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Class IIa histone deacetylases (HDACs) 5 and 9 play crucial roles in several human disorders such as cancer,
making them important targets for drug design. Continuous research is pursed to overcome the cytotoxicity side
effect that comes with the currently available broad-spectrum HDACs inhibitors. Herein, common features of
active HDACs inhibitors in clinical trials and use have been calculated to generate the best pharmacophore
hypothesis. Guner-Henry scoring system was used to validate the generated hypotheses. Hypo1 of HDAC5 and
Hypo2 of HDAC9 exhibited the most statistically significance hypotheses. Compounds with fit value of 3 and
more were examined by QuickVina 2 docking tool to calculate their binding affinity toward all class IIa HDACs. A
total of 6 potential selective compounds were subjected to 100 molecular dynamics (MD) simulation to examine
their binding modes. The free binding energy calculations were computed according to the MM-PBSA method.
Proposed selective compounds displayed good stability with their targets and thus they may offer potent leads for
the designing of HDAC5 and HDAC9 isoform selective inhibitors.

1. Introduction
Epigenetics refers to the heritable changes in genetic materials that
are not directly related to alterations in the DNA itself [1]. Such
important
changes
include
DNA
methylation,
histone
post-transcriptional modifications, noncoding RNAs (ncRNAs) in
teractions and chromatin remodeling [2]. These crucial modifications
significantly control the cell development in living organisms and
aberrant regulation of these modifications can lead to several human
disorders [3]. Histone proteins in eukaryotes, that play a vital role in
DNA wrapping in the nucleus, are subjected do different modifications
such as acetylation, phosphorylation and methylation [4]. Histone
deacetylation is a well-studied mechanism in multicellular organisms
and is regulated by a group of enzymes called histone deacetylases
(HDAC), that act on the N-terminal of histone tails by removing the
acetyl groups and results in more condensed chromatin [5]. HDAC en
zymes are also known as lysine deacetylases (KDAC) due to their enzy
matic activity in non-histone proteins [6]. Based on the sequence
homology of HDACs to the yeast enzyme and domain organization, they
are grouped into four subtypes. Classes I (HDACs 1, 2, 3, and 8) and II

HDACs (class IIa 4, 5, 7, and 9; class IIb 6 and 10) are zinc-dependent
enzymes that share sequence homology with the yeast reduced potas
sium dependency 3 (Rpd3) enzymes. HDAC11 is also a zinc-dependent
enzyme yet does not share sequence homology with Rpd3 and thus is
classified as class IV. Class III HDACs are called sirtuins and are nico
tinamide adenine dinucleotide (NAD+) [7–10].
Class IIa HDAC enzymes (HDACs 4, 5, 7, and 9) are exclusively
expressed in particular cell types. HDAC4 expression is extremely seen in
the epiphyseal plate and brain cells; HDAC5 and HDAC9 are highly
expressed in the brain, heart, and muscle tissues; HDAC7 expression is
highly notable in thymocytes and endothelial cells. Class IIa HDACs are
characterized by a large noncatalytic N-terminal domain, which is
responsible for assigning of class IIa HDACs to certain promoters and
known for its regulatory role of the transportation of the enzymes be
tween the cytoplasm and nucleus. This process is facilitated by the
phosphorylation modification of the two conserved serine residues on
the histone tail [11,12]. Genetic alterations to those conserved serine
residues will lead to a nuclear delocalization of the class IIa HDACs and
signal-refractory suppression of their target genes [13]. Class IIa HDACs
are transported between the cytoplasm and nucleus during muscle
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differentiation, which proves a precise role that each HDAC enzyme
plays throughout the cell differentiation [14]. One of the characteristics
of class IIa is the substitution of the tyrosine residue at the entrance to
the lysine channel into histidine, as seen in HDAC4, 5, and 7, where this
change affects the activity about a thousand degrees less compared to
the rest of other HDACs. Unlike the side chain of tyrosine that is directed
directly toward the active site and has an active role in the catalytic
mechanism, the histidine side chain is directed away from the active site
toward the solvent [15,16]. In addition to the catalytic zinc ion (Zn2+)
found in the active site of class I, II, and III HDACs, class IIa HDACs have
a unique conserved structural zinc-binding subdomain. Remarkably,
this zinc ion-binding subdomain has shown to play a critical role in the
structural conformation of the catalytic domain of the protein. Two
different conformations have been adopted by the zinc-binding sub
domain: the inhibitor-free protein (apo-structure) namely “closed”
conformation that might offer a path for the substrate to catalytic Zn2+
in the binding pocket; the inhibitor-bound protein namely “open”
conformation [15,17,18].
Class IIa HDACs abnormal regulations have been associated with
several human diseases such as cancer, immunological and neurological
disorders, muscle degenerative and diabetes [19,20]. Hemizygously
deletion in HDAC9 gene was involved in a minor ration of schizophrenia
patients. HDAC9 has been reported to be profoundly expressed in mice
brains exactly where the affected region by schizophrenia was observed
[21]. HDAC5 was shown to be related to left ventricle hypertrophy and
elevated salt intake. HDAC5 phosphorylation is induced by SIK1 acti
vation upon elevated sodium concentrations, and consequently im
proves the transcriptional activity of MEF2 and nuclear factor of
activated T-cells (NFAT) [22–24]. HDACs family has been well known
for their association with the development of cancer. Vorinostat, one of
the most famous pan-HDACs inhibitors, has been FDA-approved since
2006 for T-cell lymphoma treatment, signifying the importance of
HDACs as targets for preventing cancer progression [25]. HDAC5 has
been associated with tumor progression such as angiogenesis. In addi
tion, survival of tumor tissues and cell proliferation in lung cancer were
associated with the high expression rate of HDAC5 [26]. Another study
reported an overexpression of HDAC5 in the estrogen receptor-positive
(ER+) tamoxifen-resistant MCF7-TamC3 breast cancer cell line [27].
Moreno and colleagues have demonstrated a correlation between the
overexpression level of HDAC9 and the poor prognosis in childhood
acute lymphoblastic leukemia (ALL) [28]. Several studies showed that
the increased protein level of HDAC9 and its overexpression have been
associated with different cancer cells including osteosarcoma, lym
phoma, and breast cancer [29–31]. Additional investigation showed
that altering survival and growth signaling pathways by manipulating
the activity of p53 and B-cell lymphoma 6 (BCL6) might explain the
HDAC9 contribution to lymphomagenesis [32].
With a closer look at the increasing number of scientific publications
in recent years, HDACs have proven to be vital targets for anticancer
drugs. The biological effect of inactivating HADCs in various types of
cancers has shown their importance in treating cancer and reversing the
pathological implications. HDAC known inhibitors are well established
to control several molecular processes through regulating histone and
non-histone proteins, including immune system response, cell cycle
control, programmed cell death, and angiogenesis [33,34]. Neverthe
less, their exact molecular mechanisms are still ambiguous [35]. The
first pharmacophore model of HDAC inhibitors was established in 1997
by Jung et al. which led to the revolution of HDAC known inhibitors
rational design. The mostly common and currently recognized HDAC
known inhibitors pharmacophore features obey three main components:
a zinc-binding group (ZBG) also known as chelator which can interact
with catalytic zinc ion in the active site; a linker that normally mimics
the acetyl-lysine and span through the substrate binding channel; and a
cap group that is important for the isoform selectivity and also known as
surface recognition domain (Fig. 1) [36–38].
However, the above pharmacophore model is not entirely applied for

Fig. 1. HDACs inhibitors pharmacophore model features. The model represents
the chemical structure of suberanilohydroxamic acid (SAHA), the
HDAC inhibitor.

HDACs inhibitors that target other pockets besides the main active site
such as lower pocket, foot pocket and side pocket. Hence, another
pharmacophore model was proposed by Melesine et al., in 2018 which
contains six components instead of three: surface cap S-cap, side pocket
cap SP-cap, lower pocket LP-group, foot pocket FP-group, ZBG, and
linker [39]. HDAC inhibitors can either display an isoform selectivity or
can be pan inhibitors and non-selective. Generally, based on structural
features, HDAC inhibitors are sub-grouped into benzamides, hydroxa
mic acids, cyclic peptides, and short chain fatty acids [36,40–43]. Four
HDACs inhibitors are currently approved by the FDA. Vorinostat was the
first HDACs inhibitor to be approved by FDA in 2006, which is a
non-selective broad-spectrum HDAC inhibitor with IC50 of ~10 nM in
cell-free assays and is used in treatment of patients with cutaneous T-cell
lymphoma (CTCL) [44,45]. Romidepsin (FK228) was the second HDAC
inhibitor to be approved by FDA in 2009, that shows a potent selectivity
against HDACs 1 and 2 with IC50 of 36 nM and 47 nM in cell-free assays
and is used in treating patients with CTCL and peripheral T cell lym
phoma (PTCL) [46,47]. Belinostat (PXD101) was also approved in 2014
by FDA that is a broad-spectrum HDAC inhibitor with IC50 of 27 nM in a
cell-free assay and is used in treating patients with PTCL [47,48]. Lastly,
Panobinostat (LBH589) was approved by FDA in 2015, which shows an
IC50 activity of 5 nM in a cell-free assay in HDACs and is used in treating
patients with multiple myeloma [45,49]. Many class II HDACs inhibitors
are currently in clinical trials for cancer treatment. Tasquinimod is a
potent HDAC inhibitors which is prescribed for patients with
castration-resistant prostate cancer (CRPC). Tasquinimod anticancer
efficacy is assessed in phase III clinical trials [50–52]. MC1568 and
MC1575 are aroyl-pyrrolyl–hydroxyamides (APHAs) derivative in
hibitors. They were produced as a result of structural modifications in
the linker group pf APHA [53–56]. MC1568 and MC1575 showed
significantly lowered cytotoxic effect in comparison to classical class I
HDAC inhibitors [55]. LMK235 is another class II HDACs inhibitors that
was designed by a structural hybridization between the benzamides and
the hydroxamic acids of class I HDAC inhibitors. The cap feature of
LMK234, which consists of a dimethyl group, increased the selectivity of
the drug toward HDACs 4 and 5 [57]. TMP195 and TMP269 are class IIa
HDACs inhibitors that were obtained by replacing the classical
hydroxamic acid group by a trifluoromethyloxadiazolyl group (TFMO),
which improved the isoform selectivity toward class IIa HDAC enzymes
[58]. Another example of class IIa inhibitors is BRD4354, which is a
potent drug and consists of a hydroxyquinoline as the Zn2+-triggered
electrophile. BRD4354 shows half-maximal inhibitory concentration of
0.85 μM and 1.88 μM with HDAC5 and HDAC9, respectively [59].
BML-210 is moderate class IIa HDACs selective inhibitor that interacts
with HDAC enzymes by its aminophenyl group [59]. Additional class IIa
inhibitors include the 2-trifluoroacetylthiophenes derivative inhibitors,
that were originally developed from ethyl 5-(trifluoroacetyl)thio
phene-2-carboxylate to enhance the isoform selectivity toward class IIa
enzymes [60]. CHDI-390576 is the newest reported class IIa HDAC in
hibitor that displays half-maximal inhibitory concentration ranging
between 0.031 and 0.051 μM. CHDI-390576 is a result of a structural
modification in the cap region of the benzhydryl hydroxamic acids [61].
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However, the above listed known inhibitors have shown cytotoxicity
due to their pan activity. To overcome that dilemma, several efforts were
made in order to design isoform selective inhibitors by applying various
computational methods such as scaffold replacement approach [62],
ligand- and structure-based virtual screening [63–65], pharmacophore
modeling approach [66], flexible molecular docking, and 3D quantita
tive structure activity relationship (3D–QSAR) [43]. In the present
research work, efforts were made to identify the common chemical
features among HDACs known inhibitors in order to identify novel
promising selective inhibitors by employing pharmacophore approach,
virtual screening and molecular docking study, molecular dynamics
(MD) simulation, and free binding energy calculation by MM-PBSA
method (Fig. 2).

included: T009, Trichostatin, Cudc-101, LMK235, R306465, Dacinostat,
Vorinostat, Tubastatin A, Chimera 4, Marbostat, ST2987, Entinostat,
ST3049, Tubacin, Largazole, Azumamide E, Mocetinostat, HPB,
redFK228, ST3710, Nexturastat A, BDBM119696, IYS-15, IYS-1,
TMP269,
IYS-14,
BRD4354,
BDBM218159,
Fimepinostat,
BDBM119709, Scriptaid, BDBM191641, BDBM124205, ST2741, and
BDBM191640.2D structure of these known inhibitors are given in Sup
porting Information Figures SI1 and SI2. In addition, these known in
hibitors involve a various structural components and are well studied
against class IIa HDAC enzymes; thus, they were used to design the
training data sets in order to create the pharmacophore models.

2. Materials and methods

The Catalyst tool provided by BIOVIA DS 4.5 was used to generate
the ligand-based pharmacophore hypothesis in our research work,
where HipHop algorithm was applied to generate the ten best pharma
cophore hypotheses from the training set molecules. HipHop finds
conformations and 3D spatial assemblies of chemical characteristics and
features, which are shared by a set of chemical compounds [95]. Herein,
previously reported HDACs known inhibitor LMK235 [57] was identi
fied as a reference molecule for the training set used in the
HDAC5-pharmacophore model generation. Similarly, BRD4354 com
pound [59] was set as a reference molecule the HDAC9-pharmacophore
hypotheses generation. Both compounds were selected based on their
inhibition activity toward HDACs 5 and 9, respectively. According to the
successful pharmacophore hypothesis generated by Luo in 2016, the
principal and MaxOmitFeat values for the reference molecules were set to
2 and 0, respectively. While the principal and MaxOmitFeat values for the
rest of the training sets were put to 1 and 2, respectively [96]. The
“BEST” module was applied in the conformational generation with en
ergy threshold of 20 kcal/mol, where a maximum of 225 conformations
was allowed for each molecule in the training sets. Each of the chemical
features was given limits from a minimum of 1 to a maximum of 10
features. The minimum interfeature distance was set to 1 to guarantee
the pharmacophore features proximity and the minimum feature point
was set to 1. All other parameters were left at default values.

2.3. Pharmacophore hypothesis generation

Chemically, only certain portion of the drug is included in the in
teractions with proper target and is responsible for the biological ac
tivity. This portion is called “pharmacophore” [67]. Pharmacophore
defines the chemical features of a drug that are vital for its biological
effect [68].
2.1. Proteins setup and preparation
To date, there are no resolved 3D structures for HDAC5 or HDAC9.
Thus, the 3D structures of human HDAC5 and HDAC9 from our previous
homology modeling study [69] were used in the present research work.
“Prepare Protein” wizard in BIOVIA Discovery Studio 4.5 (DS 4.5) [70]
was utilized to prepare the proteins. The “Prepare Protein” protocol was
applied to add missing atoms to incomplete amino acid residues, stan
dardize atom labels, and to protonate titratable residues using predicted
pKa using CHARMM force field.
2.2. Biological data: training set selection
For the pharmacophore modeling, two sets composed of 21 HDAC5
known inhibitors and 21 HDAC9 known inhibitors of diverse structures
with a wide range of IC50 values ranging from 1 to 11,700 nM were
collected from ChEMBL database (https://www.ebi.ac.uk/chembl/)
[71] and several literatures [57,59,63,72–94]. These known inhibitors

2.4. Validation of pharmacophore hypotheses by test sets
To assess the validity of the generated pharmacophore hypotheses,
another 21 known HDAC5 inhibitors and 21 known HDAC9 inhibitors
with a wide range of IC50 values ranging from 50 to 35,000 nM, which
are not included in the training sets, were used in the test sets as active
compounds [18,72–74,76,79,83–87,93,94,97–103]. The 2D structure of
the compounds are included in Supporting Information Figures SI3 and
SI4. The test sets consisted of diverse structures to assure the extent of
pharmacophore reliability. The test sets used in current study included
the FDA approved inhibitors such as Panobinostat and Romidepsin, in
hibitors under different clinical trials such as Ricolinostat and
CUDC-101, and other known inhibitors such as Largazole, Tubacin,
TMP269, PBHA, Benzohydroxamate, and many others as shown in
Supporting Information Figures SI3 and SI4. Technically, Catalyst
HipHop tool in DS 4.5 defines common pharmacophoric features from
training set compounds that are tested against the test set compounds.
Fitting the test set compounds and mapping them onto the pharmaco
phore conformations is possible when their structural features and a
minimum of one conformation can be matched within certain degrees of
freedom of the related ideal spatial orientation. Generally, different
forms of sets can be utilized to both generate and hypothetically validate
the generated pharmacophore models. While known active compounds
in the training set serve as a template for the generation of the phar
macophore model, other known active compounds are collected in the
test set to investigate whether the build model will similarly map other
active and inactive compounds besides those in the training set. Here
comes the importance of the test set to validate the generated models.

Fig. 2. Workflow scheme for pharmacophore modeling and virtual screening.
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Therefore, a pharmacophore model should also be able to filter-out
inactive compounds beside its ability of identification of active com
pounds. For each of the molecules in the test sets, 10 decoys (inactive
compounds) were generated using DecoyFinder program [104], which
yielded a database of 231 compounds. Decoy sets were used to assess the
best hypothesis and to decide whether the pharmacophore model can
distinguish between potential HDACs inhibitors and other compounds.
The decoy sets were used to validate the pharmacophore models by
running each of the generated hypotheses against them and by calcu
lating the goodness of hit (GH) using the following equations [105]:
Y% =

Ha
× 100%
Ht

(1)

A% =

Ha
× 100%
A

(2)

2 cell membrane permeability [110]. SwissADME server (http://www.
swissadme.ch/) was utilized to predict the druglikeness according to
Lipinski’s “Rule of 5”, which is essential in computational drug design
[111,112]. SMILES format of the candidates was used as input files for
the ADMET profile prediction. The advances in high-throughput
screening in computer-aided drug design have accelerated the drug
discovery process and the identification of new compounds as active
leads, however, many of these leads are eliminated due to their false
positive impacts. These leads may contain certain sub-structures that
were demonstrated by Baell and Holloway as pan assay interference
compounds (PAINS) [113]. These substructure features have the ability
to interact and bind to random targets with unspecific manner which
results in false positives. To guarantee that the studied hit compounds
are free of PAINS, the PAINS Remover website (https://www.cbligand.
org/PAINS/) was used in the present study [113].

(3)

2.8. Molecular dynamic (MD) simulation

E=

Ha × D
Ht × A

GH =

(
)
Ha (3A + Ht )
Ht − Ha
× 1−
4Ht × A
A− D

The free forms of HDAC5 and HDAC9 along with their respective
protein-ligand complexes were subjected to MD simulations using
Nanoscale Molecular Dynamics software 2.13 (NAMD) [114] in order to
analyze the complex stability and evaluate the structural changes. The
best binding poses of all four protein-ligand complexes from Vina were
used to generate the input files for the MD simulation using Chemistry at
Harvard Macromolecular Mechanics web-based graphical user interface
(CHARMM-GUI) (http://www.charmm-gui.org/) [115–117]. The force
field CHARMM36 m was applied to all simulations in this study [118],
and the CHARMM General Force Filed (CGenFF) was utilized to generate
and prepare parameter files for the leads (https://cgenff.umaryland.
edu/) [119–122]. All systems were solvated by Transferable Intermo
lecular Potential 3 (TIP3) water molecules and neutralized by NaCl ions.
For each system, the energy was minimized by steepest descent method
for 10,000 steps and equilibrated under constant number of atoms,
volume, and temperature (NVT) ensemble for 10 ns with reference
temperature of 310 K. Finally, unrestrained 100 ns MD simulations were
performed under constant number of atoms, pressure, and temperature
(NPT) ensemble for all systems with reference temperature of 310 K. All
MD trajectories were analyzed using Visual Molecular Dynamics soft
ware (VMD) [123].

(4)

Where Y% is the ratio of active compounds retrieved from the decoy set;
Ha is the number of active compounds in the hit list; Ht is the total
number of hit compounds in the decoy set; A% is the percentage of
active compounds in the hits list; A is the total number of active com
pounds in the decoy set; E is the enrichment factor, D is the total number
of compounds in the decoy set; and GH is the goodness of hit which
determines the quality of generated hypotheses and is anticipated to
yield a score between 0.6 and 1 for a reliable pharmacophore model
[105].
2.5. Database screening for new hits
Database search was applied to identify candidate compounds that
are likely to show activity against our targets. The best pharmacophore
hypotheses were run against chemical database containing 200,000
molecules downloaded from ZINC15 website (http://zinc15.docking.
org/) [106]. Based on the GH scores, HDAC5-pharmacophore Hypo1
and HDAC9-pharmacophore Hypo2 were run against the database using
“BEST” search method provided by BIOVIA DS 4.5.

2.9. Free binding energies calculation

2.6. Molecular docking study

In order to calculate the binding free energy of protein-ligand com
plexes, molecular mechanics Poisson-Boltzmann Surface Area (MMPBSA) method was conducted using Calculation of Free Energy (CaFE)
tool [124]. CaFE tool is easy-to-use tool and efficient in running different
MD trajectory file types and can support numerous force field parame
ters [125–127]. The binding free energy (ΔGbind) involves three ener
getic factors: gas-phase free energy (ΔGMM), solvation free energy
(ΔGsol) and the change in the system entropy (− TΔS) and can be
calculated according to the following equations [128]:

In order to evaluate the hit compounds obtained from the 3D data
base search and examine their interactions and binding poses within
their respective targets, molecular docking method was conducted using
QuickVina 2 [107]. QuickVina 2 is an enhanced molecular docking tool,
which was developed from classic AutoDock Vina program [108]. Ac
cording to the 3D database search results, HDAC5-pharmacophore
Hypo1 retrieved 7966 hit compounds and HDAC9-pharmacophore
Hypo2 retrieved 21,422 hit compounds, where these compounds
showed fit values of 3.00 or more. Proteins and all small molecules were
prepared and saved as PDBQT files using AutoDockTools [109]. Auto
DockTools assisted in assigning Gasteiger charges and adding polar
hydrogen atoms to both the proteins and the compounds. The size of the
energy grid boxes for HDAC5 and HDAC9 was modified to include all
active residues in the active site and was centered around the Zn2+ ion.
XYZ coordinates and the energy grid boxes were set as follows: 19.199,
− 10.083, − 1.089 and 22.5, 22.5, 22.5 Å, respectively.

ΔGbind = ΔGMM + ΔGsol − TΔS

(5)

ΔGbind = ΔEvdw + ΔEelec + ΔGpolar + ΔGnonpolarc − TΔS

(6)

For each system, the energy elements were calculated using 200
snapshots extracted from the last 10 ns of MD trajectory files. The in
ternal dielectric constant was set to 4, the external dielectric constant
was 80 and the reciprocal of grid spacing was 1 Å. All other parameters
were used as default.

2.7. ADMET profile, druglikeness, and PAINS filtration

3. Results and discussion

ADMET profile was carried out for the lead compounds in order to
evaluate the physiochemical properties using AdmetSAR server (http://
lmmd.ecust.edu.cn/admetsar2) such as logP, water solubility and Caco-

3.1. Generated pharmacophore hypotheses
One of the important methods in modern computer-aided drug
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design is the pharmacophore modeling, which has become a vital tool
for in silico drug discovery. The HipHop method has been widely used in
pharmacophore modeling and effectively applied in exploring novel
inhibitors against several biological systems [129–131]. The 10 gener
ated pharmacophore models based on HDAD5 known inhibitors consist
of the same five features: 1 hydrophobic (aromatic/aliphatic); 1
hydrogen bond donor; and 3 hydrogen bond acceptor groups (Sup
porting Information Figure SI5). Among the generated hypotheses,
Hypo1 showed the top rank value (Table 1) and displayed the highest
GH score (0.86) and enrichment factor (10.26) (Table 2). The five
pharmacophore features of Hypo1 were found to be well mapped onto
the following HDAC5 known inhibitors that were included in the
training set: LMK235, Chimera 4, HPB, R306465, Cudc-101, Dacinostat,
Vorinostat, T009, Trichostatin A, Marbostat, Tubastatin A, ST3049,
Tubacin, ST3710, Azumamide E, ST2987, redFK228, Largazole, and
Nexturastat A. Consequently, Hypo1 of HDAC5 displayed the most sta
tistically significance hypothesis where it yielded 93% of the active
compounds. The 3D database search against the Hypo1 retrieved a total
of 7996 compounds, that showed fit value of 3 or more and met the
geometric constrictions of Hypo1 and well mapped onto the hypothesis
with their unique scaffolds.
The other 10 generated pharmacophore hypotheses based on HDAD9
known inhibitors consist of several features: ring aromatic, hydrophobic
(aromatic/aliphatic), hydrogen bond donor; and hydrogen bond
acceptor groups. Although Hypo2 is statistically ranked as the second
(Table 3), it exhibited the highest GH score (0.87) and enrichment factor
(10.13) (Table 4). The four generated pharmacophore features of Hypo2
include: 1 ring aromatic; 1 hydrophobic (aromatic/aliphatic); and 2
hydrogen bond acceptor groups. HDAC9 known inhibitors form the
training set were found to be well mapped onto Hypo2 including
BRD4354, BDBM191640, BDBM191641, TMP269, Fimepinostat,
ST2741, BDBM119709, R306465, BDBM119696, Scriptaid, Tubastatin
A, IYS-14, BDBM124205, ST2987, BDBM218159, IYS-1, T009, Dacino
stat, IYS-15, and Vorinostat (Supporting Information)Figure SI6. Hypo2
of HDAC9 was found to be the most statistically significance hypothesis
as it yielded 93% of the active compounds. A total of 21,422 compounds
were retrieved from the 3D database search and showed 3 or more fit
value and fitted the geometric constrictions of Hypo2 and well repre
sented onto the hypothesis with their characteristic scaffolds.

Table 2
Guner-Henry scoring method results for validating the 10 generated pharma
cophore hypotheses based on the HDAC5 known inhibitors.

Max. Fit

1
2
3
4
5
6
7
8
9
10

HDAAA
HDAAA
HDAAA
HDAAA
HDAAA
HDAAA
HDAAA
HDAAA
HDAAA
HDAAA

256.83
246.53
246.00
245.70
244.02
243.54
242.87
242.79
241.73
241.09

5
5
5
5
5
5
5
5
5
5

Ht c

Ha

1
2
3
4
5
6
7
8
9
10

231
231
231
231
231
231
231
231
231
231

21
21
21
21
21
21
21
21
21
21

15
16
18
18
15
21
15
18
17
19

14
13
14
14
13
14
13
14
14
13

d

A% e

Y% f

E

g

66.66
61.90
66.66
66.66
61.90
66.66
61.90
66.66
66.66
61.90

93.33
81.25
77.77
77.77
86.66
66.66
86.66
77.77
82.35
68.42

10.26
8.93
8.55
8.55
9.53
7.33
9.53
8.55
9.05
7.52

GH

h

0.862
0.753
0.735
0.735
0.797
0.644
0.797
0.735
0.773
0.648

D: the sum of the compounds presents in the decoy set.
A: the sum of the active compounds in the decoy set.
c
Ht: the total number of the hits within the decoy set.
d
Ha: the total number of the active compounds shown in the hit list.
e
A%: the ratio of the active compounds within the hits list.
f
Y%: the ratio of the active compounds identified by the pharmacophore
model from the decoy set.
g
E: the enrichment factor.
h
GH: the goodness of hit.
Table 3
Common features of the 10 generated pharmacophore hypotheses for the
HDAC9 known inhibitors.
Hypotheses

Features

Rank

Max. Fit

1
2
3
4
5
6
7
8
9
10

RHAA
RHAA
RHAA
RHAA
RHAA
HHDA
RHAA
RHAA
HHAA
RHAA

176.23
173.68
169.77
169.26
167.30
166.70
164.71
163.55
162.50
162.43

4
4
4
4
4
4
4
4
4
4

R: aromatic ring; H: hydrophobic (aromatic/aliphatic); D: hydrogen bond donor;
A: hydrogen bond acceptor.
Table 4
Guner-Henry scoring method results for validating the 10 generated pharma
cophore hypotheses based on the HDAC9 known inhibitors.

Table 1
Common features of the 10 generated pharmacophore hypotheses for the
HDAC5 known inhibitors.
Rank

Ab

b

Hypo1 of HDAC5 and Hypo2 of HDAC9 were screened against a total
of ~200,000 drug-like diverse structure compounds from ZINC15
database. The 3D database search retrieved ~7000 compounds for
Hypo1 and ~21,000 for Hypo2, all with fit value of 3 and above, which
was calculated and ranked by the Catalyst tool in BIOVIA DS 4.5. The
yielded compounds were further examined by the molecular docking
approach in an attempt to predict their best binding modes. The

Features

Da

a

3.2. Molecular docking study

Hypotheses

Hypotheses

Hypotheses

Da

Ab

Ht c

Ha

1
2
3
4
5
6
7
8
9
10

231
231
231
231
231
231
231
231
231
231

21
21
21
21
21
21
21
21
21
21

18
16
18
19
19
35
37
20
32
16

15
15
16
15
15
18
19
15
17
14

d

A% e

Y% f

E

g

71.42
71.42
76.19
71.42
71.42
85.71
90.47
71.42
80.95
66.66

83.33
93.75
88.88
78.94
78.94
51.42
51.35
75.00
53.12
87.50

9.166
10.31
9.777
8.684
8.684
5.657
5.648
8.250
5.843
9.625

GH

h

0.792
0.877
0.848
0.755
0.755
0.551
0.558
0.723
0.557
0.815

a

D: the sum of the compounds presents in the decoy set.
A: the sum of the active compounds in the decoy set.
c
Ht: the total number of the hits within the decoy set.
d
Ha: the total number of the active compounds shown in the hit list.
e
A%: the ratio of the active compounds within the hits list.
f
Y%: the ratio of the active compounds identified by the pharmacophore
model from the decoy set.
g
E: the enrichment factor.
h
GH: the goodness of hit.
b

molecular docking analysis revealed a total of 3 top-ranked isoform
selective compounds for each of HDACs 5 and 9 (Table 5). All six
compounds were well mapped onto their respective pharmacophore

H: hydrophobic (aromatic/aliphatic); D: hydrogen bond donor; A: hydrogen
bond acceptor.
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inhibitors was well exemplified by Hypo1 and Hypo2. Hydrophobic
feature was found to be mapped onto the cap group; hydrogen bond
acceptor mapped onto the linker of Hypo1, while aromatic ring onto the
linker of Hypo2; hydrogen bond donor and acceptor feature mapped
onto the chelator group. These findings agreed with the common
pharmacophoric features of HDAC inhibitors [132].
The top two HDAC5 selective compounds, Comp1 and Comp2 (Fig. 4
(a)) exhibited the higher binding affinity toward HDAC5 and lowest
binding energy with a score of − 8.9 kcal/mol and a predicted inhibitory
constant (Ki) of 294 nM for both compounds (Table 5). Both compounds
proved to have lower binding energies toward HDAC5 compared to the
reference known inhibitor used in this study, the LMK235, which
showed a binding energy of − 6.8 kcal/mol. Even though these two
compounds are not structurally similar to most HDACs known inhibitors
with their distinctive zinc binding groups, they both well spanned in the
active site of HDAC5. Comp1 was found to be bonded to the active site
via several key interactions including five hydrogen bonds with Arg155,
His159, Phe169, Gly331 and Gly332; a π-sulfur interaction with Cys170;
a π-π stacked interaction with Phe169; two π-alkyl interactions with
Pro156 and Pro157 in addition to many van der Waals interactions

Table 5
Reference compounds (LMK235, BRD4354) and the top-ranked compounds with
their calculated binding energy using QuickVina 2. Selective isoform compounds
for HDACs 5 and 9 are presented in bold.
#

Comp1
Comp2
Comp3
Comp4
Comp5
Comp6
7
8

Compound ID

ZINC000257282664
ZINC000008918470
ZINC000035354144
ZINC000016012342
ZINC000020942817
ZINC000001264757
LMK235
BRD4354

HDAC4

HDAC5

HDAC7

HDAC9

ΔG
(kcal/
mol)

ΔG
(kcal/
mol)

ΔG
(kcal/
mol)

ΔG
(kcal/
mol)

− 7.4
− 7.6
− 7.1
− 9.2
− 8.1
− 6.8
–
–

¡8.9
¡8.9
¡8.1
− 8.7
− 8.1
− 7
− 6.8
–

− 7.8
− 7.6
− 6.5
− 8.8
− 7.3
− 6.7
–
–

− 7.7
− 7.6
− 7
¡10.3
¡9.3
¡8
− 7.3

hypothesis and their fit values are shown in Fig. 3. The 2D structures of
the four selected top-ranked compounds are illustrated in Fig. 4. Hypo1
and Hypo2 agreed with the classical pharmacophore features of HDAC
inhibitors [40]. The cap/linker/chelator characteristic of classic HDAC

Fig. 3. The top six selective inhibitors and their mapping onto their respective pharmacophore hypothesis. (a) HDAC5 selective inhibitors mapped onto Hypo1. (b)
HDAC9 selective inhibitors mapped onto Hypo2. [2-column fitting image].
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Fig. 4. 2D presentations of the selected top-ranked compounds: (a) HDAC5 selective inhibitor, (b) HDAC9 selective inhibitors.

(Fig. 5 (a)). Similarly, binding mode analysis of Comp2 revealed several
important chemical interactions with HDAC5 including seven hydrogen
bonds with Arg37, Arg155, Pro157, His159, His160, Asp291 and
Gly331; a π-π stacked interaction with Phe228; two π-alkyl interactions
with Phe169; an alkyl interaction with Pro156 and other several van der
Waals interactions (Fig. 5 (b)). The catalytic zinc atom was observed to
be bonded to both compounds via van der Waals interaction.
The molecular docking study showed Comp4 and Comp5 (Fig. 4 (b))
with the highest binding affinities toward HDAC9 and with the lowest
binding energies of − 10.3 kcal/mol and − 9.3 kcal/mol, respectively
(Table 5). The predicted inhibitory constants (Ki) of Comp4 and Comp5
were found to be of 27.64 nM and 149 nM, respectively. Interestingly,
both top-ranked compounds displayed lower binding energies in com
parison to the reference known inhibitor, BRD4354, which displayed a
binding energy of − 7.3 kcal/mol. Comp4 binding mode was found to be
well fitted into the catalytic pocket of HDAC9 with the following sig
nificant interactions: one hydrogen bond with Arg155, π-π stacked
interaction with Phe169 and one π-π T-shaped interaction with Phe169
as well, and many other van der Waals interactions. The catalytic zinc
metal atom was not seen involved in any chemical interactions with the
Comp4 (Fig. 5 (c)). Comp5 was perfectly spanned into the HDAC9 active
site and showed several prominent interactions with the key amino acid

residues including hydrogen bonds with Arg37 and Asp291; π-cation
interaction with Arg39; π-alkyl interaction with Pro157, Phe169 and
His199; π-π T-shaped interaction with His199; π-π stacked interaction
with Phe228; van der Waals interaction with the catalytic zinc atom as
well as many other amino acid residues (Fig. 5 (d)).
3.3. Selection criteria of the isoform-selective compounds
In 2008, Bieliauskas and Pflum demonstrated the selectivity index of
many different HDACs known inhibitors in their study by comparing the
inhibition constant of a particular HDAC protein to other HDAC mem
bers [133]. Thus, the selection process of the HDAC-selective inhibitors
in the present study was inspired by Bieliauskas and Pflum research
work. This was achieved by comparing the value of the inhibition con
stant of a particular inhibitor for a selected HDAC enzyme to other in
hibition constants of the same inhibitor for other HDAC members. The
following formula was applied to obtain the selectivity index, where “x”
refers to the selected compound:
Selectivity of ˝x˝ for HDAC5 or 9 =

Ki of other HDACs isoform
Ki of HDAC5 or 9

(7)

The selectivity index of HDAC5 and HDAC9 are given in Table 6.
7
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Fig. 5. 3D and 2D presentation of the chemical interactions of (a) Comp1, (b) Comp2, (c) Comp4, and (d) Comp5.
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Moreover, the selected six compounds were found to be PAINS free
compounds.

Table 6
Selectivity index of class IIa HDACs 5 and 9. Inhibition constant of one HDAC is
compared to the closest inhibition constant of other HDACs for the same
inhibitor.
HDAC4

HDAC5

HDAC7

HDAC9

Compounds

K4i (nM)

K5i (nM)

K7i (nM)

K9i (nM)

Comp1
Comp2
Comp3
Comp4
Comp5
Comp6

3713
2648
6164
177
1137
10233

294
294
1137
412
1137
7299

1888
2648
16989
348
4396
12117

2236
2648
7299
27.64
149
1347

3.5. Analysis of the MD simulations

Selectivity

The structural stability of the docked complexes of HDAC5 with
Comp1 and Comp2, HDAC9 with Comp4 and Comp5 were analyzed by
evaluating their RMSD, RMSF, Rg, potential energy, and by assessing the
number of the hydrogen bonds throughout the MD simulations.

HDAC5
HDAC5
HDAC5
HDAC9
HDAC9
HDAC9

3.5.1. RMSD analysis
The root mean squared deviation plots of the apo-protein of the
HDAC5 and its complex systems with the known inhibitor (LMK235),
Comp1, and Comp2 are shown in Fig. 6 (a). All the studied systems
exhibited steady equilibrium state throughout the MD simulations. The
RMSD of the apo-protein of HDAC5 (without inhibitor) slightly
increased to 3.4 Å around the first 12 ns of the MD run then remained in
equilibrium state until the end with an average RMSD of 3.2 Å. The
RMSD of HDAC5 complexed with the known inhibitor rose from 0 Å to
~4.8 Å until 39 ns and then the RMSD decreased to an average of 4.1 Å
and remained stable to the end. The backbone of the HDAC5-Comp1
complex showed an increased RMSD profile compared to the apoprotein where the system stabilized with an average RMSD of 4.7 Å
after the first 44 ns of the simulation. Interestingly, the backbone RMSD
of the HDAC5-Comp2 complex displayed similar trend with the apoprotein after the first 22 ns and remained stable until the end of the
run. HDAC5-Comp2 complex showed lower RMSD profile over time of
the MD run compared to HDAC5-Comp1 complex.
The RMSD profiles of the free HDAC9 protein and its complex sys
tems with the BRD4354, Comp4 and Comp5 are shown in Fig. 6 (b). The
backbone RMSD of the HDAC9 apo-protein initially increased to 5.2 Å
around 37 ns and the system seemed to be stabilized until the end of the
run with an average RMSD of 4.1 Å. The RMSD examination of Comp4
and Comp5 revealed that both systems showed comparable fluctuation
after the first 50 ns and restrained their equilibrium state until the end of
the MD simulation. HDAC9-Comp5 complex system gained its stability
at earlier stages (around 16 ns) compared to HDAC9-Comp4 and had an
average backbone RMSD of 3.9 Å. HDAC9-Comp4 complex system
showed a slightly higher fluctuation until the 68 ns, but thereafter
showed better equilibrium state until the end of the 100 ns run.

Comp1 showed a potential selectivity toward HDAC5 ranging between
~7 and 13-fold compared to other members of class IIa HDACs. Comp2
displayed a ~9-fold isoform selectivity for HDAC5 over all members of
class IIa. Comp4 revealed promising selectivity for HDAC9 ranging be
tween ~7 and 15-fold over the other class IIa HDAC members. Lastly,
Comp5 displayed a ~8 to 30-fold isoform selectivity for HDAC9
compared to the rest of the class IIa HDACs.
3.4. Drug-likeness prediction and PAINS filtration
Table 7 shows the physiochemical and drug-likeness properties of
the isoform selective compounds. All the six selected compounds were
found to be within the acceptable reference of oral drugs and thus can be
classified as drug-like compounds. These compounds obeyed the famous
Lipinski’s rule of five, which states that oral drugs must have a molecular
wight (MW) of 500 Da or less, the octanol-water partition coefficient
(LogP) should not be more than 5, the total number of hydrogen bond
donors should not be more than 5, and the total number of hydrogen
acceptors must not be more than 10. Violating two or more of the pre
vious criteria mostly result in poor permeable drugs [134]. According to
the collected properties of 90% of 1700 oral drugs, Di and Kerns pro
posed the following criteria for identifying drug-like compounds: the
water/aqueous solubility (LogS) should be larger than − 5.7, the
permeability rate in Caco-2 cell line must be faster than 22 nm/s, and
lastly, the total number of the primary metabolites must not exceed 7
[135]. The topological polar surface area (TPSA) should not be more
than 140 Å2. Aqueous solubility of a drug compound, which is one of the
ADMET descriptors, has a great impact on the transportation and the
absorption of a drug compound in the biological systems. Quantitative
structure–property relationships (QSPR) is effectively utilized to asso
ciate organic- and drug compounds to their corresponding water solu
bility [136]. Another ADMET property is the Caco-2 permeability, that
describes the gastrointestinal permeability ration by predicting the de
gree of a drug compound transportation across the Caco-2 cell line
[136]. Caco-2 permeability level has been predicted in a variety of drug
compounds and drug-like molecules in silico and in vitro [137–140].

3.5.2. RMSF analysis
The root mean squared fluctuation (RMSF) analysis was conducted
for the HDAC5 and HDAC9 complex systems and the results are pre
sented in Fig. 7 (a) and (b), respectively. RMSF analysis helps in
examining the local movements of amino acid residues and their
behavior through the MD simulation. Higher backbone RMSF fluctua
tions were seen in loop regions that are known for their high flexibility.
Overall, HDAC5-Comp2 complex system exhibited lower RMSF profile
compared to the HDAC5-Comp1 complex system throughout the

Table 7
The druglikeness and the physiochemical properties of the 6 isoform selective compounds.
a

Compound

PAINS

MW

Comp1
Comp2
Comp3
Comp4
Comp5
Comp6

0
0
0
0
0
0

434.4
433.5
408.4
429.5
437.6
412.4

a
b
c
d
e
f

HA b

HD

5
6
7
4
5
5

3
3
3
2
0
1

c

MW: Molecular weight, Da.
HA: Total number of H-bond acceptors, O and N.
HD: Total number of H-bond donors, OH and NH.
TPSA: Topological polar surface area, Å2.
HIA: Human intestinal absorption.
AQ.: Water solubility, LogS.
9

LogP

TPSA d

HIA e

Caco-2

AQ f

1.49
0.93
− 1.35
3.03
2.22
1.44

123.84
125.04
124.55
78.51
71.91
105.46

0.953
0.860
0.945
0.972
0.989
0.969

0.837
0.849
0.535
0.779
0.571
0.647

−
−
−
−
−
−

3.059
3.146
3.555
3.911
3.013
3.717
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Fig. 6. Presentation of the root mean squared deviation (RMSD) for (a) HDAC5 complex systems; and (b) HDAC9 complex systems..

Fig. 7. Illustration of the root mean squared fluctuation (RMSF) for (a) HDAC5 complex systems; and (b) HDAC9 complex systems.

simulation and this observation agreed with the RMSD profiles of the
same complex systems. The RMSF investigation showed that HDAC9Comp5 displayed relatively lower amino acid residues fluctuations at
major stable regions of the protein compared to the HDAC9-Comp4
system. This assessment was in agreement with the RMSD profiles of
same complex systems.

run (Fig. 8 (b)). HDAC9-Comp5 system exhibited a relatively higher
degree of flexibility with an average Rg of 1.39 Å compared to HDAC9Comp4 system that showed an average Rg of 1.26 Å during the
simulation.
3.5.4. Potential energy analysis
Another useful measurement for examining the system stability over
time is the potential energy profile. All studied systems were found to be
stable and physically valid during MD simulations. HDAC5-Comp1 and
HDAC5-Comp2 systems showed lower energy profiles compared to the
apo-protein of HDAC5 and were found to be relatively similar to the
energy of HDAC5-LMK235 complex system (Fig. 9 (a)). This observation
was also noted in the HDAC9 complexes with the HDAC9-Comp4 and
HDAC9-Comp5 systems, which displayed lower energy profiles than the
apo-protein of HDAC9 (Fig. 9 (b)).

3.5.3. Rg analysis
The protein compactness level can be examined via the radius of
gyration (Rg) profile which is useful in investigating the protein folding
nature throughout the simulation. The Rg of HDAC5 and its complex
systems are plotted in Fig. 8 (a). All studied systems were remained
stable over time. Compared to HDAC5-Comp1 system which has as
average RMSF of 1.42 Å during the simulation, HDAC5-Comp2 system
displayed lower Rg profile with a 1.27 Å, suggesting relatively less
flexibility levels of the protein. The Rg profiles of HDAC9 systems
implying that all complexes were steadily stable during the whole MD
10
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Fig. 8. Representation of the radius of gyration (Rg) for (a) HDAC5 complex systems; and (b) HDAC9 complex systems.

Fig. 9. Potential Energy profiles for (a) HDAC5 complex systems; and (b) HDAC9 complex systems.

3.5.5. Number of intermolecular hydrogen bonds
The binding affinity degree in protein-ligand complex is influenced
by the number of hydrogen bonds and the more hydrogen bonds number
the greater binding affinity level. HDAC5-Comp1 complex formed
maximum of 4 H-bonds during the simulation (Fig. 10 (a)). The H-bond
number gradually increased during the MD run especially after the first
50 ns. The maximum number of H-bonds formed in the HDAC5-Comp2
complex was found to be 5 (Fig. 10 (b)). The majority of the complex
conformations were found to form 2 H-bonds. HDAC9-Comp5 complex
formed at most 2 H-bonds in very few conformations while the average
of the H-bonds was found to be 1 bond during the MD simulation (Fig. 10
(c)). Most of the conformations in HDAC9-Comp4 complex formed 1 Hbond throughout the simulation, and notably, the second half of the run

showed an increased H-bond number with a maximum of 2 bonds
(Fig. 10 (d)).
Throughout the 100 ns MD run, and in addition to the existence of
water molecules, all studied systems showed good stability and the small
molecules persisted their interaction with the active site of their corre
sponding targets. HDAC5-Comp2 complex was found to display overall
lower RMSD trend than HDAC5-Comp1 complex. Whereas HDAC9
complex with Comp4 and Comp5 showed relatively similar RMSD
profile.
3.5.6. MM-PBSA calculations
Free binding energy predictions employing MM-PBSA method has
been successfully used to improve in silico predictions of ligand-protein
11
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Fig. 10. Number of hydrogen bonds profile of (a) HDAC5-Comp1 complex; (b) HDAC5-Comp2 complex; (c) HDAC9-Comp4 complex; and (d) HDAC9Comp5 complex.

affinity [141]. MM-PBSA method requires less exhaustive in silico cal
culations compared to QM/MM approaches [142,143]. In MM-PBSA
calculations, nonpolar solvation energy, van der Waals, and electro
static interactions negatively contribute to the total energy of the sys
tem, while positive contribution arises from polar solvation energy
[144]. The average ΔG (binding free energy) of the four isoform selec
tive compounds was computed for the last 10 ns applying the MM-PBSA
approach. The MM-PBSA calculations showed an average ΔG of − 19.67
± 5.66 kcal/mol for the Comp1 -19.55 ± 5.08 kcal/mol for the Comp2;
− 18.85 ± 3.77 kcal/mol for the Comp4; and − 16.11 ± 4.82 kcal/mol for
the Comp5. Interestingly, the binding free energy calculations were
found to be in good agreement with the QuickVina 2 rankings (Table 5).
In addition, MM-PBSA calculations were performed for both reference
known inhibitors, LMK235 and BRD4354. HDAC5-LMK235 displayed an
average ΔG of − 14.63 ± 7.83 kcal/mol, whereas the average ΔG for
HDAC9-BRD4354 was found to be − 14.33 5.97 kcal/mol. Therefore,
MM-PBSA calculations of the 4 top-ranked compounds revealed lower
binding energies and higher binding affinities toward their respective
proteins compared to both reference compounds. According to the
MM-PBSA calculations, the proposed compounds in the present study
showed more negative energy compared to the QuickVina 2 binding
energy calculations, suggesting the high affinity of the ligands to their
respective targets.

4. Conclusion
To the best of our knowledge, although several efforts were made to
discover novel HDACs inhibitors against several HDACs targets by
pharmacophore modeling [145–147], our study is the first to apply this
approach to identify novel and isoform-selective HDACs 5 and 9 in
hibitors. In the current study, training and test sets composed of only
HDACs inhibitors that are in clinical trials or with potential inhibition
activity against HDACs 5 and 9. Due to the cytotoxicity accompanied by
the use of several of the HDACs inhibitors that are already in clinical
trials and uses, scientists around the world are paying more attention
toward exploring isoform-selective inhibitors. Here, the HipHop module
generated several pharmacophore hypotheses, where Hypo1 of
HDAC5-pharmacophore was found to be the best model with an enrich
factor of 10.26 and a goodness of hit (GH) of 0.86. Whereas Hypo2 of
HDAC9-pharmacophore proved to be the most statistically satisfied
model with an enrich factor of 10.13 and a goodness of hit (GH) of 0.87.
Employing Hypo1 and Hypo2, the search for a novel potential inhibitors
was achieved by the 3D database search using BIOVIA DS 4.5. Molecular
docking study using QuickVina 2 has retrieved 3 potential selective in
hibitors for HDAC5 and 3 for HDAC9. Comp1, Comp2, Comp4, and
Comp5 showed good ADMET profile and demonstrated high binding
mode stability during the 100 ns MD run. Proposed inhibitors could be
used for further optimization as they showed potential
isoform-selectivity toward HDAC5 and HDAC9. Hence, further details
about the structural features essential for identifying HDACs 5 and 9
12
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selective inhibitors may be offered by the present study, providing op
portunities for additional computational (in silico) and in vitro experi
ments in order to enhance the selectivity and potency of the proposed
inhibitors.
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[104] A. Cereto-Massagué, L. Guasch, C. Valls, M. Mulero, G. Pujadas, S. Garcia-Vallvé,
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