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1.1 Membrane associated Bel-xL. (A) According to the “embedded together”
model, the interactions between the anti-apoptotic protein Bcl-xL and its
pro-apoptotic targets (e.g., pore-former BAX) require their transition to the
mitochondrial outer membrane[82]. Two different membrane-integrated Bcl-
xL. conformations have been identified: membrane-inserted and membrane-
anchored Bel-xL. The former is characterized by extensive refolding[158, 160],
while the latter retains the fold of the soluble state (aside from the released a8
anchor helix)[178, 177, 126]. Here, we focus on the membrane-anchored con-
formation of Bel-xL and the influence of cardiolipin and protonation on its con-
formational dynamics. (B) The initial configuration of membrane-anchored
Bel-xLL used in the all-atom molecular dynamics simulations. The protein is
shown in secondary structure representation. The soluble head region (helices
al through a7) is shown in grey with its BH3-binding groove highlighted in
blue. The loop connecting ol and @2 is shown in red and the a8 anchor-
ing helix is shown in purple in a transmembrane configuration. The lipid
phosphate phosphorus atoms are shown as yellow spheres. The rest of the
simulation system has been removed for clarity. (C) A surface representation
of the BH3-binding groove of Bel-xL (blue) bound to the BH3 domain of Bim
(orange), PDB ID: 3FDL. (D) A cut-away representation of the complete
simulation system. The protein and lipid phosphate phosphorus atoms are
rendered as in (B), the rest of the lipid molecules are shown in licorice repre-
sentation (POPC, grey; TOCL, orange), and water molecules are rendered as
slabs in cyan. . . . ... 3
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1.2

1.3

1.4

Accessibility of the Bel-xL BH3-binding groove. (A) Configuration snapshot
corresponding to a BH3-binding groove vector (green arrow) with a devia-
tion angle from the membrane normal (black arrow), @, of greater than 90°,
suggesting occlusion of the BH3-binding groove (color scheme as in Figure
1.1B). (B) Configuration snapshot corresponding to a groove vector with a
shallower than 90° deviation angle from the membrane normal, suggesting an
accessible BH3-binding groove (color scheme as in Figure 1.1B). BH3-binding
groove deviation angle as a function of time for (C) unprotonated Bel-xL in
a 2:1 POPC:TOCL lipid bilayer (green) and POPC lipid bilayer (grey), and
(D) protonated Bel-xL in a 2:1 POPC:TOCL lipid bilayer (yellow) and POPC
lipid bilayer (purple). The shaded regions (time < 1ps) represent the non-
stationary portion of the trajectories and were not included in further analyses
(see also Supplemental Figure 1.8). . . . . . . . ... ... ... ... ...
Orientational configurations of the BH3-binding groove. The changes in the
distributions of the BH3-binding groove deviation angle from the membrane
normal over two separate time intervals indicate that the presence of car-
diolipin narrows the configurational space sampled by the soluble head and
that both protonation of Bel-xLL and cardiolipin favors specific orientations of
the soluble head relative to the membrane surface, consistent with accessible
configurations of the BH3-binding groove. (A) and (B) Binding-groove de-
viation angle distributions for unprotonated simulations based on stationary
portions of unprotonated PC system. (C) and (D) Binding groove deviation
angle distributions for protonated simulations based on stationary portions of
protonated 2:1 PC:CL system. All angle histograms are colored as in Figure
1.2C, D. . o e
Conformation of the al-a2 loop. (A) Configuration snapshot corresponding
to an extended loop conformation in the unprotonated POPC:TOCL system.
(B) Configuration snapshot corresponding to a compact loop conformation
in the protonated POPC:TOCL system. The protein is shown in secondary
structure representation colored gray, except for the al-a2 loop which is shown
in red. The lipid phosphate phosphorus atoms are shown as yellow spheres.
The rest of the simulation system has been removed for clarity. The al-a2
loop radius of gyration is broadly distributed in the POPC:TOCL systems
in comparison to POPC, suggesting that the presence of cardiolipin confers
more flexibility to the loop. The comparison between the radius of gyration
distributions in the unprotonated (C) and protonated (D) systems suggests
that protonation of the Bcl-xL titratable residues promotes extended loop
conformations in the POPC system and compact loop conformations in the

POPC:TOCL system. . . . . . . . . . . s
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1.5

1.6

Interactions of the al-a2 loop with the membrane surface. (A) Configura-
tion snapshot corresponding to a al-a2 loop that is not interacting with the
membrane surface in the unprotonated POPC:TOCL system. (B) Configu-
ration snapshot corresponding to a membrane-interacting al-a2 loop in the
protonated POPC:TOCL system. The protein is shown in secondary struc-
ture representation colored gray, while Gly-21 and Gly-70 are shown in green
as filled-spheres. The lipid phosphate phosphorus atoms are shown as yel-
low spheres. The rest of the simulation system has been removed for clarity.
(C-F). The distributions of two glycines in the al-a2 loop (Gly-21 near al
and Gly-70 in the middle of the loop chain) along the transmembrane di-
rection suggest that protonation of Bcl-xL. promotes the interactions of the
loop with the membrane surface, while the addition of cardiolipin favors the
partitioning of the loop residues in the membrane lipid head-group region.
The vertical dashed line in the histograms is located at the mean position of
lipid phosphate group phosphorus atoms, an indication of the location of the
membrane lipid head-group region along the transmembrane direction.

Orientation of the transmembrane (TM) helix. (A) The orientation of helix a8
was determined by the deviation angle, W, of the helix principal axis (green
arrow) from the membrane normal (black arrow). The protein is shown in
secondary structure representation colored gray, except for helix a8 which is
shown in purple. The lipid phosphate phosphorus atoms are shown as yellow
spheres. The rest of the simulation system has been removed for clarity.
Distributions of TM helix angles for unprotonated (B) and protonated (C)
simulations show significant overlap and provide no in-formation correlated
with soluble head orientation. . . . . . . .. .. ... ...
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1.7 Schematic summary of the effects of cardiolipin and protonation on the confor-

1.8

2.1

2.2

mational dynamics of membrane-anchored Bel-xL studied by MD simulations.
Four systems examined in this study are illustrated by the following repre-
sentative snapshots from microsecond MD trajectories: 2.44pus for E-, D-,
and H+ BclxL in a POPC lipid bilayer (top left); 3.66 us for E°, D°, and
H° Bcl-xL in a POPC lipid bilayer (top right); 4.30 ps for E-, D-, and H+
Bel-xL in a 2:1 POPC:TOCL lipid bilayer (bottom left); and 3.71 ps for E°,
D°, and H® Bel-xL in a 2:1 POPC:TOCL lipid bilayer (bottom right). In the
absence of cardiolipin or protonation (top left), the soluble head domain of the
membrane-anchored Bel-xL does not interact with the lipid membrane surface
and largely retains the conformation of the soluble protein[178, 177, 126]. The
addition of cardiolipin (bottom left, orange), which corresponds to physiolog-
ically observed changes of MOM during apoptosis[28, 27], induces membrane
interactions of the soluble head domain of the protein, resulting in protein con-
formational changes (see Figures 1.3-1.7). These interactions become more
prominent upon subsequent protonation of all acidic and His residues (bottom
right), resulting in (i) lipid interactions of the loop between helices a1 and a2
(highlighted in red) and (ii) reorientation of the binding grove (highlighted in
blue) that can engage BH3 domains of the other Bcl-2 proteins. Physiologi-
cally, it is suggested that protonation corresponds to the bilayer-induced shifts
in pKa[158, 160] or proton leakage at the early stages of MOMP[158, 160].
Note that no loop-lipid binding or reorientation of the BH3-binding groove
was observed in the control MD simulations of protonated Bcl-xL in the ab-
sence of cardiolipin (top right). Conformational changes and lipid interactions
induced by cardiolipin and in the membrane-anchored Bel-xLi provide struc-
tural insights into the initial protein conformational changes on the pathway
towards fully refolded membrane-inserted Bel-xL[158, 160]. . . . . . . . . ..
RMSD of the soluble head (SH) components of Bel-xL. RMSDs for all four
simulated systems are shown as a function of time. RMSDs were calculated
from the backbone (C, N) atoms of the helical residues in a1 through a7
without including any residues in the disordered regions linking the helices. .

Radial distribution function between acidic residue carbonyl oxygen atoms
and relevant divalent cation. Panels A & B illustrate the first minima used to
quantify the interaction distance of Ca?t with aspartic and glutamic residues
respectively. Panels C & D illustrate the first minima used to quantify the
interaction distance of Mg?" with aspartic and glutamic residues respectively.
The difference between Ca?* and Mg?* is attributed to Mg?*’s tightly held
hexa-coordinated water molecules that bridge interactions. . . . . . . . . ..
Number of acidic residues coordinated with divalent ions as a function of time.
Panel A illustrates the number of total acidic residues (Asp: 10; Glu 21; Total:
31) coordinating with Ca?* (blue) and Mg?* (orange). Panels B & C show a
similar analysis broken down by Asp or Glu respectively. Ca2*t interactions
are long-lived after initiation while Mg?* interactions are short-lived and never
saturate all acidic residues simultaneously. . . . . . . ... ... ... . ...
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2.3

24

2.5

2.6

Representative simulation snapshots of divalent interactions with Bel-xL sol-
uble head. Aspartic residues are colored in red and glutamic residues are
colored in green. Panel A shows Ca?" ions (yellow spheres) interacting with
multiple acidic residues simultaneously and multiple acidic residues interacting
with the same Ca®" ion. Panel B shows Mg?* ions (gray spheres) interacting
sparsely with the soluble head and occasionally single Mg?* ions interact with
multiple acidic residues simultaneously. . . . . . .. ... ...
Contact map of Bel-xLi disordered loop (al — a2; residues 21-88) in differing
divalent conditions, Ca?t and Mg?**. Panel A shows Ca?" promotes more
close interactions between disordered loop residues as shown by the darkened
regions. Particularly, residues 21 to 36 interact readily with residues 41 to
66, and residues 66 to 88 interact readily with each other. Panel B shows
much more diffuse interactions among the Mg?* simulation as shown by the
brighter regions overall. . . . . . . . . . ... oo
Simulation snapshots showing a long-lived, collapsed loop for Ca?* and a more
dynamic loop for Mg?*. Panels A & B depict a similar collapsed state of the
loop (red ribbon) in the Ca®" condition at 3.6 us and 4.4 us, respectively.
The loop remained collapsed throughout this 0.8 us interval and this collapse
is relatively consistent throughout the equilibrated portion of the trajectory.
Panels C & D depict a fluctuating loop with dynamic character in the Mg+
condition. These panels have a 50 ns differential and show the loop moving
from extended to collapsed formation. This fluctuating behavior is consistent
throughout the equilibrated portion of the trajectory. . . . . . .. ... ...
Radius of gyration of the Bel-xL disordered loop for both divalent conditions,
Ca?* and Mg?*. Ca?* (blue) shows a consistent low radius of gyration value
for the equilibrated portion of the trajectory (non-equilibrated portion blocked
out in gray), and suggests a collapsed loop is consistent throughout the simu-
lation. Mg*" (red) shows strong fluctuations in radius of gyration between 23
A and 13 A, with most of the values being above that achieved in the Ca?*
(blue) simulation. The Mg?* (red) simulation suggests dynamic behavior of
the loop, changing between extended and collapsed formation throughout the
simulation. . . . . . ..o



3.1

3.2

Modulation of the cellular targeting of pHLIP by phosphatidylserine (PS) and
Ca?*. Flow cytometry measurements of pHLIP N-terminally conjugated to
AlexaFluor-488 in cell lines with different levels of exposed plasma membrane
PS. Differences in outer leaflet PS levels were determined by Annexin V (Fig.
3.6). Mild acidification alone (in the absence of Ca®") resulted in an average
1.6-fold increase in pHLIP cellular interactions, while the addition of 1.8 mM
Ca?" at pH 7.4 led to a 3.2-fold increase. The substantial increase observed in
the presence of Ca®" (red) points to its significant role in the cellular targeting
of pHLIP at the pH range produced by tumors. These effects were further
enhanced by larger levels of exposed PS in the plasma membrane. A 3.7-
fold increase in pHLIP cellular interactions (indicated by the asterisks) was
observed under conditions that recapitulate cellular differentiation at 1.8 mM
Ca?* to represent extracellular divalent cation levels. “Healthier cells”: Low
PS at pH 7.4, “cancerous cells”: High PSat pH7.0. . . . . . ... ... ...
Protonation-dependent and independent insertion of pHLIP in anionic mem-
branes (3:1 POPC:POPS). The transmembrane insertion of pHLIP is pro-
duced by acidity-induced protonation (green) or the presence of divalent cations
(orange). (a) Transmembrane insertion of pHLIP at various [Ca®"| determined
by Trp fluorescence. Extracellular levels of Ca?t promote the pH-dependent
insertion of pHLIP, resulting in a pK50 shift. Ca* also induces the protona-
tion independent insertion of pHLIP. Large circles represent two conditions in
which the rest of the measurements were performed: low pH (green); neutral
pH with Ca®" (orange). (b) Peptide tilt angles (®) were calculated by mea-
suring the deviation of the helix axis from the bilayer normal. Differences in
width and peak position of the corresponding tilt angle distributions suggest
Ca?" promotes a more stable orientation of the helix with small-angle devi-
ations from the membrane normal. (c) Oriented circular dichroism (OCD)
spectra of pHLIP at low pH or in the presence of Ca*". Both conditions
produced a single minimum at 230 nm, confirming their transmembrane
orientation[16, 174]. The broadening of the low pH sample below 230 nm is
consistent with a larger tilt relative to the bilayer normal[16, 174]. . . . . . .
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3.3

3.4

3.5

3.6

3.7

3.8

Transverse distributions of key residues in transmembrane pHLIP. (a, b) Com-
parison between experimentally determined W15 bilayer depth penetration by
bromolipid-quenching (circles) and its distribution in the bilayer determined
by MD (bars). The quenching profile (QP) of pHLIP-W15 (dashed line) in-
dicates the most probable depth of the residue. The profile was obtained by
fitting the data to a double Gaussian distribution as described by the dis-
tribution analysis methodology[78]. The corresponding probability density
histograms from the MD simulations (shown as bars) are highly consistent
with the experimental results and recapitulate differences in depth and dis-
tribution width at (a) low pH (MD: all E and D protonated, QP: pH 4) and
(b) in the presence of Ca*" (MD: protonated D25, QP: 2 mM Ca?' at pH
8). (¢, d) The acidic residue distributions from the MD simulations yield
equivalent positions for both Low pH and Ca?* conditions. The decrease in
distribution width observed for W15 in the presence of Ca?* is also observed
in the acidic residues. All of the distribution profiles are well described by a
single Gaussian distribution, except for E3 in the presence of Ca?*, which was
better represented by a sum of two Gaussians. The corresponding distribution
parameters are summarized in Table 3.1. Distributions of phosphates in each
bilayer are shown in grey as a visual reference of the bilayer. . . . . . . . ..
Ca?*-mediated coordination of pHLIP and lipids. (a, b) Frequency of pHLIP
acidic residue sidechains (gray bars) and both acidic residue sidechains and
lipid polar moieties (red bars) in the first coordination shell of Ca®* ions.
(c) Simulation snapshot depicting the Ca?*-mediated coordination of acidic
residues in pHLIP and lipid polar moieties. . . . . . . . . . .. .. ... ...
Effects of Ca?* and low pH on lipid distribution near pHLIP. (a, b) The POPS
fraction within 15-A of transmembrane pHLIP as a function of time in the
top (red) and bottom (blue) leaflets. (c-f) Corresponding POPS distributions
at low pH (green) or in the presence of Ca®" (orange). In all panels, the
dashed lines indicate the nominal POPS fraction. The P ratio was calculated
as a measure of POPS levels in the vicinity of pHLIP in each leaflet as P =
fAbove/TBelow, Where fapove and fpejoy correspond to the sum of POPS fractions
above and below the nominal level of 25% (indicated by the dashed line). . .
Detection of phosphatidylserine (PS) exposure by annexin V binding. Levels
of PS on the outer leaflet of HEK293 and LnCap cells were detected by flow-
cytometry using AlexaFluor488 conjugated Annexin V, as described in the
methods section. . . . . . ...
pHLIP helix tilt angle as a function of time shown with 100-ns block averaged
time-traces. The low-pH (green) simulation shows large fluctuations ranging
from 10 to 35 degrees in angle deviation, while the Ca** (orange) simulation
shows fewer large-scale fluctuations suggesting that Ca?t may contribute to
enhancing stability of helical orientation in the membrane. . . . . . . . . ..
Participation of individual residues in Ca?*-mediated pHLIP-lipid interac-
tions. Contribution of all unprotonated acidic residues in pHLIP-Ca?"-lipid
interactions. 100% is denoted as the total number of pHLIP-lipid interactions
in Fig. 3.4ab as unity proportion, 1.0. . . . . . . . . . ... ... ... ...
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4.1

4.2

TIRF microscopy and single particle tracking reveals heterogeneity in Piezol-
tdTomato mobility. A. Representative fluorescence image of Piezol-tdTomato
puncta in live MEFs harvested from Piezol-tdTomato reporter mice using
TIRFM. The white line denotes the cell boundary. Insets show enlarged re-
gions of interest. B. The trajectories generated from the single particle track-
ing analysis can be classified by visual inspection into three different classes:
those that showed high mobility were nominally identified as “mobile,” those
exhibiting very small displacements as “trapped,” and trajectories with lim-
ited spread that were deemed not to belong to either of those categories were
labeled “intermediate.” See also Supplemental Video 2 in Supplementary Ma-
terial.

Scale bars = 101um. . . . . . . . ..o
Machine-learning methodologies are used to automate the classification of
Piezo 1 trajectories. Visual inspection of 1,000 trajectories led us to partition
the trajectories into three classes: “mobile”, “intermediate”, and “trapped”.
We characterized these 1,000 trajectories using six geometric features, and
carried out a principal component analysis to determine a reduced subspace
suitable for training a supervised learning algorithm (SVM) for automated
sorting of tens of thousands of trajectories into the three classes identified by
visual inspection. A. Principal component analysis biplot of a set of Piezol
trajectories encoded as six-dimensional geometric feature vectors and classi-
fied by visual inspection. The 1,000 observations are shown as dots colored
by class ( “mobile,” green; “intermediate,” blue; “trapped”, red). The three
classes are largely separated along the first principal component (PC1) into
three overlapping groups, as evidenced by the 95% confidence ellipses for each
class. Out of the six geometric features used to describe the trajectories
(shown as red arrows), the largest contributions to PC1 are from net dis-
placement, radius of gyration, and fractal dimension, all of which characterize
the trajectory spread (see also Supplementary Fig.4.7) B. The set of 1000
trajectories classified by visual inspection was used to train a SVM classifier
on the subspace of the feature vectors’ first three principal components. The
partition of the PC1-PC2 subspace by the SVM is identified by the back-
ground colors in this version of the 1000-trajectory training set scatter plot.
C. The automated classification of Piezol-tdTomato trajectories from mouse
embryonic fibroblasts (MEFs, purple) and mouse liver sinusoidal endothelial
cells (mLSECs, blue) both show distribution into the three classes “mobile,”
“intermediate,” and “trapped”, suggesting that the observed heterogeneity is
not restricted to MEF cells. Almost all the trajectories in a SPT data set
from MEF's fixed with paraformaldehyde (gray), containing immobile Piezol-
tdTomato, are identified as “trapped”. . . . . . . . . . ... ...
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4.3

4.4

4.5

4.6

“Mobile” Piezol-tdTomato exhibits changes in trajectory spread consistent
with perturbations to membrane composition and channel activity. (top) 10
mM methyl-5-cyclodextrin (MBCD), 100 pg/mL cholesterol and 4 pM GsMTx-
4 compared to untreated MEFs as control. (bottom) 150 pM margaric acid and
4 pM Yodal compared to DMSO-treated MEFs as control. All treatments af-
fecting membrane composition or channel activity induce statistical significant
changes in the distribution of the scaled R, in a two-sample Kolmogorov-
Smirnov test relative to the corresponding control (* p < 0.05).. . . . . . ..
“Mobile” Piezol-tdTomato trajectories are heterogeneous and exhibit anoma-
lous subdiffusion. A. TAMSD as a function of lag time of Piezol-tdTomato
expressed in MEFs (individual trajectories, black; ensemble average, green).
Only the untreated condition is shown here; similar results for all tested condi-
tions are shown in Supporting Fig.4.10 ). B. The corresponding anomalous ex-
ponents from individual Piezol-tdTomato trajectories are broadly distributed.
C. The mean estimates of the anomalous exponent distributions indicate sub-
diffusive behavior across all tested conditions. Line ranges are 95% confidence
intervals. The mean estimates from all treatments are different from their cor-
responding control at this confidence level (blue, treatments using untreated
MEFs as control; orange, treatments using DMSO-treated MEF's as control).
Correlation matrix plot of geometric features used for automated trajectory
classification calculated from a 1000-trajectory data set classified by visual
inspection. The diagonal elements show kernel density estimates of of each
feature distribution separated by their labeled class (“mobile,” green; “inter-
mediate,” blue; “trapped,” red). The relationships between pairs of features
are shown as scatter plots below the diagonal. A locally weighted scatterplot
smoothing trend line is shown in magenta. The corresponding Pearson corre-
lation coefficients are shown above the diagonal colored according to a BWR
color scale. . . . . . .
Cummulative proportion of variance explained by the principal components
of the six-dimensional geometric feature vectors generated from the 1000-
trajectory data set classified by visual inspection. The horizontal dashed line
indicates that 90% of the variance six-dimensional data set is explained by
the first three principal components. . . . . . . . .. ... ... ... .. ..
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4.7

4.8

4.9

4.10

4.11

Principal component analysis biplots of the six-dimensional geometric feature
vectors generated from the 1000-trajectory data set classified by visual inspec-
tion. The projections of the 1000 observations onto each subspace are shown
as dots colored by class ( “mobile,” green; “intermediate,” blue; “trapped”,
red). The three classes are largely separated along the first principal compo-
nent (PC1) into three overlapping groups, as evidenced by the 95% confidence
ellipses for each class with limited contributions from PC2 and PC3. The red
arrows show the projection of the original features onto each subspace (scaled
up by a factor of 10). The largest contributions to PC1 are from net displace-
ment, radius of gyration, and fractal dimension, all of which characterize the
trajectory spread. Limited separation between classes in the PC2-PC3 plane
(panel C) indicates that including additional principal components would not
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principal components subspace for training. Panel A is also shown in Fig-
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Piezol-tdTomato in fixed MEFs are classified as “trapped” by the SVM. A.
Representative Piezol-tdTomato trajectory (red) from a fixed Piezol-tdTomato
MEF showing a highly limited spatial extent. B. Almost all the trajectories
from a fixed Piezol-tdTomato MEF data set are identified as “trapped” by
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portion of trajectories relative to the DMSO control (orange). D. GsMTx-4
treatment (purple) results in a decrease in the “mobile” proportion of tra-
jectories relative to the untreated control (blue). E. Yodal treatment (green)
results in an increase in the “mobile” trajectories relative to the DMSO-treated
control (orange). The SVM was trained as three separate binary classifiers.
Thus, we interpret the bar heights within one plot as the sample proportions
for each class. The error bars are the corresponding standard errors. . . . . .
TAMSD as a function of lag time of Piezol-tdTomato expressed in MEFs (in-
dividual “mobile” trajectories, black; ensemble average, green). A. Untreated
MEFs (also shown in Fig.4.4A). B. DMSO-treated. C. 100 pg/mL cholesterol-
MBCD-treated. D. 150 pM margaric acid-treated E. 10 mM MBCD-treated.
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SVM performance evaluation via confusion matrices. Confusion matrices for
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ABSTRACT

Exploring protein-membrane interactions through simulation and experiment
By
Vivek Tyagi
Doctor of Philosophy in Materials Science & Engineering
University of California, Irvine, 2022

Professor Regina Ragan, PI

Protein/peptide interactions with cellular membranes are highly complex due to a myriad of
membrane compositions and environmental variability. This research explores three protein-
membrane systems. Bcl-xL, an anti-apoptotic protein that interacts with the mitochondrial
outer membrane, is found to be regulated by both lipid composition and ionic conditions.
A full-length Bcl-xL protein was built for simulation by combining two well-studied crystal-
lographic structures, one of the soluble head and connective disordered loop, and another
of the transmembrane helix which anchors the protein in the membrane. In conjunction
with experimentalists, these simulations were able to illuminate the atomistic details of how
Bel-xLi orients itself in the membrane and how different ionic conditions and protonation
states of residues play a role in the conformation of Bcl-xL. In another study, pH Low In-
sertion Peptide, pHLIP, was prepared for simulation as a partially disordered structure in
solution and as a transmembrane helix embedded in the membrane. These constructs explore
changes in peptide conformation before insertion, and peptide orientation and interactions
while inserted into the plasma membrane. The pHLIP peptide was shown to have stabilizing
interactions between acidic residues and divalent cations in both scenarios. In particular,
divalent cations played an important role in coordinating interactions between multiple nega-
tive charge centers. In a third study, Piezol membrane diffusion was explored by fluorescently

tagging the ion channel and generating trajectories via total internal reflectance fluorescence

XX



microscopy, an experimental procedure carried out through collaboration with the Pathak
Lab at UCI. Analysis of these single particle tracks via machine learning revealed consistent
anomalous diffusion and heterogeneity within the subdiffusive mobile class and changes spe-
cific to drug-based perturbations of the ion-channel-membrane system. These works are part
of the development of a clear picture of membrane-protein interactions and would advance

our understanding of how these interactions regulate different cellular processes.
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Chapter 1

Effects of Cardiolipin on the
Conformational Dynamics of

Membrane-Anchored Bcl-xL

Vivek Tyagi, Victor Vasquez-Montes, J. Alfredo Freites, Alexander Kyrychenko,
Douglas J. Tobias, and Alexey S. Ladokhin

1.1 Abstract

The anti-apoptotic protein Bel-xLi regulates apoptosis by preventing the permeation of the
mitochondrial outer membrane by pro-apoptotic pore-forming proteins, which release apop-
totic factors into the cytosol that ultimately lead to cell death. Two different membrane-
integrated Bcl-xLL constructs have been identified: a membrane-anchored and a membrane-
inserted conformation. Here, we use molecular dynamics simulations to study the effect of

the mitochondrial specific lipid cardiolipin and the protein protonation state on the confor-



mational dynamics of membrane-anchored Bel-xL. The analysis reveals that the protonation
state of the protein and cardiolipin content of the membrane modulate the orientation of
the soluble head region (helices a1 through a7) and hence the exposure of its BH3-binding

groove, which is required for its interaction with pro-apoptotic proteins.

1.2 Introduction

Apoptotic dysregulation is a common feature of many diseases and contributes to neurode-
generation, immunodeficiency, and cancer[41, 139, 151]. The anti-apoptotic protein Bel-xL
is a crucial component of this pathway as it blocks mitochondrial outer membrane perme-
abilization (MOMP), thereby preventing cell death[70, 11]. This is achieved by binding the
pore-forming proteins BAX and BAK, resulting in non-productive oligomers that can no

longer participate in promoting apoptosis[32, 140].

According to the “Embedded Together” model of MOMP regulation, the interactions be-
tween Bcl-xL and its target proteins occur on the mitochondrial outer membrane as this is
where pore-forming proteins attach to initiate an apoptotic process (Figure 1.1A)[95, 82].
This requires the transition of Bel-xL from an inactive state in the cytosol to an active state
in the bilayer[12, 21]. Two different membrane-integrated forms of Bcl-xL have been identi-
fied in vitro: (1) an anchored conformation in which the C-terminal helix of Bel-xL serves as
a transmembrane anchor, while the remaining helices retain their soluble fold (Figure 1.1A,
red)[178, 177, 126], and (2) a membrane inserted conformation that involves the interaction
of several Bcl-xL regions with the bilayer and extensive refolding, which leads to the release

of the N-terminal BH4 helix (Figure 1.1A, blue)[158, 160].

The specific roles of the different membrane-integrated conformations of Bel-xL and their

anti-apoptotic functions remain unclear; nevertheless, each has been linked to a different
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Figure 1.1: Membrane associated Bcl-xL. (A) According to the “embedded together”
model, the interactions between the anti-apoptotic protein Becl-xL and its pro-apoptotic
targets (e.g., pore-former BAX) require their transition to the mitochondrial outer
membrane[82]. Two different membrane-integrated Bel-xL conformations have been iden-
tified: membrane-inserted and membrane-anchored Bcl-xL. The former is characterized by
extensive refolding[158, 160], while the latter retains the fold of the soluble state (aside from
the released a8 anchor helix)[178, 177, 126]. Here, we focus on the membrane-anchored con-
formation of Bel-xLi and the influence of cardiolipin and protonation on its conformational
dynamics. (B) The initial configuration of membrane-anchored Bel-xL used in the all-atom
molecular dynamics simulations. The protein is shown in secondary structure representa-
tion. The soluble head region (helices a1l through a7) is shown in grey with its BH3-binding
groove highlighted in blue. The loop connecting a1l and a2 is shown in red and the a8
anchoring helix is shown in purple in a transmembrane configuration. The lipid phosphate
phosphorus atoms are shown as yellow spheres. The rest of the simulation system has been
removed for clarity. (C) A surface representation of the BH3-binding groove of Bel-xL (blue)
bound to the BH3 domain of Bim (orange), PDB ID: 3FDL. (D) A cut-away representation
of the complete simulation system. The protein and lipid phosphate phosphorus atoms are
rendered as in (B), the rest of the lipid molecules are shown in licorice representation (POPC,
grey; TOCL, orange), and water molecules are rendered as slabs in cyan.



mode of apoptotic regulation. In the case of the anchored conformation, the lack of refolding
of the soluble head region (helices al through a7), as compared to folding in the solution,
results in an intact BH3-binding groove[178, 177, 126] (Figure 1.1B,C). BH3 domains are
conserved regions in Bcl-xL. homologs, such as its targets BAX and BAK, that are used to
recognize and bind other apoptotic regulators[95, 12, 21]. Meanwhile, the global refolding in
the inserted conformation is likely to disrupt the BH3-binding groove in Bel-xL, suggesting

an alternative mechanism to bind and inhibit its target proteins is possible.

The lipid composition of mitochondrial membranes has a prominent effect on the membrane
interactions and refolding of Bcl-xL.. The mitochondria-specific lipid cardiolipin is of partic-
ular importance because its abundance in mitochondrial membranes presents a preferential
distribution, with significant enrichment at mitochondrial contact sites[153, 112, 90]. These
cardiolipin-rich regions are often referred to as hotspots for apoptotic regulation and under
non-apoptotic conditions they contain an approximate 30% cardiolipin fraction compared to
the average 4% of the mitochondrial outer membrane[28, 27]. Additionally, apoptosis-related
increases in cardiolipin concentration at the mitochondrial outer membrane (redistributed
from the inner mitochondrial membrane)[28, 27] could further modulate Bel-xL interactions

and conformations.

To better understand how the enrichment of cardiolipin affects the membrane-anchored
form of Bel-xLi (Figure 1.1B), we performed all-atom molecular dynamics (MD) simulations
(Figure 1.1D) in the presence or absence of cardiolipin in a phosphatidylcholine matrix (2:1
PC:CL or 100% PC, respectively). Four simulations were performed with all acidic and
histidine sidechains either protonated or deprotonated due to the significance of the protein
protonation state on the Bcl-xL membrane interactions[160, 158]. The results from these
simulations indicate that cardiolipin and protonation modulate the dynamics of the al-a2

loop as well as the orientation of the soluble head region of membrane-anchored Bcl-xL.



1.3 Results

1.3.1 Orientation of the Soluble Head and Accessibility of the

BH3-Binding Groove

To evaluate the effect of the mitochondrial specific anionic lipid cardiolipin (1,1,2,2,tetraoleoyl-
cardiolipin, TOCL) and protein protonation state on the conformational dynamics of membrane-
anchored Bel-xLi, we performed four all-atom MD simulations of Bel-xL, see Table 1.1 and
Figure 1.1D. To summarize, we studied protonated and unprotonated Bel-xL in a POPC
(palmitoyl-oleoyl-phosphatidylcholine) lipid bilayer, as well as protonated and unprotonated
Bel-xL in a 2:1 POPC:TOCL lipid bilayer. Analysis of the Bcl-xLi soluble head orientation
and corresponding accessibility of its BH3-binding groove were carried out by defining a
binding groove vector (see Materials and Methods) and monitoring its orientation during
the course of the simulation with respect to the membrane normal, as illustrated in 1.2.

Table 1.1: Summary of microsecond-timescale simulations run on Anton2.

Simulated System Protonation State Membrane Composition
Bel-xL with 50 nM NaCl  Protonated Bcel-xLL POPC

Bel-xL with 50 nM NaCl Unprotonated Bel-xL POPC

Bcl-xL with neutralizing ~ Protonated Bcl-xL 2:1 POPC:TOCL
Bel-xLh with neutralizing  Unprotonated Bel-xL 2:1 POPC:TOCL

The deviation of the BH3-binding groove vector from the membrane normal, depicted in
1.2A B, is shown as a function of time in 1.2C,D. Deviation angles above 90° (1.2A) are
indicative of a partially occluded binding site and values below 90° (1.2B) are indicative of a
more accessible BH3-binding groove. The unprotonated 2:1 POPC:TOCL simulation shows
large fluctuations with the deviation angles primarily occupying angles between 90° and 110°
(1.2C). The unprotonated POPC simulation shows a similar behavior until around 3.75 ps,
where there is a sharp transition from angles above 90° to angles centered approximately

at 40°, this configuration is sampled for about 1ps before transitioning back to an angle
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above 90° (1.2C). Fluctuations are clearly smaller in the protonated simulations (1.2D) with
both simulations exhibiting similar behavior until 2.75 s, when the cardiolipin-containing
simulation gradually converges to lower values under 90° through a sustained rotation of the

soluble head over a period of 1ps (1.2D).

A. B.
C. Unprotonated Bcl-xL D. Protonated Bcl-xL
BH3-binding groove orientation BH3-binding groove orientation
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Figure 1.2: Accessibility of the Bcl-xL. BH3-binding groove. (A) Configuration snapshot
corresponding to a BH3-binding groove vector (green arrow) with a deviation angle from
the membrane normal (black arrow), ®, of greater than 90°, suggesting occlusion of the
BH3-binding groove (color scheme as in Figure 1.1B). (B) Configuration snapshot corre-
sponding to a groove vector with a shallower than 90° deviation angle from the membrane
normal, suggesting an accessible BH3-binding groove (color scheme as in Figure 1.1B). BH3-
binding groove deviation angle as a function of time for (C) unprotonated Bel-xL in a 2:1
POPC:TOCL lipid bilayer (green) and POPC lipid bilayer (grey), and (D) protonated Bcl-
xL in a 2:1 POPC:TOCL lipid bilayer (yellow) and POPC lipid bilayer (purple). The shaded
regions (time < 1ps) represent the non-stationary portion of the trajectories and were not
included in further analyses (see also Supplemental Figure 1.8).

In order to investigate the relationship between of groove deviation angle and membrane

composition, we considered the corresponding deviation angle distributions over two dis-



tinct time intervals exhibiting steady-state behavior (see 1.3). The distributions for both
unprotonated systems remain broad and overlap over both sampled time intervals (1.3A B).
Furthermore, in the unprotonated POPC simulation, the BH3-binding groove deviation an-
gle distribution is over the entire allowed configuration space, while in the unprotonated
POPC:TOCL simulation, the sampling of large deviation angles is favored. Only the pro-
tonated POPC:TOCL simulation shows a separate narrow distribution of deviation angles

under 90° (1.3D).

Taken together, these results suggest that protonation of Bel-xL titratable residues (ten as-
partic acids, twenty-one glutamic acids, and four histidines) modulates the conformational
dynamics of the Bcl-xL soluble head region in the membrane-anchored configuration. Fur-
thermore, the presence of cardiolipin promotes the re-orientation of the soluble head in

protonated Bel-xL towards a configuration that exposes the BH3-binding groove.

1.3.2 Conformational Dynamics of the al-a2 Loop

To evaluate the effect of the protein protonation state and the addition of cardiolipin on
the conformation of the al-a2 loop, we computed the distribution of the radius of gyration
over the same trajectory interval, from 2.25pus to 5.0ps, on all four simulations (1.4). In
both the unprotonated (1.4C) and protonated (1.4D) systems, the addition of cardiolipin
results in a broader distribution, indicating a more flexible loop. In the POPC simulation
systems, protonation results in larger values for the radius of gyration and up-shifts the
entire distribution, indicating an extension of the loop. Conversely, in the case of cardiolipin,
protonation narrows and results in lower values for the radius of gyration, suggesting a more

compact conformation.

To evaluate the membrane interactions of the al-a2 loop, we determined the distributions of

positions of Gly-21 and Gly-70 along the transmembrane direction (1.5). Gly-70 was selected
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Figure 1.3: Orientational configurations of the BH3-binding groove. The changes in the dis-
tributions of the BH3-binding groove deviation angle from the membrane normal over two
separate time intervals indicate that the presence of cardiolipin narrows the configurational
space sampled by the soluble head and that both protonation of Bcl-xL and cardiolipin favors
specific orientations of the soluble head relative to the membrane surface, consistent with
accessible configurations of the BH3-binding groove. (A) and (B) Binding-groove deviation
angle distributions for unprotonated simulations based on stationary portions of unproto-
nated PC system. (C) and (D) Binding groove deviation angle distributions for protonated
simulations based on stationary portions of protonated 2:1 PC:CL system. All angle his-
tograms are colored as in Figure 1.2C, D.

due to its membrane interaction in the inserted form of Bel-xL[158]. Its position near the
middle of the 61-residue long al-a2 loop was compared to Gly-21, which constitutes the first
residue in the loop, allowing a detailed analysis of membrane interactions between different

regions of the loop in these various systems.

In the unprotonated systems, Gly-21 has a broader distribution closer to the membrane

headgroup region in the POPC simulation and a narrower distribution further from the
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Figure 1.4: Conformation of the a1-a2 loop. (A) Configuration snapshot corresponding to an
extended loop conformation in the unprotonated POPC:TOCL system. (B) Configuration
snapshot corresponding to a compact loop conformation in the protonated POPC:TOCL
system. The protein is shown in secondary structure representation colored gray, except for
the al-a2 loop which is shown in red. The lipid phosphate phosphorus atoms are shown as
yellow spheres. The rest of the simulation system has been removed for clarity. The al-a2
loop radius of gyration is broadly distributed in the POPC:TOCL systems in comparison
to POPC, suggesting that the presence of cardiolipin confers more flexibility to the loop.
The comparison between the radius of gyration distributions in the unprotonated (C) and
protonated (D) systems suggests that protonation of the Bel-xL titratable residues promotes
extended loop conformations in the POPC system and compact loop conformations in the
POPC:TOCL system.

membrane surface in POPC:TOCL (1.5C). Protonation of Bel-xL results in a narrower dis-
tribution for both simulation systems. However, in the protonated POPC simulation, Gly-21

was shifted away from the membrane surface and into the bulk solvent, while in the pro-
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Figure 1.5: Interactions of the al-a2 loop with the membrane surface. (A) Configuration
snapshot corresponding to a al-a2 loop that is not interacting with the membrane surface
in the unprotonated POPC:TOCL system. (B) Configuration snapshot corresponding to a
membrane-interacting al-a2 loop in the protonated POPC:TOCL system. The protein is
shown in secondary structure representation colored gray, while Gly-21 and Gly-70 are shown
in green as filled-spheres. The lipid phosphate phosphorus atoms are shown as yellow spheres.
The rest of the simulation system has been removed for clarity. (C-F). The distributions
of two glycines in the al-a2 loop (Gly-21 near al and Gly-70 in the middle of the loop
chain) along the transmembrane direction suggest that protonation of Bcl-xL promotes the
interactions of the loop with the membrane surface, while the addition of cardiolipin favors
the partitioning of the loop residues in the membrane lipid head-group region. The vertical
dashed line in the histograms is located at the mean position of lipid phosphate group
phosphorus atoms, an indication of the location of the membrane lipid head-group region
along the transmembrane direction.
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tonated POPC:TOCL simulation, the Gly-21 distribution laid within the membrane lipid

headgroup region centered at the level of the lipid phosphate groups (1.5D).

A similar analysis was performed on Gly-70 (1.5E,F) in order to evaluate the membrane
interactions near the middle of the disordered loop. In the unprotonated systems, Gly-70
resides in the bulk solvent (1.5E), indicating that Gly-70 is not interacting with the membrane
surface. In contrast, the corresponding distributions for the protonated systems suggest
that Gly-70 interacts with the membrane surface upon protonation of the Bcl-xL titratable
residues (1.5F) with a narrower distribution for protonated Bel-xL in POPC:TOCL, centered
at the depth of the lipid phosphate group as in the unprotonated systems. Taken together,
these results show that protonation promotes the interactions of the al-a2 loop with the
membrane surface, while the addition of cardiolipin promotes the partitioning of the loop

residues in the membrane lipid headgroup region.

1.3.3 Transmembrane Helix Orientation

To determine if the conformational dynamics of the transmembrane helix (a8) were effected
by the changes to our simulated systems, we measured the orientation of the transmembrane
helix (a8) principal axis vector with respect to the membrane normal as a function of time.
The corresponding distributions of deviation angles for all four systems show significant
overlap (1.6), which suggests that neither protonation nor the addition of cardiolipin affect

the conformational dynamics of a8 in a transmembrane configuration.

1.4 Discussion & Conclusions

Apoptosis or controlled cell death is a critically important process in maintaining and de-

veloping healthy cell populations and tissues. Dysregulation of apoptosis has been shown
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Figure 1.6: Orientation of the transmembrane (TM) helix. (A) The orientation of helix a8
was determined by the deviation angle, ¥, of the helix principal axis (green arrow) from the
membrane normal (black arrow). The protein is shown in secondary structure representation
colored gray, except for helix a8 which is shown in purple. The lipid phosphate phosphorus
atoms are shown as yellow spheres. The rest of the simulation system has been removed
for clarity. Distributions of TM helix angles for unprotonated (B) and protonated (C)
simulations show significant overlap and provide no in-formation correlated with soluble
head orientation.
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to have significant consequences, from hyperactive apoptosis contributing to neurodegenera-
tion or immunodeficiency, to insufficient apoptosis leading to autoimmunity and cancer[139].
Furthermore, cancer treatment efficacy is reduced by the ability of cancer cells to avoid
apoptosis. A key step in triggering apoptosis is the permeabilization of the mitochondrial
outer membrane, which releases apoptotic factors into the cytosol and ultimately results in
cell death[163, 23]. MOMP is controlled and regulated by the Bel-2 family of proteins, which
directly interacts with the mitochondrial outer membrane to either promote or prevent the
formation of oligomeric pores[12, 21, 179]. In the case of Bel-xL, changes in membrane lipid
composition[158, 160, 28, 27|, as well as the protonation state of Bel-xL[158, 160], have also
been implicated in its regulation of apoptosis. While protonation changes in proteins are
unlikely to be caused by decreases in cytosolic pH, several other factors modulate the pKa of
titratable residues. It is well known that the pKa values for D (aspartic) and E (glutamic)
residues have a range of 5 pH units depending on factors such as environmental polarity
and water exposure[105, 106]. In the case of membrane-active proteins such as Bel-xL, these
changes in pKa could be induced by their water-to-membrane transitions[149, 18]. The an-
choring of Bel-xLL to lipid bilayers is therefore hypothesized to modulate the protonation
state of its titratable residues, which could affect its membrane interactions and dynam-

ics. Here, we examined Bcl-xL under four different conditions: protonated or unprotonated

Bel-xL embedded in a 100% POPC or 2:1 POPC:TOCL membrane.

The evaluation of the orientation of the soluble head reveals that as individual perturbations,
neither the presence of cardiolipin in the membrane nor the protonation of the titratable
residues result in exposure of the BH3-binding groove, suggesting that cardiolipin and pro-
tonation act in concert to promote a favorable orientation of the soluble head that exposes
the BH3-binding site on the microsecond timescale (Figures 1.3 and 1.3). In contrast, the
soluble head orientation in the POPC unprotonated system exhibits large fluctuations over
the entire possible conformational space, which is inconsistent with the development of a

competent binding conformation.
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Figure 1.7: Schematic summary of the effects of cardiolipin and protonation on the confor-
mational dynamics of membrane-anchored Bel-xL studied by MD simulations. Four systems
examined in this study are illustrated by the following representative snapshots from mi-
crosecond MD trajectories: 2.44 ps for E-, D-; and H4 Bel-xL in a POPC lipid bilayer (top
left); 3.66 ps for E°, D°, and H° Bel-xL in a POPC lipid bilayer (top right); 4.30 ps for E-, D-,
and H+ Bcl-xL in a 2:1 POPC:TOCL lipid bilayer (bottom left); and 3.71 ps for E°, D°, and
H° Bel-xL in a 2:1 POPC:TOCL lipid bilayer (bottom right). In the absence of cardiolipin or
protonation (top left), the soluble head domain of the membrane-anchored Bel-xL does not
interact with the lipid membrane surface and largely retains the conformation of the soluble
protein[178, 177, 126]. The addition of cardiolipin (bottom left, orange), which corresponds
to physiologically observed changes of MOM during apoptosis|28, 27], induces membrane
interactions of the soluble head domain of the protein, resulting in protein conformational
changes (see Figures 1.3-1.7). These interactions become more prominent upon subsequent
protonation of all acidic and His residues (bottom right), resulting in (i) lipid interactions of
the loop between helices ol and o2 (highlighted in red) and (ii) reorientation of the bind-
ing grove (highlighted in blue) that can engage BH3 domains of the other Bcl-2 proteins.
Physiologically, it is suggested that protonation corresponds to the bilayer-induced shifts in
pKal[158, 160] or proton leakage at the early stages of MOMP[158, 160]. Note that no loop-
lipid binding or reorientation of the BH3-binding groove was observed in the control MD
simulations of protonated Bel-xL in the absence of cardiolipin (top right). Conformational
changes and lipid interactions induced by cardiolipin and in the membrane-anchored Bel-xL
provide structural insights into the initial protein conformational changes on the pathway
towards fully refolded membrane-inserted Bel-xL[158, 160].
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Analysis of the a1-a2 loop indicates that the addition of cardiolipin results in a more flexible
loop (1.4). Protonation is shown to extend the loop in the presence of POPC. However,
the extended loop in protonated Bcl-xL results in a narrower distribution of values in the
presence of cardiolipin, suggesting a stable and extended disordered loop (1.4D). This is
further exemplified when considering individual loop residues. While the position of Gly-
21 is constrained by the orientation of the soluble head, as it is located right after helix
al, Gly-70 is near the middle of the loop and not constrained by the soluble head (1.5).
The distributions in 1.5 E,F support the conclusion that protonation promotes membrane

interactions for Gly-70, which is consistent with previous in vitro measurements|[158].

In contrast to the rest of the protein, the orientation of the transmembrane helix with
respect to the membrane normal remains largely the same across all four systems (1.6), with
tilt angle fluctuating in the range of 10-25°. This range is somewhat lower than reported

previously[177, 126], but is consistent with the thicker bilayer used in our simulation.

Overall, this work provides structural insights into the dependence of the conformational
dynamics of Bel-xLL on protonation states and membrane composition. Protonation and
the addition of cardiolipin reorient and stabilize the soluble head in a new configuration
with a high probability that the BH3-binding groove is not occluded (1.7). These same
conditions also produce a more dynamic a1-a2 loop that readily interacts with the membrane
surface, recapitulating the coupled effect of protonation and cardiolipin content (1.7). The
concerted effects of protonation and cardiolipin on the membrane-anchored form of Bel-xL
are consistent with in vitro measurements of the Bcl-xLL membrane insertion, which showed
that the presence of cardiolipin produces more favorable protonation-dependent insertion free
energy[158, 160]. The extent to which cardiolipin modulates the protonation of Bel-xL by
altering the pKa of its titratable residues is, however, a complex issue, the characterization

of which will require further studies.
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1.5 Future Work

Our current work on Bel-xLi explores the pre-apoptotic and apoptotic pre-MOMP (mito-
chondrial outer membrane permeation) conditions in the presence of sodium. However,
physiologically relevant conditions are highly complex and both protonation of the residues
and divalent cations have been implicated in these interactions. As apoptosis proceeds, the
mitochondrial outer membrane composition changes to one that supports a greater fraction
of cardiolipin. Considering complex changes occurring in this system, there is quite a bit of

room for future work.

First, we propose to pursue a more complete picture of the pre-apoptotic and apoptotic pre-
MOMP conditions by simulating membrane-anchored, unprotonated Bcl-xL in the presence
of Ca*" and Mg?". Following this study, it would also be relevant to explore Bel-xL with
partial protonation at just the Histidine sites to represent another pre-apoptotic condition.
Finally, a set of simulations with membrane-anchored Bel-xI. with all Histidine and acidic
residues protonated would represent the apoptotic and post-apoptotic conditions. Currently,

the vast majority of these simulations have already been run on Anton2.

1.6 Materials & Methods

1.6.1 Simulation Systems

A model of the full-length Bel-xL protein in a membrane-anchored configuration was con-
structed by combining two solution NMR structures: one lacking the C-terminal helix (PDB
ID: 1LXL; residues 1-222)[98] and another of the isolated C-terminal helix (PDB ID: 6F46;
helix a8, residues 209-231)[115]. After aligning the C-terminal helix along the Cartesian

z-axis, the two structures were superimposed and joined at residue GIn-207 to generate a
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model for the membrane anchored full-length Bcl-xL, where the C-terminal helix is in a
transmembrane orientation. For each simulation, Bcl-xL was anchored into the membrane
by embedding the C-terminal helix in the lipid bilayer such that the Trp-213 residue was
just below the lipid phosphate groups and the soluble folded domain was within 4 A of the
membrane surface. The membrane-anchored Bel-xIL model was incorporated into four differ-
ent simulation systems, each with one of two protein protonation states to which all Bel-xL
acidic and histidine residue sidechains were protonated or unprotonated (hereafter identi-
fied as protonated or deprotonated configurations, respectively); and one of two membrane
compositions: 100% 1-palmitoyl-2-oleoyl-sn-glycero-3-phosphocholine (POPC) or POPC at
a 2:1 ratio with 1,1,2,2 -tetraoleoyl-cardiolipin (2POPC:1TOCL). The simulation system
setup was performed with CHARMM-GUI[67, 66, 173, 68, 83, 113]. All simulations are

summarized in Table 1.1.

For the unprotonated 100% POPC simulation, Bel-xL was embedded in a lipid bilayer con-
sisting of 411 POPC, both solvated with 36,055 water molecules and neutralized with 50
mM excess NaCl (43 Na+, 32 Cl-), for a total of 166,907 atoms and an initial simulation cell
size of 129.9 A x 129.3 A x 124.8 A. For the protonated 100% POPC simulation, Bel-xL
was embedded in a lipid bilayer consisting of 412 POPC, both solvated with 36,094 water
molecules and neutralized, and with 50 mM excess NaCl (32 Na+, 56 Cl-), for a total of
167,206 atoms and an initial simulation cell size of 130.0 A x 128.1 A x 125.0 A. Similarly,
for the unprotonated 2:1 POPC:TOCL simulation, Bcl-xIL was embedded in a lipid bilayer
consisting of 239 POPC and 120 TOCL, both solvated with 46,584 water molecules and
neutralizing Na+ (131 Na+), for a total of 205,383 atoms and an initial simulation cell size
of 151.1 A x 143.3 A x 129.4 A. For the protonated 2:1 POPC:TOCL simulation, Bel-xL
was embedded in a lipid bilayer consisting of 239 POPC and 120 TOCL, both solvated with
46,586 water molecules and neutralizing Na+ (96 Na+), for a total of 205,389 atoms and an
initial simulation cell size of 150.6 A x 157.9 A x 127.3 A.
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1.6.2 Initial Molecular Dynamics Simulations

The initial equilibration of the simulation systems was performed with NAMD 2.11[110].
Each system was subjected to 50,000 steps of conjugate gradient energy minimization, fol-
lowed by a 400-ps run at constant temperature (310 K) and pressure (1 atm) with harmonic
restraints on the protein-backbone atoms and the PC carbonyl carbons using a decreasing
force constant equal to 10, 5, 2, 1, 0.5, 0.2, 0.1, and 0.05 kcal-mol™'-A~2. Unrestrained
dynamics were then run for 10 ns on the unprotonated simulations, 7 ns on the protonated
100% POPC simulation, and 15 ns on the protonated 2:1 POPC:TOCL simulation. The
CHARMM36[74, 10] force fields were used for the protein, lipids, and ions, and the TIP3P
model was used for water[69]. The smooth particle-mesh Ewald summation method[37, 30]
was employed for the calculation of electrostatic interactions. Short-range real-space interac-
tions were cutoff at 12 A, employing a force-based switching function. A reversible multiple-
time step algorithm[45] was used to integrate the equations of motion with a time step of
1 fs for electrostatic forces, short-range non-bonded forces, and bonded forces. A Langevin
scheme was used for temperature control and a Nosé-Hoover—Langevin piston[92, 38] was

used for pressure control.

1.6.3 Microsecond-Timescale Molecular Dynamics Simulations

After initial equilibration, all simulation systems were transferred to Anton2, a special
purpose supercomputer for biomolecular simulations, and run for 5.0 ps each[133]. The
CHARMM36 force field[74, 10] was used for the protein, lipids, and ions, and the TIP3P
model was used for water[69]. The r-RESPA algorithm[152] was used to integrate the
equations of motions with a time step of 3 fs for long-range non-bonded forces and a 1
fs time step for both short-range non-bonded and bonded forces. The k-Gaussian split

Ewald method[132] was used for the long-range electrostatic interactions. The SHAKE
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algorithm[125] was employed to constrain all hydrogen atom bond lengths. Simulations
were performed at a constant temperature (310 K) and pressure (1 atm) using Nosé—Hoover
chains[91] and the Martyna-Tobias-Klein barostat[92]. The RESPA algorithm, temperature

control, and pressure control were implemented using the multigrator scheme[86].

1.6.4 Trajectory Analysis

To evaluate the orientation and accessibility of the Bel-xL. BH3-binding groove, we defined a
BH3-binding groove vector as the normal to the plane formed by the principal axis of helix
ab (from residue 143 to residue 153) and the vector connecting the geometric center of the
a-carbons in residues 143 through 146 in helix ab to the geometric center of the a-carbons

in residues 170 through 173 of helix a6.

The a-helix principal axes were determined from the moment of inertia tensor of all the Ca

atoms of all the residues participating in the helix in the initial configuration.

Analyses were performed with VMDI[58] and custom Python scripts. Molecular graphics

were generated with VMD.
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1.7 Supplementary Information

Effects of Cardiolipin on the Conformational Dynamics of Membrane-

Anchored Bcl-xL
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Figure 1.8: RMSD of the soluble head (SH) components of Bel-xL. RMSDs for all four sim-
ulated systems are shown as a function of time. RMSDs were calculated from the backbone
(C, N) atoms of the helical residues in a1 through a7 without including any residues in the
disordered regions linking the helices.
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Chapter 2

Effects of Ca?T and Mg?T on the
Conformational Dynamics of

Membrane-Anchored Bcl-xL

Vivek Tyagi, Victor Vasquez-Montes, J. Alfredo Freites, Alexander Kyrychenko,
Douglas J. Tobias, and Alexey S. Ladokhin

2.1 Abstract

Inhibition of the pore-forming Bcl-2 proteins which target the mitochondrial outer membrane
(MOM) is a key process by which apoptosis is regulated to prevent cell death. Bel-xL, an
anti-apoptotic protein, has been shown to interact with these proteins in conjunction with
the mitochondrial membrane and cytosolic environment where it serves to sequester pore-
forming pro-apoptotic peptides and demonstrably inhibits apoptosis. This function has been

shown experimentally to be linked to cellular concentrations of Ca?t and Mg?" as well as
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the anionic lipid cardiolipin. Simulated exploration of the role of these divalent cations and
lipid systems serve to provide a mechanistic picture for how these variables work together
to promote an effective Bel-xLi protein. The acidic residues of Bel-xLi and the anionic lipid
cardiolipin have divalent cation bridged interactions that affect the conformation of the
highly dynamic Bel-xLi disordered loop which connects alpha helix 1 of the soluble head to
alpha helix 2. Furthermore, the tightly held hexa-coordinated waters around Mgt serve
to increase the interaction distance between the divalent charge center and its interactors,
allowing for more dynamic ionic behavior while Ca** exhibits direct interactions that are

long-lived and support continuous interactions between specific residues and lipids.

2.2 Introduction

Protein-lipid interactions are prevalent throughout the cell and understanding the essential
principles that govern them are key to being able to predict how they will change or be
modulated under different conditions. Here, two different ionic systems are explored, Ca?*
and Mg?", in conjunction with an unprotonated, membrane-anchored Bel-xL protein. The
mitochondrial outer membrane (MOM), the native anchoring environment for Bel-xL, un-
dergoes conversion whereby cardiolipin lipids are transferred from the inner mitochondrial
membrane to the outer, thereby increasing the anionic character of the membrane. Both
Ca?" and Mg?" have the opportunity to increase the membrane interactions of the acidic
residues present in Bel-xL. Though both ions present a similar +2 charge, their difference
in size confers a differing interaction with water resulting in Ca?* being able to directly
interact with residues and lipids while Mg?* interacts indirectly and has strongly held, hexa-
coordinated water molecules that bridge interactions. This difference in interaction between
these divalent cations leads to significantly more interactions between negative charge centers

and ions for the Ca?" simulations. The data presented here demonstrates that both Ca?*
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and Mg?* strongly influence how protein-lipid interactions occur and the resulting long-term
conformations of the Bel-xL protein. The strong and direct interactions presented by Ca?*
imply that divalent cation composition is important in how protein-lipid interactions are

mediated.

2.3 Results

2.3.1 Ca?" interactions are consistently long-lived, Mg?*

interactions are transient

The membrane mediated spontaneous activation model for Bel-xL suggests that Bel-xL
achieves ideal conformations to interact with pro-apoptotic pore-formers when sufficient
cardiolipin lipids have been transferred from the mitochondrial inner membrane to the mito-
chondrial outer membrane (MOM). This conversion results in a highly anionic lipid compo-
sition for the MOM. Lipid composition and the presence of divalent cations are thought to
work in conjunction to produce the most active conformations of the anchored protein. The
key to regulating these active conformations is likely the variation in cardiolipin content in
the MOM, however divalent concentrations are also relevant since they bridge interactions

between the acidic residues on the protein and the anionic lipids on the MOM.

When comparing the interactions of Ca?t and Mg?* with either the anionic mitochondrial
membrane or Bel-xL acidic residues, it is important to consider the proximity of these inter-
actions. While Ca?* can directly interact with negative charge centers, Mg?" interactions
are bridged by tightly held, hexa-coordinated water molecules. These water molecules have
a residence time around Mg?* that extends beyond 10 us, making it extremely unlikely that
a direct Mg*" interaction (i.e. not bridged by water) would be observed within the time

of our simulations (up to 5 ws). This is quantified when viewing the radial distribution
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Figure 2.1: Radial distribution function between acidic residue carbonyl oxygen atoms and
relevant divalent cation. Panels A & B illustrate the first minima used to quantify the
interaction distance of Ca?* with aspartic and glutamic residues respectively. Panels C & D
illustrate the first minima used to quantify the interaction distance of Mg?* with aspartic
and glutamic residues respectively. The difference between Ca?* and Mg?* is attributed to

10 O

2 4 6 8
distance (A)

Mg?*’s tightly held hexa-coordinated water molecules that bridge interactions.

between divalent ions and acidic residues, as shown in 2.1. Ca?*t interactions are shown to
be roughly 3 A from acidic residues (2.1A & 2.1B), while Mg?* interactions are shown to be

approximately 2 A greater than that (2.1C & 2.1D), which accounts for the size of the water

molecule and the reduction in ionic radius of Mg?* relative to Ca?*.
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2.3.2 Ca’" interacts with multiple acidic residues simultaneously,

Mg?* interacts with individual acidic residues

A Acidic Residue Count B ASP Residue Count C. GLU Residue Count

10

Acidic_count
ASP_count
GLU_count

Figure 2.2: Number of acidic residues coordinated with divalent ions as a function of time.
Panel A illustrates the number of total acidic residues (Asp: 10; Glu 21; Total: 31) coordi-
nating with Ca?" (blue) and Mg?" (orange). Panels B & C show a similar analysis broken
down by Asp or Glu respectively. Ca?* interactions are long-lived after initiation while Mg?*
interactions are short-lived and never saturate all acidic residues simultaneously.

Direct interactions with Ca?* and the acidic residues are shown to be long-lived in simulation.
Once Ca?* starts interacting with an acidic residue, it appears to remain in that position for
the duration of the simulation (2.2, blue). Ca®" interactions are also not limited to single
negative charges, meaning they can interact simultaneously with acidic residues and anionic
lipids, multiple acidic residues, or multiple anionic lipids. This continuous bridging behavior
suggests that Ca?" may be important in achieving idea conformational states. Additionally
Ca?" may be involved in localizing anionic lipids, thereby creating hotspots of cardiolipin
in the MOM. When viewing Mg?* through a similar lens, simulations show that Mg?*
interactions are not as consistent or long-lived as Ca?* (2.2, orange). The observed transient
behavior of Mg?* is likely a consequence of the hexa-coordinated water molecules, which
effectively create a larger separation for the interacting charges, reducing the likelihood of

Mg?* remaining consistently around a negative charge center (2.2, orange).
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Figure 2.3: Representative simulation snapshots of divalent interactions with Bcl-xL soluble
head. Aspartic residues are colored in red and glutamic residues are colored in green. Panel
A shows Ca?* ions (yellow spheres) interacting with multiple acidic residues simultaneously
and multiple acidic residues interacting with the same Ca?" ion. Panel B shows Mg?* ions
(gray spheres) interacting sparsely with the soluble head and occasionally single Mg?* ions
interact with multiple acidic residues simultaneously.

Similarly, considering the interactions of divalent cations on the Bcl-xL soluble head, simu-
lation snapshots reveal that multiple Ca?* ions can interact with simultaneously with acidic
residues (2.3A). Additionally, multiple acidic residues can interact simultaneously with Ca?*
ions (2.3A). Conversely, Mg?" ions are revealed to interact sparsely with Bel-xL soluble head
acidic residues (2.3B). These interactions are typical 1:1, though occasional exceptions exist
where, like Ca?*, Mg?* ions interact with multiple residues or acidic residues interact with

multiple Mg?* ions. In the case of Mg?* these interactions are very short-lived 2.3B.

The disordered loop of the Bcl-xL protein extends from residues 21 to 88 and links helix al
to helix a2. The disordered loop is composed of residues that lack well-defined secondary
structure, and as such, are highly flexible and can be reoriented easily. Previous analyses
have shown that Ca?" has long-lived interactions with acidic residues and can serve as a
bridge between neighboring acidic charges. Considering this effect on the disordered loop

via a contact map, the divalent simulations reveal that Ca?* ions are a key element in
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Figure 2.4: Contact map of Bel-xL disordered loop (ol — a2; residues 21-88) in differing
divalent conditions, Ca?T and Mg?*. Panel A shows Ca?* promotes more close interactions
between disordered loop residues as shown by the darkened regions. Particularly, residues
21 to 36 interact readily with residues 41 to 66, and residues 66 to 88 interact readily with
each other. Panel B shows much more diffuse interactions among the Mg?" simulation as
shown by the brighter regions overall.

maintaining a collapsed loop and that residues 21 to 36 interact consistently with residues
41 to 66 and residues 66 to 88 interact readily with each other (2.4A). These interactions are
significantly muted in the Mg?* simulation and the transient nature of the Mg?* ion prevent

the consistent collapsed formation seen in the Ca*" simulation (2.4B).

2.3.3 Ca’" interactions collapse disordered loop while Mg?*

interactions exhibit a dynamic loop

Considering the visual presentation of the disordered loop during simulation, the Ca?* sim-
ulation reveals a loop that has condensed onto the soluble head and remains in a collapsed
state for long periods of time. Figures 2.5A and 2.5B show the Ca?" simulation at 3.6 A
and 4.4 A, respectively, and during this entire 0.8 A time span, the loop remains in a near

identical collapsed state. After this period, the loop extends slightly for a few single digit
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Figure 2.5: Simulation snapshots showing a long-lived, collapsed loop for Ca?* and a more
dynamic loop for Mg*". Panels A & B depict a similar collapsed state of the loop (red
ribbon) in the Ca*" condition at 3.6 us and 4.4 us, respectively. The loop remained col-
lapsed throughout this 0.8 pus interval and this collapse is relatively consistent throughout
the equilibrated portion of the trajectory. Panels C & D depict a fluctuating loop with dy-
namic character in the Mg?™ condition. These panels have a 50 ns differential and show the
loop moving from extended to collapsed formation. This fluctuating behavior is consistent
throughout the equilibrated portion of the trajectory.

nanoseconds before returning to this same collapsed conformation. Conversely, the Mg?*
simulation is observed to undergo rapid fluctuation between an extended and collapsed loop
conformations (2.5C & 2.5D). Figures 2.5C and 2.5D represent two snapshots with 50 ns

between them and serve to illustrate the fluctuation in conformation for the disordered loop.

The consistent collapse of the disordered loop seen in the Ca?* simulation and the fluctua-
tions between extended and collapsed seen in the Mg?* simulation are further exemplified
in Figure 2.6. The radius of gyration of the disordered loop in the Mg?" simulation is seen

to have strong and rapid fluctuations that very rarely entire the regime seen in the Ca?*
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Figure 2.6: Radius of gyration of the Bcl-xLi disordered loop for both divalent conditions,
Ca?"T and Mg?*. Ca®" (blue) shows a consistent low radius of gyration value for the equili-
brated portion of the trajectory (non-equilibrated portion blocked out in gray), and suggests
a collapsed loop is consistent throughout the simulation. Mg?" (red) shows strong fluctu-
ations in radius of gyration between 23 A and 13 A, with most of the values being above
that achieved in the Ca?* (blue) simulation. The Mg®" (red) simulation suggests dynamic
behavior of the loop, changing between extended and collapsed formation throughout the
simulation.

simulation. These differences are likely due to the nature of the direct and long-lived Ca?*

interactions as opposed to the water-bridged Mg?* interactions.

2.4 Discussion & Conclusions

While the prevailing models for activation and regulation of Bel-xL hypothesize that dynamic
changes in cardiolipin content in the mitochondrial outer membrane are the most important
variables, the role of divalent cations remains relevant due to their strong interactions with

anionic lipids and acidic residues on the protein. Both Mg?*™ and Ca?* serve to bridge inter-
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actions between negative charge centers, however Ca?* has much longer lived and consistent
interactions due to the direct coupling between Ca?* ions and lipids or residues. The role
of Mg?* appears to be bit more nuanced as these interactions are bridged by water, making

them weaker and short-lived.

Physiologically, 1 mM to 2 mM of Ca?T or Mg?** are typical, however when considering
these interactions in simulation, much higher than physiological concentrations of divalent
cations were used in an effort to sample a reasonable amount of ion interactions (100 mM
of Ca*" or Mg?"). As such, these simulations provide meaningful evidence of the difference
in interactions between these divalent cations, but they do not correlate well with wet-
lab experimental conditions, and so it would be prudent to perform studies regarding the

conformation of the loop in wet-lab conditions for comparison.

The results presented here provide a rationalization for differences observed in experiments
with Ca?T or Mg?" prevalence. Further work is necessary to understand the specific role
of changing cardiolipin concentrations within these ionic environments and how changes in
anionic lipid concentration affect Bel-xL activation and regulation. This current work illumi-
nates the difference in effect observed for divalent cations Ca?" and Mg?*.These differences
point to the important role that divalent cation concentration can have on protein-membrane

binding and the stable conformations of membrane inserted proteins.

2.5 Materials & Methods

2.5.1 Simulation Systems

A model of the full-length Bcl-xL protein in a membrane-anchored configuration was con-

structed by combining two solution NMR structures: one lacking the C-terminal helix (PDB
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ID: 1LXL; residues 1-222)[98] and another of the isolated C-terminal helix (PDB ID: 6F46;
helix a8, residues 209-231)[115]. After aligning the C-terminal helix along the Cartesian
z-axis, the two structures were superimposed and joined at residue GIn-207 to generate a
model for the membrane anchored full-length Bcl-xL, where the C-terminal helix is in a
transmembrane orientation. For each simulation, Bcl-xL was anchored into the membrane
by embedding the C-terminal helix in the lipid bilayer such that the Trp-213 residue was
just below the lipid phosphate groups and the soluble folded domain was within 4 A of the
membrane surface. The membrane-anchored Bel-xI. model was incorporated into four differ-
ent simulation systems, each with one of two protein protonation states to which all Bel-xL
acidic and histidine residue sidechains were protonated or unprotonated (hereafter identified
as protonated or deprotonated configurations, respectively); and one of two ion composi-
tions: 100 mM CaCly and 100 mM MgCl,. The simulation system setup was performed with
CHARMM-GUI|67, 66, 173, 68, 83, 113].

2.5.2 Initial Molecular Dynamics Simulations

The initial equilibration of the simulation systems was performed with NAMD 2.11[110].
Each system was subjected to 50,000 steps of conjugate gradient energy minimization, fol-
lowed by a 400-ps run at constant temperature (310 K) and pressure (1 atm) with harmonic
restraints on the protein-backbone atoms and the PC carbonyl carbons using a decreasing
force constant equal to 10, 5, 2, 1, 0.5, 0.2, 0.1, and 0.05 kcal-mol~'-A~2. Unrestrained
dynamics were then run for 10 ns on the unprotonated simulations, 7 ns on the protonated
100% POPC simulation, and 15 ns on the protonated 2:1 POPC:TOCL simulation. The
CHARMM36[74, 10] force fields were used for the protein, lipids, and ions, and the TIP3P
model was used for water[69]. The smooth particle-mesh Ewald summation method[37, 30]
was employed for the calculation of electrostatic interactions. Short-range real-space interac-

tions were cutoff at 12 A, employing a force-based switching function. A reversible multiple-
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time step algorithm[45] was used to integrate the equations of motion with a time step of
1 fs for electrostatic forces, short-range non-bonded forces, and bonded forces. A Langevin
scheme was used for temperature control and a Nosé-Hoover-Langevin piston[92, 38] was

used for pressure control.

2.5.3 Microsecond-Timescale Molecular Dynamics Simulations

After initial equilibration, all simulation systems were transferred to Anton2, a special
purpose supercomputer for biomolecular simulations, and run for 5.0 ps each[133]. The
CHARMMS36 force field[74, 10] was used for the protein, lipids, and ions, and the TIP3P
model was used for water[69]. The r-RESPA algorithm[152] was used to integrate the
equations of motions with a time step of 3 fs for long-range non-bonded forces and a 1
fs time step for both short-range non-bonded and bonded forces. The k-Gaussian split
Ewald method[132] was used for the long-range electrostatic interactions. The SHAKE
algorithm[125] was employed to constrain all hydrogen atom bond lengths. Simulations
were performed at a constant temperature (310 K) and pressure (1 atm) using Nosé-—Hoover
chains[91] and the Martyna—Tobias-Klein barostat[92]. The RESPA algorithm, temperature

control, and pressure control were implemented using the multigrator scheme[86].

2.5.4 Trajectory Analysis

Analyses were performed with VMDI[58] and custom Python scripts. Molecular graphics

were generated with VMD.
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Chapter 3

Ca“T-Dependent Interactions Between
Lipids and the Tumor-Targeting
Peptide pHLIP

Victor Vasquez-Montes, Vivek Tyagi, Eden Sikorski, Alexander Kyrychenko,
J. Alfredo Freites, Damien Thévenin, Douglas J. Tobias, and Alexey S. Ladokhin

3.1 Abstract

Cancerous tissues undergo extensive changes to their cellular environments that differentiate
them from healthy tissues. The changes in cell environment include changes in extracellular
pH and Ca?" concentrations, and the exposure of phosphatidylserine (PS) to the extracel-
lular environment, which can modulate the interaction of peptides and proteins with the
plasma membrane. Deciphering the molecular mechanisms of such interactions is critical for

advancing the knowledge-based design of cancer-targeting molecular tools, such as pHLIP
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(pH-Low Insertion Peptide). Here, we explore the effects of PS, Ca*", and peptide protona-
tion state on the interactions of pHLIP with lipid membranes. Cellular studies demonstrate
that levels of exposed PS on the plasma membrane promote pHLIP targeting. The magni-
tude of this effect is dependent on extracellular Ca?* concentration, indicating that divalent
cations play an important role in pHLIP targeting in vivo. The targeting mechanism is
further explored with a joint study using fluorescence and circular dichroism experiments
in model membranes as well as microsecond-timescale all-atom molecular dynamics simula-
tions. Our results demonstrate that Ca?* is engaged in coupling peptide-lipid interactions in
the unprotonated transmembrane conformation of pHLIP. The simulations reveal that while
the pH-induced insertion leads to a strong depletion of PS around pHLIP, the Ca?*-induced
insertion has the opposite effect. Thus, extracellular levels of Ca** are crucial to link cellular
changes in membrane lipid composition with the selective targeting and insertion of pHLIP.
The Ca?T-dependent coupling between pHLIP sidechains and PS provides atomistic insights
into the general mechanism for lipid-coupled regulation of protein-membrane insertion by

divalent cations, relevant to many cellular processes.

3.2 Introduction

Characteristic differences in pH, ionic, and charged macromolecule concentrations between
tissues, cells, and organelles can trigger functionally relevant structural rearrangements
in protein systems transitioning between different environments. Many membrane-active
peptides and proteins undergo conformational switching that is associated with the water-
to-membrane partitioning. Proteins in this group include bacterial toxins[109, 87], viral
entry proteins|[168], antimicrobial peptides[180], cancer-targeting peptides[121, 120, 165],
and Bcl-2 apoptotic regulators[139, 159]. Their significant involvement in human disease

and treatment makes them fundamentally important to the biomedical field and the fo-
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cus of many studies. Unfortunately, our knowledge of the basic mechanism of conforma-
tional switching in membrane systems is often lacking, impeding our ability to predict
protein-lipid interactions and the resulting conformations under physiological conditions.
Specifically, the role of lipid composition and divalent cations in modulating these inter-
actions remains under-explored, despite the mounting evidence of their physiological im-
portance in triggering (together with [H+] differences) functionally relevant conformational

changes[159, 22, 146, 123, 154, 184, 138, 31, 171].

Our ability to target or manipulate these processes can therefore be beneficial for human
health. For example, the membrane insertion of the pH Low Insertion Peptide (pHLIP) has
recently been used to target drugs to cancer cells[121, 120, 4, 6, 156]. Because tumors pro-
duce slightly acidic extracellular environments[51, 29|, it has been assumed that the highly
selective cancer-targeting action of pHLIP is solely related to this acid-induced insertion.
Solid tumors, however, are also characterized by a well-established dysregulation of plasma
membrane lipids that leads to the partial redistribution of the anionic lipid phosphatidylser-
ine (PS) from the inner leaflet of the plasma membrane to the outer leaflet[154, 184]. The
extracellular exposure of the PS-containing outer leaflet imparts an anionic character to the
cell exterior that differentiates it from the zwitterionic exterior of healthy cells[123, 147].
The impact of exposed PS on the interaction of peptides/proteins with cancer cells remains

unclear.

In the case of pHLIP, our recent publications demonstrate that its selective targeting and in-
sertion mechanism involves an intimate coupling between pH, extracellular divalent cations,
and membrane lipid composition[76, 160, 157]. Here we expand on these results and investi-
gate the intricate relationship between PS lipids and physiological levels of divalent cations
on the tumor targeting and selectivity properties of pHLIP. To this end, we performed a
series of cellular and biophysical studies in combination with microsecond timescale all-atom

molecular dynamics (MD) simulations. Our results show that the presence of Ca?* is crucial
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to link the effects of elevated PS levels in cancer cells to the cellular targeting of pHLIP. MD
simulations revealed extensive Ca?*-mediated interactions between pHLIP acidic sidechains
and membrane lipids that stabilize the unprotonated transmembrane form of pHLIP. They
also demonstrate that the pH- and Ca?*-driven insertion, produce different local distribu-
tions of PS lipids around pHLIP. These results highlight the significance of divalent cations
on protein-membrane interactions and show that they must be considered to understand
peptide-membrane interactions in biological settings and the design of membrane interact-

ing peptides.

3.3 Results

3.3.1 Ca’?" enhances the effects of phosphatidylserine on pHLIP

cellular targeting

The effect of extracellularly exposed phosphatidylserine (PS) on pHLIP cellular targeting was
measured by flow cytometry using a fluorescently labeled pHLIP conjugate. Measurements
were performed on two cell lines with different levels of exposed PS, as confirmed by Annexin
V binding (Fig. 3.6): LNCap cells (high PS) exhibit twice as much PS at its surface than
HEK293 cells (low PS), a fold difference consistent with what has been observed between

cancerous and non-cancerous cell lines.

At physiological pH 7.4, AlexaFluord88-tagged pHLIP showed minor interactions with cells
in the absence of divalent cations, consistent with previously published results[160] (Fig. 3.1).
This interaction was, however, enhanced either by the presence of 1.8 mM Ca?" (mimicking
total extracellular [divalent cation]) at pH 7.4 or mild acidification to pH 7.0 (resembling
tumor tissue pH[51, 29]). The former results in a 3.2-fold increase in pHLIP cellular in-

teractions, while a 1.6-fold increase was observed for the latter regardless of [Ca®*]. The
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Figure 3.1: Modulation of the cellular targeting of pHLIP by phosphatidylserine (PS) and
Ca?*. Flow cytometry measurements of pHLIP N-terminally conjugated to AlexaFluor-488
in cell lines with different levels of exposed plasma membrane PS. Differences in outer leaflet
PS levels were determined by Annexin V (Fig. 3.6). Mild acidification alone (in the absence
of Ca?") resulted in an average 1.6-fold increase in pHLIP cellular interactions, while the
addition of 1.8 mM Ca?* at pH 7.4 led to a 3.2-fold increase. The substantial increase ob-
served in the presence of Ca?" (red) points to its significant role in the cellular targeting of
pHLIP at the pH range produced by tumors. These effects were further enhanced by larger
levels of exposed PS in the plasma membrane. A 3.7-fold increase in pHLIP cellular inter-
actions (indicated by the asterisks) was observed under conditions that recapitulate cellular
differentiation at 1.8 mM Ca?* to represent extracellular divalent cation levels. “Healthier
cells”: Low PS at pH 7.4, “cancerous cells”: High PS at pH 7.0.

Ca?"-induced increase in pHLIP cellular interactions in both cell lines regardless of pH is
consistent with its delivery capabilities into MDA-MB-231 cancer cells in the presence of

Ca?*[160], confirming the importance of divalent cations on pHLIP cellular targeting.

The magnitude of the Ca?*-dependent and pH-dependent effects are modulated by the con-
tent of extracellularly exposed PS at the plasma membrane. The presence of higher levels
of exposed PS in LNCap cells resulted in significantly higher pHLIP targeting as compared
to HEK293 cells (Fig. 3.1), consistent with our previous observations that the presence
of PS promotes pHLIP association with lipid membranes. Notably, the 2- fold increase in

pHLIP targeting observed between the two cell lines correlates with the 2-fold difference
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in the relative level of PS exposure. This is particularly the case in the presence of Ca?"
(Fig. 3.1, red), as exemplified by the data indicated by asterisks, which represents changes
in cellular conditions during tumor progression: from “healthier tissue” (low PS at pH 7.4)
to “cancerous tissue” (high PS at pH 7.0), where a 3.7-fold difference in fluorescent signal

was observed between both conditions in the presence of Ca?".

These results show that changes in the levels of extracellularly exposed PS in the plasma
membrane of tumor cells have a substantial role in the cellular targeting of pHLIP and
are likely key to its selectivity. The enhanced targeting of PS-rich cells, however, requires
the presence of extracellular levels of divalent cations, as their absence in our “cancerous”
model (high PS at pH 7.0) only reached 32% of the maximal signal determined in the
presence of Ca?*. The effect of exposed PS plus divalent cations on the selectivity of tumor
vs healthy cells is expected to be larger in vivo due to the lack of exposed PS in healthy
cells[123, 154, 184, 147] (unlike our “healthier” model cells which come from a differentiated

cell line with measurable levels of exposed PS).

3.3.2 Low pH and Ca’' induce the same transmembrane state of

pHLIP

The combined effects of Ca?* and pH on the bilayer insertion of pHLIP were further analyzed
in vitro using a combination of spectroscopic measurements and molecular dynamics (MD)
simulations. The membranes contained a 3:1 molar mixture of zwitterionic phosphatidyl-

choline (POPC) and anionic phosphatidylserine (POPS).

The transmembrane insertion of pHLIP into large unilamellar vesicles (LUV) was deter-
mined using Trp fluorescence, taking advantage of its two native Trp residues. The ex-
tensive use of Trp fluorescence on pHLIP studies provides well-established benchmarks

for its two membrane-associated states (interfacial and transmembrane) in different lipid
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Figure 3.2: Protonation-dependent and independent insertion of pHLIP in anionic mem-
branes (3:1 POPC:POPS). The transmembrane insertion of pHLIP is produced by acidity-
induced protonation (green) or the presence of divalent cations (orange). (a) Transmembrane
insertion of pHLIP at various [Ca®"] determined by Trp fluorescence. Extracellular levels of
Ca?* promote the pH-dependent insertion of pHLIP, resulting in a pK50 shift. Ca?* also in-
duces the protonation independent insertion of pHLIP. Large circles represent two conditions
in which the rest of the measurements were performed: low pH (green); neutral pH with
Ca?* (orange). (b) Peptide tilt angles (®) were calculated by measuring the deviation of the
helix axis from the bilayer normal. Differences in width and peak position of the correspond-
ing tilt angle distributions suggest Ca?* promotes a more stable orientation of the helix with
small-angle deviations from the membrane normal. (c) Oriented circular dichroism (OCD)
spectra of pHLIP at low pH or in the presence of Ca?T. Both conditions produced a single
minimum at 230 nm, confirming their transmembrane orientation[16, 174]. The broadening
of the low pH sample below 230 nm is consistent with a larger tilt relative to the bilayer
normal[16, 174].
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compositions[76, 157, 130, 9, 137]. In the case of POPS-containing membranes, the inter-
facial form of pHLIP is characterized by a Trp AMax 357 nm, while its transmembrane
form has a Trp AMax 343 nm[76, 157]. In the absence of divalent cations, the addition
of 3:1 POPC:POPS LUVs at pH 10 produced a Trp AMax 356 nm, consistent with its
interfacial state (Fig. 3.2a, green). The gradual increase in Ca*™ at this pH, however, led
to significant decreases in fluorescence maximum values until saturation was achieved at 3
mM Ca?", where a Trp AMax 343 nm, characteristic of pHLIP’s transmembrane state, was
obtained (Fig. 3.2a, orange). Acidification to pH 4.5 in the absence of Ca*" produced an
equivalent Trp AMax as the one determined at pH 10 and 3 mM Ca?". The equivalent
Trp AMax obtained by acidification or Ca?* indicates that both conditions produce pHLIP

conformations in the bilayer that place the Trp sidechains in similar environments.

The presence of Ca?* had the added effect of shifting the pH-dependent insertion of pHLIP
towards physiological pH ranges. For example, the presence of 1 mM Ca?* results in a
pK50 of 7.3 (Fig. 3.2a, cyan), which corresponds to a 2-pH unit shift compared to the
pK50 observed in the absence of Ca?* (Fig. 3.2a, green). The combination of both Ca*"-
induced effects results in considerably larger populations of membrane-inserted pHLIP at

physiological ranges of pH (7.4 - 7.0) compared with measurements in the absence of Ca®".

3.3.3 Transverse position of pHLIP at low pH and in the presence

of Ca?t

To study the role of divalent cations on the interactions of pHLIP with lipids, we per-
formed two-microsecond timescale all-atom MD simulations of pHLIP embedded in a 3:1
POPC:POPS lipid bilayer: a “low pH” condition, where all pHLIP acidic residues are proto-
nated; and a “Ca?"” condition, where pHLIP is at neutral pH, modeled as a singly protonated

aspartate residue (D25) in the presence of 0.1 M CaCly (see Materials and Methods). All
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acidic residues (except D25) were left unprotonated in the latter due to their interfacial
positioning in constant-pH simulations of transmembrane pHLIP[16], where they poten-
tially serve as Ca®T-coordinating moieties. Meanwhile, D25 (located near the middle of the

bilayer[16]) was set in a protonated state to reduce its thermodynamic penalty to be inserted

in the bilayer.
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Figure 3.3: Transverse distributions of key residues in transmembrane pHLIP. (a, b) Com-
parison between experimentally determined W15 bilayer depth penetration by bromolipid-
quenching (circles) and its distribution in the bilayer determined by MD (bars). The quench-
ing profile (QP) of pHLIP-W15 (dashed line) indicates the most probable depth of the
residue. The profile was obtained by fitting the data to a double Gaussian distribution
as described by the distribution analysis methodology[78]. The corresponding probability
density histograms from the MD simulations (shown as bars) are highly consistent with
the experimental results and recapitulate differences in depth and distribution width at (a)
low pH (MD: all E and D protonated, QP: pH 4) and (b) in the presence of Ca?* (MD:
protonated D25, QP: 2 mM Ca*" at pH 8). (¢, d) The acidic residue distributions from
the MD simulations yield equivalent positions for both Low pH and Ca?" conditions. The
decrease in distribution width observed for W15 in the presence of Ca?* is also observed in
the acidic residues. All of the distribution profiles are well described by a single Gaussian
distribution, except for E3 in the presence of Ca?", which was better represented by a sum
of two Gaussians. The corresponding distribution parameters are summarized in Table 3.1.
Distributions of phosphates in each bilayer are shown in grey as a visual reference of the
bilayer.
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First, we compared the topology of transmembrane pHLIP in both simulations using the tilt
angles generated between the peptide helical axis and the lipid bilayer normal (Figs. 3.2 and
3.7). The corresponding distributions (Fig. 3.2b) show that pHLIP in the presence of Ca?*
adopts a more perpendicular orientation (Fig. 3.2b, orange) than the one observed under
the low pH condition (Fig. 3.2b, green). These results were confirmed by oriented circular
dichroism spectroscopy (OCD), which allows the differentiation between the transmembrane
and interfacial a-helices[16, 174]. OCD measurements at pH 8 in the presence of Ca*" or
low pH (pH 4, no Ca®") yielded spectra with a single minimum around 230 nm (Fig. 3.2¢),
consistent with transmembrane helices[16, 174] (31, 32). The spectrum measured at low pH,
however, presented a broader minimum (Fig. 3.2c, green) as compared to the spectrum in the
presence of Ca®>T (Fig. 3.2c, orange). Given that measurements at low pH were conducted
at pH 4, where pHLIP is in its inserted conformation[101, 5], the spectral broadening was
attributed to a higher tilt angle as compared to the spectrum in the presence of Ca**[16, 174],

which is consistent with the MD simulations (Fig. 3.2b).

The MD simulation results were further validated by the experimental determination of the
depth of pHLIP penetration in the bilayer at low pH and in the presence of Ca?". The
bilayer depth of W15 was used as a reference point to compare the insertion of pHLIP in the
simulations and experiments. W15 represents one of the two native Trp in pHLIP and resides
below the phosphate level in the transmembrane form of pHLIP induced by low pH[135].
Experimental determination of Trp depth was performed by depth-dependent quenching
using brominated lipids[81], which contain bromine atoms attached at various depths to the
acyl chains[77, 78, 80]. (To ensure the selectivity, the other native W9 was replaced with F,

which does not affect membrane interactions[71]).

Quenching measurements were performed using POPS-containing LUVs with a 50% mo-
lar ratio of brominated PC lipids. The resulting quenching data was compared to the un-

quenched sample (FO/F-1) and analyzed using the distribution-analysis (DA) methodology[77,
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78, 80]. The bilayer penetration of the residues is reported as their distance from the bilayer
center (Fig. 3.3a, b). Results from depth-dependent quenching experiments were fitted us-
ing a double Gaussian distribution to account for the quenching from the trans leaflet (Fig.
3.3a, b). The resulting quenching profiles (QP) are used to determine the most probable
depth (hm) of the measured Trp[77, 78, 80], which corresponded to 10.0 4+ 0.7 A and 9.1 +
0.1 A away from the bilayer center at low pH and in the presence of Ca?*, respectively. The
distributions of W15 depths determined by the MD simulations were consistent with the
quenching results (Fig. 3.3) and captured the decrease in distribution widths in the presence

of Ca?*. All calculated parameters are summarized in Table 3.1.

Having validated the MD simulation trajectories with the comparison to spectroscopic mea-
surements, we used the MD simulation results to generate insights into the role of Ca®"-
mediated interactions and pHLIP protonation in stabilizing pHLIP in a transmembrane
configuration in PS-containing membranes. To further characterize the pHLIP configura-
tion, we compared the bilayer distributions of all acidic residues (E3, D14, 25, D31, D33,
and D34) in the low pH and Ca?' simulations (Fig. 3.3c, d). All residues were described
by a single Gaussian distribution, except for E3 in the presence of Ca®", which was best
described by a sum of two Gaussian distributions. As in the case of W15 (Fig. 3.3a, b), the
distributions of all acidic residues in the Ca** simulation are narrower than those observed at
low pH. This can be attributed to possible stabilizing effects of Ca?T-mediated pHLIP-lipid

interactions. Calculated depths and distribution widths are summarized in Table 3.1.

3.3.4 Ca’" mediates interactions between lipids and pHLIP

The pHLIP- Ca?" and pHLIP-Ca?*-lipid interactions were determined from the analysis of
the Ca®" first coordination shell in the corresponding radial distribution function between

Ca?T-moiety pairs indicated in Fig. 3.4. All charged acidic residues in pHLIP interact
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Figure 3.4: Ca*"-mediated coordination of pHLIP and lipids. (a, b) Frequency of pHLIP
acidic residue sidechains (gray bars) and both acidic residue sidechains and lipid polar moi-
eties (red bars) in the first coordination shell of Ca?* ions. (c) Simulation snapshot depicting
the Ca?t-mediated coordination of acidic residues in pHLIP and lipid polar moieties.

with Ca®", predominantly without lipid participation (Fig. 3.4a and b, grey). The most
frequent interactions involve D14 and D31, both of which are located close to the lipid

bilayer polar/apolar interface in either leaflet (Fig. 3.3d). Charged acidic residues were also
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observed to interact with POPC and POPS lipids through Ca?*-mediated interactions (Fig.
3.4a and b, red; and 4c). The largest number of pHLIP-Ca?*-lipid interactions also involved
the acidic residues D14 (top leaflet) and D31 (bottom leaflet), which account for 38% and
36% of all pHLIP-Ca?*-lipid interactions, respectively (Fig. 3.8). The disproportionate
number of interactions between D14/D31 and Ca?* compared to shallower residues is likely
due to the Ca**-driven stabilization of unprotonated aspartate and glutamate charges. These
interactions would reduce the thermodynamic penalty of positioning charged groups in the
membrane and are facilitated by the enrichment of Ca?* near the phosphates and carbonyl
oxygen atoms in the bilayer (41). Separating the Ca*"-mediated lipid interactions of pHLIP
(Fig. 3.4a and b, red) by lipid species revealed that POPS is involved in 38% of all lipid
interactions, despite only comprising 25% of the bilayer lipids, suggesting its enrichment

around pHLIP in the presence of Ca?*.

45



3.3.5 Ca’" modulates PS environment around pHLIP
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Figure 3.5: Effects of Ca®>T and low pH on lipid distribution near pHLIP. (a, b) The POPS
fraction within 15-A of transmembrane pHLIP as a function of time in the top (red) and
bottom (blue) leaflets. (c-f) Corresponding POPS distributions at low pH (green) or in
the presence of Ca?' (orange). In all panels, the dashed lines indicate the nominal POPS
fraction. The P ratio was calculated as a measure of POPS levels in the vicinity of pHLIP
in each leaflet as P = fapove/fBelow, Where fapove and fpeow correspond to the sum of POPS
fractions above and below the nominal level of 25% (indicated by the dashed line).

We then inspected the possible effect of Ca?* on the lipid environment surrounding trans-
membrane pHLIP, as the content and asymmetry of PS in the bilayer are crucial modulators
of pHLIP insertion[76, 157, 130]. The lipid environment in the MD simulations was charac-

terized by calculating the fraction of POPS lipids within a 15-A radius of the peptide during
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the course of the simulation (Fig. 3.5). The top and bottom leaflets were treated separately,
with the top leaflet helix center measured from the center of mass of residues 13 to 16, while
the bottom leaflet helix center was measured from the center of mass of residues 27 to 32.
The results were then compared to the nominal fraction of POPS lipids in the simulated
bilayer (dashed lines in Fig. 3.5). The time traces and corresponding probability densities
for the POPS fraction show significant differences between the low pH and Ca** simulations

with the latter exhibiting larger POPS fractions in the vicinity of pHLIP in both leaflets.

The time traces of POPS fraction show significant differences between the low pH and Ca?*
simulations (Fig. 3.5a, b), with the latter exhibiting larger POPS fractions near pHLIP
in both leaflets. To describe these differences, we computed the corresponding probability
densities for the POPS fraction (Fig. 3.5¢-f), and then computed the ratio P = fapove/fBelow
of the total POPS fraction above (fapove) and below (fgeow) the 25% nominal level. A value
of P greater or less than one indicates POPS enrichment or depletion in the simulation
timescale, The simulation of protonated pHLIP reveals little effect on PS distribution in the
top leaflet (P=1.1 Fig. 3.5c) and a ten-fold PS depletion near the peptide in the bottom
leaflet (P=0.1 Fig. 3.5d). In contrast, the Ca®" simulation, revealed the enrichment of PS

in the vicinity of pHLIP, with P = 2.0 in the top leaflet and P = 1.4 in the bottom leaflet.

3.4 Discussion & Conclusions

The cancer-targeting peptide pHLIP is a promising tool, capable of highly selective delivery
of a variety of compounds to cancerous tissues[160, 142, 183, 19, 175]. The traditional model
of pHLIP targeting and insertion relies solely on the mildly acidic extracellular environment
generated by tumors[121, 5, 118, 119]. Indeed, the ability of the peptide to insert into model
membranes at acidic pH has been demonstrated over two decades ago[59]. Our results,

however, have demonstrated that the targeting of pHLIP is very complex, relying on the
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coupling between pH, membrane lipid composition, and extracellular divalent cations (Fig.

3.1, 3.2a and [160]).

The anionic lipid phosphatidylserine (PS) is a prominent modulator of pHLIP membrane
interactions[157, 160, 130]. In the plasma membrane of healthy cells, PS is kept on the inner
leaflet and is only transferred to the outer leaflet in diseased cells, such as apoptotic or cancer-
ous cells[123, 154, 184, 147]. The exposure of PS imparts an anionic character to the outside
of cancer cells that differentiates them from healthy cells and influences protein/membrane
interactions. This effect is demonstrated by our cellular data which recapitulate the low
targeting of “healthier tissues” (pH 7.4 and low PS) and high targeting to “cancerous tis-
sues” (pH 7.0 and high PS) (Fig. 3.1) observed in animal models[120, 19, 3]. The effect of
exposed PS on tumor selectivity is expected to be larger in vivo. Indeed, unlike with the
“low PS” cells (HEK293) used in this study (which are differentiated cells with low levels
of exposed PS), PS is confined to the cytosolic leaflet of the plasma membrane of healthy
cells. Moreover, the effect of PS on pHLIP cellular targeting (and delivery capabilities[160])
is significantly enhanced by the presence of physiological levels of divalent cations (Fig.1,

red).

A series of spectroscopic and computational studies were carried out in the presence of Ca?*
or at low pH (approximated in the MD simulations by protonating all acidic residues) to
study the interactions between pHLIP and PS. All experimental measurements were in good
agreement with our MD simulations, e.g., differences in tilt angle between both conditions

tested (Fig. 3.2), as well as the depths and distribution widths of W15 (Fig. 3.5).

Together, these measurements show that the presence of Ca?t is crucial to understand
pHLIP-membrane interactions in vivo as it introduces several effects to these processes:
1) Ca?" interacts with acidic residues in pHLIP (Fig. 3.4, grey), likely neutralizing their
charge and lowering their free energy penalty to reside in the bilayer; 2) The presence of

Ca?* facilitates interactions between lipids and unprotonated acidic residues in pHLIP (Fig.
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3.4, red). These pHLIP-Ca?"-lipid interactions are likely key to the stability, as well as the
proper tilt, of the unprotonated form of pHLIP in the bilayer and link lipid-specific proper-
ties to protein-membrane interactions; 3) Ca®" redistributes lipids in the vicinity of pHLIP
(Fig. 3.5), which could have implications on the cooperativity of its membrane binding and
insertion, particularly, due to the redistribution of PS lipids in cancer cells[123, 154, 184, 147]

and the sensitivity of pHLIP to PS asymmetry[130].

The majority of all pHLIP-Ca?" interactions involved D14 and D31 (Fig. 3.4 and 3.8). Both
residues have been previously identified to be crucial to the insertion mechanism of pHLIP in
the absence of divalent cations. D14, is key to the protonation-dependent insertion of pHLIP
and the stability of the transmembrane state[101, 39], while the protonation of D31 is key
to the initial insertion steps[104, 48] and transmembrane stability[17]. The critical role of
D31 in Ca?*-mediated interactions suggests a possible explanation for the improved tumor
selectivity of the clinical variant of pHLIP, pHLIP-Var3[26, 148|, where the lack of C-terminal
acidic residues (D31, D33, and D34) would prevent the Ca?"-dependent stabilization of its
C-terminus in the bilayer at neutral pH, likely reducing its non-specific Ca?*-driven insertion

into healthy cells and resulting in a more reliant pH-dependent targeting of cancerous tissues.

Our results highlight the importance of divalent cations such as Ca?* on the interactions, sta-
bility, and insertion of peptides into cellular membranes under physiological conditions and
indicate that the accurate representation of protein-membrane interactions in vitro require
cellular levels of divalent cations. We hypothesize that the stabilizing role of acidic residues
in the bilayer by divalent cations is a general mechanism that extends to other systems, facil-
itating the membrane interaction and insertion of peptides/proteins previously assumed to
be unfavorable. For example, the apoptotic regulators Bel-xL and BAX, previously thought
to require activators to transition to lipid membranes, were recently shown to insert into

membranes and refold into their active conformations (from soluble states) without the need
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of canonical activators through a lipid-dependent process that requires cytosolic levels of

divalent cations[159].

3.5 Future Work

Our current work on pHLIP focuses entirely on a single membrane composition 3:1 PC:PS,
and focuses on the difference between divalent Ca?* and monovalent Na*. Future work on a
similar system would attempt to separate those interactions relevant to the divalent cations
from those particular to the anionic component of the membrane. In order to accomplish
this, we would run simulations of transmembrane pHLIP in 100% POPC membranes with
varying ionic conditions, Na*, Ca?", and Mg?". This would provide a clearer picture of the

effect of different charged cation species.

Another consideration would be running interfacial simulations of pHLIP to better under-
stand the orientation of pHLIP on the membrane prior to insertion. True insertion has been
shown to be on the order of seconds in timescales, which is orders of magnitude too long for
our most sophisticated simulation systems. However, simulating interfacial pHLIP may still
provide key insights into localized lipid behavior, ion-mediated lipid-residue interactions, and

orientation and accessibility of pHLIP on the membrane surface.

3.6 Materials & Methods

3.6.1 Materials

POPC (1-palmitoyl-2-oleoyl-sn-glycero-3-phosphocholine), POPS (1-palmitoyl-2-oleoyl-sn-
glycero-3-phospho-L-serine) and all brominated-PC lipids (16:0-18:0(4,5-dibromo) PC, 16:0-
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18:0 (6-7BR) PC, 16:0- 18:0 (9-10BR) PC, and 16:0-18:0 (11-12BR) PC) were purchased from
Avanti Polar Lipids (Alabaster, AL). AlexaFluor488-maleimide was from Invitrogen (Carls-
bad, CA). pHLIP variants used: pHLIP (AAEQNPIYWARYADWLFTTPLLLLDLALLV-
DADET), pHLIP-W15 (AAEQNPIYFARYADWLFTTPLLLLDLALLVDADET). Peptides
and the fluorescently-labeled conjugate were synthesized, purified, identified, and quantified

as previously described[160].

3.6.2 Cell culture

Human embryonic kidney (HEK29) cells were cultured in Dulbecco’s Modified Eagle’s medium
(DMEM) high glucose supplemented with 10% FBS, 100 units/ml penicillin, and 0.1 mg/ml
streptomycin. Human prostate adenocarcinoma LNCap were cultured in Rosewell Park
Memorial Institute (RPMI) 1640 medium supplemented with % FBS, 100 units/ml peni-
cillin, and 0.1 mg/ml streptomycin. All cells were cultured in a humidified atmosphere of

5% CO4 at 37°C.

3.6.3 Annexin V quantification

HEK?293 and LNCap cells were labeled with AlexaFluor-488 Annexin V (Invitrogen) accord-
ing to the manufacturer’s protocol. Briefly, the cells were harvested and washed once with
binding buffer (10 mM HEPES-KOH, 140 mM NaCl, 2.5 mM CaCl,, pH 7.4). The cells
were incubated with AlexaFluor-488 Annexin V in binding buffer for 15 minutes at room
temperature, washed once with binding buffer, and kept at 4°C until analysis. The amount
of bound AlexaFluor-488 Annexin V was analyzed using a BDFacs Canto II flow cytometer
equipped with a 488 nm argon laser and a 530/30 bandpass filter. The data was analyzed us-
ing FACSDiva version 6.1.1 software. The fluorescence data are expressed as mean arbitrary

fluorescence units and were gated to include all healthy mammalian cells.

51



3.6.4 Cell binding experiments

HEK293 and LNCap cells were harvested and washed with PBS, pH 7.4. AlexaFluor4&88-
pHLIP was solubilized in an appropriate volume of 10 mM HEPES, 19.5 mM NaCl, pH 7.4
so that upon a 2-fold dilution, and after pH adjustment, a treatment concentration of 500
nM was obtained. The cells were incubated with AlexaFluor488-pHLIP at two times the
desired concentration for 5 minutes at 37°C. Immediately following the incubation, an equal
volume of 10 mM HEPES, 19.5 mM NaCl, pH 7.4 containing either 0 or 3.6 mM calcium
was added to bring the final calcium concentration to 0 or 1.8 mM and incubated for an
additional for 5 minutes at 37°C. Then, the pH was adjusted using a pre-established volume
of 10 mM HEPES buffered with acetic acid, pH 4.0, 19.5 mM NaCl, either 0 or 1.8 mM
calcium, and incubated for 10 minutes at 37°C. The cells were then washed at the same pH
and calcium concentration as the treatment and fixed with 4% paraformaldehyde (PFA) for
10 minutes at 4°C. The cells were resuspended in PBS and analyzed by flow cytometry as
detailed above. Fluorescence was normalized to that observed with HEK293 cells treated at

pH 7.4 with 0 mM calcium.

3.6.5 Large unilamellar vesicles (LUV)

The appropriate volume of chloroform lipid stocks was dried using a nitrogen stream and
placed under a high vacuum to dry overnight. The dried lipid films were resuspended to a
final concentration of 20 mM in 20 mM HEPES buffer + 100 mM NaCl pH 8 and the LUV
were prepared by extrusion using a Mini-Extruder (Avanti Polar Lipids, Alabaster, AL) with

0.1 pm nucleopore polycarbonate membranes (Whatman, Philadelphia, PA)[33, 93].
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3.6.6 Trp fluorescence spectra

Trp emission spectra were collected on a Fluorolog FL3C-2 Ultrafast steady-state fluorimeter
(Jobin Yvon, Edison, NJ) equipped with double-grating excitation and emission monochro-
mators. The experimental temperature was kept at 25°C using a Peltier device from Quan-
tum Northwest (Spokane, WA.). Measurements were performed on 2x10 cuvettes oriented
perpendicular to the excitation beam and collected after 20 min incubations using samples

containing 2 pM pHLIP and 1 mM LUV.

Samples were excited at 280 nm and Trp spectra were collected between 300-460 nm at 1 nm
steps using slits of 2 and 4 nm on the excitation and emission monochromators, respectively.
The presented spectra are the average of 3 collected scans. Positions of maximum were

determined by fitting the spectra to the log-normal distribution|[79].

3.6.7 Depth-Dependent Quenching

Trp fluorescence quenching experiments were performed with the single-Trp pHLIP W15
variant using lipid-attached bromine atoms as the quenching moieties[81]. The change in
fluorescence intensity measured with LUV containing brominated lipids located at carbons
4-5, 6-7, 9-10, or 11-12 in the acyl tails of PC lipids residing at known bilayer depths was
compared to the unquenched sample (QP(h) = (F0/F(h))-1). The resulting quenching profile
was analyzed by distribution analysis[78] which approximates the transverse quenching with
a sum of two mirror-imaged Gaussian functions, G(h) where, hy, is the most probable depth
of the probe measured from the bilayer center, o, is the dispersion of the transverse profile,

and S corresponds to the overall quenching efficiency.
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3.6.8 Oriented Circular Dichroism

Oriented CD (OCD) measurements were performed using a JASCO-810 spectropolarimeter
(JASCO, Easton, MD). Spectra were obtained by creating a stack of oriented multilayers on
a quartz disc as previously described[160, 170]. Briefly, 0.1 mM pHLIP and a 10 mM lipid
mixture containing a 25:75 molar ratio of POPS and POPC were co-dissolved in methanol
(1:100 peptide to lipid ratio). The multilayer stack was created by placing 2.5 pLi of the
peptide/lipid mixture in the center of a 2.5 cm disc. The solvent was then air-dried to a 1
cm diameter and hydrated using warm air at  100% relative humidity. A drop of either 5 mM
HEPES buffer pH 4 or 5 mM HEPES buffer pH 8 + 2 mM Ca?* was added in-between each
layer of the stack and completely dried before continuing with multilayer stacking. The disc
containing the multilayer stack was mounted on a sealed tube with the sample side pointing
inwards. An average of 50 scans was collected at eight different orientations at 45° intervals
along the central axis. The collected spectra were averaged and the background signal
(determined by collecting the spectra of a multilayer stack in the absence of pHLIP) was
subtracted. The presented spectra have been normalized to the ellipticity of their respective
minimum due to difficulties calculating the peptide concentration along the beam path of

each stack.

3.6.9 Simulation Systems

An all-atom model of the pHLIP peptide (AAEQNPIYWARYADWLFTTPLLLLDLAL-
LVDADEGG) was generated using the Molefacture Protein Builder plugin in VMDI[58].
Residues 14 through 30 were assembled as an ideal a-helix (backbone torsion angles phi =
-57°, psi = -47°) based on the prediction by MPEx for the peptide transmembrane region
(MPEx ref). Residues 1 through 13, and 34 through 36 were assembled in an extended con-

formation (backbone torsion angles phi = -180°, psi = 180°), and residues 31 and 32 in a turn
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conformation (backbone torsion angles phi = -60°, psi = 30°). The model peptide was embed-
ded in a lipid bilayer composed of 1-palmitoyl-2-oleoyl-sn-glycero-3- phosphocholine (POPC)
and 1,2-palmitoyl-oleoyl-sn-glycero-3-phosphoserine (POPS) with a 3:1 POPC:POPS ratio
in a transmembrane configuration, with the axis defined by the geometric centers of L21 and

D31 parallel to the membrane normal.

Two simulation systems were set up with different solution environments: 0.1 M CaCly and
0.1 M NaCl. The simulation system setup was performed using CHARMM-GUI[58]. The
CaCl, simulation system consisted of one pHLIP peptide with D25 protonated, 82 POPC
lipids, 28 POPS lipids, 8,557 waters, 30 Ca?* ions, and 28 Cl~ ions, for a total of 40,838
atoms and an initial simulation cell size of 76.8 A x 73.0 A x 102.6 A. The NaCl simulation
system consisted of one pHLIP peptide with all acidic sidechains (E3, D14, D25, D31, D33,
E34) protonated, 217 POPC lipids, 72 POPS lipids, 17,039 waters, 100 Na™ ions, and 29
Cl~ ions, for a total of 90,037 atoms and an initial simulation cell size of 107.2 A x 105.8 A

x 103.6 A.

3.6.10 Initial Molecular Dynamics Simulations

The initial equilibration of the simulation systems was performed on a conventional high-
performance computing cluster using NAMD 2.11[110]. Each system was subjected to 20,000~
30,000 steps of conjugate gradient energy minimization followed by a series of eight 80-ps
runs at constant temperature (310 K) and pressure (1 atm) with harmonic restraints on the
peptide-backbone atoms and the POPC carbonyl carbons with decreasing force constants
equal to 10, 5, 2, 1, 0.5, 0.2, 0.1, and 0.05 kcal-mol~*-A~2. Unrestrained simulations were
then run for 5-10 ns. The CHARMM36m force field was used to model the peptide[57], the
CHARMM3G6 force field was used for lipids[74, 10], and ions were modeled with the NBFIX

terms between Ca®" ions and headgroup oxygens reported by Kim et al.[69]. The TIP3P
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model was used for water[37]. The smooth particle-mesh Ewald summation method[37,
30] was employed for the calculation of electrostatic interactions. Short-range real-space
interactions were cut off at 12 A, employing a force-based switching function. A reversible
time step algorithm[45] was used to integrate the equations of motion with a time step of
1 fs. A Langevin scheme was used for temperature control and a Nosé-Hoover-Langevin

piston[92, 38] was used for pressure control.

3.6.11 Microsecond-timescale Molecular Dynamics Simulations

After initial equilibration, both simulation systems were transferred to Anton2, a special-
purpose supercomputer for biomolecular simulations, and run for 6 ps each[133]. The same
force fields were used for the Anton2 simulations as the equilibration steps. The r-RESPA[152]
algorithm was used to integrate the equations of motion with a time step of 7.5 fs for the
long-range nonbonded forces and 2.5 fs for short-range nonbonded and bonded forces, and
the k-Gaussian split Ewald[132] method was used for the long-range electrostatic interac-
tions. The SHAKE[125] algorithm was employed to constrain hydrogen atom bond lengths.
All simulations were performed at constant temperature (310 K) and pressure (1 atm) us-
ing Nosé-Hoover chains[91] and the Martyna-Tobias-Klein barostat[92]. The RESPA algo-
rithm, temperature control, and pressure control were implemented using the multigrator

scheme[86].

3.6.12 Trajectory analysis

All the distribution analyses were performed on the equilibrated portion of the trajectories,
which ranged from 1 ps to 6 ps. The peptide helical axis was defined as the vector connecting
the center of mass of pHLIP residues 29 to 31 to the center of mass of residues 21 to 23. The

Ca?* coordination shells were defined by the radial distribution function and the center-of-
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mass of each peptide or lipid moiety. Analyses were performed with VMD (60) and custom

python scripts. Molecular graphics were generated with VMD.
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3.7 Supplementary Information

Ca’*-Dependent Interactions Between Lipids and the Tumor-Targeting

Peptide pHLIP
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Figure 3.6: Detection of phosphatidylserine (PS) exposure by annexin V binding. Levels of
PS on the outer leaflet of HEK293 and LnCap cells were detected by flowcytometry using
AlexaFluor488 conjugated Annexin V, as described in the methods section.
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Figure 3.7: pHLIP helix tilt angle as a function of time shown with 100-ns block averaged
time-traces. The low-pH (green) simulation shows large fluctuations ranging from 10 to
35 degrees in angle deviation, while the Ca*" (orange) simulation shows fewer large-scale
fluctuations suggesting that Ca?T may contribute to enhancing stability of helical orientation
in the membrane.
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Figure 3.8: Participation of individual residues in Ca?T-mediated pHLIP-lipid interactions.
Contribution of all unprotonated acidic residues in pHLIP-Ca?*-lipid interactions. 100% is
denoted as the total number of pHLIP-lipid interactions in Fig. 3.4ab as unity proportion,
1.0.
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Table 3.1: Gaussian fits of acidic residue distributions in low pH and Ca?" simulations.
Parameters were obtained by fitting the MD distributions of the acidic residues shown in

Fig. 3.3 to single or double (E3) Gaussian distributions.

Residue Low pH Ca™
Distance from Full-width at Distance from Full-width at
Bilayer Center, A | half height, A | Bilayer Center, A | half height, A
E3 (Cis Ezaﬂet) 48 (315; 2L§;§e3t) 22& 32
bid (Cis fé;ﬂet) 22 (Cis 1Séz21ﬂet) L5
b25 (Trans ?Leaﬂet) 2:3 (Trans3ﬁeaﬂet) L8
b3l (Tranigl'zaﬂet) 2.2 (Tranillliaﬂet) L5
b33 (Tran?[iaﬂet) 3.2 (Tranfliaﬂet) L9
k34 (Trani%?eaﬂet) 2:5 (Trans2geaﬂet) L8
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Chapter 4

Single-particle tracking and
machine-learning classification reveals

heterogeneous Piezol diffusion

Vivek Tyagi, Alan T. Ly, Gabriella A. Bertaccini, Elizabeth L. Evans,
J. Alfredo Freites, Medha M. Pathak, and Douglas J. Tobias

4.1 Abstract

The mechanically-activated ion channel Piezol is involved in numerous physiological pro-
cesses. Piezol is activated by diverse mechanical cues and is gated by membrane tension.
The channel has been found to be mobile in the plasma membrane. We employed single
particle tracking (SPT) of endogenously-expressed, tdTomato-tagged Piezol using Total In-
ternal Reflection Fluorescence Microscopy in two cell types, mouse embryonic fibroblasts and

liver sinusoidal endothelial cells. Application of SPT unveiled a surprising heterogeneity of
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Piezol mobility in the plasma membrane. Leveraging a machine learning technique, Piezol
trajectories were sorted into distinct classes (“mobile,” “intermediate,” and “trapped”) by
partitioning features that describe the geometric properties of a trajectory. To evaluate
the effects of the plasma membrane properties on Piezol diffusion, we manipulated mem-
brane composition by depleting or supplementing cholesterol or by adding margaric acid
to stiffen the membrane. To address effects of channel activation on Piezol mobility, we
treated cells with Yodal, a Piezol agonist, and GsMTx-4, a channel inhibitor. We collected
thousands of trajectories for each condition, and found that “mobile” Piezol in cells sup-
plemented with cholesterol or margaric acid exhibited decreased mobility, whereas Piezol in
cholesterol-depleted membranes demonstrated increased mobility, compared to their respec-
tive controls. Additionally, activation by Yodal increased Piezol mobility and inhibition by
GsMTx-4 decreased Piezol mobility compared to their respective controls. The “mobile”
trajectories were analyzed further by fitting the time-averaged mean-squared displacement
as a function of lag time to a power-law model, revealing Piezol consistently exhibits anoma-
lous subdiffusion. This suggests Piezol is not freely mobile, but that its mobility may be
hindered by subcellular interactions. These studies illuminate the fundamental properties
governing Piezol diffusion in the plasma membrane and set the stage to determine how

specific cellular interactions may influence channel activity and mobility.

4.2 Introduction

The Piezo family of ion channels was discovered over a decade ago and was found to sense
and transduce mechanical forces [24]. The importance of Piezo proteins is underscored
by the fact that they are highly conserved in many species, including mammals, plants,
and protozoa, and are expressed in a wide range of tissues. Piezo channels activate in

response to mechanical cues and cause cationic influx [24] and regulate a number of crucial
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biological processes. These proteins are critical in vascular development [116, 85], lymphatic
valve development [103], bone formation [141], blood pressure baroreflex [181], mechanical
itch [54] and touch [117, 20], proprioception [172], tactile and mechanical pain [145, 100],
skin wound healing [56], and neural stem cell differentiation [107]. Knockouts of Piezol
are embryonic lethal [116, 85], and Piezol mutations are associated with several diseases,

including dehydrated hereditary stomatocytosis, and lymphatic dysplasia [65, 88].

The homotrimeric Piezol, with its triple-blade, propeller-like architecture, has a unique
structure compared to other known membrane proteins [127, 40, 47, 182]. The propeller
blades consist of repeating four-transmembrane-helix-containing bundles, and are linked to
the central pore by the beam and anchor domains [127]. Structural and computational
studies of Piezol reveal that the channel structure causes local distortion of the membrane,
thereby inducing membrane curvature and causing the membrane to adopt a striking bowl-
like characteristic [47, 50]. Membrane tension has been shown to gate the channel [84, 143,

25], demonstrating that the channel directly senses forces on the lipid bilayer.

We previously reported that internal cell-generated traction forces from the actomyosin cy-
toskeleton can activate Piezol in the absence of external mechanical stimuli [107, 35]. Using
a Piezol-tdTomato reporter mouse model where the tdTomato fluorophore is knocked in at
the Piezol C-terminus, we found that the Piezol protein is not restricted to focal adhesions,
the location of traction forces, and that the channel is surprisingly mobile [35]. Ridone et
al. similarly found that the channel was mobile using heterologously-expressed Piezol-GFP,
and further showed that cholesterol depletion via methyl-S-cyclodextrin (MBCD) increased

channel diffusion and disrupted clustering of Piezol [122].

The plasma membrane through which Piezol diffuses is a complex environment with con-
siderable structural heterogeneity which may give rise to a variety of interactions between

Piezol and its surrounding environment [131, 61]. Understanding the nature of Piezol mo-
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bility can help to elucidate these Piezol-membrane interactions and thereby the underlying

force sensing mechanisms.

Here, we report single-particle tracking (SPT) of endogenously expressed Piezol-tdTomato
channels. Visual examination reveals heterogeneous trajectories that could be classified
into three broad categories based on their spatial extent: “mobile” class wherein trajecto-
ries displayed relatively large spatial extent, “trapped” trajectories limited to a small area,
and an “intermediate” class with a spatial extent in-between the other two categories. We
implemented a supervised machine learning approach to objectively classify thousands of tra-
jectories based on their geometric properties. We show that pharmacological perturbations
to the lipid membrane composition and to channel activity result in measurable changes to
Piezol mobility in the “mobile” class of trajectories. The “mobile” class was also found
to be subdiffusive across all the tested experimental conditions. Our results demonstrate
that membrane composition and channel activity may play a key role in regulating Piezol

mobility.

4.3 Results

4.3.1 Piezol-tdTomato puncta exhibit heterogeneous mobility

We imaged with TIRFM endogenously expressed Piezol-tdTomato in mouse embryonic fi-
broblast cells (MEFs) harvested from Piezol-tdTomato reporter mice. Piezol channels were
visible as distinct puncta as described earlier [35] but with higher fidelity due to improve-
ments in camera technology (Fig. 1A). Visual inspection of videos collected revealed that
some puncta were quite mobile while others showed little or no mobility (Fig. 4.1A and
Supplemental Video 1 in Supplementary Material). The reduced mobility of some Piezol

puncta was particularly evident in regions of the cell where Piezol puncta appeared to cluster
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together in structures reminiscent of focal adhesions (Fig. 4.1A, green inset; also compare
green and blue insets in Supplemental Video 1), in agreement with reports that Piezol is
enriched at focal adhesions under certain conditions [176, 46]. We examined the Piezol
trajectories more closely and found that they could be classified into three categories by vi-

2

sual inspection of their two-dimensional extent: “mobile,” where trajectories exhibit a large
extent, “trapped,” where trajectories are limited to a very small area, and “intermediate,”

where trajectories are in-between the other two categories (Fig.4.1B).

We were able to consistently classify 1,000 trajectories by visual inspection, but manual
classification would be impractical to classify the entire SPT data set of 86,432 trajectories.
This motivated the implementation of an algorithmic method for unbiased classification.
A number of geometric features have been proposed for automating the classification of
trajectories derived from SPT data [162, 53]. We chose a set of six features (net displacement,
straightness, radius of gyration, asymmetry, fractal dimension, and kurtosis that are defined
in the Supplemental Information). This set of features was able to segregate an initial subset
of 1,000-trajectories in a manner consistent with the classification by visual inspection (see

Supplementary Fig.4.5).

When computed over the initial 1,000-trajectory data set, the six features exhibited vari-
ous degrees of pairwise correlation (see Supplementary Fig.4.5), suggesting that additional
dimensionality reduction steps were needed. We performed a principal component analy-
sis (PCA) on the six-dimensional feature vectors encoding the 1000-trajectory data set and
found that the first three principal components accounted for nearly 90% of the total vari-
ance with the first principal component accounting for more than 60% of the total variance

(see Supplementary Fig.4.6).

Projecting the six-dimensional feature vectors onto the reduced space of the first three princi-
pal components separates the classes assigned by visual inspection, primarily along the first

principal component (see Fig.4.2A and Supplementary Fig.4.7, where the 1000-trajectory
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data are represented as dots). Consistent with this result, three features directly associ-
ated to the trajectory spread (net displacement, radius of gyration, and fractal dimension),
dominate the first principal component (see Fig.4.2A and Supplementary Fig.4.7, where the
individual features are represented as vector arrows). However, the class separation along
the first principal component is not without overlaps (see Fig.4.2A). To define boundaries
between classes in this three-dimensional subspace, we trained an SVM classifier using the
projected features vectors of the visually-classified 1,000-trajectory data set. (Fig.4.2B and

Supplementary Fig.4.7).

To validate our classification approach, we performed a control experiment with paraformaldehyde-

treated fixed cells, in which Piezol-tdTomato puncta are rendered immobile. We used the
SVM classifier to evaluate the trajectories resulting from the corresponding SP'T analysis of
these fixed cells. Consistent with the experimental treatment, we found that over 99% of
these trajectories were classified as “trapped” with the remainder classified as “intermediate”
(see Fig.4.2C and Supplementary Fig.4.8). Furthermore, analysis of Piezol-tdTomato trajec-
tories obtained from a different cell type, mouse liver sinusoidal endothelial cells (mLSECs),
exhibited the three classes seen for MEFs (Fig.4.2C), suggesting that the observed hetero-

geneity is not limited to Piezol-tdTomato expressed in MEFs.

4.3.2 Manipulation of the lipid membrane and modulation of

channel activity reveals shifts in Piezol mobility

Previous studies have shown that changes to membrane composition can affect membrane
protein diffusion [102, 13, 1, 122]. In order to explore the relationship between membrane
composition and Piezol mobility, we used chemical agents to manipulate the membrane in

MEFs.
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Figure 4.1: TIRF microscopy and single particle tracking reveals heterogeneity in Piezol-
tdTomato mobility. A. Representative fluorescence image of Piezol-tdTomato puncta in live
MEFs harvested from Piezol-tdTomato reporter mice using TIRFM. The white line denotes
the cell boundary. Insets show enlarged regions of interest. B. The trajectories generated
from the single particle tracking analysis can be classified by visual inspection into three
different classes: those that showed high mobility were nominally identified as “mobile,”
those exhibiting very small displacements as “trapped,” and trajectories with limited spread
that were deemed not to belong to either of those categories were labeled “intermediate.”
See also Supplemental Video 2 in Supplementary Material.

Scale bars = 10 pm.

We treated MEFs with 10 mM MBCD for 15 minutes in order to deplete cholesterol from the
membrane and acquired Piezol-tdTomato TIRFM videos. We then generated and classified
Piezol-tdTomato trajectories from these videos as described above. When we compared

the Piezol-tdTomato trajectories from MBCD-treated cells to those from untreated control

cells, MBCD-treated MEF's had a higher proportion of “mobile” trajectories (Supplementary
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Figure 4.2: Machine-learning methodologies are used to automate the classification of Piezo
1 trajectories. Visual inspection of 1,000 trajectories led us to partition the trajectories
into three classes: “mobile”, “intermediate”, and “trapped”. We characterized these 1,000
trajectories using six geometric features, and carried out a principal component analysis to
determine a reduced subspace suitable for training a supervised learning algorithm (SVM)
for automated sorting of tens of thousands of trajectories into the three classes identified
by visual inspection. A. Principal component analysis biplot of a set of Piezol trajectories
encoded as six-dimensional geometric feature vectors and classified by visual inspection. The
1,000 observations are shown as dots colored by class ( “mobile,” green; “intermediate,” blue;
“trapped”, red). The three classes are largely separated along the first principal component
(PC1) into three overlapping groups, as evidenced by the 95% confidence ellipses for each
class. Out of the six geometric features used to describe the trajectories (shown as red
arrows), the largest contributions to PC1 are from net displacement, radius of gyration, and
fractal dimension, all of which characterize the trajectory spread (see also Supplementary
Fig.4.7) B. The set of 1000 trajectories classified by visual inspection was used to train a
SVM classifier on the subspace of the feature vectors’ first three principal components. The
partition of the PC1-PC2 subspace by the SVM is identified by the background colors in this
version of the 1000-trajectory training set scatter plot. C. The automated classification of
Piezol-tdTomato trajectories from mouse embryonic fibroblasts (MEFs, purple) and mouse
liver sinusoidal endothelial cells (mLSECs, blue) both show distribution into the three classes
“mobile,” “intermediate,” and “trapped”, suggesting that the observed heterogeneity is not
restricted to MEF cells. Almost all the trajectories in a SPT data set from MEF's fixed with
paraformaldehyde (gray), containing immobile Piezol-tdTomato, are identified as “trapped”.

Fig.4.9A). To quantify the effect of the MBCD treatment on the mobility of Piezol puncta, we

use the trajectory’s radius of gyration, RR,, one of the dominant features in the classification
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Figure 4.3: “Mobile” Piezol-tdTomato exhibits changes in trajectory spread consistent with
perturbations to membrane composition and channel activity. (top) 10 mM methyl-f-
cyclodextrin (MBCD), 100 pg/mL cholesterol and 4 pM GsMTx-4 compared to untreated
MEFs as control. (bottom) 150 pM margaric acid and 4pM Yodal compared to DMSO-
treated MEF's as control. All treatments affecting membrane composition or channel activ-
ity induce statistical significant changes in the distribution of the scaled R, in a two-sample
Kolmogorov-Smirnov test relative to the corresponding control (* p < 0.05).

(Fig.4.2 and Supplementary Fig.4.7A), defined as

2 1 = A\2
R = & D@ - (@) (4.)

where Z; is the particle’s position at the i-th point of the trajectory, N is the total num-
ber of trajectory points, and (Z) is the mean position. To account for variability in step
lengths across different trajectories, we scaled R, by the trajectory’s mean step length,
(s) = v SN &y — 4], where | Ty, — @ is the Euclidean distance between two con-
secutive points of the trajectory (see Supplemental Information for details). The resulting

scaled R, (R,/(s)) can be used as a consistent measure of trajectory spread.
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Compared to the untreated control, application of MBCD increased the scaled R, of Piezol
“mobile” trajectories (Fig.4.3), suggesting that cholesterol depletion increases Piezol puncta
mobility. To determine how the inverse — increasing cholesterol content of the membrane — af-
fects puncta diffusion, we supplemented MEFs with 100 pg/mL cholesterol-MBCD for 1 hour.
Utilizing the same methods that we applied to MBCD-treated MEF's, we compared trajecto-
ries from untreated control cells to those supplemented with cholesterol-MBCD, and found
that cholesterol-MBCD treatment resulted in a lower proportion of mobile trajectories (Sup-
plementary Fig.4.9B). Similarly, the scaled radius of gyration for cholesterol-MBCD-treated
“mobile” Piezol trajectories decreased compared to untreated control (Fig.4.3), suggesting

that the Piezol puncta mobility decreases when cholesterol is increased in the membrane.

Cholesterol supplementation stiffens the membrane, and we next investigated how mem-
brane stiffening through other agents affects diffusion. We incubated cells for 24 hours in
150 pM margaric acid, a fatty acid known to stiffen the membrane [124]. We then compared
the margaric acid-treated trajectories to the DMSO-treated control trajectories and found
that, like cholesterol-MBCD treatment, margaric acid decreased the proportion of “mobile”
trajectories (Supplementary Fig.4.9C), albeit to a lesser extent. Similarly, the scaled R, of
margaric acid-treated Piezol “mobile” trajectories decreased compared to the DMSO-treated
control (Fig.4.3). Interestingly, margaric acid is also known to inhibit Piezol activity [124].
To explore whether Piezol’s activation state may also affect its mobility, we next examined

the effect of drugs that modulate Piezol activity.

GsMTx-4, a spider venom-derived peptide, blocks cation-selective stretch-activated channels
and has been shown to inhibit Piezol activity [7]. We incubated MEFs in 4 uM GsMTx-4
for 15 min to inhibit Piezol channels. We found that the proportion of “mobile” GsMTx-
4-treated Piezol-tdTomato trajectories was lower than the untreated control cells (Supple-

mentary Fig.4.9D). The scaled R, of GsMTx-4 treated puncta was also decreased compared
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to that of the untreated control (Fig.4.3). Thus, inhibition of Piezol appears to reduce its

mobility.

We next examined the effect of Yodal, a chemical activator of Piezol, on mobility. We imaged
cells treated with 4 1M Yodal for 15 minutes, and found that the proportion of “mobile”
Piezol puncta was greater than those treated with DMSO (Supplementary Fig.4.9E). Yodal-
treated Piezol also exhibited higher scaled R, than the DMSO-treated control (Fig.4.3),
further suggesting that active channels are more mobile. Together, these results indicate
that the diffusion of the Piezol-tdTomato mobile class is sensitive to changes in membrane

composition as well as to the activation state of the Piezol channel.

4.3.3 The mobile class is subdiffusive

The available evidence from fluorescence correlation spectroscopy, fluorescent recovery after
photobleaching, and SPT indicates that Brownian motion is not the prevalent diffusive
behavior of proteins in the membrane environment (reviewed in [55, 94, 61]). Although the
mechanistic details of Piezol diffusion in the plasma membrane have yet to be elucidated,
the underlying assumption made so far in the literature is that Piezol diffusion can be
described as Brownian motion [122, 155]. With the tagged particle’s trajectory denoted as
Z(t), diffusive behavior can be characterized by the so-called time averaged mean squared

displacement (TAMSD) [94]

T—A
PO =g [ @l d) = a0z (4.2)

where T is the trajectory’s total length in time and A is the lag time.
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Figure 4.4: “Mobile” Piezol-tdTomato trajectories are heterogeneous and exhibit anomalous
subdiffusion. A. TAMSD as a function of lag time of Piezol-tdTomato expressed in MEF's
(individual trajectories, black; ensemble average, green). Only the untreated condition is
shown here; similar results for all tested conditions are shown in Supporting Fig.4.10 ).
B. The corresponding anomalous exponents from individual Piezol-tdTomato trajectories
are broadly distributed. C. The mean estimates of the anomalous exponent distributions
indicate subdiffusive behavior across all tested conditions. Line ranges are 95% confidence
intervals. The mean estimates from all treatments are different from their corresponding
control at this confidence level (blue, treatments using untreated MEFs as control; orange,
treatments using DMSO-treated MEFs as control).
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Unrestricted Brownian motion is characterized by a linear time dependence of the TAMSD

02(A) = KA (4.3)

where K is a constant. Deviations from this linear behavior, termed anomalous diffusion,

are commonly observed in SPT experiments and modeled using a power-law form

02(A) = KA (4.4)

where «, the so-called anomalous exponent, is a positive real constant. A time dependence
of the TAMSD that is slower than linear (0 < o < 1) is called subdiffusion, while a time

dependence that is faster than linear (o > 1) is called superdiffusion.

We computed the TAMSD of the individual Piezol trajectories in the “mobile” class (see
Fig.4.4A). Fitting the individual TAMSDs to a power law (Eq. 4.4) yields a broad distribution
of anomalous diffusion exponents, a (Fig.4.4B). Similar results were observed across all the
conditions reported in the previous section (Supplementary Fig.4.10). These results are not
unexpected. SPT is a time limited recording of a stochastic process. Therefore, estimates of
the anomalous diffusion exponent may vary significantly among trajectories collected from
the same experiment. A common practice is to perform an additional average of the TAMSD

over an ensemble of N collected trajectories,

(P2) = Y #(A). (4.5

The resulting ensemble-averaged TAMSD (EA-TAMSD) (shown as green traces in Fig.4.4A
and Supplementary Fig.4.10) is sufficient to eliminate the variability associated with time
limited measurements and random errors, but it fails to account for measurement noise as well

as the intrinsic variability in the particles’ diffusing behavior [73, 89]. Accurate estimates of
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the mean and width of the distribution of anomalous exponents for the ensemble of particles
can be obtained from the EA-TAMSD after correcting for these systematic errors as described
in [73]. The results for the Piezol “mobile” class indicate a consistent subdiffusive behavior

across all the experimental conditions (see Fig.4.4C).

In contrast to the trajectory spread analysis reported in (Fig.4.3), where changes to the scaled
R, distribution can be directly associated to changes in Piezol mobility upon membrane
composition and channel activation state perturbations, an interpretation of the small but
statistically significant changes to the anomalous exponent would require a detailed modeling
of the diffusion mechanisms, which is beyond the scope of the present TAMSD analysis.
Nevertheless, the persistence of alpha well below unity indicates that anomalous diffusion is

a consistent property of Piezol mobility under a variety of conditions.

4.4 Discussion & Conclusions

Here, we follow up on our previous finding that Piezol channels are mobile [35] by per-
forming single-particle tracking (SPT) of endogenously expressed Piezol-tdTomato channel
puncta. We observed that Piezol exhibits multiple modes of diffusion in two different cell
types, MEFs and mLSECs. Through visual observation of the trajectories, we classified the
trajectories into three classes based on their spatial extent - “mobile”, “intermediate” and
“trapped.” We then implemented a supervised machine approach algorithm to automate this
classification for thousands of trajectories, and examined the effect of specific pharmacolog-

ical perturbations on Piezol mobility.

Our findings are consistent with a large body of experimental evidence indicating that the
lateral motion of membrane proteins in the complex environment of the plasma membrane

is dependent on the local structure and regulatory signals encountered by each individual
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protein or cluster of proteins [62, 129, 61]. This behavior is put in full display by the
spatiotemporal resolution of SPT of tagged proteins [129, 134]. Trajectory classification is

thus a prerequisite for the interpretation of the Piezol SPT data.

Almost all of the schemes proposed in the literature for the classification of SPT trajectories
of membrane proteins are based on descriptions of the motion itself or on more detailed
diffusion models [136, 114, 96, 52, 43, 75, 166, 44, 64, 99]. We have taken an approach to
trajectory classification that relies only on geometrical aspects of the trajectories without
input from diffusion models at any level of the classification process. A similar approach
was proposed recently by Pinholt et al. and shown to effectively identify distinct diffusion
modes in a wide variety of systems [111]. In contrast to Pinholt et al., our set of descriptive
features for classification does not include quantities associated with the MSD analysis of the
trajectory. By separating the trajectory classification from the description of the underlying
diffusive process, we can in the future interrogate each class separately using experimental
methods to probe specific connections between channel activity and mobility and use diffu-
sion models in the interpretation of those results. Here, we have begun to address the first

part of this program, by developing a reliable automated classification scheme.

According to our classification scheme, a class of trajectories nominally identified as “mobile”
exhibit high mobility in the plasma membrane compared to the other two classes, “trapped”
or “intermediate.” A recent pre-print by Vaisey et al. reporting SPT on endogenous Piezol in
red blood cells also observed heterogeneity in Piezol trajectories [155]. Our detailed analysis
of this class suggests that Piezol mobility is sensitive to changes in membrane composition
and that activity may modulate the channel’s diffusion. Supplementation of the membrane
with cholesterol or margaric acid decreases Piezol mobility, while cholesterol depletion via
MBCD increases mobility. These results are consistent with findings from several ion chan-
nel diffusion studies. Removal of membrane cholesterol reduces the population of confined

Orail, an ion channel that causes extracellular calcium influx upon internal calcium store

76



depletion, and causes the channels to move in a linear pattern [13]. Similarly, both serotonin
transporters [8] and dopamine transporters [2] increase in lateral mobility following MBCD
treatment. Ridone et al. also found that cholesterol depletion increased the diffusion of

overexpressed Piezol in HEK293T cells [122].

Our results demonstrate that drug-induced changes to the channel state affect channel mo-
bility in MEFs. Margaric acid has been shown to stiffen the plasma membrane and inhibit
Piezol activation. When we treated cells with margaric acid, Piezol-tdTomato trajectories
were less mobile than DMSO-treated control trajectories. Romero et al. had previously pro-
posed that margaric acid’s inhibitory effect on Piezol could be a result of the drug’s role in
membrane remodeling [124]. Another channel inhibitor that partitions into the membrane,
the amphipathic tarantula venom peptide, GsMTx-4 [7], has been posited to disrupt trans-
fer of force to the channel in the plasma membrane, thereby inhibit Piezol activation [42].
While GsMTx-4 treatment results in a decrease in mobility relative to the untreated control,
suggesting that closed channels may be less mobile, the observed shifts in mobility could also
be a result of potential shifts in local membrane tension rather than channel conformational
changes. Conversely, we have shown that Yodal, a Piezol agonist [144], increases mobility.
However, it is important to note that while Yodal activates the Piezol channel and results
in greater mobility, chemically-driven activation by Yodal may not necessarily be analogous
to the behavior of channels activated by an increase in local membrane tension. Yodal has
been shown to stabilize the open state [144, 169], and it has been proposed that Yodal acts
as a molecular wedge when bound to Piezol, affecting both the channel’s mechanosensitivity
and flexibility of the blades [14]. It is unknown whether this steric modification may be
enough to affect channel diffusion. Future studies simultaneously monitoring the activity

and mobility of Piezol are needed.

Our MSD analysis of the “mobile” class of Piezol revealed a consistent subdiffusive behavior

across all experimental conditions, suggesting that this may be a fundamental characteristic
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of Piezol mobility in the plasma membrane. Although the underlying physical mechanisms
may vary, a wealth of experimental evidence suggests that subdiffusion is a ubiquitous mode
of motion for submicron particles in the cell membrane [55, 94, 52, 43, 97, 61]. Subdiffusion
may be the result of the lateral heterogeneity of the membrane environment sampled by the
channel or it may reflect transient associations with other membrane components [129, 150,
61]. Specific hypotheses in the case of Piezol will require detailed modeling of the diffusion

process, which is the subject of a future study.

Piezol mobility has several important implications. Channel mobility may allow fewer chan-
nels to explore a larger domain of the cell to efficiently transduce mechanical forces. Mobility
may also function as a mechanism for channels to dynamically adjust the cellular response
to mechanical forces. Mechanical forces can act upon a cell at any time, from anywhere,
and Piezol’s mobility in conjunction with its activation state may aid the cell in adjusting
to these responses. Additionally, open and closed channels may exhibit different mobilities,
providing specific mechanisms through which the cell can modulate mechanotransduction.
For instance, closed channels may be more mobile than open channels. This would allow
closed channels to explore the cell in search of mechanical cues, and for open channels to
linger at cellular regions experiencing mechanical stimuli. Conversely, open channels may be
more mobile than closed channels. In this case, when the channel experiences mechanical
forces, open-mobile channels may move away from persistent mechanical stimuli, thereby
closing the channel and terminating the mechanotransduction. Our findings set the stage

for future work examining Piezol mobility in the context of channel activity.

4.5 Future Work

Our current work explores Piezol by perturbing the actin cytoskeleton or by modulating the

membrane. As a mechanically-activated ion channel, the most interesting aspects of Piezol
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are linked to its activation/deactivation. To this end, we have prepared future data from
experiments where the tdTomato-tagged, endogenously expressed Piezol is treated with an
activator drug, Yodal, and a deactivator, the spider toxin GsMTx4. These drugs will provide

relevant insights into changes in diffusion profile related to activity.

The Pathak lab has also been experimenting with a new, more resilient tag, HaloTag. This
fluorotag would greatly enhance the throughput of our experiments by extending collection
time by 100% without sacrificing the fluorescent tag to bleaching events. The realization of
such data would allow us to perform statistical analyses with greater confidence due to the
increased robustness of the data. It is also possible that longer collection times may reveal

hitherto unknown aspects of Piezol diffusion or mobility.

Finally, it would be extremely useful to apply a physics based analysis to the diffusive behav-
iors under investigation via Piezol. We have a great pipeline that extends from experiment,
to data procurement, to machine learning classification. It would be quite an achievement to
extend this pipeline to include an analytical component that could use mathematical mod-
els to identify distinct types of diffusion or at least hallmarks/fingerprinting evidence of a

specific diffusive process.

4.6 Materials and Methods

4.6.1 Mouse Embryonic Fibroblast (MEF) Harvesting and

Culture

MEF cells were isolated from a reporter mouse (JAX stock 029214) with a tdTomato knock-in
at the C-terminus of the endogenous Piezol channel [116]. Mice were considered embryonic

day 0.5 upon vaginal plugging. Fibroblast cells were harvested from embryos by separating
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the head, limbs, and tail from the embryo at embryonic day 12.5 in 33 mM D-(+)-glucose
(Sigma-Aldrich, G-6152) and 1% Penicillin-Streptomycin (10,000 U/mL; Gibco, 15140122) in
Dulbecco’s Phosphate-Buffered Saline (Gibco, 14-190-250). The remaining tissue was spun
at 260g for 5 min, and the supernatant was aspirated. These cells were cultured in DMEM
(ThermoFisher Scientific, 11960-051) with 15% fetal bovine serum (Omega Scientific, FB-12),
1x GlutaMax (ThermoFisher Scientific, 35050-061), 1 mM sodium pyruvate (ThermoFisher
Scientific, 11360-070), and 1x non-essential amino acid solution (ThermoFisher Scientific,
11140-050) in a sterile environment at 37°C with 5% CO;. Cells were plated in a T-25 cell
culture flask (Eppendorf, 0030710126) coated with 0.1% gelatin solution (Fisher Scientific,
ES-006-B). Media was changed 1 hour after plating. MEF cells containing Piezol-tdTomato
were passaged using TrypLE Express (ThermoFisher, 12604013) to dissociate the cells and
were spun at 260g for 5 min. Cells were then counted using a hemocytometer and 7,500~
10,000 cells between the passages of 3-7 were plated on the 14mm glass region of #1.5 glass-
bottom dishes (Mat-Tek Corporation) coated with 10 pg/mL fibronectin (Fisher Scientific,
CB-40008A). Media was changed following 2h and every 48h until imaging experiments.

Cells were maintained in a 5% COs incubator at 37°C for at least 72h prior to imaging.

4.6.2 Mouse Liver Sinusoidal Endothelial (mLSEC) Isolation and

Culture

mLSECs were isolated using an immunomagnetic separation technique. A mouse liver was
thoroughly minced using scalpel blades and resuspended in a dissociation solution containing
9 mL 0.1% collagenase II, 1 mL 2.5 U ml-1 dispase, 1 pM CaCl, and 1 pM MgCl, in Hanks
Buffer solution. The tissue-dissociation mix was incubated at 37°C for 50 mins in a tube
rotator to provide continuous agitation. Following this enzymatic digestion, the mix was
passed through 70 and 40 pm cell strainers to remove undigested tissue. Cells were washed

twice in PEB buffer containing phosphate-buffered saline solution (PBS), EDTA 2mM and
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0.5% BSA, pH 7.2. The washed pellets were resuspended in 1 mL PEB buffer and 30 pL
CD146 microbeads (Miltenyi Biotech) at 4°C for 15 min under continuous agitation. CD146
is a membrane protein marker for endothelial cells and is highly expressed in mLSECs.
Following incubation, the solution was passed through an LS column (Miltenyi Biotech)
primed with PEB buffer. The column was washed 3 times with 5 mLL. PEB buffer and the
CD146 negative eluate was removed. CD146 positive cells were retained in the column and
flushed with 5 mL warmed EGM-2 growth medium supplemented with EGM-2 bullet kit
(Lonza) into a separate tube. Cells were spun at 300g for 5 min, diluted in 1 mL EGM-
2 media and counted using a hemocytometer. 30,000-40,000 cells were plated on the 14
mm glass region of #1.5 glass-bottom dishes (Mat-Tek Corporation) coated with 10 pg/mL
fibronectin (Fisher Scientific, CB-40008A). Media was changed after 2h and every 48h until
imaging experiments. Cells were grown in a 5% CO, incubator at 37°C for at least 72h prior

to imaging.

4.6.3 Imaging Piezol-tdTomato

Mobility of native Piezol-tdTomato channels was imaged using Total Internal Reflection Flu-
orescence (TIRF) microscopy at 37°C. Piezol-tdTomato MEFs and mLSECs were washed
with phenol red-free DMEM/F12 (Invitrogen, 25116001) thrice and incubated in imaging
solution, composed of 148 mM NaCl, 3 mM CaCl,, 1 mM KCl, 2 mM MgCl,, 8 mM Glu-
cose, 10 mM HEPES, pH 7.30, and 316 mOsm/L osmolarity for 5 min. An Olympus 1X83
microscope fitted with a 4-line cellTIRF illuminator, an environmental control enclosure and
stage top incubator (Tokai Hit), and a PLAPO 60x oil immersion objective NA 1.45 was
used to image cells. A programmable motorized stage (ASI) was used to identify samples
throughout imaging. Images were acquired using the open source software p-Manager [34].

Cells were illuminated with a 561 nm laser and images were acquired using a Hamamatsu
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Flash 4.0 v2+ scientific CMOS camera at a frame rate of 10 frames/second with a 100 ms

exposure time.

Piezol-tdTomato cells (MEFs) were fixed using a 4% paraformaldehyde (Electron Microscopy
Sciences, 15710), 1x PBS, 5 mM MgCly, 10 mM EGTA, 40 mg/mL sucrose buffer for 10 min

at room temperature. The cells were washed thrice with PBS for 5 minutes.

4.6.4 Drug Treatment

Methyl-g-cyclodextrin-treated cells were incubated in 10 mM methyl-S-cyclodextrin (Sigma-
Aldrich, C4555-5G) for 15 min before imaging. Cholesterol-MBCD-treated cells were in-
cubated in 100 pg/mL cholesterol-water soluble, containing methyl-g-cyclodextrin (Sigma-
Aldrich, C4951-30mg) and were incubated for 1 hour. Cells treated with 150 pM margaric
acid (NuChek N-17-A) were incubated overnight at 37°C for 24h. Cells treated with 4 pM
Yodal (Tocris 558610) or 4 pM GsMTx-4 (Tocris 4912) were incubated for 15 min. Margaric
acid and Yodal were dissolved in Dimethyl sulfoxide (DMSO, Sigma Aldrich 276855-100ML).
As such, DMSO was used as a control for margaric acid and Yodal. All cells were imaged

for 30 min post-treatment as described above.

4.6.5 Piezol-tdTomato Trajectory Generation

Single particle tracking of Piezol-tdTomato puncta was done using the open-source image
processing and analysis program Flika [36]. A difference of Gaussians algorithm was used as
a spatial bandpass filter on the image stacks to detect the Piezol-tdTomato punctae. The
resulting enhanced stack was then thresholded using a manually selected threshold value
to generate a binary image stack. Spatially-continuous pixels above this threshold were

considered a single particle. A two-dimensional Gaussian function was used to determine
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the centroid of each particle to subpixel precision. Particles within three pixels of consecutive
frames were assumed to represent the same Piezol-tdTomato puncta. These particles were
then linked to generate trajectories. Skipped frames were handled by inserting a placeholder
value (numpy.nan) for missing coordinates [35, 49]. A conversion factor equivalent to the
length of a single pixel, 0.1092 pm, was used to transform two-dimensional coordinates in
pixel units to microns. We limited our analysis to trajectories that were at least 20 seconds
in length, which at a frame rate of 100 milliseconds, guaranteed a minimum of 200 positions

per trajectory.

4.6.6 Trajectory Feature Selection and Analysis

A precursory scan of plotted trajectories from untreated MEFs revealed three visually dis-
tinct trajectory types: trajectories with a large extent (“mobile”), those with a very tight
puncta (“trapped”), and trajectories that appeared to be between these two categories (“in-
termediate”). The large size of the trajectory data sets prompted us to develop a workflow
for automated classification using supervised learning [63]. The task of supervised learning
is finding a model that maps input variables to an output variable based on paired input-
output observations. In the context of classification, the output variable is a discrete set of
classes, the input variables are termed features and the input-output pairs are termed the

training set [63].

In the context of classification of SPT trajectories using supervised learning methods, a
trajectory feature is generated by mapping the trajectory’s spatial coordinates to a single
scalar that is invariant to rigid-body motions of the entire trajectory [53]. Among the tra-
jectory features reported in the literature [53, 162], we only considered those that described

geometric aspects of the trajectories.
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To further examine each one of the candidate features, we classified a set of 1,000 trajec-
tories of Piezol-tdTomato untreated MEFs by visual inspection (as described in the next
section), we then mapped each trajectory onto the feature under examination, and checked
whether the corresponding feature distribution was partitioned by our classification scheme
(see Supplementary Fig.4.5). Following this approach, we selected six features: net displace-
ment, straightness, radius of gyration, asymmetry, kurtosis, and fractal dimension, which

are described in detail in the Supplemental Information.

Each one of the six selected features computed over the 1,000-trajectory data set was normal-
ized using a Box-Cox transformation [15]. A principal component analysis was performed
on the transformed data set of six-dimensional vectors. Nearly 90% of the variance was
explained by the first three principal components. The projection of the transformed data
set on this reduced three-dimensional principal component subspace was used as the training

set, for the classification.

All feature calculations and analyses were carried out with in-house Python scripts using the
Numpy [49], SciPy [161], and Pandas [167] libraries. Data visualization was performed with
Matplotlib [60] and seaborn [164].

4.6.7 Trajectory Labeling

The 1,000 trajectories randomly sampled from the 11,794 trajectories of Piezol-tdTomato
untreated MEFs indicated above were visually classified (labeled) as “mobile”, “trapped”, or
“intermediate” by three different researchers. This was a blind process where each researcher
independently performed their own labeling, without knowledge or influence from the other
parties. Through this process, each of the 1,000 trajectories was assigned three possible
labels, from which the majority label was chosen as the final class for each trajectory. This

three-party labeling process was an effort to reduce bias in the initial subjective classification.
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4.6.8 Support Vector Machine Training

A support vector machine (SVM) is a supervised learning algorithm designed to maximize
the margin of separation between sets of features with different labels by identifying divid-
ing hyperplanes. The features in this context are nonlinear transformations of the original
observations performed with one of several so-called kernel functions. Kernel functions have
adjustable parameters that are usually chosen by performing a search over the parameter
space, performing a cross-validation with the training set on each specific choice of parame-
ters, and selecting the one with the highest accuracy. Here, the Radial Basis Function (RBF,
a Gaussian function) was chosen as kernel function. An SVM with an RBF kernel has two
tunable parameters, a regularization parameter, C', and a curvature or shape parameter, 7,
which were selected based on a six-fold cross-validation carried out via grid search of the
parameter space. Briefly, the training set was split 80:20 for training and testing/validation.
For each point in the grid, the SVM was trained on the same 80% of training data, and
then evaluated against the remaining 20% via cross-validation. For cross-validation, the
20% hold out set was randomly split into 6 subsets and then stratified to balance class
representations in each set. The SVM performance was evaluated and averaged for all 6
subsets and compared across all grid search configurations with the best parameters deter-
mined by the highest Fl-score averaged over the three classes. The Fl-score is a measure
of a binary classifier’s accuracy, defined as the harmonic mean of the classifier’s precision
and recall. Precision is the total number of correctly predicted observations divided by the
total number of predictions. Recall is the total number of correctly predicted observations
divided by the total number of observations. The final values of C' =4 0.0 and v = 0.03 were
chosen, corresponding to an average Fl-score of 87% (Supplementary Fig.4.11). The was
SVM implemented with in-house Python scripts, using the Numpy [49], Pandas [167] and

Scikit-Learn [108] libraries. The training set split was performed using the test-train-split
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module in the Scikit-learn library. Confusion matrices for the test and train portions, along

with table of accuracy metrics are available in the Supplementary Information.
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4.7 Supplementary Information

4.7.1 Mapping SPT trajectories to geometric features

In the context of SPT, the trajectory of a tagged particle is represented by an ordered

sequence of N two-dimentional position vectors sampled at a constant time interval, At,
Z(t) = {71, 72..., TN} (4.1)

where T; = (z;,y;) € R? is the position vector at time t = i¢At, i =1... N.

A trajectory step is the difference between consecutive position vectors s; = ;11 — ;.
Therefore, a trajectory can also be described by the sequence of the N — 1 corresponding

steps,

#(t) = {51, 5...,8v_1) (4.2)

We mapped each SPT trajectory to a six-dimensional feature vector: (Az,S, Ry, a,k,Dy),
whose components (net displacement, straightness, radius of gyration, asymmetry, kurtosis,

and fractal dimension) describe different geometric aspects of the trajectory.[53, 162]

Net Displacement

Net displacement, Az, is the Euclidean distance of the trajectory final position to the initial

position,

Az = /(zx —21)? + (yn — 11)? (4.3)
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Straightness

Straightness, S, is a measure of the average direction change between consecutive steps,

defined as [53]

: ii+1 (44)

Radius of Gyration and Asymmetry

The trajectory’s gyration tensor is the covariance matrix [128],

- (%) — () (zy) — (2)(y) (4.5)

(zy) — () (y)  (¥*) — (W)?

where (...) denotes the mean of its argument (e.g. (z) = SV, x;). The gyration tensor is

a symmetric 2-by-2 matrix,

Tx Tmy

Yy Tyy

with eigenvalues

(Tm + Tyy) + \/(Tm - Tyy)2 - 4T9?y
2

Ao = (4.6)

The radius of gyration, Iz, is a measure of the overall extent of the trajectory, defined by

R? = M+ X (4.7)
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Substituting (4.6) in (4.7) leads to

Ry = ((2*) — (@)") + () — ()°) (4.8)

which is equivalent to equation (4.1) in the main text.

The asymmetry, a, measures the elongation of the trajectory. We use the definition proposed

by Helmuth et al. [53]

a = —log (1 - %) (4.9)

Kurtosis

Kurtosis, k, is the standardized central fourth moment of a probability distribution. It
measures whether a distribution is heavy-tailed in reference to a normal distribution. Here,
we use it as a descriptor for the distribution of trajectory steps projected onto the gyration
tensor’s major principal axis. The major principal axis is the direction of the eigenvector v

corresponding to the largest eigenvalue. In this case, Tt = A\1v. The kurtosis feature is then

given by:
S (s — (52"
k=(N-1) Nj . (4.10)
<Z(si - <sz>>2>

where s; = §; - U and (s;) = Z?Sl S;.
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4.7.2 Fractal Dimension

The trajectory’s fractal dimension is defined as [72]

B log(N — 1)
I log(N — 1) + log(%)

(4.11)

where d denotes the largest distance between any two trajectory positions, and L = Zf\il S;
denotes the total length of the trajectory. It is a measure of the degree to which the trajectory
is space-filling. A straight line has D; = 1; any other planar curve will have Dy > 1. A
two-dimensional random walk has Dy = 2. A trajectory constrained to a limited area may

have multiple overlaps and therefore will have Dy > 2.
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Supplementary Figure 4.5: Correlation matrix plot of geometric features used for automated
trajectory classification calculated from a 1000-trajectory data set classified by visual inspec-
tion. The diagonal elements show kernel density estimates of of each feature distribution
separated by their labeled class (“mobile,” green; “intermediate,” blue; “trapped,” red).
The relationships between pairs of features are shown as scatter plots below the diagonal. A
locally weighted scatterplot smoothing trend line is shown in magenta. The corresponding
Pearson correlation coefficients are shown above the diagonal colored according to a BWR
color scale.
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Supplementary Figure 4.6: Cummulative proportion of variance explained by the princi-
pal components of the six-dimensional geometric feature vectors generated from the 1000-
trajectory data set classified by visual inspection. The horizontal dashed line indicates that
90% of the variance six-dimensional data set is explained by the first three principal compo-
nents.
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Supplementary Figure 4.7: Principal component analysis biplots of the six-dimensional geo-
metric feature vectors generated from the 1000-trajectory data set classified by visual inspec-
tion. The projections of the 1000 observations onto each subspace are shown as dots colored
by class ( “mobile,” green; “intermediate,” blue; “trapped”, red). The three classes are
largely separated along the first principal component (PC1) into three overlapping groups,
as evidenced by the 95% confidence ellipses for each class with limited contributions from
PC2 and PC3. The red arrows show the projection of the original features onto each subspace
(scaled up by a factor of 10). The largest contributions to PC1 are from net displacement,
radius of gyration, and fractal dimension, all of which characterize the trajectory spread.
Limited separation between classes in the PC2-PC3 plane (panel C) indicates that including
additional principal components would not improve trajectory segregation, justifying the
choice of a three-dimensional principal components subspace for training. Panel A is also
shown in Figure 4.2A
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Supplementary Figure 4.8: Piezol-tdTomato in fixed MEFs are classified as “trapped” by
the SVM. A. Representative Piezol-tdTomato trajectory (red) from a fixed Piezol-tdTomato
MEF showing a highly limited spatial extent. B. Almost all the trajectories from a fixed
Piezol-tdTomato MEF data set are identified as “trapped” by the SVM. Also shown in
Fig.4.2C
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Supplementary Figure 4.9: Trajectory proportions resulting from the SVM classification of
Piezol-tdTomato trajectories under various conditions. A. MBCD treatment (pink) results in
an increase in the “mobile” proportion of trajectories relative to the untreated control (blue).
B. Cholesterol-MBCD treatment (red) results in a decrease in the “mobile” proportion of
trajectories relative to the untreated control (blue). C. Margaric acid treatment (brown)
results in a decrease in the “mobile” proportion of trajectories relative to the DMSO control
(orange). D. GsMTx-4 treatment (purple) results in a decrease in the “mobile” proportion
of trajectories relative to the untreated control (blue). E. Yodal treatment (green) results
in an increase in the “mobile” trajectories relative to the DMSO-treated control (orange).
The SVM was trained as three separate binary classifiers. Thus, we interpret the bar heights
within one plot as the sample proportions for each class. The error bars are the corresponding
standard errors.
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Supplementary Figure 4.10: TAMSD as a function of lag time of Piezol-tdTomato ex-
pressed in MEFs (individual “mobile” trajectories, black; ensemble average, green). A.
Untreated MEFs (also shown in Fig.4.4A). B. DMSO-treated. C. 100 pg/mL cholesterol-
MBCD-treated. D. 150 pM margaric acid-treated E. 10 mM MBCD-treated. F. 4puM
GsMTx-4-treated and G. 41M Yodal-treated.
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