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Abstract  Purpose: Quantitative Structure–Permeabil-
ity Relationships (QSPerR) of the intestinal permeabil-
ity across the (Caco-2) cells monolayer could be
obtained by the application of new molecular descrip-
tors. Method: A novel topologic-molecular approach
to computer molecular design (TOMOCOMD-
CARDD) has been used to estimate the intestinal-epi-
thelial transport of drug in Caco-2 cell culture.
Results: The Permeability Coefficients in Caco-2 cells
(P) for 33 structurally diverse drugs were well
described using quadratic indices of the molecular
pseudograph’s atom adjacency matrix as molecular
descriptors. A quantitative model that discriminates
the high-absorption compounds from those with mod-
erate-poor absorption was obtained for the training
data set, showing a global classification of 87.87%. In
addition, two QSPerR models, through a multiple lin-
ear regression, were obtained to predict the P [apical to
basolateral (AP→BL) and basolateral to apical
(BL→AP)]. A leave-n-out and leave-one-out cross-valida-
tion procedure revealed that the discriminant and
regression models respectively, had a good predictabil-
ity. Furthermore, others 18 drugs were selected as a
test set in order to assess the predictive power of the
models and the accuracy of the final prediction was
similar to achieve for the data set. Besides, the use of
both regression models, in a combinative way, is possi-
ble to predict the Permeability Directional Ratio
(PDR, BL→AP/AP→BL) value. The found models were
used in virtual screening of drug intestinal permeabil-
ity and a relationship between calculated P and per-
centage of human intestinal absorption for several
compounds was established. Furthermore, this approx-
imation permits us to obtain a good explanation of the
experiment based on the molecular structural features.

Conclusions: These results suggest that the proposed
method is able to predict the P values and it proved to
be a good tool for studying the oral absorption of drug
candidates during the drug development process.

INTRODUCTION

The estimation of human oral absorption of new drug
candidates in the early stage of the drug discovery pro-
cess is a useful tool in the lead-compound selection (1-
2). Several in vitro approaches, based on cell cultures,
have been used in this area over the last few years.
Among the cell culture models, the Caco-2 cell line is
the most widely employed and it has been investigated
like a potential in vitro model for drug absorption and
metabolism studies (3-4). In this sense, considering the
similarity of Caco-2 cell with the small intestine
enterocytes and their capacity to express carrier-medi-
ated transport systems and typical small intestinal
enzymes (3-4), the permeability coefficient across
Caco-2 cell monolayer (P) is increasingly used to esti-
mate the oral absorption of new chemical entities (5-7).

Nevertheless, the permeability of compounds that are
transported via carrier-mediated absorption is lower
than that obtained through the human small intestine.
In addition, these carcinoma colon cells have poor per-
meability for hydrophilic compounds, which can pass
through this barrier by paracellular route (through the
intercellular space) (8). Furthermore, due to cancerous
origin of this cell line, they over-express the P-glyco-
protein with the consequently lower permeability’s in
the absorptive direction (9). Finally, the long culture
period with the consequent high-research cost and the
difficulty to extrapolate these in vitro results with the
in vivo situation are considered as main practical limi-
tations.
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In order to accelerate the growing of Caco-2 cell mono-
layer a rapid culture system has been used (Paccelerate)
(10). 

On the other hand, the theoretical approach appears to
be a good alternative to prediction of human absorp-
tion for new drug candidates obtained by combinato-
rial chemistry methodologies (11-13), avoiding
significant failure in late stage of the drug-discovery
process (14). In the last few years, graph-theoretical
methods have become one of the most important tools
for quantifying molecular structure. These theoretical
strategies have emerged as a promising solution to the
efficient search of new lead compounds (15) and it has
been very useful to elucidate quantitative structure-
property (QSPR) and quantitative structure-activity
(QSAR) relationships. Trying to demonstrate the
importance and relevance of the theoretical methods in
the determination of the drugs absorption, the main
objectives of the present work were, to find a quantita-
tive model that discriminates, within the data set, the
high-absorption compounds from those with moder-
ate-poor absorption; and to develop quantitative rela-
tionships between the structure, expressed by the
quadratic indices of the molecular pseudograph’s atom
adjacency matrix (16-18), and the P in both membrane
directions, using a multiple linear regression method.
Finally, to use both obtained models on virtual screen-
ing of drug intestinal permeability.

THEORETICAL APPROACH

The general principles of the quadratic indices of the
“molecular pseudograph`s atom adjacent matrix” for
small-to-medium sized organic compounds have been
explained in some detail elsewhere (17, 18). However,
an overview of this approach will be given. 

The molecular vector (X) is constructed in order to cal-
culate the molecular quadratic indices for a molecule
where the components of this vector are numeric val-
ues, which represent a certain atomic property.

These properties characterize each kind atom within
the molecule. Such properties can be the electronega-
tivity, density, atomic radii, and so on. 

If a molecule consists of n atoms (vector of ℜ n), then
the kth total quadratic indices, qk(x) are calculated as a

quadratic form (q:ℜ n→ℜ ) in canonical basis as
shown in Eq. 1,

 (1)

where, kaij = kaji (symmetric square matrix), n is the
number of atoms of the molecule and X1,…,Xn are the
coordinates of the molecular vector (X) in a system of
basis vectors of the ℜ n. One can choose the basis vec-
tors the coordinates of the same vector will be differ-
ent. The values of the coordinates depend thus in an
essential way on the choice of the basis. The so-called
canonical ('natural') bases, ej denote the n-tuple having
1 in the jth position and 0's elsewhere. In the canonical
bases, the coordinates of any vector X coincide with
the components of this vector. For that reason, those
coordinates can be considered as weights (atom-labels)
of the vertices of the pseudograph. 

The coefficients kaij are the elements of the kth power of
the matrix M (G) of the molecular pseudograph (G).
Here, M (G) = M = [aij], denote the matrix of qk(x)
with respect to the natural basis. In this matrix n is the
number of vertices (atoms) of G and the elements aij are
defined as follows: 

 (2)

where, E(G) represents the set of edges of G. Pij is the
number of edges between vertices vi y vj and Lii is the
number of loops in vi. 

Given that aij = Pij, the elements aij of this matrix repre-
sent the number of bonds between an atom i and other j.
The matrix Mk provides the number of walks of length k
that links the vertices vi and vj. For this reason, each edge
in M1 represents 2 electrons belonging to the covalent
bond between atoms (vertices) vi and vj; e.g. the inputs of
M1 are equal to 1, 2 or 3 when appears simple, double or
triple bonds between vertices vi and vj, respectively. On
the other hand, molecules containing aromatic rings with
more than one canonical structure are represented like a
pseudograph. It happens for substituted aromatic com-
pounds such as pyridine, naphthalene, quinoline, and so
on, where the presence PI(π) electrons is accounted by
means of loops in each atom of the aromatic ring. Con-
versely, aromatic rings having only one canonical struc-
187



J Pharm Pharmaceut Sci (www.ualberta.ca/~csps) 7(2):186-199, 2004
ture, such as furan, thiophene and pyrrol are represented
like a multigraph. 

On the other hand, the defining equation (1) for qk(x)
may be written as the single matrix equation:

 (3)

or in the more compact form,

 (4)

where [X] is a column vector (a nx1 matrix) of the
coordinates of X in the canonical base of ℜ n, [X]t the
transpose of [X] (a 1xn matrix) and Mk the kth power of
the matrix M of the molecular pseudograph G (mathe-
matical quadratic form's matrix). In Table 1, the calcu-
lation of six quadratic indices for acetylsalicylic acid is
exemplified.

Table 1: Definition and calculation of six (k = 0-5) total
quadratic indices of the molecular pseudograph’s atom
adjacency matrix of the molecule of acetylsalicylic acid.

In addition to a total quadratic indices computed for
the whole-molecule a local-fragment (atom and atom-
type) formalism can be developed. These descriptors
are termed local quadratic indices of the “molecular

pseudograph´s atom adjacency matrix”, qkL(x). The
qkL(x) are graph-theoretical invariant for a given frag-
ment FR (connected subgraph) within a specific
pseudograph G. The definition of these descriptors is
as follows:

 (5)

where m is the number of atoms of the fragment of
interest and kaijL is the element of the file “i” and col-
umn “j” of the matrix Mk

L= Mk(G, FR) [qkL(x) = qk(x,
FR)]. This matrix is extracted from the Mk matrix and
contains the information referred to the vertices of the
specific molecular fragments (FR) and of the molecular
environment. The matrix Mk

L= [kaijL] with elements
kaijL is defined as follows: 

 (6)

with the kaij being the elements of the kth power of M.
These local analogues can also be expressed in matrix
form by the expression:

 (7)

Note that for every partitioning of a molecule into Z
molecular fragment there will be Z local molecular
fragment matrices. That is to say, if a molecule is parti-
tioned into Z molecular fragments, the matrix Mk can
be partitioned into Z local matrices Mk

L, L = 1,... Z and
the kth power of matrix M is exactly the sum of the kth

power of the local (‘molecular fragment’) Z matrices,

 (8)

or in the same way as Mk = [kaij] where, 

 (9)

and the total quadratic indices is the sum in the qua-
dratic indices of the Z molecular fragments,

 (10)
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Any local quadratic index has a particular meaning,
especially for the first values of k, where the informa-
tion about the structure of the fragment FR is con-
tained.

High values of k are in relation with the environment
information of the fragment FR considered inside the
molecular pseudograph (G). 

Atom and atom-type quadratic indices are specific case
of local quadratic indices (for FR = atom or atom-type).
In this sense, the kth atom-type quadratic indices are
calculated by summing the kth atom quadratic indices
of all atoms of the same atom type in the molecule.

In the atom-type quadratic indices formalism, each
atom in the molecule is classified into an atom-type
(fragment), such as heteroatoms, heteroatoms H-bond-
ing acceptor (O, N and S), halogens, aliphatic carbon
chain, aromatic atoms (aromatic rings), an so on. For
all data sets, including those with a common molecular
scaffold as well as those with very diverse structure, the
kth atom-type quadratic indices provide much useful
information.

In any case, whether a complete series of indices is con-
sidered, a specific characterization of the chemical
structure is obtained (whole structure or fragment),
which is not repeated in any other molecule. The gen-
eralization of the matrices and descriptors to “superior
analogues” is necessary for the evaluation of situations
where only one descriptor is unable to bring a good
structural characterization (19). These local indices can
also be used together with total indices as variables of
QSAR and QSPerR models for properties or activities
that depend more on a region or a fragment than on
the whole molecule.

METHODS

TOMOCOMD-CARDD Approach

TOMOCOMD is an interactive program for molecular
design and bioinformatics research (16-18). The pro-
gram is composed by four subprograms, each one of
them dealing with drawing structures (drawing mode)
and calculating 2D and 3D molecular descriptors (cal-
culation mode). The modules are named CARDD
(Computed-Aided ‘Rational’ Drug Design), CAMPS
(Computed-Aided Modelling in Protein Science),

CANAR (Computed-Aided Nucleic Acid Research)
and CABPD (Computed-Aided Bio-Polymers Dock-
ing). In this paper, we outline salient features con-
cerned with only one of these subprograms: CARDD.
This subprogram was developed based on a user-
friendly philosophy without prior knowledge of pro-
gramming skills. 

The calculation of total and local quadratic indices for
any organic molecule (or any drug-like compounds)
was implemented in the TOMOCOMD-CARDD soft-
ware (16). The main steps for the application of this
method in QSAR/QSPerR can be briefly resumed as
follows:

1. Draw the molecular pseudographs for each mole-
cule of the data set, using the software-drawing
mode. This procedure is carried out by a selection
of the active atom symbol belonging to different
groups of the periodic table,

2. Use appropriated atom weights in order to differ-
entiate the molecular atoms. In this work, we
used as atomic property the Mulliken electronega-
tivity (20) for each kind of atom,

3. Compute the total and local quadratic indices of
the molecular pseudograph’s atom adjacency
matrix. They can be carried out in the software
calculation mode, which you can select the atomic
properties and the family descriptor previously to
calculate the molecular indices. This software gen-
erate a table in which the rows correspond to the
compounds and columns correspond to the total
and local quadratic indices or any others family
molecular descriptors implemented in this pro-
gram,

4. Find a QSPerR/QSAR equation by using statisti-
cal techniques, such as multilinear regression anal-
ysis (MRA), Neural Networks (NN), Linear
Discrimination Analysis (LDA), and so on. That
is to say, we can find a quantitative relation
between P values and the quadratic indices hav-
ing, for instance, the following appearance, 

 (11)

where *qk(x) [or qkL(x)] is the kth total [or local] qua-
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dratic indices, and the ak’s are the coefficients obtained
by the linear regression analysis.

5. Test the robustness and predictive power of the
QSPerR/QSAR equation by using internal and
external cross-validation techniques,

6. Develop a structural interpretation of obtained
QSPerR/QSAR model using quadratic indices as
molecular descriptors.

The descriptors used in order to achieve the theoretical
models were the following: 

(1) qk(x) and qk
H(x) are the kth total quadratic indices cal-

culated using the kth power of the matrices [Mk (G)] of
the molecular pseudograph (G) considering and not
considering hydrogen atoms respectively. 

(2) EqkL(x) [or EqkL
H(x)], AqkL(x) [or AqkL

H(x)] and Hqkk(x) are
the kth local quadratic indices calculated using a kth

power of the local matrices [Mk
L(G, Fi)] of the molecu-

lar pseudograph (G) not considering (or considering)
hydrogen atoms for heteroatoms (S, N, O), aromatic
systems and hydrogen-bonding heteroatoms (S, N, O),
respectively.

Permeability Data

The experimental data set, used in the present study,
was composed by 33 structurally diverse drugs, which
were experimentally studied by Liang et al (21).

These authors used a traditionally and accelerate Caco-
2 cell permeability model and the experimental values
of P (AP→BL) and P (BL→AP) are depicted in Tables
2 y 3, respectively. The P values of the test set of 18
drugs were taken from a study developed by Yazda-
nian and co-workers (6). The compounds used by
Liang et al. were taken from reference 6. Both studies
were carried out under the same experimental condi-
tions. The selected data set for ‘in silico’ permeability
studies included model compounds with absorption by
paracellular and transcellular diffusion, carrier-medi-
ated absorption as well as substrates for carrier-medi-
ated secretion via P-glycoprotein. These compounds
had a molecular weight between 60 and 515 amu and
their molecular charge was variable at pH 7.4 (6).

Table 2: Experimental (traditional or accelerated model)
and calculated values of the Caco-2 cell permeability
coefficients (AP→BL) of 33 compounds as well as
residuals of the regression and cross-validation.

aFrom Ref. (21). bCalculated with the Eq. (13). cResidual, 
defined as Ptraditional (obsd) - Ptraditional (calc). dResidual of the 
cross-validation.

Table 3: Experimental (by either traditional or
accelerated model) and calculated values of the Caco-2
cell permeability coefficients (BL→AP) of 17 compounds
as well as residuals of the regression and cross-
validation. 

*Outlier. aFrom Ref. (21). bCalculated with the Eq. (14). cResid-
ual, defined as Ptraditional. (obsd) - Ptraditional (calc). dResidual of 
the cross-validation.
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Statistical Analysis

All statistical analyses were developed with the STA-
TISTICA 5.5 (22). The classification analysis was done
using the Linear Discriminant Analysis (LDA). The
quality of the model was determined examining the
statistics parameter of multivariable comparison of the
regression and by the cross-validation procedure (leave-
n-out). The classification trees module was used to
carry out leave-n-out cross validation procedures. 

The linear multiple regression analysis (LMR) was
developed to obtain the quantitative models between
chemical structure and P values determined by tradi-
tional and accelerated methods.

The statistics quality of these models was evaluated
taking into consideration the statistics graphics, the sta-
tistics parameters of multivariable comparison of the
regression and the cross-validation procedure (leave-
one-out).

RESULTS AND DISCUSSION

Developing the Discrimination Function

Linear discriminant analysis (LDA) was employed
with the aim of developing a function that discrimi-
nates between high and moderate-poor absorbed com-
pounds. For this purpose, this data set was split into
two subsets according to the quantitative value of P
(AP→BL) (23): the first group was composed by 18
compounds (high-absorption group; P (AP→BL) ≥
10x10-6cm/s) and the second one   by 15 compounds
with moderate-poor absorption (P (AP→BL) < 10x10-

6cm/s). The range selection for permeability coefficient
in Caco-2 cells is a bottleneck whether a correlation
with the human absorption is searched. Several classifi-
cation methods have been described in the literature,
(6, 24-26) where the inter-laboratory and experimental
variability is considered. Nevertheless, if all the
approaches reported in the literature are analyzed, it
can be stated that a value of P greater than 10x10-6cm/s
will classify good-absorption compounds (70-100%).
Taking into consideration the reported selection
approaches, a second group with moderate-poor
absorption (<10x10-6cm/s) was selected, although in
this range a high variability is appreciated when the
human oral absorption is predicted from the P values
(6, 24-26). 

From a practical perspective the established boundary,
assure that classified compounds have a good absorp-
tion profile. The best classification model found, by a
forward-stepwise variable selection procedure,
together with the statistical parameters, is shown
below: 

 (12)

where, N is the number of compounds, λ is Wilks´
coefficient, F is the Fisher ratio, D2 is the squared
Mahalanobis distance and p-value is the significance
level. The Wilks´ λ parameter for overall discrimina-
tion can take values in the range of 0 (perfect discrimina-
tion) to 1 (no discrimination). The Mahalanobis distance
indicates the separation between the respective groups.
This model classified correctly 80.00% of compounds
with moderate-poor absorption properties and a 94.44%
of compounds with high absorption. The global classifi-
cation for the data set was 87.87%. Only four com-
pounds were classified bad, one of them with high
absorption was classified as a moderate-poor absorption
drug (3.03%, false negative compound) and three
belonging to the moderate-poor absorption group were
classified as high-absorption drugs (9.09%, false posi-
tive compounds). 

From a practical point of view and in the development
of the classifier model, the prediction of false negatives
is considered more important because they are com-
pounds that will be rejected for their poor predicted
intestinal absorptions and therefore they will never be
evaluated experimentally, and their true absorption
would never be discovered. On the contrary, the false
positive compounds eventually will be detected. 

In Table 4 are shown the results of classification and a
posteriori probabilities for the 33 compounds of the
data set. The predictability of the model obtained by
LDA was assessed through a leave-one-out (LOO)
cross-validation procedure. In this methodology, the
model was built after removing one compound and the
resulting model was used to predict the property of the
one removed. This was repeated to obtain a prediction
for every compound. Using this approach, the model
classified correctly 80.00% and 94.44% of compounds
from the training set that belong to the moderate-poor
and high-absorption group, respectively.
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The global classification of the cross-validation was
87.87%.

Table 4: Results of Compounds Classification for the
Data and External Prediction Set (AP→BL).

aObserved classification: H (high-absorption group) and M-P 
(moderate-poor absorption group). bProbability calculated. 
cProbability calculated LOO cross-validation. dProbability cal-
culated for the test set. *Misclassified Compounds for the test set. 

For a more exhaustive testing of the predictive power
of the found model a leave-n-out (LnO) cross valida-
tion procedures was carried out using the classification
tree module (22). The selected conditions for the vali-
dation procedure were discriminant-based linear com-
bination as split method, prune on misclassification
error as stopping rule and the same prior probabilities
than in Eq. 12. Once the selected conditions are
applied in the classification trees’ module, Eq. 12 is
obtained and a LnO procedure can be developed vary-
ing the folding parameter of the cross validation. This
model shown a 91.3, 91.5, 93.8, 91.8, 92.0 and 92.2% of
good global classification when n varied from 2 to 7
respectively in the LnO cross validation procedures.
The model was stabilized around 92.5% when n was >
7 (see Figure 1).In addition, to assess the predictive
power of the model an external prediction set of 18
drugs was used, where the percentage of good global
classification was 88.88%. If we considered the data set
and the test set together (full set) the percentage of
good classification was 88.23%. At the bottom of Table

4 appear the obtained results for the external predic-
tion set. As it can be seen, in both series, the predict-
ability and robustness of the theoretical model was
demonstrated.

Figure 1: Result obtained to assess the predictive power
of the discrimination model (Eq. 12) using LnO Cross-
Validation procedure. The model (Eq. 12) was stabilized
around 92.5% when n was > 7. 

From the full data set, only 6 compounds were classi-
fied badly. Two drugs (salicylic acid and phenytoin)
were classified as false negative and four as false posi-
tive compounds (bremazocine, uracil, acebutolol and
Acetylsalicylic acid). The high percentage of misclassi-
fied compounds belongs to the moderate-poor absorp-
tion group. In this set, they were included compounds
with P values lower than 10x10-6. This is a logic result
due to the fact that in this group there are some com-
pounds with high variability in relation to the human
absorption values and it is not always possible an
extrapolation between human absorption and the P
values (P < 10); for example a drug like acebutolol (P
= 0.51) has a 90% of human absorption (27). In addi-
tion, others compounds such as acetylsalicylic acid (P
= 9.09) and bremazocine (P = 8.02) have P values close
to the selected limit value (10x10-6) and in the first case
the low percentage of classification (57.06%) can be
explained when the human absorption value is consid-
ered (100%) (6). 

The Regression Models

With the aim of predicting the P values, we develop
two quantitative models that relate the quadratic indi-
ces of the molecules with the P (AP→BL) and P
(BL→AP). The best linear regression models for P were
obtained by a forward stepwise procedure; the equa-
tion and the statistical parameters are shown below:
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 (13)

 (14)

where, R is the multiple regression coefficient, s the
standard deviation of the regression, sCV are the stan-
dard deviation of the LOO cross-validation procedure;
F is the Fisher ratio at the 95% confidence level and p-
value is the significance level.

In Tables 2 and 3, the values of experimental and calcu-
lated permeability coefficients for the data set are
given, and in the Figures 2 and 3, the existing linear
relationships between them are depicted. In the devel-
opment of the quantitative model for description of P
(BL→AP) of the data set, one compound was detected
as statistical outliers (Caffeine). Outliers’ detection was
carried out by using the following standard statistical
tests: residual, standardized residuals, studentized resid-
ual and Cooks’ distance (28). 

Figure 2: Correlation between experimental and
calculated P (AP→BL) values of 33 compounds of the data
set.

Figure 3: Correlation between experimental and
calculated P (BL→AP) values of 16 compounds of the data
set. Caffeine was detected as statistical outlier. For this
reason, this compound was excluded of the statistical
analysis.

Several researchers have explored QSPerR involving
Caco-2 cell permeability. In these studies, some types
of molecular descriptors have been introduced, where
size and hydrogen-bonding descriptors (13), polar sur-
face area (PSA) (8, 29, 30), Molsurf-derived descriptors
(31), MO-calculation (11) and using membrane-interac-
tion analysis (32) are included. These QSPerR models
have predicted the P values with a reasonable accuracy,
although the numbers of compounds in the data sets
have been limited. For example, Fujiwara et al. consid-
ered quadratic and interactive terms (11) in the equa-
tions and the correlation coefficients were 0.74 and
0.76, respectively. In the same paper, these authors
increased the correlation coefficient up to 0.790 using a
neural network. In addition, van de Waterbeemd et al.
obtained an R-value for P between 0.513 and 0.884
(13). In other paper, Ren and Lien (33) developed a
QSAR analysis where an adequate regression coeffi-
cient value, for the same data set of 51 compounds used
in this study, was obtained (0.79). Finally, in a recently
study developed by Kulkarni et al. (32), about predic-
tion of P values, 6 predictive models were obtained
using Multidimensional Linear Regression (MLR) and
the R values were between 0.86 and 0.92; but in this
case only 74% from the original data set (6) was cho-
sen.

Interpretation of QSPerR Models

Up to now, it is known that the absorption is influ-
enced by a different kind of interactions. Several stud-
ies have demonstrated that the permeability
coefficient, measured by a transport through Caco-2
monolayer cell cultures, is correlated with lipophilicity
(6, 12, 13, 33), while others emphasize on the role of
hydrogen-bonding capacity or charge (7, 8, 12, 13). A
paradigm of structure-permeability relationship has
been expressed as (13):

 (15)

As it can be observed, in the discriminant and the
regression models, the included variables are very close
to the factors that influence on the P values. These fac-
tors are related with the structural features of mole-
cules. For example in Eq. 12, the variables Hq2L(x),
Hq4L(x) and Hq7L(x) are connected with the hydrogen
atoms as donors, while the Eq1L

H(x) and Eq3L
H(x) vari-

ables contain information about the number of hydro-
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gen acceptors and the charge of molecules. All of them
are related with the total hydrogen bond capacity. P
negatively depends on these descriptors. The values of
these molecular indices increase with the rise of the
numbers of heteroatoms and the hydrogen bond to
heteroatoms in the molecules. For this reason, we can
say that these molecular descriptors have a negative
contribution to P. These are a logical results because
increasing the number of heteroatoms and the hydro-
gen bound to heteroatoms in the molecules decrease
the permeability across the biological membrane. This
effect is rather close to the molecular lipophilicity
decrease and the possibility of the molecule of ioniza-
tion and to obtain a charge. The charge factor is related
with the negative charge of the biological membrane
(34). This observation is supported by a study devel-
oped by Ren et al., where the same full set used in the
present study. First, a low regression coefficient (R =
0.749) was evidenced when anionic, cationic and neu-
tral compounds (the full set), were studied using the
net charge of molecules like a descriptor. When these
compounds where divided into three subgroups,
namely neutral, cationic and anionic compounds,
much better correlation coefficients (R = 0.968, 0.915
and 0.931, respectively) were obtained (33). 

Other descriptor with a positive contribution to the
discriminant function is q0.q0(x). This variable contains
information about the molecular weight and conse-
quently of the size of molecules. For this reason,
although, the number of heteroatoms is increased (neg-
ative contribution to the permeability coefficient) the
quadratic influence of molecular size (descriptor)
should increase the permeability of molecules. In addi-
tion, these properties (molecular weight, size), H-
bonding and charge are components of lipophilicity
(13). For each property there are limited ranges as it is
established in the Rule- of- 5 (1), but anyone is indepen-
dent (35).

Taking into consideration the above mentioned
approach it should be considered that successful drug
candidates will be characterized by an optimal range of
values for H-bonding, lipophilicity and size (36) and
for this reason, compounds with extreme positive val-
ues of these properties could have a marked negative
effect on permeability across the biological membrane
(13). 

As it can be seen, in the case of the linear regression
model there are some influences of the local and the
total descriptor of different orders, in similar way to
the classification function. In the Eq.13, it appears the
variable Aq14L(x) that indicates the presence and size of
aromatic systems. In order to describe the P (AP→BL)
and P (BL→AP) the descriptors selected by the regres-
sion process, in both equations, were different. This
fact suggests that the transport process is different in
two directions, explaining that some compounds are
potential substrate of cellular efflux pumps (21). Dur-
ing the last few years, the Caco-2 cell model has been
used to evaluate whether new chemical entities have
possible cellular efflux pumps. For compounds that are
cellular efflux pump substrates the P (BL→AP) value
will be higher than P (AP→BL) (21) and for com-
pounds that are not substrates the ratio between this
two values should be near to 1. This ratio is called the
Permeability Directional Ratio (PDR, BL→AP/
AP→BL). For this reason through the use of both
regression models, in a combinative way, it is possible
to predict the PDR value. This theoretical approach
appears like a new alternative to the study of cellular
efflux pump.

Virtual Screening and Correlation with ‘in vivo’ 
Data

One of the most important aspects of any quantitative
structure-permeability model is its ability to predict the
studied P for any compound not included in the data (or
training) set. Virtual screening has emerged as an inter-
esting alternative to the handling and screening of large
databases in order to find a reduced set of new potential
drug candidates (37-39). In the present study, we simu-
lated a virtual search of P (AP→BL) values by using the
discriminant function (Eq. 12) and regression equation
(Eq. 13) obtained through the TOMOCOMD-CARDD
approach. In Table 5, the Caco-2 cell permeability data
for 134 structurally diverse compounds, obtained from
different sources are summarized (32, 33, 40-50). Some-
times they were obtained P experimental values from
two or more sources, existing significant variability in
these values. Several researchers have demonstrated
inter-laboratory differences for Caco-2 cell permeability
studies (8, 51).

The evaluation results of these compounds are given in
Table 5.
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Table 5: Result of the Virtual Screening for 134
Structurally Diverse Compounds.

References where were collected the P values. bPermeability coefficient: 
P (AP→BL) x10-6cm/s, obtained from literature. cPermeability coeffi-
cient: P (AP→BL) x10-6cm/s, obtained using regression model (Eq. 13). 
dClassification and probability obtained using discriminant function 
(Eq. 12): H [high-absorption group (P (AP→BL) ≥ 10x10-6cm/s)] and M 

[moderate-poor absorption group (P (AP→BL) < 10x10-6cm/s)]. fO-
cyclopropane carboxylic acid ester.

As can be seen in this Table, most of the 134 evaluated
compounds are adequately predicted, although it
should be considered that collected data are influenced
by variations in cell culture conditions such as passage
number, type of medium, day in culture, as well as the
experimental conditions used for their measurement. It
is obvious that from the results the quality of the pre-
dictions corroborates the predictive power of the mod-
els found and justified their use in the prediction of this
important property. Besides, this is not a fortuitous
result due to the data set used in this study including
absorption model compounds such as drugs with para-
cellular passive absorption (e.g. atenolol, furosemide,
mannitol, terbutaline), transcellular passive absorption
(e.g. antipyrine, ketoprofen, metoprolol, piroxicam),
active transport processes (carrier-mediated up-take,
e.g. Gly-Pro and L-phenylalanine) and carried mediated
secretion via P-glycoprotein (e.g. talinolol, cimetidine,
acebutolol, ranitidine, chlorothiazide).
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On the other hand, the ‘in silico’ estimated intestinal
permeability could be used as a predictor of the true
fraction of the absorbed drug. 

The theoretical relationship between the fraction of
drug absorbed (Fa) and permeability has been
described by Amidon et al. (52):

 (16)

When the absorbed dose fraction, from human studies,
is compared with the predictive P, a good relationship
between the theoretical and observed values is
obtained. 

The following Table 6 a, b demonstrates this relation
for several compounds used in the study.

Table 6: a Caco-2 cell permeability coefficients calculate
using discriminant and regression models and percent GI
absorption in human from the different reports for
compounds with moderate-poor absorption.

Table 6: b Caco-2 cell permeability coefficients calculate
using discriminant and regression models and percent GI
absorption in human from the different reports for
compounds with high absorption

aReferences where were collected the P values. bPermeability 
coefficient: P (AP→BL) x10-6cm/s, obtained from literature. 
cPermeability coefficient: P (AP→BL) x10-6cm/s, obtained using 
regression model (Eq. 13). dClassification and probability 
obtained using discriminant function (Eq. 12): H [high-absorp-
tion group (P (AP→BL) ≥ 10x10-6cm/s)] and M [moderate-poor 
absorption group (P (AP→BL) < 10x10-6cm/s)]. eHuman frac-
tion absorbed.

CONCLUSIONS

The total and local quadratic indices appear to be a
promising structural invariant. Using these molecular
indices and statistical techniques, a function discrimi-
nant that allows the correct classification of 87.87% of
the compounds in the data set was developed. Using
multiple regressions, two QSPerR models were
obtained for the description and determination of P
(AP→BL) and P (BL→AP) transport across monolayer
of intestinal epithelial (Caco-2) cell. A LnO and LOO
cross-validation procedure revealed that the discrimi-
nant and regression models respectively, had a fairly
good predictability. Furthermore, other 18 drugs were
selected as a test set (external prediction set) in order to
assess the predictive power of the models. The P values
of the test-set compounds were predicted with the
same accuracy as the compounds of the data set. The
use of both regression models, in a combinative way, is
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possible to predict the Permeability Directional Ratio
(PDR, BL→AP/ AP→BL) value. The obtained models
were used in virtual screening for drug intestinal per-
meability obtaining good relation with in vivo human
absorption data. The ‘in silico’ methodology, used in
this study, shows how to provide an excellent alterna-
tive to the experimental models for rank-ordering com-
pounds by reducing time and cost. Moreover, this
approximation permits us to obtain significant inter-
pretation of the experiment result in terms of the struc-
tural features of molecules. The application of the
present method to the prediction of pharmacokinetic
properties for several classes of organic compounds is
now in progress and will be the subject of a future pub-
lication.
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