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Advances in imaging and biological sample preparations now allow researchers
to study collective behavior in cellular networks with unprecedented detail. Imaging
the electrical signaling of neuronal networks at the cellular level has generated
exciting insights into the multiscale interactions within the brain. This thesis
aims at a complementary view of the general information processing of the brain,
focusing on other modes of non-electrical information. The modes discussed are the
collective, dynamical characteristics of non-electrically active, non-neuronal brain
cells, and mechanical systems. Astrocytes are the studied non-neuronal brain cells,
and the cytoskeleton is the studied dynamic, mechanical system consisting of various
filamentous networks. The two filamentous networks studied herein are the actin
cytoskeleton and the microtubule network. Techniques from calcium imaging and
cell mechanics are adapted to measure these often overlooked information channels,
which operate at length scales and timescales distinct from electrical information

transmission.



Structural, astrocyte actin images, microtubule structural image sequences, and
the calcium signals of collections of astrocytes are analyzed using computer vision and
information theory. Filamentous alignment of actin with nearby boundaries reveals
that stellate astrocytes have more perpendicularly oriented actin than undifferentiated
astrocytes. Harnessing the larger length scale and slower dynamical time scale of
microtubule filaments relative to actin filaments led to the creation of a computer
vision tool to measure lateral filamentous fluctuations. Finally, we adapt information
theory to the analog calcium (Ca®*) signals within astrocyte networks classified
according to subtype. We find that, despite multiple physiological differences between
immature and injured astrocytes, stellate (healthy) astrocytes have the same speed
of information transport as these other astrocyte subtypes. This uniformity in speed
persists when either the cytoskeleton (Latrunculin B) or energy state (ATP) is
perturbed. Astrocytes, regardless of physiological subtype, tend to behave similarly
when active under normal conditions. However, these healthy astrocytes respond
most significantly to energy perturbation, relative to immature and injured astrocytes,
as viewed through cross-correlation, mutual information, and partitioned entropy.

These results indicate the value of drawing information from structure and
dynamics. We developed and adapted tools across scales from nanometer scale
alignment of actin filaments to hundreds of microns scale information dynamics in
astrocyte networks. Including all potential modalities of information within complex
biological systems, such as the collective dynamics of astrocytes and the cytoskeleton
in brain networks is a step toward a fuller characterization of brain functioning and

cognition.
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Chapter 1: Overlooked information in neuronal networks and complex
biological systems: An introduction to astrocytes and

cytoskeletal dynamics

1.1 Introduction

The brain is not just neurons, and biological structures are not static.

The brain is a complex container of vast, dynamic, interacting subsystems
communicating and signaling in known and unknown ways. Brain cognition is
the epiphenomenon aggregating from these subsystems. Bolstered by technological
advances in imaging and information technology, the sheer amount of data on the
brain is extraordinary. The number of datasets, data size, and types of biological
data collected continually increases. However, data acquisition related to the brain
is typically conducted with a focus on understanding neuron-based interactions and
activity. The methods used to capture neuronal activity are extensive.

Methods used to capture the electrical activity of neurons at a large-scale
and cell-group scale include EEGs [1], and MEAs [2, 3], respectively. Advances
in uorescence microscopy and biomarker technology now also provide individual

cell-level images. Two-photon optical imaging allows researchers to follow calcium



uctuations within neuronal networks [4]. Other light microscopy modalities o ering
higher-spatial resolution (e.g., confocal) are used to identify functional (e.g., monosy-
naptic retrograde neuronal tracers and neuropeptides) and structural markers (e.qg.,
neuronal nuclei and cytoplasms) [5]. The complexity of this data is explored using
sophisticated computer vision and machine learning algorithms. Such algorithms
have highlighted heterogeneity in neuron morphology [6] and enabled 3D dendritic
reconstructions [7].

A powerful mesoscale imaging modality is magnetic resonance imaging (MRI).
One such technique is di usion tensor imaging (DTI) [8,9]. This method focuses solely
on the white-matter connections in the brain. A more popular method, functional
MRI (fMRI), is adapted to measure dynamic blood oxygenation (BOLD-blood
oxygenation level detection) in the brain [10,11]. BOLD signals follow localized
changes (uctuations) in brain blood ow. A network is formed by the mesoscale
functional links inferred from tracking these local ows across regions. Detailing
the dynamics embedded across nodes (brain regions) in these networks (set of all
links) are represented by topology models of the brain [12]. On a behavior study
scale, fMRI has been used to study reward processing [13] and stroke [14,15]. It is
now proposed that fMRI, rather than indirectly measuring neuron activity, could
directly measure the magnetic elds produced by action potentials [16]. With
a rapid expansion in data, the scientic community and the general public are
gaining increased awareness of how neuronal activity integrates into macroscopic
behavior patterns. Indeed, emotions [17], sleep states [18], executive functioning, and
memory [1921] are all now envisioned via neural circuits and the complex network
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topology of neurons [12,22,23]

However, information at the resolution of individual cells and their synapses
is proving drastically more daunting to collect and interpret. In organisms with a
smaller number of neurons, exciting data visualization of neural connectomes [24] of
C. Elegans[25] andC. Intestinalis [26] capture imaginations. These visualizations
frequently populate the internet, generating interest in exploring the wonders of
neuroscience. Notably, howeveC. Elegansonly has 302 neurons (50 glial cells) [27].
These studies on the connectomes of the brain use a wide range of techniques for
mapping connections [28,29]. Some of these techniques include but are not limited
to axon staining [24], molecular composition [30], and the synapse proteome [31].
These technologies are di cult to scale to higher organisms with more complex brain
structures. Additional 3D reconstructions of neuronal components are generated
using FIB/SEM [32] for such dense networks. A recent paper found & cells with
15026 synapses within a petabyte (4) of data in the human cortex using FIB/SEM.
This imaging was, however, con ned only to im? of the cerebral cortex, showing
the challenge of mapping large-scale brain structure in exquisite detail [33]. Much
less is known about astrocytes at the macro and cell levels. It is only very recently
that astrocytic (i.e., non-neuronal) component reconstructions have been investigated
with this technology [34], see Fig. 1.1. As a focus of such a wide breadth of active
research, the neuronal cellular system is the brain's most studied and highlighted
subsystem.

Studying the brain became possible with the advent of pioneering neuro-
scienti ¢ technologies. The neuron-centered focus is partly historical, as these
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Figure 1.1: Micron scale FIB/SEM architecture of astrocytes. Representative cube
is 1m 3. Reproduced with permission from Elsevier. Adapted from [34].

pioneering technologies captured electrical excitability [35]. New technologies can
measure a broader range of dynamics. But, largely, the dynamic signals measured
from these new technologies are not analyzed in their own right but as proxies for
electrical signals. Indeed, even when calcium markers are used for optical imaging of
neuronal networks, these markers serve as a proxy for occurrences of action potentials
on the order of 50 milliseconds [4]. In other words, the focus is still on the electrical
signaling of neurons. The range of achievements in neuroscience only via examining
the neuronal axis of information processing is remarkable.

Similarly, the multi-scale tools used to establish links in the brain are only
(1) electrical and (2) energy-based (fMRI). In this thesis, | study the dynamical
patterns of other spontaneously active informational modalities that are non-neuronal.
But, both astrocytes and the cytoskeleton possess functional roles that are energy-
expensive. Both of these systems possess dynamical patterns, albeit not electrically
active ones. How do these two systems t into the pre-existing neuronal framework?
How could the inclusion of the dynamics of these systems improve our understanding

of brain functionality? What is it about these additional information channels



that will enhance our knowledge? Are these modalities of information more crucial

to understanding health or disease in the brain? As a specic example, while re-
searchers may assume that fMRI measures neuronal activity, the active involvement
of astrocytes-enriched genes in cellular metabolism and astrocytes' high oxidative
metabolism can signi cantly impact BOLD signals [27,36]. Since BOLD signals

correlate with actual information processing in the brain, these discoveries provide
more evidence of the active contribution of astrocytes to cognition. Future research
will tap into these burgeoning developments outside of pure neuroscience; the brain's
non-neuronal and mechanical states will provide platforms for enhanced understand-
ing. This dissertation aims to contribute to the burgeoning developments happening

in this area.

Information had previously been an ambiguous term before it was assigned
meaning by Claude Shannon [37]. While information as a physical concept has only
been recently de ned, the dynamics of physical quantities in the universe, whether
electrical circuits or cells have always undergone information processing. In other
words, just because astrocytes and cytoskeletal dynamics have not been incorporated
into past models of the brain does not indicate that these dynamics did not a ect
the brain. In an interesting parallel, the views of both the brain and general cell
biology have been inadequately de ned; in essence, a complete investigation of all
modalities capable of producing some form of information has yet to be considered.
Indeed, the study of information science is used herein to tease out some of these
modalities. The brain is not just neurons, and cells do not only follow biochemical

or bioelectrical law; astrocytes are non-neuronal brain cells (glial cells) that have

5



signaling properties, and cells have internal mechanical dynamics that are intrinsic
properties of their states. In this regard, the conventional readouts of both the
brain and cells have yet to analyze the entirety of the informational dynamics as
measurable and dynamical quantities.

Glial cells are the traditionally acknowledged supportive, non-neuronal brain
cells. Astrocytes are an essential sub-type of glial cells. Astrocytes operate on slower
time scales in the brain relative to neurons and via non-electrical activity. Moreover,
the cytoskeleton has distinct dynamical modalities separate from biochemical and
bioelectrical dynamics [38,39]. All cells (including neurons) possess cellular states (or
characteristics) de nable by the mechanical dynamics of the cytoskeleton. Within
the complexity of biological systems, foundational neural research has overlooked
the importance of the excitable nature of astrocytes, and foundational cell biology
has similarly overlooked the excitable mechanical dynamics of the cell. This neglect
is not a scienti ¢ problem but, as previously mentioned, a result of the sheer success
of focusing on neurons. Why include more elements in an already overburdened
dataset? However, there is a growing eld linking these glial cells, linking the spa-
tiotemporal patterns of cells to pressing scienti ¢ problems, such as neurological
disorders. To better grasp the physical information embedded within astrocytes and
the cytoskeleton, this collection of works focuses an vitro techniques. in vitro
data provides a degree of control and cellular detail, enabling robust physics-based
and statistical analysis. In this dissertation, | demonstrate unique approaches to
characterize cytoskeletal laments in their angle organization and spatiotemporal
dynamics. Additionally, | study the slow signals arising from astrocyte networks.
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Di erent physiologies of astrocytes, as well as di erent components within astrocyte
networks, are examined. More precisely, | quantify cytoskeletal organization and
dynamics using STED microscopy, anisotropic Laplacian of Gaussian ltering, and
Optical Flow. Additionally, I apply symbolization to astrocyte Ca?* dynamics; sym-
bol dynamics is a powerful tool for adequately addressing the information processing
of astrocytes. | analyze the prominent physiological classes of astrocytes: immature
(polygonal), healthy (stellate), and injured (reactive). A follow-up investigation on
the information dynamics of stellate bodies versus processes is included. This research
and its impacts are enabled by the power of interdisciplinary research, motivated by
physics, at the intersection of biology, computer vision, and information theory.

The cytoskeleton is analyzed from both a structural and dynamical perspective.
First, structural, static STED images of astrocyte actin are analyzed using computer
vision techniques. It is found that preferential angle alignment exists for di erentiated
astrocytes relative to undi erentiated astrocytes. Building upon the work done
in astrocyte actin organization, | next studied another cytoskeletal system: the
microtubule network. One way to probe changes in cytoskeletal information is by
using optical ow. Dynamics arising from this information channel have shown wave-
like patterns demonstrating excitable systems phenomena. The microtubule network
has only been analyzed in speci c circumstances. Primarily, dynamical processes
and characteristics attributed to the microtubule network signaling are from particle-
tracking analysis on the end-tip proteins of microtubules. This analysis provides
important insights into the depolymerization processes of this network, known as
dynamic instability. However, lamentous microtubule work has been done on
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single or isolated laments. Due to the advances in imaging and biological markers,
we can now harness the physical information gained from microtubule lament
dynamics from high frame-rate image sequences. Utilizing the insights gained on
static astrocyte angle organization, we combine Optical Flow and LoG ltering
to generate a robust methodology for assessing lateral dynamics in microtubule
laments. This ability to analyze the dynamical forcing propertiesin vitro enables
robust studies in evaluating the native forcing environment, provided as a readout
by assessing lateral dynamics, and, importantly, enables robust quanti cation for
assessing external forces on the microtubule network such as via electric eld forcing.
This framework is discussed in Chapter 3.

Not much is known about astrocyte signaling. It has come a long way within
the past 30 years that astrocytes have been recognized as active, rather than passive,
components of information processing in the brain. Much less has been discussed
about the signaling di erences within di erent physiologies of astrocytes. Using in
vitro biological protocols, | assess the signals generated from polygonal, stellate, and
reactive astrocytes.In vitro image sequences provide proper resolution for individual
astrocyte segmentation, enabling reliable time series extraction from astrocytes.
Given that these astrocyte networks retain unique morphological complexity and
that the physical interactions between brain cells have been underexplored, this study
opens up the possibilities of linking cytoskeletal di erences more causally within
brain signals and information processing. In this work, | apply amplitude ordering
symbolization, derived from information theory, and partitioned entropy to analyze
astrocyte time series individually and in pairs. This application of information theory

8



to astrocyte signaling is demonstrated in Chapter 4

Neuronal literature frequently discusses synapses and synaptic connections
due to their ability to link nodes (neuronal cell bodies). Typically, the dynamics
of neuronal cell bodies are analyzed. If any dynamics are prescribed to synapses,
it is via weight regulations in simulated neuronal networks. Calcium signaling in
dendrites has been studied brie y, but the impact and attention given pales in
comparison. While astrocytes have neither synapses (the counterpart to synapses
IS gap junctions in astrocytes) nor dendrites, they have lamentous processes. We
use in vitro astrocyte protocols to induce stellation (the most robust method for
analyzing astrocyte processes) to explore the information processing contained within
the stellate processes. Increasing the magni cation of image sequences relative to
the work described in Chapter 5, we can demonstrate embedded di erences between
rising and falling state distributions between stellate bodies and processes. This
work has implications for the underlying processes arising in the unique behavior of
stellate astrocytes, as evidenced in Chapter 4.

Astrocytes and the cytoskeletal both have adaptative roles. Astrocytes have
homeostatic functions and respond to injury. The cytoskeletal reorganizes in response
to environmental cues. These roles promote the maintenance of water balance in
the brain and cell migration, respectively. These adaptative mechanisms persist in
de ning the nature of these systems. This persistence prevents a complete adoption of
these two systems as modes of information. Neurons perform other tasks other than
electrical signaling. Additionally, neurons adapt and respond to stimuli. However, the
primary way neurons are thought of is as constantly active cells, contributing to brain

9



functionality and cognition. Indeed, this natural (spontaneous) activity is a hallmark

of the neuron as a cell. In this regard, it is unsurprising that information-theoretic
and physics-based methodologies are applied to neuronal activity; the information
embedded in these cells provides rich dynamics. Astrocytes and the cytoskeleton are
spontaneously active and rich in information. Both astrocytes and the cytoskeleton
must be thought of as modes of information with naturally active dynamics that
may provide a readout for brain functionality. Notably, the issue in elucidating these
active modes is technological. A foundation of Chapters 4 and i, vitro stellate
astrocyte cultures only recently were made readily accessible [40,41]. Past culture
models of astrocytes only respond under exogenous in uence. Dicty cells needed to
be fused to provide spatial resolution large enough to analyze actin waves [39], which
may account for the limited understanding of natural cytoskeletal activity.

When actin dynamics are discussed [42], it is similar to the di erence between
how astrocyte signaling was traditionally conceptualized versus how this dissertation
treats this signaling (consult Figures 1.5 and 1.6, respectively){without any consider-
ation to the complex spatiotemporal patterning and waves. Even when astrocytes
were found to signal in waves, it took several decades to develop models to study
these waves spontaneously. Moreover, only recently has the mechanical system been
regarded as having its own waves and oscillations. The spontaneous rhythms in
both channels could actively contribute to the brain's information processing. This
dissertation aims to show results that demonstrate the insights to be gained from
taking this physics-based perspective. Additionally, it is hoped that this work will

push the interdisciplinary eld of biophysics more toward this direction.
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In this dissertation, | present my cytoskeleton organization and dynamics work
in Chapters 2 and 3. An in-depth analysis of astrocyte signaling will follow in Chapters
4 and 5. The methods and techniques | have applied to characterize overlooked
dynamics in astrocyte and cytoskeleton systems open up pathways for further analysis.
In the nal summary chapter, Chapter 6, | hint at projects established to causally
connect signaling and cytoskeletal dynamics using the previously described techniques.
Researchers can use these techniques to elucidate the same physical information in
systems previously analyzed. For an overview of more theoretical considerations of
optical ow and previous uses of computer vision techniques on the spatiotemporal
dynamics within biological systems, consult [43]. | conclude with a nal remark
on the motivation behind this dissertation. Active oscillations exist across di erent
scales in the spatiotemporal organization of cells, not just in the brain [44]. While the
information exchanges between astrocytes and neurons is an active area of research,
the existence of active oscillations in astrocytes is increasingly acknowledged. Such
acknowledgment of active oscillations extends to the cytoskeletal subsystem as well.
As the brain architecture is composed of various structural interactions, as showcased
in Fig 1.1, it is increasingly necessary to understand how the active nature of these
mechanical interactions [45] is contributing. We seek to understand both astrocyte
signaling dynamics and cytoskeletal dynamics not as players that adapt dynamically
but as naturally dynamic systems. Moreover, regarding astrocyte signaling, we
advance the notion of astrocyte signaling as an analog signal. The slope and heights
of the calcium events in astrocyte time series are relevant. Thus, we need more
complex information-theoretic tools suited to handle these data. Unlike for neurons,
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the information does not reside only in the peaks (for which neuronal signals are
frequently digitized). Astrocyte time series are not just on a slower time scale than
neuronal ring; astrocyte dynamics have more complex shapes, carrying di erent
dynamical properties. This argument is extendable to cytoskeletal dynamics as
well. Acceptance and acknowledgment of this dynamism may provide additional
readouts of brain activity and functionality akin to the BOLD signals found in
MRI. A breakdown of the di erent scales and the proximity of interactions to a
known active contributor (neuron) is found in Fig 1.2. The following sections provide
the reader with adequate background to understand this work's contributions to

neuroscience and biological physics.
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Figure 1.2: Dierent brain information scales. Only the neuronal axis has been
targeted as a source of active contribution to brain functionality. Astrocytes and
the cytoskeleton are traditionally viewed as adaptive systems. We recon gure and
adapt the notions presented in Fig. 1.3 to demonstrate the "'modes' of information
overlooked. Astrocytes have spontaneous signaling patterns. The cytoskeleton is
non-static and has dynamical wave-like patterns. Much like neurons, these naturally
active systems are modes of information. Much like neurons, these information
modes possess properties that may de ne brain functionality and cognition. Neuron
spiking reproduced from [46], Copyrightd 2003, IEEE. Calcium time series taken
from N. Mennona. The bottom portion of the gure, actin dynamics, is reproduced
under the terms of the Creative Commons Attribution License (CC BY) from [47].
Figure inspired by [44]
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1.2 Neuronal/electrical information paradigm

On the order of 100 billion neurons exist in the brain. Each of these neurons
possesses on the order of 10 10* synapses [48]. Due to their electrical activity,
neurons have been the only brain cells whose individual and collective signaling
patterns have been traditionally researched in depth. The functionality and structure
of these connections, coupled with physics and network science, have engendered
more mathematically sophisticated models of the brain, as seen by the richness in
the spatial, temporal, and topological perspectives of the brain [49] in Fig. 1.3. It
is impossible to overstate the contributions made to science in general by studying
neurons. Not only has the study of individual neurons yielded insights into behavior
patterns and disorders, but neuronal activity is the bedrock upon which arti cial
intelligence is built.

The most known model of neuronal activity is the Hodgkin-Huxley model [50].
This simple model is arguably one of the most essential models in the scienti c
community [51]. Hodgkin-Huxley describes the action of electrically active neurons.
This model involves a single neuron. The aftermath of neuronal modeling is now
de ned by "arti cial' versus "biological' neurons, mainly owing to the success of
simpli cation to neuronal ring on neural networks. For an updated overview of
the mathematical modeling distinctions, consult [52]. The impressive growth of
neuroscience (separate from computer science) has come about, though, mainly
from incorporating big data with applied mathematics and physics-based modeling.

Within this incorporation, the collective dynamics of neuronal ring have incurred
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Figure 1.3: Brain networks across spatiotemporal scales. Astrocytes and cytoskele-
tal interactions are not included in this sophisticated analysis. This gure was
adapted from Elsevier [49] under the terms of the Creative Commons Attribution-
NonCommercial-No Derivatives License (CC BY NC ND).

the most robust insights into the action of the brain. As the scales embedded in 1.3
show, these data and topologies are derived from solely focusing on neurons.

This complex network-scienti ¢ view of the brain is sourced from the electrical
information processing neurons perform. Successfully used as a proxy for brain
functionality, the electrical activity of neurons has solidi ed the modern concept
of the brain. The tools of information theory have been applied to this electrical
information processing whether generally [§35], in neural coding [56], pairwise
population interactions [57,58], or in the physics of neuroscience {39]. Success

has been demonstrated by introducing arti cial astrocytes into neuronal network

15



models [71], but the breadth of this sub eld is limited. A more focused discussion of
future incorporations of information theory into astrocytes is provided in 6. Still,
the interested reader should consult [§30]. In summary, due to the voluminous
guantity of research on neuronal information, one may assume these cells are the

only active contributors to brain signaling. This notion is incorrect.

1.3 Astrocytes: the hidden contributors to information processing in

the brain

Astrocytes, a subset of glia (derived from Latin for glue), are non-neuronal brain
cells. Like all living cells, there is a di erence between extracellular and cytosolic
ion concentrations in astrocytes. Some cytosolic ion concentrations di er from those
present in neurons [27]. Functional and heterogeneity of astrocytes is a hallmark of
the cell type. The diversity in astrocyte shape lays the groundwork for the work in
Chapter 4. Astrocytes have somas and outgrowths consisting of branches, branchlets,
and lea ets. Astrocyte endfeet contact the vasculature. Astrocytes are territorial cells
located in distinct non-overlapping regions [72]. These branches and branchlets are
broadly classi ed as processes, which are analyzed in Chapter 5. The ratio between
astrocytes and neurons is estimated to be 1:1 [73]. This ratio is a topic of active
research, but current estimates demonstrate the prevalence of these overlooked cells
in the brain. Thus, most of what is known about the brain only considers roughly
half of all active participants. Astrocytes are, in fact, active (not passive) participants

in information processing due to the discovery of astrocyte communication [74]. One
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need not abandon the notion of astrocytes as 'glue.’ Astrocytes, despite having
active signaling properties, still maintain a vital, immunologically supportive role in
the brain. This dissertation does not consider pathologies, but the consequences of
pathologies are implied as the reactivity [75] of astrocytes in response to injury plays a
key role in Chapter 4. Astrocytes' migratory capabilities throughout development [76]
enable the development of the glial scar [75,77], important for axon regeneration [78].
Importantly, the shape-shifting nature of astrocytes, this morphological adaptation
is implicated in injury and disease [7882], such as hydrocephalus [83], epilepsy
[84,85], and mood disorders [86,87]. Astrocytes adapt to the environment. This
sensing capability is explored in Chapter 2. Computer vision techniques are used to
demonstrate preferential angle alignment of di erentiated [88] astrocytes toward the
cell boundary [89]. Calcium signaling in astrocytes plays a role in ischemic stroke [90].
Astrocytes are coupled via gap-junctions, which, as a counter-part to synapses, allow
ion (e.g., K" and C&*) ow. These signaling aspects will appear in Chapters 4 and
5. The structural plasticity of astrocytes [91] (in part a consequence of astrocyte
mechanical sensing) plays a foundational role in the comparative analysis of the
signals of three prominent astrocyte classes: polygonal (immature), stellate (healthy),
and reactive (injured) astrocytes in Fig. 4. While not shown in this dissertation, |
demonstrated using Particle Image Velocimetry (PIV) and dimensionality reduction
that astrocyte migratory patterns retain di erent characteristics as a function of
both reactivity and water channel (OAP) knockdown.

Astrocyte signaling properties had not been previously analyzed due to their
non-electrical activity. With the improvement of calcium sensors, a new era of
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research devoted to understanding how astrocytes signal and the content embedded
within these signals has ourished [92]. Astrocytes have been implicated in a recently
advanced concept known as the 'Tri-Partite Synapse' [93]. This model, while under
debate, is reproduced in Fig. 1.4 As this dissertation does not consider interactions
at the "Tri-Partite Synapse,' it is left to the reader to explore this hypothesis in
subsequent chapters. The interest is in the calcium signaling of astrocytes and
astrocyte networks themselves. To reorient the reader's thinking regarding astrocyte
communication, consider the activity of neurons. Neuronal action potentials are the
electrical signals that allow neurons to communicate within networks. The timescale
of action potentials is on the order of 10s of milliseconds [95]. Now, astrocytes do not
have action potentials. Instead, their signals consist of calcium waves, for which Fig.
1.5 is a representative example. Fig. 1.5 showcases how excitability was discovered
and newly introduced into the working de nition of astrocyte activity. Notice that

the timescale for wave propagation through adjacent astrocytes is 10 seconds, three
orders of magnitude slower than neuronal activity. Thus, calcium waves are the
counterpart to action potentials (while gap junctions are the counterpart to synapses,
linking astrocytes as shown in Fig. 1.5.

While the discovery of astrocyte calcium waves is an important discovery,
understanding the properties and characteristics of astrocyte signaling is still an
active area of research [92,9701]. These contributions to the eld of astrocyte
excitability regard the complex signaling patterns as responses to exogenous in uences
rather than inherent properties of astrocytes. Note that the mechanical stimulation of

astrocytes (which is how the speed of 25m/s for a calcium wave has been established)
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Figure 1.4: The concept of the Tri-Partite Synapse extends the notion of information
processing in the brain. Reproduced with permission from Springer Nature. Adapted
from [94].
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Figure 1.5: Mechanisms described for the €asignaling of astrocytes. Astrocytes
intercellularly communicate via calcium waves. White marks in the top row represent
individual astrocytes. Reproduced with permission from Springer Nature. Adapted
from [94]. The bottom portion of the gure, representing the interconnected astrocyte
network through which calcium ows, is reproduced under the terms of the Creative

Commons Attribution License (CC BY) from [96].
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still implicitly regards astrocytes as passive. It is only with some exogenous factor,
such as neurons [102] or mechanical stimulation [74], that astrocytes are considered
worthy of investigation. This dissertation posits that natively astrocytes exhibit
rich and complex information processing, as seen in Fig. 1.6. Moreover, in contrast
to neuronal spiking, astrocyte dynamics are not merely slower but exhibit more
properties that render them analog, as opposed to neuronal dynamics, which are
readily digitized. In the spatial kymographs, as shown twice in Fig. 1.6, the calcium
signaling is not exactly wave-like (for which the uorescent would follow a straight
line in the red-boxed regions). For Fig. 1.6, the complex time-dependent patterning
of calcium signals (as shown in the leftmost gure) is transformed to visualize the
complex spatiotemporal patterns across an entire image sequence (rightmost gure).
Each elliptical yellow region demonstrates the heterogeneity in signal size, duration,
direction, and frequency. These patterns are not exactly wave-like, but varying time
delays and di ering initiating cells are demonstrated by the dynamics embedded in
the red boxes in Fig. 1.6. It is not enough to implicate calcium signaling [90] as an
important factor; the richness of astrocyte dynamics must be further explored and

more rigorously.

1.4 Mechanical character of information in brain cell interactions

Slowly, the interest in the mechanical properties of cells has risen. Even within
the context of the brain. The cytoskeleton and its arrangements are implicated

in general neurogenesis [103], calcium signaling [104], polarization of cell shape
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Figure 1.6: The eld of astrocyte calcium signaling is growing. This growth bene ts
our understanding of the brain. More attention must be paid to the active spatiotem-
poral patterns that exist within astrocyte networks. Here is where the physics of
astrocytes may provide as much insight as the physics of neuroscience. Dynamics
in red boxes demonstrate synchrony with other regions in the image, as well as the
varying patterning over time compared to other comparable red boxes. Data taken
from N. Mennona.

[105], axonogenesis [106],synapse structure [107],dendrite formation and memory
[108,109]. Similarly to the previous discussion on calcium signals in astrocytes, a
good way of thinking about the cytoskeleton is in thinking about these systems
as adaptive and active, containing information-dense spatiotemporal waves and
patterns [38, 39, 110114]. The links between neurons in the brain are synapses.
Brie y, neurons are connected via a pre- and post-synapse. Jointly, this synapse
allows the passage of neurotransmitters, or the downstream by-product of electrical
signaling (via the action potentials) in the brain. Synaptic interactions and synapses
themselves have been modeled purely as an electrochemical phenomena. Recently,
however, it has been shown that the synapse must additionally be thought of as a site
of mechanical interactions [45,115,116], as illustrated in Fig. 1.7. Given the nature

of the structural plasticity, morphological heterogeneity of astrocytes [86,91,117]
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Figure 1.7: The interactions between brain cells are mechanical. The cytoskeletal
interactions have been implicated, but to date, there is no causal link between
the spatiotemporal dynamics of chemical signals and mechanical oscillations. This
gure was adapted from Elsevier [115] under the terms of the Creative Commons

Attribution-NonCommercial-No Derivatives License (CC BY NC ND).

23



and the suggestion of the Tri-Partite synapse [93,118] as a model for information
processing, the implications of these mechanical views of the synapses may provide

the key for enhanced understanding of the brain.

1.5 Initial links between mechanical excitability and astrocytes

In following up on the questions raised by Ucar et al. [45], a study out of the
Losert lab has profound relevance that will inspire future researchers in the eld.
The work done for this dissertation from this work is reproduced in Chapter 2. The
relevance of the results not done by the author is expressed in his own words.

As previously mentioned, astrocytes are structurally adaptive and morphologi-
cally heterogeneous. Such adaptivity and heterogeneity may a ect the information
processing of brain networks contingent upon the veracity of the Tri-partite synapse.
Within this work [89], astrocytes of di erent morphologies are shown to demonstrate
distinct spatiotemporal actin dynamics. Thus, di erent astrocytes may provide di er-
ent forcing patterns on neuronal synapses. This result is followed up by work done in
co-culture, reproduced in Fig. 1.8. Here, it is shown that astrocytes co-cultured with
neurons exhibit stronger and more frequent actin "hotspots' (actin dynamics above a
threshold). This study is the rst to follow up the work of [45] with astrocytes while
leveraging the bene ts of a data-scienti ¢ analysis approach to the spatial patterning

of actin dynamics.

24



Figure 1.8: Using optical ow to measure small, active actin regions, astrocytes
co-cultured with neurons exhibit stronger and more frequent actin events. The e ect
is pronounced at the boundary where astrocytes may contact neuronal synapses.
Reproduced with permission from John Wiley and Sons [89]
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1.6 Actin laments versus Microtubules: A brief aside into imaging

cytoskeletal systems

The cytoskeletal work in this dissertation is done on static actin images in
Chapter 2 and on microtubule dynamics in Chapter 3. Only super-resolution (STED)
is su cient data to determine the actin angle organization results within that section.
Actin laments are neither as long nor as sti as microtubules. Persistence length of
microtubules is greater than 1 millimeter; actin laments 10m . Microtubules have a
diameter of 25 nm and actin laments 8 nm [119]. The size di erence is schematically
drawn in Fig. 1.9. Moreover, the thinness of actin laments requires STED resolution
to discriminate between neighboring laments. Reported literature on STED image
sequences of actin are too slow to gain insights into the spatiotemporal patterns of
actin [120]. Nonetheless, the results in Chapter 2 demonstrate that there are still

insights to be gained from static images with appropriate context provided.

1.7 Computer vision and information theory on astrocyte and cy-

toskeletal data

1.7.1 Matching computational techniques with biophysical questions

The works herein combine physics, computer vision, and information theory
techniques. Various methods and metrics are available for researchers to use within

each of these disciplines. As a developing eld, there are no standardized ways of
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Figure 1.9: Di erences in persistence length of actin laments versus microtubules.
Microtubules are longer, sti er, and more dispersed. Actin laments are more di cult

to visualize absent super-resolution. Reproduced with permission from Springer
Nature. Adapted from [121]
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practicing research. Indeed, this freedom allows researchers to creatively discover
new phenomena (e.g., eigenworm modes). However, this freedom comes at a risk of
creating artifacts arising from an improper use of technique. For example, consider
that Optical Flow and Particle Image Velocimetry (PIV) vectorize apparent motion

in a eld of view. Optical ow may prove more suitable for a research question
than PIV, and vice versa. Thus, we provide context on the metrics and algorithms

contained within this thesis.

1.7.2 Measuring entangled lamentous structures

Laplacian of Gaussian lItering is used in various chapters within this work. It
appears in Chapters 2,3, and 5. As an image processing kernel, Laplacian of Gaussian
Itering (L0G), an anisotropic lter, speci cally “picks out' rod-like objects within an
image. The anisotropy of the Iter enables the extraction of ‘rod-like' or lamentous
objects. As previously mentioned, there are various biophysical di erences between
the actin cytoskeleton and the microtubule network. However, in an image processing
algorithm, both structures are similarly shaped and can thus be picked out from a
Iter. In Chapter 5, deviating from using LoG ltering for cytoskeletal segmentation,
LoG is used for astrocyte process extraction. Essentially, these processes ‘look’
similar to the same actin and microtubule laments extracted in Chapters 2,3. The
intuition behind using the LoG kernel in Chapter 5 is to di erentiate the various

structures (which are approximately rod-like and circular for processes and cell

bodies, respectively) in stellate astrocyte networks. This di erentiation is crucial for
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uncovering information ow in the various calcium pathways developed for stellate

astrocyte signals.

1.7.3 Characterizing cytoskeletal lament network activity

In Chapter 3, | developed an algorithm for analyzing the lateral motion of
microtubule laments. While most research is devoted to tracking EB-tip, some
works analyze the motion of microtubule lament dynamics (cite Arpita). The
novelty of the work contained in Chapter 2 is two-fold: (1) by analyzing the lateral
(perpendicular) motion of microtubule laments, we can extract a measure of the
active forcing environment of a cell; (2) the use of the Laplacian of Gaussian (LoG)
Iter enables segmentation of overlapping laments. The forces (e.g., the pushing and
pulling of molecular motors) within cells are numerous. This state of this environment
can be read out from the internal mechanical dynamics of dense microtubule networks
as a function of this environment. Other methods of lament dynamics are coarse
grain and grouping the dynamics of di ering laments [122], but the method in
Chapter 2 provides a way to di erentiate these overlapping laments via angle
organization. Optical Flow, as a pixel-wise extraction of apparent motion within
an image sequence, is thus the appropriate computer vision measure to track the
movements of these segmented laments. Overall, a more nuanced measure of the

active forcing environment is available via analysis of lateral dynamics.
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1.7.4 Information theoretic tools for analog astrocyte signals

Astrocyte networks in vitro are frequently considered inactive or passive. This
is incorrect. With the development of more physiologically relevant protocols that
induce di erentiation of more in vivo astrocyte pro les, it is crucial to analyze the
various active signaling patterns within the three prominent classes of astrocytes.
Crucially, astrocyte signals are analog; they are not merely slower than neuronal
electrical ring but express di erent dynamical microstates (e.g., varying rise and
decay times). As such, binarizing the calcium events of astrocytes is inappropriate,
which is a common practice in neuronal dynamics research. Moreover, these analog
dynamics, rich in unexplored patterns, are dynamically distinct from the “spikes'
of neurons; this distinction is why astrocyte signals are regarded as events, not
spikes, in this thesis. Thus, peak- nding algorithms typically used for neuronal
spiking neglect the rich dynamics present in astrocyte calcium traces. The amplitude-
ordering symbolization invoked for Chapters 4,5 is a suitable measure to convert
calcium traces into a probabilistic state space in which each state represents a unique
dynamical permutation. These permutations are interpretable; for example, a state
"12345' can be regarded as a rise' as each uorescent value in a window exceeds the
previous value.

Symbolization is the foundational backbone of the astrocyte calcium signaling
analysis. This symbolization enables the use of Shannon entropy. Shannon entropy
is an interpretable measure for expressing the amount of information, or rather,

the occurrence of a diverse (or non-diverse) set of dynamics experienced. We
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are interested in understanding how the dynamic patterns in di ering astrocyte
physiologies are expressed, and such a measure helps distinguish the subtypes. The
other measures used are the Hurst exponent, cross-correlation, mutual information,
partitioned entropy, and the Wasserstein distance. These methods are explained
more in-depth in Chapter 4. Brie y, the Hurst exponent quanti es whether a calcium
trace is smooth in its dynamics; cross-correlation and mutual information describe
the exchange of dynamics between traces in absolute value and amplitude-ordered
space, respectively; partitioned entropy is a method for capturing the time-dependent
uctuations of the amplitude-ordered states themselves within an individual calcium
trace; and, as we are interested in distinguishing various physiological pro les via
the measures as mentioned earlier, we use the Wasserstein distance, as the “earth
mover's distance,' to quantify the di erences in a set of distributions across the

studied physiologies for any metric in focus.
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Chapter 2: Environmental sensing by primary rodent astrocytes re-
sults in nanotopographic dependent actin angle organiza-

tion

This chapter adapts sections from O'Neill et al [89]. Kate M.
O'Neill and Emanuela Saracino collected the data, Kate M. O'Neill
performed the optical ow analysis. Barbara Barile collected the
STED data. Nick Mennona performed the actin angle analysis on
STED actin data. Nick Mennona constructed the gures and wrote
most of the sections appearing in this chapter. The actin angle

analysis is the subject of this chapter.

2.1 Overview

Astrocytes are key regulators of brain homeostasis, equilibrating ion, water,
and neurotransmitter concentrations and maintaining essential conditions for proper
cognitive function. Recently, it was shown that excitability of the actin cytoskeleton
manifests in second-scale dynamic uctuations and acts as a sensor of chemo-physical
environmental cues. However, it is not known whether the cytoskeleton is excitable

in astrocytes and how the homeostatic function of astrocytes is linked to dynamics
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Figure 2.1: STED microscopy visualizes nanoscale actin structure within primary as-
trocytes grown on PDL and on HTlc A-B) Confocal microscopy images of representative
astrocytes grown on PDL-coated glass (A) or on HTlc Ims (B) for ve days, xed, and
stained for actin (green) and GFAP (red). Scalebars indicate 10um. C-D) Superresolution
images taken via STED microscopy of cells grown on PDL (C) and on HTlc (D) of boxed
yellow regions from A and B. Scalebars indicate 2.5um.

of the cytoskeleton. Here we show that homeostatic regulation involves the excitable
dynamics of actin in certain subcellular regions of astrocytes, especially near the
cell boundary. Super resolution images demonstrate that surface topography is also
associated with predominant perpendicular alignment of actin laments near the cell
boundary whereas at substrates result in an actin cortex mainly parallel to the cell

boundary.
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2.2 Actin Dynamics in primary rat astrocytes plated on PDL and

HTlc

The following is an excerpt written in my own words. This excerpt describes
the research done by K. O'Neill. The initial portion of the paper [89] describes
actin dynamics of primary rat astrocytes. Astrocytes were plated on poly-d-lysine
coated glass (PDL) or HTIc (Hydrotalcite-like compounds) nanotopographic Ims.
HTlc induces stellation in astrocytes, a more physiologically healthy astrocyte
state, whereas astrocytes grown on PDL display a polygonal morphology. Briey, to
visualize actin dynamics, a baculovirus transduction system was chosen to overexpress
actin-GFP due to its low transduction e ciency. This ensured only a single cell
was visible in a eld of view; cells were plated at 5k cells/well. Using computer
vision techniques, it was found that astrocytes plated on HTIc demonstrate more
frequent actin events at the boundary of cells but did not display the larger 'hotspot’
events observed in polygonal cells. Hotspot events are actin events surpassing a high
activity (optical ow magnitude) threshold. For more details, including additional
information on the analysis of co-cultured astrocyte dynamics, please refer to [89].
The nding of di erences in actin dynamics at the boundary inspired the following

work on static actin organization relative to astrocyte cell boundaries using STED.
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2.3 Immunostaining and superresolution imaging of xed astrocytes

2.3.1 Antibodies

For STED imaging, the following antibodies were used: mouse monoclonal
Anti-Glial Fibrillary Acidic Protein (GFAP) antibody (diluted 1:200; cat. no.
G3893; Sigma-Aldrich, MO, USA) and Goat anti-Mouse IgG (H+L) Highly Cross-
Adsorbed Secondary Antibody, Alexa Fluor 594 (diluted 1:300; cat. no. A-11032;
Thermo Fisher Scienti ¢, MA, USA) were used as a primary and secondary antibody,
respectively, for GFAP immunostaining. Alexa Fluor 488 Phalloidin (diluted 1:500;
cat. no. A12379; Thermo Fisher Scienti c, MA, USA) was used for direct labeling

of actin.

2.3.2 STED immunostaining

Immuno uorescence for gated STED (gSTED) was performed as indicated in
the Quick Guide to the STED Sample Preparation (www.leica-microsystems.com),
with some slight adjustments as previously reported [123,124].Astrocytes were plated
on the PDL and HTlc-treated coverslips and cultured for ve days. On the fth
day of culture, cells were xed with 2% paraformaldehyde (cat. no. P6148; Sigma-
Aldrich, MO, USA) in phosphate bu ered saline (PBS) for 10 min, washed with
PBS, and permeabilized with 0.3% Triton X-100 (cat. no. T8787; Sigma-Aldrich,
MO, USA) for 10 min. After blocking with 0.1% gelatin in PBS, xed astrocytes

were incubated with GFAP-primary antibody for 1 hr at room temperature. Cells
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were then rinsed with 0.1% gelatin-PBS and co-incubated with Alexa Fluor 488
Phalloidin and Alexa Fluor 594-conjugated secondary antibody for 1 hr at room
temperature. After washing with PBS, coverslips were mounted on microscope slides
by using the ProLong Glass Antifade Mountant (cat. no. P36980; Thermo Fisher
Scienti ¢, MA, USA) without DAPI, as indicated in Leica o cial guide, and imaged
with both confocal and STED microscopy. To avoid artifacts in cell morphology
and/or actin orientation due to dehydration, our xation protocol does not involve

dehydration with alcohols.

2.3.3 STED imaging

Confocal and STED images of xed astrocytes grown on PDL and HTlc were
acquired using a Leica TCS SP8 3X microscope, provided with AOTF and AOBS,
white light laser (WLL), Hybrid Detectors (HyD), and two STED lasers (592 nm, 660
nm) [124]. A Leica HC PL APO 100x/1.40 NA Oil STED White objective and Type
F Immersion liquid with a refractive index of 1.5 were used. Before starting imaging,
the excitation and the doughnut-shaped STED beams were switched on (WLL set
laser power= 70%; STED-592 nm set laser power = 98%), aligned, and allowed to
reach operating temperature. The beam alignment was repeated whenever necessary.
Excitation of the Alexa Fluor 488 dye was achieved using a continuous-wave 488 nm
laser line (NKT Photonics supercontinuum laser). For superresolution imaging of
actin, g-STED was performed using the continuous wave 592 nm-emitting STED

ber laser. More detailed acquisition settings are reported in [89]. All confocal and
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STED images were acquired at a set room temperature of 20 under constant
Acquisition Mode settings (Format scanning resolution: 1024x1024 pixels; Scan

Speed: 100 Hz).

2.4 Analysis of STED images of xed astrocytes

2.4.1 Laplacian of Gaussian (LoG) lItering to segment actin

To characterize the organization of the actin meshwork in STED images of
xed cells, as shown in Figure 2.1, we performed several image processing techniques.
Prior to processing, all STED images were adjusted using a contrast-limited adaptive
histogram equalization. The resolution of the STED images is 16.18pix/nm. Next,
each image was convolved with an anisotropic, rotating Laplacian of Gaussian (LoG)
kernel. The exact kernel parameters were determined through trial and error to
approximately match the cylindrical shape of actin as visualized by Phalloidin-488
staining. The number of angles through which the LoG kernel was rotated was
chosen to balance computational time and segmentation accuracy. For each pixel,
the best match angle was chosen via the maximum value resulting from convolving
that pixel with all rotations of the Iter, and a threshold was applied to ensure a
high-quality match. This processing resulted in a ltered image that highlighted
both the actin organization and the angle associated with each lament extracted
from kernel (see Figure 2.1A1l). The angles associated with the extracted actin
were de ned in terms of the Cartesian coordinate system, which is not biologically

meaningful. To establish the angle at which the actin organized relative to the
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cellular boundary, we manually drew a boundary for each cell. The number of pixels
per boundary varied on a cell-to-cell basis. For each pixel, we derived the angle
of that pixel's actin relative to the closest boundary point. This transformation
generated angles in the range of 0 to/2. We then applied an additional threshold

at an arbitrary value to only segment the longest actin (Figure 2.1A2); doing so
greatly reduced the noise in our processed data. We analyzed at least 15 individual
cells per nanotopographic surface, and the morphologies of the imaged areas varied
from cell to cell. Thus, the boundaries were generated to normalize the distributions
of the relative angles across the data sets. We noticed that for the STED images
taken of astrocytes grown on HTlc, there was more total boundary per unit-area.
Thus, the boundaries from which the relative angles were calculated were drawn to
coincide with only the leading edge of the cell (see Figure 2.1B for representative

examples).

2.4.2 Cluster analysis of relative angles

To understand how astrocytic actin organization di ers when the cells are
grown on di erent nanotopographies, we use a hierarchical cluster analysis. From
the relative angle distributions across both PDL and HTlc (22 individual cells and
15 individual cells, respectively), we group the distributions into \parallel" (angles
between 0 and /6) and \perpendicular" (angles between /3 and /2), as shown in
Figure 2.1B. As inputs to the clustering algorithm, we use the fractions of \parallel"

and \perpendicular" actin of the 37 individual cells but do not include information

38



about the corresponding nanotopographic surface. We [then ... generate] predictive

clusters of the input data.

2.5 Astrocytes sense nanotopographic cues through actin orientation

near the boundary

Inspired by our analysis of actin dynamics in live astrocytes, we sought to
understand i) why certain \hotspots" of actin dynamics are more prevalent in cells
grown on PDL than in cells grown on HTIc and ii) whether the characteristics of
actin dynamics are related to the underlying actin structure. To this end, we cultured
primary rat astrocytes on PDL-coated glass or on HTlc Ims and performed STED
microscopy on xed cells stained for F-actin and the intermediate lament protein glial
brillary acid protein (GFAP). Representative images are shown in Figure 2.1. HTIc
preferentially induces stellate morphology characteristic of di erentiated astrocytes,
whereas astrocytes cultured on PDL-coated glass display the polygonal shapes
characteristic of undi erentiated astrocytes grown in the absence of neurons [1230].
Finally, we chose not to use astrocytes co-cultured with neurons in this portion of our
study because overlapping protrusions would have been visualized via immunostaining
due to the density of the co-culture, thus preventing robust single-cell analysis. Cell
density did not present a technical or analytical challenge for our dynamics data
because transduction e ciency is low enough to obtain single cells in the eld of
view. Confocal images of F-actin labeled astrocytes reveal that there is a marked

tendency for cells grown on PDL (Figure 2.1A) to display a polygonal and dynamic
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Figure 2.2: Filtering STED images with a rotating, anisotropic LoG kernel reveals
di erences in nanoscale actin structure for astrocytes grown on PDL versus on HTIc
A) Extraction of relative angle information from actin laments. A1) STED images
are convolved with a rotating, anisotropic LoG kernel. A2) Filtering extracts actin
bundles and a best match angle that is relative to the MATLAB frame (\absolute
angle”) with a range of [0, 2] (shown as full colorwheel). A3) A leading edge
boundary (red) is drawn manually and is used to transform actin angles to be
relative to the closes boundary point (\relative angle") with a range of [0, /2]
(shown as a quarter colorwheel). B) Output from A for representative cells (PDL in
B1-B3, HTIc in B4-B6). All relative angles, parallel angles only (range of [0,/6]),
and perpendicular angles only (range of [0,/3, /2]) for representative PDL (B1,
B2, B3, respectively) and HTlc (B4, B5, B6, respectively) cells. Solid white lines
indicate leading edge boundary. Scalebars indicate 2..n. C) Parallel (y-axis) vs.
perpendicular (x-axis) fractions of actin detected within PDL (purple) and HTlc
(orange) astrocytes. A hierarchical cluster analysis reveals two distinct clusters
(cluster 1: open circles, cluster 2: crosses). Arrows indicate representative cells.
n=22 cells for PDL, and n=15 cells for HTlc.
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phenotype with distinct leading and trailing edges and several motile structures (i.e.
lamellipodia, lopodia, stress bers; Figure 2.1C). Conversely, in the \star" shaped
cells grown on HTlc (Figure 2.1B), the same motile elements that would indicate
direction of propagation are not clearly visible (Figure 2.1D). Moreover, the astrocytic
actin is seen to \burst" out of the actin cortex in HTIc cells (Figure 2.1D). This
bursting or \ aring" behavior is indicative of a functional microdomain, known to be
present in di erentiated astrocytes grown on HTlc [126]. Although many regions in
the representative HTlc cell display this microdomain morphology, the actin dynamics
of astrocytes plated on HTlc is of lower strength than that of astrocytes grown on
PDL (refer to Figure 3B [in the original text [89]]). Therefore, we chose to investigate
how astrocytic actin senses the di erent mechanical environments presented by PDL-
coated glass and HTlc Ims and analyze the subsequent cytoskeleton remodeling at
a nanoscale level via superresolution imaging. We used a method for quantitative,
semi-automated analysis of the actin bundles' preferential orientation to assess the
involvement of actin organization in sensing the local mechanical environment around
astrocytes [131]. Image analysis was performed by combining segmentation via an
anisotropic, rotating Laplacian of gaussian (LoG) kernel with a hierarchical cluster
analysis (see Figure 2.2A for a schematic overview and Materials and Methods for a
detailed description). These image processing techniques allow for the analysis of
actin angle organization and the determination of fractions of actin roughly parallel
versus roughly perpendicular to the leading edge of the cell boundary (Figure 2.2B).
From our clustered data, we determine that PDL astrocytic actin is oriented more
parallel relative to the leading edge of the astrocyte, whereas HTIc astrocytic actin is
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oriented more perpendicular (Figure 2.2C). The di erence seen between the actin of
cells grown on PDL versus on HTlIc is signi cant as the cluster algorithm identi es
two clusters within the data. Moreover, we see the cluster groups largely correspond
with the chosen nanotopography, with an error of seven out of 37 cells: one HTlc cell
is misclustered, and six PDL cells are misclustered (i.e., six PDL cells can be found
in the cluster of predicted HTIc actin fractions). While the di erences in dynamics
at the micron scale between astrocytes grown on HTIc and those grown on PDL
do not necessarily correspond to the di erences seen in structure at the nanometer
scale, our analytical approach reveals that the underlying nanoscale organization of
actin within astrocytes does indeed change when the cells are exposed to di erent
nanotopographic surfaces. Future work will optimize our co-culture approach and
determine how the nanoscale structure of astrocytic actin changes when astrocytes

are in contact with neurons.

2.6 Discussion

The polygonal phenotype of astrocytes grown on PDL is indicative of an im-
mature state, compared to the astrocytes grown on HTlc, which have prominent
processes protruding from the cell body (Figure 2.1B and 2.1D). When in an im-
mature state, it is possible that astrocytes in vivo are more likely to explore their
neighborhood for potential neuronal connections [132,133]. This might in turn cause
stronger actin dynamics in immature cells than in di erentiated astrocytes|...] Our

STED data might also provide the key to understanding why polygonal astrocytes
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display more robust cytoskeleton dynamics: a more parallel and dispersed organi-
zation of actin bers into a meshwork underneath the cell membrane is likely to
confer mechanical plasticity to the plasma membrane compared to di erentiated
cells grown on HTLc, where actin bers are packed into \actin rails" and not only
maintain the cell shape (especially in the cellular processes) but also might cause
membrane sti ness or resistance to motility. In support of our hypothesis, a recent
study demonstrated increased sti ness at the leading edge of migrating astrocytes
using live STED and atomic force microscopy [134]. We also hypothesize that this
distinct actin structure will lead to di erences in the interaction with neighboring
cells. As stellation enables communication with other cell types, perpendicular
actin may ensure processes are directed along the proper axis for communication.
Indeed, recent work implicates membrane-bound integrins, speci cally astrocytic
integrin-engaged Thyl, in interacting with the neuronal cytoskeleton to promote
astrocyte-neuron communication [135]. Moreover, our nding that almost all cells cul-
tured on HTlc have actin structures perpendicular to the boundary a rms the ability

of HTlc to encourage stellate morphology and di erentiation of astrocytes [136]. Our
analysis also hints that some cells grown on PDL have actin structures that \look™"
like the actin structures of stellate, di erentiated cells grown on HTlc, consistent
with previous observations that growth of astrocytes on PDL delays but does not
fully suppress spontaneous or gliotic di erentiation that might occur in standard
cell culture [13§139]. We postulate that these mechanical di erences may enable

di erent types of astrocytes to respond more e ciently to neuronal activity.
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Chapter 3: Filament displacement image analytics tool for use in

investigating dynamics of dense microtubule networks

This chapter is adapted from Mennona et al [140]. Some sentences
modi ed for thesis formatting. Nick Mennona performed the analysis
and wrote the paper, and Anna Sedelnikova collected the data based
upon instructions provided by Mennona during his summer 2021

internship with the Air Force Research Laboratory (AFRL).

3.1 Overview

The fate and motion of cells is in uenced by a variety of physical characteristics
of their microenvironments. Traditionally, mechanobiology focuses on external
mechanical phenomena such as cell movement and environmental sensing. However,
cells are inherently dynamic, where internal waves and internal oscillations are a
hallmark of living cells observed under a microscope. We propose that these internal
mechanical rhythms provide valuable information about cell health. Therefore, it
is valuable to capture the rhythms inside cells and quantify how drugs or physical
interventions a ect a cell's internal dynamics. One of the key dynamical entities inside

cells is the microtubule network. Typically, microtubule dynamics are measured by
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end-protein tracking. In contrast, this study introduces a new, easy-to-implement
approach to measure the lateral motion of the microtubule laments embedded
within dense networks with (at least) confocal resolution image sequences. Our
tool couples the computer vision algorithm optical ow with anisotropic, rotating
Laplacian of Gaussian Itering to characterize the lateral motion of dense microtubule
networks. We then showcase additional image analytics used to understand the e ect
of microtubule orientation and regional location on lateral motion. We argue that
our tool and these additional metrics provide a fuller picture of the active forcing

environment within cells.

3.2 Introduction

Microtubules (MTs) are sti tubular laments that comprise one of the main
mechanical structures within eukaryotic cells, similarly to the actin cortex. Much
research concerning MT dynamics focuses on the biochemical interactions involved
with single laments or in vitro networks of microtubules [141148]. However, MTs
form cargo networks within a cell body (due to their high relative sti ness); in other
words, MTs, enmeshed within a cell, must be regarded as a system from which
information regarding entire cell functionality and health can be extracted. Indeed,
guantifying this mechanical network is of interest since mechanical disruption of
these "highways' a ects cellular functionality [142,144,14951]. In addition, other
aspects of cellular mechanoregulation are assumed to functionally depend upon MT

deformation [150,151]. One way to create such mechanical disruption is through the
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major chemotherapy drugs that aim to prevent cell division by targeting microtubules,
most notably Nocodazole and Paxitaxel, which destabilize and stabilize microtubules,
respectively [152154]. Electric elds are also known to a ect microtubule structure,
since tubulin heterodimers are polar [155]; it is unknown whether electric elds drive
oscillatory behavior of MT networks.

Typically, the analysis of MTs in cells requires labeling end-tip (EB) proteins.
EB proteins are the end-proteins of MT laments that form comet-like trajectories;
the straight trajectories of these ends allow one to quantify the dynamical instability
(polymerization/depolymerization) which characterizes MT behavior [156]. Moreover,
algorithms exist, for example PlusTipTracker [157], which allows one to quantify the
trajectories of such comets. However, analysis of the dynamics of the microtubule
laments themselves in the literature has not been well studied. E orts have been
made to analyze the coarse-grained dynamics of laments in a speci c region [122].
Such e orts provide large-scale insight but do not address the perpendicular motion
of individual laments (in an overlapping mesh network), which re ects internal
forcing. Given that the MT network is contained within a forcing environment (MTs
respond to shear forcing, hydrodynamic forcing, cytoskeletal force generation from
kinesin and dynein; due to the high persistence length of MTs, thermal forcing is
negligible [141148]), the motion of the laments will re ect the overall active forcing
environment around the MT network within the cell. As a result, we retain a fuller
picture of the internal rhythms of cellular mechanics than just focusing on the growth
mechanics of microtubules themselves.

Here we introduce a lament displacement image analysis method (FIDI)
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for quantifying lateral dynamics of microtubules that form a dense network. The
image processing algorithms combined in this method are: anisotropic Laplacian of
Gaussian ltering (LoG), a second order edge detection algorithm, and Optical Flow
(OF), a computer vision technique used to quantify local motion at close to the pixel
scale [158,159]. In previous work we used each of these tools separately. LoG Itering
identi ed orientation organization in static actin lament networks [89] while optical
ow quanti ed the dynamics of polymerized actin [110]. In this paper, we combine
these algorithms (LoG+OF) for analyzing the dynamics of dense microtubule lament
networks. Although super-resolution has shown to bene t researchers investigating
cytoskeletal laments [89, 160], with just confocal imaging our tool is still able to
capture the motions of MTs embedded within the active forcing environment.

FIDI is distinct from other tools used for understanding bending dynamics
of cytoskeletal laments. Previous algorithmic tools have been developed to track
laments along their lengths and model the dynamics to quantify the persistence
length and bending rigidity of cytoskeletal laments. Indeed, other studies have
devoted attention to the physical modelling of these lamentous networks [161,162].
Even if the density of the network renders individual lament tracking impossible,
lateral motion of the constituent laments in the MT network is still visible by eye. OF
is not su cient alone to quantify this motion since motion of two crossing laments
(frequently encountered in dense lamentous networks) will generate artifacts in the
optical ow eld. As we are not tracking laments over time, LoG provides us with
pixels belonging to a MT lament while OF measures the movement of detected pixel

over time. In summary, we pre- Iter our data with LoG and then further measure
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with OF, which allows us to (1) identify pixels associated with MT laments (2)
group lamentous pixels with similar angles, and then subsequently measure the
lateral motion of such detected objects. Using additional image processing tools, we
can separately analyze the motions of MT laments depending upon the lament

angle (generated as output from LoG ltering) and the region within cells.

3.3 Experimental Methods

3.3.1 Cell Culture

Rodent neuroblastoma-glioma cells (NG108-15 (108CC15) ATCC HB-12317,
Manassas, VA) were cultured at 37C in a humidi ed 95% air, 5% CO2 atmosphere in
Dulbecco's Modi ed Eagle's Medium (DMEM, 11965-092, Invitrogen, Carlsbad, CA)
containing no sodium pyruvate, 10 % Fetal Bovine Serum (FBS), 1 I.U./ml penicillin,
0.1 g/ml streptomycin, 0.1 mM hypoxanthine, 400 nM aminopterin, and 0.016 mM
thymidine. Cells were harvested between passages 20 and 30 and plated at a density of
104 cells/cnt on Poly-D-Lysine (100 g/ml, Sigma P7886) precoated glass-bottomed
dishes (MatTek) in serum-free medium consisting of DMEM, 1 mM dibutyryl cyclic
AMP (Millipore-Sigma), and antibiotics. Di erentiation was induced 24 hr after cell
plating by replacing the growth medium with a di erentiating medium in which the
FBS had been substituted with B27 (Gibco 17504044) and supplemented with 1 mM
dibutyryl cAMP (Tocris 1141). The di erentiating medium was replaced every 48
hr. Cells were used for experiments after 7-14 days of di erentiation. Di erentiated

cells exhibited spontaneous APs, evoked by current injection in 50 % and 70 % of
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the cells at 10 days post di erentiation. Chinese Hamster Ovarian-K1 (CHO-K1)
was obtained from ATCC (Manassas, Virginia). CHO-K1 cells were cultured in F12
K medium supplemented with 10 % fetal bovine serum, 2 mM I-glutamine, and
100 U/mL penicillin/streptomycin at 37 °C with 5 % CO2 in air. Plasmids and
Cellular Transfection L304-EGFP-Tubulin-WT, which speci cally labels tubulin, was

a gift from Weiping Han (Addgene plasmid #64060; http://n2t.net/addgene:64060;
RRID:Addgene 64060). Plasmid DNA was prepared using a Qiagen Plasmid Plus
Maxi Kit (12963, Qiagen, Germantown, MD). For the lentiviral construct (L304-
EGFP-Tubulin-WT), the plasmid was packaged into lentivirus and ampli ed to 108

infectious units (IFU)/ml.

3.3.2 Generation EGFP-Tubulin expressing lentivirus

L304-EGFP-Tubulin-WT construct was packaged in pseudoviral particles in
293TN producer cells (SBI, LV900A-1), supernatant containing pseudoviral particles
was collected at 48 hr. post transfection, ltered at 0.45um PVDF lters and
centrifuged at 50,000Xg, 90 min at 4C. Then pseudoviral containing precipitate was
re-suspended in TNE bu er (50 mM Tris, pH 7.8, 130 mM NacCl, 1 mM EDTA), virus
was stored in 10Qul aliquots at -80 °C. Relative pseudoviral titer was determined
by transducing cells and by counting the number of cells expressing EGFP-Tub,

allowing 72 hours for expression to start.
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Figure 3.1: LoG algorithm extracts MT laments in every frame. (a) NG108 cell line with
uorescently labelled microtubule laments. This confocal image displays a MT network
with representative density of laments. (b) Cytoskeletal networks containing laments
oriented in di erent directions. Even with the relatively low image resolution, the variety of
microtubule orientations (some laments are tilted while others are horizontal) is apparent.
(c) Anisotropic, rotating Laplacian of Gaussian (LoG) Iter with some rotation steps.
The rods (right leaning, left leaning, and vertical) in each of the three images represent
the LoG kernel with angle prescribed as the closest area on the colorwheel (di erent
shading represents di erent angles). These rods resemble the shapes of microtubules,
which showcases how microtubules are detected. Note, that once microtubule pixels
are found above a threshold, each pixel is ascribed an associated angle belonging to
which kernel causes maximal value in the max projection step. (d) Filament Orientation
Map output from convolving data in (a) with kernel in (c). This nal output shows

all microtubule laments detected. Note that the there are spatial homogeneities with
neighboring pixels which amounts to lament detection. Moreover, note that there are
regions of white (corresponding to pixels not valued as microtubules) within the image;
areas not white (di erent colors and shades) represent regions where the algorithm has
identi ed a lamentous pixel and has prescribed an angle for this pixel. We found that
LoG paramters of [1, 7] for the sigma in® and § as well as 30 rotations to work well with
our data. Our scripts are provided in the GitHub link at the end of the manuscript. Scale
bars are 10um for (a) and (d); scale bar is 5um for (b).
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3.3.3 Microscopy

Image sequences were acquired using the L&calCS SP5. Confocal mi-
croscopy was performed with magni cation of 40x water immersion objective. Con-
version ratio from pixel to micron ranged from 0.04 to 0.15 microns/pix. Image
sequences were acquired every 1.1 seconds, which is faster than previous studies [161].

Images analyzed were of “strips' of cells with image dimensions of 40x1024.

3.4 Results

3.4.1 Anisotropic Laplacian of Gaussian ltering highlights MT la-
ments

The data used for prototyping the algorithm contains image sequences of
Tubulin-GFP transfected NG108 cells as seen in Fig. 3.1(a). Within these cells,
we observe by eye a dense network of microtubule laments. These laments are
oriented in several di erent directions within the cell body as shown in the zoomed-in
region in Fig. 3.1(b). After preprocessing with a Gaussian lIter, we convolve these
data with a rotating, anisotropic LoG kernel. Examples of rotations of the kernel are
shown in Fig. 3.1(c) (di erent orientations, i.e. left-learning, right leaning, vertical,
in addition to di erent shades/colors correspond to di erent angles). Due to the
bidirectional nature of the kernel, we rotate the kernel through radians (as opposed
to 2 radians) at a discrete number of angles, a parameter chosen for accuracy and

speed. Given data with N columns and M rows, the convolution results in a matrix
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with n columns and m rows, where n,m = N-p, M-p (p is de ned as the padding size
used to avoid artifacts). Edge e ects occur when convolving close to the edges of
data frames where the convolution is likely to extend beyond the image frame. We x
the padding at 6 pixels based upon observation of edge anomalies. Due to the nature
of our data, as discussed later, we desire to retain as much lament information as

possible. The kernel for this convolution is described in Eg. (3.1).

. y2+ 2 x2= 2 2= 2
Loy = L Lexp —— S
y Xy

(3.1)

The anisotropy of the LoG kernel results from the quadratic pre-factor and the
di erent sigma parameters in the Gaussian. To achieve a rod-like object for extraction
of lament-like objects, we induce anisotropy in the minor axis§) by penalizing
for extending in that direction. Indeed, notice that higher values of y corresponds
to lower values of L in Eq. (3.1). This anisotropy causes the rapid drop 0 as seen
in Fig. 3.1(c) (notice the color/shade of the rod remains relatively constant while
areas far away from the rod in the perpendicular direction are darker). Additionally,
the di erent sigma parameters, , and , regulate the width of the kernel in®
and ¢, which can vary the thickness of the rod furthering the anisotropic e ect.
After convolution, a matrix with dimensions n,m,a results (where a is de ned as the
discrete number of angles chosen for kernel rotation); we have then "a' (N-p)x(M-p)
frames and we take the max projection of this matrix in the "a’ dimension to arrive
at our nal output matrix. Finally, we threshold these maximal values to ensure they

correspond to laments. This output matrix contains pixels which (1) have been
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Figure 3.2: Lateral motion of detected laments is quanti ed by coupling OF with
LoG. (a) Two frames separated by time are shown overlaid on top of each other.
The minimal di erences between the frames are shown by the green and magenta
pixels (grayer shades{lighter from one frame, darker for the other{correspond to
di erences in either frame, white regions are pixels shared by both frames). (b) The
frame overlay in (a) can be better represented as a di erence image (a frame earlier
in time subtracted from a frame later in time) where the pixels now correspond to
the magnitude of intensity changes over time. (c) Using the equation in Eq. (3.2),
we generate vectors of motion as represented by the yellow arrows (lighter regions
with 'clusters' of activity/arrows). Similarly to LoG, we nd local neighborhoods

for assessing motion. For our results, we use a kernel width, in bathand ¥, as 5.
(d),(e) These masks showcase horizontal and vertical laments, respectively. Notice
that with our rotating LoG kernel, we are able to separately partition laments to
focus on speci ¢ orientations for analysis. (f) This schematic shows laments in one
frame (tan undashed lines) and a subsequent frame (brown dashed lines). Due to
the crosslinking of laments, the overall OF motion would normally be quanti ed by
the larger black arrow. However, since we have access to the lament information
(for which the two tan undashed lines are oriented in di erent directions) we can
decompose that larger black vector into components perpendicular to each lament
as shown by the smaller blue (lighter) arrows and analyze them separately (and
we have access to the di erent laments despite the crosslinking based upon the
di erent orientations output). In this regard, we overcome the di culty of analyzing
dense MT networks and assess lateral motion. Scale bars are |15
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detected above the threshold, and (2) have an angle, initially in the range [0, R
associated with them. An example output is seen in Fig. 3.1(d), where the colors
(shades) correspond to the angles in the color wheel in Fig. 3.1(c). Our LoG ltering
detects laments on a pixel basis. The use of pixel-by-pixel detection foregoes the
di culty in tracking a lament with uctuating length and changing position over
time. In this sense the algorithm measures changes in motion but is agnostic as to
which laments are moving or had previously moved. Moreover, our pixel detection
method allows us to detect with (sub) pixel accuracy microtubule uctuation (even
for a lament with xed length). We optimize our Iter threshold to select those
pixels which belong to noticeable laments, and to minimize the detected edges

which do not belong to laments in the output data.

3.4.2 Capturing lateral motion of detected MT laments in dense
networks using Optical Flow

We apply the Lucas-Kanade optical ow algorithm onto the preprocessed data.
Optical Flow measures the spatial changes in image intensity over time, an example
of applicable data for this algorithm is shown in Fig. 3.2(a). The algorithm detects
pixel intensity changes between frames, as shown in Fig. 3.2(b), and spatially de nes
these intensity changes; as such we are given vectors that describe the motion. The
OF output for the data shown in Fig. 3.2(a) is produced in Fig. 3.2(c). In this
way, we can assess apparent motion within the uorescently labelled cells. Outputs

from OF are a magnitude and orientation matrix, which allow us to understand the
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speed of the motion as well as its direction. For a more detailed explanation of OF,
please consult [110]. The equation for OF is referenced in Eq. (3.2). We store the
magnitude and orientation output from convolution of the dataset with OF. We use
the laments detected by LoG as a mask overlaid upon the OF magnitude matrix.
Additionally, we can further partition our LoG output to speci ¢ angles of focus, as
seen in the horizontal and vertical detected laments shown in Figs. 3.2(d,e). Only
those pixels which contain values (i.e. not NaN values) in both LoG and OF output
correspond to bending motion. The metric for bending is calculated by taking the
portion of the OF vector perpendicular to the detected lament, as this measures
lateral motion. To restate, from the OF vector, we are only using the component of
the OF vector that is perpendicular to those laments detected in LoG (regardless
of the orientation of the laments given from the previously described LoG output).
The process is shown in schematic, and the ability to overcome crosslinking laments
is further explained in Fig. 3.2(f). For this reason, we claim we are capturing the
lateral motion of microtubules. We achieve this by taking the sine function of the
angle between the lament's orientation and the OF vector (i.e. we take the cross

product).

1 oy @I (3.2)
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Figure 3.3: Manual veri cation of FIDI. Comparison of the strips of CHO laments
reveals the small (sub) pixel level movements of these clearly de ned laments. (a)
Two frames at di erence time points, tO and t1 separated vertically. The overlay of
the two frames shows the di erences in movement. Most of this movement is small;
pixels from t0 and t1 are identi ed as green and magenta, respectively (shades more
gray but not dark represent regions of activity from either frame; white represents
regions of overlap. See (c) for more detail.). (b) For the tO and t1 frames shown
in (a), we show the LoG generated output (di erent colors and shades represent
di erent angles). The slight heterogeneity of angles within the laments is due to our
pixel level detection of laments. Overall, however, the general angle of the lament
Is well-de ned by eye. The LoG output overlaid below t1 showcases the agreement
of our kernel parameters with the actual data. (c) In order to verify whether our
algorithm is assessing motion with realistic output, a di erence image of the detected
laments (using the LoG outputs from (b)) is generated. We further notice subpixel
level di erences. We quantify the area of these objects, which correspond to motion,
and take the square root to mimic perpendicular motion relative to a lament. (d)
We compare the values of our algorithm with a manual calculation of the square
root of di erence "objects' found. We notice that FIDI captures with sub-pixel level
accuracy the movements of laments across frames.
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3.4.3 Manual Comparison of Detected Motion

To assess the reliability of our detection of the microtubule lateral motion,
we verify outputted values with a manual estimation of movement. As shown in
Fig. 3.3(a), the movement of the strips of data collected for CHO cells results in
di erences that are on the (sub) pixel level. Furthermore, the di erences in between
the LoG output generated from slices tO and t1 in Fig. 3.3(a) are minimal, but these
di erences can still be seen by eye, see Fig. 3.3(b) and Fig. 3.3(c) for comparison.
To properly verify FIDI, we binarize the di erence image (those values shown in
neither white nor black in Fig. 3.3(c)) to arrive at an absolute di erence image.
This absolute di erence corresponds to overall movement of laments. From this
di erence image, we use MATLAB's regionprops function to extract an area estimate
of all "objects,' i.e. detected objects correspond to movements of laments across
frames. Since we are interested only in the perpendicular motion of the laments,
we estimate the motion by taking the square root of all objects detected by the
regionprops algorithm. We notice that our algorithm accurately captures a majority
of the movement in a sub-pixel regime (note, the lower bound of the region props
area values is 1). We conclude that the majority of the movements correspond to

the curve generated by manual estimation. See Fig. 3.3(d).

3.4.4 Quantifying lateral motion to assess active forcing environments

We use our FIDI tool to assess the active forcing environment of MTs within

cells. To achieve the best possible results with our tool, we use strips of areas of
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Figure 3.4: Composite dynamic microtubules in CHO cells reveal di erences in lateral
motion based upon orientation and location. (a) Strips of CHO microtubules are taken.
These strips have a higher frame rate and resolution than standard confocal imaging. We
concatenate the strips as each strip contains di erent information of microtubule dynamics.
(b) We nd each lament's orientation relative to its closest boundary point. Given a
pixel's LoG outputted angle, we nd the relative angle between the angle created from the
vector normal to the boundary and the unit vector created from the LoG angle. (c) The
relative angle output from the composite image in (a) is shown. The color wheel displays
angle colors corresponding to [0,= 2] (d). The composite cell image is used to generate a
mask from which angles relative to the boundary of the mask are generated. These regions
are not meant to be extact, but to provide a qualitative assessment of regional di erences.
(e) We show the boundaries of the regions in (d) overlaid on the output in (c). (f) We
compare the mean speed of lateral motion for laments that are considered parallel to the
boundary versus laments considered perpendicular to the boundary. (g) We nd that only
in the boundary region is there a signi cant di erence. Filaments that are oriented parallel
have a higher motion than those perpendicular. (h) We assess the variability of the mean
speed across di erently oriented laments for both parallel and perpendicular laments. (i)
We compute the di erence in this variability and nd a statistically signi cant di erence

in the boundary and middle regions. Scale bars are 1m.
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