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Cells constantly interact with their physical environment by sensing and responding to me-

chanical and topographical cues. These cues span multiple scales, from subcellular interactions

with the extracellular matrix to population-scale confinement in morphogenesis. Central to this

process is the actin cytoskeleton, which serves as both a local force generator and a medium for

signal integration and propagation. In this dissertation, I combine multiscale computational mod-

eling with quantitative imaging to investigate how actin dynamics drive physical sensing from

the scale of single protrusions to collective cellular behavior.

The actin cytoskeleton is the primary mechanism for generating forces that cause cell pro-

trusions and guided migration. Using 12Z cells as a model of endometriosis, we examine how

exposure to the biochemical signal estradiol alters actin organization and, consequently, cell mor-

phology. High-resolution 3D imaging reveals that estradiol treatment increases protrusion size

and disorder in actin dynamics, consistent with enhanced cellular invasiveness. These findings



highlight how chemical signals modulate mechanical output through actin-based protrusions, re-

inforcing the role of actin as a key transducer of biochemical cues into physical motion.

At the subcellular scale, we use a 3D phase-field model to illustrate how cells exhibit uni-

directional migration on asymmetric nanotopographies, with directionality controlled by actin

polymerization rate and topographic scale. In this model, an asymmetric substrate alone can

cause spontaneous polarization and reproduce the shape and guidance morphologies observed

experimentally. These predictions align with a reanalysis of D. discoideum experiments, reveal-

ing that guidance on subcellular sawteeth depends on both cell velocity and feature height. This

agreement indicates that membrane deformation and local curvature sensing, driven by actin

forces, are sufficient to bias migration in complex microenvironments.

To study how the actin cytoskeleton responds to chemical cues found in the extracellular

matrix, we analyze epithelial cell migration on collagen-coated nanoridges. On nanoridges, col-

lagen IV enhances actin alignment and cell elongation; however, actin guidance remains decou-

pled from the direction of migration. Therefore, additional mechanisms, such as focal adhesion

dynamics, may contribute to directional sensing.

At larger scales, we develop a scalable 2D multicellular phase-field model incorporating ex-

citable actin dynamics. This framework enables simulations of thousands of deformable cells on

consumer hardware. The model spans a range of scales, allowing cell interaction, long-distance

wave propagation, and information exchange. In this model, excitable intracellular mechanics,

along with local physical interactions, can lead to emergent synchronization and local sensing of

the shape of large-scale confinement.

Together, these findings suggest that actin serves as a mechanochemical interface for mul-

tiscale environmental sensing by driving local protrusions, integrating physical signals, and en-



abling collective coordination through excitable dynamics. Actin polymerization additionally

acts as an upstream regulator of other cell functions, which opens avenues for future experi-

mental studies on the effects of actin synchronization and pulsing on biophysical behavior. By

linking cytoskeletal signaling to large-scale coordination, this work lays the foundation for iden-

tifying new physical mechanisms underlying biological processes that require coordination, such

as metastasis and tissue morphogenesis.
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Chapter 1: Introduction

1.1 Cellular physical microenvironment

1.1.1 Cells sense physical cues

Cellsin vivo exist in a complex microenvironment comprising both physical and chemical

cues. Biology has long placed importance on the chemical signals received by cells; however, a

wide range of physical cues are also present, which provide information vital for understanding

living systems. Cancer metastasis provides an excellent study of the various ways cells sense the

physical environment (Fig. 1.1) [1]. First, cells inside a tumor can sense the solid stress exerted on

the tumor [2] by surrounding cells (Fig. 1.1A). Increasing the stress has been shown to lead to an

increase in metastasis [3]. After cancer cells leave the tumor, they interact with the extracellular

matrix (ECM), an extensive network of proteins and other molecules that surround the cell (Fig.

1.1A). The cancer cells then sense the orientation of the surrounding ECM and rearrange the

proteins to improve physical guidance [4]. Furthermore, they respond to �uid mechanical forces,

including shear �ow encountered in blood vessels, which can in�uence adhesion, morphology,

and survival during circulation [5]. Finally, cancer cells detect changes in interstitial and vascular

�uid pressure during intravasation and extravasation (Fig. 1.1B) [6–8].

Cancer metastasis exempli�es the diverse range of physical cues that are crucial for cellular

1



Figure 1.1: (A) Primary tumor growth. The stress in the tumor is primarily compressive in the
interior and tensile at the edges, resulting in compression of the surrounding tissues. Cancer cells
realign the collagen surrounding the tumor to aid in physical guidance away from the tumor. (B)
Metastatic groups of cells migrate to blood vessels and must invade through the endothelium in
a process known as intravasation. During intravasation, cells experience high shear stress, and
during circulation, cells feel �uid drag forces. Reproduced from [9] under a Creative Commons
Attribution 4.0 International License from npj Biological Physics and Mechanics.
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function or dysfunction; however, these interactions are important for nearly all living cells.

Unicellular organisms, such asDictyostelium discoideum, sense nearby cells and form adhesive

bonds after physical contact [10]. Epithelial cells sense physical defects at a wide range of scales,

from subcellular elongate mineral particles such as asbestos [11] to large-scale wound sensing via

the presence of a free boundary of cells near the wound [12]. Even neurons respond to physical

forces; a recent study suggested that the dendritic spine increases presynaptic neurotransmitter

release by applying mechanical forces during enlargement. [13].

Cells encounter a diverse range of physical forces at a variety of scales. In this dissertation,

I focus on two types of physical sensing:

1. Sensing of local curvature (Section 1.1.2)

2. Sensing of the local physical environment through intracellular mechanochemical waves

(Section 1.2.4)

1.1.2 Sensing curvature

Cells respond to their physical surroundings through a cycle that begins with mechanical

sensing, followed by mechanotransduction, and �nally results in mechanical response [14]. The

cells �rst experience a physical cue, such as those discussed in the prior section, and then that

physical cue is transduced into a chemical signal inside the cell, which leads to a change in

mechanical force generated by the cell. In the example of curvature sensing, many cells use BAR

protein domains to detect membrane curvature on the scale of 10 nm and can then act to maintain

curvature by binding to the membrane [15].

3



Figure 1.2: (A-C) SEM images of master molds for nanoridge surface replication, scale bar 1.5
mm. (D-E) AFM measurements of 1mm and 1.5mm ridges. (F-I) SEM images of topogra-
phy, scale bar 2mm (F) asymmetric sawteeth (G) nanoposts, (H) curvy ridges, (I) kinked ridges.
Reproduced from [23] from Scienti�c Reports under a Creative Commons Attribution 4.0 Inter-
national License.

In vivo, cells are subject to a non-homogeneous, 3D ECM that leads to a wide range of

curvature scales [16]. [17–19] . However, traditionalin vitro experiments are largely conducted

on �at glass coverslips. Using �at surfaces neglects the inherent 3D environment of cellsin vivo

and causes cells to become arti�cially �attened [20–22].

In order to investigate the effect of local curvature on cell behavior, many experimentalists

have pursued structured nanosurfaces with curvatures on the scale of 100 nm to 1mm [23–

25]. A variety of nanotopographic surfaces have been studied (see Figure 1.2) including ridges

(Fig. 1.2A-E), sawteeth (Fig. 1.2F), pillars (Fig. 1.2G), and wavy/kinked ridges (Fig. 1.2H-I).
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Studies have shown that local curvature cues from nanotopography induce migration [25–27],

morphology changes [28], and differentiation [29]. Nanotopography offers a structured approach

to studying curvature at ECM scales, eliminating the disorder and challenges associated with

creating a biologically relevant environment. However, this picture of curvature sensing is not

complete without considering the dynamic nature of the cell, which I will discuss in Section 1.2.

1.2 Excitability in the cell

1.2.1 Actin cytoskeleton

Cell motility is the process by which cells integrate local physical and chemical cues, ini-

tiating polarization and directional guidance. An essential component of cell motility is the cy-

toskeleton, a dynamic network of microtubules and micro�laments that maintains the cell's shape

and initiates cellular motion. The cytoskeleton spans the entire cell and is composed of various

components; however, I am particularly interested in the actin cytoskeleton. The actin cytoskele-

ton generates pushing and pulling forces vital for controlling the onset and maintenance of cell

motion [30]. Actin is essential for the onset of cell polarization [31], wound healing [32], and

even the activation of neutrophils [33].

The actin cytoskeleton is made up primarily of the eponymous protein actin, a globular

protein that polymerizes and forms �laments that make up structures of different types and sizes

[34]. Actin combines with cross-linking and branching proteins such as the Arp2/3 complex

[35] to form large-scale branched organizations inside the cell (see Figure 1.3). At the front of

a traveling cell, there is a dense forest of cross-linked actin [36] called the lamellipodium. The

5



Figure 1.3: The actin cytoskeleton exhibits diverse organization.A A diagram illustrates the
variety of structures in the actin cytoskeleton. The cortex (i) surrounds the entire cell and provides
structure to the plasma membrane. Stress �bers (ii ) span the cell, causing contractile forces. The
lamellipodium (iii ) is a branched, cross-linked actin structure at the front of the cell which leads
to motility. Finally, the �lopodia (iv) are small �nger-like protrusions that act to sense the cell
surroundings.B The different actin structures inside the cell have various dynamic properties,
including contractile and visco-elastic forcing. Reproduced from [34] with permission from the
American Physiological Society
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actin cortex is a thin layer of actin that covers the interior of the plasma membrane and provides

membrane tension in conjunction with myosin [37]. Finally, there are cell-spanning stress �bers

[38] that provide contractility to the cell.

The way that individual actin �laments exert a force on the cell boundary is not entirely

understood. The elastic Brownian ratchet theory suggests that �uctuations in the cell membrane

and the actin �lament itself allow actin to polymerize between a buckled �lament and the mem-

brane, thereby exerting an outward force [39]. However, current microscopy limitations mean

that this process has not been directly observed. Regardless of the mechanism behind it, this

force generation is the primary mechanism for cell protrusion, an essential requirement for cell

motion in all environments.

These actin structures undergo dramatic changes over time. They are in constant commu-

nication with their surroundings, receiving mechanical feedback from the cell boundary. The

lamellipodium dynamics are dominated by actin treadmilling, a continuous wave of polymeriza-

tion at the front of the cell with depolymerization following closely behind [35]. The stress �bers

pull on the edges of the cell, receiving mechanical feedback from the focal adhesions that attach

the cell to the substrate [40]. The dynamic interplay of actin and its regulatory proteins can be

modeled as an excitable system, which I will discuss in the remainder of the section.

1.2.2 Models of excitability

A broad range of biological phenomena can be modeled through excitable systems [41],

dynamical systems that permit traveling waves with a refractory period. Excitability has been

observed in neurons [42–46], heart tissues during cardiac arrest [47–49], and a broad range of
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cytoskeleton dynamics [50, 51]. An excitable system is highly nonlinear; under a small pertur-

bation, a large transit in phase space will occur, effectively amplifying small inputs. Conversely,

after the transit in phase space, there is a refractory period where the system at that point loses

its excitability for a set amount of time. These features give excitable systems a diverse set of

dynamics, including locally traveling waves, sustained global oscillations, and spiral waves1.4.

The Fitzhugh-Nagumo (FHN) model provides an illustrative example of excitable dynam-

ics [43], which was devised to capture the dynamics of neuronal excitability. The FHN model,

given by Equations 1.1-1.2, acts as a 1D activator-inhibitor model, with the activatoru initially

representing the membrane potential of a neuron and the inhibitorv representing the opening of

the membrane channels.

¶u
¶t

= c(v�
u3

3
+ u) (1.1)

¶v
¶t

=
1
t

(u� bv+ a) (1.2)

The nullclines of the FHN model (Figure 1.4A bottom) provide great insight into the dy-

namics of the system. Equilibrium rests at the intersection of thev nullcline and theu nullcline.

The positioning of the equilibrium point(s) with respect to theu nullcline determines the dynam-

ics of the system.

If the equilibrium point is between the two local extrema of theu nullcline, the behavior

is oscillating (Figure 1.4A.1). The value ofu, or the membrane potential in this model, will

constantly oscillate. If the equilibrium point lies to the left of the local minimum ofu (Fig

1.4A.2), the system is excitable; a small super-threshold input will cause a large transit in phase

space, effectively one spike, before the system returns to equilibrium. The system is in the
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Figure 1.4: Dynamics of Fitzhugh-Nagumo model. The top row shows the dynamics of the ac-
tivator u over time. The bottom row shows theu nullcline (yellow) and thev nullcline (green),
along with a sample phase space trajectory (blue). Varying the system parameters creates os-
cillatory states (A.1), excitable states (A.2), and bistable states (A.3). Adapted from [52] with
permission from Elsevier.

refractory period while the value ofu is sub-equilibrium. Finally, if the parameters are chosen

such that there are two equilibrium points, as in Figure 1.4A.3, the system exhibits bistability –

this state is signi�cantly less studied in biological applications.

This framework can be extended to the spatial dimension by adding a diffusion term (Equa-

tions 1.3, 1.4). When expanding to spatial dimensions, this system supports traveling waves of

excitation instead of local spikes and global oscillations instead of simple oscillations [53].

¶u
¶t

= DuÑ2u+ c(v�
u3

3
+ u) (1.3)

¶v
¶t

= DvÑ2v+
1
t

(u� bv+ a) (1.4)

These traveling waves and global oscillations were the �rst hints that actin polymerization

9



could be viewed as an excitable system.

1.2.3 Excitability in the actin cytoskeleton

Actin dynamics in the cell is in�uenced by a complex network of regulatory proteins with

multiple activator-inhibitor feedback loops. For example, inDictyostelium discoideumthe signal

transduction pathway involved in directed cell migration is made up of many distinct regulators

(see Figure 1.5) that sense everything from shear �ow to electric �elds [54]. When viewed at

the individual polymer scale, actin appears to behave like a treadmilling system, as discussed in

Section 1.2.1. However, when looking at the whole-cell scale, actin exhibits excitable system

patterns such as traveling waves that have been observed in a wide variety of cell types, including

neutrophils [50],D. discoideum[54–56],C. elegans[57], and even frog oocytes [58].

Actin waves have been successfully modeled using excitable systems [50, 54–56, 59–63].

Actin excitability is normally modeled by coupling multiple activator-inhibitor networks at dif-

ferent scales. Some notable models have used a system of local excitation leading to global

inhibition [63] or have focused instead on modeling the signal transduction pathway [56] and its

coupling to the cytoskeleton [55].

One of the simplest models of actin excitability inD. discoideumis the signal transduction

excitable network (STEN) model. Miaoet al. [56] proposed a simple activator-inhibitor model

(see Figure 1.6) given by Equations 1.5 and 1.6 whereF is the activator andR is the inhibitor

(see Figure 1.6a).

Versions of excitable models have successfully modeled the connection of actin �ow to a

wide range of phenomena, including polarity and directed cell migration [64], chemotaxis [65],
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Figure 1.5: Signaling networks underlying directed cell migration inD. discoideum. Arrows
indicate activating interactions; �at-ended lines represent inhibitory effects. Half-arrow symbols
denote substrate-product interactions. Solid lines correspond to experimentally con�rmed direct
interactions, while dashed lines suggest inferred or possible direct connections. Reproduced from
[54] with permission from Springer Nature
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and guidance on nanotopography [66].

¶F
¶t

= DFÑ2F � (a1 + a2R)F + a3

�
F2

a2
4 + F2

+ UB

�
(a5 � F)+ a6UN (1.5)

¶R
¶t

= DRÑ2R� c1R+ c2(g� j P)F (1.6)

This minimal excitable model produces a variety of realistic actin wave and cell pheno-

types. The actin system produces local traveling waves, large cell-scale waves, and global con-

stant stimulation, as shown in Figure 1.6b. Figure 1.6c shows that these STEN activities produce

amoeboid, fan-shaped, and oscillatory cells, respectively. This model is directly linked to con-

centrations of regulatory proteins in the cell (Figure 1.6d). Excitability gives us a powerful way

to couple the internal chemical dynamics of a cell to the observed mechanical behavior of the

cell.

1.2.4 Sensing with actin waves

In section 1.1.2, I discussed curvature sensing in the context of the BAR domains and

small-scale curvature [67, 68]. It is known that BAR domain proteins can inhibit actin polymer-

ization [17], which would affect actin wave dynamics, but that is on the scale of nanometers. The

individual proteins may not be able to sense larger-scale curvatures, but the actin cytoskeleton

changes organization in response to a variety of physical cues. Recent studies suggest that the

dynamic rearrangement of the actin cytoskeleton can act as a sensor of the physical environment

[69, 70].

Actin dynamics signi�cantly change in response to curvatures smaller and larger than the
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Figure 1.6:(a) Schematic of wave propagation in 1D. The activator is shown in green, and the
inhibitor is shown in red.(b) Propagation of waves over time. At a high threshold (left), the
waves travel for shorter distances. Increasing the threshold leads to larger waves (middle) and,
�nally, global oscillations (right). (c) Representative cell shapes produced by different STEN
thresholds.(d) Regulatory proteins underlying the STEN dynamics. Adapted from [56] with
permission from Springer Nature.
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scale of a cell. At the smaller scale of nanotopography, it has been shown that nanotopographic

ridges introduce a bidirectional bias in actin migration and polymerization [25, 71]. Large-scale

stiffness gradients also affect the polymerization of actin waves [72]. These sensing mechanisms,

along with the physical forces exerted by actin waves, suggest that the excitable dynamics them-

selves are necessary to sense the surroundings. Understanding the link between physical sensing,

internal actin wave dynamics, and cell motion has been a challenge in the �eld up to this point.

1.2.5 Connecting experiment to theory with optical �ow

One method to connect biological observations of actin dynamics to quantitative models

such as excitable systems is through an approach called optical �ow [73]. Optical �ow outper-

forms other traditionally used methods, such as PIV, when measuring subcellular velocities [74]

and has been employed in classical computer vision for decades [73]. The goal of optical �ow is

to capture the motion of similar intensity values within an image over time. For instance, if an

image has intensity �eldI (x;y), then optical �ow is found by solving Equation 1.7, wherev is

the optical �ow velocity we are solving for.

ÑI � v = �
¶I
¶t

(1.7)

The values ofÑI and ¶I
¶t can be found easily through classical �nite-difference method approxi-

mations (See Figure 1.7 for a visualization of optical �ow); however, the solution to this equation

is more challenging.

A common approach for solving the optical �ow equation is the Lucas-Kanade method

[75], which assumes that the optical �ow is constant within a small spatial window. This al-
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Figure 1.7: A Images of a cell expressing �uorescently labeled actin (grayscale). The rightmost
image shows an overlay of multiple timepoints to highlight actin motionB Schematic illustra-
tions of the optical �ow components: spatial image gradients (ÑI), estimated �ow vectors, and
temporal intensity differences (¶I=¶t). C Visualizations of the same components as in (B), but
computed directly from the raw data shown in (A), illustrating how the optical �ow algorithm
extracts motion information from intensity changes over time. Example of how each component
of the optical �ow equation looks for a sample image. This �gure is reproduced from [71] with
permission from the American Society for Cell Biology.
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lows the system to be overdetermined by incorporating additional spatial constraints: instead of

solving the underdetermined problem at a single pixel, the Lucas-Kanade method �ts a velocity

vector that minimizes the residuals of Equation 1.7 across neighboring pixels. This local averag-

ing enables robust estimates even in the presence of image noise, making it well-suited for the

small-scale, continuous motions found in subcellular structures like actin networks.

In biological contexts, such as the study of actin dynamics, optical �ow enables detailed,

frame-by-frame mapping of retrograde �ow and wave propagation across the cortex or leading

edge of cells [50, 71]. Compared to PIV, which operates on discrete patches and often requires

larger features or user-de�ned tracking, optical �ow preserves spatial continuity and can resolve

�ne structures more effectively. This makes optical �ow ideal for analyzing excitable actin waves,

lamellipodial activity, and transitions between different dynamic regimes. By coupling optical

�ow–derived velocity �elds with models of excitable media or mechanical feedback, researchers

can more precisely quantify how local protrusive and contractile forces emerge from the under-

lying biochemical signaling landscape.

1.3 Cell motility

1.3.1 Guided migration is necessary for life

Many of the cues discussed in earlier sections can trigger directed cell migration. This

movement is critical for life and development. However, when the mechanisms behind cell motil-

ity malfunction, they are often associated with various pathologies, including cancer metastasis

and autoimmune disorders. A variety of cues can cause directed migration including nanotopog-

raphy [26], stiffness gradients [76], chemical signaling [77], and direct contact with other cells
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via leader-follower dynamics [78]. Cell motility happens at a wide range of scales, from cell

scale at 1mm to entire organ scale on the order of centimeters. This multiscale nature makes it

challenging to study the sensing and response that cells exhibit during guided migration.

Cells can migrate individually, such as neutrophils traveling to infection sites, or collec-

tively, like epithelial cells closing a wound. Individual cell migration tends to be heavily affected

by the physical structure of the ECM [79] and other surrounding physical cues. This indicates

that understanding how the cells sense with the microenvironment is paramount to understanding

individual cell motility. Likewise, there are a variety of mechanisms by which cells migrate col-

lectively. In leader-follower migration, selected leader cells initiate motion and then send physical

and chemical cues to the follower cells [80, 81]. There are also mechanisms of Contact Inhibition

of Locomotion (CIL) that cause cells to maintain unidirectional polarization at large scales [82].

Modeling these differing mechanisms of migration is essential to understanding development,

wound healing, immune response, and many pathologies.

1.3.2 Motility in pathology

Dysfunction in motility and the cytoskeleton is the underlying reason for many different

pathological phenomena. Inhibition of motion through inhibition of actin polymerization causes

defects in the function of NK cells, which leads to many autoimmune diseases [83]. Cancer

metastasis occurs when cancerous cells from a tumor irregularly migrate throughout the body [9].

Neutrophils have been shown to be overzealous in chronic in�ammation [84], continuously being

recruited to sites of in�ammation. Finally, there are even suggestions that microglia migration

can impact the development of Alzheimer's disease [85].
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As I will discuss in Chapter 2, endometriosis is a disorder where endometrial tissue grows

outside of the uterus. Endometriosis affects almost 10% of women of reproductive age, causing

intense pain and even infertility [86]. Investigating cell motility is necessary to understanding

endometriosis because the aberrant cells migrate outside the uterus and become trapped. Ex-

isting studies suggest that there are a variety of actin-binding proteins that affect the migration

of endometriotic cells, including alpha-actinin-1 [87], calponin [88], and co�lin-1 [89]. These

actin-binding proteins affect endometriotic cell migration differently but tend to lead to more con-

tractile and more migratory cells [90]. Understanding how endometriotic cells adapt their sensing

and motility in response to chemical and physical cues is necessary for developing strategies to

combat this common and debilitating disorder.

1.4 Models of cell motility

Modeling cell motility allows us to make both quantitative and qualitative predictions about

the behavior of cells in healthy, novel, and dysfunctional environments. In this section, I will give

a broad overview of the different types of cell motility models.

1.4.1 Modeling individual cells

1.4.1.1 Graded radial extension

Because the cell membrane is thin compared to the size of the cell, many prior studies have

treated it as a 1D line. One of the earliest models of individual cell motion, named graded radial

extension, treated the boundary as a 1D line with a �xed shape. Leeet al. [91] modeled the

motion of a �sh epithelial keratocytes, cells that are known for their consistent gliding motion,
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with this method. This model predicts that regions of extending or retracting membrane will move

around the cell, effectively creating rotating protrusions. The model assumes that any extension

or retraction of the front of the cell will occur perpendicularly to the cell boundary. The graded

radial extension model has seen many updates over the years [92–94] in an attempt to make it

more realistic, and it was able to obtain a force-velocity agreement for the lamellipodial actin

network. However, this model only works for speci�c cell shapes and is not easily extensible into

higher dimensions.

1.4.1.2 Level set methods

Instead of treating cell boundaries as �xed, implicit interface methods, such as the level set

method, allow for changing shape and cell dynamics. The level set method de�nes the boundary

of the cell as an equipotential line of a given potential function. This model allows for interfaces

that have no inherent bending or membrane tension [95]. It has been used to successfully model

the link between cytoskeleton dynamics and physical mechanisms of cell motion [96–100]. This

method is comparable to the phase-�eld method that is the focus of this dissertation (Section 1.5),

but it's extensions to multicellular systems and dimensions higher than two become computation-

ally prohibitive. Additionally, the level set method has a distance function with poorly de�ned

behavior that can quickly accumulate numerical error [95].

1.4.1.3 Whole cell models

Many scientists are moving to a larger-scale approach by simulating the chemical, phys-

ical, and gene regulatory methods of a single cell in its entirety. There have been incredible
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Figure 1.8: Representative schematics of collective cell motility models. Cells are indicated by
the peach-colored regions.(Left) In center-based methods, the cells are speci�ed by position
and basic shape.(Top middle) Voronoi models are speci�ed by position only. The shape is
completely determined by position.(Bottom middle) Vertex models specify cells by the position
r j (t) of every vertex of a cell that meets at a junction of three or more cells.(Right) Cellular
Potts model represents cells as collections of "spin" states on a lattice. Adapted from [106] with
permission from Nature Publishing.

efforts to capture the dynamics of every molecule inside of a cell includingMycoplasma geni-

talium [101], Escherichia coli[102, 103], and even a eukaryotic cell model ofSaccharomyces

cerevisiae(Brewer's yeast) [104]. These models have been remarkably successful; a spatially

resolved model for the minimal cell JCVI-syn3A [105] has accurately measured the doubling

time and connections between metabolism and cell growth. However, despite their success, these

models lack large-scale migration, protrusions, or integration with surrounding physical cues, and

they are also extremely computationally expensive. However, with time and development, they

provide a promising avenue for �nding quantitative links between chemical signals and physical

reactions.
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1.4.2 Modeling collective behavior

1.4.2.1 Agent based models

Agent-based or center-based models come in two forms: uniform particles (see Fig. 1.8a)

and simple deformable particles. The key feature of these models is that the cells are not spatially

resolved. Instead, the cells are stored as collections of coordinates, and interaction between cells

(See Fig. 1.8 left) is based on distance, similar to scattering problems. Usually, a force balance

equation is written for an overdamped system, including friction with the substrate, cell-cell

interactions, and internal cellular forces [107]. The difference between uniform and deformable

particles is that the force terms account for a simple cell shape. One prominent version is in

Voronoi models (see Fig. 1.8 middle top)[108]. This approach has successfully modeled jamming

in tissues [109–111]. When the shape is considered, it can provide an easy way to study the

coupling between morphology and behavior [112]. Agent-based models provide the unparalleled

power to simulate astonishingly large numbers of cells [113], but they do so at the cost of single-

cell spatial resolution and fail to capture many intricate dynamics.

1.4.2.2 Vertex model

In vertex models (see Fig. 1.8 middle bottom), the cells are represented by a set of vertices

that indicate the intersection of three or more neighboring cells [114]. Vertex models are one of

the most widely used models of collective cell dynamics; however, they signi�cantly limit the

spatial resolution of a cell, requiring every point to be an intersection between multiple cells.

They have been successful at modeling many phenomena in epithelial cell sheets [115, 116] and
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retrieving quantitative predictions of the tension in monolayers [117, 118]. One major downside

is that these models are limited to only modeling con�uent or nearly con�uent sheets of cells,

which does not effectively describein vitro work with non-con�uent cell sheets or single-cell

experiments.

1.4.2.3 Cellular Potts model

The cellular Potts model [119, 120] is an extension of the large-Q Potts model for sim-

ulation of diffusive grain growth [121] intended to model cell dynamics. In the cellular Potts

model, a cell is made up of a series of "sites" on a lattice representing a kind of spin that holds

energy (see Fig. 1.8 right). Then, a Hamiltonian is written for the entire cell con�guration that

accounts for deformation, target area, and any other number of physical interactions (see [119,

120] for further details). Then, the system is updated by stochastically copying spin from one site

to the next based on the energy penalty. This model is relatively computationally ef�cient and

has been extended to solve problems in chemotaxis [122], tumor formation [123], and morpho-

genesis [124]. The downside of this model is that the Monte Carlo steps make it challenging to

interpret the system in terms of physical forces [107]. Some studies believe that the Potts model

should not be used as a kinetic model at all [125].

1.5 Phase-�eld model

1.5.1 Origins of the phase-�eld model

Moving-boundary problems occur in many physical situations throughout nature. The

naive approach to solving moving-boundary problems is prede�ning the evolution of the bound-
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Figure 1.9: Diffuse versus sharp interface methods.Left Diffuse interfaces allow for a slow
change from one phase to another. The diffuse interface has a size indicated by the space between
the arrows.Right Sharp interface methods require instant transitions in space from one phase to
another. Adapted from [133] with permission from Springer Publishing.

ary geometry over time. This approach is illustrated by the sharp interface methods discussed

in Section 1.4.1. Phase-�eld modeling arose as an attempt to solve physical problems on mov-

ing boundaries; it has been applied to a variety of physical systems, including crack propagation

[126, 127], solidi�cation [128–130], and diffusion in complex scenarios [131, 132].

Modeling moving boundaries is an exceedingly complex task, requiring a simulation to

track the position of a large set of points for a long period of time. For the case of cell motility,

the scale of the cell membrane is on the order of 10 nanometers, whereas the whole cell is from

10-100 microns. Because the size of the cell is 5-6 orders of magnitude larger than the boundary,

simulating a sharp interface would take an enormous amount of memory[133]. The increase in

grid size requires a time step that is scaled byO(Dx2) whereDx is the separation between adjacent

grid points. Sharp interface methods normally require aDx that is 4 orders of magnitude smaller
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[133] than phase �eld methods. This decrease inDx leads to a simulation that is 108 times

slower – signi�cantly too slow to simulate the dynamics at hand with even the most advanced

machines. Additionally, applying realistic forces at the scale leads to large numerical instability

[134] and dif�cult formulations of physical laws [135]. These problems are exaggerated more

in 3D, because the number of grid points necessary in a simulation isO(N3), meaning that the

simulation size scales with the cube of the number of grid points instead of the square.

Additionally, to solve for physical constraints in sharp interfaces, many simpli�cations

need to be made. In classic phase separation theory, they simplify the shape of the boundary to

be ellipsoids, paraboloids, or hyperboloids [135]. This drastically reduces the applicability of

sharp interface methods to real-world problems. To simulate realistic conditions, we must move

past the natural inclination to track the boundary as a sharp interface.

Implicit interface methods, also known as diffuse boundary methods, were developed to

get past these limitations. By de�ning the boundary to be the isosurface of a continuous variable,

we gain the ability to implicitly model a boundary without explicitly tracking it (see Figure 1.9).

This method comes with some limitations, such as slower simulation, because all points in space

must be updated. However, we gain the ability to use Hamiltonian dynamics to assign an energy

to the boundary. The key method for choosing this Hamiltonian came from the study of phase

separation in chemical systems, which we will discuss next.

1.5.2 Preserving the laws of physics with diffuse boundary modeling

The fundamental advance of the phase-�eld model is decoupling the sharp geometrical

constraint of a boundary from the shape dynamics. An auxiliary �eldf (r ) 2 [0;1], known as the
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phase-�eld, is introduced. We de�nef = 0:5 as the transition point between phases. In practice,

we choose the dynamics forf such that a characteristic length scale exists for the transition from

0 to 1. In this, we have an approximation for the location of the boundary and a way to retrieve

the sharp interface limit by taking the characteristic length scale of the transition to 0.

The �rst step to constructing a moving boundary model is to describe the energy associated

with that boundary. This problem was initially studied by Cahn and Hilliard [136], who looked at

the interfacial energy of a nonuniform system. They proposed that for any nonuniform property

f , the free energy of the interfaceF CH is given to second order by Equation 1.8.

F CH =
Z

V

�
f0(f ) +

g
2

(Ñf )2 + :::
�

dV (1.8)

This free energy is dependent on the local value of the nonuniform parameterf and its gradient

and leads to useful properties for moving boundary problems. The interface is diffuse, and the

thickness of the interface is controllable by choice off0(f ) andg.

The chemical potentialm(Equation 1.9) is found by taking the functional derivative of the

free energy.

m=
dF CH

df
=

¶ f0(f )
¶ f

+ gÑ2f (1.9)

Cahn and Hilliard used this chemical potential along with mass conservation to derive

Equation 1.10, known as the Cahn-Hilliard equation, that gives the earliest and one of the simplest

phase-�eld models.
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¶ f
¶t

= Ñ � [m(f )Ñm] (1.10)

The Cahn-Hilliard equation was used with great effect to model spinodal decomposition

[137] and has become a cornerstone method for discovering properties of complex materials

[138, 139]. However, it also provides an easily extensible model for problems outside of mate-

rial science simply by including the free energy associated with the interaction that needs to be

modeled.

1.5.3 Single cell phase-�eld models

From here on, I will focus on the application of phase-�eld methods to cell motility. In

order to construct a functioning phase-�eld model of cell motility, we must �nd the energetic

contributions of each physical part of cell motility. We use the Cahn-Hilliard free energy (Equa-

tion 1.8) along with a double well potential,G(f ) = f 2(1� f )2, to get the energy contribution

of a membrane (Equation 1.11).

Hmembrane=
Z

V

�
1
e2 f 2(1� f )2 + D(Ñf )2

�
dV (1.11)

This gives us Equation 1.12, a phase-�eld model for a resting cell with characteristic mem-

brane widthe. G0(f ) is given by the derivative of the double well potential with respect tof .

¶ f
¶t

= g(Ñ2f +
1
e2G0(f )) (1.12)

With this equation alone, if we initialize the �eldf with random values, we will see phase
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separation into one region off = 0 and one region off = 1. After long times, the boundary will

become circular in order to minimize the wall-tension. In relation to cell motility simulations,

a f = 1 circle initialized with a radius ofr0 will maintain the same radius, but develop diffuse

boundaries. This gives a model of a resting cell.

There are two successful approaches to extending the basic phase-�eld model of a resting

cell to address questions about cell motility. The �rst type of model accounts for the polarization

of actin �laments, such as the model of self-polarizing keratocyte fragments from Ziebert et

al [140]. This type of model couples the dynamics of a phase-�eld variable to a vector �eldp

that describes the orientation of actin �laments, giving spatial resolution to the actin orientation.

From Ziebertet al. [140], the dynamics of the phase-�eldf are given by Equation 1.13 and the

dynamics of the actin �lament orientation,p are given by Equation 1.14.

¶ f
¶t

= Df Ñ2f � (1� f )(d � f )f � a Ñf � p (1.13)

¶p
¶t

= DpÑ2p � t � 1
1 p � t � 1

2 (1� f 2)p � bÑf � g(Ñf � p)p (1.14)

Whered = 1
2 + m(

R
V f dV � A0) � s jpj2. Df determines the width of the interface. The

term (1 � f )(d � f )f is an altered version of the double well potential that accounts for area

conservation and contraction given bys jpj2. The �nal term of the Equation 1.13 accounts for

advection between the actin polarization and the order parameter. Equation 1.14 accounts for dif-

fusion of actin polymerization with diffusionDp, actin depolymerization inside the cell with rate

t � 1
1 , suppression of polarization outside the cell with ratet � 1

2 , generation of actin polarization

27



Figure 1.10:Shape dynamics reproduced by Equations 1.13, 1.14The color shows the value
of the phase-�eldf (x;y) and the arrows show the orientation vector �eldp. By increasing con-
tractility from (a)s = 0:3 (b)s = 0:5 and (c)s = 0:7, the cell shape becomes more elongated. In
a different parameter regime, cells display oscillatory behavior instead (d-f), going from a wedge
shape to a more elongated shape. This �gure was reproduced from [140] with permission from
RSIF.
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with rateb, and �nally course grained modeling of actomyosin contraction. Details of the 3D

extension of this model are further discussed in Chapter 3.

The basic version of this model successfully modeled the motion of keratocyte fragments,

exhibiting discontinuous onset of motion, lamellipodia dynamics, and a variety of cell shape

dynamics. Figure 1.10 shows some example dynamics of this model. The original approach by

Ziebertet al. was extended to include many more physical elements of cell motility [141–145]

including interactions with the substrate [146], implementing spiral wave dynamics [141], and

arbitrary 3D topography [147].

The other approach to phase-�eld modeling of cell motility involves coupling a velocity

�eld to the cell membrane. This is typically achieved by assuming an overdamped system, such

that the force balance equation given by Equation 1.15 is satis�ed.

Fmembrane+ Fprotrusion+ Fintercellular= Ffriction = � xv (1.15)

The velocity is related to the phase-�eld through the advection equation¶ f
¶t = Ñf � v giving

us a general form of the phase-�eld Equation 1.16 where the �rst term is the active components

of the system and the second term is the internal energy of the phase-�eld.

¶ f
¶t

= � Ñf � v+
dF int

df
(1.16)

This was originally done by Shaoet al. [148], and the full version of their model was able

to qualitatively reproduce the dynamics of cell motion. This version of the phase-�eld model can

also be computationally coupled to other �elds and has been extended in many ways [149, 150].
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1.5.4 Multicellular phase-�eld methods

One of the key strengths of phase-�eld modeling is the easy extension to multiple cells.

This is done by assigning each cell its own phase-�eld variablef i and adding interaction terms

between cells. The two most important interactions to consider are steric repulsion and adhesion.

Many multiphase models use steric repulsion,F rep, proportional to power law relations between

the phase-�eld variable (Equation 1.17). The choice of power does not matter much, but most

models choose n=2 for simplicity because even powers are more stable [151, 152].

F rep = å
i6= j

Z

V
f n

i f n
j dV (1.17)

Adhesion is typically chosen to be proportional toÑf and is an active force on the cell body.

Usually, this is accounted for outside the free energy, such as in Equation 1.18.

¶ f
¶t

= å
i6= j

cÑf i � Ñf j (1.18)

Other methods have been proposed, including more realistic adhesion and repulsion dynamics

[152, 153] that can produce more biologically feasible results, albeit requiring signi�cantly more

complicated models.

The phase-�eld model is a natural choice for simulating multiple cells due to its ease of

theoretical extension. However, introducing a separate phase �eld for each cell comes at a steep

computational cost. There have been methods that reduce this burden, such as introducing an

auxiliary �eld that stores multiple spaced-out cells [154, 155] or by simulating cells only in a
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small region surrounding the cell [156]. Moving from two to three dimensions only increases the

computational expense. The phase-�eld method is a promising tool for modeling complex cell

dynamics; however, its computational limitations must be carefully addressed.

1.6 Dissertation overview

Cells constantly interact with their physical environment by sensing and responding to me-

chanical and topographical cues. These interactions occur across various scales, ranging from

subcellular engagements with the extracellular matrix to the broader population-scale con�ne-

ment observed during morphogenesis. At the heart of these processes lies the actin cytoskeleton,

a dynamic structure that not only generates local forces but also serves as a medium for signal

integration and propagation. The actin cytoskeleton is versatile, acting as a driver of protrusions

while also functioning as an excitable system within the cell. This dual function enables cells to

adapt and respond effectively to their complex environments.

A key contribution of this work is the development of the �rst multicellular mechanics sim-

ulation that incorporates spatially resolved internal chemical signaling. This approach enables

predictive modeling of how intracellular concentrations of signaling proteins in�uence collective

dynamics, offering a new avenue for hypothesis generation and mechanistic insight into excitable

cellular systems. Phase-�eld modeling traditionally requires high computational resources, and

here I have implemented substantial GPU speedup in order to simulate both single cells in 3D

and many cells in 2D. Importantly, the structure and dynamics of the model were informed by

experimental observations of actin behavior in both single- and multi-cell contexts, ensuring bio-

logically grounded simulations. This capability opens the door to testing how speci�c molecular
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perturbations affect outcomes in multicellular systems.

In this dissertation, I employ a combination of multiscale computational modeling and

quantitative imaging techniques to study the nature of actin dynamics. By exploring how actin

dynamics in�uence physical sensing, I aim to bridge the gap between the mechanisms that drive

cellular behavior at the small scale of single protrusions to tissue-scale collective cellular behav-

ior. This work presents a framework for understanding the interplay between actin dynamics and

environmental sensing, highlighting the actin cytoskeleton's role as a mechanochemical interface

across various scales.

Actin drives protrusions and motility in both healthy and diseased cells. In Chapter 2, I

discuss how chemical cues affect cell dynamics in pathological cells. Many pathologies result

from changes in motility and cell guidance, yet the dynamics of the cytoskeleton are not often

observed. Using a model cell line for endometriosis, I study the effect of estradiol 17-b on cell

morphology and actin dynamics. Endometriosis is characterized by the invasion of cells out-

side their usual environment, particularly in response to estrogen. Using 3D lattice light sheet

microscopy, I gather cell shape and actin dynamics of 12Z cells. After 24 hour treatment with

estradiol, cells show a signi�cant increase in protrusion size and more disordered actin polymer-

ization. These results suggest that exposure to estrogen causes endometriotic cells to become

more protrusive and possibly more invasive. Importantly, the �ndings suggest that underlying

actin polymerization could be a predictor of pathological response.

Chapter 3 extends the investigation of actin-driven protrusions by introducing a modi�ed

3D phase-�eld method to study substrate curvature effects on cell dynamics. I use a model

with phenomenological lamellipodium dynamics that accurately reproduces cell shapes on �at

surfaces. In most cell motility models, polarization needs to be arti�cially introduced or randomly
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selected. However, I show that cells spontaneously polarize with the introduction of asymmetric

nanotopography. I also conduct a reanalysis of experimental data whereD. discoideummove on

the same asymmetric substrate. In agreement with the phase-�eld model, the experiment shows

that higher velocity cells are selectively guided up the substrate. Through morphological changes

alone, the 3D phase �eld model is able to make quantitative predictions about guidance direction.

For cell studiesin vitro, surfaces are often functionalized in order to create a more realistic

biological microenvironment, effectively attempting to simulate the ECM. In Chapter 4, I ana-

lyzed the effect of different surface treatments for epithelial cells placed on nanoridges to study

the relationship between ECM sensing and physical topography. I analyze the shape, orientation,

and trajectory of cells moving on ridges coated with various levels of collagen IV, an ECM ligand.

Surprisingly, I found that the actin polymerization dynamics and the cell orientation/guidance di-

rection may be less coupled on these surfaces than previously suggested. By creating a more

realistic environment, we observed a higher number of motile cells; however, actin dynamics re-

mained unchanged regardless of the direction of cell guidance. Prior studies have not addressed

the

I return to the phase-�eld model in Chapter 5 with a model of collective dynamics in two

dimensions. The 3D model studied in Chapter 3 used a phenomenological model of actin poly-

merization, but the two experiments in Chapters 2&4 studied the dynamics of actin polymeriza-

tion waves. To unify the two approaches, I introduce an excitable model of actin dynamics into

a multicellular phase-�eld model. With only intracellular chemical dynamics and intercellular

physical interactions, this model shows emergent multiscale behavior, including synchroniza-

tion, traveling waves, pulsing, geometry sensing, and texture sensing. To my knowledge, this is

the �rst multicellular model with spatially resolved excitable dynamics. The model suggests that
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mechanical waves provide a mechanism for synchronization of multicellular systems. Addition-

ally, we show that intracellular excitable systems provide a suf�cient condition for mechanical

waves observed experimentally in multicellular tissues. These results support a unifying view in

which excitable actin dynamics not only shape subcellular behavior but also mediate large-scale

coordination and information �ow across tissues. The integration of spatially re�ned biochem-

istry into mechanically coupled simulations represents a signi�cant step toward understanding

emergent behavior in multicellular tissues.

Finally, in Chapter 6, I summarize how the models and experiments presented across chap-

ters converge on a central narrative: that actin serves as a mechanochemical interface for mul-

tiscale sensing of the physical environment. From local protrusions shaped by chemical and

physical inputs to long-range collective behaviors driven by mechanical wave propagation, this

work provides a framework for linking single-cell responses to tissue-scale coordination in both

healthy and pathological contexts.
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Chapter 2: Estradiol alters actin and protrusion dynamics in endometriotic

epithelial cells

This chapter is adapted from Banerjee*, Herr*, Losert, and Stroka [157]. Shohini

Banerjee cultured the cells, Corey Herr and Shohini Banerjee collected the data, and

Corey Herr conducted the optical �ow analysis and assisted with the shape analysis.

Corey Herr and Shohini Banerjee jointly drafted the initial manuscript. See Section

2.7 for full author contributions.

2.1 Overview

Estradiol (E2), a sex steroid hormone molecule, plays a key role in regulating the actin and

shape dynamics of cells in a multitude of normal and pathophysiological conditions. While cy-

toskeletal rearrangements, membrane dynamics, and cellular protrusions are intimately involved

in cell motility and invasiveness, little is known about the impact of E2 on these processes in

estrogen-dependent epithelial cells. In this study, we quanti�ed the impact of E2 on cell shape

and actin dynamics in 12Z human endometriotic epithelial cells transfected with LifeAct-GFP

and observed with lattice lightsheet microscopy, a new imaging technique fast enough to capture

3D dynamics on second timescales. E2, when applied for 24 hours, signi�cantly decreased cell

circularity, solidity, and rate of change of circularity, indicating a transition to a more elongated
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and less variable morphology. 24-hour E2 treatment also induced the formation of large mem-

brane protrusions reminiscent of invadopodia and led to a more disordered �ow of actin within

those protrusions. However, these effects were not seen after 15 minutes of E2 treatment, sug-

gesting that longer-term signaling is required to drive these structural changes. Together, these

results suggest that E2 modulates actin polymerization and membrane protrusion dynamics in

endometriotic epithelial cells and may prime them for cell invasion. This work highlights a role

for hormonal signaling in mediating cytoskeletal plasticity and migratory cell phenotypes.

2.2 Introduction

The ability of cells to dynamically alter their structure and shape plays a critical role in nu-

merous healthy and disease processes, such as cell proliferation, migration, invasion, and tissue

remodeling. Estrogens can play a key role in regulating these cellular activities. For example,

estrogens are known to mediate cell invasiveness in estrogen-dependent conditions, such as en-

dometriosis [158–161], estrogen receptor-positive breast cancers [162–165], and gynecological

cancers [166–169]. Moreover, estrogens have been linked to cytoskeletal remodeling [158, 170–

172], which likely in�uences cell motility and morphodynamic �exibility—a trait which helps

cells to migrate through diverse environments such as tissue microtracks and peritoneal, vascu-

lar, and lymphatic barriers.

Actin dynamics play a key role in directed cell migration [173–175] and the formation

of cellular protrusions such as �lopodia [176], lamellipodia [177], and invadopodia [178, 179].

Upregulating actin polymerization by itself does not create protrusions, however changing actin

cytoskeleton dynamics can drive formation and suppression of protrusions [180]. The impact
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of estrogen on protrusion dynamics and cytoskeletal arrangement over time remains unclear.

Moreover, most previous cytoskeleton studies �x cells prior to immuno�uorescence, which does

not allow for the observation of real-time, live-cell dynamics. To overcome this, actin dynam-

ics have been studied in mammalian cells transfected with GFP-tagged actin and imaged using

methods such as 2D �uorescence microscopy [181] and the nanoscale precise imaging by rapid

beam oscillation (nSPIRO) method [182] for 3D, but these techniques are still limited in terms of

resolution and photobleaching.

In the present study, we sought to clarify the effect of 17b-estradiol (E2), a dominant and

potent estrogen molecule, on cytoskeletal and shape dynamics in the 12Z human endometriotic

epithelial cell line. This cell line has been designed to model estrogen-dependent epithelial be-

havior, as seen in endometriosis [183]. We used 3D lattice light sheet microscopy to capture

unprecedented volumetric time-lapses of LifeAct-GFP-labeled actin in live 12Z cells. Live-cell

imaging revealed dynamic cytoskeletal reorganization, 3D membrane protrusions, and membrane

ruf�ing. We quanti�ed the effects of E2 on cell shape, membrane protrusion dynamics, and actin

polymerization using custom image analysis pipelines, including optical �ow analysis. Our study

reveals that 24-hour E2 exposure signi�cantly alters cell morphodynamic behavior, increases pro-

trusiveness, and disrupts actin polymerization coordination in 12Z cells. These �ndings provide

new insight into the role of estrogen in modulating epithelial structural plasticity and promoting

invasive phenotypes in estrogen-dependent diseases.
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2.3 Results

2.3.1 3D pro�ling of cell shape dynamics with lattice lightsheet microscopy

We captured cell shape changes, membrane dynamics, and cytoskeleton organization over

time using lattice lightsheet microscopy. 12Z cells were cultured, trypsinized, nucleofected

with the LifeAct-GFP plasmid for F-actin, and imaged with lattice lightsheet microscopy (Fig-

ure 2.1a). Nucleofection is an electroporation-based method in which an electrical �eld applied

to the cells allows nucleic acids to enter the cytoplasm and nucleus. Cellular dynamics were

then visualized with a lattice lightsheet time-lapse microscopy, which illuminates planes of the

sample with long thin beams to produce a 3D image with high spatial resolution and minimal

photobleaching. To clarify whether the boundary actin dynamics visualized with the LifeAct-

GFP probe coincided with the cell membrane, a plasma membrane stain was also added to the

cells. Maximum intensity projections of these two channels demonstrate that the boundary of the

LifeAct-GFP-expressing cell has a strong overlap with the plasma membrane (Figure 2.1b), indi-

cating that the actin cortex covers the whole membrane. We caution that the LifeAct-GFP label

would not detect actin cortex-free protrusions, such as initial stages of blebs [184]. An example

time series of maximum intensity projections from lattice lightsheet imaging of a LifeAct-GFP-

expressing 12Z cell with many active protrusions is shown (Figure 2.1c).

We captured several notable features of the LifeAct-GFP-expressing 12Z cells, indicated

with white arrows, at high spatial resolution in 3D from lattice lightsheet microscopy that are vis-

ible from isosurfaces (Figure 2.2). For example, some cells exhibited actin waves pushing against

the membrane at the leading edge of the cell, with hair-like protrusions at the trailing edge of the
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