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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 (Ca2+) 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 fluorescence microscopy and biomarker technology now also provide individual

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

1



fluctuations within neuronal networks [4]. Other light microscopy modalities offering

higher-spatial resolution (e.g., confocal) are used to identify functional (e.g., monosy-

naptic retrograde neuronal tracers and neuropeptides) and structural markers (e.g.,

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 diffusion 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 (fluctuations) in brain blood flow. A network is formed by the mesoscale

functional links inferred from tracking these local flows 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 fields produced by action potentials [16]. With

a rapid expansion in data, the scientific 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 [19–21] 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] and C. Intestinalis [26] capture imaginations. These visualizations

frequently populate the internet, generating interest in exploring the wonders of

neuroscience. Notably, however, C. Elegans only 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 difficult 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 57e3 cells with

150e6 synapses within a petabyte (1.4) of data in the human cortex using FIB/SEM.

This imaging was, however, confined only to 1mm3 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-

scientific 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 1µm3. 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, I 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 fit 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
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that will enhance our knowledge? Are these modalities of information more crucial

to understanding health or disease in the brain? As a specific 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 significantly 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 defined, 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 affect

the brain. In an interesting parallel, the views of both the brain and general cell

biology have been inadequately defined; 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
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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) definable 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 scientific 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 field linking these glial cells, linking the spa-

tiotemporal patterns of cells to pressing scientific problems, such as neurological

disorders. To better grasp the physical information embedded within astrocytes and

the cytoskeleton, this collection of works focuses on in vitro techniques. in vitro

data provides a degree of control and cellular detail, enabling robust physics-based

and statistical analysis. In this dissertation, I demonstrate unique approaches to

characterize cytoskeletal filaments in their angle organization and spatiotemporal

dynamics. Additionally, I study the slow signals arising from astrocyte networks.
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Different physiologies of astrocytes, as well as different components within astrocyte

networks, are examined. More precisely, I quantify cytoskeletal organization and

dynamics using STED microscopy, anisotropic Laplacian of Gaussian filtering, and

Optical Flow. Additionally, I apply symbolization to astrocyte Ca2+ dynamics; sym-

bol dynamics is a powerful tool for adequately addressing the information processing

of astrocytes. I 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 differentiated

astrocytes relative to undifferentiated astrocytes. Building upon the work done

in astrocyte actin organization, I next studied another cytoskeletal system: the

microtubule network. One way to probe changes in cytoskeletal information is by

using optical flow. Dynamics arising from this information channel have shown wave-

like patterns demonstrating excitable systems phenomena. The microtubule network

has only been analyzed in specific 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, filamentous microtubule work has been done on
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single or isolated filaments. Due to the advances in imaging and biological markers,

we can now harness the physical information gained from microtubule filament

dynamics from high frame-rate image sequences. Utilizing the insights gained on

static astrocyte angle organization, we combine Optical Flow and LoG filtering

to generate a robust methodology for assessing lateral dynamics in microtubule

filaments. This ability to analyze the dynamical forcing properties in vitro enables

robust studies in evaluating the native forcing environment, provided as a readout

by assessing lateral dynamics, and, importantly, enables robust quantification for

assessing external forces on the microtubule network such as via electric field 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 differences within different physiologies of astrocytes. Using in

vitro biological protocols, I 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 differences more causally within

brain signals and information processing. In this work, I 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
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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 briefly, 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 filamentous 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 magnification of image sequences relative to

the work described in Chapter 5, we can demonstrate embedded differences 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

defining 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
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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 5, in vitro stellate

astrocyte cultures only recently were made readily accessible [40,41]. Past culture

models of astrocytes only respond under exogenous influence. 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 difference 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 field of biophysics more toward this direction.
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In this dissertation, I 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 I have applied to characterize overlooked

dynamics in astrocyte and cytoskeleton systems open up pathways for further analysis.

In the final summary chapter, Chapter 6, I 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 flow and previous uses of computer vision techniques on the spatiotemporal

dynamics within biological systems, consult [43]. I conclude with a final remark

on the motivation behind this dissertation. Active oscillations exist across different

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,

11



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 firing; astrocyte dynamics have more complex shapes, carrying different

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 different 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: Different 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 reconfigure 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 define brain functionality and cognition. Neuron
spiking reproduced from [46], Copyright © 2003, IEEE. Calcium time series taken
from N. Mennona. The bottom portion of the figure, 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 103 − 104 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 artificial

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 scientific

community [51]. Hodgkin-Huxley describes the action of electrically active neurons.

This model involves a single neuron. The aftermath of neuronal modeling is now

defined by ‘artificial’ versus ‘biological’ neurons, mainly owing to the success of

simplification to neuronal firing 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 firing 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 figure 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-scientific 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 solidified the modern concept

of the brain. The tools of information theory have been applied to this electrical

information processing whether generally [53–55], in neural coding [56], pairwise

population interactions [57, 58], or in the physics of neuroscience [59–70]. Success

has been demonstrated by introducing artificial astrocytes into neuronal network
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models [71], but the breadth of this subfield is limited. A more focused discussion of

future incorporations of information theory into astrocytes is provided in 6. Still,

the interested reader should consult [53–70]. In summary, due to the voluminous

quantity 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 difference between extracellular and cytosolic

ion concentrations in astrocytes. Some cytosolic ion concentrations differ 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 leaflets. Astrocyte endfeet contact the vasculature. Astrocytes are territorial cells

located in distinct non-overlapping regions [72]. These branches and branchlets are

broadly classified 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 [79–82], 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 differentiated [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 Ca2+) flow. 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, I

demonstrated using Particle Image Velocimetry (PIV) and dimensionality reduction

that astrocyte migratory patterns retain different 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 flourished [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 definition 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, 97–101]. These contributions to the field of astrocyte

excitability regard the complex signaling patterns as responses to exogenous influences

rather than inherent properties of astrocytes. Note that the mechanical stimulation of

astrocytes (which is how the speed of 25 µm/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 Ca2+ signaling 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 figure, representing the interconnected astrocyte
network through which calcium flows, 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 fluorescent 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 figure) is transformed to visualize the

complex spatiotemporal patterns across an entire image sequence (rightmost figure).

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 differing 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 field of astrocyte calcium signaling is growing. This growth benefits
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, 110–114]. The links between neurons in the brain are synapses.

Briefly, 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
figure was adapted from Elsevier [115] under the terms of the Creative Commons
Attribution-NonCommercial-No Derivatives License (CC BY NC ND).
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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 field.

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 affect the information

processing of brain networks contingent upon the veracity of the Tri-partite synapse.

Within this work [89], astrocytes of different morphologies are shown to demonstrate

distinct spatiotemporal actin dynamics. Thus, different astrocytes may provide differ-

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 first to follow up the work of [45] with astrocytes while

leveraging the benefits of a data-scientific analysis approach to the spatial patterning

of actin dynamics.
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Figure 1.8: Using optical flow to measure small, active actin regions, astrocytes
co-cultured with neurons exhibit stronger and more frequent actin events. The effect
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 filaments 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 sufficient data to determine the actin angle organization results within that section.

Actin filaments are neither as long nor as stiff as microtubules. Persistence length of

microtubules is greater than 1 millimeter; actin filaments 10 µm. Microtubules have a

diameter of 25 nm and actin filaments 8 nm [119]. The size difference is schematically

drawn in Fig. 1.9. Moreover, the thinness of actin filaments requires STED resolution

to discriminate between neighboring filaments. 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 field, there are no standardized ways of
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Figure 1.9: Differences in persistence length of actin filaments versus microtubules.
Microtubules are longer, stiffer, and more dispersed. Actin filaments are more difficult
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 field of view. Optical flow 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 filamentous structures

Laplacian of Gaussian filtering is used in various chapters within this work. It

appears in Chapters 2,3, and 5. As an image processing kernel, Laplacian of Gaussian

filtering (LoG), an anisotropic filter, specifically ‘picks out’ rod-like objects within an

image. The anisotropy of the filter enables the extraction of ‘rod-like’ or filamentous

objects. As previously mentioned, there are various biophysical differences 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

filter. In Chapter 5, deviating from using LoG filtering for cytoskeletal segmentation,

LoG is used for astrocyte process extraction. Essentially, these processes ‘look’

similar to the same actin and microtubule filaments extracted in Chapters 2,3. The

intuition behind using the LoG kernel in Chapter 5 is to differentiate the various

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

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

astrocyte signals.

1.7.3 Characterizing cytoskeletal filament network activity

In Chapter 3, I developed an algorithm for analyzing the lateral motion of

microtubule filaments. While most research is devoted to tracking EB-tip, some

works analyze the motion of microtubule filament dynamics (cite Arpita). The

novelty of the work contained in Chapter 2 is two-fold: (1) by analyzing the lateral

(perpendicular) motion of microtubule filaments, we can extract a measure of the

active forcing environment of a cell; (2) the use of the Laplacian of Gaussian (LoG)

filter enables segmentation of overlapping filaments. 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 filament dynamics are coarse

grain and grouping the dynamics of differing filaments [122], but the method in

Chapter 2 provides a way to differentiate these overlapping filaments 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 filaments. 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 differentiation of more in vivo astrocyte profiles, 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 firing but express different 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-finding 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 fluorescent 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 differing 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. Briefly, the Hurst exponent quantifies 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

fluctuations of the amplitude-ordered states themselves within an individual calcium

trace; and, as we are interested in distinguishing various physiological profiles via

the measures as mentioned earlier, we use the Wasserstein distance, as the ‘earth

mover’s distance,’ to quantify the differences 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 flow analysis. Barbara Barile collected the

STED data. Nick Mennona performed the actin angle analysis on

STED actin data. Nick Mennona constructed the figures 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 fluctuations 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 films (B) for five days, fixed, and
stained for actin (green) and GFAP (red). Scalebars indicate 10 µm. 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 2.5 µm.

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 filaments near the cell

boundary whereas flat 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 HTlc (Hydrotalcite-like compounds) nanotopographic films.

HTlc induces stellation in astrocytes, a more physiologically healthy astrocyte

state, whereas astrocytes grown on PDL display a polygonal morphology. Briefly, to

visualize actin dynamics, a baculovirus transduction system was chosen to overexpress

actin-GFP due to its low transduction efficiency. This ensured only a single cell

was visible in a field of view; cells were plated at 5k cells/well. Using computer

vision techniques, it was found that astrocytes plated on HTlc 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 flow magnitude) threshold. For more details, including additional

information on the analysis of co-cultured astrocyte dynamics, please refer to [89].

The finding of differences 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 fixed 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 Scientific, 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 Scientific, MA, USA) was used for direct labeling

of actin.

2.3.2 STED immunostaining

Immunofluorescence 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 five days. On the fifth

day of culture, cells were fixed with 2% paraformaldehyde (cat. no. P6148; Sigma-

Aldrich, MO, USA) in phosphate buffered 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, fixed 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

Scientific, MA, USA) without DAPI, as indicated in Leica official guide, and imaged

with both confocal and STED microscopy. To avoid artifacts in cell morphology

and/or actin orientation due to dehydration, our fixation protocol does not involve

dehydration with alcohols.

2.3.3 STED imaging

Confocal and STED images of fixed 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

fiber 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 °C under constant

Acquisition Mode settings (Format scanning resolution: 1024x1024 pixels; Scan

Speed: 100 Hz).

2.4 Analysis of STED images of fixed astrocytes

2.4.1 Laplacian of Gaussian (LoG) filtering to segment actin

To characterize the organization of the actin meshwork in STED images of

fixed 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 filter, and a threshold was applied to ensure a

high-quality match. This processing resulted in a filtered image that highlighted

both the actin organization and the angle associated with each filament extracted

from kernel (see Figure 2.1A1). The angles associated with the extracted actin

were defined 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 π/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 differs when the cells are

grown on different 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 π/6) and “perpendicular” (angles between π/3 and π/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
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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 HTlc 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 films and performed STED

microscopy on fixed cells stained for F-actin and the intermediate filament protein glial

fibrillary acid protein (GFAP). Representative images are shown in Figure 2.1. HTlc

preferentially induces stellate morphology characteristic of differentiated astrocytes,

whereas astrocytes cultured on PDL-coated glass display the polygonal shapes

characteristic of undifferentiated astrocytes grown in the absence of neurons [123–130].

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 efficiency is low enough to obtain single cells in the field 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
differences in nanoscale actin structure for astrocytes grown on PDL versus on HTlc
A) Extraction of relative angle information from actin filaments. 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, 2π] (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, π/2]
(shown as a quarter colorwheel). B) Output from A for representative cells (PDL in
B1-B3, HTlc in B4-B6). All relative angles, parallel angles only (range of [0, π/6]),
and perpendicular angles only (range of [0, π/3, π/2]) for representative PDL (B1,
B2, B3, respectively) and HTlc (B4, B5, B6, respectively) cells. Solid white lines
indicate leading edge boundary. Scalebars indicate 2.5 µm. 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, filopodia, stress fibers; 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 HTlc cells (Figure 2.1D). This

bursting or “flaring” behavior is indicative of a functional microdomain, known to be

present in differentiated 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 different mechanical environments presented by PDL-

coated glass and HTlc films 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 HTlc astrocytic actin is
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oriented more perpendicular (Figure 2.2C). The difference seen between the actin of

cells grown on PDL versus on HTlc is significant as the cluster algorithm identifies

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 HTlc actin fractions). While the differences in dynamics

at the micron scale between astrocytes grown on HTlc and those grown on PDL

do not necessarily correspond to the differences 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 different

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 differentiated 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 fibers into a meshwork underneath the cell membrane is likely to

confer mechanical plasticity to the plasma membrane compared to differentiated

cells grown on HTLc, where actin fibers are packed into “actin rails” and not only

maintain the cell shape (especially in the cellular processes) but also might cause

membrane stiffness or resistance to motility. In support of our hypothesis, a recent

study demonstrated increased stiffness 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 differences 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, specifically astrocytic

integrin-engaged Thy1, in interacting with the neuronal cytoskeleton to promote

astrocyte-neuron communication [135]. Moreover, our finding that almost all cells cul-

tured on HTlc have actin structures perpendicular to the boundary affirms the ability

of HTlc to encourage stellate morphology and differentiation of astrocytes [136]. Our

analysis also hints that some cells grown on PDL have actin structures that “look”

like the actin structures of stellate, differentiated cells grown on HTlc, consistent

with previous observations that growth of astrocytes on PDL delays but does not

fully suppress spontaneous or gliotic differentiation that might occur in standard

cell culture [136–139]. We postulate that these mechanical differences may enable

different types of astrocytes to respond more efficiently 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

modified 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 influenced 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 affect 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 filaments embedded

within dense networks with (at least) confocal resolution image sequences. Our

tool couples the computer vision algorithm optical flow with anisotropic, rotating

Laplacian of Gaussian filtering to characterize the lateral motion of dense microtubule

networks. We then showcase additional image analytics used to understand the effect

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 stiff tubular filaments 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 filaments or in vitro networks of microtubules [141–148]. However, MTs

form cargo networks within a cell body (due to their high relative stiffness); 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,

quantifying this mechanical network is of interest since mechanical disruption of

these ‘highways’ affects cellular functionality [142,144,149–151]. 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 [152–154]. Electric fields are also known to affect microtubule structure,

since tubulin heterodimers are polar [155]; it is unknown whether electric fields 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 filaments 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

filaments themselves in the literature has not been well studied. Efforts have been

made to analyze the coarse-grained dynamics of filaments in a specific region [122].

Such efforts provide large-scale insight but do not address the perpendicular motion

of individual filaments (in an overlapping mesh network), which reflects 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 [141–148]), the motion of the filaments will reflect 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 filament 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 filtering (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 filtering

identified orientation organization in static actin filament networks [89] while optical

flow quantified the dynamics of polymerized actin [110]. In this paper, we combine

these algorithms (LoG+OF) for analyzing the dynamics of dense microtubule filament

networks. Although super-resolution has shown to benefit researchers investigating

cytoskeletal filaments [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 filaments. Previous algorithmic tools have been developed to track

filaments along their lengths and model the dynamics to quantify the persistence

length and bending rigidity of cytoskeletal filaments. Indeed, other studies have

devoted attention to the physical modelling of these filamentous networks [161,162].

Even if the density of the network renders individual filament tracking impossible,

lateral motion of the constituent filaments in the MT network is still visible by eye. OF

is not sufficient alone to quantify this motion since motion of two crossing filaments

(frequently encountered in dense filamentous networks) will generate artifacts in the

optical flow field. As we are not tracking filaments over time, LoG provides us with

pixels belonging to a MT filament while OF measures the movement of detected pixel

over time. In summary, we pre-filter our data with LoG and then further measure
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with OF, which allows us to (1) identify pixels associated with MT filaments (2)

group filamentous 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 filaments depending upon the filament

angle (generated as output from LoG filtering) 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 37 °C in a humidified 95% air, 5% CO2 atmosphere in

Dulbecco’s Modified 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 µg/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/cm2 on Poly-D-Lysine (100 µg/ml, Sigma P7886) precoated glass-bottomed

dishes (MatTek) in serum-free medium consisting of DMEM, 1 mM dibutyryl cyclic

AMP (Millipore-Sigma), and antibiotics. Differentiation was induced 24 hr after cell

plating by replacing the growth medium with a differentiating medium in which the

FBS had been substituted with B27 (Gibco 17504044) and supplemented with 1 mM

dibutyryl cAMP (Tocris 1141). The differentiating medium was replaced every 48

hr. Cells were used for experiments after 7-14 days of differentiation. Differentiated

cells exhibited spontaneous APs, evoked by current injection in 50 % and 70 % of
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the cells at 10 days post differentiation. 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 l-glutamine, and

100 U/mL penicillin/streptomycin at 37 °C with 5 % CO2 in air. Plasmids and

Cellular Transfection L304-EGFP-Tubulin-WT, which specifically 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 amplified 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, filtered at 0.45 µm PVDF filters and

centrifuged at 50,000Xg, 90 min at 4 °C. Then pseudoviral containing precipitate was

re-suspended in TNE buffer (50 mM Tris, pH 7.8, 130 mM NaCl, 1 mM EDTA), virus

was stored in 100 µl 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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(a) (b)
Zoomed in Filament RegionNG108 Microtubule Network

(c) (d)
Filament Orientation MapLoG Kernel

π/2

3π/2

0π

Figure 3.1: LoG algorithm extracts MT filaments in every frame. (a) NG108 cell line with
fluorescently labelled microtubule filaments. This confocal image displays a MT network
with representative density of filaments. (b) Cytoskeletal networks containing filaments
oriented in different directions. Even with the relatively low image resolution, the variety of
microtubule orientations (some filaments are tilted while others are horizontal) is apparent.
(c) Anisotropic, rotating Laplacian of Gaussian (LoG) filter 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 (different
shading represents different 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 final output shows
all microtubule filaments detected. Note that the there are spatial homogeneities with
neighboring pixels which amounts to filament detection. Moreover, note that there are
regions of white (corresponding to pixels not valued as microtubules) within the image;
areas not white (different colors and shades) represent regions where the algorithm has
identified a filamentous pixel and has prescribed an angle for this pixel. We found that
LoG paramters of [1, 7] for the sigma in x̂ and ŷ 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 10 µm for (a) and (d); scale bar is 5µm for (b).
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3.3.3 Microscopy

Image sequences were acquired using the Leica® TCS SP5. Confocal mi-

croscopy was performed with magnification 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 filtering highlights MT fila-

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 filaments. These filaments are

oriented in several different directions within the cell body as shown in the zoomed-in

region in Fig. 3.1(b). After preprocessing with a Gaussian filter, we convolve these

data with a rotating, anisotropic LoG kernel. Examples of rotations of the kernel are

shown in Fig. 3.1(c) (different orientations, i.e. left-learning, right leaning, vertical,

in addition to different shades/colors correspond to different angles). Due to the

bidirectional nature of the kernel, we rotate the kernel through π radians (as opposed

to 2π 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 defined as the padding size

used to avoid artifacts). Edge effects occur when convolving close to the edges of

data frames where the convolution is likely to extend beyond the image frame. We fix

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 filament information as

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

L(x, y) =
−y2 + σy

2

σy
4

exp

(
−x2/σx

2 − y2/σy
2

4πσxσy

)
(3.1)

The anisotropy of the LoG kernel results from the quadratic pre-factor and the

different sigma parameters in the Gaussian. To achieve a rod-like object for extraction

of filament-like objects, we induce anisotropy in the minor axis (ŷ) 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 off 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 different sigma parameters, σx and σy regulate the width of the kernel in x̂

and ŷ, which can vary the thickness of the rod furthering the anisotropic effect.

After convolution, a matrix with dimensions n,m,a results (where a is defined 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 final output matrix. Finally, we threshold these maximal values to ensure they

correspond to filaments. This output matrix contains pixels which (1) have been
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Lateral Motion (Perpendicular OF)

(a)

(d)

Frame Overlay Difference Image Optical Flow

Orientation-Specific Filament Networks Representation of OF on LoG
Time

Aggregate Optical Flow Vector

(b) (c)

(e) (f)

Figure 3.2: Lateral motion of detected filaments is quantified by coupling OF with
LoG. (a) Two frames separated by time are shown overlaid on top of each other.
The minimal differences between the frames are shown by the green and magenta
pixels (grayer shades–lighter from one frame, darker for the other–correspond to
differences in either frame, white regions are pixels shared by both frames). (b) The
frame overlay in (a) can be better represented as a difference 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 find local neighborhoods
for assessing motion. For our results, we use a kernel width, in both x̂ and ŷ, as 5.
(d),(e) These masks showcase horizontal and vertical filaments, respectively. Notice
that with our rotating LoG kernel, we are able to separately partition filaments to
focus on specific orientations for analysis. (f) This schematic shows filaments in one
frame (tan undashed lines) and a subsequent frame (brown dashed lines). Due to
the crosslinking of filaments, the overall OF motion would normally be quantified by
the larger black arrow. However, since we have access to the filament information
(for which the two tan undashed lines are oriented in different directions) we can
decompose that larger black vector into components perpendicular to each filament
as shown by the smaller blue (lighter) arrows and analyze them separately (and
we have access to the different filaments despite the crosslinking based upon the
different orientations output). In this regard, we overcome the difficulty of analyzing
dense MT networks and assess lateral motion. Scale bars are 3.5 µm.
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detected above the threshold, and (2) have an angle, initially in the range [0, 2π],

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 filtering

detects filaments on a pixel basis. The use of pixel-by-pixel detection foregoes the

difficulty in tracking a filament with fluctuating length and changing position over

time. In this sense the algorithm measures changes in motion but is agnostic as to

which filaments are moving or had previously moved. Moreover, our pixel detection

method allows us to detect with (sub) pixel accuracy microtubule fluctuation (even

for a filament with fixed length). We optimize our filter threshold to select those

pixels which belong to noticeable filaments, and to minimize the detected edges

which do not belong to filaments in the output data.

3.4.2 Capturing lateral motion of detected MT filaments in dense

networks using Optical Flow

We apply the Lucas-Kanade optical flow 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 defines

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 fluorescently 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 filaments detected by LoG as a mask overlaid upon the OF magnitude matrix.

Additionally, we can further partition our LoG output to specific angles of focus, as

seen in the horizontal and vertical detected filaments 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 filament, 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 filaments detected in LoG (regardless

of the orientation of the filaments given from the previously described LoG output).

The process is shown in schematic, and the ability to overcome crosslinking filaments

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 filament’s orientation and the OF vector (i.e. we take the cross

product).

−∇⃗I · v⃗ =
∂I

∂t
(3.2)
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Figure 3.3: Manual verification of FIDI. Comparison of the strips of CHO filaments
reveals the small (sub) pixel level movements of these clearly defined filaments. (a)
Two frames at difference time points, t0 and t1 separated vertically. The overlay of
the two frames shows the differences in movement. Most of this movement is small;
pixels from t0 and t1 are identified 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 t0 and t1 frames shown
in (a), we show the LoG generated output (different colors and shades represent
different angles). The slight heterogeneity of angles within the filaments is due to our
pixel level detection of filaments. Overall, however, the general angle of the filament
is well-defined 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 difference image of the detected
filaments (using the LoG outputs from (b)) is generated. We further notice subpixel
level differences. We quantify the area of these objects, which correspond to motion,
and take the square root to mimic perpendicular motion relative to a filament. (d)
We compare the values of our algorithm with a manual calculation of the square
root of difference ‘objects’ found. We notice that FIDI captures with sub-pixel level
accuracy the movements of filaments 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

differences that are on the (sub) pixel level. Furthermore, the differences in between

the LoG output generated from slices t0 and t1 in Fig. 3.3(a) are minimal, but these

differences 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 difference image (those values shown in

neither white nor black in Fig. 3.3(c)) to arrive at an absolute difference image.

This absolute difference corresponds to overall movement of filaments. From this

difference image, we use MATLAB’s regionprops function to extract an area estimate

of all ‘objects,’ i.e. detected objects correspond to movements of filaments across

frames. Since we are interested only in the perpendicular motion of the filaments,

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 differences 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 different information of microtubule dynamics.
(b) We find each filament’s orientation relative to its closest boundary point. Given a
pixel’s LoG outputted angle, we find 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, π/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 differences.
(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 filaments that are considered parallel to the
boundary versus filaments considered perpendicular to the boundary. (g) We find that only
in the boundary region is there a significant difference. Filaments that are oriented parallel
have a higher motion than those perpendicular. (h) We assess the variability of the mean
speed across differently oriented filaments for both parallel and perpendicular filaments. (i)
We compute the difference in this variability and find a statistically significant difference
in the boundary and middle regions. Scale bars are 10 µm.
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CHO-K1 cells. This filament motion analysis on dense microtubule networks requires

us to use approximately one second frame rates and at least diffraction limited pixel

resolution. These strips are small (40 pix x 1024 pix in dimension), and are not

taken simultaneously. Since the cells themselves do not change shape significantly

during the imaging time, and since the average location of microtubules does not

shift very rapidly, we combine strips corresponding to the same cell into an aggregate

composite image sequence, as seen Fig. 3.4(a). Since each strip contains different

information, we analyze each strip separately while gathering information about

the entire object. This step is not a necessary step in the FIDI algorithm. Given

our strips of data, we are able to generate 24 composite CHO-K1 cells across 9

independent experiments for this study.

In order to further demonstrate the effects of the forcing environment on cells,

we convert the angles of detected filaments to contain more biological relevance.

Previous work has indicated that analyzing the orientation of filaments relative to

the nearest cell boundary can determine phenotypes within a dataset [89]. For each

pixel, we identify its closest boundary point, and then use this boundary point to

determine the relative angle between the filament orientation θfilament and the vector

pointing to the nearest boundary θboundary. The schematic for this conversion is

shown in Fig. 3.4(b). Because the filament orientation is bidirectional, we choose

angles smaller than or equal to 90 degrees, as shown in the example output in
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Fig. 3.4(c).

θrelative = min({θboundary − θfilament},

{θboundary − θfilament − π})

(3.3)

As the strips provide a qualitative depiction of the overall cell shape, we manually

create a boundary mask for the composite cell. This allows us to quantify the overall

cell boundary using this hand-drawn mask of the cell, which is used to determine the

angle and distance to the nearest boundary point. The strips are analyzed separately,

which limits the pixels for which we can carry out LoG filter analysis to fewer than

40 pixels wide, resulting in regions of the composite image for which we cannot

determine filament orientation, as previously described. We erode the boundary mask

to generate smaller regions within the composite cell so we can identify generally

where the microtubules in each strip belong globally. Each region generated for this

study comprises 1/3 the area of the total composite cell. Each region is depicted

with a different color in Fig. 3.4(d). The overlay of these regions on the relative

angle output is shown in Fig. 3.4(e). Note, this regional analysis is not necessary for

the overall use of FIDI, but we argue that analyzing the microtubules in this fashion

leads to more biologically meaningful results.

We analyze the motion of parallel and perpendicular filaments in 3 distinct

cellular regions. We take the median value of all filaments of interest (we define

perpendicular filaments as filaments whose angles relative to the cell boundary are

between 60-90 degrees; parallel 0-30 degrees) for every frame in the composite image

sequence, and then compute the mean of the transverse filament speeds for all the

frames. Fig. 3.4(f) shows a cell-by-cell comparison of transverse filament speeds for 24
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cells, contrasting motion of filaments oriented parallel or perpendicular to the nearest

boundary point vector. For each cell we compute mean difference between these

mean filament speeds for each region of the cell. As shown in Fig. 3.4(g), we find a

small but statistically significant difference in mean lateral motion in the boundary

region (p=0.0305). The variability in motion, measured from the variance in the

mean distributions is shown in Fig. 3.4(h). Across each region, we notice a more

prominent downward trend in speed variability between parallel and perpendicular

filaments. In Fig. 3.4(i), we compute the difference in speed variance for each of the

three regions in the composite cells. We find that there is a small but statistically

significant difference in speed variance in both the boundary (p=0.0028), and middle

regions (p=0.0306). These results carry biological importance in understanding that

the active forcing environment may change depending upon location within a cell and

may differently affect filaments of different orientation (e.g. in the case of torques

generated within a cell acting on microtubules).

3.5 Conclusion

The microtubule network of a cell is highly dynamic mechanical structure within

the cell that contains vast information regarding cellular properties. The dynamics

of this information network need not be limited to the tip dynamics typically studied.

As a simple readout of the dynamic state of the microtubule network, we have

introduced a method for measuring lateral motion of microtubule networks that can

be applied to dense networks. We argue that the lateral motions captured reflect
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the active forcing environments generated within a cell body. We can read out the

nature of this environment via the MT network. Our method for motion analysis

leverages both a rotating, anisotropic Laplacian of Gaussian filtering and Optical

Flow in a novel way by analyzing the perpendicular motion of filamentous pixels

detected. We propose useful downstream analysis measures to ascertain whether

angle-specific regimes work collectively or in competition with each other. We applied

the technique to measure microtubule dynamics in CHO-K1 cells and prototyped

the method on NG108 cells. We find that standard confocal microscope images

have high enough spatial resolution to reveal microtubule orientation, but must be

acquired rapidly enough to capture microtubule dynamics. In CHO-K1 cells, we find

statistically significant differences between the dynamics of microtubules that are

tangent or normal to the closest boundary point. We also find that the dynamics

depends on the distance of the microtubule from the cell edge.

FIDI is useful for detection of changes in microtubule mechanics, which is readily

perturbed by a variety of chemical, mechanical, and electromagnetic probes. While

our analysis cannot differentiate changes in microtubule stiffness from changes in

active forcing due to motor proteins, FIDI provides a robust approach to characterize

the cytoskeleton, complementing traditional biomechanical measurements that focus

on forces and stresses such as AFM. The statistics of microtubule motion are also

directly comparable with cellular scale simulations and can serve as an important

calibration point for simulations of dynamic biomechanical structures.
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Chapter 4: Astrocytes are active: An information theoretic approach

reveals differences in Ca2+ signaling patterns among dis-

tinct astrocyte subtypes

This chapter is adapted from a submitted work by Mennona et

al [163]. Nick Mennona performed the experiments, did the analysis,

and wrote the paper. Barbara Barile performed the Western Blot

verification of different astrocyte physiologies and added to sections

on the physiological profiles of the in vitro cultures and Western

Blot analysis.

4.1 Overview

The discovery that astrocytes are an active, rather than a passive, component of

the brain has ushered in a paradigm shift in thinking about how the brain processes

information. Although the mechanisms by which astrocytes integrate information

from neurons are still debated, such discourse should not distract from the importance

of more completely understanding how astrocytes communicate via signals amongst

themselves. This work aims to study how different astrocytes signal within their own

networks. We investigate group calcium (Ca2+) dynamics in polygonal, stellate, and
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reactive astrocytes. These distinct and important astrocyte subtypes are present in

the brain to varying degrees at different physiological states. We use an information-

theoretic framework to quantify the dynamics embedded in the Ca2+ traces within

astrocyte networks; specifically, we employ the Hurst exponent, cross-correlation,

mutual information, and partitioned entropy to assess differences in the astrocyte

signals across subtypes. To gain insights into the ability of astrocyte networks to

respond to changes in the extracellular environment, we probe the networks with

perturbations affecting their cytoskeletal dynamics (Latrunculin B) and energetic

levels (Adenosine triphosphate). Overall, these three classes of astrocytes behave

differently and respond idiosyncratically to their extracellular environment. We

find that polygonal astrocytes are not quiescent, stellate astrocytes respond most

strongly to ATP, and reactive astrocytes are uniquely perturbed by Latrunculin B.

Interestingly, despite these distinct differences in behaviors, we find a uniform speed

of information transport regardless of subtype or perturbation; this uniformity is

maintained when using both cross-correlation and mutual information to assess this

speed. We conclude that the differential ways astrocytes signal within our measured

framework yield important insights into how astrocytes communicate and contribute

to this pressing issue of understanding astrocyte information processing.

4.2 Background

Astrocytes are the most numerous glial cell type in the brain. They are

important for physiological functions including K+ clearance [164] , glutamate
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homeostasis [165] , and extracellular volume regulation [88] (reviewed in [166]). Since

astrocytes carry out these known supporting functions and lack electrical excitability,

most studies have overlooked the potential active role of astrocytes in information

processing. In contrast, neuronal dynamics has become synonymous with information

processing [12,22,23,167–169].

Nevertheless, recent work has provided strong indications that astrocytes

do play an active role in information processing. As a counterpart to neurons,

astrocytes also form their own networks, linked together via gap junctions composed

of connexins, including Cx43, one of the main connexins in astrocytes [98, 101].

Within these networks, astrocytes signal to each other via slow Ca2+ waves [74]. IP3

triggers intercellular (Ca2+) waves [74] which propagate through astrocyte networks

via the aforementioned gap junctions. Recent studies reveal that these waves can

occur spontaneously, with excitable dynamics similar to action potentials, although

on a slower timescale of seconds [92]. Thus, astrocytes can have an active role in

information flow, with calcium waves functioning as non-electrical communication

signals. In single astrocytes, these calcium waves are heterogeneous [170] and flow

through astrocyte processes and microdomains [41,100,171]. Methods such as the

machine learning tool AQUA now enable robust intracellular analysis of astrocyte

calcium [170] for ex-vivo and in vivo analysis of astrocyte activity.

One way active astrocytes may contribute to neuronal information processing is

through the tri-partite synapse, by which an astrocyte couples to a synapse, allowing

astrocytes to impact information transfer in the brain directly [93]. Indeed, the

tight coupling of astrocyte excitability and neuronal activity has become increasingly
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recognized and confirmed [172–174]. By linking to multiple synapses, astrocytes

could integrate and encode information and modulate neuronal networks and brain

cognition by extension [97,175,176]. Astrocyte gliotransmission (information transfer

from astrocytes to neurons) has been modeled for synaptic plasticity, memory, and

learning [99, 118, 173,177]. Although gliotransmission has added to the fundamental

picture of communication within the brain, much is still unknown about the methods

with which astrocytes decode functional transients, [177] and their role in brain

function [99,118]

Our work focuses on information flowing directly between active astrocytes

and the network scale implications, which have been unexplored [92]. Here, we focus

on information flow within astrocyte networks independent of neurons, utilizing

physics-based information-theoretic techniques. The current study contrasts three

physiologically relevant subtypes of astrocytes, focusing on their collective (ensemble)

dynamics within in vitro networks. These in vitro cultures remain a powerful tool [92]

for analyzing astrocyte dynamics, especially since the current study focuses on how

individual astrocytes contribute to the ensemble.

Following established protocols, we study in vitro models of polygonal (im-

mature), stellate (healthy), and reactive (immature) astrocytes. Intracellular and

extracellular ionic changes are reported to occur upon several physiological and patho-

physiological events, including regulation of the activity of chemical synapses, glial

scarring [96], synapse plasticity [178], and formation upon neurodevelopment [179].

Anisosmotic challenges are counterbalanced by water flows, which are predominantly

mediated by the water channel aquaporin-4 (AQP4) in brain astrocytes [180]. AQP4
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is reported to be polarized and enriched in astrocyte endfeet where it plays a key

homeostatic role. By modulating water influx/efflux, it ensures a fine regulation of

astrocyte cell volume and morphology, thus preserving brain integrity and functional-

ity [180]. In this view, it is not surprising that AQP4 is found to be co-expressed or

functionally coupled in astrocyte membranes with ion channels, including potassium

(i.e. Kir4.1 [181]) and calcium (i.e. TRPV4) channels [180, 182]. On the other

hand, connexins are shown to take part in astrocytes’ response to injury upon the

stimulation of pro-inflammatory cytokines, including TGF-beta [183]. An increase

in the levels of Cx43 in reactive astrocytes is proposed to act as a supporting mecha-

nism that helps maintain astrocytes’ gliotic phenotype and maximize the coordinate

intervention of these cells and their communication for the injury resolution [184,185].

The astrocyte networks – polygonal, stellate, and reactive – are broadly classified

as immature, healthy, and injured, respectively, and have distinct physiological

behavioral profiles [41, 75, 186–188]. A key readout of these distinct subtypes is

their unique and stark morphologies. The differing structures and morphologies of

astrocytes in general have been implicated in brain functionality [86,91,186] and the

cell-cell signaling of astrocyte networks [117].

With the goal of broadening our understanding of astrocyte-specific signaling,

we quantify the collective dynamics, both spontaneous and perturbed, of these

astrocytes. We perturb these in vitro cultures with low-dose Latrunculin B (LATB)

and Adenosine triphosphate (ATP) as these represent basic perturbations to the

cellular cytoskeleton [189–191], and cellular energy [192–195], respectively. Due to

the slow and heterogeneous characteristics of astrocyte calcium signaling, astrocyte

67



signals are more analog than digital. Neuronal signals are often treated as digital, 1

(firing) or 0 (not firing). Astrocyte signaling is too slow for such binarization. Thus,

information-theoretic methods that extract information without digitizing the signal

are used. We employ amplitude ordering symbolization with an embedding window

large enough to encapsulate the dynamics of astrocyte calcium events, which are

mostly on the order of 1-5.5 seconds [92]. Amplitude ordering, rather than binarizing

via the mean, is more appropriate for quantifying the dynamic properties of these

nonlinear signals. This nonlinearity allows us to elucidate information characteristics

and information speeds across polygonal, stellate, and reactive astrocytes in a

comprehensive manner.

4.3 Methods

4.3.1 Imaging

Experiments were performed between 14 to 21 (DIV14-DIV21) days after

dissection [196]. At this time, astrocytes were trypsinized from flasks and plated into

PDL-coated (Sigma-Aldrich) 35 mm dishes (MatTek). Dishes containing cultured

astrocytes were incubated with 5µM CalBryte 590 AM (AAT Bioquest) for 30-60

min at 37°C prior to imaging. Dishes were then washed with PBS. Astrocytes

are plated at densities such that they proliferate to roughly 500k cells/well on the

day of imaging (a final density of approximately 10k cells/mm2), and imaging was

performed on a spinning disk confocal microscope (PerkinElmer). Image acquisition

occurred for approximately 15 minutes at roughly 1 frame per second with 100 ms of
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exposure time per frame. The University of Maryland Imaging Core maintains the

PerkinElmer spinning disk confocal microscope used for this research. The image

sequences were taken by the equipped Hamamatsu ImagEM X2 EM-CCD camera

(C9100-23B), which records 16 bit images. Sequences were taken from an air 20x

objective (0.75 NA; 0.717 µm per pixel) and under temperature (37°C), CO2 (5%),

and humidity control.

All experiments are performed in NeuroBasal media (Gibco). We use this media

to simulate a neuronal environment, and we found that it allows for spontaneous ac-

tivity in unperturbed wells (over DMEM). For simplicity, throughout this manuscript

this environment is referred to as spontaneous (control). ATP (Sigma-Aldrich)

and Latrunculin B (Sigma-Aldrich) were applied immediately upon imaging and

at low-dose concentrations of 1.5µM for ATP and 0.5µM for Latrunculin B. Unlike

Latrunculin A, the slower depolymerization rate of Latrunculin B allows for pertur-

bation of actin without drastically dissociating the entire astrocyte network. The

value of Latrunculin was found based upon testing whether our astrocyte networks

were maintained (expressed minimal disassociation) for the 15 minutes duration at

the chosen imaging setting (e.g. laser intensity). For simplicity, throughout the rest

of this work we refer to Latrunculin B as LATB.

4.3.2 Cell Culture

Primary astrocytes were obtained from Sprague Dawley rats housed at the

University of Maryland (in concordance with the recommendations of and approval
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by the University of Maryland Institutional Animal Care and Use Committee;

protocols R-FEB-21-04). Astrocytes were prepared from 0-to-2 day postnatal (P0-

P2) Sprague Dawley rat brains as described previously [89]. Briefly, cortical tissue

from each pup was separately dissociated via trituration, filtered, and plated into

T25 flasks containing DMEM (ThermoFisher), 15% fetal bovine serum (Benchmark),

and 1% pencillin-streptomycin (P/S). After roughly 7 days, in order to generate

stellate and reactive astrocytes, the media was changed to either (1) stellate media,

which includes Neurobasal (ThermoFisher), 2% B27+ (GIBCO), 5 ng/mL HB-EGF

(TOCRIS BioSciences) [41] or (2) reactive media, which is serum-free DMEM to

which 10 ug/mL of TGF-B1 was added after 5 additional days in vitro [197]

4.3.3 Cell lysis and Western Blot

Protein samples were obtained as previously described with some slight changes

[88]. Briefly, astrocytes grown for 7 days in control, stellate and reactive media

were washed in ice-cold phosphate-buffered saline (PBS) and scraped with 300 µL of

RIPA lysis buffer (10 mM Tris-HCl, pH 7.4, 140 mM NaCl, 1% Triton X-100, 1% Na

deoxycholate, 0.1% SDS, 1mM Na3VO4, 1 mM NaF, 1 mM EDTA and 1× Protease

Inhibitor Cocktail). Lysates were vortexed every 5 minutes for 30 minutes and

centrifuged at 22,000 for 30 minutes at 4°C. Supernatants were collected and Pierce™

BCA Protein Assay Kit was used to dose the protein content. 5 µg of proteins/lane

were dissolved in Laemmli Sample Buffer (Bio-Rad, Hercules, California, USA) added

with 50 mM dithiothreitol, heated to 37°C for 10 min and resolved by SDS-PAGE in
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10% (for Cx43 detection) and 12% (for AQP4 and GFAP detection) gels prepared

with Mini-PROTEAN TGX Stain-Free Precast polyacrylamide solutions (Bio-Rad,

Hercules, California, USA). gels were then activated for 5 minutes on a Chemidoc

imaging system (Bio-Rad, Hercules, California, USA) and transferred to polyvinyli-

dene fluoride (PVDF) membranes (Merck Millipore, Burlington, Massachusetts,

USA). Stain-free signal of transferred blots was collected. Membranes were incubated

with blocking solution and incubated overnight with primary antibodies, rinsed,

then incubated with the appropriate peroxidase-conjugated IgG secondary antibod-

ies. Protein-specific bands were revealed using enhanced chemiluminescent Clarity

Western ECL Substrate (Bio-Rad, Hercules, California, USA) and visualized on a

Chemidoc imaging system. The densitometric analysis was performed in Image Lab

software 6.1.0 by normalizing the bands to the stain-free blot signal. The Western

blot analysis of Cx43, AQP4, and GFAP for the polygonal, stellate, and reactive

astrocytes confirms three distinct phenotypes; reactive upregulate Cx43 and AQP4,

stellate upregulate AQP4, and polygonal cells do not express any of these markers

significantly.

In this work, we investigate astrocytes of three physiological types; a prominent

distinguishing characteristic of the differences is seen in the morphological differences.

Fig. 4.1 (top) provides representative images of the three classes of astrocytes

analyzed in this study. Each astrocyte network does not contain a mix of different

cell types and is cultured to maintain a singular physiological expression. For

these astrocyte types, we investigate collective Ca2+ dynamics as illustrated in Fig.

4.1 (middle), where multiple frames are overlaid to demonstrate the distribution
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Figure 4.1: Astrocyte morphologies (polygonal, stellate, and reactive). The phe-
notypes correspond to different morphologies, as shown in green via actin images.
Images of actin are acquired with 488nm light of astrocytes that express BacMam
Actin-GFP. We record the calcium signaling channels of these dense astrocyte net-
works with 561 nm light of astrocyte networks stained with CalBryte 590. It has
been noted that, regardless of protocol, different media formulations result in dif-
ferent morphologies for astrocytes [41] We use time overlays to show the different
manifestations of calcium propagation in the distinct morphological conditions of
astrocytes. Blue corresponds to an increase in Ca2+ during this frame, yellow a
decrease, and white means that this frame contains values similar to the previous
timepoint. Western Blot analysis of Cx43, AQP4, and GFAP in polygonal, stellate,
and reactive astrocytes. The upper panels show Cx43 (band at ∼ 43kDa), AQP4
(band at ∼30-32 kDa), and GFAP expression (band at ∼50 kDa) in primary rat
astrocytes. Using a Kruskal Wallis Dunn’s multiple comparison test, we find statisti-
cal significance for polygonal compared to stellate (AQP4) and reactive (Cx43 and
AQP4). ∗p < 0.05; ∗ ∗ p < 0.01. Scale bars are 25 µm.
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of Ca2+ fluctuations (rising calcium in blue, diminishing calcium in yellow) in a

network. Through Western blot analysis, we evaluated the expression profiles of

1) Cx43, one of the major isoforms forming astrocytic gap-junctions involved in

calcium-mediated cell-to-cell communication, as a molecular marker of intercellular

connectivity within astrocytes networks; 2) AQP4, the most abundantly expressed

water channel in brain astrocytes, and GFAP, the predominant intermediate filament

of the astrocyte cytoskeleton in the CNS, as proxy markers of cell differentiation and

reactivity [88,198,199].

AQP4 and its supramolecular level of organization in larger-sized assemblies

have been reported to correlate with the morphological and functional maturity

of astrocytes in CNS postnatal development [200] as well as in in-vitro models of

astrocyte differentiation [88]. Therefore, the overexpression of AQP4 in stellate

astrocytes is likely to be referred to the morphological differentiation of this cell

type in the experimental conditions. The overexpression of Cx43 in the reactive

conditions might be ascribable to the acquisition in vitro of the in vivo-like reactive

state that makes astrocytes more prompt to tissue healing and wound repair. As for

GFAP, besides the number of studies that identified a positive role for these canonical

hallmarks of astrogliosis, just as many provided opposite evidence. On one hand,

it was previously found to be downregulated in similar or even different models of

astrogliosis (i.e., TNF and IL-1 [201–203]) and LPS-treated astrocytes [204]. On the

other hand, its upregulation was associated with beneficial and neuroprotective effects

(i.e., enhancing neuronal regeneration through protein re-localization; increasing the

membrane retention of glutamate transport GLAST in astrocytes, which protects
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surrounding neurons from glutamate excitotoxicity [205]); providing scaffolds for new

neurites [206]. In the present study, no changes were detected in the three conditions,

although we could detect differences in other markers in response to inflammatory

(i.e., Cx43) and differentiation stimuli (i.e., AQP4; Cx43). We, therefore, anticipate

that GFAP might not be a reliable maker to assess astrocytes’ degree of astrogliosis

or differentiation.

Western blot analysis shows that the three cell types have distinct expression

profiles of the aforementioned astrocyte proteins. Of note, we found that Cx43

is upregulated in the reactive state compared to control and stellate astrocytes

(Fig.4.1, bottom left panel), while AQP4 is overexpressed both upon stimulation

with TGF-beta and in star-shaped astrocytes, differently from controls (Fig.4.1 ,

bottom middle panel). GFAP was equally abundant in the three conditions with no

statistical significance (Fig.4.1, bottom right panel).

Overall, while illustrating that the proteins undergo distinct changes in their

profile expression in response to the different external stimuli provided under culture

conditions, these results also provide evidence that the three cell types can be

regarded as distinct “phenotypes” from the molecular perspective.

4.3.4 Analytical Methods

To analyze the calcium dynamics of astrocytes, we first segment individual

astrocyte objects within our imaging datasets using the morphological watershed

algorithm FogBank [207]. Manually, we refined parameters per each imaging sequence
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such that segmented boundaries roughly correspond to the distinctions made by eye.

FogBank preserves the unique heterogeneity of astrocyte bodies rather than using

the cell center with an arbitrary radius, as is typically done with neuron-imaging

analysis [208]. See the Appendix for a representative FogBank example. All image

sequences are jitter corrected, and Gaussian smoothed in the spatial domain before

further analysis. For each frame in a dataset, we take the median fluorescence value

from all the pixels identified within the astrocyte object, as shown in the five objects

in Fig. 4.2A. We compute relative fluorescence measure (∆ F/F0), where ∆F=F-F0,

for each astrocyte object. F0 is computed using a window of approximately 30s

(30 frames, 15 back, 15 forward) where F0 is the average of the fluorescence values

below the 50th percentile of values contained within the window [209]. This is

called a trace. Throughout the paper, we address this fluorescence measure as DF/F

for convenience. As seen in representative traces, peaks in calcium dynamics are

broad and not well-defined. The sliding window is chosen based on an inspection

of the data and does not meaningfully change the dynamic properties of the traces.

Please consult the Appendix for more details. We chose this window size based on

experimental observation of astrocyte calcium event duration. Examples of such

traces are shown in Fig. 4.2B. Recall that astrocytes are not neurons, so it is

inappropriate to call the activity of our traces ‘spikes.’ Instead, we use the term

‘calcium event’ to describe the smooth rises and falls exhibited by traces in Fig 4.2B.

Our goal is to use traces that show persistent calcium signals and to distinguish

them from random fluctuations of signals in the networks. Our goal is to define

traces that exhibit smooth and meaningful rises and falls (see red, darker curves
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Figure 4.2: Astrocytes traces extracted and filtered using Hurst exponent. (A)
Given a dense astrocytic network, astrocytic elements are segmented using FogBank.
Examples of astrocytic elements extracted. (B) DF/F traces of the five objects
extracted in blue (dark pixelated objects) are shown. (C) Hurst exponent measures
memory in a time series, which filters out inactive cells or poorly segmented objects.
Inactive (salmon, light) versus active (red, dark) cells plotted. Only time series with
Hurst exponents greater than or equal to 0.5 are used. (D) From the example points,
we plot representative inactive and active traces.
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in Fig. 4.2D) as ‘active,’ regardless of the intensity values. The Hurst Exponent

(defined as H) allows us to carry out this analysis. H is defined for a given time series

x(t) as:

< |x(t + τ) − x(t)|2 >∼ τ 2H (4.1)

We find that the Hurst exponent provides a robust and reliable way of filtering out

noisy traces due to poor segmentation or weak calcium signals. Hurst exponent

values below a threshold of 0.5 represent random activity, and the corresponding

traces (e.g., the salmon, lighter colored curves in Fig. 4.2D) are excluded from the

analysis [210,211]. The importance of correlations in neuronal encoding is well-cited in

the literature [212–215]. The study of correlation in the brain relates to the collective

activity of neuronal ensembles in relation to information encoding and processing in

the brain. This level of mathematical rigor has not been applied to astrocyte-only

networks, and the study of correlation within astrocyte networks has only been viewed

in the context of neuronal activation [102]. Given the success of using these methods

on neurons and the absence of their use in analyzing astrocytes, we argue that our

use of these methods should yield comparable success and insight. Correlations allow

us to understand the global characteristics of an ensemble of active nodes (in this

case, astrocytes). However, we can alternatively view the dynamics in our astrocyte

networks as a dynamical system that is affected by individual astrocytes, i.e., the

local dynamics of one trace affecting the global dynamics observed. Since our Western

blot analysis confirms cell-cell coupling, we argue that these readouts provide a fairly

accurate representation of the information processing performed by these collections
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of astrocytes. This approach has been well-documented experimentally (e.g., with

neuronal MRI data) and theoretically [216–223]. A limitation of correlations is that

the global characteristics of a network are studied by assessing each cell’s connections

to others in the network. Information theory helps overcome such limitations. An

information theoretic approach can analyze a network for each astrocyte rather than

for pairs of cells. Thus, this approach provides a robust metric for assessing each

individual astrocyte’s contribution to the mean field or the group characteristics of

the network.

To implement this approach, from the extracted traces, we convert the traces

into states using symbolization [216,224]. This symbolization enables the interpre-

tation of changes in calcium as an analog signal; traces that exhibit lower entropy

correspond to traces with more periodic fluctuations. We take the time traces shown

in Fig. 4.3A, the amplitude order of each timepoint in a window, and convert

this set of timepoints into a state (an example suite of states is available in Fig.

4.3B), and then convert the traces into symbol sequences visualized in Fig. 4.3C.

As an illustrative example with a manageable number of states, m=3 has been

used (number of states = m!). From the resulting symbol sequence, we can find

the probability distributions of states (Fig. 4.3D). The probability of states, in

turn, allows us to compute an information entropy for this representation of calcium

traces. Amplitude ordering entails choosing two parameters, m, and l, where m

defines the embedding dimension [216,221] (the symbol set size that functions as a

coarse-graining window) and l denotes the time lag [221]. A more comprehensive

review of this symbolization method can be found in Refs [216,217,220–225]. We
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choose m to smooth out noise without losing actual spikes in the data. Based on our

experimental observation of the duration of calcium events in our data, we chose

m=5 and l=1. As m takes the role of the coarse-graining window, l can be kept at

its minimum (l=1) to prevent further information down-sampling. Given that we

have converted these time series into symbol series, we can perform time-delayed

mutual information methods. Time-delayed mutual information is the symbolized

equivalent of cross-correlation. Moreover, given that astrocyte signals are nonlinear,

mutual information is a more appropriate method than Granger causality [226].

While there are some similarities between mutual information and cross-correlation,

we emphasize that mutual information discusses the dynamics of symbols (with

embedded dynamics) from a probability distribution. Cross-correlation looks at the

absolute fluctuations from the mean for traces. In some regards, then, symbolization

can be viewed as the differential expression of trace dynamics. Lastly, from both

of these measures, we can quantify the speed of information transport [227]. We

can measure speed from the measured distances between astrocytes and either the

cross-correlation time lag or the time lag associated with the mutual information

measurement.

Additionally, we analyze the information content of astrocyte networks with

partitioned entropy. Partitioned entropy ha(τ) is a useful metric for understanding

the time-evolution of states over a certain window [225]:

ha(τ) = −
m!∑
i=1

ρai(τ) log ρai(τ) (4.2)

where pai(τ) represents the probability that the system evolves from state a to
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state i at τ timesteps. Partitioned entropy differs from canonical entropy as it is a

function of time. We employ this approach to better understanding how the ramps

and falls of these calcium fluctuations evolve differentially for all of the cells within

the unique networks. A schematic for understanding partitioned entropy is shown in

Fig 4.3E. We validated this analysis on both regular and chaotic time series data [225].

See Appendix for details. As a clarification, we note that the symbolization, as

described, enables analysis of Shannon entropy. The rest of the analysis refers to

Shannon entropy and the dynamics therein, e.g., partitioned (Shannon) entropy.

4.4 Results

4.4.1 Astrocyte Speed of Information Transport

An important metric for assessing how astrocyte transport information is

information speed. This ad-hoc (average) metric is extracted for free by any time

lag calculation. We do not track calcium flow, but can track the exchange of

information as a function of time and distance between cells. This method has

been used for mutual information [227]; we extend it for cross correlation since

the time lag associated with maximal cross correlation is similarly extracted. Our

measure of speed is average (v= DIST/τ), it coarsely reveals the rate at which these

pairwise quantities are absolutely maximized, reflecting the nature of the timescales

associated with astrocyte calcium events. Additionally, the maximal time lags found

are rate-limited by the acquisition speed, which is 1 Hz. Due to the 1 Hz frame rate

and other coarse graining involved (e.g. distance is computed from center of mass
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Figure 4.3: Methods for Information Theoretic Approach to Collective Astrocyte
Dynamics. (A) Astrocyte traces. Different shaded boxes correspond to example
symbol states. (B) Symbol states. Shaded boxes are those previously overlaid on
traces. In this figure, have used an m of 3 as this corresponds to 6 possible states for
every time window (m! = 6). We note, using grey arrows, the physical dynamics
behind each state (for states 1 and 2, the same size for the arrows is for visual
purposes). (C) Symbol sequences for the traces shown previously. (D) Visualization
of Time-Delayed Mutual Information. (E) Example subset of transition probabilities
from states to future states for some given tau for any particular state ‘i’. See
Equation 4.1 for more details. This subfigure represents partitioned entropy.
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Figure 4.4: Figures shown for all distinct subtypes of astrocyte. Cross correlation
speeds are shown for (A) spontaneous, (B) ATP, and (C) LATB affected networks.
Mutual information speeds are displayed for (D) spontaneous, (E) ATP, and (F)
LATB affected networks. Due to the skewed nature of all distributions, these
distributions have been log-normalized. We find the speed of information transport
is invariant across astrocyte subtype and extracellular environment.
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points in a segmented image), this measure is an average metric. Thus, we conclude

that a few micron per second difference is not significant to ascertain any meaningful

discrepancy from a biological perspective.

We describe the cross-correlation speeds first. The distributions are modelled

as a lognormal distribution to obtain the mean speeds to follow as shown in Figs

4.4A-C. Outliers at infinity are removed (which may happen for time lags of zero).

We report the mean of these distributions modeled under lognormal assumptions.

The spontaneous speeds are: for polygonal 25 µm/s, for stellate 28 µm/s, for reactive

23 µm/s. Under LATB, for polygonal 25 µm/s, for stellate 27 µm/s, for reactive 21

µm/s. With ATP, for polygonal, 29 µm/s, for stellate 28 µm/s, for reactive 25 µm/s.

As expressed in Figs. 4.4A-C, these distributions are not symmetric (not entirely

lognormal). Given that the order of difference between stellate and other networks

is 5 µm/s at most, and the distributions themselves retain similar characteristics

(the distributions peak within this 20-30 µm/s range consistent with experimental

studies), we conclude that the speed of information transport is invariant across

astrocyte subtypes and conditions.

Next, we report the mutual information speeds. The spontaneous speeds

are: for polygonal 28 µm/s, for stellate 32 µm/s, for reactive 30 µm/s. Under

LATB, for polygonal 34 µm/s, for stellate 32 µm/s, for reactive 29 µm/s. With

ATP, for polygonal 34 µm/s, stellate 30 µm/s, and reactive 29 µm/s. These mean

values are reported from modeling the distributions as lognormal. We conclude

that the apparent differences between the reported mean values are minimized for

mutual information speeds. The speeds are slightly higher than those of cross
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correlation. All speeds are in the 30-35 µm/s. This range is roughly consistent with

the cross-correlation speeds (at the higher end), and is consistent with the reported

literature.

Largely, we find a constant speed of information transport across conditions

and types. Using this metric (defined as the distance between objects divided by

the time lag associated with the maximization of pairwise quantity), we find that

all distributions sharply peak similarly within the reported experimental range for

calcium wave speeds. The nature of these distributions across both subtype and

conditions suggests an invariance of the speed of information transport in astrocyte

networks using this coarse approximation. The similarities in the relationships

between the distributions for the quantities (mutual information and cross-correlation

are similar but differently formulated) reflect that the aggregate relationships between

calcium signals for astrocytes are independent of subtype and perturbation. This

counter-intuitive result suggests that astrocytes regulate ions’ flow despite cellular

state, and maintain homeostasis in stressful environments to maintain signaling

speeds.

As a final remark, we comment that the time-lags associated with either

maximal cross-correlation or mutual information may come from a symmetric peaking

in a time-lag curve (i.e. bimodal peaks about the y-axis). We argue that many of the

time lags reflect a maximal value over a relevant physiological window. All other lags

reflect a mode within the time-lag curves themselves. This argument is expanded in

the Supplement.
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Figure 4.5: Cross correlation versus mutual information, and partitioned entropy
comparisons. We compare the distributions of both maximal cross correlation and
maximal mutual information across time for (A) spontaneous, (B) LATB-induced, and
(C) ATP-enhanced astrocyte networks. Each point represents the cross correlation
(x-axis) and mutual information (y-axis) for the same pair of cells. We then look at
the dynamics of individual traces using partitioned entropy for (D) spontaneous, (E)
LATB-induced, and (F) ATP-enhanced networks. Partitioned entropy ratio is the
average of the partitioned entropy divided by the entropy.
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4.4.2 Information exchange of signaling amongst active astrocytes

Next, we assess how the traces in astrocyte networks can be used to infer

relationships across pairs of cells. Given a time window of 31 frames (roughly 31

s), we find the maximum cross-correlation and mutual information values. These

relationships are shown in Figs. 4.5A-C. First, we discuss the cross-correlation

distributions. In spontaneous conditions, polygonal astrocyte pairs have higher

cross correlation subtype, but stellate and reactive pairs demonstrate comparable

distributions (Fig. 4.5A). When LATB is introduced into the astrocyte networks; the

distributions are separable indicating that the breakdown of the actin cytoskeleton

causes idiosyncratic (i.e. each astrocyte network varies its distribution relative

to its spontaneous profile) changes to astrocyte subtypes (Fig 5B). When ATP

is introduced, all distributions curves aggregate (Fig. 4.5C). The effect of ATP

suggests a minimization between the global differences in astrocyte populations. This

minimization is reflected in the strongly overlapping distributions.

Next, we discuss mutual information. In spontaneous conditions, we find

that the distributions for the astrocyte polygonal and stellate astrocytes are similar

(and lower than reactive). These results suggests that spontaneously polygonal and

stellate astrocyte behave more independently than reactive astrocytes (Fig. 4.5A).

When LATB is introduced, all mutual information curves are shifted higher with

reactive astrocytes retaining larger values while polygonal and stellate astrocyte pairs

are similar (Fig. 4.5B). Interestingly, this result indicates that a breakdown in the

cytoskeleton causes uniformity in local behavior in astrocyte interactions (i.e. higher
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values of mutual information reflect less independence). When ATP is introduced,

stellate astrocytes respond the most strongly (Fig. 4.5C). Stellate astrocytes become

strongly independent in terms of their local behavior. While stellate astrocytes

respond the most strongly, all astrocyte subtypes become more independent (lower

mutual information) when exposed to ATP.

4.4.3 Partitioned entropy highlights temporally local dynamics

We look at the partition entropy ratios for astrocytes in networks. Unlike

with cross correlation and mutual information, partitioned entropy is a method for

analyzing the dynamics of individual traces themselves (i.e. it is not a pairwise

analysis method). Moreover, it provides more ability for understanding of information

dynamics than entropy alone. Partitioned entropy ratios are calculated by finding

the average partitioned entropy across some time window (in this paper we chose to

start at τ = 10 and end at τ = 150, see Supplement for details). Values of partitioned

entropy closer to 1 are classified as chaotic whereas values closer to 0.5 are deemed

limit cycles. Classifying astrocytes in this way is beyond the scope of this work, but

it useful for further distinguishing dynamical profiles of the subtypes.

We find that spontaneously, astrocytes retain similar individual characteristics,

as demonstrated in Fig. 4.5D. This result is surprising given the numerous reported

physiological differences in these subtypes. Coupled with some similarities across

subtypes in the pairwise interactions results, we argue that, in spontaneous conditions,

when astrocytes signal it is similar. This result suggests a universal characteristic
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to spontaneous astrocyte calcium events. LATB, comparable to the distinct effects

in pairwise interactions, causes reactive astrocyte to behave more sinusoidally (Fig.

4.5E). Stellate astrocytes respond with higher partitioned entropy ratios. Lastly,

where LATB induces the strongest separation in cross-correlation distributions, ATP

seems to induce a comparable outsized effect in the partitioned entropy curves shown

in Fig. 4.5F. The different perspective (focusing solely on the individual embedded

dynamics) provided by partitioned entropy complements the results mentioned above

in ascertaining the nuanced differences in astrocyte calcium signaling.

4.4.4 Wasserstein distances enhance interpretability of comparisons

We use the Wasserstein distance (Wasserstein-1) for enhancing the interpretabil-

ity of the distribution differences shown in Fig 4.5. Wasserstein-1 quantizes the

differences in distribution by calculating the average of the minimum amount of dis-

tance needed to shift each point in a distribution to match another. This Wasserstein

distance can be considered an ‘earth mover’s distance. Consider histograms as piles of

dirt in which some displacement must occur such that both piles look identical. The

Wasserstein distance quantifies such displacement. It is useful for understanding the

differences in collective dynamics across distinct physiological subtypes of astrocytes.

The Wasserstein distance is more robust than the Kullback-Leibler divergence as the

former is symmetric (e.g., the difference between entropy distributions for polygonal

and stellate astrocytes is identical to that for stellate and polygonal astrocytes)

whereas the latter is not. For the results in Fig. 4.6, we bootstrap results from the
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Figure 4.6: Wasserstein distances for the three classes of distributions shown in Fig 5.
Astrocytes types are grouped; three pairs exist as highlighted by the dark (polygonal-
stellate), purple (polygonal-reactive), and pink (stellate-reactive). We contrast these
groups against the natural variance within the individual subtype distributions. We
find the Wasserstein distances for: spontaneous (A) cross correlation (B) mutual
information, and (C) partitioned entropy distributions, LATB exposed (D) cross
correlation (E) mutual information, and (F) partitioned entropy distributions, and
ATP induced (G) cross correlation (H) mutual information, and (I) partitioned
entropy distribution. Results are bootstrapped.
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aggregate distributions. Bootstrapping was performed with a sample size of 100

and 10,000 iterations. We proceed starting with the Wasserstein distances under

spontaneous conditions.

Under spontaneous conditions, polygonal cross correlation values are the most

distinct (Fig. 4.6A). Using symbolization, we find that the differences between

the P-S and S-R Wasserstein distributions are significant relative to each other for

mutual information (Fig. 4.6B) and partitioned entropy (Fig. 4.6C). Thus, we

conclude that on a global interaction perspective, polygonal dynamics behave the

most uniquely, on a local level (using the embedded symbol states to understand

dynamics) we find that spontaneously stellate astrocytes have a unique dynamical

profile relative to the other subtypes. The ability of information theory to tease out

this result is significant. Both stellate and reactive astrocytes possess branches [72].

The process formation could have implicated such processes in the similarities seen

in their cross-correlation distributions.

Relative to spontaneous conditions, LATB increases the differences in the

distributions for cross-correlation (Fig. 4.6D), mutual information (Fig. 4.6E), and

partitioned entropy (Fig. 4.6F). Where again, we see that polygonal astrocytes on

a global level are the most distinct relative to stellate and reactive astrocytes (Fig.

4.6D), we find that in the mutual information distributions, P-R and S-R, reactive

astrocytes separate the most strongly relative to these subtypes. This suggests

reactive astrocytes are more susceptible to cytoskeletal perturbation. The strongest

separation in terms of individual trace dynamics is seen in S-R (Fig. 4.6F) suggesting

a strong difference in effect when healthy versus unhealthy astrocytes are exposed to
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LATB.

Lastly, it is interesting that the highest reported Wasserstein distances for

mutual information (Fig. 4.6H) and partitioned entropy (Fig. 4.6I) are found under

exposure to ATP. The lowest differences are attributed to the cross-correlation

(Fig. 4.6G). Unlike previous results, this suggests that although ATP may cause

an entire network to become energetic (i.e. hyper-active), reflected in the cross-

correlation similarities, information theory enables a more nuanced readout of

dynamical differences. Surprisingly, the lowest Wasserstein differences (across all

conditions) are reported for P-R. Indeed, this result indicates that stellate astrocytes

are the most susceptible to ATP intervention whereas polygonal astrocytes share the

unhealthy characteristics of reactive astrocytes.

4.5 Discussion

Collective astrocyte dynamics are rich in information distinct from neurons and

previously overlooked. Starting from filtering out inactive traces with the non-biased

Hurst exponent, we employed cross correlation, mutual information, and partitioned

entropy to ascertain the dynamical properties of collections of maturing (polygonal),

healthy (stellate), and injured (reactive) astrocytes. This behavior characterization

extends to these astrocyte networks defined by distinct states (subtypes defined by

differences e.g. in molecular expression, morphology) and when either the energy

(ATP) or biomechanics (LATB) of the system is altered. Interestingly, this focus on

information differences allowed us to demonstrate uniformity in the speed of informa-
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tion transport across astrocyte subtype and extracellular environment (ATP/LATB).

Our analysis on these astrocyte networks handles the complex spatiotemporal pat-

terns present in these data. Not merely regarding the calcium signaling of astrocytes

as an adaptive mechanism, our work argues that the spatiotemporal patterns em-

bedded in these networks are active. That these patterns themselves are sources

of dense information rivaling neuronal networks. The spatiotemporal patterning of

spontaneous astrocytes is shown in the Appendix.

A principal finding of this work is the corroboration of astrocyte signaling

(Ca2+ waves) speed using information theoretic methods. Using cross correlation and

mutual information on analog astrocyte traces, aggregating traces from independent

image sequences, we find an invariance of the speed of information transport. We

discovered that for all conditions investigated, the speed of information transport is

approximately 25-40 µm/sec, consistent with the speed of Ca2+ waves measured

directly in prior studies [196, 228, 229]. These findings are independent of astro-

cyte subtype and chemical milieu, which strongly indicates that Ca2+ waves are

the primary mechanism of astrocyte-to-astrocyte information exchange, i.e. Ca2+

dynamics is a dominant form of communication in astrocyte networks for all states

and environmental conditions investigated despite differences in molecular expression,

information processing, and the biochemical cell-cell coupling machinery (AQP4,

Cx43). Given that we will subsequently discuss the differences in information dy-

namics, this result is even more startingly. Confirmation of the speed of information

transport with previously reported values lends confidence to using these methods

for understanding astrocyte signals.
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We preface subsequent interpretation of our results with subtle distinction

between the competing pairwise information theoretic concepts in this work. Corre-

lation (of which cross is the most appropriate for astrocyte signals, see Supplement

for more details) deals with the specific similarities of mean field fluctuations of

the traces. One way to understand this subtle concept is that pairwise correlation

values relate to the absolute coarse-grained differences between points in a time series.

Accounting for the time lag to maximize correlation, in the context of astrocyte

signals, it describes how similar the calcium events look; the average area overlap of

all calcium events. Mutual information, supported by symbolization, is more focused

and able to provide more local descriptions of how symbol state influences across time

series71Both are important, and our results, such as the marked separation between

cross-correlation LATB distributions, indicate that both provide a holistic ability to

compare astrocyte dynamics. Indeed, an externality of these results, including the

use of partitioned entropy for comparative analysis, is a demonstration of the varied

insights that are gained by using this complete set of information theoretic tools.

Importantly, polygonal astrocytes in control conditions (spontaneous), which

have been regarded as quiescent, [41] exhibit information processing; in other words,

polygonal cells are not inactive cells and have complex signaling patterns. The

difference between these polygonal cells, and stellate and reactive astrocytes at first

lies in the global correlation structure amongst polygonal astrocytes. As shown in Figs.

4.6A,D,G, polygonal cells are the most distinct with higher cross correlation values

than stellate and reactive astrocytes. As correlation is a global averaging of time

values, this suggests that the mean field behavior of polygonal cells is more coupled
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than those of stellate and reactive astrocytes. In other words, polygonal astrocytes

broadly have more global network synchrony. These insights are counterintuitive as

the higher expression of the astrocyte markers regulating cell-cell coupling, AQP4

and Cx43, seen in stellate and reactive astrocytes (Fig. 4.1) suggest that these cells

would couple more closely in their information processing. One possible explanation

is that the lower expression of coupling proteins limits the signal propagation to

fewer polygonal neighbors and thus, paradoxically, these polygonal networks are

globally more aligned. Future studies will investigate this possibility.

Locally, we gain additional insights into stellate and reactive signaling dynam-

ics using symbolization which embeds the dynamics. We conclude that reactive

astrocytes respond most strongly to cytoskeletal perturbation (LATB) whereas

stellate astrocytes react most strongly to additional energy (ATP). These results

are consistent with the role of the cytoskeleton and ATP in reactive and stellate

astrocytes, respectively. Reactive astrocytes must have a dynamic cytoskeleton

as they migrate to form the glial scar, an adaptive function in response to injury

or disease [79, 86]. Stellate astrocytes communicate via more localized contacts,

and ATP is suggested to be an important extracellular messenger for specifically

stellate-like calcium waves [230,231].

The science of causality is a burgeoning field due to the pioneering works

of Judea Pearl [232]. The rungs or levels of causation are classified as associative

(probabilistic), interventional (manipulative), and counterfactual (imaginative). Our

pairwise calculations are associative. The partitioned entropy calculations upon ATP

and LATB stimulation are interventional. Interventions for pairwise calculations
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could include fixed staining after calcium imaging to assign known gap junction con-

nected cells. Counterfactual association could include specific biomarker knockdowns

or additional gliotransmitter incubation (e.g., calcium imaging upon exposure to

GABA).

Overall, our work shows that applying information theoretic tools to in vitro as-

trocyte networks lends insights into the collective action of astrocytes. Generally, our

work has analyzed the complex spatiotemporal characteristics of polygonal, stellate,

and reactive networks. We find that polygonal astrocytes are not quiescent, stellate

astrocytes respond most significantly to ATP, and reactive astrocytes are affected

by LATB. Our study also provides a systematic baseline of three complementary

astrocyte states and key perturbations supporting future studies of astrocyte network

function in health and disease. The successful demonstration of our method across

numerous astrocyte conditions and microenvironments suggests broad applicability

and promise for these tools to study analog astrocyte dynamics.
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Chapter 5: Partitioned informational interactions within stellate as-

trocyte networks: An in-depth analysis of rising and

falling entropy

This chapter is based on a work in preparation by N.Mennona.

5.1 Overview

The heterogeneity of calcium (Ca2+) signaling in stellate astrocytes has been

developed via the advance of calcium markers and machine learning techniques.

The use of information theory to understand the physical dynamics encoded within

astrocytes as both a metric for comparison and for understanding of astrocyte signals

has only recently garnered interest. Here, we focus on the information embedded

within stellate astrocytes across their cell bodies and processes. Stellate astrocytes in

vitro are rich in enchanting morphology which shows marked networks of entangled

processes and cell bodies. We develop an understanding of information propagation

through both ‘regular’ and ‘time reversed’ partitioned entropy. In addition, we

‘group’ entropies from ‘calcium events’ by modifying amplitude-ordered symbol

sequences to provide more interpretable variations of symbol states that contain
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biological relevance. It is found that information varies between processes and cell

bodies for stellate astrocytes. Given that most research in both neuroscience and

‘astrocytescience’ focuses solely on information (e.g. correlations) for cell bodies, the

implications of this study provide insights for both understanding the differences in

signaling networks, and future development and design of experiments and theory

for astrocyte signaling.

5.2 Background

The brain, using both astrocytes and neurons, performs information processing.

Given the incredible increases in image resolution and more sophisticated sample

preparation, researchers are now endowed with a remarkable level of cell-scale detail.

This detail has enabled investigations into the rich structural heterogeneity within

both astrocyte and neuron morphology. It is imperative to use these intracellular

scales now afforded in image sequences to understand better how astrocytes process

information.

At a high level, neuronal networks sense and integrate information across

networks via their somata (cell bodies), synapses (links between soma), and dendrites

(long, thin processes protruding from the soma). Within neuroscience, the information

processing and interactions are largely focused on two main components: cell bodies

and synapses. Within ex-vivo and in-vivo imaging sequences, neuronal soma can

be modelled as point particles using difference of gaussians filters, which confer

a circular region of activity [233]; resultant correlations are based solely on the

97



dynamics of neuronal cell bodies. The introduction of synaptic links between

somata has generated immense development in neural networks. With the goal to

understand how the brain abstractly generates representations [234], neural networks

can “learn” (have memory) through these connections between neurons represented

as nodes [235]. Recently, it has been called into question whether somatic activity is

driving the dynamics of these networks; are synaptic dynamics, modelled by link

weights (strengths), the driver? [236]. None of these important studies focus on

the information embedded within the rich heterogeneity of these cells. There is a

small but growing body of work devoted to understanding how the intracellular

excitability of neurons contribute to the information processing within these networks.

Neuronal dendrites are thin processes emanating out of neuronal soma. And this

body of work demonstrates, both experimental and computationally, that these

thin processes perform information processing in idiosyncratic ways relative to

somata. Fascinatingly, dendrites are different in their dynamic; the whole neuron

is not isotropic. Dendrites compartmentalizes electrical signals differently relative

to neuronal cell bodies. [237, 238] Accordingly, their calcium signaling is equally

distinct [239,240]. This noted uniqueness of dendrites has been used to argue that

the computational processing credited to the somata-synapse duality may result more

from the dynamics of dendrites. [241–244] Acknowledging the hidden information

embedded in dendrites, astrocyte processes may contain an equally important role

in the information processing of astrocyte networks.

Astrocyte processes have been implicated in synaptic modulation, with occur-

rence of processes at postsynaptic sites outweighing presynaptic sites [245]. Some
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progress has been made in analyzing the differences between astrocyte soma and

proccesses [246], and modelling the Ca2+ signaling in fine processes [247]. The

integration of astrocyte processes into synaptic dynamics is not the goal of this work.

Not only is little known about the dynamics of astrocyte networks independently of

neurons, but there remains ongoing debate regarding the tripartite synapse and how

astrocytes functionally integrate neuronal information [92]. In short, all research

reviewing and describing the state of astrocyte research argue that more techniques

are needed to shed light on what is actually going on within astrocyte processes and,

generally, within astrocyte networks as a whole. [100]

Advances in understanding the compartmentalization of astrocyte networks

are ongoing. Independently of processes, the calcium dynamics embedded within

astrocyte microdomains, within these subcellular regions, are under investigation

in terms of their role in astrocyte signaling heterogeneity. Advances in images

and research methodologies as in the case of the machine-learning based algorithm

AQUA [170] have enabled questions regarding the role of subcellular astrocyte

dynamics and their integration in cognition. Overall, healthy, stellate astrocytes have

an arborization comparable to neuronal dendritic geometry. This arborization as a

network, and the information contained within this network are underexplored. An

important technique needed to understand astrocyte information processing better

is information theory, and the technique of symbolization to encode the dynamical

representations of complex astrocyte Ca2+ events.

Building upon the work [163], we study stellate astrocyte networks in vitro at

a higher magnification than our previous study; our interest is not single subcellular
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dynamics, as we are interested in the collective dynamics of astrocyte processes.

Leveraging and modifying amplitude-ordering symbolization for understanding as-

trocyte processes, we describe, quantify, and contrast stellate astrocyte bodies and

processes.

5.3 Materials/Methods

5.3.1 Imaging

Experiments were performed between 14 to 21 (DIV14-DIV21) days after

dissection [196]. At this time, astrocytes were trypsinized from flasks and plated into

PDL-coated (Sigma-Aldrich) 35 mm dishes (MatTek). Dishes containing cultured

astrocytes were incubated with 5µ M CalBryte 590 AM (AAT Bioquest) for 30-60

min at 37degC prior to imaging. Dishes were then washed with PBS. Astrocytes

are plated at densities such that they proliferate to roughly 125k cells/well on the

day of imaging (a final density of approximately 2.5k cells/mm2), and imaging was

performed on a spinning disk confocal microscope (PerkinElmer). Image acquisition

occurred for approximately 60 minutes at roughly 5 frames per second with 100 ms

of exposure time per frame. The University of Maryland Imaging Core maintains the

PerkinElmer spinning disk confocal microscope used for this research. The equipped

Hamamatsu ImagEM X2 EM-CCD camera (C9100-23B) took the image sequences,

which records 16-bit images. Sequences were taken from an oil 40x objective (1.3

NA; 0.36 µm per pixel) and under temperature, CO2, and humidity control. All

experiments are performed in NeuroBasal media (Gibco) for reasons previously
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described [163].

5.3.2 Cell Culture

Primary astrocytes were obtained from Sprague Dawley rats housed at the

University of Maryland (in concordance with the recommendations of and approval by

the University of Maryland Institutional Animal Care and Use Committee; protocols

R-JAN-24-01). Astrocytes were prepared from 0-to-2 day postnatal (P0-P2) Sprague

Dawley rat brains as described previously [89]. Briefly, cortical tissue from each

pup was separately dissociated via trituration, filtered, and plated into T25 flasks

containing DMEM (ThermoFisher), 15% fetal bovine serum (Benchmark), and 1%

pencillin-streptomycin (P/S). After roughly 7 days, in order to generate stellate

and reactive astrocytes, the media was changed to stellate (AWESAM) media,

which includes Neurobasal (ThermoFisher), 2% B27+ (GIBCO), 5 ng/mL HB-EGF

(TOCRIS BioSciences) [41].

5.4 Results

5.4.1 Correlation as segmentation

An important result found is that using Pearson correlation in an a priori

known region of acitivty (i.e. an active astrocyte located by the researcher upon

observation of the data), one can generate segmentation maps, as illustrated in Figs.

5.1A,B. These segmentation maps are generated by finding an active region in Fig.

5.1A. Such a region is shown by the black circle in Fig. 5.1B. From here, a pixel-wise
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Pearson correlation is performed. This calculation is between the mean valued

time series generated by the values in the assigned black region, and every pixel in

the entire image sequence. Interestingly, the correlation can pick up well defined

regions corresponding to astrocyte bodies and processes. Next, we downsample the

pre-existing image sequence (Fig. 5.1). This method acts as both a smoothing step in

addition to an averaging for pixel-wise Pearson correlation. Since Pearson Correlation

is a simultaneous measure, we perform the calculations for several windows in an

image sequence. As of these windows are max projected (Fig. 5.1D. Notice how the

upper cell body noted by negative correlation in Fig. 5.1B is now red in Fig. 5.1D

due to this maximal projection over several windows. Using a Difference of Gaussian

(DoG) filter coupled with an anisotropic Laplacian of Gaussian filter (LoG), cell

bodies (Fig. 5.1E) and processes (Fig. A.1F) are differentially extracted. Unlike in

studies on the different calcium expressions intracellularly [41], we normalize the

areas contributing to these analog signals. The various colors in Figs. 5.1G,H show

different regions within segmented objects. For both cell bodies and processes, we

construct sub-regions of 9 pixels in total for both of these objects in order to ensure

proper comparison of signals (i.e. signals extracted from more pixels by definition

will be more smoothed than signals from small regions).

5.4.2 Rising and Falling State entropy differences

Next, we modify the symbol states used in the literature [163]. We do this in

order to separately extract rising and falling dynamics from an analog time series.
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Figure 5.1: Pearson correlation dynamics within several windows allows segmentation
of cell bodies versus processes. Cell bodies and processes are extracted with a
difference of Gaussian (DoG) filter and LoG filter, respectively.

Figure 5.2: Modifications to the embedded states reveal differences between the
rising and falling dynamics of stellate cell bodies and processes.
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These states are of interest as they define the complex spatiotemporal patterns of

astrocyte dynamics. A ’rise’ state is defined as all embedded states in which the first

point is the lowest and the last point is the largest in an embedded window; ’falling’

states are the opposite. Using this analysis, we can extract the entropy associated

with rising and falling from any time series (Fig.5.2A).

We extract the rising (Fig. 5.2B) and falling (Fig. 5.2C) entropies for normalized

area regions within stellate bodies and processes. We find that processes have a

significantly larger falling entropy (Fig. 5.2D), suggesting that the ways in which

calcium decreases in processes are more varied.

5.5 Discussion

Pearson correlation provides another simple method for segmentation. Without

minimal thresholding, cell bodies and processes can be extracted in order to under-

stand how the different components contribute to the overall information processing

of stellate networks.

We have found that stellate processes have a larger falling entropy than stellate

bodies suggesting that the dynamical shapes of analog process time series are more

varied than those of stellate bodies.

5.6 Conclusion

We have modified symbolization to generate symbol states with biologically

interpretable meaning. We have extended these to astrocyte stellate cell bodies and
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processes. We have found that the rising and falling entropies of these components

within a stellate network differ.
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Chapter 6: Summary and Future Directions

6.1 Concluding discussion of works contained

In this dissertation, data scientific insights from image sequences of cellular

collections demonstrate the information content of astrocyte and cytoskeletal dynam-

ics. As a result, this dissertation highlights the collective characteristics of astrocyte

and cytoskeletal networks regarding organization, morphology, lateral motion, and

signaling patterns. Astrocytes and the cytoskeleton contain unique dynamics. These

insights were generated from computer vision, statistical methodology, physics-based

techniques, and information theory. Chapters 2,3,4, and 5 discuss data-driven tech-

niques to uncover the slow signals of astrocytes and the filamentous dynamics or

arrangement of the cytoskeleton. Similarly, these chapters showcase improvements

to our understanding of complex biological systems. As astrocytes are the main

object of interest in this work, it has been shown repeatedly how the brain, one of

the most–if not the most–popular complex biological systems, contains collective

astrocyte and cytoskeletal dynamics. The next research steps will be to incorporate

these dynamics and account for the resultant interactions with previously studied

dynamics, e.g., the electrochemical firing of neurons. What follows is a short, detailed

summary of the chapters.
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6.1.1 Astrocyte insights generated

The information modalities of astrocytes have been overlooked, not purposefully,

but as a result of their importance in supporting brain health. As a reminder, glia is

derived from Latin, meaning glue. Astrocytes, as a subset of glia, provide critical

physiological help to the brain in previously described areas. Indeed, astrocytes

are regarded as the brain’s immune cells, e.g., in their ability to migrate and

perform wound healing. This wound healing is often referenced as a glial scar.

This physiological support’s downstream effect is seen via astrocytes’ morphological

plasticity. This plasticity is a repeated pattern in this dissertation. We first began this

discussion on plasticity by demonstrating that astrocyte actin organizes differently

depending on environmental cues. Astrocytes mechanically sense their environment.

Some of the consequences of this functionality are differentiation of physiology and

shape and migratory ability. Building upon the work demonstrating the differential

dynamical response of astrocytes functionally dependent upon the presence of unique

topographies and neuronal cells, I demonstrated that astrocyte actin filaments

organize with a different angle relative to the cellular boundary when on various

surfaces. I analyzed this using a rotating, anisotropic Laplacian of Gaussian (LoG)

filter. This predictive ability has implications for linking astrocyte geometry to

functional interactions within astrocyte networks and mechanical interactions with

other brain cells.

In addition to the vital sensing and supportive functions, astrocytes signal.

To avoid confusion with neurons, we do not call such signals ‘firing.’ The calcium
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(non-electrical) events of astrocytes are orders of magnitude slower than neurons.

Motivated by the differentiation caused by the mechanical sensing of astrocytes,

the signals generated by the three significant classes of astrocytes were investigated.

Information-theoretic tools found that although the speed of information transport

is unaffected by subtype and extracellular environment. The indifference of speed

is contrasted against the differences in the information-theoretic measures. Cross-

correlation, mutual information, and partitioned entropy were the measures used.

This work was followed up by narrowing my focus to stellate networks to ascertain

partitioned entropy differences between processes and cell bodies.

6.1.2 New technique to study lateral motion of filaments

Building upon the work done with the LoG filter, I combined Optical Flow

and LoG to capture the lateral dynamics of microtubule filaments. Due to previous

difficulties in analyzing tubulin in image sequences, tracking EB-tip proteins became

the standard analysis method for microtubule activity. This filament displacement

tool provides a methodology to study the intracellular forcing environment via

microtubule lateral motion. Future studies will complement EB tip tracking with

this filament motion method.

6.2 Future Directions

The following sections provide an overview for future researchers to build upon

the foundations provided and questions raised in this dissertation.
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6.2.1 Applying information-theoretic techniques to cytoskeletal dy-

namics

Optical flow and LoG filtering are practical computer vision techniques for

extracting and analyzing cytoskeletal dynamics. Optical flow has successfully revealed

the underlying wave structure of actin dynamics. Further use of the Filament

Displacement tool described in Chapter 3 should inspire readers for microtubule

work.

In the optical flow patterns discussed, including in the work motivating investi-

gation of astrocyte actin organization [89], there is an averaging of pixels for some

ROI. Even in the case of Chapter 3, the results described are magnitudes contained

within pixels; these magnitudes do not reveal any embedded dynamics within these

cytoskeletal structures.

A future project worthy of investigation is to convert cytoskeletal dynamics

data into time series. After this conversion, researchers can quantify the embedded

dynamics, taking the analysis approaches introduced in Chapter 4 into account. For

example, symbolization of microtubule fluctuations data extracted as described in

Chapter 3 under some perturbation may elucidate the effects of these perturbations.

Any cytoskeletal analysis involving ROIs constitutes an averaging of dynamics;

pixel-level dynamics are lost for quantification purposes. There is an opportunity for

researchers interested in studying image information theory to ask several questions

about cytoskeletal dynamics. The field is in its infancy, and therefore, one may

investigate how best to leverage both information theory with the high-dimensional,
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high-resolution datasets to achieve a more nuanced understanding of the embedded

dynamics [248–250].

6.2.2 Causal linking calcium signals with cytoskeletal dynamics

Calcium signaling and the actin cytoskeleton (and its possible dynamics) have

been linked for both neurons and astrocytes [251–258]. The reader is reminded to

reference Chapter 1 for a refresher on the non-static nature of both of these systems;

i.e. these studies would benefit from a re-investigation utilizing the information-dense

spatio-temporal patterns embedded within these systems. The motivation behind

the project in 4 is the salient morphological differences observed across the three

physiological classes of astrocytes. Representative examples of these differences

are represented in 6.1. Referencing the previous section as motivation, causally

linking cytoskeletal dynamics to calcium signaling in astrocytes remains an ambitious

undertaking. One may ask: are stellate astrocyte actin dynamics related to their

differential calcium signaling profile? Studies have demonstrated effects on calcium

signaling following cytoskeletal perturbation [114]. Applying time-delayed mutual

information [226] to both information channels to 1) better understand the timescales

for this interaction and 2) incorporate models or generate new ones from these data

insights. Furthermore, comparable to the comparative framework of 4, motivating

a comparison of understanding how differing cytoskeletal dynamics in structurally

plastic astrocytes may precipitate differing calcium dynamics is of interest. A project

summary is shown in Fig. 6.1.
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Figure 6.1: Motivation behind the comparative analysis of information processing of
astrocyte subtypes. Actin cytoskeletons manifest different morphologies for polygonal,
stellate, and reactive astrocytes. Actin is labeled green, and calcium is labeled dark
red. Linking the actin and calcium time series via time-delayed mutual information
proves a worthwhile starting point.

111



6.2.3 Non-stationarity of astrocyte signals and parameter

For this section, the reader is encouraged to revisit the discussions of partitioned

entropy as outlined in Chapter 4. It is noted that the time series present suffers

from a lack of a large number of time points (unlike in neuronal signals within the

millisecond timescale). This is a result of the discussed slower time scale of astrocyte

dynamics (relative to neuron dynamics on the millisecond timescale). Partition

entropy has proven helpful in this dissertation for comparative analysis. However,

the time series for astrocyte signals in Chapters 4 (and in 5) are not stationary. An

investigation of the chaotic nature of astrocyte signaling dynamics is outside the

scope of this work. The conclusion remains that astrocyte dynamics (regardless of

physiological subtype) are close to limit-cycle dynamics. However, the dynamics

expressed in the partitioned entropy curves (Fig. 6.2) resemble the partitioned

entropy curves of well-known chaotic time series. A more theoretically oriented

project investigating the properties of astrocyte signals is of interest. Tools and

research on quantifying and discriminating chaotic signals exist, and good starting

points are referenced here [225,259–268].

The parameters described in Chapters 4 and 5 are non-trivial. Careful tuning

of parameters, such as the time-delay parameter l, may provide researchers with

more substantial results for understanding the unique characteristics of astrocyte

signals. Indeed, further modifications to the time delay, l, may prove fruitful. m, l

were chosen after careful consideration of the parameter selection discussion in both

applied and theoretical studies [217–225]. However, as discussed, the applied work
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done in the literature is focused on neurons except works provided in this paper.

Updating the works described herein with a robust discussion of parameter selection

specifically for astrocyte calcium dynamics is of interest.

6.2.4 Water transport as a slow mediator of astrocyte information

Water flows in the brain are implicated in central nervous system health and

disease or injury [77, 269, 270]. As a specific example, Aquaporin-4 (AQP4) is

implicated in brain edema [271]. AQP4 is the main water channel in the brain. It is

almost exclusively expressed by astrocytes [77] similarly to Connexin 43 (Cx43) [185]

(itself an important link in the migratory function of astrocytes). Moreover, it is

known that astrocytes migrate in response to injury (forming the glial scar) [96],

and upregulated water channels affect the success of astrocyte response [77]. Using

calcein as an imaging marker, water dynamics are shown to follow comparable

fluctuations to calcium. Leveraging information theory on these signals provides

a pathway to analyze astrocyte networks from a pathology perspective. Moreover,

sample datasets of GL-261 wound healing coupled with water transport imaging are

of interest to better establish causal links. As an example, using mutual information

to understand the driving channel (whether cytoskeletal or water transport) in

migration by measuring shape dynamics [272] of migrating cells with water dynamics

with add to the body of literature which still analyzes the pathological implications

of astrocytes. Example data is shown in Fig. 6.3.
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Figure 6.2: Partitioned entropy results from 4 suggest astrocyte signaling is not
chaotic. However, the nature of the partitioned entropy curve exhibits behavior more
akin to a chaotic time series than a limit cycle. Future studies could investigate this.
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Figure 6.3: Water channels, specifically AQP4, are implicated in CNS health and
injury response. Establishing causal links between the injury response (migration)
and water fluctuation dynamics (akin to calcium fluorescence data) is the next
step to enhance a spatiotemporal understanding of astrocyte-supportive responses.
Segmentation for shape dynamics is highlighted in red.
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Appendix A: Appendix to Chapter 4

This study does not regard the calcium waves present in astrocyte networks

as adaptive mechanisms. Indeed, all astrocyte subtypes in the study spontaneously

experience calcium events throughout the network. These complex patterns, rather

than represented as analog time series, are shown in a permuted data dimension. This

dimension demonstrates the complexity in terms of location, shape, and duration

of spontaneous calcium events in astrocyte networks. Information-theoretic tools

are well-suited to handle the rich, non-linearity present in this data, illustrated

in Fig. A.1 Astrocytes are segmented using FogBank, a morphological watershed

segmentation algorithm [207]. A complete FogBank segmentation is shown in Fig.

A.2A. The examples used in Fig. 4.2 are replicated here in Fig A.2B, showing the

visual transition from FogBank to the figure as displayed in the text. FogBank

segmentation provides distances to each other segmented object (astrocyte); we take

the center of mass of each object to find distances between FogBank segmented

objects.

The use of correlation for astrocytes is modified from the conventional use of

Pearson correlation for neurons. Considering the framerates and the millisecond

(ms) timescale for electrical neuronal firing, the use of Pearson correlation (referred
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Figure A.1: Spontaneous spatiotemporal calcium patterns. We refigure the snapshots
presented in Fig. 4.1 with a transformed view of the spatiotemporal patterns in
astrocyte networks. The spatiotemporal patterns are produced from permuting the
dimensions of the data to show time on the x-axis. All calcium events are shown.
They are localized in elliptical regions.

in this Appendix as simultaneous firing) is appropriate. The simultaneous firing

of neurons allows for Pearson correlation to assess connectivity and other related

measures accurately. However, in the case of astrocytes with slow firing on the second

timescale, Pearson correlation is inappropriate. Notice in the ‘temporal window for

simultaneous firing,’ marked by the bounded rectangle in Fig. A.2C. Visually, we

note that the peaks of calcium events are not aligned which leads to poor correlation

output in Fig A.2D. However, using Cross Correlation (used in our main text and

referred to in this Appendix as a measure of spatial propagation) is appropriate to

address the time lags in between calcium events for astrocytes. Shifting the purple

(top) and orange (bottom) traces in Fig A.2C, shifted traces shown in Fig A.2E, we

see that the calcium events are more in line, in this case indicating that information

was transmitted forward to the yellow (middle) trace; backward information was

transmitted from the purple trace to the yellow trace (which equally indicates forward
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Figure A.2: Construction of objects, and time-delayed correlation versus Pearson.
(A) FogBank image shows the boundaries of all segmented cells. For (B) which is
reproduced from Fig 2, we show how we went from FogBank to the traces shown in
the paper. (C) Demonstrates that for slow traces like astrocytes, Pearson correlation
is ineffective in understanding how information is transported. (D) The simultaneity
measure of Pearson correlation results in low correlation values. (E) Cross correlation
allows traces to be shifted, which makes sense for the slow calcium signals in astrocyte
networks. (F) Contrasted to (D), cross correlation values better reflect area overlap
in calcium events.

118



from yellow to purple). Time lags assume positive or negative values, but are taken

as positive in the calculation of speed. See improved correlation results, relative to

Pearson output, for astrocyte calcium events in Fig A.2F.

In order to verify that the time lags from either cross-correlation or mutual

information are properly extracted, we looked at cross correlations for a wide range of

time lags. Using cross-correlation as a representative example, we analyze an arbitrary

group of stellate calcium traces in Fig. A.3A. Some of the cross-correlation curves

between these traces are shown in Fig. A.3B. The curves are smooth, indicating

that a well-defined magnitude and time-lag with the largest cross correlation exist.

We note that for some curves additional peaks of comparable height are seen. As

shown in Figs. A.3C and A.3D, these additional peaks are consistent with the period

character of many calcium traces, which yields well-defined peaks in the Fourier

spectrum (Fig. A.3D). Corresponding to the peak in Fig.A.3D at 0.05Hz (indicating

a 20 second periodicity), we find that the corresponding cross correlation (red curve

in Fig. A.3B) has two peaks 20 seconds apart. We systematically choose the largest

peak to reflect that most likely time delay and magnitude of cross-correlation.

Partitioned entropy enables a more individualistic interpretation of the calcium

events of astrocytes. In order to correctly ensure the measure, here used as a com-

parative metric to assess difference between astrocyte subtypes, is used appropriately

we replicate the results in Shiozawa et al [225]. In Fig. A.4A, for a straight line

(green), a sine curve (blue), the Lorenz equation (cyan), and Thomas’ cyclically

symmetric attractor (pink), we replicate partitioned entropy curves. The maximal

entropies for these curves are indicated by the zero slope lines with the same color as
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Figure A.3: Analysis of peaks in cross-correlation curves. (A) We reproduced
arbitrary stellate time series. (B) For these curves, we report 4 cross-correlation
curves associated with time-lags corresponding to the window size used in this study.
(C) Expanding this correlation curve to un-physiological time lags, we observe the
presence of two modes in this data. (D) Removing the larger mode (subtracting
the mean), we find that these peaks associated with maximal correlation are well
defined.
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Figure A.4: We reproduced a partitioned entropy figure to demonstrate our code is
sound. We plot representative curves for partitioned entropy. Since the partitioned
entropy ratio retains the same bounds ([0 1]) are the Hurst exponent, for completeness
we show how these are difference metrics. Hurst exponent is finding the slope of
the graph shown, loglog plotted, in (E). shown in (D) refers to symbol state time
whereas in (E) it reflects acquisition rate of the image sequences.
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the partitioned entropy curve in Fig. A.4B. As one can see, there is no partitioned

entropy for a line, the partitioned entropy for a sine curve is roughly 0.5 (as indicated

by the sinusoidal nature of the partitioned entropy curve), whereas for the Lorenz

and Thomas systems, the partitioned entropy curves saturate closer to maximal

entropy values, indicating that these time series are chaotic.

For this paper, we reproduce some stellate traces (Fig. A.4C) with respective

partitioned entropy curves (Fig. A.4D). We note that these curves visually appear

comparable to chaotic partitioned entropy curves; however, these curves hover around

½ the maximal entropy value. Exploring the nature of chaos in astrocyte systems is

beyond the scope of this paper, but worthy of further investigation.

Since the partitioned entropy ratio and the Hurst exponent assume comparable

values, [0 1], we reproduce the curves for evaluating the Hurst exponent for the

stellate traces in Fig. A.4C. As shown in Fig. A.4E, the Hurst exponent is the slope

of the log-log plot between the expected squared difference between values in a time

series offset by τ and g(t) itself. There is a connection between the Hurst exponent

and partitioned entropy, but these metrics are distinct and the values of 0.5 signify

different physical meanings.

Due to the nonlinearity of astrocyte signals and the use of symbolization,

finding the frequencies of these traces does not logically flow with the structure of the

main text. The nature of astrocyte calcium events renders any output frequency a

dubious value, i.e. astrocytes need not, and do not, obey the same frequency within

certain distinct time windows in a series. However, for completeness, we report these

values. The values reported are the peak frequency associated with the periodogram
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Figure A.5: Fourier frequencies. Peak frequencies for individual traces for polygonal,
stellate, and reactive traces in (A) spontaneous conditions, (B) LATB conditions,
and (C) ATP conditions are shown for completeness.

of individual traces. Nonetheless, we find that reactive astrocytes have the lowest

spontaneous frequency with stellate having the highest (Fig. A.5A). Latrunculin

B increases polygonal and stellate distributions while lowering reactive ones (Fig.

A.5B). ATP increases the frequencies of all astrocyte subtypes (Fig. A.5C).
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O. Ramirez, S. Härtel, P. Schneider, A.F.G. Quest, R. Herrera-Molina, and
L. Leyton. Astrocyte-to-neuron communication through integrin-engaged Thy-
1/CBP/Csk/Src complex triggers neurite retraction via the RhoA/ROCK
pathway. Biochimica et Biophysica Acta (BBA) - Molecular Cell Research,
1864(2):243–254, February 2017.

[136] Tamara Posati, Assunta Pistone, Emanuela Saracino, Francesco Formaggio,
Maria Grazia Mola, Elisabetta Troni, Anna Sagnella, Morena Nocchetti,
Marianna Barbalinardo, Francesco Valle, Simone Bonetti, Marco Caprini,
Grazia Paola Nicchia, Roberto Zamboni, Michele Muccini, and Valentina
Benfenati. A Nanoscale Interface Promoting Molecular and Functional Differ-
entiation of Neural Cells. Scientific Reports, 6(1):31226, August 2016.

[137] Valentina Benfenati, Grazia Paola Nicchia, Maria Svelto, Carmela Rapisarda,
Antonio Frigeri, and Stefano Ferroni. Functional down-regulation of volume-
regulated anion channels in AQP4 knockdown cultured rat cortical astrocytes.
Journal of Neurochemistry, 100(1):87–104, January 2007. Publisher: John
Wiley & Sons, Ltd.

[138] Stefano Ferroni, Cristina Marchini, Mario Nobile, and Carmela Rapisarda.
Characterization of an inwardly rectifying chloride conductance expressed by
cultured rat cortical astrocytes. Glia, 21(2):217–227, October 1997. Publisher:
John Wiley & Sons, Ltd.

[139] Grazia Paola Nicchia, Antonio Frigeri, Grazia Maria Liuzzi, Maria Pia San-
tacroce, Beatrice Nico, Giuseppe Procino, Fabio Quondamatteo, Reiner Herken,
Luisa Roncali, and Maria Svelto. Aquaporin-4-containing astrocytes sustain a
temperature- and mercury-insensitive swelling in vitro. Glia, 31(1):29–38, July
2000. Publisher: John Wiley & Sons, Ltd.

137



[140] Nicholas J. Mennona, Anna Sedelnikova, Ibtissam Echchgadda, and Wolfgang
Losert. Filament displacement image analytics tool for use in investigating
dynamics of dense microtubule networks. Physical Review E, 108(3):034411,
September 2023. Publisher: American Physical Society.
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Renau-Piqueras, and Gustavo Egea. Protective effects of lysophosphatidic acid
(LPA) on chronic ethanol-induced injuries to the cytoskeleton and on glucose
uptake in rat astrocytes. Journal of Neurochemistry, 87(1):220–229, October
2003. Publisher: John Wiley & Sons, Ltd.

[192] David N. Bowser and Baljit S. Khakh. ATP Excites Interneurons and Astro-
cytes to Increase Synaptic Inhibition in Neuronal Networks. The Journal of
Neuroscience, 24(39):8606, September 2004.

[193] Peter B. Guthrie, Joshua Knappenberger, Menahem Segal, Michael V. L.
Bennett, Andrew C. Charles, and S. B. Kater. ATP Released from Astrocytes
Mediates Glial Calcium Waves. The Journal of Neuroscience, 19(2):520,
January 1999.

[194] Herbert Zimmermann. Signalling via ATP in the nervous system. Trends in
Neurosciences, 17(10):420–426, January 1994.

[195] Geoffrey Burnstock. Cotransmission. Current Opinion in Pharmacology,
4(1):47–52, February 2004.

[196] Christian Giaume and Laurent Venance. Intercellular calcium signaling
and gap junctional communication in astrocytes. Glia, 24(1):50–64, 1998.
eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1002/%28SICI%291098-

1136%28199809%2924%3A1%3C50%3A%3AAID-GLIA6%3E3.0.CO%3B2-4.

[197] Panpan Yu, Hang Wang, Yasuhiro Katagiri, and Herbert M. Geller. An In Vitro
Model of Reactive Astrogliosis and Its Effect on Neuronal Growth. Methods in
molecular biology (Clifton, N.J.), 814:327–340, 2012.

[198] Zainab Sabry Othman Ahmed, Shaymaa Hussein, Rehab A. Ghandour, As-
maa A. Azouz, and Mohamed A. El-Sakhawy. Evaluation of the effect of
methotrexate on the hippocampus, cerebellum, liver, and kidneys of adult male
albino rat: Histopathological, immunohistochemical and biochemical studies.
Acta Histochemica, 123(2):151682, February 2021.

[199] Vincenzo Bramanti, Daniele Tomassoni, Marcello Avitabile, Francesco Amenta,
and Roberto Avola. Biomarkers of glial cell proliferation and differentiation in
culture. FBS, 2(2):558–570, 2010.

143



[200] Antonio Cibelli, Maria Grazia Mola, Emanuela Saracino, Barbara Barile,
Pasqua Abbrescia, Guido Mogni, David C. Spray, Eliana Scemes, Andrea Rossi,
Diletta Spennato, Maria Svelto, Antonio Frigeri, Valentina Benfenati, and
Grazia Paola Nicchia. Aquaporin-4 and transient receptor potential vanilloid 4
balance in early postnatal neurodevelopment. Glia, 72(5):938–959, May 2024.
Publisher: John Wiley & Sons, Ltd.

[201] J.V. Berger, A.O. Dumont, M.C. Focant, M. Vergouts, A. Sternotte, A.-G.
Calas, S. Goursaud, and E. Hermans. Opposite regulation of metabotropic
glutamate receptor 3 and metabotropic glutamate receptor 5 by inflammatory
stimuli in cultured microglia and astrocytes. Neuroscience, 205:29–38, March
2012.

[202] Cai Song, Ye Zhang, and Yilong Dong. Acute and subacute IL-1 administra-
tions differentially modulate neuroimmune and neurotrophic systems: possible
implications for neuroprotection and neurodegeneration. Journal of Neuroin-
flammation, 10(1):826, May 2013.
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[235] Mantas Lukoševičius and Herbert Jaeger. Reservoir computing approaches to
recurrent neural network training. Computer Science Review, 3(3):127–149,
August 2009.

[236] David G. Clark and L.F. Abbott. Theory of Coupled Neuronal-Synaptic
Dynamics. Physical Review X, 14(2):021001, April 2024. Publisher: American
Physical Society.

[237] Lou Beaulieu-Laroche, Enrique H. S. Toloza, Marie-Sophie van der Goes,
Mathieu Lafourcade, Derrick Barnagian, Ziv M. Williams, Emad N. Eskandar,
Matthew P. Frosch, Sydney S. Cash, and Mark T. Harnett. Enhanced Dendritic
Compartmentalization in Human Cortical Neurons. Cell, 175(3):643–651.e14,
October 2018. Place: United States.

[238] Jakob Voigts and Mark T. Harnett. Somatic and Dendritic Encoding of Spatial
Variables in Retrosplenial Cortex Differs during 2D Navigation. Neuron,
105(2):237–245.e4, January 2020. Place: United States.

[239] Alberto Perez-Alvarez, Florian Huhn, Céline D. Dürst, Andreas Franzelin,
Paul J. Lamothe-Molina, and Thomas G. Oertner. Freeze-Frame Imaging of
Dendritic Calcium Signals With TubuTag. Frontiers in Molecular Neuroscience,
14, 2021.

[240] Farhan Ali and Alex C. Kwan. Interpreting in vivo calcium signals from neu-
ronal cell bodies, axons, and dendrites: a review. Neurophotonics, 7(1):011402,
July 2019.
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ner, Theresa Wiesner, Gabrielle Laramée, Christian Gagné, and Paul De Kon-
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