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Abstract 19 

SARS-CoV-2 (Severe Acute Respiratory Syndrome Coronavirus 2) has evolved many variants 20 

with stronger infectivity and immune evasion than the original strain, including Alpha, Beta, 21 

Gamma, Delta, Epsilon, Kappa, Iota, Lambda, and 21H strains. Amino acid mutations are 22 

enriched in the spike protein of SARS-CoV-2, which plays a crucial role in cell infection. 23 

However, the impact of these mutations on protein structure and function is unclear. 24 

Understanding the pathophysiology and pandemic features of these SARS-CoV-2 variants requires 25 

knowledge of the spike protein structures. Here, we obtained the spike protein structures of 10 26 

main globally endemic SARS-CoV-2 strains using AlphaFold2. The clustering analysis based on 27 

structural similarity revealed the unique features of the mainly pandemic SARS-CoV-2 Delta 28 

variants, indicating that structural clusters can reflect the current characteristics of the epidemic 29 

more accurately than those based on the protein sequence. The analysis of the binding affinities of 30 

ACE2-RBD, antibody-NTD, and antibody-RBD complexes in the different variants revealed that 31 

the recognition of antibodies against S1 NTD and RBD was decreased in the variants, especially 32 

the Delta variant compared with the original strain, which may induce the immune evasion of 33 

SARS-CoV-2 variants. Furthermore, by virtual screening the ZINC database against a 34 
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high-accuracy predicted structure of Delta spike protein and experimental validation, we identified 35 

multiple compounds that target S1 NTD and RBD, which might contribute towards the 36 

development of clinical anti-SARS-CoV-2 medicines. Our findings provided a basic foundation 37 

for future in vitro and in vivo investigations that might speed up the development of potential 38 

therapies for the SARS-CoV-2 variants. 39 

Keywords: SARS-CoV-2 variant; spike protein; AlphaFold2; drug screening; structure prediction 40 

1. Introduction 41 

Coronavirus disease 2019 (COVID-19) outbreak began in December 2019 and has caused 42 

more than 4.8 million deaths, according to the statistics of the World Health Organization (WHO), 43 

as of October 15, 2021 (www.who.int). COVID-19 is caused by severe acute respiratory syndrome 44 

coronavirus 2 (SARS-CoV-2), a positive-sense RNA betacoronavirus belonging to the family 45 

Coronaviridae [1, 2]. SARS-CoV-2 possesses a large genome of approximately 30 kb [3], which 46 

encodes for four structural proteins: spike (S), envelope (E), membrane (M), and nucleocapsid (N) 47 

proteins, and sixteen non-structural proteins (Nsp 1-16) [4-6]. Among these proteins, the S protein 48 

plays an important role in binding the angiotensin-converting enzyme 2 (ACE2) of the host cell, 49 

which helps the virus to enter the host cell [7]. The S protein can be recognized by and bond with 50 

the cell surface toll-like receptor 4 (TLR4), as well as antibodies, so it is a target for 51 

immunological recognition [8, 9]. 52 

All viruses, including SARS-CoV-2, change over time. Although the evolutionary rate of 53 

SARS-CoV-2 is low, which displays a change of 1 or 2 nucleotides per month per lineage in the 30 54 

kb pairs [10], a long-time and extensive spread of SARS-CoV-2 have induced some unexpected 55 

mutations that can increase virus transmission and disease severity [11-13]. So far, the worldwide 56 

spreading variants of SARS-CoV-2 are Alpha, Beta, Gamma, Delta, Epsilon, Kappa, Iota, Lambda, 57 

and Mu (21H) named by the WHO. The WHO classifies the variants of Alpha, Beta, Gamma, 58 

Delta to variants of concern (VOC) [14-18]. Previous studies demonstrated that the Delta variant 59 

decreased the effectiveness of vaccines and increased the breakthrough infection rates [19, 20]. 60 

Many researchers have focused on developing anti-SARS-CoV-2 drugs and found some potential 61 

drugs, such as Azvudine [21], Molnupiravir [22], Paxlovid, and antibodies[23, 24]. 62 

The mutations on the S proteins have been reported to affect both the binding affinity with 63 
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ACE2 and the efficacy of antibodies [12, 25-27]. Moreover, the S protein and its parts are 64 

important for designing most approved vaccines, and thus, the mutations on the S protein raised 65 

much more concern about the vaccine effectiveness of SARS-CoV-2 [12, 28-31]. Many 66 

researchers have focused on exploring the S protein structures of different SARS-CoV-2 variants 67 

by experimental and modeling methods, which has contributed immensely to our understanding of 68 

how the mutations alter the structure and function of the S protein [32-35]. However, due to 69 

rapidly increasing variants, it is still a challenge to reveal the S protein structures of all 70 

SARS-CoV-2 variants. AlphaFold2 (AlphaFold) is a computational approach capable of predicting 71 

protein structures with high accuracy, which provides us with a new method to quickly predict 72 

protein structures according to their genetic sequences. Utilization of this powerful approach can 73 

help us to solve the challenge of revealing the S protein structures of different SARS-CoV-2 74 

variants.  75 

In this study, we used the AlphaFold to model the spike protein structures of ten 76 

SARS-CoV-2 variants. The high-accuracy structures were verified by the comparison with 77 

experimental structures and the pLDDT (the predicted local-distance difference test) of the 78 

AlphaFold built-in algorithm. To classify the SARS-CoV-2 strains, we performed phylogenetic 79 

analyses based on the genomic and protein sequences of all strains. Moreover, we analyzed the 80 

binding affinities of ACE2 and antibodies to S1 RBD and NTD, revealing that the mutations on 81 

the Delta variant S protein could affect the recognition of antibodies with S1 RBD and NTD, 82 

which might increase the immune evasion. Furthermore, we identified multiple compounds that 83 

target S1 NTD and RBD by virtual screening the ZINC database and experimental validation, 84 

which might contribute towards the development of clinical anti-SARS-CoV-2 medicines. Our 85 

results provided abundant basic data for further research related to preventing and curing 86 

COVID-19. 87 

2. Results 88 

2.1 Analyses of the sequence mutations on different SARS-CoV-2 strains 89 

SARS-CoV-2 has changed as it has spread across the globe and has evolved many variants, 90 

such as Alpha, Beta, Gamma, Delta, Kappa, Lambda, Gamma, Iota, and 21H variants. To 91 

comprehensively understand the characteristics of these SARS-CoV-2 variants, we analyzed 92 
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nucleotide mutations on all SARS-CoV-2 variants. The results showed that the nucleotide 93 

mutations occur across the whole genome, including open reading frames (ORFs), spike (S) 94 

glycoprotein, nucleocapsid phosphoprotein (N), envelope (E) protein, and membrane (M) protein 95 

(Figure S1). The frequency of mutations on S protein is higher than other parts in different 96 

SARS-CoV-2 variants.  97 

The S protein of SARS-CoV-2 consists of 1273 amino acids containing subunits S1 and S2 98 

(Figure S2A). The subunit S1 is divided into N-terminal domain (NTD), C-terminal domain 99 

(CTD), and receptor-binding domain (RBD) that binds with angiotensin-converting enzyme 2 100 

(ACE2). To analyze the similarities and mutations of S protein in different SARS-CoV-2 variants, 101 

we aligned the S proteins’ sequences in eleven SARS-CoV-2 strains, including original, D614G, 102 

Alpha, Beta, Gamma, Delta, Kappa, Lambda, Gamma, Iota, and 21H variants. The results showed 103 

that the S proteins’ sequences have a mean homology of 99.51%, and the common amino acid 104 

mutations among these SARS-CoV-2 strains are mainly enriched at S1 NTD and RBD (Figure 105 

S2B). The D614G mutation is most common and occurs in ten SARS-CoV-2 variants (Figure 106 

S2B), while the E484K and N501Y mutations appear 4 times. 107 

2.2 The spike protein structure prediction of ten SARS-CoV-2 strains 108 

The alterations of S protein in different SARS-CoV-2 variants have been reported to affect 109 

virulence, transmissibility, disease severity, and immune escape[12, 13, 18]. However, the 110 

influence of amino acid mutations on S protein structure is not yet clear. To acquire the spike 111 

structures of different SARS-CoV-2 strains, we used AlphaFold to predict their spike protein 112 

structures based on the mutated protein sequences. The spike proteins of ten major worldwide 113 

spread SARS-CoV-2 strains were successfully predicted, including original, alpha, beta, gamma, 114 

delta, epsilon, iota, kappa, lambda, and 21H strains. The full-length spike protein monomers are 115 

presented, and the RBD and NTD of the S1 protein are marked by different colors (Figure 1). To 116 

compare the structural difference among the ten SARS-CoV-2 strains, we performed the pairwise 117 

structural alignment based on full-length S (Figure S2), NTD (Figure S3), and RBD (Figure S4), 118 

respectively. The comparison of the full-length spike protein structures shows that the parts of S1 119 

RBD and NTD are significantly changed whereas the S1 C-terminal domain and S2 domain are 120 

hardly affected (Figure S3). The comparison of S1 NTD and RBD structures predicted based on 121 
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their sequences shows that NTD structures are diverse in different strains, and especially the 122 

N-terminal structures of NTD are significantly changed (Figure S4). The N-terminal and 123 

receptor-binding motif (RBM) in RBD structures domains display significant changes (Figure S5). 124 

These observations indicate that S1 RBD and NTD of spike proteins have significant structural 125 

changes between different SARS-CoV-2 strains. We further compared the electrical property on 126 

the structures of RBD and S1 NTD of ten major SARS-CoV-2 strains. The results showed that 127 

amino acid mutations could change the electrical property on the RBD and S1 NTD surfaces 128 

(Figure 1). Particularly, compared with the original S protein, RBD and S1 NTD of SARS-CoV-2 129 

Delta variants were notably different structures and electrostatic surfaces (Figure 1 red box and 130 

S3-S5). 131 

 132 

Figure 1. Spike structure prediction of ten SARS-CoV-2 strains. The structures of full length, 133 

receptor-binding domain (RBD), and S1 N-terminal domain (NTD) of spike protein were shown, 134 

respectively. Monomer spike proteins were displayed in the cartoon model. RBD and NTD were 135 

shown in the electrostatic surface. Red and blue indicate negative and positive charges, 136 

respectively. Red arrows indicate the significantly changed sites on RBD and NTD among ten 137 

strains. Red boxes indicate the major different parts of RBD and NTD in the Delta variant 138 

compared with the original spike protein. 139 

2.3 Validation of the predicted S protein structures of SARS-CoV-2 140 
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   To evaluate the predicted S protein structures of SARS-CoV-2 variants, we analyzed the values 141 

of the predicted Local Distance Difference Test (pLDDT) calculated by AlphaFold since this value 142 

represents the domain accuracy [36]. The pLDDT value above 70 indicates the structures have 143 

been considered as confidently predicted structures [37]. Our results show that mean pLDDT 144 

values of full-length S, S1 NTD, and S1 RBD in different SARS-CoV-2 strains are all above 75 145 

(Figure 2A-C). We also found that percentages of amino acid residues whose pLDDT values are 146 

above 70 in all residues of different full-length S are all higher than 76%, and the percentages of 147 

different S1 NTD, and S1 RBD are above 82%, and 89%, respectively (Figure S6). These results 148 

of pLDDT indicate the predicted structures are highly accurate.  149 

   Furthermore, we compared the AlphaFold-predicted S protein structure of the original strain 150 

with five experimental S proteins, including PDB ID: 7DDD, 7DDN, 7BNM, 6VSB, and 7BNN to 151 

evaluate the validity of the predicted structures. We calculated Template Modelling (TM) score 152 

[38], maximal subset (MaxSub) score [39], and Global Distance Test (GDT)-TS score [40] 153 

between the AlphaFold-predicted and experimental S proteins (Figure 2A). The resulting TM 154 

scores were > 0.88, the MaxSub scores > 0.5, and the GDT-TS score > 0.6 (Figure 2D), which 155 

indicated the predicated S proteins were of high confidence. We further analyzed the 3D structure 156 

similarities between the predicated original S protein with 7DDN that is at an open state of S 157 

protein. The aligned structure showed the predicated original S protein and 7DDN were highly 158 

similar (Figure 2E). We find that the S1 NTD and RBD structures are also similar to the 159 

experimental structure of 7DDN. Overall, these results validate the high accuracy and reliability of 160 

AlphaFold at predicting the S protein of SARS-CoV-2. 161 
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 162 

Figure 2. Validation of the predicted S protein structures. (A-C) The mean pLDDT values of 163 

full-length S proteins (A), S1 NTD (B), and S1 RBD (C) in different SARS-CoV-2 variants. (D) 164 

Comparison of spike protein between AlphaFold predicted and experimental structures. The 165 

experimental structures were downloaded from the protein data bank (PDB), and their accession 166 

numbers were labeled. (E) Alignment of AlphaFold prediction and experimental structure (PDB: 167 

7DDN). The prediction and experimental structures are colored in green and red, respectively. 168 

2.4 Classification of SARS-CoV-2 strains based on the genomic sequences and protein 169 

structures 170 

Successful classification of SARS-CoV-2 strains is important to explore the development of 171 

the virus and predict its evolution. To classify the SARS-CoV-2 strains, we performed 172 

phylogenetic analyses based on the genomic and protein sequences of all strains. The results 173 

showed that SARS-CoV-2 Delta and kappa variants are highly homologous in four 174 

sequence-based clusters (Figure 3A). Clusters based on the spike protein, S1 RBD, and S1 NTD 175 

showed SARS-CoV-2 gamma and beta variants are highly homologous (Figure 3A). The cluster 176 

trees of spike protein RBD and full-length spike proteins are highly similar, which indicates the 177 

spike variances could be mainly from mutations on the spike RBD domains. Next, we further 178 

performed clustering analyses based on the similarities of the full-length spike protein, S1 NTD, 179 

and S1 RBD structures. Notably, clusters based on S1 NTD and RBD revealed that the 180 

A B C

D E
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SARS-CoV-2 Delta variant is significantly different from other variants (Figure 3B and Table S1). 181 

The root means square deviation (RMSD) values of S1 RBD and NTD on the SARS-CoV-2 Delta 182 

variant are higher than that of other variants, indicating that, the S1 and RBD structure of the 183 

Delta variant has changed significantly more when compared with the other strains. Overall, the 184 

clusters based on structures and sequences of full-length spike protein are different, and the 185 

sequence could not well reflect the structures of these SARS-CoV-2. These results suggest that the 186 

structure of Delta S1 RBD and NTD are unique compared to other variants. Currently, the 187 

SARS-CoV-2 Delta variant is spreading quickly across the world, and possesses high virulence 188 

and resistance to available vaccines. Thus, the unique structures of SARS-CoV-2 Delta S1 RBD 189 

and NTD could play important roles in increasing the detrimental change in COVID-19 190 

epidemiology. 191 

 192 

Figure 3. Cluster analysis of SARS-CoV-2 strains based on protein sequences and structures. (A) 193 

Four kinds of clusters of SARS-CoV-2 strains are based on protein sequences. The genome cluster 194 

is based on the genome sequences. The spike, spike RBD and spike NTD clusters are based on 195 

their protein sequences. (B) Three kinds of clusters of SARS-CoV-2 strains are based on protein 196 

structures. Structural similarities are evaluated by RMSD. Related to Table S1. 197 

2.5 The comparison of S1 NTD structure between SARS-CoV-2 Delta and original strains 198 

   To explore the structural difference of S1 NTD between Delta and original (wild-type) strains, 199 

A

   

B
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we analyzed the effects of amino acid (AA) mutations on the S1 NTD structure of the Delta strain. 200 

The result shows that six amino acids are mutated on the S1 NTD structure of Delta strain 201 

compared with the original strain, including T19R, T95I, G142D, E156G, and deletions of F157 202 

and R158 (Figure 4A). These mutations have changed the molecular orientation and electrical 203 

properties of the protein, such as uncharged T19 is mutated to positively charged R19, aliphatic 204 

G142 is mutated to negatively charged D142, and negatively charged E156 is mutated to aliphatic 205 

G156 (Figures 1 and 4A). Meanwhile, we observed the effects of these AA mutations on S1 NTD 206 

structures. The results showed that the domains enriched AA mutations are significantly changed 207 

compared with the original strain (Figure 4B black arrows), while the no mutated domains of 208 

Delta S1 NTD have high similarities with the original strain (Figure 4B black box).  209 

The S1 NTD has been confirmed as an epitope that could be bound with several antibodies 210 

[34, 41]. To further investigate the effects of structural changes on binding antibodies, we 211 

calculated the RMSD values of five loops of S1 NTD between Delta and original strains, 212 

including N1 loop (residues 14-26), N2 loop (residues 67-79), N3 loop (residues 141-156), N4 213 

loop (residues 177-186), N5 loop (residues 246-260). The results show that RMSD values of N3 214 

and N5 are greater than 4.8, and RMSD values of N1, N2, and N4 are 0.406, 1.376, and 0.273, 215 

respectively (Figure 4C). The comparison of structures also shows N3 and N5 are significantly 216 

different (Figure 4D). Given that the N3 and N5 loops mediate the interaction with antibody [41], 217 

we observed the interaction between S1 NTD and antibody 4A8 (PDB: 7C2L). Compared with the 218 

original strain, N3 and N5 of Delta S1 NTD are significantly different, and the pivotal hydrophilic 219 

interaction domain constructed with Delta NTD loops of N3 and N5 and three 220 

complementarity-determining regions (CDRs) are much more open than that of the original strain 221 

(Figure 4E).  222 

Meanwhile, skewings of K147, K150, and R246 responsible for forming salt bridges and 223 

hydrogen (H)–bonded with 4A8 between Delta and original NTD are 10.8, 17.5, and 5.5 224 

angstroms, respectively (Figure 4F). We evaluated the interactions between NTD and antibody 225 

4A8 by HADDOCK and HDOCK prediction. The HADDOCK score, van der Waals energy, 226 

desolvation energy, and RMSD from the overall lowest-energy structure of the original-NTD-4A8 227 

complexes are much lower than that of the Delta-NTD-4A8 complexes, while the electrostatic 228 
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energy, Z-score, and HDOCK docking Score of the complexes are hardly influenced (Table 1 and 229 

S2). These results indicate that AA mutations on Delta S1 NTD significantly affect the structure 230 

and alter the interactions between NTD and antibodies. 231 

Table 1. The HADDOCK and HDOCK predicted docking scores for wild type-NTD-4A8 and Delta-NTD-4A8 232 

complexes. 233 

Docking parameter Wild type-NTD-4A8 Delta-NTD-4A8 

HADDOCK score -84.4 ±8.2 -65.0 ± 5.7 

Cluster size 11 9 

RMSD from the overall lowest- 

energy structure 

0.5 ± 0.4 20.4 ± 2.4 

Van der Waals energy -60.3 ± 5.1 -47.1 ± 4.3 

Electrostatic energy -163.1 ± 9.1 -172.4 ± 24.3 

Desolvation energy -38.8 ± 1.1 -23.2 ± 3.5 

Restraints violation energy 473.3 ± 42.2 397.4 ± 65.7 

Buried Surface Area 1724.4 ± 44.2 1643.9 ± 47.6 

Z-Score -2.6 -2.1 

HDOCK Docking Score -237.21 -237.07 

Notes: Additional parameters, including cluster size, RMSD from the overall lowest-energy structure, van der 234 

Waals energy, electrostatic energy, desolvation energy, restraints violation energy, buried surface area, and 235 

Z-score, are presented. The scores for other mutant complexes are shown in Table S2. 236 
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 237 

Figure 4. Comparison of spike protein substrate 1 NTD between SARS-CoV-2 Delta and original 238 

strains. (A) Structural changes of Delta strain S1 NTD compared to the original strain. Black 239 

arrows and boxes indicate the structures with and without changes, respectively. (B) Mutations of 240 

amino acids on Delta S1 NTD. Triangle represents deletion of amino acid. (C-D) Comparison of 241 

five loops of S1 NTD. The RMSD values are shown in panel C. The structural comparisons are 242 

shown in panel D. (E) The interaction between NTD and 4A8 antibody (PDB: 7C2L). (F) The 243 

differences of three sites on loop N3 and N5 between Delta and original NTD. Yellow lines 244 

indicate the distance between corresponding amino acids. 245 

A

   

B

   

C

   

D

  

E

 

F
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2.6 The comparison of S1 RBD structure between SARS-CoV-2 Delta and original strains 246 

In addition to AA mutations on S1 NTD, two AA mutations-L452R and T478K occur on the 247 

Delta S1 RBD domain, which could change the AA’s electrical properties, the aliphatic L452 and 248 

polar uncharged T478 are mutated to positively charged R452 and K478, respectively (Figure 1). 249 

To explore the structural difference of S1 RBD between Delta and original strains, we compared 250 

the S1 RBD domains. The S1 RBD could be divided into three parts, including N1 (residues 333 251 

to 438), receptor-binding motif (RBM, residues 438 to 506), and N3 (residues 507 to 539), based 252 

on the structure. The RMSD values of N1, RBM, and N3 between Delta and original strains are 253 

0.69, 8.28, and 0.61, respectively (Figure 5A). Consistently, the structural comparisons show that 254 

RBM domains are significantly different between Delta and original strains, while domains of N1 255 

and N3 are highly similar (Figure 5B). Given that the RBM domain plays an important role in 256 

binding with ACE2, we explored the interactions between ACE2 and Delta S1 RBD domain by 257 

aligning structures based on their homologous sequence. Compared with the original strain, Delta 258 

S1 RBD displays a close interaction with ACE2 (Figure 5C).  259 

Moreover, we performed docking simulations to quantify the interactions between ACE2 and 260 

RBD structures of all mutants. The results show that AA mutations could affect the docking scores 261 

between ACE2 and RBD in all SARS-CoV-2 mutants, indicating that interactions between ACE2 262 

and RBD are changed (Table 2 and S3). Comparison between original and Delta strains shows that 263 

electrostatic energy, desolvation energy, Z-Score, and RMSD from the overall lowest-energy 264 

structure are low while van der Waals energy and HADDOCK score are high in Delta-RBD-ACE2 265 

complexes (Table 2). Most notably, significant differences in electrostatic energy between the 266 

original and Delta complexes are observed. The electrostatic energy of the original strain is -221.5 267 

± 11.0, whereas that of the Delta variant is -264.5 ± 23.9 (Table 2), which suggests that the 268 

mutated positively charged R452 and K478 on Delta RBD decrease electrostatic energy. Overall, 269 

these results indicate that AA mutations on the Delta RBD domain could significantly alter the 270 

RBD structure and its interactions with ACE2. 271 

Table 2. The HADDOCK and HDOCK predicted docking scores for wild type-RBD-ACE2 and Delta-RBD-ACE2 272 

complexes. 273 

Docking parameter Wild type-RBD-ACE2 Delta-RBD-ACE2 

HADDOCK score -116.1 ± 1.6 -102.7 ± 4.3 
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Cluster size 119 55 

RMSD from the overall lowest- 

energy structure 

6.5 ± 0.2 1.7 ± 1.4 

Van der Waals energy -56.4 ± 3.0 -35.6 ± 4.8 

Electrostatic energy -221.5 ± 11.0 -264.5 ± 23.9 

Desolvation energy -17.7 ± 2.5 -18.6 ± 5.0 

Restraints violation energy 22.1 ± 16.6 44.0 ± 19.0 

Buried Surface Area 1710.8 ± 41.9 1553.8 ± 106.5 

Z-Score -1.3 -1.8 

HDOCK Docking Score -310.19 -240.73 

Notes: Additional parameters, including cluster size, RMSD from the overall lowest-energy structure, van der 274 

Waals energy, electrostatic energy, desolvation energy, restraints violation energy, buried surface area, and 275 

Z-score, are presented. The scores for other mutant complexes are shown in Table S3. 276 

 277 

Figure 5. Comparison of spike protein RBD between SARS-CoV-2 Delta and original strains. 278 

(A-B) Comparison of three loops of spike RBD. The RMSD values are shown in panel A. The 279 

structural comparisons are shown in panel B. Red arrows indicate the structures with significant 280 

A

   

B

   

C

   



14 

 

changes. (C) Interactions between spike RBD and ACE2. Spike RBD and ACE2 are downloaded 281 

from PDB (6LZG). 282 

2.7 The effects of AA mutations on interactions between S1 RBD and antibodies 283 

The structural comparison of S1 RBD between Delta and original strains shows that 284 

mutations on T478 and L452 induce significant skewing of AAs and alteration of the structures 285 

(Figure 6A). The structural difference occurs on RBM where AA mutations are enriched (Figure 286 

6A), which is consistent with the results of RMSD values (Figure 5A). Distances between T478 287 

and L452 of the original and the corresponding K476 and R450 of the Delta are 29.8 and 5.3 288 

angstrom, respectively (Figure 6A). Given that three epitopes of S1 RBD could be recognized and 289 

bound by antibodies, we analyzed interactions between S1 RBD and antibodies. The results show 290 

that the structures of two of three epitopes are slightly changed, and the bindings with S304 and 291 

S309 antibodies are almost not influenced (Figure 6B2 and B3). Whereas, the epitope bound with 292 

S2H14 antibody, also involved in binding with ACE2, is significantly changed indicating that the 293 

capacity of this epitope bound with antibodies is decreased. To evaluate the interactions between 294 

the antibody S2H14 and S1 RBD of original and Delta strains, we performed docking simulations 295 

based on the interactions between the heavy chain of the S2H14 antibody and S1 RBD. The 296 

results showed that the original-RBD-S2H14 complex has a higher binding affinity than the 297 

Delta-RBD-S2H14 complex (Table 3 and S4). The values of the HADDOCK score, Electrostatic 298 

energy, Desolvation energy, RMSD from the overall lowest-energy structure in the 299 

original-RBD-S2H14 complex are much lower than those in the Delta-RBD-S2H14 complex, 300 

while Van der Waals energy in the original-RBD-S2H14 complex is higher than that in the 301 

Delta-RBD-S2H14 complex (Table 3). These results indicated that the structural changes of Delta 302 

S1 RBD induced by amino acid mutations altered the epitope and reduced antibody recognition. 303 

Table 3. The HADDOCK predicted docking scores for wild type-RBD-S2H14 and Delta-RBD-S2H14 complexes. 304 

Docking parameter Wild type-RBD-S2H14 Delta-RBD-S2H14 

HADDOCK score -79.4 ± 3.7 -72.8 ± 1.4 

Cluster size 16 24 

RMSD from the overall lowest- 

energy structure 

8.8 ± 1.4 21.1 ± 0.4 

Van der Waals energy -40.7 ± 2.5 -44.9 ± 2.4 

Electrostatic energy -141.0 ± 22.6 -136.6 ± 13.0 

Desolvation energy -11.4 ± 7.3 -1.2 ± 2.6 
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Restraints violation energy 9.6 ± 15.6 7.0 ± 11.8 

Buried Surface Area 1186.3 ± 105.6 1182.4 ± 42.8 

Z-Score -1.8 -1.8 

Notes: The scores for other mutant complexes are shown in Table S4. The protein-protein docking is based on the 305 

interactions between the heavy chain of the S2H14 antibody and S1 RBD. 306 

 307 

Figure 6. The effects of Delta strain mutations on interactions between RBD and antibodies. (A) 308 

Comparison of two mutated amino acids on RBD. (B) The interactions between RBD and 309 

antibodies. Antibodies and original RBD are downloaded from PDB (7JX3). 310 

2.8 Virtual screening of potential drugs targeting Delta S1 NTD  311 

The high accurate structural prediction of SARS-CoV-2 spike protein based on AlphaFold 312 

provides us with credible models for screening potential compounds targeting these proteins. 313 

Given that the SARS-CoV-2 Delta variant has been a major threat worldwide, we performed the 314 

virtual screening technique to identify potential drugs. To identify chemicals that can be applied in 315 

the clinic, we selected a database consisting of 5903 approved drugs worldwide (Table S5). We 316 

utilized the screening approach to calculate the binding affinity of the compounds targeting Delta 317 

A

   

B
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S1 NTD distinct from other variants. The results revealed 40 kinds of drugs targeting S1 NTD that 318 

display high binding affinity, whose binding energies are less than -9 kcal/mol (Table S5). The top 319 

10 best docking drugs targeting S1 NTD are cepharanthine, midostaurin, targretin, 320 

zinc000014880001, dihydroergotoxine, trypan blue, vorapaxar, ergotamine, lomitapide, and 321 

lestaurtinib (Figure 7A and Table 4). These 10 drugs are enriched at two pharmacophores on the 322 

Delta NTD (Figure 7B). Pharmacophore 1 is a cavity displaying a positive charge, while 323 

pharmacophore 2 shows a negative charge (Figure 7B). Trypan blue among the ten drugs is 324 

targeted pharmacophore 2, and the other nine drugs are targeting pharmacophore 1 (Figure 7). The 325 

main interactions between trypan blue and pharmacophore 2 are hydrophobic, hydrogen bonds, 326 

and salt bridges through binding with PRO39, ASP40, LYS41, VAL42, PHE43, ARG44, LYS195, 327 

ASN196, ILE197, GLY199, TYR200, PHE201, LYS202, ASP228, and LEU229 (Figure 8). The 328 

nine drugs interact with ASN188, ARG190, HIS207, THR208, and PRO209 on the 329 

pharmacophore 1 through hydrophobic Interactions, hydrogen bonds, pi-cation, and salt bridge 330 

(Figure 8). 331 

Table 4. Virtual screening of potential drugs targeting Delta NTD, RBD, and RBM domains based on Zinc 332 

database. Affinitive values of the top 10 best drugs are presented. Related to Table S5 333 

Targeted 

domains 
ZINC ID Drug name Mwt 

Values 

(kcal/mol) 

Delta 

NTD 

ZINC30726863 Cepharanthine 606.719 -10.6 

ZINC100013130 Midostaurin 570.649 -10 

ZINC1539579 Targretin 348.486 -9.9 

ZINC14880001 ZINC14880001 528.537 -9.9 

ZINC14880002 Dihydroergotoxine 583.689 -9.8 

ZINC169289767 Trypan Blue 872.894 -9.8 

ZINC3925861 Vorapaxar 492.591 -9.8 

ZINC52955754 Ergotamine 581.673 -9.7 

ZINC27990463 Lomitapide 693.732 -9.7 

ZINC3781738 Lestaurtinib 439.471 -9.6 

Delta 

RBM 

ZINC169289767 Trypan Blue 872.894 -9.9 

ZINC4099104 Sn38 Glucuronide 568.535 -9.6 

ZINC14880002 Dihydroergotoxine 583.689 -9.6 

ZINC1612996 Irinotecan 586.689 -9.4 

ZINC3932831 Avodart 528.537 -9.4 

ZINC14880001 ZINC14880001 528.537 -9.4 

ZINC3978005 Dihydroergotamine 583.689 -9.3 
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ZINC95618827 ZINC95618827 721.646 -9.1 

ZINC13444037 Tasosartan 411.469 -9.1 

ZINC3978083 Tubocurarin 609.743 -9.1 

Delta  

RBD 

ZINC169289767 Trypan Blue 872.894 -9.8 

ZINC4099104 Sn38 Glucuronide 568.535 -9.5 

ZINC14880002 Dihydroergotoxine 583.689 -9.5 

ZINC14880001 ZINC14880001 528.537 -9.4 

ZINC1612996 Irinotecan 586.689 -9.3 

ZINC3932831 Avodart 528.537 -9.3 

ZINC3978083 Tubocurarin 609.743 -9.2 

ZINC3978005 Dihydroergotamine 583.689 -9.2 

ZINC13444037 Tasosartan 411.469 -9.1 

ZINC100378061 Naldemedine 570.646 -9 
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 334 

Figure 7. Complexes of top 10 drugs targeting Delta S1 NTD domain. (A) Structures of top ten 335 

drugs combined with Delta NTD. (B1 and B2) Two major pharmacophores on Delta NTD. Red 336 

and blue colors on the surface indicate negative and positive charges, respectively. Yellow circles 337 

indicate the pharmacophores. Drugs used for virtual screening are downloaded from the ZINC 338 

database and filtered by "World subset". The values are related to Table S5. 339 

A

  

B1   B2   
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 340 

Figure 8. Chemical structures of top 10 drugs targeting Delta S1 NTD. The drug interacts with the 341 

red amino acids on the Delta S1 NTD domain based on the blue interactions, including 342 

hydrophobic interaction, hydrogen bond, pi-stacking, pi-cation, and salt bridge. Related to Figure 343 

7 and Table S5. 344 

2.9 Virtual screening of potential drugs targeting Delta S1 RBD and RBM  345 

Given that the Delta S1 RBD and RBM play important roles in entering the host cells through 346 

binding with ACE2, Delta S1 RBD, and RBM have great potential as new drug targets. To further 347 

search potential drugs targeting the SARS-CoV-2 Delta strain, we performed the virtual screening 348 

methods on the Delta S1 RBD and RBM, with RBM used for cross-validation. The results showed 349 

that 14, and 16 kinds of drugs showed a high binding affinity with the Delta S1 RBD and RBM, 350 

respectively (Table S5). Nine of the top 10 best docking drugs are significantly overlapped in 351 

targeting S1 RBD and RBM while the binding energies are different, which include trypan blue, 352 

sn38 glucuronide, dihydroergotoxine, zinc000014880001, irinotecan, avodart, tubocurarin, 353 
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dihydroergotamine, tasosartan (Figure 9A, 10 and Table 4). ZINC95618827 uniquely interacts 354 

with ARG37, TYR78, PRO108, and GLU198 on Delta S1 RBM by hydrophobic interactions, 355 

hydrogen bonds, and salt bridge (Figure 10 A11). Naldemedine interacts with VAL23, ALA26, 356 

ALA30, ASN36, LYS38, ASN132, and THR152 on the Delta S1 RBM by hydrophobic 357 

interactions and hydrogen bonds (Figure 10 A10). The identified drugs are enriched at three 358 

pharmacophores on Delta RBD (Figure 9B). Sn38 glucuronide, naldemedine, zinc95618827 are 359 

enriched at pharmacophore 1 (figure 9b1), while trypan blue, tubocurarin, and dihydroergotamine 360 

are enriched at pharmacophore 2 forming hydrophobic interactions, hydrogen bonds, and salt 361 

bridge (figure 9b2 and 10). Dihydroergotoxine, zinc000014880001, irinotecan, tasosartan, and 362 

avodart are enriched at pharmacophore 3 forming hydrophobic interactions, hydrogen bonds, salt 363 

bridge, and pi-stacking (figure 9b3 and 10). 364 

To validate the binding affinity of the screened compounds to Delta S1 RBD, we used surface 365 

plasmon resonance technology (BIAcore 8K, GE Healthcare) to analyze the binding energy which 366 

is a frequently-used instrument to detect the binding energy between proteins and small molecule 367 

compounds [42, 43]. We detected the binding energy between S1 RBD of Delta variant and the 8 368 

screened compounds, including dihydroergotoxine, trypan blue, irinotecan, biosone, cepharanthine, 369 

avodart, tasosartan, and conivaptan. Five of the compounds exhibited high binding affinity to S1 370 

RBD of the Delta variant, and the estimated binding affinity values (KD) of dihydroergotoxine, 371 

trypan blue, irinotecan, biosone, and cepharanthine were 49.9, 10.8, 243.5, 77.3, and 271.4 uM, 372 

respectively (Figure 11). The results indicated that these compounds could have antiviral activity 373 

and that the drugs predicted by bioinformatics methods were highly confident. 374 
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 375 

Figure 9. Complexes of top 10 drugs targeting Delta S1 RBD domain. (A) Structures of top ten 376 

A

  

B1   B2   B3   
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drugs combined with Delta S1 RBD and RBM. The top nine drugs are commonly identified in S1 377 

RBD and RBM. Red and blue boxes indicate the unique drugs screened in S1 RBD and RBM, 378 

respectively. (B1-3) Three major pharmacophores on Delta S1 RBD and RBM. Red and blue 379 

colors on the surface indicate negative and positive charges, respectively. Yellow circles indicate 380 

the pharmacal cavities. Drugs used for virtual screening are the same as Figure 7. 381 

 382 

 383 

Figure 10. Chemical structures of drugs targeting Delta S1 RBD and RBM. Chemicals A1 to A9 384 

are common drugs in S1 RBD and RBM. Chemicals A10 and A11 are unique for RBD and RBM, 385 

respectively. The drug interacts with the red amino acids on the Delta S1 NTD domain based on 386 

the blue interactions, including hydrophobic interaction, hydrogen bond, pi-stacking, pi-cation, 387 

and salt bridge. Related to Figure 9 and Table S5. 388 
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 389 

Figure 11. The five compounds exhibit high binding affinity to S1 RBD of the Delta variant. The 390 

estimated KD constants of dihydroergotoxine (A), trypan blue (B), irinotecan (C), biosone (D), 391 

and cepharanthine (E) are 49.9, 10.8, 243.5, 77.3, and 271.4 uM, respectively. 392 

3. Discussion 393 

AlphaFold v1 has been used to predict the structures of many SARS-CoV-2 proteins, such as 394 

SARS-CoV-2 ORF 6, 8, 10, and NSP 2, 3, 4, 6 [44, 45], which with high accuracy. In this study, 395 

we focused on predicting the S protein structure of ten SARS-CoV-2 strains, including original, 396 

Alpha, Beta, Gamma, Delta, Kappa, Lambda, Gamma, Iota, and 21H variants with high accuracy 397 

by applying the machine learning method, AlphaFold [37]. The reliability of the predicted S 398 

protein structures was validated in two ways, firstly by use of the pLDDT value calculated by 399 

AlphaFold and the comparison between AlphaFold-predicted and experimental S protein 400 

structures (Figure 2). To the best of our knowledge, this is the first study to present the S protein 401 

structures of so many SARS-CoV-2 strains, which helps lay a foundation for further SARS-COV-2 402 

research and supplement experimental structural biology. Moreover, this effective utilization of 403 

AlphaFold may help the developers to update and optimize the algorithm. 404 



24 

 

How to correctly classify the different SARS-CoV-2 strains is an important question, the 405 

main method used to classify the SARS-CoV-2 strains so far has been phylogenetic analysis, 406 

which is based on the genomic sequence [12, 15, 27, 46, 47]. While phylogenetic analyses do a 407 

good job of reflecting the evolutionary trajectory of the virus to some extent, it cannot account for 408 

differences in virulence of the strains and is not able to substantially differentiate between the 409 

Delta and other strains. Trying to solve this problem, we attempted to classify the SARS-CoV-2 410 

strains by using structural similarity. Interestingly, our classifications showed the unique cluster of 411 

the Delta strain based on the structural similarity of both S1 NTD and RBD, which was different 412 

from that based on the sequences (Figure 3). This result can be interpreted as that the structural 413 

difference can reflect the functional variation more directly. This study suggests that structural 414 

similarity can be a new way to classify SARS-CoV-2 strains under the novel conditions that 415 

AlphaFold can provide high accuracy protein structures. 416 

SARS-CoV-2 Delta ( B.1.617.2) strain was first identified in India in December 2020, which 417 

has become a major epidemic strain worldwide accounting for more than 80% of new cases 418 

(nextstrain/ncov) [47]. The SARS-CoV-2 Delta strain has been confirmed to be less sensitive to 419 

serum neutralizing antibodies and vaccine-elicited antibodies, compared with wild-type strain [48, 420 

49]. Here, we predicted the high-accuracy spike protein structure of SARS-CoV-2 Delta strain 421 

with powerful tool-AlphaFold and demonstrated that the structures of S1 NTD and RBD of 422 

SARS-CoV-2 Delta strain were significantly changed. They displayed lower binding affinities 423 

with the corresponding antibodies, 4A8 and S2H14 antibodies, compared with the original stain 424 

(Figure 4 and 6). The lower binding affinities with antibodies can reduce the neutralization ability 425 

to the spike protein of SARS-CoV-2 Delta strain, and then induce immune evasion. Our results 426 

provided a bioinformatic and computational insight into explaining how the SARS-CoV-2 Delta 427 

variant causes immune evasion from spike protein structure, and it could provide a reference for 428 

the follow-up research. These methods presented in our research can also be used to continuously 429 

monitor the mutation and structural variation of SARS-CoV-2 strains.  430 

Effective drugs against SARS-CoV-2, especially the Delta strain have not yet been developed. 431 

Virtual screening combined with structural biology has been a useful assistant method for drug 432 

discovery [50-52]. The high-accuracy predicted structures of spike proteins provide us a basis for 433 
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the virtual screening. The S1 NTD and RBD are crucial parts for binding host cells [53, 54], and 434 

thus, the binding of the drug with these parts could play important roles in inhibiting the infection 435 

of SARS-CoV-2. Given the unique structure and pandemic of the Delta strain, we selected 5903 436 

worldwide approved drugs that can be used in the clinic rapidly from the ZINC database 437 

(zinc15.docking.org) for virtual screening of targeting S1 NTD and RBD of Delta strain. After a 438 

strict filter at binding energy less than -9 kcal/mol, 40 and 14 kinds of drugs targeting S1 NTD and 439 

RBD were identified. These drugs can form hydrophobic interactions, hydrogen bonds, salt 440 

bridges, Pi-cation, and Pi-stacking with key amino acids on S1 NTD and RBD. Some of these 441 

drugs, including Dihydroergotoxine, Avodart, Tubocurarine, Irinotecan, have been evaluated to 442 

potentially affect SARS-CoV-2 towards proteases, and NSP9 [55-58]. Our results indicated that 443 

these drugs individually or in combinations may be used as potential inhibitors of S1 NTD and 444 

RBD of SARS-CoV-2 after verifying their in-vivo and in-vitro antiviral ability. 445 

A limitation of this study is that we only focused on the S protein structures of SARS-CoV-2. 446 

Besides the S protein, other parts, including nucleocapsid protein, envelope protein, and 447 

RNA-dependent RNA polymerase of SARS-CoV-2 are also not well known, while they can play 448 

important roles in SARS-CoV-2 replication and infection. These proteins should be explored in 449 

future works following our methods. Moreover, the availability of screened drugs targeting the 450 

Delta strain S1 NTD and RBD should be verified by the strict experiments before applying to the 451 

clinic. We would like to highlight that the current study is mainly based on computation and 452 

simulation providing essential data; however, some structures and results should be evaluated by 453 

further experiments. 454 

In conclusion, our study acquired the high-accuracy spike protein structures of ten 455 

SARS-CoV-2 variants by using the AlphaFold model. The complementary methods, containing 456 

the comparison with experimental structures and the validation of pLDDT of the AlphaFold 457 

built-in algorithm, verified the structures were highly accurate. We found that The clustering 458 

analysis based on structural similarity could reflect the current characteristics of the epidemic 459 

more accurately than those based on the protein sequence, such as the mainly pandemic 460 

SARS-CoV-2 Delta variants displayed the unique features in the cluster based on the structural 461 

similarity. Moreover, the analysis of the binding affinities of ACE2-RBD, antibody-NTD, and 462 
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antibody-RBD complexes in the different variants revealed that the recognition of antibodies 463 

against S1 NTD and RBD was decreased in the variants, especially the Delta variant compared 464 

with the original strain, which may induce the immune evasion of SARS-CoV-2 variants. 465 

Furthermore, we identified multiple compounds that target S1 NTD and RBD by virtual screening 466 

the ZINC database against a high-accuracy predicted structure of Delta spike protein, which might 467 

contribute towards the development of clinical anti-SARS-CoV-2 medicines. Our study provided 468 

abundant basic data for further research related to curing COVID-19. 469 

4. Material and methods 470 

4.1 Structure modeling with AlphaFold 471 

The structural prediction of spike protein was based on the model of AlphaFold v2.0 entered 472 

in CASP14 and published in Nature [37]. The inference pipeline and source code of AlphaFold are 473 

available under an open-source license at https://github.com/deepmind/alphafold. The parameter 474 

of preset is the same as that used in CASP14, which runs with all genetic databases and with 8 475 

ensembles. The mirrored databases used in our study include BFD [59], MGnify clusters [60], 476 

UniRef90 [61], Uniclust30 [62], protein data bank (PDB), and PDB70 [63]. The spike protein 477 

sequences of different SARS-CoV-2 variants downloaded from GISAID (http://gisaid.org) were 478 

used as inputs. The graphics processing unit (GPU) used in this study was NVIDIA Tesla V100 on 479 

the π 2.0 cluster supported by the Center for High-Performance Computing at Shanghai Jiao Tong 480 

University.  481 

4.2 Calculation of similarity between experimental and predicted structures 482 

The experimental structures of spike protein were downloaded from PDB, including 7DDD, 483 

7DDN, 7BNM, 6VSB, and 7BNN. The 3D protein structures were visualized by the software 484 

PyMol. The similarity between experimental and predicted structures was evaluated by Template 485 

Modelling (TM) score, maximal subset (MaxSub) score, Global Distance Test (GDT)-TS score, 486 

root-mean-square deviation (RMSD), and the predicted local-distance difference test (pLDDT). 487 

TM-score [38], MaxSub score [39], and GDT-TS score [40] were calculated based on the online 488 

service of TM-align (zhanggroup.org) [64, 65]. The RMSD and pLDDT between experimental 489 

and predicted structures were calculated by the software PyMol and AlphaFold, respectively [36, 490 

66]. 491 
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4.3 Cluster analyses of different SARS-CoV-2 strains 492 

The cluster analyses were performed based on both protein sequences and structures. The 493 

software Molecular Evolutionary Genetics Analysis-X (MEGA-X) was used for phylogenetic 494 

analyses based on protein sequences. The ClustalW alignment algorithms were used to align the 495 

multiple sequences, and evolutionary tree was generated using the maximum likelihood method 496 

[67]. The structural cluster analyses were based on the matrix of RMSD values between different 497 

SARS-CoV-2 strains, and the method used to cluster these strains was based on the built-in 498 

algorithm of R packages “pheatmap”. The data were visualized by the R packages of “pheatmap” 499 

and “ggplot2”. 500 

4.4 Consensus docking of S1 NTD and antibody 4A8 501 

The relaxed-predicted S1 NTD structures of different SARS-CoV-2 strains were selected for 502 

the modeling of biomolecular complexes between S1 NTD and antibody 4A8 [41] based on high 503 

ambiguity-driven protein-protein docking (HADDOCK) [68, 69]. The interface residues at 25 to 504 

32, 51 to 58, 100 to 116 for antibody 4A8 M chain, and at 145 to 150 for S1 NTD were 505 

determined for restraint docking in an online HADDOCK server. The other docking parameters 506 

were set as default. The algorithm of HDOCK combined both template-based and free approaches 507 

were deployed for cross-validation [70, 71]. 508 

4.5 Consensus docking of S1 RBD with ACE2 and antibodies  509 

Similarly, the docking analyses of ACE2 and antibodies with S1 RBD have followed the 510 

same method as described in section 2.4. Briefly, for antibody S2H14 [72] docking against the S1 511 

RBD, the interface residues at 52, 56, 107, and 108 on the heavy chain of the antibody S2H14, and 512 

449, 498, 500, and 505 (131,180,182, and 187) on S1 RBD were determined for restraint docking. 513 

For ACE2 docking against S1 RBD, the interface residues at 21, 24, 27, 28, 30, 35, 38, 79, 80, 82, 514 

83, and 353 for ACE2, and at 449, 453, 455, 456, 486, 487, 489, 493, 496, 498,500, 501, 502, and 515 

505 (131, 135, 137, 138, 168, 169, 171, 175, 178, 180, 182, 183, 184, and 187) for S1 RBD were 516 

determined for restraint docking. The online HADDOCK server was used for docking analysis, 517 

and the HDOCK was used for cross-validation. 518 

4.6 Virtual screening of potential drugs targeting S1 NTD and RBD 519 

For fast use of the screened drugs in the clinic, the 5903 chemicals used for virtual screening 520 
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were downloaded from the ZINC database under the filter of the world-approved drugs. The 521 

software of Autodock vina [73] was applied to identify potential drugs binding with S1 NTD and 522 

RBD. The S1 RBD and NTD were included in the searching grid boxes, respectively. The binding 523 

sites and pharmacophores were searched automatically by the software. Moreover, for 524 

cross-validation, the S1 RBM was set as a target in the searching grid box. Finally, based on the 525 

docking scores, the screened compounds with the threshold values of binding energy fixed less 526 

than -9.00 kcal/mol were identified as potential drugs for S1 NTD and RBD. The binding affinity 527 

was measured by surface plasmon resonance technology using a BIAcore 8K 528 

instrument (GE Healthcare, United States) with running buffer (PBST containing 5% 529 

DMSO) at 25 °C. The S1 RBD of Delta (Beyotime Biotechnology Co., LTD, China, 530 

#P2341) was purchased from immobilized onto sensor CM5 chips by a standard 531 

amine-coupling procedure in 10mM sodium acetate (PH 5.5). Compounds were 532 

serially diluted and injected into the chip at a flow rate of 30 μl/min for 120 s (contact 533 

phase), followed by 120 s of buffer flow (dissociation phase). The binding affinity of 534 

KD value was calculated by the software of Biacore Insight Evaluation V3.0 (GE 535 

Healthcare, United States). 536 

4.7 Interaction analysis between potential drugs and protein structures 537 

The top ten screened compounds ranked by the lowest binding energy were selected for 538 

interaction analysis with S1 NTD and RBD. The interaction analysis was performed using the 539 

online service of protein-ligand interaction profiler (PLIP) [74]. The algorithm of PLIP identified 540 

the amino acids on protein structures responsible for forming specific interactions with the 541 

chemicals. The 3D structures of compounds, S1 NTD and RBD were visualized by the software 542 

PyMol, and the combination compounds with S1 NTD and RBD were generated by the software 543 

Autodocktools. 544 

4.8 Statistical analysis and data visualization 545 

    The statistical analysis was performed using R software (Version 4.0.3) on Rstudio and 546 

Microsoft Excel (Version 2019). The data visualization was performed by the R package of 547 

“ggplot2” and GraphPad Prism (Version 8). 548 

Data availability 549 
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All the data is available on RCSB and UniProt, and any simulation data will be provided on 550 

demand. The protein structural files predicted by AlphaFold were submitted as supplemental 551 

materials. The RStudio code used in this study to perform statistical analysis and visualize data is 552 

available upon request. 553 

Conflicts of interest 554 

The authors declare that they have no known competing financial interests or personal 555 

relationships that could have appeared to influence the work reported in this paper. 556 

Acknowledgments 557 

This work was supported by Shanghai Municipal Science and Technology Major Project 558 

(2017SHZDZX01), Natural Science Foundation of China (32070679, U1804284, 81871055), the 559 

National Key R&D Program of China (2019YFA0905400, 2017YFC0908105, 2021YFC2702103), 560 

Taishan Scholar Program of Shandong Province (tsqn201812153) and Natural Science Foundation 561 

of Shandong Province (ZR2019YQ14). The computations in this paper were run on the π 2.0 562 

cluster supported by the Center for High-Performance Computing at Shanghai Jiao Tong 563 

University. The experimental validation of screened compounds via Biacore was supported by 564 

Jingli Hou from the Instrumental Analysis Center of Shanghai Jiao Tong University. We 565 

acknowledge their help. 566 

References 567 

1. Huang, C., et al., Clinical features of patients infected with 2019 novel coronavirus in 568 

Wuhan, China. Lancet, 2020. 395(10223): p. 497-506. 569 

2. Ghinai, I., et al., First known person-to-person transmission of severe acute respiratory 570 

syndrome coronavirus 2 (SARS-CoV-2) in the USA. Lancet, 2020. 395(10230): p. 571 

1137-1144. 572 

3. Wu, F., et al., A new coronavirus associated with human respiratory disease in China. 573 

Nature, 2020. 579(7798): p. 265-269. 574 

4. Giovanetti, M., et al., Evolution patterns of SARS-CoV-2: Snapshot on its genome 575 

variants. Biochemical and Biophysical Research Communications, 2021. 538: p. 88-91. 576 

5. Sternberg, A. and C. Naujokat, Structural features of coronavirus SARS-CoV-2 spike 577 

protein: Targets for vaccination. Life Sciences, 2020. 257: p. 118056. 578 

6. Walls, A.C., et al., Structure, function, and antigenicity of the SARS-CoV-2 spike 579 

glycoprotein. Cell, 2020. 181(2): p. 281-292. e6. 580 

7. Hu, B., et al., Characteristics of SARS-CoV-2 and COVID-19. Nat Rev Microbiol, 2021. 581 

19(3): p. 141-154. 582 

8. Zhao, Y., et al., SARS-CoV-2 spike protein interacts with and activates TLR41. Cell Res, 583 

2021. 31(7): p. 818-820. 584 



30 

 

9. Piccoli, L., et al., Mapping Neutralizing and Immunodominant Sites on the SARS-CoV-2 585 

Spike Receptor-Binding Domain by Structure-Guided High-Resolution Serology. Cell, 586 

2020. 183(4): p. 1024-1042 e21. 587 

10. Nie, Q., et al., Phylogenetic and phylodynamic analyses of SARS-CoV-2. Virus Research, 588 

2020. 287: p. 198098. 589 

11. Tang, J.W., P.A. Tambyah, and D.S.C. Hui, Emergence of a new SARS-CoV-2 variant in 590 

the UK. Journal of Infection, 2021. 82(4): p. e27-e28. 591 

12. Boehm, E., et al., Novel SARS-CoV-2 variants: the pandemics within the pandemic. Clin 592 

Microbiol Infect, 2021. 27(8): p. 1109-1117. 593 

13. Tang, J.W., et al., Introduction of the South African SARS-CoV-2 variant 501Y.V2 into the 594 

UK. J Infect, 2021. 82(4): p. e8-e10. 595 

14. Patel, M.K., et al., Evaluation of post-introduction COVID-19 vaccine effectiveness: 596 

Summary of interim guidance of the World Health Organization. Vaccine, 2021. 39(30): p. 597 

4013-4024. 598 

15. Singh, J., et al., Evolutionary trajectory of SARS-CoV-2 and emerging variants. Virol J, 599 

2021. 18(1): p. 166. 600 

16. Gupta, R.K., Will SARS-CoV-2 variants of concern affect the promise of vaccines? Nat 601 

Rev Immunol, 2021. 21(6): p. 340-341. 602 

17. Mascola, J.R., B.S. Graham, and A.S. Fauci, SARS-CoV-2 Viral Variants-Tackling a 603 

Moving Target. Jama, 2021. 325(13): p. 1261-1262. 604 

18. Bian, L., et al., Effects of SARS-CoV-2 variants on vaccine efficacy and response 605 

strategies. Expert Rev Vaccines, 2021. 20(4): p. 365-373. 606 

19. Lopez Bernal, J., et al., Effectiveness of Covid-19 Vaccines against the B.1.617.2 (Delta) 607 

Variant. N Engl J Med, 2021. 385(7): p. 585-594. 608 

20. Lipsitch, M., et al., SARS-CoV-2 breakthrough infections in vaccinated individuals: 609 

measurement, causes and impact. Nat Rev Immunol, 2021: p. 1-9. 610 

21. Zhang, J.-L., et al., Azvudine is a thymus-homing anti-SARS-CoV-2 drug effective in 611 

treating COVID-19 patients. Signal Transduction and Targeted Therapy, 2021. 6(1): p. 612 

414. 613 

22. Xie, Y., et al., Design and development of an oral remdesivir derivative VV116 against 614 

SARS-CoV-2. Cell research, 2021. 31(11): p. 1212-1214. 615 

23. Madhusudhanan, N., M. Lenin, and M. Alagarraju, ‘nAb’the self-reactive activity in the 616 

COVID-19 combat. Signal Transduction and Targeted Therapy, 2021. 6(1). 617 

24. Margolis, D.A., et al. 520. Pharmacokinetic and Safety Phase 1 Study and 618 

Microneutralization Assay Results with BRII-196/BRII-198, a Novel Antibody Cocktail 619 

Active Against a Wide Range of SARS-CoV-2 Variants. in Open Forum Infectious 620 

Diseases. 2021. Oxford University Press US. 621 

25. Ju, B., et al., Human neutralizing antibodies elicited by SARS-CoV-2 infection. Nature, 622 

2020. 584(7819): p. 115-119. 623 

26. Guruprasad, L., Human SARS CoV-2 spike protein mutations. Proteins, 2021. 89(5): p. 624 

569-576. 625 

27. Harvey, W.T., et al., SARS-CoV-2 variants, spike mutations and immune escape. Nat Rev 626 

Microbiol, 2021. 19(7): p. 409-424. 627 

28. Weisblum, Y., et al., Escape from neutralizing antibodies by SARS-CoV-2 spike protein 628 



31 

 

variants. Elife, 2020. 9. 629 

29. Wang, P., et al., Antibody resistance of SARS-CoV-2 variants B.1.351 and B.1.1.7. Nature, 630 

2021. 593(7857): p. 130-135. 631 

30. Lam, B., et al., In vivo characterization of emerging SARS-CoV-2 variant infectivity and 632 

human antibody escape potential. Cell Rep, 2021: p. 109838. 633 

31. Khan, A., et al., The SARS-CoV-2 B.1.618 variant slightly alters the spike RBD-ACE2 634 

binding affinity and is an antibody escaping variant: a computational structural 635 

perspective. Rsc Advances, 2021. 11(48): p. 30132-30147. 636 

32. Cai, Y., et al., Distinct conformational states of SARS-CoV-2 spike protein. Science, 2020. 637 

369(6511): p. 1586-1592. 638 

33. Zhang, L., et al., SARS-CoV-2 spike-protein D614G mutation increases virion spike 639 

density and infectivity. Nat Commun, 2020. 11(1): p. 6013. 640 

34. Liu, L., et al., Potent neutralizing antibodies against multiple epitopes on SARS-CoV-2 641 

spike. Nature, 2020. 584(7821): p. 450-456. 642 

35. Khan, A., et al., Higher infectivity of the SARS-CoV-2 new variants is associated with 643 

K417N/T, E484K, and N501Y mutants: An insight from structural data. Journal of 644 

Cellular Physiology, 2021. 236(10): p. 7045-7057. 645 

36. Mariani, V., et al., lDDT: a local superposition-free score for comparing protein 646 

structures and models using distance difference tests. Bioinformatics, 2013. 29(21): p. 647 

2722-2728. 648 

37. Jumper, J., et al., Highly accurate protein structure prediction with AlphaFold. Nature, 649 

2021. 596(7873): p. 583-589. 650 

38. Zhang, Y. and J. Skolnick, Scoring function for automated assessment of protein structure 651 

template quality. Proteins, 2004. 57(4): p. 702-10. 652 

39. Siew, N., et al., MaxSub: an automated measure for the assessment of protein structure 653 

prediction quality. Bioinformatics, 2000. 16(9): p. 776-785. 654 

40. Zemla, A., LGA: a method for finding 3D similarities in protein structures. Nucleic Acids 655 

Research, 2003. 31(13): p. 3370-3374. 656 

41. Chi, X., et al., A neutralizing human antibody binds to the N-terminal domain of the Spike 657 

protein of SARS-CoV-2. Science, 2020. 369(6504): p. 650-655. 658 

42. Guo, Z.Q., et al., Small-Molecule Targeting of E3 Ligase Adaptor SPOP in Kidney Cancer. 659 

Cancer Cell, 2016. 30(3): p. 474-484. 660 

43. Gong, X., et al., Structural Insights into the Niemann-Pick C1 (NPC1)-Mediated 661 

Cholesterol Transfer and Ebola Infection. Cell, 2016. 165(6): p. 1467-1478. 662 

44. Flower, T.G. and J.H. Hurley, Crystallographic molecular replacement using an in 663 

silico-generated search model of SARS-CoV-2 ORF8. Protein Sci, 2021. 30(4): p. 664 

728-734. 665 

45. Heo, L. and M. Feig, Modeling of Severe Acute Respiratory Syndrome Coronavirus 2 666 

(SARS-CoV-2) Proteins by Machine Learning and Physics-Based Refinement. bioRxiv, 667 

2020. 668 

46. Taboada, B., et al., Genomic Analysis of Early SARS-CoV-2 Variants Introduced in 669 

Mexico. J Virol, 2020. 94(18). 670 

47. Hadfield, J., et al., Nextstrain: real-time tracking of pathogen evolution. Bioinformatics, 671 

2018. 34(23): p. 4121-4123. 672 



32 

 

48. Mlcochova, P., et al., SARS-CoV-2 B.1.617.2 Delta variant replication and immune 673 

evasion. Nature, 2021. 599(7883): p. 114-119. 674 

49. Khan., A., et al., Preliminary Structural Data Revealed That the SARS-CoV-2 B.1.617 675 

Variant's RBD Binds to ACE2 Receptor Stronger Than the Wild Type to Enhance the 676 

Infectivity. ChemBioChem, 2021. 22(16): p. 2641-2649. 677 

50. Carpenter, K.A. and X. Huang, Machine Learning-based Virtual Screening and Its 678 

Applications to Alzheimer's Drug Discovery: A Review. Curr Pharm Des, 2018. 24(28): p. 679 

3347-3358. 680 

51. Lavecchia, A. and C. Di Giovanni, Virtual screening strategies in drug discovery: a 681 

critical review. Curr Med Chem, 2013. 20(23): p. 2839-60. 682 

52. Cournia, Z., B. Allen, and W. Sherman, Relative Binding Free Energy Calculations in 683 

Drug Discovery: Recent Advances and Practical Considerations. J Chem Inf Model, 684 

2017. 57(12): p. 2911-2937. 685 

53. Robson, B., Bioinformatics studies on a function of the SARS-CoV-2 spike glycoprotein as 686 

the binding of host sialic acid glycans. Comput Biol Med, 2020. 122: p. 103849. 687 

54. Seyran, M., et al., The structural basis of accelerated host cell entry by SARS-CoV-2†. 688 

Febs j, 2021. 288(17): p. 5010-5020. 689 

55. Chandra, A., et al., Exploring potential inhibitor of SARS-CoV2 replicase from FDA 690 

approved drugs using insilico drug discovery methods. J Biomol Struct Dyn, 2021: p. 1-8. 691 

56. Chandel, V., et al., Structure-based drug repurposing for targeting Nsp9 replicase and 692 

spike proteins of severe acute respiratory syndrome coronavirus 2. J Biomol Struct Dyn, 693 

2020: p. 1-14. 694 

57. Sisakht, M., A. Mahmoodzadeh, and M. Darabian, Plant-derived chemicals as potential 695 

inhibitors of SARS-CoV-2 main protease (6LU7), a virtual screening study. Phytother Res, 696 

2021. 35(6): p. 3262-3274. 697 

58. Iqbal, Z., et al., Managing hyperlipidaemia in patients with COVID-19 and during its 698 

pandemic: An expert panel position statement from HEART UK. Atherosclerosis, 2020. 699 

313: p. 126-136. 700 

59. Steinegger, M., M. Mirdita, and J. Söding, Protein-level assembly increases protein 701 

sequence recovery from metagenomic samples manyfold. Nature Methods, 2019. 16(7): p. 702 

603-606. 703 

60. Mitchell, A.L., et al., MGnify: the microbiome analysis resource in 2020. Nucleic Acids 704 

Research, 2019. 48(D1): p. D570-D578. 705 

61. Steinegger, M. and J. Söding, Clustering huge protein sequence sets in linear time. Nature 706 

Communications, 2018. 9(1): p. 2542. 707 

62. Mirdita, M., et al., Uniclust databases of clustered and deeply annotated protein 708 

sequences and alignments. Nucleic Acids Research, 2016. 45(D1): p. D170-D176. 709 

63. Berman, H.M., et al., The Protein Data Bank. Nucleic Acids Research, 2000. 28(1): p. 710 

235-242. 711 

64. Zhang, Y. and J. Skolnick, TM-align: a protein structure alignment algorithm based on 712 

the TM-score. Nucleic Acids Res, 2005. 33(7): p. 2302-9. 713 

65. Xu, J. and Y. Zhang, How significant is a protein structure similarity with TM-score = 0.5? 714 

Bioinformatics, 2010. 26(7): p. 889-95. 715 

66. Tunyasuvunakool, K., et al., Highly accurate protein structure prediction for the human 716 



33 

 

proteome. Nature, 2021. 596(7873): p. 590-596. 717 

67. Madeira, F., et al., The EMBL-EBI search and sequence analysis tools APIs in 2019. 718 

Nucleic Acids Res, 2019. 47(W1): p. W636-w641. 719 

68. van Zundert, G.C.P., et al., The HADDOCK2.2 Web Server: User-Friendly Integrative 720 

Modeling of Biomolecular Complexes. Journal of Molecular Biology, 2016. 428(4): p. 721 

720-725. 722 

69. Honorato, R.V., et al., Structural Biology in the Clouds: The WeNMR-EOSC Ecosystem. 723 

Frontiers in Molecular Biosciences, 2021. 8(708). 724 

70. Yan, Y., et al., The HDOCK server for integrated protein-protein docking. Nat Protoc, 725 

2020. 15(5): p. 1829-1852. 726 

71. Yan, Y., et al., HDOCK: a web server for protein-protein and protein-DNA/RNA docking 727 

based on a hybrid strategy. Nucleic Acids Res, 2017. 45(W1): p. W365-w373. 728 

72. Piccoli, L., et al., Mapping Neutralizing and Immunodominant Sites on the SARS-CoV-2 729 

Spike Receptor-Binding Domain by Structure-Guided High-Resolution Serology. Cell, 730 

2020. 183(4): p. 1024-1042.e21. 731 

73. Trott, O. and A.J. Olson, AutoDock Vina: improving the speed and accuracy of docking 732 

with a new scoring function, efficient optimization, and multithreading. J Comput Chem, 733 

2010. 31(2): p. 455-61. 734 

74. Adasme, M.F., et al., PLIP 2021: expanding the scope of the protein–ligand interaction 735 

profiler to DNA and RNA. Nucleic Acids Research, 2021. 49(W1): p. W530-W534. 736 

 737 


