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ABSTRACT

Proteins and many other systems are often conceptualized as networks to access analysis meth-
ods from the field of network science. Several approaches use molecular dynamics (MD) sim-
ulations of proteins to construct networks using correlational statistics. However, in the field of
network science, a well-established approach for network construction is solving the inverse prob-
lem for a network that can produce the observed correlations.

We apply this inverse approach to three adhesion proteins - FimH and Siglec-8, and the SARS-
CoV-2 spike protein - to identify networks that are distinct from correlation networks and instead
resemble a contact map. Specifically, we use the inverse of the covariance matrix for backbone
and dihedral angles. We select dihedral angles as a system of internal coordinates over external
Cartesian coordinates to avoid potential distortions from structure alignment steps for proteins with
hinged motion.

While more computationally expensive, solving the inverse problem can remove transitive
correlations to produce networks that are robust among replicate MD simulations and that have
physically interpretable interactions. In the inverse covariance networks, covalent interactions are
stronger than hydrogen-bonds and non-bonding interactions. This pattern is not present in cor-
relation networks. Moreover, backbone-backbone interactions dominate the inverse covariance
networks, while interactions between sidechains dominate the correlation networks. Due to the
differences in the networks constructed by correlation and by solving the inverse problem, there
are also differences for comparing network edge strengths, topological properties, and community

structures.
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Glossary

FimH fimbrial adhesion protein H, protein found on the tip of hair-like structures that enable

Escherichia coli bacteria to adhere to the sugar mannose on the urinary tract, a lectin.

graph-tool python library for analyzing networks, developed by Tiago Peixoto at Central Euro-

pean University.

Mathematics What mathematicians do.

MDAnalysis python library for analyzing molecular dynamics simulations, developed by Oliver

Beckstein’s group at Arizona State University.

MDTraj python library for analyzing molecular dynamics simulations, developed by Robert McGib-

bon in Vijay Pande’s group at Stanford University.

Molecular dynamics simulations Computer simulations that take a collection of atoms and gen-

erates a trajectory of their movement over time, abbreviated MD simulations.

NAMD Nanoscale Molecular Dynamics, simulation engine developed by Klaus Schulten’s group

at the University of Illinois Urbana Champaign.

NetworkX python library for analyzing networks.

SARS-CoV-2 Severe Acute Respiratory Syndrome Coronavirus 2, originally 2019-nCoV, virus

that caused the covid19 pandemic.



Siglec-8 sialic acid-binding immunoglobulin-like lectin, protein found on the surface of immune
cells (specifically eosinophils and and mast cells) that recognize sialylated and sulfated sug-

ars on the surface of human cells in order to prevent allergy to the self.

VMD Visual Molecular Dynamics, a software program for visualizing and analyzing molecular
dynamics simulations, developed by Klaus Schulten’s group at the University of Illinois

Urbana Champaign.
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1.1

1.2

2.1

LIST OF FIGURES

Adenylate kinase can be described as sub-structures. a, The core (black) and
lids (greens) of adenylate kinase in the open state (PDBID 4AKE). b, Structure of
the closed state (PDBID 1AKE, red) overlaid against the open state (black).

Proteins studied. a, The bacterial adhesin FimH2 in the full-length two-domain
structure with low affinity for ligand (red) and with high affinity (black). The lectin
domain of wild-type FimH has high affinity for ligand. b, The human immune
adhesin Siglec-8 lectin domain in the holo (ligand-bound) state (PDBID 2N7B). ¢,
The SARS-CoV-2 spike protein with three rotationally-symmetric protomers (red,
blue, and black). The darker shades indicate the RBD involved in viral adhesion.
The lighter shades indicate a stalk-like region responsible for viral entry into human
cells. The medium shades indicate other protein regions. For one protomer, we

show the RBD, SD1,and SD2. . . . . . . . . . . . . . . . .

Diagram of protein backbone and sidechain dihedral angles. Atoms are labeled
with the atom naming convention used by the Protein Data Bank, where C'av is CA,
Cp is CB, Cv is CG, C'¢ is CD, etc. Backbone dihedral angles are defined using
C;_1-N;-CA;-C; atoms for ¢ and N;-CA;-C;-N;; atoms for ¢ (red). Sidechain
dihedral (or rotamer) angles y1-Y5 are shown for Arg (blue). x; is the closest ro-
tamer to the backbone and is defined by N-CA-CB-CG. In contrast, the most distal
rotamer, xs, 1s defined by CD-NE-NZ-Nh1. We further developed a system for re-
ducing degrees of freedom by defining the custom pseudo-dihedral angle (v) from
N-CA and the last two atoms from the most distal dihedral angle For arginine (Arg),
we use N-CA-Nz-Nhl. Similarly, we use N-CA-CG-CD for proline (Pro) because

X1 is defined by N-CA-CB-CG, and Y5 is defined by CA-CB-CG-CD (green). . . .
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22

2.3

24

2.5

Procedure for synthetic data generation and network inference using Gaus-
sians. a, The network with N = 10 nodes can be represented as an adjacency
matrix and subsequently converted into an Laplacian matrix. The inverse of the
Laplacian matrix is the covariance matrix, which is used to construct a multi-variate
Gaussian distribution. b, We draw 7 = 100N? independent samples from the
multivariate Gaussian distribution. Data is used to construct a sample covariance
matrix, which is inverted to recover the Laplacian and adjacency matrices. Using
the recovered adjacency matrix, weights for true edges are shown in black, while
those for non-edges are shown in red. K.S = 1 because there is perfect separation,
and mKS =1+ 0.9 = 1.9. ¢, The same procedure for only 7 = N2 samples has

KS=1landmKS =13 . . . . . . . . s,

Example of network inference with poor data quality. Compared to the a,
ground truth network, the b, network recovered under good conditions (no noise,
no auto-correlation) is better than the networks recovered from data quality with
¢, low fluctuation size relative to noise (ky7"/ oc = 10 or d, less data relative to
the auto-correlation length 7 /7 = 10. For ease of comparison, we use the same
network and repeat panels a and b from Fig. 2.2. For each, we show the adjacency

00 2 11 o 1.« R

Network inference accuracy depends on data quality. We perform the network
inference procedure for several replicates, varying noise relative to fluctuation size
(0¢/kyT") and the amount of data relative to auto-correlation (7 /7). To assess ac-
curacy, we use our modified K-S distance, which is higher than 1 (red line) when
there is complete separation of the distribution of edges from non-edges. For in-
complete separation, this is just the K-S distance. More noise reduces the accuracy
of network inference, as shown by the lower mKS distances of the orange and blue
data compared to the black data with no noise. Longer 7 also limits accuracy by
reducing the amount of data available, as shown by the lower mKS distances for

low T/T. o e

Examples of network inference using synthetic data from spin models. For
a, a discrete ¢ = 3 Potts model and for b, a continuous XY model, we show
the adjacency matrix of the ground truth network, the covariance matrix, and the
inverse of the covariance matrix. This demonstrates the inverse of the covariance

matrix also applies to spinmodels. . . . . . .. ... ... .. ... ... ...

13



2.6

3.1

32

Accuracy of network inference for spin models depends on temperature, which
affects data quality. WE show data for an XY spin model on a Watts-Strogatz
small-world network produced by rewiring a nearest-neighbor network [68]. a,
We performed MCMC simulations at multiple temperatures. We show magneti-
zation as an observable describing the spin alignment. b, We next infer networks
from the simulation data. To evaluate the accuracy of network inference, we cal-
culate the modified K-S distance between the distributions of inverse covariance
matrix weights for edges and for non-edges. We show the modified K-S distance
as a function of temperature to approximate the “Goldilocks” zone for network
reconstruction from the inverse of the covariance matrix. We draw a line where
the modified K-S distance = 1, indicating perfect separation, or accurate network
inference. At very low temperatures, fluctuations are too small; at very high tem-
peratures, fluctuations are too big. The size of the “Goldilocks zone” also expands
with larger sample size, shown in different colors. For very small sample sizes,
network inference using the inverse covariance matrix is always inaccurate. We
show data foran XY spinmodel. . . . . .. .. ... ..o Lo

The Arg-60-Pro mutant has a backbone structure similar to that of inactive
FimH but with a partially closed binding pocket. (A) NewCartoon representa-
tion of the backbone structures for H2 inactive with the pilin domain cropped (grey,
PDBID 4XOD, low-affinity) overlaid by the lectin domain structures: HL active
(PDBID 4AUU, orange, high-affinity) and HL mutant with Arg-60-Pro (PDBID
SMCA, purple). We highlight residue 60, the mutation site, with a bead. We use
color to illustrate the displacement from H2 inactive for (B) the backbone and (C)
the surface rendering of predicted sidechain orientation. The mannose ligand is
shown in blue and was positioned after alignment with high-affinity, two-domain
FimH (PDBID 1KLF). . . . . . . .

Angle differences between HL. mutant and H2 inactive. (A) NewCartoon rep-
resentation of the HL mutant backbone shows large changes in backbone dihedral
angle differences at the C-terminal end of the clamp segment that may act like a
hinge-joint (arrow). (B) Putative allosteric pathway sites[79], the parasteric site
[82], and residue 60 (bead). . . . . . . . ... ...

14



33

34

3.5

Localized differences in the structure between HL. mutant and H2 inactive
cause differences in dynamics. (A) Secondary structure of H2 inactive (top) and
HL mutant (bottom) with features. (B) Protein structure comparison between HL
mutant (orange squares) and H2 inactive (black diamonds) used average backbone
dihedral angles ¢ and ¢/, which provide an internal frame of reference. Structural
differences are localized to the hinge of the clamp loop in the binding pocket and
the insertion loop in the interdomain region, which is exposed to water in HL mu-
tant. (C) Backbone dynamics comparison used the standard deviations of ¢ and 1),
quantifying the magnitude of angle fluctuations. HL. mutant has larger fluctuations
(red lines) at the clamp loop and the insertion loop. For statistically significant

differences, the median values are shown. . . . . . . . . . . . . ... ... ....

Comparisons of backbone dynamics show HL. mutant has larger fluctuations
than H2 inactive and HL active. Backbone dynamics were compared using the
standard deviations of ¢ (See Fig. SA.10 for ). (A) Secondary structure of HL
active (top), H2 inactive (middle), and HL. mutant (bottom) with features. (B) HL
mutant has larger backbone fluctuations in the insertion and swing loops than HL
active (blue circle). (C) HL active and H2 inactive (black diamonds) have small

differences in backbone dynamics throughout the lectin domain. . . . . ... . ..

Differences in the sidechain dynamics between HL. mutant and H2 inactive af-
fect the binding pocket, and both are different from HL active. (A) Secondary
structure of HL active (top), H2 inactive (middle), and HL mutant (bottom) with
features. Sidechain structure and dynamics were compared using custom dihedral
angles v. (B) At the S-bulge, the hinge of the clamp segment, the parasteric region,
the swing loop, and several other sites, the average pseudo-dihedral angle was dif-
ferent between HL mutant (orange squares) and H2 inactive (black diamonds). (C)
Arg-60 in H2 inactive has larger fluctuations than Pro-60 in HL mutant. HL mu-
tant also has larger fluctuations in the exposed swing loop. (D, E) Comparisons
of HL active (blue circles) against HL. mutant and H2 inactive show differences in

sidechain dynamics beyond the allosteric pathway sites. . . . . . .. ... .. ...

15



3.6

3.7

Differences between HL. mutant and H2 inactive in comparisons of backbone
dynamics and sidechain orientation. (top row, from left to right) Expected pat-
terns based on the hypotheses that similarity depends on: the four PDB structures;
the three protein states; grouping HL mutant with H2 inactive; the amino acid at
position 60; and the presence of ligand. We constructed similarity matrices by
comparing backbone dihedral (upper) and sidechain pseudo-dihedral (lower) an-
gles, using the average angle for structure (left) and the standard deviation, for
dynamics (right). The greyscale for similarity is the same for all four matrices.
The system setup is described using a three-layer color code for the initial protein
structure, mutation at position 60, and ligand. The purpose is to compare trajec-
tories from different initial protein structures. HL active is distinct from both H2
inactive and HL. mutant for all measures. For backbone dynamics, HL mutant is
distinct from H2 inactive. For sidechain structure, the two versions of H2 inactive

are different, and HL mutant is distinct from H2 inactive. . . . . . . .. .. .. ..

HL mutant has larger fluctuations in the interdomain region and clamp seg-
ment. (top) Backbone and sidechain angles with larger fluctuations for HL. mutant
(orange) or H2 inactive (blue) are shown as spheres on the protein backbone. The
landmarks are shown on HL mutant, and the Arg-60-Pro mutation is indicated
with a purple sphere at Ca. Fluctuation size, or dihedral variance, is shown as the
sphere volume. For backbone dihedrals from Fig. 3.3, ¢ is shown at N, while ¢ is
shown at the carbonyl C. Sidechain pseudo-dihedrals (v) from Fig. 3.5 are shown
on Ca. Sidechain dihedrals x are shown on the second atom defining the dihedral
angle, which was usually Ca. The sidechain was drawn in the licorice represen-
tation for distal angles. (bottom) The backbone eigenmodes were compared two
ways, using the eigenmodes responsible for 70% of the variance and also using the

low-frequency eigenmodes. . . . . . . ... L Lo
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4.1

Unraveling structural properties from protein conformational dynamics. a,
Cartoon illustrating the three adhesion proteins studied here. FimH|, refers to the
lectin domain of a bacterial adhesin found in uropathogenic E. coli that binds man-
nose and undergoes a conformational change under tensile force from urine flow.
Siglec-8 refers to the lectin domain of a human immune-inhibitory protein found on
eosinophils and mast cells. The SARS-CoV-2 RBD and SD1 domains are thought
to undergo a down-to-up transition that makes the RBD available to bind ACE2.
For each protein, we compare two states: FimH; wild type (PDB 4AUU) and mu-
tant (PDB SMCA), Siglec-8 with ligand 6’S-sLe” (PDB 2N7B) and without (PDB
2N7A), and RBD-SD1 in down and up (PDB 6VSB). b, Comparison of covariance
analysis of the dynamics (top left) versus the inverse covariance analysis (bottom
right) from the dynamics of wild type FimH; (see Extended Data Fig. SB.1, B.2,
and B.3 for the other proteins). While many studies rely on the analysis of the
covariance matrix, our data clearly shows that the structure of the covariance ma-
trix is dominated by artifacts (vertical and horizontal lines) which are stronger for
side chain interactions (red square for x; — x1). In contrast, the inverse covariance
matrix clearly reveals a structure reminiscent of a contact map and is dominated by

backbone interactions (blue square forvy — ). . . .. ... oo

17



4.2

Inverse covariance matrix is robust across replicates whereas covariance and
correlation matrices are not. a, Triangular regions above and below the matrix
diagonal show results from two replicates of wild type FimH; starting from the
same protein structure. We show 1) — v interactions (see Extended Data Fig. SB.5
for y; — x1 interactions). We show interaction strength in blue with a normalization
for each triangular region made based on the 97™ percentile of observed strengths.
(See Extended Data Fig. SB.4 for weaker interactions visible when normalized to
the 95" percentile.) In red, we show the ratio for interaction strength between the
two replicates. Purple indicates strong interactions that are not reproduced in the
other replicates. For covariance and correlation matrices, we find that backbone-
backbone interactions are mostly quite weak, but the strong interactions ;97" per-
centile vary drastically between replicates. In contrast, for the inverse covariance
matrix, the strongest backbone-backbone interactions resemble the contact map
and are symmetric across the diagonal (panel c). b, To evaluate the robustness of
network inference, we calculate the Jaccard similarity coefficient for the covari-
ance, correlation, and inverse covariance analyses methods across three simulation
replicates. We define edges above the threshold of >97™ percentile. (See Extended
Data. Fig. SB.6 for other thresholds.) In grey scale, we show similarity separately
for v» — 1 and x; — X1 interactions. Darker grey indicates results are similar across
replicates for the inverse covariance approach and much less similar for the other
two methods. ¢, Ca inter-residue distance from the crystal structure. Darker grey

indicates shorter distance. . . . . . . . . .. ..

18



4.3

4.4

The inverse covariance matrix enables us to extract a ‘““contact map”’-like net-
work from the protein dynamics. a, Comparison of strong interactions identified
for the covariance matrix (top left) and for the inverse covariance matrix (bottom
right) of wild type FimH. To provide context for our data, we plot the 12 A contact
map in grey within the matrix. On the top and right axes we show helix (pink) and
strand (teal) secondary structures from DSSP. On the left and bottom axes we show
putative allosteric pathway landmarks [79]: clamp loop (red), pocket zipper (yel-
low), swing loop (cyan), 3-bulge (purple), a-switch (green), insertion loop (blue),
and linker loop (dark red). The edges we show are the strongest dihedral interac-
tions, with the threshold set at the 97 percentile of all dihedral interactions. See
Extended Data Fig. SB.11 for other cutoffs. We averaged edge weight across three
replicates. The blue dots represent the average of backbone-backbone interactions
by residue. The red crosses represent sidechain-sidechain interactions (y; — X1).
The inverse covariance network are predominantly backbone interactions that fall
within the 12 A contact map. There is a > 99" percentile y; — x; interaction the
Cys3-Cys44 disulfide bond (pink arrow). However, this interaction is only 80% per-
centile in strength (green diamond) for the covariance matrix, which is dominated
by other y; — x; interactions. b, Since the covariance matrix has many long-range
interactions, we only show the backbone interactions and the sidechain interactions
for Lys4. In contrast, the inverse covariance network has mostly short-range inter-
actions, including the disulfide bond. We show backbone interactions on the Ca
atoms and sidechain interactions on the the 4" y; atoms. We show backbone in-
teractions in blue and sidechain interactions in red. Darker colors indicate stronger

INETACHIONS. . .+ v v v v v e e e e e e e e e e e e e

Inverse covariance analysis can detect both large and small structural changes
in FimH;,. a, Comparing inferred networks for wild type and mutant proteins, we
show differences in the backbone (top left in dots) and y; — x; (bottom right in
crosses) over the 12 A distance cutoff in grey. Red indicates stronger interactions
for the mutant protein; blue for the wild type protein. The borders show secondary
structure and landmarks as described in Fig. 4.3a. The black dots on the colorbar
describe the 97 percentile in magnitude. Larger differences are drawn on the
protein, while all differences greater than 20 are plotted on the adjacency matrix.
b, The pocket zipper (red), insertion loop (blue), and S-bulge/a-switch (green) are
highlighted in ¢. d, Comparing wild type FimH; with the Cys3-Cys44 disulfide
bond intact or broken in silico. e, The blue lines shows that the Cys3-Cys44 11
(arrow) and the Phe43-Cys44 backbone-backbone interactions are stronger when

the disulfide bond isintact. . . . . . . . . . . . ...
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4.5

5.1

20

Inferred networks identify strong interactions and changes in interaction strength.

a, [llustration of Siglec-8 highlighting the CC’ loop of the binding pocket in orange
and the wire diagrams of the residues involved in the Arg79-Asp102 salt-bridge,
the Cys31-Cys91 disulfide bond, and Arg70, which is hypothesized to form hy-
drogen bonds with the CC’ loop. It has been recently hypothesized that the CC’
loop is stabilized by hydrogen bonds from Arg70 to Pro57 and Asp60, shown as
spheres at their Cav positions. b, Comparison of the dynamics for the interactions
highlighted in a. We show the superposition of aligned snapshots taken every 6 ns.
¢, Our approach also identifies rearrangements of strong interactions without large
structural changes. Comparing Siglec-8 with (holo) and without (apo) ligand re-
veals rearrangement of strong interactions in a region opposite the binding pocket,
including the Cys31-Cys91 disulfide bond (black spheres). We show interactions
stronger in holo (red) and apo (blue) on the holo structure. d, For the SARS-CoV-
2 spike protein, rotation around the RBD-SD1 hinge changes the structure in the
down and up states, while the individual domains have similar structure. We de-
tect differences near the hinge, including the Cys336-Cys361 disulfide bond (black
spheres) and nearby a-helix. We show interactions stronger in the down (blue) and
up (red) states on both structures. . . . . . .. ..o Lo

Procedure for one approach to community detection from protein networks.
a, Spike protein “hinge” region involved in the down-to-up transition consists of
the receptor binding domain (RBD), sub-domain 1 (SD1), and SD2. b, From all-
atomistic MD simulations, we use dynamics data to infer an interaction network.
We then average the coupling strengths by residue to get a residue interaction net-
work. We have shown that this network resembles the protein contact map for this
protein and others (see Chapter 4). ¢, We perform network analysis for community
structure using degree-corrected stochastic block modeling. Communities can be
thought of as inter-connected regions of the protein with coupled motion. We find
differences in community structure between the up and down states. For example,
in SD1, the grey community in the up state is split into two communities (grey and
brown) in the down state. This suggests that coupled motion in the SD1 domain
of the up state is disrupted in the down state. d, In the future, we will also com-
pare differences in coupling among communities. Here we show the network of
COMMUNILIES. . . . o . v v vt et et e e e e e e e e e e e e e e
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Structural differences for active and inactive conformations (front side). Back-
bone structures are shown as NewCartoon representations. H2 refers to both the
lectin and pilin domains, while HL refers to the lectin domain alone. HL active
(PDBID 4AUU) matches the structure of H2 active (PDBID 1KLF) in the lectin
domain; HL. mutant (PDBID 5SMCA) matches H2 inactive (PDBID 4XOD). The
mutation at residue 60 is indicated by a bead at Ca. The putative allosteric pathway
sites and the parasteric site are shown on the cartoon structure. . . . . . . ... .. 140

Structural differences for active and inactive conformations (back side). Struc-
tures in Fig. SA.1 rotated 180 degrees to show the view from the back. . . . . .. 141

Structural comparisons of HL. mutant and HL active vs H2 inactive v1. (A)
Secondary structure of HL active (top), H2 inactive (middle), and HL mutant (bot-
tom) with features. (B) Ca-displacement in A describes the contribution of each
residue to the RMSD. Angular displacements of backbone dihedrals ¢ and v for
HL mutant show localized structural changes (C, D). HL mutant has fewer angular
displacements than HL active (E, F). See Fig. SA.4 for difference represented on
the protein structure. . . . . . . .. L. e 142

Visualizing differences in crystal structure with RMSD and angle differences.
HL active and HL mutant are compared against H2 inactive using (left) Ca-RMSD
and (right) backbone angle differences from Fig. SA.3. Color is scaled to the angle
difference as |¢|, 1], and the maximum of [|¢|, |1/|]. Angles are shown on the
corresponding residue of the NewCartoon representation. . . . . . . ... ... .. 143

Short vs long simulations for HL. mutant (A) Ca root-mean-squared deviations
(RMSD) and (B) the root-mean-square of dihedral angle deviations for 3 replicates 143

Short vs long simulations for H2 inactive (A) Ca root-mean-squared deviations
(RMSD) and (B) the root-mean-square of dihedral angle deviations for 3 replicates 144

Short vs long simulations for HL active (A) Ca root-mean-squared deviations
(RMSD) and (B) the root-mean-square of dihedral angle deviations for 3 replicates 144

Long simulations divided into 20 ns blocks show spikes in the standard devi-
ation (grey patches) (A) The standard deviation at each backbone dihedral angle
was calculated for each block. The average standard deviation is shown at each
block for three replicates. (B, C) The ¢ and v standard deviations are shown for
the cyanreplicate. . . . . . . . . . 145



A.9 Transient changes in average structure correspond to time periods with spikes
in standard deviation (grey patches from Fig. A.8) (A) Average structure devi-
ation from the short 20 ns simulation. (B, C) Deviations in ¢ and ) structure are
shown for the cyan replicate. . . . . . . ... ... ... ... ... . ... ...,

A.10 Comparisons of backbone dynamics show HL. mutant has larger fluctuations
than H2 inactive and HL active. Backbone dynamics were compared using the
standard deviations of ¢ (left) and 1) (right). (A) Secondary structure of HL active
(top), H2 inactive (middle), and HL mutant (bottom) with features. (B) HL mu-
tant (orange squares) has larger backbone fluctuations in the clamp segment and
the insertion and swing loops than H2 inactive (black diamonds). (C) HL mutant
also has larger fluctuations than HL active (blue circles) in the swing and insertion
loops. HL active has slightly larger fluctuations at the tip of the clamp segment
than both HL mutant and H2 inactive. (D) HL active and H2 inactive have smaller
differences in backbone dynamics throughout the lectin domain. The comparisons
between HL mutant and H2 inactive are repeated from Fig. 3.3C to show the align-
ment. The ¢ fluctuations are repeated from Fig. 3.4 to compare with those for

A.11 For longer simulations, comparisons of backbone dynamics also show HL. mu-
tant has larger fluctuations than H2 inactive and HL active. Backbone dynam-
ics were compared using the standard deviations of ¢ (left) and ¢ (right). (A)
Secondary structure of HL active (top), H2 inactive (middle), and HL mutant (bot-
tom) with features. (B) Similar to the shorter simulations, HL mutant (orange
squares) has larger backbone fluctuations in the clamp segment and the insertion
and swing loops than H2 inactive (black diamonds). The longer simulations show
HL mutant also has larger fluctuations than both H2 inactive and HL active in an
unnamed loop near the binding pocket (Ser-97) and slightly larger fluctuations in
the parasteric site. (C) Similar to the shorter simulations, HL. mutant has larger
backbone fluctuations in the swing and insertion loops, while HL active has larger
fluctuations at the tip of the clamp segment. Longer simulations show HL active
has larger fluctuations in an unnamed region in the binding pocket (Glu-50). (D)
The longer simulations show that HL active has larger fluctuations than H2 inactive
at the tip of the clamp segment and the insertion loop. HL active also has slightly
larger fluctuations than both H2 inactive and HL. mutant in the -bulge/a-switch
region and its neighboring loop (Thr-86 and Ser-88). . . . . ... ... ... ...
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A.12 For longer simulations, comparisons of pseudo-dihedral angles suggests dif-
ferences in side chain dynamics across HL mutant, H2 inactive, and HL active.
(A) Secondary structure of HL active (top), H2 inactive (middle), and HL mutant
(bottom) with features. Sidechain structure and dynamics were compared using
rotamer angles v as in Fig. 3.5. Comparing HL mutant (orange squares) and H2
inactive (black diamonds), (B) the average sidechain structure shows differences in
the swing and insertion loops, but the differences in the clamp segment are small.
(C) The dynamics show larger fluctuations for Arg-60 in H2 inactive compared to
Pro-60 in HL mutant, as well as several smaller differences across the protein. (D,
E) Comparisons of HL active (black circles) against HL mutant and H2 inactive
show differences in sidechain dynamics beyond the allosteric pathway sites. . . . . 149

A.13 Using rotamer angles to compare the sidechain dynamics of HL. mutant, H2
inactive, and HL active. (A) Secondary structure of HL active (top), H2 inactive
(middle), and HL mutant (bottom) with features. (B) Sidechain structure and dy-
namics were compared using rotamer angles x, which are defined for each amino
acid except for Gly and Ala (black dots indicate no ). At the 3-bulge, the hinge of
the clamp segment, the parasteric region, the swing loop, and several other sites, the
average dihedral angle was different between HL. mutant (warm-colored squares)
and H2 inactive (grey-scale diamonds). (C) Compared to H2 inactive, HL mutant
has larger fluctuations in the clamp segment and swing loop. The wild-type Arg-60
in H2 inactive has larger fluctuations for x» than the mutated Pro-60 in HL mutant.
(D, E) Comparisons of HL active (cool-colored circles) against HL. mutant and H2
inactive show differences in sidechain dynamics across the lectin domain. . . . . . 150



A.14 Similarity matrices with backbone and sidechain structure. Comparing HL ac-
tive, H2 inactive, and HL. mutant using backbone dihedral angles (left), sidechain
pseudo-dihedral angles (middle), and sidechain dihedral angles x (right). For Yy,
only one version of H2 inactive is used because the amino acid sequence sequence
matches HL active and HL mutant. The similarity measure is a non-parametric
(rank based) correlation, using Mardia’s method modified by Fisher and Lee, to
account for the circularity of the angles [95]. The system setup is described using
a three-layer color code for the initial protein structure, mutation at position 60,
and ligand. For the similarity matrices (top), the distributions of the correlations
are described as box plots (bottom). The purpose is to compare trajectories from
different initial protein structures. The first set of reference comparisons come
from the same initial protein structures: orange for HL active, blue and grey for
the two versions of H2 inactive, and purple for HL mutant. Another reference is
the comparison between the two versions of H2 inactive. The last reference is the
low similarity when HL active is compared against H2 inactive and HL mutant,
for all measures. For backbone structure, the reference comparison for H2 inactive
has higher similarity than the one for HL mutant, which has values close to the
comparisons between HL mutant and H2 inactive. For sidechain pseudo-dihedral
angles, all comparisons have lower similarity, HL. mutant is different from H2 in-
active, and the two versions of H2 inactive are also different from each other, due
to the difference in amino acid sequence. In addition, for sidechain dihedral angles
X, the comparison between HL mutant and H2 inactive also has lower similarity
than the reference comparisons. . . . . . . . . . ... L. Lo

A.15 Similarity matrices with backbone and sidechain dynamics. Comparing HL ac-
tive, H2 inactive, and HL mutant using backbone dihedral angles (left), sidechain
pseudo-dihedral angles (middle), and sidechain dihedral angles x (right) as de-
scribed in Fig. SA.14. HL active is different from both H2 inactive and HL mutant
for all measures. For backbone dynamics, the comparison between HL mutant and
H2 inactive has significantly lower similarity than the reference comparisons. For
sidechain dynamics using pseudo-dihedral angles, there are small differences be-
tween the two versions of H2 inactive that are about the same as the low similarity
between HL mutant and H2 inactive. Moreover, using sidechain dihedral angles Y,
there are differences between HL mutant and H2 inactive. . . . . . . . . ... ...
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B.4
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B.6

The covariance matrix and its inverse show different patterns for FimH. We
show that the inverse covariance matrix resembles the contact map for four rep-
resentative examples. a, Wild-type FimH; (PDBID 4AUU) in 20ns and b, 200ns
simulations for a different replicate than the one in Fig. 4.1b. ¢, Arg-60-Pro mutant
FimH; (PDBID 5MCA) in a 20ns simulation. d, FimH, (PDBID 4XOD), which
has both the lectin and pilin domains in a 200ns simulation. The two-domain struc-
ture is visually apparent in the inverse covariance matrix. As in Fig. 4.1b, we show
the covariance matrix in the top left triangle and the inverse of the covariance ma-
trix in the bottom right triangle. For each dataset, we set the colorscale maximum

tothe 97M percentile. . . . . . . . ...

The covariance matrix and its inverse show different patterns for Siglec-8.
We show that the inverse covariance matrix resembles the contact map for repre-
sentative examples in the apo and holo states. Two replicates of Siglec-8 a, apo
(without ligand, PDBID 2N7A) and b, holo (bound to 6’S-sLe*, PDBID 2N7B)

See Extended Data Fig. B.1 for description. . . . . . . ... .. .. ... .....

The covariance matrix and its inverse show different patterns for SARS-CoV-
2. We show that the inverse covariance matrix resembles the contact map for rep-
resentative examples of RBD-SD1 domains in the a, up, b, down, ¢, and off states.
RBD-SD1 domains in the up and down states are from chains A and B of PDBID
6VSB. The off state is chain A of PDBID 6VXX. See Extended Data Fig. B.1 for

description. . . . . . . . e

Inverse covariance matrix has strong interactions in a pattern that is much
weaker in the correlation matrix. We show the data from Fig. 4.2 with the
colormap set to the 95" percentile to show weaker interactions in the correlation

10 7 15 5 0, <

Covariance, correlation, and inverse covariance for y; — y; interactions. We
show corresponding y; —x interactions from Fig. 4.2. The covariance and correla-
tion matrices show banded patterns. Bands with purple indicate strong interactions
that were much weaker in the other replicate. The inverse covariance matrix shows

afaint contact map pattern. . . . . . . . ...

Similarity for covariance, correlation, inverse covariance, and mutual infor-
mation. We calculate the Jaccard similarity for the networks defined by these
four methods at different thresholds. We do this for the backbone-backbone and
sidechain-sidechain interactions, and also for the entire protein. See Extended Data
Fig. B.7-B.9 for adjacency matrix representations at representative thresholds.
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B.7 Representative thresholds for defining networks from the covariance matrix.

B.8 Representative thresholds for defining networks from the mutual information
matrixX. . . . . .. e

B.9 Representative thresholds for defining networks from the inverse covariance
MatriX. . . . . . .. e

B.10 Mutual information matrix shows sidechain-sidechain interactions are stronger
than backbone-backbone interactions. We show data for wild-type FimH; . Start-
ing with three replicate simulations of 200ns each, we show the mutual information
calculated from a, transition state analysis [15] with a core of 90 degrees and b,
from a histogram based approach. For each pair of angles, we define two sets of
unequally spaced bins at the deciles for each individual angle. These two sets of
bins are used to construct a 2 dimensional histogram. ¢, We then show six replicate
simulations of 20ns. The first three are truncated versions of the longer simulations.

B.11 The inverse covariance matrix has a ‘contact map’’-like network at multiple
thresholds. Using the same schematic as Fig. 4.3, with the threshold set at the
97 percentile, we show the covariance (top left) and inverse covariance (bottom
right) at various thresholds for visualizing the network: a, 90" percentile, b, 95th
percentile, and ¢, 98" percentile. . . . . . ... ... ...

B.12 Hierarchy of interaction strengths suggest a multilayer network. a, For qualita-
tively different interaction types, we show the distribution of interaction strengths.
We compare interactions within the same residue for different dihedral angles [i,
1], as well as interactions between different residues for the same dihedral angles
[i, j1. The backbone label indicates the collapse of backbone layers, as calculated
from the mean interaction strength for ¢ — ¢, ¥ — 1, ¢ — 1, and ¥ — ¢ interactions.
The box-and-whisker plots mark the 5, 25, 50, 75, and 95" percentiles, with the
median in blue, and outliers in grey. The Cys3-Cys-44 disulfide bond is shown
with a star in dark blue. b, For the collapsed backbone interactions, we show the
relationship between edge strength and Ca-Co distance. Stronger interactions are
associated with smaller distance. ¢, We show distributions of interaction strengths
for residue pairs with Ca-Ca distances that are far apart (> 20A) and close to-
gether (< 8A), residue pairs with backbone hydrogen bonds, and neighbors on the
primary sequence (i, 1+1). . . . . ..o Lo
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B.13 Sidechain interactions become weaker further away from the backbone. Grey
scale indicates absolute value of the interaction strength for the inverse covariance
for one replicate of wild type FimH, . a, Backbone dihedral (¢) interactions with a
distal sidechain dihedral () is weaker than b, interactions with a more proximal
one (x1). ¥ — X1 interactions still retains the contact map pattern. ¢, While
interactions between distal sidechains xs — x2 do not have a clear pattern, yet, d,
between proximal and distal sidechains (x; — X2), there is still a slight pattern. . . 165

B.14 Network comparison for wild type and mutant FimHj, for all inferred edges.
For wild type - mutant, we show edges stronger in the wild type in blue, and those
for the mutant in red. We show two versions: a, without thresholding and b, requir-
ing differences to be larger than the 97, percentile of edge interaction strengths.
We do not apply any filters based on distance, secondary structure, or other struc-
tural information. . . . . ... L. Lo 166

B.15 Using networks of inferred interactions to identify stabilizing interactions with
the Siglec-8 CC’ binding pocket loop. a, Apo Siglec-8 with the residues of the
CC’ loop (Ala53-Pro62) and the proposed interaction with Arg70 with Pro57 and
Asp60. For reference, we also label the Arg79-Asp102 salt bridge and the Cys31-
Cys91 disulfide. b, The section of the inferred network that includes the disulfide
bond, Asp102, and all the strong interactions with and within the CC’ loop. Nodes
are labeled with the residue index. Edges that indicate strong interactions above
the 97, percentile are shown in orange for those within the loop, in grey for those
outside the loop, and in blue for outside connections to the loop. Thicker edges
indicate stronger interactions. Arg70 only has a strong interaction with Pro62
at the hinge of the loop. Relative to the Arg70-Pro62 edge, the interactions for
Arg79-Aspl102 and Cys31-Cys91 are 3.7 and 7.1-fold stronger. The strongest in-
teractions involving the CC’ loop are internal interactions and external interactions
with Pro62 and Ala53. This suggests a different mechanism for the rigidity of the
CC 100D, . . o e e 167

B.16 Impact of ligand-binding and removing the Cys31-Cys91 disulfide bond on
Siglec-8. Difference in inferred network interactions for a, apo vs holo states, as
well as b, the holo state with the disulfide bond vs with the bond broken in silico.
Due to the difference in inferred interaction strength at the disulfide bond between
apo and holo Siglec-8, we also compared ¢, the apo state with the disulfide bond
intact vs the holo state with the bond broken. We use the same representation
scheme as in Fig. 4.4. We show landmarks on the bottom and left borders: CC’
loop (orange), GG’ loop (purple), and the evolutionarily conserved Asp90-Cys91-
Ser92 motif (green). . . . . . . . L 168



B.17 Impact of up, down, or off state for the SARS-CoV2-spike protein RBD-SD1
domains. In the up state (PDBID 6VSB, chain A), the RBD is accessible to
bind human ACE2 for viral attachment. In the neighboring protomer’s down state
(PDBID 6VSB, chain B), the RBD is hidden. In the off state (PDBID 6VXX, chain
A), all RBDs are hidden. Difference in inferred network interactions for a, down
vs up states, b, down vs closed states, ¢, and up vs closed states. We use the same
representation scheme as in Fig. 4.4 and Extended Data Fig. SB.16. . . . . . . ..

B.18 Network inference for the trimeric spike protein. a, Backbone-backbone inter-
actions for the trimer, with -1 interactions highlighted by the blue box. The first
protomer is shown with a purple box. b, Zoomed-in view of the first protomer’s
Y- INLETaCtiONS. . . . . . . o . e e e e e e e e e e e e
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CHAPTER 1
INTRODUCTION AND BACKGROUND

1.1 Emergent properties of protein motion

How do the different parts of a protein move? Are some parts floppy, or more rigid? While many
drugs target proteins based on static structure, such as the shape of the binding pocket, a better

characterization of protein motion makes it possible to target regions based on dynamics [1], [2].

1.1.1 Molecular dynamics simulations

In order to characterize protein motion, scientists turn to computer simulations called molecu-
lar dynamics (MD) simulations [3], [4]. MD simulations provide spatiotemporal resolutions that
would be difficult-to-impossible to obtain experimentally, depending on the modality [3]. It is
possible to track the motion of every atom and make a movie of protein dynamics. Using MD sim-
ulations to characterize proteins is becoming increasingly more common as computational power
grows [5]. Protein MD simulations have been performed for different types of proteins, including
enzymes, receptors, and structural proteins. The proteins selected have ranged from oligopeptides
to large systems, such as viral capsids. Simulation timescales range from picoseconds to about a
millisecond [6].

In the Keten group, simulations are usually on the order of ~ 10 — 100 nanoseconds with
1—10 picosecond resolution. The picosecond-to-nanosecond timescale is comparable to sidechain
flipping and loop motions observed by nuclear magnetic resonance (NMR) experiments [4]. While

our simulations are too short to sample biologically relevant timescales, such as conformational
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changes [4], we can still compare the difference in dynamics for different protein states. For
example, we can see if the same protein region is floppier in one state than in another. Moreover,
MD simulations do not completely recapitulate real protein dynamics, and the model assumptions
are continuing to improve. For example, most simulations in the Keten group use a simplified
model of water that introduces inaccuracy. (See Ch. 2 for a more in-depth discussion of how
protein dynamics work.) As a result, we focus on methods to analyze MD trajectory data, which

will hopefully remain relevant as models improve.

1.1.2 Analysis of MD simulations

Historically, a common framework for analyzing protein MD simulation was to focus on regions
identified as important for protein function based on experimental work, such as studying the im-
pact of mutations on function. However, it is increasingly possible to generate large MD simulation
datasets for proteins with known structure, but poorly characterized function. While still valuable,
human insight may not have the capacity to analyze the growing amount of MD trajectory data.
The amount of data will likely continue to grow with computational power and the number of pro-
teins with solved or accurately predicted protein structures. Excitingly, Google’s AlphaFold can
now predict protein structure with accuracy comparable to experimental approaches and can be
combined with experimental data to solve particularly complex structures [7].

Developing automated approaches for analyzing MD trajectory data is also timely because in-
creasing amounts of data by simulation groups are now available in depositories. Data depositories
such as NOMAD and Dryad are growing due to efforts to improve reproducibility and open-source
science [8]. There are also dedicated protein MD simulation depositories [8] such as MoDEL [9]
and Dynameomics [10] that seek to identify motifs and phenotypes based on dynamics, in parallel

with structural characterization. During the international crisis caused by the covid19 pandemic,
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MolSSI [6] provided a list of MD trajectories available for analysis. This included unprecedented
millisecond-timescale data from distributed computing across people’s personal devices on Fold-
ing@Home platform, greater than the combined computing power of the top 100 supercomputers
[6].

As a result, there is a need for automation, as some MD datasets are already beyond the ca-
pabilities of individual humans to examine visually. Due to the increasing automation of protein
structure determination and MD simulation production, this need for automated analysis meth-
ods will continue to grow. Moreover, automated approaches may be less biased and may identify

important regions that were previously overlooked.

1.1.3 Network analysis of protein dynamics

Instead of focusing on one or two identified regions, what would we find if we considered the
dynamics of the protein as a whole and looked for emergent properties? A hierarchy of properties
resulting in complex behavior at higher levels has been found in a variety of biological systems
[11], [12]. One approach that has been previously applied to proteins is network analysis. To
abstract a protein as a network, each node is an atom (or group of atoms), and each edge is an
interaction (e.g. within a cutoff distance to describe physical contact) [13].

It is useful to abstract proteins as networks because there are a variety of well-developed anal-
ysis techniques used in the field of network science [14] that may provide leverage for understand-
ing proteins. Introducing mutations, chemical modifications to an amino acid, or a ligand may be
analogous to modifying edge and node properties. The number, length, and redundancy of paths
connecting one part of the network to another may be applicable to studying allostery, where one
protein region regulates another, distant region. The difference in the pattern of edges, that are

more interconnected in some regions and others, hints at the existence of communities. These
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communities may describe protein regions that move together, which is important both in allostery
and in identifying the hierarchical building blocks for protein dynamics.

There is a decades-old historical basis for thinking of proteins as networks. Three commonly
used methods used to construct networks from protein MD simulations are mutual information
of dihedral angles, dynamic cross-correlation, and elastic network models. These methods are
described in more detail in Ch. 2.

Looking at movies of protein MD simulations, some protein regions appear to move together,
which has been described as correlated motion [15]. Thus, networks can be defined directly by
setting the edges equal to correlative measures. The mutual information of dihedral angles captures
nonlinear correlations of protein parts that can rotate around the axis of a bond [15]. Instead of
focusing on bonds, it is also possible to use the Cartesian positions, focusing on the vector of
fluctuations away from an equilibrium position. Dynamic cross-correlation measures the alignment
of these fluctuations [16]. Instead of using correlative measures directly, it is also possible to solve
for an underlying model that can give rise to the observed correlations. Elastic network models are
a popular type of underlying model [17], [18].

While these methods have provided valuable, each has its own limitations that are described
in more detail in Ch. 2. The elastic network model and the dynamic cross-correlation methods
both use alignment procedures to calculate fluctuations relative to the equilibrium. The “artifacts”
introduced by alignment has also been well-characterized [19]. In the mutual information method,
the use of an internal coordinate system of dihedral angles neatly sidesteps the alignment step.

Conceptually, there is clearly a difference between edges identified by a correlative measure,
i.e. mutual information or dynamic cross-correlation, and by an underlying model, i.e. an elastic
network model. In the field of network science, solving the inverse problem for a system that

can produce the observed dynamics is well-established, while the problems with using correlative



34

Figure 1.1: Adenylate kinase can be described as sub-structures. a, The core (black) and lids
(greens) of adenylate kinase in the open state (PDBID 4AKE). b, Structure of the closed state
(PDBID 1AKE, red) overlaid against the open state (black).

measures as a substitute for the structure are well-characterized [20].

As a result, these commonly-used methods often yield different network constructions from

the same MD simulation dataset. It is not clear how to select a network for subsequent analysis.

1.1.4 Community detection on protein networks

Another analysis step that benefits from tools developed in network science is community de-
tection, which abstracts proteins as regions larger than atoms, bonds, or amino acids. This is
analogous to coarse-graining, an approach used to reduce degrees of freedom up speed up MD
simulations [3]. Proteins have hierarchical structure: secondary structure motifs, such as helices
and [-sheets, are combined in super-secondary structures and the “architecture” level of structure
classification [21], such as S-sandwiches.

Identifying protein regions that move together is a useful step for characterizing protein MD
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simulations that relates dynamics back to structure and forwards to function. A model protein
for studying dynamics is adenylate kinase 1.1 that resembles a box-like “core” with two flap-like
“lids” [22]. The motion of each lid region relative to the core region describes ligand-binding [22].
In the protein folding process that starts from a chain of amino acids and ends with a structured,
enzymatically active adenylate kinase protein, each lid region is thought to fold noncooperatively
from the core region [23].

Moreover, the core is actually a collection of stiff regions connected by flexible hinges. The
faster, picosecond-to-nanosecond timescale fluctuations of the hinge dynamics facilitate rearrange-
ments that enable the slower, microsecond timescale motion of the flaps, by restricting or freeing
space available for motion [22]. This indicates a hierarchy of protein structure related to dynamics
at a hierarchy of timescales [22]. Functionally, these hinge motions are more restricted in adeny-
late kinase found in Archaea that grow at extremely high temperatures, explaining its high thermal
stability [22]. The example of adenylate kinase illustrates the utility of using dynamics data to
abstract the protein structure as a hierarchy of regions.

Similar to the problem of network construction, it is not clear how we should go about detecting
protein regions using a network analysis approach called community detection [24]. A variety
of approaches have been applied to proteins [25]—[27], and different approaches have identified
different partitions for the same protein [26], [28], [29]. In Ch. 2, we describe a community
detection method used in network science that avoids some of the pitfalls of methods commonly
used in protein science. This approach, called stochastic block modeling, avoids user-specified
parameters for the number and size of communities and can detect small communities on large
networks [30], [31]. We choose this approach to begin our explorations of community detection in

proteins in Ch. 5.
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1.2 Scope and Objective

Can the process of constructing networks and detecting communities be made more parsimo-
nious? We will strive for as little user-provided information as possible, avoiding information
about previously-identified interactions, regions, secondary structure, domains, etc. Instead, we
will focus on getting as much information as possible from automated analysis of MD trajectory
data. This supports our goal to identify emergent properties from protein dynamics in an auto-
mated fashion. We will use develop and validate our tools on FimH and then apply them to two
other proteins, Siglec-8 and the SARS-CoV-2 spike protein, which will be described in more detail

below. For more details about our computational approach, see Ch. 2.

1.3 Protein systems

1.3.1 Bacterial FimH

We began with a well-characterized protein, FimH, found on bacteria causing urinary tract infec-
tions (Fig. 1.2a. When urine flows, these bacteria stick to human cells with hair-like structures
called fimbriae, like the barbs of a cocklebur. The end of the fimbriae close to the bacteria is called
FimA, and the part that sticks to human cells is called FimH. FimH has a lectin domain that binds
a sugar (mannose) on the surface of human cells, and a pilin domain that connects to the rest of the
fimbriae [32]. As a result, FimH is a drug target for preventing urinary tract infections, rather than
treating with antibiotics afterwards to kill the bacteria [32].

Beyond its medical importance, FimH has interesting mechanical properties. When urine
flows, shear flow pulls at the bacteria-human attachment, stretching FimH [33], [34]. Tensile
force is thought to separate the two domains of FimH and then trigger a conformational change

in the lectin domain. This changes the shape of the lectin domain’s binding pocket, increasing
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a FimH2 FimHL b siglec-8
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Figure 1.2: Proteins studied. a, The bacterial adhesin FimH2 in the full-length two-domain struc-
ture with low affinity for ligand (red) and with high affinity (black). The lectin domain of wild-
type FimH has high affinity for ligand. b, The human immune adhesin Siglec-8 lectin domain
in the holo (ligand-bound) state (PDBID 2N7B). ¢, The SARS-CoV-2 spike protein with three
rotationally-symmetric protomers (red, blue, and black). The darker shades indicate the RBD in-
volved in viral adhesion. The lighter shades indicate a stalk-like region responsible for viral entry

into human cells. The medium shades indicate other protein regions. For one protomer, we show
the RBD, SD1, and SD2.
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its affinity for the mannose found on human cells [33]-[35]. Ultimately, the ability to bind with
higher affinity in the presence of tensile force, or catch-bond behavior, allows the bacteria to stay
bound during urine flow and retain mobility otherwise [32]. FimH’s interesting mechanical ability
is analogous to a children’s toy, the Chinese finger trap, that wraps around two fingers and tightens
when pulled [36], [37].

The biophysical mechanism underlying the catch-bond behavior is thought to be conforma-
tional allostery. Allostery means that a change in one part of the protein affects the function of
another, distant part. In FimH, the interdomain region that is stretched is the allosteric site, which
regulates the binding pocket. Conformational allostery means there is a marked change in protein
structure, in contrast to dynamic allostery, where the structure does not change (much) [38]. Thus,
FimH has interesting medical, mechanical, biophysical properties that makes it a model protein for

studying conformational allostery [39].

1.3.2 Human Siglec-8

After studying FimH, we then search the Protein Data Bank and identified other proteins with sim-
ilar structure to study, and one happened to be studied at Northwestern University. Like FimH,
Siglec-8 is a lectin, a protein that binds sugar (Fig. 1.2b). Both have an immunoglobulin-like
fold with two [3-sheets arranged in a S-sandwich [33], [40]. However, Siglec-8 is a human protein
found on immune cells and binds sugars on other human cells. Since these sugars indicate the cells
are ‘self’ and not foreign intruders, Siglec-8 plays a role in the immune system’s self-recognition
and promotes immune tolerance [41]. Binding Siglec-8 causes the death or inactivation of inap-
propriately over-active immune cells [42], [43]. As a result, Siglec-8 is a potential drug target for

treating allergic asthma and rhinitis
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1.3.3 SARS-CoV-2 virus spike protein

During the covid19 pandemic, we also studied the spike protein of the SARS-CoV-2 virus. The
spike protein allows the virus to adhere to and then enter human cells, which is the first step
in infection. We focused on the adhesion step and the spike protein’s receptor binding domain
(RBD), which recognizes a protein receptor on human cells [44]. The RBD only has one central
[-sheet [45], [46] unlike FimH and Siglec-8 which both have two. Moreover, the RBD could not
be modeled alone, unlike the lectin domain of FimH or Siglec-8. MD simulations of the RBD by
itself became unstable at the interdomain region. As a result, we modeled the RBD along with the
domain below it, sub-domain 1 (SD1), as well as the one below that, sub-domain 2 (SD2) [45]. By
choosing the places to truncate the model carefully to avoid instability, we were able to model this
section of the spike protein separately.

We were also interested in the motion of the RBD relative to the entire spike protein. The spike
protein is a trimer, with three rotationally-symmetric units, each with one RBD. In experimental
studies, the spike proteins on the viral surface can have zero, one, two, or all three RBDs pointing
‘up’ and available for binding to the surface of human cells. It has been hypothesized that when
the RBD is not available, the virus is more hidden from the immune system, since some antibodies
only recognize the ‘up’ state[47]. However, other antibodies recognize the ‘down’ state, while
others recognize different protein regions [47]. Since the spike protein is large, we were fortunate
that the emergency nature of the covid19 pandemic led to the Bowman group [6] and others making

their MD simulation data available online through MolSSI [6].
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1.4 Thesis layout

Chapter 2 provides an overview of our computational approaches, with an emphasis on analyzing
synthetic data generated from toy models. In these toy models, the network structures are known.
We provide visualizations showing that the inverse of the covariance matrix can recover the original
network, while correlative measures such as the covariance and the mutual information cannot.
While useful as an illustration, it is not intended as a rigorous mathematical derivation or for
benchmarking network construction methods. Instead, we build on the large body of work that has
already been completed by others in the network science field.

In Chapter 2, we describe our rationale for using the inverse covariance matrix of dihedral
angles, an internal coordinate system that requires circular statistics. In Chapter 3, we use cir-
cular statistics to describe the dihedral dynamics of a protein, FimH. We focus on differences in
dynamics for FimH in different functional states.

In Chapter 4, we actually apply the inverse covariance matrix to dihedral dynamics. We fur-
ther show the advantages of network construction using the inverse covariance of dihedral angles,
rather than the covariance, correlation, or mutual information matrices. In addition to robustness
and interpretability, the inverse covariance matrix shows a hierarchy of interaction strengths that
resembles the qualitatively different types of interactions found in a protein. We also provide
examples of identifying protein regions of interest for FimH, Siglec-8, and a component of the
SARS-CoV-2 spike protein.

Chapter 5 summarizes our analysis pipeline, from dihedral dynamics to networks reconstruc-
tion to identifying protein regions of interest. Using the interactions we identified from dynamics
in Ch. 4, we apply a community detection method from network science to automatically parti-

tion the protein into regions. Protein community detection may be useful for identifying emergent
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organizational structure, as well as reducing proteins into simpler components for coarse-grained
simulations. We also summarize the limitations of our approach, and how some of these limitations

may be addressed in the future.
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CHAPTER 2
COMPUTATIONAL METHODS

In the Introduction, we described molecular dynamics (MD) simulations as a method to study
protein dynamics. After briefly outlining how MD simulations are produced, we describe how
we were inspired by the curse of dimensionality to develop simpler synthetic systems. We used
the simpler systems to gain intuition about analyzing dynamics with tools from network analysis.
We then returned to analyzing proteins using these tools. We focus on using dynamics to infer

structural relationships, and then analyzing structure to identify regions that tend to move together.

2.1 MD simulations to study protein motion

2.1.1 MD simulations

There are many flavors of MD simulations that are suitable for answering different questions, such
as extremely large systems, long timescales, and exploring rare events [3], [4], [48]. We focus on
all-atomistic MD simulations in water, which means we look at every atom in the protein and a
shell of water around it.

To perform MD simulations, the main ingredients are a protein structure, the simulation engine,
and the force field. The protein structure gives the initial positions for every atom. The positions
of atoms that could not be solved experimentally are guessed using tools such as CHARMM-
GUI [49] or VMD [50]. The simulation engine performs the calculations that move the atoms
over time. At every time step, it tabulates the forces each atom experiences from different types

of interactions with other atoms, e.g. covalent, hydrogen bonding, van der Waals, etc. We use



43

NAMD [51] because it is free, has good parallelization, and others in the Keten lab had used
it before. Other good options are GROMACS [52] and OPENMM [53], which are also free,
and AMBER [54], for which Northwestern has an institutional license. The choice of force field
defines the preferred shape of components (topologies) and the energetic penalty for moving away
from those shapes (parameters). The force field also determines the options available for modeling
water. The Keten group usually uses the CHARMMS36 force field with the TIP3P water model [55].
While the commonly-used TIP3P water model’s rigidity improves computational performance, this
simplification does limit accuracy and affects protein dynamics [56].

This is an extremely simplified overview to highlight the ideas of a preferred structure, some
energetic cost for less preferred structures, and using simulations to observe which structures can
be realistically explored. For more detailed procedures see the Methods section of Chapter 3 and

other papers by the Keten group.

2.1.2 In silico manipulations

The ~ 100 nanosecond timescale of protein MD simulations typically used in the Keten lab is
on the order of loop and hinge motions [4]. While it is possible to study faster processes such as
sidechain fluctuations, we cannot sample slower processes such as conformational changes. As a
result, we only observe the impact of the manipulations we perform on these fast dynamics, but
we cannot predict how these changes affect the global structure. However, these limitations have
the benefit of keeping our in silico perturbations localized in space. For example, in reality, the
removal of a disulfide bond may affect the conformation of the protein, but we can use it like a

thought experiment to detect local changes in dynamics.
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2.2 Network inference from protein dynamics

One difficulty with developing methods for protein MD simulations is the curse of dimensionality.
The lectin domain of FimH has N = 158 amino acids, or 2,360 atoms. We can pretend each amino
acid is only one atom on the stiff backbone, the Car atom, a commonly-used simplification. If we
want to study allosteric motion, where components move in concert, we would have to consider
nN interactions, where n ~ 8 is the number of neighbors. This is similar to a type of elastic
network model, called the Gaussian network model, that treats interactions between all neighbors
as isotropic linear springs.

In another type of elastic network model, called the anisotropic network model (ANM), the
springs are directional [17], [18]. An added benefit of this model is that it only requires us to
track the motion of each Ca atom, reducing the multiplier from n to the three dimensions of
Cartesian space. After calculating the 3N X 3N covariance matrix, its inverse yields a matrix of

the directional stiffnesses. This inverse of the covariance matrix is also called the Hessian matrix.

C™'[3N x 3N] ~ H[3N x 3N] .1)

Another method to examine concerted Cav motion in Cartesian space is the dynamical cross-
correlation (DCC). For a pair of two atoms 7, j, DCC detects correlative motion as the dot product
of a pair of atom displacements, Ar;, Ar;, normalized by the magnitude of each displacement.
These calculations are over the ensemble average, (), i.e. over all timesteps, ¢, for a single MD

simulation.

<A7’i . AT’j>t

DCC;; =
T VAR (AR,

(2.2)
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Figure 2.1: Diagram of protein backbone and sidechain dihedral angles. Atoms are labeled
with the atom naming convention used by the Protein Data Bank, where C'«v is CA, C'3 is CB, Cy
is CG, C'¢ is CD, etc. Backbone dihedral angles are defined using C;_1-N,;-CA,;-C; atoms for ¢ and
N,-CA;-C;-N;,, atoms for v (red). Sidechain dihedral (or rotamer) angles x;-x5 are shown for
Arg (blue). x; is the closest rotamer to the backbone and is defined by N-CA-CB-CG. In contrast,
the most distal rotamer, s, is defined by CD-NE-NZ-Nh1. We further developed a system for
reducing degrees of freedom by defining the custom pseudo-dihedral angle (v) from N-CA and
the last two atoms from the most distal dihedral angle For arginine (Arg), we use N-CA-Nz-Nhl.
Similarly, we use N-CA-CG-CD for proline (Pro) because x; is defined by N-CA-CB-CG, and x>
is defined by CA-CB-CG-CD (green).

Despite the advantages of ANM and DCC, 158 x 3 is still 474 degrees of freedom. Another way
to simplify backbone motion is to describe each amino acid with two internal dihedral angles, ¢
and 7 on either side of the Car (Fig. 2.1). This reduces the degrees of freedom to 158 x2—2 = 314.
We subtract two because each Car on the two ends of the protein only has one neighbor. While this
reduces the degrees of freedom, the periodicity of dihedral angles necessitates the use of circular
statistics [19].

The methods to simplify protein motion mentioned so far have focused on the backbone and
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have completely neglected the floppy sidechains that branch off the stiff backbone. Analyzing
sidechain motion is important because they interact with the ligand. Sidechains also interact with
each other through strong covalent interactions like disulfide bonds, as well as non-covalent in-
teractions like hydrogen bonds, salt bridges, polar interactions, and van der Waals interactions.
Fortunately, like the stiff backbone, sidechains can also be simplified as one to five dihedral an-
gles, depending on the length of the sidechain. Yet another approach to characterize protein motion
uses mutual information to capture nonlinear correlations of both backbone and sidechain dihedrals

[15].

2.2.1 How should we infer networks from protein dynamics?

Trying to develop methods to analyze the complicated dynamics of a system with hundreds of
degrees of freedom is extremely challenging. It is even more challenging to try to develop network
analysis methods when we are not sure what the network should look like, since different methods
produce different networks.

Of the methods we briefly described, ANM and DCC yield qualitatively similar interaction pat-
terns that resemble the residue-to-residue distance map of the protein [57]. However, both methods
depend on displacements in Cartesian space, Ar;;, which are calculated by aligning protein struc-
tures to a reference structure. This alignment step has been shown to produce dramatic artifacts
for proteins with hinged motion, as well as more subtle artifacts for small, globular proteins [19],
[58].

In contrast, the use of internal coordinates for dihedral angle dynamics avoids the alignment
step and can more accurately identify motions observed experimentally [59]. Including both back-
bone and sidechain dihedral dynamics better reflects the complexity of real proteins, without in-

creasing degrees of freedom as quickly as Cartesian descriptors. These beneficial features are
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found in the networks constructed from the mutual information of dihedral angles. However, net-
work inference from correlative measures such as mutual information is also known to produce
distorted views of the original network [20], [60].

Besides inferring network structure from dynamics, it is also possible to directly use the pro-
tein structures from the MD simulations. These usually take the form of residue-to-residue contact
maps or interaction energy maps [13], [61]. Contact maps connect residues within a particular
distance cutoff that can range from 4.5 [62] to 15 A[17]. Similar, interaction energy maps con-
nect residue pairs above a particular interaction energy threshold [62]. The enthalpic component
of residue interaction energies is usually calculated without water, which affects Coulombic in-
teractions and indirect couplings where residues are bridged by a water molecule [63], [64]. The
entropic component is often neglected [65] or estimated from an elastic network approximation
that uses an alignment step [63].

These considerations complicate network construction directly from protein structure. Fortu-
nately, we know from ANMs that structural information is already encoded in the dynamics. The
structural information can be retrieved from the inverse of the covariance matrix [17], [18]. The
inverse of the covariance matrix is more accurate for network inference compared to using cor-
relative measures [20], [60]. In addition, it is one of several approaches for network inference by
solving the inverse problem for a network structure that can produce the observed dynamics [20],
[60]. In the next section, we describe our efforts to build upon these advantages of using ANM
for network inference, by replacing Cartesian coordinates with the internal coordinate system of

dihedral angles.



48

2.3 Network inference from the inverse covariance matrix of dihedral angles

Using dihedral angles enables us to easily account for sidechain dynamics, and by using an internal
coordinate system, we avoid the artifacts introduced by the alignment step. In real proteins, dihe-
dral angles have steep energy wells (two for backbone dihedrals and three for sidechain dihedrals)
in order to maintain the planarity of the peptide bond and to avoid steric hindrance by staggering
bulky sidechains.

Let’s start by making the inaccurate, but simplifying, assumption that each dihedral angle has
a harmonic potential energy function centered around one preferred orientation. This is only rea-
sonable for short, picosecond-timescales, which is usually faster than the timescale for backbone
dihedral flipping [4]. Moreover, let’s assume that dihedral angle pairs only have linear coupling,
which neglects nonlinear interactions and many-body interactions. This might be reasonable be-
cause the covariance matrix of dihedral angles has been successfully used for principal component
analysis to capture important motions involved in protein folding [58], [59]. Moreover, torsional
network models (TNMs) of protein dynamics with coupled dihedral angles can recapitulate some
aspects of protein motion [66]. However, unlike TNMs, we allow the coupling to vary among
dihedral pairs.

We can describe these linearly coupled dihedral angles as the Hessian matrix, H, where H;; is
the coupling constant between a pair of dihedrals, 7, j. A positive coupling indicates rotation in the
same direction, like two windmills blown on by the same breeze. A negative coupling indicates
rotation in opposite directions, like an eggbeater. Note that since almost all amino acids have two
backbone dihedrals, and some have several sidechain dihedrals, the coupling between two amino
acids is actually a submatrix. This makes sense because two amino acids may have a backbone

hydrogen bond, and the side chains may also be involved in a salt bridge, disulfide bond, or other
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interactions.

energy

———34;. Radians are a unitless

The harmonic coupling assumption means that H;; goes as
measure, so H;; has units / = Nm, but we find it easier to use .J/ rad?. Some combination
of angular displacements from equilibrium, 6, then produces the torque vector f = —H6. The
potential energy difference from that at equilibrium is AU = [ —fdf = $6"H6.

We can also the use the Boltzmann relationship to describe the probability of a particular
configuration in terms of angular displacements, 6, as p[f] ~ exp[—AU/kyT]. The exponent is
—0THO/(2k,T) and can be rearranged to —%GT(,%LTH)Q. This yields the probability distribution

function in terms of H as
0] = eapl— =07 (— H)0) (2.3)
PET =Pl T '

By recognizing the form of a multivariate Gaussian distribution with covariance matrix C is

pld] = exp[—%GTC_IQ] (2.4)

we can see the inverse relationship between the Hessian and covariance matrices. This is the
same as for ANMs (eq. 2.1), except that ANMs use Cartesian displacements.
1

k:b_TH =C! (2.5)

One advantage of this hand-wavy derivation is that we can set up a toy model to generate syn-

thetic data by sampling a multi-variate Gaussian distribution with covariance matrix C = k,TH™'.
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2.4 Toy models for studying network inference

Toy models that can generate synthetic data are useful for developing intuition for a system. As we
are not mathematicians, these toy models helped us examine the covariance matrix and its inverse,
which is well-established [20], [60], but new to us. This approach is also First, we use multi-variate
Gaussians to study this relationship for non-circular statistics. Then, if we were mathematicians,
we might have tried to do this for von Mises distributions, which are the circular random variable
equivalent to Gaussians. Instead, we used spin models in order to explore continuous and discrete
distributions of circular variables. It made sense at the time because we already knew that the

dihedral angles did not follow Gaussian or von Mises distributions.

2.4.1 Gaussians

First, we study a network with edges indicate coupling by a linear spring in a model that does
not account for the orientation of the edge. This network can be represented as an adjacency
matrix, where each A;; > 0 indicates a connecting edge (Fig. 2.2a). The adjacency matrix can
be converted into a Laplacian matrix, L;.; = —A;; and L;—; = ZZ < A;;. The Laplacian matrix
can be inverted to generate the covariance matrix (Fig. 2.2a). This feature makes it easy to use the
multi-variate Gaussian distribution to generate synthetic time-series data, where the displacement
at each time-point is independent from the next. This synthetic data can be used to calculate sample
covariance matrix, which can be inverted to recover the sample Laplacian and adjacency matrices
(Fig. 2.2b).

To evaluate the accuracy of network inference, we compare the weights on the recovered ad-
jacency matrix for true edges and non-edges (Fig. 2.2b). To quantify the comparison, we use

the Kolmogorov-Smirnov (K-S) distance between the distributions of edges and non-edges. The
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K-S distance between distributions with perfect separation is K'S = 1. When KS = 1, we

construct a modified K-S (mKS) distance by adding the distance between distributions, mK.S =

1+ mTZQZ[[ZZ iﬁiﬁiiﬁiﬁiﬁiy Otherwise, mK S = K S. Using the mKS distance, we show that the
gap between true edges and non-edges narrows with smaller sample size (Fig. 2.2¢). (Note that
mKS is not a true distance. It is just helpful for monitoring gap size.)

Using this framework, we can also generate synthetic time-series from the same distribution,
but with a temporal auto-correlation, 7, using a Monte Carlo process [67]. This makes it possible
for us to decouple the effects of fluctuation size (k, 1) relative to system noise (¢ ~ N(0,1)) and
the effects of auto-correlation time (7). The auto-correlation time constant is considered relative
to the time-series length, 7. Using the same network, the example in Fig. 2.3 shows that lower
kyT' /o and shorter 7/7 decreases the accuracy of network inference. We then show the accuracy
network inference by stepping through a grid of k,7"/o, and 7 values in Fig. 2.4.

In molecular dynamics simulations, the the simulation temperature and the structural properties
of the protein have complex interactions with each other to affect the fluctuation size, thermal noise,
and auto-correlation. This can be seen as a natural consequence of temperature-dependent noise,
instead of our contrived choice of constant o.. Nevertheless, this multivariate Gaussian toy model
provides a sense of conditions where network inference is not possible. While not done here, it

could be made more complicated by using multiple 7 to make data quality more variable across

the network, by adding a forcing function, or by substituting a more useful network structure.

2.4.2 Spin models

While the Gaussian multivariate model was useful for developing intuition, Gaussian random vari-
ables have domain (—o0, 00), and dihedral angles are restricted to (—, 7]. As a result, we turned

to Markov Chain Monte Carlo (MCMC) simulations of spin models on networks [68].



52

Adj
a 3—2
nd N 8
4
\ %/ ,
Nyl g” 0
b2o -
8
15 +
] 6
C
3 10+ 4
O
5 2
l 0
0_
C
4. 8
] 6
S
S 24 4
2
0
i Edge weight 0 2 4 6 8
—

0.0 05 1.0 1.5

Figure 2.2: Procedure for synthetic data generation and network inference using Gaussians.
a, The network with N = 10 nodes can be represented as an adjacency matrix and subsequently
converted into an Laplacian matrix. The inverse of the Laplacian matrix is the covariance matrix,
which is used to construct a multi-variate Gaussian distribution. b, We draw 7 = 100N? inde-
pendent samples from the multivariate Gaussian distribution. Data is used to construct a sample
covariance matrix, which is inverted to recover the Laplacian and adjacency matrices. Using the
recovered adjacency matrix, weights for true edges are shown in black, while those for non-edges
are shown in red. K.S = 1 because there is perfect separation, and mK.S =1+ 0.9 = 1.9. ¢, The
same procedure for only 7 = N2 samples has KS = 1 and mKS = 1.3
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Figure 2.3: Example of network inference with poor data quality. Compared to the a, ground
truth network, the b, network recovered under good conditions (no noise, no auto-correlation) is
better than the networks recovered from data quality with ¢, low fluctuation size relative to noise
(kyT' /o, = 10 or d, less data relative to the auto-correlation length 7 /7 = 10. For ease of
comparison, we use the same network and repeat panels a and b from Fig. 2.2. For each, we show
the adjacency matrix.

The Ising model is an example of a discrete, 2-state spin model, where the spin can be in the
“up” or “down” states. A pair of spins are in a low-energy state if they are aligned. In traditional
Ising models of ferromagnetic materials, each spin is affected by neighboring spins on a lattice.
Instead of the Ising model, we select for our spin models the Potts model with ¢ = 3 discrete states
and the XY model with continuous spin states from (—, 7|. We also replace the regularly-spaced
lattice with a different network structure.

In MCMC simulations of spin models on networks, each node is a spin, ¢. Each edge con-
nects two nodes (i, j) and indicates the spins have interaction energy E,; = —.J;;cos[¢;, ¢; Where

T

the edge weight J;; = 1. At each MC step, we trialed a perturbation |¢| < % at a selected

spin. A perturbation at node ¢ would change the interaction energy with another node j to F;; =
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Figure 2.4: Network inference accuracy depends on data quality. We perform the network
inference procedure for several replicates, varying noise relative to fluctuation size (o /k,T") and
the amount of data relative to auto-correlation (7 /7). To assess accuracy, we use our modified K-S
distance, which is higher than 1 (red line) when there is complete separation of the distribution of
edges from non-edges. For incomplete separation, this is just the K-S distance. More noise reduces
the accuracy of network inference, as shown by the lower mKS distances of the orange and blue
data compared to the black data with no noise. Longer 7 also limits accuracy by reducing the
amount of data available, as shown by the lower mKS distances for low 7 /7.
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—Jijcos[¢; + 0¢; — ¢;]. Thus, the change in energy would be

dE;; = —Jij(cos|g; + 6¢; — ¢;] — cos[p; — ¢j])

= 2Jijsm[%b]sin[¢i + % — 5]

(2.6)

The total change in energy after accounting for all nodes connected to ¢ on the network is
dEi =2 ; dF;;. The Metropolis Monte Carlo algorithm is a Markov Chain, where attempting
a perturbation is equivalent to attempting to move from one configuration to another one. To
ensure detailed balance in a Markov Chain, the probability of changing from configuration a to
configuration b (IIja — b]), and the probability of being at a particular configuration (FP,), are
related as I1[a — b]P, = TI[b — a]P,. This ensures the net flux is zero. This yields a calculatable
value for the ratio of forward and backward transitions between the configuration states as related

to the difference in energy, without requiring a calculation for the partition function Z.

H[b — CL] . Pa
Ma — b P,
) 2.7
B

where the notation 3 = (k,T')~! saves space. This means always accepting a favorable config-
uration change a — b, i.e. AE = E, — E, > 0. Unfavorable moves are accepted with probability
Pla — b] = exp[—AEf]. This algorithm is biased towards configurations of the system near
equilibrium, which are more common and relevant to calculating average behaviors, rather than
rare configurations.

Our selection of nodes for applying perturbations is only semi-random. Every node is visited
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at an equal and consistent rate by forcing the selection to make “sweeps” of the whole network.
Within each sweep, each node is visited only once, although in random order for each sweep. This
seems to increase the equilibration speed of the system, although this may affect the calculation
of auto-correlation. To reduce the effect, we only report spins every few sweeps when generating
time-series data.

Using this synthetic data, we show that the inverse covariance matrix also recovers the network
structure for discrete and continuous spin models (Fig. 2.5, even though the spin models differ from
multivariate Gaussians. First, the discrete and continuous spins explore non-Gaussian distributions.
The discrete model is multi-modal, and the discrete nature is analogous to extremely positive
kurtosis. The continuous model is analogous to a uniform distribution. Moreover, unlike our
multivariate Gaussian model, the coupling interactions are not harmonic, i.e. dE is not A¢?. The
relationship between the Boltzmann inversion using eq. 2.6 and the form of the multi-variate
Gaussian probability distribution function in eq. 2.4 are not immediately obvious and beyond our
current capabilities as non-mathematicians.

Lastly, our use of MCMC to generate synthetic data means that temperature affects the ac-
ceptance rate of a proposed perturbation, and thus fluctuation size. Temperature also affects auto-
correlation, with an expected peak for 7 at 7., the critical point of the (high-order) phase transition.
This is due to the long-range correlations expected during phase transitions. There is a temperature
“Goldilocks zone” where network inference is most accurate (Fig. 2.6. At low temperatures, the
fluctuations are too small to detect coupling. At higher temperatures, the fluctuations are too noisy.
While higher temperatures 7" — 7. may lead to systems with long-range correlations, we find that
the upper bound on temperature for accurate network reconstruction is quite a bit lower than 7.
On the other hand, we also find that the temperature range of the “Goldilocks zone” expands with

longer simulation times and speculate that 7 /7 may play a role in this system as well.
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Figure 2.5: Examples of network inference using synthetic data from spin models. For a, a
discrete ¢ = 3 Potts model and for b, a continuous XY model, we show the adjacency matrix of
the ground truth network, the covariance matrix, and the inverse of the covariance matrix. This
demonstrates the inverse of the covariance matrix also applies to spin models.

Primarily, we used the spin model to test our code for network reconstruction using the inverse
of the covariance matrix for circular variables. We also learned about the need for long simulations

relative to the auto-correlation and the utility of trialing multiple temperatures. However, we did

not quantify these effects due to time constraints and instead focused on analyzing proteins.

2.5 Limitations to the inverse covariance matrix

While the inverse of the covariance matrix is straightforward to compute using the Moore-Penrose
pseudo-inverse, there are limitations due to the assumptions made and the amount of data required.
Many systems do not follow Gaussian distributions and do not have spring-like coupling inter-
actions. The number of unknowns scales as the square of the numbers of degrees of freedom.
Nevertheless, the inverse of the covariance matrix is a useful, first-pass approach used in network

science to infer structure [20].
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Figure 2.6: Accuracy of network inference for spin models depends on temperature, which
affects data quality. WE show data for an XY spin model on a Watts-Strogatz small-world net-
work produced by rewiring a nearest-neighbor network [68]. a, We performed MCMC simulations
at multiple temperatures. We show magnetization as an observable describing the spin alignment.
b, We next infer networks from the simulation data. To evaluate the accuracy of network in-
ference, we calculate the modified K-S distance between the distributions of inverse covariance
matrix weights for edges and for non-edges. We show the modified K-S distance as a function of
temperature to approximate the “Goldilocks” zone for network reconstruction from the inverse of
the covariance matrix. We draw a line where the modified K-S distance = 1, indicating perfect
separation, or accurate network inference. At very low temperatures, fluctuations are too small; at
very high temperatures, fluctuations are too big. The size of the “Goldilocks zone” also expands
with larger sample size, shown in different colors. For very small sample sizes, network inference
using the inverse covariance matrix is always inaccurate. We show data for an XY spin model.
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We briefly mention a few alternative methods without an attempt at reviewing all methods
described in more detail elsewhere [20], [60]. The approach used by Debbie Marks’s group is
based on the discrete states of the Potts model, requires less data by using a mean-field approx-
imation, and has successfully been used to infer protein structure from sequence variations [69].
An approach developed by Jr-Shin Li’s group avoids making assumptions about the nature of the
coupling or the shape of the probability distribution function [65]. In a similar vein, reservoir com-
puting is a machine learning approach that fits a model that is then used to predict the effects of
perturbations at each input node, assuming the greatest impact will be felt at neighboring nodes
[70]. Lastly, Tiago Peixoto uses a generative approach to identify a network structure that best
describes the observed dynamics, i.e. the observed microstates for the Ising model on a network
[60]. One consequence of Peixoto’s choice of generative model as a type of stochastic block model
(SBM) is that network inference can be “synergistically” combined with the detection of commu-
nities, or nodes with similar connectivity patterns. We will describe communities in more detail in

the section below.

2.6 Network analysis

Our motivation for network inference from protein dynamics is the ability to apply network science
tools. We will focus on strong interactions and on detecting communities, which are protein regions

with coupled dynamics [26], [27], [71].

2.6.1 Edges

The direct output of network inference is the interaction strengths between two dihedral angles.
We primarily care about the magnitude of interactions. The magnitude describes how strongly

one protein component affects another. In contrast, the sign describes the direction of the spin
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coupling, or the direction the two dihedral angles move relative to each other. In the case of protein
dynamics, there is no global rule that dihedral angles moving clockwise are beneficial, although
there are likely specific applications, e.g. the direction of motion of a dihedral angle at a hinge
affects closing and opening.

Since this is a fairly new method, we focus on identifying strong interactions. In addition,
given two different states for a protein, we can compare each edge to identify interactions that are
stronger in one state, or vice versa. Considering the difference for all edges also provides a way to

compare the networks for each state. We discuss this in more detail in Ch. 4.

2.6.2 Community detection

Beyond individual edges, we are interested in emergent properties, such as protein regions with
coupled motion. Identifying coupled regions is useful for understanding behavior such as allosteric
regulation of a functional site from a distant site [27], [38], [65]

There are many algorithms available for community detection. Of these we select stochastic
block modeling (SBM) [30], [31] as implemented by Peixoto [60]. SBM uses a generative model
to produce networks according to rules defined by some latent variables. Peixoto’s implementation
uses Bayesian inference to relate the observed network to the ensemble of networks it is possible
to generate from a set of parameters.

Given a network, A, that was generated from a parameter specifying there are b = B commu-

nities and some other parameters, e, then Bayes’ theorem for the probability of b given an observed
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network A is

P[b|A] = P[A]|b, €] P[b,e]/P[A] ~ P[Alb, €] P[b, €]
= exp|—In[A|b,e] — P[b, €] (2.8)

= exp[—M DL]

where P[b|A] is the posterior, P[A|b, €] is the likelihood, and P[b, €] is the prior. Maximizing
the posterior is equal to minimizing the MDL, which is the minimum description length. The
procedure is analogous to compressing the data required to describe the network. To minimize the
description length, one can increase the likelihood, P[A|b, €], or how likely it is to see the observed
network, A, from the ensemble of networks generated with parameter b. This discourages very
rare A. Since P[A|b,e] improves as b, e become more complicated, the —InP[e, b] conveniently
acts as a penalty term. For a much more mathematically correct derivation and useful details, such
as why this approach is better than using information criteria to limit model complexity, please see
Peixoto’s book chapter [72].

As a result, it becomes unnecessary to specify the number and size of communities as param-
eters, or to step through a grid of parameter options and apply an information criterion to find the
best fit. Moreover, selecting a hierarchical model also makes it possible to detect small communi-
ties on large networks [73]. This improves upon a problem with using non-hierarchical stochastic
block modeling that is similar, but not exactly the same, as the “resolution limit” intrinsic to mod-

ularity optimization approaches for community detection [74].
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CHAPTER 3
CONFORMATIONAL STABILITY OF THE BACTERIAL ADHESIN, FIMH, WITH AN
INACTIVATING MUTATION

This was previously published: Liu J, Amaral LAN, Keten S. Conformational stability of the

bacterial adhesin, FimH , with an inactivating mutation. Proteins. 2021;89(3):276-288.

3.1 Abstract

Allostery governing two conformational states is one of the proposed mechanisms for catch-bond
behavior in adhesive proteins. In FimH, a catch-bond protein expressed by pathogenic bacteria,
separation of two domains disrupts inhibition by the pilin domain. Thus, tensile force can induce
a conformational change in the lectin domain, from an inactive state to an active state with high
affinity. To better understand allosteric inhibition in two-domain FimH (H2 inactive), we use
molecular dynamics simulations to study the lectin domain alone, which has high affinity (HL
active), and also the lectin domain stabilized in the low-affinity conformation by an Arg-60-Pro
mutation (HL mutant). Because ligand-binding induces an allostery-like conformational change in
HL mutant, this more experimentally tractable version has been proposed as a “minimal model”
for FimH. We find that HL mutant has larger backbone fluctuations than both H2 inactive and
HL active, at the binding pocket and allosteric interdomain region. We use an internal coordinate
system of dihedral angles to identify protein regions with differences in backbone and sidechain
dynamics beyond the putative allosteric pathway sites. By characterizing HL. mutant dynamics for
the first time, we provide additional insight into the transmission of allosteric information across

the lectin domain and build upon structural and thermodynamic data in the literature to further
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support the use of HL mutant as a “minimal model.” Understanding how to alter protein dynamics
to prevent the allosteric conformational change may guide drug development to prevent infection

by blocking FimH adhesion.

3.2 Introduction

The bacterial adhesin FimH is one of the most well-characterized model proteins for catch-bond
behavior, in which tensile force paradoxically increases ligand affinity and lengthens the adhesion
time [37], [75]. For many catch-bond proteins [37], including FimH, P-selectin [76], a-catenin
[77] and the o3 T-cell receptor [78], tensile force exposes previously buried regions and induces an
allosteric conformational change [38], [79], [80]. A better understanding of the protein dynamics
involved in the activation of FimH [81] could lead to treatments that target the allosteric site, which
could prevent bacterial adhesion to the host during infections [82].

FimH is a 30 kDa two-domain bacterial adhesin found on the fimbrial tips of uropathogenic E.
coli (UPEC) that binds to mannosylated ligands on urothelial cells [83]. Because it enables bacte-
rial adhesion, which is one of the first steps in urinary tract infections, FimH is a critical virulence
factor [83]. During urination, shear forces introduce tension into the FimH-mannose interaction to
produce catch-bond behavior, causing FimH to bind more tightly and for longer duration [36], [37],
[79], [81]. This catch-bond behavior distinguishes mannosylated ligands on the urinary tract from
decoys and limits bacterial removal [83], [84]. Several glycomimetic drugs (mannosides) have
been developed that competitively inhibit FimH and thus prevent bacterial adhesion [32], [85].
However, it is currently not known how to target the allosteric site(s) to block the conformational
change.

The mechanism underlying catch-bond behavior involves an allosteric conformational change

between an inactive state with low affinity and an active state with high affinity [37]. In the inactive
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state, the two domains of FimH are close together, which stabilizes the interdomain region between
the ligand-binding lectin domain (HL) and the allosterically inhibitory pilin domain (HP) [34],
[84], [86]. The transition to the active state is thought to occur after the ligand binds to the lectin
domain and tensile force pulls the domains apart [87]. Exposing the interdomain region to water,
which disrupts inhibition by the pilin domain, is thought to induce a conformational change in
the lectin domain [35], [86]. The conformational change has been described by the width of the
[B-sandwich fold [33], [34], [84], as well as the putative allosteric pathway sites connecting the
interdomain region to the binding pocket [35], [39], [79].

While two-domain FimH in the inactive conformation (H2 inactive) can undergo a force-
induced, allosteric conformational change to the active state, a truncated protein consisting of
the lectin domain alone (HL active) is constitutively active [37], [39], [86]. However, while the
lectin domain with a single Arg-60-Pro amino acid mutation (HL mutant) is stabilized in the inac-
tive conformation [79], HL. mutant undergoes an allostery-like conformational change upon bind-
ing mannoside [39]. As a result, Rabbani et al.[39] have proposed HL mutant as a “minimal
model” for FimH allostery that is smaller, consists of a single domain, and is more experimen-
tally tractable than full-length FimH. Although the structure and function of the HL. mutant have
been well-characterized, its dynamics have not yet been investigated experimentally or computa-
tionally. Studying the dynamics of HL mutant will make it possible to identify protein regions
with dynamical differences compared to H2 inactive, which can provide insight into the allosteric
conformational change and help design additional mutations that lock HL. mutant in the inactive
state.

The impact of the Arg-60-Pro mutation on the structure and function of HL mutant has also
been well-characterized. After Rodriguez et al.[79] selected the Arg-60-Pro mutation to energeti-

cally favor the inactive state from a set of trial mutations tested in RosettaDesign, Rabbani ez al.[39]
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then confirmed that the backbone structure of HL mutant matches the lectin domain of H2 inactive
using crystallography and chemical shift mapping from 'H-">"N-HSQC NMR spectroscopy.The
structural similarity between HL. mutant and H2 inactive suggests that the 3-bulge has stronger
allosteric coupling to the clamp segment than the interdomain regions, which are missing in HL
mutant. Thus, different sites along the allosteric pathway may vary in their “coupling” strength
to the binding pocket [35], [39]. It has also been demonstrated that HL mutant has more than 10
times higher ligand association and dissociation rate constants than H2 inactive, despite the struc-
tural similarity at the binding pocket[39]. Differences in binding affinity may arise from the fact
that allosteric conformational changes from the pilin to the mannose binding site are thought to be
propagated in a dynamic manner [34], [39], affecting the fluctuations of the clamp segment. This
hypothesis suggests the need for a deeper investigation into the relative contributions of backbone
and sidechain dynamics towards allosteric “information transfer” to the clamp segment, such as by
comparing the fluctuations of HL. mutant and H2 inactive. Rabbani et al.[39] also found that the
addition of a mannoside ligand (n-heptyl a.-D-mannopyranoside) induced a conformational change
in HL mutant with NMR peaks that matched HL active at the binding pocket and the $-sandwich,
but not near the mutation or the interdomain region. The conformational change of HL mutant was
hypothesized to be similar to that of full-length FimH due to mannoside binding [34]. However,
HL mutant has more than seven times higher affinity for mannoside than H2 inactive [39] The dif-
ference in binding affinity, despite the similarity in backbone structure, suggests further differences
in the backbone dynamics or the sidechains.

The dynamics of HL mutant have not yet been studied using molecular dynamics (MD) sim-
ulations. However, Interlandi and Thomas[35] isolated the lectin domain from a crystal structure
of H2 inactive and used nanosecond-timescale MD simulations in order to identify protein regions

with different dynamics than HL active, focusing on the putative allosteric pathway.
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We seek here to identify the protein regions with dynamical differences across HL. mutant, H2
inactive, and HL active, for both the backbone and sidechains. In contrast to the top-down approach
that starts with identifying landmarks along the putative allosteric pathway, we employ a bottom-
up approach without defining sites a priori by directly comparing the structure and dynamics
across the sequence of the lectin domain. Moreover, because using external Cartesian coordinates
introduces artifacts from rigid body motion and relative domain motion, we use a system of internal
coordinates based on the dihedral angles [19]. To this end, we perform 20 nanosecond (ns)-long
all-atomistic MD simulations of HL. mutant, H2 inactive, and HL active to identify protein regions
with differences in dynamics.

We find that structural differences between HL mutant and H2 inactive are not limited to the
clamp segment in the binding pocket, the interdomain loops, or the S-bulge region with the mu-
tation. For the backbone dynamics, we find the greatest differences in the interdomain region and
the binding pocket. There are also differences in sidechain orientation and dynamics, beyond the
localized effect of having Arg or Pro at position 60. Our analyses using similarity matrices, a
common tool in data science, confirms that the differences in backbone dynamics are more distinct
than the differences in backbone structure or in sidechain orientation and dynamics.

The implications of our study extend beyond FimH. Our investigation demonstrates the advan-
tages of a system of internal coordinates over Cartesian coordinates for quantifying dynamics. The
regions we identify with dynamical differences across HL mutant, H2 inactive, and HL active us-
ing dihedral angles are not restricted to the identified landmarks on the putative allosteric pathway
and further highlights the power of a bottom-up approach, which may be applicable to proteins

where these landmarks are not yet identified.
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3.3 Materials and Methods

3.3.1 FimH structures

We retrieved crystal structures for HL mutant, H2 inactive, and HL active from the Protein Data
Bank (RRID:SCR_012820), as detailed in Table 3.1. We denote the full-length FimH protein in the
inactive conformation as H2 inactive and denote the truncated structures that only include the lectin
domain as HL. mutant and HL active. For H2 inactive, we focus on two structures (4XOD and 5JQI)
that were crystallized by separate groups. Due to natural sequence variations, different strains of
E. coli produce FimH with slightly different amino acid sequences. To directly compare sidechain
dynamics with matching sequences, we mutated 4XOD at three positions in silico to match HL.
mutant and HL active (Table 3.1). In contrast, we made no changes to 5JQI. Due to the sequence
mismatch, sidechain comparisons involving 5JQI were limited, but backbone comparisons were
not affected.

HL mutant has a single Arg-60-Pro mutation. To explore the impact of the residue identity
alone, without otherwise changing the structure, we used MODELLER [88] (RRID:SCR_008395)
to introduce a ‘perturbation’ in silico by changing back the Pro at position 60 to Arg for HL. mutant;
we made the opposite change for HL active (Supplementary Information). For all structures, we

investigated systems with and without the in silico addition of mannose from 1KLF.

3.3.2 Equilibrium simulations

We performed all-atomistic MD simulaions using NAMDI[51], with the CHARMM force field
[55]. Our NAMD simulation parameters and system details are listed in Table 3.2. We prepared
all simulation systems using VMD (Visual Molecular Dynamics) [50]. We solvated each protein

with enough water molecules to prevent interactions with itself through the periodic boundary
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Table 3.1: PDB structures studied. For H2 inactive, both 4XOD and 5JQI had differences in the
primary sequence. For 4XOD, we mutated three positions to match the primary sequence for HL
active.

Name HL mutant[39] HL active[89] H2 inactive v1[34] H2 inactive v2[84]
PDBID SMCA 4AUU 4X0OD 5JQI

Resolution (A) 1.604 1.5 1.14 1.982

Residue 60 Pro Arg Arg Arg

Residue 27 Val Val Ala-27-Val Ala

Residue 70 Asn Asn Ser-70-Asn Ser

Residue 78 Ser Ser Asn-78-Ser Asn

conditions.

We performed six replicate simulations for each system. Because we found that replicates
starting from a single solvated system were too similar to each other, we solvated, minimized, and

equilibrated our replicates separately.

3.3.3 Backbone and sidechain dihedral angles

We focus on dihedral angles to compare protein structures and dynamics instead of Cartesian
coordinates because dihedral angles are better suited for identifying the critical regions driving
collective motion in Cartesian space, such as hinges that displace distal elements [58]. Moreover,
using dihedral angles avoids artifacts from structural alignment and better captures angular motions
that affect large segments in hinged proteins, such as FimH [19], [58], [91]. We describe backbone
motion using the dihedral angles ¢ and v (see Fig. 2.1). We describe sidechain motion using
both rotamer angles (x) and custom-defined pseudo-dihedral angles (v). Each amino acid has one
to five rotamer angles, except for Ala and Gly. To compare the wild-type with the Arg-60-Pro
mutation, we omit the last three rotamer angles in Arg. We define the pseudo-dihedral angles, v,
to compare sidechain dynamics when there are differences in the primary sequence, due to either

the Arg-60-Pro mutation or the two versions of H2 inactive. We define one pseudo-dihedral angle



Table 3.2: Details of molecular dynamics simulations.

Setup and visualization
System dimensions

System sizes

Solvation

Ionization

Simulation engine
Ensemble

Temperature

Pressure

Non-bonded interactions
Electrostatic interactions
Force field

Timestep

Coordinates saved every
Energy-minimization

Equilibration
Simulation

VMD[50] 1.9.3 (RRID:SCR_001820)

60 Ax 62 Ax 93 Afor HL active

60 Ax 72 Ax 123 Afor H2 inactive

>32,000 atoms for HL active

>60,000 atoms for H2 inactive

TIP3P water model with 16 A padding on each side

NaCl ions to neutralize and achieve 50 mM salt conc.

NAMD[51] 2.13 (RRID:SCR_014894)
NPT

300 K

1 atm

Lennard-Jones potential (12 A cutoff[90])
Particle-Mesh Ewald sum method[51]
CHARMM c36 July 2018 update

1 fs

1 ps

Conjugate gradient algorithm in NAMD
10,000 steps with protein fixed

10,000 steps with no atoms fixed

1 ns

No ligand: 20 ns

Ligand: disassociation or up to 20 ns

69
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per amino acid using four atoms: N, CA, and the last two atoms from the most distal y angle. For
example, since Arg has y; calculated by CD-NE-CZ-Nhl, we calculate v from N-CA-CZ-Nhl
(Fig. 2.1). For Ala, we use N-CA-CB-H1, and we do not define v for Gly.

We calculate the average, variance, and standard deviation using circular statistics, which ac-
count for the periodic wrapping from —7 to 7 [19]. We use the standard deviation to assess the
range of backbone and sidechain fluctuations. We compare the standard deviation at each residue
to identify protein regions with differences in fluctuation size among the starting structures. Be-
cause the backbone dynamics were similar in the presence or absence of mannose, as well as the
amino acid at position 60, we pooled replicates for backbone dynamics to increase the statistical
power. Specifically, we found no significant dynamical differences in the presence or absence of
mannose, and extremely small, yet statistically significant, differences at isolated sites due to the
amino acid at position 60. However, having Arg or Pro at position 60 affected the sidechain dynam-
ics, so we did not pool replicates. For statistical significance testing, we use Mood’s median test
from the python package scipy (RRID:SCR_008058) [92]. To correct for multiple comparisons,
we use the two-stage Benjamini-Krieger- Yekutieli procedure from the python package statsmodels
(RRID:SCR_016074) [93], [94] with a false discovery rate of & = 0.05. For robustness testing, we

also implement the Bonferroni correction for multiple comparisons with p = 0.05.

3.3.4 Similarity matrix

After we identified differences between groups of HL mutant and H2 inactive trajectories, we
quantify the extent of the difference by constructing similarity matrices that compare each pair
of trajectories. As references, we choose one type of comparison where we expect low similar-
ity and two types of comparisons where we expect high similarity. We expect low similarity, or

large differences, when we compare HL active with both versions of H2 inactive. In contrast, we
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expect high similarity when we compare the backbone for both versions of H2 inactive, as well
as when we compare replicates. Using this framework with the low- and high-similarity refer-
ences, we use similarity matrices to compare the structure and dynamics of both the backbone and
sidechains. Each similarity value is a non-parametric (rank-based) correlation. While we analyze
dynamics with Spearman’s correlation, we analyze structure using the equivalent correlation for
circular variables described by Mardia and modified by Fisher and Lee [95]. Using these similarity
matrices, we quantify the similarity between HL mutant, H2 inactive, and HL active and perform

statistical testing using Mood’s median test with a Bonferroni correction for multiple comparisons.

3.3.5 Dihedral principal component analysis

We applied principal component analysis to dihedral angle fluctuations (dPCA) to identify pro-
tein regions with coupled dynamics [19]. We chose to use dihedral angle dynamics because they
have been shown to capture some motions missed by Ca fluctuations due to “artifacts” during the
alignment step, particularly during hinged motion and for both large- and small-amplitude motions
[19], [58].

To identify protein regions with coupled motion, we calculate the first through fourth lowest-
frequency eigenmodes from the circular covariance matrix for each simulation. We then compare
the eigenmodes of HL mutant, H2 inactive, and HL active. We focus on the amount of motion at a
particular angle described by these eigenmodes, so we square the eigenvector value at each residue
and sum across eigenmodes. Since the eigenvectors are unit vectors, we weight the summation by
the eigenvalues, which measure the variance in the angle changes described by the eigenvectors.
Moreover, we also calculate the unweighted average, using the eigenvectors that explained 70% of

the variation, after finding similar patterns for 50-80% of the variation explained.
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3.4 Results

3.4.1 Crystal structure comparisons

We use root mean squared displacement of the backbone Car atoms (Ca-RMSD) to measure crystal
structure differences and to broadly identify structural differences across HL mutant, H2 inactive,
and HL active (Fig. 3.1 and SA.3B). As expected, our analyses show that the Ca-RMSD between
HL mutant (SMCA) and the two versions of H2 inactive are quite small (0.76 A to 4XOD and
0.93 A to 5JQI). This similarity is consistent with the similarity between HL mutant and another
version of H2 inactive (3JWN) reported by Rabbani et al.[39]. While HL. mutant and H2 inactive
have similar crystal structures, they are both quite different from HL active (4AUU). The Ca-
RMSD between HL active and HL mutant is 3.15 A and between HL active and the two versions
of H2 inactive are 3.30 A (4XOD) and 3.25 A (5JQI).

Even though the structural differences between HL mutant and H2 inactive are small, we
nonetheless examine the backbone regions with the greatest contributions to the Ca-RMSD differ-
ences (Fig. 3.1B and Fig. SA.3B). As described by Rabbani et al. [39], we find the largest dif-
ference at the clamp segment in the binding pocket and few differences within the “$-sandwich.”
We also detect some differences in an unnamed region on the opposite side of the binding pocket,
as well as in the swing and insertion loops in the interdomain region (see Fig. 3.2 and SA.1 for
named regions).

The difference between HL. mutant and H2 inactive at the clamp segment has been attributed
to its flexibility in the absence of ligand [39]. In particular, the angular differences found in the
backbone dihedrals at the C-terminal end of the clamp segment could act like a “hinge” that dis-
places distal elements (arrow in Fig. 3.2). This hinge motion may cause the large displacements

at the tip of the clamp identified by Ca-RMSD (Fig. 3.1B). Compared to the localized angular
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Figure 3.1: The Arg-60-Pro mutant has a backbone structure similar to that of inactive FimH
but with a partially closed binding pocket. (A) NewCartoon representation of the backbone
structures for H2 inactive with the pilin domain cropped (grey, PDBID 4XOD, low-affinity) over-
laid by the lectin domain structures: HL active (PDBID 4AUU, orange, high-affinity) and HL
mutant with Arg-60-Pro (PDBID SMCA, purple). We highlight residue 60, the mutation site, with
a bead. We use color to illustrate the displacement from H2 inactive for (B) the backbone and (C)
the surface rendering of predicted sidechain orientation. The mannose ligand is shown in blue and
was positioned after alignment with high-affinity, two-domain FimH (PDBID 1KLF).
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Figure 3.2: Angle differences between HL. mutant and H2 inactive. (A) NewCartoon repre-
sentation of the HL mutant backbone shows large changes in backbone dihedral angle differences
at the C-terminal end of the clamp segment that may act like a hinge-joint (arrow). (B) Putative
allosteric pathway sites[79], the parasteric site [82], and residue 60 (bead).
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differences (Fig. SA.3 and SA.4), the overly broad protein regions identified by Ca-RMSD re-
veals the limitations of calculations involving structural alignment, which have previously been
reported in the literature [19], [S8] For this reason, residues with large dihedral angle motion may

be more dynamically important and specific than the regions of several residues identified by large

Ca-RMSD.

3.4.2 Backbone dynamics using internal coordinates

We thus consider an internal coordinate system that uses the average backbone dihedral angles[19]
to identify differences between average structures obtained from the MD simulations. Using the
dihedral angles to compare HL. mutant and H2 inactive, we mostly find small differences in back-
bone angle orientation across the lectin domains (Fig. 3.3B). In contrast, we find large differences
at the insertion loop and the hinge at the C-terminal end of the clamp segment (arrow label in Fig.
3.2). Because we also find differences at the hinge in our crystal structure comparisons, we think
that the difference in the orientation of the clamp segment is not resolved within the 20-ns simu-
lation timescale. In our simulations of longer than 200 ns, we find clamp segment conformations
accessed by both HL. mutant and H2 inactive, as well as conformations only found in our HL mu-
tant simulations. However, we did not find interdomain region conformations shared by both HL.
mutant and H2 inactive.

Since we find the largest angle change at the hinge-joint and the largest contribution to Ca-
RMSD at the center of the clamp segment, we interpret these results to demonstrate that our ap-
proach enables us to detect the joints of regions displaying hinge-like motion in an automated
fashion. The hinges we identify are those relevant to the 20 ns timescale (Fig. 3.3C), and our
smaller number of replicates at the 200 ns timescale suggests the existence of additional hinges

(Fig. SA.11B).
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Figure 3.3: Localized differences in the structure between HL. mutant and H2 inactive cause
differences in dynamics. (A) Secondary structure of H2 inactive (top) and HL mutant (bottom)
with features. (B) Protein structure comparison between HL. mutant (orange squares) and H2 inac-
tive (black diamonds) used average backbone dihedral angles ¢ and v, which provide an internal
frame of reference. Structural differences are localized to the hinge of the clamp loop in the binding
pocket and the insertion loop in the interdomain region, which is exposed to water in HL. mutant.
(C) Backbone dynamics comparison used the standard deviations of ¢ and ¢/, quantifying the mag-
nitude of angle fluctuations. HL mutant has larger fluctuations (red lines) at the clamp loop and
the insertion loop. For statistically significant differences, the median values are shown.
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Figure 3.4: Comparisons of backbone dynamics show HL. mutant has larger fluctuations than
H2 inactive and HL active. Backbone dynamics were compared using the standard deviations of
¢ (See Fig. SA.10 for ¥). (A) Secondary structure of HL active (top), H2 inactive (middle), and
HL mutant (bottom) with features. (B) HL mutant has larger backbone fluctuations in the insertion
and swing loops than HL active (blue circle). (C) HL active and H2 inactive (black diamonds) have
small differences in backbone dynamics throughout the lectin domain.
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We next investigate backbone dynamics for the dihedral angles found in these hinge regions
and use the standard deviation to compare the magnitude of the fluctuations (Fig. 3.3C and 3.4).
We find that HL. mutant has larger fluctuations than H2 inactive in the insertion and swing loops
of the interdomain region and in the clamp segment of the binding pocket (Fig. 3.3C). Thus,
the backbone regions with larger dynamical differences are also the regions with larger structural
differences.

Since it has been hypothesized that the difference in dynamics is related to the exposed inter-
domain region of HL. mutant [39], we next compare the dynamics of HL mutant and HL active,
as both have the interdomain region exposed. We find that HL. mutant also has larger fluctuations
than HL active in the insertion and swing loops of the interdomain region (Fig. 3.4B). For the
clamp segment, we find that HL mutant is more dynamic at the hinge-joint, while HL active is
only slightly more dynamic at the tip of the clamp.

Surprisingly, we also find that HL active and H2 inactive display small differences in dynamics
across the protein (Fig. 3.4C). HL active is only slightly more dynamic in the clamp segment and
the C-terminus, with minute differences in dynamics across the protein. We interpret this finding
to show that HL active and H2 inactive are more stable compared to HL. mutant. The interdomain
regions in H2 inactive and HL active may be stabilized by different mechanisms: contacts with the
pilin domain for H2 inactive [34], [86], and a more rigid fold that reduces the solvent-accessibility
of the hydrophobic interdomain region for HL active [35]. Our data supports the idea that different
allosteric pathway sites have different coupling strengths to the binding pocket [39], [79].

The presence or absence of the mannose ligand does not result in statistically significant differ-
ences for the backbone structure or dynamics. We interpret these results to indicate that the initial
protein structure has the largest impact on both structure and dynamics, at least for the up to 20 ns

duration of our MD simulations.
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3.4.3 Comparing sidechain orientations and fluctuations

For many proteins, including FimH, ligand-binding also depends on sidechain flexibility and op-
timal sidechain-ligand interactions [89]. To separate sidechain motion from displacements due to
backbone motion, we again use internal angles. We quantify sidechain structure and dynamics
using two alternative sets of angles: y dihedral angles (or rotamer angles) and the custom-defined
pseudo-dihedral angles v. We define one v angle, using N, Ce, and two distal atoms, for each
amino acid except for Gly (see Methods and Fig. 2.1). Each amino acid, except for Gly and Ala,
also has one to five y rotamer angles. By construction, the v angles have broader angle distribu-
tions than the x angles and enable us to compare the two versions of H2 inactive in spite of their
minor sequence variations.

While HL mutant and H2 inactive have similar backbone structures, sidechain orientations
estimated from the crystal structures suggest that the geometries of their binding pockets are quite
different (Fig. 3.1C). To separate sidechain motion from displacements due to backbone motion,
we first compare the average sidechain orientations of HL mutant and H2 inactive using v (Fig.
3.5B) and y (Fig. SA.13B) angles. Our data show that the differences extend beyond the (-
bulge segment with the Arg-60-Pro mutation. Indeed, in addition to the 3-bulge segment, we find
nine large differences in sidechain orientation across the protein, including the hinge-joint of the
clamp segment, the swing loop, the parasteric site, and several unnamed regions. For example, we
identify a difference in the sidechain orientation of Phe-144 in the 3-sheet between the parasteric
site and the linker loop. Phe-144 touches the tip of the clamp segment in HL mutant but not in H2
inactive. We find large differences in the orientation of Phe-43, Tyr-108, and Phe-144 using both
v and ', but we only find a statistically significant difference at Arg-92 using v, which combines
all five x angles for Arg into one measure between the base and the tip (Fig. 3.5B and SA.13B).

We also find differences in the sidechain orientation and dynamics between HL mutant and
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H?2 inactive. As expected, the longer Arg-60 in H2 inactive has larger fluctuations than Pro-60 in
HL mutant. We also find regions with dynamical differences beyond the site of the Arg-60-Pro
mutation. Using v, the larger fluctuations in the swing loop of HL mutant (Fig. 3.5C) may be
attributed to the missing interdomain contacts that are present in H2 inactive. Moreover, the swing
loop of H2 inactive is structurally stabilized as a [3-strand with the linker loop (Fig. 3.1 and SA.1).
Using y instead of v, we find HL mutant also has larger fluctuations within the clamp segment
(Fig. SA.13C). This suggests that HL mutant may have a more flexible clamp segment, which is
consistent with the larger backbone fluctuations.

As expected, we find that HL active is different from both HL mutant and H2 inactive in both
sidechain structure and dynamics at many positions across the protein (Fig. 3.5D and SA.13D and
Table SA.1). In particular, many of these differences fall outside of the landmarks of the putative
allosteric pathway[79] which are frequently the focus of attention and are primarily studied using
backbone dynamics [35], [39]. Overall, the protein regions identified using y and v are very

similar.

3.4.4 Robustness checking using a similarity matrix approach

In the previous section, we identified protein regions on HL mutant and H2 inactive with sta-
tistically significant differences in structure and dynamics by comparing groups of trajectories.
Nonetheless, it remains difficult to quantify how different HL mutant is from H2 inactive relative
to variations that may occur across replicates. To more fully assess the dissimilarity between the
dynamical behavior of HL mutant and H2 inactive, we directly compare pairs of trajectories by
calculating rank-based correlations and constructing similarity matrices (Fig. 3.6). We use the
Spearman correlation for angle fluctuation size and an equivalent correlation for circular variables

for average angle orientation. The similarity matrices allow us to compare each pair of trajectories,
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Figure 3.5: Differences in the sidechain dynamics between HL. mutant and H2 inactive affect
the binding pocket, and both are different from HL active. (A) Secondary structure of HL
active (top), H2 inactive (middle), and HL mutant (bottom) with features. Sidechain structure
and dynamics were compared using custom dihedral angles v. (B) At the [-bulge, the hinge
of the clamp segment, the parasteric region, the swing loop, and several other sites, the average
pseudo-dihedral angle was different between HL mutant (orange squares) and H2 inactive (black
diamonds). (C) Arg-60 in H2 inactive has larger fluctuations than Pro-60 in HL mutant. HL
mutant also has larger fluctuations in the exposed swing loop. (D, E) Comparisons of HL active
(blue circles) against HL. mutant and H2 inactive show differences in sidechain dynamics beyond
the allosteric pathway sites.
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complementing our previous comparisons across groups.

We define the reference similarity values as: the low similarity expected for HL active vs H2
inactive, very high similarities for replicates, and high similarity for backbone comparisons of the
two versions of H2 inactive. We use these reference values to compare the differences between HL.
mutant and H2 inactive.

As expected, we find that HL active is very different from both HL mutant and H2 inactive for
all similarity matrices, and HL active replicates are relatively similar to each other. We find that the
two H2 inactive structures are very similar to each other for backbone comparisons, but different
for sidechain comparisons. These differences are smaller than the ones between H2 inactive and
HL active, but are slightly larger than the ones between replicates of each version of H2 inactive
(Fig. SA.14 and SA.15).

We find the replicates for HL mutant are similar to each other, except for the average backbone
structure of HL. mutant. One possible explanation is that the larger fluctuations found in HL. mutant
make the replicates less similar to each other. We find that having separate solvation, minimization,
and equilibration preparations accentuated the difference between technical replicates, compared
to having replicate production runs following a single preparation. Thus, for backbone structure,
we find the lower similarity values for the comparisons of HL. mutant vs H2 inactive is about the
same as those for replicates of HL mutant (Fig. SA.14). In comparison, for backbone dynamics,
we find clear differences between HL mutant and H2 inactive that are larger than the differences
between replicates, yet smaller than the differences for HL active compared to both H2 inactive
and HL mutant (Fig. SA.15).

We also find that average sidechain orientations had lower similarity overall for both the ro-
tamer () and the custom pseudo-dihedral (v) angles. Despite overall lower similarities, we are

still able to use the pseudo-dihedral angles to distinguish the two versions of H2 inactive, which
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Figure 3.6: Differences between HL. mutant and H2 inactive in comparisons of backbone dy-
namics and sidechain orientation. (top row, from left to right) Expected patterns based on the
hypotheses that similarity depends on: the four PDB structures; the three protein states; group-
ing HL mutant with H2 inactive; the amino acid at position 60; and the presence of ligand. We
constructed similarity matrices by comparing backbone dihedral (upper) and sidechain pseudo-
dihedral (lower) angles, using the average angle for structure (left) and the standard deviation, for
dynamics (right). The greyscale for similarity is the same for all four matrices. The system setup
is described using a three-layer color code for the initial protein structure, mutation at position 60,
and ligand. The purpose is to compare trajectories from different initial protein structures. HL
active is distinct from both H2 inactive and HL. mutant for all measures. For backbone dynamics,
HL mutant is distinct from H2 inactive. For sidechain structure, the two versions of H2 inactive
are different, and HL mutant is distinct from H2 inactive.
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have differences in the amino acid sequence at three positions in the lectin domain (see Table 3.1).
We also identify differences between HL mutant and H2 inactive (Fig. SA.14). For sidechain dy-
namics, we find slightly lower similarity values between HL mutant and H2 inactive relative to the
replicates, which is comparable to the low similarity between the two versions of H2 inactive.

We find that the reduction in similarity for HL mutant and H2 inactive, relative to the high
similarity between replicates, is smaller for sidechain dynamics than for backbone dynamics (Fig.
SA.15). Across the four types of comparisons, we find that the differences primarily depend on
whether the the initial protein structure is HL mutant, H2 inactive, or HL active (Fig. 3.6). We find
larger differences due to the initial protein structure than those due to the amino acid at position 60

or to the presence of the ligand, which is consistent with our results in the previous section.

3.4.5 Coupled backbone motions

We apply dihedral principal component analysis (APCA) [19] to to the backbone dynamics. To
evaluate coupled backbone dynamics, or collective motion, we focus on the magnitude at each
backbone dihedral by summing the eigenmodes weighted by the eigenvalues. Comparing HL
mutant and H2 inactive for the first eigenmode, we find that HL mutant has more motion in the
insertion loop and less motion at position 60 in the 3-bulge segment. We find that after adding the
second eigenmode, the difference in the amount of motion is larger (Fig. 3.7). After adding the
third eigenmode, we find that HL. mutant has more motion in the linker loop in the interdomain
region and the clamp segment of the binding pocket, while there is less motion in the a-switch
segment connected to the S-bulge segment. This is also magnified after adding the fourth eigen-
mode. We interpret these comparisons between HL. mutant and H2 inactive to mean that there may
be more coupled motion in HL mutant between the interdomain region and the clamp segment of

the binding pocket. In contrast, we find decreased dynamics in HL mutant within the 3-bulge/c-
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switch segment, which may be due to Pro-60 limiting backbone dynamics compared to wild-type
Arg-60 in H2 inactive.

In addition, we also calculate the unweighted average of the eigenvector magnitudes for the
eigenmodes that explain 70% of the variance (Fig. 3.7). Similar to the comparison of backbone
dynamics, we find that HL mutant has larger fluctuations than H2 inactive, primarily in the inser-
tion, swing, and linker loops of the interdomain region and the clamp loop of the binding pocket.
However, we find that HL mutant had smaller fluctuations for the hinge region of the clamp seg-
ment. We identified similar regions by averaging eigenmodes that explain 50-80% of the variance.
We interpret the similar regions identified by both methods to indicate that HL mutant is missing
stabilizing interactions in the interdomain region that are present in H2 inactive [86]. The more
exposed HL mutant structure may lead to larger fluctuations that may be coupled to the binding

pocket.

3.4.6 Conclusion

To compare the protein regions with differences in backbone and sidechain fluctuations, we show
the regions identified with the variance as the volume of the sphere (Fig. 3.7). Different regions
are identified for backbone and sidechain dynamics. For example, position 60 in the 5-bulge and
nearby regions showed a larger difference for Pro vs Arg in the sidechain than in the backbone.
The regions where HL. mutant had larger backbone fluctuations than H2 inactive include the inter-
domain region and the hinge of the clamp segment. Larger fluctuations at the binding and allosteric
sites may explain why HL mutant can undergo an allostery-like conformational change without the

tensile force required to separate the two domains of H2 inactive.
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Figure 3.7: HL mutant has larger fluctuations in the interdomain region and clamp segment.
(top) Backbone and sidechain angles with larger fluctuations for HL mutant (orange) or H2 inactive
(blue) are shown as spheres on the protein backbone. The landmarks are shown on HL mutant, and
the Arg-60-Pro mutation is indicated with a purple sphere at Ca. Fluctuation size, or dihedral
variance, is shown as the sphere volume. For backbone dihedrals from Fig. 3.3, ¢ is shown at N,
while v is shown at the carbonyl C. Sidechain pseudo-dihedrals (v) from Fig. 3.5 are shown on
Ca. Sidechain dihedrals y are shown on the second atom defining the dihedral angle, which was
usually Ca. The sidechain was drawn in the licorice representation for distal angles. (bottom) The
backbone eigenmodes were compared two ways, using the eigenmodes responsible for 70% of the
variance and also using the low-frequency eigenmodes.
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3.5 Discussion

HL mutant (Arg-60-Pro) has been proposed as a “minimal model” of FimH allostery because the
single-domain structure is more experimentally tractable than H2 inactive. Moreover, HL mutant
undergoes an allostery-like conformational change upon binding mannoside ligand in contrast to
the wild-type HL active [39]. The HL mutant crystal structure was shown to match H2 inactive,
except at the clamp segment of the binding pocket, and this difference was attributed to the flexi-
bility of the clamp segment [39]. However, the dynamics of HL mutant have not yet been studied
experimentally, and this is the first computational characterization using MD simulations.

While HL mutant and H2 inactive overall share a similar structure, our analysis shows that
differences in average backbone structure exist in the interdomain loops, in addition to the clamp
segment of the binding pocket. In these regions, HL. mutant also has larger backbone fluctuations
than H2 inactive in our 20 ns simulations, which we also observed in the simulations longer than
200 ns. Over longer simulations, many clamp segment conformations are accessed by both HL
mutant and H2 inactive, but we only found some conformations in HL mutant. The floppier clamp
segment in HL mutant may contribute to the almost 14 times lower binding rate compared to H2
inactive, and possibly the unfavorable loss of conformational entropy upon binding mannoside
[39]. We further used a technique from data science to show that these differences are robust
compared to the variation among replicate simulations.

These structural and dynamical differences likely contribute to the more than seven times
higher affinity to mannoside for HL mutant compared to H2 inactive [39], but their role in the
mannoside-induced conformational change remains unknown. Rabbani ef al.[39] has proposed
studying additional mutations to HL mutant in order to prevent the conformational change. This

would avoid the high-affinity state that strengthens bacterial adhesion during urination, which lim-
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its clearance and prolongs infections [32], [83]. Studies of single mutations suggest that the al-
losteric coupling to the binding pocket is stronger at position 60 than at the interdomain loops
[35], [39], [79]. This is further supported by our finding that HL mutant has larger fluctuations
at the binding pocket and the interdomain loops than H2 inactive. Thus, our dynamics character-
ization further supports the need to determine the structure of the mannoside-bound HL mutant
[39]. In addition, greater backbone flexibility in the insertion and swing loops of the interdomain
region may be useful for predicting additional mutations. Mutations that stabilize the interdomain
region may inhibit the conformational change upon mannoside-binding. Comparing the dPCA
eigenmodes for HL mutant and H2 inactive suggest these dynamical differences are related to the
allosteric coupling between the interdomain region and the clamp segment. Longer simulations
may provide additional insight into the mannoside-induced conformational change.

In addition to comparing HL. mutant and H2 inactive, we also compared these structures to HLL
active. Interlandi and Thomas [35] found that differences between inactive and active FimH were
isolated to the six sites defining the putative allosteric pathway in their study of backbone structure
and dynamics using Ca-RMSD. In a later study, Rabbani et al. [39] focused on a subset of these
sites when comparing inactive and active FimH using Ca-RMSD. However, the alignment step in
Ca-RMSD calculations results in broader regions of interest since angular fluctuations displace
distal elements [19], [58], [91]. Because we use an internal coordinate system of dihedral angles,
we identify more localized differences. Thus, our backbone comparisons identify large differences
at specific angles along the allosteric pathway.

We then extended our analyses of dihedral angles in the backbone to the sidechains (using
both x and v) in order to compare the structure and dynamics. We find that HL active is dynami-
cally different from HL mutant and H2 inactive at multiple regions beyond the putative allosteric

pathway identified from the backbone. Further characterization of these sites may be useful for
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studying the role of sidechain dynamics in the allosteric mechanism in more detail. One goal may
be to identify mutations that could be combined with Arg-60-Pro to produce a mutant locked in
the inactive state despite the addition of mannoside ligand, a goal proposed by Rabbani et al [39].
Thus, our comparisons of HL. mutant, H2 inactive, and HL active demonstrate that a bottom-up
approach can identify differences in structure and dynamics that are not restricted to the putative
allosteric pathway. Beyond our analyses of a “minimal model” for FimH allostery, our bottom-up
approach and use of techniques from data science may be applicable to comparing the structure

and dynamics of other proteins.
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CHAPTER 4
A NEW APPROACH FOR EXTRACTING INFORMATION FROM PROTEIN
DYNAMICS

4.1 Abstract

Advances in the characterization and prediction of protein structures have created increasing in-
terest in the dynamics of folded proteins and their role on protein function, further increasing the
importance of molecular dynamics simulations. To analyze these numerous datasets, proteins are
often modeled as networks to take advantage of well-developed methods from network science.
Protein networks are often constructed from correlative measures. However, in network science,
it has been demonstrated that the inverse covariance matrix can identify network interactions. We
apply this inverse approach to the dynamics of protein dihedral angles, a system of internal coordi-
nates that avoids the structural alignment issue in hinge-like proteins. Using the well-characterized
adhesion protein, FimH, we show that our method can detect differences between conformations,
as well as local changes due to deletion of a disulfide bond. By applying our method to two
other adhesion proteins — Siglec-8, an important protein for regulating the immune system, and
the SARS-CoV-2 spike protein — we showed that the inverse approach identifies networks that
resemble a contact map and are robust across replicates. Due to the differences in the networks
constructed by correlation and by solving the inverse problem, there are also downstream differ-
ences in comparing networks, calculating network properties, and detecting communities. Extract-
ing network structure from protein dynamics makes it tractable to apply techniques from network

analysis, such as community detection, which may help identify collective motion in allostery.
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4.2 Introduction

Advances in experimental structure determination [96], [97], computational structure prediction
[98], and molecular dynamics simulations [3] have set the stage for high-throughput characteriza-
tion of protein dynamics using molecular dynamics (MD) simulations. Combined with increased
computational power, these advances have led to rapidly increasing numbers of longer MD sim-
ulations for larger macromolecular systems [5]. As a result, large datasets of MD trajectories are
available from individual research labs [5] and repositories such as MoDEL [9], Dynameomics
[99], Dryad, NoMaD, and MolSSI [8].

This wealth of MD trajectory data creates opportunities for expanding our understanding of
protein dynamics and function. While selected snapshots from MD trajectories contain information
about low energy states and can be used to identify conformational transitions, some physical
phenomena, such as dynamic allostery in proteins, may be better captured by changes in dynamics
over the course of the trajectory [38]. MD simulations can capture differences among protein
variants, the impact of mutations, and modulation by small molecule binding at spatiotemporal
resolutions that are difficult, or even impossible, to obtain experimentally [3].

Taking advantage of this growing wealth of MD trajectory data will require the development of
robust methods for automated analysis. A common strategy for analyzing dynamics data involves
creating a network by directly calculating contact times and interaction energies [13], [62], [64],
[100]. An alternative strategy aims to identify the underlying interactions of multi-component sys-
tems by inferring a network structure from dynamics. Compared to interaction energy networks,
building networks from dynamics is typically less computationally expensive and avoids less rig-
orous modeling of water or entropic contributions to the free energy [63]. Identifying a network

structure makes it possible to apply network analysis tools in order to uncover emergent prop-
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erties such as densely-connected communities [101], hotspots with many edges [102], and paths
connecting active sites and allosteric regulatory sites in distant protein regions [13], [65].

In the study of proteins, the typical approach for constructing networks from protein MD sim-
ulations makes use of correlation measures that quantify how different protein regions “move to-
gether.” These include a variety of methods that use linear [103] and non-linear [15], [27], [102],
[104]-[106] correlation measures. Yet a rigorous mathematical analysis demonstrates that infer-
ring the network structure by solving the inverse problem for a system that could produce the
observed correlations is a more accurate approach than using the correlations directly [20]. The
most straightforward form of solving the inverse problem is simply calculating the inverse of the
covariance matrix [20]. Here we apply the inverse covariance approach to MD trajectory data.

A remaining challenge is how to define the nodes in such a network representation. An ap-
proach that has been used in proteins is to assign a node to each Ca atom in elastic network models
[17], [18] . This choice has some appeal because the model describes “beads”, located in Cartesian
coordinates, connected by linear springs [17], [18]. However, using Cartesian coordinates requires
a structural alignment step that can introduce “artifacts” during hinged motion for multi-domain
proteins, and even for small, single-domain proteins [59]. Previously, we have demonstrated that
an internal coordinate system using dihedral angles makes it possible to accurately localize motion
that affects elements distal to the hinge [107].

Here, we show that network inference using inverse covariance analysis is robust across repli-
cates and that it uncovers strong interactions among backbone dihedrals that form a contact-map
pattern. While the contact-map pattern is also seen in elastic network models for single domains
with high conformational stability, we continue to see this pattern even for multi-domain proteins
with hinged motion when using inverse covariance analysis.

We demonstrate the value of the proposed approach by studying three physiologically signifi-
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cant proteins: the bacterial adhesion protein, FimH; , the human immune adhesion protein Siglec-8
[40], and two domains of the SARS-CoV-2 spike protein involved in adhesion to the human ACE2
receptor [46]. In addition to comparing the different structures of wild type and mutant FimH; , we
are also able to detect localized structural changes due to breaking a disulfide bond in silico. For
Siglec-8, we are able to detect differences between “apo’ and "holo’ states, despite their structural
similarity [40]. For the SARS-CoV-2 spike protein, we examined the receptor binding domain
(RBD) and its connecting subdomain 1 (SD1). While the hinge region connecting RBD-SD1 is
open in the up state and closed in the down state, the individual domains remain structurally similar
in the up and down states [46]. For Siglec-8 and spike RBD-SD1, which do not have large changes
within protein domains, our approach enabled us to use protein dynamics to identify regions that

experience changes in inferred interactions.

4.3 Methods

4.3.1 Protein structures

We retrieved crystal structure for FimH; wild type and mutant, Siglec-8 apo and holo, and SARS-
CoV-2 spike protein from the Protein Data Bank, as detailed in Table 4.1. For FimH;, we used
crystal structures of the lectin domain without ligand for both the wild type and the mutant. To
compare dynamics with and without the disulfide bond as a local perturbation made in silico, we
used Visual Molcular Dynamics (VMD) to define the bond or two cysteins for FimH; . For Siglec-
8, we simulated the ligand 6’S sLe* without the 3-amino-propyl linker, which is not thought to
interact with the binding pocket [40].

For the SARS-CoV-2 spike protein, we started from the refined structure on the CHARMM-
GUI archive [46], [108]. To focus on one hinge system that is thought to be different between

the down and up states, we isolated the receptor binding domain (RBD) and subdomain 1 (SD1)
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Table 4.1: PDB structures studied. We studied FimHy, in the active (wild type) and inactive
(Arg60Pro mutant) states; the human immune-inhibitory protein Siglec-8 in the apo and holo (6’S
sLe*-bound )states; and the SARS-CoV-2 spike protein RBD-SD1 domains in the up and down
states.

FimH;, Siglec-8 Spike RBD-SD1
Method Crystal NMR Cryo-EM
Protein residues 158 145 276
[NaCl] (mM) 50 150 150
State Wild type Mutant Apo  Holo Up Down
PDBID 4AUU 5MCA 2N7A 2N7B 6VSB
Protein atoms 2360 2350 2290 4286
System atoms 32292 31917 42684 50879 80383 89236
System size 1 (A) 94 87 97 111 125 116
2(A) 61 67 70 72 94 95
3(A) 59 59 67 67 81 78

protein subunits without the glycans. For the up state, we used chain A where the RBD is accessible
for binding the ACE2 receptor on human cells [46], and for the down state, we used chain B. We
used the structure

We prepared all systems using VMD version 1.9.3 [50]. We solvated each protein with at least
16 Aof TIP3P water molecules on each side to prevent interactions with itself through the periodic
boundary conditions. We added sodium and chloride ions to neutralize the system and achieve the

desired salt concentration in Table 4.1.

4.3.2 Equilibrium simulations

We performed all-atomistic MD simulaions using NAMD [51], with the CHARMM force field.[55].
Our NAMD simulation parameters and system details are listed in Table 4.2.

After observing differences in correlated protein motions between replicates, we performed
three replicates of over 200 ns each for wild type FimH; . Due to the tradeoff between the number

replicates and simulation length, we performed six replicates of 20 ns of FimH; to make compar-
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Table 4.2: Details of molecular dynamics simulations. Software and parameters used.
Parameter Value

Setup VMD 1.9.3
Simulation engine NAMD 2.13
Ensemble NPT
Temperature 300 K
Pressure 1 atm

Non-bonded interactions Lennard-Jones potential ( cutoff)
Electrostatic interactions Particle-Mesh Ewald sum method
Forcefield CHARMM c36 July 2018 update
Timestep 1fs
Coordinate saved every 1 ps

Conjugate gradient algorithm in NAMD
Energy minimization > 10,000 steps with protein fixed

> 10,000 steps with protein free

isons of wild type and mutant FimH, as well as wild type FimH; with and without the Cys3-Cys44
disulfide bond.

Since twenty lowest-energy structures are reported for Siglec-8, we performed a single replicate
of 50 ns for each structure to compare apo and holo Siglec-8. For the spike RBD-SD1 domains,

we performed six replicates of 60 ns.

4.3.3 Backbone and sidechain dihedral angle dynamics

We used dihedral angles to capture protein dynamics because dihedral angles identify localized
regions responsible for the collective displacement of distal regions through space, such as in
hinged motion [19]. Dihedral angles are also an internal coordinate system that avoids the structure
alignment step when using Cartesian coordinates, which can introduce artifacts [59]. We use both

backbone (¢, v and sidechain y; — x5 dihedral angles.
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4.3.4 Inverse of the covariance matrix

In the literature, the covariance matrix is one approach used to identify protein regions with mo-
tions that are related to the motions of many other regions; in particular it is used to identify
correlated motions between distant regions in allostery [26], [27]. However, constructing networks
from the covariance matrix, even with a threshold to remove weak correlations, is susceptible to
induced correlations when two nodes (e.g. A and C) are not directly connected but share a con-
nection with a third node (B) [20]. Borrowing from the field of network reconstruction, we use
the inverse of the covariance matrix to identify the connections and weights, or edges, between
nodes [20]. This approach is consistent with finding the inverse of a covariance matrix based on
Ca positions, which fits the Hessian matrix describing an elastic spring network with anisotropy
[17], [18]. We have found that the anisotropic elastic network model (ANM) has large errors when
used to describe the motion of FimH, which is consistent with errors for hinge-motion described
in literature [58]. As a result, we use dihedral angles. This approach is similar to the torsional
network model (TNM) which uses equal spring constants to describe dihedral angles across the
protein [66]. In contrast, the inverse of the covariance matrix uses the variances and the covari-
ances of angles to calculate spring constants for a network of torsional springs. The nodes in our
network are dihedral angles, the edges are like linearly coupled torsional springs, and the inverse
of the covariance matrix is the Hessian matrix for a TNM.

To construct our network, we calculate the Moore-Penrose pseudo-inverse of the covariance
matrix using both the backbone and sidechain dihedral angles. We use this approach to understand
the relative contributions of backbone and sidechain dynamics to collective motion. Since the
sign describes whether the angles turn in the same direction, we take the absolute value to get the
interaction strength. We do not apply distance filters. While we use the 97™ percentile as a value

threshold for selecting strong interactions or visualizing the network on the protein, we do not
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use any thresholds for network comparisons. More generally, we recommend caution for applying

thresholds to these networks for analysis.

4.3.5 Comparing networks of inferred interactions

To identify interactions that are stronger in one protein state than another, we compare each edge.
We select for large differences between groups, relative to the variability within each group. To do
this, we filter for differences larger than twice the standard deviation for each group. To compare an
edge e between states a and b, each with an ensemble of m and n networks, this is |{e,) ., — (€p)n| >
20., and > o,,. We apply this rule without determining statistical significance with corrections for
multiple comparisons, in order to see the full effects of comparing all interactions on the matrix.
In Extended Data Fig. SB.14a, we also show an example of comparisons without filtering for
large differences, in order to illustrate the persistence of the contact-map pattern. We perform
the network comparisons in two ways: 1) for every edge on the network (see Extended Data Fig.
SB.14b), 2) accounting for the multi-layer structure of the network by collapsing the backbone-

backbone interactions into residue-residue interactions (Fig. 4.4).

4.4 Results

We present results below for these three proteins (Fig. 4.1a). We first focus on the well-characterized
allosteric protein FimH; . Separation of the FimH; domain from its connecting domain (bottom
in all figures) is thought to induce an allosteric conformational change on the opposite end of the
protein (top in figures) [33], [34]. This changes the binding pocket from a state with low affinity
for the ligand to one with high affinity (Fig. 4.1a) [33]. While wild type FimH_ is trapped in the
high-affinity state, a single-amino acid mutation (Arg60Pro) stabilizes FimH; in the low-affinity

state [39], [79]. The mutant FimH{ is of interest because it undergoes an allostery-like confor-
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Figure 4.1: Unraveling structural properties from protein conformational dynamics. a, Car-
toon illustrating the three adhesion proteins studied here. FimH; refers to the lectin domain of a
bacterial adhesin found in uropathogenic E. coli that binds mannose and undergoes a conforma-
tional change under tensile force from urine flow. Siglec-8 refers to the lectin domain of a human
immune-inhibitory protein found on eosinophils and mast cells. The SARS-CoV-2 RBD and SD1
domains are thought to undergo a down-to-up transition that makes the RBD available to bind
ACE2. For each protein, we compare two states: FimH; wild type (PDB 4AUU) and mutant (PDB
SMCA), Siglec-8 with ligand 6’S-sLe” (PDB 2N7B) and without (PDB 2N7A), and RBD-SD1
in down and up (PDB 6VSB). b, Comparison of covariance analysis of the dynamics (top left)
versus the inverse covariance analysis (bottom right) from the dynamics of wild type FimH,, (see
Extended Data Fig. SB.1, B.2, and B.3 for the other proteins). While many studies rely on the
analysis of the covariance matrix, our data clearly shows that the structure of the covariance matrix
is dominated by artifacts (vertical and horizontal lines) which are stronger for side chain interac-
tions (red square for x; — x1). In contrast, the inverse covariance matrix clearly reveals a structure
reminiscent of a contact map and is dominated by backbone interactions (blue square for ¢ — ).
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mational change upon binding mannoside ligands and has been proposed as a minimal model of
allostery [39].

Like FimH; , Siglec-8 binds a carbohydrate ligand and has an immunoglobulin-like fold with
two [3-sheets (Fig. 4.1a). However, Siglec-8 has a pre-formed binding pocket, leading to similar
structures for the apo and holo states [40]. The SARS-CoV-2 spike protein RBD binds the human
ACE?2 receptor with a "hook” region[45]. The hook becomes accessible in the up state when the
hinge between the RBD and its connector opens. While the hook and interdomain hinge regions
are flexible, the bulk of the RBD is structurally similar in the up and down states. Siglec-8 and the
spike RBD-SD1 present an interesting challenge for detecting differences in inferred interactions

where the protein state changes with small changes in structure within domains.

4.4.1 Define and validate network inference from inverse covariance analysis

Our approach for constructing a network representation of the dynamics of a given protein is
comprised of three steps. In the first step, we obtain temporal dynamics for the nodes, which are
the backbone (¢, 1) and sidechain (x;_5) dihedral angles for each residue [15], [19]. In the second
step, we calculate the circular covariance for dihedral angles [19], which can be thought of as
the linearization of the interactions captured by mutual information. In the third step, we invert
the covariance matrix using the Moore-Penrose pseudo-inverse to calculate the best fit for a linear
coupling system that can give rise to the observed covariance matrix [20].

Similar to mutual information calculations conducted on other proteins [15], [102], we find that
backbone-backbone interactions computed from the covariance are weak compared to sidechain-
sidechain interactions (compare red and blue boxes in Fig. 4.1b and the mutual information in
Extended Data Fig. SB.10). In these networks, some dihedral angles have a banding pattern,

suggesting long-range interactions with many other dihedral angles (Fig. 4.1b). In contrast, the in-
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verse covariance matrix has localized and specific interactions. In addition, the stronger backbone-
backbone interactions have a repeating pattern that resembles the contact map of the protein, and
this pattern appears to repeat more weakly in backbone-sidechain interactions.

The banding pattern in the covariance matrix is also widespread in mutual information matrices,
where they been interpreted as long-range interactions important in protein allostery [15], [102].
In prior studies, the large number of long-distance edges produce "hairball” networks, which led
to the use of pruning algorithms [109], [110] or distance filters [26], [27], [111]. Thus, we won-
dered whether the long-range interactions are capturing a physical feature of the dynamics. To
answer this question, we investigate the reproducibility of the covariance, correlation, and inverse
covariance matrices extracted from different replicates of MD simulations.

In Fig. 4.2a, we contrast the matrix for one replicate in the upper-diagonal with the second
replicate in the lower-diagonal and quantify the similarity in Fig. 4.2b. For replicate MD sim-
ulations, we used the same initial protein structure with randomized solvation and initial veloci-
ties. Both covariance matrices have banding patterns suggesting hotspots that interact with many
residues across the protein. However, each replicate has its own banding pattern, with interaction
strengths that are over ten times greater than those found in the other replicate, indicating high
variability in the networks that one would construct from replicate simulations.

Since the banding pattern is associated with dihedral angles with high variance, we also con-
sider the correlation matrix, which normalizes the covariance matrix by the variance of each dihe-
dral angle. It is visually apparent that the banding in the covariance matrix is not simply due to
high variance because there are still bands in the correlation matrix. While normalizing to the cor-
relation matrix uncovers some interactions in a contact map pattern, they are weak compared to the
banding pattern (Extended Data Fig. SB.4 for matrix with lower maximum value (95" percentile)

for the color map scale).
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Figure 4.2: Inverse covariance matrix is robust across replicates whereas covariance and
correlation matrices are not. a, Triangular regions above and below the matrix diagonal show
results from two replicates of wild type FimH starting from the same protein structure. We show
1) — 1 interactions (see Extended Data Fig. SB.5 for x; — x; interactions). We show interaction
strength in blue with a normalization for each triangular region made based on the 97" percentile
of observed strengths. (See Extended Data Fig. SB.4 for weaker interactions visible when nor-
malized to the 95™ percentile.) In red, we show the ratio for interaction strength between the two
replicates. Purple indicates strong interactions that are not reproduced in the other replicates. For
covariance and correlation matrices, we find that backbone-backbone interactions are mostly quite
weak, but the strong interactions ;97" percentile vary drastically between replicates. In contrast,
for the inverse covariance matrix, the strongest backbone-backbone interactions resemble the con-
tact map and are symmetric across the diagonal (panel c). b, To evaluate the robustness of network
inference, we calculate the Jaccard similarity coefficient for the covariance, correlation, and in-
verse covariance analyses methods across three simulation replicates. We define edges above the
threshold of >97™ percentile. (See Extended Data. Fig. SB.6 for other thresholds.) In grey scale,
we show similarity separately for 1) — v and x; — Y1 interactions. Darker grey indicates results are
similar across replicates for the inverse covariance approach and much less similar for the other
two methods. ¢, Ca inter-residue distance from the crystal structure. Darker grey indicates shorter
distance.
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In contrast to the irreproducible results obtained with the covariance matrix, for the inverse of
the covariance matrix, we find a pattern that is visually similar to the 12A contact map (Fig. 4.2¢).
The diagonally symmetric contact map pattern in blue indicates similarly strong interactions for
two replicates (Fig. 4.2a). After quantifying the robustness across three replicates using the Jaccard
similarity index, we find the inverse covariance has higher similarity (59-72% shared edges) than
the covariance (8-10%) or the correlation (13-16%) for 1) — 1 backbone interactions (Fig. 4.2b).
The 1 — x1 similarity values for inverse covariance are lower, but still higher than for the other two
methods. These data clearly demonstrates that networks inferred from inverse covariance analysis

are more robust than networks constructed from correlational measures.

4.4.2 Inverse covariance analysis yields structural networks

Prompted by the strong visual resemblance between the inverse covariance network and the 12A
contact map and the complete absence of this pattern in the covariance network, we wondered if the
inverse covariance matrix could be used to identify specific physical interactions. To answer this
question, we overlaid the strongest edges (> 98™ percentile) on the 12A contact map, highlighting
the backbone-backbone edges as blue dots and the sidechain-sidechain edges as red crosses (Fig.
4.3a). To correct for the high variability across replicates we previously found for the covariance
networks, we averaged networks across the three replicates. Despite the averaging, the covariance
network shows strong interactions across distant protein regions and are dominated by x; — x1
interactions. In contrast, the inverse covariance network is almost entirely restricted to the contact
map. To understand how these contrasting patterns affect interpretation, we next visualize strong
interactions as edges drawn on the protein structure (Fig. 4.3b). Since drawing all edges would
make the covariance network indecipherable, we only show the edges originating from Lys4. These

edges are difficult to justify physically because they are farther apart than the van der Waals cutoff
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Figure 4.3: The inverse covariance matrix enables us to extract a “contact map”’-like network
from the protein dynamics. a, Comparison of strong interactions identified for the covariance
matrix (top left) and for the inverse covariance matrix (bottom right) of wild type FimH. To pro-
vide context for our data, we plot the 12 A contact map in grey within the matrix. On the top
and right axes we show helix (pink) and strand (teal) secondary structures from DSSP. On the left
and bottom axes we show putative allosteric pathway landmarks [79]: clamp loop (red), pocket
zipper (yellow), swing loop (cyan), 5-bulge (purple), a-switch (green), insertion loop (blue), and
linker loop (dark red). The edges we show are the strongest dihedral interactions, with the thresh-
old set at the 97" percentile of all dihedral interactions. See Extended Data Fig. SB.11 for other
cutoffs. We averaged edge weight across three replicates. The blue dots represent the average of
backbone-backbone interactions by residue. The red crosses represent sidechain-sidechain inter-
actions (x1; — X1). The inverse covariance network are predominantly backbone interactions that
fall within the 12 A contact map. There is a > 99™ percentile y; — x; interaction the Cys3-Cys44
disulfide bond (pink arrow). However, this interaction is only 80" percentile in strength (green
diamond) for the covariance matrix, which is dominated by other y; — 7 interactions. b, Since
the covariance matrix has many long-range interactions, we only show the backbone interactions
and the sidechain interactions for Lys4. In contrast, the inverse covariance network has mostly
short-range interactions, including the disulfide bond. We show backbone interactions on the Ca
atoms and sidechain interactions on the the 4™ y; atoms. We show backbone interactions in blue
and sidechain interactions in red. Darker colors indicate stronger interactions.
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distance for MD simulations, and electrostatic interactions are largely screened by the solvent.

In contrast, the inverse covariance network uncovers edges that mostly connect physically close
residues. Specifically, we find a x; — x; edge between Cys3-Cys44 for the sole disulfide bond in
FimH, , and that this edge is missing from the covariance network (red vs green arrow in Fig. 4.3a).

Examining the contact map pattern of the inverse covariance network in more detail, we com-
pare edge weight with the distance between Co atoms (Extended Data Fig. SB.12). We find that
for backbone-backbone interactions, the strongest interactions are between residues connected by
a peptide bond, followed by hydrogen bonds within /5 sheets, and then non-bonding interactions.

After examining backbone-backbone interactions, we next looked at the progressively weaker
interactions involving sidechains distal from the backbone (Fig. 4.1b and Extended Data Fig.
SB.13). We find the contact map pattern is still apparent for ¢ — x; or ) — x; interactions,
but becomes very weak for ¢ — xo or 1) — x> interactions, and becomes indistinguishable from
noise for interactions between proximal and distal sidechain dihedrals. The inverse covariance
analysis thus suggests that backbone dihedral motion is most strongly coupled to nearby backbone
dihedrals and has more dissipated effects on sidechain dihedrals. This relationship is consistent
with how backbone motions can sterically trap or free sidechains, whereas sidechain motions are
more limited in their impact on backbone motion [112].

The different strengths of interactions for backbone-backbone and backbone-sidechain edges
suggests that qualitatively different types of interactions have different properties. For two residues
i and j, the backbone-backbone edge ¢ — 1|, j] are larger than the backbone-sidechain edge x; —
X1l¢, 7], which is consistent with the physical differences between these two edge types. Moreover,
most backbone-backbone edges within the same residue, ¢ — 1[i, i], are stronger than backbone

edges connecting to other residues, ¢ — ¢[i, j] and 1) — 9[i, j] (Extended Data Fig. B.12).
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4.4.3 Detecting both large and small structural changes in FimHj,
4.4.3 Conformational differences between wild type and mutant

As a way to validate our approach, we next test if we are able to identify the well-characterized
differences between wild type FimH; and the Arg60Pro mutant. To compare inferred networks
for the wild type and mutant proteins, we identified edges where the average difference was larger
than two times the standard deviation across each group of replicates. We performed this analysis
once with the entire set of edges (Extended Data Fig. SB.14), and again with only the backbone
interactions collapsed into a residue interaction network. For our comparisons and the matrix
visualization of the differences, we do not apply a distance filter or a threshold for the edge-
strength. However, for the visualization on the protein, we only show differences with magnitude
larger than the 97" percentile.

The visualization of the differences enables us to identify several interactions stronger in either
the mutant or the wild type proteins (red or blue patches, respectively, in Fig. 4.4a). This is
consistent with the difference in initial structure (RMSD=3.15A) and in dihedral dynamics [107].

For concreteness, we focus on two regions at the edge of the protein structure that are easier
to visualize: the binding pocket zipper at the top of FimH; , and the insertion loop at the bottom.
In the pocket zipper, we found much stronger interactions for the mutant protein (median:2.8-fold,
IQR:2.0-5.2-fold), which correspond to smaller dihedral fluctuations [107]. On the other hand,
in the insertion loop, we identified changes in interaction that were stronger in the wild type than
the mutant protein (3.2-fold, 2.2-3.7-fold). Structurally, this is consistent with how the insertion
loop is stabilized in the wild type structure and exposed to solvent in the mutant protein [35], [39].
Dynamically, stronger interactions within the insertion loop is consistent with smaller dihedral

fluctuations in the wild type protein [107].
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We further identify differences at the 3-bulge, a-switch, and swing loop regions of the allosteric
pathway, consistent with structural differences between wild type and mutant proteins. The mutant
protein has stronger interactions within the loop formed by the S-bulge (2.0-fold, 1.2-2.3-fold)
and also with a nearby loop. In the wild type protein, the loop is smoothed out into a 3-strand. The
wild type protein has stronger interactions (1.8-fold, 1.5-2.6-fold) in the a-helix, compared to the
310-helix in the mutant protein, which is probably due to different hydrogen bonding patterns. In
the swing loop, we again find stronger interactions in the wild type protein (2.0-fold, 1.6-2.7-fold).

For these allosteric pathway landmarks, it is visually apparent that we detect large differences
in inferred interactions when structures are closer in one state and stretched apart in the other state.
Beyond these regions, there are several other regions with similarly large changes in interaction

between the wild type and mutant proteins, shown in blue and red patches (Fig. 4.4a).

4.4.3 Disulfide bond

We next used wild type FimH;, to explore the impact of removing the single disulfide bond be-
tween Cys3-Cys44 in silico on fast, nanosecond-timescale dynamics. Using the inverse covariance
analysis, we correctly identified the 6-fold stronger ;- interactions in the presence of the disul-
fide bond, which was the largest difference detected (Fig. 4.4d). This matches our expectations
because the covalent bond between the most distal atoms forming the y; rotamer angle directly
couples x; dynamics. Together, these analyses show that the inverse covariance analysis method

is sensitive to both local differences and conformational differences.

4.4.4 Network rearrangement in the conserved region of Siglec-8 in the ligand-bound state

Like FimH, , the human immune cell adhesion protein, Siglec-8, is also a lectin with an immunoglobulin-

like fold with a single disulfide bond. For Siglec-8, we compare the apo (no ligand) and holo
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Figure 4.4: Inverse covariance analysis can detect both large and small structural changes in
FimH;. a, Comparing inferred networks for wild type and mutant proteins, we show differences
in the backbone (top left in dots) and y; — Y1 (bottom right in crosses) over the 12 A distance
cutoff in grey. Red indicates stronger interactions for the mutant protein; blue for the wild type
protein. The borders show secondary structure and landmarks as described in Fig. 4.3a. The
black dots on the colorbar describe the 97" percentile in magnitude. Larger differences are drawn
on the protein, while all differences greater than 20 are plotted on the adjacency matrix. b, The
pocket zipper (red), insertion loop (blue), and [§-bulge/a-switch (green) are highlighted in ¢. d,
Comparing wild type FimH; with the Cys3-Cys44 disulfide bond intact or broken in silico. e,
The blue lines shows that the Cys3-Cys44 1 (arrow) and the Phe43-Cys44 backbone-backbone
interactions are stronger when the disulfide bond is intact.
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(bound to the native 6’S-sLe, ligand) states. Apo and holo Siglec-8 have extremely similar struc-
tures due to the rigid binding pocket loops that only differ by a few sidechain rearrangements [40].
The rigidity of the CC’ binding pocket loop in apo Siglec-8 occurs in the absence of stabilizing
secondary structure motifs [40].

One hypothesized mechanism is that the Arg70 sidechain forms hydrogen bonds with the back-
bone of Pro57 and Asp60 within the CC’ loop [40] (Fig. 4.5a). Using our inferred interaction
networks, we were unable to detect these proposed hydrogen bonds. We only detected a moderate
interaction between Arg70 and Pro62 (Extended Data Fig. SB.15. However, we were able to iden-
tify other strong interactions, such as the Cys31-Cys91 disulfide bond (7.1-fold stronger than the
Arg70-Pro62 interaction) and the Arg79-Asp102 salt bridge (3.7-fold stronger). Analysis of the
MD trajectories makes clear that Arg70, Pro57, and Asp60 have large fluctuations relative to each
other, while the disulfide bond and salt bridge only have small fluctuations (Fig. 4.5b).

Moreover, the CC’ loop backbone also has surprisingly small fluctuations for an unstructured
loop (Fig. 4.5b). Using our inferred interaction approach, we identified strong interactions within
the CC’ loop, as well as interactions from outside the loop to its hinges at Ala53 and Pro62 (Ex-
tended Data Fig. SB.15). Taken together, these observations lead us to propose an alternative
mechanism to hydrogen bonds between Arg 70 and the CC’ loop. In our view, the CC’ loop is
stabilized internally and externally at the hinge edges.

Comparing apo and holo Siglec-8, the holo state has stronger x;-Y; interactions corresponding
to the Cys31-Cys91 disulfide bond (Fig. 4.5¢). The disulfide bond is conserved in the siglec family
and is located on the sheet of the S-sandwich opposite the binding pocket [40]. Nearby, we also
observe other changes in interaction strength involving Asp90. Although distant from the binding
site, the Asp90-Cys91-Ser92 motif in Siglec-8 is a variant of the Asn-Cys-Ser or -Thr motif that

is conserved in the rest of the siglec family [113]. Differences in interaction strength between apo
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and holo states identifies changes in the dynamics of this evolutionarily conserved region during
ligand-binding.

In contrast, removing the Cys31-Cys91 disulfide bond from the holo state in silico has a differ-
ent pattern (Extended Data Fig. SB.16). Both ligand-binding and the presence of the disulfide bond
have a stronger - interaction at Cys31-Cys91. Both conditions also stabilize Cys31, indicated
by decreased backbone dihedral fluctuations and increased duration within an extended secondary
structure as assigned by the Dictionary of Secondary Structure of Proteins (DSSP) algorithm, and
shorter Cys31-Cys91 Ca distance. Taken together, we find that the network rearrangement that
occurs with ligand-binding increases Siglec-8 conformational stability near an evolutionarily con-
served disulfide bond, even though the region is not near the binding site, and the protein has

similar structure in the apo and holo states.

4.4.5 Comparison of the spike protein RBD in the up and down states shows network rear-

rangement without large structural differences

Next, we investigated whether there are differences in the networks inferred from the ‘up’ and
‘down’ states of the RBD-SD1 domains of the SARS-CoV-2 spike protein (Fig. 4.1a). The RBD
connects to SD1 (Fig 4.5¢) via two hinge-like loops that are more flexible in the up state than
the down state [114]. While the down and up states have different orientations around the hinge,
they have similar SD1 structures (Ca-RMSD=0.64A) and somewhat similar RBD structures (Ca-
RMSD=1.55A).

Opening the hinge angle in the down-to-up transition is thought to make the binding site on the
RBD domain available to attach to human ACE2 [45], [46]. To focus on the RBD-SD1 hinge, we
isolated these domains from the rest of the spike protein and ignored glycosylated sugars. While

these simplifications limit the strength of our conclusions into the function of the spike protein, it
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Figure 4.5: Inferred networks identify strong interactions and changes in interaction
strength. a, Illustration of Siglec-8 highlighting the CC’ loop of the binding pocket in orange
and the wire diagrams of the residues involved in the Arg79-Asp102 salt-bridge, the Cys31-Cys91
disulfide bond, and Arg70, which is hypothesized to form hydrogen bonds with the CC’ loop. It
has been recently hypothesized that the CC’ loop is stabilized by hydrogen bonds from Arg70 to
Pro57 and Asp60, shown as spheres at their Ca positions. b, Comparison of the dynamics for the
interactions highlighted in a. We show the superposition of aligned snapshots taken every 6 ns. c,
Our approach also identifies rearrangements of strong interactions without large structural changes.
Comparing Siglec-8 with (holo) and without (apo) ligand reveals rearrangement of strong interac-
tions in a region opposite the binding pocket, including the Cys31-Cys91 disulfide bond (black
spheres). We show interactions stronger in holo (red) and apo (blue) on the holo structure. d, For
the SARS-CoV-2 spike protein, rotation around the RBD-SD1 hinge changes the structure in the
down and up states, while the individual domains have similar structure. We detect differences
near the hinge, including the Cys336-Cys361 disulfide bond (black spheres) and nearby a-helix.
We show interactions stronger in the down (blue) and up (red) states on both structures.
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nonetheless provides a useful system for comparing dynamics in a system that initially resembles
rigid-body motion around a hinge.

As seen in Fig 4.5e, several strong network interactions are rearranged for the up and down
states near the a-helix at residues 338-344. For example, the down state has stronger interactions at
several edges connecting Cys336 to residues within the helix. However, those residues in the helix
have different interactions in the up state, such as with Leu335 or with Asp364 on a neighboring
loop. In this region, we also find that the down state has stronger interactions at the Cys336-
Cys361 disulfide bond. In the down state, we also find that Cys331 has smaller backbone dihedral
fluctuations and stays longer in the 3-sheet secondary structure.

We also compared both the up and down states with the ‘off” state, from a spike protein where
all the RBD are hidden. We find that the up and down states are more similar to each other than
to the off state (Extended Data Fig. SB.17. This suggests that after one protomer reaches the up
state, there may be a smaller set of rearrangements in the down-to-up transition than the larger set
of arrangements required for the first protomer to reach the up state.

As a proof-of-concept, we investigated whether it is possible to infer an interaction network
for the trimeric SARS-CoV-2 spike protein, which is much larger than the RBD-SD1 domains.
However, the amount of data required for network inference using the inverse covariance method
scales faster than the number of residues. As a result, our approach required more data than was
available from the two sets of publicly-accessible simulations for which the up and down states are
labeled [115], [116]. Instead, we chose the longer simulations that explore the transition among the
down, up, and open states published by the Bowman lab [6]. Using 100,000 snapshots, we were
able to infer an interaction network for the 3,363 residues of the spike protein (Extended Data Fig.
SB.18). The number of snapshots is an order of magnitude larger than those currently available

for labeled states. Thus, it may be feasible to compare states for the entire S1/S2 complex of the
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spike protein if there is sufficient data, or by choosing a less data-intensive method for solving the

inverse problem.

4.5 Discussion

We identify some of the shortcomings of correlation-based approaches for network inference from
protein dynamics using the covariance, correlation, and mutual information matrices. These net-
works have low reproducibility among replicates and exhibit long-range connections that are dif-
ficult to tie to physical explanations. To address these shortcomings, we use the inverse of the
covariance matrix. This is a well-established technique from network inference[20] for solving the
inverse problem for a system that can produce the observed correlated dynamics. Our approach
builds networks where each node is a dihedral angle, including both the backbone (¢, ¥) and the
sidechains (x1_5), and edges are inferred from the coupling interactions between angles. We chose
the internal coordinate system of dihedral angles[19] to easily include sidechain dynamics, localize
hinges that drive distal dynamics[107], and to avoid the alignment step in Cartesian coordinates
that introduces ‘artifacts’ in hinged motion [58].

Using the inverse covariance approach, we detected differences in conformation, subtle dif-
ferences between protein states without large conformational changes, and localized perturbations
in the structure of biomedically important proteins. The inverse covariance networks capture a
hierarchy of interactions that resemble that qualitatively different types of interactions, suggesting
a multi-layer network structure. The strongest edges connect dihedral angles with covalently-
bonded atoms, with weaker interactions for greater distances. Moreover, the contact map-like
pattern found in backbone-backbone interactions are repeated more weakly in backbone-sidechain
and sidechain-sidechain interactions. This hierarchy of inferred interactions is consistent with the

smaller backbone rearrangements related to larger sidechain motions [112].
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Our results suggest that solving the inverse problem uncovers the underlying interactions that
ultimately drive protein dynamics, but are not well-captured by cataloguing the observed correlated
motions or comparing static structures. However, inverting the covariance matrix is the simplest
of a variety of tools available for network inference from dynamics used in the network science
field [20], [72]. While the simplicity of inverting the covariance matrix increases accessibility,
there are some obvious limitations [20]. We calculate the circular covariance matrix on dihedral
angle distributions that are multi-modal. The inverse of the covariance matrix is analogous to
linearly coupled torsional springs, which do not represent the complexity of atomic interactions
within a protein. Moreover, network inference by inverting the covariance matrix requires a large
amount of data [20]. Our work establishes a baseline approach, which can be easily built upon
by incorporating more sophisticated [20], [65] - and yet more involved - approaches that better
describe dihedral distributions [117] or account for nonlinear interactions [70].

Despite these limitations, our approach yielded insights for three adhesion proteins. Com-
paring the networks inferred for two protein states at a time, we were able to tie differences in
inferred network structure to structural and dynamical differences. For FimH;, a comparison of
inferred networks for the wild type and mutant proteins identifies protein regions with conforma-
tional changes consistent with the allosteric pathway sites [79]. For Siglec-8 and the SARS-CoV-2
RBD-SDI1 construct, we were able to detect network rearrangements despite the similar structures
of Siglec-8 in the apo and holo states, and of the individual RBD and SD1 domains in the up and
down states. In Siglec-8, we were also able to use strong interactions identified by the network to
propose a mechanism for stabilizing the unstructured, yet rigid, binding pocket. Thus, we show
that the inverse problem approach can identify protein regions of interest by comparing dynamical

differences, even in the absence of large conformational differences.
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CHAPTER S
CONCLUSION AND FUTURE WORK

5.1 Summary of key findings and significance

Protein structure and dynamics are essential for function. However, some changes in protein
function are better captured by changes in dynamics, without an obviously identifiable change
in structure, such as in the case of dynamical allostery [1], [38]. To capture dynamical differences,
molecular dynamics (MD) simulations are becoming an increasingly common tool for analyzing
protein dynamics. As a result, the amount of MD trajectory data available to the scientific com-
munity is also growing [8], and will likely continue to grow with advances in computing [S] and
developments in protein structure determination and prediction [7].

There is a correspondingly growing need for automated analysis of MD trajectory data. Well-
characterized proteins have experimentally-identified protein regions that are known to be impor-
tant for function and regulation. These regions serve as guideposts for focusing the analysis of
MD trajectories. However, many proteins are not well-characterized, and MD simulations pro-
vide an inexpensive and high-throughput tool for protein characterization [3], [4]. In the absence
of previously-identified regions of interest, analyzing the dynamics of the protein in its entirety
to identify emergent properties and regions of interest may provide an avenue for automated and
unbiased characterization.

One framework for identifying emergent properties that has previously been applied to protein
structure and dynamics is network analysis [13], [17], [26], [62], [118]. Constructing a network

for a protein makes it possible to apply a variety of analysis tools from the field of network science.
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These tools can potentially identify protein regions that are vulnerable, important in communica-
tion, or a smaller part of a larger region. However, it is not yet clear how to select from the variety
of methods available for network construction. Moreover, it is also not well understood how to
select the subsequent network analysis tools to study a particular function.

In this work, we describe a potential approach for constructing and analyzing networks from
MD trajectories. We focus on the dynamics of the bacterial adhesion protein, FimH, as a well-
characterized model protein for allostery [39]. The allosteric site of FimH is located between its
two domains and acts like a force-sensor [81]. Domain separation exposes the allosteric site to
water and is thought to trigger a conformational change in the domain with the binding pocket
[33], [79], [86], increasing affinity for ligand. This regulation of the binding function is allosteric
because the force-sensing site is distant from the binding pocket [38]. In FimH, the protein regions
of interest along the allosteric pathway were previously identified experimentally and computa-
tionally [35], [79].

Chapter 3: Intriguingly, isolating the ligand-binding, lectin domain keeps FimH in the high-
affinity state, but a single mutation in one of the allosteric pathway sites keeps the isolated lectin
domain in the low-affinity state. As a result, the single lectin domain of FimH was proposed as
a model system for allostery [39]. This work provided the first use of MD simulations to char-
acterize the dynamics of the inactivating Arg-60-Pro mutation. Analysis of MD trajectories for
FimH is complicated by the hinged motion between the two domains. The structural alignment
step used in previous analyses of FimH can introduce ‘artifacts’ [58] that can be avoided using an
internal coordinate system [19]. As a result, we performed our analyses with an internal coordi-
nate system of dihedral angles. In addition to the backbone dihedral angles, we also included an
analyses of the sidechain dihedral angles. Since we wanted to directly compare sidechains with

different lengths due to the mutation, we introduced a pseudo-dihedral angle that made it possible
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to compare sidechain dynamics for different amino acids (except for Gly). Our analysis was able
to identify new regions of interest based on dynamics and localize the hinge regions that drive the
motion of distal protein regions. This demonstrated the advantages of using an internal coordinate
system to characterize FimH dynamics.

Chapter 4: Using the data from Chapter 3, we next sought to construct networks from protein
dynamics. Based on the ideas sketched in Chapter 2, we decided to construct networks from the
inverse of the covariance matrix of dihedral angles. The procedure is analogous to constructing
anisotropic elastic networks in Cartesian coordinates [17], [18], except we used the internal coor-
dinate system of dihedral angles. To assess our choice, we compared the inverse covariance matrix
against correlative measures such as the covariance, correlation, and mutual information matrices.
We found that the inverse covariance matrix was more robust across technical replicates and physi-
cally interpretable. In particular, the backbone-backbone interactions are much stronger than most
sidechain-sidechain interactions. The network also captures a hierarchy of interaction strengths
that suggest qualitatively different types of interactions.

After constructing networks, we then compared the networks for the lectin domain of FimH,
with and without the mutation. This procedure identified protein regions of interest that matched
the landmarks along the allosteric pathway [79]. Next, we extended our analyses to two other
adhesion proteins, the human immune protein Siglec-8, and the binding domain of the SARS-
CoV-2 spike protein. For Siglec-8, we used network analysis to propose a mechanism to explain
the dynamics of the binding pocket. We also identified differences in dynamics at an evolutionarily
conserved protein region on the opposite of the protein from the binding pocket. Similarly, for the
SARS-CoV-2 spike protein, we identified differences in dynamics at a protein region thought to be

involved in a hinged motion that makes the binding site available for viral attachment [45], [46].
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5.2 Limitations

5.2.1 Molecular dynamics simulations

The use of MD simulations and our selection of network construction and analysis techniques have
provided insights into analyzing protein dynamics. However, these techniques have limitations,
and we are still refining our analyses.

While MD simulations have provided data about protein dynamics at small spatiotemporal res-
olutions, our simulations that go up to several hundred nanoseconds are not long enough to capture
the FimH allosteric conformational change [4]. As a result, we could only compare the dynamics
of FimH in different states, instead of directly observing the dynamics involved in the conforma-
tional change. Our simulations also depend on the accuracy of the experimental procedures used
to solve the protein structure. While Siglec-8 was solved using NMR, we used crystal structures
for FimH, and a combination of crystal and Cryo-EM structures for the spike protein.

Moreover, protein dynamics from MD simulations deviate from those observed experimentally
[119]. In particular, protein dynamics are influenced by the dynamics of the surrounding water. The
TIP3P model of water used in this work may limit the observation of coupled protein dynamics
that might be relevant to studying allostery [56]. In the future, as simulation engines and force
fields improve, it may be more less problematic to apply network inference to more accurate MD

trajectory data.

5.2.2 Network construction

For network inference from protein dynamics, we selected a very simple approach that is often used
in the field of network science as a first-pass analysis for inferring the underlying structure [20].

We first capture correlated dynamics using the (circular) covariance matrix, and then calculate the
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pseudo-inverse matrix [20], [60]. The first step does not account for the multi-modal distribution
of dihedral angles. The second step does not account for nonlinear coupling interactions. Our
network inference simplifies the protein into a system of coupled torsional springs (see Chapter
2), which does not capture the full complexity of interactions within a protein. Lastly, the pseudo-
inverse can fail dramatically with insufficient or very noisy data. Many of these issues can be
avoided with more sophisticated algorithms for solving the inverse problem for network inference

[20], [60], [70].

5.3 Opportunities for future research

5.3.1 Understanding protein dynamics

This exploratory work into one method for network inference from protein dynamics adds to the
available approaches for abstracting proteins as networks. It opens the door for applying a variety
of more sophisticated and computationally efficient methods from the network and data science
fields to MD datasets. Some, but not all, protein regions in physical proximity are encoded as
strong interactions in the inferred network. Thus, network inference may provide another tool on
the way to exploring the fundamental relationship between protein structure and dynamics. It may
help answer questions such as, how do we predict the impact of small variations in structure on
dynamics? The ability to accurately predict the impact of structural perturbations on dynamics
adds another dimension to protein engineering and drug design.

In the nearer future, the network inference approach may provide a way for comparing protein
states, beyond those studied here. For example, there are multiple sequence variations of FimH
among different strains of Escherichia coli and in another genus, Klebsiella. There are also mul-
tiple crystal structures available for FimH, which are further modified by different ligands. While

comparative studies of variations in sequence [120] and structure [121] have provided insights into
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function, the dynamics from MD simulations have not yet been systematically compared. In a sim-
ilar vein, FimH has similar structure to other bacterial proteins, some of which bind to sugars like
FimH. Others bind protein ligands at a different protein region, using a different mechanism. The
dynamics of these proteins, variants, and mutated forms, have not been systematically compared
either [122].

This can be extended to other proteins to study how dynamics are regulated by variations
in structure and sequence - including variations found in nature or introduced in the laboratory
through deep mutational scanning or random mutagenesis. In addition to protein engineering and
drug design, this may one day provide a biophysical link between variations of unknown signifi-

cance and potential disease states.

5.3.2 Network analysis to study emergent properties

From a network science perspective, constructing a network is merely the first step. Among the
options for analyzing networks, two interesting paths for proteins are community detection to
identify protein regions and path analysis.

Proteins have a hierarchy of structure that affects dynamics, and our work suggests this hierar-
chy can be captured via network inference from protein dynamics. Using inferred networks avoids
the need to introduce structural information, such as distance masks or secondary structure assign-
ments. Thus, community detection on these inferred networks may provide a more unbiased way
to identify protein regions that move in a coordinated fashion. Community detection also enables
the comparison of protein states at a higher level than individual edges, which can better capture
differences in emergent dynamical behavior (see Fig. 5.1. It is not yet established how to select a
method for community detection on protein networks, or how to test the validity of the resulting

partition.
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Figure 5.1: Procedure for one approach to community detection from protein networks. a,
Spike protein hinge” region involved in the down-to-up transition consists of the receptor binding
domain (RBD), sub-domain 1 (SD1), and SD2. b, From all-atomistic MD simulations, we use
dynamics data to infer an interaction network. We then average the coupling strengths by residue
to get a residue interaction network. We have shown that this network resembles the protein contact
map for this protein and others (see Chapter 4). ¢, We perform network analysis for community
structure using degree-corrected stochastic block modeling. Communities can be thought of as
inter-connected regions of the protein with coupled motion. We find differences in community
structure between the up and down states. For example, in SD1, the grey community in the up
state is split into two communities (grey and brown) in the down state. This suggests that coupled
motion in the SD1 domain of the up state is disrupted in the down state. d, In the future, we
will also compare differences in coupling among communities. Here we show the network of
communities.
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The organization of individual edges into paths provides another approach for characterizing
networks. One model for protein allostery focuses on paths connecting the (regulatory) allosteric
and the (regulated) functional sites [65], [123]. The biophysical explanation for these allosteric
pathways is the transmission of perturbations across the protein. The network analogy is particu-
larly useful in allostery because it does not require a direct connection between the allsoteric and
functional sites. Instead, the network structure can give rise to long-range effects as an emergent
property of the combination of short-range interactions. It may be possible to validate the idea that
methods to predict allostery from structure are indeed using structure to infer dynamics [65], by
examining the networks inferred from dynamics. Moreover, this might also provide a way to in-
tegrate structural and dynamical information to study allostery that requires a change in structure,

such as in FimH.
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APPENDIX A
CONFORMATIONAL STABILITY OF THE BACTERIAL ADHESIN, FIMH, WITH AN
INACTIVATING MUTATION

A.1 Choice of structures and notation

H2 refers to both the lectin and pilin domains, while HL refers to the lectin domain alone. H2
inactive refers to the “low-affinity structure” [35] that corresponds with the “tense” state in the
Monod-Wyman-Changeux (MWC) model notation of Kalas et al. [84]. Structurally, the lectin and
pilin domains are “associated” in H2 inactive using the notation of Sauer et al. [34]. In contrast,
H?2 active has high affinity for ligand, corresponds to the “relaxed” state in the MWC model [84],
and has “separated” domains [34]. At this time, crystal structures for H2 active have relatively
poor resolution due to the flexibility of the interdomain region (PDBID 1KLF, 2.79 A, 2001 used
Fig. SA.1 and SA.2; PDBID 4XOB, 3.003 A, 2016; PDBID 5JR4, 2.596 A, 2017). Moreover, MD
simulations of H2 active require large and computationally expensive simulation boxes to prevent
self-interactions during hinged motion [84]. As a result, H2 active was not studied here. Instead,
we studied the dynamics of the high-affinity conformation of the lectin domain using HL active,
which is constitutively active (PDBID 4AUU, 1.6 A, 2012). Similarly, we focused on two versions
of H2 inactive with higher resolution, and another version of H2 inactive with lower resolution

(PDBID 3JWN, 2.69 A, 2009) was also not studied here.
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A.2 Putative allosteric pathway

Several landmarks have been identified in the putative allosteric pathway through a combination
of experimental and computational approaches [79]. These landmarks are illustrated on the New-
Cartoon representations of the protein backbone in Fig. 3.2B, SA.1, and SA.2 and are also used in
the headers of plots describing dynamical or structural differences (e.g. Fig. 3.3A). The landmarks
in the binding pocket are the pocket zipper (1-11) and the clamp (8-16), which are collectively
referred to as the clamp segment [39], [79]. To these, we also add the parasteric segment (132-
140), which interacts with the ligand in the active state but is exposed in the inactive state, so
that antibody binding stabilizes the inactive conformation of the binding pocket [82]. Next, the
landmarks in the interdomain region are the swing loop (25-34), the insertion loop (111-119), and
the linker loop (152-158), which covalently connects the lectin and pilin domains [79]. Lastly, the
Arg-60-Pro substitution of HL. mutant is in the S-bulge (59-63), which is adjacent to the a-switch
(64-71), and mutations in these regions stabilize the inactive or active conformations of the lectin

domain [39], [79].

A.3 The impact of the Arg or Pro at position 60

We examined the effect of the Arg-60-Pro mutation alone on HL mutant by changing Pro to the
wild-type Arg in silico. Analogously, we modified HL active by changing the Arg to Pro at position
60 in silico to mimic the mutation. We find that the differences in backbone structure and dynamics
due to the Arg-60-Pro mutation are small and isolated for HL mutant and HL active. For the
sidechain dynamics, the cyclic Pro at residue 60 in HL mutant has smaller fluctuations than the

longer Arg, and this is the only statistically significant difference.
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Table S A.1: Residues with differences in sidechain dynamics. For the comparisons of HL
mutant vs H2 inactive, HL mutant vs HL active, and H2 inactive vs HL active, we report the
residue index. In the parentheses, we report the difference in the median value of the standard
deviation for v if Ao > 0.2 radians or about 11.5 degrees.
Comparison Residues
HL mutant - H2 inactive 7 (0.43), 28 (0.80), 60 (-1.32)
HL mutant - HL active 5 (-0.94), 9 (-0.60), 22 (-0.81), 32 (-0.77), 33 (-0.44), 41 (-1.01),
56 (0.59), 59 (-1.03), 60 (-0.78), 62 (-1.10), 70 (0.72), 71 (0.73),
74 (-0.92), 107 (-0.61), 108 (-1.14), 109 (0.43), 112 (1.04),
120 (0.60), 126 (0.94), 131 (0.60), 133 (0.30), 142 (1.11),
147 (0.25), 152 (0.24), 154 (0.44)
H2 inactive - HL active 5 (-0.94), 9 (-0.79), 11 (-1.04), 13 (-0.57), 19 (0.25), 22 (-0.82),
23 (0.29), 28 (-0.84), 33 (-0.56), 34 (-0.30), 41 (-1.02), 56 (0.73),
58 (0.43), 59 (-0.94), 62 (-1.10), 67 (0.45), 70 (0.53), 71 (0.78),
72 (0.82), 74 (-0.82), 93 (0.40), 94 (-0.38), 96 (0.31), 99 (-0.29),
107 (-0.66), 108 (-1.12), 109 (0.51), 112 (0.49), 113 (-0.37),
120 (0.95), 126 (0.81), 130 (-0.56), 131 (0.64), 133 (0.34),
136 (-0.23), 142 (0.81), 143 (-0.35), 147 (0.43), 149 (0.57),
152 (0.23), 153 (0.47), 155 (-0.39)

A.4 Differences in sidechain dynamics

Protein residues with different sidechain dynamics are listed in Table SA.1.

A.5 Longer simulations

The fluctuations observed over the 20 ns simulations are only relevant to the fluctuations of single
dihedrals, rather than the large conformational changes between the inactive and active states,
which may require much longer simulations, on the order of a microsecond to observe [35], [84].
While we focus on local dihedral angle fluctuations, the ability of hinged motion to displace distal
elements does allow us to observe opening and closing of the clamp segment at the binding pocket
and the interdomain motions of H2 inactive.

We performed long simulations of up to 200ns for 3 replicates each of HL mutant, H2 inactive,
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Figure S A.1: Structural differences for active and inactive conformations (front side). Back-
bone structures are shown as NewCartoon representations. H2 refers to both the lectin and pilin
domains, while HL refers to the lectin domain alone. HL active (PDBID 4AUU) matches the struc-
ture of H2 active (PDBID 1KLF) in the lectin domain; HL mutant (PDBID 5SMCA) matches H2
inactive (PDBID 4XOD). The mutation at residue 60 is indicated by a bead at Ca. The putative
allosteric pathway sites and the parasteric site are shown on the cartoon structure.

and HL active. We observed that the Ca-RMSD remained within about 2 Angstroms (Fig. SA.S5,
SA.6, and SA.7). In order to gain greater insight into the variability of the protein dynamics, we
also analyzed our long simulations by breaking them down into overlapping windows of 20 ns. We
found that the average standard deviation across all angles also remained stable over most of the
stimulation (Fig. SA.8), with occasional spikes that corresponded to localized changes at specific
residues (Fig. SA.9). The protein regions with dynamics differences identified from the shorter
simulations are qualitatively similar to those identified by comparing the 3 replicates of longer

simulations (Fig. SA.10 and SA.11). While the longer simulations identified additional regions

with dynamical differences, it is limited by fewer replicates.
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Figure S A.2: Structural differences for active and inactive conformations (back side). Struc-
tures in Fig. SA.1 rotated 180 degrees to show the view from the back.
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Figure S A.3: Structural comparisons of HL. mutant and HL active vs H2 inactive v1. (A)
Secondary structure of HL active (top), H2 inactive (middle), and HL mutant (bottom) with fea-
tures. (B) Ca-displacement in A describes the contribution of each residue to the RMSD. Angular
displacements of backbone dihedrals ¢ and v for HL mutant show localized structural changes (C,
D). HL mutant has fewer angular displacements than HL active (E, F). See Fig. SA.4 for difference

represented on the protein structure.
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Figure S A.4: Visualizing differences in crystal structure with RMSD and angle differences.
HL active and HL mutant are compared against H2 inactive using (left) Ca-RMSD and (right)
backbone angle differences from Fig. SA.3. Color is scaled to the angle difference as |¢|, ||,
and the maximum of [|¢|, |¢|]. Angles are shown on the corresponding residue of the NewCartoon

representation.
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Figure S A.5: Short vs long simulations for HL. mutant (A) Ca root-mean-squared deviations
(RMSD) and (B) the root-mean-square of dihedral angle deviations for 3 replicates
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Figure S A.6: Short vs long simulations for H2 inactive (A) Ca root-mean-squared deviations
(RMSD) and (B) the root-mean-square of dihedral angle deviations for 3 replicates
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Figure S A.7: Short vs long simulations for HL active (A) Ca root-mean-squared deviations
(RMSD) and (B) the root-mean-square of dihedral angle deviations for 3 replicates
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Figure S A.8: Long simulations divided into 20 ns blocks show spikes in the standard devia-
tion (grey patches) (A) The standard deviation at each backbone dihedral angle was calculated for
each block. The average standard deviation is shown at each block for three replicates. (B, C) The
¢ and v standard deviations are shown for the cyan replicate.
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Figure S A.9: Transient changes in average structure correspond to time periods with spikes
in standard deviation (grey patches from Fig. A.8) (A) Average structure deviation from the short
20 ns simulation. (B, C) Deviations in ¢ and 1 structure are shown for the cyan replicate.



A Clamp Swing B a Insertion  Para Linker Clamp Swing a Insertion  Para Linker
e fine
utant utant
2 HL mutant ¢ H2 inactive 2 HL mutant ¢ H2 inactive
s s
S ma l ‘m S ma | i {
ol w\m)o«. LA [ (A3 L) e * oLee nu b A TTTT) wey ¢ " uumu ] L
C 2 HL mutant = HL active 2 HL mutant * HL active
S l S |
n/4 nf4 |
» v s % %
o Lo s A o © e A A g Wosame  Vemosss’ o -—'wl*‘--q-kw-.- [ g wa‘-\.'-.-. -
D 2 ¢ H2 inactive * HL active 2 ¢ H2 inactive * HL active
s s
S ma | S ma
ol &nbm\nm s halfe ' om b amt @it awed oontaluAmus ¢ ane i
20

0 40

60 80 100 120 140 160
Residue index

b Yoo st

o gk’ e ot
60 80

0 40

100 120 140 160
Residue index

147

Figure S A.10: Comparisons of backbone dynamics show HL. mutant has larger fluctuations
than H2 inactive and HL active. Backbone dynamics were compared using the standard devia-
tions of ¢ (left) and v (right). (A) Secondary structure of HL active (top), H2 inactive (middle),
and HL mutant (bottom) with features. (B) HL mutant (orange squares) has larger backbone fluctu-
ations in the clamp segment and the insertion and swing loops than H2 inactive (black diamonds).
(C) HL mutant also has larger fluctuations than HL active (blue circles) in the swing and inser-
tion loops. HL active has slightly larger fluctuations at the tip of the clamp segment than both
HL mutant and H2 inactive. (D) HL active and H2 inactive have smaller differences in backbone
dynamics throughout the lectin domain. The comparisons between HL. mutant and H2 inactive are
repeated from Fig. 3.3C to show the alignment. The ¢ fluctuations are repeated from Fig. 3.4 to
compare with those for ).
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Figure S A.11: For longer simulations, comparisons of backbone dynamics also show HL
mutant has larger fluctuations than H2 inactive and HL active. Backbone dynamics were
compared using the standard deviations of ¢ (left) and ¢ (right). (A) Secondary structure of HL
active (top), H2 inactive (middle), and HL mutant (bottom) with features. (B) Similar to the shorter
simulations, HL mutant (orange squares) has larger backbone fluctuations in the clamp segment
and the insertion and swing loops than H2 inactive (black diamonds). The longer simulations show
HL mutant also has larger fluctuations than both H2 inactive and HL active in an unnamed loop
near the binding pocket (Ser-97) and slightly larger fluctuations in the parasteric site. (C) Similar
to the shorter simulations, HL. mutant has larger backbone fluctuations in the swing and insertion
loops, while HL active has larger fluctuations at the tip of the clamp segment. Longer simulations
show HL active has larger fluctuations in an unnamed region in the binding pocket (Glu-50). (D)
The longer simulations show that HL active has larger fluctuations than H2 inactive at the tip of
the clamp segment and the insertion loop. HL active also has slightly larger fluctuations than both
H2 inactive and HL mutant in the S-bulge/a-switch region and its neighboring loop (Thr-86 and
Ser-88).
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Figure S A.12: For longer simulations, comparisons of
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pseudo-dihedral angles suggests dif-

ferences in side chain dynamics across HL. mutant, H2 inactive, and HL active. (A) Sec-

ondary structure of HL active (top), H2 inactive (middle),

and HL mutant (bottom) with features.

Sidechain structure and dynamics were compared using rotamer angles v as in Fig. 3.5. Comparing
HL mutant (orange squares) and H2 inactive (black diamonds), (B) the average sidechain structure

shows differences in the swing and insertion loops, but th
small. (C) The dynamics show larger fluctuations for Arg
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e differences in the clamp segment are
-60 in H2 inactive compared to Pro-60
the protein. (D, E) Comparisons of HL.
how differences in sidechain dynamics



150

A Clamp Swing B «a Insertion Para Linker
Y — i — T e S ———

Inactive
Mitant 0 e b o 1 o — 3

*No x
B n/Z:U II
— . . I . HL mutant
x o ':I A I . X1 wX2 WX3
2 . « . 'L Xa X5
-
C n/4
~ H2_inactive
[s) X1 X2 W3
l q I X2 X5
0 I | ]
D n/4

I | I HL active
1 2 oX3

’ i IIL I-I% l : IM i 3_ J | § ! S

0 20 40 60 80 100 120 140 160
Residue index

Figure S A.13: Using rotamer angles to compare the sidechain dynamics of HL. mutant, H2
inactive, and HL active. (A) Secondary structure of HL active (top), H2 inactive (middle), and HL.
mutant (bottom) with features. (B) Sidechain structure and dynamics were compared using rotamer
angles , which are defined for each amino acid except for Gly and Ala (black dots indicate no
X). At the §-bulge, the hinge of the clamp segment, the parasteric region, the swing loop, and
several other sites, the average dihedral angle was different between HL mutant (warm-colored
squares) and H2 inactive (grey-scale diamonds). (C) Compared to H2 inactive, HL mutant has
larger fluctuations in the clamp segment and swing loop. The wild-type Arg-60 in H2 inactive has
larger fluctuations for 5 than the mutated Pro-60 in HL mutant. (D, E) Comparisons of HL active
(cool-colored circles) against HL. mutant and H2 inactive show differences in sidechain dynamics
across the lectin domain.
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Figure S A.14: Similarity matrices with backbone and sidechain structure. Comparing HL ac-
tive, H2 inactive, and HL. mutant using backbone dihedral angles (left), sidechain pseudo-dihedral
angles (middle), and sidechain dihedral angles y (right). For x, only one version of H2 inactive is
used because the amino acid sequence sequence matches HL active and HL mutant. The similarity
measure is a non-parametric (rank based) correlation, using Mardia’s method modified by Fisher
and Lee, to account for the circularity of the angles [95]. The system setup is described using a
three-layer color code for the initial protein structure, mutation at position 60, and ligand. For the
similarity matrices (top), the distributions of the correlations are described as box plots (bottom).
The purpose is to compare trajectories from different initial protein structures. The first set of
reference comparisons come from the same initial protein structures: orange for HL active, blue
and grey for the two versions of H2 inactive, and purple for HL mutant. Another reference is the
comparison between the two versions of H2 inactive. The last reference is the low similarity when
HL active is compared against H2 inactive and HL. mutant, for all measures. For backbone struc-
ture, the reference comparison for H2 inactive has higher similarity than the one for HL mutant,
which has values close to the comparisons between HL mutant and H2 inactive. For sidechain
pseudo-dihedral angles, all comparisons have lower similarity, HL. mutant is different from H2 in-
active, and the two versions of H2 inactive are also different from each other, due to the difference
in amino acid sequence. In addition, for sidechain dihedral angles y, the comparison between HL.
mutant and H2 inactive also has lower similarity than the reference comparisons.
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Figure S A.15: Similarity matrices with backbone and sidechain dynamics. Comparing HL ac-
tive, H2 inactive, and HL. mutant using backbone dihedral angles (left), sidechain pseudo-dihedral
angles (middle), and sidechain dihedral angles y (right) as described in Fig. SA.14. HL active is
different from both H2 inactive and HL. mutant for all measures. For backbone dynamics, the com-
parison between HL. mutant and H2 inactive has significantly lower similarity than the reference
comparisons. For sidechain dynamics using pseudo-dihedral angles, there are small differences
between the two versions of H2 inactive that are about the same as the low similarity between
HL mutant and H2 inactive. Moreover, using sidechain dihedral angles y, there are differences
between HL mutant and H2 inactive.
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APPENDIX B
A NEW APPROACH FOR EXTRACTING INFORMATION FROM PROTEIN
DYNAMICS
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Figure S B.1: The covariance matrix and its inverse show different patterns for FimH. We
show that the inverse covariance matrix resembles the contact map for four representative exam-
ples. a, Wild-type FimH; (PDBID 4AUU) in 20ns and b, 200ns simulations for a different replicate
than the one in Fig. 4.1b. ¢, Arg-60-Pro mutant FimH; (PDBID SMCA) in a 20ns simulation. d,
FimH, (PDBID 4XOD), which has both the lectin and pilin domains in a 200ns simulation. The
two-domain structure is visually apparent in the inverse covariance matrix. As in Fig. 4.1b, we
show the covariance matrix in the top left triangle and the inverse of the covariance matrix in the
bottom right triangle. For each dataset, we set the colorscale maximum to the 97" percentile.
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Figure S B.2: The covariance matrix and its inverse show different patterns for Siglec-8. We
show that the inverse covariance matrix resembles the contact map for representative examples in
the apo and holo states. Two replicates of Siglec-8 a, apo (without ligand, PDBID 2N7A) and b,
holo (bound to 6’S-sLe*, PDBID 2N7B) See Extended Data Fig. B.1 for description.
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Figure S B.3: The covariance matrix and its inverse show different patterns for SARS-CoV-2.
We show that the inverse covariance matrix resembles the contact map for representative examples
of RBD-SD1 domains in the a, up, b, down, ¢, and off states. RBD-SD1 domains in the up and
down states are from chains A and B of PDBID 6VSB. The off state is chain A of PDBID 6VXX.
See Extended Data Fig. B.1 for description.
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Figure S B.4: Inverse covariance matrix has strong interactions in a pattern that is much
weaker in the correlation matrix. We show the data from Fig. 4.2 with the colormap set to the
95™ percentile to show weaker interactions in the correlation matrix.
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Figure S B.5: Covariance, correlation, and inverse covariance for y; — y; interactions. We
show corresponding y; — X interactions from Fig. 4.2. The covariance and correlation matrices
show banded patterns. Bands with purple indicate strong interactions that were much weaker in
the other replicate. The inverse covariance matrix shows a faint contact map pattern.
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Figure S B.6: Similarity for covariance, correlation, inverse covariance, and mutual informa-
tion. We calculate the Jaccard similarity for the networks defined by these four methods at different
thresholds. We do this for the backbone-backbone and sidechain-sidechain interactions, and also
for the entire protein. See Extended Data Fig. B.7-B.9 for adjacency matrix representations at
representative thresholds.
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Figure S B.7: Representative thresholds for defining networks from the covariance matrix.
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Figure S B.8: Representative thresholds for defining networks from the mutual information

matrix.
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Figure S B.9: Representative thresholds for defining networks from the inverse covariance
matrix.
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Figure S B.10: Mutual information matrix shows sidechain-sidechain interactions are
stronger than backbone-backbone interactions. We show data for wild-type FimH, . Starting
with three replicate simulations of 200ns each, we show the mutual information calculated from a,
transition state analysis [15] with a core of 90 degrees and b, from a histogram based approach. For
each pair of angles, we define two sets of unequally spaced bins at the deciles for each individual
angle. These two sets of bins are used to construct a 2 dimensional histogram. ¢, We then show six
replicate simulations of 20ns. The first three are truncated versions of the longer simulations.
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Figure S B.11: The inverse covariance matrix has a ‘contact map”-like network at multiple
thresholds. Using the same schematic as Fig. 4.3, with the threshold set at the 97, percentile,
we show the covariance (top left) and inverse covariance (bottom right) at various thresholds for
visualizing the network: a, 90" percentile, b, 95" percentile, and ¢, 98" percentile.
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Figure S B.12: Hierarchy of interaction strengths suggest a multilayer network. a, For quali-
tatively different interaction types, we show the distribution of interaction strengths. We compare
interactions within the same residue for different dihedral angles [i, i], as well as interactions
between different residues for the same dihedral angles [i, j]. The backbone label indicates the col-
lapse of backbone layers, as calculated from the mean interaction strength for ¢ — ¢, ¥ — 1, ¢ — 1,
and 1) — ¢ interactions. The box-and-whisker plots mark the 5, 25, 50, 75, and 95t percentiles,
with the median in blue, and outliers in grey. The Cys3-Cys-44 disulfide bond is shown with a star
in dark blue. b, For the collapsed backbone interactions, we show the relationship between edge
strength and Ca-Ca distance. Stronger interactions are associated with smaller distance. ¢, We
show distributions of interaction strengths for residue pairs with Ca-Ca distances that are far apart
> 2OA) and close together (< 8A), residue pairs with backbone hydrogen bonds, and neighbors
on the primary sequence (i, i+1).
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Figure S B.13: Sidechain interactions become weaker further away from the backbone. Grey
scale indicates absolute value of the interaction strength for the inverse covariance for one replicate
of wild type FimH; . a, Backbone dihedral (v/) interactions with a distal sidechain dihedral () is
weaker than b, interactions with a more proximal one (x1). ¥ — X1 interactions still retains the
contact map pattern. ¢, While interactions between distal sidechains x» — X2 do not have a clear
pattern, yet, d, between proximal and distal sidechains (y; — X2), there is still a slight pattern.
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Figure S B.14: Network comparison for wild type and mutant FimH;, for all inferred edges.
For wild type - mutant, we show edges stronger in the wild type in blue, and those for the mutant
in red. We show two versions: a, without thresholding and b, requiring differences to be larger
than the 97, percentile of edge interaction strengths. We do not apply any filters based on distance,
secondary structure, or other structural information.
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Figure S B.15: Using networks of inferred interactions to identify stabilizing interactions with
the Siglec-8 CC’ binding pocket loop. a, Apo Siglec-8 with the residues of the CC’ loop (Ala53-
Pro62) and the proposed interaction with Arg70 with Pro57 and Asp60. For reference, we also
label the Arg79-Asp102 salt bridge and the Cys31-Cys91 disulfide. b, The section of the inferred
network that includes the disulfide bond, Asp102, and all the strong interactions with and within the
CC’ loop. Nodes are labeled with the residue index. Edges that indicate strong interactions above
the 97y, percentile are shown in orange for those within the loop, in grey for those outside the loop,
and in blue for outside connections to the loop. Thicker edges indicate stronger interactions. Arg70
only has a strong interaction with Pro62 at the hinge of the loop. Relative to the Arg70-Pro62 edge,
the interactions for Arg79-Asp102 and Cys31-Cys91 are 3.7 and 7.1-fold stronger. The strongest
interactions involving the CC’ loop are internal interactions and external interactions with Pro62
and Ala53. This suggests a different mechanism for the rigidity of the CC’ loop.
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Figure S B.16: Impact of ligand-binding and removing the Cys31-Cys91 disulfide bond on
Siglec-8. Difference in inferred network interactions for a, apo vs holo states, as well as b, the holo
state with the disulfide bond vs with the bond broken in silico. Due to the difference in inferred
interaction strength at the disulfide bond between apo and holo Siglec-8, we also compared ¢, the
apo state with the disulfide bond intact vs the holo state with the bond broken. We use the same
representation scheme as in Fig. 4.4. We show landmarks on the bottom and left borders: CC’ loop
(orange), GG’ loop (purple), and the evolutionarily conserved Asp90-Cys91-Ser92 motif (green).
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Figure S B.17: Impact of up, down, or off state for the SARS-CoV2-spike protein RBD-SD1
domains. In the up state (PDBID 6VSB, chain A), the RBD is accessible to bind human ACE2
for viral attachment. In the neighboring protomer’s down state (PDBID 6VSB, chain B), the RBD
is hidden. In the off state (PDBID 6VXX, chain A), all RBDs are hidden. Difference in inferred
network interactions for a, down vs up states, b, down vs closed states, ¢, and up vs closed states.
We use the same representation scheme as in Fig. 4.4 and Extended Data Fig. SB.16.



170

3.0

2.5

2.0

- 1.5

- 1.0

- 0.5

- 0.0

Figure S B.18: Network inference for the trimeric spike protein. a, Backbone-backbone in-
teractions for the trimer, with ¢)-¢) interactions highlighted by the blue box. The first protomer is

shown with a purple box. b, Zoomed-in view of the first protomer’s -1 interactions.
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