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Abstract: Advances in combinatorial synthesis and high throughput screening have resulted in libraries containing hun-
dreds of thousands of drug candidate compounds. Computational prediction of properties that will determine the utility of
a drug molecule has become a sine qua non in the pharmaceutical industry, because of the appreciation that ADMET
properties must be considered early in the discovery process and the higher cost of experimental alternatives. In this paper
we are reviewing the models developed recently to predict the permeation of organic molecules through the blood-brain

barrier.
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INTRODUCTION

The blood-brain barrier is in essence a mechanism for
preventing the entry of unnecessary or toxic blood molecules
into the central nervous system, while allowing the circula-
tion of adequate amounts of arterial blood through brain tis-
sue. Since the brain consumes more than 20% of available
oxygen in the human body, it is important to maintain suffi-
cient amounts of blood while excluding potentially harmful
molecules. [1-3].

Already in the late 19" century the presence of the blood-
brain barrier became evident, when scientists observed that
dyes readily penetrated in other organs from the blood cir-
culation, but not in the brain.

The blood-brain barrier can be identified with the capil-
lary wall of neural vessels. Cerebral endothelial cells are
distinguished from those in other tissues by the tight junc-
tions between them. Passage of small molecules via the in-
tercellular space is prevented by these tight junctions. There
are different mechanisms of active transport through the
BBB, such as carrier mediated efflux/influx transport, re-
ceptor-mediated transcytosis and adsorptive-mediated tran-
scytosis, and these are the subject of intensive research ef-
forts. In this paper we are concerned with passive diffusion
through the BBB, and in particular the computational tools
that have been developed to predict the passive permeation
of small organic molecules.

At the molecular level, the principal barrier component
for passive diffusion is the lipid bilayer of the capillary en-
dothelial cell membrane, through which compounds have to
diffuse to reach the brain. There is thus a hydrophilic inter-
face and a hydrophobic core that permeating molecules in-
teract favorably with.
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The relative affinity for the blood or brain tissue can be
expressed in terms of the blood-brain partition coefficient,
logBB = 10g(Chrain/Chbiood), Where Cprain and Cpooq are the
equilibrium concentrations of the drug in the brain and the
blood respectively.

Researchers in the pharmaceutical industry are interested
in designing central nervous system (CNS) drugs that pene-
trate the BBB. Equally important is that peripherally acting
drugs do not penetrate in the cerebrospinal fluid. With the
advent of combinatorial chemistry and high throughput
screening, very large sets of compounds can potentially be-
come drug candidates. As the cost of drug discovery in-
creases progressively in later stages of the process, methods
are necessary that can quickly filter these candidates for poor
absorption, distribution, metabolism, excretion and toxicity
(ADMET) properties, including the blood-brain barrier per-
meation, much before deciding to examine molecules in the
clinic. Indeed, recent studies suggested that up to half of all
candidates actually fail as drugs because of poor pharma-
cokinetics and animal toxicity. Furthermore, knowledge of
ADMET properties can be beneficial even before the synthe-
sis of new compounds, not available in libraries. [4]

Computational methods have shown promise in predict-
ing ADMET properties and are attractive means because of
their inherent speed and low cost. They also offer the only
solution when the compounds have not been synthesized yet.
Based on the premise that the structure of molecules contains
all the information needed to predict the partition between
blood and brain fluids, models have been developed that
identify the important characteristics resulting in BBB per-
meation.

Quantitative structure—activity relationships (QSAR) are
typically developed that correlate logBB and a set of mo-
lecular descriptors of molecules with known logBB values.
QSARs are ‘trained’ using a dataset of molecules to develop
a typically linear relationship between logBB and the de-
scriptors, and then the model is validated using a different
test dataset of molecules. The descriptors that participate in
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the QSAR with the highest statistical significance, in terms
of their predictive ability, are thought to be the molecular
properties important for BBB permeation. Ideally, design
principles can be developed for molecules that penetrate the
BBB using the information of important molecular proper-
ties.

In what follows we describe the available datasets of
compounds with known logBB, the accuracy of experimental
results and its impact on models, and we discuss recent ad-
vances in predictive QSAR models for BBB permeation. The
physical insight gained in terms of molecular characteristics
for high logBB and directions for possible future research are
also discussed.

DATASETS

The paucity of available data has been the most signifi-
cant hurdle for the development of logBB prediction QSAR
models. The number of organic compounds with publicly
available logBB values has grown to over 100 only recently,
with the majority of studies limited to around 60-80 com-
pounds.

Both in vivo [2,5] and in vitro [6-9] experiments have
been conducted for measuring logBB of organic compounds,
and both are costly and difficult. In in vivo experiments, pe-
ripheral application of radiolabeled compounds to rats is
followed by brain concentration level measurements. In in
vitro experiments, the partition of the compound between an
aqueous and an organic phase, or its penetration in specific
cell types is measured and the results are used for relative
logBB ranking of compounds. For the majority of the logBB
QSAR models developed, in vivo experimental results have
been employed, directly measuring logBB.

Researchers have been careful in using measurements
obtained with similar experimental protocols, but experi-
mental measurements for compounds used in modeling have
been conducted by multiple groups. An updated set of or-
ganic compounds is described recently in ref. [10] containing
115 compounds with logBB values measured by multiple
different groups. There is thus an inevitable element of vari-
ability that will impact the accuracy of models. This will in
turn limit the accuracy of computational models. Since
QSAR models are trained on experimental blood-brain per-
meation data, their accuracy cannot exceed the biological
measurements one.

The narrow range of observed logBB values can also pre-
sent an obstacle to accurate predictive modeling of BBB
permeation. Most published values of logBB cover only a
range between _2.00 and +1.00, in contrast to values of oc-
tanol/water partition coefficients logP that span a range be-
tween _4 and +8. Typically, molecules with logBB >0.3
permeate readily the BBB, while values less than -1.0 indi-
cate very small permeation. There is however scant informa-
tion about the experimental variability and the expected error
bars in measurements are in the order of 0.3-0.4 log units.
[11]

For example, some of the molecules used in logBB
QSAR development were consistently identified as outliers
by multiple, different research groups and this deviation has
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been explained in terms of the difficulty of experimental
measurements or attributed to metabolism or possible active
transport mechanisms.

It follows that a most pressing need is the generation of
larger datasets with accurate measurements of logBB coeffi-
cients. Since in vivo experiments are particularly difficult to
conduct in a reproducible manner, in vitro models of BBB
permeation appear to present an attractive alternative. [12-
16] Conditionally immortalized cell lines have been discov-
ered that show promise in preserving the in vivo permeation
character. For example, bovine microvessel endothelial cell
(BMEC) lines have been used successfully as a model for
BBB permeation. [12]

It appears that the physiological methods can now be
complemented with molecular biology techniques that allow
measurements for very large datasets in a controlled, repro-
ducible manner. Certainly, more in vivo experiments are re-
quired to ascertain the relevance of in vitro models, but low
cost, high-throughput techniques are becoming available for
measuring actual or relative logBB values.

Furthermore, recent government efforts in the United
States and elsewhere are resulting in publicly available in-
formation for hundreds of thousands of organic compounds.
Typically, information on this size scale molecular datasets
was the privilege of pharmaceutical companies. A repository
is being established by the National Institutes of Health to
acquire, maintain and distribute a collection of up to 1 mil-
lion chemical compounds and a central database, called
PubChem is already freely available to the entire scientific
community. [17] Partnering with biotechnology companies
with high-throughput expertise and resources, scientists will
be able to measure a variety of biochemical and cellular as-
says for hundreds of thousands of molecules. One can thus
safely predict that computational researchers should soon be
able to use a wealth of logBB data for developing predictive
models.

COMPUTATIONAL METHODS

Substantial progress has been made in the last few years
in the development of accurate QSARs for organic com-
pound logBB values, even in the absence of very large
datasets. There are many ways to categorize and present
these methods and we will focus on the type of molecular
information used to build the QSAR. Structural fragments
and molecular fields, entire molecule static properties (not
dependent on time) and entire molecule dynamic properties
have been correlated to experimental logBB measurements
with different degrees of success. Researchers have also de-
veloped correlations between logBB and other physico-
chemical properties of molecules, such as the octanol/water
partition coefficient and the solvation energy.

Structural Fragments and Molecular Fields

Ideally, libraries of structural fragments, such as hy-
droxyl, benzyl and guanidinium groups can be created and
linear relationships developed between the number of these
fragments in molecules of training sets and the physiological
measurement of BBB permeation. However, because of the
absence of polyfunctional molecules in the datasets, drug-
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like molecules cannot be treated appropriately with this con-
ceptually straightforward approach.

In early efforts to model BBB permeation, physico-
chemical properties were calculated for molecular fragments
and these were in turn correlated to BBB permeation. For
example, Abraham and co-workers [18-20] constructed the
following model equations using a fragment-based scheme
for a set of 57 compounds:

log BB = - 0.038(0.064) +0.198(+0.100)R, - 0.687(+0.125)p " -
0.715(x0.334)3a," - 0.698(x0.107)& b," +0.995(+0.096)V. ,
n=57, r=0.952, s=0.197, F =99.2 (1a)

log BB =0.023logP,, - 0.5074a," - 0.500& b," +0.055,
n=49, r =0.949, s=0.201, F =136.1 (1b)

where R, is an excess molar refraction, sz is the dipolar-

ity/polarizability parameter, éazH and § bzH are the solute

hydrogen-bond acidity and basicity, respectively, and V is
the characteristic volume of McGowan. [18] In equation 1, n
is the number of compounds used in the model, r is the cor-
relation coefficient, s is the standard error, and F is the
Fischer value that gives a measure for the statistical signifi-
cance of the relationship.

Equations 1a and 1b illustrate the significance of hydro-
gen-bonding potential in the partition of compounds between
the blood and brain fluids. The main shortcoming of frag-
ment-based methods is that they require the calculation of
many parameters for fragments. Moreover, the additivity of
those parameters to molecular level properties is problem-
atic, since this scheme assumes no intramolecular interac-
tions between these fragments.

Recently, more involved methods of modeling and pre-
dicting pharmacokinetic properties were based on the calcu-
lation of molecular interaction fields. Norinder and co-
workers [21] used MolSurf [22] parametrization to calculate
various properties related to the molecular valence region,
and combined it with the Partial Least Squares to Latent
Structures (PLS) method [23] to develop a QSAR with three
statistically significant components (the components were
obtained by means of the Principal Component Analysis,
PCA, method [24]) and the following statistics: n=56,
r=0.913, s=0.312, F=86.95.

Luco [25] employed the PLS technique to develop a
QSAR based on several topological descriptors. This analy-
sis also resulted in a significant three-component model with
the following statistics: n=58, r=0.922, s=0.318 and F=102.

Crivori and coworkers applied a new technique, Volsurf,
which generates molecular descriptors for developing
QSARs for ADME properties. [26] VolSurf calculates three-
dimensional molecular interaction fields and converts them
into molecular descriptors that describe molecular size,
shape, polarity, and hydrophobicity. [27] Based on more
than 70 Volsurf descriptors, Crivori and coworkers devel-
oped a binary decision model suitable for organic com-
pounds, assigning a score of 1 to compounds that cross the
BBB and a score of -1 for non-permeating compounds.
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One shortcoming of molecular field and PLS based
methods is that they generally do not provide a clear physical
insight, with a very large number of descriptors. Nonethe-
less, they are computationally fast and reach high levels of
predictive accuracy.

Static Properties of Entire Molecules

Descriptor properties such as the molecular volume, di-
polar moment and solvent accessible surface are calculated
for the entire molecule. If M descriptors are calculated for N
molecules a linear relationship is formed between the blood-
brain partition coefficient logBB and the values Dy, of the
my, property of the ny, molecule:

My
|Og BB = CO + a. a CmDmn (2)
m=1n=1
The coefficients ¢ are determined by regression analysis,
so that the pairwise correlation coefficient between the cal-
culated logBB using equation 2 and the experimentally
measured logBB is maximum.

For example, using this method Van de Waterbeemd and
Kansy [28] established the following QSAR for 20 mole-
cules:

logBB = - 0.021(+0.003)PSA- 0.003(:0.001)Vimol +
1.643(0.465),

r=0.835 s=0.448, F=195 (3)

where PSA is the molecular polar surface area, and Vy is
the molecular volume. PSA can be considered as a hydrogen
bonding descriptor. These results directly indicate the im-
portance of the polar surface area and molecular size for
permeation through the BBB.

More involved methods have been recently developed
that employ quantum mechanical calculations to compute
descriptors used in QSAR building. Hutter used semi-
empirical AM1 calculations to compute molecular electro-
static potentials and fundamental electronic properties such
as the ionization potential and use those to compute proper-
ties such as the polar surface area of compounds. [29]

In addition to simple multiple linear regression methods,
a number of comprehensive computational approaches based
on neural networks and genetic algorithms resulted in the
development of logBB QSARs. [30-34]

For example, Teixido and coworkers successfully devel-
oped a genetic algorithm to identify and design peptides that
permeate through the BBB. [33]

Recently, Fu and coworkers used computed values of the
molecular volume, the sum of the absolute values of the net
atomic charges of oxygen and nitrogen atoms which are hy-
drogen-bond acceptors, and the sum of the net atomic
charges of hydrogen atoms attached to oxygen or nitrogen
atoms to train and artificial neural network for logBB. They
used 56 compounds and a test set of 5 compounds and their
neural network resulted in root mean squared error of 0.258
between experimental logBB values and predicted logBB
values. [32]
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The main advantage of these methods over PLS methods
is the inclusion of nonlinear terms in the models developed.
On the other hand, neural networks are not transparent and
they do not provide physical insight that can be used for drug
design.

Ensemble Averages

All of the approaches described so far are based on
mechanistically chosen topological descriptors or the calcu-
lation of properties of stand-alone molecules in the lowest
gas-phase energy conformation.

The solvation of compounds in water and a lipid phase
might be accompanied by significant conformational
changes that in turn lead to changes in the molecular proper-
ties. These changes will be more pronounced for large, flexi-
ble molecules like fexofenadine in Fig. (1).

OH
COOH
N
HC s
Fig. 1. Structure of fexofenadine

The simulation of diffusion of molecules through a lipid
bilayer would in principle be an ideal solution. Molecular
dynamics simulations of various molecules in bilayers em-
bedded in an aqueous environment have been reported, and
these atomistic simulations provide a detailed molecular
level understanding of the partition of molecules in hetero-
geneous environments [35,36].

lyer and coworkers used such simulations to build a
logBB QSAR. [37] Organic compounds were simulated in a
dimirystoylphosphatidylcholine (DMPC) bilayer. DMPC is
one of a class of PC lipids which are major components of
mammalian cell walls. The simulations generated a very
large number of molecular conformations and ensemble av-
eraged properties were calculated for organic molecules in
the lipid bilayer. Based on these properties, a membrane-
interaction QSAR (MI-QSAR) was developed that predicted
the blood/brain coefficient fairly accurately (R* = 0.845),
demonstrating that atomistic simulations of molecules in
lipid-rich heterogeneous environments can help predict
logBB values.

Unfortunately, the time scales of diffusion of most small
molecules can span scales of microseconds and molecular
dynamics can simulate atomistic systems for up to 100 nano-
seconds with typically available computational resources.
Hence, it is not clear that simulations of organic molecules in
heterogeneous atomistic systems reach an equilibrium state.
In particular, it is not a straightforward task to demonstrate
that the simulation results are independent of the initial con-
figuration of the molecules in the system, i.e., the position
and orientation of the simulated molecule with respect to the
lipid interface.

Therefore, one has to turn to semi-empirical approaches
that both address the issue of the solvent’s influence on the
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molecular conformations and can reach equilibrium in at-
tainable simulated times.

Jorgensen and co-workers [38,39] demonstrated that
Monte Carlo simulations of molecules in water can be suc-
cessfully employed to predict the gas to liquid free energies
of solvation in hexadecane, octanol and water, the logPq,
and the water solubility logsS.

This methodology was employed for 76 molecules and a
QSAR was developed for the prediction of the blood-brain
partition coefficient, demonstrating the utility of molecular
mechanics simulations in QSAR building. [40]

Specifically, each molecule was solvated in 500 water
molecules (Fig. 3). The TIP4P model [41] was used for the
waters and the OPLS force field was used with AM1 partial
charges. [42-44] The systems were simulated in the NPT
ensemble at 25 °C and 1 atm generating 3x10° equilibration
configurations.

Fig. 2. Schematic of one of the simulated molecules (SKF 89124)
inside a cubic box with 500 water molecules.

Ensemble averages were calculated during the simula-
tions for properties like Coulomb energy between solute and
solvent (ESXC), solvent accessible surface area (SASA),
aromatic component of SASA (ARSA), dipole moment of
solute (DIPO), number of solute hydrogen-bond donors
(HBDN), number of solute hydrogen-bond acceptors
(HBAC), and molecular volume (MVOL). In Fig. (3), the
Coulomb interaction energy between one of the simulated
organic molecules (SKF 89124) and the water solvent is
shown. During the simulation data are stored in regular in-
tervals of 6000 Monte Carlo trials. It is clear that thermal
fluctuations influence significantly the descriptors used for
QSAR building.

In the statistical analysis, in addition to the descriptors
described previously, the term HBACXHBDNY?/SASA was
used. This cohesive index represents an electrostatic surface
tension term, and was introduced by Jorgensen and co-
workers [38,39]. The fractional power in HBDN reflects pos-
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Fig. 3. Simulated electrostatic interaction energy between a simu-
lated organic molecule (SKF 89124) and water.

sible saturation effects expected for molecules with a large
number of acceptor and donors, in which case it is not likely
that all of them will be simultaneously satisfied.

Using the ensemble averaged values of simulated prop-
erties a multiple linear regression analysis produced equation
4

log BB = - 0.2339(+0.013) HBAC +0.00147(0.00011)MVOL -

31.6099(+4.0837)HBAC~ HBDN Y2 / SASA - 0.04579(0.05808)
n=76, r=097, s=0.173, F=311.307 )

With only three terms logBB is predicted very accurately,
with the highest correlation coefficient reported in the lit-
erature, because of averaging over many molecular confor-
mations. Furthermore, a clear physical picture emerges of the
molecular mechanisms involved in cerebrovascular trans-
port, with the size and the numbers of hydrogen bond ac-
ceptors and donors playing a significant role. This QSAR
clearly indicates that hydrophilicity negatively impacts the
blood-brain permeation.

A major shortcoming of atomistic simulations is the re-
quired computational resources. An average of 0.75 h of
CPU is required for each compound on a 1.2 GHz Intel-
PentiumlV LINUX-based PC. Although the overall cost for
simulated compounds in currently available datasets is neg-
ligible, this method is not readily amenable for high-
throughput computational screening of hundreds of thou-
sands of drug-like molecules.

Correlation between logBB and other Physicochemical
Properties

The permeation through the BBB can be thought as being
controlled by the ratio and topological distribution of polar
and hydrophobic molecular groups. These also influence
other physicochemical properties such as the octanol/water
partition coefficient or the energy of solvation. Since these
properties are more readily measured than logBB, research-
ers have attempted to correlate logBB with them.
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Young and co-workers [5] proposed the correlation be-
tween logBB and Dlog P, shown in equation 5. Dlog P
is known as the Seiler parameter [45], and is defined as
DlogP =logPR,, - logP,, . where P,, and P,
are the octanol/water and cyclohexane/water partition coeffi-
cients, respectively. DI0g P is considered to be a measure
of hydrogen-bonding potential [46].

log BB = - 0.485(+0.160) Dlog P + 0.889(+0.500),
n=20,r=0.831,s=0.439, F = 40.23 5)

Lombardo and co-workers [47] correlated logBB with the
free energy of solvation DG,, with the following equation

log BB = 0.054(0.005)DG,, +0.43(+0.07),

n=55 r=0.82, s=0.41,F =108.3 (6)

This correlation provides an elegant means for successful
logBB prediction. It, however, relies on calculating the en-
ergy of solvation from ab initio calculations in the gas phase.
The solvent might play an important role in the conforma-
tions of the solute, which will in turn lead to different values
for a number of parameters, such as the solvent-accessible
surface area (SASA), the molecular volume and the molecular
dipole moment, all of which influence the energy of solva-
tion.

Kaliszan and Markuszewski [48] re-established the cor-
relation of logBB with logP,,, and refined it, employing the
molecular mass as an additional descriptor of molecular
bulkiness:

log BB = - 0.088(+0.051) +0.272(+0.017) log P - 0.001116(+0.00049)M ,,
n=33, r=0.947, s=0.126, F=1311 @)

These authors indicated that a molecular bulkiness de-
scriptor should be used to better account for non-specific
dispersive properties of molecules.

Feher and co-workers [49] built the following model

log BB =-0.1092l0g P, - 0.3873n, . - 0.0017PSA+0.4275,
n=61, r=0.854, s=0.424, F =51 )]
where Ny sy IS the number of hydrogen-bond acceptors.

Recently Hou and coworkers [10] revisited the logBB / log-
P correlation building the following regression model

log BB = 0.00845 + 0.197 log P — 0,0135HCPSA — 0.0140
(MW — 360) )

with n=78, r=0.88, g=0.86, s=0.36, and F=81.5.

In equation 9, HCPSA is the high-charged polar surface
areas computed with the Gasteiger partial charges and MW
is the molecular weight. [10] The n-octanol/water partition
coefficient was calculated using the SLOGP approach, which
estimates logP by summing the contribution of atom-
weighted solvent accessible surface areas (SASA) and cor-
rection factors. The excess molecular weight above 360 im-
proves the accuracy of the model and indicates that smaller
molecules with MW<360 permeate the BBB, whereas for
larger molecules their size diminishes their BBB penetration.
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PHYSICAL INSIGHT

A fairly clear consensus has emerged concerning the
molecular properties that influence the permeation of organic
compounds through the blood-brain barrier. [50-55] Most all
studies conclude that hydrophilicity and size negatively im-
pact logBB values. Hydrophilicity has been expressed in
terms of polar surface areas, number of hydrogen bond ac-
ceptors and donors and dipolarity/polarizability values. More
refined correlations suggest that molecular weight plays a
detrimental role in BBB permeation only for larger mole-
cules, with MW=360 being a reasonable cutoff.

Kelder and co-workers [56] examined the distribution of
the polar surface area of for 776 CNS and 1590 non-CNS
drugs and deduced that penetration of molecules is possible
only if their polar surface area is less than 120 A“ and sug-
gested that drugs can be tailored for brainvzoenetration by
decreasing the polar surface to less than 60 A” .

Seelig and co-workers [57,58] identified the molecular
parameters governing the passive diffusion of the molecules
through lipid membranes, using theoretical arguments. They
suggested that the optimal characteristics for a molecule to
penetrate the BBB are () amphiphilicity

DDG,, >-3kJ/mol (they defined amphiphilicity as
DDG,,, =DG,, - DG,;. where DG,, and DG, are the

free energies of partitioning into the air-water interface and
of micelle formation respectively), (ii) a value for the
air/water partition coefficient K4, in the range of 10°-10° M~

(o]
!, and (iii) a molecular cross-sectional area A, <80 A”.

The blood-brain partition coefficient logBB also corre-
lates positively with the octanol/water partition coefficient
suggesting that lipophilic molecules traverse the BBB more
readily, in agreement with studies based only on molecular
properties.

CONCLUDING REMARKS

From the described methods it becomes evident that there
has been considerable progress in the development of semi-
empirical models for the relative affinity of compounds for
blood and brain compartments, with considerable predictive
ability.

Quantitative structure-property relationships from prop-
erties calculated in molecular mechanics simulations appear
to most accurately predict the blood/brain partition coeffi-
cient, albeit with the highest computational cost. Of course,
constant improvement of available computer power and the
development of more accurate force-fields for lipids and
organic molecules render increasingly attractive the em-
ployment of more complex models of organic compounds in
lipid layers, which do provide a clear atomistic level picture
of phenomena relevant to BBB permeation.

One can envision a hierarchical scheme and various
stages of virtual screening from binary decision models to
QSARs from gas phase molecular structures to simulations
in heterogeneous lipid environments. With the molecular
structure as the sole input, logBB values can be calculated
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and used in decision-making without the need to resort to
expensive experiments.

With the advent of high-throughput techniques, in vitro
models for logBB measurements, and publicly available
structures and properties for hundreds of thousands of com-
pounds an automated decision-making engine (ADME) [59]
is not considered out of reach.
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