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We live in an age where genomic technol-
ogies promise to revolutionize the way in
which drugs are discovered and developed.
Many treatments for chronic diseases will be
needed, perhaps more so with an ageing de-
mographic. The safe delivery of a drug to its tar-
get in people that are probably taking many
medications concomitantly, thus increasing
the potential for drug–drug interactions, is
challenging. In reality, we are all daily con-
sumers of a variety of medicinal compounds,
such as dietary supplements and over the
counter medications, for example, St. John’s
Wort [1]. Understanding the potential for en-
dobiotic and xenobiotic interactions of phar-
maceuticals with specific enzymes, transporters,
receptors and ion channels is moving into a
more predictive realm through the use of a
combination of in vitro and in silico methods.
This predictive approach is necessary to ensure
that molecules in pharmaceutical development
have the highest probability of reaching the
clinic and the market. One of the key prob-
lems associated with drug discovery is to ensure

that the drug molecules not only have adequate
physical properties to sustain therapeutic lev-
els to facilitate their oral dosing, but that they
also (preferably) avoid interactions with non-
target proteins and other probable concomi-
tantly dosed drugs. So much emphasis has been
placed on predicting the solubility, absorp-
tion and blood–brain barrier penetration of a
drug that the roles of metabolism, possible
drug–drug, drug–non-target interactions and
other key toxicity endpoints have received far
less attention from the broader computational
chemistry community. 

Computational algorithms can be exploited
to make predictions of the interactions between
vast numbers of virtual molecules and non-
target proteins (with or without their crystal
structures). Approaches using crystal struc-
tures have identified molecules with a bind-
ing affinity for proteins that on complex for-
mation could result in toxic side effects [2,3].
However, the majority of computational stud-
ies have been completed in the absence of 
the crystal structure of the protein of interest.
Common computational tools such as
Quantitative Structure Activity Relationships
(QSAR), and pharmacophore and homology
modeling have all been used to generate pre-
dictions for molecules binding either as sub-
strates or inhibitors to an array of proteins
that might be important for human toxicity.

During early drug discovery, a computational
approach that produces a fingerprint of the
predicted interactions of a drug with different
proteins, as well as other physical properties,
can be used alongside efficacy data in a multi-
criteria decision making process [4]. Some of
the key non-target proteins for drug discovery
include the human ether-a-go-go related gene
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Although computational tools have been used to predict toxic responses

resulting from molecules binding either as substrates or inhibitors to

proteins, there are complications to be resolved. Some proteins appear

promiscuous in their ability to bind a diverse array of hydrophobic

molecules. This promiscuity arises from the binding site simultaneously

accommodating more than one molecule, multiple separate binding 

sites, protein flexibility, or a combination of all these properties. With the

availability of more crystal structures for these non-target proteins, we

should be able to predict binding in silico with a greater accuracy, thus

avoiding or managing toxic side effects, therefore ultimately improving

the success of drug discovery.
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(hERG) potassium channel, the pregnane X-receptor (PXR),
cytochrome P450s (CYPs), P-glycoprotein (P-gp) and Phase II
metabolizing enzymes. All of these proteins appear promis-
cuous in their binding interactions with small hydropho-
bic ligands, which proves problematic when predicting the
potential for undesirable drug–protein interactions. Although
the hydrophobicity of a drug is a necessity for desirable 
potency towards therapeutic targets, it could also be partly
responsible for the difficulty in developing drugs with 
adequate bioavailability. The importance of hydrophobic
character for ligand–protein binding has been known for
many years, yet the recognition that it is important for
drug metabolism rests with the work of Hansch [5], among
others. The inherent promiscuity of the diverse non-target
proteins makes it difficult to predict ligand-binding con-
formation, let alone ‘the relative effects on substituents on
the metabolism of drugs’, as Hansch desired [5]. However,
there have been considerable modeling efforts for these
promiscuous proteins, which are summarized in this review.

Human ether-a-go-go related gene
The tetrameric hERG protein is a potassium channel that
represents a key part of the cardiac action potential and
has received considerable attention in recent years. hERG
contributes to phase three repolarization by opposing the
depolarizing Ca2+ influx during the plateau phase [6].
Several drugs, including cisapride, terfenadine, astemizole,
sertindole and grepafloxacin have been withdrawn from
the market in recent years, partly as a result of cardiovascu-
lar toxicity associated with undesirable blockade of this
channel. In a small percentage of individuals, subsequent
prolongation of a part of the cardiac action potential
termed the ‘QT interval’ results in potentially life-threaten-
ing ventricular arrhythmia [6]. Therefore, in drug discovery,
it is important to understand the structural requirements
of molecules that bind to this potassium channel. To date,
the in vitro assessment of the drug mediated interaction
with these channels uses cell systems that express the hERG
channel and uses methods that include patch clamping,
radioligand binding, fluorescent probes and rubidium flux
studies. These methods produce data of varying quality
and reliability that can be computationally modeled.

An initial homology model for hERG was generated
from the template bacterial KcsA channel, which together
with site directed mutagenesis work has provided an insight
into the key amino acid residues involved in drug binding
to the hERG channel [7]. Other computational approaches,
for example, 3D-QSAR, which is a ligand-based approach,
have been used to evaluate potential hERG inhibitors with
some degree of predictive success [8–11]. A preliminary
pharmacophore was derived from a literature set of 15

molecules that are known to inhibit hERG in patch clamp-
ing studies with HEK 293 cells and contained four hydro-
phobes and one positive ionizable feature [8]. In addition,
this model was assessed using a test set of 22 molecules
that included known inhibitors of hERG, such as antipsy-
chotics and their metabolites. In an attempt to predict
classes of hERG inhibitors [using data from Chinese ham-
ster ovary (CHO) cells expressing the channel], a second
computational analysis found a striking difference in cal-
culated logP (ClogP, a measure of hydrophobicity). ClogP
was higher in potent hERG inhibitors (Figure 1) compared
with non-potent inhibitors [10]. A further pharmacophore
using a comparative molecular field analysis (CoMFA) model
for 31 inhibitors found that three aromatic (hydrophobic)
functions and a central nitrogen were key for binding to
hERG [11]. Recently, a comparative molecular similarity
analysis (CoMSiA) using 28 molecules with patch clamp-
ing data was dominated by sertindole analogs tested in
CHO cells expressing hERG [9]. This model also suggested
that hydrophobic and positive ionizable features were im-
portant for binding. Furthermore, the model was placed in
the context of the protein using a hERG homology model
based on the MthK channel [9] to illustrate key interactions
with Phe656 and Tyr652 residues [7], the same residues
previously identified by Mitcheson et al. [7]. Attempts at
building a QSAR model with a recursive partitioning algo-
rithm and based on patch clamping data for hERG with 66
molecules have also been described, along with a diverse
test set of 25 molecules [12]. Furthermore, an updated
model built using 99 literature molecules [12] has been re-
cently used to rank the 23 sertindole analogs generated by
Pearlstein et al. (Spearman’s rho = 0.74, P < 0.0001, r2 = 0.53)
[9]. This type of model is perhaps less visually interpretable
than a pharmacophore because it is based on 2D descrip-
tors, for example, atom path lengths, but it enables a high-
throughput for scoring virtual libraries of molecules. More
recently, another descriptor-based approach using a partial
least squares algorithm and a 55 molecule training set was
found to be predictive for a 13 compound test set (r2 = 0.81)
[13].

A further approach that determines the probability of
interaction of a drug with hERG uses the inhibition of [3H]-
dofetilide binding, which is a higher-throughput method
compared with the ‘gold standard’ patch clamping.
Researchers at Merck (http://www.merck.com) have pub-
lished papers containing binding data for the 5-HT2A receptor
antagonists [14,15], 3-aminopyrrolidinone farnesyltrans-
ferase inhibitors [16] and phospodiesterase-4 inhibitors, in
which hERG binding was reduced to some extent by struc-
tural modification. A simple alignment of pharmacophores
generated with the Merck data suggests common areas of
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positive ionizable features and hydrophobicity (from aro-
matic rings) (Figure 2).

The inhibition of hERG is not limited to small therapeutic
molecules. Large naturally occurring molecules, for exam-
ple, the scorpion toxins BeKm-1 (4092 Da) [17] and CnErg1
(Ergotoxin, 4757 Da) act as potent and selective inhibitors
of hERG (IC50 3.3 nM and Kd 8.5 nM, respectively) [18].
The sea anemone toxin APETx1 (4552 Da) is also a specific
inhibitor of hERG (IC50 34 nM) [19]. These hERG binding
values are in a similar range to some of the small molecule
inhibitors reported [8–11]. The surface of the scorpion tox-
ins has an area of positive charge surrounded by multiple
hydrophobic areas [20], which is generally similar to the
pharmacophores defined for the small molecule inhibitors
described. It is suggested that these large molecules bind in
the pore or turret region of the protein channel [21–23],
rather than in the channel itself as is the case with small
molecules (Figure 3). However, for binding, some of these
protein ligands require electrostatic interaction, others rely

on hydrophobic interaction, whereas BeKm-1 appears to
bind to the channel during the closed state [24]. Because
large and small hydrophobic compounds bind hERG at 
different regions of the channel, there are implications for
the testing of protein therapeutics for potential interac-
tions.

The similarity in potency between large and small mol-
ecules for binding to hERG also complicates the prediction
of the binding site of a particular molecule. The expression
of a key pharmacophore on the surface of the large ligand
molecule appears to be important in determining whether
it binds the channel in the open or closed state. Therefore,
the hERG channel displays a remarkable ability to bind
molecules from diverse structural classes and size, which
suggests that computational models generated with 
homologous molecular series and diverse structures are
necessary. The screening of large diverse virtual libraries of
molecules could benefit from global hERG models that can
classify the potency of compounds. It might be necessary
to generate similar computational models for protein lig-
ands. In the case of small protein ligands, the modeling of
hERG-small protein interactions would be desirable. The
computational modeling of this channel is in its infancy
and predictive capability could be limited to classification,
but we will see more widely applicable models in the 
future using advanced algorithms and descriptors.
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Figure 1. Summary of selected ligands with overlapping affinity for
CYP3A4 and PXR or hERG. ClogP values were calculated in
ChemDraw (CambridgeSoft; http://www.camsoft.com) for illustration
of the hydrophobicity. The AlogP98 value for paclitaxel was calculated
using Cerius2 (Accelrys; http://www.accelrys.com). Abbreviations:
AlogP98, atom-based logP; ClogP, calculated logP; CYP, cytochrome
P450; hERG; human ether-a-go-go protein; PXR, pregnane X-receptor.

Figure 2. Three hERG pharmacophores generated with Catalyst® (version 4.7) based on in vitro hERG [3H]-dofetilide binding data published
by Merck [cyan spheres = hydrophobe; orange = aromatic ring (hydrophobic); red = positive ionizable]: (a, d) hERG pharmacophore for
farnesyltransferase inhibitors from Bell et al. [16]. Observed versus predicted r = 0.87 for the training set. Molecule shown had an 82 nM
inflection point; (b, e) hERG pharmacophore for 5-HT2A inhibitors from Rowley et al. [14]. Observed versus predicted r = 0.87 for the
training set. Molecule shown had an IC50 of 19 nM; (c, f) hERG pharmacophore for 5-HT2A inhibitors from Fletcher et al. [15]. Observed
versus predicted r = 0.93. Molecule shown had an IC50 of 20 nM. Combination of all three hERG pharmacophores suggests a similar
arrangement of common features. Abbreviation: hERG; human ether-a-go-go protein.
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Cytochrome P450
CYPs are hemoproteins that catalyze the hydroxylation,
epoxidation and oxidation reactions that are found in
every phylla and most mammalian tissues [25]. This large
family of enzymes is important owing to its role in the 

endobiotic and xenobiotic metabolism of many commonly
prescribed drugs across therapeutic areas. Drug-mediated
interactions with these enzymes in vivo pose a potential
clinically relevant event. The late discovery of a clinically
significant drug–drug interaction can be financially costly.
Therefore, it is important to screen for potential interac-
tions [26] to enable rejection of suspect molecular series
early or suggest the most appropriate in vivo studies later
on. The CYPs could be involved in many drug–drug inter-
actions because of their affinity for hydrophobic molecules
of varying sizes. Varied computational approaches have
been used to attempt to predict drug metabolism and in-
teractions. Many of the key early studies in this area by
Hansch [5], Lewis [27] and co-workers used QSAR to un-
derstand substrate–structure activity relationships. In more
recent years, homology models of the CYPs based either
on the crystal structures for bacterial CYPs or rabbit CYP2C5
enzymes have been widely described [28]. Early CoMFA
models were used with hepatic microsomal data for CYP1A2
[29], CYP2A5 [30] and CYP2C9 [31] and used relevant con-
formers of inhibitors to identify key functional groups, the
geometry of selected structural features and regions of elec-
trostatic and steric interactions. More recent QSAR models
have been built after analysis of literature data, including
recombinant-derived kinetic values for the major CYPs
[32,33]. Recent reviews have also compared the many
pharmacophores for CYPs [32,33] and there have been 
several groups that combined pharmacophores with ho-

mology models based on either bacterial CYPs [31,34–36]
or CYP2C5/3 [37–40] to provide further structural insight.

In terms of human drug metabolism, the CYP3A family
of enzymes is the most important [41] because they metab-
olize many different classes of molecules of diverse sizes
(Figure 1). Assessment of the inhibitory potency of CYP3A4
and CYP2D6 is often included as a first tier screen in early
drug discovery. Computational models have been described
that use the recursive partitioning algorithm and path
length descriptors for this type of high-throughput CYP in-
teraction data. The models consisted of over 1700 diverse
molecules and were used to rank the inhibition for test sets
of nearly 100 molecules [42]. In addition, computational
modeling of CYP3A4 ligands has identified hydrogen
bonding and hydrophobicity as important determinants
for substrate binding [43,44]. Computational inhibitor
models of CYP3A4 differ depending on the substrate probe
used in vitro, although they do maintain the trend of high-
lighting multiple hydrophobic and hydrogen bonding
functional groups [45–47]. The interaction between CYPs
and their substrates in vitro is complex and Michaelis–
Menten kinetics are the exception rather than the rule, as
exemplified by CYP3A4 [48,49]. Furthermore, inhibition
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Figure 3. Diagrams to illustrate the potential multiple
ligand–protein interactions for (a) hERG, (b) PXR, (c) CYP3A4
and (d) P-gp, based on data from a combination of different
computational and empirical sources. hERG could be inhibited
by venoms from the extracellular surface or small molecules that
form hydrophobic interactions (blue circles) inside the channel.
Ligands could bind in multiple positions within PXR (dotted
lines), but when the coactivator SRC-1 binds PXR, the location
for ligand binding is restricted. The CYP3A4 binding site appears
large enough to simultaneously accommodate multiple ligands
simultaneously. P-gp also appears to bind either large hydrophobic
molecules or multiple molecules at different binding sites, as
illustrated by the different colored shapes. Abbreviations: CYP;
cytochrome P450; hERG; human ether-a-go-go protein; 
P-gp, P+glycoprotein; PXR, pregnane X-receptor.
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of the CYP3A4 catalysis is substrate dependent [50–52],
which adds to the overall complexity of interpreting in
vitro screening data. Data from various studies are consis-
tent with the active site of CYP3A4 simultaneously accom-
modating multiple substrate and inhibitor molecules
[48,53,54] (Figure 3). This makes accurate computational
and in vitro predictions difficult, and is far removed from
the traditional lock and key hypothesis for ligand–protein
interactions.

Electronic models for CYP-mediated metabolism have
been produced [55,56] that have combined aliphatic and
aromatic oxidation reactions to generate predictions for re-
gioselectivities of substrates. More recently, this approach
has been used to identify the major sites of human
CYP3A4 metabolism [57]. In an attempt to incorporate all
the hepatic enzymes involved in drug metabolism, metabolic
stability data generated from human liver homogenates
was used [58]. One study measured % turnover data at a
single drug concentration to generate a k-nearest neigh-
bors model that incorporated 500 molecules. This approach
was able to differentiate between stable and unstable mol-
ecules to an accuracy between 77–84% [58]. Similarly, a re-
cursive partitioning model for human liver microsomal
metabolic stability [12] and pharmacophores based on 
microsomal and hepatocyte data [59] have been used to
predict human clearance. In these cases, there was consid-
erable complexity in modeling multiple enzyme systems
using a single approach, therefore, methods that capture a
more complete biological system and models that are
based on kinetic half-life measurements rather than %
turnover data are worth pursuing. One group used a large
database that included most of the published CYP-medi-
ated metabolic pathways, ligands and metabolites to produce
a Kohonen self-organizing map neural network [60]. This
approach was able to differentiate between the physico-
chemical properties of substrates and metabolites, and on
average 60% of the CYP substrates and 65% of metabolites
were classified correctly. This study demonstrated the diffi-
culty of using a combination of data for different CYPs that
each probably have unique optimal molecular descriptors
for binding. Based on the published data, computational
modeling of CYPs has a long way to go before being uni-
versally accepted. Studies to date imply that no single
modeling approach or descriptor type will be optimal for
determining the complexities of CYP-mediated metab-
olism. Deconvoluting metabolism into the separate en-
zymes responsible might be unavoidable, unless an alterna-
tive algorithm that can handle such a complex non-linear
system is found. The recent crystallization of human
CYP2C9 [61] by researchers at Astex (http://www.astex-
technology.com/index.html) represents an opportunity to

validate some of the available computational models that
have been generated over the years. Additionally, this
structure could aid in understanding more clearly how
multiple molecules can interact in the active site. From this
knowledge, we should be able to build improved computa-
tional models for the other major human CYP enzymes
that still await crystallization.

P-glycoprotein
P-gp is a large membrane-bound protein that is expressed
at the interface of many important organs with their envi-
ronment, and acts as a barrier to limit the exposure of the
organs to xenobiotics [62]. In addition, P-gp is present in
the canalicular domain of hepatocytes, brush border of
proximal tubule cells and capillary endothelial cells in the
central nervous system (CNS) [62] where it might reduce
oral drug absorption, enhance renal and biliary excretion
or limit CNS entry of many substrate drugs. Computational
models for P-gp have been reviewed previously [63,64], but
in the past few years several new pharmacophore-based
models have appeared for substrates [65] and inhibitors
[66–69]. The recent ensemble pharmacophore model for 
P-gp substrates was based on 144 molecules, and correctly
classified 80% of the training set, but only 63% of the test
set [65]. The pharmacophores used contained hydropho-
bic and aromatic ring features and functional groups that
could act as hydrogen-bond donors and/or acceptors.
Research indicated that the hydrogen-bond acceptor was
the most important feature of the pharmacophore. Other
Catalyst™ (Accelrys; http://www.accelrys.com) pharma-
cophore-based approaches generated multiple models for
inhibitors of transport, binding or accumulation in differ-
ent cell systems. These models indicated large distances be-
tween multiple hydrophobic and hydrogen-bond acceptor
features [68,69]. Further pharmacophores using genetic 
algorithm similarity program [GASP™ (Tripos; http://www.
tripos.com)] -based alignments of vinblastine and rho-
damine123 have been carried out to elucidate the binding
interactions between verapamil and P-gp [66]. Again, mul-
tiple hydrophobic and hydrogen bonding interactions
were described [66]. Other groups have superimposed a
small number of P-gp ligands with SYBYL™ (Tripos) and
MOLCAD™ (Tripos) to generate pharmacophores [67] that
were validated by aligning two additional compounds.
Presently, the computational models produced for P-gp
have been valuable for identifying the molecular features
required for binding, but quantitative predictions have in-
volved relatively small numbers of molecules so it is diffi-
cult to assess their applicability. As larger datasets are gener-
ated with high-throughput screening (HTS) data for different
substrate probes, such as those for CYP interactions, this
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situation will change and more complex computational
models will be required.

Pregnane X-receptor
PXR is a member of the nuclear receptor family of ligand-
activated transcriptional factors that regulates induction of
several drug-metabolizing enzymes (e.g. CYP3A, CYP2B6,
CYP2C8/9) and transporters (P-gp, multi-drug resistance
protein-1 and multi-drug resistance protein-2), which are
responsible for eliminating conjugates of toxic molecules
and biliary efflux of endogenous molecules, respectively
[70]. Analogous to other members of the nuclear receptor
family, PXR has DNA and ligand-binding domains that en-
able the binding of PXR as a heterodimer with the retinoid
X receptor to response elements on target genes. There is
considerable structural diversity in the molecules binding
to human PXR in vitro, and some of these ligands are also
substrates for CYP3A4 (Figure 3). The range of PXR ligands
includes, some bile acids, statins, herbal components, a 
selection of HIV protease inhibitors, calcium channel mod-
ulators, numerous steroids, plasticizers and monomers,
organochlorine pesticides, a peroxisome proliferator-acti-
vated receptor-γ antagonist, as well as other xenobiotics
and endobiotics [70,71]. A more complete understanding
of the clinical implications of the role of PXR could result
in a more accurate prediction of the potential drug–drug
interactions that result from the co-administration of mol-
ecules that are known to be metabolized or transported by
any of the genes upregulated by this receptor.

Initially, X-ray crystallography of the ligand-binding do-
main of PXR [72] suggested that it was a large, flexible hy-
drophobic site that incorporated a few polar residues and
three distinct binding sites for the co-crystallized ligand
SR12813. A crystal structure for PXR with hyperforin
bound indicated that the volume of the binding site can
change and that the ligand can form other interactions
with the protein [73]. Nine hydrophobic and three polar
interactions with hyperforin were observed. However, 
hyperforin did not appear to bind in the multiple confor-
mations associated with SR12813, which contacted fewer
hydrophobic residues overall [73]. The most recent crystal-
lography studies by Watkins et al. [70] have shown that the
binding of the steroid receptor coactivator-1 to the outer
surface of PXR limits the ligand SR12813 to a single con-
formation, which is probably necessary for transcriptional
activation. This work is compelling because it shows that
the ligand becomes ‘trapped’ in the binding site, and as a
consequence eleven hydrophobic interactions are formed
with the binding site. It remains to be ascertained whether
or not all ligands, or even larger molecules, will behave
similarly and become trapped in the same region of the 

ligand-binding domain. The investigation and under-
standing of the binding characteristics of molecules to a
promiscuous protein such as PXR could require the deter-
mination of the binding location for many ligands across
numerous structurally similar and diverse series of com-
pounds. This would facilitate more accurate computational
estimations of binding conformation and affinity by pre-
sumably highlighting subtle and drastic changes in ligand
structure and binding interactions.

Once again, computational pharmacophore approaches
were used in an early attempt to understand the key fea-
tures of PXR ligands. A model based on a small set of rea-
sonably diverse ligands defined key features responsible for
interaction with the PXR binding site [74]. The pharma-
cophore implicates at least four hydrophobic features and
one hydrogen bonding feature that could be avoided in 
future drug candidate molecules. Furthermore, the phar-
macophore was validated by positioning it in the human
PXR ligand-binding domain X-ray structure, and illus-
trated good predictions for 28 other PXR ligands in a test
set [74]. This pharmacophore alone might have difficulty
predicting all possible PXR ligands that can bind to such a
promiscuous receptor. Assessment of considerably more
molecules will enable the generation of predictive algo-
rithms for classifying molecules as binders with a higher
degree of accuracy. As a result of the complexity of PXR
binding, it will be difficult to determine whether or not a
small molecule will be a potent or less potent ligand in silico
using only rigid docking in the available crystal structures.
Docking systems that enable flexible docking of the ligand
and protein have been used for virtual HTS for therapeutic
targets [75] and could be applied to PXR, together with
more dynamic pharmacophore models [76].

Models for Phase II enzymes
Phase II metabolism, commonly termed conjugation reac-
tions, has been less widely pursued by research groups
compared with research on the Phase I enzymes (e.g. CYPs)
[77,78]. For example, the formation of sulfate conjugates
of endogenous and exogenous molecules occurs via the cy-
tosolic enzyme sulfotransferase superfamily, of which there
could be ten or more members in humans. SULT1A3 is a
sulfotransferase that is expressed in the intestine and is im-
portant for the sulfation of amine neurotransmitters, drugs
and other xenobiotics [78]. A QSAR model generated for
this enzyme identified that hydrogen bonding and hy-
drophobicity are important for substrate binding to the 
enzyme, which is consistent with information obtained 
from the crystal structure of the enzyme [79]. The recently 
described crystal structure for a second member of the sul-
fotransferases, SULT1A1, revealed that two molecules of 
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p-nitrophenol were bound in the substrate site [80]. This is
analogous to the CYP2C9 structure that has a second hy-
pothesized binding site [61] and might suggest that the 
simultaneous binding of multiple ligands in the enzyme is
not limited to the CYPs or P-gp [61].

Glucuronidation of small lipophilic molecules is an im-
portant metabolic process for the clearance of drugs, endo-
biotics and xenobiotics in all mammalian species [77]. The
uridine diphospho-glucuronosyltransferases (UGT) family
can be separated into at least two distinct sub-families by
sequence similarity. The UGT1 and UGT2 family of iso-
forms are known to be encoded by individual genes [81]. 
A recent study described the glucuronidation of simple 4-
substituted phenols by the recombinant human UGT1A6
and UGT1A9 isoenzymes. Subsequently, this data was used
to generate genetic function approximation computational
models for these isoenzymes with a range of molecular 
surface and atomic descriptors [82]. Furthermore, glu-
curonidation of 19 indolocarbazoles in human liver micro-
somes indicated that molecules with a diameter greater
than 14.5 Å measured perpendicular to the site of the phe-
nolic O-position are not glucuronidated [83]. Further stud-
ies with the recombinant enzyme suggested that UGT1A9
is responsible for catalyzing this glucuronidation [83].
Some encouraging studies have generated 2D-QSAR and
3D-QSAR pharmacophore models for human UGT1A1 [84]
and UGT1A4 substrates [85]. These models contained simi-
lar orientations of features, at least two hydrophobes and
one glucuronidation feature [84]. Because metabolism and
drug–drug interaction screening to date has focused on
CYPs, the substrate and inhibitor selectivity for Phase II en-
zymes will need to be studied in considerably more detail
to generate improved metabolic clearance predictions. At
present, there are few computational models for Phase II
enzymes, and most have been validated with small test
sets. The generation of larger quantities of in vitro data and
crystal structures for Phase II enzymes will aid further com-
putational model building, which is ultimately desirable.

Conclusions
All of the proteins described in this review have the ability
to bind to structurally diverse hydrophobic xenobiotics,
which makes the development of potent ligands for dis-
ease targets more difficult. Protein promiscuity is facili-
tated by multiple binding sites and/or a flexible dynamic
binding site, which in most cases seems essential for their
biological function (Figure 3). In the case of PXR, the re-
ceptor increases the levels of transporters and metaboliz-
ing enzymes to remove potentially toxic molecules from
the body. CYPs and Phase II enzymes need to be able to
metabolize and rapidly clear the large number of diverse

molecules we are exposed to in our diet and environment.
Similarly, P-gp recognizes and exports large and small hy-
drophobic molecules. By contrast, the promiscuity of hERG
is a double-edged sword because it can be blocked with 
diverse and relatively rigid hydrophobic drugs or toxins.
This is advantageous for the development of new classes 
of antiarrhythmics, but represents a severe hindrance for 
developing non-cardiac drugs that need to avoid hERG.

Clearly, the ultimate avoidance of undesirable interac-
tion requires validated computational models for proteins
besides the therapeutic target, which can then be used to
predict large virtual libraries before synthesis. To date, few
computational approaches have been attempted and there
is still a great deal of fundamental research to be carried
out for each of the proteins described to improve our mod-
eling predictions. Hence, we are just at the beginning of
the model building process for these proteins and are still
determining the trade-offs required for selecting those
molecules predicted to bind to targets versus non-targets in
silico. To empower earlier prospective screening in silico,
the understanding of protein affinity or promiscuity to-
wards xenobiotic ligands from protein sequence alone
would be highly desirable. However, this is complicated by
the flexibility of the proteins. Ultimately, we move closer
to computers improving the efficiency of the pharmaceuti-
cal industry by avoiding molecules that form undesirable
interactions with promiscuous proteins. However, this ad-
vance is not without an associated loss of interpretability
of the models as a result of the requirement for increasing
complexity in the algorithms used and considerable invest-
ment in more empirical data.
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