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8.1 SUMMARY

Determination of the nature and the rates of any active processes that are involved in
the absorption, distribution, metabolism, and elimination (ADME) of drug candidates
is a primary goal of drug discovery. These processes include metabolism and active
transport. Metabolism entails the (usually) irreversible enzyme-mediated conversion
of the compound to a different form. Active transport entails the movement of an
unchanged compound, mediated by a transporter protein, across a biological mem-
brane (frequently the plasma membrane). Within drug discovery, in vitro, in situ , and
in vivo methods for estimating human drug metabolism and transport are becoming
increasingly supplemented by a wide range of in silico methods aimed at reducing
costs, reducing animal usage, and increasing throughput of compound screening.

These active processes are potentially subject to drug–drug interactions, whereby
one drug (or, in general, any xenobiotic) alters the rate of metabolism or transport of
a second xenobiotic in vivo, leading to changes in plasma and target-site concentra-
tions of the affected drugs. Several mechanisms for such interactions exist, including
reversible or irreversible inhibition of transporters and enzymes and increases in their
expression mediated by activation of nuclear receptor proteins. In silico methods are
being developed to predict these effects, to reduce the cost and time burden of experi-
mental screening and to mitigate the likelihood that undetected drug–drug interactions
with undesirable consequences could compromise otherwise promising drug candidates.
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Following a brief review of drug metabolism and drug–drug interactions
(Section 8.2), we present a high level view of some of the areas in which in silico
modeling can contribute to the quantitative or qualitative understanding and prediction
of drug metabolism and drug–drug interactions (Sections 8.2.1 and 8.2.2). We then
discuss some of the available in silico approaches to these problems (Section 8.3).
We start our discussion with methods that just depend on descriptors calculated from
compound structure (Section 8.3.1), go on to discuss more complex models that use
compound structure more explicitly (Section 8.3.2), then discuss approaches that try
to model in detail the interaction between compound and protein (Section 8.3.3).
Following this, we discuss in some detail a number of specific application areas in
each of which one, or more, of the previously described methods have been used
(Sections 8.4.1–8.4.3). These application areas include prediction of the rate of
metabolism of a compound; determination of the substrate and/or inhibitor specificity
of enzyme and transporter isoforms; and activation of the pregnane X receptor (PXR),
a nuclear receptor which is known to be involved in the xenobiotic-mediated induction
of a number of drug-metabolizing enzymes and transporters.

The approaches discussed up to this point do not permit the understanding of
the interactions between different active processes in vivo; we, therefore, then
(Section 8.4.5) discuss physiologically based modeling, which, in principle, allows
the creation of an integrated model of compound pharmacokinetics that allows the
modeling and understanding of all relevant physiological processes involved in drug
metabolism and interactions. We finish with a discussion of some practical aspects of
applying in silico methods in drug discovery (Section 8.5) and our conclusions on
the topic (Section 8.6). Having such a large and diverse subject matter to cover, we
realize that we cannot be comprehensive and have therefore cited several relevant
recent papers for readers to follow-up.

8.2 INTRODUCTION

Drugs and other xenobiotics are potentially subject to metabolic transformation
by enzymes and enzyme systems located in the liver, intestine, and other organs.
Metabolism of drugs usually leads to reduction, or total loss, of their therapeutic
effect, in which case the rate of metabolism can be a prime determinant of their
in vivo therapeutic utility. Metabolism can sometimes generate toxic metabolites [1],
thus contributing to the toxicity of a drug, or to active metabolites, contributing
to its therapeutic effect [2]. The latter effect can be deliberately harnessed in the
production of prodrugs that have, for example, favorable absorption properties but
require metabolism to generate the therapeutically active compound [3,4]. The bulk
of xenobiotic metabolism is performed by the cytochrome P450 (CYP) superfamily
of enzymes [5], which tend to transform compounds into more polar compounds.
These metabolites can be either eliminated directly or become subject to further
metabolism [6].

Until relatively recently, the role of active transport in the disposition of drugs had
been poorly studied in comparison to the effort put into investigating and understanding
drug transport. The effects of phosphoglycoprotein (PGP) (MDR1/ABCB1) and MRP1
(ABCC1) on drug disposition had originally been observed because of their roles in the
development of multidrug resistance in cancer cells [7], and there was an appreciation
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of their potential in inhibiting drug uptake from the gastrointestinal (GI) tract [8]
and from the blood across the blood–brain barrier [9]. Some compounds must be
transported into the interior of the hepatocyte to reach the metabolizing enzymes and
some compounds can be transported out of the hepatocyte into the bile [10]; the rate of
transport can have an effect on the overall rate of removal from the bloodstream [11].
Transporter proteins also affect the absorption of a compound from the gut—some help
compound uptake and some pump compound back into the gut lumen [12]—and hence
also have an effect on the overall extent of metabolism. Transporter polymorphism can
have a significant effect on pharmacokinetics [13–15].

The activity of the metabolizing enzymes and transporter proteins can be induced
by a range of drugs or environmental factors and can be inhibited by a range of drugs
or foodstuffs [16]. Xenobiotic concentration in plasma or tissues can significantly be
affected by interactions with other compounds and can vary by an order of magnitude
or more [17]. This can lead to unwanted behavior: either a lack of efficacy at a standard
dose caused by an increase in overall clearance or toxic effects caused by a decrease
in overall clearance. For a compound with a narrow therapeutic window—when the
effective dose is close to the toxic dose—this is particularly significant. Assessment of
the potential of a clinical candidate to participate in drug–drug interactions is an integral
part of review by regulatory bodies [17]. Compounds that are found to participate in
drug–drug interactions must undergo in vivo tests to determine the extent of any in
vivo drug–drug interactions [18].

Inhibition of CYP3A4 has been a particular concern in drug development, and
pharmacokinetic changes following CYP3A4 inhibition have led to the withdrawal
from market of a number of compounds. Terfenadine, cisapride, and astemizole are
CYP3A4 substrates that, in excess, can cause cardiac arrhythmias. If their concentra-
tions rise—due to the inhibition of their metabolism—adverse, potentially fatal, effects
can ensue. These side effects on coadministration with CYP3A4 inhibitors led to their
withdrawal. The significance of CYP3A4 inhibition relates to two factors. First is the
preponderance of this isoform in the metabolism of many drugs and drug-like com-
pounds. Second is that its substrates are often lipophilic (as discussed further below),
which increases the likelihood of unwanted off-target interactions in vivo, such as
those with the human ether-a-go-go-related gene (hERG) protein [19,20] that caused
the arrhythmias noted above. The postmarketing discovery of enzyme inhibition has
also led to the withdrawal of mibefradil, an inhibitor of CYP3A4 and PGP [21].

Induction of drug-metabolizing enzymes is less dangerous, insofar as the conse-
quence is reduced concentrations of the substrate(s) of the induced enzyme(s), but
this does raise the possibility of therapeutic failure of such substrates, with poten-
tially serious consequences. A common mechanism for CYP induction is binding of
ligand to nuclear receptors that regulate transcription, which alters the expression of
the CYP genes [22]. This means that potential CYP inducers can be identified as
potential binders to the relevant nuclear receptors. As examples, plasma levels of
CYP3A4 substrates—for instance, oral contraceptives, triazolam, and midazolam—can
be reduced by coadministration of CYP3A4 inducers [22–24], leading to a lack of
efficacy at standard doses.

There are a number of transporter-based interactions documented in the literature:
for instance, an increase in repaglinide plasma concentration following atorvastatin
dosing due to an inhibition of OATP1B1 [25], an increase in plasma concentration of
rosuvastatin following cyclosporin dosing due to the same effect [26], and an increase
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in atorvastatin plasma concentration following rifampin dosing [27,28]. Transporter
inhibition does not yet seem to have been as serious as metabolic inhibition, but the
capacity for clinically significant changes in pharmacokinetics exists.

Just in this brief discussion of the biochemistry and physiology that affects xeno-
biotic metabolism, we find some questions that must be answered—qualitatively or
quantitatively—during drug discovery, to produce high quality development candi-
dates:

1. The overall rate of metabolism, which affects the tissue concentrations reached
after administration, and consequent duration of action of the drug;

2. The identity of major metabolites along with knowledge of whether, or not, they
are toxic and/or therapeutically active

3. The enzyme/enzymes that is/are responsible for the majority of metabolism and,
where more than one enzyme is involved, the relative proportions of metabolism
via each enzyme. This determines the potential for
a. Differences in metabolism between different individuals of the target popula-

tion
b. Effects of polymorphisms in drug-metabolizing enzymes
c. Inducibility of drug metabolism, and the identities of potential inducers
d. Inhibitability of drug metabolism, and the identities of potential inhibitors

4. Potential effects on metabolism of other drugs that could be coadministered,
whether by induction or inhibition of drug-metabolizing enzymes.

Furthermore, with the increasing recognition of the importance of active transport
in affecting the disposition and elimination of drugs, there is a corresponding increase
in emphasis being given to determining the analogous properties (excluding 2) relevant
to drug transport in the liver, kidneys, intestines, and other tissues.

8.2.1 Why Is In Silico Modeling Necessary?

All the above properties can be determined, in principle, by appropriate in vitro assay.
But a liability in any one property could cause costly clinical failure of a candidate,
so there is a consequent drive to determine these properties as early as possible within
drug discovery. This leads to increasing costs and compound requirements in lead gen-
eration and optimization, as additional assays are developed and used to inform the
discovery process. This generates competition for resources in lead identification and
lead optimization that requires careful prioritization for successful outcomes at afford-
able costs. Improvements in assay miniaturization and throughput [29] have helped
offset these costs, but there is still a potentially crucial role for in silico modeling
to inform prioritization of assays, and hence to ease the competition for resources
throughout drug discovery. First, predictive models for in vitro assay endpoints can be
used to reduce the number of assays to be performed and/or to increase the number
of compounds—whether real or virtual—that can be screened. Second, models can
be used to extrapolate from in vitro assay endpoints (or predictions thereof) to predict
in vivo pharmacokinetics. A variety of in silico techniques are used across the entire
range of ADME, toxicity, pharmacology, and physicochemical properties [30–40], of
which applications relating specifically to drug metabolism and drug–drug interactions
[17,41–47] are a subset.
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8.2.2 Problems for In Silico Modeling

This leaves us with a number of problems that could be addressed by in silico
modeling.

1. Predict the total rate of metabolism of a compound.
2. Predict whether a compound is metabolized by a given enzyme, or enzyme

isoform, and the rate of such metabolism. One difficulty is that the enzymes,
such as CYPs and uridine 5′-diphosphoglucuronic acid (UDPGA) glucuronosyl
transferases (UGT), that control a significant fraction of drug metabolism are
promiscuous, metabolizing a wide range of substrates. If interactions with a
given metabolizing enzyme are predicted, predict the kinetics of transformation,
and also the metabolite or metabolites formed.

3. Predict whether a compound is transported by a given transporter and the rate of
such transport. Just like the metabolizing enzymes, the transporters are promis-
cuous proteins that interact with a variety of drugs, and any interaction with a
transporter is a potential source for drug–drug interactions with compounds that
affect that transporter. If interactions with a given transporter are predicted, this
can give some idea of the population variability that may be expected.

4. Predict whether a compound inhibits metabolism or transport of itself or other
compounds. Is the compound likely to prevent the metabolism or transport of
other compounds? Does it affect important enzymes, risking interactions with
many other drugs, or does it just affect a relatively insignificant enzyme?

5. Predict whether a compound induces metabolizing enzymes or transporters. Does
the compound bind to a nuclear receptor, causing increased expression of CYP
or transporter protein? Which enzymes does it induce; are they important, or
relatively insignificant in the metabolism of the drug, or of coadministered drugs?

6. Predict or model, quantitatively, total in vivo clearance or concentration time
profiles. What effects do metabolism and transport have on the compound’s
pharmacokinetics, and how do they interact with absorption and distribution.
If one can model in vivo metabolism and transport to the extent of individual
enzymes, one could begin to understand the compound’s susceptibility to pop-
ulation variability and enzyme induction or inhibition. A model of this class is
a useful tool: one can ask the questions “by how much do I have to inhibit
metabolism to increase plasma concentration of my drug or a probe substrate
by x-fold?” or “by how much do I have to induce metabolism to decrease
plasma concentration of my drug or a probe substrate x-fold?,” where the value
of x can be dependent on the drug’s therapeutic window. It is possible to
begin to understand the true in vivo significance of an interaction discovered
in vitro.

7. Predict or model, quantitatively, inhibition or induction effects due to the dosed
compound or caused by a coadministered drug. With knowledge of effective
and toxic concentrations, a model of this class directly addresses changes in the
therapeutic window of the compound or of a coadministered drug. Such a model
also aids in the design of in vivo clinical studies that examine an interaction in
detail. One may, perhaps, attempt full prediction from in vitro data, or one may
take the single-compound pharmacokinetics as given and just attempt to model
the compound–compound interaction.
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8.3 TOOLS

In this section, we discuss in some detail the different in silico approaches to drug
metabolism and drug–drug interaction. Generally, we must consider compound interac-
tions with varying promiscuous proteins, whether transporters, metabolizing enzymes,
or nuclear receptors. Given this similarity among the different problems, we look at
each modeling approach in turn and discuss some advantages and disadvantages of the
methods.

8.3.1 Compound Descriptor Methods

A compound can be characterized by a set of molecular descriptors that are
classed according to the dimension of the chemical formula used to derive them.
One-dimensional descriptors are calculated from the empirical formula and include
quantities such as the molecular weight and atom counts. Two-dimensional descriptors
come from the planar projection of the chemical structure and include, for example,
the number of hydrogen bond donors and acceptors. Finally, the three-dimensional
structure of the compound gives rise to three-dimensional descriptors such as
charge distribution parameters like the dipole and quadrupole moments [48]. These
molecular descriptors form the basis of a quantitative structure–activity relation
(QSAR), which relates these molecular descriptors with a specific activity, such as
metabolic rate or protein binding affinity, for a training set of compounds [39,49,50].
A huge number of molecular descriptors can be calculated for each compound
[48]. However, sensitivity analysis can identify those descriptors having greatest
influence over the structure–activity relationship, and restricting the descriptors
to this select group helps prevent over-fitting to the compound training set.
The major advantage of using compound descriptor methods to predict enzyme
metabolism/inhibition is that structural knowledge of the active site is not required
so this method can be used to predict enzyme activity when the enzyme structure is
unknown.

8.3.2 Compound Structure Methods

The following methods utilize the compound geometry: either the three-dimensional
structure or its two-dimensional projection onto a plane. The geometry provides a struc-
tural understanding of binding into an active site and we therefore expect compound
structure methods to be superior to methods based purely on compound descrip-
tors (Section 8.3.1). Furthermore, as with compound descriptor methods, compound
structure-based methods do not utilize the protein structure and can therefore be used
when the protein structure is unknown [51–55].

8.3.2.1 Pharmacophore Methods. A pharmacophore is the collection of the most
important structural features relevant for a given biological activity from a series of
molecules with a similar mechanism of action [56]. Pharmacophore features are, for
example, hydrogen bond donors, hydrogen bond acceptors, acidic centers (centers with
a negative charge at neutral pH), hydrophobic regions, and aromatic rings [57]. The
set of features with their corresponding positions within the molecule then define the
pharmacophore. By comparing a set of known enzyme substrates to a set of known
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nonsubstrates, the common set of pharmacophore features required for binding to the
enzyme active site can be identified. This method can therefore classify other com-
pounds as being substrates or nonsubstrates, depending on whether they contain the
same pharmacophore features. However, it will not predict the strength of binding to the
enzyme active site and so cannot differentiate between compounds of the same class.

8.3.2.2 Comparative Molecular Field Analysis. Comparative molecular field anal-
ysis (CoMFA) is a particular three-dimensional QSAR technique. It requires that a
training set of compounds are all aligned, according to some rule, within a three-
dimensional grid. The steric and electrostatic fields are calculated for each compound
at each point on the grid, which are then correlated with the compound activity. CoMFA
is a widely used method in drug discovery, but its success is sensitive to the molecular
alignment step. By aligning the compounds, the assumption is made that all compounds
have the same orientation in the active site. In reality, however, different compounds
will bind to the active site in different orientations, perhaps even several orientations
for a given compound [58].

8.3.2.3 Comparative Molecular Similarity Indices Analysis. Comparative molecu-
lar similarity indices analysis (CoMSIA) is another three-dimensional QSAR technique
where molecules are aligned on a grid and the steric and electrostatic fields calculated
[59]. However, CoMSIA is considered superior to CoMFA as the hydrogen bond donor,
hydrogen bond acceptor, and hydrophobic fields are also taken into account. At each
grid point, these interaction fields are converted to a similarity index [60], which is
the property that is correlated with the compound activity. The steric and electro-
static fields, given by the Lennard–Jones and Coulombic potential, respectively, can
be excessively large for grid points close to atoms of the compound. The Gaussian
function of the similarity index can be designed to moderate this dominant behavior,
ultimately resulting in greater predictive accuracy [61].

8.3.3 Protein Structure Methods

The following methods require the three-dimensional structure of the protein, which
restricts these methods to systems where this is known, or at least predicted using
protein homology models [62]. Since the proteins typically contain several thousands
of atoms, these methods are computationally expensive and are not high throughput.
However, this disadvantage is somewhat offset since these methods can reveal the
exact nature of binding into the active site of an enzyme.

8.3.3.1 Molecular Dynamics. A molecular dynamics simulation provides an atom-
istic view of enzyme–substrate binding over time. It can capture the different orien-
tations and conformations of the compound in the active site, and the role of solvent
molecules if they are included in the simulation too [63]. The accuracy of the sim-
ulations depend on the classical force field used to model the interactions between
compound and enzyme, which may require parameterizing to higher level quantum
calculations. Add this to the already computationally intensive molecular dynamics
simulation and it is clear that this method cannot currently be used as a general screen-
ing tool in drug discovery.
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8.3.3.2 Docking. As the name suggests the compound is docked into the binding
site of the enzyme. Each atom pair between the ligand and the enzyme is considered,
the separation between the two atoms calculated, and the result converted into an atom-
pair potential according to a scoring function. The total binding potential is the sum
of the potential energies across all atom pairs. Where entropic and solvation effects
have been incorporated into the scoring function, the free energy of binding is obtained
[64,65]. However, knowledge-based atom-pair potentials are parameterized on selected
sets of ligand–protein structures and may not predict well outside this domain [64].

8.4 APPLICATIONS

Here, we present a variety of examples where in silico methods have been used to
characterize substrates of CYP, UDP-glucuronosyltransferase, and the PXR according
to the different problems that are outlined in Section 8.2.2.

8.4.1 Prediction of the Rate of Metabolism

We start with prediction of overall rate of metabolism, not because it is one of the
easiest to address by in silico modeling—far from it—but because it is a fundamental
property that can significantly affect the likelihood of its progression in drug discovery.
Consequently, the in vitro determination of metabolic rate (using isolated hepatocytes,
or subcellular fractions such as microsomes or S9) is a routine screen utilized in lead
optimization, or even lead identification, during drug discovery. Even modest drug
discovery programs can result in large numbers of compounds being screened for this
property [66]. Consequently, any contribution that in silico modeling can make to
reduce the need for in vitro screening is potentially valuable.

The problem has been studied since the early days of QSAR modeling. For example,
Hansch et al . [67] developed linear regression models for oxidative deamination of
aliphatic amines and benzylamines by a variety of in vitro systems (purified amine
oxidases, liver extracts, and beef liver mitochondria), for glucuronide formation of
benzoic acids and aliphatic alcohols in the rabbit in vivo and for hippuric acid formation,
also in the rabbit in vivo. The models they developed were for small series (7–30
compounds) of closely related, relatively simple compounds, having calculated logP s in
the range 0.7–3.5. They considered hydrophilic/hydrophobic nature, hydrogen bonding
capability, polarization, dipole moment, molar volume, pKa, and electronic and steric
properties. In essence, they found that the logarithm of the rate of metabolism (MR)
was a parabolic function of calculated logP , of the general form:

log(MR) = −a · logP 2 + b · logP + c

with, for a small number of cases, a contributing term from the Taft intramolecular steric
substituent coefficient, Es. These relationships had correlation coefficients between 0.8
and 0.95 on the training set, thus explaining between 64% and 90% of the variance
of the training sets. Now, these relationships are unlikely to generalize beyond the
training sets (because of the relatively large ratio of fitted parameters to compounds),
and are not necessarily applicable to larger, more complex drugs and drug leads, but
they did provide valuable insight into important characteristics of drug metabolism.
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First, the parabolic fits imply the existence of a logP value (logP0) for which
metabolic rate is predicted to be maximal. The authors interpreted this as a balance
between increasing lipophilicity enhancing the ability of compounds to diffuse through
the lipoidal membranes (in vitro or in vivo) to reach the active site(s) of the metabo-
lizing enzyme(s) and the tendency, when lipophilicity is particularly high, to strongly
adhere to lipids or lipophilic proteins, so slowing this necessary diffusive step. They
observed that, across the range of series and systems they investigated, the mean logP0

was ∼2.0. Second, particular determinants of metabolic rate were observed for certain
compound series. Thus, predictability of the in vivo rate of glucuronidation of primary
aliphatic aldehydes was improved by incorporating Es with a negative coefficient,
indicating that as the site of glucuronidation becomes more hindered, the rate of glu-
curonidation increases, probably because the competing oxidative metabolism is more
sterically demanding and becomes more strongly inhibited. This was not observed for
secondary aliphatic alcohols, in which oxidation is already hindered.

Recent developments in in vitro assays for drug metabolism in drug discovery have
tended toward the deployment of high throughput, standardized, assays within phar-
maceutical and biotech sectors using isolated cells or subcellular fractions such as
microsomes or S9 [29]. Routine use of these assays both provides the capability to
generate large data sets of standardized data for model building and defines the frame-
work within which predictions from models are judged. Chang et al . [66] generated
models for intrinsic clearance (CLint) in a rat hepatic microsomal incubation using
an isocitrate dehydrogenase nicotinamide adenine dinucleotide phosphate (NADPH)-
generating system. The model was developed using ∼28,000 drug leads across a broad
chemical space with a calculated logP normally distributed between –3.7 and 10,
molecular weights normally distributed between 140 and 839, and intrinsic clearance
strongly right-skewed between 1.57 and 989 μL/min/mg protein. The model was a two-
way classifier to distinguish between those compounds with CLint ≤ 87 μL/min/mg
and those with CLint > 87 μL/min/mg.

The model was a random forest and had an overall predictive accuracy of 83%
on an internal test set and 77% on an external test set that was in a distinct area of
property space from the training set compounds. Descriptors important in the model
were a double-bond E-state descriptor, logP , and fractional hydrophobic and frac-
tional hydrophilic van der Waal’s surface areas (which are completely correlated). The
result is a potentially useful model, but the study illustrates the challenge in modeling
xenobiotic metabolism to obtain useful results, even when using very large training
sets.

The difficulty in predicting CLint is unsurprising. Not only are xenobiotic-
metabolizing enzymes promiscuous with respect to substrate structure [68,69], but
CLint is itself a composite property. For an enzyme displaying Michaelis–Menten
kinetics, it is defined as the ratio of the maximal rate, Vmax, and the Michaelis
constant, Km:

CLint = Vmax

Km
(8.1)

Many compounds can be metabolized by a number of P450 isoforms present in the
microsomal fraction so that the total rate of metabolism, v, is the sum of metabolic
rates of the individual isoforms. If each of n isoforms displays Michaelis–Menten
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kinetics toward a compound,

v = Vmax,1 · S

Km,1 + S
+ Vmax,2 · S

Km,2 + S
+ · · · + Vmax,n · S

Km,n + S
=

n∑
i

Vmax,i · S

Km,i + S

where S is the drug concentration at the active site of the enzyme.
In this case, the total intrinsic clearance is given by

CLint =
n∑
i

Vmax,i

Km,i

assuming that S < Km,i for all isoforms. Thus, for a compound that is metabolized by
n isoforms, CLint is a combination of nVmax and nKm,i . Even for a compound whose
rate of metabolism is quantitatively dominated by a single isoform, CLint is a conflation
of two composite parameters. Using the Briggs–Haldane definition of Vmax and Km

for a single enzyme/isoform,
Vmax = E0 · k2

and

Km = k−1 + k2

k1

where E0 is the total concentration of the isoform, k2 the rate constant for the
irreversible catalytic step converting the enzyme–substrate complex to generate
the product, k1 the association rate constant of the substrate and enzyme, and k−1

the corresponding dissociation rate constant of the enzyme–substrate complex. Thus,
the two composite parameters of the Michaelis–Menten equation correspond to four
different fundamental properties. E0 is, in principle, measurable and, for the specific
case where the rate of catalytic conversion is much less than the rate of dissociation
of the enzyme–substrate complex (k2 � k−1), then

Km ≈ k−1

k1

which is the dissociation constant for the enzyme–substrate complex. Thus, in the
simplest case, prediction of CLint requires the implicit prediction of an underlying asso-
ciation step, which could be expected to be dominated by bulk properties relating to
hydrophobicity/hydrophilicity, polarity, and hydrogen bonding, and of a transformative
step, which could perhaps be expected to depend more on electronic and steric proper-
ties. The significant descriptors identified by the Chang model reflect the importance of
hydrophobicity/hydrophilicity, hydrogen bonding, and electronic but not steric factors.

In contrast to the complexity inherent in attempting to predict CLint in micro-
somes, predicting the properties of individual enzymes/isoforms offers a more tractable
proposition. The difficulties should not be underestimated, because of the inherent
promiscuity of drug-metabolizing enzymes, but the individual enzyme provides a far
simpler system to understand than the complex microsomal fraction. In addition, the full
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range of tools bringing in structural data about the isoforms concerned (Section 8.3) is
available for studying these simpler systems, whereas the prediction of CLint in multi-
isoform systems, such as microsomes, is essentially limited to statistical methods, such
as QSAR.

Ultimately, prediction of drug metabolism via the properties of individual iso-
forms should prove more valuable than prediction of, say, microsomal CLint. This
latter property can be measured in relatively high throughput screens, requiring a
relatively small amount of compound [29]. Data on the effects of individual drug-
metabolizing enzymes on a potential drug (such as the relative rates of metabolism,
inhibitibility by other drugs, and nonlinearity of metabolism), while being increas-
ingly required by regulatory agencies and/or to predict likely population pharma-
cokinetics of clinical candidates compounds, are more expensive, time consuming,
and/or require more compound to obtain. This combination of potentially providing
greater cost savings, at the same time as offering problems that are more soluble
indicates that prediction of the properties of individual drug-metabolizing enzymes is
the route that offers greatest potential in drug discovery. That said, the advantage of
developing models for microsomal CLint is the very availability of data for model
generation. The work of Chang et al . implies that a large “global” model for CLint

using data generated across many areas of chemistry has potential benefit in screening
new chemistry and could thus be used to virtually screen libraries or hits for lead
identification.

8.4.2 Drug Interaction with Specific Enzyme Isoforms

Changing the focus of study from composite systems (such as isolated cells, micro-
somes, or S9 subcellular fractions) to simpler systems, such as individual enzyme
isoforms, increases both the toolset available for model development and the number
of properties that can potentially be predicted. The additional tools include (Section 8.3)
docking and molecular dynamics methods (where the crystal structures are available),
field alignment methods, such as CoMFA and COMSIA, and pharmacophore methods.
The additional properties that can determined, and hence potentially predicted, with
in silico models include various measures of the propensity of a particular enzyme
isoform to metabolize a given compound or, alternatively, the propensity of a given
compound to inhibit the metabolism of other compounds by a particular isoform.
These are two different problems, though with common underlying bases that relate
to the complementarity—in ways that need to be defined and determined—between
a compound’s structure and the structure of active/allosteric sites on the enzyme form
in question. Each of these problems must be tackled during drug discovery, and we
address each in turn in the following sections.

8.4.2.1 Isoform-Specific Metabolism. The identities of the enzyme isoforms respon-
sible for metabolizing a given drug, and the distribution of metabolism between them,
determine the pharmacokinetics of a drug in a heterogeneous population, the poten-
tial for nonlinear pharmacokinetics as a consequence of enzyme saturation, and the
potential for enzyme inhibition and induction to affect the drug’s pharmacokinetics,
toxicity, and therapeutic efficacy. Experimental methods are available for identifying
the enzymes, such as measuring metabolism in expressed enzyme systems or inhibit-
ing metabolism in microsomes by isoform-specific inhibitors. Since metabolism plays
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such an important role in determining the efficacy and toxicity of a compound, it is
necessary to understand the metabolic fate of potential drug entities early on in the
drug discovery process. A large number of compounds presented at this stage would
render a full metabolic screen of them all unfeasible and therefore there is a clear need
to develop reliable predictive models of metabolism instead.

First, we focus our attention to simply predicting whether a compound is a sub-
strate for metabolism. This problem has been tackled using a wide variety of molecular
descriptors and machine learning methods and we outline a few studies [70–73] in
Table 8.1. The predictive accuracies for classifying whether a compound is a substrate
of an enzyme isoform span the range 65–97%, but estimated accuracies depend on
the chemical domain spanned by the training and validation sets, so it not a straight-
forward process to rank and compare models from different studies. However, given
a compound is predicted to be a substrate, the conditional probability it is actually a

TABLE 8.1 Summary of Selected Studies that Predict Whether a Compound Is a
Substrate/Nonsubstrate for Metabolism

References Enzyme Method Accuracy Notes
System

Sorich
et al . [70]

Human
UGT

Support vector
machine

76% Averaged accuracies
across all isoforms

Partial least squares
determinant analysis

66%

Bayesian regularized
artificial neural
network

71%

Sorich
et al . [71]

Human
UGT

Partial least squares
determinant analysis

69% and 71% Averaged accuracies
across all isoforms

K-means clustering
plus genetic algorithm

72%

Balakin
et al . [72]

CYP450 Kohonen self-
organizing maps

CYP3A4
91% (high Km

predictions)
97% (low Km

predictions)

Accuracies calculated
from compound
training set

All CYP isoforms
82% (high Km

predictions)
65% (low Km

predictions)

Yap and
Chen [73]

CYP450 Support vector
machine

CYP3A4 95%
CYP2D6 95%
CYP2CP 97%

The predictive accuracy of each of the methods used is given.
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substrate can be shown to be

P(sub|pred) = 1

1 + 1−Sp
Se × 1−f

f

The specificity (Sp) is the probability a nonsubstrate is correctly identified as being a
nonsubstrate by the model. Likewise, the sensitivity (Se) is the probability a substrate
is correctly identified to be a substrate by the model. Finally, f is the fraction of
actual substrates in our total set of compounds. Taking the worst case scenario that
the model accuracy is only 65%, and assuming this represents both the specificity and
sensitivity,

P(sub|pred) = 1

1 + 0.538 × 1−f

f

Therefore, if overall only 10% of the compounds are actually enzyme substrates
(f = 0.1), then the model will predict a subset of these compounds to be substrates,
17% of which will actually be substrates. Thus, the model will have increased the
proportion of substrates by almost a factor of 2, from 10% of the total set to 17% of
the predicted subset. Using the model accuracy in this way can help judge whether
applying a model for screening purposes would result in worthwhile savings in time
and expense.

In silico docking is a computationally expensive method of predicting drug
metabolism and therefore cannot be routinely used to screen large numbers of
compounds. It is particularly valuable, however, for providing an atom-level
understanding of the drug–enzyme binding complex and has been used to study drug
binding to CYP2D6 [74]. This study revealed that metoclopramide can adopt two
positions in the enzyme active site, but only one of these binding conformations had
been observed experimentally. Analysis of the second binding conformation implied
the production of a second metabolite that had not previously been identified, but
which was later verified by experiment.

Molecular dynamics simulations, like in silico docking methods, are computation-
ally demanding but can provide insight into the mode of binding for a small number
of drugs. Seifert et al . [75] analyzed the dynamics of warfarin in the active site of
CYP2C9. The crystal structure of this warfarin-bound complex cannot by itself pre-
dict the subsequent metabolites, as the warfarin sits too far away from the catalytic
heme group. Molecular dynamics simulations, on the other hand, revealed two ways
of binding to this catalytic center, resulting in the formation of the two experimen-
tally observed metabolites. In a more recent study [76], the role of water within the
active site of CYP2D6 was investigated using molecular dynamics simulations. Hydra-
tion sites were identified and these water molecules, when included in an in silico
docking protocol, improved the reliability in predicting the sites of metabolism for
methylenedioxy-N-methylamphetamine.

Both docking and molecular dynamics methods predict the site of metabolism on
a compound by identifying the energetically favorable binding conformations in the
active site of an enzyme. The compound atom that predominantly interacts with the
catalytic group of the active site is identified as being the site of metabolism. In
the absence of an enzyme structure, an alternative way of estimating possible sites
of metabolism is to consider the electronic environment surrounding the hydrogen
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atoms of the compound [77,78]. If it is assumed that removal of the hydrogen is a
rate-limiting step, then hydrogen atoms requiring least energy to dissociate from the
molecule are most likely to be at the sites of metabolism. Calculating dissociation ener-
gies requires expensive quantum mechanical calculations, but semiempirical methods
have been developed, which reduce the computation time with minimal compromise
on accuracy [79]. Although these methods are far too costly to be used in early stage
drug discovery, it has been proposed that there is potential value in employing these
methods to assess metabolic transformations of lead compounds in the preclinical
phase [78].

8.4.2.2 Inhibition of Metabolism. While some drugs are metabolized by CYP450
or UGT enzymes, other drugs will inhibit this metabolism, potentially resulting in
drug–drug interactions that may compromise the success of clinical trials. Prediction
of enzyme inhibition in early drug discovery is becoming increasingly important and
we summarize several studies of this kind in Table 8.2 [43,73,80–82].

The studies summarized in Table 8.2 show that compounds can be predicted to be
strong or weak enzyme inhibitors with an accuracy ranging from 66% to 96%, with the
support vector machine method developed by Yap and Chen [73] achieving accuracies
at the higher end of this range.

Kriegl et al . [80] applied partial least squares methods to a combination of 2D,
3D, and quantum mechanical descriptors resulting in an overall accuracy of 66%. In
addition, a model based purely on quantum descriptors (accuracy of 54%) did not
outperform a model composed purely of 2D descriptors (accuracy = 58.3%). This
is surprising as unlike 2D descriptors, quantum mechanical descriptors are derived
from the 3D chemical structure, and a molecule’s electronic structure offers great
insight into its binding potential. However, on this evidence, it seems the considerable
computational overhead required to calculate quantum mechanical descriptors does not
translate to increased predictive ability.

Hudelson et al . [81] built four models to predict compounds that inhibit CYP2C9,
the predictive ability ranging from 74% to 90%. To increase reliability, it was proposed
that a prediction should only stand when all four models agreed whether a compound
was an enzyme inhibitor. Surprisingly, there was agreement across all four models for
only two thirds of the compounds tested, and so in this case, one-third of compounds
could not be classified. This stringent rule was then relaxed so that a result would
stand if at least three of the models agreed, increasing coverage to the majority of
compounds and resulted in a predictive accuracy of 91%.

Vasanthanathan et al . [82] tested a variety of models on a large test set of 7000
compounds, resulting in predictive accuracies in the range 67–76%, and since the
test set is so large, these values can be taken to be a reliable measure of the pre-
dictive accuracy of enzyme inhibition by machine learning methods. The nonlinear
support vector machine and random forest methods gave slightly superior accura-
cies, 75% and 76%, respectively. At the other end of the scale, a decision tree based
on Lipinski’s rule-of-five descriptors managed to classify 67% of test compounds
correctly. However, this decision tree is easy to interpret and provides structural insight
into CYP1A2 inhibitors—hydrophobicity and hydrogen bond donors/acceptors being
important features for classifying CYP1A2 inhibitors. This structural interpretation is
not as transparent from the machine learning methods. On balance, one must decide
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TABLE 8.2 Summary of Selected Studies that Predict Whether a Compound Is an
Enzyme Inhibitor

References Enzyme Method Accuracy Notes
System

Kriegl
et al . [80]

CYP3A4 Partial Least
Squares:

66% —

Yap and
Chen [73]

CYP450 Support vector
machine

CYP3A4 92–96%
CYP2D6 92–94%
CYP2C9 95%

—

Marechal
et al . [43]

CYP3A4 Docking Strong (ki <10 μM):
5/7 or 7/7
Weak (ki<100 μM):
5/5

Depends on the
crystal structure
used

Hudelson
et al . [81]

CYP2C9 Line walking recur-
sive partitioning

88% —

Normal equation re-
cursive partitioning

90%

Gravity 86%

Substructure disco-
very using examples

74%

Vasanthanathan
et al . [82]

CYP1A2 Support vector
machine (linear)

73% (77%) Accuracies calcu-
lated from comp-
ound training set
in brackets

Support vector
machine (nonlinear)

75% (82%)

Random forest 76% (100%)

k-nearest neighbors 74% (83%)

Decision tree 71% (97%)

Lipinski-decision
tree model

67%

The predictive accuracy of each of the methods used is given.

whether the additional accuracy obtained from machine learning methods offsets the
ease of use and straightforward interpretation of the Lipinski’s rule of five.

Finally, as mentioned in Section 8.4.2.1, the computational expense of the docking
method restricts its application to a small number of compounds. That said, Marechal
et al . [43] were able to discriminate well between strong (ki < 10 μM) and weak
(ki < 100 μM) inhibitors using this technique, but its main selling point is in the
detailed structural information it reveals regarding the mode of binding in the active
site of the enzyme.
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8.4.3 Transporters

8.4.3.1 Identifying Substrates for Transporters. To fully understand drug
metabolism and drug–drug interactions, one must consider active transport into and
out of cells as it may be significant compared with passive diffusion for certain drugs,
and there has been corresponding interest in developing in silico prediction models to
predict transporter activity [83].

In Table 8.3, we summarize results from selected studies that have developed QSAR
models to predict the affinities for a range of transport proteins: P-glycoprotein, organic
cation transporters, and nucleotide transporters [84–91]. Osterberg and Norinder [84]
conclude that variables associated with hydrogen bonding and high polarizability corre-
late with high P-glycoprotein ATPase activity. Other studies also highlight the impor-
tance of hydrophobic features [90–92], which may represent aliphatic or aromatic
hydrophobes [92].

TABLE 8.3 Summary of Selected Studies that Have Developed In Silico Models to
Predict the Affinity of Drugs to Transporter Proteins

References Transporter
Protein

Method Predictive
Accuracy

Correlation Coefficient
Between Experimental
and Observed Values

Osterberg and
Norinder [84]

P-Glycoprotein Partial least
squares

— 0.718

Bednarczyk
et al . [85]

Human organic
cation transporter

Forward step-
wise regression

— Pharmacophore based
model: 0.86
Molecular descriptor
based model: 0.95

Chang
et al . [86]

Human nucleotide
transporters

CoMFA —

hCNT1 0.98

hCNT2 0.83

hENT1 1.00

Gombar
et al . [87]

P-Glycoprotein Stepwise discri-
minant analysis

86.2% —

Xue
et al . [88]

P-Glycoprotein k-nearest neighbors 70.8% —

Probabilistic neural
network

74.4%

C4.5 decision Tree 71.5%

Support vector
machine

79.4%

Suhre
et al . [89]

Organic ion
transporters

Forward stepwise
regression

— 2D-QSAR: 0.81
CoMFA: 0.97

Chang
et al . [90]

P-Glycoprotein Pharmacophore
model

— 0.87

Zalloum and
Taha [91]

P-Glycoprotein Genetic partial
least squares

— Training set: 0.8
Validation set: 0.6



APPLICATIONS 17

8.4.4 Induction of Metabolizing Enzymes or Transport Proteins

The PXR is a nuclear receptor that regulates the expression of metabolizing enzymes
and P-glycoprotein efflux transporters. A drug activating PXR can therefore influence
the metabolism and transport of itself, or a second drug dosed simultaneously, and may
lead to drug–drug interactions. A pharmacophore for PXR ligands has been identified
by Ekins and Erickson [93] and consists of hydrogen bond acceptor and hydropho-
bic features, similar to the pharmacophore for CYP3A4 substrates and inhibitors, but
in different positions. The pharmacophore alone was able to differentiate very potent
activators from weak activators. More involved methods are required to build more reli-
able predictive models for PXR activation, some of which are summarized in Table 8.4
[94–96].

A comparison of the predictive accuracies obtained by Ung et al . [94] and Khan-
delwal et al . [95] reveals that the support vector machine method is superior to other
methods investigated. The predictive accuracies obtained by Ung et al . were roughly
10% greater than those achieved by Khandelwal et al ., even when they both used the
support vector machine technique. The most likely explanation for this discrepancy is
perhaps in the calculation of the accuracy statistics, rather than the way in which the
methods were applied in the two studies. Khandelwal et al . used a 145-compound test
set to measure the predictive accuracy, whereas Ung et al . adopted a 10-fold cross-
validation study in which the test sets each contained only 20 compounds. The larger
test set of Khandelwal et al . could conceivably cover a greater area of chemical space

TABLE 8.4 Prediction of PXR Activators and Nonactivators

References Transporter Method Accuracy Notes

Ung
et al . [94]

Human PXR k-nearest neighbors 75.0% Recursive frequency
elimination (Guyon
et al . 2002) used to
select relevant
molecular descriptor

Probabilistic neural
network

77.7%

Support vector
machine

79.6%

Khandelwal
et al . [95]

Human PXR Recursive
partitioning

63.45% (87.50%) Accuracies calculate
from compound
training set in
brackets

Random forest 65.52% (73.45%)
Support vector
machine

66.90% (94.35%)

Ekins
et al . [96]

Human PXR Docking 47.06–57.98% The range of
predictive accuracies
obtained from
docking into six
different crystal
structures
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and would therefore be a greater test of the model’s ability to predict human PXR
activators.

In contrast to the machine learning methods, in silico docking as employed by
Ekins et al . [96] resulted in a much worse predictive accuracy, barely greater than a
50–50 guess. However, the authors also investigated the performance of 3D-, 4D-
and 5D-QSAR. Surprisingly, 3D-QSAR methods, such as CoMFA and CoMSIA,
also performed poorly, a reason being that the PXR active site is flexible, allow-
ing small molecules to bind in several orientations. In CoMFA and CoMSIA, the
compounds must be aligned and so these two methods would not capture the mul-
tiple orientations, which contribute to the overall observed enzyme activation. 4D-
QSAR, on the other hand, does consider multiple conformations, orientations, and
stereoisomers of each compound and improved the predictions for the training set
compounds, although the prediction of the test set compounds was still poor. 5D-
QSAR is an extension of 4D-QSAR, also considering the induced fit of the com-
pound in the active site of the protein, and was the only QSAR method capable of
making test set predictions of steroidal PXR activation with a reasonable level of
success.

8.4.5 Physiologically Based Models

The modeling approaches discussed hitherto only provide information about the exis-
tence or extent of the interaction between a compound and a protein. These data may
be useful in early stage drug development, providing an indication of the likelihood
of such an interaction, but do not provide any indication of the clinical significance
of this interaction: crudely, if significant interactions occur only when the test com-
pound concentration is greater than some lower bound, we also need to know the
time for which the compound concentration is greater than this lower bound after
the compound is dosed. To obtain information about the clinical significance of a
compound–protein interaction, it is necessary to integrate interaction data with phar-
macokinetic data. Indeed, interactions between a compound and metabolizing enzymes
or transport proteins determine the compound’s pharmacokinetics.

8.4.5.1 Single-Compound Pharmacokinetics. The use of physiologically based
pharmacokinetic (PBPK) models to predict or model pharmacokinetics has been
widely discussed [97–100] and the prediction or modeling of single-compound
pharmacokinetics is a prerequisite of the prediction or modeling of interactions
between compounds. A number of commercial products exist or it is possible to
implement basic PBPK models in-house.

The gross structure of a whole-body PBPK model is shown in Fig. 8.1. Dosed
compound flows with blood from the arteries through the organs into which it can
distribute or from which it may be cleared from the body. After passing through the
organs, compound arrives in the venous blood, from which it enters the pulmonary
circulation and then flows back into the arteries. While this gross structure is gen-
erally agreed, the variations that are observed in the details of PBPK models mean
that there is as yet no well-defined and agreed generic structure for a PBPK model
that can be relied on in all situations. Different groups model different organs, and
sometimes organs, particularly the liver, are supposed to be segmented [101]. Other
models include the dynamics of plasma protein binding and transport effects in the
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Lungs

Arterial
blood

Liver

Splanchic

GI tract

Other organs

Venous
blood

Figure 8.1 The structure of a generic PBPK model. Boxes (“compartments”) represent blood
pools (arterial and venous), organs, and tissues. Arrows represent blood flows between compart-
ments. Different models differ primarily in the number of organs and tissues that are explicitly
represented.

liver [102,103]. Sometimes organs are lumped into “central” and “peripheral” com-
partments [104,105]; this makes a model less physiological, but may make it easier to
parameterize from in vivo data. Organs are commonly modeled as being well-stirred,
with rapid equilibration of free compound between plasma and tissue; but taking typ-
ical values for compound permeability, it seems that this rapid equilibration may be
an unrealistic assumption [105–107]. In any case, to model transporter effects, it is
necessary to include permeability barriers in the organ model; organs are sometimes
subdivided into blood, interstitial, and intracellular compartments [108]. The inclusion
of transporter effects is a relatively recent development [109–115].

The modeling of absorption from and transport along the GI tract is an art in itself.
Physiological models of the GI tract consist of a sequence of segments through which
flow dissolved and undissolved compound (Fig. 8.2), with some modeling of dissolu-
tion, and with absorption of the dissolved compound [12,107,116,117]. Metabolism in
the walls of the GI tract is also sometimes included [118,119].

The extent of distribution in PBPK models is predicted using a competition between
partitioning into tissue lipids and binding to plasma proteins. A few variants on the
idea are reported in the literature [120–122]; as yet there is no definitive method. The
octanol–water partition coefficient is commonly used as a measure of lipophilicity;
some groups use, instead, affinity to phospholipid membranes [123,124], and there
does not seem to be agreement on the best measure of lipophilicity to use in general. It
should be noted that these models rely on the partition coefficient directly rather than
on its logarithm: an error of half a log unit in the logarithm translates to a threefold
error in the partition coefficient and—for lipophilic compounds—a threefold error
in the volume of distribution even before difficulties in the measurement of plasma
protein binding are taken into account.

It is also necessary to parameterize the rate of metabolism in a PBPK model. If
in vivo data are available, one can just optimize the model to fit the measured data,
but if they are unavailable, one must predict the rate of metabolism using in vitro or
in silico data. The prediction of metabolic clearance from in vitro data has recently
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Segment 1

Segment 2

Segment N−1

Segment N

Absorbed compound

Somatic model

Undissolved

Undissolved

Undissolved

Undissolved

Dissolved

Dissolved

Water

Water

Dissolved Water

Dissolved Water

More segments

Figure 8.2 The generic structure of gastrointestinal tract absorption modeling in PBPK. The GI
tract is treated as a series of segments (compartments) in sequence. Dissolved and undissolved
compound plus water (more precisely the gastric or intestinal fluid) flows from a compartment
to the next in the series. Dissolved compound is available for absorption across the GI tract
epithelium into the body, which can be represented by a PBPK model (as in Fig. 8.1). Different
models differ in the number of segments that are used to represent each part of the tract.

been reviewed [125]. Large uncertainties and variabilities in the in vitro data mean
that, generally, predictions of in vivo clearance based on in vitro data alone can be
statistical at best.

Some success is reported in using generic PBPK models for statistical predictions
of pharmacokinetic parameters such as clearance [108,126] and, until the details of
mechanistic extrapolation from in vitro to in vivo are resolved, this is perhaps the
most that can be expected from predictive PBPK modeling in early drug discovery.
Later in drug discovery and in drug development more effort can be expended on
developing a customized and optimized model for a particular compound, when in
vivo data are available for the calibration of such models. These optimized models
can be used for explanatory purposes [127] and to design detailed in vivo trials that
assess specific aspects of pharmacokinetics [128]. The detailed analysis of such models
allows the determination of the controlling parameters and can give good mechanistic
understanding of in vivo pharmacokinetics [127,129].

8.4.5.2 Interactions Between Compounds. The interaction most commonly mod-
eled mechanistically is the inhibition of CYP-mediated metabolism. PBPK models are
separately developed for each interacting compound using in vitro or in vivo data.
These models are used to predict compound concentration at the critical sites for
drug–drug interaction such as the liver or intestinal mucosa. In vitro interaction data
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can then be inserted to link the two models. A relatively detailed model of metabolism
is necessary: in general, compounds may be metabolized by multiple enzymes, so to
model correctly the effect of the inhibition of a given enzyme, one must account for
the relative contributions of all enzymes that significantly metabolize the compounds
in question. For compounds that can be modeled with single-enzyme metabolism, this
step is unnecessary, but this will not in general be the case. Interactions between more
than two compounds can be handled in a similar way. Irreversible inhibition, in which
a metabolizing enzyme is permanently inactivated, demands a different type of model
to reversible inhibition. To predict irreversible inhibition, some idea is needed about
protein turnover [130]; the actual protein concentration must be evolved as part of the
simulation.

Successes for this approach have been reported in the literature (Table 8.5)
[101,104,105,119,123,130–137]. Some use mechanistic PBPK modeling to predict
single-compound pharmacokinetics; others use a more empirical approach in which
physiological or semiphysiological models of single-compound pharmacokinetics are
fit to in vivo data. The overwhelming majority study CYP3A, presumably because
CYP3A-family enzymes are the most common drug metabolizers.

In principle, this general approach could also be used for interactions controlled by
the inhibition of active transport; all that is needed is a mechanistic model of transporter
activity in vivo [109–112,114] coupled to some in vitro transporter inhibition data.

TABLE 8.5 Physiological and Semiphysiological Metabolism Inhibition Models Found
in the Literature

Model Type Compounds Inhibited References
Enzyme(s)

Whole body Midazolam/itraconazole CYP3A Vossen et al . [123]
Whole body Midazolam/clarithromycin CYP3A Quinney et al . [104]
Whole body Midazolam/diltiazem CYP3A Zhang et al . [105]
Whole body Midazolam

(cimetidine/itraconazole/
erythromycin)

CYP3A Yamano et al . [131]

Whole body Various CYP3A4
substrates/various
CYP3A4 inhibitors

CYP3A4 Fenneteau et al . [119]

Whole body Midazolam/phase 1
compound

CYP3A4 Chenel et al . [132,133]

Whole body Tesofensine/itraconazole CYP3A4 Lehr et al . [134]
Whole body CYP3A4

substrates/ketoconazole,
verapamil

CYP3A4 Perdaems et al . [134]

Whole body Diltiazem/triazolam/N-
desmethyldiltiazem

CYP3A Rowland Yeo et al . [130]

Whole body Midazolam/ketoconazole CYP3A Chien et al . [136]
Whole body Midazolam/macrolide

antibiotics
CYP3A Ito et al . [137]

Isolated
perfused liver

R-bufuralol/
bunitrol/debrisoquine

CYP2D Haddad et al . [101]
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TABLE 8.6 Physiological and Semiphysiological Mechanistic Induction Models Found
in the Literature

Model Type Compound Enzyme Induced References

Whole body 2,3,7,8-Tetrachloro-
dibenzo-p-dioxin

CYP1A1, CYP1B1 Kohn et al . [144]

Whole body 2,3,7,8-Tetrachloro-
dibenzo-p-dioxin

CYP1A2 Emond et al . [140]

Wang et al . [141]
Santostefano et al . [142]
Leung et al . [142]

Semiphysiological Isoniazid CYP2E1 Chien et al . [145]
Semiphysiological Phenobarbital Various Magnusson et al . [146]
Semiphysiological Artemisinin Unspecified Gordi et al . [147]
Semiphysiological Cyclophosphamide Unspecified Hassan et al . [148]

But while these are all promising successes, it must of course be noted that, as dis-
cussed above, the quantitative prediction of even single-compound pharmacokinetics is
challenging. It would be surprising if prediction of drug–drug interactions was simpler
than the prediction of plasma clearance: a mechanistic model of metabolic drug–drug
interaction requires, to some extent, an understanding of metabolic clearance. Given
the challenges in the quantitative prediction of metabolic clearance from in vitro data
[125], it is easy to see how difficult it is to accurately predict in vivo inhibition of
metabolism.

Heuristic models of CYP induction relate the extent of in vitro induction to the rate
of in vivo metabolism [138]. This essentially applies sensitivity analysis to the single-
compound pharmacokinetics: develop a working model for the victim compound in
base conditions and just rerun the model using various hypothetical rates of metabolism
following induction.

Mechanistic models of enzyme induction require some concept of protein turnover
and gene expression [139] and require the enzyme concentrations to be evolved as
part of the simulation. There are two mechanisms for CYP induction that have been
modeled. Both result from a change to the balance between protein synthesis and
degradation: the more common mechanism is an increase in protein synthesis follow-
ing nuclear receptor binding, the less common is a decrease in protein degradation due
to stabilization caused by xenobiotic binding to the protein. Some of the mechanistic
induction models found in the literature are given in Table 8.6 for induction by dioxin
[140–144], isoniazid [145], phenobarbital [146], artemisinin [147], and cyclophos-
phamide [148]; these are all customized models for a particular interaction and are not
a priori predictive.

8.5 INCORPORATING IN SILICO METHODS IN DRUG DISCOVERY

In previous sections, we have described a number of in silico methods and discussed
some specific applications to predict drug metabolism and drug–drug interactions.
These methods perform an important function by helping increase our understanding
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of the properties of compounds that determine their fates and interactions in vivo.
To have maximum impact, however, in a drug discovery program, the methods must
support and inform the selection of (virtual) compounds to be synthesized or (real)
compounds to be selected for screening assays. In this section, we consider ways
whereby the methods can be incorporated into the drug discovery process, with a
view to inform and help direct medicinal chemistry efforts toward designing com-
pounds with required characteristics. In this respect, the methods so far described
do not stand alone. The capability to beneficially employ them in drug discovery
depends on

• the availability of necessary supporting software;
• appropriately skilled and experienced staff;
• effective communication between modelers, drug metabolism/pharmacokinetics

(DMPK) scientists, and medicinal chemists.

This can be illustrated with a simple example in which systemic clearance is to be
predicted in order, for instance, to estimate plasma half-life. In this case, the effect on
predicted in vivo plasma clearance of uncertainty in a prediction of hepatic clearance
diminishes in relative importance as the predicted hepatic clearance increases toward
hepatic blood flow. This is intuitively apparent from the effect of blood flow on limiting
clearance, but sensitivity and error analyses of PBPK models can quantify the effect,
can process large numbers of compounds in a short time, and can do so for those
less obvious relationships that can exist between model inputs and outputs. Use of
sensitivity and error analysis can thus indicate the acceptable bounds in uncertainty
and bias on any given prediction or set of predictions.

As a simple, illustrative, example, we can first consider the case of predicting
lipophilicity, in the form of the octanol/water partition coefficient, P . The partition
process can be viewed as the creation of cavities in the two solvents (octanol and
water)—an endoergic process—and the insertion of a solute into the solvents, which
gives rise to various solute/solvent interactions (hydrogen bonding, electrostatic, van
der Waal’s, etc.), which may be endo- or exoergic. The balance of these processes will
determine the overall energy change, and hence equilibrium position, of the partitioning
(Fig. 8.3). Many in silico methods exist for this property (reviewed in Refs 149 and
150), but the method of Abraham and coworkers [151] has made the above relationships
explicit:

logPoct = a + b · E − c · Z + d · A − e · B + f · V

where logPoct is the logarithm (base 10) of P. E, S, A, B, and V are properties of the
particular solute:

• E is the excess molar refraction.
• Z is the polarizability/dipolarity.
• A is the hydrogen bond acidity (donor capability).
• B is the hydrogen bond basicity (acceptor capability).
• V is the McGowan’s characteristic volume.
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Figure 8.3 Relationships between Abraham descriptors, compound characteristics, and
lipophilicity. V,A, B, Z, and E are the Abraham descriptors.

a–f are constants with specific values for any partitioning system. For
octanol/water, the partitioning is dominated by fV (i.e., molecular size, which favors
octanol) and eB (hydrogen bond basicity, which favors water). E and V can be
calculated for a compound directly from atom and bond contributions, whereas
S, A, and B require manual summation from specified molecular fragments. While
more accurate logP predictors currently exist [149,150], in terms of implementation
in a drug discovery process, the Abraham method has the following points in
its favor:

• The model involves a limited number of (six) unknown parameters, reducing the
risk of being overtrained on reasonably sized training sets.

• The descriptors are readily interpretable in terms of fundamental properties of
compounds.

• The small number, and the nature, of the descriptors facilitates their understanding
by nonspecialists.

• The model is linear with respect to its descriptors, so that the way in which
changes in any descriptor’s value affects the predicted logP is clear.

The problems of interpreting and utilizing metabolism and drug interaction are
harder than the analogous problem for logP . Involving, as they do, interaction between
a small molecule (or, in the case of drug interactions, two small molecules) and an
enzyme or transporter protein active site, simple explanations are less frequent and
correlations are weaker than for logP . Additional properties, relating to molecular
shape are more important and such properties are, of necessity, less amenable to simple
interpretation. Lewis [152] has collated information from a number of sources to specify
characteristics of individual human P450 isoforms, in a qualitative/semiquantitative
manner in terms of planarity, acid/base characteristics, volume, and lipophilicity. Lewis
[153] has also defined QSARs for substrates (and inhibitors) of the human P450 CYP2
family (2A6, 2B6, 2C8, 2C19, 2D6, and 2E1) in terms of a small number of readily
definable descriptors, including lipophilicity, molecular weight, and hydrogen bonding
capability. These QSARs have, however, been generated using small data sets so, while
they can provide some useful insight into potentially important features that define
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substrate specificity, the ability of the QSARs to extrapolate to other compounds is
doubtful. Methods for predicting CYP450 substrate specificity have been reviewed by
Ekins et al . [154] and de Groot [155].

Turning in more detail to the identification of CYP3A4 substrates, the key CYP450
isoform for drug metabolism in humans, a number of approaches, including pharma-
cophore [156], QSAR [72,73], and docking [157], have been attempted.

Balakin et al . [72] developed a model for the Michaelis constant, Km, of CYP450
substrates. As we have discussed in Section 8.4.1, the Michaelis constant does not,
by itself, predict the rate of metabolism of a compound. For this, the Vmax is also
required. The Michaelis constant does, however, provide information about binding to
the active site, potential for nonlinearity in metabolism, and potential for drug–drug
interactions mediated by inhibition of metabolism. For CYP3A4, Balakin et al . had
experimental Km values for 126 compounds, categorizing the values as low (< 10 μM),
medium (10–100 μM), or high ( > 100 μM). For differentiating between low and high
(ignoring medium) Km values, six descriptors were found to be important. Listed in
order of decreasing importance, these are as follows:

1. Zagreb (a measure of topological complexity).
2. Number of H-bond acceptors.
3. Number of rotatable bonds (a measure of flexibility and also correlated to size).
4. A measure of partial negative surface area (PNSA-1).
5. Number of H-bond donors.
6. logPoct.

For all except the two hydrogen bonding descriptors, the differences were statisti-
cally significant by a two-tailed t test (Table 8.7). It can thus be seen that the most
important determinant between low and high Km is a complex descriptor (Zagreb),
whose interpretation is not obvious—and therefore whose utilization in guiding medic-
inal chemistry is not trivial. Consequently, to use the results of this model to guide
chemistry, medicinal chemists would require appropriate computational tools and/or
databases, either to screen libraries for compounds or to design compounds having
appropriate properties [158–160]. Three of the properties (numbers of hydrogen bond
acceptors and donors and number of rotatable bonds) are more amenable to quick
assessment, as is logPoct (on the assumption that logPoct predictive software is almost
ubiquitous and/or chemists would rapidly gain experience in estimating the lipophilicity

TABLE 8.7 Important Descriptors for Differentiating Between Strong
and Weak Binders to Human CYP3A4

Property Mean Value for Mean Value for
Strong Bindersa Weak Bindersa

Zagreb index ∼ 210 ∼ 120
Number of rotatable bonds 9 4
PNSA-1 ∼ 260 ∼ 175
logPoct ∼ 4.8 ∼ 2.6

aStrong and weak binders are distinguished by low (<10 μM) and high (> 100 μM)Km,
respectively.



26 IN SILICO MODELS OF DRUG METABOLISM AND DRUG INTERACTIONS

within a particular series). Furthermore, by inspection of Table 8.7, it can be seen that
the model predicts marked differences in logPoct and the number of rotatable bonds
for strong and weak binders, so there are some, at least, clear, readily identifiable
differences between strong and weak binders.

Yap and Chen [73] adopted a different approach, identifying compounds as CYP3A4
substrates or nonsubstrates (368 and 334, respectively) on the basis of reports—or lack
of such—in the literature of a compound being metabolized by a particular P450. The
groups of descriptors that were selected as important during the modeling process were
mostly composite, and therefore difficult to interpret, namely

• 3D-MoRSE—encode 3D features such as van der Waal’s volume, electronega-
tivities, and polarizabilities.

• Radial distribution function (RDF)—encode information about bond lengths, ring
types, planar and nonplanar systems, and atom types.

• Randic molecular profiles—encode interactions between atoms in a molecule and
information on molecular shape.

The simpler, noncomposite, descriptors (logP , hydrogen bond acceptors and donors,
etc.) provided less information about the substrate/nonsubstrate (and, analogously,
the inhibitor/noninhibitor) classification of substrates with respect to CYP3A4. Thus,
substrates had mean Moriguchi logP of 2.2 ± 1.9 compared with 1.6 ± 2.06 for non-
substrates. This contrasts with the findings of Balakin [72], where low and high Km

compounds were differentiated by statistically significant mean logP of ∼4.8 and
∼2.6, respectively (Table 8.7). The difference arises both from the nature of the prob-
lem being addressed and the amount of information being sought. Identifying whether
a compound is a substrate for metabolism of CYP3A4 is more difficult than identifying
whether it binds tightly to the protein’s active site, in which bulk-phase hydrophobic
interactions can exert a significant effect. Yap and Chen were, furthermore, seeking a
classification for all possible compounds into substrate/nonsubstrate, whereas Balakin
et al . had restricted themselves to the widely separated classes of low and high Km

compounds and were not attempting to address the intermediate category of medium
Km (between 10 and 100 μM).

The study of Ung et al . on the activation of PXR also provides interesting insight
into the interpretation of molecular descriptors and their potential for informing medic-
inal chemistry [94]. They point out the tremendous range of compounds that are known
to be activators, and the range of structural features they exhibit, including aromatic and
saturated multiring structures, halogen- and oxygen-rich compounds, and compounds
with chain-like structures, such as discodermolide and β-carotene. This is consistent
with PXR’s flexible, predominantly hydrophobic, binding site that permits binding of
a wide range of substrate sizes in multiple conformations [161]. Despite the flexibility
of the site, which might lead to the expectation that complex descriptors would be
preferred in the model, certain molecular descriptors were selected that are related to
identifiable structural features in compounds. Table 8.8 lists some of these descrip-
tors and their values for activators and nonactivators. These descriptors relate to size,
polar surface area, flexibility, and the number/electronic and topological state of cer-
tain types of heteroatoms (nitrogen and halogens). The number of rotatable bonds and
Kier molecular flexibility index indicate that, on average, activators are slightly smaller
and less flexible than nonactivators. Polar surface area is slightly lower for activators
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TABLE 8.8 Selected Descriptors for Differentiating Between Activators and
Nonactivators of Human Pregnane X Receptor

Property Activatorsa Nonactivatorsa

Number of rotatable bonds 4.45 5.99
Kier molecular flexibility index 5.84 6.24
Polar surface area 61.9 69.5
Number of halogens 1.16 0.8
Number of chlorines 1.02 0.27
Number of nitrogen atoms 0.8 1.79
Atom-type E-state sum for chlorine 6.33 1.63
Atom-type E-state sum for >NH 0 0.45
Atom-type E-state sum for = N- 0.31 1.15
Atom-type E-state sum for >N- 0.15 0.94

aFigures are the mean values for compounds predicted by the model to be activators or nonactivators.

(although it might not be so when normalized for molecular size). Activators tend to
have more halogen and less nitrogen atoms than nonactivators. However, for simple
descriptors (numbers of rotatable bonds, halogens, chlorines, and nitrogens), the dif-
ferences are small, particularly when taking into account that the values are limited to
integers; these descriptors may not be particularly informative. Thus, the presence of
four or five rotatable bonds is more likely to indicate an activator than nonactivator,
while six is more likely to indicate an activator. One chlorine is more likely to indicate
an activator than a nonactivator, but a significant proportion of nonactivators must have
at least one chlorine. For halogens, in general, there is very little difference between
the mean values for activators and nonactivators, both of which are close to 1. Two
nitrogen atoms in a molecule are more likely to indicate a nonactivator, while one is
more likely to indicate an activator.

While being less amenable to immediate interpretation, the E-state indices [162],
which encode information about the electronic and topological environment of particu-
lar atoms, offer the potential for greater discrimination on a continuous scale. Thus, the
E-state values for chlorine and for different bonding configurations of nitrogen (see the
last five rows of Table 8.8) provide such information for discriminating between activa-
tors and nonactivators of human PXR, in which the nonintegral mean values and values
between them can have a true meaning. Thus, it can be immediately inferred from the
mean number of chlorine atoms in predicted nonactivators (0.27) that a significant
proportion of them must have at least one chlorine atom. In contrast, the nonintegral
values of the E-state sums of chlorines in predicted activators and nonactivators (6.33
and 1.63, respectively) provide information about the number of chlorines, and the
modulating electronic field effects of the other atoms in the molecule, weighted by
their topological distance (i.e., the number of bonds) from the chlorine(s). Similarly,
the mean numbers of nitrogen atoms in predicted activators (0.8) and nonactivators
(1.8) indicate some uncertainty around the status of compounds having one nitrogen
atom. Again, the relative values of the E-state indices for the different configurations of
nitrogen are well separated, helping distinguish between the two classes of compounds.
The drawback in using such descriptors has already been addressed in reference to the
model of Balakin et al . for CYP3A4 binding.
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A further means of exploiting predictions of drug metabolism and drug interactions
is to use them as inputs to appropriate PBPK models, linking the prediction of a drug’s
properties to its expected behavior in vivo. Sensitivity/error analysis of a PBPK model
(i.e., the quantification of the dependence of its outputs on the value of any of its
inputs) will provide information about how uncertainty and/or bias in the predictions
of a drug’s property will affect its expected behavior in vivo. This type of analysis
makes use of the ease of rerunning simulation models with appropriate variation of the
input and can be used in one of two related ways:

1. By scanning an input value through a (potentially hypothetical) range and record-
ing the predictions of the PBPK model for each input value, the sensitivity of
the predictions to the value of the input can be ascertained. This is known as
sensitivity analysis .

2. By sampling the predicted distribution of the input (which can be generated
from the error statistics of the model that generates the input), the corresponding
distributions in the PBPK model’s predictions can be determined. This is an
aspect of error analysis .

Because PBPK models require quantitative inputs on the whole, the most effective
use of this approach requires that the models for the input properties generate quanti-
tative values or classifications with classes with well-defined upper and lower limits.
As we have discussed, many models for predicting drug metabolism and drug–drug
interactions are binary classification models (i.e., for substrate/non–substrate and
inhibitor/noninhibitor), so there is still significant progress to be made in model
development in this area to realize the prediction of in vivo behavior from in silico
metabolism and drug interaction models.

We complete this section by emphasizing that DMPK represents just one part of a
drug’s property set and that the significance of its DMPK properties—whether deter-
mined by experiment or by in silico modeling—has to be viewed in the context of its
other properties, particularly its on-target and off-target pharmacology. Of the prop-
erties we have discussed in this chapter, it is particularly important to view those
that can cause drug–drug interaction (i.e., inhibition of metabolism and induction of
metabolism/transport) in this context. The propensity of any potential new drug to actu-
ally cause such interactions in vivo is dependent on the concentrations it is required to
achieve in vivo. These are, in turn, governed primarily by its activity against its tar-
get(s). Low activities against targets will require high concentrations in vivo, increasing
the likelihood of interactions with other drugs. In a similar manner, the most effective
use of PBPK models that can predict plasma concentrations is dependent on knowledge
of the expected therapeutic window of the compound, which is in turn determined by
its primary pharmacology and its dose-limiting toxicity. The most efficient screening
strategies will be those that bring together useful data in pharmacology, toxicity, and
DMPK, each having similar costs of information relevant to the particular stage of
the discovery process. This could entail a combination of in vitro and in silico data,
the balance between the two depending on the cost of information. High throughput
in vitro screens for drug metabolism properties [66,163] are able to generate the large
amounts of data required for producing reliable models and also reduce the cost of
generating primary assay data, potentially reducing the need for predictive models. Set
against this, the use of systems for automated QSAR model development [164] can
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drastically reduce the time and cost of model development and their regeneration from
evolving data sets. If target activity can be predicted in silico, so permitting hits to be
identified virtually, then the ability to predict metabolic and in vivo drug–drug inter-
action properties can result in a significant recovered opportunity cost by permitting
deferral of the synthesis of potentially unsuitable compounds [66].

8.6 CONCLUSIONS

In silico methods are making significant contributions to our growing knowledge of
the factors that determine how drugs and other xenobiotics are processed in vivo.
Numerous methods have been developed and employed over the past 30 years. In
this chapter, we have endeavored to do justice to a number of these methods, to their
contributions to the furthering of knowledge and their practical applications in the
drug discovery process. We have described two major areas of application. Each area
is extremely complex in its own right; this must be borne in mind when assessing
current capabilities and future progress.

The first is concerned with the prediction of interactions between drugs and individ-
ual proteins (drug-metabolizing enzymes, transporters, and nuclear receptors), including
the simultaneous interactions of multiple drugs with an enzyme or transporter that can
give rise to mutual or unilateral inhibition of metabolism or transport. The complexity
in this area arises from the well-documented promiscuity of the proteins involved. A
given enzyme/transporter/receptor can metabolize/transport (or be inhibited by)/be acti-
vated by multiple xenobiotics. A given xenobiotic can be metabolized by/transported
by (or inhibit)/activate multiple proteins. The challenge of in silico modeling is to
identify those interactions that will/will not occur, and the strength of those interac-
tions, as measured by rates of metabolism or transport, binding constants, inhibition
constants, and so on. For many of the applications we have described, a large part
of the challenge entails the collation of a reliable data set of a large enough size
for model development. For any given problem, it is not guaranteed that a suitable
data set can be generated, because of the huge number of combinations of xeno-
biotic/protein interactions that must be considered. For example, development of a
QSAR model to discriminate between the metabolism of compounds by (say) four
isoforms of CYP450 requires reliable data for each compound and for each isoform. It
frequently arises that the absence of reported metabolism of a compound by a partic-
ular isoform is taken to indicate that the compound is not metabolized by that isoform
but this is not, of course, the same thing. Without definitive data, such assumptions
can compromise the modeling process from the start. Extend this to the myriad other
interactions of interest—with UGT enzymes, ABC transporters, nuclear receptors, and
so on, and the whole model development and application structure can be fatally under-
mined. Improvements in reliable, high throughput, low volume assay methodologies
will significantly increase the availability of reliable data for model development in
the future.

In assessing the progress and utility of in silico model development in this area, the
differences between practice in the drug discovery industry and the majority of reports
in the scientific literature must be borne in mind. Many the papers we have discussed
in Section 8.4 have shown modest predictive ability for a range of properties related
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to drug metabolism and drug–drug interactions. We should not be surprised with these
results, given the data available, the relatively small data sets, and the diversity of the
compounds that can be processed by, or bind to, the proteins in question. These types
of models are generally termed global models, in that they are generated using data
for compounds scattered across a wide range of chemistry—almost invariably using
data on marketed drugs. This is not necessarily because of the desire to generate global
models, but because of the limitations of data availability in the public domain. The
practicalities of drug discovery are different. Discovery projects focus on a small num-
ber of specific areas of chemistry, so chemical diversity (and the problems introduced
by this) is much reduced. The need for a model to extrapolate or interpolate into an
area of chemical space that is poorly represented in the training set is consequently
reduced. This matter has been discussed by Weaver and Gleeson [49] in relation to the
development of QSPR models for predicting plasma protein binding and inhibition of
CYP3A4-mediated metabolism. It seems reasonable to regard the prediction statistics
of global models as a lower bound on what should be achievable with models on more
focused areas of chemistry.

The second application area we have considered is that of PBPK modeling, by
means of which data (whether from in vitro or in silico sources) on drug metabolism
and drug–drug interactions can be integrated to predict in vivo outcomes. The key
modeling challenges for the prediction of drug–drug interactions are (i) to predict the
concentrations of drugs at the active sites of the relevant enzymes/transporters and
(ii) to be able to appropriately scale, if necessary, kinetic parameters (e.g., Vmax,Km,
and Ki) to the in vivo case. These two are dependent, as the ability to predict con-
centrations depends, in part, on the scaling of kinetic parameters of drug transport
and metabolism. The complexity in this case arises from the multiple potential in vivo
processes (absorption, distribution, metabolism and elimination, each potentially via
multiple competing routes) to which a xenobiotic can be subject and which affect pre-
diction of drug concentration at the active site(s). In most cases, in drug discovery
and development, appropriate data required to model some—maybe most—of these
processes will be lacking. Therefore, predictions must be interpreted in the light of
what is, and what is not, known about the processes affecting the fate(s) of a particular
compound in vivo. The evolution of predictive PBPK models is absolutely dependent
on the development of appropriate assays for these processes and the knowledge to
enable data to be successfully scaled to the in vivo case. This knowledge frequently lags
significantly behind assay development and is frequently a significant impediment to
new applications of PBPK modeling. Having said that, we have described a number of
applications where the technique has already been used to provide valuable information
and interpretation concerning in vivo drug metabolism and drug–drug interactions.

It can be seen that in silico techniques are able to provide valuable insight and
predictivity regarding drug metabolism and interactions in vitro and in vivo. Significant
work remains to be done on improving predictability for known routes of metabolism
and transport, and the challenge is continually growing as further routes are discovered,
and hence opportunities for drug–drug interactions to arise are identified. In fact, this
very increase in the known complexities involved in drug metabolism and interactions
requires that the contribution of in silico methods in this area increases to help keep
drug discovery costs under control and to inform and guide the discovery selection
process.
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