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Abstract

For over 200 years, cell function and behavior has been the subject of significant
interest. Although microscopic, mammalian cells are fantastically complicated and need
to overcome tremendous environmental inertia to maintain homeostasis, such as
facilitating ion gradients and intracellular transport, the movement of cargo through a
viscous, crowded cytosol. This latter point is especially important because many diseases,
including Alzheimer’s disease, are associated with aberrant transport. Thus, determining
how a cell responds to environmental stimuli is critical to building an understanding of
fundamental biophysics and working toward future curative measures for transport-
related disease.

This dissertation begins with a high-level, epidemiological perspective on the co-
occurrence of pulmonary diseases in the United States with pneumoconiosis to
contextualize microscopic cell responses to damage with macroscopic outcomes.
Pneumoconiosis is caused by inhaled dusts and nanomaterials, which can become
embedded in and inflame lung tissues. We found that pneumoconiosis is associated with
increased rates of chronic obstructive pulmonary disease (COPD), lung cancer, and
pneumonia at time of death. When we combined pneumoconiosis diagnoses with the
known covariate of smoking history, smokers with pneumoconiosis had the highest rate
of COPD in our data, indicating a potential synergistic effect of lung damage.

Interestingly, we found that smoking history and pneumoconiosis were more
associated with lung cancer and pneumonia, respectively. Through presented case studies

in non-mining/construction occupations, we note that specific pneumoconioses can occur



on local scales, demonstrating that even if nanomaterials are too varied to appear in an
aggregate population, the risks of increased disease rate as a result of microscopic lung
injury are still present. This is essential for future regulation and policy decisions as
nanomaterial production continually increases.

To further explore microscopic cell responses to controlled stimuli, we used particle
tracking microscopy to follow trafficked organelles and evaluate how the cell uses
intracellular transport and reacts to disruptions. The classic approach to analyzing particle
tracking data is the mean squared displacement (MSD). Despite its ubiquity, recent work
has shown that the MSD is a flawed method because it is unstable with respect to noise,
curve fitting choices, and observation window. Here, we present a novel tracking
framework that uses a Bayesian changepoint segmentation strategy and then infers
population motility from segment velocities. This method avoids the use of MSDs and is
efficient and stable in response to trajectories of different quality and length.

We demonstrate this software on tracked lysosomes in epithelial cells. We found that
there is a clear difference in the frequency of motion for lysosomes depending on where
in the cell they were located, with lysosomes in the perinuclear region moving less often
than those in the periphery. This is an extremely important finding because it robustly
distinguishes these two regions over thousands of lysosome observations and much of the
current particle tracking literature ignores region as a factor, potentially exposing any
results to selection bias. Separately, we found that the size of lysosomes, which was
controlled with sucrose-induced osmotic swelling, had no effect on transport frequency;

however, the speed of large lysosomes was slower than with small lysosomes.



Next, we generalize our tracking system to include all vesicles, rather than only
lysosomes. With these conditions, we present an exciting new result: disruption of the
endoplasmic reticulum with palmitate, a fatty acid found at elevated levels in patients
with diabetes and obesity, significantly decreases vesicle motility. This effect was
independent of any reduction in ATP levels or cell viability and appears to be associated
with the distortion of the ER we observed under these conditions. This result points to
areas of future research in the biophysical complications associated with these diseases
and further underscores recent work detailing the extensive interactions between the ER
and endocytic vesicles.

Paired with this analysis, we also observed that macromolecular crowding has no
effect on directed transport through the reduction of ribosome concentration, indicating
that directed intracellular transport is quite efficient despite significant obstacles in the
cytosol. Looking further at the cytoskeleton, we show that disruption of actin filaments
and microtubules both decrease vesicle motility as expected. However, we found that
disruption of intermediate filament organization with withaferin A significantly decreases
vesicle motility in a dose-dependent fashion. Unlike microtubules and actin filaments,
there are no molecular motors associated with intermediate filaments, so this result may
be tied to cytoskeletal interactions and merits further exploration.

In summary, this dissertation details analyses that explore and characterize
disruptions to cellular homeostasis. We first provide an updated perspective of dust
inhalation diseases in the United States to provide context for cell damage on a

macroscopic level and advocate for intentional regulation of nanomaterials as production
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and exposure risk increase. We also demonstrate an effective Bayesian particle tracking
analysis alternative to the mean squared displacement, which overcomes the latter’s
limitations. We then use this new tool to learn significant new information about
intracellular transport, particularly that there are regional distinctions in vesicle behavior
and that ER disruption with palmitate causes a dramatic decrease in transport without
affecting viability. Overall, we are most excited for the potential for this analysis to be

used across a variety of problems and disciplines and look forward to its implementation.
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1 Introduction

Intracellular transport is the method by which cells can efficiently move cargo
from point to point with the aid of molecular motors traveling along the cytoskeleton (1-
3). In the past few decades, disruptions to intracellular transport have been linked to
serious diseases, including Alzheimer’s, Huntington’s, and cystinosis (4—12).
Additionally, extensive research has demonstrated cells exposed to nanomaterials can
subsequently internalize these nanomaterials, leading to changes in cell behavior (13-
15). As such, there is clear motivation to learn more about how the cell responds to
environmental stimuli and more specifically, how it prioritizes and carries out
intracellular transport.

This dissertation provides thorough analysis of this issue by building upon high-
level, epidemiological analysis of inhaled dusts and related diseases with particle
tracking microscopy in live cells exposed to a variety of treatments. We address the
numerous flaws (16-21) of the classic particle tracking analysis technique, the mean
squared displacement (MSD) (22-35), through a novel Bayesian inference and
changepoint segmentation strategy. Along with robust validation of this new software,
we subsequently present newly discovered characteristics of intracellular transport in
live cells. The introduction will first provide a background of inhaled dust exposure
diseases and nanomaterial toxicity in Section 1.1. Afterward, the methods used for this

work, including microscopy and particle tracking, will be presented along with their



limitations and restrictions in sections 1.2-1.4. Finally, section 1.5 provides a summary of

objectives and an outline of the following dissertation.

1.1 Nanomaterials and occupational dusts

Nanomaterials have gained significant interest because they can be functionalized
to approach widely varying use cases (36-39), including agriculture (40-42), imaging
(43-46), and drug delivery (47-51). With an extremely disparate range of functional
characteristics, high surface area for their volume, and rapid cycling in target organisms,
there are significant risks involved with the use of nanomaterials (52-54). The following
section provides a brief history of lung injury diseases resulting from dust inhalation
exposure. Subsequently, the recent usage and potential toxicity of nanomaterials will be
discussed. The literature on nanomaterials is rich and growing; this is a brief overview
within the scope of our applications. Given the variable responses of nanoparticles in
biological applications and the increasing potential for exposure, this section motivates

the work conducted in Chapter 2.

1.1.1 History of inhaled dust diseases

Inhaled dusts have been linked to pulmonary disruption since the 1500s (55).
Over subsequent centuries, physicians and scientists discerned that poor ventilation
during exposure to fine dusts could be toxic and cause lung damage, termed
pneumoconiosis (56-58). Pneumoconiosis is further subdivided in classification by the
damaging dust source (e.g., silicosis, asbestosis, etc.), but all subsets cause cell damage

and inflammation as a result of progressive aggregation of dusts in lung tissue (59-61).



Even by the mid 19" century, coal and silica dust exposures were associated with specific
occupational lung diseases (62—64).

Despite this, regulation on dust exposure remained limited and local. In 1969, the
United States finally enacted national legislation with the Federal Coal Mine Health and
Safety Act in response to miners protesting lack of regulation and worker’s protections
(65,66). Soon after, the Occupational Safety and Health Administration (OSHA) was
established, and restrictions were placed on exposures to coal dust and silica. In
subsequent decades, pneumoconiosis rates plunged (65,67,68). This indicates that
limiting exposure to inhaled dusts and providing proper PPE are effective at combatting
pneumoconiosis (68,69).

Although the regulations in the United States have been largely viewed as
successful, alarming trends in pneumoconiosis have emerged both in the US and
worldwide. For example, a recent meta-analysis of miner cohort studies in China showed
that pneumoconiosis rates are elevated compared with the US and United Kingdom,
especially in locally-owned mines (70). This disparity is attributed to limitations in
regulations and increasing dependence on coal, which has been reaffirmed in another
2022 study (71). Concurrently, the United States has seen an uptick in coal-related
pneumoconiosis in the past two decades, particularly in the Appalachian states of
Kentucky and West Virginia (72-76), demonstrating that current safety precautions in

these environments are still insufficient.

1.1.2 Toxicity and biological effects of nanomaterials

One appeal of many nanomaterials is that they can offer some element of targeted

toxicity. Significant effort has been spent on the discovery and implementation of anti-
3



microbial nanoparticles (77-79). Although limiting microbial growth may be attractive in
medical settings, significant research has also shown that nanoparticles can also be toxic
to cell and animal models depending on a preponderance of tunable factors, such as
functionalization, composition, size, and shape (80-86). Assessed toxicity often includes
measuring reactive oxygen species (ROS) production (87-89), cytokine release (90-92),
and altered gene expression (13,15,86,93). This has limited implementation of
nanomaterials at scale and is the subject of continued concerns for environmental
implications (94-96).

In biological environments, such as blood serum, nanoparticles will naturally
form a corona of adsorbed proteins sourced from the biological fluid (14,97-99). This
further complicates assessment of toxicity because research has shown that nanoparticles
modified with a corona can have different characteristics, such as size and charge, than
their bare counterparts (14,100-103). Current research seeks to elucidate how these
changes may influence downstream biological effects. For example, work from the Payne
Lab has demonstrated that specific protein coronas adsorbed on titanium dioxide (TiOz2)
can mitigate cytotoxic effects of TiO2 like the production of reactive oxygen species
(ROS) (13,15,104). Conversely, recent corona studies have shown that proteins
misfolded on nanomaterials can trigger allergy and disease responses such as lung
fibrosis (105-107) Additionally, although less understood, systemic lupus erythematosus
(SLE) has been shown to be mediated by DNA adsorbed to bioparticles (108,109).
Recent work demonstrates that it is feasible for diseases like SLE to then potentially be

mediated by nanoparticle exposure if a DNA corona is formed (110).



In short, nanoparticles are of increasing interest in myriad applications because of
their open-ended tunability. Dramatic increases in fabrication and usage modalities will
bring nanomaterials intrinsically close to daily human life. In parallel, we still know
relatively little about the overall risks nanoparticle exposures because there are so many
potential effects, especially with the formation of protein coronas once in a biological
fluid, and these effects are often contradicting (106). To this point, within the past year,
the National Institute for Occupational Safety and Health (NIOSH) released a study (111)
detailing industrial safety precautions and shortcomings when handling engineered
nanomaterials, indicating that nanomaterials are a priority for future occupational safety
regulations. Thus, it is essential that the risks of novel exposure pathways for new
nanomaterials be considered prior to implementation and scaling.

Taken together, subsections 1.1.1 and 1.1.2 illustrate that the prevalence and risks
of dust inhalation-related diseases is transient. Safety improvements have been
demonstrably effective, but occupational dust disease continue resurging in different
environments. Without conscious preventative measures, new exposure pathways are
likely to present themselves as manufacturing and usage of nanomaterials increases.
Further, as nanomaterial-protein interactions are not fully understood, novel
nanomaterials may provide additional risks beyond classical documented pulmonary
disease modalities. For these reasons, an updated evaluation of the prevalence of
pneumoconiosis in the United States with context for novel nanomaterials in the merited.

This work is documented in Chapter 2.



1.2 Microscopy

To observe micro- and nanoscale objects, like nanomaterials and cells, we need
dramatic magnification beyond the naked eye. Microscopy has evolved to include many
different subfields, which will be covered in limited detail, but essential to this
dissertation, is fluorescence microscopy. The vast majority of results presented in
Chapters 3 and 4 are enabled by fluorescence microscopy. Here | will detail a brief
historical perspective on the development of microscopy and provide rationalization for

the usage of fluorescence microscopy on this project.

1.2.1 The diffraction limit

The forebears to microscopy as we know it today were magnifying lenses that
existed as early as 2000 years across communities and continents (112-114). In the late
16™ and early 17™ centuries, inventors began combining multiple lenses for further
increased magnification (114,115). Among them were Robert Hooke and Antonj van
Leeuwenhoek , who both developed custom microscopes (116,117), publishing
schematics of microscopic views of animal and plant matter (116,118-120). A lasting
association that remains from this early work is Hooke’s description of the magnified
pores in cork as cells.

The next major milestones in microscopy development came with Ernst Abbe,
who identified a perennial challenge for imaging experimentalists: the diffraction limit of
light (121-123). The diffraction limit is closely tied to the point spread function (PSF),
which details how a point signal will be distorted by the optical components and
wavelength used in an observation. The diffraction limit was calculated by Abbe as

follows (124,125):
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where A is the wavelength of light, n is the refractive index of the fluid through which the
light passes to the sample, and 6 is the half angle over which the lens captures light.
These latter two terms can be combined into a unitless characteristic called the numerical
aperture (NA). This equation holds for lateral (x and y) directions in the image plane, but
the axial direction is roughly double this value (i.e., if the limit is 250 nm in x and y, it
will be roughly 500 nm in z). Naturally, this equation lends itself to simple optimization
where the denominator is maximized at sin & = 1 and high refractive index values.

Most importantly, microscopic resolution is necessarily limited by the diffraction
limit. That is, with perfect optics in an idealized experimental setup, the smallest object
that can be resolved will be the diffraction limit given the illumination source (~250 nm
at best). All objects smaller than the diffraction limit will appear distorted and
unresolvable, appearing as though they are the size of the diffraction limit. In order to
achieve the theoretical Abbe limit, Abbe and Carl Zeiss implemented novel oil-
immersion lenses (126) because oil has a higher refractive index than water or air, thus
increasing the numerical aperture and decreasing the diffraction limit. Oil-immersion
lenses are still commonly used to this day, including in the experiments shown in this
dissertation, because they offer the current optimal resolution for near- and sub-

diffraction targets like those in live cell imaging.

1.2.2 Fluorescence microscopy

Next in the development of microscopy was the implementation of fluorescent

probes for accurate and specific observation of certain structures (124). The first
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fluorescence experiments were completed by John Herschel with blue fluorescent quinine
in tonic water (127,128). George Stokes then demonstrated that there was usually a shift
from the input wavelength color (excitation) to a longer wavelength output (emission) in
fluorescence experiments (125,129,130). This phenomenon was later termed Stokes shift.

From these first steps and in response to the work of Abbe on showing that the
diffraction limit was a natural, rather than technical, effect, August Kéhler developed a
UV-range microscope (114,131,132). The motivation was that a shorter wavelength
could yield better resolution with a smaller diffraction limit. Kéhler then observed Stokes
shifting of UV light to visible fluorescence and created a fluorescence-dedicated
microscope soon after, in parallel to the separately-working Oskar Heimstadt (127,133).

Although the inner workings of this technique are not the focus of this
dissertation, it is important to note that fluorescence is restricted to certain molecules
called fluorophores (124,134,135). When exposed to certain wavelengths of light,
electrons in these fluorophores will be elevated to higher-energy states (130,136,137).
Subsequently, when these electrons return to their natural state, typically, red-shifted
photons will be released due to energy loss in the excited state (although anti-Stokes
shifts are possible) (138,139). At present, fluorophores have been isolated/synthesized
and commercialized in a variety of colors and contexts (124,130,136,139), so it is
feasible for biological experiments to be designed with multiple fluorophore probes,
responsive over separate wavelength bands, targeted to different structures
simultaneously.

The last major element of the fluorescence microscope we know today are optical
filters, including excitation filter and emission filters and dichroic beam splitters, which
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significantly simplify the requirements for light sources in microscopy (124,130,140).
Commercially, these optical filters are usually packaged together in a filter cube. In short,
different powerful light sources, such as a xenon arc lamp, can be used for illumination in
fluorescence microscopy experiments. As the light travels through the microscope, the
filter cube will pass only light at the desired excitation wavelength through to the sample.
Upon data collection, again, only light that matches the expected emission of the sample
will pass through and be collected (124,125,130). This allows for specificity to any
fluorophore and flexibility with the ease of just switching the filter cubes to restrict to a
new wavelength range. Laser excitation microscopes like those used in the presented
experiments do not explicitly require excitation filtration, but still make use of a beam
splitter to control the wavelength of light getting to the sample and camera.

In summary, fluorescence microscopy is essential for our live cell tracking
experiments because we need a low impact means to observe structures of the cell. Key
to fluorescence microscopy is the promise of a minimal background of off-target
visualizations that is not similarly guaranteed with unfiltered light microscopy (125).
Additionally, frequently, as has been the case in work from our lab (141-145) and others
(146-148), multiple targets must be viewed locally in one sample. Fluorescence enables
this because fluorophore excitation and emission spectra are relatively discrete, and we
can target each cellular structure of interest with a separate fluorophore and then image in

tandem.

1.2.3 Confocal microscopy
Some inherent limitations of conventional fluorescent microscopy have been

addressed with confocal approaches (127,149-151). Marvin Minsky developed the
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confocal microscope while ruminating on artificial intelligence at Harvard (152). Minsky
sought to solve the problem of collecting off-target, scattered light in microscopy back
from the sample and speculated that he could so by minimizing any off-target light being
sent to the sample in the first place. Minsky achieved this by using a pinhole directly after
the light source to limit and precisely control the excitation light that reaches the sample.
This in turn results in signal collection from a small focal plane in the sample
corresponding to the subset of light excitation. This pinhole excitation and collection
strategy is typically combined with a collection approach such as laser scanning
(150,153,154), in which the image from the focal plane is reconstructed by scanning over
x and y, or spinning disk (155-158), in which a disk with pinhole slits cut into it rapidly
spins in the light path, allowing faster image reconstruction (more illuminated sections at
a time) at the expense of more off-plane signal capture.

The result of these efforts is a much-improved axial (z) resolution and a very
slightly improved lateral (x and y) resolution. That is, most of the difference in outputs
between confocal and conventional techniques is crisper target feature edges resulting
from a thinner focal slice. It is important to note, however, that we are still governed by
the diffraction limit. This technique is not super-resolution. For the experiments
presented in this dissertation, confocal imaging helps us isolate tracked vesicles
encapsulated in a thin plane within a cell. This maximizes the tracked signal and virtually
eliminates signal from out-of-plane vesicles, thereby improving stability and accuracy of
captured images. Further, a Yokogawa spinning disk (158) is used here because
intracellular transport is quite dynamic and reaching imaging speeds of at least 20 Hz is
essential for capturing this variety.

10



1.2.4 Super-resolution microscopy techniques

As discussed in previous sections, a key concern in microscopy experiments for
live cell applications is that many of the desired optical targets are well below the
diffraction limit. To combat this, Kohler initially went toward shorter wavelength UV
light (114), but more recently, researchers have been able to use computational imaging
strategies to achieve resolution below the diffraction limit with visible light ranges (159—
161). Although they are not used in this dissertation, this section will briefly introduce
some of these methods because they are common in tracking and image analysis and
useful for framing common optical problems.

First, stimulated emission depletion (STED) microscopy relies on two separate
laser excitation sources (162,163). The first excites target fluorophores as normal, leading
to some ~A/2 diameter emission (as described above). The second, counteracts the
emission from the first with a suppressive, longer-wavelength “donut” placed around the
center of the emission. The result is a much smaller diameter PSF output (the donut hole)
that can reconstruct images well below the diffraction limit with resolution <50 nm.

Next, structured illumination microscopy (SIM) employs thin excitation bands
which, when crossed with localized sample signal, created moiré fringes (164-167). As
multiple orientations and localizations of these excitation bands are aggregated, the true
signal is augmented by recurrent patterns of fringes. This superimposed data
augmentation is then passed through a Fourier transform and subsequently reconstructed
in signal space to achieve a ~2x resolution improvement, ending in the 100-250 nm
range. A principal benefit of SIM is its implementation speed in comparison to more
computationally expensive reconstruction techniques.

11



Finally, in photoactivated localization microscopy (PALM) (168,169) and
stochastic optical reconstruction microscopy (STORM) (170-172), fluorophores
localized at a target of interest are stochastically, that is, with randomness, activated and
deactivated between a brightly fluorescent and dull/non-fluorescent state. This means that
with each image captured, only a limited subset of the fluorophores present in the sample
will be visually present. When enough images have been taken, these images can be
superimposed to reconstruct a higher-resolution ground truth based on the location of the
density of most frequently appearing fluorophores. This improves resolution to roughly
20-50 nm. The main difference between the methods lies in the fluorophores used with
PALM using fluorescent proteins and STORM using organic dyes that can be selectively
quenched with secondary dyes. There are thus some benefits for minimizing live cell

impact with PALM and stability with STORM (173).

1.3 Single particle tracking

With context for microscopy (Chapter 1.1), we can move to the most important
imaging technique used in this dissertation: single particle tracking (SPT). For
background, in the 19" century, Robert Brown detailed the consistent, oscillating motion
of small particles suspended in imaging fluid, regardless of whether these particles were
from living, dead, or synthetic sources (174,175). Robert Brown’s attributed discovery of
what became called Brownian motion fueled further questions of the motion of small
particles in fluid. Famously, Einstein (176,177) and others (178,179) worked to solve this
strange phenomena by positing that the oscillating motion came from the thermodynamic
activity of the atoms in the suspending fluid, relating the diffusivity of a given particle to

its size. This final equation takes the following form:
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where k,, is the Boltzmann constant, T is the temperature, n is the fluid viscosity, r is the
particle radius, and D is the diffusivity. Importantly, diffusivity, which is measurable by
SPT observation, is linked here with fluid viscosity.

SPT allows for dynamic observation of microscopic targets at the cellular level
(180,181). Initially, SPT was focused on cell membrane dynamics, using both
fluorescence (182,183) and Rayleigh scattering (184,185) microscopy. These techniques
were revolutionary because they allowed for dynamic localization of target molecules
well below the diffraction limit of optical microscopy (see above). To be clear, these
techniques are different than the high- and super-resolution methods mentioned above in
that there is not the same element of image reconstruction, and instead, the high-speed

localization of small targets.

1.3.1 The mean squared displacement and its limitations

The mean squared displacement (MSD) has been a fundamental instrument in a
biophysicist’s toolbox since the 19" century. Suppose we have J particles, p; €
{pl, ...,p]} observed over a set of N timepoints, t; € {t, ..., ty }. We can construct a 2xN
matrix for each p; over the observed timeframe by taking its x and y coordinates as

shown in Equation 2 below. Subsequently, we can evaluate the MSD by calculating the

simple distance traveled by a particle, p;, between a reference timepoint, ¢;, and a time-

lagged offset point, shifted by z (i.e., t; + 7, = t5). We then apply this time lag through

all observed time points, t; € {ty, ..., ty }, then averaging by N to get a final MSD (7) for
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each lag, 7. We can then calculate this value for however many particles we have in J and

however many time lags, t, we like.

% = {%j0 ¥} ®)
1 N
MSD(7) = NZ[xj(ti +1)-% )]

Once the MSD () values have been collected into a vector, we can plot the
resultant data which represents the MSD for p; at each increasing offset time lag, t
(180,181). Broadly, if the plotted MSD is completely linear, this means that the trajectory
displacement aligns perfectly with offset lag and thus, throughout its entire temporal
length, the trajectory favors no direction and exhibits similar displacement at each time
lag from start to finish. This functionally describes the stochasticity of Brownian motion
mentioned before. Conversely, if the MSD curve takes a superlinear form, this means
that there is some directed nature to trajectory. That is, a favored direction or increasing
particle velocity because as we increase the time lag, t, the increase in particle
displacement is outpacing that increase in lag. Finally, if the MSD curve takes a sublinear
form, this means that the trajectory is being restricted from free diffusion because with

increasing time lag, the displacement is limited in its increase.
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Figure 1-1: Example of plotted MSD outputs for five synthetic “particles.” A. Original
scaling. B. log-log plotting for quasi-linearity.

Importantly, we can see that there are clear differences between the five synthetic
“particles” plotted in Figure 1-1 without knowing anything explicit about what their
trajectories looked like prior to MSD calculation. Knowing that diffusive MSDs should
be perfectly linear, it is clear that the center line in both panels is indicative of a diffusive
trajectory. The two curves with larger slopes in the log-log plotting in Fig. 1-1B could be
characterized as superlinear and associated with some directed process and the two
curves with smaller slopes could be characterized as sublinear and associated with some
corralled immobilization. Both deviations (superlinear and sublinear) are considered,
broadly, anomalous diffusion.

Within the realm of cellular particle tracking, these distinctions can be quite
helpful because they enable a proxy differentiation of variable types of biological motion
without explicitly observing the entire environment, which is typically not feasible. For
this reason, MSD characterization techniques have been employed extensively in

biophysics applications (22—35). Despite this ubiquity, recent work has pointed toward
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limitations of the mean squared displacement as a quantitative tool. In particular, the
issues of state switching, where behavior of a tracked particle changes during
observation, system-introduced noise, such as entire signal strength and cell or
microscope motion, and sampling issues, where sub-trajectories of Brownian motion can
appear anomalous and vice versa, all play into the desire for more rigorous analytical
methods (16-21).

Answering this call, researchers have tried multiple approaches to characterize
particle trajectories. For example, one school of thought suggests the application of
caveat checklists and quality tests on MSD (and similar) estimations (16,19,186-188).
Others have used machine learning approaches to avoid direct fitting of MSD curves
(189-193). Still others have implemented Bayesian inferential techniques for
characterization (194-199). The consensus with all of these developments is that classical
use of MSD curve fitting for particle tracking characterization is flawed and that
optimized characterization strategies are merited. This conclusion is the basis for our

work in Chapter 3.

1.4 A cast of characters for intracellular transport

Now that we have introduced the hardware and methods that will be employed and
extended in this dissertation, we can detail the biological environment in which we will
work. As stated before, intracellular transport is the method by which cells can efficiently
move cargo between two points. This behavior is controlled with a high degree of spatial
and temporal specificity by a well-documented set of filaments, motor proteins, vesicles,

and signaling mechanisms (3,200-206).
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Intracellular transport is essential to a variety of fundamental cellular processes.
These functions include metabolism (207-209), protein synthesis (210-212), and
autophagy (213-215). Due to its functionality in such essential processes, modification of
intracellular transport can be disruptive. For example, a class of diseases, including Tay-
Sachs and Charcot-Marie-Tooth syndrome, has been identified as specific to failures
within normal transport functionality (4,5). Here we will introduce the components

required for intracellular transport for context for later experiments modulating it.

1.4.1 Cytoskeleton

The cytoskeleton of mammalian cells is made up of three primary groups of
filaments: microtubules, actin filaments, and intermediate filaments. Microtubules are
polymerized ~25 nm diameter, hollow filaments of a- and B-tubulin subunits that
assemble and disassemble spontaneously (216—219). This assembly requires GTP or ATP
(220-222). Microtubules are polarized and have a fast growing “plus end,” which
assembles outward from the microtubule organizing center (MTOC) toward the
periphery, and a stagnant “minus end,” which typically faces toward the nucleus and
MTOC (223-226). Microtubules can be stabilized by microtubule-associated proteins
(MAPSs), which decrease the frequency of disassembly (217,227—-229). Microtubules
serve as both structural and dynamic components in the cell. For example, microtubules
support the shape of the cell and constitute the spindle during cell division (222,230—
232). Most important to this dissertation is that microtubules host kinesins and dyneins,
motor proteins that facilitate most intracellular transport. This will be discussed in detail

in the next section.
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Much smaller than microtubules at ~7 nm diameter, actin filaments are relatively
flexible and help to regulate the dynamic cell membrane. Like microtubules, actin
filaments are polarized and assemble through the polymerization of actin monomers
(233-235). Actin is present in high abundance in the cytosol as globular (G)-actin, which
is not polymerized, but can spontaneously form filamentous (F)-actin (236-238). Again,
like microtubules, the formation of F-actin can be stabilized with a secondary protein,
profilin (233,239,240), which make polymerization more a selective process than a
random one. Actin filaments enable the cell to interact with its environment, including
cell migration and cell-cell interfacing. These functions are achieved with the actin
cortex, a shallow mesh of short actin filaments at the cell membrane (241-243). In
addition, the initiation of endocytosis is facilitated by restructuring of cortical actin (244—
249). Separately, actin stress fibers form to provide support across the cell, typically
forming at focal adhesions (250-253), although this is a requirement.

The varied demands of actin filaments naturally lead to striking visual
heterogeneity in actin organization with dense, shallow cortical actin networks at the cell
boundary and supportive, elongated stress fibers spanning the cell (234,235,254) (Fig. 1-
2B). Beyond all these applications, an important function of actin in the scope of this
dissertation is as a host for the myosin family of molecular motors, which facilitate
intracellular transport separate from microtubule-based motors discussed previously.
Myosins will be detailed in greater detail in the next section.

Finally, as their name suggests, intermediate filaments are intermediate in size
between actin filaments and microtubules, with ~10 nm filaments constructed via
polymerization of subunits (255-257) (Fig. 1-2C). Unlike with actin and microtubules,
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there are many distinct subtypes, including keratins, vimentins, and glial intermediate
filaments (258-260). The upregulation of vimentin in epithelial cells is a hallmark of the
epithelial to mesenchymal transition (261-264). Intermediate filaments perform critical
structural integrity tasks for the cell, including protecting the nucleus from distortion
(265-269). Further, disruption of intermediate filaments is associated with a plethora of
diseases (257,270,271). Importantly, unlike actin and microtubules, intermediate
filaments have no associated molecular motors, so they do not directly facilitate transport
in this way.

One final complication with the cytoskeleton is that even though Figure 1-2
presents each entity as a seemingly separate component, they are very interactive with
one another. For example, intermediate filaments can be transported as subunits or entire
filaments along microtubules (272—-274). Separately, intermediate filaments can serve as
structural templates and stabilizers for more transient microtubule networks (275-277).
This interplay is convoluted but points to the possibility that disruption of intermediate
filaments could drastically change intracellular transport even though there are no

intermediate filament-associated motor proteins.

Figure 1-2: Visualization of cytoskeletal filaments. A. Microtubules visualized with tubulin
tracker and nuclei with DAPI. B. Actin filaments visualized with fluorescent phalloidin and
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nuclei with DAPI. C. Vimentin intermediate filaments visualized with anti-vimentin
fluorescent antibody and nuclei with DAPI.

1.4.2 Molecular motors

The machinery that drives intracellular transport is a collection of molecular
motors, proteins that use ATP to induce a conformational “stepping” change and exert
forces on transported cargo (278-280). These motor proteins have affinity for specific
elements of the cytoskeleton. Kinesins and dyneins are associated with microtubules and
facilitate the majority of intracellular transport (281,282). Kinesins encompass more than
40 motor subtypes, but most widely studied is conventional kinesin, kinesin-1. Kinesin-1
moves at regular 8 nm steps and processes toward the plus end of the microtubule (283—
285). Dyneins facilitate the return trip toward the minus end of microtubules and unlike
Kinesins, there is only one form of cytoplasmic dynein in animal cells (286-289). The
speed of kinesins has been well-documented as 100-1500 nm/s, both in live cells and in
cytoskeletal model experiments (290-292). Dynein has a similar magnitude of speed
range (100-900 nm/s) to kinesin, but a larger step size (16-32 nm) (293,294)

The other motors of interest are in the myosin family, which is associated with
actin filaments (295-297). Like kinesins, myosins predominantly move toward the plus
end of actin filaments (298,299). There are a plethora of interesting members of the
myosin family, but myosin-V has been clearly implicated in the transport of vesicles and
organelles (201,300,301) and will be our focus. Myosin-V takes ~36 nm steps and moves
at a rate similar to the previously mentioned motors (400-800 nm/s) (302-304). | have
noted the conventional speeds for each of these motors because they provide a realistic

benchmark for transport we explore in Chapter 3 and Chapter 4. Beyond disrupting
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cytoskeletal structures associated with certain motors, we make no specific investigations

on motor identity.

1.4.3 Vesicles

To facilitate intracellular transport, discrete containers in the cytosol called
vesicles, are needed. These vesicles are membrane-bound organelles that perform a
dramatic variety of functions in the cell. As vesicular transport in the endocytic pathway
will be the primary focus of the presented results, a short overview of the involved
vesicles is warranted. Endocytic internalization of cargo typically occurs through
pinocytosis (305-307), phagocytosis (308-310), or coat-mediated endocytosis (311-317).
After internalization, the cargo is now contained within a vesicle and will travel along the
endocytic pathway. The primary vesicular components in the endocytic pathway are
recycling endosomes, early endosomes, and late endosomes (LEs)/lysosomes (318-320).

Recycling endosomes are predominantly responsible for shuttling surface receptors
back to the plasma membrane after internalization (321-323). Early endosomes are used
by the cell to accomplish sorting of a widely varying array of cargos for further
processing, degradation, recycling, or exocytosis (324-326). LEs/lysosomes fulfill these
aforementioned degradation and processing roles, and are commonly experimentally
distinguished from early endosomes through differing GTPases at their membranes
(141,327,328), a more acidic pH (329,330), and the presentation of the lysosome
associated membrane protein 1 (LAMP1) (331).

Differentiation between late endosomes and lysosomes remains challenging in live
cell experiments due to their overlap in known markers and functions (330,331), but pH

probes have been shown to be effective for this task (332). Within the cell, the
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localization of these various endocytic vesicles varies dramatically (333,334), thus, they
offer significant potential for exploration in disparate cellular environments. In the
following work, we focus on LEs/lysosomes for Chapter 3 and all endocytic vesicles in

Chapter 4.

1.5 Objectives and outline

This introduction has detailed current literature and limitations in the field of live cell
particle tracking. It is apparent that significant discoveries can be made through
microscopy and computational imaging strategies; however, accessibility and rigorous
quantitative analysis for remarkably transient biological behaviors. Our overall objective
was to address this problem through a novel particle tracking analysis framework.

Chapter 2 details an epidemiological study of CDC death record data, which
underscores the broader impacts of our experiments in lab. To contextualize organism-
level risks of nanomaterial exposures, we performed association analysis of diagnosed
conditions at time of death. We found that having a diagnosis of inhaled dust pulmonary
damage, termed pneumoconiosis, at death was associated with a significant increase in
the rates of chronic obstructive pulmonary disease (COPD), lung cancer, and pneumonia.
These risks were further exacerbated by the known covariate of smoking. This chapter is
adapted from my first-author publication in Occupational Medicine (335) and was
completed with co-authors Dr. Emily Rayens and Professor Rob Tighe.

Chapter 3 demonstrates the formulation and implementation of a new particle
tracking paradigm based on Bayesian change point segmentation and lysosomal motility
classification. A major challenge with much of the particle tracking literature is the use of

mean squared displacements, which intuitively, map the average squared displacement of
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an observed particle over time. These averages can become quite noisy and challenging
to fit, so conclusions drawn from them may suffer as a result. We show that a robust
inference of lysosomal motion can be made using Bayesian inference. With this particle
tracking strategy, we find that lysosome size has no effect on motility, while the location
of the observed lysosome within a cell dramatically influences the likelihood of motion.
This chapter is adapted from my first-author publication in Biophysical Journal (336)
with co-authors Professors Keisha Cook, Scott McKinley, and Christine Payne.

Chapter 4 presents new results based on the model development described in Chapter
3. After finding the regional disparity in motion frequency between lysosomes in the
periphery and those in the perinuclear, we attempt to identify regional differences within
the cell that could explain this disparity. We find that the density of the vesicles
themselves, nor the crowding of the cytosolic environment are the cause. Instead, we
identify an interesting new result: palmitate-induced disruption of the endoplasmic
reticulum dramatically decreases vesicle motility in the cell. This result points to
potential associations with diseases that are marked by abundant fatty acid content in
serum, such as obesity and type 2 diabetes mellitus. We also show that macromolecular
crowding does not affect measured motility and present interesting results on cytoskeletal
disruption for future work. This chapter is adapted from my first-author publication in
Biophysical Journal (142) with co-authors Professors Keisha Cook, Scott McKinley, and
Christine Payne.

Chapter 5 summarizes the presented results. Additionally, avenues for future work
based on both the developed particle tracking analytical techniques as well as the
discovered biophysical information are provided. Some additional experiments have been
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included in Appendix A. For example, we found that an alternative disruptor of the ER,
thapsigargin, caused an increase in motility without reducing cell viability. Additionally,
we demonstrate that using withaferin A to disrupt intermediate filaments results in a
dose-dependent decrease in motility despite there being no molecular motors associated
with intermediate filaments and no reduction to cell viability with these treatments.
These results are also contextualized in Chapter 5 as they may be of interest for future

experiments.
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2 Co-occurrence of pneumoconiosis with COPD, pneumonia
and lung cancer’

Pneumoconiosis is a well-documented occupational disease that is linked to
conditions such as chronic obstructive pulmonary disease (COPD), pneumonia and
congestive heart failure. Pneumoconiosis prevalence has decreased in the United States,
but it remains implicated in tens of thousands of deaths worldwide per year. We aim to
provide an update on the association of pneumoconiosis and smoking status with various
pulmonary diseases in the United States. We used the CDC’s National Vital Statistics
System to analyze death records for ICD-10 codes corresponding to pulmonary disease
and potential lung injury with a cohort of those aged 15 and older during the years 2010-
2019. The cases of evaluated diseases were scaled to rates per 100,000 and compared
through analysis of variance.

We found that pneumoconiosis and smoking history were each associated with an
increased rate of COPD, but combined, were associated with an even higher rate of
COPD than either factor alone. Smoking history was associated with an increased rate of
lung cancer, but pneumoconiosis status was only linked to increased lung cancer
prevalence in non-smokers. Both pneumoconiosis and smoking were associated with an
increased rate of pneumonia, but combined, had no deviation from the pneumonia rate in
those with pneumoconiosis alone. Finally, pneumoconiosis status was associated with

decreased rates of non-lung cancers and sepsis.

! This chapter is adapted from work that was originally published in Occupational Medicine (335) with co-authors Dr.
Emily Rayens and Professor Rob Tighe.
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Although pneumoconiosis has become less common in the United States through
regulatory and industrial shifts, it is still a significant risk factor for co-occurring
pulmonary diseases and will likely remain relevant as international demands for mining,

construction, and manufacturing change.

2.1 Introduction

Lung injury increases the risk of severe or fatal respiratory infections due to
resulting deficits in mucosal immunity (337). This is seen in respiratory diseases such as
chronic obstructive pulmonary disease (COPD) (338) and cystic fibrosis (339). More
recently, environmental exposures are of increasing concern with lung injury-related
diseases, broadly characterized by inhalation of small particles, resulting in inflammation
and tissue scarring. Principally, these exposure-based lung injuries are attributable to
personal and workplace environments such as smoking (340), poor air quality (341), and
debris inhalation (342).

Inhalation of dust debris, termed pneumoconiosis, is particularly insidious in that it
can induce pulmonary fibrosis and necrosis (343). Continued inhalation exposure
exacerbates these effects, which are often initially unnoticed, and often leads to decreased
lung function and premature death (344). Pneumoconiosis is a unique form of lung injury
in that it is almost exclusively associated with workplace exposure. Notably, asbestosis,
silicosis and Coal Worker’s Pneumoconiosis (CWP) have been well-documented as
workplace hazards by NIOSH, OSHA and clinical research teams. These concerns have
resulted in improvements in safety regulations and pneumoconiosis-related mortality in

the United States has declined in recent years (67). Still, there remain a significant
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number of cases resulting from workplace exposure, typically associated with the fields
of manufacturing, construction and mining.

Overall, pneumoconiosis has been linked with an augmented risk of other
infections or conditions including pneumonia, bronchitis, emphysema, COPD and
congestive heart failure (345-347) and is implicated in tens of thousands of deaths
worldwide per year (348). This underscores a need for the continued investigation of the
clinical relationships between pneumoconiosis and lung diseases in particular. Prior
research has demonstrated the co-occurrence of COPD with both smoking (349) and
pneumoconiosis (350), but other co-occurring health problems merit further
investigation. In this study, we explored the links between pneumonoconiosis and related
morbidities in the United States through mortality reporting made available by the CDC’s
National Vital Statistics System. This work further illustrates the risks of pneumoconiosis
and smoking, and may point to potential future challenges in research, manufacturing,

and commercialization of engineered materials and byproducts.

2.2 Methods

The National Vital Statistics System (NVSS) multiple-cause-of-death mortality
files (351) for 2010-19 were used for this analysis. We restricted our cohort to
individuals 15+ years of age, consistent with a recent report on trends in pneumoconiosis
deaths (67). The NVSS is inclusive of all reported death certificates in the United States,
is curated by the CDC for data cleaning and validation, and has been used widely for
analysis across a variety of fields (352,353). International Classification of Diseases, 10th
Revision (ICD-10) codes were used to classify patients with varying environmental

exposure-based potential lung injury diagnoses, other lung-related diagnoses, and
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selected additional diagnoses in any of the 20 available data fields for multiple causes of
death on a given individual’s death record in NVSS (Table 2-1). In this analysis, all listed
diagnoses on a death record are assumed to have contributed to death, even if not the
primary cause. We used the NVSS multiple causes of death entity axis codes (rather than
the record axis codes) because they directly reflect the death certificate without further
data processing.

Table 2-1: Relevant ICD-10 codes with average annual number of diagnoses 2010-2019

Condition ICD-10 Code Average annual number of
cases diagnosed per death
records, 2010-2019 Mean + SD
Lung disease diagnoses
COPD J41,J42, 343, J44 290,404.2 + 14,692.1
Pneumonia J12-J18 188.426.6 + 7,454.8
Lung Cancer C34 161,062.7 £ 5,782.6
Environmental lung injury
diagnoses
Pneumoconiosis J60-J66, J68 1,774.3£112.6
Coal J60 344.4 +39.4
Asbestos J61 1179.3 £ 81.0
Silica J62 95.6 +12.1
Unspecified J64 147.8 £18.0
Smoking F17 306,715.8 + 30,716.6
Fire and smoke exposure X00-X08 2,6159 +121.2
Poison (gas, vapor) XA47 895.8 + 104.2
Selected additional diagnoses
Non-lung cancers C00-C33, C35- 517,613.2 + 18,686.8
C97
Sepsis A40-A41 159.295.1 + 15,872.6

Most variables included are coded directly as described, including all the disease-
specific diagnoses. However, the NVSS for the years selected only includes the ICD-10

code for documented nicotine usage as a whole, rather than cigarette smoking
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specifically. Here, we refer to nicotine users as smokers throughout since cigarettes are
the most common nicotine product used in the United States. In particular, among 45-64-
year-old tobacco users, approximately 85% reported using a combustible product, most
frequently cigarettes (354). Finally, the terminology around the obstructive pulmonary
disease has evolved in recent years to include the more specific COPD manifestations of
emphysema and chronic bronchitis. In a recent systematic review (355), authors noted
that in over 90% of included studies, the ICD-9 or ICD-10 codes equivalent or equal to
J41-J44 were used to identify COPD. Thus, death was recorded as positive for broad,
combined COPD if the NVSS record had any of the ICD-10 codes for COPD,
emphysema, or chronic bronchitis (J41-J44).

Data analysis included descriptive statistics, with means and standard deviations of
yearly rates across the 10-year span. Where relevant, two-sample t-tests, or one- and two-
way analysis of variance (ANOVA) models were used to evaluate differences in
prevalence rates among diagnosis categories. Post hoc ANOVA comparisons were
accomplished using Dunnett’s test (for one-way ANOVA) and Tukey’s test (for two-way
modeling). NVSS data extraction was performed in MATLAB, version 2021a
(MathWorks, Natick, MA). All statistical analyses and figures were completed in

GraphPad Prism (GraphPad Software, La Jolla, CA).

2.3 Results

From 2010 to 2019, an average of 2,676,879 people in the US died annually per the
NVSS records. Consistent with the previous reporting by the Centers for Disease Control
(67), the majority of pneumoconiosis cases reported were in males (95%) and in those 55

years of age and older (97%), which underscores the occupational hazards and chronic
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exposure in this population. Within those with noted smoking history, the sex distribution
was more even (60% male), but this subgroup was still skewed toward people 55 years of
age and older (91%). Given their prevalence in the population as associated with lung
damage, the rates of three pulmonary conditions (COPD, pneumonia and lung cancer)
were evaluated within the context of pneumoconiosis and other exposure-based lung
injuries.
2.3.1 Pneumoconiosis is associated with increased prevalence of COPD

First, the relationship between the prevalence of COPD and sources of exposure-
based lung damage was examined (Figure 2-1A). As noted prior, the definition of COPD
used here is explicitly that an obstructive pulmonary disease was diagnosed at time of
death. No specific manifestations of COPD or physiological considerations were further
delineated from the dataset. Pneumoconiosis (PC) and smoking were associated with
higher prevalence of COPD compared with the general population baseline, which
included all cases that did not have any exposure-based potential lung injury recorded
(referred to as ‘Total’ in the figure). Fire and smoke damage was also associated with
increased rate of COPD compared to the total population and cases with exposure to

poison vapor or gas had significantly decreased prevalence of COPD.
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Figure 2-1: Relationship between COPD rate and various environmental exposure-based
sources of potential lung injury. A. Overall comparisons of COPD rate and environmental
exposure-based sources of potential lung injury, evaluated with one-way ANOVA with
Dunnett’s post hoc test. Pneumoconiosis, smoking history, and fire exposure were
associated with increased rate of COPD. B. Analysis of pneumoconiosis (PC) and smoking
in relation to COPD rate, performed via two-factor ANOVA, with Tukey post hoc test. PC
and smoking history were individually associated with increased rate of COPD, but those
with both diagnoses had a greater prevalence of COPD than either alone (*P < 0.05, **P <
0.01, ***P < 0.005 ****P < (0.0001).

We further explored the relationship of COPD with both pneumoconiosis and
smoking (Figure 1B), given the heavy overlap in the affected populations (356). For both
pneumoconiosis and smoking alone, there was a significant association with increased
prevalence of COPD. This aligns with previous research (70,357) and illustrates that both
pneumoconiosis and smoking have deleterious effects with respect to the incidence of
COPD. More interestingly, the combination of smoking and pneumoconiosis was
associated with a significant increase in the prevalence of COPD compared to either

diagnosis alone, suggesting potential synergy.

2.3.2 Pneumoconiosis is associated with increased lung cancer and pneumonia
rates
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In addition to COPD, pneumonia and lung cancer were evaluated for increased
prevalence among cases with an exposure-based lung injury diagnosis. We found that
pneumoconiosis and smoking were each linked to increased rates of lung cancer and
pneumonia (Figure 2-2). Smoking history was significantly associated with an increased
prevalence of lung cancer, regardless of pneumoconiosis status. Diagnosed
pneumoconiosis was significantly associated with increased prevalence of lung cancer
only among non-smokers. Notably, those with both a smoking history and a
pneumoconiosis diagnosis still exhibited a lung cancer diagnosis rate significantly higher
than the general population baseline, but this rate was lower than in smokers alone.
Finally, a pneumoconiosis diagnosis was associated with an increased prevalence of
pneumonia, regardless of smoking history. Interestingly, smoking history was associated
with a marginal increase in pneumonia rate in patients without a pneumoconiosis
diagnosis, but when combined with pneumoconiosis, had no deviation from the

pneumonia rate associated with pneumoconiosis alone.
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Figure 2-2: Relationships between additional lung diseases and potential lung injury
sources. Comparisons for A and C evaluated with one-way ANOVA with Dunnett’s post
hoc test. Analysis for B and D performed via two-factor ANOVA, with Tukey as post hoc.
A. Lung cancer rate. Pneumoconiosis (PC) and smoking were each significantly associated
with increased rate of lung cancer. B. Comparison of the relationship of smoking and PC
with respect to lung cancer rate. PC and smoking were both associated with increased rate
of lung cancer. Among smokers separately, PC was associated with decreased rate of lung
cancer. C. Pneumonia rate. PC and smoking were both associated with increased rate of
pneumonia. D. Comparison of relationship of smoking and PC with respect to pneumonia
prevalence. PC and smoking were both individually associated with increased rate of
pneumonia, but combined, had no significant deviation from PC alone (*P < 0.05, **P <
0.01, ***P < 0.005 ****P < (0.0001).

2.3.3 Inhaled dust sources in diagnosed pneumoconiosis lead to similar
outcomes

In the interest of identifying characteristic associations with respect to

pneumoconiosis sources and pulmonary diseases, the pneumoconiosis population was
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broken down by particulate exposure type across the investigated diseases (Figure 2-3).
Within COPD, coal dust was associated with a significantly higher prevalence than all
other sources, and asbestos was also associated with a marginally higher prevalence than
silica. Coal, ashestos and unspecified pneumoconiosis were all significantly associated
with a higher prevalence of lung cancer than silica. Finally, silica and unspecified
pneumoconiosis were both significantly associated with a higher prevalence of
pneumonia than asbestos. Overall, variations between these pneumoconiosis sources
were typically minimal and all sources retained association with a higher prevalence of
the analyzed diseases compared to the general population baseline, potentially indicating

similarities in outcomes, regardless of exposure source.
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Figure 2-3: Breakdown of pneumoconiosis (PC) particulate sources and pulmonary diseases

of interest. Analysis completed via one-way ANOVA with Tukey’s post hoc. A. COPD. Coal

dust was associated with increased rate of COPD compared with all other sources. Asbestos
separately showed a marginally significant increase in the prevalence of COPD compared

with silica. B. Lung cancer. Coal dust, asbestos and unspecified were significantly associated
with increased prevalence of lung cancer compared with silica. C. Pneumonia. Both silica

and unspecified PC were associated with increased rate of pneumonia compared with
asbestos (*P < 0.05, **P < 0.01, ***P < 0.005 ****P < (0.0001).
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2.3.4 Pneumoconiosis is associated with decreased non-lung cancer and sepsis
rates

Finally, selected other diseases were evaluated in relation to pneumoconiosis
status to determine whether the findings previously shown are specific to lung injury or

generalizable to other diagnoses. Comparisons of rates of non-lung cancers and sepsis in
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patients with and without pneumoconiosis were made using t-tests. Pneumoconiosis was
associated with a lower prevalence of both non-lung cancers and sepsis (Figure 2-

4A and B).
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Figure 2-4: Analysis of rates of other diseases in relation to pneumoconiosis status.
Analysis via two-sample t-tests. A. Analysis of non-lung cancers. There was a higher
rate of non-lung cancers among those without pneumoconiosis (**P < 0.01). B.
Prevalence of sepsis. There was a higher rate of sepsis among cases without
pneumoconiosis (**P < 0.01).

2.4 Discussion

This study provides a current review of pneumoconiosis and related health
consequences, using 10 recent years of death records from the NVSS mortality database.
As noted in the methods, we elected to use the entity axis codes because they directly
reflect each individual’s death certificate. However, in the interest of robustness, we also
evaluated the same data using the record axis codes (not shown), which undergoes further

processing to streamline inconsistencies and overlapping diagnoses, and noted similar
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counts and relative rates for all variables except pneumonia. We found that in patients
with unspecified pneumonia (the largest characterization of pneumonia in NVSS) and
COPD, the record axis processing resulted in a reclassified ICD-10 code for COPD with
an acute lower respiratory infection, removing the pneumonia code from that record.
Given how closely tied pneumoconiosis, smoking, COPD and pneumonia are, we believe
that using the unedited entity codes is more appropriate for this analysis.

Individuals with either pneumoconiosis or smoking history each had an increased
risk of COPD diagnoses at the time of death. Interestingly, the combination of smoking
history and pneumoconiosis was associated with increased COPD beyond either factor
alone suggesting synergistic effects. This is notable because patient populations
employed in manufacturing and mining are also much more likely to be smokers (356).
Further, it suggests that these individuals may be much more susceptible to chronic lung
disease with the combination of smoking and occupational dust exposure.

Individuals diagnosed with pneumoconiosis at time of death had increased
prevalence of both lung cancer and pneumonia compared with the general population
baseline, but decreased prevalence of lung cancer compared to smokers alone. Smoking
was found to be associated with increased rate of both lung cancer and pneumonia, but
was only linked to increased rate of pneumonia in patients who did not also have
pneumoconiosis. Finally, decreased prevalence of both non-lung cancers and sepsis with
pneumoconiosis diagnosis is interesting to this same point and may indicate a lifestyle
and personal variation in the relatively small affected population. Overall, this data
illustrates that the mortality outcomes associated with exposures to pneumoconiosis
sources and smoking likely have nuanced interactions with each other that are not
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explored directly here. Still, it is clear that pneumoconiosis and smoking both have
significant deleterious effects on respiratory health.

Although the individual sources of pneumoconiosis generally displayed analogous
an associations with examined pulmonary conditions, the lowered rate of lung cancer in
patients with silicosis, as compared to other sources of pneumoconiosis, is notable. Silica
dust exposure is a well-established risk factor for lung cancer (358); however, since this
data only records causes of death, we lose true incidence (for this particular association
and all others) and are subject to both small population variations and any potential
survivorship bias. Further, a case study (359) noted delayed diagnosis of adenocarcinoma
in a patient with acute silicosis as a result of visual confounders between the two diseases
and only gradual clinical deterioration with lung cancer onset. Still, even with these
considerations, the average rate of lung cancer in this data was higher in those with
silicosis than the total population, in general agreement with silica as a risk factor for
lung cancer.

This work reaffirms that pneumoconiosis is uniquely dangerous with respect to
varied lung infections and diseases through preventable workplace exposures, but also
exacerbates the risks associated with smoking. In particular, the recent report by Bell and
Mazurek (67) showed that age-adjusted pneumoconiosis deaths in the United States have
dropped from 12.8 to 5.3 per million population in the past two decades, indicating that
regulatory measures applied have been effective in mediating exposure. Still, future
increases in global pneumoconiosis prevalence remain possible through heightened coal
usage in China and India and the emergence of electronic cigarettes. Interestingly, a
recent study (360) showed that in a cohort of 675 Chinese miners, 33% of those
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diagnosed with pneumoconiosis were also diagnosed with COPD, lower than the fraction
shown in this data set (44%), potentially indicating undercounting, lifestyle and sample
variability, or the adoption of better safety protocols in recent decades. In short, although
the trends of pneumoconiosis in the US suggest a continued decline in exposure-related
deaths, new occupational and environmental exposures may present themselves through
worldwide industrialization and technological advancement. Therefore, prevention must
be active and broad to manage the particulate exposure-associated pulmonary disease.

As an example of new potential occupational exposure materials, nanoparticles and
nanomaterials have recently garnered increasing interest from the scientific and
commercial communities (39) for their unique structures and ability to be functionalized
for tasks such as drug delivery. Despite workplace safety standards already established by
regulatory agencies, inherent risks may persist for workers and consumers involved in the
manufacturing and use of these nanomaterials as production scales and novel synthesis
techniques are implemented. In this way, while classic’ pneumoconiosis diagnoses
resulting from coal, asbestos, and silica exposures are decreasing in the United States,
manufacturing of new nanomaterials could pose novel risks to manufacturers and
consumers.

Characterizing pathologies associated with specific nanoparticles is challenging due
to their inherent variety, but case studies and animal models have pointed to further risks.
For example, inhaled titanium gratings were shown to induce pneumoconiosis in a
metalworker (361) and print workers exposed to inhaled nanoparticles in powder toner
developed pneumoconiosis and related symptoms (362). In addition, dental technicians
showed decreased lung function compared to the general population baseline, suggested
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to be a result of exposure to fine particulate matter during the creation of prostheses
(363). It is difficult to project the direct outcomes of new nanoparticles and
manufacturing methods on public health given limited research and lack of population
surveillance in this area. However, the properties of nanoparticles coupled with these
specific case studies suggest the need for caution given the co-occurrence of
pneumoconiosis with other lung pathologies.

Our analysis has several limitations. Detailed patient history, including more
thorough reporting of smoking and general health, is not included in the source dataset.
This means that diseases not perceived to be related to death or undiagnosed altogether
may not be reported on the patient record. Further, the dataset recorded nicotine use
rather than a specific tobacco product, so there may have been a minority of nicotine
users who did not use combustible products included in the smoking group. In addition,
our definition of COPD is generic and extends over multiple physiological manifestations
of obstructive airway disease. We have no ability to meaningfully separate the specific
sources or presentations of COPD from this data, so there are likely to be more nuanced
interactions than can be explored in more detailed health record datasets. Finally,
pneumoconiosis can be challenging to diagnose, and if the principal cause of death is
perceived to be unrelated, may not have been included. In summary, the exposures of
interest may be under-reported in this population, but the disease outcomes (e.g. COPD,
lung cancer and pneumonia) are likely to be more accurately noted. This means that our
reported comparisons are likely to be more significant than shown.

Overall, the results are shown here support previous findings that lung diseases such
as COPD and pneumonia have a strong co-occurrence with pneumoconiosis,
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underscoring the risk of environmental exposure-based lung injury to broader lung health.
This study highlights the need for pneumoconiosis-specific safety considerations,
especially considering both the expansion of international mining operations as well as
new nanoparticle manufacturing innovations occurring despite limited safety data
available. Occupational pneumoconiosis is almost entirely preventable with proper
education and PPE, so it is incumbent on government agencies and companies to provide
these resources to their employees to ensure compliance with safety regulations. Any
additional developments in commercial uses of nanoparticles must be accompanied by

ongoing evaluation of worker and consumer safety prior to widespread applications.
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3 Transport of lysosomes decreases in the perinuclear region:
insights from changepoint analysis?

Lysosomes are membrane-bound organelles that serve as the endpoint for
endocytosis, phagocytosis, and autophagy, degrading the molecules, pathogens, and
organelles localized within them. These cellular functions require intracellular transport.
We use fluorescence microscopy to characterize the motion of lysosomes as a function of
intracellular region, peri- nuclear or periphery, and lysosome diameter. Single-particle
tracking data are complemented by changepoint identification and analysis of a
mathematical model for state switching. We first classify lysosomal motion as motile or
stationary. We then study how lysosome location and diameter affects the proportion of
time spent in each state and quantify the speed during motile periods. We find that the
proportion of time spent stationary is strongly region dependent, with significantly
decreased motility in the perinuclear region. Increased lysosome diameter only slightly
decreases speed. Overall, these results demonstrate the importance of decomposing
particle trajectories into qualitatively different behaviors before conducting population-
wide statis- tical analysis. Our results suggest that intracellular region is an important

factor to consider in studies of intracellular transport.

3.1 Introduction
Lysosomes are membrane-bound organelles responsible for processing endocytic
molecules, particles, and viruses; phagocytic destruction of pathogens; and the cellular

housekeeping of autophagy (1,364—-366). They are distributed throughout the cell, with

2 This chapter is adapted from work that was originally published in Biophysical Journal (336) with co-authors
Professors Keisha Cook, Scott McKinley, and Christine Payne.
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clustering in the perinuclear region (333,367). As essential intracellular transport
vesicles, there has been much work (368-371), including our own (24), examining the
relationship between lysosome function, transport, and diameter. In addition to the
fundamental knowledge gained by understanding the biophysics of intracellular transport,
there are also implications for human health. Lysosome diameter can be increased by
disease or exposure to nanoparticles (12,15,364,372). For example, cystinosis, a
lysosomal storage disorder that leads to kidney and eye damage, is associated with
enlarged lysosomes (12).

Lysosomal motion is a combination of adenosine triphosphate (ATP)-dependent
transport along microtubules and non-ATP-dependent motion, typically attributed to
either free or constrained diffusion within the cytosol (15,24,365,366,373). Transport
along microtubules is required for efficient processing of endocytic cargo, including
delivery of endocytic cargo from late endosomes (141,144,373,374). Diffusive motion
lacks the length scale necessary to transport lysosomes across a cell on a relevant
timescale. Our previous research examined the effect of lysosome diameter on
intracellular transport using fluorescence microscopy and single-particle tracking to
characterize the motion of individual lysosomes and mean-squared displacement (MSD)-
based analysis (24). This research showed that the slope of the ensemble MSD curve was
significantly decreased for larger lysosomes. The speed of unidirectional transport was
not affected by increased lysosome diameter.

In comparison with our previous study (24), the work described here is based on
trajectories recorded with a faster frame rate (20 vs. 3.3 Hz). As a result, distinct states
are more apparent, and we can develop a comprehensive mathematical analysis of
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lysosome transport using a changepoint detection algorithm (Fig. 3-1). The changes in
state can be seen more readily when the evolution of the x and y coordinates are plotted
with respect to time (Fig. 3-1, B and C; and a summary of the inferred path properties is
shown in Fig. 3-1 D). This procedure allows efficient analysis of large populations of
trajectories, which enables rigorous comparisons of path properties among different
groups. This provides a more detailed approach than methods that rely on comparison of
MSD slopes. After establishing a threshold for motile and stationary behavior, we can
compare the time spent in these different states, as well as the distribution of lysosome
speeds while motile. With these methods, we are able to show that the intracellular
region, perinuclear or periphery, of the lysosomes is an important factor to consider in the
study of intracellular transport. Although larger lysosomes have a slightly slower speed

of transport, this effect is small relative to the effect of intracellular region.
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Figure 3-1: Example of the changepoint analysis method applied to lysosomal motion. A.
Original trajectory (20 Hz). Green is the start of the trajectory and red is the end of the
trajectory. The corresponding time-lapse images and an analysis of localization uncertainty
are included in the supporting material (Fig. S2). B and C. The t-versus-x and t-versus-y
time series of the original trajectory. The dashed lines represent the changepoints. The
result of the segmentation procedure is overlaid in red. D. The estimated duration, speed,
and state of each segment in the trajectory. A segment is labeled motile if its estimated
speed is greater than 100 nm/s.
3.2 Materials and Methods
3.2.1 Cell culture, fluorescent labeling, and sucrose treatment
BS-C-1 monkey kidney epithelial cells (obtained from the Duke University Cell
Culture Facility) were cultured in Dulbecco’s modified Eagle medium (catalog no.
12100046; Thermo Fisher Scientific, Waltham, MA). A549 human lung epithelial cells
(obtained from the Duke University Cell Culture Facility), described in the Supporting

information, were cultured in F-12K medium (catalog no. N3520; Sigma-Aldrich, St.
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Louis, MO). Be- sides cell culture medium, all other conditions were identical for the two
cell lines. Culture media was supplemented with 10% fetal bovine serum (FBS; catalog
no. 10437028; Thermo Fisher Scientific), and cells were incubated at 37C and 5% carbon
dioxide. Cells were passaged with trypsin (catalog no. 25200072; Thermo Fisher
Scientific) every 2-3 days. For im- aging experiments, 35-mm optical dishes were used
(catalog no. 150682; Thermo Fisher Scientific).

For live-cell imaging and single-particle tracking, cells were transduced with
CellLight Lysosomes-green emerald fluorescent protein (BacMam 2.0, catalog no.
C10596; Thermo Fisher Scientific) to fluorescently label lysosomes. Transduction was
carried out according to the manufacturer’s instructions, with 7.5 mL found to be the
optimal volume. Immunofluorescence was used to label lysosomes for the measurement
of diameter and is described below.

Sucrose (50 mM, 24 h; catalog no. JTB-4072-01; J.T. Baker, Phillipsburg, NJ)

was used to selectively enlarge lysosomes as described previously (24,375-377).

3.2.2 Immunofluorescence

Immunofluorescence using a Cy3-lysosome associated membrane protein 1
(LAMP1) antibody (catalog no. ab67283; Abcam, Cambridge, UK) was used to label
lysosomes for measurement of diameter. Cells were fixed with 4% paraformaldehyde
(catalog no. 15710; Electron Microscopy Services, Hatfield, PA) in phosphate-buffered
saline (PBS; catalog no. 21300-025; Thermo Fisher Scientific) for 10 min at room
temperature. The cells were then washed with PBS and permeabilized (10% FBS, 0.3%
bovine serum albumin [catalog no. A2153; Sigma-Aldrich], 0.00005% Triton-X 100

[catalog no. T8787; Sigma-Aldrich]) in PBS for 3-5 min at room temperature. Cells were
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washed with PBS and blocked (10% FBS, 0.3% body surface area in PBS) for 1 h at 4C.
After 1 h, the blocking buffer was removed and replaced with fresh blocking buffer and
the Cy3-LAMP1 antibody (1:750). The cells were stained for 3—18 h at 4C and washed
with PBS. 40 ,6-Diamidino-2-phenylindole (DAPI) was used as a nuclear stain (catalog
no. 10236276001; Sigma-Aldrich; 50 mM in PBS, 4C for 30 min).

Immunofluorescence images were recorded with an inverted microscope (1X-71;
Olympus, Tokyo, Japan) using a 1.20 N.A., 60, water-immersion objective (UPlanSApo
60/1.20w; Olympus) with TRITC (Cy3-LAMP) and DAPI filter cubes and an electron-
multiplying charge-coupled device cam- era (DU-888E; Andor, Belfast, United
Kingdom). To minimize selection bias for lysosome diameter measurements, a grid of
750-mm2 squares was overlaid on each image using ImageJ (378). The lysosome closest
to the left of each square was selected (the lower in the event of two left-aligned

lysosomes) for analysis and measured along its long axis using the line tool in ImageJ.

3.2.3 Live-cell imaging and single-particle tracking

Live-cell imaging and single-particle tracking were used to observe and
characterize lysosome motion. Live-cell imaging was carried out using a spinning disk
confocal microscope (1X-81 [Olympus], CSU-X1 confocal scanning unit [Yokogawa,
Tokyo, Japan], iXon X3 camera [Andor], and MetaMorph version 7.8.2.0 software
[Molecular Devices, San Jose, CA]). Images were collected using the green fluorescent
protein excitation filter, with the stream function (MetaMorph) used to control exposure
time, field- of-view area, and gain for the desired frame rate. These thin (~5 mm)
epithelial cells, combined with confocal microscopy, provide a two-dimensional

framework and are considered isotropic for particle tracking (379). Motion in the z
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dimension would be observed as the loss of a particle during tracking as it moves out of
the focal volume. This was not observed in the trajectories.

Time-lapse images were exported to FIJI (version 2.0.0-rc-69./ 1.52p), noise was
removed with the despeckling filter, and the TrackMate macro was used to track
lysosomes (380). A comparison of raw and despeckled images confirmed that the
despeckling filter did not affect analysis (Fig. 3-5). To minimize bias, a random number
generator was used to select 40 trajectories from each observed cell. Handling of tracker
error is described below (Preparation of the data). For each accepted trajectory, lysosome
diameter was measured along the long axis using the line tool. These diameter
measurements were used to define ‘‘large’” and ‘‘small’’ lysosomes for comparison of
speeds during motile transport. The perinuclear region was defined by identifying the
nucleus in the fluorescence microscopy images and defining a border between the

densely packed lysosomes and the sparser population in the periphery.

3.2.4 Preparation of the data

Particle-tracking software regularly makes errors, and all trajectories were
confirmed manually. Trajectories with unphysical motion, switching to a different
particle, or loss of a tracked particle for greater than five consecutive frames were not
used for further analysis. Less obvious tracker errors, such as the software switching
briefly to a different trajectory or temporarily switching to a high-intensity pixel that does
not correspond to a physical object, were removed and replaced using the following
procedure. First, because the first or last steps of reported trajectories were so commonly

tracker errors, we removed them from all trajectories. Next, we fit a smooth spline to the
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t-versus-x and t-versus-y components of the lysosome trajectory (R command
smooth.spline with 10 degrees of freedom) to set a baseline for comparison.

At each time point, t,,, we computed the distance between the reported particle
location and the smooth spline projection. A point was labeled an outlier if its distance
was greater than the 75th percentile by a factor of 2.5 times the interquartile range. An
example of this labeling technique to identify outliers has been described previously
(381), but with multiplicative factor 1.5 instead of 2.5. We made the adjustment to
account for variation in the accuracy of the spline. If the first or last point of a trajectory
(the second or second to last point in the original trajectory) was considered an outlier,
we removed it. Otherwise, we replaced the outlier by selecting a position that was
normally distributed with a mean located at the spline location associated with the
appropriate time and a standard deviation estimated from a subset of typical paths. There
were also occasional missing data points. We used the same process to generate artificial

data points when observations were not evenly spaced in time.

3.3 Mathematical models

Numerous methods are available for analyzing particle trajectories and identifying
underlying biophysical states, and a number of tools have been developed for studying
the MSD of trajectories in particular (see Monnier et al. (195) for one example and
Manzo and Garcia-Parajo (181) for a review). However, MSD calculations average over
an entire path (or over multiple paths) and short-lived changes of state can be missed.
Therefore, some more recent methods have been developed to identify changes of state

within individual particle trajectories. Some focus on discovering changes in diffusivity
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(194,198), while others are focused on discrete-step transitions (382), changes in velocity
(383,384), or changes in velocity or diffusivity (385).

On the basis of an analysis conducted by Jensen et al. (384), we selected the bcp
algorithm, implemented in R, to partition the paths into segments (see below for further
discussion). Once a segmentation was selected for a given path, we modeled the data as
piecewise-linear plus stationary noise. Suppose that a lysosome is observed at times
{t;}1-,, and the observed locations are @ = {(x;,y;)}=,. (Vectors in this work are
marked like so x or in bold font.) To analyze the trajectories, we assume that they are
composed of a sequence of segments in which motion is essentially linear with constant
speed but subject to stationary fluctuations that arise from a combination of measurement
error and Brownian diffusion while constrained within the cell.

In terms of notation, we introduce the following. For each path, there is a finite set
of K changepoints, ¢ = (¢4, ..., ¢, ). When necessary, we will adopt the convention ¢, =
0 and cx = T, where T is the final time of observation. Associated with each segment is a
velocity vector, and we write this set of velocities {(vy, u,)}XZ1. When referring to an

entire observed lysosome trajectory, we write ¢; when referring to the piecewise-linear

approximation that we derive for it, we write @".

3.3.1 Model for lysosome observations

We treat the lysosome observations as being Gaussian fluctuations around a

sequence of unobserved anchor locations, which are denoted {(a;, b;)}i-,. We write:

X = a;+ \/Efi(x)i yi= b+ \/ng(y) (4)
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Here, {(ei(x), el.(y))}?=1 is a sequence of independent and identically distributed two-
dimensional standard normal random variables with noise magnitude g that is the
confluence of physical fluctuations, imprecision in the anchor location, nonlinear
microtubules, and experimental error. Because we will not be studying any of these
effects, we will not attempt to separate them properly in the model. As discussed before,
we model the anchor trajectories as being piecewise-linear. Using the notation introduced
in the previous section, within each segment of constant velocity we have:

a; = v(t; — texk—1) + Ack—s )
where k € {1,2,...,K + 1} is the index of the segment, and i € {c,_; + 1, ..., ¢ }. From
this approximation we infer quantities such as segment duration and velocity and
construct empirical speed distributions to capture heterogeneous behavior among

trajectories for a given population.

3.3.2 Model for transport states and state switching

Our analysis makes no assumptions concerning the specific biological interactions
of the lysosome. In comparison, previous mathematical models of transport have
involved varying degrees of detail in delineating distinct biophysical states. For example,
classic tug-of-war models have been expressed in terms of the number of anterograde and
retro- grade motors that are simultaneously engaged with the cargo and the microtubule
(386-388). Switching rates were defined in terms of the distribution of force among the
motors. Other models have been expressed in terms of a finite number of distinct
transport speeds, with switching rates that are more phenomenological (389-392). The
choice of what type of model to use and what kind of inference to implement depends on

the granularity of the data and what is necessary to address the scientific questions of
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interest. As described in detail in Results and discussion, we do not observe
multimodality in the speed distribution. It follows that a finite-set-of-speeds model, such
as a hidden Markov model, is inappropriate for this dataset.

Although the underlying motor dynamics, cytoskeleton, and cytosolic crowding
are not known, we do find it useful to introduce a post hoc decomposition of the path
segments into two descriptive ‘‘states’’: motile and stationary. What is important from a
methods perspective is that the classification is entirely descriptive: when we conduct
inference on change- points and associated speeds, we do not make a simultaneous or
conditioned inference on motor state. Motile refers to the spectrum of biophysical states
that result in an average speed of more than 100 nm/s, as inferred by the changepoint
algorithm. The remaining segments are labeled stationary. We emphasize that these
segments are not stationary in the mathematical sense that the distribution of the
lysosomes within the state is invariant over time. We use the term in its colloquial sense
that the lysosomes are not moving very much (Fig. 3-7).

With these caveats in mind, we write the sequence of states as a discrete
stochastic process {/, }X*1. For all k, J, takes its values either as 0 (stationary) or 1
(motile). We model J as a Markov chain with fixed transition probabilities:

Stationary — Motile: P(J, =1|J,=0)=p
Stationary — Stationary: P(J, =0/, =0)=1—-p
Motile — Stationary: P(J, =0/ =1) =q
Motile - Motile: P(J, = 1|, =1)=1—¢q
In an abuse of notation, when we want to emphasize the state as a function of

time, we will write the state-switching process as {J (t)}xo. Consistent with the usual
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assumptions for continuous- time Markov chains (CTMCs), we assume that the random
durations of segments are exponentially distributed with different rate parameters for the
two different states (Fig. 3-2):
Duration of Motile segments: t;, ~ Exp(W)
Duration of Stationary segments: o, ~ Exp(4)

In a typical CTMC, it is required that the system change from one state to the
other when a segment ends. In this dataset, though, it is common to switch from one kind
of motile state to another. For example, molecular motors transporting a lysosome might
switch from one microtubule to another. This appears to occur in the trajectory displayed
in Fig. 3-8. This would register as a change in velocity (though the speed along the
microtubules might be the and the changepoint algorithm will identify this as a change.
We record this as a motile — motile transition. Similarly, subtle changes in direction
while stationary can be inferred as a stationary — stationary transition (Fig. 3-9). This
deviation from the usual assumptions for CTMCs will play an important role in the
analysis that follows. In Fig. 3-2, we display a plausible sequence of states with

associated state durations.

M S MM, S (| M M
| | Ull 1 | 72 | 02 | | |
t;O t;T
Start observing Stop observing

Figure 3-2: Sketch of a hypothetical sequence of states for a lysosome trajectory. Note that
the beginning and ending segments are only partially observed. A mathematical model is
required to estimate the average duration of stationary and motile segments, and the
proportion of time spent in each state.
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3.4 Mathematical analysis and statistical methods

3.4.1 Velocity estimation for individual segments

Once a trajectory was segmented, we estimated each segment’s velocity and
starting location using orthogonal least-squares regression and maximum likelihood
estimation (MLE). Suppose that we have position observations {(x;,y1), ..., (X, y,,) } at
times {t,, ..., t, } that are associated with a constant velocity state. Let (u, v) denote the
velocity vector and let (a, b) denote the initial location of the unobserved anchor. Then

the likelihood associated with the model defined in Egs. 6 and 7 is:

L(x,y,t;wv,ab,pB) (6)

=ﬁ —exp (—55 10— (a+ut)?)
-1 V2B 2 l

+ 0= B+ vl

We use standard regression notation,

1 _ 1 7
n ] n ]
Sxx = lez, Syt = zxiti i S = ztlz

L L L

With analogous definitions for y, S,,,,, and S,,,. For a given parameter set, the residual

yl
sum of squares (RSS) is written:

Lo C (8)
RSS(x,y,t;u,v,a,b) := Z[(xl- — (a+ut))*+ (y;— (b +vt))?]

=1

As such, the log likelihood can be written:
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I n 1 R
2(x,y,t;uv,a,b,pB) = —Eln(Zn,B) - ﬁRSS(x, y,t;u,v,a,b). )
The resulting MLEs are:
Stt - nfz
. XSy — Sy
u - Stt - Tltz
§ = L RSS(35,%; 0.9,45
ﬁ - % (xIYI , u,v,aq, )

where © and b are defined analogously with i and @, and we emphasize that the RSS
function is evaluated using the MLEs for the other parameters. The linear approximation
for a segment is then written:

551' = ﬁiti +a (11)

~N

The speed of the associated segment is §; := [0 + D7,

3.4.2 Piecewise-linear approximations for lysosome trajectories

As a result of the survey conducted by Jensen et al. (384), we selected a Bayesian
method, bcp, which is based on work by Barry and Hartigan (393) and has been
implemented in the programming language R by Erdman and Emerson (394). We applied
the algorithm to the increments of a nine-step moving average (using rollmean in R). The
bcp algorithm assumes a product partition model for the data it is applied to. In this
model, the path is partitioned into segments, there is a baseline mean that is inferred, and

the mean value of each segment is assumed to be independent of the means in the other
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segments. The variance of the segment means about the baseline is inversely proportional
to the length of the segment. Within each segment, the data points are assumed to be
independent and identically distributed. It is assumed that the variance of the steps is
constant throughout the whole trajectory. There are examples of paths that appear to have
changes in variance, but variation did not appear to be large enough to affect performance
(Fig 3-10).

To run the algorithm, there are three hyperparameters (parameters set by the
practitioner that inform the Bayesian prior distribution but are not themselves inferred;
see Robert (395) for a detailed discussion) that must be specified: the assumed rate at
which changes occur, v; the probability that any given step is a changepoint (assuming an
exponential distribution for the segment durations, this is p, = 1 — e~"2%); and a weight
parameter w,, which we set to 0.01, that guides the allowable variation in inferred
segment means (393).

Because it is a Bayesian method, the bcp algorithm produces Markov-chain
Monte Carlo samples approximately from the posterior distribution of the changepoint
vector. For each path, we produced 2,500 samples and discarded the first 1,000 as a
“burn-in” set. From among the remaining 1,500, we selected one “representative”
changepoint vector for the path to then use to study the speed distribution and state-
switching properties. To select a path’s representative changepoint vector, we computed
the distribution of the number of changepoints among the path’s posterior samples and
identified the mode of that distribution. From among all posterior changepoint vectors
that had the same number of changepoints as the mode, we took a random subsample. For

each changepoint vector in the subsample, we constructed a piecewise-linear

55



approximation of the path (as described in the previous subsection) and computed its L,
distance from the original path. By L, distance, we mean for two paths observed at times
{ti}iq,

IIf = glIZ, == T4 1f (&) — g(t)] 2. (12)
Among the changepoint vectors in the subsample, we identified the one whose piecewise-
linear approximation was closest to the original path in terms of L, distance and chose
this as the representative @ of the path ¢. This method effectively uses the Markov-chain
Monte Carlo sampling from the posterior distribution defined by bcp to identify a
representative changepoint vector that has likelihood close to the maximum under the
piecewise-linear-with-Gaussian-fluctuations model described above. In Fig. 3-11, we

provide a scatterplot that shows the relationship between speeds from one segment to the

next.

3.4.3 Parameter estimation for state-switching model

Given a set of piecewise-linear path approximations, we used a Bayesian
approach to estimate the parameters of the state-switching model {J, }, cx. To proceed
with estimating the parameter set 8 = (4, u, p, @) given a set of piecewise- linear
approximations for N trajectories, {§,,}~_,, we articulated the likelihood function
L(6; {9,}) and the prior distributions m, 7, ,, and , of the parameters, which
together form the total prior distribution (@) = m,m,m,m,. The posterior distribution is

then given by the Bayes formulation:

(8 | {@n) = L(B; (@,)7(0) (13)
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where = means “equal up to a constant that does not depend on 6.” The likelihood
function that we used is derived in the Appendix. For the priors, we chose invariant
Jeffreys priors, which are improper distributions (they do not integrate to one), but they
yield proper posterior distributions and the associated estimators here are unbiased (see
Robert (395) for one introduction on the topic).
In the supporting data (3.6.1), we show that the posterior distributions for the
model parameters are independent and have the form:
Mg~ Gamma(ng,0), plg~ Gamma(ny, 1), (14)
pla~ Beta(ngy,nss),  qlg~ Beta(nys, nyy)
where o and 7 are the total times that the lysosomes spent in the stationary and motile
states; ng and n,, are the number of stationary and motile states in the collections of
piecewise-linear approximations {@, }; and ng,, ngs, nys, and n,,,, are the number of
switches in the observed types (e.g., ng,, is the number of stationary to motile switches).
The means of these distributions give reasonable point estimates for each of the
associated parameters. For the switch rates, the posterior-mean point estimates are 1 =
ng/o (number of stationary states divided by the total time spent stationary) and j =
ny /. For the switch probabilities, the posterior-mean point estimates for stationary to
motile and motile to stationary are p = ngy/(ngy + ngs) and § = nys/(Mys + Nym),

respectively.

3.4.4 Bayesian uncertainty quantification for trajectory properties

We can use the posterior distributions for the parameters and the mathematical model

to estimate (with quantified uncertainty) various properties of lysosome trajectories. In
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particular, we will derive an estimate for the proportion of time spent in the motile state
(to show consistency with a direct estimation method described in Results and
discussion) and will estimate the model prediction for the duration of motile and
stationary periods. In each case, the uncertainty quantification (UQ) method proceeds as
follows:

1. We analyze the model to determine its prediction for the quantity of interest given
a set of parameters (4, u, p, q).

2. We draw 2,000 samples from the posterior distributions of the parameters given
in (371).

3. For each parameter sample, we compute the associated model prediction for the
quantity of interest. We call this set of predictions the quantity’s posterior UQ
distribution.

4. Our point estimate for the quantity of interest is the mean of the posterior UQ
distribution.

5. The 95% credible region for the quantity of interest is the range of posterior UQ
distribution values that fall between the 2.5th and 97.5th percentiles.

If the posterior UQ distribution is approximately symmetric, then we report these
values in the form of the mean plus or minus half the width of the credible region. In the
two following subsections we describe our model’s predictions for proportion of time in
the motile state and the average duration of motile/stationary periods, which are used in

step 1 of the UQ method.
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3.4.4.1 Prediction of asymptotic proportion of time spent in motile state

Recall that in our state-switching model, the process {J(t)}; >, takes the value 1 if
the lysosome is in a motile segment at time t and O otherwise. The long-term proportion
of time in the motile state, denoted «.,, can then be written:

1 (T (15)
Ay = lim = t)dt.
im 2| J©

The quantity Ap serves as the effective rate of transition from stationary to motile; A is
the rate at which a stationary segment ends and is multiplied by the probability p that a
switch occurs. Similarly, uq is an effective switch rate from motile to stationary. As a
two-state system, the long- term probability of being in the motile state is:

Ap (16)

oA, u,0,q) = pr——

A mathematically rigorous derivation of this calculation can be accomplished

through use of the renewal-reward theorem (396).

3.4.4.2 Model prediction for length of motile/stationary periods

The model described above assumes that path segments have durations that are
exponentially distributed in time (rate parameter A for stationary segments and u for
motile segments). Then when a segment is complete, there is a probability transition
matrix to determine what the next state will be. The transition probabilities are denoted p
for stationary — motile, 1 — p for stationary — stationary, q for motile — stationary, and
1 — g for motile — motile. In this way, the model allows motile — motile transitions in
which a lysosome either changes speeds (say, from 200 to 500 nm/s) or changes

direction.
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In our model, each switch is considered to be an independent event. When there
are consecutive motile (respectively, stationary) segments, we call the union of these
segments motile (stationary) periods. Suppose that the initial state is motile, and let N be
the number of consecutive motile states, including the initial state. The switches can be
viewed as a sequence of independent weighted coin flips in which the ‘‘success
probability’’ is g, the probability of switching from maotile to stationary and ending the
motile period. As such, the expected length of a motile period can be computed using
Wald’s equation. Recalling that the lengths of motile segments are denoted t;, each with
mean 1/, the expected length of a motile period is:

N
1
E (Z ri) = EMWE) = -

i=1

(17)

Similarly, the expected length of a stationary period in the model is 1/Ap .

3.4.5 Bootstrap method for comparing speed distributions

For a given dataset & := {&;}I_,, its empirical distribution (ecdf) is the function:

1w (18)
F(x; ¢) = N; Lig <y

That is, for any value x, it is the fraction of the dataset that is less than x. In comparing
probability distributions based on finite samples, the ecdf is a more stable mathematical
object than a histogram or kernel density estimator. The classical Kolmogorov-Smirnov
test, which can be used to test the null hypothesis that a dataset is drawn from a given
probability distribution, uses the ecdf of the data and defines its distance to the true
distribution by taking the maximum over all absolute differences between the ecdf and

the theoretical cumulative distribution. For our application, there is no theoretical
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distribution for the motile state lysosome speeds. Nevertheless, we would like to test
whether the two distributions may have come from the same distribution. We used the
following bootstrapping approach.

First, we define a distance between the ecdfs of two different samples
§ = {&Hland ¢ = {GHE,:
DED)= sw |F(x: )~ Fex; Dl )
<X oo

The question of interest is whether a given distance is statistically significantly large. In
our application, the comparison of ecdfs is further complicated by the fact that our
datasets have different sample sizes. To account for both sources of noise—intrinsic
randomness in each dataset and extrinsic randomness due to differences in sample size—
we constructed a bootstrap distribution of ecdfs for the larger of the datasets in which
each bootstrap sample has the size of the smaller dataset. That is to say, suppose that the
size of & is N and the size of ¢ is M<N. Then we create a bootstrap sample (we denote the
jth subsample U2 from & by taking M independent draws from its members with
replacement after each draw).

We created 10,000 such bootstrap samples and for each recorded the distance:

D; := D(§, D). (20)

To construct a 95% confidence interval for M-sized subsamples from the N-sized dataset,

&, we extracted the 95th percentile value from the bootstrapped set of D statistics,

{Dj}]], _y If the distance between the two observed datasets D (&, {) is greater than the 95th

percentile of bootstrapped D statistics, then we say there is sufficient evidence to reject
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the null hypothesis that the two datasets were drawn from the same probability

distribution.

3.5 Results and Discussion
3.5.1 Path-by-path analysis of lysosomal motion shows switching behavior

Lysosomes were fluorescently labeled with LAMP1-emerald green fluorescent
protein to track their intracellular motion. This fluorescently labeled protein is expressed
on the outer membrane of the lysosome. Images were recorded at a frame rate of 20 Hz
over 30s durations. This frame rate allowed us to observe individual periods of motile
transport, roughly linear segments in which the lysosome traveled at a near constant
speed, and stationary motion, with lysosomes fluctuating in a restricted region over long
segments of time. This confined motion could be due to the lysosome’s being tethered to
a microtubule or endoplasmic reticulum or local crowding in the cytoplasm. In Materials
and methods, we described our approach to partitioning individual lysosome paths into
segments of constant velocity and estimating the speed within each segment (Fig. 3-1, as
described in the Introduction, and see also Figs. 3-7 to 3-10 for more examples.).

Often, in many mathematical models of molecular-motor-based transport it is
assumed that there are a finite number of distinct biophysical states, each with an
associated characteristic velocity (386—389). The present analysis did not include
direction of lysosome transport, and we did not observe multimodality in the speed
distribution. Rather, we observed a smoothly spread-out distribution of speeds and
segment durations (Fig. 3-12). These plots show many short, fast-moving segments;
many long, slow-moving segments; and many short, slow-moving segments. (Long, fast-

moving segments are not observed in these 30s trajectories.) In light of this observation,
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we adopted a phenomenological two-state labeling scheme. Lysosomes are considered
motile if the estimated speed in a segment is 100 nm/s or greater and stationary
otherwise. We are forced to establish a strictly positive threshold because, within each
segment, there is always some displacement and the speed estimation method always
returns positive values. For example, in Fig. 3-1, the initial segment is considered
stationary, but it is clear that there is some fluctuating movement in both the positive-x
and positive-y directions. This movement could be due to diffusion of the lysosome while
it is not attached to a microtubule or, if the lysosome is bound, by diffusional motion of
the microtubule. Similar fluctuations underlying in stationary segments can be seen in
Fig. 3-10 as well.

The particular choice we made follows from the scatterplots of segment duration
versus speed (Fig. 3-12; very few long, slow paths had an inferred speed greater than 100
nm/s) and from a numerical experiment that is described in the Supporting material and
summarized in Fig. 3-13. To test for robustness, we also ran our analysis using 50 and
200 nm/s as the motile/stationary threshold. For example, in Fig. 3-9, we display a path
with a segment that has an inferred speed of 75 nm/s. It is stationary in our primary
analysis, but could reasonably be considered slow and motile. As expected, changing the
threshold modifies the estimated proportion of time spent motile, but the important

qualitative conclusions concerning regional differences remained true (Table 3-4).

3.5.2 Lysosomes in the perinuclear region spend less time in motile segments

Fluorescence microscopy images of lysosomes in cells lead to two immediate
impressions. First, lysosomes are more concentrated in the perinuclear region and

dispersed throughout the periphery. Second, as noted above, intracellular motion is varied
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with periods of unidirectional transport and a range of speeds. In comparing transport
properties as a function of intracellular region, we found that lysosomes in the perinuclear
region spent less time in motile transport. We used two methods to establish this
conclusion. The first was a straightforward statistical comparison in which we computed
the proportion of time spent motile within each path and pooled these values to estimate
the average proportion within each experimental population. We quantified the
uncertainty using standard normal error. Using this method, we found that lysosomes in
the perinuclear region spent 5.3% + 1.5% of their time motile, while those in the

periphery were 14.2% * 1.8% motile (Table 3-1).
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Table 3-1: Values estimated from lysosome tracking

. . Average Average
Motile Motile ) g _g
Group n ) . stationary motile

proportion  proportion i .

period period

M S Direct Model Model Model
estimate estimate estimate estimate

Control cells 209 347

.053 +.015 .059 725s 459s
Perinuclear (.044,.080) (58.3,90.1) (3.60,5.76)
Control cells 1,268 947

142 +.018 130 36.4s 5.46s
Periphery (.116, .148) (32.9,40.2) (4.95,6.04)
SUCTOSE: 990 7751 139+.020 136 34.9's 5.51

treated cells
Periphery,
small (.118,.157) (31.3,39.0) (4.90,6.17)
lysosomes
SUCTOSE- s 565 121+.021 116 3565 4.67s
treated cells
Periphery,
large (.099, .136) (31.4,40.1) (4.09,5.32)
lysosomes
The samples sizes (n) are the number of motile (M) and stationary (S) segments

from each group. Proportion of time spent motile (‘‘Motile proportion’’) and
average duration of stationary and motile periods (‘‘Average period’’) are defined
in Mathematical analysis and statistical methods. ‘‘Direct estimate’’” was computed
by calculating the proportion of time spent motile on a path-by-path basis and
averaging over all paths. ‘“Model estimates’’ were derived using our state-switching
model, which is described in Parameter estimation for state-switching model. Un-
certainty for these quantities is expressed in terms of Bayesian 95% credible
regions, provided in parentheses below each estimate. We consider a difference to be
significant if the credible regions associated with the two samples do not overlap.
Boldface values are significantly different from comparison groups. Results
comparing perinuclear and peripheral transport in human lung cells (A549) (Table
3-6) and in sucrose-treated BS-C-1 cells (Table 3-8) were similar.
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Although the path-by-path assessment of the proportion of time spent motile can
detect significant differences among groups, it does not provide insight about which
aspects of transport are most responsible for the change. For this purpose, it is natural to
try to estimate the average duration of motile or stationary segments, but the shortness of
the observation window causes a problem. Consider the path in Fig. 3-1, for example. We
completely observe a motile segment in the middle of the trajectory, but the two
stationary segments are only partially observed. For the first segment, we do not know
how long it was stationary before the observation window began. Similarly, the
observation window ends during the final stationary segment, but we do not know how
long it continues thereafter.

To address this problem of truncated segment durations, we built a two-state
Markov-chain model for the state- switching dynamics of lysosomes along with an
associated Bayesian inference analysis to infer model parameters. We then use the
posterior distributions of the model parameters to quantify uncertainty for different model
predictions, which then allows us to make statements about statistically significant
differences.

First, to demonstrate consistency with the path-by-path estimation approach, we
report on the model’s estimation for the proportion of time spent motile. In the
perinuclear region, motile state percentage was 5.9% (95% credible region [CR]: [4.4%,
8.0%]), while in the periphery the motile percentage was found to be 13.0% (95% CR:
[11.6%, 14.8%]). To understand what accounts for this difference in percentage of time
spent motile, we used the model to estimate the average duration of periods of motile
transport (defined in Materials and methods) versus periods of stationary transport. While
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the average length of motile periods were not significantly different in the two regions,
the average length of stationary periods changed by a factor of two. We found that
average stationary period of perinuclear-localized lysosomes was 72.5 s (95% CR: [58.3
s, 90.1 s]), while in the periphery the value is 36.4 s (95% CR: [32.9 s, 40.2 s]). Because
the credible regions are not overlapping, we consider the difference to be statistically
significant.

Table 3-1 also reports these quantities for lysosomes in the periphery of the
sucrose-treated cells, described below, and we find similar results as those in the
periphery of the untreated control cells. In the Supporting material we provide estimates
and credible regions for the parameters of our Markov-chain model for state switching
(Table 3-5). We also include state-duration estimates (Table 3-6) and associated model
parameter estimates (Table 3-7) for lysosome trajectories in human lung cells (A549).
Model parameter estimations and state-duration estimates for a regional comparison in
sucrose-treated BS-C-1 cells can be found in Tables 3-5 and 3-8, respectively.

The piecewise-linear approximations of the paths also provide a tool for
guantifying movement while the lysosomes are motile. For each study group, we pooled
all estimated segment speeds larger than 100 nm/s and conducted a bootstrap bias-
corrected and accelerated comparison of samples means. We found that lysosomes in the
perinuclear region had an average motile-state speed of 449 nm/s (95% CI: [407 mm/s,
498 nm/ s]), while lysosomes in the periphery had an average motile- state speed of 482
nm/s (95% CI: [461 mm/s, 505 nm/s]). As we argue in a later subsection, even if this

difference turned out to be significant with a greater number of replicates, such a
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difference in velocity is small compared with the difference in proportion of time spent

motile.

3.5.3 Large lysosomes more slowly during motile segments than small
lysosomes

Previous work (368-371), including our own (24), examined the relationship
between lysosome function, transport, and diameter. Our previous work showed that
diffusion was slower for larger lysosomes, but unidirectional transport was not affected
(24). This previous research did not include intracellular region. On the basis of the
results described above showing that lysosomal motion is a function of intra- cellular
region, we revisited this previous work, but now including intracellular region as a factor
in the analysis.

The use of sucrose as a lysosome-specific osmotic agent to increase the diameter
of lysosomes has been described previously (24,375-377). Sucrose dissolved in the cell
culture medium (50 mM, 24 h) is internalized pinocytically, accumulating in and
enlarging the lysosomes osmotically. It does not alter the cytosol. Immunofluorescence
microscopy was used to image lysosomes (Cy3-LAMP1 antibody), and the diameter was
measured using ImageJ (Fig. 3). In untreated cells, the lysosomes are visible as punctate
spots with a mean diameter and standard error of 763 5 14 nm (n = 101 cells, 501
lysosomes). This value is just above the point spread function of the microscope (550
nm), allowing the possibility that smaller lysosomes are not resolved. Lysosomes in the
sucrose-treated cells appear circular with a mean diameter and standard error of 1.07 +
0.026 mm (n = 85 cells, 389 lysosomes), greater than the diffraction limit of the

microscope.
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Previous work has shown that increased concentrations of sucrose (100 mM) lead
to a greater percentage of enlarged lysosomes but no further increase of diameter (24).
Lysosome diameter has previously been reported, with values ranging from 50 to 500 nm
(1), as a function of cell type. For example, mouse macrophage lysosomes were reported
with an average diameter of 136 nm (n = 4,850 lysosomes) and rat kidney fibroblast
lysosomes with a diameter of 300—400 nm, both characterized using transmission
electron microscopy (397,398). Early centrifugal sedimentation experiments using rat
livers led to a calculated diameter of 400 nm (399). Our own experiments with the same
BS-C-1 cells reported a median lysosome diameter of 520 nm, likely an overestimate, as

smaller lysosomes were not resolved (24).
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Figure 3-3: Sucrose-mediated enlargement of lysosomes. A. Immunofluorescence image of
untreated cells with Cy3-LAMP1 labeled lysosomes (green) and DAPI-labeled nuclei (blue).
The insert has a scale bar of 5 um. B. Sucrose-treated cells (50 mM, 24 h). C. Diameter of
individual lysosomes in untreated cells (n = 101 cells, 510 lysosomes). The mean is shown
with a dashed line and the median with a dotted line. The distribution of the lysosomes in
the untreated cells is likely an overestimate as small lysosomes are below the diffraction
limit of the microscope. D. Diameter of individual lysosomes in sucrose-treated cells (n = 85
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cells, 389 lysosomes). E. Mean and standard error of lysosome diameters in untreated (0
mM) and sucrose-treated (50 mM, 24 h) cells. ****p < 0.0001, Kolmogorov-Smirnov test.

In comparison with the static immunofluorescence microscopy images (Fig. 3-3),
live-cell imaging at 20 Hz had a decreased signal-to-noise ratio, although the size
difference between untreated and sucrose-treated cells is still discernible. Untreated (n =
26) and sucrose-treated (n = 32) cells were imaged in different dishes and at different
passage numbers, and 40 lysosomes/cell were randomly selected for analysis (n = 988
trajectories for untreated cells and n = 1,240 trajectories for sucrose-treated cells). For
analysis of single lysosomes trajectories, the threshold value between *‘large’” and
““small’’ lysosomes chosen was 687 nm, which is the median value of the sucrose-treated
lysosome diameters resolvable with the 20-Hz data (control median = 631 nm, sucrose-
treated median = 687 nm; p < 0.0001, Kolmogorov-Smirnov test). Considering the
dependence on intracellular region described above, we compared the motion of small
and large lysosomes, all located at the periphery of sucrose-treated cells, in the main text,
below. A separate analysis comparing transport in the perinuclear and peripheral regions
of sucrose-treated cells yielded the same trends as untreated cells (Tables 3-8 and 3-10).

We found that large lysosomes were slower in motile transport than small
lysosomes. For a quantitative comparison, we studied the speed distributions for
segments with 100 nm/s or larger inferred speed for large and small lysosome
populations, all located in the cell periphery. A comparison of the means yielded a

statistically significant difference, though the difference was only 45 nm/s (Table 3-2).
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Table 3-2: Inferred speeds from pooled segments labeled as motile (100 nm/s or greater)

Group Average motile speed (nm/s)

Control cells 449 (407, 498)
Perinuclear region

Control cells 482 (461, 505)
Peripheral region

Sucrose-treated cells 470 (449, 494)

Periphery, small lysosomes
Sucrose-treated cells 425 (401, 452)

Periphery, large lysosomes

These are the estimated average speeds of each group, with 95% bias-corrected and
accelerated bootstrap confidence intervals in parentheses. We used a permutation
test for the two-sample comparisons. The p value for the comparison by region was
0.257. The comparison for large/small in the periphery of the sucrose-treated cells
had a p value of 0.0112, indicating a significant difference between the groups’
averages. The effect of size is small, 50 nm/s. Results comparing perinuclear and
peripheral transport in human lung cells (A549) and comparing region in sucrose-
treated BS-C-1 cells were similar.

The distributions are not normally distributed. The mean speeds of the
populations were between 400 and 500 nm/s with large sample standard deviations,
between 300 and 400 nm/s. As such, the speed distributions were found to be skewed,
with a mode around 200 nm/s, but large tails featuring speeds as high as 2,000 nm/s. To
visualize the densities, we used kernel density estimation (density in R with default
bandwidth parameter) and show the results for our two comparison groups in Fig. 3-4. In
Fig. 3-4A, we compare regions (lysosomes in control cells in the perinuclear region

region) in Fig. 3-4C falls within the confidence band of the blue curve (control group,

periphery), the difference is not significant (95% Cl: D < 0.092, Dsgsnpies = 0.056, p =

0:49). This result is consistent with the comparison of means reported above for the
periphery and perinuclear regions (Table 3-2). For validation of the described bootstrap

method, we also implemented a permutation test in the form described in Efron and
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Tibrashani (chapter 16) (400). For the small/large lysosome comparison, the permutation
test one-sided 95% CI was D < 0.067, implying a p value of 0.0033. Meanwhile, the
regional comparison yielded a 95% CI of D < 0.101, implying a p value of 0.580.
Although there is a significant difference in speed while motile, we did not find
any significant differences in considering percentage of time in motile transport, average
motile period, or average stationary period (Table 3-1). This observation suggests
avenues for future biophysical studies. For example, it could suggest that although the
stepping rate of motors responsible for carrying out lysosome transport is susceptible to
decrease with drag force, the on-rate/off-rate properties are unaffected by this degree of

difference in load.
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Figure 3-4: Visualizations of the differences among motile speed distributions for different
group comparisons. Sample sizes for the number of motile segments are provided in Table
3-1 and described below. A and B. Empirical kernel density estimations for the inferred
speeds of the indicated groups. Note that all speeds included in these samples are larger
than 100 nm/s and the “overhang” observed from 0-100 nm/s is an unavoidable artifact of
the kernel density estimation technique. C and D. Associated ecdfs for these populations
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(solid curves) and the ecdfs for the bootstrapped subsampled of the larger sample (light
blue curves). The subsample ecdfs create a shaded region (light blue) that shows the range
of variability that arises purely because of subsampling. The means of these speed
distributions are displayed as vertical dashed lines. The sucrose-treated comparisons in B
and D are restricted to the cell periphery. Sample sizes are as follows: A and C, control
cells; periphery (blue, n = 1,268) and perinuclear (black, n =209); B and D, sucrose-treated
cells; small (blue, n = 992) and large (black, n = 643) lysosomes in the periphery of sucrose-
treated cells. See Table 3-2 and Materials and methods for further details. Box-and-whisker
plots for these samples can be found in Fig. 3-14. Results comparing perinuclear and
peripheral transport in human lung cells (A549) and in sucrose-treated BS-C-1 cells were
similar (A549: Fig. 3-15 and Table 3-9; sucrose-treated BS-C-1: Fig 3-16 and Table 3-10)

3.5.4 Intracellular location, not diameter, is a key factor in lysosomal motion

We have established that intracellular region and lysosome diameter can affect
different aspects of lysosome transport. In this section we show that the regional
differences have a greater impact on overall transport. There are two prominent measures
of overall transport that we might consider, effective velocity and effective diffusivity,
and the choice for which measure is appropriate follows from the geometry of the cells
and microtubules. For example, intracellular transport in axons is strongly biased in one
direction: kinesin-based transport on a predominantly plus-end-out microtubule
architecture results in most movement toward the distal end of the cell. (See Blum and
Reed (390) and Reed et al. (391) for a classic mathematical treatment of the problem.) In
our case, over the experimentally observed timescale and within the regions we observed,
there was no such overall transport bias, making effective diffusivity a natural first tool
for quantifying large-scale transport.

There are numerous tools for estimating effective diffusivity. The most direct and
most commonly used method is to calculate an ensemble-average MSD and use
regression to infer its slope. This method assumes that the paths are diffusive and the
MSD is linear. Our dataset presents two challenges to this method: first, the paths are a

mixture of straight-line segments, which would be parabolic in the MSD, mixed with
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stationary periods, which would be constant. One expects, through ergodicity, that with a
large enough population and long enough paths the ensemble average would be
essentially linear, permitting the use of the MSD slope. However, our paths are relatively
short compared with the switch rate (only a few switches are observed in each path), and
the paths have highly variable lengths. We observed that this led to biases and noisiness
in MSD curves that prevent an unambiguous estimate for the slope.

There are multiple methods for estimating MSD through studying segment
properties. Some of these, for example Berg’s formula for the ‘‘run-and-tumble’’ motion
of E. coli (401), assume that the speeds of the segments are independent of the segment
durations. As reported in Fig. 3-12, segment speeds and durations are highly
(anti)correlated in this data- set. Fortunately, the renewal-reward framework presented in
Hughes et al. (402) and Ciocanel et al. (392) (Eqg. 8 in the latter with effective velocity set
to zero) permits a simple and intuitive formula for estimating effective diffusivity
(defined in the sense of Mogilner et al. (403)) with the speed-duration relationship in
mind.

To this end, let:

(@02 (1)
Desr = 4(AT)

where the numerator is the ensemble-average squared displacement of the segments and
the denominator is twice the average time of a segment. The results are reported for each
study group in Table 3-3, and we note that although the MSD-slope technique was noisy,

those estimates did agree in order of magnitude with values given by Eq. 18.
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Table 3-3: Predicted effective diffusivity for each of the comparison groups

Group Deff (um?/s)

Control cells 0.00135
Perinuclear region

Control cells 0.00408
Peripheral region

Sucrose-treated cells 0.00438

Periphery, small lysosomes
Sucrose-treated cells 0.00286

Periphery, large lysosomes

The difference in proportion of time spent motile has a greater impact on transport
than the effect due to size. Results comparing perinuclear and peripheral transport
in human lung cells (A549) were similar.

3.6 Conclusions

We have introduced a series of methods for studying the transport of lysosomes in
live cells. After applying a standard changepoint algorithm, we studied the resulting
trajectory segments to determine the impact of intracellular region and lysosome diameter
on transport speeds, as well as the proportion of time lysosomes spent motile, defined as
an average speed of more than 100 nm/s in segments, inferred by our segmentation
method. This protocol is broadly applicable to any transport in which a particle switches
between motile and stationary phases. What we present is particularly useful when the
speed distribution is not multimodal. Moreover, in contrast to MSD-based methods,
which rely on averaging over all states, and often over all particles, our approach allows a
more refined understanding of changes in distinct behaviors.

Using this analysis, we found that the location of the lysosome in the cell is an
important factor in lysosomal transport. Although the speed distribution during motile

segments is not affected, the proportion of time spent in the motile state is significantly
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decreased in the perinuclear region. This is due almost entirely to a 100% increase in the
duration of stationary periods. This decreased transport in the perinuclear region could
point toward cytoskeletal differences in the perinuclear region, a lysosomal maturation
process, or the importance of the endoplasmic reticulum as a tethering site for lysosomes
(333,404,405). These possibilities will be examined in future work. Our previous work
(24), as well as many single particle tracking studies, did not consider intracellular region
as a factor in intracellular transport, instead focusing lysosome diameter.

The more detailed mathematical analysis described above shows that the diameter
of the lysosome does have some impact on speed in the motile segments of the
trajectories. But by one measure, effective diffusivity, the impact on transport due to size
is smaller than the impact due to region. Although our present work does not examine the
underlying mechanism that leads to this regional dependence on intracellular transport, it
does point toward including intracellular region as a factor in future studies of

intracellular transport for lysosomes, as well as other organelles and large molecules.

3.7 Supporting Data

3.7.1 Derivation: posterior distributions for state-switching model parameters
To minimize bias in the Bayesian estimation of the state-switching model, we

used scale-invariant Jeffreys priors (395). These have the form:

M= 50w = (22)

1

ﬂp(P) = m; ﬂq(q) = m
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For the likelihood function, before giving the full form, we present an example. Ignoring
velocities, suppose that a piecewise-linear path estimate ¢ consists of the following
sequence of (state, duration) pairs:

¢ ={(S,01), (M, 73),(M, 73),(S,0), (M, 75)}. (23)

The first segment is stationary and lasts for time o, which has likelihood 1e =%z,
It then transitions from stationary to motile, an event that has probability p, and then the
likelihood of that motile state lasting for time 7, is ue™#*2. These considerations continue
until the final state. Note that there is not a transition at the end of the path; the
observation stops while the particle is still in a motile state. The likelihood that this
occurs is the probability that the state is longer than the time 5 (in other words, the
probability that there is no transition in this amount of time). This “survival” probability
for the exponential is f::u e Htdt = e H%s, The likelihood for the path given in (Eq. 20)
can therefore be written:

L(8; §) = (Ae™) (p) (e ™) (24)
+ (1= @) (ue™#72)(q) (Ae 27+ ) (p) (e ~#75)

When taking a population of trajectories, which are assumed to be independent,
the likelihood given the whole population is a product of the likelihoods given the
individual paths. With this product structure, there is a significant simplification that
follows. Let ® be the collection of all piecewise-linear approximations of lysosome
paths; then:

L(E; P ) — Anse—lG”nMe—HTanM(l — p)ssqMs (1 — g)"MM, (25)
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where ng and nyare the number of stationary or motile segments that are completed
during an observation period; T and o are the total time in the motile state and stationary
state, respectively; and n,,y, nys, nss, Ny are the numbers of observed transitions of

each type. The posterior distribution can then be written:

n(6 | a\)) é lns—le—ﬂd"unM—le—#TanM—l(1 _ p)nss— 1(1 _ q)nMM_l_ (26)

By inspection, we recognize that the posterior distributions are independent and have the

gamma and beta distributions displayed in Henry et al. (371).

3.7.2 Despeckling filter does not affect inferred vesicle motility

Our initial work in single particle tracking used the despeckling filter in order to
regularize the signal from fluorescently labeled lysosomes. In order to ensure that this
filtering had no effect on the final results, we tested the same tracking files with either the
despeckling filter applied or no filter. We found that there was no difference in the

estimated motility over 600 analyzed lysosomes from 6 cells.

ns

H

Raw'Da'.a Despc:ckled

Figure 3-5: Despeckling filter does not affect motility estimate. A. Fluorescence microscopy
image of a BS-C-1 cell overlaid with lysosome trajectories obtained using TrackMate in the
absence of the despeckling filter. B. The same cell with trajectories captured following
despeckling. C. A comparison of percent motile trajectories obtained from raw or
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despeckled images (n = 600 lysosomes, 6 cells) shows no significant difference (ns,
overlapping confidence intervals).

3.7.3 Localization uncertainty is substantially smaller than tracked motion

With higher imaging rates, signal strength decreases and our ability to identify the
center of a fluorescently labeled vesicle similarly decreases. For this reason, it is
important to contextualize the magnitude of the uncertainty of vesicle localizations so
that conclusions about vesicle motion can be reasonably separated from instrument and
collection errors. Here, localization uncertainty of tracking was determined by tracking
(TrackMate) fluorescent polystyrene beads (200 nm, #F8764, ThermoFisher Scientific)
or emGFP-labeled lysosomes (as described in Experimental Methods) with controlled
motion of the microscope stage (H117P21X, Prior Scientific, Rockland, MA) used to
provide a known position. This method was adapted from D. Nong, et al. (406).

The fluorescent beads, adhered on a glass coverslip, provide the uncertainty
inherent to the microscope and analysis method. The emGFP-labeled lysosomes in BS-C-
1 cells, identical to our experimental system, report on the uncertainty due to motion in
the cellular environment. In both systems, the plateaus of the displacement curves were
determined using 1.5 s intervals (30 frames), confirmed to be statistically
indistinguishable from zero slope through individual linear regressions. The values of
each of these intervals were scaled to center around 0 using the best fit y-intercept as an
off- set. These zero-adjusted plateau intervals were combined and analyzed through a
linear regression. The localization uncertainty was then calculated from the standard
deviation of the y-intercept of that final fit. For the immobilized fluorescent beads, the
localization uncertainty was 6.3 nm. For the live cell emGFP-labeled lysosomes, the

localization uncertainty was 63.5 nm.
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Figure 3-6: Determination of localization uncertainty. A. Snapshots of the trajectory shown
in the first figure of this paper. The scale bar is 1 pm. B. To measure localization
uncertainty, fluorescent beads (200 nm) were immobilized on an optical dish by

evaporation. The position of the beads was then controlled by manipulation of the
microscope stage. C. Plot of the displacement from the origin for the resulting trajectories
(n=7). The red curve is the centerline of all seven trajectory displacements and the black
dots are individual subpixel localization coordinates obtained from TrackMate. D and E.
An identical approach was used for emGFP-labeled lysosomes as described in experimental
methods (n = 5).

3.7.4 Additional examples of state switching in live-cell lysosome trajectories
As an introduction to the richness and complexity of the data included here, we

provide examples of distinct combinations of motion states that are accurately
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reconstructed using the segmentation method and subsequently characterized by segment

speed.
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Figure 3-7: Motile to stationary trajectory from a BS-C-1 cell. Many of the trajectories
feature short lived motile segments and long, sustained periods without much movement. In
these stationary phases, there appear two types of fluctuations: rapid fluctuations about an
“anchor” and slow “wobbles” where the anchor itself seems to move.
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Figure 3-8: Motile to motile trajectory from a BS-C-1 sucrose-treated cell. There can be
consecutive motile segments with similar speeds (i.e., segments 3 and 4) because of a change
in direction.
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Figure 3-9 : Stationary to stationary trajectory from a BS-C-1 cell. This trajectory features
two consecutive stationary segments. This is a good example of how some stationary states
seem to have a slow, but well-defined direction. The second segment is an example of a
stationary segment that would qualify as motile if the threshold were reduced to 50 nm/s.
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Figure 3-10: Stationary, non-microcsope tracker drift. Trajectory

from a BS-C-1 sucrose-

treated cell. We include this path for two reasons. First, the final stationary segment
exemplifies the tendency of lysosomes to have some slight steady drift, not due to the
microscope, during what we label “stationary” states. Second, the initial stationary segment
appears to have a higher variability in the y-coordinate than in the x-coordinate. This
appears to be some kind of tracking effect. Despite the increased variation, the algorithm
identifies this as a stationary state and ignores the spurious tracker-induced feature.
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3.7.5 Visualization of state switching relationships in BS-C-1 cells
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Figure 3-11: Scatter plot of the speed before and after each state switch in each trajectory
from BS-C-1 cells. The x-axis represents the speed of the segment before a switch and the y-
axis represents the speed of the segment after the switch.

3.7.6 Investigation of proper motility threshold

In order to set a threshold between motile and stationary segments, we pooled all
estimated speeds from each comparison group and created a scatter plot with the segment
durations (Fig. 3-12). While there are many short segments (10 seconds or less) with
speeds of 100 nm/s and higher, there are very few long segments that attain such a speed.
To understand the distribution of inferred speeds better, we developed two null models
for stationary periods. In the first, we used the model articulated in the Mathematical
Models section, restated here for convenience.

Let {(x;, ¥;}i=, be a sequence of lysosome positions that can be observed at times

{t;}i=. In the first model, we assume that the anchor positions proceed deterministically
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with a fixed velocity (u, v), starting from position (a, b) at time 0. Assuming that the
cargo fluctuates about the anchor position with magnitude 3, we have for i € {1,...,n}:
x; = a; + Pej, (S1)
a; = ut; + a,
yi = b; + Be],
b; = vt;+ b,

y

where {(ef, €; }:;1 is a sequence of 2d iid standard normal random variables. A

“stationary” state would correspond to the choice (u,v) = (0,0).

As we observe in the main text, there are constant fluctuations in the data, even in
the paths with the least amount of movement. See, for example, the “stationary” first
segment in the path displayed in Figure 3-9. The fluctuations are not consistent among
multiple paths. There are multiple possible sources of this movement. For example, the
lysosome may be detached from a microtubule and diffusing in a crowded environment.
It might instead be attached to multiple motors engaged in a tug-of-war, or to a single
motor that is not stepping, and the attached microtubule may be moving. In any case, we
can model this as a second source of noise, which in this case appears in the anchor
position. In contrast to the anchor-reverting noise term in the motor equations, this noise

accumulates.
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Figure 3-12: Visualization of the apparent inverse relationship between segment duration
and speed. Each point corresponds to the duration and inferred speed during a segment of
lysosomal trajectories from the indicated groups. Using a threshold of 100 nm/s, the
segments were labeled Motile or Stationary and colored blue or red accordingly.

When (u,v) = (0,0), the anchor is then a Brownian motion. We have for i €
{1,...,n}k
x;= a; + e}, (S2)
a; = a;_1+u(t;—t;_1) + pgi,
yi = b; + B¢,

b;= b1 +v(t;—t;_41)+ P(?]'
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where we employ the conversion that t, = 0, (ay, by) = (a, b), p is a small positive
constant, and {({i‘, ({)}?zl is a sequence of 2d iid standard normal random variables.

We ran 10,000 simulations of each stationary null model with the velocity
(u,v) = (0,0) and with the magnitude of the fluctuations about the anchor to be g =
0.1. This value was inferred from a subset of the “most clearly stationary” paths in the
lysosome data. (To be specific, we looked at the overall variance of all paths and studied
the subset with the smallest values.) For the anchor diffusion coefficient, we chose p = 0
for the first trial group and p = 0.001 for the second trial group The segment durations
were drawn uniformly at random from the interval [0, 30] seconds. We display the results
of the numerical experiment in Figure 3-13. If we use the anchor-with-diffusion model as
our null model, then we can say that for any segment with estimated speed of greater than

100 nm/s, we can reject the null hypothesis with a p-value of less than 0.001.
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Figure 3-13: A visualization of the relationship between segment duration and estimated
speed when there is no underlying motor stepping. A. Result of 10,000 simulations of the
model displayed in Equations S1. B. Result of 10,000 simulations of model displayed in
Equations S2. Very few segments are inferred to have a speed greater than 100 nm/s.
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3.7.7 Comparison for different motile/stationary thresholds

As an intuitive assessment of the validity of picking a motility threshold, we re-
ran the presented data with two additional thresholds to see if moving the threshold
compromised our conclusions. As expected, increasing the threshold to 200 nm/s
decreased the number of lysosome segments labeled motile and decreasing the threshold
to 50 nm/s increased this number. However, the ratios between the periphery and
perinuclear region were largely unchanged regardless of threshold. This indicates that our
choice of thresholding is not having an outsized effect on the conclusions drawn. Note
that we have also presented A549 human lung carcinoma cells as a basis of comparison
to the BS-C-1 cells in the main text.

Table 3-4: Comparison between different motile/stationary thresholds

Group Proportion of time spent motile
50 nm/s 100 nm/s 200 nm/s
BS-C-1 Control
Periphery 21.2% 13.0% 7.6%
BS-C-1 Control
Perinuclear region 10.2% 5.9% 2.9%
BS-C-1 Sucrose
Periphery 22.5% 12.9% 7.1%
BS-C-1 Sucrose
Perinuclear Region 14.1% 6.4% 3.5%
A549
Periphery 15.2% 8.5% 4.5%
A549
Perinuclear Region 5.6% 3.4% 1.6%

3.7.8 Estimates for the parameters of the state-switching model
In the main text, we included the predictive intervals for state-switching model

outcomes like proportion of time spent motile and average duration of motile and
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stationary periods. Those UQ intervals were constructed using the posterior distribution
for the parameters p, A, q, and p. In Table 3-5 we provide point estimates and 95%
credible regions for each of these parameters based on the trajectories within each
displayed group.

Table 3-5: Point estimates and 95% credible regions for the parameters of the state-
switching model described in the main text.

BS-C-1 w: Motile A: Stationary QM-S p:S—->M
Groups Switch rate Switch rate | Switch prob.  Switch prob
Control cells 564 st 0155t .392 941
Perinuclear region | (.480,.654)  (.012,.018) | (.323,.466)  (.880,.981)
Control cells 548 st .030s? .335 913
Periphery (517,.582)  (.027,.033) | (.308,.362)  (.884,.938)
Sucrose-treated 569 s1 .0315s? .320 931
Periphery, small (.534, .606) (.028,.034) | (.292,.351)  (.901,.957)
Sucrose-treated 545 st .033 st .394 .860
Periphery, large (.530,.592)  (.029,.037) | (.355,.436) (.814,.899)
Sucrose-treated 555571 .018 st 402 .856
Perinuclear (.492,.619)  (.015,.021) | (.345,.463)  (.791,.912)
Sucrose-treated 572 st .033 st .350 .900
Periphery (.543,.602)  (.030,.035) | (.325,.375) (.873,.922)

The bolded interval marks a parameter that is significantly different than its
comparison groups. The top two sections are the study groups included in the main
text (comparison by region in control cells and comparison by size in the periphery

of sucrose-treated cells). The bottom group is a comparison by region in the sucrose-
treated cells to show robustness of the by-region results.
Importantly, we can see that the differences in motion switch rates are coming
from differences in the stationary parameter, A. This means that the overarching
differences in motility that we describe in the main text stem not from motile behavior

itself, but actually, stationary characteristics.
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3.7.9 Other comparison groups

To ensure that the observed differences in perinuclear and peripheral transport of
lysosomes were not unique to the monkey kidney cells (BS-C-1) described in the main
text, experiments and analysis were repeated with human lung carcinoma cells (A549).
Also, in the main text we provided a comparison of small and large lysosomes in the
periphery of sucrose- treated BS-C-1 cells. Here we include results for the regional
comparison (perinuclear vs. periphery) in sucrose-treated BS-C-1 cells. The results
described below are in agreement with results presented in the main text.

Table 3-6: Regional comparison for A549 cells.

Motile Motile Av_erage Averfalge
f roportion roportion stationary motile
prop Prop period period
Direct Model Model Model
M . . . .
Groups S estimate estimate estimate estimate
A549 cells 57 202 | .028 +.014 .034 141.7 s 5.07s
Perinuclear (.020, .061) | (96.5,205.4) (3.30,7.79)
A549 cells | 584 625 | .092 +.018 .085 62.2's 570s
Periphery (.069, .103) | (53.6,73.0) (4.95, 6.64)

The “direct estimate” was computed by calculating the proportion of time spent
motile on a path-by-path basis and averaging over all paths. The “model estimates”
were derived using our state-switching model, which is described in the main text.
Uncertainty for these quantities is expressed in terms of Bayesian 95% credible
regions in parentheses below each estimate. We consider a difference to be
significant if the credible regions associated with the two samples do not overlap.
Bolded values are significantly different from comparison groups.

Table 3-7: Model parameter estimates for lysosome trajectories in A549 cells
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A549 w: Motile A: Stationary QM-S p:S->M
Groups Switch rate Switch rate | Switch prob.  Switch prob
A549 cells 424 571 .009 51 488 821




Perinuclear region
A549 cells
Periphery

(311, .533)  (.006,.012)
52351 018 s
(479, 569)  (.015, .020)

(.345,.631)  (.674,.926)
337 916
(297, .375)  (.870, .951)

Table 3-8: Regional analysis of sucrose-treated BS-C-1 cells

Motile Motile Av.e rage Avergge
BS-C-1 n roportion roportion stationary motile
prop brop period period
Direct Model Model Model
Groups M S estimate estimate estimate estimate
Sucrose- | oo 525 | 068 +.018 064 65.9s 4535
treated cells
Perinuclear (.050, .082) | (54.27,79.62) (3.76, 5.43)
SUCTOSe- | e/ 9397 | 120 + 015 129 33.98 s 5.01 s
treated cells
Periphery (.116, .143) | (31.32,36.94) (4.61,5.46)
Table 3-9: Average motile speeds from A549 cells
A549 Groups Average motile speed (nm/s) | Effective Diffusivity (um?/s)
A549 cells
Perinuclear region 399 (332, 501) 8.81 x 10
A549 cells
Periphery 498 (467, 534) 3.48 x 103

Estimates presented with 95% BCa bootstrap confidence intervals in parentheses.
We pooled all inferred speeds from segments labeled as motile (100 nm/s or greater).
These are the estimates for average speed in each of the groups with associated BCa

bootstrap confidence intervals. In the last column we report the estimated effective
diffusivity for each group.

Table 3-10: Average motile speeds of sucrose-treated BS-C-1 cells

BS-C-1 Groups

Average motile speed (hm/s)

Effective Diffusivity (um?/s)

Sucrose-treated cells
Perinuclear region
Sucrose-treated cells
Periphery

459 (424, 503)

455 (439, 474)

0.00196

0.00374
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Figure 3-14: Scatter plots of the inferred segment speeds that are summarized in Fig. 3-4.
The data points are vertically positioned to display multiple data points with similar speed
values. The comparison on the left (A and B) shows the value of using the ecdf to test
differences. While there are fewer large values (say, greater than 1 um/s) in the perinuclear
group of the BS-C-1 control cells, the blue confidence band in Fig. 3-4 shows that it would
not be unusual for a subsample of the periphery group to look like the perinuclear group.
By contrast, the difference between the groups on the right (C and D) are significantly
different.
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Figure 3-15: Visualizations of the differences among motile speed distributions for different
group comparisons in A549 cells. A. Empirical kernel density estimations for the inferred
speeds. B. Associated empirical cumulative distribution functions (ecdfs) for these
populations (solid curves) and the ecdfs for bootstrapped subsamples of the larger sample
(light blue curves). The subsample ecdfs create a shaded region (light blue) that shows the
range of variability that arises purely due to subsampling. The means of these speed
distributions are displayed as vertical dashed lines. C and D. Corresponding scatter plots of
the motile speeds overlaying its associated box and whisker plot.
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Figure 3-16: Visualizations of the differences among motile speed distributions for different
group comparisons in sucrose-treated BS-C-1 cells. A. Empirical kernel density estimations
for the inferred speeds of the indicated groups. B. Associated empirical cumulative
distribution functions (ecdfs) for these populations (solid curves) and the ecdfs for
bootstrapped subsamples of the larger sample (light blue curves). The subsample ecdfs
create a shaded region (light blue) that shows the range of variability that arises purely due
to the subsampling. The means of these speed distributions are displayed as vertical dashed
lines. C and D. Corresponding scatter plots of the motile speeds overlaying its associated
box-and-whisker plot.
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4 Palmitate-mediated disruption of the endoplasmic reticulum
decreases motility of intracellular vesicles®

Essential cellular processes such as metabolism, protein synthesis, and autophagy
require the intracellular transport of membrane-bound vesicles. The importance of the
cytoskeleton and associated molecular motors for transport is well-documented. Recent
research has suggested that the endoplasmic reticulum (ER) may also play a role in
vesicle transport through a tethering of vesicles to the ER. We use single particle tracking
fluorescence microscopy and a Bayesian changepoint algorithm to characterize vesicle
motility in response to the disruption of the ER, actin, and microtubules. This high-
throughput changepoint algorithm allows us to efficiently analyze thousands of trajectory
segments. We find that palmitate-mediated disruption of the ER leads to a significant
decrease in vesicle motility. A comparison with the disruption of actin and microtubules
shows that disruption of the ER has a significant impact on vesicle motility, greater than
the disruption of actin. Vesicle motility was dependent on cellular region, with greater
motility in the cell periphery than the perinuclear region, possibly due to regional
differences in actin and the ER. Overall, these results suggest that the ER is an important

factor in vesicle transport.

4.1 Introduction
Cells require vesicle-mediated intracellular transport for a wide range of functions
(1,3,205,407). These functions include metabolism (207-209), protein synthesis (210—

212), cell division (408-410), neuron activity (2,201,411,412), autophagy (213-215), and

3 This chapter is adapted from work that was originally published in Biophysical Journal (142) with co-authors
Professors Keisha Cook, Scott McKinley, and Christine Payne.
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wound healing (413-415). Diseases such as Alzheimer's, Huntington's, and cystinosis are
associated with disrupted intracellular transport (4-12). Vesicle transport includes
microtubule-dependent motion with kinesin and dynein motor proteins moving vesicles
along microtubules and myosin motors moving cargo along actin filaments
(244,295,373,416-422). Beyond the well-studied role of molecular motors and
cytoskeletal transport, vesicle size (24,336,369), macromolecular crowding (423-426),
and endoplasmic reticulum (ER)-vesicle interactions (334,405,427-430) have been
investigated as factors in intracellular transport.

Intracellular transport in live cells is measured using fluorescence microscopy and
single particle tracking. Single particle tracking analysis, including our own (24), has
relied on fitting of mean squared displacement (MSD) curves to classify vesicle motion
as subdiffusive, diffusive, or active (25,180,181,431-433). Recent work has
demonstrated that MSDs are limited both by measurement error and appropriate
maximum lag (16,34,195). To address these concerns, numerous inferential particle
tracking analysis approaches have been implemented
(189,193,194,196,198,199,434,435). Among these, we recently described a Bayesian
changepoint analysis for single particle tracking in live cells (336). The advantage of this
method is the segmentation of trajectories into individual states defined by their speed.
For vesicle trafficking, we can directly export data from TrackMate (380), use
changepoint analysis to segment trajectories, and perform rigorous statistical inference of
motion states across experiments for high-throughput characterization of thousands of

trajectories.
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We now use this high-throughput changepoint analysis method to address the
underlying biophysics of vesicle-mediated transport using ~7,000-30,000 trajectory
segments for each experimental condition. We use fluorescently labeled dextran, a
polysaccharide internalized into vesicles by pinocytosis, to label vesicles (141,305,306).
We first demonstrate the use of our method by measuring transport following disruption
of actin filaments and microtubules. As expected, intracellular transport is decreased. We
then measure the effect of two cellular structures that have recently been proposed to
affect intracellular transport: the ER and ribosomes (334,405,427-430,436).

The ER has been shown to be important for the positioning of endolysosomal
vesicles (334,405). ER structure can be disrupted through cisternal expansion induced by
high concentrations of palmitate, a fatty acid (437—-441). We use palmitate to disrupt the
ER and investigate how this structural change influences vesicle transport. Recent work
from Delarue, et al. has shown that ribosomes serve as cytosolic crowding agents by
contributing ~20% of the cytosolic volume (436). We use a similar approach, decreasing
ribosomal concentration with rapamycin, and then measure vesicle motility.

These experiments led to an interesting new result. Vesicle motility is significantly
reduced in response to palmitate-mediated ER disruption. The ER was found to be
significantly more important than actin filaments in maintaining vesicle motility.
Microtubules, as expected, were found to be the most important component for vesicle
motility. We saw no effect of decreased ribosomal concentration on vesicle transport.

The increased lysosomal motility in the cell periphery, observed in our previous
work (336), is also observed with these dextran-labeled vesicles and discussed in terms of
actin and ER localization. Overall, this work, enabled by a high- throughput Bayesian
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changepoint analysis, shows that the structure of the ER is a key factor in vesicle

motility.

4.2 Methods

4.2.1 Cell culture and fluorescent labeling of vesicles

Monkey kidney epithelial cells (BS-C-1, obtained from the Duke University Cell
Culture Facility) were cultured in Dulbecco’s Modified Eagle Medium (#12100046,
Thermo Fisher Scientific, Waltham, MA). Cell culture media was supplemented with
10% fetal bovine serum (FBS; #10437028, Thermo Fisher Scientific). Cells were
incubated at 37°C with 5% carbon dioxide. Cells were passaged with trypsin
(#25200072, Thermo Fisher Scientific) every 2—3 days. For imaging experiments, 35 mm
optical dishes were used (#150682, Thermo Fisher Scientific).

Vesicles were labeled with tetramethylrhodamine-dextran, (10 kDa, 0.25 mg/mL,
18-24 hr incubation, #D1817, Thermo Fisher Scientific). Dextran is internalized
pinocytically, labeling vesicles non-specifically (141,305,306). In comparison, our
previous work was limited to lysosomes (336). Colocalization measurements with
emerald green fluorescent protein-lysosome associated membrane protein 1 (emGFP-
LAMP1) were carried out to characterize the dextran-containing vesicles (Fig. 4-7). Cells
were transduced with CellLight Lysosomes-GFP (1:200, BacMam 2.0, #C10596; Thermo
Fisher Scientific) according to the supplier’s instructions. Three hours after the start of
the BacMam incubation, dextran (0.25 mg/mL) was added to the cell culture media.
Eighteen hours later, the cells were washed with phosphate-buffered saline (PBS;
#21300-025, Thermo Fisher Scientific) and imaged in PBS using the GFP and red

fluorescent protein (RFP) channels, as described below. For static images that included
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nuclear staining, 4’,6-diamidino-2- phenylindole (DAPI) was used (50 uM in PBS, room

temperature (RT) for 30 min, #10236276001, Sigma-Aldrich).

4.2.2 Drug treatments to disrupt actin, microtubules, ER, and ribosomes

Cytochalasin D (cytoD; 2 uM, 30 min, #C8273, Sigma-Aldrich) was used to
inhibit actin filament polymerization (442,443). Disruption of actin filaments was
confirmed using fluorescently labeled phalloidin (ActinRed rhodamine phalloidin,
#R37112, Thermo Fisher Scientific). Cells were fixed with 4% paraformaldehyde
(#15710, Electron Microscopy Services, Hatfield, PA) in PBS for 10 min at room
temperature. Cells were then washed with PBS and permeabilized (10% serum, 3%
bovine serum albumin (BSA; #A2153, Sigma-Aldrich), 0.00005% Triton-X 100
(#T8787, Sigma- Aldrich)) in PBS for 3-5 min at room temperature (RT). Cells were
then incubated with phalloidin (1:1500) at RT for 15 min before washing three times and
imaging in PBS.

Nocodazole (2.2 uM, 30 min, #M1404-10MG, Sigma-Aldrich) was used to inhibit
microtubule polymerization (444—446). Disruption of microtubules was confirmed using
immunofluorescence, as described below.

The ER was disrupted using palmitate (0.5 mM, 4 hrs) as shown in previous work
(437-441). Palmitate (#P9767, Sigma-Aldrich) was solubilized through complexation
with fatty acid-free BSA (#A6003, Sigma-Aldrich) in an NaCl (#S7653, Sigma-Aldrich)
solution (447). The only modification to this protocol was increased concentration of
palmitate to make 5 mM palmitate-BSA aliquots, maintaining the ratio of palmitate to
albumin. To visualize ER disruption, ER-Tracker Red (0.66 uM, #E34250, Thermo

Fisher Scientific) was applied to live cells following supplier's instructions.
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Ribosomal concentration was decreased using rapamycin (1.5 uM, 3 hr, #R8781-200uL,
Sigma-Aldrich) as shown previously (436). Rapamycin blocks mammalian target of
rapamycin (mTOR) (448,449). mTOR signaling results in the phosphorylation of
ribosomal protein S6 producing phospho-S6 (P-S6) (450,451). Immunofluorescence of P-
S6 was used to confirm rapamycin activity, as described below.

Cell health following drug treatments was confirmed with the 3-(4,5-
dimethylthiazol-2-yl)-2,5- diphenyltetrazolium bromide (MTT) assay (#V13154, Thermo
Fisher) according to the supplier’s instructions. Cytoskeleton- and ribosome-disrupting
drugs caused no change in cell viability (Fig. 4-8A). In addition, no decrease in viability
was observed following palmitate treatment (Fig. 4-8B). The intracellular distribution of
vesicles was unchanged with drug treatments (Fig. S3).

Cellular ATP concentration was quantified using a firefly luciferase assay
(#SCT149, Sigma- Aldrich) following the supplier’s instructions. None of the treatments

resulted in a significant decrease of ATP (Fig. 4-10).

4.2.3 Immunofluorescence of microtubules and P-S6

Immunofluorescence was used to image microtubules and the P-S6 ribosomal
protein to confirm disruption by nocodazole and rapamycin, respectively. Fixation and
permeabilization are described above for phalloidin staining. Following permeabilization,
cells were washed with PBS and blocked (10% goat serum (#16210064, Thermo Fisher
Scientific), 3% BSA in PBS) for 1 hr at RT. The blocking buffer was then removed and
replaced with fresh blocking buffer and the primary antibody (1:1000). The cells were
stained for 3—18 hr at RT and washed with PBS. The secondary antibody was added to

fresh blocking buffer (3-18 hr, RT).
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For visualization of microtubules, mouse anti-a-tubulin (1:1000, #ab7291,
Abcam, Cambridge, UK) was used as the primary antibody and goat anti-mouse (1:1000,
Alexa Fluor 568, #ab175473, Abcam) as the secondary antibody. For phospho-S6 (P-S6),
rabbit anti-P-S6 (1:1000, #MA5- 15140, Thermo Fisher Scientific) was used as the
primary antibody and goat anti-rabbit (1:1000, Alexa Fluor 488, #ab150077, Abcam) as

the secondary antibody.

4.2.4 Live cell imaging and single-particle tracking

Live cell imaging and single-particle tracking were used to observe and
characterize lysosome motion. Live-cell imaging was carried out using a spinning disk
confocal microscope (1X-81 (Olympus), CSU-X1 confocal scanning unit (Yokogawa,
Tokyo, Japan), iXon X3 camera (Andor), and MetaMorph version 7.8.2.0 software
(Molecular Devices, San Jose, CA)). Images were collected using the red fluorescent
protein excitation filter, with the stream function (MetaMorph) used to control exposure
time, field-of-view area, and gain for the desired frame rate. Vesicle transport in these
thin (~5 um) epithelial cells is approximately two-dimensional (379). Motion in the z-
dimension would cause vesicles to move in and out of the focal plane during tracking.
This was not observed. Time lapse images were exported to FIJI (version 2.0.0-rc-
69./1.52p), noise was removed with the despeckling filter, and the TrackMate plugin
(380) was used to track vesicles. To remove selection bias, a random number generator
was used to select 100 trajectories from each cell. The perinuclear region was defined by
identifying the nucleus in brightfield images and defining a border between the densely

packed vesicles and the sparser population in the periphery.
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4.2.5 Analysis of motility

Using our previously developed Bayesian changepoint segmentation model (336),
vesicle trajectories were segmented into individual trajectory segments using the bcp
package in R (394) to select the most common number of predicted changepoints
estimated per trajectory, connect those changepoints linearly, and then minimize the
variation between the reconstructed and original trajectories. If a segment contained more
than five steps and had a speed > 100 nm/s, that segment was characterized as motile.
Slower segments were labeled stationary. Unlike with MSD curve fitting, motile is a
descriptive label of inferred speed and not a specific type of motion. As such, the term
motile can encompass both directed transport and fast diffusion of vesicles. For
comparison across drug treatments, average motility was normalized to control values
from untreated cells. Average motility estimates of trajectory segments are presented

along with unnormalized data from individual cells.

4.3 Results and Discussion
4.3.1 Disruption of actin and microtubules decreases vesicle motility

The importance of actin and microtubules for intracellular transport is well-
understood (244,295,373,416-422). To provide a comparison to ER disruption, we used
cytoD and nocodazole to inhibit actin and microtubule polymerization, respectively. For
each condition, we report both averaged values for all trajectory segments (n = 20,000)
and results from individual cells (n = 70), showing similar effects. Confidence intervals
(Cl, 95%) for each estimate are included in square brackets. Comparisons are considered

significant if confidence intervals do not overlap.
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CytoD (2 uM, 30 min) prevents polymerization of actin subunits into filaments
(Fig. 4-1A and 4-1B) (442,443). Estimating from trajectory segments, we observed a
small, significant, reduction of vesicle motility compared to untreated, control cells (Fig.
4-1C; control = 100.0% [96.6 103.6], normalized; cytoD-treated = 79.3% [76.2 82.3];
[95% Cls]. A similar reduction of motility (15.3% to 12.3%, unnormalized) was also

observed averaging over individual cells (Fig. 4-1D).
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Figure 4-1: Inhibition of actin polymerization decreases vesicle motility. A. Untreated,
control cells. Actin is labeled with phalloidin (yellow) and nuclei with DAPI (blue). B.
CytoD-treated cells (2 uM, 30 min). C. Vesicle motility in control (n = 26,038 segments from
7,000 trajectories) and cytoD-treated (n = 23,776 segments from 7,491 trajectories) cells.
The average (normalized) estimated segment motility is shown. Error bars show 95% Cls.
Significance is determined by Cls that do not overlap. D. Vesicle motility for individual cells
(n =70 control cells and 75 cytoD-treated cells from 15 experiments). Horizontal lines show
means. The significance comparison is taken directly from population-level 95% Cls in C.

Nocodazole (2.2 uM, 30 min) prevents polymerization of tubulin subunits to form
microtubules (Fig. 4-2A and 4-2B) (444-446). Estimating from trajectory segments, we
found a large reduction of vesicle motility compared to untreated, control cells (Fig. 4-

2C; control = 100.0% [96.6 103.6], nocodazole-treated = 45.8% [43.6 48.1]; [95% Cls]).
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A similar reduction of motility (15.6% to 7.2%, unnormalized) was also observed when

averaging over individual cells (Fig. 4-2D).

a-tubulin C. 150, D. 501
. s 40
g
= 1001 [} =
E °\° 30+ .o
: g | e
o\o (&) ®See"
g = 204 .:c
3 ® et
= A4
104 o
§
0 r r 0 T ;
0 2.2 0 22
[Nocodazole] (uM) [Nocodazole] (uM)

Figure 4-2: Disruption of microtubules decreases motility. A. Untreated, control cells. a-
tubulin (green) is labeled by immunofluorescence and nuclei with DAPI (blue). B.
Nocodazole-treated cells (2.2 pM, 30 min). C. Vesicle motility in control (n = 26,038
segments from 7,000 trajectories, control data is replotted from Fig. 1) and nocodazole-
treated (n = 19,823 segments from 7,390 trajectories) cells. The average (normalized) of
estimated segment motility is shown. Error bars show 95% Cls. Significance is determined
by Cls that do not overlap. D. Vesicle motility for individual cells (n = 70 control and 74
nocodazole-treated cells from 15 experiments). Horizontal lines show means. The
significance comparison is taken directly from population-level 95% Cls in C.

As expected, both cytoD and nocodazole significantly reduced motility through
cytoskeletal disruptions. Following the inhibition of actin polymerization with cytoD, the
remaining 79.3% motility is likely a combination of fast diffusion, remaining actin-based
transport, and microtubule- based motion, which is not affected by cytoD. Similarly,
when microtubules are disrupted, the remaining 45.8% motility could be attributed to fast
diffusion, nocodazole-resistant microtubules (452), and unaltered actin-based transport.

Although nocodazole can result in the fragmentation of the Golgi (452), the observed
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decrease in motility is in agreement with previous work showing that microtubule

disruption leads to decreased vesicle transport (417—420).

4.3.2 Disruption of ER decreases motility

The ER plays a key role in the positioning of vesicles (334,405,427). To
determine the influence of ER- vesicle interactions on vesicle motility, we disrupted the
ER using palmitate (437-441,447). Palmitate-induced lipid saturation causes cisternal ER
expansion (440). The ER expansion is visible in fluorescently labeled cells (Fig. 4-3A
and 4-3B). We found that disruption of the ER with palmitate (0.5 mM) led to a reduction
of motility (Fig. 4-3C, control = 100% [96.7 103.3], palmitate-treated = 69.3% [66.4
72.3]; [95% Cls]). This decrease in motility was also seen when averaging over

individual cells (Fig. 4-3D, 19.7% and 13.4% unnormalized).
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Figure 4-3: ER disruption decreases vesicle motility. A. Untreated, control cells. The ER is
labeled with ER-Tracker dye (red) and nuclei with DAPI (blue). B. Palmitate-treated cells
(0.5 mM, 4 hr). C. Vesicle motility in control (n = 26,257 segments from 7,300 trajectories)
and 0.5 mM (n = 19,797 segments from 7,000 trajectories) palmitate-treated cells. The
average (normalized) of estimated segment motility is shown. Error bars show 95% Cls.
Significance is determined by Cls that do not overlap. D. Vesicle motility for individual cells
(n =73 control and 70 0.5 mM palmitate-treated cells from 15 experiments). Horizontal
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lines show means. The significance comparison is taken directly from population-level 95%
Clsin C.

In addition to expansion of the ER, palmitate leads to ER stress associated with
mitochondrial dysfunction (453-455), ATP depletion (456-458), and increased apoptosis
(437,454,459). We confirmed that there was no significant loss of cell viability with an
MTT assay and no significant decrease in ATP using a luminescence assay (Fig. 4-8 and
4-10). This suggests that the decreased motility is due to the cisternal expansion of the

ER.

4.3.3 Reduced ribosomal concentration does not alter motility

Ribosomes are the macromolecular cellular structures responsible for protein
synthesis (1,460). Recent work has demonstrated that ribosomes serve as crowding
agents in the cytosol and that rapamycin decreases ribosomal concentration (436), in
addition to a host of metabolic and catabolic effects (461,462). As macromolecular
crowding can limit diffusion in the cytosol (423-426), we measured vesicle motility
following treatment of cells with rapamycin to decrease the concentration of ribosomes.
Using immunofluorescence, we confirmed that rapamycin decreases P-S6 (Fig. 4-4A and
4-4B), a ribosomal protein that serves as a marker for rapamycin activity and decreased
concentration of ribosomes (436). We found that there was no significant change to
vesicle motility with reduced ribosomal concentration (Fig. 4-4C). Similarly, no change
was observed when averaging over multiple cells (Fig. 4-4D). In comparison, Delarue et
al. observed a significant increase to the effective diffusion coefficients of particles >20

nm in diameter.
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This difference may be due to differences in the specific type of particle tracked.
Our experiments measure the intracellular transport of endogenous vesicles, mostly
lysosomes (Fig. 4-7) rather than the diffusion of genetically-introduced protein particles
tracked by Delarue, et al. The endogenous vesicles, in comparison to the protein particles,
are transported by motor proteins along the cytoskeleton while the protein particles are

limited to passive diffusion within the cell.
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Figure 4-4: Decreased ribosomal concentration does not alter vesicle motility. A. Untreated,
control cells with P-S6 (green) labeled by immunofluorescence and nuclei labeled with
DAPI (blue). B. Rapamycin-treated cells (1.5 nM, 3 hr). C. Vesicle motility in control (n =
12,591 segments from 3,000 trajectories) and rapamycin-treated (n = 11,543 segments from
2,900 trajectories) cells. The average (normalized) of estimated segment motility is shown.
Error bars show 95% Cls. Significance is determined by Cls that do not overlap. D. Vesicle
motility for each imaging location (n = 30 control and 29 rapamycin-treated cells total from
6 experiments). Horizontal lines show means. The significance comparison is taken directly
from population-level 95% Cls in C.

It should be noted that in addition to regulating ribosome concentration,
rapamycin has broad effects on cell metabolism and has been shown to significantly

decrease cell viability (463,464). We used an MTT assay to confirm that rapamycin did
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not decrease cell viability (Fig. 4-8). Additionally, we confirmed that the rapamycin

treatment did not deplete cellular ATP (Fig. 4-10).

4.3.4 ER and microtubules have the greatest impact on vesicle motility

Using the normalized change in motility, we can examine the relative impact of
the disruption of actin, microtubules, the ER, and ribosomal concentration on overall
vesicle motility (Fig. 4-5). Loss of actin and microtubules reduces motility by 20.7%
[17.7 23.8] and 54.2% [51.9 56.4], respectively (Figs. 4-1 and 4-2). Disruption of the ER
reduces motility by 30.7% [27.7 33.6] (Fig. 4-3). Decreasing ribosomal concentration
caused a 7.0% reduction [2.1 11.7] (Fig. 4-4), although this was not statistically
significant. These contributions are not additive as different types of motion contribute to
motility. For example, fast diffusion and actin comet motion (465-467), independent of
microtubules, would be classified as motile. Interestingly, these results show that
palmitate-mediated disruption of the ER has the second most significant impact on

vesicle motility.
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Figure 4-5: Comparison of decrease in vesicle motility due to disruption of the cytoskeleton,
ER, and ribosomes. Error bars show normalized 95% Cls. Significance is determined by
Cls that do not overlap. Disruption of microtubules and ER have the greatest impact on

vesicle motility.

4.3.5 Comparison of perinuclear and peripheral vesicle motility

Our previous work identified a regional difference in lysosomal transport with
greater motility of lysosomes in the periphery of the cell compared to the perinuclear
region. The same trend is observed here with tracking of dextran-labeled vesicles, rather
than specifically tracking lysosomes (Fig. 4-6A, periphery = 100.0% [97.3 102.7],
perinuclear = 77.1% [74.6 79.7]; [95% CI]). This regional dependence was also observed
for individual cells (20.6% to 14.9%, unnormalized). Although not probed directly, the
regional differences in motility may be due regional differences in the function and

organization of actin (468-470) and the ER (471).
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Figure 4-6: Vesicles in the cell periphery are more motile than in the perinuclear region. A.
Average motility of periphery (n = 37,106 segments from 9,316 trajectories) and perinuclear
(n = 27,780 segments from 7,894 trajectories) regions, normalized to cell periphery. Error
bars show 95% Cls. Significance is determined by Cls that do not overlap. B. Vesicle
motility for each region (n = 173 cells for both regions). Horizontal lines are means. The
significance comparison is taken directly from population-level 95% Cls in A.

4.4 Conclusions

Using single particle tracking fluorescence microscopy and our previously
described Bayesian changepoint method (336), we explored how disruption of transport-
related cellular structures affects vesicle motility. We found that inhibition of actin and
microtubule polymerization resulted in significant decreases in motility (Figs. 4-1 and 4-
2), as expected. Surprisingly, we found that palmitate-mediated cisternal expansion of the
ER resulted in a significant decrease in motility (Fig. 4-3). We observed no significant

change to motility as a result of decreasing ribosome concentration (Fig. 4-4). In addition,
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we found vesicles in the cell periphery were more motile than those in the perinuclear
region (Fig. 4-6), in agreement with our previous results (336).

Overall, our observation that ER disruption results in a large perturbation to vesicle
motility suggests that the ER is important in understanding the dynamics of intracellular
transport (Fig. 4-5). Previous work has shown that the ER is important for the positioning
of endolysosomal vesicles through a tethering mechanism (334,405). It is possible that
the palmitate-mediated disruption of the ER alters this tethering. In addition, palmitate
leads to significant cellular stresses, such as mitochondrial dysfunction (453,454) and
calcium dysregulation (455,456), which may cause changes in vesicle motility, although
MTT and ATP levels were not altered (Fig. 4-8 and 4-10).

In future work, it will be important to consider the implications for human health
and disease. The concentration of fatty acids is elevated in the blood of people with type
2 diabetes mellitus (T2DM) (472-475), and T2DM is associated with ER stress
(476,477). Further, primary mouse neuronal models of T2DM have been shown to have
decreased axonal transport (478,479) and primary adipocytes from type 2 diabetics
showed decreased GLUT4 vesicle trafficking (480). These observations all suggest the

possibility that ER disruption may be a factor in the transport-mediated effects of T2DM.

4.5 Supporting Data

4.5.1 Colocalization of dextran and LAMP1-positive vesicles

Conclusions drawn from the reduction of motility because of palmitate-induced
ER disruption can be further informed by identifying which vesicles are bearing the brunt
of this loss of motility. We completed colocalization experiments using pinocytically

internalized dextran, which localizes in vesicles indiscriminately, and BacMam emGFP-
112



LAMPL1 transduction for fluorescent signal specifically at the membrane of late
endosomes and lysosomes. We found that the majority of dextran-labeled vesicles
overall, were also LAMP1-positive, indicating that our sample population is
predominantly made up of late endosomes and lysosomes.

Comparing vesicle identity by region, we found that most vesicles in the
periphery were only labeled with dextran and likely reflect earlier endocytic
compartments that do not have LAMP1. Conversely, over 70% of dextran-labeled
vesicles within the perinuclear region also expressed LAMP1. We concluded that dextran
labeling is an efficient and high-signal method that largely does not bias for certain
vesicle identities. Additional research into the conclusions presented here in the context

of more specific vesicle labeling is merited.
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Figure 4-7: Colocalization of dextran- and LAMP1-positive vesicles. Dextran-positive
vesicles were randomly selected and then scored for an emGFP-LAMP1 signal. A.
Representative colocalization image with dextran (red) and emGFP-LAMP1 (green).
Colocalized vesicles appear orange. B. 43.7% of dextran-positive vesicles colocalize with
LAMP1-positive vesicles in the cell periphery (n =5 cells, 153 vesicles). 73.7% of dextran-
positive vesicles colocalize with LAMP1-positive vesicles in the perinuclear region (n =5
cells, 81 vesicles). Horizontal lines show means. Significance was determined by t-test **p <
0.01.
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4.5.2 Drug treatments do not affect cell health or ATP levels

An important element of these experiments is confirming that the applied drug
treatments do not significantly impact cell health and function in the time frames
examined. We used the MTT assay, which quantifies cell metabolic activity as a proxy
for viability and found that none of the drug treatments resulted in a decrease in viability.
Additionally, we examined the distribution of dextran-labeled vesicles imaged under each
condition and confirmed that the drug treatments did not alter the location of vesicles
within the cells, which would have confounded regional definitions. Finally, as ATP is
required for the functionality of motor proteins, the facilitators of directed transport in the
cell, we used a luminescence assay to confirm that none of the drug treatments depleted
ATP at the evaluated time points. Thus, the observed effects presented here are

independent of cell viability and ATP levels.
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Figure 4-8: Drug treatments do not decrease cell viability. Viability measured with the MTT
assay. A. CytoD (2 pM, 30 min), nocodazole (2.2 pM, 30 min), and rapamycin (1.5 pM, 3 hr)
showed no significant decrease in viability compared to an untreated control. Significance
was determined with one-way ANOVA and Dunnett’s post-hoc to control. B. Palmitate (0.5
mM, 4 hr) showed no significant difference in viability compared to the control.
Significance was determined with an unpaired t-test.
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Figure 4-9: Drug treatments do not alter vesicle distribution. Vesicles were labeled with
fluorescent dextran (red) and nuclei with DAPI (blue). A. Untreated control cells. B. CytoD
(2 pM, 30 min). C. Nocodazole (2.2 pM, 30 min). D. Palmitate (0.5 mM, 4 hr). E. Rapamycin

(1.5 pM, 3 hr).
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Figure 4-10: ATP quantification following drug treatments. A. CytoD, nocodazole, and
rapamycin did not significantly decrease ATP compared to an untreated control.
Significance was determined with a one-way ANOVA and Dunnett’s post-hoc to control. B.
Palmitate (0.5 mM) did not significantly decrease ATP from control. Significance
determined with an unpaired t-test.
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5 Conclusions
5.1 Summary

Our principal goal was to contextualize and understand the microscopic biophysical
behaviors exhibited by cells in response to nanomaterial and drug stimuli. Intracellular
transport, the method by which cells are able to directly move cargo from point to point,
bypassing inefficient diffusion is of particular interest. Numerous diseases, especially of
the nervous system, manifest either as a result of or with inhibited intracellular transport.
With ample particle tracking research in the literature, we sought to generate a novel
Bayesian inference-based approach to high-throughput tracking that was separate of the
flawed mean squared displacement. Through this new framework, we could elucidate
subtleties from the intricate cellular machinery governing transport.

To that end, in the lab, our experiments are necessarily within very controlled
environments; however, we can learn much about societal impacts of our work from
epidemiological perspectives of how people are affected by nanomaterials. A significant
exposure pathway for nanoparticles is inhalation. Using the CDC’s National Vital
Statistics System, we showed that this inhalation of nanoparticles, called
pneumoconiosis, significantly increases the relative risk of dying with chronic obstructive
pulmonary disease (COPD), pneumonia, and lung cancer, while non-lung diseases
remained largely unchanged. Interestingly, in combination with smoking,
pneumoconiosis displayed a synergistic effect in the increase of COPD rate beyond either
factor alone. Further, while smoking had minimal effect on the rate of pneumonia at time
of death, a pneumoconiosis was associated with a dramatic increase in pneumonia rate.

Taken together, these findings affirm decades of public health research on the risks of
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inhaled dusts and offer a clear warning for researchers, manufacturers, and government
agencies to protect workers and consumers from novel exposure risks as new
nanotechnology emerges.

Returning to the microscopic environment within the cell, we were faced with
numerous challenges. Primary among them is that there are so many biological processes
happening at any given time, it is intractable to visualize each of them in hopes of
isolating transport behaviors. This means that our data retains many unobserved variables
during our tracking, such as the cytoskeleton, the molecular motors, and other organelles.
The initial model design in Chapter 3 speaks to these unseen parameters by estimating the
effects of motor protein tethers and using aberrant velocity changes to evaluate
environmental changes around the observed vesicle. In addition, as we progressed in our
collaborative work with Professors Scott McKinley and Keisha Cook, we realized that
the imaging frame rate had to be dramatically increased from 1 Hz to 20 Hz in order to
capture the rapid changes in motion behavior, termed states, because this state switching
often occurred on the order of milliseconds rather than seconds.

We elected to explore how lysosome size and location affected observed motion
characteristics. Experimentally, we used sucrose, which osmotically swells lysosomes to
achieve dramatic increases in vesicle size and applied a mask to the tracking data to label
each trajectory segment by region. Afterward, we evaluated the motility and speed of
aggregate vesicle populations in using the model established in the methods. Notably, we
found that there was no change in motility dependent on lysosome size. Instead, the
effective diffusivity and speed were both significantly reduced for large lysosomes.
Conversely, we found a dramatic reduction in motility for lysosomes in the perinuclear
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region of the cell compared to the periphery. This is an extremely important result
because many analyses of particle tracking data do not control for region and may miss
significant effects with selection bias.

Now, having rigorously quantified a distinct disparity in lysosome motility
depending on cell region, we were interested in identifying on what biological
mechanisms could cause this difference. We first looked at vesicle density itself and
established that the reduction in motility was not attributable to the proximity of other
vesicles (Fig. A-1). We made an experimental design change at this point, substituting
fluorescent dextran, a fluid-phase marker of endocytosis, for the previous fluorescent
protein transduction. This both increases the signal of tracked targets, but generalizes
from lysosomes to all endocytic vesicles for more robust results across the cell.
Subsequently, we identified cellular structures related to intracellular transport to
investigate controlled disruptions and resultant effects on transport.

For example, as a baseline, we started with disruption of microtubules and actin
filaments, which, with molecular motors, enable the majority of directed motion in the
cell. Unsurprisingly, inhibition of actin polymerization using cytochalasin D resulted in a
significant decrease in vesicle motility (Fig. 4-1). Additionally, inhibition of microtubule
polymerization using nocodazole resulted in a significant decrease in vesicle motility
(Fig. 4-2). We concluded that a larger fraction of intracellular transport is driven by
microtubule-associated motors, such as kinesins and dyneins, by nature of the higher
reduction of motility with nocodazole treatment (Fig. 4-5).

From there, we characterized the effects of endoplasmic reticulum (ER) disruption
on vesicle motility. Numerous methods have been used to induce ER stress through the
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unfolded protein response (UPR) including hypoxia, calcium dysregulation, glucose
starvation, and excess fatty acids. We elected to disrupt the ER using palmitate
solubilized with BSA. In multiple cell lines (Figs. 4-3 and A-2), we found that palmitate
(0.5 mM, 4 hr) caused the formation of ovular distortions in the ER, similar to past work.
Measuring resultant vesicle motility, we found an interesting new result: this palmitate
incubation decreased motility by over 30% (Fig. 4-3), outpacing the inhibition of actin
filament polymerization explored earlier (Fig. 4-5). This result is particularly exciting
given significant literature noting the increased abundance of fatty acids in the serum of
patients with type 2 diabetes mellitus (T2DM) and obesity. Our findings may help to
identify novel transport-related complications of these and related diseases.

To illustrate the specificity of palmitate-induced ER disruption, we also examined
other known ER stress-inducing drugs, including thapsigargin. As in previous literature,
we found that thapsigargin (1.66 uM, 2 hr) produced similar ovular distortions in the ER
(Fig. A-3). Interestingly, we observed that this caused an increase in vesicle motility,
without changing cell viability or ATP levels (Fig. A-4). This demonstrates that the
effects of ER stress on vesicle motility are not monolithic and merit further exploration to
identify mechanisms beyond ER distortion.

We next considered another commonly explored topic in live cell particle tracking:
crowding. This idea is similar to the vesicle density experiment presented earlier (Fig. A-
1); however, instead, we decreased ribosomal density with rapamycin (1.5 uM, 3 hr) to
measure how motion would change. Notably, we observed no significant change in
vesicle motility (Fig. 4-4), which is in agreement with our findings on density in the
appendix. This also demonstrates how efficient directed transport is in the cell because
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the removal of potential obstacles through decreasing the concentration of ribosomes in
the cytosol had no effect on output motility.

Finally, we revisited the main conclusion presented in Chapter 3 and evaluated
whether the disparity between vesicles in the cell periphery and perinuclear region still
held with generic vesicle labeling as opposed to specifically lysosomes. Averaging across
over 30,000 trajectories per region from nearly 200 cells, we still find that vesicles in the
periphery are significantly more motile than those in the perinuclear region (Figure 4-6).
Notably, the ratio of periphery to perinuclear motility was not as pronounced with this
larger dataset than we saw previously (Table 3-1). This may point to differences in
vesicle identity (all vesicles vs. just lysosomes) that need to be further explored.

In short, we have demonstrated the risks associated with inhaled nanomaterials on
an epidemiological basis and developed an efficient particle tracking framework that is
separate of flawed mean squared displacements. We have used this particle tracking
framework to learn exciting new things about the how the cell facilitates intracellular
transport. For example, we have demonstrated that there is a rigorous and measurable
difference in the likelihood of motion depending on where a vesicle is located within the
cell. Further, we found that frequency of motion is unrelated to vesicle size and
crowding, showing that the intracellular transport is quite stable under these conditions.
Finally, we demonstrated an interesting new finding that palmitate-induced ER disruption
causes a dramatic decrease in vesicle motility, potentially linking our cell-level results to
health epidemics like obesity and type 2 diabetes mellitus.

Above all, we are particularly excited about the particle tracking framework.
Significant effort in our collaboration with Professors Scott McKinley and Keisha Cook
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was spent on finding the best experimental conditions and models to analyze live cell
tracking data without the use of mean squared displacements. We have demonstrated the
resultant tracking pipeline is extremely accurate and efficient and look forward to its use

in the field.

5.2 Potential for future applications

This research has opened an exciting pathway in cell biology. The particle tracking
framework developed here enables the accurate collection and characterization of tens of
thousands of trajectories per day by a single experimentalist on a personal computer. In
short, any biophysical problem that can be approached with fluorescence microscopy in a
live cell environment is convenient to trial with quick assessment of multiple
experimental conditions and then robustly analyze with in-depth exploration of desired
parameters. Following are some ideas for future work that we are particularly excited
about.

First, the endoplasmic reticulum (ER) has been clearly demonstrated to be a major
player in the positioning and motility of endo-lysosomal vesicles both in our work and
previous literature. Additionally, the disruption of the ER yields multifaceted responses
with a decrease in vesicle motility after palmitate treatment (Fig. 4-3) and an increase
with thapsigargin treatment (Fig. A-3). Numerous ER proteins have been identified as
tethers for essential cell functions such as lipid transfer and vesicle positioning.
Disruption of these tethers, such as RNF26 (405,481) and VAP (482), through gene
editing or siRNA could be combined with our high-throughput particle tracking
framework to help clarify how the cell controls and prioritizes vesicle trafficking and

placement and point toward curative measures for transport-related diseases.
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Additionally, throughout the work presented in this dissertation, we have pointed
out challenges with evaluating specific functions from tracked vesicles because of the
generality of probes used. Thus, the plethora of functions encompassed by trafficked
vesicles in the cell motivate further dissection. In past work (141,143), vesicle identities
have been evaluated with specific fluorescently labeled proteins in their membranes, such
as Rab5 and LAMP1, which correspond to early endosomes and late
endosomes/lysosomes respectively. In the future, cellular perturbations such as ER
disruption via palmitate could be conducted with individual vesicle identities maintained
to quantify the effects of said perturbations on specific vesicle populations. Knowing how
the trafficking of certain vesicle types is affected by certain stimuli could be essential in
developing theories of mechanism and treatment for dysfunctional behaviors.

Further, the use of a high-speed imaging strategy like we have presented here lends
itself quite well to quick processes such as cell membrane healing. Recent work
(414,483-485) has demonstrated the rapid (< 30 second) response of endo-lysosomal
vesicles to cytolysin-induced plasma membrane wounds. The appeal of our novel
analytical method is in the fact that rapid changes experienced by the cell such as the
Ca?* influx upon cell wounding could be accurately demarcated by establishing likely
changepoints in the data with time. This could not only help to visualize ion gradients in
the cell without the aid of dyes, but more importantly, would allow for identification of
all elements the recruitment process of endo-lysosomes to the cell membrane, exocytotic
healing, and then recovery with the maturation of new endo-lysosomes for this and

general purposes.
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An additional point of exploration comes with the cytoskeletal interactions described
in the introduction. We presented results for disruption of actin filaments, microtubules,
and intermediate filaments (Fig. A-5). Despite no reduction of ATP or cell viability (Fig.
A-6) with withaferin treatment, and no molecular motors associated with intermediate
filaments, we found a dose-dependent decrease in motility. This points to interesting
interplay between the components of the cytoskeleton discussed in the introduction.
Future work can better explain the how intermediate filament disruptions that are
metabolically well-tolerated by the cell are so effective at reducing vesicular motility.

Finally, what is most exciting about this work is that there are near limitless
applications for rigorous quantification of particle tracking data in biophysics research.
We expect that there are numerous discoveries to be made with the straightforward and
robust package of software described here. We acknowledge that although we have
learned a great deal about the motion of trafficked vesicles and potential implications for
ER disruption from our work, we have simultaneously charted a path toward future
mechanism discovery, drug delivery, and the development of curative measures for

debilitating diseases.
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Appendix A: Extensions of published particle tracking results
In addition to the results shown here from published journal articles, we have made
significant developments in other areas of intracellular transport manipulation. These

span both support of published findings and future areas that this research has enabled.

A.1 Vesicle density is not the sole cause of regional motility disparity

A question immediately emerges when we present repeated experiments showing
vesicles in the perinuclear region with decreased motility compared with those in the cell
periphery: is our qualitative definition of perinuclear region just a proxy for densely-
packed vesicles? In order to investigate this, we developed a masking technique in
ImageJ using a subset of the same data from Chapter 3. Like in our tracking experiments,
the centers of vesicles would be identified using subpixel localization. Subsequently,
where any lysosome that was found to be within 1.5 diameters from the center of a
reference lysosome, both would be marked as “dense.” Otherwise, they would be labeled
as “sparse.” Going through the same particle tracking analysis as before, we were then
able to infer the average motility of dense and sparse lysosomes. The results of this

process are shown in Figure A-1.
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Figure A-1: Lysosomal density does not significantly affect motility. A. Schematic showing

the identification of dense lysosomes by the automated mask in a BS-C-1 cell. The image is

gray scale and bright spots are GFP-expressing lysosomes B. Motility prediction by density
and region.

The plotting of the coordinates identified as “dense” by the previously described
technique is shown in Figure A-1A. Importantly, lysosomes identified as “dense” and
“sparse” could be found in both the cell periphery and the perinuclear region. This
allowed for a regional comparison of the data within density. We found that there was no
significant effect of density on vesicle motility, but rather, packing densities showed the
same trends of lysosomes in the periphery being more motile than those in the perinuclear
region (Figure A-1B). Although there are a plethora of differences in the composition of
the two reasons, it is clear that the difference in motility is not attributable solely to

having a higher density of lysosomes in the perinuclear region.

A.2 A549 cells respond similarly to palmitate treatment
It is common in cell culture experiments to replicate results across multiple cell
lines to demonstrate generalizability and bolster conclusions. We used A549 human lung

carcinoma cells in parallel with the published BS-C-1 monkey kidney cells to provide
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this additional support for our findings. A549 cells are smaller than BS-C-1s and
originate in a different tissue, but both are epithelial and largely similar in structure.
As before, we found that palmitate (0.5 mM, 4 hr) caused the formation of ring-shaped
distortions to the ER in A549 cells. Additionally, we observed a significant decrease in

vesicle motility across both aggregate segment estimates and individual cell averages.
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Figure A-2: Palmitate (0.5 mM, 4 hr) decreases motility in A549 cells. A. ER-Tracker stain

(red) and DAPI (blue) in control cells. B. Palmitate causes ovular distortions in ER as seen
in BS-C-1 cells. C. Vesicle motility in control (n = 6,615 segments from 2,500 trajectories)

and 0.5 mM (n = 5,523 segments from 2,441 trajectories) palmitate-treated cells. The

average (normalized) of estimated segment motility is shown. Error bars show 95% Cls.

Significance is determined by Cls that do not overlap. D. Vesicle motility for individual cells

(n =25 control and 25 0.5 mM palmitate-treated cells from 5 experiments). Horizontal lines

show means. The significance comparison is taken directly from population-level 95% Cls

in C.

This result affirms the potency of palmitate across cell types and underscores the

potential for acute lipid toxicity studies to elucidate transport behaviors in the cell.

A.3 ER stress from thapsigargin results in increased motility
In parallel with the experiments conducted using the fatty acid palmitate, we

completed a set of tests in A549 human lung carcinoma cells using the ER stressor
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thapsigargin, which induces the unfolded protein response (UPR) by depleting calcium
stores in the ER (486—489). Unlike palmitate-induced ER stress, which causes metabolic
disruption via the accumulation of excess fatty acids in cellular membranes such as the
ER, thapsigargin is a small molecule specifically associated with acute ER stress. Like
previous research, we found that thapsigargin (1.66 uM, 2 hr) causes the formation of
ovular distortions in the ER. Following the particle tracking protocol described above
with fluorescent dextran as a label, we were able to measure the effects of thapsigargin-
induced ER stress on vesicle motility.

Interestingly, we found that thapsigargin treatment caused an increase in vesicle
motility, unlike palmitate. This may point to subtle differences in cell response based on
how the ER is disrupted on relatively short time scales. To this end, other known ER
disruptors such as DTT, which causes protein misfolding (490-493), and tunicamycin,
which inhibits glycoprotein synthesis, causing the UPR, were also tested (486,494,495).
DTT caused a distinct decrease in viability, confounding any tracking results. Separately,
tunicamycin was not found to cause changes to vesicle motility at time points and
concentrations associated with ER stress in the literature. Future work will determine the
specific motility responses to ER disruption, but our findings with thapsigargin and

palmitate suggest that physical distortion of the ER may be especially potent.
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Figure A-3: Thapsigargin increases vesicle motility. A. ER stain (red) and DAPI (blue) in a
control cell. B. Thapsigargin (1.66 uM, 2 hr)-treated cells. C. Vesicle motility in control (n =
3,436 segments from 1,759 trajectories) and 1.66 pM (n = 4,865 segments from 2,000
trajectories) thapsigargin-treated cells. The average (normalized) of estimated segment
motility is shown. Error bars show 95% Cls. Significance is determined by Cls that do not
overlap. D. Vesicle motility for individual cells (n = 20 control and 20 1.66 pM palmitate-
treated cells from 5 experiments). Horizontal lines show means. The significance
comparison is taken directly from population-level 95% Cls in C.

As with the other treatments presented throughout this document, it is important
to show that thapsigargin does not cause measurable changes to cell viability or ATP
levels to separate the observed increase in motility from these potential confounding
factors. We completed an MTT assay as well as an ATP luminescence assay to address

this issue. Thapsigargin (1.66 uM, 2 hr) does not cause measurable changes to either of

these.
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Figure A-4: Confirmation of cell health after thapsigargin treatment (1.66 pM, 2 hr). A.
Thapsigargin did not significantly decrease cell viability. B. Cellular ATP levels did not
significantly change with thapsigargin treatment. Significance determined with unpaired t-
tests.

A.4 Disruption of intermediate filaments with withaferin A decreases
motility

In parallel with the experiments in Chapter 4, we investigated the disruption of
intermediate filaments with withaferin A, a steroidal lactone isolated from withania
somnerifa, mostly used in anti-cancer research (496-498). Previous work has
demonstrated withaferin A disrupts the organization of intermediate filaments (499-501).
Similarly, we used withaferin A to disrupt intermediate filaments and measured vesicle
motility as described in the methods of Chapter 4. Disruption was confirmed by

immunofluorescence as described above with an anti-vimentin antibody (#ab195878,

Alexa Fluor 647, Abcam).
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Figure A-5: Disruption of intermediate filaments decreases vesicle motility. A. Anti-
vimentin antibody (red) and DAPI (blue) in a control cell. B. Withaferin A (4.2 pM, 3 hr)-
treated cell. C. Vesicle motility in control (n = 18,132 segments from 4,300 trajectories), 1.4
pM (n = 16,632 segments from 4,200 trajectories) withaferin A-treated, 4.2 puM (n = 14,155

segments from 4,300 trajectories) withaferin A-treated cells, and 8.5 pM (n = 11,637
segments from 4,200 trajectories) withaferin A-treated cells. The average (normalized) of
estimated segment motility is shown. Error bars show 95% Cls. Significance is determined

by Cls that do not overlap. D. Vesicle motility for individual cells (n = 43 control, 42 1.4 pM
withaferin A-treated, 43 4.2 pM withaferin A-treated, and 42 8.5 uM withaferin A-treated
cells from 9 experiments). Horizontal lines show means. The significance comparison is
taken directly from population-level 95% Cls in C.
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Figure A-6: Confirmation of cell health after withaferin A treatment (1.4, 4.2, or 8.5 uM, 3
hr). A. Withaferin A did not significantly decrease cell viability. B. Cellular ATP levels did
not significantly change with withaferin A treatment. Significance determined with one-way
ANOVA and Dunnett’s post-hoc
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