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Abstract

In the present study, we developed an approach involving a combination of molecular orbital (MO) calculation and
neural network to predict Caco-2 cell permeability (log P,,;,) from the molecular structure of compounds. For a total
of 87 compounds with log P,,, values obtained from the literature, three-dimensional molecular structures were
determined by MO-calculation, and then five molecular descriptors were obtained, namely, the dipole moment,
polarizability, sum of charges of nitrogen atoms (sum(N)), oxygen atoms (sum(0O)), and hydrogen atoms bonding to
nitrogen or oxygen atoms (sum(H)). The correlation between these five molecular descriptors and log P,,, was
analyzed using a feed-forward back-propagation neural network with a configuration of 5-4-1 for input, hidden, and
output layers found suitable for predicting Caco-2 cell permeability. A leave-one-out cross-validation procedure
revealed that the neural network model possesses a fairly good predictability as far as Caco-2 cell permeability is
concerned (predictive root mean square error (RMSE) = 0.507), and better than the simple and quadratic regression
model (predictive RMSE = 0.584 and 0.568, respectively). © 2002 Elsevier Science B.V. All rights reserved.
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1. Introduction through the intestinal epithelium. However,
many of the compounds derived from combina-
torial synthesis and high throughput screening
have inappropriate properties for oral absorp-
tion, such as low solubility and low permeabil-
ity, so that the rate of success in drug
development is quite low (Lipinski et al., 1997).
For efficient drug discovery and development,
the design of suitable libraries prior to synthesis,
i.e. the selection of subsets, is required. Compu-

The oral route is generally preferred for drug
administration because of its ease and good pa-
tient compliance. In a drug discovery setting,
therefore, it is important to design and develop
compounds that can be absorbed -effectively
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Wessel et al. (1998) recently reported a quanti-
tative structure—property relationship (QSPR)
model to predict human fractional absorption
data for a large and diverse set of drugs and
‘drug-like’ compounds, where the error in predic-
tion of human fractional absorption was 16.0%
for the testing dataset. Hirono et al. (1994) re-
ported quantitative property—bioavailability rela-
tionships for 188 different compounds, where
individual equations for three categories of the
data possess a reasonable accuracy. Generally
speaking, however, prediction of human oral
bioavailability is difficult, because it depends on
several distinctive processes such as dissolution,
membrane transport, and metabolism.

In vitro experimental methods make it possible
to examine large numbers of samples, decrease the
quantity of the compounds required, and give a
clearer interpretation of results. Therefore, in
vitro screening, e.g. Caco-2 cell permeability mea-
surements, is routinely performed in an early
stage of drug discovery (Hildalgo et al., 1989;
Artursson et al., 1996; Delic and Rubas, 1997).
To develop specialized expert systems to predict
these properties would greatly help the design of
compound libraries.

Several investigators have explored QSPR in-
volving Caco-2 cell permeability. In their studies,
various types of molecular descriptors have been
introduced to the QSPR modeling, including size
and hydrogen-bonding descriptors (Waterbeemd
and Camenisch, 1996), (dynamic) polar surface
area (PSA) (Waterbeemd and Kansy, 1992; Palm
et al., 1996; Krarup et al., 1998), and Molsurf-
derived descriptors (Norinder et al., 1997). These
QSPR models can predict Caco-2 cell permeabil-
ity with a reasonable accuracy, although the num-
ber of compounds in the datasets is limited.

In this study, we tried to develop a QSPR
model for a larger set of Caco-2 cell permeability
data obtained from different sources. We calcu-
lated molecular descriptors of structurally diverse
compounds by a semi-empirical molecular orbital
(MO)-calculation method, and then applied an
artificial neural network to the multivariate analy-
sis between molecular descriptors and Caco-2 cell
permeability. An artificial neural network is a
computer-based system derived from a simplified

concept of the brain, that have been proven to be
effective in predicting the octanol/water partition
coefficient (Breindl et al., 1997), oral bioavailabil-
ity (Wessel et al., 1998), and clinical pharmacoki-
netic data (Brier et al., 1995) for a number of
drugs, as well as the influence of pharmaceutical
formulations (Kesavan and Peck, 1996). We com-
pared the neural network approach and multiple
linear regression with respect to the predictability
of Caco-2 cell permeability.

2. Materials and methods
2.1. Molecular descriptors for QSPR analysis

The structures of the compounds were built
with Chem 3D Pro Ver. 5.0 software (Cambridge-
Soft Co., Cambridge, MA) and modeled in their
neutral forms. Geometry optimization was per-
formed initially by molecular mechanics (MM?2)
force field and subsequently using the AMI
Hamiltonian of a semi-empirical MO PACkage
(MOPAC97). Molecular descriptors of each com-
pound in its optimum geometry were then calcu-
lated. These descriptors included dipole moment,
polarizability, sum of charges of nitrogen atoms
(sum(N)), oxygen atoms (sum(0O)), and hydrogen
atoms bonding to nitrogen or oxygen atoms
(sum(H)).

2.2. Prediction models generated by neural
network

The calculated molecular descriptors and
log P,,, were correlated using a feed-forward 3-
layered neural network. The input layer consisted
of five molecular descriptor variables (dipole mo-
ment, polarizability, sum(N), sum(O), and
sum(H)), whereas the output layer consisted of
the response variable, the logarithm of the Caco-2
cell permeability coefficient (log P,,,). Before
training was started, the input values were scaled
between — 1 and 1, while the output data were
scaled between 0 and 1. An error back-propaga-
tion algorithm was used for network training,
where the learning rate and momentum parame-
ters were 0.05 and 0.7, respectively. The range of
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weights was varied from — 3 to 3. The goodness-of-
fit was evaluated by the predictive root mean square
error (RMSE) defined as follows:

RMSE — \/Z (log Papp,observed - lOg Papp,calculated)2

n

The predictability of a neural network model was
evaluated using a leave-one-out procedure. This
method systematically removed one data point at
a time from the data set. A neural network model
was then constructed on the basis of this reduced
data set and subsequently used to predict the
removed data point. This procedure was repeated
until a complete set of predicted values was ob-
tained.

2.3. Analysis of variance for data compilation
problem

To check whether each sub-dataset from differ-
ent sources could be combined with the others,
analysis of variance for the residual sum of squares
(RSE) was carried out. First, for an entire dataset,
the RSE was calculated using a neural network
model. Next, a set of data from a source was taken
out, and then the neural network model was
re-optimized followed by calculation of the RSE.
The difference in the RSE between before and after
taking out the sub-dataset (ARSE) was analyzed by
an analysis of variance. The F value can be calcu-
lated using the following equation:

- _ ARSE/m
7= RSE/(I — n)

where / and m are the numbers of data in the entire
dataset and the removed sub-dataset, respectively;
n is the degree-of-freedom of a neural network
model. If the probability corresponding to the F
value was less than 0.05, the sub-dataset was
regarded significantly different from the rest data-
sets.

3. Results

Table 1 summarizes the Caco-2 cell permeability

data (log P,,,) for 87 structurally diverse com-

pounds, obtained from nine different sources (Ar-
tursson, 1990; Artursson and Karlsson, 1991;
Haeberlin et al., 1993; Rubas et al., 1993; Hovgaard
et al., 1995; Augustijns et al., 1996; Collett et al.,
1996; Yee, 1997; Yazdanian et al., 1998). Even when
log P,,, for the compounds obtained from two or
more sources, the log P,,, values were not aver-
aged, so that distinctiveness of each sub-dataset
could statistically be evaluated. Therefore, 129
log P,,, values were used for the following multi-
variate analyses.

Table 2 summarizes five molecular descriptors
calculated by the MO method for the compounds
used in this study. This dataset included compounds
that are very different in structure and membrane
permeability. Each parameter of the compounds
exhibited a wide range: dipole moment (u, 0.62—
11.05), polarizability (e, 10.9-335.2), sum(N) ( —
1.973-0), sum(O) (— 3.861-0), sum(H) (0-1.672)
and log P,,, (— 6.96— — 3.88). Table 3 summarizes
the correlation coefficient (r) between any two
molecular descriptors. The average was 0.324, and
the highest r value was 0.671. Thus, severe multi-
collinearity of the descriptors was not observed.

Multiple linear regression analysis of 129 1log P,
values using five molecular descriptors as explana-
tory variables gave the following equation:

log P,,,=(—4.17+0.33) + (—0.104 £ 0.055)u
+(1.40 +£2.14) x 103«
+(0.227 4 0.231)sum(N)
+(—0.020 £+ 0.163)sum(O)
+ (—1.297 £ 0.360)sum(H)
(n=129,R*>=0.559,5 = 0.562,F5 |3
=31.24,P<1E —19) (1)
where the values in parentheses are regression
coefficients with 95% confidence intervals; 7 is the
number of drugs; R is the correlation coefficient;
and s is the standard error. To consider combined
effects of the descriptors, quadratic and interactive
terms were also incorporated in the following
regression analysis. The regression model optimized

by forward—backward stepwise selection was as
follows:
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Table 1
Caco-2 cell permeability (log P

app.

) for 87 structurally diverse compounds obtained from nine sources

Compound log P,,, (cm/s)*

A B C D E F G H |
Acebutolol —5.35 —6.29
Acebutolol ester® —4.11
Acetylsalicylic acid —5.62 —4.51 —5.04
Acyclovir —5.70 —6.60
Alprenolol —4.39 —4.39 —4.12 —4.60
Alprenolol ester® —3.97
Aminopyrine —4.44
Artemisinin —4.52
Artesunate —5.40
Atenolol —6.70  —6.69 —6.33 —6.28
Azithromycin —5.98
Benzyl penicillin —-5.71
Betaxolol —4.31
Betaxolol ester® —4.02
Bremazocine —5.10
Caffeine —4.30 —4.51
Chloramphenicol —4.69
Chlorothiazide —6.72
Chlorpromazine —4.70
Cimetidine —6.30 —5.51 —5.86
Clonidine —4.52 —4.66
Corticosterone —4.26 —4.67
Desipramine —4.67 —4.61
Dexamethasone —4.90 —4.57 —4.63 —4.91
Dexamethasone-B-D-glucoside —6.36
Dexamethasone-B-D-glucuronide —5.94
Diazepam —4.15 —4.48
Dopamine —5.03
Doxorubicin —6.80
Erythromycin —5.43
Estradiol —4.77
Felodipine —4.64
Fluconazole —4.53
Ganciclovir —5.57 —6.42
Griseofulvin —4.44
H216/44 —6.04
Hydrochlorothiazide —5.82 —6.29
Hydrocortisone —4.67 —4.45 —4.85
Ibuprophen —4.28
Imipramine —4.85
Indomethacin —4.69
Labetalol —5.03
Mannitol —6.75 —5.49 —6.19 —6.42
Meloxicam —4.71
Methanol —3.88
Methotrexate —-5.92
Methylscopolamine —6.16
Metoprolol —4.57 —4.57 —4.63
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Table 1 (Continued)
Compound log P,,, (cm/s)*

A B D E F G H |

Nadolol —541
Naloxone —4.55
Naproxen —4.13
Nevirapine —4.52
Nicotine —4.71
Olsalazine —6.96
Oxprenolol —4.18
Oxprenolol ester® —4.01
Phencyclidine —4.61
Phenytoin —4.57
Pindolol —4.78
Pirenzepine —6.36
Piroxicam —4.45
Practolol —6.05 —6.05
Prazocin —4.36
Progesterone —4.10 —4.63
Propranolol —4.38 —4.38 —4.08 —4.56 —4.66
Propranolol ester® —3.98
Quinidine —4.69
Ranitidine —6.31
Salicylic acid —4.92 —4.66
Scopolamine —4.93
Sucrose —5.71
Sulphasalazine —6.89 —6.52
Sumatriptan —5.52
Taurocholic acid —4.46
Telmisartan —4.82
Tenidap —4.29
Terbutaline —6.42 —6.33
Testosterone —4.29 —4.14 —4.60
Timolol —4.35 —4.89
Timolol ester® —4.10
Trovafloxacin —4.52
Uracil —5.37
Urea —5.34
Valproic acid —4.32
Warfarin —4.42 —4.68
Zidovudine —5.16
Ziprasidone —491

“ A: Artursson (1990); B: Artursson and Karlsson (1991); C: Haeberlin et al. (1993); D: Rubas et al. (1993); E: Hovgaard et al.
(1995); F: Augustijns et al. (1996); G: Collett et al. (1996); H: Yee (1997); I: Yazdanian et al. (1998).

® O-cyclopropane carboxylic acid ester.

log Py, = (—3.83 +0.24)
+ (= 1.660 + 0.402)sum(H)
+(—0.177 + 0.067)u
+(—6.07 + 3.61) x 10~ 2usum(O)

+ (—0.319 £+ 0.207)sum(N)sum(O)
+ (—0.471 £+ 0.486)sum(N)sum(H)
(n=129,R*=0.582,5 = 0.547, Fs 53

=34.18,P < IE —21)

(@)
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Table 2

Computed molecular descriptors for the compounds used for the present analysis

S.-i. Fujiwara et al. / International Journal of Pharmaceutics 237 (2002) 95-105

Compound ud o® sum(N)© sum(0O)¢ sum(H)®
Acebutolol 6.28 173.9 —0.662 —1.132 0.590
Acebutolol ester’ 3.48 205.1 —0.667 —1.383 0.377
Acetylsalicylic acid 1.45 85.1 0.000 —1.211 0.241
Acyclovir 5.96 117.7 —1.219 —0.900 0.857
Alprenolol 1.99 131.1 —0.301 —0.569 0.372
Alprenolol ester’ 2.96 165.1 —0.306 —0.789 0.156
Aminopyrine 4.38 133.6 —0.514 —0.304 0.000
Artemisinin 6.14 1243 0.000 —1.043 0.000
Artesunate 4.19 157.7 0.000 —1.759 0.242
Atenolol 4.13 133.9 —0.752 —0.883 0.795
Azithromycin 4.86 330.0 —0.581 —3.519 1.057
Benzyl penicillin 4.51 157.2 —0.678 —1.208 0.481
Betaxolol 1.14 190.8 —0.297 —0.843 0.371
Betaxolol ester” 2.46 157.0 —0.301 —1.136 0.164
Bremazocine 243 162.3 —0.196 —0.516 0.414
Caffeine 3.78 100.7 —0.880 —0.670 0.000
Chloramphenicol 6.00 132.9 —0.378 —0.999 0.693
Chlorothiazide 4.71 140.5 —1.872 —3.444 0.674
Chlorpromazine 2.67 180.2 —0.492 0.000 0.000
Cimetidine 9.74 141.3 —1.336 0.000 0.671
Clonidine 0.62 111.4 —0.741 0.000 0.399
Corticosterone 1.48 161.5 0.000 —1.191 0.412
Desipramine 2.31 157.6 —0.548 0.000 0.148
Dexamethasone 1.96 175.2 0.000 —1.490 0.625
Dexamethasone-f3-D-glucoside 5.01 236.2 0.000 —3.028 1.294
Dexamethasone-B-D-glucuronide 3.89 240.2 0.000 —3.305 1.367
Diazepam 3.05 161.3 —0.468 —0.310 0.000
Dopamine 2.16 78.9 —0.332 —0.452 0.698
Doxorubicin 4.02 259.5 —0.337 —2.846 1.441
Erythromycin 9.47 314.3 —0.243 —3.861 1.063
Estradiol 2.67 139.1 0.000 —0.564 0.411
Felodipine 4.73 179.7 —0.238 —1.203 0.208
Fluconazole 1.95 138.6 —0.960 —0.329 0.218
Ganciclovir 4.59 128.7 —1.206 —1.260 1.091
Griseofulvin 3.16 172.3 0.000 —1.297 0.000
H216/44 3.41 237.3 —0.990 —1.804 0.784
Hydrochlorothiazide 9.15 136.8 —1.922 —3.440 0.884
Hydrocortisone 2.85 164.9 0.000 —1.509 0.619
Ibuprophen 1.84 104.0 0.000 —0.677 0.241
Imipramine 1.25 164.6 —0.503 0.000 0.000
Indomethacin 1.45 196.0 —0.220 —1.176 0.241
Labetalol 5.03 176.0 —0.750 —0.982 1.094
Mannitol 4.48 62.8 0.000 —1.936 1.266
Meloxicam 4.58 199.4 —1.129 —2.334 0.551
Methanol 1.59 10.9 0.000 —0.321 0.194
Methotrexate 5.35 264.7 —1.973 —1.676 1.589
Methylscopolamine 11.05 171.6 —0.013 —1.077 0.209
Metoprolol 0.64 136.4 —0.294 —0.826 0.368
Nadolol 3.25 148.4 —0.292 —1.174 0.767
Naloxone 4.78 162.7 —0.270 —0.959 0.415
Naproxen 1.25 130.4 0.000 —0.885 0.241
Nevirapine 2.60 157.2 —0.846 —0.344 0.244
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Table 2 (Continued)

101

Compound u? o® sum(N)® sum(O)¢ sum(H)®
Nicotine 3.02 86.0 —0.403 0.000 0.000
Olsalazine 1.93 177.8 —0.139 —1.885 1.032
Oxprenolol 2.13 161.6 —0.302 —0.843 0.394
Oxprenolol ester’ 0.99 129.5 —0.302 —1.068 0.155
Phencyclidine 0.93 131.6 —0.300 0.000 0.000
Phenytoin 3.42 139.0 —0.817 —0.617 0.526
Pindolol 1.60 132.6 —0.519 —0.543 0.610
Pirenzepine 5.62 195.1 —1.284 —0.590 0.244
Piroxicam 4.03 190.0 —1.161 —2.348 0.545
Practolol 4.49 140.4 —0.651 —0.878 0.586
Prazocin 3.36 226.9 —1.404 —0.736 0.398
Progesterone 2.67 148.2 0.000 —0.573 0.000
Propranolol 2.04 144.3 —0.302 —0.569 0.371
Propranolol ester’ 3.72 177.3 —0.300 —0.831 0.155
Quinidine 1.96 180.6 —0.348 —0.528 0.207
Ranitidine 5.61 156.6 —0.840 —0.078 0.392
Salicylic acid 1.17 67.5 0.000 —0.955 0.510
Scopolamine 1.25 140.6 —0.253 —1.174 0.207
Sucrose 3.80 136.0 0.000 —3.323 1.672
Sulphasalazine 5.64 240.9 —1.059 —2.658 0.765
Sumatriptan 3.11 160.7 —1.260 —1.732 0.448
Taurocholic acid 5.84 2239 —0.402 —3.794 1.082
Telmisartan 6.25 335.2 —0.741 —0.660 0.245
Tenidap 4.67 146.3 —0.341 —0.842 0.000
Terbutaline 3.96 109.9 —0.313 —0.812 0.804
Testosterone 4.14 134.3 0.000 —0.606 0.197
Timolol 1.53 153.4 —1.139 —0.783 0.361
Timolol ester’ 4.45 186.4 —1.152 —0.998 0.156
Trovafloxacin 6.73 223.5 —0.979 —0.945 0.539
Uracil 4.19 54.6 —0.730 —0.664 0.532
Urea 3.18 24.2 —0.782 —0.371 0.810
Valproic acid 1.80 76.2 0.000 —0.681 0.239
Warfarin 1.87 167.9 0.000 —1.012 0.240
Zidovudine 2.05 130.9 —1.032 —1.298 0.475
Ziprasidone 2.80 235.6 —1.145 —0.308 0.257

* Dipole moment (u).

® Polarizability ().

¢ Sum of charges of nitrogen atoms (sum(N)).
4 Oxygen atoms (sum(O)).

¢ Hydrogen atoms bonding to nitrogen or oxygen atoms (sum(H)).

£ O-cyclopropane carboxylic acid ester.

Consideration of the quadratic and interactive
terms improved the multiple correlation coeffi-
cient and standard error of the regression.
Utilization of a neural network model is an-
other way to find a nonlinear relationship between
causal factors and their results. In applying a
neural network to prediction of log P,,, from
molecular descriptors, the number of units in the

hidden layer needs to be optimized. Predictive
RMSE obtained by a leave-one-out cross-valida-
tion procedure was used as a measure of the
goodness of a neural network model. Table 4
summarizes RMSE to the entire dataset, predic-
tive RMSE from leave-one-out cross-validation,
and degree-of-freedom of 3-layer neural networks
with varying number of units in a hidden layer.
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The predictive RMSE was lowest for a neural
network model with a 5-5-1 configuration; how-
ever, the value (0.500) was almost the same as
that of a 5-4-1 neural network (0.507). Consider-
ing the degree-of-freedom of these two models, a
5-4-1 neural network was adopted as the optimal.
To compare the predictability between linear
regression and neural network analyses, leave-
one-out cross-validation was also carried out for
the above-mentioned simple and quadratic regres-
sion models. Fig. 1 shows the relationship be-
tween observed and predicted log P,,,. Predictive
RMSEs were 0.584 and 0.568 for the simple and
quadratic models, respectively, which was much
larger than that of a 5-4-1 neural network (0.507).
Thus, the neural network model gave a better
predictability than the regression models.
Inter-laboratorical variability of Caco-2 cell
permeability, which has been pointed out by sev-
eral investigators (Artursson et al.,, 1996; Delie
and Rubas, 1997), needs to be careful in compil-
ing log P,,, from a variety of sources. Therefore,
an analysis of variance was carried out to check
whether each sub-dataset could be combined with
the others. As shown in Table 5, none of the
sub-datasets were significantly different from the

Table 3
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rest of an entire dataset. Although Caco-2 cell
permeability had been measured under different
conditions (Artursson, 1990; Artursson and
Karlsson, 1991; Haeberlin et al., 1993; Rubas et
al., 1993; Hovgaard et al., 1995; Augustijns et al.,
1996; Collett et al., 1996; Yee, 1997; Yazdanian et
al.,, 1998), any of the sub-datasets could not be
excluded from a statistical point of view.

4. Discussion

Drug transport across cell membranes occurs
primarily due to passive diffusion, where parti-
tioning into and diffusion across the cell mem-
branes are involved. Solute partitioning from an
aqueous solution is determined by solute—solvent
interactions that involve dipole—dipole interac-
tions (Kamlet et al., 1987; Martin, 1993). The
permanent dipole moment of a molecule is di-
rectly related to these interactions. The polariz-
ability of the molecule is also responsible for
solubility phenomena, since it determines in-
ducible dipole moments. Hydrogen bonding is
another important force to determine solute—sol-
vent interactions. Several investigators (Kim et

The correlation matrix between the molecular descriptors for the compounds

u o sum(N) sum(O) sum(H)
I 1
o 0.338 1
sum(N) —0.340 —0.200 1
sum(O) —0.374 —0.464 0.084 1
sum(H) 0.325 0.263 —0.181 —0.671 1
Table 4
RMSE and degree-of-freedom for a feed-forward layered neural network with a 5-x-1 configuration (x=1, 2..., 7)
No. of units* 1 2 3 4 5 6 7
RMSE® 0.500 0.480 0.452 0.435 0.416 0.402 0.390
Predicted RMSE® 0.534 0.557 0.543 0.507 0.500 0.516 0.529
DF¢ 8 15 22 29 36 43 50

4 Number of units in hidden layers.
P RMSE to an entire dataset (n = 129).

¢ Predictive RMSE obtained from leave-one-out cross-validation.

4 Degree-of-freedom.
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(a) simple regression model
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(b) quadratic regression model
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(c) 5-4-1 neural network
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Fig. 1. Relationship between observed and predicted log P,,,
in the leave-one-out cross-validated prediction. (a)—(c) were
obtained from analyses using a simple regression model, a
quadratic regression model, and a 5-4-1 neural network, re-
spectively. The shaded area expresses the range of the RMSE
between experimental and predicted log P,,,. Predictive
RMSE and the correlation coefficient (r) between experimen-
tal and predicted log P,,, are given in each graph.

al.,, 1996; Goodwin et al., 2001) have suggested
that hydrogen-bonding potentials be a major fac-
tor in determining the Caco-2 cell permeability of
solutes. This would be associated with the process

of ‘stripping’ a molecule from its water of hydra-
tion. These properties of a molecule can be ob-
tained from their 3-dimensional structure by
MO-calculation. In this study, we tried to predict
Caco-2 cell permeability from a physicochemical
point of view, using MO-derived molecular de-
scriptors (i.e. the dipole moment, polarizability,
sum(N), sum(O) and sum(H)).

The molecular size of a solute is another impor-
tant factor, determining the diffusivity in biologi-
cal membranes. Therefore, the molecular volume
or weight is often considered in the QSAR models
for prediction of membrane permeability (Lien
and Gao, 1995; Waterbeemd and Camenisch,
1996; Goodwin et al., 2001). It is known that the
polarizability of a molecule is a good measure of
its volume (Atkins, 1994). In fact, the calculated
polarizability of the compounds currently investi-
gated correlates closely with their molecular
weight (r?>=0.866, the data not shown). There-
fore, when the polarizability was used as a molec-
ular descriptor, it would not be necessary to use
the molecular volume (or weight) of the
compound.

The relationship between causal factors and
their results has often been analyzed by multiple
linear regression analysis. However, if only the
strict additivity of contributing descriptors were
used, this would fail to take into account informa-
tion involving the combined effect of several fea-
tures. In addition, a nonlinear relationship might
be needed when effects of heterogeneity of the
permeation pathway are considered. This problem
might be overcome to some degree by considering
quadratic and interactive terms of the descriptors
(Eq. (2)). Alternatively, a neural network can
simulate a nonlinear relationship between causal
factors and their results. When the leave-one-out
cross-validation was carried out to check the pre-
dictability for Caco-2 cell permeability (Fig. 1), a
neural network model gave a much better pre-
dictability than simple and quadratic regression
models.

The PSA has been found to be a very effective
descriptor for predicting Caco-2 cell permeability
(Palm et al., 1996; Krarup et al., 1998) and hu-
man intestinal absorption (Palm et al., 1997;
Clark, 1999; Pickett et al., 2000). It is interesting
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Table 5
The analysis of variance for the RSE between before and after taking each sub-dataset using a 5-4-1 neural network model

Dataset A B C D E F G H 1

n® 17 6 3 3 12 2 6 29 51
ARSEP 5.61 1.01 0.39 0.52 3.05 0.60 2.34 6.72 12.40
F value® 1.352 0.687 0.535 0.704 1.040 1.238 1.594 0.949 0.996
Pe 0.178 0.661 0.660 0.552 0.419 0.294 0.157 0.548 0.496

2 The number of data.

® Difference in the RSE between before and after taking out the sub-dataset.
¢ F-test was carried out using RSE = 24.42 (degree-of-freedom = 100 ( = 129 —29)).

d Probability corresponding to the F value.
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Fig. 2. Frequency distribution of log P,,, calculated by the

5-4-1 neural network for 139 approved orally active drugs.

to compare the present approach with the PSA
approach. Eighty-three log P,,, data of the com-
pounds, of which the PSA was available from
the literature (Clark, 1999), were analyzed by
these two approaches. When a leave-one-out
cross-validation held for the PSA approach, the
cross-validated predictive RMSE value was
0.622. Even when molecular weight was consid-
ered in addition to PSA (Waterbeemd and Ca-
menisch, 1996), the predictability was not so
much improved (predictive RMSE = 0.606). Our
approach, that gave a predictive RMSE of
0.477, appears to be superior to these ap-
proaches.

To what extent do orally active drugs perme-
ate Caco-2 cell monolayers? We estimated the
Caco-2 cell permeability for 139 approved orally
active drugs using our neural network model
(Fig. 2). A distribution of the estimated log P,,,

for orally active drugs was negatively skewed
(skewness of — 0.790). These simulations suggest
that most of the approved drugs easily cross the
cell monolayers. This result would be reason-
able, supposing that orally active drugs need to
be effectively absorbed into the systemic circula-
tion. In addition, approximately 90% of these
compounds have a log P,,, of more than — 6.0.
This could be a criterion for membrane perme-
ability at an early stage of drug discovery.

In conclusion, the prediction of Caco-2 cell
permeability from the molecular structure is
possible using a combinatorial approach of MO-
calculation and neural network. This approach
would be useful in drug discovery settings where
the likelihood of success in the later stages of
drug development needs to be improved.
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