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A simple three-descriptor model to predict blood-brain barrier is derived from a training set of 78 com-
pounds: logBB=—-9.880 x 10 *Mw? + 7.339 x 107> My-0.2268n,,—0.1143 (n=78, r*=0.74), where
logBB is the logarithm of the ratio of the steady-state concentration of the compound in the brain to con-
centration in the blood, My is the molecular weight, n, is the number of polar atoms (oxygen, nitrogen,
and attached hydrogen), n is the number of compounds, and r is the correlation coefficient. The model is
validated through use of leave-one-out procedure and an external test set (25 compounds). The model is
suitable for the rapid prediction of the blood-brain barrier penetration of drug candidates because of its
predictive ability and simplicity.

© 2008 Elsevier B.V. All rights reserved.

1. Introduction

Central nervous system (CNS) therapeutic agents must cross
the blood-brain barrier (BBB) to be effective, whereas peripher-
ally drugs must possess very limited ability to cross the BBB in
order to avoid or minimize CNS side effects. A common measure
of the degree of BBB penetration is the ratio of the steady-state
concentration of the drug molecule in the brain to concentration
in the blood, usually expressed as 10g(Corain/blood) OF logBB. The
measurement of BBB penetration in vivo is a time-consuming,
expensive, and difficult technique, requiring animal experiments
and the synthesis of the test compounds, usually in radiolabeled
form [1-3]. Although in vitro models for the prediction of BBB
penetration (e.g., bovine brain capillary endothelial cells) are
available, they are experimentally cumbersome [4]. It would be
desirable if logBB could be predicted computationally with en-
ough accuracy to allow the early rejection of unsuitable
candidates.

Young et al. showed that logBB values of 20 H, receptor his-
tamine antagonists were correlated with AlogP (octanol-cyclo-
hexane) [2]. van de Waterbeemd and Kansy examined the
same series of 20 compounds and found a significant
correlation between logBB and the cyclohexane-water partition
coefficient when the molecular volume was included in the
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parameterization [5]. They also found that logBB was correlated
with polar surface area (PSA, defined as the sum of the van der
Waals surface areas of oxygen atoms, nitrogen atoms, and
attached hydrogen atoms in a molecule), but the model showed
it to be poorly predictive when tested with compounds outside
its training set, suggesting that the structural diversity of the 20
H, receptor histamine antagonists might be insufficient to de-
velop a generally applicable model for predicting logBB [6].
Thus, Abraham et al. constructed a larger training set of 65
compounds and derived a correlation between logBB and solva-
to-chromatic parameters for 57 compounds (eight compounds
were excluded as outliers) [7]. With a set of 57 compounds
drawn from the Abraham training set mentioned above, several
researches developed the models for logBB prediction using cal-
culated molecular structural parameters such as free energy of
solvation in water, AG), PSA, and calculated octanol-water par-
tition coefficient, ClogP or MlogP, respectively [8-10]. More
recently, a variety of models to predict BBB penetration for lar-
ger dataset have been developed using different descriptors
such as the three-dimensional molecular field descriptors and
electropological state indices, [11-20]. In summary, the BBB
penetration of a compound is thought to be dependent on its
hydrogen-bonding potential, lipophilicity and size. Weak hydro-
gen-bonding potential, high lipophilicity, and small size are
favorable to BBB penetration.

In this paper, we derive a simple model for the prediction of
log BB from a dataset of 86 compounds, in which eight compounds
are removed as outliers.
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2. Methods

The dataset of 111 compounds and their corresponding log BB
values are taken from the literature [2,6-8,21-26]. Of the 111 com-
pounds, 25 compounds are chosen as the test set used by Luco and
Feher et al. [11,12]. The remaining 86 compounds are used for the
training set. Molecular weight (Myy) and number of polar atoms
which are oxygen atoms, nitrogen atoms, and attached hydrogen
atoms (n,01) are selected as the structural descriptors to develop
predictive model for BBB penetration. The model to predict
blood-brain barrier penetration is derived on the training set using
the stepwise multiple regression analysis and then cross-validated
using leave-one-out procedure in which one compound is left out
from the training set and predicted from the model based on the
remaining data and tested on the external prediction [27].

3. Results and discussion

3.1. Development of predictive model of blood-brain barrier
penetration

The 86 compounds of training set are illustrated in Fig. 1 and
listed in Table 1 along with their experimental logBB values.

Using My and np as regression variables, the following regres-
sion equation is obtained from the stepwise multiple regression
analysis (including quadratic terms) for the 86 compounds,
logBB = —9.880 x 10-%My? + 7.339 x 103 My —0.2268n,,,—0.1143
n=78 =074 ¢*=071 s=037 F=71 (1)

where n is the number of compounds, r is the correlation coefficient,
q is the cross validation coefficient, s is the standard deviation, and F
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is the Fisher F-statistic. Since Compounds 2, 6, 23, 30, 60, 61, 62 and
78 have residuals greater than 2.5 standard deviations, they are re-
moved from the above equation as outliers. Previous studies also
identified Compounds 2 [11,20], 6 [11,18,20], 23 [7,8], 30 [7.,8,
10-12,15,16,18,20], 60 [12,15,16,20], 61 [10-12,15,18,20], 62
[10-12,15,18,20] and 78 [16,20] as outliers. This might be caused
by factors such as inaccurate data due to experimental difficulties,
metabolic effects or active transport systems.

Other descriptors are also tested. When npo in Eq. (1) is
replaced with the number of hydrogen bond donors and hydrogen
bond acceptors, or My is replaced with log My, the respective
regression equations are not so significantly statistical as Eq. (1).

The calculated log BB values for the training set from Eq. (1) are
presented in Table 1 and the experimental and calculated logBB
values are plotted in Fig. 2.

Eq. (1) displays obvious statistical significance. The descriptors
involved are not significantly correlated with one another
(r? = 0.16). Because Npol is a descriptor of hydrogen-bonding poten-
tial, Eq. (1) indicates that the log BB of a compound is inversely cor-
related with its hydrogen-bonding capacity. This is in agreement
with the negative coefficients of the hydrogen bond terms such
as the polar molecular surface area, the hydrogen bond acidity
and basicity in other models [7,10,12,19,20]. Eq. (1) also shows
the parabolic relation between logBB and molecular weight. The
explicit descriptor for lipophilicity is absent from Eq. (1) and the
molecular weight terms in the equation represent a combination
of the impacts of molecular size and lipophilicity on BBB penetra-
tion. Increasing molecular weight decreases molecular diffusion
through a lipid membrane, and therefore decreases logBB value.
On the other hand, bigger molecular weight also means higher
lipophilicity which facilitates BBB penetration.
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Fig. 1. Compounds 1-30 and 61-86.
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Table 1
Experimental and calculated logBB values for the training set compounds and their
descriptors

Compound Mw Mpol logBB

EXp. Calc®  Pred”
1 2523 9 -1.42 -0.93 -0.90
2 156.2 8 -0.04 - -
3 4135 9 -1.06 -0.81 -0.79
4 285.4 4 0.49 0.27 0.26
5 280.4 2 0.83 0.71 0.71
6 312.4 14 -0.82 - -
7 357.2 8 -0.67 -0.57 -0.56
8 2783 8 —0.66 -0.65 —0.65
9 368.5 8 -0.12 -0.57 —-0.58
10 2183 8 -0.18 —-0.80 -0.84
11 2333 11 -1.15 -1.43 -1.47
12 275.3 11 -1.57 -1.34 -1.31
13 314.4 14 -1.54 -1.96 -2.04
14 326.4 9 -0.27 -0.81 -0.83
15 3374 9 -0.28 -0.80 —0.82
16 290.4 5 —0.46 0.05 0.06
17 352.5 5 -0.24 0.11 0.13
18 2494 4 -0.02 0.19 0.20
19 3255 5 0.69 0.09 0.08
20 3315 5 0.44 0.10 0.09
21 381.5 5 0.14 0.11 0.11
22 365.5 6 0.22 -0.11 -0.13
23 379.5 9 -2.00 - -
24 448.6 8 -1.30 -0.62 -0.48
25 230.1 5 0.11 —-0.08 -0.09
26 324.4 9 -1.12 —-0.81 -0.80
27 414.5 9 -0.73 -0.81 -0.82
28 204.2 9 -1.17 -1.07 -1.06
29 314.4 9 -1.23 -0.82 -0.81
30 342.3 7 -2.15 - -
31 Butanone 72.1 1 —0.08 0.14 0.15
32 Benzene 78.1 0 0.37 0.40 0.40
33 3-Methylpentane 86.2 0 1.01 0.44 0.42
34 3-Methylhexane 100.2 0 0.90 0.52 0.51
35 2-Propanol 60.1 2 -0.15 -0.16 -0.16
36 2-Methylpropanol 74.1 2 -0.17 —0.08 -0.07
37 2-Methylpentane 86.2 0 0.97 0.44 0.42
38 2,2-Dimethylbutane 86.2 0 1.04 0.44 0.42
39 1,1,1-Trifluoro-2-chloroethane 118.5 0 0.08 0.62 0.63
40 1,1,1-Trichloroethane 1334 0 0.40 0.69 0.70
41 Diethyl ether 741 1 0.00 0.15 0.16
42 Enflurane 184.5 1 0.24 0.68 0.69
43  Ethanol 46.1 2 -0.16 -0.25 -0.26
44  Fluroxene 126.1 1 0.13 0.43 0.44
45 Halothane 1974 0 0.35 0.95 0.99
46 Heptane 100.2 0 0.81 0.52 0.51
47 Hexane 86.2 0 0.80 0.44 0.43
48 Isoflurane 184.5 1 0.42 0.68 0.69
49 Methylcyclopentane 84.2 0 0.93 0.43 0.41
50 Pentane 72.2 0 0.76 0.36 0.34
51 Propanol 60.1 2 -0.16 -0.16 -0.16
52 Propanone 58.1 1 —0.15 0.05 0.07
53 Teflurane 180.9 0 0.27 0.89 0.92
54 Toluene 92.1 0 0.37 0.48 0.48
55 Trichloroethene 1314 0 0.34 0.68 0.69
56 Acetylsalicylic acid 180.2 5 —0.50 -0.25 -0.24
57 Valproic acid 144.2 3 -0.22 0.06 0.06
58 Salicylic acid 138.1 5 -1.10 -0.42 -0.39
59 p-Acetamidophenol 151.2 5 -0.31 -0.36 -0.37
60 Chlorambucil 304.2 4 -1.70 - -
61 204.3 4 -1.30 - -
62 161.2 5 —-1.40 - -
63 276.4 6 -0.43 —-0.20 -0.20
64 260.4 4 0.25 0.22 0.22
65 136.2 3 -0.30 0.02 0.03
66 150.2 2 —0.06 0.31 0.32
67 128.2 4 -0.42 -0.24 -0.24
68 292.5 6 -0.16 -0.17 -0.17
69 236.3 5 0.00 -0.07 -0.07
70 252.3 6 -0.34 -0.25 -0.25
71 357.8 7 -0.30 -0.34 -0.34
72 373.8 9 -1.34 -0.79 -0.77
73 389.8 11 -1.82 -1.25 -1.20

Table 1 (continued)

Compound Mw Mpol logBB
EXp. Calc?  Pred.”

74 277.4 1 0.89 0.93 0.94
75 264.4 2 0.99 0.68 0.66
76 295.4 4 0.82 0.28 0.27
77 2814 4 1.03 0.26 0.24
78 265.7 4 1.64 - -

7/5) 281.4 5 0.52 0.03 0.02
80 267.3 5] 0.39 0.01 —-0.00
81 265.4 3 0.53 0.46 0.45
82 3125 3 0.40 0.53 0.54
83 4269 10 -078 -1.05 -1.09
84 264.3 o) 0.00 0.00 0.00
85 410.5 6 -0.02 -013 -0.14
86 426.5 8 -0.67 -0.60 -0.59

@ Calculated from Eq. (1).
b predicted using the leave-one-out cross validation procedure.

Calculated logBB

Experimental logBB

Fig. 2. Relationship between experimental and calculated logBB values for the
training set.

3.2. Model validation using the leave-one-out procedure

The predictive model (Eq. (1)) is validated using leave-one-out
procedure. Its cross validation coefficient (q> = 0.71) is almost same
as its correlation coefficient (12 = 0.74). The predicted values using
the leave-one-out cross validation procedure (shown in Table 1)
are also very close to the respective calculated values from Eq. (1).

3.3. Model validation using test set outside the training set

In order to assess the predictive power of Eq. (1) further, a test
set of log BB values are predicted. The experimental and predicted
log BB values are listed in Table 2 and plotted in Fig. 3.

As may be seen from Table 2 and Fig. 3, the predicted logBB val-
ues from Eq. (1) are in good agreement with the respective exper-
imental ones and only 3 compounds (94, 95, and 105) are predicted
above or near two standard deviations. The RMSE value (root mean
square error) calculated on the 25 validation compounds is 0.53.
Considering the experimental difficulties and the varied experi-
mental conditions under which the logBB values have been
obtained, the predictive model for BBB penetration containing only
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Table 2
Experimental and calculated logBB values for the test set compounds and their
descriptors

Compound Mw nyor logBB
Exp. Pred? Pred” PredS Predd

87 Theophylline 1802 7 -029 -0.70 -143 -0.512 -0.86
88 Caffeine 1942 6 -0.06 -042 -1.03 -0.219 -0.40
89 Antipyrine 1882 3 -0.10 024 -0.03 0474 039
90 Ibuprofen 2063 3 -018 030 -0.09 -0.555 0.20
91 Codeine 2994 5 055 006 -075 0271 0.12
92 Pentobarbital 2263 7 012 -0.55 -0.77 -0.191 -0.81
93 Alprazolam 3088 4 004 030 -058 0332 0.16
94 Indomethacin 3578 6 -126 -011 -1.07 -1.032 052
95 Oxazepam 286.7 6 061 -0.18 -0.70 -0476 0.39
96 Hydroxyzine 3749 5 039 011 -020 0128 0.10
97 Desipramine 3189 2 1.20 077 077 0426 0.99
98 Midazolam 3278 3 036 055 -0.02 0400 049
99 Verapamil 4546 6 -0.70 -0.18 -132 -1.111 1.07
100 Promazine 2844 2 123 072 078 0832 1.02
101 Chlorpromazine 3189 2 1.06 0.77 0.86 0710 1.01
102 Trifluoroperazine 3524 2 144 079 070 0459 098
103 Thioridazine 3706 2 024 079 089 1.062 0.92
104 BCNU 2141 6 -052 -036 -0.56 -0.570 0.54
105 Phenserine 3374 6 1.00 -0.12 -0.23 0.230 0.08
106 Physostigmine 2754 6 0.08 -0.20 -0.50 0.007 0.05
107 Terbutylchlorambucil 360.3 3 1.00 057 0.28 -0.227 0.50
108 Didanosine 2362 9 -130 -097 -1.95 -0816 -1.19
109 Zidovudine 2672 11 -072 -135 -237 -1.024 -1.92
110 Nevirapine 2663 6 0.00 -0.22 -095 -0.285 -0.11
111 SB-222200 3805 4 030 034 019 0426 0.05

@ Predicted from Eq. (1).

" Predicted from the model developed by Feher et al. [12].
¢ Predicted from the model developed by Luco [11].

9 Ppredicted from the model developed by Fu et al. [20].
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Fig. 3. Relationship between experimental and predicted logBB values for the test
set.

molecular weight and number of polar atoms performs reasonably
well.

This model compares favorably with others reported by Luco
and Feher et al. [11,12]. A smaller training set of 61 compounds
were used to develop their models. They predicted the logBB
values for the same test set. As shown in Table 2, our prediction

results are superior to the ones obtained from the model reported
by Feher et al. (RMSE = 0.79) and as good as the three-component
model based on 25 descriptors using the multivariate partial least-
squares procedure (RMSE = 0.54). However, our model is much
simpler than their models. Eq. (1) has similar predictive ability to
our previous model (RMSE is 0.53 for the same test set) [20]. The
descriptors in the older model are molecular volume and polar
molecular surface area and in particular professional knowledge
and software are needed to calculate them. The descriptors of the
new model are molecular weight and number of polar atoms
which can be obtained very easily. Therefore, the new model can
be used for the first screening of BBB permeability more
conveniently.

4. Conclusions

The model derived in this paper for the prediction of BBB pen-
etration shows a good predictive power. It contains only three
descriptors, namely number of polar atoms, molecular weight
and square of molecular weight, which can be easy to interpret
and compute. The model appears to be very simple and likely to
give useful estimations of logBB values, so it is suitable for the
rapid prediction of the BBB penetration of drug candidates. As in
the case of most of the predictive models, our model is also only valid
for passive diffusion processes across the BBB. Cellular BBB perme-
ability might be totally different. There are non-passive transport
systems such as P-glycoprotein efflux in the brain and compounds
which are affected by these are not likely to be well predicted.
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