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1. AIM OF THE WORK 
 
The aim of my Ph.D. project was the design, synthesis, biological evaluation, and molecular 
modeling of enzyme inhibitors involved in tumor and viral pathologies. 
Specifically, this thesis manuscript is divided into three main parts, presenting some of the 
papers published during my doctoral work. These studies were carried out in cooperation with 
the University of Palermo under the supervision of Prof. Marco Tutone - Department of 
Biological, Chemical and Pharmaceutical Sciences and Technologies (STEBICEF). 
The first part concerns the study of proteases. Proteases represent one of the most relevant 
groups of enzymes which catalyze the hydrolysis of peptide bonds. The research group with 
whom I worked during my Ph.D. has actively been involved in the development of novel 
proteasome/immunoproteasome inhibitors. In this scenario, during my Ph.D., molecular 
modeling studies such as MD Binding (MDB), Binding Pose MetaDynamics (BPMD), and 
Induced Fit Docking (IFD) were carried out on the previously identified non-covalent 
compound 1 that was shown to inhibit the β1i subunit of the immunoproteasome. The outcomes 
provided a dynamic point of view for the definition of the pharmacophore features. This 
dynamic pharmacophore modeling approach was used for the scaffold-hopping of new non-
covalent inhibitors. 
Additionally, these molecular modeling studies were used to find new inhibitors of the β5i 
subunit. Thirty-six molecules from three commercial databases were selected to carry out the 
enzymatic assay for β1i/β5i subunits. Most of the molecules showed activity in the micromolar 
range, among them, RIM312 inhibits both subunits. The virtual screening campaign was carried 
out in collaboration with the Fondazione Ri. Med - Molecular Informatic group- under the 
supervision of Dr. Ugo Perricone. 
Moreover, novel proteasome inhibitors were synthesized. The conjugation of these compounds 
with nano systems based on graphene quantum dots (GQDs) will improve their dispersibility 
in water and cellular uptake. 
The second part concerns molecular modeling studies applied to different anticancer targets.  
The first study concerns the design, synthesis, and biological evaluation of arylsulfonamides as 
telomerase inhibitors. This study was carried out in collaboration with the research group of 
prof. Tutone. A structure-based approach was carried out to design potential inhibitors of the 
telomerase active site. The MYSHAPE (Molecular dYnamics SHared PharmacophorE) 
approach and docking were used to screen an in-house library of 126 arylsulfonamide 
derivatives. Promising hit compounds were synthesized using classical and green methods. 
Compound 2C was the most active (IC50 =33 ± 4 µM) against the K-562 cell line compared 
with the known telomerase inhibitor BIBR1532 (IC50 =208 ± 11 µM). In this study, the 
biological assays were carried out in collaboration with the University of Palermo under  Prof. 
Mario Allegra - Department of Biological, Chemical, and Pharmaceutical Sciences and 
Technologies (STEBICEF). 
The second study concerns the comparison of MD-derived pharmacophore models with 
docking on CDK-2 inhibitors. In this study, the performance of MD pharmacophore modeling 
approaches, the Common Hit Approach (CHA), and the Molecular dYnamics SHAred 
PharmacophorE (MYSHAPE) approach, were compared with semi-flexible 
constrained/unconstrained docking. This work aimed to enrich the hit list of a virtual screening 
on CDK-2 known inhibitors as a case study. The results highlighted that the MYSHAPE 
approach performs better when multiple target-ligand complexes are available (ROC5% = 0.99). 
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Moreover, using short MD simulations improves the screening performance (ROC5% = 0.98–
0.99) with respect to docking (ROC5% = 0.89–0.94). 
The third study concerns the evaluation of the IKKβ Binding of Indicaxanthin against the active 
and inactive form, and the allosteric binding site of hIKKβ by Induced-Fit Docking, Binding 
Pose Metadynamics, and. MD. The outcomes of this study showed that Indicaxanthin inhibits 
prevalently the active form of the hIKKβ. 
The last study concerns the exploration of the SARS-CoV-2 proteome in the search for potential 
inhibitors via a structure-based pharmacophore modeling/docking approach. Due to the fact the 
Ph.D. period took place during the pandemic, in the first months of this one, a computational 
drug repositioning campaign on the DrugBank database was developed. The final selection of 
the potential inhibitors was made considering the best binding energy for each compound 
obtained utilizing MM-GBSA calculation. Molecular recognition analysis showed that these 
compounds interact with the residues found as crucial for each target of the SARS-CoV2 virus. 
In conclusion, during this doctoral project, it was demonstrated how the use of in silico tools 
could be effective in the drug discovery process. The computational approaches allowed the 
identification of promising compounds, and the information obtained could be exploited to 
optimize the identified inhibitors. 
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2. MOLECULAR MODELING IN DRUG DISCOVERY 
 
2.1. INTRODUCTION 
 
Drug discovery is an extremely laborious and expensive process, requiring an average of 13 
years of research and an investment of 1.8 billion US$ to bring a single drug from the bench to 
a patient's bedside [1]. Historically, serendipity and trial-and-error have played a major role in 
the discovery of drugs. With the advent of medicinal chemistry, a more systematic search for 
new pharmaceutically active compounds began and these were often evaluated using animal 
experiments. The chemical modification of lead compounds, on a trial-and-error basis, typically 
led to compounds with improved potency, selectivity, and bioavailability and reduced toxicity. 
However, this approach is costly and labor- and time-intensive. The advent of Computer Aided 
Drug Design (CADD) as a powerful tool for the search for potential therapeutic compounds 
represents advancement compared to high-throughput screening (HTS) as it permits faster and 
more economical drug development. The goal of drug discovery is to identify a compound that 
can modulate the effect of a molecular target that regulates a cascade of biological processes 
related to a disease. The activation or inhibition of a biomolecule function, such as a protein or 
nucleic acid, results in a therapeutic benefit to the patient. In addition to organic small 
molecules, new classes of drugs become every day increasingly important, for example, 
biopharmaceuticals and especially therapeutic antibodies. Different techniques for improving 
the affinity, selectivity, and stability of these protein-based therapeutics have also been 
developed [2]. 
 
The three major purposes of CADD techniques in the drug discovery campaign are [3]: 
 
(1) Filter large compound libraries into smaller sets of predicted active compounds. These ones 
can be tested experimentally leveraging chemical and biological information about ligands 
and/or targets to identify and optimize new drugs. 
 
(2) Guide the optimization of the lead compound, whether to increase its affinity and optimize 
drug metabolism and pharmacokinetics properties such as absorption, distribution, metabolism, 
excretion, and the potential for toxicity (ADMET). 
 
(3) Help the rational design of novel compounds by modifying starting molecules or tying 
fragments into novel chemotypes together. 
 
 
Based on the availability of the 3D structure of the target protein, CADD techniques are 
categorized into either of two types, Structure-Based and Ligand-Based Drug Design (SBDD 
and LBDD) [4].  
 

2.2 LIGAND-BASED DRUG DESIGN (LBDD) 
 
LBDD takes advantage of information from known bioactive compounds (ligands) and is an 
essential tool when structural information of a biological target is missing or when the 
molecular design is not directed toward a target-centric approach without precise knowledge of 
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the mechanism of action. This strategy is also called indirect drug design because, starting from 
known active compounds on a specific protein, it tries to find the essential chemical features 
useful for interacting with that target. When the structural information has been collected it is 
possible to search for chemical similarities between known and new molecules.  
 
2.2.1 QSAR and Pharmacophore Models 
 
LBDD can be exploited to search for a quantitative structure-activity relationship (QSAR). In 
this approach, ligand structural information is converted into molecular descriptors, and, 
through mathematical and statistical analysis, one can predict the biological effect of chemicals. 
Once found the most robust model, the information can be exploited for the prediction of new 
analogs with better activity, improved understanding, and optimization of the lead compound 
to congeners with decreased toxicity [5]. 
 
The pharmacophore modeling approach is one of the most applied approaches and is based on 
the indirect building of a pseudo receptor derived from a model that defines the minimum 
necessary features a molecule must possess to bind to the target [6-7]. 
A pharmacophore is an abstract description of the structural features necessary for the 
molecular recognition of ligands by biological macromolecules. The IUPAC defined a 
pharmacophore as “an ensemble of steric and electronic features that is necessary to ensure the 
optimal supramolecular interactions with a specific biological target and to trigger (or block) 
its biological response” [8]. 
These features may be located on the ligand and include hydrophobic centroids, positive or 
negative ionizable sites, hydrogen bond acceptors, or donors and aromatic rings (Figure1) 
 

 
Figure 1: Pharmacophore features as recognized by LigandScout. 

 
The generation of a Ligand-Based pharmacophore model involves several steps: 
 
1. Conformational analysis of the active molecules belonging to the training set. 
 
2. Definition of features for each of the conformations generated. 
 
3. Alignment of the different conformers, to determine the best overlap between the different 
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groups of pharmacophoric features. 
 
A natural extension to the classical QSAR is the 3D-QSAR, RI-4D-QSAR and MD-QSAR. 
These methods are a broad term encompassing all those QSAR methods which correlate 
macroscopic target properties with computed atom-based descriptors derived from the spatial 
(three-dimensional) representation of the molecular structures [9]. 3D-QSAR correlates activity 
with non-covalent interaction fields surrounding the molecules such as the Lennard-Jones 
potential, rather than using experimental constants to define the interatomic interactions [10]. 
The 4D-QSAR includes conformational flexibility and the freedom of alignment by ensemble 
averaging in the conventional three-dimensional descriptors found in traditional 3D-QSAR 
methods [9]. Multidimensional quantitative structure-activity relationship (MD QSAR) is 
represented by the combination of MD, and the relative computed descriptors, with the 
generation of QSAR models. This approach provides enhanced predictive power [9]. 
 

2.3 STRUCTURE-BASED DRUG DESIGN (SBDD) 
 
SBDD exploits the three-dimensional (3D) structure of the biological target (protein) obtained 
through methods such as X-ray crystallography, NMR spectroscopy or cryo-EM, to identify 
putative modulators of the protein activity [11]. When the crystal structure is unavailable, the 
lack can be overtaken using a homology model. Homology modeling is useful when the query 
protein is related to other proteins with both a known sequence and structure, named template. 
The quality of the predicted structure depends on the degree of similarity between the query 
and the template sequences [12].  
In the case of low homology levels, it is possible to assess folding prediction by protein 
threading. In this technique, also known as fold recognition, each amino acid is assigned a 
position in a template structure and an evaluation of the best-fit template is made. After the best 
fit template is selected, the structural model of the sequence is built according the alignment 
with the best fit template [13]. 
With the knowledge of the biological target structure, candidate drugs can be optimally 
designed by medicinal chemists, predicting their binding affinity and selectivity.  
The main structure-based techniques are structure-based pharmacophore modeling [14-15], 
molecular docking [16], and MD [17].  
 
2.3.1 Structure-based Pharmacophore Modeling 
 
Structure-based pharmacophore models aim to be complementary to docking procedures and 
include the same level of information. However, they are less demanding concerning 
computational requirements and, therefore, much more efficient [18]. For this reason, it is very 
suitable for large libraries' virtual screening. Structure-based pharmacophores models can be 
built both with a macromolecule-ligand complex (holo) structure or a free (apo) structure. The 
SBDD methods that derive pharmacophore from protein-ligand complexes use the interactions 
observed between ligand and protein, whereas the SBDD method that derives pharmacophore 
from apo structure, uses only protein active site information [19]. 
 
2.3.2 Molecular Docking 
 
The molecular docking approach characterizes at the atomic level the behavior of small 
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molecules in the binding site of the target to elucidate fundamental biochemical processes [20] 
The docking protocol involves two basic steps: prediction of the ligand conformation, its 
position and orientation within these sites, as known as pose, and assessment of the binding 
affinity. These two steps rely on what is defined as a searching algorithm (for pose research) 
and a simple scoring function for binding affinity calculations. 
However, some features, necessary for better accuracy are omitted or underestimated. 
Molecular docking shows these weaknesses: 
 
• Protein flexibility is not treated extensively. 
• Water molecules are treated only implicitly. 
• Only a static picture of the binding process is provided.  
 
The earliest docking methods, reported by Kuntz and co-workers in 1982 [21]. were based on 
the lock-and-key theory proposed by Fischer [22], in which the ligand fits into the receptor like 
lock-and-key. According to this theory, both the ligand and the receptor were treated as rigid 
bodies. 
In the last years, different types of molecular docking have been developed according to ligand 
and/or receptor flexibility, respectively. In the former, ligand conformations may be generated 
before docking or within the receptor binding cavity [23]. The proper energetically 
conformations of ligands are selected using knowledge-based [24] or force field-based methods 
[25]. 
In the second case, the “induced-fit” theory [26] created by Koshland takes the Fischer theory 
a step further, stating that the active site of the protein is continually reshaped during the 
interaction by ligand. Consequently, it describes the binding events more accurately than the 
rigid treatment. Induced Fit Docking (IFD) is a protocol that accurately predicts ligand binding 
modes and the structural changes in the active site of the target. 
 
 
2.3.3 Molecular Dynamics 
 
The interaction mechanism at the atomic level between the ligand and the active site can be 
explored using MD. MD in drug design have been demonstrated to give a huge impact on the 
improvement of drug design strategies by addressing protein folding issues or protein-ligand 
complex stability through energy profile analysis over time. The first developed MD 
simulations came up for theoretical physics simulations in the 1950s. In the 1960s, Lennard-
Jones potentials were introduced for lipid simulations [28]. Later Karplus and McCammon 
showed the crucial role of MD simulations in studying biological systems. They used the 
simulations to obtain different conformations of proteins and nucleic acids. 
With the advent of faster, mainly Graphics Processing Unit (GPU)-based clusters, hardware 
architectures along with the improvement of computation algorithms, classical MD simulations 
are more important in drug design and development programs [29].  
The MD simulation is based on the idea to explore conformational space of the microscopic 
system on the exam in a time-dependent way.  
It is based on the solving the second-order differential equations of Newton’s second law. (Eq. 
1) 

𝐹"(𝑡) = 𝑚"𝑎"(𝑡) 	−
𝜕𝑉	(𝑥(𝑡))
𝜕𝑥"(𝑡)

 

 

((1) 
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Where 𝐹"(𝑡) is the force on the ith atom of the system at a given point in the time t; ai(t) is the 
acceleration and mi is the mass. 
The configuration of the system is represented by the vector x(t), which describes the position 
of the N interacting atoms in the space x (x= {x1, y1, z1 … xN, yN, zN}).  
 
To improve the exploration of MD, during the last few years, several different enhanced 
sampling methods have been introduced. 
These approaches apply biasing forces or alter the potential energy function to accelerate MD 
simulations increasing the probability of observing the event of interest, such as ligand-protein 
(un)binding, treating undruggable sites and unravelling targetable pockets using small 
molecules, and protein-protein interactions [29]. For example, SUpervised Molecular 
Dynamics (SuMD) is the most attractive approach to understanding the role of allosteric sites 
[30], Replica-exchange MD simulation, to accelerate conformational sampling of complex 
molecular systems [31]. Also, Accelerated MD improves conformational space sampling by 
reducing energy barriers separating different states of a system [32]. Metadynamics is a method 
used to estimate the free energy of a system [33]. 
In the Virtual Screening protocols, the use of MD showed an interesting increase in the 
screening capability both in terms of the sensitivity of the model and specificity when compared 
with the classical methods. In the last years, many studies used the information retrieved from 
the MD trajectory as a starting point to improve structure-based models. Recently, Wieder et 
al. have proposed the "Common Hits Approach (CHA)". This approach uses the multiple 
coordinate sets saved during the MD simulations and generates for each frame a pharmacophore 
model. Pharmacophore models with the same pharmacophore features are pooled to be reduced 
to only a few hundred representative pharmacophore models. Virtual screening runs are 
performed with every representative pharmacophore model. The screening results are combined 
and rescored to generate a single hit list [34].  
In the same year, the Molecular dYnamics SHAred PharmacophorE (MYSHAPE) approach by 
Perricone and co. aims the generation of pharmacophore models using the features common 
during the MD simulation but not present in the static PDB pharmacophore models [35]. For 
each structure, MD simulations were carried out, and ligand-protein interactions were analyzed 
and collected with their appearance frequency. A pharmacophore model was then created using 
only the common feature patterns that all ligands exhibited during MD simulations. The 
application of these approaches showed an interesting increase in the screening capability both 
in terms of the sensitivity of the model and specificity when compared with the classical 
methods. 
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3. DESIGN, SYNTHESIS AND BIOLOGICAL EVALUATION OF 
NOVEL NON-COVALENT PROTEASOME AND 
IMMUNOPROTEASOME INHIBITORS 
 
 
3.1 STRUCTURE AND FUNCTIONS OF THE CONSTITUTIVE PROTEASOME 

 

The proteasome, a multi-catalytic enzyme complex, is an essential component of the ubiquitin-
proteasome pathway (UPP). It is a key to the selective degradation of 80-90% of intracellular 
proteins involved in the cell cycle and differentiation, apoptosis, and regulation of transcription 
factors [36]. 

The catalytic degradation pathway of the proteasome target proteins consists of: 

• Conjugation of a poly-ubiquitination chain to the protein to be degraded, through three 
enzymes, respectively E1, E2, and E3. 

• Degradation of the labeled protein through the 26S protein complex (Figure 2). 

 
Figure 2: The ubiquitin-proteasome protein degradation pathway. 

 

The 26S proteasome consists of a central catalytic core, the 20S complex, associated with two 
19S (or PA700) regulatory structures. The 20S subunit has a cylindrical structure, composed of 
four superimposed rings, two external α and two internal β complementary. In eukaryotic cells, 
the α and β rings are each composed of seven distinct subunits, capable of forming four 
homoheptamers. 

The proteolytic activities are closely related to the subunits β1, β2, and β5, respectively with 
caspases, trypsin, and chymotrypsin activity [37]. 

The 19S subunits consist of a portion that acts as a base and one that structurally acts as a "lid" 
of the proteasome. The base is composed of six subunits with ATPase activity and two with 
structural function, and directly binds the catalytic core 20S; the “lid” portion has instead eight 
subunits, all devoid of catalytic activity, except one. 
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The 19S complex performs various functions, including recognizing conformational epitopes 
of the polyubiquitin chains bound to the substrate. 

 

3.2 STRUCTURE AND FUNCTIONS OF THE IMMUNOPROTEASOME. 

 

It is shown that vertebrates possess a specialized form of the proteasome, the so called 
immunoproteasome (i20S), expressed mainly in hematopoietic cells, such as lymphocytes and 
monocytes. It has been noted that in most cells, oxidative stress and pro-inflammatory cytokines 
are stimuli that lead to over-expression of the immunological variant of the proteasome. The 
cells that are responsible for antigen presentation (APC) express a baseline level higher than 
i20S. 

One of the main functions of the immunoproteasome is to generate peptides with a hydrophobic 
C-terminal end, so that they can be quickly processed and can be adapted to the binding pocket 
of the molecules of the major histocompatibility complex of class I [38]. Structurally, as shown 
in Figure 3, it has been shown that under the stimulation of pro-inflammatory cytokines such 
as interferon (IFN-γ) and tumor necrosis factor (TNF-α), the constitutive subunits β1c, β2c, 
β5c, undergo a structural modification, and are replaced by the respective "immunological" 
subunits, β1i (LMP2, low molecular mass polypeptide 2), β2i (MECL1, multicatalytic 
endopeptidase similar to 1) and β5i (LMP7, low molecular mass polypeptide 7 ). 

In particular, β2i and β5i maintain the same substrate specificity and at the same time therefore 
also maintain the same enzymatic activity of the analogous constitutive subunits; on the 
contrary, β1i carries out a ChT-L activity, which leads mainly to the hydrolysis of carboxy-
terminal polypeptides composed of hydrophobic amino acids (in particular Tyr, Trp, Phe, and 
Leu) [36]. 

Studies have shown that dendritic cells from mice lacking expression of β1i, β2i and β5i had 
defects in MHC class I antigen presentation. 

 
Figure 3: Schematic structure of the 20S proteasome and i20S immunoproteasome. 

 

Regarding the role of IP, it has long been assumed that most tissues of non-hematopoietic origin 
were normally devoid of IP, unless these tissues faced immunological challenges, and therefore 
were subjected to stimuli via autocrine or paracrine production of IFN-α/β or IFN-γ. Recent 
studies have confirmed the expression of the immunoproteasome in a wide range of non-
immunological cells and organs. In this way, many important functions have emerged such as 
the regulation of protein homeostasis, cell proliferation, and cell signalization. 
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The immunoproteasome plays a vital role in antigen presentation due to its hydrolysis 
capabilities and participates in a variety of immune processes. Furthermore, the 
immunoproteasome also has an important effect on the regulation of protein homeostasis, cell 
proliferation, and cytokine gene expression [39]. It is also expressed in non-immune cell types 
during inflammation or neoplastic transformation [40]. 

 
3.2.1 Inflammation, viral infections, and autoimmune diseases 

 

The immunoproteasome is also important for activating the immune system against viral 
infections. Recent studies have shown, for example, that the reduction or absence of the 
immunoproteasome in mice reduces the activation of CD8 + T cells in hepatitis B virus (HBV) 
infection and lymphocytic choriomeningitis virus (LCMV) infection. Instead, the decrease of 
LMP2 (β2i) reduces inflammatory cytokines (IL-1 β, IL-6, and TNF-α) produced during 
influenza viral infection [36]. 

Viral hepatitis C (HCV) infection induces the expression of IFN type I (IFN-β) and 
immunoproteasome subunits in hepatocytes, while suppression of IFN-β inhibits the expression 
of the immunoproteasome and IFN type I (IFN-α) induces the expression of the 
immunoproteasome complex in hepatocytes. Therefore, viral infection, IFN production, and 
immunoproteasome expression are most often closely related events. In addition to the 
immunological role of the immunoproteasome, the latter is involved in the pathogenesis of 
numerous inflammatory diseases through the stimulation of the polarization of T lymphocytes 
and the activation pathway of the nuclear factor NF-kB, essential for the transcription of many 
genes that code for inflammatory cytokines in macrophages [41]. 

For example, from the literature, it is evident that LMP7 deficiency suppresses the 
differentiation of naïve CD4+ T lymphocytes into Th1 and Th17 cells and instead promotes 
their differentiation into regulatory T cells (Figure 4) [37] 

 
Figure 4: Immunoproteasome as a potential therapeutic target. 
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Overexpression of the immunoproteasome complex has also been found in diseases such as 
Crohn's disease, ulcerative colitis, hepatitis, multiple sclerosis, experimental rheumatoid 
arthritis, and systemic lupus erythematosus [36]. 

 
3.2.2 Hematological neoplasms 

 

Cancer cells likely have an altered protein cell cycle that is accompanied by an increased 
replicative speed, and an increased accumulation of damaged proteins thus conditioning a 
greater dependence on proteasomal degradation processes. Multiple mechanisms have been 
proposed to explain the antitumor activity of immunoproteasome inhibitors, they mostly 
involve inhibiting the degradation of pro-apoptotic and/or regulatory proteins. Cancer cells 
usually have higher levels of immunoproteasome than normal cells and are more resistant to 
pro-apoptotic effects, making the immunoproteasome a therapeutic target in the treatment of 
Multiple Myeloma. Multiple studies show that proteasome inhibitors are more cytotoxic to 
proliferating neoplastic cells than to normal quiescent cells. [42] 

 
3.2.3 Neurodegenerative diseases and aging 

 

Most central nervous system diseases are related to an increase in the number of central 
polymeric proteins. Several animal model studies have verified that the immunoproteasome β1i 
and β5i subunits were overexpressed in central nervous system diseases such as Alzheimer's 
disease, the most common neurodegenerative disorder [43], Huntington's disease, and sclerosis 
lateral amyotrophic [44-45]. 

Furthermore, regarding cellular senescence, it has been found that a high expression of the 
immunoproteasome in the human brain is increased with aging, this may be related to high 
concentrations of proteins damaged by oxidative stress and defective ribosomal products 
(DRP). Therefore, it been stated in numerous studies that immunoproteasome inhibitors have 
found great use in therapy against neurodegenerative diseases and cellular aging [46]. 

 

3.3 INHIBITORS OF CONSTITUTIVE PROTEASOME AND 
IMMUNOPROTEASOME 
 

The inhibitors of Proteasome and Immunoproteasome can be divided into two main categories, 
thanks to their different chemical structure which consequently leads to different interactions: 
the inhibitors capable of forming a covalent bond and the non-covalent inhibitors. [38] 

Among the covalent inhibitors, there are boronates, peptide aldehydes, epoxyketones, and β-
lactones. To date, they have been approved by the FDA for the treatment of multiple myeloma 
and several inhibitors are in clinical trials. However, most of them are non-selective inhibitors, 
therefore they inhibit both the constitutive proteasome and the immunoproteasome, except the 
inhibitor KZR-616, and the series of analogs associated with it, which have shown a strong 
selectivity towards the IP [47-48]. 

 
3.3.1 Non-selective inhibitors 
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Bortezomib is the first non-selective immunoproteasome inhibitor approved by the Food and 
Drug Administration in 2003 for the treatment of second-line multiple myeloma and in 2006 as 
a treatment for mantle cell lymphoma. 

Cell death induced by Bortezomib is related to the stress induction of the smooth endoplasmic 
reticulum and UPR, Unfolded Protein Response. It can inhibit the NF-kB inflammatory 
pathway, initiate apoptosis with the activation of caspase-8 and causes an increase in the 
production of ROS (Reactive Oxygen Species). [36, 43]. 

Bortezomib is a dipeptide of boronic acid, that binds the β5 proteasome subunit and blocks the 
chymotrypsin activity. It can bind the β1 subunit but with lesser affinity (responsible for a 
lighter block of caspase-like training). Bortezomib binds the immunoproteasome to a lesser 
extent. 

The mechanism of action of Bortezomib involves the formation of a reversible tetrahedral bond 
following the reaction of the boric acid dipeptide with the Thr1 residue of the β5 subunit (Figure 
5)[49]. 

 
Figure 5: Structure of Bortezomib and its binding mode. 

Recent studies have shown that the β1 and β2 subunits can also be inhibited by Bortezomib 
especially when high drug concentrations are reached [39]. However, its therapeutic use is 
associated with a serious undesirable effect, such as the onset of peripheral neuropathy. 

Second-generation proteasome inhibitors have been developed due to the problems described 
above related to Bortezomib. Among these, there is Carfilzomib, a second-generation inhibitor 
approved by the FDA in 2012 for the treatment of refractory multiple myeloma. Carfilzomib 
(Figure 6A) is a tetrapeptide α',β'-epoxyketone with an N-acyl-morpholine portion, obtained 
from the optimization of epoxomycin, a powerful and natural irreversible inhibitor of the 
immunoproteasome. 

The mechanism of action of Carfilzomib and derivatives involves both the hydroxyl and the 
amino groups of Thr1, through a double sequential nucleophilic attack on the α',β'-epoxy ketone 
portion (Figure 6B). 
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Figure 6: Structure of Carfilzomib (A); Mechanism of action of α',β'-epoxyketones (B). 

Ixazomib is an inhibitor approved by the FDA in November 2015, combined with lenalidomide 
and dexamethasone, for treating patients with multiple myeloma resistant to the previously 
mentioned therapies. Ixazomib is a prodrug taken orally, as opposed to the previous ones which 
involved parenteral, intravenous, or subcutaneous administration. In vivo, it is metabolized by 
hydrolysis into the boronic acid derivative MLN2238 (Figure 7) [50]. 

 
Figure 7: In vivo activation of Ixazomib (MLN9708) in MLN2238. 

 

The preferential subunit on which Ixazomib acts is β5, however low activity on the β1 and β2 
subunits have also been observed. It also has a better pharmacokinetic and pharmacodynamic 
profile and a higher antitumor activity than Bortezomib and Carfilzomib [51-52]. 

Oprozomib is a tripeptide epoxyketone, structurally like Carfilzomib. Its goal is to bring 
myeloma cells to apoptosis, together with the inhibition of the angiogenesis process and the 
migration of myeloma cells. The great advantage of this drug over the others is the oral route 
of administration, thus significantly improving patient compliance. 

From a structural point of view, Oprozomib (Figure 8) has undergone modifications compared 
to Carfilzomib, the Leu residue in the P1 site of Carfilzomib has been replaced by a Phe residue, 

A) 

B) 
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while two hydrophilic residues of O-methyl-serine have been inserted, with stereochemistry S, 
both in position P2 and P3. The inhibitory activity of Oprozomib is aimed at the β5i and β5c 
subunits [51,53-55]. 

 
Figure 8: Structure of Oprozomib 

 

Delanzomib and Marizomib (Figure 9A,B) are also non-selective inhibitors of the 
immunoproteasome undergoing clinical trials. Delanzomib is closely related to Bortezomib, 
while Marizomib, which is part of the category of β-lactones, can irreversibly bind to the 
proteasome, inhibiting all three catalytic subunits and thus blocking the β5, β1 and β2. 
Additionally, it binds to the immunoproteasome causing a better response than Bortezomib. 
Delanzomib is a boronic acid derivative with a reversible inhibitory action at the level of the β5 
subunit of proteasome, although less than that of Bortezomib and Carfilzomib [52, 56]. 

 
Figure 9: Structure of Delanzomib (A); Marizomib (B) 

 

MG-132 (Figure 10) is a reversible inhibitor of both proteasome and immunoproteasome with 
IC50s of 100 nM 

A) B) 
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Figure 10: Structure of MG-132 

 

3.3.2 Selective Inhibitors 

 

In the treatment of hematological malignancies, nervous system, and immune system diseases, 
the development of immunoproteasome-selective inhibitors with less toxicity is of prime 
importance. The most common selective immunoproteasome inhibitors are the epoxyketone 
peptides. 

ONX-0914 (Figure 11) is the first immunoproteasome-selective epoxyketone peptide inhibitor, 
which showed better activity towards β5i than the β5c subunit and significantly reduced levels 
of circulating autoantibodies in the murine model [57]. 

 
Figure 11: Structure of ONX-0914 

Analysis of the structure of ONX-0914 in complex with the constitutive proteasome and the 
immunoproteasome indicated that the Phe residue at the P1 site induced a critical 
conformational change in the S1 pocket of β5c, instead of only small conformational changes 
in β5i. The N-terminal residues are mostly morpholine, which does not bind to the target, but 
are essential for improving the solubility and physico-chemical properties of these analogues 
[57]. Furthermore, preclinical studies have revealed that ONX-0914 could block the production 
of INF-γ and IL-2 by T cells. Its activity has also proved effective in the treatment of systemic 
lupus erythematosus and the resolution of an experimentally induced inflammatory 
phenomenon on mice of about 8-10 weeks. This selective inhibitor for the β5i subunit (LMP7), 
was able to inhibit the production of cytokines and attenuate the progression of colitis 
inductively [42].It also represents a good therapeutic prospect for rheumatoid arthritis, multiple 
sclerosis, and other degenerative diseases [49, 58]. 

PR-924 is a β5i-selective epoxyketone tripeptide that blocks the multiple growths of myeloma 
cells both in vitro and in vivo (Figure 12A) [59]. 

KZR-616 is a selective inhibitor obtained following optimization of ONX-0914 and PR-924, it 
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was the only one that was approved for clinical study in the treatment of systemic lupus 
erythematosus. It is an epoxyketone tripeptide, that showed inhibitory activity towards the β5i, 
β2i and β1i subunits, less active on the catalytic subunits of the constitutive proteasome [60] 
(Figure 12B). 

 
Figure 12: Structure of PR-924 (A); KZR-616 (B) 

 

UK-101 is a potent and selective peptide inhibitor of the β1i subunit [61]. It was obtained 
through SAR studies on epoxomicin and eponemycin (Figure 13). UK-101 contains a 
hydrophobic heptanoic tail at the N-terminal, an alanine residue at the P2 position and the 
hydroxyl group at the P1’site protected with a tertbutyldimethylsilyl (TBDMS) group at the C-
terminal moiety, whereas the P1 leucine plays a key role for the inhibition of the ChT-L activity. 
In in vitro assays, UK-101 selectively inhibited β1i subunit with IC50 values in the range 104 
nM and displays 144- and 10-fold selectivity over β1c (IC50=15 µM) and β5 subunit (IC50=1 
µM), respectivey [62]. UK-101 induces cell apoptosis and can be used for the study of prostate 
cancer  

 

 
Figure 13: Development of UK-101 from Eponemycin. 

 

The dipeptidyl aldehyde IPSI-001 (Figure 14) showed good selectivity towards 
immunoproteasome core particles β1i and β5i. The mechanism of action proceeds through the 
nucleophilic attack of the hydroxyl group of Thr1 on the carbonyl carbon, thus leading to the 
formation of a tetrahedral hemiacetal. It was demonstrated that increasing the hydrophobic 
group of the P1 amino acid determines a great selectivity towards the immunoproteasome, while 

A) B) 
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the activity towards the constitutive proteasome decreased [63]. 

 

 
Figure 14: Structure and mechanism of action of IPSI-001 
 
3.3.3 Non-covalent peptide inhibitors 

 

Non-covalent peptide compounds are characterized by the absence of the electrophilic 
substituent at the C-terminus, as opposed to the covalent ones. The reason why these 
compounds cannot form the covalent bond with the Thr1 residue present in the active site. 
However, some may still maintain good proteasome inhibitory activities. 

A series of N, C-capped non-covalent dipeptides were designed and synthesized, and each 
compound of the analog series was suitably modified to obtain the best inhibitory activity 
against the various types of immunoproteasomes, for example, the insertion of a β-amino acid 
in the non-covalent peptide skeleton, drastically decreases the inhibitory activities against β5c, 
while keeping the inhibitory activity against β5i high. In the case of PKS2251 (Figure 15), it 
was obtained through the introduction of β-Ala in position P2 and Asn (tBu) in position P3 [64, 
49]. 

Figure 15: Structure of N, C-capped peptidomimetic, PKS2251 
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3.4 IMMUNOPROTEASOME AND NON-COVALENT INHIBITION: 
EXPLORATION BY ADVANCED MOLECULAR DYNAMICS AND 
DOCKING METHODS 

 
3.4.1 INTRODUCTION 
 
The discovery of selective immunoproteasome inhibitors is pivotal to bringing new chances for 
the treatment of hematological diseases. Non-covalent inhibition is strongly desirable because 
it is not responsible for potential toxicity due to off-target binding. Therefore, non-covalent 
inhibitors may have an improved selectivity and less reactivity and instability [65, 66]. Starting 
from a panel of selective non-covalent inhibitors of the β1i and/or β5i subunits characterized 
by a 2(1H)-pyridone scaffold linked to an amide function [67], an investigation of the binding 
mechanism of N-Benzyl-2-(2-oxopyridin-1(2H)-yl)propanamide (1) was carried out. It proved 
to be the most potent and selective inhibitor, with a Ki = 21 nM against the β1i subunit. 
Advanced MD methods, such as MD binding (MDB) [68] and Binding Pose Meta Dynamics 
(BPMD) [69] were employed. To have a comparative point of view, induced-fit docking (IFD) 
[70] and BPMD studies was also carried out for the other four compounds, N-benzyl-2-(2-
oxopyridin-1(2H)-yl)acetamide (2), N-cyclohexyl-3-(2-oxopyridin-1(2H)-yl)propanamide (3), 
N-butyl-3-(2-oxopyridin-1(2H)-yl)propanamide (4), and (S)-2-(2-oxopyridin-1(2H)-yl)-N,4-
diphenylbutanamide (5) that showed high inhibitory activities towards the β1i subunit (Figure 
16). 
 

 
Figure 16: Structures and Ki values of the selective β1i inhibitors (1-5) 
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3.4.2 MATERIALS AND METHODS 
 
3.4.2.1 System and Ligands preparation  
 
The catalytic subunit β1i (LMP2 and PSMB9) was extracted from the murine i20S in complex 
with the inhibitor ONX-0914 (PR-957) bound to the β5i subunit (PDB ID: 3UNF) [71]. Both 
20S subunits, murine and human, share a sequence identity of more than 90%, and the few non-
identical residues are external to the active sites. As reported in the literature, in the case of 
covalent co-crystallized inhibitors [72], the reactive residue at the catalytic site was rebuilt after 
removing the covalent inhibitor by breaking the covalent bond and filling in the open valence. 
In this case, the involved residue was Thr1. The protein was prepared with the Protein 
Preparation Wizard [73] included in the Maestro suite (Maestro, Schrödinger, LLC, 2021, New 
York, NY, USA): adding bond orders and hydrogen atoms to the crystal structure using the 
OPLS2005force field. Next, Prime [74] was used to fix missing residues or atoms in the protein 
and to remove co-crystallized water molecules. The protonation states at pH 7.2±0.2 of the 
protein and the ligand were evaluated using Epik 3.1 [75]. The hydrogen bonds were optimized 
through the reorientation of hydroxyl bonds, thiol groups, and amide groups. In the end, the 
systems were minimized with the value of convergence of the RMSD of 0.3Å. Amide 1 was 
parameterized using the BiKi suite [76] at the AM1-BCC [77] level of theory. Partial charges 
were derived using the RESP method [78] in Antechamber [70]. Compounds 2–5 were prepared 
using Schrödinger LigPrep v. 2021-1 (LigPrep, Schrödinger, LLC, 2021, New York, NY, 
USA). The force field adopted was OPLS2005, and Epik was selected as the ionization tool at 
pH 7.0±2.0. Tautomers generation was flagged, and the maximum number of conformers 
generated was set at 32.  
 
3.4.2.2 MD-Binding Simulations 
 
The MD-binding method [68] within the BiKi suite [76] (BiKi Technologies s.r.l., Genova, 
Italy) exploits an additive external force that is summed as the regular potential energy of the 
system to enhance the probability of observing the binding event. The bias is represented by 
external electrostatic-like forces acting between a subset of the residues of the binding site and 
the ligand. The intensity of the bias is controlled by the adaptivity rules and gradually switches 
off as the ligand moves toward the subset of residues; after the conjectured passing of the 
transition state has occurred, it slowly recovers the behavior of classical unbiased MD [79]. The 
protocol for MD-binding consists of crucial steps: characterization of the binding pocket using 
Nano Shaper [78]. Nano Shaper calculations provide a characterization of the binding pocket, 
which identifies the atoms facing the pocket entrance in the protein structure. This information 
was then used by BiKi software for the initial ligand positioning outside the binding cavity. 
Subsequently, an additive external force was made to enhance the sampling of the binding 
event. Once the ligand was positioned through the “Residue Placement” tool in BiKi, the system 
was solvated in an orthorhombic box using the TIP3P water model [80]. A suitable number of 
counterions were added to neutralize the overall system. Then, the whole system underwent 
energy minimization by using the Amber99SB-ildn force field [81]. According to the standard 
protocol [68], four different consecutive equilibration steps were performed:(1) 100 ps in the 
NVT ensemble at 100 K with both the protein backbone and ligand re-strained (1000 kJ/mol 
nm2), (2) 100 ps in the NVT ensemble at 200 K with both the protein backbone and the ligand 
restrained, (3) 100 ps in the NVT ensemble at 300 K with the free protein and the ligand 
restrained, and (4) 1000 ps in the NPT ensemble at 300 K with the free protein and the ligand 
restrained. Electrostatic interactions were treated with the cut off method for short-range 
interactions and with the particle mesh Ewald method for long-range interactions (rlist = 1.1 
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nm, cutoff distance = 1.1 nm, vdW distance = 1.1 nm, and PME order = 4). The constant 
temperature conditions were provided using the velocity rescale thermostat [82], which is a 
modification of Berendsen’s coupling algorithm [83]. The coordinate output from the last 
simulation was then used as the input to produce the biased MD.  Finally, 20 replica production 
runs, 20-ns-long in the NVT ensemble at 300 K, were performed for each complex using C = 
0.1 (the fraction of the felt force, here 10%), a smoothing window size of 1000 samples, and a 
maximal K(t) of 0.001(maximal steering constant). 
 
3.4.2.3 Plain MD Simulations 
 
The plain MD simulations were carried out using Desmond 6.5 [84] using the OPLS2005force 
field [85] (Desmond Molecular Dynamics System, D. E. Shaw Research, New York, NY, 
USA). The complexes were solvated in orthorhombic boxes using the TIP3P water model. Ions 
were added to neutralize the charges. The systems were minimized and equilibrated at a 
temperature of 303.15 K and a pressure of 1.013 bar. The system was simulated as an NPT 
ensemble; a Nose–Hover thermostat and Martyna–Tobia–Klein barostat were used. The 
integration time step was chosen to be 2 fs. To keep the hydrogen–heavy atom bonds rigid, the 
SHAKE algorithm was used. A 9 Å cutoff radius was set for the short-range Coulomb 
interactions, and smooth particle mesh Ewald was used for the long-range interactions. For each 
replica, 10-ns MD simulations was carried out for a total of 200 ns, with 1.2-ps detection ranges 
for energy and 4.8 ps for the trajectory frames. The stability of the systems was evaluated using 
the root mean square deviation (RMSD) of the aligned protein and ligand coordinate set 
calculated against the initial frame. Visualization and analysis of the MD trajectories were 
performed using the Desmond simulation analysis tools in Maestro. The trajectories frames 
were clustered according to the hierarchical cluster linkage method. The 1000 frames recorded 
in each simulation were clustered considering the binding site conformations into 10 clusters 
based on the atomic RMSDs. 
 
3.4.2.4 Binding Pose Meta Dynamics (BPMD) 
 
Binding Pose Meta Dynamics (BPMD) is an automated, enhanced sampling, metadynamics-
based protocol in which the ligand is forced to move around its binding pose. This method 
showed the ability to reliably discriminate between the correct ligand binding pose and 
plausible alternatives generated with docking or plain MD studies [69]. 
According to the protocol, 10 independent metadynamics simulations of 10 ns were performed 
using as a collective variable (CV) the measure of the root mean square deviation (RMSD) of 
the ligand heavy atoms with respect to their starting positions. The alignment before the RMSD 
calculations was done by selecting protein residues within 3 Å of the ligand. The Cαs of these 
binding site residues were then aligned to those of the first frame of the metadynamics trajectory 
before calculating the heavy atom RMSD to the ligand conformation in the first frame. The hill 
height and width were set to 0.05 kcal/ mol (about1/10 of the characteristic thermal energy of 
the system, kBT) and 0.02 Å, respectively. Before the actual metadynamics run, the system was 
solvated in a box of SPC water molecules [86], followed by several minimizations and 
restrained MD steps that allow the system to slowly reach the desired temperature of 300 K, as 
well as release any bad contacts and/or strain from the initial starting structure. The final 
snapshot of the short unbiased MD simulation of 0.5 ns was then used as the reference for the 
following metadynamics production phase. After the simulation, the stability of the ligand 
during the course was represented by three scores: PoseScore, Persistence Score (PersScore), 
and Composite Score (CompScore). The PoseScore is indicative of the average RMSD from 
the starting pose. A steep increase of this value is a symptom that the ligand is not in a well-
defined energy minimum and, probably, it might not have been accurately modelled. PersScore 
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is a measure of the hydrogen bond persistence calculated in the last 2 ns of the simulation that 
have the same number of hydrogen bonds as the input structure, averaged over all the 10 
repeated simulations. It covers a range between 0 and 1, where 0 indicates that either the starting 
ligand pose did not have any interactions with the target or that the interactions were lost during 
the simulations, while 1 indicates that the interactions between the staring ligand pose and the 
last 2 ns of the simulations were retained. CompScore is the linear combination of the PoseScore 
and PersScore; lower values equate to more stable complexes. Each complex, previously 
obtained, was run on a single node with a 1 GPU card NVIDIA GeForce RTX2070. 
 
3.4.2.5 Induced-Fit Docking 
 
The induced-fit protocol (IFD)—developed by Schrödinger [70]—is a method for modelling 
the conformational changes induced by ligand binding. The protocol starts with an initial 
docking of each ligand using a softened potential (van der Waals radii scaling). Then, a side-
chain prediction within a given distance of any ligand pose (5 Å) is performed. Subsequently, 
a minimization of the same set of residues and the ligand for each protein/ligand complex pose 
is performed. After this stage, any receptor structure in each pose reflects an induced fit to the 
ligand structure and conformation. Finally, the ligand is rigorously docked, using Glide XP 
(Glide, Schrödinger, LLC, 2021, New York, NY, USA), into the induced-fit receptor structure. 
IFD was performed using a standard protocol, and the OPLS2005 force field was chosen. The 
receptor box was centered on the active site of β1i, according to the Nano Shaper calculations. 
During the initial docking procedure, the van der Waals scaling factor was set at 0.5 for both 
the receptor and ligand. The Prime refinement step was set on the sidechains of residues within 
5 Å of the ligand. For each ligand docked, a maximum of 20poses was retained to then be 
redocked in XP mode [87]. 
 
3.4.2.6 MM-GBSA-Binding Free Energy Calculations 
 
Prime/MM-GBSA was used for the estimation of ∆G binding. The MM-GBSA approach 
employs molecular mechanics, the generalized Born model, and the solvent accessibility 
method to elicit free energies from structural information, circumventing the computational 
complexity of free energy simulations, wherein the net free energy is treated as a sum of a 
comprehensive set of individual energy components, each with a physical basis [88]. In our 
study, the VSGB solvation model was chosen using the OPLS2005 forcefield with a minimized 
sampling method [74]. 
 
3.4.3 RESULTS AND DISCUSSION 
 
3.4.3.1 MD-Binding (MDB) Analysis 
 
With the aim of gaining more insights into non-covalent inhibitors of the immunoproteasome, 
the enhanced sampling methods were exploited to collecting mechanistic insight into the 
binding process. 
The MDB protocol implemented in BiKi software was performed to simulate the events that 
elapsed among the compound 1 unbound and the compound 1 entrance in the binding pocket. 
The advanced proposed MDB protocol requires the identification of the binding pocket with 
NanoShaper software, characterized by Thr1, Val20, Ser21, Phe31, Lys33, Leu45, Ser46, 
Gly47, Ser48, Ala49, Ala52, Ser129, and Ser168 residues (Figure 17a). 
Compound 1 is positioned with a random orientation at a predetermined distance, measured in 
terms of the solvation shell around the ligand. Twenty replicas of 20 ns for each entrance 
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starting from the apo structure were carried out, thus collecting 400 ns of MDB simulation 
(Figure 17b). 
 

 
Figure 17: a) Identification of the binding cavity of the β1i subunit (solid blue) by NanoShaper software with the 
residues involved in the binding pocket; b) Time sequence of compound 1 approaching the active site of the β1i 
subunit studied by MD bind. The figure is representative of the 20 replicas 

 
The simulations overcome the energetic barrier in an average time of 2 ns, reaching the binding 
site. For the unavailability of crystallographic structure for non-covalent ligands on β1, the 
RMSD of the protein backbone was used as a reference. All replicas showed a protein backbone 
RMSD average <2 Å, decreasing when the ligand arrived at the binding site. In most replicas, 
it is observed the ligand entered the active site in the first 8 ns, and in the last 10 ns its refinement 
at the binding site was observed. Successively, the electrostatic bias was removed, and 10 ns of 
plain MD simulations of each replica were performed to extend the sampling of the bound states 
for a total of 600 ns of the simulation.  
Twelve replicas showed high stability, with an average value of RMSD 1.5 Å of the complex, 
while in eight replicas, the ligand rapidly drifted away.  
The trajectories of the 12 stable replicas were clustered. Each trajectory was recorded in 1000 
frames and these frames were clustered considering the RMSD of the binding site backbone 
(12,000 frames total). Each replica returned three representative clusters for a total of 36 MD 
representative poses. The clustering of the survived complexes trajectories allowed identifying 
three representative poses (pose 1, pose 2, and pose 3) observed during the simulations. In pose 
1, two H-bonds were formed between the oxygen of the amide group and Ser21 and between 
the hydrogen of the amide group and Gly47. The binding of the ligand was strengthened by 
several van der Waals contacts between the benzyl group and the residues Val20, Phe31, Lys33, 
Gly47, Ala49, and Ala52. Val20, Ser21, Ser46, Gly47, Ala49, and Ala52 interacted with the 
linker between the two rings. The identified pose 2 showed a series of interactions that have not 
been previously identified: the benzyl group interacts by a pi-stacking interaction with Phe31. 
This pose was stabilized by several van der Waals contacts. The 2-pyridone moiety showed a 
series of contacts different from pose 1 (Lys33, Leu45, Ser46, Gly47, Ser48, Ala49, Ala52, 
Ser129, and Ser168). Ser21, Phe31, Ser46, and Gly47 interacted with the ethylene linker. It is 
worthy to note the absence of H-bonds in this pose. Pose 3 was characterized by the same H-
bonds network observed in pose 1, with Ser21 and Gly47 residues. The 2-pyridone moiety 
formed one cation-pi-stacking interaction with the epsilon amino group of Lys33. As observed 
for the other poses, van der Waals contacts strengthened the ligand binding in pose 3. The 
benzyl group interacted with Ser21, Ala22, Leu45, and Ser46. The 2-pyridone moiety showed 
contacts with several residues: Phe31, Lys33, Gly47, Ser48, Ala49, and Ala52. The linker 

a) b)
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showed interactions with Thr1, Ser46, Gly47, and Ser168. The major differences observed for 
these poses concerned the orientations of pose 1 and pose 3 related to their interactions with the 
residues of the binding site. Besides the same H-bond pattern, a flipped orientation of the 2-
pyridone and the benzyl moieties was observed. This evidence could reveal that the entrance 
mode of the ligand occurred in different ways without affecting the binding capability during 
the MD runs. The folded conformation assumed by the ligand in pose 2 seemed to represent an 
intermediate conformation. (Figure 18).  
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Figure 18: 3D and 2D-binding modes of compound 1: pose 1 (A,B), pose 2 (C,D), and pose 3 (E,F) after the MDB 
simulations and after IFD (G,H) into the β1i active site of murine immunoproteasome (PDB ID: 3UNF). In the 3D 
figures, the H-bonds are represented in yellow dashes, the cation-pi-stacking interactions in green dashes, and the 
pi-pi stacking in blue dashes 
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3.4.3.2 Induced Fit Docking (IFD) 
 
The protocol induced-fit docking (IFD) [24] was used to add more information concerning the 
previous docking studies and compare the results obtained by the MDB. IFD was carried out 
for compound 1 and for the other encouraging four β1i inhibitors 2–5. Classical docking was 
performed for compound 2, while computational studies have not been performed yet for 
compounds 3–5. 
The best IFD pose of 1 reported the same of the MD simulations: the residues Gly47 and Ser21 
of the protein establish H-bonds with the NH amide and the carbonyl group of the molecule 
(Figure 18 G,H). Besides, other hydrogen bonds were found. The carbonyl of 2-pyridone 
moiety formed other H-bond with Ala49 and Ala50. Concerning the other MDB poses, this was 
a peculiar difference of the IFD pose that was not observed in the docking study. These residues, 
together with Ser48, stabilized the ligand binding by van der Waals contacts, such as observed 
in the previous docking study. Other van der Waals contacts were formed between the benzyl 
group and Val20, Phe31, Lys33, Leu45, Gly47, and Ala52. Finally, the ethylene linker between 
the rings interacted with Thr1, Val20, Ser21, Gly47, and Ala49. It is interesting to note that the 
pi-stacking interactions observed in pose 2 between the benzyl group and Phe31 and the cation-
pi-stacking interaction in pose 3 between the 2-pyridone and Lys33 were not evidenced in the 
IFD pose but only as van der Waals contacts (Figure 18). 
Structurally, Compound 2 showed a methylene linker between the 2-pyridone scaffold and the 
amide function. The best IFD pose of compound 2 showed three H-bonds: Ser21 with the 
carbonyl of amide, Gly47 with the NH amide and the carbonyl of 2-pyridone. The benzyl 
moiety of the molecule formed a cation-pi-stacking interaction with Lys33, as also evidenced 
for 1 in pose 3 (Figure 19 A,B). The cyclohexyl derivative 3 formed four H-bonds: Thr1 
establish two H-bonds with the carbonyl of amide and the carbonyl of 2-pyridone; Gly47 
formed two H-bonds with NH amide and carbonyl of 2-pyridone (Figure 19 C,D). The best IFD 
pose of n-butyl derivative 4 was characterized by two H-bonds between the carbonyl and NH 
of the amide of the molecule with Ser21 and Gly47, respectively. The 2-pyridone moiety 
formed pi-pi stacking with the Phe31 (Figure 19 E,F). Compound 5 showed two H-bonds, one 
between Ser21 and carbonyl of amide and the other between Ala49 and carbonyl of 2-pyridone 
(Figure 19 G,H). Additionally, for these molecules, the recurrent interactions were between the 
residues Ser21, Gly47, and the amide group, but the pi-stacking interactions with Phe31 and 
Lys33 could constitute clear evidence of the key role of these residues in the inhibition pattern. 
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Figure 19: 3D and 2D-binding modes of compound 1: pose 1 (A,B), pose 2 (C,D), and pose 3 (E,F) after the MDB 
simulations and after IFD (G,H) into the β1i active site of murine immunoproteasome (PDB ID: 3UNF). In the 3D 
figures, the H-bonds are represented in yellow dashes, the cation-pi-stacking interactions in green dashes, and the 
pi-pi stacking in blue dashes 
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Figure 20: 3D and 2D-binding modes of compound 2 (A,B), compound 3 (C,D), compound 4 (E,F), and compound 
5 (G,H) into the β1i active site of murine immunoproteasome (PDB ID: 3UNF) after the IFD study. In the 3D 
figures, the H-bonds are represented in yellow dashes, the cation-pi-stacking interactions in green dashes, and the 
pi-pi stacking in blue dashes 
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3.4.3.3 Binding Pose MetaDynamics Analysis 
 
Binding Pose MetaDynamics (BPMD) is an automated, enhanced sampling, metadynamics-
based protocol, in which the ligand is forced to move around its binding pose. 
During the metadynamics simulations, pose 1 reached a steady PoseScore = 1.397, considered 
stable. The PersScore showed that the hydrogen bonds, identified when the metadynamics run 
started, were kept for 60% of the averaged time (Figure 21A). The H-bond between the NH 
amide group of the ligand and Gly47 was kept for 88% of the simulation time, while the H-
bond between the carbonyl of the ligand and Ser21 for 36% (Figure 21B). The CompScore 
value was -1.694. Due to the absence of H-bonds recorded, pose 2 showed the same value for 
the PoseScore and CompScore, 3.129 (Figure 21C). The scores for pose 3 were PoseScore = 
3.349, PersScore = 0.223, and CompScore = 2.235, respectively (Figure 21E). As for pose 1, 
pose 3 kept the H-bond between NH amide and Gly47 as 26%and 18% between carbonyl and 
Ser21 (Figure 21F).  
The PoseScore for the pose of amide 1 obtained by the IFD was 4.576, and the PersScore 
showed that the hydrogen bonds were kept for 13% of the averaged time. The value of the 
CompScore was 3.917 (Figure 21G). It is interesting to point out that, of the four H-bonds 
detected by IFD, the two interactions between the amide group and Ser21 and Gly47 were 
maintained—in particular, the interaction between NH amide and Gly47 for 43% and 9% 
between carbonyl and Ser21 (Figure 21H).  
The RMSD values and the percentage of the H-bonds retrieved from BPMD studies for the 
amide 1 in the three MDB poses and in the IFD pose showed that pose 1 could be considered 
more stable. Pose 1, pose 3, and the IFD pose adopted the same plain conformation and H-
bonds between Ser21, Gly47, and the amide group. The differences were in the additional 
interactions between Ala49, Ala50, and the carbonyl of 2-pyridone, which led to a rotation of 
2-pyridone, causing the ring to be specular in the IFD pose and showing a high value of RMSD 
(4.02 Å). The BPMD analysis was also carried out for compounds 2–5 to evaluate their binding 
stability with respect to the most active compound of the series, 1. The results of the BPMD 
calculations are reported in Figure 22. As can be evidenced from the plots, all showed 
PoseScore values higher than the averaged PoseScore for 1. The hydrogen bonds identified at 
the start of the MetaDynamics run were maintained for 10-30% of the averaged time (Figure 
22B, D, F, H). The CompScore values for compounds 2–5 were 4.750, 4.276, 5.979, and 1.728, 
respectively  
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Figure 21: Plots of the RMSD estimate averaged over all 10 trials vs. the simulation time for the Binding Pose MetaDynamics 
runs: pose 1 (A), pose 2 (C), pose 3 (E), and IFD pose (G). Persistence Score Plots: pose 1 (B) pose 2 (D), pose 3 (F), and IFD 
pose (H). The blue dots represent the values of the CV RMSD at different times (2 ns, 4 ns, 6 ns, 8 ns, and 10 ns) for each 
simulation trial. The blue lines represent the mean CV RMSD values along the 10 × 10 ns of the simulation trials. The orange 
and blue bars represent the fraction of H-bonds maintained during the simulation for each trial 

. 
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Figure 22: Plots of the RMSD estimate averaged over all 10 trials vs. the simulation time for the Binding Pose MetaDynamics 
runs: compound 2 (A), compound 3 (C), compound 4 (E), and compound 5 (G). Persistence Score plots of compounds 2 (B), 
compound 3 (D), compound 4 (F), and compound 5 (H). The blue dots represent the values of the CV RMSD at different times 
(2 ns, 4 ns, 6 ns, 8 ns, and 10 ns) for each simulation trial. The blue lines represent the mean CV RMSD values along the 10 × 
10 ns of the simulation trials. The orange and blue bars represent the fraction of H-bonds maintained during the simulation for 
each trial 
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3.4.3.4 MM-GBSA-Binding Free Energy Calculations 
 
Moreover, MM-GBSA-binding free energy calculations for all the complexes were performed. 
The plot of the calculated ∆G binding vs. the Ki values is reported in Figure 23, and it shows 
an R2= 0.8071 (compound 1 ∆G =−52.912 Kcal/mol, compound 2 ∆G =−41.684 Kcal/mol, 
compound 3 ∆G =−41.355 Kcal/mol, compound 4 ∆G =−36.701 Kcal/mol, and compound 5 
∆G =−35.340 Kcal/mol). 
 

 
Figure 23: The plot of the calculated ∆G binding vs. the IC50 values of compound 1-5 

 
3.4.4 CONCLUSION 
 
In this work, the mechanism of non-covalent inhibition on the b1 subunit of the 
immunoproteasome of the encouraging compound 1 was investigated. Advanced MD methods 
such as MD binding (MDB) and Binding Pose MetaDynamics (BPMD) and advanced docking 
methods such as induced-fit docking (IFD) were employed. MD binding allowed analyzing the 
binding mechanisms and gaining insights into the ligand entrance pathway. Then, plain MD 
was performed to study the stability and conformational space in the immunoproteasome–
ligand complex, thus allowing elucidation of the compound dynamic behavior within the 
binding cavity. These results were compared with the IFD poses of the other four inhibitors, 
revealing new key residues in the binding pattern, and confirmed the different binding stability 
of 1 with respect to the other compounds, 2–5. The collected information and outcome could 
be to provide a dynamical point of view for the definition of the pharmacophoric features that 
could be exploited through dynamic pharmacophore modeling approaches for the scaffold-
hopping of new non-covalent inhibitors through a virtual screening campaign. 
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3.5 COMBINED COMPUTATIONAL APPROACHES FOR VIRTUAL 
SCREENING OF NON-COVALENT b1I AND b5I INHIBITORS OF THE 
IMMUNOPROTEASOME 
 
3.5.1 INTRODUCTION 
 
In the previous chapter, the mechanism of the non-covalent inhibition of compound 1, and 
derivatives on the β1 immunoproteasome subunit was investigated using advanced methods of 
MD and docking.  
In this chapter the results of a virtual screening campaign on commercial libraries to identify 
novel non-covalent inhibitors of the β1i/β5i immunoproteasome subunits are reported. 
For the β1i subunit, the outcomes of the previous dynamic pharmacophore model have been 
employed.  
For β5i, docking and pharmacophore models have been developed starting from the β5i subunit 
co-crystallized with the PR-957 inhibitor (PDB ID: 3UNF).  
The interactions of the hit compounds were refined by using Induced Fit Docking (IFD). 
Finally, hit compounds moved to biological evaluations. 
 
3.5.2 MATERIALS AND METHODS 
 
3.5.2.1 Protein Preparation, Ligands Preparation  
 
The aminoacid chain K of the β5i subunit with the co-crystallized ligand PR-957 was obtained 
from the crystallographic structure of 20S mouse immunoproteasome resolution 2.90 Å (PDB 
ID: 3UNF). The structure was refined using the protein preparation wizard as reported in the 
previous chapter. The co-crystallized covalent ligand, PR-957, it was rebuilt after removing the 
covalent inhibitor by breaking the covalent bond and filling in the open valence [89]. PR-957 
was prepared and optimized as reported in the previous chapter. 
A validation dataset containing active and decoys compounds of β1 and β5 for virtual screening 
were prepared. Active compounds were retrieved from the literature for both subunits, while 
decoys were obtained from the DUD-E [90] database and filtered to remove duplicates. For 
each active compound in the dataset, 50 decoys were generated. The commercial databases 
from Asinex, BioAscent and the database Ri.Med, containing 327.192 compounds, were 
downloaded in SDF format. They were prefiltered to remove groups classified as Tox-Alerts, 
Pan Assays INterference compoundS (PAINS) and Rapid Elimination Of Swills (REOS) that 
can give false positives due to non-specific reactions during the test [91, 92]. 
The validation databases and VS database were prepared and optimized as reported in the 
previous chapter. 
 
3.5.2.2 Pharmacophore modellings generation 
 
LigandScout [93] and PHASE [94] were used to generate dynamic pharmacophore models for 
β1i and structure-based pharmacophore model based on the experimental structure of the β5i 
subunit. 
The models were generated using the following merged pharmacophore creation settings: 
feature tolerance scale factor: 1.0; Maximum number of result pharmacophores: 10; Number of 
omitted features for merged pharmacophore: 4. 
Structure-based pharmacophore model for the β5i subunit was generated, starting from the PDB 
coordinates set of β5i subunit-PR-957. 
The resulting models were validated for their performance in distinguishing the active and 
decoy molecules using specific databases for β1i and β5i.  
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A consensus score was calculated to evaluate the best pharmacophore performance. It combined 
the normalized scores obtained from the Pharmacophore-Fit Score from LigandScout and the 
Phase-Fit Score from Phase, as shown in the Eq. 2. 
 
𝐶𝑜𝑛𝑠𝑒𝑛𝑠𝑢𝑠	𝑆𝑐𝑜𝑟𝑖𝑛𝑔 = 	 9:;<"=>?@ABCDE	ABCFG

HII
J 𝑥100M + :;OP>QG	ABCFG

R
J𝑥100MS (2) 

 
3.5.2.3 Molecular docking 
 
The docking study was performed using the Glide docking tool v. 7.9. [95] 
The grid box was set on the PR-957 ligand coordinates. The Van der Waals radius was 1 Å, and 
the partial charge cut-off was 0.15 Å with flexible ligand sampling. Bias sampling torsion 
penalization for amides with non-planar conformation and Epik state penalties were added to 
the docking score. To validate the docking protocol and evaluate the ability to reproduce the 
experimental pose of the co-crystallized ligand, the re-docking test was performed with a SP 
level precision. The validation of the docking is carried out through the calculation of the 
RMSD of the cognate ligand that provides indications of the deviation between the 
experimental pose of the ligand and that reproduced by the docking algorithm. The reference 
value for RMSD is <2.0 for the scoring function.  
The Virtual Screening was performed in three different steps of docking: High Throughput 
Virtual Screening (HTVS), Standard Precision (SP), and Extra Precision (XP). Each step of 
docking was run without constraints. 
 
3.5.2.4 Induced Fit Docking (IFD) 
 
Induced Fit Docking (IFD) was performed using the standard protocol, reported in the previous 
chapter. As in the docking study, the receptor box for β5i was defined on the PR-957 applying 
no constraints.  
The receptor box for β1i was defined on the residues Ser21, Phe31, Ser33 and Gly47. The 
receptor and ligand Van der Waals scaling were set at 0.5. For Prime refinement, side chains of 
residues within 5 Å of ligand poses were refined. The maximum of 20 poses per ligand was 
retained and re-docked in Extra Precision mode (XP). 
 
3.5.2.5 In vitro 20S immunoproteasome inhibition assays 
 
Human 20S immunoproteasome, obtained from the human spleen, was purchased from Enzo 
Life Science. The hydrolysis of the appropriate peptidyl 7-amino-4-methyl coumarin (AMC) 
substrate was monitored to measure the proteolytic activities of the immunoproteasome. The 
substrates Suc-Leu-Leu-Val-Tyr-AMC (Bachem) for β5i and Ac-Pro-Ala-Leu-AMC (Biomol 
GmbH, Hamburg, Germany) for β1i subunits were used at 50 µM. Fluorescence of the 
hydrolysis product AMC was measured at 30°C with a 380 nm excitation filter and a 460 nm 
emission filter using an Infinite 200 PRO microplate reader (Tecan, Männedorf, Switzerland). 
A preliminary screening at 100 µM inhibitor concentrations was carried out on the two 
proteolytic activities of the immunoproteasome. 
An equivalent amount of DMSO as a negative control and compound 1 and MG-132 (a 
reversible immunoproteasome inhibitor) as a positive control were used for β1i and β5i, 
respectively. Compounds showing at least 50% inhibition at the screening concentration were 
then progressed into detailed assays. Continuous assays were performed at seven different 
concentrations ranging from minimally inhibited to fully inhibiting each proteolytic activity by 
calculating the dissociation constants Ki of the enzyme–inhibitor complex using the Cheng–
Prusoff equation, Ki=IC50/(1+[S]KM

-1), Inhibitor solutions were prepared from stocks in 
DMSO. Each independent assay was duplicated in 96-well plates with a total volume of 200 
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mL. For the assay on β1i and β5i subunits, a human 20S immunoproteasome was incubated at 
30°C at a final concentration of 4 µg/ml with the inhibitor at seven different concentrations. 
The reaction buffer comprised: Tris·HCl (50 mM, pH 7.4), KCl (25 mM), NaCl (10 mM), 
MgCl2 (1 mM), and 0.03 % SDS. AMC released from substrate hydrolysis was monitored in a 
kinetic cycle for 10 minutes.  
 
3.5.3 RESULTS AND DISCUSSION 
 
3.5.3.1 β1i pharmacophore modeling 
 
The previous MD study allowed identifying three representative poses (pose 1, pose 2, and pose 
3) that elucidated the dynamic behavior and stability of the compound 1 within the binding 
cavity. The inhibition interactions pattern comprises two H-bonds between the amide group and 
Ser21 and Gly47, the benzyl group interacting pi-pi stacking with Phe31; the 2-pyridone moiety 
made a cation-pi-stacking interaction with the epsilon amino group of Lys33. Starting from 
these outcomes, a merged dynamic pharmacophore model was constructed and validated for 
the β1i subunit. 
For each pose, pharmacophore models using LigandScout and PHASE were generated. In 
LigandScout, pose1 showed three features: one hydrogen bond acceptor (HBA), one hydrogen 
bond donor (HBD) and hydrophobic interaction (Figure 24A). Pose2, one hydrogen bond 
acceptor (HBA) and hydrophobic interaction (Figure 24B). Pose3 was characterized by one 
hydrogen bond acceptor (HBA), one hydrogen bond donor (HBD) and two hydrophobic 
interactions (Figure 24C). A merged pharmacophore model encompassing all features observed 
for each pose was constructed and improved by removing the redundant characteristics. The 
final model was characterized by five features: two hydrogen bond acceptors (HBA), one 
hydrogen bond donor (HBD), and two hydrophobic interactions (Figure 24D). The model was 
retrospectively validated using the active and decoys dataset showing values of AUC1% = 1 and 
EF1% = 15.3. 
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Figure 24: LigandScout pharmacophore model of A) Pose1, B) Pose2, C) Pose3 and D) Merged 

 
The same procedure was carried out using PHASE. Pose1 showed three features: two hydrogen 
bond acceptors (A1 and A2), one hydrogen bond donor (D3) and two aromatic rings (R4 and 
R5) (Figure 25A). In Pose2 was retrieved an aromatic ring (R5) (Figure 25B). Pose3 was 
characterized by one hydrogen bond acceptor (A2), one hydrogen bond donor (D3) and 
aromatic ring (R4) (Figure 25C). Then, a merged model was obtained by showing the same 
features observed in the LigandScout model. 
As in the LigandScout merged pharmacophore model, the PHASE merged pharmacophore 
model encloses all features observed in the three poses. Two hydrogen bond acceptors (A1 and 
A2), one hydrogen bond donor (D3) and two aromatic rings (R4 and R5) (Figure 25D). 
As the previous model, this model was retrospectively validated and showed values of AUC1% 
= 0.60 and EF1% = 4.9. 
 

A B

C D
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Figure 25: Phase pharmacophore model of A) Pose1, B) Pose2, C) Pose3 and D) Merged 

  

A B

C D
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3.5.3.2 β5i docking and pharmacophore modeling 
 
For the β5i subunit, structure-based studies based on the experimental structure PDB ID: 3UNF 
were carried out. Firstly, the β5i subunit-PR-957 complex was extracted from the crystal 
immunoproteasome structure and refined. With the aim to design non-covalent inhibitors, the 
PR-957 inhibitor was structurally modified and the portion of the epoxy ring responsible for 
the covalent attack on Thr1 was opened (Figure 26 A, B) 
 

 
Figure 26: A) PR-957 covalent epoxyketone, B) Modified PR-957, free of the epoxy ring portion (circled in red) 

 
A re-docking with an XP precision level was performed to validate the ability to reproduce the 
experimental pose of the co-crystallized ligand. The experimental and docking laying just differ 
in the epoxy portion, which is responsible for the covalent interactions. The root-mean-square 
deviation (RMSD) value between the re-docked and the crystal conformation of PR-957 was 
1.77 Å. The RMSD value less than 2 Å indicates that Glide XP is a reliable method for this 
study. The docking protocol was further validated using a β5i validation database of active and 
decoys. The model showed values of AUC1% = 0.90 and EF1% = 27. The Glide XP energetic 
terms were calculated using structural and energy information between the PR-957 and the 
active site were mapped onto pharmacophore sites to develop an e-pharmacophore hypothesis. 
The pharmacophore features with an energetic value <0.5 kcal/mol were retained and used to 
compose the pharmacophore hypothesis. The e-pharmacophore hypothesis comprises one 
hydrogen bond acceptor (A7), two hydrogen bond donors (D8 and D11), and two aromatic rings 
(R17 and R18). The energy values for the favorable features in the hypothesis are: A3 -0.63 
kcal/mol, D8 -1.60 kcal/mol, D11 -0.70 kcal/mol, R17 -0.52 kcal/mol and R18 -1.60 kcal/mol 
(Figure 27A). The higher absolute value of the feature energy indicates that ligand atom 
mapping exhibits more potent interaction energy with amino acids. In Figure 27 are also 
reported the ROC curves for the e-pharmacophore hypothesis with 0 and 1 features omitted 
 

A B
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Figure 27: A) E-pharmacophore hypothesis for β5i, five features: two Aromatic Rings (Orange), two Hydrogen 
Bond Donator (Blue) and an Hydrogen Bond Acceptor (Red). B) ROC curves, zero feature omitted and one 
features omitted  

The validation results of the e-pharmacophore hypothesis are presented in Table 1. 
 
Table 1: Matching parameters of the e-pharmacophore 

Features omitted AUC1% E.F1% 

0 0.40 20 
1 0.84 8 

 
LigandScout was also used to build a static pharmacophore starting from the the PR-597 docked 
pose. A 6-characteristic model has been obtained: three hydrogen bond acceptors (HBA), two 
hydrogen bond donors (HBD) and one aromatic interaction (Figure 28). 

0 feature omitted

1  feature omitted

A 

B 
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Figure 28: LigandScout model for β5i, six features: an Aromatic Interaction (Yellow), three Hydrogen Bond 
Donator (Green) and two Hydrogen Bond Acceptor (Red). B) ROC curves with 0  feature omitted and one feature 
omitted 

In Figure 28 are also reported the ROC curves for the LigandScout model with 0 and 1 features 
omitted. The model showed values of AUC1% = 0.92 and EF1% = 21.2 when 0 feature is omitted, 
and values of AUC1% = 1.00 and EF1% = 12 when 1 feature is omitted (Table 2). 
 
Table 2: Matching parameters of the LigandScout model 

Features omitted  AUC1% E.F1% 

0 0.92 21.2 
1 1 12 

 
  

0 feature omitted

1  feature omitted

A 

B 
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3.5.3.3 β1i and β5i virtual screening  
 
The pharmacophore models obtained from the β1i dynamic studies were used to carry out the 
virtual screening on the merged commercial library (VSβ1i). 
The β5i models built with the docking scoring function and pharmacophore tools were also 
used to carry out the virtual screening campaign on the same merged commercial library 
(VSβ5i). The VSβ5i started using the HTVS, SP and XP docking screening. The 10% of the 
prioritized ligands were retained from screening for the steps of docking HTVS and SP. Taking 
into consideration that the previously validated models showed excellent AUC and EF values 
up to 1% of the screened library, 1% of hits obtained from XP mode were then submitted to 
pharmacophore matching. 
The hits obtained from VSβ1i and VSβ5i were ranked according to the consensus score 
described in the Materials and Methods section. The consensus score improved the selection 
and retrieval of the molecules in common between the pharmacophore models for β1 and β5. 
Finally, the hit molecules retrieved after consensus scoring were further evaluated with Induced 
Fit Docking (IFD) on β1i and β5i subunits. IFD confers more flexibility to the protein side 
chains, allowing the ligands to adjust and optimize binding interactions within the active sites. 
A visual inspection of IFD outcomes was helpful to enrich the final selection. Thirty-six 
molecules (20 for β1i, 11 for β5i and 5 for both subunits) were selected and purchased for in 
vitro screening against β1i and β5i subunit using an enzymatic assay (Table 3). 
 
Table 3: Molecules selected for the enzymatic assay on β1i and β5i 

β1i β5i β1i/ β5i 

RIM457 RIM436 RIM312 
RIM1578 RIM484 RIM518 
RIM530 RIM493 RIM671 
RIM552 RIM496 RIM701 
RIM1361 RIM505 RIM1470 
RIM1436 RIM1438 
RIM1500 RIM1485 
RIM1517 RIM1584 
RIM1579 RIM1588 
RIM1580 RIM1590 
RIM1581 RIM1592 
RIM1583 
RIM1586 
RIM1587 
RIM1589 
RIM1582 
RIM1593 
RIM1358 
RIM1585 
RIM1573 

 
These hits were evaluated for the capability to inhibit both subunits of i20S by measuring the 
rate of hydrolysis of the appropriate fluorogenic substrate Ac-Pro-Ala-Leu-AMC for β1i and 
(Suc-Leu-Leu-Val-Tyr-AMC for β5i. Compound1 was used as a positive control for β1i and 
MG-132 for β5i. 
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First, compounds underwent preliminary screening on each proteolytic subunit at 100 µM. 
Compounds able to inhibit the enzymatic activity by more than 50% were characterized in 
details. Continuous assays were thus performed (progress curve method, at seven different 
concentrations, ranging from those that minimally inhibited to those that fully inhibited the 
immunoproteasome subunit) to determine the Ki values (Table 4). 
As shown in Table 4, some of the tested compounds were characterized in details (RIM312, 
RIM436, RIM1436, RIM1438, RIM1500, RIM1589 and RIM1593). Interestingly, as observed 
in the in silico studies, compound RIM312 inhibits both subunits (Ki =12.53 ± 0.18 µM for β1i 
and 31.95±0.81 µM for β5i). RIM436 and RIM1589 inhibit β1i subunits, while RIM1436, 
RIM1438, RIM1500 and RIM1593 inhibit β5i.  
 
Table 4: Activity of selected compounds on β1i and β5i immunoproteasome. Activity is expressed in µM 

Compound  Structure β1i  β5i  

RIM312 

 

12.53±0.18 31.95±0.81 

RIM436 

 

11.84±1.63 9% 

RIM457 

 

n.i. 23% 

RIM484 

 

n.i. 4% 

RIM493 

 

n.i. 17% 

RIM496 

 

n.i. 18% 
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RIM505 

 

n.i. 18% 

RIM530 

 

24% 10% 

RIM552 

 

n.i. 28% 

RIM671 

 

u.s. u.s. 

RIM701 

 

u.s. u.s. 

RIM1358 

 

18% 10% 

RIM1361 

 

2% 23% 

RIM1436 

 

40% 43.68±4.02 
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RIM1438 
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RIM1580  
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RIM1589  
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RIM312, on β1i, showed a pi–pi stacking interaction between Phe31 and the furan aromatic 
ring, as observed in the previous study. A new interaction, not previously recorded, involves 
the Thr1 residue with the CO of the dihydroquinoline ring by a hydrogen bond (Figure 29A-B). 
As in β1i, in β5i, the furan ring showed the same pi-pi stacking interaction, but with another 
residue, Tyr169. Thr1 formed a hydrogen bond interaction with the NH of the amide. Finally, 
two hydrogen bonds were registered between the Thr21 residue with the NH group of the 
dihydroquinoline and the CO of the amide (Figure 29C-D). 
 

 
Figure 29: Poses of RIM312 on A-B) β1i and C-D) β5i subunits 
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3.5.4 CONCLUSION 
 
With the aim to design novel non-covalent inhibitors for β1i and β 5i subunits, A scaffold-
hopping Virtual Screening campaign was employed. 
The compounds obtained by VS were docked using Induced Fit Docking (IFD) to evaluate the 
interaction with the active site. Finally, 36 compounds: 20 for β1i, 11 for β5i and 5 in common 
were chosen and evaluated by biological assay.  
Some of them showed activity in the micromolar range on β1i and β5i, in particular, as observed 
in the in silico study, compound RIM312 inhibits both subunits (Ki =12.53 ± 0.18 µM for β1i 
and 31.95±0.81 µM for β5i). 
The cellular inhibition assay on MM.1S and HepG2 cells overexpressing the 
immunoproteasome are ongoing as far as the optimization of the hits obtained to increase the 
activity on β1i and β5i immunoproteasome subunits. 
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3.6 SYNTHESIS OF NOVEL PROTEASOME INHIBITORS  
 
3.6.1 INTRODUCTION 
 
The ubiquitin-proteasome system (UPS) is a key pathway involved in the intracellular protein 
turnover of eukaryotic cells. It is also responsible for the regular cell progression, immune 
surveillance and homeostasis control. Problems related to the UPS can lead to an uncontrolled 
cell proliferation and to tumor development. Proteasome is also involved in the degradation of 
many proto-oncoproteins, which, if not removed from cells, can generate malignancies. 
20S proteasome core is characterized by a barrel-like structure with four stacked rings: two 
inner β-rings, containing the catalytic subunits, and two outer α-rings, whose function is to 
maintain a gate through which proteins enter the barrel-like structure. The catalytic subunits are 
β1, β2, β5, which are responsible for the caspase-like, trypsin-like and chymotrypsin-like 
activities, respectively. It is currently well demonstrated that targeting the β5 catalytic subunit 
is a promising strategy to develop novel anticancer agents both for solid and hematologic 
tumors [96]. 
In order to design novel proteasome inhibitors, a series of amide derivatives 1a-h were 
synthesized (Figure 30). The designed inhibitors, lacking the electrophilic portion, were 
designed to act as non-covalent inhibitors, which could prove to be a promising therapeutic 
strategy, being devoid of the undesirable effects related to irreversible inhibition. 
The structure of novel amides bears a pyridone scaffold at the P3 site, as bioisostere of a leucine 
residue; its function is also to block the peptide in the bioactive conformation [96].  
The amino group in position 5 of the pyridone scaffold has been introduced with the aim to 
increase the polarity of the molecules and with the idea to promote the conjugation of the most 
active molecules with graphene quantum dots (GQD). GQD are the next generation of carbon-
based nanomaterials, endowed of size-dependent photoluminescence and, due to the many 
reactive oxygen functional groups, endowed of water dispersibility, thus being able to improve 
the solubility of poor soluble drugs, and at the same time to enhance its cell uptake.  
Because of the lack of specificity at the P2 site, a glycine residue was introduced in this position, 
whereas the amide group at the P1 site was functionalized with hydrophobic aliphatic or 
aromatic substituents (a-h) for the accommodation into the S1 pocket of the β5c subunit that is 
large and hydrophobic [97]. 
 

 
Figure 30: Design of novel proteasome inhibitors 

 

3.6.2 MATERIALS AND METHODS 
 
3.6.2.1 Chemistry 
 
All reagents and solvents were purchased from commercial suppliers and used without any 
further purification. The reactions conducted with the aid of microwave radiation were 
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Model 1106 (Elemental Analyzer for C, H and N) and the results are within ±0.4% of the 
theoretical values. Merck silica gel 60 F254 plates were used for analytical TLC; column 
chromatography was carried out on Merck silica gel (70–230 mesh). 1H-NMR and 13C-NMR 
spectra were recorded on a Varian 500 MHz NMR spectrometer operating at frequencies of 
499.74 and 125.73 MHz for 1H-NMR, and 13C-NMR spectra, respectively. The residual signal 
of the deuterated solvent was used as an internal standard. Chemical shifts are given in δ (ppm) 
and coupling constants (J) in Hz. Splitting patterns are described as singlet (s), broad singlet 
(bs), doublet (d), triplet (t), quartet (q), multiplet (m), doublet of doublet (dd), or triplet of 
doublets (td). 
 

Ethyl 2-(5-nitro-2-oxopyridin-1(2H)-yl)acetate (3) 

A suspension of NaH at 57% (3.6 g, 0.086 mmol) in dry DMF at 0 °C under N2 was treated 
with a solution of 5-nitro-2-pyridone 2 (5 g, 0.036 mmol) in dry DMF. After 1 h, ethyl 
bromoacetate (5.9 mL, 0.053 mol) was added to the mixture and the reaction was stirred 
overnight at room temperature. The reaction was quenched with saturated NH4Cl and the 
organic phase was extracted with EtOAc. The combined organic phases were washed with 
saturated NaCl, dried over Na2SO4, filtered and concentrated in vacuo. The crude was purified 
by column chromatography (light petroleum /EtOAc 5:5) to give compound 3 as a white oil 
(3.95 g, 61%); Rf = 0.63 (light petroleum/EtOAc 5:5); 1H NMR (500 MHz, CDCl3) δ = 1.26 
(t, 3H), 4.22 (q, J = 7.1 Hz, 2H), 4.66 (s, 2H), 6.54 (d, J = 10.1 Hz, 1H), 8.07 (dd, J = 10.1 Hz 
and 3.0 Hz, 1H), 8.51 (d, J = 3.0 Hz, 1H) ppm; 13C NMR (75 MHz, CDCl3) δ = 29.68, 50.97, 
62.60, 119.61, 130.94, 133.78, 139.95, 161.05, 166.39 ppm. 

2-(5-Nitro-2-oxo-2H-pyridin-1-yl)-acetic acid (4) 

A solution of ester 3 (3.95 g, 0.017 mol) in MeOH/H2O/dioxane (1:1:1) at 0 °C was treated 
with LiOH (1.25 g, 0.052 mol) and stirred for 12h at room temperature. Then, solvents were 
evaporated at reduced pressure. The residual was treated with 10% of KHSO4. The aqueous 
layer was extracted with EtOAc and the organic phase was dried over Na2SO4, filtered and 
concentrated in vacuo to give compound 4 as a brown-yellow powder, used without any further 
purification (1.76 g,  51%); 1H NMR (500 MHz, CDCl3) δ = 3.60 (s, 2H), 5.37 (d, J = 10.1 Hz, 
1H), 7.00 (dd, J = 10.1 Hz and 3.0 Hz, 1H), 8.06 (d, J = 3.0 Hz, 1H) ppm. 

Procedures for the coupling of amides 6a-h 

N-Propyl-2-(5-nitro-2-oxopyridin-1(2H)-yl) acetamide (6a)  

To a solution of carboxylic acid 4 (200 mg, 1.01 mmol) in dry DCM and DMF (1.5 mL) cooling 
to 0°C were added HOBt (204.6 mg, 1.51 mmol) and EDCI (290.3 mg, 1.51 mmol). After 10 
minutes, DIPEA (215.2 µl, 1.21 mmol) and propylamine 5a (99.6 µL, 1.21 mmol) dissolved in 
DMF were added, and the mixture was stirred at room temperature overnight. The organic layer 
was washed with a saturated solution of NaCl, dried over Na2SO4, filtered and concentrated 
under reduced pressure. The crude residue was purified by column chromatography using an 
eluent mixture EtOAc/light  petroleum 7:3 to obtain the coupling product 6a, white powder, 
135.7 mg, yield 56; Rf = 0.40 (EtOAc/light petroleum 7:3). 1H NMR (500 MHz, DMSO) δ =  
0.90 (t, J = 7.1 Hz, 3H), 1.55 – 1.63 (m, 2H), 3.18 – 3.25 (m, 2H), 4.62 (s, 2H), 6.52 (d, J = 10.1 
Hz, 1H), 8.23 (d, J = 10.1 Hz, 1H), 8.35 (s, 1H), 9.24 (d, J = 2.6 Hz, 1H) ppm; 13C NMR (75 
MHz, DMSO) δ = 12.40, 22.45, 43.20, 51.34, 116.25, 130.82, 132.65, 144.75, 162.34, 165.82 
ppm. 
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N-Butyl-2-(5-nitro-2-oxopyridin-1(2H)-yl)acetamide (6b)  
 
Following the same procedure used for compound 6a, a solution of 2-(5-nitro-2-oxo-2H-
pyridin-1-yl)-acetic acid 4 (200 mg, 1.01 mmol) was reacted with butylamine 5b (119.6 µL, 
1.21 mmol). The crude obtained was purified by column chromatography using an eluent 
mixture of EtOAc/light  petroleum 5:5 to obtain the coupling product 6b, yellow powder, 197.8 
mg, yield 75% Rf = 0.45 (EtOAc/light  petroleum 6:4). 1H NMR (500 MHz, DMSO) = 0.86 (t, 
J = 7.3 Hz, 3H), 1.24 – 1.31 (m, 2H), 1.35 – 1.42 (m, 2H), 3.07 (d, J = 5.5 Hz, 2H), 4.67 (s, 
2H), 6.47 (dd, J = 10.0 Hz and 2.9 Hz, 1H), 8.15 (dd, J = 10.0 Hz and 2.9 Hz, 1H), 8.24 (s, 1H), 
9.13 (d, J = 2.9 Hz, 1H) ppm; 13C NMR (75 MHz, DMSO) δ = 13.62, 19.44, 31.08, 38.42, 
51.52, 117.91, 129.54, 133.70, 143.01, 160.83, 165.48 ppm.   
 
N-isobutyl-2-(5-nitro-2-oxopyridin-1(2H)-yl)acetamide (6c)  
 
Following the same procedure used for compound 6a, a solution of 2-(5-nitro-2-oxo-2H-
pyridin-1-yl)-acetic acid 4 (200 mg, 1.01 mmol) was reacted with isobutylamine 5c (119.9 µL, 
1.21 mmol). The crude obtained was purified by column chromatography using an eluent 
mixture of EtOAc/light  petroleum 8:2 to obtain the coupling product 6c, white powder, 173.9 
mg, yield 68%; Rf = 0.30 (light  petroleum/EtOAc 5:5); 1H NMR (500 MHz, DMSO) δ = 0.83 
(d, J = 6.7 Hz, 6H), 1.62 – 1.73 (m, 1H), 2.87 – 2.93 (m, 2H), 4.69 (s, 2H), 6.47 (dd, J = 10.1 
Hz and 2.8 Hz, 1H), 8.15 (dd, J = 10.1 Hz and 2.8 Hz, 1H), 8.25 (s, 1H), 9.13 (d, J = 2.8 Hz, 
1H) ppm; 13C NMR (75 MHz, DMSO) δ = 20.47, 28.53, 46.68, 52.05, 118.34, 129.77, 134.16, 
143.49, 161.29, 166.09 ppm. 
 
N-isopentyl-2-(5-nitro-2-oxopyridin-1(2H)-yl)acetamide (6d)  
 
Following the same procedure used for compound 6a, a solution of 2-(5-nitro-2-oxo-2H-
pyridin-1-yl)-acetic acid 4 (200 mg, 1.01 mmol) was reacted with isopentylamine 5d (140.6 
µL, 1.21 mmol). The crude obtained was purified by column chromatography using an eluent 
mixture of EtOAc/light petroleum 7:3 to obtain the coupling product 6d, white powder, 199.8 
mg, yield 74%; Rf = 0.47 (EtOAc/light petroleum 6:4); 1H NMR (500 MHz, DMSO) δ = 1.01 
(d, J = 6.6 Hz, 6H), 1.42 – 1.47 (m, 2H), 1.68 – 1.77 (m, 1H), 3.20 – 3.28 (m, 2H), 4.82 (s, 2H), 
6.62 (dd, J = 10.1 Hz and 2.4 Hz, 1H), 8.29 (d, J = 10.1 Hz, 1H), 8.37 (s, 1H), 9.26 (d, J = 2.4 
Hz, 1H) ppm; 13C NMR (75 MHz, DMSO) δ = 22.64, 25.32, 37.32, 38.29, 51.85, 118.24, 
129.86, 134.04, 143.35, 161.16, 165.77 ppm.  
 
N-cyclohexyl-2-(5-nitro-2-oxoyiridin-1(2H)-yl)acetamide (6e) 
 
Following the same procedure used for compound 6a, a solution of 2-(5-nitro-2-oxo-2H-
pyridin-1-yl)-acetic acid 4 (200 mg, 1.01 mmol) was reacted with cyclohexylamine 5e (138.7 
µL, 1.21 mmol). The crude obtained was purified by column chromatography using an eluent 
mixture of EtOAc/light  petroleum 7:3 to obtain the coupling product 6e, white powder, 203.1 
mg, yield 72%; Rf = 0.35 (EtOAc/light  petroleum 5:5); 1H NMR (500 MHz, DMSO) δ =  0.58 
– 0.76 (m, 6H), 0.96 – 1.04 (m, 1H), 1.09 – 1.23 (m, 4H), 4.13 (s, 2H), 5.94 (d, J = 10.1 Hz, 
1H), 7.61 (dd, J = 10.0 Hz and 3.1 Hz, 1H), 7.64 (s, 1H), 8.58 (d, J = 3.1 Hz, 1H) ppm; 13C 
NMR (75 MHz, DMSO) δ = 23.56, 24.86, 32.44, 51.74, 53.89, 114.25, 130.62, 133.94, 146.51, 
164.44, 170.89 ppm. 
 
N-phenyl-2-(5-nitro-2-oxopyridin-1(2H)-yl)acetamide (6f)  
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Following the same procedure used for compound 6a, a solution of 2-(5-nitro-2-oxo-2H-
pyridin-1-yl)-acetic acid 4 (200 mg, 1.01 mmol) was reacted with aniline 5f (117.7 µL, 1.21 
mmol). The crude obtained was purified by column chromatography using an eluent mixture of 
EtOAc/light  petroleum 6:4 to obtain the coupling product 6f, white powder, 184.9 mg, yield 
67%; Rf = 0.5 (EtOAc/light  petroleum 6:4); 1H NMR (500 MHz, DMSO) δ =  4.76 (s, 2H), 
6.66 (d, J = 10.1 Hz, 1H), 7.15 (t, J = 7.2 Hz, 1H), 7.33 (t, J = 7.3 Hz, 2H), 7.50 (d, J = 7.8 Hz, 
2H), 8.18 (d, J = 10.1 Hz, 1H), 8.22 (s, 1H), 8.76 (s, 1H) ppm; 13C NMR (75 MHz, DMSO) δ 
= 52.38, 115.84, 120.38, 124.56, 128.58, 131.95, 133.68, 136.05, 145.33, 164.16, 167.89 ppm. 
 
N-benzyl-2-(5-nitro-2-oxopyridin-1(2H)-yl)acetamide (6g)  
 
Following the same procedure used for compound 6a, a solution of 2-(5-nitro-2-oxo-2H-
pyridin-1-yl)-acetic acid 4 (200 mg, 1.01 mmol) was reacted with benzylamine 5g (132.2 µL, 
1.21 mmol). The crude obtained was purified by column chromatography using an eluent 
mixture of EtOAc/light  petroleum 6:4 to obtain the coupling product 6g, white powder, 116 
mg, yield 40%; Rf = 0.50 (EtOAc/light  petroleum 6:4); 1H NMR (500 MHz, DMSO) δ =  4.33 
(d, J = 5.8 Hz, 2H), 4.78 (s, 2H), 6.52 (d, J = 10.0 Hz, 1H), 7.22 – 7.37 (m, 5H), 8.17 (dd, J = 
3.0 Hz, 1H), 8.80 (s, 1H), 9.15 (d, J = 3.0 Hz, 1H) ppm; 13C NMR (75 MHz, DMSO) δ = 45.24, 
52.68, 114.25, 125.71, 126.99, 128.14, 130.56, 132.88, 136.74, 147.26, 164.32, 166.90 ppm. 
 
N-phenylethyl-2-(5-nitro-2-oxopyridin-1(2H)-yl)acetamide (6h)  
 
Following the same procedure used for compound 6a, a solution of 2-(5-nitro-2-oxo-2H-
pyridin-1-yl)-acetic acid 4 (200 mg, 1.01 mmol) was reacted with phenethylamine 5h (152.3 
µL, 1.21 mmol). The crude obtained was purified by column chromatography using an eluent 
mixture of EtOAc/light  petroleum 6:4 to obtain the coupling product 6h, white powder, 120.4 
mg, yield 44%; Rf = 0.45 (EtOAc/light  petroleum 6:4). 1H NMR (500 MHz, DMSO) δ =  2.64 
(t, J = 5.4 Hz, 2H), 4.17 (d, J = 5.9 Hz, 2H), 4.69 (s, 2H), 6.87 (d, J = 10.4 Hz, 1H), 7.14 – 7.28 
(m, 5H), 8.12 (dd, J = 2.9 Hz, 1H), 8.79 (s, 1H), 8.96 (d, J = 2.6 Hz, 1H) ppm; 13C NMR (75 
MHz, DMSO) δ = 35.62, 40.15, 50.28, 117.11, 124.98, 126.22, 128.04, 130.62, 132.44, 139.27, 
146.48, 166.52, 169.18 ppm. 
 
2-(5-Amino-2-oxopyridin-1(2H)-yl)-N-propyl-acetamide (1a) 
 
A solution of N-propyl-2- (5-nitro-2-oxopyridin-1 (2H)-yl) acetamide 6a (135.7 mg, 0.57 
mmol) in ethanol (5mL) hydrazine (276.5 µL, 5.7 mmol) and the Pd / C catalyst in catalytic 
quantity was added in a 10mL microwave vial equipped with a magnetic stirrer and subjected 
to microwave irradiation at 140 ° C, 50 W for thirty minutes. After this time, an addition of 
hydrazine (138.2 µL, 2.8 mmol) and the catalyst was made and irradiated at 140 ° C, 50 W for 
fifteen minutes. After the reaction time, a filtration on celite with ethanol was carried out. The 
crude was purified by column chromatography using an eluent mixture of CHCl3 / MeOH 95: 
5 to obtain the final product 1a, white powder, 39 mg, yield 33% ; Rf = 0.4 (CHCl3/MeOH 
95:5); 1H NMR (500 MHz, CDCl3) δ = 0.81 (t, J = 7.1 Hz, 3H), 1.44 (dd, J = 14.6 Hz and 7.3 
Hz, 2H), 3.11 (dd, J = 12.9 Hz and 6.2 Hz, 2H), 4.47 (s, 2H), 6.20 (t, J = 6.7 Hz, 1H), 6.56 (d, 
J = 9.1 Hz, 1H), 6.90 (s, 1H), 7.35 (d, J = 6.7 Hz, 1H) ppm; 13C NMR (75 MHz, CDCl3) δ = 
12.64, 20.45, 40.15, 52.34, 118.64, 121.28, 132.75, 164.25, 167.99 ppm. Elementary Analysis: 
calculated for C10H15N3O2: C 57.40, H 7.23, N 20.08; found C 57.24, H 7.63, N 19.96. 
 
2-(5-Amino-2-oxopyridin-1(2H)-yl)-N-butyl-acetamide (1b) 
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Compound 1b was synthesized starting from N-butyl-2-(5-nitro-2-oxopyridin-1 (2H)-yl) 
acetamide 6b (191.8 mg, 0.76 mmol), following the same procedure used for compound 1a,. 
The crude was purified by column chromatography using an eluent mixture of CHCl3 / MeOH 
95: 5 to obtain the final product 1b, white powder, 54 mg, yield 32%, ; Rf  = 0.36 
(CHCl3/MeOH 95:5); 1H NMR (500 MHz, CDCl3) δ = 0.89 (t, J = 7.3 Hz, 3H), 1.25 – 1.35 
(m, 2H), 1.60 – 1.67 (m, 2H), 3.22 (dd, J = 13.0 Hz and 7.1 Hz, 2H), 4.53 (s, 2H), 6.27 (t, J = 
6.7 Hz, 1H), 6.63 (d, J = 9.9 Hz, 1H), 6.94 (s, 1H), 7.42 (d, J = 6.8 Hz, 1H) ppm; 13C NMR (75 
MHz, CDCl3) δ = 13.76, 20.16, 31.68, 39.94, 54.23, 107.01, 127.10, 138.04, 140.53, 166.59, 
167.06 ppm. Elementary Analysis: calculated for C11H17N3O2: C 59.17, H 7.67, N 18.82; found 
C 58.94, H 8.01, N 18.67. 
 
2-(5-Amino-2-oxopyridin-1(2H)-yl)-N-isobutyl-acetamide (1c) 
 
Compound 1c was synthesized starting from N-isobutyl-2-(5-nitro-2-oxopyridin-1(2H)-yl) 
acetamide 6c (173.9 mg, 0.69 mmol), following the same procedure used for compound 1a. 
The crude was purified by column chromatography using an eluent mixture of CHCl3 / MeOH 
95: 5 to obtain the final product 1c, yellow powder, 56 mg, yield 37%; Rf = 0.40 (CHCl3/MeOH 
95:5); 1H NMR (500 MHz, CDCl3) δ = 0.87 (d, J = 6.7 Hz, 6H), 1.70 – 1.81 (m, 1H), 3.04 (t, J 
= 6.3 Hz, 2H), 4.56 (s, 2H), 6.27 (t, J = 6.7 Hz, 1H), 6.64 (d, J = 8.9 Hz, 1H), 7.07 (s, 1H), 7.43 
(d, J = 6.7 Hz, 1H) ppm; 13C NMR (75 MHz, CDCl3) δ = 20.21, 28.56, 47.15, 54.56, 107.30, 
121.03, 138.30, 140.82, 163.19, 167.47 ppm. Elementary Analysis: calculated for C11H17N3O2: 
C 59.17, H 7.67, N 18.82; found C 59.31, H 7.52, N 18.68. 
 
2-(5-Amino-2-oxopyridin-1(2H)-yl)-N-isopentyl-acetamide (1d) 
 
Compound 1d was synthesized starting from N-isopentyl-2- (5-nitro-2-oxopyridin-1 (2H)-yl) 
acetamide 6d (199.8 mg, 0.75 mmol), following the same procedure used for compound 1a. 
The crude was purified by column chromatography using an eluent mixture of CHCl3/MeOH 
95: 5 to obtain the final product 1d, yellow powder, 53 mg, yield 30%; Rf = 0.34 (CHCl3/MeOH 
95:5);1H NMR (500 MHz, CDCl3) = 0.81 (d, J = 6.6 Hz, 6H), 1.30 (dd, J = 14.8 Hz and 7.1 Hz, 
2H), 1.46 – 1.52 (m, 1H), 3.16 (dd, J = 6.0 Hz, 2H), 4.46 (s, 2H), 6.19 (t, J = 6.7, 1.2 Hz, 1H), 
6.55 (d, J = 9.9 Hz, 1H), 6.84 (s, 1H), 7.34 (d, J = 6.7 Hz, 1H) ppm; 13C NMR (75 MHz, CDCl3) 
= δ: 22.62, 26.07, 29.94, 38.25, 54.40, 107.29, 121.02, 138.35, 140.80, 163.16, 167.27 ppm. 
Elementary Analysis: calculated for C12H19N3O2: C 60.74, H 8.07, N 17.71; found C 60.53, H 
7.88, N 17.36. 
 
2-(5-Amino-2-oxopyridin-1(2H)-yl)-N-cicloexhyl-acetamide (1e) 
 
Compound 1e was synthesized starting from N-cyclohexyl-2-(5-nitro-2-oxopyridin-1(2H)-yl) 
acetamide 6e (203.1 mg, 0.73 mmol) following the same procedure used for compound 1a. The 
crude was purified by column chromatography using an eluent mixture of CHCl3 / MeOH 95: 
5 to obtain the final product 1e, yellow powder, 60 mg, yield 33%; ; Rf = 0.49 (CHCl3/MeOH 
95:5); 1H NMR (500 MHz, CDCl3) δ =  0.74 – 0.84 (m, 8H), 1.46 – 1.62 (2H), 3.57 – 3.67 (m, 
1H), 4.44 (s, 2H), 6.19 (t, J = 6.7 Hz, 1H), 6.55 (d, J = 9.0 Hz, 1H), 6.76 (s, 1H), 7.34 (d, J = 
6.7 Hz, 1H) ppm; 13C NMR (75 MHz, CDCl3) δ = 22.47, 24.96, 32.76, 52.16, 54.98, 115.60, 
120.06, 132.52, 137.86, 166.48, 169.35 ppm.  Elementary Analysis: calculated for C13H19N3O2: 
C 62.63, H 7.68, N 16.85; found C 62.91, H 7.83, N 16.53. 
 
2-(5-Amino-2-oxopyridin-1(2H)-yl)-N-phenyl-acetamide (1f) 
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Compound 1f was synthesized starting from 2-(5-nitro-2-oxopyridin-1(2H)-yl)-N-phenyl-
acetamide 6f (184.9 mg, 0.68 mmol), following the same procedure used for compound 1a. The 
crude was purified by column chromatography using an eluent mixture of CHCl3 / MeOH 95: 
5 to obtain the final product 1f, white powder, 49 mg, yield 30% ; Rf = 0.42 (CHCl3/MeOH 
95:5); 1H NMR (500 MHz, CDCl3) δ = 4.64 (s, 2H), 6.27 (s, 1H), 6.64 (d, J = 8.8 Hz, 1H), 7.00 
– 7.07 (m, 2H), 7.37 – 7.52 (m, 5H) ppm; 13C NMR (75 MHz, CDCl3) δ = 50.96, 109.45, 121.39, 
121.98, 123.70, 124.85, 128.05, 133.23, 136.76, 165.05, 166.84 ppm. Elementary Analysis: 
calculated for C13H13N3O2: C 64.19, H 5.39, N 17.27; found C 63.98, H 5.28, N 17.41. 
 
2-(5-Amino-2-oxopyridin-1(2H)-yl)-N-benzyl-acetamide (1g) 
 
Compound 1g was synthesized starting from 2-(5-nitro-2-oxopyridin-1(2H)-yl)-N-benzyl-
acetamide 6g (116 mg, 0.40 mmol), following the same procedure used for compound 1a. The 
crude was purified by column chromatography using an eluent mixture of CHCl3 / MeOH 95: 
5 to obtain the final product 1g, yellow powder, 35 mg, yield 34%; Rf = 0.43 (CHCl3/MeOH 
95:5); 1H NMR (500 MHz, CDCl3) δ = 4.35 (d, J = 5.8 Hz, 2H), 4.52 (s, 2H), 6.20 (t, J = 6.7 
Hz, 1H), 6.55 (d, J = 9.0 Hz, 1H), 7.15 (d, J = 7.3 Hz, 2H), 7.21 – 7.25 (m, 2H), 7.31 – 7.37 
(m, 2H) ppm; 13C NMR (75 MHz, CDCl3) δ = 42.28, 50.64, 110.06, 120.64, 121.99, 125.52, 
128.02, 128.88, 133.78, 138.61, 164.08, 166.91 ppm. Elementary Analysis: calculated for 
C14H15N3O2: C 65.35, H 5.88, N 16.33; found C 65.51, H 5.61, N 16.64.  
 
2-(5-Amino-2-oxopyridin-1(2H)-yl)-N-phenylethyl-acetamide (1h) 
 
Compound 1h was synthesized starting from 2-(5-nitro-2-oxopyridin-1(2H) -yl)-N-
phenylethyl-acetamide 6h (133.9 mg, 0.44 mmol), following the same procedure used for 
compound 1a. The crude was purified by column chromatography using an eluent mixture of 
CHCl3 / MeOH 95: 5 to obtain the final product 1h, yellow powder, 42 mg, yield 35%; Rf = 
0.45 (CHCl3/MeOH 95:5); 1H NMR (500 MHz, CDCl3) δ = 2.58 (t, J = 5.4 Hz, 2H), 3.60 (t, J 
= 5.4 Hz, 2H), 4.36 (s, 2H), 6.31 (t, J = 6.5 Hz, 1H), 6.45 (d, J = 6.5 Hz, 1H), 7.15 (s, 1H), 7.32 
– 7.54 (m, 6H) ppm; 13C NMR (75 MHz, CDCl3) δ = 36.05, 40.25, 50.06, 108.76, 121.38, 
122.99, 124.19, 128.84, 129.03, 132.47, 137.39, 164.22, 167.08 ppm. Elementary Analysis: 
calculated for C15H17N3O2: C 66.40, H 6.32, N 15.49; found C 66.13, H 6.45, N 15.19. 
 
3.6.2.2  Biological activity 
In vitro proteasome inhibition assay 
 
Human 20S proteasome, isolated from human erythrocytes was purchased from Enzo Life 
Science.  
A preliminary screening at 100 µM inhibitor concentrations was carried out on the three 
proteolytic activities of proteasome; an equivalent amount of DMSO as a negative control and 
MG-132, a reversible inhibitor of the proteasome as a positive control was employed. 
Compounds showing at least 60% inhibition at the screening concentration were then 
progressed into detailed assays. 
The substrate Suc-Leu-Leu-Val-Tyr-AMC (Bachem) for the β5c subunit was diluted at 50 µM 
of reaction buffer (Tris buffer, pH 7.5, 0.03% SDS).  
Fluorescence of the product AMC of the substrate hydrolysis was measured at 30°C for 10 
minutes with a 380 nm excitation filter and a 460 nm emission filter, using an Infinite 200 PRO 
microplate reader (Tecan, Männedorf, Switzerland). Compounds showing at least 60% 
inhibition at the screening concentration were then progressed into detailed assays. Continuous 
assays were performed at seven different concentrations ranging from minimally inhibited to 
fully inhibiting each proteolytic activity to calculate the dissociation constants Ki of the 
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enzyme-inhibitor complex using the Cheng-Prusoff equation Ki = IC50/(1 + [S] Km-1). 
Inhibitor solutions were prepared from stocks in DMSO. Each independent assay was 
performed in duplicate in 96-well-plates with a total volume of 200 µL. 
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3.6.3 RESULTS AND DISCUSSION 
 
3.6.3.1 Synthesis of amides 1a-h 
 
The synthesis of amides 1a-h (Schema 1) started from 5-nitro-2-pyridone 2 that was N-
alkylated with ethyl bromoacetate to give ester 3. Subsequently, acid 4 was obtained by alkaline 
hydrolysis with LiOH of the ester function. Coupling reactions between the carboxylic acids 
and the suitable amines 5a-h, in the presence of EDC·HCl, HOBt, as coupling reagents, and 
DIPEA as a base, gave the desired amides 6a-h. The final compounds 1a-h were obtained by a 
reduction of the nitro group under microwave irradiation in the presence of hydrazine and 
palladium catalyst. (Scheme 1). 
 
 

 

 
Scheme 1: Reagents and conditions: a) NaH, DMF, N2, 0 ° C 1h, then ethyl bromoacetate t.a. o.n .; b) LiOH, 
MeOH / H2O / dioxane (1: 1: 1), 0 ° C, 10 min, then rt o.n .; c) HOBt, EDCI, DIPEA, CH2Cl2 / DMF, 0 ° C, 10 
min, then rt o.n .; d) NH2NH2, Pd /C 

 
 

3.6.3.2 Biological activity  
 
The new amide derivatives have been screened to test their ability to inhibit the human 
erythrocyte 20S proteasome by measuring the rate of hydrolysis of the appropriate fluorogenic 
substrate Suc-Leu-Leu-Val-Tyr-AMC, specific for the chymotrypsin-like (ChT-L) activity of 
the proteasome.  
MG-132 (Z-Leu-Leu-Leu-al), a reversible inhibitor of both proteasome and 
immunoproteasome, was used as a positive control. 
First, compounds underwent a preliminary screening on each proteolytic subunit at 100 µM, 
using an equivalent volume of DMSO, as a negative control, and MG-132, as a positive control. 

a  b  c  d  

e  f  g  

h
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Furthermore, all the synthesized derivatives are also undergoing biological evaluation both on 
cell lines of haematological tumors, such as cell lines of multiple myeloma (MM1S, MM1R), 
and on cell lines of solid tumors, such as hepatocarcinoma (HepG2), breast cancer (AMJ13) 
and lung cancer (A549). 
 
Table 5: screening at 100 µM of compounds 1a-f against the β5 subunit of the constitutive human proteasome 

 

Compound R 
% inhibition at 

100 µM 
1a propyl 46% 
1b butyl 11% 
1c isobutyl 28% 
1d isopentyl 62% 
1e cyclohexyl 53% 
1f phenyl 29% 
1g benzyl 34% 
1h phenylethyl u.s. 

u.s. = under screening 
 
Table 5 reports the percentages of inhibition of the preliminary screening of compounds 1a-h. 
From these preliminary results, it seems that as the length of the carbon chain and branches 
increases, or as the amide substituent's steric hindrance increases, the inhibition percentage 
increases. Among all the tested compounds, 1d-1e, bearing at the P1 site an isopentyl and a 
cyclohexyl, turned to be active on the CP at 100 µM. 
On these compounds Tian dilution assays at seven different concentrations to determine the 
dissociation constant Ki for each inhibitor, which is a measure of enzymatic affinity, are in 
progress. 
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4. IN SILICO DESIGN, SYNTHESIS, AND BIOLOGICAL 
EVALUATION OF ANTICANCER ARYLSULFONAMIDE ENDOWED 
WITH ANTI-TELOMERASE ACTIVITY 
 
4.1. INTRODUCTION 
 
Telomere, a nuclear protein complex, defends the terminal ends of chromosomes from 
degradation end-to-end fusion and recombination [98–100]. After each cell division cycle, the 
telomere gradually shortens until the chromosomal DNA is exposed, inducing a DNA damage 
response [101, 102]. This event helps to maintain the stability of genetic information and 
protects the genome in a “time-bomb” manner [103]. When the length of telomeres reaches a 
critical point, cells reach the cycle of termination, ageing, and death [102, 103]. Normal cells 
cannot survive this progressive shortening. Sometimes, cells can extend telomeres by 
reactivating telomerase activity or through a telomere replacement elongation mechanism 
(ALT) to help cells survive the crisis [104]. The reactivation of telomerase is observed in 85–
90% of human tumor cells [105]. Telomerase is a reverse transcriptase that contains an RNA 
template (TER) with its binding domain (TRBD) and reverse transcriptase unit (TERT). 
Telomerase is a challenging target, because can be inhibited at different stages and with several 
mechanism. [106–108]. A first approach is based on inhibiting telomerase access to DNA by 
stabilizing G-quadruplexes formed by a 3’ DNA overhang, which has the task to block telomere 
elongation [108–112]. A second approach includes the use of inhibitors of the enzymatic active 
site of telomerase including antisense compounds to TER [113,114]. The most promising 
approach is possibly using compounds that can directly block the enzyme's active center in the 
catalytic subunit. BIBR1532, which selectively inhibits telomerase activity, was first proposed 
in 2001 and has been patented as a potential anticancer drug [115,116]. As reported in a recent 
review, structure-based drug design strategies can be used to design potential inhibitors of the 
telomerase active site [117]. The first structure showing a co-crystallized inhibitor was 
published in 2015, revealing the Tribolium castaneum full-length catalytic subunit of 
telomerase in complex with the compound BIBR1532 (PDB ID: 5CQG), which showed that 
the studied ligand interacts outside of the active center [118]. This experimental crystal structure 
changed the understanding of the expected mechanism of activity of this compound and 
possibly other active site-directed molecules. BIBR1532 binds to a highly conserved 
hydrophobic pocket (FVYL) motif on the outer surface of the thumb domain of telomerase. 
Several other compounds designed using in silico approaches have been tested as potential 
inhibitors of the catalytic subunit of telomerase [119 -131]. Thus, considering the direct 
inhibition of TERT as the most promising approach for blocking the action of telomerase and 
the lack of an approved drug (Imetelstat is the only one to reach clinical trials [117]) makes the 
search for new and effective inhibitors a hot topic of the drug discovery. 
To date, there is just one piece of evidence of aryl sulfonamide derivatives (SEW05920) as an 
inhibitor of the TERT [132]. In our study, some aryl sulfonamides have been identified as hits, 
also synthesized using green chemistry approaches, and tested against three cancer cell lines K-
562, HCT-116, and MCF-7. The results determined compound 2C as more active than the 
reference compound BIBR1532. The identification of this novel scaffold, which will undergo 
optimization, could help to identify new potent telomerase inhibitors 
 
4.2 MATERIALS AND METHODS 
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4.2.1 Library and Protein Preparation 
 
The in-house library used for this work comprised a series of 126 sulfonamide derivates. The 
sulfonamide and BIBR1532 structures were built using the builder panel in Maestro, and ligand 
preparation was carried out by LigPrep (Schrödinger, LLC, New York, NY, 2021). The force 
field adopted was OPLS4 and Epik 5.5 (Schrödinger, 2021-1) was selected as an ionization tool 
at pH 7.2 ± 0.2. The 2.30 Å resolution crystal structure of Tribolium castaneum telomerase in 
complex with the highly specific inhibitor BIBR1532 (PDB ID: 5CQG) [118] was used. The 
structure was optimized using the Protein Preparation Wizard in Maestro (Schrödinger, 2021-
1) adding bond orders and hydrogen atoms to the crystal structure using the OPLS4 force field. 
The other settings are reported in [133]. 
 
4.2.2 Docking Studies 
 
The library was submitted to a docking study using Glide v9.0 [95] in standard precision (SP) 
with the OPLS4 force field. The grid box was built considering the BIBR1532 as the centroid 
of the grid. The study was performed using no constraints. Van der Waals radii were set at 0.8, 
and the partial cutoff was 0.15 with flexible ligand sampling. Bias sampling torsion penalization 
for amides with non-planar conformation and Epik state penalties were added to the docking 
score. 
 
4.2.3 MYSHAPE Approach 
 
The evaluation of the ligand-protein interaction patterns was performed by using the 
MYSHAPE apprach[35]. 
To construct the MYSHAPE, the PDB ligand–protein structure has been imported into 
LigandScout 4.2.1 [93], and a structure-based pharmacophore model was generated. A shared 
pharmacophore model was then generated using the structure-based pharmacophore models. 
This step allows the generation of a model containing only the features that are common and 
aligned in the PDB models. The PDB ligand was aligned on the previously generated 
pharmacophore, and the features that were common during the MD simulation but that were 
not present in the original shared pharmacophore model were added to the previous model. For 
the newly added pharmacophore features the tolerance radius was increased by 0.15 A  ̊ to 
compensate for small deviations in the 3D coordinates. 
 
4.2.4 MM-GBSA Free Energy Calculations and Molecular Dynamics simulation 
 
The output of docking was used to calculate the ΔG values of the BIBR1532 and molecules 
using MM-GBSA (molecular mechanics generalized-born surface area) [133,134] (Prime, 
Schrödinger, LLC, New York, NY, USA, 2021). The VSGB solvation model was chosen using 
OPLS4 force field with the minimized sampling method. 
A 100 ns MD simulation was carried out using a Desmond 6.5 (Desmond Molecular Dynamics 
System, D. E. Shaw Research, New York, NY, 2021) using the OPLS4 force field for the 
complex TERT/2C. The complex was solvated in a cubic box using the TIP3P. Ions were added 
to neutralize charges. The systems were minimized and equilibrated at a temperature of 303.15 
K and a pressure of 1.013 bar. The system was simulated as an NPT ensemble; a Nose–Hover 
thermostat and Martyna–Tobia–Klein barostat were used. The integration time step was chosen 
to be 2 fs. To keep the hydrogen-heavy atom bonds rigid, the SHAKE algorithm was used. A 9 
Å cutoff radius was set for the short-range Coulomb interactions, and smooth particle mesh 
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Ewald was used for the long-range interactions. The detection ranges for energy were 1.2 ps, 
and 5.0 ps for the trajectory. 
 
4.2.5 ADME Prediction 
 
Drug-likeness, physicochemical properties, lipophilicity, solubility, and pharmaco-kinetics 
properties were analyzed by the SwissADME web tool (http://www.swissadme.ch/index.php, 
accessed on 30 November 2021) [135]. 
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4.2.6 Chemistry 
 
All melting points were taken on a Büchi melting point M-560 apparatus and were uncorrected. 
IR spectra were recorded in Bromoform with a JASCO FT-IR spectrophotometer. 1H and 13C 
NMR spectra were measured at 200 and 50.0 MHz, respectively, in DMSO-d6 solution and 
TMS as an internal standard, using a Bruker Avance II Series 200 MHz spectrometer or at 300 
and 75 MHz (APT) with a Bruker AC-E spectrometer. Column chromatography was performed 
with Merck silica gel (230–400 mesh ASTM). Elemental analyses (C, H, and N) were within 
±0.4% of theoretical values. The substituted benzylamine derivatives were commercially 
available and were used without further purification. For all the compounds already cited in the 
literature, the IR and NMR spectra results were identical to those reported (1A–E). The 1H and 
13C NMR spectra of newly synthesized compounds (1F,G and 2A–C) are reported in the 
original manuscript.  
 
General Methods for the Preparation of N-(R’-benzyl)-4-R-benzenesulfonamides of Type 
1 
 
Method X: To a stirred solution of amino derivative (1.5 mmol) in anhydrous THF (20 mL), 
an equimolar amount of triethylamine (0.21 mL) and the suitable sulfonylchloride were added. 
The reaction mixture was stirred for the appropriate time-lapse until the disappearance of the 
starting amine (TLC monitoring). The ammonium salt was collected and taken up with 20 mL 
H2O. The aqueous solution was extracted using DCM. The organic layers were combined with 
the organic mother liquor, dried over Na2SO4, and concentrated under reduced pressure to yield 
the desired sulfonamide of type 1. 
Method Y: The amino derivative (5 mmol) was dissolved in dry pyridine, and the suitable 
sulfonylchloride (5 mmol) was added. The reaction mixture was stirred for the appropriate time-
lapse until the disappearance of starting amine (TLC monitoring). The mixture was poured onto 
ice/water and the solid precipitate was collected by filtration, air-dried, and recrystallized from 
ethanol. 
 
N-(4-Chlorobenzyl)-4-methylbenzenesulfonamide (1A) 
This compound was prepared according to Method X. The reaction mixture was stirred for 24 
h at room temperature. Yield 70%. Mp 98 °C ([136] 107–108 °C; [137] 106.1 °C). 1H NMR 
ppm: 2.43 (s, 3H, Me), 4.06 (d, J = 6.4 Hz, 2H, CH2), 5.18 (t, J = 6.0 Hz, 1H, NH), 7.11 (d, J = 
8.4 Hz, 2H, Ar-H), 7.20 (d, J = 8.4 Hz, 2H, Ar-H), 7.27 (d, J = 8.0 Hz, 2H, Ar-H), 7.70 (d, J = 
8.4 Hz, 2H, Ar-H). 13C NMR ppm: 21.6, 46.6, 127.2, 128.8, 129.3, 129.9, 133.7, 135.1, 136.9, 
and 143.8. 
 
N-(4-Chlorobenzyl)-4-acetylaminobenzenesulfonamide (1B) 
This compound was prepared according to Method X. The reaction mixture was stirred for 24 
h at room temperature and under reflux for an additional 4 h. Yield 64%. Mp 152°C [138] 172–
174 °C). 1H NMR ppm: 2.10 (s, 3H, Me), 3.08 (bs, 1H, NH), 3.96 (s, 2H, CH2), 7.30–8.11 (m, 
8H, Ar-H), 10.42 (bs, 1H, NH). 13C NMR ppm: 24.1, 45.5, 118.6, 127.6, 128.5, 129.4, 131.6, 
134.1, 136.9, 142.5, and 169.0. 
 
N-(4-Chlorobenzyl)-4-nitrobenzenesulfonamide (1C) 
This compound was prepared according to Method X. The reaction mixture was stirred under 
reflux for 4.5 h. Yield 78%. Mp 174–176 °C ([139] 168–170 °C). 1H NMR ppm: 3.80 (d, J = 
6.0 Hz, 2H, CH2), 6.61 (d, J = 8.0 Hz, 2H, Ar-H), 6.85 (d, J = 8.0 Hz, 2H, Ar-H), 7.15 (d, J = 
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8.0 Hz, 2H, Ar-H), 7.45 (d, J = 8.0 Hz, 2H, Ar-H), 7.56 (t, J = 6.0 Hz, 1H, NH). 13C NMR 
ppm: 45.5, 112.6, 113.5, 125.5, 128.4, 128.9, 129.8, 152.4, and 158.3. 
 
N-(4-Methoxybenzyl)-4-methylbenzenesulfonamide (1D) 
This compound was prepared according to Method A X. The reaction mixture was stirred for 3 
h at room temperature. Yield 71%. Mp 122–123 °C ([140] 114–117 °C; [141] 122–123 °C from 
EtOAc). 1H NMR (300 MHz, DMSO) ppm: 2.38 (s, 3H, Me), 3.72 (s, 3H, Me), 3.89 (s, 2H, 
CH2), 6.85 (d, J = 8.4 Hz, 2H, Ar-H), 7.17 (d, J = 8.4 Hz, 2H, Ar-H), 7.38 (d, J = 8.0 Hz, 2H, 
Ar-H), 7.71 (d, J = 8.4 Hz, 2H, Ar-H), 8.03 (bs, 1H, NH). 13C NMR ppm: 20.9, 45.8, 55.0, 
113.6, 126.5, 128.9, 129.4, 129.5, 137.8, 142.5, and 158.4. 
 
N-(4-Methoxybenzyl)-4-acetylaminobenzenesulfonamide (1E) 
This compound was prepared according to Method Y. The reaction mixture was stirred for 1 h 
at room temperature and under reflux for an additional 2 h. Yield 49%. Mp 192–193 °C ([140] 
164–167 °C). 1H NMR ppm: 1.84 (s, 2H, CH2), 2.12 (s, 3H, Me), 4.46 (sa, 1H, NH), 7.74 (d, 
J = 8.5 Hz, 2H), 7.79 (d, J = 8.5 Hz, 2H), 9.41 (sa, 1H, NH). 13C NMR ppm: 24.2, 45.6, 55.2, 
113.6, 118.6, 127.6, 129.1, 129.5, 134.0, 142.9, 158.5, and 169.4 
 
N-(2,5-Dimethoxybenzyl)-4-methylbenzenesulfonamide (1F) 
This compound was prepared according to Method Y. The reaction mixture was stirred for 10 
h at room temperature. Yield 80%. Mp 110–111 °C. IR ν: 3268 (NH) cm−1. 1H-NMR ppm: 
2.37 (3H, s, Me), 3.65 (6H, s, Me), 3.91 (2H, t, J = 3.9 Hz, CH2), 6.77–6.83 (3H, m, ArH), 7.10 
(2H, d, J = 8.5 Hz), 7.36 (2H, d, J = 7.6 Hz), 7.68 (2H, d, J = 7.6 Hz), 7.89 (1H, t, J = 3.9 Hz, 
NH). 13C NMR ppm: 21.4, 41.3, 55.8, 56.1, 111.8, 113.0, 115.0, 126.7, 127.0, 130.0, 138.2, 
143.0, 150.9, and 153.4. 
 
N-(2,5-Dimethoxybenzyl)-4-nitrobenzenesulfonamide (1G) 
This compound was prepared according to Method X. The reaction mixture was stirred for 24 
h at room temperature. Yield 97%. Mp 129–132°C. ir ν: 3268 (NH), 1523 and 1348 (NO2) 
cm−1. 1H NMR ppm: 3.35 (s, 3H, Me), 3.63 (s, 3H, Me), 4.03 (s, 2H, CH2), 6.65–6.86 (m, 3H, 
Ar), 7.96 (2H, d, J = 8.8 Hz), 8.34 (2H, d, J = 8.8 Hz). 13C NMR ppm: 46.0, 55.7, 56.1, 111.8, 
113.2, 115.5, 124.7, 125.9, 128.4, 147.0, 149.8, 151.0, and 153.2. 
 
Preparation of 1-(4-aminophenyl)-3,5-dimethylpyrazole 
 
A solution of acetylacetone (10 mmol) and 4-nitrophenylhydrazine (10 mmol) in acetic acid 
was heated under reflux for 9 h. The reaction mixture was cooled to room temperature and 
poured onto ice/water to give a solid precipitate. Purification by column chromatography 
(eluant DCM/EtOAc 4:1) gave the nitro compound. Yield 80%, mp 100 °C ([89] 102 °C from 
EtOH). 1-(4-Nitrophenyl)-3,5-dimethylpyrazole (0.56 mg) dis- solved in EtOH (20 mL) Pd/C 
was added, and the mixture was reduced overnight at room temperature in an H2 atmosphere 
(50 psi) in a Parr apparatus. The catalyst was filtered off, and the solution was evaporated under 
reduced pressure. The amino deriva- tives were isolated as white crystals. Yield 100%. Mp 84 
°C ([90] 82–84 °C from benzene). 
 
General Method for the Preparation of N-[4-(3,5-dimethyl-1H-pyrazol-1-yl)phenyl]-4-R-
benzenesulfonamide of Type 2 
 
To a stirred solution of 1-(4-aminophenyl)-3,5-dimethylpyrazole (1.5 mmol) in an- hydrous 
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THF (20 mL), an equimolar amount of triethylamine (0.21 mL) and the suitable 
sulfonylchloride were added. The reaction mixture was stirred for the appropriate time-lapse 
until the disappearance of the starting amine (TLC monitoring). The ammonium salt was 
collected and taken up with 20 mL H2O. The aqueous solution was extracted using DCM. The 
organic layers were combined with the organic mother liquor, dried over Na2SO4, and 
concentrated under reduced pressure to yield the desired sul- fonamide. 
 
N-[4-(3,5-dimethylpyrazol-1-yl)phenyl]-4-methylbenzenesulfonamide (2A) 
The reaction mixture was stirred for 30 h at room temperature. Yield 96%. Mp 167 °C. ir ν: 
3392 (NH) cm−1. 1H NMR ppm: 2.09 (s, 3H, Me), 2.13 (s, 3H, Me), 2.28 (s, 3H, Me), 6.00 (s, 
1H, pyrazole-CH), 7.20 (dd, 4H, ArH), 7.27 (d, 2H, ArH), 7.64 (d, 2H, ArH), 10.41 (s, 1H, 
NH). 13C NMR ppm: 12.3, 13.4, 21.3, 107.5, 120.7, 125.5, 125.8, 127.2, 128.8, 130.3, 136.7, 
134.0, 144.2, and 148.6. 
 
N-[4-(3,5-dimethylpyrazol-1-yl)phenyl]-4-nitrobenzenesulfonamide (2B) 
The reaction mixture was stirred for 3 h at room temperature. The solid residue was 
recrystallized from ethanol. Yield 57%. Mp 219 °C. ir ν: 3392 (NH), 1532, and 1348 (NO2) 
cm−1. 1H NMR ppm: 2.12 (s, 3H, Me), 2.21 (s, 3H, Me), 6.02 (s, 1H, pyrazole-CH), 7.27 (dd, 
4H, ArH), 8.19 (dd, 4H, ArH), 10.81 (s, 1H, NH). 13C NMR ppm: 12.0, 13.2, 107.0, 120.9, 
124.7, 125.0, 128.3, 132.2, 135.5, 136.2, 139.0, 147.7, and 149.9. 
 
Preparation of N-[4-(3,5-dimethylpyrazol-1-yl)phenyl)-4-aminobenzenesulfonamide (2C) 
To the nitro derivative, 2B dissolved was in EtOH (20 mL), Pd/C was added, and the mixture 
was reduced overnight at room temperature in an H2 atmosphere (50 psi) in a Parr apparatus. 
The catalyst was filtered off, and the solution was evaporated under reduced pressure. The 
amino derivative was isolated as white crystals. Yield 100%. Mp 106–110 °C. ir ν: 3482 and 
3380 (NH2), 3234 (NH) cm−1. 1H NMR ppm: 1.92 (s, 3H, Me), 2.33 (s, 3H, Me), 6.00 (s, 1H, 
pyrazole-CH), 7.30–7.35 (m, 4H, Ar-H), 7.42–7.46 (m, 4H, Ar-H), 13C NMR ppm: 12.0, 13.2, 
112.6, 119.5, 122.6, 124.8, 125.0, 128.3, 130.3, and 152.9. 
 
4.2.7 Cell Culturing and MTT Assay 
 
Unless stated otherwise, all reagents were from Merck (Milan, Italy) and of the highest purity 
grade commercially available. All synthesized compounds were dissolved in dimethyl sulfoxide 
(DMSO) and then diluted in a culture medium so that the effective DMSO concentration did 
not exceed 0.1% (v/v). HCT-116, MCF-7, K-562, and BALB/3-T3 cell lines were purchased 
from the American Type Culture Collection, Rockville, MD, USA. Except for BALB/3-T3 
cells, which were grown in DMEM, all other cells were cultured in the RPMI-1640 medium. 
Both DMEM and RPMI-1640 were supplemented with L-glutamine (2 mM), 10% fetal bovine 
serum (FBS), penicillin (100 U/mL), streptomycin (100 µg/mL), and gentamicin (5 µg/mL). 
Cells were maintained in the log phase by seeding them twice a week at a density of 3 × 105 
cells/mL, in humidified 5% CO2 atmosphere at 37 °C. 
The cytotoxic activity of the synthesized compounds against all the cell lines employed was 
determined by the MTT colorimetric assay as previously reported [91]. The assay is based on 
the reduction of 3-(4,5-dimethyl-2-thiazolyl)bromide-2,5-diphenyl-2-H-tetrazolium to purple 
formazan by the mitochondrial dehydrogenases of living cells. Briefly, cells at the passage that 
did not exceed the number 20, were seeded into 96-well plates (Corning, New York, NY, USA) 
at a density of 2.0 × 104 cells/cm2, incubated overnight, and then treated with either the 
compounds or the vehicle (control) for 24 h. Afterwards, the medium was carefully removed, 
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and 200 µL of 5 mg/mL MTT was added. The supernatant was discarded after a 2 h of 
incubation at 37 °C, and the formazan blue formed dissolved in DMSO. The absorbance at 565 
nm of the formazan product was measured using a microplate reader (LTek, INNO, Seongnam, 
South Korea), and the value of control cells was taken as 100% of viability. Each experiment 
was repeated three times in triplicate to obtain the mean values. No differences were found 
between cells treated with DMSO 0.1% and untreated cells in terms of cell number and 
viability. 
The growth inhibition activity of the tested compounds was defined as the IC50 value that 
represents the concentration of the compound that inhibits 50% of cell viability. IC50 values 
were calculated using the dose-response inhibition model in Prism 8 (GraphPad Software, San 
Diego, CA, USA). The SI, a measure of the therapeutic potential of the tested compound, was 
calculated by dividing the IC50 for normal BALB/3-T3 cells by the IC50 for HCT-116, MCF-
7, and K-562 cancer cells. 
Two hundred milliliters (6.0 × 104 cells/cm2) of a K-562 cell suspension were plated in each 
well of a 96-well plate and treated with different concentrations of compounds. An equal 
volume of DMSO was added to the control well, and the cells were cultured for an additional 
24 h; then, 20 µL MTT (5 mg/mL) in the growth medium was added per well, and the plates 
were incubated at 37 °C for 4 h as reported in [142] with some modifications. Plates were then 
centrifuged at 400× g for 10 min. Supernatants were removed from the wells, and the reduced 
MTT dye in each well was solubilized in 200 µL DMSO. Absorbance was measured in a 
microplate reader (LTek, INNO, Seongnam, Korea), and the value of the control cells was taken 
as 100% of viability. 
 
4.3 RESULTS AND DISCUSSION 
 
For the study, the Tribolium castaneum full-length catalytic subunit of telomerase in complex 
with the compound BIBR1532 (PDB 5CQG) was selected. The crystal structure was optimized 
by completing and refining the entire structure and optimizing amide groups of asparagine 
(Asn) and glutamine (Gln) as well as the imidazole ring in histidine (His); then, the protonation 
states of histidine, (His), aspartic acid (Asp), glutamic acid (Glu), and the tautomeric states of 
histidine were calculated. Starting from the PDB coordinates set of BIBR1532, a static 
pharmacophore model was created by using LigandScout containing six features (Figure 31A): 

• Four hydrophobic features  
• One H-bond acceptor 
• One anionic feature 
 
The pharmacophore features were decreased to five, the two hydrophobic features on the 
naphthyl ring of BIBR1532 were fused into one, and the tolerance radius for the new 
pharmacophore feature was increased by 0.15 Å to compensate for small deviations (Figure 
31B). To improve the performance of the virtual screening (VS) process, the recent MYSHAPE 
(Molecular dYnamics SHared PharmacophorE) approach was used [51,52]. In this approach, 
the exploration of the protein conformations by MD coupled with the pharmacophore modeling 
improved the result of the VS concerning the corresponding model generated from the PDB 
coordinates set. To build the MYSHAPE model, 20 ns of MD simulation of the BIBR1532–
protein complex was run. A new interaction was retrieved such as a hydrogen bond interaction 
of the carbonyl group of BIBR1532 with the Met482 by a water bridge. The new MYSHAPE 
pharmacophore feature was added to the original pharmacophore model. In addition, in this 
case, the tolerance radius for the added pharmacophore feature was in- creased by 0.15 Å to 
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compensate for small deviations in the 3D coordinates of the different conformations. 
The MYSHAPE pharmacophore model had six features (Figure 31C): 
 
• Three hydrophobic features; 
• Two H-bond acceptors; 
• One anionic feature. 
 

 
Figure 31: Pharmacophore models derived from the X-ray pose of BIBR1532 (PDB ID: 5CQG): (A) static 
pharmacophore model from the PDB with six features—4 hydrophobic features (yellow spheres), 1 H-bond 
acceptor (red sphere), and one anionic feature (red star); (B) static pharmaco- phore model after fusing with 5 
features—3 hydrophobic features (yellow spheres), 1 H-bond ac- ceptor (red sphere), and 1 anionic feature (red 
star); (C) MYSHAPE pharmacophore model—3 hy- drophobic features (yellow spheres), 2 H-bond acceptors (red 
spheres), and 1 anionic feature (red star) 

 
This model was used to screen the in-house library of arylsulfonamide derivatives.  
At the same time as the pharmacophore modeling, standard precision (SP) molecular docking 
studies were performed using Glide [53], considering the conserved hydrophobic pocket 
(FVYL motif) where BIBR1532 binds. The docking studies were performed centering the 
docking boxes on the 3D coordinates of BIBR1532. The RMSD of BIBR1532 was calculated 
showing a value of 0.2 Å. The residues that characterized the binding site were Phe478, Met482, 
Met483, Arg486, Phe494, Gly495, Ile497, Trp498, Ile550, Tyr551, Gly553, Lys552, Leu554, 
and Arg557. BIBR1532 established an H-bond interaction and a salt bridge between the oxygen 
of the amide group and Arg486 and aromatic H-bond interactions between the naphthyl ring 
and Phe494 and Ile550 (Figure 32). 

A

C

B



 68 

 
Figure 32: Binding mode after re-docking of BIBR1532 (grey) superimpose on BIBR1532 cocrystallized (green): 
yellow, dashed lines represent the H-bond interaction and, the purple, dashed lines represent the salt bridge 
between the O of the carboxyl group and Arg486, and the light blue dashed lines represent the aromatic H-bond 
inter- actions between the naphthyl ring and Phe494 and Ile550 

The in-house library was used to perform the VS by docking. MM–GBSA-binding free energy 
calculations were performed for the molecules obtained from the VS and compared with 
BIBR1532. Hit compounds that exhibited ∆G binding values (1A, 1B, 1C, 1E, 1G, 2B, and 2C, 
−70.75/−62.97 kcal/mol) lower than that obtained for BIBR1532 (−62.76 kcal/mol) were 
selected for synthesis and in vitro tests together with hit compounds retrieved using the 
MYSHAPE approach (1D, 1F, and 2A) (Figure 32). 
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Figure 33: Structures of sulfonamides 1 and 2 prepared in this work (R = Me, NHAc; NO2; NH2), (R’ = 4 Cl; 4-
OMe; 2,5-diOMe) 

4.3.1 Synthesis 
 
For the preparation of sulfonamide compounds of type 1 and 2 (Figure 33), several procedures 
are present in the literature [143, 144, 138], and a few of them were also proposed recently in 
light of using more environmentally friendly green chemistry approaches [145, 146]. 
Our approach to targeting derivatives of type 1 and 2 involved reactions of the sulfonyl chloride 
3 and suitable benzylamines 4 or amine 5, according to Scheme 2 and Scheme 3. The 
benzylamines were commercially available, whereas the 1-(4-aminophenyl)-3,5-
dimethylpyrazole (5) was prepared in two steps from acetylacetone and 4-nitrophenylhydrazine 
and the subsequent reduction of the nitro group with H2 and Pd/C, using standard literature 
methodology. 
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1 R R' 
A Me 4-Cl 
B NHAc 4-Cl 
C NO2 4-Cl 
D Me 4-OMe 
E NHAc 4-OMe 
F Me 2,5-di-OMe 
G NO2 2,5-di-OMe 

Scheme 2: The general method for the synthesis of benzyl-sulfonamides of type 1 

 
Scheme 3: General method for the synthesis of sulfonamide 2, R = Me (2A); NO2 (2B); NH2 (2C) 

 
In all cases, initially, the reactions were carried out under classical literature conditions, 
according to Methods X or Y (see Section 4.2.6) affording derivatives 1 in good to high isolated 
yields (64–97%) and slightly lower (49%) only in the case of 1E, probably because of the 
solubility problem of the starting material. 
The aminophenyl-3,5-dimethylpyrazole 5 also reacted with sulfonylchloride 3 in anhydrous 
THF in the presence of an equimolar amount of triethylamine, affording sulfonamides 2A, B 
(Scheme 3). 
The possibility of avoiding the use of dangerous/dry solvents was also considered. The pilot 
reaction of benzylamine and para-toluensulfonyl chloride, in Schotten-Baumann conditions 
under pH control with Na2CO3, as discussed in [147], was explored, but the result was the 
incomplete conversion to the desired sulfonamide. Recently, a new environmentally safe 
methodology was reported for the preparation of a wide range of aliphatic- and aryl-
sulfonamides [148], and although the methodology was not extended to investigate the 
reactivity of benzylamines, it was decided to explore whether this kind of amine resulted in a 
suitable substrate to prepare sulfonamides via this route. The green method afforded yields from 
good to quantitative, giving in some cases a similar efficient conversion of the reactants into 
products, if compared to Method X (Table 6). The major concern of this methodology is the 
competitive reactions leading to bis-sulfonylation which, however, in the case benzylamines 
were not observed, suggesting that this procedure has preferable results, especially when 
electron-withdrawing groups are present in both the reactants (as in the case of entry 1C).  
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Table 6: Comparison of the yields obtained using classical and green chemistry methods. 

1 R R' Method X No Solvent* 
C NO2 4-Cl 78% 100% 
D Me 4-OMe 100% 60% 
E NHAc 4-OMe 80% 70% 

 
*According to [148], the amine (2 mmol) and anhydrous NaHCO3 (approximately 1 g) were ground together into 
a fine powder, and arylsulfonyl chloride (2 mmol) was added under vigorous stirring at room temperature. The 
progress of the reaction was monitored by TLC until the conversion of the amine was completed. 

Compound 2C was prepared by reduction of the corresponding nitro compound with H2/Pd in 
ethanol a quantitative yield. 
 
4.3.2 Cytotoxic Activity and Selectivity Index 
 
To select the most promising cytotoxic agents, the newly synthesized compounds were initially 
evaluated on human colorectal carcinoma (HCsT-116) [69,70], human breast adenocarcinoma 
(MCF-7) [149, 150], and human chronic myeloid leukemia (K-562) [71,72] cell lines that 
express the active telomerase. 
As shown in Table 7, except for compound 2C, the antiproliferative efficacy of the compounds 
was modest and only evident at the highest micro-submillimolar concentrations. Moreover, 
compounds 1B, 1D, 1E, 1F, 1G, and 2B exhibited solubility issues that prevented the evaluation 
of their cytotoxicity. 
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Table 7: Cytotoxicity of the synthesized compounds on human tumor cell lines HCT-116, MCF-7, and K-562. Cells were 
treated for 24 h in the absence or the presence of the compound tested at the indicated concentration, and cell viability was 
assessed by an MTT test. Values are expressed as the mean ± SD of three separate experiments conducted in triplicate. * Sol: 
solubility issue. 

Compound 

   % Inhibition Cell Proliferation 
 HCT-116  MCF-7  K-562 
   Compound Concentration (µm) 

10 75 150 300 400 10 75 150 300 400 10 75 150 300 400 
1A 0 0 19 ± 2 29 ± 3 40 ± 2 0 0 0 12 ± 1 13 ± 1 0 0 0 33 ± 2 38 ± 2 
1B 0 5 ± 0.2 23 ± 2 * Sol * Sol 0 15 ± 1 21 ± 2 * Sol * Sol 0 5 ± 0.3 21 ± 1 * Sol * Sol 
1C 0 0 2 ± 0.1 8 ± 0.2 15 ± 2 0 5 ± 0.1 15 ± 1 19 ± 1 30 ± 2 0 12 ± 1 13 ± 1 16 ± 1 25 ± 1 
1D 0 0 0 * Sol * Sol 0 0 0 * Sol * Sol 0 0 0  * Sol * Sol 
1E 0 5 ± 0.1 * Sol * Sol * Sol 0 20 ± 2 * Sol * Sol * Sol 0 16 ± 1 * Sol * Sol * Sol 
1F 0 0 6 ± 0.3 * Sol * Sol 0 0 0 * Sol * Sol 0 0 0 * Sol * Sol 
1G 0 5 ± 0.2 28 ± 2 * Sol * Sol 0 12 ± 1 35 ± 2 * Sol * Sol 0 2 ± 0.1 37 ± 3 * Sol * Sol 
2A 0 5 ± 0.1 30 ± 1 44 ± 2 55 ± 3 0 0 0 0 0 0 13 ± 1 42 ± 2 55 ± 3 60 ± 3 
2B 0 0 37 ± 2 * Sol * Sol 0 17 ± 1 34 ± 2 * Sol * Sol 0 19 ± 1 23 ± 2 * Sol * Sol 
2C 15 ± 2 31 ± 2  56 ± 2 75 ± 2 91 ± 4 10 ± 1  19 ± 3 59 ± 2 76 ± 2 85 ± 2 35 ± 2  70 ± 3 76 ± 1 80 ± 3 85 ± 2 

BIBR-1532 25 ± 2 47 ± 3 56 ± 3 89 ± 2 95 ± 5 12 ± 2  23 ± 2 57 ± 3 74 ± 2 91 ± 3 10 ± 2  19 ± 3 32 ± 1 62 ± 3 79 ± 2 

 
On the other hand, compound 2C revealed an interesting activity, and it was possible to 
calculate its IC50 (Table ). Interestingly, this value on K-562 cells appeared 3.6-fold lower than 
that on HCT-116 and 4.2-fold lower than that on MCF-7 cells. Moreover, in the K-562 cell line 
tested, compound 2C showed an IC50 6.8-fold lower than the reference compound BIBR1532, 
and an IC50 comparable to BIBR1532 in the MCF-7 cell line. 
 
Table 8: IC50 of 2C against HCT-116, MCF-7, K-562, and BALB/3-T3 cell lines. Values were calculated by 
plotting the percentage viability versus concentration on a logarithmic graph and are expressed as the mean ± SD 
of three separate experiments conducted in triplicate. 

Compound 
  IC50 (µm)     

HCT-116 MCF-7 K-562 BALB/3-T3 

BIBR-1532 70 ± 4 120 ± 8 208 ± 11 N/A 

2C 109 ± 8 127 ± 9 33 ± 4 324 ± 15 

 
Selective cytotoxicity is a pivotal requirement for anticancer drugs. To determine the selectivity 
of compound 2C, its cytotoxicity against the cancer cell lines employed (i.e., HCT-116, MCF-
7, and K-562) was compared with that against the non-cancerous, murine, embryonic, fibroblast 
cell line BALB/3-T3. As shown in Table 8, the IC50 of compound 2C on BALB/3-T3 cells was 
remarkably higher than those on the tumoral cell lines tested. Moreover, the calculated 
selectivity indexes (SIs) of compound 2C for HCT-116, MCF-7, and K-562 cells were 2.9, 2.5, 
and 9.8, respectively. Relevantly, these values are above the accepted threshold for antitumor 
drugs (SI = 2.0) [151, 152]. 
Although selectivity for cancer cells cannot be easily derived from the comparison of toxicity 
parameters in different cell cultures, these data indicate that compound 2C shows preferential 
toxicity towards cancer cells. Along these lines, the potential use of compound 2C as a novel 
lead molecule for the development of more potent and selective antiproliferative agents can, 
therefore, be envisaged. 
 
4.3.3 Docking and MD simulation of compound 2C 
 
The analysis of the best docking pose of compound 2C showed a pi–pi stacking interaction 
between Phe494 and the central aromatic ring as observed in BIBR1532, where the same 
residue is involved in two H-aromatic bonds with the naphthyl ring (Figure 32). The same 
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residues Phe494, Asp493, and Gly495 establish positive van der Waals (vdW) contacts with 
the aniline group of 2C. Other positive vdW contacts are formed by the sulfonamide moiety of 
2C and Ile550, Gly553, and Leu554. A major part of positive vdW contacts are established by 
the dimethylpyrazolyl moiety with Met482, Met483, Arg486, Phe494, and Ile550 (Figure 34). 

 
Figure 34: Binding mode of the best docking pose of 2C after the docking study. The light blue, dashed lines 
represent the pi–pi stacking. The displayed residues establish positive vdW contacts with the compound 

Subsequently, 100 ns MD simulation of compound 2C at the telomerase active site showed 
good stability and evidenced Phe494 as the key residue also in BIBR1532. But the more 
interesting evidence of the simulation regarded that each moiety of compound 2C was involved 
in key interactions with some residues of the active site: the pyrazole moiety in a cation-pi-
stacking interaction with Arg557, the two phenyl rings in the pi-stacking interaction with 
Phe494, and the sulfonamide moiety in the H-bond intteraction with Ile550 and Gly553 (Figure 
35). 
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Figure 35: Protein–compound 2C contacts: (A) the interactions that occur for more than 10% of the simulation 
time are reported; (B) a timeline representation of the interactions and contacts (H-bonds, hydrophobic, ionic, and 
water bridges) during the simulation; (C) histogram of pro- tein–compound 2C interactions fractions: hydrogen 
bonds (green), hydrophobic (purple), ionic (red), and water bridges (blue) 

The system reached equilibrium quickly and fluctuated around the average RMSD value of <3 
Å. The average value of ligand vs. protein RMSD of ~6.4 Å indicated strong stability of 2C in 
the binding pocket compared to the ligand vs. ligand RMSD of ~1.81 Å (Figure 36). The 
analysis of the trajectory evidenced that the pi-stacking interaction between the aniline ring of 
2C and Phe494 occurred at 57%. This output evidence a shifting in the pi-stacking interaction 
with respect to the docking where the central phenyl ring was involved, but it clearly defines 
Phe494 as a key residue in the inhibition pattern. As also reported in Figure 34B, C, Phe494 
established at least one contact for the entire duration of the simulation and, for a major part of 
the time, 2–3 contacts with the phenyl ring of 2C. Gly553 showed for 57% and 17% of the time 
two H-bonds interactions with the oxygen of the sulfonamide group emerging after ~18 ns of 
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simulation. Interestingly, after 22 ns of the simulation a new in pi–cation interaction appeared 
for 14% of the time between Arg557 and the pyrazole ring, even though it was in a spotted 
fashion. During the first 20 ns (16% of the total time), the protein–ligand interaction stabilized 
with an H-bond between Ile550 and the NH of the sulfonamide group. It is interesting evidence 
of the role of a water molecule as a water bridge between Trp498 and the pyrazole ring. Other 
residues involved in the protein–ligand interaction but with a minor role were Arg486, Ile497, 
Trp498, Tyr551, Lys552, and Leu554. 
 

 
Figure 36: Compound 2C and protein RMSD during MD simulation (100 ns) 

 
4.3.4 ADME Calculation for Compound 2C 
 
ADME calculation for compound 2C was performed using the SwissADME web tool [135]. In 
the hexagon drug-likeness graph (Figure 37), each vertex represents a parameter that defines a 
bioavailable drug. The pink regions represent the optimum range of the following six properties: 
lipophilicity = 2.53 (XLOGP3 between −0.7 and +5.0), size = 342.42 g/mol (MW between 150 
and 500 g/mol), polarity = 98.39 Å2 (TPSA between 20 and 130 Å2), solubility (log S not 
higher than 6), saturation = 0.12 (fraction of carbons in the sp3 hybridization not less than 0.25), 
and flexibility (no more than nine rotatable bonds). It was found that compound 2C was slightly 
outside the pink area on one side due to the inconformity of its insaturation. The 
pharmacokinetics analysis showed that compound 2C is probably not a P-glycoprotein (P-gp) 
substrate and not a BBB permeant. It has potentially good gastrointestinal (GI) absorption and 
ABS, up to nearly 70%. The %ABS, a very functional physiochemical variable, defines a drug’s 
transport properties. It was calculated according to the equation %ABS = 109 − (0.345 × TPSA) 
[153, 154]. TPSA values below 98.39 Ǻ2 characterize a significant permeability in the cellular 
plasma membrane. It has a bioavailability score of 0.55, which means good pharmacokinetic 
properties according to the Rule of 5 by Lipinski [155]. 
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Figure 37: The bioavailability radar (the pink area exhibits the optimal range of a particular prop- erty) for 
compound 2C (LIPO = lipophilicity as in XLOGP3; SIZE = size as in molecular weight; POLAR = polarity as 
TPSA (topological polar surface area); INSOLU = insolubility in water by log S scale; INSATU = insaturation per 
fraction of carbons in the sp3 hybridization; FLEX = flexibility per rotatable bonds) 

4.4 CONCLUSION 
 
In the past decade, there has been tangible progress in the definition of the role of telomerase 
in tumor progression and its promising target for developing cancer therapeutics.  
With the aim of identifying the most promising cytotoxic agents, a combined structure-based 
strategy was developed to screen an in-house library of 126 aryl sulfonamide derivatives. 
Firstly, the MYSHAPE approach was used to identify the hit compounds. Successively, 
docking and calculation of the binding free energy using the MM-GBSA method identified 
other hits. One of the selected hits (2C) revealed the IC50 results were comparable with 
BIBR1532 for the HCT-116 cell line and the MCF7 cell line, but several times lower in the K-
562 cell lines.  
These findings were confirmed by the evidence of the selective cytotoxicity against the non-
cancerous, mu-rine, embryonic, fibroblast cell line BALB/3-T3. Also, compound 2C showed a 
good calculated pharmacokinetic profile. Further, the MD simulation of compound 2C at the 
telomerase active site showed good stability and evidenced Phe494 as the key residue also in 
BIBR1532. In conclusion, compound 2C is an interesting hit compound that deserves, for the 
reasons stated above, further investigation in terms of the optimization of its structure to obtain 
more active telomerase inhibitors.  
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5. COMPARING MOLECULAR DYNAMICS DERIVED 
PHARMACOHORE MODELS WITH DOCKING: A STUDY ON CDK-2 
INHIBITORS 
 
5.1 INTRODUCTION 
 
In this study, a comparative study between two known MD-derived pharmacophore modeling 
protocols, the Common Hit Approach (CHA) and the Molecular dYnamics SHAred 
PharmacophorE (MYSHAPE) approach [34, 35] with classical semi-flexible 
constrained/unconstrained docking using CDK2 inhibitors as a case study was performed. 
Ligand-based and structure-based pharmacophore models represent a powerful description of 
the target-ligand interaction patterns [156]. Consequently, pharmacophore models can be used 
to perform virtual screening of molecular libraries [157]. Pharmacophore models together with 
docking analysis present a unique opportunity to harvest the enormous available chemical space 
for drug-like molecules [158–161]. It is now widely known that proteins and small molecules 
are dynamic entities, which can perform a wide range of motions, reflecting the vibrations of 
individual bonds and collective large structural movements [162,163]. 
For this reason, the use of a single frame of a dynamic system provides scarce information about 
the conformational flexibility of the ligand and about the motions of the residues near the 
binding pocket [164]. The incorporation of dynamic features in pharmacophore modeling 
represents the new frontier, and in the recent past, different approaches were explored [165–
170]. This study was performed using CDK2/inhibitors complexes because cyclin-dependent 
kinases are one of the most attractive targets for oncology [171–174]. Moreover, the presence 
of the Protein Data Bank web page (www.PDB.org) [175] of over 140 complexes bound with 
an inhibitor in the ATP binding pocket aided the selection of the complexes allowing this study 
to be comprehensive. 
The CHA and MYSHAPE approaches perform consensus pharmacophore-based virtual 
screening on the conformational ensemble of the protein-ligand complex obtained by means of 
MD simulations. Pharmacophore models were created using the common feature pattern of the 
ligands during the MD simulations following the CHA workflow. The best performing four 
PDB target-ligand complexes in CHA were selected: 3QTU, 3RK7, 4FKT, 4FKV. Thereafter, 
further pharmacophore models were created according to the MYSHAPE workflow. In the end, 
classical docking studies were performed. The models were used to carry out a virtual screening 
on a dataset of actives and decoys, to define if the use of dynamic features allows to enrich and 
increase the screening capability compared to the results obtained from CHA and MYSHAPE 
approaches. The validation process points out which modelling technique could be more 
suitable and able to predict a CDK-2 inhibitory activity and give the guidelines for other 
prospective studies. 
 
5.2 MATERIALS AND METHODS 
 
5.2.1 Preparation of molecular structures 
 
Selection of the 149 CDK2/inhibitor complexes, preparation of the proteins, MD simulations 
settings are reported in our previous paper [176] 
 
5.2.2 Conversion of MD trajectories 
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The output files of MD trajectories were processed using VMD software (Visual Molecular 
Dynamics) [177]. MD complexes were desolvated, and ions eliminated in order to allow a better 
analysis of the only interactions between ligand and protein. Then, the .cms (Composite Model 
System) files output format of the trajectories were converted to .dcd files, representing the 
trajectories of the complexes. The settings are reported in our previous paper [176]. 
 
5.2.3 Common Hits Approach (CHA) pharmacophore models 
 
Pharmacophore Models Generation by means of the Common Hits Approach (CHA) are 
reported in previous papers [176, 178] 
 
5.2.4 Molecular dYnamics SHAred PharmacophorE (MYSHAPE) models 
 
Pharmacophore Models Generation by means of the MYSHAPE is reported in a previous paper 
[35]  
 
5.2.5 Docking 
 
Using the pharmacophore interaction pattern obtained from the MD simulations, constraints 
were set on the docking grid. Specifically, positional constraints were imposed considering 
aromatic interactions, hydrogen bonds, and hydrophobic interactions with the ligand according 
to the Glide grid constraints panel workflow. For each ligand–protein system analyzed, a 
docking grid with and without constraints was generated. Standard precision (SP) molecular 
docking with and without constraints was performed using Glide 4.7 [95]. Ligands were 
considered according to the setting of previous chapters. 
 
5.2.6 Virtual screening 
 
To validate the virtual screening performance of the pharmacophore models and the docking 
calculation, a screening library of active and decoy compounds were retrieved from the DUD-
E site [90] containing molecules (676 Active and 28,121 Decoys) generated specifically for the 
CDK-2 and filtered to remove duplicates. The Dataset obtained was prepared as a Virtual-
Screening Database, in .lbd format, through Idbgen (extension present in the LigandScout 4.2 
package) which allowed obtaining the best conformation of the ligand (at low energy) between 
the 200 the application can calculate. The tautomers were considered as separate molecules and 
those molecules that were duplicated or whose conformation calculation had failed were 
eliminated. The same dataset was used for docking calculation. Receiver Operating 
Characteristics (ROC) graphs [179–180] were generated, and the Area Under the Curve (AUC) 
was calculated to validate the virtual screening performance of the pharmacophore models. 
ROC graphs and values were also used to evaluate the virtual screening capability of the 
docking runs. In contrast to pharmacophore models, the AUC was not calculated for different 
fractions of the screening database, but a numeric representation of the ROC area underneath 
the curve was obtained. This ROC value can be interpreted as the probability that an active 
compound will appear before an inactive compound, and is calculated as follows in Eq. (2):  
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in which AUAC is the area under the accumulation curve, Ri is the ratio of inactive molecules 
to the total number of compounds in the screening library, and Ra is the ratio of active 
compounds to the total number of entries in the screening library. The ROC values were 
generated using the “enrichment calculator” python script provided by Schrodinger. 
 
5.3 RESULTS AND DISCUSSION 
 
The snapshots saved during the MD simulations plus the coordinates of the PDB file were 
processed according to CHA and MYSHAPE. According to CHA, the pharmacophore models 
were generated starting from every single snapshot, and subsequently, a feature vector 
(represented as a bit string) was generated for each pharmacophore model. This procedure 
allows aggregating the distinct vectors by counting how many times that particular vector, 
which is a specific combination of pharmacophore features, was identified during MD 
simulations [180]. Then, this number will be shown as the number of appearances (appearance 
count). Therefore, instead of using 1000 individual feature vectors, a smaller number of distinct 
feature vectors was obtained, which were observed one or more times during MD simulations. 
Distinct feature vectors that were observed at least 2 times are named Representative 
Pharmacophore Models (RPMs). The nearly 30,100 RPMs obtained from 149 MD ligand-
protein complexes were screened against a validation dataset obtained from the DUD-E site 
containing molecules (676 Active and 28,121 Decoys) generated specifically for the CDK-2. 
For each RPM, a hit-list was obtained, so that for each ligand-protein complex several hit-lists 
were obtained. The multiple RPM hit-lists were combined into a single list named RPM-HIT-
LIST, consisting only of unique compounds. The molecules in this list have been ranked 
according to how many times they are present in the hit-lists. For example, if a molecule is 
present in many hit-lists it is classified with a higher score than one that appears only in a few 
hit-lists [176]. To assess the performance of the pharmacophore model in distinguishing 
between Active and Decoys of DUD-E screening dataset, ROC curves were calculated and 
analyzed plotting the number of True Positives (TPR) on False Positives (FPR). The 
performance of RPM models was evaluated using ROC curve at 5% and 100%, considering for 
each complex the first 50 hits. 
The best performance crystallographic complexes (4FKV, 3QTU, 4FKT, 3RK7) were selected 
to perform the MYSHAPE approach and to compare MYSHAPE versus CHA performance. As 
described, the protein/ligand interactions were investigated searching for a common pattern 
(Figure 39 and Figure 39). 
Figure 39 shows the four pharmacophore models obtained from the best PDB complexes. The 
model of 4FKV shows three HBDs, four HBAs, and two hydrophobic interactions. The 3QTU 
pharmacophore model shows three HBDs, three HBAs, and two hydrophobic interactions. The 
4FKV model has an HBD, three HBAs, and two hydrophobic interactions. The 3RK7 model 
shows three HBDs, two HBAs, and two hydrophobic interactions. The common interaction 
pattern was used to generate a shared model of PDBs. The shared model has one HBD, one 
HBA, and one hydrophobic interaction. After MD simulations, new features were retrieved for 
each ligand-protein complex. Figure 39 shows the four MD’s pharmacophore models of 4FKV, 
3QTU, 4FKT, and 3RK7. In the orange circles, the newly identified features are depicted. 
During the MD simulation, for 4FKV two more features were found with respect to the PDB: 
one HBA for the nitrogen (imidazole) with Lys33; one HBD for the NH (imidazole) with 
Val163. In the case of 3QTU, two new features are evidenced: HBA for sulfone oxygen with 
Thr14; one HBD for primary amine with Leu83. For 4FKT, one new feature is found: HBD for 
the amine with Leu83. No new features resulted in 3RK7.  
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Figure 38: PDB obtained pharmacophore models. Green spheres for HBD (hydrogen bond donor), red spheres for 
HBA (hydrogen bond acceptor), and yellow spheres for hydrophobic interaction. The common features retrieved 
from the PDB models are depicted by a full orange circle 

  
The MYSHAPE model, obtained after MD simulations, has one more feature with respect to 
the shared model of PDBs. (Figure 39) 
The virtual screening performance of five different pharmacophore models (PDB models and 
MYSHAPE model) was carried out for every system by using the same screening library used 
before for the CHA Table 8 shows the four pharmacophore models created by using the crystal 
structure, and the generated MYSHAPE model, together with their virtual screening 
performance. Virtual screening results were evaluated using the ROC-AUC values for 5% and 
100 % of the screening database. Analyzing the results, the ROC values for the five 
pharmacophore models (4FKV, 3QTU, 4FKT, 3RK7, and MYSHAPE), MYSHAPE shows 
high performance for 5%, 100%. The default PDB pharmacophore models retrieve a lower 
number hit- list (9, 11, 36, and 50 hits, respectively) than the MYSHAPE hit list (3582 hits). 
The calculated ROC values from the MYSHAPE model have values much higher than the 
default pharmacophore models obtained from the PDB structures. 
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Figure 39: Pharmacophore models obtained after MD. Green spheres for HBD, red spheres for HBA and yellow 
spheres hydrophobic interaction. The new features retrieved are depicted in orange circle. The shared features are 
depicted by a full orange circle 

 
Docking grids were constructed for the four different investigated–ligand-protein complexes 
with CDK-2. These were built with constraints derived from the MD simulations or without 
constraints. The SP docking was used to analyze the change in the virtual screening capability 
of using grids with constraints. ROC values were used as metrics to compare the performance 
of the approaches. Table 9 explains the values of SP docking with and without constraints, for 
each complex. 
The SP docking outcomes are satisfactory for all investigated systems. Looking at the ROC 
graphs for all four complexes, the SP docking favours active molecules over inactive 
compounds. The ROC graph for 3QTU shows the best virtual screening performance of the 
systems (0.92 and 0.97, without and with constraints respectively). The use of grid constraints 
improved the virtual screening capability, for two systems over four (3QTU and 4FKT), 
especially for the 4FKT model which showed the maximum value of identified actives. 
As mentioned, CHA showed an early enrichment (AUC5%) over 0.97 in the four best-performing 
systems (PDB: 4FKV, 4FKT, 3QTU, 3RK7) which were used to carry out another 
pharmacophore modelling approach such as MYSHAPE. The application of the MYSHAPE 
model showed an interesting increase in the screening early recognition capability (ROC5%) 
both in terms of sensitivity of the model and specificity when compared to the four PDB models. 
Last but not least, MYSHAPE features have been used as constraints to be used in docking 
calculation. The use of these interactions pattern to create the docking grid showed an 
improvement in the early recognition of actives compounds, in particular for 4FKT which 
showed a better improvement in the ROC value. Even if it should be considered that each 
system showed higher values when the constraints have been applied to docking calculation. 
Comparing the two pharmacophore modeling approaches together, and the docking adding MD 
constraints versus classical approach such as pharmacophore screening starting by the PDB 
structures and docking, the application of information derived from MD strongly improve the 
ROC values, in particular related to CHA and MYSHAPE (Table 10). Docking with constraints 
outcomes slightly improves with respect to docking without constraints. 
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Table 8: Default PDB pharmacophore and MYSHAPE models with their screening param- eters. Red spheres = 
HBA, Green spheres = HBD, Yellow spheres = hydropho- bic feature, Blue ring = aromatic feature 
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Table 9: ROC curves obtained with docking without constraints and with constraints 

 
 
 

Table 10: Comparison of the five approaches used 

 

  
PDB Starting 

Structure CHA MYSHAPE 
Docking without 

constraints 
Docking with 
constraints 

PDB ID ROC5% 
0.63 
0.63 
0.94 
0.76 
0.74  

ROC5% ROC5% ROC 
0.89 
0.92 
0.84 
0.90 
0.89 

ROC 
4FKV 1 0.99 0.89 
3QTU 0.97  0.97 
4FKT 0.97  1 
3RK7 0.97  0.90 
mean 0.98   0.94 

 
 
5.4 CONCLUSION 
 
The results of these compared studies showed that the use of the MD trajectories snapshot 
should be mandatory to improve pharmacophore-based virtual screening. The CHA and the 
MYSHAPE were revealed to increase the performance, but they should be used relatively to 
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the availability of target-ligand complexes. In fact, in our case study on CDK2 inhibitors, the 
CHA showed a sharp improvement with respect to each complex. Consequently, this type of 
approach is useful when only one complex is available. If many target-ligand complexes are 
available, it would be advisable to use the MYSHAPE which leads to a shared pharmacophore 
model with all the complexes adding the common features obtained from the MD simulations. 
Both the MD-derived pharmacophore approaches showed a better performance than docking. 
The average two-times longer docking calculation with constraints requires a higher 
computational effort, but the improved screening outcomes legitimate the use of MD 
simulations as an ameliorative tool. The cost arising from synthesizing and testing false 
positives is an order of magnitude higher than performing accurate modelling and virtual 
screening analysis. Therefore, every chance to increase true positive hits even to a slight extent 
should be exploited. 
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6. EVALUATION OF THE IKKΒ BINDING OF INDICAXANTHIN 
BY INDUCED FIT DOCKING, BINDING POSE METADYNAMICS, AND 
MOLECULAR DYNAMICS 
 
6.1 INTRODUCTION 
 
Indicaxanthin is a betalain pigment belonging to the betalain class compounds (Figure 40). 
Indicaxanthin has been demonstrated to exert significant reducing, anti-oxidative, anti-
inflammatory, spasmolytic, and neuromodulatory effects both in vitro and in vivo [181] 
In addition to its redox-modulating and anti-inflammatory properties, it has also been shown to 
exert antiproliferative effects against melanoma cells being also able to significantly impair 
tumor progression in a mouse model of cutaneous melanoma [182]. Mechanistic evaluations 
have individuated the inhibition of the nuclear factor-κB (NF-κB) signalling, a key event 
underlying the antitumoral effects exerted by the pigment. 
The NF-κB transcription factor family consists of five different DNA-binding proteins that 
form a variety of homodimers and heterodimers regulating both the innate and adaptive immune 
responses [183]. More interestingly, besides its modulating effects on the entire inflammatory 
response, NF-κB is responsible for accelerating cancer progression, metastasis, angiogenesis, 
and drug resistance [184]. Indeed, in several types of cancer, both in malignant cells and in the 
tumor microenvironment, NF-κB is constitutively activated, and only rarely is such activation 
due to NF-κB-related genetic alterations [185-186]. 
Given that constitutive or drug-induced upregulation of NF-κB activity is associated with 
chemoresistance, NF-κB is considered one of the most relevant targets for discovering new 
active compounds [183]. Melanoma is aggressive skin cancer, notoriously resistant to current 
cancer therapies [187]. Permanent activation of NF-κB signaling in melanoma has been 
reported to proceed through the activation of the so-called canonical pathway [188-191]. 
Through this process, activation of NF-κB depends on the degradation of its specific inhibitors 
(IκB) consisting of IκBα, IκBβ, and IκBε. Typically, IκBs bind to NF-κB complexes, inhibiting 
their DNA binding and keeping them in a predominantly, inactive cytoplasmic form. Tumor 
microenvironmental stimuli can lead to the activation of a large cytoplasmic protein complex: 
the IκB kinase (IKK). The precise nature of this molecular mechanism remains to be elucidated 
but it contains IKKα, IKKβ, and IKKγ as the three seminal components. The phosphorylated 
and thus activated IKK complex is responsible for the phosphorylation of IκB, marking it for 
degradation through the proteasomal degradation machinery. The free NF-κB dimers (p50-p65) 
can, then, translocate from the cytoplasm to the nucleus, bind to DNA, and regulate gene 
transcription. Typical targets within the classical NF-κB signaling include genes encoding pro-
inflammatory cytokines, growth factors, chemokines, matrix metalloproteinases, pro-
proliferative proteins, anti-apoptotic proteins, pro-inflammatory enzymes, angiogenic factors, 
and adhesion molecules [185]. As a primary druggable mediator of canonical NF-κB signaling, 
the IKKβ enzyme inhibition has been the historical focus of drug development pipelines. 
Thousands of compounds with activity against IKKβ have been characterized, with much 
demonstrating promising efficacy in pre-clinical models of cancer. However, severe on-target 
toxicities and other safety concerns associated with systemic IKKβ inhibition have so far 
prevented the clinal approval of any IKKβ inhibitors [192]. 
Indicaxanthin has been demonstrated to inhibit IκBα degradation in melanoma A375 cells at 
100 µM, a concentration at which it impairs NF-κB signaling and inhibits 50% cell proliferation 
(IC50) [182]. In light of this evidence, an in silico approach to evaluate Indicaxanthin’s 
inhibitory activity against IKKβ was employed. To this end, molecular modeling and simulation 
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techniques including induced-fit docking (IFD) [70], binding pose metadynamics (BPMD) 
[69], MD simulations, and MM-GBSA (molecular mechanics-generalized Born surface area) 
free energy calculation have been performed. 
 

 
Figure 40: Indicaxanthin structure 

6.2 MATERIALS AND METHODS 
 
6.2.1 Protein and Ligand Preparation 
 
A crystal structure of human IKKβ (hIKKβ) at 2.83 Å resolution, which is partially 
phosphorylated and bound to the staurosporine analogue K252a (PDB ID: 4KIK) [193] was 
used. The structure was optimized using the Protein Preparation Wizard in Maestro 
(Schrödinger, 2017) adding bond orders and hydrogen atoms to the crystal structure using the 
OPLS3 force field. Prime was used to fix missing residues or atoms in the protein and to remove 
co-crystallized water molecules. PROPKA was used to check for the protonation state of 
ionizable protein groups (pH = 7.0). The hydrogen bonds were optimized through the 
reorientation of hydroxyl bonds, thiol groups, and amide groups. In the end, the system was 
minimized with the value of convergence of the RMSD of 0.3 Å. Indicaxanthin and 
staurosporine analog K252a were prepared using LigPrep The force field adopted was OPLS3 
and Epik 3.9 (Schrödinger, 2017-1) was selected as an ionization tool at pH 7.2 ± 0.2. 
Tautomers generation was unflagged and the maximum number of conformers generated was 
set at 32.as reported in the previous studies. 
 
6.2.2 Induced Fit Docking 
 
The grid boxes for the binding sites of Chain A (inactive form) and B (active form) were built 
considering the co-crystallized ligand staurosporine analogue K252a as a centroid. For the 
allosteric sites of Chain A, the amino acid residues previously identified by Liu et al. [193] were 
considered crucial for centring the docking grid. 
 
6.2.3 Binding Pose Metadynamics 
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See as reported in the section 3.4.2.  
 
6.2.4 MD Simulations 
 

The plain MD simulations were carried out using Desmond 4.9 [84] and OPLS3 force field 
[80]. The complexes were solvated in orthorhombic boxes using the TIP3P water model. Ions 
were added to neutralize charges. The systems were minimized and equilibrated at a 
temperature of 303.15 K and a pressure of 1.013 bar. The system was simulated as an NPT 
ensemble; a Nose–Hover thermostat and Martyna–Tobia–Klein barostat were used. The 
integration time step was chosen to be 2 fs. To keep the hydrogen–heavy atom bonds rigid, the 
SHAKE algorithm was used. A 9 Å cutoff radius was set for the short-range Coulomb 
interactions, and smooth particle mesh Ewald was used for the long-range interactions. For each 
system, out 100 ns MD was carried, with 1.2 ps detection ranges for energy, and 4.8 ps for the 
trajectory frames. Visualization and analysis of the MD trajectories were performed using 
Desmond simulation analysis tools in Maestro. 
 
6.2.5 MM-GBSA Binding Free Energy Calculation 
 
The MM-GBSA approach [133] was applied to the snapshots extracted from the 100 ns 
production MD trajectories. Protein-ligand binding free energy using MM- GBSA was 
calculated as the difference between the energy of the bound complex and the energy of the 
unbound protein and ligand. In this work MM-GBSA calculations were also achieved in Prime 
software [134]; the entropy term ‒TΔS was not calculated to reduce computational time. The 
VSGB solvation model was chosen using OPLS3 FF with minimized sampling method. 
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6.3 RESULTS AND DISCUSSION 
 
The hIKKβ protomer adopts a trimodular structure that closely resembles that of Xenopus laevis 
(xIKKβ): an N-terminal kinase domain (KD), a central ubiquitin-like domain (ULD), and a C-
terminal scaffold/dimerization domain (SDD). The selected crystal structure has one protomer 
in the active conformation with phosphorylated Ser177 and Ser181 (Chain B), and the other 
protomer is in the inactive conformation with the same residues of serine unphosphorylated in 
the activation loop (Chain A). Recently, Liu and co. identified a druggable allosteric site 
between KD and ULD. 
To evaluate the binding capability of Indicaxanthin into the hIKKβ, a series of computational 
studies with increasing accuracy, induced-fit docking (IFD), binding pose metadynamics 
(BPMD), unbiased MD followed by MM-GBSA (molecular mechanics-generalized Born 
surface area continuum solvation) free energy calculation was performed. The computational 
studies began by selecting the crystal structure of the human IKKβ (PDB ID: 4KIK) [193] 
bound to the staurosporine analogue K252a in the KD (Figure 41A, B). 
 

 
Figure 41: 3D structure of hIKK forms: (A) the inactive form, Chain A, in purple the KD binding pocket, in red 
the allosteric binding site; (B) the active form, Chain B, in cyan the KD binding pocket of the inactive Chain A 
with a volume of 551 Å. This pocket is surrounded by three α helixes (Arg118-Ser127, Leu265-Leu273, and 
Leu303-His313) of KD and a loop (Thr368-Leu386) between two β sheets of ULD. They suggested that small 
molecules binding in the pocket between KD and ULD probably interfere with the kinase function by disrupting 
the interaction between these two domains 

The crystal structure was optimized by completing and refining the missing loops and residues 
and optimizing amide groups of asparagine (Asn) and glutamine (Gln), and the imidazole ring 
in histidine (His); and predicting protonation states of histidine, His, aspartic acid (Asp) and 
glutamic acid (Glu) and tautomeric states of histidine. Next, docking studies have been 
performed centering the docking boxes on the 3D coordinates of ligand co-crystallized, both in 
the inactive Chain A and in the active Chain B. The RMSD of K252a in Chain B and A was 
calculated showing values 0.8–0.18 Å respectively. Another docking box for the allosteric 
binding pocket was centered on the previously identified residues by Liu and Co [193].  
Docking of K252a in Chain A showed a single H-bond interaction with Cys99 (hinge region), 
with the carbonyl of the lactam ring. Other H-bonds were found between the amine of the K252a 
lactam group and Glu97 and the hydroxyl group and Glu149. Moreover, an aromatic H-bond 

A B
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was found with Asp166 (DLG triad). In chain B, K252a, as in Chain A, established the same 
interactions with Glu97, Cys99 (hinge region), and Glu149, with the only difference in another 
H-bond interaction between the carbonyl group of ether group and Thr23, and an aromatic H-
bond with Tyr98 (Figure 42A, B). The IFD of K252a and Indicaxanthin in the two sites 
previously identified, and the IFD of Indicaxanthin in the allosteric binding site were 
performed.  
In the best IFD result considering the Chain A (Docking score −6.166 kcal/mol , Table 12), the 
carboxyl group of the pyrrolidinium ring interacts with Thr23 and Gly24 forming two H-bonds, 
while the Cys99 simultaneously interacts with the carboxyl groups and the nitrogen of pyridine 
moiety. The carboxyl group of pyridine in position 11 interacts with Tyr98 (hinge region) with 
another H-bond and with Lys106 (solvent-accessible region) through one salt bridge. The 
carboxyl groups in the pyridine moiety establish two aromatic H-bonds with Tyr98. Finally, 
another salt bridge involves the pyrrolidinium nitrogen and the Asp103. In Chain B (Docking 
score −7.293), Indicaxanthin showed similar interactions as in Chain A. Two H-bond 
interactions involve the carboxyl group of groups of pyridine interacts through H-bond with 
Tyr98, Lys106. The last interactions were a salt bridge between two carboxyl groups of the 
pyridine and Lys106 (Figure 42C, D).  
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Figure 42: IFD pose of K252a in the inactive Chain A (A); IFD pose of K252a in the active Chain B (B); IFD pose 
of Indicaxanthin in the inactive Chain A (C); IFD pose of Indicaxanthin in the active Chain B (D). H-bonds 
interactions are represented in yellow dashes, aromatic H-bonds are represented in light blue dashes, the salt 
bridges in purple dashes 

 
The IFD study of Indicaxanthin in the allosteric site (Docking score −6.117) showed a single 
H-bond interaction was found between one of the carboxyl group of pyridine and His380; 
another interaction was a salt bridge, between the nitrogen of pyrrolidinium moiety and Asp373 
(Figure 43). 
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Figure 43: IFD pose of Indicaxanthin in the inactive Chain A allosteric binding site. H-bonds interactions are represented in 
yellow dashes, the salt bridges in purple dashes 

 
Moreover, docking simulations were performed with three known orthosteric inhibitors: 
MLN120B (IC50 = 60 nM) [194]; the imidazo [1,2-a]quinaxoline derivative 6a (IC50 324 nM) 
[195]; LASSBio-1524 (IC50 = 20 µM) [196]; and one allosteric inhibitor: BMS345521 (IC50 = 
300 nM) [194]. The docking scores of these known inhibitors are consistent with the 
experimental IC50, considering that Indicaxanthin showed an IC50 = 100µM. Additionally, the 
key residues identified for these known inhibitors are like those identified for Indicaxanthin 
(Cys99, Asp103, Lys106). The allosteric inhibitor BMS345521 showed key interactions with 
His380, already identified for indicaxanthin, Asn308, Ser127. The 2D and 3D figures of the 
docked reference inhibitors together with key interactions and docking scores are reported 
 
6.3.1 Binding pose metadynamics 
 
BPMD was used to evaluate the stability of the K252a best poses (in terms of docking scores) 
obtained from IFD studies into the binding site in Chain A and Chain B to evaluate the reliability 
of the IFD poses obtained as validation of the docking scoring functions. The simulation 
performed on K252a pose in Chain A showed a PoseScore of 1.206. The PersScore showed that 
the hydrogen bonds were kept for 81% of the simulation time. The interactions by the lactam 
ring were confirmed to stabilize the molecule, it was observed for 98.2% of the simulation time, 
interactions between the amine group and Glu97, for 97.3% of the simulation time interactions 
between the carbonyl oxygen and Cys99. The H-bond interaction between the hydroxyl group 
and Glu149 was kept for 48.2% of the simulation time. The CompScore of −2.85 confirmed 
that the starting molecule pose is stable in the active site. 
The results of the K252a pose in Chain B showed a PoseScore of 0.909, the PersScore proves 
that for 63.9% of the simulation time, the H-bonds were maintained. As in Chain A, the 
interactions by the lactam ring were confirmed 100% of the simulation time, the interaction 
between the carbonyl oxygen and Cys99, and 98.2% of the simulation time interaction between 
the amine group and Glu97. The same for H-bond interaction between the hydroxyl group and 
Glu149 was kept for 57.3% of the time. The CompScore, was −2.28. The result obtained 
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confirmed the accuracy of the identified IFD poses (Table11). 
 

Table 11 BPMD and docking scores (kcal/mol) for the Indicaxanthin and K252a complexes. 

  Docking Score Pose Score Pers Score Comp Score 

Indi/Chain A -6.166 3.133 0.12 2.53 

Indi/Chain B -7.293 4.631 0.04 4.44 

K252a/Chain A -13.700 1.206 0.81 -2.85 

K252a/Chain B -14.121 0.909 0.64 -2.28 

Indi/Chain A allosteric -6.117 >6 0.0 >6 

 
 
Successively the BPDM simulations have been performed at the binding site in Chain A, the 
best pose of Indicaxanthin reached a steady PoseScore of 3.133, considered stable, while 
PersScore showed that the hydrogen bonds identified at the start of the metadynamics run were 
kept for 12% of the averaged time. In particular, the H-bond between carboxyl oxygen and 
Cys99. The CompScore value was 2.53. 
At the binding site in chain B, the averaged RMSD of Indicaxanthin reached a steady PoseScore 
of 4.631, PersScore of 0.04. Three H-bond were recorded during the ten replicas. H-bond 
interaction between the carboxyl group of pyrrolidinium moiety and Thr23 was kept for 11.8% 
of the simulation time, the same group showed an ulterior H-bond with Asn28 for 7.3% of the 
simulation time. The last interaction was between one of the carboxyl groups of pyrimidine and 
Lys106 for 2.7% of the simulation time. This interaction was supported by salt bridges between 
the two inferior carboxyl groups and Lys106. The last score, CompScore was 4.44.  
 
6.3.2 Molecular Dynamics Simulations 
 
Starting from the previous IFD poses which BPMD analysis showed to be accurate, unbiased 
MD simulations was performed to explain the stability of Indicaxanthin as an inhibitor against 
the two forms of hIKKβ, active and inactive, and allosteric inhibitor of the inactive form. 
Additionally, to understand if the protein target undergoes conformational alteration after 
interacting with Indicaxanthin. Five systems have been generated and submitted each for 100 
ns in MD simulations (Chain A-Indicaxanthin, Chain B-Indicaxanthin, Chain A allosteric site-
Indicaxanthin, Chain A-K252a, Chain B-K252a). Calculation of RMSD, RMSF, number, and 
types of protein-ligand contacts have been carried to have a more detailed analysis of 
Indicaxanthin-target complexes compared to the co-crystallized ligand. 
The Chain A-K252a system reached equilibrium quickly and fluctuated around the average 
value of 3 Å, the low average value of ligand RMSD 1.8 Å indicated strong stability of K252a 
in the binding pocket as expected due to the low number of rotatable bonds and the eight fused 
rings. The Chain B-K252a behaviour is slightly different. The system reached equilibrium after 
∼10 ns and the fluctuation of the protein is higher than the previous system analyzed (∼4.3 Å). 
The same evidence is reported for the average ligand RMSD that is higher (3.72Å). This first 
analysis showed that the phosphorylation of the serine residues in the active form (Chain B) 
could confer more flexibility to the binding pocket in the KD, as confirmed by the higher 
fluctuations of K252a despite the rigid structure (Figure 44).  
The RMSF plot of Chain A is quite comparable for the residues of the active site with ΔRMSF 
<1 Å. The same could be observed for Chain B in which the ΔRMSF <0.5 Å. Analyzing the 
trajectories of Chain A and Chain B with the co-crystallized ligand K252a, it is interesting to 
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note that the residues involved in the interactions are variable both in terms of the type of 
contacts and in the time of interactions. (Figure 45) 
 

 
Figure 44:Time evolution of the RMSD (Å) values of backbone atoms (A) and ligand Indicaxanthin (B) in the active form 
(Chain B) and the inactive form (Chain A) 

 

 
Figure 45: The comparative RMSF values for the complexes of backbone atoms of Chain A (A) and Chain B (B) bound to 
K252a, Indicaxanthin, and of the allosteric pocket 

 
Analyzing the trajectories of Chain A and Chain B with the co-crystallized ligand K252a, it is 
interesting to note that the residues involved in the interactions are variable both in terms of the 
type of contacts and in the time of interactions. As reported in Figure 46, K252a has four key 
residues involved: Met96, Glu97, Cys99, and Ile165 in both active and inactive forms. The H-
bonds with Glu97 and Cys99 were stable all 100ns simulations long. Hydrophobic contacts of 
Ile165 are maintained for a major part of the simulations, while hydrophobic contacts with 
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Met96 are involved in both simulations but just for a little fraction of time. The differences in 
the two complexes regard the less interaction time of the H-bond with Glu149 in Chain B. In 
Chain A, an H-Bond with Gln175 is observed during the simulation in a discontinuous fashion, 
while in Chain B, Hydrophobic contacts are observed with Phe26 for about 50% of the 
simulation time. Other interactions are involved in both complexes such as with Leu21, Thr23, 
Val29, Ala42, Tyr98, and Val152 (Figure 46). 
 

 
Figure 46: Protein-Ligand contacts: K252a in Chain A (A) K252a in Chain B (B) 

 

The behaviour of Indicaxanthin, when bound to the two forms of IKK, is somewhat different 
in terms of interactions, but above in terms of residence in the binding pocket. As previously 
commented, in Chain A after ∼38 ns. Indicaxanthin moves from the deep pocket but remains 
over it by interacting with H-bonds and ionic interaction with Arg427, Arg575, Arg579, and 
Arg582 acting as a lid. In the first 40ns, the interactions of Indicaxanthin are both ionic and H-
bond interactions involving the residues of the pocket such as residues 20–24 and 103–106. 
Indicaxanthin remains confined into the binding pocket for all the simulation time when Chain 
B is considered. Even though the residues involved in the protein-ligand interactions differ from 
those involved in the interaction with K252a. Indicaxanthin interacts for the major of the time 
with Thr23, Asn28, Arg47, and Lys106 through H-bonds, but a key role in the binding stability 
is due to the ionic interaction with Asp103 and Lys 106 (Figure 47). 
The stability of the Indicaxanthin’s binding is also mediated by several water bridges that are 
hydrogen-bonded protein-ligand interactions mediated by a water molecule.  
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Figure 47: Protein-Ligand contacts: Indicaxantin in Chain A (A) Indicaxanthin in Chain B (B). Legenda is the same as Figure 
46 

 
6.3.4 MM-GBSA and Binding Free Energy Analysis 
 
To understand the biophysical basis of molecular recognition of Indicaxanthin with the inactive 
form of IKK, and active form of IKK, a molecular mechanics-generalized Born surface area 
MM-GBSA approach was used. For binding-free calculation of Indicaxanthin and 
K252a/protein systems, 101 frames from 100 ns (every 1 ns) were retrieved to calculate 
ΔGbind. A summary of binding components in the binding free energy is reported in Table12.  
 
Table 12: Predicted MM-GBSA free energies (kcal/mol) and individual energy terms of the Indicaxanthin-target 
complexes and K252a-target complexes 

  ΔGbind ΔGCoul ΔGHbond ΔGLipo ΔGSolv ΔGvdW 
Indi/Chain B  -22.2 ± 4.3  67.5 ± 11.5  -3.9 ± 1.0  -4.5 ± 0.8  -59.2 ± 11.2  -24.6 ± 4.3 
Indi/Chain A  -20.7 ± 4.7 10.6 ± 30.3  -4.3 ± 1.5  -3.4 ± 1.3   -3.2 ± 0.28  -22.3 ± 5.45 
K252a/Chain B  -72.02 ± 4.1  -16.78 ± 3.0  -1.33 ± 0.2  -20.62 ± 1.3 24.2 ± 2.1  -57.6 ± 2.5 
K252a/Chain A  -74.45 ± 4.0  -22.42 ± 0.3  -1.68 ± 0.3  -18.67 ± 0.3 26.6 ± 1.9  -57.96 ± 2.9 

 
Furthermore, in Figure 48 it is reported the free energy landscape of Indicaxanthin in Chains A 
and B. As expected from previous analysis of the MD trajectories, Indicaxanthin showed a 
higher binding affinity for the Chain B concerning Chain A (ΔGbind= -22.2 ± 4.3 kcal/mol, 
ΔGbind respectively) that could be justified by the shifting of Indicaxanthin towards the mouth 
of the binding pocket. Comparing the binding free energy values of Indicaxanthin and K252a, 
they are consistent with the experimental evidence (K252a ΔGbind = −72.02 ± 4.1 kcal/mol for 
Chain B, and ΔGbind = −74.45 ± 4.0 kcal/mol for Chain A). 
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Figure 48:The binding energy (ΔG expressed in kcal/mol) landscape of Indicacaxanthin bound to Chain A and Chain B 

 

6.4 CONCLUSION 
 
The stability of Indicaxanthin-hIKKβ complexes compared to K252a, a co-crystallized 
inhibitor, was assessed by using Induced fit docking, binding pose metadynamics, and MD. 
Finally, MM-GBSA free energy calculations have been performed to establish what form of 
IKK Indicaxanthin prefers. Induced fit docking results showed that the binding of Indicaxanthin 
with the active form, the inactive form, and the allosteric site of hIKKβ showed the strongest 
stability with the active form. MD trajectories analysis (RMSD, RMSF, and protein-ligand 
contacts number and along the time) also showed that Indicaxanthin enhanced the stability of 
the active form at the same level as the known inhibitor K252a. The stability of the inactive 
form complex with Indicaxanthin is quite similar but it did not reach the quality of the active 
form. Contrariwise, even though for 40 ns over 100 ns Indicaxanthin can bind the allosteric 
pocket, it should not be considered an allosteric inhibitor of hIKKβ. 
Along these lines, present results further suggest the molecule as a useful nutraceutical tool in 
combo therapy i.e., with other therapeutical agents targeting different checkpoints of melanoma 
development. 
The currently demonstrated ability of Indicaxanthin to inhibit the active form of hIKKβ may, 
then, suggest the phytochemical as a new lead compound to synthesize novel and more potent 
IKKβ inhibitors for the treatment of cancer and inflammation-related conditions. 
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7. EXPLORATION THE SARS-COV-2 PROTEOME IN THE 
SEARCH OF POTENTIAL INHIBITORS VIA STRUCTURE-BASED 
PHARMACOPHORE MODELING/DOCKING APPROACH 
 
7.1 INTRODUCTION 
 
Coronaviruses (CoVs) are one of the major pathogens that primarily targets the human 
respiratory system which caused previous outbreaks such as the severe acute respiratory 
syndrome (SARS)-CoV and the Middle East respiratory syndrome (MERS)-CoV. At the last 
of 2019, the novel coronavirus SARS-CoV-2 has become a pandemic threat (COVID-19) to 
public health. It is a respiratory diseasecausing fever, fatigue, dry cough, muscle aches, 
shortness of breath and some instances lead to pneumonia [197]. The SARS-CoV-2 genome 
comprises 29,903 nucleotides, with 10 Open Reading Frames (ORFs). The 3′ terminal regions 
encode structural viral proteins: whereas the 5′ terminal ORF1ab encodes two viral replicase. 
polyproteins pp1a and pp1b. The proteolytic cleavage of pp1a and pp1b produces 16 
nonstructural proteins (nsp1 to nsp16). Among these, there are nsp3, the papain-like protease 
(PLpro) and nsp5, the 3-chymotrypsin-like protease (3CLpro, also known as the main protease 
(Mpro). The viral polyprotein processing is essential for maturation and infectivity of the virus 
(Figure 49) [198]. Because of the crucial roles, these two proteases are important targets for 
antiviral drug design. Moreover, the virus encoded for other proteins that could be potential 
targets of antiviral drugs. The mature proteins of SARS-CoV-2 are: host translation inhibitor 
nsp1 (nsp1); nonstructural protein 2 (nsp2); papain-like proteinase (PLpro); nonstructural 
protein 4 (nsp4); 3C-like proteinase (3CLpro), nonstructural protein 6 (nsp6), nonstructural 
protein 7 (nsp7), nonstructural protein 8 (nsp8), nonstructural protein 9 (nsp9), nonstructural 
protein 10 (nsp10), RNA-directed RNA polymerase (Pol/RdRp), helicase (Hel), guanine-N7 
methyltransferase (ExoN/nsp14), uridylate-specific endoribonuclease (NendoU/nsp15), 2’-O-
ribose methyltransferase (nsp16), Spike glycoprotein (S glycoprotein), protein 3a, Envelope 
small membrane protein (E protein), Membrane protein (M protein), nonstructural protein 6 
(nsp6), protein 7a, nonstructural protein 7b (nsp7b), nonstructural protein 8 (nsp8), 
nucleoprotein (NC), ORF10 protein. These proteins can form hetero-oligomeric complexes 
such as: nsp7/nsp8 hetero-oligomeric complex; nsp7/nsp8/Pol hetero-oligomeric complex; 
nsp10/nsp14 hetero-oligomeric complex; nsp10/nsp16 hetero-oligomeric complex; Spike 
glycoprotein/hACE2 hetero-oligomeric complex. Anti-coronavirus therapies can be split into 
two main approaches: the first approach is to act on the human immune system or human cells 
level, and the other approach is to focus on coronavirus itself [199]. In exploring novel therapies 
for COVID-19, researchers are using computational approaches to aid in the discovery of 
potential candidates [200]. In particular, in silico drug repurposing, also named drug 
repositioning, is a strategy used to identify novel uses for existing approved and investigational 
drugs. This strategy offers numerous advantages over traditional drug development 
pipelinesthat suffer risks failure in preclinical or early stage clinical trials due to safety and/or 
toxicological issues. On the contrary, the drug repurposing strategy reduces this risk by using 
drugs that have demonstrated safety records from previous trials. The real advantage of drug 
repurposing is that preclinical and early stage clinical trials do not need to be repeated. This 
determines cost reductions compared to traditional drug development [5,201-213]. The number 
of in silico studies on drug repositioning against SARS-CoV2 is growing rapidly in these last 
months. A major part of these studies is focused on the repurposing of approved and 
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investigational drugs against the 3CLpro or Mpro by using both ligand-based approaches and 
structure-based approaches. Structure-based approaches are related to different docking 
analysis [214–224]. In another work, Battisti and coworkers used two different approaches 
related to docking and pharmacophore combined with MD to perform virtual screening of a 
large database of compounds on 10 different SARS-CoV-2 proteins [225]. To our knowledge, 
Touret and coworkers performed, to date, the only in vitro screening of an FDA approved 
chemical library which revealed potential inhibitors of SARS-CoV-2 replication [216]. 
Nevertheless, the identification of potential inhibitors is still challenging for all the researchers 
involved in the field In this study, a computational analysis of the proteins encoded by the 
SARS-CoV-2 genes was performed. Such an analysis was used as a starting point for a 
druggability assessment and a computational drug repurposing work-frame. First, high-quality 
protein structures were built employing homology modeling or exploiting existing experimental 
structures. Starting from the models, a computational assessment was done to find out a 
druggable binding pocket for those proteins of which catalytic site is not known in the literature. 
The best druggable sites found in the previous analysis, together with the catalytic sites reported 
in the literature, were then used to build structure-based pharmacophore models. In the end, 
these models were used to screen the DrugBank library (approved and investigational drugs) 
[226] as a first screening approach. 
 

 
Figure 49: SARS-COV2 genome structure 

7.2 MATERIALS AND METHODS 
 
7.2.1 Library Preparation 
 
A total of 8752 experimental, investigational, and approved molecules were downloaded from 
the DrugBank database (www.drugbank.ca). First, the database molecules were prepared using 
Schrödinger LigPrep v. 2018-4. The force field adopted was OPLS3e and Epik [75] was 
selected as an ionization tool at pH 7.0 ± 2.0. The database obtained was prepared as a 
Pharmacophore Screening database, in *.lbd format, through Idbgen (extension present in the 
LigandScout 4.3 [15] package), which allowed obtaining the best conformation of the ligand 
(at low energy) between the 200 the application can calculate. The tautomers were considered 
as separate molecules and those molecules that were duplicated or whose conformation 
calculation had failed were eliminated. 
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7.2.2 Homology Modeling and Protein Preparation 
 
The full SARS-CoV-2 proteome based on the NCBI reference sequence NC_045512, which is 
identical to GenBank entry MN908947 and annotations from UniProt, was modeled in the 
SWISS-MODEL [227] workspace (swissmodel.expasy.org/workspace). Only for 10 proteins, 
it was possible to obtain high-quality models and experimental structures that were considered 
for further analysis. Investigated proteins are 3C-like protease (3CLpro), papain-like protease 
(PLpro), guanine-N7 methyltransferase (nsp14), uridylate-specific endoribonuclease 
(NendoU/nsp15), nsp4, nsp7/nsp8 supercomplex, nsp9, nsp7/nsp8/nsp12 hetero-oligomeric 
complex, helicase (Hel), 2’-O-ribose methyltransferase (nsp16). For each structure, templates 
with the highest identity available at the time of this study (25 March 2020) were selected and 
respective models were generated. 
For 3C-like protease (3CLpro) the crystal structure of the COVID-19 main protease (PDB ID: 
6LU7) was available. The structure of papain-like protease (PLpro) of SARS virus (PDB ID: 
3E9S) was used as a template of the human coronavirus papain-like model (82.86% sequence 
identity). This one was the best available experimental structure at the time of the study (25 
March 2020). On 27 May 2020, the crystal structure of PLpro of SARS-CoV-2 was released 
(PDB ID: 6WZU). The overlapping of the model and the experimental structure was performed. 
The RMSD value of 3.99 Å shows that the two structures are identical unless few residues in 
the C-terminal. For guanine-N7 methyltransferase (nsp14), the SARS-related coronavirus (PDB 
ID: 5C8S) was used as template that shows 95.07% of sequence identity. For uridylate-specific 
endoribonuclease (NendoU/nsp15), the experimental structure was reported in the Protein Data 
Bank [34] (PDB ID: 6W01). The crystal structure of nsp4 from mouse hepatitis virus A59 (PDB 
ID: 3VCB) was used as a template of SARS-CoV-2 nsp4 (61.36% sequence identity). The 
crystal structure of SARS-CoV super complex of nonstructural proteins (PDB ID: 2AHM) was 
chosen as a template of nsp7/nsp8 supercomplex (97.86% sequence identity). For nsp9 the 
template of nsp9 from SARS-coronavirus (PDB ID: 1UW7) was used. It shares a sequence 
identity of 97.35%. The X-ray structure of SARS coronavirus nsp7/8/12 (PDB ID: 6NUR) was 
selected as a template of nsp7/nsp8/nsp12 hetero-oligomeric complex (96.70% sequence 
identity). The crystal structure of SARS-coronavirus helicase (PDB ID: 6JYT) was used as 
template for SARS-CoV-2 helicase (Hel). It shows a high sequence identity (99.83%). On 29 
July 2020, the experimental structure of SARS-CoV-2 helicase (PDB ID: 6ZSL) was released. 
The overlapping of our model and the experimental structure shows a RMSD value of 4.17 Å. 
This means a quite identical structure unless some loops (See Supplementary information of 
the original paper). The crystal structure of nsp16/nsp10 SARS coronavirus complex (PDB ID: 
2XYQ) was chosen as a template of the model of 2’-O-ribose methyltransferase (nsp16) with 
93.45% sequence identity. The models obtained and the PDBs were refined using the protein 
preparation wizard tool of Maestro Suite Software as reported in the previous chapter. 
 
7.2.3 Pharmacophore Modeling 
 
Pharmacophore model generation was performed using LigandScout 4.3. The structures were 
imported into LigandScout. 3C-like proteinase, PLpro, nsp14, nsp15, nsp16–nsp10 are protein–
ligand complexes, while nsp4, nsp9, nsp10–nsp14, helicase, nsp7–nsp8 supercomplex, 
nsp12are targets without ligand-bound. For protein-ligand complexes, a structure-based 
pharmacophore model was generated. When the model showed more features, to improve the 
performance of virtual screening, the features for the binding were considered, in other cases 
the features were omitted until hits were found. The calculate pockets tool has been used to find 
the binding pockets for the structures without ligand bound. A grid was calculated over the 
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entire protein structure and grid points were evaluated according to their buriedness and their 
number of neighboring grid points. Isocontour surfaces were generated. Then, a model was 
created by selecting the nature and number of six features according to the features shown in 
the protein–ligand complexes utilizing “Create Apo Site Grids”. Next, the pharmacophore 
model was generated for each one. The obtained pharmacophore models were used as a query 
to screen the DrugBank library. For apo protein, such an approach allows evaluating if a 
putative binding site is suitable for ligand binding. 
Pharmacophore screening was preferred to be used prior to docking for two reasons. First, it 
exploits a rapid screening technique that is crucial in the first stage of the virtual screening 
cascade. Indeed, this is very common to use it as a first step in a virtual screening campaign on 
large databases [228]. Second, the structure-based pharmacophore uses a static conformation 
of protein side chains, while the docking funnel here used was set to have a gradually increasing 
precision with a final step of IFD that allow user to simulate side-chains-induced fit based on 
the ligand. 
 
7.2.4 Docking 
 
The hits identified by the virtual screening were submitted to a docking study using Glide [95] 
in standard precision (SP) with the OPLS3e [27] force field. The crystal structures were 
optimized using protein preparation wizard in Maestro as reported in the previous chapter. For 
protein-ligand complexes, the grid boxes were built considering the ligands as centroid. In 
contrast, for apoproteins, the amino acid residues, previously identified by LigandScout as 
crucial, were considered for centering the docking grid. The docking study was performed using 
the Glide docking tool, in extra precision (XP) using no constraints. Van der Waals radii were 
set at 0.8 and the partial cutoff was 0.15 and flexible ligand sampling. Bias sampling torsion 
penalization for amides with nonplanar conformation and Epik state penalties were added to 
the docking score. 
 
7.2.3 Induced-Fit Docking and MM-GBSA 
 
Induced Fit Docking protocol (IFD) -developed by Schrödinger [24]-is a method for modeling 
the conformational changes induced by ligand binding. This protocol models induced-fit 
docking of one or more ligands using the following steps as also reported in [87]. 
IFD was performed using a standard protocol and the OPLS3e force field was chosen. The 
receptor box was centered on the co-crystallized ligands on the crucial residues identified within 
the binding site. During the initial docking procedure, the van der Waals scaling factor was set 
at 0.5 for both receptor and ligand. Prime refinement step was set on side chains of residues 
within 5Å of the ligand. For each ligand docked, a maximum of 20 poses was retained to be 
then redocked at XP mode. IFD calculation was followed by prime/MM-GBSA for the 
estimation of ∆Gbinding. For the prime/MM-GBSA method see as reported in the section 
3.4.2.6. 
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7.3 RESULTS AND DISCUSSION 
 
SARS-CoV-2 caused the outbreak of coronavirus disease 2019 (COVID-19) threatening global 
health security. To date, no approved antiviral drugs or vaccines are available against COVID-
19 although several clinical trials are underway. In this framework, computational methods 
offer an immediate and scientifically sound basis to potentially design highly specific inhibitors 
against important viral proteins and guide the antiviral drug discovery process [229]. 
In this study, SARS-CoV-2 encoded proteins were analyzed from PDB structures and 
homology models were generated by using the most similar PDB crystal structures as templates. 
For the homology models created, starting from the high similarity between SARS-CoV-2 
proteins and some available crystal structures from SARS-CoV, ligand coordinates of the 
available most similar crystals were exploited for the structure-based pharmacophore creation. 
Below the analyzed proteins and the related pharmacophore maps composition are reported.  
3C-like proteinase (3CLpro), also termed the main protease, cleaves most of the sites in the 
polyproteins and the products are nonstructural proteins (NSPS), which assemble into the 
replicase–transcriptase complex (RTC). The binding site of the main protease consists of a 
conserved catalytic dyad, i.e., Cys145 and His41 with other crucial residues, which are Phe140, 
Leu141 Asn142, Gly143, Ser144, Cys145, Met165, Glu166, Gln189 and Thr190 [222] (Figure 
50A). The pharmacophore model was developed on the co-crystallized ligand (N3) that is 
present in the PDB ID 6LU7; this ligand was covalently bound to Cys145. N3 was modified, 
by breaking the covalent bond and filling in open valence. The final pharmacophore showed 12 
features: 2 H-bond acceptors (HBAs) interacting one with Glu166 and the other with Gly143; 
4 H-bond donors (HBDs) which interact, respectively, with Phe140, His164, Glu166, Gln189 
and Thr190; 4 hydrophobic features interacting with Thr25, Thr26, Met49 and Ala191; and a 
negative ionizable area with Glu166 (Figure 50B,C). Papain-like protease (PLpro) cleaves the 
nsp1/2, nsp2/3 and nsp3/4 boundaries. It works with 3CLpro to cleave the polyproteins into 
NSPS [230]. It showed in the active site residues Gly164, Asp165, Arg166, Glu168, Pro248, 
Pro249, Tyr 265, Gly267, Asn268, Tyr 269, Gln270, Cys271, Gly272, Tyr274 and Thr302 
(Figure 50D). The pharmacophore model was developed on the co-crystallized ligand present 
in the PDB ID 3E9S. The pharmacophore map was composed of 7 features: 1 HBA with 
Gln270; 2 HBDs, one with Tyr265 and the other with Tyr269; and 4 hydrophobic interactions 
with Leu163, Met209, Tyr274 and Thr302 (Figure 50E,F). 
Guanine-N7 methyltransferase (nsp14) is important for viral replication and transcription. The 
N-terminal exoribonuclease (ExoN) domain plays a proofreading role in the prevention of lethal 
mutagenesis and the C-terminal domain functions as a guanine-N7 methyltransferase (N7-
MTase) for mRNA capping [230]. The models were developed using as template the PDB ID 
5C8S, which shows nsp14 in complex with its activator Nonstructural protein10 (nsp10) and 
two functional ligands: S-adenosyl-L-homocysteine (SAH) and guanosine-P3-adenosine-5,5′ -
triphosphate (G3A). One molecule of nsp10 interacts with ExoN of nsp14 to stabilize it and 
stimulate its activity. SAH and G3A bind the guanine-N7 methyltransferase site. The SAH 
binding pocket contains residues Trp292, Gly333, Asp352, Phe367 and Tyr368 [218] (Figure 
50G). The derived pharmacophore model showed 5 features: 1 HBA with Tyr368, 3 HBDs, two 
with Asp352 and one with Tyr368 and hydrophobic interaction with Val290 (Figure 50H,I). 
The binding pocket engaging G3A contains the following residues: Trp292, Arg310, Gly333, 
Pro335, Lys336, Asn386, Asn388, Tyr420 and Phe426 (Figure 50J). Therefore, the derived 
pharmacophore model showed 10 features: 4 HBAs which interacted, respectively, with 
Cys309, Arg310, Trp385, Asn388, 3 HBDs, two with Cys309 and one with Asn422, 3 negative 
ionizable features at the 3 phosphate groups and an aromatic ring with Phe426 (Figure 50K,L). 
Nonstructural protein 16 (nsp16) also termed 2’-O-methyltransferase is activated only by the 



 102 

binding of nsp10. The structure of the nsp16–nsp10 complex from SARS-COV-2 with 1.80 Å 
of resolution (PDB ID: 6W4H) was considered. This complex shows S-adenosylmethionine 
(SAM) in the binding site. It forms hydrogen bonds with Asp6928, Tyr6930, Asp6897 and 
Cys6913 (Figure 50M). The derived pharmacophore model on the co-crystallized ligand 
showed 9 features: 4 HBAs with Gly248 and Thr341, 1 HBD with His250 and 2 negative 
ionizable areas with Gly248 and Lys290 (Figure 50N,O). 
Moreover, the nsp16–nsp10 SARS coronavirus complex (PDB ID: 2XYQ), which shows S-
adenosyl-L-homocysteine (SAH) in the binding site was used. SAH forms hydrogen bonds with 
Lys46, Asp130, Lys170 e Glu203 (Figure 50P). The derived pharmacophore model showed 9 
features: 4 HBAs with Asn43, Leu100, Tyr Cys115, 4 HBDs with Gly71 and Asp99, 2 negative 
ionizable areas with Asp130 (Figure 50Q,R). 
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Figure 50: Pharmacophore modeling of ligand–protein complexes. For each structure molecular surface of the 
active site the co-crystallized ligand (A,D,G,J,M,P), structure-based pharmacophore model (B,E,H,K,N,Q) and 
ligand interactions (C,F,I,L,O,R) are shown 
 

The other pharmacophore models were developed exploring the apoprotein surfaces as follows: 
uridylate-specific endoribonuclease (NendoU/nsp15) forms a hexameric endoribonuclease, that 
preferentially cleaves 3’ of uridines. It is one of the RNA-processing enzymes encoded by the 
coronavirus [231]. Exploring the apoprotein surface, a potential active site was found, and a 
pharmacophore model was generated (Figure 51A). It contained the following residues: 
Thr166, Arg198, Asp267 and Ser273. The pharmacophore model showed 3 features: 2 HBDs 
and one hydrophobic feature. 
Nonstructural protein 4 (nsp4) is localized at the endoplasmic reticulum membrane when 
expressed alone, but this protein can be recruited into the replication complex in infected cells 
[231]. After scanning the protein surface, a potential binding pocket was identified containing 
residues Leu417, Thr460 and Arg464. The derived pharmacophore model showed 6 features: 2 
HBAs, 2 HBDs and a hydrophobic feature (Figure 51B). 
Nonstructural protein 9 (nsp9), encoded by ORF1a, does not present a designated function, but 
is most likely involved with viral RNA synthesis. The crystal structure suggests that the protein 
is dimeric, whereas nsp9 binds RNA and interacts with nsp8 [232]. The potential identified 
binding site contains the following residues: Gly38, Arg39, Ser59 and Thr64. The derived 
pharmacophore model showed 6 features: 2 HBAs, 2 HBDs and one hydrophobic feature 
(Figure 51C). 
Helicase (hel) catalyzes the unwinding of duplex oligonucleotides into single strands in an 
NTP-dependent manner. The structure of SARS-CoV-2 nsp13 adopted a triangular pyramid 
shape comprising five domains. Among these, there are two “RecA-like” domains, 1A (261–
441 a.a.) and 2A (442–596 a.a.) and 1B domain (150–260 a.a.) forming the triangular base, 
while N-terminal zinc-binding domain (ZBD) (1–99 a.a.) and stalk domain (100–149 a.a.), 
which connects ZBD and 1B domain, are arranged at the apex of the pyramid [222]. Exploring 
the apoprotein surface, two putative binding sites were found, pocket A and pocket B. Pocket 
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A contained residues from the stalk domain (Lys139, Lys146), 1B domain (Asn179) and 1A 
domain (Cys309, Arg339) and domain 1B (Thr228-Thr231) important for helicase activity. 
Pocket B contained residue from the N-terminal zinc-binding domain, ZBD domain, (Ile20, 
Arg21, Arg22) and stalk domain (Arg129). The pharmacophore models obtained for each 
pocket have the same 6 features: 2 HBAs, 2 HBDs and two hydrophobic features (Figure 51D-
E). 
Nonstructural protein 7 and 8 (nsp7–nsp8) supercomplex are essential cofactors for Nsp12 
polymerase [227]. Two putative active sites were found: pocket A and pocket B. Pocket A 
between chains C, G and H, pocket B between chainG–H of nsp8. The pocket A showed as 
residues: Glu50 of chain C; Thr124 and Arg190 of chain G; Glu5, Arg57, of chain H. The 
pocket B of chains G–H of nsp8 showed the residues: Arg57 and Asp64 of chain G; Leu122 
and Thr123 of chain H. The pharmacophore model showed 6 features each: 2 HBAs, 2 HBDs 
and two hydrophobic features (Figure 51F,G). 
Nonstructural protein 12 bound to nsp7-8 co-factors (nsp7–nsp8–nsp12) hetero-oligomeric 
complex is an RNA-dependent RNA polymerase. It is bound to its essential co-factors nsp7 and 
nsp8 greatly stimulates the replication and transcription activities of the polymerase. The nsp12 
contains a polymerase domain (a.a. 398–919) that assumes a structure resembling a cupped 
“right hand”. The polymerase domain consists of a finger domain (a.a. 398–581, 628–687), a 
palm domain (a.a. 582–627, 688–815) and a thumb domain (a.a. 816–919). CoV nsp12 also 
contains a nidovirus-unique N-terminal extension (a.a. 1–397) [222]. The putative active sites, 
pocket A and pocket B were found into conserved motif regions (A–G) possessed of all 
polymerases [227]. Pocket A contained residues of N-terminal extension Thr246 and Arg249; 
pocket B contained residues of N-terminal extension Tyr129, His133, Asn138 and motif D 
(Ala706–Asp711), the pharmacophore model showed 6 features: 2 HBAs, 2 HBDs and two 
hydrophobic features (Figure 51H,I).  
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Figure 51: Pharmacophore modeling of the apoproteins. The first step was to find putative active sites, then the 
pharmacophore models were built in the identified pockets. Four of the structures had two active sites. (A) 
Uridylate-specific endoribonuclease, nsp15; (B) nsp4; (C) nsp9; (D) Helicase pocket A; (E) Helicase pocket B; 
(F) nsp7-nsp8 pocket A; (G) nsp7-nsp8 pocket B; (H) nsp7-8-12 pocket A; (I) nsp7-8-12 pocket B 

The identified pharmacophore models were used to perform a virtual screening against the 
DrugBank database of experimental, investigational and approved drugs considering as a first 
filter. 
The hits found were submitted to docking studies to evaluate the poses and interactions at the 
putative active site. First, XP docking was performed and subsequently, the highest-ranked hits 
were submitted to induced fit docking analysis and MM-GBSA calculation to further filter. For 
just one protein (nsp16), no hits were identified in the DrugBank database. At the end of the 
computational exploration, a total of 34 hits were identified for all the explored targets. Among 
these compounds, 26 are experimental drugs, 5 investigational drugs and 3 approved drugs. The 
summary results were reported in the Supporting Information. In the main text, the molecular 
recognition analysis for the best binder hits for each target will be discussed. The rest of the 
identified hits, docking scores, ∆Gbinding, and protein–ligand interactions is reported in a table 
in Supplementary Information as well as 2D ligand interaction diagrams of the best binders. 
The best docked hit molecule for 3CL-protease is the experimental drug DB082309, a phenyl 
pyrroline derivative (∆G = −72.56 kcal/mol). This compound is characterized by an H-bond 
between the carbonyl oxygen with Asn142, but the principal contribution to the binding is given 
by the ∆GvdW = −52.56 kcal/mol and the ∆Glipo = −23.65 due to the 2 aromatic rings (phenyl 
and O-difluorophenyl) of the molecules which are located in two hydrophobic pockets (Leu140, 
Phe141, Leu167, Pro168) and the piperazine moiety interacting with His41 and Met49 (Figure 
52A). 
The most promising drug candidate for papain-like protease is the experimental drug DB07358 
(∆G= −50.662 kcal/mol), a benzamide derivative. In our study, the experimental drug DB07358 
forms three H-bonds with Tyr269, Gln270 and Tyr274. Moreover, the binding is characterized 
by a strong pi-stacking of the thiazol moiety with the phenyl ring of Tyr269 and phenylamino 
moiety with the phenyl ring of Tyr274 (∆Glipo = −19.47 kcal/mol, ∆GvdW = −38.50 kcal/mol) 
(Figure 52B). 
Top-ranked guanine-N7-methyltransferase (nsp14) hit is the experimental drug DB02933 as 
known as 5’-deoxy-5’-(methylthio)-tubercidin (∆G = −65.07 kcal/mol). This compound was 
previously identified as an inhibitor of the h–S-methyl-5’-thioadenosine phosphorylase and 
bacterial methylthioadenosinenucleosidase. The compound 5’-deoxy-5’-(methylthio)-
tubercidin showed 3 H-bond interactions with Asn386, Asn388 and Glu302, but the most 
contribution to the binding energy is due to pyrrole pyrimidine moiety, which establishes strong 
pi-stacking interaction with Tyr420 and Phe426 (Figure 52C). 
Considering the NendoU/nsp15 protein, the most promising compound is the experimental drug 
DB01792 as known Adenylyl-(3’-5’)-uridine 3’-monophosphate (∆G = −63.169 kcal/mol). The 
compound showed a high number of H-bond interactions with several different residues 
(Thr166, Ser197, Glu264, Asp272, Tyr278) (Figure 52D). 
The experimental drug DB01859 resulted in the hit related to the nsp16. The compound is also 
known as 4-diphosphocytidyl-2-C-methyl-D-erythritol 2-phosphate (∆G = −25.204 kcal/mol). 
It showed 9 H-bond interactions with Gly71, Ala72, Gly81, Ser98, Asp99, Asp130 and Asp133. 
Residue Cys115 showed 2 H-bonds (Figure 52E). 
The top-ranked compound for nsp4 is the experimental drug sinapoyl-coA (DG = −80.73 
kcal/mol). The binding of sinapoyl-CoA in the nsp4 pocket is influenced by a high number of 
H-bonds with several different residues (Leu417, Thr419, Arg464, Thr460) (Figure 52F). 
The experimental drug DB02794 resulted in the best binding hit related to the nsp9. Due to the 
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presence in the scaffold of many oxygen atoms, DB02794 establishes many H-bond interactions 
involving Lys36, Gly38, Arg39, Ser59, Asp60, Glu68. Other H-bond interactions involve some 
nitrogen of the experimental drug and the residues Gly38, Ser59 and Lys92. The strong net of 
H-bond interactions is reflected by a ∆Gcoul = −84.35 kcal/mol, partially compensated by a 
loss of binding energy due to the solvation contribution ∆G = +68.45 kcal/mol. It is worthy to 
note that the next top-ranked hits for nsp9 are 3 approved drugs (ioxilan, Pemetrexed, and 
isoprenaline), which could be of particular interest due to the status “approved”, which would 
allow to use them in clinical trials (Figure 52G).  
For the helicase, the apo binding pocket analysis identified 2 different putative binding sites. 
The most promising candidate drug-binding pocket A is the experimental drug 4-
hydroxybenzoyl-coA (∆Gbind = −91.90 kcal/mol). The interactions that this compound 
establishes with the pocket A are characterized by several H-bonds, most of which formed by 
the three phosphate moieties with Lys139, Arg339, Asn361, Arg390. Other H-bond interactions 
are among the hydroxyl and carbonyl oxygens and Lys139, Glu142, Lys146, Asp179, His230, 
Cys309, Arg339, Arg390. Moreover, the purine moiety establishes pi-stacking interactions with 
the imidazole moiety of His230. Regarding the top-ranked compound in pocket B, this is the 
experimental drug DB02136, a cephalosporin analog, (∆Gbind = −75.81 kcal/mol). This 
compound interacts with the residues Ile20, Arg21, Arg22, Arg129, Glu136 forming H-Bonds 
with carbonyl and hydroxyl oxygen atoms, but the binding mode is strengthened by an 
important contribution of ∆GvdW = −71.94 kcal/mol (Figure 52H,I). 
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Figure 52: (A) DB08239 binding pose in 3C-like protease; (B) DB07358 binding pose in papain-like protease; (C) 
DB02933 binding pose in guanine-N7-methyltransferase (nsp14); (D) DB01792 binding pose in NendoU/nsp15; 
(E) DB01859 binding pose in nsp16; (F) synapoylCoenzyme A binding pose in nsp4; (G) DB02794 binding pose 
in nsp9.(H) DB04579 binding pose in helicase, pocket A; (I) PCI-27483 binding pose in helicase, pocket B; (J) 
flavin-N7 protonated-adenine dinucleotide binding pose in nsp7-8, pocket A; (K) DB06955 binding pocket in 
nsp7-8, pocket B; (L) DB04579 binding pose in nsp7-8–12, pocket A; (M) PCI-27483 in nsp7-8–12, pocket B. 
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Furthermore, for the supercomplex nsp7–nsp8, two different pockets were found. The most 
promising candidate for pocket A is the experimental drug flavin-N7 protonated-adenine 
dinucleotide (∆G = 78.86 kcal/mol). The flavin moiety interacts with the residue Arg57 forming 
2 H-bonds. These latter are also formed among the phosphate and Thr190, the ribose moiety 
and Arg190 and the purine moiety and Ile2, Ile3, Ile4. Moreover, the binding interaction is 
strengthened by ionic interactions among the NH3+ and the glutamic residues 5 and 50. The 
residue Arg190 interacts with the purine moiety employing pi-stacking interactions. The top-
ranked compound for pocket B is the experimental drug DB06955 (∆G = −58.14 kcal/mol), a 
pyrrole-indole derivative, interacting with Arg57, Asp64, Leu122 and Thr123 employing H-
bond interactions (Figure 52J,K). 
Last, but not least, for the hetero-oligomeric complex nsp7–nsp8–nsp12 two different pockets 
were identified. In pocket A, the most promising compound is the experimental peptide analog 
DB04579 (∆G = −57.10 kcal/mol) interacting with the residues Thr246, Arg249, Leu251, 
Ser255 through H-bond interactions. The most promising compound for the pocket B is the 
investigational drug PCI-27483, a phenyl benzimidazole derivative to date used for the 
treatment of the pancreatic adenocarcinoma. The binding mode is characterized by several H-
bond interactions involving His133, Phe134, Asp135, Asn138, Ala708, Ser709, Thr710, 
Lys780 and Asn781. The indole moiety is further involved in pi-stacking interactions with 
Tyr129 (Figure 52L,M). 
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7.4 CONCLUSION 
 
The recently emerged SARS-CoV-2 caused a major outbreak of COVID-19 and instigated a 
widespread fear and has threatened global health security because there are no approved 
therapies for treating. In the attempt to try to speed up the search for new inhibitors of the virus 
replication, in this study, a computational drug repositioning campaign on the DrugBank 
database of experimental, investigational, and approved drugs was performed. The aim of using 
such a restricted database had the rationale to identify potential lead compounds to quickly test 
in vitro and in vivo as they passed toxicity tests. The proteome of SARS-CoV-2 was analyzed 
and using homology modeling were identified the high-quality models of proteins. A structure-
based pharmacophore modeling study was performed to identify pharmacophore features for 
each target. Successively, the pharmacophore models were used to perform a virtual screening 
against the DrugBank library. After a docking study, a total of 34 hits was identified for all the 
explored targets (3CL-protease, papain-like protease, guanine-N7-methyltransferase nsp14, 
nsp16, NendoU/nsp15, nsp4, nsp9, helicase, nsp7–nsp8 supercomplex and nsp7–nsp8–nsp12 
hetero-oligomeric complex). Among these compounds, 26 are experimental drugs, five 
investigational drugs and three approved drugs. The final selection of the potential inhibitors 
was made considering the best binding energy for each compound obtained utilizing MM-
GBSA calculation. Molecular recognition analysis showed that these compounds interact with 
the residues found as crucial for each target. These drugs can be further explored against the 
successful inhibition of COVID-19. Moreover, a set of hot spot residues and pharmacophore 
features for each target, which makes substantial contributions to the protein–ligand binding 
are also identified. This achievement can facilitate us to rationally design novel selective 
inhibitors targeting SARS-CoV-2, not comprised in the DrugBank. The results of this study 
offer a double important hint for anti-COVID19 drug discovery campaigns. On one side, it 
shows putative repurposing drugs to be adopted as a single therapy or in combination with other 
therapies. On the other side, our deep studies attempted to map out the main binding hot spots 
for the most important SARS-CoV-2 proteins, opening an important route to the design of new 
molecules to test. 
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