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QSPR in Oral Bioavailability: Specificity or Integrality?
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Abstract: During the last decade the technological advances in drug discovery changed the absorption, distribution,
metabolism, excretion and toxicity (ADMET) profiles of New Chemical Entities (NCEs). Among ADMET processes,
absorption plays an important role in the research and development of more effective orally administered drugs. Although
significant progress has been made in in vitro, in situ and in vivo experimental determinations of absorption, the
development of in silico methodologies has emerged as a cheaper and fast alternative to predict them. Even though several
in silico models have been described in the literature to predict oral bioavailability and related properties, the prediction
accuracy and their potential use is still limited. The low precision and high variability of data, the lack of a complete
experimental and theoretical validation of in silico approach, and above all, the multi-factorial nature of the oral
absorption term, make the development of predictive in silico models a thorny task. The present review discusses several
important advances regarding the QSPR approaches used in the development of predictive oral bioavailability models.
The importance of fixing the problem associated with data resource, as well as improving the reliability of in silico results
is highlighted. Optimization of individual properties along the absorption process must be integrated in a multi-objective

scenario for studying oral bioavailability behavior in the early drug discovery and development.

Keywords: ADMET, QSPR, oral bioavailability, oral absorption, intestinal permeability, drug solubility, CYP3A4 metabolism,

P-gp efflux.

INTRODUCTION

The process for a new chemical entity (NCEs) to become
a drug candidate and then reach the market usually involves
hundreds of millions of dollars of investment and more than
a decade of research. During this time there are many
different events, which can halt this development. One of the
main reasons that prevent a new candidate from becoming a
prescription drug is a poor pharmacokinetic profile. In the
90s, some studies showed that ADMET (Absorption,
Distribution, Metabolism, Excretion and Toxicity) problems
were responsible for 40% of drug failure, but this value
decreased substantially to 10% in 2000 [1-3].

On the other hand the use of combinatorial methods
during the last 20 years has brought about a vast number of
more lipophilic, less soluble and higher molecular weight
NCEs than conventional drug entities. These properties are
often translated into unfavorable absorption, leading to poor
and erratic bioavailability [4]. The early identification of
drug bioavailability can assist researchers not only to a better
selection of candidates for further development by rejecting
those with lower chance of success [5].
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Even with the advantages of traditional in vivo and in
vitro methods [6, 7], the experimental measurement of the
absorption properties is still expensive and time consuming.
In this context, some in vitro methods have been introduced
to predict in vivo behavior [8]. Nowadays, these in vitro
methods can no longer match the demand in throughput as
the number of compounds that can be generated has
increased dramatically [9] and alternative in silico tools
have emerged to predict ADMET properties [10, 11], even
before synthesis.

Several computational methods to predict oral absorption
have been developed. Most of them are focused on
quantitative structure-property relationship (QSPR) studies,
using different types of molecular descriptors and statistical
methodologies. Although the in silico approach has some
important advantages compared to the experimental
methodologies, the prediction of complex biological
properties such as bioavailability is a big challenge due to
multiple factors involved such as gastrointestinal transit,
chemical stability in the gastrointestinal tract, intestinal
permeability and first-pass effect of gut wall and liver
metabolism [12].

This review article will discuss QSPR approaches used in
the development of predictive oral drug bioavailability
models and related absorption properties, their advantages,
limitations and future challenges in the discovery and
development of drugs.

© 2012 Bentham Science Publishers
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1. GENERALITIES ABOUT ORAL BIOAVAILABI-
LITY

According to the Food and Drug Administration (FDA)
in the United States and the European Medicine Agency
(EMA) drug bioavailability is the rate and extent to which
the active substance or active moiety is absorbed from a

pharmaceutical form and becomes available at the site of

action [13, 14]. Based on the unfeasibility of measuring a
drug’s level at the site of action, the useful definition of
bioavailability is indeed based on plasma concentrations [4].

The bioavailability F of an orally administered dose is
comprised of the individual fractions that overcome the
various barriers encountered by the drug during its way
through the gut lumen and through the liver. Mathematically,
it can be expressed as a direct relationship, as in the
following equation:

F=F xF xF, (1)

where, Fa represents the intestinal absorption fraction, Fg
stands for the intestinal first-pass fraction ( Eg =1- Fg ), and

Fh is the hepatic extraction (£, =1-F, ).

The experimental approach to estimate oral
bioavailability in human volunteers or in animal models
involves the administration of the drug by the intravenous
route (iv) and the oral one. Plasma levels are measured at the
adequate sampling points and the area under the curve
(AUCQC) is calculated by the trapezoidal method for both
administrations. It can be demonstrated that AUC; (from

time zero to infinity) corresponds to:

. F*D
AUCT =~ ©)

where, D is the dose administered and ClI the drug clearance.
Taking into account that the availability of the drug from the
iv  administration is complete (100%), systemic
bioavailability (in extent) Fgy from the oral administration
can be calculated from the following expression,

AUC

oral

D ra.
Fo=auc, 7 ®)

Div

The basic assumption in this expression is that clearance
is the same for both administrations.

If the drug has a nonlinear profile, the clearance is not
constant and therefore F cannot be estimated using the above
equation.

In some other instances, intravenous administration is not

feasible for different reasons. In such cases, the relative

bioavailability is  calculated by comparing the

pharmaceutical form to another standard (i.e. oral solution):
AUC

F” — oral 4
rel AUC ( )

oralsolution( standard )
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As the concept of bioavailability includes not only extent
but also rate of access to the systemic circulation, parameters
to compare rate are needed. Regulatory bodies accept the
maximal plasma level C,,,, and the time at which this level
is reached tyax.

As can be inferred, the bioavailability studies depend on
drug blood sampling. Standard procedures are set up for
human volunteers and animal models of enough size and
weight as dogs, monkeys etc. In smaller animal models, as
rat or mice, it is usually necessary to permanently cannulate
the jugular or femoral vein or the use of other sampling
methods (retro-orbicular, tail, etc) with the consequent
limitations of the number of samples per animal. In this latter
case the use of the adequate mathematical procedures for the
AUC estimation are warranted [15] .

In summary, oral bioavailability is a complex property
that is influenced by many physicochemical and biological
factors (See Fig. 1). Although all these factors are known,
their interaction is not always completely clear and only few
of them have been used to predict bioavailability [16, 17]. In
this context, reasonably successful in silico models have
been developed for solubility, intestinal permeability, human
intestinal absorption (HIA) and first-pass effects (P-
glycoprotein, P-gp and Cytochrome P450, CYP). Some of
the most relevant results will be described in this review in
order to highlight their potential use in drug design and early
drug discovery.

2. ORAL ABSORPTION PREDICTION

Taking into consideration that the F value is the result of
complex biological mechanisms, the most reasonable
sequence in oral bioavailability studies should be: (1)
assessment of the physical diffusion and active transport
through the membrane followed by (2) prediction of
subsequent intestinal and hepatic phase-I metabolism. The
first step is related to physical-chemical properties of the
drug (stability, pKa, molecular size and solubility), the type
of transport across the intestinal membrane (passive or active
uptake) and efflux of compounds across the cell membrane
(e.g. P-gp and multidrug resistance associated proteins,
MRPs). The second step is concerned with the determination
of intestinal and hepatic metabolism mainly produced by
enzymes of the sub-family of CYP [18], with the CYP3A4
enzyme being the major determinant of oral bioavailability
[19,20].

One of the main challenges for oral drug administration
is to achieve a maximum absorption through the intestinal
tract with low intestinal first-pass metabolism. The intestinal
absorption fraction of a drug (Fa) depends basically on its
solubility and gastrointestinal permeability. Both properties
integrate the scientific framework of the Biopharmaceutical
Classification System (BCS) [21, 22].

In drug discovery, therefore, it would be highly desirable
to be able to separate and quantify distinctly luminal events
from systemic ones and permeability issues from first-pass
effects, for individual compounds under investigation [23].
Almost all reported studies have dealt with the problem of
using different computational approaches for prediction of
individual properties such as solubility, intestinal
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Fig. (1). Schematic representation of oral delivery process of drugs to systemic circulation, which displayed the three pharmacokinetic
processes (dissolution, permeation though intestinal membrane and first-pass effects herein are efflux and human liver biotransformation) of
drug via oral absorption. Also this schematic depicted the three main factors defined oral bioavailability (Fa, Fg and Fh) as well as the

general relationship provided by the Fick’s law (See Eq. 1).

permeability, human intestinal absorption and the first-pass
metabolism effects. A summary of the main QSPR models
for these individual properties, their advantages and
limitations in the prediction of oral bioavailability will be
discussed below.

2.1. SOLUBILITY

The solubility of any compound can be defined as the
amount of substance that has passed into solution when the
equilibrium between the solution and the excess of
undissolved substance at a given temperature and pressure is
attained. Taking into consideration that compounds with
similar values of aqueous solubility could be administered at
very different doses, a dimensionless parameter called Dose
Number (Dy) is used to classify drug solubility [24]. This
parameter is defined as the ratio of drug concentration in the
administered volume to its saturation solubility in water.

Ideally, any computational model to predict the effect of
solubility on absorption should be based on the concept of
Dy to better characterize the drug solubility. However, few
works have studied this parameter quite deeply. Many in
silico models were developed to predict solubility of non
drug-like molecules, considering intrinsic solubility as
experimental data. Although these datasets were comprised
of molecules with limited structural complexity with respect
to functional groups and ring systems, the computational
models obtained have adequate accuracy and predictive
capacity [25]. Nevertheless, these models have little
applicability to drug solubility due to the unknown or high

experimental error, the lack of structural diversity, the non-
consideration of salt and/or common ion issues, the crystal
packing effects and the poor pharmaceutical relevance or
inadequate range of solubility [26]. On the contrary, several
authors obtained models with high level of performance and
prediction using various small drug-like datasets [27-29].

In order to avoid the limited structural diversity of some
databases, Delaney [30], Votano ef al. [31] and Wang et al.
[32] developed good statistical models using large datasets
(> 2500 compounds) but their predictive capacity should be
consistently evaluated with large external sets. Recently,
Johnson et al. [33] published a QSPR model for the
prediction of aqueous solubility that includes -crystal
packing, intrinsic solubility, and specific ionization effects.
This approach suggested a novel method able to address the
issues related to solubility prediction.

Although many efforts have been made to develop good
computational models for solubility prediction of drug-like
molecules, the current methods have small datasets and a
limited predictive applicability compared with non drug-like
molecule models. Beyond these differences, we consider that
both types of models are necessary during the drug discovery
process because of the significant impact of solubility on the
drug uptake, transport and eventually bioavailability. Models
for solubility prediction of non drug-like molecules could be
used during the stage of hit identification while models for
drug-like molecules would be wused during the lead
optimization process.
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Table 1.  Different in silico Models to Predict Solubility
Reference | Modeling Descriptors Dataset Performance of the Best Model
Methods
Huuskonen ANN? Atom-type E-state, topological N =1297 le;n;ng:‘M%
et al.[97] Q%es=88%
Niexse=21 QExternat so=91%
McElroy MLR® Topological, geometrics, electronic and hybrid Nirttes=399 Qraining=90%
and Jurs ANN descriptors Qres=88%
(98]
QExlcma] «=33%
Tetko et ANN Molecular weight, atom-type E-state Nirtes=1291 Q raining=94%
al.[99] Qre=91%
Nextser=21 QExlcma] «=90%
Liu and So ANN Hydrophilicity, molecular weight and topological Nirres=1312 Qraining=93%
[100] Qre=93%
Nextser=21 QExlcma] ««=89%
Livingstone MLR Electrotopological descriptors Nirt1es=688 Q raining=90%
etal [101] ANN Qualidation=92%
CCA® QTcal «=84%
Nextsetr=19 QExlcma] st 1=91%
Nextser=21 QExlcma] st 2=86%
Cheng et GAYMLR Topological, geometrics and electronic Nirres=321 Qraining=95%
al. [102] Qre84%
Gao et al. GA/MLR MOE descriptors Nirses=1179 Qraining=91%
[103] Qre=91%
Engkvist ANN Topological and constitutional descriptors Nirtes=3351 Qraining=91%
and Wrede Qres=89%
[104]
Nextse=307 QExlcma] «=86%
Yan and ANN Topological descriptors Nirtes=1293 Q raining=92%
Gasteiger Qree=94%
[105]
Yan and ANN 3D descriptors Nirtes=1293 Q raining=93%
Gasteiger Qre=92%
[106]
Chengand | GA/MLR Constitutional, lipophilicity, topological, atom- Nirttes=775 Q raining=84%
Merz [107] type E-state and Jurs’s charged partial surface
area parameters
Butina and PLS® Molecular properties, lipophilicity Nirtes=3328 Qraining=80%
Gola [108] Cubist Qre=T4%
method
Nextser=11 QExlcma] ««=89%
Manallack ANN 3D BCUT descriptors Nirtes=788 Qraining=87.18%
etal.[109]
Schaper et MLR HYBOT descriptors Nirtes=787 Qraining=94%
al. [110] Qre=92%




538 Mini-Reviews in Medicinal Chemistry, 2012, Vol. 12, No. 6

(Table 1). Contd.....

Cabrera-Pérez et al.

[113] physicochemical descriptors

Reference | Modeling Descriptors Dataset Performance of the Best Model
Methods
Wegner ANN Topological descriptors, Nirtes=1269 Q raining=94%
and Zell electronic descriptors Qres=82%
[111]
Votano et MLR Constitutional descriptors, Nirtes=3343 Q raining=88%
al. [31] ANN topological descriptors Qres=77%
Delaney MLR Physicochemical descriptors Nirres=2874 Qraining=72%
(30]
Nextser=21 QExlcrna] «=85%
Hou et al. MLR Atom types Nirtes=1290 Q raining=96%
[112]
Nextset =21 QTm 1=94%
Wang et al. PLS 3D Sybyl 7.0 descriptors, N =1708 Q” Asms moae=87.2%

Q’asmis-Locr=88.6%

Huuskonen MLR Physicochemical descriptors

Nio=191 (drug- QTraining:87%

physicochemical descriptors

etal. [29] like compounds) Qb st 1=80%
Qexternal set 27=88%

Wang et al. MLR Atom Type Count, Niu=3664 Q rswnrtoar=83.2%

321 3D Surface Area (SAS), Q rsmarc woa=82.1%

Q% asmsasLoar=82.7%
Qaswsas=81.8%

“Artificial neural network; "multiple linear regression; ‘canonical correlation analysis; ‘genetic algorithm; °partial least square; ‘number of compounds used for

training and test set; "number of compounds used for external set;

total number of compound used in study; “overall accuracy of correlation or classification

of training set and/or test set; *accuracy of prediction of external set; ““accuracy of aqueous solubility model based on specified descriptors such as atom type

counts, ClogP and solvent accessible surface areas.

2.2. PERMEABILITY

Effective permeability (Peff) is one of the parameters
used to measure rate and extent of intestinal absorption (Fa).
It is commonly reported as an apparent permeability
coefficient (Papp or Pm) using different cell culture models
and is usually reported in cm/s. The most commonly used
model is the Caco-2 cell which is a human colon carcinoma
cell line [34]. It is generally accepted that good permeability
through Caco-2 monolayers is a reliable index of good in
vivo absorption [35, 36], unless dissolution is a problem.
This in vitro model has been recommended by the US FDA
for determination of permeability of compounds to be
classified according to the BCS [37]. Nevertheless, one of
the main problems of this in vitro assay is the considerable
inter- and intra-laboratory variability [38, 39] which makes it
difficult to combine Caco-2 permeability data from different
sources to form one large dataset [40]. Several QSPR models
to predict Caco-2 permeability have been published
elsewhere (See Table 2).

As can be seen in Table 2, different statistical
methodologies and datasets have been used to develop
computational models of Caco-2 permeability. Although
very good regression models have been obtained, we
consider that the classification model is the best option
taking into account the great variability in the experimental
determination of Caco-2 permeability. A good strategy for

the future development of wuseful in silico Caco-2
permeability models is to carry out classification approaches
using the permeability ranges of compounds with high
intestinal absorption such as Metoprolol (Fa = 95; Papp >
20x10°° cm/s). A possible classification scheme would be:
Low permeability: Papp < 2x10° cm/s; Moderate
permeability: 2x10° < Papp < 20x10°° cm/s and High
permeability: Papp > 20x10° cm/s [41, 42]. On the other
hand, the potential of these in silico models in the prediction
of human intestinal permeability and their application along
with in silico solubility models is a relevant option to select
drug candidates with good oral absorption during the early
drug discovery.

The BCS is a scientific framework to understand drug
absorption in terms of in vitro aqueous solubility and
intestinal permeability [43]. However, as was previously
discussed, there has been a considerable research over the
last decade on in silico methods for prediction either
solubility or intestinal permeability separately. In this
context, computational classification models to predict the
BCS/BDDCS  (Biopharmaceutical Drug  Disposition
Classification System) class from molecular structure
without running expensive and time-consuming in vitro and
in vivo permeability studies are outstanding [44-47]. Even
though the results obtained to predict absorption are
adequate, in our opinion in the future each class of the
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Table 2. Different in Silico Models to Predict Caco-2 Permeability
Reference Statistical Descriptors Database Performance of the Best
Method Model
Fujiwara et al. [114] MLR® and ANN® Dipole moment, polarizability and atoms of N, O, Nipw= 129 Q' rraining=58%
and H
Yamashita et al. [115] GA*-PLS* Molconn-Z descriptors Niow=73 Qrraining= 89%
Q' (LOO) =83%
Hou et al. [116] MLR Simple molecular properties N, =77 Qraining= 82%
N o= 23 Qres=78%
Marrero et al.[117] LDA® Atom-based quadratic indices N.=134 Qraining=90.3%
Nees= 12 Qres=83.3%
Refsgaard et Nearest- mLogPa, MWb, HDc, HAd, 380 (Class 0) Q4C]a,,g =75.5%
al.[118] Neighbor ROTe, cLogPf, VOLg, 332 (Class 1) Q’Class1 = 88.5%
Classification SURFh, PSAi NY =112 Q% External se=84.6%
Guangli and Yiyu SVM* Chemistry Development Kit N =77 Qraining=88%
[119] (CDK) descriptors Niw=23 Qres=85%
Di Fenza et al. [120] GA-ANN Volsurf descriptors Ni= 106 Qraining1=72%
Niest1 = 50 Qcvi (LOO)=40%
Neuo= 101 Qraining2=75%
Neest2= 50 Q.2 (LOO)=61%
Castillo-Garit, et al. LDA Atom-based non-stochastic N=138 Q raining= 90.6%
[121] MLR Linear Indices Newe = 19 Qres= 84.2%
Ny =77 Q raining= 85%
Neest =23 Qres=71%
Paixao et al. [122] ANN ALOGPS 2.1 program N =192 Qraining= 84%
and e-DRAGON 1.0 descriptors Niest = 59 Qres= 70%
Next-set =45 Qexeernat se=77%
Pham The et al. [42] LDA DRAGON Version 5.4 descriptors N, =537 Qraining= 81.6%
Niest =137 Qres=83.9%
Next-see= 10 Qexternat se=80.0%

“Multiple linear regression; "artificial neural network; ‘genetic algorithm; *partial least square; “linear discriminant analysis; ‘support vector machine; ‘total number of compound used

i,

in study; "Number of compounds used for training set;

; B -
number of compounds used for test set; “number of compounds used for external set; “overall accuracy of correlation or

classification of training set and/or test set; *accuracy of leave one out cross-validation; “*accuracy of prediction of classification models for class 0 and class 1; ‘accuracy of

prediction of external set.

BCS/BDDCS could be better predicted by means of in silico
models with information of permeability, solubility, P-gp
efflux and metabolism, in order to provide useful additional
insight into bioavailability properties of drugs.

2.3. Human Intestinal Absorption

The first to attain a high oral bioavailability is to achieve
a good oral absorption [48]. The human intestinal absorption
(HIA, % oral absorption) is an in vivo measure defined as the
% dose of orally administered drug to reach the hepatic
portal vein [49]. It can also be determined as the % of
urinary excretion of drug-related material following oral
administration, or the ratio of the total mass absorbed
divided by the drug dose (% fractional absorption, Fa). Oral

absorption takes into consideration metabolism that occurs in
the gut wall, but not first-pass metabolism in the liver.

Considering the important role of HIA, the development of
QSPR models can be very useful to speed up the design of
new compounds with appropriate HIA profiles, and
consequently to reduce time and cost in drug discovery and
developmental processes. This issue has been addressed by
many authors that reported predictive models for HIA based
on different molecular descriptors and statistical methods (See
Table 3).

Analysis of Table 3 shows that, similar to permeability
equations, the classification models show better results in the
prediction of HIA than numerical ones. Even though large
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Table 3. Different in Silico Models to Predict Human Intestinal Absorption
Reference Statistical Method Descriptors Database Performance of the Best
Model
Zhao et al. [123] MLR? Abraham descriptors N'.= 31 leining =85%
N =138 Qlev="78%
Klopman et MLR Substructural molecular descriptors N=417 Q raining = 79%
al[124] Niow= 50 Qrew = 79%
Cabrera-Pérez et LDA® TOPS-MODE descriptors Ny= 82 89 % of good classification
al.[125] Nies= 127 93 % of good classification
Deconinck et al. Classification and regression DRAGON descriptors Ny=141 Q*veran = 77.8%-88.9%
[126] trees (CART) Nuw=27
Liu et al.[127] Heurist method (HM) and SVM* CODESSA descriptors Ny=113 Q raining = 78% (HM)
Nies=56 Qtraining = 86% (SVM)
Qrest = 70% (HM)
Qrest = 73% (SVM)
Hou[128] - Physicochemical and topological descriptors N.= 480 Q raining = 97.8% (HIA-)
Niest = 98 QTraining: 94.5% (HIA+)
Qrest = 100% (HIA-)
Qrest = 97.8% HIA+
Gunturi et k-Nearest neighbors (kNN) Structural, physico-chemical, geometrical and N es=126/49 Qo= 80%
al.[129] method along with genetic topological descriptors Niries=117/58 Qex= 70%
algorithms (kKNN-QSAR-GA) Noe=117/58 Qo= T71%
Nirres=49/126 Qex= 70%
Hou et al.[48] GFA and the multivariate TPSA,MW, Nrot, NHBD, NHBA, log P, log Ny =455 Q raining = 84%
adaptive regression splines D, log S, MV, MR‘, Nrule-of-5, etc. (W), and Niw = 98 Qrest = 90%
(MARS) Zagreb index (Zagreb). . .
N,=481 96% of good classification
Recursive partitioning (RP)
Niest = 98 96.9% of good
classification
Iyer et al.[130] GA-MLR; MLR MI-QSAR descriptors N.=106 Qraining = 82%
Niest =21 Test = 710%
Yan et al. [131] PLSYand SVM ADRIANA code, Cerius index N =380 Qraining= 72-81%
Niest =172 Qrest = 83-89%
Reynolds et ADME boxes or algorithm logPo/w, NHD, Vx, ion fractions (pKa Nu=567 Q raining = 93%
al.[132] builder descriptors function) Nles=25 Qrestt = 72%
N2 =22 Qres2 = 84%

“Multiple linear regression; "linear discriminant analysis; ‘support vector machine; ‘partial least square; ‘Number of compounds used for training set; ‘number of compounds used for
test set; "'number of compounds used for training/test set; '“overall accuracy of correlation or classification of training set and/or test set; *accuracy of prediction of model cross-
validation; ‘overall accuracy of classification models for training and test set; *accuracy of prediction of external set.

datasets have been used, almost all of them are usually
collected from drugs or drug candidates in clinical trials.
These datasets may show significant variability from one
source to another and often are heavily biased towards
compounds with high intestinal absorption values because
most of the compounds reported are commercially available
drugs [48]. This fact will influence the predictive capacity of
the in silico models and better predictions will be obtained
for compounds with high intestinal absorption values
compared to the rest of the dataset.

Another problem is the model capacity to predict the
intestinal absorption of compounds with active transport
since most of the models were obtained under assumption
that compounds of dataset followed a passive absorption
transport [25].

Basically, all descriptors used in QSAR/QSPR analysis
can be employed in the prediction of intestinal absorption.
However, those molecular descriptors related with
physicochemical properties are most relevant and their use
will allow to gain some insight into factors that are likely to
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govern the absorption of drugs and to understand which
interactions play an important role during the absorption
process.

As oral drug absorption is particularly complex, some
researchers have focused their attention in developing rule
of-thumb alerts and classification systems to easily identify
potential absorption problems. The most cited of these alerts
is the ‘rule of five’ proposed by Lipinski and co-workers,
that has come to be a compass for the drug discovery
industry [50]. These authors, after analyzing the
physicochemical profiles of 2245 orally active drugs from
the World Drug Index (WDI) [51], concluded that poor
absorption or permeation is more likely when two of the
following conditions are fulfilled: molecular weight (MW) >
500; H-bond acceptors (HBA) n > 10; H-bond donors (HBD)
n > 5 and calculated log P (ClogP) > 5. A modification of
this rule was proposed by Congreve et al. [52], which
assumed other cutoffs for physicochemical properties [MW
<300, HBA < 3, HBD < 3, ClogP < 3, number of rotatable
bonds (RTB) < 3, polar surface area PSA < 60] to design
fragment libraries for fragment - based lead generation.

After the ‘rule of five’, many attempts were made to
generate  rules-of-thumb to identify  well-absorbed
candidates. Veber ef al. proposed a set of rules based on rat
oral bioavailability data which states that either (i) PSA
<140A* and number of rotatable bond <10 or (ii) sum of H-
bond donors and acceptors < 12 and number of rotatable
bond count <10 are efficient and selective criteria to discover
orally available drugs of high molecular weight [53]. Similar
results were confirmed by Lu ef al. when studied a dataset of
434 molecules with values of oral bioavailability in rats [54].
In 2007, Hou et al. examined Veber’s rule on a dataset of
773 compounds and demonstrated that these simple rules
based on rat oral bioavailability data can not be used to
predict adequately human oral bioavailability [55].

On the other hand, the rules of thumb like “rule of five”
should be used with care to avoid the possible exclusion of
promising compounds [51]. Recently, Giménez et al.
evaluated around 60 blockbuster drugs (promising marketing
drugs) and demonstrated that about 89% of successful drugs
were out of the thresholds of the “rule of five” [56]. Other
results confirm this statement, for example a study of 1204
US FDA approved small-molecule drugs revealed that only
885 drugs (73%) passed the “rule of five” and 70% of them
(619 drugs) are used orally [57]; the 68.7% of the
compounds in ACDSD (ACD Screening Database, 2.4
million compounds) and 55% of the compounds in ACD
(240 thousand compounds) have no violation of the rule of
five [58]. This figures point out that “rule of five” only
provides a basic orientation about the possibilities of a
molecule to be drug-like.

3. INTESTINAL AND HEPATIC PHASE-1 META-
BOLISM PREDICTION

Oral bioavailability involves complex biological
mechanisms that may reduce the fraction absorbed, i.e.
efflux and/or first-pass metabolism. It is well known that
both CYP3A isoenzymes and efflux proteins such as
ABCBI1/ P-gp are major determinants of oral bioavailability
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[19, 20]. The structural identification of CYPs and P-gp
substrates, inhibitors or inducer agents has become an
attractive field of QSPR application to improve the
predictability on drug’s bioavailability. Many authors have
suggested that CYP3A4 and P-gp act in a coordinated
manner. This theory is based on their location in the small
intestine enterocytes and the overlapping in their specificities
for substrates. Nevertheless, no correlation between the
tissue levels of CYP3A and P-gp has been found in human
enterocytes [59] and the same occurs if the concentration of
CYP3A in the intestine is compared with the enzyme levels
in the liver [60].

In the following section we will focus in some important
approaches to QSPR modeling of intestinal and hepatic first-
pass effects and the main achievements and limits of existing
strategies.

3.1. Cytochrome P450 (CYP) 3A4

CYP are the main enzymes involved in the
biotransformation of drugs and other xenobiotics. They
comprise a superfamily of hemeproteins that is subdivided
into 18 families and 43 subfamilies. However, only three
main P-450 gene families, CYP1, CYP2, and CYP3 are
thought to be responsible for drug metabolism. Among these,
CYP3A (CYP3A4 and 3A5) and CYP2C (CYP2CS, 2C9,
2C18 and 2Cl19) are the most abundant subfamilies,
accounting for 30% and 20% of total CYP, respectively [61].
In adults, CYP3A4 is the dominant CYP3A isoform in the
human small intestine and liver, which is present in more
than 60% of the total CYP of the liver and often more than
70% of the enterocyte [62]. Although CYP3A4 preferentially
catalyzes the oxidation of lipophilic neutral or basic
compounds, its hydrophobic active site is capable of
accommodating a wide range of structures, from simple and
rigid steroids to macromolecules [63]. CYP3A4 is involved
in the metabolism of approximately half of the drugs which
are used nowadays [61]. Thus CYP3A4 inhibition should be
well attractive for oral drug bioavailability enhancement,
especially for carcinogens (cancer chemoprevention
strategy). However, some drawbacks such as the variations
in the catalytic activity and the limited experimental data
restrict the general applicability of QSPR models.

Different computational methodologies such as three-
dimensional quantitative structure-metabolism relationships
(3D-QSMRs) [64-67], mechanistic models [68, 69] and
MetaSite [70] have been used to model CYP3A4, being the
QSPR model for 3A4 one of the better choice. Some of the
more relevant models to classify CYP3A4 substrates and/or
inhibitors are depicted in Table 4.

QSPR models for predicting the site of compound
metabolism have undergone significant advances during the
past years [71, 72] (See Table 4). Three main issues (data,
model and prediction) arise with the development and
prediction of metabolism by QSPR models.

For the first issue the main problems are related with data
reproducibility due to the limited size of datasets and
different threshold inputs in the kinetic parameters such as
IC50, Vinax» Kmax and intrinsic clearance (Cli,;) which makes it
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Table4. In-Silico Models for CYP3A4-Mediated Drug Metabolism Prediction
Authors Methods Descriptors Dataset Overall Metabolized
Accuracy Agents
Molnar and ANN* 2D descriptors Genetest 90% Inhibitors
Keserii [133] database
Ekins et al.[134] RP" (tree) 2500 Chemtree atom descriptors 1756 82% Inhibitors
Korolev et al. Kohonen self-organizing 26 physicochemical descriptors 2200 76.7% Substrates
[135] maps (SOM) 62.7% Products
Merkwirth et Ensemble - 410 88% Low inhibitors
al.[136] k-NN°, SVMY, and ridge High inhibitors
regression
Balakin et al.[137] ANN Physicochemical descriptors, sum of the 491 91% High K',,
squares of vertex valencies 97% Low K.,
Yap and Consensus SVM Dragon descriptors 609 96% Inhibitors
Chen[138] 95% Substrates
Kriegl et al.[139] SVM classification 2-D descriptors 1345 76% strong inhibitors
VolSurf descriptors 67% medium
AMI1 quantum indices 77% inhibitors
. weak inhibitors
SVM regression 51%
Yap et al.[140] SVM Dragon descriptors - 94.6% Inhibitors
LR® 87.8% Substrates
LDA' 48.6%
PLS® 90.5%
C4.5DT" 87.8%
k-NN 98.6%
P-NN' 87.8%
Jones et al.[141] Pharmacophore method* Lipophilicity, molecular Weight 54 - Substrates
RP (trec) 75-95% Unknown-
substrates
LR 92%
Regression tree <65%
LMR* <40%
Terfloth ef al. LR decision tree Molecular properties, 379 90% Substrates
142 . .
[142] SVM topological descriptors 233 external 83%
set
Feher and Ewing PLS Physicochemical descriptors, fraction 4224 80-85% Inhibitors
(73] positive and negative ionization at pH 7.4

*Artificial neural network; "recursive-partitioning (tree); *k-nearest neighbor; “support vector machine; “logistic regression; ‘linear discriminant analysis; ®partial
least square; "C4.5 algorithm and multivariate decision trees; 'polynomial neural network; “multiple linear regression; 'Michaelis-Menten constant;

*pharmacophore method capable to predict metabolic intermediate complex (MIC) formation with CYP3A4 (+b5).

difficult to compare different models and impossible to
combine datasets [73].

Concerning the model issue, it is important to remark that
drug metabolism is an extremely complex pharmacokinetic
process being very difficult to obtain accurate modeling of

the drug-metabolic enzyme interactions. Not one modeling
technique is consistently better than the others; for this
reason, the use of combined models could improve the
metabolism prediction (see Table 4). Some output
combinations of QSPR models with pharmacophore-based
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TableS. In Silico Models for P-gp Substrate/Inhibitor Prediction
Authors Methods Descriptors Number of Overall Accuracy Interaction
Compounds
Bain et al.[ 143] Classification Number of rings, molecular N'=44 Q= 82% Substrates
weight (MW), logP, hydrogen- 2 o .
bond (H-Bond) Q= 72% Inhibitors
QNon-in=89% Non-interaction
Osterberg and PLS* MolSurf descriptors N=22 Q*verai= 51% Substrates
Norinder [144]
Bakken and Jurs GA"/LDA® Topological, N =609 Qovera=83-92% Inhibitors
[145] geometric,
polar surface,
Dearden et al. MLR* ClogP, topological, H-bond N=22 Qoverali=74.2% Substrates
[146]
Osterberg and PLS LogP, MW, molar refraction, N=29 Qoverai=62.7-70.6% Substrates
Norinder [147] molar volume, parachor,
polarizability, density
Ekins et al. pharmacophore model Catalyst version 4.5 index Nige=27 Qj,m: 77% Inhibitors
[148]
Nser=21 Qser= 88%
Nses=17 Qsers= 86%
Nsew=18 Qsers= 76%
Onishi et al. MLR Fragment codes N=41 Qoverat= 95.2%-95.4% Substrates
[149]
Wang et al. MLR 2D descriptors Nsea=22 Qset1=86.3% Inhibitors
[150] 3D descriptors Nsex=16 Que=74.2% Substrates
Nses=11 Qsets=73.6%
Xue et al.[ 82] SVM* Simple molecular N =201 Qsus— 81.2% Substrates
properties, molecular connectivity Q xon5u6=79.2% Non-substrates
and shape, electrotopological
state, quantum
chemical properties, geometrical
Gombar et al. LDA MW, H-bond, lipophilicity, N=153 Qoverai=86.2% Substrates
[81] electrotopological, molecular (95/58)
bulk, molar
refraction
Wang et al. Kohonen self-organizing Molecular connectivity, N=206 Qinn=80.8% Inhibitors
[151] maps (SOM) electrotopological state, H-bond
Qsuws=83.3% Substrates
Cianchetta et al. PLS/ Physicochemical-based N=129 Qoveral=74% Substrates
[152] pharmacophore model descriptors
Lima et al. [85] k-NN', decision tree, Molecular connectivity, atom pair, N=195 Q=88-94% Substrates
binary QSAR, VolSurf descriptors, molecular ng,[ZSI%
and SVM operation environment
Authors Methods Descriptors Number of Opverall accuracy Interaction

compounds
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Authors Methods Descriptors Number of Overall Accuracy Interaction
Compounds
Crivori et al. PLSD® VolSurf descriptors N =53 Qu=88.7% Inhibitors
153 .
[153] N, =272 Qus=72% Substrates
Cabrera et al.| LDA TOPS-MODE topological N=163 Qoveral=80.9% Substrates
83] descriptors . )
N'ex= 40 Q xi=171.5%
Huang et al. MLR Dragon descriptors (0D-3D) N=203 Qoveral=95.5% Substrates
84
(84] SVM Nex= 40 Qu=93%
Sheu et al. [154] MLR Physicochemical-based N=122 Correlation: Enhanced
descriptors R2=0.48
R’=0.68 Low inhibitory
R?=0.59 High inhibitory
Estrada et al.| - TOPS-MODE topological - Statistically significant Substrates
155] descriptors Nexe= 177 Quxi=81.8%

“Partial least square; "genetic algorithm; ‘linear discriminant analysis; *multiple linear regression; ‘support vector machine; 'k-nearest neighbor; ®partial least squares discriminant

i,

analysis; 'overall training and test set to model building; "different sets of compounds belonging to the same structural family or metabolism action; "number of compounds used for

training set; “'number of compounds used for test set; ‘number of compounds used for external test set;

!3Saccuracy of classification model for substrates, inhibitor and non-interaction

compounds or non-substrates; *"“overall accuracy of correlation or classification of training set and/or test set and external set; *accuracy of local model for a specified group of

compounds.

approaches or docking methods might give the best overall
models assisting in the design of new drugs [73, 74].

Finally, the prediction issue considers that the accuracy
of model prediction must be experimentally validated.
Therefore, suitable methods and species should be selected
with precautions. Models based on data from a specific
species cannot be evaluated through experiments on other
species due to the lack of correlation. As a primary cause of
the data deviations, Iwatsubo ef al suggested that
interindividual variability of in vitro values should be
corrected by using a scaling factor estimated from the
metabolism of typical substrates [75].

3.2. P-Glycoprotein (P-gp)

P-gp is an ATP-dependent efflux transporter that affects
the absorption, distribution and excretion of some clinically
important drugs [76]. Because of the broad impact of this
drug efflux transporter on in vivo disposition and
pharmacokinetics, the identification of compounds that are
P-gp substrates can help with the selection and the
optimization of new drug candidates in the early stage of
drug development [77]. Several “in silico” approaches have
been developed to classify compounds as P-gp substrates
[78-85]. However, no single QSPR or pharmacophore model
can describe the spatial arrangement of structural features
responsible for substrate and inhibitor affinity [78, 86].

As can be seen in Table 5, most of the current works are
based on relative small databases and their performances still
need to be improved. Similar to QSPR models of CYP3A4,
the P-gp predictions have been developed without
considering their relationship with oral bioavailability, which
limit their applicability during the drug discovery process. A

good strategy to get insight of the role of P-gp on drug
bioavailability could be to develop in silico models of P-gp
substrates combined with computational models of solubility
and permeability.

On the other hand, rule-based approaches should receive
significant attention because a filter prior to screening a large
dataset is needed. Considering the active efflux alone,
Didziapetris et al. used a set of 220 compounds and
proposed the “rule of four” [87], which states that
compounds are likely to be efflux substrates if they have a
hydrogen bond acceptor count (sum of N and O atoms) > 8§,
MW > 400 and an acid group with pKa > 4. Conversely,
compounds are likely to be non-substrates if they have an
acceptor count < 4, MW < 400 and a base witpKa < 8.
Gleeson reported that neutral or basic molecules showing a
MW > 400 and a logP > 4 are more likely to be transported
by P-gp than acidic or zwitterionic compounds [88].

4. ORAL BIOAVAILABILITY PREDICTION

During the last ten years, different computational models
to predict oral bioavailability have been reported (See Table
6). These predictions are much more difficult than those for
intestinal  absorption or permeability because oral
bioavailability primarily depends on a superposition of
intestinal absorption and first-pass metabolism. On the other
hand, the previous discussed QSPR models for individual
properties related to oral bioavailability such as solubility,
intestinal permeability, human intestinal absorption and
substrates of P-gp and/or CYP3A4 are not able to explain the
multi-factorial nature of oral bioavailability. At this point an
important question arise: Is it better to use specific or
integral QSPR methodologies for the prediction of oral
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Table 6. Different in Silico Models to Predict Oral Bioavailability
Reference Statistical Method Descriptors Database Performance of the
Best Model
Andrews [94] MLR?* 85 fragment N'=591 lein;ng: 0.71
Q’cv (LOO)=0.63
Qv (LGO)=0.58
(80/20)
Yoshida [156] ORMUCS" method LogD6.5, (logD6.5)*, AlogD, and Nii,=232 Qtraining= 71%
15 fragment N¥oi= 40 Qcv (LOO)=67%
Ques= 60%
Turner [157] MLR Physicochemical properties, topological, constitutional, Ne= 159 Quraining= 0.35
geometrical and quantum chemical descriptors Niee= 10 Qcv (LOO)=0.25
Q= 0.72
Pintore [91] Adaptive fuzzy Ten molecular descriptors N = Qtraningi= 82%
partitioning 272 Quatiationt = 75%
hees Quewa= 40%
eraningZZ 70%
Quatidation2 = 68%
Quesz= 64%
Turner [92] ANN°® Physicochemical properties, topological, constitutional, N=167 Qtraining=0.74
geometrical and quantum chemical descriptors Quatication = 0.90
Ques= 0.68
Wang [58] GAd-QSPR Multiple molecular descriptors N=577 Qtraining= 0.55
Qcv(LGO)=0.42
(90/10)
Hou [55] MLR Molecular properties N=678 No good rules for
predicting
oral bioavailability
Moda et al. [93] HQSPR (hologram) Multiple molecular descriptors Ne=250 Qtraining= 0.93
Nies=52 QCV =0.70
Ques= 0.85
Chang-Ying et GA-CG*-SVM' Multiple molecular descriptors Ne=690 Qtraining= 0.80
al. [90] Niew=T76 Qun=0.86

*Multiple linear regression; *ordered multicategorical classification method using the simplex technique; ‘artificial neural network; “genetic algorithm; “conjugate gradient; ‘support

i,

vector machine; i,ii 'overall of training and test set to model building;

L ; 2
number of compounds used for training set; “number of compounds used for test set; “overall accuracy of

correlation or classification of training set and/or test set; **accuracy of leave-one-out cross-validation or leave-group-out cross validation.

bioavailability? Finding a clear answer to this question is
still a challenge!

From these models one can see the difficulty encountered
when establishing a relationship between oral bioavailability
and simple molecular descriptors. Some authors have tried to
improve  the  bioavailability = prediction including
experimental absorption data such as HIA as a descriptor of
the bioavailability model [89]. This strategy has been carried
out to skip all the initial factors related to drug dissolution
and absorption processes. However, the same authors have
pointed out that experimental HIA values are still difficult to
obtain, being available for only a limited set of compounds.
In this situation, the use of HIA values predicted by a
computational model is mandatory. Other authors suggest

using nonlinear learning method to overcome the problem of
bioavailability prediction [90].

Although relatively large datasets have been used to
develop in silico models of human oral bioavailability, the
results achieved are not really good. In some models the
predictive capacity is questionable due to the low correlation
of the cross-validation and in others the kind of descriptor
limits the interpretation of bioavailability.

5. PERSPECTIVES AND CONCLUSIONS

The prediction of ADME properties has always been
challenge for drug design researchers. During the last decade
many attempts have been made to explore the quantitative
and/or  qualitative  relationship of  structure-oral
bioavailability and different predictive results have been
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achieved [53-55, 58, 89, 91-93]. Nowadays there is an
ongoing discussion regarding the generation of new in silico
models to predict oral human bioavailability or to refine the
reported models including information related to absorption
and metabolic processes.

Several factors are involved in the poor computational
prediction of oral bioavailability and most of them are
related to the experimental dataset, the molecular descriptors
or the statistical methodology used to obtain the models.
Concerning datasets, the main problem is their small size and
the lack of extensive and reliable experimental data. In the
first case, the models have a limited predictive capacity due
to the poor structural variability of compounds in the training
sets while the second one points out the need to develop
reliable and reproducible absorption models. Some models
have been developed using extensive and reliable datasets
belonging to big pharmaceutical companies [53, 94].
Unfortunately raw data was not available to the scientific
community, which limited the possibility to obtain better
predictive absorption models. Recently, two extensive
databases were published (http://modem.ucsd.edu/adme/ and
http://miro.ifsc.usp.br/pkdb/), bringing some opportunities to
study the different absorption properties and to increase, in
the future, the quality of prediction models.

Different molecular descriptors have been used to explain
the relationship between chemical structure and oral
bioavailability but none characterize effectively the first-pass
metabolism [95]. Concerning this, some authors have
suggested the introduction of new rules or molecular
descriptors to improve the in silico bioavailability models
[48, 55]. In this case, the use of topological descriptors with
fragment/bond information like TOPS-MODE [96] could be
interesting in the prediction of oral bioavailability.

In our opinion, the use of a dataset, carefully selected,
with information about the most important processes
involved in bioavailability in order to develop different
models (consensus model) to predict oral bioavailability can
be a valuable strategy. For example, select compounds with
F and HIA wvalues reported, and classify the dataset
considering from these compounds those that are or not
substrates of P-gp (efflux process) and/or substrates of
CYP3A4 (intestinal and hepatic metabolism).

In this sense, we want to highlight several important
aspects to be considered in the future development of
bioavailability computational models:

1. The quality and quantity of available databases built
from reliable experimental assays have to be improved.

2. The inter- and intra-laboratory variability has to be
taken into account with an appropriate judgment.

3. The active transport should be considered.

4. The combination of two or more models for the same
property, based on different principles, could provide a
high confidence in the outcome and assist decision-
making. The new era of QSPR should pave the way for
a multi-objective optimization with novel technologies
applied in oral bioavailability problem.

Cabrera-Pérez et al.

5. In silico results must be validated at least by in vitro
experimental assays, and if possible, also by in sifu and
in vivo assays.

In this review, we have executed an intensive analysis of
progress of computational models in the prediction of oral
bioavailability and related properties. The main factors that
affect the absorption process have also been discussed to
reveal that oral absorption is a multi-factorial process and its
prediction can be divided into three independent tasks: (1)
prediction of solubility related dose of drug; (2) estimation
of intestinal permeability and (3) development of an
adequate tool to identify substrate structure of efflux and
biotransformation, especially by CYP450, in human.
Although significant efforts have been made in the use of in
vivo, in situ and in vitro assays to predict absorption and
bioavailability, in silico methods to predict these
characteristics are expected to decrease time and money
consuming experiments and to increase the power of screen
compounds prior to synthesis.

Finally, it is important to mention that in silico prediction
of oral bioavailability is really complex and although novel
approaches have been carried out, the development of
reliable and predictive in silico tools is still a challenge for
the computational design experts.
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