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Abstract—We construct predictive QSAR models for hepatocyte toxicity data of phenols using Quantum Topological Molecular
Similarity (QTMS) descriptors along with hydrophobicity (logP) as predictor variables. The QTMS descriptors were calculated
at different levels of theory including AM1, HF/3-21G(d), HF/6-31G(d), B3LYP/6-31+G(d,p), B3LYP/6-311+G(2d,p) and MP2/
6-311+G(2d,p). The external predictability of the best models at the higher levels of theory is higher than that at the lower levels.
Moreover, the best QTMS models are better in external predictability than the PLS models using pK, and Hammett ¢* along with
log P. The current study implies the advantage of quantum chemically derived descriptors over physicochemical (experimentally

derived or tabular) electronic descriptors in QSAR studies.
© 2008 Elsevier Ltd. All rights reserved.

Phenols are widely distributed in edible plants and
found in tea, fruits and vegetables.!> Phenols are also
used in many industries as intermediates or as biocides
themselves.® They occur as industrial wastes and being
relatively soluble in water and detectable in rivers,
ponds, and soil, they are direct pollutants in the environ-
ment. They can also be produced by environmental deg-
radation of more complex molecules.* Phenols are
supposed to be the most toxic water pollutant as they
are carcinogenic in nature.>° Because of their prevalence
in the environment, human exposure to phenols is ubiq-
uitous, and thus there is much interest in determining
their potential hazard. Although the ability of polyphe-
nols to protect cell from the oxidative stress has been
demonstrated, there is increasing evidence of their pro-
oxidant cytotoxicity.” The toxicity of phenols is confus-
ing as the same polyphenol compounds can behave both
as antioxidants and prooxidants, depending on concen-
tration and free radical source.® '! Exposure of mamma-
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lian cells to polyphenols is accompanied by an increase
in intracellular reactive oxygen species levels.!? The
mechanism underlying the toxicity of phenols is mainly
related to lipophilicity and electrophilic effects.' 13

Phenols are important in nutrition and medicine given
their cytotoxic potential. Second, they are prevalent in
the environment and are likely to elicit often unknown
ecotoxic effects. Hence, there is much interest recently
in applying quantitative structure—activity relationships
(QSARs) to predict the toxic potential of phenolic com-
pounds. Liu et al. have explored a QSAR for toxicity of
chlorophenols on 1929 cells.'® Padmanavan et al. have
used group philicity and electrophilicity as possible
descriptors for modelling ecotoxicity applied to chlor-
ophenols.? Rule-based ensemble modelling was applied
to develop a model with predictive capability for distin-
guishing between four different modes of toxic action for
a set of 220 phenols by Norinder et al.!” A three-dimen-
sional QSAR study has been reported for in-vitro toxic-
ity of chlorophenols to HepG2 cells.!® Aptula et al. have
modelled toxicity of di- and trihydroxybenzenes to Tet-
rahymena pyriformis using hydrophobilicity and electro-
philicity indices.!> Non-linear QSAR modelling of the
toxicity of phenol derivatives to Tetrahymena pyriformis
has been reported by Devillers.!® Schiiiirmann et al. re-
ported stepwise discrimination between four modes of
toxic action of phenols in the Tetrahymena pyriformis
assay.?’ Determination of mechanisms of toxic action
of phenols to Tetrahymena pyriformis by QSAR
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methods has also been reported by Ren.?! Wang et al.
have reported mechanism-based QSARs for the inhibi-
tion of substituted phenols on germination rate of Cuc-
umis sativus.*>

Moridani et al.?? have reported quantitative structure—
toxicity relationships of phenols in isolated rat hepato-
cytes using log P, pK, and Brown’s variation of Ham-
mett electronic constant (¢'). Physicochemical
electronic descriptors (pK, and ¢") are important in this
data set, which prompts the use of quantum topological
molecular similarity (QTMS) indices since they are
known to be successful.?*?° The data set of Moridani
et al.?? serves as a data source for the present work.
The objective is to obtain models with improved predic-
tive ability and better linked to modern ab initio wave-
functions. The details of QTMS descriptors can be
found in the previous publications.?*2°

To start with, an estimated geometry was obtained using
the program GaussView,3° which was then passed on to
the ab initio program GAUSSIANO03.3! We used, in suc-
cession, AM1, HF/3-21G(d), HF/6-31G(d), B3LYP/6-
31+G(d,p), B3LYP/6-311+G(2d,p) and MP2/6-
311+G(2d,p), passing on the optimised geometry of
each level as a starting geometry for the next. Since
the AM1 level is unable to produce a sensible topology,
only bond lengths were retrieved from it. Second, the
wavefunction was read by a local version of the program
MORPHY98,3? which locates the BCPs using an auto-
matic and robust algorithm.** The BCP descriptors of
eight common bonds of the phenolic compounds (six
C-C aromatic bonds, one C-O bond and one O-H
bond) were considered as variables for the statistical
model development. Thirdly, the program SIMCA3*
was used for partial least squares (PLS) analysis of the
data set. PLS is a generalization of regression, which
can handle data with strongly correlated and/or noisy
or numerous independent variables.?® It gives a reduced
solution, which is statistically more robust than Multiple
Linear Regression (MLR). The linear PLS model finds
‘new variables’ (latent variables (LV) or independent
scores) that are linear combinations of the original vari-
ables. To avoid overfitting, a strict test for the signifi-
cance of each consecutive LV is necessary and no new
LVs are added when they become non-significant. Cross
validation is a practical and reliable method of testing
this significance.>® For the development of the PLS
models, a hierarchical method was adopted. Initially,
for each level (except AM1), PLS models were devel-
oped for each category of descriptors, that is, p, VZp,
¢, 4, K, G, and equilibrium bond lengths. Note that 4,
iz and /3 are lumped together into the class of A. There
are 3 x 8 = 24 descriptors in the class of A while in other
classes there are only eight. At the outset, models were
tried with all available descriptors, but subsequently,
descriptors with smaller VIP (variable importance for
the projection) values were gradually deleted until a
model with the best O (leave-one-seventh-out cross val-
idation) was obtained. Then, using important descrip-
tors appearing in the PLS equations of different
descriptor classes, the PLS model for the combined set
of descriptors was developed.

The main target of any QSAR modelling is that the
developed model should be robust enough to be capable
of making accurate and reliable predictions of biological
activities of new compounds.’”° So, QSAR models
that are developed from a training set should be vali-
dated using new chemical entities for checking the pre-
dictive capacity of the developed models. The
validation strategies check the reliability of the devel-
oped models for their possible application on a new
set of data, and confidence of prediction can thus be
judged.*® In many cases, enough new chemicals being
unavailable for prediction purpose, the original data
set is divided into a training set and a test set. For the
present work, the compounds were ranked according
to the toxicity values and every fourth compound was
selected as a test set compound. Preliminary modelling
showed three compounds as outliers. They were re-
ported to have a different mode of action in the original
paper.?* These three compounds are catechol, hydroqui-
none and 2-nitrophenol, which are also reported to be
outliers in other studies.!®*! Thus, these compounds
were not considered in the present study.

For external validation, a predictive coefficient R ored Was
calculated via Eq. 1,

_ Z(Yobs B Ypred)2
Z(Yobs - 7Training)2

where Y,,s and Y4, respectively, represent the ob-
served and predicted toxicity values of the test set com-
pounds, while YTmmmg represents the mean observed
value of the training set. The R;_; value is in part con-
trolled by the magnitude ofP Ytesl Ytrammg)z. The
squared regression coefficient (r) between observed
and predicted values of the test set compounds does
not necessarily indicate that the predicted values are
very near to observed activity values (there may be con-
siderable numerical differences between the values in
spite of maintaining a good overall intercorrelation).
To better indicate the external predictive capa01ty of a
model, a modified 7* term (2,), defined before,*? is given
in Eq. 2,

2
R pred —

(1)

r}zn:r2<l— r2—ré> (2)

The magnitude 73 in Eq. 2 represents the squared corre-
lation coefficient between the observed and predicted
values of the test set compounds setting the mtercept
to zero.*> Note that 7 is always larger than 7. In case
of good external prediction, predicted Values will be very
close to observed activity values. So, the > value will be
very near o the 2 value. In the best case, 72 will be
equal to 7 whereas in the worst case re value will be
Zero.

For all the developed models we have reported the coef-
ficient of Varlatlon (R?), leave-one-seventh-out cross-val-
1dat1on R* (Q?) for the training set and the L ol
and 72, values for the test set. The final models were also
subjected to a randomisation test. In this test, the toxic-
ity data (Y) are randomly permuted keeping the descrip-
tor matrix intact, followed by a PLS run. Each
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randomisation and subsequent PLS analysis generates a
new set of R* and O values, which are plotted against
the correlation coefficient between the original Y values
and the permuted Y values. The intercepts for the R
and Q7 lines in this plot are a measure of the overfit.
A model is considered* valid if R <04 and
0;, < 0.05.

Moridani et al.??> employed MLR to model the data set
(Table S1 in Supplementary Data) using log P, and pK,
and ¢" as the electronic descriptors. They tried bond dis-
sociation energy and a redox potential as additional
electronic descriptors, but the data for these descriptors
are not available for all the compounds presented in
their paper. Furthermore, the QSAR relations with
these two descriptors were inferior?® to those containing
pK, and ¢". Hence, we will compare our results only to
the QSAR models involving pK, and ¢ in addition to
log P.

Here we compare our models to those of Moridani
et al.2> As QTMS does not encode for hydrophobicity
we have retained log P in all our models. Since hydro-
phobicity is an important descriptor for hepatocyte tox-
icity,?? log P appears as a significant contributor in all
the models. Our objective is increasing the predictive po-
tential of the models using QTMS descriptors instead of
o' and pK,. Since we used PLS rather than MLR and
since we divided the data set into a training and a test
set, we cannot directly compare our results to those of
Moridani et al.?}

A preliminary PLS model of the data matrix composed
of log P, pK, and ¢" led to a model with one LV show-
ing a R? value of 0.565 and a Q? value of 0.330. The PLS
score plot in Figure S1 (in Supplementary Data) clearly
shows three outliers: 2-nitrophenol, catechol and hydro-
quinone. These compounds were not considered in the
rest of the analysis.

Table 1 summarizes all PLS models. We first discuss the
three models with only physicochemical electronic
descriptors. Model 1 was developed from logP and
pK, using one LV. This gave a Q* value of 0.696 while
the R? value for the training set was 0.759. When this
model was used to predict the toxicity values of the test
set compounds, the R, value was found to be —0.345
and the 72 value was 0.018. Clearly, although model 1
passes the internal cross-validation test (since
0% >0.5), the predictive capacity of the model based
on the test set is practically nil. Model 2 involves log P
and ¢*, leading to a Q* value of 0.823 and a R’ value
of 0.864. The predictive capacity of the model was found
to be acceptable (R}, = 0.616, r7, = 0.544). The third
model used all three descriptors (logP, pK, and c").
This one-LV model showed results (Q°=0.782,
R* =10.850, Rfmd = 0.409, 2 = 0.391) inferior to model
2. Clearly, using the physicochemical descriptors, model
2 is the best one showing acceptable internal and exter-
nal validation parameters.

Now we discuss the models containing QTMS descrip-
tors, systematically increasing the level of theory. At

AMI1 level, only bond distances were considered as
descriptors. At the start all eight bond lengths along
with log P were considered as descriptors, followed by
deletion of less significant descriptors based on VIP val-
ues, eventually resulting in model 4. A two-LV model
(model 4) with three descriptors (one of them being
log P) showed a R’ value of 0.832 and Q° value of
0.787 for the training set. When the model was used to
predict the toxicity values of the test set compounds,
the R2 , and r2 values were found to be 0.511 and
0.479, respectively. Clearly, model 4 is inferior to model
2. Hence we proceed to the higher levels of theory.

At HF/3-21G(d) level we obtain eight models, one of
which was developed from the pool of all descriptors.
Based on both internal validation and external valida-
tion characteristics, the best model was derived from
bond lengths (model 5). Model 5 with six descriptors
and three LVs showed R*> and Q? values of 0.890 and
0.808, respectively, for the training set, and R;red and

72 values of 0.667 and 0.570, respectively, for the test

set. Clearly, this model is better in both internal and
external validation characteristics than model 2, which
is based on ¢". The next best model was based on the
ellipticity descriptor (model 8). This model shows R
and O values of 0.790 and 0.780, respectively, for the
training set and R?_, and 2, values of 0.710 and 0.568,
respectively, for the test set and thus this model is infe-
rior to both model 2 and model 5 (however, 12 value of
model 8 is better than those of model 2). While consid-
ering all descriptor types, model 12 containing six
descriptors and three components gave acceptable inter-
nal validation characteristics (Q* = 0.756), but the exter-
nal validation parameters are miserably poor.

At the next level, HF/6-31G(d), we again derived eight
models (models 13-20), as is the case for all higher lev-
els. The best model at this level came from the pool of all
descriptors (model 20). Model 20 with eleven descriptors
and four LVs gave excellent R* (0.911) and Q7 (0.815)
values while the external validation parameters were
very good (le,red =0.730, r2, = 0.796). This model was
better than models 2 and 5 in both internal and external
validation characteristics. Only considering models built
from descriptors from a single class, model 18 with seven
K descriptors (R*>=0.879, 0*=0.791) closely follows
model 20. The R, value of model 18 is slightly higher
than that of mocfel 20; however, the 2, value (0.734) of
model 18 is lower than that of model 20. In search of
models for higher predictive capacity (external predict-
ability), BCP properties were calculated at still higher
levels.

Models 21-28 were obtained at B3LYP/6-31+G(d,p) le-
vel. Based on the external validation characteristics,
model 22 with four descriptors and two LVs showed a
predictive R* value of 0.774 and 2, value of 0.786. These
values are marginally lower than the corresponding val-
ues of model 20 obtained at the HF/6-31G(d) level. The
R? and Q? values for training set for model 22 are 0.867
and 0.790, respectively. Another model (model 26) with
four K descriptor shows R? , and 72, values lower than
those of model 22, but the internal validation character-
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Table 1. Comparative analysis of QSAR models based on hierarchical PLS for hepatocyte toxicity data

Level of theory Model no.  Type of descriptors ~ No. of LV¢ R? 0? Rlz)red P r 2
in addition to logP  descriptors
MP2/6-311+G(2d.p) 44 All 4 2 0.847  0.780 0.525  0.561 0.531  0.464
43 G 8 2 0.869  0.797 0.889  0.891 0.890  0.863
42 K 3 2 0.874  0.839 0.733  0.734 0.732  0.701
41 2° 3 2 0.814  0.612 —0.736  0.059 —-0.543 0.013
40 & 6 2 0.831  0.738 0.287  0.369 0.348  0.316
39 Vf, 4 2 0.838  0.752 0.593  0.596 0.592  0.558
38 P 3 2 0.860  0.816 0.761  0.780 0.754  0.654
37 Distance 3 2 0.843  0.803 0.474  0.497 0.481  0.434
B3LYP/6-311+G(2d,p) 36 All 4 2 0.788  0.740 —0.252  0.085 —0.176  0.042
35 G 7 2 0.886  0.857 0.810  0.878 0.842  0.711
34 K 7 3 0.886  0.768 0.814  0.821 0.820  0.795
33 7 13 3 0.856  0.634 0.687  0.679 0.677  0.649
32 & 5 2 0.841  0.749 0.009  0.156 0.084 0.114
31 Vf} 4 2 0.833  0.721 -0.704  0.012 —-0.495  0.003
30 P 6 3 0.889  0.798 0.744  0.735 0.734  0.712
29 Distance 4 2 0.871  0.829 0.250  0.831 0.245  0.195
B3LYP/6-31+G(d,p) 28 All 7 4 0.908  0.800 0.776  0.795 0.774  0.680
27 G 4 2 0.859  0.817 0.583  0.576 0.564  0.513
26 K 4 3 0.897  0.809 0.706  0.698 0.698  0.698
25 A 4 2 0.883  0.824 0.547  0.542 0.528  0.478
24 & 2 1 0.733  0.694 0.065 0.124  —0.128  0.062
23 \% 2 1 0.728  0.701 —0.749  0.000 —0.662  0.000
22 P 4 2 0.867  0.790 0.774  0.786 0.786  0.786
21 Distance 5 2 0.908  0.834 0.376  0.733 0.414  0.319
HF/6-31G(d) 20 All 11 4 0.911  0.815 0.730  0.796 0.796  0.796
19 G 5 2 0.811  0.747 0.313  0.292 0.291  0.283
18 K 7 3 0.879  0.791 0.733  0.734 0.734  0.734
17 2 9 3 0911  0.830 0.670  0.764 0.753  0.674
16 & 2 1 0.805  0.800 0.665  0.697 0.697  0.697
15 Vf} 4 3 0.842  0.765 0.570  0.570 0.568  0.545
14 P 5 3 0.898  0.816 0.515  0.501 0.499  0.479
13 Distance 4 2 0.834  0.769 0.675  0.780 0.737  0.618
HF/3-21G(d) 12 All 6 3 0.828  0.756 0.128  0.162 0.106  0.124
11 G 3 2 0.816  0.767 0.191  0.204 0.106  0.164
10 K 7 3 0.855  0.771 0.386  0.357 0.357  0.357
9 A 3 2 0.795  0.735 —0.330 0.041 —-0.241  0.019
8 B 2 1 0.790  0.780 0.644  0.710 0.670  0.568
7 \% 5 1 0.787  0.733  —10.42 0.023  —0.264 0.011
6 p 7 3 0.908  0.809 0.434  0.702 0.481  0.372
5 Distance 6 3 0.890  0.808 0.667  0.726 0.680  0.570
AM1 4 Distance 3 2 0.832  0.787 0.511  0.495 0.494  0.479
Physicochemical 3 " +pk, 3 1 0.850  0.782 0.410  0.409 0.407  0.391
2 a 2 1 0.864  0.823 0.616  0.625 0.608  0.544
1 pK, 2 1 0.759  0.696 —0.345 0.039 —0.263 0.018

Bold models indicate the best two models (for each level of theory) according to 72, values.

% Number of latent variables.
°J1, 25 and Js.

istics (0% =0.809) of model 26 are marginally higher
than model 22. It is important to note that the best mod-
el at this level, based on internal validation, is model 21
with a Q? value of 0.834; however, the external predic-
tive capacity of this model is miserable (Rfmd = 0.376,
r2 =0.319). However, the squared correlation coeffi-
cient (r?) between the observed and predicted values of
the test set compounds shows a high value (0.733) signi-
fying the redundancy of this (r*) parameter. Model 28,
which is based on the pool of all descriptors, shows
the highest R” for the training set (R> = 0.908) and the

07 value is very near to that of models 22 and 26. The
predictive R* value (0.776) of this model is also higher
than that of models 22 and 26, but the 72 (0.680) value
is lower than the corresponding values of models 22 and
26.

Models 29-36 were obtained at B3LYP/6-311+G(2d,p)
level. Based on external validation, model 34 with seven
K descriptors and three LVs is the best one at this level.
The Rf,red and 2 values of this model are 0.814 and
0.795, respectively. Obviously, this model is far better
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in external predictability than model 2 using ¢* as elec-
tronic descrlptor The internal validation parameter Q*
of model 34 is also very encouraging (0.768). However,
another model (model 35) based on G descriptors shows
a hlgher 0’ value (0.857) while showing comparatively
lower R2__, and 72, values (0.810 and 0.711, respectively).
Model 36 based on the pool of all descrlptors shows an
acceptable O value (0.740), but external predictability
of the model is practically nil. The root mean square er-
rors of prediction (RMSEP) of models 34 and 35 are
0.229 and 0.231 whereas root mean square errors of esti-
mate (RMSEE) for the training set in both cases are
0.187.

At the MP2/6-311+G(2d,p) level, models 37-44 were ob-
tained. For the models at this level, compound 6 had to
be omitted from the training set because of RAM short-
age to calculate the corresponding wavefunction. How-
ever, all seven test set compounds were used to
validate the external predictability. Based on external
validation, model 43 with eight G descriptors and two
LVs shows R, and r}, values of 0.889 and 0.863,
respectively, which are hlgher than those of any other
model. The internal validation parameter (Q%) of model
43 is also very good. However, another model (model
42) involving K descrlptors shows a higher Q* value
while showing lower R2 , and 72 values. The model 44
based on all descrlptors shows an acceptable Q” value
while the R?_, and 72, values are poor. The RMSEE val-
ues of moé)els 42 and 43 are 0.198 and 0.202, respec-
tively, while RMSEP values are 0.272 and 0.175,
respectively.

Selected models were subjected to randomisation test
with 100 permutations (default** is 20) in each case.
For all the models tested, R}, values are less than 0.4
and Q; values are less than 0.05 (Table S2 in Supple-
mentary Data). This indicates that the models are not

obtained by chance.

Discussing the data as a whole we can note the follow-
ing. Hydrophobicity (logP) being very important for
hepatotoxicity of phenols,>® the log P term appears in
all the models developed. Among the electronic descrip-
tors, pK, and ¢" have been used. Using physicochemical
electronic descriptors, the best model was model 2 (with
o) showing 61.6% predicted variance (external) and
82.3% predicted variance (internal). As our objective
was to replace physicochemical descriptors with compu-
tationally derived (i.e. quantum chemical) electronic
descriptors to develop models with better external pre-
dictability, we developed models with QTMS descrip-
tors calculated at different levels of theory starting
from AMI to MP2. Based on R’ ;. r* and r2, as metrics
to denote external predictability, the best "model was
model 43 with G descriptors at the highest level [MP2].
This model showed Rzred, r* and 72, values of 0.889,
0.891 and 0.863, respectlvely, which are considerably
higher than the corresponding values of model 2
(0.616, 0.625 and 0.544, respectively). When internal val-
idation characteristics were considered, the best model
was model 35 obtained at B3LYP/6-311+G(2d,p) level.
This model shows a Q* value of 0.857, which is slightly

higher than the corresponding value of model 2 (0.823).
It should be remembered that only external validation
can indicate the true predictability of a model.

We conclude that replacing physicochemical electronic
descriptors with computationally derived quantum
chemical (QTMS) descriptors increases external predict-
ability of QSAR models for hepatocyte toxicity data of
phenols. Moreover, experimental values of pK, or tabu-
lar value of ¢" may not be available for all new query
compounds. In such cases, computationally derived
QTMS descriptors give an extra advantage. The predict-
ability increases specially at the higher levels of calcula-
tions. This reconfirms the advantage of using quantum
chemically derived descriptors instead of physicochemi-
cal (experimentally derived or tabular) electronic
descriptors in QSAR studies.
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