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Sirtuin, NAD+-dependent histone deacetylase
enzyme, emerged as a potential therapeutic tar-
get, and modulations by small molecules could be
effective drugs for various diseases. Owing to the
absence of complex structure of sirtuin 2 (SIRT2),
sirtinol was docked in the NAD+ binding site and
subjected to 5-nseconds molecular dynamics (MD)
simulation. LigandScout was used to develop
hypotheses based on 3-representative SIRT2 com-
plex structures from MD. Three structure-based
hypotheses are generated and merged to form
dynamics hypothesis. The dynamics hypothesis
was validated using test and decoy sets. The
results showed that dynamic hypothesis repre-
sents the complementary features of SIRT2 active
site. Dynamic hypothesis was used to screen
ChemDiv database, and hits were filtered through
ADMET, rule of five, and two different molecular
docking studies. Finally, 21 molecules were
selected as potent leads based on consensus score
from LigandFit, Gold fitness score, binding affinity
from VINA as well as based on the important inter-
actions with critical residues in SIRT2 active site.
Hence, we suggest that the dynamic hypothesis
will be reliable in the identification of SIRT2 new
lead as well as to reduce time and cost in the drug
discovery process.
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The term 'epigenetic' refers to heritable changes in gene expres-
sion that occur without any changes in DNA sequence (1). These
heritable changes are achieved by different post-translational
histone modifications like arginine and lysine methylation, serine

and threonine phosphorylation, ubiquitinylation or lysine acetyla-
tion, which all contribute to epigenetic gene regulations (2,3). The
sum of all different modifications and their interactions with each
other is called the histone code (4,5). The regulation of gene
patterns depends on the acetylation and deacetylation balance
process of chromatin. Deacetylation is one of the post-transla-
tional modifications by histone deacetylases (HDACs). HDACs
deacetylate the a-amino group of lysine residues in histone tails
and also many other nonhistone proteins, such as p53, FOXO,
tubulin, and BCL6. Histone acetyltransferases possess an opposing
activity for HDACs, which transfer the acetyl groups to lysine resi-
dues. Both ensure a balance between acetylation and deacetyla-
tion of chromatin, and a shift in this balance results in changes
in gene regulation (6). Eighteen HDAC enzymes have been identi-
fied and classified into four groups based on its sequence homol-
ogy (7,8). Class I (HDAC1, 2, 3, and 8), Class II (HDAC4, 5, 6, 7,
9, and 10), and Class IV (HDAC 11) are related to the RPD
3 ⁄ HDA1 deacetylase family (9). Class III enzymes, sirtuins, require
nicotinamide adenine dinucleotide (NAD+) as a cofactor for their
catalysis process (10). Until now, seven different members (SIRT1–
7) of NAD+-dependent HDACs have been discovered in humans
(11,12), and together, they show homology to the yeast protein
Sir2. Sirtuins are connected to several cellular processes in
prokaryotic, archae, and eukaryotic cells (13–16). Among seven
mammalian sirtuins, we select SIRT2 as our target because of
the following reasons.

Structural Details of Sirtuin 2

Human sirtuin type 2 (SIRT2) is predominantly a cytoplasmic protein
except in G2 ⁄ M transition and in mitosis (17). SIRT2 has a catalytic
core with two distinct domains: (i) small domain consists of helical
domain containing a pocket lined with solvent-exposed hydrophobic
residues and zinc-binding domain, zinc ion tetrahedrally co-ordinated
with four cysteine residues, and (ii) larger domain is a variant of
the Rossmann fold (18). A large groove is formed at the interface
of these two domains, and it will be a recognized portions for sub-
strate as well as for a class-specific protein-binding site (19). The
catalytic domain catalyzes a two-step reaction that requires NAD+

as a cosubstrate. The first series of reactions is the cleavage of
the nicotinamide-ribose glycosidic bond of NAD+, which results in
the release of a free nicotinamide and in the formation of a
relatively long-lived peptidyl imidate intermediate (20). Second is
the transfer of acetyl group to ADP-ribose with the production of
O-acetyl-ADP-ribose (21,22).
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Importance of Sirtuin 2

SIRT2 could be a potential therapeutic target for the treatment of
cancers (23,24) or the modification of physiological processes that
may involved in calorie restriction such as the aging process (15), fat
storage (25,26), neurodegeneration (27), diabetes, and heart failure
(28). a-Tubulin is one of the substrate for SIRT2 that deacetylases
the acetylated Lys40 and co-localizes with cytoplasmic microtubules
together with HDAC6 (29,30). The acetylation status of microtubulin
network is formed from a- and b-tubulin heterodimers that play a
crucial role in the regulation of cell shape, intracellular transport, cell
mobility, and cell division (31). Recent studies have provided strong
evidences that the biological function of SIRT2 can be linked to
tumorigenesis and in the development of Parkinson's disease (32,33).
Many studies have reported that SIRT2 participates in the cell cycle
in several types of cells. Understanding the involvement of SIRT2 in
cell cycle regulation can lead to the new therapeutic possibilities.
The study in glioma cell lines provided evidence that SIRT2 may func-
tion as a novel checkpoint enzyme in early metaphase (M) to prevent
chromosomal instability (34). SIRT2 phosphorylation and increase dur-
ing G2 and M phases and play a role in the control of G2 to M tran-
sition (35). It was recently reported that SIRT2 decreases the
transcriptional activity of P53 through the interaction with 14-3-3 b
and c proteins. In addition, SIRT2 has also been reported to interact
with several transcription factors Hoxa10, FoxO1, and FoxO3a (36,37).
SIRT2 has been connected to cell death in response to various stress
stimuli including DNA damage (38). Moreover, it has been suggested
that sirtuin cannot be compensated by Classes I-II and IV HDACs.
Hence, designing potent sirtuin inhibitor could increase their overall
chemotherapeutic efficacy (39,40); therefore, there has been an
increasing interest in the development of sirtuin inhibitors (41).

Strategy to Find the Novel Inhibitors for
Sirtuin 2

The computational techniques help in drug design process to dra-
matically widen the chemical space and reduce the number of can-
didates for experimental validation (42). Pharmacophore modeling
and virtual screening is an inexpensive and fast alternative power-
ful tool to identify the potential lead for various targets. Because of
the absence of complex SIRT2 structures in protein data bank,
molecular docking study was carried out. LigandFit from DISCOVERY

STUDIO v2.5 (DS, http://www.accelrys.com) was used to dock the sirt-
inol in the NAD+ binding site of SIRT2 and to validate it based on
its critical hydrogen bond reported in the literatures (43,44). The
best complex from LigandFit was subjected into 5-ns molecular
dynamics (MD) simulation using GROMACS (45–47) to confirm the
ligand stability in NAD+ binding site. Three representative structures
were selected to generate the structure-based hypothesis based on
cluster analysis implemented in GROMACS. LigandScout (48,49)
was used to generate the structure-based hypothesis (three repre-
sentative structures), and the dynamic hypothesis was generated by
superimposing the three structure-based hypotheses and the remov-
ing the overlapped chemical features. The dynamics hypothesis was
validated using test and decoy set to find how well it can differen-
tiate the active from inactive inhibitors. The dynamics hypothesis
was used as a query in virtual screening of CHEMDIV database

(www.chemdiv.com, ChemDiv, Inc., San Diego, CA, USA). The hits
are sorted out by applying several filters, such as Lipinski's rule of
five, ADMET properties, and subsequently subjected to molecular
docking process. The molecular docking studies were performed
using LigandFit and Genetic Optimization for Ligand Docking (GOLD,
Cambridge Crystallographic Data Center) to find the suitable orien-
tation of leads in the active site of SIRT2 (50).

Methods and Materials

Molecular docking protocol to prepare sirtuin2
complex
Information on the interaction properties of substrate ⁄ inhibitors is
required to efficiently design the new inhibitors. In the absence of
SIRT2 complex structure, sirtinol, one of the potent inhibitors for sir-
tuin family, was selected to produce the complex structure using
molecular docking study. Hence to produce a SIRT2 complex, apo-
form of SIRT2 (PDB: 1J8F, resolution 1.70 �) was used as a recep-
tor and the hanging N-terminal helix (G34-F45) was removed.
LigandFit module (51) from DS was utilized to dock the sirtinol in
SIRT2 active site. Before initiating the docking study, the receptor
was neutralized by removing the water molecules and hydrogen
atoms were added by applying CHARMm force field (52). The added
hydrogen atoms were attained its suitable orientation in receptor
by applying position restrained energy minimization. The 2D format
of sirtinol was drawn using ChemSketch and converted into 3D for-
mat by exporting into DS. To obtain the most stable energy-mini-
mized conformation of these molecules, maximum number of 25
conformations were generated for each by applying Poling algorithm
(53) using the Best Conformation module with a constraint of
energy value >20 kcal ⁄ mol from the global minimum.

After the protein preparation, the suitable binding site for sirtinol
was identified before initiating the docking process. The active site
of protein was represented as binding site and identified using two
methods: firstly, based on the shape of receptor using 'eraser' algo-
rithm and secondly, volume occupied by the known ligand poses
already in an active site. In our case, eraser algorithm was applied
to detect the suitable binding pocket for sirtinol. To confirm the
binding orientation of sirtinol in SIRT2, sir2Af2 sirtuin (PDB ID:
1YC2) (51) was used as a reference structure. The docking process
saved top 10 conformations for each molecule based on dock score
after the energy minimization using the smart minimizer method
which begins with steepest descent algorithm and followed by con-
jugate gradient method.

Molecular dynamics simulation
The selected complex from docking study and apo-form of SIRT2
(PDB ID: 1J8F) were subjected to 5 nseconds of MD simulations
using GROMACS 3.3.0 (http://gromacs.org) software package (47) in
which a leap-frog integration step was applied to solve the
equations of motion. The GROMOS96 (45) force field was utilized
to simulate the complex structure that was employed to observe
the ligand sustainability in NAD+ binding pocket and to permit
the flexible interactions. Special bond was used to place a Zn
in its original place (anchored between the four conserved
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cysteine residues) throughout the MD simulation The molecular
topology file for sirtinol was constructed by submitting into
PRODRG (54) web server (http://davapc1.bioch.dundee.ac.uk/pro-
grams/prodrg), and no new atom types are included so that the
atom charges and force constants defined in the GROMOS96
force field remained constant. A cubic box of 1 nm as a mini-
mum distance between protein and box edges was generated to
solvate the systems. The SPC (55) water model was used to cre-
ate aqueous environment, and periodic boundary conditions were
applied in all directions. To neutralize the systems, two and four
Na+ ions are used to replace the water molecules present in
apo and complex systems, respectively. A twin range cut-off was
used for long-range interactions: 0.8 nm for van der Waals inter-
actions and 1.4 nm for electrostatic interactions. LINCS (56) and
SETTLE (57) algorithms are used to constrain all bond length and
to constrain the geometry of water molecules, respectively.
Steepest descent algorithm was utilized for energy minimization
with a tolerance of 2000 kj ⁄ mol ⁄ nm to relieve the unfavorable
contacts of system and subjected to 50 pseconds equilibration
run. Afterward, this pre-equilibrated system was used for 5 nsec-
onds of MD simulation with a time step of 2 fseconds at con-
stant temperature (300 K), pressure (1 atm) (58). Subsequently, to
relax the solvent molecules present in the systems, 100 pseconds
of position restrained and conformations were collected at every
5 pseconds and analyzed using GROMACS analysis tools. The
results were analyzed by Cluster analysis provided by the GRO-

MACS package to select the representative structures and refined
by applying the steepest descent followed by conjugate gradient
energy minimization which was used to develop the dynamics
structure–based pharmacophore model.

Selection of an ensemble of representative
snapshots
The 5 nseconds of MD simulations trajectory was used to select a
few representative snapshots that represent the conformational
flexibility of protein. The trajectory structures can be clustered by
applying several methods such as Jarvis Patrick, single linkage,
Monte Carlo diagonalization, Gromos. We mainly focused on single
linkage algorithm, for cluster analysis, which adds a structure into a
cluster when the distance to any element of cluster is less than
cut-off of 0.107 nm. First, an XPM matrix file is generated with the
RMSD comparison of each snapshot with all the others.

Structure-based pharmacophore generation

Generation of receptor ⁄ structure-based
pharmacophore models using LigandScout
The interactions between protein and ligand are used as a basic
information to construct the receptor-based pharmacophore model.
The three representative (SIRT2 complex) structures from MD simu-
lation were used to generate structure-based pharmacophore model.
A ligand interaction with critical amino acids present in the active
site of protein was a sufficient input to generate the structure-
based pharmacophore. Two software tools were used to key out
the crucial pharmacophore patterns: (i) LigandScout, used to study
the interactions between the inhibitors and the critical amino acids

in SIRT2 active site as well as used a tool for automatic construc-
tion and visualization of pharmacophore model derived from the 3D
co-ordinates of proteins (59). The software extracts and interprets
ligand–receptor interactions such as hydrogen bonding, charge
transfer, hydrophobic regions of their macromolecular environment
from PDB co-ordinates of the complex structures which automati-
cally create and visualize the advanced 3D pharmacophore model.
(ii) DS was used for the conversion of .hypoedit to .chm file, which
is a suitable format for screening the multiconformational three-
dimensional chemical structure databases. The pharmacophore
model that complements the receptors' active site residues is devel-
oped by considering the receptor–ligand flexibility. Each pharmaco-
phore was developed based on the direction of interactions of
inhibitor, and the three structure–based pharmacophore models
were merged and the overlaid chemical features are removed to
construct a dynamic pharmacophore model.

Validation of dynamics hypothesis
In order to validate the dynamic hypotheses, two kinds of data set
were constructed, test and decoy sets. Test set contains 25 diverse
compounds with the activity value (IC50) between 0.41 and 136 nM,
which were classified into active (IC50 < 7 nM = +++), moderate
active (7 nM £ IC50 < 70 nM = ++) and low active (IC50 ‡
70 nM = +) SIRT2 inhibitors. ChemSketch was used to sketch the
two-dimensional chemical structures of all compounds and con-
verted into their corresponding 3D format by exported into DS. Best
Conformation module was used to generate the 255 conformations
of each compound to assure the energy-minimized conformation by
applying CHARMm (61) force field and Poling algorithm [41]. The
conformations with energy value higher than 20 kcal ⁄ mol from the
global minimum were rejected. The test set was given as input to
the Ligand pharmacophore mapping protocol to find how well the
selected hypothesis was able to predict the external molecules.
Test set is mainly used to evaluate how well the dynamic hypothe-
sis distinguished between active and inactive inhibitors.

Decoy set was prepared by calculating the 1D property of 2000
molecules. The main purpose of this validation is to check the
predictability of the dynamics hypothesis based on the statistical
parameters. The decoy set contains 15 active SIRT2 inhibitors and
the remaining unknown or low active SIRT2 inhibitors. GH and EF
are the two main factors that can predict the capability of the
hypothesis. An GH and EF were calculated using the below formula

GH ¼ ½ðHað3Aþ Ht ÞÞ=ð4Ht AÞÞð1� ððHt � HaÞ=ðD � AÞÞ�

EF ¼ ½ððHa=Ht Þ=ðA=DÞÞ=100�

where Ha = the number of active molecules in the hit list, Ht = the
number of hits retrieved, A = the number of active molecules
present in the database, and D = the total number of molecules in
the database.

Virtual screening
The resultant dynamics pharmacophore model was applied in virtual
screening of ChemDiv database to retrieve the hits using Ligand
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Pharmacophore Mapping ⁄ DS. The screened molecules were tested
for drug-like properties by applying ADMET and Lipinski's rule of 5.
In ADMET properties, the BBB, solubility, and absorption criteria
were mainly focused; if the molecules have the levels of 3, 3, and
0, it represents that the molecules have good BBB, solubility, and
absorption, respectively. According to the rule of 5, compounds are
well absorbed when they possess LogP less than 5, molecular
weight below than 500, number of HBDs < 5, number of HBAs less
than 10, and number of rotatable bonds <10. The compounds that
satisfied all the above filtrations were selected for molecular dock-
ing studies in order to determine the suitable orientation of leads.

Molecular docking protocol to refine the virtual
screening leads
Combining the virtual screening and molecular docking techniques
has become one of the reputable methods in drug discovery and
enhancing the efficiency in lead optimization. To evaluate the accu-
racy of docking program, LigandFit ⁄ DS and GOLD were used in this
study for the purpose of getting unbiased results. There is no single
docking algorithm or scoring function that can correctly predict the
binding affinities of ligands in every protein–ligand complex. Hence
in this study, two different docking programs (LigandFit and GOLD)
were investigated on the test set molecules as well as on the leads
to identify the binding mode of ligands in the active pocket of a
protein and to predict the binding affinity between the ligand and
protein.

LigandFit ⁄ DS
LigandFit was executed for favorable orientation of ligands in pro-
tein active site. For docking study, initially receptor was prepared
by removing the water molecules and CHARMm force field was
applied using Receptor–Ligand Interaction ⁄ DS. The active site was
identified by the volume occupied by sirtinol as well as the critical
residues reported in literatures. The database hits and the 20
known SIRT2 inhibitors were docked in the active site of SIRT2.
During the docking process, top 10 conformations were generated
for each ligand based on the dock score value after the energy min-
imization using the smart minimizer method, which begins with the
steepest descent method followed by conjugate gradient method.
Each of the saved conformation was evaluated and ranked using
the scoring functions including LigScore1, LigScore2, PLP1, PLP2,
JAIN, PMF, and LUDI. The docked poses were validated by the con-
sensus scoring function and hydrogen bond interactions between
the candidate molecules and active site residues. All the ligands,
which formed the good hydrogen bond interactions with Q167,
N168, I169, and D170 as well as hydrophobic interactions, were
selected as the potent leads for SIRT2.

GOLD
The binding orientation of compounds retrieved from dynamic phar-
macophore model was evaluated using GOLD molecular docking
program. The GOLD program from Cambridge Crystallographic Data
Center, UK, uses a genetic algorithm for docking flexible ligands
into protein-binding site (50). The ligand molecules were docked
within a radius of 10 � around the carboxyl group of Q167. Docking

calculations were made using the default GOLD fitness function
and default evolutionary parameters: population size = 100; selec-
tion pressure = 1.1; # operations = 100,000; # islands = 5; niche
size = 2; migration = 10; mutation = 95; cross-over = 95. Ten dock-
ing runs were performed per structure unless three of the 10 poses
were within 1.5 � rmsd of each other. All the hit molecules as well
as two active compounds were docked into binding site of SIRT2.
The interacting ability of a compound mainly depends on the fitness
score: greater the GOLD fitness score, better the binding affinity.
Hit molecules that showed the expected interactions with the criti-
cal amino acids present in the active site of protein and compara-
ble high binding scores with the bound ligand were selected as
potent inhibitors of SIRT2.

Results and Discussions

Molecular docking study for sirtuin2 complex
using LigandFit
Molecular docking approach, one of the reputable methods in drug
discovery process, was used to find the solution to disclose the crit-
ical residues for ligand binding in protein. LigandFit ⁄ DS was used
to gain the insight into most probable inhibitors' binding conforma-
tions in active site of specific protein. Docking accuracy, measured
by the relative true binding mode of small molecules in active site
of receptors, determines the quality of docking methodology. Molec-
ular docking was carried out using SIRT2 apo-form as a receptor to
make visible binding orientation of inhibitor in SIRT2 active site.
The suitable orientation of sirtinol was picked out by comparing
with SIR2AF2 (PDB ID: 1YC2) crystal structure (60). The docked sirtinol
was well placed in the suitable binding pocket and showed all nec-
essary interactions reported in literatures (60,61). The final selected
SIRT2 complex was subjected to MD simulation to observe that
how well the sirtinol was placed in its original position as well as
how well the structure changes owing to inhibitor binding.

Molecular dynamics simulations
The best SIRT2–sirtinol complex from LigandFit and apo-form of
SIRT2 were subjected to 5-ns MD simulations using GROMACS (45–
47). The protein stability for the two systems was confirmed by plot-
ting root mean square deviation (RMSD) and radius of gyration (Rg) of
protein. The two-dimensional RMSD plot of Ca atoms was drawn
throughout the trajectory by keeping starting structure (t = 0) as a
function of time. The RMSD plot of apo-form and complex structure
has shown deviation between 0.33 and 0.35 nm (Figure 1). This value
indicates that both the systems are well stabilized during our simula-
tion period. To find the flexibility of each residue along the polypep-
tide chain, which is the Ca atom of a particular residue averaged
over the entire simulation time (4), root mean square fluctuation
(RMSF) was computed. Results of RMSF showed that the a-helices
and b-strands are well stabilized (not shown much deviation) as
expected and the peak in two-dimensional plot represents that loop
regions are flexible (Figure 2). The averaged structures from last
2 nseconds were used for comparative study as well as to distinguish
the transformation between apo-form and complex SIRT2. In sirtuin
family, the NAD+ binding pocket was classified into three sites: A-
site: adenine group of NAD+ interacts with the residues such as
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N286, E288, G86, G261, C324, K287, E323; B-site: NAD+ ribose
formed an interactions with H187 and Q167; and C-site: nicotinamide
part of NAD+ was placed in a suitable orientation for deacetylation
process. S88, N178, H149, D180, I179, F96, and A91 are the crucial
residues present in C-site and involved in polarization and hydrolysis
of NAD+ glycosidic bond. It was hypothesized that sirtinol occupied in
C-site of NAD+ binding pocket and reduced the flexibility of F96 resi-
due in Loop3 (Figure 3). Here mainly, we focused on C-site of NAD+

binding pocket because the inhibitor should occupy this site to
change the active SIRT2 to inactive. Hence, the distance between the
residues occupied in neck of C-site was computed from initial and
representative structures to calculate its size. Apo and complex struc-
tures showed a distance of 11.97 and 20.80 � between the H187 and
F96, respectively (Figure 4). From this analysis, we suggest that the
increasing distance in complex form distorted the assembly of C-site
of NAD+ binding pocket. The initial complex structure showed a dis-
tance of 8.44 � between phenyl group of F96 (present in Loop3) and
sirtinol but the distance was increased to 13 � in representative com-
plex structure (Figure 5). The flexibility of Loop3 will play a major role
in NAD+ accommodation in SIRT2 active site. The sirtinol moves F96
outside the active site with the support of partial distortion of Helix 3
and the flexibility of Loop3 was hindered. Therefore, we suggest that
any small molecules which reduce the flexibility of Loop3 might be a
good inhibitor and also it was proved that the sirtinol occupies a per-
fect place and orientation in SIRT2 during our simulation process. The
trajectory was clustered by applying the single linkage method from
GROMACS. This method initially generates the XPM matrix based on
RMSD, which compares the each snapshot with all the others. Then,
it adds the structures into cluster when the distance between the ele-
ments of the cluster is less than the cut-off value of 0.107 nm. From
the total of ten clusters (Figure 6A), three representative structures
(Figure 6B) were selected to generate the structure-based hypothesis
(from the top three populated clusters).

Figure 2: Local conformational changes indicated by atom-positional root mean square fluctuations calculated with respect to the average
structure of apo-form, bound with sirtinol derived by molecular dynamics simulations.

Figure 3: Structural representation of flexibility of Loop3 in SIRT2.
apo-form (red) and complex (yellow) indicate that the F96 in Loop3
moves far away from its original position owing to sirtinol binding.
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Receptor-based pharmacophore model
generation
Main aim of this work is to develop a reliable dynamic hypothesis
to find suitable small molecules that can inhibit the SIRT2 function.
From MD simulations, three representative structures were used to
generate the structure-based hypothesis. LigandScout was used to
generate the hypothesis based on the ligand–receptor interactions
such as hydrogen bonding, charge transfer, and hydrophobic regions
from complex structures. Multiple chemical features were detected
and mapped onto the ligand functional groups that allow the user
to export knowledge on SIRT2 inhibitors. Alternative hydrogen bond
acceptor (HBA) and ⁄ or hydrogen bond donor (HBD) sites are consid-
ered simultaneously on the protein within the limits of geometric
constraints. Excluded volume spheres were also added to structure-
based hypothesis onto co-ordinates defined by protein side chain
atoms to characterize the inaccessible areas for any potential
ligand. The 3D co-ordination of the interaction point was obtained
from LigandScout and results in specific interaction model that can
map the ligands in their bioactive conformation. DS was used for
the conversion of LigandScout hypothesis (.hypoedit) to .chm file,
which is a suitable format for screening the multiconformational
chemical databases. Three hypotheses were generated based on

the three representative structures. Hypo1 and Hypo2 are five-fea-
ture hypotheses containing similar chemical features (4 hydrophobic
(Hy) and 1 HBD) but Hypo3 is a four-feature pharmacophore model
comprising only Hy group (Figure 7). The dynamic hypothesis was
produced by superimposing the three structure-based hypotheses
and removing the overlapped chemical features. Finally, the 6-fea-
ture (1 HBD and 5 Hy) dynamics hypothesis was obtained (Figure 7).

Validation of dynamics pharmacophore model
The dynamic pharmacophore model was validated using two differ-
ent methods: (i) test set, to validate how well the dynamics hypoth-
esis picks the active from inactive compounds, and (ii) decoy set, to
evaluate the predictability of the hypothesis using statistical param-
eters. The test set contains 25 structurally diverse molecules that
were classified into three different categories based on its IC50 val-
ues (explained in Methods and Materials), that is, highly active,
moderately active, and low active compounds. High number of
chemical features will reduce the hit rates; hence, we set a criteria
that any small molecules which satisfied the five chemical features
present in the dynamics hypothesis will be a good lead. Dynamic
pharmacophore was used as query in Ligand pharmacophore map-
ping module from DS to screen the test set. The fit value of the
screened test set molecules was compared with the known activity
value of SIRT2 inhibitors. The result shows that all the active com-
pounds show a fit value of greater than 2.5, moderately active
inhibitors have the values between 1 and 2.5, and the low active
compounds show a value <0 (Table 1). The test set screening result
clearly shows that the dynamic hypothesis can differentiate the
active from inactive inhibitors effectively. One of the active and low
active compounds fit with the dynamics hypothesis was shown in
Figure 8.

Next decoy set was used to determine the predictability of the
dynamics hypothesis by calculating various statistical parameters.
Decoy set comprises 15 known good inhibitors and 1985 decoy mol-
ecules of SIRT2 inhibitors. This validation also revealed how well
the dynamics hypothesis can discriminate the active from inactive
or unknown compounds. The database screening was performed
using Ligand Pharmacophore Mapping module. The result was ana-
lyzed using a set of parameters such as hit list (Ht), number of
active percent of yields (%Y), percent ratio of actives in the hit list
(%A), enrichment factor (EF), false negatives, false positives, and
goodness of hit score (GH) (Table 2). Dynamics hypothesis success-
fully retrieved 86.67% of active compounds from the decoy set. The
EF and GH are important statistical parameters to determine the
predictability of the hypothesis. In general, the best pharmacophore

A

B

Figure 4: (A) The distance between sirtinol and highly con-
served C-site residues (S88, F96, N168, I169, D170, H187) and (B)
Time trace of Ca-Ca distance between residues F96 and H187 plot-
ted as a function of time to highlight the difference in the orienta-
tion of the conserved F96 in the Loop 3 are plotted throughout the
5-nseconds MD simulation.

Figure 5: The snapshots at 0, 1, 2, 3, 4, and 5 nseconds MD simulations and the important residues are shown in stick and the inhibitor
(Green).
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model should show the GH score greater than or equal to 0.6 and
the EH value close to 1. The dynamic hypothesis shows GH of 0.71
and EF of 0.87, which indicates the good predictability of our
hypothesis.

Overall validations confirmed that the dynamics hypothesis can dis-
criminate the active from low active inhibitors. Any small molecules
that satisfied the chemical features with their specific constrains in
the dynamic pharmacophore can inhibit the SIRT2 activity. Hence,

A B

Figure 6: (A) The pie chart obtained from the cluster analysis of 5-nseconds conformational space of SIRT2 with sirtinol shows ten clus-
ters represented by different colors and the percentage of conformers in each cluster (B) The superimposition of three cluster representative
structures of cluster 7 (green), cluster 9 (cyan), and cluster 10 (magenta) structures, where Hy (hydrophobic), hydrogen bond donor, and hydro-
gen bond acceptor are illustrated in blue, magenta, and green, respectively.

A

D E

B C

Figure 7: Receptor-based pharmacophore model from the highly populated clusters (A) Cluster 7 (Hypo1), (B) Cluster 9 (Hypo2), (C) Cluster
10 (Hypo3), (D) overlay of all the three structures, (E) dynamics pharmacophore model (the overlapped chemical features are removed). Phar-
macophoric features are color-coded, Hydrophobic: Cyan (Hy); Hydrogen bond donor: Magenta (HBD).

Application to Identify Novel Sirtuin 2 Inhibitors

Chem Biol Drug Des 2012; 80: 315–327 321



we suggested that dynamics hypothesis might act as a good query
to select or discriminate the potent SIRT2 inhibitors.

Virtual screening
The validated dynamics pharmacophore model was used to screen
the ChemDiv chemical database to discover the novel ⁄ potent SIRT2
inhibitors. CHEMDIV consists of 0.7 million compounds; among these,
29 894 compounds satisfied the chemical features and 3D spatial
arrangements of dynamic pharmacophore. Further, these molecules

were sorted to 2540 by applying the maximum fit value of 4 (62).
ADMET (absorption, distribution, metabolism, excretion, and toxicity)
properties were calculated using ADMET module from DS, such as
human intestinal absorption, aqueous solubility, blood–brain barrier
(BBB), hepatotoxicity, and CYPP450 2D6 inhibition. Of these parame-
ters, absorption, solubility and BBB play a major role in the drug-
like properties. Hence, the levels of 3, 3, and 0 selected for BBB,
solubility, and absorption, respectively, are applied for candidate
molecules to move to a next stage in the drug discovery process.
Totally, 1190 unique compounds were obtained by ADMET and
tested for drug-like property by applying the Lipinski's rule of 5
(from DS) to check whether the hit molecules can be a good
lead ⁄ inhibitor for SIRT2. Lipinski's rule of five states that clogP £ 5,
molecular weight £ 500, and number of HBA £ 10 and donors £5.
Compounds violating more than one of these rules may have prob-
lems with bioavailability; hence, these parameters were calculated
by DS to eliminate the compounds that are not able to possess
physicochemical properties (63). Finally, 1089 compounds have good
drug-like properties that were tested by applying ADMET properties
and Lipinski's rule of 5. Based on the above criteria, 1089 hits were
selected for molecular docking studies which could be potent
leads ⁄ inhibitors for SIRT2.

Molecular Docking study for refining the virtual
screening hits
Molecular docking study (64) was performed to characterize the
binding and interaction properties of ligands in C-site. The frame
that shows a closest RMSD to the average structure from MD sim-
ulation was used as a representative structure. The representative
structure was selected as a receptor to dock the hit compounds in
SIRT2 active site.

Herein, LigandFit (51) and GOLD (65,66) were used to find whether
the hits can bind in the suitable binding pocket or not. The 20
known SIRT2 inhibitors with different activity values and 1089
retrieved hits from ChemDiv database were subjected to molecular
docking studies.

LigandFit
Molecular docking is a computational technique that samples con-
formations of small compound in protein-binding site; scoring func-

Table 1: Fit values of each compounds in the test set using dynamic hypothesis

Name Chemical formula Activity IC50 nM Fit value Name Chemical formula Activity IC50 nM Fit value

Salermide C26H22N2O2 0.41 4.53 Test1 C32H32F2N4O3 51 1.29
Suramin C55H48N6O5 1.15 4.45 Tripos360702 C32H34F2N4O3 51 1.25
67 C57H52N6O5 1.2 4.32 JFD00244 C30H25ClN2O3 56.7 1.10
Nf675 C48H43N5O4 2.26 3.57 Comp48 C21H20F3N5O2S 57 1.09
AKG2 C23H13Cl2N3O2 3.5 3.06 Cambinol C21H16N2O2S 59 1.04
Comp40 C23H14ClN3O2 5.5 2.96 Test2 C32H34N4O3 63 1.02
Comp41 C24H14F3N3O2 6 2.53 66 C26H22N2O2 74 0.59
P_sirtinol C26H22N2O2 25.9 2.02 CD04097 C21H18Cl2N2O3S 74.3 0.40
Test6 C22H23N23O3 47 1.60 Test9 C23H24FN3O3 80 0.60
R_sirtinol C26H22N2O2 49.3 1.59 Test27 C29H33N3O3 86 0.93
Test5 C23H25N3O3 56.7 1.10

Figure 8: Dynamic pharmacophore aligned to test set. Pharmaco-
phore features are color-coded (Hy-Hydrophobic, Cyan; HBD-Hydrogen
Bond Donor, Magenta).

Table 2: Statistical parameters from decoy set

No. Parameters Values

1 Total number of molecules in database (D) 2000
2 Total number of actives in database (A) 15
3 Total number of hit molecules from the database (Ht) 20
4 Total number of active molecules in hit list (Ha) 13
5 %yield of actives [(Ha ⁄ Ht) · 100] 65
6 %ratio of actives [(Ha ⁄ A) · 100] 86.67
7 Enrichment factora (EF) 0.87
8 False negatives [A ) Ha] 2
9 False positives [Ht ) Ha] 7

10 Goodness of hit scoreb (GH) 0.70

a[(((H_a ⁄ H_t) ⁄ (A ⁄ D)) ⁄ 100)].
b[(Ha ⁄ 4HtA)(3A + H_t) · (1 ) ((Ht – H_a) ⁄ (D ) A))].
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tions are used to assess which of these conformations were best
complements to the protein-binding site (42). Molecular docking pro-
grams consist of two essential parts: an algorithm that searches
the conformational, rotational, and translational space available to
candidate molecules within binding site and an objective function
to be minimized during the process. All the selected hit compounds
and known inhibitors (20) with different activity values were docked
into SIRT2 NAD+ binding site to confirm the suitable binding orien-
tation of the ligands and also to ensure its geometric fit within the
active site. Flexible docking followed by consensus scoring method
was performed to identify a suitable orientation of ligands in SIRT2
NAD+ binding site. LigScore1, LigScore2, Piecewise Linear Potential
1 (PLP1), Piecewise Linear Potential 2 (PLP2), potential of mean
force (PMF), Jain, Ludi1, Ludi2, Ludi3, and dock score were used for
the detection of SIRT2 inhibitors. PLP scores were calculated based
on the descriptions of hydrogen bond formation. PMF scores were
calculated by summing pairwise interaction terms over all inter-
atomic pairs of the receptor–ligand complex. Dock score was con-
sidered as the degree of difficulty about ligand moving into the
binding site. Jain and Ludi scores were consulted in hydrophobic
interaction and degree of freedom, respectively.

Before analyzing the docking result of the hit leads, docking proce-
dure was validated using the known SIRT2 inhibitors. In the inter-
pretation of docked-known inhibitors, based on consensus scoring
function, Jain and LUDI scoring functions were able to retrieve rea-
sonable pose of the most of the active molecules (Table 3). It was
reported that the potent SIRT2 inhibitors should form a hydrogen
bond interactions with critical residues (Q167, N168, I169, and
D170) present in the B- and C-sites of NAD+ binding pocket
(43,67,68). Hence, these interactions were manually checked for the
known compounds selected based on the Jain and LUDI scoring
functions. Most of the active molecules had shown good hydrogen

bond interactions with the critical residues such as Q167, N168,
I169, and D170 as well as the necessary hydrophobic interactions
with the hydrophobic residues of the putative SIRT2 active site.
Most of the low and inactive compounds failed to form hydrogen
bond interactions with the B- and C-site residues.

Hence, the same analysis procedure has been performed to select
the potent leads from the hit molecules derived from a virtual
screening process. Based on the Jain and LUDI scores, 111 was
selected as a best lead to inhibit SIRT2. To sort out these mole-
cules, visual inspection of the docked hit compounds was carried
out to find the critical hydrogen bond interactions of hits with
SIRT2. Most of the sorted molecules, using Jain and LUDI score,
show good interactions with the critical residues such as Q167,
N168, I169, and D170. The main aim of this visualization process is
to eliminate the molecules that are not able to show the hydrogen
bond interactions with the critical residues present in SIRT2 NAD+

binding site. Based on the hydrogen bond analysis, 89 hits were
selected as a potent leads for SIRT2.

GOLD
The ligand binding site was defined as a collection of atoms
enclosed within a sphere of 10 � radius around the carboxyl posi-
tion of Q167. To validate the binding site, initially we docked the
few known inhibitors of SIRT2. Most of the well-known inhibitors
show the fitness score >50, and also all the compounds have good
interactions with the most of the critical amino acids present in B-
and C-sites of NAD+ binding pocket (Table 3). Therefore, the GOLD
fitness score of greater than 50 was taken as a cut-off range to
sort out the screened hit molecules from the databases. Only 21
compounds have GOLD fitness score greater than 50, and it was
manually checked for the critical hydrogen bond interactions. Inter-

Table 3: Score values for 20 known inhibitors of SIRT2

Name Chemical formula IC50 nM Dock score Jain Ludi1 Ludi2 Ludi3 Gold Score Affa PMF PLP1 PLP2 Ligscore1 Ligscore2

Salermide C26H22N2O2 0.41 96.70 4.87 677 570 603 62.17 )8.5 56.49 94.74 95.52 3.94 5.81
Comp1 C55H46Cl2N6O5 0.59 113.69 4.96 996 728 850 62.17 )7.9 139.09 130.06 122.07 4.22 7.69
Comp2 C20H14BrO2 1 74.79 3.72 397 404 441 62.00 )8.1 48.79 71.06 67.71 1.8 4.95
Suramin C55H48N6O5 1.15 112.73 1.68 658 567 694 63.88 )8.8 172.06 111.9 100.91 2.5 3.4
Comp3 C55H48N6O5 1.2 112.73 1.67 658 567 694 66.77 )8.4 172.27 111.91 100.91 2.4 4.1
Comp4 C57H52N6O5 1.2 118.41 2.81 736 571 708 59.33 )10.3 126.45 108.37 102.86 3.1 5.4
NF675 C48H43N5O4 2.26 105.11 1.57 644 484 619 55.78 )10.5 126 101.42 91.55 3.39 6.7
Comp5 C14H15ClN2O 2.77 88.03 2.7 260 264 379 53.46 )8.5 51.42 53.95 52.12 1.25 4.02
Comp6 C13H13ClN2O 4 77.65 1.12 275 287 404 33.89 )7.6 36.68 42.82 40.53 1.09 3.84
Comp7 C19H13BrO2 5.2 76.14 4.2 423 397 449 31.52 )8 69.62 81.15 79.4 2.96 5.1
Comp8 C14H16N2O 6 70.37 1.25 231 235 238 35.95 )8.5 46.89 46.75 42.79 1.17 3.9
Comp9 C20H16N2O2 14 82.63 2.25 556 456 493 34.73 )8.9 49.38 67.45 65.89 2.69 5
Ex527 C13H12N2O 19 64.03 1.91 363 298 267 38.43 )8.5 16.53 55.88 48.53 2.98 4.46
p-sirtinol C26H22N2O2 26 52.25 1.41 229 222 309 37.66 )8.7 27.84 47.11 44.2 1.9 3.93
B2 C21H21ClN3O3 35 88.07 7.34 748 628 610 32.63 )7.7 54.01 101.28 96.66 2.17 5.42
Sirtinol C26H22N2O2 38 93.11 4.54 469 433 530 35.95 )7.3 65.43 89.73 79.65 3.31 5.24
Cambinol C21H16N2O2S 59 73.34 3.34 542 489 545 34.12 )7.2 68.85 73.97 72.47 3.04 4.82
Comp10 C26H22N2O2 74 97.78 5.31 721 580 764 33.09 )7.5 81.17 99.29 96.52 3.33 5.89
Tripos 354328 C18H14N2O4 136 83.83 3.09 512 449 509 35.06 )6.2 66.82 71.14 70.47 3.03 4.86
Tripos 551502 C13H14N2O 200 53.05 3.24 361 330 348 29.50 )5.2 36.33 55.82 52.69 3.15 4.46

aBinding affinity.
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estingly, all the compounds showed a good hydrogen bond interac-
tions with Q167, N168, I169, and D170 (Figure 9).

Comparing the results of LigandFit and GOLD docking, 21 com-
pounds from the database showed a good hydrogen bond interac-
tions with the important amino acids such as Q167, N168, I169,
and D170, and also all the molecules have good score (Jain and
LUDI scores ⁄ LigandFit and Gold fitness score ⁄ GOLD) values

(Table 4). Hence, these 21 molecules were selected to find the
binding affinity with SIRT2 using VINA from AUTODOCK. Binding
affinity was calculated to suggest how well the interactions formed
between the small molecules and important residues in the active
site of protein. To cross-check the ability of calculating binding
affinity in VINA, 20 known inhibitors were analyzed first. The
known inhibitors had shown a good correlation between the activity
values and the binding affinity (Table 3). The X, Y, and Z co-ordi-
nates of the 20 known inhibitors of SIRT2 and the 21 hit leads are
shown in Tables S1 and S2. Hence, we calculated the binding affin-
ity for the 21 hit compounds, and the result is shown in Table 4.
All the hit compounds had shown a good binding affinity near to
the reported inhibitors. Furthermore, the selected leads satisfied the
demands of a dynamic hypothesis. From the above results, it has
been shown that the screened molecules can effectively disrupt the
SIRT2 active site and satisfied the structural requirement of a new
type of SIRT2 inhibitors. Hence, we suggest these 21 molecules
(Figure 10) for the medicinal chemists who are interested to work
in SIRT2 inhibitors.

Conclusions

SIRT2, one of the emerging targets in chemogenomic approach, is a
NAD+-dependent deacetylation protein. The complex structure was
prepared by docking sirtinol in C-site of NAD+ binding pocket using
apo-form of SIRT2 as a receptor. The resultant sirtuin2 complex and
apo-form were subjected into 5-nseconds MD simulation to find a
suitable position of sirtinol in NAD+ binding pocket. The three rep-
resentative structures from MD simulation were selected based on
cluster analyses, and these structures were subjected to generate
the receptor-based pharmacophore using LigandScout. The three
generated structure-based hypothesis was merged to produce a

Figure 9: Docking conformation of the hit molecules from virtual
screening.

Table 4: Score values for 21 potent leads from databases and the known inhibitors

Compound Chemical formula Dock score Jain Ludi1 Ludi2 Ludi3 Gold Score Affa PMF PLP1 PLP2 Ligscore1 Ligscore2

11315 C21H26ClN3O6S 98.58 4.04 617 514 598 51.22 )7.5 62.85 92.25 89.09 3.5 5.22
12381 C25H30N2O6 103.63 4.22 509 476 469 56.39 )7.9 82.53 91.69 84.08 3.16 5.76
13954 C25H30N4O6 103.78 2.85 505 431 521 53 )8.4 91.67 93.87 81.83 2.85 5.43
14831 C23H34N4O4S2 102.59 4.73 451 469 549 70.01 )8 82.8 100.01 92.03 2.39 5.35
15197 C22H27N3O5S 101.67 2.77 465 413 567 51.26 )8.3 95.2 95.56 86.19 3.9 6.2
185 C21H25N3O4 91.22 6.29 977 572 495 50.42 )8 49.59 92.34 89.83 2.78 5.01
2092 C23H26ClN3O4S 94.68 4.18 536 465 380 52.74 )8.8 58.61 91.25 82.01 2.16 5.39
2969 C20H28N4O3S 94.41 5.01 491 469 534 51.45 )8.7 72.36 95.68 90.45 3.81 5.7
3775 C23H31N3O5S 102.36 5.17 495 447 433 55.66 )8.9 100.03 85.17 79.44 3.56 5.36
4582 C23H31N5O4S 96.88 5.82 509 491 528 51.52 )8.7 76.36 90.55 88.36 3.68 4.9
4653 C18H21F2N3O5S 100.03 4.25 512 462 434 53.93 )8.3 75.63 100.32 97.03 3.3 5.05
4657 C18H22ClN3O5S 93.17 4.44 544 489 461 53.89 )7.8 53.45 89.83 81.75 4.41 5.72
4660 C19H25N3O5S 100.67 5.38 518 472 448 50.42 )8.4 66.51 102.63 98.76 3.08 5.26
4770 C22H24N2O4S 98.26 5.46 571 512 653 50.7 )8.1 73.73 97.95 97.88 2.68 5.1
4979 C21H31N3O4S 102.51 4.69 486 446 412 54.5 )7.3 82.53 90.56 88.82 2.65 4.96
4982 C22H24N2O5S 97.97 2.94 369 345 357 55.5 )8.7 79.29 88.28 81.7 3.93 5.82
4988 C19H26N2O4S 98.26 6.75 535 485 506 53.27 )7.5 74.14 96.25 92.95 2.92 5.15
4992 C22H24N2O5S 108.39 5.5 528 462 497 62.1 )7.8 87.08 98.39 92.09 3.21 4.92
5099 C24H31N3O5S 97.97 4.55 444 413 558 50.41 )7.8 82.07 103.34 96.74 3.26 5.3
7217 C23H33N3O5S 94.12 4.99 502 458 404 63 )7.6 77.97 106.39 99.57 4.07 6.09
9978 C25H32N4O4S 104.34 4.92 360 402 366 53.18 )7.6 46.44 95.51 89.27 1.88 5.13

aBinding affinity.
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dynamic hypothesis that was validated by test and decoy sets. The
results of test and decoy sets revealed that the dynamic hypothesis
can differentiate the active from low active SIRT2 inhibitors. Hence,
dynamic hypothesis was used a query to screen the ChemDiv data-
base; as a result, 1089 molecules satisfied all chemical features
present in dynamics hypothesis as well as passed the ADMET filtra-
tion and drug-like properties. Molecular docking (LigandFit and
GOLD) was used to find a suitable orientation of the filtered leads
in the C-site of NAD+ binding pocket. Finally, 21 leads were
selected as potent inhibitors for SIRT2 based on the consensus
scoring valued from LigandFit, Gold fitness score, and the binding
affinity. From the above results, we confirmed that the chemical
features present in dynamics hypothesis are complement to SIRT2
active site. This methodology of analyzing the dynamic motion of
the protein, then developing dynamic receptor–based pharmaco-
phore model to retrieve hits, and finally performing docking into
plausible conformations would be a reliable procedure to apply in
identifying new lead molecules.
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