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Abstract—Human blood:air, human and rat tissue (fat, brain, liver, muscle, and kidney):air partition coefficients of a diverse set of
organic compounds were correlated and predicted using structural descriptors by employing CODESSA-PRO and ISIDA pro-
grams. Four and five descriptor regression models developed using CODESSA-PRO were validated on three different test sets. Over-
all, these models have reasonable values of correlation coefficients (R?) and leave-one-out correlation coefficients (R2,): R* = 0.881—
0.983; R2 = 0.826-0.962. Calculations with ISIDA resulted in models based on atom/bond sequences involving two to three atoms
with statistical parameters that were similar to those of models obtained with CODESSA-PRO (R*=0.911-0.974;
R2 = 0.831-0.936). A mixed pool of molecular and fragment descriptors did not lead to significant improvement of the models.

© 2005 Elsevier Ltd. All rights reserved.

1. Introduction

Tuning the biosolubility of chemicals is a promising tool
that has been extensively applied in recent drug discov-
eries and in anesthesiological and toxicological studies.
In practice, the biological effects of inhaled chemicals
have been related to exposure concentration (concentra-
tion in ambient air) but more fundamentally, the biolog-
ical effects depend on chemical concentration in the
target organ. On account of importance of the solubility
of solutes in biological systems, several attempts have
been made to correlate and to predict such solubilities,
especially huge gaseous solutes in blood.!-?

Such solubilities are best explained in terms of partition
coefficients, that is, ratios of concentrations achieved be-
tween two different media at equilibrium. Thus, solubil-
ity of a chemical in blood and tissue, indicated as
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blood:air and tissue:air partition coefficients, are impor-
tant physicochemical properties for understanding the
pharmacokinetics of organic solvents.

Partitioning of a compound to a specific tissue depends
on the affinities of the specific compound for blood and
for the tissue. The partitioning behavior of volatile
organic compounds (VOCs) can be studied by the deter-
mination of partition coefficients in an in vitro closed
vial system. Sato and Nakajima? used a vial-equilibra-
tion method, for the measurement of the partition coef-
ficients of several aromatic hydrocarbons and ketones in
water, blood, and oil. This experimental method needs
no direct measurement of the concentration either in
the liquid or in the air phase: it utilizes the ratio of gas
chromatographic peak heights of air in the sample and
reference vessels.

A modification by Gargas et al.* of the vial-equilibration
technique of Sato and Nakajima? is currently being used
by investigators for determining the blood:air and tis-
sue:air partition coefficients for volatile solvents in tissue
homogenates. These techniques are attractive because
no elaborate experimental apparatus is required and
the partition coefficient can be determined by measuring
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headspace concentrations in test vials and appropriate
reference vials, with no requirement for measuring
chemical concentrations in the test medium.* The parti-
tion coeflicients from saline and olive oil to blood, liver,
muscle, and fat tissues of rats were determined* for 55
organic compounds using the modified vial equilibration
method. These authors also determined the human
blood:air partition coefficients of 36 diverse organic
compounds using the same method.*

Blood:air and tissue:air or tissue:blood partition coeffi-
cients are important indicators of pulmonary uptake
and distribution of volatile chemicals in mammalian
systems.>~® Such coefficients constitute an integral com-
ponent in the development of physiologically based
pharmacokinetic (PBPK) models.” !

Hetrick et al.!3 considered that the most sensitive param-
eters in a physiological model associated with the tissue
concentration of chemicals are the blood:air or tissue:air
partition coefficients. Subsequently, detailed PBPK mod-
els have been developed to describe the metabolic rate
constants, gas pharmacokinetics, and biotransformation
of chemicals, and to correlate and predict toxicokinetics
of chemicals in rat and human tissues.!#33

Payne and Kenny3° reviewed several published models
for calculating blood:air, tissue:air, or tissue:blood par-
tition coefficients of volatile organic chemicals in human
or rat tissues, from functions of their octanol-water par-
tition coefficients or solubilities in vegetable oil and
water. They compared the predicted human blood and
tissue:air, rat blood, and tissue:air partition coefficients
with experimental values for 12 chemicals, covering a
wide range of lipophilicity. These authors used the ratio
of predicted to experimental partition coefficients and
their mean, R, ca,, and the mean magnitude of the differ-
ence between predicted and experimental values of log P,
E to assess the accuracy of each model. For the above
set of 12 chemicals, the empirical equations of Meulen-
berg and Vijverberg®” and the empirical solvation equa-
tion of Abraham and Weathersby®® were the most
accurate for human blood:air partition coefficients. It
was found3® that the prediction of rat blood:air partition
coefficient was less accurate owing to difficulties in mod-
eling the significant effects of protein binding. Overall,
the empirical equation of Meulenberg and Vijverberg®’
was the best available for the prediction of rat blood:air
partition coefficient in the above set of compounds.

To avoid experimental cost and time, several structure-
based prediction models were proposed by various
authors. In 1984, Fiserova-Bergerova et al.’ reviewed
the effects of biosolubility on pulmonary uptake and dis-
position of gases and vapors of lipophilic chemicals,
reporting that the determination of tissue—gas (air) par-
tition coefficients is tedious, and for highly soluble
chemicals it brings along a large experimental error. It
has been shown that molecular connectivity indexes pro-
vide reasonable information on tissue-gas partition
coefficients of a series of aliphatic halogenated chemi-
cals. A zero-order connectivity index is suggested for
prediction of bioavailability of new chemicals with sim-

ilar structures.’> Several structure-based models have
been used in investigating the relationship between
chemical structure and biological toxicological, and
environmental behavior of organic chemicals.?* 4

Recently, structure-based models were reported by Basak
et al.*3 for the prediction of rat tissue:air partition coeffi-
cients of 46 low molecular weight volatile chemicals.
Structural descriptors (topostructural, topochemical,
and 3-dimensional) and calculated octanol:water parti-
tion coefficient as descriptor variable and three linear
regression methods (ridge regression (RR), principal
component regression (PCR), and partial least-squares
(PLS)) were used to develop QSPR models. The authors
reported the prediction of human blood:air partition
coefficients of 31 volatile organic chemicals** (R, =
0.874) and rat blood:air partition coefficients for a diverse
set of 37 organic chemicals®® (R2, = 0.944) using the
topochemical descriptors (TC). They concluded that for
both QSPR predictions (rat tissue:air and human blood:-
air partition coeflicients) ridge regression (RR) is superior
to PCR or PLS and topochemical descriptors are superior
to other structural and experimental property data. A
bilinear regression of rat tissue:air (R%, = 0.894) and hu-
man blood:air (RS, = 0.889) partition coefficients with
oil:air and saline:air partition coefficients was devel-
oped,**** as well as a trilinear equation employing four
species-specific parameters (neutral lipid equivalent con-
tent of tissue, water equivalent content of tissue, protein
content of tissue, and fraction of total protein involved
in the partitioning process) and three chemical-specific
parameters (vegetable oil:air, water:air, and protein:air
partition coefficients).*® In the latter approach, each addi-
tive term is a product of species-specific parameter(s)
times a chemical-specific parameter.

QSPR models developed by our group have predicted
aqueous solubility, vapor pressure, and water air
partitioning coefficients of structurally diverse com-
pounds.*”*3 Recently, we*” have developed QSPR models
for rat blood:air, saline:air, and olive oil:air partition
coefficients using theoretical molecular descriptors. A
training set of 100 diverse organic compounds were select-
ed for the development of regression model for rat blood:-
air partition coefficients. Subsequently, the saline:air and
olive oil:air partition coefficients values were also mod-
eled. The predictive power of these models tested on 33
compounds not included in the training set was satisfacto-
ry: correlation coefficients of 0.791 for rat blood:air, 0.794
for saline:air, and 0.846 for olive oil:air.

The present study aimed to build QSAR multiple regres-
sion models, to correlate and predict the human blood:-
air, and human and rat tissue:air partition coefficients
for a diverse set of 162 organic compounds. Two differ-
ent QSAR approaches applied were based on: (i) molec-
ular (CODESSA-PRO) and (ii)) fragment (ISIDA)
descriptors. The first approach uses the molecular
descriptors calculated from the structure of a molecule
either by quantum mechanical methods or by some
empirical techniques. The second approach uses counts
of substructural molecular fragments (SMF) as variables
in a multiple regression analysis.
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2. Methodology
2.1. CODESSA approach

CODESSA-PRO (comprehensive descriptors for struc-
tural and statistical analyses)>° is a comprehensive pro-
gram for developing QSAR/QSPR models. It includes
diverse statistical structure—property—activity correla-
tion techniques that can be used for the analysis in com-
bination with calculated molecular descriptors. In
particular, various algorithms based on stepwise statisti-
cal multilinear regression analysis are applicable for
searching ‘the best’ multiparameter correlation in large
spaces of natural molecular descriptors. All calculated
descriptors used in the resulting multiparameter correla-
tion equations are theoretical; hence, the value of the
property/activity of interest can be predicted for un-
known chemical structures. CODESSA-PRO methodol-
ogy has shown promising results in medicinal chemistry
applications.>! >3

2.2. ISIDA approach

The method is based on the representation of molecu-
lar graph by a limited number of topological fragments
and their contributions to a given property/activity.
Computation of fragment descriptors does not require
any knowledge of a 3D geometry and electronic struc-
ture of molecules. Regression coefficients related to
structural fragments are more easily interpretable than
those for some of the theoretical molecular descriptors.
Molecular fragments are successfully used in the diver-
sity analysis of large databases**>° and in structure—
property studies.’® ! The PASS method,®% used for
the estimation of a wide spectrum of biological activi-
ties, is also based on molecular fragments (augmented
atoms). The disadvantage of QSPR methods based
on fragments is related to the fact that they generally
use more variables than those using ‘traditional’
descriptors, thus leading to smaller values of the
Fischer criterion. However, our experience shows that
the models based on fragment descriptors are at least
as statistically stable and predictive as those molecular
descriptors involved.®*%® The success of the fragment
approach in QSAR/QSPR studies depends on the
diversity of structural fragments, as well as on the flex-
ibility of atom/bond classification. The ISIDA pro-
gram® represents a very flexible structure—property
tool since it uses many different types of fragments
(atom/bond sequences and augmented atoms) to build
QSAR models involving linear and nonlinear fitting
equations. Besides the QSAR module, ISIDA also in-
cludes the clustering and combinatorial modules which
can be efficiently used for ‘in silico’ design of new com-
pounds possessing desirable properties.

2.3. The present work

We report the QSAR modeling studies of the human
blood:air, human tissue:air, and rat tissue:air partition
coefficients for 162 diverse organic chemicals, performed
with the ISIDA program, which uses the fragment
descriptors, and with the CODESSA-PRO program,

which applies up to 780 different constitutional, geomet-
rical, topological, electrostatic, quantum chemical, and
thermodynamic descriptors calculated for the whole
molecule. All these descriptors are derived solely from
chemical structure and do not require experimental data
to be calculated. We have previously shown the advan-
tage of using a combination of both the CODESSA-
PRO and ISIDA approaches.>?

3. Data sets and calculations

The experimental values for the following human and
rat tissue:air and human blood:air partition coefficients
of a diverse set 162 organic compounds were collected
from several literature sources. Human blood:air parti-
tion coefficient data (n = 139) were collected from thirty

literature sources.’ 3340893

The human tissue partition coefficient data for
fat:air (n=42), brain:air (n = 36), liver:air (n = 30),
muscle:air  (n=39), and kidney:air (n=34) were
selected from five studies.3!-38:3%:90.94 R at tissue:air parti-
tion coefficient data for fat:air (n = 100), brain:air
(n=139), liver:air (n=100), muscle:air (n=97), and

kidney:air (n=27) were collected from 30 arti-
cles. 14-15.17.20,21,26,29.31,34,38,75,95-113

The average is taken when more than one experimental
value is reported in the literature for specific human
blood:air or human and rat tissue:air partition coeffi-
cients. The partition coefficient values were converted
to their logarithm for the present study. The experimen-
tal partition coefficient values for blood:air and tis-
sue:air in human and rats were given as supplementary
material (see SM1).

3.1. CODESSA-PRO calculations

The chemical structures were drawn by using ISIS Draw
2.4'"% and pre-optimized using molecular mechanics
force field method included in Hyperchem 7.0.!'> Final
optimization was performed with MOPAC 7.0'!¢
(implemented in CODESSA-PRO) using the AMI
semi-empirical method. Molecular descriptors of differ-
ent kinds such as constitutional, topological, geometri-
cal, charge-related, semi-empirical, thermodynamic,
molecular, atom, and bond type were calculated using
the CODESSA-PRO program.”® A gradient norm of
0.01 kcal/A was applied to the geometry optimization.

The Best Multilinear Regression (BMLR) procedure
available in the framework of the CODESSA-PRO
was used to find the best correlation models from select-
ed noncolinear descriptors. The BMLR selects the best
two-parameter regression equation, the best three-
parameter regression equation, etc., on the basis of the
highest R* value in the stepwise regression procedure.
During the BMLR procedure, the descriptor scales are
normalized and centered automatically, and the final re-
sult is given in natural scales. The result obtained by
BMLR is the best representation of the property in the
given descriptors’ pool.
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Intercorrelations among the descriptors were checked by
using BMLR options with maximum intercorrelation
(R? < 0.40) for building the models throughout the en-
tire studies. For the development of QSAR models, dur-
ing the stepwise regression procedure, it is important to
decide when to stop the addition of descriptors. An
excessive number of descriptors leads to over-correlated
equations that are difficult to interpret in terms of inter-
actions and mechanisms. A simple procedure to control
the proliferation of descriptor is the ‘break point.” From
analyses of the plot of the number of descriptors (k) in-
volved versus the squared correlation coefficient (R?),
and the cross-validated square correlation coefficient
(R%,), using the values corresponding to the property
models, it appears that the statistical improvement of
the model is higher (steeper ascent of the relationship)
until one point (the ‘break point’) and beyond that
improvement is negligible. Consequently, the model cor-
responding to the break point shows the optimum num-
ber of descriptors to be used in modeling that property.

3.2. ISIDA calculations

The structure—property modeling was performed using
the QSPR module of the ISIDA program, which realizes
the SMF method.®” The SMF method is based on the
splitting of a molecular graph into fragments (subgraphs),
and on the calculation of their contributions to a given
property Y. Two different classes of fragments are used:
‘sequences’ (I) and ‘augmented atoms’ (II). Three sub-
types AB, A, and B are defined for each class. For the frag-
ments I, they represent sequences of atoms and bonds
(AB), of atoms only (A), or of bonds only (B). Only the
shortest paths from one atom to the other are used. For
each type of sequence, the minimum (7,,;,) and maximum
(Mmax) number of constituted atoms must be defined.
Thus, for partitioning I(AB, nyin — fmax), L(A, fimin —
Nmax)> and I(B, npmin — max), the program generates ‘inter-
mediate’ sequences involving 7 atoms (Mmin < 7 < Hmayx)-
In the current version of ISIDA, 1, = 2 and s, < 6.
The number of types of sequences’ of different lengths cor-
responding to ny,;, = 2 and ny,, = 61s equal to 15 for each
of three sub-types AB, A, and B.

An ‘augmented atom’ represents a selected atom with its
environment including either neighboring atoms and
bonds (AB), or atoms only (A), or bonds only (B).
Atomic hybridization (Hy) can be taken into account
for augmented atoms of the A-type.

Once a molecular graph is split into constitutive frag-
ments, any corresponding quantitative physical or
chemical property Y is calculated from the fragment
contributions using linear (FE1) or nonlinear (FE2)
and (FE3) fitting equations:

Y=a,+» aNi+T, (FE1)

Y=a,+» aN:i+Y b(2N;-1)+TI, (FE2)

Y=a,+» aNi+Y buNiNi+T, (FE3)
i ik

where a; and b;(b;) are fragment contributions and
N; is the number of fragments of i type. The a, term
is fragment independent. The a; and b;(by) are the
same for corresponding fragments for all compounds
from the given set. An extra term I’ =) ¢,,D,, can be
used to describe any specific feature of the compound
using external descriptors D,, (e.g., topological, elec-
tronic, etc.); by default '=0 . Eq. FE1 represents
a molecular property as a linear combination of frag-
ment contributions. Eq. FE2 representing the three
first terms of Chebyshev polynomial'!” accounts for
nonadditive effects related to individual fragments,
whereas Eq. FE3 involves a cross-term N; N, which
accounts for the nonadditivity effects of two different
fragments.

At the training stage, the program builds up to 147
structure—property models involving three linear and
nonlinear fitting equations and 49 types of fragment
descriptors (batch calculations). If some fragments are
linearly dependent, they are treated as one extended
fragment. Using the singular value decomposition
(SVD) method,!!8 the program fits the ¢; and b; terms
in Eqs. FE1-FE3, calculates the corresponding statisti-
cal characteristics (correlation coefficient (R), standard
deviation (s), Fischer’s criterion (F), cross-validation
correlation coefficient (R.,), standard deviation of pre-
dictions (s¢y), Kubyni’s criterion (FIT), Ry-factor of
Hamilton, and matrix of pair correlations (covariation
matrix) for the terms a; and b;), and performs statistical
tests!'!” to select the best models.

If some of the variables in Eqs. FE1-FE3, are linearly
dependent or if a given fragment occurs in a relatively
small number of molecules, the standard deviation
Aa;(Ab;) for the fragment contributions «;(b;) can be
large enough, leading to the corresponding ¢ test
(t = ai/Aa;) being smaller than the tabulated value (7).
The following procedure is applied to improve the
robustness of the models. First, the program selects
the variable with the smallest 7 < ¢y and then it performs
a new fitting, excluding that variable. This procedure is
repeated until ¢ > ¢, for all variables.

In general, ISIDA recognizes nine different types of
bonds: single, double, triple (in cycle or in chain), aro-
matic bonds, and two types of coordination bonds.
Therefore, the EdChemsS editor of 2D structures (an cle-
ment of the ISIDA system) has been used to normalize
the bond types in the aromatic fragments originally pre-
sented as Kekule structures and to modify bond types in
the cycles accounting for the difference between chains
and cycles. Then, using the EdiSDF editor also included
in ISIDA, structure data files (SDF) containing all 162
structures and experimental human and rat blood:air
and tissue:air partition coefficients have been prepared
and used further in structure property/activity modeling.
All hydrogen atoms were omitted from ISIDA
calculations.
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4. Results and discussions
4.1. Analysis of experimental data

Analysis of the experimental data used with the DIVA
program'?? shows that the studied human tissue:air par-
tition coefficients are highly correlated with the corre-
sponding rat tissue:air partition coefficients, with
correlation coefficients of 0.96-0.99 (Fig. 1). This obser-
vation could help to establish empirical correlations
that could complement the QSAR models in the
prediction of the properties of compounds. In practice,
this might be particularly useful to estimate human-
tissue-related parameters from generally more easily
available rat tissue parameters.

4.2. QSAR modeling

We have developed QSAR models based on two differ-
ent approaches. Initially, two types of theoretical
parameters that encode structural information were
calculated for the whole data set of 162 compounds as
follows: (1) 780 molecular descriptors using CODESSA-
PRO software and (ii) 540 fragment descriptors by using
the SMF method implemented in ISIDA program. Fur-
ther, these parameters were used to build three pools of
descriptors: (i) POOLI, which includes only molecular
descriptors (780), (ii) POOL 2, which consists of 540
fragment descriptors, and (iii) POOL 3 by combining
POOL 1 and POOL 2 (780 molecular and 58 fragment
descriptors of the best models obtained by the SMF
method). QSAR models were built for the blood:air
and tissue:air partition coefficients using the three
descriptor pools.

4.3. CODESSA calculations

The pool of 780 molecular descriptors was used to
build the QSAR models of human and rat blood:air
and tissue:air partition coefficients. For each training
set QSAR models were developed using the BMLR
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Figure 1. Correlation between experimental values of human-tissue
and rat tissue/air partition coeflicients used for structure—property
modeling obtained with the Accelrys-DIVA program.

procedure included in CODESSA-PRO software. To
find a model with optimum number of descriptors,
we built multiple parameter correlations with up to
a maximum of 10 descriptors for each property. By
analyzing the plots of the number of descriptors (k)
versus the correlation coefficients (R*) and the cross-
validated correlation coefficient (R%) corresponding
to those models, we selected the best/optimum
descriptor models. The plots (see SM-2 Figs. la—k)
show the break points, which indicate the optimum
number of descriptors to be used in the corresponding
QSAR models for POOL 1 descriptors. The best
QSAR models (Egs. 1-11) with 4 and 5 descriptors
were thus obtained for the human and rat blood,
fat, brain, liver, muscle, and kidney:air partition coef-
ficients. The statistical characteristics of the regression
model number of data points (n), number of descrip-
tors (k), squared correlation coefficient (R%), cross-
validated squared correlation coefficient (Rzg
Fisher ratio (F), and squared standard deviation (s°)
together with descriptor coefficients are given in
Table 1. The descriptors involved in the QSAR mod-
els are given in Table 2.

4.4. ISIDA calculations

For all the properties investigated, the best ISIDA mod-
els were selected from the batch calculations (see Section
2) based on the I(AB 2-3) fragmentation (shortest
sequences of atom and bonds involving from two to
three atoms) and linear Eq. FE1. Although the number
of fragment descriptors involved in these models is larg-
er than that in the models obtained with CODESSA-
PRO, the number of data points per fragment descriptor
varies from 3 to 6, which is still acceptable (Table 1).
The models gEq 12-22) have reasonable statistical
parameters: R =0.911-0.974, s* = 0.020-0.10 F = 28.3—
104.0, and R2, = 0.831-0.936, which are similar to the
Values obtained for the CODESSA-PRO models. Figure
2 shows that property values calculated for the training
set correspond well to the experimental data. The frag-
ment descriptors involved in the models, as well as their
coefficients in the fitting Eq. FE1, are given in Figure 3
and in Supplementary Material (SM3-SM6).

4.5. Combined approach

QSPR modeling of blood:air and tissue:air partition
coefficients in humans and rats was performed using
the fragment descriptors and molecular descriptors
together (POOL 3 descriptors.) The large pool of
838 descriptors was used for QSPR modeling. The
BMLR procedure was used to select the best set of
descriptors.

The QSAR models for Log(Hb:a), Log(Hf:a), Log(H-
br.a), Log(Hm:a), Log(Hk:a), Log(Rbr:a), Log(Rl.a),
Log(Rm:a), and Log(Rk:a) are identical to those
obtained using solely the POOL 1 descriptors (Egs. 1-
3, 5, 6, 811, respectively). The QSAR model for
Log(HI:a) obtained using the POOL 3 descriptors is
sh%htly improved in the correlation coefficient
=0.897).



Table 1. Statistical parameters of QSAR models for human blood:air and human and rat tissue:air partition coefficients using CODESSA-PRO and ISIDA approaches

Eq. no. Modeling property QSAR Model: Equation n k R? R F §
POOL 1: CODESSA-PRO molecular descriptors
1 Log(Hb:a) Log(Hb:a) = (—1.654 £ 0.142) — (0.591 £ 0.027)D, + (0.004 + 0.0002)D;; + (5.846 £ 0.322)D ¢ + (88.81 + 6.446)D35 139 5 0907 0.897 259.6 0.140
—(0.079 £ 0.008)D,
2 Log(Hf:a) Log(Hf:a) = (—0.263 £ 0.137) + (0.045 £ 0.003)Ds;, + (337.88 £ 25.37)Dy, + (0.494 £ 0.042)D5 + (0.511 = 0.087)D, 42 4 0918 0.887 104.1 0.043
3 Log(Hbr:a) Log(Hbr:a) = (5.740 £ 0.541) + (283.10 £ 11.12)D,3 + (0.525 + 0.045)D55 + (0.448 £ 0.043)D; + (0.753 £ 0.099)D 5 36 4 0959 0943 1819 0.043
4 Log(Hla) Log(Hl:a) = —(1.866 % 0.340) + (0.056 + 0.005)Dy4 + (0.692 £ 0.066)Dg — (1.575 + 0.159)Dy9 — (1.236 £ 0.187)D3, 34 4 0881 0.826 464 0.043
5 Log(Hm:a) Log(Hm:a) = (2.476 £ 0.377) + (626.04 £ 34.64) D, — (0.218 £ 0.028)Dyg + (0.483 + 0.064)Dg — (1.336 = 0.307)Ds 39 4 0916 0.897 9290 0.092
6 Log(Hk:a) Log(Hk:a) = (0.826 £ 0.154) + (571.95 £ 25.309)D 5+ (18.56 = 1.826)D;g — (0.418 £ 0.046)D56 + (1.689 * 0.250)D35 34 4 0953 0940 1469 0.050
7 Log(Rf:a) Log(Rf:a) = (0.930 = 0.095) + (0.718 + 0.040)Dg + (0.201 £ 0.015)D, — (0.367 + 0.034)D, — (0.186 % 0.020)D,; 99 5 0916 0904 203.6 0.062
—(0.015 £ 0.002)Dy9
8 Log(Rbr:a) Log(Rbr:a) = —(1.637 £ 0.311) + (436.98 + 28.27)Dy, — (0.692 £ 0.061)D, + (0.005 £ 0.0005)D;; + (85.74 £ 14.48)D14 59 5 0905 0.879 101.3  0.060
—(0.561 £0.143)D;5
9 Log(Rl:a) Log(Rla) = —(1.351 £ 0.149) + (484.613 + 22.747)Dy, + (0.852 £ 0.042)33 — (0.746 + 0.046)D, + (162.41 + 14.586)D4 100 5 0906 0.895 1809  0.092
—(0.494 £ 0.077)Dy4;
10 Log(Rm:a) Log(Rm:a) = —(1.908 + 0.167) + (5.548 + 0.276)D;s + (0.005 £ 0.0002)D;; — (0.581 + 0.036)D, + (75.527 + 6.529)D 4 97 5 0925 0912 2257  0.082
—(0.013 £ 0.002)Dy
11 Log(Rk:a) Log(Rk:a) = —(2.626 £ 0.252) + (4.117 £ 0.244)D¢ — (0.634 £ 0.055)Dyo + (7.304 + 0.689)D;, + (1.582 £ 0.242)D ;5 27 4 0983 0962 3255 0.011
POOL 2: ISIDA Fragment descriptors®
12 Log(Hb:a) —° 138° 24 0938 0909 746 0.10
13 Log(Hf:a) —d 42 18 0974 0.880 534  0.020
14 Log (Hbra) —d 355 12 0960 0918 50.0 0.048
15 Log(Hla) —d 30 9 0915 0.831 283 0.036
16 Log(Hn:a) —d 38° 8 0911 0.874 437 0.096
17 Log(Hk:a) —d 34 8 0924 0.894 451  0.090
18 Log(Rf:a) —° 99 24 0970 0911 1040 0.029
19 Log(Rbr:a) —d 59 15 0938 0.859 475 0.048
20 Log(Rl:a) —° 100 21 0939 0.891 604 0.073
21 Log(Rm:a) —° 97 24 0961 0936 79.0 0.053
22 Log(Rk:a) —d 27 6 0946 0914 733  0.040
POOL 3: CODESSA-PRO molecular and fragment descriptors®
23 Log(Rf:a) Log(Rf:a) = (0.054 £ 0.088) + (48.57 £ 3.767)D,; — (0.409 £ 0.039)D3g + (0.003 = 0.0004)D;; — (0.106 £ 0.017)D3o 99 5 0917 0905 2046 0.062

+(0.547 £ 0.088)Dy

#The ISIDA models were based on the I(AB 2-3) fragmentation and linear Eq. FEL.
® Methane was excluded from the training set.

¢ Fragment descriptors and their contributions are given in Figure 3.

9 Fragment descriptors and their contributions are given as supplementary data.

¢ The models for (Log (Hb:a), Log(Hf:a), Log(Hbr:a), Log(Hm:a), Log(Hk:a), Log (Rbr:a), Log(Rl:a), Log(Rm:a), and Log(Rk:a) are identical to those obtained with POOL 1 descriptors (Egs. 1-3, 5, 6,

8-11, respectively).

£9£9-0S#9 (S00Z) E1 Wy papy “31001g | v 12 AYZiyvy Y Y
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Table 2. List of descriptors used (Egs. 1-11 and 23) in the QSAR modeling of human blood:air and human and rat tissue:air partition coefficients

using CODESSA-Pro and ISIDA approaches

Name of the descriptor Symbol
Number of H atoms D,
Number of F atoms D,
Number of Cl atoms D
Relative number of O atoms Dy
Relative number of F atoms Ds
Relative number of single bonds D¢
Number of rings D,
Kier and Hall index (order 1) Dg
Complementary information content (order 1) Dy
Balaban index Do
Gravitation index (all bonds) Dy
Polarity parameter (Zefirov) Dy,
Topographic electronic index (all bonds) Dis
FPSA3 Fractional PPSA (PPSA-3/TMSA) (Zefirov PC) Dy
WPSA3 Weighted PPSA (PPSA3*TMSA/1000) (Zefirov PC) Dis
HA dependent HDSA-2/SQRT(TMSA) (Zefirov PC) D¢
HACA-2/TMSA (Zefirov PC) Dy,
FNSA-3 Fractional PNSA (PNSA-3/TMSA) (MOPAC PC) Dig
WNSA-2 Weighted PNSA (PNSA2+TMSA/1000) (MOPAC PC) Dy
HA dependent HDCA-1 (MOPAC PC) Dy
HA dependent HDCA-1/TMSA (MOPAC PC) D,
HA dependent HDCA-2/TMSA (MOPAC PC) Dy
HACA-2/TMSA (MOPAC PC) Dys
Final heat of formation/# atoms Doy
HOMO — 1 energy Dys
LUMO energy Dy¢
LUMO + 1 energy Dy,
HOMO-LUMO energy gap Dog
Max atomic orbital electronic population Do
Min (>0.1) bond order for atom C D3y
Vib enthalpy (300 K) Ds,;
ALFA polarizability (DIP) D3,
Randic index (order 1) D3
Partially charged surface area for atom H Dy
Square root of charged surface area for atom H Dss
Positively charged part of partial charged surface area (MOPAC PC) Ds¢
HACA-2/TMSA (MOPAC PC) (all) Ds;
C_F D3g
C_C_C D39
HACA-2/TMSA Zefirov PC (all) Dyo
Number of bromine atoms Dy

NB, for details of the descriptors, see (http://www.codessa-pro.com/manual/manual.htm).
PPSA, partial positive surface area; TMSA, total molecular surface area; HDSA-2, area weighted surface charge of hydrogen bonding donor
atoms; HACA-2, area weighted surface charge of hydrogen bonding acceptor atoms; and HDCA-1, hydrogen bonding donor ability of the

molecule.

A model involving both molecular and fragment
descriptors was found for Log(Rf.a), although its statis-
tical parameters were similar to those for the model
involving only CODESSA-PRO descriptors (Eq. 23, Ta-
ble 1). The plot of correlation coefficients versus the
number of descriptors is shown in SM2 in Fig. 11.

4.6. Discussion of the proposed QSAR models

Overall, the correlation coefficients for the human
blood:air and human and rat tissue:air partition coeffi-
cients are well correlated using the POOL 1 descriptor
set. The correlation coefficients for Egs. 1-11 range from
R?=0.881 to R* = 0.983. A combination of the POOL 1
and POOL 2 descriptors did not show any significant
improvement in statistical characteristics.

A physical interpretation of the descriptors involved in
the developed regression models can be based on Tom-
asi and Persico'?! and Karelson'??> approaches for sol-
ute-solvent interactions.

According to a commonly accepted classification of
solute—solvent interactions'?>!23 practically all molec-
ular descriptors appearing in the model Eqgs. 1-11,
23 belong to one of the following categories:

(1) The descriptors (leDlla D33, D38: D39, and D41)
reflect and various aspects of the size and shape of the
molecule and can be related to cavity formation in the
condensed medium (essentially a concentrated aqueous
solution-blood, tissue).
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Figure 2. CODESSA-PRO (left) and ISIDA (right) modeling: plots of calculated versus observed values for four largest data sets: Log(Hb:a),
Log(Rf:a), Log(Rl:a), and Log(Rl:a).

(i1) The descriptors (D1>—D;s, D;7—Dq9, D35, and D3y~
D3g) can be related to electrostatic interactions between
the solute and solvent molecules, and characterize the
charge distribution in the solute molecules.

(ii1) The descriptors (D»s5—D»9) can be related to disper-
sion interactions between the solute and solvent mole-
cules, and characterize the electron orbital distribution
and energetics.
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an
2 4
0
-2
4 Log(Hb:a) Log(Rf:a)
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an an
2 4
O T
-2 4
] Log(R:a) Log(Rma)
LT
5 10 15 20 n 5 10 15 20 n
n Log(Hb:a) Log(Rf:a) Log(Rla) Log(Rm:a) Log(Hb:a) Log(Rf:a) Log(Rla) Log(Rm:a)
1 C—0—C C—0—C C—0—C CcC—0—C 13 c—C F—C—F C—CxC C—C=C
2 F—C—F C—C—N O—C—F O—C—F 14 C=C-C CC C-CO C—C=C
3 O—C—F Cl—C=*C Cl—C—Br F—C—F 15 C—F C+C CO C+C
4  Cl—C—F C—-C—Cl Cl—C—Cl  Cl—C—F 16 CI—C ag" ClI—C C—F
5 0—C=0 Cl—C—Br C—C—0 C=C—F 17 Br—C C—C=0 C—C=0 Cl—C
6 ap” C—F ClI—C—F O—C=0 18 C:C Cc—C Br—C CO
7 Cl—C—Cl C—C—0 Cl—C=C Cl—C—Cl 19 CO CO C—N Br—C
8 C—C—F Cl—C—C F—C—F Cl—C—Br 20 C—C=0 Cl—C C=N C—C=0
9 C—CC Br—C—C cC ag® 21 CC=0 C=N c—0 C:C
10 Cc—C—C Cl—C=C C—C—C C—C—0 22 C—N Br—C C—N
11 C-C Cc—C—C C—C=C Cl—C=C 23 C=N Cc—0 C=N
12 C+C C—C=C C*C c—C 24 Cc—0 C—N C—0

“The a, term is fragment independent.

Figure 3. Contributions (a,) of the fragments to partition coefficients Log(Hb:a), Log(Rf:a), Log(Rl:a), and Log(Rm:a) for the ISIDA models
obtained for the full data sets. The standard deviations are given as error bars. C—C, C-C, C=0, C:C, C=N, and C+C are molecular fragments with
single (in chain and in cycle) double (in chain and in cycle), triple, and aromatic bonds, respectively. The fragment numbers (r) correspond to the

following fragments:

(IV) The deSCfiptOl'S (D]ﬁ, D17, D207D23, D33, D37,
and Dyg) can be related to specific (hydrogen bonding)
interactions between the solute and solvent molecules,
and characterize the charge distribution on the poten-
tially hydrogen bonded atoms. In principle, the vari-
ous counts of heteroatoms and the bonds with
heteroatoms (D,—Ds, Dsg) also belong to this class
of descriptors, as the respective atoms may also
potentially participate in specific intermolecular
interactions.

Significantly, in each of the eleven QSAR models for the
partition coefficients (Eqs. 1-11 and 23) there are
descriptors from at least three of the above-listed four
classes. Consequently, these 4- or 5-parameter equations
represent close to the minimum possible information for

a complete description of the solvation interactions
determining distributions between biological solutions
and the gas phase.

Plots of the predicted versus observed values for the
regression models (Egs. 1-11 and 23) are given in Figure
2 or in the supplementary material (see SM7 and SMS).

The fragment contributions (the POOL 2 descriptor set)
bring useful information about the influence of particu-
lar functional groups on the biosolubility of chemicals,
as illustrated by large contributions to Log(Hb:a),
Log(Rl:a), and Log(Rm:a) of some groups containing
two or three atoms. Thus, C—O of hydroxyl group of
alcohols, C:C=0 or C—C=0 of cyclic or acyclic ke-
tones, C=N of nitriles, and C-O of cyclic ethers
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Table 3. Internal validation of the QSAR models obtained with CODESSA-PRO and ISIDA approaches.*
Training set N k® R? 5 Test set Mest R?(pred) s*(pred)

CODESSA-PRO models
Log(Hb:a)/Eq. 1

a+b 93 0.908 0.145 C 46 0.905 0.123
a+tc 93 0.920 0.148 B 46 0.879 0.183
b+c 92 0.897 0.128 A 47 0.930 0.090
Average 0.908 0.140 0.905 0.132
Log(Hf:a)/Eq. 2

a+b 28 0.917 0.030 C 14 0.917 0.038
a+tc 28 0.944 0.038 B 14 0.861 0.066
b+c 28 0.916 0.053 A 14 0.917 0.031
Average 0.926 0.040 0.898 0.045
Log(Hbr:a)lEq. 3

a+b 24 0.968 0.043 C 12 0.918 0.072
atc 24 0.960 0.049 B 12 0.963 0.030
b+c 24 0.960 0.035 A 12 0.960 0.056
Average 0.963 0.042 0.947 0.053
Log(Hla)/Eq. 4

a+b 20 0.902 0.022 C 10 0.829 0.082
a+tc 20 0.897 0.047 B 10 0.760 0.046
b+c 20 0.886 0.059 A 10 0.905 0.024
Average 0.895 0.043 0.831 0.051
Log(Hm:a)/Eq. 5

a+b 26 0.947 0.066 C 13 0.857 0.116
a+tc 26 0.926 0.102 B 13 0.872 0.091
b+c 26 0.872 0.113 A 13 0.957 0.058
Average 0.915 0.094 0.895 0.088
Log(Hk:a)/Eq. 6

a+b 23 0.951 0.050 C 11 0.963 0.053
a+tc 23 0.951 0.057 B 11 0.955 0.041
b+c 22 0.962 0.049 A 12 0.936 0.054
Average 0.955 0.052 0.951 0.049
Log(Rf:a)/Eq. 7

a+b 66 0.940 0.051 C 33 0.854 0.089
a+tc 66 0.888 0.068 B 33 0.952 0.039
b+c 66 0.917 0.069 A 33 0.916 0.050
Average 0.915 0.063 0.907 0.059
Log(Rbr:a)/Eq. 8

a+b 40 0.917 0.059 C 19 0.875 0.069
atc 39 0.906 0.072 B 20 0.908 0.031
b+c 39 0.894 0.058 A 20 0.918 0.068
Average 0.906 0.063 0.900 0.056
Log(Rla)/Eq. 9

a+b 67 0.908 0.092 C 33 0.901 0.099
a+tc 67 0.894 0.103 B 33 0.935 0.069
b+c 66 0.922 0.084 A 34 0.871 0.115
Average 0.908 0.093 0.902 0.094
Log(Rm:a)/Eq. 10

a+b 65 0.917 0.080 C 32 0.935 0.087
a+tc 65 0.923 0.093 B 32 0.927 0.063
b+c 64 0.937 0.078 A 33 0.892 0.087
Average 0.926 0.084 0.918 0.079
Log(Rk:a)/Eq. 11

a+b 18 0.991 0.008 C 9 0.959 0.022
a+tc 18 0.986 0.013 B 9 0.975 0.011
b+c 18 0.987 0.007 A 9 0.933 0.116
Average 0.988 0.009 0.956 0.050
Log(Rf:a)/Eq. 23

a+b 66 0.925 0.064 C 33 0.906 0.058
a+tc 66 0.891 0.067 B 33 0.9536 0.033
b+c 66 0.938 0.051 A 33 0.8754 0.083
Average 0.918 0.061 0.912 0.058

(continued on next page)
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Training set N k° R §* Test set Miest R?(pred) 5% (pred)
ISIDA models

Log(Hb:a)/Eq. FEI

a+b 92 21 0.945 0.10 C 42 0.869 0.19
a+c 92 22 0.937 0.12 B 44 0.908 0.15
b+c 92 19 0.938 0.10 A 46 0.880 0.16
Average 0.940 0.11 0.886 0.17
Log(Rfa)/Eq. FEI

a+tb 66 23 0.983 0.020 C 31 0.894 0.068
atc 66 22 0.965 0.029 B 32 0.948 0.048
b+c 66 23 0.972 0.032 A 31 0.938 0.044
Average 0.973 0.026 0.927 0.053
Log(Rla)/Eq. FE1

a+b 67 17 0.936 0.078 C 30 0.843 0.15
atc 67 17 0.932 0.078 B 32 0.906 0.090
b+c 66 17 0.946 0.068 A 33 0.843 0.15
Average 0.938 0.073 0.864 0.13
Log(Rm:a)/Eq. FE1

a+tb 65 21 0.959 0.053 C 32 0.922 0.11
a+tc 65 18 0.955 0.068 B 32 0.859 0.11
b+c 64 17 0.966 0.053 A 29 0.882 0.12
Average 0.960 0.058 0.888 0.12

#See text for the preparation of training and test sets. Statistical parameters for the sets: the number of compounds in the training set (1), correlation
coefficient (R), and standard deviation (s) for the model; the number of compounds in the test set (), correlation coefficient R(pred), and
standard deviation s(pred) for the linear correlation Log(Xpred) = aLog(Xexp) + b(X = H,R) between experimental and predicted partition

coefficients.
® [ is the number of fitted coefficients (fragment contributions).

¢Some compounds (from 0 to 4) can be excluded from the test set if they contain unique molecular fragment(s) which were not presents in the

corresponding training set.

(Fig. 3). The C—Br, C—Cl of polybromo- and
polychloroalkanes, C—C of alkanes, and C*C of aro-
matic compounds contribute significantly to Log(Rf:a)
(Fig. 3). The fragment contributions can be used for
the preparation of focused virtual combinatorial li-
braries of chemicals and potential drugs.®®!123

4.7. Internal validation of QSAR models

An important aspect of any QSAR study is the valida-
tion of the model. For internal validation, the parent
data set was divided into three subsets: the first, fourth,
seventh, etc., entries form the first subset (#1), the sec-
ond, fifth, eighth, etc., entries form the second subset
(#2), and the third, sixth, ninth, etc., form the third sub-
set (#3). Three training sets were prepared as a combina-
tion of two subsets, Set I, (#1 and #2). Set II (#1 and
#3), and Set III (#2 and #3). For each training set,
the remaining subsets (#3, #2, and #1, respectively)
constituted the test set.

For each training set, the correlation equation was
developed with the same set of descriptors obtained
for the whole data set. The obtained equation was then
used to predict the property values for the compounds
from the corresponding test set. The efficiency of the
QSAR models was estimated using the above internal
validation methodology, to determine the correlation
both for the full set and for each training set. Correla-
tion coefficients (R(pred)) and standard deviations
(s(pred)) of linear correlations between experimental

values of blood:air and tissue:air partition coefficients
and those predicted for the test sets were also
calculated.

The validity of the proposed 4 and 5 descriptor regres-
sion models Egs. 1-11 and 23 was also tested using
the internal validation methodology*®. The results show
that the predicted correlation coefficient values are in
good agreement with our original regression models
(see Table 3), where n is the number of data points, R*
is the squared correlation coefficient and s is the stan-
dard deviation. The statistical characteristics R and s
are given for both the fitted equation and for the pre-
dicted data (pred).

‘Prediction’ calculations with ISIDA have been done for
the four largest sets Log(Hb:a), Log(Rf:a), Log(Rl.a),
and Log(Rm:a) involving, respectively, 138, 99, 100,
and 97 data points. As seen from Table 3, models select-
ed at the training stage predict well the properties of the
test set compounds: the mean (over three test sets) statis-
tical criteria for the linear correlation calculated versus
experimental values are R®=0.864-0.927; s*=0.053—
0.17; which is slightly better than those obtained with
CODESSA-PRO (Table 3).

5. Conclusions

The prediction of partition coefficient is an impor-
tant indicator in the determination of blood and
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tissue solubilities in humans and rats. We have
developed QSAR models for the prediction of hu-
man blood:air partition coefficient, as well as human
and rat tissue:air partition coefficients, using the
descriptors solely calculated from structures. As the
data set consists of diverse compounds, the models
can be used reliably to predict biological partition
coefficients for a wide range of chemical structures,
including those not yet synthesized. Based on the
above observations, we expect that both approaches
will also provide satisfactory correlation equations
for predicting tissue:blood partition coefficients (such
as brain:blood partition coefficients) for both human
and rat.
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