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A B S T R A C T

The COVID-19 pandemic has underscored the urgent need for specific pharmacological treatments beyond 
existing vaccines. One of the most attractive targets for antiviral therapies development is the SARS-CoV-2 Main 
Protease (MPRO), a key enzyme in viral life. The lack of MPRO human homologs and its conservation rate among 
coronaviruses make this enzyme strategically important. Considering its mechanism of action, the catalytic 
cysteine residue (Cys145) presents a prime target for covalent inhibition. Electrophilic warhead inhibitors, 
designed to react with this catalytic site, mimic the amide peptide bonds of the viral polyproteins, thereby 
facilitating their binding and subsequent inactivation of the enzyme. Their activity is further potentiated when 
incorporated into peptidomimetic structures. In silico approaches are gaining increasing importance in the search 
for effective COVID-19 treatments. In this view, this study focuses on developing an innovative in silico protocol 
for identifying anti-SARS-CoV-2 agents covalently targeting MPRO. To this purpose, a combinatorial library of 450 
peptidomimetic compounds with aldehydic warheads was generated, refined to 388 compounds through docking 
studies, and further evaluated for covalent binding capabilities, revealing that compounds 9–14, 16, and 20 
exhibited significantly higher affinities compared to known inhibitors, even during a 200 ns dynamics simula
tion, thus affirming the validity of the adopted design strategy. Furthermore, this work takes the advantages of 
our in-house ligand-based tool, the Biotarget Predictor Tool, available in DRUDIT, integrated with both structure- 
based techniques and, interestingly, multivariate statistical analysis.

1. Introduction

The Coronavirus Disease-19 (COVID-19) global pandemic has been 
etiologically caused by the highly infectious Severe Acute Respiratory 
Syndrome CoronaVirus 2 (SARS-CoV-2) [1,2], a β-coronavirus (β-CoV) 
that infects both animals and humans, causing respiratory diseases [3]. 
As of today, the World Health Organization (WHO) has reported over 
775 million cases globally, with a mortality rate of approximately 1 %. 
In response to the outbreak, the scientific community has recommended 
stringent social distancing measures and the rapid development of 
vaccines to contain the spread of the virus. Over 20 vaccines have suc
cessfully reached clinical trials, demonstrating their efficacy in 

preventing severe COVID-19 [4]. However, considering the high muta
tion rate characteristic of this virus family, the long-term efficacy and 
safety of these vaccines remain under debate. This highlights the urgent 
need for more specific pharmacological treatments to complement 
vaccines in both the prophylaxis and treatment of COVID-19 [5]. 
Moreover, there is the need to develop effective therapeutic strategies 
against SARS-CoV-2. Over the past four years, recombinant proteins, 
monoclonal antibodies, immunological treatments, and drug repurpos
ing have emerged as effective approaches based on comparative studies 
among coronaviruses [6–35].

To date, with the goal of developing a selective antiviral drug against 
SARS-CoV-2, the research community worldwide evaluated several 
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Fig. 1. X-Ray structure of dimeric SARS-CoV-2 MPRO (PDB code 6Y2F) [38].

Fig. 2. X-Ray structure of dimeric SARS-CoV-2 MPRO and focus on the catalytic site, with the four region S1, S1′, S2 and S3/S4 highlighted (PDB code 6Y2F) [38].

Fig. 3. SARS-CoV-2 MPRO mechanism of action processed by the catalytic dyad (Cys145 and His41, located in the S1′ subregion of the binding pocket). Cys145 is 
highlighted in purple, while His41 in aqua green. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of 
this article.)
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structural/non-structural viral proteins as possible SARS-CoV-2 drug
gable targets. Among these, the Main Protease (MPRO) emerged as the 
most attractive target for drug design [36].

MPRO, also known as 3C-Like Protease (3CLPRO), is a crucial 
enzyme in the SARS-CoV-2 replication cycle, primarily involved in 
processing the viral polyproteins pp1a and pp1ab. By cleaving these 
polyproteins into functional Non-Structural Proteins (NSPs), MPRO en
ables the assembly of the Replication-Transcription Complex (RTC), 
which is essential for viral replication. MPRO is highly conserved among 
coronaviruses and functions as a homodimer, with its active site being a 
key target for antiviral drug development. The absence of similar pro
teases in human cells makes MPRO an ideal therapeutic target. Inhibition 
of MPRO has been shown to be a highly effective strategy in preventing 
the spread of SARS-CoV-2 and represents a cornerstone in the ongoing 
search for broad-spectrum antiviral therapies [36].

Structurally, MPRO protomers consist of 306 amino acids divided into 
3 domains (I, II, and III): domain I (8–101) comprises 6 β-strands and an 
α-helix, while domain II (102–184) and domain III (201–303) include 6 
β-strands and 5 α-helices respectively. All domains are connected by 
long loop regions (Fig. 1) [37].

Dimerization of the protein is a necessary step for the catalytic ac
tivity, because of in the monomeric state the active site pocket collapses 
and is not available for the binding with the substrate. The binding 
pocket is organized into four subsites, S1′, S1, S2, and S3/S4. In the 
region S1’, between domains I and II, is located the catalytic site, 
characterized by the catalytic dyad (Cys145 and His41). During the hy
drolysis of the peptide bond, His41 activates the nucleophilic -SH of 
Cys145 by deprotonation, with subsequent stabilization of the adduct by 
the so-called “oxyanion hole”, formed by the Gly143 and Cys145 back
bones. The S1 region, characterized by the side chains of Phe140, His163, 

His164, Glu166, and His172, is highly specific for the glutamine residue 
[39]. The S2 consists of hydrophobic amino acids, such as Met49, Tyr54, 
Met165, Pro168, Val186, and finally S3/S4, which are particularly exposed 
to the solvent, involve Gln189, Ala191, Gln192, Gly251 residues (Fig. 2).

The MPRO mechanism of action involves particularly the S1’ region. 
The catalytic dyad (His41/Cys145) is pivotal for the enzyme as it drives 
the process of peptide bond cleavage in the viral polyprotein. In this 
context, the enzyme-substrate initial complex corresponds to the neutral 
His41/Cys145 dyad (E:S in Fig. 3). From this stable state, the imidazole 
group of His41 polarizes and acts as an activator by removing a proton 
from the thiol group (SH) of Cys145 to form a highly nucleophilic CysS− / 
HisH+ ion pair, that would react with the substrate (E(±):S in Fig. 3) 
[40]. The concomitant nucleophilic attack of CysS− on the carbonyl 
carbon atom of the peptide bond leads to a pseudo-stable intermediate 
(E:S¡ in Fig. 3).

Then, the proton from the protonated HisH+ is transferred to the N 
atom of the scissile peptide bond, forming an acyl-enzyme covalent in
termediate (E:S in Fig. 3).

After this acylation step, the recovery of the enzyme in the following 
deacylation stage is assisted by a water molecule activated by the His, 
which performs the hydrolysis of the thioester intermediate. This reac
tion results in the production of a smaller viral protein fragment with a 
new amino-terminal end and the regeneration of the enzyme for sub
sequent catalytic cycles [41,42].

The strategic placement of His41 and Cys145 in the S1’ region not only 
facilitates this reaction but also underscores the importance of this site in 
MPRO function. Disruptions in the S1’ pocket could impede the enzyme 
ability to make timely and specific cuts in the polyprotein. An interesting 
approach has been provided by the covalent inhibition of the SARS-CoV- 
2 MPRO cysteinyl protease [43–45], where the catalytic sulfur of Cys145 is 

Fig. 4. 2D structures of the viral NSP4 and NSP5 proteins are depicted alongside the P6-P5-P4-P3-P2-P1-P1′-P2′-P3′-P4′-P5′-P6′ cleavage sequences for NSP4 to 
NSP16. The image highlights the recurrent glutamine residues at the P1 position, a critical feature across these sequences.
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covalently trapped by an electrophilic moiety, a reactive warhead that 
mimics the amide peptide of the viral polyproteins.

According to the Schechter and Berger nomenclature, the peptide 
substrate residues recognized by MPRO are referred to, from N to C ter
minus, P3-P2-P1-P1′-P2′-P3′, with the hydrolysis taking place at the 
scissile bond between P1 and P1’. The multiple subsites S1′, S1, S2, and 
S3 are labeled as they can recognize residues in P1′, P1, P2, and P3, 
respectively. MPRO cleaves 11 of the 16 highly conserved recognition 
sites of the polyprotein pp1a/pp1ab, by specifically targeting the P1↓P1′ 
positions (where ↓ denotes the peptide bond cleavage location).

Naturally, MPRO recognizes diverse cleavage sequences but with a 
stringent requirement of glutamine at P1, which gets recognized by the 
S1 subsite in the active site of MPRO. S1 subsite residues form an intricate 
network of interactions with the peptide substrate to ensure glutamine 
specificity at P1 substrate position [46]. P2 tolerates more hydrophobic 
amino acid with a clear preference for leucine, and P1′ is a 
non-conserved prime recognition site (a small amino acid, such as 
serine, glycine, or alanine) [47,48]. Fig. 4 shows the 2D structure of 
NSP4/NSP5 viral proteins and the P6-P5-P4-P3-P2-P1-P1′- 
P2′-P3′-P4′-P5′-P6′ sequences for NSP4-NSP16.

Since P4, P3, P2, P1, and P1′ residues interact with the substrate 
recognition sites (S3/S4–S1′), a recurrence in amino acids is appreciable 
in contrast with a higher variation rate for P2′, P3′, and P4’. In details, 
the analysis of amino acids in sequences highlights that residues as Ser 
and Ala are commonly found in P1’, confirming that small aliphatic 
residues are favored at this position. The recurrent glutamine residue in 
P1 strongly suggests that Gln is critical for substrate binding and 
cleavage; a mutation of Gln would abolish the substrate activity 
completely. P2 position requires a large hydrophobic residue (mostly 
Leu, but also Phe and Val), indeed, hydrophobic interactions between 
the P2 residue and the S2 pocket of the enzyme are crucial for substrate 
recognition. As well as P2, P3 residues must be characterized by sub
stituent groups capable of favorable hydrophobic interactions with the 
amino acids of S3/S4. The preferred amino acids in P3 are Val, Thr, Met, 
Lys, and Arg. Since no human host-cell proteases are known with this 
substrate specificity, MPRO inhibition could drive to blockage of viral 
replication [49], making itself the most attractive target for COVID-19 
antiviral treatment.

Peptidomimetic inhibitors with an electrophilic warhead have 
emerged as a promising class of antiviral agents for targeting SARS-CoV- 
2 MPRO. Indeed, their design leverages the enzyme substrate recognition 
and catalytic mechanism, effectively mimicking the natural substrates 
while introducing a reactive moiety at P1’ position that covalently binds 
the Cys145.

In the panorama of covalent inhibitors, aldehydes represent the most 
abundant class of small molecules and the most promising warhead in 
the design of new covalent inhibitors of SARS-CoV-2 MPRO [48]. 
Mechanistically, the carbonyl carbon is susceptible to the nucleophilic 
addition of the cysteine-SH, leading to the formation of a reversible 
hemithioacetal adduct. The high similarity between the latter and the 
intermediate formed by the natural substrate during the enzymatic 
catalytic cycle ensures high stability of the inhibitor− protein complex 
and a longer residence time [41].

In light of these considerations, this study employed an innovative in 
silico hybrid and hierarchical virtual screening approach to identify 
novel SARS-CoV-2 MPRO selective covalent inhibitors. Building on our 
preliminary findings [48], we gathered all the most recurrent pharma
cophoric moieties from the P1, P2, and P3 positions and integrated them 
into a combinatorial analysis. This analysis facilitated the rational 
design of new small molecules featuring a peptidomimetic scaffold with 
an aldehydic electrophilic warhead. We leveraged structure-based 
studies, ligand-based studies, and multivariate statistical analysis to 
identify compounds with the potential to serve as new antiviral agents.

2. Results and discussion

In response to the growing interest in more potent and effective co
valent inhibitors, this study proposes a rational design of peptidomi
metic compounds, with aldehydic warhead, as promising SARS-CoV-2 
MPRO covalent inhibitors.

Our approach involved a systematic workflow, as shown in Fig. 5, 
structured in key phases to identify potential inhibitors. Initially, we 
identified the most recurrent and crucial fragments for each portion of 
the inhibitor (P1, P2, P3) [48]. Using a combinatorial approach (Com
biGlide) integrated into the Maestro software suite, we constructed a 
database of 450 molecules, each designed with an aldehydic warhead at 
the P1’ position to facilitate potential covalent interaction with the 
active site cysteine of MPRO.

Subsequently, IFD studies were performed on these molecules within 
the MPRO binding site. Out of the 450 molecules, 388 were successfully 
docked, while 62 were excluded due to size incompatibility with the 
binding site. For the docked structures and a reference set of known 
MPRO inhibitors with established IC50 values, we used DRUDIT and 
MOLDESTO to calculate molecular descriptors. Based on these de
scriptors, we developed a Principal Component Analysis (PCA) model, 
which produced a 2D plot where inhibitors with IC50 values below 0.1 
μM and those above 0.1 μM formed two distinct clusters. We then 
analyzed the distribution of the 388 molecules within the PCA plot to 
assess their positioning relative to the two clusters, providing insights 
into their potential inhibitory efficacy. Based on their favorable posi
tioning in the PCA plot and alignment with the identified structural 
requirements, we selected 14 molecules for pharmacokinetic evaluation 
and detailed CovDock studies. The best 11 compounds were submitted 
to a preliminary Molecular Dynamics Simulation (MDS) over a simula
tion time of 50 ns, which led to select the final 8 compounds for longer 
MDS (200 ns).

Through this structured and methodical approach, we successfully 
identified promising new covalent peptidomimetic inhibitors featuring 
aldehydic warheads that demonstrate strong potential as SARS-CoV-2 
MPRO inhibitors. These findings represent a significant contribution to 
the ongoing global effort in antiviral drug development and offer a 
robust framework for the future design of selective covalent inhibitors.

2.1. In silico design of a new database of small molecules

The initial phase of the research project focused on constructing a 
comprehensive database of peptidomimetic structures, each containing 
a reactive electrophilic aldehyde warhead. The database construction 

Fig. 5. Virtual Screening workflow, including database building, and the four 
key steps (IFD, PCA, CovDock, and MDS), for the identification of potential 
peptidomimetic covalent inhibitors with aldehydic warhead.
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process consisted of three sequential steps: designing a retrosynthetic 
scheme, preparing the reagents, and constructing the combinatorial 
library.

To efficiently plan the computational synthesis of aldehyde-based 
peptidomimetic derivatives 1, a well-structured retrosynthetic scheme 
was developed. As outlined in Scheme 1, the synthesis of these de
rivatives follows a pathway designed solely for computational purposes; 
therefore, specific reaction conditions and experimental details are not 
included in this analysis. The computational scheme is developed to 
virtually generate the molecular files corresponding to derivatives 1. 
Initially, the target molecules are formed via a nucleophilic acyl sub
stitution reaction between synthons 2 and 3, establishing the crucial 
acyl linkage that characterizes the peptidomimetic structure. Prior to 
this, synthon 3 is synthesized through a peptide coupling reaction be
tween synthons 4 and 5, assembling the necessary peptidic backbone. 
This retrosynthetic strategy ensures a systematic and coherent approach 
to the construction of the desired peptidomimetic derivatives, inte
grating all essential structural features to achieve the targeted biological 
activity.

Following the retrosynthetic analysis, the second step involves the 
utilization of the Reagent Preparation Panel. This crucial step ensures 
that the input files for the synthons (or reagents) are adequately pre
pared for use in the subsequent combinatorial library enumeration 
process. The Reagent Preparation Panel is designed to convert 2D mo
lecular structures into optimized 3D structures, embedding all necessary 
information required to construct molecules for virtual screening.

The preparation begins with the conversion of 2D chemical struc
tures into their corresponding 3D forms, performed by the Ligand 
Preparation task (LigPrep), which not only generates 3D conformers but 
also performs energy minimization to ensure that the structures are in a 
low-energy, physically realistic state. This step is vital as it reduces the 
likelihood of artifacts in the modeling process and ensures that the re
agents are ready for subsequent computational operations.

The main task of the Reagent Preparation Panel is the selection of 
specific reagent types based on functional groups. For each reagent, the 
panel identifies the functional group within the molecule and pinpoints 
the specific bond that will be replaced or modified when the reagent is 
added to the core structure during the library enumeration process. This 
targeted approach ensures that the chemical transformations modeled in 
silico are both realistic and aligned with the intended synthetic strategy.

The output of the Reagent Preparation Panel consists of prepared 
reagent files, ready for integration into the combinatorial library. These 
files contain 3D structures of the reagents, along with information about 
the reactive sites. Notably, the process may yield multiple output 

structures for a single input reagent, reflecting the different energeti
cally favorable conformations that the molecule can adopt. This 
conformational diversity is crucial for exploring a wide chemical space 
during virtual screening, as different conformers might interact differ
ently with potential target sites.

The selection of P1, P2, and P3 fragments was guided by an analysis 
of common pharmacophoric features observed in known MPRO in
hibitors. Specifically, this study builds upon a preliminary literature 
analysis [47,48]. Table 1 lists all the building blocks used in the 
combinatorial process. Specifically, three types of reagents were pre
pared: Amino acids (6a-m) for including P1 and P2 fragments, Acyl 
chlorides (7a-j), and Carbonyl chlorides (8a-e). By carefully preparing 
each reagent, this method ensures that all components of the combina
torial library are structurally sound and ready for subsequent steps in the 
computational database design workflow, ultimately enhancing the 
reliability and success of the virtual screening efforts.

This preparation process must be repeated for each type of reagent 
intended for use in the combinatorial library enumeration. By carefully 
preparing each reagent, the method ensures that all components of the 
combinatorial library are structurally sound and ready for subsequent 
steps in the computational database design workflow, ultimately 
enhancing the reliability and success of the virtual screening efforts. 
Table 1 lists all the building blocks used in the combinatorial process.

Additionally, a core structure was prepared as an example molecule 
for the combinatorial process.

Once all the reagents were prepared, the third and final step in the 
library design was carried out using the Combinatorial Library 
Enumeration Panel to construct a library of compounds for subsequent 
virtual screening. This panel provides tools to develop a ligand library 
starting from a core structure to which molecular fragments are added at 
user-specified positions called “attachments”. Specifically, combinato
rial library enumeration is performed by substituting fragments in the 
attachments of the core structure with building blocks from the reagent 
structures. Both the core and the reagents must have designated bonds to 
break (example in Fig. 6). Reagent fragments are then attached to the 
core at the site of the broken bond in a process referred to as "growing" 
and the bond being replaced is known as the "grow bond". These bonds 
are not necessarily the bonds broken and formed in the actual chemical 
reaction but serve to vary the substituents on a central structure.

At the end of this process, we obtained a database of 450 molecules 
with an aldehyde warhead for virtual screening. Supplementary Mate
rial S1, Tables S1 and S2 provide the SMILES representations for the 
fragments and the final obtained compounds.

Scheme 1. Retrosynthetic scheme of aldehyde-based peptidomimetic derivatives 1. The electrophilic warhead in P1’ is shown in green, while the P1− P3 fragments 
are depicted in red, purple, and blue, respectively.
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Table 1 
List of building blocks used in the combinatorial synthesis process. This includes amino acids (6a- 
m) used for P1 and P2 fragments, acyl chlorides (7a-j), and carbonyl chlorides (8a-e) employed 
for P3 fragments.
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2.2. Induced Fit Docking studies

Following the construction of a database comprising 450 peptido
mimetic small molecules with an aldehyde warhead, IFD studies were 
conducted as the first step of virtual screening to assess their potential 
compatibility with the active site of the SARS-CoV-2 MPRO.

To perform this analysis, the crystallographic structure of the SARS- 
CoV-2 MPRO with PDB code 7VH8 [50] was selected. This X-ray structure 
was chosen for its high resolution and its co-crystallized inhibitor with a 
peptidomimetic core (nirmatrelvir, 2D structure in Fig. 7a), making it 
particularly relevant for the evaluation of similar compounds. We 
focused the docking grid on the SARS-CoV-2 MPRO binding pocket, 
including the four subsites S1’, S1, S2, S3/S4 as described in the Mate
rials and Methods section. Fig. 7b shows the 3D active binding site of 
SARS-CoV-2 MPRO in covalently bonding with nirmatrelvir, a 
second-generation orally available protease inhibitor currently in phase 
3 clinical trials in combination with ritonavir (PAXLOVID®, see ClinicalT 
rials.gov identifier: NCT04960202).

The IFD studies led to the selection of 388 molecules from the initial 
450, all of which exhibited IFD scores superior to that of the co- 
crystallized ligand. Supplementary Material S1, Table S3 shows IFD 
and docking scores for the selected 388 small molecules and nirmatrelvir. 
Rigid docking was performed as a preliminary step in the IFD 
protocol, allowing for an initial assessment of ligand binding poses 
before accounting for receptor flexibility. The final IFD scores, which 
include both ligand flexibility and protein side-chain adaptations, 
provide a more refined evaluation of binding interactions.

Table 2 presents ranges and averages of computed parameters (IFD 
and Docking scores) for the 388 optimal docked compounds, along with 
comparison scores for the co-crystalized and reference ligand 
nirmatrelvir.

The excluded 62 molecules were not docked by Maestro, because of 
structural incompatibility with the binding site of SARS-CoV-2 MPRO. 
These molecules, likely due to their larger size or more rigid structural 
features, could not be successfully docked, suggesting that their steric or 
conformational properties rendered them unsuitable for fitting within 
the active site of MPRO. This structural incompatibility highlights the 
importance of molecular size, shape, and flexibility when evaluating 
compounds for binding potential within a given target site. Conse
quently, these 62 molecules were excluded from further analysis, 
allowing the focus to shift to the remaining 388 compounds that 
exhibited favorable docking results and superior IFD scores compared to 
the co-crystallized ligand, nirmatrelvir. For all the 388 compounds we did 
not observe bad poses.

2.3. DRUDIT and Principal Component Analysis

To further evaluate the 388 molecules selected through IFD, a PCA 
was performed. This analysis involved calculating a set of molecular 
descriptors for a group of covalent inhibitors, which were previously 
identified through literature research and for which enzymatic inhibi
tion assays against SARS-CoV-2 MPRO had been conducted. Supple
mentary Material S1, Table S4 shows SMILES and IC50 for structures 
utilized for the PCA model building.

Specifically, the calculation of molecular descriptors was performed 
using the MOLecular DEScriptor Tool (MOLDESTO) software, from 
DRUDIT [51], a resource created by the research group to support drug 
discovery, which includes the developed Biotarget Predictor (BPT) and 
Antiproliferative Activity Predictor (APP) tools. MOLDESTO is our 
proprietary software, capable of generating over 1000 molecular de
scriptors (3D, 2D, and 1D) for each input structure [108].

The application of PCA to the structure versus Molecular Descriptors 
matrix (Supplementary Material S1, Matrix S1) revealed a total variance 
of 64.5 % explained by the first two principal components. The 2D plot 
(PC1 vs. PC2, Fig. 8) highlighted the clustering of the compounds based 
on their IC50 values. Specifically, all molecules with an IC50 < 0.1 μM are 

represented in green, while all molecules with an IC50 > 0.1 μM are 
represented in red. The 0.1 μM cutoff was chosen to effectively distin
guish between high- and low-affinity inhibitors. Inhibitors with IC50 
values below this threshold are generally considered potent binders. 
Indeed, while a more relaxed threshold (e.g., 1 μM) could allow the 
inclusion of additional candidates, a more stringent threshold could lead 
to the exclusion of potentially promising compounds. The 0.1 μM cutoff 
was selected to prioritize compounds with stronger predicted binding 
affinities for subsequent computational validation [52–54].

With the PCA model established, we then assessed the position of 
each of the 388 molecules in the plot relative to the red or green clusters. 
This evaluation involved determining whether each molecule fell into 
the cluster associated with IC50 < 0.1 μM (green) or the cluster with IC50 
> 0.1 μM (red). By analyzing these distributions, we aimed to under
stand how the molecular descriptors influenced the molecules inhibitory 
activity against SARS-CoV-2 MPRO.

In details, the selected small molecules were treated as described in 
the multi-step process below, shown in Fig. 9. 

1 Calculation of Molecular Descriptors: for each of the 388 molecules, 
we recalculated the same set of molecular descriptors that were used 
to build the PCA model matrix (Supplementary Material S1, Matrix 
S2). This ensured that each molecule was represented consistently in 
terms of its chemical properties as well as molecules in the known 
inhibitors set;

2 Centroid Calculation: the centroids, or the central points, of the two 
clusters identified in the PCA plot (corresponding to the IC50 < 0.1 
μM and IC50 > 0.1 μM groups) were calculated (Supplementary 
Material S1, Table S5). These centroids serve as reference points to 
evaluate the proximity of each molecule to the clusters;

3 Distance Calculation: for each molecule, we computed the distances 
from its position in the PCA plot to both centroids (Supplementary 
Material S1, Table S6). This allowed us to quantify how close each 
molecule was to the centers of the respective clusters;

4 Distance Ratio: the ratio between the distance from each molecule to 
the green centroid and the distance to the red centroid was computed 
(Supplementary Material S1, Table S7). This ratio provides insight 
into the relative proximity of each molecule to the two clusters: a 
smaller ratio indicates that the molecule is closer to the green cluster 
and farther from the red cluster;

5 Cutoff Value: a cutoff value of 0.3 was established for the ratio. 
Molecules with a ratio less than 0.3 are considered to be closer to the 
green cluster, indicating they are more similar to the high-potency 
inhibitors (IC50 < 0.1 μM) and relatively farther from the lower- 
potency inhibitors (IC50 > 0.1 μM).

By following these steps, we were able to systematically evaluate the 
distribution of each molecule in relation to the defined clusters and 
assess their potential classification based on their molecular descriptors 
and PCA positioning. This analysis enabled us to select 14 molecules 
(derivatives 9–22 in Fig. 10) for subsequent Covalent Docking studies.

2.4. Covalent docking studies

Computational insights into covalent docking are becoming 
increasingly crucial in addressing the challenges of selectivity and po
tency in covalent inhibitors. These inhibitors function through a dual 
mechanism: covalent bond formation between the ligand and the target 
protein, as well as stabilizing non-covalent interactions within the 
binding pocket. The CovDock protocol aids in identifying optimal co
valent complexes using the well-validated Prime energy model, and 
calculates an apparent affinity score, which incorporates key elements of 
an effective covalent docking process.

For successful covalent docking, two critical conditions must be met: 
the pre-reactive form of the ligand must reside in the binding pocket 
long enough to facilitate the reaction between the ligand warhead and 

A. Bono et al.                                                                                                                                                                                                                                    Journal of Molecular Graphics and Modelling 140 (2025) 109100 

7 

http://ClinicalTrials.gov
http://ClinicalTrials.gov


the protein reactive residue, and the docking process must avoid unfa
vorable steric clashes and poor electrostatic interactions as the reaction 
progresses.

The distance between the active electrophilic warhead and the 
reactive thiol (-SH) group of Cys145 was calculated for compounds 9–22 
in their non-covalent complexes with SARS-CoV-2 MPRO. The results, 
summarized in Table 3, reveal that all compounds exhibit a distance 
ranging from 3.37 to 3.85 Å. This range suggests a spatial arrangement 
favorable for a potential nucleophilic attack by the thiol group on the 
electrophilic warhead, facilitating the formation of a covalent bond. This 
parameter is critical for assessing the covalent reactivity potential of 
these compounds, a key factor in the development of antiviral inhibitors 
[55–59]. All distances for compounds 9–22 are available in Fig. 11.

The CovDock protocol initiates by employing Glide docking on a 
receptor, temporarily replacing the reactive residue with alanine. 
Following this, the reactive residue is reinstated and sampled to form a 
covalent bond with the ligand, generating multiple binding poses. These 
covalent complexes are then minimized using the Prime energy model, 
selecting the top-scoring complexes. Furthermore, an apparent affinity 
score, derived from the Glide scores of both pre-reactive and post- 
reactive ligand conformations, is computed to estimate binding en
ergies, providing an effective tool for virtual screening to assess poten
tial inhibitors [60,61].

Compounds 9–22 were submitted to CovDock analysis to evaluate 
their capacity to covalently bind to the reactive Cys145 within the aim, 
we choose a protein with GC-373, Fig. 12c, as co-crystalized compound 

Fig. 6. Example of structure central core with the definition of the 3 attach
ments required for the process. The electrophilic warhead presents in P1′ is 
represented in green, while the fragments P1− P3 are shown in red, purple, and 
blue, respectively. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the Web version of this article.)

Fig. 7. (a) Representation of the covalent complex between SARS-CoV-2 MPRO and nirmatrelvir, highlighting the covalent bond between the Cys145 residue and the 
ligand; (b) cleavage of the covalent bond between Cys145 and nirmatrelvir, with the restoration of the thiol group (-SH) of the cysteine residue, simulating the 
unbound reactive state of Cys145; (c) 2D structure of nirmatrelvir.
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(PDB code 6WTK [62]). In addition to generating the grid, the reaction 
type was specified by selecting the "Nucleophilic Addition to a Double 
Bond" option. Furthermore, the covalent bond between GC-373 and 
Cys145 was broken to restore the thiol group (SH) of the cysteine residue, 
allowing the system to simulate the unbound reactive state of Cys145 

before evaluating the binding potential of the tested compounds.
Fig. 12a illustrates the covalent MPRO/GC-373 complex, while 

Fig. 12b displays the broken covalent bond between Cys145 and GC-373, 

highlighting the restoration of the cysteinyl -SH group.
It is important to note that compounds 18 and 22 were excluded 

during the CovDock calculations performed by Maestro. This exclusion 
could be attributed to various factors, such as the inability of these 
compounds to adopt a suitable geometry for covalent bond formation 
with Cys145, or the failure to establish stable non-covalent interactions 
within the binding pocket. Additionally, steric clashes or unfavorable 
electrostatic interactions might have contributed to the software deci
sion to reject these compounds as potential covalent binders.

Meanwhile, the docking scores and CovDock affinity values revealed 
that compound 11 exhibited the highest CovDock affinity (− 9.609) and 
the lowest docking score (− 10.213), indicating strong potential for co
valent binding. Other compounds, such as 14 (− 9.431), 13 (− 9.230), 
and 16 (− 8.858) also demonstrated notable affinity. In contrast, the 
reference compound GC-373 showed a significantly lower affinity 
(− 6.916) and a docking score of − 6.335, suggesting that several of the 
identified compounds may outperform GC-373 in binding to the target 
site. These results provide valuable insights into the potential of com
pounds 9–17 and 19–21 as effective covalent inhibitors. Docking score 
and CovDock affinity values for compounds 9–17 and 19–21 and the 
reference GC-373 are shown in Table 4.

The analysis of 2D ligand interactions for derivatives 11, 13, 14, and 
16, Figs. 13 and 14, revealed important details about their binding 
properties and interaction patterns with the SARS-CoV-2 MPRO.

Once the covalent bond between the aldehydic warhead and the 
Cys145 in the S1’ pocket was established, the positioning of the P1, P2, 
and P3 moieties was examined.

The hydantoin moiety, which is recurrent in P1 of the top-ranking 
compounds, is capable of stabilizing hydrogen bonds with several 
amino acids in the S1 pocket, including Phe140, His163, His164, Glu166, 
His172. Specifically, two crucial interactions were noted: the carboxylic 
backbone group of Phe140 forms a hydrogen bond with the NH group of 
the hydantoin moiety (Phe140-C=O—H-N-hydantoin), and the imid
azole NH group of His163 interacts with the Oxygen atom of the 
hydantoin moiety (His163-N-H—O=C-hydantoin). These interactions 
suggest that the hydantoin moiety could mimic the Gln residue of nat
ural substrates, providing a potential alternative to the extensively 
studied γ-lactam ring.

In the S2 pocket, which is mainly composed of hydrophobic amino 
acids such as Met49, Tyr54, Met165, Leu167, Pro168, Val186, Asp187, Arg188, 
there is considerable flexibility allowing for the binding of both small 

Table 2 
Induced Fit Docking results for the selected 388 small molecules and nirmatrelvir 
against the SARS-CoV-2 MPRO, showing ranges and averages for IFD and Docking 
scores.

Target PDB Compound IFD Score Docking score

SARS-CoV-2 
MPRO

7VH8 
[51]

Range − 674.88 ÷
− 680.75

− 7.85 ÷
− 14.71

Average − 676.86 − 10.77
Nirmatrelvir − 673.14 − 10.17

Fig. 8. Principal Component Analysis (PC1 versus PC2) applied to the molec
ular descriptors matrix of the selected known SARS-CoV-2 MPRO inhibitors.

Fig. 9. Multi-step process for PCA data analysis.
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and bulky aromatic/alkyl groups. In compounds 11, 13, 14, and 16, 
cyclopropyl, isoleucine, and phenyl moieties are well-stabilized in the 
S2 subregion through hydrophobic interactions.

For interactions with the S3 subregion, compounds 13, 14, and 16 
feature aromatic moieties in P3, while 11 a morpholine group, that 
interact with amino acids like Gln189, Leu167, Pro168, Gly251, and Asp187. 
Overall, the identified compounds exhibit about 5–7 interactions with 
key residues in the binding pockets, in contrast to the reference com
pound GC-373, which shows only 2 interactions involving Glu166 and 
Gly143. This suggests that the new derivatives have a more extensive 
interaction profile, which may contribute to their enhanced binding 
efficacy.

Moreover, the analysis of the 3D binding poses for derivatives 9–14, 
and 16, as illustrated in Fig. 16, reveals a significant overlap among the 

poses. This overlap indicates a redundancy in the positioning of the key 
elements of these small molecules within the four sub-pockets of the 
binding site. The consistent positioning of these elements results in the 
formation of multiple interactions across the sub-pockets, suggesting a 
potentially similar binding mechanism or interaction pattern among 
these derivatives.

2.5. ADMET properties prediction

In drug discovery, the estimation of ADMET (Absorption, Distribu
tion, Metabolism, Excretion, and Toxicity) and drug-likeness parameters 
using in silico techniques is an invaluable aid to save both time and re
sources, increase the success rate, and consequently reduce the risks of 
failure in the preclinical and clinical phases [63]. To gain insight into the 
drug-likeness of our compounds, we decided to use the QikProp tool to 
calculate the #stars value [64]. This parameter indicates the number of 
property or descriptor values that fall outside the 95 % range of similar 
values computed for known drugs. Outlying descriptors and predicted 
properties are denoted with asterisks. A large number of stars suggests 
that a molecule is less drug-like than molecules with few stars. The 
following properties and descriptors are included in the determination 
of #stars: Molecular Weight, dipole, Ionization Potential (IP), Electron 
Affinity (EA), Solvent Accessible Surface Area (SASA), Hydrophobic 
Component of the SASA (FOSA), Hydrophilic Component of the SASA 
(FISA), π Component of the SASA (PISA), Weakly Polar Component of 
the SASA (WPSA), van der Waals Surface Area (PSA), Total 
Solvent-Accessible Volume in cubic angstroms (volume), Number of 
rotable bonds, Estimated number of hydrogen bonds that would be 
donated by the solute to water molecules in an aqueous solution 
(donorHB), Estimated number of hydrogen bonds that would be 
accepted by the solute from water molecules in an aqueous solution 
(accptHB), Globularity descriptor (glob), Predicted polarizability in 
cubic angstroms (Qppolrz), Predicted hexadecane/gas partition 

Fig. 10. 2D chemical structures of compounds 9–22, screened through multivariate statistical analysis.

Table 3 
Distances (in Å) between the electrophilic 
warhead of compounds 9–22 and the thiol 
group of Cys145 in the non-covalent complexes 
with SARS-CoV-2 MPRO.

Molecule Distance

9 3.58
10 3.67
11 3.55
12 3.5
13 3.6
14 3.58
15 3.71
16 3.61
17 3.51
18 3.53
19 3.69
20 3.85
21 3.37
22 3.56
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coefficient (QPlogPC16), Predicted octanol/gas partition coefficient 
(QplogPoct), Predicted water/gas partition coefficient (QplogPw), Pre
dicted octanol/water partition coefficient (QPlogPo/w), Predicted 
aqueous solubility (logS), Conformation-independent predicted aqueous 
solubility (QPLogKhsa), Predicted brain/blood partition coefficient 
(QplogBB), Number of likely metabolic reactions (metabol). For com
pounds 9–14, 16, 19–21, nirmatrelvir, and GC-373 the obtained QikProp 
#stars value are reported in Table 5, while all the parameters, used for 
calculated #stars value, are reported in Supplementary Material S1, 
Table S8. #stars values, ranging from 0 to 4, indicate promising phar
macokinetic and physicochemical properties of our compounds, 
considering the recommended QikProp value < 5. For nirmatrelvir and 
GC-373 #stars value is 1 and 0, respectively. Table 5 also reports Pre
dicted Central Nervous system activity (CNS), where a value of − 2 in
dicates lack of activity, and Human Oral Absorption/Percent Human 
Oral Absorption. For these last parameters, for which 1, 2, and 3 stay 
down for low, medium, and high, our compounds showed great results, 

with high Percent Human Oral Absorption above 60 % for 9, 12, and 19. 
As regard reference compounds, nirmatrelvir and GC-373, the CNS and 
Human Oral Absorption parameter are absolutely affinal with that of our 
compounds, while the Percent Human Oral Absorption is 65.684 % for 
nirmatrelvir and 53.522 % for GC-373, even lower than some compounds 
such as 9 and 12.

In addition, the SwissADME tool [65] was used to consider a set of 
well consolidated parameters for searching bioactive compounds, such 
as PAINS filters, Lipinski’s rules, Egan, and Muegge filters. The analysis 
of the data showed in Table 6 highlighted that compounds generally met 
the expectations in terms of bioactivity, with all registered 0 PAINS, as 
well as reference compounds nirmatrelvir and GC-373. Synthetic Acces
sibility for these compounds was evaluated, assigning scores from 1 
(very easy) to 10 (very difficult). Compounds 13, 14, and 19 showed 
scores below 4, indicating a high likelihood of synthesis without sig
nificant difficulty. Compounds 9–12, and 20 had scores lower or close to 
4.30, suggesting a more challenging synthesis. Meanwhile, compounds 

Fig. 11. Measured distances between the active electrophilic warhead and the reactive thiol (-SH) group of Cys145 for compounds 9–22.
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16 and 21 exhibited the highest Synthetic Accessibility scores (4.94 and 
4.86, respectively) revealing the greatest difficulty in synthesis. Syn
thetic Accessibility scores are available in Table 6.

Other parameters from SwissADME tool are reported in Supple
mentary Material S1, Table S9. Overall, results from QikProp and 
SwissADME tools highlight our compounds having great pharmacoki
netic properties.

2.6. Molecular dynamics simulation

Molecular Dynamics Simulations were conducted to delve into the 
structural characteristics of compounds 9–14, 16, 19–21, and GC-373 in 
complex with MPRO. This approach allowed us to explore the dynamic 
behavior of molecular systems, tracking the trajectories of individual 
atoms and molecules as they evolve over time.

In the first step, simulations were conducted for 50 ns for all com
pounds, providing a consistent timeframe to extract meaningful data. 
The Root Mean Square Deviation (RMSD) was computed for both the 
ligand and protein throughout the trajectory of simulations lasting 50 ns 
for each ligand-protein complex. This analysis aimed to evaluate the 
stability and convergence of the simulations by measuring the average 
change in displacement of the backbone from a reference frame at t = 0. 
According to the RMSD analysis, depicted in Fig. 17, almost all com
pounds assess a RMSD comparable to the reference ligand GC-373. The 
RMSD describes the structural similarity for all frames compared to the 
starting structure of the simulation (reference frame at t = 0). A stabi
lized RMSD value that only fluctuates around a mean value confirms the 
equilibration of the system and the convergence of the simulation. 
Fluctuations in the order of 1–3 Å are expected for small globular pro
teins, while larger fluctuations may indicate conformational changes.

In our simulations, both the protein and ligand are sufficiently 
equilibrated, and no conformational changes occur. Naturally, the pro
tein side chains show higher RMSD values because they are more mobile 
compared to the protein backbone. The ligand RMSD aligned to the 
ligand itself shows the internal fluctuations of the ligand structure, 
which do not indicate any conformational changes here, particularly for 
compound 13, 14, and 16, whit even better results than GC-373.

Only for compounds 19 and 21 we obtained bad results, with the 
RMSD reaching peaks of 10.5 and 12 Å, respectively. Therefore, we 
decided to exclude them for the next studies. Indeed, compounds 9–14, 
16, and 20 were selected for further longer dynamics simulations, 
alongside the reference compound GC-373. The RMSD analysis was 
extended over a longer timescale to further verify the stability of the 
interactions and identify any structural variations not apparent in the 
initial 50 ns simulations. This extension allowed for observing the long- 
term dynamics of the selected compounds. Fig. 19 shows RMSDs for 
compounds 9–14, 16, and 20 over a simulation time of 200 ns.

The selected compounds demonstrated structural convergence and 

Fig. 12. (a) Representation of the covalent complex between SARS-CoV-2 MPRO and GC-373, highlighting the covalent bond between the Cys145 residue and the 
ligand; (b) cleavage of the covalent bond between Cys145 and GC-373, with the restoration of the thiol group (-SH) of the cysteine residue, simulating the unbound 
reactive state of Cys145; (c) 2D structure of compound GC-373.

Table 4 
CovDock affinity and docking score values for compounds 9–17, 19–21, and GC- 
373.

Compound CovDock Affinity Docking Score

11 − 9.609 − 10.213
14 − 9.431 − 9.531
13 − 9.230 − 8.970
16 − 8.858 − 9.746
12 − 8.849 − 9.770
10 − 8.608 − 9.566
9 − 8.520 − 9.333
21 − 8.454 − 8.727
20 − 8.156 − 8.016
19 − 7.933 − 7.905
GC-373 − 6.916 − 6.335
17 − 6.211 − 6.879
15 − 6.167 − 6.892
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compatibility within the MPRO binding site. Their robust RMSD profiles 
indicate that they can maintain strong and stable interactions with 
MPRO, like or better than the reference compound GC-373. This high
lights the potential of compounds 9–14, 16, and 20 as covalent in
hibitors and the importance of assessing them as therapeutic candidates 
in further in-depth studies. Subsequently, a range of structural param
eters was computed for each complex, over 200 ns, to offer a compre
hensive analysis of their molecular features. This included the 
calculation of the Ligand Root Mean Square Fluctuation (L-RMSF), and 
Protein Ligand contacts. Radius of Gyration (rGyr), which assesses the 
"extendedness" of the ligand and correlates with its principal moment of 
inertia, Intramolecular Hydrogen Bonds (intraHB), Molecular Surface 
Area (MolSA), Solvent Accessible Surface Area (SASA), and Polar Sur
face Area (PSA) were also analyzed and provided in Supplementary 
Material2, Figs. S1–9.

The L-RMSF serves as a crucial metric for tracking changes in the 
positions of ligand atoms during molecular dynamics simulations. Dur
ing our simulations, L-RMSF analysis was conducted for compounds 
9–14, 16, 20, and GC-373. The reference time (tref) was set to the first 
frame, establishing it as the zero point in time. The L-RMSFs, illustrated 
in Fig. 20, offer insights into the local flexibility of individual atoms. The 
ligand is aligned on its reference frame and the RMSF is calculated for 
heavy atoms; 2D representation of the molecules is provided over each 
plot to show the atom number, name, and type.

Here, atoms with a large RMSF are the fluorine atoms in compounds 
9, 11, and 12, which are able to rotate freely around the C-C bonds. All 
other atoms have small RMSF values, ranging from 0 to 1.5 Å.

The dynamics of protein–ligand interactions in the complexes were 
analyzed using molecular dynamics simulations. Fig. 21 depicts plots of 
protein–ligand contacts and explains the interaction fraction of the 
protein residue with the ligand, which explains how a specific interac
tion is maintained between ligand and receptors complexes during the 
simulation time. In detail, Fig. 20a–i shows protein–ligand contacts for 
compounds 9–14, 16, 20, and GC-373 in complex with the SARS-CoV-2 
MPRO. Notably, all compounds showed highest interaction fractions with 
Phe140, Asn142, Gly143, Cys145, His163, His164, Glu166, Glu189, and Glu192 

throughout the simulation time, while, the reference compounds, GC- 
373, was able to maintain interactions in good fractions just with Gly143, 
Cys145, Glu166, and Glu189.

Moreover, the analysis of the 2D interaction maps (Fig. 22) reveals 
the intricate interaction network of compounds 9–14, 16, 20, with high 
stabilization of the covalent Cys145/C=O bond through hydrogen 

bonding.
The Molecular Mechanics with Generalized Born and Surface Area 

(MM-GBSA) analysis was conducted to evaluate the free binding energy 
between compounds 9–14, 16, 20, and GC-373 and the SARS-CoV-2 
MPRO. It uses an implicit solvent model to capture the effect of des
olvating ligand and receptor. For this calculation, we use the VSGB 
water model to simulate solvation. Comparing the energy values 
(Table 7) for compounds 9–14, 16, and 20 with the GC-373/MPRO 

complex reveals insights into the relative binding affinities of the li
gands. Indeed, all compounds showed lower energy than the reference 
ligand. In details, compounds 9–14, 16, 20 exhibits: Prime Coulomb 
Energy ranging from − 10122.554 to − 10103.552, Prime vdW Energy 
ranging from − 1455.405 to − 1441.063, Prime Solvent Energy ranging 
from − 1051.173 to − 10103.552, Prime Hbond Energy ranging from 
− 102.241 to − 101.868, and Prime Energy ranging from − 13389.7 to 
− 13360.6; while GC-373 demonstrates Prime Coulomb Energy 
(− 10103.535), Prime vdW Energy (− 1439.000), Prime Solvent Energy 
(− 1036.399), Prime Hbond Energy (− 101.216), and Prime Energy 
(− 13350.0), always lower than the analyzed compounds. Furthermore, 
it is noteworthy that the energy gap between the best-docked compound 
(compound 11) and GC-373 is precisely 3.877 kcal/mol, while the Prime 
Energy gap between the lowest value (for compound 16) and GC-373 is 
precisely 39.7 kcal/mol.

Therefore, compounds 9–14, 16, and 20 appear to keep being the 
best in all the studied simulations.

3. Materials and Methods

3.1. In silico studies

3.1.1. Ligand-based studies
The DRUDIT web-service operates through four servers, each of 

which can perform more than ten jobs simultaneously, and several 
software modules implemented in C and JAVA running on MacOS 
Mojave.

3.1.1.1. MOLDESTO: a new software for molecular descriptors calcu
lation. MOLDESTO, as we described in a previous work [51], is a soft
ware tool implemented in DRUDIT that represents the evolution of the 
expertise of the research group in the calculation/manipulation of mo
lecular descriptors [158]. It is currently able to calculate more than 1000 
1D, 2D, and 3D molecular descriptors for each input structure. The 

Fig. 13. 2D ligand interaction maps for compounds 11, and 14.
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software is provided with a caching system to boost the calculation 
speed of previously submitted structures.

3.1.1.2. Combiglide: design of a combinatorial library. The combinatorial 
ligand library was generated using CombiGlide to explore potential 
chemical space efficiently. After the design of a retrosynthetic scheme, 
the following steps were involved in the library construction.

3.1.1.3. Reagent Preparation Panel. In this panel it is possible to prepare 
reagent files for use in combinatorial library enumeration. Reagent 
preparation ensures that the input structures are all-atom, 3D structures, 
and that that have the appropriate information stored with them to 
construct the molecules that are used in screening or are added to the 
library. Additionally, the main task in this panel is to select a reagent 
type (a functional group) and to identify the bond in the functional 
group that is replaced when the reagent is added to the core. A reagent 
preparation job for each reagent type was run.

3.1.1.4. Combinatorial Library Enumeration Panel. In this tab, the core- 
containing molecule was set up by importing a core-containing mole
cule and defining its attachment bonds.

3.1.2. Structure-based studies
The preparation process of ligands and protein-ligand complexes 

used for in silico studies has been performed as detailed below.

3.1.2.1. Ligand Preparation. The ligands for docking were prepared 
through the LigPrep tool, available in the Maestro Suite, Schrödinger 
software [66]. For each ligand, all possible tautomers and stereoisomers 
were generated for a pH of 7.0 ± 0.4, using default setting, through the 
Epik ionization method [67]. Consequently, the integrated Optimized 
Potentials for Liquid Simulations (OPLS) 2005 force field was used to 
minimize the energy status of the ligands [68].

3.1.2.2. Protein Preparation. The crystal structures of SARS-CoV-2 MPRO 

Fig. 14. 2D ligand interaction maps for compounds 13, 14, and GC-373. 
The same trend is observed for compounds 9, 10, and 12, as shown in the 2D ligand interaction maps reported in Fig. 15 while compounds 15, 17, 19–21 
demonstrated a lower number of interactions within the SARS-CoV-2 MPRO binding site.
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Fig. 15. 2D ligand interaction maps for compounds 9, 10, and 12.
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(PDB codes 7VH8 [50] and 6WTK [62]) were downloaded from the 
Protein Data Bank [69,70]. A first breakup of the covalent bound be
tween the cocrystal ligands and the Cys145 was carried out. Successively, 
the proteins were prepared using the Protein Preparation Wizard, in the 
Schrödinger software, with the default setting [71]. In detail, bond or
ders were assigned, including Het group, hydrogen atoms were added, 
all water molecules were delated, and protonation of the heteroatom 

states were carried out using the Epik-tool (with the pH set at biologi
cally relevant values, i.e., at 7.0 ± 0.4). The H-bond network was then 
optimized. The structure was finally subjected to a restrained energy 
minimization step (RMSD of the atom displacement for terminating the 
minimization was 0.3 Å), using the OPLS 2005 force field [68].

3.1.2.3. Docking validation. Molecular Docking studies were executed 
and scored by using the Glide module, available in the Schrödinger Suite 
program package. The receptor grids were obtained through assignment 
the original ligands (nirmatrelvir and GC-373 for PDB codes 7VH8 [50] 
and 6WTK [62], respectively) as the centroid of the grid boxes. Extra 
Precision (XP) mode, as scoring function, was used to dock the generated 
3D conformers into the receptor model. The post-docking minimization 
step was performed with a total of 5 poses for each ligand conformer, 
and a maximum of 2 docking poses were generated per ligand 
conformer. The proposed docking procedure was able to re-dock the 
original ligands within the receptor-binding pockets with RMSD< 0.51 
Å [68].

3.1.2.4. Induced Fit Docking. Induced Fit Docking simulation was per
formed using the IFD application, an accurate and robust Schrödinger 
technology that accounts for both ligand and receptor flexibility [72,
73]. Schrödinger Induced Fit Docking validated protocol was applied by 
using SARS-CoV-2 MPRO protein from the PDB (PDB code 7VH8 [50]), 
previously refined by the Protein Preparation module. The IFD score 
(IFD score = 1.0 Glide Gscore + 0.05 Prime Energy), which includes 
protein–ligand interaction energy and system total energy, was calcu
lated and used to rank the IFD poses. The more positive in modulus was 
the IFD score, the more favorable was the binding.

3.1.2.5. Covalent docking. Covalent Docking was carried out to dock a 
set of peptidomimetic ligands within the SARS-CoV-2 MPRO binding site 
(PDB code 6WTK [62]). Unlike classical docking, where interactions are 
mainly non-covalent, covalent docking requires specific modeling of the 
chemical reaction process occurring between a functional group of the 
ligand and a reactive residue on the protein.

The Prime Energy VSGB 2.0 (Variable-Scale Generalized Born) 
model was used for selecting the top covalent complexes, an advanced 
energy model designed for high-resolution protein structure modeling, 
capable of accurately minimizing complexes energy.

The covalent docking process was performed using Maestro 
Schrödinger, which incorporates an algorithm capable of handling both 
the pre-covalent phase (geometric alignment and orientation of the 
ligand in the active site) and the post-covalent phase (simulating the 
formation of the chemical bond).

The workflow adopted includes the following main steps. 

• Identification of the reactive residue: the binding site and the 
reactive residue (Cys145) were identified in the SARS-CoV-2 MPRO 

binding site (PDB code 6WTK [62]).

Fig. 16. 3D overlaps of compounds 9–14, and 16 at the SARS-CoV-2 MPRO 

binding site. 
Through a powerful blend of ligand- and structure-based approaches, supported 
by rigorous statistical analysis, this protocol has successfully identified new 
covalent peptidomimetic inhibitors with aldehydic warheads, demonstrating 
significant potential as SARS-CoV-2 MPRO inhibitors.

Table 5 
Key predicted ADME properties calculated through QikProp tool.

Compound QikProp 
Stars

CNS Human Oral 
Absorption

Percent Human Oral 
Absorption

9 0 − 2 3 74.973 %
10 1 − 2 2 34.858 %
11 0 − 2 2 20.987 %
12 0 − 2 3 66.295 %
13 2 − 2 2 44.569 %
14 2 − 2 2 39.569 %
16 3 − 2 2 18.659 %
19 0 − 2 2 61.704 %
20 2 − 2 2 21.473 %
21 4 − 2 2 17.108 %
Nirmatrelvir 1 − 2 2 65.684 %
GC-373 0 − 2 2 53.522 %

Table 6 
Key predicted ADME properties calculated through SwissADME tool.

Compound Lipinski #violations Ghose #violations Egan #violations Muegge #violations Total #violations PAINS #alerts Synthetic Accessibility

9 0 0 0 0 0 0 4.29
10 1 0 1 1 3 0 4.31
11 1 1 1 0 3 0 4.11
12 0 0 1 0 1 0 4.33
13 1 0 1 1 3 0 3.99
14 1 1 1 1 4 0 3.94
16 2 2 1 2 7 0 4.94
19 0 0 1 0 1 0 3.88
20 1 1 1 1 4 0 4.18
21 2 1 1 2 6 0 4.86
Nirmatrelvir 0 1 1 0 0 0 ​
GC-373 0 0 1 0 0 0 ​
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Fig. 17. Calculated RMSD for protein backbone, side chains, heavy atoms and ligand aligned to the ligand itself for compounds 9–14, 16, 19–21, and GC-373 during 
the simulation trajectory of 50ns. 
The ligand RMSD aligned to the protein, in Fig. 18, shows the movements of the ligands relative to the protein. Ligands do not move significantly relative to the 
protein over the simulation time.
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Fig. 18. Calculated RMSD for protein C-alphas and ligand aligned to the protein for compounds 9–14, 16, 19–21, and GC-373 during the simulation trajectory 
of 50ns.
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• Reaction Type selection: the reaction type for the formation of 
covalent bond between ligand and receptor was selected. The reac
tion type defines the functional group on the ligand and the opera
tions that must be performed on the structures to create the covalent 
bond (Nucleophilic Addition to a Double Bond).

• Pre-covalent docking: a preliminary docking was performed to 
optimally position the ligand in the binding site before covalent bond 
formation. The interaction energy was evaluated using an algorithm 
based on a scoring function that considers non-covalent interactions.

• Covalent bond formation: a chemical model was applied to simu
late the formation of the covalent bond between the nucleophilic 
group of the reactive residue and the ligand.

• Evaluation of the protein-ligand complex: the stability of the co
valent protein-ligand complex was assessed through a scoring func
tion specific to covalent docking, accounting for both covalent bond 
energy and residual non-covalent interactions. Additionally, a short 
molecular dynamics simulation was performed to further validate 
and optimize the geometry of the final complex.

3.1.2.6. Molecular dynamics simulation. To assess the stability and 
binding affinity of compounds 9–14, 16, 20, and GC-373 in complex 
with the SARS-CoV-2 MPRO, Molecular Dynamics Simulations (MDS) 
were conducted using the Desmond software. The simulations were 
performed under the constant-temperature–constant-pressure ensemble 
(NPT), allowing precise control over both temperature and pressure 
conditions. Pressure adjustments within the NPT ensemble were ach
ieved by modifying the volume, while the unit cell vectors were allowed 
to change. Simulation parameters were configured with a system tem
perature of 300 K and a pressure of 1013.25 bar. The Nose-Hoover Chain 
thermostat and the Martyna-Tobias-Klein barostat were settled with a 
relaxation time of 1ps, and 2ps, respectively. Before commencing the 

production run, the systems underwent energy minimization for 1000 
steps to establish a stable starting point. Subsequently, a preliminary 
production run of 50ns was conducted for compounds 9–14, 16, 20, and 
GC-373 in complex with the SARS-CoV-2 MPRO. The simulation results 
were meticulously analyzed to observe the Root Mean Square Deviation 
(RMSD) of protein and ligands. A further longer simulation of 200 ns 
was performed, allowing to extract parameters like RMSD, Ligand Root 
Mean Square Fluctuation (L-RMSF), Protein Ligand contacts, Radius of 
Gyration (rGyr), Intramolecular Hydrogen Bonds (intraHB), Molecular 
Surface Area (MolSA), Solvent Accessible Surface Area (SASA), and 
Polar Surface Area (PSA). This comprehensive analysis offers crucial 
insights into the dynamic behavior of the complexes, providing valuable 
information about their structural integrity and the nature of molecular 
interactions over the simulation period.

3.1.2.7. MM-GBSA analysis. The Molecular Mechanics with General
ized Born and Surface Area (MM-GBSA) calculations helps in calculating 
binding free energies of the protein-ligand interaction, that includes 
interaction free energies such as van der waals, electrostatic, polar sal
vation, Hbond, and binding energies. In this study we adopted MM- 
GBSA in single step calculation method by using the VSGB as Solva
tion model, and OPLS-2005 as force field.

3.2. Multivariate statistical analysis

PCA, one of the most-widely used multivariate exploratory tech
niques, enables a drastic dimensionality reduction of an original raw 
data, transforming the original matrix to a new one, whose set of vari
ables, termed as Principal Components (PCs), appear to be ordered with 
descending importance in terms of variance. Principal Components 
Analysis can be highly useful for data classification and pattern 

Fig. 19. Calculated RMSD for protein C-alphas and ligand aligned to the protein for compounds 9–14, 16, 20, and GC-373 during the simulation trajectory of 200ns.
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recognition. In this work DRUDIT was used to obtain the original matrix 
of objects versus variables (Supplementary Material S1, Matrices S1-S2), 
and free version TIBCO Statistica® software was used to perform Prin
cipal Component Analysis.

4. Conclusions

In response to the unprecedented global health crisis posed by the 
COVID-19 pandemic, researchers worldwide focused on the need of 
effective antiviral treatments, with the SARS-CoV-2 MPRO emerging as a 
critical target for therapeutic intervention due to its essential role in the 
viral replication cycle. In silico simulations provide tools for qualitatively 
and quantitatively evaluating various treatments for specific diseases, 
leading to more practical and economical experiments. In the search for 
effective COVID-19 treatments, computational approaches have become 
essential in discovering and developing SARS-CoV-2 MPRO inhibitors.

In this context, the aim of this study is to develop and propose an 
innovative in silico protocol for the identification and optimization of 
anti-SARS-CoV-2 agents specifically targeting MPRO as covalent pepti
domimetic inhibitors with an aldehydic electrophilic warhead. 
Peptidomimetic inhibitors are developed to closely mimic the structure 
of the natural viral polyproteins that are substrates of MPRO, ensuring 
highly specific interactions. Utilizing the advanced CombiGlide Tool 
within the Maestro suite, a highly focused combinatorial library of 450 
rationally designed peptidomimetic compounds with aldehydic war
heads was generated. IFD studies targeted at the catalytic site of MPRO 

enabled the first refinement, narrowing the field to 388 compounds for 
subsequent multivariate statistical analysis. Of these, 14 standout 
compounds, identified through PCA, were meticulously evaluated using 
CovDock studies to assess their covalent binding capabilities. The results 
reveal significantly higher affinity compared to known inhibitors, 
affirming the validity of the adopted design strategy. Compounds, firstly 

analyzed for their pharmacokinetic properties, were explored in a 
dynamical point of view in a two steps Molecular Dynamics Simulation 
analysis. Notably, compound 9 exhibits zero violations across all the 
considered drug-likeness rules, including Lipinski, Ghose, Egan, 
Muegge, and PAINS, whereas both Nirmatrelvir and GC-373 fail to meet 
certain criteria (e.g., Ghose and Egan rules). This suggests that com
pound 9 may have better drug-likeness compared to these reference 
compounds. Furthermore, QikProp analysis reinforces this observation: 
compounds 9, 12, and 20 have no "stars", indicating that their properties 
fall within the desirable range for orally active drugs, whereas Nirma
trelvir has one "star", which may indicate a deviation from optimal 
properties.

Compounds with favorable ADME properties showed great stability, 
convergence, and compatibility within the MPRO binding site. Their 
robust RMSD profiles indicate that they can maintain strong and stable 
interactions with MPRO, like or better than the reference compound GC- 
373.

The described protocol allowed to identify compounds 9–14, 16, and 
20 as potential new SARS-CoV-2 MPRO inhibitors. This work aspires to 
contribute to the discovery and development of effective antiviral agents 
against COVID-19 and related coronaviruses.

Supplementary Materials: Table S1: SMILES representations for 
the fragments and the final obtained 300 compounds; Table S2: SMILES 
representations for the fragments and the final obtained 150 com
pounds; Table S3: IFD and docking scores for the selected 388 small 
molecules and nirmatrelvir; Table S4: SMILES and IC50 for structures 
utilized for the PCA model building; Table S5: cartesian coordinates for 
the calculation of the centroids, or the central points, of the two clusters 
identified in the PCA plot; Table S6: distance 1 and distance 2 for each 
input molecule; Table S7: calculated ratio between distance 1 and dis
tance 2 for each molecule; Table S8: calculated parameters from Qik
Prop for compounds 9–14, 16, and 19–21; Table S9: calculated 

Fig. 20. Calculated L-RMSF for compounds 9–14, 16, 20, and GC-373 during the simulation trajectory of 200ns alongside 2D structures of related ligands.
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parameters from SwissADME for compounds 9–14, 16, and 19–21; 
Matrix S1: Structure versus Molecular Descriptors matrix for known in
hibitors; Matrix S2: Structure versus Molecular Descriptors matrix for 
388 selected compounds; Fig. S1: In-depth structural analyses for com
plex 9/MPRO: Calculated rGyr, intraHB, MolSA variations, SASA 
changes, and PSA dynamics over 200ns simulation; Fig. S2: In-depth 
structural analyses for complex 10/MPRO: Calculated rGyr, intraHB, 
MolSA variations, SASA changes, and PSA dynamics over 200ns simu
lation; Fig. S3: In-depth structural analyses for complex 11/MPRO: 
Calculated rGyr, intraHB, MolSA variations, SASA changes, and PSA 
dynamics over 200ns simulation; Fig. S4: In-depth structural analyses 
for complex 12/MPRO: Calculated rGyr, intraHB, MolSA variations, 
SASA changes, and PSA dynamics over 200ns simulation; Fig. S5: In- 
depth structural analyses for complex 13/MPRO: Calculated rGyr, 
intraHB, MolSA variations, SASA changes, and PSA dynamics over 
200ns simulation; Fig. S6: In-depth structural analyses for complex 14/ 
MPRO: Calculated rGyr, intraHB, MolSA variations, SASA changes, and 
PSA dynamics over 200ns simulation; Fig. S7: In-depth structural ana
lyses for complex 16/MPRO: Calculated rGyr, intraHB, MolSA variations, 
SASA changes, and PSA dynamics over 200ns simulation; Fig. S8: In- 
depth structural analyses for complex 20/MPRO: Calculated rGyr, 
intraHB, MolSA variations, SASA changes, and PSA dynamics over 
200ns simulation; Fig. S9: In-depth structural analyses for complex GC- 
373/MPRO: Calculated rGyr, intraHB, MolSA variations, SASA changes, 
and PSA dynamics over 200ns simulation; Fig. S10: Calculated L-RMSF 
for compound 9 during the simulation trajectory of 200ns; Fig. S11: 
Calculated L-RMSF for compound 10 during the simulation trajectory of 
200ns; Fig. S12: Calculated L-RMSF for compound 11 during the simu
lation trajectory of 200ns; Fig. S13: Calculated L-RMSF for compound 12 
during the simulation trajectory of 200ns; Fig. S14: Calculated L-RMSF 
for compound 13 during the simulation trajectory of 200ns; Fig. S15: 

Calculated L-RMSF for compound 14 during the simulation trajectory of 
200ns; Fig. S16: Calculated L-RMSF for compound 16 during the simu
lation trajectory of 200ns; Fig. S17: Calculated L-RMSF for compound 20 
during the simulation trajectory of 200ns; Fig. S18: Calculated L-RMSF 
for compound GC-373 during the simulation trajectory of 200ns; 
Fig. S19: Protein–ligand interactions examination across the simulation 
time for 9/MPRO complex; Fig. S20: Protein–ligand interactions exami
nation across the simulation time for 10/MPRO complex; Fig. S21: Pro
tein–ligand interactions examination across the simulation time for 11/ 
MPRO complex.
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Fig. 21. (a) Protein–ligand interactions examination across the simulation time for 9/MPRO complex; (b) protein–ligand interactions examination across the 
simulation time for 10/MPRO complex; (c) protein–ligand interactions examination across the simulation time for 11/MPRO complex; (d) protein–ligand interactions 
examination across the simulation time for 12/MPRO complex; (e) protein–ligand interactions examination across the simulation time for 13/MPRO complex; (f) 
protein–ligand interactions examination across the simulation time for 14/MPRO complex; (g) protein–ligand interactions examination across the simulation time for 
16/MPRO complex; (h) protein–ligand interactions examination across the simulation time for 20/MPRO complex; (i) protein–ligand interactions examination across 
the simulation time for GC-373/MPRO complex. Hydrogen bonds are labeled in green, hydrophobic interactions in light purple, ionic interactions in magenta, and 
water bridges in blue. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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Fig. 22. (a) Detailed ligand atom interactions with the protein residues across the simulation time for 9/MPRO complex; (b) detailed ligand atom interactions with 
the protein residues across the simulation time for 10/MPRO complex; (c) detailed ligand atom interactions with the protein residues across the simulation time for 
11/MPRO complex; (d) detailed ligand atom interactions with the protein residues across the simulation time for 12/MPRO complex; (e) detailed ligand atom in
teractions with the protein residues across the simulation time for 13/MPRO complex; (f) detailed ligand atom interactions with the protein residues across the 
simulation time for 14/MPRO complex; (g) detailed ligand atom interactions with the protein residues across the simulation time for 16/MPRO complex; (h) detailed 
ligand atom interactions with the protein residues across the simulation time for 20/MPRO complex; (i) detailed ligand atom interactions with the protein residues 
across the simulation time for GC-373/MPRO complex.

Table 7 
Summary of MM-GBSA analysis: comparative binding energies of reference ligand GC-373 and compounds 9–14, 16, and 20 in complex with the SARS-CoV-2 MPRO.

Complex Docking score Prime Coulomb Prime vdW Prime Solvent Prime Hbond Prime Energy

9 − 9.333 − 10087.523 − 1441.063 − 1039.279 − 102.033 − 13360.6
10 − 9.566 − 10081.296 − 1451.701 − 1042.077 − 102.112 − 13363.9
11 − 10.213 − 10109.816 − 1443.346 − 1051.173 − 102.084 − 13384.5
12 − 9.770 − 10116.820 − 1442.974 − 1043.221 − 101.956 − 13383.7
13 − 8.970 − 10122.554 − 1450.794 − 1043.403 − 102.241 − 13389.2
14 − 9.531 − 10118.531 − 1448.834 − 1047.704 − 102.194 − 13374.1
16 − 9.746 − 10103.552 − 1455.405 − 1043.669 − 101.868 − 13389.7
20 − 8.016 − 10132.784 − 1445.776 − 1041.582 − 101.912 − 13382.0
GC-373 − 6.336 − 10103.535 − 1439.000 − 1036.399 − 101.216 − 13350.0
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