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Sirtuin 2 (SIRT2) is one of the emerging targets in chemotherapy field and mainly associated with many
diseases such as cancer and Parkinson’s. Hence, quantitative hypothesis was developed using Discovery
Studio v2.5. Top ten resultant hypotheses were generated, among them Hypo1 was selected as a best
hypothesis based on the statistical parameters like high cost difference (52), lowest RMS (0.71), and good
correlation coefficient (0.96). Hypo1 has been validated by using well known methodologies such as
Fischer’s randomization method (95% confidence level), test set which has shown the correlation coeffi-
cient of 0.93 as well as the goodness of hit (0.65), and enrichment factor (8.80). All the above statistical
validations confirm that the chemical features in Hypo1 (1 hydrogen bond acceptor, 1 hydrophobic, and 2
ring aromatic features) was able to inhibit the function of SIRT2. Hence, Hypo1 was used as a query in
virtual screening to find a novel scaffolds by screening the various chemical databases. The screened mol-
ecules from the databases were checked for the ADMET as well as the drug-like properties. Due to the
lack of SIRT2–ligand complex structure in PDB, molecular docking and molecular dynamics (MD) simu-
lation was carried out to find the suitable orientation of ligand in the active site. The representative struc-
ture from MD simulations was used as a receptor to dock the molecules which passed the drug-like
properties from the virtual screening. Finally, 29 compounds were selected as a potent candidate leads
based on the interactions with the active site residues of SIRT2. Thus, the resultant pharmacophore
can be used to discover and design the SIRT2 inhibitors with desired biological activity.

� 2011 Elsevier B.V. All rights reserved.
1. Introduction

In eukaryotic cells, Histone Deacetylases (HDACs) are important
enzymes for the transcriptional regulation of gene expression. The
main function of HDACs is to remove the acetyl group from lysine
residue near the N-terminal of histones. Mammalian HDACs are in-
volved in a variety of human diseases such as cardiomyopathy,
osteodystrophy, neurogenerative disorders, aging, and cancer.
HDACs are classified into four different classes: Class I comprises
HDACs 1–3, and 8, Class II includes HDACs 4–7, 9, and 10, Class
III contains sirtuins, and Class IV contains HDAC 11 [1]. Among
these Class I, Class II and Class IV HDACs are zinc (Zn2+) dependent
deacetylases. In contrast, Class III HDACs are mainly dependent on
nicotinamide adenine dinucleotide (NAD+) for its deacetylation
activity [2,3]. Silent information regulator 2 (Sir2) protein also
known as sirtuins which are the members of the Class III HDACs
family [4], possess either deacetylase or mono ribosyltransferase
activity, found in all organism ranging from bacteria to humans
[1]. Sirtuin participates in variety of cellular functions and plays
ll rights reserved.
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a major role in aging, histone deacetylation, gene silencing, and
chromosomal stability. Interestingly, the NAD+ dependent HDAC
is insensitive to other classes of HDAC inhibitors like trichostatin
A [1].

In human, there are seven Sir2 homologs (SIRT1–7) has been
identified [5,6] and all shares the same catalytic domain but differ
in N- and C-terminals. The main function of SIRT1, 2, 3, and 5 are
NAD+ dependent deacetylases. SIRT4 and 6 are ADP-ribosyltransfe-
rases as well as deacetylases, and SIRT7 involved in ADP-ribosyl-
transferase. Sirtuin 2 (SIRT2), an oligodendroglial cytoplasmic
protein, is localized in the outer and juxtanodal loops of myelin
sheath. SIRT2 is predominantly present in cytoplasm as tubulin
deacetylase protein [7]. During G2/M transition and mitosis, SIRT2
is localized in the nucleus and deacetylates histone H4 which lead
to the formation of condensed chromatin [8]. SIRT2 contains 304
amino acid in catalytic core and an elongated shape with two do-
mains: a large domain (Rossmann fold) present in many NAD(H)/
NADP(H) binding enzymes and a smaller domain that contains a
structural zinc atom [9]. NAD+ is a co-factor for sirtuins where it
binds to the cleft between the two domains and immediately adja-
cent to the acetylated peptide binding tunnel [9]. The Rossmann
fold consists of six parallel b-sheets and six a-helices that pack
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against b-sheets. The small domain was divided into two parts:
(i) Zn2+ binding domain and (ii) the helical domain pack exten-
sively with each other across hydrophobic residues. The Zn2+

binding domain consists of three-stranded anti-parallel b-sheet
and one a-helix. There are four conserved Cysteine residues
which anchored the Zn in the small Zn binding domain across
the sirtuin family like enzymes, but the rest of the Zn binding
domain corresponds to the least conserved part of SIRT2. SIRT2
deacetylase the ‘‘Lys40’’ of a-tubulin and involved in the control
of mitotic exit in cell cycle via regulation of cytoskeleton. During
the deacetylation process, SIRT2 coupled with NAD+ and yield a
nicotinamide and O-acetyl ADP-ribose (OAADPr) along with the
deacetylation protein [10].

Increased SIRT2 activity significantly delays the cell cycle pro-
gression through mitosis, suggesting a SIRT2 function as a mitotic
checkpoint protein [11]. Lines of research have been showing that
SIRT2 target the number of regulator proteins such as LXR, AceCS1,
p53, FOXO, a-tubulin, and histones. Thus, SIRT2 involves in major
pathways like IGFs/gluconeogenesis, cardiomyopathy, cell cycle
regulation, and apoptosis which leads to diabetes, obesity, cardio-
vascular, cancer, and neurodegeneration diseases. Recent studies
have suggested that the potential roles of SIRT2 in the develop-
ment of neurodegenerative diseases and inhibition of SIRT2 rescue
a-synuclein toxicity in a cellular model of Parkinson’s disease.
Thus, finding the novel and potent leads for SIRT2 could have ben-
eficial effects on various human diseases.

The aim of this study is to identify the critical chemical features
responsible to inhibit the SIRT2 activity. Hence, 3D pharmacophore
model was generated based on the known SIRT2 inhibitors, which
can perfectly reflect the structure activity relationship of the exist-
ing SIRT2 inhibitors. Best hypothesis has selected from the gener-
ated hypotheses based on various validation methods such as
Fischer’s randomization approach, test, and decoy sets. Further
Fig. 1. Chemically diverse 19 compounds used as training set
the selected hypothesis was employment as a 3D search query
for virtual screening of large chemical databases to identify the no-
vel SIRT2 inhibitors. Also to utilize this pharmacophore model as a
predictive tool for estimating the biological activity of SIRT2 hit
leads from virtual screening and molecular docking on the basis
of structure activity analysis.
2. Materials and methods

The IUPAC definition of a pharmacophore model is ‘‘an ensem-
ble of steric and electronic features that is necessary to ensure the
optimal intermolecular interactions with a specific biological tar-
get and to trigger or block its biological activity’’. The term ‘‘Phar-
macophore’’ has many different meaning, depends on (i) the
strategies used to obtain the chemical features, (ii) the type of bio-
logical end points used to develop them and (iii) the properties
incorporated into them. The common properties which are identi-
fied and characterized for high-affinity compounds, that are absent
for low- or no-affinity compounds.
2.1. Pharmacophore modeling

Discovery Studio v2.5 (DS, www.accelrys.com) was used to gen-
erate the three dimensional pharmacophore model for SIRT2. In DS,
a pharmacophore is defined as the essential features or chemical
substructures and their corresponding 3D locations that are
responsible for the similar biological activities of compounds. A to-
tal of 38 molecules were collected from literatures [12–16] to gen-
erate the hypothesis. These collected molecules were divided into a
training set, 19 molecules (Fig. 1), based on its activity value (IC50)
which spans four orders of magnitude and the remaining 19 com-
pounds were placed as complementary test set (Fig. 2) to validate
in 3D-QSAR discovery studio/pharmacophore generation.

http://www.accelrys.com


Fig. 2. 2D chemical structure of representative SIRT2 inhibitors selected to validate the hypothesis.
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the resultant hypothesis. Subsets of derivatives possessing the
same structural scaffold were distributed equally between the
training and test sets. Both sets were created based on the DS
guidelines. The 2D structure of training and test set molecules
were sketched using Chemsketch v12.01 and converted into 3D
pattern by importing into DS.

2.2. Diverse Conformation Generation

The Diverse Conformation Generation protocol keeps the specific
chirality for a stereo molecule. During the conformation generation
it will enumerate all possible stereo isomers if the chirality is un-
known. The final conformation model may not contain all stereo
configurations because some stereo configurations are impossible
due to geometrical or stereo constraints, and possibly the number
of stereo isomers are greater than the number of requested confor-
mations. Three rules are used to determine the chirality of a com-
pound: First, if an atom is designated as a stereo center and the
molecules have a 2D structure then the 2D stereo designator is
used to specify the chirality. Second, the input SD files do not have
a 2D structure; the 3D coordinates are used to determine the chi-
rality for known chiral centers. Finally, if the 3D coordinates for the
chiral center is very poor, distorted and its stereochemistry are set
to unknown. Three main conformation generations were used in
the pharmacophore protocols: FAST, BEST, and CAESAR. All three
conformation methods provide a broad coverage of the nearby
conformational space. Among these three methods, FAST and BEST
conformation modules were widely used in the research field. FAST
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conformer generation can be done with less time, BEST conforma-
tion generation takes much time by optimizing the conformations
in both torsional and Cartesian and by using a poling technique to
achieve the maximum diversity of a conformation model. The FAST
method also uses poling, but it is only applied in the torsion space.
The CAESAR is a new method in the conformation generation that
performs a very fast conformation searching similar like FAST. It
searches conformations only in torsion space, adopts the same
ring-fragment technology and the high speed is achieved by a
recursive build-up algorithm [17]. Hence, in this work BEST confor-
mation generation method was applied.
2.3. Pharmacophore generation

Maximum number of 255 conformations, generated for each
molecule present in the training set, was used as an input in 3D-
QSAR pharmacophore generation to build a 3D geometry (hypothe-
sis) of SIRT2. The training set was divided into three categories
such as active molecule (IC50 < 7 nm), moderately active molecule
(7 nm 6 IC50 6 70 nm) and low active molecule (IC50 > 70 nm).
The hypothesis generation protocol gives more priority to chemical
features in active and moderate compounds compared to the low
active molecules. DS provided many chemical features like hydro-
gen bond acceptor (HBA), hydrogen bond donor (HBD), hydropho-
bic (Hy), hydrophobic aliphatic (H-Ali), hydrophobic aromatic (H-
Ar), ring aromatic (RA), positive ionization (PI), and negative ioni-
zation (NI). In order to find the suitable chemical features which
can reduce the activity of SIRT2, an analysis was performed for
the active SIRT2 inhibitors present in the training set, using the
Feature Mapping module that revealed the HBA, Hy, and RA chem-
ical groups maps well. Thus these pharmacophoric features were
selected as one of the input for HypoGen algorithm to generate
the automated structure activity relationship. The minimum and
maximum number of the chemical features required in the
hypothesis generation was changed from the default values of ‘0’
to ‘4’ and ‘0’ to ‘5’, respectively. The uncertainty value also changed
to 2 from the default value of 3. All other remaining parameters
were not changed from its default parameter values.
2.4. Selection and validation of hypothesis

A brief assessment of the statistical parameters for all 10
hypotheses was done through the Debnath’s analysis [18]. From
the generated hypotheses, one hypothesis has selected as a best
hypothesis based on the cost values, root mean square (RMS),
and correlation value. The selected hypothesis was further vali-
dated using the reputable methods. First, statistical significance
of Fischer’s randomization method was computed with 95% confi-
dential level. In this method, 19 random spread sheets were gener-
ated by shuffling the activity values present in the training set
molecules and each spread sheet was used as an input to generate
the pharmacophore model based on the new shuffled activity val-
ues. Second, the test set comprises of 19 compounds which are not
included in the training set. The test set was given as input to the
Ligand pharmacophore mapping protocol to find how well the se-
lected hypothesis was able to predict the external molecules (other
than the training set molecules). Finally, decoy set was used to cal-
culate the statistical parameters like goodness of hit (GF) and
enrichment factor (EF). The decoy set consists of 2200 molecules
which were prepared based on the molecular descriptors. Out of
these molecules, 15 active SIRT2 inhibitors were included to find
out the efficiency of Hypo1 and to discriminate the active mole-
cules from other molecules.
2.5. Virtual screening process

Virtual screening is one of the most potent methods to identify
the novel scaffold for any proteins. Pharmacophore based virtual
screening is succeed in finding the novel scaffolds against many
target as well as it is one of the effective and time consuming pro-
cess in the drug discovery world. Virtual screening process also re-
vealed that the novel and potential virtual leads, which are suitable
for the further optimization, provide the important clues for the
medicinal chemist to proceed for further steps to make the virtual
leads into a drug. Hence, the best hypothesis (Hypo1), selected after
the reputable validation methods, was used as a query to select a
novel scaffold from the various databases. NCI, Maybridge, and
Chembridge databases were used for the virtual screening process.
Fast Flexible Search method was applied to screen the databases,
the hit molecules were selected only if it maps all the chemical fea-
tures present in Hypo1. The screened compounds were further
sorted by applying the Lipinski’s rule of five, ADMET, and the com-
pounds which passed all the above criteria were subjected into
molecular docking studies to find the suitable orientation in the ac-
tive site of SIRT2.

2.6. Molecular docking and molecular dynamics (MD) simulation

Due to the lack of complex structure of SIRT2, sirtinol was docked
into the active site of SIRT2 (PDB ID: 1J8F) using LigandFit module in
DS. The 2D format of sirtinol was sketched using Chemsketch and
converted into 3D representative by using DS. The best pose was se-
lected based on the ligand–protein interactions. The best pose was
subjected to MD simulation to define the binding orientation of
the ligand and also to gain a better relaxation of ligands as well as
the suitable orientation of sirtinol in SIRT2 active site. The GROnin-
gen MAchine for Chemical Simulations (GROMACS) V3.3 package
[19–20] was used in the present work. The model was solvated in
a cubic box of 1 nm dimension by applying GROMOS96 force field
[19–20]. The SPC water model was used in order to create the aque-
ous environment. Particles Mesh Ewald (PME) [21] electrostatic and
periodic boundary conditions were applied in all directions. The sys-
tem was neutralized by adding 8 Cl- counter ions by replacing the
equal number of water molecules. Subsequently, it was subjected
to a steepest descent energy minimization until a tolerance of
1000 kJ mol�1, therefore the system can be get rid of the high energy
interactions and steric clashes. All the bond lengths were con-
strained with the LINCS [22–23] method the energy minimized sys-
tem was treated for 100 ps equilibration run. The pre-equilibrated
system was consequently subjected to 5 ns production MD simula-
tion with a time-step of 2 fs at constant temperature (300 K), pres-
sure (1 atm) and without any position restraints. Snapshots were
collected every 5 ps and all the analyses of the MD simulation were
carried out by GROMACS analysis tools. From the 5 ns MD simula-
tion, average structure with low RMSD value was selected as the best
model for molecular docking studies.

2.7. Molecular docking protocol

GOLD stands for Genetic Optimization for Ligand Docking [24]
(Cambridge Crystallographic Data Center, UK) uses genetic algo-
rithm for docking flexible ligands into protein binding sites. The
representative structure of SIRT2–sirtinol complex from the MD
simulation was taken as a receptor to dock the virtual hit leads
from the virtual screening process. There are two ways to define
the receptor for the molecular docking process: (i) input the whole
protein and (ii) the residues present in the active site of the pro-
tein. In this study, we define the whole protein as a receptor and
the hydrogen atoms were added to define the correct ionization
and tautomeric states of residues such as Asp, Glu, and His. GOLD
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assigned the atom type based on the information of the element
types as well as the bond orders checked and saved as MOL2 for-
mat. The number of hydrogen was added to each atom will be suf-
ficient to satisfy the atom’s unfilled valences. The main part of the
docking procedure is to specify the binding site of the proteins.
There are several ways to specify the binding site. One of the most
suitable methods is selecting the co-crystal or ligand and specifies
the particular radius around the ligand. In this work, we selected
8 Å around the inhibitor and all atoms that lie within a specified ra-
dius were considered as important residues during the docking
process. Training set (19 compounds) and the final hit molecules
from NCI, Maybridge, and Chembridge databases were chosen for
molecular docking. The evolutionary parameters used in GOLD
docking are population size 100, selection pressure 1.1, operation
1000,000, island 5, niche size 2, migration 10, and crossover 95.
The annealing parameters of van der Waals and hydrogen bond
interactions were considered as 4.0 and 2.5, respectively. GOLD
will dock each ligand several times by starting each time from a
different random of population of ligand orientations and the re-
sults of the different docking runs are ranked by fitness score.
The fitness score was calculated by following equation:

Fitness ¼ Shb ext þ 1:375 � Svdw ext þ Shb int þ Svdw int

where Shb ext is the contribution of hydrogen bonds, Svdw ext is the
contribution of van der Waals interactions between the protein
and the ligand, Shb int is the contribution of intra-molecular hydro-
gen bonds in the ligand and Svdw int is the contribution from intra-
molecular strain in the ligand. When the total fitness score was
computed and the external van der Waals score was multiplied
by a factor of 1.375.

3. Results and discussions

Data preparation is one the most important step in pharmaco-
phore generation because the quality of the hypothesis was di-
rectly affects by the quality of training set molecules. The
training set covers the wide range of compounds which spans four
orders of magnitude in activity values. HypoGen algorithm gener-
ates the hypothesis by giving more attention to chemical features
common amongst active molecules and missing some chemical
features from the moderately or low active molecules. In DS, phar-
Fig. 3. HypoGen pharmacophore model Hypo1 and its geometric constrains, where RA (ri
brown, blue and green, respectively. (For interpretation of the references to color in thi
macophore generation accomplished in three phases: Constructive
phase, the active compounds are determined by performing a cal-
culation based on the activity and uncertainty. Uncertainty is one
of the key parameter in pharmacophore generation; here an uncer-
tainty value of 2 was preferred over the default value of 3 because
the training set molecules activities span only four orders of mag-
nitude [25,26]. In subtractive phase, the common chemical fea-
tures among the inactive or low active compounds were
removed from the constructive phase. Finally, optimization phase,
geometric fit, activity, error estimation, and cost calculation are
calculated. The hypothesis generation was stopped when there is
no better score of the hypothesis can be accomplished [27]. The
resultant hypotheses are optimized using simulated annealing to
further fine tune the model parameters, thereby improving model
quality.

A total of 10 hypotheses were generated drawing from train-
ing set, four chemical features were presented in all hypotheses.
Quality of the generated pharmacophore model is mainly de-
pends on the two important theoretical cost values (fixed and
null cost, represented in bit units). The fixed cost also known as
ideal cost represents whether the generated model fits all the
data perfectly or not. Null cost also termed as no correlation cost
denotes the highest cost of a pharmacophore model with no fea-
tures and estimates activity to be the average of the activity data
of the training set molecules. RMS factor indicates the quality of
prediction for training set and the correlation coefficient is based
on linear regression derived from the geometric fit index as well
as cost difference is important to statistical relevance. Mainly
these three parameters reflect the quality of the generated
hypotheses. A successful pharmacophore model should have a
high difference between the null and total cost values. The cost
difference of 40–60 bits indicates that the generated hypothesis
has 75–90% probability of correlating the data. Configuration cost
or entropy is another parameter to estimate the model quality
depends on the complexity of hypothesis space and should have
a value less than 17.

A significant pharmacophore model should have the total cost
closer to fixed cost and away from null cost values thereby large
difference between null and total cost values along with high cor-
relation coefficient and lowest RMS values. The representative
hypothesis, Hypo1, shows a good geometric spatial arrangement
ng aromatic), Hy (hydrophobic) and HBA (hydrogen bond acceptor) are illustrated in
s figure legend, the reader is referred to the web version of this article.)
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and consists of four chemical features named as one HBA, one Hy,
and two RA chemical features (Fig. 3). Hypo1 shows the configura-
tion cost of 12.67, total cost (77.33) which was close to the fixed
cost (78.6) and away from the null cost (129.54) indicates that
Hypo1 was the best hypothesis. There was a large cost difference
of 52 (difference between null and total costs) along with high cor-
relation coefficient of 0.96 and lowest RMS value of 0.71. All these
parameters indicate that Hypo1 has 75–90% probability to accu-
rately predict the activity of compounds in the training set. Based
on the above validation we confirmed that the Hypo1 hypothesis
(Table 1) is not here by chance.

All molecules in the training set were classified into highly ac-
tive (IC50 < 7 nM), moderately active (7 nM 6 IC50 6 70 nM) and
low active (IC50 > 70 nM) based on the IC50 values. The best ranking
Hypo1 was used to estimate the activity values of all compounds in
the training set. Among 19 compounds, two compounds were
underestimated, i.e., one active and one moderately active com-
pounds were predicted as moderately active and low active com-
pounds, respectively. All the remaining molecules present in the
training set were estimated as in the same order of magnitude
(Table 2). The error values of two underestimated compounds
had shown only one order of magnitude difference; hence this
difference may arise due to the number of degrees of freedom of
Table 1
Information of statistical significance and predictive power measured in bits for the top 1

Hypo No. Total cost Cost differencea RMSb

Hypo1 77.34 52.21 0.71
Hypo2 79.16 50.39 0.81
Hypo3 86.73 42.81 1.21
Hypo4 90.35 39.20 1.35
Hypo5 90.41 39.14 1.36
Hypo6 90.75 38.80 1.37
Hypo7 93.28 36.27 1.45
Hypo8 93.64 35.91 1.36
Hypo9 93.91 35.64 1.46
Hypo10 94.91 34.64 1.46

a Cost difference between the null and the total cost. The null cost, the fixed cost and
b Abbreviation used for features: RMS, Root Mean Square Deviation; HBA, hydrogen b

Table 2
Actual and estimated activities of the training set molecules based on the pharmacophore

Compound No. Fit valuea Exp. IC50 (nM) Pred

1 6.45 0.96 0.41
2 6.34 1.2 0.59
3 6.58 0.71 1
4 6.51 0.84 1.2
5 6.17 1.8 1.2
6 6.08 2.2 2.3
7 6.09 2.2 2.8
8 5.48 8.8 4
9 5.75 4.8 5.2

10 5.89 3.5 6
11 5.32 13 14
12 5.28 14 19
13 4.92 32 26
14 4.43 99 35
15 5.03 25 38
16 4.63 63 59
17 4.7 54 74
18 4.49 86 140
19 4.41 100 200

a Fit value indicates how well the features in the pharmacophore overlap the chem
D = displacement of the feature from the center of the location constraints and T = the r

b Difference between the predicted and experimental values. ‘ + ’ indicates that the pred
lower than the experimental IC50; a value of 1 indicates that the predicted IC50 is equal

c Activity scale: IC50 < 7 nM = +++ (highly active); 7 nM 6 IC50 < 70 nM = ++ (moderate
compounds to mismatch the Hypo1. The error value was estimated
as ratio of the experimental and predicted activity values. Positive
error value indicates that the predicted activity value is greater
than experimental activity value and negative error value denotes
that the predicted activity value is smaller than the experimental
activity values. One of the active compound in training set (com-
pound 3) shows a fitness score of 6.59 (Fig. 4a) and the least active
compound 18 maps to a value of 4.47 (Fig. 4b) when mapped into
Hypo1.

3.1. Validation of Hypo1

Fischer randomization test [27] was carried out to evaluate the
statistical significance of Hypo1. Based on the Fischer randomization
procedure, the experimental activity of compounds in the training
set was shuffled randomly and as a result, new training sets were
produced to generate the number of hypotheses. The parameters
used to generate the original hypothesis were employed to produce
the random hypotheses. The confidence level has been calculated
using the following the formula: S = 100(1 � (1 + X)/Y) where S is
the significance level or confidence level; X is the number of the ran-
domized hypotheses and Y is the number of random hypothesis gen-
erated. Here the confidence level was set to 95%, hence 19 random
0 hypotheses as a result of automated 3D-QSAR pharmacophore generation.

Correlation Featuresb Max. fit

0.96 HBA, Hy, RA, RA 9.05
0.95 HBA, Hy, RA, RA 9.47
0.89 HBA, Hy, Hy, RA 7.20
0.86 HBA, Hy, RA, RA 7.01
0.86 HBA, Hy, Hy, RA 7.80
0.86 HBA, Hy, Hy, RA 8.13
0.84 HBA, Hy, Hy, RA 6.95
0.86 HBA, Hy, Hy, RA 4.86
0.84 HBA, Hy, RA, RA 6.55
0.84 HBA, Hy, RA, RA 5.68

the configuration cost are 129.55, 71.86, and 12.67 respectively.
ond acceptor; Hy, hydrophobic; RA, ring aromatic.

model Hypo1.

. IC50 (nM) Errorb Exp. scalec Pred. scalec

2.3 +++ +++
2.1 +++ +++
�1.4 +++ +++
�1.4 +++ +++

1.5 +++ +++
�1 +++ +++
�1.3 +++ +++

2.2 +++ ++
�1.1 +++ +++
�1.7 +++ +++
�1.1 ++ ++
�1.3 ++ ++

1.2 ++ ++
2.8 ++ +
�1.5 ++ ++

1.1 ++ ++
�1.4 + ++
�1.6 + +
�1.9 + +

ical features in the molecule. Fit = weight � [max (0, 1 � SSE)] where SSE = (D/T)2,
adius of the location constraint sphere for the feature (tolerance).
icted IC50 is higher than the experimental IC50; ‘–’ indicates that the predicted IC50 is
to the experimental IC50.
ly active); IC50 P 70 nM = + (low active).



Fig. 4. Best pharmacophore model Hypo1 aligned to training set compound (a) active molecule compound 1 (IC50 0.96 nM) and (b) inactive molecule compound 18 (IC50

74 nM). Pharmacophore features are color coded (Hy, hydrobhobic, blue; RA, ring aromatic, brown and HBA, hydrogen bond acceptor, green). (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of this article.)
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spread sheets were generated as result and have been compared
with the statistical parameters of the Hypo1. Among these 19 spread
sheets, 7 spread sheets failed to produce the hypothesis and the
remaining randomly generated pharmacophore models have not
scored better than Hypo1. Based on this result we affirmed that there
is 95% chance for Hypo1 to represent a true correlation in the training
set activity data (Fig. 5).

As an external validation process (test set) was used to
validate Hypo1 which can able to discriminate the active from
inactive compounds. Molecules present in the test set was
also classified into active (IC50 < 7 nM), moderately active
(7 nM 6 IC50 6 70 nM) and low active (IC50 > 70 nM) compounds.
The estimated IC50 values of Hypo1 for most of compounds in
the test set were predicted correctly when compared with their
biological activity values (Table 3). Test set showed a correlation
coefficient of 0.93 indicates the high predictive ability of Hypo1
on external chemical compounds. The correlation plot between
experimental and predicted activity values for the test and train-
ing sets was shown in Fig. 6. The most active compound 1 in the
test set mapped over Hypo1 accurately fits all the chemical fea-
tures present in the Hypo1 (Fig. 7a) whereas the low active com-
pound 19 (Fig. 7b) fits only the HBA group perfectly and the
remaining two RA and one Hy groups were partially mapped
and missed, respectively.
Fig. 5. The difference in costs between HypoGen runs and the scrambled runs. The 95%
A decoy set containing 15 active and 2185 inactive compounds
was used to evaluate the ability of Hypo1 whether it can be able to
identify the active from inactive compounds or not. Ligand Pharma-
cophore Mapping protocol was utilized to calculate the various
parameters like yield of actives, ratio of active, GF, EF, number of
false positives and negatives. Twenty molecules were retrieved
as hits molecules (Ht), 12 active molecules were presented in the
retrieved hits, false positive and negatives are 8 and 3, respectively
(Table 4). The GF (0.64) and EF (8.8) values indicated that the
Hypo1 has a high efficiency of the screening the active from the
inactive or low active molecules. GF score assessment of hit lists
should be used to optimize the working power of the pharmaco-
phore models.

3.2. Virtual screening

After the pharmacophore was validated using various potent
methods, the representative pharmacophore Hypo1 was selected
as best hypothesis and used as a search query to identify the novel
and potent inhibitors from various chemical databases such as NCI,
Maybridge, and Chembridge. Ligand pharmacophore mapping/DS
with Fast Flexible search algorithm was used to screen the large
chemical databases with a Maximum omitted Features value of
‘‘0’’ [27]. Hypo1 screened 5672 molecules from NCI, 26,490
confidence level was selected. X-axis: number of hypothesis and Y-axis: total cost.



Table 3
Experimental and predicted IC50 data values of 19 test set molecules against Hypo1.

Compound No. Fit valuea Exp. IC50 (nM) Pred. IC50 (nM) Errorb Exp. scalec Pred. scalec

1 4.92 1.50 2.16 �1.44 +++ +++
2 4.87 1.50 3.59 �2.39 +++ +++
3 2.79 6.00 3.83 +0.64 +++ +++
4 5.63 6.40 6.30 +0.98 +++ +++
5 4.80 35.70 42.50 �1.19 ++ ++
6 4.12 47.00 22.30 +0.47 ++ ++
7 4.45 49.30 64.80 �1.31 ++ ++
8 5.39 50.00 11.04 +0.22 ++ ++
9 4.73 51.00 50.51 +0.99 ++ ++

10 3.56 51.00 41.99 +0.82 ++ ++
11 6.73 56.70 59.50 �1.05 ++ ++
12 3.81 63.00 64.73 �1.03 ++ ++
13 4.58 74.30 71.54 +0.96 + +
14 4.38 80.00 93.47 �1.17 + +
15 4.47 86.00 +91.58 �1.06 + +
16 4.42 99.00 +101.70 �1.03 + +
17 4.24 100.00 +136.21 �1.36 + +
18 4.11 105.00 +110.06 �1.05 + +
19 3.70 109.00 +143.56 �1.32 + +

a Fit value indicates how well the features in the pharmacophore overlap the chemical features in the molecule. Fit = weight � [max(0, 1 � SSE)] where SSE = (D/T)2,
D = displacement of the feature from the center of the location constraints and T = the radius of the location constraint sphere for the feature (tolerance).

b Difference between the predicted and experimental values. ‘+’ indicates that the predicted IC50 is higher than the experimental IC50; ‘–’ indicates that the predicted IC50 is
lower than the experimental IC50; a value of 1 indicates that the predicted IC50 is equal to the experimental IC50.

c Activity scale: IC50 < 7 nM = +++ (highly active); 7 nM 6 IC50 < 70 nM = ++ (moderately active); IC50 P 70 nM = + (low active).

Fig. 6. Correlation plot between the experimental and predicted values of pIC50 for
training and test set molecules.

Table 4
Statistical parameter from screening test set molecules.

No. Parameter Values

1 Total number of molecules in database (D) 2200
2 Total number of actives in database (A) 15.00
3 Total number of hit molecules from the database (Ht) 20.00
4 Total number of active molecules in hit list (Ha) 12.00
5 % Yield of actives [(Ha/Ht) � 100] 60.00
6 % Ratio of actives [(Ha/A) � 100] 80.00
7 Enrichment factor (EF) 8.80
8 False negatives [A–Ha] 3.0
9 False positives [Ht–Ha] 8.0

10 Goodness of fit scorea (GF) 0.65

a [(Ha/4HtA)(3A + Ht) � (1 � ((Ht � Ha)/(D-A))].
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molecules from Maybridge and 17,885 molecules from Chem-
bridge databases. Of these, totally 2019 molecules were selected,
for further process like ADMET and Lipinski’s rule of five, based
Fig. 7. Mapping of hit molecules from Hypo1. (a) compound 1 (IC50 1.5 nM) and (b) comp
blue; RA, ring aromatic, brown and HBA, hydrogen bond acceptor, green). (For interpreta
version of this article.)
on the maximum fit value of greater than 8 (highest fit value for
the active compounds in training set). Absorption, Distribution,
Metabolism, Excretion, and Toxicity (ADMET) properties were cal-
culated along with human intestinal absorption, aqueous solubil-
ity, blood brain barrier (BBB), hepatotoxicity, and CYPP450 2D6
ounds 19 (IC50 109 nM). Pharmacophore features are color coded (Hy, hydrophobic,
tion of the references to color in this figure legend, the reader is referred to the web
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inhibition. Out of these parameters absorption, solubility, and BBB
play major roles in selection of candidate molecules to move a next
stage in drug discovery process. Hence, the level of 3, 3, and 0 was
selected for BBB, solubility, and absorption, respectively. According
to the rule of five, molecules are considered to be well absorbed
when they posses LogP less than 5, molecular weight less than
500, number of hydrogen bond acceptors and donors are less than
10 and 5, respectively [28,29]. Totally, 119 molecules were passed
all the above filtrations then these molecules were subsequently
taken to molecular docking process.

3.3. Molecular docking and molecular dynamics simulation

Due to the lack of SIRT2 complex structure in PDB, MD simula-
tion was carried out to find the energetically favorable and stable
conformation of protein when presence of the sirtinol (inhibitor).
The apo-form of SIRT2 (PDBID: 1J8F) was selected as receptor
and the sirtinol was docked in the active ‘‘C’’ site of the NAD bind-
ing pocket. The active site residues of the ‘‘C’’ site NAD binding
pocket are S32, F40, H93, N112, I113, D114, and H131 which are
mainly responsible for the deacetylase process of SIRT2 [30].
LigandFit/DS was used to dock the sirtinol in the active site of
SIRT2. The best docked conformation was selected based on the
interactions with the above mentioned critical amino acids in the
‘‘C’’ site of NAD binding pocket. The complex model was subjected
to MD simulation in order to find the stability of the protein when
presence of the ligand as well as the suitable orientation of the
inhibitor in the active site of SIRT2. Some of the analyses like Root
Fig. 8. (a) RMSD. (b) RMSF plot of SIRT2 from molecular dynamics simulations using GRO
Mean Square Fluctuation (RMSF) of Ca averaged over all subunits.

Fig. 9. The orientation of hit molecules in the active site of SIRT2. (a) Compou
Mean Square Deviation (RMSD), Potential Energy (PE), and Root
Mean Square Fluctuation (RMSF) were used to check the stability
of the model in explicit condition for 5 ns. RMSD of the protein
backbone atoms are plotted as a function of time to check the sta-
bility of the system throughout the simulation. During the last 2 ns,
the RMSD of the system tends to be converged which indicating
the system is stable and well equilibrated. The relative flexibility
of the model was characterized by plotting the RMSF relative to
the average structure obtained from the MD simulation trajecto-
ries. Fig. 8a shows the overall RMSD analysis of Ca-atoms explains
the protein structure deviation at atomic level from the initial
structure with respect to the function of time. To examine the flex-
ible regions of SIRT2, RMSF plot was generated with respect to
their individual residues (Fig. 8b). A representative average struc-
ture was obtained from the last 2 ns MD simulation was used for
further molecular docking studies.

3.4. Molecular docking to find the orientation of the hit molecules

Training set of 19 compounds and 119 retrieved hit molecules
from the databases were subjected to molecular docking studies.
The ligand binding site was defined as a collection of amino acids
enclosed within a sphere of 8 Å radius around the inhibitor (sirti-
nol). Suramin and salermide are the potent inhibitors of SIRT2
present in the training set which scored a gold fitness score of
53.59 and 50.81 and showed very good interactions with the most
of the critical amino acids present in ‘‘C’’ pocket of NAD. Hence the
GOLD fitness score of 53 was taken as a cut off range to sort out the
MACS. Evolution of Ca-RMSD from the corresponding initial homology model. Root

nd19195 and (b) compound24545. Hydrogen bonds in black are shown.
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screened hit molecules from the databases. Only 29 compounds
have GOLD fitness score greater than 53 and it was manually
checked for the critical interactions. The side chain of Asp112,
Asp226, and Gln167 plays crucial hydrogen bond acceptor and do-
nor in the putative SIRT2 active site which was proved experimen-
tally [12]. All the 29 hit leads showed good hydrogen bond
interactions with either Asng168 or Ile169 or Asp170. An earlier
experiment showed that the sirtinol, one of the best inhibitor with
strong antitumor activity, missed the hydrogen bond interaction
between the oxygen of the amide and the Gln167 side chain which
will be crucial for SIRT2 activity [12,30]. Interestingly, most of our
lead compounds form a hydrogen bond interactions with Asn168,
Ile169 and Asp170 as well as Gln167 an important region for inhib-
itor binding which was lacking in case of inactive or low active
inhibitors. In addition these key binding residues also match with
the reported sirtuin inhibitors [12–16,30]. The compound19195
has shown good interactions with the Ile169 and Asp170 as well
as it moves the Phe96 residue away from the Ile169 to form a suit-
able binding pocket which was critical for deacetyaltion process
(Fig. 9). Hence we are suggesting these 29 molecules for the medic-
inal chemists who are interested to work in SIRT2 inhibitors.
4. Conclusions

In the present study, a ligand based computational approach
was used to find the critical chemical features which can able to in-
hibit the activity of SIRT2. Based on the Debnath analysis a highly
predictive model Hypo1 was selected as best hypothesis, consists
of one HBA, one Hy, and two RA chemical features, shows good cor-
relation coefficient of 0.96, RMS of 0.71 and cost difference of 52. It
was further validated using Fischer’s randomization, test, and de-
coy sets which containing 19 and 2200 compounds, respectively.
Hypo1 has been predicted the test set molecules with a high corre-
lation coefficient of 0.93. The goodness of fit and enrichment factor
was 0.64 and 88, respectively, which were calculated using the de-
coy set. Hence, Hypo1 hypothesis was selected as a best hypothesis
and taken for further analyzes to identify the potent inhibitors
from chemical databases. Hypo1 was used to screen the chemical
databases like NCI, Maybridge, and Chembridge. Totally, 2019 mol-
ecules were sorted from three databases based on the maximum fit
value of 8. Finally, 119 were sorted from 2019 compounds by
applying ADMET and rule of five. Due to the absence of complex
crystal structure of SIRT2 in PDB, sirtinol was docked and the pose
which showed good interactions with the critical residues in the
‘‘C’’ pocket of NAD binding site and subjected to MD simulation.
The average structure from last 2 ns of MD simulation was used
as a reference protein receptor in molecular docking. Finally, train-
ing set compounds and 119 drugs like compounds were subjected
to molecular docking studies to find the suitable orientation of the
molecules. Among 119 compounds, 29 compounds showed a high
GOLD fitness score than the active compounds in the training set as
well as all the compounds established a good hydrogen bond inter-
actions with the critical amino acids. Hence, these compounds may
be a good candidate leads to design the novel and potent inhibitors
of SIRT2. Thus the generated pharmacophore model can be used to
search the databases for new potent molecules as well as to design
a new molecules and forecasting their inhibitory activity for SIRT2
quantitatively before undertaking any synthesis.
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