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Several QSAR (quantitative structure–activity relationships) models for predicting the inhibitory activity
of 117 Aurora-A kinase inhibitors were developed. The whole dataset was split into a training set and a
test set based on two different methods, (1) by a random selection; and (2) on the basis of a Kohonen’s
self-organizing map (SOM). Then the inhibitory activity of 117 Aurora-A kinase inhibitors was predicted
using multilinear regression (MLR) analysis and support vector machine (SVM) methods, respectively. For
the two MLR models and the two SVM models, for the test sets, the correlation coefficients of over 0.92
were achieved.

� 2011 Elsevier Ltd. All rights reserved.
The Aurora kinases are a family of three highly homologous ser-
ine/threonine protein kinases, including Aurora-A, -B and -C. Since
their discovery in 1995 and the first observation of expression in
human cancer tissue in 1998, these kinases have been the subject
of intense research in both the academic and industrial oncology
communities.1

Among the three human Aurora kinases, Aurora-A has been the
family member most consistently associated with cancer. The Aur-
ora-A gene lays within a region of chromosome 20q13, which is
amplified in many epithelial malignant tumors, including breast,
gastric, colon, ovarian and pancreatic cancers.2–4 The Aurora-B
gene is located at chromosome 17p13.1, which has not been asso-
ciated with significant amplification. Despite reports of overex-
pression in certain cancers, the increased expression may simply
reflect hyperproliferation rather than carcinogenesis.5 Aurora-C
has similar functions as Aurora-B. The Aurora-C gene lies within
a region of chromosome 19q13. It is highly expressed in the testis
but is also present at a low level in other tissues.6 Recently, Aurora-
A has become an attractive target for the treatment of cancer. To
date, more than 10 small molecules have entered clinical studies,
such as VX-680, MLN8054, MLN8237, PHA-739358, AT-9238,
SNS-314, and ENMD-2076.1

In previous studies, much attention has been given to the pro-
duction of novel compounds for Aurora-A kinase inhibitors. How-
All rights reserved.
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ever, it is not feasible to carry out the binding bioassays on every
compound because of the constraint of time and cost. Alterna-
tively, the binding affinity of a new molecule might be predicted
using some quantitative structure–activity relationship (QSAR)
models derived from the known inhibitors and their experimental
bioassay values; and it can help to reduce the research time of new
drugs. This methodology is very helpful in screening a large library
of possible drug candidates for selectivity and potency.7

For kinase inhibitors, several QSAR models8–10 have been built
to predict the biological activity, which could predict the activities
of newly designed compounds before a decision is made whether
these compounds should be really synthesized and tested. Dong
et al. built QSAR models for the prediction of the inhibitory activity
of 148 Akt/protein kinase B (PKB) inhibitors using Support Vector
Machine method.8 A three-class support vector classification
(SVC) model with high prediction accuracy for the training, test
and overall data sets (95.2%, 88.6% and 93.1%, respectively) was
developed; In addition, a more accurate model with good correla-
tion coefficient (r2) for the training, test and overall data sets
(0.882, 0.762 and 0.840, respectively) was built by support vector
regression (SVR) method.8 Lather and colleagues have carried out
a QSAR study on 44 GSK-3b (glycogen synthase kinase-3) inhibi-
tors.9 Both the 2D and 3D QSAR models were obtained. The predic-
tive ability of both the models was determined using a randomly
chosen test set containing eight molecules. The predictive correla-
tion coefficients (R2

pred) of 0.6 and 0.91 were obtained for the 2D and
3D models, respectively.9 Recently, Jayashankar and Sundar have
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built 3D QSAR models for predicting the binding activity of 32 qui-
nazoline derivatives to Aurora-B kinase.10 Two models were built
by molecular field analysis (MFA) and receptor surface analysis
(RSA) methods, whose corresponding R2 value of 0.954 and 0.949
were achieved, respectively.10

Besides simply as predictors, QSAR models can also be em-
ployed to bring new insights on the mechanism of activity.11 The
structural optimizations aided by QSAR models that lead to subse-
quently validated experimental findings are encouraged. The
mechanistic analysis on predictive models can identify structural
features that are deterministic to inhibitors’ biological activities
and/or subtype selectivities. Moreover, the QSAR-based virtual
screening has been increasingly employed in recent years and
brought forth great successes onto various biomedical targets.11

The aim of our work is to build QSAR models for the prediction
of the inhibition of Aurora-A kinase inhibitors. The procedure of
this work for building QSAR models includes four steps: (1) prep-
aration a dataset containing 117 Aurora-A kinase inhibitors having
experimental inhibitory activity of Aurora-A kinase; (2) calculation
the 2D and 3D molecular descriptors using the ADRIANA.Code
2.2.2,12,13 and selection the appropriate descriptors for activity pre-
diction; (3) dividing the whole dataset into a training set and a test
set by a random selection or by a Kohonen’s self-organizing map
(SOM);14 (4) building models using the multilinear regression
(MLR) method and the support vector machine (SVM).15

The 117 Aurora-A kinase inhibitors and their inhibitory activi-
ties were taken from nine literatures.1,16–23 The bioassay (IC50) val-
ues of the 117 inhibitors cover a broad range from 1 to 18,300 nM.
The bioassay (IC50) values were converted into the corresponding
pIC50 (�log IC50) values, which is in the range of 4.74–9. A com-
pleted listed of the compounds structures, their corresponding
experimental IC50 and pIC50 values are shown in Table S1 , Supple-
mentary data.

The structure building and energy minimization were carried
out using the software MOE (molecular operating environment).24

The optimization of molecular 3D structure was generated by the
CORINA software.25 A total of 1143 descriptors were calculated
using ADRIANA.Code 2.2.2,12 including 19 global molecular
descriptors,26–28 eight size and shape descriptors,29–31 56 2D prop-
erty autocorrelation descriptors,32,33 36 surface property autocor-
relation descriptors33,34 and 1024 radial distribution functions
(RDF) codes.35,36

A global molecular descriptor represents a chemical structure
by a structural, chemical or physicochemical feature or property
of the molecule expressed by a single value. 19 global descriptors
such as molecular weight, topological polar surface area (TPSA),26

number of Lipinski’s rule of five violations27 and mean molecular
polarizability,28 were calculated.

A size or shape descriptor also represents a molecule by a single
value and it is derived from the 3D structure of a molecule. Eight
size and shape descriptors such as molecular diameter,29 molecular
span30 and molecular radius of gyration,30,31 were calculated.

The 2D property autocorrelation uses the molecular 2D struc-
ture and atom pair properties as a basis to obtain vectorial
molecular descriptors.32,33 The atom pair properties are summed
up for certain topological distances which count the number of
bonds on the shortest path between two atoms. The 2D molec-
ular autocorrelation vectors33 were calculated based on the fol-
lowing seven atomic properties: r charge (SigChg),37,38 p
charge (PiChg),39 total charges (TotChg), r electronegativity (Si-
gEN), p electronegativity (PiEN), lone-pair electronegativity
(LpEN) and atomic polarizability (Apolariz).40 For each molecule,
all the hydrogen atoms were considered. For each property, the
autocorrelation values for eight distances (0–7 bonds) were cal-
culated. Thus, for each molecule, 56 2D property autocorrelations
can be obtained.
The surface property autocorrelation33,34 uses the molecular 3D
structure properties as a basis to obtain vectorial molecular
descriptors by spatial (3D) autocorrelation of properties of points
on the molecular surface. The surface property autocorrelation vec-
tors were calculated based on three properties: molecular electro-
static potential (SurfAcorr_ESP), hydrogen bonding potential
(SurfAcorr_HBP) and hydrophobicity potential (SurfAcorr_HPP).
For each of the three surface autocorrelation coefficients, a series
of 12 vectors were computed, where Ln correspond to the 12 3D
distance intervals from 1–2 ÅA

0

, 2–3 ÅA
0

, . . . to 12–13 ÅA
0

. Thus for each
molecule, 36 autocorrelations of surface properties can be
obtained.

Property-weighted radial distribution functions (property-
weighted RDF) use the 3D structure of a molecule and atom pair
properties as the basis to derive vectorial molecular descrip-
tors.35,36 For a certain atomic property, 128 RDF codes can be ob-
tained. In addition, for each molecule, all the hydrogen atoms are
considered during the computation. Here for each molecule, eight
atomic properties (atom identity, charge (SigChg),37,38 charge
(PiChg),39 total charges (TotChg), electronegativity (SigEN), electro-
negativity (PiEN), lone-pair electronegativity (LpEN) and atomic
polarizability (Apolariz) were considered. Thus, for each molecule,
1024 RDF codes can be obtained.

Based on the compounds in dataset, molecular descriptors for
building the QSAR models were selected. Molecular descriptors
that were not significantly correlated with the activity (r <0.1, r
is the correlation coefficient) were not used. If the pairwise corre-
lation coefficient between any two descriptors was more than
0.85, the descriptor, which had the lower correlation to the activ-
ity, was removed. The remaining descriptors were chosen using
stepwise linear regression variable selection method. Stepwise
variable entry and removal examines the variables in the block
at each step for entry or removal. According to the criteria, 13
descriptors were selected, which include RDF_Ident_39, RDF_Tot-
chg_67, RDF_LpEN_38, RDF_LpEN_45, RDF_PiEN_26, RDF_PiEN_60,
RDF_PiEN_81, RDF_PiEN_82, RDF_PiEN_84, RDF_PiChg_63,
RDF_Polariz_12, 2DACorr_Polariz_2 and SurfACorr_ESP_5. The
intercorrelations between the 13 descriptors and the activity are
shown in Table 1. The selected descriptors were used in the fol-
lowing study.

The whole dataset was split into a training set and a test set
based on two different methods, (1) by a random selection; and
(2) on the basis of a Kohonen’s self-organizing map (SOM).14,41

The dataset was randomly divided into a training set (87 com-
pounds) and a test set (30 compounds) (as shown in Table S2 , Sup-
plementary data). The training set was used to build two models:
Model 1A by MLR and Model 1B by SVM, respectively. The test
set was used to test the corresponding models.

The SONNIA software41 was used for separating the dataset into
a training set and a test set based on a Kohonen’s self-organizing
map (SOM). A two-dimensional Kohonen map with neurons was
generated to classify the dataset. Data with similar input were
mapped into the same neuron or neighbor neurons in the neural
network. According to the Kohonen map, the dataset can be di-
vided into a training set and a test set.

In this work, all the selected descriptors were scaled into a [0.1,
0.9] range using the formula (1), and were treated as input vectors
in a Kohonen’s self-organizing map (SOM) training.

x�i ¼
xi � xmin

xmax � xmin
� 0:8þ 0:1 ð1Þ

Where xi was the original value, and x�i is the scaled value. xmin

and xmax are the corresponding minimum and maximum values of
the descriptor variable, respectively.

A planar 10 � 7 rectangular Kohonen map (shown in Fig. 1) was
obtained with thirteen descriptors as input vectors. The initial
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Figure 1. A rectangular Kohonen map for 117 compounds obtained by using the 13
selected input descriptors. ‘active’ means compounds with a pIC50 in the range of
6.87–9; ‘weakly active’ means compounds with a pIC50 in the range of 4.74–6.86.
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learning rate was 0.7 and a rate factor was 0.95. The initial weights
were randomly initialized, and the training was performed for a
period of 1600 epochs in an unsupervised manner.

As shown in Figure 1, one can see that compounds with a differ-
ent range of pIC50 are projected into different areas. In the Kohonen
map, 54 of a total of 70 neurons are occupied. Afterwards, one of
molecules in every neuron was taken for the training set (two mol-
ecules were taken for the training set if a neuron contains four
compounds); the other molecules represented the test set. Thus,
the 117 compounds were divided into a training set containing
77 compounds and a test set containing 40 compounds (as shown
in Table S3 , Supplementary data) after the Kohonen’s self-organiz-
ing map classification. The training set was used to build Model 2A
by MLR and Model 2B by SVM, respectively; and the test set was
used to validate the models.

A multilinear regression (MLR) analysis was performed using
the selected 13 descriptors as input variables. The compounds of
the training set were used to build a model, and the compounds
of the test set were used for the prediction of pIC50. In this work,
two models were obtained using MLR method: Model 1A and Mod-
el 2A. Model 1A was achieved using the training set and test set di-
vided by a random selection, and Model 2A obtained using training
and test sets divided by a Kohonen’s self-organizing map (SOM),
the pIC50 was represented by the following equation:

pIC50 ¼
X
ðCiDiÞ þ Dc ð2Þ

In the equation, Dc is a constant, Di is a descriptor and Ci is its
corresponding regression coefficient in MLR models. The corre-
sponding regression coefficients are shown in Table 2.

For the training set of Model 1A, r = 0.90, s = 0.42, MAE = 0.36,
F = 24.72 and n = 87 and for the test set, r = 0.93, s = 0.40,
MAE = 0.35 and n = 30 (r is the correlation coefficient, s is the stan-
dard deviation, MAE is the mean absolute error, which equals to
the mean value of the absolute errors and n is the number of com-
pound in the training and test set); and for the training set of Mod-
el 2A, r = 0.91, s = 0.42, MAE = 0.35, F = 22.65 and n = 77 and for the
test set r = 0.92, s = 0.44, MAE = 0.40 and n = 40. The results are
shown in Table 3 and Figure 2. In addition, the prediction results
of pIC50 are listed in Table S4 , Supplementary data.

The Libsvm program was used to build SVM models.42 This soft-
ware is based on the function of classification. After some improve-
ment, it can also be applied to the regression problem well. More
introductions and implementations about Libsvm can be found in
their website.42 The Libsvm regression was realized by the e-sup-
port vector regression (e-SVR) with a radial basis function (RBF)
kernel function.



Figure 2. Calculated versus experimental pIC50 for 117 Aurora-A kinase inhibitors
based on 13 selected descriptors by Multilinear Regression analysis. (a) Model 1A
based on a training set and a test set using a random selection method; (b) Model
2A using a training set and a test set split based on a Kohonen’s self-organizing map.

Table 2
Selected descriptors and the corresponding regression coefficients in Model 1A and
Model 2A

Descriptor Di Coefficient Ci

Model 1A Model 2A

RDF_TotChg_67 �2.217 �0.855
RDF_Ident_39 13.003 13.873
RDF_LpEN_38 �1.680 �2.205
RDF_LpEN_45 1.489 1.353
RDF_PiEN_26 6.748 8.361
RDF_PiEN_60 6.773 7.447
RDF_PiEN_81 �13.164 �13.920
RDF_PiEN_82 14.765 17.362
RDF_PiEN_84 9.170 9.977
RDF_PiChg_63 �1.687 �1.589
RDF_Polariz_12 �69.584 �56.283
2DACorr_Polariz_2 0.00041 0.00045
SurfACorr_ESP_5 0.072 0.084

Dc 4.132 3.239
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According to the program guide, two necessary steps had to be
taken in advance: the scaling of input data and searching for best
parameters. The input data (the selected descriptors) was com-
pressed into [0.1, 0.9] through the formula (1).

There are three parameters to adjust the efficiency of Libsvm
program: C, c and e. An autosearching program (gridregression.py)
named ‘grid regression’ was first adopted. It could search for best
parameters C, c and e through a leave-k-out cross validation meth-
od.42 Meanwhile, overfitting of training set could be prevented.
Here a leave-20%-out cross validation was carried out. Afterward,
manual searches were performed around the leave-20%-out cross
validation results to select the best parameters.43

Model 1B and Model 2B were built using the support vector ma-
chine method with the Libsvm program.42 The 13 selected ADRI-
ANA.Code descriptors were used to build the models. Model 1B
was built using the training and test sets split by a random selec-
tion; Model 2B was built using the training and test sets split by a
Kohonen’s self-organizing map (SOM).

For Model 1B, 87 compounds in training set were used to train
an SVM model. The optimum parameters were: C = 512,
c = 0.0009765625, e = 1. 30 compounds in the test set were used
for prediction of pIC50. For Model 1B, for the training set, r = 0.90,
s = 0.40, MAE = 0.38, n = 87, and for the test set r = 0.92, s = 0.41,
MAE = 0.40, and n = 30. The results are shown in Table 3 and Figure
3a.

For Model 2B, 77 compounds in training set were used to train a
Support Vector Machine (SVM) model. The option parameters were
set as: C = 1024, c = 0.0009765625, e = 1, and 40 compounds in the
test set were used for prediction of pIC50. For the training set,
r = 0.91, s = 0.40, MAE = 0.37, and n = 77, for the test set, r = 0.93,
s = 0.39, MAE = 0.40 and n = 40. The results are shown in Table 3
Table 3
The prediction performances of four models: Multilinear Regression (MLR) Models
(Model 1A and Model 2A) and Support Vector Machine (SVM) Models (Model 1B and
Model 2B)

Model Training set Test set

n r sd MAE n r sd MAE

Model 1A 87 0.90 0.42 0.36 30 0.93 0.40 0.35
Model 2A 77 0.91 0.42 0.35 40 0.92 0.44 0.40
Model 1B 87 0.90 0.40 0.38 30 0.92 0.41 0.40
Model 2B 77 0.91 0.40 0.37 40 0.93 0.39 0.40

n: number of compounds. r: correlation coefficient. sd: standard deviation. MAE:
mean absolute error.
and Figure 3b. The predictions of inhibitory activity of 117 com-
pounds are shown in Table S4 , Supplementary data.

According to the MLR and SVM prediction figures (Figs. 2 and 3)
and the prediction results shown in Table 3, it is obvious that all
the models had a good prediction of pIC50. Though the whole data-
set was split into training set and test set based on different meth-
ods, the models obtained lead to a powerful predictability. For the
training and test sets, the correlation coefficients of over 0.90 for
MLR and SVM were achieved.

Y-Randomization is a technique that ensures the robustness of a
QSAR model. We use this method to validate the MLR models we
developed. The dependent variable vector (biological activity) is
randomly shuffled and a new QSAR model is developed, using
the given modeling algorithm. The procedure is repeated several
times and the new QSAR models are expected to have low r2 val-
ues. If the opposite happens then an acceptable QSAR model can-
not be obtained for the specific modeling method and data.44

The MLR models (Model 1A and Model 2A) were further vali-
dated by applying the Y-randomization test. In particular, 50 ran-
dom shuffles of the Y-vector gave r2 values in the ranges of
0.264–0.646 (the training set was selected by random) and
0.320–0.648 (the training set was selected by Kohonen map) as
shown in Table S5, Figures S1 and S2 , Supplementary data. The
low r2 values obtained show that the good results in our original
models are not due to a chance correlation or structural depen-
dency of the training set.



Figure 3. Calculated versus experimental pIC50 for 117 Aurora-A kinase inhibitors
based on 13 selected descriptors by support vector machine. (a) Model 1B based on
a training set and a test set using a random selection method; (b) Model 2B using a
training set and a test set split based on a Kohonen’s self-organizing map.
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The domain of applicability of a QSAR model must be defined if
the model is to be used for screening new compounds. Predictions
for only those compounds that fall into this domain may be consid-
ered reliable.45

Extent of extrapolation is one simple approach to define the
applicability of the domain. It is based on the calculation of the
leverage hi for each chemical, where the QSAR model is used to
predict its activity:46

hi ¼ xiðXT XÞ�1xT
i ð3Þ

In Eq. (3), xi is the row vector containing the k model parame-
ters of the query compound and X is the n � k matrix containing
the k model parameters for each one of the n compounds in the
training set. A leverage value greater than 3 k/n is considered large.
It means that the predicted response is the result of a substantial
extrapolation of the model and may not be reliable.

However, no matter how robust, significant and validated a
QSAR model may be, it cannot be expected to predict reliably the
modeled activity for the entire universe of chemicals.45 The do-
mains of applicability of the models we developed were defined
using the extent of extrapolation method. According to this meth-
od, we consider the predictions of the compounds as reliable,
whose leverages lie within the domain of applicability. In Table
S6 , Supplementary data, all leverages for the training and test sets
are presented. The domains (warning leverage limits) for the mod-
els were 0.45 (the training set was selected by random) and 0.51
(the training set was selected by Kohonen map). As it can be con-
cluded from the leverage values in Table S6, the predictions of the
QSAR models for all the compounds (both the training and test
sets) are considered reliable.

This research used broad molecular descriptors (1143 descrip-
tors) based on both 2D and 3D molecular structures for predicting
the activity of Aurora-A kinase inhibitors. The models built in this
work do not need complicated molecules alignment based on their
specific optimized 3D conformations. In our work, it is found that
the RDF codes are important for predicting the inhibition of Aur-
ora-A kinase inhibitors. Five RDF codes based on p atom electro-
negativities were selected (including RDF_PiEN_26, RDF_PiEN_60,
RDF_PiEN_81, RDF_PiEN_82 and RDF_PiEN_84), which indicate
that the representation of the inhibitors structures is much attri-
bute to the p atom electronegativities. RDF_Polariz_12 and 2DA-
Corr_Polariz_2 based on effective atom polarizabilities were both
having the highest correlation coefficients with the inhibitory
activity, which means that the molecular polarizability plays an
important role in its binding to the Aurora-A kinase. In addition,
RDF_Totchg_67 weighted by total charge (sum of r and p charges),
RDF_PiChg_63 weighted by p atom charge, RDF_LpEN_38 and
RDF_LpEN_45 weighted by lone pair electronegativities were also
selected, which means the molecular properties based on atom
charge and lone pair electronegativities are also highly correlated
with the inhibitory activity. For surface descriptors, it is generally
accepted that receptor and substrate molecules recognize each
other at their molecular surfaces.33 Therefore, the binding strength
of a receptor-drug complex depends on the shape of the substrate
surface and on the distribution of certain properties on this surface.
Here one surface descriptor SurfACorr_ESP_5 was selected, which
suggests that the surface electrostatic potential of a compound is
also important in its binding to the Aurora-A kinase.

Among the selected thirteen descriptors, eleven descriptors are
the RDF codes, which indicate that the RDF codes are powerful
descriptors for representing the 3D structure and characteristics
of a molecule in detail. This kind of structure representation meth-
od has been found effective for the prediction of some molecular
properties.36,47 And the good models obtained in this study can
be used for predicting the inhibitory activity of Aurora-A kinase
inhibitors.
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