
lable at ScienceDirect

European Journal of Medicinal Chemistry 45 (2010) 4409e4417
Contents lists avai
European Journal of Medicinal Chemistry

journal homepage: http: / /www.elsevier .com/locate/ejmech
Original article

Ligand and structure based pharmacophore modeling to facilitate novel histone
deacetylase 8 inhibitor design

Sundarapandian Thangapandian 1, Shalini John 1, Sugunadevi Sakkiah, Keun Woo Lee*

Division of Applied Life Science (BK21 Program), Environmental Biotechnology National Core Research Center (EB-NCRC), Plant Molecular Biology and Biotechnology Research Center
(PMBBRC), Gyeongsang National University (GNU), 900 Gazwa-dong, Jinju 660-701, Republic of Korea
a r t i c l e i n f o

Article history:
Received 28 February 2010
Received in revised form
14 June 2010
Accepted 16 June 2010
Available online 23 June 2010

Keywords:
Pharmacophore
Histone deacetyalse 8
Cancer
Drug design
Virtual screening
Abbreviations: HDAC, histone deacetylase; HAT
SAHA, suberoanilide hydroxamic acid; ZBG, zinc-b
studio; ADMET, absorption, distribution, metabolism,
genetic optimization for ligand docking; HBA, hyd
hydrogen bond donor; HYP, hydrophobic; RA, r
mean square deviation; PDB, protein data bank;
set; E, enrichment factor; GH, goodness of hit; T
* Corresponding author. Tel.: þ82 55 751 6276; fax

E-mail address: kwlee@gnu.ac.kr (K.W. Lee).
1 These authors have contributed equally to this w

0223-5234/$ e see front matter � 2010 Elsevier Mas
doi:10.1016/j.ejmech.2010.06.024
a b s t r a c t

Over expression of histone deacetylases (HDACs) leads to the suppression of various gene expressions
including cancer suppressor gene. Thus, novel inhibitors of these enzymes can be a valid method to treat
cancers. To facilitate the discovery of novel HDAC8 inhibitors, pharmacophore models were generated
using ligand and receptor based approaches and validated with a database of active and inactive
compounds. These validated pharmacophores have effectively been used in search of three databases
and final hits were subjected to molecular docking using GOLD 4.1 program. Hit compounds that scored
high GOLD fitness scores and showed interactions with catalytically important residues and metal ions
were considered. Finally, three compounds have been reported as novel virtual leads to design potent
HDAC8 inhibitors.

� 2010 Elsevier Masson SAS. All rights reserved.
1. Introduction

Histone deacetylases (HDACs) and histone acetyltransferases
(HATs) are the enzymes that control the acetylation and deacety-
lation of histones [1,2]. Acetylation is one of the series of post
translational chromatin modifications that operate the epigenetic
control of gene expression. Acetylation and deacetylation of chro-
matin histone protein affect chromatin structure and also alter the
transcriptional regulation [3]. This particular modification plays an
important role in the regulation of chromatin remodeling, gene
transcription and cellular proliferation. Increased levels of histone
acetylation generally correlate with increased transcriptional
activity [4e7]. HDACs are a group of mainly zinc-binding metal-
loenzymes that catalyze the deacetylation in histone proteins and
resulting in chromatin condensation and thereby decreases the
accessibility of transcription factors and gene expression.
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Particularly, aberrant recruitment of HDACs has obviously been
associated to malignancy in leukemias and lymphomas [8,9]. To
date, 18 HDACs that were identified in mammals have been cate-
gorized into four structurally and phylogenetically distinct classes:
class I (HDACs 1e3 and 8), homologous to the yeast Rpd3 deace-
tylase; class II (HDACs 4e7, 9 and 10), related to the yeast Hda1
deacetylase; and class III proteins, sirtuins, are yeast Sir2 homo-
logues. HDAC11 has homology to both class I and class II enzymes
but is classified as class IV enzyme. Class I and class II HDACs, as
well as HDAC11 are zinc-dependent hydrolases whereas class III
sirtuins are NAD-dependent enzymes. These enzymes are impli-
cated in a wide variety of biological processes such as apoptosis,
differentiation, proliferation, and senescence [10]. Because of these
widespread biological effects, inhibition of these enzymes provides
a new therapeutic approach for many diseases, including neuro-
degenerative, hereditary, inflammatory diseases and cancer
[11e18]. Classes I and IV HDACs are ubiquitously expressed,
predominantly in the nucleus, and function mainly as transcrip-
tional co-repressors that are linked to cell proliferation and survival
[19]. The distribution of class II HDACs, which are able to shuttle in
and out of the nucleus, is more tissue specific, suggesting distinct
functions in cellular differentiation and developmental processes
[20]. Some HDACs deacetylate not only histones but other proteins
such as p53, E2F, and a-tubulin as well. Naturally occurring and
synthetic HDAC inhibitors are now of interest to pharmaceutical
companies because of their great potential use against cancer and
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other human pathologies. From simple valproate to more elaborate
design such as MS-275, a benzamide derivative, were developed as
HDAC inhibitors. The list of HDAC inhibitors also includes
hydroxamic acids, which is the broadest set of HDAC inhibitors.
Suberoanilide hydroxamic acid (SAHA) that was launched into the
US market in October 2006 for the treatment of cutaneous T-cell
lymphoma, LBH589 and PXD101, which are in later phases of
clinical trials are also hydroxamic acid derivatives [21]. HDAC8 has
been reported to be associated with several disease states [22,23].
Carboxylic acids, benzamides, cyclic peptides, epoxides and other
chemical moieties have also been developed as HDAC inhibitors
[24]. b-lactams also are developed as selective HDAC8 inhibitors
recently [25]. A well-accepted pharmacophore model for these
inhibitors consists of: a) a capping group that interacts with the
residues at the active site entrance; b) a zinc-binding group (ZBG)
that coordinates to the catalytic metal atom within the active site;
and c) a linker group that binds with hydrophobic tunnel residues
and positions the ZBG and a capping group for interactions in the
active site (Fig. 1) [26]. Targeting specific HDAC isoforms might be
beneficial in the treatment of certain disease conditions with
limited side effects [27,28]. Modification of the capping group,
linker and ZBG individually contribute to selectivity towards
specific HDAC isoforms. Determination of X-ray crystal structure of
human HDAC8 with different inhibitors (PDB ID: 1T64, 1T67, 1T69,
1VKG, 1W22, 2VKG, 3F0R, and 3F07) provided a clear and deeper
insight on the binding mode of HDAC inhibitors [29e31]. A 12 �A
Fig. 1. Schematic representation of basic pharmacophore model and binding of
hydroxamic acid based HDAC inhibitors.
deep, tunnel like active site possessing catalytic machinery, which
includes a charge relay system comprising a couple of histidine and
aspartate residues along with a divalent zinc metal ion at the base,
is present in all HDACs. Fig. 2 explains the arrangement of charge
relay system and hydrophobic tunnel forming residues in HDAC8.
This tunnel like active site pocket is likely to accommodate acety-
lated lysine of the biological substrate or the spacer region of the
competitive inhibitors. Fig. 1 shows the binding of SAHA at the
tunnel like active site and it is supposed that all other hydroxamic
acid based inhibitors also bind in the same way. Though the low
sequence or structural similarity is observed among all HDACs the
catalytic active site is more or less conserved. Crystal structures of
HDAC8 complexed with different inhibitors show that the
hydroxamic acid moiety of each inhibitor chelates the active site
zinc ion while the aliphatic linker of each inhibitor makes
numerous interactions in the active site tunnel (Fig. 2) [29,30].
These structural features are believed to account for the high
affinity and resultant antitumor effects of these inhibitors
[32,33]. Using the available crystal structures of histone deacety-
laseeinhibitor complexes promises a way to understand various
aspects of deacetylation mechanism and guide the design of
potential cancer chemotherapeutic agents.

In this study we describe our efforts to identify the basic
structural requirements to inhibit HDAC8 enzyme and thereby
designing novel potent inhibitors as anticancer therapeutics.
Ligand and structure based pharmacophore modeling approaches
along with virtual screening of large chemical databases for novel
scaffolds and molecular docking studies have been employed to
achieve the goal. We have reported three novel compounds with
diverse scaffolds as possible candidates for the designing of potent
HDAC8 inhibitors.

2. Methods and materials

2.1. Generation of pharmacophore models: ligand based or common
feature approach

The selection of a suitable training set is essential for the quality
of automatically generated pharmacophore models. Of equal
importance is the definition of an appropriate set of active mole-
cules that are not used formodel generation but serve for validation
purposes. In this study a set of highly active HDAC8 inhibitors
which are in different phases of their development and also bound
to HDAC8 crystal structures were taken from Brookhaven Protein
Data Bank (PDB) and used. To date, there are eight crystal structures
have been determined for human HDAC8 co-crystallized with
seven different inhibitors as listed in Table 1. The list includes 1T64,
1T67, 1T69, 2V5 G, 2V5X, 3F0R, 3F06, 3F07 and their inhibitors are
shown in Fig. 3. Crystal structures 1T64 and 3F0R contain the same
inhibitors in their active sites. Thus the inhibitor bound to 1T64
alone has been selected to be in the training set in order to avoid
the duplicity. Inhibitor bound to 2V5X also has not been included in
the training set as the molecular weight of this inhibitor is
624.42 Da and violates the first rule of Lipinski’s rule of five for
drug-like compounds, which is ‘for a drug-like compound the
molecular weight should be lesser than 500 Da’. This high molec-
ular weight compound can influence the pharmacophore genera-
tionwhile all other training set molecules were smaller in their size
and thereby affect the result of database screening for drug-like
compounds. Finally, six inhibitors except the inhibitors form 3F0R
and 2V5X were chosen as training set (Fig. 3) and used in common
feature pharmacophore generation using Discovery Studio 2.1 (DS).
HipHop module of Catalyst which was popularly known for
common feature pharmacophore generation is available in DS as
Common Feature Pharmacophore Generation protocol. As we have



Fig. 2. Crystal structure of HDAC8 (PDBID: 1T64, chain A). Available ligands that are co-crystallized with HDAC8 were overlaid at the active site. These compounds with their bound
conformations were used as training set in common feature pharmacophore generation. Zoomed view clearly shows the arrangement of residues at the active site. Pairs of residues
that present opposite to each other to form the tunnel are colored correspondingly. D101, which is a surface forming residue and all other active site residues were labeled in black
color.
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considered the crystal bound conformations of the inhibitors in the
training set, no prior diverse conformation generation step was
performed to generate diverse conformations. Although it is
a regular procedure in common feature pharmacophore generation
methodology using Catalyst program, it can affect the initial known
bound conformations of training set molecules. The default value of
2.97 �A for the Minimum Inter-feature Distance was changed to 2 �A
during pharmacophore generation. This change was made, since
hydroxamic acid moiety present in all of the training set molecules
possesses twovery importantmetal binding functional groups close
to each other within the distance of 2.2 �A, to allow the program to
consider these closely found chemical features in the pharmaco-
phore generation. All the training setmolecules have been extracted
from their crystal structures and verified for their bond orders.
Hydrogen bond acceptor (HBA), hydrogen bond donor (HBD),
hydrophobic (HY) and ring aromatic (RA) chemical functions were
selected on the basis of the chemical features of compounds in the
training set using Feature Mapping protocol available in DS and the
proposed mechanism of action. Standard hydrogen bond acceptor/
donor functions can be effectively used in place of metal binding
chemical function as there is no special feature available for metal
binding in the feature dictionary of DS [34]. Ten pharmacophore
models were produced and the best one (Pharmacophore-A) was
selected based on the rank for further studies.
Table 1
List of solved crystal structures of HDAC8 co-crystallized with different ligands.

PDB ID Resolution (�A) Ligand

1T64 1.90 TSN
1T67 2.31 B3 N
1T69 2.91 SAHA
1VKG 2.20 CRA
1W22 2.50 NHB
2V5X 2.25 V5X
3F0R 2.54 TSN
3F07 3.30 AGE
2.2. Generation of pharmacophore models: structure or receptor
based approach

Out of the eight crystal structures available for HDAC8 in PDB,
the highest resolution (1.9�A) structure named 1T64 was chosen to
generate receptor based pharmacophore model finding the phar-
macophoric features in the active site and important for ligand
binding. A sphere with a radius that comprises all the catalytically
important amino acid residues has been created using Binding Site
Analysis tool available in DS. The Interaction Generation protocol
implemented in DS was used to identify HBA, HBD and HY features
based on the active site residues that are inside the sphere. These
features were then clustered and the most representative features
were selected and included in the pharmacophore model (Phar-
macophore-B).
2.3. Validation and database searching

A database with a set of compounds with known HDAC8
inhibitory activity using similar biological assay conditions was
prepared for the purpose of validating the generated pharmaco-
phore models. The database was checked for not containing large
molecular weight compounds, those corresponding to peptides,
prodrugs and non-active compounds with false activity tags. The
remaining 98 compounds named as HDAC8 inhibitor data set
(HIDS) [35e41]. This internal test set was used to validate the two
generated pharmacophore models.

Virtual screening of chemical databases can serve the purpose of
finding novel, potential leads suitable for further development.
Database searching methodology provides the advantage that the
retrieved compounds can be obtained easily for biological testing
when compared to any de novo design methods [42]. A molecule
must fit on all the features of the pharmacophore model that is
used as 3D query in database searching to be retained as hit. Two
database searching options such as Fast/Flexible and Best/Flexible



Fig. 3. Training set compounds used in common feature pharmacophore generation.
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search are available in DS. Better results can be achieved using Best/
Flexible search option during database screening. In our study, we
performed all database searching experiments using Best/Flexible
search option. Both the validated pharmacophore models were
used as 3D queries in database searching. Three databases of
diverse chemical compounds have been deployed in database
searching. In case of pharmacophore-A, which contains four
features, Maximum Omitted Features option was chosen to ‘0’ to
screen the databases for the compounds those fit on all four
pharmacophoric features of pharmacophore-A. This option was
relaxed to ‘1’ for Pharmacophore-B since it has screened no
compounds that fit on all of its six features from the databases i.e.
compounds in the databases can miss any one of its six features to
be retained as hits. Geometric fit values are calculated for every
database hit based on howwell the chemical substructures map on
to the pharmacophoric feature location constraints and their
distance deviation from the feature centers. High fit values indicate
good matches. The maximum fit value depends on which the hit
compounds are chosen for further studies was set based on the fit
value of the original ligands used to create the pharmacophore
models. Hit compounds that scored fit values better than any of the
training set active compounds have been selected and checked for
their drug-likeness properties using Lipinski’s rule of five and
ADMET (Absorption, Distribution, Metabolism, Excretion and
Toxicity) filters using DS. Hit compounds those passed all of these
screening tests were taken and used in molecular docking.

2.4. Molecular docking

Molecular docking experiments were performed using GOLD
(Genetic Optimization for Ligand Docking) program version 4.1.
GOLD is an automated docking program that uses genetic algorithm
to explore the ligand conformational flexibility with partial flexi-
bility of the active site [43]. The algorithm was tested on a data set
of over 300 complexes extracted from the PDB. GOLD succeeded in
more than 70% cases in reproducing the experimental bound
conformation of the ligand [44]. 1T64, a crystal structure of human
HDAC8, was used as protein molecule. All the water molecules
present in the protein were removed and hydrogen atoms were
added to the protein structure. A binding site was created with the
radius of 10�A around the ligand present in the crystal structure. All
hit molecules along with training set were docked on to the created
binding site. Maximum save conformations was set to 10 and if the
RMSD between any of the 5 docked conformations is less than 1.5
RMSD it was set to quit Genetic Algorithm or move on to the next
compound in the list of compounds given for docking. All other
options were kept default during docking experiments. At the end
of each run GOLD separates and ranks all the generated docked
conformations based on the fitness score. The fitness score function
that is implemented in GOLD consists of H-bonding, complex
energy and the ligand internal energy terms. Molecular interactions
were observed using Molegro virtual docker [45] and Ligplot [46]
programs.

The final hits were selected based on the binding mode and
molecular interactions observed at the active site. Finally the
novelty of the selected compounds was confirmed using Scifinder
Scholar [47] and Pubchem structure search [48] tools.

3. Results and discussion

3.1. Common feature pharmacophore generation

Training set comprising six compounds in their crystal bound
conformations was used in common feature pharmacophore
generation. All the training set compounds possess hydroxamic
acid moiety as metal (Zn) binding region, a long hydrophobic
spacer to fit in the tunnel and bind with its hydrophobic residues.
A hydrophobic cap region also present in all training set
compounds to bindwith the surface forming residues. They are also
known to bind to the same tunnel like active site present in HDAC8
in a similar manner (Fig. 2). Ten common feature pharmacophore
models were generated using this training set and all were found to
have four features. Table 2 presents the generated pharmacophore
models with their statistical parameters. While these models
having similar number of pharmacophoric features, they vary in
their composition, orientation and vector directions. The basic
structural requirements identified by DS constantly consist of
either HBA or HBD or both for metal binding and an HY feature for
hydrophobic interactions (except the third pharmacophore which
has RA feature instead of HY). Top ranked pharmacophore (Phar-
macophore-A) was chosen as a best pharmacophore model and the
proposed mapping modes of the inhibitors in the training set on
this model resemble and match the information from the crystal-
lized enzyme-ligand binding complex. Pharmacophore-A was



Table 2
Results of common feature pharmacophore generation.

Hypos Features Rank Direct Hit Partial Hit Max.Fit

1 HY HBD HBA HBA 63.218 111111 000000 4
2 HY HBA HBA HBA 62.018 111111 000000 4
3 RA HBD HBA HBA 61.589 111111 000000 4
4 HY HBA HBA HBA 61.316 111111 000000 4
5 HY HBD HBA HBA 61.145 111111 000000 4
6 HY HBA HBA HBA 59.945 111111 000000 4
7 HY HBD HBA HBA 57.468 111111 000000 4
8 HY HY HBD HBA 56.565 111111 000000 4
9 HY HBA HBA HBA 56.268 111111 000000 4
10 HY HY HBA HBA 55.365 111111 000000 4

Fig. 4. Final clustered structure based pharmacophore model at the active site of
HDAC8. Hydrophobic features are in cyan, hydrogen bond donors are in pink and
hydrogen bond acceptors are shown in green color. All the pharmacophoric features
are shown without cage spheres. Metal ion, zinc, is shown in maroon colored sphere
(For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article).
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further validated using HIDS, an internal data set containing 98
experimentally known compounds for their HDAC8 inhibition
(8 nMe35 mM). Pharmacophore-A was generated with a HBA and
a HBD feature from the hydroxamic acid moiety, an HY feature from
the hydrophobic cap regions and another HBA feature from the
neighboring carbonyl group to the cap region present in all the
training set molecules. Pharmacophore-A is good enough tomap all
the training set compounds, which inhibit the enzyme at sub-
micromolar to nanomolar levels but a hydrophobic feature which is
necessary to interact with the tunnel that leads to the catalytic
machinery was not generated in pharmacophore-A. Thus a phar-
macophore based on the enzyme’s active site was necessary to
identify and include the complimentary features that facilitate
strong enzyme-ligand binding by having a feature to bind with
tunnel residues. Pharmacophore-A also can be effectively utilized
to identify compounds that are similar to the training set molecules
from database screening.
3.2. Structure based pharmacophore generation

The final clustered pharmacophore (Pharmacophore-B) was
generated as a complimentary pharmacophore to the enzyme’s
active site. This pharmacophore contains six pharmacophore
features comprising a HBA, two HBDs and three HY features. Fig. 4
shows the generated pharmacophoric features at the active site.
HBA featurewas formed complimentary to themetal ion, one of the
two HBDs formed for hydroxyl group of Y306 while the second one
was created for carboxyl group of D101 and three HY features at the
tunnel and surface regions respectively. HBD feature that was
created for Y306 can also act as metal binding feature as it is
present very close to the metal ion [3]. The side chain of Y306 is
involved in tunnel formation while its main chain makes the
surface of the active site. D101 is a surface forming residue with
which the HBD feature that is present 7�A away frommetal binding-
HBA feature interacts. One of the three HY features was created
Fig. 5. Generated pharmacophore models with distance constraints. (A) Com
complimentary to the Y306 which is important for the catalytic
deacetylation mechanism. This HY feature enables PiePi interac-
tion between the phenyl rings of ligand and Y306. A potent
competitive HDAC inhibitor mimics the biological substrate, acet-
ylated lysine, and coordinates with the catalytic zinc and thereby
making the enzyme unavailable for the deacetylation. Regardless of
their HDAC classes, tunnel forming residues are very well
conserved in all the zinc-dependent HDACs. This pharmacophore
model can be used effectively to search novel compounds from
chemical databases.

Fig. 5A and B represent pharmacophore-A and B with their
inter-feature distance constraints respectively. Fig. 6A and B show
the training set compounds overlay on pharmacophore-A and B.

3.3. Validation and database searching

Primary validation was done using a set of 98 known active
compounds. 83 compounds of these known actives show HDAC8
inhibition at IC50 values of lesser than or equal to 1 mM. These
compounds were considered as potent HDAC8 inhibitors. Ligand
pharmacophore mapping was performed using both the pharma-
cophore models (A and B) in order to observe their ability to
distinguish the actives from inactive compounds. Pharmacophore-A
mon feature pharmacophore (B) Structure based pharmacophore model.



Fig. 6. Overlay of training set compounds upon the pharmacophores. (A) TSN overlaid on pharmacophore-A. (B) B3 N overlaid on pharmacophore-B.
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has screened 87 compounds, of which 72 compounds (82.75%)were
potent inhibitors of HDAC8. Maximum Omitted Feature was set to
0 for screening with pharmacophore-A. Pharmacophore-B has
retrieved 63 compounds with 52 potent compounds (82.53%).
Maximum omitted featurewas set to 1 as there was no compound in
the active set could fit all the six features of pharmacophore-B. This
proved that all the 98 active compounds in the database that
includes currently known HDAC8 inhibitors possess, at the
maximum, five features and miss one extra feature which can add
value to their active site binding. An internal database containing
1116 compounds has been created with 98 experimentally known
HDAC inhibitors and 1018 inactive compounds collected from the
literature. Enrichment factors (E), goodness of hit (GH) and other
statistical values have been calculated for both pharmacophore
models A and B using this database. Pharmacophore-A showed an E
value of 8.46 by mapping 87 active compounds from the 117
screened compounds from the database. The E value for pharma-
cophore-B was 9.69 as it has retrieved 63 active compounds among
74 screened compounds from the total of 1116 compounds. The high
is the E value the great is the ability of a pharmacophore in identi-
fying the active compounds. This validation results which are
tabulated inTable 3 showed that both pharmacophoremodels A and
B were capable enough to be used in the database searching to
identify novel leads. Pharmacophore-A possesses the very basic
chemical features which are present in every currently available
HDAC8 inhibitors whereas pharmacophore-B possesses six chem-
ical features that were generated as complimentary features for the
essential active site residues. Three databases namely Maybridge,
Chembridge and NCI containing a total of w370,000 chemical
compounds were employed in database searching. Compounds
Table 3
Validation results for generated pharmacophore models.

Parameter Pharmacophore-A Pharmacophore-B

Total molecules in database (D) 1116 1116
Total number of actives

in database (A)
98 98

Total Hits (Ht) 117 74
Active Hits (Ha) 87 63
% Yield of actives [(Ha/Ht) � 100] 74.36 85.14
% Ratio of actives [(Ha/A) � 100] 88.78 64.29
Enrichment factor (E)

[(Ha � D)/(Ht � A)]
8.47 9.69

False Negatives [A � Ha] 11 35
False Positives [Ht � Ha] 30 11
Goodness of Hit Score (GH)a 0.758 0.789

a [(Ha/4HtA) (3Aþ Ht))� (1� ((Ht� Ha)/(D� A))]; GH Score of 0.7e0.8 indicates
a very good model.
mapped well on to the pharmacophoric features were retained as
hits and verified for their drug-like properties using Lipinski’s rule of
five and ADMET filters. Detailed description on the number of
compounds retrieved from each step of database screening using
two pharmacophores and drug-likeness filters were shown in Fig. 7.
Finally, 469 compounds were retained from three databases
through all the filters.
3.4. Common feature versus structure based pharmacophore
models

Features present common to all of the training set compounds
were utilized to build common feature pharmacophore-A whereas
the active site pocket comprises the important amino acid residues
was used in structure based pharmacophore-B generation. Phar-
macophore-A was generated with four chemical features including
two HBAs along with each HY and HBD features whereas on the
other hand pharmacophore-B was made of six features. When
compared with pharmacophore-A, pharmacophore-B contains one
HBD in place of HBA joined with two extra HY features. Interest-
ingly, both pharmacophores possess each of HBA and HBD features
within 2.5 �A distance which can act as metal binding features.
Pharmacophore-A consists of an HBA feature between HY and
metal binding pair within distances of 7.132�A and 7.572 to 9.682�A
while the distance between HYandmetal binding pair is more than
10�A. Pharmacophore-B possesses an HBD feature instead of center
HBA in pharmacophore-A with similar distances of 7.532 and
7.207 �A from one of the HY features and metal binding-HBA,
respectively. From the ligandeprotein interaction map of all crystal
structure complexes available in PDBsum [49] we could observe
that an HBA feature which is present in all the crystal structure
bound inhibitors did not form any hydrogen bond interaction with
any protein residue. This position of ligands could be utilized to
form an additional polar interaction by changing it to an HBD group
as carboxylic group of Asp101 is located at a position that can
comfortably interact with an HBD group present at this position of
any ligands. Comparison of these pharmacophores with their
distance constraints provided information that the basic pharma-
cophore for a HDAC8 inhibitor should include a metal binding pair
(HBA and HBD features) along with an HY and an HBD in place of
HBA to improve the interaction (without this change in HBA
functionality a pharmacophore can be utilized to search for inhib-
itors which can inhibit HDAC8 as current inhibitors, which can be
optimized further). Moreover, pharmacophore-B includes two
more HY features between HBD and the metal binding pair to
accommodate the tunnel region.



Fig. 7. Virtual screening results using common feature and structure based pharmacophores.

Fig. 8. Binding orientations of docked ligands. (A) One of the training set compounds, TSN (B) SCR01154 of Maybridge database (C) Cpd1263 of Chembridge database and
(D) NRB05197 of Maybridge database at the active site of HDAC8. Metal ion, zinc, is shown as pink colored sphere (For interpretation of the references to colour in this figure legend,
the reader is referred to the web version of this article).
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Fig. 9. Ligplot results of docked ligands. (A) TSN of training set compounds (B) SCR01154 from Maybridge database (C) Cpd1263 from Chembridge database and (D) NRB05197 from
Maydridge database. Metal ion (Zn2þ) is shown in green ball. Thin purple color line indicates the covalent bond interaction (For interpretation of the references to colour in this
figure legend, the reader is referred to the web version of this article).
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3.5. Molecular docking

Final hit compounds along with training set compounds were
considered for molecular docking study. Molecular docking results
were used as a post-docking filter to select the compounds those
interact with active site amino acids and to predict the binding
orientations of the hit compounds. GOLD has generated several
feasible binding conformations for each compound and ranked
them according to their fitness scores. The bound conformation
with the most favorable energies was considered the best binding
orientation. Hydroxamic acidmoieties present in all the training set
molecules have shown interaction with metal ion and active site
amino acids. All training set compounds have scored GOLD fitness
score higher than 48 with trichostatin (TSN) scoring the lowest
GOLD fitness score of 48.223. We have analyzed all available crystal
structures of HDAC8 and found the residues critically interacting
with bound inhibitors. Results of this analysis suggested that H142,
H143 and Y306 are very important for substrate and inhibitor
binding. Thus, the hit compounds that scored GOLD fitness score
above the training set compounds and formed interactions with
critical amino acids were considered as effective leads for the
designing of novel HDAC8 inhibitors. Twenty compounds from the
469 compounds scored better GOLD fitness score (>60) than any of
the training set compounds. Three out of twenty compounds
named SCR01154, Cpd1263 and NRB05197 have shown good
interactions with all the charge relay system residues and catalytic
metal ion (Zn2þ). Figs. 8 and 9 show the binding modes as well as
interactions of a training set compound TSN (Fig. 9A) and three final
hit compoundswith the catalytic residues andmetal ion. SCR01154,
fromMaybridge database, formed hydrogen bond interactions with
all the charge relay system residues, Y306 as well as the metal ion
(Fig. 9B). Cpd1263 from Chembridge database also showed inter-
actions with all the charge relay system residues and metal ion
(Fig. 9C). NRB05197, another compound from Maybridge database,
was also able to form hydrogen bond interactions with charge relay
system residues except H142 but it was found to be in hydrophobic
contact and formed covalent interaction with metal ion (Fig. 9D).
Interestingly, NRB05197 was the only compound retrieved by both
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the pharmacophores and the only compound by pharmacophore-B.
Novelty of these lead compounds was confirmed with Scifinder
Scholar and Pubchem structure search that these compounds have
not been experimented for HDAC8 inhibition earlier. Based on the
pharmacophore fit values, GOLD fitness scores, binding confor-
mations and interactions with active site amino acids as well as the
catalytic metal ion these three compounds have been selected as
novel leads and can effectively be utilized in potent HDAC8 inhib-
itor design.

4. Conclusion

In this study, two highly selective pharmacophore models A and
B were developed using ligand and receptor based approaches.
Both the pharmacophore models found to provide more detailed
information and description of ligand binding. Pharmacophore-A
was composed of four features whereas the pharmacophore-B
comprised six features that were found to be necessary for tight
proteineligand binding. Both the pharmacophores were developed
with each HBA and HBD as metal binding part along with
a hydrophobic feature as cap region to bind with the surface
forming residues. Automatically generated pharmacophore-A
missed an important HY feature corresponding to the spacer that
links the metal binding portion with the cap region whereas
pharmacophore-B was generated with two HY features that
correspond the spacer region. Pharmacophore models were vali-
dated for their ability in distinguishing active compounds from
inactive compounds and utilized in database screening to find
novel scaffolds to be employed in inhibitor design. Maybridge,
Chembridge and NCI databases were searched for the compounds
that map the pharmacophore models well. Resulting hits were
further analyzed and refined using variety of drug-like filters to
select only the drug-like compounds and subjected to molecular
docking study. Binding conformations of all the docked compounds
were visually analyzed for the essential interactions with the
catalytic machinery of HDAC8. Finally, three compounds with
a considerable structural diversity were identified as novel leads to
be employed in the potent HDAC8 inhibitor designing. Scifinder
Scholar and Pubchem searches proved that these final hits were not
reported earlier for HDAC8 inhibition. Thus these compounds of
novel scaffolds provide valuable leads for further optimization as
potent HDAC8 inhibitors.
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