive models for the prediction 
of CYP substrates and inhibitors. These include: 

(a) CYP2C9 is one of the major three drug metabolizing enzymes and has 
been shown to be prone to inhibition leading to clinically significant drug-
drug interactions (119,127) 
(b) There has been a large amount of basic research done on the enzyme 
including homology modelling and mutagenesis studies to understand 
structure-function properties of this enzyme(15,29,128-131).  
(c) At the initiation of this project in 2000, the first crystal structure of a 
mammalian CYP, rabbit CYP2C5, was published (132). This enzyme has 
a high sequence similarity (87%) and identity (77%) with CYP2C9. This 
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opened the possibility for a better understanding of the human CYP2C9 
than of any other human CYP. 
(d) Efforts to derive predictive models of CYP2C9 inhibitors and 
substrates, using traditional approaches available previously, covered a 
narrow chemical space of applicability and were derived on the basis of 
initial assumptions regarding alignment and bioactive conformation. The 
initiation of the project was thus governed by needs for more general 
models. 

These factors made CYP2C9 an attractive target for this research project. 
Finding solutions to some of the major challenges in modelling for substrates 
and inhibitors for CYP2C9 was anticipated to pave the way for the 
understanding of other drug metabolizing enzymes. 

5.2 Selection of compounds and generation of 
CYP2C9 inhibition data 

From the onset, we realised that one of the major limiting factors in 
modelling efforts was the data that computational chemists were using. Data 
on inhibition reported in the literature by different laboratories commonly 
vary more than 1 log unit for the same compound and enzyme(133). We 
therefore decided to generate our own data under uniform conditions. Some 
of the previous work used IC50s as measures of inhibition. There can be 
limitations to this, since this measure fails to say anything about the 
mechanism of inhibition. Models for competitive inhibition should be 
confined to the region of interaction specific to competitive inhibitors, as 
those regions by definition differ from other types of inhibitors that could 
use allosteric binding sites or depend on covalent bonding. We therefore also 
determined the mechanism of inhibition of the compounds and selected 
competitive inhibitors and non-inhibitors for the data sets to be used in 
upcoming modelling work. A third issue concerning inhibition data is that 
some of the substrates and inhibitors interact with the CYPs in a stereo-
specific manner (e.g. CYP2C9 mainly metabolises S-warfarin and not R-
warfarin(134)). Models have been built that both take (135)and do not take 
this into account (136). In this study we determined the inhibition constants 
of the individual stereoisomers to capture stereo specific behaviour, if 
present. In our data set it was shown not to be of importance, but this 
approach ruled out any uncertainty of its influence. Figure 5.1 shows the 
scheme for how the inhibition data were generated. 
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Figure 5 .1 : Biological data generation scheme 
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Observations of clinically relevant drug-drug interactions involving 
competitive inhibitors have led to the general recommendations that 
compounds with Ki of over 10 µM are unlikely to result in in vivo
interactions(137). This value is derived from FDA and Pharma guidelines, 
which propose the following inhibition indices (Css (or Cmax)/Ki): > 1.0 likely 
interaction, <0.3 unlikely interactions, and 0.3-1.0 probable interactions. In 
early discovery, the Css or Cmax is not known but, assuming that future potent 
drugs will have a Css or Cmax of about 1.0 µM, a rule of thumb for a general 
classification of inhibitors is: potent inhibitors Ki < 1.0 M, medium potent 
inhibitors, Ki = 1-10 M, and poor inhibitors, Ki > 10 M. One can however 
appreciate that these generalisations can change if the plasma concentrations 
exceed 1 µM. An unusual situation of a high Css or Cmax of 10 M would 
change the limit for compounds to be unlikely inhibitors at Ki > 30 µM. Our 
initial goal was to screen compounds and identify ten representatives of 
competitive inhibitors in each of the above categories and thus to cover three 
logarithmic units of activity.  

However, after screening over 100 compounds according to the scheme 
depicted in Figure 5.1, we ended up with the inhibitors in the following 
categories: potent inhibitors (Ki < 1 M; n=2), medium potent inhibitors (Ki
= 1-10 M; n=10), poor inhibitors (Ki = 10-20 M; n=7), very poor 
inhibitors (Ki = >20 M; n=15) and 46 non-inhibitors (inhibited less than 
10% of the CYP2C9 catalysed reaction). We considered these data sufficient 
to pursue subsequent modelling work. The data were then randomly divided 
into the training sets (for the derivation of the models) and test sets (for the 
validation of the predictive power of the models), tables 5.1 – 5.4. 
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S-pantoprazole (19) Ki = 64

omepeprazole sulfone (15) Ki = 35

phenylbutazone (11) Ki = 19.

phenytoin (7) Ki = 6

dicoumaro l (3) Ki = 1.9

S-warfarin (12) Ki = 20R,S-pyranocoumarin (10) Ki = 16

R-warfarin (9) Ki = 13.6S-miconazo le (8) Ki = 6

progesterone (6) Ki = 5.5S,R-fluvastatin (5) Ki = 3.3R,S-fluvastatin (4) Ki = 2.2

sulphaphenazole (2) Ki = 0.5nicardipine (1) Ki = 0.28

thiabendazole (22) Ki = 245

R-pantoprazole (21) Ki = 145SFID (20) Ki = 125

pyrimethanine (18) Ki = 51.5S-rabeprazo le (17) Ki = 37R-rabeprazole (16) Ki = 36

quinine (14) Ki = 32quercetin (13) Ki = 27

Table 5.1: Competitive inhibitors – training set (Ki in M )
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Table 5.2: Competitive inhibitors – test set (Ki in M )

R-H287/23 (34) Ki =140 R-H259/31 (33) Ki = 93 S-H287/23 (32) Ki = 64 

S-H259/31 (31) Ki = 60 R-omeprazole (30) Ki = 45.0 A-4438 (29) Ki = 20 

D-62126 (28) Ki =17S,R-pyranocoumarin (27) Ki =16 fluvoxamine (26) Ki =8.5 

kaempferol (25) Ki = 6R-miconazole (24) Ki = 6.0zafirlukast (23) Ki =2.5 
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Table 5.3: Non -competitive inhibitors – training set (Ki in M )
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O (S)
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N

(S)(R)

S-nadolol (8)S-nadolol (8)S-nadolol (8)S-nadolol (8)

N

NN

N

O

O

caffeine (9)caffeine (9)caffeine (9)caffeine (9)

H
N

N

S

O

OHO

O Cl
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cefaclor (10)cefaclor (10)cefaclor (10)cefaclor (10)

N

S

O

N

O O
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O
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NN

N

O

HO

O

N
O

H

cefoperazone (11)cefoperazone (11)cefoperazone (11)cefoperazone (11)

N

S

O

H
N

OHO

O
O

N

NH2OO

O

H

cefuroxime (12)cefuroxime (12)cefuroxime (12)cefuroxime (12)

N

S

O

N

OHO

O

O

O

S

cephalothin (13)cephalothin (13)cephalothin (13)cephalothin (13)

N
F

O

N

F
OH

O

(R)
N

(E)

R-lomefloxacin (15)R-lomefloxacin (15)R-lomefloxacin (15)R-lomefloxacin (15)

N

S
O

N

N
O

S

OOH

O O

cephapirin (14)

N
N

HO

N+

–O

O

metronidazole (16)metronidazole (16)metronidazole (16)metronidazole (16)

N

O

N O

primidone (17)primidone (17)primidone (17)primidone (17)

N

N N

N

O

O

theophylline (18)theophylline (18)theophylline (18)theophylline (18)

N

N
O

NS

(S)

O

HO H
N

timolol (19)timolol (19)timolol (19)timolol (19)

NHN

O

H
N O

OH

O

violuricacid (20)violuricacid (20)violuricacid (20)violuricacid (20)

N NHO

N+
O–

O

yohimbine (21)yohimbine (21)yohimbine (21)yohimbine (21)

O (S)

OH H
N

S-alprenolol (22)S-alprenolol (22)S-alprenolol (22)S-alprenolol (22)

O (R)

OH H
N

O

R-levobunolol (24) and S-levobunolol (25)R-levobunolol (24) and S-levobunolol (25)R-levobunolol (24) and S-levobunolol (25)R-levobunolol (24) and S-levobunolol (25)

(S)

H
N

N
O

O

S-mephenytoin (23)S-mephenytoin (23)S-mephenytoin (23)S-mephenytoin (23)

Table 5.4: Non -competitive inhibitors – test set (Ki in M )
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5.3 Calculation of Chemical Descriptors 
As a first step in describing our data, suitable descriptors had to be 
calculated. The different approaches are outlined in Figure 5.2.  

We calculated 2D descriptors in SaSa (138) or derived them from 3D 
structures using the VolSurf (101) software. We used the 2D descriptors for 
two purposes. The first was to demonstrate the chemical diversity of our 
dataset, an important requirement if our models were to have a greater scope 
of applicability. The second was to evaluate our hypothesis that 2D 
descriptors were insufficient to capture the ligand-CYP interactions and 
hence could not be used to derive predictive QSAR models for CYP2C9 
inhibitors. Using 2D descriptors from SASA and VolSurf software, which 
have more than 70 descriptors that capture polarity, lipophilicity, size, shape 
and other global structure properties, a principal component analysis was 
made (see Figure 5.2 ). 

The diversity of our data set was compared to that of a data set gathered 
from the literature, including substrates, inhibitors and compounds 
mentioned in the context of CYP2C9. From the score plot of the first two 
components, it is clear that we have a diverse data set, supporting its 
suitability for model building. Secondly, it was shown that using only 2D 
descriptors was not sufficient to quantitatively capture the ligand-CYP 
interactions and hence could not be used to derive predictive QSAR models 
for CYP2C9 inhibitors. SaSA (138)and VolSurf (101)descriptors revealed a 
strong correlation to separation between inhibitors and non inhibitors based 
on clogP, thus leading to the conclusion that compounds in our data set with 
a clogP > 3 are classified as inhibitors. A relationship between lipophilicity 
and metabolising enzyme activity has been established before (41,48), 
although it may be more likely that it reflects the possibility of a compound 
to be presented passively to the metabolising enzyme than that it describes 
the actual interaction of the compounds. No other descriptors correlated well 
with CYP2C9 inhibition. Overall hydrophobicity is not a good parameter for 
describing specific structure / ligand interactions. 

Using physical chemical descriptors thus seemed insufficient to capture 
and identify the structural features of the interaction with CYP2C9. We 
therefore generated 3D molecular interaction fields (MIFs) for all the 
compounds studied using the GRID software(139). As described above 
(Chapter 3.3.3.1.1), GRID is one of the most powerful software packages for 
deriving MIF chemical descriptors because it is such a versatile tool.  
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Figure 5.2 Generation of chemical descriptors.
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5.4 Selection of bioactive conformers
Two criteria must be fulfilled to model an enzyme–ligand interaction 
successfully: the bioactive conformation must be used and the selected 
conformer of each compound must have a correct alignment. In this work we 
have used multiple techniques to handle these issues. 

A homology model of CYP2C9 based solely on the crystal structure of 
CYP2C5 (132) was developed in our laboratory (140). The selection of a 
bioactive conformer was based on four template inhibitors, some of which 
are also substrates of CYP2C9 (S-warfarin, phenytoin and progesterone) or 
have a known mode of interaction (sulphaphenazole – hexacoordination of N 
towards the heme). These compounds were docked, using GOLD, into the 
active site and one solution for each compound was selected where the site 
of oxidation/direct ligation pointed towards the heme at a reasonable 
distance for interaction (~4 Å). All other compounds were docked applying 
the exact same settings as for the templates and the top 20 solutions were 
retrieved. These docked conformers (inhibitors and non-inhibitors) together 
with the template conformers were described using molecular interaction 
fields for the DRY and OH2 probe (Paper II and Figure 5.2). The results 
were analysed in a principal component analysis. The Euclidian distances in 
the score plot towards all template conformers for each of the 20 solutions 
for all compounds were calculated. Interestingly and encouragingly, the 
conformers were not clustered on the basis of compound identity; instead, 
many of the compounds had at least one representative conformation in a 
cluster including the template conformers. The solution of each compound 
that had the shortest average Euclidian distance in four dimensions towards 
the template compounds was chosen, which means that selected conformers 
were limited to a closer chemical space guided by similarity to template 
compounds. The same approach was used for the non–inhibitor data set to 
confine these conformers to the same chemical space. All non-inhibitors 
fitted into the active site and the solutions were projected into the PCA space 
to select docked solutions on the basis of the shortest Euclidian distances. 
This approach is applicable to any compound placed in the model, which is 
of the greatest importance for future use when there is no prior knowledge of 
whether or not it is an inhibitor of CYP2C9. Docking as a discriminative tool 
between inhibitors and non-inhibitors can therefore be ruled out at this stage 
since all non-inhibitors also fitted well into the active site.  
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5.5 Discriminant model for CYP2C9 inhibitors.
The initial goal was to be able to discriminate between competitive inhibitors 
and non-inhibitors. Any model in which exclusion criteria are not defined 
will try to predict every compound placed into the model. This model should 
therefore function as a filter prior to the application of quantitative models 
for inhibition. The model was constructed on the basis of a training set of 21 
competitive inhibitors and 21 non-inhibitors (Tables 5.1 and 5.3). An 
additional 14 competitive inhibitors and 39 non–inhibitors (Tables 5.2 and 
5.4) were kept outside the model for external predictions. The test set was 
found to be well spread in the descriptor space in a comparison with the 
training set in a PCA analysis.

The discriminant model was built using the DRY, O and N1 probes in 
ALMOND (see 3.3.3.2). A clear discrimination between inhibitors and non-
inhibitors was already seen in the PCA space. As much as 58 % of the 
variance in the x-matrix was explained in the first two components. The high 
variance explained together with the initial discrimination in the PCA space 
is of fundamental importance in a discriminative model where only a binary 
variable is defined in order to guide the model. In the proceeding PLS, the 
introduction of the y variables (0 and 1) rotated the projection of the 
principal components to latent variables that focus on class separation. The 
initial model was predictive in two components with an r2 of 0.65 and a q2 of 
0.46. One iteration of FFD selection of variable increased the correlation to 
0.74 and the internal cross–validation (q2) index to 0.64. The external test set 
of 39 compounds was predicted correctly to an extent of 74% and 13 % were 
predicted to be borderline cases. Only 13 % of the external test set of 39 
compounds were false positives or false negatives. 

This model may be used as a filter before attempting to predict CYP 
inhibitors quantitatively. In an initial stage it will give information on the 
affinity to the enzyme to guide the process of deciding upon which 
compound class should be chosen so that problems are avoided at a later 
stage.

5.6 Classical 3D QSAR model in GRID/GOLPE  
The next step was to correlate the competitive inhibitors to their quantitative 
biological Ki values. A probable bioactive conformer had already been 
proposed on the basis of docking and, along with that, an alignment in 
accordance with the relative coordinates from the docking into the active site 
could be used. This information was used in a traditional 3D QSAR 
approach in GRID/GOLPE (Paper I). 

The resulting model had an r2 of 0.95 and a q2 of 0.73. These high 
numerical values in the correlation coefficient (r2) alert us to a risk that the 
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model is overfitted since the model has higher statistical parameters than is 
possible since an experimental error is always present in biological models. 
The model includes only one component, however, and the internal 
predictive power of the model is high, measured as crossvalidation (q2)
coefficient. It was also predictive for an external set of compounds (Table 
6.3 and Paper I), all of which were predicted within 0.36 log units. Since the 
model was constructed according to the alignment resulting from the 
docking, the model could be interpreted inside the active site of the 
homology model. The PLS coefficients correlated well with the environment 
in the active site, as discussed in Paper I. 

5.7 3D QSAR models based on alignment independent 
descriptors

In order to avoid assumptions regarding alignment, a 3D QSAR model was 
built on the basis of classical GRID descriptors transformed into alignment 
independent descriptors (GRIND) in ALMOND. The initial model had a low 
internal predictive power (q2= 0.24), and the description of the compounds 
by the ALMOND descriptors was thus further explored. It turned out that 
large compounds were not completely explained using the default settings, 
but an increase in the number of nodes used in the model favoured both the 
predictivity and the completeness of the explanation for all compounds, 
including the larger ones.  

A predictive alignment independent model was derived with an r2 of 0.77 
and a q2 of 0.60. The model could predict 11 out of 12 compounds in an 
external data set within 0.5 log units. 

5.8 Comparison of 3D QSAR models to current 
structural information  

These two models, vide supra, one generated with traditional 3D GRID 
descriptors (Paper I) and one generated with alignment independent 
descriptors (Paper II), were compared to the active site of the homology 
model to see whether the two methodologies gave similar results. Since the 
ALMOND descriptors are alignment independent, the PLS coefficients had 
to be examined compound by compound. Sulphaphenazole and S-warfarin 
had previously been used as templates in the conformer selection and these 
were chosen for further analysis. Sulphaphenazole: DRY interactions of the 
GRID/GOLPE model are located mainly in the outer regions of the active 
site, corresponding to Phe476 and Ile205. In the ALMOND model regions 
close to the heme, corresponding to Leu366 and Ala297, contributed highly 
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to explaining the activity. The important hydrophobic region in close 
proximity to Ile205 was common to both models. The PLS coefficients from 
the OH2 probe in the GOLPE model were then compared to the results from 
both the N1 and O probes for the ALMOND model. This comparison is not 
straightforward since the GOLPE model included both positive and negative 
interaction energies in the model. The PLS pseudo - coefficients of the 
GOLPE model can therefore not be directly interpreted as regions with a 
positive or negative contribution to the activity since a positive energy point 
of a positive coefficient will have the same direction as a negative energy 
point with a negative coefficient. In the case of the ALMOND descriptors, 
only the negative energies of interactions are considered and there is 
therefore no mix of negative and positive contributions. Interaction with a 
region close to Asp293 was seen in both models but other regions did not 
quite correspond as compared to the homology model. It could not be 
determined whether this was because the information in the models differs. 
S-warfarin: The hydrophobic pattern of S-warfarin corresponded well in 
ALMOND and the GOLPE models, describing two distinct regions that 
corresponded to Ile205 and Ala297, as also described for sulphaphenazole. 
Other important regions shown by the models involved the hydrophobic 
pocket built from Leu361 and Leu362. The polar interactions are similar to 
the sulphaphenazole case, with a common interaction in the region of 
Asp293 in both the ALMOND and GOLPE models. In general, the models 
do not explain the exact same information, even though the key points are 
the same. This is possible since the descriptors are different in the two 
models and since the alignment by the homology model drives the 
GRID/GOLPE model. The 3D QSAR model, based on traditional 
descriptors, benefits from the inclusion of more information since both 
positive and negative information is introduced, which is reflected by the 
slightly higher predictivity (q2) value. The ALMOND model on the other 
hand is more easily interpretable for single compounds, since all information 
describes favourable interaction and the positive and negative interaction 
energies are not mixed as in the GOLPE model.  

5.9 Flex GRID-ALMOND QSAR model
To this point predictive models based on a putative bioactive conformation 
had been derived both with alignment dependent and alignment independent 
descriptors. The next step was to further eliminate the number of initial 
assumptions and derive models without having to choose a bioactive 
conformation. This was accomplished using the flexible GRID option in 
GRID. Flexible substituents and terminal groups connected by flexible 
atoms were allowed to move during the GRID calculations. (see 3.3.3). 
These calculated molecular fields were analysed in ALMOND and, after 
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fine tuning some of the parameters involved in describing the molecule, (see 
paper IV), a predictive model was achieved with a correlation coefficient r2

of 0.8 and q2 of 0.6. This model was able to predict 11 out of 12 test 
compounds within 0.5 log units, which is similar to the performance of the 
ALMOND model based on docked conformers.

5.10 Comparison of the conformer dependent and the 
conformer independent model based on ALMOND 
descriptors

A comparison of the PLS coefficients of the two models based on 
ALMOND descriptors showed that the distances selected as important in the 
conformer dependent ALMOND model were in general longer than the 
distances selected for the ALMOND model based on flexible GRID fields. 
This is mainly due to the fact that more points were selected in the first of 
the two models. In the conformer independent model, the selection of points 
was biased for energy and not distance (75% versus 25%), which also 
contributes to the selection of shorter distances. In ALMOND it is not 
possible to trace back the descriptors to the conformation on which they are 
based. In addition, since both models are alignment independent, the 
interactions available in the case of one compound cannot be directly 
compared with those of another compound in the model or between the two 
models. The only way of making such a comparison is to convert the 
alignment independent descriptors back to alignment dependence. A new 
program was therefore written that could transfer the alignment independent 
descriptors back to their three dimensional coordinates (Paper VI). 

5.11 Interpretation of Flex GRID – ALMOND model  
The transformation of the ALMOND descriptors back to their three 
dimensional descriptors included two steps. The first part was programmed 
inside the original source code in the ALMOND. The second part is a script 
for similarity analysis of all possible interaction patterns generated in 
ALMOND. In the original version of ALMOND, only the maximum energy 
product for each distance range is selected and encoded in the correlograms. 
In the new module, all distances were kept in the computer memory together 
with their original 3D grid points’ coordinates. If they originated from the 
same pair of atoms, only the energetically most favourable distance was 
kept. From the PLS coefficients of the Flex GRID / ALMOND model (Paper 
IV), the most important distance bins were selected for further analysis. A 
template compound, nicardipine, was chosen, as it was the most potent 
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compound in the series. For the most important distance bins, all distances 
were compared in all possible combinations towards all distances in the 
same selected bins for a second compound (see Figure 2 paper VI ). A 
similarity index based on the distances, angles and dihedrals was used to find 
the combination of distances that showed the closest match between two 
compounds. The pattern of distances corresponds to virtual receptor sites 
(VRS). To find common VRSs, multiple compounds were compared towards 
the template compound. The VRS for all solutions for the template based on 
comparisons to the other compounds were superimposed on each other. 
Despite 2500 different possible combinations, almost all solutions were 
identical, or at least very similar, and after a cluster analysis a common VRS 
for nicardipine-like compounds was found. These were encouraging results 
and were followed by new experiments to derive pseudo receptors for more 
compounds. The hypothesis was that certain distances should be common to 
all compounds, describing the minimal requirements for a CYP2C9 
interaction, but other VRSs should be template dependent. In conclusion, 
this would give a model generating a basic set of pseudo receptor points 
common to all compounds. Specific distances would then be dependent on 
the selected template. The hypothesis is in good agreement with recent 
crystallization data that propose multiple binding sites and possibilities for 
interaction with or without a water network. The hypothesis was tested 
analysing S-warfarin, sulphaphenazole, S-miconazole, progesterone and 
dicoumarol individually as templates; from this analysis, VRSs for each 
compound were defined. Further analysis of all model compounds must be 
done to explore whether alignment and binding modes can be suggested on 
the basis of these data. 

5.12 Model to predict site of metabolism of CYP2C9 
substrates

The alignment independent descriptors that were used in this work were also 
explored in the context of site of metabolism prediction (Paper III). This 
method was also developed as a program, MetaSite®. In MetaSite the active 
site is described by ALMOND descriptors for hydrophobicity (DRY), 
hydrogen bond donor (N1), hydrogen bond acceptor (O) and charged probes. 
In the protein, the first point for all distances is the oxygen bound to the 
heme iron, the reactive centre of the enzyme. The ALMOND program then 
selects the second point from possible sites of interactions throughout the 
active site. The distances between these points are then encoded by an auto 
correlation transformation and the maximum auto and cross-correlation for 
each distance range are saved as the correlogram for the protein. The ligands 
are treated in a similar distance dependent way. First the atom types are 
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classified into GRID categories depending on their hydrophobic (DRY), 
hydrogen bond donor (N1) and hydrogen bond acceptor (O) capabilities and 
molecular orbital calculations are made to be able to compare the electron 
density contribution to the charged interactions in the protein. Second, the 
distances between each hydrogen atom towards all GRID encoded atoms are 
calculated. The results are then plotted in a correlogram based on whether a 
distance in the substrate is present within a defined distance range in the 
protein. For each hydrogen abstraction position in the substrate, a 
correlogram is derived and the collection of correlograms for each molecule 
are compared to the protein correlogram to find which position has the 
strongest similarity. This position is suggested as the site of metabolism. The 
results are superior if done for a set of multiple conformers for each 
substrate. The average ranking is then the best measurement for 
distinguishing the most favourable sites of metabolism. In more than 90 % of 
the cases, the method was able to suggest the correct three hydrogen atoms 
most probable to be metabolised in the case of CYP2C9. Using this method, 
sites prone to metabolism can immediately be identified in an extremely fast 
way to suggest positions that should be protected in order to prevent 
metabolism. 

5.13 CPCA analysis of CYP2C homology models and 
crystal structures

By 2003, crystal structures of isoforms CYP2C9(17) and CYP2C5(18,22) 
and a number of soluble bacterial P450 crystal structures (10,141-144) had 
been solved by x-ray crystallography. Despite the low sequence identity of 
the bacterial isoforms (~20 %), the three dimensional structure and the 
composition of the active site are well conserved over the super family (16). 
We have explored homology models based on single or multiple templates, 
including bacterial sources (Paper V). Homology models for both CYP2C5 
and CYP2C9 based on different templates were built and then cross-
examined. Additional isoforms will be solved in the near future, which will 
facilitate subfamily modelling similar to the CYP2C case. The question of 
the quality of models built from templates of high sequence similarity was 
therefore addressed. The models constructed proved to be good based on 
stereo chemical parameters. The active site features of each model (e.g. the 
CYP2C9 homolog) were compared to the active sites of the template crystal 
structure (e.g. the CYP2C5 crystal) and the target crystal structure (e.g. the 
CYP2C9 crystal structure) in a CPCA analysis that was based on the GRID 
molecular interaction fields (Paper V). Despite the results that showed that 
the homology models were good from a stereo chemical point of view, it 
was apparent that a homology model of, say, CYP2C9 derived from 
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CYP2C5 templates resembles its template more than the actual CYP2C9 
crystal structure. Although this is not surprising, this information should be 
emphasised and kept in mind, considering the amount of work that has been 
done and all the postulations on active site structure and chemistry that have 
been made on the basis of homology models. The data from the 
crystallisation process are also model systems with an experimental error, 
reflected by the relatively low resolution, and should therefore also be 
evaluated with a degree of uncertainty. 
Homology models derived from multiple templates (i.e. including the crystal 
structure coordinates of bacterial CYPs) produced better models in some 
cases according to CPCA analyses. These models require a high degree of 
manual adjustments to the alignment to ensure that the evolutionary 
relationship in secondary structure arrangements is kept.  

5.14 Molecular dynamics simulations of CYP2C
Another area of interest was the flexibility of the protein. Such data can help 
to explore possible substrate access channels and determine their influence 
on substrate recognition and selectivity. To obtain these data the dynamic 
movements available to the substrate free crystal structures of CYP2C9 and 
CYP2C5 were calculated in molecular dynamics simulations in AMBER. 
The structures were equilibrated in explicit waters and snapshots were taken 
over an extensive time (10 ns) trajectory. The results were examined in a 
CPCA under the exact same conditions as in the analysis of homology 
models (Paper V). To explore the consistency in molecular dynamics, the 
simulations were repeated. For each of the runs, 200 snapshots were 
captured and the molecular interaction fields were calculated in GRID (see 
Paper V). The snapshots for each run were first analysed separately to 
distinguish the most diverse snapshots based on the distribution over the first 
two components in a PCA. The selected snapshots from each run of e.g. 
CYP2C9 were then analysed together with the crystal structures. The two 
separate molecular dynamics simulations yielded different results and moved 
away in different directions with regard to the starting structures. Inclusion 
of the homology models showed that the first component discriminated 
between them and the selected molecular dynamics simulations in the CPCA 
space (Paper V, Figure 5). 

 Another approach used to evaluate the results of molecular dynamics was 
to measure distances between secondary structure elements to explore 
openings and closures that could correspond to access channels. These 
results show that there is a great conformational freedom in the protein. 
During the first run, the major conformational freedom was seen in the 
opening between the B-C loop and the 1-1 sheet. This entrance is guarded 
by a lysine, Lys 72, where the terminal nitrogen moves up to 8 Å during the 
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simulations. This region has previously been suggested as a possible 
discriminant channel for acidic versus basic ligands to explain the substrate 
selectivity between CYP2C9 and CYP2C19 that is dependent on these 
characteristics(17,136). Recent mutagenesis data show that Lys 72 has little 
or no effect on the interaction with the polar compounds ibuprofen and 
diclofenac. This argues against a critical role for this amino acid in 
determining substrate specificity (personal communication Dr. E. Gillam). In 
the second run, this region is quite rigid. In both runs, conformational 
flexibility is seen between the B-C loop and the F-G loop, which opens a 
channel towards the N terminal, which also moves out while the C terminal 
remains in place. In CYP2C5 an access channel is described between the B´ 
and the C helices and helices I and G. This channel is closed upon substrate 
binding by hydrogen bonding of Lys241 with the backbone carbonyl of 
Val106. This opening is larger in the CYP2C9 crystal structure and increases 
during the simulation. A second solvent channel was seen in the CYP2C5 
structure between the F and I helices. The distance between the conserved 
amino acid Glu300 (Glu297 in CYP2C5) of the I helix and Glu206 of the F 
helix was therefore measured and the backbone was seen to move 
considerably during both runs. The influence of the mutations in the F-G 
loop must be taken into consideration when these results are interpreted, 
especially since the positively charged Lys206 was mutated to the negatively 
charged amino acid Glu206. The association to the membrane is also likely 
to affect the conformational freedom. The F-G loop may function as a lid to 
the active site and the hydrophobic outer part of the F’ helix is likely to be 
attached to the membrane. Recognition and access of substrates or solvent 
seem possible both in the region between the G’ and B’ helices, between the 
BC loop and the 1-1 and between the F and I helices. The CYP2C5 
structure has a smaller active site, where the F-G loop is positioned closer to 
the heme and it seems reasonable to believe that this is also a possibility in 
CYP2C9. The wider active site described by the crystal structure could 
depend on the conformation in which this crystal is captured. A half-open 
structure could then also rationalise the position of warfarin as being on its 
way towards the heme.  
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6 Conclusions

This work has led to an in-depth exploration and understanding of the 
interaction of the CY2C9 enzyme with its substrates and inhibitors. The 
specific achievements in this project can be summarised as follows: 

1. We have successfully addressed the issues of bioactive conformation 
and alignment using novel GRID-based computational techniques, to 
derive predictive models for CYP2C9 substrates and inhibitors. 

2. We have derived models that aim to address different issues in the drug 
discovery and development process: (i) a general discriminant screening 
model to establish whether or not a compound will be a CYP2C9 
inhibitor, (ii) quantitative models that enable classification of whether a 
compound will be a high, intermediate or low potency inhibitor of 
CYP2C9 and (iii) a model to predict the most likely sites of metabolism 
of compounds by CYP2C9. 

3. We have explored the structural characteristics of the enzyme by (i) 
comparing crystal structures and their associated changes upon binding, 
(ii) defining the scope and limitations of homology models and (iii) 
exploring the dynamics of the crystal structures associated with substrate 
access and binding by simulations of molecular dynamics.  

New hypotheses have been proposed:  

1. Derivation of a common pharmacophore is probably not achievable for 
CYP2C9 and other low selectivity enzymes. Instead we propose how 
common virtual receptor sites from general models can be 
complemented by specific VRS points associated to a specific binding 
mode derived from the same model. 

2. We suggest several possible substrate and solvent access channels that 
are concentrated to the flexible regions mainly provided by the F-G and 
B-C loops. Structural differences between crystal data for CYP2C5 and 
CYP2C9 can be highly dependent on the influence of mutations and the 
crystal conformation captured for this flexible protein. These factors 
could bias the analysis towards overestimated differences.  
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The approaches used in this work have also opened areas that are in need of 
further investigation.

1. Although we have been successful with the data set we have used, other 
data sets need to be tested to further challenge the models and to identify 
weak points.  

2. The possibilities of water molecules playing roles in the binding of some 
substrates and/or inhibitors in the active sites of CYP2C enzymes raise 
serious challenges in QSAR modelling.  

3. It has become apparent that most CYP inhibition involves a mixture of 
mechanisms. This is particularly important within the competitive 
inhibitor group, where some compounds are ligands that hexa coordinate 
to the heme (e.g. sulfaphenazole) and other compounds are not. In the 
future, separate models for these two types of inhibitors must be 
developed to account for the extra binding energy that the coordination 
to the heme brings.  

4. The conformational changes upon reductase binding and the 
accessibility to water in the active site must also be further explored. 
This was highlighted by the recent solution of an open conformation of 
the 2B4 isoform.  

We believe that our work has opened a window of opportunity to apply 
computational methods in order to gain a further understanding of properties 
related to CYP2C9-ligand interaction. It has also lain a foundation for 
further understanding and, hopefully, finding solutions to the challenges of 
deriving predictive models in drug metabolism research.  
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