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Abstract—In this paper, an accurate and reliable QSAR model of 87 selective ligands for the thyroid hormone receptor b 1 (TRb1)
was developed, based on theoretical molecular descriptors to predict the binding affinity of compounds with receptor. The structural
characteristics of compounds were described wholly by a large amount of molecular structural descriptors calculated by DRAGON.
Six most relevant structural descriptors to the studied activity were selected as the inputs of QSAR model by a robust optimization
algorithm Genetic Algorithm. The built model was fully assessed by various validation methods, including internal and external
validation, Y-randomization test, chemical applicability domain, and all the validations indicate that the QSAR model we proposed
is robust and satisfactory. Thus, the built QSAR model can be used to fast and accurately predict the binding affinity of compounds
(in the defined applicability domain) to TRb1. At the same time, the model proposed could also identify and provide some insight
into what structural features are related to the biological activity of these compounds and provide some instruction for further
designing the new selective ligands for TRb1 with high activity.
� 2007 Elsevier Ltd. All rights reserved.
1. Introduction

Nuclear receptors, comprised of a family of ligand-
dependent transcription factors, can mediate the effects
of hormones and other endogenous ligands to regulate
the expression of specific genes. Among other members,
this family includes receptors for the various steroid hor-
mones (such as the estrogen, androgen, and progester-
one receptor), thyroid hormones, retinoic acid, vitamin
D, etc.1 Unbalanced production or cell insensitivity to
specific hormones may result in diseases associated with
endocrine disfunction.2 As the continuation of our re-
search on steroid hormones, in particular estrogen
receptor,3 here, we focus on the thyroid hormones. Thy-
roid hormones exert a wide array of biologic activities
and profound effects on growth, development, and
homeostasis in mammals.4 They regulate important
genes in intestinal, skeletal, and cardiac muscles, liver,
and the central nervous system, influence overall meta-
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bolic rate, cholesterol and triglyceride levels, and heart
rate, and affect mood and overall sense of well being.
Some effects of thyroid hormones such as weight reduc-
tion for the treatment of obesity, cholesterol lowering to
treat hyperlipidemia, amelioration of depression, and
stimulation of bone formation in osteoporosis may be
therapeutically useful in non-thyroid disorders.5 Prior
attempts to utilize thyroid hormones pharmacologically
to treat these disorders have been limited by manifesta-
tions of hyperthyroidism and, in particular, by cardio-
vascular toxicity. If these adverse effects can be
minimized or eliminated, thyroid hormones could
potentially be very useful for treatment of various
disorders.

The existence of two major subtypes of the thyroid
hormone receptors, a (TRa) and b (TRb) expressed
from two different genes, provides the possibility to de-
sign the therapeutically useful ligands without adverse
effects. Differential RNA processing results in the for-
mation of at least two isoforms from each gene. The
TRa1, TRb1, and TRb2 isoforms bind thyroid hor-
mone and act as ligand-regulated transcription factors.
The TRa2 isoform is prevalent in the pituitary and
other parts of the central nervous system, does not
bind thyroid hormones, and acts in many contexts as
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a transcriptional repressor. In adults, the TRb1 iso-
form is the most prevalent form in most tissues, espe-
cially in the liver. The TRa1 isoform is also widely
distributed although its levels are generally lower than
those of the TRb1 isoform. Many or most effects of
thyroid hormones on the heart, and in particular on
the heart rate and rhythm, are mediated through the
TRa1 isoform.6 The b-forms of the receptor mainly
mediate in the liver and other tissues.7 Consequently,
development of thyroid hormone receptor agonists
selective for the b1 isoform could lead to specific ther-
apies for these common disorders while avoiding
cardiotoxicity.

To date there have been a limited number of reports on
efforts to identify thyroid ligands that interact selectively
with the various TR isoforms. Among the researches of
selective thyroid ligands, Malm’s group designed and
synthesized new, highly active several series of ligands
selective for TRb.5,8–11 In order to improve the efficiency
and save money during the drug design process, quanti-
tative structure–activity relationship (QSAR) studies on
selective thyroid ligands were necessary, which could
identify and provide some insight into what structural
features are related to the biological activity of these
compounds, predict the biological activity just from
molecular structure before the compound is synthesized
and tested by animal experiments, provide some instruc-
tion for further designing the new ligands, and narrow
the search for future drug compounds. Based on the
requirement and the advantages of QSAR method,
Vedani et al. developed the satisfactory 4D–6D QSAR
models to study the selective thyroid ligands by using
their own software Quasar and Raptor.12,13 Although
their models provided good predictive results, it has a
high level of complexity and limitation in the software
availability and then is not easy to use for chemists
and biologists.

For real life applications, here we developed an easy to
use, fast-performing, and effective QSAR model with
good predictive performance, which was certified by
several validation paths, based on a relatively large
data set. In order to interpret the structural character-
istics of the compounds from all aspects, a large num-
ber of descriptors calculated by DRAGON were used
to describe each compound’s structure. At the same
time, a robust optimization algorithm, Genetic Algo-
rithm (GA), was used to select the related descriptors
with the compound’s activity and a simple correlation
algorithm Multiple Linear Regression (MLR) was used
to correlate the descriptors and �logIC50 values of the
compounds. In addition, the proposed models took
into full account fundamental points required by the
OECD principles for QSAR models,14 namely their
validation for predictivity (both by internal and
external statistical validation) and the possibility of
verifying their chemical applicability domain by the
leverage approach. External validation was performed
by splitting the original data set into training and pre-
diction sets by two different methods: Kohonen Self
Organizing Map (SOM) and random sampling by
activity.
2. Results and discussion

2.1. The analysis of data set

Since predictions from any QSAR models cannot be
intrinsically better than the experimental data em-
ployed to develop the model, the quality of the input
data will greatly influence the QSAR model perfor-
mance. In order to build a QSAR model with good
generalized performance, a preliminary analysis for
the quality of the data set (mainly the detection of out-
liers) was performed by modeling the complete set of
87 chemicals.

A number of QSAR models for the whole data set were
developed using Multiple Linear Regression by OLS
based on the different sets of descriptors selected by
Genetic Algorithms (GA). By comparing the Williams
plot of every model to verify the presence of response
outliers and structurally influential chemicals, most
models showed two compounds numbered as 28 and
46 (Table 1) were response outliers. For the response
outliers, it is difficult to find a reason why the models
failed to predict them accurately; however, it must be
kept in mind that the quality of the input experimental
data for these chemicals could be questioned since the
experimental values cannot be well predicted always
by various descriptors. In order to build a reliable and
general model, these chemicals were removed from the
data set and the remaining 85 compounds were used in
the following modeling.
2.2. The splitting of data set

Rational division of the experimental data set into train-
ing and prediction sets is a crucial part in the develop-
ment and validation of reliable QSAR models.15,16

Here, two criteria were applied to obtain appropriate
external prediction sets for validation. In the first choice
of training and prediction sets, the selection was made
according to the distribution of the compounds in the
space of molecular descriptors. The compounds were
selected in this way to ensure that the training and pre-
diction sets contained chemicals representative of the
diversity of structures for which predictions were to be
made. This complies with the hypothesis that in similar-
ity-based QSAR approaches, the training set should be
as structurally representative as possible and the predic-
tion set as similar as possible to the training set to guar-
antee reliable prediction. Knowledge of the spatial
distribution of the compounds in the descriptor space al-
lowed the selection of a representative sample in both
the training and prediction sets. The selection of a pre-
diction set based on this principle was implemented by
Kohonen Self Organizing Maps (SOM)17 in the package
KOALA.18 SOM, that takes advantage of clustering
capability, ensures that both sets are homogeneously
distributed within the entire area of the descriptor space;
in this case the chemicals in both sets, selected to maxi-
mize the coverage of the descriptor space (i.e., represen-
tativity), represent the depth of distribution of all
existing chemicals.



Table 1. Structures of the studied compounds

H. Liu, P. Gramatica / Bioorg. Med. Chem. 15 (2007) 5251–5261 5253
In KOALA, structural information was used as vari-
ables to build a Kohonen map (7 · 7 neurons, 400
epochs). At the end of 400 epochs of the net training,
similar chemicals fell within the same neuron, that is,
they carry the same information. To select the training
set of chemicals it is assumed that the compound
closest to each neuron centroid is the most representa-
tive of all the chemicals within the same neuron. Thus,
the selection of the training set chemicals was per-
formed by the minimal distance from the centroid
of each cell in the top map. The remaining objects,
close to the training set chemicals, were used for the
prediction set. As results, 21 compounds (about 25%
of original data set (85 compounds)) fell into predic-
tion set and 64 compounds were included in the train-
ing set.
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In a second selection, and to ensure that the results were
not conditioned by the data distribution in structural
space, the splitting of the original data set was carried
out by random selection through activity sampling.
First, ordering the chemicals according to their descend-
ing experimental values, taking one chemical for every
four chemicals from the original data set to put in pre-
diction set (25% of the whole set, totally 21 compounds),
the remaining chemicals were included in the training set
for model development.

2.3. The construction and internal validation of QSAR
models

As we cannot have a priori knowledge of which descrip-
tors, and which particular combinations with others, are
related to the studied response and are able to be used in
models for prediction aims, we applied Genetic Algo-
rithms as the variable selection procedure to select only
the best combinations of those most relevant to obtain-
ing models with the highest predictive power by using
the training set obtained by SOM method.

The real usefulness of QSAR models is not just their
ability to reproduce known data, verified by their fitting
power (R2), but is mainly their possibility of predictive
application. For this reason the model calculations were
performed maximizing the explained variance in predic-
tion, verified by the leave-one-out cross-validated corre-
lation coefficient, Q2

LOO. To avoid the danger of
overfitting and the possibility of overestimating model
predictivity by using only Q2

LOO, the internal predictive
ability of the models was also verified using the boot-
strap ðQ2

BOOTÞ procedure, as is strongly recommended
for QSAR modeling.19 The robustness of the proposed
models and their predictive ability was guaranteed by
the high Q2

BOOT based on bootstrapping repeated 5000
times.

In addition, Y-randomization was applied to exclude the
possibility of chance correlation, that is., fortuitous
correlation without any predictive ability. It gave the
following results: the random models, performed using
a scrambled order of the experimental rate constant re-
peated 300 times, were found to have significantly lower
R2 and Q2 than the original models, corroborating the
statistical reliability of the actual models.
Table 2. The MLR model between the structural descriptor and the pIC50 o

Variable Meaning of variables Regr

Intercept Constant 9.9

GATS1e Geary autocorrelation—lag 1 weighted by atomic

Sanderson electronegativities

�7.6

EEig08x Eigenvalue 8 from edge adjacency matrix

weighted edge degrees

�2.9

EEig07d Eigenvalue 7 from edge adjacency matrix

weighted dipole moments

4.4

GGI6 Topological charge index of order 6 1.9

R6v+ R maximal autocorrelation of lag 6 index

weighed by atomic van der waals volume

60.5

H-051 The number of the H atom attached to a C atom �0.3

Model parameters: n = 64, R2 = 0.836, R2
adj ¼ 0:819, Q2

LOO ¼ 0:793, Q2
BOOT
According to these validations, the best QSAR model
based on the training set by SOM was selected among
those with a smaller number of response outliers and
structurally influential chemicals. The statistical analysis
results of this model and the involved molecular descrip-
tors as well as their full names in software DRAGON
are summarized in Table 2. The detailed value of
descriptors for every compound is given in Table 3.

From the parameters of the model in Table 2, it can be
seen that the built model has satisfactory internal pre-
dictive ability and stability.

2.4. The external validation

For a QSAR model, internal validation, although
important and necessary, does not sufficiently guarantee
the predictive ability of a model. In fact, we, like other
authors,20–22 are strongly convinced from personal expe-
rience3,23–26 that models with high apparent predictive
ability, highlighted only by internal validation methods,
can be unpredictive when verified on new chemicals not
used in developing the model. Thus, for a stronger eval-
uation of model applicability for prediction on new
chemicals, external validation of the models should
always be performed.27 In the present investigation,
the built models were validated externally by the addi-
tional prediction set.

Twenty-one compounds in prediction data set (the com-
pounds of which set value is 2 in Table 3) selected by
SOM, not used during the development of model, were
used to validate the built model externally. MDS (Multi-
dimensional scaling) analysis was performed to check
the distribution of compounds in prediction set in the
training applicability domain. Figure 1 gives the MDS
map of the first two dimensions. From this figure, the
data set appears to be split into two representative sets
thus confirming the efficiency of the applied SOM in
the splitting: in fact the training set consists of represen-
tatives of the more dissimilar structures and the predic-
tion set are well distributed in the training applicability
domain. The predicted results for the training set and
external prediction set can be seen in Figure 2. The
correlation coefficient R2

pred, Q2
EXT, and RMSE for the

prediction set are 0.730, 0.711, and 0.702, respectively.
The residual plot is shown in Figure 3. Residuals both
f the compounds in the training set by SOM splitting

ession coefficient Error coefficient Standardized coefficient

96 1.424 0

83 1.621 �0.262

06 0.388 �1.399

11 0.526 1.6649

94 0.633 0.3169

50 10.996 0.339

83 0.080 �0.287

¼ 0:780, RMSE = 0.550, KXX = 0.429, KXY = 0.466.



Table 3. The experimental and predicted �logIC50 together with the selected descriptors

ID GATS1e EEig08x EEig07d GGI6 R6v+ H-051 Y Exp. Y-Pred Seta

1 0.722 2.372 1.846 0.771 0.042 0 9.59 9.84 1

2 0.71 1.869 1.846 0.567 0.046 2 10.32 10.43 1

3 0.709 2.372 2.145 0.771 0.031 0 9.96 10.62 1

4 0.705 1.984 1.846 0.69 0.049 2 10.72 10.47 1

5 0.732 2.334 2.145 0.69 0.033 2 10.6 9.56 1

6 0.747 2.334 1.873 0.446 0.034 0 8.68 8.69 1

7 0.739 2.334 2.144 0.567 0.033 2 10.02 9.28 1

8 0.743 2.334 1.873 0.446 0.02 0 7.68 7.91 1

9 0.734 2.334 2.145 0.567 0.019 2 8.96 8.48 1

10 0.727 2.334 2.145 0.69 0.018 2 9.82 8.64 1

11 0.833 2.874 1.952 0.884 0.02 2 6.22 6.03 1

12 0.726 2.72 1.904 0.609 0.012 0 6.04 7.03 1

13 0.801 2.83 1.961 0.488 0.023 3 5.29 5.51 1

14 0.864 0.941 0.745 0.202 0.022 2 4.49 4.88 2

15 0.828 1 0.775 0.304 0.022 2 5.72 5.24 1

16 0.814 1.095 0.989 0.304 0.02 2 5.24 6.11 1

17 0.814 1 0.986 0.467 0.022 2 5.74 6.88 1

18 0.802 1.345 1.155 0.304 0.02 2 5.82 6.11 1

19 0.802 1.393 0.8 0.406 0.029 2 6.1 4.86 1

20 0.754 2 1.415 0.325 0.025 2 6.11 6.02 1

21 0.802 1.421 1.087 0.59 0.023 2 5.74 6.4 1

22 0.792 1.666 1.171 0.427 0.02 2 6.44 5.53 2

23 0.792 1.618 1.071 0.529 0.027 2 6.09 5.82 1

24 0.747 2 1.418 0.448 0.026 2 6.72 6.38 1

25 0.711 3.218 2.454 0.909 0.013 0 8.89 8.61 2

26 0.735 3.218 2.527 0.909 0.014 0 9.44 8.75 1

27 0.763 3.218 2.623 0.909 0.014 0 10.25 9.01 2

29 0.837 3.218 2.555 0.909 0.014 0 7.12 8.14 2

30 0.734 3.232 2.623 1.013 0.013 0 8.89 9.39 1

31 0.753 3.232 2.623 0.912 0.017 0 8.95 9.24 2

32 0.734 3.232 2.623 1.013 0.015 0 9.55 9.46 2

33 0.719 3.232 2.623 1.103 0.013 0 9.19 9.64 2

34 0.85 3.387 2.773 1.278 0.011 0 9.06 9.07 1

35 0.77 3.387 2.77 1.278 0.011 0 9.11 9.78 1

36 0.803 3.218 2.502 0.828 0.018 0 8.28 8.25 1

37 0.822 3.218 2.623 0.828 0.017 0 8.76 8.56 1

38 0.792 3.232 2.623 0.891 0.015 0 9.71 8.77 2

39 0.81 3.232 2.623 0.83 0.017 0 8.75 8.64 2

40 0.92 3.218 2.623 0.828 0.019 0 8.7 7.65 1

41 0.747 3.273 2.623 1.207 0.015 0 8.99 9.73 1

42 0.752 3.232 2.623 1.133 0.012 0 9.78 9.33 1

43 0.752 3.232 2.623 1.133 0.011 0 9.95 9.24 1

44 0.688 2.962 2.266 0.625 0.025 2 8.54 8.09 2

45 0.693 3.232 2.423 0.851 0.022 2 8.47 8.21 1

46 0.693 3.232 2.402 0.933 0.024 2 9.03 8.35 1

47 0.693 3.232 2.397 0.869 0.025 2 7.17 8.33 2

49 0.675 3.226 2.375 0.811 0.018 2 8.4 7.78 1

50 0.646 3.232 2.376 0.829 0.02 2 7.68 8.32 1

51 0.788 3.201 2.372 0.729 0.024 2 7.96 7.21 1

52 0.763 3.227 2.569 0.85 0.02 2 9.11 8.2 1

53 0.768 3.232 2.601 0.971 0.023 2 8.47 8.75 1

54 0.699 2.966 2.359 0.665 0.024 2 7.3 8.43 2

55 0.699 3.179 2.367 0.688 0.026 2 7.12 8.01 2

56 0.699 3.213 2.371 0.746 0.026 2 7.06 8.04 2

57 0.736 2.962 2.266 0.625 0.023 2 6.86 7.64 1

58 0.736 2.962 2.266 0.625 0.023 2 7.39 7.61 1

59 0.736 2.962 2.266 0.625 0.026 2 6.91 7.82 1

60 0.788 2.962 2.266 0.625 0.027 2 7.17 7.44 2

61 0.767 2.849 2.277 0.565 0.026 2 7.55 7.8 2

62 0.713 2.697 1.944 0.668 0.021 2 8.11 7.02 1

63 0.807 2.965 2.356 0.667 0.032 2 8.22 8.06 1

64 0.761 3.232 2.573 0.975 0.022 2 8.12 8.64 1

65 0.761 3.232 2.572 0.871 0.031 2 8.96 8.95 1

66 0.761 3.232 2.567 0.788 0.027 2 8.02 8.54 1

67 0.756 3.232 2.498 0.808 0.022 2 7.22 8.01 1

(continued on next page)
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Table 3 (continued)

ID GATS1e EEig08x EEig07d GGI6 R6v+ H-051 Y Exp. Y-Pred Seta

68 0.806 2.97 2.363 0.73 0.029 2 7.08 8.09 1

69 0.806 3.232 2.378 0.749 0.032 2 7.33 7.59 1

70 0.806 3.232 2.418 0.747 0.025 2 8.22 7.26 1

71 0.735 3.219 2.495 0.731 0.029 2 7.46 8.5 1

72 0.73 3.223 2.545 0.75 0.025 2 8.38 8.5 1

73 0.724 3.224 2.549 0.769 0.028 2 9.21 8.75 1

74 0.719 3.224 2.55 0.728 0.025 2 8.17 8.55 2

75 0.715 3.225 2.55 0.687 0.025 2 7.74 8.5 2

76 0.814 3.232 2.571 0.81 0.025 2 7.43 8.09 1

77 0.814 3.232 2.551 0.769 0.027 2 8.32 7.98 1

78 0.814 3.224 2.55 0.81 0.026 2 8.07 8.04 1

79 0.683 3.232 2.549 1.03 0.019 2 9.33 9.04 2

80 0.769 3.224 2.549 0.769 0.029 4 7.17 7.8 1

81 0.72 3.224 2.549 0.769 0.02 2 8.46 8.31 1

82 0.802 2.82 2.369 0.708 0.021 4 6.85 7.31 1

83 0.791 2.834 2.37 0.728 0.02 3 7.74 7.64 1

84 0.782 2.842 2.37 0.769 0.023 3 8.37 7.93 1

85 0.773 2.848 2.37 0.769 0.014 3 7.33 7.48 1

86 0.773 2.854 2.37 0.81 0.017 3 7.8 7.7 1

87 0.758 2.874 2.37 0.81 0.012 3 7.35 7.47 2

a The training set and prediction set obtained by SOM method, ‘1’ accounts for the compound in the training set, ‘2’ accounts for the compound in

the prediction set.
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for training and prediction set are distributed normally
around zero (the mean value), therefore the linear corre-
lation between response and selected variables is reli-
able. The plot of predicted versus experimental activity
(Fig. 2) tells the same story, adding the information that
visually the predicted values seem to capture the actual
values very well.

The chemical applicability domain of the models and the
reliability of the predictions are also verified by the
leverage approach. In Williams plot,28 chemicals influ-
ential on the structural domain of the model, character-
ized by a hat value exceeding the cut off one (vertical
dashed line in Fig. 4), can be explained as compounds
with peculiar features poorly represented in the training
set, which could affect the variables, selection for a bet-
ter modeling of those chemicals. Outliers, of which the
standardized residual values exceed the cut off value
(here, ± 2.5 r, horizontal dashed line in Fig. 4), could
be associated with errors in the experimental values.
On analyzing the AD of built model in the Williams plot
(Fig. 4), there is no response outlier and structure influ-
ential compound both for training set and prediction
set, which indicated further the reliability of the predic-
tions from another aspect.

From the above results, both for the training set and
external prediction set, it can be seen the model we sug-
gest matches the high quality parameters not only with
good fitting power, but mainly with high capability of
assessing external data.

2.5. The further validation by the training and prediction
set obtained from random splitting

In order to ensure that the results were not conditioned
by the data distribution in descriptor space, the built
model was also validated by the training and prediction
set selected from random method and activity sampling,
which has been described in the Section 2.2. Figure 5 is
the MDS map of the first two dimensions for the new
training and prediction set. Compared with Figure 1,
where the compounds in prediction set were included
in the applicability domain of training set, it was certi-
fied further that the training set obtained by SOM was
more reprehensive than that by randomness. In fact, in
Figure 5, several compounds in the prediction set are
out of the structural domain of training set. However,
we can also obtain the very satisfactory results when
we apply the selected descriptors to this new training
and prediction set. The detailed comparison of results
between the models obtained by two different splitting
methods is given in Table 4. The satisfactory results
proved the built model was not conditioned by the data
distribution in structural space as well as the robustness
and reliability of the built model further. In addition,
F
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although it is impossible to have an absolute measure of
comparison between our model and Vedani’s model be-
cause we used a larger data set and different end-point
(IC50 in our study, Ki in their study), a rough compari-
son indicated our results can be comparable to their
model as well as our model is much simpler and easier
to use.

2.6. Structural features responsible for activity

By interpreting the molecular descriptors in the regres-
sion model, it is possible to gain some insight into struc-
tural features that are likely to govern the affinity of
chemicals with the thyroid hormone receptor b.

In the built models, the relative importance of the vari-
ables was determined by their standardized regression
coefficients. In fact, since molecular descriptors do
not have equal variance (i.e., they are not autoscaled),
their relative importance in the model is measured bet-
ter by standardized regression coefficients (i.e., the
coefficients multiplied by the standard deviation of
the corresponding predictor). From the standardized
coefficient of descriptors in Table 2, the most impor-
tant descriptor is an edge adjacency index EEig07d
(Eigenvalue 7 from edge adjacency matrix weighted
dipole moments), which was developed by Estrada
et al.,29,30 is mainly correlated with molecular polarity.
The second important descriptor EEig08x (Eigenvalue
8 from edge adjacency matrix weighted edge degrees)
also belongs to the edge adjacency index. This descrip-
tor can reflect molecular branching and complexity,
and then accounts for molecular steric feature. GGI6
(topological charge index of order 6)31 can reflect the
charge distribution of a molecule and could be related
to the electrostatic interaction between ligand and
receptor. Another descriptor related with molecular
electrostatic features is the descriptor GAT1e, which
responds to Geary autocorrelation—lag 1 weighted
by atomic Sanderson electronegativities.



Table 4. The statistical parameters of the models based on two kinds of splitting methods

Splitting method Training set (64 chemicals) Prediction set (21 chemicals)

R2 Q2 RMSE R2pred Q2
EXT RMSE

SOM 0.836 0.793 0.550 0.730 0.711 0.702

Random by activity 0.813 0.766 0.600 0.808 0.790 0.554
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R6v+ (R maximal autocorrelation of lag 6 index weighed
by atomic van der Waals volumes) belongs to the GET-
AWAY descriptors developed by Consonni et al.,32 and
is defined based on the influence/distance matrix R
weighting the atoms by van der Waals volumes. Thus, it
can reflect molecular size in addition to the distribution
of influential atoms (for instance, heteroatoms).

The meaning of the descriptor H-051 is the number of H
atom attached to a C atom, which is a very active atom
and easy to lose acidic proton and then affects the reac-
tivity of molecule and their nucleophilicity.

From the above discussion, we can conclude that the activ-
ityofthestudiedcompoundsmainlydependsonmolecular
polarity, size, shape, and nucleophilic reactivity.

However, it must be taken into account that, in multi-
variate models such as Multi-Linear Regression models,
even though the interpretation of the singular molecular
descriptor can be useful, only the combination of the
selected set of descriptors is able to model the studied
end-point, and this combination is not always easy to
be interpreted in a very reduced way for such a complex
biological effect based on a lot of interactions between
ligands and receptor.
3. Conclusion

In this article, QSAR study of 85 selective ligands for the
thyroid hormone receptor b was performed based on
theoretical molecular descriptors calculated by DRA-
GON software and selected by Genetic Algorithm.
The built model was assessed comprehensively (internal
and external validation) and all the validations indicate
that the QSAR model we built is robust and satisfac-
tory, and that the selected descriptors can account for
the structural features responsible for the binding affin-
ity of compounds to TRb1 as well as GA is an effective
method to select descriptors. By interpreting the molec-
ular descriptors in the regression model, we can con-
clude that the activity of the studied compounds
mainly depends on molecular polarity, size, shape, and
nucleophilicity. The QSAR model developed in this
study can provide a useful tool to predict the activity
of the new compounds and also to design new com-
pounds with high activity.
4. Methodology

4.1. Experimental data

The affinity data of 87 ligands to b1 isoform of the hu-
man thyroid hormone receptor (TRb1) were taken from
five references in terms of IC50
5,9–11 or Ki

8 values and
were converted to pIC50 (that is �logIC50).The struc-
tures of compounds used in the study are given in Table
1 and the experimental affinity activities (pIC50) are
shown in Table 3.

4.2. Calculation of molecular descriptors

To obtain a QSAR model, compounds are represented
by theoretical molecular descriptors. The calculation
process of the molecular descriptors was described as be-
low. All structures were drawn and preoptimized using
MM+ molecular mechanics method within the frame-
work of the HYPERCHEM program.33 The final geom-
etries of the minimum energy conformation were
obtained by more precise optimization with the AM1
method. The molecular descriptors for the given com-
pounds were calculated using the software DRAGON
5.434 on the minimal energy conformations.

By DRAGON, a total of 1354 different type molecular
descriptors were calculated to describe the compounds’
structural diversity. They include (a) 0D-constitutional
(atom and group counts); (b) 1D-functional groups,
1D-atom centered fragments; (c) 2D-topological, 2D-
BCUTs, 2D-walk and path counts, 2D-autocorrelations,
2D-connectivity indices, 2D-information indices, 2D-
topological charge indices, and 2D-eigenvalue-based
indices; and (d) 3D-Randic molecular profiles from the
geometry matrix, 3D-geometrical, 3D-WHIM,35 and
3D-GETAWAY32 descriptors. In order to reduce
redundant and non-useful information, constant or near
constant values and descriptors found to be highly cor-
related pairwise (one of any two descriptors with a K
correlation greater than 0.99) were excluded in a pre-
reduction step, thus 680 molecular descriptors under-
went subsequent variable selection.

4.3. Variable selection based on Genetic Algorithm

After calculating the molecular descriptors, the next step
is to reduce descriptor space by selecting only pertinent
descriptors that faithfully describe the activity of inter-
est. Choosing appropriate descriptors for QSAR studies
is difficult as there are no absolute rules that govern this
choice. However, it is well known, in both chemical and
statistical fields, that the accuracy of classification and
regression techniques is not monotonic with respect to
the number of features employed by the model. Thus,
depending on the nature of the regression technique,
the presence of irrelevant or redundant features can
cause the system to focus attention on the idiosyncrasies
of the individual samples and lose sight of the broad
picture that is essential for generalization beyond the
training set. For this reason descriptor selection is very
important. Recently, some published papers suggested
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that Genetic Algorithms (GA) might be useful in data
analysis, especially in the task of reducing the number
of features for regression models.36–39 GA is a novel
optimization technique that mimics selection in nature.
The essence of ‘selection in nature’ is that, under certain
environmental conditions, species of high fitness can
prevail in the next generation, and the best species
may be reproduced by crossover together with random
mutations of chromosomes in surviving species. Rogers
and Hopfinger40 first applied this method in QSAR
analysis, and proved GA a very effective tool with many
merits, compared to other methods. Much of the re-
search carried out by our group also verifies the success
of GA in the selection of descriptors.3,23–26 Thus, in this
paper, Genetic Algorithm, as a powerful optimization
method, was used for variable selection. To make the
chemists’ job easier, the models were built using the sim-
ple Multiple Linear Regression method. Genetic Algo-
rithm and Multiple Linear Regression analysis were
performed by the software MOBY DIGS19 using the
Ordinary Least Square regression (OLS) method and
GA-VSS (Genetic Algorithm-Variable Subset Selection).

First of all, models with 1–2 variables were developed by
the all-subset-method procedure to explore all the low
dimension combinations. The number of descriptors
was subsequently increased one by one, and new models
were formed. The outcome of the Genetic Algorithms in
MOBY DIGS software is a population of 100 regression
models, ordered according to their decreasing internal
predictive performance, verified by the leave-one-out
cross-validated correlation coefficient Q2. The GA was
stopped when increasing the model size did not increase
the Q2 value to any significant degree. Particular atten-
tion was paid to the collinearity of the selected molecu-
lar descriptors: in fact, to avoid multicollinearity
without, or with, ‘apparent’ prediction power (due to
chance correlation), regression was calculated only for
variable subsets with an acceptable multivariate correla-
tion with response, by applying the QUIK rule (Q Under
Influence of K).41 According to this rule, acceptable
models are only those with a global correlation of
[X + Y] block (KXY) greater than the global correlation
of the X block (KXX) variable, X being the molecular
descriptors and Y the response variable. The collinearity
in the original set of molecular descriptors results in
many similar models of different dimensionality that
more or less yield the same predictive power. Therefore,
when there were models of similar performance, those
with higher DK (KXY � KXX) were selected and further
verified.

4.4. Internal and external validation of models

The robustness of the models and their internal predictive
ability were evaluated by both Q2 based on leave-one-out
cross-validation and bootstrap. The leave-one-out (LOO)
procedure consists of removing one sample from the
training set, constructing the model only on the basis
of the remaining training data and then testing it on
the removed sample. In this fashion all the training data
samples were tested and Q2 was calculated. In the Boot-
strap procedure, K n-dimensional groups are generated
by a randomly repeated selection of n-objects from the
original data set. The model obtained on the first
selected objects is used to predict the values for the
excluded sample, and then Q2 is calculated for each
model. The bootstrapping was repeated 5000 times for
each validated model.

The proposed models were also checked for reliability
and robustness by permutation testing: new models were
recalculated for randomly reordered response (Y scram-
bling). The resulting models obtained on the data set
with randomized response should have significantly low-
er Q2 values than the proposed ones because the rela-
tionship between the structure and response is broken.
This is proof of the proposed model’s validity as it can
be reasonably excluded that the originally proposed
model was obtained by chance correlation.42 Y scram-
bling was performed by response scrambling with max-
imum iterations of 300.

It is worthwhile to point out that cross-validation and
bootstrap methods only assess the internal predictive
ability of built models.42,27,43 Compared with cross-vali-
dation and bootstrap, the external validation can provide
a more rigorous evaluation of the model’s predictive
capability for untested chemicals. When a sufficiently
large number of new (i.e., obtained after the model devel-
opment) and reliable experimental data are available, the
best proof of already developed model accuracy is to test
model performance on these additional data. However,
in the absence of available additional data (in useful
quantity and quality), statistical external validation can
be done by adequately splitting the available input data
set, before model development, into training set (for
model development) and prediction set (for model
predictive assessment) by different procedures. In this
investigation, the built models were validated externally
by splitting the original data set into training set and pre-
diction set. The prediction set does not take part in the
selection of descriptor and the construction of model.
Thus, the chemicals in the prediction set are completely
new for the developed QSAR model.

In the splitting of the original data set into training and
prediction set, the composition of the two sets is of cru-
cial importance. The best splitting must guarantee that
the training and prediction sets are scattered over the
whole area occupied by representative points in the
descriptor space (representativity) and that the training
set is distributed over the area occupied by representa-
tive points for the whole data set (diversity). In order
to select such training and prediction set, Kohonen Self
Organizing Map (SOM)17 was applied.

The splitting of the data set based on SOM takes advan-
tage of the clustering capabilities of Kohonen artificial
neural network allowing the selection of a meaningful
training set and a representative prediction set, which
was implemented by using the package KOALA.18

The above splitting methodology is based on similarity
analysis, therefore the external prediction set of chemi-
cals is, by definition, as structurally similar as possible
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to the training set chemicals or is included in the training
structural space: this allows the same chemical domain
to be maintained. However, in this situation, there is a
reasonable doubt that the developed models could, obvi-
ously, be predictive for chemicals which, even if not
included in the training set, are in some way structurally
very similar to these compounds. To eliminate this
doubt from our model, and to verify if it is applicable
to ‘completely external’ chemicals that do not partici-
pate not even in the similarity-based splitting, we also
split the experimental data into training set and predic-
tion set randomly according to the ranking of activity.

In order to check the distribution of compounds of the
training and prediction sets in the descriptor space, mul-
tidimensional scaling (MDS) analysis44 was performed.
Multidimensional scaling (MDS) is a set of data analysis
techniques that display the structure of distance-like
data as a geometrical picture. MDS pictures the struc-
ture of the objects from data that approximate the dis-
tances between pairs of the objects. Each object is
represented by a point in a multidimensional space.
The points are arranged in this space so that the dis-
tances between pairs of points have the strongest possi-
ble relation to the similarities among the pairs of objects.
That is, two similar objects are represented by two
points that are close together, and two dissimilar objects
are represented by two points that are far apart. The
space is usually a two- or three-dimensional Euclidean
space, but may be non-Euclidean and may have more
dimensions. Here, two-dimensional Euclidean space
was used.

A final validation procedure was performed by evaluat-
ing the model’s external predictive power on the selected
prediction set by every method. The reliability of the
built models was assessed by the coefficient of determi-
nation R2

pred for prediction set and the external valida-
tion parameter ðQ2

EXTÞ, which was calculated by
Q2

EXT ¼ 1� PRESS=SD, where PRESS is the sum of
the squared differences between the measured response
and the predicted values for each molecule in the predic-
tion set, and SD is the sum of the squared deviations
between the measured response for each molecule in
the prediction set and the mean measured value of the
training set. Root mean square of errors (RMSE), calcu-
lated separately for the training and the prediction sets,
are reported to indicate the predicted accuracy of mod-
els, which is calculated by the root square of the sum of
squared errors in prediction divided by their total
number.

4.5. Applicability domain of models

As even a robust, significant, and validated QSAR mod-
el cannot be expected to reliably predict the studied
property for the entire universe of chemicals, its domain
of application must be defined, and the predictions for
only those chemicals that fall in this domain can be con-
sidered reliable. The applicability domain (AD) is a the-
oretical region in the space defined by the descriptors of
the model and the modeled response, for which a given
QSAR should make reliable predictions. This region is
defined by the nature of the chemicals in the training
set, and can be characterized in various ways.

In this investigation, the chemical domain of the studied
chemicals in the models was verified by the leverage ap-
proach to verify prediction reliability.28 To visualize the
AD of a QSAR model, the plot of standardized cross-
validated residuals versus leverage (Hat diagonal) values
(HAT) (the Williams plot) can be used to have an imme-
diate and simple graphical detection of both the
response outliers (Y outliers) and the structurally influ-
ential chemicals (X outliers) in a model. In this plot
the horizontal and vertical straight lines indicate the lim-
its of normal values: the first for the Y outliers (i.e., com-
pounds with cross-validated standardized residuals
greater than 2.5 standard deviation units, ±2.5r) and
the second for X outliers. The limit of normal values
for X outliers (h*) was calculated by 3p 0/n, where p 0 is
the number of model variables plus one, and n is the
number of the objects used to calculate the model.28

In fact, leverage can be used as a quantitative measure of
the model applicability domain suitable for evaluating
the degree of extrapolation: it represents a sort of com-
pound ‘distance’ from the model experimental space.
Prediction must be considered unreliable for compounds
with a high leverage value (h > h*). Conversely, when
the leverage value of a compound is lower than the crit-
ical value, the probability of accordance between pre-
dicted and actual values is as high as that for the
training set chemicals.

In addition, it is important to note that the outliers for the
responsecanbehighlightedonly forchemicalswithknown
responses and the possibility of a chemical to be out of the
structural applicability domain of a model can be verified
for every new chemical, the only knowledge needed being
the molecular structure information represented by the
molecular descriptors selected in the model.
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