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ARTICLE INFO ABSTRACT

Keywords: Severe acute respiratory syndrome coronavirus type 2 (SARS-CoV-2) continues to spread globally with more than
Cyclic Sulfonamide derivatives 172 million confirmed cases and 3.57 million deaths. Cyclic sulfonamide derivative is identified as a successful
SARS-CoV-2 compound and showed anti-SARS-CoV-2 activity. In this study, the structure and activity relationships of 35 cyclic
;’g’s‘iﬂ;r CoMFA sulfonamide compound inhibitors are investigated by using three-dimensional quantitative structure-activity re-
ADMET lationship (3D-QSAR) and holographic quantitative structure-activity relationship (HQSAR). Two models with

good statistical parameters and reliable predictive ability are obtained from the same training set, including
Topomer CoMFA (g°> = 0.623,2 = 0.938,rimd = 0.893) model and HQSAR (4> = 0.704,r> = 0.958,r§red =0.779)
model. The established models not only have good stability, but also show good external prediction ability for
the test set. The contour and color code maps of the models provide a lot of useful information for determining
the structural requirements which might affect the activity; this information paves the way for the design of four
novel cyclic sulfonamide compounds, and predictes their pICs, values. We explore the interaction between the
newly designed molecule and SARS-CoV-2 3CLpro by molecular docking. The docking results show that GLU166,
GLN192, ALA194, and VAL186 may be the potential active residues of the SARS-CoV-2 inhibitor evaluated in
this study. Finally, the oral bioavailability and toxicity of the newly designed cyclic sulfonamide compounds are
evaluated and the results show that the four newly designed cyclic sulfonamide compounds have major ADMET
properties and can be used as reliable inhibitors against COVID-19. These results may provide useful insights for
the design of effective SARS-CoV-2 inhibitors.

1. Introduction

Since the first case of pneumonia was reported in Wuhan, China in
December 2019 [1], coronavirus disease 2019(COVID-19) has spread all
over the world, causing serious negative impacts on the health of peo-
ple in all countries. COVID-19 is lethal and highly infectious, and the
international committee on taxonomy of viruses (ICTV) has named it
severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2). As one
of the deadliest viruses in the world, the virus has become an ongoing
medical challenge for the world [2]. The most commonly used thera-
peutic drugs in clinical trials of antiviral research include remdesivir,
ribavirin, favipiravir, etc. The U.S. food and drug administration (FDA)
approved the emergency use of remdesivir in hospitalized patients with
serious illnesses. Although this antiviral drug reduced the recovery time
of surviving patients, it did not improve overall survival. Therefore, it
is urgent to find new drugs that are more reliable and effective without
any harmful side effects.

The genetic material of coronavirus is single-stranded RNA (diam-
eter 65 ~ 125 nm, nucleic acid length is 2 ~ 32 kbs), and the genetic
similarity with human SARS-CoV is 79 % [3], one third of the genome
coding structure proteins (SPs), the remaining two-thirds of the genome
encodes nonstructural proteins (nSPs). The main structural proteins in-
clude spike protein (S), envelope protein (E), membrane protein (M) and
nucleocapsid protein (N) [4]. The spike protein has a coronal structure
and consists of three identical chains, each of which has two subunits,
S1 and S2 [5]. The n-terminus of the S1 subunit immediately follows the
receptor-binding domain (RBD) region. The S2 subunit is responsible for
the membrane fusion process. During virus infection, the target cell pro-
tease activates S protein by splitting S protein into S1 and S2 subunits,
which is necessary for the activation of the membrane fusion domain
after the virus enters the target cell and plays an important role in enter-
ing the host cell. Coronavirus produces a polypeptide that is hydrolyzed
by 3-chymotrypsin-like protease (3CLpro) during genome transcription.
3CLpro cuts multiple proteins at 11 different sites to generate various
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non-structural proteins which are important for virus replication. This
major protease binds viral particles to the capsid protein shell and pre-
vents the increase of viral load in the host cell, which is critical for the
viral life cycle, making it as an attractive target for anti-SARS-CoV-2 in-
hibitors [6]. Therefore, 3CLPro is considered as a prime target for the
treatment of SARS-CoV-2 infection.

As an important class of compounds, sulfonamides have a wide range
of applications in medicine and pesticides. There are many sulfonamides
in the market for the treatment of diseases with different properties, be-
cause they can identify various protein targets. Sulfonamide derivatives
are an important part of many biologically active compounds and drug
molecules, such as anti-bacterial [7], anti-cancer [8], anti-inflammatory
[9], anti-tumor [10] and anti-malaria [11]. cyclic sulfonamide deriva-
tives are known to have various pharmacological activities, such as
analgesia [12], anti-inflammatory [13] and anti-diabetic [14]. Recently,
there has been much increased interest in cyclic sulfonamide deriva-
tives as they show potential inhibition of SARS CoV-2 3CLpro, and in
this study we focuse on cyclic sulfonamide derivatives as inhibitors of
SARS-CoV-2.

The establishment of a quantitative structure-activity relationship
(QSAR) model can guide the modification of compound structures, de-
sign new and more active compounds and predict their activity. Com-
monly used QSAR models include 2D-QSAR and 3D-QSAR [15]. 3D-
QSAR correlates biological properties with structural descriptors and
is used to predict the activity value of non-synthetic molecules, which
is an important method for molecular modeling. The techniques most
commonly used in 3D-QSAR are comparative molecular field analysis
(CoMFA) and comparative molecular similarity index analysis (CoM-
SIA) [16]. However, COMFA has many limitations, which can be lim-
ited if the molecular structure is not three-dimensional in the database.
Topomer comparative molecular field analysis (Topomer CoMFA) is the
second-generation COMFA method that overcomes many limitations of
CoMFA and can predict the bioactivity of compounds in just a few min-
utes, which makes it more repeatable. 2D-QSAR is a method to quantita-
tively describe the relationship between the physicochemical properties
and other measurable properties of a compound structure and its ac-
tivity through a linear model or a nonlinear model [17]. HQSAR is a
relatively new 2D-QSAR method, which realizes the need of molecular
arrangement and conformation specification by converting the chemical
representation of the molecule into its corresponding molecular holo-
gram.

In this study, 35 SARS-CoV-2 inhibitors are studied using two meth-
ods, 2D-HQSAR and 3D-Topomer CoMFA, and key structural factors af-
fecting the inhibitory activity are identified. Through molecular dock-
ing, the binding mechanism of the SARS-CoV-2 3CLpro and the cyclic
sulfonamide compound is investigated. Besides some key amino acid
residues at the active site of the 7JYC protein are identified. Finally,
we utilize ADMET (absorption, distribution, metabolism, excretion, and
toxicity) properties to evaluate the oral bioavailability of these novel
cyclic sulfonamides and measure their toxicity.

2. Materials and methods
2.1. Computer simulations

The research route used in this research is shown in Fig. 1. The
division of data sets, the construction of QSAR models, the design of
new SARS-CoV-2 inhibitors through virtual screening, molecular dock-
ing and ADMET prediction are the main components of this research.

2.2. Data sources

Bioactivity and molecular structure of a series of cyclic sulfon-
amide compounds as inhibitors of SARS-CoV-2 are obtained by liter-
ature search and used as a data set for molecular modeling [18]. The
chemical structure and activity data are shown in Table S1. Among the
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35 inhibitors, the IC5, values range from 0.88 to 25 yM. Equation (1) is
used to convert them into pIC;, values to provide a larger value as the
dependent variable for the model construction, where the pICs, values
are obtained in the range of 4.60 ~ 6.06. Fig. 2 shows the distribution
of pIC;, values for all inhibitors and indicates that the diversity of ac-
tivities in the data set is sufficient to construct a stable QSAR model.
According to the pIC;, value and molecular structure, 35 inhibitors are
divided into two groups: 23 compounds are assigned to the training set
for model establishment, and 12 compounds are allocated to the test set
for model verification.

pICsy = —log (ICs) (1)

2.3. Establishment of 3D-QSAR model and HQSAR model

2.3.1. 3D-QSAR model

The two-dimensional structure of the SARS-CoV-2 inhibitor is drawn
in Chem Draw Ultra v8.0.3 (PerkinElmer, Waltham, MA, USA) and con-
verts into a 3D structure using SYBYL-X 2.0 (Tripos Software, Saint
Louis, MO, USA) [19]. Tripos force field and Powell conjugate gradient
algorithm with convergence criterion of 0.005 kcal/mol V are adopted,
and the maximum iteration set is set as 1000 [20]. The Gasteiger-Hiickel
method is used to calculate partial atomic charges of compounds under
electrostatic interaction, and the remaining parameters are Topomer
CoMFA default value to obtain the low energy conformation of each
molecule (Pharmacodynamic conformation).

Structure alignment is one of the most important input variables in
3D-QSAR analysis, and the prediction accuracy of the model depends on
the contour map of molecular structure comparison. Topomer CoMFA
can simultaneously describe the changes of the electrostatic field and
the steric field around the molecule, revealing the molecular structure
information that affects the biological activity more comprehensively,
and determining the group properties that affect the molecular activity.
In this experiment, the molecule No. 33 with the highest activity value
in the training set is used as the cutting template. The splitting mode of
R group is very important for the generation of Topomer CoOMFA model.
Therefore, we compare two different split modes for modeling research
(Fig. 3). The remaining few molecules that cannot be automatically rec-
ognized will be manually broken until all the molecules have been cut,
and the resulting structural fragments will be used for subsequent anal-
ysis of model results and virtual screening research.

2.3.2. HQSAR model

The contribution map obtained by the HQSAR method can clearly
show where the inhibitor molecule needs to be optimized; it can get
the advantages and disadvantages of the atom or group on the molec-
ular activity, and find a suitable replacement group for molecular de-
sign. Therefore, combining the Topomer CoMFA model with the HQSAR
model and applying it for molecular modification can not only accu-
rately locate the active site, but also determine the groups and atoms
that affect the corresponding properties of the molecular activity.

HQSAR is a new QSAR technology based on fragments and has high
predictive ability. There is no need to determine the 3D structure, molec-
ular comparison and assumed conformation [21], which has irreplace-
able advantages in molecular design. All possible molecular fragments
(such as linearity, branching, overlap, hybridization, and chirality) can
be encoded in molecular holograms. Each compound is divided into
structural fragments defined by fragment discrimination (FD) param-
eters: atomic number (A) can distinguish atom types, bond type (B)
can distinguish chemical bonds formed between atoms, and atomic con-
nections (C) can distinguish the hybridization state of the atoms inside
the fragment, hydrogen (H), chirality (Ch) can distinguish the chirality
of the atom in the fragment and the stereochemical information of the
chemical bond, and the donor/acceptor (DA) distinguishes the hydrogen
bond donor or acceptor of the fragment. The cyclic redundancy check
(CRCQ) algorithm is used to assign a specific positive integer to each seg-
ment, ranging from 0 to 231. Each of these integers is in correspondence
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with a bin in an integer array of hologram length (HL, ranging from 53 to
401) and the bin occupancies of the molecular hologram are structural
descriptors [22]. In the HQSAR method, there is a partial least squares
(PLS) relationship between these descriptors and attribute values. Many
parameters related to hologram generation, such as HL, fragment size
(FS) and FD, will affect the quality of the HQSAR model [23].

The fragment parameters determine the topological information
mapped in the molecular hologram, and the model can be optimized
by changing the fragment parameters and fragment size. In the process

of building the HQSAR model, we selected all 12 holographic lengths
(HL) (53, 59, 61, 71, 83, 97, 151, 199, 257, 307, 353 and 401). The
default FS (4-7) and different combinations of FD (atoms, bonds, chiral-
ity, connection, hydrogen bond donor and hydrogen bond acceptor) to
generate the initial model. 25 HQSAR models were analyzed to study
the influence of different FD combinations on the model, so as to pre-
liminarily screen out the better model. Then, on the basis of the selected
better model, different fragments lengths were selected to analyze the
influence of different fragments lengths on the HQSAR analysis results,
so as to obtain the optimal HQSAR model.

2.4. Partial least square (PLS) analysis

In 3D-QSAR research, the PLS method [24] is an extension of multi-
ple regression analysis to analyze the relationship between quantitative
descriptors and biological activity in the model. The established model
descriptors (electrostatic field and stereo field parameters) are used as
independent variables, and pICs, is used as the dependent variable
for PLS regression analysis. The leave-one-out method (LOO) cross-
validation is one of the simplest methods for internal model verification
[25]. PLS method is used for model fitting, and the LOO method is used
to cross-validate and evaluate the predictive ability of the model’s in-
ternal verification, and the optimal group score (NOC) is determined.
At the same time, the cross-validation correlation coefficient (¢2), the
standard error of estimation (SEE), the non-cross-validation correla-
tion coefficient (+2) and the Fischer ratio value (F) are calculated to
verify the stability of the constructed model. Among them, ?> and SEE

Fig. 3. Cutting method of model 1 (a) and model 2(b). Blue, red and yellow represents the Ry, Ry, R; ;roups, respectively. green represents the common skeleton.
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are automatically generated by the system. The larger the 2 and F val-
ues are, the smaller the SEE value is, which proves that the model’s
fitting ability is stronger, ¢%>: <0 (the model predictive ability is poor),
0.4 ~ 0.5 (the model can be considered), = 0.5 (a statistically significant
prediction model); high ¢2 and r? (¢ >0.5, r*>0.6) value can prove that
the established 3D-QSAR model and HQSAR model have high predictive
ability [26]. The ¢2, 2, SEE, and F are calculated for the data set as
equations (2)-(5):

Z (Ypred - Yexp)2

¢ =1- > ©
Z (Yexp - Ymean)
Z (Ycal - Yexp)z
P=_|1- —— 3
Z (yexp - exp)
Z (Ycul - Yexp)2
SEE=\|———""— “)
n—k—1
2n—k —
Fe r‘(n—k—1) S)
k(1 =r)?
Where Y,,, is the experimental value of biological activity; Y, is the

simulated fitting value of biological activity; n is the number of samples;
k is the number of parameters used in modeling; Y, is the predicted
activity of the test set compounds; Y,,,.,, is the calculated average activity
of the training set compounds.

2.5. External validation

Studies have shown that there is no correlation between internal
prediction ability (¢?) and external prediction ability (rire ,)- The g% ob-
tained by the LOO method cannot be used to evaluate the external pre-
dictive ability of the model [27]. The established model has good inter-
nal prediction ability, but the external prediction ability may be very
low, and vice versa. Therefore, the QSAR model must pass effective ex-
ternal validation to ensure the predictive ability of the model for exter-
nal samples. International journals such as Food Chem, Chem Eng J, Eur
J Med Chem and J Chem Inf Model explicitly state that each QSAR/QSPR
paper must be externally verified. The best method for external valida-
tion of the model is to use a representative and large enough test set,
and the predicted value of the test set can be compared with the exper-
imental value. The prediction correlation coefficient rire % >0.6)

d pred
[28] based on the test set is calculated according to equation (6):

1— Z;f] (y,- - )A’i)z

T (v -3)
Where j;: test set activity prediction value, y;: test set activity exper-
imental value, j: average value of training set experimental values, j:
average value of training set prediction values.

Using test sets and classic verification standards to test the external
predictive ability of the developed QSAR model: the Golbraikh-Tropsha
method [29]. The usual conditions of the 3D-QSAR models and HQSAR
models with more reliable external verification capabilities must meet
are: (1) ¢> >0.5, (2) r2 >0.6, (3) (2 — ré)/rz <0.1and 0.85 < k <1.15or
(> =r2)/r* <0.1 and 0.85 < k' <1.15 and (4) |* - r2'| <0.1.

» _ SD—-PRESS _
rpred - SD -

)

A2
,-(2) =1- M 0
Z(yi _yi)
v XK xy)
re=1--—-— 8)
’ 2 (5:-9)
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2z (9
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Where rg and rg/ are squared correlation coefficients of determination

for regression lines through the origin between predicted (y) and ob-
served (x) activities and the values of k and k' are the slopes of their
models.

In addition, the rigorous and powerful statistical indicators proposed
by Roy on the basis of the Golbraikh-Tropsha method are also applied:

2 :,2(1_ |,2_,§|> (11)
2 =,z<1_ ’,,2_,3") (12)
Ar,zn = ‘ri —ri:| a3

For an acceptable model, r? value more than 0.5 (+2>0.5) and
Ar? < 0.2 show good external predictability of the models. In addition,
other kinds of methods, Q%l, QZF2 , RMSE -the root mean square error
of training set and test set, CCC-the concordance correlation coefcient
(CCC >0.85) [30], MAE -the mean absolute error, and RSS- the residual
sum of squares, which is a new method created by Roy, are also calcu-
lated within this tool. The RMSE, MAE, RSS, and CCC are calculated for

the data set as equations (14)-(19):

n A\2
RMSE = I 0imd) (14)
n
mag = Zim P9 bl (15)
n
RSS =Y (y,-5) (16)
i=1
2% ) (P =9
coc - ZZ,=1 (vi = 9) (9 2y) an
S (=9 + X (5 —9) +nG -9
test 5 _ v, 2
0 —i- Z,::t (5 y,)2 as)
Zn=1 (yi - J_/)
test A 2
0%, =1- ?’:I Ui =) - (19)
Zn;l (yi _J_lTesr)

2.6. Virtual screening of new novel SARS-CoV-2 inhibitors

The 3D-QSAR model of 35 cyclic sulfonamide compounds inhibitors
is established by using Topomer CoMFA based on R group search tech-
nology. The molecules in the database are segmented into fragments,
and the fragments are compared with the substituents in the data set,
and the similarity degree of compound structure is evaluated by scor-
ing function [31], so as to perform virtual screening of similar struc-
ture for the molecular fragments in the database. Therefore, after the
Topomer CoMFA modeling, the Topomer CoMFA module in SYBYL-X
2.0 is used for Topomer Search technology to find new molecular sub-
stituents, which can efficiently, quickly and more economically design
a large number of new compounds with better activity.

In this study, by searching the compound database of ZINC (2015)
[32] (a source of molecular structure fragments), the topomer technique
is used to compare and find the molecular fragments with similarity. The
Topomer Distance (TOPDIST) and the contribution value of substituents
are integrated and the established Topomer CoMFA model scores these
fragments and performs virtual screening on the cleaved fragments to
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Fig. 4. (a): Prototype molecular generation diagram (Green area represents prototype molecule). (b): Compound 33 interacts with the active site of protein 7JYC.

obtain Ry, R, and Rj substituents with higher contribution value. Then,
SARS-CoV-2 inhibitor small molecules with better activity are obtained
by splicing design.

2.7. Molecular docking study

Molecular docking is one of the most commonly used methods to
study the mutual recognition process of geometric matching and energy
matching in drug design. The principle of molecular docking is the "lock
and key model" [33]. The lock is a macromolecular receptor with dif-
ferent structures, and the key is a small molecule ligand with a specific
structure. When the macromolecular receptor and the small molecule
ligand are complementary and matched in geometry, the electrostatic
interactions, hydrogen bond interactions and hydrophobic interactions
will occur. Then, in the process of binding, the conformation of the small
molecule ligand and its surrounding amino acid conformation gradually
change, adapt to each other and induce fit.

In order to exert its inhibitory activity against SARS-CoV-2, cyclic
sulfonamide compounds need to have certain affinity with SARS-CoV-
2 enzyme protein. After the two are sufficiently close to each other,
they will combine with each other and interact with each other through
appropriate conformational adjustment, finally forming a stable com-
plex conformation [34]. Surflex-Dock takes polarity effect, hydropho-
bic effect and hydrogen bond effect into account to score the interac-
tion between ligand and receptor, and the Total score is the dissociation
constant (representing docking activity). We use SYBYL-X 2.0 (Surflex-
Dock method) and Discovery Studio Visualization tool 2017 to study
the molecular docking of the least active compound(2, 3, 7, 8, 25, 26,
27, 29) and the most active compound 33 with the 7JYC protein on the
data set reported in the previous experimental studies to further ana-
lyze and verify the molecular structure of cyclic sulfonamide compounds
[35]; and through the comparison of the two methods, the reason why
compound 33 has a higher inhibitory activity against SARS-CoV-2 is ex-
plained. Finally, the four newly designed inhibitor molecules are docked
to understand the antiviral mechanism of the designed compound.

The three-dimensional crystal structure of protease (7JYC) comes
from the PDB database (http://www.rcsb.org/). Before molecular dock-
ing, the protein receptor molecules are pretreated, the required small
molecule ligands are extracted from the macromolecular complexes, and
the own ligands, metal ions, water molecules, and other residues and ter-
minal residues of protein are removed. Polar hydrogen and point charges
are added to expose the binding pocket (represented by the prototype
molecule) [36]. The binding pocket is filled with hydrogen bond donors,
hydrogen bond acceptors and hydrophobic site molecular probes. The
interaction mode of the processed prototype small molecule and pro-
tein macromolecule is shown in Fig. 4(a). The crystal structure of the
protein macromolecule is extracted from the eutectic ligand, and then
the crystal structure is reconnected to the eutectic ligand by molecu-

67

lar docking technology. The original ligand is taken as a reference, as
shown in Fig.S1, the conformation of the crystal structure and the con-
formation after ligand docking are almost overlapped, and the similar-
ity is 0.751. The root mean square deviation (RMSD) is used to evaluate
the quality of molecular docking. Generally speaking, when RMSD <2,
molecular docking is considered to be successful. The RMSD of this study
is 1.434, indicating that the docking method is reasonable and reliable,
and protein 7JYC could be used for molecular docking of newly designed
molecules.

2.8. Predicted pharmacokinetic and toxicity properties

In addition to forming a good interaction with the target, a good drug
molecule should also have good pharmacokinetic characteristics and as
few toxic and side effects as possible. Molecules with important biolog-
ical activities and suitable pharmacokinetic properties are one of the
most important issues in drug design [37]. Although many molecules
have important biological activities, they cannot be used clinically due
to poor absorption, distribution, metabolism and excretion (ADME) pa-
rameters or toxicity. In order to meet the requirements of drug design,
ADMET prediction has become a hot research direction in the field of
computer-aided drug molecular design in recent years [38], and great
progress has been made. ADMET and toxicology screening systems can
provide opportunities to predict in vivo performance in silicon. These
data are very important for the availability of drugs and the design of
new and more active molecules. Predetermining ADME parameters from
molecular synthesis can significantly reduce failures due to inappropri-
ate pharmacokinetic properties. Therefore, this study uses preADMET
online server [39] to conduct ADMET evaluation of compounds to deter-
mine their various physicochemical properties, pharmacokinetic prop-
erties and molecular toxicological characteristics.

3. Results and discussion
3.1. 3D-QSAR and HQSAR results and analysis

3.1.1. Topomer CoMFA analysis

The template molecule (33) is specifically cut as shown in Fig.S2 and
the cyclic sulfonamide derivatives inhibitor is cut into four parts. From
Table S2, the number of principal components (N) of the two QSAR
models are 4 and 2, respectively, r? is 0.938 and 0.837, both greater
than 0.6; ¢* is 0.623 and 0.504, both greater than 0.5; rired are 0.893
and 0.770, respectively, both greater than 0.6. The results show that
the Topomer CoMFA models constructed by the two cutting methods
are both ideal and have good predictive ability and statistical parame-
ters. According to the comprehensive analysis of Table S2, Model 1 not
only has good external predictive ability, but also well retains the core
skeleton of the inhibitor in the cutting method, which is conducive for
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Fig. 5. Regression analysis graph (a) and line
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Fig. 6. 3D contour of the Topomer CoMFA model. (a) and (b): steric and elec-
trostatic field maps of the R, fragment, respectively; (c) and (d): steric and elec-
trostatic field maps of the R, fragment, respectively; (e) and (f): steric and elec-
trostatic field maps of the Ry fragment, respectively.

the selection of R groups. Therefore, model 1 is selected for subsequent
research and molecular design.

The linear regression between the experimental and predicted val-
ues of the Topomer CoMFA model across the entire dataset is shown in
Fig. 5(a) with all samples evenly distributed around 45° line. Fig. 5(b)
shows that the predicted pICs, values for these compounds are highly
similar to the experimental values, indicating that the Topomer COMFA
model shows a satisfactory predictive ability for the low activity com-
pounds (2, 3, 7, 8, 25, 26, 27, 29) and the highest activity compounds
(33) in the whole dataset. These results confirm that Topomer CoMFA
model has good predictive ability for cyclic sulfonamide derivatives.
Therefore, the established 3D-QSAR model can be used for the screen-
ing and design of novel inhibitor molecules.

3.1.2. 3D contour maps analysis

The results of the Topomer CoMFA model are graphically interpreted
using contour maps. Fig. 6 shows the calculated Topomer CoMFA elec-
trostatic field and stereo field profile. In the stereo field map, the green
part shows that increasing the volume of substituents is beneficial for the
improvement of compound activity, while the yellow part shows the op-
posite. The presence of large yellow groups at the position 3 and 4 of R;
group (-Cl, -F) could explain the higher activity of compound 19(pICs,
=5.387) with 3-Cl-Ph as R;, while the lower activity of compound 18
(pIC5p =4.971) with 3-CN-Ph as R;; the activity of compound 21(R;=4-
Cl-Ph, pIC5,=5.398) is higher than that of compound 22(R;=4-CN-Ph,
pIC57=5.032) (compounds R, and R3 have the same group). The R;
sites of compound 34(pIC;;,=4.860) and compound 35(pIC;, = 4.854)
are replaced by template compound 33 (pIC5,= 6.056) with smaller sub-
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yellow (C-3, C-4 positions) polyhedrons in the R, group are distributed
on both sides of the six-membered ring, and the green equipotential
region is larger than the yellow equipotential region (Fig. 6(c)), which
means that increasing the volume of this group will increase the activity
of the compound. Comparing the chemical structures and pICs, values
of compound 5(R,=4-CF3-Ph, pIC5y= 5.276), compound 1(R,= 3-F-Ph,
pIC5p= 4.815) and compound 2(R,= Ph, pIC5,=4.602), it’s found that
the R, group is consistent with the above conclusions.

In an electrostatic field, the red area indicates that introducing a
negatively charged substituent or increasing the electronegativity of the
group is beneficial for the improvement of compound activity, and the
blue area indicates that introducing a positively charged substituent or
reducing the electronegativity of the group is beneficial to increase the
activity. As shown in Fig. 6(b), there are large blue outline near C-3(-Cl)
and C-4(-F) positions on the benzene ring of R1 group. The electroneg-
ativity of -F group at C-3 position on the benzene ring of compounds
9 and 10 is less than that of -CN group, and the activity of compound
9(pIC5y =4.996) is greater than that of compound 10(pIC;, =4.845).
For the R, group of the cyclic sulfonamide derivative, the 1,4- posi-
tion of the benzene ring has the largest red and blue equipotential re-
gion. However, considering that the red equipotential region is closer
to the benzene ring, we pay more attention to the influence of the neg-
atively charged groups. Therefore, more consideration should be given
on the introduction of electro negative groups to enhance compound ac-
tivity in this model. The -CF; group near C-4 is surrounded by large red
blocks, indicating that the bulkly and negatively charged group has a
positive contribution for the activity, for example, compound 33 (pICs,
=6.056) > compound 31 (pIC5, = 5.658), compound 4 (pICsy = 5.051)
> compound 3 (pIC;, = 4.602). As shown in Fig. 6(f), the red contour
lines of the R; group indicate that it is advantageous to increase the
electronegativity of the group here. Among the 35 compounds, com-
pounds 31, 32, and 33 are compounds with fluorine atom of R3, which
have high inhibitory activity against SARS-CoV-2 (pIC;, value is 5.658,
5.509, 6.056, respectively). The activity of compound 33(pIC;, = 6.056,
R3=-F) is higher than that of compound 28 (pICs, = 5.602, R;=-H), and
almost all compounds with negative R; groups show better inhibitory
activity.

3.1.3. HQSAR analysis

The performance of the HQSAR model is affected by parameters
such as HL (hologram length), FD (fragment discrimination type) and FS
(fragment size), and these parameters need to be refined and optimized.
We initially use the default FS (4-7), all HLs and different FD combina-
tions to generate the model. Then selecting different FS to study its influ-
ence on the HQSAR analysis results and obtaining the optimal HQSAR
model. The HQSAR model of 37 statistical parameters is shown in Table
S3. The results show that the model generate when FD is"A + B + C + Ch"
and FS is "4-7" is the best HQSAR model: 71 for hologram length and
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Fig. 7. Regression analysis graph (a) and line graph
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4-7 for fragment size, showing the highest 42(0.704) and %(0.958) with
6 components and the standard error of 0.091.

Fig. 7(a) shows the pICs, correlation diagram of the experimental
and predicted values of the HQSAR model data set. All samples are
evenly distributed near the Y=X line, showing a good linear relationship.
Fig. 7(b) shows that the predicted pICj;, values of these compounds are
almost in agreement with the experimental values. Both the low activity
compounds (2,3,7,8,25,26,27,29) and the highest activity compounds
(33) have good predictive ability, indicating that the HQSAR model has
a satisfactory predictive ability. These results confirm that the HQSAR
model has good predictive ability for cyclic sulfonamide derivatives.
Therefore, the established HQSAR model can be used for the screening
and design of novel inhibitor molecules.

3.1.4. Interpretation of HQSAR contribution map

HQSAR provides color-coded diagrams as direct evidence of the con-
tribution of individual atoms to biological activity. In this study, the
selected compound 33 with the best activity is taken as the represen-
tative for the color-coded HQSAR model analysis, and its single atomic
contribution is shown in Fig. S3. Fig. 8 shows the atomic contribution
diagrams (3, 7, 25, 26, 27, 29) of each series of representative molecules
with lowest activity. It is worth noting that the common skeleton color
of most compounds is blue, which is a common structural fragment of
all molecules and acts in the same way for all inhibitors, indicating their
important role in enhancing activity.

As shown in Fig. S3, most of the atoms of the R; group in the template
molecule (33) are blue, indicating the importance of the R; group on the
inhibitory activity. The -Cl atom and the -F atom at the C-3 and C-4 po-
sitions on the benzene ring are green, which are positive contributions
to the activity of the cyclic sulfonamide derivative inhibitor, indicating
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Fig. 8. HQSAR contribution maps of compound 3(a), 7(b),
25(c),26(d), 27(e) and 29(f). The red end of the spectrum (red,
orange-red, and orange) reflects the negative contribution to the
activity, the green end (yellow, blue and green) represents a posi-
tive effect, and the middle contribution is represented by white.

that the introduction of the R; group here is beneficial for the improve-
ment of the activity. The changes of C-2(-H),C-3(-Cl) and C-4(-CF3) on
the benzene ring of R, group are yellow, blue and green, indicating that
the contribution of these fragments or atoms to the activity of the com-
pound increase successively, and these groups should be retained when
synthesized compounds that may have better biological activity. The F
atom of the R; group appears green, which contributes positively to the
improved activity of the compound; the C-1 and C-5 positions on the
benzene ring of the R, group are white, indicating that the activity of
the cyclic sulfonamide inhibitor is neutral or negative. It may be sub-
stituted by a substituent that can produce a stronger inhibitory effect,
which is consistent with the results of Topomer CoMFA. In Fig. 8, almost
the R, groups of the low-activity molecules appear white, the R; groups
of the compounds 7, 25, 27 and 29 appear white, and the R; groups
of the compounds 3 and 27 appear white, indicating that the inhibitor
activity in these places is neutral or negative, and it may be substituted
by substituents that can produce stronger inhibitory effects. This also
explains the reason for the low activity of these molecules.

3.2. External validation analysis

The external prediction correlation coefficient, Golbraaikh-Tropsha
method and r2, (Roy) are used to verify the external prediction capa-
bilities of the two models. The mathematical expressions of different
statistics of HQSAR model and Tomoper CoMFA model are listed in Ta-
ble S4. It can be seen from Table S4 that the established model satisfies
both the Golbraaikh-Tropsha criterion and the Roy criterion. In addition,
the calculated other indicators further show that our model has reliable
predictive power and is acceptable. The QSAR models for the whole
test set including 12 compounds give the rlzm , and r2 values of 0.893
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Fig. 9. Molecular docking results of template molecule. (a):
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and 0.596 (Topomer CoMFA), and 0.779 and 0.504 (HQSAR), and high
slope regression lines with k and &’ Values of 1.004 and 0.995 (Topomer
CoMFA), 0.997 and 1.001 (HQSAR), r2, r and r(z)’ values of 0.938, 0.834
and 0.878 (Topomer CoMFA), and 0.958 and 0.686 and 0.703 (HQSAR),
respectively are obtained. Obviously, both models produce quite low
RMSE, MAE and RSS values and high CCC values, the QSAR models
yield RMSE, MAE, RSS and CCC values of 0.109, 0.090, 0.144 and 0.927
(Topomer CoMFA); 0.188, 0.136, 0.324 and 0.915 (HQSAR), indicating
robust external predictive power of both models.

3.3. New compounds design and experimental activity

According to the constructed two models and related analysis results,
the molecular structure is optimized using compound 33 as a template.
The selected Topomer distance is close to 185, and the contribution
value of each group exceeds the R group of the template molecule. As
shown in Fig. S4, we select the R5 group of the compound with the high-
est activity from the existing compounds, combine with two R; groups
and two R, groups with high contribution values searched in the ZINC
database, and designe four new compounds according to the permu-
tation and combination principle. The previously established Topomer
CoMFA and HQSAR models are used to predict the activity of these new
compounds. The structure of the newly designed molecule and the pre-
dicted pIC;, value are shown in Table S5. The results show that the pIC;,
values of the newly designed inhibitor molecules are better than those
of compound 33 and could be used as candidate compounds against the
new coronavirus. Among them, compound 1-03 has the highest activ-
ity. The four designed compounds can be further studied by ADMET to
predict whether they have a good inhibitory effect on SARS-CoV-2.

3.4. Docking analyses

In order to understand the binding mode of cyclic sulfonamide
derivatives and protease (PDB code: 7JYC, Resolution: 1.79 V) and
the antiviral mechanism of the designed compound, and to further
verify the results of the QSAR contour map, using SYBYL-X 2.0 soft-
ware (Surflex-Dock) and discovery studio visualization tool 2017 evalu-
ate their binding affinity to SARS-CoV-2 3CLpro. The docking scores
of the compounds with the highest (33) activity and the lowest
(2,3,7,8,25,26,27,29) and the interaction patterns of the newly designed
compounds with 7JYC are studied. The docking scoring results of the
compounds are listed in Table S6 and the scoring functions are used
to select the best ligands and predict their binding mode. The higher
scoring function value of Total-score, the better affinity between the
small molecule ligand extracted from the macromolecular protein and
the receptor; the closer absolute value of Crash is to zero, the smaller de-
gree of inappropriateness between the ligand and the receptor extracted
from the macromolecular protein. Polar is the score of the polarity func-
tion, which can be divided into binding sites located on the surface (the
higher the score, the better) and the interior of the molecule (the lower
the score, the better) [40]. When the Total-score is greater than 5.0, the
output posture is excellent. In this work, the Total score method is used
to screen the best posture.
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Fig. 10. Results of the newly designed molecular docking:(a)1-01, (b)1-02, (c)1-
03, (d)1-04. The rod shape represents the small molecule ligand, the ball and
stick shape represent the amino acid residue that forms the hydrogen bond, and
the yellow dashed line represents hydrogen bonds.
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Fig. 9 shows the docking of molecule No. 33 and the receptor pro-
tein. The hydrogen bond formed between the hydroxyl group and the
amino acid residue GLU166 (N-H-O, 2.705 A;0-H-O, 1.804 A) in the
small molecule plays an important role in the inhibitor activity. The
hydrophobic channel is composed of Leu50, Met49 and Pro168. The
docking score Total-score, Crash score and Polar score are 5.11, -1.33
and 0.84, respectively. Table S6 shows a summary of the scoring func-
tions of all the interaction forces between the molecular ligands of the
studied compounds and the proteins. The docking results show that all
newly designed molecules (Total-score: 5.65-6.01) have a higher total
score function than compound 33 (Total score: 5.11), indicating that the
newly designed molecules have a good stability on the active site of the
7JYC protein. Compound 1-02 shows better docking score. Compounds
2,3,7,8,25,26,27,29 have low predicted activity, and the total scoring
function is relatively low, indicating that theoretically these compounds
have a low antiviral ability.

The same docking protocol is used to link all the designed molecules
to the active site of the target protein. The orientation in the docking
pocket and the hydrogen bonds formed with surrounding amino acids
are shown in Fig. 10 and Fig. S5. The interaction between compound
1-01 and the active binding site of 7JYC is shown in Fig. 10(a). Com-
pound 1-01 forms hydrogen bond donor interaction with GLN192 (N-H-
N:2.545 V), ALA194 (0O-H-N:2.034 V) and VAL186 (0O-H-N:2.034 V); the
hydrophobic channel consists of Met165, Pro168, Ala191, and Thr190.
Total-score, Crash score and Polar score are 5.66, -1.38 and 1.30, re-
spectively. When compound 1-02 interacts with the active region of the
target protein (Fig. 10(b)), it is observed that it forms a hydrogen bond
with GLU166 (O-H-O:1.8251§s); it has a hydrophobic effect with Met165,
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Fig. 11. Residual plots of Topomer CoMFA
model (a) and HQSAR model (b).
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His41, Met49, Leul67, and Pro168. Total-score, Crash score and Polar
score are 6.01, -2.45 and 1.09, respectively.

In Fig. 10(c), compound 1-03 forms a hydrogen bond with GLU166
(NHO:1.827A) and ARG188 (OHO:2.006A); the hydrophobic chan-
nel is composed of Alal91, Leul67, Thr190 and His41. Total-score,
Crash score and Polar score are 5.65, -1.37 and 1.75, respectively. In
Fig. 10(d), compound 1-04 forms a hydrogen bond with GLU166 (N-
H-0:2.123 A), and forms highly hydrophobic interactions with residues
Alal91, Leul67, Phel85, Prol168, and Met165. Total-score, Crash score
and Polar score are 5.11, -1.33 and 0.84, respectively. It is found that the
designed new compound is in good agreement with the observed biolog-
ical activity data, and have a higher activity and Total-score, indicating
that the compound is successfully designed.

3.5. Comparative analysis of model results

The predicted activity values and residual values of Tomoper CoOMFA
model and HQSAR model are shown in Table S7. The residual val-
ues of the QSAR model of cyclic sulfonamide derivatives are shown in
Fig. 11(a) and Fig. 11(b) respectively. Comprehensive comparison, the
Tomoper CoOMFA model has smaller residuals than the HQSAR model
and is a better model; compounds 1, 8, 10, 21, 26, 27, 33 and 34 obtain
the best residual predictions in Topomer CoMFA and HQSAR analysis
(residuals <0.02).

The two established models have good internal and external pre-
dictive capabilities (Table S8). The results of different models can be
verified by each other. Combined with the contour map and color code
map of compound 33, it shows a significant area that affects the inhi-
bition of SARS-CoV-2 by cyclic sulfonamide derivatives. Although the
two models have obvious differences in structure, the experimental re-
sults and predicted biological activities are consistent, indicating that
the two models have reliable predictive power for the remodification
of cyclic sulfonamide derivative inhibitors. By comparison, the analy-
sis results of the HQSAR model are consistent with the analysis results
of the Topomer CoMFA model. In addition, through the HQSAR model
analysis, the -CF5 group on the benzene ring of the R, fragment and the
fluorine atom position of the R, fragment have a positive effect on the
inhibitory activity. From the results of molecular docking, we believe
that the formation of hydrogen bonds between the oxygen atoms in the
common skeleton position of the newly designed molecules and GLU166
has a positive effect on the inhibitory activity. In terms of the structure-
activity relationship, the following conclusions can be drawn: R; should
be a small-volume group with low electronegativity, R, should be a large
volume group with negative charge, and R; should be a small volume
group with strong electronegativity, which also explains why compound
33 has the highest activity among all compounds.

3.6. Predicted pharmacokinetic and toxicity properties

The pharmacokinetic/Pre ADMET toxicity predictor (Table S9) is
used to predict the main pharmacokinetic parameters (absorption, dis-

15 20 25 30 35
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tribution, metabolism, and excretion) and toxicological properties (Ta-
ble S10). Absorption is the process by which a drug enters the blood
circulation from the site where the drug is used, and the drug can only
exert its efficacy after being absorbed. Properties related to absorption
include intestinal absorption value (HIA) of drug molecules, skin per-
meability (SP, log Kp), permeability of Caco-2 cells and permeability of
MDCK cells. According to the results recorded in Table S9, it is found
that the new design compound shows good intestinal absorption at all
of the above sites: greater than 91.00 % (allowable limit: 70 ~100 %
abs), and the skin permeability is also within the acceptable range. In
addition, the observed moderate permeability through Caco-2 cells in
vitrois 84.78 to 88.37 nm/sc, and the detection value of in vitro MDCK
cells is low.

The treatment strategy of most drugs is to transport the drugs to the
blood through oral administration, subcutaneous injection and transder-
mal administration, and then distribute them to various tissues. Plasma
proteins can adsorb a considerable proportion of drug molecules, and
the binding of drugs to plasma proteins (PPB) in the body will directly
affect the efficacy and toxicity of the drugs. Central nervous system
(CNS) drugs must cross the blood-brain barrier (BBB) to penetrate into
brain tissue. The results show that all compounds exhibit strong PPB
values (94.85 % ~ 98.93 %), long half-life and low brain penetration.
Four compounds have low BBB values and have low permeability to
prevent drug entry into CNS and are within the acceptable range of
CNS active compounds (>0.4). The metabolic stability of drugs in the
body is one of the main factors that affect the pharmacokinetic proper-
ties, and unstable compounds often lead to poor pharmacokinetic and
pharmacodynamic properties in the body. Cytochrome P450 (CYP450)
is the main metabolic enzyme of drugs and other internal and exoge-
nous substances, and its activity can be inhibited or induced by cer-
tain drugs. Oxidative metabolism by CYP450 enzymes is the most com-
mon way of metabolism. For CYP450-mediated moderate to low levels
of metabolism, in vitro metabolic stability is well correlated with in
vivo clearance. Calculating the ability of the tested compounds as in-
hibitors of drug metabolizing enzymes CYP2C19, CYP2C9, CYP2D6 and
CYP3A4. In addition, the determination of glycoprotein (P-gp) inhibi-
tion rate can predict the excretion performance of the target compound.
The tested compounds exhibit good inhibitory effect on CYP2C9 and
CYP3A4, but have no inhibitory effect on CYP2C19 and CYP3A4. All
the compounds exhibit an inhibitory effect on P-gp.

Toxicity is the degree of damage to the body or cells and organs of a
substance, and it is one of the most important reasons for the failure of
the late drug development. Predicting the toxicological behavior of the
test compound are measurecd by the AMES test, carcino-Mouse/Rate
and hERG-inhibition (Table S10). In the AMES test, half of the com-
pounds show non-mutagenic behavior. All compounds have negative
carcinogenic effects in mice and rats, except for the low to medium risk
cardiotoxic substances.

It is proved from the prediction of the ADMET performance of newly
designed compounds that they may have good properties as lead com-
pounds, and we can theoretically consider them to be the best SARS-
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CoV-2 inhibitors. It is worth noting that the synthetic feasibility of the
designed compounds has been estimated to be around 4.17 ~ 4.5 (dif-
ficulty scale is 1 ~ 10), which proves that the difficulty of synthesis is
moderate, and the test compounds have great potential to be success-
fully developed as a drug with low toxicological risk characteristics.

4. Conclusion

In this study, 2D (HQSAR) and 3D (Topomer CoMFA) methods are
used to model 35 cyclic sulfonamide derivatives with anti-SARS-CoV-
2 activity, and the ideal and reliable models are obtained. Topomer
CoMFA contour maps and HQSAR fragment contribution maps are an-
alyzed to identify the modification sites of the inhibitors, revealing im-
portant sites that may significantly affect (increase or decrease) molec-
ular activity. By using molecule 33 as a template for fragment search,
four new compounds are designed as potential inhibitors of SARS-CoV-
2, and their pICs, values are predicted. Through molecular docking,
the interaction between ligand and receptor protein is further explored,
which verifies the rationality of the results of the previous structure-
activity relationship analysis and the deduced model. The docking re-
sults show that the newly designed inhibitor molecule has a significant
effect on the GLU166, GLN192, ALA194 and VAL186 sites of the pro-
tein(7JYC), and the formation of hydrogen bonds with ASN46 amino
acid residues may be the main reason for its antiviral. ADMET predic-
tion results have good pharmacokinetic properties, acceptable absorp-
tion, good metabolic conversion, low binding to hERG, no cytotoxicity,
and can be used as a reliable SARS-CoV-2 inhibitor. In conclusion, we
have used reliable computer-aided drug design methods to design more
effective SARS-CoV-2 inhibitors. However, the accuracy of the predic-
tion must be demonstrated experimentally. This study has implications
for understanding the mechanism of inhibition of SARS-CoV-2 by cyclic
sulfonamide derivatives, as well as the design and synthesis of inhibitors.
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