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DEDICATION

To me, for not letting myself give up

and to my people, for believing in me when I didn’t



EPIGRAPH

He stopped, for saying the truth aloud was unendurable. It was not shame that stopped him, but fear, the same
fear. He knew now why this tranquil life in sea and sunlight on the rafts seemed to him like an after-life or a
dream, unreal. It was because he knew in his heart that reality was empty: without life or warmth or color or
sound: without meaning. There were no heights or depths. All this lovely play of form and light and color on the

sea and in the eyes of men, was no more than that: a playing of illusions on the shallow void.

They passed, and there remained the shapelessness and the cold. Nothing else.

Sparrowhawk was looking at him, and he had looked down to avoid that gaze. But there spoke in Arren
unexpectedly a little voice of courage or of mockery: it was arrogant and pitiless, and it said, "Coward! Coward!

Will you throw even this away?"

So he looked up, with a great effort of his will, and met his companion's eyes.

Sparrowhawk reached out and took his hand in a hard grasp, so that both by eye and by flesh they touched. He
said Arren's true name, which he had never spoken: "Lebannen." Again he said it: “Lebannen, this is. And thou
art. There is no safety, and there is no end. The word must be heard in silence; there must be darkness to see the

stars. The dance is always danced above the hollow place, above the terrible abyss."

Arren clenched his hands and bent his forehead down till it pressed against Sparrowhawk's hand. "1 failed you,"

he said. "I will fail you again and fail myself. | have not strength enough!"



"You have strength enough." The mage's voice was tender, but beneath tenderness was that same hardness that
had risen in the depths of Arren's own shame, and mocked him. "What you love, you will love. What you

undertake, you will complete. You are a fulfiller of hope; you are to be relied on.”

Ursula K. LeGuin, The Farthest Shore (1972)
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how much they have helped me, have carried me, have embraced me, have shown me love. My puny thanks
will never repay them for just how much they have loved me. But | remember what they have done, and
will never forget them.
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Computers have held an increasingly important place in chemical and biological research. Non-
specialists may presume that computers can perform a small number of specialized techniques, but in reality
they may be used on a wide range of biological scales to answer disparate questions in biology and chemistry.
This body of work exemplifies that, using scales ranging from coarse grained nodes representing amino acids at
the cell scale down to electron density clouds. Specifically, the projects here use elastic network models to
investigate basic bacterial biology, Brownian dynamics and molecular dynamics to investigate influenza, and
guantum mechanics to investigate tuberculosis. In this work we find that the protein sheets of chimallin in
Pseudomonas chlororaphis cells infected with jumbo phage 201phi2-1 display a significant amount of flexibility
and have several pores which could transport ions or nucleotides. On a different project we found that glycans
can inhibit drug binding to influenza, and that the glycoproteins in influenza can access protein conformations
amenable to cellular exocytosis and endocytosis. We also find that the flexibility of these glycoproteins opens
new epitopes and drug binding sites that cannot be found from their crystal structures. Finally, we develop force
field parameters for cytochrome bd-type quinol oxidase, which is a promising drug target for Mycobacterium

tuberculosis and Escherichia coli.

XX



Chapter 1
Introduction

1.1 Overview

Biological systems are composed of some combination of proteins, nucleic acids, water, ions, lipids,
carbohydrates, and others. In particular, humans contain a dazzling variety of proteins, some of which are well
studied and some of which are not. Knowledge about these proteins allows one to better understand a disparate
variety of life functions, from how our muscles contract to how we perceive light to how food is digested and
much, much more. Proteins are made up of amino acids, with covalent bonds linking these residues together.
These bonds allow for a wide range of protein flexibility, when needed. Some proteins must change conformation
upon receiving stimuli, others must lock in a specific conformation for an enzymatic process to occur, and others
may exist in a broad range of conformations instead of simply existing in one state or another. Understanding
these protein dynamics allows us to understand how biological life cycles can continue.

An understanding of protein dynamics is needed to comprehend how life can exist, but it is also needed for
understanding how life can end. Many diseases are caused by aberrant proteins whose mutations cause
transportation or catalytic cycles to fail. Other diseases are caused by invading bacteria or viruses which infect
and kill our cells. Being able to “fix” misregulated proteins or block invading proteins similarly requires an
understanding of protein dynamics. Once one understands how these proteins function, one can begin to target
them through drug discovery, to modify their function.

The work here touches disparate aspects of protein dynamics, and is organized into three parts. Part I,
entitled “Elastic network models”, contains material from one publication to understand how techniques such
as elastic network models and molecular dynamics can be used to explore protein flexibility and solvent/solute
passage through protein assemblages. Coarse grained methods such as this are required in situations where the

system size makes more exact techniques infeasible. Even so, we report the largest system ever used in elastic



network modeling through one of the most popular elastic network model software programs. In Part I,
“Brownian dynamics, molecular dynamics and Markov state models”, we reduce our size scale and use
Brownian dynamics, molecular dynamics and Markov state models to investigate small molecule binding and
glycoprotein flexibility in influenza. These are more exact methods where we can ask and answer more detailed
questions with smaller systems, dealing with glycans’ involvement in ligand binding, protein stability and protein
dynamics. In Part III, “Density functional theory”, we reduce our size scale even further and use density
functional theory to create molecular dynamics force field parameters for a newly-discovered bacterial protein.
This requires extremely precise calculations to be made, where errors in the assigned electronic charge to an

atom can cause large errors in calculations.

These chapters, and the work therein, are collaborative studies. Specific author contributions are detailed

within each chapter. The rest of this introduction provides an overview of the techniques used in the chapters.
1.2 Elastic network models

Proteins come in a wide variety of shapes that beget a wide variety of functions; understandably the
interplay between these shapes and functions is governed by their dynamics. These dynamics engender a wide
variety of conformational changes, some large and some small. Moreover, the speeds at which the proteins can
change cover many timescales, from the order of nanoseconds to the order of hours and longer. The timescales,
and the corresponding protein conformational transitions, limit the methods used to study them and the
computing power required. One way to reach longer timescale motions that we used in this work is to simplify
the system we are studying. Computer simulation, and more specifically normal mode analysis, reduces proteins,
composed of amino acids which are in turn composed of atoms which are composed of electrons, protons and
neutrons, to a system of atomic centers interacting by a simplified molecular dynamics (MD) potential energy
function.? Elastic network models simplify these models by reducing the potential energy function to harmonic
spring potentials; i.e. a set of springs connecting the alpha carbons of nearby residues.®®> Anisotropic network
models (ANM) then advance this further by introducing a more detailed model for local interactions.? © This
allows for estimation of longer timescale dynamics, at the expense of glossing over short timescale motions. A

different adaptation of elastic network models are Gaussian network models (GNM).”-1% In the GNM scheme we



assume that fluctuations are isotropic, not anisotropic, which means that the magnitude of the fluctuations are
independent of the direction of measurement. These models also assume that motion follows a Gaussian
distribution, which allows a decomposition of the interparticle interaction matrix to reduce from three
dimensions to two, along with a change in the interparticle potential energy function. This results in GNMs being
better at predicting long timescale motions, their size and cross-correlations, but they cannot predict the direction
of motion since it is only a two dimensional analysis. In practice, one can use GNMs for measuring which regions

of a protein display correlated motions, but one cannot tell the direction of those motions.*1-13
1.3 Brownian dynamics

Brownian dynamics simulates the diffusion of ligands, and can be used to measure their (diffusive)
association rates to proteins. In this regime the protein may remain stationary; the diffusing ligand displays
translational and rotational motion as a particle, but - in rigid models - no bonds are allowed to change length or
angle. With these limitations, Brownian dynamics can generate association rates much faster than can be
acquired through the much more computationally costly molecular dynamics. These association rates can be
used for understanding if some proteins or ligands diffuse/associate faster than others, and thus would be more
likely to bind, be it protein-protein binding or protein-ligand binding.** However, MD provides a host of other

analysis functions apart from generating association rates.

1.4 Molecular dynamics

MD is a method of propagating particles (usually atoms in small molecules or proteins) over time to
investigate conformational changes, chemical interactions, and much more.*>8 In MD, there are several
different ensembles that can be used while propagating motion:

Ensemble Description Thermodynamic function

Microcanonical ensemble Isolated system, no energy or mass  S(U, V, N) entropy as a function of
transfer. Also known as NVE energy, volume and number of

ensemble. particles.



Canonical ensemble

Grand canonical ensemble

Isothermal-isobaric ensemble

System in contact with a heat bath.
Energy transfer but no mass
transfer. Also known as NVT

ensemble.

System in contact with a heat and
particle bath. Energy and mass
transfer. Also known as uVT

ensemble.

System under constant
temperature and pressure. Energy

and volume transfer but no mass

A(T, V, N) Helmholtz free energy
as a function of temperature,

volume and number of particles.

Z(u, V, T) other physical quantities
as a function of chemical potential,

volume and temperature.

A(N, P, T) function of number of
particles, pressure and

temperature.

transfer. Also known as NPT

ensemble.

NPT is useful because it allows for direct comparison with experimental data. Additionally, it is useful
when the “correct” volume of the simulation is not known, such as in initiating simulations of solvated proteins.
MD is used for a wide variety of purposes, from examining protein®2 or nucleic acid?-? stability to
investigating protein-ligand?®2?> or protein-protein interactions to measuring bulk sheet properties?’?8 to
exploring protein conformational transitions?*-% to tracking redox cycles®-*2 and many more. However, MD is
limited in that bonds cannot be formed or broken with the most commonly used potential energy functions.
Additionally, MD applied to proteins is sometimes limited by the available computing power, which may not be
sufficient to see some protein conformational transitions, and certainly not see the rate at which these transitions

happen. This can be accomplished with Markov state models (MSMs).

1.5 Markov state models

Rare conformational transitions can sometimes be seen through MD, and sometimes these transitions cannot

be seen. However, one can break up MD trajectories into components encompassing the transition, and the



rebuild the transition and its associated kinetics through MSMs. This type of analysis can extract longer timescale
dynamics from MD trajectories while using the same data. This is based off the assumption that one can recover
the probability that a transition will happen given enough instances where this condition is met; knowing this
probability then allows one to know the speed at which this condition will be met (i.e. the speed at which a
conformational transition will occur). This allows one to create conformational pathways and see the speed that

the transitions between these pathways occurs at.
1.6 Density functional theory

Quantum mechanics (QM) offers a more accurate description of the energetics of conformational changes than
the force fields models normally used in MD, but it comes with a correspondingly significant leap in
computational costs. Thus it can be used for small molecules but cannot easily be used on proteins or other larger
systems. Inside the QM regime, we used density functional theory (DFT). This is a method of computing the
electron density present in molecules, and predicting how this density will determine the molecular properties,
be it structure, bonding, or electrostatics. Considering the detailed treatment of electrons, DFT has many uses in
studying electron transfer pathways, electronic structure of materials®3-34, electron orbital properties (such as
hydrogen bonding)®, molecule reactivity preferences®, absorption/emission spectra®’-3, and many more. One
use for DFT is for determining force field parameters that can be used in MD simulations, which would then

allow for a host of other questions to be answered.
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Chapter 2
Architecture and self-assembly of the jumbo bacteriophage
nuclear shell

2.1 Abstract

Bacteria encode myriad defenses that target the genomes of infecting bacteriophage, including
restriction-modification and CRISPR-Cas systems.? In response, one family of large bacteriophages employs a
nucleus-like compartment to protect their replicating genomes by excluding host defense factors.?* However,
the principal composition and structure of this compartment remain unknown. Here, we find that the
bacteriophage nuclear shell assembles primarily from one protein, termed chimallin. Combining cryo-electron
tomography of nuclear shells in bacteriophage-infected cells and cryo-electron microscopy of a minimal
chimallin compartment in vitro, we show that chimallin self-assembles as a flexible sheet into closed micron-
scale compartments. The architecture and assembly dynamics of the chimallin shell suggest mechanisms for its
nucleation and growth, and its role as a scaffold for phage-encoded factors mediating macromolecular transport,

cytoskeletal interactions, and viral maturation.

2.2 Main

Over bhillions of years of conflict with bacteriophages (phages), plasmids, and other mobile genetic elements,
bacteria have evolved an array of defensive systems to target and destroy foreign nucleic acids.! Phages have in
turn evolved mechanisms, including anti-restriction and anti-CRISPR proteins, that counter specific bacterial
defense systems.>” We recently showed that a family of “jumbo phages” — named for their large genomes
(typically >200 kb) and large virion size (~145 nm capsids, ~200 nm contractile tails) — assemble a selectively-
permeable, protein-based shell that encloses the replicating viral genome and is associated with a unique phage
life cycle, represented in (Fig. 2.1a).> @ This micron-scale nucleus-like compartment, termed the “phage
nucleus”, forms de novo upon infection and grows with the replicating viral DNA. Meanwhile, phage proteins
are synthesized in the host cell cytoplasm. These include PhuZ, a phage-encoded tubulin homolog that assembles

into filaments that treadmill to transport empty capsids from their assembly sites at the host cell membrane to

9



the surface of the phage nucleus. Capsids dock to the phage nucleus shell and are filled with viral DNA before
detaching and completing assembly with phage tails. Mature particles are released by host cell lysis. In contrast
to other characterized anti-restriction systems, the phage nuclear shell renders jumbo phages broadly immune to
DNA-targeting host restriction systems, including CRISPR-Cas, throughout infection by serving as a physical
barrier between the viral DNA and host nucleases.®*
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Figure 2.1 | In situ tomography and subtomogram analysis of the 201phi2-1 phage nucleus.

a, Schematic of the jumbo phage infection cycle. b, Fluorescence microscopy of a 201phi2-1-infected P.
chlororaphis cell at 45 mpi (n = 5 independent experiments). Phage nucleus shell component, gp105, (green) is
tagged with GFP, phage DNA (blue) is stained with DAPI, and the outer cell membrane (red) is stained with
FM4-64. ¢, Tomographic slice of a phage nucleus in a 201phi2-1-infected P. chlororaphis cell at 50-60 mpi. d,
Segmentation of the tomogram in c. Outer and inner bacterial membranes are burgundy and pink, respectively.
The phage nucleus is colored blue. Phage capsids and tails are green and cyan, respectively. PhuZ and recA-like
protein filaments are light purple and white, respectively. A subset of five-hundred host ribosomes are shown in
pale-yellow. e, Enlarged view of the boxed region in c. Yellow arrows point to the repetitive feature of the phage
nucleus perimeter. f, Slice of the cytosolic face of the subtomogram average of the repetitive feature in the phage
nucleus perimeter with a comma-shaped subunit outlined in yellow. g, Cytosolic and side views of the shell
subtomogram average isosurface with a single subunit outlined in yellow. h, Schematic representation of the
p442-like arrangement of chimallin protomers. Scale bars: b:1 pm, ¢:250 nm, e:25 nm, f:10 nm.

While we previously showed that the phage nuclear shell incorporates at least one abundant phage-encoded

protein,? 8 the overall composition and architecture of this structure are still largely unknown. Also unclear is
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how these phages address the challenges arising from the separation of transcription and translation, specifically
the need for directional transport of mMRNA out of the phage nucleus and transport of DNA processing enzymes
into the phage nucleus.? Finally, how genomic DNA produced in the phage nucleus is packaged into capsids
assembled in the cytosol is also unknown.®

Architecture of the phage nuclear shell

To gain insight into the native architecture of the phage nuclear shell, we performed focused ion-beam milling
coupled with cryo-electron tomography (cryoFIB-ET) of Pseudomonas chlororaphis 200-B cells (henceforth,
P. chlororaphis) infected with jumbo phage 201phi2-1 (317 kb genome) at 50-60 minutes post infection (mpi,
typical time to lysis is around 90 mpi) (Fig. 2.1, Fig. 2.6a-i). The observed phage nuclei were pleomorphic
compartments devoid of ribosomes, bounded by a ~6 nm thick proteinaceous shell (Fig. 2.1b-d, Fig. 2.6). Close
inspection of the compartment perimeter revealed repeating doublets of globular densities with ~11.5 nm
spacing, suggesting that the shell consists of a single layer of proteins in a repeating array (Fig. 2.1e, Fig. 2.6j).
Furthermore, we occasionally captured face-on views that exhibit a square lattice of densities with the same

repeat spacing, reinforcing the idea of a repeating array of protomers (Fig. 2.6k).

Using subtomogram analysis to average over low-curvature regions from eight separate 201phi2-1 nuclei, we
obtained a ~24 A resolution reconstruction of the phage nuclear shell (Fig. 2.1f,g, Fig. 2.6h-0 & Table 2.1). The
reconstruction reveals the shell as a quasi-p4, or square, lattice (quasi because of variable curvature). The
repeating unit is an 11.5 x 11.5 nm square tetramer approximately 6 nm thick, with internal four-fold rotational
symmetry. These units form a square lattice with a second 4-fold rotational symmetry axis at the corner of each
square unit and 2-fold axes on each side (the p442 wallpaper group; Fig. 2.1h, Fig. 2.6m,0). The four individual
protomer densities within each 11.5 x 11.5 nm unit measure ~6 x 6 X 7.5 nm, dimensions consistent with a ~70
kDa protein. Thus, the phage nuclear shell appears to be predominantly composed of a single protein component

arranged in a square lattice.
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Chimallin is the principal shell protein

We previously showed that the abundant and early-expressed 201phi2-1 protein gp105 becomes integrated into
the nuclear shell.? Furthermore, 201phi2-1 gp105 has a molecular weight of 69.5 kDa (631 amino acids),
consistent with the size of an individual protomer density from our in situ cryo-ET map. Along with the high
apparent compositional homogeneity of the shell as observed by cryo-ET, these data support 201phi2-1 gp105
as the principal component of the phage nuclear shell. Homologs of 201phi2-1 gp105 are encoded by a large set
of jumbo phage that infect diverse bacteria including Pseudomonas, Vibrio, Salmonella, and Escherichia coli,
but these proteins bear no detectable sequence homology to any other proteins. Because of its role in protecting
the phage genome against host defenses, we term this protein chimallin (ChmA) after the chimalli, a shield

carried by ancient Aztec warriors.°

To understand the structure and assembly mechanisms of chimallin, we expressed and purified 201phi2-1
chimallin from E. coli. Size-exclusion chromatography and multi-angle light scattering (SEC-MALS) of purified
chimallin indicated a mixture of oligomeric states including monomers, well-defined assemblies of
approximately 1.2 MDa, and larger heterogeneous species ranging from 4 to 13 MDa (mean=6.9 MDa; Fig.
2.2a). Cryo-ET of the largest species revealed pleomorphic, closed compartments with near-identical
morphology to the phage nuclear shell we observe in situ (Fig. 2.2b, Fig. 2.7). Analysis of the smaller, more
defined assemblies by cryo-ET revealed a near-homogeneous population of cubic assemblies with a diameter of

~22 nm, and a minor population of rectangular assemblies with dimensions ~22 x 33.5 nm (Fig. 2.2c).
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Figure 2.2 | In vitro cryo-EM structure of the 201phi2-1 phage nuclear shell protein chimallin. a, Size-
exclusion coupled to multi-angle light scattering (SEC-MALS) analysis of purified 201phi2-1 chimallin. From
left to right, the measured molar mass of three peaks are 6.9 MDa (range from 4-13 MDa), 1.2 MDa, and 87
kDa. b,c, Z-slices from tomograms of samples from the correspondingly labeled SEC-MALS peaks in a. Full
field of view of b supplied as Extended Data Fig. 2. d, Top-left, O-symmetrized reconstruction of the chimallin
cubic assembly viewed along the 4-fold axis. The protomers of one 4-fold face are colored. Top-right, surface
representation of the chimallin cubic assembly model viewed along the 4-fold axis. Bottom-right and bottom-
left, views of the model along the 2- and 3-fold axes, respectively. Red arrows point to the C-terminal segments
of the yellow protomer. e, Localized asymmetric reconstruction of the chimallin protomer (left) and cartoon
model (right). Invading N- and C-terminal segments from neighboring protomers are colored blue (NTS), red
(CTS1), and burgundy (CTS2). Resolved core protomer termini are shown as spheres. f, Rainbow colored
cartoon model of the Chimallin protomer conformation in the cubic assembly. Resolved N- and C-termini are
shown as spheres. Domains and segments are labelled. Unresolved linkers are shown as dashed lines. g, A
rainbow colored fold diagram of chimallin (blue at N-terminus, red at C-terminus) with a-helices labelled
alphabetically and p-strands labelled numerically. The N- and C-terminal domains are highlighted blue and red,
respectively. Dashed lines indicate unresolved loops. Scale bars: b,c: 50 nm.
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We next acquired cryo-electron microscopy (cryo-EM) data and performed single-particle analysis (SPA) of the
defined chimallin assemblies (Fig. 2.8). Two-dimensional class averages revealed that each cubic particle
consists of six chimallin tetramers (24 protomers, 1.67 MDa) arranged to form a minimal closed compartment
with apparent octahedral (O, 432) symmetry (Fig. 2.8a). Similarly, the minor population of ~22 x 33.5 nm
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rectangular particles are assemblies of ten chimallin tetramers (40 protomers, 2.78 MDa) with apparent D4
symmetry (Fig. 2.8g). Each tetrameric unit in these assemblies is an 11.5 x 11.5 nm square, in line with our in
situ subtomogram analysis of the phage nuclear shell. Three-dimensional reconstruction of the cubic particles
with enforced O symmetry resulted in a ~4.4 A density map with distorted features (Fig. 2.2d), likely arising
from inherent plasticity of these assemblies breaking symmetry. Localized reconstruction of the square faces
from each particle with C4 symmetry resulted in an improved density map at ~3.4 A. Further reduction of the
structure to focus on an individual protomer resulted in the highest quality map at ~3.1 A, enabling atomic

modelling of the chimallin protomer (Fig. 2.2e,f, Tables 2.2-2.4).

Chimallin folds into a compact two-domain core with extended N- and C-terminal segments (Fig. 2.2f,g). The
N-terminal domain (residues 62-228) shows little structural homology to any characterized protein, adopting an
a+p fold that is topologically similar only to an uncharacterized protein from Enterococcus faecalis (Fig. 2.9a,b).
The C-terminal domain (residues 229-581) adopts a GCN5-related N-acetyltransferase fold most similar to that
of E. coli AtaT and related tRNA acetylating toxins (PDB: 6AJM, RMSD 4.2 A for 269 aligned Ca atom pairs)
(Fig. 2.9¢c-e).1* While chimallin lacks the acetyltransferase active site residues of AtaT and related toxins, this
structural similarity suggests that the jumbo phage nuclear shell may have evolved from a bacterial toxin-

antitoxin system.

Atomic models of the C4-symmetric chimallin tetramer and quasi-O symmetric cubic assemblies reveal the
molecular basis for chimallin self-assembly. The chimallin protomer map contains three interacting peptide
segments from the N- and C-termini of neighboring protomers (Fig. 2.2d-f). Using the maps for the tetrameric
face and full cubic assembly, we built models for the higher-order chimallin oligomers to understand the subunit
interconnectivity. The N-terminal interacting segment (NTS, residues 48-61) of each protomer extends
counterclockwise (as viewed from outside the cube) and docks against a neighboring protomer’s N-terminal
domain within a given face of the cubic assembly, thus establishing intra-tetramer connections. Meanwhile, two
extended segments of the C-terminus (CTS1: residues 590-611, and CTS2: residues 622-631) establish inter-

tetramer interactions. While the linkers between the C-terminal domain and CTS1 (residues 582-589) and
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between CTS1 and CTS2 (residues 612-621) are unresolved in our maps, we could confidently infer the path of
each protomer’s C-terminus within the cubic assembly. CTS1 extends from one protomer to a neighboring
protomer positioned counter-clockwise around the three-fold symmetry axis of the cube, and CTS2 further
extends counterclockwise to the third subunit around the same axis (Fig. 2.2d). Notably, the binding of CTS1 to
the chimallin C-terminal domain resembles the interaction of the antitoxin AtaR with the AtaT acetyltransferase
toxin (Fig. 2.9¢),'* further hinting that the phage nuclear shell could have evolved from a bacterial toxin-antitoxin
system. Compared to the tightly-packed chimallin tetramers mediated by the well-ordered NTS region, the length
and flexibility of the linkers between the chimallin C-terminal domain, CTS1, and CTS2 suggest that flexible
inter-tetramer packing enables chimallin to assemble into structures ranging from a flat sheet to the observed

cubic assembly.

Chimallin self-assembly and dynamics

To investigate the interconnectivity of chimallin protomers in the context of the phage nucleus, we docked copies
of the high-resolution chimallin tetramer model into the in situ cryo-ET map. The chimallin tetramers fit well
into our ~24 A resolution cryo-ET map of the shell without clashes and with an overall map-model correlation
coefficient (CC) of 0.56 (Fig. 2.10a). To accommodate a flat sheet structure, the three-fold symmetry axis at
each corner of the cubic assembly must be “unfolded” into a four-fold symmetry axis (Fig. 2.3a). Since CTS1
and CTS2 mediate interactions across this symmetry axis in the cubic assembly, this change requires that CTS1
rotate ~55° relative to the chimallin protomer core, and that CTS2 rotate the same amount relative to CTS1 (Fig.
2.3b). In the resulting sheet, each chimallin C-terminus extends counterclockwise to contact the two neighboring
subunits in the new four-fold symmetry axis at the corners of the tetrameric units. The distances spanned by each
disordered linker are similar in the flat sheet and the cubic assembly (Fig. 2.3b). Thus, both N- and C-terminal
interacting segments contribute to shell self-assembly, with the C-terminus in particular likely imparting

significant structural plasticity to the phage shell while maintaining its overall integrity.
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Figure 2.3 | Flexibly attached N- and C-terminal segments mediate self-assembly of the chimallin shell. a,
Relationship protomer packing in the cubic/24mer assemblies (left) and flat sheet model (right). One protomer
is colored yellow with NTS in blue and CTS1/CTS2 in red. Protomers interacting directly with this focal
protomer are colored orange, green, blue, purple, and red. Non-interfacing protomers are gray. Red arrows
indicate locations of unresolved linkers (red dashed lines), and pink symbols indicate 3- or 4-fold symmetry
axes. b, Comparison of chimallin C-terminus conformation in the in vitro sheet (yellow) and in situ cube (blue).
Distances spanned by each disordered segment (CTD-CTS1: residues 582-589; CTS1-CTS2: residues 612-621)
in the two models are noted. (¢) SEC-MALS of N- and C-terminal truncation mutants (AN-tail=A1-47 (residues
48-631 present); ANTS=A1-64 (residues 65-631 present); ACTS2=A613-631 (residues 1-611 present);
ACTS1+2=A583-631 (residues 1-582 present). dRI: differential refractive index, see Fig. 2.10 for molar mass
measurements by SEC-MALS. (d) Relative incorporation of GFPmutl-chimallin variants into the 201phi2-1
phage nucleus of infected P. chlororaphis cells. Incorporation is calculated as the ratio of GFP fluorescence/pixel
in the shell vs. outside the shell (Fig. 2.11 for details). Data are the mean + s.d. Statistical analysis performed
was an unpaired t-test between a given variant and full-length (FL, n = 67 cells) “***’ indicates a calculated P-
value < 0.0001: AN-tail (residues 48-631, n = 51, P = 0.4131) ; ANTS (residues 65-631, n = 53, P <
0.0001); ACTSI (residues 1-611, n = 54, P < 0.0001); ACTS1+2 (residues 1-582, n = 50, P = 0.1884); AN-
tail, ACTS2 (residues 48-611, n = 58, P < 0.0001); ANTS, ACTS1+2 (residues 65-582, n = 63, P < 0.0001);
GFPmutl (n = 60, P < 0.0001). Threshold for significance was Bonferroni-corrected to P < 0.007 to account for
multiple hypothesis testing.
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We next assessed the importance of the NTS and CTS regions for chimallin self-assembly both in vitro and in

vivo. In vitro, deletion of either the NTS or CTS (CTS2 alone or CTS1+CTS2) completely disrupted self-

assembly as measured by SEC-MALS (Fig. 2.3c, Fig. 2.11). We expressed the same truncations in phage

201phi2-1-infected P. chlororaphis cells, and measured incorporation of GFP-chimallin into the nuclear shell

assembled by the phage-encoded full-length chimallin. We observed shell assembly in all cases, and found that

deletion of the NTS, CTS, or both partially compromised incorporation into the shell (Fig. 2.3d, Fig. 2.12a).

Consistent with this finding, expression of truncated chimallin did not strongly affect propagation of phage

201phi2-1 as measured by bacterial growth curves (Fig. 2.12b). Overall, these data support the idea that
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chimallin NTS and CTS regions are important for efficient self-assembly of the chimallin shell, and show that

self-assembly of full-length chimallin is robust even in the presence of chimallin protomers lacking these regions.

Flexibility of the chimallin shell

The phage nucleus shields the viral genome in a manner similar to a viral capsid. However, unlike viral capsids,
chimallin does not tightly interact with the encapsulated DNA. Indeed, estimation of the electrostatics of
chimallin indicate that both cytosolic and lumenal faces are negatively charged (Fig. 2.4a,b). The negative
character of the phage nuclear shell likely mitigates interactions with the enclosed DNA, thereby keeping the

genetic material accessible for transcription, replication, and capsid packaging.
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Figure 2.4 | Electrostatics and pores of the chimallin shell. a, Surface model of the 3x3 chimallin tetramer
lattice viewed from the cytosol with the central tetramer colored. A ‘center’ four-fold is indicated by a green
square and ‘corner’ four-fold by a magenta square. b, Surface model of the cytosolic and lumenal faces of the
chimallin lattice colored by relative electrostatic potential. ¢, Cytosolic views of the center four-fold pore cartoon
model with pore-facing residues (Table 2.8) shown as sticks. The center pores (n = 9) exhibit an average volume
of 798 + 81 nm? over the course of 300-ns molecular dynamics simulations (n =5, Fig 2.13). d, Same as in c, for
the corner pore. The core pores (n = 4) exhibit an average volume of 1429 + 227 nm? over the course of
simulations (n = 5 independent simulations, Fig. 2.13).
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Again, in contrast to viral capsids and other protein-based organelles such as bacterial microcompartments,

which form regular assemblies with defined facets, the phage nuclear shell adopts a highly irregular morphology
(Fig. 2.1c, Fig. 2.6b-i). To identify the forms of conformational heterogeneity within the chimallin lattice, we
performed an elastic network model analysis of a 3x3 tetramer chimallin sheet. This analysis not only indicated
hinging along tetramer boundaries, which would lead to the cubic arrangement observed in vitro, but also hinging
within a given tetramer (Fig. 2.13a-f). Prompted by this analysis, we performed focused classification with our
in situ data which revealed three distinct classes of the central chimallin tetramer (Fig. 2.6n,p & 2.13j). The
predominant class shows a flat sheet, while two minor classes show the central unit raised (convex) or lowered
(concave) by ~1 nm compared to surrounding units. Docking the tetramer model into maps representing concave,

flat, and convex subpopulations indicated that the best fit is to the convex class (model-map CC = 0.64), and the
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worst fit is to the concave class (model-map CC = 0.51). Moreover, close inspection of the density representing
a chimallin protomer in the different classes revealed that each protomer rotates ~25° between the concave and
convex classes, with the inner side of the tetramer pinching inward in the convex class (Fig. 2.13i,j). The tetramer
model derived from the cubic assembly, which represents a highly convex state, shows a further ~25° inward tilt
of each protomer. These observations suggest that the chimallin tetramer itself is flexible, with the C-terminal
domains on the shell’s inner face rotating inward in convex regions of the shell, and outward in concave regions.
Thus, the morphology and flexibility of the phage nuclear shell likely derives from both intra- and inter-tetramer
motions.

To analyze the inter-tetramer motions in the in situ data beyond the subtomograms that we extracted from
relatively flat regions of the nuclear shell, we examined the flexibility between chimallin tetramers in in situ
nuclear shells by calculating the curvature of an annotated surface in a tomogram and estimating the angle
between tetramers. Our analysis showed that chimallin inter-tetramer conformations can range from slightly
concave, i.e., -35° between neighboring tetramers, to highly convex, i.e., up to 80° between neighboring
tetramers, close to the maximum bend of 90° observed in the purified sample (Fig. 2.13k,l). This enables the
contorted shape observed in the cryo-ET data that presumably stems from addition of chimallin protomers to the
lattice at multiple random locations, without distributing the strain throughout the lattice, rather than at a single

privileged site.

Narrow pores in the chimallin shell

Like the eukaryotic nucleus, the phage nucleus separates transcription and translation.? Thus, the phage nuclear
shell must accommodate trafficking of mMRNA out of the nucleus, and that of specific proteins into the nucleus.
To determine whether the pores at the two four-fold symmetry axes of the chimallin lattice could serve as
conduits for macromolecule transport, we used all-atom molecular dynamics to simulate the motions of a 3x3
flat sheet of chimallin tetramers (Fig. 2.4). Assessing the variability in these pores through five separate 300 ns
simulations, we found that the restrictive diameters of both the center and corner four-fold pores are ~1.4 nm on
average, varying throughout the simulations from ~0 nm (i.e., closed) to as wide as 2.3 nm (Fig. 2.14 & Table

2.6). These data strongly suggest that the pores are too small to accommodate most folded proteins. However,
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this pore size is sufficient to enable exchange of metabolites, nucleotides, and amino acids, and potentially large
enough to support export of single-stranded mRNA molecules. An intriguing model for mRNA export is
suggested by prior findings on viral capsid-resident RNA polymerases, which physically dock onto the inner
face of the capsid and extrude mRNA co-transcriptionally through ~1.2-nm wide pores.*?*3 Notably, chimallin-
encoding jumbo phages have been shown to encode distinctive multi-subunit RNA polymerases, suggesting co-
evolution of chimallin and transcriptional machinery in this family.4 Further study will be required to determine
the protein(s) and sites responsible for protein import, as well as whether mRNA is directly extruded through

the chimallin lattice pores.

Nuclear shell architecture is conserved

We recently discovered that the E. coli jumbo bacteriophage Goslar (237 kb genome) assembles a nuclear shell
morphologically similar to those observed in the Pseudomonas phages 201phi2-1, PhiPA3, and PhiKZ.'®> Goslar
encodes a divergent homolog of 201phi2-1 chimallin (gp189, 631 amino acids), with 19.3% overall sequence
identity between the two proteins (Fig. 2.5a). We performed cryoFIB-ET on E. coli cells infected with Goslar at
mid-infection (see Methods), followed by subtomogram analysis of phage nuclei (Fig. 2.15). The resulting ~30
A resolution reconstruction showed striking overall similarity to the structure of the 201phi2-1 nuclear shell,

with a square grid of 11.5 x 11.5 nm units (Fig. 2.5b, Fig. 2.15h,i).
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Figure 2.5 | Structural conservation of chimallin in the distantly related E. coli jJumbo phage Goslar. a,
Unrooted phylogenetic tree of chimallin homologs. Homologs are listed as phage and gene product (gp) numbers
(see Table 2.7). Groups based on proximity are colored and host genus is labelled in italics (Scale bar: 0.1
substitutions/position). b, In situ subtomogram reconstruction of the Goslar chimallin shell. A comma-shaped
protomer is marked by a yellow dashed outline and cytosolic and lumenal faces indicated. ¢, O-symmetrized
map of the Goslar chimallin cubic assembly viewed along the 4-fold axis. d, Localized asymmetric
reconstruction of the Goslar chimallin protomer. Invading N- and C-terminal segments from neighboring
protomers are colored blue (NTS), red (CTS1), and burgundy (CTS2). e, Superposition of the Goslar (green) and
201phi2-1 (purple) coordinate models for the cube confirmation of the protomers e. Resolved termini are shown
as spheres for the protomers in e. The root mean square deviations is 1.8 A for the aligned protomers.
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We next purified Goslar chimallin and characterized its self-assembly by SEC-MALS. Like 201phi2-1 chimallin,
Goslar chimallin forms a mixture of monomers, defined assemblies of ~1.75 MDa, and large aggregates of ~10
MDa (Fig. 2.16a). Cryo-EM analysis of the 1.75 MDa assemblies revealed cubic particles ~22 nm in diameter,
paralleling those formed by 201phi2-1 chimallin (Fig. 2.5¢, Fig. 2.16b). We obtained a 4.2 A resolution structure
of the overall Goslar chimallin assembly, and used a similar localized reconstruction procedure as for the
201phi2-1 chimallin to obtain a 2.6 A resolution structure of the Goslar chimallin tetramer, and a 2.3 A resolution
structure of a single protomer (Fig. 2.5c¢,d, Fig. 2.16¢c-g). Overall, Goslar chimallin shows high structural
homology to 201phi2-1 chimallin despite the low overall sequence identity, with a Ca RMSD of 1.8 A within a
protomer, and 4.8 A over an entire C4-symmetric tetramer (Fig. 2.5e,f). The NTS, CTS1, and CTS2 segments
of Goslar chimallin show near-identical interactions to neighboring protomers compared to 201phi2-1 chimallin
with the exception of CTS2, which is shorter in Goslar than in 201phi2-1 and shows a distinct set of interactions

(Fig. 2.10e-g, Tables 2.8 & 2.9).

Recently, transmission electron micrographs of cryo-preserved lysates from Salmonella cells infected with the
jumbo phage SPN3US revealed an unidentified square lattice structure with a 13.5 nm periodicity.1® We
identified a diverged chimallin homolog (gp244) in SPN3US that shares only 10% identity with 201phi2-1
chimallin (Fig. 2.5a). The similar dimensions and overall morphology of the SPN3US lattice compared to the
201phi2-1 and Goslar nuclear shells strongly suggest that these structures are composed of chimallin. Further,
during revision of this manuscript, a preprint reported a cryo-EM map of a chimallin sheet reconstituted in vitro
from Pseudomonas jumbo phage PhiPA3 (gp53, 52.2% sequence identity to 201ph2-1 gp105).t” The PhiPA3
chimallin possesses a similar overall structure to 201phi2-1 and Goslar at the protomer level, but predominantly
assembled in vitro as an oblique (p2) lattice in contrast to the predominantly square (p4) lattice observed in
cells.r” Thus, together with our findings on 201phi2-1 and Goslar, these data show that despite extremely low
sequence conservation, chimallin proteins from diverged jumbo phages exhibit high structural conservation at

both the level of an individual protomer and overall nuclear shell architecture.
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2.3 Discussion

Here, we detail the molecular architecture of the jumbo phage nuclear shell, a self-assembling, micron-scale
proteinaceous compartment that segregates transcription and translation, largely excluding protein transport yet
allowing selective protein import and mRNA export. We find that the shell is primarily composed of a single
protein, termed chimallin, which self-assembles through its extended N- and C-termini into a closed
compartment. The nuclear shell is a square quasi-lattice that effectively balances integrity and flexibility,
erecting a physical barrier between the replicating phage genome and host defenses including restriction enzymes

and CRISPR-Cas nucleases.

Chimallin is the first and most abundant protein produced upon phage 201phi2-1 infection of a host cell.? A key
question is how chimallin specifically nucleates around the injected phage genome. While it does self-assemble
in vitro at high concentration, chimallin does not form a phage nucleus by itself when overexpressed in
uninfected cells,? & suggesting that the phage encodes nucleation factor(s) that promote assembly of the shell
around its own genome. These factors may be produced alongside chimallin in the infected cell, or alternatively
may be injected along with the phage DNA upon initial infection. Thus, there is likely a window of time during
the initial infection in which the phage genome is not protected by the nuclear shell. How does the phage protect
itself during that time? We have consistently observed unidentified spherical bodies (USBs) in cells infected
with either 201phi2-1 or Goslar, with internal density consistent with tightly packed DNA (Fig. 2.17). In
201phi2-1-infected cells, USBs average 201 nm in diameter (internal volume ~4.25x10 um?®), while in Goslar-
infected cells, they average 182 nm in diameter (internal volume ~3.16x103 um?). The internal volume of USBs
in 201phi2-1-infected cells is 1.34x that of Goslar-infected cells, closely matching the 1.33x ratio between the
genome sizes of two phages (317 kb for 201phi2-1 vs. 237 kb for Goslar). For both 201phi2-1 and Goslar, the
internal volume of USBs is ~3.3-4.4 times that of their capsids, suggesting that if each USB contains one phage
genome, the DNA is less densely packed in USBs compared to the capsid. Using subtomogram analysis, we did
not find USBs to have the same surface as the nuclear shell made of a single layer of chimallin; rather, the
boundary’s density is most consistent with a lipid bilayer (Fig. 2.17f-I). Notably, similarly sized compartments
have been observed by thin-section TEM of jumbo phage PhiKZ and SPN3US infecting P. aeruginosa and
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Salmonella, respectively.'®1° Further work will be required to determine whether USBs represent unproductive
infections that failed to pierce the inner membrane of the host, or instead represent a mechanism to protect a

phage’s genome early in infection, prior to chimallin production and nuclear shell assembly.

Another unresolved question is how the phage nuclear shell grows concomitantly with phage genome replication.
We propose that shell growth is accomplished by incorporating soluble chimallin subunits into the lattice through
a presumably isoenthalpic transfer of the N- and C-terminal segments that bind the chimallin interfaces on the
lattice to the new chimallin subunits, effectively breaking and subsequently resealing the existing lattice. The
high propensity of chimallin to self-assemble, and the protein’s abundance in infected cells, likely ensures that

host defense factors have little opportunity to access the replicating phage genome during its growth.

We and others have shown that specific phage proteins are actively imported into the phage nucleus, while other
proteins — including host defense nucleases — are excluded.®* Given that the pores of the chimallin lattice are
not large enough to allow passage of most folded proteins, these data suggest that the phage encodes minor shell
components that mediate specific, directional transport of proteins and potentially phage-encoded mRNAs
through the protein barrier. Similarly, specific proteins either associated with or integrated into the shell likely
mediate interactions with the phage-encoded tubulin homolog PhuZ to position the phage nucleus? and enable
phage capsids to dock on the shell surface for genome packaging.® Intriguingly, the prohead protease of the
jumbo phage PhiKZ has been shown to cleave chimallin (gp54) between its C-terminal domain and CTS1 (Fig.
2.18),%° suggesting that proteolytic processing of chimallin may contribute to capsid docking and filling by

locally disrupting lattice integrity.

The jumbo phage nucleus is a striking example of convergent evolution to solve a problem — isolation of a
genome from the surrounding cell contents — previously thought to have evolved only once in the history of life.
Here, we have shown how the phage-encoded chimallin protein (ChmA) self-assembles into an effective nuclear-
cytosolic barrier. This work sets the stage for future identification of minor shell components (ChmB, ChmC,

etc.) that manage shell nucleation and growth, mediate nuclear-cytoplasmic transport, and direct key steps in the
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phage life cycle including cytoskeletal interactions and genome packaging. Finally, the structural elucidation of
the principal component of the phage nuclear shell opens the possibility to the design of engineered protein-

based compartments with sophisticated functions that span nanometer to micron scales.
2.4 Methods

Bacterial and phage growth conditions

Pseudomonas chlororaphis 200-B?* was grown on HA media at 30°C as previously described. 201phi2-1 lysates
were collected as previously described with minor modifications.? Briefly, 0.5 mL from a dense P. chlororaphis
culture grown in HA liquid media (HA with no agar added) was infected with 10 L serial dilutions of high-titer
201phi2-1 lysate (10'-10%2 pfu/mL), incubated for 15 minutes at room temperature, mixed with 4.5 mL of HA
0.35% top agar, poured over HA plates, and incubated overnight at 30°C. Then, 5 mL phage buffer was added
to web lysis plates the following day and incubated at room temperature for 5 hours. The phage lysate was
collected by aspiration, cell debris was pelleted by centrifugation at 3220 x g for 10 minutes, and the resulting
clarified phage lysate was stored at 4°C. Escherichia coli strain APEC 2248 was obtained from the DSMZ in
Germany and grown in LB media at 37°C. Goslar lysate (10 pfu/mL) was sent by Johannes Wittmann at the
DSMZ and stored at 4°C. All bacterial strains used in this study are listed in Table 2.10.

Plasmid construction and expression

The pHERD-30T plasmid was used for expressing GFP-tagged full-length and truncated Chimallin in P.
chlororaphis.?>2% All constructs were designed with GFPmutl fused to the N-terminus and synthesized by
GensScript. The plasmids were electroporated into P. chlororaphis, and 25 pg/mL gentamicin sulfate was used
for selection of colonies. All plasmids used in this study are listed in Table 2.10.

Live cell fluorescence microscopy and image analysis

P. chlororaphis cells (5 uL of ODspo=0.6) were inoculated on imaging pads in welled microscope slides. The
imaging pads were composed of 1% agarose, 25% HA broth, 25 pg/mL gentamicin sulfate, 2 ng/mL FM4-64,
0.2 pg/mL DAPI, and 1% arabinose to induce expression. The slides were incubated at 30°C for 3 hours in a
humid chamber, and 10 pL of undiluted high-titer 201phi2-1 lysate was added to the pads to infect the cells 60

minutes before imaging. Samples were imaged using the DeltaVision Elite deconvolution microscope (Applied
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Precision, Issaquah, WA, USA). Images were deconvolved using the aggressive algorithm in the DeltaVision
softWoRx program-v6.5.2.

All image analysis was performed on images prior to deconvolution. Average protein incorporation into the
201phi2-1 phage nucleus structure was determined using FIJI by measuring the mean gray value of the ring of
GFP intensity that denotes the phage nucleus and the mean gray value of cytoplasmic GFP outside of this ring.
The ratio of mean gray values of this ring GFP to cytoplasmic GFP was calculated as the average incorporation.
Representative cells were chosen from each dataset, and a 3D graph of normalized GFP intensity was generated
in MATLAB 2019a. Statistical analyses were performed using Prism-v9.3 (GraphPad Software).

Growth Curves

Culture of P. chlororaphis transformed with either an empty vector or one of the chimallin constructs were
grown in HA broth containing 25 pg/mL gentamicin sulfate to an ODsgoo between 0.6 and 0.8 and then back-
diluted to an ODggo of 0.1 in media containing 1% arabinose in 96-well plates. Serial 10-fold dilutions of
201phi2-1 lysate were added and growth monitored at ODsgoo at 10-minute intervals for 8 hours with continuous
shaking at 30°C. All growth curves were performed in duplicate, with duplicate wells (a total of four wells
averaged per data point).

Cryo-electron microscopy of in situ samples and image acquisition

For grid preparation of 201phi2-1 infections, host bacterial cells were infected on agarose pads as previously
described? for 50-60 minutes. For grid preparation of Goslar infections, 10 agarose pads (1% agarose, 25% LB)
were prepared in welled slides and spotted with 10 pl of E. coli (APEC 2248) cells at an ODggo of ~0.35 then
incubated at 37°C for 1.5 hours in a humidor. 10ul of Goslar lysate from the DSMZ was added to each pad. At
approximately 30 mpi, a portion of the infected cells were collected at room temperature and delivered for
plunge-freezing. Infected cells were collected by the addition of 25 ul of 25% LB to each pad and gentle scraping
with the bottom of an eppendorf tube followed by aspiration. A portion of the collection was aliquoted, the
remainder was centrifuged at 6000 x g for 45 seconds, resuspended with 0.25x volume of the supernatant, and a
portion of that was diluted 1:1 in supernatant. The remaining cells incubated on pads at 37°C until 90 mpi, at

which point they were assessed for productive infections by light-microscopy. Plunging of samples began 20-

30



30 minutes after removal from 37°C), which significantly slows infection progression. Since phage nuclei were
observed in this sample after cryo-FIB-ET, the sample was suitable for the analyses performed in this study.

A volume of 4-7 pul of cells were deposited on R2/1 Cu 200 grids (Quantifoil) that had been glow-discharged for
1 min at 0.19 mbar and 20 mA in a PELCO easiGlow device shortly before use. Grids were mounted in a custom-
built manual plunging device (Max Planck Institute of Biochemistry, Germany) and excess liquid blotted with
filter paper (Whatman #1) from the backside of the grid for 5-7 seconds prior to freezing in a 50:50
ethane:propane mixture (Airgas) cooled by liquid nitrogen.

Grids were mounted into modified Autogrids (Thermo Fisher Scientific) compatible with cryo-focus ion beam
milling. Samples were loaded into an Aquilos 2 cryo-focused ion beam/scanning electron microscope (TFS) and
milled to generate lamellae approximately ~150-250 nm thick as previously described.?

Lamellae were imaged using a Titan Krios G3 transmission electron microscope (Thermo Fisher Scientific)
operated at 300 kV configured for fringe-free illumination and equipped with a K2 directed electron detector
(Gatan) mounted post Quantum 968 LS imaging filter (Gatan). The microscope was operated in EFTEM mode
with a slit-width of 20 eV and using a 70 um objective aperture. Automated data acquisition was performed
using SerialEM-v3.8b11% and all images were collected using the K2 in counting mode.

For lamellae of 201phi2-1-infected P. chlororaphis, tilt-series were acquired at a 3.46 A pixel size over anominal
range of +/-51° in 3° steps with a grouping 2 using a dose-symmetric scheme?® with a per-tilt fluence of 1.8 e-
-A2 and total of about 120 e-A~2 per tilt-series. Nine tilt-series were acquired with a realized defocus range of
-4.5 to -6 um along the tilt-axis. An additional two data sets of six tilt-series each were collected at a pixel size
of 4.27 A with nominal tilt ranges of +/-50° and +/-60° in 2° steps with a grouping 2 using a dose-symmetric
scheme with a per-tilt fluence of 1.8-2.0 e-A~2 and total of about 100-110 e-A~2 per tilt-series.

For lamellae of Goslar-infected APEC 2248, tilt-series were acquired at a 4.27 A pixel size over a nominal range
of +/-56° in 2° steps with a grouping 2 using a dose-symmetric scheme with a per-tilt fluence of 2.6 e-A2 and
total of about 150 e-A2 per tilt-series. Twenty-one tilt-series were acquired with a realized defocus range of -5
to -6 um along the tilt-axis.

Image processing and subtomogram analysis of in situ cryo-electron microscopy data of the phage nucleus
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All tilt-series pre-processing was performed using Warp-v1.09 unless otherwise specified.?” Tilt-movies were
corrected for whole-frame motion and aligned via patch-tracking using Etomo (IMOD-v4.10.28).28 Tomograms
were reconstructed with the deconvolution filter for visualization and manual picking in 3dmod (IMOD-
v4.10.28). All subsequently reported resolution estimates are based on the 0.143-cutoff criterion of the Fourier
shell correlations between masked, independently refined half-maps using high-resolution noise-substitution to

mitigate masking artifacts.?®

First, for the 201phi2-1-infected P. chlororaphis dataset collected at 3.46 A per pixel, subtomogram averaging
of the P. chlororaphis host cell ribosomes was performed in order to improve initial tilt-series alignments using
the recently developed multi-particle framework, M (Fig. 2.6n). A set of 400 particles were manually picked
across the tomograms, extracted at 20 A per pixel, and aligned in RELION-v3.1.1 to generate an initial
reference.31-32 This data-derived reference was used for template-matching against 20 A per pixel tomograms at
a sampling rate of 15°. Template-matched hits were curated in Cube (https://github.com/dtegunov/cube),
ultimately resulting in 17,169 particle picks. The initial particle set was extracted at 10 A per pixel and subjected
to Class3D, after which 11,148 particles were selected for further analysis. Refine3D of the curated particle set
reached the binned Nyquist limit of 20 A. The refined particles were imported into M-v1.09 at 3.46 A per pixel.
Three iterations of refinement were performed starting with image-warp and particle poses, then incorporating
refinement of stage angles and volume-warp, and finally including individual tilt-movie alignment. This
procedure resulted in a ribosome reconstruction at an estimated resolution of about 11 A. Further refinement of
the particles in RELION yielded a reconstruction at an estimated resolution of about 10 A. Neither additional
attempts at 3D-classification nor multi-particle refinement lead to an improved ribosome reconstruction.

New tomograms were reconstructed at 20 A per pixel using the ribosome alignment metadata. The perimeters
of the 201phi2-1 phage nuclei were coarsely traced in these updated tomograms using 3dmod.3? Traces were
converted into surface models using custom MATLAB (MathWorks, v2019a) scripts and built-in Dynamo-
v1.1.514 functions.® Points were sampled every 4 nm along the surface models, oriented normal to the surface
(i.e., positive-Z towards the cytosol), and extracted from normalized, CTF-corrected tomograms at 10 A per

pixel in a 480 A side-length box using Dynamo.3? Initial orientations of the 66,887 extracted particles were
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curated using the Place Object plugin® for UCSF-Chimera-v1.15%° and incorrectly oriented particles were

manually flipped.

To generate an initial reference, a subset of 17,622 particles from two tomograms were subjected to reference-
free alignment in Dynamo-v1.1.514 for several iterations. For this procedure, no point-group symmetry was
enforced, alignment was limited to 40 A by an ad hoc low-pass filter each interaction, and the out-of-plane
searches were restricted to prevent flipping of sidedness. The alignment converged to yield a reconstruction
conforming to an apparent square (p4, 442) lattice. Analysis of particle positions and orientations using Place
Objects®* and “neighbor plots™3 were consistent with reconstructed average and indicated a spacing between

approximately 11.5 nm between congruent 4-fold axes.

The initial reference was subsequently used to align the entire dataset for a single iteration in Dynamo. For this
step, alignment was limited to 40 A, the out-of-plane searches were restricted to prevent flipping of sidedness,
C4 symmetry enforced, and a box-wide by 240 A cylindrical alignment mask applied. Inspection of particle
positions and orientations using Place Objects** and neighbor plots®® were again consistent with a square lattice-
like arrangement. To deal with the initial over-sampling, particle duplicates were identified as those within 9 nm
center-to-center distance of another particle and the one with the lower cross-correlation to the reconstruction
removed, which resulted in 21,165 retained particles. In addition, a geometry-based cleaning step was performed
to remove particles with less than three neighbors within 10 to 13 nm, which resulted in 8,454 retained particles.
The curated particle set was split into approximately equal half-sets on a per-tomogram basis, converted to the
STAR file format using the dynamo2m-v0.2.2 package,®” and re-extracted into a 480 A side-length box at 5 A
per pixel in Warp for use in RELION. A round of Refine3D was performed using a 40 A lowpass filtered
reference, C4 symmetry, local-searches starting at 3.7°, and a box-wide soft-shape mask. This resulted in a
reconstruction at an estimated resolution of 24 A for the 8,454 particle set.

Classification without alignment was performed using a 320 A spherical mask and C4 symmetry, to promote
convergence from the relatively low particle count. This differentiated three distinct classes corresponding to
“concave” (2,033 particles), “flat” (4,475 particles), and “convex” (945 particles) states of the central tetramer,
along with a noisy class (1,001 particles). The particles corresponding to the interpretable classes were re-
extracted into a 320 A box at 5 A per pixel and subjected to 3D auto-refinement as described for the consensus
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reconstruction. The estimated resolutions for the lowered, intermediate, and raised classes were 20 A, 18 A, and
23 A, respectively. Refinement in M of either the consensus particle set or the three aforementioned classes
above did not yield notable improvements in the reconstructions. This may be attributed to prior refinement of

the tilt-series alignment, the most resolution-limiting factor, using the host ribosomes.*

The twelve tilt-series of 201phi2-1-infected P. chlororaphis dataset collected at 4.27 A per pixel were pre-
processed and host ribosomes averaged as described above. The ribosome reconstruction from above was low-
pass filtered to 40 A and used for template-matching in Warp-v1.09, and curated in Cube to yield 47,469 particle
positions. Ribosomes were extracted at 10 A per pixel and subjected to reference-free 3D classification in
RELION-v3.1.1 which resulted in 15,782 subtomograms. Masked auto-refinement resulted in a reconstruction
with an estimated resolution of 28 A. Refinement of tilt-series parameters in M improved the resolution to about
20 A (not shown).

For the 201phi2-1 nucleus in the 4.27 A per pixel dataset, we were unable to completely resolve the quasi-lattice
register using either an ab initio reference or the reconstruction from above as determined by neighbor plots.
Thus, this dataset was solely included in the analysis of the unidentified spherical bodies and not further
subtomogram averaging.

The tilt-series of Goslar-infected APEC 2248 were pre-processed and host ribosomes averaged similarly as
described above. An initial host ribosome reference was generated from 400 randomly selected particles and
used for template-matching in Warp-v1.09, and curated in Cube to yield 98,981 particle positions. Ribosomes
were extracted at 10 A per pixel and subjected to reference-free 3D classification in RELION-v3.1.1 which
distinguished 70S and 50S classes containing 46,056 and 3,710 particles, respectively. Particles were re-
extracted at 6 A per pixel and subjected to 3D auto-refinement to yield 20 A and 14 A for the 50S and 70S
classes, respectively. Refinement of tilt-series parameters in M, followed by an additional round of 3D auto-
refinement at 4.27 A per pixel resulted in 12 A and 8.54 A (Nyquist-limit of the data) for the 50S and 70S,
respectively.

For the Goslar nucleus, the nuclei perimeters were traced from 6 tomograms and used to extract over-sampled
points normal to the surface, which resulted in 42,416 initial particles. A subset of 10,512 particles were used to
generate an ab initio reference in C1 as described above. The initial Goslar reference presented a similar spacing
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(~11.5 nm) and apparent C4 symmetry as the 201phi2-1 reconstruction, however the average converged on the
opposite 4-fold axis. For ease of subsequent analysis, the center of the Goslar initial reference was shifted to
match 201phi2-1. Alignment of the entire dataset was performed as described above and distance-based cleaning
post-alignment resulted in 4,501 particles for further processing. Alignment and reconstruction in RELION
enforcing C4 symmetry resulted in a reconstruction with an estimated resolution of 27 A. Similar to the 201phi2-
1, 3D classification of the consensus refinement without alignment separated the data into classes in which the
central tetramer appeared “concave’ (2,802) or “convex” (1,699). Refinement of these classes resulted in
reconstruction with estimated resolutions of 20 A and 25 A for the lowered and raised classes, respectively.

Analysis of unidentified spherical bodies

Unidentified spherical bodies (USBs) were manually identified and their maximal apparent diameters measured
from their line intensity profiles in 20 A per pixel tomograms using FIJI.38 In order to assess whether the surfaces
of these compartments possessed an underlying structure, we attempted subtomogram analysis of the
compartment surfaces essentially as described in.%7 3% We were unable to obtain a reconstruction exhibiting a
regular underlying structure as assessed both visually and by neighbor plots. However, despite their differing
exterior membrane, the interior density of the USBs is visually consistent with nucleic acid like that of the
interior of the phage nucleus.

Segmentation and visualization of in situ tomography data

Segmentation of host cell membranes and the phage nucleus perimeter was performed on 20 A per pixel
tomograms by first coarsely segmenting using TomoSegMemTV#° followed by manual patching with Amira-
v6.7 (TFS). For the purposes of segmentation, phage capsids, tails, PhuZ, and RecA-like particles were subjected
to a coarse subtomogram averaging procedure using particles sampled at 20 A per pixel. For capsids, all particles
were manually picked. Reference-generation and alignment of capsids was performed by enforcing icosahedral
symmetry with Relion-v3.1.1%1-%2 (despite the capsids possessing C5 symmetry) in order to promote convergence
from the low number of particles. For the phage tails, the start and end points along the filament axis were
defined manually and used to seed over-sampled filament models in Dynamo-v1.1.514.3% 4! An initial reference
for the tail was generated using Dynamo-v1.1.514 from two full-length tails with clear polarity. The resulting

reference displayed apparent C6 symmetry, which was enforced for the alignment of all tails from a given
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tomogram using Dynamo-v1.1.514 and Relion-v3.1.1. Similar to the phage tails, the PhuZ and RecA-like
filaments were picked and refined but without enforcing symmetry. We do not report resolution claims for these
averages and solely use them for display purposes in segmentations. Duplicate particles were removed and final
averages were placed back in the reference-frame of their respective tomograms using dynamo_table_place. For
clarity, a random subset of 500 ribosomes were selected for display in the segmentation.

Surface curvature estimates from segmentation

The segmentation of the phage nucleus, depicted in Figure 1d, sampled at 2 nm/pixels, was used to estimate the
principal curvature of the shell using PyCurv.#> PyCurv was run with default parameters and a hit radius of 3
pixels. For visualization purposes, the principal curvature values (xi, x2) were converted from a radius of

curvature (r, nm?) to an angle (6, degrees) using the following formula:

6 = 2 arctan (%)

where r is the radius of curvature (inverse of k,) and s is for the side-length of the polygon circumscribed, taken
as 5.75 nm.

Protein expression and purification

Full-length Chimallin from bacteriophages 201phi2-1 (gp105; NCBI Accession YP_001956829.1) and Goslar
(gp189; NCBI Accession YP_009820873.1) were cloned with an N-terminal TEV protease-cleavable Hiss-tag
using UC Berkeley Macrolab vector 2-BT (Addgene #29666). Truncations and other modified constructs were
cloned by PCR mutagenesis and isothermal assembly, and inserted into the same vector. Proteins were expressed
in E. coli Rosetta2 pLysS (Novagen) by growing cells to As00=0.8, inducing expression with 0.3 mM IPTG, then
growing cells at 20°C for 16-18 hours. Cells were harvested by centrifugation and resuspended in buffer A (50
mM Tris pH 7.5, 10 mM Imidazole, 300 mM NaCl, 10% glycerol, and 2 mM gB-mercaptoethanol), then lysed by
sonication and the lysate cleared by centrifugation. Protein was purified by Ni?* affinity method. The purified
proteins were centrifuged briefly to settle down the floating particles (visible large assemblies and aggregated
proteins). The proteins were dialyzed into buffer B (20 mM Tris pH 7.5, 250 mM NaCl, 2 mM gB-

mercaptoethanol) and the N-terminal histidine tag was cleaved using TEV protease with overnight incubation at
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4°C. The retrieved tagless proteins were further purified for homogeneity through Superose 6 Increase 10/300

GL column (Cytiva) in buffer B. The quality of purified proteins was verified by SDS-PAGE analysis.

For analysis by size exclusion chromatography coupled to multi-angle light scattering (SEC-MALS), a 100 pL
sample of protein at 2 mg/mL was passed over a Superose 6 Increase 10/300 GL column (Cytiva) in buffer B.
Light scattering and refractive index profiles were collected by miniDAWN TREOS and Optilab T-rEX detectors
(Wyatt Technology), respectively, and molecular weight was calculated using ASTRA v. 8 software (Wyatt
Technology).

Cryo-electron microscopy of in vitro samples and image acquisition

For grid preparation, freshly purified recombinant 201phi2-1 chimallin was collected from size-exclusion
chromatography (estimated concentration of 4 uM of the monomer, 0.3 mg/mL). Immediately prior to use, R2/2
Cu 300 grids (Quantifoil) were glow-discharged for 1 min at 0.19 mbar and 20 mA in a PELCO easiGlow device.
Sample was applied to a grid as a 3.2 yL drop in the environmental chamber of a Vitrobot Mark 1V (Thermo
Fisher Scientific) held at 16°C and 100% humidity. Upon application of the sample, the grid was blotted
immediately with filter paper for 3 seconds prior to plunging into a 50:50 ethane:propane mixture cooled by
liquid nitrogen. Grids were mounted into standard AutoGrids (Thermo Fisher Scientific) for imaging. Grids for
recombinant Goslar chimallin protein were prepared similarly, but with the modification that the sample was
concentrated to approximately 33 UM of the monomer (2.5 mg/mL) prior to plunge-freezing. The void peaks
from each purification were frozen similarly at the eluted concentration after dilution 1:1 with 6 nm BSA-tracer
gold (Electron Microscopy Sciences).

All samples were imaged using a Titan Krios G3 transmission electron microscope (Thermo Fisher Scientific)
operated at 300 kV configured for fringe-free illumination and equipped with a K2 directed electron detector
(Gatan) mounted post Quantum 968 LS imaging filter (Gatan). The microscope was operated in EFTEM mode
with a slit-width of 20 eV and using a 70 um objective aperture. Automated data acquisition was performed
using SerialEM-v3.8b11% and all images were collected using the K2 in counting mode.

For the 201phi2-1 24-mer sample, tilt-series were acquired using a pixel size of 1.376 A with a per-tilt fluence
of 4.7 e-A~2 using a dose-symmetric scheme?® from +/- 51° in 3° steps and a grouping 3, resulting in a fluence
of 164.5 e"-A~2 per tilt-series. In total 4 tilt-series were collected with a realized defocus of -2.5 to -4 um along
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the tilt-axis. Movies for single-particle analysis were recorded at a pixel size of 1.075 A with fluence of 42.6 e
-A2 distributed uniformly over 40 frames. Automated data acquisition was performed using image-shift with
active beam-tilt compensation to acquire 9 movies per hole per stage movement. In total 4,192 movies were

acquired with a realized defocus range of -0.1 to -1.5 pm.

For the Goslar 24mer sample, movies for single-particle analysis were recorded at a pixel size of 0.8452 A with
fluence of 40 e-A2 distributed uniformly over 44 frames. Automated data acquisition was again performed
using image-shift with active beam-tilt compensation to acquire 10 movies per hole per stage movement. In total,

3921 movies were acquired with a realized defocus range of -0.1 to -1.5 um.

For void peak samples, tilt-series were acquired similarly to that of the 201phi2-1 24mer sample but using a
pixel size of 1.752 A and tilt-range of +/- 60°.

Image processing of in vitro cryo-electron microscopy data

All movie pre-processing was performed using Warp-v1.09 unless otherwise specified.?” Tilt-movies of the
201phi2-1 chimallin were corrected for whole-frame motion and aligned via patch-tracking using Etomo
(IMOD-v4.10.28).28 Tomograms were reconstructed with the deconvolution filter for visualization and manual
picking of subtomograms using 3dmod (IMOD-v4.10.28).43 A total of 203 manually picked subtomograms and
their corresponding 3D-CTF volumes were reconstructed with a 288 A side-length. Subtomograms were aligned
and averaged initially in C1 by reference-free refinement as implemented in RELION-v3.1.13:%? to an estimated
resolution of 22 A. The C1 reconstruction displayed features consistent with a cubic assembly of the 201phi2-1
chimallin protomers. Thus, an additional round of refinement using the C1 reconstruction as a reference and

enforcing O point-group symmetry improved the estimated resolution to 18 A.

For the single-particle 201phi2-1 chimallin data, movies were motion-corrected with exposure-weighting and
initial CTF parameters estimated using 5x5 grids. Micrographs were culled by thresholding for an estimated
defocus in the range of 0.3-1.5 um and CTF-fit resolutions better than 6 A resulting in 4,098 micrographs for
further processing. An initial set of 140,782 particle positions were picked with BoxNet2 (Warp-v1.09)?" using
a model re-trained on 20 manually curated micrographs and using a threshold of 0.95. Particle images were
extracted using a 396 A side-length. All further processing was performed using RELION-v3.1.132 unless
otherwise specified. A single round of reference-free 2D-classification was performed and the 128,798 particle
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images assigned to the averages displaying internal features were selected for further processing. At this stage,
analysis of the 2D averages suggested the presence of 4-, 3-, and 2-fold symmetry axes, consistent with a cubic
arrangement of the chimallin protomers in the particles. Thus, we subjected the particle images to 3D-refinement
using the subtomogram average obtained from above as an initial reference lowpass filtered to 35 A and O point-
group symmetry enforced, which resulted in a reconstruction at an estimated resolution of 4.2 A. However, the
reconstruction did not display features consistent with this resolution estimate (e.g., B-strands were not
separated). The high apparent point-group symmetry and distribution of 2D class averages did not support the
inflated resolution being due to a preferred orientation. Partitioning particles into half-sets by micrograph did
not change the estimated resolution of reconstruction, indicating the inflated estimate was not due to splitting
identical or adjacent particles across the half-sets. In addition, extensive 3D-classification with and without
symmetry enforced did not yield distinct classes. Therefore, the possibility of quasi-symmetry was investigated
by performing localized reconstructions of sub-structures within the particles. To reduce computational burden,
the apparent O symmetry was first partially expanded to C4 using relion_particle_symmetry expand to fully
expand to C1 before removing redundant image replicates (noting that redundant views of the 4-fold axes possess
the same last two Euler angles) to yield 772,788 sub-particles. Refinement of the partially expanded particles
while enforcing C4 point-group symmetry and using a soft shape mask resulted in a reconstruction with an
estimated resolution of 3.6 A with notably improved features. Re-centering and re-extraction using a 245 A side-
length followed by refinement improved the estimated resolution to 3.6 A. CTF refinement* (per particle
defocus, per micrograph astigmatism, beam-tilt, and trefoil) and Bayesian polishing*® successively improved the
resolution further to 3.5 A and 3.4 A, respectively. A round of 2D-classification without alignment was
performed to remove particles assigned to empty or poorly resolved classes, which yielded a set of 664,363 sub-
particles and no change in the estimated resolution upon re-running 3D-refinement. Although the reconstruction
substantially improved through this procedure, the C4 map still exhibited distorted density (e.g., elongated
helices). Attempts at 3D-classification did not separate distinct classes. Thus, a localized reconstruction was
performed focused on the individual chimallin protomer in C1. Again, to reduce computational burden, before
expanding the symmetry to C1 another round of Bayesian polishing was performed in which the sub-particle

images were extracted using a 354 A side-length and premultiplied by their CTF before cropping in real-space
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to a 200 A side-length. After another round of 3D-refinement enforcing C4 point-group symmetry, the data was
expanded to C1 which resulted in 2,657,452 sub-particles and refined to an estimated resolution of 3.3 A. The
Bayesian polishing job was re-run to extract sub-particles at the full box size and without premultiplication by
their CTF for import into cryoSPARC-v3.2.46 A single round of local non-uniform refinement*” was performed
in C1 using a user-supplied static mask, marginalization, and FSC noise-substitution options, which lead to a
final reconstruction of the 201phi2-1 chimallin monomer at an estimated resolution of 3.1 A,

The Goslar chimallin single-particle data were pre-processed similarly to the 201phi2-1 chimallin data, which
after initial thresholding resulted in 2889 micrographs for further processing. Initial particle positions were
identified using the 201phi2-1 chimallin-trained BoxNet2 (Warp-v1.09)?” model with a threshold of 0.1, which
resulted in 289,387 picks. Particles were extracted using a 400 A side-length and subjected to iterative rounds
of 2D-classification and sub-selection, which resulted in 78,532 particles used for initial 3D-refinement. The
Goslar chimallin particles exhibited the same quasi-symmetry as the 201phi2-1 chimallin described above, thus
were processed using the same localized reconstruction procedure. The quasi-O, quasi-C4, and C1
reconstructions yielded estimated resolutions of 4.0 A, 2.6 A, and 2.4 A, respectively. The quasi-C4 and C1
reconstructions within RELION32 were performed on particle images that were extracted using a 470 A side-
length, premultiplied by their CTF, and cropped in real-space to a 200 A side-length. The final C1 reconstruction
was performed in cryoSPARC-v3.246 as described above, which led to a final reconstruction of the Goslar
chimallin monomer at an estimated resolution of 2.3 A from 1,407,340 sub-particle images.

All resolution estimates are based on the 0.143-cutoff criterion of the Fourier shell correlations between masked
independently refined half-maps using high-resolution noise-substitution to mitigate masking artifacts.?® Local
resolution estimates were computed using RELION with default parameters. Resolution anisotropy for the C1
reconstructions were assessed using the 3DFSC* web server which reported sphericity values of 0.963 and 0.994

for the 201phi2-1 and Goslar maps, respectively.

Void peak tilt-series were processed similarly to the 201phi2-1 24-mer tilt-series, but using the gold-fiducials

for alignment instead of patch-tracking in Etomo.?®

Coordinate model building and refinement
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Initial monomer models were generated via the DeepTracer web server*® followed by manual building in COOT-
v0.9.1% and subjected to real-space refinement in PHENIX-v1.19.2.5! To generate tetramer models, monomer
models were rigid-body docked into the C4 maps using UCSF Chimera-v1.15% and the N-terminal segments
joined to the appropriate protomer cores. To generate 24mer models, tetramer models were rigid-body docked
into the hexahedral maps and the C-terminal segments reassigned to the appropriate protomer cores. To ensure
robust refinement, tetramer and 24mer structures were refined with C4 or O non-crystallographic symmetry
(NCS) constraints and reference-model restraints based on high-resolution monomer structures. Isotropic atomic
displacement parameters were refined against the respective unsharpened maps. All models were validated using
MolProbity®? and EMRinger®® (Table 2.2). EMRinger scores for the 201phi2-1 24mer, tetramer, and monomer
models were 0.46, 2.86, and 2.39, respectively. EMRinger scores for the Goslar 24mer, tetramer, and monomer

models were 0.92, 3.10, and 3.59, respectively.

Interface analysis
Interface analysis for the cubic assemblies to identify interacting residues and to calculate buried surface area

was performed using the ePISA-v1.52%* and CaPTURE®® web servers.

Nine-tetramer sheet modelling

Nine chimallin tetramers were arranged in a flat sheet (3x3) structure by fitting in the consensus subtomogram
average. Assuming the unfolding of the cubical assembly to create a flat sheet structure, the interacting C-
terminal segments in the corner three-fold axis were re-assigned in a four-fold symmetry axis to the
corresponding protomer. The missing residues between the C-terminal domain and C-terminal segment were
built manually in COOT-v0.9.1 ensuring no clash with other modelled atoms (taking the flat sheet model in
consideration).>® The missing loop region in a protomer (residues 307-319) was built using the DaReUS-Loop
web server.5 This modelled chain (residues 45-612) was used to re-create the flat-sheet structure by applying
symmetry. Finally in this flat sheet model, the protruding C-terminal segments of peripheral protomers were

trimmed and twelve interacting segments in the periphery were included in the final model (48 chains).
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Protonation state assignment and electrostatics estimates
The electrostatic surface representation was generated with the APBS-v3.0.0% using the AMBER99 force

field>® and a pH of 7.5 for assigning protonation states using PROPKA-v3.4.0%° through PDB2PQR-v3.4.0.5°

Elastic Network Models

Elastic network models®:-¢2 are a subset of normal mode analysis.®4%> Here we used anisotropic network models
(ANM)® and Gaussian network models (GNM).87-6° Both of these models simplify the protein structure into a
series of nodes, with an internode potential energy function governing node motion. To look at it another way,
each mode is an eigenvector whose corresponding eigenvalue is the frequency of that motion in the model; lower
frequencies correspond to dynamics that best describe the structure’s intrinsic motions. ProDy (version 1.0) is a
software program enabling calculation of ANM and GNM modes,”®"* which we used in this study. We created
20,412 nodes for the ANM and GNM calculations, which is the largest number of nodes ever used in ProDy.
The five lowest frequency GNM modes accounted for 76% of the overall variance. Considering we do not need
to use all ENM modes to capture the system’s dynamics’? we selected these five GNM modes and the five lowest
frequency ANM modes to use in our models. The GNM’s Kirchoff matrix was built with a pairwise interaction
cutoff distance of 10 A and a spring constant of 1.0, while the ANM’s Hessian matrix used a pairwise interaction
cutoff distance of 15 A and a spring constant of 1.0. The ANM structural ensemble movies used an RMSD

difference of 25 A from the original conformation to display the protein sheet’s flexibility.

Molecular dynamics simulations

Simulations were performed using the 9-tetramer chimallin sheet model. This structure was protonated and
placed in a water box through Amber’s tleap module.” The system was neutralized with Na* using a 12-6 ion
model.”*"® The CUDA version 10.1 implementation’6-7® of Amber 20 was used.” The water model used was
OPC'8 with the Amber 19ffsb force field.2° The resulting system, including the protein and waterbox, contained

1,729,704 atoms. Energy minimization was performed for a total of 10,000 cycles using a combination of
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steepest descent and conjugate gradient methods’® while the heavy atoms were restrained with a force constant
of 10.0 kcal/(mol x A?). Next, the system was slowly heated from 10.0 K to 300.0 K over 4 ns before stabilizing
at 300.0 K for the next 6 ns using the NVT ensemble with a Langevin thermostat with a friction coefficient
(collision frequency) of y=5.0 ps't and the heavy atoms restrained with a force constant of 1.0 kcal/(mol x A?).
Equilibration was performed in the NPT ensemble for 20 ns, using a timestep of 2 fs and the SHAKE algorithm,
constraining bonds involving hydrogens.®! The equilibration temperature was set at 300.0 K with a Langevin
thermostat with a friction coefficient (collision frequency) of y=1.0 ps* 8- and the pressure set to 1 bar with a
Berendsen barostat® with relaxation time constant 7=1.0 ps™ and a heavy atom restraint with a force constant of
0.1 kcal/(mol x A?). Periodic boundary conditions were enforced with the van der Waals interaction cutoff at 8
A, while long-range interactions were treated with the Particle mesh Ewald algorithm.® After equilibration, the
system was cloned into five replicates for the production runs, still set at 300.0 K in the NPT ensemble. Each
was run for 300 ns, resulting in 1.5 us of total sampling.

The resulting molecular dynamics trajectories were analyzed through CPPTRAJ-v.25.68 and MDTraj-v1.9.4%".
In particular, RMSD was calculated through MDTraj. This was done by calculating the RMSD of the Ca atoms

for all tetramers, as well just the central tetramer, from each trajectory and averaging the results.

Pore Analysis

Pore annotation was performed using CHAP-v0.9.188 was used for all other analyses. The free energy and solvent
density plots were averaged between physiologically identical pores across all simulation replicates. The
intertetramer (“corner four-fold”) pore in the upper-left quadrant contained two frames that caused CHAP to
crash; these frames were removed before averaging after consultation with the CHAP developers. Considering
we still averaged 1502 frames x 4 pores - 2 bad frames = 6006 frames for the intertetramer pores, we do not feel

that this removal causes any difference in our conclusions.
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Structure visualization and figure generation
Density maps, coordinate models, and simulation trajectories were visualized and figures generated with
PyMOL-v2.5 (Schrodinger L., DeLano W., 2021), UCSF Chimera-v1.15,% ChimeraX-v1.2.5,% and VMD-

1.9.4a35.%
2.5 Data availability

Cryo-EM density maps have been deposited in the Electron Microscopy Data Bank. Subtomogram averaging
maps have the accession numbers: EMD-25221 (201phi2-1, consensus), EMD-25220 (201phi2-1, concave),
EMD-25222 (201phi2-1, flat), EMD-25223 (201phi2-1, convex), EMD-25183 (P. chlororaphis, 70S), EMD-
25229 (Goslar, consensus), EMD-25262 (Goslar, concave), EMD-25358 (Goslar, convex), EMD-25359
(APEC2248, 70S), EMD-25360 (APEC2248, 50S). Single-particle maps have the accession numbers: EMD-
25393 (201phi2-1, O), EMD-25391 (201phi2-1, C4), EMD-25392 (201phi2-1, C1), EMD-25393 (201phi2-1,
D4) EMD-25394 (Goslar, O), EMD-25395 (Goslar, C4), and EMD-25395 (Goslar, C1). Coordinate models have
been deposited in the RCSB Protein Data Bank with the accession numbers 7SQQ (201phi2-1, O), 7SQR
(201phi2-1, C4), 7SQS (201phi2-1 C1 monomer), 7SQT (Goslar, O), 7SQU (Goslar, C4), and 7SQV (Goslar,
C1). Raw cryo-EM data have been deposited with the Electron Microscopy Public Image Archive with accession
codes: EMPIAR-10859 (in situ 201phi2-1 tilt-series), EMPIAR-10860 (in situ Goslar tilt-series), EMPIAR-
10862 (in vitro 201phi2-1 frame-series), and EMPIAR-10863 (in vitro Goslar frame-series). Genbank IDs for
protein sequences used in this study are provided in Table 2.7. All other data are available upon request to the

corresponding author(s).
Code availability

The programs used in this study are previously published with the sources and citations indicated

in the Methods section.
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Figure 2.6 | In situ cryoFIB-ET of 201phi2-1-infected P. chlororaphis cells and subtomogram analysis. a,
Schematic of cryoFIB-ET workflow. b-i, Slices of the eight 201phi2-1 nucleus-containing tomograms used in
this study. j Enlarged view of the colored boxed region in i. Exemplar doublets are indicated by yellow braces.
k Enlarged view of the correspondingly colored boxed region in i which shows a square mesh-like texture
corresponding to the square lattice. I, Half-map Fourier shell correlation (FSC) curves for the 201phi2-1
subtomogram reconstructions. m, Example over-sampling and subtomogram curation strategy using lattice plots
for the tomogram shown in Figure 1c. n, Schematic of the subtomogram averaging workflow. Enlarged views
of the consensus average with cytosolic and lumeal faces indicated. o, Neighbor plot of the initial (top),
asymmetrically aligned reference. Neighbor plot of the symmetrized consensus (bottom) refinement. p, Enlarged
views of the resolved classes colored by relative height. The central tetramer is denoted by a yellow, dashed line
for each class. Scale bars: b-i: 250 nm, j,k: 25 nm, o0: 10 nm.
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Figure 2.7 | In vitro tomography of 201phi2-1 chimallin void peak. Slice through the tomogram of the
201phi2-1 chimallin SEC size-exclusion chromatography void peak. Region marked by a dashed yellow box is
used in Figure 2b. Scale bar is 50 nm.
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Figure 2.8 | Single-particle reconstruction of the in vitro 201phi2-1 chimallin cubic assembly. a, Exemplar
micrograph and 2D class averages. b, Schematic of the localized reconstruction workflow. ¢, Unsharpened
density map views centered on helix B (residues 68-84) at progressive stages of the localized reconstruction
process. Final view of the C1 map shown with a fitted coordinate model. d, Fourier shell correlation (FSC)
curves for the half-maps at progressive stages of the localized reconstruction process (red, yellow, and blue),
histogram of local resolution estimates for the C1 reconstruction (light blue). f, C1 reconstruction filtered and
colored by local resolution. g, (left) 2D class average of the minor (517 particles) species of elongated, quasi-
D4 assemblies. (right) Orthogonal views of the D4-symmeterized single particle reconstruction. Scale bars: a:
50 nm, g: 10 nm.
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Figure 2.9 | Partial homology of chimallin fold topology to known structures. a, Topology of the 201phi2-1
chimallin N-terminal domain (NTD, residues 62-228). b, Topology of E. faecalis EF_1977 (PDB ID: 3NAT),
the closest structural relative of the chimallin A NTD. The root mean square deviation (RMSD) between
chimallin NTD and 3NAT coordinate models is 4.6 A over 97 aligned Ca atoms. Homologous secondary
structure elements are colored in yellow. ¢, Topology of the 201phi2-1 chimallin C-terminal domain (CTD,
residues 229-581). d, Topology of the E. coli AtaT tRNA-acetylating toxin (PDB ID: 6AJM)!L. The root mean
square deviation (RMSD) between chimallin CTD and 6AJM coordinate models is 4.2 A over 269 aligned Ca
atoms. Homologous secondary structure elements are colored in blue. e, Structural overlay of the chimallin CTD
(blue) and AtaT (white; PDB ID 6 AJM), showing the similarity in binding site for the chimallin CTS1 segment
(red) and the antitoxin AtaR (green).
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Figure 2.10 | Interactions of NTS and CTS segments with the chimallin core. a, Relationship of 201phi2-1
chimallin protomer packing in the cube (left) and flat sheet model (right). One protomer is shown as spheres and
colored yellow with its NTS in blue and CTS1/CTS2 in red. Protomers that interact directly with this central
protomer are colored. Non-interfacing protomers are in white. The flat sheet model is docked within the 201phi2-
1 consensus subtomogram average map shown as transparent grey. Red arrows point to locations of unresolved
linkers (red dashed lines), and pink symbols indicate 3- or 4-fold symmetry axes. b-d, Close-ups of the 201phi2-
1 coordinate model around the binding sites for NTS (b), CTS1 (c), and CTS2 (d). (e-g) Close-ups of the Goslar
coordinate model around the binding sites for NTS (e), CTS1 (f), and CTS2 (g). For all panels, cryo-EM density
map is shown as a mesh at high (pink) and low (grey) contours. Polar interactions are depicted by the symbols
indicated in the key at the far right.
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Figure 2.11 | SEC-MALS of 201phi2-1 chimallin truncations. a, Domain diagram of 201phi2-1 chimallin
(top), with truncations tested by SEC-MALS (bottom). b-h, SEC-MALS analysis of full-length 201phi2-1
chimallin (b) and truncated constructs lacking the N-tail (c), NTS (d), CTS2 (e), CTS1+CTS2 (f), N-tail+CTS2
(9), or NTS + CTS1/2 (h). For panels b-h, differential refractive index (dRI) shows protein concentration (blue
curves), and yellow points indicate measured molecular weight. Average molecular weight for each peak is
shown.
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Figure 2.12 | GFP-chimallin incorporation into the nuclear shell in 201phi2-1-infected P. chlororaphis and
truncation mutant growth curves. a, Raw microscopy images of representative cells expressing GFP-chimallin
and infected with 201phi2-1 60 minutes post-infection (mpi) showing GFP fluorescence with associated 3D
graphs showing normalized GFP fluorescence intensity within these cells from a top and side view. GFPmutl
was expressed without fusion to chimallin as a negative control and shows no incorporation. Growth curves for
P. chlororaphis expressing the indicated 201phi2-1 chimallin truncation mutant (or empty vector control) and
challenged with either no phage (black line) or increasing multiplicity of infection of 201phi2-1 (color key at the
bottom) over a period of 8 hours. Dashed grey-line indicates the half of the maximal optical density at 600 nm
achieved by the no phage control in each experiment. Curves are the average of four replicates (n = 4) of each
condition. Scale bar: a: 1 pm.
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Figure 2.13 | Analysis of flexibility by Gaussian network models and subtomogram analysis. a, Cytosolic
and tilted view schematic of 3x3 tetramer sheet model. b-f, Cartoon sheet model colored by results of Gaussian
Network Model modes 1 through 5, respectively. Regions are colored according to the directional correlation of
motion: positive (cyan), negative (magenta), and near-zero (white). “Hinge-residues” are depicted as green
spheres. A list of the hinge-residues for each mode is in Table 2.5. g, Slice through the consensus subtomogram
average for the 201phi2-1 nuclear shell, with the four-fold axis defining the central tetramer noted. h, Equivalent
view of panel g from a pseudomap generating by fitting tetramers into the consensus subtomogram average. i,
Model-map correlation coefficient about the mean (CC) for a tetramer model fit into the consensus subtomogram
average and the three subclasses (concave, flat, and convex) within either the N-termini facing the cytosol (OUT)
or lumen (IN). j, Two views of the concave, flat, and convex subclasses, compared to a pseudomap generated
from the tetramer model. Dotted lines indicate the orientation of one monomer in each map. Denoted angles are
with respect to the perpendicular. The arc arrow is red for the pseudomap to denote its opposite direction
compared to the subtomogram average maps. k, Angles between tetramers in the phage nucleus lattice, derived
from surface curvature estimates for phage nucleus segmentation in Figure 1d. I, Schematic of example
manifestations of lattice curvature. The positive curvature shown on the right represents the 90° angle seen in
the in vitro cubic assembly.
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Figure 2.14 | Size and hydrophobicity profiles of the four-fold pores. a, Schematic of the 9-tetramer sheet
model with the center four-fold pores marked with green squares. b, Pore diameter summary statistics for the
nine center four-folds denoted in a over the course of the averaged 300-ns simulations (n = 5). ¢, Diameter
profiles for each pore. The permeation pathway from top (negative values) to bottom (positive values)
corresponds with cytosol to lumen. Solid black lines denote the mean diameter, dark gray shading +/- one
standard deviation, and light grey shading the range. Dots indicate pore-facing residues and are colored by
hydrophobicity. d, Hydrophobicity profiles for each pore. Solid black lines denote the mean hydrophobicity,
dashed lines +/- one standard deviation, and shaded regions mark the range. e, Schematic of the 9-tetramer sheet
model with the corner four-fold pores marked with pink squares. f, Pore diameter summary statistics for the four
corner four-folds denoted in a over the course of the averaged 300-ns simulations (n = 5). g, Same as c for the
corner four-fold pores. h, Same as d for the corner four-fold pores. i, Mean root mean square deviation (RMSD)
of the alpha-carbons in the 3x3 tetramer sheet model over the course of the simulations for all alpha-carbons
(green) and for those just within the central tetramer (blue). The central tetramer is embedded in a physiological
environment, flanked by other tetramers. The edge tetramers continue to display an increasing RMSD since they
are not connected to adjacent tetramers. Our analysis in the text stems from the central pore and corner pores
formed by this tetramer.
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Figure 2.15 | In situ cryoFIB-ET of Goslar infected APEC2248 cells and subtomogram analysis. a,
Tomographic slice of a Goslar-nucleus and b the corresponding segmentation model. Outer and inner bacterial
membranes are burgundy and pink, respectively. The phage nucleus is colored blue and host ribosomes are
colored pale yellow. Five-hundred randomly selected 70S ribosomes are placed for clarity. c-g, A slice from
each of the Goslar-nucleus containing tomograms used for subtomogram averaging in this study. The cells were
plunged at effectively ~20-30 mpi, thus too early to observe virion assembly. h, Schematic of the subtomogram
averaging workflow. i, Neighbor plots of the asymmetrically aligned initial reference (left) and symmetrized
consensus refinement (right). j, Enlarged views of the resolved classes colored by relative height. k, Half-map
Fourier shell correlation (FSC) curves for the subtomogram reconstructions.
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Figure 2.16 | Single-particle reconstruction of the in vitro Goslar chimallin cubic assembly. a, Size-
exclusion coupled to multi-angle light scattering (SEC-MALS) analysis of purified, full-length Goslar chimallin.
b, Exemplar micrograph and 2D class averages. ¢, Schematic of the localized reconstruction workflow. d, C1
reconstruction filtered and colored by local resolution estimates. e, Unsharpened density map views centered on
helix B (residues 64-78) at progressive stages of the localized reconstruction process. Final view of the C1 map
shown with a fitted coordinate model. f,g, Fourier shell correlation (FSC) curves for the half-maps and against
corresponding models at progressive stages of the localized reconstruction process (red, yellow, and blue),
histogram of local resolution estimates for the C1 reconstruction (light blue), and the C1 model-vs-map FSC
curve (black). Scale bar: b: 50 nm.
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Figure 2.17 | Unidentified spherical bodies present in jumbo phage-infected cell populations and
speculative models. a, Tomographic slice of Goslar-infected APEC2248 cell containing a bonafide phage
nucleus, as well as an unidentified spherical body (USB). b, Enlarged view of the phage nucleus and USB from
the region boxed in a. c, Plot of the apparent maximal diameter distributions for 201phi2-1 (purple) and Goslar
(green) USBs with the summary statistics listed. d, Subtomogram average of the USBs picked from the Goslar
dataset. Yellow arrow pointing to putative membrane leaflets. slices of USBs from the Goslar dataset. e, Left,
model of USBs as the previously proposed pre-shell/nucleus enclosure of the phage DNAS. Right, schematic
summary of structural models in this work: (i) exclusion of host nucleases by small chimallin pore sizes, (ii)
possible extrusion of phage mMRNA via these pores, and (iii) implication of additional shell components to enable
uptake of specific phage proteins into the phage nucleus. f-h, Gallery of USBs observed in tomograms of
201phi2-1-infected cell populations. i-l, Gallery of USBs observed in tomograms of Goslar-infected cell
populations. Scale bars: a: 150 nm, b: 50 nm, d: 10 nm, f-I: 50 nm.
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2.10 Supplementary information

This file contains Figures 2.18 and Tables 2.1-2.10. Sl Figure shows an alignment for the 201phi2-1 and PhiKZ
chimallin. Table contents: cryo-EM map statistics, coordinate model statistics, protein-protein interface
statistics, hinge residues, pore-facing residues, sequences used to construct the tree in Figure 2.5a, and the

bacterial strains and plasmids used in this study.
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Figure 2.18 | Alignment of 201phi2-1 and phiKZ chimallin proteins. Alignment of 201phi2-1 gp105 and
phiKZ gp54 protein sequences. Secondary structure and domain annotation are shown above the alignment and
are based on the 201phi2-1 structure. Dashed lines in the domain annotation indicate unresolved segments. The
phiKZ prohead protease (gpl175) cleavage-site in gp54 is indicated by a yellow arrow. Cleavage-site based on
that identified by Weintraub et al. .
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Table 2.1 | Insitu cryoFIB-ET data collection and reconstruction statistics

201phi2-1 infected P. chlororaphis

chimallin

70S Consensus Concave Flat Convex
(EMD- (EMD- (EMD- (EMD- (EMD-
25183) 25221) 25220) 25222) 25223)

Goslar infected E. coli (APEC2248)

chimallin

70S Consensus Concave Convex
(EMD- (EMD- (EMD-  (EMD-
25359) 25229) 25262)  25358)

Data
collection

Magnification
Voltage (kV)

Defocus range
(um)

Pixel size (A)

Electron
exposure (e—

1A

Tilt-
range/step (°)

Tilt-scheme

Processing

Symmetry
imposed

Initial particle
images (no.)

Final particle
images (no.)

Map
resolution (A)

FSC
threshold

33,000 42,000
45t0-6 Sto-6

3.46 4.27

150

120
+51/3 +56 /2
dose-symmetric, grouping 2
C1 C4 c4 c4 C1 C4 C4 C4
17,169 66,887 8,454 98,981 42,416 4,501

11,148 8,454 2,033 4,475 945

10 24 20 18

46,056 4,501 2,802 1,699

8.5 27 20 25
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Table 2.2 | Cryo-EM data collection, reconstruction, and refinement statistics

201phi2-1 Goslar
gp105 gp189
tetramer tetramer
24mer (EMD- monomer 24mer (EMD- monomer
(EMD- 25391) (EMD- (EMD- 25395) (EMD-
25390) (PDB 7SOR) 25392) 25394) (PDB 25396)
(PDB (PDB 7SQS)  (PDB 7SQT) 7SQU) (PDB 75QV)
75QQ)
Data collection and
processing
Magnification 130,000 165,000
Voltage (kV) 300
Electron exposure (e—/A?) 43 40
Defocus range (um) -0.1to-1.5
Pixel size (A) 1.075 0.8452
Symmetry imposed O C4 C1 ¢} C4 C1
Initial particle images (no.) 140,782 772,788 2,657,452 289,387 471,192 1,407,340
Final particle images (no.) 128,798 664,363 2,657,452 78,532 351,835 1,407,340
Map resolution (A) 4.2 34 3.1 4.0 2.6 2.3
FSC threshold 0.143
Map resolution range (A) 40t05.1 3.3t044 2910438 3.7t06.0 251034 2.3t034
Refinement
Initial model used (PDB de novo 7SQS
code)
Model resolution (A) 4.7 3.6 3.3 4.4 2.8 25
FSC threshold 0.5
Model composition
Non-hydrogen atoms 103,632 17,272 4,376 107,136 17,856 4,471
Protein residues 13,296 2,216 560 13,752 2,292 573
ngands 0 0 0 0 0 7
B factors (A?)
Protein 408.17 125.69 108.00 318.81 97.77 77.87
Ligand (waters) n.a. n.a. n.a. n.a. n.a. 71.61
R.m.s. deviations
Bond lengths (A) 0.003 0.003 0.002 0.010 0.010 0.001
Bond angles (°) 0.633 0.632 0.469 0.699 0.698 0.380
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Table 2.2 | Cryo-EM data collection, reconstruction, and refinement statistics (continued)

Validation
MolProbity score 163 156 131 116 0094 0.87
Clashscore 823 682 359 213 116 136
Poor rotamers (%) 0 0 022 125 1.04 063

Ramachandran plot

Favored(‘;/o) 96.89 96.89 97.08 97.53 97.53 99.29
Allowed (%) 311 311 292 247 247 071
Disallowed (%) 0 0 0 0 0 0

Table 2.3 | Summary of in vitro 201phi2-1 chimallin protomer interfaces

Chain-1 Atoms Residues Chain-2 Atoms Residues Area (A?) H bonds Salt bridge Cation-z

A 28 9 F 28 9 307 0 0 0
A 130 34 H 147 43 1253 7 6 0
A 147 43 B 130 34 1253 7 6 0
A 198 53 D 205 56 1945 14 0 1
A 205 56 G 198 53 1945 14 0 1
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Table 2.4 | Summary of a 201phi2-1 chimallin protomer’s polar interactions in vitro

72

Chain-1 Resi Resn Atom Chain-2 Resi Resn Atom Dist (A) Type

A B 48 GLY N H A 287 ASP OD2 36 H bond
A B 51 ASN NE2 H A 337 GLY O 3.2 H bond
A B 51 ASN OD1 H A 339 GLN N 3.4 H bond
A B 5 ARG O H A 339 GLN NE2 2.6 H bond
A B 59 ASN N H A 8 ASP O 35 H bond
A B 102 GLN OEl H A 281 ASN ND2 2.3 H bond
A B 163 SER OG H A 282 GLU OE2 31 H bond
A B 5 ARG NE H A 219 ASP OD1 2.5 Salt bridge
A B 56 ARG NH1 H A 227 GLU OE1 3.4 Salt bridge
A B 56 ARG NH1 H A 227 GLU OE2 3.7 Salt bridge
A B 56 ARG NH2 H A 227 GLU OEl 3.9 Salt bridge
A B 56 ARG NH2 H A 227 GLU OE2 2.9 Salt bridge
A B 56 ARG NH2 H A 219 ASP OD1 3.3 Salt bridge
A -319 THR OG1 [D | A 319 THR 29  Hbond
A 406 GLN OE1 /D A 306 GLN 3.9 H bond
A l 424 ARG NH2 'D A 624 GLN 3.3 H bond
A 430 GLN OE1 /D A 629 SER N 3.8 H bond
A l430 GLN OE1 D A 629 SER OG 2.8 H bond
A - 437 ASP OD2 | D A 631 TYR OH 2.8 H bond
A 592 PHE D A 516 TRP NE1 2.3 H bond
A 595 ASN D A 301 ARG O 35 H bond
A 604 SER D A 565 GLU OE2 3 H bond
A 604 SER OG D A 565 GLU OE2 3.4 H bond
A l 605 GLY N /D A 565 GLU OE2 36 H bond
A 606 GLN NE2 D A 358 HIS O 3.1 H bond
A l 607 ALA N D A 357 THR OG1 3.8 H bond
A 610 HIS N D A 578 ILE O 3.1 H bond
A l 446 LYS Nz |D A 631 TYR - 5.8  Cation-n



Table 2.5 | Gaussian network model hinge residues for 201phi2-1 chimallin

resi resn Mode 1Mode 2Mode 3Mode 4Mode 5total
45 ALA 1 2 2 4 4 13
46 GLY 5 5 14
47 THR - 1

50 ILE -

'
N

51 ASN 1
60 VAL -
62 GLY 2
63 GLY 4
64 ASP -
66 ARG - -
97 ASP - -
106 SER - -
132ASN - -
138LYS - -
161VAL - -
163SER - -
166 TYR - -
239GLN - -
241GLU - -
242THR - -
243LEU - -
244ALA - -
271GLN
276 ASN
277GLY
278GLN
279GLN
280GLU
284TYR
285GLU
286 THR
289LYS
336 ASP - -
337GLY - -
358 HIS - -
368PRO -
370THR 2
371GLY 1

3

W oW

R R W

W W
NRPRPRRPRRPRONRRPRRPRPNNRRPRRPRPRPRREPRPREPREPREPRPEPREPRPONR I RPN
'

'

372VAL

373ALA

375ASP -
396ALA - -
397ALA - -
400ASP - -
441GLY - -
442PRO - -
446LYS - -
526 ASN - -
538ASN - -
541ARG - -
543TYR - -
545GLY - -
546 SER - -
568 ASP - -
580MET - -
582ASN - -
583THR - -
584SER 1 2

LR R R R RN
'
'

PR R R R R R R R
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Table 2.5 | Gaussian network model hinge residues for 201phi2-1 chimallin (continued)

resi resn Mode 1Mode 2Mode 3Mode 4Mode 5total
585VAL - - 1 - 1

586LEU - - 5 5 10
587ASN - - 1
588SER 1
589GLY
596 SER
606GLN -
607ALA 1
611SER - -
612ALA 4 1
total 38 36

N

.
o RR RPN
BAII—\II—\I
'5 '
MrwrkrNoeE A~

311
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Table 2.6 | Pore-facing residues during 201phi2-1 chimallin simulations

Center 4-fold Corner 4-fold
resi resn countresi resn count
69 GLU 2 117ASN 3

72THR 6 119GLN 2
76 ARG 9 303PRO 1
79GLU 9 304GLN 1
80 GLN 6 305ALA 1
83 ALA 5 307ALA 1
131ASN 1 309THR 1
133SER 1 311PHE 1
196 ASP 2 312PRO 1
198VAL 9 317VAL 1
200LYS 9 319THR 1
201ASP 8 320PRO 2
203ARG 1 414PRO 1
203GLU 3 415ASN 1
372VAL 4 445GLN 1
373ALA 1 4521LE 1
374LYS 8 453ARG 2
375ASP 2 456ASN 1
377LYS 1 464GLU 4
378ASP 1 465ARG 2
391ARG 5 466PHE 1
395LYS 4 468ASP 3
480GLY 1 469HIS 1
488PHE 9 470THR 4
490GLY 8 471THR 4
491ASP 4 472GLN 2
493LYS 6 562LYS 2
509ASP 1 569ARG 1
509GLU 8 573GLU 1
511ASN 1 596SER 1
546SER 5 G600ASN 3
547THR 5 601ASN 1

602MET 1

604SER 2

606GLN 1

607ALA 1
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Table 2.7 | Bacteriophage chimallin proteins

Genbank ID
QDB70465.1
QDJ97041.1
QDH47031.1
QDJ96807.1
BCM95275.1
YP_008125763.1
YP_009821902.1
YP_009005014.1
QQ090522.1
YP_009010075.1
YP_007237854.1
YP_009290657.1
YP_009292105.1
YP_009292727.1
YP_009278336.1
YP_009293007.1
YP_009278639.1
YP_009283513.1
ANH52002.1
YP_009612772.1
YP_009606010.1
QKNB85862.1

Protein ID Scientific Name

gp052
gp044
gp211
gp048
gp239
gp023
gp002
gp219
gp038
gp022
gp204
gp039
gp248
gp253
gp024
gp244
gp265
gp024
gp222
gp028
gp299
gp240

*YP_009820873.1gp189

YP_006383413.1
QPB09376.1
QGH71899.1
QQV92022.1
CAD5236077.1
YP_009853356.1
QMP24145.1
QNN97444.1

gpl133
gp281
gp036
gp083
gp088
gp004

* YP_001956829.1 gp105

*YP_418056.1
ANM44831.1

gp023
gp073

Aeromonas phage CF8

Aeromonas phage D3

Aeromonas phage LAh10
Aeromonas phage PS1

Burkholderia phage FLC6
Cronobacter phage CR5
Edwardsiella phage pEt-SU

Erwinia phage Ea35-70

Erwinia phage pEa_SNUABM_43
Erwinia phage PhiEaH1

Erwinia phage phiEaH?2

Erwinia phage vB_EamM_Asesino
Erwinia phage vB_EamM_Caitlin
Erwinia phage vB_EamM_ChrisDB
Erwinia phage vB_EamM_EarlPhilliplV
Erwinia phage vB_EamM_Huxley
Erwinia phage vB_EamM_Kwan
Erwinia phage vB_EamM_Phobos
Erwinia phage vB_EamM_RAY
Erwinia phage vB_EamM_RisingSun
Erwinia phage vB_EamM_Simmy50
Escherichia phage vB_EcoM_EC001
Escherichia phage vB_EcoM_Goslar
Halocynthia phage JM-2012 (infects Vibrio)
Klebsiella phage Miami

Klebsiella phage N1M2

Klebsiella phage vB_KpM_FBKp24
Klebsiella phage vB_KvM-Eowyn
Photobacterium phage PDCC-1
Proteus phage 10

Proteus phage 7
Pseudomonas phage 201phi2-1
Pseudomonas phage EL

Pseudomonas phage KTN4
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Table 2.7 | Bacteriophage chimallin proteins (continued)

Genbank ID Protein ID  Scientific Name

YP_009608965.1 gp050 Pseudomonas phage Noxifer
YP_004957964.1 gp057 Pseudomonas phage OBP
BBI155859.1 gpl86 Pseudomonas phage PA02
QBX32206.1 Pseudomonas phage PA1C
YP_009617618.1 gp330 Pseudomonas phage PA7
ARV76713.1 gp082 Pseudomonas phage Phabio
*YP_009217136.1 gp054 Pseudomonas phage phiPA3
QBJ02586.1 gp056 Pseudomonas phage Psa21
YP_009619844.1 gp304 Pseudomonas phage SL2
QOV07924.1 Pseudomonas phage vB_PaeM_kmuB
QEM41783.1 Pseudomonas phage vB_PaeM_PS119XW
*NP_803620.1  gp054 Pseudomonas virus phiKZ
YP_009598981.1 gpl33 Ralstonia phage RP12
*BAW19549.1  gp286 Ralstonia phage RP31
YP_009208033.2 gp229 Ralstonia phage RSF1
*YP_009213072.1 gp223 Ralstonia phage RSL2

QNI20738.1 Salmonella phage JNO3

Q0OC54489.1 gp029 Salmonella phage pSal-SNUABM-04
*YP_009153316.1 gp244 Salmonella phage SPN3US
AWNO08967.1 gp006 Salmonella phage STSAS
QKE54546.1 gp230 Salmonella phage vB_SalM_SA002

YP_009833990.1 gp310/311/312 Serratia phage 2050HW

YP_009849136.1 gp040 Serratia phage Moabite

* QFP93061.1 Serratia phage PCH45
YP_009843316.1 gp214 Vibrio phage 2 TSL-2019
*YP_009622192.1 gp065 Vibrio phage Aphroditel

* AXH70812.1  gp071 Vibrio phage BONAISHI
YP_009599417.1 gp130 Vibrio phage pTD1
AQT28149.1 gp208 Vibrio phage pVa-21
YP_009847864.1 gpl28 Vibrio phage USC-1
QNI121050.1 Vibrio phage vB_pir03
QAX96061.1 Vibrio phage vB_VmeM-Yong XC31
YP_009626053.1 gp077 Vibrio phage VP4B
QNR51901.1 gp210 Xanthomonas phage Xo00-sp14
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Table 2.8 | Summary of in vitro Goslar chimallin protomer interfaces

Chain-1 Atoms Residues Chain-2 Atoms Residues Area (A7) H bonds Salt bridge Cation-m

A 11 3 I 11 3 91 0 2 0
A 164 38 H 210 62 1779 18 11 1
A 210 62 B 164 38 1779 18 11 1
A 206 54 D 210 58 2024 16 6 3
A 210 58 G 206 56 2024 16 6 3
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Table 2.9 | Summary of a Goslar chimallin protomer’s polar interactions in vitro

Chain-1 Resi Resn Atom Chain-2 Resi Resn Atom Dist (A) Type

A F 140 HIS NE2 | F A 427 ASP 0OD2 3.2 Salt bridge
A B 46 MET O H A 279 GLN NE2 35 H bond
A B 50 ASN ND2 H A 330 GLU O 3.4 H bond
A B 50 ASN OD1 H A 332 ASP N 35 H bond
A B 55 ARG NE H A 206 ASN OD1 3.1 H bond
A B 55 ARG NH2 H A 210 THR OG1 3.2 H bond
A B 56 ARG NH1 H A 107 SER OG 3.7 H bond
A B 56 ARG NH2 H A 209 GLN OEl 3.4 H bond
A B 5 ARG NH2 H A 107 SER O0OG 3.6 H bond
A B 57 ILE N H A 205 ASP 0OD2 3.1 H bond
A B 57 ILE O H A 202 SER OG 3.6 H bond
A B 59 ARG NH1I H A 332 ASP O 3.7 H bond
A B 59 ARG NH2 H A 331 LEU O 3.1 H bond
A B 60 ASN ND1 H A 329 LEU O 3.3 H bond
A B 97 SER O H A 275 TYR OH 3.2 H bond
A B 130 PRO O H A 278 GLN NE2 2.7 H bond
A B 152 ASN ND2 H A 276 ASP 3.3 H bond
A B 152 ASN OD1 H A 276 ASP N 3.3 H bond
A B 154 ASN ND2 H A 273 SER 3.3 H bond
A B 55 ARG NH1 H A 213 GLU OEl 3.8 Salt bridge
A B 55 ARG NH1 H A 213 GLU OE2 3.1 Salt bridge
A B 55 ARG NH2 H A 213 GLU OEl 3.4 Salt bridge
A B 5 ARG NE H A 205 ASP OD1 3.1 Salt bridge
A B 5 ARG NH1 H A 85 ASP OD2 3.3 Salt bridge
A B 56 ARG NH2 H A 205 ASP OD1 3.1 Salt bridge
A B 134 ARG NE H A 276 ASP OD2 3.9 Salt bridge
A B 134 ARG NH2 H A 274 ASP OD1 3.5 Salt bridge
A B 134 ARG NH2 H A 274 ASP 0OD2 3.2 Salt bridge
A B 134 ARG NH2 H A 276 ASP 0OD2 3.6 Salt bridge
A B 147 ARG NH1 H A 276 ASP 0OD2 3.6  Salt bridge
A B 5 ARG CZ H A 8 PHE - 5.6  Cation-n
AlG 399 TYR OH ' D A 300 ASN N 35 H bond
A G 403 GLN NE2 ' D A 297 PRO O 3.4 H bond
Al G 427 ARG NH2 D A 628 PHE O 2.5 H bond
Al G 593 ARG NH2 D A 517 GLU O 4.7 H bond
Al G 595 ASN N D A 292 TYR O 2.9 H bond
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Table 2.9 | Summary of a Goslar chimallin protomer’s polar interactions in vitro (continued)

Chain-1 Resi Resn Atom Chain-2 Resi Resn Atom Dist (A) Type

595 ASN 293 SER 0OG 2.9 H bond

o
>

R

A 599 ARG NE A 293 SER OG 36 Hbond
A I 599 ARG NH2 I A 294 PRO O 33  Hbond
A 599 ARG NH2 A 293 SER OG 37 Hbond
A I603 LEU N I A 410 LEU O 2.7 Hbond
A 603 LEU O A 410 LEU N 3.6 Hbond
A I604 GLY O I A 351 ASN ND2 35 Hbond
A 605 ASN O A 566 GLN NE2 28  Hbond
AI610 ILE O IA 579 ILE N 2.9  Hbond
A 611 TYR OH A 348 ALA O 3.2 Hbond
A I612 ALA N I A 579 ILE O 34  Hbond
A 593 ARG NE A 521 ASP OD1 3.0 Saltbridge
A 593 ARG NH1 A 520 GLU OE1 35 Saltbridge
A 593 ARG NH2 A 521 ASP OD1 3.6 Saltbridge
A 593 ARG NH2 A 520 GLU OE1 26 Saltbridge
A I 601 ARG NH1 I A 559 ASP OD1 3.4 Saltbridge
A 601 ARG NH1 A 559 ASP OD2 3.1 Saltbridge
A I427 ARG Cz I A 631 PHE - 43  Cation-n
A . 593 ARG CZ . A 292 TYR - 5.2  Cation-n
A . 599 ARG CZ . A 407 TYR - 5.8  Cation-n
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Table 2.10 | Bacterial strains and plasmids used in this study

Bacterial strain Source

88

Pseudomonas chlororaphis 200-B

Escherichia coli APEC 2248 DSMZ (dsmz.de) #103255

Escherichia coli Rosetta2 pLysS EMD Millipore
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Table 2.10 | Bacterial strains and plasmids used in this study (continued)

Plasmid Host strain Source
pHERD30-T P. chlororaphis “
pHERD30-T + GFPmutl P. chlororaphis ”
pHERD30-T + 201phi2-1 GFP-chimallin full-length | P. chlororaphis this study
pHERD30-T + 201phi2-1 GFP-chimallin 48-631 P. chlororaphis this study
pHERD30-T + 201phi2-1 GFP-chimallin 64-631 P. chlororaphis this study
pHERD30-T + 201phi2-1 GFP-chimallin 1-611 P. chlororaphis this study
pHERD30-T + 201phi2-1 GFP-chimallin 1-581 P. chlororaphis this study
pHERD30-T + 201phi2-1 GFP-chimallin 48-611 P. chlororaphis this study
pHERD30-T + 201phi2-1 GFP-chimallin 64-581 P. chlororaphis this study

2-BT (His6-TEV site fusion expression vector)

E. coli Rosetta2 pLysS

Addgene (addgene.org) #29666

2-BT + 201phi2-1 chimallin FL E. coli Rosetta2 pLysS | this study
2-BT + 201phi2-1 chimallin 48-631 E. coli Rosetta2 pLysS | this study
2-BT + 201phi2-1 chimallin 64-631 E. coli Rosetta2 pLysS | this study
2-BT + 201phi2-1 chimallin 1-612 E. coli Rosetta2 pLysS | this study
2-BT + 201phi2-1 chimallin 1-582 E. coli Rosetta2 pLysS | this study
2-BT + 201phi2-1 chimallin 48-612 E. coli Rosetta2 pLysS | this study
2-BT + 201phi2-1 chimallin 64-582 E. coli Rosetta2 pLysS | this study
2-BT + Goslar chimallin full-length E. coli Rosetta2 pLysS | this study
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Chapter 3

Multiscale simulations examining glycan shield effects on drug

binding to influenza neuraminidase

3.1 Abstract

Influenza neuraminidase is an important drug target. Glycans are present on neuraminidase, and are generally
considered to inhibit antibody binding via their glycan shield. In this work we studied the effect of glycans on
the binding kinetics of antiviral drugs to the influenza neuraminidase. We created all-atom in silico systems of
influenza neuraminidase with experimentally-derived glycoprofiles consisting of four systems with different
glycan conformations and one system without glycans. Using Brownian dynamics simulations, we observe a
two- to eight-fold decrease in the rate of ligand binding to the primary binding site of neuraminidase due to the
presence of glycans. These glycans are capable of covering much of the surface area of neuraminidase, and the
ligand binding inhibition is derived from glycans sterically occluding the primary binding site on a neighboring
monomer. Our work also indicates that drugs preferentially bind to the primary binding site (i.e. the active site)
over the secondary binding site, and we propose a binding mechanism illustrating this. These results help
illuminate the complex interplay between glycans and ligand binding on the influenza membrane protein

neuraminidase.
3.2 Statement of Significance

The influenza glycoprotein neuraminidase is the target for three FDA-approved influenza drugs in the US.
However, drug resistance and low drug effectiveness merits further drug development towards neuraminidase,
which is hindered by our limited understanding of glycan effects on ligand binding. Generally, drug developers
do not include glycans in their development pipelines. Here, we show that even though glycans can reduce drug
binding towards neuraminidase, we recommend future drug development work to focus on strong binders with

a long lifetime. Furthermore, we examine the binding competition between the primary and secondary binding
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sites on neuraminidase, leading us to propose a new, to the best of our knowledge, multivalent binding

mechanism.
3.3. Introduction

It has been long appreciated that glycans on influenza membrane proteins help shield the virus from the host
immune system’s antibodies 7. Unrecognized glycosylation differences can also attenuate influenza vaccines 8.
In one study, glycans were shown to reduce epitope accessibility and drug binding to receptor proteins °. Glycans
can clearly influence antibody binding due to their presence in the antibody binding site. However, it remains to
be seen whether this glycan shielding and glycoprofile variability is also a concern for influenza drugs,
recognizing that these drugs are smaller than human antibodies, and the fact that glycans present themselves
near, but not directly inside, the catalytic sites. Currently there are three FDA-approved influenza neuraminidase
(NA) antivirals in the US: Tamiflu (oseltamivir), Relenza (zanamivir) and Rapivab (peramivir), all of which
have lingering questions over their efficacy, side effects, and drug resistance 111, This necessitates the need for
further drug development against influenza *2.

Drug developers have many hurdles to clear when designing a new influenza drug: classical ADMET
characteristics, clinical trials and governmental regulations, among others. What is not often considered is the
viral glycosylation state. The glycosylation state is the assemblage of glycans, linkages of sugars found on the
surface of about half of all proteins 3. Influenza contains N-linked glycosylation sites, defined by the Asn-X-
Ser/Thr sequon, where X can be anything besides proline *. This leads to the so-called glycan shield, where
glycans on the protein surface are capable of accessing much of the protein’s surface area, and potentially
shielding it from outside interactions 1522, Among their many biological functions, glycans play a crucial, but
complex role in viral infection 22. One salient example of glycan function in influenza is how they help the virus
evade the immune system 7. Furthermore, glycans are capable of affecting receptor binding in influenza 5 7. 2+
27_

Traditionally, glycans have been difficult to study due to their flexibility and heterogeneity. Most of the glycan
characterization studies are done through mass spectrometry, which can yield highly variable glycoprofile data,
such as differences in the degree of post-translational modifications, sequon occupancy, and type of glycan, for
different strains of influenza 2¢-33. Similarly, glycan occupancy levels are not consistent across studies, even
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when using the same cell line and strain of influenza *+2°> These discrepancies may arise from differences in
system setup, sample preparation, cell culturing and/or analysis method, which increases the difficulty in
determining the transferability of experimental glycan results. Though not well understood, the number and
position of the glycosylation sites on influenza can change over time as a result of antigenic drift 36-3, This
increases the glycoprofile variability, effectuating irregular but significant changes in the glycan shield over
time.

Considering the variability and immune evasion function of the glycan shield, it remains to be seen what effect
this shield has on small-molecule antiviral drug binding to viral surface proteins. Previous work has shown that,
depending on the viral strain and receptor mimetic used, removing viral glycans can improve binding to cell
receptor mimetics 4%-42, Other studies have shown that these viral glycans decrease binding of other cell receptor
mimetics 27 4346, Regardless, antiviral drugs will be much smaller than a receptor mimetic, and it is not clear
whether this size difference means antiviral drugs will still be affected by the viral glycans. An earlier study by
Kasson and Pande, using 100 ns molecular dynamics (MD) simulations, showed reduced binding of 02-3-
sialyllactose trisaccharides to hemagglutinin due to glycans “%. A recent review concluded that the viral
glycosylation state should be considered when designing small molecule antivirals 7.

Focusing on how small molecule antivirals are affected by the glycan shield, we combine results from distinct
BD and MD simulations into an integrated multiscale simulation study. We have utilized BD to estimate the
rates of binding of small molecules to the primary (i.e. active/catalytic) and secondary (i.e. hemadsorption)
binding sites of influenza neuraminidase in glycosylated and unglycosylated states. We see that the glycan shield
is capable of moderately inhibiting drug association to the primary binding site of NA on the order of two to
eight times. Small molecule association is faster to the primary binding site than the secondary binding site.
Ligand binding is independent between the primary and secondary sites — the presence of one site does not
influence binding at the other site. Overall, this work provides insights into the impact of glycans on small-

molecule binding to NA.

3.4 Methods
In this study, we use Brownian dynamics (BD), which has been previously used to simulate protein-small

molecule association 4851, Specifically, it has also been used to simulate the association of small molecules to
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influenza neuraminidase 5254, BD makes the implicit assumption that long-range electrostatics and stochastic
collisions with solvent molecules are the driving forces behind protein-ligand binding %°. Therefore, it is an
efficient method to simplify binding to describe electrostatically-influenced diffusion. Using BD allows for a
reduction in system complexity and a focus on specific modulations of ligand association.

To assess whether glycans affect small molecule binding to NA, we created an in silico NA model using the
strain of influenza A virus, A/Viet Nam/ 1203/2004(H5N1) and tetrameric PDB 2HTY, with Uniprot 1D
Q6DPL2 %, Building on this structure, we generated five NA constructs: (i) one unglycosylated model; (ii) one
glycosylated model with web server-derived glycan conformations; (iii) three glycosylated models, each with
unique, biologically-relevant glycan conformations derived from all-atom MD simulations that were based on
(if) as the starting structure. Finally, we ran BD simulations using these models to examine binding
characteristics of oseltamivir, zanamivir and sialic acid. To note, the BD input and results files are provided on
Github (https://github.com/cgseitz).

Setup of the unglycosylated model

The unglycosylated model was built using an avian H5N1 strain and was used as a basis for the other models.
We picked this strain of influenza because it contains a glycosylation site at N146, a member of the 150-loop
that hangs over the primary binding site, as shown in Figure 3.1. This close proximity provides a good test of
whether glycans were capable of interfering with ligand association to influenza neuraminidase. As the BD
simulations used here keep bonds rigid, it was necessary to select ligand conformations that represented a bound
state and protein conformations that represented an open state, to properly approximate the initial binding
contact. Thus, we selected a crystallized apo head region of the strain mentioned above (PDB 2HTY) %6, The
stalk region has not been crystallized for any influenza NA and is unlikely to influence ligand association due to
its large distance from the distal binding sites, so it was not modelled. The crystallized calcium ions were retained
throughout, while the crystallized glycan fragments were removed %'.

2HTY was crystallized with a Y171H mutation (PDB numbering), which was reversed for this project through
PYMOL 38, The histidine rotamer was chosen to be the one with the highest occurrence in proteins, according to
PyMOL. The crystal structure contained a broken backbone between P169 and N170 which was fixed through

Schrodinger Maestro; subsequently residues 168-171 (on each side of the fixed bond) were minimized through
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Maestro °°. The same procedure was done for the broken backbone between V411 and Q412: the bond was
created and residues 410-413 were minimized. This refitting was done for each monomer in the tetramer. The
pH was set to pH 6.4, as this was done in the reference kon experiments 8261, Using this pH, protonation states
on the neuraminidase were assigned using PROPKA 62, The protonation assignments were done through the
PDB2PQR server %, Partial charges on the protein were assigned according to the AMBER99 force field 54,
Parameterizing the glycans needed special treatment as there are not glycan parameters in the AMBER99 force
field. We used the GLYCAM_06h-1 parameters as these would be consistent with the AMBER99 force field .
Setup of the glycosylated NA model with web server-derived glycan conformations

To build the first glycosylated construct (with web server-derived glycan conformations), the unglycosylated
NA structure was uploaded to the Glyprot server, and three representative glycans were added to each NA
monomer, for a total of 12 glycans on the NA homotetramer . Though there is experimental variability in
glycosylation site occupancy, we decided to place a glycan in each glycosylation site to see the maximum
potential effect the glycoprofile can have on ligand association. Considering most of the human H5N1
transmission came directly from avian sources, the glycans used to model this structure came from an avian (hen
egg) source for growing these glycans . Additionally, this dataset is the only one containing structures
experimentally found on influenza NA 3. We chose representative glycans from this dataset, however we note
that both larger and smaller glycans will exist in nature; these size differences may slightly affect the results
presented here. The exact glycans were selected as shown in Table 3.1.

Table 3.1 | Glycan structures from the Glyprot web server. The “Glycan structure” entries came from
experimental results %°. These structures consist of N-acetylglucosamine (GIcNAc), mannose (Man), N-

acetylhexosamine (HexNAc) and hexose (Hex). HexNAc and Hex were interpreted according to their
corresponding “Glyprot identifier” and the structures shown in Figure 3.1.

# Glycosylation site Glycan structure Glyprot identifier
1 N88 (GIcNAC)2(Man)z(Hex)s gly_8792.pdb
2 N146 (GIcNAC)2(Man)s(HexNAC)2(Hex),  gly _9196.pdb
3 N234 (GIcNAC)2(Man)s(HexNAc)i1(Hex), gly 8582.pdb

To better diversify our system, three glycosylation sites (termed as site #1, site #2 and site #3) present on each

monomer were linked to three different glycan types. Importantly, the four monomers (termed as monomer A,
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monomer B, monomer C, and monomer D) of our homotetrameric NA model were symmetrically glycosylated,
meaning that sites #1, #2 and #3 were populated with the same glycan across monomers.

This resulted in glycans A1-3, B1-3, C1-3, and D1-3, where all glycans linked at site #1 have identical structures
(but not necessarily identical conformations), all glycans linked at site #2 have identical structures, and all
glycans linked at site #3 glycans have identical structures. The glycans selected are shown in Figure 3.1.

Figure 3.1

A B )
Site 2 (N146)

R Complex type

Site 1 (N88)
Oligomannose type

Site 3 (N234)
Hybrid type

M = N-acetylglucosamine (GIcNAc)
@ =Mannose
O = Galactose

Figure 3.1 | Structure of the NA head. (A) The relation of the binding sites to the 150 loop and each other are
shown. The NA protein is in red, the 150-loop is in pink, the primary binding site is in blue, and the secondary
binding site in white. (B) The glycan structures and types used in this study are shown in relation to the 150 loop.
The glycan on top of each monomer is attached to the 150 loop. Three unique glycan structures and types were
used in the simulations. The font color of the glycosylation site refers to the corresponding glycan structure on
the protein.

Molecular dynamics simulations

Starting with the structure containing web server-derived glycan conformations, MD was then used to generate
representative glycan conformations, with the assumption that MD would provide realistic conformations of
glycans within a microsecond’s worth of sampling 678, The first step was porting the structure with web server-
derived glycans into CHARMM-GUI to prepare the structure for MD 8°-74, The disulfide bonds were taken from
Uniprot ID Q6DPL2. The system was embedded into a box described with explicit water molecules using the

TIP3P model 7°. An ion model was used as described previously 6. The full system had a size of 299,732 atoms.

An ionic solution of 0.15 M NaCl was used, and the CHARMMS36 all-atom additive force fields were used for
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the protein and the glycans ”’. Molecular dynamics simulations were run using GPU-accelerated AMBER18
with an NPT ensemble 87°. The system was initially minimized for a total of 5000 cycles using a combination
of steepest descent and conjugant gradient methods 7%, Equilibration in an NPT ensemble was performed for
125 ps, using a timestep of 2 fs and the SHAKE algorithm to constrain all bonds involving hydrogen . The
equilibration temperature was set at 298 K and regulated through a Langevin dynamics thermostat 8182, The
pressure was fixed at 1 bar through a Monte Carlo barostat 8. These simulations were run using Extreme Science
and Engineering Discovery Environment (XSEDE), specifically the Comet supercomputer housed at the San
Diego Supercomputer Center 8. Periodic boundary conditions were used with a non-bonded short-range
interaction cutoff of 12 A and force-based switching at 10 A. Particle mesh Ewald was used for the long-range
electrostatic interactions . For the production runs, the temperature was set at 310.15 K 6. After equilibration,
this system was cloned into 50 identical replicates. Each one was run in parallel for 20 ns each with a unique
starting velocity, totaling 1 ps of sampling.

Glycan clustering and setup of the glycosylated NA models with representative glycan conformations

Once the MD simulations finished, the trajectory of each glycan was concatenated independently of the rest of
the system. Each of these individual glycan trajectories were then clustered using GROMACS-based GROMOS
clustering with an RMSD cutoff of 2.5 A 8. This number was chosen so the three most populated clusters would
represent at least 50% of the total glycan conformations in each of the simulations. The central structure, defined
as the structure with the smallest average RMSD from all other members of the cluster, from the top cluster of
each of the 12 glycans was then selected; the pyranose ring from the reducing end of the glycan was then aligned
to the analogous pyranose ring of the corresponding glycan from the Glyprot-glycosylated structure as this
should be the most stable part of the glycan 8. The Glyprot glycans were removed and the glycans from the MD
simulations were attached through Schrodinger Maestro, to create a new NA system with each glycosylation site
inhabited by the central structure of the most representative conformation from the MD simulations. This was
then repeated for the second and third most representative glycan clusters from the MD simulations.

Ligand setup

The sialic acid structures used were drawn from PDB 1IMWE, which crystallized the boat conformation in the

active site and the chair conformation in the secondary site . The chair conformation of sialic acid was
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crystallized with a missing carboxylate group, which was added through Schrodinger Maestro to model an
energetically-favorable gauche conformation. Zanamivir was extracted from the 3CKZ crystal structure ©°.
Oseltamivir was extracted from the 3CLO crystal structure 8. A 2D comparison of these ligands can be seen in
Figure 3.8, showing their structural similarities; we note that all mentions in this study of oseltamivir pertain to
Tamiflu’s active metabolite oseltamivir carboxylate. These ligands were then uploaded to the PRODRG server
to add hydrogens &°. Charges according to the AMBER99 force field were added through the PDB2PQR server
63—64.

Brownian dynamics (binding pairs and simulations)

BD simulations were run using Browndye . Even though the MD was run with the AMBER18 force field and
the BD was run with the AMBER99 force field, we assume these to be sufficiently independent steps and the
slight force field differences should not appreciably affect the results, especially as our kon numbers are relative,
not absolute. The charges for the protein and ligands were reassigned according to the AMBER99 force field 54.
The temperature was set to 310.15 K, which was the temperature for the referenced kon experiments 661, The
ions used are shown in Table 3.2. These ions were selected to mimic the ion and buffer concentration of the
reference kon experiments 60-61,

The experimental assay used 5 mM CaCl, and 32.5 mM MES buffer 8. The Ca?* and CI- concentrations were
simply calculated by finding their ionic strengths. MES buffer is prepared with Na*; the concentrations of the
buffer and Na* at pH 6.4 were calculated with the Henderson-Hasselbalch equation %2, This resulted in an
overall ionic strength of 0.039 M. The calcium, chlorine and sodium van der Waals radii were taken from the
literature 6+ %, The MES radius was determined by building it in Schrodinger Maestro and measuring it in VMD
94_

APBS was used to create the electrostatic grids needed by Browndye for these simulations %. The grid spacings
are listed in Table 3.3.

The solvent dielectric was set to 78 while the protein dielectric was set to 4. Desolvation forces were turned off.
The Debye length, determined from the concentration and charges of the ions in the solution, was set to 15.7 A.
In Browndye, the b radius is defined as the starting radius for the ligand trajectories, at a distance where the force

between the protein and ligand is independent of orientation. This distance is determined from the hydrodynamic
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center of the receptor. Because of the different glycan conformations used, the b radius differed slightly between
systems. If a ligand reaches what is known as the g radius, the trajectory either ends as a non-association or is
restarted from the b radius according to Browndye’s algorithm. The q radius is defined as 1.1 times the b radius
distance. The b radius ranged between 109 A and 112 A depending on the system, and the q radius ranged from
120 A to 123 A. The exact b and ¢ radius values for each system are shown in Table 3.4.

BD simulations were run on all five NA models generated (i.e. unglycosylated, glycosylated with web server-
derived glycans, and the three systems with MD-derived glycan conformations). These simulations totaled 10
million trajectories for each ligand/binding site pair, consistently giving reproducible rates within the small level
of error reported and resulting in 600 million trajectories total. Reproducible rates will be obtained by having a
binding probability of around one in a million trajectories; we found we could roughly obtain these probabilities
by using 10 million trajectories for each ligand/binding site as has been reported previously 3. This number of
trajectories produced error values comparable to those seen in the reference experimental studies, as seen in
Figure 3.9. For systems where we saw at least one binding event, the number of binding events ranged from two
to 889 (see Supporting Material for details).

Brownian dynamics reaction criteria

BD simulations using Browndye requires the creation of reaction criteria, consisting of a list of protein-ligand
atom pairs and a cutoff distance. If any three of these pairs simultaneously came closer than the cutoff distance,
we assume the ligand will associate. The cutoff distance was empirically determined to be 3.228 A this distance
approximately yielded the experimental kon rates for both oseltamivir and zanamivir . There are no other
experimental kon rates towards the primary site of H5N1, and no referenced rates at all for the secondary site.
The referenced kon experiments were done with glycans attached to NA and measured to the full tetramer; this
was confirmed in personal correspondence with the corresponding author (Stephen Martin of the MRC National
Institute for Medical Research, correspondence on July 21, 2018). Considering that the reaction criteria and
reaction distance were created for oseltamivir and no significant changes were made before applying them to
zanamivir, we can safely assume that they are generalizable for sialic acid, an analog of both oseltamivir and

zanamivir (Figure 3.8).
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The protein-ligand atom pairs were taken from crystal structures of ligands in the primary and secondary sites
of neuraminidase for each monomer, and simulations were run for the full tetramer. The primary binding site
was determined according to the crystallized binding pocket for our strain of neuraminidase 6. This pocket is
noted to have a surface area of 941.3 A2 and a volume of 574.8 A3 %, The secondary site contacts were
determined from a structure of influenza A/tern/Australia/G70C/75 8. However, all the secondary site residues
are conserved between that strain and the strain used in our simulations. The combined site simulations are
defined as simulations with criteria allowing for association to either the primary or secondary site; it is simply
a simulation run with a concatenation of the binding criteria for these sites.

In this work, we define binding site contacts to be those protein-ligand contacts seen in crystal structures. From
these contacts, we created protein-ligand atom pairs in Browndye to determine when a reaction has occurred in
our BD trajectories. There are seven primary binding site contacts reported between oseltamivir and the 3CLO
crystal structure 8. These binding site contacts are reported in Table 3.5 and Figure 3.10. There are five primary
binding site contacts reported between sialic acid and the IMWE crystal structure; all five of these are analogous
to those seen for oseltamivir . The binding site contacts for sialic acid are registered in Table 3.6 and Figure
3.11. There is one primary binding site contact reported between zanamivir and the 3CKZ crystal structure; this
one is analogous to one seen in oseltamivir 6. The binding site contacts from oseltamivir were transferred to
zanamivir retaining the one contact seen in the 3CKZ crystal structure and are reported in Table 3.7 and Figure
3.12. Using the structural similarities of sialic acid and zanamivir to oseltamivir, analogous primary binding site
atom pairs were created so that each ligand had seven primary protein-ligand atom pairs.

There are five secondary binding site contacts reported between sialic acid and the IMWE crystal structure 88,
These contacts are reported in Table 3.8. There are no published reports of crystal structures of oseltamivir or
zanamivir in the secondary binding site, so five analogous secondary binding site protein-ligand atom pairs were
created for oseltamivir (Table 3.9) and zanamivir (Table 3.10) to match those seen in sialic acid, so that each

ligand had five secondary binding site protein-ligand atom pairs.
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3.5 Results

Glycan shield and individual glycan clusters
To pare down the data from 1 ps of cumulative MD sampling and pick out biologically-relevant glycan
conformations, we clustered each glycan from the MD simulations. The glycan trajectories were extracted and
affixed on the static NA crystal structure, to reveal the conformational space they can access (Figure 3.2).
Visualizing these glycan trajectories on the NA structure gives a qualitative representation of how much volume
and surface area the glycans are capable of accessing. Keeping in mind the primary and secondary binding sites
are located just beneath the glycans (Figure 3.1), the size and flexibility of the glycans here shows that they have
the capability to “shield” the binding sites from ligand association.

Figure 3.2
A

Figure 3.2 | Glycan shielding on NA. (A) Molecular representation of the unglycosylated NA’s homotetrameric
head showing accessible binding sites. The static structure of NA is in teal. The primary binding sites are in
purple, and the secondary binding sites are in orange. (B) Molecular representation of the glycosylated NA’s
homotetrameric head showing much of its surface area shielded. The static structure of NA is in teal, the primary
binding sites are in purple, and the secondary binding sites are in orange. The glycan shielding density is
represented with a yellow cloud of spheres using multiple layered glycan conformations from the MD
simulations. Each sphere approximates a monosaccharide. A total of 10 frames, using a stride of 100, were
selected from the 1000 frames-long trajectory obtained upon concatenation of all the MD simulations.
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The three most representative clusters for each glycan were extracted from the MD simulations. The central
structure from each cluster was compared with the conformation generated from Glyprot. These clusters show
some conformational diversity, but none show a particularly similar conformation to the Glyprot structure.
However, the third glycan in each monomer shows a markedly decreased conformational diversity compared to
the other two monomers. The clustering results from each monomer show the same trends; the results from
monomer A are shown in Figure 3.3, while the results from monomer B (Figure 3.13), monomer C (Figure
3.14), and monomer D (Figure 3.15) are shown in the Supporting Material.

Figure 3.3
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Figure 3.3 | Clustered glycans on monomer A. The glyprot structure is in gray, while the other colors represent
clusters from the MD simulations.

The glycans on the top of the NA head are all situated directly over the primary binding site on their own
monomer. Conformations extracted from the MD simulations universally bent towards the secondary binding

site located on the adjacent monomer, leaving the primary binding site closest to them accessible (Figure3. 4).
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Figure 3.4

Figure 3.4 | The superposition of each glycan onto the static NA structure shows the conformational
variation of the glycans. (A) Side view and (B) top view of the glycosylated NA model with MD-derived glycan
conformations. For ease of viewing, only two monomers are shown here, with the glycans only coming from the
monomer on the right in panel (A) and panel (B). The yellow glycosylation site N88 and the attached glycans
reside in the same monomer. The glycans bend away from the binding sites on their monomer towards the
binding sites on the neighboring monomer. This is seen for each monomer. The primary binding sites are in
purple and the secondary binding sites are in orange. The linkage between the glycans and the protein is in
yellow. The NA structure is in teal. The Glyprot conformation is in gray, the first conformation from the MD
simulations is in orange, the second conformation is in blue, and the third conformation is in green.
Association rates of oseltamivir, zanamivir and sialic acid

To be confident in our computed association rates, we first needed to benchmark our system against experimental
results. We created empirically-derived system criteria for the association of oseltamivir to the primary binding
site of glycosylated NA, as described in the methods. After matching the experimental association rate with
oseltamivir, the same parameters were applied to zanamivir. These are the only two experimental association
rates for HSN1 NA.

Subsequently, we investigated the association of oseltamivir and zanamivir to the primary sites of glycosylated
NA, obtaining association rates of 2.52 = 0.21 /uM-s for oseltamivir and 0.47 = 0.09 /uM-s for zanamivir. These
are in agreement with the experimentally-measured rates of 2.52 + 0.21 /uM-s and 0.95 = 0.21 /uM:s,
respectively, as visualized in Figure 3.9 8. Considering the experimental systems were glycosylated, we had to

pick one glycan conformation to use for computing these benchmarks in our glycosylated system; for

reproducibility we chose the conformation generated from the Glyprot server. We note that choosing a different
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conformation for our computed benchmark would change the absolute association rates by a scaling factor, but
the trends would remain the same.

Since the predicted kon for oseltamivir and zanamivir both matched up well with the experimental rates, the
system proved to be transferable to ligand analogs for the primary site. We then applied the same criteria to two
different conformations of sialic acid, boat and chair, to probe if the association rate was dependent on
conformation. This was done in addition to analyzing how association rate was modulated by different functional
groups, via comparisons of ligand analogs such as oseltamivir, zanamivir and sialic acid.

With the binding criteria set up, we calculated the association rates of each of the ligands to the primary site
(Figure 3.5A). These results show two important findings. First, there is not a large difference in association
rates between the system with Glyprot glycans and the unglycosylated system. This shows that a glycan may
adopt a conformation where it does not inhibit ligand binding much at all. The second finding is that the glycans
from the MD simulations all show a moderate level of inhibition, more than the system with Glyprot glycans.
This shows that biologically-relevant glycan conformations will likely exhibit a moderate level of inhibition
towards ligand binding. Combining the first and second finding discussed in this paragraph, glycans are capable
of perturbing ligand binding to NA.

Figure 3.5
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Figure 3.5 | Association rates of each ligand to the primary and secondary sites. Confl is the glycan structure
from the most populated cluster from the MD simulations. Conf2 is from the second most populated cluster, and
conf3 is from the third most populated cluster. The association rates using glycans structures downloaded from
Glyprot are shown in gray. The association rates using structures derived from the MD simulations are in bright,
colorful shades whereas the others are in grayscale. The association rates without using any glycans are shown
in black. (A) The glycan structures from the MD simulations show a moderate association rate inhibition to the
primary binding site irrespective of ligand chosen. (B) Little association is seen to the secondary binding site.
Note the different y-axis used to be able to see the small amount of binding. (C) Association rates of trajectories
run with either the primary site or secondary site as the trajectory end point. Similar to (A), the glycans structures
from the MD simulations in (C) show a moderate inhibition of ligand association. The raw data for this figure is
seen in Table S10 (oseltamivir), Table S11 (zanamivir), Table S12 (sialic acid boat conformation), and Table
S13 (sialic acid chair conformation).
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There are no experimental association rates for ligands to the secondary site, so criteria were chosen based off
of crystal structure data and discussed in the methods. Only sialic acid has been crystallized in the secondary site
of avian NA, so binding site criteria for the secondary site were extracted from that structure and used to create
the criteria for oseltamivir and zanamivir, as discussed in the methods 2. A previous BD study suggested that
oseltamivir can bind to the avian NA secondary site 2. A follow-up NMR study also suggested that the
oseltamivir binds to the avian NA secondary site °. However, a more recent experimental study disagreed with
these findings and did not see oseltamivir binding to the avian NA secondary site °. Considering the
disagreement with oseltamivir binding to the secondary site, we decided to test this and secondary site binding
for zanamivir as well. The computed association rates towards the secondary site show a markedly different
story than those to the primary site (Figure 3.5B). None of the ligands exhibited noticeable binding towards the
secondary site, with the exception of the boat conformation of sialic acid. Even with this conformation, there is
no consistent trend when compared to primary site binding. Although the boat conformation sialic acid displays
a small amount of binding, the chair conformation does not show binding. These results show that we can
differentiate between these two sialic acid conformations at the BD level of theory.

Finally, trajectories were run where the ligand could associate to either the primary site or the secondary site
(Figure 3.5C). Intriguingly, the results are essentiallly a concatenation of the rates seen for the primary and
secondary sites individually. Considering the low level of secondary site binding, the trends here are the same
as seen for the primary site.

As can be seen in Figure 3.8, there is a formal charge difference between the ligands: Sialic acid contains a
formal charge of -1 while oseltamivir and zanamivir are neutral. Running test BD trajectories without charge
treatment (results not shown), we saw analogous results to those seen in Figure 3.5. This meant that only the
sterics of the systems affected binding, not electrostatics. Clearly one or a few of the structural differences
between the ligands play outsized roles in affecting the association rates. In this work we did not further probe

which exact atoms in the ligands will change the association rates.
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3.6 Discussion

The glycan conformational flexibility underpinning the glycan shield

Biologically, the influenza replication cycle is propagated through NA recognizing and cleaving sialic acid. This
study compares the interplay between that molecular recognition process and NA’s aforementioned glycan
shielding capabilities. This interplay is simplified here by approximating ligand binding as a diffusion-governed
association process, modulated by protein electrostatics.

Previous studies have shown that viral proteins can exhibit a degree of glycosylation large enough to partially
protect a variety of viruses from immune system antibodies; this is termed the viral glycan shield 8 2% 99101,
From static structures one can envision the shielding that glycans can provide, but a dynamic representation
better depicts the steric barrier encountered by immune system antibodies and drugs 1°2. In our single NA protein,
we see that glycans are capable of covering most of the NA surface area, as shown in Figure 3.2. This is
consistent with studies explaining how the influenza glycan shield can cloak the influenza virion from the
immune system 57, The glycans can access a large volume, allowing for a considerable shielding potential.
However, it is worthwhile to note that influenza glycoproteins are usually not as extensively glycosylated as on
some other viral proteins, such as the HIV envelope protein or the SARS-CoV-2 S protein 15 17:103-105 The exact
H5N1 construct prepared here contains a glycosylation site at N146. This is part of the 150 loop that borders the
primary binding site (Figure 3.1). The representation in Figure 3.2 shows that the glycans present at site N146
on each monomer have the combined capability to cover both NA binding sites, potentially thwarting the binding
of small molecules. The results shown here display a moderate inhibitory effect due to glycans, but this effect
would likely not be present in proteins whose glycans only reside far from the ligand binding sites, i.e. if the
setup in Figure 3.1 only contained the glycans at site 1 and site 3 on the bottom of the NA head. When examining
the effect of glycan conformation on binding inhibition, the Glyprot glycans display a fairly vertical
conformation. On the other hand, the glycans from the MD simulations bend backwards, away from the primary
binding site on their own monomer and towards the secondary binding site of the adjacent monomer, as shown
in Figure 3.4. Interestingly, this bend appears to be enough to inhibit primary site binding.

It has been previously shown that specific chemical modifications on the glycans can significantly change their
flexibility 106-108 It has also been hypothesized that glycan flexibility plays a role in protein-receptor binding
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equilibria 8. Considering the scale of biological interactions that glycans participate in, it is likely that they
would exploit their flexibility to facilitate these interactions. However, the glycan environment, and nearby steric
clashes would conceivably affect this flexibility as well, introducing competing effects. Revisiting the input NA
structure in Figure 3.1, we hypothesized that the glycan on top of each NA monomer (the oligomannose type
glycans linked to site #1) would achieve a higher degree of flexibility than the two on the bottom of each
monomer (the complex and hybrid type glycans linked to sites #2 and #3, respectively). Our reasoning was that
these two may find steric restrictions on their flexibility, and that the placement on the glycan on the NA head
would be more important than the type of glycan examined. Our results show this is not quite the case. The
clusters in Figure 3.3, Figure 3.13, Figure 3.14, and Figure 3.15, show that, similar to the complex-type glycans
(A-D2), the oligomannose-type glycans (A-D1) were quite flexible even though they were situated near the
hybrid-type glycans (A-D3) on the bottom of the NA surface; this large degree of conformational freedom is
backed up by previous work specifying that this flexibility is driven by the mannose(4)-a(1-3)-mannose(3) and
the mannose(5)-o(1-6)-mannose(3) linkages 1. These are the linkages connecting the chitobiose glycan “stalk”
to the two glycan “branches”. Finally, the hybrid-type glycans showed noticeably less conformational flexibility
than either the oligomannose-type glycans or the complex-type glycans. Overall, the type of glycan and its
specific linkages seemed to govern its flexibility more than potential nearby steric clashes. This agrees with
previous work showing that unless there is a direct steric clash, inter-residue hydrogen bonds may have a larger
effect governing glycan conformations 106109,

Glycan effects on association rates

The results shown in Figure 3.5 are consistent with diffusion controlled reactions, and show relatively high
association rates. The space explored is consistent with the random walk nature of diffusion. The randomness of
the ligand trajectories (from Brownian motion) and the small sizes of the ligands considered here minimize the
effects of the glycans on binding. The rates for each ligand are mostly of similar orders of magnitude, with or
without glycosylation. However, the glycan structures from the MD simulations show a moderate inhibition
compared to the unglycosylated NA structure and the NA structure with glycan structures taken directly from

the Glyprot web server. The extent of this inhibition ranges from a factor of about two to eight.
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In general, glycans can decrease binding activity of viral proteins 3 4244110 Dye to their bulk and proximity to
the primary ligand binding site, we hypothesized that, irrespective of conformation, the presence of glycans,
particularly those near the binding sites, could substantially reduce ligand binding and removing these glycans
would restore binding. What we found was a more nuanced picture. The NA constructs with glycan
conformations from the Glyprot server showed similar binding rates to unglycosylated constructs. However,
more realistic glycan conformations, extracted from the MD simulations, showed a moderate but noticeable
decrease in association rate, kon, 0N the order of two to eight times. One may naturally question whether glycans
would have the same effect on dissociation rate, Kqsr. One previous study testing antibody binding to cancer cells
showed that antibody binding was relatively insensitive to the presence of glycans, indicating a similar
dampening of kon and ko due to the presence of glycans °. In this study mentioned, the overall equilibrium
constant Kp changed by less than a factor of two irrespective of the presence or absence of glycans °. However,
a different study done in the influenza membrane protein hemagglutinin showed that trimming the glycans from
a standard length seen in HEK293 cells to a single monosaccharide decreases the equilibrium constant Kp by
a factor of two to 48, depending on the receptor mimic used “2. This meant that the Kon and the Kosr were not
affected in the same way by the presence of glycans 2 . Glycans are present in the antibody binding sites of both
of the studies mentioned above; this is in contrast to our system where glycans are situated near the catalytic
sites, but not directly inside them. With this in mind, it seems likely that the slight slowing of binding small
ligands by the glycans would be similarly reflected in a slight slowing of release, so that the equilibrium constants
for binding these molecules are relatively insensitive to the presence of glycans. In effect, this is because the
presence of glycans near the binding sites should not change the AG in accordance with the Gibbs relationship.
We hypothesize that our observed decrease in association rate is due to the glycans at glycosylation site N146
(site #2) as only those glycans are capable of sterically inhibiting the binding sites (Figure 3.2), and we assume
the glycans at sites N88 (site #1) and N234 (site #3) do not impair binding. Taking the inhibition results discussed
here with a different binding study using larger ligands for influenza NA, there appears to be a size dependence
on this inhibitory potential: smaller ligands are not as affected as larger ligands “3. The key points here are that

small molecules are not seriously impeded from binding by the glycans; future drug discovery efforts can be
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focused on the development of strong binders with correspondingly long lifetimes of binding. Modeling studies
focused on small inhibitors are likely to be helpful, even when glycans are not included.

The results seen in Figure 3.5 highlight the importance of using biologically-relevant glycan conformations
relaxed on the protein structure as opposed to simply generating a glycan conformation and attaching it to the
protein. Though this study did use static structures as per the BD setup, we would expect similar trends if this
study were repeated using a dynamic MD environment since our BD trajectories already used the most highly-
accessed glycan conformations gleaned from extensive MD sampling. Moreover, a study using mixed BD-MD
simulations analyzing the association of oseltamivir and zanamivir to NA actually showed a less accurate Kon
rate than our coarser study using only BD 54 We can rationalize that the slower binding kinetics seen in our
systems with biologically-relevant glycan conformations (Figure 3.5) are due to the ligands having to maneuver
around the glycans, even after running into them, and then continuing with the trajectory until reaching the
binding site. This type of maneuverability can be seen in Figure 3.6.

Figure 3.6

109



Figure 3.6 | A sample successful trajectory, showing that the ligand explores significant space before
finding the binding site. This sample NA contains glycans from the Glyprot server. Sialic acid (not to scale) is
superimposed on the left side of the image for clarity. Because of the space explored, it makes sense that a
blockage in part of the path won’t significantly affect the association rate. Here, the protein is in red and the
glycans are in yellow. The blue planes are used for creating subsections of 3D space into 2D space. The colors
on the planes indicate how often the ligand has spent in that 2D space, with the lime green inside magenta circles
being the most occupied.
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Ligand binding at the primary and secondary sites
We generated BD trajectories that could end with the ligand binding to the primary site (Figure 3.5A), the

secondary site (Figure 3.5B), or either site (Figure 3.5C) on any monomer. Using this setup, we were able to
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differentiate binding between the primary and secondary sites, and in fact found an additive binding mode when
examining both sites concurrently. By simply adding up the association rates observed for the primary site
(Figure 3.5A) to the analogous simulation run to the secondary site (Figure 3.5B), the association rate to both
sites (Figure 3.5C) can be roughly obtained. We do not see any evidence of a further increase in association rate
using both sites, showing that the presence of a proximal binding site does not influence association rate, either
for the primary site or the secondary site.

Our primary site binding results show two conclusions supported by literature. In Figure 3.5A we see that
oseltamivir associates faster than zanamivir, as has been seen in experimental kinetics studies 5. Moreover, we
see faster binding of oseltamivir than sialic acid. This is qualitatively in agreement with an NMR study showing
that oseltamivir outcompetes a(2,3)-sialyllactose in binding to the avian NA active site %. It is not immediately
clear which atoms on the ligands drive their binding differences.

Ligand binding to the secondary site has not been extensively studied, but it does not appear to have catalytic
activity 11112 Focusing on the secondary site, our results show three important findings. We first see that binding
to the secondary site is slower than to the primary site, if binding is seen at all (Figure 3.5). We do not see
secondary site binding for oseltamivir and very little for zanamivir, though this may be as they are at the lower
detection limit of our method. Furthermore, we see that sialic acid binds faster to the secondary site than
oseltamivir, which is in agreement with one study showing that a(2,3)-sialyllactose outcompetes oseltamivir for
binding to the avian NA secondary site %. A more recent study goes further and does not show any binding of
oseltamivir to the avian NA secondary site %. However, we caution that a small amount of drug binding, likely
only with zanamivir, may occur to the secondary site, as seen with zanamivir bound in the secondary site in the
unpublished crystal structure PDB 2CML, and also seen in Figure 3.5B. Secondly, in the small amount of
secondary site binding seen (Figure 3.5B), glycans are actually capable of enhancing or inhibiting binding,
foreshadowing the complex role glycans play in ligand binding. Finally, there appears to be a small
conformational dependence on association rate, but this is only seen towards the secondary site (Figure 3.5B).
We used two different conformations of sialic acid for these binding studies. The boat conformation was
crystallized in the active site and the chair conformation was crystallized in the secondary site. In our results we

see the sialic acid chair conformation actually shows fractionally higher binding to the primary site than the boat
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conformation (Figure 3.5A). Conversely, only the boat conformation shows binding to the secondary site; the
chair conformation does not register binding at all (Figure 3.5B). However, we caution that these results may
be because sialic acid was crystallized in a different strain of avian NA than we used in our studies. Taken
together, these results show that the exact ligand conformation upon approach to the binding site may not match
the crystallized binding pose, but the results we present here do not permit us to explore this note or further
explain a conformational dependence on binding.

Comparing the association rates in Figure 3.5 one may naturally query the competition in association rates
between the primary and secondary sites. We see faster association to the primary site than the secondary site,
which is not in agreement with two previous BD simulation studies 5252, However, the methodology of our study
differs from these two studies, and from this we can unify the difference. Those BD studies showed that ligands
reach a distance of 7.5 A away from the secondary site faster than to the primary site. We then show that ligands
reach a distance of 3.228 A away from the primary site faster than the secondary site, though we would like to
note that our paper and the Sung et al. paper assigned charges for the BD trajectories according to the AMBER99
force field and the Amaro et al. paper assigned charges according to the CHARMM36 force field 5253, Taken
together, the secondary site appears to contain stronger long-range electrostatics to draw in ligands, but when
the ligands approach the binding sites and sterics come into play, it appears to be more favorable for ligands to
move closer to the primary site than the secondary site, assuming the rigid body approximations applied herein.
Considering the fact that the realistic substrates NA encounters will exhibit multivalent binding, one previous
study showed that the secondary site improved avian NA enzymatic activity in removing sialic acid both from
soluble macromolecular substrates and from cells 2. Another study confirmed that the binding in the secondary
site improved catalytic activity against multivalent substrates 14, Other previous studies have suggested that the
secondary site enhances the overall NA catalytic activity by binding substrates and bringing them close to the
catalytic primary site 1*1113-116 Taking the studies above with our results, we postulate that multivalent cleavage
will occur in a stepwise manner (Figure 3.7). The first association event of the multivalent substrate, such as
sialylated cell surface receptors, will bind to the primary site, and then to the secondary site. After sialidase
cleavage occurs in the primary site, the cleaved glycan branch will dissociate. Then the sialylated glycan branch

bound in the secondary site will be transferred to the primary site, as suggested previously 111113115 After this
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passage, cleavage will again occur, and the full glycan will be released, finishing the enzymatic cycle. This
mechanism is in disagreement with a previously proposed mechanism, which postulates that both binding sites
will not be bound simultaneously 5. However, we feel there is a greater body of literature suggesting that
binding both sites simultaneously increases catalytic activity. We note that our proposed binding mechanism
may be muddied in the case of multivalent ligands with viral glycans situated near the binding sites; in this case,
the glycans may sterically inhibit multivalent binding, slowing down enzymatic activity and attenuating the
replication cycle. In the case of monovalent binders, such as the inhibitors oseltamivir and zanamivir, we show
in Figure 3.5 that association will happen to the primary site faster than to the secondary site. This appears to
be biologically viable considering that previous studies have showed that the secondary site activity has no effect
on enzymatic activity for monovalent substrates % 117119 As the primary site is the main site of enzymatic
activity, it is reasonable to assume that ligands would preferentially bind to the primary site over the secondary
site; reducing transfers of ligands between the binding sites would ostensibly increase catalytic activity and
efficiency. Taken together, abolishing the secondary site in avian NA will not affect monovalent substrates such
as influenza drugs as these associate faster to the primary site anyways, which our results confirm. To exposit
this a different way, influenza drugs will preferentially block primary site binding over secondary site binding.

Figure 3.7
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Figure 3.7 | Ligand binding mechanisms to neuraminidase for monovalent binders (A) and multivalent
binders (B). A free monovalent binder will associate to the primary site over the secondary site (A). This
monovalent binder will release from the primary site before a second monovalent binder will associate to the
secondary site. Glycans, with their sialic acid tips, are an example of a multivalent binder (B). Similar to the
monovalent binders, the first multivalent binding event will occur to the primary site. Next, the second sialic
acid tip binds to the secondary site. With both sites bound, the sialic acid in the primary site is cleaved and
released. The sialic acid bound in the secondary site is then transferred to the primary site. Finally, the second
sialic acid is cleaved and released, and the enzymatic cycle is complete.

3.7 Conclusion

In this work, we created NA systems with varying glycan conformations, and also without the presence of
glycans. These glycans are capable of covering much of the surface area of NA. Their conformational flexibility
is dependent on their glycan type, not necessarily their spatial position. The glycosylated systems showed
moderate inhibition of ligands to the primary binding site. Finally, we propose a new binding mechanism for

multivalent binders to NA, such as cell surface receptors. These results have implications for future drug
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development, the overall understanding of glycans, and the NA enzymatic mechanism. Much sustained effort
has gone into developing NA inhibitors, and will continue to do so in the future. Measuring the binding of a
potential drug is an important step in the drug discovery process. However, most drug discovery efforts have not
taken into account viral glycans. Neglecting this effect can lead to a surprising drop in drug binding °. Our work
shows that glycans can have an inhibitory effect on influenza NA primary site binding. There have already been
a number of studies using multivalent binders as NA antivirals 12125 With the results shown here, we
recommend future work on multivalent NA drugs, to focus on developing strong binders with a long lifetime,
regardless of the presence or absence of glycans. With the detection limitations of our study, we cannot conclude
how glycans affect secondary site binding, although we believe binding to the secondary site will be slower than
binding to the primary site (Figure 3.55). However, it follows from these results that glycans could evoke a
secondary site binding inhibition similar to the primary site. In summary, this work examines glycan inhibition
on drug binding, compares the drug binding interplay between two binding sites, and proposes a new mechanism

of ligand binding to NA.
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3.10 Supporting Material
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Figure 3.8 | 2D structures of the ligands used in this study.
Table 3.2 | lons used in the implicit solvent in the BD trajectories.
lon Charge Concentration Radius
Ca** 2.000 0.005 M 1.7131 A
CI -1.000 0.010 M 1.7350 A
Na* 1.000 0.024 M 1.8680 A
MES -1.000 0.024 M 4.0070 A

Table 3.3 | Grid spacing for each system. The grid spacing is defined as the fine grid length divided by the

number of grid points.

System Grid spacing
Unglycosylated NA 0.61 x 0.61x 0.66 A
NA with Glyprot glycans 0.80 x 0.80 x 0.83 A
NA with MD conf1 glycans 0.59 x 0.59 x 0.68 A
NA with MD conf2 glycans 0.60 x 0.61x 0.70 A
NA with MD conf3 glycans 0.60 x 0.61x 0.70 A

Table 3.4 | b radius and q radius values for each system. The distance is the distance away from the

hydrodynamic center of the protein.

System b radius g radius
Unglycosylated NA 109.047 A 119.952 A
NA with Glyprot glycans 109.310 A 120.241 A
NA with MD conf1 glycans 111.999 A 123.199 A
NA with MD conf2 glycans 110.382 A 121.420 A
NA with MD conf3 glycans 110.098 A 121.108 A
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Figure 3.9 | Comparison of our computed association rates with previously published experimental
association rates. The computed oseltamivir rate (purple) is within the level of error of the experimental
oseltamivir rate (faded purple). The computed zanamivir rate (orange) is similar to the experimental zanamivir
rate (faded orange).

Overall, the primary site binding parameters were transferred from oseltamivir to zanamivir, correcting for the
replacement of oseltamivir’s isopentanetriol ring substituent with zanamivir’s 1,2,3-pentanetriol ring substituent,
as seen in Figure 3.8. They were then transferred to sialic acid, accounting for the methanetriamine ring
substituent (Figure 3.8). The secondary site binding parameters were determined for sialic acid before being

transferred to oseltamivir and zanamivir. These choices were made due to the availability of crystal structures.

The primary binding site contacts for oseltamivir are presented in Table 3.4. The oseltamivir isopentanetriol
group is replaced by the sialic acid 08 and 09 oxygen atoms in binding pairs for both the primary and secondary
sites (Table 3.6 and Table 3.9). This isopentanetriol group in oseltamivir appears to form hydrophobic contacts
with E276 of the neuraminidase instead of the hydrogen bonding that zanamivir and sialic acid shows, so these
hydrophobic contacts were approximated as having contacts to the C91, C8 and C82 atoms as shown above. The

zanamivir (Table 3.5) binding pairs are based off of those for oseltamivir.

The IMWE crystal structure shows the tryptophan’s conjugated benzene ring having an interaction with the C11

atom of sialic acid in the secondary binding site. We approximated this putative hydrophobic interaction by
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picking three evenly spaced carbon atoms on the tryptophan ring as shown in Table 3.9. These carbons were
picked to be away from the indole ring, as they would be less polar. The secondary site contacts in the IMWE
crystal structure also appear to show hydrophobic contacts between NA residue S370 and the ligand. These were
approximated by selecting the a-carbon of S370, as it would be less polar than the side chain carbon. Lastly, the
secondary site LMWE crystal structure showed hydrophobic interactions between K432 and sialic acid. These
were approximated by selecting the CG atom of K432, which is in the middle of the side chain away from the
nitrogen. The binding pairs for oseltamivir (Table 3.6) and zanamivir (Table 3.8) are based off those for sialic

acid.

In summary, the primary and secondary site binding pairs for these ligands are set to be analogs of each other.

The NA binding pair atoms were kept constant across each ligand for consistency.

H911

0O1B

010 HN41

H111 H113 HN42 Na

Oseltamivir

Figure 3.10 | Structure of oseltamivir.
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H95

Sialic acid

Figure 3.11 | Structure of sialic acid.
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Zanamivir

Figure 3.12 | Structure of zanamivir.
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Table 3.5 | Primary site atom pairs for oseltamivir.

Neuraminidase residue Residue atom Oseltamivir atom

R118 Nnt O1A
R118 Nmi 01B
R118 N2 O1A
R118 Nn2 01B
R152 N 010
R152 Nn2 010
E276 CB c8

E276 CB C82
E276 CB col
R292 Nmi O1A
R292 N 01B
R292 Nn2 O1A
R292 N2 01B
Y347 on O1A
Y347 on O1B
R371 Nmi O1A
R371 Nnt 01B
R371 Nn2 O1A
R371 N2 01B
R371 Ne 01B
R371 Ne O1A
Y406 on O1A
Y406 On O1B
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Table 3.6 | Primary site atom pairs for sialic acid.

Neuraminidase residue Residue atom Sialic acid atom

R118 N O1A
R118 Nmi 01B
R118 Nn2 O1A
R118 Nn2 01B
R152 N 010
R152 Nn2 010
E276 Oe1 08

E276 Oe» 08

E276 Oe1 09

E276 Oe» 09

R292 N O1A
R292 Nmi 01B
R292 N2 O1A
R292 Nn2 01B
Y347 on O1A
Y347 on 01B
R371 N1 O1A
R371 Nmi 01B
R371 N2 O1A
R371 Nn2 01B
R371 Ne O1B
R371 Ne O1A
Y406 on O1A
Y406 on 01B
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Table 3.7 | Primary site atom pairs for zanamivir.

Neuraminidase residue Residue atom Zanamivir atom

R118 Nt O1A
R118 Nmi 01B
R118 Nn2 O1A
R118 Nn2 01B
R152 N 010
R152 Nn2 010
E276 Oe1 08

E276 Oe» 08

E276 Oe1 09

E276 Oe» 09

R292 N O1A
R292 Nmi 01B
R292 N2 O1A
R292 Nn2 01B
Y347 on O1A
Y347 on 01B
R371 N1 O1A
R371 Nmi 01B
R371 N2 O1A
R371 Nn2 01B
R371 Ne O1B
R371 Ne O1A
Y406 On O1A
Y406 on 01B
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Table 3.8 | Secondary site atom pairs for sialic acid.

Neuraminidase residue Residue atom Sialic acid atom

S367 0G O1A
S367 0G 0O1B
S370 CA Co1
S370 CA C8
S370 CA C82
S372 0G N5
W403 CD2 Cl1
W403 CZ2 Cl1
W403 CZ3 Cl1
K432 CG 08
K432 CG 09

Table 3.9 | Secondary site atom pairs for oseltamivir.

Neuraminidase residue Residue atom Oseltamivir atom

S367 0G O1A
S367 oG O1B
S370 CA Co1
S370 CA C8
S370 CA C82
S372 oG N5
W403 CD2 Cl1
W403 CZ2 Cil1
W403 CZ3 Cl1
K432 CG Co1
K432 CG C8
K432 CG C82

Table 3.10 | Secondary site atom pairs for zanamivir.

Neuraminidase residue Residue atom Zanamivir atom

S367 0G O1A
S367 0G O1B
S370 CA Co1
S370 CA C8
S370 CA C82
S372 0G N5
W403 CD2 Cl1
W403 CZ2 Cl1
W403 CZ3 Cl1
K432 CG 08
K432 CG 09
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Figure 3.13 | Clustered glycans on monomer B. The Glyprot structure is in gray, while the other colors

represent clusters from the MD simulations.
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Figure 3.14 | Clustered glycans on monomer C. The Glyprot structure is in gray, while the other colors

represent clusters from the MD simulations.
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Glycan D1 clustering
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Figure 3.15 | Clustered glycans on monomer D. The Glyprot structure is in gray, while the other colors

represent clusters from the MD simulations.
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Table 3.11 | Association rate data for oseltamivir. The files containing this data are provided.

| Kon | Probability | Total
. . binding
System low mean high low mean high events
| Primary site |
Ung'yﬁcﬁy'a“"‘d 3.66/uM's  3.93/uM-s 4.19/uM-s 8.28x10° 8.88x10° 048x10° 888
NA "gl';hca?]'sypmt 231/uMss 2.52/uMs 2.73/uMs 524x10° 572x10° 620x10° 572
NAWIAMD = 5o/ Ms 1.38/uMes 1.53/uM:s 2.68x 10° 3.03x10° 338x105 303
confl glycans
NAWINMD 6 47Ms 0.57/uMs 0.68/uM:s 106x10° 129x10° 152x10° 129
conf2 glycans
NAWINMD = 30/uMss 1.55/uM:s 1.72/uM's 313x10° 350x10° 3.87x10° 350
conf3 glycans
| Secondary site |
Ung'yﬁl‘jiy'ated 0.00/uM-s  0.00/uM-s  0.00/uM-s 0.00x10° 000x10° 0.00x10° 0
NA ng;;iaf‘\gyprOt 0.00/uM-s  0.00/uMs 0.00/uMs 000X 10° 0.00x105 000x105 0
NAWIhMD =6 60/iMs 0.00/uM:s 0.00/M's 000x10° 000x10° 0.00x105 0
confl glycans
NAWIhMD =6 60/iMs 0.00/uMs 0.00/M's 000x10° 000x10° 0.00x105 0
conf2 glycans
NAWIhMD =6 60/Ms 0.00/uM:s 0.00/M's 0.00x10° 000x10° 0.00x105 0
conf3 glycans
| Combined sites |
Ung'y,‘iIOAsy'ated 3.67/uM's  3.93/uM-s 4.19/uM-s 8.29x 105 8.89x 105 9.49x 105 889
NA "gl';hcai'sypmt 2.49/uM's 2.70/uMs  2.92/uMs  5.65x 105 6.15x 105 6.65x105 615
NAWINMD ) 47/uMs 164/uMs 182/uMs 324x10° 362x105 400x10° 362
confl glycans
NAWINMD 6 4g/uMs 0.58/uMs 0.68/uMs 1.07x10° 130x105 153x10° 130
conf2 glycans
NAWINMD =) go/uMs 150/pMs 175/pMs 3.19x10° 357x105 395x10° 357

conf3 glycans
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Table 3.12 | Association rate data for zanamivir. The files containing this data are provided.

| Kor | Probability | Total
_ : binding
System low mean high low mean high events
| Primary site |
Ung'yﬁfﬁy'md 0.28/uM-s  0.36/uM-s 0.44/uM-s  0.66x 105 084x10° 1.02x10° 84
NA "gl';hca?]'sypmt 037/uM's 0.46/uMs 0.55/uMs 085x10° 106x10° 127x10° 106
NAWINMD =6 10/iMs 0.16/uMs 021/uM's 023x10°  0.35x10°5 047x10° 35
confl glycans
NAWINMD =6 03uMs 0.07/uMs 0.10/M's 007x10°  0.15x105 023x10° 15
conf2 glycans
NAWINMD =6 1 iMs 017/uMss 022/uM's 026x10°  0.38x105 050x10° 38
conf3 glycans
‘ Secondary site ‘
Ung'yﬁﬁy'ated 0.00/uM-s  0.00/uM-s  0.00/uM-s  0.00x 10° 0.00x 105 0.00 x 10 0
NA ng;;iaf‘\gyprOt 0.00/uM's  0.00/uMs 0.00/uM:s  0.00x10° 0.00x10° 000x10° 0
NAWINMD 6 6 1/uMs 0.04/uMs 0.07/uMs 0.03x10°  0.09x 105 015x10° 9
confl glycans
NAWIMD 6 go/uMs 0.01/uMs 0.02uMs -0.01x10° 0.02x10° 005x10° 2
conf2 glycans
NAWINMD 4 po/uMis 0.05/uMs 0.08/uMs  005x10°  0.12x10° 019x105 12
conf3 glycans
| Combined sites |
Ung'y[‘iIOAsy'ated 0.27/uM's  0.35/uM's 0.43/uMss  0.63x10° 0.81x10° 099x10° 81
NA "é’l';hcaf]'sypmt 027uM's 035uM:s 043/uMs  064x105 0.82x10° 100x10° 82
NAWItNMD ) 0 Mes 022/uMes 029/uMs 0.36x 105 050X 10°  0.64x10° 50
confl glycans
NAWINMD 6 03/uMs 0.07/uMs 0.10/uMs 0.07x10°  0.15x10° 023x10° 15
conf2 glycans
NAWItNMD = 1) Mis 0.24/uM's 030/uM's 040x 105  055x10° 070x10° 55

conf3 glycans

130



Table 3.13 | Association rate data for sialic acid boat conformation. The files containing this data are

provided.
Kon Probability | Total
_ . binding
System low mean high low mean high events
| Primary site |
Ung'yﬁfﬁy'md 1.46/uM's  1.63/uM-s  1.81/uMs 3.24x 105 3.62x10° 4.00x10° 362
NA "gl';hca?]'sypmt 176/uM's 1.95uMs 2.14/uMs 3.93x10° 435x10° 4.77x10° 435
NAWINMD 6 1uMs 0.18/uMs 024/uMs 027x10° 039x10° 051x10° 39
confl glycans
NAWINMD 0 03uMs 0.06/uMs 0.10/uMs 0.07x10° 014x10° 021x10° 14
conf2 glycans
NAWINMD =) M 126/ 141pMs 246x10° 279x105 312x10° 279
conf3 glycans
‘ Secondary site ‘
Ung'yﬁl"Asy'ated 0.24/uM's  0.32/uM's  0.40/uM's 054x10° 071x10° 088x10°5 71
NA g;;@;;ypmt 0.14/uMs 020/uMs 026/uMs 0.31x10° 045x10° 058x105 45
NAWIMD 6 so/uMs 0.60/uMs 0.70/iMs 1.06x10° 120x105 152x10° 129
confl glycans
NAWINMD 6 h6/uMs 0.10/Ms 0.14/uMs 0.13x10° 022x105 031x10° 22
conf2 glycans
NA with MD | | . s 5 5
confaglycane  O-1V/HM's 0.17M's 022/uMs 025X 10° 037x10° 049x10° 37
| Combined sites |
U”g'yﬁl‘ﬁy'ated 1.47/uMs  1.64/uM-s 1.81/uM-s 3.26x 10° 3.64x10° 4.02x10° 364
NA g;;@;!ypmt 1.88/uMss 2.07/uMs 2.26/uMs 4.18x10° 461x10° 504x10° 461
NAWINMD =6 c70iMs 0.79/iMs 091/uM's 144x10° 1.70x10° 1.96x105 170
confl glycans
NAWINMD =6 0g)iMs 0.13/uM:s 0.18/uM's 018x10° 020x10° 0.40x105 29
conf2 glycans
NAWINMD =y 55 Ms 140/uMs 156/uM's 274x10° 310x10° 345x105 310

conf3 glycans
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Table 3.14 | Association rate data for sialic acid chair conformation. The files containing this data are

provided.
Kon Probability | Total
_ , binding
System low mean high low mean high events
| Primary site |
Ung'yﬁl‘ﬁy'ated 1.68/uMs  1.87/uMs 2.05/uM-s  3.69x10° 4.09x10° 4.49x10° 409
NA "gl';hca?]'sypmt 1.84/uM-s  2.04/uMs 2.23/uMs 407 x10° 449x10° 4.91x10° 449
NAWItNMD = o) uM:s 020/uM's 036/uMs 046X 10° 062x10° 078x10° 62
confl glycans
NAWIMD 6 po/uMis 0.06/uMs 0.09/uMs 0.05x10° 012x105 019x10° 12
conf2 glycans
NAWItNMD = 1o/ Ms 1.34/uM's 1.50/M:s 260X 10° 294x10° 328x10° 294
conf3 glycans
‘ Secondary site ‘
Ung'yﬁl"Asy'ated 0.00/uM-s  0.00/uM-s  0.00/uM-s 0.00x 10° 0.00x 10° 0.00 x 10 0
NA g;;@;;ypmt 0.00/uM's  0.00/uM's 0.00/uM:s 0.00x 105 0.00x105 000x105 O
NAWINMD o 50 Ms 0.00/uM's 0.00/uM's 0.00x 10° 0.00x10° 0.00x105 0
confl glycans
NAWINMD o 50 Ms 0.00/uM's 0.00/uM's 0.00x 10° 0.00x10° 0.00x105 0
conf2 glycans
NA with MD _ . . E 5 5
confa glycane  O00/HMs 0.00/M's 0.00/uMs 0.00x10° 000x10° 0.00x 10 0
| Combined sites |
U”g'yﬁl‘ﬁy'ated 1.75/uM's  1.93/uMss 2.13/uM-s  3.84x10° 4.25x10° 466x10° 425
NA g;;@;!ypmt 1.87/uMs 2.06/uMs 226/uM's 411x 105 454x10° 4.97x10° 454
NAWItNMD o0 Mes 027/uMss 0.34/uM's 0.43x10° 058x10° 0.73x10° 58
confl glycans
NAWINMD 6 6 1/uMs 0.03/uMs 0.06/uMs 0.02x10° 007x105 012x10° 7
conf2 glycans
NAWINMD =) 27/uMis 143/puMs 150/puMs 277x10° 312x105 347x10° 312

conf3 glycans
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Chapter 4

Breathing and tilting: mesoscale simulations illuminate

iInfluenza glycoprotein vulnerabilities

4.1 Abstract

Influenza virus has resurfaced recently from inactivity during the early stages of the COVID-19 pandemic,
raising serious concerns about the nature and magnitude of future epidemics. The main antigenic targets of
influenza virus are two surface glycoproteins, hemagglutinin (HA) and neuraminidase (NA). Whereas the
structural and dynamical properties of both glycoproteins have been studied previously, the understanding of
their plasticity in the whole-virion context is fragmented. Here, we investigate the dynamics of influenza
glycoproteins in a crowded protein environment through mesoscale all-atom molecular dynamics simulations of
two evolutionary-linked glycosylated influenza A whole-virion models. Our simulations reveal and kinetically
characterize three main molecular motions of influenza glycoproteins: NA head tilting, HA ectodomain tilting,
and HA head breathing. The flexibility of HA and NA highlights antigenically relevant conformational states,
as well as facilitates the characterization of a novel monoclonal antibody, derived from human convalescent
plasma, that binds to the underside of the NA head. Our work provides previously unappreciated views on the
dynamics of HA and NA, advancing the understanding of their interplay and suggesting possible strategies for

the design of future vaccines and antivirals against influenza.

4.2 Introduction

Influenza is a single-stranded, negative-sense RNA virus that contains two membrane-embedded glycoproteins:
hemagglutinin (HA) and neuraminidase (NA).1* The viral envelope is also dotted with transmembrane proton
channels named M2.56 HA and NA are involved in a complex interplay whose combined functions include viral
entry, progeny release, and evading host immune pressure.”° These processes are, in part, modulated by glycans,
whose number and position can vary from year to year owing to the relentless evolution of the influenza virus.'%-

13 As a part of influenza seasonal antigenic drift, the introduced missense mutations may directly alter the
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antigenicity of HA® and NA®3 epitopes or sometimes result in the gain or loss of a glycosylation site,*° thus
leading to shielding or unmasking of nearby epitopes. Antigenic drift means that vaccines targeting influenza
need to be regularly updated to match the currently predominant strains of the virus.'4°> Despite HA being the
immunodominant protein,'®1” NA also represents a potential vaccine target;*® knowledge of accessible and
currently utilized epitopes is crucial in retaining influenza vaccine efficacy and in designing new vaccines. This
is particularly relevant as the scientific community marches toward a universal influenza vaccine that is not
affected by antigenic drift.16:17.19

Antigenic drift also affects the HA/NA interplay, which in turn is relevant in the context of influenza
endocytosis?® and exocytosis (or viral budding).?-% The understanding of these processes is far from complete.
As just one example, it was previously thought that NA played no role in endocytosis or exocytosis.?* Next, it
was assumed that HA was involved in receptor binding and was not essential for viral budding,?® whereas NA
was only involved in exocytosis by cleaving terminal host cell sialic acid moieties hydrogen bound to HA. More
recently, it has been recognized that the role these two proteins play in cell entry and exit is more nuanced. NA
can play a role in receptor binding?¢-2% while HA can initiate viral budding.?! This egress process appears to be
the rate-limiting step in viral replication, with only ~10% of budded viral particles being fully released,?? and is
the major target of current antivirals. Considering the weak binding capabilities of both HA and NA, multivalent
interactions are needed for both cell entry and exit.?6:2°-32 Although the exact valency for influenza cell entry and
exit is still not known,*° sialic acid has been determined to be the cell receptor recruitment group involved in
these multivalent interactions.33-36

One potential reason for our limited understanding of the specifics of HA and NA function may be their poorly
understood native dynamics in vivo. Whole virion protein dynamics are extremely challenging to study
experimentally; current techniques such as surface affixation or aggregated Kinetics assays are difficult to
interpret due to their non-native environment or virion pleiomorphy, respectively. Cryo-electron tomography
(cryoET) images can capture native virions, but protein flexibility diminishes the resolution of the resulting
images. Instead, cryo-electron microscopy (cryoEM) has been successful in characterizing the plastic behavior
of the individual glycoprotein ectodomains, showing, for example, the existence of tilted HA conformations,’

or “breathing” HA heads®“% and open NA heads.** Some of the above-mentioned difficulties can be allayed
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through computational studies, which can create specific, pre-defined mesoscale models and examine protein
dynamics in the mesoscale.*>° Whole-virion scale simulations, whether coarse-grained>°-°2 or all-atom,*>:53-62
can provide a detailed look at protein dynamics in a more realistic, crowded protein environment than simulations
of discrete proteins. Additionally, such large simulations naturally afford statistical sampling for proteins of
interest, i.e., an influenza virion will contain a few hundred HA proteins and a few dozen NA proteins, enabling
the application of statistical analysis techniques, such as Markov state models (MSM), to quantify
conformational transitions.5:63-65

Building on our previous work,* we created two glycosylated whole-virion models accounting for two
evolutionary-linked influenza A viruses, namely, A/swine/Shandong/N1/2009 (H1N1) (Fig. 4.1), hereafter
referred to as HIN1-Shan2009, and A/45/Michigan/2015 (H1N1), hereafter referred to as HIN1-Mich2015 (Fig.
4.8). We then performed all-atom MD simulations of these massive systems—tallying 161 million atoms
including explicit water and ions—to examine the conformational plasticity of influenza glycoproteins in a

crowded environment and its impact on their antigenic properties and dynamic interplay.
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Figure 4.1 | All-atom glycosylated model of influenza A virion. The center panel shows the all-atom model
of the influenza H1IN1-Shan2009 virion, where the neuraminidase (NA) and hemagglutinin (HA) glycoproteins,
and the M2 ion channels, are depicted with red, blue, and white surfaces, respectively. N-linked glycans are
shown in yellow. The spherical lipid envelope is represented with pink van der Waals (vdW) spheres. Magnified
views of NA (top left) and HA (bottom left) are provided, where asparagine residues within each N-linked
glycosylation sequon are shown with yellow vdW spheres. A cross-section, magnified view of an M2 ion channel
is represented in the top-right corner. In the bottom right corner, a magnified view of a glycan is displayed, where
the glycan is shown with yellow sticks, and the different monosaccharides are highlighted using 3D-SNFG
representation (blue cube for GIcNAc, yellow sphere for galactose, red cone for fucose, and green spheres for
mannose). Hydrogen atoms have been hidden for clarity.
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As a result, our simulations indicate three main molecular motions underlying the exceeding flexibility of the
influenza glycoproteins: NA head tilting, HA ectodomain tilting, and HA breathing. Using a Markov state model
analysis framework, we characterize the kinetics of these motions. Concomitant with these three motions, the
vulnerabilities of the glycoproteins are uncovered, including a novel epitope located on the underside of the NA
globular head. This epitope becomes directly accessible to a human monoclonal antibody, termed NDS.1, when
NA head tilting occurs. In addition, we show how cryptic or usually occluded epitopes become transiently
accessible during HA breathing and HA ectodomain tilting, respectively. Finally, we characterize the interplay
between glycoproteins, breaking down the number and type of inter-glycoprotein contacts and measuring the
extent of glycoprotein “clumping” occurring on the virion surface. Although not many differences are observed
between H1N1-Shan2009 and H1N1-Mich2015, the loss of glycan N386 within the NA head domain in the
H1N1-Mich2015 remarkably reduces NA propensity to engage with neighboring glycoproteins.

Overall, our findings advance the understanding of HA/NA functional balance as affected by the antigenic drift,
shedding light on the viral egress process. We propose that the synergy of the three identified motions is critical
for the exocytosis cycle. Moreover, our work provides previously unappreciated views into the antigenicity of

the influenza glycoproteins by accounting for their dynamics in the crowded environment of the virion surface.
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This information suggests that locking HA and NA in transiently sampled vulnerable states can be pursued as a

viable strategy for the development of the next flu vaccines and antiviral drugs.

4.3 Results

All-atom MD simulations of HIN1-Shan2009 and H1N1-Mich2015 glycosylated whole-virion models were
conducted for 442 and 425 ns, respectively. Our models include 30 NA homotetramers, yielding 13.3 ps (442 ns
x 30 tetramers for HIN1-Shan2009) and 12.8 ps (425 ns x 30 tetramers for HIN1-Mich2015) of tetrameric
aggregate sampling, and 236 HA homotrimers, accounting for 104.3 ps (442 ns x 236 trimers for HIN1-
Shan2009) and 100.3 ps (425 ns x 30 trimers for HIN1-Mich2015) of trimeric aggregate sampling. Moreover,
11 M2 ion channels are embedded in the viral envelope. A detailed description of system setup, mutation of
H1N1-Shan2009 into H1N1-Mich2015, glycosylation process, and MD simulations are provided in the
Supporting Information (SI) Material and Methods section and shown in Figs. 4.9-4.15. Analysis of the average
Root Mean Square Deviation (RMSD) values calculated for HA and NA evinces that the conformation of both
glycoproteins keeps changing during the simulations with respect to the initial geometry (Fig. 4.16). More
stability is attained only towards the end, where 4-7 A and 4-11 A RMSD ranges are observed for HA and NA,
respectively. This behavior underlies the presence of dynamic interplay among the glycoproteins during the
simulations facilitated by the remarkable flexibility of the glycoprotein ectodomains.

Extensive tilting exposes neuraminidase head underside to immune recognition

The NA globular head sits on top of the stalk and is formed by six B-sheets arranged into a propeller-like
structure.® The first B-sheet is connected to the stalk helix by an unstructured, 14-residue-long linkage (residues
82-95) that acts as a hinge point and shows to be highly flexible during the simulations, as evinced by the Root
Mean Square Fluctuations (RMSF) analysis (Fig. 4.17). In the tetrameric arrangement, the impact of this
structural feature is two-fold: uncoupling the motions of the head and the stalk and augmenting the head’s
conformational freedom. Our whole-virion simulations show that the NA head undergoes an extensive tilt

motion, exhibiting extraordinary flexibility (Fig. 4.2A-B).
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Figure 4.2 | NA head tilting motion. A) A snapshot from the MD simulation of the influenza HIN1-Shan2009
virion capturing different NAs (red surface) with varying degrees of head tilt. HAs are represented with a gray
surface, whereas N-glycans linked to NA or HA are shown with yellow or white vdW spheres, respectively. The
lipid envelope is depicted using pink vdW spheres. B) Close-up view of a NA tetramer exhibiting a high degree
of head tilt. C) Distribution of NA head-tilt angle obtained from the MD simulation of the HIN1-Shan2009
(black) and HIN1-Mich2015 (gray) virions. The distribution is shown as a kernel density. D) Two-state MSM
of NA head tilting with representative structures from the MD simulation of the HIN1-Shan2009 virion. The
mean first-passage times between the states, including the respective standard deviation, are reported rounded to
the nearest one for H1IN1-Shan2009 (black text) and HIN1-Mich2015 (gray text). NA head-tilt angle is
highlighted with cyan cylinders, spheres, and lines drawn within the molecular representation of the NA. NA
residues used for angle calculation are shown with opaque red cartoons. N-glycans are represented with yellow
sticks, whereas glycosylation sequons are illustrated with yellow vdW spheres. E) NS-EM 2D class averages of
recombinant A/Darwin/9/2021 N2 in complex with Fab NDS.1 (scale bar: 15 nm) F) The density of a single
NDS.1 Fab bound to A/Darwin/9/2021 N2 is fitted onto a tilted NA head (red cartoons) as captured in a snapshot
from the HLN1-Shan2009 whole-virion simulation. The density is shown with a transparent yellow surface. The
surrounding HA and NA are represented in gray and red surfaces, respectively, whereas N-glycans are depicted
with yellow vdW spheres.
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Remarkably, the NA head can tilt > 90° relative to the stalk axis, as shown in Fig. 4.2B. We calculated the tilt
angle formed by the stalk’s principal axis and the vector joining the top of the stalk with the center of mass
(COM) of the tetrameric head for all 30 NA tetramers of the two virion models, at each frame of their respective

simulations. Next, we plotted the two sets of angle values as different distributions (Fig. 4.2C). The tilt angle is
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displayed in Fig. 4.2D. Interestingly, despite the differences in amino acid sequences, NA tetramers in HIN1-
Shan2009 and HIN1-Mich2015 exhibit a similar extent of head tilt, with median values at 38.6° and 37.2°,
respectively. A one-to-one correspondence between the two strains is also observed, with a few exceptions, for
the maximum head tilt achieved by each NA tetramer during the simulations (Fig. 4.18). Values of head-tilt
angle slightly larger than 90° are allowed by the flexibility of the hinge region between the head and the stalk.
As the NA tetramer head tilts, at least one of the four monomer heads will move closer to the stalk. Incorporating
this geometric criterion into a set of two features (see Material and Methods in the Sl, and Figs. 4.19, 4.20) and
exploiting the large cumulative sampling generated by the many NA tetramers present on the virion surface, we
built a two-state MSM to characterize the kinetics of the NA head tilting motion (Fig. 4.2D). As a result, for
H1N1-Shan2009, the stationary distributions for the untilted and tilted states, which provide an understanding
of the weight of each state in the MSM, are 0.51 and 0.49, respectively. The average times required for the
transitions between the two states to first occur, referred to as mean first-passage times (MFPTs), are comparable:
404 + 16 ns for the untilted-to-tilted motion and 439 + 33 ns for the opposite, tilted-to-untilted transition. Instead,
for HIN1-Mich2015, the stationary distributions are 0.44 (untilted) and 0.56 (tilted), with MFPTs of 430 + 16
ns (untilted-to-tilted) and 898 + 111 ns (tilted-to-untilted). These findings evince a similar propensity to tilt for
the NA heads of both strains, showing that they can tilt > 75° within a few hundred nanoseconds, whereas, in
the case of HIN1-Mich2015, it takes longer for them to return to their upright state (see Table 4.1 for the tilt
angles calculated for the macrostates extracted from the MSM).

Aiming to investigate the immunogenic implications of the NA head tilting motion, we studied an H3N2
influenza convalescent donor and discovered a human monoclonal antibody, termed NDS.1, which recognizes
the underside of the NA head. NA-specific B cells were isolated from peripheral blood mononuclear cells from
the donor using recombinant N2 NA head by flow cytometry (Fig. 4.21), while the recombinant antibody NDS.1
was synthesized by using immunoglobulin sequences recovered from the corresponding B cell. Biolayer
interferometry (BLI) assays show that Fab of NDS.1 antibody possesses relatively high affinity (10 M) to two
distinct N2 NA tetramers tested, namely A/Wisconsin/672005 and A/Darwin/9/2021 (Fig. S14). Negative-stain
electron microscopy (NS-EM) analysis and its 3D reconstruction reveal that NDS.1 Fab recognizes an epitope

residing on the underside of the NA head (Fig. 4.2E, Fig. 4.22). This was further confirmed by analyzing the
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ternary complex of N2-subtype NA, NDS.1 Fab, and 1G01 Fab by NS-EM (Fig. 4.23), a recently discovered
broadly cross-reactive antibody that binds the catalytic site of NA.6” We then fitted the conformation of one
tilted NA tetramer head obtained from the HIN1-Shan2009 whole-virion simulation into the density map of the
A/Darwin/9/2021 N2 NA tetramer head bound to a single NDS.1 Fab. As shown in Fig. 4.2F, the NA head
underside region targeted by NDS.1 becomes directly available for immune recognition as the head tilts.
Although the NA head underside is solvent accessible in the untilted state, it is not a facile target since the
antibody and/or B cell receptors on B cells must reach this region from underneath with a slightly upward
approach angle. Instead, the tilt exposes the head underside of at least one monomer and changes the antibody
approach angle to downward, thus allowing NDS.1 Fab to gain direct access to the underside epitope. As evinced
from the fitted density depicted in Fig. 4.2F, the binding of NDS.1 appears sterically compatible with the N-
glycans linked to the N1-subtype NA head, i.e., N88, N146, N235, and N386 (for HIN1-Shan2009). A close-up
view of the portion of the NA head targeted by NDS.1 is shown in Fig. 4.24, where a mock antibody was fitted
into the density of NDS.1 to examine a putative binding mode.

Hemagglutinin ectodomain tilting motion facilitates the approach of anchor epitope-directed antibodies
The HA ectodomain protrudes ~15 nm from the viral membrane, to which it is anchored via a coiled-coil
transmembrane domain (TMD).%” As also indicated by the average RMSF for HA (Fig. 4.17), a flexible hinge
region encompassing residues 504-528 connects the HA ectodomain to the TMD, increasing the plasticity of
the ectodomain itself.3” Our simulations show considerable flexibility of the HA ectodomain, which exhibits a
profuse tilting motion relative to the TMD axis (Fig. 4.3A and Fig. 4.3B). We measured the tilt angle formed by
the TMD principal axis and the vector joining the residues at the top of the TMD and the center-of-mass (COM)
of the ectodomain’s long a-helices (LaHs) for all 236 HA trimers from the two virion models, at each frame of
their respective simulations. The distributions for the ectodomain-tilt angles are presented in Fig. 4.3C, whereas
the calculated tilt angle is depicted in Fig. 4.3D. The distribution profiles obtained for HIN1-Shan2009 and
H1N1-Mich2015 are very similar in shape, with median values of 22.6° and 22.3°, respectively. We note that
the calculated tilt angle does not always coincide with the same extent of tilting relative to the axis normal to the
membrane plane since the TMD also moves and tilts within the lipid bilayer. Remarkably, a few HA trimers

display ectodomain-tilt angle values larger than 50° over the course of the simulations (Fig. 4.3C). These values
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are in striking agreement with cryoEM experiments examining full-length HA in detergent micelles, where an

ectodomain-tilt angle of 52° was reported.*’
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Figure 4.3 | HA ectodomain tilting motion. A) A snapshot from the MD simulation of the influenza H1IN1-
Shan2009 virion capturing different HAs with varying degrees of ectodomain tilt (blue surface). NAs are
represented with a dark gray surface, while other HAs are represented with a gray surface. N-glycans linked to
HAs or NAs are shown with yellow or white vdW spheres, respectively. The lipid envelope is depicted using
pink vdW spheres. B) Close-up view of an HA trimer exhibiting a high degree of ectodomain tilt. C) Distribution
of HA ectodomain-tilt angle obtained from the MD simulation of the H1IN1-Shan2009 (black) and H1N1-
Mich2015 (gray) virions. The distribution is shown as a kernel density. D) Two-state MSM of HA ectodomain
tilting with representative structures from the MD simulation of the HLN1-Shan2009) virion. The mean first-
passage times between the states, including the respective standard deviation, are reported rounded to the nearest
one for HIN1-Shan2009 (black text) and HIN1-Mich2015 (gray text). HA ectodomain-tilt angle is highlighted
with magenta cylinders, spheres, and lines drawn within the molecular representation of the HA. HA residues
used for angle calculation are shown with opaque blue cartoons. N-glycans are represented with yellow sticks,
whereas glycosylation sequons are illustrated with yellow vdW spheres. E) Molecular representation (side view)
of a tilted HA trimer exposing one “anchor” epitope, highlighted with a shiny green surface, to FISW84 Fab
(green cartoons, PDB ID: 6HJQ 37) for direct binding. HA protomers are represented with surfaces colored with
different shades of blue, whereas N-linked glycans are shown with yellow vdW spheres. The viral membrane is
depicted with pink vdW spheres. F) Molecular representation (frontal view) of FISW84 Fab (green transparent
surface) bound to the same HA trimer shown in panel E but in the context of the crowded environment of the
H1N1-Shan2009 virion, where other HAs are represented with a gray surface, NAs with a dark gray surface, and
N-linked glycans with white vdW spheres.
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To gauge the transition time scales between the untilted and the tilted states, we built a two-state MSM of the
HA ectodomain tilting using a combination of head-stalk distance criteria as features (Fig. 3D) (see Extended
Material and Methods in the SI and Figs. 4.25, 4.26). The resulting stationary distributions are strongly shifted
toward the untilted state, with values of 0.94 (untilted) and 0.06 (tilted) for both HLN1-Shan2009 and H1N1-

Mich2009 (see Table 4.2 for the tilt angles calculated for the macrostates extracted with MSM). The MFPTSs are
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also comparable between the two strains: 1273 + 32 ns (H1N1-Shan2009) and 1208 + 32 ns (HIN1-Mich2015)
for the untilted-to-tilted transition; 66 £ 5 ns (H1N1-Shan2009) and 68 + 5 ns (H1N1-Mich2015) for the tilted-
to-untilted transition. This analysis reveals that, on average, longer time scales are needed by the ectodomain to
considerably tilt (> 50°) relative to the TMD, whereas the untilted position is restored much faster. We then
investigated whether the microsecond-long MFPTs estimated for the untilted-to-tilted transition could be
somehow imposed by the crowded membrane environment, which may lead to a form of protein confinement.
We note that, although influenza viruses are densely covered with glycoprotein spikes,®® HA’s and NA’s
ectodomains are not restricted to a small region by a fixed physical barrier and so are not subjected to protein
confinement by definition. In fact, they are not even fully enclosed by neighboring glycoproteins in most cases.
In addition, surrounding glycoproteins are often at a loose distance, allowing HA’s and NA’s ectodomains to
move and wiggle through the gaps. However, when at a very close distance from each other, i.e., when
interacting, glycoprotein crowding can provide a confining boundary owing to the fact that the glycoproteins are
tethered to the membrane. To inquire whether this type of confinement could have an impact on the HA
ectodomain tilting motion, we calculated the correlation between the HA ectodomain-tilt angle swing range
exhibited by the 236 HAs and the respective average number of connections made with surrounding
glycoproteins during the simulations, with the latter used as an estimate of the average confinement. As a result,
we found only a weak negative correlation, with Pearson correlation coefficients (r) equal to —0.23 for HIN1-
Shan2009 and -0.15 for HIN1-Mich2015 (Fig. S20). Hence, the microsecond-long kinetics extrapolated for the
HA ectodomain tilting motion does not seem to be strictly imposed by this specific form of protein confinement.
Consistently, almost all the isolated HAs, i.e., the ones that do not interact with any neighboring glycoproteins
during the dynamics, do not exhibit the full untilted-to-tilted transition in the sub-microsecond time scale
explored by our simulations (Fig. 4.27).

The gradual tilting of the ectodomain has a profound impact on the accessibility of the so-called “anchor” epitope
located on the lower portion of the HA stalk in the proximity of the viral membrane. As this epitope is known as
a target for broadly neutralizing antibodies,®”"® we docked the anchor-binding FISW84 Fab® onto both an
untilted and a tilted conformation assumed by an HA trimer throughout the virion simulations, examining the

respective poses. When the HA is untilted and upright, the antibody must approach the anchor epitope with an
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upward angle (Fig. 4.28). Due to the trimer symmetry, accessibility to all three epitopes is hampered by the
presence of the lipid bilayer underneath (Fig. 4.28). On the contrary, when HA flexes onto the membrane, the
angle of approach to at least one of the three anchor epitopes on the HA trimer gradually shifts from upward to
lateral or slightly downward (Fig. 4.3E, Fig. 4.28), facilitating antibody binding. Next, we docked the FISW84
Fab fragment®” onto a tilted HA in the context of the crowded virion environment. As shown in Fig. 4.3F, the
antibody can directly target the anchor epitope, even in the presence of neighboring glycoproteins.

Breathing of hemagglutinin head reveals a cryptic epitope

The immunodominant domain of HA is the globular head,*"* spanning residues 66 to 286 and comprising the
receptor-binding site (RBS) and the vestigial esterase domain.” In the trimer assembly, the HA1 subunits and
the respective head domains are tightly packed in a “closed” state around and atop the HA2 LaHs. However,
upon binding to sialylated receptors during the infection process, HA heads, followed by the HA1 subunits,
swing away from HA2, making room for the necessary conformational changes leading to membrane fusion.”
We note that in this work HA was modeled in its uncleaved form (HAO). In our whole-virion constructs, all of
the HA trimers are initially in the closed state, with the heads interacting with each other atop the LaHs.
However, over the course of the virion simulations, some of the HA trimers start “breathing,” i.e., reversibly
transitioning from the closed state to a partially “open” state where the heads transiently move away from each

other (Fig. 4.4A-B).
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Figure 4.4 | Breathing motion of the HA head domain. A) A snapshot from the MD simulation of the HIN1-
Shan2009 virion capturing different HAs with varying degrees of head breathing motions (blue surface). NAs
are represented with a dark gray surface, whereas other HAs are represented with a gray surface. N-glycans
linked to HAs or NAs are shown with yellow or white vdW spheres, respectively. The lipid envelope is depicted
using pink vdW spheres. B) Close-up, top view of an open HA trimer where the head domains undergo extensive
breathing motion. C) Value distribution of the distance between the center-of-mass (COM) of the HA head and
the COM of the long a-helices’ apical residues (LaHs) obtained from the MD simulation of the HIN1-Shan2009
(black) and H1IN1-Mich2015 (gray) virions. The distribution is shown as a kernel density. Dashed lines indicate
the median values of the respective distribution. D) Two-state MSM of HA head-breathing motion with
representative structures from the MD simulation of the HLIN1-Shan2009 virion. The mean first-passage times
between the states, including the respective standard deviation, are reported rounded to the nearest one for HIN1-
Shan2009 (black text) and HIN1-Mich2015 (gray text). Monitored HA head-LoHs distance is depicted with
magenta cylinders drawn within the molecular representation of the HA. HA residues of the head domain and
LoHs are shown with opaque blue cartoons. N-glycans are represented with yellow sticks, whereas glycosylation
sequons are illustrated with yellow vdW spheres.

We examined the extent of the HA head breathing motion for all the 236 HA trimers of the two virion models
by measuring the distance between the COM of each monomeric HA head and the COM of the apical residues
of the three LaHs. The distributions of the calculated values are presented in Fig. 4.4C, whereas the monitored

distance is illustrated in Fig. 4.4D. Analogously to the NA head tilting and HA ectodomain tilting motions,
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H1N1-Shan2009 and H1IN1-Mich2015 display a similar extent of HA breathing, exhibiting almost overlapping
right-skewed distributions with median values of 27.5 A and 27.7 A, respectively (Fig. 4.4C). These values
coincide with a closed state. When the HA head starts breathing, its distance from the LaHs becomes larger than
30 A, reaching maximum values of 41.0 A and 42.2 A for HIN1-Shan2009 and H1N1-Mich2015, respectively.
The two-state MSM constructed for the HA head breathing motion allows us to quantify the kinetics of the
closed-to-open and open-to-closed transitions. In this case, we used one feature, defined as the smallest mean
distance of the HA heads to each other (see Material and Methods in the S, and Figs. 4.29, 4.30). For HIN1-
Shan2009, a stationary distribution of 0.75 was estimated for the closed state, whereas 0.25 for the open state.
For HIN1-Mich205, a stationary distribution of 0.73 was calculated for the closed state, while 0.27 for the open
state. The MFPTs are comparable between the two strains: 331 £+ 1 ns (HIN1-Shan2009) and 271 + 1 ns (H1IN1-
Mich2015) for the closed-to-open transition, whereas 110 = 1 ns (H1IN1-Shan2009) and 102 + 1 ns (H1N1-
Mich2015) for the open-to-closed transition. The opening motion is slower on average than the return to a closed
conformation, which is approximately three times faster, pinpointing the open state as a short-lived state. The
values of the distance between the HA head and the LaHs for the macrostates extracted with MSM are reported
in Table 4.3.

Recently, a novel, extremely conserved epitope within the HA head was discovered,®® providing further
opportunities for the development of a universal vaccine against influenza.” Promisingly, FIuA-20, a broadly
protective human antibody, was found to target this cryptic epitope in the head interface region with high breadth
and potency against many influenza A virus subtypes.® Similar to a previously discovered epitope buried in the
HA head trimer interface,” the FIuA-20 epitope is completely occluded when the HA is in the closed state (Fig.
S24), necessitating an opening, or breathing, of the HA head to become accessible.3® Our simulations show that
the FIuA-20 cryptic epitope becomes transiently accessible during HA head breathing (Fig. 4.5A-B). To
characterize whether the HA head opening is compatible with FIuA-20 binding to the cryptic epitope, we
extracted the most open conformation of one HA trimer from the HIN1-Shan2009 simulation, and we docked
FIuA-20 onto it. Strikingly, FIuA-20 could be fitted onto the cryptic epitope with no apparent clashes with
neighboring monomers (Fig. 4.5A and Fig. 4.31). This pose is similar to the one disclosed in a recent structural

study.*® Interestingly, the FIuA-20 binding to the open HA head is also compatible with the crowded virion
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environment (Fig. 4.5B). We next estimated the accessibility of the cryptic epitope to FIuA-20. FIuA-20 variable
domains can be fitted into a sphere of radius 18.6 A (Fig. 4.5C), which we used as a probe to calculate the
antibody accessible surface area (AbASA) of the cryptic epitope during the simulation (Fig. 4.5D). As a test
case, we considered an HA trimer that showed extensive breathing. Together with the AbASA profile, we also
present the time evolution profile of the distance between the three HA head COMs and the LaHs COM (Fig.

4.5E).
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Figure 4.5 | HA breathing reveals the FIuA-20 cryptic epitope. A) Molecular representation of an HA trimer
in the open state extracted from the HIN1-Shan2009 simulations (side view). The three HA monomers are
depicted with surfaces colored with different shades of blue. FluA-20 Fab heavy and light chains are represented
with pink and purple cartoons, respectively. FIuA-20 Fab structure was taken from PDB I1D: 60C3.%° The cryptic
epitope targeted by FIuA-20 is highlighted with a magenta surface. N-linked glycans are shown with yellow
vdW spheres. B) Molecular representation of the same open HA trimer shown in panel A, in the context of the
crowded virion environment. NAs are represented with a dark gray surface, whereas other HAs with a gray
surface. N-glycans linked to HAs or NAs are shown with yellow or white vdW spheres, respectively. The lipid
envelope is depicted using pink vdW spheres. B) Close-up view of an open HA trimer where the head domains
undergo extensive breathing motion. C) Molecular representation of the FIuA-20 human antibody, where the
heavy and light chains are depicted with pink and purple cartoons, respectively. The 18.6 A radius probe sphere
comprising FluA-20 variable domains is overlaid as a transparent surface. D) The time evolution profile of the
ADbASA of the FIuA-20 epitope is shown for the three HA chains illustrated in panels A and B. A magenta dashed
line indicates the frame shown in panel A and B. E) The time evolution profile of the distance between the COM
of the HA head and the COM of the LaHs’ apical residues is shown for the three HA chains illustrated in panels
A and B.
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The respective epitopes in chains A, B, and C in the trimeric HA head show different accessibility according to
the extent of breathing. Chains A and B in the head display the most extensive breathing, and the maximum
epitope accessibility occurs in correspondence to the full opening of chain B in the head (Fig. 4.5D-E). The
snapshot corresponding to the maximum head opening of chain B was used to dock FIuA-20 onto the respective
epitope (Fig. 4.5A-B). Another interesting consideration is that the heads appear to breathe asymmetrically,
opening or closing irrespective of each other (Fig. 4.5E). They can fleetingly open and suddenly rotate back to
a close position. Interestingly, possibly due to the presence of nearby glycoproteins, the head of chain C does
not breathe, keeping the respective FIuA-20 cryptic epitope fully occluded.

The dynamic interplay between glycoproteins

Throughout the simulation of both virus strains, HA and NA are characterized by exceptional flexibility of their
extra-virion functional domains. Among others, we have highlighted the NA head tilting motion, the HA

ectodomain tilting motion, and the breathing of HA heads. Although these motions relate to individual
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glycoproteins, they occur in a crowded subcellular environment that is realistically reproduced in our MD
simulations with an atomic level of detail. This is one of the main advantages of performing simulations at the
“whole-virion” regime rather than at the “single-protein” regime. Embedded in the viral membrane are, in fact,
236 HA trimers and 30 NA tetramers that do more than wiggling and jiggling and whose interplay and balance
are at the basis of viral fitness.”® We, therefore, examined the intricate yet fundamental interplay between HA
and NA glycoproteins in our mesoscale simulations. The glycoproteins can move across the lipid bilayer and
can twist, bend, tilt and interact with each other using their extra-virion functional domains. Even though
transmembrane proteins in model membranes, such as ours, usually partition into unrealistic liquid disordered
domains,”” we see protein clustering, which is also seen biologically.”®7® As proteins usually do not form these
sorts of clusters, or quinary interactions, without a purpose,2°8! these patches are then likely to have functional
significance in viral entry and/or egress.’®828 To investigate the motion of the glycoproteins’ TMD within the
viral membrane, we measured the RMSF of the TMD COM of every HA and NA over the course of the
simulations with respect to the starting frame. Similarly, we also computed the RMSF of the ectodomain COM
of every HA and NA. We then compared the resulting distributions of RMSF values (Fig. 4.32). For both strains,
this analysis evinces that HA and NA do not vastly translate through the membrane in the microsecond timescales
(Fig. 4.32), whereas their ectodomains show higher mobility than the TMDs since they can tilt or breathe.
However, we cannot rule out the possibility that HA and NA could translate more over longer timescales. With
this regard, we note that the interior of the virion models simulated here is filled with water molecules and that
the matrix (M1) proteins lining the internal side of the POPC lipid bilayer were not modeled.

Next, we analyzed the number of one-to-one connections established by each glycoprotein with the surrounding
glycoproteins. A connection is formed when two glycoproteins move within 5 A of each other, considering only
the protein/glycan heavy atoms of their ectodomains (see Material and Methods in the Sl for additional details).
The schematic and the analysis are shown in Fig. 4.6A. We found that each glycoprotein can connect with up to
five other glycoproteins at once. Interestingly, the fraction of isolated glycoproteins (i.e., glycoproteins without
a connection to any other glycoprotein) decreased over the course of the simulations from 34.2% to 12.4% in
H1N1-Shan2009 and from 36.8% to 16.5% in H1N1-Mich2009. The glycoproteins tend to interact with each

other forming new connections rapidly. The most considerable growth is in the fraction of glycoproteins forming
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two connections, 17.3% to 34.2% (H1N1-Shan2009) and 16.2% to 34.2% (H1N1-Mich2015), followed by the
fraction of glycoproteins forming three connections, 5.6% to 13.5% (H1N1-Shan2009) and 4.1% to 11.3%
(H1N1-Mich2015). More rarely, HA and NA interconnect with four or five glycoproteins simultaneously.
Considering that few quinary interactions last into the ps timescale,® our results suggest dynamic fluctuations
in the degree of protein clumping: within just one microsecond, large protein clumps can form and dissipate.
From the analysis of conditional probabilities (see Materials and Methods in the SI for additional details), it
emerges that the inter-protein connectivity does not affect the probability of tilting or breathing of NA and HA
(Tables 4.4-4.6). On the contrary, it appears that extensive HA ectodomain tilting and, to some extent, HA head
breathing as well, increase the probability of forming one or more connections for HA, boosting the interplay
(Tables 4.13 and 4.14). A less defined behavior is instead observed by NA, where for certain ranges of values
of head tilt, the interplay is boosted, whereas for other ranges is instead reduced (Table 4.9). Despite the point
mutations and the glycan addition/deletion within HA/NA, the overall glycoprotein interplay has not
dramatically changed from H1N1-Shan2009 to H1N1-Mich2015. However, appreciable differences are
observed in the case of NA in HIN1-Mich2015, where the loss of glycan N386 located at the edge of the head
appears to have slowed down its propensity to form new connections (Fig. 4.33). The dynamic evolution of the
pattern of glycoprotein inter-connections for HIN1-Shan2009 and H1N1-Mich2015 is shown.

A consequence of influenza glycoproteins clumping together is the formation of large macro-clusters of mixed
HA/NA when multiple small clusters come into close contact, i.e., less than 5 A from each other (Fig. 4.33).
Congregations of HAs and local clusters of NAs have been previously reported through cryoET experiments.®®
Here, we observed the formation of macro-clusters comprising as many as 42 (H1IN1-Shan2009) and 34 (H1N1-
Mich2015) mixed HA/NA glycoproteins at the same time (Fig. 4.33). Larger macro-clusters are more frequent
and more stable in HIN1-Shan2009 than in HLN1-Mich2015. This is again primarily due to the missing N386
glycan in HIN1-Mich2015 NAs, which leads to the disruption of the continuous pattern of connections between
glycoproteins. The dynamic evolution of the glycoprotein macro-clusters for HLIN1-Shan2009 and H1N1-
Mich2015 is shown.

Subsequently, we sought to dissect the interaction modes between glycoproteins, i.e., how inter-connections are

formed. There are three ways a glycoprotein can interact with another one: using i) protein residues only; ii)
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glycan residues onlys; iii) protein and glycan residues at the same time. The schematic and the analysis are shown
in Fig. 4.6B. N-glycans play an important role in modulating the HA/NA interplay as they are largely involved
in the glycoprotein interactions. The number of connections formed by HA involving glycans progressively
increases during the simulations (Fig. 4.6B). At the end of the HLN1-Shan2009 simulation, 54.0% of connections
made by HAs entail glycans, either alone (9.1%) or concomitant with protein residues (44.1%). Intriguingly, the
introduction of glycan N179 within the HA head in HIN1-Mich2015 augments the participation of glycans in
connections formed by HA to 66.7% (glycan only 11.2%, concomitant with protein 55.5%) (Fig. 4.6B). A similar
trend is also observed for NA in HIN1-Shan2009. Instead, the opposite scenario takes place in the case of NA
in HIN1-Mich2015, owing to the loss of glycan N386 within the head. While at the end of the HIN1-Shan2009
simulation, glycans are involved in 63.4% of connections formed by NA (16.7% alone, 46.7% with protein), in
H1N1-Mich2015, only 13.7% of NA connections include glycans (3.4% alone, 10.3% with protein) (Fig. 4.6B).
This finding highlights the critical role of NA glycan N386 in HIN1-Shan2009 as a molecular sensor to boost
the glycoprotein-glycoprotein interplay. The relative frequency of connections involving glycans alone
progressively decreases during the simulations in favor of interactions involving glycans and protein
simultaneously and occurring only after the glycoproteins are brought in proximity to each other (Fig. 4.6B).
Finally, an in-depth analysis of which glycans are mostly used by HA and NA to form connections reveals that
NA preferably uses head glycans while HA mostly utilizes stalk glycans (Fig. 4.35). The relative frequency of
interacting NA head glycans considerably drops in HIN1-Mich205 due to the loss of N386. Instead, the relative
frequency of interacting HA head glycans considerably increases in HLN1-Mich205 due to the addition of N179

glycan (Fig. 4.35).
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Figure 4.6 | HA/NA interplay. A) The pattern of connections (0 to 5) made by either HA or NA (circles colored
in viridis palette) with surrounding glycoproteins (gray circles) is represented in the schematic shown on top of
the panel. Below are the stacked bar plots representing the fraction (%) of glycoproteins establishing a certain
number of connections with surrounding glycoproteins along the simulation of HIN1-Shan2009 (left) and
H1N1-Mich2015 (right). Percentages rounded to the first decimal digit are reported. Molecular representations
of the virions at the initial and last frame of the simulations are shown under the plots. The glycoproteins are
depicted with a surface colored according to the number of connections made by the respective glycoprotein at
that frame. Interacting glycans are highlighted with yellow vdW spheres, non-interacting glycans with white
vdW spheres. B) The legend for the interaction mode between glycoproteins (either HA or NA) is schematically
represented on top of the panel. Below are the stacked bar plots representing the relative frequency (%) of
connections made by the glycoproteins and involving glycan only (lighter shade), protein only or protein and
glycan (darker shade) simultaneously along the simulation of HIN1-Shan2009 (left) and H1IN1-Mich2015
(right). A blue gradient for the three categories is adopted for HA, whereas a red gradient is used for NA.
Percentages rounded to the first decimal digit are reported.
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4.4 Discussion

A critical determinant of influenza A infection, replication, and transmissibility is the functional balance between
HA and NA 2768587 One fascinating aspect of the influenza viral cycle is that the two glycoproteins compete,
with opposite actions, for the same substrate, i.e., the terminal sialic acid (SA) residue presented by host cell-
linked glycans. While HA mediates viral entry by binding to SA, NA modulates the release of the viral progeny
by cleaving SA moieties from both the sialylated receptors and HA.7® In a scenario where the virus fitness
depends on the delicate, antigenic drift-dependent equilibrium between HA binding avidity and NA enzymatic
activity,® substantial knowledge gaps persist in the understanding of the HA/NA dynamic interplay taking place
at the level of the virus surface. To shed light on this crucial aspect and its antigenic implications, we performed
massive, all-atom whole-virion MD simulations of two evolutionarily linked influenza A strains, HIN1-
Shan2009 (Fig. 4.1) and H1N1-Mich2015 (Fig. 4.8). Maintaining the accuracy of the atomic detail, we
implemented a multiscale computational protocol that exploits different modeling tools, analysis methods, and
algorithms for crossing spatial scales (from molecular to subcellular) and exploring events occurring in different
temporal scales. Our simulations provided previously unseen dynamic views of the plastic conformational
landscape of HA and NA ectodomains, revealing three main extensive motions: NA head tilting (Fig. 4.2), HA
ectodomain tilting (Fig. 4.3), and HA head breathing (Fig. 4.4). While the last two motions find evidence in
previous experimental work,3":4374 to the best of our knowledge, no work has yet detailed the flexibility of the
NA head relative to the stalk. In a recent study by Ellis et al.,** the authors investigated the plasticity of a
recombinant NA tetramer, revealing an open tetrameric assembly where the four heads move away from each
other, giving the NA a clover-like appearance. As shown in Fig. 4.36, in our simulations, we did not observe the
breathing of the monomeric head domains, most likely due to insufficient sampling and/or inconsistencies
between our model and the experimental construct. Instead, the NA tetrameric head tilts as a single body as
much as > 90° relative to the stalk (Fig. 4.2C and Fig. 4.18). Although not discussed in Ellis et al.,** cryoEM
micrographs included therein hint at tilted head conformations potentially compatible with poses extracted from
our simulations, thus indirectly supporting our findings. The tilting of prefusion HA trimer has been previously
mentioned in a theoretical study®® and more recently demonstrated by cryoEM experiments probing it in
detergent micelles.®” Additionally, the predisposition to assume tilted orientations is a common property shared
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by class | fusion viral glycoproteins such as HIV Env®® and SARS-CoV-2 spike.5*%° The HA head breathing was
initially supported by smFRET experiments % and then indirectly reported concomitant with the discovery of a
cryptic epitope located at the interface between monomers in the head.383%4143.92 Breathing has been reported
for other viral glycoproteins in flavivirus®® and HIV.** Not only are our simulations in agreement with the
experiments,*® but they are the first of their kind to show the HA breathing or flexing on the viral membrane in
the context of the whole virion. The probability densities of NA head-tilt angle, HA ectodomain-tilt angle, and
HA head-LaHs distance (Figs. 4.2C, 4.3C, 4.4C, respectively) indicate that open HA head (HA head-LoaHs
distance > 30 A) or tilted HA (> 50°) and NA (> 75°) conformations are rarely sampled during the simulations,
whereas closed, untilted, or slightly tilted conformations are most likely. We also characterized the kinetics of
all three motions, building a two-state MSM for each. MFPTs of HA head-breathing and HA ectodomain tilting
motions (Figs. 4.3D, 4.4D) indicate that transitioning to an open HA trimer or a tilted HA ectodomain is slower
than recovering a closed or an upright conformation. Instead, MFPTSs of the NA head tilting motion pinpoint that
the transition to a tilted state is faster than the reverse one only for HLIN1-Mich2015.

The high-dimensional mobility of the HA and NA ectodomains proffers wide-ranging implications. From an
immunogenic point of view, the glycoproteins’ accentuated conformational plasticity observed in our
simulations has unveiled their vulnerabilities, exposing epitopes that otherwise would not be accessible or would
be sterically occluded. As discussed above, tilted, open, or partially open conformations are transient and, most
importantly, reversible. Stabilizing these fleeting states can be used as a strategy to lock the glycoproteins in
vulnerable orientations that can be harnessed for vaccine development and the design of antiviral drugs. This
could be achieved through amino acid substitutions imparting a specific tertiary/quaternary structure to the
glycoprotein.®® The list of immunogenically relevant states revealed by our simulations includes a previously
uncharacterized NA with a tilted head. We identified a novel epitope located on the underside of an N2-subtype
NA (Fig. 4.2E, F and Figs. 4.22, 4.23, 4.24) head that becomes directly accessible for immune recognition
during head tilting. Importantly, the underside epitope is conserved in the NA of contemporary H3N2 viruses,
unlike the more accessible epitopes surrounding the catalytic site where the H3N2 viruses acquired an additional
glycosylation site® resulting in resistance to a subset of antibodies targeting the catalytic site. This reaffirms the

importance of NA, and potentially of its head underside, as a key target for vaccine and drug discovery.
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Next, the flexibility of the HA ectodomain affects the approachability of a conserved epitope located at the juxta-
membrane region of the HA stalk (Fig. 4.3E—F), also referred to as the anchor epitope. We showed that as the
HA bends towards the membrane, the angle of approach to at least one of the anchor epitopes drastically changes,
adjusting to a favorable orientation for antibody binding. Our simulations complement previous structural
experiments that reported several broadly neutralizing antibodies targeting the anchor epitope,®”*” confirming
that the epitope is occluded by the underneath membrane when the HA is untilted (Fig. 4.28). Trapping the HA
ectodomain in a tilted state could bolster the immune response toward the anchor epitope. Finally, our simulation
unveiled how the cryptic epitope located at the protomer interface between the HA heads®:3%°? becomes
transiently exposed when HA breathes. Most of the HA heads remain in the closed conformation during the
dynamics and rarely open. When breathing occurs, the monomers fleetingly open at different times and rapidly
rotate back to a closed position. We could not create an MSM with all three monomers breathing symmetrically,
meaning that all three monomers breathing symmetrically did not occur often enough to be appropriately
sampled, and thus if it occurs at all, will be at a lower probability than a single monomer breathing. Nonetheless,
we demonstrated that reversible breathing of at least one monomer is enough to accommodate a broadly
protective antibody, such as FIuA-20,% at the interface epitope.

From a functional point of view, the conformational plasticity of influenza glycoproteins’ ectodomains would
mediate the virus’ ability to traverse the cell surface.®?8% This plasticity could also facilitate gaining access to
SA moieties on the host cell surface, either during the viral entry or egress processes. Tilting and breathing may
help HA engage the flexible sialylated receptors in a dynamic and crowded environment. Head tilting makes NA
like a weedwhacker on a rotating axis, capable of trimming terminal SA moieties from the host cell with a 180°
swing range. Improved substrate binding may also indirectly increase the catalytic efficiency of NA, which was
shown to be enzymatically active only as a tetramer.’% In both cases, the plasticity of the ectodomains helps
accommodate the hypermobility of the polysaccharide chains presenting the targeted SA residues. Consequently,
the functional HA/NA balance also depends on the HA/NA dynamic interplay,®’® i.e., the interactive set of
interactions, conformational changes, and collective motions by which the glycoproteins affect each other’s
dynamics and orientation on the virion surface. Structural factors such as NA stalk length, HA:NA stoichiometry,

or the spatial distribution of the glycoproteins within the viral membrane, also contribute to fine-tuning the
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HA/NA balance.® Yet, influenza virus is not a static system. As portrayed in the results section, the HA/NA
interplay is indeed dynamic because the glycoproteins fleetingly tilt, bend, “breathe”, and move in such a way
that the pattern of their interactions continuously changes over time (Fig. 4.6 and Figs. 4.33, 4.34). Glycoproteins
that were not contacting any other glycoproteins at the beginning of the simulations ended up interacting with
one, two, or more glycoproteins, forming clusters (Fig. 4.7A) and larger macro-clusters (Fig. 4.7B). Our
simulations provided unprecedented views on the HA/NA interplay, where the SA binding sites on HA/NA
move in proximity to each other upon concomitant tilting or breathing motions (Fig. 4.7A and Fig. 4.7B). Hence,
NA and HA can compete for the same substrate (Fig. 4.7C), as suggested by a recent single-molecule force
spectroscopy study.?® Owing to its head flexibility, NA can reach multiple HA binding sites at the same time and
contend for the same sialylated cell receptors (Fig. 4.7C). When influenza virus is in the proximity of the host
cell sialoglycan receptors, HA and NA establish multivalent interactions, i.e., multiple, non-covalent weak
interactions, with the terminal sialic acid residues, leading to a firm attachment.®® This process allows virus
internalization but can also modulate progeny release.®® Although the number of multivalent HA/NA-cell
receptor interactions needed for a firm attachment is still unknown,?®3° knowledge of the large degree of HA/NA

ectodomain flexibility provided by our simulations may improve future predictions in this area.
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Figure 4.7 | HA and NA interplay at the basis of the viral egress process. A-B) Molecular representation of
snapshots retrieved from the simulation of HIN1-Shan2009 where HA and NA clump together, leading to the
formation of clusters (A) and macro-clusters (B). The same representation scheme as panel A is adopted. The
lipid envelope is depicted using pink vdW spheres. C) Close-up molecular representation of a snapshot from the
simulation of HIN1-Shan2009 where HA binding site (semi-transparent magenta surface) and NA active site
(semi-transparent cyan surface) are in proximity to each other, possibly competing for the same substrate. A
complex glycan terminating with sialic acid, mimicking a putative host-cell receptor and represented with
colored sticks, was docked into the HA binding site based on the pose of an HA substrate crystalized in PDB
ID: 3UBE.!®* The glycan residues are colored according to the Symbol Nomenclature for Glycans (SNFG),10?
where N-Acetylglucosamine is colored in blue, mannose in green, fucose in red, galactose in yellow, and sialic
acid in purple. HA is shown with a blue surface, whereas NA with a red surface. N-glycans linked to HA and
NA are highlighted with yellow vdW spheres.
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Glycans are fundamental post-translational modifications of viral envelope proteins,'31% including HA and NA.

As such, they exert a profound impact on enveloped virus biology and so on the overall fitness of the virus.11%
Among their many roles, glycans modulate evasion of the immune system by shielding antigenic epitopes from
antibody recognition,'%1%6-110 tyne the interaction and affinity with the host cell,*'! affect to a certain extent the

binding of HA'? and NA? to sialylated receptors, or can even contribute to protein folding** and HA

170



cleavage.'® Here, we show that N-linked glycans seem to play a role in enhancing HA/NA interplay. Indeed,
glycans form interactions with neighboring glycoproteins, acting as antennas. We note that the impact of glycans
could be even more extensive than described in this work since the glycoproteins are not fully glycosylated in
our virion models (see Material and Methods for further details). Despite the inter-glycoprotein interaction
patterns being similar in HIN1-Shan2009 and H1N1-Mich2015 (Fig. 4.6A), substantial differences exist
between the two strains in how the interactions are made (Fig. 4.6B, Fig. 4.35). Especially in the case of NA,
the loss of glycan N386 in HIN1-Mich2015 within the head has reduced the ability of NA to form new
connections, pinpointing possible impact on the structural/functional balance with HA during infection.

Overall, our massive whole-virion MD simulations provide previously unappreciated views on the influenza
virus dynamics, highlighting the remarkable flexibility of the glycoproteins’ ectodomains. We characterized
reversible conformational transitions, such as NA head tilting, HA ectodomain tilting, and HA head breathing,
which also revealed potential vulnerabilities of influenza glycoproteins to the immune system that are conserved
across two evolutionarily related HIN1 strains, specifically HIN1-Shan2009 and H1N1-Mich2015. We
identified a novel epitope located on the underside face of the NA head, further attesting the NA as a key
antigenic target. Finally, our work substantially advances the knowledge of the HA/NA dynamic interplay in the
context of viral entry and egress processes, ushering in unprecedented views on glycoprotein cooperativity.
Altogether, while expanding knowledge on the molecular determinants of infection, we envision that our work
will contribute to a viable strategy for the development of a universal or more effective vaccine against influenza

virus.

4.5 Materials and methods

Computational methods summary

Initial coordinates for the all-atom whole-virion models of HIN1-Shan2009 and H1IN1-Mich2015 were derived
from the last frame of all-atom MD simulations of the unglycosylated HIN1-Shan2009 whole-virion model
previously performed by us and thoroughly described in Durrant et al.*> This model includes 236 HA trimers,
30 NA tetramers, and 11 M2 proton channels embedded in a semi-spherical lipid bilayer.*> The M1 matrix
proteins, coating the inner leaflet of the lipid bilayer, and the ribonucleoproteins contained inside of the virion
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were not included in the model. Instead, the virion interior was filled in with water molecules. The shape of the
virion and the distribution of the glycoproteins in the viral membrane were adopted from a point model of the
virion exterior provided by collaborators,**16 which was in turn derived from a cryoET map of the influenza
virus pleiomorphy.% HIN1-Mich2015 was generated from H1IN1-Shan2009 upon modeling the point mutations
within HA (15 per monomer) and NA (14 per monomer) by means of NAMD’s PSFGEN! and the
CHARMMS36 amino acid topologies.'*® From this initial point, the main challenge was the glycosylation of the
HA trimers and NA tetramers. In HLIN1-Shan2009, HA and NA present six and eight N-linked sequons on each
monomer, respectively. HIN1-Mich2015 introduced an additional glycosylation site within the HA head at
position N179, whereas glycan N386 within the NA head was deleted. Building upon the coordinates derived
from Durrant et al.,'*° glycosylation of HA and NA was carried out with the doGlycans tool.*2° The glycoprofile
was based on available glycomics data.!!1?-125 Since glycans were added to an unglycosylated construct
resulting from 69.74 ns of MD,* many sequons ended up not being glycosylated either because sterically
hindered by adjacent residues, occluded by neighboring glycoproteins, or not fully exposed to the solvent. The
resulting, glycosylated H1N1-Shan2009 and H1N1-Mich2015 whole virion constructs, comprising 236
glycosylated HA homo-trimers, 30 glycosylated NA homo-tetramers, and 11 M2 homo-tetramers embedded in
the POPC lipid bilayer, were parameterized using NAMD’s PSFGEN*” and CHARMMZ36 all-atom additive
force fields for protein,''8 lipids,'?6127 glycans,*?® and ions.!?® As mentioned above, explicit TIP3 water
molecules'® located inside and outside of the lipid bilayer as well as Ca?* ions bound to the NA heads, were
retained from the original unglycosylated system.* The number of Na* and CI- ions was adjusted to neutralize
the outstanding charge, with ionic strength set at 150 mM. The total number of atoms of the final systems is
160,919,594 for HIN1-Shan2009 and 160,981,954 for HLIN1-Mich2015, with an orthorhombic periodic cell of
~114 nm x ~119 nm x ~115 nm. All-atom MD simulations were performed on the ORNL TITAN supercomputer
and the NSF Blue Waters supercomputer, respectively, using the CUDA memory-optimized version of NAMD
2.13'% and CHARMM36 force fields.18126-128 Upon minimization, heating, and equilibration, the systems were
submitted to productive MD simulations in NPT conditions using the Langevin thermostat!®? and the Nosé-
Hoover Langevin piston'*3134 to achieve pressure (1.01325 bar) and temperature (298 K) control. One

continuous replica was performed for each system using a timestep of 2 fs. Non-bonded interactions (van der
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Waals (vdW) and short-range electrostatic) were calculated at each timestep using a cutoff of 12 A and a
switching distance of 10 A. All simulations were performed using periodic boundary conditions, employing the
particle-mesh Ewald method®3 with a grid spacing of 2.1 A to evaluate long-range electrostatic interactions
every three timesteps. SHAKE algorithm?3¢ was adopted to keep the atomic bonds involving hydrogens fixed.
Frames were saved every 30,000 steps (60 ps). For HIN1-Shan2009, we collected a total of 441.78 ns (7363
frames) continuous productive MD. For H1IN1-Mich2015, we collected a total of 424.98 ns (7083 frames)
continuous productive MD. All the analyses, including RMSD, RMSF, NA head-tilt angle, HA ectodomain-tilt
angle, HA head breathing, AbASA, and glycoprotein interactions were all performed with Visual Molecular
Dynamics (VMD) software!®” using in-house developed scripts. Figure panels and movies of the whole-virion
simulations were rendered using VMD.'3” MSMs were created with the PyEmmaz2 software program.3 For this
purpose, individual NA tetrameric (30) and HA trimeric (236) trajectories were generated from the whole-virion
MD simulations of HIN1-Shan2009 and H1N1-Mich2015, respectively, and loaded in the MSM workflow. We
note that with our treatment, only a subset of system coordinates is explicitly accounted for, whereas other
components of the entire set of the system coordinates, such as, for example, the inter-protein connectivity, are
only implicitly included, potentially introducing non-Markovian terms to the dynamics described by our MSMs.
In this regard, we verified that the inter-protein connectivity does not alter the probability of achieving a certain
extent of tilting or breathing by HA and NA (see Materials and Methods section in the S, and Tables S4-S9 for
more details). To build the MSMs presented here, we used one to two features, whose dimensionalities were
then reduced and/or data reformatted through TICA.13%-141 After discretization of the trajectories, we clustered
them through k-means clustering.'*?> We then created Bayesian MSMs and validated them through Chapman-
Kolmogorov tests.'#® Next, we used Robust Perron Cluster Center Analysis (PCCA++)1#4 to assign microstates
to corresponding macrostates, and finally extracted 10 representative trajectory frames from the microstate with
the highest probability assignment to its macrostate. Averaging the tilt angles from those 10 frames showed clear
conformational transitions, allowing us to confidently use their associated MFPTs. A full description of

computational methods is provided in the SI.
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Experimental materials and methods summary

Monoclonal antibody (mAb) NDS.1 was isolated from an H3N2 influenza convalescent human donor by flow
cytometry-based single B cell sorting with the N2 NA probe (A/Wisconsin/67/2005). Recombinant mAb NDS.1
was produced by transient transfection of expression vectors encoding the antibody’s heavy and light chains and
purified by affinity chromatography using the protein A resin. Fab NDS.1 was generated by proteolytic digested
using Lys-C endoproteinase. Binding kinetics of the Fab NDS.1 were measured by biolayer interferometry using
the Octet HTX instrument. Negative-stain electron microscopy reconstruction model of N2 NA-Fab NDS.1
complex was generated with a final dataset of 2,304 particles. A full description of experimental materials and

methods is provided in the SI.

4.6 Associated content

Supporting Information
Materials and Methods, supplementary figures 4.8 to 4.36, supplementary tables 4.1 to 4.9, captions for

supplementary data, and supplementary references (PDF)

4.7 Author information

Author Contributions

L.C. constructed the influenza whole-virion models, performed MD simulations, designed and performed
simulation analyses, prepared data for MSM analyses, and created figures and movies. C.S. designed and
performed MSM analyses, created related plots, and helped design HA and NA glycoprofile for computational
modeling. J.L. isolated and produced anti-NA antibody, performed BLI experiments, created respective figure
panels, and wrote related results and methods. Y.T performed negative-stain EM experiments. M.K. designed
and oversaw experiments. L.C., C.S., and R.E.A. wrote the original draft and all the authors contributed to
reviewing and editing. 1.LA.W. mentored L.C. and provided critical feedback throughout. R.E.A. designed,
oversaw, and secured resources for the research project.

Funding

L.C. was funded by a Visible Molecular Cell Consortium fellowship. C.S. is supported by a grant from the

National Institutes of Health (T32EB009380) and from the National Science Foundation Graduate Research

174



Fellowship (DGE-1650112). Computing time on the Oak Ridge National Lab Titan supercomputer was provided
through INCITE BIP160. Computing time on the NSF Blue Waters supercomputer was provided through NSF
OAC-1811685. This work was supported in part by Intramural Research Program of the Vaccine Research
Center, National Institute of Allergy and Infectious Diseases, National Institutes of Health, and federal funds
from the Frederick National Laboratory for Cancer Research, National Institutes of Health, under contract
number HHSN261200800001E, and by Leidos Biomedical Research, Inc. I.A.W. was supported in part by NIH
AI1150885 and NIH CIVIC 75N93019C00051.

Notes

The authors declare no competing interests.

Data availability. Jupyter-notebooks for the MSM analysis of NA head tilting, HA ectodomain tilting, and HA
head breathing along with PDB files of representative NA/HA conformations extracted for each state are made
available in the Supporting Information as Data S1. The density file of the 3D map visualization of Fab NDS.1
in complex with A/Darwin/9/2021 at 24.1 A resolution is made available in the Supporting Information as Data
S2. Final snapshots from the whole-virion simulations will be made available on https://amarolab.ucsd.edu/. Full

simulation data (30 TB), including trajectories and analysis scripts, will be made available upon request.

4.8 Acknowledgements

L.C. would like to thank Dr. Zied Gaieb and Dr. Lane Votapka for useful discussions on simulation analysis,
and Dr. Jacob Durrant for the help he provided for system setup and simulation. C.S. would like to thank Dr.
Emilia Pecora de Barros and Dr. Sarah Kochanek for useful discussions on MSM theory and use, and Moritz
Hoffman for help with MSM feature selection. We thank Dr. James C. Phillips and Dr. John E. Stone for the
incredible help and support with NAMD and VMD. We thank Dr. Meghan Altman and Dr. Pascal Gagneux for
useful discussions on the glycan evolution pattern in the influenza virus. We thank Dr. Huan-Xiang Zhou for
useful discussions on protein crowding. We thank Dr. Daniel Zuckerman and Dr. Frank Noé for useful
discussions on MSM theory.

Chapter 4, in full, is a modified reprint of the material as it appears in “Casalino, L., Seitz, C.,

Lederhofer, J., Tsybovsky, Y.; Wilson, I.A.; Kanekiyo, M., Amaro, R.E. Breathing and tilting: the flexibility of

175



influenza glycoproteins reveals their vulnerabilities. In press at ACS Central Science” The dissertation author

was a co-investigator and co-author of this work.

176



References

Q) Wu, N. C.; Wilson, I. A. Influenza Hemagglutinin Structures and Antibody Recognition. Cold Spring
Harb Perspect Med 2020, 10 (8), a038778.

)] Wilks, S.; de Graaf, M.; Smith, D. J.; Burke, D. F. A Review of Influenza Haemagglutinin Receptor
Binding as It Relates to Pandemic Properties. Vaccine 2012, 30 (29), 4369-4376.

3) Skehel, J. J.; Wiley, D. C. Receptor Binding and Membrane Fusion in Virus Entry: The Influenza
Hemagglutinin. Annu Rev Biochem 2003, 69, 531-569.

4 Air, G. M. Influenza Neuraminidase. Influenza Other Respir Viruses 2012, 6 (4), 245.

(5) Pielak, R. M.; Chou, J. J. Influenza M2 Proton Channels. Biochimica et Biophysica Acta (BBA) -
Biomembranes 2011, 1808 (2), 522-529.

(6) Pinto, L. H.; Lamb, R. A. The M2 Proton Channels of Influenza A and B Viruses *. Journal of Biological
Chemistry 2006, 281 (14), 8997-9000.

@) Wagner, R.; Matrosovich, M.; Klenk, H. D. Functional Balance between Haemagglutinin and
Neuraminidase in Influenza Virus Infections. Rev Med Virol 2002, 12 (3), 159-166.

(8) Kosik, I.; Yewdell, J. W. Influenza Hemagglutinin and Neuraminidase: Yin-Yang Proteins Coevolving
to Thwart Immunity. Viruses 2019, 11 (4), 346.

9 de Vries, E.; Du, W.; Guo, H.; de Haan, C. A. M. Influenza A Virus Hemagglutinin—Neuraminidase—
Receptor Balance: Preserving Virus Motility. Trends Microbiol 2020, 28 (1), 57-67.

(10) Altman, M. O.; Angel, M.; Kosik, I.; Trovao, N. S.; Zost, S. J.; Gibbs, J. S.; Casalino, L.; Amaro, R. E.;
Hensley, S. E.; Nelson, M. I.; et al. Human Influenza a Virus Hemagglutinin Glycan Evolution Follows a
Temporal Pattern to a Glycan Limit. mBio 2019, 10 (2), e00204-19.

(11)  Sun, S.;Wang, Q.; Zhao, F.; Chen, W.; Li, Z. Glycosylation Site Alteration in the Evolution of Influenza
A (HIN1) Viruses. PLoS One 2011, 6 (7), e22844.

(12) Blackburne, B. P.; Hay, A. J.; Goldstein, R. A. Changing Selective Pressure during Antigenic Changes
in Human Influenza H3. PLoS Pathog 2008, 4 (5), e1000058.

(13) Gao, J.; Couzens, L.; Burke, D. F.; Wan, H.; Wilson, P.; Memoli, M. J.; Xu, X.; Harvey, R.; Wrammert,
J.; Ahmed, R.; et al. Antigenic Drift of the Influenza A(HLN1)PdmO9 Virus Neuraminidase Results in Reduced
Effectiveness of A/California/7/2009 (H1N1pdm09)-Specific Antibodies. mBio 2019, 10 (2), 1-17.

(14)  Carrat, F.; Flahault, A. Influenza Vaccine: The Challenge of Antigenic Drift. Vaccine 2007, 25 (39-40),
6852-6862.

(15) Boni, M. F. Vaccination and Antigenic Drift in Influenza. Vaccine 2008, 26 (Suppl. 3), C8-C14.

(16)  Zost, S. J.; Wu, N. C.; Hensley, S. E.; Wilson, I. A. Immunodominance and Antigenic Variation of
Influenza Virus Hemagglutinin: Implications for Design of Universal Vaccine Immunogens. J Infect Dis 2019,
219 (Supplement_1), S38-S45.

@an Bullard, B. L.; Weaver, E. A. Strategies Targeting Hemagglutinin as a Universal Influenza Vaccine.
Vaccines 2021, 9 (3), 257.

(18)  Creytens, S.; Pascha, M. N.; Ballegeer, M.; Saelens, X.; de Haan, C. A. M. Influenza Neuraminidase
Characteristics and Potential as a Vaccine Target. Front Immunol 2021, 12, 786617.

(19)  Nachbagauer, R.; Feser, J.; Naficy, A.; Bernstein, D. I.; Guptill, J.; Walter, E. B.; Berlanda-Scorza, F.;
Stadlbauer, D.; Wilson, P. C.; Aydillo, T.; et al. A Chimeric Hemagglutinin-Based Universal Influenza Virus
Vaccine Approach Induces Broad and Long-Lasting Immunity in a Randomized, Placebo-Controlled Phase |
Trial. Nat Med 2020, 27 (1), 106-114.

(20) Lakadamyali, M.; Rust, M. J.; Zhuang, X. Endocytosis of Influenza Viruses. Microbes Infect 2004, 6
(10), 929-936.

(21)  Rossman, J. S.; Lamb, R. A. Influenza Virus Assembly and Budding. Virology 2011, 411 (2), 229-236.
(22)  Nayak, D. P.; Balogun, R. A.; Yamada, H.; Zhou, Z. H.; Barman, S. Influenza Virus Morphogenesis
and Budding. Virus Res 2009, 143 (2), 147-161.

(23)  Schmitt, A. P.; Lamb, R. A. Influenza Virus Assembly and Budding at the Viral Budozone. Adv Virus
Res 2005, 64, 383-416.

(24) Liu, C.; Maryna, f; Eichelberger, C.; Compans, R. W.; Air, G. M. Influenza Type A Virus
Neuraminidase Does Not Play a Role in Viral Entry, Replication, Assembly, or Budding. J Virol 1995, 69 (2),
1099-1106.

177



(25) Nayak, D. P.; Hui, E. K. W.; Barman, S. Assembly and Budding of Influenza Virus. Virus Res 2004,
106 (2), 147-165.

(26)  Reiter-Scherer, V.; Cuellar-Camacho, J. L.; Bhatia, S.; Haag, R.; Herrmann, A.; Lauster, D.; Rabe, J. P.
Force Spectroscopy Shows Dynamic Binding of Influenza Hemagglutinin and Neuraminidase to Sialic Acid.
Biophys J 2019, 116 (6), 1037-1048.

27 Du, R.; Cui, Q.; Rong, L. Competitive Cooperation of Hemagglutinin and Neuraminidase during
Influenza A Virus Entry. Viruses 2019, 11 (5), 458.

(28)  Yang, J.; Liu, S.; Du, L.; Jiang, S. A New Role of Neuraminidase (NA) in the Influenza Virus Life
Cycle: Implication for Developing NA Inhibitors with Novel Mechanism of Action. Rev Med Virol 2016, 26 (4),
242-250.

(29)  Overeem, N. J.; van der Vries, E.; Huskens, J.; Overeem, N. J.; Huskens, J.; van der Vries, E. A
Dynamic, Supramolecular View on the Multivalent Interaction between Influenza Virus and Host Cell. Small
2021, 17 (13), 2007214.

(30) Mdller, M.; Lauster, D.; Wildenauer, H. H. K.; Herrmann, A.; Block, S. Mobility-Based Quantification
of Multivalent Virus-Receptor Interactions: New Insights into Influenza A Virus Binding Mode. Nano Lett 2019,
19 (3), 1875-1882.

(31)  Cuellar-Camacho, J. L.; Bhatia, S.; Reiter-Scherer, V.; Lauster, D.; Liese, S.; Rabe, J. P.; Herrmann,
A.; Haag, R. Quantification of Multivalent Interactions between Sialic Acid and Influenza A Virus Spike
Proteins by Single-Molecule Force Spectroscopy. J Am Chem Soc 2020, 142 (28), 12181-12192.

(32)  Sieben, C.; Kappel, C.; Zhu, R.; Wozniak, A.; Rankl, C.; Hinterdorfer, P.; Grubmuller, H.; Herrmann,
A. Influenza Virus Binds Its Host Cell Using Multiple Dynamic Interactions. Proc Natl Acad Sci U S A 2012,
109 (34), 13626-13631.

(33)  Varki, A. Sialic Acids as Ligands in Recognition Phenomena. The FASEB Journal 1997, 11 (4), 248—
255.

(34)  Varki, N. M.; Varki, A. Diversity in Cell Surface Sialic Acid Presentations: Implications for Biology
and Disease. Laboratory Investigation 2007 87:9 2007, 87 (9), 851-857.

(35)  Wiley, D. C.; Skehel, J. J. The Structure and Function of the Hemagglutinin Membrane Glycoprotein
of Influenza Virus. Annu Rev Biochem 2003, 56, 365-394.

(36) Suzuki, Y.; Ito, T.; Suzuki, T.; Robert E. Holland, Jr.; Chambers, T. M.; Kiso, M.; Ishida, H.; Kawaoka,
Y. Sialic Acid Species as a Determinant of the Host Range of Influenza A Viruses. J Virol 2000, 74 (24), 11825.
(37) Benton, D. J.; Nans, A.; Calder, L. J.; Turner, J.; Neu, U.; Lin, Y. P.; Ketelaars, E.; Kallewaard, N. L.;
Corti, D.; Lanzavecchia, A.; et al. Influenza Hemagglutinin Membrane Anchor. Proc Natl Acad Sci U S A 2018,
115 (40), 10112-10117.

(38)  Watanabe, A.; McCarthy, K. R.; Kuraoka, M.; Schmidt, A. G.; Adachi, Y.; Onodera, T.; Tonouchi, K.;
Caradonna, T. M.; Bajic, G.; Song, S.; et al. Antibodies to a Conserved Influenza Head Interface Epitope Protect
by an IgG Subtype-Dependent Mechanism. Cell 2019, 177 (5), 1124-1135.e16.

(39) Bangaru, S.; Lang, S.; Schotsaert, M.; Vanderven, H. A.; Zhu, X.; Kose, N.; Bombardi, R.; Finn, J. A.;
Kent, S. J.; Gilchuk, P.; etal. A Site of Vulnerability on the Influenza Virus Hemagglutinin Head Domain Trimer
Interface. Cell 2019, 177 (5), 1136-1152.e18.

(40) Bajic, G.; Maron, M. J.; Adachi, Y.; Onodera, T.; McCarthy, K. R.; McGeg, C. E.; Sempowski, G. D.;
Takahashi, Y.; Kelsoe, G.; Kuraoka, M.; et al. Influenza Antigen Engineering Focuses Immune Responses to a
Subdominant but Broadly Protective Viral Epitope. Cell Host Microbe 2019, 25 (6), 827-835.¢6.

(41)  Zost, S. J.; Dong, J.; Gilchuk, I. M.; Gilchuk, P.; Thornburg, N. J.; Bangaru, S.; Kose, N.; Finn, J. A.;
Bombardi, R.; Soto, C.; et al. Canonical Features of Human Antibodies Recognizing the Influenza
Hemagglutinin Trimer Interface. J Clin Invest 2021, 131 (15), e146791.

(42) McCarthy, K. R.; Lee, J.; Watanabe, A.; Kuraoka, M.; Robinson-Mccarthy, L. R.; Georgiou, G.; Kelsoe,
G.; Harrison, S. C. A Prevalent Focused Human Antibody Response to the Influenza Virus Hemagglutinin Head
Interface. mBio 2021, 12 (3), e01144-21.

(43) Zhu, X.; Han, J.; Sun, W.; Puente-Massaguer, E.; Yu, W.; Palese, P.; Krammer, F.; Ward, A. B.; Wilson,
I. A. Influenza Chimeric Hemagglutinin Structures in Complex with Broadly Protective Antibodies to the Stem
and Trimer Interface. Proc Natl Acad Sci U S A 2022, 119 (21), 1-8.

178



(44)  Ellis, D.; Lederhofer, J.; Acton, O. J.; Tsybovsky, Y.; Kephart, S.; Yap, C.; Gillespie, R. A.; Creanga,
A.; Olshefsky, A.; Stephens, T.; et al. Structure-Based Design of Stabilized Recombinant Influenza
Neuraminidase Tetramers. Nat Commun 2022, 13 (1), 1-16.

(45) Durrant, J. D.; Kochanek, S. E.; Casalino, L.; leong, P. U.; Dommer, A. C.; Amaro, R. E. Mesoscale
All-Atom Influenza Virus Simulations Suggest New Substrate Binding Mechanism. ACS Cent Sci 2020, 6 (2),
189-196.

(46)  Tarasova, E.; Nerukh, D. All-Atom Molecular Dynamics Simulations of Whole Viruses. Journal of
Physical Chemistry Letters 2018, 9 (19), 5805-5809.

47 Huber, R. G.; Marzinek, J. K.; Holdbrook, D. A.; Bond, P. J. Multiscale Molecular Dynamics Simulation
Approaches to the Structure and Dynamics of Viruses. Prog Biophys Mol Biol 2017, 128, 121-132.

(48)  Chavent, M.; Duncan, A. L.; Sansom, M. S. P. Molecular Dynamics Simulations of Membrane Proteins
and Their Interactions: From Nanoscale to Mesoscale. Curr Opin Struct Biol 2016, 40, 8-16.

(49) Marrink, S. J.; Corradi, V.; Souza, P. C. T.; Ingdlfsson, H. I.; Tieleman, D. P.; Sansom, M. S. P.
Computational Modeling of Realistic Cell Membranes. Chem Rev 2019, 119 (9), 6184-6226.

(50)  Reddy, T.; Shorthouse, D.; Parton, D. L.; Jefferys, E.; Fowler, P. W.; Chavent, M.; Baaden, M.; Sansom,
M. S. P. Nothing to Sneeze At: A Dynamic and Integrative Computational Model of an Influenza A Virion.
Structure 2015, 23 (3), 584-597.

(51)  Yu, A,; Pak, A. J.; He, P.; Monje-Galvan, V.; Casalino, L.; Gaieb, Z.; Dommer, A. C.; Amaro, R. E.;
Voth, G. A. A Multiscale Coarse-Grained Model of the SARS-CoV-2 Virion. Biophys J 2021, 120 (6), 1097—
1104.

(52) Reddy, T.; Sansom, M. S. P. The Role of the Membrane in the Structure and Biophysical Robustness
of the Dengue Virion Envelope. Structure 2016, 24 (3), 375-382.

(53)  Casalino, L.; Dommer, A. C.; Gaieb, Z.; Barros, E. P.; Sztain, T.; Ahn, S. H.; Trifan, A.; Brace, A.;
Bogetti, A. T.; Clyde, A.; etal. Al-Driven Multiscale Simulations IHluminate Mechanisms of SARS-CoV-2 Spike
Dynamics. Int J High Perform Comput Appl 2021, 35 (5), 432-451.

(54)  Perilla, J. R.; Schulten, K. Physical Properties of the HIV-1 Capsid from All-Atom Molecular Dynamics
Simulations. Nat Commun 2017, 8 (1), 1-10.

(55) Freddolino, P. L.; Arkhipov, A. S.; Larson, S. B.; McPherson, A.; Schulten, K. Molecular Dynamics
Simulations of the Complete Satellite Tobacco Mosaic Virus. Structure 2006, 14 (3), 437-449.

(56)  Tarasova, E.; Farafonov, V.; Khayat, R.; Okimoto, N.; Komatsu, T. S.; Taiji, M.; Nerukh, D. All-Atom
Molecular Dynamics Simulations of Entire Virus Capsid Reveal the Role of Ion Distribution in Capsid’s
Stability. Journal of Physical Chemistry Letters 2017, 8 (4), 779-784.

(57)  Andoh, Y.; Yoshii, N.; Yamada, A.; Fujimoto, K.; Kojima, H.; Mizutani, K.; Nakagawa, A.; Nomoto,
A.; Okazaki, S. All-Atom Molecular Dynamics Calculation Study of Entire Poliovirus Empty Capsids in
Solution. J Chem Phys 2014, 141 (16), 165101.

(58)  Tarasova, E.; Korotkin, I.; Farafonov, V.; Karabasov, S.; Nerukh, D. Complete Virus Capsid at All-
Atom Resolution: Simulations Using Molecular Dynamics and Hybrid Molecular Dynamics/Hydrodynamics
Methods Reveal Semipermeable Membrane Function. J Mol Liq 2017, 245, 109-114.

(59) Miao, Y.; Johnson, J. E.; Ortoleva, P. J. All-Atom Multiscale Simulation of Cowpea Chlorotic Mottle
Virus Capsid Swelling. Journal of Physical Chemistry B 2010, 114 (34), 11181-11195.

(60) Hadden, J. A.; Perilla, J. R.; Schlicksup, C. J.; Venkatakrishnan, B.; Zlotnick, A.; Schulten, K. All-Atom
Molecular Dynamics of the HBV Capsid Reveals Insights into Biological Function and Cryo-EM Resolution
Limits. Elife 2018, 7, €32478.

(61)  Farafonov, V.S.; Nerukh, D. MS2 Bacteriophage Capsid Studied Using All-Atom Molecular Dynamics.
Interface Focus 2019, 9 (3).

(62) Dommer, A.; Casalino, L.; Kearns, F.; Rosenfeld, M.; Wauer, N.; Ahn, S.-H.; Russo, J.; Oliveira, S.;
Morris, C.; Bogetti, A.; et al. #COVIDisAirborne: Al-Enabled Multiscale Computational Microscopy of Delta
SARS-CoV-2 in a Respiratory Aerosol. bioRxiv 2021, 2021.11.12.468428.

(63) Husic, B. E.; Pande, V. S. Markov State Models: From an Art to a Science. J Am Chem Soc 2018, 140
(7), 2386-2396.

(64)  Pande, V. S.; Beauchamp, K.; Bowman, G. R. Everything You Wanted to Know about Markov State
Models but Were Afraid to Ask. Methods 2010, 52 (1), 99-105.

179



(65)  Chodera, J. D.; Noé, F. Markov State Models of Biomolecular Conformational Dynamics. Curr Opin
Struct Biol 2014, 25, 135-144.

(66) McAuley, J. L.; Gilbertson, B. P.; Trifkovic, S.; Brown, L. E.; McKimm-Breschkin, J. L. Influenza
Virus Neuraminidase Structure and Functions. Front Microbiol 2019, 10 (JAN), 39.

(67)  Stadlbauer, D.; Zhu, X.; McMahon, M.; Turner, J. S.; Wohlbold, T. J.; Schmitz, A. J.; Strohmeier, S.;
Yu, W.; Nachbagauer, R.; Mudd, P. A.; et al. Broadly Protective Human Antibodies That Target the Active Site
of Influenza Virus Neuraminidase. Science (1979) 2019, 366 (6464), 499-504.

(68) Harris, A.; Cardone, G.; Winkler, D. C.; Heymann, J. B.; Brecher, M.; White, J. M.; Steven, A. C.
Influenza Virus Pleiomorphy Characterized by Cryoelectron Tomography. Proc Natl Acad Sci U S A 2006, 103
(50), 19123-19127.

(69)  Zhou, H. X.; Rivas, G.; Minton, A. P. Macromolecular Crowding and Confinement: Biochemical,
Biophysical, and Potential Physiological Consequences*.
https://doi.org/10.1146/annurev.biophys.37.032807.125817 2008, 37, 375-397.

(70)  Guthmiller, J. J.; Han, J.; Utset, H. A.; Li, L.; Lan, L. Y. L.; Henry, C.; Stamper, C. T.; McMahon, M.;
O’Dell, G.; Fernandez-Quintero, M. L.; et al. Broadly Neutralizing Antibodies Target a Haemagglutinin Anchor
Epitope. Nature 2021, 602 (7896), 314-320.

(71)  Xu, R.; Ekiert, D. C.; Krause, J. C.; Hai, R.; Crowe, J. E.; Wilson, I. A. Structural Basis of Preexisting
Immunity to the 2009 H1N1 Pandemic Influenza Virus. Science (1979) 2010, 328 (5976), 357-360.

(72)  Russell, C. J.; Belser, J. A.; Pulit-Penaloza, J. A.; Sun, X. Hemagglutinin Stability and Its Impact on
Influenza A Virus Infectivity, Pathogenicity, and Transmissibility in Avians, Mice, Swine, Seals, Ferrets, and
Humans. Viruses 2021, 13 (5), 746.

(73)  Brian Dyer, R.; Eller, M. W. Dynamics of Hemagglutinin-Mediated Membrane Fusion. Proc Natl Acad
Sci U S A 2018, 115 (35), 8655-8657.

(74) Wu, Y.; Gao, G. F. “Breathing” Hemagglutinin Reveals Cryptic Epitopes for Universal Influenza
Vaccine Design. Cell 2019, 177 (5), 1086-1088.

(75) Lee, J.; Boutz, D. R.; Chromikova, V.; Joyce, M. G.; Vollmers, C.; Leung, K.; Horton, A. P.; DeKosky,
B. J.; Lee, C. H.; Lavinder, J. J.; et al. Molecular-Level Analysis of the Serum Antibody Repertoire in Young
Adults before and after Seasonal Influenza Vaccination. Nat Med 2016, 22 (12), 1456-1464.

(76) Byrd-Leotis, L.; Cummings, R. D.; Steinhauer, D. A. The Interplay between the Host Receptor and
Influenza Virus Hemagglutinin and Neuraminidase. Int J Mol Sci 2017, 18 (7), 1541.

(77)  Parton, D. L.; Tek, A.; Baaden, M.; Sansom, M. S. P. Formation of Raft-Like Assemblies within
Clusters of Influenza Hemagglutinin Observed by MD Simulations. PLoS Comput Biol 2013, 9 (4), €1003034.
(78)  Takeda, M.; Leser, G. P.; Russell, C. J.; Lamb, R. A. Influenza Virus Hemagglutinin Concentrates in
Lipid Raft Microdomains for Efficient Viral Fusion. Proc Natl Acad Sci U S A 2003, 100 (25), 14610-14617.
(79) Leser, G. P.; Lamb, R. A. Lateral Organization of Influenza Virus Proteins in the Budozone Region of
the Plasma Membrane. J Virol 2017, 91 (9), e02104-16.

(80)  Cohen, R. D.; Pielak, G. J. Electrostatic Contributions to Protein Quinary Structure. J Am Chem Soc
2016, 138 (40), 13139-13142.

(81) Mu, X.; Choi, S.; Lang, L.; Mowray, D.; Dokholyan, N. v.; Danielsson, J.; Oliveberg, M.
Physicochemical Code for Quinary Protein Interactions in Escherichia Coli. Proc Natl Acad Sci U S A 2017, 114
(23), E4556-E4563.

(82) Leser, G. P.; Lamb, R. A. Influenza Virus Assembly and Budding in Raft-Derived Microdomains: A
Quantitative Analysis of the Surface Distribution of HA, NA and M2 Proteins. Virology 2005, 342 (2), 215-227.
(83) Veit, M.; Thaa, B. Association of Influenza Virus Proteins with Membrane Rafts. Adv Virol 2011, 2011,
370606.

(84) Rickard, M. M.; Zhang, Y.; Gruebele, M.; Pogorelov, T. v. In-Cell Protein-Protein Contacts: Transient
Interactions in the Crowd. Journal of Physical Chemistry Letters 2019, 10 (18), 5667-5673.

(85)  Du, R.; Cui, Q.; Rong, L. Competitive Cooperation of Hemagglutinin and Neuraminidase during
Influenza A Virus Entry. Viruses 2019, 11 (5), 458.

(86) Diederich, S.; Berhane, Y.; Embury-Hyatt, C.; Hisanaga, T.; Handel, K.; Cottam-Birt, C.; Ranadheera,
C.; Kobasa, D.; Pasick, J. Hemagglutinin-Neuraminidase Balance Influences the Virulence Phenotype of a
Recombinant H5N3 Influenza A Virus Possessing a Polybasic HA 0 Cleavage Site. J Virol 2015, 89 (21), 10724—
10734.

180



(87)  Yen,H.L. Liang, C. H.; Wu, C. Y.; Forrest, H. L.; Ferguson, A.; Choy, K. T.; Jones, J.; Wong, D. D.
Y.; Cheung, P. P. H.; Hsu, C. H.; et al. Hemagglutinin-Neuraminidase Balance Confers Respiratory-Droplet
Transmissibility of the Pandemic H1N1 Influenza Virus in Ferrets. Proc Natl Acad Sci U S A 2011, 108 (34),
14264-14269.

(88) Isin, B.; Doruker, P.; Bahar, I. Functional Motions of Influenza Virus Hemagglutinin: A Structure-
Based Analytical Approach. Biophys J 2002, 82 (2), 569-581.

(89)  Rantalainen, K.; Berndsen, Z. T.; Antanasijevic, A.; Schiffner, T.; Zhang, X.; Lee, W. H.; Torres, J. L.;
Zhang, L.; Irimia, A.; Copps, J.; et al. HIV-1 Envelope and MPER Antibody Structures in Lipid Assemblies.
Cell Rep 2020, 31 (4), 107583.

(90)  Turonova, B.; Sikora, M.; Schirmann, C.; Hagen, W. J. H.; Welsch, S.; Blanc, F. E. C.; von Blilow, S.;
Gecht, M.; Bagola, K.; Horner, C.; et al. In Situ Structural Analysis of SARS-CoV-2 Spike Reveals Flexibility
Mediated by Three Hinges. Science 2020, 370, 203-208.

(91) Das, D. K.; Govindan, R.; Niki¢-Spiegel, I.; Krammer, F.; Lemke, E. A.; Munro, J. B. Direct
Visualization of the Conformational Dynamics of Single Influenza Hemagglutinin Trimers. Cell 2018, 174 (4),
926-937.e12.

(92) Wu, Y.; Gao, G. F. “Breathing” Hemagglutinin Reveals Cryptic Epitopes for Universal Influenza
Vaccine Design. Cell 2019, 177 (5), 1086-1088.

(93) Dowd, K. A.; Pierson, T. C. The Many Faces of a Dynamic Virion: Implications of Viral Breathing on
Flavivirus Biology and Immunogenicity. Annu Rev Virol 2018, 5, 185-207.

(94)  Ozorowski, G.; Pallesen, J.; de Val, N.; Lyumkis, D.; Cottrell, C. A.; Torres, J. L.; Copps, J.; Stanfield,
R. L.; Cupo, A.; Pugach, P.; et al. Open and Closed Structures Reveal Allostery and Pliability in the HIV-1
Envelope Spike. Nature 2017, 547 (7663), 360-363.

(95) Byrne, P. O.; McLellan, J. S. Principles and Practical Applications of Structure-Based Vaccine Design.
Curr Opin Immunol 2022, 77, 1022009.

(96)  Wan, H.; Gao, J.; Yang, H.; Yang, S.; Harvey, R.; Chen, Y. Q.; Zheng, N. Y.; Chang, J.; Carney, P. J,;
Li, X.; etal. The Neuraminidase of A(H3N2) Influenza Viruses Circulating since 2016 Is Antigenically Distinct
from the A/Hong Kong/4801/2014 Vaccine Strain. Nature Microbiology 2019 4:12 2019, 4 (12), 2216-2225.
(97) Guthmiller, J. J.; Han, J.; Utset, H. A,; Li, L.; Lan, L. Y. L.; Henry, C.; Stamper, C. T.; McMahon, M.;
O’Dell, G.; Fernandez-Quintero, M. L.; et al. Broadly Neutralizing Antibodies Target a Haemagglutinin Anchor
Epitope. Nature 2021, 602 (7896), 314-320.

(98)  Ziebert, F.; Kuli¢, I. M. How Influenza’s Spike Motor Works. Phys Rev Lett 2021, 126 (21), 218101.
(99) Sakai, T.; Nishimura, S. I.; Naito, T.; Saito, M. Influenza A Virus Hemagglutinin and Neuraminidase
Act as Novel Motile Machinery. Scientific Reports 2017 7:1 2017, 7 (1), 1-11.

(100)  Air, G. M. Influenza Neuraminidase. Influenza Other Respir Viruses 2012, 6 (4), 245.

(101) Xu, R.; McBride, R.; Nycholat, C. M.; Paulson, J. C.; Wilson, I. A. Structural Characterization of the
Hemagglutinin Receptor Specificity from the 2009 HIN1 Influenza Pandemic. J Virol 2012, 86 (2), 982-990.
(102)  Varki, A.; Cummings, R. D.; Aebi, M.; Packer, N. H.; Seeberger, P. H.; Esko, J. D.; Stanley, P.; Hart,
G.; Darvill, A.; Kinoshita, T.; et al. Symbol Nomenclature for Graphical Representations of Glycans.
Glycobiology 2015, 25 (12), 1323-1324.

(103) Watanabe, Y.; Berndsen, Z. T.; Raghwani, J.; Seabright, G. E.; Allen, J. D.; Pybus, O. G.; McLellan, J.
S.; Wilson, I. A.; Bowden, T. A.; Ward, A. B.; et al. Vulnerabilities in Coronavirus Glycan Shields despite
Extensive Glycosylation. Nat Commun 2020, 11 (1), 1-10.

(104) Watanabe, Y.; Bowden, T. A.; Wilson, I. A.; Crispin, M. Exploitation of Glycosylation in Enveloped
Virus Pathobiology. Biochimica et Biophysica Acta (BBA) - General Subjects 2019, 1863 (10), 1480-1497.
(105) Schulze, 1. T. Effects of Glycosylation on the Properties and Functions of Influenza Virus
Hemagglutinin. J Infect Dis 1997, 176 (Supplement_1), S24-S28.

(106) Tate, M. D.; Job, E. R.; Deng, Y. M.; Gunalan, V.; Maurer-Stroh, S.; Reading, P. C. Playing Hide and
Seek: How Glycosylation of the Influenza Virus Hemagglutinin Can Modulate the Immune Response to
Infection. Viruses 2014, 6 (3), 1294-1316.

(107) Job, E. R.; Deng, Y.-M.; Barfod, K. K.; Tate, M. D.; Caldwell, N.; Reddiex, S.; Maurer-Stroh, S.;
Brooks, A. G.; Reading, P. C. Addition of Glycosylation to Influenza A Virus Hemagglutinin Modulates
Antibody-Mediated Recognition of HIN1 2009 Pandemic Viruses. The Journal of Immunology 2013, 190 (5),
2169-2177.

181



(108)  Sun, X.; Jayaraman, A.; Maniprasad, P.; Raman, R.; Houser, K. v.; Pappas, C.; Zeng, H.; Sasisekharan,
R.; Katz, J. M.; Tumpey, T. M. N-Linked Glycosylation of the Hemagglutinin Protein Influences Virulence and
Antigenicity of the 1918 Pandemic and Seasonal HIN1 Influenza A Viruses. J Virol 2013, 87 (15), 8756-8766.
(109) Medina, R. A.; Stertz, S.; Manicassamy, B.; Zimmermann, P.; Sun, X.; Albrecht, R. A.; Uusi-Kerttula,
H.; Zagordi, O.; Belshe, R. B.; Frey, S. E.; et al. Glycosylations in the Globular Head of the Hemagglutinin
Protein Modulate the Virulence and Antigenic Properties of the HLN1 Influenza Viruses. Sci Transl Med 2013,
5 (187), 187ra70.

(110) Casalino, L.; Gaieb, Z.; Goldsmith, J. A.; Hjorth, C. K.; Dommer, A. C.; Harbison, A. M.; Fogarty, C.
A.; Barros, E. P.; Taylor, B. C.; Mclellan, J. S.; et al. Beyond Shielding: The Roles of Glycans in the SARS-
CoV-2 Spike Protein. ACS Cent Sci 2020, 6 (10), 1722-1734.

(111) Miller, N. L.; Clark, T.; Raman, R.; Sasisekharan, R. Glycans in Virus-Host Interactions: A Structural
Perspective. Front Mol Biosci 2021, 8, 666756.

(112) Wang, C. C.; Chen, J. R.; Tseng, Y. C.; Hsu, C. H.; Hung, Y. F.; Chen, S. W.; Chen, C. M.; Khoo, K.
H.; Cheng, T. J.; Cheng, Y. S. E.; et al. Glycans on Influenza Hemagglutinin Affect Receptor Binding and
Immune Response. Proc Natl Acad Sci U S A 2009, 106 (43), 18137-18142.

(113)  Seitz, C.; Casalino, L.; Konecny, R.; Huber, G.; Amaro, R. E.; McCammon, J. A. Multiscale Simulations
Examining Glycan Shield Effects on Drug Binding to Influenza Neuraminidase. Biophys J 2020, 119 (11), 2275~
2289.

(114) Daniels, R.; Kurowski, B.; Johnson, A. E.; Hebert, D. N. N-Linked Glycans Direct the Cotranslational
Folding Pathway of Influenza Hemagglutinin. Mol Cell 2003, 11 (1), 79-90.

(115) Deshpande, K. L.; Fried, V. A.; Ando, M.; Webster, R. G. Glycosylation Affects Cleavage of an H5N2
Influenza Virus Hemagglutinin and Regulates Virulence. Proc Natl Acad Sci U S A 1987, 84 (1), 36-40.

(116) Amaro, R. E.; leong, P. U.; Huber, G.; Dommer, A.; Steven, A. C.; Bush, R. M.; Durrant, J. D.; Votapka,
L. W. A Computational Assay That Explores the Hemagglutinin/Neuraminidase Functional Balance Reveals the
Neuraminidase Secondary Site as a Novel Anti-Influenza Target. ACS Cent Sci 2018, 4 (11), 1570-1577.

(117)  Phillips, J. C.; Braun, R.; Wang, W.; Gumbart, J.; Tajkhorshid, E.; Villa, E.; Chipot, C.; Skeel, R. D.;
Kalé, L.; Schulten, K. Scalable Molecular Dynamics with NAMD. J Comput Chem 2005, 26 (16), 1781-1802.

(118) Huang, J.; Mackerell, A. D. CHARMM36 All-Atom Additive Protein Force Field: Validation Based on
Comparison to NMR Data. J Comput Chem 2013, 34 (25), 2135-2145.

(119) Durrant, J. D.; Amaro, R. E. LipidWrapper: An Algorithm for Generating Large-Scale Membrane
Models of Arbitrary Geometry. PLoS Comput Biol 2014, 10 (7), e1003720.

(120) Danne, R.; Poojari, C.; Martinez-Seara, H.; Rissanen, S.; Lolicato, F.; Rdg, T.; Vattulainen, I.
DoGlycans-Tools for Preparing Carbohydrate Structures for Atomistic Simulations of Glycoproteins,
Glycolipids, and Carbohydrate Polymers for GROMACS. J Chem Inf Model 2017, 57 (10), 2401-2406.

(121) Cruz, E.; Cain, J.; Crossett, B.; Kayser, V. Site-Specific Glycosylation Profile of Influenza A (H1IN1)
Hemagglutinin through Tandem Mass Spectrometry. Hum Vaccin Immunother 2017, 14 (3), 508-517.

(122) Khatri, K.; Klein, J. A.; White, M. R.; Grant, O. C.; Leymarie, N.; Woods, R. J.; Hartshorn, K. L.; Zaia,
J. Integrated Omics and Computational Glycobiology Reveal Structural Basis for Influenza a Virus Glycan
Microheterogeneity and Host Interactions. Molecular and Cellular Proteomics 2016, 15 (6), 1895-1912.

(123) Liu, Y.J.; Wu, S. L.; Love, K. R.; Hancock, W. S. Characterization of Site-Specific Glycosylation in
Influenza A Virus Hemagglutinin Produced by Spodoptera Frugiperda Insect Cell Line. Anal Chem 2017, 89
(20), 11036-11043.

(124) She, Y. M.; Farnsworth, A.; Li, X.; Cyr, T. D. Topological N-Glycosylation and Site-Specific N-Glycan
Sulfation of Influenza Proteins in the Highly Expressed HIN1 Candidate Vaccines. Sci Rep 2017, 7 (1), 10232.
(125) Blake, T. A.; Williams, T. L.; Pirkle, J. L.; Barr, J. R. Targeted N-Linked Glycosylation Analysis of
H5N1 Influenza Hemagglutinin by Selective Sample Preparation and Liquid Chromatography/Tandem Mass
Spectrometry. Anal Chem 2009, 81 (8), 3109-3118.

(126) Klauda, J. B.; Venable, R. M.; Freites, J. A.; O’Connor, J. W.; Tobias, D. J.; Mondragon-Ramirez, C.;
Vorobyov, I.; MacKerell, A. D.; Pastor, R. W. Update of the CHARMM All-Atom Additive Force Field for
Lipids: Validation on Six Lipid Types. Journal of Physical Chemistry B 2010, 114 (23), 7830-7843.

(127) Klauda, J. B.; Monje, V.; Kim, T.; Im, W. Improving the CHARMM Force Field for Polyunsaturated
Fatty Acid Chains. Journal of Physical Chemistry B 2012, 116 (31), 9424-9431.

182



(128) Guvench, O.; Hatcher, E.; Venable, R. M.; Pastor, R. W.; MacKerell, A. D. CHARMM Additive All-
Atom Force Field for Glycosidic Linkages between Hexopyranoses. J Chem Theory Comput 2009, 5 (9), 2353-
2370.

(129) Beglov, D.; Roux, B. Finite Representation of an Infinite Bulk System: Solvent Boundary Potential for
Computer Simulations. J Chem Phys 1998, 100 (12), 9050.

(130) Jorgensen, W. L.; Chandrasekhar, J.; Madura, J. D.; Impey, R. W.; Klein, M. L. Comparison of Simple
Potential Functions for Simulating Liquid Water. J Chem Phys 1998, 79 (2), 926.

(131) Phillips, J. C.; Hardy, D. J.; Maia, J. D. C.; Stone, J. E.; Ribeiro, J. v.; Bernardi, R. C.; Buch, R.; Fiorin,
G.; Heénin, J.; Jiang, W.; et al. Scalable Molecular Dynamics on CPU and GPU Architectures with NAMD.
J Chem Phys 2020, 153 (4), 044130.

(132) Briinger, A.; Brooks, C. L.; Karplus, M. Stochastic Boundary Conditions for Molecular Dynamics
Simulations of ST2 Water. Chem Phys Lett 1984, 105 (5), 495-500.

(133) Martyna, G. J.; Tobias, D. J.; Klein, M. L. Constant Pressure Molecular Dynamics Algorithms. J Chem
Phys 1998, 101 (5), 4177.

(134) Feller, S. E.; Zhang, Y.; Pastor, R. W.; Brooks, B. R. Constant Pressure Molecular Dynamics
Simulation: The Langevin Piston Method. J Chem Phys 1998, 103 (11), 4613.

(135) Darden, T.; York, D.; Pedersen, L. Particle Mesh Ewald: An N-log(N) Method for Ewald Sums in Large
Systems. J Chem Phys 1998, 98 (12), 10089.

(136) Ryckaert, J. P.; Ciccotti, G.; Berendsen, H. J. C. Numerical Integration of the Cartesian Equations of
Motion of a System with Constraints: Molecular Dynamics of n-Alkanes. J Comput Phys 1977, 23 (3), 327-341.
(137) Humphrey, W.; Dalke, A.; Schulten, K. VMD: Visual Molecular Dynamics. J Mol Graph 1996, 14 (1),
33-38.

(138)  Scherer, M. K.; Trendelkamp-Schroer, B.; Paul, F.; Pérez-Hernandez, G.; Hoffmann, M.; Plattner, N.;
Wehmeyer, C.; Prinz, J. H.; Noé, F. PYEMMA 2: A Software Package for Estimation, Validation, and Analysis
of Markov Models. J Chem Theory Comput 2015, 11 (11), 5525-5542.

(139) Pérez-Hernandez, G.; Paul, F.; Giorgino, T.; de Fabritiis, G.; Noé, F. Identification of Slow Molecular
Order Parameters for Markov Model Construction. J Chem Phys 2013, 139 (1), 015102.

(140) Molgedey, L.; Schuster, H. G. Separation of a Mixture of Independent Signals Using Time Delayed
Correlations. Phys Rev Lett 1994, 72 (23), 3634.

(141) Schwantes, C. R.; Pande, V. S. Improvements in Markov State Model Construction Reveal Many Non-
Native Interactions in the Folding of NTL9. J Chem Theory Comput 2013, 9 (4), 2000-2009.

(142) Bock, H.-H. Clustering Methods: A History of k-Means Algorithms. 2007, 161-172.

(143)  Prinz, J. H.; Wu, H.; Sarich, M.; Keller, B.; Senne, M.; Held, M.; Chodera, J. D.; Schtte, C.; Noé, F.
Markov Models of Molecular Kinetics: Generation and Validation. J Chem Phys 2011, 134 (17), 174105.
(144) Roblitz, S.; Weber, M. Fuzzy Spectral Clustering by PCCA+: Application to Markov State Models and
Data Classification. Adv Data Anal Classif 2013, 7 (2), 147-179.

183



4.9 Supporting information

Mesoscale all-atom modeling of the influenza virus

In the work presented here, two glycosylated, whole-virion models of the HIN1 influenza A virus were built,
simulated, and analyzed. The first corresponds to the strain A/swine/Shandong/N1/2009(H1N1) (hereafter
referred to as HLIN1-Shan2009), whereas the second one accounts for the A/45/Michigan/2015(H1N1) strain
(hereafter referred to as HIN1-Mich2015). Both models are based on the unglycosylated H1IN1-Shan2009
whole-virion model previously built by us and presented in Durrant et al.* The main difference lies in the addition
of N-linked glycans to HA and NA glycoproteins, which substantially improved the biological relevance of the
simulated constructs. Although we refer to Durrant et al.! for a detailed description of the original modeling of
the individual protein, assembly procedure of the whole-virion model, and molecular dynamics (MD)
simulations of both the individual proteins (HA, NA, M2) and the whole-virion model, a summary is also
provided in the following paragraph.

The unglycosylated, H1IN1-Shan2009 whole-virion model constructed and simulated by Durrant et al.!
comprises 236 HA trimers, 30 NA tetramers, and 11 M2 ion channels embedded in a 3-palmitoyl-2-oleoyl-
dglycero-1-phosphatidylcholine (POPC) quasi-spherical lipid bilayer.! HA, NA and M2 were individually
modeled and separately equilibrated (HA and NA) through MD simulations before being incorporated into the
viral membrane.! We note that in Durrant et al.! glycans were not modeled. LipidWrapper? was used to create
the spherical lipid bilayer starting from a large planar POPC-bilayer model generated with the CHARMM-GUI
server.3# As specified in ref. !, slight differences in the leaflet densities are magnified by several times in the
mesoscale systems, possibly creating large instabilities during simulation.® Although a bilayer made of only
POPC represents an oversimplification of the actual membrane composition,® it has the advantage of minimizing
such instabilities during simulations. This was the main reason behind the decision to build a POPC-only lipid
bilayer. The M1 matrix proteins, coating the inner leaflet of the lipid bilayer, and the ribonucleoproteins
contained inside of the virion were not modeled. As described in Amaro et al.”, the shape of the virion and the
distribution of the glycoproteins in the viral membrane were adopted from a point model of the virion exterior
provided by collaborators, which was in turn derived from a cryo-electron tomography (cryoET) map of the
influenza virus pleiomorphy.8 Positioning of the glycoproteins and insertion of M2 channels in the lipid bilayer
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according to the point model was done with PyMolecule.®*° Full procedure, including handling of clashes, is
described in refs. 17. The whole-virion model was solvated inside and outside of the lipid bilayer with explicit
TIP3P water molecules,! and ionized at 150 mM concentration with Na*/CI-, tallying 160,653,271 atoms. All-
atom MD simulations were performed on the Blue Waters supercomputer using NAMD2.10*?> and CHARMM36
all-atom additive force fields for protein,? lipids,**1> and ions.*6

In the next paragraphs, we detail the system setup and all-atom MD simulations of the glycosylated HIN1-
Shan2009 and H1IN1-Mich2015 whole-virion models presented in this work.

System setup of the glycosylated H1N1-Shan2009 whole-virion model

UniProtKB accession codes for the sequences of HA and NA modeled in HIN1-Shan2009 are F2Y186 and
F2Y187, respectively. HA was modeled in its uncleaved form (HAO), with residues ranging from 1 to 566. NA
residues range from 1 to 469. We note that for HA and NA we adopted the absolute numbering system that starts
with the first residue of the sequence in the corresponding UniProtKB entry. Sequences are reported in Fig. S2
and Fig. S3. The M2 construct! was based on the 2L.0J structure,*” tallying 41 residues (from 22 to 62) since N-
terminal and C-terminal tails were not modeled.

Initial coordinates for the setup of the glycosylated whole-virion model of HIN1-Shan2009 were derived from
the last frame of the all-atom MD simulation of the unglycosylated whole-virion model previously performed
by us and briefly described in the previous paragraph.! Specifically, we used the last frame obtained from the
third simulation branch, which is depicted in green in the schematic reported in the supplementary information
file of ref. L. At that point of the simulation, corresponding to 69.74 ns, lipid-bilayer instabilities had been already
resolved and the system had been steadily simulated without major issues. Our goal was to improve the simulated
system by adding N-linked glycans to HA and NA while preserving the relaxed, MD-derived morphology of the
virion, thus facilitating a smooth continuation of the simulation endeavor. For this reason, we retained the MD-
derived coordinates of all the atoms of the system, including water molecules and ions, and then performed
glycosylation of HA and NA accordingly (Fig. 4.11). Specific oligo-mannose, hybrid, and complex N-linked
glycans were identified to be linked to HA and NA as described in the following paragraphs.

Each H1IN1-Shan2009 HA monomer exhibits six N-linked sequons (Fig. 4.12), of which one (N104) is located

within the head and five (N28, N40, N293, N304, N498) within the stalk,*® for a total of 18 potential N-linked
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glycans per trimer. It must be noted that N27 is also a potential glycosylation site; however, as reported in
previous studies,'®% it is not glycosylated as N-X-T sequon at residue 28 is preferentially glycosylated over the
N-X-S sequence at residue 27. N293 is located on the edge between the head and the stalk, but it is considered
part of the stalk.?%2! Several glycomics studies were used as a reference to build the glycosylation profile of
HA, 182224 which is shown in Fig. 4.12. Instead, each HIN1-Shan2009 NA monomer presents eight N-linked
sequons (Fig. 4.12), of which four are located within the head (N88, N146, N235, N386) and four within the
stalk (N50, N58, N63, N68),8 for a total of 32 potential N-linked glycans per tetramer. Several glycomics studies
were used as a reference to build the glycosylation profile of NA,81925 which is displayed in Fig. 4.12.

Upon defining the respective glycosylation profiles, N-glycans were iteratively added to all the 236 HA trimers
and 30 NA tetramers using the doGlycans tool.2® VMD,?” NAMD,?® GROMACS?® and the tools therein
contained were also used in the glycosylation workflow for pulling each glycoprotein from the virion, assessing
sequon accessibility, renaming residues, local minimization, and parameterization. HA and NA N-linked
sequons are overall all highly occupied.?23%31 However, since glycans were added to a construct resulting from
69.74 ns of MD,* many sequons occurred to be sterically hindered by adjacent residues or not fully exposed to
the solvent as a result of the previous dynamics. Moreover, since the viral membrane was originally densely
studded with unglycosylated HAs and NAs,”® adding glycans to sequons located at the interface between
adjacent glycoproteins was often not possible. For these reasons, all the sequons were subjected to a preliminary
screening to evaluate their accessibility. The accessible surface area (ASA) of the asparagine side chain’s ND2
atom was calculated to determine whether a sequon was accessible in our initial model. Both scenarios, where
HD21 or HD22 were removed from ND2, were considered (Fig. 4.11A). ASA was calculated with the measure
sasa command implemented in VMD,? combined with in-house scripts. A sphere of radius 10 A, approximating
the size of the basic (GICNAc)2(Man)s N-core present in all glycans (Fig. 4.11B), was used as a probe for the
ASA screening. If the ASA of the putative asparagine’s ND2 atom was larger than 10 A2, then a glycan would
be tentatively linked (Fig. 4.11C). Clashes with surrounding amino acids or other glycans were subsequently
examined and solved, first by performing a local minimization with NAMD2.13% and then by eliminating the
clashing glycan if the clashes could not be solved with minimization. Once the glycosylated glycoproteins were

positioned back in the viral membrane, possible clashes arising between the glycans and the neighboring

186



(glycosylated) glycoproteins were examined, resulting in the depletion of the clashing glycans. This further
reduced the total number of glycans that were added. A total of 1521 glycans (29.2% of all the available sequons),
among which 1277 were linked to HA (30.0%) and 244 to NA (25.4%) (Fig. 4.12). We note that we could only
populate 29 out of the 708 available N104 sequons within the HA head. This low number is due to the overall
limited accessibility, in our system, of residue N104, which is occluded by neighboring residues. A similar
scenario related to the modeling of HA’s N104 glycosylation site is also reported in ref. 8,

Next, we adjusted the orientation of the 11 M2 ion channels within the lipid bilayer, positioning the N-ter end
extravirion and the C-ter end intravirion,3>% since they had been oriented flipped in the original system.! No
alterations in the composition and the coordinates of the POPC lipid bilayer were done with respect to the original
system.! The resulting glycosylated HIN1-Shan2009 virion construct, comprising 236 glycosylated HA homo-
trimers, 30 glycosylated NA homo-tetramers, and 11 M2 homo-tetramers embedded in the POPC lipid bilayer,
was parameterized using NAMD’s PSFGEN?® and CHARMM36 all-atom additive force fields for protein,3
lipids,415 glycans,®* and ions.*6 As mentioned above, explicit TIP3 water molecules!! located inside and outside
of the lipid bilayer, Na* and ClI- ions, as well as Ca?* ions bound to the NA heads, were retained from the original
unglycosylated system.! The addition of glycans altered the overall electric charge of the solute, thus requiring
tweaking of the total number of Na* and CI- ions to ensure electrical neutrality. These modifications did not
impact the overall ionic strength, which remained at ~150 mM. The following minimization steps solved
eventual clashes between newly added glycans and pre-existing water molecules and ions. The total number of
atoms for the final system is 160,919,594, with an orthorhombic periodic cell of 1142 A x 1194 A x 1155 A.
After generating suitable files for mesoscale simulations with NAMD,® the system was ready to undergo all-

atom MD simulations.

System setup of the glycosylated H1IN1-Mich2015 whole-virion model

UniProtKB accession codes for the sequences of HA and NA modeled in HIN1-Mich2015 are AOA144YDV8
and AOAO0X9QTS2, respectively. HA was modeled in its uncleaved form (HAO), with residues ranging from 1
to 566. NA residues range from 1 to 469. We note that for HA and NA, we adopted the absolute numbering

system that starts with the first residue of the sequence in the corresponding UniProtKB entry. Sequences are
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reported in Fig. S2 and Fig. S3. The M2 construct! was based on the 2L.0J structure, tallying 41 residues (from
22 to 62) since N-terminal and C-terminal tails were not modeled.

Building on the same initial coordinates obtained from the MD simulation of the unglycosylated virion,* the
system setup for HIN1-Mich2015 was conducted in the same way as described for HLN1-Shan2009. The main
challenge was introducing the HIN1-Mich2015 point mutations occurring in HA and NA. All the mutations
within HA (15 per monomer) and NA (14 per monomer) were modeled onto the initial construct using NAMD’s
PSFGEN?® mutate command and the CHARMM36 amino acid topologies to build side chain rotamers.® The
mutations are listed and displayed in Fig. S6. No mutations were introduced to M2 ion channels, which were
treated and positioned in the lipid bilayer in the same way as in HIN1-Shan2009. The resulting, mutated models
of HA and NA were then subjected to the same glycosylation procedure adopted for HIN1-Shan2009 and
described above.

S179N mutation introduced a second glycan within the HA head (Fig. 4.13), in addition to the already existent
N104. Therefore, each HIN1-Mich2015 HA monomer exhibits seven N-linked sequons (Fig. 4.15), of which
two (N104, N179) are located within the head and five (N28, N40, N293, N304, N498) within the stalk,*® for a
total of 21 potential N-linked glycans per trimer. The same glycoprofile as in HIN1-Shan2009 was adopted.!8:22-
24 The new glycan linked to N179 was modeled as a complex tri-antennary (Fig. S8). N386K mutation ablated
the N386 sequon within the NA head (Fig. 4.14). Therefore, each HIN1-Mich2015 NA monomer presents seven
N-linked sequons (Fig. 4.15), of which three are located within the head (N88, N146, N235) and four within the
stalk (N50, N58, N63, N68),'8 for a total of 28 potential N-linked glycans per tetramer. The same glycoprofile
as in HIN1-Shan2009 was adopted except for the deleted N386 glycan (Fig. 4.15).181925

A total of 1791 glycans (30.9 % of all the available sequons) were added to HIN1-Mich2015, among which
1626 were linked to HA (32.8%) and 165 to NA (19.6%) (Fig. 4.15). We note that also for HIN1-Mich2015 we
could populate a low number of N104 sequons within the HA head (33 of 708). Instead, we could populate 351
sequons out of 708 available (49.6%) for the new N179 glycan within the HA head (Fig. 4.15).

Similar to H1IN1-Shan2009, the resulting glycosylated H1N1-Mich2015 virion construct was parameterized
using NAMD’s PSFGEN?® and CHARMMS36 all-atom additive force fields for protein,? lipids,4*> glycans,3

and ions.'® As for HIN1-Shan2009, explicit TIP3P water molecules!! located inside and outside of the lipid
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bilayer, Na* and CI- ions, as well as Ca?* ions bound to the NA heads, were retained from the original
unglycosylated system.! The amino acid mutations and the addition of glycans altered the overall electric charge
of the solute, thus requiring further tweaking of the total number of Na* and CI- ions to establish electrical
neutrality. These modifications did not impact the overall ionic strength, which remained at ~150 mM. The
following minimization steps solved eventual clashes involving mutated residues or between newly added
glycans and pre-existing water molecules and ions. The total number of atoms for the final system is
160,981,954, with an orthorhombic periodic cell of 1138 A x 1189 A x 1150 A. After generating suitable files

for mesoscale simulations with NAMD, % the system was ready to undergo all-atom MD simulations.

All-atom molecular dynamics simulations

All-atom MD simulations of H1N1-Shan2009 and H1N1-Mich2015 were performed on the TITAN
supercomputer at Oak Ridge National Laboratory (ORNL) and the NSF Blue Waters supercomputer at the
University of Illinois at Urbana-Champaign, respectively, using the CUDA memory-optimized version of
NAMD 2.13.1? The same simulation protocol was adopted for both HIN1-Shan2009 and H1N1-Mich2015.
CHARMMS36 all-atom additive force fields were used to describe proteins,*® lipids,*4*® glycans,®* and ions.
Simulations were performed in explicit water using the TIP3P model.*t

Preliminary tests were initially run to assess the stability of the systems, familiarize with the computing facilities,
and debug possible errors. Then, the systems were initially minimized in two consecutive cycles of 15,000 steps,
each using the NAMD’s conjugate gradient energy approach. During the first cycle, the position of protein
backbone atoms and of POPC P atoms within 15 A of the M2 ion channels was kept harmonically restrained at
100 kcal/mol/A2. We note that the orientation of M2 ion channels was modified with respect to our previous
work,! thus requiring more caution. We also remark that the initial coordinates for water molecules, ions, lipids,
and proteins (except for M2) were retained from a previous MD simulation as described above,! thus being
already equilibrated. During the second minimization cycle, the harmonic restraints on the protein backbone
atoms were released, whereas the harmonic restraints on the POPC P atoms within 15 A of M2 ion channels
were decreased to 10 kcal/mol/A2. After minimization, the systems were gradually heated up with no restraints

from 0 K to 298 K in 220 ps using isothermal—-isobaric conditions (NPT ensemble). The temperature was
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controlled using the Langevin thermostat®® with a damping coefficient of 5/ps, whereas the Nosé-Hoover
Langevin piston®"-3® was used to maintain the pressure at 1.01325 bar. A time-step of 2 fs was used. Next, the
systems were equilibrated for 0.5 ns under the NPT ensemble. Temperature (298 K) and pressure (1.01325 bar)
control were achieved again using the Langevin thermostat®® with a damping coefficient of 5/ps, and the Nosé-
Hoover Langevin piston.3”38 During this phase, harmonic restraints at 100 kcal/mol/A2 were applied again to
POPC P atoms within 15 A of M2 ion channels and gradually released to 10 kcal/mol/A2.

Finally, the systems were submitted to productive MD simulations in NPT conditions using the same barostat
and thermostat as above to achieve pressure (1.01325 bar) and temperature (298 K) control. Langevin damping
coefficient was set to 1/ps during productive MD. One continuous replica was performed for each system using
a time-step of 2 fs. To preserve the overall geometry of the virion models in the absence of the interior
component, we applied a harmonic position restraint of 20 kcal/mol/A2 to every 20" inner-leaflet P atom. A
similar protocol was adopted in our previous virion simulation,! where instead every 10" POPC head group was
kept fixed. Non-bonded interactions (van der Waals and short-range electrostatic) were calculated at each
timestep using a cutoff of 12 A and a switching distance of 10 A. All simulations were performed using periodic
boundary conditions, employing the particle-mesh Ewald method®® with a grid spacing of 2.1 A to evaluate long-
range electrostatic interactions every three timesteps. SHAKE algorithm?* was adopted to keep the atomic bonds
involving hydrogens fixed with the NAMD option rigidbonds all. Frames were saved every 30,000 steps (60
ps).

For H1IN1-Shan2009, we collected a total of ~441.78 ns (7363 frames) continuous productive MD. Simulations
were performed with the CUDA memory-optimized version of NAMD 2.13% running on 4,096 physical nodes
(28,672 processors) on the TITAN supercomputer, with an average benchmark of ~13.83 ns/day. A total of ~17
TB of data were generated, including stripped trajectories.

For HIN1-Mich2015, we collected a total of 424.98 ns (7083 frames) continuous productive MD. Simulations
were performed with the CUDA memory-optimized version of NAMD 2.13% running on 4,096 physical nodes
(114,688 processors) on the Blue Waters supercomputer, with an average benchmark of ~13.78 ns/day. A total

of ~16 TB of data was generated including stripped trajectories.
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Root Mean Squared Deviation (RMSD) analysis of HA and NA

For both strains, each of the 236 HA trimeric and 30 NA tetrameric trajectories was separately aligned using as
a reference the respective initial coordinates of all the backbone atoms (C, N, O, Ca). Then, for each of the HA
trimers/NA tetramers, we calculated the RMSD of the backbone atoms using the measure rmsd command
implemented in VMD.?" Subsequently, we computed the mean and standard deviation of the RMSD values
obtained at each frame across all the 236 HA trimers / 30 NA tetramers, generating, respectively, the averaged

RMSD profiles for HA and NA (Fig. 4.16).

Root Mean Squared Fluctuation (RMSF) analysis of HA and NA residues

We performed the calculation of Ca-atom RMSF to probe the average mobility of HA and NA residues. Before
the calculation of Ca-atom RMSF, rotation and translation motions of each individual HA trimer and NA
tetramer were removed through targeted, specific alignments. In detail, two sets of aligned trajectories, based on
different residue masks, were generated for each of the 236 HA trimers and 30 NA tetramers of both strains. For
each of the HA trimers, the first set of alignment was performed using as a reference the respective initial
coordinates of all the backbone atoms (C, N, O, Ca) of the ectodomain region (residues 18 to 503) of the
respective glycoprotein, whereas the second set was based on the region comprising the transmembrane domain
(TMD) (residues 529 to 549). The former served for the calculation of RMSF of residues 1 to 503, the latter for
the calculation of RMSF of residues 504 to 566. For each of the NA tetramers, the first set of alignment was
performed using as a reference the respective initial coordinates of all the backbone atoms (C, N, O, Ca) of the
head region (residues 96 to 461) of the respective glycoprotein, whereas the second set was based on the region
comprising the stalk and the TMD (residues 7 to 81). The former served for the calculation of RMSF of residues
96 to 469, the latter for the calculation of RMSF of residues 1 to 95. This procedure was performed due to
peculiar structures of HA and NA that present domains undergoing tilting motions during the dynamics, i.e., HA
ectodomain tilting and NA head tilting. If we had performed a single alignment based on the backbone atoms of
the whole structure, the extensive motions of the HA ectodomain and NA head, which are larger in size and
account for most of the residues, would have biased the RMSF values of the complementary region

encompassing the hinge linker (both for HA and NA), the stalk (for NA), the TMD, and the cytosolic tail.
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For each trajectory of both sets and for each monomer, we calculated the RMSF of the Ca atoms of the residues
belonging to the respective region using the measure rmsf command implemented in VMD.?” All the frames
were used for the calculation. We then combined the RMSF values obtained for the two regions into a single
RMSF profile for each monomer. Finally, we computed the mean and standard deviation of the RMSF values
obtained for each Ca atom across all the 708 HA monomers / 120 NA monomers, generating the respectively

averaged RMSF profiles for HA and NA (Fig. 4.17).

Positional fluctuations of HA’s and NA’s TMD and ectodomain center of masses

For both HIN1-Shan2009 and H1IN1-Mich2015, we calculated the RMSF of HA’s and NA’s TMD center of
mass (COM) and ectodomain COM using the first frame as a reference. The analysis was performed using in-
house tcl scripts within the VMD framework.?” We note that the aim of this analysis was estimating the average
positional fluctuations of the TMD COM and ectodomain COM of each glycoprotein within the virion, therefore
only the global rotation and translation motions of the whole virion were removed and not those of each
individual glycoprotein within the virion. Global rotation and translation motions of the whole virion coordinates
during dynamics were removed by aligning the trajectory onto the initial coordinates of all the protein backbone
atoms (C, N, O, Ca)). The COM of HA TMD was defined using the coordinates of backbone atoms of residues
529 to 549. The COM of HA ectodomain was defined using the coordinates of backbone atoms of residues 1 to
528. The COM of NA TMD was defined using the coordinates of backbone atoms of residues 7 to 29. The COM
of NA ectodomain was defined using the coordinates of backbone atoms of residues 30 to 469.

At each frame of the whole virion trajectory, we calculated, for each glycoprotein, the squared positional
fluctuation of both COMs with respect to their initial position (reference). Next, always for each glycoprotein,
we averaged the squared fluctuations of the COMs and calculated the square root of the averages, obtaining the

respective RMSF value.

192



NA head-tilt angle

The NA head-tilt angle was calculated for all 30 NA tetramers at each frame of both virion trajectories using in-
house tcl scripts within the VMD framework.?” The NA head-tilt angle is defined by the principal axis of the
tetrameric upper stalk region (residues 50 to 78) and the vector joining residue 78 at the top of the stalk with the
COM of the tetrameric head (residues 91 to 469). The distribution of NA head-tilt angle values was computed

through kernel density estimation using Gaussian kernels with gnuplot plotting program.*

HA ectodomain-tilt angle

The HA ectodomain-tilt angle was calculated for all 236 HA trimers at each frame of both virion trajectories
using in-house tcl scripts within the VMD framework.?” The HA ectodomain-tilt angle is defined by the principal
axis of the trimeric TMD (residues 529 to 549) and the vector joining residue 529 at the top of the TMD with
the COM of the trimeric ectodomain’s long a-helices (LaHs) (residues 419 to 471). The distribution of HA
ectodomain-tilt angle values was computed through kernel density estimation using Gaussian kernels with

gnuplot plotting program.*

HA head breathing

The extent of HA head breathing was estimated by calculating the distance between the COM of each monomeric
HA head (residues 66 to 286) and the COM of the apical residues of the three LaHs. The apical residue of each
LaH corresponds to residue 419 and the COM was calculated based on the three residues 419. This distance was
calculated for all 708 HA monomers at each frame of both virion trajectories using in-house tcl scripts within
the VMD framework.?” The distribution of HA head-LaHs distance values was computed through kernel density

estimation using Gaussian kernels with gnuplot plotting program.*!

NA head breathing

The extent of NA head breathing was estimated by calculating the inter-protomer distances between the four NA
head COMs (residues 96 to 461). Considering the four NA heads within each tetramer, a total of six distances

have been monitored for each NA tetramer (Fig. 4.34), at each frame of both virion trajectories, using in-house
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tcl scripts within the VMD framework.?” The distribution of the values of the inter-protomer distances was

computed through kernel density estimation using Gaussian kernels with gnuplot plotting program.

FluA-20 epitope accessible surface area (ASA)

Accessible surface area (ASA) of the FluA-20? epitope, located on the HA head domain trimer interface, was
calculated using the measure sasa VMD command,?” an implementation based on the Shrake and Rupley
algorithm,*® along with in-house tcl scripts to handle data. The following HA residues were considered for the
epitope: residues 109, 230, 232-237, 243. An 18.6 A probe radius, which approximately encloses the FIuA-20
Fab’s variable domains (Fig. 4.5 in the main text), was used. ASA evaluations were conducted on the HA trimer

showing the highest degree of head domain breathing, at every frame of the trajectory.

Evaluation of glycoprotein—glycoprotein interactions

For both virion simulations, interactions between glycoproteins were evaluated using the measure contacts
implemented in VMD?" along with in-house tcl scripts to handle data.

For each glycoprotein, we first pre-computed a list of neighbor glycoproteins using a cutoff of 75 A. Then,
always for each glycoprotein, we assessed the number of connections formed with any of the glycoproteins
included in its respective neighbor list every 10 frame of the virion trajectory. At each evaluation, a
“connection” was considered formed and counted as one when any protein or glycan heavy atoms of the screened
glycoprotein were detected to be within 5 A of any protein or glycan heavy atoms of the screened neighbor
glycoprotein. Only heavy atoms belonging to the ectodomains were considered for the analysis. Importantly, if
glycoprotein “A” was, for example, found to form a connection with glycoprotein “B”, that connection was
counted one time for glycoprotein “A” and one time also for glycoprotein “B”. Relative fractions of
glycoproteins forming respectively 0, 1, 2, 3, 4, or 5 connections at each evaluation were subsequently computed
with respect to the total number of glycoproteins (266). Results are shown in Fig. 4.7 for all the glycoproteins,
i.e.,, HAs + NAs, in the main text and in Fig. 4.31 for HA and NA.

Within the same workflow, we then evaluated the formation of macro-clusters of glycoproteins. At each

assessment, we calculated the number of glycoproteins that were part of a macro-cluster using the same cutoff
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of 5 A between protein/glycan heavy atoms. If glycoprotein “A” was, for example, found to form a connection
with glycoprotein “B,” and, glycoprotein “B” was in turn found to establish at the same time a connection with
glycoprotein “C,” the three glycoproteins A, B, and C were considered as part of a macro-cluster of 3, regardless
of the presence of a direct connection between A and C. Results are shown in Fig. 4.32.

Next, we evaluated the nature of the connections formed by each glycoprotein. The connections were broken
down into three categories depending on the residues used by each glycoprotein to form such connections: i)
“glycan-only” if only glycan residues were used to form the connection; ii) “protein-only” if only protein
residues were used to form the connection; “protein and glycan” if both protein and glycan residues were used
at the same time to interact with the screened neighbor glycoprotein. Relative frequencies of “glycan-only”,
“protein-only”, and “protein and glycan” types of connection were subsequently computed with respect to the
total number of counted connections. Results are shown in Fig. 4.7 in the main text.

Finally, if glycans were involved in a connection between two glycoproteins, for each glycoprotein we counted
the number of stalk/head glycans involved in the connection, respectively. Relative frequencies of the interacting
stalk/head glycans were subsequently calculated for HA and NA with respect to the respective total number of

stalk/head glycans in both strains. Results are shown in Fig. 4.33.

Evaluation of conditional probabilities between HA and NA tilting/breathing and inter-protein connectivity

For each motion investigated in this work, namely NA head tilting, HA ectodomain tilting, and HA head
breathing, we calculated the conditional probability that a glycoprotein (either NA or HA) exhibits a certain
degree of tilting/breathing during the dynamics given that it forms a connection with one or more neighboring
glycoproteins. Here, the conditional event, i.e., B, the formation of one or more connections during the dynamics,
should account for the inter-protein connectivity. Therefore, with this analysis, we investigate whether the inter-
protein connectivity somehow affects the probability of achieving a certain degree of tilting/breathing. In order

to calculate such conditional probability, we used the following formula:

P(A[B) = P(ANB) / P(B)
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Where:
e P(A) is the probability that a glycoprotein (HA or NA) tilts/breathes by a certain amount during the
dynamics with respect to the initial frame.
e P(B) is the probability that the glycoprotein forms one or more connections during the dynamics. P(B)
must be > 0.
e P(ANB) is the probability at which the events A and B occur together.

e P(A|B) is the probability of event A occurring if event B has happened.

P(A), P(B) and P(ANB) were determined by counting the number of frames where events A, B, and ANB
occurred, respectively, and dividing it by the total number of screened frames. HIN1-Shan2009 and H1N1-
Mich2015 trajectories were analyzed with a stride of 10. To assess whether event A occurred or not for HA
ectodomain tilting and NA head tilting, we evaluated, for each HA/NA, the tilting angle at the examined frame
with respect to the tilt angle at frame 0 and computed the difference, namely (tilt-angle frame_n — tilt-
angle_frame_0). If the obtained difference value was within a certain (positive) range, then event A would be
counted as occurred for the evaluated range of values (see Tables 4.4-4.9). Instead, to assess whether event A
occurred or not for HA head breathing, we evaluated, for each HA trimer, the breathing distance of each
monomer at the screened frame with respect to the respective breathing distance at frame 0 and computed the
difference, namely (breathing-distance frame_n — breathing-distance_frame_0). If the obtained difference
value for at least one monomer within the trimer was within a certain (positive) range, then event A would be
counted as occurred for the evaluated range of values (see Tables S4-S9). To assess whether event B occurred
or not we evaluated the number of connections made by the screened glycoprotein at each analyzed frame. If the
number of connections was equal or larger than one, then event B would be counted as occurred. To assess
whether event ANB occurred or not, we evaluated whether event A and B occurred at the same time or not. If
true, then event ANB would be counted as occurred.

The absolute error of P(A) was calculated as P(A) / sgrt((Count of number of times A was observed) — 1). The
same was done for the absolute errors of P(B) and P(ANB).

The absolute error of P(A|B) was calculated as Er(A|B) x P(A|B), where Er(A|B) is the relative error of P(A|B).
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The relative error of P(A|B), namely Er(A|B), was calculated as sqrt(Er(A)? + Er(B)? + Er(4NB)?), where Er(A)
is the relative error of P(A), Er(B) is the relative error of P(B), and ErR(ANB) is the relative error of P(ANB).
The relative error of P(A), namely, Er(A) was calculated as E(A) / P(A). The same was done to calculate Er(B)
and ErR(ANB).

Next, we also estimated in a similar way the opposite conditional probability (P(B|A)) that a glycoprotein (either
NA or HA) forms a connection with one or more glycoproteins, given that it exhibits a certain degree of
tilting/breathing during the dynamics. Here, the conditional event is A, i.e., the degree of tilting/breathing
achieved during the dynamics. Therefore, with this analysis, we investigate whether tilting/breathing affects the
probability of HA/NA forming one or more connections. In order to calculate such conditional probability, we

used the following formula:

P(B|A) = P(ANB) / P(A)

Where:
e P(B) is the probability that the glycoprotein forms one or more connections during the dynamics.
e P(A) is the probability that a glycoprotein (HA or NA) tilts/breathes by a certain amount during the
dynamics with respect to the initial frame. P(A) must be > 0.
e P(ANB) is the probability at which the events A and B occur together.

e P(BJA) is the probability of event B occurring if event A has happened.

Events A, B, and ANB were counted as above, and errors were computed as described above.

Markov State Models (MSMSs)

The first step was the preparation of individual NA tetrameric (30) and HA trimeric (236) trajectories, which
were generated from the whole-virion MD simulations of HIN1-Shan2009 and HIN1-Mich2015, respectively.
Glycans were not included in the generated trajectories because a common topology, i.e., equal for all the NA

tetramers and HA trimers, respectively, was necessary to load all the trajectories in the MSM workflow.
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However, the impact of glycans on the glycoproteins remains accounted for as the trajectories were generated
from the simulations of the glycosylated whole-virions.

NA head tilting. The MD simulation trajectories were imported into the PyYEMMAZ2 software** for MSM
analysis. The MSM of the NA head tilting was created as follows. We used two features; the first was defined
as the shortest distance between the COM of the head and the COM of the center of the stalk, while the second
feature was defined as the shortest distance between the COM of the head and the COM of the bottom of the
stalk. The exact residues defining these COM selections are given in the accompanying Jupyter notebook (Data
S1). With these two features, we ran a time-lagged independent component analysis (TICA) as is commonly
used on MSMs with multiple features*>4" using a lag time of 100 steps. Our step size is 0.06, so 100 steps are
equivalent to 6 ns. We ran k-means clustering*® of the two features, selecting 300 clusters. From our implied
timescale plots*®5° we selected an MSM lag time of 250 steps (Fig. 4.19). We then created Bayesian Markov
state models, selecting two macrostates for each MSM. Using these parameters, we created MSMs and validated
our two-state systems through Chapman-Kolmogorov (CK) tests® 54 at a confidence interval of 95% (Fig. 4.20).
The estimated and predicted lines overlapped out to 750 steps (3x the MSM lag time number), which meant
these MSMs are statistically valid.>! We then used Robust Perron Cluster Center Analysis (PCCA++) to cluster
the first two eigenvectors of the MSM transition matrices to cluster the states.> The first macrostate in the HIN1-
Shan2009 strain MSM (untilted) had a stationary distribution of 51.4% of the total population, while the second
macrostate (tilted) had a distribution of 48.6%. The first macrostate in the HIN1-Mich2015 strain MSM
(untilted) had a stationary distribution of 44.3% of the total population, while the second macrostate (tilted) had
a distribution of 55.7%. Finally, we extracted NA structures from the two macrostates per strain by creating a
99.99999% probability cutoff for the HLIN1-Shan2009 strain macrostates and a 99.999999% probability cutoff
for the HIN1-Mich2015 strain macrostates. This means that the NA structures (microstates) that we selected
have a >99.99999% probability of residing in the macrostate state that we think they are in through the PCCA++
fuzzy spectral clustering method. Confirmation of which microstates corresponded to which conformations was
performed through the MDTraj software program.5®

HA ectodomain tilting. The MD simulation trajectories were imported into the PyEmmaz2 software** for MSM

analysis. The MSM of the HA ectodomain tilting was created as follows. We used two features, defined as the
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distance between the COM of the head and the center of the HA stalk, and the distance between the HA monomer
head tips and the bottom of the stalk. The exact residues defining these COM selections are given in the
accompanying Jupyter notebook. With these two features, we ran TICA*-47 using a lag time of 25 steps. Our
step size is 0.06, so 25 steps are equivalent to 1.5 ns. We ran k-means clustering*® of the three features, selecting
300 clusters. From our implied timescale plots*®* we selected an MSM lag time of 50 steps (Fig. 4.24). We then
created Bayesian Markov state models, selecting two macrostates for each MSM. Using these parameters, we
created MSMs and validated our two-state systems through CK tests®*->* at a confidence interval of 95% (Fig.
S18). The estimated and predicted lines overlapped out to 150 steps (>3x the MSM lag time number), which
meant these MSMs are statistically valid.5* We then used PCCA++ to cluster the first two eigenvectors of the
MSM transition matrices to cluster the states.®® The first macrostate in the HIN1-Shan2009 strain MSM (tilted)
had a stationary distribution of 6.3% of the total population, while the second macrostate (tilted) had a
distribution of 93.7%. The first macrostate in the HIN1-Mich2015 strain MSM (tilted) had a stationary
distribution of 6.2% of the total population, while the second macrostate (untilted) had a distribution of 93.8%.
Finally, we extracted HA structures from the two macrostates per strain by creating a 99.999999% probability
cutoff for all macrostates. This means that the HA structures (microstates) that we selected have a 99.999999%
probability of residing in the macrostate state that we think they are in through the PCCA++ fuzzy spectral
clustering method. Confirmation of which microstates corresponded to which conformations was performed
through the MDTraj software program.>®

HA head breathing. The MD simulation trajectories were imported into the PYEMMAZ2 software** for MSM
analysis. The HA head breathing MSM was created as follows. We used one feature, defined as the smallest
mean distance of the monomers to each other. The exact residues defining this feature are given in the
accompanying Jupyter notebook. With this one feature, we ran TICA*4" using a lag time of 100 steps to
properly format the data, even though the one dimension cannot be reduced, obviously. Our step size is 0.06, so
100 steps are equivalent to 6 ns. We ran k-means clustering*® of the features, selecting 300 clusters. Running
TICA and k-means clustering should not be necessary for an MSM with one feature, but we ran these anyways
for continuity. From our implied timescale plots**>° we selected an MSM lag time of 500 steps (Fig. 4.27). We

then created Bayesian Markov state models, selecting two macrostates for each MSM. Using these parameters,
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we created MSMs and validated our two-state systems through CK tests®'-%* at a confidence interval of 95%
(Fig. 4.28). The estimated and predicted lines overlapped out to 1250 steps (>2.5x the MSM lag time number),
which meant these MSMs are statistically valid.>* We then used PCCA++ to cluster the first two eigenvectors
of the MSM transition matrices to cluster the states.>® The first macrostate in the HIN1-Shan2009 strain MSM
(open) had a stationary distribution of 24.6% of the total population, while the second macrostate (closed) had a
distribution of 75.4%. The first macrostate in the HIN1-Mich2015 strain MSM (open) had a stationary
distribution of 26.7% of the total population, while the second macrostate (closed) had a distribution of 73.3%.
Finally, we extracted HA structures from the two macrostates per strain by creating a 99.99999% probability
cutoff for the HLN1-Shan2009 strain macrostates and a 99.9999% probability cutoff for the HIN1-Mich2015
strain macrostates. This means that the HA structures (microstates) that we selected have a >99.9999%
probability of residing in the macrostate state that we think they are in through the PCCA++ fuzzy spectral
clustering method. Confirmation of which microstates corresponded to which conformations was performed

through the MDTraj software program.5®

Figures and movies of the whole-virion simulations

Figure panels and movies of the whole-virion simulations were rendered from the trajectories using VMD GPU-

accelerated ray tracing.?”%"

Single-cell sorting, immunoglobulin amplification, sequencing and mAb production

Cryopreserved PBMC samples were thawed and stained with monoclonal antibodies against human CD3, CD14,
CD56, CD19, CD21, CD27, CD38, IgM and IgG (BioLegends, BD BioSciences, Beckam Coulter). The NA
probe N2 (A/Wisconsin/67/2005) was conjugated with either AX488 or AX647 fluorochrome according to the
manufacturer’s protocol (Microscale Protein Labeling Kit, Thermo Fisher Scientific) prior to use in flow
cytometry. Non-B cells and dead cells were excluded with CD3, CD14, CD56, and aqua (live-dead) staining in
the same fluorescent channel. Memory B cells were further gated on CD38low, CD27high, IgM- and IgG+ and
NA-binding memory B cells were single-cell sorted into a 96-well plate (Bio-Rad) using an FACS Aria

Instrument (BD Immunocytometry Systems). Plates were subjected to reverse transcription PCR and cDNA
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were used for PCR to amplify immunoglobulin (Ig) heavy and light chain genes as described previously.55°
PCR products were sequenced by Sangar sequencing. Ig heavy and light chain sequences were synthesized and
cloned into 1gG1 heavy and kappa backbone expression vector (GenScript). Antibody NDS.1 was expressed
recombinantly by transient transfection of 1g expression plasmids in Expi293 cells with ExpiFectamine (Thermo
Fisher Scientific). Supernatant was harvested 5 days post transfection and antibody was purified by using Protein

A Sepharose (Thermo Fisher Scientific).

Biolayer interferometry (BLI)

BLI experiments were performed by using the Octet HTX instrument (Sartorius). HIS1K biosensors (Sartorius)
were hydrated in PBS prior to use. Recombinant N2 NA tetramers derived from A/Wisconsin/67/2005 and
A/Darwin/9/2021 were immobilized on HIS1K biosensors through their hexahistidine tags. After brief
equilibration in assay buffer (25 mM Tris pH 8.0, 150 mM NaCl, 1% BSA), the biosensors were dipped into a
two-fold dilution series of NDS.1 Fab for 5 min. Starting concentration of NDS.1 was 800 nM. Biosensors were
then dipped in the assay buffer to allow Fab to dissociate from NA for 10 min. All assay steps were performed
at 30°C with agitation set at 1,000 rpm. Baseline correction was carried out by subtracting the measurements
recorded for a sensor loaded with the NA in the same buffer with no Fab. Data analysis and curve fitting were
done with the Octet analysis software (version 11). Experimental data were fitted with the binding equations

describing a 1:1 (Langmuir model) interaction.

Negative-stain electron microscopy

Samples were diluted to 0.02 mg/ml with buffer containing 10 mM HEPES, pH 7.0, and 150 mM NaCl, adsorbed
to glow-discharged carbon-coated copper grids for 10 s, washed with three drops of the same buffer and
negatively stained with 0.75% uranyl formate. Micrographs were recorded at a nominal magnification of 100,000
(corresponding to a pixel size of 2.2 A) on an FEI Tecnai T20 electron microscope equipped with a 2k x 2k
Eagle CCD camera and operated at 200 kV. Data collection was performed with SerialEM.° Particles were
selected from micrographs using in-house written software (YT, unpublished) and extracted into 144 x 144-pixel

boxes. After 2D classification, initial models were obtained and refined using Relion 3.1 with C4 symmetry

201



enforced. The final datasets contained 2,304 and 4,368 particles for NDS.1 Fab and NDS.1/1G01 Fabs,
respectively. The corresponding resolutions determined using the Fourier shell correlation threshold of 0.5 was

24.1 and 24 A. UCSF Chimera®? was used for docking and map visualization.
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Figure 4.8 | All-atom glycosylated model of HIN1-Mich2015 influenza A virion. Neuraminidase (NA) and
hemagglutinin (HA) glycoproteins, and the M2 ion channels, are depicted with red, blue, and white surfaces,
respectively. N-linked glycans are shown in yellow. The spherical lipid envelope is represented with pink van

der Waals (vdW) spheres.
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Mich-2015  EGRMNYYWTLVEPGDKITFEATGNLVVPR RNAGSGIIISDTPVHDONTTCQTEE 300
Shan-2009 EQRMNYYWTLVEPGDKITFEKTGNLWPR RNAGSGIIISDTPVHD TCQTj 300
Wich-2015  “GATNTSLPFQNIHPITIGKCPKYVKSTKLRLATGLRNVPSIQSRGLFGATAGFIEGGWTG 360
Shan-2009 Ju NTSLPFQNIHPITIGKCPKYVKSTKLRLATGLRNVPSIQSRGLFGAIAGFIEGGWTG 360
Wich-2015  MVDGWYGYHHQNEQGSGYAADLKSTQNAIDKITNKVNSVIEKMNTQFTAVGKEFNHLEKR 420
Shan-2009 MVDGWYGYHHQNEQGSGYAADLKSTQNAIE:ETNKVNSVI KMNTQFTAVGKEFNHLEKR 420
Mich-2015 I ENLNKKVDDGFLDIWTYNAELLVLLENERTLDYHDSNVKNLYEKVRNQLKNNAKEIGNG 480
Shan-2009  IENLNKKVDDGFLDIWTYNAELLVLLENERTLDYHDSNVKNLYEKVRSQLKNNAKEIGNG 480
Wich-2015 ' CFEFYHKCDNTCMESVKNGTYDYPKYSEEAKLNREKIDGVKLESTRIYQILATYSTVASS 540
Shan-2009 CFEFYHKCDNTCMESWQTYDYPKYSEEILNREEEDG ESTRIYQILAIYSTVASS 540
541 transmembrane
Mich-2015 LVLVVSLGAISFWMCSNGSLQCRICI 566(>t
Shan-2009  LVLVVSLGAISFWMCSNGSLOCRICI 566

Figure 4.9 | Aligned sequences of HA in HIN1-Shan2009 (UniProtKB accession code: F2Y186) and H1IN1-
Mich2015 (UniProtKB accession code: AOA144YDV8) as modeled in this work. N-linked glycosylation sites
are highlighted with blue squares, whereas mutation sites with yellow squares. Alignment was performed with
BLAST.53
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Figure 4.10 | Aligned sequences of NA in HLN1-Shan2009 (UniProtKB accession code: F2Y186) and H1N1-
Mich2015 (UniProtKB accession code: AOA0X9QTS2) as modeled in this work. N-linked glycosylation sites
are highlighted with blue squares, whereas mutation sites with yellow squares. Alignment was performed with
BLAST.53
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1. All the N-X-S/T sequons
are detected.

Glycan can be attached
either in place of HD21 o1
HD22.

2. The sequon accessibility
is calculated using ASA, with
a probe radius of 10 A

COPIEE ] 3. The hydr it
A Jaan ; ydrogen position
c GLYCAN (® 3‘. ’ %-o[’f (HD21 vs. HD22) with the

larger ASA will be considered

(if ASA > 10 A?)

4. Glycan is added using the
doGlycans tool

Figure 4.11 | Schematic representation of the glycosylation procedure. A) N-X-S/T N-linked sequons are
selected. B) Although all sequons are overall highly occupied as reported by previous studies,??2°3! in this work
we evaluated the accessibility of each selected sequon by calculating the accessible surface area (ASA) of the
asparagine side chain’s ND2 atom using a probe radius of 10 A. This was done since the initial coordinates of
the whole-virion construct are derived from previous MD simulation of the unglycosylated whole-virion
construct.! C) Addition of glycan.
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N28 Stalk 428/708 60.5%
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x
-

; N104 Head 29/708 | 4.1%

N293 Stalk 36/708 | 5.1%

N304 Stalk 95/708 | 13.4%

N498 Stak ~ OTE-®:,."®- 3090/708 55.1%

TOTAL 1277/4248 | 30%
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Sequon Region Structure # %
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N63 TRaew ™ 381120 31.7%
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N88 Head | o %y .p.q. | 37120 |30.8%

N146 Head ;t:j;.;/' 16/120 [13.3%

N235 Head | “RZs= | 321120 |26.7%

\JJI'-
N386 Head e 81/120 67.5%
TOTAL 244/960 25.4%

Figure 4.12 | Glycosylation of the 708 monomeric HAs (top) and 120 monomeric NAs (bottom) included in the
H1N1-Shan2009 whole-virion model. The position of N-linked glycosylation sites on HA (top) and NA (bottom)
monomeric structure is shown on the left panels. The structure, total number, and relative frequency (%) of
glycans added at each N-linked site are summarized on the right panels.
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» Nul::sBsER H1::,::J‘I\i;rg£15 » RES H1N1-Mich2015
NUMBER MUTATION

: 13 At3T 1 13 Va3l

2 101 S101N 2 34 134V

3 14 D114N 3 30 L301

5 180 K180Q 5 200 N200S

6 202 $202T 6 241 V241l

7 220 $220T 7 248 N248D

8 233 1233T 8 264 V2641

9 240 Q240R 9 269 N269K
10 273 A273T 10 314 1314M
1 300 K300E 1 321 1321V
12 302 T302A 12 368 N368K
13 391 E391K

14 468 S468N 14 432 K432E
15 516 E516K

Figure 4.13 | List of amino acid point mutations in HIN1-Mich2015 with respect to HIN-Shan2009 for HA (left
panel) and NA (right panel). The addition of N-linked sequon within HA head at position N179 is highlighted
in blue. Deletion of N-linked sequon within NA head at position N386 highlighted in red. The location of the
point mutations within HA (left) and NA (right) structures is highlighted with magenta and cyan beads,
respectively.
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HA NA
A Shan-2009 Mich-2015 B Shan-2009 Mich-2015

N179

Side view Side view

Side view Side view

%

Top view Top view Top view Top view

Figure 4.14 | Glycan variation in HIN1-Mich2015 with respect to HIN1-Shan2009 for HA (A) and NA (B). A
new N-linked glycan is introduced at position N179 within the HA head (A). N-linked glycan at position N386
within the NA head is instead deleted (B). The glycan is illustrated with yellow van der Waals spheres, whereas
HA and NA are represented with cyan and red surfaces, respectively.
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N293 Stalk B 39/708 | 5.5%

N304 Stalk EE::""'" 102/708 | 14.4%

N498 Stalk OB :,.p"® 393708 55.5%

TOTAL 1626/4956 |32.8%

NA

Sequon Region Structure # %

: N50 Oumee. xR 31/120 |25.8%
. N58 0/120 | 0%
N63 “.'.(:*" © | 401120 |33.3%
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N146 Head — O°8°®:o.a"%* 18/120 |15.0%

N235 | Head | TR 20120 |24.2%

N386 - s - =

TOTAL 165/840 |19.6%

Figure 4.15 | Glycosylation of the 708 monomeric HAs (top) and 120 monomeric NAs (bottom) included in the
H1N1-Mich2015 whole-virion model. The position of N-linked glycosylation sites on the HA (top) and NA
(bottom) monomeric structure is shown on the left panels. The structure, total number, and relative frequency
(%) of glycans added at each N-linked site are summarized on the right panels.
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Figure 4.16 | Average RMSD profiles for HA (A) and NA (B) as calculated over the course of HIN1-Shan2009
(black line) and HIN1-Mich2015 (gray line) whole-virion MD simulations. RMSD values have been averaged
across the 236 HA trimers and 30 NA tetramers, respectively. Standard deviation values are plotted with a semi-

transparent filled area.
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Figure 4.17 | Average RMSF profiles for HA (A) and NA (B) as calculated over the course of HIN1-Shan2009
(black line) and HIN1-Mich2015 (gray line) whole-virion MD simulations. RMSF values have been averaged
across the 708 HA and 120 NA monomers, respectively. Standard deviation values are plotted with a semi-
transparent filled area. Highlighted with a transparent purple rectangle is the flexible hinge region for HA and
NA facilitating HA ectodomain tilting and NA head tilting, respectively. The left side of the purple rectangle in
the HA RMSF profile demarcates the two alignment HA regions used for RMSF calculation. The left side of the
purple rectangle in the HA RMSF profile demarcates the two alignment regions used for RMSF calculation.
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Figure 4.18 | Maximum NA head-tilt angle observed in HIN1-Shan2009 and H1IN1-Mich2015 NA tetramers.
For each NA tetramer (numbered from #1 to #30), the maximum NA head-tilt angle values (degree) calculated
during the simulations of HIN1-Shan2009 and H1IN1-Mich205 are shown with black and gray bars, respectively.
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Figure 4.19 | The implied timescale plots for the MSM of the NA head tilting in (A) HIN1-Shan2009 and (B)
H1N1-Mich2015. The shading on each of the implied timescales represents statistical uncertainties calculated
through Bayesian sampling. From these figures, the lag time was selected to be 250 steps and two macrostates
were selected. The gray region represents forbidden space, which is faster than the lag time; transitions in this
region cannot be resolved.
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Figure 4.20 | The CK test plots for the MSM of the NA head tilting in (A) HIN1-Shan2009 and (B) H1N1-
Mich2015. The lag time was selected to be 250 steps, with two macrostates selected. The solid line (the
“estimate”) represents the transition probabilities of the model created at a lag time of 250 steps, with these
probabilities then estimated at multiples of the lag time. The dotted line (the “prediction”) represents predicted
probabilities of the same model independently created at each of these multiples of the lag time. Dark blue
shading represents a 95% confidence interval for the predicted probabilities. Since the estimates of the MSM
model that we used overlap with the predicted probabilities of the model at 3x the lag time, this model satisfies
Markovianity, passes the CK test and can be used to extract transition kinetics. The numbers in the lower left
corners represent macrostate transitions; thus “1 -> 1 represents a transition from macrostate 1 to macrostate 1.
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Figure 4.21 | Isolation and characterization of NA-directed mAb NDS.1. (A) Gating strategy of NA-specific
memory B-cells by flow cytometry. (B) Binding kinetics of NDS.1 Fab to N2-Wis05 and N2-Darwin21 by
biolayer interferometry. Experimental data (blue traces) were fitted (black lines) with the binding equations
describing a 1:1 interaction.
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Figure 4.22 | Negative-stain EM analysis of N2 A/Darwin/9/2021 NA tetramer in complex with Fab NDS.1 (A)
Representative raw NS-EM image and (B) 2D class averages of N2 A/Darwin/9/2021 NA in complex with Fab
NDS.1 (scale bar: 50 nm and 15 nm).
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B Top View

A Side View

1G01 Fab

C Bottom View

Figure 4.23 | NS-EM reconstruction model of N2 A/Indiana/10/2011 NA tetramer in complex with NDS.1 Fab
and 1G01 Fab. Side view (A), top view (B) and bottom view (C) of the ternary complex. Crystal structure of
NA-1G01 (PDB ID: 6Q23°%) is fitted into the NS-EM density map. The final model was generated using a dataset

containing 4,368 particles.
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Figure 4.24 | The NA head-underside epitope. A mock Fab, namely the crystal structure of the human
immunoglobulin fragment Fab New (IgG1,L) (PDB ID: 7FAB®), together with one conformation of the NA
with a titled head extracted from the simulation of HIN1-Shan2009, was fitted into the NS-EM density map of
the N2 A/Indiana/10/2011 NA tetramer in complex with NDS.1 Fab. NA is represented with red cartoons,
whereas the human immunoglobulin fragment Fab is shown with yellow cartoons. The NS-EM density is
depicted with a transparent yellow surface. Glycans are shown with yellow vdW spheres.
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Figure 4.25 | The implied timescale plots for the MSM of the HA ectodomain tilting in (A) HIN1-Shan2009
and (B) H1N1-Mich2015. The shading on each of the implied timescales represents statistical uncertainties
calculated through Bayesian sampling. From these figures, the lag time was selected to be 50 steps and two
macrostates were selected. The gray region represents forbidden space, which is faster than the lag time;
transitions in this region cannot be resolved.
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Figure 4.26 | The CK test plots for the MSM of the HA ectodomain tilting in (A) H1IN1-Shan2009 and (B)
H1N1-Mich2015. The lag time was selected to be 50 steps, with two macrostates selected. The solid line (the
“estimate”) represents the transition probabilities of the model created at a lag time of 50 steps, with these
probabilities then estimated at multiples of the lag time. The dotted line (the “prediction”) represents predicted
probabilities of the same model independently created at each of these multiples of the lag time. Dark blue
shading represents a 95% confidence interval for the predicted probabilities. Since the estimates of the MSM
model that we used overlap with the predicted probabilities of the model at 3x the lag time, this model satisfies
Markovianity, passes the CK test and can be used to extract transition kinetics. The numbers in the lower left
corners represent macrostate transitions; thus “1 -> 1” represents a transition from macrostate 1 to macrostate 1.
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Figure 4.27 | Analysis of the correlation between HA ectodomain tilting and HA protein confinement. The
correlation between the HA ectodomain tilt-angle swing range (x-axis) and the average number of connections
made by each HA (y-axis) is illustrated in the scatter plots (A) and (B) for HIN1-Shan2009 and H1N1-
Mich2015, respectively. The tilt-angle swing range is calculated for each HA ectodomain as (max_tilt-
angle_value —min_tilt-angle_value) exhibited during the respective dynamics. The tilt angle and the connections
made by each HA with neighboring glycoproteins are evaluated as described in the Material and Methods
section. The regression line is shown in magenta. Each point is colored according to the extent of protein
confinement using the viridis palette: the higher the average number of connections made by each HA the more
the respective confinement. The same plots are replicated in panels (C) and (D) where instead each point is
colored according to the maximum value of tilting angle exhibited during the simulations by the respective HA
ectodomain. Plots (E) and (F) are a subsection of plots (C) and (D), respectively, where only the 0.000-0.0030
range is considered on the y-axis. These plots show the extent of tilting for the HA glycoproteins that remain
isolated during the simulations, i.e., the ones that do not interact with any neighboring glycoproteins. The value
of the maximum tilt angle achieved during the dynamics is reported for each HA.
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A HA untilted B HA tilted

FISW84 Fab

Figure 4.28 | HA anchor epitope accessibility. A) When HA is untilted, the FISW84 Fah® must approach the
anchor epitope with an upward angle. FISW84 is depicted with green cartoons, whereas the three HA monomers
are depicted with surfaces colored with different shades of blue. The anchor epitope is highlighted with a green
surface. N-glycans are shown with yellow vdW spheres, whereas the POPC lipids are displayed with pink vdwW
spheres. B) When HA flexes onto the membrane, the angle of approach to at least one epitope gradually shifts
from upward to lateral or slightly downward, facilitating FISW84 Fab binding.
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Figure 4.29 | The implied timescale plots for the MSM of the HA head breathing in (A) HIN1-Shan2009 and
(B) HIN1-Mich2015. The shading on each of the implied timescales represents statistical uncertainties
calculated through Bayesian sampling. From these figures, the lag time was selected to be 500 steps and two
macrostates were selected. The gray region represents forbidden space, which is faster than the lag time;
transitions in this region cannot be resolved.
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Figure 4.30 | The CK test plots for the MSM of the HA head breathing in (A) HLN1-Shan2009 and (B) H1N1-
Mich2015. The lag time was selected to be 500 steps, with two macrostates selected. The solid line (the
“estimate”) represents the transition probabilities of the model created at a lag time of 500 steps, with these
probabilities then estimated at multiples of the lag time. The dotted line (the “prediction”) represents predicted
probabilities of the same model independently created at each of these multiples of the lag time. Dark blue
shading represents a 95% confidence interval for the predicted probabilities. Since the estimates of the MSM
model we used overlap with the predicted probabilities of the model at 3x the lag time, this model satisfies
Markovianity, passes the CK test and can be used to extract transition kinetics. The numbers in the lower left
corners represent macrostate transitions; thus “1 -> 1” represents a transition from macrostate 1 to macrostate 1.
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Top view B Top view

HA head closed HA head open

Figure 4.31 | HA head trimer interface epitope accessibility. A) When HA heads are closed, the FIuA-20
antibody*? cannot access the epitope buried in the head trimer interface. FIuA-20 is depicted with purple
cartoons, whereas the three HA monomers are depicted with surfaces colored with different shades of blue. The
FIuA-20 epitope is highlighted with a magenta surface on one HA head. B) When one HA breathes, the FIUA-
20 epitope becomes accessible allowing antibody binding.
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Figure 4.32 | RMSF of HA and NA transmembrane domain (TMD) COM and ectodomain COM. The initial
frame was used as a reference for RMSF calculation. A) Molecular representation of an HA trimer (left) and a
NA tetramer (right) using a transparent surface. TMD COM and ectodomain COM of HA and NA are indicated
with cyan and red spheres, respectively. As an example, the position of TMD COM and ectodomain COM is
displayed with a sphere every 10" frame of the MD simulation for a representative HA trimer and a
representative NA tetramer selected from H1N1-Shan2009. The spheres are colored according to simulation
time using a white-to-blue gradient for HA and a white-to-red gradient for NA. B) Kernel density distribution
profiles of RMSF values calculated for the HA (236 trimers) and NA (30 tetramers) TMD COM s and ectodomain
COMs in HIN1-Shan2009. C) Kernel density distribution profiles of RMSF values calculated for the HA (236
trimers) and NA (30 tetramers) TMD COMs and ectodomain COMs in HIN1-Mich2015.
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Figure 4.33 | Analysis of glycoprotein inter-connections for HA and NA. Stacked bar plots representing the
fraction (%) of glycoproteins (HA top panels, NA bottom panels) establishing a certain number of connections
(0 to 5, accordingly colored using the viridis palette) with surrounding glycoproteins along the simulation of (A)
H1N1-Shan2009 and (B) H1N1-Mich2015. Percentages rounded to the first decimal digit are reported. A
molecular representation of the HA head and NA head is also provided for both strains on the left side of each
bar plot, highlighting with yellow vdW spheres the glycan that is added/deleted in HIN1-Mich2015: +1 glycan
(N179) in HIN1-Mich2015 HA head and -1 glycan (N386) in HIN1-Mich2015 NA head.
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Figure 4.34 | Analysis of glycoprotein macro-cluster formation. A) Molecular representation of the HIN1-
Shan2009 virion at a frame of the simulation where a macro-cluster of 25 glycoproteins (GPs) is formed. The
glycoproteins are depicted with a surface colored using a viridis palette according to the size of the macro-cluster
that they belong to. The pattern of interactions of the macro-cluster of 25 GPs is highlighted using colored circles
in the schematic on the right. B-C) Stacked plots representing the number of GPs involved in a macro-cluster of
a certain size along the simulation of (B) HIN1-Shan2009 and (C) HIN1-Mich2015. Macro-clusters are colored
using the viridis palette according to their size. The color gradient used for HLN1-Mich2015 (cluster size range:
0 to 34) has been normalized to the color gradient of HIN1-Shan2009 (cluster size range: 0 to 42).
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Figure 4.35 | Analysis of glycoprotein connections involving glycans. A) Time evolution (ns) of the relative
frequency (%) of interacting glycans, i.e., glycans participating in glycoprotein inter-connections. The relative
frequency of interacting glycan was calculated with respect to the total number of glycans. B) Grouped bar plot
depicting the time evolution (ns) of the relative frequency (%) of interacting glycans in HIN1-Shan2009, where
glycans have been divided into “head” and “stalk” categories according to their position, both for HA (shades of
blue) and NA (shades of red). The relative frequency for each category of interacting glycans was calculated
with respect to the total number of glycans of the same category. C) Grouped bar plot depicting the time
evolution (ns) of the relative frequency (%) of interacting glycans in HLIN1-Mich2015, where glycans have been
divided into “head” and “stalk” categories according to their position, both for HA (shades of blue) and NA
(shades of red). The relative frequency for each category of interacting glycans was calculated with respect to
the total number of glycans of the same category.
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Figure 4.36 | Analysis of NA head breathing. Distribution of inter-protomer distances between the four NA head
COMs in HIN1-Shan2009 (black) and HIN1-Mich2015 (gray) virions. The distribution is shown as a kernel
density. On the right, a top view molecular representation of the NA head using red cartoons is provided, with
the monitored distances between NA head COMs highlighted with cyan cylinders.
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Supplementary Tables

Table 4.1 | Tilt angles (degree) of ten tilted and untilted structures (microstates) extracted from the MSM of the
NA head tilting. Note: the average is the average of the ten selected microstates (ten selected conformational
states and their respective angles). This will be representative of the average tilt angle of all microstates assigned
to a macrostate of interest.

NA HEAD-TILT ANGLES [°]

H1N1-Shan2009 | HIN1-Mich2015
Structure # | Untilted | Tilted | Untilted | Tilted
#1 18.9° 81.9° | 13.5° 90.0°
#2 20.3° 75.6° | 19.7° 90.7°
#3 24.0° 76.7° | 13.1° 88.1°
#4 22.9° 81.6° | 14.4° 87.4°
#5 15.2° 79.5° | 21.1° 89.7°
#6 23.6° 75.2° | 14.4° 91.3°
#7 17.5° 74.2° | 14.4° 87.0°
#8 22.4° 75.8° | 20.7° 86.4°
#9 17.5° 78.1° | 18.4° 89.6°
#10 32.5° 74.1° | 22.1° 92.0°
average 21.5° 77.3° | 17.2° 89.2°
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Table 4.2 | Tilt angles (degree) of ten tilted and untilted structures (microstates) extracted from the MSM of the
HA ectodomain tilting. Note: the average is the average of the ten selected microstates (ten selected
conformational states and their respective angles). This will be representative of the average tilt angle of all
microstates assigned to a macrostate of interest.

HA ECTODOMAIN-TILT ANGLES [°]
H1N1-Shan2009 | H1IN1-Mich2015
Structure # | Untilted | Tilted | Untilted | Tilted
#1 8.1° 57.0° | 19.1° 66.0°
#2 9.6° 57.3° | 7.3° 61.9°
#3 10.0° 54.5° | 19.8° 65.1°
#4 12.2° 57.3° | 18.9° 61.3°
#5 5.9° 55.8° | 5.9° 62.4°
#6 7.8° 56.9° | 22.9° 66.2°
#7 21.1° 58.8° | 6.2° 59.1°
#8 7.4° 58.2° | 10.0° 61.8°
#9 9.8° 57.0° | 14.8° 57.7°
#10 4.7° 55.3° | 19.8° 67.9°
average 9.7° 56.8° | 14.5° 62.9°
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Table 4.3 | The table reports the distance between the COM of the HA monomer head (residues 66 to 286) and
the COM of LoHs’ apical residue (419) calculated for open and closed structures (microstates) extracted from
the MSM of the HA head breathing. The distances indicated here are the largest seen in each microstate, i.e., the
largest of the three distances existing within the conformation of the HA trimer represented by the microstate.
This applies also to the “closed” microstates, where the reported distance is still the largest distance seen in those
microstates. Note: the average is the average of the ten selected microstates (ten selected conformational states
and their respective angles). This will be representative of the average tilt angle of all microstates assigned to a
macrostate of interest.

HA HEAD COM-LaHs’ apical residue COM DISTANCE [A]
H1N1-Shan2009 H1N1-Mich2015

Structure # Closed Open Closed Open
#1 27.3A 388A | 273A 359 A
#2 27.4 A 37.8A [269A 42.2 A
#3 28.1A 39.1A [27.0A 37.4 A
#4 27.7A 387A [27.0A 36.6 A
#5 27.6 A 37.8A [269A 35.7A
#6 27.6 A 36.7A [275A 37.3A
#7 274 A 365A [269A 39.3A
#8 28.3 A 36.7A [27.1A 35.6 A
#9 28.3 A 37.8A [272A 39.3A
#10 28.3A 36.0A [27.0A 36.5 A
average 27.8 A 376 A 27.1A 376 A

235



Table 4.4 | P(A|B) for HA ectodomain tilting, where event A is the achievement of a certain tilt-angle swing
range by the HA ectodomain during the dynamics with respect to the initial frame (calculated as tilt-
angle_frame_n — tilt-angle_frame_0, with only positive values counted), whereas event B is the formation of
one or more connections during the dynamics.

H1N-Shan2009 H1N-Mich2015
EVENTS P(A) P(A|B) P(A) P(A|B)

A: 0° < HA tilt-angle swing range < 10°
452+02% 446+03% 458+02% 457+203%
B =1 or more connections

A: 10° < HA tilt-angle swing range < 20°
192+01% 198+02% 176%+0.1% 185+02%
B = 1 or more connections

A: 20° < HA tilt-angle swing range < 30°
39+00% 43%201% 44+x01% 45+01%
B =1 or more connections

A: 30° < HA tilt-angle swing range

03+00% 04+00% 06+00% 06+00%
B =1 or more connections
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Table 4.5 | P(A|B) for HA head breathing, where event A is the achievement of a certain extent of breathing by
at least one of the HA head monomer within the same HA trimer during the dynamics with respect to the initial
frame (calculated as breathingdistance_frame_n — breathingdistance_frame 0, with only positive values
counted), whereas event B is the formation of one or more connections during the dynamics.

H1N-Shan2009 HIN-Mich2015
EVENTS P(A) P(A|B) P(A) P(A|B)

A: 1.0 A <breathing of one HA head < 3.0 A°
469+02% 46.7+03% 46.2+0.2% 46.1+0.3%
B: 1 or more connections

A: 3.0 A <breathing of one HA head < 5.0 A°
11.2+01% 115+01% 11.0+01% 109+0.1%
B: 1 or more connections

A: 5.0 A <breathing of one HA head < 7.0 A°
22+00% 24+£01% 28+x00% 28%20.1%
B: 1 or more connections

A: 7.0 A <breathing of one HA head

02+00% 02+00% 03+00% 03+x00%
B: 1 or more connections
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Table 4.6 | P(A|B) for NA head tilting, where event A is the achievement of a certain tilt-angle swing range by
the NA head during the dynamics with respect to the initial frame (calculated as tilt-angle_frame_n — tilt-
angle_frame_0, with only positive values counted), whereas event B is the formation of one or more connections

during the dynamics.

EVENTS

A: 0° < NA head tilt-angle swing range < 10°
B: 1 or more connections

A: 10° < NA head tilt-angle swing range < 20°
B: 1 or more connections

A: 20° < NA head tilt-angle swing range < 20°
B: 1 or more connections

A: 30° < NA head tilt-angle swing range < 40°
B: 1 or more connections

A: 40° < NA head tilt-angle swing range

B: 1 or more connections

H1N-Shan2009

P(A)

321+04%

18.9+0.3%

6.0£0.2%

24+£01%

1.8+0.1%
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P(AIB)

346+0.7%

18.0+0.5%

49+02%

25+x0.2%

20+x0.2%

H1N-Mich2015

P(A)

29.9+04%

143+03%

6.5+0.2%

6.9+02%

1.2+0.1%

P(AIB)

275206 %

18.8+0.5%

8.2+0.3%

8.0+0.3%

09+01%



Table 4.7 | P(BJA) for HA ectodomain tilting, where event A is the achievement of a certain tilt-angle swing
range by the HA ectodomain during the dynamics with respect to the initial frame (calculated as tilt-
angle_frame_n — tilt-angle_frame_0, with only positive values counted), whereas event B is the formation of
one or more connections during the dynamics.

H1N-Shan2009

H1N-Mich2015

EVENTS P(B) P(BJA) P(B) P(B|A)
A: 10° < HA tilt-angle swing range < 20°

829+02% 818+05% 834+02% 831+05%
B: 1 or more connections
A: 10° < HA tilt-angle swing range < 20°

829+02% 855+0.7% 834+02% 87.8+08%
B: 1 or more connections
A: 20° < HA tilt-angle swing range < 30°

829+02% 91.1+16% 834+02% 855+15%
B: 1 or more connections
A: 30° < HA tilt-angle swing range

829+02% 99.8+58% 834+02% 95.1+44%

B: 1 or more connections
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Table 4.8 | P(BJA) for HA head breathing, where event A is the achievement of a certain extent of breathing by
at least one of the HA head monomer within the same HA trimer during the dynamics with respect to the initial
frame (calculated as breathingdistance_frame_n — breathingdistance_frame 0, with only positive values
counted), whereas event B is the formation of one or more connections during the dynamics.

EVENTS

A: 1.0 A <breathing of one HA head < 3.0 A°
B: 1 or more connections

A: 3.0 A <breathing of one HA head < 5.0 A°
B: 1 or more connections

A: 5.0 A <breathing of one HA head < 7.0 A°
B: 1 or more connections

A: 7.0 A <breathing of one HA head

B: 1 or more connections

H1N-Shan2009

P(A)

829+0.2%

829+0.2%

829+02%

829+02%
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P(BIA)

825+05%

85.2+09%

915+22%

97.1+74%

H1N-Mich2015

P(A)

83.4+02%

83.4+02%

83.4+02%

83.4+02%

P(BIA)

83.2+x05%

828+09%

845+18%

81.8+53%



Table 4.9 | P(B|A) for NA head tilting, where event A is the achievement of a certain tilt-angle swing range by
the NA head during the dynamics with respect to the initial frame (calculated as tilt-angle_frame_n — tilt-
angle_frame_0, with only positive values counted), whereas event B is the formation of one or more connections

during the dynamics.

H1N-Shan2009

H1IN-Mich2015

EVENTS P(B) P(B|A) P(B) P(B|A)
A: 0° < NA head tilt-angle swing range < 10°

658+05% 71.1+14% 566+04% 521+12%
B: 1 or more connections
A: 10° < NA head tilt-angle swing range < 20°

658+05% 625+16% 56.6+05% 743+22%
B: 1 or more connections
A: 20° < NA head tilt-angle swing range < 20°

658+05% 543+26% 56.6+05% 70.8+3.0%
B: 1 or more connections
A: 30° < NA head tilt-angle swing range < 40°

658+05% 67.1+46% 56.6+05% 655+28%
B: 1 or more connections
A: 40° < NA head tilt-angle swing range

658+05% 735+56% 56.6+05% 45.0+52%

B: 1 or more connections
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Chapter 5

Cell-scale Markov state models characterize the structural and

dynamical basis of Group 1 influenza fusion inhibition

5.1 Abstract

Influenza virus infection continues to be a major healthcare issue and the combination of the strain-specificity
of vaccines with the increased circulation of therapeutic resistant strains drives the need for new approaches for
the prevention and treatment of infection. Arbidol is a broad-spectrum antiviral with demonstrated activity
against both group 1 and 2 influenza hemagglutinin (HA) subtypes. While the arbidol binding site has been
determined for group 2 HAs, it remains unidentified for group 1 HAs. Further, based on differences between
group 1 and group 2 HAs, it is unknown whether or not arbidol binds in a group-specific manner. From all-atom,
explicitly solvated simulations of the viral coat of the A/swine/Shandong/N1/2009(H1IN1) and
A/45/Michigan/2015(H1N1) strains of influenza, we extracted individual HA trajectories and analyzed them
with the construction of Markov state models. Doing so allows us to investigate the structural dynamics and
conformational transitions of the HA glycoprotein in the context of the crowded viral surface. From our Markov
state models, we present the first evidence of a druggable pocket in a group 1 HA that is able to accommodate
arbidol. This druggable site is located in an analogous position to the known group 2 arbidol binding site,
suggesting that the binding of arbidol to influenza HA is not group specific. We also see a full helix turn that
opens the arbidol binding site which can only be accomplished with the presence of glycans; the absence of
glycans leads to a reduction of accessible conformational states. The insights obtained here illustrate the
necessity of glycans in helix integrity and dynamics, and provide a structural basis for the mechanism of action

for arbidol in a group 1 HA, thus facilitating the development of the next generation of influenza therapeutics.
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5.2 Introduction

Influenza virus infection (IV1) is a major healthcare concern, with 3-5 million cases of severe disease reported
and 300,000 to 500,000 deaths worldwide each year’. Currently, vaccination is the primary strategy for the
prevention and control of V1. However, as a result of the rapid mutation of the virus, vaccine protection is strain-
specific and a new vaccine must be re-engineered annually?. Treatment of VI is limited to two classes of FDA-
approved drugs: matrix protein 2 inhibitors and neuraminidase inhibitors. However, many circulating strains of
influenza exhibit resistance to one or more of these inhibitors®. The combination of strain-specific vaccines with
the increased circulation of therapeutic resistant strains drives the need for a novel approach for the prevention
and treatment of I\V14,

Structural understanding of the influenza virus and its components is critical for the development of novel
prophylactic and therapeutic approaches. The influenza virus surface is decorated with the glycoproteins
hemagglutinin (HA) and neuraminidase (NA). HA, which is present in the greatest numbers, is responsible for
host cell binding and fusion. Following binding to the sialic acid recognition element, present on the host cell,
the virus enters the cell by endocytosis. Within the endosome, a drop in pH triggers a large-scale rearrangement
of HA to enable fusion of the viral and host cell membranes, allowing the release of viral ribonucleoproteins into
the host cell cytoplasm for viral replication®. The unique structure of HA facilitates its function in the viral life
cycle. The HA protein is trimeric, comprised of a head region (HAL1) which contains the receptor binding site
and a stem region (HA1/HA2) which contains the fusion machinery’. Whereas the head region of HA is highly
variable, the HA stem region is largely conserved. Targeting this highly conserved and functionally critical stem
region is therefore an enticing approach for the treatment of V1.

One promising VI treatment that targets the HA stem region is arbidol, a broad-spectrum antiviral with
demonstrated activity against multiple strains of influenza A virus. Prior to the identification of the arbidol
binding site, experiments demonstrated that arbidol binds group 1 HAs with higher affinity than group 2 HAs®.
Recently, x-ray crystal structures of arbidol in complex with two group 2 HAs (H3 and H7) reveal that it binds
in a hydrophobic cavity in the stem region between adjacent protomers®. The binding site is composed of A, C,
and C' alpha-helices from HA2 (“C™ refers to the adjacent protomer) and short C-terminal loops and an N-
terminal beta-hairpin from HA1 (Figure 5.1A). To date, no structures of arbidol in complex with a group 1 HA
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have been solved; potentially owing to structural differences between group 1 and group 2 HAS near the arbidol
binding site (Figure 5.1B). Upon examination of the apo group 1 and 2 crystal structures, two major differences
are evident: (1) the extra turn of helix A between residues 57-60, and (2) the presence of a salt bridge between
residues K58-E97', both serving to occlude the arbidol binding site. These structural differences in conjunction
with differential binding affinities make it unclear if arbidol binds in a group-specific manner, hindering its
further development as a specific and optimized influenza therapeutic. Therefore, structural and dynamical
insights into the potential of group 1 HA to bind arbidol are critical for the development of the next generation
of influenza therapeutics.

Here we report propose that group 1 HA can accommaodate arbidol; thus arbidol binding is not group specific
between group 1 and group 2 HAs. Furthermore, we find an extension to the previously characterized arbidol
pocket, which could be exploited by arbidol derivatives or other larger inhibitors. Finally, we see that the open
conformation of the arbidol pocket in glycosylated HA contains a full helix turn, while unglycosylated HA

unwinds and cannot fully turn, indicating that glycans play a role in HA helix stabilization.
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Figure 5.1 | Arbidol binding site. a, Arbidol binds in a hydrophobic cavity between two adjacent protomers of
HA. Residues with side chains that face towards the binding site are shown as sticks, arbidol is represented in
ball and stick. Residues from HAL1 (light blue) are italicized, residues from HA2 (dark blue) are written in
standard font. b, Comparison of apo H3 (teal, PDB ID: 4FNK1) and H1 (magenta, PDB ID: 1RU7%) HAs
reveals two main structural differences: (1) the extra turn of helix-A between residues 57-60, and (2) the presence
of the K58-E97" salt bridge in H1, that occlude the arbidol binding site.
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5.3 Results and discussions

Markov state model construction. Recent work in our lab has led to the construction of atomically detailed,

three-dimensional physical models of multiple variants of the influenza viral coat using integrative modeling
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that combines high-resolution x-ray crystallography and homology modeling of the membrane-bound
glycoproteins with cryo-electron tomography (Figure 5.2)1%11, The systems are some of the largest simulated to
date, each ~120 nm in diameter with ~160 million atoms. The A/swine/Shandong/N1/2009(H1N1) model, which
we will refer to as HIN1-Shan2009, was selected to be studied in greater detail and was simulated for ~120 ns
using all-atom molecular dynamics (MD) simulations?®. This virion was then glycosylated, and split into two
branches. One was simulated for an additional 450 ns, while the other was mutated to the
AJ/45/Michigan/2015(H1N1) strain, hereafter referred to as the HIN1-Mich2015 model, and also simulated for
another 450 ns'!. From each simulation, 234 individual HA trajectories have been extracted resulting in a total
of ~29 us of unglycosylated HA for the HLN1-Shan2009 model, and ~105 ps of glycosylated HA simulation for
both the H1N1-Shan2009 and the HIN1-Mich2015 models. In this study, we present the first structural and
kinetic basis for the group 1 HA arbidol binding site, identified and characterized by the construction of cell-
scale, ensemble based Markov state models (MSMs)* 12, MSMs are a powerful tool enabling the study of long
time-scale dynamics from many shorter, independent trajectories**4, and as such are well-suited for our system.
Cell-scale ensemble-based MSMs differ from the standard approach in that, in place of utilizing many distinct
copies of single protein simulations, we instead draw our statistical sampling directly from the many copies of
each substituent as simulated in the ‘mesoscape’’®. This approach then enables the theoretically rigorous
extraction of metastable protein states and the long timescale dynamics between these states; thus, the effects of
protein crowding®1® and correlated effects of neighboring components?°-2! are taken into account, which may

be necessary to see rare biological events?,

Breaking the K58-E97’ salt bridge opens the arbidol pocket. We created MSMs for the unglycosylated and
the glycosylated H1IN1-Shan2009 model, and for the HIN1-Mich2015 model. To make for direct comparisons,
we mapped the time-lagged independent component analysis (TICA) space of the glycosylated models onto the
unglycosylated model (Fig. 5.5). We also kept the lag times consistent across models (Fig. 5.6-5.8). In each
model, we found two major metastable states, representing open and closed conformations, differing primarily
in the presence or absence of the K58-E97” salt bridge (Fig. 5.3). For clarity, we define metastable states as

relatively uniform macrostates clustered with high confidence through the standard MSM workflow from
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discretized MD simulations, from which one can extract individual states (protein conformations) — this is a
different meaning than when “metastable” is normally associated with viral proteins. The closed conformations
in each MSM show a K58-E97’ salt bridge. The open conformations in each MSM show an absence of this salt
bridge, but the “degree of openness” differs. In the unglycosylated HIN1-Shan2009 MSM, we see a clear
breaking of the salt bridge. In the glycosylated models, the broken salt bridge is taken further, and we see helix-
A and helix-C’ turning away in opposite directions until K58 and E97’ are ~180° from each other. As this is a
larger conformational change than we see with the unglycosylated construct, it is unsurprising that the MFPTs
show us it takes longer to create this “very open” conformation and longer to rebuild the salt bridge than the
smaller conformational changes seen in the unglycosylated construct. The free energy landscapes for the
glycosylated models fully encompass the unglycosylated model, but also show several islands that were not

accessed in the unglycosylated model (Fig. 5.5).

Lack of glycans causes helix A to lose structural stability and unwind.

We naturally wondered why the unglycosylated model did not reproduce the large conformational changes seen
in the glycosylated models. To investigate this, we created another MSM just of the unglycosylated H1N1-
Shan2009 model. Without having to keep a consistent TICA space and lag time with the two glycosylated
models, we could extend the lag time in the hopes of seeing a larger conformational change. This enabled us to
see four major metastable states with exchange times on the order of microseconds, again differing primarily in
the presence or absence of the K58-E97’ salt bridge but also in the conformation of residues 57-60 in helix-A
(Fig. S5). These four states (representative structures shown in Fig. S5) represent diverse conformations,
referred to as crystallographic closed (yellow), irregular (green), semi-open (blue), and open (red). The
crystallographic closed state includes structures with crystal-like conformations where helix-A is unwound after
K58 and the K58-E97' salt bridge is present, completely occluding the arbidol pocket. In the irregular state,
helix-A is kinked between residues 51-54. In the semi-open state, helix-A partially unwinds beginning at residue
57 and the arbidol pocket remains largely occluded by the K58-E97” salt bridge. Finally, in the open state, helix-

A is unwound after residue 56, and the K58-E97' salt bridge is broken.
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With respect to the transitions between the four macrostates, the crystallographic closed, irregular, and open
states are well connected; however, the semi-open state is isolated and is only accessible from the open state
(Fig. 5.9). Transitions between these states involve the folding or unfolding of helix-A and the breaking or
forming of the K58-E97' salt bridge or some combination thereof. Since we see no transitions between the semi-
open state and closed state, this suggests that the unwinding helix-A is coupled with the breaking of the salt
bridge. Similarly, helix rewinding is linked to salt bridge formation. Analyzing the flux from the closed to the
open state, the observed mean first-passage time (MFPT) from closed to open is ~10 ps and from open to closed
is ~4 us. The ~2.5-fold greater MFPT of the closed to open transition can be attributed to the stability resulting

from both the presence of a salt bridge and the additional secondary structure.

Arbidol pocket structure and binding are not group specific. In the open structure of all of these MSMs, a
primary pocket, formed by the same residues as the group 2 arbidol binding site, as well as an extended pocket
beyond the primary binding site, have been identified (Fig. 5.4). The primary pocket is predominantly nonpolar,
consistent with the group 2 binding site. The group 1 and group 2 pockets primarily differ in the conformation
of loop-B. The C-alpha RMSD of all pocket residues is 2.1 A, whereas the C-alpha RMSD of loop-B (residues
56-60) is 4.4 A. The primary contribution to the ~2-fold increase in RMSD can be attributed to the differing
orientations of K58 and N60. In group 1, K58 is pointed inward and N60 is at the opening of the pocket; in group
2, K58 is at the opening of the pocket and N60 points inward. To assess the potential of the pocket to
accommodate arbidol, rigid receptor docking was performed using Schrodinger’s Glide?. The resulting docked
pose of arbidol is in good agreement with the crystallographic pose, retaining the relative positioning of the
indole and thiophenol rings. The limitations of rigid-receptor docking preclude precise determination of the pose
or interactions of arbidol within the H1 pocket, and therefore will be the topic of future work.

We also investigated the arbidol pocket volume across HA groups using POVME?*. The volume of a
representative group 1 crystal structure (PDB ID: 1RU7) was calculated to be 483 A3, while that of a
representative group 2 crystal structure (PDB ID: 4FNK) was 3768 A3. Considering apo group 1 HA contains a
closed arbidol pocket (Fig. 1) while the group 2 pocket is open, this is unsurprising. We then extracted a

representative structure from the “open” macrostate of the HIN1-Shan2009 glycosylated construct (a group 1
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HA), and calculated its pocket volume to be 3790 A3. Thus group 1 HA is capable of achieving the

crystallographic open pocket volume of group 2 HA structures.

The arbidol pocket contains an extension amenable to future drug discovery work. In H1, the secondary
pocket is an extension of the primary pocket and forms between the C, C', and C" alpha-helices involving residues
104-106, 102'-106', and 102"-106". In contrast to the primary pocket, which is predominantly nonpolar, the
extended pocket is primarily composed of charged residues. The arbidol phenol ring docked into the arbidol
pocket forms hydrophobic contacts with the edge of the pocket, but one could modify the thiophenol ring or
potentially the ester group to access the arbidol pocket extension (Fig. 5.10). Computational solvent mapping
with FTMap was used to identify putative ligand binding ‘hotspots’ on an open H1 structure?®. Three smaller
hotspots are located within the primary pocket, while the largest hotspot is located in the extended pocket. These
results are consistent with the characterization of the primary pocket as predominantly nonpolar and the extended
pocket as predominantly charged. This extended pocket hotspot is also seen when FTMap is used on a
representative structure from the viral coat simulations, which predicts polar, hydrophilic probes to bind there.
Intriguingly, this pocket is not readily available in the crystal structures we analyzed. In a representative group
1 HA (PDB ID 1RU7) the pocket extension volume was calculated to be 354 A3, while for a representative group
2 HA (PDB ID 4FNK) this pocket was 536 A3. However, a representative structure extracted from the HIN1-
2009Shan simulations had a pocket extension volume of 1178 A3; thus the arbidol pocket extension may not be
immediately apparent in crystal structures, but opens in a dynamic protein. We therefore highlight the potential
of the extended pocket for forming stronger, more specific contacts than are available within the primary pocket.
As such, the identification of this novel secondary pocket invites the possibility to develop more selective and

potent antivirals via optimization of current compounds to exploit these novel specific interactions.
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~100 nm ~10 nm ~2 nm

Figure 5.2 | Individual HA trajectories are extracted from the viral coat simulation and are then featurized
for analysis by the construction of an MSM. a, All-atom model of the HIN1 viral coat with HA in magenta,
NA in white, and M2 ion channels in light blue. b, 234 HA trimer trajectories are extracted from the viral coat
simulation, resulting in a total of ~105 ps of HA simulation. ¢, 8 pairwise distances between alpha carbons of
residues constituting the arbidol binding site as well as the phi and psi angles of residues 57-60 in helix-A were
selected as the input features for model construction.
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34.M1N 1-Shan2009-gly
33ps H1N1-Mich2015-gly

Figure 5.3 | Representative structures of the two major macrostates with mean first-passage times shown.
Closed macrostates are yellow, open macrostates are red. a, The HIN1-Shan2009 unglycosylated model shows
a breaking of the K58-E97’ salt bridge. b, The glycosylated models show this broken salt bridge, and also show
further turns by helix-A and helix-C. The HLN1-Shan2009 glycosylated model is shown here, which is nearly
identical to the open and closed states seen in the HIN1-Mich2015 glycosylated model.
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Figure 5.4 | View of the primary pocket and pocket extension. a, Side view of the HIN1-Shan2009 model,
showing the HA protein (purple), glycans (yellow), crystallographic arbidol pocket (blue) and arbidol pocket
extension (orange). b, Top down view of the HIN1-Shan2009 model. The arbidol pocket extension is a bit
below, and slightly to the side, of the arbidol pocket. ¢, Arbidol docked into the arbidol pocket. The arbidol
pocket is shown with a smooth transparent surface, while the pocket extension is shown with a wireframe surface.
In contrast to the primary binding site, which is largely nonpolar, the secondary site is constituted of mainly
charged residues.
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5.4 Conclusions

In order to determine whether or not arbidol binding is group specific, we present an analysis of influenza viral
coat MD simulations by construction of cell-scale MSMs to determine whether or not arbidol binding is group
specific, and to investigate the effect of glycans on this putative binding site in a crowded protein environment.
Helix A bounds part of the binding site; removing glycans on the HA structure causes this helix to unwind which
restricts its range of motion. This finding underlines the importance of glycosylating proteins as necessary to
faithfully capture structural dynamics in vivo. Furthermore, we identify the probable group 1 arbidol binding
site at the same position as the group 2 binding site. This pocket not only shares the same location, but is also
consistent in terms of polarity, shape, and size between group 1 and group 2 HAs. Subsequent rigid receptor
docking demonstrates the capacity for arbidol to be accommodated within this pocket. In addition to the
identification of this primary binding site, we identify and characterize a novel extension of this pocket. Solvent
hotspot mapping highlights both the primary pocket and the pocket extension as druggable hotspots. Ultimately,
identification and characterization of the primary pocket and pocket extension may promote the development of

more specific and potent antiviral compounds.

5.5 Methods

System preparation and simulation

Complete system preparation and simulation details are outlined in ref!? and in reftl,

Markov state models

All MSMs were constructed from the complete-coat simulations with trajectory frames taken every 0.02 ns. To
capture the dynamics of the binding pocket in the MSM, 9 pairwise distances between alpha carbons of residues
constituting the arbidol binding site as well as the phi and psi angles of residues 57-60 in helix-A were selected
as the input features for model construction. We note that the pairwise distances explained more of the variance
in the trajectories, and thus played a bigger role in MSM construction, than the torsional angles (Fig. 5.11).
Dimensionality reduction was performed using time-lagged independent component analysis (TICA)?6-28 and
trajectory frames were clustered into 300 microstates by k-means clustering® in TICA space, as implemented in

the PYEMMA software package®. When creating MSMs of the first three models (unglycosylated HIN1-
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Shan2009, glycosylated HIN1-Shan2009, glycosylated HIN1-Mich2009) a TICA lag time of 0.5 ns was selected
for model construction; after examining our implied timescale plots®'-32 we then selected an MSM lag time of 2
ns (Fig. 5.12). When extracting just the unglycosylated HIN1-Shan2009 model and creating an MSM with
longer lag times, we used a TICA lag time of 20 ns and an MSM lag time of 20 ns. All resulting models were
validated by the Chapman-Kolmogorov (CK) test®*-%8 (Fig. 5.6-5.8). We also made sure the CK test was valid
out to thrice the MSM lag time, to ensure statistical validity®®. PCCA++3° was used to cluster the states of all
MSMs, while we also created a hidden Markov state model (HMM) was used for coarse-graining the MSM into
metastable states for the extended lag time H1N1-Shan2009 model. In the short lag time unglycosylated HIN1-
Shan2009 model, we identified 5 metastable states, three of which had a population of less than 0.3% and were
thus excluded from further analysis. The two glycosylated models showed two metastable states each. In the
long lag time unglycosylated HIN1-Shan2009 model, six metastable states were identified. Two of these states,
both of which represent closed pocket conformations, had a total combined population of less than 1% and were

excluded from further analysis.
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5.8 Supplementary Information
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Figure 5.5 | a, The free energy landscape for the HIN1-Shan2009 unglycosylated model. State 4 is an open
arbidol site conformation and state 5 is closed. States 1-3 had population percentages under 0.3% and so were
excluded from analysis. Note how this free energy landscape can be found in the upper right hand corner of the
following two free energy landscapes — this is possible as they were created in the same TICA space, allowing
for direct comparison. b, The free energy landscape for the HLIN1-Shan2009 glycosylated model. State 1 is a
closed arbidol site conformation and state 2 is open. c, The free energy landscape for the HIN1-Mich2015
glycosylated model. State 1 is an open arbidol site conformation and state 2 is closed. Note how for all three
pairs, the closed arbidol site macrostates are in a lower free energy well than the open macrostates.
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Figure 5.6 | CK test of the HIN1-Shan2009 unglycosylated MSM. With an MSM lag time of 100 steps, this
validates.
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Figure 5.8 | CK test of the HIN1-Mich2015 glycosylated MSM. With an MSM lag time of 100 steps, this

validates.
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Figure 5.9 | Representative structures of the four major macrostates of the unglycosylated H1N1-Shan2009
model with mean first-passage times shown. Macrostates are colored as follows: crystallographic closed
(yellow), irregular (green), semi-open (blue), open (red). The width of the colored outline of each state is
proportional to its population and the width of each arrow is proportional to the transition probability. Arrows
representing transitions are colored by the state from which they originate. (Note: MFPTs indicated are
calculated for all potential pathways.)
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Figure 5.10 | Ligand interaction diagram of arbidol in its binding pocket. The thiophenol or ester groups present
opportunities for modification to access the arbidol pocket extension.
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Figure 5.11 | The total kinetic variance of the MSM features for each MSM (2009u = H1N1-Shan2009
unglycosylated model, 2009g = H1N1-Shan2009 glycosylated model, 2015g = H1IN1-Mich2015 glycosylated
model). The features that show higher variance explain more of the data, and thus are more influential and
necessary in MSM creation.
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model.
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Chapter 6

Data for molecular dynamics simulations of Escherichia

coli cytochrome bd oxidase with the Amber force field

6.1 Abstract

Cytochrome bd-type quinol oxidase is an important metalloenzyme that allows many bacteria to survive in low
oxygen conditions. Since bd oxidase is found in many prokaryotes but not in eukaryotes, it has emerged as a
promising bacterial drug target. Examples of organisms containing bd oxidases include the Mycobacterium
tuberculosis (Mtb) bacterium that causes tuberculosis (TB) in humans, the Vibrio cholerae bacterium that causes
cholera, the Pseudomonas aeruginosa bacterium that contributes to antibiotic resistance and sepsis, and
the Campylobacter jejuni bacterium that causes food poisoning. Escherichia coli (E. coli) is another organism
exhibiting the cytochrome bd oxidase. Since it has the highest sequence identity to Mth (36%) and we are
ultimately interested in finding drug targets for TB, we have built parameters for the E. coli bd oxidase (Protein
Data Bank ID number; 6RKO) that are compatible with the all-atom Amber ff14SB force field for molecular
dynamics (MD) simulations. Specifically, we built parameters for the three heme cofactors present in all species
of bacterial cytochrome bd-type oxidases (heme b558, heme b595, and heme d) along with their axial ligands.
This data report includes the parameter and library files that can be used with Amber’s LEaP program to generate
input files for MD simulations using the Amber software package. We also provide the PDB data files of the

initial model both by itself and solvated with TIP3P water molecules and counterions.
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6.2 Specifications table

Subject Chemistry, Biology

Specific Computational Chemistry, Biophysics

subject area
Type of data ~ Amber OFF library file, Amber parameter files, PDB files, XYZ files

How data were Density functional theory calculations with Gaussian 16; model preparation with Maestro
acquired (Schrodinger), CHARMM-GUI membrane builder, AmberTools, and MCPB.py; molecular

dynamics simulations with Amber20

Data format Raw PDB coordinate files, Raw XYZ coordinate files, Raw Amber OFF library file, and Raw

Amber parameter files

Parameters Starting geometries based on the cryo-EM structure from Protein Data Bank 1D number: 6RKO
for data

collection

Description of Geometry optimizations, frequency calculations, and electrostatic potential (ESP) charge
data collection derivation of the three heme cofactors with axial amino acid ligands with BP86 and B3LYP
functionals with empirical dispersion; molecular dynamics minimization, heating, and
equilibration with Amber ff14SB, Generalized Amber force field (GAFF), Lipid 14 force field,

TIP3P water molecules, Joung/Cheatham counterions, and new parameters for the heme cofactors

Data source University of California San Diego, La Jolla, CA, USA

location

Data Data are within this article and available on https://doi.org/10.5281/zenodo.4742814*

accessibility

Value of the Data
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https://doi.org/10.5281/zenodo.4742814

» We report new force field parameters for the three heme cofactors present in all cytochrome bd-type oxidases,
including heme d, which has not been previously reported in the literature.

» The new parameters will be useful to investigate cytochrome bd oxidase using molecular dynamics (MD)
simulations.

» By using the structural ensembles of bd oxidase obtained from MD simulations, we can carry out virtual
screening for inhibitors, which could potentially lead to new drugs for a variety of bacteria, such as turberculosis

(TB), cholera, Pseudomonas aeruginosa, Campylobacter jejuni and other prokaryotes.
6.3 Data description

The data provided in this article can be used for running molecular dynamics (MD) simulations of Escherichia
coli (E. coli) cytochrome bd oxidase (Protein Data Bank ID number: 6RKO).? The structure provided in this
publication in the PDB file format (6rko_final.pdb, protein.pdb, protein.rst7) has been modelled to contain some
of the missing residues in the experimental cryo-EM structure (Protein Data Bank ID number: 6RKO).
Specifically, residues 240-248 and 334-339 in chain A were modelled with the Maestro software from
Schradinger.® Also, missing atoms in the palmitoyl-oleoyl-phosphatidylcholine (POPC) lipids were added back
with the aid of the CHARMM-GUI membrane builder.* The structure of this system after solvation with TIP3P
water molecules and counterions is also provided (protein_solv.pdb, protein_solv.rst7), as well as the structure
of this system after minimization, heating and equilibration (protein_solv_equil.pdb, protein_solv_equil.rst7).
All library and parameter files compatible with the Amber ff14SB force field needed to generate this system are
also available (heme.lib, heme.frcmod, mcpbpy.frcmod, ubiquinone.prepi, ubiquinone.frcmod), along with the
Amber LEaP script (tleap.in) that builds the complete system, yielding the parameter/topology and coordinate
files for molecular dynamics simulations with Amber (protein.frcmod, protein_solv.frcmod). Finally, the
optimized geometry of the three heme cofactors are provided in the XYZ file format (heme_b558.xyz,
heme_b595.xyz, and heme_d.xyz). The repository includes all these data files and no other additional files are

included.

273



6.4 Experimental design, materials and methods

6.4.1. Model preparation (PDB data file generation)

The initial atomic coordinates were taken from the Protein Data Bank 1D number: 6RKO,? which is the 2.7 A
resolution cryo-EM structure of Escherichia coli (E. coli) cytochrome bd oxidase. Using the Maestro software
from Schrodinger,® the hydrogens were added to the residues, and the protonation states of the residues were
assigned using PROPKAS at pH 7.5, same as in Ref.2, The placement of the hydrogens for the heme cofactors
and the protonation states of several residues referred to in Ref.2, which are residues nearby the heme cofactors
that are involved in the proton and oxygen pathways, were matched to Ref.2. The positions of the water molecules
present in the cryo-EM structure were kept fixed. In addition, the missing residues 240-248 and 334-339 in
chain A were modelled using Maestro, and the missing atoms in the palmitoyl-oleoyl-phosphatidylcholine
(POPC) lipids were added back using the CHARMM-GUI membrane builder.* For the solvated system, TIP3P
water molecules® and counterions (Na+, Cl-) were added to neutralize the system and to set the ionic strength
to 0.10 M, same as in Ref.2. The water molecules were added so that there would be at least 15 A between the
protein and the simulation box boundaries.

The atomic coordinate data of the initial structure with the aforementioned preparation steps (protein.pdb) is
provided, as well as of the solvated structure (protein_solv.pdb). In addition, the atomic coordinates of the system
after equilibration (protein_solv_equil.pdb) is provided. The equilibrated structure was obtained by first
minimizing the system for 10,000 steps with the backbone atoms and heavy atoms of the heme cofactors
restrained with a force constant of 10 kcal/(mol x A2). Then, the system was gradually heated from 10 to 300 K
over 4 ns and kept at 300 K for 6 ns in the NVT ensemble (using a Langevin thermostat with a friction
coefficient y of 5.0 ps—1) with the backbone atoms and heavy atoms of the heme cofactors restrained with a
force constant of 1.0 kcal/(mol x A2). Finally, the system was equilibrated for 10 ns in the NPT ensemble at
300 K and 1 bar (using a Langevin thermostat with a friction coefficient y of 1.0 ps—1 and a Berendsen barostat
with a time constant t of 1.0 ps) with the backbone atoms and heavy atoms of the heme cofactors restrained with
a force constant of 0.1 kcal/(mol x A2). The root-mean-square deviation (RMSD) of all non-hydrogen atoms
from the starting structure for the equilibration run plateaued during the equilibration run. All of these steps were
executed using the Amber20 MD software package.” The Amber LEaP script that builds the initial dry and the
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solvated structures (tleap.in) is provided in this publication. This script uses the Amber ff14SB force field® for
the standard residues, TIP3P water molecules®, Joung/Cheatham ion parameters® for the counterions (Na+, C1-),
Generalized Amber force field (GAFF)° for ubiquinone, Amber Lipid 14 force field*! for the POPC lipids, and
the force field parameters for non-standard residues taken from Ref.*? (heme.frcmod) or derived using
MCPB.py* (mcpbpy.frcmod). More details for the MCPB.py derivation will be provided in the following
sections.

6.4.2. Geometry optimization

Geometry optimizations were performed on the three heme cofactors (heme b558, heme b595, and heme d) using
Gaussian 16.%4 For all three heme cofactors, the side chains of the axial amino acid ligands were retained and the
Ca atom was turned into a methyl group. The Ca and CP atoms were kept fixed to preserve the axial ligands’
placement within the protein. For heme b595, four carbons in the pyrrole rings were also fixed. This was done
because heme b595 has only one axial ligand.

We followed the as isolated mixed valence Al state of the enzyme from Fig. S10 of Ref.2 to determine the
charges and multiplicities of the three heme cofactors. All of the propionates, except for the one in heme d, were
protonated during the geometry optimizations so that the partial charges for all atoms, including the hydrogen in
the hydroxyl group, could be obtained for the propionates. When making the final structure files, however, all
of the propionates, except for one of the propionates of heme b558, were deprotonated since they coordinate
with positively charged residues nearby in the cryo-EM structure.? Heme b558 is a low-spin heme (Fe3+) with
neutral axial ligands (Met 393.A and His 186.A), so its overall charge was 0 and spin multiplicity was 2. Heme
b595 is high-spin heme (Fe3+) with a deprotonated (thus negatively charged -1) coordinating axial ligand (Glu
445.A), making the overall charge -2 and spin multiplicity 6. While transitioning through state A1, heme d
releases a water molecule, gets reduced by an internal electron redistribution, and quickly binds a dioxygen
02 molecule. We modelled the A1 state without a bound dioxygen molecule. The unbound state contains a high-
spin heme Fe2+, and is the fully reduced state of the enzyme, i.e., one step in the reaction cycle before dioxygen
coordinates to heme d to form state A1 (not shown in Fig. S10 of Ref.?). This unbound state has a -1 charge and

a spin multiplicity of 5.
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The initial geometry optimizations for heme b558, heme b595 and heme d were performed with the BP86
functional and the Los Alamos National Laboratory effective core potential double zeta basis set
(LANL2DZ)* for the iron and Ahlrichs (Karlsruhe) split valence with polarization Gaussian basis set (def2-
SVP)%6 for the rest of the atoms. Density fitting was also used for the initial geometry optimization to speed up
the calculations.!” Then, each system was submitted to another geometry optimization with the B3LYP
functional with the same basis sets. After this, another round of optimization was performed with the Ahlrichs
(Karlsruhe) valence triple-zeta with polarization basis set (def2-TZVP) for all atoms. The final optimization was
done with the same B3LYP functional with def2-TZVP basis set with polarizable continuum solvent (PCM)*#
19 at dielectric constant of 4; this dielectric constant is common for most proteins and enzymes. All these
calculations contained GD3BJ empirical dispersion.?

Gaussian calculations were executed using the Comet supercomputer at the San Diego Supercomputer Center
(SDSC), part of the Extreme Science and Engineering Discovery Environment (XSEDE).? As a result, heme
b595 and heme d became more planar (with a dihedral angle of -1.20 and -1.30, respectively, formed by the
central nitrogen atoms in each heme in the final optimized structures) compared to the initial cryo-EM structure
(-3.00 and -2.5¢, respectively), in agreement with our expectations. Heme b558 retained its planarity (dihedral
angle of 0.10) in comparison to the experimental structure (dihedral angle value of 0.00). The coordinate data
for these geometry optimized structures are provided in this publication (heme_b558.xyz, heme_b595.xyz,
heme_d.xyz).

6.4.3. Derivation of new force field parameters

The force field parameters solely pertaining to heme b558, heme b595, and heme d except for the spirolactone
(y-lactone) ring part were taken from Ref.*2 and Ref.??, which report general force field parameters for heme
cofactors and for heme b in cytochrome ¢ oxidase, respectively. Heme d, unlike the other two heme cofactors,
contains an unusual spirolactone ring and parameters for this part of the porphyrin ring were generated using the
Antechamber package with GAFF parameters in Amber20,% as was done in Ref.?%, These force field parameters
for the heme cofactors, along with parameters generated with GAFF, are listed in heme.frcmod.

The key parameters involving the metal ions were obtained with the Python-based metal center parameter builder

(MCPB.py)* and are listed in mcpbpy.frcmod. Since MCPB.py requires geometry optimization and force
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constant calculation of the atoms involved with the metal center, we used the B3LYP functional, LANL2DZ
basis set for the iron, def2-SVP basis set for the rest of the atoms, and the implicit solvent model PCM with a
dielectric constant of 4.0. The input structures were taken from the final geometry optimizations described in the
previous section. In the force field parameters predicted by MCPB.py, all bond force constants between the iron
and its ligating atoms were smaller than 200 kcal/(mol x A2) and the equilibrium bond distances were smaller
than 2.8 A. Most angle force constants involving the iron were smaller than 100 kcal/(mol x radian2) with the
equilibrium angle values greater than 1000, except for several of them for heme b558 (force constants greater
than 100 kcal/(mol x radian2 or equilibrium angle values less than 1000) and a few for heme b595 and heme d
(equilibrium angle values less than 1000). The potential barriers were zero for all of the dihedrals involving the
iron. The Lennard-Jones radius obtained for the iron was greater than 1 A for all three heme cofactors.

6.4.4. Point charges derivation

The atomic charges of the three heme cofactors and their axial ligands were derived from the structures obtained
at the final geometry optimizations described in the previous subsection. The point charges were also computed
at the same level of theory. We computed the electrostatic potential (ESP) on a molecular surface grid using the
Merz-Singh-Kollman scheme?>-26 in Gaussian. The ESP output was then used to generate restrained electrostatic
potential (RESP) charges using Amber20’s Antechamber package?®. The RESP charge calculation and fitting
step was part of MCPB.py. We observed that the RESP charges of the metal ions in each heme were smaller
than their oxidation state, as expected.?” Since the axial ligands have charges different from standard Amber
ff14SB charges, the axial ligands were incorporated as part of the appropriate heme cofactor system (HB1 for
heme b558, HB2 for heme b595, HDD for heme d) and their backbones were separated out as different residues
(HIO for histidine, MTO for methionine, GUO for glutamic acid) as done in Ref.?. Note that the propionates in
the heme cofactors are not included, i.e., they are not part of the residues HB1, HB2, and HDD, and instead are
separated out as different residues (PRP for protonated propionate and PRN for deprotonated propionate). The
parametrization for the residues PRP and PRN were taken from Ref.?8. Finally, in order to make each heme
cofactor system equal to an integer charge, the infinitesimal remaining charge was distributed to all carbon atoms

in each system. All of these residues are listed in heme.lib.
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6.4.5. Setting up your own system

In order to set up the Amber input files of your own system with the novel heme parametrization reported in this
work, users can repeat the same steps that we did for Escherichia coli (E. coli), which we summarize next. First,
we prepared the PDB file, starting from the one publicly available under the ID 6RKO at the Protein Data Bank,
by modelling the missing residues and arranging the heme cofactors with the axial ligands, propionates, and
axial ligands’ backbones (HB1, HB2, HDD, PRN, PRP, HIO, MTO, and GUOQ) renamed and/or redistributed
accordingly to the description in the previous subsection. This PDB file is available as part of this publication:
6rko_final.pdb. Next, we run the Amber LEaP script (tleap.in), which loads the new force field parameters for
the heme cofactor systems (heme.lib, heme.frcmod, mcpbpy.frcmod) and GAFF parameters for ubiquinone
(ubiquinone.prepi, ubiquinone.frcmod), and generates the topology and coordinates Amber’s input file. As one
can see in the tleap.in file provided in this publication, it is necessary that the user explicitly specifies the bonds
between the propionates and the heme cofactor systems (HB1, HB2 and HDD) and the bonds between these
heme cofactor systems with the backbone atoms of the axial ligands (HIO, MTO, and GUO). The Amber LEaP
script creates the structure and topology files for the dry (protein.pdb, protein.prmtop, protein.rst7) and solvated
(protein_solv.pdb, protein_solv.prmtop, protein_solv.rst7) systems. In case the user would like to change the
protonation state of a given propionate residue, this can be done by simply modifying the residue name of this
residue in 6rko_final.pdb from PRN to PRP, or vice-versa; PRP corresponds to the protonated propionate, and

PRN the deprotonated propionate.
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