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A B S T R A C T   

Corona Virus Disease 2019 (COVID-19), caused by the severe acute respiratory syndrome coronavirus 2 (SARS- 
CoV-2), poses a serious threat to human health and life safety. How to effectively prevent and treat COVID-19 is 
crucial. In this study, we used the inhibitors of nonstructural protein Nsp14 of SARS-CoV-2 to perform the 
quantitative structure activity relationship (QSAR) modelling for the first time. Based on different dataset di
vision strategies, we selected partial least square (PLS) and multiple linear regression (MLR) methods to develop 
easily interpretable and reproducible QSAR models with 2D molecular descriptors. All models complied with the 
strict QSAR validation principles of OECD and internationally recognized validation metrics. The best model 
contained two molecular descriptors with the following statistical parameters: R2 = 0.7796, Q2

LOO= 0.7373, R2
test 

= 0.8539 and CCCtest = 0.9073. Obviously, the model exhibited good prediction performance and can be used for 
quickly predicting the inhibitory activity of unknown compounds against Nsp14. Mechanistic interpretation 
identified the detailed relationship between molecular structure information and inhibitory activity. The best 
QSAR model was used to predict the inhibitory activity of 263 true external compounds without experimental 
values against Nsp14, and the prediction reliability was analyzed and discussed. Molecular docking and ADMET 
analyses were conducted for compounds with higher similarity to the modelling compounds. Finally, two 
compounds were identified as potential candidate drugs of targeting Nsp14. The current work lays a solid 
theoretical foundation for the discovery of inhibitors targeting Nsp14, and has an important reference signifi
cance for the development of anti-COVID-19 drugs.   

1. Introduction 

In December 2019, Corona Virus Disease 2019 (COVID-19) first 

emerged in Wuhan, China, and the disease then swept through almost all 
countries and regions of the world at an alarming rate, rapidly forming a 
global pandemic (Lu et al., 2020). By the end of December 2022, the 
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cumulative number of confirmed cases and cumulative deaths by the 
World Health Organization (WHO) had exceeded 650 million and 6.6 
million worldwide, respectively (WHO, 2022). Although the WHO no 
longer keeps statistics, it is still evident from the existing data that 
COVID-19 has caused great damage to human life and health. The 
pathogenic virus of COVID-19 is severe acute respiratory syndrome 
coronavirus 2 (SARS-CoV-2), which has mutated continuously to pro
duce several strains, such as latest Omicron subvariants BF.7, BA.5.2, 
BQ.1, BQ.1.1, XBB, XBB.1.5, XBD and XBF, etc. (Chatterjee et al., 2023; 
Sabbatucci et al., 2023; Wang et al., 2023; Mohammed, 2022). As the 
virus continues to mutate, self-protection of people and early detection 
of viral infections seem to be important. It has been demonstrated that 
various metal and metal oxide nanoparticles showed good antiviral ac
tivity and their applications in antiviral mask structures is promising, 
which can protect the wearer from COVID-19 and other deadly patho
gens (Hadinejad et al., 2023). Currently, the common diagnostic 
methods for SARS-CoV-2 include nucleic acid detection, and immuno
logical detection, however, these methods have their own limitations, 
and there may be a lack of insufficient cellular materials or errors in the 
sampling process of nasopharyngeal/oropharyngeal swab collection, 
thus it is necessary to develop more advanced techniques and materials 
to develop accurate, ultrafast, and visualized viral detection (Wang 
et al., 2022). Of course, the later treatment is very important, existing 
vaccines and therapeutic drugs are not effective in suppressing the ac
tivity of the virus, especially in the elderly and children with poor 
resistance or those with underlying diseases, and the COVID-19 can still 
be very damaging and even life-threatening to these populations 
(Pollard et al., 2020; Shahid et al., 2020). Therefore, the development of 
potent anti-SARS-CoV-2 drugs is still of great importance. 

Coronaviruses (CoVs) are a large family of common viruses, most 
with highly similar structures, that infect humans and cause severe acute 
and chronic respiratory disease (Perlman and Netland, 2009). About 15 
different coronavirus strains have been identified, and seven of them can 
infect humans, namely, HCoV-229E, HCoV-OC43, HCoV-NL63, HCoV- 
HKU1, SARS-CoV, MERS-CoV, and SARS-CoV-2 that causes COVID-19 
(Ye et al., 2020). SARS-CoV-2 has an approximately 30-kb long RNA 
genome with 14 open reading frames (ORFs) encoding 29 proteins, 
including 16 nonstructural proteins (Nsps), 4 structural proteins, and 9 
accessory proteins (Kim et al., 2020). The four structural proteins in 
SARS-CoV-2 include Spike protein (S), Envelope protein (E), Membrane 
protein (M) and Nucleocapsid protein (N). These proteins are respon
sible for host invasion, viral envelope formation, stability and interac
tion with the RNA genome (Chan et al., 2020). Meanwhile, 16 Nsps 
(Nsp1 to Nsp16) in SARS-CoV-2 play an important role in maintaining 
normal viral vital signs (Arya et al., 2021). A significant proportion of 
existing marketed drugs target Nsps, such as remdesivir that targets RNA 
polymerase (Nsp12), which has been approved for the treatment of 
critically ill patients, but its safety and efficacy for COVID-19 needs 
further validation (Beigel et al., 2020; Grein et al., 2020). Similarly, 
3CLpro (3C-likeproteinase/Nsp5) and PLpro (papain-like protease/ 
Nsp3) are also very popular drug targets (Zhang et al., 2020; Yang and 
Rao, 2021; Calleja et al., 2022; Shen et al., 2022). Unfortunately, no 
perfect performing small molecule drugs with efficient inhibition of 
SARS-CoV-2 have been developed from them. With the increasing 
research on SARS-CoV-2, novel drug targets have been developed, 
especially the Nsps that play an important role in the life cycle of SARS- 
CoV-2 have great prospects for development as drug targets (Nunes 
et al., 2022; Yadav et al., 2021; Samdani et al., 2022). 

Nsp14 is one of the Nsps. After the virus enters the host cell, 16 Nsps 
form the replication-transcription complex (RTC) necessary for viral 
genome replication and transcription. Nsp14 is one of the RTC compo
nents (Yan et al., 2021), it is a bifunctional protein with a proofreading 
function for the N-terminal nucleic acid exonuclease (ExoN) and a 
capping modification function for the C-terminal guanine N7- 
methyltransferase (N7-MTase) mRNA (Chen et al., 2009; Ogando 
et al., 2020). It has been suggested that Nsp14 is responsible for the 

evolution and maintenance of the large genome of coronaviruses, and 
that its expression is important for the stability of viral mRNA, which 
may help the virus to evade degradation by host immunity to a certain 
extent (Zaffagni et al., 2022). N-terminal ribose exonuclease activity of 
Nsp14 enables coronavirus to resist the inhibition by many nucleoside 
analogs, including Ribavirin, and partially reduces its susceptibility to 
Remdesivir (Xu et al., 2020). N7-methylation of the viral RNA cap plays 
a key role in the translation of viral RNA into proteins. Inhibition of 
SARS-CoV-2 Nsp14 N7-MTase also blocks the enzymatic coupling of 
viral RNA methylation, as 2′-O-MTase (Nsp16) recognizes only N7- 
methylated cap substrates (Decroly et al., 2008; Bouvet et al., 2010; 
Chen et al., 2009; Yan et al., 2021). Expression of Nsp14 triggers a 
dramatic remodeling of the transcriptome, altering the splicing of more 
than 1000 genes, leading to a dramatic increase in the number of cir
cular RNAs associated with innate immunity, while allowing activation 
of the NF-kB pathway (Zaffagni et al., 2022). These effects are closely 
related to the guanine N7-MTase structural domain (Zaffagni et al., 
2022; Yan and Chen, 2020). Therefore, it is clear that Nsp14 is a very 
promising drug target, and some compounds have been tested with 
significant inhibitory activity to Nsp14, which may bring new ideas for 
the development of potent anti-SARS-CoV-2 drugs. 

For a large database of compounds, it is impractical to use experi
mental methods to determine the inhibitory effect of compounds on 
Nsp14 one by one, which is undoubtedly costly in terms of human, 
material and financial resources, as well as time cost. With the world
wide commitment to reduce animal experiments and support the 3R 
(Reduction, Replacement, Refinement) principles, traditional experi
mental assays are no longer suitable for the identification of a large 
number of compounds (Tosca et al., 2023). Chemoinformatics and 
computational biology have proven extremely useful in developing 
leads for severe diseases. These in silico approaches become an essential 
part of drug development process. They are commonly used to find new 
medications or improve the therapeutic efficacy (or pharmacokinetic 
features) of chemical series (Roy, 2022; Kar and Roy, 2013). Among 
them, Quantitative Structure Activity Relationship (QSAR) is one of the 
hotspots of in silico approaches in the field of medicinal chemistry, and it 
plays an important role as an efficient computerized screening and 
prediction tool for predicting drug activity, toxicity and permeability, as 
well as the mechanism of action of target molecules (Gramatica, 2020; 
Sharma and Bhatia, 2021; Kumar et al., 2022; Perkins et al., 2003). 
Compared to traditional drug development, QSAR can not only signifi
cantly shorten the development cycle, but also save significant economic 
costs and avoid a large number of unnecessary in vitro and in vivo ex
periments (Worth et al., 2007; Ford, 2016). To increase the acceptance 
of QSAR models, the Organization for Economic Co-operation and 
Development (OECD) has specifically developed five QSAR validation 
principles for regulatory use, including (1) a defined endpoint; (2) an 
unambiguous algorithm; (3) a defined domain of applicability; (4) 
appropriate measures of goodness-of-fit, robustness and predictivity; 
and (5) a mechanistic interpretation, if possible (OECD, 2007). 

To ensure that one molecule can be successfully developed into a 
clinical antiviral drug, after QSAR prediction, it needs to be further 
validated for drug-like properties. Molecular docking and ADMET (ab
sorption, distribution, metabolism, excretion, and toxicity) prediction 
are essential. Molecular docking allows exploring the interaction pattern 
of protein–ligand complexes, providing binding free energy (docking 
score) and key amino acid residues responsible for inhibitory activity 
(Ferreira et al., 2015). The predictions of pharmacokinetics and 
bioavailability are also very important for drug screening. For example, 
the internationally accepted standard “Lipinski’s principle of five” of an 
orally active drug includes (Lipinski et al., 2001; Lipinski, 2004): (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 
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molecular properties vital for the pharmacokinetics of a molecule in 
human body, including its ADME properties (O’Brien and Fallah, 2013), 
has been widely used in the initial screening of compound libraries since 
it was published (Alam et al., 2021). The ADMET properties can deter
mine the efficacy and toxicity of a drug, is a remarkable indicator to 
evaluate whether a compound exhibits drug-likeness. In this study, we 
developed an easily interpretable and reproducible QSAR model based 
on Nsp14 inhibitors. Both multiple linear regression (MLR) and partial 
least squares (PLS) methods were used to build different types of QSAR 
models to identify the key structural features of compounds responsible 
for SARS-CoV-2 Nsp14 inhibition, as well as to discover new Nsp14 in
hibitors. Molecular docking and ADMET prediction were performed on 
the priority compounds screened by QSAR model to further explore their 
binding modes with target protein Nsp14 and the druggability, thus 
provide valuable reference for the development of potent anti-SARS- 
CoV-2 drugs. The complete workflow in this study is shown in Fig. 1. 

2. Materials and methods 

2.1. Data collection and curation 

In the current work, a set of 30 sulfonamide-based bisubstrate ana
logs were collected from the Binding database (https://www.bindingdb. 
org/) as SARS-CoV-2 Nsp14 inhibitors, and these molecules target the 
N7-MTase of SARS-CoV-2 Nsp14 with significant inhibitory activity 
(Table S1). According to OECD principle 1, “a QSAR should be associ
ated with a defined endpoint” (OECD, 2007), the experimental activity 
of each compound was expressed as IC50 (μM). The IC50 values are 
determined based on the same bioassay protocol (based on the radio
active N7-MTase assay) according to previous study (Ahmed-Belkacem 
et al., 2022). Firstly, the compounds were dissolved in 5 % DMSO, and 
the SARS-CoV-2 Nsp14 proteins were dissolved in 3 % DMSO. At 30 ◦C, 
the compounds with different concentrations were incubated with 50 
nM SARS-CoV-2 Nsp14 in the reaction mixture [40 mM Tris-HCl (pH 
8.0), 1 mM DTT, 1 mM MgCl2, 2 μM SAM and 0.1 μM 3H-SAM (Perkin 
Elmer)] for 30 min. The final enzymatic activity (IC50) was determined 
by filter-binding assay (Ahmed-Belkacem et al., 2022). For model 
development, we converted the IC50 (μM) values into molar units (M) 
and then further converted them into pIC50 (pIC50 = -logIC50) values, 
which is a customary practice in QSAR modelling (Gramatica et al., 
2016; Gramatica, 2020; Li et al., 2022, 2023; Chen et al., 2023). The 
pIC50 value was positively correlated with the inhibitory activity 
compared to the IC50 value. We carefully examined all structures in the 
dataset before calculating the descriptors in order to develop statistically 

significant QSAR models. 

2.2. Descriptor calculation and dataset division 

After downloading the structures of the modelling compounds from 
the Binding database, the structures were optimized by the 3D module of 
ChemBioDraw Ultra 14.0 software in preparation for the next step of 
descriptor calculation. Dragon (https://chm.kode-solutions.net/) 
(Dragon, 2021) and PaDEL descriptors (Yap, 2011) were combined to 
characterize the structural features of the compounds, including func
tional group counts, topological indices, ring descriptors, connectivity 
indices, atomic center fragments, 2D atomic pairs, atomic type E states, 
molecular properties, etc., to more fully extract the hidden important 
structural information. To facilitate mechanistic interpretation, only 2D 
descriptors with clear physicochemical significance were calculated for 
model building, and constant or near-constant and highly correlated 
descriptors (correlation coefficient > 0.95) were removed to reduce 
redundant variable information (Gramatica et al., 2013; Gramatica 
et al., 2014). 

To obtain QSAR models with higher prediction quality, a total of six 
division techniques in QSARINS 2.2.4 software and Dataset Division GUI 
software (http://dtclab.webs.com/softwaretools) were used to divide 
the dataset into training and test sets in a ratio of approximately 3:1. 
Three division techniques in QSARINS, including (1) ordered by 
response (ORes), (2) ordered by structure similarity (OStr), and (3) 
randomly (Rnd) (Gramatica et al., 2013). Dataset Division GUI software 
includes three division techniques, namely, (1) Kennard Stone based 
method (KS), (2) Euclidean Distance based method (ED), (3) Activity/ 
Property based method (A/P) (Ambure et al., 2019). The training set was 
used to build the QSAR model and the test set was used to validate the 
developed model in terms of its predictive power and to avoid possible 
biases. 

2.3. Descriptor selection and model building 

According to OECD principle 2, “a QSAR should be associated with 
an unambiguous algorithm” (OECD, 2007). Identifying important de
scriptors from a large number of initial descriptors using different var
iable selection methods is an important step in QSAR modelling. Due to 
the small dataset in this study, two different software were used to 
construct the QSAR models in order to filter a more reliable model. First, 
the Genetic Algorithm-Variable Subset Selection (GA-VSS) module 
included in the QSARINS software was used for variable screening, and 
MLR was used to build the QSAR model. In the descriptor selection 

Fig. 1. Schematic illustration of the workflow of the present study.  
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process, the leave-one-out cross-validation correlation coefficient (Q2
LOO) 

was used as the fitness function to evaluate the model robustness. The 
QUIK (Q under influence of K) rule was applied to avoid multi
collinearity with a threshold of 0.05 (Todeschini et al., 1999). Secondly, 
the three dataset division results generated by Dataset Division GUI 
software were further used by the genetic algorithm (GA) in the Small 
Dataset Modeler software (https://sites.google.com/view/smalldat 
asetmodelling) as a variable selection method to build the MLR model 
and its corresponding PLS model (GA-PLS model using the same de
scriptors selected in the GA-MLR analysis) (Ambure et al., 2019). The 
final MLR/PLS models were selected based on the MAELOO(95%) after 
running GA-MLR for at least 10 times and the selected model was 
evaluated using the test set predictions (Roy et al., 2016). 

2.4. Model performance evaluation 

OECD principle 4 states that “a QSAR should be associated with 
appropriate measures of goodness-of-fit, robustness and predictivity” 
(OECD, 2007), and statistical validation is a key step in testing the 
eligibility of the model. In this study, internationally accepted internal 
and external validation metrics were used to check the robustness and 
predictability of the generated models. 

In internal validation, we evaluated the robustness and goodness-of- 
fit of the model mainly through Q2

LOO and the coefficient of determina
tion R2 (including adjusted R2

adj), with larger values indicating better 
model quality (Tropsha, 2010). As for the external validation, we 
calculated various statistical parameters to verify the model prediction 
performance, such as Q2

F1, Q2
F2, Q2

F3, R2
test , r2

m(test), Δ r2
m(test), concordance 

correlation coefficient for the test set (CCCtest), and the root mean square 
error (RMSE) (Tropsha, 2010; Gramatica and Sangion, 2016). The 
parameter scales to be satisfied by a better model are as follows (Chirico 
and Gramatica, 2011, 2012): R2 > 0.7, Q2

LOO > 0.6, Q2
Fn > 0.6; CCCtest >

0.85; r2
m(test) > 0.65; Δ r2

m(test) < 0.2; MAEtest and RMSEtest should be as 
small as possible. For more detailed information on these statistical 
parameters, please refer to Table S2. 

The models generated by QSARINS software were ranked using the 
multi-criteria decision making (MCDM) module (Gramatica et al., 
2013). MCDMfit was obtained based on the maximum values of R2, Radj

2 , 
CCCtrain and the minimum value of R2-Radj

2 . MCDMtest was selected based 
on the maximum values of QF1

2 , QF2
2 , QF3

2 , and CCCtest. Finally, we ranked 
the generated QSAR models based on MCDMfit and MCDMtest values. For 
the models generated by Small Dataset Modeler software (Ambure et al., 
2019), the MAE95% value of the test set of each model was compared, the 
model with the smallest MAE95% value was selected. 

2.5. Applicability domain (AD) 

According to OECD principle 3, “a QSAR should be associated with a 
defined domain of applicability” (OECD, 2007). For this purpose, the 
applicability domain (AD) analysis was performed to define the scope of 
application for a QSAR model. The prediction of a compound can be 
considered reliable only if it falls within the AD. In this study, we used 
the leverage method combined with the standardized residual method to 
define the AD. It can be simply understood that a compound should be 
identified as a structural outlier if its leverage value h is larger than the 
threshold value h* (h*=3(p + 1)/n; p: the number of descriptors in the 
model; n: the number of compounds in the training set); while a com
pound with predicted residual higher than ± 3 standardized residuals, it 
should be considered a response outlier (Gramatica et al., 2013). The 
results of the AD analysis can be visualized by Williams plot, which 
directly shows the structural and response outliers, but it should be 
noted that some compounds may not be considered as outliers even if h 
> h*, because their standardized residual values may be small. 

2.6. Screening of untested compounds using developed QSAR models 

One of the main purposes of QSAR modelling in this study was to 
screen compounds having significant inhibitory effects on SARS-CoV-2 
Nsp14 from the large database of compounds. We downloaded 263 
compounds from the PubChem website (https://pubchem.ncbi.nlm.nih. 
gov/) using the sulfonamide structural fragment (Fig. 2A) as template 
molecule 1 to form a large true external set. Notably, the structures of 
these 263 unknown true external compounds have the same sub
structures with the 30 compounds used for QSAR modelling. Meanwhile, 
in order to select compounds with more similar structures to the 30 
modelling compounds, a benzene ring was added to template 1 as 
template 2 (Fig. 2B). Therefore, a total of 42 compounds were extracted 
from the 263 compounds to form a small true external set. The detailed 
information of true external set was listed in Table S1. In order to verify 
the reliability of our chosen QSAR model for the prediction of unknown 
compounds, certain measures will be chosen to further evaluate the 
prediction results, which will help us to prioritize potential compounds 
in expensive in vitro or in vivo experiments. We used “Prediction Reli
ability Indicator (PRI)” tool (https://dtclab.webs.com/software-tools) 
to check the prediction confidence of each true external compound (Roy 
et al., 2018). On the basis of the composite score of each compound, the 
prediction quality was classified into three groups: “good” (composite 
score 3), “moderate” (composite score 2) and “bad/unreliable” (com
posite score 1) (Khan and Roy, 2019; Roy et al., 2018). 

2.7. Molecular docking study 

In this paper, we used molecular docking technique to determine the 
interaction pattern of small molecule ligands with the target protein 
Nsp14. The crystal structure of Nsp14 protein was retrieved from the 
Protein Data Bank (PDB) with the code 7R2V (available at: https: 
//www.rcsb.org/structure/7R2V) (Czarna et al., 2022). 7R2V is a pro
tein–ligand complex with S-adenosyl homocysteine (SAH) bound to it. 
Molecular docking studies were performed using Discovery Studio 4.0 
(Accelrys Inc.). Before docking, the ligand SAH bound to the protein was 
removed, and then the protein preparation was completed by the 
removal of deletion residues, hydrogenation and docking site generation 
from the protein. The sites were generated using the “from current se
lection” program in the receptor-ligand interaction module, referring to 
the study by Ahmed-Belkacem et al. using the four residues TYR420, 
PHE506, PHE426, ARG310 to generate active sites (Ahmed-Belkacem 
et al., 2022). The selected compounds were subjected to ligand prepa
ration through the small molecule module of the Discovery Studio 
platform to generate a series of ligand conformations. Each of these 
generated conformations will next be used for molecular docking in the 
CDOCKER module. The CDOCKER binding energy parameters (kcal/ 
mol) of all the receptor-ligand complexes were examined and the highest 
scores (most negative) favored the binding of the receptor to the ligand. 

Fig. 2. (A) Template 1 for large true external set (263 compounds); (B) Tem
plate 2 for small true external set (42 compounds). 

Q. Wang et al.                                                                                                                                                                                                                                   

https://sites.google.com/view/smalldatasetmodelling
https://sites.google.com/view/smalldatasetmodelling
https://pubchem.ncbi.nlm.nih.gov/
https://pubchem.ncbi.nlm.nih.gov/
https://dtclab.webs.com/software-tools
https://www.rcsb.org/structure/7R2V
https://www.rcsb.org/structure/7R2V


Arabian Journal of Chemistry 17 (2024) 105614

5

2.8. ADMET profiling 

After molecular docking study, we tested the screened compounds 
again to determine their drug-likeness and ADMET properties. We used 
pkCSM (Pires et al., 2015) (http://biosig.unimelb.edu.au/pkcsm/), 
SwissADME (http://www.swissadme.ch/) (Daina et al., 2017), and the 
ADMET and TOPKAT® module embedded in Biovia Discovery Studio 
software (Kumar et al., 2022). Three different methods were used to 
predict the ADMET properties of the compounds. The aim of using 
multiple software is to maximize the assessment of all possible toxicities 
of the compounds as well as key drug-likeness information, which can 
increase the chance of reaching anti-SARS-CoV-2 drug candidates. 

3. Results and discussion 

The main objective of the current study is to develop statistically 
significant QSAR models that use easily interpretable descriptors, then 
use the validated models to identify potent Nsp14 inhibitors of SARS- 
CoV-2 from compound databases. The predictions of the QSAR models 
will be further screened by molecular docking and ADMET prediction. In 
general, we performed the following four main tasks: (1) develop a 
validated QSAR model with excellent predictive performance; (2) the 
QSAR model as a preliminary screening stage, was utilized to predict the 
inhibitory potency of true external compounds against Nsp14; (3) the 
better performing 42 compounds in step 2 were docked to the protein 
active site, and analyze the docking pattern; (4) perform ADMET pre
dictions on compounds with higher docking scores and predicted 
inhibitory activity. After the above four steps of screening, the most 
promising potential Nsp14 inhibitors were finally identified. 

3.1. QSAR analysis 

According to the OECD’s QSAR validation guidelines (OECD, 2007), 
QSAR models that meet various parameter criteria should be selected. In 
this study, a variety of dataset division methods combined with two 
computational methods (PLS and MLR) were used to construct nine 
different classes of models. As shown in Table 1, the nine models were 
able to explain training set variance (R2) between 0.7150 and 0.7796 
(0.6130 ~ 0.7373 in terms of Q2

LOO). In addition, Q2
F1 ranged between 

0.5573 and 0.8070, Q2
F2 ranged between 0.5547 and 0.8023, CCCtest 

ranged between 0.7700 and 0.9073, and MAEtest ranged between 0.2323 
and 0.4155. These parameters indicated that all nine models exhibited 
accepted but with different degrees of predictive ability. 

In order to find new potential Nsp14 inhibitors using the best QSAR 
model and to identify the structural features in the compounds that have 

important influence on Nsp14 inhibition, we comprehensively 
compared the validation parameters of the nine models in Table 1. It 
could be found that the internal and external parameters of Model 1 
(Eq.1) were better than those of other models, thus being the best QSAR 
model. Model 1 (Eq.1) was constructed based on the OStr division 
method combined with the MLR method. The model contained only two 
2D descriptors, namely nCb- and MDEC-12, the correlation between 
these two descriptors was very weak (Fig. 3A). The typical statistical 
parameters of Model 1 were R2 = 0.7796, Q2

LOO = 0.7373, R2
test = 0.8539, 

Q2
Fn = 0.8023 ~ 0.8932 and CCCtest = 0.9073. It is evident that the best 

model meets the OECD guidelines in terms of robustness, predictivity 
and adaptability (OECD, 2007). The detailed validation parameters of 
Model 1 were given in Table 1. The scatter plot (Fig. 3B) and William 
plot (Fig. 3C) provided a visual representation of the excellent perfor
mance of the best model. As shown in Fig. 3B, the predicted and 
experimental pIC50 values of modelling compounds exhibited a good 
linear relationship, indicating good goodness of fit and predictive abil
ity. From the William plot (Fig. 3C), it was found that only compound 30 
in the training set had an h value higher than the warning h*, thus being 
considered a structural outlier. However, its prediction residual was 
very small and acceptable (<0.12 log units) (see Table S3), also indi
cating the good predictive reliability of the model. We also found one 
response outlier (compound 5) with a standardized residual greater than 
three standard deviation units, thus affecting the model’s goodness-of-fit 
to some extent. 

3.2. Mechanistic interpretation of the modelled descriptors 

The selected descriptors in the model equation reflect the role of 
specific structural and physicochemical properties of the compounds in 
controlling the response endpoint. These properties will be crucial for 
the development of potential Nsp14 inhibitors. In line with OECD 
principle 5 (“a mechanistic interpretation, if possible”) (OECD, 2007), 
we provided a detailed mechanistic explanation for both descriptors 
appearing in the best QSAR model, including nCb- and MDEC-12. 

Fig. 4A showed the variable importance plot (VIP), from which we 
found that the most important descriptor in the model (VIP score ≥ 1.0) 
was MDEC-12 and the second important descriptor (VIP score < 1.0) 
was nCb-. The loading plot was also used to assess the influence of the 
two descriptors on the inhibitory activity of Nsp14. The distances be
tween the descriptors and the Y-response or the origin were taken into 
account, respectively. If one descriptor is close to the Y-response and far 
from the origin, it is considered more important (Kumar et al., 2020). 
Thus, it was obvious that from the Fig. 4B, MDEC-12 showed a greater 
effect on the inhibitory activity against Nsp14, which was consistent 

Table 1 
Statistical parameters and the corresponding equations for nine QSAR models.  

Ntr Ntest R2 Q2
LOO R2

test Q2
F1 Q2

F2 Q2
F3 CCCtest RMSEtest MAEtest r2

m(test) Δ r2
m(test)

Model 1 (Eq.1 for OStr-MLR): pIC50 ¼ 4.1823 þ 0.5138nCb- þ 0.5865MDEC-12 
23 7  0.7796  0.7373 0.8539  0.8036  0.8023 0.8932  0.9073 0.2773  0.2323  0.7890  0.0464 
Model 2 (Eq.2 for ORes-MLR): pIC50 = 2.8404 + 13.4451MATS2v + 0.8287MLFER_E 
23 7  0.7750  0.6988 0.7390  0.7346  0.7214 0.7465  0.8345 0.4065  0.3089  0.5779  0.2407 
Model 3 (Eq.3 for Rnd-MLR): pIC50 = 6.3284 + 0.3654VE3sign_B(v) + 0.8287MDEC-12 
24 6  0.7722  0.7287 0.6784  0.5573  0.5547 0.6226  0.8109 0.5002  0.4155  0.5513  0.2162 
Model 4 (Eq.4 for ED-MLR): pIC50 = 2.207 + 9.705SpMAD_EA(ri) − 12.243GATS2v + 3.474SpMin8_Bh(s) 
24 6  0.7440  0.6480 –  0.7830  0.7600 –  0.8560 –  0.2780  0.6520  0.1790 
Model 5 (Eq.5 for KS-MLR): pIC50 = 4.167 + 0.117VE3sign_X + 1.219Eig11_AEA(dm) + 11.37MATS2v 
22 8  0.7150  0.6130 –  0.7280  0.7270 –  0.8580 –  0.3720  0.6580  0.0200 
Model 6 (Eq.6 for A/P-MLR): pIC50 = -3.259 + 7.062SpMin2_Bh(s) + 12.288MATS2v + 0.25nCb- 
24 6  0.7470  0.6820 –  0.8070  0.7930 –  0.9000 –  0.3140  0.7440  0.0990 
Model 7 (Eq.7 for ED-PLS): pIC50 = 1102.311 + 3.102SpMin6_Bh(m) − 1107.098ChiA_X + 0.602SpMax3_Bh(m) 
24 6  0.7480  0.6860 –  0.8000  0.7790 –  0.8760 –  0.2720  0.6980  0.1570 
Model 8 (Eq.8 for KS-PLS): pIC50 = 3.598 + 0.407SsCH3 + 0.12X3sol + 0.001P_VSA_i_3 
22 8  0.7360  0.6620 –  0.7020  0.7010 –  0.7700 –  0.3430  0.3620  0.3660 
Model 9 (Eq.9 for A/P-PLS): pIC50 = -12.835 + 11.794MATS2v − 0.926LLS_02 + 5.43SpMax4_Bh(v) 
24 6  0.7580  0.7040 –  0.7630  0.7450 –  0.8640 –  0.3620  0.7700  0.1250  
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Fig. 3. (A) The weak inter-correlation of nCb- and MDEC-12; (B) Scatter plot of predicted and experimental values of modelling compounds in the best QSAR model; 
(C) Williams plot of the best QSAR model. 
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with the VIP results. 
Both two descriptors included in the best model showed a positive 

correlation with Nsp14 inhibitory activity, implying that the higher the 
nCb- and MDEC-12 values of a compound, the more significant the 
inhibitory potency on Nsp14. The nCb- descriptor refers to the number 
of substituted benzene moieties present in the molecule. As shown in 
Fig. 5, compound 30 had the highest nCb- value (5) in the modelling 
dataset, indicating that compound 30 has five substituent groups on the 
benzene ring. Therefore, it exhibited a high pIC50 value (7.523) and was 
the most active compound in inhibiting Nsp14 in the modelling dataset. 
On the other hand, the nCb-value of compound 5 (3) was smaller than 
that of compound 30, implying only three substituent groups on its 
benzene ring, leading to a relatively decreased pIC50 value (5.301) 
(Fig. 5). The second descriptor MDEC-12 represents the molecular dis
tance edge between all primary and secondary carbons. As shown in 
Fig. 5, compound 28 had the largest MDEC-12 value (2.915), thus it 
showed high inhibitory activity with pIC50 value of 6.943. It is inter
esting to note that the nCb-value of compound 28 is exactly equal to that 
of compound 5, both being 3. However, in terms of the MDEC-12 value, 
compound 28 (2.915) exceeded than compound 5 (1.524), thus, it was 
observed that compound 28 (pIC50 = 6.943) had a higher pIC50 value 
than that of compound 5 (pIC50 = 5.301). In the modelling dataset, the 
pIC50 value (4.85) of compound 1 was the smallest, which was due to 
both the two descriptors had very small values (nCb-=2; MDEC-12 = 0). 
The mechanistic interpretation provided a more transparent and un
derstandable relationship between the structural features of a compound 
and its inhibitory effect on Nsp14. For more information on the de
scriptors of the compounds, please see Table S3. 

3.3. Initial screening using the best QSAR model 

We used the best QSAR model to predict the true external com
pounds without experimental values, with the aim to look for com
pounds that might have a significant inhibitory effect on Nsp14 activity. 
For the 263 untested compounds collected from the PubChem website 
(https://pubchem.ncbi.nlm.nih.gov/), the best model was used to pre
dict their inhibitory activity against Nsp14. Insubria plot, constructed by 
the leverage values versus the predicted toxicity, can show whether the 
true external compounds are within the AD range of the model (Gra
matica et al., 2013; Gramatica et al., 2014). As shown in Fig. 6A, the 
coverage of the model for 263 compounds did not seem to be acceptable, 
reaching only 47 %, with a significant proportion of compounds being 
outside the AD range. Therefore, we further screened the true external 
set and selected 42 structurally most similar compounds from the 263 
compounds to as a small true external set (see section 2.6). Obviously, 
the model showed a significant coverage (81 %) for the 42 compounds 
(Fig. 6B). At the same time, to further validate the prediction results 
given by the best model, the prediction quality of each compound was 
evaluated using the “prediction reliability indicator” tool developed by 
Roy’s team (Roy et al., 2018). For the 263 untested compounds, most 
were “good” or “moderate” (>90 %), while 26 compounds were “bad” 
(Table S4). Among the small true external set consisting of 42 untested 
compounds, 39 compounds were “good” or “moderate” (>92 %) and 
only 3 compounds were “bad” (Table S5). Therefore, the best model we 
developed can predict the inhibitory activity of compounds without 
experimental values to a certain extent. If the structural similarity be
tween the query compounds and the source compounds is better, the 

Fig. 4. (A) Variable importance plot (VIP); (B) loading plot for the two descriptor variables in the best QSAR model.  

Fig. 5. Schematic diagram of the selected descriptors in controlling the inhibitory activity against Nsp14 in the best QSAR model.  
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predicted results should be more reliable. 

3.4. Molecular docking analysis 

The 42 structurally most similar compounds were docked to the N7- 
MTase active pocket of Nsp14, of which 17 molecules were successfully 
docked, and detailed molecular docking analysis was reported in 
Table S6. Based on the binding energy and predicted inhibitory activity, 
the top three molecules were evaluated together, including 164775752, 
164775726, and 11454312. The predicted pIC50 of compound 
164775752 was 6.120, and the binding energy was − 29.761 kcal/mol. 
The predicted pIC50 of 164775726 was 6.432, and the binding energy 
was –23.199 kcal/mol. Obviously, the comprehensive performance of 
these two compounds was good. In contrast, for compound 11454312, 
although its binding energy (-18.219 kcal/mol) was not very satisfac
tory, its predicted inhibitory activity (pIC50 = 6.767) was the second 
highest among these 17 molecules, thus it was used as the third target 
molecule for further study. Although compound 125506109 exhibited 
the highest predicted activity (pIC50 = 6.9923), it possessed an unde
sirable binding energy (-8.626 kcal/mol), thus was not selected for 
further analysis. As shown in Table 2, a detailed summary of the binding 
energy (CDocker energy), interacting residues, forces involved, and 
predicted activities of the three compounds was available. At the same 
time, we also discussed the detailed docking interactions of the selected 
three compounds with the active site residues of Nsp14. 

The best docking conformations of the three compounds 
164775752, 164775726, 11454312 with Nsp14 were shown in Fig. 7. 
The 3D figures (left) highlighted the classical hydrogen bonds (pink) 
formed between the compounds and amino acid residues. The three 
compounds also formed non-classical hydrogen bonds and other bonds 
with amino acid residues, these interactions were shown in the 2D 

figures (right). The compound with the best binding energy in the 
screening list was compound 164775752 (Fig. 7A), which interacted 
with residues ASN306, PRO335, ARG310 through hydrogen bonding, 
including one conventional hydrogen bond with ARG310 (pink), two 
carbon hydrogen bonds with ASN306 and PRO335. The compound also 
formed π-Sulfur bond with CYS309, attractive charge with ARG310, π-π 
Stacked with PHE426, and π-alkyl hydrophobic bond with LYS423. 

The second-ranked binding energy was compound 164775726 
(Fig. 7B). It interacted with residues ARG310 and LYS423 through 
hydrogen bonding, which included three conventional hydrogen bonds 
with ARG310 and other one with LYS423 (pink). Compound 
164775726 also formed π-π Stacked bond and π-π T-shaped bond with 
PHE 426, and attractive charge with ARG310. 

Compound 11454312 had the highest predicted inhibitory activity 
(pIC50 = 6.7674) although it exhibited the worse binding energy 
(Fig. 7C). It interacted with residues ARG310, LYS423 and PHE506 
through hydrogen bonding, which included three conventional 
hydrogen bonds with ARG310 and other one with LYS423 (pink). 
Furthermore, it formed π-π Stacked bond and alkyl hydrophobic bond 
with PHE426, π-Sulfur bond with TRP292, two π-alkyl hydrophobic 
bonds with CYS309. ARG310 was also involved in the formation of 
attractive charge and π-Cation. As well, LYS423 participated the for
mation of alkyl hydrophobic bond. 

The docking analysis of the three top compounds with N7-MTase 
active site of Nsp14 showed that they could interact with important 
amino acid residues such as PHE426 and ARG310. Especially the key 
amino acid residue ARG310, all the three candidates could interact with 
it by hydrogen bonding interactions. Therefore, the three compounds 
may be potential Nsp14 inhibitor candidates. 

Fig. 6. (A) Insubria plot of 263 untested true external compounds; (B) Insubria plot of 42 untested, structurally most similar compounds.  

Table 2 
Molecular docking results and their predicted activity of screened compounds in this study.  

No. PubChem 
CID 

SMILES Binding 
energy (kcal/ 
mol) 

Interacting residues Interacting forces Predicted 
pIC50 

1 164,775,752 COC1 = NC = NC2 = C1N = CN2[C@H]3 
[C@@H]([C@@H]([C@H](O3)CNS(=O) 
(=O)C4 = CC = CC(=C4O)C(=O)N)O)O  

− 29.7610 ASN306, PRO335, 
CYS309, ARG310, 
LYS423, PHE426 

Carbon hydrogen bond, π-Sulfur bond, 
Conventional hydrogen bond, Attractive charge, 
Alkyl bond, π-Alkyl bond, π-π Stacked  

6.1200 

2 164,775,726 CN(C[C@@H]1[C@H]([C@H]([C@@H] 
(O1)N2C = NC3 = C(N = CN = C32)N)O) 
O)S(=O)(=O)C4 = CC = CC(=C4O)C 
(=O)N  

–23.1989 PHE426, ARG310, 
LYS423 

π-π Stacked, π-π T-shaped, Attractive charge, 
Conventional hydrogen bond  

6.4315 

3 11,454,312 CC1 = CC = C(C = C1)S(=O)(=O)NC(=O) 
[C@@H]2[C@@H]3[C@H]([C@@H] 
(O2)N4C = NC5 = C(N = CN = C54)N)OC 
(O3)(C)C  

− 18.2187 PHE 426, TRP292, 
ARG310, LYS423, 
CYS309, PHE506 

π-π Stacked, Alkyl bond, π-π T-shaped, π-Sulfur 
bond, Attractive charge, π-Cation, Conventional 
hydrogen bond, π-Alkyl bond, π-Donor hydrogen 
bond  

6.7674  
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3.5. ADMET profiling of the top selected screened compounds 

The three compounds were further tested for their ADMET proper
ties. As can be seen in Table 3, the ADME properties of all three com
pounds fell within the acceptable range (O’Brien and Fallah, 2013). 
Although all three compounds violated one principle (the number of 
hydrogen receptors were greater than 10) about “Lipinski’s principle of 
five”, they were acceptable. Regarding toxicity, compound 164775726 
was predicted to be potentially hepatotoxic, thus it was excluded. The 
other two compounds were predicted without significant toxicity, sug
gesting that they are amenable to being pursued as therapeutic candi
dates. More details of the ADMET results were provided in the Table S7. 
To date, no specific drug targeting SARS-CoV-2 Nsp14 on the market, we 
were unable to find available data to use as references. As a result, 
compounds 164775752, 11454312 as candidate Nsp14 inhibitors that 

passed the ADMET predictions need to undergo a series of rigorous 
clinical trials. 

4. Conclusions 

Non-structural proteins of SARS-CoV-2 have been very popular tar
gets during drug development, and Nsp14 shows great potential as the 
drug target because it plays an important role in viral replication and 
transcription. In this study, QSAR models were successfully developed 
based the OECD principles using 30 sulfonamide-based bisubstrate an
alogs as the Nsp14 inhibitors for the first time. All the models were 
evaluated by the strict internal and external validation criteria, the 
mechanistic interpretation revealed the relationship between structural 
information and the inhibitory activity of compounds against Nsp14. 
The best model (Model 1) was applied to the large compound database 

Fig. 7. Molecular docking interactions of compounds (A) 164,775,752 (B) 164,775,726 and (C) 11,454,312 with the active site of Nsp14 N7-MTase domain.  
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(263 untested compounds) to find new potential inhibitors of Nsp14. 
Molecular docking studies were used to explore the interaction pattern 
of the QSAR-based pre-screened compounds with the active site of the 
target Nsp14 protein. By comprehensively considering the predicted 
inhibitory activity and the docking results, three molecules were eval
uated as the top HIT candidates. Meanwhile, to ensure that the three 
compounds can be further developed as oral drugs in humans, we per
formed ADMET predictions. Through stepwise screening, compounds 
164775752, 11454312 can be finally identified as potential candidate 
Nsp14 inhibitors that being promising for further clinical studies. 
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Table 3 
ADMET profiling of the top three HIT drug candidates.  

ADMETa Property/Parameterb Value Rangeb Three Candidatesc (PubChem CID) 

164775752 164775726 11454312 

Absorption Water solubility (log mol/L) ≫* − 2.862 − 2.942 − 2.764 
Caco2 permeability ≫* − 0.554 − 0.107 − 0.704 
intestinal absorption (human) >30 % 52.691 49.875 67.499 
Skin Permeability (log Kp) <-2.5 − 2.735 − 2.735 − 2.735 
P-glycoprotein substrate Yes/No Yes Yes Yes 
P-glycoprotein I/ II inhibitor Yes/No No No No 

Distribution VDss (human) >0.7 0.763 0.559 0.906 
Fraction unbound (human) ≫* 0.547 0.483 0.514 
BBB permeability <-1 − 2.238 − 1.856 − 1.134 
CNS permeability <-3 − 4.684 − 4.321 − 4.365 

Metabolism CYP2D6/CYP3A4 substrate Yes/No No No No 
CYP1A2/CYP2C19 CYP2C9/CYP2D6/ CYP3A4 inhibitior Yes/No No No No 

Excretion Total Clearance ≫* 0.278 0.175 0.392 
Renal OCT2 substrate Yes/No No No No 

Toxicity AMES toxicity Yes/No No No No 
hERG I/II inhibitor Yes/No No No No 
Hepatotoxicity Yes/No No Yes No 
Skin Sensitisation Yes/No No No No 

Lipinski  Yes/No Yes Yes Yes 

a: ADMET is an important criterion for screening drug candidates for drug-like properties, including absorption, distribution, metabolism, excretion, and toxicity. 
“Lipinski’s principle of five” is also an important criterion, where a potential drug can only violate one rule. b: Properties/Parameters are used to characterize the drug- 
like properties of compounds and have strict value ranges. Absorption consists of six items, especially intestinal absorption (human), in which the high value represents 
that a molecule can easily traverse the digestive system barrier. Distribution consists of four items, which evaluates the effect of a molecule on the blood–brain-barrier 
(BBB), plasma, etc. Metabolism evaluates whether a compound can act as a substrate or inhibitor of related proteases. Excretion means that a molecule can be 
eliminated from the body in an efficient manner without negatively affecting the accumulation of the drug in the organism. Toxicity consists of four items, qualifying 
drugs should all be free of toxicity. c: The compounds collected from the PubChem database were screened by QSAR modeling and molecular docking. As a result, we 
identified three candidate compounds, and the drug properties of all three compounds were evaluated. *: ≫ means a higher value is better for a candidate drug. 
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