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Abstract

The distribution of compounds between blood and brain is a very important consideration for new
candidate drug molecules. In this paper, we describe the derivation of two linear discriminant analysis
(LDA) models for the prediction of passive blood-brain partitioning, expressed in terms of log BB
values. The models are based on computationally derived physicochemical descriptors, namely the
octanol/water partition coefficient (log P), the topological polar surface area (TPSA) and the total
number of acidic and basic atoms, and were obtained using a homogeneous training set of 307
compounds, for all of which the published experimental log BB data had been determined in vivo.
In particular, since molecules with log BB > 0.3 cross the blood-brain barrier (BBB) readily while
molecules with log BB < —1 are poorly distributed to the brain, on the basis of these thresholds we
derived two distinct models, both of which show a percentage of good classification of about 80%.
Notably, the predictive power of our models was confirmed by the analysis of a large external dataset
of compounds with reported activity on the central nervous system (CNS) or lack thereof. The
calculation of straightforward physicochemical descriptors is the only requirement for the prediction
of the log BB of novel compounds through our models, which can be conveniently applied in
conjunction with drug design and virtual screenings.

Keywords

blood-brain barrier; blood-brain partitioning; log BB; central nervous system; linear discriminant
analysis; QSAR

1. Introduction

The endothelial cells of the capillaries in the brain form a cellular barrier, known as blood-
brain barrier (BBB), that prevents the access of polar molecules to the brain. Highly lipophilic
compounds are capable of moving across the BBB by diffusion. Less lipophilic molecules,
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instead, cross the BBB only through active transport mediated by specific carriers. The
distribution of the compounds between blood and brain is a very important consideration for
new candidate drug molecules. The BBB should be crossed to reach the desired therapeutic
effect in the case of drugs designed for the Central Nervous System (CNS) targets. Otherwise,
in the search of drugs without undesirable side effects in the CNS, it is important that they do
not cross the BBB [1,2].

The log BB, defined as the logarithm of the ratio of the concentration of a drug in the brain
and in the blood, measured at equilibrium, is an index of BBB permeability. Log BB values
can be experimentally derived either in vivo, usually in rats, or in vitro [3,4]. For in vivo
determinations, a drug is administered to a rat and, after the reach of equilibrium, its
concentration is measured in the brain and in the blood. For in vitro determinations, which
have been used mostly for volatile compounds [3], gas to blood and gas to brain partition
coefficients are measured separately and successively combined into a log BB value.
Remarkably, in the case of hexane log BB values determined in vivo and in vitro resulted in a
relatively good agreement, with 0.4 log units of difference [5,6]. Several models have been
published trying to predict log BB values from various physicochemical properties of
molecules, including, among others, molecular size, lipophilicity or number of groups that can
establish potential hydrogen bonds [7-10]. For example, in 1999 Clark analyzed a set of 55
diverse organic compounds and generated a multiple linear regression model based on in
silico calculated polar surface area (PSA) and log P values [11]. More recently, Abraham et
al. analyzed 207 compounds, for which in vivo log BB values had been published, and
generated a model based on experimental chromatographic descriptors with a square of the
correlation coefficient (r2) of 0.75 [3]. Despite the fact that, as mentioned, log BB values
determined in vivo and in vitro have been found in some cases in agreement, Abraham et al.
showed that their combination for the generation of computational predictive models is not
advisable [3]. This is probably due also to the very different chemical nature of the compounds
that have been studied with in vivo and in vitro methodologies: the first group is composed by
drug like molecules, while the second one by volatile compounds. Thus, because of our
pharmaceutical interests, here we collected 307 compounds, for which in vivo log BB had been
published, and derived classification models based on Linear Discriminant Analysis (LDA)
and on physicochemical descriptors calculated in silico. In particular, since it was shown that
molecules with log BB > 0.3 cross the BBB readily while molecules with log BB < —1 are
poorly distributed to the brain [11,12], we derived two distinct classification models based on
the mentioned thresholds, to predict the passive penetration. Each of these functions proved
capable of accurately classifying the compounds into two categories, separating those with log
BB > the selected threshold from those with log BB < the selected threshold.

2. Methodology

2.1 Construction of the dataset

From a number of published papers, we collected 307 compounds for which log BB values
had been measured in vivo, for the most part in rats [3,8,10,11,13-18]-the compiled dataset is
provided in Excel format in the Table S1 of the Supplementary Data, along with chemical
formulas in smiles code format, log BB values and calculated descriptors. When data for one
compound were reported in multiple articles, we calculated an average log BB value; however,
we excluded from the training set eight compounds for which large discrepancies were noted.
The dataset includes compounds for which the partition had been measured from blood to brain,
from plasma to brain and from serum to brain. As Abraham et al. concluded, differences
between log BB values determined in such ways are negligible [3]. Instead, we did not consider
those molecules, found within the same articles, that Abraham et al. identified as organic
volatile compounds for which the log BB values had been determined in vitro [3].
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To validate our models we used an external prediction set based on a Central Nervous System
(CNS) library [19], which separates compounds for which some sort of CNS activity has been
reported from those without CNS activity.

2.2 Descriptors calculation

The ligands were prepared with the LigPrep module of Maestro 9.0. [20], at pH 7, with ionizer.
Whenever multiples protonation states were found in the output, the lowest protonation state
was used for the descriptors calculation. After calculation of the atomic charges with the
Gasteiger (PEOE) model, 184 2D descriptors were calculated with MOE 2008.10.[21].

2.3 Statistical analysis

Two log BB thresholds values were established: 0.3 for model 1 and —1 for the model 2. To
the dependent variable was then assigned a value of 1 when the compounds had log BB > the
threshold and a value of —1 when the log BB was lower than the threshold. Statistical analysis
were carried out with STATISTICA package [22]. Linear Discriminant Analysis (LDA) [23]
was used to find two different classifier functions. The forward stepwise algorithm was
employed to select the independent variables. The tolerance parameter was set to 0.01, which
is the default value for the minimum acceptable tolerance. The quality of the models was
determined according to Wilks’ statistic (U), Fisher ratio (F), significance level (p) and the
percentage of good classification.

3. Results and Discussion

3.1 Construction of the models

As mentioned, it has been described that compounds with log BB > 0.3 cross the BBB readily
and compounds with log BB < —1 are poorly distributed in the brain [11,12]. Thus, on the basis
of log BB threshold values set to 0.3 and —1, we generated the following two classification
models:

Model 1 threshold: log BB > 0.3

logBB class=0.5159 x logP(o/w) — 0.0277 x TPSA — 0.3462
N=307 U=0.70 F(2,304)=63.79 p<0.0001 (1)

Model 2 threshold: log BB > -1

logBB class=0.2289 x logP(o/w) — 0.0326 x TPSA — 0.5671 X (a- acid+a- base)+2.3420
N=307 U=0.84 F(3,303)=18.38 p<0.0001 )

where N is the number of compounds included in the LDA analysis, U is the Wilks’ statistic,
F is the Fisher ratio and p is the significance level. The percentage of good classification for
both models is around 80% (see Figure 1). Equations with standardized descriptors are given
in the Table S1 of the Supplementary Data.

Both models conform to the principle of parsimony, i.e. we chose the functions with the lowest
possible number of variables and with high statistical significance, with model 1 and 2 based
on two and three descriptors, respectively. In particular, model 1 is based on the logarithm of
the octanol/water partition coefficient (log P) and the topological polar surface area (TPSA),
while model 2 is based on the same descriptors with the addition of the sum of number of acidic
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and basic atoms (a_acid + a_base). In both models, high log BB values are favored by high
log P values and low TPSA values. Additionally, according to model 2, high log BB values
are also favored by a low content of acidic and basic atoms. For model 1, this is visually
represented by the plot shown in Figure 2, which reports the calculated log P and TPSA values
for all the studied compounds and the demarcation line described by the model. As it is evident
from the figure, most of the compounds with log BB > 0.3 lay above the demarcation line,
while most of those with log BB < 0.3 lay below it, according to the percentages of good
classification shown in Figure 1. For the model 2, which involve three descriptors, we
represented the data by means of 2D desirability maps (Figure 3) that visually illustrate how
the probability of high log BB values rises with the increase of the log P and diminishes with
the increase of the TPSA and the total number of acidic and basic atoms. Our models are in
accordance with several of those reported in the past, where log BB values have related with
lipophilicity descriptors [11,24,25], hydrogen-bond capacity [26,27] and polar surface areas
[11,28,29]. However, the models described here are based on a larger and biologically
consistent database, with all the data referring to in vivo log BB measurements. Abraham et
al. [3] recently described an excellent model (r2=0.75), based on a biologically uniform training
set of 207 compounds. However, this model is based on experimental derived chromatographic
descriptors, while our models are based on straightforward in silico calculated physicochemical
descriptors. Other good models available in the literature, such as the one described by Garg
et al., are based on complex methodologies such as artificial neural networks [13], while our
LDA models resulted in two simple equations in which to insert the values of the calculated
descriptors to obtain a binary prediction.

3.2 Validation of the models with an external test set

In order to demonstrate the predictive power of our models, we used a Central Nervous System
(CNS) dataset previously reported in the literature [30]. This dataset lists compounds which
have a reported CNS activity (CNS+), such as anticonvulsants, antidepressants, antipsychotics
etc., and molecules with no known activity in the CNS (CNS—). We worked with the database
as filtered by Zhao et al. [19], from which we eliminated 79 known substrates of the P-
glycoprotein (P-gp) efflux pump and 57 compounds that were already used in the training of
our models — we wanted a completely independent test set. In total, our prediction set consisted
of 1,457 molecules, of which 1,222 were CNS+ and 235 were CNS—.

Although log BB (training set) and CNS activity (prediction set) do not encode the same
information, there is a clear relationship between both properties, since CNS activity implies
BBB penetration. The data reported in Table 1 clearly show how molecules predicted to have
log BB >0.3 or > —1 are very likely to have CNS activity, while many of those with log BB <
—1 do not show CNS activity. The presence of a relatively high number of CNS+ molecules
for which our models predict a log BB < —1 might be attributed to their crossing the BBB
through active transport mechanism, in addition, clearly, to the inherent limits of the models.
Taken together, these data confirm the predictivity of our classification models. The same
indication emerges clear also from the Receiver Operating Characteristic (ROC) curves for
both models reported in Figure 4, where the fraction of true positives (sensitivity) is plotted
against the fraction of false positives (1-specificity). For a perfect classifier model the area
under the curve would be 1, while for a random classifier it would be 0.5. We detected an area
under the ROC curve of 0.95 for model 1 and 0.97 for model 2, demonstrating once again the
high predictive power of our models.

4. Conclusions

Using a large and biologically consistent database, we derived two binary models for the
prediction of log BB values. In our models, log P is a factor that contributes positively to the
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log BB of the compounds, while the polar surface area and the number of acidic and basic
atoms contribute negatively. This fits with the fact that lipophilicity is a known important factor
in transport across biological membranes, while the ability of forming hydrogen bonds has
been reported to prevent a high brain/blood partitioning [31,32]. While these physicochemical
properties can provide a high predictive power when the compounds cross the barrier by passive
diffusion, one has to keep in mind that the mechanisms by which chemicals can cross the BBB
may involve active transport or efflux pumps, which cannot be easily predicted on the basis of
physicochemical properties [33]. Thus, active transport, together with inherent limitations of
the models, may be the reason why we correctly classified 80%, not 100%, of the studied
compounds. Importantly, the predictive power of our models was amply confirmed by the
analysis of a large external dataset of molecules with reported CNS activity or lack thereof.

These models are very easy to use and require only the calculation of three straightforward
physicochemical descriptors that can be done with a number of readily available software
packages. To predict the log BB of novel compounds the only necessary steps are: protonation
of the new molecules at pH 7, calculation of the Gasteiger (PEOE) charges, calculation of the
three physicochemical descriptors and introduction of the descriptors’ values in equations (1)
and (2). If the result of the equation is > 0, the novel compound is predicted to have a log BB
value > 0.3 for model 1 and a log BB value > —1 for model 2. Combining the two models,
compounds can conveniently be classified into three categories, as shown in Table 1 for the
external test set: compounds with log BB values > 0.3, which readily cross the blood-brain
barrier; compounds with log BB values comprised between 0.3 and —1, which still have access
to the CNS; and compounds with log BB values < —1, which are poorly distributed to the brain.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Model 1
Compounds with Compounds with
logBB = 0.3 (110 cases) logBB < 0.3 (197 cases)
218 % 19.8 %
78.2 %, 80.2 %

Wilks'Lambda: 0.70 F (2,304)=63.79 p<0.0001

B Good-classification M Miss-classification I ||:| Good-classification mMiss-classification
Model 2
Compounds with Compounds with
logBB = -1 (270 cases) logBB < -1 (37 cases)
19.6 % 21.6 %

80.4 % 78.4 %

Wilks'Lambda: 0.84 F (3,303)=18.38 p < 0.0001

Figure 1.

Percentages of good classification and statistical parameters for model 1 and model 2.
Compounds with log BB values > 3 readily cross the BBB, while those with log BB values <
1 are poorly distributed to the brain.
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logP(o/w)
N

TPSA

Figure 2.

Plot of the log P vs. TPSA values for compounds with log BB > 0.3 (in white) and compounds
with log BB < 0.3 (in black). The demarcation line identified by model 1, indicated by the
black diagonal line, provides 80 % of good classification for the two categories of compounds.
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a_acid+a_base a_acid+a_base

Figure 3.

Desirability analysis of the descriptors that compose model 2. The green color indicates areas
that are predicted to favor log BB > —1, while the red color indicates areas that are predicted
to favor log BB < —1.
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ROC Curve Model 1

TI;F: True Positive Fraction

05 0.7 015 0.2 045 0.3 0.5 04 045 05 055 05 065 0.7 075 0.6 065 09 045
FPF: False Positive Fraction

ROC Curve Model 2
TI;‘F: True Positive Fraction

"/VI 1 1 1 1
Y005 0T 035 0Z 025 03 045 04 U045 05 U055 05 065 07 075 08 055 09 055
FPF: False Positive Fraction

Figure 4.

ROC curves relative to the analysis of an external dataset of compounds with reported CNS
activity of lack thereof. The area under the curve is 0.95 and 0.97 respectively, indicating a
very high predictive power for both models. A perfect model would have an area of 1, while
a random model, denoted by the diagonal line, would have an area of 0.5.
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Table 1

Analysis of an external test set of 1,457 compounds, of which 1,222 have been reported to have activity on the
CNS (CNS+) and 235 have been reported to lack it (CNS—). Confirming the predictive capability of our models,
almost all the compounds with a predicted log BB > 0.3 or between 0.3 and 1 are CNS+, while many compounds
with a predicted log BB < —1 are CNS—.

Compounds with predicted log BB > 0.3 [positive model 1]
Compounds with predicted 0.3 > log BB > -1 [positive model 2

432 <,
8 CNS-

Compounds with predicted log BB < -1 [negative model 2

minus positive
model 1]

J Mol Graph Model. Author manuscript; available in PMC 2011 June 1.



1duasnue Joyiny vd-HIN 1duasnue Joyiny vd-HIN

1duasnue Joyiny vd-HIN

Vilar et al. Page 13

<: 267 CNS+
490
223 CNS-
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