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In addition to this pdf, the Supplementary Information includes:

• Data S1: Calculated inner protein hydrogen bonds for open and closed states.

• Data S2: Parametrization details for glycans, lipids.

• Data S3: Structure files for closed state.

• Data S4: Structure files for open state.

• Movie S1: Artistical visualization of the open and closed state systems used in our study.

Statistical Analysis Details

In this section, we share the details of statistical analysis presented in this work.

Principal Component Analysis

The PCA analysis described in Results section was performed using Python libraries such as

NumPy1, MDTraj2, Matplotlib3, Scikit-learn4, and SciPy5. Initially, we obtained trajectories

of the spike protein from simulations available on the Amaro Lab website6. Specifically, these

trajectories were sourced from the work of Casalino et al.7. The protein topology and scaffold

residues were defined based on the Amaro PDB files corresponding to both open and closed states.

Subsequently, the spike protein trajectories were aligned to the central scaffold residues, with a

focus on the Cα atom indices. Next, we applied PCA to the aligned trajectories to extract the

dominant modes of motion exhibited by the spike protein. The PCA analysis was conducted using

the Scikit-learn library, allowing us to compute the resulting principal components (PCs) and their

corresponding explained variance ratios. The PCA coordinates were then saved for subsequent

projection of our trajectories onto the obtained PCA space. To further characterize the distribution

of conformations in the PCA space, kernel density estimation (KDE) was employed. Specifically,

KDE was applied to each dimension of the PCA scores using the Gaussian KDE function from the
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SciPy library, facilitating the estimation of the probability density function of the data, providing

valuable insights into the spatial distribution of spike protein conformations. The overall density

at each point in the PCA space was calculated by multiplying the densities along each dimension,

after which the density values were normalized. These normalized density values were utilized to

generate a heatmap-style PCA plot, where each point represented a distinct spike protein confor-

mation. The color of each point on the plot corresponded to the normalized density at that location,

offering visual cues regarding the density distribution across the PCA space. The resulting plot was

visualized using Matplotlib, and a color bar was included to indicate the density scale.

Root Mean Square Fluctuation

The Root Mean Square Fluctuation (RMSF) of protein Cα atoms was computed to assess the

dynamic behavior of the SARS-CoV-2 spike protein. Utilizing the Visual Molecular Dynamics

(VMD) software package8, the total number of frames in the molecular system was determined.

The RMSF calculation was then performed using the measure rmsf utility available in VMD,

which generated RMSF values for each Cα atom over the trajectory frames.

Hydrogen Bond and Salt Bridge Analysis

The hydrogen bond and salt bridge analysis were conducted using VMD software environment8

throughout the concatenated simulation trajectories for both open and closed states. For the hydro-

gen bond analysis, hydrogen bonds between protein residues were identified based on geometric

criteria such as donor-acceptor distance (3 Å) and hydrogen-donor-acceptor angle (20◦). Similarly,

for the salt bridge analysis, interactions between positively and negatively charged protein residues

were examined with an oxygen-nitrogen distance cut-off of 3.2 Å.
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Fig. S1. Stable salt bridges in the SARS-CoV-2 spike protein structure, shown for the closed (up-
per panel) and open (lower panel) conformations across all macro-iterative simulations. These
simulations were conducted using the polarizable AMOEBA force field and density-driven con-
formational sampling, as detailed in the Methods section of the main text (M- refers to the macroi-
teration). Chains A, B, and C represent the trimeric configuration of the protein.

Fig. S2. Common stable inner hydrogen bonds found in the RBD domain of both closed and open
states along all the macroiterative simulations.
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Fig. S3. Common stable inner hydrogen bonds found in the NTD domain of both closed and open
states along all the macroiterative simulations.

Fig. S4. Common stable inner hydrogen bonds found in the CH domain of both closed and open
states along all the macroiterative simulations.
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Fig. S5. Common stable inner hydrogen bonds found in the CD domain of both closed and open
states along all the macroiterative simulations.

Fig. S6. Common stable inner hydrogen bonds found in the TM domain of both closed and open
states along all the macroiterative simulations.
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Solvent-Accessible Surface Area

The solvent-accessible surface area (SASA) of glycans was computed to investigate their solvent

exposure throughout the simulation trajectory. The calculation was performed within the VMD

software environment8. Initially, a list of glycan segment names was defined to facilitate the se-

lection process. The total number of frames in the trajectory was determined to iterate over each

frame and over each glycan segment considering only its non-hydrogen atoms during the calcu-

lation. The SASA of the selected segment, excluding hydrogen atoms, was calculated using the

measure sasa utility available in VMD with a probe radius of 1.4 Å. The SASA values obtained

for each frame were accumulated to compute the total SASA for the segment. Subsequently, the

average SASA for the segment across all frames was determined by dividing the total SASA by

the number of frames.
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Dynamic Cross-Correlation Function

The analysis of dynamic cross-correlations between protein residues and glycan segments was con-

ducted using a combination of Python libraries, including NumPy1, Matplotlib3, SciPy5, MDAnal-

ysis9,10, and Seaborn11. The protein topology and trajectory were processed using the MDAnalysis

library within Python. The protein residues and glycan segments of interest were selected based on

predefined residue numbers and segment names. The center of mass (COM) for both the selected

protein residues and glycan segments was calculated for each frame of the trajectory. The COM

values were stored in NumPy arrays for further analysis. Using the correlate2d function from the

SciPy library, the dynamic cross-correlation matrix was computed between each pair of residues

and glycan segments throughout the trajectory. To ensure consistent visualization, the dynamic

cross-correlation matrix was normalized using a min-max normalization function. The intensity of

each cell in the heatmap indicates the strength of the correlation between the corresponding residue

and glycan segment.

Center-of-Mass Distances between Protein and Glycan Residues

The selection of protein domains and corresponding glycans was based on Table S1 in Casalino

et al.7. To compute the distances between these selected residues, the trajectory was iterated over.

Utilizing VMD measure center utility, the center-of-mass (COM) coordinates for each selected

protein and glycan group were determined, followed by the computation of the distance between

their respective COMs.
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Fig. S7. Normalized dynamic cross-correlation function depicting the dynamic interactions be-
tween protein residues of chains A, B, C and surrounding glycan segments across open (top)
and closed (bottom) states of the SARS-CoV-2 viral structure. The color intensity represents the
strength of correlation, ranging from 0 (low correlation, shown in blue) to 1 (high correlation,
shown in red). The residues responsible for the glycan gating are contoured with rectangle black
boxes.

Fig. S8. Center-of-mass (COM)-to-COM distances between protein domains and surrounded gly-
cans along combined simulations from all iterations for open (red) and closed (black) states.
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Contact Maps

The contact maps analysis involved computing the distances between specific protein residues and

glycan residues from the trajectories. Firstly, atoms corresponding to the target protein and glycan

residues were selected from the trajectory data. Next, the center of mass (COM) coordinates were

calculated for each protein residue and glycan residue across all frames of the trajectory. This

step allowed us to represent each residue as a single point, simplifying the analysis of their spatial

relationships. Subsequently, the Euclidean distance between the COM of each protein residue and

the COM of each glycan residue was computed for every frame of the trajectory, using the NumPy

linalg.norm and SciPy spatial.distance.cdist functions. This process resulted in a matrix where

each row represented the protein residue and each column represented a glycan residue, with the

values indicating the distances between corresponding protein-glycan residue pairs. Finally, the

distance matrix was visualized as a heatmap, with color intensity reflecting the distance between

protein-glycan pairs.
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Fig. S9. Contact maps of interactions between center-of-mass (COM) of N165, N234, and N343
of the protein and corresponding glycans G30, G31, and G10 in open (A, B, C) and closed (D,
E, F) states. The corresponding COM of glycan residues are BMAN (β-D-mannose), AMAN (α-
D-mannose), BGAL (β-D-galactose), BGLN (β-D-glucoseamine), ANE5 (α-D-neuraminic acid
(also known as sialic acid)), AGAN (α-D-galactose), AFUC (α-L-fucose).

Radial Distance Analysis of Glycans

To investigate the radial distribution of the glycan shield, we calculated the radial distances of

glycan COM relative to the z-axis across all frames of the simulation. For each frame, we selected

all glycan residues across specified segments (G1 to G70), excluding hydrogen atoms. The COM

of the selected glycan residues was then computed within VMD measure center utility. The radial

distance of the glycan COM from the z-axis was determined using the formula
√

x2 + y2, where x

and y are the coordinates of the COM in the xy-plane.
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Radial Distribution Analysis. Coordination Number. Pair Distribution Analysis

We leveraged Radial Distribution Function (RDF) analysis to unravel the intricate distribution

patterns of interacting oxygen atoms across diverse molecular interactions, notably within protein-

water and glycan-water interfaces. Similar to SASA, the RDF analysis was performed within the

VMD software environment8,12. A bin size of 0.1 Å and a total radial distance of 10 Å were

used. The selection of oxygen atoms from water, glycan, and protein was customized based on

the specific aims of our investigation discussed in the main text. Besides, to evaluate the number

of water molecules in the proximity to the selected protein and glycan residues, we meticulously

evaluated coordination numbers through the integration of RDFs, providing nuanced insights into

the degree of atomic coordination within the molecular system under scrutiny. Additionally, we

conducted localized analyses akin to RDF, employing pair distribution function (PDF) calculations

to delve deeper into the distribution profiles of specific atom pairs within the same tool.

Polarizable Water Indication

In the initial stage, we compiled lists of water molecules exhibiting high dipole moments (> 2.8

D) for each frame in every MD step of open-state simulations. Through careful observation, we

then visually (i.e., by means of VMD software8) identified regions where these molecules clustered

most frequently, particularly focusing on their proximity to specific protein residues. Subsequently,

we established a threshold of 10 Å to investigate changes in solvent dynamics near the associated

protein residues along all the accumulated trajectories. For each water molecule proximity to the

target protein and glycan residues within each micro-iteration, we calculated the average dipole

moment, average distance from the protein residue, and occupancy percentage throughout the sim-

ulation. The average dipole moment was computed by summing the dipole moments of all water

molecules within the defined region and dividing them by the total count of water molecules. Sim-

ilarly, the average distance from the protein and glycan residues was determined by calculating

the distance between each water molecule and the COM of the target residues. The occupancy

percentage was calculated to quantify the extent to which water molecules occupied the defined
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region around the selected residues (at a distance less than 5 Å). In addition, each occupancy per-

centage was weighted based on the weights obtained from the density PCA of our conformational

sampling method, ensuring that the contribution of each occupancy value to the overall analysis

was proportional to its significance in the conformational space. The weighted occupancy for each

water molecule was calculated by dividing the occupancy percentage by the total weight obtained

from the density PCA. The obtained data was further filtered within the criteria defined in the

main text in the Results section, ensuring that only interactions meeting specific thresholds were

considered for subsequent analysis.

Given the absence of water molecules with high dipole moments (i.e., exceeding 2.8 D) in the

closed-state simulations, we opted to analyze the average dipole moments of protein and glycan

atoms known to undergo the previously described phases in the open configuration. Additionally,

we calculated the average dipole moments of oxygen atoms of water molecules proximal to these

residues to glean insights into their polarizability dynamics and compared them to those of the open

state, thus offering a comprehensive understanding of solvent-protein interactions across various

simulation conditions.

Dipole Moment Distribution Analysis

The dipole moment distribution analysis involved extracting dipole moment data from simula-

tion output files and visualizing their distribution. Firstly, all relevant data files containing dipole

moment information were located within the specified directory corresponding to each of the de-

fined phases of water interaction. Next, the dipole moments were extracted from each file. The

average dipole moment and its standard deviation were calculated across all frames of the simu-

lation trajectories. Subsequently, a histogram with a kernel density estimate was plotted using the

Seaborn library11. This visualization provided an overview of the dipole moment distribution, with

the x-axis representing the dipole moment values and the y-axis representing probability density.

Additionally, vertical lines indicating the mean, median, and mode of the dipole moments were

overlaid on the histogram, offering further insights into the distribution characteristics.
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Fig. S10. Distribution of dipole moments along each phase for the N343RBD-A interaction pattern
in the open state, including mode, mean, median values.
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Fig. S11. Distribution of dipole moments along each phase for the N343RBD-A interaction pattern
in the closed state, including mode, mean, median values.
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Fig. S12. Distribution of dipole moments along each phase for the N165NTD-B interaction pattern
in the open state, including mode, mean, median values.
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Fig. S13. Distribution of dipole moments along each phase for the N165NTD-B interaction pattern
in the closed state, including mode, mean, median values.
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Parametrization Details for Glycans and Lipid Molecules

AMOEBA parameters for the glycan molecules, including BMAN (beta-D-mannose); AMAN

(alpha-D-mannose), BGAL (beta-D-galactose), BGLN (beta-N-acetyl-D-glucosamine), ANE5 (N-

acetyl-alpha-neuraminic acid), AGAN (N-acetyl-alpha-D-galactosamine), AFUC (alpha-L-fucose),

and lipid molecules, including POPC (1-palmitoyl-2-oleoyl-sn-glycero-3-phosphocholine), POPI

(1-palmitoyl-2-oleoyl-sn-glycero-3-phosphoinositol), POPS (1-palmitoyl-2-oleoyl-sn-glycero -3-

phosphatidylserine), and cholesterol were derived using the Poltype2 automation tool discussed in

the main text. For POPE (1-palmitoyl-2-oleoyl-phosphatidyl ethanolamine), the parameters were

taken from reference 13 as well as the parameters in common for all lipids oleoyl motifs. The

sn-glycero-3-phosphocholine (in POPC), sn-glycero-3-phosphoinositol (in POPI), and sn-glycero-

3-phosphatidylserine (in POPS) parts and cholesterol were parametrized separately. Each input

glycan residue and individual non-oleoyl lipid fragments (in sdf format) was first optimized at

MP2/6-31G* level of theory. Optimized geometry then was used for two single-point calcula-

tions at MP2/6-311G** (low-level) and MP2/aug-cc-pvtz (high-level) of theory, respectively. The

electron density of the low-level calculations was used to derive the atomic multipoles, by em-

ploying the distributed multipole analysis method in GDMA program (available in open-source

library https://gitlab.com/anthonyjs/gdma)14. These multipoles were further optimized by fitting

to the electrostatic potential (ESP) generated by the high-level electron density. The valence and

torsion parameters were matched to the existing database in Poltype2 by using SMARTS patterns

(see https://www.daylight.com/dayhtml/doc/theory/theory.smarts.html)15. For the remaining tor-

sion parameters that were not found in SMARTS database, the dihedral angle around the rotatable

bond was spined over 360 degrees at interval of 30 degree (12 datapoints for each dihedral angle).

For the torsional angle in the glycan rings, 5 datapoints (perturbed from the original angle value

by -20, -10, 0, +10, +20 degrees). The geometry of each structure at a certain dihedral value was

then optimized at PBE1PBE/6-31G level of theory by restraining the torsion angles of interest

and followed by single point energy calculations at MP2/6-31+G* level of theory. The relative

energy from the QM calculations then were targeted to fit the torsional parameters. All the QM
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calculations were performed using Gaussian 09 package16. The poledit.x executable within Tinker

software was used to convert the multipole values from GDMA output (in global frame) to Tinker

format (in its local frame definition). The potential.x executable in Tinker was used to refine the

multipoles by fitting to high-level ESP generated by QM. Parameter files and all the torsion fit plots

have been included in the Supplementary Material with several exceptions: (1) ANE5 since all the

torsional parameters have been matched from database and for AGAN the acetyl-amine fragment

along with galactose core were merged from BGAL and BGLN parametrization outputs and (2)

POPE parameters. Additionally, we included the final parameter file and the corresponding Tinker

xyz structure files for both closed and open states.
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