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“If we were to name the most powerful assumption of all, which leads one on and on in an
attempt to understand life, it is that all things are made of atoms, and that everything that
liwing things do can be understood in terms of the jigglings and wigglings of atoms.”

-Richard Feynman
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LIST OF FIGURES

Three views of the insulin dimer. The A chain and residues PheBl—GlyB8 of each
monomer are shown in translucent silver, while interfacial residues are opaque.
The interfacial o helices are shown in black, the § turn is shown in white, and
the 8 sheet is shown in red. In the left panel, cysteine bonds are shown in yellow.
In the middle panel, side chains for residues PheP2* (orange), PhePB25 (brown),
and TyrB26 (purple) are shown. In the right panel, side chains for residues Ser

(yellow), ValB!2 (blue), GluP!3 (green), and TyrBl6 (gray) are shown. . .. . .
An overview of the computational pipeline. Each panel shows the method used
and the information it yields. See the Methods section for further details. . . . .
Schematic showing the 3 sheet contact pairs (left) and the « helix contact pairs

15

(right). These correspond to the similarly labeled rows of Supplemental Table 2.1. 20

Umbrella sampling. (A) The location of the window centers used for the REUS
procedure, shown in the space of f. and @z These are logarithmically spaced
to place more density near the dimer (upper right corner). (B) Free energy as a
function of the average numbers of § and « contacts at the insulin dimer interface
(contour spacing 0.5 kcal/mol). 5 ns of sampling was gathered per window (784
windows). (C) The asymptotic variance associated with the free energy in (B).
The region of highest variance, with average 0.25 and maximum 0.59 keal? / m012,
is marked by the red box. (D) The per-window error contributions to the marked
variance in (C), assuming that the matrix ¥ is diagonal. 5 ns of additional
sampling was added to only the boxed black area of large error contributions.
(E) How the average asymptotic variance of the marked region in (C) decreased
as b more ns of sampling was added per selected window. The red shaded region
represents the area where the additional sampling is shorter than 10 times the
autocorrelation time for EMUS quantities. The asymptotic variance data in this
region is thus unreliable. Reliable asymptotic variances are obtained in the green
shaded region. . . . . . . . ..
Potential of mean force (PMF) as a function of @ and . Limiting mean free
energy paths in which the interfacial o or § contacts break first are indicated by
black and red dashed lines, respectively. Representative structures corresponding
to the marked points along the paths are labeled and shown adjacent to the
PMF. These structures are referenced throughout the paper and are available in
the supplemental material. The dimer is marked by a dotted white circle, and
the monomeric state is marked by a dotted white box. Contour lines are every 2
kpT. The color scale is capped at both the upper and lower ends to more clearly
show the variation in the partially-dissociated regime. . . . . . . . . . . ... ..
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The monomers rotate relative to each other during dissociation. (A) PMFs char-
acterizing the rotations as pairwise functions of @ (top) or 3 (bottom), and ® 3
(left) or @, (right). Superimposed arrows show the negative rotations associated
with the « path (black) and the positive rotations associated with the g path
(red). Intermediates are marked on the PMF, and are as labeled in Figure 2.5.
Structures were chosen to show the rotation of ®g; for this reason, the arrows
in the left plots terminate at the dots but those on the right plots do not. Con-
tour lines are every 2 kgT. The color scale was capped at 14 kcal/mol. (B)
Representative structures for the rotations along the o and 3 paths, represented
by the black and red arrows, respectively. These structures, labeled in (A), are
the same as those labeled in Figure 2.5. (C) The dimer with the interfacial «
helices in front, showing the side chains for SerB? (vellow), TyrB16 (gray) and
ProB28-A1aB30 (pink). Zooming in (middle), one can see the native contact of
Seng—TyrB/w, with ProB28-Al1aB30 hehind. Along the a path (right), TyrB,16
has rotated away from SerB?, and is instead in contact with ProB28-A1aB30. Fur-
thermore, this rotation brings SerB? and SerB' together. . . . . ... ... ...
Characterizing solvation. (A) Averages of total molecular volume (left), core
SASA (middle), and number of interfacial PheP?4-TyrB20 hydrogen bonds (right)
as a function of @ and 5. Contours are every 0.2 nm? and 0.5 nm? for the
molecular volume and SASA plots, respectively. The white contour on the right
plot indicates where the number of hydrogen bonds drops to 2% of the average in
the dimer. (B) Insulin structures showing the unsolvated dimer interface (left),
the solvation of the [ interface (middle), and the solvation of the a interface
(right). The locations of these structures are marked in (A). . . .. .. .. ...
Characterizing detachment. (A) A representative monomeric structure contrast-
ing attached and detached B-chain C-terminal segments. (B) Structural depiction
of how the detachment of the B-chain C-terminal segment allows for continued
nonnative interactions between ProB28-AlaB30 and TyrB'16. (C) (Left) Average
of W, as a function of @ and 3 with black contour lines shown every 5°. (Mid-
dle) Number of native non-hydrogen atom native interfacial contacts and (right)
non-hydrogen atom nonnative interfacial contacts (cutoff 7 A), with contour lines
shown every 200 contacts. On all graphs, the « (black) and g (red) paths are
shown, as is the location of structure 2« shown in (B). . . . ... ... ... ..

A schematic representation of the pathways of insulin dimer dissociation/association,

oriented as in Figure 2.5, and labeled to describe the limiting behaviors of coupled
folding and binding. The « path is depicted by the black solid double arrows,
and the [ path is depicted by the red solid double arrows. Intermediate paths,
shown by the dashed double arrows, are colored as in Supplemental Figure 2.11.
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2.11
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Simulated IR spectra for selected isotopically labeled constructs. (A) Dimeric
structure showing the PhePB?* side chain, which was isotopically labeled on its
backbone carbonyl. (B) Simulated 2DIR spectra of the PheB24 1abeled dimer
(left), solvated species (middle), and monomer (right). Intensities are normalized
using the peak intensity of the dimer spectrum, with the contours spaced by 7.5%.
(C & D) Similar structures/spectra, but for the GluB!3 _labeled insulin. In both
cases, the spectra for the solvated species were generated from structures along
both the o and g paths. . . . . . . . .. ..
Using the string method to confirm stability of dissociation paths. (Left) Mini-
mum free energy paths identified by using the LFEP algorithm from ref. 1. All
the paths shown have a maximum free energetic barrier within 4 kg7 of the
others. These paths were used as initializations for the string method. (Right)
The converged strings after further refinement with the string method. Compar-
ing with the left panel, the orange path has collapsed to the a path, and the
purple and brown paths have shifted slightly from their initial positions. Note
that while the purple path, which represents the [ path, has shifted slightly in
CV space, this does not affect the molecular trends discussed in the main text.
Overall, the stability of these paths provides evidence that the averaging reducing
the 10 interfacial distance dimensions to 8 and @ does not sacrifice mechanistic
information. . . . . . ... L
Relation between backbone solvation and simulated FTIR spectra. (A) The back-
bone carbonyl SASA for PheB24, with the white contour showing where the SASA
increases to 60% of the monomeric average (contour at 19.7 nm?, monomeric aver-
age at 32.8 nm2). The two PheP24-labeled FTIR plots correspond to simulations
along the « (top) and f paths (bottom), with the y-axis being the path progress,
or the fractional distance along each specific path. Each value of y corresponds
to one FTIR simulation - a FTIR spectra was generated by combining 20 simula-
tions started from a point at that specific value of path progress, and a difference
was taken between that isotope-labeled simulated spectrum and the correspond-
ing unlabeled simulated spectrum. 50 such difference spectra were created, and
stacked such that the color represents the intensity of the difference. For each
path, the spectra that first demonstrated the expected redshift were identified,
and then those areas of path space were selected as the solvated species for future
study (orange boxes on the SASA graph). (B) Similar graphs for the GluB!3
-labeled insulin, showing the backbone carbonyl SASA for GluP!3 . The con-
tour is again shown where the SASA increases to 60% of the monomeric average
(contour at 4.1 nm?, monomeric average of 6.8 nm?). . . . ... ... ... ...
1D cuts of our a and 3 paths as functions of path progress (left), 3 (middle), and
a (right). . . ..
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Structures representing the dimer (top), initial steps along the a path (middle),

and initial steps along the  path (bottom), with lines superimposed to show the
interfacial pseudodihedral angles, @3 (green) and @, (purple). For these lines, a
darker color in the side projection means the residues are in front while a lighter

color means they are behind. . . . . .. .. ... oo 56
Averages of the number of native (left) and nonnative (right) contact pairs, with

the specific pair given by the scale bar labels, as a function of @ and 3. The left

plots show that along the o path, contacts between ProB28_AlaB30 are lost with

both GlyB'20-GlyB'23 (top) and GlyA-Val®3 (bottom). The right plots show

that along the o path, nonnative contacts start to form between ProB28_A1aB30

and TyrB/16 (top), and between SerBY and SerB’?.
Average total interaction energies of ProB28-AlaB30 with GlyA-val®3 (left) and
GlyBlzo—GlyB??’ (right). Contour lines shown every 10 kcal/mol. Both of these
interactions stabilize the dimer state (lower left corner of both panels). . . . . . 58
PMF as a function of the center of mass distance between the two monomers
(Rcoar) and number of interfacial C, contacts (cutoff 7 A,) the coordinates

used by Bagchi and coworkers in refs. 2 and 3. . . . . .. ... 58
Characterizing interfacial hydrogen bonding. (Left) The average number of protein-
protein hydrogen bonds on the beta sheet interface averaged on the PMF, com-
pared to (middle) the average number of hydrogen bonds between those same
residues and water. The white contour represents when the protein-protein hy-
drogen bond character drops to 2% of its initial value, while the red contour
shows the point where on average 2 hydrogen bonds have been formed with wa-

ter on the interface. These contours correlate well in CV space. On the right is

a representative structure showing this solvation, with hydrogen bonds between

the interfacial residues and water shown in green. . . . . . . . . . ... ... .. 59
Plots showing the behavior of the interfacial 5 turn during the dissociation. The
average (3 turn angle (top) and 8 turn RMSD (bottom) as a function of @ and 3,

and zoomed in to the near-dimer regime on the right. On all graphs, the o and (8
paths are superimposed, as well as the white contour that signifies the solvation

of the 8 interface. Here, we see the [ turn angle increasing along the a path but

not along the  path. Also, the § turn RMSD increases before the  sheets are
broken along the a path, while this only occurs after the § sheets are broken for

the Bpath. . . . . . . . . 60
Structures showing detachment. (Left) The detached and attached species over-

laid, with the detachment angle explicitly overlaid on top of the structure. (Right)

This same detached structure, but now showing the entire dimeric species. . . . 61

X



2.21 Detachment is correlated with solvation of the N-terminal segment of the A chain.

3.1

3.2

(A) Averages of the detachment angle W (left), percentage of native contacts be-
tween ProB28-A1aB30 and the nearby a helix of the same monomer (middle), and
the SASA for Gly*1-Val®3 of the same monomer. The similarity between the left
and middle plots suggests that the detachment angle is an effective measure of the
C-terminal segment moving away from the « helix it is normally tucked against
in the native monomeric unit. Furthermore, the similarity to the rightmost plot
shows that the solvation of GlyAl-ValA3 is correlated to the large detachment of
the B chain ’s C-terminal segment in the same monomeric unit. (B) Structures
showing how the detachment is coupled to the solvation of GlyAl—ValA?’.

The solvated and equilibrated crystal structure for the Rg insulin hexamer. (A)
The full hexamer, with phenols being shown in magenta/pink. The protein is col-
ored to correspond with the other panels. (B) The cyan protein chains from (A),
labelled as chains A, B, F, G, and H. For a full description of the protein nomen-
clature, see the Supplemental Information. Sidechains are shown that define
the phenolic binding pocket. Some specific sidechains are highlighted as follows:
T1eA10 and His®® (green), Leu!3 and Leut17 (black), TleA2 and TyrA19 (yellow),
Cys?6 and Cys™! (orange), and PhePB25 (brown). Other residues involved in
the binding pocket and escape pathways are shown in white. We omit hydrogens
for clarity. (C) The configuration in (B) represented to show the two hydrogen
bonds formed by the -OH in the phenol, one with the backbone carbonyl oxygen
of Cys?0 and one with the backbone amide NH of Cys®H. . ... .. ..
Results from the ABMD simulations. (A) The structure of the hexamer, with
the phenolic escape channel closed (top) and open (bottom). The chains that
form the phenolic binding pocket are shown in cyan; other chains are shown in
gray. The released phenol is shown in purple, with other phenols shown in pink.
(B) The six unbinding pathways, shown both structurally (top) and as a function
of Npwq and Npwy (bottom). The structures shown correspond to the solid
data points, and represent the k-medoids cluster centers along each pathway.
The solid protein cartoons correspond to the starting structure for each set of
driven simulations, and the translucent spheres are the non-hydrogen atoms of
the phenols from the cluster centers, all aligned to the A chain backbone of the
starting structure. The translucent lines in the bottom panels represent the data
used to generate the k-medoids clusters. The cyan chains in the top panels are the
same as those in (A). Non-hydrogen atoms of gatekeeper side chains along PW1
(green, 1e?0 and His), PW3 (yellow, IleA2 and TyrA19), and PW4 (black,
Leu™3 and LeuH17) are also shown in the top panels. The configuration of the
escape channel is indicated above each panel. For PW2 and PW3, the channel
can be either open or closed. . . . . . . . . ... ...
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3.5

3.6

Measures of flexibility of the phenolic binding pocket. The bound state is marked
by the white star, and the unbound state is marked by the white dashed lines.
The circle and square represent the partially-open escape channel with the phenol
bound and partially unbound, respectively. The triangle represents a PW3 inter-
mediate in which the A chain is partially melted. (A) The distance RMSD of the
22 binding pocket residues as a function of Npy and Npyy4. Contours spacing is
0.5 A. (B) The pseudodihedral angle between the o helices at the dimer interface
between chains B and D, @, gp, as a function of Npyw and Npyy. Contour
spacing is 1°. (C) Hexameric (left) and binding pocket (right) structures showing
the closed-to-open transition indicated by the star and circle in (A) and (B), re-
spectively. Chains B and D are shown in orange, while chains F and H are shown
inblue. . . . L
The potential of mean force (PMF), unbinding committor (¢unpind), and unbind-
ing reactive current (Jyyping) projected on Npyy; and Npwy. The points marked
by the star, circle, square, and triangle are the same as in Figure 3.3, with the
unbound state outlined by the dashed white box. (A) The PMF, with contours
spaced by 1kgT. (B) quubind, With contours spaced by 0.1 and the gunping = 0.5
surface marked in purple. Arrows showing PW1 (green) and PW4 (black) are
overlaid. (C) Jypping binned into a 22 x 22 grid spanning from 0 to 100 in both
Npw1 and Npyyy. The results shown are smoothed with a Gaussian filter, using
a kernel with standard deviation of 1 bin. Contours are the same as in (A) to aid
in comparison. . . . . . ... .. e e
Pathways can be more readily distinguished in the space of Npw;, Npw4, and
Gunbind- (A) Scatter plots of trajectories along each of our six pathways. From the
unbiased data set, we identify four trajectories that correspond to each pathway,
which are shown for PW1/PW4 (left), PW2/PW3 (middle), and PWla/PW4a
(right), mirroring the conventions used in Figure 3.2B. (B) A scatter plot of
Gunbind for all the unbiased data. Six pathways are overlaid and labelled. The
bound state is represented by the white star. (C) Structural representation of the
unbinding pathways in (B). The dashed arrows in (B) correspond to the similarly-
colored solid arrows in (C), except with the escape channel being opened as in
Figure 3.3. (E) The gp;nq component of Jy;,q, taken at gpinq = 0.63. The patches
corresponding to each pathway are overlaid, using the coloring and line styles from
(B). o
A schematic showing how we chose unique starting structures for the unbiased
sampling. (A) 3D representation in the space of Na1g, Na13, and RMSPp. Data
from our ABMD database is shown by the black dots, and our desired starting
points are shown by the red squares. (B) A two-dimensional slice of (A), more
clearly showing the r and 6 dependence of our desired starting points. (C) A
schematic illustrating how we select the closest structures to each desired point.
The frame from the ABMD data set closest to each desired starting point is
represented by the orange X. For clarity, we only display six desired starting
points that lead to five unique starting structures. . . . . . . . . ... ... ...
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3.8
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3.10

3.11

3.12

3.13

3.14

3.15

The relative weight of the six identified pathways as a function of lag time for
(A) WT insulin, (B) A10 Ile — Val insulin, and (C) B13 Glu — Gln insulin. . .
The sequence of phenol release for the ABMD simulations biasing on (A) the
distance between each phenol and the closest bound zinc, and (B) the number of
non-hydrogen contacts between phenol and protein. Phenols bound to trimer 1
and trimer 2 are represented by the blue and red circles, respectively. The size
of an arrow represents the relative weight of the indicated transition. (C) The
hexamer, colored as in (A) and (B), with phenols labeled. . . . . ... ... ..
Averages of observables, taken from our unbiased data set, associated with differ-
ent aspects of channel opening, and projected using Npwi, Npwy, and Npyys.
The star, circle, square, and triangle mark the same landmarks as in Figures 2
and 3 in the main text. (A) The average of dpw (left) and dpywyy (right) as a
function of Npy and Npyyy, with contours shown every 0.1 A. (B) The average
of Ngp, with contours from the WT insulin PMF overlaid. (C) The average of
Apel as a function of Npywy and Npywy (left) and as a scatter plot in the space
of Npw1, Npw4, and ¢unbinding (middle). A structural representation of the
melted C-terminal A-chain « helix (red) along PW3 (triangle) is shown in the
right panel. Gatekeeper residues are shown as in the main text. . . . . . .. ..
Squared displacements from normal mode analysis, where each mode has been
normalized so that the sum of the displacements equals 100. The displacements
are averaged across the six monomers. The gray areas mark relevant secondary
structure elements: the N and C terminal o A-chain helices, A1-A9 and A13-21,
respectively, and the B-chain § turn, B18-B22. . . . . . . . ... ... ... ...
Comparison of PMFs generated using REUS and DGA. (A) DGA and (B) REUS
PMFs with contours shown every 1 kgT'. (C) The difference of the two PMFs
, subtracting (A) from (B), with contours from the DGA PMF superimposed to
guide the eye. (D) The asymptotic variance of the REUS PMF. . . ... .. ..
The PMF in the space of Npyw1, Npwa4, and qunbind, shown at indicated slices of
Gunbind- Contours spacing is 1 kg7'. The minimum free energies for the panels

94

in the first row (¢ = 0 to ¢ = 0.15) are 4.0, 5.7, 7.0, and 8.2 kT, from left to right.100

The committor and other statistics projected into three dimensions. (A) The un-
binding committor q,,ping Projected into the space of Npwi, Npwy, and Npywys.
The gunbing = 0.5 transition state ensemble is highlighted by the black arcs. The
large arc near Npyw3 ~ 80 — 100 corresponds to the transition state along PW3.
The two small arcs near Npy ~ 60 and Npy4 ~ 60 correspond to the transition
states along PW1 and PW4, respectively. (B) The value of Npys3 projected into
Npw1, Npw4 ,and qunbinding: (C) The value of RMSDp projected into the same
space as (B). . . .
Comparison of reactive currents for the unbinding and binding directions. In each
case, we show the dividing surface that best separates the six pathways. (A) The
Ibind component of Jying at gping = 0.67. (B) The ¢unhing component of Jynbind
at Gunbind = 0.33. . . . e
The gning component of Jp,q at various different slices of gpipg. - - - - - - - - .

xii



3.16

3.17

3.18

3.19

3.20

3.21

The relative weights for the six identified pathways as a function of the value of
Obing for the dividing surface. . . . . . . .. ... oo
Unimolecular rate constants and their ratio at a range of DGA lag times for WT
insulin and the two mutants, le*9 — Val*10 (A10 in the legend) and GluB13
— GInP13 (B13 in the legend). We show the inverse unbinding rate constant,

kgnlbin ding (A), the inverse binding rate constant k’l;; ding (B), and their ratio

K — kunblndlng/kblndlng (C) ..............................
Bimolecular rate constant estimates as functions of DGA lag times for WT insulin

and the two mutants, IleA10 — Val10 (A10 in the legend) and GluP13 — GInB13
(B13 in the legend). We show (A) the inverse unbinding rate constant, 1/k/ .. ..
(B) the inverse binding rate constant 1/k{._,, and (C) the dissociation constant,

Kp=K K.
Comparing statistics for phenol escape between W'T and mutant insulins. In each
row, the first and third panels correspond to the N0 — Va0 pmutant and
GluBB — GInB13 mutant, respectively. The second and fourth panels are the
differences between the described mutant and WT insulin. (A) The potential of
mean force, with contours shown every k7. For the differences, the contours
from the WT insulin PMF are overlaid. (B) The average unbinding committor
Gunbind, With contours shown every 0.1, and the qupping = 0.5 surface shown in
purple. For the differences, the contours from the WT insulin PMF are over-
laid. (C) The gpinq component of the binding reactive current Jy;,q, taken when
dbind = 0.63. . . . . e
Interaction energies between B13 residues and the combination of Ser? /HisB10
as a function of Npw and Npyw4, with contours shown every 10 kJ/mol. Arrows
representing PW1la and PW4a are overlaid in green and black, respectively. The
star, circle, square, and triangle mark the same landmarks as in Figures 2 and 3
in the main text. This is shown for both (A) WT insulin, and (B) the B13 Glu
— Gln mutant. . . . ...
Solvation dependence on reaction progress. The (left) average committor, (mid-
dle) radial distribution functions for water around the specified species, and
(right) mean square displacement (MSD) over 1 ns of waters in the central cav-
ity of the hexamer for (A) WT insulin, (B) A10 Ile—Val insulin, and (C) B13
Glu—Gln insulin. Results are shown for 10 evenly sized bins for committor values
between 0 and 1, with color given by the scale in the leftmost panel. We compute
the radial distribution function, g(r), from 15,000 structures in each committor
value bin; we define r as the distance between the center of mass of the speci-
fied species/residue (including main chain atoms) and the center of mass of each
water molecule. MSD values are for displacements over 1 ns from 5000 starting
structures for each committor value bin. . . . . . .. ...
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3.22 Solvation dependence on channel opening. The (left) average RMSDp, (middle)

4.1

4.2

4.3

radial distribution functions for water around the specified species, and (right)
mean square displacement (MSD) over 1 ns of waters in the central cavity of the
hexamer for (A) WT insulin, (B) A10 Ile—Val insulin, and (C) B13 Glu—Gln
insulin. Results are shown for 5 evenly sized bins for RMSDp values between 0
and 0.5 A, with color given by the scale in the leftmost panel. We compute the
radial distribution function, g(r), from 5,000 structures in each RMSDp value
bin; we define r as the distance between the center of mass of the specified
species/residue (including main chain atoms) and the center of mass of each
water molecule. MSD values are for displacements over 1 ns from 3000 starting
structures for each RMSDp value bin. . . . . .. ... ... 000

The crystal structures for gs KaiB (left, PDB ID 2QKE) and fs KaiB (right, PDB
ID 2JYT). The red secondary structures are in the N-terminal domain that does
not undergo fold switching. The orange, green, and blue secondary structures are
in the fold switching C-terminal domain. The insets show a view of the proline-
rich area of the C-terminal domain. Cys corresponding to trans and cis prolines
are shown as purple and pink spheres, respectively. . . . . . . . ... ... ...
Comparing results for simulated and experimental HX measurements. (A) Sim-
ulated values of AGyx as a function of denaturant for residues in the labelled
secondary structures. We display the structure of the tested KaiB fs mutant for
reference, with secondary structure elements labelled. (B) The comparison of
simulated to experimental results of the fs KaiB mutant. We show comparisons
of AGpx at experimental pH=4.5 (left) and pH=6.5 (middle). We also show
comparison of m-values (right), which is the initial slope of AGpx against de-
naturant concentration. In all cases, data is colored by secondary structure as
in panel A, and error bars are given for experimental data as the standard error
across three runs. Opaque data points were experimentally determined to be in
the EX2 regime, while translucent data points were either EX1 or undetermined.
Also displayed is the line where x = y (black dotted line). For the simulated
results, we show results for 7' = 0.87 and s = 0.25, parameters that set the in-
ternal Upside temperature and sensitivity to simulated denaturant, respectively.
We also show the Pearson correlation coefficient for EX2 residues. . . . . . ..
The potential of mean force and other equilibrium averages of collective variables.
(A) The PMF as a function of GT and BT, with contours shown every kgT.
Fs KaiB is in the bottom left corner, while gs KaiB is in the top right corner.
Other intermediate structures are labelled and displayed around the PMF. (B)
Equilibrium averages of OT (top, contours every 0.2), RMSD,¢q (middle, contours
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ABSTRACT

Simulation of biological processes is an important complement to traditional in wvitro and
in vivo experimentation, but such simulation often requires enormous computational effort.
This is because many biological processes are so-called “rare events”, meaning that their
timescales are long compared to the timescale of molecular simulation (typically on the order
of us). Indeed, using traditional molecular dynamics, the simulation of statistically meaning-
ful numbers of biological rare events is generally completely intractable. Thus, much work
has been done to bridge the separation of computational and experimental timescales. Two
broad (and non-exhaustive) approaches are (1) enhanced sampling, where the simulations
themselves are biased, accelerated, or manipulated to encourage rare events to occur, and (2)
dynamical analysis, where existing simulations are statistically recombined to gain informa-
tion about long-time dynamical statistics from relatively short-time simulations. This thesis
aims to apply these approaches to study two proteins: insulin, the hormone that regulates
cellular glucose uptake, and KaiB, an element of the core oscillator of the cyanobacterial cir-
cadian clock. For all investigated systems, we found an ensemble of pathways that were either
energetically or dynamically accessible, highlighting the complexity of biological processes
and the folly of assuming a priori that a process of interest follows a single mechanism.
The first part of this thesis focuses on the enhanced sampling approach, using a technique
named Replica Exchange Umbrella Sampling to characterize the energetic and structural
features of the insulin dimer dissociation. The dimer dissociation is an essential prereq-
uisite for cellular insulin binding and ultimate biological function. We discovered a large
set of dissociation pathways with comparable free energy barriers, ranging from extremes
of conformational selection to induced fit. These results reconciled previous experimental
and simulation results, seemingly in disagreement, as part of a broader ensemble of coupled
(un)folding and (un)binding. We for the first time explicitly characterized monomeric unfold-
ing during the dissociation, which involved the detachment of insulin’s B chain C-terminus
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from the hydrophobic core of the monomer. We also identified key interfacial rotations,
and showed using computational infrared spectroscopy that limiting pathways could be ex-
perimentally distinguished based on differences in these rotations and associated backbone
amide solvations.

The second part of this thesis focuses on the dynamical analysis approach, using a
recently-developed method called the Dynamical Galerkin Approximation to explore the
dynamics of phenol release from the insulin hexamer. By investigating the mechanisms
of phenol release and how they might be altered by targeted insulin mutations, we aimed
to understand how one might design new diabetes therapeutics that either encourage or
discourage phenol dissociation. We identified and quantitatively characterized six phenol
binding/unbinding pathways for wildtype, Ile A10 Val, and Glu B13 GIn mutant insulins.
A number of these pathways involved large-scale opening of the primary escape channel,
suggesting that the hexamer is much more dynamic than previously appreciated. We show
that phenol unbinding is a multipathway process, with no single pathway representing more
than 50% of the reactive current and all pathways representing at least 10%. We also showed
how the contributions of specific pathways can be manipulated by mutating residues both
in and out of the phenolic binding pocket.

The final part of the thesis combines dynamical analysis with near-atomic molecular
dynamics simulations to investigate mechanisms of fold switching for the cyanobacterial
circadian protein KaiB. KaiB can reversibly switch between two stable folds, the so-called
“ground state” (gs) and “fold switched state” (fs). We used a combination of near-atomic
simulation and dynamical analysis to explore the mechanisms of this fold switch. We com-
pared computational predictions of hydrogen-deuterium exchange to experiments to validate
simulation parameters, and added proline isomerization into the model. We further discov-
ered that three prolines (P63, P70, and P71) preferentially occupy the cis state in fs KaiB

and the trans state in gs KaiB. The two folds have nearly identical free energies. The mech-
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anisms of fold switching are quite complex. Secondary structure elements in the C-terminal
fold switching domain can fold and refold in almost any order, with very little unfolding
observed in the otherwise-stable N-terminal domain. The primary free energy barrier is cor-
related with the breaking of § sheets in the fold switched state. The isomerization of P63,
P70, and P71 largely occurs before this barrier. Overall, the secondary structure elements
in the C-terminal fold switching domain act as foldons, tending to fold and unfold as units
independent of one another. This work is the first statistical treatment of the mechanisms
of fold switching of a metamorphic protein and underscores the inherently multipathway

nature of fold switching.
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CHAPTER 1
INTRODUCTION

The fields of chemistry and chemical biology are broadly concerned with chemical reactions
and/or the interactions between biological components. In many instances, however, im-
portant interactions occur in ways that traditional experiments cannot directly probe. For
example, it is common in drug discovery to crystallize a drug target, often a cellular receptor,
both in its apo form and when bound to a series of potential drugs. These crystal structures
only provide static snapshots of proteins, and may miss conformational dynamics essential
to designing effective drugs. For example, the binding pocket of mollusk acetylcholine bind-
ing protein (AChBP) is compact and relatively dry when bound to small molecule ligands.
However, when bound to larger ligands, this pocket is much wider and much more exposed
to solvent [7]. To better understand how AChBP can dramatically change its structure to
accommodate several different classes of ligands, we need a more detailed understanding of
the molecular motions accessible to AChBP. Specifically, we would want residue-level res-
olution of side chain motions in and near the binding pocket. This would allow us to, for
example, design a drug that binds to pockets in AChBP that only open transiently, and are
not found in X-ray crystal structures. Molecular simulation is one way to investigate the
motions of these regions. All-atom molecular dynamics can take as an input X-ray crys-
tallographic structures with atomic-level precision, and it can propagate these coordinates
forward in time by integrating Newton’s equations of motion. Doing this allows scientists to
“see” these structures move in time, providing invaluable insight to complement experiment.

While simulation and experiment can certainly be a powerful tool when combined, one of
the most persistent challenges in current biophysical computation is the so-called “separation
of timescales;” that is, the timescale of individual simulation steps, often on the order of
femtoseconds, is far removed from the timescale of the process itself, which can range from

milliseconds to even days. Even for the most specialized and powerful supercomputers for
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molecular dynamics (i.e., Anton 3), a 512-node simulation of a million atoms (a reasonable
size, for example, for an all-atom simulation involving the cellular insulin receptor surrounded
by solvent) yields approximately 100 ps of simulation time per day [8]. While certainly an
achievement in terms of computational power, this benchmark is put into context when one
considers that the proposed timescale for insulin unbinding from the insulin receptor is on
the order of hundreds of seconds [9]. Thus, if one wanted to investigate insulin unbinding
from its receptor using traditional molecular dynamics, one would on average need millions
of days worth of simulation time to simulate just one unbinding event. Compounding this
problem, drawing conclusions from simulations requires a statistically meaningful number of
transitions. Clearly, long equilibrium simulations of biomolecules, while a powerful tool for
many smaller systems [10], can be of limited use for larger, more complex systems.

To gain meaningful insight from computation and to compare to experiment, much work
has been done to bridge this separation of timescales. While a complete review on this topic
is beyond the scope of this work, two broad (and non-exhaustive) approaches are (1) en-
hanced sampling, where the simulations themselves are biased, accelerated, or manipulated
to encourage rare events to occur, and (2) dynamical analysis, where existing simulations
are statistically recombined to gain information about long-time dynamical statistics from
relatively short-time simulations. The former category is quite mature, with biased tech-
niques like umbrella sampling [11, 12] and metadynamics [13] being common for decades,
and splitting-based techniques like weighted ensemble [14] and forward flux sampling [15]
also seeing widespread use. Splitting-based approaches, in general, systematically clone
and prune a large number of parallel simulations, encouraging simulations to evolve to a
target state and keeping track of their individual trajectory weights. In comparison, biased
approaches like umbrella sampling and metadynamics systematically apply biases (often har-
monic or Gaussian) to encourage the system to explore high-free-energy areas of collective

variable (CV) space, and then account for these biases when calculating averages or building



a potential of mean force. Provided that these CVs are chosen so as to capture the essential
motions of the system of interest, this free energy surface can be used to deduce energeti-
cally preferred pathways and structural features of these putative pathways. Chapter 2 of
this thesis uses a version of umbrella sampling to understand the dissociation of the insulin
dimer.

Dynamical analysis is arguably less mature, only seeing widespread use relatively recently.
Markov State Models (MSMs) extract long-time dynamical statistics by constructing and
analyzing a transition rate matrix, modeling kinetics as a memoryless jump process between
states [16-18]. MSMs and their biological applications have been the subject of multiple
recent reviews [19-21]. MSMs and their variants have been used to characterize the binding
of barnase and barstar [22], to describe the coupled folding and binding of the inhibitor
peptide PMI to an oncoprotein [23], and to discover an array of cryptic binding pockets across
the SARS-CoV-2 proteome [24]. The last work was enabled by Folding@Home, a massively
distributed supercomputing project for molecular dynamics that enabled the simulation of
0.1 s of data for various SARS-CoV-2 systems. Using these data to build MSMs allowed for
the discovery of a wide variety of potentially druggable hidden binding pockets, the opening
of which occurs on timescales much longer than 0.1 s. Clearly, MSMs and related techniques
show great promise for bridging the separation of timescales in biophysical simulation.

Dynamical Galerkin Approximation (DGA [25]) is a generalization of Markov State Mod-
eling. Instead of solving for dynamical variables by building and manipulating a coarse-
grained kinetic model, DGA solves for these dynamical variables directly by casting them
as solutions to operator equations involving the stopped transition operator. These solu-
tions are determined through a basis expansion. One clear advantage of DGA is that by
solving equations of the stopped transition operator (instead of just the transition operator
used in MSMs), DGA correctly applies absorption boundary conditions. This in turn allows

for more reliable dynamical statistics. This technique was recently used to characterize the



mechanism of folding for the trp-cage miniprotein [26], and it is further explored in Chapters
3 and 4 of this thesis.

Protein-related processes range from protein-protein/protein-ligand interactions to pro-
tein folding. These types of problems are attractive for enhanced sampling, as these processes
are often both physiologically relevant and inherently rare on simulation timescales. In this
thesis, we focus on two broad classes of protein-related processes: (1) coupled (un)folding and
(un)binding in protein-protein and protein-ligand systems, and (2) reversible fold switching
of metamorphic proteins. The first class arises when two proteins (or a protein and a ligand)
encounter each other and bind. The traditional treatment of these systems uses terminology
taken from the literature surrounding enzyme-substrate binding: when neither species un-
dergoes much restructuring to allow the binding, the process corresponds to a lock-and-key
model of molecular recognition. To fit together, however, two species can rearrange or adopt
conformations/folds that are only stabilized by the interspecies interaction. The binding
process can thereby be coupled to the folding of one or more of the interacting species [27—
29]. Traditionally, coupled (un)folding and (un)binding processes can range between two
extremes: conformational selection and induced fit. In the former, the two species, fluctuat-
ing in their native state ensembles, first adopt the conformations seen in the bound complex,
and then bind. In the latter, the two species form an initial encounter complex, and then
rearrange/refold to form the ultimately stable bound structure [30]. Very few studies have
investigated to what extent these two extremes might coexist, either in a single pathway or
in an ensemble of pathways accessible to a single biological process.

In contrast, the fold switching of metamorphic proteins consists of the reversible un-
folding/refolding of a single protein into two or more stable structures [31]. While fold
switching is a relatively nascent field [32], the more general concept of protein folding, where
a disordered sequence adopts a single stable tertiary structure, has been extensively studied

through both theory and experiment [33-38]. One prominent perspective on protein folding



is the Energy Landscape (or Folding Funnel) Hypothesis. Here, the protein navigates a wide
diversity of folding pathways, primarily consisting of the folding/unfolding of various native
substructures that eventually combine to form the native structure [39-41]. Another theory
is the diffusion-collision model, where small “microdomains” can form transiently stable sec-
ondary structures, and these microdomains slowly diffuse and collide with each other. Once
collided, these microdomains can form higher-order aggregates, which eventually adopt the
native protein structure [42, 43]. Yet another model is the nucleation and growth model
(or nucleation-collapse model), where near-native folded regions spontaneously nucleate and
spread across the protein [44—46]. Although different in specifics, all of these models conclude
that proteins can fold through an ensemble of pathways.

In contrast, a recently-developed hypothesis called the Foldon Hypothesis asserts that
proteins instead fold through one single, ordered pathway. This hypothesis relies on the
sequential folding of small, cooperative folding units, called foldons [47, 48]. The requirement
of folding via one pathway is relaxed in the Foldon Funnel Model, which tries to bridge the
previously-described multipathway models and the Foldon Hypothesis. In this model, a
protein folds through the formation of foldons, but these foldons can fold/refold in almost
any order, allowing for a diversity of pathways [49, 50]. This instead places the single-
pathway Foldon Hypothesis as a subset of the more multipathway Energy Landscape view.
Despite the rich literature on different models of protein folding, it is currently unclear how
these concepts relate to the fold switching seen in metamorphic proteins. Since fold switching
is a specific type of protein folding with two stable folds instead of one, it is reasonable to
assume that metamorphic proteins might exhibit multipathway fold switching.

In their essence, both fold switching and coupled folding and binding are specific instances
of the same underlying process. Namely, a sequence of amino acids is undergoing an order-
to-disorder transition (or vice versa), which is the essence of the protein folding problem. In

coupled folding and binding, this order-to-disorder transition is coupled to the interaction



with another species. In fold switching, it is instead paired with an external trigger that
leads to refolding. As discussed above, molecular simulations have played a central role in
the development of the theory of protein folding and in the interpretation of experiments.
There is just as much potential for simulations to aid the field’s understanding of both coupled
folding and binding and fold switching. Regarding the former, many questions still remain as
to how folding specifically couples to binding. How might two proteins with intrinsic disorder
dissociate from one another? To what extent can induced fit and conformational selection
coexist in a single mechanism? Could both extremes be experimentally accessible? Regarding
the latter, an even wider set of questions exist. How do various models of protein folding
apply to fold switching proteins? Is folding dominated by the formation of foldons? To
what extent can multiple pathways coexist? Answering these questions in the general sense
will require extensive experimental and theoretical collaboration; indeed, the protein folding
problem itself has not yet been definitively solved, despite decades of dedicated research.
This thesis uses enhanced sampling to answer some of these questions for three specific
biological systems: the insulin dimer, the insulin hexamer, and KaiB. For these systems,
at least, we find reactions that are broadly multipathway. Beyond providing evidence that
can be used to further explore the above general questions, the results in this work are of
biological importance. Insulin and KaiB are both proteins with key biological functions, and
in the following chapters we characterize some of their most biologically-relevant equilibria.

Chapter 2 focuses on the insulin dimer. We use umbrella sampling to investigate the
putative pathways for the dissociation of the dimer. Insulin can exist in a wide variety of
monomeric and polymeric forms, including the hexamer and the dimer. Insulin is typically a
hexamer in therapeutic formulations and a dimer when circulating in the blood [51, 52]. The
dimer must dissociate for insulin to regulate blood glucose, as insulin binds to its cellular
receptor as a monomer [53]. While dimer dissociation is thus a key step in the biological

function of insulin, very little was known about the mechanism of dissociation. Much was



known, however, about the structural ensemble of the dimer and monomer individually. The
dimer is well structured and primarily comprised of two interfaces: the 3 interface, made
of two antiparallel 3 sheets, and the « interface, made of two adjacently-packed « helices
[54, 55]. The monomeric state, in contrast, is thought to contain significant disorder [54, 56—
59]. The extent to which this monomeric unfolding coupled to the overall dissociation was
unknown.

To explore the dissociation, we developed and introduced a computational pipeline that
combined the string method, adiabatic biased molecular dynamics, umbrella sampling with
replica exchange, and computational infrared spectroscopy. We discovered a set of collective
variables (CVs) that best capture the dissociation. These include distances and pseudodi-
hedral angles that describe how the o and 3 interfaces are oriented relative to one another.
Using these CVs, we computed two-dimensional (2D) potentials of mean force (PMFs) and
associated equilibrium averages. These data revealed an ensemble of putative dissociation
pathways that ranged from induced fit (the so-called “a path”, where the « interface breaks
first) to conformational selection (the /8 path, where the [ interface breaks first). Along
the a path, we observed significant monomeric unfolding that was coupled to the unbind-
ing, in the form of C-terminal detachment of insulin’s B-chain. We found no such disorder
along the [ path. Importantly, we also discovered many intermediate paths that blend
these two extremes, all with very similar maximum free energy barriers. We concluded that
the dissociation proceeds through an ensemble of pathways, and we used computational IR
spectroscopy to show that these pathways could be experimentally distinguished based on
different orderings of key backbone amide solvations.

Chapter 3 focuses on the insulin hexamer and its interaction with phenol. Insulin is a
common treatment for type I diabetes, and most therapeutic formulations include phenol.
Phenol prolongs shelf life by shifting the population of insulin hexamer from Tg, which has

a lifetime of hours, to Rg, which has a lifetime of days [60]. This shift to the Rg form



presumably suppresses hexamer dissociation and in turn off-pathway equilibria that lead
to fibrillation [61-63] or on-pathway equilibria that lead to binding [52]. The possibility
of further stabilizing the insulin hexamer is attractive for future generations of slow-acting
diabetes therapeutics. Indeed, much effort is currently directed toward modulating insulin’s
equilibria to achieve therapeutics with desired properties [64]. For example, insulin aspart
and lispro, widely used fast-acting diabetes therapeutics, both introduce mutations that
destabilize the insulin dimer interface [65, 66]. In contrast, slow-acting basal insulin analogs
like glargine [67] and detemir [68, 69] function by either decreasing insulin solubility or
adsorption in the body [70]. Longer-acting insulin analogs are also being developed [71, 72],
but such formulations are often expensive and complicated. The ability to discourage phenol
release through targeted protein mutation would open an avenue to creating newer, simpler
long-lasting insulin analogs. To enable design of improved insulin mutants and analogs, we
sought to better understand the mechanism(s) of phenol release from the insulin hexamer.
We thus used DGA to expand on an existing simulation study by Vashith and Abrams
[73]. They used Steered Molecular Dynamics to discover three phenol unbinding pathways
for WT human insulin. We found these three pathways and also discovered three new path-
ways, two of which involved large-scale opening of the primary escape channel. This reveals
that the hexamer is much more dynamic than previously appreciated. The reorganization
of the hexamer during multiple dissociation pathways is an example of disorder introduced
during unbinding, much like the coupled unfolding and unbinding found in the insulin dimer
dissociation. All six of our phenol-release pathways contained at least 10% of the reactive
current, underscoring how this process is also multipathway. We repeated all of these calcu-
lations for two singly-mutated insulins: Ile A10 Val and Glu B13 GIn. We demonstrated how
these mutations affected the contributions of specific pathways, showing that the kinetics of
this multipathway process could be manipulated by mutating residues both in and out of

the phenol binding pocket. This work reveals the potential of designing insulin analogs with



multiple mutations, chosen as to simultaneously affect multiple phenol escape pathways.

Chapter 4 considers the fold switching of KaiB. KaiA, KaiB, and KaiC together form the
central circadian oscillator in cyanobacteria. KaiB is also a metamorphic protein that can
switch between two stable folds. One fold is the so-called “ground state” (gs), which tends
to exist as a tetramer and is largely inactive in the broader circadian oscillator. The other
fold is the “fold switched state” (fs), which adopts a thioredoxin-like fold and binds to KaiC
and sequesters KaiA as part of the cycle. Crystal structures exist for both gs and fs KaiB.
The primary structural differences between the two folds manifest in the fold switching C-
terminal domain, a 57-amino acid long sequence that adopts the thioredoxin-like secondary
structure pattern affa in fs KaiB. In gs KaiB, this pattern inverts to Saaf. In both
gs and fs KaiB, the 50-amino acid N-terminal domain remains largely unchanged [74, 75].
Because the mechanism of fold switching was unknown, we implemented a combination of
near-atomic molecular dynamics, hydrogen-deuterium exchange experiments, and DGA to
investigate this mechanism.

We compared computational predictions of hydrogen-deuterium exchange to experiments
to validate simulation parameters and discovered that a fs-stabilized KaiB mutant exposes
its amide backbone primarily through subglobal unfolding events. Additionally, both fs and
gs KaiB have near-identical free energies. During the fold switch, the secondary structure
elements in the C-terminal fold switching domain fold and refold independently of one other
in various orders. Thus, we observe a diversity of paths involving the melting/formation of
individual foldons, consistent with multiple existing models of protein folding [39, 40, 50].
By examining the reactive current, we observed very little unfolding in the otherwise-stable
N-terminal domain, corresponding to the partial melting of a single  sheet or a helix. The
primary free energy barrier is correlated with the breaking of £ sheets in fs KaiB, and not
the isomerization of prolines in the C-terminal fold switching domain. Between 40 and 50%

of structures in the transition state ensemble contain the melted C-terminal fs KaiB « helix.



This ensemble, however, is quite heterogeneous, containing a broad mix of melted/folded
secondary structures. We further discovered that three prolines (P63, P70, and P71) prefer
certain isomerization states depending on KaiB’s fold. All three preferentially populate the
cis isomer in fs KaiB and the trans isomer in gs KaiB. For P71 this preference is particularly
strong. This is in contrast to the crystal structure of the fs KaiB mutant, which resolves P71
as trans and P72 as cis [75]. This work is the first statistical treatment of the mechanisms
of fold switching of a metamorphic protein. Much like what has been found in investigations
of proteins folding to a single stable structure, the fold switching of KaiB tends to proceed

through a diversity of pathways.
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CHAPTER 2
INSULIN DISSOCIATES BY DIVERSE MECHANISMS OF
COUPLED UNFOLDING AND UNBINDING

This chapter was published under this title as Adam Antoszewski, Chi-Jui Feng, Bodhi P.
Vani, Erik H. Thiede, Lu Hong, Jonathan Weare, Andrei Tokmakoff, and Aaron R. Dinner,
J. Phys. Chem. B, 124(27), 5571-5587, 2020 [76].

Abstract

The protein hormone insulin exists in various oligomeric forms, and a key step in binding its
cellular receptor is dissociation of the dimer. This dissociation process and its corresponding
association process have come to serve as paradigms of coupled (un)folding and (un)binding
more generally. Despite its fundamental and practical importance, the mechanism of insulin
dimer dissociation remains poorly understood. Here, we use molecular dynamics simula-
tions, leveraging recent developments in umbrella sampling, to characterize the energetic
and structural features of dissociation in unprecedented detail. We find that the dissociation
is inherently multipathway with limiting behaviors corresponding to conformational selection
and induced fit, the two prototypical mechanisms of coupled folding and binding. Along one
limiting path, the dissociation leads to detachment of the C-terminal segment of the insulin
B chain from the protein core, a feature believed to be essential for receptor binding. We
simulate IR spectroscopy experiments to aid in interpreting current experiments and identify
sites where isotopic labeling can be most effective for distinguishing the contributions of the

limiting mechanisms.
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2.1 Introduction

Protein-protein association and dissociation are key to many cellular processes, ranging from
transmembrane signaling [77-79] to endocytosis [80]. While some protein complexes may in-
volve little (re)structuring of the participating components and thus conform to a lock-and-
key model of molecular recognition, it is now clear that often (un)folding and (un)binding
are coupled [27-29]. Coupled folding and binding can be described by two limiting mecha-
nisms: induced fit, in which nonnative subunits form an initial encounter complex that then
rearranges to a stable bound structure, and conformational selection, in which individual
subunits first rearrange to conformations similar to those in the associated state and then
bind [30]. Detailed characterizations of protein-protein association/dissociation simulations
22, 23] suggest that coupled folding and binding is often multipathway, combining elements
of both of these limiting mechanisms. This makes both experimental and computational

study of coupled folding and binding challenging.

Figure 2.1: Three views of the insulin dimer. The A chain and residues PheB1-GlyB® of
each monomer are shown in translucent silver, while interfacial residues are opaque. The
interfacial o helices are shown in black, the 3 turn is shown in white, and the [ sheet is
shown in red. In the left panel, cysteine bonds are shown in yellow. In the middle panel,
side chains for residues PheB24 (orange), PheB2% (brown), and TyrB26 (purple) are shown.
In the right panel, side chains for residues SerP? (yellow), ValP1? (blue), GluP1? (green),
and TyrP16 (gray) are shown.

The protein hormone insulin has come to serve as a model for studying coupled folding
and binding owing to its small size and the therapeutic importance of its equilibrium between

different oligomeric states [63, 81-83]. One such equilibrium is the one between dimer (Figure
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2.1) and monomer. Each insulin monomer is 51 amino acids, organized into two polypeptide
chains (A and B) joined by disulfide bonds (yellow in the left view). The 21-residue A chain
forms two « helices (translucent), while the 30-residue B chain consists of an « helix (residues
SerBY-CysB19| black) with a 8 turn (GlyB20-GlyB23, white) that leads to a C-terminal
sheet (PheB24—AlaB30, red) in the dimer. Both experimental alanine scanning mutagenesis
data [84] and free energy simulations [85, 86] point to the importance of specific interfacial
residues for stabilizing the dimer interface. These residues include the aromatic triplet of
PheB24.-PheB2_TyrB26 on the interfacial 8 sheet 83], TyrB16 on the interfacial o helix,
and both GlyB23 and ProB2?8 on the § turn and the C-terminal segment of the B chain,
respectively.

Dimer dissociation, which is a prerequisite for insulin to bind to its cellular receptor
[51], is thought to be an example of coupled unfolding and unbinding. While the dimer
is well structured [54, 55|, the monomeric state is thought to contain significant disorder.

B30 can detach

Specifically, experimental and computational studies indicate that PheB24Ala
from the B-chain « helix and become at least partially disordered in the monomeric state
[54, 56-58, 87-89]. This detachment is thought to be important for insulin to bind its receptor
[79, 82, 83] based on structures of insulin in complex with fragments of the receptor [53, 90].
An outstanding question is how PheB24-A1aB30 detachment is coupled to dissociation of the
dimer. More generally, the pathways of dimer dissociation remain poorly characterized. For
example, it is unclear what role, if any, the interfacial a helices play in dissociation, and
whether there are partially solvated or unfolded intermediates.

There is some experimental evidence suggesting the dimer dissociation could couple un-
folding to unbinding. In particular, temperature jump two-dimensional (2D) amide-I infrared
(IR) spectroscopy measurements suggest that, during dissociation, there is conformational

rearrangement within the monomers on the timescale of 5 to 150 us, prior to loss of the

sheet at the dimer interface between 250 and 1000 ps [57, 58]. Time-resolved X-ray scattering
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data also suggest an intermediate with conserved secondary structure on the timescale of 900
ns [91]. These experiments, although mechanistically suggestive, provide limited structural
information; complementary simulations are needed to microscopically interpret these data.

Recently, Bagchi and coworkers used metadynamics to compute the free energy as a
function of the monomer-monomer center-of-mass distance and the number of intermolec-
ular contacts, subject to restraints on the radii of gyration of the monomers [2, 3, 92].
They identified a single major pathway of dissociation in which the number of intermolecu-
lar contacts was first observed to markedly decrease before the center-of mass distance in-
creased. Through additional collective variables, they also characterized the protein-protein
and protein-solvent interactions of PheP24 and TyrB%, indicating that conformational re-
arrangement and intramonomeric unfolding are both coupled to the dissociation. Shaw and
coworkers recently characterized the association of the insulin dimer through both unbiased
simulation and tempered binding, an enhanced sampling technique that scales the protein
interaction energies to encourage binding [10]. In contrast to the simulations described im-
mediately above, they found that successful association events consisted of insulin monomers
adopting conformations similar to those found in the dimer before binding, and observed very
little intramonomeric unfolding. The extent to which these two binding/unbinding pathways,
one which involves monomeric unfolding and one which does not, can coexist is currently
unknown.

In this work, we use a computational pipeline that combines multiple methods for en-
hanced sampling of rare events in molecular dynamics simulations to investigate coupled
unfolding and unbinding during insulin dimer dissociation. In particular, we identify collec-
tive variables that fully resolve the possible pathways for the dissociation, and we show how
an error estimator that we recently introduced [93, 94] can be used to quantitatively monitor
convergence and allocate computational resources efficiently. The error estimator that we

employ both provides quantitative evidence as to the convergence of our simulations, and al-
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Figure 2.2: An overview of the computational pipeline. Each panel shows the method used
and the information it yields. See the Methods section for further details.

lows us to meaningfully compare the free energy profiles of competing pathways by explicitly
quantifying asymptotic errors. The computational pipeline enables us to show that there are
multiple competing pathways for dimer dissociation, and we characterize these pathways in
detail through additional collective variables that describe intra- and intermonomeric rear-
rangements. The pipeline is summarized in Figure 2.2 and at the start of the Results and
Discussion section, so that readers interested primarily in the results can skip the Methods
section without loss of continuity.

The limiting behaviors observed correspond to induced fit and conformational selection
mechanisms. Our simulations thus provide a unified perspective on the binding/unbinding
paths observed in previous simulations. We go on to propose a set of experiments to investi-
gate the relative contributions of our limiting paths. Specifically, we simulate IR spectroscopy
experiments for a variety of isotope-labeled insulins and identify two labels which, when mea-

sured via T-jump IR spectroscopy, could experimentally distinguish the contributions from
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the limiting pathways to dimer dissociation. These simulated IR spectra also provide refer-
ences to which future measurements can be compared, facilitating the interpretation of both

equilibrium and T-jump IR spectra for the insulin dimer.

2.2 Methods

With a view toward providing a quantitative interpretation of experimental observations, we
model insulin in solution at atomic resolution (System Setup and Equilibration), such that
dimer dissociation occurs on timescales that are long compared with the molecular dynamics
timestep. Consequently, both efficient sampling and informative analysis rely on identifying
collective variables (CVs) that capture the slowest relaxing degrees of freedom involved in
dimer dissociation. To this end, we tested many combinations of CVs for their ability to
enable us to harvest reactive events (String Method and Collective Variable Selection). We
found that CVs based on selected intermolecular contacts in the dimer enabled us to harvest
reactive events without the addition of restraints to prevent monomer unfolding, and we
improved the contact definition over the course of the study, as we gained understanding
of the system (Definition of Contacts). Care was taken to converge the potential of mean
force (free energy) as a function of those CVs (Adiabatic-Bias Molecular Dynamics; Replica
Exchange Umbrella Sampling; Eigenvector Method for Umbrella Sampling and Adaptive
Sampling). We were able to trace multiple minimum free energy paths with comparable
barriers on that surface, which we validated as stable through further simulations (Finding
and Confirming Energetically Favorable Paths). Finally, we computed simulated infrared
spectra to guide the design of further experiments (FTIR and 2DIR Simulation). These steps
are summarized in Figure 2.2, and we describe each in detail below in the parenthetically

indicated sections.
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System Setup and Equilibration. The system was modeled with the CHARMM36m
force field [95-97]. All simulations were performed using GROMACS 5.1.4 [98], and the
system was prepared using CHARMM-GUI 2.1 [99, 100]. Unless otherwise noted, simulations
were carried out in the isochoric isothermal (NVT) ensemble at 303.15 K using a Langevin
thermostat [101] with a 2 fs timestep and a friction constant of 0.5 ps~ ! applied to all
atoms. All bonds to hydrogen atoms were constrained using the LINCS algorithm [102].
Periodic boundary conditions were employed and the particle-mesh Ewald method [103] was
used to calculate electrostatic forces with a cutoff distance of 1.2 nm. The Lennard-Jones
interactions were smoothly switched off from 1.0 to 1.2 nm through the built-in GROMACS
force-switch function. All molecular visualizations were done in VMD [104], and residue
interaction energies were calculated using its NAMDenergy plug-in [105].

The dimer structure was based on the human insulin crystal structure (PDB ID 3W7Y)
[106]. To fully equilibrate the system at the desired temperature and pressure, the protein
was solvated, equilibrated with restraints in both the NVT and isobaric isothermal (NPT)
ensembles, and then equilibrated restraint-free in the NVT ensemble. Specifically, hydrogens
were added to the PDB structure, and it was solvated in a cubic box of size (8 nm)3 using
TIP3P water [107]; 48 KT and 44 Cl~ ions were added to neutralize the system and bring
it to a concentration of 150 mM KCI [108]. There was a total of 48,260 atoms. The system
was energetically minimized using the steepest descent method, until the maximum force
felt by the system was below 1000 kJ/mol nm. The system was then equilibrated for 100
ps in the NVT ensemble with a 1 fs timestep, followed by 10 ns in the NPT ensemble at 1
bar using the Parrinello-Rahman barostat [109], with a 2 fs timestep and time constant of
5.0 ps. For the energy minimization and equilibration above, harmonic restraints were used
to stabilize the positions of all non-hydrogen protein atoms. The system was equilibrated
further for 1 ns in the NPT ensemble without position restraints, and the average box size

was determined to be (7.82 nm)3. This box size was used for all further simulations. The
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system was equilibrated once more without position restraints for 1 ns in the NV'T ensemble.
The resulting equilibrated structure, with a root-mean-square deviation (RMSD) of 2.02 A
from the 3WYT7 crystal structure, was used to initialize further simulations as described

below.

Definition of Contacts Throughout the simulations in this work, relevant inter-residue
« carbon distances were transformed by contact functions that smoothly vary between a
small range of values. This was done to improve computational control in various methods,
providing a consistent scale for biasing variables as distances varied between small and large
values. The contact functions were tuned to each method, and as we learned more about
the structural features of the dissociation. Specifically, we used the following three contact

definitions to transform the distance between o carbons of residues i and j (d;;):

Vi = [1 - (1&?522-])6]/ [1 - (ﬁiﬂ)ul 2

(
1 if dij < E[dZ]] ( )
%ij = (i —Fld: )2 2.2
exp (%W) otherwise
\ 0
.
1 if dij < E[dlj] (2 3)
Sij = .
1 — tanh (d”%E[d”]) otherwise
\ YAmon

In the above equations, E denotes an equilibrium average, and the average distance E[dij]
was measured for each contact pair from a 5 ns simulation, initialized from the equilibrated
dimer structure. The definition in Equation 2.1 was used for the initial driving and string
method simulations used to discover collective variables. The definition in Equation 2.2 was
used for the umbrella sampling calculations, as it provided a gentler bias near the dimer

state. In this definition, rg is a parameter that sets the location of the inflection point
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of the Gaussian transformation. This parameter was set to 0.6 nm to ensure that there
were at least three layers of water between all monomeric residues at dissociation, based
on visual inspection. Finally, the definition in Equation 2.3 was used for the final string
calculations used to verify the stability of our observed low-energy paths, as it provided
better resolution near the dimer state. In this definition, dyon is the average residue pair
distance that corresponds to the monomeric state, again chosen so that at least three layers
of water separate the residues of interest. This was thus set to be 2.2 nm for the « contacts
and 2.0 nm for the § contacts (see Results). The parameter choice v = 0.65 tunes the sizes

of the monomeric and dimeric states in the 2D contact space.

String Method and Collective Variable Selection. Umbrella sampling is predicated
on finding a small number of collective variables (CVs) that capture the slowest relaxing
degrees of freedom relevant to the process of interest. To determine reasonable CVs for
insulin dimer dissociation, we tested various combinations of CVs for their ability to drive
dissociation in steered molecular dynamics simulations (SMD) [110] and then selected CVs
that preserved the ability to distinguish refined dissociation paths obtained from the string
method [111, 112], discussed in further detail below. The CVs explored were based on inter-
acting pairs of residues with high differential solvent accessible surface area (SASA) between
dimer and monomer states (Supplemental Table 2.1, where the apostrophe differentiates
residues on one monomer from residues on the other). These included the aromatic triplet
in the interfacial g sheet, which was previously identified as important for dimer stability
[54, 86, 113].

Distances between the C, atoms of these residue pairs were computed and transformed
using Equation 2.1 as described above. Constant velocity SMD simulations, in which har-
monic restraints were used to advance random subsets of s;; from 0.5 to 0.0, were used to
drive the system from the equilibrated dimer structure to the dissociated state. By visual

analysis, we selected dissociation paths that both led to complete dissociation and did not
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Figure 2.3: Schematic showing the § sheet contact pairs (left) and the « helix contact pairs
(right). These correspond to the similarly labeled rows of Supplemental Table 2.1.

involve significant unfolding of the monomers since there is limited experimental evidence
for extensive loss of secondary structure [58, 91]. We also only selected paths that had
maximum free energies within the range of previous simulations [2, 54]. These were used to
initialize string method simulations in the 22-dimensional space of intermonomeric contacts
described above (Supplemental Table 2.1). Convergence of strings during the simulations
was computed by the Hausdorff distance metric between the current string iteration and the
initial string, and simulations were run until this distance metric did not change significantly
[114].

To choose a small number of CVs sufficient to describe the dissociation, we clustered the
initial and final strings in the space of the first few coordinates obtained from applying the
diffusion maps method [115, 116] to their images. We then sought physically interpretable
CVs that preserved the clusters, which led to selection of two average contact functions
(averaging performed after the transformation), one for three residue pairs at the [ sheet
interface (3.) and one for seven residues at the o helical interface (@z). These are detailed in
Supplemental Table 2.1 and Figure 2.3. These residue pairs are consistent with important
interfacial interactions identified in a recent steered molecular dynamics study [86]. We
denote the average of the raw distances associated with . and @z, used for visualization, by

B and @, respectively.
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Adiabatic-Bias Molecular Dynamics (ABMD). To initialize sampling, 49 indepen-
dent ABMD [117] molecular dynamics simulations (using the PLUMED 2.3 wrapper for
GROMACS [118-120]) were used to drive the system from the dimer to a 7 x 7 grid of points
evenly covering the 2D CV space of . and az. ABMD is similar to SMD but ratchets the
system to its target following unbiased fluctuations along the CVs; we came to prefer it to
SMD because we found that SMD but not ABMD resulted in melting of the interfacial «
helices. That said, because ABMD relies on unbiased fluctuations, we found that the initial
49 simulations did not adequately sample the space close to the 8. = 0 and @ = 0 axes.
We thus performed 13 extra simulations to drive the system to supplementary points near
where either one or both of 3. or @ went to zero. This driving, whose bias was applied on
the 10 individual distances associated with (. and @, was repeated with force constants of
1000, 3000, and 5000 kJ/(mol nm), generating a database of trajectories that covered all of

the relevant average contact space.

Replica Exchange Umbrella Sampling (REUS). The window centers for the umbrella
sampling were distributed on a logarithmically spaced grid in the space of (E, Q@) with the
expectation that the initial steps of the dissociation would involve larger changes in free
energy, as seen in Figure 2.4A. The force constants, k, for the harmonic biases associated
with each window were described by the following equation, adapted from an expression

derived by Im and coworkers [121, 122]:

Vdpax = 0.8643/2k5T. (2.4)

Here, as the windows are unevenly spaced, dmax refers to the maximum distance between
adjacent window centers. Additional weak upper walls (half harmonic potentials with k& = 50
kJ/(mol nm), turned on at 3 nm for each distance) were placed on each distance to prevent

artificial interactions across periodic boundaries. To initialize each window, the ABMD-
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generated structure that was nearest to each minimum was selected and equilibrated for 100
ps using the harmonic restraint described by equation 2.4. A 2D replica exchange procedure,
in which there were exchanges between windows [123], was implemented by taking advantage
of the built-in functionality of GROMACS. Each of the 784 windows were simulated for 100
ps, with exchanges attempted at 1 ps intervals only between adjacent windows in the same
row. The windows were then simulated for an additional 100 ps, with exchanges attempted
every 1 ps between adjacent windows in the same column. This procedure was repeated
for a total of 5 ns of simulation time per window, with structures saved every 5 ps. In this
way, replicas were exchanged via all nearest neighbors across the entire lattice of windows.
Exchange probabilities between 10-50% were achieved depending on the specific window

pairs being swapped.

Eigenvector Method for Umbrella Sampling (EMUS) and Adaptive Sampling.
The 5 ns of sampling per window was combined to generate a potential of mean force (PMF)
by using the Eigenvector Method for Umbrella Sampling (EMUS) [93]. Once the PMF
was created, we wanted to investigate whether the PMF was converged and, if not, add
additional sampling selectively where it would be most effective. To do this, EMUS was
used to estimate the asymptotic variance of replica exchange umbrella sampling simulations.
However, because of the replica exchange, assumption VII.3 of ref. 93, namely that sampling
in each window is independent, does not hold for our study. Nonetheless, one can still apply
Lemma VII.2 in ref. 93 to derive a central limit theorem for EMUS with replica exchange by
casting sampling over all windows as a Markov chain; in this case, the asymptotic covariance
matrix, 3, is not block diagonal. This leads to a definition of the asymptotic variance for
arbitrary averages that one can approximate by an expectation of integrated autocovariances
over the sampled data. For details, see the Supplemental Information.

The contact space PMF is shown in Figure 2.4B, with its associated asymptotic variance

in Figure 2.4C. The area of highest asymptotic variance in the PMF was identified, and
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is marked by a red box in Figure 2.4C. Using the process described in ref. 93, the per-
window error contributions to this region were determined; although these include only
the error we would observe if the off-diagonal blocks of ¥ were zero, we believe they are
sufficient to diagnose the behavior of the umbrella sampling scheme. These contributions
are shown in Figure 2.4D, and reveal a J-shaped region of windows which contribute the
most to the asymptotic variance of the region marked in Figure 2.4C. These windows were
then identified as areas to add additional sampling. This additional sampling used a similar
procedure as described above for the initial replica exchange simulations, with the sampling
and proposed exchanges restricted to the bottom-most five rows and right-most 5 columns
in Figure 2.4D. At 1 ns intervals, this additional sampling was independently processed

with EMUS as follows. These data were used to compute a new PMF and its associated

2

ij,supp °

We then combined O supp

asymptotic variance per bin, o with the initial asymptotic

variance, o2 weighted by the squared ratio of simulation lengths between supplemental

14,init’

and total sampling, fs2upp:

Ot = fs2upp‘7z'2j,supp +(1- fsupp)zgizj,init (2.5)
Equation 2.5 assumes the initial 5 ns and supplemental 5 ns of sampling are independent,
which given that the autocorrelation time of the quantities needed for EMUS was 6 ps on
average across the windows, is a reasonable assumption.

As seen in Figure 2.4E, the peak variance decreased from 0.25 to 0.12 (kcal/mol)? upon
the addition of 5 ns of additional sampling per window in the outlined J-shaped region. This
region would not obviously be chosen in the absence of a quantitative procedure, though it
can be rationalized in hindsight as corresponding to a major dissociation pathway that we
characterize in detail in Results and Discussion. This illustrates how EMUS allows users to
monitor the convergence of US simulations as sampling proceeds, and to adaptively identify

regions of state space that are most in need of additional sampling, despite the neglect of
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Figure 2.4: Umbrella sampling. (A) The location of the window centers used for the REUS
procedure, shown in the space of 8. and @g. These are logarithmically spaced to place more
density near the dimer (upper right corner). (B) Free energy as a function of the average
numbers of § and « contacts at the insulin dimer interface (contour spacing 0.5 kcal/mol).
5 ns of sampling was gathered per window (784 windows). (C) The asymptotic variance
associated with the free energy in (B). The region of highest variance, with average 0.25
and maximum 0.59 kcal? /mol?, is marked by the red box. (D) The per-window error con-
tributions to the marked variance in (C), assuming that the matrix 3 is diagonal. 5 ns of
additional sampling was added to only the boxed black area of large error contributions. (E)
How the average asymptotic variance of the marked region in (C) decreased as 5 more ns of
sampling was added per selected window. The red shaded region represents the area where
the additional sampling is shorter than 10 times the autocorrelation time for EMUS quan-
tities. The asymptotic variance data in this region is thus unreliable. Reliable asymptotic
variances are obtained in the green shaded region.

correlations discussed above. Furthermore, EMUS allows for the calculation of PMF's in
arbitrary CV spaces, not just the space in which the biasing was done, without the need for

additional sampling. Examples of these PMF's are seen in Results and Discussion.

Finding and Confirming Energetically Favorable Paths. Our analysis of dissocia-

tion is based on minimum free energy paths. Initially, seven such paths were drawn on the
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2D PMF by using the lfep search algorithm [1]. To ensure that these were stable in the
10-dimensional space of all of the contacts associated with the averages @z and f, another
iteration of the string method was run in this space, this time initialized from structures
drawn from the REUS database along these 2D minimum free energy paths. The specific
contact definition used is in Equation 2.3, and the strings were run until converged as mea-
sured by the Hausdorff distance, as discussed previously. The starting and ending positions
of these strings are shown in Supplemental Figure 2.11. In particular, the o path shows
almost no variation, and the § path shifts only minimally, and this shift does not change
any of the molecular trends discussed in the Results. The others paths also exhibit minimal
variation. This provides evidence that most of the pathways we identify and the limiting

pathways in particular are indeed stable in a broader space.

FTIR and 2DIR Simulation. Simulated IR spectra were calculated from the Fourier
transform of a vibrational transition dipole time correlation function using a mixed quantum-
classical model described in refs. 124 and 125. Briefly, electrostatic collective variables can be
used to translate molecular-dynamics sampling of protein structure into (i) a time-dependent
Hamiltonian and (ii) a transition dipole moment that describes the amide I vibrations of pro-
tein backbones; these quantities in turn can be used to calculate the dipole time correlation
functions that are needed to create simulated FTIR and 2D IR spectra. Furthermore, these
spectra can be calculated for both native proteins and isotope-labeled proteins [126]. Here,
we aimed to generate FTIR spectra for 50 points equally spaced along both the a and the 3
paths for a variety of isotope-labeled insulins. 2DIR spectra were then calculated for specific
states for two isotope-labeled insulins. These spectra were then used to propose possible
experiments to validate our results.

First, each path was divided into a series of 50 points, referred to as image centers.
By comparing these image centers to the REUS database, 20 structures were selected to be

associated with each image center. These structures were randomly drawn from the sampling
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that was within both 0.4 nm of each image center and the Voronoi tessellation associated
with each image center. Each of these structures served as the starting point for an additional
short molecular dynamics simulation consisting of 100 ps of equilibration followed by 100 ps
of sampling every 20 fs. These simulations were then used to generate both the FTIR and
2DIR spectra by using the procedure outlined below.

As IR spectra correspond to manifestly quantum-mechanical vibrational transitions, our
classical molecular dynamics trajectories had to be translated into a time-dependent Hamil-
tonian and transition dipole trajectories. To this end, we associated each amide I vibra-
tion with a site, defined by the atomic positions of the backbone amide groups (C, O, N,
and H atoms). The frequency of each site was calculated using an empirical electrostatic
frequency map optimized against experimental spectra of isotope-edited NuG2b protein,
which evaluates the electrostatic potential value at the C, O, N, and H positions [127]. This
potential-based map (4PN-150) has an estimated frequency uncertainty of 2.25 cm L. When
applying the map, we used modified glycine charges described previously [127]. Additionally,
we considered coupling between sites, including both through-bond mechanical coupling and
through-space electrostatic coupling. Through-bond coupling between adjacent sites was
generated using a density functional theory (DFT)-based nearest-neighbor coupling map,
while through-space coupling was computed by a transition charge coupling map [128]. We
did not account for vibrations from protein side-chain and terminal groups. The transition
dipole of each site was assigned using the zero-field values from a DFT-based electrostatic
map [129]. When generating simulated 2DIR spectra, there are signal contributions from
excited state absorption (ESA), which correspond to vibrational transitions between states
with one quantum of excitation energy and those with two quanta of excitation energy. To
deal with this, the corresponding two-quantum Hamiltonian and transition dipole moments
were constructed using a weak anharmonic model [124, 130].

The time-dependent Hamiltonian and transition dipole trajectories were converted to sim-
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ulated FTIR spectra and 2D IR spectra using a dynamic wavefunction-propagation scheme
with a Trotter expansion to reduce computation time [131, 132]. The window time for cal-
culating dipole time correlation functions was set to 2.5 ps. The anharmonicity of the amide
I oscillator was set to 16 em™! [130]. The amide I vibrational lifetime was modeled by an
ad hoc single exponential decay, with a time constant of 1.0 ps determined by transient ab-
sorption experiments of Ala—Ala [133]. The isotope frequency shift introduced by a 1Bclso
label was set to 65 cm ™! [124]. The spectra for the structures that were selected from the
REUS database were uniformly averaged within each of the 50 images across both paths.
This created a simulated spectrum representative of the location of each image in CV space.
The isotope labeled FTIR spectra along each path, with the corresponding simulated un-
labeled spectra subtracted to create difference spectra, are shown in Supplemental Figure
2.12. Based on these results, the data were regrouped and reaveraged as described in the

Supplemental Information to create the 2DIR spectra shown in a future section.

2.3 Results and Discussion

Our goal was to investigate the molecular changes in intra- and intermolecular structure
during insulin dimer dissociation. To this end, as summarized in Figure 2.2 and detailed in
Methods, we first used steered molecular dynamics to generate multiple dissociation events,
naively biasing the simulations to force the monomers apart. We then refined the result-
ing paths with the string method, which relaxes these paths to local minimum free energy
paths. Based on these simulations, we identified a small number of distances that provided
good control over sampling (specifically, replica exchange umbrella sampling): 7 between Cy
atoms in the interfacial o helices and 3 between C,, atoms in the interfacial § sheet (Figure
2.3). The «a and ( distances were separately averaged to define collective variables @ and
B, respectively. We used replica exchange umbrella sampling together with an error esti-

mator that we recently introduced [93] to ensure good sampling of configurations consistent
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with each combination of these variables. From these data, we constructed the PMF as a
function of the average interfacial distances. Below, we describe this PMF, followed by addi-
tional statistical averages that provide further insights into specific intra- and intermolecular
structural features. We conclude by showing how simulated vibrational spectra can serve as

references for the design and interpretation of experiments.

Dissociation is multipathway, with two limiting cases. The PMF as a function of
@ and f is shown in Figure 2.5, surrounded by representative structures. The minimum of
the dimeric basin is marked by the circle at (3,@) = (0.53,0.63) nm, and we set it to be
the zero of free energy. The dimer is flanked by a trough along each axis, corresponding
to breaking the [ contacts while maintaining the « contacts and vice versa. There is a
shoulder at § ~ 0.75 nm; calculations described further below show that it coincides with
solvent penetration of the 3 sheet. The remainder of the PMF is relatively flat. We take
the monomeric state to be 8 > 2.0 nm and @ > 2.2 nm (marked by the dotted white box
in Figure 2.5), which ensures that there are at least three layers of water between interfacial
residues (see Methods). The free energy in this region ranges from 13 to 15.5 kcal/mol,
within the range of previous estimates of the stability of the dimer [2, 85, 86, 134]. The
plateau surrounding the monomeric state is between 1-3 kg7 higher in free energy.
Consistent with the diversity of paths that we obtained in our steered molecular dynamics
and string method simulations (see Methods), many minimum free energy paths can be
drawn on the PMF (Supplemental Figure 2.11). These paths are stable not only in this 2D
average distance space, but also the full 10-dimensional space of all individual distances, as
indicated by the string method results in Supplemental Figure 2.11. Despite their similar
maximum free energies, these paths imply dramatically different mechanisms of dissociation.
For clarity, we focus on two limiting cases that initially follow the aforementioned troughs
in free energy flanking the dimer. Along the « path (black in Figure 2.5), the interfacial «

helices separate prior to the strands of the 3 sheet; along the 5 path (red in Figure 2.5), the
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Figure 2.5: Potential of mean force (PMF) as a function of @ and 3. Limiting mean free
energy paths in which the interfacial a or g contacts break first are indicated by black and
red dashed lines, respectively. Representative structures corresponding to the marked points
along the paths are labeled and shown adjacent to the PMF. These structures are referenced
throughout the paper and are available in the supplemental material. The dimer is marked
by a dotted white circle, and the monomeric state is marked by a dotted white box. Contour
lines are every 2 kgT'. The color scale is capped at both the upper and lower ends to more
clearly show the variation in the partially-dissociated regime.

order is reversed.

The free energy profile of the o path is consistent with the minimum free energy path
obtained by Bagchi and coworkers (compare the black lines in Supplemental Figure 2.13 with
Paths 1 and 4 in Figure 3 of ref. 2): there is an initial rise to an intermediate of 7.7 kcal/mol
(5.3 keal/mol in ref. 2), followed by a shoulder ~2.4 kcal/mol higher in free energy and then
a barrier of ~4.0 kcal/mol. The free energy profile of the 8 path exhibits no comparable

shoulders, but its maximum is comparable to that of the « path (14.7 kcal/mol and 14.1
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kcal /mol, respectively). Considering the typical asymptotic variance of our PMF is on the
order of 0.2 kcal? / mol?, we thus expect both of these limiting paths, as well as the many

paths that fall between them (Supplemental Figure 2.11), to contribute to dissociation.

The monomers rotate relative to each other in opposite ways along the two limit-
ing paths. Previous studies [2, 3| reported rotation of the interfacial 5 strands relative to
each other, as characterized by a pseudodihedral angle (here denoted ® 5) defined by the Cg,
atoms of TyrB%, PheB24, TyrB/%, and PheB,M, where the primes distinguish one monomer
from the other. In addition to ®g, we calculate the pseudodihedral angle (®q) between the
geometric centers of the backbone atoms of the residues that define the dimeric interfacial
alpha helices: SerP?- LeuB!, LeuBl7-CysB19, LeuB/N-CySB/lg, and SerB2-LeuB'11, Explicit
illustrations of these angles are shown in Supplemental Figure 2.14. By examining both @
and ®,, we can better understand whether the rotation is restricted to the g strands, or if
the entire dimer interface moves together. Since molecular dynamics simulations allow any
collective variable to be calculated within machine precision, we create PMFs in four 2D
spaces that measure interfacial rotations as both @ and 8 change (Figure 2.6A); the plots
are restricted to ranges of @ and /8 that correspond to the initial steps of dissociation because
the interfacial pseudodihedrals become poorly defined when the average distances are large.
All of the PMFs, both in Figure 2.5 and Figure 2.6, are generated from the same dataset,
as EMUS allows for the calculation of PMFs in arbitrary collective variable spaces without
the need for additional sampling.

There is a deep free energy basin corresponding to the dimer at (3, @) = (0.58,0.63) nm
and (®g,®q) = (—15°,125°). This reflects the fact that in the dimer state, in agreement
with available crystal structures, there is a slight rotation from parallel between the 3 sheet
residues, and a more pronounced rotation between « helices, consistent with well-known
characterizations of a helix packing [135-137]. The PMFs are dominated by the troughs

flanking the dimer in Figure 2.5. The trough along the o path (black dotted arrows) is readily
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Figure 2.6: The monomers rotate relative to each other during dissociation. (A) PMFs
characterizing the rotations as pairwise functions of @ (top) or B (bottom), and Dy (left)
or &, (right). Superimposed arrows show the negative rotations associated with the « path
(black) and the positive rotations associated with the /5 path (red). Intermediates are marked
on the PMF, and are as labeled in Figure 2.5. Structures were chosen to show the rotation of
®g; for this reason, the arrows in the left plots terminate at the dots but those on the right
plots do not. Contour lines are every 2 kgT. The color scale was capped at 14 kcal/mol.
(B) Representative structures for the rotations along the o and /5 paths, represented by the
black and red arrows, respectively. These structures, labeled in (A), are the same as those
labeled in Figure 2.5. (C) The dimer with the interfacial « helices in front, showing the side
chains for SerP? (yellow), TyrP16 (gray) and ProP?8-A1aP30 (pink). Zooming in (middle),
one can see the native contact of Seng-TyrB/m, with ProB28-AlaB30 behind. Along the a
path (right), TyrB/16 has rotated away from SerBY, and is instead in contact with ProP28-

AlaB30 Furthermore, this rotation brings Ser®? and SerB' together.

visible in both sets of plots and shows that increases in @ are coupled to negative rotations of
both @, and ®g (by —35° and —45°, respectively). The trough along the 3 path (red dotted
arrows) is more readily visible in the bottom plots and shows that increases in 3 are coupled
to positive rotations of ®g; there is little change in @4, suggesting the interfacial a helical
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contacts are maintained. Side views (similar to the middle panel of Figure 2.1) of the dimer
and rotated species show the structural consequences of these interfacial rotations (Figure
2.6B). Namely, comparing these side views with the corresponding front views (Figure 2.5)
suggests that the initial dissociation along the limiting 8 path involves the breaking of the
interfacial 8 sheet and the positive rotation of ®5. In contrast, the initial dissociation along
the o path comes as the « helices twist away from each other, coupled with negative rotations
of both &, and <I>ﬁ.

The negative rotations along the « path enable formation of nonnative interactions (Fig-
ure 2.6C). The serine side chains of SerB? and SerB’ (yellow in Figure 2.6C) form a hydrogen
bond at @ € [1.0,1.3] nm. Then, as the § strands rotate relative to each other along the

B28_71,B30 (

« path, Pro pink) breaks its native contacts and instead forms a contact with

B'16 ( B16

tyrosine Tyr gray), in the « helix of the opposite monomer. This tyrosine at Tyr

B’26

contacts SerBY, ValB12

, and Tyr in the dimeric state (see Supplemental Table 2.1), but
these interactions are broken as the « helices separate. Averages of side chain contacts
that quantitatively show these trends are seen in Supplemental Figure 2.15. Furthermore,
the necessity of breaking the native contacts between ProBZ8-AlaB30 and GlyB/QO—GlyB/23
as the dissociation progresses is consistent with the mutations that yield fast-acting insulin
analogs, discussed further in the Supplemental Information (Supplemental Figure 2.16). No
comparable nonnative interactions are observed along the g path.

These projections further allow us to compare with Bagchi and coworkers’ results. In
particular, Figure 8 of ref. 3 indicates a path which begins with a slight increase in ®5 coupled
to an increase in § from approximately 0.6 to 1.1 nm. This initial step is followed by a 30°
decrease in ®g coupled to a return to a dimer-like B (near 0.6 nm) as the dissociation
progresses. The [ strands only separate at the final step of their described mechanism.

We interpret this to correspond to taking an initial step along the § path, then collapsing

back to a near-dimer like § interface before proceeding along the o path. That said, the
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projections of the a and 3 paths onto Bagchi and coworkers’ coordinates do not fall precisely
on top of their minimum free energy path (Supplemental Figure 2.17). By explicitly probing
the multipathway nature of the dissociation, our results reveal the homogeneity of rotation

profiles depending on dissociation path.

Water solvates key interfacial residues as dissociation progresses. Solvent plays a
key role in protein association/dissociation processes. Moreover, time resolved X-ray scat-
tering data suggest at least one intermediate in the insulin dimer dissociation that involves
quick solvent uptake by a species with dimer-like secondary structure, coincident with a slight
increase in molecular volume [91]. To investigate the possible presence of a similar feature
in our simulations, we defined three collective variables; in order of increasing specificity,
they are (i) the total molecular volume, (ii) the solvent accessible surface area (SASA) of
eight residues that make up the hydrophobic core of the interface (ValBlQ, TyrB16 , PheB24,
TyrB26 on each monomer), and (iii) the number of native interfacial hydrogen bonds, which

B24 and TyrB26. The total molecular volume, probed by the X-ray

only form between Phe
scattering, can reflect solvent uptake, but it can also correspond to large-scale conformational
change. The core SASA reflects the solvation of the interface in general, while the hydro-
gen bonding between interfacial residues probes the loss of dimer-like secondary structure.
Averages of these variables are seen in Figure 2.7A.

The red and red black dots in Figure 2.7A mark the positions of the structures in Figure
2.7B, which show characteristic solvations of the 5 and « interfaces, respectively. These
structures represent low free energy states relative to the barriers along the 8 or a paths.
Moving from the dimeric state to either of these positions, the total molecular volume in-
creases by 0.3-0.4 nm?3. This small increase in molecular volume allows some solvation of the
interface, increasing core SASA by between 0.8-1.2 nm?2. Along the a path, this solvation is

at the a interface, while, along the § path, this solvation is at the 3 interface (Figure 2.7B).

The former does not result in a loss of secondary structure as measured by STRIDE [138].
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Figure 2.7:  Characterizing solvation. (A) Averages of total molecular volume (left), core
SASA (middle), and number of interfacial PheP?4-TyrB26 hydrogen bonds (right) as a func-
tion of @ and A. Contours are every 0.2 nm® and 0.5 nm? for the molecular volume and
SASA plots, respectively. The white contour on the right plot indicates where the number of
hydrogen bonds drops to 2% of the average in the dimer. (B) Insulin structures showing the
unsolvated dimer interface (left), the solvation of the § interface (middle), and the solvation
of the « interface (right). The locations of these structures are marked in (A).

By contrast, we do see a distinct loss of 3 sheet content along the § path. Specifically, as

B24 and TyrB26 hydrogen bonds across the interface are replaced with

B increases, the Phe
ones to solvent (white contour in the right panel in Figure 2.7A and Supplemental Figure
2.18), signaling the loss of the interfacial 5 sheet.

One would expect that the loss of the interfacial 5 sheet and the solvation of the hy-
drophobic core are highly correlated because the separation of the § strands would allow
water to penetrate between the monomeric units. We observe this to be the case when the «
helices are already partly separated (@ > 1.0 nm). The breaking of the interfacial hydrogen
bonds, represented by the white contour in the right panel of Figure 2.7A, occurs in the

same area of the collective variable space as the rapid solvation of the hydrophobic core,
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represented by the tight black contours in the middle panel of Figure 2.7A. This area, where
B ~ 0.75 nm, is also co-located with the shoulder in the PMF mentioned earlier (Figure
2.5), suggesting that the loss of 5 sheet content and concomitant solvation gives rise to a
slight decrease in free energy. The stabilization that we observe is consistent with previous
simulations of mutants of the insulin dimer which indicate that water can mediate § sheet
interactions by forming hydrogen bonds that bridge between residues [134]. The existence
of this shoulder is also consistent with states involved in the dewetting transition seen in
ref. 92, in which the center-of-mass separation of the monomers is 2 nm and there are a few
water molecules at the interface.

However, when the « helices are in a near-native distance (@ < 1.0 nm), the solvation
of the hydrophobic core occurs after the loss of the interfacial S sheet. In this case, the
protein-protein hydrogen bonds are broken when 8 = 0.65 nm (white contour in the right
panel of Figure 2.7A) but the hydrophobic core residues do not become significantly solvated
until the 3 strands are even further separated, at approximately 8 = 0.9 nm (middle panel
of Figure 2.7A). This occurs within a low-free-energy trough of the PMF; in other words, the
PMF only rises sharply as the core is solvated, not with the loss of hydrogen bonds. Evidence
of these dynamics are further seen in the simulated IR results presented later, in which the
peak absorption/emission doublet is red shifted with only a minimal loss in intensity.

As mentioned in the introduction, Chen and coworkers found evidence for a partially-
solvated intermediate with dimer-like secondary structure, implying conserved interfacial 3
sheet character [91]. Although we find no distinct free energy basin that obviously corre-
sponds to this intermediate, the initial partially solvated structures we observe along the «
path are consistent with these data, as the interfacial  sheet is conserved. However, even
with the loss of the g sheet along the § path, our simulations do not rule out the possibility
of structures along the  path also being consistent with the X-ray scattering data. Specifi-

cally, the experimental data were collected at 316 K and 0.27 M DCI (pH ~ 0) in a solution
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of ethanol and water, while our simulations are for 303.15 K and pH 7 with only water as
the solvent. Previous computational work suggests that ethanol appears to facilitate partial
solvation of the f§ interface [3], so further simulations are needed to definitively interpret

these T-jump X-ray scattering experiments.

The B-chain C-terminal segment detaches along the a path but not the S path.
As noted above, there is extensive evidence that the B-chain C-terminal segment must detach
from the B-chain « helix for insulin to bind its receptor.[53, 83, 90, 139, 140]. Detachment
and partial unfolding have also been invoked to explain the diagonal elongation of features
in equilibrium 2D infrared spectra of insulin at elevated temperatures [57]. Whether detach-
ment and partial unfolding occurs during dissociation remains an open question.

These considerations, combined with the known partial disorder of the § turn and the
B-chain C-terminal segment in the insulin monomer [57, 87-89], motivated our definition
of two average angles to study intramonomeric unfolding during dimer dissociation: W,
which measures detachment of the B-chain C-terminal segment from the B-chain « helix,
and W, which characterizes the disorder of the 3 turn. Results for W; are discussed in the
Supplemental Information (Supplemental Figure 2.19); here we focus on W;. ¥, is the angle
between the C,, atoms of Arngz7 PheB?4 and Tyer26 (Supplemental Figure 2.20), measured
for each monomeric unit and then averaged. W,; = 180° indicates an attached structure,
because a flat 3 strand tucks against the B-chain a helix. In contrast, ¥; = 90° indicates a
structure that is almost completely detached, with the B-chain C-terminal segment bent away
from the « helix. This detachment is also coupled to the solvation of GlyAl—ValA3, which
are involved in binding to the insulin receptor [55] (Supplemental Figure 2.21). Examples of
monomeric structures with attached and detached B-chain C-terminal segments are shown
in Figure 2.8A. Figure 2.8B shows the full dimer view of the same detached intermediate
with W; = 140° to illustrate how the detachment of the C-terminal segment allows for the

/
B28_71aB30 and TyrB 16 the same nonnative interaction shown

36

nonnative interaction of Pro



in Figure 2.6C.
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Figure 2.8: Characterizing detachment. (A) A representative monomeric structure contrast-
ing attached and detached B-chain C-terminal segments. (B) Structural depiction of how the
detachment of the B-chain C-terminal segment allows for continued nonnative interactions
between ProB28-AlaB30 and TyrBllG. (C) (Left) Average of ¥ as a function of @ and 3 with
black contour lines shown every 5°. (Middle) Number of native non-hydrogen atom native
interfacial contacts and (right) non-hydrogen atom nonnative interfacial contacts (cutoff 7
A), with contour lines shown every 200 contacts. On all graphs, the o (black) and 3 (red)
paths are shown, as is the location of structure 2a: shown in (B).

The average value of ¥ as a function of @ and 3 is plotted in the left panel of Figure 2.8C.
The dimer state corresponds to W,y = 172°, consistent with the 3 strand being attached.
W, decreases significantly along the a path; the latter half of the path (@ > 1.5nm) consists
mainly of structures in which the B-chain C-terminal segment is detached (¥, < 165°). This
behavior contrasts with the 8 path, in which the minimum value of ¥, is ¥; = 167° (we
neglect the low values of W, in the lower right corner of Figure 2.8C because that region is
very high in free energy; see Figure 2.5). Overall, while we observe some detachment along
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the 8 path, it is much more pronounced along the a path. It is also worth noting that
in the monomeric region identified earlier (8 > 2.0 nm and @ > 2.2 nm) the detachment
is less pronounced than at intermediate stages of the a path. However, the monomeric
region has more variability in detachment angle than in the dimeric region, consistent with
previous results showing a limited amount of disorder in the C-terminal segment of the B
chain [57, 87-89].

Along the S path, instead of unfolding, the 3 sheets separate and the monomers drift
away from one another, forming a diverse set of non-specific, nonnative interfacial contacts,
as in structure 23 in Figure 2.5. The numbers of native and nonnative interfacial contacts
are plotted in the center and right panels of Figure 2.8C, respectively. Along the § path
(red), the native contacts are almost completely broken as 3 > 1.0 nm, although a limited
number of nonnative contacts persist as the dissociation proceeds further. Similarly, along
the v path (black), we also see the formation of nonnative contacts coupled to the breaking
of native contacts, consistent with the side-chain interactions discussed previously (Figure
2.8B).

Finally, we note that T-jump 2D amide-I IR spectroscopy experiments in 20% ethanol
indicated two contributions to the dimer dissociation process: melting of the dimer 5 sheet
observed between 250-1000 us, and a 5-150 us process that was assigned to « helix disordering
[58]. These timescales thus suggest that unfolding occurs before the loss of the interfacial 3
sheet. In our (aqueous) simulations, we do not observe any loss of « helix content, although
it may be possible that helix rotation could give rise to such a signal. Instead, the unfolding
that we observe is restricted to detachment of the B-chain C-terminal 3 strand and disorder
of the 5 turn (see Supplemental Figure 2.19), which primarily occurs along the « path.
Furthermore, the detachment along the o path (following the black path in the left panel of
Figure 2.8C) starts to occur before the loss of the interfacial 5 sheet (right panel of Figure

2.7A). The a path, which exhibits monomeric unfolding in the form of C-terminal detachment
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Figure 2.9: A schematic representation of the pathways of insulin dimer dissocia-

tion/association, oriented as in Figure 2.5, and labeled to describe the limiting behaviors
of coupled folding and binding. The « path is depicted by the black solid double arrows,
and the 3 path is depicted by the red solid double arrows. Intermediate paths, shown by
the dashed double arrows, are colored as in Supplemental Figure 2.11.

while maintaining dimer-like secondary structure, is thus consistent with the T-jump data
gathered by Tokmakoff and coworkers [58]. Moreover, this detached state also corresponds
to an increase in molecular volume of between 0.6 and 0.8 nm?, which is consistent with
the evidence from Chen and coworkers for a second intermediate that corresponds to a large

increase in molecular volume while maintaining secondary structure [91].

The o and B path correspond to induced fit and conformational selection. In
this section, we connect the intramonomeric detachment and core solvation with the inter-
monomeric rotations discussed earlier to characterize the various mechanisms of the insulin
dimer dissociation, making explicit comparisons to the induced fit and conformational selec-
tion models of coupled folding and binding. A summary is shown in Figure 2.9.

The « path, as mentioned before, initially consists of rotations at both the o and [

interfaces (Figure 2.6A); the alpha helices twist away from each other, forming nonnative
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contacts between SerB%:SerB? and ProB28-A1aB30: Ty B'16 (Figure 2.6C). This initial « helix
separation and rotation increases the SASA of the hydrophobic core by ~1.5 nm?2, while
further « helix separation (between @ = 1.0 nm and @ = 1.35 nm) leads to very little
additional core solvation (Figure 2.7A). This solvation correlates with the free energy along
the o path, which also sharply increases until @ = 1.0 nm, where it levels off around 8
kecal/mol until @ = 1.35 nm (Figure 2.5). There is then another free energy barrier of 2
kcal/mol when @ € [1.35,2.0] nm, which correlates well with the 5 sheet starting to detach
from the core (Figure 2.8C). This detachment, while partially maintaining the nonnative

, . .
B28_A1aB30.Ty1B16  sacrifices native contacts and exposes GlyAl—

interactions between Pro
Val®3 to the solvent (Supplemental Figure 2.21). The last barrier of 4 kcal/mol correlates
to the breaking of the interfacial S sheet hydrogen bonds and the subsequent separation of
the £ strands. Structurally this final step is heterogeneous, involving varying amounts of
detachment, rotation, and sliding of the § strands as /3 increases.

In terms of the association process, the a path corresponds to the induced fit model of
coupled folding and binding. Following the black trace in Figure 2.8C from monomer to
dimer (top right to bottom left), association is initiated by the B-chain C-terminal strands
detaching and encountering one another. The [ interface becomes structured; then, the «
helices are recruited into the interface, leading to a dimer-like structure. The monomers only
adopt their structures in the dimer upon association.

The 8 path first couples the initial separation of the § strands to their rotation (Figure
2.6A). This correlates to the sudden increase in free energy from 0 to 14 kcal/mol as j3
increases from 0.5 to 1.2 nm. The subsequent steps of the dissociation correspond to the two
monomers, with conformations similar to the ones found in the dimer, drifting away from one
another. Specifically, as the dissociation proceeds, a diverse set of nonnative interfaces are

formed that are structurally close to the native interface, but involve minimal detachment

of the B-chain C-terminal segment (Figure 2.8C). This is consistent with the relatively flat
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free energy trace when 3 > 1.2 nm (Supplemental Figure 2.13), as all of these near-native,
folded structures are similar in terms of solvation and protein-protein interactions.

In terms of the association process, the 5 path corresponds to the conformational selection
model of coupled folding and binding. Following the red trace in Figure 2.8C from monomer
to dimer, the monomers first adopt structures like those in the dimer, with attached B-
chain C-terminal segments; they then approach one another, forming a variety of nonnative
interfacial contacts that eventually collapse to the dimer-like set of native contacts. We note
that the § path is consistent with the unbiased association trajectories simulated by Shaw
and coworkers, who found that insulin dimer association is characterized by monomers,
largely folded into their conformations in the dimer, forming near-native interfaces that
eventually collapse to the native dimer interface [10]. Additionally, to remind the reader, the
free energy profile, interfacial rotations, and monomeric unfolding observed along the o path
are all consistent with the free energy minimum path discussed by Bagchi and coworkers [2].

As mentioned previously, the o and [ paths are limiting mechanisms from a broader
ensemble of pathways (Supplemental Figure 2.11), a few of which are shown schematically
in Figure 2.9. A variety of intermediate pathways are thus possible, and our data suggest
that these pathways combine the behaviors observed along the limiting paths. For example,
the green path in Figure 2.9 initially exhibits a partial separation and solvation of the
interface, but then otherwise exhibits behaviors similar to the those found along the « path.
Specifically, the a helices twist away from one another, the B chain C-terminal strands
detach from the nearby « helices and only then fully separate. All this occurs with a partially
solvated 3 interface. As mentioned in a previous section, both partially solvated and partially
unfolded species along this path are consistent with previous experimental studies [58, 91].
In contrast, the pink path in Figure 2.9 initially follows the a path, then switches to exhibit
behaviors more characteristic of the g path. The « helices partially twist away from one

another, and then the B chain C-terminal strands separate while still attached to the «
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helices. This intermediate path is itself consistent with the biased association trajectories
from Shaw and coworkers [10]. These trajectories primarily exhibit interfacial rotations
and nonnative interactions (namely, SerB9:SerB/9) similar to the « path, but notably lack
any substantial B-chain C-terminal detachment. Thus, the collective variables we identified
enabled us to obtain an ensemble of paths that encompass the diversity seen in previous

studies [2, 10, 58, 91].

Simulations enable determination of optimal isotopic labeling sites for infrared
spectroscopy. Even though the o and [ paths are only limiting cases, most of the paths in
Supplemental Figure 2.11 initially follow one of these limiting paths. As discussed previously,
the initial steps along the o and 3 paths correspond to solvation of the o and 3 interfaces,
respectively. In particular, the « path consists first of the solvation of the « interface,
followed by the solvation of the [ interface; the § path reverses this ordering. Thus, these
simulation results can be further investigated by experimental techniques that can resolve
residue-level solvation.

Fourier-transform (FT) and two-dimensional (2D) amide-I infrared (IR) spectroscopies
are useful for studying protein secondary structure and solvation because they are sensitive
probes of the hydrogen bonding of the carbonyl groups in protein backbones. In particular,
one typical hydrogen bond to an amide carbonyl causes a redshift of about 16 cm ™! [124].
This means the location of the carbonyl stretch is sensitive to the number and strength
of hydrogen bonds made by the backbone carbonyls, which includes hydrogen bonds asso-
ciated with both secondary structure and protein-solvent interactions. Moreover, one can
isotopically label specific amide carbonyl groups with 13C180, redshifting their vibrations
by 65 cm ™! to isolate them from the other amide vibrations. Both 2D and 1D IR spectra
can be generated through molecular modeling, effectively “mapping” the classical variables
from molecular trajectories into a quantum-mechanical Hamiltonian (see ref. 124 for further

review of 2DIR methods and their simulation).
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These simulated spectra have been used to interpret both equilibrium and T-jump mea-
surements of protein folding [141]. Furthermore, recent spectral simulation work from
Meuwly and coworkers has shown that isotope labeled spectra for both the insulin dimer and
monomer are qualitatively sensitive to the number of waters hydrating the labeled backbone
carbonyl group [142]. They note, however, that no one structural feature is particularly
strongly correlated to spectroscopic behavior, which is instead sensitive to the rapidly fluc-
tuating environment around each backbone oscillator. When considering how best to exper-
imentally probe the dynamics of the dissociation, it is thus difficult to a prior: suggest the
best sites to label. In previous sections, we discussed our results in the context of previous
equilibrium [57] and T-jump [58] experiments of unlabeled insulin. Below, we combine our
umbrella sampling results with additional simulations of IR spectra to propose new sites for
isotopic labeling, with a view toward achieving residue-specific characterization of the dimer
dissociation mechanism.

We expected the most promising sites for isotopic labeling to be at the dimer interface,
as the participating residues exhibit large changes in SASA upon dissociation (Figure 2.7).
Owing to the computational cost of 2DIR simulations, we first simulated FTIR spectra along
both limiting paths for all possible constructs with a single interfacial residue isotopically
labeled (between SerBY and AlaBSO). This process, summarized in the Supplemental In-
formation (see Supplemental Figure 2.12), revealed that the isotopic labels that produce
simulated spectra most sensitive to solvation are those on the residues in the previously
identified hydrophobic core. For clarity, we focus on two specific residues: PheB24, at the

B13, at the « interface. A construct with the former label was studied in

interface, and Glu
refs. 142 and 126, while, to the best of our knowledge, a construct with the latter label was
not previously synthesized. For each label, we identify and simulate 2DIR for three states:

the dimeric state, the monomeric state, and the solvated state (Figure 2.10). The solvated

states for the PheP24 and GluB13 labels represent partially dissociated species with solvated
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Figure 2.10: Simulated IR spectra for selected isotopically labeled constructs. (A) Dimeric
structure showing the PheB24 side chain, which was isotopically labeled on its backbone
carbonyl. (B) Simulated 2DIR spectra of the PheP24-labeled dimer (left), solvated species
(middle), and monomer (right). Intensities are normalized using the peak intensity of the
dimer spectrum, with the contours spaced by 7.5%. (C & D) Similar structures/spectra,
but for the GluB3 -labeled insulin. In both cases, the spectra for the solvated species were
generated from structures along both the o and 8 paths.

[ and « interfaces, respectively. The process of defining these solvated states is described in
the Supplemental Information (Supplemental Figure 2.12).

For insulin labeled at PheB24 (at the g interface, shown in Figure 2.10A), there is a strong
peak at 1595 cm~ 1 in the dimer spectrum. This feature decreases in intensity, becomes

redshifted to 1582 cm™!, and broadens significantly along the diagonal as the carbonyl
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group of PheB24 becomes solvated (Figure 2.10B), consistent with previous measurements
on the monomer [126]. Microscopically, we interpret the changes to reflect the hydrogen bond
between PheP24 and TyrB/26 breaking and the backbone becoming solvated. This behavior
was observed once 8 > 0.9 nm along both the o and 3 paths (Supplemental Figure 2.12),
suggesting that 2DIR experiments using this label should serve as a probe for the solvation
of the [ interface regardless of the dissociation mechanism. For most regions of the collective
variable space, the redshifting and broadening of the peak occur together, but along the
path at § € [0.75,0.9] nm, the redshifting precedes the broadening. This corresponds to
the interfacial hydrogen bonds breaking prior to solvation of the PheB24 backbone carbonyl

(Figure 2.7). Similarly, for insulin labeled at GluB!3 (

at the « interface, shown in Figure
2.10C), we see a peak at 1595 em ™!, and it becomes redshifted to 1579 cm ™1 and broadens
along the diagonal as the site containing the label becomes solvated (Figure 2.10D). Again,
this behavior was observed along both the a and the § paths (Supplemental Figure 2.12).
By using temperature-jump IR spectroscopy and singular value decomposition as in ref.
58, one can decompose the time series of IR spectra into time-dependent weights of specific
spectral components that correlate with molecular features. Our results show that the pri-
mary protein component for isotope-labeled spectra would correspond to interfacial solvation
of the labeled residue. By measuring the contribution of this component to the overall spec-
tra as a function of time, one can determine the characteristic timescale(s) of solvation for

the labeled residue. Thus, by using a construct with the GluB13

isotopic label in a T-jump
IR experiment, one should be able to determine a distribution of timescales for « interface
solvation by monitoring the relative contribution of the corresponding spectral component.
Similarly, one can separately use T-jump IR measurements on a construct with the PheB24
isotope label to measure the distribution of timescales for /3 interface solvation. By compar-
ing these two distributions, one could determine the order of events during dissociation and

in turn if one limiting mechanism or the other predominates; broad, temporally-overlapping

45



distributions for « helix and 3 sheet interfacial solvations would be consistent with the di-
verse ensemble of energetically similar paths we see here. However, slight differences in these
distributions could provide insights into preferred pathways, or one particular mechanism

could dominate due to kinetic effects not explicitly considered by our simulations.

2.4 Conclusions

A key step in insulin function is its dissociation from dimer to monomer form, and an under-
standing of this process can aid in design of molecular analogs with desired properties. The
practical importance of understanding insulin dimer dissociation has in turn made this sys-
tem a paradigm for study of complex molecular recognition reactions. Here, we assembled a
computational pipeline of methods for the study of complex molecular dynamics and applied
it to understanding how the insulin dimer dissociates. This pipeline enabled us to identify
collective variables that could promote dissociation with a minimum of monomeric unfold-
ing. The resulting simulations revealed a previously unappreciated diversity of dissociation
pathways with comparable free energy barriers. The limiting pathways, in which either the
interfacial a helices separate and are solvated first (the o path) or the interfacial § strands
separate and are solvated first (the 8 path), correspond to induced fit and conformational
selection mechanisms when considering them from the perspective of association. The sim-
ilarities in barrier heights for qualitatively different pathways makes clear the importance
of achieving chemical precision in the simulations, and an error estimator that we recently
introduced allowed us to do so efficiently.

Along the two limiting pathways, the elements at the dimer interface rotate relative to
each other as the monomers come apart. Along the energetically preferred o path, the
rotation allows the formation of nonnative interactions involving residues on the interfacial
« helices; this enables the C-terminal segment of insulin B chain to detach from the nearby

interfacial a helix, thereby coupling monomeric unfolding to unbinding. No such unfolding
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is observed along the g path. The diversity of paths that we observe encompasses paths
previously observed in simulation studies [2, 10]; in this sense, our work reconciles seemingly
discordant results in the literature.

Molecular simulations can guide the design and interpretation of experiments. The path-
ways that we observe provide a microscopic picture of a partially unfolded intermediate with
conserved secondary structure previously suggested by T-jump experiments, though differ-
ences in conditions between the simulations and experiments make this picture tentative.
With a view towards obtaining additional experimental constraints on the mechanism, we
use the simulations to test possible sites for isotopic labeling for IR spectroscopy experi-
ments. We predict that two sites in particular, PheP24 and GluB13, should enable sensitive
characterization of the solvation of the interfacial a helices and ( strands. Our results thus
provide insight into how to pursue the next generation of experiments to achieve residue-level

resolution of the dissociation mechanism.

2.5 Supplementary Material

EMUS Asymptotic Error With Replica Exchange. To derive the expression for
asymptotic variances of averages given REUS data, we follow the following procedure. The

notation corresponds to that in ref. 93.
Assumption 2.5.1. We assume:

1. Sampling over all windows is performed by a single Markov chain = whose state space

1s L copies of the molecular phase space.

2. A central limit theorem holds for the convergence of each sample average v estimated
i EMUS to its true value v, with asymptotic covariance matriz . The entries in this

matrix are given by

5= o / R (X (Xo)] dt. (2.6)

2 )
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3. The biasing functions i; are chosen so that F' is irreducible.

Note that if we sort the averages v by the window in which the average was calculated,
then unlike in ref. 93, the matrix X is not block diagonal. Rather it has nonzero off-diagonal

blocks:
Y11 | Y12

L= | Y91 | By

Under these assumptions, we can still apply Lemma VIL.2 in ref. 93 to derive a central limit

theorem for EMUS with replica exchange.

Theorem 2.5.2. As in ref. 93, let B be a quantity of interest and dB/dv be the partial

derivative of B with respect to each sampled average. Under the assumptions above,

VN (B (1) - B (1)) 5 N(0,0%), 2.7)
where
oBT _0B
2
- w__ 2.
7 T “on (2:8)
To estimate o2 using sampled data, we write
0B_ 0B
2
_ .. 2.
7 — 0v; Y 817j ( 9>
2,7
oB [*° 0B
= — E (v;(X¢)v;(Xg)| dt—
S5 [ Bl )] arge
2y,
& 0B 0B

This is the the integrated covariance of the trajectory ) %vi(Xt).
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C-terminal detachment is correlated with solvation of the A-chain N-terminal
segment and formation of nonnative contacts. The detachment of the C-terminal
segment of the B chain (Figure 2.20), discussed extensively in the main text, is also correlated
with the increase in SASA of Gly*-Val®3 (Figure 2.21). Gly*1-Val®3 are residues that are

B28_A14B30

in contact with Pro in the dimer, and these contacts are sacrificed as detachment

occurs along the o path. This is consistent with the known binding behavior of the insulin

Al ya]43 residues are thought to form part of

monomer to the insulin receptor, as these Gly
the binding interface [143, 144] and are not in contact with ProP?8-AlaP30 when bound to
the receptor [139, 145].

Beyond the loss of contacts between ProB28-AlaB30 and GlyAl—ValA?’ along the a path,
one can also characterize the number of contacts that the B-chain C-terminal segment makes
with other residues. A subset of these are shown in Figure 2.15. Namely, from the left panels,
one sees that along the o path (black), the native contacts of ProB28_AlaB30 with GlyB/20—
GlyBlQ?’ and GlyAl—Va1A3 are lost. The rotation of the interface associated with both the «
and S paths moves the B-chain C-terminal segment away from these both GlyB/QO—GlyB,Q?’
and GlyAl—ValA3.

The right plots, on the other hand, show that some specific nonnative interactions are
formed along the « path, but not along the [ path. Along the a path, the B-chain C-
terminal segment starts to interact with the TyrB/16 on the « helix of the other monomer
when @ ~ 1.15 nm. In the same region, SerB9 and SerBlg, serines on opposite interfacial
helices, start to interact and form a nonnative contact. Interestingly, comparing this to
the core SASA shown in the main text Figure 2.7A, one sees that the core SASA increases
sharply after the SerBY residues lose contact with one another, around @ ~ 1.35 nm. This
is also the area where significant detachment starts to occur along the v path. It is possible

that the combination of the interfacial rotations and detachment exposes the hydrophobic

core of the dimer.

49



Relation to available insulin therapeutics. To replicate the biphasic activity of insulin
in vivo, both fast-acting and slow-acting insulin therapeutics have been developed. Two of
the most common fast acting therapeutics, lispro (PIOB28LySB29 — LysB28ProB29, Humalog
[146)) and aspart (ProB?® — AspP28, NovoLog [66]) involve mutation of C-terminal residues
of the B chain to destabilize the dimer and favor the monomer. This presumably allows for
more rapid and reliable uptake of glucose after injection, as the monomer is the species that
binds to the receptor. These mutations have been hypothesized to reduce the interaction of
ProB28-A1aB30 of one monomer with the 8 turn of the other monomer (GlyBlQO-GlyB/%),
either through reduced van der Waals attractive forces (lispro and aspart) or the addition of
a repulsive electrostatic interaction (aspart) [51]. To the best of our knowledge, no computa-
tional work has yet been done to explore these hypotheses as they relate to the mechanism of
dissociation. In the previous section, it was described how, along both pathways, the native
contacts between ProP28-AlaB30 and both G‘rlyB/QO—GlyB,23 and GlyAl-ValA?’ are broken.
It has been suggested [51, 146] that one or both of the therapeutic mutations could re-
duce the energetic penalty for breaking these native contacts, specifically the contacts with
GlyBlQO-GlyB/%. To explicitly investigate this in our simulations of wildtype insulin, the
sum of interaction energies of ProB28-A1aB30 and both GlyBl?O—GlyBQ?’ and GlyAl—ValA?’

was computed (Figure 2.16).

£ turn angle and disorder of the [ turn also varies between dissociation path.
We defined the 8 turn angle, ®;, as the angle between the geometrical centers of the back-
bone atoms in GluB!3 | GlyBQO7 and PhePB?? to characterize the 8 turn. A larger £ turn
angle corresponds to a wider turn. We also calculated the RMSD of the £ turn from its
conformation in the dimer by fitting the conserved « helix of the B chain to each monomeric
unit, then measuring the RMSD to the solvated crystal structure. The average of both the
[ turn angle and the RMSD are shown in Figure 2.19.

The £ turn angle increases initially and is much wider along the o path than along the £
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path. The RMSD also increases as the « helices separate. This increase in RMSD happens
before the (8 sheets are broken for the a path, and after the 3 sheets are broken for the 3
path. The different trends in S turn angle and RMSD between paths suggest that these
residues on the § turn might be useful candidates for isotopic labeling for 2DIR experiments

aimed at distinguishing dissociation pathways.

FTIR to identify labels and solvated species. Here we describe our simulations of
FTIR spectra to map the effects of isotopic labels with considerably less computational cost
than simulations of 2DIR spectra. As noted in the main text, we computed 50 such spectra
along each of the two limiting paths, and each was converted into a difference spectrum by
subtracting the unlabeled insulin spectrum at that point along the path from the labeled
spectrum. The intensities of these difference spectra were converted into a colormap, with
orange being a positive change, and blue being a negative change. This allows one to see
the peaks associated specifically with the isotope label. These were then stacked and viewed
as a function of path progress along both the o and S paths. Thus, when a red feature
shifts to a lower frequency, this corresponds to a redshift in the simulated labeled spectra.
These series of spectra, for the PheB24 and GluPB13 isotope-labeled insulins, are shown in
Figure 2.12. We simulated all possible constructs with a single interfacial residue isotopically
labeled (between SerB? and AlaP30). The labels on our identified o and 3 contacts showed
the most significant redshifts; of these PheB24 and GluB!3 exemplified these effects.

From these spectra, we identified the ranges of path progress where the redshift (and
correlated loss in intensity) first occurs, presumably due to either solvation or change in
local secondary structure. These areas are marked areas in Figure 2.12. The left panels show
the SASA of the backbone carbonyl group associated with the isotopically labeled residue
(either PheP?4 or GluB13 ). One sees that these marked regions begin once the SASAs for
the corresponding backbone carbonyl groups increase from the dimer (with SASAs near 0)

to 60% of the monomeric average. One can thus conclude that the redshifting and peak
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broadening in these FTIR spectra correlates with the solvation of the backbone.
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Table 2.1: Types and descriptions of contacts with high differential SASA between dimer
and monomer, with primes indicating intermonomer interactions.

Class Residue Pairs Description

B Contacts PheBM:TyrB,%7 PheB24 and TyrP26 form hydrogen bonds
PheB25.PheB'25. at the § sheet interface side chains make
TyrBQG:pheB'M up part of the hydrophobic core of the

dimer. PheP?5 is also part of the 3 sheet,
but its side chain is not part of the hy-
drophobic core.

a Contacts SengzGluBll?’, SengzTyrB/w, SerBd valBl2 QB3 | TyBI6 are
ValBlQ:TyrB,m, GluB13:SerB9.  residues from the a-helical portion of the
GluB13.GIuB'13. TyrB16:3e:B'9 B chain that are at least partially buried
TyrBlG:ValB, 12 in the dimer. ValB!2 and Tyer16 are part

of the hydrophobic core.

Cross ValB 12:PheB/24, Buried residues across the dimer interface
Contacts TyrB16, Ty B'26. that pair o helices with 3 strands and vice
Phe]324:\/a1]3/127 versa.

TyI’B26 :TyrB/lﬁ

Intermittent ValBlzzGluB/B, ThrB27 and ProP2?® are relatively disor-

Contacts GluBlS:ValB/m, dered residues adjacent to the S-sheet that
GluBlePrOBIQS, form intermittent contacts with # turn
GlyB23:ThrB/27, residues GluP2! and GlyB23. valB12 and
ThyB27 :GlyB/ 23 GIuB!3 are on the interfacial o helices and
ProB28.B'21 also only interact intermittently.

Internal ValBlQ:TyrB%, GluB13:PheB2 Internal contacts within a monomer.

Contacts
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Figure 2.11:  Using the string method to confirm stability of dissociation paths. (Left)
Minimum free energy paths identified by using the LFEP algorithm from ref. 1. All the
paths shown have a maximum free energetic barrier within 4 kT of the others. These
paths were used as initializations for the string method. (Right) The converged strings after
further refinement with the string method. Comparing with the left panel, the orange path
has collapsed to the o path, and the purple and brown paths have shifted slightly from their
initial positions. Note that while the purple path, which represents the g path, has shifted
slightly in CV space, this does not affect the molecular trends discussed in the main text.
Overall, the stability of these paths provides evidence that the averaging reducing the 10
interfacial distance dimensions to 8 and @ does not sacrifice mechanistic information.
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Figure 2.12: Relation between backbone solvation and simulated FTIR spectra. (A) The
backbone carbonyl SASA for PheP?4 with the white contour showing where the SASA
increases to 60% of the monomeric average (contour at 19.7 nm2, monomeric average at 32.8
nm?). The two PheP?4-labeled FTIR plots correspond to simulations along the o (top) and
[ paths (bottom), with the y-axis being the path progress, or the fractional distance along
each specific path. Each value of y corresponds to one FTIR simulation - a FTIR spectra
was generated by combining 20 simulations started from a point at that specific value of path
progress, and a difference was taken between that isotope-labeled simulated spectrum and
the corresponding unlabeled simulated spectrum. 50 such difference spectra were created,
and stacked such that the color represents the intensity of the difference. For each path, the
spectra that first demonstrated the expected redshift were identified, and then those areas of
path space were selected as the solvated species for future study (orange boxes on the SASA
graph). (B) Similar graphs for the GIuB!3 _labeled insulin, showing the backbone carbonyl
SASA for GluP13 | The contour is again shown where the SASA increases to 60% of the
monomeric average (contour at 4.1 nm?, monomeric average of 6.8 nm2).
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Figure 2.14: Structures representing the dimer (top), initial steps along the o path (middle),
and initial steps along the 5 path (bottom), with lines superimposed to show the interfacial
pseudodihedral angles, ®5 (green) and @4 (purple). For these lines, a darker color in the
side projection means the residues are in front while a lighter color means they are behind.
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Figure 2.15:  Averages of the number of native (left) and nonnative (right) contact pairs,
with the specific pair given by the scale bar labels, as a function of @ and 5. The left plots

show that along the a path, contacts between ProB28_AlaB30 are lost with both GlyB/QO—

GlyB'23 (top) and GlyAl-Val®3 (bottom). The right plots show that along the a path,

B28_ 71,530 B'16

nonnative contacts start to form between Pro and Tyr top), and between

/
SerB? and SerB9.
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Figure 2.16: Average total interaction energies of ProB28-AlaB30 with Gly2l-ValA? (left)

and GlyBI20-GlyB/23 (right). Contour lines shown every 10 kcal /mol. Both of these interac-
tions stabilize the dimer state (lower left corner of both panels).
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Figure 2.17: PMF as a function of the center of mass distance between the two monomers
(Rcops) and number of interfacial Cp, contacts (cutoff 7 A,) the coordinates used by Bagchi
and coworkers in refs. 2 and 3.
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Figure 2.18: Characterizing interfacial hydrogen bonding. (Left) The average number of
protein-protein hydrogen bonds on the beta sheet interface averaged on the PMF, compared
to (middle) the average number of hydrogen bonds between those same residues and water.
The white contour represents when the protein-protein hydrogen bond character drops to
2% of its initial value, while the red contour shows the point where on average 2 hydrogen
bonds have been formed with water on the interface. These contours correlate well in CV
space. On the right is a representative structure showing this solvation, with hydrogen bonds
between the interfacial residues and water shown in green.
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Figure 2.19: Plots showing the behavior of the interfacial 5 turn during the dissociation.
The average 3 turn angle (top) and 3 turn RMSD (bottom) as a function of @ and 3, and
zoomed in to the near-dimer regime on the right. On all graphs, the o and [ paths are
superimposed, as well as the white contour that signifies the solvation of the g interface.
Here, we see the 8 turn angle increasing along the a path but not along the 5 path. Also,
the $ turn RMSD increases before the J sheets are broken along the o path, while this only
occurs after the g sheets are broken for the 5 path.
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Figure 2.20:  Structures showing detachment. (Left) The detached and attached species
overlaid, with the detachment angle explicitly overlaid on top of the structure. (Right) This
same detached structure, but now showing the entire dimeric species.
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Figure 2.21: Detachment is correlated with solvation of the N-terminal segment of the A
chain. (A) Averages of the detachment angle W ;(left), percentage of native contacts between
ProB28-A1aB30 and the nearby « helix of the same monomer (middle), and the SASA for
GlyAl—Va,lA3 of the same monomer. The similarity between the left and middle plots suggests
that the detachment angle is an effective measure of the C-terminal segment moving away
from the « helix it is normally tucked against in the native monomeric unit. Furthermore,
the similarity to the rightmost plot shows that the solvation of GlyAl-ValA3 is correlated to
the large detachment of the B chain ’s C-terminal segment in the same monomeric unit. (B)
Structures showing how the detachment is coupled to the solvation of GlyAl—ValA?’.
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CHAPTER 3
KINETICS OF PHENOL ESCAPE FROM THE INSULIN Ry
HEXAMER

This chapter was published under this title as Adam Antoszewski, Chatipat Lorpaiboon,
John Strahan, and Aaron R. Dinner, J. Phys. Chem. B, 125(42), 11637-11649, 2021. [147]

Abstract

Therapeutic preparations of insulin often contain phenolic molecules, which can impact both
pharmacokinetics and shelf life. Thus understanding the interactions of insulin and phenolic
molecules can aid in designing improved therapeutics. In this study, we use molecular dy-
namics to investigate phenol release from the insulin hexamer. Leveraging recent advances
in methods for analyzing molecular dynamics data, we expand on existing simulation studies
to identify and quantitatively characterize six phenol binding/unbinding pathways for wild-
type and A10 Ile — Val and B13 Glu — GIn mutant insulins. A number of these pathways
involved large-scale opening of the primary escape channel, suggesting that the hexamer
is much more dynamic than previously appreciated. We show that phenol unbinding is a
multipathway process, with no single pathway representing more than 50% of the reactive
current and all pathways representing at least 10%. We use the mutant simulations to show
how the contributions of specific pathways can be rationally manipulated. Predicting the
net effects of mutations is more challenging because the kinetics depend on all the pathways,

demanding quantitatively accurate simulations and experiments.

3.1 Introduction

The primary therapeutic for diabetes management is the protein hormone insulin. Both the

pharmacokinetics and the shelf life of insulin depend on equilibria between conformational
62



and oligomeric states. Insulin is typically a hexamer in therapeutic formulations, a dimer
in the blood, and a monomer when bound to its receptor [51, 52]; therapeutic formulations
require cold storage and transport to suppress off-pathway equilibria that lead to fibrillation
[61-63]. Much effort is directed toward modulating insulin’s equilibria to achieve therapeutics
with desired properties [64]. For example, the widely used fast-acting diabetes therapeutics
lispro (ProB28 — LysPB28 and LysP29 — ProB?9) [65] and aspart (ProPB2® — AspB28) [66]
destabilize the insulin dimer. In contrast, slow-acting basal insulin analogs like glargine [67]
and detemir [68, 69] function by either decreasing insulin solubility or adsorption in the body
[70]. Longer-acting insulin analogs are also being developed [71, 72], but such formulations
are often expensive and complicated. To enable rational design of improved insulin mutants
and analogs, better understanding of insulin equilibria at the molecular level is needed.

In the present study, we focus on the insulin hexamer. The hexamer exists in three
conformational states that are designated Tg, T3R3, and Rg for the contributing monomer

conformational states [148-150]. Each monomer consists of a 21-amino acid A chain joined

AT_(1ysBT A20_

to a 30-amino acid B chain by two interchain disulfide bonds (Cys and Cys
CysB9). Each A chain contains an intrachain disulfide bond (CysA0-Cys®11) and two «
helices: GlyAl - Ser® and Leu®! - Asn®2!. Each B chain has a single « helix, and this
secondary structure element differs in length depending on whether the monomer is in the T
or R state. It spans SerBY - CysB19 in the T state and PheB! - CySB19 in the R state [151].
The hexamer can be viewed as a trimer of dimers, with the dimer interface made up of the
B-chain « helix and an anti-parallel 5 sheet (PheB24—TyrB26) from each monomer.

The Tg and Rg states of the hexamer have markedly different dissociation kinetics. The
Tg state dominates under physiological conditions [52] and dissociates to dimers in minutes
[152]. By contrast, the lifetime of the Rg state is hours to days [152]. Therapeutic formula-

tions often contain phenol because it prolongs their shelf lives by shifting the equilibrium to

Rg [60], which presumably suppresses dissociation and in turn off-pathway equilibria. The
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phenol binds in pockets that are formed in Rg between the A chains of one insulin dimer
and the GlyB! - GlyB® segments from an adjacent dimer [148]. The X-ray crystal structure
of the phenol-bound human insulin Rg hexamer (PDB ID 1ZNJ) [153] suggests that when
bound, each phenol forms two hydrogen bonds, one with the backbone carbonyl oxygen of
CysA6 and one with the backbone amide NH of CysAH, and interacts with His"®, among

other residues in the binding pocket (Figure 3.1). [148, 154]. These pockets are absent from

C

Figure 3.1: The solvated and equilibrated crystal structure for the Rg insulin hexamer. (A)
The full hexamer, with phenols being shown in magenta/pink. The protein is colored to
correspond with the other panels. (B) The cyan protein chains from (A), labelled as chains
A, B, F, G, and H. For a full description of the protein nomenclature, see the Supplemental
Information. Sidechains are shown that define the phenolic binding pocket. Some specific
sidechains are highlighted as follows: Ile*10 and His" (green), Leu®® and LeuM!7 (black),
TeA2 and TyrAY (yellow), CysA0 and Cys®! (orange), and PheP2® (brown). Other residues
involved in the binding pocket and escape pathways are shown in white. We omit hydrogens
for clarity. (C) The configuration in (B) represented to show the two hydrogen bonds formed
by the -OH in the phenol, one with the backbone carbonyl oxygen of CysA6 and one with
the backbone amide NH of CysAll.

Compared to the hexamer dissociation timescales, the phenol unbinding timescale is
relatively fast. Existing NMR data suggest that phenol unbinding and rebinding occur on
the sub-millisecond timescale [155]. This fast equilibrium is somewhat surprising, as the
Rg binding pockets bury the phenols nearly completely [148, 156]. In this case, the crystal
structure is not sufficient to predict the timescales of phenol escape, and we must consider

the dynamics of the protein.
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NMR data indicate that Ile?19 serves as an essential “gatekeeper” residue, whose flexibil-
ity is required for the binding/unbinding of phenolic ligands [155]. Two subsequent molecular
dynamics studies in which external forces were used to accelerate phenol escape [157, 158]
identified three pathways for unbinding. Abrams and Vashisth [158] call these pathways
PW1, PW2, and PW3, and we use this nomenclature throughout our paper. PW1 is a gate-
pushing mechanism, where the phenol pushes through the gatekeeper residues NeM0 and
Hist (green in Figure 3.1). By contrast, PW2 is as a gate-hopping mechanism, with the
phenol passing through an existing escape channel between [1e£10 / Hist® and Leu®13 / Leutl?
(black in Figure 3.1). Finally, PW3 is an unrelated pathway, where the phenol moves back
through the A chain and escapes through the A chain and the § sheet dimeric interface,

interacting with Ile®2 and Tyr19 (

yellow in Figure 3.1).

While the pathways in these simulations suggest possible mechanisms of phenol unbind-
ing, applying external forces can significantly bias the dynamics [159]. Consequently, it is
difficult to determine the significance of the pathways and to estimate their kinetics. To
address this issue, here, we exploit recent advances in computational methods for estimating
kinetic statistics from an ensemble of short, unbiased simulations [25, 26] to compute free
energies, escape and rebinding probabilities (commmittors), and reactive currents for phenol
unbinding from the Rg hexamer. By combining these quantities, we are able to characterize
six unbinding pathways quantitatively and determine their relative weights. All pathways
contribute significantly to unbinding/binding rates, highlighting the importance of methods
that naturally account for a diversity of mechanisms [25, 26|, in contrast to traditional rate
theories [160, 161].

In addition to providing quantitative insights, our simulations reveal qualitatively new
dynamics. We observe a large-scale opening of the primary channel for phenol escape and

delineate six pathways for phenol unbinding. Based on our observations, we identify and

model two mutations that we expect to impact the dynamics. We find that one mutation
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(B13 Glu—Gln) encourages phenol unbinding, and the other (A10 Ile—Val) discourages it.
The relative weights of our six pathways are dramatically affected for both mutations, with
the preferred wildtype (WT) pathway becoming sparsely populated for the B13 Glu—Gln
mutation. We thus demonstrate how molecular dynamics simulations can inform the design

of therapeutics with improved properties.

3.2 Methods

System setup. All systems were prepared using CHARMM-GUI, version 3.0 for the wild-
type (WT) simulations, and version 3.2 for the mutant simulations [99, 100, 162]. The crystal
structure for wildtype (WT), phenol-bound human insulin Rg hexamer was retrieved from
the Protein Data Bank (PDB ID 1ZNJ)[153]. All ions (including the two Zn?* ions and two
C1™ ions bound within the hexamer) and 331 crystallographic water molecules were retained.
Six of the seven phenols in the structure were included in the simulations; following the pro-
cedure in ref. 158, the seventh phenol, located adjacent to one of the bound CI™ ions, was
deleted [158]. Missing Thr residues at the C-termini of the six insulin B chains were added,
along with hydrogen atoms. We refer to the A and B chains of the six insulin monomers
as chains A through L, with nomenclature specifics given in the Supplemental Information.
CHARMM parameter files for phenol were generated from the phenol Structure Data File
(SDF) available from the RCSB and the CHARMM General Force Field [163]. Protonation
states were chosen by using the PROPKA3 algorithm [164, 165]. The edited crystal struc-
ture was solvated in a (8.2 nm)? box of TIP3P water [107]. To neutralize the system at a
concentration of 150 mM KCl, 53 KT and 43 C1~ additional ions were added [108]. There

was a total of 51,064 atoms.

Equilibration. All simulations were performed using GROMACS 2019.4 [98] patched with
PLUMED 2.5.3 [118-120], using the CHARMM36m force field [95-97]. Unless otherwise
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noted, simulations were carried out in the isochoric isothermal (NV'T') ensemble at 303.15
K using a Langevin thermostat [101] with a 2 fs timestep and a friction constant of 10 ps™?
applied to all atoms. This friction constant was chosen to be as weak as possible, while still
maintaining the correct temperature, so as to minimally perturb the dynamics. The LINCS
algorithm [102] was used to constrain all bonds to hydrogen. The particle-mesh Ewald
method [103] was used to calculate electrostatic forces, accounting for periodic boundary
conditions, with a cutoff distance of 1.2 nm. The Lennard-Jones interactions were smoothly
switched off from 1.0 to 1.2 nm through the built-in GROMACS force-switch function. We
used VMD [104] for molecular visualization.

To relax each system following its preparation, we used the steepest descent algorithm
to minimize the energy until the maximum force felt by the system was below 1000 kJ/mol
nm. We then equilibrated the system for 100 ps in the NVT ensemble with a 1 fs timestep,
followed by 10 ns in the NPT ensemble at 1 bar using the Parrinello-Rahman barostat [109],
with a 2 fs timestep and time constant of 5.0 ps. For the energy minimization and equili-
bration above, harmonic restraints were used to stabilize the positions of all non-hydrogen
protein atoms. The system was equilibrated further for 1 ns in the NPT ensemble without
position restraints, and the average box size was determined to be (7.96 nm)3. This box
size was used for all further simulations. The system was equilibrated once more without
position restraints for 3 ns in the NV'T ensemble. The resulting equilibrated structure was

used to initialize further simulations as described below.

Comparison of phenols. Although in principle all six phenols are equivalent, in practice
their behaviors may differ owing to asymmetries in the initial structure. To determine if
this was the case, we used Adiabatic-Bias Molecular Dynamics (ABMD) implemented in
PLUMED 2.5.3 [117-120] to drive their dissociation from the WT hexamer. This method
uses a half-harmonic potential, moved in a ratchet-and-pawl like mechanism, to trap natural

fluctuations toward a specific target in collective variable (CV) space. It thus tends to
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bias the dynamics more gently than alternatives. Specifically, we used ABMD because we
previously observed ABMD to successfully drive insulin dimer dissociation without melting
otherwise stable a helices, in contrast to steered molecular dynamics [76].

Our first guesses for CVs to control phenol dissociation were the six distances d,,, where
1 < n < 6 denotes the identity of the phenol being released. Specifically, d,, is the distance
between the geometric center of the non-hydrogen atoms of phenol n and the Zn?* ion bound
closest to it. We biased the six dys independently but simultaneously; since the timing of
events in ABMD simulations depends on the specific fluctuations that occur, this led to
simulations where varying numbers of the phenols dissociated with no externally imposed
order. A total of 276 such simulations were performed (each run for 5 ns with structures
saved every 10 ps): 20 simulations for each of nine equally spaced force constants ranging
from 20 to 28 kJ/(mol nm), inclusive, and 48 simulations for both 29 and 30 kJ/(mol nm).

For these simulations, phenols were considered dissociated if the number of non-hydrogen
atom contacts between them and the protein dropped below five. Phenol 4 was released in all
276 simulations, while phenol 3 was released in only 150/276 simulations. Furthermore, for
the 77 simulations where all phenols were released, phenol 4 was released either first or second
in 74/77 simulations, while phenol 3 was released either fifth or sixth in 42/77 simulations.
This suggested that phenol 4 and phenol 3 are the ligands that are most and least easily
released, respectively. To ensure that our results were not specific to any particular feature
of initial structure, we investigated the release of each of these two phenols following the
procedure described below. However, because we found that the results for them were

nearly identical, we present only those for phenol 4.

Generation of starting structures. To generate starting structures for the unbiased
trajectories used for later analyses, we again used ABMD, this time to explore various
mechanisms of phenol release for a single phenol (phenol 4), as opposed to all six phenols at

once. This time, the bias was placed on just d4. Initially, 120 simulations were performed

68



(each run for 5 ns with structures saved every 5 ps): 30 simulations for each of the four
force constants 12.5, 15.0, 17.5, and 20.0 kJ/(mol nm). Through visual analysis of these
trajectories, three CVs were initially chosen to represent the dominant features observed:
Na1gs Na13, and RMSDp. Najg and Npq3 are the number of non-hydrogen atom contacts

Al0 (green in Figure 3.1) or Leu™? (black in Figure 3.1),

between phenol 4 and either Ile
respectively. RMSDp is the distance root-mean-squared deviation (RMSD) between the «
carbons of residues in the phenolic binding pocket compared to their position in the crystal
structure. The distance RMSD is defined by first calculating the pairwise distances between
all atoms in a selection for a reference structure, then calculating those same distances for
each frame of the simulation, and finally calculating the root mean squared difference of
these pairwise distances. The binding pocket residues, pictured in green, orange, black,
and white in Figure 3.1, were defined to be the residues most often interacting with phenol
both in its crystallographic binding pocket and along the different observed pathways of
dissociation. These 22 binding pocket residues, following the naming convention described
in the Supplemental Information, are as follows: CysA6, SerAg—TyrA14, LeuAlG, GluA17,
HisB0, LeuBll, AlaBM PheFl, val¥2, Hist®, Leut®, Leu®13, TyrGl4, GluGL7, Leutll?,
Val18 and GluM2l. It should be noted that while N A0 and Npq3 proved sufficient to
categorize our initial sampling, we also present analysis based on other contact-based CVs
that we subsequently developed to better capture the unbinding pathways.

When building this ABMD data set, we wanted to fully explore unbinding pathways.
To do this, we wanted multiple trajectories to sample all populated areas in our CV space
of Na10, Na13, and RMSDp. By doing this, not only did we ensure starting structures
that sampled all relevant pathways, but we also decreased the possible correlation between
starting structures for our unbiased simulations. From our initial set of ABMD simulations,

we observed pathways similar to PW1, PW2, and PW3 as identified by Vashisth and Abrams

in ref. 158, although only a handful of trajectories followed PW1, and only one pathway
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followed PW3. To supplement the PW1 data, we ran an extra 30 ABMD simulations, each
of length 5 ns with force constant & = 12.5 kJ/(mol nm), starting from a structure from
a previous ABMD run that ended approximately halfway along PW1. We supplement the
PW3 data later, in the unbiased data set. Furthermore, we saw a number of trajectories
where RMSDp spiked from approximately 0.5 A to approximately 3-4 A. As discussed in the
Results and Discussion, this corresponds to a channel opening mechanism, where two dimers
rotate away from one another, exposing more of the phenol directly to solvent. To sample
this behavior further, we identified two trajectories that led to channel opening but without
phenol release and ran 30 extra ABMD simulations starting from each of these configurations.
Each of these trajectories was 5 ns with a force constant of £ = 12.5 kJ/(mol nm). In total,
we thus supplemented our initial data set with 90 additional ABMD simulations, to create

a data set of 210 ABMD trajectories.

State definitions. To measure binding and unbinding statistics, one needs to define both
the bound and free states. The CVs we used to do this include RMSDp, as previously defined,
and Npw1, Npw4, Nprot, and Ngp, which we define here. Npyw and Npyy4 can be viewed
as extensions of the previously defined Njjg and Npj3, chosen to more fully describe the
unbinding behavior in our simulations. Npyy; is the number of non-hydrogen atom contacts
between phenol and residues IleA19 and His"™ (green in Figure 3.1). Residue His", like
IleAlO, helps to define Pathway 1 as in ref. 158. Similarly, Npwy4 is the number of non-

A13

and Leuf17 (

hydrogen atom contacts between phenol and residues Leu black in Figure
3.1). Residue Leut'!7 along with Leu®!3, helps to define Pathway 4 (PW4), a pathway
similar to but distinct from ones previously characterized that we discuss in Results and
Discussion. Finally, Np,. is the total number of non-hydrogen atom contacts between the
phenol and the protein, while Nyp is the two-step rolling average of the number of hydrogen
bonds between the phenol and both the backbone carbonyl of CysA6 and the backbone amide

nitrogen of CySAH. For this CV, we defined a hydrogen bond as a distance of less than 4 A
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between the non-hydrogen atoms of the donor (D) and acceptor (A) and a D-H-A angle less
than 60° out of line.

The free state is defined so that Npywy < 2, Npw4 < 2, and Npyot < 5. The bound state
is defined by Npyor > 540, Ngp > 1, and 3oy (CV — pcy)?/(200v)? < 1 for CV = Npwy,
Npw4, and RMSDp. Here, pucy and oy represent the average and standard deviation of
the corresponding CV as defined from a 10 ns unbiased simulation. For Npw, Npw4, and
RMSDp, the means were 52.503, 31.924, and 0.0872 A, and the standard deviations were
5.023, 5.264, and 0.0223 A, respectively.

DGA data set. Our goal is to estimate equilibrium and dynamical quantities through
the Dynamical Galerkin Approximation (DGA) [25, 26]. Using this technique, dynamical
statistics like the committor, reactive current, and reaction rate can be calculated from an
ensemble of unbiased trajectories. The essential idea is that we cast quantities of interest
as solutions to operator equations involving this transition operator, the operator that de-
termines the statistics of the dynamics. In general, the solutions are subject to boundary
conditions involving both the bound and free states, defined in the previous section. We
approximate the solutions through a basis expansion, choosing our basis so that it captures
all of the movements important for phenol binding/unbinding. This enables us to represent
the action of the transition operator through its inner products with the basis functions; in
turn, these can be estimated from averages over unbiased trajectories. This approach can
be thought of as an extension of Markov State Models (MSMs) [20, 22, 23, 166, 167] that
directly yields statistics for a specified reaction.

To generate the unbiased trajectories needed for DGA, we first defined a 10 x 10 x 10 grid
in cylindrical coordinates that fully covers the area of CV space sampled by our ABMD data
set (Np19 = rcosf, Na1g = rsinf, and RMSDp). Specifically, r varied between 3 and 50
contacts, 0 varied between 0 and 90°, and z varied between 0.08 and 0.38 A. The structure

from the ABMD data set closest to each of these 1000 grid points was found, leading to 326
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unique structures (as the ABMD sampling is not uniform in this space, many grid points had
duplicate structures; see Supplemental Figure 3.6). From each one of these unique structures,
we launched two independent 40 ns unbiased simulations and saved structures every 10 ps.
Of these 652 trajectories, only three trajectories partially or fully sampled PW3 as defined by
Vashisth and Abrams 158. To supplement the sampling of that pathway, from these three
trajectories, we selected a total of 20 structures that captured various features of PW3.
From each of these 20 structures, two independent 40 ns simulations were launched. Thus,
our total unbiased data set consisted of 692 trajectories of length 40 ns, for an aggregate

simulation time of 27.68 us.

DGA basis choice. As described earlier, DGA solves operator equations for dynamical
statistics by expanding them in terms of a set of basis functions. In this work, we chose
the modified pairwise distance form described in ref. 26. To construct the appropriate
pairwise distances, we first included those between two carbons on opposite sides of the
escaping phenol and our 22-atom binding pocket of «a carbons described earlier (protein-
ligand distances). We also included the pairwise distances between the a carbons of the
side chains themselves (protein-protein distances) to account for protein rearrangements.
To account for movement along PW3, which involves residues not in the binding pocket,
we added the protein-protein and protein-ligand distances between the phenol and the «
carbons for residues Ile®2/ Tyr®19 (yellow in Figure 3.1), and PheP25 (brown in Figure
3.1), as suggested by both ref. 158 and our preliminary results. Additionally, to capture
movements of side chains along Pathways 1 and 2, we added the protein-protein and protein-
ligand distances between the phenol and Cy atoms from residues IleAlO, LeuA13, HisF5,
and Leut!?. Finally, we added one constant basis function, which improved the numerical
solutions. Combining these distances led to a 299-dimensional basis set, a summary of which

is shown in Supplementary Table 3.3.

For each point in our unbiased data set, we measured the minimum distance in the space
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of the 298 pairwise distances to points in both the bound and free states. Using these
distances, we followed the procedure in ref. 26 to construct the smoothing function h(z), the
guess function(s) ¢ (x), and the smoothed basis functions ¢;(z). These basis functions were
then orthogonalized using singular value decomposition. A key choice in applying DGA
is the time interval for the transition operator, termed the “lag time.” We found most
statistics to be insensitive to the lag time over ranges tested (Supplemental Figure 3.7) and
report results for a lag time of 500 ps unless otherwise noted because it yielded convergence
of estimates with a minimum of apparent statistical error (Supplemental Figure 3.7). The
exceptions were rate constants and their ratios. Based on the convergence of our estimates
for the relative weights of pathways (Supplemental Figure 3.7), we use lag times between
500 ps and 1.25 ns for rates and their ratios. We discuss further details of these calculations

in the Supplemental Information.

Mutants. A similar workflow to the above was followed for both insulin mutants studied,
A10 Tle—Val and B13 Glu—GlIn. Details on system generation using CHARMM-GUT [99,

100, 162] and workflow for these mutants are given in the Supplemental Information.

3.3 Results and Discussion

The goal of this study was to probe the dynamics of phenol release from the Rg insulin
hexamer to understand how the release mechanism(s) could be altered by mutations. To do
this, as described in detail in Methods, we employed a pipeline of multiple simulation tech-
niques. First, we used an array of Adiabatic-Bias Molecular Dynamics (ABMD) simulations
to create a large, diverse data set of driven dissociation events. From this, we discovered a
small set of physically meaningful collective variables (CVs) that can be best used to visu-
alize the results: RMSDp describes the distance RMSD (referenced to the crystal structure)

of the 22 residues determined to be in the phenolic binding pocket, while Npywq, Npws3, and
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Npw4 describe the number of non-hydrogen atom contacts between the released phenol and
gatekeeper residues along pathway (PW) 1 (Ile®Y and His"®, green in Figure 3.1), PW3
(IleA2 and Tyr19, vellow in Figure 3.1), and PW4 (LeuA13 and Leu7, black in Figure
3.1), respectively. To escape via each of these pathways, the phenol must pass between the
side chains of its two gatekeeper residues. We do not consider an analogous Npyyo because
there are no specific gatekeeper residues for PW2.

We then ran short (40 ns) unbiased simulations starting from a selection of partially
unbound structures from the ABMD data set and used Dynamical Galerkin Approximation
(DGA) [25, 26] to estimate long-time statistics from the resulting short trajectories. Using
this method, we compute free energies, escape versus rebinding probabilities (committors),
and reactive currents. Combining these statistics allows us to to delineate six pathways and
their transition states. DGA furthermore enables us to estimate the relative weights for
the unbinding pathways and rates, providing insights into kinetics that go beyond the free
energies by themselves. Below, we first describe the simulations for WT insulin, followed by

those for the A10 Ile—=Val and B13 Glu—Gln mutants.

Driven simulations reveal channel opening and six dissociation pathways. When
visually analyzing the ABMD simulations with driven phenol release, we were able to dis-
tinguish six unbinding pathways. Three of these pathways (PW1, PW2 and PW3) were
previously reported by Vashisth and Abrams [158], while the other three (PWla, PW4,
PW4a) are reported here for the first time. An essential feature of two of these pathways
(PW1la and PW4a) is a large-scale widening of the primary escape channel (indicated by cyan
coloring in Figure 3.2A) that results from two adjacent insulin dimers twisting away from
one another. This behavior is discussed in depth in the following section. In addition, while
we explicitly discuss the driven ABMD simulations in this section, the same six pathways
with the same molecular characteristics are further supported by the unbiased simulations

and our quantitative analysis of them.
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Figure 3.2:  Results from the ABMD simulations. (A) The structure of the hexamer, with the
phenolic escape channel closed (top) and open (bottom). The chains that form the phenolic
binding pocket are shown in cyan; other chains are shown in gray. The released phenol is
shown in purple, with other phenols shown in pink. (B) The six unbinding pathways, shown
both structurally (top) and as a function of Npywq and Npyyy (bottom). The structures
shown correspond to the solid data points, and represent the k-medoids cluster centers along
each pathway. The solid protein cartoons correspond to the starting structure for each set of
driven simulations, and the translucent spheres are the non-hydrogen atoms of the phenols
from the cluster centers, all aligned to the A chain backbone of the starting structure. The
translucent lines in the bottom panels represent the data used to generate the k-medoids
clusters. The cyan chains in the top panels are the same as those in (A). Non-hydrogen
atoms of gatekeeper side chains along PW1 (green, Ile®9 and His"®), PW3 (yellow, Ile/2
and TyrA19) and PW4 (black, Leu®? and LeuM17) are also shown in the top panels. The
configuration of the escape channel is indicated above each panel. For PW2 and PW3, the
channel can be either open or closed.

We tested a variety of CVs for their utility in visualizing the six unbinding pathways. As
noted earlier, three of the best that we found were Npw, Npw3, and Npy4, the numbers of
non-hydrogen contacts between the phenol and the gatekeeper residues for PW1, PW3, and
PW4, respectively. We determined the gatekeeper residues based on the previous literature
and our analysis of the ABMD trajectories. The gatekeeper residues for PW1 are [1eA10
and His"?; these were identified by both Swegat et al.[157] and Vashisth and Abrams [158]
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and were confirmed by our own simulations. The gatekeeper residues for PW3 are Tle/2
and TyrA19; these were identified by Vashisth and Abrams [158] and confirmed by our own
simulations. The gatekeeper residues for PW4 are Leu®!3 and Leu''7. Vashisth and Abrams
[158] note these residues in conjunction with PW2, but we designate them as gatekeeper
residues for PW4 in this study because the phenol passes between them only along PW4
(versus near them along PW2). We present most of our results in terms of Npwy and
Npw4 because they provide the best separation of all six pathways when projected to two
dimensions.

To visualize these pathways, we first identified three ABMD trajectories that corre-
sponded to each pathway other than PW3. We then identified the section of each trajectory
that corresponded to phenol unbinding and used k-medoids clustering in the 298-dimensional
set of pairwise distances described in Methods to identify 60 cluster centers per pathway.
For PW3, we had only one ABMD trajectory (as noted in Methods, we addressed this issue
through additional unbiased simulations), so we generated only 20 cluster centers. Regard-
less, the cluster centers were used to understand the characteristics of each observed pathway.
Structural and CV representations of the six unbinding pathways are shown in Figure 3.2B.

As shown in the left panel of Figure 3.2B, PW1 consists of the green phenol moving
upwards toward the green gatekeeper residues, e10 and His"?, then pushing through them
and escaping into the solvent. This corresponds to the green loop in the CV representation.
As discussed in the Methods, the bound state exists where Npy =~ 53 and Npwy =~
32. Starting from there, PW1 loops down and outward to Npwj ~ 85 and Npwy ~ 10,
corresponding to the phenol approaching the green gatekeeper residues. As the phenol pushes
through these residues and escapes into the solvent, both Npyw and Npywy decrease to zero.

By contrast, PW4 proceeds in the opposite direction, with the gray phenol passing
through the black gatekeeper residues, Leu™3 and Leul!7. This leads to the black loop

in the CV representation, where the system moves from the bound state to Npy ~ 10 and
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Npw4 ~ 85 as the phenol approaches the gatekeeper residues. As the phenol pushes through
those residues and escapes into the solvent, both Npyw; and Npwy decrease to zero. While
PW1 was described in previous simulation studies, [157, 158] PW4 is presented for the first
time in this work.

Both PW1 and PW4 occur with a closed escape channel, with each gatekeeper residue
remaining in close proximity to its position in the crystal structure. However, very similar
pathways can occur with an open escape channel, as the H and F chains twist away from
the A chain. This large-scale protein motion, seen in Figure 3.2A, leads to the change in the
binding pocket seen in the right panel of Figure 3.2B. Here, the separation between both
the green residues and the black residues is increased, meaning they no longer function as
gates. For example, along the PW1-like pathway, the phenol still interacts with IleAlO, but
His"® is shifted far enough away to allow a layer of water between the side chain and the
phenol. We refer to this pathway as PWla. Similarly, along the PW4-like pathway, the
phenol interacts with Leu!3 but not LeuM!7. We refer to this pathway as PW4a. In the
CV representations, both of these pathways are associated with smaller loops in the bottom
panels of Figure 3.2B, consistent with the contacts coming from only one gatekeeper residue.
Both of these pathways are described for the first time in this work.

Finally, we also observed PW2 and PW3 in our driven simulation data set. These are
illustrated in the middle panel of Figure 3.2B. PW2 is a gate-hopping mechanism, where
the brown phenol escapes by hopping between the green and black gatekeeper residues.
In Figure 3.2B, this is moving out of the plane of the paper, directly toward the reader.
In contrast, along PW3, the yellow phenol moves toward the yellow gatekeeper residues,
e?? and TyrAlg, before pushing through them and escaping into the solvent. Both of
these pathways were described by Vashisth and Abrams [158], but we add an important
clarification: along both of these pathways, the escape channel can be either closed or open.

However, since PW2 involves an escape through a channel that exists in the crystal structure
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and PW3 involves escape through an unrelated channel, neither of these two pathways
are particularly affected by the opening/closing of the escape channel. For a discussion of
the sequence of release of the six phenols and its relation to the experimentally observed
cooperativity of phenol binding to the insulin hexamer [168, 169], see Supplemental Figure

3.8 and associated text in Supplemental Information.

Further characterization of the channel opening. The observed channel opening was
not an artifact of the ABMD bias, as we also found it in many of our unbiased simulations
seeded with a closed channel. Furthermore, by analyzing our unbiased simulations, we can
correlate the channel opening with the rotation of the « helices on the dimeric interface, a
conformational transition previously found to be accessible to the insulin dimer [76, 170]. In
Figure 3.3A, we quantify channel opening by measuring the average of RMSDp, which is a
distance RMSD that quantifies how much the phenolic binding pocket structurally deviates
from the binding pocket present in the crystal structure. This quantity was also compared
to the average of ®, gp, the pseudodihedral angle of the « helices on the dimeric interface
of chains B and D (shown in orange in Figure 3.3B), as defined in ref. 76.

The bound state, marked by the white star in Figure 3.3A and located at Npyy ~ 53 and
Npw4 ~ 32, is characterized by a relatively low average RMSDp of approximately 0.1 A.
The phenolic binding pocket in this state is quite similar to the one in the crystal structure.
Across the space defined by Npy and Npyy, RMSDp is highly correlated with ®,, gp. The
BD dimer, along with the dimer defined by the interface made of chains F and H (shown
in blue in Figure 3.3B), makes up the primary escape channel for the phenol studied. The
average of ®, py is nearly identical to Figure 3.3B, so is omitted for clarity. Both have
a value of approximately 132° in the bound state (Figure 3.3B). As discussed previously,

this leads to both the green gatekeeper residues (IleA10 and HiSF5) and the black gatekeeper

A13 Hl?)

residues (Leu and Leu remaining in close proximity, acting as closed gates that define

the boundaries of the escape channel.
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Npw1

Figure 3.3:  Measures of flexibility of the phenolic binding pocket. The bound state is
marked by the white star, and the unbound state is marked by the white dashed lines. The
circle and square represent the partially-open escape channel with the phenol bound and
partially unbound, respectively. The triangle represents a PW3 intermediate in which the
A chain is partially melted. (A) The distance RMSD of the 22 binding pocket residues as
a function of Npyy and Npywys. Contours spacing is 0.5 A. (B) The pseudodihedral angle
between the « helices at the dimer interface between chains B and D, ®,, gp, as a function
of Npw1 and Npyyy. Contour spacing is 1°. (C) Hexameric (left) and binding pocket (right)
structures showing the closed-to-open transition indicated by the star and circle in (A) and
(B), respectively. Chains B and D are shown in orange, while chains F and H are shown in
blue.

Moving from the star to circle to square in Figure 3.3A, RMSDp increases from 0.1 to
0.2 to 0.3A, corresponding to a three degree rotation of the o helices on the dimer interfaces.
Structurally, this dimeric rotation leads to separation of the four gatekeeper residues that
define the edges of the phenolic escape channel, as seen in the right panels in Figure 3.3C.

Specifically, again moving from star to circle to square, the average separation of the «

Al13 H17

carbons of Leu and Leu increases from 0.8 to 1.2 to 1.4 A, and the average separation
of the a carbons of Ile1Y and His®™ increases from 0.8 to 0.9 to 1.2 A (Supplemental
Figure 3.9A). While the circle and square both correspond to structures with an partially

open escape channel, the square represents a slightly more dramatic channel opening that is
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paired with the breaking of the hydrogen bonds between the phenol and both the backbone
carbonyl of CysA6 and the backbone amide nitrogen of CySAH; although the phenol is still
located in the binding pocket, it is more loosely bound (Supplemental Figure 3.9B). Overall,
this channel opening, found in both our biased and unbiased simulations, is also consistent
with the displacements observed in the lowest frequency modes of a normal mode analysis
of an elastic network representation of the hexamer (Supplemental Figure 3.10), suggesting
that this flexibility is an intrinsic feature of the structure. The channel opening allows for
increased penetration of solvent closer to the phenol and decreased steric occlusion by the
side chains.

Finally, the point marked by the triangle in Figure 3.3 has a RMSDp between 0.5 - 1.0
A higher than those for the points marked by the square and the circle. This corresponds
to the melting of the A-chain C-terminal « helix along PW3, as the phenol escapes through
the A chain (Supplemental Figure 3.9C). As this helix melts, the PW1 and PW4 gatekeeper
residues separate even further (Figure 3.3B and Supplemental Figure 3.9A); although this

motion affects the binding pocket, it occurs after the phenol is no longer in it.

Combining the potential of mean force, committor, and reactive current enables
quantitative characterization of transition states and intermediates. DGA can be
used to estimate the relation between the sampled distribution and the stationary distribu-
tion and in turn potentials of mean force (PMFs). However, the true power of DGA is in the
ability to combine these free energies with estimates for dynamical statistics like the commit-
tor, reactive current, and rate. The committor describes the probability of proceeding to a
product state before returning to a reactant state. By explicitly defining bound and unbound
states (see Methods), we can thus calculate the unbinding committor, qu,pind, that describes,
at every point in our unbiased data set, the probability of proceeding to the unbound state
before returning to the bound state. This is, by construction, the perfect reaction coordinate

to track phenol unbinding, as it measures the likelihood of phenol unbinding regardless of
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Figure 3.4: The potential of mean force (PMF), unbinding committor (guphing), and un-
binding reactive current (Jyuping) projected on Npwi and Npwy. The points marked by
the star, circle, square, and triangle are the same as in Figure 3.3, with the unbound state
outlined by the dashed white box. (A) The PMF, with contours spaced by 1kgT. (B)
Gunbind, With contours spaced by 0.1 and the g ping = 0.5 surface marked in purple. Arrows
showing PW1 (green) and PW4 (black) are overlaid. (C) Jypping binned into a 22 x 22 grid
spanning from 0 to 100 in both Npyq and Npyyy4. The results shown are smoothed with a
Gaussian filter, using a kernel with standard deviation of 1 bin. Contours are the same as
in (A) to aid in comparison.

pathway. By definition, transition states have quuping = 0.5. By projecting qunhing into
various CV spaces, we can distinguish molecular rearrangements (e.g., those giving rise to
the metastable states that we identify on a PMF) that increase the probability of unbinding
from those that do not.

Another useful quantity is the reactive current, which describes how trajectories that
lead to phenol unbinding flow through each point in a CV space. Just like a diagram of
fluxes between clusters of states in a Markov State Model [20, 22, 23, 166, 167], a plot of
the reactive current can give a sense of the populations of different pathways. Here, as
established by recent work [26], we represent the reactive current, Jypind, s a vector field.
An advantage to this representation is that it can be compared directly with the PMF and
commmittor as functions of the same CVs. By combining these statistics, we can characterize
the transition states and intermediates along the six pathways. J,ping can furthermore be

used to determine their relative weights; integration of Jy1ing yields the rate.
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We show the free energy, committor, and reactive current projected onto Npw and
Npwy4 in Figure 3.4. The unbound state (bottom left corner in Figure 3.4A) is set to be
the zero of free energy. The DGA-generated PMF is in good agreement with one indepen-
dently generated through Replica Exchange Umbrella Sampling (Supplemental Figure 3.11),
suggesting that the unbiased trajectories cover the space sufficiently to draw quantitative
conclusions. The bound state with energy 4.5 kgT' is marked by a white star at Npy ~ 53
and Npywy ~ 32. As discussed in the Introduction, this state involves the phenol making one
hydrogen bond with the backbone carbonyl of CysA6 and one with the backbone amide NH
of CysAll. We find that in this state, His"™ is rotated outward toward the solvent, with the
ring pointing away from the phenol (see Figure 3.2B and 3.3C). The free energetic shoulder
directly to the right of the star involves a side chain ring flip of this histidine, so that it is
instead facing inward, toward the phenol, which increases the number of contacts between
the phenol and the histidine ring. This is consistent with a previous 'H-NMR study that
suggested the presence of an unidentified aromatic ring-flip [155], and a computational study
which proposed HisH? as one of the residues that could undergo such a flip [158].

The point marked by a circle in 3.4A corresponds to a free energy basin, confirming that
the channel opened state is energetically stable. Furthermore, this transition only involves a
free energy barrier of about 1 k7', suggesting that these structures can readily interconvert.
Corroborating this idea, all of these areas have an average ¢unping Of less than 0.1 (Figure
3.4B), meaning that both the channel opening and the histidine ring-flip do not markedly
increase the probability of escape before returning to the bound state. Interestingly, the
channel opening itself does not lead to a marked increase in qupping- This suggests that
while channel opening may play a part in phenol unbinding, such a motion alone is not
enough to allow the phenol to escape. The point marked by the square, which corresponds
to the phenol breaking its hydrogen bonds to the channel-opened structure, also lies in a

free energetic basin, one separated from the channel-opened bound state by a barrier of
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about 3 kgT. This barrier is three times as high as the one for channel opening. and also
corresponds to a 0.1 increase in quuhing- 1he breaking of the hydrogen bonds to CysA6

AL ghys slightly increases the probability of successful unbinding, while the channel

and Cys
opening by itself does not.

As discussed earlier, this projection effectively separates PW1 and PW4, marked by the
solid black and green arrows in Figure 3.4B. Comparing these arrows to the PMF in Figure
3.4A, one finds the barriers for PW1 and PW4 to be 4-5 kT and 5-6 kpT, respectively,
significantly lower than the 20-30 kg7 barriers found by Vashisth and Abrams [158]. Our
free energy barriers change very little when projected into a three-dimensional space that
further separates PW1 and PW4 (Supplemental Figure 3.12). Vashisth and Abrams estimate
free energies by applying Jarzynski’s equality to steered molecular dynamics simulations,
which we would expect to overestimate barriers because such simulations will only rarely
sample trajectories with protein fluctuations that anticipate the phenol motion. By contrast,
our unbiased trajectories, as well as our independent Replica Exchange Umbrella Sampling
(Supplemental Figure 3.11), capture these dynamics.

Additionally, comparing Figure 3.4 to Figure 3.3, it is clear that there is very little
opening of the escape channel inherent along either PW1 or PW4, as the average RMSDp
along these pathways stays below 0.1 A. Instead, the phenol is directly pushing through the
adjacent gatekeeper residues. However, this projection does not allow us to fully distinguish
PW2, PW3, PWla, and PW4a because they partially overlap (see Figure 3.2B). At the
same time, the area through which they pass has the highest magnitude of reactive current
(Figure 3.4C), suggesting that that the dominant binding pathways lie in this region. To

distinguish these pathways, we introduce a third dimension.

Three-dimensional projections show that competing pathways are similarly pop-
ulated. Since the unbinding committor ¢,,ping tracks phenol unbinding across all path-

ways, we use it as the third dimension on which to project our data. From our unbiased

83



data set, we visually identify four trajectories for each of our six unbinding pathways. These
trajectories are shown in Figure 3.5A with coloring consistent with Figure 3.2B. We also
show the full unbiased data set, colored to show ¢ 1ing @nd with arrows representing the six

pathways overlaid in Figure 3.5B. A structural representation of these pathways is shown in

Figure 3.5C.

A e PW4 e PW1 PW3 ® PW2 ® PW4a ® PWila

Figure 3.5: Pathways can be more readily distinguished in the space of Npwi, Npwy,
and qunbind- (A) Scatter plots of trajectories along each of our six pathways. From the
unbiased data set, we identify four trajectories that correspond to each pathway, which are
shown for PW1/PW4 (left), PW2/PW3 (middle), and PW1la/PW4a (right), mirroring the
conventions used in Figure 3.2B. (B) A scatter plot of quuping for all the unbiased data.
Six pathways are overlaid and labelled. The bound state is represented by the white star.
(C) Structural representation of the unbinding pathways in (B). The dashed arrows in (B)
correspond to the similarly-colored solid arrows in (C), except with the escape channel being
opened as in Figure 3.3. (E) The gpj,q component of Jy;,q, taken at gpi,qg = 0.63. The
patches corresponding to each pathway are overlaid, using the coloring and line styles from

(B).

As shown in Figures 3.5A and 3.5B, using qunping as the third dimension clearly separates
the six pathways. The quuping = 0.5 surface (gray points in Figure 3.5B) is the transition
state ensemble, as structures in this region have an equal probability of proceeding to the

unbound state as they do of returning to the bound state. Notably, for PW1/PWla and
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PW4/PWi4a, this does not occur until after Npyy1 and Npyyy have reached their respective
maxima along each pathway. The transition states thus occur when the phenol is just outside
the gatekeeper residues, and the numbers of contacts with those residues have started to
decrease. In contrast, for PW3, the ¢ nping = 0.5 surface occurs just as the phenol maximizes
its contacts with Ile®? and TyrAlg, the PW3 gatekeeper residues (Supplemental Figure
3.13). Since PW2 encompasses all gate-hopping mechanisms and the phenol can be closer
to the gatekeeper residues for PW1 or those for PW4, its transition state is comparatively
structurally diverse.

We can also use DGA to calculate the relative weight of each unbinding pathway. To
do this, we adapt the method described in ref. 26, using the binding reactive current Jy;,q
projected into the space of Npwi, Npw4, and ¢;nq. For this calculation only, we use ki-
netic statistics for binding as opposed to unbinding, as this slightly improved our ability
to distinguish the six pathways (Supplemental Figure 3.14). We choose as a dividing sur-
face the plane corresponding to q;pq = 0.63, as this best separates the reaction pathways
(Supplemental Figure 3.15). We then partition this surface into patches that encompass the
pathways (Figure 3.5D). By binning the reactive current in the direction of gy;,q across these
patches, one can calculate the relative weight of each pathway as the ratio of the reactive
current in each patch compared to the total reactive current flowing through the dividing
surface. We provide exact definitions of the patches, as well as a discussion of the parameters
used to calculate and smooth J;,4, in the Supplemental Information. Using this method,
we determined the relative weights of the six identified pathways (Table 3.1). These relative
weights are robust to changes in the sampling distribution (Supplemental Table 3.4) and
choice of dividing surface (Supplemental Figure 3.16).

The pathway with the clear plurality of reactive current (35.0%) is PW4a (dashed black
arrow), which corresponds to an unbinding mechanism with an open channel, where the

A13

phenol closely passes by Leu as it leaves the binding pocket. While this is the most likely
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Table 3.1: Relative weights of unbinding mechanisms for WT insulin and the A10 Ile—Val
and B13 Glu—Gln mutations.

Pathway WT (%) AL0 (%) B13 (%)
PW1 11.2 4.3 19.0
PWila 11.2 7.8 16.0
PW2 16.3 16.7 14.1
PW3 12.6 8.7 7.1
PW4 13.7 18.4 26.7
PW4a 35.0 44.2 17.2

unbinding mechanism, all of the other pathways are significantly populated (ranging from
11% to 17%). Furthermore, the preference for mechanisms with an open escape channel is
relatively mild, with the PW1/PW4 percentage being 24.9% compared to the PW1la/PW4a
percentage being 46.2%. As a note, as defined in this study, PW2 and PW3 can have either
a closed or open escape channel. So while channel opening does play a role in the overall
phenol unbinding process, the majority (53.8%) of unbinding events occur through pathways
that do not necessarily involve channel opening. As we discuss further below, the manifestly
multipathway nature of the unbinding process makes it challenging to predict how point

mutations will impact phenol unbinding.

A10 and B13 mutations alter the preferred pathway and the binding/unbinding
rates. As discussed in the Introduction, there is much interest in designing insulin mutants
and analogs for the management of diabetes, including those which might slow the unbinding
of phenol. To this end, we simulated two mutants: A10 Ile—Val and B13 Glu—GIn. The A10
[le—Val mutation is one of the three sequence differences between human and bovine insulin;

since I1e10

is one of the gatekeeper residues for PW1/PWla, we expected its mutation to
affect the rate of phenol release. The B13 Glu—GIn mutation removes negative charges from
the center of the hexamer and stabilizes the R state, as evidenced by the fact that it leads

to the formation of TgR3 hexamers even in the absence of zinc [171]. Given the stabilization

of the R state, we expected the B13 Glu—GIn mutation to stabilize the Rg hexamer and
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\mbinding’ the inverse uni-

Table 3.2: The inverse unimolecular unbinding rate constant, k

molecular binding rate constant kglil ding 20 their ratio (K = Eunbinding/Fbinding)- Ranges

derive from taking lag times between 500 ps and 1.25 ns.

Statistic WT A10 B13
—1

kunlbinding (u8) 0.16-0.28 0.21-0.37 0.17-0.27

kbinding (,us) 0.13-0.20 0.12-0.18 0.16 - 0.26

K 0.70-0.83 0.40-048 0.97-0.99

impact channel opening.

We performed simulations analogous to those above for human insulin with each of these
mutations separately and determined their effects on the unimolecular rate constants of
unbinding and binding, kypbinding and Fpinding, as well as the corresponding ratio, K =
Kunbinding / Fbinding (Table 3.2 and Supplemental Figure 3.17). We also calculated the relative
weights for the six unbinding pathways for each mutant (Table 3.1). Note that kyi,qing 15 a
unimolecular rate constant that does not include the contribution from diffusion, which we
expect to be less sensitive to mutations, and consequently K differs from an experimentally
measured dissociation constant in that it is a ratio of unimolecular rates. Rate constants
that account for diffusion are discussed in the Supplementary Information, with results
in Supplemental Figure 3.18 and Supplemental Table 3.5. These estimates provide good
quantitative agreement with available experimental values for dissociation constants [172],
indicating that DGA yields accurate results. Here, we focus on unimolecular rate constants
because we expect them to have fewer sources of error. The binding and unbinding inverse
unimolecular rate constants for WT insulin and the two mutants are in the range 0.11-
0.31 ps, which is consistent with the expected sub-millisecond phenol unbinding timescale
predicted from existing NMR data [155].

We first describe the A10 Ile—Val mutation. We find that the A10 Ile—Val mutation has
almost no affect on the phenol binding rate constant, while slightly decreasing the unbinding
rate constant (increasing the timescale of unbinding). This, in turn, leads to a 42-43%

87



decrease in the ratio K compared to WT insulin. To understand how this mutation, which
decreases the size of the A10 side chain, inhibits phenol dissociation, we examine the relative
weights for the six pathways (Table 3.1). Because A10 is a gatekeeper for PW1/PWla, we
expected the A10 Ile—Val mutation to impact the weights of these pathways most strongly,
and indeed this is the case. The decreases in the relative weights of these pathways are
corroborated by increases in the free energies and decreases in the unbinding committors and
reactive current in associated regions (Supplemental Figure 3.19). Intermediate structures
along these pathways are less likely, and when they do occur, they are less likely to lead
to the unbound state. The preferred binding pathway remains PW4a, although the relative
weights of PW2 and PW4 are all higher than for WT.

Our calculations indicate that the B13 Glu—GIn mutation, while having little effect
on phenol unbinding, slows phenol binding. As a result, there is a 19-39% increase in K
compared to WT. As seen in Table 3.1, this mutation leads to a dramatic decrease in relative
weight for PW4a, the preferred unbinding mechanism for both WT and A10 Ile—Val insulins.
This is paired with a corresponding increase in relative weight for both PW1 and PW4, the
two mechanisms that explicitly do not include any channel-opening and instead involve the
phenol pushing through gatekeeper residues, as well as an increase in relative weight for
PW1a, which does involve channel opening. This agrees with our calculations that, after
the mutation, the energetic benefit of channel opening is approximately 10 kJ/mol greater
along PW1la than along PW4a (Supplemental Figure 3.20). The mutation thus discourages
PW4a more than PW1a. The overall shift in relative weight away from PW4a is further
corroborated by the PMF, committor, and reactive current (Supplemental Figure 3.19):
areas of CV space along PW4a are 2 kg7 higher in free energy compared to the same areas
for WT insulin.

Beyond the shifting relative weights between pathways, the overall effect of the mutation

is to destabilize the bound state and increase K. Molecularly, this can be explained by the
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more favorable interactions the mutated B13 residue can make with the rest of the protein in
the free state, particularly with SerP? and HisB10 (Supplemental Table 3.6). This prediction
agrees with existing experimental data for this mutated species. Dunn and coworkers[172]
used UV /Vis spectroscopy and a three-state allosteric model to determine the dissociation
constant for WT insulin to be 1.8 x 1074 £ 1 x 10~* M, and that for the B13 mutant to
be 2.5 x 1074 £ 1 x 10~% M, meaning that the mutation caused a 39% increase. Assuming
that the main impact of the mutation is on the protein dynamics and not diffusion, this is
in agreement with our estimates, which predict a 19-39% increase in K upon B13 Glu—Gln
mutation.

For both mutations, there are at least four pathways which each represent at least 10% of
the overall reactive current, and no one mechanism ever makes up more than 50%, similar to
our findings for WT insulin. As a result, the effects of a mutation on certain pathways can be
compensated by those on others. For example, when the A10 Ile—Val mutant discouraged
unbinding through PW1 and PW1a, the absolute amount of reactive current flowing through
PW4 increased (Supplemental Figure 3.19). Indeed, the multipathway nature of unbinding
is the main takeaway from our simulations, and it suggests that future mutation and ligand

design studies of the insulin Rg hexamer need to target multiple pathways at once.

Solvation of phenol and its binding pocket. Given the interplay between the path-
ways and channel opening, we characterized the solvation of the phenol and select residues by
calculating radial distribution functions of water around those species as a function of com-
mittor value (Supplemental Figure 3.21). In all cases (WT, A10 Ile—Val, B13 Glu—Gln),
the phenol becomes more solvated as it leaves the binding pocket. In general, the radial
distribution functions around gatekeeper and pocket residues do not change dramatically as
a function of committor. However, we do observe slight changes for three residues: [le/2 (a
gatekeeper for PW3), 1le®10 (a gatekeeper for PW1/PW1a), and HisP10 (a pocket residue

that also defines the binding site for the Zn®t ions). The increase in solvation of [1eA10
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and HisP10 comes early in the release process, whereas that for Ie?? occurs as the phenol
escapes.

We also computed radial distribution functions of water for different RMSDp values,
tracking channel opening (Supplemental Figure 3.22). These data reveal that the gatekeeper
residues near the phenol escape channel (IleAlO, HisF5, LeuAlg, and LeuH17) all become more
solvated upon channel opening. The other residues considered are affected less by channel
opening. Interestingly, while channel opening does not significantly affect the solvation of
GluB3 in WT insulin, it does lead to increased solvation for GluB! in the B13 Glu—Gln
mutant insulin.

Finally, Bagchi and co-workers have argued that water molecules confined in the central
cavity stabilize the hexamer [173, 174]. To examine whether the dynamics that we observe
can facilitate exchange of water molecules between the cavity and the bulk, we defined the
cavity waters as those within 6 A of the center of mass of the two Zn2t ions and calculated
their MSD over 1 ns (right panels in Supplemental Figures 3.21 and 3.22). For comparison,
we measure an MSD over 1 ns of 35 nm? for bulk waters in our simulations. The MSD of the
waters in the cavity shows very little dependence on committor and is generally less than

10 nm?

, meaning that these waters are confined regardless of the dissociation of phenol. By
contrast, the MSD of waters in the cavity increases as RMSDp increases, indicating that

channel opening facilitates exchange of solvent between the cavity and the bulk.

3.4 Conclusions

Diabetes management can be improved through both the introduction of insulin analogs with
modulated pharmacokinetics, as well as delivery preparations that can facilitate transport
and storage. Because phenol stabilizes the Rg insulin hexamer, understanding the phenol
unbinding mechanism can inform the design of improved therapeutics. Here, we use molec-

ular dynamics simulations to investigate this mechanism for WT and two mutant insulins.
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We expand on existing simulation studies by Swegat et al. [157] and Vashisth and Abrams
[158] to identify and quantitatively characterize six phenol binding/unbinding pathways. A
number of these pathways involved large-scale opening of the primary escape channel, sug-
gesting that the hexamer is much more dynamic than previously appreciated. Methods that
we recently introduced [25, 26] enable us to determine the intermediates, transition states,
and relative weights of the pathways. For WT insulin, a pathway in which the channel opens
and phenol passes between Leu®!3 and Leu!7 (PW4a) represents 40% of the reactive cur-
rent, but each of the other pathways represents at least 10% of the reactive current. Phenol
unbinding/binding is thus a multipathway process.

Our simulations of mutants show that it is possible to rationally control the prevalence of
pathways and the overall unbinding kinetics. The A10 Ile—Val mutant reduced the contribu-
tions from pathways for which this residue is a gatekeeper (PW1 and PW1a) and decreased
phenol unbinding; the B13 Glu—GIn mutation stabilized the phenol-free state and thus led
to increased phenol unbinding. However, because other pathways than those targeted can
compensate, the overall effects on rates can be challenging to predict without quantitative
simulations like those presented here. By combining computation and experiment, it may

be possible to target multiple pathways to achieve larger shifts in kinetics.

3.5 Supplemental Information

Scripts with an implementation of DGA are available at https://github.com/dinner-group/-

insulin-hexamer.

Nomenclature. When numbering the six phenols, we followed the conventions in the PDB
file. This differs from the numbering convention in ref. 158, which instead assigns phenols 1,
2, and 3 to the “top” trimer, and phenols 4, 5, and 6 to the “bottom” trimer. Furthermore,

our nomenclature for protein chains also differs from ref. 158. In particular, for WT insulin,
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we choose the nomenclature such that both the A and B chain belong to the insulin monomer
closest to phenol 4, which we use to study the phenol unbinding process for WT insulin. From
there, the naming trends are identical to the PDB/literature naming convention, with chains
ranging from A to L - only the starting point (which chain we designate as A) is shifted.
For the mutant systems, we simulate the release of phenol 2, instead of phenol 4. For these
systems, then, we followed a similar convention, and denote the monomer closest to phenol

2 as having the A and B chains.

Selecting starting structures for unbiased simulations. To ensure sampling in all
areas of our CV space even with relatively short trajectories (40 ns), we initialize the unbiased
simulations as follows. We first run a large number of adiabatic-bias molecular dynamics
(ABMD) simulations to bias the system toward phenol release, as discussed in the main text.
We then define a grid of 10 x 10 x 10 points that covers the sampled regions and find the
single frame from our driven database closest to each point (Figure 3.6). Although there are
1000 grid points, the same structure can be the closest to more than one grid point. In the

WT case, we obtain 326 unique structures.

DGA details. DGA requires the use of a basis set. We used a basis set of 298 modified
pairwise distances and one constant function as described in the main text. A summary of
the distances is given in Table 3.3. For categories involving the phenol, we measure distances
from both Cy and Cy; thus there are 2 x 22 = 44 distances to the C,, atoms of the 22 residues
in the binding pocket and 2 x 4 = 8 distances to the C, atoms of the 4 gatekeeper residues
for PW1 and PW4. The PW3 gatekeeper residues in Table 3.3 are A2, A19, and B25.

In this work, we modified the guess functions ¥pinding(*) and Yynpinding () from their

definitions in ref. 26, s0 Ypinding(*) = 1 — Yunbinding (7):

d2
unbound (3 1 )

-2 2
dbound + dunbound
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Figure 3.6: A schematic showing how we chose unique starting structures for the unbiased
sampling. (A) 3D representation in the space of Npjg, Na13, and RMSPp. Data from
our ABMD database is shown by the black dots, and our desired starting points are shown
by the red squares. (B) A two-dimensional slice of (A), more clearly showing the r and 6
dependence of our desired starting points. (C) A schematic illustrating how we select the
closest structures to each desired point. The frame from the ABMD data set closest to each
desired starting point is represented by the orange X. For clarity, we only display six desired
starting points that lead to five unique starting structures.

d2
= — boun2d (3.2)
dbound +d

unbound

77Z}unbinding (z)

These choices ensure that ¢unpinding = 1 — @binding: Above, dpoung and dyphound are the
smallest Euclidean distances in the 298-dimensional space of pairwise distances ( Table 3.3)
from any point in the reactive domain (i.e., outside the bound and unbound states) in the

data set to any point in the bound and unbound states, respectively.

Table 3.3: Description and number of pairwise distances used as inputs to make our DGA
basis functions. Note that to make the eventual 299-dimensional set of basis functions, we
also include the constant function.

Type of Distance Number
Phenol C1/Cy4 atoms to Binding Pocket C,, atoms 44
Binding Pocket C, atoms to Binding Pocket C, atoms 231
Phenol C1/Cy atoms to PW1/PW4 gatekeeper C atoms 8
PW1/PW4 C, atoms to PW1/PW4 gatekeeper C atoms 6
Phenol C;/Cy4 atoms to PW3 gatekeeper C,, atoms 6
PW3 gatekeeper C,, atoms to PW3 gatekeeper C,, atoms 3
Total 298
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Since DGA does not enforce the fact that committors are probabilities and thus must
be between zero and one, it produces estimates between —0.2 and 1.2. We shift those below
zero to zero and those above one to one before using them for further analysis (plotting and
reactive current calculations).

In addition, one of the essential parameters for DGA is the lag time [26] (see also refs.
175 and 176). We calculated statistics for lag times ranging from 10 ps to 10 ns. For WT
insulin, we found that the ¢ uping = 0.5 surface was approximately constant as the lag time
changed from 500 ps to 5 ns. For the mutant simulations, this was only the case for lag
times greater than 1.25 ns. Similar behavior was observed for the relative weights of the six

pathways (Figure 3.7).
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Figure 3.7: The relative weight of the six identified pathways as a function of lag time for
(A) WT insulin, (B) A10 Ile — Val insulin, and (C) B13 Glu — Gln insulin.

Cooperativity of phenol release. We examined whether there was evidence in our
ABMD simulations of positive intra-trimer cooperativity and negative inter-trimer cooper-
ativity for phenolic binding, as suggested by stopped-flow spectroscopy[169] and isothermal
titrating calorimetry[168]|. In addition to the 276 simulations described in the main text,
which favored increasing the distance dp (1 < n < 6) between each phenol and the closest
bound zinc ion, we also performed 140 simulations that instead favored decreasing the num-

ber of non-hydrogen contacts between the protein and each phenol. 10 simulations (each
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of length 5 ns) were run for each of 14 force constants evenly spaced between 3 X 1079 to
16 x 1079 kJ /mol. In general, fewer phenols were released, and none of the 140 simulations
led to dissociation of all six phenols, compared to 77/276 for the simulations biasing on dy,.

Plots summarizing the sequences of release for the ABMD simulations are shown in
Figure 3.8. For clarity, transitions observed in less than 10% of each set of simulations are
not drawn. For both sets of simulations, the most common sequence of release is phenol 4,
followed by phenol 6 (both in the same trimer, here labeled trimer 1). For the simulations
biasing on the number of non-hydrogen contacts between phenol and protein (Figure 3.8B),
the next most likely release is that of phenol 2, also in trimer 1. For the simulations biasing
of the distance between the phenol and the nearest bound zinc, the most likely third release
is either phenol 2 or phenol 1, which is in trimer 2. These data support the existence of
negative inter-trimer cooperativity, as the phenols in trimer 1 are preferentially released over
the phenols in trimer 2. Because we do not see any large-scale motions that correlate with
the sequence of release, we presume that the cooperativity in the simulations reflects subtle
differences between the two trimers in the starting structure, but which differences are most

important is not apparent.
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Figure 3.8:  The sequence of phenol release for the ABMD simulations biasing on (A)
the distance between each phenol and the closest bound zinc, and (B) the number of non-
hydrogen contacts between phenol and protein. Phenols bound to trimer 1 and trimer 2 are
represented by the blue and red circles, respectively. The size of an arrow represents the
relative weight of the indicated transition. (C) The hexamer, colored as in (A) and (B), with
phenols labeled.
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Channel opening analysis. Using our unbiased data, we can characterize channel open-
ing by describing dpw and dpwy, the distances between the « carbons of the gatekeeper
residues along PW1 and PW4, respectively (Figure 3.9A). We also calculate Ngp, the two-
step rolling average of the number of hydrogen bonds between the phenol and both the
backbone carbonyl of Cys®6 and the backbone amide NH of Cys®!1 (Figure 3.9B). Finally,
we calculate Ay, the helicity of the C-terminal A-chain « helix, A13-A21 (Figure 3.9C).
This is the effective number of six-residue segments in the selection in an idealized a heli-
cal conformation, based on RMSD [177]; a value of four corresponds to a fully structured
C-terminal « helix, while a value of zero corresponds to a fully melted helix.

To further probe the stability of the phenolic escape channel, normal mode analysis was
performed on the crystal structure of the WT hexamer. We used WebNMA 3.3 [178], which
creates an elastic network model from all of the a carbons in a protein, and solves for the
normal modes of this oscillator system. The normalized squared displacements of these «
carbons for the four lowest modes (excluding the translational /rotational modes and any
identical modes due to the symmetry of the system) are shown in Figure 3.10, where the
displacements have been averaged across all 6 monomers to provide a representative set of
displacements.

The areas of highest flexibility for the dominant normal modes correlate well with the
A-chain « helices and the B-chain S turn, shown in gray on the left and right, respectively.
The spikes at B1 and B31 are attributed to the large flexibility of terminal residues. These
data suggest an area of flexibility between the A chains and adjacent B-chain 3 turns in the

hexameric structure, the same area that forms the phenolic binding pocket/escape channel.

Comparing the REUS PMF and the DGA PMF. To validate the PMF generated
by DGA, we ran Replica Exchange Umbrella Sampling (REUS) simulations and used them
to compute an independent PMF. To generate starting structures for the REUS, we first

created a 20 x 20 evenly spaced grid in the cylindrical space of (r, 6), where Npyw; = rcos @
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Figure 3.9:  Averages of observables, taken from our unbiased data set, associated with
different aspects of channel opening, and projected using Npwi, Npwy, and Npysg. The
star, circle, square, and triangle mark the same landmarks as in Figures 2 and 3 in the
main text. (A) The average of dpw (left) and dpywy (right) as a function of Npwy and
Npw4, with contours shown every 0.1 A. (B) The average of Nyp, with contours from the
WT insulin PMF overlaid. (C) The average of Ay as a function of Npyw and Npyyy (left)
and as a scatter plot in the space of Npw1, Npwa, and qunhinding (middle). A structural
representation of the melted C-terminal A-chain « helix (red) along PW3 (triangle) is shown
in the right panel. Gatekeeper residues are shown as in the main text.

and Npyy = rsinf. Structures closest to each one of these grid points were drawn from
our unbiased simulation database and used to initialize the windows. Harmonic biases were
then placed on Npy and Npwy, with window strengths, &, set by applying eq. 4 in ref. 76,
with a maximum possible £ = 3 kJ/mol. The simulation and 2D exchange procedure of ref.
76 was also followed, simulating for a total of 2 ns per window, for an aggregate sampling
time of 800 ns. The PMF was constructed from this sampling using the Eigenvector Method
for Umbrella Sampling (EMUS) [93] extended to replica exchange data [76]. The resulting
PMF and related statistics are shown in Figure 3.11.
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Figure 3.10: Squared displacements from normal mode analysis, where each mode has been
normalized so that the sum of the displacements equals 100. The displacements are averaged
across the six monomers. The gray areas mark relevant secondary structure elements: the N
and C terminal o A-chain helices, A1-A9 and A13-21, respectively, and the B-chain  turn,
B18-B22.

The qualitative features of the DGA and REUS PMFs are quite similar, including stable
and metastable basin positions. Relative to the REUS PMF, the DGA PMF appears to
overestimate the free energy of the bound state by approximately 2 kg7 and to underestimate
the free energy in the upper left corner of the PMF (along PW4) by approximately 1-2 kgT'.
However, we take the overall agreement to be an indication that our sampling is sufficient.

We also projected the DGA-generated PMF into the space of Npwi, Npwu4, and ¢unbind
as discussed in the main text. This PMF is shown for multiple different slices of ¢unpbind
in Figure 3.12. In this representation, the free energy barrier for PW4 is the same as for
the 2D projection (approximately 5-6 kgT'). In contrast, the free energy barrier for PW1 is
somewhat higher (6-8 kT in the 3D case compared with 4-5 kg7 in the 2D case). This is
not unexpected, as the 3D projection allows us to more easily separate PW1 from PWla,
and from the area of the PMF associated with the (energetically stable) Hist™® ring flip in
the bound state. Despite these minor differences, we conclude that the free energy barriers

for PW1 and PW4 are comparable.
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Figure 3.11:  Comparison of PMFs generated using REUS and DGA. (A) DGA and (B)
REUS PMFs with contours shown every 1 kgT. (C) The difference of the two PMFs |
subtracting (A) from (B), with contours from the DGA PMF superimposed to guide the
eye. (D) The asymptotic variance of the REUS PMF.

Describing PW3 in 3D CV space. To help determine the transition state ensemble
for PW3, we projected the unbinding committor qu,1inq onto the space of Npwi, Npwa,
and Npws (Figure 3.13). This shows that the ¢upping = 0.5 surface occurs where Npyyg ~
80— 100, the maximum value Npyy3 obtains along PW3. This is in contrast to the transition
states along PW1 and PW4, which occur when Npy ~ 60 or Npwy ~ 60. These states
correspond to phenol having already partially escaped from the crystallographic binding

pocket, which occurs once the number of contacts with the corresponding gatekeeper residues

99



(1) ABiaua 2314

(1) ABsaua 3314

(1) ABsaua 2314

0 50 100 0 50 100 0 50 100 0 50 100
Npw1 Npw1 Npw1 Npw1

Figure 3.12: The PMF in the space of Npw1, Npw4, and ¢unhind, shown at indicated slices
of qunbind- Contours spacing is 1 kg7'. The minimum free energies for the panels in the first
row (¢ =0 to ¢ = 0.15) are 4.0, 5.7, 7.0, and 8.2 kT, from left to right.

have begun to decrease. In contrast, along PW3, the phenol has to push through a sterically
occluded region of the A chain to reach the gatekeeper residues, meaning that the phenol has
already partially escaped the binding pocket by the time it reaches them. Thus, despite the
seemingly different locations of the ¢ ping = 0.5 surface along PW1, PW3, and PW4, all of
the transition states exist once the phenol has partially escaped from the binding pocket.
Furthermore, the projection of Npwg into the space of Npwi, Npwy4, and qunbinding
(Figure 3.13) shows where this region of large Npyy3 occurs in the projection used in the main
text, further verifying the pathway definitions described there. Similarly, RMSDp projected
onto the same space shows that the areas of elevated RMSDp correspond to PW1a, PW4a,

and PW3, with the highest values corresponding to PW3. This is consistent with both the
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Figure 3.13: The committor and other statistics projected into three dimensions. (A) The
unbinding committor q,nping projected into the space of Npwi, Npwy, and Npws. The
Gunbind = 0.5 transition state ensemble is highlighted by the black arcs. The large arc near
Npws ~ 80 — 100 corresponds to the transition state along PW3. The two small arcs near
Npwi ~ 60 and Npwy ~ 60 correspond to the transition states along PW1 and PW4,
respectively. (B) The value of Npwg projected into Npw1, Npwy ,and qunpinding: (C) The
value of RMSDp projected into the same space as (B).

channel opening (along PW1a and PW4a) and the melting of the A-chain C-terminal « helix

(along PW3) previously noted.

Choice of the dividing surface. For measuring the relative weights of different binding
pathways, one needs to introduce a dividing surface between the bound and unbound states,
and to partition that surface into patches corresponding to different pathways. The relative
weight of each specific pathway is the sum of the current lowing normal through its patch on
the surface, normalized by the total amount of current flowing normal to the full surface. The
binding current, Jy;,q, was calculated with a lag time of 500 ps in the space of Npw1, Npwau,
and ¢p;pq- This was binned into a 50 x50 x50 uniform grid, covering 0 < Npw1, Npwa < 100,
and 0 < gping < 1. After binning in this CV space, the results were smoothed with a Gaussian
filter, using a kernel with standard deviation of 4 bins.

We chose to use the binding statistics (J,;,q and gpiq) to determine the relative weights
of the six pathways, instead of using the unbinding statistics (Jynbind a0d @unbind) @S in
the rest of our analysis. In the limit of infinite sampling, one would expect the binding and

unbinding statistics to mirror each other exactly, as the dynamics are reversible. However,
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we found that finite sampling led to small but noticeable differences in the reactive currents
(Jpind and Jynbing) that made the determination of the six pathways from J,ping more
difficult (Figure 3.14). In particular, the area of high reactive current along the Npywy, axis
is much more diffuse in Figure 3.14B than Figure 3.14A, as PW4 and PW4a blur together
when using the unbinding statistics. While slightly less visible due to the color scale, a

similar blurring occurs for PW1 and PW1la when using the unbinding statistics instead of

the binding statistics.
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Figure 3.14: Comparison of reactive currents for the unbinding and binding directions. In
each case, we show the dividing surface that best separates the six pathways. (A) The gping

component of Jyinq at ¢hing = 0.67. (B) The ¢unbing component of Jynpind 8t Gunbind = 0-33.

We use a plane of constant gy;,q as the dividing surface. Based on visual inspection of
Figure 3.15, we determined that qy,;,q = 0.63 provided the best separation of the pathways.

We used it to define the patches for both WT and mutant insulins as follows:

o PW4: Npywy > 66

PW1: Npw > 64 and not the above

PWi4a: Npywy4 > 32 and not any of the above

PW1la: Npwyp > 40 and not any of the above

PWa3: NPWl < 20 and pr4 < 16
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Figure 3.15: The ¢p,q component of Jy;,q at various different slices of gpiyq-

e PW2: None of the above

These choices are consistent with our ABMD simulations as well. Using these patches, we
calculated the relative weights of different pathways as a function of the value of ¢},;,4, shown
in Figure 3.16. Over the range of qp;,q values shown, we find the results to be insensitive to
the specific choice of dividing surface.

To probe the robustness of these relative weights, we measured them as we varied the
sampling distribution. In particular, we identified 50 trajectories from our unbiased data set

(692 total trajectories) which started along PW1/PWla, and we identified a similar set of
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Figure 3.16: The relative weights for the six identified pathways as a function of the value
of qpinq for the dividing surface.

Table 3.4: The relative weights for phenol unbinding along our six identified pathways,
measured after removing trajectories along the described pathways.

Data set PW1 (%) PWla (%) PW2 (%) PW3 (%) PW4 (%) PWda (%)

Full 692 11.2 11.2 16.3 12.6 13.7 35.0
-25 PW1 11.3 9.7 16.6 13.2 13.9 35.2
-50 PW1 9.7 9.7 17.0 13.3 13.9 36.2
-25 PW4 10.7 11.6 15.9 13.1 14.1 34.5
-00 PW4 11.3 11.3 16.6 13.1 13.1 34.7

50 trajectories that started along PW4/PW4a. We removed some of these trajectories and
re-measured the relative weights for phenol unbinding along each of our six pathways (Sup-
plemental Table 3.4). As we remove trajectories, from either PW1/PWla or PW4/PW4a,
the relative weights of the six observed pathways change very little (with all changes being
< 1.5%). This provides evidence that our sampling is robust enough to converge the relative

weight estimates from DGA.

Mutant simulation details. In addition to that for the wildtype protein, we constructed

models for two hexamers with one point mutation each (A10 Ile — Val, B13 Glu — Gln). In
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each case, we used CHARMM-GUI (version 3.2) to modify the 1ZNJ crystal structure at the
six sites that differed in sequence and then solvated the system following a similar procedure
to that described for WT. Below, we will comment on any differences between the workflow
described in the main text and the workflow we followed for each of these mutants.

For the A10 Ile — Val mutant, 54 K™ and 44 C1~ additional ions were aded to achieve
a neutral 150 mM KCI solution, for a total of 51,060 atoms. ABMD simulations were used
only to generate initial structures for the unbiased simulations. 140 ABMD simulations
of 5 ns each were originally run: 28 simulations for each of five force constants between
k=6 and k = 14 kJ / (mol nm). For two of these simulations, the binding pocket, which
was open after we solvated the system, was observed to close. From each of these closed
structures, 16 additional ABMD simulations were run at all five of the previously described
force constants, plus k£ = 16 and £ = 18 kJ / (mol/nm), as stronger force constants were
needed to encourage dissociation once the channel had been closed. Finally, supplemental
ABMD trajectories (28 at k = 6 and 28 at k = 14 kJ / (mol nm)) were run from one existing
trajectory that sampled PW3 as identified by ref. 158. In total, this driven data set thus
consisted of 28 x 54 32 x 7 4 28 x 2 = 420 trajectories, each of length 5 ns.

The grid in the cylindrical space of our CVs (again with Npjg = rcosf, Npy3 = rsinf,
and RMSDp) was changed to a 13 x 13 x 10 grid in (7,8, RM SDp) space, in order to generate
a similar number of unbiased simulations as we did previously; 356 unique structures were
selected from the ABMD database. From each of these points, two 40 ns simulations were
launched. To further sample PW3, as before, 20 structures from that pathway were identified
from the ABMD database, and from each of those structures, two 40 ns simulations were
launched. Thus, this unbiased data set consisted of 752 simulations, each of length 40 ns,
for an aggregate simulation time of 30.08 us.

For the B13 Glu — Gln mutant, 47 K* and 47 C1~ additional ions were added to achieve

a neutral 150 mM KCI solution, for a total of 51,196 atoms. Since the mutated glutamine
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residues could form a series of hydrogen bonds with one another, PyMOL 2.3.0 [179] was
used to individually rotate each side chain to flip the carbonyl and amine groups, creating
26 — 64 different conformations. We used the steepest descent algorithm to minimize the
energy of each of these conformations until the maximum force felt by the system was below
1000 kJ/mol nm. The lowest energy conformation was selected for all further simulations of
this mutant.

To generate initial structures for the unbiased simulations, 140 ABMD simulations of 5 ns
each were originally run: 28 simulations for each of five force constants between £ = 15 and
k =23 kJ / (mol nm). From these simulations, four structures were chosen that exhibited
channel opening. For each of these structures, 40 additional ABMD simulations were run at
k =23 kJ / (mol nm), for a total of 28 x 5+ 40 x 4 = 300 trajectories, each of length 5
ns. We used a 15 x 15 x 10 grid in (r, 6, z) space to select 331 unique starting structures. In
addition, 24 structures were chosen from the ABMD database that exhibited phenol release
along PW3. From each of these 355 structures, two unbiased simulations of length 40 ns

were launched, leading to a database of 710 trajectories (aggregate length 28.4 us).

Unimolecular and bimolecular rate constant estimates. The results for unimolec-
ular rates/equilibrium constants are presented as a function of lag time in Figure 3.17. To
calculate the bimolecular association rate, we must account for diffusion. To do this, we
adapt the approach of McCammon and coworkers [180]. We define two distances b and ¢
(b < ¢), each measured from the center of mass of the two central Zn?* ions. The distance b
should be large enough that interactions between the phenol and hexamer can be considered
centrosymmetric; based on our definition of the unbound state in the main text (Npwq < 2,
Npwy < 2, and Npyor < 5), we set b to be 3.3 nm. The distance ¢ was set to 5.3 nm, similar
to previous simulations [22]. For the statistics in this section, we redefine the unbound state
to be the center of mass of the phenol at radii larger than c¢. The probability of diffusing

from a sphere of radius ¢ to a sphere of radius b is 2 = b/c [181]. Using this, the association
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rate constant is k‘{)in q = 4mDbp, where D is the diffusion constant and p is the probability
of ultimately binding once the phenol first reaches a distance b. Adapting results from ref.

180, this quantity can be calculated from DGA using the relation:

/
Thind
p= , (3.3)
L- Q(l - ql/oind)

where q]’Oi 1d 1s the binding committor with the bound state defined as in the main text and

the unbound state defined as above. The factor p can also be used to correct the dissociation

rate for re-binding: &/ .. . = kpaa (1 — Qp), where &y, is the unimolecular unbinding

rate constant computed by DGA with the bound state as defined in the main text and the

/

unbound state defined as above. Note that q{ain qand kg

differ from g¢;pq and kypbind

in the main text owing to the redefinition of the unbound state.
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Figure 3.17:  Unimolecular rate constants and their ratio at a range of DGA lag times
for WT insulin and the two mutants, lle®10 — Val10 (A10 in the legend) and GluBl3 —

GInB13 (B13 in the legend). We show the inverse unbinding rate constant, kgnlbin ding (A),
the inverse binding rate constant kgull ding (B), and their ratio K = kynbinding/Fbinding (C)-

The diffusion constant was calculated as a sum of the self-diffusion constants for the
phenol and the hexamer determined separately, D = Dphenol + Dhexamer- 1he phenol was
solvated and equilibrated using the same procedures as described for the full hexamer in the
main text: the total number of atoms was 48,453, including 46 K™ and 46 C1™~ ions. The

box size was (7.839 nm)3. Both diffusion constants were determined by measuring the slope
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Figure 3.18: Bimolecular rate constant estimates as functions of DGA lag times for WT
insulin and the two mutants, Ile*10 — Val*10 (A10 in the legend) and GluP!3 — GInB13 (B13
in the legend). We show (A) the inverse unbinding rate constant, 1/k’ (B) the inverse

unbind’
binding rate constant 1/k{, ., and (C) the dissociation constant, Kp =k . /ki . ..

of the mean squared displacement of the center of mass of the relevant species, once it had
achieved linearity. For this, the phenol was simulated for 20 ns at 303.15 K, and Dpjen1 Was
2.7 x 107 em?/s. The diffusion constant Dy gxamer Was measured for each insulin species
(WT, A10 Ile — Val, and B13 Glu — GIn) by analyzing a 40 ns trajectory with all six
phenols bound, and Dy, Da1g, and Dgys were 4 x 1077, 1 x 1077, and 2 x 1077 cm2/s,
respectively.

The bimolecular results are presented as a function of lag time in Figure 3.18, and for
two representative lag times (as in the main text) in Table 3.5. The results are in good
agreement with measured values [172] given expected sources of error. First, the choice of
b is likely too short for orientational effects to be negligible, which will tend to increase p.
Second, diffusion in TIP3P water at 298 K is known to be a factor of 2.45 too high [182].
Third, both kl/oin q and k{l nbing e products, compounding statistical uncertainties. Fourth,
the experiments were performed with Co?t and p-aminobenzoate as bound ligands, instead

of Zn?T and C1™ as in these simulations.

Mutant DGA parameter choices. To the greatest extent possible, we used the same
simulation parameters for DGA for WT and mutant insulins. Differences were as follows.
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Table 3.5: Bimolecular rate constant estimates: The inverse unbinding rate constant,

1/ k{l nbing the inverse binding rate constant 1/ k{)m g and the dissociation constant, Kp =

k{mbind / kl/oind' Ranges derive from taking lag times between 500 ps and 1.25 ns.
Statistic WT A10 B13
1/k{1nbinding (us) 0.22-0.25 0.36 - 0.63 0.44 - 0.70
1/ K inding (15 M) 1.5-1.5x107° 1.5-1.6x107° 1.5-1.5x 1077
Kp (M) 6.0-6.8x107° 1.5-2.6x107° 35-22x107°
Kp experiment (M) 18 x 107° N/A 25 x 107°
[172]

For the A10 Ile — Val mutant, the bound state was redefined to reflect the means and
standard deviations of Npw1, Npw4, and RMSDp in a 10 ns equilibrium simulation of the
mutated structure with a closed channel. The means were 52.3, 29.8, and 0.076 A, and the
standard deviations were 5.18, 4.03, and 0.014 A.

Comparing the PMFs for WT insulin and B13 Glu — Gln insulin, the most stable basin
moves to where Hist? is flipped inward, facing the phenol (Figure 3.19). As a result, the
bound state shifted; the corresponding CV means were 77.3, 26.6, and 0.096 A, and the CV
standard deviations were 5.92, 4.40, and 0.016 A. For the B13 Glu — Gln mutant, we also
used a longer lag time (1.25 ns compared with 500 ps for WT insulin) because the pathway
weights converged more slowly (Figure 3.7). In turn, because the reactive current Jy;,q
becomes noisier as the lag time increases, the standard deviation of the Gaussian filter for

Jbind Was increased from 4 to 5 bins.

Statistics for mutant insulins. Comparing the WT and A10 Ile — Val PMFs (Figure
3.19A), we see that this mutation stabilizes the basin corresponding to the partially open
escape channel (see main text Figure 3 for the location of this region), making it lower in
free energy than the normal bound state. At the same time, the mutation causes a shift in
the binding reactive current from PW1, PWla, and PW2 to PW3 and PW4 (Figure 3.19).

The current flowing through PW4a generally shifts slightly upward in Npyyy. Overall, the
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total amount of reactive current flowing through the dividing surface is very similar to that

for WT insulin, and as result the rates are similar as well (Figure 3.17).
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Figure 3.19: Comparing statistics for phenol escape between WT and mutant insulins.
In each row, the first and third panels correspond to the NeA10 - Va0 mutant and
GluB3 — GInB13 mutant, respectively. The second and fourth panels are the differences
between the described mutant and WT insulin. (A) The potential of mean force, with
contours shown every kgT'. For the differences, the contours from the WT insulin PMF are
overlaid. (B) The average unbinding committor g,nping, With contours shown every 0.1, and
the qunbing = 0.5 surface shown in purple. For the differences, the contours from the WT
insulin PMF are overlaid. (C) The gp;,q component of the binding reactive current Jy;p,q,
taken when gy;,q = 0.63.

By contrast, B13 Glu — Gln insulin is dominated by a large-scale loss in .Jy);,,q through
all six pathways. As a result, the binding rate is slower. Looking at the level of individual
pathways, the largest area of reactive current loss corresponds to PW4a, and the areas

corresponding to PW1 and PW4 lose comparatively little reactive current.
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Figure 3.20: Interaction energies between B13 residues and the combination of Ser? / HisB10
as a function of Npyw and Npyyy, with contours shown every 10 kJ/mol. Arrows representing
PW1la and PW4a are overlaid in green and black, respectively. The star, circle, square, and
triangle mark the same landmarks as in Figures 2 and 3 in the main text. This is shown for
both (A) WT insulin, and (B) the B13 Glu — GIn mutant.

Table 3.6: The change in interaction energies between the free and bound state for WT
insulin and the B13 Glu — GIn mutant

Interaction AEwT (kJ/mol) AFEg;3 (kJ/mol) AAE (kJ/mol)
B13 - Bound Zn?t, C1~ -3.9 1.5 5.4
B13 - B13 3.9 5.1 1.3
B13 - B12 -0.9 0.4 1.3
B13 - B10 2.3 -3.5 5.7
B13 - B9 14.9 -1.0 -15.9

To understand the changes in the unimolecular ratio K = kynpinding/Kbinding UpOn mu-
tation, we calculated the interaction energies between the mutated residues and all 50 other
protein residues, as well as the bound Zn2t /C1™ ions, and the solvent (including the phenols).
We then averaged these quantities across the free and bound state for both WT insulin and
the relevant mutant, and measured AAE = AFEyytant —AEwT, where AE = Fpoo — Ehound-
For the B13 Glu — GIn mutation, all such interactions where |[AAE| > 1 kJ/mol are shown
in Table 3.6.

The interactions with the largest magnitude of AAFE upon the B13 Glu — Gln mutation
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Table 3.7: The change in interaction energies between the free and bound state for WT
insulin and the A10 Ile — Val mutant

Interaction  AFEywT (kJ/mol) AFEpqg (kJ/mol) AAE (kJ/mol)

A10-B1 -1.6 -0.4 1.2
A10-B5 0.8 1.9 1.1
A10-B2 2.9 1.6 -1.3
A10-Solvent -0.5 -3.7 -3.2

are B13 with SerP? and HisP10, as discussed in the main text. Phenol unbinding and channel
opening are correlated, and in the unbound/open state, the B13 side chain is able to rotate
to interact with the backbone residues of SerB? and HisB0. By making the B13 Glu —
Gln mutation, we replace a repulsive interaction between the carboxylate side chain and
the backbone carbonyl with a energetically-favorable hydrogen bond between the amide side
chain and the same backbone carbonyl. These interactions, which stabilize the unbound state
upon mutation, partially explain why K increases upon mutation. We calculated a similar
set of interactions for the A10 Ile — Val mutant, shown in Table 3.7. For this mutant, no
single interaction is comparably dominant.

To understand the effect of the B13 Glu — Gln mutation on the relative weights for the
six pathways (and for PW1la and PW4a in particular), we projected the B13 electrostatic
and Van der Waals interaction energies with SerP? and HisP10 as functions of Npw1 and
Npyyy for both WT insulin (Figure 3.20A) and the B13 Glu — Gln mutant (Figure 3.20B).
The interaction energy decrease along PW1a (green) is approximately 20 kJ/mol, while the

interaction energy decrease along PW4a (black) is 10 kJ/mol.
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mean square displacement (MSD) over 1 ns of waters in the central cavity of the hexamer
for (A) WT insulin, (B) A10 Ile—Val insulin, and (C) B13 Glu—Gln insulin. Results are
shown for 10 evenly sized bins for committor values between 0 and 1, with color given by the
scale in the leftmost panel. We compute the radial distribution function, g(r), from 15,000
structures in each committor value bin; we define r as the distance between the center of
mass of the specified species/residue (including main chain atoms) and the center of mass
of each water molecule. MSD values are for displacements over 1 ns from 5000 starting
structures for each committor value bin.
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Figure 3.22: Solvation dependence on channel opening. The (left) average RMSDp, (middle)
radial distribution functions for water around the specified species, and (right) mean square
displacement (MSD) over 1 ns of waters in the central cavity of the hexamer for (A) WT
insulin, (B) A10 Ile—Val insulin, and (C) B13 Glu—Gln insulin. Results are shown for 5
evenly sized bins for RMSDp values between 0 and 0.5 A, with color given by the scale in
the leftmost panel. We compute the radial distribution function, g(r), from 5,000 structures
in each RMSDp value bin; we define r as the distance between the center of mass of the
specified species/residue (including main chain atoms) and the center of mass of each water
molecule. MSD values are for displacements over 1 ns from 3000 starting structures for each

RMSDp value bin.
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CHAPTER 4
NEAR-ATOMIC MOLECULAR DYNAMICS OF A
METAMORPHIC PROTEIN: DYNAMICS OF THE KAIB
FOLD SWITCH

Abstract

The cyanobacterial circadian clock protein KaiB is one of the most well-characterized meta-
morphic proteins. The interconversion time between its two different folds (the ground
state and fold switched state) has been suggested to contribute to the period of the asso-
ciated oscillator. We use unbiased near-atomic level Upside simulations, which employ an
energy function obtained from machine learning, to estimate hydrogen-deuterium exchange
protection factors. Comparing directly with experimental measurements, we identify the
elementary units of fold switching. Using dynamical analysis to extract long-time statistics,
we characterize the ensemble of fold switching mechanisms. We find that while the isomer-
ization states of three prolines (P63, P70, and P71) tend to change during fold switching,
the primary free energy barrier corresponds to the loss of secondary structure in the fold
switched state. The fold switching most often proceeds via subglobal unfolding and refolding
events in the C-terminal half of the protein, which can occur in any order. Overall, the sec-
ondary structure elements in the C-terminal fold switching domain act as foldons, tending
to fold/unfold as units independent of one another. Our work provides the first statistical

view of fold switching of a metamorphic protein.

4.1 Introduction

For decades, scientists ranging from structural biologists to computational chemists have used

tools like X-ray crystallography, NMR, and Cryo-EM to solve for the structure of proteins.
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Although these stable structures can be purified and isolated, it is well-known that both in
vivo and in vitro proteins can exhibit a high degree of flexibility, which is often essential for
biological function [29, 77-79]. Furthermore, research into both intrinsically disordered and
prion proteins has underscored the important (and sometimes neurologically detrimental)
effects of deviations from experimentally solved protein structures [63, 183, 184].

Recent work into a class of proteins deemed “metamorphic proteins” has further expanded
the already-dynamic understanding of protein structure and how different structures might
interconvert. Instead of irreversibly aggregating like prion proteins, metamorphic proteins
can reversibly switch between two or more stable folds, often times accompanied by a change
in biological function [31, 32]. For example, the transcriptional antiterminator protein RfaH
reversibly switches between an « helix-rich fold and a (8 sheet-rich fold, which is essential for
RfaH to bind to RNA polymerase [185, 186]. For now, this class of proteins remains relatively
small, as many fold switching events are dependent on an unknown environmental trigger,
like a change in temperature or pH. Because of this, it is possible that a significant fraction
of characterized proteins, implicitly assumed to be monomorphic, are instead metamorphic
[187]. Beyond their physiological relevance, metamorphic proteins are also promising engi-
neering templates, as one amino acid sequence can encode a switch between two functionally
distinct entities, and this switch can be reversibly “flipped” to repeatedly convert between
those two entities [32].

A prototypical example of a biologically-relevant metamorphic protein is KaiB. Its re-
versible interconversion between two stable folds is an essential part of the cyanobacterial
circadian clock [75]. Specifically, KaiB is one of three proteins (KaiA, KaiB, and KaiC) that
form the core oscillator responsible for circadian rhythms in the cyanobacterium Synechococ-
cus elongatus. Much is currently known about the structural biology of the three proteins
in this oscillator, and how interactions between them and ATP lead to the observed KaiC

phosphorylation cycle. In brief, the binding of KaiA to KaiC promotes the phosphorylation
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of KaiC during the daylight hours, while the binding of KaiB leads to the sequestration of
KaiA, causing the dephosphorylation of KaiC at night. When bound to KaiC, KaiB adopts
a thioredoxin-like fold and exists as a monomer [75]. However, unbound KaiB tends to pop-
ulate a different fold, one that is biologically inactive and exists largely as a tetramer [74]. In
this chapter, we refer to KaiB’s biologically inactive fold as the “ground state” (gs), and the
biologically-active, thioredoxin-like fold as the “fold switched state” (fs). This work aimed
to discover the mechanisms of conversion between gs and fs KaiB, which is an example of
how interconversion between stable folds in metamorphic proteins can play a key biological
function.

KaiB is a 107-amino acid protein that can be divided into 2 broad domains: the N-
terminal domain (amino acids 1-50), which does not change secondary structure upon fold
switching, and the C-terminal domain (amino acids 51-107), which is the fold switching
domain. In the fold switched state, KaiB adopts the thioredoxin-like secondary structures
of fafapffa. In contrast, the last four secondary structure elements of the ground state
(all of which are in the C-terminal domain) are inverted, leading to secondary structures of
pappaaf [75]. These two folds are shown in Figure 4.1. KaiB also contains seven prolines.
The isomerization of prolines is known to be a slow, often rate-determining factor in protein
folding [5, 183, 188]. All seven prolines (P3, P19, P51, P63, P70, P71, and P72) in the WT
gs KaiB sequence are in the trans state [74]. In contrast, three of these prolines (P63, P70,
and P72) are in the cis state for a fs-stabilized KaiB mutant [75]. In Figure 4.1, we also
show the location of the four prolines in the C-terminal fold switching domain, colored by
their isomerization state.

While these structures have been resolved by both NMR and X-ray crystallography;,
many questions remain as to the mechanism of conversion between the ground state and
fold switched state. How does proline isomerization relate to the fold switch? How much

unfolding is present during the fold switch? If present, is the unfolding restricted to the fold
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switching C-terminal domain, or does it extend into the N-terminal domain? In what order
do the secondary structure elements in the fold switching region melt and reform? Is there

one dominant mechanism, or an ensemble of available pathways?

P72

P71

Figure 4.1: The crystal structures for gs KaiB (left, PDB ID 2QKE) and fs KaiB (right,
PDB ID 2JYT). The red secondary structures are in the N-terminal domain that does not
undergo fold switching. The orange, green, and blue secondary structures are in the fold
switching C-terminal domain. The insets show a view of the proline-rich area of the C-
terminal domain. Cgs corresponding to trans and cis prolines are shown as purple and pink
spheres, respectively.

Many of these questions have remained heretofore unanswered because, experimentally
and computationally, it is difficult to both discover and study fold switching in metamorphic
proteins. Computationally, rare events are difficult to model, as the timescale of all-atom
molecular dynamics simulations only extends to the order of milliseconds. Recently, we
showed how long-time kinetic statistics can be computed from an ensemble of short simu-
lations [25, 26] by Dynamical Galerkin Approximation (DGA). We have also applied this
method to study the the dynamics of protein-ligand interactions [147]. In this work, we
combine this method with the rapid near-atomic level molecular dynamics package Upside
[189, 190] that was recently shown to accurately replicate the PMF and denaturant de-

pendence of small proteins, as experimentally validated by hydrogen-deuterium exchange
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experiments [191]. Using these two methods, we can bridge the separation of timescales be-
tween theory and experiment, modeling the dynamics of the KaiB fold switch and comparing
directly to hydrogen-deuterium exchange NMR experiments.

In this work, we parameterized proline isomerization into Upside and identified three
prolines (P63, P70, and P71) that preferentially occupy the cis state in fs KaiB and the
trans state in gs KaiB. We also compared model results to experimental hydrogen-deuterium
exchange measurements on a KaiB mutant that favors the monomeric fs KaiB, finding that
most residues become solvent-exposed due to local or subglobal unfolding events. Notably,
we find almost no residues that exchange via global unfolding events, evidence against fold
switching mechanisms that involve a globally melted intermediate. We also found a negligible
free energy difference between fs and gs KaiB, in agreement with previous computational
predictions [192]. Importantly, we use equilibrium and dynamical statistics to characterize
the transition pathways between fs and gs KaiB, finding an ensemble of mechanisms that
involve the melting/refolding of C-terminal domain secondary structure elements in various
orders. The primary free energy barrier is associated with the breaking of [ sheets in
the C-terminal domain. Both the isomerization of P63, P70, and P71 and the melting of
the C-terminal « helix often precede the [ sheet breaking. Furthermore, we observe only
small-scale, subglobal unfolding of the N-terminal domain along the pathways of the fold
switch. This work clarifies the mechanism of KaiB fold switching, and provides the first
statistical view of the fold switching of a metamorphic protein. The combination of near-
atomic simulation and dynamical analysis is a powerful tool with great promise to shed light

on metamorphic proteins, intrinsically disordered proteins, prion proteins, and beyond.

4.2 Methods

Computational and experimental systems. All computational systems were prepared

using CHARMM-GUI version 3.7 [99, 193]. The X-ray crystal structure for tetrameric

119



wildtype (WT) ground state KaiB was retrieved from the Protein Data Bank (PDB ID
2QKE)[74]. Monomeric gs KaiB was isolated by modeling only chain B, since all residues
were resolved. The NMR structure of a fold switched KaiB mutant was also retrieved from
the Protein Data Bank (PDB ID 5JYT) [75], and CHARMM-GUI was used to mutate the
sequence back to the WT sequence. The same mutant NMR structure (truncated to just
amino acids 1-99) was also used to model the mutant used for comparison to the hydrogen-
deuterium exchange data. For all small peptide simulations (used for parameterization of
the proline double well potential), a 5 amino acid segment was taken from PDB 5JYT,
and mutated/capped using CHARMM-GUI to the following structure: Ac-Ala-Xaa-Pro-
Ala-Lys-NH2. Here, “Xaa” refers to the identity of the particular amino acid being tested.
All simulations were performed and analyzed with a combination of Upside [189, 190] and
MDTraj 1.9.6 [194].

Hydrogen-deuterium exchange NMR experiments were performed by Drs. Supratim Dey
and Andy LiWang at the University of California, Merced. We used the Y8A-Y94A-G89A-
D91R mutant of Thermosynechococcus elongatus KaiB, truncated to amino acids 1-99. This
mutant stabilizes the monomeric fs state [75]. Experimental AGyx values were determined
at 12°C and both pH 4.5 and pH 6.5, with standard errors measured across three independent
experiments for each pH. m-values were calculated by fitting the slope of AGpx (measured

at pH 4.5 and 15°C) against urea concentrations of 0.0, 0.5, 1.0, 1.5, and 2.0 M.

Description of Upside. While a full description of Upside can be found elsewhere [189-
191], we briefly describe the model and how it treats proline isomerization here. Upside
initially treats each amino acid as three beads, representing the N, C, and C, atoms. The
carbonyl oxygen and amide proton are then deterministically placed based on these three
beads. One additional oriented bead, which represents the amino acid side chain, is given
an initial probability distribution for six pre-set rotamers based on PDB data. The solvent

is treated in an implicit fashion. The pairwise probability distributions for all side chains
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are optimized to minimize an effective free energy, which combines a machine-learned energy
term and an entropic term. The forces are calculated and then applied to the backbone
atoms, which then undergo Langevin dynamics for one timestep. The temperature and
timescales are both intentionally left as arbitrary. We used Upside force field 1.5 (FF1.5)
for the initial simulations investigating proline isomerization. For all later simulations, we
used the newly-introduced Upside force field 2.1 (FF2.1). The more modern FF2.1 more

accurately captures both the disordered and native state ensembles [191].

DGA Parameters. Dynamical Galerkin Approximation (DGA) has been previously de-
scribed, in both methods and application [25, 26, 76]. Briefly, dynamical quantities such as
the committor and reactive current are cast as solutions to operator equations, and these
are then transformed to matrix equations through the introduction of a basis. The matrix
elements are estimated from unbiased sampling. In this work, we used a set of indica-
tor basis functions, analogous to the states associated with Markov State Models (MSMs)
20, 22, 23, 166, 167]. Indeed, the DGA can be thought of as a generalization of MSMs that
directly yields statistics for a specified reaction.

To generate this basis of indicator functions, we first used PyEMMA 2.5.9 [195] to fea-
turize our existing unbiased data into a set of pairwise distances. We chose the set of every
other o carbon from all of the residues defined in Table 4.1 and calculated all of the pairwise
distances between them, leading to a 406-dimensional set of input features for each frame
in our unbiased data set. We then applied k-means clustering to this featurized data set,
processing the data into 150, 200, 250, and 300 clusters. We explicitly set to zero all of the
data points that fall into either fs or gs KaiB (defined in Generation of the unbiased dataset
with proline isomerization allowed.), so as to obey the homogeneous boundary conditions of
the DGA operator equations. We also used an indicator for gs KaiB as the DGA guess func-
tion, ¥. We then used these basis functions as DGA inputs, generating a set of dynamical

quantities for lag times between 1 and 500 time steps for each basis set. These results were
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not sensitive to the size of the basis set; in the rest of this work, we present results from the
basis set of 300 indicator functions. Estimates of the committor and reactive current also
showed little dependence on the lag time, other than slight numerical instability at high lag
times. For the rest of this work, we chose a lag time of 2500 Upside time steps, which was
the largest value tested with no observed numerical instabilities. To help control numerical
errors, averages of the committor were generated after first propagating the committor value
forward in time either by the lag time or by the stopping time, whichever one is shorter. The
2D estimates of the reactive current were binned into a 21 x 21 grid in CV space, and these
binned values were smoothed with a Gaussian filter, using a kernel with standard deviation
of 2 bins. For the 3D estimates of the reactive current, the binning was 50 x 50 x 50 in CV

space, and the kernel’s standard deviation was 4 bins.

4.3 Results and Discussion

Through this work, we aimed to explore the mechanism of the KaiB fold switch. To do this,
we employed a pipeline of experimental and computational techniques, which we divide into
two sections. First, in Upside Parameterization and Comparison to Hydrogen-Deuterium
Ezchange Data, we sought to calibrate Upside and our sampling techniques to ensure the
model was experimentally reasonable and produced results that were physically interpretable.
Second, in Flucidation of KaiB Fold Switch Mechanism By Application of the Dynamical
Galerkin Approximation, we applied dynamical analysis to structurally and quantitatively

describe the mechanisms of the KaiB fold switch.
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4.3.1 Upside Parameterization and Comparison to Hydrogen-Deuterium

FEzchange Data

Before investigating the mechanism of the KaiB fold switch, we first explored the KaiB sys-
tem itself and validated Upside as a model capable of simulating the fold switch. First, we
used Upside to generate a suite of unbiased simulations that locked prolines in either the cis
or trans isomer in order to generate initial sampling and discover physically-interpretable
collective variables (CVs). Second, we implemented a double well potential to allow pro-
lines to isomerize during the course of a simulation. Third, we simulated the free energies
of hydrogen-deuterium exchange (HX) for an experimentally-available KaiB mutant and

compared them to experimental values.

Isomerizing prolines generated robust KaiB sampling. To discover the collective
variables that best capture the KaiB fold switch, we first sought to control the system and
generate sampling that spanned state space between gs and fs KaiB. Hypothesizing that
proline isomerization might determine the kinetics of the fold switch, we manipulated P63,
P70, and P72 to try to generate sampling of the fold switch. We chose these three prolines
because they switch from trans in gs KaiB to cis in fs KaiB (Figure 4.1). Early versions of
Upside used force field 1.5 (FF1.5) with a single-well potential for backbone isomerization,
meaning that over the course of the simulation, prolines were effectively locked into the
isomerization state in which they were initialized. We thus used this package to isomerize
and then simulate KaiB, hypothesizing that isomerizing fs KaiB prolines from cis to trans
might be sufficient to drive the simulations from fs to gs KaiB. This would give us the
sampling we needed to determine appropriate collective variables.

First, we needed to set a simulation temperature, as the Upside temperature scale is
arbitrary. To find a suitable simulation temperature that encouraged fold switching, we ran

a set of 28 temperature replica-exchange (T-REMD) simulations of fs KaiB with P63, P70,
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and P72 locked in the cis conformation. Each simulation was 1.5 million Upside time units
long, saving every 100 time units, at temperatures ranging between 7' = 0.8 and 7" = 1.0
(in arbitrary units), attempting exchanges every 10 time units evaluated by the Metropolis
criterion. After reweighting with MBAR [196], the melting temperature of fs KaiB was
determined to be T" = 0.94, the point where the number of KaiB hydrogen bonds as a
function of simulation temperature dropped dramatically. This temperature was chosen for
our preliminary simulations to increase the likelihood of seeing fold switching events.

765 unbiased simulations were then launched at T" = 0.94, each one starting from fs
KaiB, and running for 1.5 million Upside time units. This time, P63, P70, and P72 were
locked into trans to encourage transition from fs to gs. From this, we observed 55 fold
switching transitions, where the ground state structure was successfully recovered. We also
launched 242 simulations investigating the reverse transition, starting from gs KaiB but
locking P63, P70, and P72 in the cis isomer. Here, too, we observed multiple (four) fold
switching events. This is in contrast to all of our T-REMD simulations of KaiB, where even
at high temperature, we observed no fold switching events as long as P63, P70, and P72
were maintained in their native isomerization state. In these simulations, KaiB remained
near its native structure, before it eventually unfolded completely at higher temperatures.
We thus concluded that switching the isomerization state of these three prolines (P63, P70,
and P72) was sufficient to drive fold switching in either direction.

This procedure, using T-REMD followed by unbiased sampling based on isomerized start-
ing structures, was repeated when Upside force field 2.1 (FF2.1) was released. We aimed to
ensure that we achieved the same control of the fold switch with this new force field. Follow-
ing the T-REMD, we determined the melting temperature to be 7" = 0.915. This time, we
performed the unbiased sampling at three temperatures: T'= 0.85, T'= 0.89, and T' = 0.91.
Again, for each of these trajectories, we started in the fs structure and isomerized P63, P70,

and P72 from cis to trans. We observed no fold switching events for 7" = 0.85. For T' = 0.89
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and T' = 0.91, however, we observed eight and sixteen fold switching events, respectively.
For T' = 0.89, only one of these eight events passed through a globally unfolded intermediate
(defined as when the RMSD of the regions that make up the conserved N-terminal secondary
structure elements exceeded 2 nm). For 7= 0.91, 8/16 fold switching events passed through
a globally unfolded intermediate. This sampling, although providing multiple fold switch-
ing events, starts from a perturbed state of the isomerized fs KaiB structure. This likely
perturbs the dynamics of the fold switch. Additionally, by locking the prolines as either cis
or trans for the duration of the simulation, we lose the ability to discern the role of proline
isomerization during the actual fold switch. We discuss the development of a potential that

allows for proline isomerization during a simulation in a later section.

Three secondary structure variables and three RMSDs describe the fold switch.
By analyzing the unbiased trajectories generated in the previous section, we developed a
set of collective variables (CVs) that best capture the change from fs to gs KaiB while
remaining physically interpretable. Three of these variables, the Blue Transition (BT), the
Green Transition (GT), and the Orange Transition (OT'), measure the change in secondary
structure in the fold switching C-terminal region from fs to gs KaiB. The colors in these
variables refer to the colors chosen for secondary structures in Figure 4.1 and throughout
this work. We defined these residues by inspecting the crystal structures and preliminary
equilibrium simulations of the fs KaiB and gs KaiB ensembles; the identities of the amino
acids (AAs) involved in colored secondary structure elements are shown in Table 4.1. We
also defined a set of three RMSDs: RMSDy, RMSDgg, and RMSD,¢q. RMSDg measures
the RMSD relative to the fs KaiB structure for all the backbone heavy atoms (C, N, O, CA)
in the fs row of Table 4.1. RMSDygs is a similar variable for gs KaiB. RMSD,,q measures the
heavy atom RMSD relative to gs KaiB of the secondary structures in the N-terminal region,
the red residues in Table 4.1. This is a proxy for global unfolding, since the N-terminal

region likely remains well ordered unless the protein is globally melted. Since this region is
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Table 4.1: Residue definitions, in terms of amino acid (AA) numbers, for the colored sec-
ondary structure elements seen in Figure 4.1 and referenced throughout this work.

KaiB Fold Red AAs Orange AAs  Green AAs Blue AAs
Gs 9-14, 21-35, 41-46 62-67 72-81 87-93
Fs 9-14, 21-35, 41-46 64-69 73-77 84-96

conserved between fs and gs KaiB, the choice of reference crystal structure did not noticeably
change RMSD,.q.
The mathematical form for the three secondary structure CVs (with = B, G, and O)

is as follows:

./,UT - Qg’gs - Q;/,fs (4.1)

This equation represents a difference between two measures of contacts, )7, for fold
switching secondary structures of type v = « or v = . Each term in the above equation
is based on a different set of contacts, but both are normalized to vary between 0 and
approximately 1. For « helices, Q7 = Q% is simply the fraction of heavy atom native
contacts that the particular helix makes with all other heavy atoms in KaiB, as defined by
Best et al. [197]. The native structures used to compute Qf o and Q%,fs were the crystal
structure for gs KaiB (PDB ID 2QKE) and fs KaiB (PDB ID 5JYT), respectively. We set the
distance cutoff to determine initial native contacts as 0.45 nm, and the 8 and A parameters
to be 50 nm~! and 1.5, respectively. 3 determines the “softness” of the switching function,
determining how quickly the contact function decays from 1 to 0 after the reference distance
is passed. A is the tolerance for the reference distance, providing slack to allow atoms at
near-native distance to still be considered contacts. Heavy atoms in close proximity were
only considered native contacts if they were more than 3 residues apart. Q% thus ranges
from 0 to 1, with Q% = 1 indicating a fully-folded « helix in the correct location, and Q% = 0

indicating a fully melted a helix making no native contacts.

126



While this variable accurately captured the melting/repositioning of KaiB « helices, we
found this definition too restrictive when measuring S sheets. In particular, this definition
was too sensitive to [ sheet register shifts, measuring a 1- or 2-residue register shift in KaiB’s
antiparallel 5 sheets (often seen in our preliminary simulations) as a near-complete melting
transition. Thus, for 3 sheets, Q7 = Qﬁ is a modified version of what is defined in ref.
197, and instead measures the number of total contacts made between nearby [ sheets,
normalized to the total number of contacts between those 5 sheets in the crystal structures.
This definition now measures a 3 sheet register shift as only a slight decrease in (), as new
non-native [ sheet contacts compensate for the lost native contacts. Qﬁ parameters (both
B and \) were the same as Q%. For Qg,fs’ we measured contacts between the fs orange
residues in Table 4.1 and the red § sheet residues (AAs 8-13). For ngs, we measured
contacts between the fs green and fs orange residues in Table 4.1. For QﬁB, g We measured
contacts between the gs blue residues in Table 4.1 and the red 3 sheet residues (AAs 8-13).

The specific definitions for GT', BT, and OT are given below:

GT = Q% 4 — ngfs (4.2)
BT =Ql , — Q% s (4.3)
OT = QP s — QA (4.4)

Because it is possible for non-native conformations to have more overall contacts between
specified [ sheets than the crystal structure does, QB ranges from 0 to approximately 1.3.
Since )y, is explicitly bounded between 0 and 1, this means that the typical ranges for GT

and OT were between —1.3 and +1, while the typical range for BT was between —1 and +1.3.

Double well potential allows for proline isomerization during the course of a

simulation. As described previously, Upside FF1.5 and FF2.1 by default handle the proline
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Table 4.2: Proline isomerization based on Ac-Ala-Xaa-Pro-Ala-Lys-NH2. Experimental data
(%cis (exp)) taken from refs. 4 and 5, measured at 23° at 20 mM sodium phosphate and pH
6.0, except for His, which was measured at pH 8.0. Theoretical results from Upside (%cis
(ups)) were generated with 7' = 0.89 using FF2.1. Xaa candidates found in KaiB are marked
with an asterisk. For Xaa = Pro, the proline at amino acid position 2 was also allowed to
isomerize and was parametrized with the data from Xaa = Ala.

Xaa  Ycis (exp) Ycis (ups)  AEg irans (KBT)

Pro* 6.0 6.2 2.1
Lys 6.8 7.9 24
Arg 7.2 7.6 1.5
Asp 7.3 6.7 0.6
Ala* 7.7 7.6 2.0
Cys 8.7 8.5 1.1
Glu 9.0 8.8 1.1
Thr* 9.4 9.2 1.1
His 9.5 9.6 1.1
Met 10.0 9.5 1.2
Val 10.4 10.3 1.2
Gln 11.5 11.1 0.9
Asn 11.6 114 0.5
Leu* 12.0 11.8 1.1
Ile 12.0 11.6 1.1
Gly 13.7 14.2 1.6
Phe 23.0 23.9 0

Tyr 24.0 23.3 0

Trp 37.7 37.6 0.6

dihedral angle with a harmonic potential centered at either 180° or 0°, depending on whether
the proline was initialized in the trans or cis state, respectively. It is possible, however, that
some or all of the prolines in KaiB isomerize during the course of the fold switch. To allow for
the the explicit isomerization of the prolines during individual simulations, we implemented
a two-well proline isomerization potential, with minima at 180° and 0°, separated by a 3
kT barrier. We optimized the difference in energy between the cis and trans wells to match
literature values that are dependent on the preceding amino acid [4, 5].

To set this parameter, we run a suite of simulations for five-amino acid fragments, each

with at least one proline that is allowed to isomerize. In KaiB, the seven prolines are preceded

128



by one of four unique amino acids (Ala, Leu, Thr, Pro). For each one of these amino acids, a
five-amino acid peptide was built as described in Methods. For each peptide, 8 independent
unbiased simulations of length 20 million Upside time units were run from each initialization
state (cis or trans), where AE Jtrans = Eois — Eirans ranged from —1.0 to 2.7 kgT. The
proline dihedral angle was calculated, and the proline was considered cis if ¢ € [—7/2,7/2].
We observed no difference in the probability distributions based on cis/trans initialization,
so for all other amino acids, we only initialized with ¢rans prolines. Table 4.2 describes the
AE Jtrans value that best reproduced experimental values. In this work, we used these

parameters for all simulations where we implemented the double well proline potential.

Experimental hydrogen-deuterium exchange (HX) measurements reveal 16 EX2
residues. To help validate Upside as a model and determine the stability of fs KaiB sec-
ondary structures, AGyx values were experimentally measured and compared to the values
estimated from Upside simulations. The classical model of hydrogen-deuterium exchange
assumes that exchange occurs after an amide hydrogen (Hy) undergoes a transition from a

protected (closed) to a solvent-exposed (open) state [198, 199]:

k k:
Hl(;\%osed op HoNpen int DONpen (45)
kcl

where kop and k) are the opening and closing rates, respectively, and ki, is the intrinsic
rate of exchange for a given residue. Since ki, is proportional to hydroxide concentration
at pH 4 and above [200], this intrinsic rate is pH-dependent. Using either NMR or mass
spectrometry, experiments measure the apparent rate at which protons exchange (kopg),

which can be expressed as

L _ kopkint -~ kopkint _ King
obs kop + kel + kint — kop +ka  PF
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where the so-called Protection Factor (PF) is defined as PF = 14k /kop. The approximation
made in Eq. 4.6 is that k. > kjy¢, which is known as the EX2 regime [201]. The opposite
extreme, where kit > k], is known as the EX1 regime. As described in ref. 191, we compute

AGyx values by using

AGpx = RTIn(Keq) = RT'In (:—d) ~ RTIn(PF —1) (4.7)
op

Because this assumes the exchanging Hys are in the EX2 regime, we only compare residues
between simulation and experiment that were EX2. Experimentally, in the EX2 regime
kohs X kint is pH-dependent. In contrast, in the EX1 regime ki, > k., which means
Fobs = kop is not pH-dependent. Comparing experimental measures of the observed exchange
rate across pH 4.5 and pH 6.5, we determined the following sixteen residues to be in the
EX2 regime: V9, L25 - L32, Y40, A41, L65, R74, 176, V86, R91-L.93. Comparing to the fs
row of Table 4.1, we note that V9, L25-1.32, and A41 map to secondary structures in the
N-terminal domain, while L65, R74, 176, V86, and R91-1.93 map to secondary structures in
the fold switching C-terminal domain. These residues open and close quickly compared to
the timescale of hydrogen-deuterium exchange, confirming that these secondary structures

are thermodynamically stable.

AGyx and its denaturant dependence. To generate computational estimates of AGyx,
we used Upside FF2.1 to run 48 T-REMD simulations of fs KaiB with P63, P70, and P72
locked in the cis conformation. We did this, instead of allowing the prolines to isomerize,
because the rate of hydrogen exchange is much faster than the rate of proline isomerization
[4]. Thus, experimental HX measurements correspond to a single isomerization state, which
here was measured to be cis via X-ray crystallography. Each simulation was 2 million Upside
time units long, saving every 100 time units, at temperatures ranging between 7' = 0.7

and T = 1.1 (in arbitrary units), attempting exchanges every 10 time units evaluated by
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the Metropolis criterion. The protection factor and AGyy ; for each non-proline residue

(labelled with ¢) was calculated as in ref. 191:

(4.8)

AGHXJ = RT In (w—PSZ>

1—w-PS;

The overlines indicate an average across all N simulation frames, and w is the MBAR
reweighting factor used to combine the T-REMD data [196]. P.S; indicates the protection
state for the ith residue, determined by adapting Persson and Halle’s criteria for exchange
competent amide nitrogens (H-bond is broken and the NH is coordinated to at least 2
nearby waters [202]). Instead of hydrogen bonds, we used Upside to calculate an H-bond
score, which is a geometric measure of nearby backbone carbonyl and amide oxygens. This
score has been transformed to vary between 0 (no H-hond) and 1 (H-bond). The distribution
of the H-bond score is effectively bimodal, with peaks near 0 and 1. Also, since Upside does
not contain solvent molecules, we instead calculated the burial level (BL) of each residue.
This burial level is a geometric measure of the number of nearby residues, with contributions
from backbone beads and side chain beads. If BL > 5, the residue is considered “buried”,
meaning that it would not be accessible to solvent. Combining these two conditions, P.S; = 1
if BL > 5 or if the amide is H-bonded. Otherwise, PS; = 0. A full description is found
in ref. 191. The Upside temperature (which, again, is on an arbitrary scale) was chosen to
minimize the mean squared error of the computational predictions for EX2 residues. Doing
that, we found that 7" = 0.87, which is slightly higher than the estimated room temperature
for Upside FF2.1 (T = 0.85).

The denaturant dependence of AGyx for EX2 residues also provides information as to
the origin of the unfolding events that lead to amide exposure [203]. These unfolding events
are in three broad categories: global unfolding, subglobal unfolding, and local opening. The
degree of denaturant sensitivity is measured as the m-value, the slope of AGpx against

denaturant concentration. The m-value of EX2 residues is proportional to the amplitude
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of the amide-exposing unfolding event [204]. Residues that exchange via global, subglobal,
and local unfolding events have a high, intermediate, and low/zero m-value, respectively.
In practice, different regimes can dominate at different concentrations of denaturant. For
example, an opening event that transitions from subglobal to global unfolding as the denat-
urant concentration increases corresponds to a biphasic AGgx vs. denaturant concentration
graph, with an intermediate slope at low denaturant concentrations transitioning to a large
slope at high denaturant concentrations.

To measure the degree of local, subglobal, and global unfolding, m-values were calculated
by fitting the initial (low denaturant) slope of AGyx ; against the concentration of urea.
The denaturant dependence of the computational prediction of AGyx ; was calculated as in

ref. 191. For this, the reweighting factor w in equation 4.8 was redefined to be

closed

W = WMBAR €XP ( RT

. NEN fden
Nelosed * |4 ]) (4.9)

This reweighting accounts for simulated denaturant (with concentration [den]) by assuming it
destabilizes conformations proportional to the number of solvent-protected backbone amides

(NHN

closed); WMBAR is the original MBAR reweighting term. The parameter that measures

the sensitivity of KaiB to this denaturant (s) is left as a free parameter that is set to best
match experiment. We vary this parameter between 0.02 and 0.52. We also re-optimize
T around our previous value of T" = 0.87, as there might be coupling between these two
parameters. Together, the combination of (s,7") that minimized the mean squared error of

the computational predictions for EX2 residues was T' = 0.87 and s = 0.25.

Comparing computational and experimental HX measurements validates Up-
side and reveals primarily subglobal unfolding. We sought to compare experimental
and simulated AGgx and m-value measurements to validate Upside as a model, and to

determine how fs KaiB tends to unfold. We show the simulated AGpx as a function of
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simulated denaturant (using equations 4.8 and 4.9) in Figure 4.2A, and explicitly compare

to experimental data in Figure 4.2B.
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Figure 4.2:  Comparing results for simulated and experimental HX measurements. (A)
Simulated values of AGgx as a function of denaturant for residues in the labelled secondary
structures. We display the structure of the tested KaiB fs mutant for reference, with sec-
ondary structure elements labelled. (B) The comparison of simulated to experimental results
of the fs KaiB mutant. We show comparisons of AGgx at experimental pH=4.5 (left) and
pH=6.5 (middle). We also show comparison of m-values (right), which is the initial slope of
AGpx against denaturant concentration. In all cases, data is colored by secondary structure
as in panel A, and error bars are given for experimental data as the standard error across
three runs. Opaque data points were experimentally determined to be in the EX2 regime,
while translucent data points were either EX1 or undetermined. Also displayed is the line
where x = y (black dotted line). For the simulated results, we show results for 7' = 0.87 and
s = 0.25, parameters that set the internal Upside temperature and sensitivity to simulated
denaturant, respectively. We also show the Pearson correlation coefficient for EX2 residues.

The AGgx values are well-clustered within each secondary structure (Figure 4.2A), pro-
viding evidence that Upside is consistently modeling HX for similarly protected residues.
The residues with lower AGgyx compared to the rest of the secondary structure in g1 (V9),

£3 (V68 and L69), and a3 (E84, E95, and E96) are all at the edges of their respective
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secondary structure element, making it plausible that they are more solvent-exposed than
other residues within that element. Furthermore, most of these traces exhibit a biphasic de-
naturant dependence, with relatively small slope at low simulated urea concentrations and
a larger slope at higher concentrations, with the conversion point being at [Urea] ~ 1.5 M.
Beyond being consistent with experimental observations, this type of behavior is a hallmark
of solvent exposure that proceeds through subglobal unfolding events, as discussed earlier.
Here, at low/intermediate concentrations of urea, amide hydrogens can become solvent ex-
posed through partial unfolding of secondary structures, as opposed to global unfolding of
the entire protein (which is only found at high denaturant concentrations).

Turning to Figure 4.2B, we see that Upside predicts a larger range of AGyx for EX2
residues compared to experimental estimates. It is possible that Upside is more sensitive
to amino acid position within a secondary structure, as opposed to experimental estimates
which more tightly cluster these AGyx values. In particular, Upside seems to underesti-
mate both AGyx and m for residues that are either in 84 (green) or not within a defined
secondary structure element (gray). More work is needed to fully untangle the sources of
error, whether they arise from force field inaccuracies or the lack of explicit solvent. Despite
these quantitative discrepancies, Upside still captures qualitative experimental features like
the biphasic AGyrx behavior discussed earlier and the lack of any residues that only become
solvent-exposed via global unfolding events. If some residues exchanged only via global un-
folding events, some AGyx vs. [Urea] traces would be monotonic with a large slope, which
we do not find in either experiment or simulation. This suggests that the fs KaiB mutant
under experimental conditions (namely, 12 °C) always has a subglobal unfolding event that
is more dynamically accessible than a global unfolding event at low denaturant concentra-
tions. Additionally, comparison to experiment validated Upside as a model that is capable
of measuring an experimentally-reasonable ensemble of structures, providing confidence in

our statistical estimates moving forward.
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4.3.2  Elucidation of KaiB Fold Switch Mechanism By Application of the

Dynamical Galerkin Approximation

After CV discovery and Upside calibration, we moved on to characterizing the fold switching
mechanism. We first generated a large set of sampling that explored the fold switch and
explicitly allowed prolines to isomerize. We then used the Dynamical Galerkin Approxi-
mation (DGA) [25, 26] to estimate equilibrium averages and long-time dynamical statistics
from this data set of unbiased simulations. From the DGA, we were able to compute a
potential of mean force, a set of committors, and a set of reactive currents. The commit-
tor measures the probability of, for example, reaching gs KaiB before returning to fs KaiB,
and the committor-1/2 surface defines the transition state ensemble for the fs-to-gs tran-
sition. The reactive current measures how trajectories that move from fs-to-gs (and vice
versa) move across CVs, providing information as to specific mechanisms and their relative
weights. Doing this, we statistically compared fs and gs KaiB and described how the two
folds interconvert. We also computed the likelihood of individual mechanisms and identified

structural features that corresponded to the transition state ensemble.

Generation of the unbiased dataset with proline isomerization allowed. To per-
form dynamical analysis, we wanted sampling that thoroughly covered the transition state
regions between the fs and gs states. We also wanted to allow the prolines to switch their
isomerization state during the simulation, as previously described. Thus, we needed to ini-
tialize a large set of simulations that explored CV space between fs and gs KaiB, and we
needed to choose a simulation temperature. We do not use the temperature determined
from HX analysis, as this corresponded to the experimental temperature (=~ 12°C) for a fs
KaiB mutant. Instead, we wanted a temperature for WT KaiB that was high enough to
encourage the fs-to-gs transition. Furthermore, from the HX measurements, we knew that

fs KaiB tends to unfold primarily through subglobal unfolding routes. Thus, we also wanted
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this temperature to be low enough to not cause global KaiB melting. To this end, we chose
T = 0.89, as during previous sampling we obtained eight fold switching events, and only
one of them proceeded through a globally unfolded intermediate (see Isomerizing prolines
generated robust KaiB sampling).

These eight fold switching simulations, even though they locked prolines into the trans
state, provide a database of possible starting structures for new sampling that allowed the
prolines to isomerize. Thus, from each of these 8 transitions, we selected 32 starting struc-
tures that were evenly spaced in simulation time, providing good coverage in the space of the
CVs described earlier. From each of these starting structures, we launched 2 independent
unbiased simulations of length 1.5 million time units, one initialized with P63, P70, and P72
in the cis state, and one initialized with the same prolines in the trans state. Regardless
of the initialization, the simulations were parametrized with the double-well potential that
allows for proline isomerization during the simulation itself. For all of these simulations, we
used Upside FF2.1 at T" = 0.89, saving configurations every 50 time units, with the previ-
ously described proline double-well parameters. This gave us a total of 8 x 32 x 2 = 512
simulations, for an aggregate length of 768 million Upside time units. We observed the
timescale of proline isomerization to be much faster than that of secondary structure melt-
ing/formation, such that the simulations can be meaningfully considered to sample a single
ensemble. By comparing averages of CVs in sampling density maxima associated with fs
and gs KaiB to the available crystal structures, we defined fs and gs KaiB in terms of our
previously described CVs. In particular, we defined fs KaiB to be where GT < —0.78,
BT < —0.83, OT < —0.75, and RMSDg < 0.35 nm. Additionally, we defined gs KaiB to be
where GT' > 0.57, BT > 0.98, OT > 0.75, and RMSDgg < 0.45 nm.

P63, P70, and P71 (and not P72) are primarily cis in fs KaiB. We measured the
backbone proline dihedral w for all structures in our unbiased DGA dataset, considering a

proline in the cis conformation if |w| < 90°. We then calculate the percentage of prolines in
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Table 4.3: Percentage of prolines in cis conformation for the seven prolines in the WT KaiB
sequence, histogrammed across both fs and gs structures from our unbiased DGA data set.

P3 P19 P51 P63 P70 P71 P72
Jocisgs 9.4 1.0 4.9 0.0 0.0 0.1 1.1
Yocisg 9.7 1.2 10.1 35.1 15.7 68.3 2.3

the cis conformation for each proline in the WT sequence, data summarized in Table 4.3.

For P63, P70, and P71, the cis isomer is preferentially associated fs KaiB, while the
trans isomer is preferentially associated with gs KaiB. This is in comparison to data from
available crystal structures, which resolve P63, P70, and P72 as the three prolines that switch
isomerization state from gs to fs KaiB. While we see such behavior for P63 and P70, our data
instead assigns P71 as the third proline to favor the cis isomer in fs KaiB, instead of P72.
Indeed, P71 is 68.2% more likely to be cis in fs KaiB than it is in gs KaiB, according to our
simulations. Of all WT KaiB prolines, P71 has the largest such preference, almost double
that of P63. In contrast, P72 is dominantly trans for both gs and fs KaiB. This discrepancy
between our Upside data and available crystallographic data could be due either to the
sequence difference between WT KaiB and the fs-stabilized mutant, or an inadequacy of
the model. Further experimental and simulation results, perhaps from all-atom molecular
dynamics, are needed to further investigate proline behavior in KaiB.

Regardless, it is clear that the isomerization state of the prolines in the fold switching
C-terminal domain is strongly correlated to the fold KaiB adopts. This is consistent with the
observation that proline isomerization is an important element of protein folding. Instead
of being driven to one stable fold by the correct isomerization of prolines, KaiB instead can
adopt one of two different stable folds, each one associated with a different set of proline
isomerization states. We discuss how proline isomerization is related to the mechanism of

the fold switch itself in a later section.
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2D averages correlate free energy basins to secondary structure, and reveal little
free energy difference between fs and gs KaiB. To first investigate the mechanism
of the KaiB fold switch, we built a 2D potential of mean force (PMF) in the space of GT
and BT, CVs that track two secondary structure transformations in the C-terminal fold
switching domain. This PMF, along with structures corresponding to various basins in this

2D space, are shown in Figure 4.3A.
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Figure 4.3: The potential of mean force and other equilibrium averages of collective vari-
ables. (A) The PMF as a function of GT and BT, with contours shown every kgT. Fs
KaiB is in the bottom left corner, while gs KaiB is in the top right corner. Other intermedi-
ate structures are labelled and displayed around the PMF. (B) Equilibrium averages of OT
(top, contours every 0.2), RMSD,¢q (middle, contours every 0.1 nm), and the number of cis
prolines (ngjg, contours every 0.2) in the C-terminal domain (P63, P70, P71, and P72).

First, we measured the average free energies of the basins corresponding to fs KaiB

(bottom left corner of Figure 4.3A) and gs KaiB (top right corner), and found them to be
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0.5 and 0.4 kgT. This near-identical free energy of the two stable folds agrees with the results
from Rivera and coworkers, who used confine-convert-release molecular dynamics [205, 206]
and a thermodynamic cycle to measure the free energy difference between gs and fs KaiB as
—1 =+ 3 kecal/mol [192]. The two folds have near-identical stability, which is consistent with
KaiB’s metamorphic character. Interestingly, the global free energy minimum of our 2D
PMF (set to 0 kgT) is near Structure 4 of Figure 4.3A, where the green fs § sheet has been
broken, and has slightly refolded to form a small, three-residue « helix, smaller than the
green « helix in gs KaiB. While all the structures shown correspond to free energy basins,
Structure 4 represents a particularly stable intermediate.

The PMF is largely dominated by vertical and horizontal free energy troughs, corre-
sponding to the melting and refolding of individual elements of secondary structure. The
lack of troughs along diagonals provide evidence that it is most energetically favorable for the
secondary structure elements to fold and refold as units independently of one another, rather
than in a concerted fashion. This is consistent with the idea of protein folding proceeding
via foldons, small cooperative units that fold together in various orders [47, 48, 50, 207]. We
first focus on describing motions along individual axes, and then describe global features of
the PMF and its associated averages. As one moves from —1 to 0 to +1 along the GT' axis of
Figure 4.3A | the green 3 sheet in fs KaiB first melts to form a near-disordered structure, and
then folds to the extended « helix. This corresponds to the transition in the green regions
moving from FS to Structure 4 to Structure 5. Structure 5 is a metastable intermediate that
corresponds to the green fs § sheet having completely refolded to a near-gs KaiB « helix,
but with the blue fs a helix having melted into a disordered strand, here sticking out away
from the rest of the protein.

Along the other axis, as one moves from —1 to 0 to +1 along BT, the blue « helix in
fs KaiB first melts to form a near-disordered strand, before it refolds to a 3 sheet like the

one seen in gs KaiB. This corresponds to the transition in the blue regions moving from
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FS to Structure 1 to Structure 3. In terms of the Green Transition, Structure 1 has a fs-
like green [ sheet, while Structure 3 has a disordered green strand that has yet to adopt a
secondary structure. The final structure displayed in Figure 4.3A is Structure 2, which has
an C-terminal domain that is nearly completely disordered, as the green and blue secondary
structures of both folds have melted.

The largest free energy barrier separating all of these structures is where G'I' ~ —0.3, cor-
responding to where the green fs § sheet melts. The two most stable energetic troughs that
traverse this barrier are (1) between fs KaiB and Structure 4, and (2) between Structures 1
and 2. The maximum free energy barriers for these crossings are 3.8 and 4.3 kgT', respec-
tively. Thus, in terms of free energies, it is slightly more favorable to first melt the green fs
£ and then the blue fs a helix, compared to the reverse ordering. The similar maximum free
energy barriers of these two pathways, however, suggest that both are likely populated at
room temperature. In later sections, we use dynamical statistics to more completely describe
the pathways of melting the fs KaiB secondary structures.

Comparing the PMF to the averages in Figure 4.3B, we note that the maximum free
energy barrier is well correlated to a sharp increase in OT'. Structurally, this increase means
the orange fs [ sheet has melted and is now disordered, or even beginning to fold into an
a helix, similar to the one found in gs KaiB. Structures 2, 4, and 5 show such an orange «
helix, while Structure 3 instead shows a disordered orange region. This provides evidence
that the melting of green and orange [ sheets in fs KaiB are correlated. Structurally, this
makes sense, as these 3 sheets are interacting with one another, so once one melts, the other
is more likely to melt. Furthermore, this free energy barrier is also correlated to an increase
in average RMSD,q, from approximately 0.2 nm to approximately 0.5 nm. This level of
unfolding is primarily manifested in the partial or complete melting of one red [ sheet or the
red o helix. The complete unfolding of the red region corresponds to an RMSD,.q of 0.75

- 3 nm. While we chose the Upside temperature 7" = 0.89 to minimize this type of global
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unfolding, we do see some such behavior in the bottom right quadrant of the PMF. In a later
section, we describe the contribution of this region to the overall progress of the fold switch.

Finally, where GT =~ —0.5, we also find that the average number of cis prolines in the
C-terminal domain (ngs) decreases from approximately 1 to approximately 0.2. P63, P70,
and P71 are all located either at the beginning or end of the green/orange fs KaiB /3 sheets.
The isomerization of these residues could thus disrupt green/orange (5 sheet hydrogen bonds,
thereby encouraging the sheet to break. This is consistent with the isomerization occurring
where GT =~ —0.5, since GT tracks contacts between green/orange residues. However,
proline isomerization in the C-terminal domain (dominated in our case by P71) largely
precedes the primary free energy barrier. The melting of the green and orange (5 sheets has
a higher free energy cost than the isomerization of the prolines does.

Once the free energy barrier has been crossed and the green and orange (3 sheets have
been broken (where GT' > 0), the free energy surface is relatively smooth. The observed
free energy basins are relatively shallow and are connected by free energetic troughs with
maximum barriers of 2-3 kgT'. In particular, starting from gs KaiB, the barrier to melting
either the blue g sheet or the green « helix is approximately 2 kgT', lower than the 3-4 kgT

barrier required to melt the fs KaiB elements of secondary structure.

2D dynamical statistics reveal transition state ensemble that corresponds to the
breaking/formation of fs KaiB secondary structures. Dynamical statistics like the
committor, ¢, and the reactive current, J, provide useful mechanistic information about rare
events. Since the committor from fs to gs KaiB (ggog) tracks the probability of next entering
gs KaiB instead of fs KaiB, it is by construction the ideal reaction coordinate to track the
fold switch. In addition, the committor-1/2 surface defines the transition state ensemble.
Finally, the reactive current from fs to gs KaiB (Jge) provides a view into how reactive
trajectories move across our set of CVs, and in particular across G'I' and BT, discussed at

length in the previous section. Estimates of the committor and reactive current are shown
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in Figure 4.4A and B, respectively. Furthermore, since g0 tracks the progress of the fold
switch itself, by histogramming our secondary structure CVs as a function of committor,
one can gain information as to the population of KaiB secondary structures at different
stages of reaction. These histograms, particularly highlighting the transition state ensemble

(Gts2¢s = 0.5), are shown in Figure 4.4C.
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Figure 4.4: 2D dynamical statistics of the KaiB fold switch. (A) The average committor
from fs to gs KaiB as a function of GT and BT. Contours are shown every 0.1, with the
committor-1/2 surface represented by the thicker, purple contour. (B) The reactive current
(binned into a 21 x 21 grid in GT and BT) from fs to gs KaiB, represented by arrows whose
color and length represent the magnitude of the current. PMF contours, spaced every 2
kpT, are also displayed. (C) Normalized histograms for GT' (left), BT (middle), and OT
(right) for eleven different bins of the committor ggogg between 0 and 1. The colors of each
translucent line represent the committor value in that bin, and are the same as in the left
panel of A. The committor-1/2 line is drawn in opaque purple.
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The location of the committor-1/2 surface for ggog4 correlates well with the location of the
free energy barrier described in the last section. Thus, the transition state ensemble correlates
with the CV behavior previously described; importantly, this surface is crossed regardless of
which element of fs KaiB secondary structure melts. Melting either the 3 sheet or the a helix
in the N-terminal domain is sufficient to reach the transition state, after which it becomes
more probable to reach gs KaiB than to return to fs KaiB. Furthermore, comparing to Figure
4.3B, the initial isomerization of P63, P70, and P71 likely occurs before the transition state
is reached. Thus, while the transition state ensemble is populated by mostly trans prolines,
the isomerization of prolines in the C-terminal domain does not determine the kinetics of
the fold switch.

The reactive current in Figure 4.4B shows that reactive trajectories can cross the free
energy barrier with the blue fs KaiB « helix either melted or folded, with comparable currents
along both pathways. This current also reveals that either reactive trajectories avoid the
area where RMSD,q is high (the lower right corner), or trajectories that enter that area
must first leave before proceeding on to gs KaiB. This confirms that in general, reactive
trajectories tend to avoid fully unfolded intermediates altogether, or must refold to a near-
native like N-terminal domain before continuing in the fold switch. Additionally, most of
the current that has crossed the transition state flows up the right edge of Figure 4.4B once
GT =~ 1, moving from Structure 5 to gs KaiB in terms of the structures shown in Figure
4.3A. This means that the likely last step of the fs-to-gs fold switch is the recruitment of
the unstructured blue strand, which has already melted from the fs « helix, into the 3 sheet
like what is seen in gs KaiB. The green and orange « helices have most likely already been
formed before this step.

We can also look at the sequence of secondary structure peaks at the committor-1/2
surface to help characterize the transition state ensemble. As shown by the purple traces in

Figure 4.4C (which represent histograms at the transition state, where ggo55 = 0.5), both
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BT, GT and OT all exhibit local peaks at 1" = 0. Defining 27" = —0.5 as the point
where a secondary structure element transitions from folded to melted, 60% of transition
state structures contain a melted blue fs KaiB helix, compared to the 40% and 30% that
contain melted green or orange fs KaiB [ sheets, respectively. The transition state thus
likely contains a mix of folded and unfolded secondary structure elements in the C-terminal
fold switching domain. However, the multimodality of the transition state histograms in
Figure 4.4C, combined with the wide area of significant reactive current in Figure 4.4B and
similar free energy barriers for secondary structure melting in Figure 4.3A, tells us that the

fold switch must be multipathway.

3D dynamical statistics reveal an ensemble of pathways, with the melting of C-
terminal fs KaiB helix playing a central role. To visualize and quantify the ensemble
of pathways available for the fs-to-gs fold switch, we computed our committor and reactive
currents in various three-dimensional spaces. First, in addition to GT and BT which we have
heretofore used as our 2D axes, we consider OT', to fully characterize the secondary structure
behavior of the system. This projection is seen in Figure 4.5A. We see that once either G'T,
BT, or OT > 0, we have crossed over the committor-1/2 surface. In other words, loss of any
one fs KaiB secondary structure element is sufficient for commitment to the ground state.
Because of the multitude of ways to cross the transition state, using a reactive current in
this 3D space to determine relative weights of pathways becomes quite difficult to interpret.
Without some measure of progress of the fold switch, currents at very different stages of the
reaction are averaged together because they exist in similar areas of this 3D space. Thus,
we also use as a third dimension the committor itself, ggo,, since it by construction tracks
the fs-to-gs transition. The committor on this projection is seen in Figure 4.5B.

Using the same CV space as Figure 4.5B, we calculate 3D reactive currents that we
bin into a 50 x 50 x 50 grid and smooth with a Gaussian filter, as described in Methods.

This gives us information as to how reactive trajectories flow in this CV space. This is
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Figure 4.5: Three-dimensional dynamical statistics of the KaiB fold switch. Scatter plot
of the committor from fs to gs KaiB as a function of (A) GT', BT, and OT and (B) GT,
BT, and gggog4. (C) 2D slices of a 3D reactive current in the direction of the committor at
drsofs = 0.49. The three panels correspond to three different current calculations. All three
have ggg¢ as the third dimension. The other two dimensions are pairwise combinations of
secondary structure variables: OT and BT (left), BT and GT' (middle), and OT and GT
(right). Overlaid are lines where GT', BT, or OT = 0.5, colored appropriately, representing
when these secondary structures transition from folded to melted. These lines divide each
slice into quadrants that represent pathways, and the weights of the quadrants relative to
each individual slice are shown on the graphs.

useful information because, by using the committor as the third dimension, we have clearly
separated out various pathways based on their probability of proceeding to gs KaiB. We
can then use this 3D reactive current to calculate reactive weights of pathways that exhibit
various combinations of G'I"and BT'. We do this by selecting a dividing surface that separates
fs and gs KaiB, and calculate the reactive flux through patches of the surface relative to the

entire surface. In this case, we choose ggooq = 0.49 as a dividing surface, to characterize
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the formation of the transition state. We choose BT = 0.5 and GT = 0.5 as the boundaries
to define the patches. We chose these boundaries to be an intermediate value between -1
(folded) and 0 (unfolded). We repeat this procedure for the other pairwise combinations of
BT, GT, and OT to fully characterize the secondary structure behavior at the formation
of the transition state. The resulting set of three 2D slices, which each cleanly separate 4
reactive tubes, are shown in Figure 4.5C.

A caveat to this analysis is that the three slices come from three separate current calcu-
lations, meaning that in all cases, the third secondary structure variable is averaged over,
provided the committor value is the same. This means that, using the above methods, is
impossible to rigorously calculate relative weights for the pathways that melt these three
secondary structure elements in arbitrary order. We note that performing this procedure
in four dimensions (GT', BT, OT, and gg4s) can solve this problem, but such a projection
can often be numerically unstable and difficult to visualize. This is left to future work.
However, using Figure 4.5C, we can still glean some information as to the likelihood of var-
ious pathways. For example, in the left and middle panels of Figure 4.5C, 47% and 41% of
current flows through pathways where the blue « helix has melted, while the other element
of secondary structure (either the orange or green [ sheet) is maintained in a near-native
fold. It is likely that this behavior also corresponds to the bottom left quadrant of the right-
most panel. Here, the current is flowing through the transition state with both GI" and OT
having near-fs KaiB values, meaning that the blue « helix has likely melted. This further
confirms the analysis from the previous section, that much of the time (40-50% of the time),
the blue fs KaiB « helix has melted to generate the transition state, shortly after which the
green and orange (3 sheets break. However, we also now clearly see the diversity of pathways
available to generate this transition state. All other displayed combinations of secondary
structure contain between 10-30% of the reactive current as it flows through the transition

state ensemble. Thus, the secondary structures can melt in various orders during the initial

146



steps of the fs-to-gs transition.

4.4 Conclusions

Organisms in all kingdoms of the tree of life have circadian rhythms, and the Kai system
is the simplest known circadian oscillator. Notably, KaiB is a metamorphic protein, an
important and growing class of proteins that can reversibly switch between two stable folds.
In the case of KaiB, these are the ground state (gs) and fold switched state (fs). Because
of the rarity of metamorphic transitions, however, such fold switching proteins are often
experimentally and computationally intractable to investigate. Here, we use a combination of
coarse-grained molecular dynamics, dynamical analysis, and hydrogen-deuterium exchange
(HX) NMR, to investigate the mechanism for the KaiB fold switch. The simulated and
experimental HX measurements, in qualitative agreement, revealed a lack of global unfolding
in a fs-stabilized KaiB mutant. Using this information to set simulation parameters, we
used a dynamical analysis pipeline that we recently introduced [25, 26] to extract long-time
statistics to determine the mechanism of the KaiB fold switch. We also explicitly allow
for proline isomerization by building and parameterizing a new term to the coarse-grained
model’s potential.

We identify three prolines (P63, P70, and P71) that preferentially populate the cis isomer
when in fs KaiB and the trans isomer when in gs KaiB. In particular, our P71 assignment
disagrees with available crystal structures, which instead identify P72 as the third proline
that switches isomerization state between gs KaiB and a fs-stabilized KaiB mutant [74, 75].
We find the free energy difference between fs and gs KaiB to be negligible, in agreement
with previous calculations. The three elements of secondary structure in the C-terminal
fold switching domain can fold and refold in various orders. Regardless of the order, these
secondary structures act as foldons, folding and unfolding near-independently of one an-

other. The melting of the C-terminal « helix of fs KaiB occurs first in between 40-50%
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or transitions, but the melting of any element of fs KaiB secondary structure is enough to
cross the primary free energy barrier for fold switching. Beyond revealing the previously-
uncharacterized mechanisms of KaiB fold switching, this work is the first statistical view of

transitions in a metamorphic protein.
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CHAPTER 5
CONCLUSIONS AND OUTLOOK

At its heart, protein folding is the process where disordered amino acids search for and
eventually adopt a stable structure. This general idea cuts across all of the work presented in
this thesis. We have presented three case studies where specific proteins undergo transitions
between order and disorder, either in isolation or when paired with other species. In all
cases, we found an ensemble of pathways where the proteins (and assemblies thereof) melted,
rearranged, or reorganized. There is no single mechanism for any of these processes. Indeed,
trying to simplify complex biological equilibria to a single mechanism is misguided. By
ignoring the diversity of pathways available to proteins, we sacrifice a true understanding
of the underlying process in favor of perceived conceptual elegance. As we have shown
through studies in this work, understanding the effects of mutations, for example, requires a
thorough knowledge of all available pathways. Development in the fields of structure-based
and motion-based drug design depend on exactly this type of knowledge.

In Chapter 2, we described the ensemble of pathways for the insulin dimer dissociation.
These range from induced fit to conformational selection, and include multiple intermediate
pathways that blend elements of both extremes. As the insulin monomers start to sep-
arate, they sometimes undergo an order-to-disorder transition primarily described by the
detachment of insulin’s B-chain C-terminus. This is not surprising, as the protein-protein
interactions in the broader assembly (the dimer) are slowly being broken. As normally-
adjacent and mutually-stabilizing elements of secondary structure separate, the monomer
has to now search for a new stable structure. In that sense, coupled folding and binding
reduces to a protein folding problem. Instead of a dichotomy between induced fit and confor-
mational selection pathways, we should expect to see a diverse ensemble of pathways like we
do for protein folding. Each one of these pathways involve elements of secondary structure

breaking and reforming in various orders, accompanied by varying degrees of disorder. This
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is exactly what we describe in Chapter 2 when we characterize the a and 8 paths, along
with their various intermediate pathways. This is also quite similar to the fold switching
pathways we observe in Chapter 4.

There is currently ongoing work that aims to calculate dynamical statistics for the dimer
dissociation, much like what we present in Chapters 3 and 4 of this thesis. A statistical
understanding of reactive pathways could provide key insights into the potential design
of new diabetes therapeutics. While current fast-acting insulin analogs are designed to
destabilize the dimer interface [65, 66], it is currently unknown how these mutations affect the
mechanisms of the dimer dissociation. Comparing the pathway ensemble for WT and mutant
insulins could generate new ideas for targeted insulin mutations that affect the dynamics
of the dissociation, as opposed to just dimeric structure. Furthermore, some single-chain
insulin analogs that tether the C-terminus of insulin’s B chain to the N-terminus of insulin’s
A chain have been observed to have near-WT insulin levels of biological activity [140, 208,
209]. Tt is currently unknown how these analogs might associate and dissociate, and if the
introduction of the tether prevents the detachment of the B-chain C-terminus. Simulations
investigating these concepts could prove enlightening. Finally, there is much opportunity to
pair molecular dynamics with computational infrared (IR) spectroscopy, extending the work
done in Chapter 2 and elsewhere [125, 170, 210-212]. The ability to use DGA to characterize
the dynamics of rare events complements the ability of ultrafast 2D IR spectroscopy to track
these same dynamics on the picosecond scale. Reweighting molecular dynamics trajectories
to generate a kinetic model consistent with experiment could provide a powerful avenue for
interpretation and validation of both simulation and experiment [213, 214].

In Chapter 3, we quantified and characterized six pathways for the phenol release from
the insulin hexamer. Two of these pathways involve the opening of phenol’s primary escape
channel, as the gatekeeper residues that surround the bound phenol separate from one an-

other. We also explicitly described how two targeted mutations affected the relative weights
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of these six pathways. For all systems, the phenol can either escape by pushing through
relatively dense areas of protein side chains, or it can escape through a widened channel
that connects the binding pocket to the bulk solvent. This channel opening corresponds to
a helices on the trimer interface unpacking and separating. Here, again, we find elements
of protein secondary structure reorganizing as part of an unbinding process. The unbinding
here is of a small molecule ligand instead of another protein, as in Chapter 2. Regardless, as
the stabilizing phenol leaves the hexamer, the protein searches for a stable overall structure.

This work showed the potential of combining multiple protein mutations that simultane-
ously affect multiple pathways of phenol unbinding. Moving forward, it would be of interest
to explore mutants/analogs that include unnatural amino acids and/or covalent linkers,
which could further discourage phenol release and extend hexamer lifetimes. Furthermore,
it is possible to design different phenolic ligands that bind in a similar pocket as phenol
(172, 215]. Using DGA to model the release of these ligands could provide dynamical in-
sight as to why substitution with different ligand scaffolds and/or functional groups leads
to markedly different hexameric lifetimes. This type of motion-based ligand design would
be another avenue for the generation of diabetes therapeutics that take advantage of the
hexamer-ligand equilibrium to achieve desired pharmacokinetics. Finally, this type of poten-
tial study demonstrates the need for an analysis method that generates dynamical statistics
for a family of ligands/mutants without the need for extensive additional sampling. Drug
discovery relies on rapid, high-throughput methods for virtual screening of initial drug can-
didates [7]. Building a large DGA dataset for each such candidate would be computationally
intractable. Instead, we would want to generate estimates of dynamical statistics for multi-
ple ligands from a single data set. There has been previous work using path reweighting to
do exactly that for Markov State Models [216-218]. Developing a similar method for DGA
is an intriguing area of future research.

In Chapter 4, we used near-atomic simulation and DGA to explore the diverse mech-
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anisms of the KaiB fold switch. We compared simulated and experimental hydrogen-
deuterium exchange measurements, finding that fs KaiB primarily unfolds through sub-
global unfolding pathways. Furthermore, the mechanism of the fold switch involves the un-
folding/refolding of cooperative, near-independent elements of secondary structure. These
foldons can melt and form in various orders. This view of fold switching is in agreement with
existing models of protein folding, much like the other chapters of this work. An immediate
next step would be to quantitatively compare the relative weights of all transition path-
ways by calculating reactive currents in four dimensions. Furthermore, we can seed all-atom
molecular dynamics simulations from our near-atomic starting structures (after reconstruct-
ing side chains) to further validate the model. Another interesting future direction is to
calibrate the free energy barrier of proline switching using experimental techniques capable
of measuring the rate of isomerization, like single-molecule spectroscopy [219, 220]. We can
also apply this computational pipeline to study the fold-switching of other metamorphic
proteins, like the RfaH transcription factor [185, 186].

Throughout this thesis, we demonstrated that computational pipelines involving umbrella
sampling and DGA are specifically well suited for investigations of multipathway processes.
Determining good collective variables is many times prohibitively difficult for such processes.
As seen throughout this thesis, the existence of multiple pathways implies a wide variety of
molecular motions important to the overall process. In turn, this means that the set of
collective variables needed to describe multipathway reactions is quite large, a challenge
for most enhanced sampling techniques. The methods we displayed in this thesis overcome
this challenge in multiple ways. In Chapter 2, we presented a computational pipeline that
combined Replica Exchange Umbrella Sampling (REUS) and the Eigenvector Method for
Umbrella Sampling (EMUS [93]) to characterize a multipathway reaction. It is not obvious
that umbrella sampling would be amenable to such a study, since it is highly dependent on

the CVs chosen for biasing. However, our pipeline presents three chief advantages. First,
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the addition of replica exchange helps control for slowly-relaxing degrees of freedom, which
are common in multipathway systems. Second, EMUS enables the calculation of asymptotic
variances in the PMF, allowing us to monitor the convergence in free energy as we add sam-
pling. Furthermore, we can decompose the per-window contributions to high error regions,
allowing for computationally efficient adaptive sampling. In Chapter 2, these features al-
lowed us to both identify and sample pathways that otherwise would have remained hidden.
Third, EMUS allows for the re-projection of the PMF into any CV space without the need
for additional sampling. This feature allowed us to examine the free energy surface in a wide
variety of physically-motivated CVs, independent of the two CVs chosen for biasing. This
was an invaluable tool for identifying and characterizing many intermediate pathways.

In Chapters 3 and 4, we instead characterized multipathway processes using DGA, a pow-
erful framework that allowed us to identify and quantitatively compare the relative weights
of multiple pathways. This method relies on unbiased sampling, meaning that compared
to methods like umbrella sampling that bias on a few chosen CVs, there is much less de-
pendence on CVs in DGA. Indeed, as DGA inputs, we used hundreds of pairwise backbone
distances to account for a broad set of molecular motions that we did not explicitly know a
priori. Again, the ability to project the DGA-generated PMF and associated averages into
any CV space was a very useful tool. Even more, the DGA allows for the calculation of the
committor at every point in the data set, meaning the committor itself can be used as a
CV. The committor, by construction, is the perfect reaction coordinate. It explicitly tracks
the reaction progress between any two arbitrary-defined sets, regardless of the underlying
rate of said transition. Thus, the committor is effectively a data-driven CV that can be
defined to perfectly track any transition of interest. Because it both considers dynamics and
does not only measure slow modes, it is a more direct measure of a transition than the re-
sults from other data-driven dimensionality reduction techniques like Principal Component

Analysis (PCA [221, 222]) or the Variational Approach to Conformational Dynamics (VAC
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[223-225]). We note that VAC encompasses the popular method of Time-lagged Independent
Component Analysis (TICA [226-228]). In both Chapter 3 and Chapter 4, we showed how
calculating the reactive current in a CV space that includes the committor cleanly separates
multiple tubes of reactive current, each corresponding to an individual mechanism. These
tubes were difficult to discern (and even more difficult to quantitatively compare) using
purely physical CVs. We believe this approach of separating pathways using the reactive
current as a function of committor will prove to be a general method of separating and
comparing mechanisms in multipathway reactions.

Finally, a particular promising area of future research is on the mechanism of insulin
fibrillation. Insulin forms amyloid fibrils under conditions that disfavor the dimer, such
as elevated temperature, low pH, and increased ionic strength [229-231]. Fibril formation
complicates production of insulin and has been a limiting factor in its long-term storage.
Furthermore, amyloid fibrils have been observed to form in patients at sites of frequent
injections [232]. A model of the insulin fibril was built from a crystal structure of the
smallest fragment of the insulin B-chain that fibrillates. This model implies that amino
acids normally in or near « helices when in monomeric insulin (B11-B17 and A12-19) instead
form (3 sheets to form the central backbone of the fibril [63]. Essentially, monomeric insulin
undergoes a fold switch and then associates into a polymeric assembly rich in 8 sheets
along a central, fibril-like backbone. In this thesis, we have shown that our computational
pipelines are particularly effective at characterizing both fold switching and coupled folding
and binding. Thus, we are well positioned to computationally investigate the mechanisms
of insulin fibril formation. Given that insulin fibrils exhibit the cross-3 diffraction pattern
common to amyloid fibrils [233], these potential studies promise to have broad implications

beyond insulin, to neurodegenerative disorders like Parkinson’s and Alzheimer’s diseases.
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