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Histone deacetylases 8 (HDAC8) is an enzyme repressing the transcription of various genes
including tumour suppressor gene and has already become a target of human cancer treat-
ment. In an effort to facilitate the discovery of HDAC8 inhibitors, two quantitative struc-
ture–activity relationship (QSAR) classification models were developed using K nearest
neighbours (KNN) and neighbourhood classifier (NEC). Molecular descriptors were calcu-
lated for the data set and database compounds using ADRIANA.Code of Molecular
Networks. Principal components analysis (PCA) was used to select the descriptors. The
developed models were validated by leave-one-out cross validation (LOO CV). The perfor-
mances of the developed models were evaluated with an external test set. Highly predictive
models were used for database virtual screening. Furthermore, hit compounds were subse-
quently subject to molecular docking. Five hits were obtained based on consensus scoring
function and binding affinity as potential HDAC8 inhibitors. Finally, HDAC8 structures in
complex with five hits were also subjected to 5 ns molecular dynamics (MD) simulations
to evaluate the complex structure stability. To the best of our knowledge, the NEC classi-
fication model used in this study is the first application of NEC to virtual screening for
drug discovery.

Keywords: histone deacetylases 8; K nearest neighbours; neighbourhood classifier;
molecular docking; MD simulation; virtual screening

1. Introduction

Histone deacetylases (HDACs) play critical roles in the regulation of cellular metabolism and
constitute promising drug targets for treatment of a broad range of human diseases [1] such
as cardiomyopathy, osteodystrophy, neurodegenerative disorder, metabolic disorders, cardio-
vascular disease, aging and cancer. The 18 HDAC enzymes can be identified and classified
into four different classes based on sequence homology, function, DNA similarity and
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phylogenetic analysis [2–5]. Class I, Class II and Class IV HDACs are zinc (Zn2+) dependent
deacetylases and Class III HDACs (sirtuins) are mainly dependent on nicotinamide adenine
dinucleotide (NAD+) for their deacetylation activity [6,7].

The HDAC8 enzyme belongs to the class I group of enzymes which are found primarily
in the nucleus [8]. Except for HDAC8, functional HDACs are found as multimeric complexes
of higher molecular weight; in addition, most of the purified HDAC enzymes are functionally
inactive [9,10]. Along with this advantage, expression of HDAC8 notably correlates with the
disease stage of neuroblastoma, a highly malignant childhood cancer derived from the sympa-
thetic nervous system [11,12]. Moreover, a RNA interference study showed that HDAC8 is
involved in the regulation of proliferation, clonogenic growth and neuronal differentiation of
neuroblastoma cells. Inv1, an abnormal fusion protein formed during acute myeloid leukaemia
binding HDAC8, is also associated with aberrant, constitutive genetic repression [13]. This
evidence proves HDAC8 as a potential target for cancer treatment. Development of new
HDAC8 inhibitors remains ongoing. Only a few HDAC8 inhibitors have been approved by
the US Food and Drug Administration (FDA) and are serving as anti-cancer therapeutics
[14]. Thus, the discovery of new and potential HDAC8 inhibitors attracts much attention.

Drug design is a complicated, costly and time-consuming work. In silico virtual screening
provides an economical and rapid way to identify novel leads in chemical databases. At pre-
sent various virtual screening methods have been well-established such as quantitative struc-
ture–activity relationship (QSAR) model based and molecular docking based virtual
screening. Obviously, different virtual screening methods have their advantages and disadvan-
tages. Each of these virtual screening methods might not perform optimally when used alone
in terms of the speed and effectiveness of virtual screening; a combination of these methods
is an alternative approach to improve performance of virtual screening.

In order to discover potential leads based on the known inhibitors, it is necessary to study
the QSAR of these inhibitors. In the past decade, machine learning has become an attractive
approach to develop QSAR models for virtual screening. Among them, eager learning such
as artificial neural network (ANN) and support vector machine (SVM) is widely discussed
and applied [15–28]. But another efficient and effective learning technique based on local
information, lazy learning, has not been carefully reviewed and considered [29,30]. Lazy
learning can provide faster computing speed and its target function is approximated locally
compared with eager learning.

In this study, two lazy learning methods including K nearest neighbours (KNN) and
neighbourhood classifier (NEC) were utilized to develop QSAR classification models for vir-
tual screening of HDAC8 inhibitors. For an application to the classification task, compounds
are typically represented by n-dimensional molecular descriptors. Thus, a feature selection
method is necessary during modelling, which can bring many potential benefits: facilitating
data visualization and data understanding; reducing the measurement and storage require-
ments; reducing training and utilization times; and defying the curse of dimensionality to
improve prediction performance [29]. Because of many benefits, principal component analysis
(PCA) was utilized for selecting relevant descriptors.

This study focused on developing QSAR classification models using KNN and NEC
based on known HDAC8 inhibitors, which can correctly discriminate the existing HDAC8
inhibitors and non-inhibitors. Then these models, in combination with molecular docking, will
be queries for searching the Maybridge database to identify novel HDAC8 inhibitors.
HDAC8–inhibitor complex stability was checked using molecular dynamics (MD) simulation.
In addition, the predictive abilities of KNN and NEC were compared through several
statistical parameters.
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2. Materials and methods

2.1 Collection of data set

A data set of 75 compounds with HDAC8 inhibitory activity (IC50) values predicted under
same biological assay conditions was collected from various literature resources, including
patents [13,31–37]. This data set included 38 inhibitors and 37 non-inhibitor compounds
based on their activity values: inhibitors 0.008 μM < IC50 ≤ 0.3 μM; non-inhibitors IC50 >
0.3 μM. The data set was finally divided into training and test sets containing 30 and 45
compounds, respectively. The 30 training set compounds, including 15 inhibitors and 15
non-inhibitors, were used in the development of QSAR classification models (Figure 1). The
test set containing 23 inhibitors and 22 non-inhibitors was utilized to validate the developed
models. All the compounds in the data set were sketched in two-dimensional (2D) structures
with Accelrys Draw v4.1 (Accelrys Inc., San Diego, CA, USA) and subsequently converted
into 3D structures with Accelrys Discovery Studio (DS) v3.5 (Accelrys, San Diego, CA,
USA).

Figure 1. The 30 chemically diverse compounds used as training set in classification model generation.
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2.2 Molecular descriptor calculation and data preprocessing

Molecular descriptors are the final results of a logical and mathematical procedure which
transforms chemical information encoded within a symbolic representation of a molecule into
a useful number or the result of some standardized experiment [38]. Although thousands of
descriptors can be calculated, to date this is only useful from a medicinal chemistry perspec-
tive when they are reduced to a small set of molecular descriptors that can effectively be
applied in designing novel and potent compounds. Thus, the main goal of a QSAR study is
not to calculate thousands of descriptors but to identify a few molecular descriptors.

In this study, molecular descriptors for both data set and database compounds were calcu-
lated using ADRIANA.Code program (Molecular Networks Inc.) [39] (Table 1). Furthermore,
each descriptor of the data set and database compounds was scaled to the range [-1, +1] using
the following:

yi ¼ xij j � xminj j
xmaxj j � xminj j ; i ¼ 1; 2; . . .; n (1)

yi ¼ yi; xi � 0ð Þ
yi ¼ yi; xi\0ð Þ

�
; i ¼ 1; 2; . . .n (2)

where xi is a descriptor vector, n is the number of compounds in data set and yi is a scaled
result.

2.3 K-nearest neighbour (KNN) algorithm

KNN is a classic lazy learning method based on local distance information used for classifica-
tion. Cover and Hart firstly proposed the 1-NN rule in 1967 (nearest neighbour) and it worked
powerfully [40]. Afterwards, the KNN rule was drafted as a simple generalization of 1-NN to
recognize a new pattern [41]. KNN classifies a new object into the class membership with a
majority vote of its K-nearest neighbours. KNN first calculates the distances between the train-
ing set and the new object, and then selects the K-nearest training data based on the calculated
distances. Finally, the new object is assigned to the class most common among its K-nearest
training data. In KNN, K is a user-defined constant and must be a positive integer. Distance
metrics can be used to calculate distance between training data and the new object.

2.4 Neighbourhood classifier (NEC) algorithm

NEC is also a lazy classifier based on local distance information. It is similar to KNN, but it was
proposed by few researchers [42,43]. In general, the process of NEC can be summed up as a
two-step procedure: First, a valid area (neighbourhood) is selected within training data with the
correct classification. Then, NEC assigns the class to a new object according to majority vote of
training data in the neighbourhood. The neighbourhood is given in distance metric functions and
a threshold w, which can determine the shape and size of the neighbourhood, respectively.

2.5 Principal components analysis (PCA) feature transformation

PCA is a powerful dimensionality reduction and noise reduction method, which uses orthogo-
nal transformation to convert data into linearly uncorrelated principal components [44,45].
PCA can reduce the number of dimensions of data, without much loss of information. This

400 G.P. Cao et al.

D
ow

nl
oa

de
d 

by
 [

G
ye

on
gs

an
g 

N
at

io
na

l U
ni

] 
at

 2
2:

33
 2

1 
M

ay
 2

01
5 



Table 1. Molecular descriptors used in this study.

Descriptor name Description Abbreviation
Type of
descriptors

Molecular weight Molecular weight in [u] or [Da] derived from
the gross formula

Weight Global
molecular
descriptors

Number of hydrogen
bonding acceptors

Number of hydrogen bonding acceptors derived
from the sum of nitrogen and oxygen atoms in
the molecule

HAcc Global
molecular
descriptors

Number of hydrogen
bonding donors

Number of hydrogen bonding donors derived
from the sum of N–H and O–H groups in the
molecule

HDon Global
molecular
descriptors

Octanol–water
partition coefficient
(log P)

Octanol–water partition coefficient in [log units]
of the molecule following the XlogP approach

XlogP Global
molecular
descriptors

Topological polar
surface area

Topological polar surface area in [Å2] of the
molecule derived from polar two-dimensional
(2D) fragments

TPSA Global
molecular
descriptors

Mean molecular
polarizability

Mean molecular polarizability in [Å3] of the
molecule

Polariz Global
molecular
descriptors

Molecular dipole
moment

Dipole moment in [Debye] of the molecule Dipole Global
molecular
descriptors

Aqueous solubility
(logS)

Solubility of the molecule in water in [log
units]

LogS Global
molecular
descriptors

Number of rotatable
bonds

Number of open-chain, single rotatable bonds NRotBond Global
molecular
descriptors

Number of atoms Number of all atoms in the molecule (including
hydrogen atoms)

NAtoms Global
molecular
descriptors

Molecular complexity Molecular complexity according to the
approach by J. Hendrickson

Complexity Global
molecular
descriptors

Ring complexity Ring complexity according to the approach by
J. Gasteiger and C. Jochum

RComplexity Global
molecular
descriptors

Molecular diameter Maximum distance between two atoms in the
molecule in [Å]

Diameter Size and
shape
descriptors

Principal moment of
inertia of 1st
principal axis

Principal component of the inertia tensor in x
direction in [Da·Å²]

InertiaX Size and
shape
descriptors

Principal moment of
inertia of 2nd
principal axis

Principal component of the inertia tensor in y
direction in [Da·Å²]

InertiaY Size and
shape
descriptors

Principal moment of
inertia of 3rd
principal axis

Principal component of the inertia tensor in z
direction in [Da·Å²]

InertiaZ Size and
shape
descriptors

(Continued)
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transformation is defined in such a way that the first principal component has the largest
possible variance (as much of the variability in the data as possible) and each succeeding
component in turn has the highest variance possible under the constraint that it is orthogonal
to the preceding components.

PCA was performed using statistics toolbox in MATLAB v6.5 student version (Math-
Works, Natick, MA, USA).

2.6 Leave-one-out cross validation (LOO CV)

CV is used as a model validation technique for assessing how the results of a statistical analy-
sis will generalize to an independent data set [46]. The LOO CV procedure was implemented
to estimate the predictive capability of the developed QSAR models. In the LOO CV process,
a single compound from the data set was used as the test data and the remaining compounds
as the training data. This was repeated such that each sample in the data set is used once as
the test data. The results were averaged as output of LOO CV.

2.7 Grid search (GS) method

During the development of QSAR classification modelling, a difficult issue is how to set appro-
priate parameters of classifiers. It is not clear beforehand which parameters are best. Thus, a
parameter search must be performed. In this study, GS was utilized for parameter optimization.
GS is a straightforward but powerful method, which involves exhaustive searching through a
subset of the parameter space of a learning algorithm to solve the problem of model selection
and parameter optimization. The GS method has to be guided by some performance metric,
typically measured by CVon the training set; LOO CV was used in this study.

2.8 Evaluation of prediction performance

The predictive abilities of KNN and NEC were evaluated using the following statistical mea-
sures. In following equations, TP is the number of true positives, TN the number of true
negatives, FP the number of false positives and FN the number of false negatives. In this
study, HDAC8 inhibitors were considered the ‘positive set’ and the non-inhibitors were
considered the ‘negative set’.

Table 1. (Continued).

Descriptor name Description Abbreviation
Type of
descriptors

Molecular span Radius of the smallest sphere centred at the
centre of mass which completely encloses all
atoms in the molecule in [Å]

Span Size and
shape
descriptors

Molecular radius of
gyration

Radius of gyration in [Å] Rgyr Size and
shape
descriptors

Molecular eccentricity Molecular eccentricity Eccentric Size and
shape
descriptors

Molecular asphericity Molecular asphericity Aspheric Size and
shape
descriptors
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Accuracy (ACC) is the degree of closeness of measurements of a quantity to that quan-
tity’s actual (true) value. The Matthews correlation coefficient (MCC) is a measure of quality
of binary classification; it returns a value between –1 and +1. A coefficient of +1 stands for a
perfect prediction, 0 means a random prediction, and –1 indicates total disagreement between
prediction and observation. True positive rate (TPR, known as Recall) is a measure of rele-
vant retrieved instances. False positive rate (FPR) refers to the probability of falsely rejecting
the null hypothesis for a particular test.

ACC can be calculated by following the formula

ACC ¼ TPþ TN

TPþ FPþ TNþ FN
� 100%: (3)

MCC can be calculated directly from the confusion matrix using the formula

MCC ¼ ðTP� TNÞ � ðFP� FNÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiðTPþ FPÞðTPþ FNÞðTNþ FPÞðTNþ FNÞp : (4)

TPR is defined as

TPR ¼ TP

TPþ FN
� 100%: (5)

FPR is defined as

FPR ¼ FP

TNþ FP
� 100%: (6)

2.9 Chemical database preparation and virtual screening

Maybridge, a commercial chemical database containing 59,652 compounds, was employed
for the virtual screening procedure [47]. However, this database is found to have a number of
non-druglike compounds. As it is worthless screening all the compounds of these databases
and then eliminating them in the later phase for their non-druglike properties, the compounds
not satisfying druglike properties were excluded from the database prior to double lazy
learning-based virtual screening.

In order to accomplish this task, compounds in this database were subjected to various
scrupulous druglike filters such as Lipinski’s rule of five and ADMET (absorption, distribu-
tion, metabolism, excretion and toxicity) properties. ADMET was applied to check whether
the compounds are in a position to cross the blood–brain barrier (BBB) and have good solu-
bility, human intestinal absorption (HIA) and low toxicity. Here, we mainly focused on oral
bioavailability, low or no hepatotoxicity, and the capacity to penetrate the BBB, which is a
key decision filter for central nervous system drug discovery.

The compounds that satisfied the abovementioned properties were chosen for molecular
docking studies. Lipinski’s rule of five states that ClogP is ≤5, molecular weight is ≤500,
number of hydrogen bond acceptors is ≤10 and number of hydrogen bond donor is ≤5.
Compounds violating more than one of these rules may have problems with bioavailability.
Therefore these parameters were calculated by Prepare Ligands and ADMET Descriptors
protocols as available in DS v3.5 software to eliminate compounds that did not pass the
above criteria.
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After preparation of the druglike database, the generated classification models were
subjected to screening of this database. The retrieved hit compounds were further subjected to
a molecular docking process.

2.10 Structure-based molecular docking

Molecular docking is a potent method in the drug discovery process. It predicts the preferred
orientation of one molecule to a second when they bind with each other to constitute a stable
complex. Virtual screening followed by docking has become one of the reputable methods for
drug discovery and enhancing the efficiency in lead optimization.

The hit compounds resulting from QSAR-based virtual screening along with two of the
most active inhibitors (IC50 values of Inh1 and Inh2 are 8 nM and 10 nM, respectively) in
the data set were docked to HDAC8 using LibDock module in DS v3.5. LibDock is a high-
throughput algorithm for docking ligands into an active receptor site. Ligand conformations
are aligned to polar and apolar receptor interaction sites (hotspots) and the best scoring poses
are reported. Ligand conformations can be pre-calculated or generated on the fly using
CATALYST [48,49]. Protein was coordinated from the crystal structure of HDAC8 (PDB ID:
2V5X) [9], which was selected from the Protein Data Bank (PDB, www.rcsb.org). All the
water molecules present in the protein structure were removed and hydrogen atoms were
added. The active sites were defined around the ligand present in the crystal structure of
2V5X. During the docking process, the top 100 conformations were generated for each ligand
based on docking score value. Docking tolerance was set to 0.25. The interacting ability of a
compound depends on the LibDockScore; the greater the LibDockScore, the better the bind-
ing affinity. Protein–inhibitor interactions were examined by DS v3.5. For further validation,
the binding free energies were calculated for the final hit compounds and the two most active
known inhibitors using the AutoDock Vina tool available in PyRx v0.8 [50]. The hit
compounds with best binding free energies were selected.

2.11 Molecular dynamics (MD) simulation

Selected complexes from docking study were subjected to 5 nanosecond (ns) MD simulation
using the GROMACS 4.5.3 package with AMBER03 force field running on a high-perfor-
mance Linux cluster computer [51]. Topology files for the inhibitors were generated using
ACPYPE (AnteChamber Python Parser interface) [52]. The structure was solvated in a
dodecahedron box of length 1.5 nm and the TIP3P water model was generated to perform the
simulations in an aqueous environment [53,54]. Ten Na+ counter ions were added by replac-
ing water molecules to neutralize the simulated system. The systems were subjected to a
steepest descent energy minimization process up to a tolerance of 1000 kJ/mol/nm to avoid
high energy interactions and steric clashes. The energy minimized system was treated for 100
picoseconds (ps) in an equilibration run. A constant temperature and pressure of 300 K and 1
bar were achieved with the V-rescale thermostat and Parrinello-Rahman barostat [55,56]. The
particle mesh Ewald (PME) method was implemented to accurately determine the long-range
electrostatic interactions [57]. Bonds between heavy metals and corresponding hydrogen
atoms were limited to their equilibrium bond lengths using the LINCS21 algorithm [58]. The
time step for the simulations was set to 2 femtoseconds (fs). During the production phase, the
coordinate data were written to the file every 10 ps. All the analyses of the MD simulations
were carried out by GROMACS and DS v3.5.
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3. Results and discussion

3.1 Strategy for screening potent HDAC8 inhibitors

Virtual screening is useful for drug design as it is a cost-effective and cost-saving process.
Virtual screening methods can be divided into two categories: structure-based and ligand-
based methods. To date, the three-dimensional (3D) structure of HDAC8 as a target receptor
and its binding sites are available. Molecular docking is a highly effective structure-based
technique for screening HDAC8 inhibitors. A set of active inhibitors is available and it is
possible to compute their shared information. Bearing this in mind, an innovative hybrid
strategy integrating structure-based and ligand-based approaches to identify novel HDAC8
inhibitors is presented in this study.

This strategy (Figure 2) begins with preparation of a druglike database which is further
bound to the HDAC8 protein, thus predicting the binding conformations and molecular
interactions. In next step, a KNN-based model and NEC-based model were applied sequen-
tially to druglike compounds, so that only candidates that were classified correctly by both
KNN and NEC were passed for further molecular docking. On the basis of the binding mode
analysis, hit compounds with good binding characteristics and showing strong interactions
with crucial amino acids at the active site of HDAC8 were selected as final hits. A 5 ns MD
simulation was used to check the HDAC8-inhibitor complex stability.

Figure 2. Strategy of HDAC8 inhibitors discovery used in this study.
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3.2 PCA performance and selection

PCA feature transformation was carried out on the data set which was used to develop KNN
and NEC models. PCA is a statistical method, which uses orthogonal transformation to con-
vert a large number of correlated variables into a small number of uncorrelated variables,
called principal components, while retaining maximal amount of variation, and thus making it
easier to operate the data to achieve data dimension reduction. During the PCA procedure,
the calculated molecular descriptors were converted into 20 principal components (PCs)
(Figure 3). The transformation is defined in such a way that the first principal component has
the largest possible variance, accounting for as much of the variability in the original data set
as possible, and each succeeding component in turn has the highest variance possible under
the constraint that it is orthogonal to the preceding components. The only noticeable break in
the amount of variance accounted for by each component is between the first and second
components after the extraction of PCA. The first component by itself explained 53.82% of
total variation and the second PC explained 13.63% of total variation. The value for each PC
is small. It means that any single PC is not good enough to develop a model with good
performance. Thus, a combination of PCs is needed. It not known beforehand which
combination of PCs is best for developing KNN and NEC models, and there is no uniform
standard about selecting PCs.

As a general rule, the total explained variance for the selected PCs and variance for each
selected PC were chose as measures in this study. The selected PCs together should explain
more than 90% of the total variance for general cases and retain much of the variability in
the original data set as possible. The first six principal components together can explain 92%
of the total variation, which satisfied the requirement. It shows that the minimum number of
the selected PCs is six. However, the 11th PC explained 0.6% of the total variation, which is
too small to construct a good classification model. Thus, the PCs which explained less than
1% of the total variance were ignored in this study. It means that the maximum number of
the selected PCs is 10. The selected number of PCs for classification modelling is assigned in
a range from 6 to 10. The fundamental purpose of the selection is to make a trade-off deci-
sion between performance and computing time. In order to retain the maximal amount of
variation, the first 10 ten components, which can explain 97.66% of the total variance, were
finally selected for developing classification models.

Figure 3. Histogram plot of the percentage variability explained by each principal component.
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3.3 Data set diversity and distribution

A three-dimensional (3D) visualization of the data set using the first three PCs was studied
(Figure 4). All compounds were well distributed in the PC space and there was no clear
boundary to distinguish HDAC8 inhibitors and non-inhibitors. Although there were some
compounds isolated from the majority of the data set, there was no evidence to indicate that
these compounds were outliers. To insure data integrity and data diversity, these compounds
were still used for developing models.

3.4 Construction and validation of KNN classification model

The 30 training set compounds were used in development of a KNN classification QSAR
model. Besides the input (as mentioned above, the first 10 PCs were selected as the input
variable), the K value and distance metric can also affect the predictive ability of the KNN
model. The optimized parameters can improve the performance of the classification model. In
order to find an optimized combination of these two parameters, the GS method was used on
K and the distance metric. During parameter searching, K is an odd number ranging from 1
to 29, and step was set to 2. Euclidean distance and Manhattan distance were considered as
distance metrics. However, a process of LOO CV was utilized to improve generalization qual-
ity of KNN classification model. Finally, the model with the best average accuracy of LOO
CV (73.33%) was picked for further validation. The K value and distance metric were 5 and
Manhattan distance, respectively.

The generated KNN classification model was first used to predict the training set (Table 2).
The ACC, MCC, TPR and FPR for the training set were 80.00%, 0.62, 93.33% and 33.33%,
respectively. Next, an external test set containing 23 inhibitors and 22 non-inhibitors was

Figure 4. Data set distribution using the first three principal components.
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prepared using the same protocol as the training set and used to validate whether the devel-
oped KNN model was able to classify the HDAC8 inhibitors and non-inhibitors other than
the training set compounds. The ACC and MCC for the test set given by KNN model were
77.78% and 0.60, respectively (Table 2). MCC is usually used to assess quality of binary
classification. Generally, an MCC value >0.4 for the test set is considered to be predictive in
machine learning methods.

The developed KNN model predicted the outcome well for the training and test sets.
These results clearly demonstrate that the established KNN model achieved highly robust
and good utility, implying the KNN model can be used as a filter for retrieving HDAC8
inhibitors.

3.5 Construction and validation of NEC classification model

During the development of NEC modelling, the same strategy as with KNN was adopted.
The NEC model was developed based on the same training set. The first 10 PCs were
chosen for NEC modelling. Besides the number of PCs, distance metrics and w (a thresh-
old) can also affect the predictive ability of the NEC model. GS was also utilized to
search for an optimal combination of distance metric and w based on LOO CV. The
Euclidean distance and Manhattan distance were thought of as distance metrics. The w
value is a decimal number ranging from 0.01 to 1, and the step was set to 0.01 for GS.
Various pairs of distance metrics and w values were tried and the one with the best aver-
age accuracy of LOO CV was selected. The model showed 76.67% of LOO CV accuracy.
The w value and distance metric were 0.13 and Manhattan distance, respectively. Both
training and test sets were used to determine whether the developed NEC model was able
to be used as a screening tool for database virtual screening (Table 3). The values of
ACC, MCC, TPR and FPR for training set were 93.33%, 0.87, 100%, and 13.33%,
respectively. Moreover, the NEC model also predicted the test set well, which showed an
ACC of 82.22%, an MCC of 0.66, a TPR of 73.91% and an FPR of 9.09%. Thus, the
NEC model was selected for further chemical database virtual screening.

By comparing NEC to KNN, it was shown that NEC slightly outperformed the KNN
classifier in this study. Although NEC appears to be well suited for solving binary decision
problems in classifying HDCA8 inhibitors and non-inhibitors, the KNN model also showed
satisfactory prediction. The developed KNN model can be a useful complement of NEC pre-
diction. This study does not justify the conclusion that NEC outperforms KNN. An associated
application approach of these two methods was used to identify potential HDAC8 inhibitors.

Table 2. Statistical parameters of the developed KNN model.

Training set (30 compounds) Test set (45 compounds)

K value 5 5
Distance metric Manhattan distance metric Manhattan distance metric
TP 14 14
TN 10 21
FP 5 1
FN 1 9
ACC 80.00% 77.78%
TPR 93.33% 60.87%
FPR 33.33% 4.55%
MCC 0.62 0.60
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A meaningful combination of the different classifiers with individual strengths will be
determinative.

3.6 Database virtual screening

QSAR-based virtual screening deals with the quick search of large libraries of small mole-
cules to discover drug targets. QSAR classification models developed by NEC and KNN were
used as a two-step query for retrieving novel candidate molecules from the Maybridge data-
base. However, the Maybridge database was found to contain a number of non-druglike com-
pounds. Various scrupulous druglike filters such as Lipinski’s rule of five and ADMET
(absorption, distribution, metabolism, excretion and toxicity) properties were applied to con-
structing a druglike database in this step. A total of 4741 compounds were regarded as being
druglike compounds. Among them, a total of 1307 compounds satisfied both the NEC and
KNN models. These 1307 hit compounds were further considered for molecular docking stud-
ies.

3.7 Molecular docking studies of HDAC8

Molecular docking is a method which samples conformations of small compounds in protein
binding sites, which can be invoked as a post-docking filter to select the compounds interact-
ing with the active site amino acids and to predict the binding orientations of the hit com-
pounds. In this study, a HDAC8-inhibitor complex form PDB (PDB: 2V5X) was selected as
the target protein for molecular docking.

The 1307 hit compounds retrieved from the Maybridge database which satisfied druglike
properties, along with two most active inhibitors in the data set (IC50 values of Inh1 and Inh2
are 8 nM and 10 nM, respectively.) were docked into the active sites of HDAC8 using
LibDock module as available in DS v3.5. The LibDock generated 100 feasible binding con-
formations for each compound and ranked them according to their LibDockScore. The bound
conformation with the most favourable energies was considered as the best binding orienta-
tion. The LibDockScore for Inh 1 and Inh 2 was 112.516 and 111.668, respectively. The
interacting ability of a compound depends on the LibDockScore and the greater the
LibDockScore, the better the binding affinity.

In view of these findings, hit compounds which gave a LibDockScore >111.668 were
selected for further analysis on binding modes and detailed molecular interactions with the

Table 3. Statistical parameters of the developed NEC model.

Training set (30 compounds) Test set (45 compounds)

w value 0.13 0.13
Distance metric Manhattan distance metric Manhattan distance metric
TP 15 17
TN 13 20
FP 2 2
FN 0 6
ACC 93.33% 82.22%
TPR 100% 73.91%
FPR 13.33% 9.09%
MCC 0.87 0.66
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important amino acid residues. Inh 1 and Inh 2 showed hydrogen bonds with K33, D101 and
K33, respectively (Figure 5). Thus, K33 and D101 were considered to be crucial for inhibi-
tory activity of HDAC8. Based on docking modes and molecular interactions observed from
Inh 1 and Inh 2, five hit compounds from the Maybridge-based druglike database were
selected as possible hits (Figure 6). All final hits possesses a LibDockScore >112 and showed

Figure 5. Two-dimensional chemical structures and protein–inhibitor interaction diagrams of HDAC
and (A) Inh1 and (B) Inh 2.

410 G.P. Cao et al.

D
ow

nl
oa

de
d 

by
 [

G
ye

on
gs

an
g 

N
at

io
na

l U
ni

] 
at

 2
2:

33
 2

1 
M

ay
 2

01
5 



hydrogen bonds with crucial amino acids K33 and D101, as well as a few reliable hydropho-
bic interactions.

In order to explore the binding free energy of each docked compound, the binding modes
of the five possible hits along with two most active inhibitors were analysed using AutoDock
Vina as a supplement to the LibDock docking. In this case, AutoDock Vina docking results
showed that all five possible hits have better or similar binding free energy values compared
with the binding energies of the two most active inhibitors from the data set (Table 4).
Finally, these five hits were listed as final hits on the basis of strong binding interaction at
active site of target protein, good LibDock docking score and favourable AutoDock Vina
binding affinity. The binding modes, molecular interactions and binding free energies between
the final hits and HDAC8 are discussed below.

3.8 Binding mode of AW00409

The binding conformation of AW00409 within the active site of HDAC8 had a LibDockScore
of 112.14 and an AutoDock Vina binding free energy of –6 kcal/mol. This binding mode

Figure 6. Two-dimensional chemical structures of the five final hits.

Table 4. Binding energies for the five hits and two most active known inhibitors using AutoDock Vina
programs.

Name Binding energy (kcal/mol)

Inhibitor 1 -7
Inhibitor 2 -5.7
AW00409 -6.0
HTS03338 -6.4
JFD03558 -6.9
KM00731 -6.5
KM02921 -6.7
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showed strong interactions with the important residues (Figure 7). The AW00409 showed
demonstrated hydrogen bonds with K33 (2.383 Å and 1.882 Å) and D101 (1.785 Å), as well
as with some reliable hydrophobic interaction with I94, G97, G99, C102, F152, D272, P273
and Y306. On the whole, this compound has gained significant hydrophobic interactions.

3.9 Binding mode of HTS03338

HTS03338 had a LibDockScore of 121.10 and an AutoDock Vina binding free energy of –
6.4 kcal/mol. This hit compound also showed considerable interaction with the important
residues (Figure 8). The compound has formed three hydrogen bonds with K33 (2.085 Å),
Y100 (2.231 Å) and D101 (2.255 Å), as well as a strong hydrophobic interaction with F152,
P273 and M274.

Figure 7. (A) Binding mode and (B) molecular interactions diagram of AW00409 and HDAC8. (A)
AW00409 is represented by violet ball and sticks. Black dotted lines denote intermolecular hydrogen
bonds. (B) The locations of key amino acid residues are represented in round boxes, where pink and
green colours denote hydrogen bond acceptor/donor and nonpolar contacts, respectively.
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3.10 Binding mode of JFD03558

JFD03558 was predicted to have a LibDockScore of 123.35 and an AutoDock Vina binding
free energy of –6.9 kcal/mol. In this binding mode, the compound showed strong hydrogen
bonding and hydrophobic interactions with three active residues of K33 (2.279 Å and 2.289
Å), Y100 (2.441 Å) andD101 (2.088 Å), and with a few hydrophobic residues such as F152,
D272, P273 and M274 (Figure 9).

3.11 Binding mode of KM00731

KM00731 possessed the highest LibDockScore of 126.11 and an AutoDock Vina binding free
energy of –6.5 kcal/mol. The compound was engaged in two short-ranged hydrogen bond
interactions with K33 (1.650 Å) and D101 (1.561 Å). Meanwhile it also formed numerous
strong hydrophobic interactions with E148, A149, S150 G151, F152 and F208 (Figure 10).

Figure 8. (A) Binding mode and (B) molecular interactions diagram of HTS03338 and HDAC8. (A)
HTS03338 is represented by marine ball and sticks. Black dotted lines denote intermolecular hydrogen
bonds. (B) The locations of key amino acid residues are represented in round boxes, where pink and
green colours denote hydrogen bond acceptor/donor and nonpolar contacts, respectively.
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3.12 Binding mode of KM02921

The LibDockScore and AutoDock Vina binding free energy for KM02921 were 122.10 and –
6.7 kcal/mol, respectively. The compound formed hydrogen bonds with K33 (1.775 Å) and
D101 (1.841 Å) amino acids and was also involved in hydrophobic interactions with F152
and Y306 (Figure 11).

3.13 Molecular dynamics (MD) simulation studies

After molecular docking studies, the best binding conformations of the two most active
HDAC8 inhibitors along with five final hits were subjected to 5 ns MD simulations. The MD
simulation results were analysed using tools bundled with the GROMACS distribution

Figure 9. (A) Binding mode and (B) molecular interactions diagram of JFD03558 and HDAC8. (A)
JFD03558 is represented by firebrick red ball and stick. Black dotted lines denote intermolecular hydro-
gen bonds. (B) The locations of key amino acid residues are represented in round boxes, where pink
and green colours denote hydrogen bond acceptors/donor and nonpolar contacts, respectively.
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package. The Cα root mean square deviation (RMSD) was used to confirm the complex sys-
tem stability. RMSD plots showed that the HDAC8–inhibitor complexes were stable during
the second half of simulation time (2500–5000 ps) (Figure 12A). The averaged Cα RMSD
values were 0.13 nm for Inh1, 0.12 nm for Inh2, 0.14 nm for AW00409, 0.15 nm for

Figure 10. (A) Binding mode and (B) molecular interactions diagram of KM00731 and HDAC8. (A)
KM00731 is represented by brown ball and sticks. Black dotted lines denote intermolecular hydrogen
bonds. (B) The locations of key amino acid residues are represented in round boxes, where pink and
green colours denote hydrogen bond acceptor/donor and nonpolar contacts, respectively.
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HTS03338, 0.12 nm for JFD03558, 0.13 nm for KM00731 and 0.13 nm for KM02921. The
radius of gyration (RG) is an indicator for structural change in a protein, when HDAC8 inhi-
bitors were bound to the protein. The averaged Cα RG values were 1.94 nm for Inh1, 1.93
nm for Inh2, 1.94 nm for AW00409, 1.95 nm for HTS03338, 1.94 nm for JFD03558, 1.94
nm for KM00731 and 1.94 nm for KM02921 (Figure 12B). These results suggested that five

Figure 11. (A) Binding mode and (B) molecular interactions diagram of KM02921 and HDAC8. (A)
KM02921 is represented by green ball and sticks. Black dotted lines denote intermolecular hydrogen
bonds. (B) The locations of key amino acid residues are represented in round boxes, where pink and
green colours denote hydrogen bond acceptor/donor and nonpolar contacts, respectively.

416 G.P. Cao et al.

D
ow

nl
oa

de
d 

by
 [

G
ye

on
gs

an
g 

N
at

io
na

l U
ni

] 
at

 2
2:

33
 2

1 
M

ay
 2

01
5 



final hits in complex with HDAC8 were as stable as Inh1 and Inh2. These five hits were
finally selected as novel HDAC8 inhibitors for in vivo studies.

4. Conclusion

It was demonstrated that a combination of NEC and KNN has the capacity to produce higher
overall prediction accuracy for HDAC8 inhibitors. The focus of this study was not only
to develop the two kinds of classification models to discriminate HDAC8 inhibitors and non-
inhibitors, but also to discover potential inhibitors of HDAC8 as antitumour agents by
integrating QSAR-based virtual screening with molecular docking virtual screening. As the
first step, a druglike database based on the Maybridge database was prepared. All hit com-
pounds with druglike properties retrieved by both NEC and KNN models were selected for
further docking studies. From the overall analyses, five hit compounds having strong interac-
tions with HDAC8 enzyme were regarded as final hits for future in vivo studies. On the
whole, the developed classification models can be used as simple filters in the HDAC8
inhibitors discovery process and the strategy used in current study to develop computational
models could be applied to other targets.
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