
Mathematical modeling 

We used a standard viral kinetic model in Equations S1-S4 which tracks susceptible epithelial 

(“target”) cells (T), infected cells in the eclipse phase (I1), infected cells producing virus (I2), and 

free virus (V). 
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Here, target cells are infected with virus at rate βV per day. The cells then enter an eclipse phase 

(I1) before transitioning at a rate k per day to cells that produce virus (I2). Infected cells produce 

viruses at a rate p PFU/mL/cell/day. Free virus is cleared at a rate c per day, and infected cells are 

cleared at rate δ per day. 

Given a parameter set θ, the cost C(θ) was minimized across parameter ranges using an 

Adaptive Simulated Annealing (ASA) global optimization algorithm [1] to compare experimental 

and predicted values of virus (V; log10 PFU/ml). Errors of the log10 data were assumed to be 

normally distributed. To explore and visualize the regions of parameters consistent with the 

model, we fit Equations 1-4 to 500 bootstrap replicates of the data. If the fit was within χ2 = 0.05 

of the best-fit [1-3]. For each best-fit estimate, we provide 95% confidence intervals (CI) obtained 



from the bootstrap replicates. Calculations were performed in MATLAB using a custom-built 

ASA algorithm [1], and ode15s as the ODE solver.  

Estimated parameters included the rates of virus infection (β), virus production (p), and 

virus clearance (c). To reduce the parameter space due to limited data, the eclipse phase transition 

(k) was fixed to 4 per day, and the infected cell clearance (δ) was fixed to the slope of virus decay 

[4]. During bootstrap fits, we allowed the fixed value of the infected cell clearance rate (δ) to vary 

between ±20% to account for potential variability in this parameter. Bounds were placed on the 

parameters to constrain them to physically realistic values. The rates of infection (β) were allowed 

to vary between 1x10-6 and 5x10-3 (PFU/ml)-1 d-1, and the rates of virus production (p) between 

1x10-2 and 5x101 PFU/mL cell-1 d-1. Bounds for the virus clearance rate (c) were 1x10-2 and 5x101 d-

1. The initial number of target cells (T(0)) was set to 1x107 cells [1-3]. The initial number of infected 

cells I1(0) was set to 1x104 cells to reflect an initial dose of 1x104 PFU/ml [1]. We previously found 

that fixing or estimating I1(0) or fixing or estimating V(0) did not improve the fit and could not be 

statistically justified [1]. The initial number of productively infected cells (I2(0)) and the initial free 

virus (V(0)) were set to 0. 

Informatics-based analyses of UT5 M: T7I, UT23 S:Y248H mutations and nSP2:S211. 

Complementary informatics-based estimates of fold-stability, coupled motions, and changes to 

glycosylation patterns were performed for a UT5 amino acid change on the M protein, T7I. 

Estimates of fold stability were made using SAAFEC-SEQ 

(http://compbio.clemson.edu/SAAFEC-SEQ/index.php) [5], MUpro 

(http://mupro.proteomics.ics.uci.edu/) [6], iStable (http://predictor.nchu.edu.tw/iStable/), [7], 

Molecular Operating Environment’s (MOE) [8] residue scanning module, and I-Mutant2.0 



(https://folding.biofold.org/i-mutant/i-mutant2.0.html) [9]. All web server-based estimates of 

stability made use of default parameters, while MOE-derived estimates made use of 

LowModeMD with the OPLS-AA force-field [10]. Estimates of coupled motions were determined 

using DynOmics web server (https://dyn.life.nthu.edu.tw/oENM/) [11] using the 

MembraneANM options and input prepared with the positioning of proteins in membrane  web 

server (https://opm.phar.umich.edu/ppm_server2) [12]. Prediction of N- and O-linked 

glycosylation sites were performed on the NetNGlyc 1.0 server 

(http://www.cbs.dtu.dk/services/NetNGlyc/) [13] and SPRINT-Gly (https://sparks-

lab.org/server/sprint-gly/) [14]. This M: T71 mutation site was mapped onto a recently developed 

homology model [15] and generated with the I-TASSER homology package [16]. 

For the spike protein, we used the GROMACS simulation package [17] in conjunction with 

default simulation parameters, i.e. non-bonded cutoffs of 1.2 nm along with PME electrostatics 

and Nose-Hoover/Parinello-Rahman thermo/barostats, taken from  CHARMM-GUI [18, 19], a set 

of short (2ns) molecular dynamics simulations of the mutant and wild type spike, with the initial 

structures taken from a structural alignment, and in silico mutagenesis and glycosylation 

performed using the Molecular Operating Environment software package [8] of the PDB entries 

6M0J [20] and 6VXX [21]. 

An analysis of the nsp2 cryo-EM/AI derived structure (PDB: 7MSW)[22] and N-terminal 

x-ray structure (PDB: 7EXM)[23] showed that S211 is located near one of three highly conserved 

zinc-finger/ribbon motifs[22]. S211 is within 7Å to 8Å of the Zn within the CCHC (residues C190, 

C193, H202, and C236) zinc finger. Performing in silico mutagenesis using the MOE software 

package followed by local energy minimization (using the default convergence criteria and the 



Amber14 force-field)[24], suggests that the S to F mutation, as a result of the substantially larger 

PHE sidechain, alters the structure of the CCHC zinc-finger (RMSD 1.8Å, figure S3), including a 

substantial disruption of the zinc coordination. Given the strong evolutionary conservation of this 

zinc-binding motif it is likely that the preservation of these domains are crucial for nsp2 function 

and thus disruption of one of these fingers by the S211F mutation may deleteriously impact nsp2 

function.  
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