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Abstract 18 

 19 

The Coronavirus disease 2019 (COVID-19) is an infectious disease caused by the severe acute 20 

respiratory syndrome–coronavirus 2 (SARS-CoV-2). The virus has rapidly spread in humans, 21 

causing the ongoing Coronavirus pandemic. Recent studies have shown that, similarly to SARS-22 

CoV, SARS-CoV-2 utilises the Spike glycoprotein on the envelope to recognise and bind the 23 

human receptor ACE2. This event initiates the fusion of viral and host cell membranes and then 24 

the viral entry into the host cell. Despite several ongoing clinical studies, there are currently no 25 

approved vaccines or drugs that specifically target SARS-CoV-2. Until an effective vaccine is 26 

available, repurposing FDA approved drugs could significantly shorten the time and reduce the 27 

cost compared to de novo drug discovery. In this study we attempted to overcome the limitation of 28 

in silico virtual screening by applying a robust in silico drug repurposing strategy. We combined 29 

and integrated docking simulations, with molecular dynamics (MD), Supervised MD (SuMD) and 30 

Steered MD (SMD) simulations to identify a Spike protein – ACE2 interaction inhibitor. Our data 31 

showed that Nilotinib and Imatinib bind the receptor-binding domain of the Spike protein with high 32 

affinity and prevent ACE2 interaction. 33 

 34 
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Introduction 38 

 39 

The World Health Organisation (WHO) declared the Coronavirus disease (COVID-19) outbreak as 40 

pandemic on the 12 of March 2020, and as of April 16, about two million cases and nearly 130,885 41 

deaths have been reported (https://www.who.int/emergencies/diseases/novel-coronavirus-42 

2019/situation-reports/). The Severe acute respiratory syndrome–coronavirus 2 (SARS-CoV-2) 43 

was identified as the viral agent causing the disease. SARS-CoV-2 is closely related to the SARS-44 

CoV, which caused a pandemic in 2002-2003 1,2, and it is believed to be the third member of the 45 

Coronaviridae family to cause severe respiratory diseases in human 3,4. Despite several ongoing 46 

clinical studies, there are currently no approved vaccines or drugs that specifically target SARS-47 

CoV-2.  48 

SARS-CoV-2 has a single-stranded positive-sense RNA composed of 29,903 nt containing five 49 

genes, ORF1ab (codifying 16 non-structural proteins), spike (S), envelope (E), membrane (M) and 50 

nucleocapsid (N) genes 5 The virus uses the S homotrimeric glycoprotein located on the virion 51 

surface to allow entry into the human cells 6 The S protein goes through major structural 52 

rearrangements to mediate viral and human cell membranes fusion. The process is initiated by the 53 

binding of the receptor-binding domain (RBD) of the S1 subunit to the peptidase domain (PD) of 54 

angiotensin-converting enzyme 2 receptor (ACE2) on the host cell 7. Structural studies have shown 55 

that two S protein trimers can simultaneously bind to one ACE2 dimer 8. This induces a 56 

conformational change that expose a proteolytic site on the S protein, which is cleaved by the 57 

cellular serine protease TMPRSS2 9. Dissociation of S1 induces transition of the S2 subunit to a 58 

postfusion conformation, with exposed fusion peptides 10, which allows endocytic entry of virus 11. 59 

Wrapp et al. 12 have shown that, despite SARS-CoV-2 and SARS-CoV share a similar cell entry 60 

mechanism, SARS-CoV-2 S protein binds ACE2 with a 10- to 20-fold higher affinity than SARS-61 

CoV S, which may be related to the higher person-to-person transmission of SARS-CoV-2.  62 

S glycoprotein is highly immunogenic, and it is a promising target for drug design (Bongini et al., 63 

2020). Indeed, we showed that a combination of four 20-mer synthetic peptides disrupting SARS-64 

CoV S heterotrimer reduced or completely inhibited infectivity in vitro 13. Similarly, antibodies 65 

targeting SARS-CoV S protein neutralize the virus and have potential for therapy 14. In fact, 66 

disruption of the binding of the S protein to ACE2 prevents the virus from attaching to the host cell 67 

15. The social and economic impact of COVID-19 and the possibility of future similar pandemics is 68 

pushing for a rapid development of treatments. As such, targeting viral-host protein-protein 69 

interaction (PPI) may represent a promising way to prevent or reduce the spreading of the virus 70 

before a vaccine is available 16. In this study, we performed an extensive analysis of the intrinsic 71 

dynamic, structural properties and drug targeting of SARS-CoV-2 RDB. In particular starting from 72 

the structure of RDB in complex with ACE2, we identified transient pockets on RDB on the ACE2 73 

interaction surface area. Our data provide detailed information on the dynamic features of RDB 74 



that we exploited for docking studies. We carried out a virtual screening using 1223 FDA-approved 75 

drugs to explore new therapeutic benefits of existing drugs. To take into account molecules unique 76 

features, such as conformational flexibility, charges distribution, and solvent role in target 77 

recognition and binding, we implemented an extensive molecular dynamics simulation analysis. By 78 

combining molecular dynamics simulations (MD), Supervised MD (SuMD), Steered MD (SMD) and 79 

free energy calculations, we showed that Nilotinib and Imatinib bind RDB with high affinity and 80 

prevent ACE2 interaction. Overall, by adopting a robust in silico approach, our results could open 81 

the gates toward the development of novel COVID-19 treatments. 82 

 83 

Results 84 

 85 

SARS-CoV-2 S glycoprotein virtual screening 86 

 87 

SARS-CoV-2 RBD and hACE2 binding is mostly driven by polar interaction, with an overall ~900Å2 88 

buried surface area. A close analysis of the interface reveals the absence of cavities on RBD in the 89 

interaction surface. We performed MD simulations to account for the protein conformational 90 

flexibility and detected 1029 transient pockets. Based on the druggability features of the cavities, 91 

i.e. volume, depth, polarity, and proximity to the hACE2 binding site, we detected a cluster of 9 92 

transient pockets. In order to identify possible PPI inhibitors, the transient pocket that contained 93 

key residues involved in hACE2 recognition and binding (Fig. 1.A) was selected and used for the 94 

virtual screening of 1223 FDA-approved drugs. Best 10 compounds showed high binding free 95 

energy scores (8.3 to -7.1 Kcal/mol) (Fig. S1). The compounds with the highest binding energies 96 

were Nilotinib and Imatinib, two related aminopyrimidine-based ATP competitive BCR–ABL1 97 

inhibitors used for the treatment of chronic myeloid leukaemia 17. These two compounds share a 98 

similar structure and bind RBD in a similar way, with the aminopyrimidine ring forming H-bonds 99 

with Asp405, Gln409 and hydrophobic interaction with Val417 and Leu455, the central amide 100 

group forming H-bonds with Lys403 and Tyr453, and the benzamide ring forming π-stacking with 101 

Tyr505 (Fig. 1.B-C) The higher binding score of Nilotinib is linked to the presence of two extra H-102 

bonds with Gln414 and Asn501. Importantly, these are biologically relevant residues, since 103 

Asp403, Val417, Leu455 are located at the RBD-ACE2 interface, and Tyr453, Asn501 and Tyr505 104 

form H-bonds with ACE2. Taken together, these data show that Nilotinib and Imatinib are able to 105 

form clearly defined specific interaction with the SARS-CoV-2 S glycoprotein. 106 

 107 

Nilotinib and Imatinib inhibit RBD-ACE2 binding in silico 108 

 109 

In order to understand if Nilotinib and Imatinib are able to interfere and prevent the binding 110 

between the S glycoprotein and ACE2, we run a Supervised Molecular Dynamics (SuMD) 111 



simulations. Using SuMD it is possible to simulate the full binding process of ACE2 to RBD in 112 

presence of Nilotinib or Imatinib in an unbiased way (i.e. independently from starting relative 113 

position), taking into account hydration patterns and drug binding-unbinding events. We first 114 

validated the SuMD protocol by simulating the binding process of RBD with ACE2. The resulting 115 

relative position of ACE2 bound to RBD is comparable to that in the crystal structure (Fig. S2). The 116 

interaction between ACE2 and RBD is established after 2 ns of productive trajectory and is 117 

mediated by key residues in the receptor binding motif (RBM). Specifically, Phe486, Asn487, 118 

Tyr489 in the loop in the ACE2-binding ridge, and Tyr449, Tyr453, Leu455, Phe456, Gln493, 119 

Gln498, Asn501 and Tyr505. Using the same approach, we then simulated the binding of ACE2 to 120 

RBD bound to Nilotinib or Imatinib. During the SuMD simulation ACE2 did not displace the drugs 121 

and did not form interactions with the S glycoprotein even after 50 ns of simulation. This is very 122 

likely due to the drugs interacting with the key residues Leu455, Gln493, and Tyr505, which 123 

prevent ACE2 target recognition. Taken together these data show that Nilotinib and Imatinib 124 

prevent ACE2 recognition and binding to the S glycoprotein. 125 

 126 

Nilotinib and Imatinib binding stability 127 

 128 

During the SuMD drugs were allowed to move and find a more energetically favourable pose in the 129 

binding pocket. However, we noticed that Nilotinib and Imatinib moved in different ways, and, in 130 

order to investigate this further, we performed 100 ns cMD simulations of RBD alone and in 131 

complex with the drugs. While the pose of Nilotinib did not change much during the simulation, 132 

Imatinib moved significantly (Fig. S3.A-B). This is linked to the presence of the trifluoromethyl 133 

group on Nilotinib which allows the drug to form halogen bonds, specifically with Gln493 in the 134 

optimised pose. In order to exclude presence of artefacts in our analysis, we monitored the protein 135 

structural integrity during the simulations. We noticed limited differences between the RMSD of the 136 

apo protein and the RMSD of RBD-Nilotinib/Imatinib complexes, which excludes presence different 137 

protein structural rearrangements in the three cMD simulations (Fig. S3.C). We then estimated the 138 

average binding free energy for the two compounds, and the contribution of each RBD residue to 139 

the binding energy during a 10 ns MD simulation. The affinities estimated by the MM/PBSA 140 

calculations show that ligands bind spontaneously to the target and with high affinity, -286 KJ/mol 141 

and -296 KJ/mol for Nilotinib and Imatinib respectively (Fig. 2.A). Per residue binding energy 142 

contribution showed that Val417, Leu455 and Tyr489 were the key binding residues for Imatinib, 143 

while Phe456, Phe486 and Tyr489 were the key binding residues for Nilotinib. Importantly, we 144 

noticed that Arg355, Lys378, Lys403, Arg408, Asp420, Asn422, Lys452 showed, although low in 145 

magnitude, positive values of binding energy for Imatinib, but not for Nilotinib, suggesting a less 146 

favourable interaction of RBD with Imatinib (Fig 2.B). Taken together these data suggest that 147 

Nilotinib and Imatinib have differences in binding modes. 148 



Drugs-protein unbinding simulations 149 

 150 

To further characterise the recognition process of the two drugs to the S glycoprotein we 151 

performed Steered Molecular Dynamics (SMD) simulations. We ran a 500 ps SMD simulation on 152 

RBD in complex with both Nilotinib and Imatinib, and the time-averaged force profiles during the 153 

unbinding simulation of complexes is shown in Fig. 3.A. For Nilotinib a steady increase of the 154 

applied forces can be seen on the first ~150 ps of the simulation, until it reaches the maximum, 155 

which corresponds to the rupture force of Nilotinib unbinding along this dissociation pathway. The 156 

force then quickly decreases and stays constant till the end of the simulation. Presence of multiple 157 

peaks suggests a 3-steps unbinding process. In the first step (0-172ps) Nilotinib moves away from 158 

the transient pocket sliding along the flexible loop in the ACE2-binding ridge, in the second step 159 

(173-194 ps) Nilotinib detaches from the loop, and in the last step (195-500 ps) it moves away from 160 

the protein and enters the solvent region (Fig. 3.B). Differently, for Imatinib it is not possible to 161 

detect a clear maximum, and the force tend not to variate during the simulation. This lower rupture 162 

force for Imatinib (about 200 kJ/mol/nm less than Nilotinib) reflects the easier unbinding of Imatinib 163 

from RBD, in line with our data showing a lower binding affinity. 164 

 165 

Discussion 166 

 167 

SARS-CoV-2 invades human cells via ACE2, a transmembrane protein expressed on the surface 168 

of alveolar cells of the lungs. Upon binding of ACE2, viral and host cell membranes fuse and the 169 

virus enters into the host cell. This results in the development of an infectious disease, called 170 

COVID-19, which is associated with a major immune inflammatory response. Deaths are caused 171 

by respiratory failure, which have been linked to a cytokine storm with high serum levels of pro-172 

inflammatory cytokines and chemokines 18. There are currently no approved vaccines or drugs that 173 

specifically target Coronavirus infection, and, despite several ongoing clinical trials, treatment 174 

options have been based on different clinical approaches with limited background testing. An 175 

exponentially growing number of computational studies have tried to provide molecular data in 176 

support of these novel potential COVID-19 treatments 19 20 21 16. 177 

The aim of this proof of principle study was to propose a robust in silico protocol that overcame 178 

limitations of classic virtual screening studies 22. The role of hydration patterns in target recognition 179 

and binding is completely absent in docking simulations. Furthermore, in most virtual screenings, 180 

while the ligand is flexible, proteins are only semi-flexible, which affects both the resulting pose of 181 

the ligand and the scoring system 23. More reliable information can only be obtained by MD 182 

simulations, which, despite being computationally expensive, allow to take into account 183 

macromolecules unique features, such as conformational flexibility, charge distribution, and 184 

hydration patterns in target recognition, drug binding, and drug unbinding 24 25. In this study we 185 



coupled docking with MD, SuMD and SMD to identify a Spike protein – ACE2 interaction inhibitor. 186 

Transmission electron microscope image of SARS-CoV-2 have shown how the viral envelope is 187 

densely populated by the S protein, which, due to its role in pathogenesis, is the main target of 188 

neutralizing antibodies and vaccines 26. An analysis of the crystal structure of the RBD with ACE2, 189 

reveals that the RBD of the S protein has a relatively flat surface, which would be unsuitable for 190 

drug targeting. Previous studies have shown that the analysis of protein dynamics allows for the 191 

identification of transient pockets where small molecules can bind proteins 27. We identified a 192 

transient pocket with druggability features on the RBD which may represent a hot spot (Venditti et 193 

al., 2007). Indeed, comparison with the structure of SARS-CoV S protein in complex with a 194 

neutralising antibody isolated from a SARS-CoV survivor shows that the pocket we identified lies 195 

on the same surface recognised by the CDRs of the antibody (Walls et al., 2019). We retrieved the 196 

structure of the protein with an open pocket from the trajectory of the MD simulation and we used it 197 

for a virtual screening of 1223 FDA-approved drugs. The advantage of focusing on FDA-approved 198 

drugs is that the safety issues are all within suitable bounds and are well understood, meaning that 199 

they could proceed to clinical trial reasonably quickly. The compounds showing the higher binding 200 

energy were Nilotinib and Imatinib. Imatinib is the first-generation drug targeted against chronic 201 

myelogenous leukaemia, while Nilotinib was a second-generation, aimed to overcome some of the 202 

resistance mechanisms acquired following Abl kinase mutations 17. The two drugs were also 203 

selected for their reported minimal side effects and specificity for Abl, Kit, and PDGFR kinases, 204 

suggesting lack of binding to other human proteins (Cole et al., 2020). The two drugs share a 205 

similar structure and bind on the same surface on the RBD. While they both are potentially viable 206 

PPI inhibitors, they do not share similar binding modes. In fact, we noticed that Imatinib sample a 207 

larger space on the binding pocket than Nilotinib during the MD simulations. Liu & Kokubo 28 have 208 

used MD simulations to identify more biologically representative binding poses of ligands and have 209 

shown that large changes of poses during MD simulations are linked to a poor binding stability of 210 

the ligands. This is in agreement with our SMD results, which elegantly showed that Imatinib is not 211 

tightly bound to the protein and escapes the binding site easily, differently from Nilotinib for which 212 

we were able to see an unbinding event and an exit rout from the binding pocket. Interestingly, we 213 

also noticed that the moment of inertia (MOI) of RBD bound to Nilotinib is higher than the MOI of 214 

RBD alone or in complex with Imatinib (Fig. S3.D). An increase in MOI has been associated with a 215 

loss of cross correlations, which could be linked to a reduced protein structural stability 29. Although 216 

beyond the aim of this study, we speculate that Nilotinib may have a secondary PPI inhibition 217 

mechanism by affecting the Spike protein stability. 218 

While writing this paper, several drug repurposing studies targeting the S protein have been 219 

published. Interestingly, Smith and Smith 19 and Senathilake et al. 21 carried out a virtual screening 220 

on the same surface we identified as a transient pocket. Binding energies of the proposed 221 

compounds are however one order of magnitude lower than the one we observed for Nilotinib. This 222 



is very likely linked to the protein structures used for virtual screening and/or a binding pocket not 223 

being in the optimal open conformation, highlighting the strength of our in silico approach. 224 

Our results show the importance of taking into account the full structural features of a protein-225 

ligand complex and how a combination of MD simulations may help predict the validity of a 226 

proposed inhibitor. Our work suggests that Nilotinib could be a potential initial compound able to 227 

prevent SARS-CoV-2 infection. 228 

 229 

Methods 230 

 231 

Structural Resources  232 

 233 

3D Structure and FASTA sequence of SARS-CoV-2 RBD in complex with human hACE2 (PDB ID 234 

6VW1) were retrieved from the RCSB Protein Data Bank 30 . To avoid errors during the molecular 235 

dynamic (MD) simulations, missing side chains and steric clashes in PDB files were adjusted by 236 

homology modelling, using PyMOD2.0 and MODELLER v.9.3 31. 3D structures were validated 237 

using PROCHECK 32. GROMACS 2019.3 33 with AMBER99SB-ILDN force field was used to 238 

resolve high energy intramolecular interaction before docking simulations. Structures were 239 

immersed in a cubic box filled with TIP3P water molecules and counter ions to balance the net 240 

charge of the system. Simulations were run applying periodic boundary conditions. The energy of 241 

the system was minimized with 5.000 steps of minimization with the steepest descent algorithm 242 

and found to converge to a minimum energy with forces less than 100 kJ/mol/nm. A short 10 ns 243 

classic Molecular Dynamics (cMD) was performed to relax the system.  244 

All the cMD simulations were performed integrating each time step of 2 fs; a V-rescale thermostat 245 

maintained the temperature at 310 K and Berendsen barostat maintained the system pressure at 1 246 

atm, with a low dumping of 1 ps−1; the LINCS algorithm constrained the bond lengths involving 247 

hydrogen atoms. 248 

 249 

Transient pockets and virtual screening 250 

 251 

A 100 ns cMD simulations was used, as described above, for the identification of transient pockets. 252 

Transient pockets were identified by analysing MD trajectories of of SARS-CoV-2 RBD structure 253 

with EPOS tool 34, using parameters by default 35. The volumes of the transient pockets during the 254 

simulation were measured using POVME 36. Open pockets in close proximity to ACE2 binding site 255 

were selected based on the depth and polarity of the cavity. A box with dimensions of 25, 25, and 256 

21 Å was created around the transient pocket using Autodock Tools 37. Subsequently, a virtual 257 

screening of 1223 FDA-approved drugs obtained from Drugbank 38 was carried out on SARS-CoV-258 



2 RBD using AutoDock/VinaXB 39. MGLTOOLS scripts 37 and OpenBabel 40 were used respectively 259 

to convert protein and ligand files and added gasteiger partial charges.  260 

 261 

Supervised Molecular Dynamics (SuMD) simulations 262 

 263 

SuMD were used to sample the binding of hACE2 to RBD, as well as to probe the binding of 264 

hACE2 to RBD-Nilotinib/Imatinib complexes. SuMD methodology relies on a tabu-like algorithm 265 

that monitors the distance between hACE2 and centre of mass of the RBD binding site during 266 

unbiased MD simulations to sample a binding event in the range of nanoseconds 41. The protocol 267 

is based on performing a series of short unbiased MD simulations, where after each simulation the 268 

distance points collected at regular time intervals are fitted into a linear function. If the resulting 269 

slope is negative, then hACE2 is getting closer to the RBD binding site and the MD steps are kept, 270 

if it the slope is not negative, then the simulation is restarted by randomly assigning the atomic 271 

velocities. We used an SuMD step of 1000 ps, with a constant temperature and pressure of 310 K 272 

and 1 atm respectively. When the distance between the hACE2 and RBD reached 5 Å or less, then 273 

the supervision was disabled, and a 10 ns cMD simulation was performed. The analysis was 274 

performed with an in-house written python and bash script. 275 

 276 

Steered Molecular Dynamics (SMD) simulations 277 

 278 

In order to evaluate the binding interaction between RBD and Nilotinib or Imatinib, the RBD-279 

Nilotinib/Imatinib complexes were simulated to dissociate using a 500 ps SMD simulation by 280 

Constant Force Pulling of 250 KJ/mol/nm. While the backbone of RBD was not allowed to move, 281 

Nilotinib and Imatinib experienced a constant force in x, y, z direction, specifically (0, 250, 0) for 282 

both compounds. Nilotinib and Imatinib were pulled with an external force in the NPT ensemble at 283 

1 atm and 310 K with 2 fs time steps. MD analyses was performed with GROMACS 2019.3 284 

package and displayed with GRACE. 285 

 286 

Molecular mechanics/Poisson-Boltzmann surface area (MM/PBSA)  287 

 288 

MM/PBSA is a standard method used to estimate the binding free energy of a protein-ligand 289 

complex. The last 10 ns of the cMD trajectory for both Nilotinib and Imatinib in complex with RBD 290 

were extracted for MM/PBSA calculations 42. The binding energy were calculated using the 291 

g_mmpbsa package within GROMACS 43. In short, the binding energy are defined as: 292 

 293 

ΔGBinding = GComplex − (GProtein + GLigand) 294 

 295 



where, GComplex, GProtein and GLigand are respectively the total free energy of the protein-ligand 296 

complex, of RBD and Nilotinib or Imatinib. 297 

 298 
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 411 

 Figure 1. (A) Surface representation of the structure of the RBD of the S protein having an open 412 

pocket conformation. The transient pocket surface patch is depicted in brown. In the zoomed 413 

region it is possible to see a detailed structural representation of the open pocket conformation. 414 

Residues laying on the pocket surface have been labelled and are shown in stick. (B-C) Structural 415 

representations of the (B) RBD-Nilotinib and (C) RBD-Imatinib complexes resulting from docking 416 

simulations. Residues forming direct interactions with the drugs are shown as brown sticks. 417 

Hydrogen bonds are indicated with green dashed lines and the halogen bond is shown with red 418 

dashed lines. 419 

 420 

Figure 2. (A) MM/PBSA binding energy against simulation time for Nilotinib (dotted line) and 421 

Imatinib (dashed line). (B) Per residue energy of interaction with Nilotinib (dotted line) and Imatinib 422 

(dashed line). Energy of interaction during the MM/PBSA calculations is shown against the RBD 423 

residues numbers. 424 

 425 

Figure 3. (A) Force profiles of drugs pulled out of the RDB transient pocket along the unbinding 426 

pathway, Nilotinib (dotted line) and Imatinib (dashed line). (B) Structural representations showing 427 

position of Nilotinib (blue ball-and-stick) and Imatinib (red ball-and-stick) on RBD (white cartoon) 428 

during the different stages of the unbinding process.  429 
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