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A B S T R A C T   

The outbreak of the novel coronavirus disease 2019 (COVID-19), caused by the severe acute 
respiratory syndrome coronavirus 2 (SARS-CoV-2), has caused great harm to all countries 
worldwide. This disease can be prevented by vaccination and managed using various treatment 
methods, including injections, oral medications, or aerosol therapies. However, the selection of 
suitable compounds for the research and development of anti-SARS-CoV-2 drugs is a daunting 
task because of the vast databases of available compounds. The traditional process of drug 
research and development is time-consuming, labour-intensive, and costly. The application of 
chemometrics can significantly expedite drug R&D. This is particularly necessary and important 
for drug development against pandemic public emergency diseases, such as COVID-19. Through 
various chemometric techniques, such as quantitative structure-activity relationship (QSAR) 
modelling, molecular docking, and molecular dynamics (MD) simulations, compounds with 
inhibitory activity against SARS-CoV-2 can be quickly screened, allowing researchers to focus on 
the few prioritised candidates. In addition, the ADMET properties of the screened candidate 
compounds should be further explored to promote the successful discovery of anti-SARS-CoV-2 
drugs. In this case, considerable time and economic costs can be saved while minimising the 
need for extensive animal experiments, in line with the 3R principles. This paper focuses on 
recent advances in chemometric modelling studies of COVID-19-related inhibitors, highlights 
current limitations, and outlines potential future directions for development.   
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1. Introduction 

In December 2019, an unprecedented coronavirus disease appeared in Wuhan, Hubei province, China. It spread widely and quickly, 
and its clinical manifestations are fever, cough, dyspnoea, and symptoms of pneumonia [1]. Simultaneously, diseases with the same 
symptoms occur in many countries worldwide. On February 11, 2020 the World Health Organization (WHO) named the disease as 
coronavirus Disease 2019 (COVID-19). The International Committee on Virus Taxonomy officially announced the Severe Acute 
Respiratory Syndrome Coronavirus 2 (SARS-CoV-2) as the causative agent of COVID-19 [2]. As of September 2023, the cumulative 
number of confirmed cases worldwide, as counted by the World Health Organization, exceeded 770 million, and the cumulative 
confirmed deaths exceeded 6.9 million [3]. Furthermore, although the development of vaccines and inoculations has aroused wide 
social concerns, it appears that vaccinations do not prevent the rapid transmission of SARS-CoV-2, such as the latest Omicron sub-
variants BF.7, BA.5.2, BQ.1, BQ.1.1, XBB, XBB.1.5, XBD, and XBF etc [4–7]. 

SARS-CoV-2 belongs to a large family of coronaviruses, which are RNA viruses with an envelope and linear single-stranded positive 
strand genome, with a total genome length of ~30 kb [8]. According to genome sequence analysis, SARS-CoV-2 is approximately 80 % 
similar to SARS-CoV and has the same structural and molecular characteristics as other coronaviruses [9]. As shown in Fig. 1A, the 
genome of SARS-CoV-2 contains 14 open reading frames (ORFs), in which the first two ORFs, ORF1a and ORF1b (overlapping with a 
− 1 ribosomal frame-shift), account for approximately two-thirds of the genome from the 5′-end, and are translated to the polyproteins 
pp1a and pp1ab, respectively [10]. The polyproteins pp1a and pp1ab are cleaved proteolytically at 11 sites by two viral proteases 
(papain-like protease (PLpro) and the main protease (Mpro or 3CLpro), to produce 16 non-structural proteins (Nsp1-Nsp16, although 
the function of Nsp11 is unknown) that are essential for viral replication and transcription [11]. Among these, Nsp3, also called PLpro, 
participates in the cleavage of polyproteins to generate Nsp1, Nsp2, and Nsp3 via proteolysis [12]. Nsp5 is a homodimeric cysteine 
protease commonly known as chymotrypsin-like protease 3CLpro or Mpro [13,14]. During the life cycle of the virus, 3CLpro plays an 
indispensable role via the cleavage of viral polyproteins to produce multiple Nsps (Nsp4-Nsp16), thus indirectly participating in the 
generation of viral sub-genomic mRNAs encoding four structural proteins and ultimately completing the reproduction and release of 
the progeny virus [13,14]. 

Considering the vital roles of 3CLpro and PLpro in the life cycle of SARS-CoV-2, they are attractive therapeutic targets for COVID-19 
drug discovery [15–17]. The remaining one-third of the viral genome at the 3′-end encodes structural and accessory proteins. 
Accessory proteins lie between these structural genes, including ORF3a, ORF3b, ORF6, ORF7a, ORF7b, ORF8, ORF9b, ORF9c and 
ORF10 [18–20]. Four main structural proteins are responsible for the assembly of new virions, including spike protein (S), envelope 
protein (E), membrane protein (M), and nucleocapsid protein (N), which are responsible for host recognition, formation of the viral 
envelope, viral stability, and interaction with the RNA genome (Fig. 1B) [21]. In particular, the sequence composition of the S protein 

Fig. 1. (A) Genome organisation of the SARS-CoV-2. The viral genome encodes 16 non-structural proteins (Nsps) required for replication/tran-
scription along with the structural proteins required for the assembly of new virions. (B) Structural diagram of SARS-CoV-2, including four structural 
proteins, S protein, E protein, M protein and N protein. 
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encoded by the SARS-CoV-2 genome is the most different from that of SARS and MERS (Middle East Respiratory Syndrome) [11,22]. 
Part of the S protein spike can extend and attach to the human angiotensin-converting enzyme (hACE2) protein, allowing viruses to 
enter cells and endanger human health (Fig. 2) [11,20]. Over time, SARS-CoV-2 has evolved into new mutants, such as alpha, beta, 
gamma, delta, Omicron, and various subvariants [4–7,23,24]. These mutations change the structure and characteristics of SARS-CoV-2 
to varying degrees, bringing more challenges to the development of related inhibitor drugs [18]. 

Based on the physiological and biological characteristics of SARS-CoV-2, researchers from academic and medical circles have 
developed relevant drugs for the treatment and prevention, including vaccines for the prevention and control of COVID-19 trans-
mission and small-molecule oral drugs for treatment [25,26]. For example, the COVID-19 therapeutic drug Paxlovid 
(PF-07321332/Nirmatrelvir in combination with the CYP3A4 inhibitor ritonavir), developed by Pfizer in the United States, is the result 
of further processing and optimisation of the PF-00835231 inhibitor developed during the SARS period [25,27–29]. It was the first 
approved anti-SARS-CoV-2 drug by the American Food and Drug Administration (FDA), bringing a new dawn for the treatment of 
COVID-19 [30,31]. On February 11, 2022 the National Medical Products Administration officially approved the import registration of 
Paxlovid for the treatment of adult COVID-19 patients in China [32]. However, recent studies found that after taking Paxlovid 
treatment, COVID-19 patients reappeared positive a few days after the disappearing of symptoms, and the virus load was much higher 
than that of patients who had not taken Paxlovid before, this phenomenon is called "Paxlovid rebound" [33–35]. Many mRNA vaccine 

Fig. 2. The life cycle of SARS-CoV-2, including viral entry, replication and transcription, assembly and release. During the viral infection, SARS- 
CoV-2 injects its genome into the host cell via endosomes or direct fusion of the viral envelope with the host cell membrane that mediated by 
the binding of S protein to the human ACE2 at the cell surface (step a). After entering into the host cell, the viral RNA is translated by the host 
ribosomes (steps b-d). The translated products, polyproteins pp1a and pp1ab, are proteolytically cleaved into non-structural proteins Nsp1-16 by the 
viral proteases, PLpro and 3CLpro (step e). Several Nsps (Nsp2-16) together with other factors to form a replication-transcription complex (RTC) 
within the infected host cell. Nsp2-11 are supposed to play a supporting role, and Nsp12-16 provide the required enzymatic function for viral 
genome replication/transcription inside the RTC. The RNA (+) strand first gets replicated to the RNA (− ) strand and then the negative-strand is used 
either for replication to the RNA (+) strand for new virion assembly (step f) or transcription of sub-genomic mRNAs (step g). These sub-genomic 
mRNAs are translated to the structural proteins S, M, E, N, and the accessory proteins (step h). The S, M, and E proteins enter the endoplasmic 
reticulum (ER), and the N protein attaches to the genomic RNA (+) strand to produce nucleoprotein complex. The nucleoprotein complex and the 
structural proteins move to the ER-Golgi intermediate compartment (ERGIC) where the virions assemble, mature, and bud off from the Golgi in the 
form of small vesicles (steps i-j). These vesicles travel to the host cell membrane where they are released into the extracellular region through 
exocytosis (step k). 
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recipients infected with Omicron also experienced a rebound after receiving Paxlovid treatment, and the symptoms, viral load, viral 
duration, and other indicators were more serious than those in the acute infection period before recovery, resulting in the impairment 
of COVID-19 specific immunity [36]. Therefore, there is an urgent need to develop new and efficient oral drugs for treating COVID-19, 
especially easily transmissible SARS-CoV-2 variants, such as Omicron. There may already be highly potent anti-COVID-19 compounds 
in the library of various chemicals or drugs (e.g. DrugBank, Zinc, ChEMBL, PubChem, ChemSpider, and ToxNet), but they have not 
been found to date. However, traditional drug development pipelines are time-consuming (~12 years on average) and costly (~2.6 
billion USD) [37], and do not meet the emergency requirements of public health emergencies such as COVID-19. Thus, it is not difficult 
to understand the dilemma of discovering more potent compounds for COVID-19 treatment within a limited time and with available 
human resources. In view of this situation, rapid and efficient chemometric screening methods, such as quantitative 
structure-activity/toxicity relationship (QSAR/QSTR), machine learning/artificial intelligence, molecular docking and molecular 
dynamics (MD), are particularly important, may lead to the discovery of “drug repurposing” and “completely novel drugs” [37–41]. 

QSAR methodology refers to the establishment of a linear or non-linear relationship model between the structural features of a 
molecule and its biological and physicochemical properties using mathematical methods [42]. Compared with traditional drug 
development, with the aid of in silico screening methods such as QSAR, not only can the R&D cycle be significantly shortened, but 
economic costs will also be saved, as well as avoiding a large number of unnecessary animal experiments [42,43]. QSAR methodology 
is one of the hot spots in the field of pharmaceutical science and has been widely applied to the discovery of antiviral drugs, including 
anti-SARS-CoV-2 agents [40]. 

When a molecule is predicted to have obvious inhibitory potency against the target viral protein by the QSAR method, this does not 
mean that the molecule can be successfully developed into a clinical antiviral drug. For example, other factors, such as binding sta-
bility, affinity, absorption, distribution, metabolism, excretion, and toxicity (ADMET), also influence druggability. This means that 
after QSAR predictions, a series of subsequent validations must be carried out, such as molecular docking and MD simulations. Docking 
can explore the interaction mode of the protein-ligand complex, providing the binding free energy (docking scores) and key amino acid 
residues responsible for the inhibitory activity. MD simulations can calculate the binding free energy of the ligand compound and the 
target protein using various energy-contributing components such as solvent-accessible surface area (SASA), polar solvation, 

Fig. 3. (A) The structure of SARS-CoV-2 3CLpro (red, PDB: 6XHU) and SARS-CoV 3CLpro (green, PDB: 1UJ1); (B) Three structural domains (domain 
I: orange, domain II: yellow, domain III: pale red) of SARS-CoV-2 3CLpro protomer (PDB code: 6XHU), and two key amino acid residues His41 and 
Cys145. CT, Carbon terminal; NT, Nitrogen terminal; (C) The surface representation for the catalytic pocket (sub-pockets: S1–S5) of SARS-CoV-2 
3CLpro. (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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Table 1 
Summary of the QSAR models on the inhibitors of 3CLpro and hACE2/Spike protein.  

Target End point Ntotal Ntr Ntest Algorithm Outliers Parameter AD 
analysis 

True external 
set 

Ref. 

SARS-CoV 
3CLpro 

IC50 (μM) 34 26 8 MLR – R2 = 0.748 
Q2 = 0.628 
Rtest

2 = 0.723 

No Yes [58] 

IC50 (μM) 104 78 26 PLS 0 R2 = 0.756 
Q2 = 0.708 
QFn

2 = 0.752 

Yes Yes [44] 

IC50 (μM) 40 32 8 MLR 1 R2 = 0.838 
Rtest

2 = 0.735 
QLOO

2 = 0.757 

Yes Yes [59] 

IC50 (μM) 101 85 16 CNN – R2 = 0.98 
R test

2 = 0.84 
No Yes [62] 

IC50 (μM) 21 14 7 MLR 0 R2 = 0.91 
QLOO

2 = 0.78 
Rtest

2 = 0.85 
CCCtest = 0.92 

Yes Yes [63] 

IC50 (μM) 81 59 22 Monte Calo 0 R2 = 0.96 
Rtest

2 = 0.92 
No Yes [64] 

Ki (nM) 62 50 12 MLR 3 R2 = 0.898 
Rtest

2 = 0.799 
QLOM

2 = 0.848 

Yes Yes [65] 

IC50 (nM) 84 63 21 Monte Calo – R2 = 0.9314 
Q2 = 0.9271 
Rtest

2 = 0.9243 
Qtest

2 = 0.8986 

No Yes [66] 

IC50 (nM) 73 51 22 MLR 1 R2 = 0.907 
QLOO

2 = 0.866 
Rtest

2 = 0.517 

Yes No [67] 

IC50 (μM) 220 176 44 machine learning – AUROCtr = 0.998 
AUROCtest = 0.914 

No Yes [68] 

IC50 (mg/L) 110 90 20 COMSIA – R2 = 0.74 
Q2 = 0.54 
Rtest

2 = 0.71 

No Yes [69] 

SARS-CoV-2 
3CLpro 

IC50 (nM) 190 144 46 PLS 1 R2 = 0.789 
Q2 = 0.741 
Qtest-F1

2 = 0.787 
Qtest-F2

2 = 0.786 

Yes Yes [70] 

IC50 (μM) 33 25 6 Bayesian 
classification 

– ROCtr = 0.747 ACCtr =

0.840 
ROCtest = 1.000 ACCtest 

= 0.833 

No Yes [72] 

IC50 (μM) 46 37 11 CoMFA-PLS – R2 = 0.97 
QLOO

2 = 0.81 
Rtest

2 = 0.95 

No Yes [73] 

CoMSIA-PLS R2 = 0.94 
QLOO

2 = 0.76 
Rtest

2 = 0.91 
IC50 (μM) 69 51 18 SW -MLR – R2 = 0.703 

Rtest
2 = 0.565 

No Yes [74] 

GA-MLR R2 = 0.740 
Rtest

2 = 0.654 
SW-ANN R = 0.872 

Rtest = 0.745 
GA-ANN R = 0.865 

Rtest = 0.814 
SW-SVM R = 0.839 

Rtest = 0.812 
GA-SVM R = 0.913 

Rtest = 0.814 
HQSAR-PLS R2 = 0.867 

Rtest
2 = 0.715 

IC50 (μM) 55 39 16 Monte Calo – R2 = 0.9203 
Q2 = 0.8508 

No Yes [75] 

MLR 1 R2 = 0.9288 
QLOO

2 = 0.8902 
Rtest

2 = 0.8558 

Yes 

hACE2/S 
protein 

Active 
/inactive 

1747 80 
% 

20 
% 

CNN – FP = 2.7 % 
FN = 9.6 % 

No Yes [89] 

(continued on next page) 
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electrostatic energy, and van der Waals energy [44]. Therefore, the prediction of pharmacokinetics and bioavailability is indispens-
able. For example, the international standard “Lipinski’s principle of five” of an orally active drug includes [45,46]: (1) the number of 
hydrogen donors (the number of hydrogen atoms connected to N and O) is less than 5; (2) the number of hydrogen receptors (the 
number of N and O) is less than 10; (3) the relative molecular weight is less than 500; (4) the octanol–water partition coefficient (logP) 
is less than 5; (5) 10 or fewer rotatable bonds. This rule of thumb describes the molecular properties vital for the pharmacokinetics of a 
molecule in the human body, including its ADME properties [47], and has been widely used in the initial screening of compound 
libraries since its formulation [48]. ADMET properties can determine the efficacy and toxicity of a drug, and are a remarkable indicator 
for evaluating whether a compound has drug-likeness. 

In fact, the above chemometric tools or methods are indispensable for successful screening of few potent candidates, followed by 
experimental confirmation. In this case, the time from research to market approval can be dramatically reduced, especially being very 
important in the background of emerging or re-emerging pandemic diseases such as SARS, MERS and COVID-19. In this review, we 
discuss recent advances in the chemometric modelling of inhibitors against SARS-CoV-2 (including host-targeting therapies) to provide 
new ideas for the development of anti-SARS-CoV-2 drugs. 

2. QSAR models of SARS-CoV-2 main protease inhibitors 

2.1. 3CLpro/Mpro 

3CLpro (Mpro), which cleaves polyproteins at no fewer than 11 sites to generate Nsps, is a crucial target for antiviral drug 
development. The SARS-CoV-2 genome has over 80 % identity with SARS-CoV, and genomic sequence analysis indicated that the 
3CLpro of SARS-CoV-2 (PDB code: 6XHU) and 3CLpro of SARS-CoV (PDB code: 1U1J) are highly similar (Fig. 3A) [49–51]. Owing to 
the high sequence similarity between SARS-CoV-2 and SARS-CoV, compounds obtained in the past that exhibited remarkable 
inhibitory effects on SARS-CoV may also act on SARS-CoV-2. Researchers have shifted their attention to investigating the inhibitory 
effects of these compounds on the activity of SARS-CoV-2 and have made great progress. 

Fig. 3B shows the single-chain structure of SARS-CoV-2 3CLpro (PDB code: 6XHU), as well as the two most popular amino acid 
residues, His41 and Cys145, which frequently participate in the binding process of small molecules to 3CLpro [52]. As mentioned 
above, 3CLpro can hydrolyse the pp1a and pp1ab primitive polyproteins from at least 11 conserved cleavage sites, participate in their 
processing, and form replicase complex [53]. 3CLpro plays an important role in viral replication and proliferation and its deletion is 
fatal. The active form of 3CLpro comprises homodimers containing two protomers, and each monomer consists of three domains 
(Fig. 3B). Among them, domain I (Phe10-Tyr99) and domain II (Lys100-Pro182) contain chymotrypsin like skeletons, both domains 
have six-stranded anti-parallel β-sheet structure that form the substrate-binding site containing the catalytic dyad formed by His41 and 
Cys145, where the N-terminal finger (domain I, residues 1–7) inserts itself between domains II and III of the adjacent protomer, thus 
participates the formation of dimer and the S1 subsite pocket of substrate binding. Domain III (Thr198-Val303) contains five 
anti-parallel α helical structure, and connects with domain II through a long ring region (residues 183–198) (Fig. 3B) [19]. The 
C-terminus of domain III is also involved in dimerization via a salt-bridge interaction between Glu290 of a protomer and Arg4 from its 
adjacent protomer [14,19]. Existing 3CLpro inhibitors can affect the replication of viral RNA by blocking polymerisation between 
domains I and II in the two protomers [19,53]. As shown in Fig. 3C, the catalytic site of 3CLpro is located at the intersection of domains 
I and II and can be divided into five subpockets: S1, S2, S3, S4, and S5 [54]. 3CLpro-targeting inhibitors can specifically bind to this 
active site to interfere with protein function [54,55]. 

2.2. QSAR studies of the 3CLpro inhibitors 

The homology between the 3CLpro of SARS-CoV and SARS-CoV-2 is as high as 96 % [56]. The 3CLpro sequence of SARS-CoV-2 is 
only 12 of 306 residues different from that of SARS-CoV which can be used as a homologous target for drug screening and repurposing 
[57]. Many compounds that inhibit the 3C-like protease of SARS-CoV also inhibit its main protease activity of SARS-CoV-2. Therefore, 
many scholars consider this a starting point to collect a large number of such compounds to establish predictive models, which lay a 
good foundation for the development and identification of new drugs for the treatment of COVID-19 [40]. A summary of the QSAR 
modelling of the 3CLpro inhibitors is shown in Table 1, which contains the response endpoint, data division, modelling algorithm, and 
other important information. 

For example, Khan et al. constructed a 2D-QSAR model to predict the inhibitory activity of small-molecule carboxamides against 

Table 1 (continued ) 

Target End point Ntotal Ntr Ntest Algorithm Outliers Parameter AD 
analysis 

True external 
set 

Ref. 

Docking 
score 

166 – – – – Q2 < 0.45 
R2 > 0.7 

– – [90] 

Ki (nM) 31 18 13 3D-QSAR – R2 = 0.984 
Rtest

2 = 0.652 
No Yes [91] 

IC50 (μM) 21 17 4 CoMSIA-PLS – R2 = 0.962 
Q2 = 0.65 

No No [94]  
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the SARS-CoV 3CLpro [58]. The modelling dataset contained 34 small-molecule carboxamides consisting of two series of compounds: 
N-(benzo [1–3] triazol-1-yl)-N-(benzyl) acetamido) phenyl) carboxamides and N-(tert-butyl)-2-(N-arylamido)-2-(pyridin-3-yl) acet-
amides. The best QSAR model (R2 = 0.748, Q2 = 0.628, Rtest

2 = 0.723) contained four molecular descriptors: SsssCH (sum of atom-type 
E-State: >CH-), minHBint3 (minimum E-State descriptor of strength for potential hydrogen bonds of path length 3), ETA_Eta_B_RC (a 
measure of branching), and CrripenLogP. The model equation (pIC50 = 3.633–2.957ETA_Eta_B_RC − 1.179minHBint3 – 1.635SsssCH 
+ 0.678CrripenLogP (1)) showed that the former three descriptors were negatively correlated with inhibitory activity, while the latter 
contributed positively to inhibitory activity. Then, a total of 28 newly designed small molecules based on the scaffold of the most active 
molecule in the dataset were subjected to QSAR predictions, and the results showed that 25 designed molecules exhibited good 
predictions (Table S1). 

In another study by De et al., the experimental pIC50 values of 104 SARS-CoV 3CLpro inhibitors were used to develop a QSAR model 
for virtual screening of potential anti-COVID-19 drugs [44]. The best model (R2 = 0.756, Q2 = 0.708, QFn

2 = 0.752) was developed by 
partial least squares (PLS) technique and with a 3:1 ratio of training to test sets. According to the coefficients of the model equation 
(pIC50 = – 1.586 + 1.333B04[O–Cl] – 0.122F01[C–N] + 0.631B06[N–N] + 0.059ETAdBeta + 0.778B05[C–N] – 0.297nRCONHR (2)), 
four of the six descriptors contributed to an increase in inhibitory activity. Conversely, the presence of the remaining two features was 
found to be unfavourable for enhancing the inhibitory activity. Using the developed model, predictions were made using three large 
databases: 8722 antivirals, 11309 peptidomimetics, and 6968 proteases obtained from Asinex (http://www.asinex.com/). Subse-
quently, the top 25 molecules from each database (Table S2) were identified and confirmed experimentally. 

In a study performed by Chtita et al., 40 asymmetrical aromatic disulphides against the main protease of SARS-CoV were collected 
to establish a QSAR model using the multiple linear regression (MLR) method [59]. The performance of all the developed models was 
comprehensively evaluated according to the OECD principles of QSAR validation [60] and Golbraikh and Tropsha’s criteria [61]. The 
best model showed a good overall performance (R2 = 0.838, QLOO

2 = 0.757, Rtest
2 = 0.735). From the model equation (IC50 =

128.780–2.590EHOMO-1 + 4.855EHOMO + 51.701S1S2 – 123.760 S2Bnz + 5.682 10− 06 BI (3)), it can be analysed that the descriptors 
Balaban index (BI), highest occupied molecular orbital energy (EHOMO) and bond length between the two sulfur atoms (S1S2) increase 
the inhibitory activity, while molecular orbital energy below HOMO energy (EHOMO-1) and bond length between sulfur atom and the 
benzene ring (S2Bnz) decrease the inhibitory activity. The authors used the two compounds with the highest anti-SARS-CoV activity as 
templates to design 20 new compounds with higher predicted activity by modifying the groups on the benzene ring. The feasibility of 
the 20 new compounds was further evaluated based on their drug-like properties (detailed in Section 4.3). 

Kumari and Subbarao collected 101 compounds from PubChem Bioassay with defined experimental inhibition data (IC50) on SARS- 
CoV, followed by transformation into –logIC50 (pIC50), and used these data to train a QSAR model based on a deep learning-based 
convolutional neural network (CNN) [62]. The statistical results revealed that the model had R2 = 0.98 for the training set, and 
Rtest

2 = 0.84 for the test set. The results of the model suggested that the benzimidazole scaffold exhibited higher potency than 
4-(4-phenylpiperazine-1-carbonyl)-1H-quinolin-2-one. Benzimidazole, which contains 4-methoxyphenyl and 2-methylsulfanyl 
groups, exhibited high inhibitory activity. The phytochemical database, natural products from the NCI Diversity Set IV, and 
FDA-approved drugs were screened using the CNN-QSAR model, and 264, 163, and 520 compounds with potential inhibitory activity 
(5.00–6.25, 5.00–6.39, 5.00–7.06, respectively) were screened from the three datasets. Further molecular docking analysis was per-
formed to validate the predicted biological activity against 3CLpro of SARS-CoV-2, where NPACT106, NSC5159, and diosmin showed 
better binding affinities. It is well-known that α-ketoamide derivatives represent a class of potential inhibitors of the main protease of 
coronavirus [56]. Thus, Oubahmane et al. collected 21 α-ketoamide derivatives to establish the genetic algorithm-MLR (GA-MLR)--
based 2D-QSAR models [63]. The best model equation (pIC50 = − 17.0891 + 16.1547GATS8i + 0.6723NRS + 36.4881G2p – 0.428H8s 
(4)) contained four molecular descriptors with satisfactory statistical parameters: R2 = 0.91, QLOO

2 = 0.78, Rtest
2 = 0.85. Subsequently, 

the model was used to predict 713 newly desired compounds, followed by pharmacophore fitting, molecular docking, MD simulations, 
and ADMET predictions. 

Soleymani et al. collected 81 isatin and indole-based compounds with good inhibitory activity against SARS-CoV 3CLpro, and the 
reliable Monte Carlo QSAR models were subsequently built [64]. The parameters of the best model were R2 = 0.96 and Rtest

2 = 0.92. 
The substructures contributing to the increase of inhibitory activity include the presence of nitrogen or oxygen with double bond, 
nitrogen with oxygen, at least one ring, the combination of aliphatic oxygen with double bond, presence of oxygen with double bond 
and branching and presence of aromatic carbon in first ring. Conversely, the presence of nitrogen with sulfur, consecutive aliphatic 
carbon with aliphatic nitrogen with branching, aromatic carbon with branching in fourth ring and aliphatic carbon with branching in 
fourth ring may reduce the inhibitory effect. 

Apart from obtaining data from published literature, much available data can also be acquired from official web databases, such as 
the Binding database (https://www.bindingdb.org/bind/) and the CHEMBL database (https://www.ebi.ac.uk/chembl/). 

Zaki et al. reported GA-MLR-based QSAR modelling using 62 compounds obtained from Binding database that showed extensive 
inhibitory activity against the main protease of SARS-CoV [65]. In this study, the response endpoint is the inhibition constant Ki, which 
was also converted into pKi (− log10Ki) for modelling purpose. The developed QSAR model (pKi = 4.618 + 2.774fnotringCamdN3B +
0.762aroN_sp3O_4B + 0.035fringClipo5B + 0.962flipoplaN2B − 0.279 com_sp2O_5A (5)) was strictly validated according to OECD 
guidelines, with good statistical parameters (QLOO

2 = 0.859, QLMO
2 = 0.848, R2 = 0.898, and Rtest

2 = 0.799). Mechanistic interpretation 
indicated that non-ring carbons and nitrogens, amide nitrogen, sp2-hybridised carbons and lipophilic atoms were responsible for 
governing the inhibitory activity. The most active compound in the modelling dataset was selected as the original template to generate 
a subdataset of 360 heterocyclic variants using RDKit (http://www.rdkit.org). The authors also downloaded a sub-dataset containing 
8453 food compounds from FooDB (http://foodb.ca/) and combined the two external subdatasets to generate a dataset containing 
8813 molecules for QSAR-based virtual screening. Notably, the choice of food compounds is based on the fact that most of these 
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compounds are naturally nontoxic and have immunostimulatory effects. The top ten active compounds from the modelling dataset 
were obtained for further docking and MD analyses. 

Ničkčović et al. also extracted 84 heterocyclic molecules in the Binding database with the definitive inhibitory activity (IC50) 
against 3CLpro of SARS-CoV to construct the Monte Carlo-based QSAR model [66]. It should be noted that the SMILES notation and 
molecular graph-based descriptors were used for model development. The following statistical parameters were present in the best 
QSAR model: R2 = 0.9314, QLOO

2 = 0.9271, Rtest
2 = 0.9243, and CCCtest = 0.9414, indicating that the Monte Carlo optimisation method 

was capable of producing a reproducible and interpretable QSAR model with high predictability. In addition, the analysis of the 
selected SMILES notation-based descriptors revealed that molecular fragments like “(… (… ….” (additional branching), “(… N … (…” 
(additional branching realised by adding aliphatic nitrogen), “(… O … (…” (additional branching realised by adding aliphatic oxygen 
atom), “+ + + + CL–N = = = ” (the presence of chlorine and nitrogen atoms), “+ + + + N–-O = = = ” (the presence of oxygen and 
nitrogen atoms) “C⋯C⋯C …” (propyl group), “N⋯C⋯C …” (ethyl amine group), “O⋯C… ….”, “O⋯C⋯C …” and “C⋯O⋯C …” 
(methoxy, ethoxy and dimethoxy groups), “c … c … ….” and “c … c … c …” (aromatic carbon atoms) that have a positive influence on 
the inhibitory potency against 3CLpro of SARS-CoV (Fig. 4). Based on these fragments, they successfully designed five new molecules 
using the most active molecule in the dataset as a template, and their predicted inhibitory effects on 3CLpro of SARS-CoV were higher 
than those of the template molecule. A docking study was performed to validate the binding affinities of the designed molecules to 
3CLpro. 

Ishola and co-workers retrieved 73 compounds with SARS-CoV 3CLpro inhibitory activity from the CHEMBL database as a 
modelling dataset [67]. The correlation model was generated using the GA-MLR with acceptable statistical parameters (R2 = 0.907, 
QLOO

2 = 0.866, Rtest
2 = 0.609) according to Golbraikh and Tropsha’s criteria [61]. The model equation was shown as pIC50 = 5.531 +

1.824ALogP2 + 2.209AATS8v – 1.324AATS3i + 1.107MATS6 – 1.227GATS8e – 1.648BCUTp-1h – 1.448ZMIC2 – 1.229VE1_D(7) (6). 
The Y-randomisation validation indicated that the obtained model was not generated by chance. Applicability domain (AD) analysis 
showed that all compounds were within the model’s AD, except for one training compound, indicating an acceptable predictive ability 
for the newly designed molecules against SARS-CoV 3CLpro. Tejera et al. collected 220 compounds with inhibitory activity against the 
3CLpro of SARS-CoV from the CHEMBL database [68]. Compared to Ishola’s study, more available data were included in this study. 
The graph convolutional network approach was used to create a binary classifier for inhibitors and non-inhibitors, in which the SMILES 
notation of a molecule was converted into a molecular graph that was used as an input for the graph convolutional networks. The best 
classification model yielded an area under the receiver operating characteristic curve (AUC) of 0.914 for the test set, suggesting good 
predictive performance of the model. The model was then applied to virtual screening for potential 3CLpro inhibitors of SARS-CoV 
using drug molecules in the DrugBank database, and the top 20 candidates were obtained for further docking and MD analysis. In 
2022, Ghaleb et al. reported a 3D-QSAR modelling study based on 110 pyridine N-oxide-based antiviral compounds with inhibitory 
activity against SARS-CoV 3CLpro [69]. The best model was developed using the comparative molecular similarity index analysis 
(CoMSIA) method, in which the SEHDA model showed the best statistical parameters with Q2 = 0.54 and Rtest

2 = 0.71. Based on the 
contour maps of the 3D-QSAR model, they further designed ten new pyridine N-oxide compounds and predicted their inhibitory 
activity, followed by molecular docking and ADMET evaluation. With the continuous efforts of researchers from all walks of life, many 
studies have reported molecules that inhibit the 3CLpro activity of SARS-CoV-2. These compounds can be used to establish QSAR 
predictive models, which will make a certain contribution to the design and development of anti-SARS-CoV-2 drugs. Kumar et al. 
collected 190 compounds with inhibition data against 3CLpro of SARS-CoV-2 and established a 2D-QSAR model based on the PLS 
method [70]. All statistical parameters of the model (R2 = 0.789, Q2 = 0.741, QF1

2 = 0.787, QF2
2 = 0.786) met the strict validation 

criteria for QSAR modelling. The model was used to screen five large databases containing 66495 compounds (including Asinex 
Antiviral database, Asinex Peptidomimetics database, CAS COVID-19 antiviral database, US FDA-approved antiviral drugs, the dataset 
reported by Ton et al. [71]). After combined screening using the QSAR and 3D pharmacophore models, 14738 compounds were 
selected for further molecular docking analyses (see 4.1 section). 

Fig. 4. Molecular fragments with positive influence on SARS-CoV 3CLpro inhibitory activity.  
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Amin et al. collected 33 representative baicalein derivatives from the published literature that could inhibit the activity of SARS- 
CoV-2 3CLpro to varying degrees [72]. They established a Bayesian classification-based QSAR model (ROC = 0.747, ACC = 0.840, 
ROCtest = 1.000, ACCtest = 0.833) using Discovery Studio software and determined the active molecule to have a pIC50 (-logIC50) value 
greater than 5.0, and an inactive molecule with a value less than 5.0. After eliminating the compounds without definite inhibitory 
activity against SARS-CoV-2 3CLpro, the remaining 25 molecules with definite inhibitory activity values were used to construct an 
MLR model (R2 = 0.956, QLOO

2 = 0.928). The two predictive models were validated using the widely accepted validation criteria. Using 
the established model, the molecular fragment structure that plays a positive and negative role in the inhibitory effect was analysed to 
modify the compound structure and design new inhibitors. Bi-acetyl amine and acetamido group containing 2-oxo pyrrolidine moiety, 
cyclohexyl and cyclohexyl methyl groups, acetamido methylene (iso-butyl) acetamide moiety, and oxy-anion function were identified 
as positive influencers of 3CLpro inhibition. Subsequently, four chromone-based molecules were designed and predicted to have 
excellent inhibitory activity (pIC50 > 7.523), providing important candidate molecules for the development of novel drugs for 
COVID-19. 

In addition to the derivatives of baicalein and α-ketoamide derivatives, 9,10-dihydrophenanthroline derivatives also exhibit po-
tential to develop into a new drug for the treatment of COVID-19. In a study by Daoui et al., a 3D-QSAR modelling based on 46 9,10- 
dihydrophenanthrene molecules was performing by comparative molecular field analysis (CoMFA) and comparative molecular sim-
ilarity index analysis (CoMSIA) approaches, in which CoMFA includes two descriptors: steric (S) and electrostatic (E), and CoMSIA 
includes five descriptors: steric (S), electrostatic (E), hydrophobic (H), hydrogen bond donor (D), and hydrogen bond acceptor (A) 
[73]. These 46 molecules showed different inhibitory effects against the main protease of SARS-CoV-2, 3CLpro. Based on the two 
analytical approaches, the CoMFA/SE model (R2 = 0.97, QLOO

2 = 0.81, Rtest
2 = 0.95) and CoMSIA/SEHDA model (R2 = 0.94, QLOO

2 =

0.76, Rtest
2 = 0.91) exhibited the best statistical performance. Analysis of the contributions of different fields revealed that the 

inhibitory activity of the 9,10-dihydrophenanthrene derivatives on SARS-CoV-2 3CLpro was mainly affected by their A, S, H, and E 
properties. Subsequently, 96 new molecules were designed from the template molecules in the modelling dataset, followed by activity 
prediction, drug-likeness screening, docking analysis, MD simulations, and ADMET prediction. 

In a QSAR study performed by Adhikari and co-workers, 69 compounds with potential inhibitory effects on SARS-CoV-2 3CLpro 
were selected to develop three different types of QSAR models, namely, the MLR QSAR model, hologram QSAR model, and non-linear 
QSAR model that included an artificial neural network (ANN) model and support vector machine (SVM) model [74]. For the MLR and 
non-linear models, two different algorithms were used, the genetic algorithm (GA) and stepwise algorithm (SW), to screen the 
descriptor variables responsible for inhibitory potency. All the established models are internally robust and externally predictive, such 
as SW-MLR (R2 = 0.703, Rtest

2 = 0.565), GA-MLR (R2 = 0.740, Rtest
2 = 0.654), SW-ANN (R = 0.872, Rtest = 0.745), GA-ANN (R = 0.865, 

Rtest = 0.814), SW-SVM (R = 0.839, Rtest = 0.812), GA-SVM (R = 0.913, Rtest = 0.814), and HQSAR (R2 = 0.867, Rtest
2 = 0.715), 

indicating they can be used to predict the inhibitory activity of untested compounds. Analysis of the structural features required for 
high antiviral activity revealed that structural fragments such as benzyl acetate amide, 2-oxopyrrolidinyl methyl, methylene, benzyl, 
and benzyloxy carboxamide play a positive role. According to the predictions of these models, curcumin, ribavirin, lurasidone, sa-
quinavir, lopinavir, elbasvir, paritaprevir, sepimostat, and remdesivir were potent inhibitors of SARS-CoV-2 3CLpro (Table S3). 

Recently, Oubahmane’s team developed 2D-QSAR models using 55 dihydrophenanthrene derivatives as potent inhibitors of SARS- 
CoV-2 3CLpro with Monte Carlo optimisation method and the Genetic Algorithm Multi-Linear Regression (GA-MLR) method [75]. The 
best Monte Carlo QSAR model (R2 = 0.9203 and Q2 = 0.8508) revealed that feature fragments like “(…. …. …”, “(…. O … (…” and 
“++++N—” can enhance the inhibitory activity, while “O …. …. …”, “n …..... …” and “n … c …. …” can decrease the inhibitory 
activity. For the best GA-MLR QSAR model, the statistical metrics (R2 = 0.9288, QLOO

2 = 0.8902, Rtest
2 = 0.8558) are excellent, which 

can reliably predict the inhibitory activity of the newly designed compounds. 
Currently, researchers have mainly focused on two aspects of modelling SARS-CoV-2 3CLpro inhibitors. The first is "old drugs for 

new use or drug repurposing". Owing to the high similarity between SARS-CoV-2 3CLpro and SARS-CoV 3CLpro, it is feasible to 
establish QSAR models for SARS-CoV 3CLpro and screen potential molecules that significantly inhibit the 3CLpro activity of SARS- 
CoV-2 and the key molecular fragments imparting the inhibitory effects. The second is to develop QSAR models using compounds 
that can directly target SARS-CoV-2 3CLpro. According to the established models, it can be analysed that some structural fragments 
play a positive role in inhibitory activity. For example, the reduction of molecular skeleton branches, shortening of the bond length of 
two sulfur atoms, increasing the bond length between sulfur atoms and the benzene ring, and increasing the number of aromatic 
nitrogen atoms can improve the inhibitory activity against 3CLpro [59,65,76]. At the same time, lipophilic compounds exhibit higher 
inhibitory activity compared to hydrophilic compounds [58,65]. Screening of such active structures allows for the design, optimi-
sation, and identification of potential candidate compounds. The incorporation of these active structures into new inhibitors may result 
in the formation of highly potent compounds. Although the dataset of SARS-CoV-2 3CLpro inhibitors is insufficient compared to that of 
SARS-CoV, the experimental data were obtained by directly acting on SARS-CoV-2 3CLpro, which is more reliable and promising than 
indirect modelling by SARS-CoV 3CLpro inhibitors. In short, modelling both entry points has its own advantages and can provide 
support for the design and discovery of anti-COVID-19 drugs in the future. It can also be seen that the methods and software employed 
by each research group to establish QSAR predictive models are different, including MLR/PLS-QSAR, Monte Calo-QSAR, and 
machine-learning-based non-linear QSAR models. These models demonstrate good internal robustness and external predictive per-
formance, meeting internationally accepted validation standards [60]. Model equations and descriptor analyses or interpretations can 
provide an important feature reference and theoretical basis for the design, development, and innovation of anti-SARS-CoV-2 drugs 
targeting 3CLpro in clinical practice. 
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3. QSAR models of spike protein and human receptor protein ACE2 inhibitors 

3.1. S protein and hACE2 

SARS-CoV-2 is primarily transmitted through the respiratory tract but can also spread through physical contact. A recent study 
suggested that SARS-CoV-2 may also infect individuals through aerosol exposure to the eyes [77]. SARS-CoV-2 utilises transmembrane 
serine proteinase 2 (TMPRSS2) and/or histone proteinases B/L (cathepsin B/L, Cat-B/L) present on the surface of host cells to facilitate 
activation of the viral S protein, which enables the virus to bind to hACE2 receptors on the cell surface and enter the host cell (Fig. 2) 
[78]. As shown in Fig. 5A, the S protein can be hydrolysed into S1 and S2 subunits by TMPRSS2 or Cat-B/L, thereby mediating receptor 
binding and membrane fusion [79]. Furthermore, S1 is subdivided into an N-terminal domain (NTD) and a receptor-binding domain 
(RBD), which directly bind to the extracellular peptidase domain (PD) of the cell surface ACE2 receptor on human respiratory 
epithelial cells [79,80]. The S2 subunit comprises an N-terminal fusion peptide (FP), two heptad repeats (HR1 and HR2) separated by a 
central helix (CH), connector domain (CD), transmembrane domain (TM), and a cytoplasmic tail (CT) [81,82]. When the virus invades 
the host, the S1 subunits fall off from the S protein, the S2 subunits expose the fusion peptide region, and the FP segment is inserted into 
the host cell membrane, finally completing membrane fusion [83,84]. SARS-CoV-2 is internalised by endocytosis; viral RNA is 
released, replicated, and translated within host cells, and virus particles are further assembled and released, opening a new round of 
infection in host cells. Fig. 5B and C shows the morphology of the complex formed by RDB and hACE2 as well as the four active amino 
acid residues on hACE2, namely Tyr41, Tyr83, Lys353, and Gln24, which facilitate the interaction between hACE2 and small-molecule 
inhibitors [14]. 

hACE2, also known as ACEH (angiotensin-converting enzyme Homolog), is the first human homolog of angiotensin converting 
enzyme (ACE), which was cloned from the complementary DNA of human heart failure and lymphoma [85,86]. The hACE2 protein is 
composed of 805 amino acids, and its structure includes an N-terminal signal peptide region, a catalytic domain, a transmembrane 
region, and a C-terminal intracellular domain [87]. Membrane-linked hACE2 distributed on the cell surface can be hydrolysed and 
cleaved by related proteases into soluble hACE2 that lacks the transmembrane region and C-terminal intracellular domain. The relative 
molecular weight of soluble hACE2 is approximately 89,000 [88]. 

3.2. QSAR studies of the inhibitors interfering the binding of S protein and hACE2 

The spike protein (S protein) on the surface of SARS-CoV-2 is very important for binding to the hACE2 receptor and viral entry into 
the body. Consequently, the protein-protein interaction (PPI) between the SARS-CoV-2 RBD and hACE2 may become a therapeutic 

Fig. 5. (A) Full-length SARS-CoV-2 S protein. SS, single sequence; NTD, N-terminal domain; RBD, receptor-binding domain; S1, subdomain 1; S2, 
subdomain 2; S1/S2, S1/S2 protease cleavage site; S2′, S2′protease cleavage site; FP, fusion peptide; HR1, heptad repeat 1; CH, central helix; CD, 
connector domain; HR2, heptad repeat 2; TM, transmembrane domain; CT, cytoplasmic tail. Arrows indicate the protease cleavage site. (B) Cartoon 
representation of the complex structure of the SARS-CoV-2 RBD (yellow) bound to hACE2 (purple) (PDB: 6M0J). (C) Interface between hACE2 
(purple) and bound RBD (yellow) in the ribbon diagram (PDB: 6M0J), four key amino acid residues were highlighted (Gln24, Tyr41, Tyr83, Lys353). 
(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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target for drug development to inhibit the entry of SARS-CoV-2 into host cells. Pirolli et al. collected 1747 PPI inhibitors from the iPPI- 
DB database to train a CNN-based QSAR model (Fig. 6) with an accuracy of 0.95, precision of 0.92, F1-score of 0.91, and area under the 
ROC curve of 0.99 [89]. The false positive and negative rates were 2.7 % and 9.6 %, respectively. After validation, the CNN-based 
model was used for virtual screening to identify potential PPI inhibitors from a drug-like library (~2 M compounds). The mole-
cules predicted to be potential PPI inhibitors were further filtered using toxicity prediction and docking analyses. 

Plonka and co-workers [90] performed a docking analysis of 166 aminothioureas that can act at the interface between the spike 
protein of SARS-CoV-2 and the hACE2 receptor, followed by machine learning-based QSAR modelling using the docking scores as the 
response endpoint. However, because of the extensive size of the PPI and the binding site differences between the studied molecules 
and PPI, the internal robustness of the developed QSAR models was relatively low (Q2 < 0.45), although the correlation coefficient R2 

exceeded 0.7. Subsequently, ADMET predictions were performed to identify the best candidates as PPI inhibitors, and one molecule 
(FSoOH) (Table S3) was explored in further validation assays. 

Zarezade et al. developed a 3D pharmacophore QSAR model for novel hACE2 [91]. The dataset contained 31 compounds, among 
which 18 compounds were classified as the training set, and the remaining compounds were classified as the test set. The training 
compounds were structurally different from each other and displayed 4-5 orders of magnitude difference, thus characterising the types 
and functions of these compounds. The best pharmacophore model based on the training set was more reliable and applicable, with R2 

of 0.984 and Rtest
2 of 0.837, respectively. Compared to the 2D-QSAR model, this model considers the three-dimensional conformation of 

molecules and incorporates more comprehensive molecular information; thus, it has better potential for virtual screening from a large 
database. The best pharmacophore model was then used to screen the inhibitory activity of 1264479 compounds from the PubChem 
and Zinc databases, and 492697 ligands successfully passed the best pharmacophore model. ADMET, molecular docking, and MD 
simulations were applied to the candidate compounds for further screening. 

In fact, the hACE2 receptor can not only bind to SARS-CoV-2 but can also be identified as a functional receptor of SCV (pathogen of 
severe acute respiratory syndrome) and the H–CoV NL63 virus [92,93]. These viruses can also use hACE2 to enter host cells, 
endangering human health. Among the early QSAR studies, Torres et al. used the data of 21 compounds with inhibitory activity on 
hACE2 to conduct 3D-QSAR CoMSIA analysis [94]. The best CoMSIA model showed satisfactory statistical parameters, with Q2 =

0.652 and R2 = 0.962, indicating a good predictive performance. Although this work did not involve specific content related to 
SARS-CoV-2, its focus was still on hACE2; therefore, it has some guiding significance for the design and development of anti-COVID-19 
drugs. 

Table 1 shows the basic information on the models established for hACE2 inhibitors. At present, the models for compounds 
inhibiting the binding of SARS-CoV-2 spike protein to hACE2 are not as rich as those for compounds inhibiting 3CLpro, and most of the 
models are classification-based QSAR models. In fact, it can be found that the data set of compounds targeting PPI is still large. 

Fig. 6. Workflow of the virtual screening strategy in study by Pirolli et al. [89].  
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However, owing to the disunity of the binding sites between these compounds and PPI, corresponding QSAR models with excellent 
performance cannot be successfully established. 

4. Molecular docking, molecular dynamics, drug-like properties 

4.1. Molecular docking 

Scientists have proposed molecular docking approaches to investigate chemical problems in biological systems at the molecular 
level. It is a computational technique that leverages computer technology to simulate intricate interactions between small-molecule 
ligands and macromolecular receptors, facilitating computer-aided virtual drug screening. By iteratively optimising the conforma-
tion and position of ligands and/or receptors, we identified the optimal conformation of the ligand-receptor complex. This allowed us 
to calculate the binding mode and affinity, score the results, and select the most promising ligands based on these scoring results. 
Subsequently, the selected ligand is used as a candidate for further exploration and development [95]. 

Molecular docking aims to identify the active binding sites of small molecule ligands and target proteins, enabling them to form 
energetically favourable conformations. In general, molecular docking includes three interconnected components: binding-site 
recognition, conformation search algorithms, and scoring functions. Binding-site recognition involves identifying the active sites 
within target protein molecules that interact with ligands. The conformational search algorithm focuses on determining the optimal 
position, orientation, and conformation of the ligand using an optimisation algorithm that considers the flexibility of the ligand. The 
scoring function is responsible for evaluating the binding conformation during the search process, providing a measure of the quality of 
the ligand-receptor interaction [95,96]. 

Currently, molecular docking is primarily categorised into three types: flexible, semiflexible, and rigid. The distinction between 
these categories lies in whether the conformations of the ligand and receptor can be changed. Flexible docking is employed when both 
the receptor and ligand conformations can be altered; semi-flexible docking is utilised when the receptor conformation remains un-
changed and the ligand conformation can be adjusted; and rigid docking refers to a scenario in which neither the receptor nor ligand 
conformations can be modified [97,98]. Each of these three docking methods has unique advantages and characteristics. Rigid docking 
stands out for its simplicity and speed, which makes it suitable for handling large structural molecules. Semi-flexible docking, on the 
other hand, is particularly useful for studying the interactions between small and large molecules and remains the most commonly 
employed approach in drug research and design. Although semiflexible docking may exhibit lower docking efficiency, it requires high 
accuracy in molecular conformation and yields precise docking results. This feature makes it particularly suitable for the precise 
examination of molecular recognition processes. With ongoing advancements in computer capabilities, the variety of software options 
available for molecular docking continues to expand, accompanied by continual improvements in their performance. Notable ex-
amples are DOCK, AutoDock, FlexX, and GOLD. These software packages were specifically designed and developed to facilitate the 
molecular docking processes [99–102]. Researchers can select different search algorithms and scoring functions based on specific 
needs and operational preferences. These variations in molecular docking methods allow researchers to explore different aspects of 
protein-ligand interactions and tailor their approach to the specific requirements of their research. Each algorithm and scoring function 
has its own strengths and limitations, and researchers can select the most suitable based on factors such as the accuracy, speed, and 
nature of the molecules being studied. The availability of various options enhances the flexibility and applicability of molecular 
docking techniques in drug discovery and other research fields. 

In the CNN-based QSAR modelling by Kumari et al., a molecular docking technique was employed on three datasets to validate the 
predictions from the CNN-QSAR model [62]. First, the binding energy of the top 10 compounds selected from the phytochemical 
database ranged from − 42.5 to − 29.3 kJ/mol, and seven of them belong to the flavonoid compounds. The molecule (NPACT0106) 
(Table S3), with the best interaction with 3CLpro of SARS-CoV-2, formed two hydrogen bonds with Thr26, one hydrogen bond with 
His163, and one hydrogen bond with Glu166. Secondly, for the natural products database, the binding energy of the top 10 compounds 
ranged from − 48.4 to − 30.1 kJ/mol. The most promising compound NSC5159 (Table S3) (− 48.2 kJ/mol) forms eight hydrogen bonds 
with residues Thr26, Leu141, Gly143, Ser144, Cys145 and Arg188. For drug repurposing, the binding energy of the top 10 compounds 
in FDA-approved drugs ranged from − 44.8 to − 31.6 kJ/mol. Among these, diosmin (Table S3) exhibited the highest binding affinity 
(− 44.8 kJ/mol) with 3CLpro, which forms three hydrogen bonds with Phe140 and His163. 

After developing the QSAR model of SARS-CoV-2 3CLpro based on 21 α-ketoamide inhibitors, Oubahmane et al. employed a 
docking procedure to explore the interactions and conformational patterns of three selected hit compounds within the active site of 
SARS-CoV-2 3CLpro by AutoDock software [63]. By comparing the docking results with those of the reference compound, it was found 
that only one (329) of the three candidate compounds (Table S3) exhibited a higher binding affinity than the reference compound. 
From the docking results, it can be concluded that the three candidate compounds interact with the two key catalytic residues, Cys145 
and His41, of 3CLpro by forming a hydrogen bond with Cys145 and/or a hydrophobic bond with His41, suggesting that they are 
promising inhibitors. 

After completing the QSAR-based virtual screening of the anti-SARS-CoV activity of 8813 compounds by Zaki et al., flexible-rigid 
docking was applied to analyse the binding modes of the top ten molecules in the modelling dataset [65]. The docking results showed 
that the most active molecule interacted with 3CLpro through the residues His41, Met49, Tyr54, Phe140, Leu141, Asn142, Ser144, 
Cys145, His163, His164, Met165, Glu166, Asp187, Arg188, and Gln189. The combination of a lipophilic region and a hydrogen bond 
donor is very important for the interaction between the inhibitor and the S2 subpocket of 3CLpro. Similarly, molecular docking was 
also used by Ničkčović et al. to validate the inhibitory activity of the five newly designed molecules (from QSAR-aided design, see 
Table S3) on the 3CLpro of SARS-CoV. The results showed that the new molecule with the highest predictive activity in the QSAR also 
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possessed the best docking score [66]. 
Ishola et al. carried out a docking study using VINA software on 73 molecules collected from the CHEMBL database used for QSAR 

modelling [67] and found that seven compounds (Table S3) had significant binding affinities of − 43.1 to − 38.5 kJ/mol for SARS-CoV 
3CLpro. Importantly, hydrophobic interactions play a crucial role in the binding of inhibitors to 3CLpro, and residues His41, Cys44, 
Met49, Leu287, and Tyr237 are commonly involved in this interaction. By analysing the docking results, they proposed that two 
individual inhibitors, one that binds to the active catalytic site (domains I and II) and the other that disrupts the dimerization interface 
(domain III), can be linked together to create a bifunctional inhibitor with significantly increased binding affinity and specificity [67]. 

After virtual screening of potential SARS-CoV 3CLpro inhibitors using the established QSAR model, Tejera et al. used the Gold 
software to perform molecular docking analysis to evaluate the binding affinities of the top 20 candidate compounds against SARS- 
CoV-2 3CLpro [68]. According to the consensus docking score in the Gold software, the top five compounds were inositol nic-
otinate, niceritrol, rebastinib, aleplasinin, and liothyronine (Table S3), while the worst-scoring compounds were ortataxel, iso-
fluorophate, nicotinic acid, aluminium nicotinate, and amobarbital. However, the scoring functions employed for these calculations 
often overlook numerous critical factors that significantly affect the molecular recognition and stability of the complexes, prioritising 
computational efficiency over comprehensive analyses. Therefore, it is recommended that post-processing ligand-receptor complexes 
be predicted using docking tools by employing more accurate methods that rely on the analysis of MD trajectories. 

In a study by Ghaleb et al., molecular docking was applied to ten newly designed pyridine N-oxide compounds and four reference 
compounds (chloroquine, hydroxychloroquine, compound 63, and compound 31) [69]. By analysing the top three new compounds 
and the reference compound 63 (Table S3), it was found that these compounds mainly bound to SARS-CoV-2 3CLpro through hydrogen 
bonds, and Gly143 made a very important contribution to the formation of hydrogen bonds. Furthermore, an increase in phosphoric 
and nitrogen dioxide substituents on the pyridine moiety in pyridine N-oxide compounds can greatly enhance their inhibitory effect. 

Kumar et al. implemented molecular docking using Biovia Discovery Studio (https://www.3dsbiovia) for the screened 14738 
compounds derived from QSAR predictions. The CDOCKER interaction module was used to check each receptor-ligand complex, and 
the top-scoring molecules with only the poses of non-covalent interactions (ionic bonds, hydrophobic interactions, hydrogen bonds, 
etc.) were retained for further analysis. The top six molecules (Table S3), including AsinexAntiV-BDD-26908890, CASAntiV-865453- 
58-3, CASAntiV-865453-40-3, CASAntiV-2043031-84-9, CASAntiV-1370259-79-2, and CASAntiV-2043031-85-0, had significant 
predicted activities and binding energies [70]. 

To further explore the inhibitory activities of the four newly designed compounds (Table S3), Amin et al. conducted docking studies 
using the AutoDock tool. The results showed that all four molecules could dock to the active site of SARS-CoV-2 3CLpro, and D4 had the 
highest binding energy [72]. Similarly, the AutoDock tool was used by Daoui et al. to predict the potential non-covalent interaction 
profiles between drug molecules and the active sites of SARS-CoV-2 3CLpro [73]. Based on the results from QSAR predictions, they 
used the newly designed 9,10-dihydrophenanthrene derivatives, template molecule T40, original covalent inhibitor N3, and reference 
molecule disulfiram as ligands to explore their binding affinities with the active pocket of 3CLpro and screened the potential 
non-covalent inhibitors of 3CLpro. The docking results showed that the non-covalent interactions were commonly hydrophobic, 
electrostatic, hydrogen bonding, and van der Waals interactions, and the residues involved in these interactions were mainly Cys145, 
His41, Asn142, and Glu166. As a result, there were 11 molecules (Table S3) exhibiting higher binding stability than T40 and disulfiram 
with the active pocket of 3CLpro, thereby providing a solid theoretical basis for nominating them as novel anti-COVID-19 drugs. 

To discover potential PPI inhibitors [89], non-toxic molecules from a drug-like library (ZINC15 database) were docked to the 
hACE2/spike PPI interface for virtual screening (Fig. 5). The top four molecules (Table S3) were identified as PPI inhibitors that 
prevented hACE2 from binding to the spike protein of SARS-CoV-2 and viral infection. Remarkably, all four compounds exhibited 
consistent interaction patterns at the hACE2 binding site, indicating a common mode of binding. Additionally, our results highlighted 
the potential significance of the N-benzyl carbamoyl group, which was present in three of the top four compounds, suggesting that this 
group is a promising scaffold for the development of novel drug candidates targeting COVID-19. 

Although Plonka et al. failed to develop an acceptable QSAR model for predicting the docking scores of aminothiourea with PPI (the 
interface between the SARS-CoV-2 S protein and the hACE2 receptor) [90], the docking results based on the Gold software provided 
some important structural information for optimising these PPI inhibitors. Thiadiazole rings are frequently present in top-binding 
compounds. Among these molecules, 5-(2-methylfuran-3-yl)-2-(2-hydroxyphenylamino)-1,3,4-thiadiazole (FSoOH) (Table S3) yiel-
ded the best docking results. The molecule bound tightly to the Leu29-His34 region of the hACE2 receptor terminal helix and, to a 
lesser extent, weakly bound to the Pro49-Tyr495 region of the S protein. ADMET properties are also important for the development of 
these molecules as effective drugs against COVID-19. 

In a search for potential hACE2 inhibitors from PubChem and Zinc databases, Zarezade et al. found that 81 compounds were 
successfully docked to the active site of hACE2 [91]. Among these, 73 compounds had a higher predicted inhibitory activity than the 
most active modelling compounds. Unexpectedly, 29 of these compounds could be successfully docked to the active site of 3CLpro, 
implying that they can be used as dual inhibitors of hACE2 and 3CLpro. ZINC12562757 (Table S3) showed the most potential as the 
hACE2 inhibitor with a docking energy of − 63.7 kJ/mol. Compared to other compounds, ZINC12562757 interacted with many amino 
acid residues of hACE2 to form five hydrogen bonds with Asn149, Pro346, Lys363, and Glu375. Compound 112,260,215 (Table S3), 
the best potential inhibitor of 3CLpro, exhibited a docking energy of − 46.7 kJ/mol, and could interact with four key amino acid 
residues (His41, Cys145, Met165, and Glu166) to form numerous hydrogen bonds. Moreover, 10 molecules (Evo_1–10) were designed 
with compound 112,260,215 as the molecular template, and Evo_1 (Table S3), which had the highest docking energy, was further 
considered. The three candidate compounds were subjected to MD simulations to evaluate their reliability as potential inhibitors. 

In the design of hACE2 inhibitors, Torres et al. used the FlexX software to perform a docking analysis [94]. Using this software, 100 
binding poses of each ligand molecule bound to the hACE2 protein (PDB ID:1R4L) were explored, among which the best pose was 
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selected by ranking the consensus scores based on various scoring functions. The results showed that these ligands mainly bound to the 
three pockets of hACE2, and the electrostatic S1 subsite contributed to the interaction with the polar residues of the natural substrate of 
hACE2. Based on the docking results, the lead optimisation tool LeapFrog was used to design a series of novel potential hACE2 in-
hibitors, followed by QSAR, ADMET, and drug-likeness predictions. 

4.2. Molecular dynamics 

MD is a computational method that involves modelling a molecular system using a classical force field and simulating its movement 
to predict its behaviour [103]. By constantly updating and recording the molecular configuration, MD generates a set of conformations 
representing different states of the system. From these conformations, various macroscopic properties such as thermodynamics can be 
calculated and analysed. MD simulations can simulate the conformational changes in molecules by considering their thermal motion, 
which follows the Boltzmann distribution at a given temperature. This method is particularly useful for exploring the behaviour of 
proteins, including their response to mechanical forces, in a cellular environment. For example, external forces can induce confor-
mational changes in proteins, which may affect the accessibility of ligands to their binding sites. Additionally, MD simulations allow 
researchers to simulate various experimental conditions such as mutations, ligand binding, temperature changes, and solvent effects. 
The ability to control a simulated environment provides researchers with additional flexibility and opportunities. Several parameters 
are commonly used to evaluate the MD simulation results. These include the root-mean-square deviation (RMSD), which measures the 
overall structural deviation of the simulated system compared with a reference structure. The root-mean-square fluctuation (RMSF) 
quantifies the local flexibility of atoms within the system. The radius of gyration (Rg) characterises the overall compactness of the 
system, while the number of hydrogen bonds indicates the strength and stability of the hydrogen bonding interactions [104]. Methods 
such as Molecular Mechanics/Generalised Born Surface Area (MM/GBSA) or Molecular Mechanics/Poisson-Boltzmann Surface area 
(MM/PBSA) are commonly employed to assess the binding affinities and stability of complexes. These methods provide more accurate 
approximations of the binding energies and stability by considering solvation effects and other factors [105]. In summary, MD sim-
ulations offer a valuable approach to study the conformational dynamics of molecules, particularly proteins, under various conditions. 
The ability to manipulate the simulation environment and use specific parameters and energy calculations enables researchers to gain 
insights into the molecular behaviour and interactions. 

In the virtual screening of SARS-CoV-2 inhibitors, MD simulations and molecular docking can be used in conjugation with QSAR to 
further evaluate the screening results of the QSAR model and focus on the most promising inhibitors. MD simulations have an 
advantage over molecular docking because they directly reflect the molecular docking process without being affected by scoring 
functions, which is helpful in understanding the docking mode of small molecules. However, MD simulations often require a significant 
amount of time, which makes them unsuitable for rapid docking. It is typically used to explore the binding mode of a ligand to its 
corresponding receptor. Therefore, a combined approach involving molecular docking and MD simulations is commonly used. After 
conducting the molecular docking experiments, MD simulations were performed on a few selected molecules to achieve a higher level 
of screening optimisation. 

For example, Kumari and Subbarao employed MD simulations to further investigate the stability of selected ligand-protein com-
plexes, specifically inhibitors, derived from docking analysis of the SARS-CoV-2 3CLpro protein [62]. The top-ranked docked com-
plexes were chosen to understand the reliability of the complex through various analyses such as RMSD, RMSF, Rg, and H-bond 
interactions. Over the course of 100 ns of MD simulation analysis, the docked complex of 3CLpro-diosmin remained stable. This 
suggests that diosmin (Table S3) is a promising drug candidate targeting the main protease of SARS-CoV-2. 

To discover potential-ketoamide inhibitors targeting the main protease of SARS-CoV-2, Oubahmane et al. performed MD simu-
lations after QSAR, pharmacophore fitting, and molecular docking-based virtual screening [63]. In this study, 160 ns MD simulation 
were conducted using the AMBER software package. Three different compounds (Table S3) were simulated to form complexes with 
SARS-CoV-2 3CLpro. The MM/PBSA method was employed to calculate the binding free energy by considering the van der Waals, 
solvation, and electrostatic energies. Based on the findings, the binding energies of complex 329 (− 161.4 kJ/mol) and complex 331 
(− 197.1 kJ/mol) were found to exhibit the most favourable binding when compared to the other two complexes. The strong binding of 
these two compounds to 3CLpro can be attributed to specific protein residues, namely, Asn140, Gly141, Ser142, His41, Asn49, 
Met163, and Gln187. These residues enhance both the electrical and van der Waals interactions between the compounds and proteins, 
contributing to the favourable binding energies observed. 

Zaki et al. performed MD simulations to determine the stability and convergence of 3CLpro with and without the most active 
molecule, 1 (Table S3), in a modelled dataset [65]. The RMSF, RMSD, and Rg values revealed that the binding of molecule 1 with 
3CLpro was highly stable compared to that to apo-3CLpro. The amino residues Glu166, Asp187, Arg188, His41 and His172 partici-
pated in the formation of water bridges, H-bonding interaction, polar contacts and π-π stacking with molecule 1. The MM/GBSA 
calculations conducted to evaluate the free energy change of ligand binding in the main protease Mpro of SARS-CoV-2 revealed an 
average binding energy of − 219.6 ± 16.7 kJ/mol. The notably lower binding energy suggests a higher affinity of the molecule for 
3CLpro. Consequently, this finding opens up new possibilities for the development of novel inhibitors targeting SARS-CoV-2. In MD 
simulations, along with MM/GBSA, MM/PBSA is another commonly used method for calculating binding free energy. Ishola et al. 
utilised this approach to calculate the binding free energies of five molecules (Table S3) that were initially screened using molecular 
docking and ADMET analyses [67]. To investigate the intricate structural and dynamic mechanisms of 3CLpro and its complexes with 
compounds, the MD simulation trajectories of 100 ns simulations were thoroughly analysed. They assessed the stability of the 
molecule-protein binding by analysing RMSF, RMSD, and Rg. The three best-performing molecules (CHEMBL194398, 
CHEMBL196635, and CHEMBL210097) (Table S3), based on their binding energy rankings, were selected, with binding energies of 
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− 70.4 kJ/mol, − 53.4 kJ/mol, and − 47.5 kJ/mol. These findings indicate that these molecules effectively bind to the SARS-CoV-2 
3CLpro enzyme. 

Tejera et al. also performed an MD simulation of the top 20 3CLpro inhibitor candidates screened using the QSAR model and 
predicted the binding free energies of the 20 compounds using the MM-PBSA method, as implemented in the AMBER package [68]. 
Interestingly, levothyroxine, which was not one of the top five docked compounds, exhibited the highest binding free energy. 
Conversely, inositol nicotinate, which was ranked as the best compound in the docking calculations, had a relatively poor estimated 
free energy of binding, ranking the third worst. These findings emphasise the significance of employing free-energy simulations to 
refine and validate docking results when selecting the most promising 3CLpro inhibitor candidates. The top three candidates for 
3CLpro repurposing were levothyroxine, amobarbital, and ABP-700 (Table S3). 

In the study conducted by Kumar et al., MD simulation analysis was performed using Biovia Discovery Studio [70]. First, they 
screened the ADMET properties of six compounds; the top three candidate drugs (CASAntiV-865453-58-3, CASAntiV-865453-40-3, 
and CASAntiV-2043031-84-9) were subjected to MD simulations for 100 ns (Table S3), and various parameters were calculated 
from the resulting trajectories. Notably, the ligand-bound systems exhibited lower RMSD, RMSF, and Rg values, indicating their 
increased stability. Furthermore, the binding energies of the ligand-protein complexes were assessed using the thermodynamic 
MM/GBSA approach, which considers all MD trajectories. The calculated binding energies strongly indicated that two compounds 
(CASAntiV-865453-58-3 and CASAntiV-865453-40-3) formed strong bindings with the protein, with binding energy values of − 148.1 
kJ/mol and − 161.3 kJ/mol, respectively. These findings suggest that these compounds have a high affinity for SARS-CoV-2 3CLpro 
and are promising drug candidates. 

Similarly, Amin et al. performed MD simulations on four newly designed 3CLpro inhibitors (Table S3). Composite systems of the 
four molecules combined with 3CLpro exhibited lower RMSD, RMSF, and Rg values [72]. Surprisingly, D2 exhibited a more stable 
binding state than the other compounds. At the same time, MM-PBSA tool calculated the binding energy of four complexes in a 20ns 
MD simulation, and the binding energy of compound D4 was − 238.3 ± 1.9 kJ/mol, indicating that compound D4 had a more 
satisfactory binding affinity with 3CLpro. 

Daoui et al. evaluated the ADMET properties of 11 newly designed compounds against SARS-CoV-2 3CLpro before MD simulation; 
only D06 and D30 were unsuccessful (see 4.3 for detailed information). The MM/GBSA method was also used to calculate the binding 
free energies of these compounds, except for D06 and D30 (Table S3). The binding free energies of compound D08, D23 and D76 were 
better, which were − 230.5 kJ/mol, − 248.9 kJ/mol, and − 239.5 kJ/mol, respectively. A 100ns MD simulation was applied to the three 
compounds. Lower RMSD and RMSF values indicated that all three compounds could stably bind to SARS-CoV-2 3CLpro. These results 
indicated that small molecules using the 9,10-dihydrophenanthrene fragment as a template may be candidate drugs for inhibiting the 
activity of SARS-CoV-2 3CLpro [73]. 

Zarezade et al. evaluated the stability of hACE2-ZINC12562757, 3CLpro-112,260,215, and 3CLpro-Evo_1 using a 50 ns MD 
simulation (Table S3) [91]. The RMSD and RMSF values were consistently low during the simulation, indicating that the 
hACE2-ZINC12562757, 3CLpro-112,260,215, and 3CLpro-Evo_1 complexes exhibited good stability. The binding energies of 
ZINC12562757, 112,260,215 and Evo_1 were − 63.0 ± 27.3 kJ/mol, − 92.7 ± 13.0 kJ/mol and − 159.8 ± 96.4 kJ/mol, respectively. 

There are many structural fragments in the literature that have been shown to positively contribute to the inhibitory activity of 
compounds [64,66,75]. Researchers can design new compounds on the basis of these substructures, and subsequently utilizing these 
compounds directly for docking and MD. For example, Saleh designed 12 new peptidomimetic fullerene-based derivatives [106], and 
the docking results showed that these compounds had a high binding affinity (− 1175.4 kJ/mol to − 607.2 kJ/mol) for 3CLpro. In MD 
studies, the Gly-α and Ser-α showed good stability and strong binding affinity to 3CLpro. Unfortunately, the 12 new compounds did not 
perfectly comply with the adoption of the Lipsky rule, then may not be developed as oral drugs. 

4.3. Drug-like properties 

The activity of a compound is a primary consideration in rational drug design. However, the drug properties and their impact on 
human health are crucial, particularly for virtual screening approaches. It is essential to identify compounds that not only exhibit high 
inhibitory activity against the virus but also demonstrate favourable safety profiles and minimal harm to the human body. The failure 
to meet these criteria can hinder the development of new drugs. In computer-aided screening for potential drugs against COVID-19, it 
is important to consider both the antiviral efficacy and the impact of the compound on human health. Various descriptors have been 
developed to characterise drug-like properties; among them, Lipinski’s five rules are widely referenced. These rules provide a detailed 
framework for evaluating the compatibility of drugs with the human body. The Lipinski five rules, also known as the Rule of Five, 
assess properties such as the molecular weight (MW), lipophilicity (logP), hydrogen bond donors (HBD), hydrogen bond acceptors 
(HBA), and polar surface area (PSA). These properties help predict the absorption, distribution, metabolism, excretion, and toxicity 
(ADMET) characteristics of a compound. By adhering to these rules, researchers can assess the likelihood of a compound being orally 
active and having good bioavailability [107,108]. 

The Lipinski’s five rules and other relevant drug-like properties allow researchers to prioritise compounds with a higher chance of 
success in terms of both activity against the virus and compatibility with human health. This comprehensive approach will promote the 
development of safer and more effective drugs against COVID-19. 

In the experimental screening of new effective inhibitors of SARS-CoV-2, the "Lipinski five rules" and ADMET properties are widely 
utilised criteria to assess the potential applicability of screened compounds in human medicine. For the 20 newly designed anti-SARS- 
CoV compounds derived from the QSAR predictions by Chtita et al., the pkCSM online tool (http://biosig.unimelb.edu.au/pkcsm/) 
was employed to evaluate the physical and chemical properties of these compounds [59]. Remarkably, all 20 new compounds 
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conformed to Lipinski’s five rules. However, in the assessment of the ADMET properties, only 13 of the 20 new compounds met these 
requirements. These 13 compounds (Table S3), which demonstrated favourable ADMET profiles, were subsequently selected as 
promising inhibitor candidates for 3CLpro of SARS-CoV. Considering the high similarity between the 3CLpro of SARS-CoV and that of 
SARS-CoV-2, these 13 compounds have the potential to aid in the treatment of COVID-19. Similarly, the three compounds (Table S3) 
screened by Oubahmane et al. had good ADMET properties, and all three compounds had better penetration scores through the 
blood-brain barrier (BBB) than the reference compound [63]. 

In addition to the "five Lipinski rules," Veber et al. proposed an additional set of rules for assessing the drug likeness of a molecule 
[109]. These rules provide additional criteria for evaluating the likelihood of oral bioavailability. According to “Veber Rules”, a 
molecule is considered acceptable if it satisfies the following conditions: having 10 or fewer rotatable bonds, a polar surface area equal 
to or less than 140 Å2, and 12 or fewer hydrogen donors and acceptors. In the research conducted by Ničkčović et al., all five newly 
designed molecules (Table S3) were found to comply with both the "Lipinski five rules" and “Veber Rules” [66]. This indicates that 
these molecules possess desirable drug-like properties and are likely to exhibit satisfactory oral bioavailability. By meeting these 
criteria, the molecules are more likely to be effectively absorbed, distributed, and metabolised within the body, thereby increasing 
their potential as viable candidates for drug development. 

Ghaleb et al. examined the ADMET properties of the top three compounds in molecular docking [69]. They found that the three 
newly designed compounds were easily absorbed, but did not easily cross the BBB, and only compound A5 showed high Caco-2 
permeability. Compounds A9 and A10 were easily metabolised in the liver, and these three compounds showed no AMES toxicity. 
A comprehensive evaluation confirmed that compound A5 showed better potential as an anti-COVID-19 drug (Table S3). Daoui et al. 
evaluated the ADMET properties of 11 newly designed compounds against the SARS-CoV-2 3CLpro [73]. However, they used Osiris 

Fig. 7. The most promising inhibitors of (A) SARS-COV-2 3CLpro (B) and hACE2/S protein.  
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computations (https://www.organic-chemistry.org/prog/peo/) to predict the compound toxicity. Unfortunately, compounds D06 and 
D30 did not successfully pass the toxicity predictions because the predicted results showed that D06 may have slight toxicity as an 
irritant, whereas D30 is potentially mutagenic and carcinogenic. Thus, only the other nine compounds were used for MM-GBSA and 
MD simulations (Table S3). 

In the toxicity filtering of QSAR identified PPI inhibitors by Pirolli et al., they employed the Cramer classification to categorise a 
total of 423565 compounds based on their toxicity grades [89]. The Cramer classification (https://www.vegahub.eu/) is a commonly 
used method for predicting the potential toxicity of chemical molecules. According to their in silico toxicological analysis, the clas-
sification results revealed the distribution of the compounds across different toxicity classes. Of the 423565 compounds analysed, 
400453 were assigned to Class III, indicating that they were classified as highly toxic; 20025 compounds were categorised as Class I, 
indicating they were deemed non-toxic; and 3086 compounds were assigned to Class II, representing an intermediate toxicity level. 

In a study by Zarezade et al., 492697 ligands were screened using the Lipinski and Veber rules, with 414631 ligands passing the 
standards, followed by docking at the active site of hACE2 [91]. Torres et al. evaluated 77 compounds, half of which violated Lipinski’s 
five rules [94]. Similarly, they used Osiris computations to screen for toxicity, and compounds containing halogenated pyridine rings 
passed Osiris testing. Although these conclusions are specific to SARS-CoV, they can still provide support the development of 
COVID-19 drugs. 

With advancements in computer science and the continuous improvement of new drug-screening techniques, virtual screening has 
emerged as a key technology in computer-aided drug design. In the search for SARS-CoV-2 inhibitors, virtual screening enables rapid 
narrowing of compound libraries, significantly expediting the initial stages of drug discovery. Various computational methods such as 
molecular docking, molecular dynamics (MD) simulations, and drug-like evaluation have been employed to predict compounds with 
promising activity against targets. It is important to note that identification of active compounds through virtual screening is the initial 
step. Further experimental investigations and validations are necessary to assess the potential of these compounds. The subsequent 
stages may involve additional experimental techniques, preclinical studies, and clinical trials to determine the suitability of a com-
pound as a new anti-COVID-19 drug [110]. However, the use of chemometric models and computational tools allows for the efficient 
screening of large compound databases, thereby enhancing the overall process. By leveraging these models, researchers can quickly 
filter and prioritise potential candidates, saving time and resources in subsequent experimental and clinical phases. This accelerated 
screening process aids in the identification of promising compounds and expedites the drug discovery pipeline, ultimately contributing 
to the development of effective treatments for COVID-19 and other diseases. 

Fig. 7 presents a summary of the most promising compounds identified as potential anti-COVID-19 drugs through a series of 
screening steps, including QSAR, molecular docking, MD simulations, and drug-like evaluations. In Fig. 7A, six representative com-
pounds are highlighted that showed highly predictive inhibition of the 3CLpro enzyme of SARS-CoV-2. In Fig. 7B, only one compound 
with clear predictive inhibitory activity against hACE2 is shown. It is important to note that screening studies for inhibitors of the 
hACE2/S protein complex are relatively limited compared to those for 3CLpro. Therefore, the number of potential inhibitors identified 
for the hACE2/S protein complex was smaller than that identified for 3CLpro, and existing studies on this target may employ different 
endpoints for evaluation. Fig. 7 provides a visual representation of the most promising compounds that emerged from the screening 
process targeting specific proteins involved in SARS-CoV-2 infection. These compounds demonstrated potential inhibitory activities 
and are being further explored and evaluated for their effectiveness as anti-COVID-19 drugs. 

5. Opportunities and challenges of computational modelling methods 

The emergence of some variants poses an even greater challenge to our prevention and treatment of COVID-19. However, it has 
been found that the SARS-CoV-2 gene sequence is highly conserved, and the variants have a high degree of genetic similarity to the 
original virus, which indicates that inhibitors of the original virus may also have an inhibitory effect on the variants [111]. Although 
the QSAR modelling mainly relies on the original experimental data, we can further investigate the potential inhibitors by combining 
chemometrics, which is a combination of QSAR modelling, molecular docking and MD simulation. Molecular docking and MD 
simulation can directly target compounds to the protein crystals of variants, analyse the binding affinity and stability of compounds to 
different variant proteins, and directly assess whether the compounds can interact with the new variants [112,113]. 

In the process of drug design and development, computational modelling methods such as artificial intelligence (AI) have become 
an important part. AI such as machine learning is often used to discover new drugs or to improve the therapeutic efficacy of chemicals 
[114], it can accelerate the drug discovery and design process, and save the cost, especially in virtual screening, which greatly reduces 
the number of experiments and the waste of time and resources [115]. For huge datasets, AI can rapidly integrate multivariate in-
formation, jointly analyse the knowledge from different domains, and provide accurate and personalized predictions for special ob-
jects. However, as a theoretical drug development method, it may not be able to break through the barrier of ethics and regulations for 
the time being [116]. It is also constrained by limited experimental data, and the quality and quantity of which can directly affect the 
performance of computational modelling methods. At the same time, most modelling algorithms such as machine learning are black 
boxes, with no detailed explanation of the decision-making process, affecting the credibility of the results [117]. In conclusion, AI 
provide efficient and innovative ways for drug design and development, and provide strong support for clinical trials, but also face 
challenges in data quality, model interpretability, and regulations. If overcoming these challenges, computational modelling methods, 
such as AI, may play a greater role in drug development. 
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6. Conclusion and Prospect 

The ongoing global concern surrounding SARS-CoV-2 necessitates the continuous research and development of effective inhibitors 
against the virus. The emergence of viral mutations has added to this uncertainty and poses a threat to public health. Vulnerable 
populations, such as the elderly, children, and individuals with underlying health conditions, are particularly at risk and may expe-
rience severe illness or even death due to SARS-CoV-2 infection. This paper provides a comprehensive review of research progress in 
the field of QSAR-based inhibitors targeting SARS-CoV-2 3CLpro as well as the hACE2/S protein interaction. Through the establish-
ment and refinement of QSAR models, novel potential inhibitors were identified and subsequently subjected to molecular docking, MD 
simulations, and drug-like evaluations. These in silico screening methods hold promise for identifying compounds that may serve as 
effective COVID-19 specific drugs in the future. 

In addition to 3CLpro and hACE2/S protein interactions, RNA-dependent RNA polymerase (RdRp), N protein N-terminal domain 
(N-NTD), and papain-like protease (PLpro) are popular targets for inhibitor development [118,124]. Remdesivir, a drug specific for 
COVID-19, exerts its inhibitory effects by targeting RdRp [119,120]. Although some QSAR models based on experimental data are 
available for RdRp and PLpro inhibitors, the amount of data is relatively limited compared to that for 3CLpro. 

Several recently published papers have reviewed the development of potential inhibitors of SARS-CoV-2 from different perspectives 
(Table 2). Katre et al. reviewed the development of potential inhibitors targeting 3CLpro and focused on the antiviral activity of two 
inhibitors, favouring the experimental direction [121]. Similarly, Banerjee et al. reviewed potential inhibitors of 3CLpro and focused 
on theoretical calculations for a large number of inhibitors [122]. Gao et al. and Rolta et al. reviewed the development of potential 
inhibitors for many targets and both focused on the theoretical calculations (QSAR, Docking, MD, etc.) of potential inhibitors [123, 
124]. The difference is that Gao et al. covered a large number of potential inhibitors and included potential biological drugs (vaccines), 
whereas Rolta et al. described only the development of methylxanthines as a class of potential inhibitors. In addition to the 3CLpro 
target, PLpro is also a popular target for antiviral inhibitors; Calleja et al. and Amin et al. detailed the development of theoretical 
calculations for potential inhibitors of PLpro in their reviews [125,126]. Elkashlan et al. described several large databases for studying 
potential inhibitors of SARS-CoV-2 as well as the application and development of machine learning models [127]. Our review focuses 
on chemometric modelling as an important point, focusing on the protein targets 3CLpro, hACE2/S protein, and PPI, we detailed a 
series of studies on QSAR modelling, molecular docking, molecular dynamics, and ADMET around chemical potential inhibitors of 
these targets. 

Owing to the collective efforts of scientists worldwide, many drugs with significant inhibitory activity against SARS-CoV-2 are 
currently undergoing clinical trials and some have even been approved for marketing. The continuous development of these drugs has 
brought both hope and pressure to fight SARS-CoV-2. Identifying the most suitable compound from a large pool of potential candidates 
is time-consuming and requires significant resources. In this regard, the application of chemometric methods, such as quantitative 
structure-activity relationship (QSAR), molecular docking, molecular dynamics (MD) simulations, and drug-like evaluation, can assist 
researchers in narrowing the scope of investigation and provide valuable supporting data for future studies. 

Indeed, the vast number of compounds that have the potential to inhibit the activity of SARS-CoV or SARS-CoV-2 makes traditional 
experimental screening processes time-consuming and resource-intensive. Therefore, the use of reliable QSAR models based on 
computational methods is a valuable solution. By utilizing known inhibitor activity data, a QSAR model can rapidly screen large 
compound databases, significantly reducing the need for extensive experimental testing. The QSAR model serves as an initial filter, 
narrowing down the range of compounds with unknown activities and prioritising those with a higher potential for further investi-
gation. Subsequent steps, such as molecular docking and MD simulations, were employed to optimise and validate the results obtained 
from the QSAR model. These techniques provide detailed insights into the interactions between compounds and their target proteins, 
helping to refine the selection of candidate compounds. Moreover, the QSAR approach allows the identification and analysis of 
molecular structural fragments that play a crucial role in the activity of compounds. This information provides valuable guidance for 
the design and development of new inhibitors, and facilitates the exploration of novel drug candidates for the treatment of COVID-19 
and other coronaviruses. 

Overall, the integration of QSAR models, molecular docking, and MD simulations not only accelerates the screening process but 
also offers a cost-effective approach to resource management. This enables the identification of potential compounds with desired 
activities, optimises their drug-like properties, and provides important insights into the development of effective drugs to combat 

Table 2 
Information derived from SARS-CoV-2 inhibitors-related reviews published in the last few years.  

Ref. Target Number of Inhibitors Inhibitor type Method 

[121] 3CLpro 2 Chemical Experimental 
[122] 3CLpro Massive Chemical Theoretical (Docking/MD) Experimental 
[123] 3CLpro/S protein/RdRp/PLpro Massive Chemical/Biological Theoretical (QSAR/Docking/MD/Machine 

Learning) 
[124] 3CLpro/S protein/N-NTD 7 Chemical (Methylxanthines) Theoretical (Docking/MD/ADMET) 
[125] PLpro 14 Chemical Theoretical (SAR) 
[126] 3CLpro/PLpro Massive Chemical Theoretical (QSAR) 
[127] SARS-CoV-2 Massive Chemical Theoretical (Machine Learning) 
This Review 3CLpro/hACE2/S protein/ 

PPI 
Massive Chemical Theoretical (QSAR/Docking/MD/ADMET)  
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coronaviruses. 
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