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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.



MULTISCALE SENSING OF THE PHYSICAL CELLULAR
ENVIRONMENT:

PHASE-FIELD MODELING AND EXPERIMENTS

by

Corey Joshua Herr

Dissertation submitted to the Faculty of the Graduate School of the
University of Maryland, College Park in partial fulfillment

of the requirements for the degree of
Doctor of Philosophy

2025

Advisory Committee:
Professor Wolfgang Losert, Chair/Advisor
Professor Igor Aronson
Professor Michelle Girvan
Professor Maria Mukhina
Professor Kimberly M. Stroka, Dean’s Representative



© Copyright by
Corey Joshua Herr

2025



Dedication

In memory of Nolan Stopfel, my best friend.

Growing up together was unforgettable.

ii



Acknowledgments

Just like the cells in my thesis, I have been bolstered by a community at multiple scales. I

have heard many of my friends and colleagues describe the isoltation of grad school. And while

I agree that, at times, my work has made me feel alone. I would say that the brilliant and kind

people who supported me throughout my Ph.D., some from my past, and many from my time

here, have made me feel like a part of community.

First, I would like to thank my advisor, Professor Wolfgang Losert, for your support and

guidance; I’m grateful for the freedom you’ve given me to discover a fascinating field of study.

I would also like to thank my committee members, Professor Igor Aronson, Professor Michelle

Girvan, Professor Maria Mukhina, and Professor Kim Stroka. Igor, for being instrumental to

the phase-field work; I appreciated getting the chance to revisit Penn State while working with

you. Professor Michelle Girvan and Dr. Daniel Serrano for being fantastic mentors in the COM-

BINE NSF program. Professor John Fourkas for the feedback in our weekly(ish) esotaxis meet-

ings. Professor Kim Stroka for the opportunity to work on endometriosis cells. My collaborator,

Shohini Banerjee, for your cell work and our boba sessions; I never expected to work with you

after meeting through ballroom dance in undergrad.

I have received financial support from both the COMBINE and POLS programs, which

have been fundamental for my growth as a scientist. I have valued the iPOLS network and Arpita

Upadhyaya for giving me the opportunity to travel internationally and share my work.

iii



I would like to thank all of Losert Lab, past and present, for their companionship and

insight. Anna Emenheiser, for being a level-headed office mate and helping me write emails I

didn’t want to. Hoony Kang for the thoughtful discussions about synchronization and the less

thoughtful discussions that I won’t enumerate here. Jeneh, Sylvester, and Spandan, for all the fun

we’ve had at game night. Jerry, for the help culturing dicty. Mengwen, Brianna, Benjamin, and

Collin, for being truly excellent undergraduate students. Rachel and Lenny, for welcoming me to

a new lab when I had I knew nothing about biology.

Most importantly, I would like to thank my friends and family, without whom I would have

most likely be living in a van. Thank you to my wonderful parents, Mom and Dee, for your

tireless support and willingness to answer a phone call at any time. I owe my success to your

unwavering belief that I can do anything. Thank you to the Stopfels for making me feel at home

whenever I visited. Thanks to my brother, Dakota, and my niece, Journee, for reminding me

how much family matters. Thank you to my extended family and family friends for the repeated

questions about when I would finish; all those questions motivated me to get through my degree.

Thank you to my dear friend and former roommate, Rumya. Thank you to the great friends I have

made throughout graduate school, Thomas, Jonquil, Tereza, Senya, Debo, Deba, Anna, Laura,

and many others.

I’ve found a community and a home during my time in College Park, one full of caring

people who stand up for their beliefs, and I’ve become a better person for it.

iv



Table of Contents

Dedication ii

Acknowledgments iii

Table of Contents v

List of Tables viii

List of Figures ix

List of Abbreviations xi

Chapter 1: Introduction 1
1.1 Cellular physical microenvironment . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1.1 Cells sense physical cues . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.1.2 Sensing curvature . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.2 Excitability in the cell . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
1.2.1 Actin cytoskeleton . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
1.2.2 Models of excitability . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
1.2.3 Excitability in the actin cytoskeleton . . . . . . . . . . . . . . . . . . . . 10
1.2.4 Sensing with actin waves . . . . . . . . . . . . . . . . . . . . . . . . . . 12
1.2.5 Connecting experiment to theory with optical flow . . . . . . . . . . . . 14

1.3 Cell motility . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
1.3.1 Guided migration is necessary for life . . . . . . . . . . . . . . . . . . . 16
1.3.2 Motility in pathology . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

1.4 Models of cell motility . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
1.4.1 Modeling individual cells . . . . . . . . . . . . . . . . . . . . . . . . . 18
1.4.2 Modeling collective behavior . . . . . . . . . . . . . . . . . . . . . . . . 21

1.5 Phase-field model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
1.5.1 Origins of the phase-field model . . . . . . . . . . . . . . . . . . . . . . 22
1.5.2 Preserving the laws of physics with diffuse boundary modeling . . . . . . 24
1.5.3 Single cell phase-field models . . . . . . . . . . . . . . . . . . . . . . . 26
1.5.4 Multicellular phase-field methods . . . . . . . . . . . . . . . . . . . . . 30

1.6 Dissertation overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

Chapter 2: Estradiol alters actin and protrusion dynamics in endometriotic
epithelial cells 35

v



2.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35
2.2 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36
2.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

2.3.1 3D profiling of cell shape dynamics with lattice lightsheet microscopy . . 38
2.3.2 E2 treatment alters 12Z cell shape and morphodynamics . . . . . . . . . 40
2.3.3 E2 treatment increases membrane protrusions in 12Z cells after 24 hours 43
2.3.4 E2 treatment decreases actin optical flow alignment in 12Z cells after 24

hours . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
2.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49
2.5 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

2.5.1 Cell culture . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
2.5.2 Cell transfection and staining . . . . . . . . . . . . . . . . . . . . . . . . 52
2.5.3 Lattice lightsheet microscopy . . . . . . . . . . . . . . . . . . . . . . . 53
2.5.4 Shape dynamics analysis . . . . . . . . . . . . . . . . . . . . . . . . . . 53
2.5.5 Optical flow and optical flow alignment . . . . . . . . . . . . . . . . . . 54
2.5.6 Statistics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

2.6 Acknowledgments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56
2.7 Author Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

Chapter 3: Spontaneous polarization and cell guidance on asymmetric
nanotopography 57

3.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57
3.2 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58
3.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

3.3.1 Phase-field Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59
3.3.2 Asymmetric nanotopography causes spontaneous polarization . . . . . . 60
3.3.3 The direction of cell guidance is influenced by actin polymerization . . . 63
3.3.4 The substrate parameters can be used to control the cell shape and the

guidance direction independently . . . . . . . . . . . . . . . . . . . . . 65
3.3.5 Comparison to experimental cell shapes and motion . . . . . . . . . . . 68
3.3.6 A toy model for cell migration on nanotopography . . . . . . . . . . . . 73

3.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76
3.5 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

3.5.1 Phase-field equations . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79
3.5.2 Numerical Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80
3.5.3 Cell Tracking . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

3.6 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

Chapter 4: Guided actin dynamics regulate directed cell motion along nanoridges re-
gardless of the availability of collagen IV 82

4.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82
4.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

4.2.1 Collagen IV facilitates cell elongation . . . . . . . . . . . . . . . . . . . 87
4.2.2 Availability of collagen IV does not strongly impact cell-ridge alignment 88

vi



4.2.3 Cell migration is well guided by ridge direction regardless of collagen
concentration . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

4.2.4 Collagen promotes faster migration on nanoridges . . . . . . . . . . . . 93
4.2.5 High surface density of collagen IV increases actin guidance . . . . . . . 93
4.2.6 The cell trajectory phenotype is not linked to actin flow . . . . . . . . . . 96

4.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101
4.4 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105

4.4.1 MAP . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105
4.4.2 Replication via nanoimprint lithography . . . . . . . . . . . . . . . . . . 106
4.4.3 Coating nanoridge substrates with collagen IV . . . . . . . . . . . . . . 106
4.4.4 Cell culture . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107
4.4.5 Imaging . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108
4.4.6 Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108
4.4.7 Statistics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109

Chapter 5: Multiscale sensing and synchronization with excitable
mechanochemical waves 110

5.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110
5.2 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111

5.2.1 Emergent synchronization and collective pulsations . . . . . . . . . . . . 115
5.2.2 Mechanical waves sense global geometry . . . . . . . . . . . . . . . . . 120
5.2.3 Global scale rotations . . . . . . . . . . . . . . . . . . . . . . . . . . . . 124
5.2.4 Mechanical interactions promote cluster elongation on ridges . . . . . . . 128

5.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 129
5.4 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 132

5.4.1 Phase-field model with excitable network . . . . . . . . . . . . . . . . . 132
5.4.2 Kuramoto order parameter . . . . . . . . . . . . . . . . . . . . . . . . . 134
5.4.3 Rotational order parameter . . . . . . . . . . . . . . . . . . . . . . . . . 135

Chapter 6: Summary and future directions 136
6.1 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 136
6.2 Future directions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 141

6.2.1 Phase-field model extensions . . . . . . . . . . . . . . . . . . . . . . . . 141
6.2.2 Closing the loop between phase field models and experiments . . . . . . 144
6.2.3 Enabling quantitative linking between models and experiments in 3D . . 146

Appendix A: Visualizations for excitable multicellular phase-field mode 148

Bibliography 154

vii



List of Tables

3.1 3D phase field model parameters . . . . . . . . . . . . . . . . . . . . . . . . . . 80

5.1 Multicellular excitable phase-field model parameters . . . . . . . . . . . . . . . 132

viii



List of Figures

1.1 Diagram of cancer metastasis . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.2 Nanotopographic surfaces . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
1.3 Actin cytoskeleton exhibits diverse structures . . . . . . . . . . . . . . . . . . . 6
1.4 Fitzhugh-Nagumo model dynamics . . . . . . . . . . . . . . . . . . . . . . . . . 9
1.5 Network of signal transduction pathways in D. discoideum . . . . . . . . . . . . 11
1.6 STEN model of actin waves . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
1.7 Visualization of optical flow . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
1.8 Models of collective migration . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
1.9 Implicit versus sharp interface methods . . . . . . . . . . . . . . . . . . . . . . 23
1.10 phase-field dynamics of keratocyte motility . . . . . . . . . . . . . . . . . . . . 28

2.1 Experimental setup. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39
2.2 3D isosurfaces of 12Z cells obtained from lattice lightsheet imaging . . . . . . . 41
2.3 24 hour E2 treatment alters 12Z morphodynamics . . . . . . . . . . . . . . . . . 42
2.4 Fold change in morphology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44
2.5 E2 promotes larger protrusions after 24 hours . . . . . . . . . . . . . . . . . . . 46
2.6 Actin flow becomes more disordered with E2 treatment . . . . . . . . . . . . . . 47

3.1 Asymmetric sawteeth predic spontaneous polarization . . . . . . . . . . . . . . . 61
3.3 Dynamics of cell reversal of direction and evolution of shape phenotype . . . . . 64
3.4 Phase transition for N=256 mesh points . . . . . . . . . . . . . . . . . . . . . . 66
3.5 Phase field model parameters control shape and guidance independently . . . . . 67
3.6 Dictyostelium discoideum on nanosawteeth support model predictions . . . . . . 69
3.7 Cell trajectory when polarized at an angle relative to the sawteeth. . . . . . . . . 71
3.8 Asymmetric sawteeth preferentially guide cells with high velocities . . . . . . . 72
3.9 Toy model captures salient features of 3D phase field model . . . . . . . . . . . 75

4.1 Collagen promotes cell elongation and nanoridges cause cells to align with the
ridge axis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

4.2 Cell migration on nanoridges is modulated by the surface density of collagen IV . 92
4.3 Nanotopography can guide actin polymerization without ECM coating . . . . . . 97
4.4 Actin distribution at the ventral surface of MCF10A cells migrating on nanoridges 98
4.5 Cells with different trajectory phenotypes have similar actin OF distributions . . 100

5.1 Multicellular phase-field model with excitable waves . . . . . . . . . . . . . . . 113
5.2 Collective synchronized behavior in circular confinement depends on intercellu-

lar forces . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117
5.3 Global synchronization independent of cell size . . . . . . . . . . . . . . . . . . 119

ix



5.4 Mechanical waves sense global geometry . . . . . . . . . . . . . . . . . . . . . 120
5.5 Oscillation modes reflect boundary conditions . . . . . . . . . . . . . . . . . . . 121
5.6 Individual cell dynamics in free adhesive cluster . . . . . . . . . . . . . . . . . . 122
5.7 Global rotations in circular confinement . . . . . . . . . . . . . . . . . . . . . . 125
5.8 Ridges cause cluster elongation and guided migration . . . . . . . . . . . . . . . 127

A.1 Globally synchronized activator dynamics . . . . . . . . . . . . . . . . . . . . . 149
A.2 Pulsating activator waves in free adhesive cluster . . . . . . . . . . . . . . . . . 150
A.3 Activator dynamics in square confinement . . . . . . . . . . . . . . . . . . . . . 151
A.4 Chaotic motile state in circular confinement . . . . . . . . . . . . . . . . . . . . 152
A.5 Globally rotating state in circular confinement . . . . . . . . . . . . . . . . . . . 153

x



List of Abbreviations

ECM Extracellular Matrix
cAMP Cyclic adenosine monophosphate
FHN Fitzhugh-Nagumo
STEN Signal transduction excitable network
1D One dimensional
2D Two dimensional
3D Three dimensional
OF Optical Flow
E2 17β -estradiol
EMT Epithelial-Mesenchymal transition
TF Transcription factor
CC Collagen-coated
c.o.m. center-of-mass

xi



Chapter 1: Introduction

1.1 Cellular physical microenvironment

1.1.1 Cells sense physical cues

Cells in 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 fluid mechanical forces,

including shear flow encountered in blood vessels, which can influence adhesion, morphology,

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

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

Cancer metastasis exemplifies 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 fluid 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 as Dictyostelium 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 finally results in mechanical response [14]. The

cells first 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
µm. (D-E) AFM measurements of 1 µm and 1.5 µm ridges. (F-I) SEM images of topogra-
phy, scale bar 2 µm (F) asymmetric sawteeth (G) nanoposts, (H) curvy ridges, (I) kinked ridges.
Reproduced from [23] from Scientific 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, traditional in vitro experiments are largely conducted

on flat glass coverslips. Using flat surfaces neglects the inherent 3D environment of cells in vivo

and causes cells to become artificially flattened [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 1 µm [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 microfilaments 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 filaments 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
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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 fibers (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 filopodia (iv) are small finger-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 fibers

[38] that provide contractility to the cell.

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

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

and the actin filament itself allow actin to polymerize between a buckled filament 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 fibers

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 activator u initially

representing the membrane potential of a neuron and the inhibitor v representing the opening of

the membrane channels.

∂u
∂ t

= c(v− u3

3
+u) (1.1)

∂v
∂ t

=
1
τ
(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 the v nullcline and the u nullcline.

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

ics of the system.

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

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

constantly oscillate. If the equilibrium point lies to the left of the local minimum of u (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 the u nullcline (yellow) and the v 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 of u 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 significantly 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

= Du∇
2u+ c(v− u3

3
+u) (1.3)

∂v
∂ t

= Dv∇
2v+

1
τ
(u−bv+a) (1.4)

These traveling waves and global oscillations were the first hints that actin polymerization
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could be viewed as an excitable system.

1.2.3 Excitability in the actin cytoskeleton

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

multiple activator-inhibitor feedback loops. For example, in Dictyostelium discoideum the signal

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

(see Figure 1.5) that sense everything from shear flow to electric fields [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 in D. discoideum is the signal transduction

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

(see Figure 1.6) given by Equations 1.5 and 1.6 where F is the activator and R is the inhibitor

(see Figure 1.6a).

Versions of excitable models have successfully modeled the connection of actin flow 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 in D. discoideum. Arrows
indicate activating interactions; flat-ended lines represent inhibitory effects. Half-arrow symbols
denote substrate-product interactions. Solid lines correspond to experimentally confirmed 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

= DF∇
2F − (a1 +a2R)F +a3

(
F2

a2
4 +F2 +UB

)
(a5 −F)+a6UN (1.5)

∂R
∂ t

= DR∇
2R− c1R+ c2(g−ϕP)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 significantly 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,
finally, 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 field up to this point.

1.2.5 Connecting experiment to theory with optical flow

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

such as excitable systems is through an approach called optical flow [73]. Optical flow 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 flow is

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

image has intensity field I(x,y), then optical flow is found by solving Equation 1.7, where v is

the optical flow velocity we are solving for.

∇I ·v =−∂ I
∂ t

(1.7)

The values of ∇I and ∂ I
∂ t can be found easily through classical finite-difference method approxi-

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

is more challenging.

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

[75], which assumes that the optical flow is constant within a small spatial window. This al-
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Figure 1.7: A Images of a cell expressing fluorescently labeled actin (grayscale). The rightmost
image shows an overlay of multiple timepoints to highlight actin motion B Schematic illustra-
tions of the optical flow components: spatial image gradients (∇I), estimated flow 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 flow algorithm
extracts motion information from intensity changes over time. Example of how each component
of the optical flow equation looks for a sample image. This figure 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 fits 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 flow enables detailed,

frame-by-frame mapping of retrograde flow 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-defined tracking, optical flow preserves spatial continuity and can resolve

fine structures more effectively. This makes optical flow ideal for analyzing excitable actin waves,

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

flow–derived velocity fields 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 1 µm 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 inflammation [84], continuously being

recruited to sites of inflammation. Finally, there are even suggestions that microglia migration

can impact the development of Alzheimer’s disease [85].

17



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 cofilin-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 fixed shape. Lee et al. [91] modeled the

motion of a fish 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 specific cell shapes and is not easily extensible into

higher dimensions.

1.4.1.2 Level set methods

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

method, allow for changing shape and cell dynamics. The level set method defines 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-field 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 defined

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 specified by position
and basic shape. (Top middle) Voronoi models are specified 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 including Mycoplasma geni-

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

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 finding 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 significantly 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 confluent or nearly confluent sheets of cells,

which does not effectively describe in vitro work with non-confluent 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 configuration 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 efficient 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-field model

1.5.1 Origins of the phase-field model

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

naive approach to solving moving-boundary problems is predefining 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-field 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], solidification [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 by O(∆x2) where ∆x is the separation between adjacent

grid points. Sharp interface methods normally require a ∆x that is 4 orders of magnitude smaller
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[133] than phase field methods. This decrease in ∆x leads to a simulation that is 108 times

slower – significantly 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 difficult formulations of physical laws [135]. These problems are exaggerated more

in 3D, because the number of grid points necessary in a simulation is O(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 simplifications

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 defining 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-field model is decoupling the sharp geometrical

constraint of a boundary from the shape dynamics. An auxiliary field φ(r) ∈ [0,1], known as the
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phase-field, is introduced. We define φ = 0.5 as the transition point between phases. In practice,

we choose the dynamics for φ 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 first 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

φ , the free energy of the interface FCH is given to second order by Equation 1.8.

FCH =
∫

V

(
f0(φ)+

γ

2
(∇φ)2 + ...

)
dV (1.8)

This free energy is dependent on the local value of the nonuniform parameter φ 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 of f0(φ) and γ .

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

free energy.

µ =
δFCH

δφ
=

∂ f0(φ)

∂φ
+ γ∇

2
φ (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-field models.
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∂φ

∂ t
= ∇ · [m(φ)∇µ] (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-field models

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

order to construct a functioning phase-field model of cell motility, we must find 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(φ) = φ 2(1−φ)2, to get the energy contribution

of a membrane (Equation 1.11).

Hmembrane =
∫

V

[
1
ε2 φ

2(1−φ)2 +D(∇φ)2
]

dV (1.11)

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

brane width ε . G′(φ) is given by the derivative of the double well potential with respect to φ .

∂φ

∂ t
= γ(∇2

φ +
1
ε2 G′(φ)) (1.12)

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

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

a φ = 1 circle initialized with a radius of r0 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-field model of a resting

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

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

al [140]. This type of model couples the dynamics of a phase-field variable to a vector field p

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

From Ziebert et al. [140], the dynamics of the phase-field φ are given by Equation 1.13 and the

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

∂φ

∂ t
= Dφ ∇

2
φ − (1−φ)(δ −φ)φ −α∇φ ·p (1.13)

∂p
∂ t

= Dp∇
2p− τ

−1
1 p− τ

−1
2 (1−φ

2)p−β∇φ − γ(∇φ ·p)p (1.14)

Where δ = 1
2 + µ(

∫
V φdV −A0)−σ |p|2. Dφ determines the width of the interface. The

term (1− φ)(δ − φ)φ is an altered version of the double well potential that accounts for area

conservation and contraction given by σ |p|2. The final 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 diffusion Dp, actin depolymerization inside the cell with rate

τ
−1
1 , suppression of polarization outside the cell with rate τ

−1
2 , generation of actin polarization
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Figure 1.10: Shape dynamics reproduced by Equations 1.13, 1.14 The color shows the value
of the phase-field φ(x,y) and the arrows show the orientation vector field p. By increasing con-
tractility from (a) σ = 0.3 (b) σ = 0.5 and (c) σ = 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 figure was reproduced from [140] with permission from
RSIF.
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with rate β , and finally 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

Ziebert et 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-field modeling of cell motility involves coupling a velocity

field 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 satisfied.

Fmembrane +Fprotrusion +Fintercellular = Ffriction =−ξ v (1.15)

The velocity is related to the phase-field through the advection equation ∂φ

∂ t = ∇φ ·v giving

us a general form of the phase-field Equation 1.16 where the first term is the active components

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

∂φ

∂ t
=−∇φ ·v+ δFint

δφ
(1.16)

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

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

also be computationally coupled to other fields and has been extended in many ways [149, 150].

29



1.5.4 Multicellular phase-field methods

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

This is done by assigning each cell its own phase-field variable φi and adding interaction terms

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

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

the phase-field 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].

Frep = ∑
i ̸= j

∫
V

φ
n
i φ

n
j dV (1.17)

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

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

∂φ

∂ t
= ∑

i ̸= j
c∇φi ·∇φ 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 significantly more

complicated models.

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

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

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

auxiliary field 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-field 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 confine-

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 first multicellular mechanics sim-

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

predictive modeling of how intracellular concentrations of signaling proteins influence collective

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

cellular systems. Phase-field 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 specific 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 influence 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-β 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 significant 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 findings suggest that underlying

actin polymerization could be a predictor of pathological response.

Chapter 3 extends the investigation of actin-driven protrusions by introducing a modified

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

with phenomenological lamellipodium dynamics that accurately reproduces cell shapes on flat

surfaces. In most cell motility models, polarization needs to be artificially 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 where D. discoideum move on

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

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

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

For cell studies in 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-field 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-field 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 first 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 sufficient 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 flow across tissues. The integration of spatially refined biochem-

istry into mechanically coupled simulations represents a significant 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 flow 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 quantified 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, significantly 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 flow 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 influences cell motility and morphodynamic flexibility—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 filopodia [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 fix cells prior to immunofluorescence, 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 fluorescence 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 17β -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

ruffling. We quantified the effects of E2 on cell shape, membrane protrusion dynamics, and actin

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

reveals that 24-hour E2 exposure significantly alters cell morphodynamic behavior, increases pro-

trusiveness, and disrupts actin polymerization coordination in 12Z cells. These findings 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 profiling 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 field 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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Figure 2.1: Experimental setup. a 12Z cells were transfected with a LifeAct-GFP plasmid via
nucleofection (an electroporation-based method) and imaged over time using volumetric lattice
lightsheet microscopy, which employs long thin beams to illuminate the sample with subcellu-
lar resolution. b A maximum intensity projection showing that the boundary of the actin cy-
toskeleton (LifeAct-GFP) coincides with the plasma membrane. c An example output maximum
intensity projection from a lattice lightsheet microscopy time-lapse of a cell transfected with
LifeAct-GFP with frames from t = 0, 1 min, 5 min, 10 min, and 60 min. Scalebars = 20 µm.
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cell (Figure 2.2a). Several cells exhibited 3D membrane ruffles (Figure 2.2b and e), filopodia

(Figure 2.2c and d, Figure 2.2f and g), lamellipodia (Figure 2.2e and f), and invadopodia-like

protrusions (Figure 2.2d and g). Time series isosurfaces of 12Z cells show membrane ruffle

dynamics (Figure 2.2e), lamellipodia growth and retraction (Figure 2.2e and f), and protrusion

growth and retraction (Figure 2.2f and g).

2.3.2 E2 treatment alters 12Z cell shape and morphodynamics

To study 12Z morphology and shape dynamics in response to E2 treatment, we analyzed

maximum intensity projections of cells transfected with LifeAct-GFP as acquired from lattice

lightsheet time-lapse imaging. Cells were treated with vehicle and E2 treatments for 15 min-

utes or 24 hours and morphological parameters and morphodynamic speeds were averaged over

the duration of each experiment (Figure 2.3). Cells treated for 15 minutes did not exhibit any

significant E2-induced changes in circularity or solidity (Figure 2.3a and 2.3c, respectively) but

did experience more rapid changes in circularity and solidity upon E2 treatment (Figure 2.3b

and 2.3d, respectively). Of the cells treated for 24 hours, E2 treatment resulted in significantly

decreased cell circularity (Figure 2.3a), solidity (Figure 2.3c), and rate of change of circularity

(Figure 2.3b) compared to the vehicle control. 24-hr E2 treatment did not significantly alter the

rate of change in solidity but a slight downward trend persisted (Figure 2.3d). In summary, over

a short-term period, E2 treatment did not alter cell morphology but did induce more rapid shape

fluctuations; over a long-term period, E2 induced clear morphological changes and reduced fluc-

tuations in shape over time (Figure 2.3).

A more in-depth shape-over-time analysis of 12Z cells shows differential behaviors be-
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Figure 2.2: 3D isosurfaces of 12Z cells obtained from lattice lightsheet imaging, with some no-
table cellular features (a-d) and representative time series (e-g). a Some cells exhibited actin
waves at the leading edge of the cell and hair-like protrusions at the lagging edge of the cell
(indicated by white arrows). Several cells also exhibited membrane ruffling b, 3D filopodial ex-
tensions c, d, and active protrusions d. The dynamics of the membrane ruffling and lamellipodia
growth were captured e. Protrusion retraction f, g and formation f were also visualized. All
scalebars = 20 µm.
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Figure 2.3: Effect of E2 on 12Z shape and morphodynamics after 15 minutes or 24 hours of
treatment incubation. Circularity a, rate of change in circularity b, solidity c, and rate of change in
solidity d over the duration of each time-lapse were extracted from binarized maximum intensity
projections, and the means ± SEM are plotted. * P ≤ 0.05, ** P ≤ 0.01.
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tween the vehicle control and E2 groups (Figure 2.4). Plots of circularity and solidity over time

for 15-minute treatment appear relatively disordered (Figure 2.4a) compared to the noticeable

separation between vehicle control and E2 groups for 24 hours of treatment (Figure 2.4c). Mor-

phological changes normalized to initial values were plotted across different time spans, reported

as multiples of 10-second ∆t intervals (Figure 2.4b and 2.4d). For both 15 minutes (Figure 2.4b)

and 24 hours (Figure 2.4d) of treatment, short time spans generally resulted in very small mor-

phological changes while longer time spans resulted in larger changes of up to ∼15%. Most cells

exhibited peak morphological percent changes at 300-fold ∆t (equivalent to 50 min), with vehicle-

treated cells experiencing larger percent changes than E2-treated cells. Of the cells treated for

15 minutes, vehicle-treated cells tended to increase in circularity and solidity over broad time

spans while E2-treated cells tended to decrease in circularity over time (Figure 2.4b). On the

other hand, among cells treated for 24 hours, both the vehicle and E2-treated groups ultimately

increased in circularity and solidity over time (Figure 2.4d).

2.3.3 E2 treatment increases membrane protrusions in 12Z cells after 24 hours

To study the effect of E2 on 12Z membrane protrusions, protrusion area and cell area were

quantified from fluorescence maximum intensity projections. We automatically segmented the

protrusions using morphological operations (see Materials and methods) and two broad cate-

gories of cell protrusion dynamics were seen. The first category observed was invadopodia-like

dynamics (Figure 2.5a) which are characterized by large, non-uniform protrusions with no front

of the cell clearly demarcated. Invadopodia are commonly observed in cancer cells as a means for

metastasis and migration [179], however here we use the term due to visual similarities between
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Figure 2.4: Effect of E2 on 12Z morphodynamics after 15 min (top) or 24 hr (bottom) of treat-
ment incubation. Circularity and solidity were tracked over the duration of each experiment and
plotted a, c, along with the average change in each parameter normalized to initial value over
time intervals of varying lengths b, d. The base time step ∆t = 10 seconds.
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the protrusions in our cells and true invadopodia. The other category observed was lamellipodia-

like protrusions (Figure 2.5b), which we classify as cells having broad, flat protrusions focused

mainly at the front of the cell. These protrusions tend to be much smaller than the size of the cell

and are largely present in unidirectional guidance [185].

To determine how E2 treatment affected protrusion dynamics we found the protrusion area

for all cells. E2 treated cells have no change in protrusion area compared to vehicle control cells

after 15 minutes (Figure 2.5c, left panel), but significantly larger protrusions than vehicle control

cells after 24 hours of treatment (Figure 2.5c, right panel). We accounted for variability in cell

size by looking at the ratio of protrusion area to cell body area. Figure 2.5d shows that after

15 minutes of E2 treatment (left panel) the ratio of protrusion area:cell area does not change

compared to the vehicle control cells. Again, this difference is significant for the cells treated for

24 hours (Figure 2.5d, left panel), indicating that result holds across cell sizes.

2.3.4 E2 treatment decreases actin optical flow alignment in 12Z cells after 24

hours

To this point, we have focused mainly on cell morphodynamics; however, we have fluores-

cently tagged actin in the cell to investigate the impact of E2 treatment on the dynamic shift in the

location of the F-actin scaffolding. Dynamics may be driven by a combination of polymerization,

depolymerization, myosin contraction, or cytosolic flow. To quantify actin dynamics, we use op-

tical flow [71] to find the speed at which the actin is moving within the cells. The optical flow is

a 2D vector field (Figure 2.6a) that gives the shift in location of the actin scaffolding as well as an

approximation of the speed with which it moves. Areas of the cell with higher actin optical flow
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Figure 2.5: Effect of E2 on cellular protrusions. a A cell with invadopodia-like dynamics, which
are characterized by large protrusions on all sides of the cell. The first image of the series shows
cell protrusions in yellow overlaid onto the actin fluorescence image. The second image shows
the binarized mask of the cell body (purple) and protrusions (yellow). b A cell with lamellipodia-
like dynamics, which are characterized by broad, short protrusions. c Protrusion area in µm2 and
d protrusion area:cell area ratio were extracted from binarized images, and the means ± SEM are
plotted. * P ≤ 0.05, *** P ≤ 0.001.
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Figure 2.6: Impact of E2 on actin optical flow alignment in 12Z cells. a Optical flow (OF)
was calculated from actin fluorescence for all timepoints to determine how the actin is moving
within the video. The optical flow vectors are displayed on top of one of the corresponding actin
fluorescence images. b The actin optical flow alignment (OF alignment) is displayed for the cell
in a. Higher values of optical flow alignment mean that the optical flow in that region is pointing
in the same direction (see Materials and methods). Using the binarized masks from Figure 2.5
the average optical flow alignment was found inside the protrusions and the cell body. The mean
protrusion optical flow alignment c and mean ratio of protrusion optical flow alignment to cell
body optical flow alignment d are plotted ± SEM. * P ≤ 0.05, ** P ≤ 0.01.
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have faster changes in their scaffolding at that point. However, there was no significant difference

in the actin optical flow distributions between the E2-treated cells and the vehicle control cells.

In order to quantify how the actin was moving collectively within the cell, we calculated the

alignment of the optical flow vectors (Figure 2.6b). Regions of high alignment indicate regions

where coordinated shifts in the cellular scaffolding occur, for instance, an actin polymerization

wave that travels in one direction. The optical flow alignment was calculated by taking the spa-

tial average of the dot product of each optical flow vector with its neighbors (see Material and

methods). At any given point, higher alignment means the optical flow vectors around that point

have similar directions. Lower values of alignment either mean that the optical flow was very

small in that region or that the vectors are unaligned. Since coordinated shifts in the scaffolding

are needed to generate protrusions, we expected the alignment to be higher in protrusions than

in the cell body. Therefore, we calculated the average alignment in both the cell body and the

protrusions separately.

Figure 2.6c shows no significant difference in the average protrusion optical flow align-

ment; the protrusions have similar levels of actin alignment in both treatments and incubation

times. However, if we consider the ratio of protrusion optical flow alignment:cell body optical

flow alignment we see that the ratio is significantly lower for the E2-treated cells compared to

the vehicle control in the 24-hour group, but not the 15-minute group (Figure 2.6d). This means

that the E2 treatment, after 24 hours, makes the cell’s actin significantly less aligned in the pro-

trusions compared to the bulk of the cell. With the E2 treatment, the actin in the protrusions

becomes more disordered compared to the actin in the bulk.
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2.4 Discussion

We used lattice light-sheet microscopy to capture high-resolution cell dynamics, enabling

an unprecedented visualization of protrusive activity and actin polymerization dynamics in live

endometriotic cells. We showed that this technique can be used to visualize a variety of 3D cy-

toskeletal structures, including those associated with ruffles, filopodia, lamellipodia, and invadopodia-

like protrusions over time. This study aimed to elucidate the effect of E2 on actin and shape

dynamics using the 12Z human endometriotic epithelial cell line. We demonstrated that 24-hour

E2 treatment significantly reduced average cell circularity and solidity compared to the vehicle

control—changes indicative of a transition to a more invasive phenotype as cells adopt a more

elongated, protrusive shape. In the short term (15 minutes), E2 did not alter cell morphology but

did induce more rapid morphodynamic changes. This contrasts with 24-hour E2 treatment, which

resulted in slower morphodynamic changes. These results suggest that E2 may stimulate rapid,

transient fluctuations in the short-term—potentially due to rapid, non-classical estrogen signal-

ing pathways—and cause a more stable but invasive morphological state in the long-term—a time

scale more on par with classical estrogen signaling that directly regulates transcription [186]. In

line with the results in Figure 2.3, detailed shape analysis over time revealed that although E2-

treated cells are highly morphodynamic after 15 minutes, clear, stable morphological shifts are

only seen after 24 hours. Both the vehicle and E2 groups experienced shape changes that accu-

mulated over time. Peak morphological changes (up to ∼15%) occurred over a window of 15-50

minutes, which may reflect the time scale of 12Z membrane protrusion turnover. After 24 hours,

vehicle-treated cells generally exhibited larger fluctuations in circularity compared to E2-treated

cells, which settled into a more stable but invasive morphology. Given that E2 is generally known
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to promote cell invasiveness in several diseases [158, 164, 168, 169], this result matches our ex-

pectation. Future studies could clarify the mechanisms underlying E2-mediated morphodynamic

states in the 12Zs; for example, investigating the distinct, time-dependent contributions of clas-

sical and non-classical estrogen signaling pathways to cytoskeletal remodeling would elucidate

the impact of E2 on cell shape over time.

We discovered that 24-hour E2 treatment leads to different protrusion dynamics as well as

modified actin dynamics within those protrusions compared to vehicle control cells. E2-treated

cells generally displayed invadopodia-like dynamics, with high protrusion areas and high ratio

of protrusion area:cell body area. These higher area protrusions tended to jut out of the cell in

every direction. Large protrusions in non-polarized cells tend to be a marker of invasive cells

[187, 188]. This suggests that the E2-treated cells are primed to be more invasive than the vehicle

control cells, because they are forming larger, non-uniform protrusions that are reminiscent of

invadopodia. This effect appears only after 24 hours of treatment, not after 15 minutes, suggest-

ing that E2-induced invadopodia-like protrusions are not formed as a result of rapid signaling.

Future work could investigate the expression of invadopodial proteins, such as cortactin or MT1-

MMP, in 12Z protrusions and determine whether E2 treatment enhances their proteolytic activity.

This would clarify mechanisms driving E2-mediated invasion in benign and malignant estrogen-

dependent conditions.

Within the membrane protrusions, the actin behaved differently in E2-treated cells. Af-

ter 24 hours, the ratio of protrusion actin alignment:cell body actin alignment was significantly

higher in vehicle-treated cells than E2-treated cells, indicating that the actin was more well-

aligned in the vehicle control. When E2 was added to the cells, it appeared to make the actin in

the protrusions more disordered. This suggests that actin polymerization is less coordinated in
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the E2-treated cells, which would be beneficial in sensing non-uniform local topography. This

exploratory, protrusive state could support cell invasion in complex 3D environments where an

adaptable cell shape is advantageous. Prior studies show that estradiol activates both RhoA and

p21-activated kinase (PAK) [172], which are essential regulators for the formation of lamellipo-

dia and pseudopodia [189, 190]. Our results suggest that this change in RhoA and PAK may

result in more disordered actin polymerization over a 24-hour time scale.

Some limitations of this study should be noted. LifeAct-GFP, a widely used F-actin probe,

has been previously shown to influence actin dynamics in other cell types [191–193] and has been

unable to stain actin-based filopodia within chick embryo mesenchymal cells [194]. LifeAct-GFP

also has a relatively high affinity to G-actin [195] which generates background fluorescence. Al-

though our imaging validates LifeAct-GFP localization with plasma membrane staining, other

methods of fluorescently labeling F-actin should be tested and compared with our results. Addi-

tionally, many cells that were imaged experienced a reduction in cell area over time, especially

after about one hour of imaging, which could be due to some degree of photosensitivity. Future

studies that image other cell types using lattice lightsheet microscopy will provide more context

on the relative photosensitivity of the 12Z cells. Finally, we were limited in our ability to quantify

the 3D dynamics of actin due to computational constraints. However, we demonstrated that the

maximum intensity projection of the 3D data can be effectively analyzed for morphodynamics

and actin dynamics. Future advances in computational analysis pipelines and hardware will allow

us to gain further insight on cytoskeletal remodeling in 3D.

Together, our findings suggest that estradiol alters cytoskeletal plasticity and shape dynam-

ics in endometriotic epithelial cells, potentially priming them for increased invasiveness. These

insights lay the groundwork for future studies exploring the molecular signaling pathways and
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mechanical feedback loops that underlie hormone-driven motility in estrogen-responsive pro-

cesses.

2.5 Methods

2.5.1 Cell culture

The 12Z cell line was purchased from Applied Biological Materials (Cat. #T0764). Cells

were cultured in DMEM/F12 (Gibco) supplemented with 10% FBS (Gibco) and 1% penicillin-

streptomycin (Gibco). For estradiol studies, about 48 hours prior to imaging, the culture media

was replaced with phenol-free DMEM/F12 (Gibco) supplemented with 10% charcoal-stripped

FBS (Gibco) and 1% penicillin-streptomycin (Gibco). 17β -estradiol (E2) was purchased from

Sigma Aldrich (Cat. #E8875-1G) in powder form and dissolved in 100% ethanol to create a stock

solution. Cells were treated with a vehicle control (0.001% ethanol) or 10 nM E2 for 15 minutes

or 24 hours prior to imaging. This E2 concentration and incubation time was chosen according

to prior literature [158, 160, 165, 196]. The cell line was authenticated by the company prior to

shipping and our experiments were conducted at passages 58-68.

2.5.2 Cell transfection and staining

The LifeAct-GFP plasmid, a probe for globular and filamentous actin, was a generous gift

from Dr. Denis Wirtz’s lab (Johns Hopkins University, MD, US). 12Z cells were transfected with

a LifeAct-GFP probe for globular and filamentous actin using electroporation technology. Briefly,

cells were suspended in 100 µL of a supplemented nucleofector solution (Lonza, Cell Line Nu-

cleofector Kit L, cat. #VCA-1005, Germany) with 5 µ g of LifeAct-GFP plasmid, transferred to
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a cuvette, and subjected to electroporation via the Nucleofector device (Amaxa, Germany). The

Nucleofector program X-001 was selected based on viability optimization experiments. Trans-

fected cells were immediately seeded on a chambered coverslip (Ibidi, Germany) coated with 10

µg/mL collagen I from rat tail (Corning, cat. #354249, NY, US) and incubated overnight prior

to imaging. For validation studies, to ensure that the borders of the actin cytoskeleton were co-

incident with the plasma membrane, cells were exposed to a plasma membrane stain (CellMask,

ThermoFisher, cat. #C56129, MA, US).

2.5.3 Lattice lightsheet microscopy

Fluorescent actin time-lapses were captured using the Zeiss Lattice Light Sheet 7 (LLS7)

microscope equipped with the Hamamatsu ORCA-Fusion camera system and the ZEN Microscopy

software (Zeiss, Germany). The 30 µm x 1000 nm light sheet was utilized for all imaging.

LifeAct-GFP was visualized using the 488 nm laser and for cells with the additional plasma

membrane stain, the 560 nm laser was also used. Image slices were 0.2 µm in thickness. Cells

were maintained at 37◦C in 90% humidity and 5% CO2 for the duration of imaging.

2.5.4 Shape dynamics analysis

Cell morphodynamics were analyzed from fluorescence maximum intensity projections

obtained from lattice lightsheet microscopy. Time-lapse image stacks were loaded into ImageJ

and individually thresholded for optimal object segmentation. Morphology parameters, including

circularity, aspect ratio, and solidity, were then obtained from binarized image stacks. Circularity
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is defined by the formula:

circularity =
4π(Area)

(Perimeter)2

where a value of 1.0 indicates a perfect circle and a value closer to 0 indicates an elongated

polygon. Aspect ratio is defined as:

aspect ratio =
Major axis
Minor axis

Solidity is defined by:

solidity =
Area

Convex hull area

where a cell that is perfectly circular would have a value of 1.0 and a cell that has protrusions

and/or indentations would have a value closer to 0. We refer to the absolute value of the rate of

change of morphology – such as the rate of change in circularity – as “morphodynamic speed”.

Protrusions were derived from the binarized image stacks via morphological operations.

Each image was first downsized by a factor of 2 in each dimension for the future morphological

operations to be computationally feasible. Next, the image was morphologically eroded and

dilated with a structuring disk of size 30 pixels in order to remove the protrusions from the cell

body. Finally, the binarized protrusion image was found by upsizing the morphologically altered

image and subtracting it from the original image.

2.5.5 Optical flow and optical flow alignment

First the actin fluorescence images were jitter corrected using phase cross-correlation [197,

198]. Actin optical flow was found by applying iterative Lucas-Kanade [199] successively to each
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2-frame combination of images in every fluorescence video. Optical flow confidence is calculated

using the spatial Hessian matrix [200] in order to only account for the optical flow vectors that

accurately track actin. The alignment metric was calculated by finding the dot product of each

optical flow vector with its surrounding neighbors [71]. To compute this effectively, the optical

flow matrix was convolved with a 2D N×N gaussian kernel A with elements:

Ai j =
1

2πσ2 e−
( j−N/2)2

2σ2 e−
(i−N/2)2

2σ2

with the center (i, j = N/2) set manually to 0. Then, the optical flow alignment was calculated by

taking the element-wise inner product of the convolution with the original optical flow matrix. In

this study we use σ = 1,N = 13 in order to capture longer range alignment effects, however the

results do not change drastically for values of N between 5 and 31. The protrusion optical flow

alignment (protrusion OF alignment) was found by calculating the average value of the optical

flow alignment inside of the protrusion binary image. Previous studies have used different metrics

for finding areas of high actin activity that account only for actin fluorescence strength [201],

however that does not account for the movement of actin within the cell.

2.5.6 Statistics

Statistical calculations were performed in GraphPad Prism version 10.2 (GraphPad soft-

ware, CA, US). For comparisons between vehicle control and E2 groups, unpaired Student’s

t-tests were performed. For all tests, P values < 0.05 were considered statistically significant.

Data are represented as mean ± standard error of the mean. Experiments were performed in at

least triplicate.

55



2.6 Acknowledgments

The authors acknowledge funding from an NIGMS MIRA #R35GM142838 (to KMS),

from an NSF grant PHY- 2014151 (to WL and CH), and from the Clark Doctoral Fellowship

(to SB). We thank the Biosciences Core Imaging Incubator at the University of Maryland for

providing access to the Zeiss LLS7 microscope. Schematics in Figure 2.1 were created with

Biorender.com.

2.7 Author Contributions

SB performed sample preparation, data collection, and data analysis. CH performed data

collection, code development, and data analysis. SB and CH drafted the manuscript together.

KMS and WL provided guidance on the experiments and analysis, manuscript structure, and

figures. All authors reviewed the final manuscript.

56

Biorender.com


Chapter 3: Spontaneous polarization and cell guidance on asymmetric

nanotopography

This chapter is adapted from Herr, Winkler, Ziebert, Aranson, Fourkas, and Losert

[202]. The text and figure are used under a Creative Commons Attribution 4.0 Inter-

national License. Corey Herr wrote the manuscript, conducted the simulations, and

reanalyzed the experimental data. Winkler and Ziebert developed the original model.

All authors contributed to the writing and editing of the manuscript. See Section 3.6

for full contributions.

3.1 Overview

Asymmetric nanotopography with sub-cellular dimensions has recently demonstrated the

ability to provide a unidirectional bias in cell migration. The details of this guidance depend

on the type of cell studied and the design of the nanotopography. This behavior is not yet well

understood, so there is a need for a predictive description of cell migration on such nanotopogra-

phy that captures both the initiation of migration, and the way cell migration evolves. Here, we

employ a three-dimensional, physics-based model to study cell guidance on asymmetric nano-

sawteeth. In agreement with experimental data, our model predicts that asymmetric sawteeth lead

to spontaneous motion. Our model demonstrates that nanosawteeth induce a unidirectional bias
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in guidance direction that is dependent upon actin polymerization rate and sawtooth dimensions.

Motivated by this model, an analysis of previously reported experimental data indicates that the

degree of guidance by nanosawteeth increases with the cell velocity.

3.2 Background

Most cells produce motion through the coupling of the actin cytoskeleton and the cell mem-

brane to the surrounding substrate. In vivo, cell guidance is affected by a variety of external and

internal stimuli, including the extracellular matrix (ECM) [203], surface rigidity[204], chemi-

cal gradients [205], and nanotopography. Local nanotopography has a substantial effect on cell

behavior. For instance, it has been reported that nanotopographic substrates can lead to cell

guidance and can influence cell morphology [206–209]. Nanoridges can lead to the bidirec-

tional contact guidance of cells, causing cells to speed up and elongate parallel to ridges [25].

In vivo environments are often asymmetric [210, 211], in the form of the porous ECM. Such

asymmetries are not often considered in modeling cell migration. Asymmetric nanotopographic

substrates have recently been shown to lead to a unidirectional bias in cell migration, with a pre-

ferred guidance direction that depends on both the details of the nanotopgraphy [24] and cell line

[26].

Physical modelling has been highly successful in describing cell migration, allowing for

the creation of conceptually simple, whole-cell models with wide-reaching implications [140,

142, 146, 149, 151, 212–218]. Much of the previous modelling of cell migration has focused

on cells on flat surfaces. However, the contact-guidance experiments discussed above suggest

that the topography encountered in 3D, in vivo environments can have a profound effect on cell
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migration. We have previously developed a model that successfully captures some aspects of

migration on nanotopographic substrates [219]. Here we extend this model to rows of asymmetric

nanosawteeth. The cell is modeled as a deformable boundary in which actin polymerizes at

the front, forming lamellipodia and pushing the cell boundary outward. This extended model

reproduces the key qualitative aspects of cell motility on asymmetric nanotopography.

Our work reveals that on asymmetric, nanoscale sawteeth, cells exhibit spontaneous onset

of motion and directed guidance. For a cell in a deterministic model to move on a flat substrate,

the cell must initially be polarized [140, 146, 151, 219]. However, when the same cell model is

implemented on asymmetric nanotopography, spontaneous cell polarization is readily observed.

In agreement with previous experimental results [24, 26], our model exhibits biased unidirec-

tional motion on asymmetric nanosawteeth, and exhibits a guidance direction that is dependent

upon both the details of the nanotopography and actomyosin dynamics. Our model reproduces

qualitative cell-shape phenotypes observed experimentally, including cell elongation parallel and

perpendicular to the guidance direction, depending upon the parameters of the nanotopography

and the cells. The model also predicts that the degree of guidance by asymmetric sawteeth de-

pends on cell velocity. This prediction is supported by a re-analysis of previous experimental

data.

3.3 Results

3.3.1 Phase-field Model

To explore cell migration on nanotopography, we extended a 3D phase-field model that

was originally developed to model cells in confined environments [219]. This model uses two
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dynamical variables to describe the state of the cell. The first, ρ(r, t), is a scalar phase-field

that describes the cell boundary and assumes values between 0 and 1. The cell boundary lies at

ρ = 1/2, with ρ > 1/2 inside the cell and ρ < 1/2 outside of the cell. The second is a 3D vector

field p(r, t). The direction of p gives the orientation of the actin filaments and the magnitude of

p gives the ordering of the filaments. As in the previous 3D phase-field model [219], we describe

the substrate using two auxiliary fields: Φ(r) is a steric field that models the volume exclusion

of the cell and the substrate and Ψ(r) restricts actin generation to occur close to the surface.

The modeling framework is described by two coupled equations for ρ and p, as detailed in the

Methods section. In the equations the unit of length is 1 µm and the unit of time is 10 s.

Here we study the effect of three model parameters on guided cell migration and cell shape.

The first, β , is the actin polymerization rate, which determines how fast actin polymerizes at the

surface of the cell. The second, θ , determines the preferred angle of actin polymerization with

respect to the local substrate geometry. When far away from the substrate, actin polymerizes nor-

mal to and away from the local cell membrane. Near the substrate, θ determines the component

of actin polymerization normal to the substrate. For θ = 0, actin polymerizes tangentially to the

local substrate, whereas for θ = 1 the actin polymerizes normal to the cell boundary. The third

parameter, σ , determines the rate of acto-myosin contraction. A larger value of σ represents more

acto-myosin contraction in the cell. Collectively, these parameters can describe a wide variety of

cell migration and shape phenotypes [219].

3.3.2 Asymmetric nanotopography causes spontaneous polarization

We studied cell dynamics on an array of in-registry rows of asymmetric sawteeth, in which
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Figure 3.1: Asymmetric sawteeth and dominant phenotypes. a Zoomed-in schematic of the
array of asymmetric sawteeth used in the phase-field model. Multiple cell-shape phenotypes are
observed, including b crescents and c wedges. d Polarization vector field of a cell moving down
the sawteeth. The polarization vector field indicates the directions of the actin polymerization
and the membrane pushing force. The color denotes the strength of the polarization p, with blue
being the weakest and red being the strongest. All polarization vectors point out of the cell. The
asymmetric sawtooth nanotopography can cause the cell to polarize spontaneously e either down
the sawteeth or f perpendicular to the sawteeth.
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Figure 3.2: Snapshots of cell transitioning from the crescent to the wedge phenotype. Time
increases from left to right.

both the sawteeth and the spacings between rows were of subcellular dimensions (Fig. 3.1a).

Such sawteeth have been shown experimentally to be able to bias cell guidance unidirectionally.

Sun et al. [24] reported that different nanosawtooth heights lead to opposite guidance directions

of Dictyostelium discoideum. Furthermore, Chen et al. [26] reported that the different cell lines

were guided in opposite directions on nanosawteeth with the same height.

For this study, the sawtooth height was varied between 0.75 µm and 2 µm and the sawtooth

length was varied between 2.5 µm and 6 µm. We investigated how this nanotopography affects

the onset of cell migration and the corresponding migration and shape phenotype evolution by

placing a single cell on the substrate without initial polarization and observing the subsequent

dynamics. The model produces two major cell-shape phenotypes. The crescent phenotype (Fig.

3.1b) is representative of more contractile cells, such as the M4 cell line that has been studied

on asymmetric sawteeth [26]. The wedge phenotype (Fig. 3.1c) is representative of cells on the

lower end of the contractility spectrum, such as D. discoideum, which has also been studied on

asymmetric sawteeth [24]. Figure 3.2 shows a model cell transitioning from the crescent to the

wedge phenotype.

Spontaneous polarization is not observed in phase-field models of cells on flat substrates

because the resting state is stable. Thus, the cells in this situation cannot migrate without inducing

polarization externally [220] or via initial conditions [92, 140]. However, the asymmetry of
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the substrates studied here allows cells to generate propulsion even in the absence of an initial

polarization. The polarization occurs because the cell adheres to the asymmetric surface, which

causes a break in the directional symmetry of actin polarization. Fig. 3.1d shows the polarization

vector field for a cell that is polarized spontaneously by sawteeth. There are points of strong

polarization underneath the cell that have a tangential component up the sawteeth (against the net

direction of cell motion). However, there is strong enough polarization at the leading edge of the

cell to propel the cell forward. This cell moves spontaneously with θ = 0. Therefore, the impetus

for spontaneous motion on sawteeth is actin polymerization tangential to the substrate. In this

model, a cell can only move spontaneously down the sawteeth (Fig. 3.1e) or at an angle to the

sawteeth (Fig. 3.1f).

3.3.3 The direction of cell guidance is influenced by actin polymerization

In experiments with cells on asymmetric nanosawteeth, the guidance direction has been

observed to depend on the sawtooth height and length [24], as well as on the cell type [26]. We

next explore why different types of cells can be guided in different directions on the same saw-

tooth pattern. When inducing an initial polarization up the sawteeth, we observed three possible

outcomes in our model: the cell moves up the sawteeth persistently (Fig. 3.3a), the cell initially

moves up the sawteeth and then turns around to move down the sawteeth (Fig. 3.3b), or the cell

stops. We induce the polarization up the sawteeth to counter the preferred spontaneous polariza-

tion down the sawteeth. Trajectories for these three representative behaviors are shown in Fig.

3.3c.

To probe the selective guidance direction systematically, we created a phase diagram (Fig.

3.3d) in which we varied β and θ while keeping the sawtooth parameters the same. In all cases
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Figure 3.3: Reversal of direction and evolution of shape phenotype. a A cell guided unidi-
rectionally up the sawteeth following initial polarization up the sawteeth. b Decreasing the actin
polymerization rate leads to a trajectory in which the cell initially moves up the sawteeth but then
turns around. c Trajectories representing the three most common outcomes when a cell on the
sawteeth is polarized up the sawteeth. d A phase diagram showing how the guidance direction
depends on the actin polymerization rate β and the angle θ of actin polymerization relative to
the substrate. The cell moves up the sawteeth when both β and θ are in the larger range of the
values examined here. e The asymptotic guidance velocity exhibits hysteresis for θ = 0.1. For
cells with an initial polarization, the transition from moving up the sawteeth to moving down the
sawteeth is sudden. For unpolarized cells, guidance is only observed down the sawteeth.
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the cell had an initial upward bias. After 250 seconds, we measured the center-of-mass velocity.

This velocity was used to determine the guidance direction shown in Fig. 3.3d. The data in this

figure indicates that as the actin-polymerization rate increases, the cell is able to overcome the

nanotopography guidance direction and move down the sawteeth.

We studied the transition in guidance direction by changing β at a fixed θ of 0.1. Fig. 3.3e

shows that for a cell with an initial polarization, there is a sharp transition of guidance direction

at β = 6.5. Similar transitions occur at other values of θ ; As shown in Fig. 3.3d, increasing the

value of θ makes the cells more active, shifting the directional guidance transition towards lower

values of β . The phase transition is not significantly altered if the phase field simulation mesh

size is doubled (See Fig. 3.4). Below β = 6.5, the cell always has the same final (asymptotic)

velocity. This guidance velocity is determined by the sawtooth properties, rather than by the

model parameters. Additionally, we observe hysteresis in the guidance direction. If the cell is

not polarized initially, the cell can only be guided down the sawteeth. This observation indicates

that the preferred guidance direction is down the sawteeth. Finally, a cell that reverses direction

does not move solely parallel to the sawteeth. We find instead that a cell can turn to move at an

oblique angle to the sawtooth orientation.

3.3.4 The substrate parameters can be used to control the cell shape and the

guidance direction independently

Our model exhibits a range of stable shape phenotypes that were studied in relation to the

guidance direction. To control shape, we modified the contractility of the cell, σ . Contractile

forces control the shape of the cell [221], and are linked closely to cell motility [222]. Here, we

investigate the effect that contractility has on the direction of guidance. Fig. 3.5a depicts a phase
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Figure 3.4: Phase transition for N=256 mesh points. We investigate the phase boundary between
up and down sawtooth motion dependent on actin polymerization strength for a simulation win-
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actin polymerization rate β (θ = 0.1) with initial polarization up the sawteeth. Increasing the
contractility leads to a reversal in the guidance direction. b Cell migration behavior for different
values of β and σ . For σ = 1, the cell’s initial velocity decays rapidly to a more stable final
velocity. For σ = 0.5, the cell’s initial velocity decay mirrors that for σ = 1, before decaying
further at longer times. For σ = 0.1, the cell reverses direction at t ≈ 100 to move down the
sawteeth. 3D visualizations of the stable cell-shape phenotype for c σ = 1, d σ = 0.5, and e
σ = 0.1. As the contractility σ decreases, the cell becomes more oval shaped.
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diagram of guidance direction as a function of σ and β (θ = 0.1). Cells with higher contractility

σ and higher actin polymerization rate β can persistently move up the sawteeth, given an initial

polarization in that direction, counter to the preferred direction of spontaneous motion.

By examining the dynamics at individual points in the phase diagram (Fig. 3.5b), we can

separate the velocity trajectories into two distinct regions: the first peak and dip in velocity due

to the initial polarization and change in shape of the cell, and the ensuing long-term behavior.

The initial peak and dip occurs for all values of σ , followed by a positive rebound in velocity that

occurs at t ≈ 150. The major differences among the trajectories are in the long-time behavior.

For σ = 1 there is a small negative acceleration, but the velocity up the sawteeth is persistent.

The long-term velocity oscillations can be attributed to two factors: the cell slows down as it

crawls up the sawteeth at its leading edge and small cell shape changes cause fluctuations in the

center-of-mass velocity. The persistent velocity and the strong contractility of the cell results in

elongation perpendicular to the direction of motion and leads to a persistent crescent shape (Fig.

3.5c). For σ = 0.5, the long-time positive velocity is not persistent. During the period of the

simulation the cell moves up the sawteeth, but with a steadily decreasing velocity at long times.

The contractility is high, so the cell is again elongated perpendicular to the direction of motion

(Fig. 3.5d). Finally, for σ = 0.1, the long-time velocity is negative. A short period of positive

acceleration at t ≈ 175 is observed but does not lead to a second change of direction. The cell in

this case has an oval shape that is elongated parallel to the direction of motion (Fig. 3.5e).

3.3.5 Comparison to experimental cell shapes and motion

Next we conduct a re-analysis on previous experimental data of D. discoideum migration

on asymmetric sawteeth to capture additional details of cell motion. We find that the deterministic
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Figure 3.6: Experimental data support the predictions of the model. D. discoideum cells on
asymmetric sawteeth are observed to elongate both a parallel and b perpendicular to the sawtooth
direction during cell migration. Motion of D. discoideum c down and d up the sawteeth. e The full
distribution of elongation angles of D. discoideum on asymmetric sawteeth. The distribution is
peaked around the parallel and perpendicular directions, as seen in the model. However, cells can
exhibit other orientations as well. f The full distribution of directions of motion of D. discoideum
on asymmetric sawteeth of heights 1 µm to 2.4 µm. The model can also produce the full range
of directions of motion (see Fig. 3.3).
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phase-field model can reproduce both the observed cell shapes and the preferred guidance direc-

tion. Figures 3.6a-b show that D. discoideum can be elongated both parallel and perpendicular to

the sawteeth, in analogy to the shape phenotypes seen in the model. D. discoideum cells moving

along sawteeth tend to elongate in the direction of motion, in accordance with the less contractile

cells shown in Fig. 3.5. Additionally, in a study of different cell lines migrating on sawteeth

by Chen et al. [26], it was observed that M4 cells, a cancerous mutant of MCF10A epithelial

cells, exhibit elongation perpendicular to the direction of motion. This behavior agrees with the

observation that cancerous cells are generally more contractile than their progenitor cells [222].

Although asymmetric sawteeth create a unidirectional bias of motion, D. discoideum is capable

of moving down the sawteeth (Fig. 3.6c), up the sawteeth (Fig. 3.6d), as well as at arbitrary

angles relative to the sawteeth.

A variety of cell elongation angles with respect to the sawtooth orientation are observed

experimentally, as seen in Figure 3.6e. The distribution of elongation angles has two local max-

ima at 0◦ (parallel to sawteeth) and 90◦ (perpendicular to sawteeth). Fig. 3.6f shows a combined

spider plot of cell trajectories on sawteeth of height 1 µm to 2.4 µm. By changing the direc-

tion of initial cell polarization, a model trajectory can be produced that travels in any direction,

and therefore the model can reproduce the arbitrary elongation angles (Fig. 3.7) that are present

experimentally.

The simulated cell trajectories in the continuum model are deterministic, and so cannot

reproduce the stochasticity of experimental trajectories. Nevertheless, we observe that the direc-

tion of stable simulation trajectories corresponds to the preferential guidance direction of cells on

asymmetric sawteeth. To determine the effect of sawtooth dimensions on cell guidance direction
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Figure 3.7: Cell trajectory when polarized at an angle relative to the sawteeth. Cells can maintain
a steady trajectory in an arbitrary direction for a short period of time.
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Figure 3.8: Asymmetric sawteeth preferentially guide cells with high velocities. a A phase di-
agram demonstrating dependence of guidance direction on β and sawtooth height (fixed θ = 0.1)
on a cell initially polarized up the sawteeth in the phase-field simulations. The average velocity
distributions derived from experimental data for D. discoideum on asymmetric sawteeth of three
different heights: b 1 µm, c 1.8 µm, and d 2.4 µm. For the 1µm sawteeth, the distribution is
peaked at 0◦, indicating that the faster cells are guided preferentially up the sawteeth. This obser-
vation is consistent with the phase diagram in a, in which cells with higher actin polymerization
rates are guided up the sawteeth. For sawtooth heights of 1.8 µm and 2.4 µm, the velocity distri-
bution is peaked at 180◦, indicating that the faster cells move preferentially down the sawteeth.
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we compared the model to experiments of cells on sawteeth of three different heights: 1 µm,

1.8 µm, and 2.4 µm. The model predicts that cells with higher actin polymerization rates will

move up the higher sawteeth (Fig. 3.8a). Because cells with higher actin polymerization rate

tend to have higher velocities [64, 223], one implication of our model is that faster-moving cells

will move up sawteeth with smaller heights and down sawteeth with greater heights. Therefore,

the model indirectly predicts that cells with higher velocity will move up the sawteeth for lower

sawteeth heights and down the sawteeth for higher sawteeth heights.

To determine the guidance direction of cells in experiments, we measured the average ve-

locity of the D. discoideum cells as a function of direction relative to the sawteeth, with the angle

0◦ defined as moving up the sawteeth (Fig. 3.8b-d). For the 1 µm-high sawteeth, the average ve-

locity peaks at 0◦ (Fig. 3.8b). This observation is consistent with the phase diagram (Fig. 3.8a),

in which cells with a higher actin polymerization rate move up the sawteeth. For the 1.8 µm-high

and 2.4 µm-high sawteeth the average velocity is peaked at 180◦. This result indicates that the D.

discoideum cells do not reach the threshold velocity necessary to move up these sawteeth. Our

observations suggest that asymmetric sawteeth can be used to guide cells with high velocities

selectively, and that the velocity cutoff can be modified by changing the sawtooth height.

3.3.6 A toy model for cell migration on nanotopography

To strengthen the predictive power of the full phase field simulations it is useful to capture

the main observations in a toy model amenable to analytical extrapolation. The extrapolated posi-

tions can be validated in both the phase field simulations and experimental observations. The toy

model incorporates two key observations from the full phase-field model: the sub-critical onset

of cell motion on flat surfaces and the unidirectional bias of motion by the sawtooth substrate.
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This toy model allows us to investigate stability of cell guidance. If there is no topography on the

substrate, the equations of motion can be cast in the dimensionless form:

ε∂tv = v(−1+β |v|2 −|v|4) (3.1)

Here ε ≪ 1 is the relaxation parameter, β is the driving parameter related to actin polymerization,

and v is the center-of-mass velocity of the cell. For β > 2, equation (3.1) possesses 3 stable fixed

points: V0 = 0, and V 2
s = β/2+

√
β 2/4−1. Correspondingly, there are two unstable fixed points

V 2
u = β/2−

√
β 2/4−1.

In the presence of asymmetric nanotopography, the equation of motion assumes the form

ε∂tv = v(−1+β |v|2 −|v|4)+ f (x)x0 (3.2)

Here x0 is the unit vector in x-direction. In the case of asymmetric sawteeth, f (x) can be written

in the form

f (x) = c(ax−floor(ax)) (3.3)

Here a is the spatial frequency (spatial period L = 1/a) and c is the magnitude of the sawtooth

modulation. Note that the sawteeth provide a positive bias, because ⟨ f (x)⟩> 0.

Despite their simplicity, Eqs. (3.2) and (3.3) capture many salient features exhibited by

the fully 3D, continuum phase-field model as a function of the driving parameter β (Fig. 3.9).

In particular, for pure one-dimensional motion (i.e., in the x-direction), for a large enough value

of β the model exhibits two stable solutions, with motion up or down the sawteeth (Fig. 3.9a).

For smaller values of β , the model only shows spontaneous motion down the sawteeth. For even
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Figure 3.9: Toy model capturing the main features of the full 3D phase-field model. a Trajec-
tories up and down the sawteeth in the simplified model, Eq. (3.2), in the 1D case. b A cell that
initially moves up sawteeth in the 2D model, Eq. (3.2) performs a U-turn at t ≈ 10. The initial
trajectory is unstable. c Heat map of the time for cells with initial negative velocity to change
direction in the 2D model. For higher values of β in this model, the velocity up the sawteeth
persists for a longer time. For higher values of c (height of sawtooth pattern) in this model, the
velocity up the sawteeth persists for a shorter time.
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smaller values of β , no motion is possible, all in agreement with the phase-field model.

The two-dimensional version of Eqs. (3.2) and (3.3) yields an intriguing prediction that

motion up sawteeth is always unstable (Fig. 3.9b). However, as β increases, the reversal time

diverges (Fig. 3.9c). Thus, the model indicates that the complex migration behavior observed

both in the phase-field simulations and in the experiments is a synergistic effect of the sawtooth

substrate and the cell’s intrinsic threshold for motion. By incorporating only three properties, the

toy model leads to three nontrivial predictions: hysteresis between motion up and down the saw-

teeth, the existence of a critical sawtooth height above which motion up sawteeth is impossible,

and the instability of motion up the sawteeth. These predictions identify the that the minimal

model ingredients needed to capture velocity-based selective guidance are: sub-critical onset of

motion on flat substrates and unidirectional bias by the sawtooth substrate.

3.4 Discussion

We have demonstrated that a 3D phase-field model enables a rigorous investigation of cell

motility on asymmetric nanotopography. Previous work has focused on cell scale or system scale

gradients. Here we demonstrate that the model can also capture how cells integrate subcellular

asymmetry into cell scale guidance. The phase-field model captures the spontaneous onset of mo-

tion and the experimentally observed range of shapes and motions of cells that sense asymmetric

guidance cues that are an order of magnitude smaller than the scale of the cell.

Cell-migration experiments on asymmetric sawteeth have demonstrated that the guidance

direction is affected by the sawtooth dimensions [24] and the specific cell line used [26]. The

phase-field model reproduces the key phenomena observed in these experiments, including spon-
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taneous polarization, unidirectional guidance, and elongation phenotypes. By tuning model pa-

rameters, we can change the guidance direction and cell shape in accordance with the behavior

observed for different cell lines. The correspondence between the model and experiments yields

insights into the relative importance of actin polymerization, contractility, or other cell properties

in promoting cell-type-dependent guidance behavior.

On flat surfaces, the phase-field models require an initial polarization [140, 219] or a

strongly randomized internal actin density [141] to observe directed cell motion. In contrast,

asymmetric sawteeth provide guidance cues that cause the cell to move spontaneously. Conse-

quently, surface asymmetries may be one factor that initiates directional migration in vivo and in

natural environments.

Our model shows that the actin polymerization rate is a primary driver of the cell guidance

direction on asymmetric sawteeth. There is a transition in guidance direction from down the

sawteeth to up the sawteeth at a critical value of the actin polymerization rate. This critical value

is dependent on other model parameters as well, such as the sawtooth height.A toy model based

on findings from phase-field simulations verifies this relationship and gives analytical evidence

that motion up-sawtooth is unstable. The actin polymerization rate is directly related to the cell

velocity, so faster cells should tend to move up the sawteeth. In agreement with the predictions of

our model, experimental data for cell guidance on asymmetric sawteeth show velocity-dependent

selective guidance. Additionally, the model predicts that increasing the sawtooth height should

increase the velocity threshold for cells to move up the sawteeth. We verified this prediction by

showing that faster D. discoideum cells are preferentially guided up asymmetric sawteeth that are

1 µm high. However, on asymmetric sawteeth with heights of 1.8 µm and 2.4 µm, faster cells

are still guided down the sawteeth.
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In our model, contractility affects both the shape and the guidance direction of a cell. Larger

values of contractility are associated with the cell moving up the sawteeth. Thus, more contractile

cells are not guided in the more typical direction on asymmetric sawteeth. Studies have linked

higher contractility to invasiveness in cancer cells [222], and this connection may be related to

the change in guidance direction that we observe.

The simple physical model presented here can explain many features of cell motility on

asymmetric nanotopography. Because the phase-field model is highly modular, it can be extended

further to obtain a fuller picture of cellular dynamics on asymmetric nanotopography. An even

more realistic model could include the modulation of specific or non-specific adhesive effects

(e.g., focal adhesions). Additionally, the actin dynamics can be modified to include the effect

of regulatory proteins via an excitable network model such as local excitation global inhibition

biased excitable network [63] or linked excitable networks [55].

Although our approach captures many important aspects of subcellular environmental asym-

metries on cell migration, in vivo the dynamics can be affected by many other factors. It is known

that the cells can remodel, and even degrade, the local topography, especially in the context of

some invasive cancers [224, 225]. Many cancer cells form invadopodia, i.e., actin-rich protru-

sions of the plasma membrane that are associated with degradation of the extracellular matrix.

Incorporation of such phenomena into a phase-field model can shed light on cancer invasiveness

and metastasis and is highly desirable. However, a 3D phase-field model on deformable and

degradable substrates is a formidable computational task that we leave to future study.
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3.5 Methods

3.5.1 Phase-field equations

The following model was used to describe the cell migration in 3D:

∂tρ = Dρ∆ρ −ρ(1−ρ)(δ [ρ]−σ |p|2 −ρ)

−αp ·∇ρ −κ∇Φ ·∇ρ −λρ Φ
2, (3.4)

∂tp = Dp∆p−βe−T c∆S[(1−θ)P̂(∇ρ)+θ∇ρ]Ψ− τ
−1p

−γ (∇ρ ·p)p−Φ
2p. (3.5)

Here, the phase-field ρ describes the cell shape, p characterizes the actin orientation, Φ(r) models

a steric field moderating the cell’s interaction with the surface, and Ψ(r) restricts actin generation

close to the surface. The entire motility mechanism is captured by Eqs. (3.4), (3.5). Actin poly-

merizes near the cell boundary and produces a protrusion force via the polymerization ratchet

mechanism[226]. As the cell moves forward, the actin polarization at the back of the cell de-

grades based on a model of acto-myosin contraction [140]. The cell volume is conserved as a

fixed point through the term δ [ρ]. Additionally, contractility is modeled through the term σ |p|2.

As per Ref. [140], the contractility of acto-myosin bundles can be described as a nematic tensor

Si j. According to the active gel theory, the stress tensor is proportional to the nematic tensor.

Therefore, we say that the tensor invariant is proportional to the deformations of the cell bound-

ary.

This model of cell motility has been shown to reproduce the lamellipodium-based motion
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of keratocytes on flat surfaces [140]. We use a modified version of the model that accounts for cell

surface tension [147]. Surface tension is introduced using the exponential term e−T c∆S, where T

is the surface tension strength, c is the curvature, and ∆S is the difference between the surface area

at a given time step and a reference surface area. This term makes the actin polymerization rate

lower at points of high curvature, thereby preventing the cell from tearing apart. We introduced

this term by necessity based on the high curvature of the nanotopography studied here.

Table 3.1: Default model parameters

Parameter Value Description

Dρ 1 Diffusion constant for ρ

Dp 0.2 Diffusion constant for p

α 1.5 Actin pushing strength

T 25 Surface tension strength

γ 1 Front-back asymmetry

τ−1 .1 Actin degradation rate

κ 2 Surface adhesion strength

θ 0.1 Actin polymerization angle

3.5.2 Numerical Method

The model used here is an extension of a previously published method [219]. Equations

(3.4) and (3.5) were solved on a 100 µm × 100 µm × 25 µm rectangular grid (corresponding to

576×576×128 mesh points) in the domain using a split operator method on a periodic domain.

The algorithm was implemented on graphical processing units (GPUs) using the NVIDIA CUDA

programming language. The diffusion terms were calculated in Fourier space, and other operators

were calculated using finite-difference methods. The curvature c in Eq. (3.4) was calculated using
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c = ∇ · ∇ρ

|∇ρ| . Unless otherwise mentioned, the model parameters used were those given in Table

3.1.

The substrate with asymmetric sawteeth was implemented via prescribing the static fields

Φ and Ψ. The substrate studied for this paper was a sawtooth of length 4.2 µm and a default

height 1.4 µm; other heights were used as discussed above.

3.5.3 Cell Tracking

Cell tracking was performed on bright-field movies of D. discoideum moving on asymmet-

ric sawteeth reported in a previous paper [24]. First, the threshold of the fast Fourier transform

(FFT) of the images was used to remove the bright spikes associated with the periodic sawteeth.

A low-pass Hamming filter was applied to the FFT. An inverse FFT was then applied to recover

an image with sawteeth removed. Next, the image contrast was changed so that 1% of the bright-

est and darkest parts of the image were saturated. A morphological top-hat filter was applied

to remove high frequency noise. Finally, the image was binarized using the Otsu thresholding

method [227]. The cells were tracked using the MATLAB regionprops function to find elonga-

tion and centroid location. The cell trajectories were found using a particle tracking algorithm

fed the centroids of the cell locations.

3.6 Contributions

C.H., I.S.A., and W.L. designed research; C.H. performed research; B.W., F.Z., and I.S.A.

designed model; C.H. analyzed data; and C.H., B.W., F.Z., I.S.A., J.F.T., and W.L. wrote the

paper.
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Chapter 4: Guided actin dynamics regulate directed cell motion along nanoridges

regardless of the availability of collagen IV

This chapter is adapted from work in preparation by Hourwitz, Herr, Bull, Losert,

and Fourkas with substantial editing to fit within the context of this dissertation. Matt

Hourwitz designed the experiments, collected the data, and prepared Fig. 4.4. Abby

Bull conducted the optical flow analysis. Corey Herr conducted shape and trajectory

analysis, reanalyzed optical flow data, and prepared Figs. 4.1–4.3,4.5. All authors

contributed to the writing and editing of the original manuscript.

4.1 Background

The ability to control cell migration with cell-type specificity is a focus of research and

development for disease treatments [228]. Still, such control requires profound knowledge of

the target cell, as well as its environment. Cell motion may be controlled by any of its govern-

ing internal components and processes, such as the cytoskeletal network [229, 230], molecular

signaling pathways [231–237], gene expression [231, 238, 239], protein synthesis [240, 241],

and post-translational modifications [242–245], all of which coordinate to regulate cell migration

[246].

Many of these internal components can be impacted by external factors, including chemi-
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cal and physical stimuli [247]. In natural environments, these cues are generated by neighboring

cells and the ECM. For example, in neural crest cells that undergo the epithelial-to-mesenchymal

transition (EMT) [248], these environmental processes control changes in cell-cell adhesion. At

the same time, an EMT can also facilitate the progression of cancer and endometriosis by sim-

ilarly altering the adhesion and motility characteristics of cells [90, 248] and increasing ECM

detachment [249]. Controlled changes in migration state also often involve additional feedback:

for example, the transcription factors (TFs) produced during the EMT program promote DNA

repair [250] and inhibit apoptosis [250, 251].

Cells perpetually sense their physical environment to determine whether to maintain or

adapt their behavior and to execute necessary functions. Differentiation, for example, can be

induced through sensing of topography [252–256]. Changes in the physical interactions with

the environment can have dramatic implications for cell health. For instance, detachment from

the ECM induces cell apoptosis, also called anoikis, in endothelial and epithelial cells. Cells

can sense a variety of facets of their physical environment, including substrate stiffness [257–

259], and topography [28, 260–266], primarily through the detection of gradients [247, 267].

Physical stimuli are often sensed by inducing changes in the conformation and distribution of

biomolecules near the plasma membrane, which then initiate signaling [268, 269]. Protrusions,

such as filopodia, can provide information about the physical surroundings, including the pres-

ence of neighboring cells and nearby changes in topography [270, 271]. Sensing of the physical

environment can also enable the detection and creation of chemical signals. For instance, cancer

cells have demonstrated the ability to exploit physical stimuli to create chemical gradients [268].

Similarly, nanoscale topographical organization of membrane protrusions on the cell surface en-

ables efficient antigen recognition and immune response [272–274].
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The ability to sense a given physical cue depends on molecules at or near the surface of the

cell, as well as on the properties of the cue. A cell must be able to orient itself such that sensitive

molecules can detect changes in the physical landscape. Integrins often serve as sensors on the

membrane surface. Depending on the biomolecular nature of the ECM, specific integrins can

sense stretching of the substrate or shear stress from blood flow [275], allowing the activation of

transcription factors and molecular pathways that result in changes in cell function and behavior

[275, 276]. Other proteins, such as those with BAR domains, can sense curvature [277–279].

Curvature can also influence myosin contractility [280] and stress-fiber organization [206].

Recent work has demonstrated that the dynamic architecture of the cell, specifically the

actin cytoskeleton, also serves as a primary sensor of the physical environment, including elec-

tric fields and nanotopography. Although the involvement of the actin cytoskeleton in sensing

has often been considered part of the transduction network attached to transmembrane sensors,

such as integrins [281], it has recently been suggested to play a more active role in force detection

[282]. Actin dynamics is sensitive to both electrical and nanotopographic cues that generate dis-

tinct actin wave behavior[283, 284]. We previously found that the dynamic response of F-actin to

nanotopographic cues can vary by cell line [26], and many studies have shown that changes in the

dimensions of nanotopography prompt distinct cytoskeletal organization [23–25, 66, 285–288].

Cytoskeletal dynamics drive shape changes involved in processes such as migration [173] and cell

division [289–291]. The cytoskeletal reorganization can also impact DNA repair and replication

[292, 293] as well as protein transport [294]. The organization of the dynamic actin network is

achieved by a multitude of other proteins that are responsible for further polymerization/filament

formation, branching, anchoring/tethering, contraction, and depolymerization [295]. Luo et al.

found that different forces applied to cells can prompt specific actin-associated proteins to re-
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spond, thereby influencing the cytoskeletal change resulting from the applied force [296]. It

remains unclear which proteins near the membranes must be guided to accomplish directed mi-

gration.

Many of the transmembrane proteins involved in extracellular sensing are responsible for

adhesion. For instance, the spatial density and organization of integrins control the strength and

duration of adhesion to the ECM [295]. Additionally, integrins that cluster into focal adhesions

form sites of strong adhesion [297]. The organization of integrins and the formation of adhesions

are modulated by actin and actin-binding proteins, myosin, microtubules, GTPases, and kinases

[246, 298, 299]. Similar relationships have been observed between GTPases and actin-binding

proteins and other sensory and adhesion proteins [300].

The nature of the cellular environment can determine how strongly a cell adheres to the

ECM. Most cells respond to changes in substrate stiffness, with the organization, size, and

strength of adhesions generally increasing on stiffer substrates [301]. The ECM can also pro-

mote distinct adhesion characteristics depending on its molecular composition [302], due to the

organization of protein components and the presence of ligands to which specific integrins pref-

erentially bind [80, 303]. Adjusting the concentration of ECM protein can change the stiffness

of the substrate without modifying the biomolecular composition, and this selective tuning of

environmental properties has been shown to alter the behaviors of epithelial cells, such as the

degree of proliferation, migration, adhesion, and activation of the signaling pathway [304]. The

structural characteristics of the components of ECM can vary depending on anatomical location

[305], and topographical properties have been shown to influence the localization of adhesion

complexes [23, 26, 306]. However, the state of the cell can also dictate its adhesion, as well as

alter the properties of the surroundings, such as by producing matrix metalloproteinases to de-
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grade the ECM. Cancer cells with lower collagen production exhibit less adhesion to the ECM

and more tumorigenicity [307]. Even cells without integrin-modulated focal adhesions, such as

the amoeboid Dictyostelium discoideum, can sense and respond to nanotopography [25]. The

local characteristics of the ECM and the unique properties of the various cells encountering the

environment determine the nature of adhesion to the substrate, which, in turn, affects cell function

and behavior [308].

To simplify the study of this system, we instead ask if there are other ways to reproduce

the local microenvironment in vitro. Topographical cues can generate an actin-sensing-based

morphological response that is uncharacteristic of directed motion on flat substrates in vitro,

while still achieving guided migration due to texture sensing from integrins. For example, small-

amplitude wavy ridges influence lamellipodial actin to organize at the wave peaks away from

the leading edge of the cell, yet focal adhesions form in the direction of the nanoridges [306].

Although adhesions are often necessary for accurately directed migration [309], some of the

actin-binding proteins are also required for guidance [310]. Previous studies of T cells indi-

cated that actin polymerization and adhesion are necessary for cells to follow the guidance cues

of nanoridges [311, 312]. The conditions and limitations of actin sensing must continue to be

probed.

In this study, we investigate how F-actin is influenced by the interaction of physical cues

with the local chemical environment. Specifically, we explore how the cellular response to

nanoridges is affected by the concentration of the extracellular matrix (ECM) ligand collagen

IV. We found that cells on collagen-coated (CC) ridges were more likely to spread and migrate.

The amount of collagen did not significantly affect these tendencies, although any difference de-

creased over time during the experiments. Cells that spread and migrated on uncoated ridges
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were also relatively well guided, and, again, this guidance improved over the course of the exper-

iment. In general, the nanoridges provided strong guidance for migrating cells, with many cells

maintaining alignment with the ridge axis as they traveled over tens or even hundreds of microns.

The preferred orientation of actin polymerization was also along the ridge. More densely coated

ridges and the passage of time both increased the likelihood of aligned actin. However, the ability

of polymerizing actin to sense the topography and orient accordingly was not affected by the mi-

gratory behavior of cells. Persistent, turning, and random motion all exhibit similar actin optical

flow distributions.

4.2 Results

4.2.1 Collagen IV facilitates cell elongation

We examined cell shape and motion to develop a better understanding of how the availabil-

ity of ECM ligands for integrins and adhesion affects guidance by topography. We first quantified

the morphological response of the MCF10A cells. Based on a description of the mechanism by

which fibroblast cells spread on fibronectin, the organization of adhesion proteins initiates spread-

ing [313]. Therefore, we varied the surface coating density of collagen IV to observe the effect

on the rate and extent of cell spreading. The cell shape was monitored, and the eccentricity was

calculated to determine the degree of spreading and provide a measure of the cells’ ability to

sense and respond to the topographic cues of the nanoridges. Specifically, we measured the ec-

centricity of the cells on the ridges and how it changed when different amounts of collagen were

coated onto the surface (Fig. 4.1A–D). We found that the expected cell eccentricity was higher

on CC surfaces than on uncoated surfaces at each experimental time point (Fig. 4.1E). The ma-
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jority of cells on uncoated ridges remained circular throughout the observation period. Despite

this preponderance of round cells, the proportion of cells that elongated or spread (eccentricity >

0.5) on uncoated ridges increased after approximately 24 hours. A greater increase in the frac-

tion of elongated cells over time was observed on ridges coated with collagen. MCF10A cells

are known to deposit their own ECM proteins [314], which likely explains why the average cell

eccentricity on uncoated nanoridges increased over time. The population of eccentric cells did

not differ greatly on nanoridges coated with distinct densities of collagen IV. Cell spreading on

the nanoridges was dependent on the presence of the ECM protein coating, but could be achieved

across a range of coating densities.

4.2.2 Availability of collagen IV does not strongly impact cell-ridge alignment

We next examined how cell shape responds to nanoridges when different amounts of adhe-

sive cues are available for the cell to sense by analyzing the distribution of cell alignment with

respect to the ridge direction (Fig. 4.1F–H). Our goal was to determine whether ridges orient

spreading, and whether collagen influences the extent of any such alignment. We denote the first

time window, with an approximate midpoint of 2.75 hours after plating, as the "early" timeframe

in our experiments. Cells on uncoated nanoridges did not respond to the topographic cues within

this time window (Fig. 4.1F). However, the discrepancy in alignment with the ridge axis be-

tween cells on uncoated and CC surfaces is smaller than might be expected. Indeed, in the early

timeframe, the density of collagen does not seem to influence the distribution of cell alignment.

After approximately 24 hours after plating (the “middle” timeframe), the cells exhibit a signifi-

cant degree of alignment with the ridges, but there is little distinction in the degree of alignment
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Figure 4.1: Collagen promotes cell elongation and nanoridges cause cells to align with the ridge
axis. A Schematic showing eccentricities for different ellipses. B–D Histograms of the eccen-
tricities of cells on nanoridges with approximate collagen IV coating densities of 0 (0%), 0.65
(20%), and 3.25 µg/cm2 (100%) at different experimental time points. The early time has an ap-
proximate midpoint of 2.75 hours after plating, the middle time occurs approximately 21.5 hours
after plating, and the late time occurs at approximately 40.5 hours after plating. E The proportion
of cells exhibiting an eccentricity greater than 0.5 on ridge surfaces for different collagen coating
densities as a function of experimental time. P ≤ 0.01 for comparison between all conditions
across all times. F–H. Rose plots of the proportion of cells oriented at angles with respect to the
ridge axis at different times after plating. The ridges are aligned with 0◦/180◦ line. The color
coding is the same as in panel E
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among the different coating conditions (Fig. 4.1G). Similar results were observed in the "late"

timeframe, nearly 2 days after plating (Fig. 4.1H).

4.2.3 Cell migration is well guided by ridge direction regardless of collagen

concentration

Although most of the cells that we observed spread on CC substrates, few of the cells

migrated. The limited number of migrating cells might be a result of the stiffness or adhesive

nature of the combination of collagen IV and the acrylic ridge material. On ridges coated with

collagen, cells can adopt an exaggerated, spindly mesenchymal shape, indicative of stable and

well-organized adhesions induced by both surface chemistry and nanotopography. Indeed, on

surfaces with a sufficiently high coating of collagen, some cells can stretch to lengths of hundreds

of microns and tear themselves apart.

Migration was observed more frequently on coated substrates than on uncoated substrates

(Fig. 4.2A). For cells whose displacement reached a minimum threshold during the observation

period, we used a tracking algorithm to trace their trajectory. As shown in Fig. 4.2B, the motion

of most of the cells follows the ridges, which are oriented along the horizontal axis. Migrating

cells were guided by the ridges over tens of microns. Although there are a few exceptions,

most cells that migrate along the nanoridges travel in the direction of the ridge. Previous studies

have demonstrated the role of focal adhesion organization in enabling cells to sense and follow

nanotopographic cues during migration [26, 306]. In analogy to our results for cell spreading on

the ridges, in which the surface density of ECM ligands for adhesion influenced cell eccentricity

(Fig. 4.1A–E), but had a limited impact on alignment with the nanotopography over the course
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of the experiments (Fig. 4.1F–H), we found that adhesive cues affect the likelihood of migration

(Fig. 4.2A), but do not appear to be predominantly responsible for directed migration, as shown

in the histograms of the direction of motion with respect to the ridges (Fig. 4.2D–F). However,

across all coating densities, there were more occurrences of instantaneous motion away from

the ridge axis (more aligned with the normal) during the early time period (Fig. 4.2D–F, green

curves). However, the frequency of these unaligned movements was higher on the uncoated

substrates, with several peaks oriented perpendicular to the ridges on the polar histogram (Fig.

4.2D, green curve). Cells that are motile on the uncoated ridges exhibit instantaneous motion at

all angles relative to the ridge direction. However, in the middle timeframe, it became difficult to

distinguish the prevalence of aligned motion for cells on surfaces that were uncoated and surfaces

with 20% collagen coating (Fig. 4.2D,E, orange curves). The guidance on the nanoridges with

100% collagen coating was slightly stronger, based on the greater prominence and narrower width

in the polar histogram (Fig. 4.2F, orange curve). The strength of directed migration became even

less distinct during the late timeframe (Fig. 4.2D–F, blue curves).

Overall, the nanoridges were capable of guiding cell motion, regardless of whether adhesive

cues were present or absent. There were, nevertheless, many moments at which cells on CC

nanoridges appeared to be oriented away from the ridge direction, although this phenomenon

became somewhat rarer with increasing time following plating. The relatively large occurrence

of instantaneous motions at angles deviating from the ridge axis on all nanoridge surfaces makes

the overall fidelity of the cell tracks to the ridge axis even more remarkable.
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Figure 4.2: Cell migration on nanoridges is modulated by the surface density of collagen IV. A
Fraction of cells that are motile on the nanoridges as a function of collagen coating density. B
Tracks of cells migrating on or adjacent to the nanoridges. C Distributions of populations of cells
as a function of migration velocity on nanoridges with different coatings. D–F Instantaneous
orientation of cells migrating on nanoridges at different experimental times with no collagen,
20% collagen, and 100% collagen, respectively. ***P≤0.001
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4.2.4 Collagen promotes faster migration on nanoridges

We next examined how adhesion to collagen affected the velocity at which cells migrated

on the ridges. An early study by DiMilla et al. surmised that the maximum speed of smooth

muscle cells occurred within an optimal range of ECM-ligand surface density, and thus is related

to the adhesion strength between the cell and ECM [315]. If adhesion to the substrate is too

strong, there will be fewer motile cells, and those cells that do migrate will move more slowly.

A more recent study by Keely and coworkers investigated how fiber alignment, ligand density,

and stiffness combine to impact the rate at which breast-cancer cells travel in collagen gels and

CC polyacrylamide gels [316]. This group found that cells moved more slowly if the ligand

density surpassed a threshold, yet fiber alignment did not influence cell speed [316]. Interest-

ingly, a report by Wang et al. determined that aligned haptotactic cues of fibronectin induced

fibroblasts to migrate faster than on non-aligned patterns of fibronectin, regardless of ECM lig-

and density [317]. We found that on surfaces both with and without collagen, most of the motile

cells migrating on the ridges travelled at speeds below 0.5 µm/min (Fig. 4.2C). We note that this

relatively low average velocity is, in all likelihood, influenced by the material composition of the

nanoridges. The velocity distributions broaden with increasing coating density, such that a larger

proportion of the population has a speed between 0.5 and 1 µm/min.

4.2.5 High surface density of collagen IV increases actin guidance

Considering the essential role of actin in cell motion, we studied how actin dynamics varied

on ridges with different surface coating densities of collagen IV. Nanoridges have been shown to

lead to enhanced nucleation of actin polymerization [25, 285, 288] and to guide the waves of
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polymerization [25, 71, 288], a process known as esotaxis [23, 24]. To quantify esotaxis, flu-

orescence movies of MCF10A LifeAct-GFP cells were analyzed using optical flow (OF) (Fig.

4.3A–B). Images were generally collected at a z plane near the basal membrane of the cells,

where the cytoskeleton has its strongest interaction with the nanotopography. In the represen-

tative image in Fig. 4.3A, actin streaks are seen to have a spacing approximately equal to that

of the ridges, and they align with and propagate along the ridge axis. The flow vectors deter-

mined for the representative image in Fig. 4.3A are shown in Fig. 4.3B. The orientations of

the flow vectors relative to the ridge axis were collected for cells on the different coatings at the

different experimental timeframes (Fig. 4.3C–E). Cells on ridges with 100% collagen coating

exhibited the best guidance of actin polymerization throughout the experiments, as well as the

lowest occurrence of polymerization perpendicular to the ridges. However, a majority of the actin

polymerization flux was nearly parallel to the nanoridges regardless of coating. Even cells that

were recently plated on substrates without collagen exhibited esotaxis. Additionally, the fraction

of flow vectors aligned with the ridges for cells on the uncoated nanoridges and the nanoridges

with 20% collagen were consistently similar throughout the experiment. In Fig. 4.3F, we plot

the fraction of actin flux that propagated along the ridge axis (i.e., the mean prominence) for

the different coatings and experimental timeframes. In Fig. 4.3G, we plot the amount of actin

polymerization that significantly deviated from the ridges (i.e., the mean width) for the different

coatings and timeframes. These results show a substantial increase in esotaxis for the 100% CC

surface. There is a significant increase in mean prominence when collagen is increased to 100%

regardless of the time period. Additionally, we see that on 100% CC ridges, the mean prominence

increases significantly from the middle to the late time period. Finally, at the late time period, the

mean width decreases significantly for 100% collagen concentration. These results suggest that
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collagen concentration is linked to the cell’s sensitivity to nanotopography.

Although the majority of OF vectors are aligned within 30◦ of the ridge axis on all coatings

and in all experimental timeframes (Fig. 4.3C–E), there is a quantifiable difference in the distri-

bution of OF orientations between cells on the nanoridges with 100% collagen coating and the

nanoridges under other coating conditions. These histograms provide only a limited visualiza-

tion of how the orientational dynamics of actin polymerization and organization might differ in

cells on topography with the various coating densities. We therefore examined how the angle of

actin flux throughout a representative cell varied with time on nanoridges with a given collagen

coating density. From kymographs of the direction of actin flux with respect to the ridge axis and

the actin fluorescence intensity as a function of time (Fig. 4.3Hi–iv), the influence that collagen

coating has on actin guidance is evident. Based on a comparison of actin dynamics in a cell on

uncoated nanoridges in the early timeframe (Fig. 4.3Hi) with a cell on nanoridges with 100%

collagen coating in the same timeframe (Fig. 4.3Hiii), collagen IV appears to promote a consis-

tent sense of, and response to, nanotopographic cues. The cell on uncoated ridges experienced

intense, unidirectional actin flux (appearing as horizontal bands in the kymograph in Fig. 4.3Hi)

along the ridges that was interrupted periodically by probing motion at other angles, followed by

reversal of direction. The cell on the nanoridges with 100% collagen maintained intense actin

dynamics in both directions along the ridge axis with few fluctuations in intensity and limited

probing of other orientations. During the late timeframe, less actin propagated perpendicularly

to the ridge axis for each coating condition (Figure 4.3Hii,iv) than was observed in the early

timeframe. In both timeframes, actin polymerization is more confined along the nanoridges with

100% collagen coating than on the uncoated nanoridges. These results suggest that esotaxis can

occur in these cells even without a large supply of ECM ligands available for adhesion, but that
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the adhesive cues help to sustain esotaxis.

Images of the fluorescently labeled F-actin provide information regarding how the dynamic

organization of the actin cytoskeleton near the basal surface (the plane of interest in our study)

responds to the nanoridges (Fig. 4.4A–E). There is a slight decrease in the fluorescence intensity

at the rear of each cell in this figure. It is evident from these images that the majority of actin

polymerization occurs at or near the ridges. Comparing individual frames of actin movies enables

visualization of changes in the cytoskeleton that occur during motion, including the formation

of protrusions. Fig. 4.4E shows a cell sensing an approximately 1-µm gap between adjacent

nanoridges. We also observed one cell that rapidly altered its morphology and took on less

common shapes (Fig. 4.4D). These results suggest that esotaxis is linked to microthigmotaxis,

the preferential migration of cells parallel to the nanoridges, as has been previously observed for

MCF10A cells [24–26, 286, 288, 306].

4.2.6 The cell trajectory phenotype is not linked to actin flow

The trajectories in Fig. 4.2B fall into three distinct categories: trajectories in which the cells

move tens or even hundreds of microns in a straight path; trajectories in which the cells exhibit

no directional bias; and trajectories in which the cells move straight for a period of time and then

reverse to move the opposite direction. To quantify these trajectories, we use the autocorrelation

function R(t ′)

R(t ′) =
1

T − t ′
T−t ′

∑
t=0

v(t) · v(t + t ′)
|v(t)||v(t + t ′)|

(4.1)

where v(t) is the instantaneous velocity of the cell at time t and T is the total time spanned by

the trajectory. R(t ′) ranges from -1 to 1, and quantifies how similar a trajectory is to itself when
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Figure 4.3: Nanotopography can guide actin polymerization even in the absence of added ECM
coating, although collagen IV coating can limit actin-polymerization oscillations perpendicular
to the ridge axis. A Representative image of fluorescently labeled F-actin plated on nanoridges
with 100% collagen coating and imaged in the late timeframe. B Corresponding image of OF
vectors depicting the actin flux between adjacent image frames. Scale bars: 10 µm. C–E Polar
histograms showing fractions of actin polymerization propagating at different orientations rela-
tive to the ridge axis (0◦) in the early, middle, and late experimental timeframes, respectively. F
Histogram of the mean prominence of the polar histograms (i.e., the value along the polar axis), as
a function of experimental timeframe and the coating condition. Braces indicate p-value between
respective timeframes (e.g. 0% early compared to 0% middle) G Histogram of the mean width of
the polar histograms (i.e., the width normal to the polar axis), as a function of experimental time-
frame and the coating condition. F and G share the same color coding. H Kymographs showing
the actin polymerization flux throughout representative cells as a function of the angle relative
to the nanoridge axis and of time. i–ii. Heat maps of a cell on uncoated nanoridges in the early
and late experimental timeframes, respectively. iii–iv. Heat maps of a cell on nanoridges with
100% collagen coating in the early and late experimental timeframes, respectively. **P≤0.01,
***P≤0.001
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Figure 4.4: Actin distribution at the ventral surface of MCF10A cells migrating on nanoridges.
Fluorescently labeled F-actin enables visualization of the dynamic cytoskeletal response to the
nanoridges. The time between successive images is 15 min. A Cell on uncoated nanoridges.
B–D Cells on nanoridges with 20% collagen coating. E Cell on nanoridges with 100% collagen
coating. Scale bars: 10 µm.
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separated by a timestep of t ′. A completely straight trajectory has R(t ′) = 1 for all values of t ′, as

seen in Fig. 4.5A. A completely random trajectory has R(t ′)→0 as t ′ → ∞, as seen in Fig. 4.5B.

Finally, a reversing trajectory will exhibit a sign change in R(t ′) from positive to negative at the

time of the turn, as seen in Fig. 4.5C. We classified the trajectories into these three phenotypes

based on R̄, the average value of R(t ′). Straight trajectories were defined as having R̄≥ 0.9,

random trajectories were defined as having 0.25<R̄≤ 0.9, and reversing trajectories were defined

as having R̄<0.25. These classifications were chosen based on the set of trajectories, and the

ranges of R̄ for each category could change if T were different. The value of R̄ is greater for

a random trajectory than for a reversing trajectory because even in the case of random motion,

there is a persistence time for directional changes, such that R(t ′) remains close to unity for small

enough values of t ′. The same holds true for a reversing trajectory, but the fact that the dot product

changes its sign but maintains its magnitude following a reversal tends to lead to a smaller value

of R̄, as long as the reversal does not occur too early or too late in the trajectory. Most reversing

trajectories had R̄<0.

Once the trajectories were classified by phenotype, we compared the actin OF for those

phenotypes. In representative individual cases, we found that the actin-flow kymographs look

similar for straight (Fig. 4.5E) and random (Fig. 4.5F) trajectories. Both of these kymographs

have peaks at 0◦ and 180◦, i.e. along the nanoridges. In fact, Fig. 4.5G shows that the angular

distribution of actin-flow vectors is essentially indistinguishable among the different trajectory

phenotypes.
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4.3 Discussion

This study examined the effect of collagen IV, an ECM ligand, on the cellular response to

nanoridges. We studied the spreading and migration of MCF10A cells, as well as the guidance

of these processes, as quantified by shape and motion orientation relative to the nanoridges. We

investigated how esotaxis was affected during spreading and migration, as well as by the density

of collagen IV.

Previous studies reported that when D. discoideum cells are plated on nanoridges, cells

that are more elongated are most likely to be oriented along the ridge axis [25]. For epithelial

cells, on the other hand, we found that elongation and orientation were not strongly linked. The

distributions for the early timeframe show that cells on the uncoated nanoridges are more round

and exhibit a greater likelihood of orienting perpendicular to the ridge axis, whereas cells on the

CC nanoridges frequently deviated from the ridge axis at large angles (but usually less than 45◦).

As time progressed, the correlation between eccentricity and orientation became weaker. After

24 hours, and continuing through the end of our observations, the proportion of elongated cells

remained lower on uncoated nanoridges, even though the proportion of cells aligned with the

nanoridges was similar for all coating conditions. These results suggest that cell elongation and

orientation on nanoridges can be decoupled to a certain extent. The extent to which adhesion

and nanotopography contribute to the ability of MCF10A cells to be guided with limited cell

spreading remains an open question.

The protein surface density is expected to be lower on uncoated nanoridges than on CC

nanoridges throughout the course of our observations, despite the ability of human epithelial

cells to produce ECM proteins. Although the lower density of adhesive cues on the uncoated
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nanoridges resulted in a lower average eccentricity, the uncoated nanoridges did not lead to a

greater population of misaligned cells. The slight misalignment of recently plated cells on un-

coated nanoridges supports the idea that adhesion facilitates a small degree of enhancement for

contact guidance. However, spreading and migrating cells exhibited alignment with the uncoated

nanoridges that was similar to 20% or 100% CC nanoridges, especially 10-15 hours after plating.

The extent of alignment shortly after plating, both of the cells themselves and of the polymerizing

actin, suggests that strong, stable adhesive interactions are not the main determinant of guidance.

The similarity in cell orientation distributions between uncoated and CC nanoridges indicates that

the initial guidance is not influenced by the presence of ECM ligands. In the case of the D. dis-

coideum cells, which lack integrins, and are often studied on untreated surfaces, even cells with

low eccentricity are apt to orient along the nanoridge axis, although the difference in preference

for elongated cells was evident [25]. Taken together, these studies support the notion that nan-

otopography can cause a directional bias in cells that employ distinct molecules and mechanisms

for interacting with the underlying substrate.

The cell tracks we measured illustrate the strong guidance of cell migration by nanoridges,

often over distances of greater than 100 µm. The majority of cells in this study traveled at speeds

below 0.5 µm/min (Fig. 4.2C). The cell speeds depend on the properties of the substrate; there-

fore, changes to the topographical cue, the substrate material, or the protein coating density (as

shown in the figure) will alter the velocity distribution of the cells. Cells that traveled at higher ve-

locities in this study frequently exhibited a round cell shape. The low prevalence of cells moving

at these speeds may be due to the limited ability of MCF10A cells to exhibit amoeboid migratory

characteristics, such as reduced adhesion complexes and contractility, under the experimental

conditions.
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Our OF data reveals that the predominant motion of actin polymerization is along the

ridges, regardless of the coating condition. The OF data further show that, after less than 12

hours, in cells plated on uncoated nanoridges, the actin motion was largely guided by the nanoto-

pographic cues, even though many of the cells had not yet spread on the surface. The actin is not

as well organized in cells recently plated on uncoated nanoridges as in cells recently plated on CC

ridges, which often feature streak-like filaments on both sides of a single nanoridge. However,

F-actin polymerization in cells on the uncoated ridges remains biased along the nanoridges. As

collagen concentration was increased to 100%, the OF became significantly more guided by the

ridges.

Both cell migration and actin dynamics were guided along nanoridges, yet our results reveal

a disconnect between these two phenomena. Despite the bidirectional guidance of actin in both

motile and nonmotile cells, migratory behavior—-whether persistent, reversing, or random—-did

not correspond to distinct patterns of actin organization or orientation. Analysis of actin dynam-

ics using kymographs and rose plots failed to differentiate between these behavioral categories.

Although a temporal offset in data collection resulted in some actin videos being acquired hours

after migration tracking, the overall lack of correlation suggests that actin polymerization at the

ventral surface alone does not determine the migratory phenotype. This raises the possibility that

other factors, such as the spatial regulation of focal adhesions, may be responsible for break-

ing symmetry and facilitating directional migration. The lack of motile cells on uncoated ridges

supports this idea, suggesting that strong adhesive interactions might cause distinct directional

guidance even when actin guidance appears similar. Future work could address how focal adhe-

sion dynamics integrate with actin-based sensing to produce coordinated migration in response

to topographic cues.
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In addition to integrin-mediated adhesion, the plasma membrane likely plays a comple-

mentary role in sensing nanotopographic features. Contact with nanoridges can deform the

membrane, generating localized curvature and increased tension [318]. These deformations

can recruit curvature-sensitive proteins and influence actin polymerization at those sites. In-

deed, actin-binding proteins that respond to membrane curvature may help initiate or reinforce

cytoskeletal organization along topographic cues [319]. Such membrane-based sensing mech-

anisms are thought to function independently of specific lipid compositions like PIP2 and may

help explain how actin guidance occurs even in low-adhesion environments. While membrane

deformation contributes to topography sensing, our results emphasize that actin itself acts as a

primary sensor of nanotopographic cues, with adhesive cues such as collagen IV enhancing—but

not initiating—this guidance.

In summary, our findings demonstrate that actin polymerization is intrinsically sensitive to

nanotopographic cues, independent of strong adhesive interactions caused by ECM ligands such

as collagen IV. This actin-based guidance occurs even in the absence of robust cell spreading, un-

derscoring a fundamental capacity of the cytoskeleton to detect and respond to physical features

of the substrate. However, this topographic sensing is enhanced in the presence of higher colla-

gen concentrations, where adhesive cues most likely further confine actin dynamics. Thus, while

actin sensing of nanotopography is largely adhesion-independent, collagen-mediated adhesion

refines and strengthens the fidelity of this guidance.
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4.4 Methods

4.4.1 MAP

The nanoridges were created using MAP, as described elsewhere [320]. A drop of a

resin mixture containing acrylate monomers, ethoxylated(6)trimethylolpropane triacrylate (CAS:

28961-43-5, Sartomer) and tris(2-hydroxyethyl)isocyanurate triacrylate (CAS: 40220-08-4, Sar-

tomer) (1/1 w/w), and a small amount of the photoinitiator Irgacure TPO-L (CAS: 84434-11-7,

BASF) (3% w/w total solution) was placed on the surface of a microscope slide that had previ-

ously been treated with an oxygen plasma and functionalized with acrylate groups. An ultrafast,

near-infrared laser (Coherent Mira 900-F Ti:sapphire; 200 fs pulses; 76 MHz repetition rate;

wavelength set to 800 nm) was focused through a microscope objective with high numerical

aperture (Zeiss α Plan-Fluar 100×, NA: 1.45), enabling multiphoton absorption in the focal re-

gion. Patterning was achieved using a LabVIEW (National Instruments) program that controlled

the stage position. Once patterning was complete, the material was developed in ethanol twice

(3 min. each). The patterned substrate was then baked at 110 ◦C overnight to harden. Func-

tionalization and Molding of the MAP-Fabricated Pattern The ridges fabricated with MAP were

functionalized with ethylenediamine (CAS: 107-15-3, Sigma-Aldrich) and, subsequently, perflu-

orooctadecanoic acid (CAS: 16517-11-6, Alfa Aesar), as detailed more extensively in Chapter

two. The substrate was rinsed in ethanol after each functionalization step, and then was baked at

110 ◦C for over 1 hour. As has been described previously [23], a hard polydimethyl siloxane (h-

PDMS) mixture was prepared from a mixture of vinylmethylsiloxane (CAS: 67762-94-1, Gelest)

and methylhydrosiloxane (CAS: 68037-59-2, Gelest), each copolymerized with dimethylsilox-
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ane. A platinum catalyst (CAS: 68478-92-2, Gelest) and modulator (CAS: 2554-06-5, Sigma-

Aldrich) were also added. Hexane was added to decrease viscosity and improve the resolution

of the molding process. This mixture was spin-coated onto the patterned substrate and allowed

to sit at room temperature for 2 hours prior to baking at 60 ◦C for 1 hour. A mixture (10:1) of

the elastomer base and curing agent of Sylgard 184 (Dow Corning) was then poured atop the

h-PDMS film, and the pre-mold mixture was baked at 60◦C for 70 min. The relief mold was then

peeled from the acrylate pattern.

4.4.2 Replication via nanoimprint lithography

Replicas were produced by placing a drop of the same acrylate resin on the relief pattern

in the PDMS mold and pressing down on the drop with a coverslip functionalized with acrylate

groups. After the sandwiched drop was secured, the resin was exposed to ultraviolet light (Blak-

Ray, B-100AP, 100 W, 365 nm). The total exposure time was 5 min and the replica pattern was

peeled away from the mold. The acrylic replicas were soaked in ethanol for at least 12 hours,

and subsequently dried in an oven at 110 ◦C for 1 hour. The nanotopographic surfaces were then

soaked in 1 mL of distilled water (Invitrogen, Catalog: 10977015) for at least 12 hours.

4.4.3 Coating nanoridge substrates with collagen IV

Nanoridged substrates that were to be left uncoated received no further treatment. For

all other samples, mouse collagen IV (Engelbreth-Holm-Swarm lathrytic mouse tumor; 0.05 M

HCl; Corning; Prod.: 354233) was used to coat the surfaces. The density/concentration of the

collagen stock solution, the area to be coated, and the coating density were the factors used
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to determine the volume of the original collagen solution that should be used. The calculated

volume of collagen stock was diluted in 0.05 M HCl to a volume that covered the entire area of

the cover slip that would be in contact with cells during the experiments. A coating density of

3.25 µg/cm2 was determined by identifying when cell morphology and behavior on flat acrylic

films coated with collagen resembled those properties on CC glass. A lower coating density of

0.65 µg/cm2 was selected to test how cell shape and migration change on the nanoridges. The

diluted collagen IV solution was allowed to sit on the substrates, which were placed on ice, for

approximately 1 hour. The solution was then aspirated. The substrates were then rinsed with

distilled water and aspirated twice. The substrates subsequently sat on ice or were stored at 4 ◦C

prior to experiments.

4.4.4 Cell culture

The MCF10A LifeAct-GFP cells were cultured in a cell medium composed of DMEM/F12

(Gibco, Catalog: 11330057), 5% horse serum (v/v) (Gibco, Catalog: 26050088), 10 µg/mL

insulin (Gibco, Catalog: 12585014), 20 ng/mL epidermal growth factor (EGF; PeproTech, Cata-

log: AF-100-15), 0.5 µg/mL hydrocortisone (Sigma-Aldrich, Product: H4001), and 0.1 µg/mL

cholera toxin (Sigma, C8052). Puromycin dihydrochloride (A. G. Scientific; Product: P-1033-

SOL) was subsequently added to the medium (0.5 µg/mL). The cells were stored in a humidified

incubator set at 37 ◦C and sustained with 5% CO2.
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4.4.5 Imaging

Prior to plating the cells on the substrates, the cell medium was aspirated and the cells were

rinsed with Dulbecco’s phosphate buffered saline (Quality Biological, Product: 114-057-101).

The cells were trypsinized (Gibco, Catalog: 25200056) and centrifuged in the cell medium.

The cell density was adjusted to 104 cells/mL, and 2 mL of cell solution added to the dish or

plate to which the substrate was attached. Cells were imaged within 1.5 hours of plating using

a PerkinElmer UltraView VoX confocal spinning disk system attached to a Nikon Ti inverted

microscope. Culture conditions were maintained in a Tokai Hit stage-top incubator (37 ◦C, 5%

CO2, humidity). The cells were imaged for at least 3 hours with a 10× phase-contrast objective

(Nikon CFI Plan Fluor, NA 0.3) to monitor migration. Images were collected with a rate of 1

frame every 3 min. Next, individual cells were selected for imaging at 100× (1.49 NA, oil-

immersion objective) in bright-field and fluorescence modes (488-nm laser power: 9%) at a rate

of 1 frame every 10 s. After imaging individual cells, migration data were again collected at 10×

in phase-contrast for at least 12 hours. Then, actin fluorescence data from individual cells were

again recorded. The imaging switched between migration and actin-dynamics data collection one

more time.

4.4.6 Analysis

Cell tracking and shape detection were performed on the bright-field movies of MCF10A

cells on CC nanoridges, in a manner employed previously [287]. To remove the ridges from

the image, we thresholded the image in Fourier space and applied a low-pass box filter. An

inverse Fourier transform was then applied to render an image without any ridges. Next, the
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image was binarized using the Otsu thresholding method [227]. Using these binarized images,

the cell shapes and centroids were captured using regionprops from the Python library scikit-

image. To obtain cell tracks, the centroid data were processed using a tracking algorithm from

the Python library, trackpy. An OF algorithm, previously described in detail [71, 284], was used

to quantify the flux of actin polymerization within cells. This adapted algorithm is based on the

Lucas-Kanade method [75]. The algorithm identifies the spatial fluorescence intensity gradient

within a given image frame as well as the intensity gradient between consecutive image frames,

the difference image. Combining these two gradients determines the optical flow. Optical flow

reveals the velocities of regions of intensity in images, allowing us to account for both changes

in intensity of actin and changes in location

4.4.7 Statistics

For comparisons between all groups, each measurement was averaged over the experimen-

tal time period for each cell, and the Whitney-Mann U test was performed. For all tests, P values

< 0.01 were considered statistically significant. Data are represented as mean ± standard error of

the mean, ** represents P = 0.01, *** represents P = 0.001.
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Chapter 5: Multiscale sensing and synchronization with excitable

mechanochemical waves

This chapter is adapted from work in preparation by Herr, Fourkas, Aranson, and

Losert. Corey Herr designed the model, conducted the research, and drafted the ini-

tial manuscript. All authors contributed to the writing and editing of the manuscript.

5.1 Overview

Cell migration is pivotal for understanding essential biological processes, from morpho-

genesis and wound healing to tumor growth and metastasis. To perform these functions, migra-

tory cells exhibit multiple dynamic phenotypes and behavioral switches, such as the epithelial-

mesenchymal transition and embryogenesis. Despite intensive research, cell motility models

struggle to capture the rich biological phenotypes crucial for unlocking fundamental mechanisms

of cell behavior. Contemporary computational approaches often overlook the underlying cy-

toskeletal dynamics that drive the forces generated by cells, instead focusing solely on physical

interactions. It is not yet well understood how intracellular cytoskeletal dynamics affect the emer-

gent tissue-scale properties. Here, we apply a stochastic activator-inhibitor system, known as a

cell excitable network, which has been validated as a model for the dynamics of the actin cy-

toskeleton. The excitable network is coupled to a multicellular phase-field model as a driver of
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motility. This model spans a range of scales, allowing cell interaction, long-distance wave propa-

gation, and information exchange. We demonstrate that excitable intracellular mechanics, along

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

of the large-scale confinement. Our results provide insight into cell information processing and

long-range sensing, which is pivotal for understanding biological functions and life-threatening

pathologies.

5.2 Background

Cell and tissue motility is a broad research topic that encompasses multiple concepts, from

biomechanics and organ engineering, to non-equilibrium physics and active matter [107, 321–

324]. From a physics perspective, individual and collective cell migration is a self-organized, out-

of-equilibrium biomechanical phenomenon powered by a sophisticated network of metabolic re-

actions [95, 107]. At the single-cell scale, the excitable dynamics of actin polymerization and de-

polymerization have been successfully modeled to capture the emergent behavior of mechanochem-

ical waves and oscillations [63, 296, 325]. However, at the tissue scale, recent studies have

demonstrated that a few well-characterized physical mechanisms are sufficient to create simple

models that capture complex emergent behavior [326].

Oscillations and wave propagation are widely observed in biology at multiple scales [327].

Local actin oscillations occur within a cell on the order of minutes [328] and during embryoge-

nesis. Tissues undergo coordinated contraction and expansion within similar periods[329–331].

At larger scales, mechanical waves propagate through tissues during wound-healing and tissue

expansion [332–335]. Despite the prevalence of mechanical waves, the physical mechanisms
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governing their propagation and their role in biological processes are not well understood.

A variety of computational models have been devised to understand these complex tissue

and cell population dynamics, including vertex, agent-based, and phase-field models [114, 336–

340]. These deterministic physics-based models have been successful at capturing a variety of

individual and population-level behaviors, including the unjamming transition and cell population

expansion over time. Phase-field approaches realistically capture extracellular forces – such as

friction, adhesion, and repulsion – but often use deterministic active polar gel models or coarse-

grained polarization machinery [151, 152, 154, 341]. As a result, these models usually exclude

the intracellular signaling processes that generate the forces driving motility.

In living cells, the migratory motion is tightly coupled to internal cytoskeletal dynamics,

particularly the actin network. In vivo, actin dynamics depends on a complex network of reg-

ulatory proteins that are well-described by excitable systems formulation [54]. In silico, actin

dynamics has been modeled in a wide range of cells with coupled activator-inhibitor networks

called cell excitable systems [50, 54–56, 59–63] characterized by traveling waves and oscilla-

tions. These intracellular chemical waves control protrusive and contractile forces. In turn, in

confluent tissues, each cell can mechanically interact with its neighbors. These contact interac-

tions enable the propagation of mechanical signals throughout a tissue. As a result, local cell

behavior can control the emergence of the population-scale oscillations and propagation of me-

chanical waves. Prior phase-field models have integrated variations of excitable networks into

single-cell systems and shown that it produces behavior consistent with actin polymerization

driving cell motion [141, 150]. However, to our knowledge, there is no model of collective

behavior driven by two-dimensional, excitable dynamics.
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Figure 5.1: Multicellular phase-field model with excitable waves. a-f Individual cells are
represented through phase-field order parameter φi. For visualization purposes, we show the
membrane, denoted by φi = 0.5 as a gray line, and the activator A as a grayscale overlay. The
arrows are the velocity of the center-of-mass (vc.o.m where the color of the arrows denotes θv,
the angle of vc.o.m. If confinement is present, it is indicated by a bold white line. The upper
row shows the full simulation domain, and the lower row depicts zoomed-in regions. a,d In
circular confinement, cells synchronize their motion. b,e In free space with high adhesion, cells
spontaneously pulsate. Displayed is a time instant where all the cells are contracting towards the
center of the tissue. c,f In square confinement, the cells exhibit standing linear mechanical waves.
This observation is supported by the bands of velocity vc.o.m that point in opposing directions.
Scale bars are 10 µm in a-c and 5 µm in d-f
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Here, we incorporate internal cytoskeletal dynamics into a multicellular phase-field model.

We show that collective behavior emerges from physical contact interactions between excitable

cells and does not require the exchange of chemical signals. This collective behavior manifests as

traveling mechanical waves and global tissue synchronization, and is robust to noise and fluctua-

tions of individual cell properties. The time and length scales of the dynamics are consistent with

a wide range of experiments, from global actomyosin contraction in embryogenesis to collective

rotations in epithelial cells.

Our results reveal that intracellular signaling and mechanical feedback provide a mecha-

nism for the information propagation and multiscale emergent sensing in tissues. Local actin

dynamics encodes information about immediate cellular environments, while emergent mechan-

ical waves propagate this information and mediate local synchronization. This mechanochemical

framework provides insight into how cells collectively interpret and respond to local and global

environmental cues.

Results

We employ a two-dimensional, multicellular phase-field model coupled with an excitable

system to simulate cellular dynamics as described by Eqs. (5.1)-(5.3). Each cell i is assigned a

two-dimensional scalar field φi ∈ [0,1] such that φi = 0.5 denotes the boundary of the cell with

values above 0.5 being within the cell. We introduce an excitable system with two components:

an activator with value A and an inhibitor with value R, which are restricted to move within

the membrane. In our formulation, the activator A represents a generic upstream regulator of

F-actin, such as Ras and Rap proteins. In contrast, the inhibitor R represents a generic inhibitory
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protein, such as coronin, which downregulates actin polymerization. These excitable dynamics

create traveling activator waves that are arrested after a characteristic length scale when the in-

hibitor catches up. Finally, we introduce cell-cell interactions in the form of adhesion and steric

repulsion.

In the framework of our computational model, Eqs. (5.1)-(5.3), a single cell can exhibit

three motion phenotypes: stationary, locally exploratory, and ballistic. The stationary state sup-

ports short-time oscillations and small local protrusions but has zero average center-of-mass ve-

locity. The locally exploratory state has larger-scale protrusions and a small average center-of-

mass (c.o.m) velocity. In contrast, the ballistic regime shows persistent cell polarization and

a sustained, large c.o.m. velocity. These three dynamical states represent the majority of cell

behavior on flat surfaces in the absence of external stimuli.

5.2.1 Emergent synchronization and collective pulsations

A distinct collective dynamics emerges if multiple cells are simultaneously seeded in the

integration domain. At high packing fractions (close to the confluency) and small cell-cell ad-

hesion, we observe the onset of synchronization of subcellular excitable systems (Fig. 5.1a,d).

Here, the activator center-of-mass (c.o.m.) synchronizes, and all the cells move in the same direc-

tion. This regime is manifested as a global wave propagating in the angular direction. At higher

adhesion values, global contraction and expansion arise (Fig. 5.1b,e). Finally, we see mechanical

waves that sense global geometry. If we introduce square confinement, square mechanical waves

occur (Fig. 5.1c,f). This study explores the physical conditions that give rise to these distinct

collective dynamics and their relationship to experimentally observed behaviors in multicellu-
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lar systems. See Appendix Figures A.1-A.3 for snapshots over time of synchronized systems,

pulsating waves, and square confinement respectively.

We studied multiple interacting cells with excitable dynamics. To enable continuous steric

cell interaction, we implemented a confinement protocol. For circular confinement, this was

done by introducing a phase-field for the confining wall with the form φwall =
1
2(1+ tanh((r−

Rwall)/ε)), which interacts with the cells through steric repulsion. There is evidence that cell-wall

adhesion can affect escape dynamics [342]; however, we neglect this term for simplicity.

Notably, when cells with excitable dynamics are confined, they exhibit spontaneous emer-

gent phase synchronization (Fig. 5.1a,d). Synchronization has recently been suggested to be

necessary for the onset of collective motion in cell tissues and other forms of active matter [326,

343–346]. Individual cells exhibit oscillating spiral waves, consistent with actin oscillations in

many cell types [50, 58, 59, 328], similar to that in Ref. [141]. As we simulate the system with

variable cell sizes, we observe that phase synchronization remains robust to cell size variations.

The robustness of the observed phenomenon suggests that phase synchronization is not merely

a rotation at the natural frequency of the excitable system. Moreover, the synchronization oc-

curs in the parameter range for locally exploratory, motile cells rather than stationary cells. The

confinement stabilizes the rotating spiral wave state that would only be transient in isolation.

By creating a free adhesive cluster – through increasing adhesive forces and decreasing

packing fraction – we observe self-localized collective pulsing states (Fig. 5.1b,e). The pulsa-

tions occur on the timescale of two minutes, in faithful agreement with collective actomyosin

oscillations during embryogenesis [329–331]. Thus, using biologically relevant excitable dy-

namics parameters, our simulation displays pulsing periods consistent with in vivo observations.
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Figure 5.2: Collective synchronized behavior in circular confinement depends on intercellu-
lar forces. a A phase diagram showing the local Kuramoto order parameter (Rlocal), as a function
of adhesive strength, madh, and packing fraction, f . Black lines are present as visual indicators for
the transition between states. b-d Select vector plots of the center of mass velocity, vc.o.m, for the
different behaviors. b Globally synchronized state rotates over time. c Waves of expansion and
contraction rotate around the system. d Cells alternate between total contraction and expansion.
e Power spectral density (PSD) of the polarization x component, px, for the wave, pulsating, and
synchronized state, normalization was performed such that the peak is 1 (inset: log-log scale of
the raw PSD). The pulsating state has a higher fundamental frequency than the synchronized state
and a relatively high broadband noise level. The synchronized state displays higher harmonics
with a much lower noise level.
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To investigate the synchronization phenomenon quantitatively, we created a phase diagram

by varying the intercellular forces: changing the packing fraction, f , and the adhesive strength,

madh (Fig. 5.2a). For convenience, we define the polarization of the cell p as the vector that points

from the phase field φ center of mass to the activator A center of mass for a given cell. We charac-

terize the cell synchronization by the local Kuramoto order parameter Rlocal (see methods), which

gives the alignment of a cell’s polarization vector with the surrounding cells. Four distinct states

arise with different levels of synchronization: complete synchronization (Fig. 5.2b), traveling

waves of expansion (Fig. 5.2c), pulsating clusters (Fig. 5.2d), and chaotic motion. When varying

the packing fraction f at a fixed value of the adhesion force madh of 10 pN/µm, we observe that

the system transitions from chaotic motion to traveling contraction waves and finally becomes

globally synchronized. This mechanism of local synchronization is seen in many physical sys-

tems [347] and is consistent with the expectation that a higher intercellular force leads to more

local synchronization. Global synchronization occurs regardless of cell size (Fig. 5.3), and the

natural frequency of the cell oscillations does not strongly depend on cell size, indicating that the

oscillation is limited by the excitable parameters, not the mechanical ones.

To distinguish between pulsing and other states, we introduced the average power spectral

density P̄ = ∑
N
i=0 |Âc.o.m.,x|2, where Â denotes the fourier transform (Fig. 5.2e). For the phase-

synchronized state, there is a high relative prominence at the natural frequency, the presence

of higher harmonics, and a relatively low noise level. The pulsing state has one lower relative

dominant peak at the natural frequency and a higher noise level. Finally, the chaotic state has no

sharp peak present in the average power spectral density.

118



b

a

Figure 5.3: Global synchronization doesn’t depend on cell size. a The global Kuramoto order
parameter versus cell size. The system stays globally synchronized for the entire range of cell
radii we are interested in. b The average frequency of the polarization vector versus cell size.
The period only decreases by 7 seconds over a cell size change of 40%, indicating no strong size
dependence on internal oscillation frequency.
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Figure 5.4: Mechanical waves sense global geometry. a Snapshots of the phase of each cell
show two different traveling waves, one in the center and one at the boundary. b,c Kymographs
of the activator phase vs c.o.m. position for the center region (b) and boundary region (c) of
the system. This observation indicates that both sections have CCW mechanical phase waves
with different periods. d Snapshots of the cell phase in square confinement show traveling phase
waves. e,f Kymographs of the activator phase vs c.o.m. position in square confinement for an
x-slice (e) and y-slice (f).

5.2.2 Mechanical waves sense global geometry

Mechanical waves have been observed in a variety of cell tissues [332, 333, 344, 348, 349].

Yet, their underlying mechanism remains unclear. As we increase the number of cells in our

simulation, we begin observing mechanical waves propagating throughout the cell population

(Fig. 5.4a). There is no chemical interaction between cells, so the only mechanism that can

sustain waves are mechanical cell-cell interactions (adhesion and steric repulsion). We notice

that these waves are dependent on the size and shape of the system.

In free space with high adhesion, two distinct types of traveling mechanical waves occur.

These waves are easily seen through traveling shifts in the polarization phase. In the center of

the tissue, we observe a counterclockwise rotating (CCW) wave. The system can also exhibit

clockwise rotating waves in the same parameter regime. The center of mass of the activator,
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Figure 5.5: Oscillation modes reflect boundary conditions. a Cell oscillation frequency,ωA,
versus the c.o.m. position for Figure 5.4a. The oscillation frequency of individual cells depends
on their position. The side axis shows the number of cells N(ωA) with a given frequency. b
The separation between boundary and bulk exhibits rotational symmetry. c,d Square oscillation
patterns. By changing the membrane tension γ , we can adjust the size of the geometry sensing
patterns. c For the tension γ = 2.0 (corresponding to the snapshots in Fig. 5.4d) we observe four
nodes. d For the tension γ = 2.5 we observe three nodes. e Probability distributions of Rlocal for
different membrane tensions. For low membrane tension (γ = 2), we observe that the majority
of cells exhibit high synchronization, whereas for high membrane tension (γ = 10), most cells
display lower synchronization. f Snapshots of cell phase when mechanical waves are externally
imposed with period τosc = 25 s. The black border indicates global confinement, and the gray
line represents the periodic compression. g Observing an x-slice of the simulation in f over time
shows that the cells synchronize to the frequency of the imposed mechanical wave. τosc is the
oscillation period of the driving mechanical force. h Average local Kuramoto order parameter
vs external driving frequency. The average value is plotted as points, and the standard deviation
is denoted by the gray area. By varying the oscillation period of the driving mechanical force,
we observe a peak in synchronization at a resonance frequency close to the natural oscillation
frequency of a single cell.
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Figure 5.6: Individual cell dynamics in free adhesive cluster. a,b Ac.o.m dynamics over the
course of one period for bulk (a) and boundary (b) cells. The color denotes the time of the
observation, and the arrows represent the time derivative of the polarization at the beginning of
the period. The cells in the bulk exhibit smooth orbits, while the cells in the boundary have
periodic but more chaotic trajectories.
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Ac.o.m., of each cell follows a smooth CCW trajectory (see Fig 5.6), forming a traveling mechani-

cal phase wave. This phase wave propagates at a period approximately equal to the natural period

of individual cell oscillation (see Fig. 5.6).

At the tissue boundary, we observe very different dynamics. Instead of a smooth orbit, the

activator A is strongly affected by noise. However, the activator at the c.o.m., Ac.o.m. still traces

out an orbit (Fig. 5.4b). Contrary to the bulk, the activator in the boundary cells Ac.o.m. oscillates

in the clockwise (CW) direction. Despite the local reversal, the global phase wave still travels

CCW (Fig. 5.4c), but at a slower rate – roughly twice the period of a single cell’s oscillation.

As shown in Fig. 5.4d, these mechanical waves are not restricted to circular geometries. In

square confinement, the mechanical waves exhibit a standing-wave pattern. By investigating the

kymographs of phase along X and Y slices of the system (Fig. 5.4e-f), we observe that the system

exhibits traveling plane wave patterns.

The spatial pattern of oscillation frequencies is determined by the type of global geometry.

In a circular cluster, the transition boundary between opposite-frequency oscillators is also cir-

cular (Fig. 5.5a-b); in square confinement, the transition boundary is square (Fig. 5.5c-d). This

suggests that mechanical waves inform individual cells about their location within the tissue. The

space between the bulk and the boundary features pulsing cells instead of rotating cells, resulting

in distinct intercellular forces and, consequently, different dynamics near the boundary.

We can further justify that these waves are mechanical by examining how their properties

respond to changes in the model’s mechanical parameters. For a membrane tension of γ = 2.0,

we observe a standing wave with five nodes (Fig. 5.5c). If we increase the membrane tension to

γ = 2.5, we notice the wave shifts to a standing wave with only four nodes (Fig. 5.5d). Thus, we

can tune the sensing of the geometry by altering the physical properties of the cell.
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The mechanical wave propagation can be controlled by changing the mechanical coupling

between cells. To study the effect of the waves, we chose to remove them by increasing the

membrane tension γ . The cells are still able to exert physical forces and move as the tension

γ increases. Figure 5.5e illustrates how the system supports high synchronization states at low

tension γ and low synchronization states at high values of γ .

To complete the study of mechanical waves in this system, we applied a periodic driving

force in the form of an oscillating wall with period τosc and amplitude of half the average cell

radius. We choose the values of tension γ = 4.0 and the adhesion madh = 30 such that there is

no synchronization for these conditions. Then, when we add an external driving force, the cells

exhibit mechanical waves and synchronization (Fig. 5.5f,g). The multicellular system exhibits

resonance (Fig. 5.5h). Below the resonance period, the cells are not able to synchronize. Above

the resonance period, we observe that the cells synchronize whenever the wall is moving inward.

The cells are somewhat sensitive to longer-term oscillations and insensitive to fast oscillations.

These results show that mechanical waves are a crucial factor in mechanochemical synchroniza-

tion.

5.2.3 Global scale rotations

It is well-known that epithelial cells in confinement exhibit global rotation [350, 351].

However, up to this point, we have considered only non-motile, confluent tissues. Our model can

reproduce epithelial rotations in the fluid-like tissue state [352]. As we reduce substrate friction

ξ , the system allows for both motile and flowing states, depending on the cellular forcing.

We observe the transition from jammed to motile state by varying the actin pushing strength,
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Figure 5.7: Global rotations in circular confinement. Confined cells with packing fraction
f = 0.85 and friction ξ = 4.0 pN·s/µm2 exhibit global rotations. a A phase diagram of the local
Kuramoto order parameter Rlocal created by varying actin pushing strength (α) and adhesive
strength (madh) shows the transition from jammed to collectively rotating states. A sudden dip
in synchronization appears for the motile chaotic states, and then an increase in synchronization
for collectively rotating states. b,c Snapshots illustrating the chaotic motile state (b) and global
rotation (c). The gray outlines denote the phase field level φ = 0.5, the grayscale shows the
activator strength, and the arrows show the c.o.m velocity vc.o.m with the color denoting the
angle. Scale bars are 10 µm. d Normalized power spectral density (PSD) for non-motile, chaotic
motile, and rotating states. The rotating states display a sharp peak at the low frequency of global
oscillations. e Trajectories of selected cells from a chaotic motile system. f The trajectory of
a selected cell from c shows that the period of the global rotation is T ≈ 5 hours. g The order
parameter over time demonstrates that collective motion emerges after two hours when Or →−1.
h The time-averaged order parameter, ⟨OR⟩, versus membrane tension, γ , shows that the removal
of mechanical interactions suppresses the global rotations. Scale bars are 10 µm in

125



α , and the adhesive strength, mrep. There are two motile states shown in the phase diagram in

Figure 5.7a: the chaotic-like state characterized by low local Kuramoto order parameter Rlocal and

the collectively rotating state characterized by high order parameter Rlocal. These states arise from

generic initial conditions. Systems in the chaotic motile regime exhibit non-zero displacement,

but random polarization (Fig. 5.7b). Whereas in global rotation, cells display circular polariza-

tion (Fig. 5.7c). The power spectra (Fig. 5.7d) show that rotating states have low-frequency

rotations, whereas the chaotic states have random spectra. Observing selected trajectories of the

chaotic motile state (Fig. 5.7e) shows that cells remain relatively localized while displaying ran-

dom walk behavior. See Appendix Figures A.4 & A.5 for snapshots over time of the chaotic

motile and globally rotating states respectively.

The timescale of this global rotation has a period of T ≈ 5 hours (Fig. 5.7f). This timescale

is in agreement with experimental results showing that the period of global epithelial rotations

in confinement varies between 5-8 hours [341, 349]. To characterize the collective rotations, we

calculate the rotational order parameter OR (see Methods). When OR =±1, the cells are moving

collectively in the same direction around the circle. We find that the collective motion emerges

at 2 hours when the order parameter approaches 1 (Fig. 5.7g).

We suppress mechanical waves from the system by increasing the tension of the membrane

γ to test the impact of mechanical wave detection on an experimentally observed phenotype.

Figure 5.7h shows the order parameter OR → 0 as the membrane tension γ increases. Thus, we

hypothesize that mechanical waves facilitate the synchronization necessary for the onset of global

rotation.
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Figure 5.8: Ridges cause cluster elongation and guided migration. a The ridges are modeled
by periodically changing the value of a3 = a3,0+∆a3. b Activator waves on ridges prefer to move
within the boundaries of one ridge. c,d Snapshots of single-cell motion on ridges. Cells on ridges
exhibit two forms of guided motion, a stable locomoting cell (c) and oscillating protrusions (d).
e When groups of cells are simulated on ridges, they form long adhesive chains. f For larger
multicellular systems, we see elongation of a cluster of cells along the direction of the ridges. g
The mean cluster aspect ratio (width of cluster divided by height of cluster) as a function of ridge
strength. The cluster elongates more with stronger ridge strength. h As we remove mechanical
interactions by increasing γ , the cluster stops sensing the ridges. For plots with error bars, the
mean across ten trials is plotted as points, and the standard deviation is plotted as the shaded
region.
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5.2.4 Mechanical interactions promote cluster elongation on ridges

By using an experimentally verified model for actin dynamics, we can probe collective

dynamics in controlled physical environments. Local topography has been shown to affect actin

dynamics on a variety of scales [24, 25, 58]. Our 3D phase-field model [202] captured cell

dynamics on subcellular topography by modeling the physical shape change of the boundary.

Here, we instead study the impact of nanotopography on actin waves within the cell in a 2D

setting.

Previous research has discovered that subcellular ridges modify the excitable system by

lowering the activation threshold in the valley of the ridges [66]. We integrate this into our model

by increasing the value of the excitability parameter a3 in a periodic fashion. We used a square-

wave profile, Eq. (5.4, as shown in Fig. 5.8a, in order to replicate the sharp edges of ridges

in experiments [25]. This ridge pattern causes activator waves to nucleate preferentially in the

valleys and travel along the direction of the ridges (Fig. 5.8b).

There are two different modes for single cells to travel on the ridges: (i) simple polarization

with a flat cell front as seen in Fig. 5.8c; (ii) oscillating protrusions that travel along the ridges

(Fig. 5.8d). Oscillating protrusions have been studied in previous phase field models [146, 353].

However, we reproduce them here with periodic ridges alone. When we simulate a cluster of cells

on the ridges, we observe two significant qualitative effects. First, we observe that bidirectional

guidance cues from the ridges promote the long-distance guidance of cell clusters (Fig. 5.8e).

Second, the cells and the cluster elongate along the direction of the ridges (Fig. 5.8f), which is

consistent with epithelial cells and amoeba D. discoideum experiments [354, 355]. This insight is

relevant because it demonstrates that subcellular sensing of topography enables emergent global-
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scale mechanical responses. Increasing the strength of the ridge guidance causes marginally more

cluster elongation. However, there appears to be a maximum possible cluster length (Fig. 5.8g).

Figure 5.8h shows that the mechanical interactions are necessary for collective ridge sensing. As

the membrane tension γ increases, the cluster loses its ability to elongate along the direction of

the ridges.

These findings suggest that the strength of collective guidance is not only determined

through subcellular sensing but also dependent upon mechanical interactions between cells. Com-

pliant cells with lower membrane tension are able to coordinate their sensing of texture, causing

the cluster as a whole to elongate. However, stiffer cells (which still exhibit guided direction on

the ridges) are unable to collectively organize and elongate along the ridges. The same physical

mechanism that permits synchronization and mechanical waves also leads to collective texture

sensing within our model.

5.3 Discussion

We have demonstrated that the intracellular excitable dynamics, representing actin poly-

merization, generate emergent collective behavior and long-scale mechanosensing. Through in-

tracellular chemical waves and intercellular physical interactions, the system demonstrates syn-

chronization, pulsations, global rotations, and geometry sensing via mechanical waves.

Mechanical waves have been the subject of many recent experimental studies [332, 333,

344, 348, 349]. Our results suggest that single-cell excitable dynamics, when coupled mechan-

ically through cell-cell interactions, are sufficient to produce coherent, global-scale mechanical

waves. This finding provides a minimal physical mechanism for tissue-wide coordination, even
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in the absence of organism-scale chemical communication. Although long-range signaling (e.g.,

ERK waves in wound healing or cAMP signaling in Dictyostelium discoideum) plays a vital role

in vivo, our results show that mechanical coupling can account for wave propagation over large

distances.

These emergent mechanical waves provide a remarkable capacity for multiscale spatial

sensing. At the system level, the mechanical waves in the system reflect a global geometry of

the tissue, e.g., circular waves in circular tissues and linear waves in square confinement. At the

local level, individual oscillations identify the position of the cell within the culture. For instance,

boundary cells oscillate in the opposite direction to the bulk cells in circular cultures. When me-

chanical waves are inhibited by increasing membrane tension, local synchronization decreases,

and when mechanical waves are imposed by a mechanical driving force, synchronization occurs.

These observations suggest that mechanical waves play a crucial role in enforcing local synchro-

nization. This hypothesis could be tested by treating cells with cyclodextrins, which are known

to increase cell membrane tension [356], and observing if synchronization lapses.

Our model of mechanical waves is particularly significant in systems where synchroniza-

tion is essential for proper function. A recent study on primary rat cardiomyocytes revealed that

heart cells, which are both chemically and electrically excitable, can synchronize solely through

mechanical forcing[357]. Coupled with the evidence of traveling mechanical waves in the heart

[358, 359], our model offers insight into synchronization across various biological systems driven

by excitability. It is noteworthy that the mechanical resonance frequency is on the order of min-

utes, which is significantly slower than naturally occurring mechanical rhythms, such as the heart-

beat and natural breathing rate. By having natural mechanical oscillations occur off-resonance,

the body may have evolved to prevent catastrophic mechanical interference.
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We show that mechanical interactions are necessary for the observation of relevant motion

phenotypes in our model. As the membrane tension increases, it inhibits synchronization, and the

system is no longer able to initiate global rotations. The local excitable network can also sense

subcellular features through local topography that induces changes in excitability. However,

as membrane tension is increased, the cluster does not elongate on the ridges, indicating the

importance of mechanical interactions in collective behavior.

Our results point to a fundamental role for coupled excitable dynamics in facilitating col-

lective sensing and coordination. Cells can infer both their position within the tissue and the

shape of their local microenvironment, as well as the broader geometric context, purely through

mechanochemical feedback. This framework not only reproduces experimentally observed be-

haviors but also provides a physical explanation for how individual cells, with limited sensing

range, can contribute to coherent multicellular dynamics on the scale of entire tissues.

Our findings suggest that synchronization and mechanical waves are essential factors for

organizing collective behavior and guidance. Emerging studies have found that some cancer

metastasis occurs with clusters of cells undergoing collective migration [360]. The current con-

sensus often assumes that this collective behavior is dominated by leader-follower dynamics.

However, we demonstrate that collective motion relies upon mechanical interaction and synchro-

nization between cells. Therefore, one way to disrupt pathological collective behavior may be to

target cell mechanical properties.

The multicellular excitable phase-field framework informs an emerging class of commu-

nicating active matter models [326, 345]. It enables long-range communication via mechanical

waves and local signal processing through excitable dynamics. We speculate that long-range

communication and decision-making processes underlie the robust self-organization present in

131



biological systems.

5.4 Methods

Table 5.1: Model Parameters

Parameter Description Value

γ Surface tension 2.5 pN µm
ε Interface width 1.5 µm
B Soft area constraint 15 pN/µm2

ξ Friction coefficient 5 pN s/µm2

α Actin pushing strength 5.5 pN/µM
a1 Activator degradation rate 1 s−1

a2 Degradation rate from inhibitor 1 µM−1s−1

a3 Activation rate 10 s−1

a4 Activation threshold 1 µM
a5 Basal activation rate 0.1 s−1

c1 Inhibitor degradation rate 0.1 s−1

c2 Inhibitor activation rate 3 s−1

DA Activator diffusion coefficient 0.5 µm2/s
DR Inhibitor diffusion coefficient 0.5 µm2/s
σ Noise intensity 0.1 µM2/µm2/s
∆t Time step 0.001 s
madh Adhesion strength 0-30 pNµm
mrep Repulsive strength 0-30 pN/µm
L Contraction normalization 37.5

5.4.1 Phase-field model with excitable network

The multicellular interactions are cast as follows:

ξ
∂φi

∂ t
= γ(∇2

φ −G′(φ)/ε
2)− (B(∫ φd2r−Si,0)+αAφ)|∇φ | (5.1)

+∑
j ̸=i

mrepφiφ
2
j +∑

j ̸=i
madh

∇φi ·∇φ j√
1+L|∇φi||∇φ j|
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∂ (Aφ)

∂ t
= DA∇ · (φ∇A)+φ

[
−(a1 +a2R)A+

a3A2

a2
4 +A2 (a5 −A)+η(t)

]
(5.2)

∂ (Rφ)

∂ t
= DR∇ · (φ∇R)+φ(βA−R)/τ (5.3)

This is a non-equilibrium system, driven through excitable dynamics shown in Eqs. (5.2),

and (5.3). This model of excitability is widely used to model actin polymerization via signaling

networks [54, 56], and a similar model has previously been integrated into a single-cell phase-

field model by Cao et al. [150]. The membrane of the cell is represented by a phase-field

order parameter φi. The motility dynamics are implemented through a coupled activator-inhibitor

network, with activator A and inhibitor R.

The dynamics of the boundary for a given cell φi is given by Eqn. 5.1. The first term gives

the membrane tension γ of a cell and is derived from the Cahn-Hilliard free energy. G(φ) is the

double well potential given by G(φ) = 18φ 2(1−φ)2 that prevents the cell from splitting apart.

There is a soft area constraint given by B(
∫

φdV−S0) where Si,0 is the initial area of cell i.

The key interaction between intracellular dynamics and cell mechanics occurs through the

coupling of the activator to the cell boundary through the term αAφ . Regions of high activator

concentration locally promote protrusion by modifying the cell’s active force term in the phase-

field equation (Eq. (5.1)). In effect, this coupling allows localized actin activity to generate

deformations and motility, creating a feedback loop where internal signaling controls cell shape,

and changes in shape influence local actin dynamics.

We introduce multicellular interactions through established interaction terms. The repul-

sion force term is the standard square term used in many eirlier studies [151, 152, 154, 361]. The
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adhesion term is also of the standard form, but we use a regularization term that was initially in-

troduced by Löber et al. [151] to add stability to high gradient regions. More physically realistic

forms of these interactions have been studied in previous studies [152]. However, there are many

different possible choices for other cell types. We chose to keep a generic model that could be

extended in future studies.

The dynamics for the coupled activator-inhibitor system are given by Eqs. (5.2) and (5.3)

respectively. In order to effectively restrict the chemical signal to the cell’s interior, we solve

the dynamical system for Aφ and Rφ . The first terms on the right-hand side of the equation

allow diffusion with no flux across the cell boundary. The remainder of the terms are chosen in

agreement with prior models of actin regulatory proteins [56].

For the ridge simulations, we introduced a square perturbation to the activation rate a3 via

Eq. (5.4)

a3 = a3,0 + kridge[1+ sgn(sin(x/x0))] (5.4)

The model parameters can be found in Table 5.1.

5.4.2 Kuramoto order parameter

We use the local Kuramoto order parameter given by Eqn. 5.5 where θp is the angle of the

polarization vector that points from the cell center of mass to the activator center of mass, and

dt is the cutoff distance above which two cells will not be compared. Rlocal = 1 when local cells

have completely aligned polarization vectors and Rlocal = 0 when there are uniformly distributed
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polarization vectors.

Rlocal =

〈∣∣∣∣∣∣1n ∑
|r j−rk|≤dt

eiθp

∣∣∣∣∣∣
〉

j

(5.5)

For confluent cell sheets, we chose dt as twice the radius of the cell in order to only account

for the nearest neighbors; however, changing this parameter to include more surrounding cells

did not dramatically change the result. The most extreme case is increasing dt to infinity, which

retrieves the classic Kuramoto order parameter. In this case, we only achieve high values for

globally synchronized cases.

5.4.3 Rotational order parameter

To quantify collective rotations, we use the rotational order parameter given by Eqn. 5.6

where r̂i is the unit vector pointing from the center of the confinement to the cell’s center of mass

and v̂i is the unit vector pointing in the direction of the cell’s center of mass velocity.

OR =
1
N

N

∑
i=0

r̂i × v̂i (5.6)

OR ∈ [−1,1] gives the degree of collective rotation. OR =±1 corresponds to states where

all cells are traveling counterclockwise/clockwise around the confinement. OR = 0 corresponds

to random motion.
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Chapter 6: Summary and future directions

6.1 Summary

Cells interact with their surroundings through a combination of sensing, transduction, and

response. Traditionally, biologists have focused on how cells sense chemical signals and how the

transduction mechanisms change cell dynamics. Now, growing evidence suggests that cells are

sensing their physical surroundings in addition to chemical cues. Additionally, due to historical

limitations in microscopy and experiments, much of cell biology has focused on the 2D analysis

of cells on flat surfaces. This differs dramatically from the complex, 3D ECM that cells experi-

ence in vivo. To address this, I employed phase-field modeling to gain insight into the physical

forces generated during cell motion, and conducted experiments to examine cellular responses to

environmental cues. This research reveals the interplay between cells and their physical environ-

ment, highlighting the importance of mechanical forces across multiple scales – from subcellular

nanotopography to global geometric confinement.

Actin dynamics plays a central part in this dissertation, linking cellular sensing, response,

and collective behavior. Whether responding to hormonal cues, navigating nanotopographic fea-

tures, or coordinating within multicellular assemblies, the cytoskeletal machinery functions as

a core integrator of physical and chemical information. In single-cell systems, I observed how

changes in actin polymerization relate to the formation of protrusions, guidance, and motility. In
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multicellular systems, the excitable nature of actin dynamics gives rise to emergent phenomena

such as synchronization and mechanical wave propagation. Across both experimental and model-

ing studies, actin emerges not only as a passive indicator of cell state but as an active mediator of

physical sensing and decision-making. This underscores its critical role as a biophysical and bio-

chemical nexus that connects subcellular activity to larger-scale coordination and environmental

response.

I first investigated the impact of disease-related chemical signals on actin-driven protrusion

dynamics. In Chapter 2, I studied the effect of disease or dysfunction on actin dynamics and

morphology. By examining endometriosis, characterized by the abnormal migration of cells in

response to estrogen, I probed how pathology and chemical cues alter cellular behavior within

their physical environment. Using 12Z cells as a model for endometriosis, I focused on the

influence of E2 on cell morphology and actin dynamics. It has been established that endometriotic

cells become more invasive in the presence of estrogens [158, 159, 161]. Endometriotic lesions

even emit estrogens, resulting in a feedback loop of disorder [160]. Employing 3D lattice light

sheet microscopy, I captured detailed observations of cell shape and actin behavior, revealing

how these cells navigate their surroundings at scales of 1-10 µm. After a 24-hour estradiol

treatment, the cells demonstrated a significant increase in protrusion size and a more disordered

pattern of actin polymerization, suggesting that exposure to estrogen enhances the protrusiveness

and potential invasiveness of endometriotic cells. Although centered on a chemical signal, this

study highlights the impact such signals have on the physical interactions between cells and

their environment. Because protrusions are tied to cellular sensing, the increase in protrusions

observed in 12Z would likely lead to more mechanosensing of the ECM in vivo. Additionally,

because estrogens normally increase the invasiveness of cells, this work supports the common
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understanding that local changes in cell morphology can lead to dramatic large-scale migration.

This work not only advances our understanding of cellular dynamics in pathological contexts but

also underscores the relationship between chemical signals and the physical forces that shape

cellular behavior.

At the subcellular level, curvature is sensed at a small scale via the BAR protein domains,

which in turn lead to larger signaling cascades that affect actin dynamics. However, the effects

of larger-scale curvature can not be explained through protein dynamics alone [69]. Engineered

nanotopography has been a key player in studying the changes in actin cytoskeleton dynamics

that result from local curvature changes[23–25]. Despite this, many models of motion on nan-

otopography do not account for physical deformations of the membrane. In Chapter 3, I explored

how local curvature changes, introduced through asymmetric nanotopography, bias cell migra-

tion. I showed that asymmetric membrane deformations on the scale of 1 µm are enough to

reproduce the full range of cell motions observed experimentally. This suggests that the physical

deformation of the membrane may play a greater role in actin dynamics than previously thought.

Instead of simply recruiting BAR protein domains, it is possible that altered diffusion on a curved

membrane results in different migration phenotypes.

I then linked the 3D phase-field model to experimental results of D. discoideum traveling

on the same asymmetric sawteeth. My model predicts that there is a threshold sawtooth height

above which high velocity cells will be preferentially guided down the sawteeth. After a reanal-

ysis of the D. discoideum data, I found that indeed there is a threshold sawtooth height where

high velocity cells move preferentially down the sawteeth. Cells are able to move in any di-

rection, likely due to internal polarization, but high-velocity cells tend to move down the taller

sawteeth. This result suggests that the phase-field model could be used to help discover surfaces
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that selectively control cell motion.

Cell motility in vivo involves extensive interaction with the ECM, which provides both

physical and chemical cues. In Chapter 4, I studied how the chemical cues of the ECM interact

with the physical cues. To achieve this, I analyzed the motion of epithelial cells on nanoridges

coated with collagen IV, a fundamental protein of the basement membrane ECM. Through the

use of cell shape analysis, I found that cells on collagen-coated surfaces tend to elongate earlier,

whereas, after an extended period, most cells become elongated and aligned with the nanoridges.

Trajectory analysis shows that increasing collagen IV concentration results in higher speeds. Ad-

ditionally, higher collagen concentration leads to more alignment of actin optical flow with the

nanoridge direction. This indicates an interplay between chemical signaling and physical cues

in guiding actin dynamics. We observed three main motile cell trajectories: straight, turning,

and random motion. Within these three motile phenotypes, the actin guidance was unchanged.

Regardless of the direction the cell was moving, the actin polymerized along the direction of the

ridges. This decoupling of guidance direction and actin flow implies that another mechanism, in

addition to actin polymerization, is responsible for directional guidance in the presence of colla-

gen IV. One potential mechanism for this guided migration is integrin-induced focal adhesions,

which are caused by transmembrane ECM binding of integrins. However, actin sensing of the

topography was only affected by the

Finally, I moved to tissue-scale physical sensing in Chapter 5 with the introduction of a

multicellular phase-field model. Single-cell experiments, like the ones conducted in Chapters

4&2, are fantastic for deeply understanding intracellular signaling dynamics and individual cell

forces. However, most complex life exists as multicellular organisms, composed of ECM and

confluent tissues of various cell types. To determine if individual cellular dynamics are sufficient
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to drive realistic collective behavior, I integrated an excitable system model of the cytoskeleton

into a multicellular phase field. This model simulates actin dynamics on the submicron scale,

local physical interactions on the micron scale, and global geometry on the millimeter scale. The

model exhibits emergent dynamics across multiple time and length scales, including synchro-

nization, pulsation, global rotation, and traveling mechanical waves.

Mechanical waves exhibit the capability to sense global geometry and position. These

mechanical waves have been observed in many other multicellular systems [332–335], though

their causes remain unclear. Simulating these systems in different geometries revealed mechan-

ical waves that adapt to boundary conditions; circular confinement leads to circular waves, and

square confinement leads to square waves. Furthermore, in free adhesive clusters, cells within a

wave change oscillation direction based on their proximity to the boundary, indicating that waves

aid in positional sensing. My research showed that these waves serve as a mechanism for lo-

cal synchronization. Notably, when an external driving force is applied, oscillations of the actin

cytoskeleton become more synchronized and exhibit resonance.

Although I consider chemical excitability, this model provides insight into cells with other

forms of excitability, such as cardiac cells. A recent study by Ido et al. showed that primary

myocardial cells were able to synchronize to the motion of a probe through mechanical coupling

only. Additional support for this hypothesis is shown by traveling mechanical waves seen in heart

tissues[362, 363], albeit on a faster timescale because the underlying excitability is electrical.

My model shows that the excitable systems underlying many cellular behaviors, especially actin

dynamics, lead to the emergence of traveling waves. These results suggest that coupled excitable

systems play a fundamental role in enabling collective physical sensing and coordination.

Taken together, the results from this dissertation show that the physical environment has a
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profound impact on cellular dynamics at multiple scales. Experimentally, cells interact with their

physical environment through rearrangements of the actin cytoskeleton, which is in turn influ-

enced by the surrounding physical environment. Phase-field modeling offers a method for sim-

ulating mechanochemical interactions, demonstrating that excitable chemical dynamics couple

with the cell’s mechanical boundary to sense and respond to physical cues. The insights gained

from this research underscore the importance of considering physical aspects of cellular environ-

ments, paving the way for advancements in understanding cell behavior in complex biological

systems. By demonstrating how cells interpret and respond to the physical structure of their

environment, this work deepens our understanding of mechanobiology. It opens new avenues

for investigating processes such as tissue morphogenesis, wound healing, and cancer metastasis,

where cell guidance and invasion are governed by tightly coupled chemical and physical cues.

6.2 Future directions

6.2.1 Phase-field model extensions

One goal of modeling biological systems is to find the minimal set of requirements neces-

sary to reproduce cellular function. Cells exhibit highly nonlinear, multidimensional dynamics

that depend on many system inputs and outputs; however, choosing a proper model can help us

determine and drive those dynamics. The phase-field models presented in Chapters 3&5 choose

to model separate important systems inside the cell. In Chapter 3, I used a 3D model to study the

effect of local curvature changes on cell function. In Chapter 5, I used a 2D multicellular model

with more realistic chemical dynamics to study emergent sensing in cell populations. The models

were limited because the 3D model used a coarse-grained model of actomyosin dynamics, while
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the 2D model doesn’t account for the true 3D environment.

First, I propose the straightforward extension of combining my two models, creating a

3D multicellular model with realistic chemical dynamics. In my current 2D model, chemical

signaling is bound to the entire phase field. In moving to 3D, we must now account for the

fact that the chemical signals that regulate actin dynamics are membrane-bound [54, 56]. Prior

phase-field modeling work has restricted chemical dynamics to the 1D boundary of a cell [361] by

coupling the chemical dynamics to ∇φ rather than simply to φ . This extends easily into 3D; the

only additional consideration required is restricting actin polymerization far from the substrate.

For cells on flat surfaces, which are typically quite flat, this model should produce similar results

to the current 2D model. However, this extension could allow us to model novel 3D dynamics

such as embryogenesis and cancer metastasis, which are inherently three-dimensional.

Cells in vivo are constantly remodeling the surrounding ECM. As I showed in Chapter 4,

both the chemical and physical surroundings affect cell behavior. In fact, interactions between

focal adhesions and the ECM are responsible for many intracellular signaling cascades [364].

To my knowledge, no currently existing phase-field models attempt to tackle either physical or

chemical interactions with the ECM. The simplest approach to ECM modeling is through con-

tinuum dynamics. Specifically, the ECM can be modeled as a vector field, where the orientation

is defined by the direction of the field and the concentration is represented by the magnitude of

the field. When coupled with φ , this could efficiently model interactions with small-scale ECM

alignment and larger-scale porosity. Another possible approach would be modeling the ECM

as a deformable phase field itself, which would account for the discrete nature of ECM fibers.

This would be significantly more computationally expensive, but it would potentially give better

mechanistic insight into cell-ECM interactions.
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The excitable phase-field model from Chapter 5 was not able to produce the longer timescale

radial waves in fibroblasts during tissue expansion observed by Serra-Picamel et al. [332]. I be-

lieve that this is due to the lack of cell division in my model. Cell division is an essential part of

tissue expansion [365], and a 1D model of mechanical waves in tissues was only able to produce

waves through the inclusion of cell division [366]. Prior models have implemented cell division

through simulating spindle position [367] or using experimental knowledge of the division plane

[368], but none take into account the chemical signaling within the cell. The significant shift

in actin dynamics observed during cell division [369] presents a promising avenue for further

investigation into the role of mechanical forces in tissues.

When studying division, another question that may arise is how the nucleus affects cell

dynamics. Of course, during division in most cells, the nuclear membrane dissolves. But, dur-

ing cell migration, the nucleus is one of the most significant contributing factors to cell drag

and resistance [142, 370]. Two major forms of cell migration, lobopodial and mesenchymal, are

dominated by interactions between the nucleus and the physical environment [82]. The centro-

some, which handles the structure of microtubules throughout the cell, is also usually co-located

with the nucleus. The phase-field model can be trivially extended to include nuclear dynamics by

introducing another phase-field for the nucleus. The nucleus phase field would be coupled to the

cytosol phase field and held in place with a tensile force representing the intermediate filaments.

Combining these proposed directions leads us to the field of early developmental biology.

Embryogenesis is a challenging scenario to model at single-cell resolution. The position and

number of cells in the system change rapidly and respond to mechanical and chemical cues. In

early embryonic development, the embryo exists as a single sheet of cells. Then, the embryo

undergoes three-dimensional folding, exerting large-scale forces that initiate differentiation and
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establish the foundational body axes. This behavior is challenging to simulate at the single-cell

level because not only are there multiple scales of physical forces, but there are also chemical

signals that span the entire embryo. Phase-field modeling has been adapted to study embryoge-

nesis in C. elegans [368]; however, gastrulation in this organism has relatively mild forces and

minor reorganization [371]. The phase-field approach offers a powerful mechanism for modeling

embryogenesis because of the dense 3D mesh, which gives necessary chemical and physical in-

formation. Additionally, cells are free to move with respect to one another, allowing the freedom

required for large-scale spatial rearrangements that happen in embryogenesis. Experiments pro-

vide accurate measurements of forces experienced by embryos during gastrulation and epithelial

folding [372]. These forces could be integrated into a phase-field model as a boundary condition

to study large-scale reorganization.

6.2.2 Closing the loop between phase field models and experiments

The phase-field results I demonstrated in Chapters 3&5 were both able to reproduce dy-

namics on biologically relevant time scales without fitting to any real-life systems. I believe

the phase field model offers tremendous ability to fit biological data quantitatively. One often-

overlooked biological phenomenon is the heterogeneity of physical parameters among cells. For

instance, it is well known that cell size varies throughout tissues [373], but many multicellular

models assume uniform size. Likewise, many physical models of cell motility assume constant

parameters across all cells. One potential future direction is allowing a distribution of parameter

ranges and fitting the model to experimental data to learn how heterogeneous system parameters

are.
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Learning cell dynamics is a tricky task due to the origin of heterogeneity in biological

systems. There are multiple sources of noise that could interrupt the ability to fit the range of in-

ternal cell parameters. For example, cell dynamics are non-stationary, meaning that the fit could

be disrupted by changing cell parameters. Likewise, the changes in behavior could come from un-

intended variability in the environment or other experimental protocols. These challenges require

large datasets of long-time cell behavior to ensure that the dynamical system remains stationary

for part of the simulation. One possible fitting method is to generate an experimental distribution

of a specific observable behavior, such as cell protrusion rate, and then perform Monte Carlo

simulations to select parameter values that generate comparable simulated distributions [374].

On the experimental side, I would like to specifically fit the excitable cell phase-field model

to the motion of fibroblasts in confinement. Mechanical waves have been seen in mostly fibroblast

populations [332, 333]. But, most confinement studies are done on epithelial cells [341, 342]. My

model predicts that linear mechanical waves should be present in jammed fibroblasts in square

confinement. However, this motion may be challenging to observe without also imaging the actin

dynamics of the cell. To my knowledge, no existing large-scale confinement assays image actin

dynamics. This provides a promising future direction for studies of mechanical waves in tissues.

The multicellular model discussed in Section 1.2 gives exciting new ways to test drug

based hypotheses. The model allows us to link physical concentrations of proteins inside the cell

to model parameters. For example, as shown in Table 5.1, the activation threshold is 1 µM of

coronin. The size of this activation threshold can be decreased by drugs such as Jasplakinolide

[55], which would cause the cells to become more active. We could use the drug treatment to

test the model prediction of higher cell activity leading to synchronization and global rotations.

Drugs such as latrunculin and cytochalacin can be used to inhibit polymerization [66], which
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should lead to collective desynchronization of cells. Finally, we may be able to quantitatively

link fluorescent intensity in experimental data to real chemical concentrations inside the cell by

fitting the model to experimental data.

6.2.3 Enabling quantitative linking between models and experiments in 3D

In Chapter 2, I analyzed the morphology and actin dynamics of 12Z cells in 2D. This data

was originally collected on a 3D lattice light sheet microscope, and analysis in 3D proved to be

a formidable task. Because we did not stain all of the cells with a membrane marker, we instead

used the actin stain to locate the boundary. As long as the cells are not blebbing, the actin cortex

should be colocalized with the cell membrane. To effectively use this data in 3D, we must first

threshold the actin channel and then extract a 3D mesh of the membrane of the cell. Next, we

would need to determine how the actin was flowing on that mesh. This has been done previously

through spherical harmonic analysis [375].

The primary challenge with 3D datasets stems from their higher dimensionality. Larger

datasets require larger computational efforts and more sophisticated analysis approaches. We did

not attempt 3D optical flow due to time constraints; however, it could provide insight into the

vertical motion of ruffles observed in the 12Z data. Finally, traditional morphological parameters

such as circularity and solidity do not extend easily to 3D environments when cells take non-

elliptical shapes. Instead, we could use principal component analysis to obtain the variation

from a standard shape. This would require significantly more data in order to produce a valid

principal mode. Although the challenges are great, extending the analysis to 3D could elucidate

more differences between endometriotic cells treated with estrogen. Ultimately, 3D cell modeling
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allows us to make predictions about cell behavior and validate them experimentally, which could

improve experimental efforts by reducing the search space of biological experiments. I believe

this is a necessity in biophysics research due to the sheer complexity of 3D cell dynamics. The

future of biophysics is bright, but to analyze the new massive sets of data we are generating, we

will need to devote careful and dedicated effort.

147



Appendix A: Visualizations for excitable multicellular phase-field mode

This appendix serves as a visualization companion to Chapter 5 because movies cannot

be included in a dissertation. The figures in this chapter are all alike, they contain snapshots of

simulations from the excitable phase-field approach.

Each of the following figures contains 9 evenly spaced snapshots of dynamics. Figures A.1

& A.3 span a time of 100 s, Figure A.3 spans a time of 400 s, while Figures A.4 & A.5 span a time

of 1 hour. The gray outlines represent the φ = 0.5 isosurface that denotes the edge of the cell.

The color field has brightness representing the strength of the activator A and color representing

the angle of A with respect to the center-of-mass. If confinement is present, it is represented as a

bold white geometric outline.
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Figure A.1: Globally synchronized activator dynamics.
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Figure A.2: Pulsating waves in free adhesive cluster. Note that panel 2 has the activator moving
inwared, followed by panel 5 with the activator moving outward. This pattern is repeated again
in panels 7 and 8.
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Figure A.3: Activator dynamics in square confinement.
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Figure A.4: Chaotic motile state in circular confinement.
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Figure A.5: Globally rotating state in circular confinement.
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