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Abstract—Quantitative Structure—Property Relationship models (QSPR) based on in vivo blood-brain permeation data (logBB) of
88 diverse compounds, 324 descriptors and a systematic variable selection method, namely ‘“Variable Selection and Modeling method
based on the prediction (VSMPY)’, are reported. Of all the models developed using VSMP, the best three-descriptors model is based
on Atomic type E-state index (SsssN), AlogP98 and Van der Waal’s surface area (r=0.8425, ¢ =0.8239, F=68.49 and
SE = 0.4165); the best four-descriptors model is based on Kappa shape index of order 1, Atomic type E-state index (SsssN), Atomic
level based Al topological descriptor (AlssssC) and AlogP98 (r = 0.8638, ¢ = 0.8472, F = 60.982 and SE = 0.3919). The performance
of the models on three test sets taken from the literature is illustrated and compared with the results from other reported compu-
tational approaches. Test set III constitutes 91 compounds from the literature with known qualitative BBB indication and is used for
virtual screening studies. The success rate of the reported models is 82% in the case of BBB+ compounds and a similar success rate is
observed with BBB— compounds. Finally, as the models reported herein are based on computed properties, they appear as a valu-

able tool in virtual screening, where selection and prioritization of candidates is required.

© 2005 Elsevier Ltd. All rights reserved.

1. Introduction

The escalating cost of drug discovery and development!
is due to the liabilities associated with the drugs that are
often not identified until a compound reaches the clinic,
the most expensive phase of pharma R&D. The liabili-
ties in question include non-optimum values of absorp-
tion, distribution, metabolism and excretion, as well as
toxicity, usually referred to as ADMET.>!* Blood-
Brain Barrier (BBB) Permeation of new chemical entities
(NCEs) is one of the most important ADMET proper-
ties considered in drug discovery and development.
The BBB, a complex cellular system consisting of endo-
thelial cells of the brain capillaries, plays the role of
maintaining the homeostasis of the central nervous sys-
tem (CNS) by separating the brain from the systemic
blood circulation.!! The distribution of potential drugs
between the blood and the brain depends on the ability
of compounds to penetrate the BBB. Lipophilic drugs
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can easily cross the BBB by passive diffusion; however,
polar molecules normally do not cross the BBB, but
sometimes active transport process facilitates their
permeation.

In the search of new drugs targeted at CNS disease, the
ideal drug candidates must be able to penetrate BBB
effectively. On the other hand, peripherally acting drugs
must have limited ability to cross BBB to avoid adverse
CNS effects. In experiments, the relative affinity of a
drug to the blood or brain tissue can be expressed in
terms of the blood-brain partition coefficient, logB-
B = 10g(Corain/ Cotood), Where Cprain and Cpjooq are the
equilibrium concentrations of the drug in the brain
and the blood, respectively. Experimental determination
of BBB permeation is time consuming, expensive and re-
quires a sufficient quantity of the pure compounds, often
in radiolabelled form. This stringent criterion makes it
not suitable for high-throughput screening of large com-
pound libraries.>* A reliable and easily applicable com-
putational model'%!3 for predicting BBB permeation of
drug candidates can help in early identification of com-
pounds with poor BBB penetration profile, prior even to
chemical synthesis and will therefore have a significant
impact on drug discovery and development.
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Various authors'#2® have attempted to predict BBB
permeation with molecular properties such as lipophilic-
ity (logP), topological indices, polar surface area, quan-
tum chemical descriptors, etc., some of the reported
models suffer from the use of computationally intensive
calculations, making them not amenable for virtual
screening of large libraries of compounds.!>!3 The most
common statistical methods applied in these studies are
multiple linear regression!#16:18:19.22-27 (MLR), princi-
pal component analysis?® (PCA) and partial least
squares regression'’” (PLS). While the above statistical
methods are successfully employed to develop predictive
ADMET models, surprisingly, automated variable
selection methods have received less attention, except
for few scattered reports.>2>2° We believe that auto-
mated variable selection approaches’33 provide the
following advantages over the variable reduction meth-
ods such as PLS, PCA, etc., (a) they can provide multi-
ple models, based on different combinations of
properties, thus providing the end user with multiple
solutions and (b) they help in better understanding the
mechanism of the modelled phenomenon.®> These
advantages prompted us to study the applications of
the variable selection methods to generate predictive
ADMET models and also to understand the molecular
properties that influence the various ADMET
properties.

In this paper, we describe the derivation of novel QSPR
models for BBB permeation using VSMP,3? an efficient
systematic variable selection method along with MLR.
Significantly, this is the first report as of date describing
the application of VSMP for predictive ADME model
generation to the best of our knowledge. Further, we re-
port the performance of the QSPR models based on
internal and external validations using three datasets ta-
ken from the literature and compared them with other
published computational approaches. The application
of the models for the whole medicinal chemical space
is demonstrated by performing virtual screening experi-
ments, on structurally new and diverse datasets. As the
models reported herein are based on computed proper-
ties, they appear as valuable tools for virtual screening,
where selection and prioritization of candidates is
required.

2. Results and discussion
2.1. QSPR models for BBB Permeation using VSMP

QSPR models are typically generated from manually se-
lected compounds and molecular properties, often cho-
sen by intuition and experience. The recent advances
in the field of computational chemistry have resulted
in the easy calculation of many molecular descrip-
tors>*37 with potential applications in QSPR studies.
Consequently, the process of selecting the best combina-
tion of descriptors, having high significance to a biolog-
ical property becomes extremely difficult, particularly
from a large pool of descriptors without automation.
Feature selection methods®® 33 can explore various
descriptor combinations based on a fitness criterion

and can provide efficient models; however, they are scar-
cely employed to build predictive BBB models, except
for the report of Hou and Xu.? In their study, they ap-
plied genetic algorithm, which is evolutionary in nature
and consequently does not explore all possible combina-
tions of descriptors. In the present study, we applied
VSMP?3? that efficiently explores all possible combina-
tions of descriptors and hence provides the best possible
descriptor combination within the given pool of input
descriptors. The VSMP methodology?? adopted in this
study selects the descriptor combinations based on two
parameters, namely, the inter correlation coefficient be-
tween pairs of descriptors, ri,, and the correlation coef-
ficient of prediction, ¢°. The number of descriptors to be
selected is fixed at the beginning of the selection process
and in the present study it is fixed as 3 and 4. The sub-
sequent steps involved in the selection of the descriptor
combinations are executed as explained in the original
report of Liu et al.??

The QSPR models for BBB permeation were generated
using a training set of 88 compounds, keeping the
blood-brain partition coefficient, logBB, as the depen-
dent variable. The logBB values used in the present
study are based on in vivo measurements obtained from
rat studies and the permeation of the compounds across
BBB was assumed to be predominantly by passive trans-
port. Three hundred and twenty four molecular descrip-
tors are calculated for the training set of compounds
using the in-house software, ‘Bio-suite’ and are stored
as a data table. The data table is given as an input to
VSMP program, to build models based on three and
four descriptors, keeping the inter descriptor correlation
below 0.75.

The best three of the three and four descriptor models
selected by VSMP are shown in Table 1. The best
three-descriptors model, V1, is based on descriptors
254, 311 and 320 with a correlation coefficient, R, of
0.8425, and the cross-validated correlation coefficient,
0, of 0.8239. The correlation coefficients of the other
two VSMP models, V2 and V3, are 0.8411 and 0.8329,
respectively. Significantly, the descriptors 254 and 311
are selected in all the best three-descriptor models of
VSMP. The three descriptors, in the models VI, V2
and V3 are 320, 144 and 30, respectively. The inter cor-
relation coefficient between the selected descriptors of
the three models V1, V2 and V3, range from 0.4194 to
0.5994 (Table 1).

The best four-descriptors model, V4, is based on the
descriptors 144, 254, 291 and 311 with a correlation
coefficient, R, of 0.8638, and the cross-validated correla-
tion coefficient, Q, of 0.8472. Descriptors 254 and 311
are again selected in all the best four-descriptor models
of VSMP, V4, V5 and V6; descriptor 291 is common in
V4 and V5 and 320 is common in V5 and V6. The inter
correlation coefficient between the selected descriptors
of the three models, V4, V5 and V6, ranges from 0.121
to 0.5994 (Table 1).

The regression equations derived by performing MLR
of the three-descriptor combinations are given:
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Table 1. Descriptors selected by VSMP

Sample size No. of input descriptors Model no. Selected descriptors R o F SE

88 324 Vi 254, 311, 320 0.8425 0.8239 68.49 0.4165
V2 144, 254, 311 0.8411 0.8221 67.73 0.4181
V3 30, 254, 311 0.8329 0.8147 63.45 0.4278
V4 144, 254, 291, 311 0.8638 0.8472 60.98 0.3918
V5 254, 291, 311, 320 0.8588 0.8412 58.30 0.3985
A 201, 254, 311, 320 0.8552 0.8366 56.51 0.4031

Where 30—topological Xu index, 144—Kappa shape index of order 1, 201—autocorrelation descriptor (Moran) weighted by atomic Van der Waals
radius—order 3, 254—atomic type E-state index (SsssN), 291—atomic level based Al topological descriptor (AlssssC), 311—AlogP98, 320—2D Van

der Waals surface area.

log BB = 0.378578(+0.106952)
+ 0.230139(+0.031888) * Desc254
+0.367865(40.035074) x Desc311

— 0.00652(£0.000514) * Desc320 (V1)

log BB = 0.273546(0.102171)
— 0.10856(+0.008616) * Descl44
+0.192249(40.030690) * Desc254

+0.358259(+0.034898) * Desc311  (V2)

log BB = 0.165811(£0.099806)
—0.19247(£0.015826) * Desc30
+ 0.209871(40.032088) * Desc254
+ 0.347238(40.035406) * Desc311  (V3)
The regression equations derived by performing MLR
of the four-descriptor combinations are given below:
log BB = 0.320182(£0.096654)
—0.11313(£0.008177) * Descl144
+ 0.17469(40.029186) * Desc254
+ 0.046464(4+0.0130768) * Desc291

+0.347461(+0.032848)  Desc311  (V4)

log BB = 0.413638(-£0.103019)
+0.214969(£0.030939) * Desc254
+0.039116(=£0.013224) * Desc291
+0.357370(£0.033747) * Desc311

( )

— 0.006690(£0.000495) + Desc320  (V5)

log BB = 0.355632(+0.103893)
+0.286818(£0.111011)
* Desc201 + 0.235403(40.030929)
* Desc254 + 0.334636(40.036301)
* Desc311 — 0.006140(40.000518)
x Desc320

In the equations, quantities given in parentheses are the
standard deviations of the coeflicients.

It is worth mentioning that the R value of the best four
variables model, V4, has improved marginally, by a va-
lue of 0.0213 from that of the best three variables model,
V1, and a similar trend is observed in the case of the
models, V5 and V6. Consequently, the performance of
the four variable models, V4 to V6, has shown little
improvement over the models, V1 to V3, thus implying
that the likelihood of improvement of the models with
five descriptors may not be much. In order to verify this
inference, we calculated the frequencies of the descriptors
appeared in the four variable combinations, selected by
VSMP [Supplementary information] and presented be-
low some of the significant observations: (1) There are
3050 combinations of four descriptors having the corre-
lation with logBB greater than or equal to 0.83. Of these
combinations, 2316 combinations have AlogP98 and
2294 combinations have SsssN. The other significant
descriptors are number of hydrogen bond donors and
number of hydrogen bond acceptors with 495 and 391
occurrences, respectively (Fig. 1). (2) Similarly, there
are 1393 combinations with R greater than or equal to
0.835. Out of these combinations, 1195 combinations
have AlogP98 and 1185 combinations have SsssN. Inter-
estingly, Kappa shape index of order 1 and 2D Van der
Waals surface area are the other significant descriptors
with 202 and 199 occurrences, respectively. Significantly,
as the R-value is increased, VSMP has selected combina-
tions without hydrogen bond donors and acceptors
(Figs. 2 and 3). In the case of models with R-value greater
than or equal to 0.84, there are 680 combinations of four
descriptors. Out of these 680 combinations, 639 have
AlogP98 and 632 have SsssN. Besides AlogP98 and
SsssN, the other most significant descriptors are Kappa
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Figure 1. Frequencies of the descriptors in the four-descriptor com-
binations with R-values greater than or equal to 0.83.
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shape index of order 1 (198 occurrences) and 2D Van der
Waals surface area (197 occurrences). Of the 680 models
selected by VSMP, the above four descriptors are the
most significant ones and the rest of the descriptors have
little significance (Fig. 3).
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Figure 2. Frequencies of the descriptors in the four-descriptor com-
binations with R-values greater than or equal to 0.835.
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Figure 3. Frequencies of the descriptors in the four-descriptor com-
binations with R-values greater than or equal to 0.84. Where, Desc
6—no. of hydrogen bond acceptors, Desc 7—no. of hydrogen bond
donors, Desc 9—no. of double bonds, Desc 30—Xu index, Desc 35—
mean square distance index, Desc 85-Kier and Hall valance connec-
tivity index of order 0, Desc 94—solvation molecular connectivity
index of order 0, Desc 144—Kappa shape index of order 1, Desc 147—
Kappa shape index of order 4, Desc 242—atom type E-state index—
StsC, Desc 269—atom tppe E-state index—S-hydrogen bond donor,
Desc 311—AlogP98, Desc 319—2D Van der Waals surface area, Desc
320—2D Van der Waals surface volume.

To summarize, we believe that (1) AlogP98 and SsssN
are the most important descriptors that determine the
blood-barrier permeation of a compound in our models.
The role of lipophilicity in BBB permeation is well
known!416-18.20.23.25.2649" and the significant role of
SsssN in BBB permeation is a new observation. (2) Even
though descriptors such as hydrogen bond donors,
acceptors and PSA have high individual correlation to
BBB permeation, VSMP has not selected any combina-
tions based on them. It is because, in the present study,
the criterion of selection or omission of descriptors is
based on the inter-descriptor correlation coefficient be-
tween the descriptors, which is fixed as equal to (or) less
than 0.75 and hence, these descriptors are not selected as
a combination by the VSMP program. (3) All the mod-
els have descriptors relating to (a) lipophilicity (descrip-
tor number 311), (b) shape or size (descriptors 30, 144
and 320) and (c) the property SsssN (descriptor number
254), an electro topological descriptor that arises from

the electronic environment of a tri substituted (with sin-
gle bonds) nitrogen due to its intrinsic electronic proper-
ties and the influence of other atoms on it.

2.2. Model validation

The models V1 to V6 are validated using Leave-One-
Out (LOO) method.?® In this approach, the prediction
of the property of a compound in a given set is based
on the regression equation derived from the rest of the
compounds of the set. The results of LOO cross-valida-
tions are given in Table 2 for models V1 and V4; and
similar results for the models V2, V3, V5 and V6 are
given in the Supplementary material. Similarly, a plot
of the predicted logBB values versus the observed logBB
values for the training set using V1 and V4 is shown
in Figures 4 and 5, respectively, and the plots of the
models V2, V3, V5 and V6 are given in the Supplemen-
tary material. Based on the cross-validated results given
in Table 2, we performed an analysis of the percentage
of confidence of prediction of the training set com-
pounds. The confidence level of prediction of these mod-
els is 100% for BBB— compounds with experimental
logBB values in the range of —2.15 to —0.50 and 66%
for compounds in the range of —0.50 to 0. Similarly,
the confidence level of prediction is 76% in the case of
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Figure 4. Plot of cross-validated logBB values using model V1 versus
experimental logBB values.
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Figure 5. Plot of cross-validated logBB values using model V4 versus
experimental logBB values.
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Table 2. Leave-One-Out cross-validation reports of VSMP models

Compd no. Compound name Expt logBB V1 V4

1 Cimetidine -1.42 -1.27 -1.20
2 ICI17148 —0.04 -0.72 —0.61
3 Icotidine —2.00 —1.52 —1.62
4 SK&F93319 —1.30 —0.83 —0.96
5 Lupitidine —1.06 -1.39 —1.47
6 Clonidine 0.11 0.11 0.15
7 Mepyramine 0.49 0.31 0.19
8 Imipramine 0.83 1.04 0.89
9 Ranitidine —-1.23 —1.03 —1.10
10 Tiotidine —0.82 -1.71 —1.66
11 BBCPDI10 -1.17 —0.40 —0.42
12 BBCPDI11 -2.15 —0.81 —0.72
13 BBCPDI12 —0.67 —0.58 —-0.57
14 BBCPD13 —0.66 —0.67 —0.72
15 BBCPD14 —-0.12 —0.54 —0.68
16 BBCPD15 —0.18 —0.43 —0.40
17 BBCPDS57 —1.15 —0.78 —0.76
18 BBCPDI16 —1.57 —1.10 —1.12
19 BBCPD58 —1.54 —1.08 —1.13
20 BBCPD17 —1.12 —0.49 —0.58
21 BBCPD60 -0.73 -0.33 —0.50
22 BBCPD18 -0.27 —0.10 —0.28
23 BBCPD19 -0.28 —-0.17 —0.38
24 BBCPD20 —0.46 —0.41 —0.49
25 BBCPD21 —0.24 —-0.14 —0.29
26 BBCPD22 —0.02 0.00 —0.06
27 BBCPD23 0.69 0.00 —0.09
28 BBCPD24 0.44 —0.08 —0.11
29 Zolantidine 0.14 0.30 0.19
30 BBCPD26 0.22 0.14 —0.02
31 Butanone —0.08 —0.13 —0.10
32 Benzene 0.37 0.41 0.49
33 3-Methylpentane 1.01 0.56 0.64
34 3-Methylhexane 0.90 0.62 0.69
35 2-Propanol —0.15 —0.07 0.00
36 2-Methylpropanol -0.17 —0.02 0.05
37 2-Methylpentane 0.97 0.56 0.64
38 2,2-Dimethylbutane 1.04 0.40 0.69
39 1,1,1, Trifluoro-2-chloro ethane 0.08 0.46 0.44
40 1,1,1,Trifluoro ethane 0.40 0.34 0.58
41 Diethyl ether 0.00 —0.08 0.01
42 Enflurane 0.24 0.49 0.31
43 Ethanol —-0.16 —-0.10 —0.02
44 Fluroxene 0.13 —0.02 0.03
45 Halothane 0.35 0.28 0.38
46 Heptane 0.81 0.71 0.76
47 Hexane 0.80 0.66 0.72
48 Isoflurane 0.42 0.43 0.31
49 Methylchloro pentane 0.93 0.62 0.72
50 Nitrogen 0.03 0.21 0.20
51 Pentane 0.76 0.60 0.67
52 n-Propanol —0.16 —0.02 0.05
53 Propanone —0.15 —0.27 —0.22
54 Teflurane 0.27 0.26 0.28
55 Toluene 0.37 0.48 0.55
56 Trichloro ethane 0.34 0.27 0.36
57 Acetylsalicylic acid —0.50 —0.39 —0.52
58 Pentobarbital 0.12 —0.58 —0.43
59 Physostigmine 0.079 0.38 0.59
60 Salicylic acid —1.10 —0.09 —0.17
61 Trifluoro perazine 1.44 1.25 1.46
62 Valproic acid —0.22 0.20 0.14
63 Verapamil —0.70 —0.52 —0.14
64 Zidovudine —0.72 —0.94 —1.15
65 SB222200 0.30 0.11 —0.11

(continued on next page)
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Table 2 (continued)

Compd no. Compound name Expt logBB V1 V4

66 Hydroxyzine 0.39 0.24 0.03
67 Thioridazine 0.24 1.34 1.22
68 Alprazolam 0.044 —0.19 —0.23
69 Phenserine 1.00 0.57 0.79
70 Midazolam 0.36 —0.02 —0.13
71 tert-Butyl chlorambucil 1.00 0.21 0.98
72 Codeine 0.55 —0.23 —0.12
73 Chlorpromazine 1.06 1.14 1.02
74 Promazine 1.23 0.97 0.85
75 Nevirapine 0.00 0.11 —0.06
76 Thioperamide —0.16 0.29 0.27
77 Didanosine —1.301 —1.63 —1.60
78 Ibuprofen —0.18 0.16 0.10
79 Antipyrine —0.097 0.46 0.33
80 Thiophyline —0.29 —0.42 —0.47
81 p-Acetamido phenol —0.31 —0.46 —0.48
82 Sulfahexa fluoride 0.36 0.37 0.08
83 Nitrous oxide 0.03 0.31 0.24
84 Carbon disulfide 0.60 0.44 0.55
85 Caffeine —0.055 -0.25 —0.34
86 Indomethacin —1.26 —0.23 —0.40
87 Indinavir —0.745 —1.53 —0.81
88 Oxazepam 0.61 —0.27 —0.41

BBB+ compounds with experimental logBB in the range
+0.01 to +1.0 and 100% for compounds in the range of
+1 to +1.5. Based on these analyses, we believe that the
models V1 and V4 are the best three- and four-descrip-
tor models, generated by VSMP.

2.3. External validation of test sets I and II

The quality of a predictive model is best-tested using
compounds that are not used in the training set. As we
believe that the models V1 and V4 are the best models,
we use them for external validation using test sets I and
II. The predicted logBB values of the compounds in test
sets I and II using the models V1 and V4 are given in Ta-
ble 3. Analysis of the predicted values of the compounds
in the test sets suggests that the actual predictive power
of the models reported herein is excellent. Further, we
observed the following interesting findings: (a) Of the
28 compounds used for external validation, the models
V1 and V4 are able to predict the correct logBB sign
in 82% of the cases and 93% of the cases, respectively.
(b) Compounds Y-G19 and Y-G20 are either considered
as outliers by some researchers or predicted very poorly
by some of the published models and significantly, our
models VI and V4 performed very well in these cases.
This observation augments well for the excellent predic-
tive power of the models, V1 and V4. (c) SKF101468 is
predicted to have logBB value of 0.14 by the model, V1,
and is the best predicted value for it as against the mod-
els of Hou and Xu?® and Liu et al.?3

2.4. Analysis of the cross-validation and external valida-
tion results of models V1 and V4

The models V1 and V4 are based on the largest dataset,
known as of date in the literature to the best of our
knowledge (116 compounds and 324 descriptors) and

significantly, the other reported models'#23 in the liter-

ature are based on a relatively smaller dataset. A de-
tailed investigation of the cross-validated values of the
training set compounds (Table 2), the predicted values
of the test compounds (Table 3) and the comparative
analysis of the models, V1 and V4, with other reported
models (Table 4) suggest that the predictive power of
the models, V1 and V4, are excellent. We present below
some of the interesting findings of our analysis: (1) Clo-
nidine, 6, a hypertensive agent is known to cause dry
mouth and sedation as major adverse effects.’® It has
an experimental logBB value of 0.11 and our model,
V1, predicted its value to be 0.11 and significantly all
the other reported models predicted it incorrectly. (2)
Diethyl ether, 41, a highly volatile solvent with an experi-
mental logBB value of ‘0’ is predicted well by the model
V4, which suggests, that this model can be applied to
even volatile compounds like diethyl ether, as against
the other reported models.?*?7 (3) Hydroxyzine,*° 66,
is a first generation H; antagonist, with an experimental
logBB value of 0.39 and the models V1 and V4 calcu-
lated the logBB as 0.24 and 0.03, respectively, and they
stand as the best calculated values for Hydroxyzine
among the reported models.>*?° Interestingly, Citiri-
zine,*! 123, a second generation H, antagonist is a
metabolite of Hydroxyzine and is largely excluded from
brain when given in therapeutic doses, because it does
not cross the BBB appreciably. The model, V4, pre-
dicted the logBB of Citirizine as —0.08 (Table 5), an
observation consistent with the experimental observa-
tion. (4) Pentobarbital,*> 58, a sedative-hypnotic drug
has an experimental logBB value of 0.12 and the calcu-
lated logBB values based on the models V1 and V4 are
—0.58 and —0.43, respectively. Significantly, all the re-
ported models failed to predict the logBB value of
Pentobarbital. It is well known that the carbonyl group
at position 2 takes on acidic character because of
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Table 3. Predicted logBB values of compounds in Test set I and II using VSMP

Compd no. Compound name Expt logBB V1 V4
Test set 1

89 Y-Gl14 —0.30 —0.46 —0.36
90 Y-G15 —0.06 0.06 0.09
91 Y-Gl6 —0.42 —0.57 —0.43
92 Y-G19 —1.30 —0.32 —0.25
93 Y-G20 —1.40 —0.80 —0.67
94 SKF89124 —0.43 —0.04 -0.17
95 SKF101468 0.25 0.14 0.05
96 CBZ 0.00 0.17 0.05
97 CBZ-EPO —0.34 —0.01 —0.16
98 L-663581 —0.30 —0.45 —0.55
99 MI1L-663581 —1.34 —0.92 —0.32
100 M2L-663581 —1.82 -1.32 —0.80
101 Amitriptyline 0.88 0.66 0.57
Test set 11

102 Desipramine 1.00 0.48 0.41
103 Mianseren 0.99 1.14 0.95
104 ORG4428 0.82 0.06 0.21
105 ORG5222 1.03 0.66 0.55
106 ORG12962 1.64 0.30 0.48
107 ORG13011 0.16 0.37 0.70
108 ORG32104 0.52 —0.48 —0.28
109 ORG30526 0.39 0.08 0.04
110 Mirtazapine 0.53 0.89 0.71
111 Tibolone 0.40 —0.09 0.60
112 Domperidone —0.78 0.10 —0.21
113 ORG34167 0.00 —0.07 —0.15
114 90H-Resperidone —0.02 0.09 —0.24
115 Resperodone —0.67 —0.33 —0.67
116 Temelastine —1.88 —1.20 —1.21

lactam-lactim tautomerization and this can probably af-
fect the lipid-solubility property and consequently the
transport of Pentobarbital. (5) Codeine,*? 72, an analge-
sic with an experimental logBB value of 0.55 is calcu-
lated to have logBB values of —0.23 and —0.12 by the
models V1 and V4, respectively. Codeine has an excep-
tionally low affinity for opioid receptors and the analge-
sic effect of codeine is due to its conversion to morphine.
While the calculated value is different from the experi-
mental value, the metabolic behaviour of codeine ac-
counts for the difference in the logBB values. Codeine
is known to get metabolized to morphine by the cyto-
chrome P450 enzyme CYP2D6 and the major pathway
of metabolism of morphine is conjugation with glucu-
ronic acid. The two major metabolites formed are mor-
phine-6-glucuronide  and  morphine-3-glucuronide.
Although the 3- and 6-glucuronides are quite polar,
both can cross the blood-brain barrier to exert signifi-
cant clinical effects.*?

The results of the comparative study of the models V1
and V4 with other reported models are given in Table 4.

2.5. Analysis of the virtual screening results

In recent years, virtual screening methods* 47 are
increasingly used in drug discovery and development.
The performance of a predictive model is best tested
by virtual screening experiments using structurally new
and diverse chemical compounds. Among the published

reports of predictive models for BBB permeation, only
two2%-27 describe their application for virtual screening.
In our study, we chose the model V4 to screen the com-
pounds of test set III. Many of these compounds are
part of the test set used by Hutter?” and Crivori
et al.? for virtual screening studies. The results of virtual
screening are given in Table 5 and are compared with
those of Hutter.?’ Crivori et al.?° reported a success rate
of 90% in the case of BBB+ compounds (40 out of 44)
and about 65% accuracy for the BBB— compounds
(46 out of 71). Hutter?’ reported a success rate of 71%
in the case of BBB+ compounds (17 out of 24) and
81% in the case of BBB— compounds (29 out of 36).
From the analysis of the results in Table 5, it clearly ap-
pears that the prediction of BBB using V4 is very good,
with a correct classification of 80% of the BBB+ com-
pounds (32 out of 40) and about 81% accuracy for the
BBB— compounds (42 out of 52).

A detailed investigation of the results of the external pre-
diction shows interesting findings and some of them are
listed below: (1) The correct prediction of the permeation
of BBB of all the steroids 117, 125, 173, 179 and 183 sug-
gests a passive diffusion mechanism for the transport of
steroids. Of significance is that the selective permeation
properties of the major steroid hormones are well calcu-
lated and are coherent with the experimental data. (2)
Thiopental,*® 184, a well-known anaesthetic is a very ac-
tive CNS+ compound. It is predicted as BBB+ com-
pound by the model, V4, with the predicted logBB
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Table 4. Comparison of the calculated logBB values of the reported models

Compd  Expt V1 V4 Hou and Rose Hutter’”  Clark'® LomBardo Norinder Kelder Young Keseru and
no. logBB Xu?® et al.>* et al.!® et al.l’ etal’” etal'® Molnar®
1 —-142 —-128 -121 N/A —1.01 —0.90 —1.17 —0.78 —1.21 —0.85 N/A —-0.73
2 -0.04 -0.69 —0.59 —0.82 -0.37  —0.68 —0.88 —0.82 —0.46 N/A -1.07 0.12
3 -2.00 -156 —1.65 —0.90 —1.52 —1.45 —0.90 —0.68 —1.61 —1.36 —1.62 —0.63
4 -130 -0.86 —098 —1.25 -1.00 -1.27 —0.33 —0.66 -0.93 -0.73 -1.10 N/A
5 -1.06 —-137 —-144 —-135 —0.89 —1.43 —0.86 —0.80 —1.05 —1.11 —0.96 —0.76
6 0.11 0.11 0.15 —0.03 —-0.44 —042 —0.32 —0.11 —0.53 -0.01 =029 —0.31
7 0.49 0.32 0.21  N/A 0.52 0.66 0.17 —0.02 0.30 0.53 0.54 0.58
8 0.83 1.02 0.88 N/A 0.83 1.00 0.72 0.24 0.87 1.16 0.48 0.80
9 -123 —-1.04 -1.11 N/A —0.85 —0.99 —0.91 —0.49 —1.04 —-0.99 N/A —0.81
10 -0.82 -1.64 —1.60 —1.60 —-145 —-091 -1.79 —1.55 —1.46 N/A N/A —0.98
11 -1.17 -043 —045 -1.00 -0.62 —1.20 —1.03 —0.78 —-0.77 -1.07  —0.68  —0.58
12 -2.15 -0.87 —-0.77 N/A N/A N/A N/A —0.51 —0.61 N/A N/A —0.73
13 -0.67 —-0.58 —0.57 —-0.23 —0.53 —0.35 —0.68 —0.56 —1.00 —0.80 —0.61 —0.67
14 -0.66 —-0.67 —0.72 —0.57 -0.51  —0.64 —0.83 —0.51 —1.05 -0.82 N/A —1.02
15 -0.12 -0.51 —0.64 -0.32 -0.25 -0.52 —0.46 -0.27 —-0.50 N/A N/A —0.70
16 -0.18 —-042 —040 —043 -020 —0.42 —0.57 -0.93 -0.27 N/A —1.01 0.21
17 -1.15 -079 -0.77 -1.01 -0.67 —1.13 -1.13 —-1.16 —0.60 -1.57 -134 N/A
18 -1.57 -1.12 -1.14 -0.98 -096  —1.08 —1.17 —1.26 —0.92 —-1.80 N/A —1.12
19 -1.54 -110 —-1.15 -—-1.21 —-1.77 —1.44 —1.58 —1.51 —1.41 N/A —1.18 N/A
20 -1.12  -0.50 —0.60 —0.62 -0.73  —0.61 —0.78 —0.54 —-1.03 -0.83 —0.62  —0.90
21 -0.73 -0.34 —0.51 -1.49 -0.64  —0.57 —0.41 —0.43 —-0.38 -0.72 -034 N/A
22 -0.27 -0.11 -0.28 —0.37 -0.77 —0.60 —0.50 —0.34 —0.87 —0.88 —0.51 —0.49
23 -0.28 —-0.17 -0.38 —0.40 —0.54 —0.46 —0.64 —0.34 —0.70 —-0.94 N/A —-0.72
24 —-0.46 —-041 —049 -0.16 -0.26  —0.34 —0.25 —0.08 —0.53 0.03 —-0.05 —037
25 -0.24 -0.14 -0.29 0.24 0.04 —0.15 0.08 —-0.07 —0.30 0.15 —0.02 —0.16
26 —0.02 0.00 —0.06 —0.05 —0.26 —0.02 —-0.07 0.03 —0.30 0.37 0.37 0.53
27 0.69 0.02 —0.07 0.27 0.09 0.11 0.21 0.00 0.19 033 N/A 0.45
28 044 —-0.06 —0.10 0.28 0.12 0.29 0.18 —0.38 0.16 0.36 N/A 0.54
29 0.14 0.29 0.19 0.31 0.34 0.26 0.43 —-0.35 0.32 0.36 0.07 0.66
30 0.22 0.14 —-0.01 0.37 —0.19 0.05 0.09 -0.13 0.22 0.10 N/A 0.72
31 -0.08 -0.13 —0.10 —0.11 033  —0.10 —0.07 0.26 —-0.17 N/A N/A —0.28
32 0.37 0.41 0.48 0.47 0.57 0.70 0.46 0.39 0.49 N/A N/A 0.58
33 1.01 0.58 0.65 0.77 0.33 0.64 0.71 0.54 0.81 N/A N/A 0.71
34 0.90 0.63 0.70 0.87 0.33 0.81 0.79 0.55 0.82 N/A N/A 0.75
35 -0.15  -0.07 0.00 —0.21 -0.15  -0.20 —0.20 0.21 —-0.28 N/A N/A 0.34
36 -0.17 —-0.02 0.04 —0.16 —0.15 —0.07 —0.09 0.21 —0.17 N/A N/A 0.38
37 0.97 0.58 0.65 0.77 0.32 0.65 0.71 0.54 0.81 N/A N/A 0.72
38 1.04 0.42 0.70 0.76 0.20 0.86 0.69 0.53 0.80 N/A N/A 0.73
39 0.08 0.45 0.43 0.44 0.29 0.36 0.40 0.46 0.17 N/A N/A —0.15
40 0.40 0.34 0.58 0.54 —0.13 0.39 0.52 0.38 0.55 N/A N/A 0.40
41 0.00 —0.08 0.01 0.18 0.31 0.46 0.10 0.41 0.09 N/A N/A 0.62
42 0.24 0.48 0.31 0.51 —0.01 0.31 0.34 0.47 0.12 N/A N/A —0.22
43 -0.16 —-0.10 —0.02 —0.31 -0.14  -0.58 —0.26 0.16 —-0.38 N/A N/A 0.24
44 0.13 —0.01 0.03 0.28 0.12 0.56 0.25 0.42 0.00 N/A N/A 0.34
45 0.35 0.28 0.38 0.62 0.34 0.36 0.51 0.45 0.39 N/A N/A N/A
46 0.81 0.72 0.77 0.87 0.34 0.71 0.81 0.55 0.83 N/A N/A 0.74
47 0.80 0.66 0.72 0.77 0.34 0.57 0.73 0.54 0.82 N/A N/A 0.71
48 0.42 0.43 0.32 0.49 0.00 0.51 0.43 0.46 0.15 N/A N/A 0.07
49 0.93 0.63 0.73 0.70 0.29 0.81 0.64 0.52 0.80 N/A N/A 0.64
50 0.03 0.20 0.19 0.05 0.34 N/A N/A 0.17 0.51 N/A N/A N/A
51 0.76 0.61 0.68 0.66 0.34 0.84 0.65 0.53 0.80 N/A N/A 0.67
52 —-0.16 —0.02 0.05 —-0.24 —0.14 —0.19 —0.18 0.18 —-0.27 N/A N/A 0.27
53 -0.15 -0.27 —-022 —-0.25 033  —-0.12 —0.15 0.21 —-0.29 N/A N/A —0.32
54 0.27 0.26 0.28 0.49 0.27 0.38 0.44 0.50 0.31 N/A N/A —0.35
55 0.37 0.47 0.54 0.57 0.51 0.64 0.54 0.40 0.58 N/A N/A 0.64
56 0.34 0.27 0.36 0.52 0.34 0.81 0.54 0.38 0.60 N/A N/A —0.10
57 -0.50 -0.39 —-0.52 —0.56 -0.59  —0.68 N/A N/A N/A N/A N/A N/A
58 0.12 -0.56 —041 N/A —0.76 N/A N/A N/A N/A N/A N/A N/A
59 0.08 0.36 0.55 —0.31 -0.12  N/A N/A N/A N/A N/A N/A N/A
60 -1.10 -0.11 -0.19 —-0.26 —0.86 —0.76 N/A N/A N/A N/A N/A N/A
61 1.44 1.28 1.46 N/A 0.26 1.31 N/A N/A N/A N/A N/A N/A
62 -0.22 0.19 0.14 -0.11 -0.26  —0.28 N/A N/A N/A N/A N/A N/A
63 -0.70 —-0.54 -0.21 N/A -0.78 N/A N/A N/A N/A N/A N/A N/A
64 -0.72 -093 -—1.13 -149 —1.38 N/A N/A N/A N/A N/A N/A N/A

65 0.30 0.13  —0.06 0.46 1.05 N/A N/A N/A N/A N/A N/A N/A
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Table 4 (continued)
Compd  Expt V1 V4 Hou and Rose Hutter””  Clark'® LomBardo Norinder Kelder Young Keseru and
no. logBB Xu? et al.?* et al.’” et al.l” etal’” etal'* Molnar®
66 0.39 0.25 0.06 —0.04 0.02 N/A N/A N/A N/A N/A N/A N/A
67 0.24 1.22 1.10  N/A 0.89 N/A N/A N/A N/A N/A N/A N/A
68 0.04 —0.18 -0.22 N/A 0.64 N/A N/A N/A N/A N/A N/A N/A
69 1.00 0.60 0.81 0.24 0.24 N/A N/A N/A N/A N/A N/A N/A
70 0.36  —0.01 -0.11 N/A 0.29 N/A N/A N/A N/A N/A N/A N/A
71 1.00 0.25 0.99 0.62 0.36 N/A N/A N/A N/A N/A N/A N/A
72 0.55 —-0.21 -0.10 N/A -0.29 0.43 N/A N/A N/A N/A N/A N/A
73 1.06 1.13 1.02  N/A 0.88 N/A N/A N/A N/A N/A N/A N/A
74 1.23 0.99 0.89 N/A 0.97 N/A N/A N/A N/A N/A N/A N/A
75 0.00 0.11 —0.06 0.02 —0.16 N/A N/A N/A N/A N/A N/A N/A
76 —0.16 0.28 0.25 N/A —0.37 —0.36 N/A N/A N/A N/A N/A N/A
77 -130 -1.59 -1.57 -141 —1.06 N/A N/A N/A N/A N/A N/A N/A
78 —0.18 0.15 0.09 N/A —0.14 N/A N/A N/A N/A N/A N/A N/A
79 —0.10 0.43 0.30 N/A 0.34 N/A N/A N/A N/A N/A N/A N/A
80 -0.29 —-041 -045 N/A —0.32 N/A N/A N/A N/A N/A N/A N/A
81 —-0.31 —-045 -047 N/A —0.64 —0.73 N/A N/A N/A N/A N/A N/A
82 0.36 0.37 0.09 0.68 0.28 N/A N/A N/A N/A N/A N/A N/A
83 0.03 0.30 0.23  —0.07 0.34 N/A N/A N/A N/A N/A N/A N/A
84 0.60 0.45 0.55 N/A 0.34 N/A N/A N/A N/A N/A N/A N/A
85 —-0.06 —-0.23 -0.30 N/A 0.06 N/A N/A N/A N/A N/A N/A N/A
86 —-1.26 —-0.29 -045 N/A -0.77 N/A N/A N/A N/A N/A N/A N/A
87 -0.75 —-141 -0.78 N/A —-1.12 —0.98 N/A N/A N/A N/A N/A N/A
88 0.61 -0.25 -0.38 N/A —0.53 N/A N/A N/A N/A N/A N/A N/A
N/A—not available.
value of 0.03, whereas it was predicted as BBB— by Hut- Table 5. Virtual screening results
ter?” and Cruciani and co-workers.?’ (3) Mequitazine, Compd Compound Obs BBB  Pred Pred BBB
140, is a first generation antihistamic drug reported*’ no. name sign sign V4 sign Hutter
to have BBB— behaviour; however, it is g(r)ezgiicted as 17 Aldesterone _ _ —
BBB+ by the model V4 and also by others.””*" (4) An- 118 Astemizole _ _ _
other example of the utility of our model is demonstrated 119 Atenolol _ _ _
based on the prediction of the antibacterial quinal- 120 Carbidopa - - -
ones,” 3! 124, 127, 130, 135, 141-143 and 147. Even 121 Carebastine - + -
though there are different opinions on the BBB trans- 122 Carmoxirol - + -
port of quinalones, it is well known that they exhibit 123 Cetirizine - - +
a lower concentration in brain than in most other 124 Ciprofloxacin - -
tissues,”! implying a low BBB permeability. Signifi- 125 Cortisol = - N
. . 126 Desa_Loratidine — +
cantly, our models have classified all the quinalones, as 127 Difloxaci _ B B
BBB-— and this observation agrees with the experimental | oxacin
s1 128 Dopamine - - —
data. 129 Ebastine - + +
130 Enoxacin — — —
The increasing order of the BBB— permeation of the 131 Fexofenadine - + -
quinalones is in the sequence, Sparfloxacin, 147 < 132 Furosemide - -
Lomefloxacin, 135 < Enoxacin, 130 < Norfloxacin, 133 Isoxicam - - -
141 < Ciprofloxacin, 124 < Ofloxacin, 142 < Perfloxa- 134 Levodopa - - -
cin, 143 < Difloxacin, 127. (5) Loperamide, 136, is a 135 Lomefloxacin - - —~
well documented CNS— compound, but the model, 136 Loperamide B N N
. . . . 137 Loratadine - + +
V4, predicts it to have BBB+ behaviour, an observation 138 Mefloqui -
e 20.27 . 5 efloquine + +
similar to that of others.=": E)'cperlmental data  sug- 139 Meloxicam _ _ _
gest that the lack of CNS activity of Loperamide is 140 Mequitazine _ + +
due to its active removal from the brain by P-glycopro- 141 Norfloxacin _ _ _
tein at the BBB. This explains the difference in the pre- 142 Oflaxacin - - -
dicted and observed BBB behaviour of Loperamide. 143 Pefloxacin - - -
Even though the models fail to predict correctly the 144 Pirenzepine - - -
BBB profile of a few compound, the results of the 145 Piroxicam - - -
external predictions (Test set I, II and III) using 146 Salbutamol - - -
the models V1 and V4 can be considered extremely 147 Sparfloxacin - - -
. . . 148 Tenoxicam - - -
good and these models can be used in virtual screening 149 Terfenadi _ N ~
erienadine

applications.

(continued on next page)
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Table 5 (continued)

Compd Compound Obs BBB  Pred Pred BBB

no. name sign sign V4  sign Hutter
150 EMD60400 — - N/A
151 GR94839_A - - N/A
152 GR94839_B - - N/A
153 GR94839_C - - N/A
154 GRY4839_D - - N/A
155 GRY4839_E - - N/A
156 GR94839_F - - N/A
157 GR94839_G — - N/A
158 GRY4839_H - - N/A
159 GR94839_1 - - N/A
160 GR94839_L - - N/A
161 GR94839 - - N/A
162 1C1204448 - - N/A
163 1CI205640 - - N/A
164 SB204454 - - N/A
165 SB204457 - - N/A
166 SB204459 - - N/A
167 SB205563 - - N/A
168 SB205605 - - N/A
169 Apomorphine_ R + + —
170 Clobazam + + +
171 Diphenhydramine + + +
172 Doxylamine + + +
173 Estradiol + + +
174 Haloperidol + + —
175 Morphine + - +
176 Naltrexone + - -
177 Nordazepam + — +
178 Perphenazine + + +
179 Progesterone + + +
180 Promethazine + + +
181 Rivastigmine + + +
182 Roxindole + + —
183 Testosterone + + +
184 Thiopental + +

185 BRL52537 + + N/A
186 BRL52580 + + N/A
187 BRL52656 + + N/A
188 BRL52871 + + N/A
189 BRL52974 + + N/A
190 BRL53080 + + N/A
191 BRL53087 + + N/A
192 GR45809 + + N/A
193 GR85571 + — N/A
194 GR&88377 + + N/A
195 GR89696 + + N/A
196 GR89696_et + + N/A
197 GR89696_pr + + N/A
198 GR91272 + - N/A
199 ICI197067 + + N/A
200 1CI199441 + + N/A
201 Levallorphan + + N/A
202 Nalorphine + - N/A
203 RP60180 + + N/A
204 Sankyo + + N/A
205 SB201708 + - N/A
206 SB204484 + - N/A
207 Tifluadom + - N/A
208 U50488 + + N/A

3. Conclusion

In this paper, we have described global predictive mod-
els based on three and four descriptors, for blood—brain

barrier (BBB) permeation using the largest dataset of
116 diverse drugs and drug-like compounds and 324
molecular descriptors as of date, to the best of our
knowledge. For this aim, VSMP, a systematic variable
selection method along with multiple linear regression
(MLR), is employed for the first time. Unlike many of
the reported approaches, we have reported multiple
models with various combinations of descriptors. The
reported models possess excellent predictive power
(both internal and external) and their utility for virtual
screening applications is demonstrated. Finally, as the
models reported herein are based on computed proper-
ties, they appear as valuable tools for virtual screening,
where selection and prioritization of candidates is
required.

4. Methods
4.1. Datasets and BBB permeation property

A database of 116 drugs and drug-like molecules with
known logBB data from various literature sources'* 28
is created (Supplementary material) and the members
of this database constitute training set, test sets I and II.

4.2. Training set

Eighty-eight drugs and drug-like molecules constitute
the training set. The names and their corresponding
logBB values are shown in Table 2. The training set con-
sists of compounds with a wide range of molecular size
and complexity, ranging from small nonpolar molecules
such as N, to small organics such as Theophylline and
caffeine to the larger drugs Indinavir and Verapamil.
The logBB values range from —2.15 (BBCPDI1) to
1.64 (Orgl12962) and the molecular weights range from
28.0134 (Nitrogen) to 599.8148 (Indinavir).

4.3. Test sets I and 11

A total of 28 compounds were set aside as test set for
validation studies. All the data used in the training set,
test sets I and II are based on in vivo measurements ob-
tained from rat studies.

4.4. Test set 111

Test set III represents 92 drugs and drug-like com-
pounds, like, Quinalones, antibacterials, etc., that are
structurally different are used to perform virtual screen-
ing based on the models reported in the present study.
They are selected from the report of Crivori et al.?°
and of the 92 compounds, 52 are BBB— logBB com-
pounds and 40 are BBB+ compounds. ‘“+’ sign was as-
signed if their logBB value is greater than ‘0’ and ‘-’
sign was assigned if their logBB value is less than ‘0.
It contains different chemical classes such as antipsyco-
tics, dopaminergics, antihistamines of first and second
generation, anxiolotics, hypnotics, opioids, B-blockers,
CCK antagonists, acetylcholineesterase inhibitors,
quinolone antibacterials, NSAIDs, antiparkinsonians,
iron chelators and hormones.
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4.5. VSMP

All subset regression (ASR) is one of the variable selec-
tion procedures that can select the best descriptor subset
from the given dataset, but is computationally intensive.
Liu et al.*? introduced two controllable parameters,
namely, the inter-correlation coefficient between pairs
of independent descriptors (ry,) and cross-validation
correlation coefficient (Q%) into ASR, to accelerate the
speed of computation. We have implemented the algo-
rithm and in our study we have set the inter-correlation
coefficient between descriptors as 0.75.

4.6. Software

All the programs used in the present study are developed
in-house, are a part of the in-house product, ‘Biosuite’,>?
and are used to perform the following: (1) draw the 2D
structures of the compounds, (2) calculate the molecular
descriptors, (3) descriptor selection and (4) multiple lin-

ear regression and validation.

4.7. Molecular descriptors calculation

A total of 324 descriptors*37 are calculated using the
QSAR module of the in-house software, ‘Biosuite’,>* of
which 7 are physicochemical descriptors, 7 are geometri-
cal descriptors, 11 are structural descriptors and the
remaining 299 are topological descriptors. The calcu-
lated descriptors are stored as a text file, formatted into
a table using an in-house program.

4.8. Cross-validations

We have used ‘Leave-One-Out (LOO)’ method,® the
simplest and commonly used cross-validation approach,
in our studies. In this approach, the property value for a
given compound in the training set is predicted using the
regression equation derived from the data of the remain-
ing compounds. The PRESS (predictive residual sum of
squares) statistic is computed using the formula

N

PRESS = (v, — )’

i=1

where )/ is the predicted logBB value calculated after
eliminating the ith compound and y; is the experimental
logBB value. The Q value is given by
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