


ABSTRACT

Agent-based model for developmental aggregation in Myxococcus xanthus bacteria

by

Zhaoyang Zhang

Collective behavior refers to social processes and events which do not reflect ex-

isting social structure (laws, conventions, and institutions), but which emerge in a

“spontaneous” way. It is a common phenomenon in microbiology: a group of cells

can spontaneously form different structures under different conditions. How cells in-

teract with each other and achieve this kind of coordinated cell movement is of active

scientific interest. As a model organism for bacterial collective behavior, Myxococcus

xanthus is widely studied to uncover the mechanism behind bacterial collective behav-

ior. In this work, we applied agent-based models to study the aggregation behavior

of M. xanthus cells under starvation and the important cell behaviors for csgA and

pilC mutants aggregation.

Experiments have shown that wild type (WT) M. xanthus cells perform a biased

walk towards aggregation center and this biased walk helps aggregation [1]. To un-

cover the mechanism of the biased walk, we first developed a model where each cell is

modeled as an agent, represented by a point-particle and characterized by its position

and moving direction. At low density, the model recapitulates the dynamic patterns

observed by experiments and a previous biophysical model. At high cell density,

we extended the model based on the experimental data of the biased movement to-

wards aggregates. We tested two possible mechanisms for this biased movement and



demonstrate that a chemotaxis model with adaptation can reproduce the observed

experimental results leading to the formation of stable aggregates. Furthermore, our

model reproduces the experimentally observed patterns of cell alignment around ag-

gregates.

Next, we applied a data-driven agent-based model to investigate what cell behav-

iors are important for the rescue of aggregation in two mutants: csgA and pilC, which

cannot aggregate unless mixed with wild type (WT) cells. We discovered that when

mixed with WT cells, both mutants show biased movements and reduced motility

inside aggregates. These behaviors are shown to be important to aggregation in our

agent-based simulations. However, some mutant behaviors remain different from WT

cells demonstrating that perfect recreation of WT behavior is unnecessary.

This work proposes a possible mechanism of the aggregation of M. xanthus bac-

teria and has shown that some cell behaviors are more important than others in

aggregation. Our agent-based model provides a general framework that can be used

to study self-organization behaviors in other surface motile bacteria.



Acknowledgments

I would like to express my thanks to all the people who have helped me and made this

work possible. First and foremost, I would like to express my sincere gratitude to my

advisor Prof. Oleg Igoshin for taking me as a student and for his guidance through

my Ph.D. years. I have been really fortunate to have an advisor who gave me the

freedom to explore, and creative ideas to guide me when I feel lost. I am extremely

thankful to him for his patience in helping me improve scientific communication skills.

I would also like to thank my thesis committee members, Drs. Jose Onuchic, Drs.

Jason Hafner and Drs. Anatoly Kolomeisky, and my master’s committee members,

Drs. Herbert Levine, Drs. Paul Padley. Thank you for all the mentorship, guidance,

and advice you have given me over the years.

I would also like to thank our collaborators Prof. Lawrence Shimkets and his

student, Dr. Chris Cotter at University of Georgia for their valuable work in exper-

iments. Without their contributions and suggestions, many of the results presented

here were not possible.

I would also like to thank the current and former members of our group, especially

Dr. Pintu Patra, and Dr. Rajesh Balagam for their many helpful inputs in my

research. I would like to thank all the Rice-CTBP members for many stimulating

conversations. I would like to thank all the members of the administrative staff at

Rice physics department and Rice-CTBP for their support.

I would also like to thank my parents for their support. Thank my girlfriend for

her companionship and humor, for the laughter and delicious food she brought to me.

Finally, I would also like to thank all our funding sources from the National Science

Foundation and Rice-CTBP.



Contents

Abstract ii

Acknowledgments iv

List of Illustrations ix

List of Tables xxii

1 Introduction 1
1.1 Introduction of active matter systems . . . . . . . . . . . . . . . . . 1

1.1.1 Physics in active matter systems . . . . . . . . . . . . . . . . 1

1.1.2 Collective behavior and self-organization in active matter system 2

1.2 Myxococcus xanthus as a model organism for bacterial self-organization 3

1.2.1 Different self-organization behaviors in M. xanthus bacteria . 4

1.2.2 Motility systems in M. xanthus . . . . . . . . . . . . . . . . . 6

1.2.3 Intercellular signaling in M. xanthus . . . . . . . . . . . . . . 8

1.3 Research objectives concerning M. xanthus cells . . . . . . . . . . . . 10

1.3.1 Mechanism of the biased movements of M. xanthus cells

during aggregate development . . . . . . . . . . . . . . . . . . 10

1.3.2 Cell behaviors important for mutant cell aggregation . . . . . 10

2 Methods 12
2.1 Introduction of agent-based model . . . . . . . . . . . . . . . . . . . 12

2.2 Phenomenological agent-based model simulation framework . . . . . 13

2.2.1 Cell motility and alignment . . . . . . . . . . . . . . . . . . . 13

2.2.2 Local cell alignment . . . . . . . . . . . . . . . . . . . . . . . 15

2.2.3 Trail-following . . . . . . . . . . . . . . . . . . . . . . . . . . 16



vi

2.2.4 Periodic reversal of cells . . . . . . . . . . . . . . . . . . . . . 17

2.2.5 Chemotaxis with an adaptation model . . . . . . . . . . . . . 18

2.2.6 Chemotactic signal diffusion and auto-regulated dependent

production . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

2.2.7 Persistent to the non-persistent state transition . . . . . . . . 22

2.3 Data collection and agent-based model for pilC and csgA . . . . . . . 27

2.3.1 Bacterial strains, plasmids, and growth conditions. . . . . . . 27

2.3.2 Fluorescence time-lapse microscopy . . . . . . . . . . . . . . 28

2.3.3 Developmental assays . . . . . . . . . . . . . . . . . . . . . . 28

2.3.4 Cell tracking, cell-state detection, run vector extraction, and

aggregate tracking . . . . . . . . . . . . . . . . . . . . . . . . 29

2.3.5 Data-driven agent-based model. . . . . . . . . . . . . . . . . . 30

3 Mechanisms for Observed Aggregation Cell Behaviors 33
3.1 Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

3.2 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

3.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

3.3.1 A phenomenological model matches the patterns of cell

alignment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

3.3.2 Cell density-dependent motility decrease and cell alignment

are not sufficient for aggregate formation . . . . . . . . . . . 39

3.3.3 The contact-dependent signal model does not lead to stable

aggregation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

3.3.4 A chemotaxis model produces biased movement similar to

that observed in experiments and improves aggregation . . . . 49

3.3.5 A chemotaxis model qualitatively reproduces cell alignment

patterns . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

3.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57



vii

4 Important Cell Behaviors for Myxobacterial Aggrega-

tion 60
4.1 Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

4.2 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

4.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

4.3.1 Quantifying aggregation dynamics in mixtures of wild-type

and mutant strains . . . . . . . . . . . . . . . . . . . . . . . . 63

4.3.2 Motility behaviors of rescued pilC and csgA cells differ from

WT cells . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

4.3.3 Data-driven models can match the aggregation dynamics of

pilC and csgA cells based on the quantified motility

parameters and their correlations. . . . . . . . . . . . . . . . . 71

4.3.4 Transitioning to and staying in the non-persistent state in

aggregates does not help pilC and csgA aggregation . . . . . . 73

4.3.5 Behaviors in the persistent state are critical for the aggregation 74

4.3.6 Different motility behaviors of pilC and csgA cells explains

the partial rescue of pilC and full rescue of csgA . . . . . . . . 76

4.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

5 Mathematical Model Uncovers the Mechanism of Circu-

lar Cell Aggregates Formation Driven by Cell Adhesion 88
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

5.1.1 TraA/B overexpression leads to emergent behaviors of

circular aggregates . . . . . . . . . . . . . . . . . . . . . . . . 88

5.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

5.2.1 A biophysical model shows that non-reversing agents can

form circular aggregates . . . . . . . . . . . . . . . . . . . . . 90



viii

5.2.2 Experiments confirm the suppression of reversals in circular

aggregates but show normal reversals in diluted single cells. . 91

5.2.3 Mathematical model suggest that contact-dependent reversal

suppression can explain circular aggregate formation in OE

strain . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92

5.2.4 The model explains the change of rotation speed and angular

velocity as a function of distance to the center . . . . . . . . . 93

5.2.5 The model predicts the phenotypes of the mixture strains . . 94

5.3 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

6 Summary 100
6.1 Mechanisms for biased movements in aggregation . . . . . . . . . . . 100

6.2 Important cell behaviors for aggregation rescue of mutant cell . . . . 101

6.3 Formation of circular aggregates . . . . . . . . . . . . . . . . . . . . . 102

Bibliography 103



Illustrations

1.1 Different self-organization behaviors of M. xanthus cells. (A): M.

xanthus forms into fruiting bodies under starvation [2]. (B):
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xanthus hunting group (picture taken from this video). . . . . . . . . 5

1.2 Social motility is mediated by the extension and retraction of type IV

pili (black tendrils) at the leading pole of a cell. The figure is from [4] 7

2.1 Fraction of agents in aggregate as a function of time in simulation of

different agent densities. Agents represent different numbers of cells

to keep the overall cell density the same. Black dots are for

simulations with 0.3 agent/ µm2 (each agent represents one cell).

Red dots are for simulation with 0.15 agent/ µm2 (each agent

represent two cells). Other simulation parameters are the same as
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Chapter 1

Introduction

1.1 Introduction of active matter systems

The active matter system is composed of large numbers of active particles containing

internal degrees of freedom with the ability to take in and dissipate energy [7]. The

interaction of active particles with each other, and with the medium they live in, gives

rise to highly correlated collective motion and mechanical stress. Examples of active

matter systems include schools of fish, flocks of birds, bacteria, artificial self-propelled

particles, and self-organizing bio-polymers such as microtubules and actin. Active

systems exhibit a wealth of intriguing non-equilibrium properties, including bizarre

fluctuation statistics, non-equilibrium order-disorder transitions, pattern formation

on mesoscopic scales, unusual mechanical and rheological properties, emergence of

global order in a system of seemingly chaotic individuals and wave propagation and

sustained oscillations even in the absence of inertia in the strict sense. The study

of active matter extends over a wide range of scales, including animal groups [8],

bacterial colonies, cellular tissues [9], and cytoskeleton components[10].

1.1.1 Physics in active matter systems

In physics, the terms “order” and “disorder” designate the presence or absence of some

symmetry or correlation in a many-particle system. Following this definition, a flock

of coherently moving birds, beasts, or bacteria can be regarded as an ordered phase of
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living matter. To study the phase transition between ordered and disordered phase in

active matter system, computer models of self-propelling particles that can align their

moving direction parallel to neighbors were developed [11, 12]. These particles can

be considered as itinerant, classical, ferromagnetically interacting continuous spins

that move in the direction in which they point, which is what makes flocks different

from magnets [7]. These models of self-propelled particles show a nonequilibrium

phase transition from a disordered state to a coherently moving flock with long-range

order as the noise strength was decreased or the density of particles was increased

[12, 13]. Moreover, vibrated monolayers of macroscopic grains have provided some of

the most fruitful realizations of active matter. Similarly, the physics of flocking can

be simulated by a group of vertically agitated rods lying on a horizontal surface [14].

1.1.2 Collective behavior and self-organization in active matter system

One of the most interesting topics in active matter physics is the study of the forma-

tion of collective behavior. Collective behavior refers to social processes and events

which do not reflect existing social structure, but emerge in a ”spontaneous” way.

In active matter systems, collective behavior happens from the interaction between

individuals in the system. Sometimes these local interactions result in a global or-

der in an initially disordered system [15, 16]. This emergence of overall order of the

system is named self-organization. Self-organization is often triggered by seemingly

random fluctuations, amplified by positive feedback, therefore it is typically robust.

Biological systems use self-organization as an advantageous strategy to gather food

and to survive in adverse environments [16]. Examples of such dynamic behaviors

in living active matter systems include bird flocks gathering over the roost at dusk,

fish schools milling underwater, swarms of insects, and the migration pattern of herds
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[17, 15]. Self-organization is widely observed not only in animals but also in multicel-

lular processes including bacterial biofilm remodeling, embryogenesis, wound healing,

and cancer metastasis. However, even in these well-studied systems, our ability to

dissect the mechanisms driving these complex behaviors is limited. To study the

self-organization behaviors in bacteria, traditional molecular genetics approaches are

applied to uncover genes and pathways required for the observed self-organization

behaviors. However, due to the diverse nature of the chemical cues and inherent

randomness in cell motility, we are rarely able to connect genes with cell behavior.

Computational techniques can aid in uncovering the dynamics, however, a lack of

biological knowledge about the system often weakens model assumptions and leaves

conclusions conjectural. For example, despite a wealth of over 50 years of biochemi-

cal, genetic, and computational modeling research into M. xanthus development, the

mechanisms coordinating cell behaviors remain a mystery.

1.2 Myxococcus xanthus as a model organism for bacterial

self-organization

Myxococcus xanthus is a gram-negative species of myxobacteria which is a group of

bacteria that predominantly live in the soil and feed on insoluble organic substances.

The bacterium has a rod-shaped cell body: approximately 5-7 µm long and 0.5-1 µm

in diameter [18]. Individual M. xantus can glide on solid surfaces. As cells glide,

they secrete a slime, which is a putative polysaccharide that forms visible trails. It

is observed that when in contact with slime trails, M. xanthus cells tend to reorient

and follow these trails rather than cross over it [19]. While living as a group, M.

xantus shows an interesting property: it exhibits various forms of self-organizing
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behavior as a response to environmental cues. This property makes M. xanthus a

model organism to study bacterial self-organization. Much effort has been devoted to

revealing the mechanisms behind these self-organizing behaviors by both experimental

and theoretical approaches.

1.2.1 Different self-organization behaviors in M. xanthus bacteria

M. xanthus cells show distinct self-organizing behaviors under different environmen-

tal conditions. For example, under starvation, M. xanthus cells are induced to form

fruiting bodies, which are 3D structures containing thousands of cells (fig. 1.1A).

The development of a fruiting body begins with many thousands of cells moving to

an aggregation center. There the cells arrange themselves in heaps and bundles in

ways that are characteristically different for each of the five families of myxobacteria

[20]. Inside the fruiting bodies, cells differentiate into dormant, oval spores that are

more resilient to starvation [21]. The development of a fruiting body of 100,000

cells requires 20 hr from the onset of starvation. The maturation of environmen-

tally resistant spores occurs over the next several days [22]. Recent experiments

and simulation suggest that the early stage of aggregation can be reproduced by bi-

ased random walk towards aggregate center, slime-trail-following and cell alignment

[1, 23]. Under nutrient-rich conditions, M. xanthus colonies are typically flat and

spreading (fig. 1.1B). At the edge of a colony, cells form a thin branch and expand

progressively outward. This process of colony expansion is known as swarming. This

swarming behavior is advantageous to the members of the colony, as it increases the

concentration of extracellular digestive enzymes secreted by the bacteria, thus facili-

tating predatory feeding. Swarming gives the colony a significant growth advantage:

although cells in the swarm center are competing with each other for nutrient and
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BA C

Figure 1.1 : Different self-organization behaviors of M. xanthus cells. (A): M. xanthus
forms into fruiting bodies under starvation [2]. (B): Swarming behavior of M. xanthus
colony [3]. (C): Rippling of M. xanthus hunting group (picture taken from this video).

oxygen, cells at the colony edge have practically unfettered access to both, thus lead

to fast growth of the colony [24]. Another intriguing self-organizing behavior of M.

xanthus is the ability to form ripples – macroscopic traveling waves formed by groups

of cells gliding together (fig. 1.1C) [25, 26, 27, 28]. Rippling has been observed un-

der two fundamentally different environmental conditions: (i) during fruiting body

development and (ii) predation of other organisms. However, case (i) depends on the

intrinsic level of autolysis and does not occur in all wild-type strains [25]. As for case

(ii), analysis indicates that predatory rippling behavior is inducible during predation

on proteobacteria, gram-positive bacteria, yeast (such as Saccharomyces cerevisiae),

and phage. Under the genetic and physiological conditions where rippling is inhib-

ited, the predatory efficiency will decrease. Rippling will also occur in the presence

of purified macromolecules such as peptidoglycan, protein, and nucleic acid but does

not occur in the presence of the respective monomeric components and also does not

occur when the macromolecules are physically separated from M. xanthus cells [25].

Nevertheless, rippling is not always necessary for predation because it neither helps

 https://www.youtube.com/watch?v=0ALM7X1_LqA
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to overcome the physical and chemical barrier conferred by the prey nor improves

prey lysis [29]. Experimental and theoretical studies indicate that rippling patterns

can be produced by side-to-side signaling between two cells that may cause one of

the cells to reverse, by physical interactions that cause the cell to locally align, and

by an internal biochemical oscillation system [30, 31, 32].

1.2.2 Motility systems in M. xanthus

On a solid surface, M. xanthus cells can move as large coordinated groups or as sin-

gle isolated cells. Previous work has shown that two categories of mutants showed

defects in either the single-cell motility or group motility [33]. Therefore, these two

motility behaviors are controlled by two different genes. Based on these results, coor-

dinated group movement was termed Social (S)-motility whereas single-cell motility

was named Adventurous (A)-motility. S-motility controls how M. xanthus cells move

as a group and is crucial for both fruiting body formation [34] and rippling in co-

operative predation [29]. This type of cooperative motility is associated with fibrils,

the lipopolysaccharide (LPS) [35], and the retractile type IV pili (T4P) [36]. Fibrils

are thick, flexible structures composed of a small fraction of protein and a partic-

ular exopolysaccharide (EPS) that contains glucosamine, galactose, rhamnose, and

xylose [37] They are useful in maintaining cellular cohesion and the activation of the

S-motility motor through cell proximity [38, 39] M. xanthus LPS contains the lipid

A, core and O‐antigen regions [40] and plays an important role in social motility and

fruiting‐body development [35]. T4Ps are strong cell motors [41, 42] located at the

leading cell pole fig. 1.2. M. xanthus cells use T4P to bind to exopolysaccharides

(EPS) material on neighbor cells’ surface or on the substrate and move forward by

retracting the pili inward [43, 44]. When a cell reverses, the pili disassemble at one
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Figure 1.2 : Social motility is mediated by the extension and retraction of type IV
pili (black tendrils) at the leading pole of a cell. The figure is from [4]

pole and reassemble at the new leading pole to maintain the cellular movement in

the new direction. Although it has been shown that T4P conveys S-motility by re-

traction, the molecular mechanism behind this coordinated extension and retraction

cycles remains to be established.

A-motility powers the individual M. xanthus cell movement on solid surfaces.

The exact mechanism of A-motility is still not completely known. Previous works

indicate that the slime extrusion engine at the lagging pole of a M. xanthus cell

can generate enough propulsion force to maintain the observed cell speed /citewol-

gemuth2002myxobacteria. For example, propulsion would occur when carbohydrate

chains hydrate as they are transported through the outer membrane to the end of the

cell. However, recent advances prove that the proteins involved in A-motility appear

to be distributed along the cell length which makes this hypothesis unlikely [45, 46].

Thus, slime may not contribute to the propulsion mechanism but rather provide a

preferential substratum or a way to guide the cells. More recently, two alternative
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mechanisms for A-motility are proposed: Helical-rotor-model (HRM) [45] and Focal-

adhesion-model (FAM) [46]. However, neither of these models was completely proven

to be correct for M. xanthus motility.

Wild-type M. xanthus cells periodically reverse their moving direction (reversal

period 6-10 min) by switching the roles of leading and lagging poles [4]. Experiments

have shown these periodic reversals can establish a biased random walk that helps the

formation of aggregates at an early stage of development [1]. Cell reversals require

regulation of both A and S motility systems and are controlled by frzA-G (a set of

seven genes) [4, 47, 48]. The reversal period can also be affected by the surrounding

nutrient conditions or chemo-attractant/repellents [49, 4, 50]. Previous studies have

shown that Frz system genes are essential for many self-organization behaviors of M.

xanthus [4, 30, 51, 48, 28], but the exact role of frz genes in these self-organization

behaviors is not completely established.

1.2.3 Intercellular signaling in M. xanthus

To achieve self-organization, M. xanthus cells exchange various signals with their

neighbors by contact or by diffusion in the immediate vicinity (short-range signal) [52,

53]. At least five such signals have been discovered, referred to as Asg, Bsg, Csg, Dsg,

and Esg [54, 55]. Among these signals, A-signal and C-signal have been chemically

characterized and have been shown to play important roles in early aggregation and

in fruiting body formation.

Experiments show that aggregation development by the A-signal defect mutants

can be restored by the addition of the appropriate mixtures of amino acids and

peptides, showing that A-signal is, in fact, a mixture of amino acids and peptides

[56, 57]. Earlier experiments have also shown that an A-signal-dependent gene is
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controlled by a pathway that also senses cell density [58]. Therefore the external

concentration of A-signal serves as a parameter of cell density. This ensures that the

subsequent signal to aggregate, as a prelude to fruiting body formation, occurs only

when the population has reached a sufficient cell density [55].

Studies suggest that the motility of both cells is required for the proper exchange of

C-signal between two cells, implying that it is necessary for the cells to be able to move

into close physical contact in order to exchange the C-signal effectively [22]. Further

investigation shows that C-signal is exchanged through end-to-end contacts on cell

surfaces [4]. The precise function of C-signal in mediating cell-cell communication is

still unclear. What is clear, however, is that it is a cell-bound contact signal that plays

a major role in controlling the activities of more than 50 genes involved in rippling,

aggregation, sporulation, and cell reversals [55]. It functions not only to regulate the

temporal expression of a variety of social and developmental activities but also to

monitor the close spatial interactions among the cells [59].

Other intercellular signals include the side-to-side signal that transmits between

parallelly aligned cells. This side-to-side signal results in a reversal in one of the cells,

which may lead to the formation of ripples [28, 32]. Other studies have shown that

some chemical signals such as phosphatidylethanolamine (PE) can affect M. xanthus

cell motility by affecting its reversal period. Overall M. xanthus cells have a complex

system of signals, but how these signals are activated in response to specific environ-

mental conditions and result in coordinated cell movement is not fully understood.
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1.3 Research objectives concerning M. xanthus cells

1.3.1 Mechanism of the biased movements of M. xanthus cells during

aggregate development

The recent methodology of data-driven models [1] reveals correlations between the

individual cell and population behaviors that are necessary and sufficient for the

observed self-organization dynamics. However, the biophysical mechanism of these

observations remains unexplained. To help uncover these mechanisms, we developed

a computational model that simulates interactions among a large number of cells.

The results demonstrate that the observed bias in cell reversal times as cells move

towards aggregates can be explained by chemotaxis model. In this model, cells secrete

a chemotactic signal and respond to it via a partially-adapting biochemical network.

The resulting aggregation dynamics are in good agreement with the experimentally

observed aggregation dynamics. Furthermore, the model reproduces the patterns

of cell alignment around aggregates observed in cell-tracking studies. On the other

hand, an alternate model, involving contact-dependent signaling between cells, fails

to aid aggregation. Thus, these results make important predictions about the cel-

lular interactions that drive multicellular aggregation and can serve to investigate

developmental mutants.

1.3.2 Cell behaviors important for mutant cell aggregation

To identify motility behaviors affecting mutant cell aggregation, we extended our

previously developed approach [1] that combines individual cell tracking with sim-

ulations driven by the accumulated cell behavior data. The extension allows us to

simulate a hybrid population of different strains and sample agents’ behavior from



11

the datasets describing each strain. By exchanging particular aspects of cell behav-

ior between wild type (WT) and mutant cells, our agent-based modeling was able

to pinpoint specific differences in cell behavior that are most biologically significant.

The results demonstrate that the WT developmental field is robust enough to nearly

completely restore csgA development. By comparison, the pilC mutant has two strik-

ing sensory deficits that diminish its ability to accumulate inside the fruiting bodies.

Multi-cellular self-organization behaviors are challenging to study because of com-

plex feedback and compensatory mechanisms at the population level, as well as the

pleiotropic effects of single mutations. Given significant heterogeneity of individual

cell behaviors, small trends in the behaviors between mutant strains could dissipate

over time or in contrast could accumulate leading to differences in the emergent pat-

terns. Our results demonstrate how careful quantification of cell behavior coupled

to data-driven modeling approaches can predict these effects and pinpoint important

synergies and compensatory mechanisms.
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Chapter 2

Methods

2.1 Introduction of agent-based model

An agent-based model is a type of computational model where a system is modeled

as a collection of autonomous decision-making entities called agents. Each agent in-

dividually assesses its situation and makes decisions based on a set of rules describing

the interaction between agents or between agents and the environment. It combines

elements of game theory, complex systems, computational sociology, multi-agent sys-

tems, and evolutionary programming. Monte Carlo methods are used to introduce

randomness into the model. A simplest agent-based model consists of a group of

agents and the interactions between them. Even a simple agent-based model can ex-

hibit complex collective behavior such as phase transition [12] and provide valuable

information about the dynamics of the real-world system that it simulates. Besides,

agents may be able to evolve, allowing unanticipated behaviors to emerge. Sophis-

ticated ABM sometimes incorporates neural networks, evolutionary algorithms, or

other learning techniques to allow realistic learning and adaptation [60].
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2.2 Phenomenological agent-based model simulation frame-

work

2.2.1 Cell motility and alignment

We developed our model based on the well-known Vicsek model [61]. In our model,

each cell is represented as an agent: self-propelled particle moving on a 2D surface.

It is characterized by its central position of −→r (t) = (x (t) , y (t)) and orientation

angle θ : −π < θ < π . Time is updated in the simulation by constant increment

∆t = 0.05min . The simulations are conducted on a rectangular 2D area with periodic

boundary conditions.

The agent’s position is updated at every time-step:

r⃗ (t+∆t) = r⃗ (t) + v⃗∥∆t+ v⃗⊥∆t (2.1)

Here v⃗∥ is the agent velocity along its direction, v⃗∥ =
∣∣v⃗∥∣∣ (cos (θi), sin (θi)) .The

agent’s speed depends on the local cell density ρcell, which is calculated by counting

agents within 5µm radius:

∣∣v⃗∥∣∣ = v0

(
1− sr

ρqvcell
ρqvv + ρqvcell

)
(2.2)

Here v0 is cell speed at low cell density, sris a dimensionless parameter that defines

the speed reduction fraction at high cell density, qvis the exponent that controls the

curve and ρv is the density threshold.

Term −→v ⊥ is the cell velocity component perpendicular to agents’ orientation vector

and phenomenologically accounts for the steric repulsion between cells. In our model,
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each agent does not have any excluded volume and therefore and can overlap with

other agents. However, in the experiments at low cell density, cells do not overlap. To

mimic this behavior in our modeling framework, we introduced repulsive interactions

between nearby agents. First, we defined perpendicular distance between cell i and

its neighbor cell j as the shortest distance between the cell j and the line though cell

i in the direction of (cos (θi) , sin (θi)) . It can be computed by projecting the vector

connecting two agent positions to
(
cos

(
θi +

π
2

)
, sin

(
θi +

π
2

))
:

dij = (xj − xi, yj − yi) ·
(
cos

(
θi +

π

2

)
, sin

(
θi +

π

2

))T

(2.3)

We then use this distance to define a repulsive force that serves to move cells apart

from one another and to prevent overlap at lower densities. At higher cell densities,

i.e. when cells are in multiple layers, this force will prevent unreasonably high local

cell densities. We express this repulsion force −→
F (dij) acting on cell i as follows:

F⃗ (dij) =
(
cos

(
θi +

π

2

)
, sin

(
θi +

π

2

))
F0 (dij) (2.4)

F0 (dij) =


α(dij − w), if w > dij > 0

α (w + dij ) , if − w < dij < 0

0, if |dij| > w

. (2.5)

Here w is the maximum interaction range, which is set to be 0.5 µm , approxi-

mately equal to the cell width and α is an effective spring constant with the value

set as described below.

At every time-step, we compute the perpendicular distance dij for all cells j near

the target cell i (within 3 µm radius, which is half-cell length) and then compute
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the corresponding −→
F (dij) . Thereafter, we sum up all the repulsion force of cell i

and calculate −→v ⊥ proportional to the force (assuming an overdamped limit, very low

Reynolds number):

v⃗⊥ =
1

γ

neighbor∑
j

F⃗ (dij) , ϵrpl = α/γ (2.6)

Here, γ is viscous drag coefficient. The parameter εrpl therefore controls the

effective speed of associated with the volume exclusion repulsion. The average value

of this speed is ∼ αw
2γ

= εrplw/2 and we chose to set that εrpl to make this speed to

approximately match the cell speed.

The orientation of the agent (θ ) changes due to three factors: stochastic fluctu-

ations (noise, stochastic turning), alignment to its neighbors, and the cell’s tendency

to follow trails:

θ (t+∆t)− θ (t) = ∆θnoise +∆θalign +∆θsli (2.7)

Here ∆θnoise is the noise term estimated from experimental data [62], ∆θalign is

local cell alignment, and ∆θsli is trail-following effect as defined introduced in the

following subsections.

2.2.2 Local cell alignment

We model nematic (i.e. modulo 180 degrees) cell alignment to neighboring cells based

on the equations of Sliusarenko et al.[63]. The alignment of cell i in one time-step ∆t

is calculated as:

∆θalign = −ϵa
1

N

N∑
j=1

sin (2 (θi − θj)) ·∆t (2.8)
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Here θi is the orientation of ith cell, θj is the orientation of the jth cell, which

is one of ith cell’s neighbors. εa is the parameter that controls the strength of cell

alignment. The summation is done over N cells within a 5 µm radius of ith cell.

2.2.3 Trail-following

M. xanthus cells tend to follow trails left by pioneer cells at low cell density [19]

and 3D tunnels within the biofilm are observed at high cell density [64]. The exact

mechanism for this trail-following by M. xanthus cells is currently unknown. As in

our previous model [6], we assume that cells actively seek trail-rich regions on the

substrate.

We employed the same phenomenological approach as in Balagam et al.(13) to

build a trail field (S (x, y, t)recording the trail material density at position (x, y) at

time-step t) covering the entire simulation region. We keep track of its time-evolution

using a square lattice grid with grid size equal to the cell width (0.5 µm). During

each time-step ∆tevery agent deposit trail material at the grid-point closest to its

location; is the trail production rate. Trail material decays exponentially over time

with a constant degradation rate:

S (x, y, t+∆t) = S (x, y, t)× e−βm∆t (2.9)

As in Balagam et al.[6], to determine the preferred trail direction ( θtrl ) we let each

agent detect the trail in a semicircle in front of the agent. θtrl points to the area with

least deviation for agents orientation θ (t) and with more than 80% of the maximum

trail field density. However, in our ABM, alignment to the preferred trail direction

is implemented somewhat differently from Balagam et al.[6]. The implementation we

have chosen uses a phenomenological approach similar to (2.8) to gradually change
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the orientation of agent i towards to the preferred direction:

∆θsli = − sin (2 (θi − θtrl)) · ϵs ·∆t (2.10)

Here, ϵscontrols how fast agents align to θtrl, in other words, it controls the

strength of the trail-following effect.

2.2.4 Periodic reversal of cells

M. xanthus cells periodically reverse their travel direction [4]. Following previous

work, we let the reversing period length τ obey Gamma distribution [65], the proba-

bility density function of reversal period τ can be written as:

p (τ) =
kMτM−1e−kτ

Γ (M)
. k =

τ 0
σ2

, M =
τ 0
σ2

(2.11)

Here, τ 0is the average period length and σis the standard deviation of period

length. To track the time between cell reversals, we introduced an internal timer

(tc) to record how many time-steps the cell has been in this reversal period. In

simulation, the probability of reversing at tc = K (K ∈ N) time-step is calculated

from a probability density function, written as:

f (K) =
p (K∆t)∆t

1−
∑K−1

j=0 p (j∆t)∆t
(2.12)

The numerator is the probability of reversing at time-step K ; the denominator

is the probability of not reversed in the preceding time-step from 0 to (K − 1) .
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2.2.5 Chemotaxis with an adaptation model

Previous studies with E. coli [66] have proposed a mechanism for robust adaptation

in simple signal transduction networks. The adaptation property is a consequence

of the network’s connectivity and does not require the ‘fine-tuning’ of parameters.

Based on this robust adaptation model, Yi et al.[67] give a standard solution that can

achieve perfect adaptation: integral feedback control, in which the time integral of the

system error, the difference between the actual output and the desired steady-state

output, is fed back into the system. This feedback control can be achieved by simple

differential equations [67]:

dx

dt
= −ky1 (2.13)

y1 = y − y0 = I + x− y0 (2.14)

where x is the time integral of system error and y1 represents the error, which is

the difference between the actual output y and the steady-state output y0 . y0 is

a constant determined by the enzyme level of the system. I is the input signal and

k is a parameter that determines the adaptation rate, i.e. the inverse of adaptation

time-scale. In steady-state, y1 = 0, x = y0 − I . Therefore, y1 does not depend on

the input signal I .

To remove constant y0 from our model, we set y2 = y0 − x . Then we have

y1 = I − y2 (2.15)
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dy2
dt

= k · y1 =
y1
ta

(2.16)

where ta is the adaptation time. We note that, for an agent to effectively detect a

change in the signal during a run, ta cannot be much longer than the persistent run

duration.

For input signal I , we let I = f (ρ) . Where f :[0,∞ ) → [0,∞ ) models the first

step of signal transduction and ρ is the signal in the environment. For function f ,

we employ the same function as in Ref. [68]

f (ρ) =
ρ

ρe + ρ
(2.17)

where ρe is a parameter controlling the signal.

Therefore, for any constant chemotactic signal ρ we have the property that limt→∞ y1 =

0 and limt→∞ y2 = f (ρ) .

2.2.6 Chemotactic signal diffusion and auto-regulated dependent produc-

tion

In our model, we assume cells produce a chemotactic signal to aid aggregation which

can diffuse and decay with time. Thus, we have a diffusion-reaction equation for the

concentration of signal:

∂tρ = D∇2ρ− β · ρ+ α (ρ) ·Ncell (x, t) (2.18)

Here D is the diffusion coefficient and β is the decay rate. The last term is the

production of the signal by cells. Ncell (x, t) is the number of cells at position x and

time t ; each cell produces α (ρ)×∆t amount of signal every time-step at its location.
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The dependence of α (ρ) on the chemotactic signal ρ constitutes a positive feedback

that improves the model’s ability to match the experimental data.

α (ρ) = α0

(
ap + (1− ap)

ρq

ρq + ρq0

)
(2.19)

Parameter α0 controls the production rate , ap ∈ (0, 1) controls the feedback

strength, i.e. dependence of α (ρ) on ρ .

To solve this equation numerically we use a 5µm×5 µm square lattice covering the

whole simulation region and implement ADI (alternating-direction-implicit) method

[69] to solve the equation numerically. The diffusion equation can be written as:

ρx,y,t+∆t − ρx,y,t
∆t

=

D

(
ρx+∆x,y,t + ρx−∆x,y,t − 2ρx,y,t

∆x2
+

ρx,y+∆y,t+∆t + ρx,y−∆y,t+∆t − 2ρx,y,t+∆t

∆y2

)
− β · ρx,y,t + α

(
ρx,y,t

)
·Ncell (x, y, t) (2.20)

ρx,y,t+2∆t − ρx,y,t+∆t

∆t
=

D

(
ρx+∆x,y,t+2∆t + ρx−∆x,y,t+2∆t − 2ρx,y,t+2∆t

∆x2
+

ρx,y+∆y,t+∆t + ρx,y−∆y,t+∆t − 2ρx,y,t+∆t

∆y2

)
− β · ρx,y,t + α

(
ρx,y,t

)
·Ncell (x, y, t) (2.21)

At odd number time-steps, we use the first equation; at even number time-steps,

we use the second equation.

For most of the simulations, we set our diffusion coefficient based on the exper-
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Figure 2.1 : Fraction of agents in aggregate as a function of time in simulation of
different agent densities. Agents represent different numbers of cells to keep the overall
cell density the same. Black dots are for simulations with 0.3 agent/ µm2 (each agent
represents one cell). Red dots are for simulation with 0.15 agent/ µm2 (each agent
represent two cells). Other simulation parameters are the same as fig. 3.9. Error
bar is measured based on multiple simulations. In our model, agents can represent
multiple cells without affecting aggregation speed much.
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iment of lipid diffusion [70] and fit β to match the spatial scale of the bias around

the aggregates. In addition, we also performed simulations of different diffusion rates

(fig. 2.1). In order to keep the chemotactic signal gradient the same, we also scaled

the decay rate and production rate with the diffusion coefficient. We see that when

the diffusion coefficient is too large (3000 µm2/min ), fewer agents accumulate in ag-

gregates because it is harder to accumulate a chemotactic signal in the environment.

Therefore, the positive feedback is not obvious and chemotactic signal production is

insufficient. However, for a diffusion coefficient of 300 µm2/min or 30 µm2/min ,

aggregation rates are similar.

2.2.7 Persistent to the non-persistent state transition

Previous work has defined coarse-grained M. xanthus cell trajectories into the persis-

tent and non-persistent states [1]. Trajectory segments, in which cells actively move

along their long axis, were assigned into persistent states. Trajectory segments for

which cell speed is too small (less than ∼ 1 µm/ min ) or the reversal period too

high (greater than ∼ 1 reversal per minute) were assigned to non-persistent states.

The probability of cells transitioning from persistent state to non-persistent state

was measured as a function of distance to aggregate [1]. In our model, we reduce the

agent’s speed −→v ∥ , which is calculated in (2.2), by 75% for the non-persistent state.

When agents enter or exit non-persistent state, they randomly pick a new moving

direction. In our contact-based model, we let the transitioning probability depend on

local cell density ρcell :

pc = p0
a0 ρcell

qc + ρqcc
ρcell

qc + ρqcc
(2.22)

Here p0, ρc, qc, a0 are parameters chosen to fit experimental data. Note that
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we use the same transition probability regardless of cell direction for two reasons:

1) the difference in transition probability is small between cells entering and leaving

aggregates [1], 2) the difference in transition probability does not have a big impact

on motility bias. We fit the experimental data based on our 1D open-loop simulation

used in fig. 3.5A. We acquire the cell density distribution at the end of the simulation

and use it to fit the transition probability.

In our chemotaxis model, we let the probability directly depend on chemotactic

signal ρ . We use the following equation to calculate this probability.

p = p0
ρ2

qp + ρqp

ρqp
(2.23)

Here, ρ is the signal level, p0, ρ2, qp are parameters chosen to fit experimental

data. Same as above, we did not differentiate the cells’ moving direction.

We performed simulations on a 400 µm×400 µm area to fit (2.23), in order to

mimic the signal produced by an aggregate placed in the center. We let the signal be

produced in a circle that is located in the center of the simulation domain, with a 50

µm radius. The signal also diffuses and decays with time. We used the steady-state

of signal level to fit eq. (2.23). Because the signal ρ is centrosymmetric, we fit (2.23)

in 1 dimension at y=200 µm .

For non-persistent state duration, we did not differentiate the moving directions

of cells as in this state cells have very low direct motility. We think the direction

during a non-persistent run is not important.

In the contact-based model, we let the non-persistent state duration depend on

local cell density, ρcell . We use the following equation to fit the mean non-persistent

state duration.
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tco =
tn (ccρcell + ρc2)

ρcell + ρc2
(2.24)

Here, tn is the non-persistent state duration of cells at low cell density and cc, ρc2

are parameters to fit the curve. We use the cell density distribution from a 1D,

open-loop simulation to fit the experimental data.

In the chemotaxis model, we let the non-persistent state duration depend on

chemotactic signal level ρ . We use the following equation to fit the mean non-

persistent state duration.

tco =
tn (ccρcell + ρc2)

ρcell + ρc2
(2.25)

Here, tn is the non-persistent state duration of cells at the low chemotactic signal

area. qn, ρn, cn are parameters to fit the curve. We fit the duration in 1D, using the

same signal level used to fit (2.23).

Source code of the chemotaxis simulation can be downloaded at:

https://github.com/zzyustcrice/chemotaxis2

Table 2.1 : Parameter values used in ABM simulations

Parameter Meaning Value used First

equation

used

∆t Simulation time step 0.05 min 1

v0 Average cell speed at low cell density 4 µm/min (1) 2

sr Speed-reduction fraction 0.25 (1) 2

continued on next page

https://github.com/zzyustcrice/chemotaxis2
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continued from previous page

ρv Threshold cell density for cell-speed decrease 0.51 cell/ µm2 2

qv Exponent for cell-speed decrease 2 2

w Cell width 0.5 µm (33) 5

εrpl Repulsion strength factor 18 min−1 6

εa Alignment strength factor 0.7 rad ·min−1 8

Spr Trail production rate 20 min−1

βm Trail decay rate 1 min−1 9

εs Trail-following strength 1.0 rad/min 10

σ Standard deviation of run duration 0.5 min 11

ta Adaptation time 1 min 16

ρe Threshold for chemotactic signal 45 AU 17

D Chemotactic signal diffusion coefficient 300 µm2/min 18

β Chemotactic signal decay rate 1 min−1 18

α0 Chemotactic signal production rate 10 min−1 19

ap Chemotactic signal production positive feed-

back fold-increase

0.8 19

ρ0 Chemotactic signal feedback production

threshold

10 AU 19

q Chemotactic signal production feedback ex-

ponent

3 19

a0 Fold-change for the probability of agents to

transition to non-persistent state as a func-

tion of cell density/signal

2.3 22

continued on next page
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continued from previous page

p0 Probability of agents to transition to non-

persistent state at the end of the run(at low

cell density)

0.25 (1) 22

qc Exponent for increase in probability of

agents to transition to non-persistent state

in contact-based model

2 22

ρc Cell density threshold for transition proba-

bility

0.6 cell/ µm2 22

qp Exponent for probability of agents to tran-

sition to non-persistent state in chemotaxis

model

2 23

ρ2 Chemotactic signal threshold probability of

agents to transition to non-persistent state

15 AU 23

cc Fold-change in the non-persistent state dura-

tion at cell density

3 24

ρc2 Threshold in cell density for the duration of

the non-persistent state

0.6 cell/ µm2 24

tn Non-persistent state duration of cells at low

cell density

2.25 min 24

qn Exponent for the increase in the duration of

the non-persistent state

2 25

ρn Threshold in chemotactic signal for the du-

ration of the non-persistent state

24 AU 25

continued on next page
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continued from previous page

cn Fold-change in the non-persistent state dura-

tion at high chemical signal

3.7 25

τ0 Persistent run duration 3.3 min (1) 26

c1 Run duration reduction fraction at high cell

density in contact-based model

0.4 26

ρc0 Cell density threshold in contact-based

model

0.64 cell/ µm2 26

q1 Exponent for increasing run duration reduc-

tion

2 26

c2 Run duration increase factor of contact de-

pendent signal

0.25 27

q2 Exponent for contact dependent signal 5 27

∆n0 Cell number threshold in contact-based

model

2 cell 27

a Parameter for signal y1 11.3 30

b Parameter for signal y2 1.1 30

2.3 Data collection and agent-based model for pilC and csgA

2.3.1 Bacterial strains, plasmids, and growth conditions.

All M. xanthus strains were grown in CYE broth [1% Bacto casitone (Difco), 0.5%

yeast extract (Difco), 10 mM 4-morpholinepropanesulfonic acid (MOPS) (pH 7.6),

and 0.1% MgSO4] and development was induced on thin (10 ml in 100 mm Petri dish)

TPM agar [10 mM Tris· HCl (pH 7.6), 1 mM KH(H2)PO4 (pH 7.6), 10 mM MgSO4,

1.5% agar (Difco)] plates containing 1 mM isopropyl β -D-1-thiogalactopyranoside
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(IPTG) and 100 µM vanillate as described in Ref.[1]. Strain LS3910 was constructed

by electroporation [71] of pLJS145 [1] into LS2442 [72] Transformants were selected

using CYE 1.5% agar plates containing 15 µg mL-1 oxytetracycline. pilC mutant

LS3011 was constructed by Magellan mutagenesis of DK1622 as described in Ref.[73].

Strain LS4223 was constructed by electroporating the tdTomato plasmid pLJS145

into LS3011 with selection on CYE agar containing 15µg mL-1 oxytetracycline.

2.3.2 Fluorescence time-lapse microscopy

Time-lapse image capture was performed as described in Ref.[1]. As in Ref.[1], the

beginning of aggregation varied between replicates by up to 1 h. To avoid possible bias

in movie alignment caused by differences in the aggregation rate of WT and mutant

cells, the approach of using the fraction of tdTomato cells within the aggregates used

in Ref.[1] was replaced with a technique that relied on YFP fluorescence. To quantify

aggregation progress using YFP fluorescence, the 2D Fourier transform coefficient

magnitudes for wavelengths between 50 and 100 µm were summed for each frame.

Aggregation start was then detected as the point at which the summed magnitude in

the movie frames crossed 20% of the maximum value reached in that movie. Movies

were then cropped to align the detected beginning of aggregation and equalize their

lengths as described in Ref.[1].

2.3.3 Developmental assays

The developmental assays were performed by mixing the tdTomato fluorescent strains

LS4223, or LS3909 with the YFP fluorescent wild-type strain LS3630 in a 1:10,000

ratio. tdTomato fluorescence indicated positions of the individual cells for strains

LS4223, and LS3909, while the YFP fluorescence revealed the territories of the LS3630
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cell aggregates. Specifically, 100 L of the tdTomato-expressing strains and 1 mL of

the YFP or non-fluorescent strains in the exponential phase were collected by cen-

trifugation at 17, 000 × g for 1-2 min and washed with 100 L of ddH2O, respectively.

The tdTomato strains were further diluted to 5 × 106 cells mL-1, while the YFP or

non-fluorescent strains were concentrated to 5 × 108 cells mL-1 in ddH2O. The diluted

tdTomato strains were then mixed with the YFP or non-fluorescent strains in a 1:100

ratio, resulting in a final ratio of 1:10,000 between the tdTomato and the YFP or

non-fluorescent cells. 35 L of the cell mixtures in 4-6 replicates were spotted onto a

TPM plate and dried out in a 32C◦ incubator for 30-45 min. The plate was sealed

with parafilm and incubated in a 28C◦ dark room. With strains or mixtures that

developed, development usually started between 7 and 10 hours post incubation and

produced stable aggregates in another 5 to 8 hours. For time lapse movies, images

were captured at 30 sec intervals beginning about 1 hour prior to the initiation of

aggregation and lasting until the formation of stable aggregates.

Viable spore data was obtained as noted previously [74].

2.3.4 Cell tracking, cell-state detection, run vector extraction, and ag-

gregate tracking

Cell tracking, run vector extraction, and aggregate tracking were performed as de-

scribed in Ref.[1], including the use of the same cell-state detection transition proba-

bilities. Note that the detection of aggregate is based on the light intensity of pixels.

The threshold of the aggregate light intensity is calculated using K-means clustering

on the pixels in the final frames of experiments. Areas with light intensity higher

than the threshold are considered as aggregates.
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2.3.5 Data-driven agent-based model.

The agent-based model used here is adapted from our previous work [1]. Given that

simulations with the experimental mutant-to-WT ratio will lead to an unfeasible

number of agents to simulate, we instead chose to implement the wide excess of WT

cells via asymmetry in their interactions. We sample behaviors of both WT and

mutant cells conditional only on the WT population distributions (see below). Each

simulation consists of 10,000 WT agents and 8,000 mutant agents on a rectangular

domain of 986 µm× 740 µm, equal to the microscope field of view, with periodic

boundary conditions along each side. Each agent represents a single cell sampled

from a biofilm of the same average density as in experiments (1.1 cells/µm2), similar

to sampling cell behaviors in the biofilm using a small number of fluorescently labeled

cells. Similar to our previous model [1], each agent’s behaviors such as run speed,

run duration and run angle are drawn from the experiment data based on the time

since the beginning of the experiment, the angle between the cell orientation and

the average bearing angle of neighboring runs, and distance and angle to nearest

aggregate. Note that unlike our previous model [1], here we did not use local cell

density extracted from the time-lapse microscopy to choose our agent behaviors since

the light intensity in the experiment varies too much for reliable density estimates

outside the aggregates. We use the same method as in Ref.[1] to select run behavior

for agents.

Since in the experiments the ratio of WT to mutant cells is over 10,000:1, it’s

fair to assume that WT cell behavior is not affected by the mutant cells. Therefore,

in simulation we usually chose the agent behavior based solely on the population

distribution of WT agents. Moreover, the density estimation in simulation uses only

WT agents so that mutant agents will not affect WT agent behavior. However, in
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simulations where we swap some WT data with mutant data, e.g., in figs. 4.8 and 4.10,

we do this by replacing some mutant data with WT data or vice versa, and feed the

combined data to mutant agents. WT agents will always use WT data to provide

background information such as neighbor cell alignment and density profile etc.

For simulations where agents use both mutant data and WT data (figs. 4.8

and 4.10), the simulation process is slightly different from the original [1]. In par-

ticular, simulations where agents use WT data for non-persistent probability or non-

persistent state behavior and mutant data for other behaviors, agents will choose

their behaviors from WT data or mutant data accordingly using nearest-neighbor

methods. Similar procedure is applied for simulations where agents use mutant data

for non-persistent probability or non-persistent state behavior and WT data for other

behaviors. For simulations where agents use WT data for persistent state speed or

duration and mutant data for other behaviors, agents will choose their behaviors from

mutant data only and then scale the persistent state speed or duration to match the

mean of the WT data. This way, we can keep the correlation between the speed

and duration in the mutant data. Moreover, to keep the bias in WT data, we split

WT data into 2 branches: data of cells moving towards the aggregate and data of

cells moving away from the aggregates. To keep the traffic-jam effect in WT data,

we further split the 2 data branches into smaller branches based on the distance to

aggregate: Each branch now contains data of cells with distance to aggregate within

1 µm window and moving in the same direction. Then we calculate the mean speed or

duration of each branch of data. We perform similar calculation for mutant data and

use the means to scale the agent behavior to match the WT data using the following

equation:

B(dir, dis) =
B1(dir, dis)

Bmu(dir, dis)
BWT (dir, dis) (2.26)
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Where B is the final scaled behavior (speed or duration) for the agent, dir is the

moving direction (moving towards or away from aggregate) of the agent and dis is

the distance to aggregate, B1 is the selected behavior from mutant data, Bmu the mean

of the mutant data calculated as above and BWT is the mean of WT data calculated

as above. For simulations where agents use mutant data for persistent state speed or

duration and WT data for other behaviors, we apply a similar procedure, the equation

to scale the agent behavior becomes:

B(dir, dis) =
B1(dir, dis)

BWT (dir, dis)
Bmu(dir, dis) (2.27)

where B1 here is the selected behavior from WT data.
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Chapter 3

Mechanisms for Observed Aggregation Cell
Behaviors

3.1 Abstract

Collective self-organization of cells into multicellular structures is important for the

lifestyle of many organisms. The bacterium Myxococcus xanthus is a model system

for studying self-organization in microbes. In this chapter, we investigate how M.

xanthus cells aggregate into multicellular mounds in response to starvation. A recent

study identified key cellular behaviors necessary for aggregation, although the mech-

anisms of these behaviors remain unclear. To help uncover these mechanisms, we

developed a computational model that simulates interactions among a large number

of cells. The results demonstrate that the observed bias in cell reversal times as cells

move towards aggregates can be explained by chemotaxis model. In this model, cells

secrete a chemotactic signal and respond to it via a partially-adapting biochemical

network. The resulting aggregation dynamics are in good agreement with the exper-

imentally observed aggregation dynamics. Furthermore, the model reproduces the

patterns of cell alignment around aggregates observed in cell-tracking studies. On

the other hand, an alternate model, involving contact-dependent signaling between

cells, fails to aid aggregation. Thus, our results make important predictions about the

cellular interactions that drive multicellular aggregation and can serve to investigate

developmental mutants.
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3.2 Introduction

Multicellular self-organization is widely studied due to its biological significance across

all kingdoms of life [1, 75, 76, 77]. For example, the dynamic organization of biofilms

formed by the Gram-negative bacterium Myxococcus xanthus depends on the ability

of these cells to sense, integrate, and respond to a variety of intercellular and envi-

ronmental cues that coordinate motility [31, 78, 79, 68, 66, 80, 61, 22]. In response to

nutritional stress, M. xanthus initiates a developmental program that stimulates cells

to aggregate into multicellular mounds that later fill with spores to become fruiting

bodies [6, 62]. Despite decades of research, the mechanistic basis of aggregation in

M. xanthus is not fully understood.

M. xanthus is a rod-shaped bacterium that moves along its long axis with periodic

reversals of direction [81]. When moving in groups, cells align parallel to one another

due to steric interactions among cells and their ability to secrete and follow trails

[6]. Notably, mutations that abolish direction reversals affect collective motility and

alignment patterns [5]. Coordination of cellular reversals and collective cell alignment

are crucial for multicellular self-organization behaviors [82, 28, 83].

M. xanthus produces both contact-dependent signals and chemoattractants. An

example of a contact-dependent stimulus is the stimulation of pilus retraction upon

the interaction of a pilus on the surface of one cell with polysaccharide on the surface of

another cell. This interaction is required for one of the two motility systems deployed

by M. xanthus [84]. Endogenous chemoattractants are also produced and are known

to cause a biased walk similar to that observed during aggregate development [78, 85].

The chemoattractants may be lipids, since M. xanthus has a chemosensory system

that allows directed movement towards phosphatidylethanolamine and diacylglycerol

[86].
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Mathematical and computational modeling efforts have long complemented the

experimental studies to test various hypotheses about how aggregation occurs [3, 87,

88, 89, 90]. However, most modeling research has focused on the formation of large,

terminal aggregates rather than the dynamics of aggregation. Furthermore, they have

been aimed at elucidating a single, dominant mechanism that drives aggregation. In

contrast, our recent work employed a combination of fluorescence microscopy and

data-driven modeling to uncover behaviors that drive self-organization [1]. These

mechanisms were quantified as correlations between the coarse-grained behaviors of

individual cells and the dynamics of the population [1]. For example, the tendency

of cells to slow-down inside aggregates can be quantified as a correlation between

cell movement speed and local cell density. Thereafter, nonparametric, data-driven,

agent-based models (ABMs) were used to identify correlations that are critical for

the observed aggregation dynamics. Agent behaviors, such as reversal frequency

and run speed, were directly sampled from a recorded dataset conditional on certain

population-level variables, such as cell density and distance to the nearest aggregate.

These models demonstrated that the following observed behaviors are critical for the

observed aggregation dynamics: decreased cell motility inside the aggregates, a biased

walk due to extended run times toward aggregate centroids, alignment among neigh-

boring cells, and alignment of cell runs in a radial direction to the nearest aggregate

[1]. Despite the success of these approaches, the mechanistic bases of these behaviors

remain unclear. For example, it is not clear how cells detect the aggregate to align

in a radial direction or how they extend the length of runs when moving towards the

aggregates.

Mechanistic ABM usually allows one to determine whether a postulated biophys-

ical mechanism of intercellular interactions is sufficient to reproduce the observed
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emergent population-level patterns. With these approaches, researchers formulate

equations or rules describing the postulated interactions and adjust these to a hand-

ful of experimental measurements. For example, such mechanistic models were used

to uncover the mechanism of collective cell alignment [6] and of cells moving in trav-

eling waves [32]. Similar approaches have been used to study aggregation [63, 51].

Unfortunately, these models suffer from a large number of unsubstantiated assump-

tions and a large number of parameters that cannot be directly measured.

Here we combine mechanistic and data-driven ABM approaches to test possi-

ble mechanisms for the observed cell behaviors. In particular, we examine whether

contact-based signaling or chemotaxis can explain the longer reversal times for cells

moving toward the aggregates as compared to cells moving away from the aggregates.

To this end, we used a dataset of Cotter et al.[1] and data-driven ABMs to parametrize

postulated interaction mechanisms and then compare the mechanistic ABMs predic-

tion to experimental observations. Furthermore, we explore whether a previously

developed cell-alignment model [6] can be scaled up to the proper cell density dur-

ing aggregation and whether mechanisms postulated in that model – specifically,

local alignment and trail-following – are sufficient to explain observed patterns of cell

alignment.

3.3 Results

3.3.1 A phenomenological model matches the patterns of cell alignment

Our recently developed collective-alignment model is based on a biophysically realistic

model of flexible M. xanthus cells. The model includes excluded-volume repulsion

that prohibits overlap between cells in physical space and also incorporates trail-
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following behavior [6, 62]. This model can explain experimentally observed alignment

patterns for wild-type cells and non-reversing mutants at low cell density (0.08 cell

/µm2 , i.e. packing fraction is about 25% ) [5]. However, the model formalism is

too complex to efficiently simulate large numbers of cells. Furthermore, while this

model does not allow overlap between cells, at high cell densities overlap becomes

unavoidable. To overcome these shortcomings we developed a mechanistic ABM that

can phenomenologically describe cell alignment dynamics. The model details are

given in Methods and briefly summarized below.

In our ABM, each agent represents a cell as a self-propelled particle on a 2-D sur-

face with a center position of (x(t), y(t)) and orientation -π <θ <π . The simulations

are conducted on a rectangular 2-D area with periodic boundary conditions. At each

time-step, agents move in the direction of their orientation and turn to align with

their neighbors and any trails in the area. No hard-core, excluded-volume repulsion

between agents is explicitly modeled (agents are essentially zero volume). However,

to avoid biologically-unrealistic agent densities, the repulsion between agents in a

direction perpendicular to their long axis is introduced. To model alignment with

neighbors, we used a phenomenological approach based on Sliusarenko et al.[63]:

each agent changes its orientation to align with neighboring cells at every time-step.

To model alignment with trails, we used the same approach as in Balagam et al.[6],

in which cells turn their long axes to nearby areas with a maximum density of trail

matrix.

To compare the phenomenological model with a detailed biophysical model [6],

we first simulated reversing and non-reversing agents at low density (0.08 agent /µm2

,i.e. ∼ 25% packing fraction) with our ABM in a 400 µm×400 µm domain with

periodic boundary conditions and other parameters set according to Ref. [6]. We
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A CB

D E F

Figure 3.1 : Comparison of the collective alignments patterns. (A, B) Simulation
snapshots of the cell patterns formed by non-reversing agents of the Balagam et
al.biophysical model (A), and of our new model (B). (C) Experimental snapshot of
the cell patters of a non-reversing mutant (A+S−Frz−) (D, E) Simulation snapshot
of reversing agents of the Balagam et al.model (D) and of our new model (E). (F)
Experimental snapshot of alignment patterns of wild type cells (A+S+Frz+). Experi-
mental pictures are from Figure. 1 of Ref. [5], used with permission. For simulations,
the area shown is 400 µm×400 µm with an agent density of 0.08 agent/µm2 (packing
fraction 0.25). The simulation time is 1 hour. For experiments, the scale bar is 100
µm.
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found that our model captures the differences in patterns of aligned agent groups

(clusters) between reversing and non-reversing agents (fig. 3.1). For non-reversing

agents, the previous biophysical model [6] shows that agents form isolated clusters

(fig. 3.1A). Our model shows a similar pattern (fig. 3.1B). For reversing agents, the

previous model [6] shows that agents form an interconnected, mesh-like structure

(fig. 3.1C). Our model also shows this pattern for reversing cells (fig. 3.1D). These

clustering patterns are also observed in experiments for reversing and non-reversing

cells [5]. To quantitatively compare the results of the new model with the previous

biophysical model, we computed the average number of agents in a cluster (defined by

a cell density above the threshold, see fig. 3.2 caption) as a function of overall agent

density (fig. 3.2). The two models are in agreement: higher cell densities lead to more

agents in a cluster and trail-following is critical for explaining cluster formation for

reversing cells. Therefore, our model quantitatively matches the detailed biophysical

model, but is computationally efficient enough to simulate very high cell densities.

3.3.2 Cell density-dependent motility decrease and cell alignment are not

sufficient for aggregate formation

Several previously published models of aggregation were based on the hypothesized

“traffic-jam mechanism” , in which cells slowdown in regions of high density [63, 51].

This slowdown further increases local cell density leading to a positive feedback loop

that drives cell aggregation. Cell tracking experiments by Sliusarenko et al.reported

an ∼ 80% reduction of cell speeds in high cell density areas and used these mea-

surements in the model to reproduce aggregation patterns [63]. In addition to this

slowdown, Sliusarenko et al.postulated that cells sense and align towards a cell-density

gradient. The mechanism of such alignment was not explained and such behavior is
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Figure 3.2 : Comparison between the previous Balagam et al.biophysical model and
our model. Results of the average number of cells in a cluster as a function of
cell density for reversing cells corresponding to fig. 3.1D, 1E. The results with and
without trail-following correspond to by green and red lines/symbols respectively.
Solid lines are results from Balagam et al.[6] with clusters defined as groups of agents
that are within 0.75 µm of other agents . Dots and crosses are from the simulation
of the phenomenological alignment model on 400 µm×400 µm and 600 µm×600 µm
simulation domain respectively. Error bar shows the standard deviation of the mean
number of cells in a cluster based on multiple simulations. We note that for the same
agent density, the total number of agents is 2.25× larger in larger domain simulations
but the average number of agents in the cluster remains about the same. Therefore,
the average number of agents in a cluster is a good measure of the cluster size. To
detect clusters in our simulations we compute local agent density and set a threshold
of 0.16 agent/ µm2 .
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A B C

Figure 3.3 : Comparison of the collective behaviors of different models. (A) Traffic
jam model. Simulation result at 10 hours. (B) Traffic jam model with local alignment.
Simulation result at 10 hours. (C) Traffic jam model with local alignment and trail
following. Simulation result at 10 hours. All simulations have agent density 0.3
agent/µm2 and 400 µm × 400 µmarea. To make aggregates more visible, only 20%
of randomly selected agents are plotted.

unlikely to be realistic unless it emerges from local alignment interactions. Further-

more, subsequent comparison of aggregation dynamics between this traffic-jam model

and the experimental results revealed that a traffic jam alone is insufficient to drive

aggregation. In particular, while the traffic-jam model can produce aggregates of sim-

ilar size compared with experiments [51] it fails to display the observed [91] dynamic

properties of aggregates, such as moving, merging and splitting, nor does it reproduce

the correct time dynamics and extent of aggregation.

Here, to investigate how different mechanisms of cell alignment would affect the

aggregation dynamics, we performed multiple simulations of different mechanistic

traffic-jam ABMs. Following up on the results of [63], agents reduce their speed by

80% if the local cell density is above 0.6 agent/µm2 . Initially, agents are randomly

distributed with a density of 0.3 agent /µm2 .

In the first model, we consider no local alignment; all the agents choose random

orientations. Running the simulations of this model for 10 hours, the natural time-
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Figure 3.4 : Different aggregation patterns of traffic jam models after long simulations.
Top row: simulations after 50 hours. Bottom row: simulation after 100 hours. (A)
Same simulation condition as fig. 3.3A with longer simulation time. Aggregate in the
right circle continues growing between 50 hours and 100 hours. (B) Same as fig. 3.3B
with longer simulation time. (C) Same as fig. 3.3C. For clarity, only 20% of agents
are plotted.

scale of aggregation in Ref. [1], we observed the emergence of very small aggregates

(fig. 3.3A). If we continue the simulations for longer times, the aggregation process

becomes unrealistically long: even after 50 hours, some aggregates are still growing

(fig. 3.4A).

In the second model we also consider local alignment: agents now actively align

their long axis with nearby agents. There are more aggregates in fig. 3.3B and their

sizes are larger than in the simulation in fig. 3.3A. Therefore, in agreement with the

results of Ref. [63, 75], local alignment helps with aggregation. However, examining

the patterns of aggregation dynamics (fig. 3.4B) we note that aggregation is still
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slower than experimentally observed [1]. Moreover, most of the aggregates do not

have the circular shape observed in experiments [91, 1] and aggregates do not move,

merge, or split.

The results of Ref. [76, 6] indicated that trail following further aids aggregation.

To test the effect of trail-following on the aggregation, we include these effects into

our second model. As shown in fig. 3.3C, by 10 hours cells converge into streams and

form small aggregates at the intersections of streams. However, these aggregates are

unusually small and do not grow in size given more simulation time (fig. 3.4C).

From these results, we conclude that a traffic-jam model is not sufficient to form

aggregates even when proper alignment mechanisms are included in the model. More-

over, recent results from Cotter et al.showed that cell motility reduction at high cell

densities is only about 60% [1] further impeding the traffic-jam model. Therefore,

we can conclude that the motility reduction is insufficient to drive aggregation. This

agrees with the conclusion of Cotter et al.[1] who demonstrated that biased walk to-

ward the aggregate center is essential to match experimentally observed aggregation

dynamics. However, the biochemical mechanism of the bias has not been identified.

In what follows, we test two alternative mechanisms for this biased walk.

3.3.3 The contact-dependent signal model does not lead to stable aggre-

gation.

Many previous studies suggest that the reversal frequency is affected by contact with

other cells [77, 31, 28, 92, 30]. For example, Mauriello et al.demonstrated that when

M. xanthus cells make transient side-to-side contact, they exhibit increased cellular

reversals [77]. Earlier studies also postulated control of reversals during M. xanthus

development by cell contact due to C-signal exchange [92, 30, 31, 28]. Moreover,
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mathematical models based on contact-dependent reversal induction successfully re-

produce traveling wave patterns formed by M. xanthus cells during development [32].

Despite all the work postulating reversal control via C-signal exchange, no molecular

mechanism has been identified.

We begin by testing the hypothesis that M. xanthus cells employ a contact-based

mechanism to perform a biased walk. To test this hypothesis using our ABM, we

assume that an agent’s run duration can be affected by nearby agents’ run directions.

If nearby agents are moving in the opposite direction, the target agent will have a

shorter run duration. If nearby agents are moving in the same direction, the target

agent will have a longer run duration. In this way, when cells form a stream, it is

likely that more cells will run in one direction to produce a net flow of cells. When

the streams of cells intersect, an aggregate can form at the intersection.

To decide how the reversal period is influenced by the direction of nearby cells, we

follow the data-driven modeling approaches of Cotter et al.[1]. For simplicity, we first

run a simple 1D, open-loop simulation, i.e. focus only on cell motility in the radial

direction near an aggregate. In this simulation, we assume there is an aggregate in the

middle of the simulation domain. This model is completely data-driven; agents choose

their behaviors from an experimental dataset from Cotter et al.[1], which shows cell

behaviors at different distances from the aggregate and moving in different directions

relative to the aggregate. As in Ref. [1], agent behavior is sampled from the recorded

dataset of cell behaviors conditional on how far the agent is from the aggregate and

the agent’s direction relative to the aggregate. To properly account for cellular slow-

down inside the aggregates we follow Cotter et al.[1] to introduce persistent and

non-persistent states into the model. In the persistent state, cells actively move along

their long axis whereas in the non-persistent state cells cease movement altogether
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Figure 3.5 : Results of the contact signal model simulations. (A) Agent density (i.e.
the number of neighbor agents within 3 µm of each agent) around the aggregate in 1D
open-loop simulation as a function of distance to the aggregate boundary. The number
of agents that move towards the aggregate center ( n+ ) shown in red solid line whereas
the number of agents moving away from the aggregate center ( n− ) is in green dashed
line. Insert shows the difference between the two ∆n = n+−n− . Results are averaged
over 23 hours of time. (B) Experimental run duration data fitted to the proposed
contact-signaling model. Red lines indicate run durations of cells moving toward
aggregates. Green lines indicate run durations of cells moving away from aggregates.
Solid lines are fitted run durations and dashed lines are experimental results. Red
and green shaded areas are bootstrapped 95% confidence intervals calculated from
experimental results. Experimental data is from [1]. (C) Closed-loop simulation
of ABM with the contact-dependent signal at 10 hours. Run duration of agents
is computed using the fitted parameters from (B). Initially, agents are randomly
distributed across the simulation domain with a density of 0.3 agent/ µm2 . As in
fig. 3.3, the simulation area is 400 µm×400 µm and only 20% of agents are plotted.

or jiggle as if pushed by moving cells. These states, and transitions between them,

were quantified in the Cotter et al.[1] dataset. As a result, decreased cell motility

inside aggregates has two components: decreased cell speed in the persistent state

compared with cells outside of aggregates and a higher probability of transitioning

into a non-persistent state.

As expected, the biased walk toward aggregates and decreased motility inside

aggregates led to agents accumulating in the region of the postulated aggregate. As

a result, the density of agents moving toward the aggregates is slightly higher than
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the density of agents moving away from the aggregates (fig. 3.5A upright). Thus, we

asked whether the run bias can result from contact-based signaling that relies on an

agent sensing nearby agents that move in same ( n+ ) or opposite directions ( n−

). Given the relatively small difference between n+ and n− we argue that the cell’s

reversal period must be sensitive to the sign and the magnitude of the difference in

the two. Therefore, we define the signal ∆n = n+−n−. In addition to this signal, the

reversal period must also depend on the total cell density ρcell = n+ + n− to ensure

a shorter reversal period inside the aggregates regardless of the direction. Therefore,

we look for a fit to bias data using

(τ fit = τ 0 (ρcell) f1 (∆n)) (3.1)

Here the first term will be a decreasing function of ρcell , e.g.

τ0 (ρc)= τ 0·
(
1− c1

ρq1cell
ρq1cell+ρq1c0

)
(3.2)

where τ0 is the mean reversal period at low cell density. Parameters c1, q1, and ρc0

are chosen to fit the experimental data showing more frequent reversals inside the

aggregates where cell density is high. The factor f1 is responsible for the bias in

runs, i.e. the difference in reversal periods for cells going towards or away from the

aggregates. We use

f1 = 1 + c2
|∆n|q2sign (∆n)

|∆n|q2 +∆nq2
0

(3.3)

where c2, q2,∆n0 are parameters chosen to provide the best fit to experimental

data. Using eqs. (3.1) to (3.3) we can fit the reversal period bias (fig. 3.5B). From

the results we can conclude that within the framework of this open-loop, 1D model,
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this contact signal mechanism can approximate the run duration data acquired from

experiments. To test whether the small deviation between the observed and fitted

reversal period bias in fig. 3.5B does not hinder aggregation, we ran a data-driven,

open loop simulation using fitted bias data. In the same fashion, we assume that the

aggregate is in the middle of the simulation domain and agent behaviors are sampled

from the experimental datasets, except for run duration data which is sampled from

the fitted data. fig. 3.6A demonstrated that aggregation proceeds in the similar

fashion. However, it is not clear whether this mechanism will work in the more

rigorous 2D, closed-loop model.

To investigate whether contact-dependent reversal period modulation will aid ag-

gregation, we performed 2D simulations using the model with the directional sensing

mechanism. In 2D, we use cell orientation angle θ to decide if two cells are moving in

the same direction or the opposite direction: if cell i and cell j satisfy: cos (θi − θj) > 0

, we assume that cell i and cell j are moving in the same direction, otherwise, the

opposite direction. In this model, each agent’s reversal period is given by eqs. (3.1)

to (3.3) and the probability of transitioning to a non-persistent state is dependent

on local agent density. In fig. 3.5C we see that after 10 hours of simulation, this

model does not produce any aggregates. Moreover, no stable aggregates form even at

longer simulation times (fig. 3.6C). In addition, we added this contact signal into the

traffic-jam model in fig. 3.3C and compared the aggregation behaviors (fig. 3.6B). The

results show that the contact signal improves aggregation somewhat, but the aggre-

gation rate is still much slower than the experiments. Therefore, we conclude that the

contact-based signal mechanism is not sufficient for aggregation and an alternative

mechanism for the biased walk of M. xanthus cells is needed.
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Figure 3.6 : Simulation results of the contact-based signal models. (A) Open-loop,
1D simulation using experimental run duration data (red) and fitted run duration
data (blue) as input. (B) Fraction of cells inside aggregates at different times. Red
line is experiment results. Black and blue lines are simulations of a traffic-jam model
(as in fig. 3.3C) with and without addition of contact-based signal respectively. (C)
Simulation of fig. 3.5C at longer times. Left panel shows the agents’ pattern at 11
hours, the red circle marks an initial aggregate. Right panel shows agents’ pattern
at 13 hours, we observed that the initial aggregate dispersed. Agent density is 0.3
agent/ µm2 . Simulation region is 400 µm× 400 µm. 20% of agents are plotted.
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3.3.4 A chemotaxis model produces biased movement similar to that ob-

served in experiments and improves aggregation

Previous experiments have shown that M. xanthus cells can move up a gradient

of lipid extracted from starving cells by increasing their reversal period [78]. At

any given concentration, the increase is temporary as cells eventually adapt to the

chemotactic signal [78]. This process is dependent on chemosensory systems similar

to those found in other bacteria [79]. We propose that the movement bias during

aggregation is caused by chemotaxis towards a chemotactic signal produced by cells.

In our model, a large number of cells in aggregate produce a concentration gradient of

a chemotactic signal that decreases with distance from the aggregate. Cells outside

the aggregate are then attracted to the aggregate though a biased walk typical of

bacterial chemotaxis systems [93].

Based on previous models of chemotaxis with adaptation [68, 66, 80], we developed

our phenomenological model using integral feedback control (fig. 3.7A, see Methods

for details). We let agents produce and detect a signaling molecule (concentration

denoted as ρ in fig. 3.7A) which diffuses and decays with time. At the high cell

densities inside aggregates, a gradient of ρ surrounding the aggregate can bias cell

movement toward aggregation centers. Signal ρ excites an internal signal of the agents

y1 , which corresponds to the activation of receptors in cells. y2 is the integral of y1 ,

and feeds back to the system to inhibit y1 and deactivate the chemoreceptors (e.g. via

demethylation). Therefore y1 and y2 form an integral feedback loop for adaptation.

Next, we let the reversal period depend on y1 and y2 :

τ dur = τ 0F (y1)G (y2) (3.4)
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Figure 3.7 : Results of a chemotaxis model. (A) The adaptation network with an
integral feedback loop used in our chemotaxis model. (B) An example of chemotactic
signal distribution. The chemotactic signal is produced in a circle in the center
with fixed decay and diffusion rates. Upper right insert: chemotactic signal in the
simulation region at a steady state. Main figure: chemotactic signal as a function
of distance to the aggregate center at a steady state. The dashed line marks the
boundary of the assumed aggregate. (C) Comparison of run duration biases produced
by simulation (solid lines) and experimental data (dashed lines). Red lines are runs
pointing toward the aggregate centroid, whereas green lines are runs pointed away
from the aggregate centroid. Shaded areas are bootstrapped 95% confidence intervals
of experiment data. (D) Aggregate size distribution in multiple simulations. Blue
is simulations of fixed chemotactic signal production rate, black is simulations of
chemotactic signal production with positive feedback. (E) Simulation of chemotaxis
model. Run duration is acquired from fitted duration in (C). (F) Same as (E), plus
positive feedback in signal production. Initially, agents are randomly distributed
across the simulation domain with density 0.3 agent/ µm2 . ABM is run for 5 hours
without chemotaxis so that agents become aligned. Snapshot is taken after 10 hours
of simulation with chemotaxis. The simulation area is 400 µm×400 µm and only 20%
of agents are plotted.
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Where F,G : R → (0,∞) . Based on the experimental data [1], agents have

shorter run durations inside aggregates. Since inside aggregates, the signal ρ is higher,

the steady state of y2 is also larger for agents inside aggregates than agents outside

aggregates. Therefore, G decreases as a function of y2 . For F (y1) , when agents move

up the chemotactic signal gradient, ρ increases and the excitation from ρ is stronger

than the inhibition, y1 > 0 . Similarly, when agents move down the chemotactic

signal gradient aggregates, y1 < 0 . Therefore, to make agents bias to longer reversal

times as they move up the chemotactic signal gradient, F needs to be increasing as a

function of y1 . Note that given that y1 is proportional to the time-derivative of y2,

we can interpret equation (29) as the reversal period decreasing as a function of signal

but increasing as a function of time-derivative of a signal. As a result, agents moving

up the gradient of the signal will increase their run periods. Thus, the implemented

chemotaxis model with adaptation is the simplest mechanistic way to enable agents

to distinguish between going into and out of aggregates.

Considering F,G > 0 for all possible inputs, we chose

F (y1) = eay1 , G (y2) = e−by2 (3.5)

where a, b are chosen to fit the exexperimental data. We note that the exponential

form of the function is phenomenological but should not matter as long as a reasonable

fit to the experimental dataset is obtained as in fig. 3.5C. To model the slow-down of

cells in high-density areas as with the experimental data [1], we make agents switch to

a non-persistent motility state with the rate dependent on ρ (see Methods for details).

The gradient profile around the aggregate is determined by the diffusion and

degradation of the signaling molecule. We use the diffusion coefficient of lipids [70]
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and fit the value of the degradation constant to match the range of bias around the

aggregates. To determine values for the parameters in our model that match the

bias observed in Ref. [1], we performed several 2D simulations. In each simulation,

the chemotactic signal is produced in a circle at the center of the simulation domain

assumed to be an aggregate. The sizes of the circle are different in each simulation

and are determined by the distribution of aggregates measured in experiments [1].

fig. 3.7B shows a chemotactic signal profile produced in one of these simulations.

To measure the biased walk of agents, we average the run durations based on run

direction and distance to the aggregate boundary for all simulations. The results in

fig. 3.7C shows that this mechanism produces bias that matches the experimental

observations.

To investigate whether the chemotaxis model aids aggregation, we performed 2D

simulations using the mechanistic ABM with chemotaxis. Following the approaches

of Ref. [1], agents were allowed to align before the onset of aggregation, i.e. ABM

simulations were run for 5 hours with the terms responsible for producing the chemo-

tactic signal were set to 0. After 5 hour alignment, agents begin to produce the

chemotactic signal and perform a biased movement. After 10 hours of chemotaxis

simulation, agents form aggregates with clear boundaries (fig. 3.7E). However, we

note that the average size of the aggregates in such simulations (mean area ≈ 4000

µm2) is somewhat smaller than those in the experiment (mean area ≈ 6000 µm2).

Moreover, the run durations computed from closed-loop simulations did not quite

match the experimental data (fig. 3.8A). To correct this issue we increased agent bias

toward larger aggregates with positive feedback in chemotactic signal production:

agents produce more chemotactic signal when in an environment with high signal

concentration (see Methods for detailed implementation). We find that this positive
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Figure 3.8 : Run duration comparison of simulations of a chemotaxis model (solid
lines) and experiment (dashed lines). (A) Simulation without positive feedback in
chemotactic signal production. (B) Simulation with the positive feedback. Red lines
are runs pointing toward the aggregate centroid, green lines are runs pointed away
from the aggregate centroid.

feedback in signal production can produce larger aggregates (fig. 3.7DF) and further

matches the experimentally observed trends (fig. 3.8B). Thus, we conclude that this

chemotaxis model can produce biased movement and stable aggregates. We then per-

formed larger scale simulations that quantitatively compare the results of this model

with the experimental observations of Cotter et al.[1].

3.3.5 A chemotaxis model qualitatively reproduces cell alignment pat-

terns

One of the most unexpected results of Cotter et al.[1] was a finding that M. xanthus

cells away from aggregates align their moving direction in a radial direction with

respect to the nearest aggregate and that the alignment aids aggregation. On the

other hand, cells inside aggregates and near the aggregate boundary align in the

tangential direction, i.e. rotate around the aggregate [1]. To see if our mechanistic
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ABM with alignment, trail following, and chemotaxis can reproduce this alignment

pattern, we performed simulations using the chemotaxis model described in the last

section. Since the microscope field of view in the experiment is 986 µm× 740 µm,

we increased our simulation domain to 1 mm× 1 mm to better compare with the

experiment.

First, we compared the alignment patterns of our model and experiment (fig. 3.9A-

D). We follow the definitions of Cotter et al.[1] and for each agent, we define a run

vector that corresponds to the agent’s displacement between changes in agent’s state,

i.e. between reversals and/or switching to between persistent state. Alignment of

agent runs to aggregate centroids is quantified by measuring the alignment coefficient,

defined as an average value of cos(2(θirun − θiagg)) where θirun is the direction of a run

vector i and θiagg is the angle of a vector pointing from the position at the beginning

of the run to the centroid of the nearest aggregate. Averaging is done overall agent

runs in the simulation. Negative alignment coefficient to aggregates indicates that

agents are aligned tangentially, i.e. rotating around the aggregate; positive alignment

coefficient indicates that agents are aligned radially relative to the aggregate. Our

results (fig. 3.9A) show that, in agreement with experimental observations of Cotter

et al.[1], the alignment coefficient is negative near aggregate boundaries but is positive

further away from the aggregates. This result shows that our model is sufficient to

explain cell alignment within and around aggregates. To further compare observed

and simulated orientation pattern dynamics, we quantified the alignment coefficient

at different times in the simulation (fig. 3.9C). The results indicate that the alignment

coefficient near aggregate boundaries decreases with time, i.e. making the tangential

orientation of agents more pronounced. Thus as the aggregates grow there are more

cells near the boundary circulating around the center and the alignment coefficient
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Figure 3.9 : Comparison between simulation and experimental results. The simu-
lation area is 1 mm×1 mm . Simulation is prerun for 5 hours without chemotactic
signal production to align agents. (A) Alignment strength of run vectors with the
vector pointing toward the nearest aggregate centroid. Red line is the experimental
result, the solid line is the mean and the dashed line marks the 95% confidence in-
tervals. Black line is the simulation result. Negative distances indicate that the run
began inside an aggregate. Values may span (− 1, 1) where 1 indicates vectors are
parallel. Likewise, − 1 indicates vectors are perpendicular. (B) Run vector alignment
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of run vectors with vector pointing toward nearest aggregate centroid at different
times in simulation. Results are averaged for run vectors within a 1-hour time win-
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experiment (red) and simulation (black). (F) Aggregate size distribution at 5 hours
in the experiment (red) and at 8 hours in simulation (black). The measurement time
point in simulation is chosen when the fraction of cells inside aggregate reaches 60% .
The aggregate size distribution is measured for multiple simulations with more than
100 aggregates.
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becomes more negative as time increases. We test this prediction by reprocessing the

data from Cotter et al.[1] in different time-windows. The results demonstrate the

same trend as predicted in the model (fig. 3.9D). Furthermore, we show (fig. 3.9B)

comparable values in experiment and simulation in the local alignment coefficient

defined as an average value of cos (2 (θi − θj)) over all runs i and j that started within

certain time and distance from one another [1]. We note that in our simulations,

the local alignment of cells is slightly weaker than the experiment and perhaps more

parameter fitting is needed for quantitative agreement.

A comparison of aggregation dynamics in our model to the experimental obser-

vations in the Ref. [1] indicate similar aggregation rates. (fig. 3.9E). We note that

the quantitative agreement between the model and the experiments can be further

improved by the offset between the time-point of 0 hours between the two. In the

model, we assumed that in the model t=0 hours is the time when agents start chemo-

tactic signal production. In the experiment, the timing is set by the imaging protocol

and we do not know when the chemotaxis starts. Nonetheless, the rate of aggregation

in simulations is a bit slower: it takes about 8 hours for the fraction of cells inside

aggregates to reach about 60% as compared to 5 hours in the experiments. However,

continuing the simulation for longer, we observe that by 10 hours over 65% of the

agents will end-up into the aggregates. The distribution of aggregate sizes (fig. 3.9F)

further demonstrates a quantitative agreement between the simulations (black bars)

and experiments of Ref. [1] (red bars). However, the agreement is not perfect as

the model produces slightly more large aggregates over 5000 µm2 and fewer small

aggregates below 5000 µm2 . This agreement may be improved by further tuning

the positive feedback in the chemotactic signal production, but is beyond the scope

of this work. Nevertheless, the model shows remarkable agreement with most of the
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features of aggregation dynamics quantified by Cotter et al.[1]

3.4 Discussion

In this paper, we developed a mechanistic ABM that matches many dynamic fea-

tures observed during aggregation and provides plausible mechanistic explanations

for these cell behaviors [1]. Given the importance of cell alignment in aggregation,

we started by developing a phenomenological framework that approximates the in-

teractions of the previous biophysical model [6]. The framework can reproduce the

different cell-alignment behaviors of reversing and non-reversing M. xanthus cells at

low cell densities [5] and can be scaled to much higher aggregation cell densities with

multiple cell layers. Next, we explored possible mechanisms of the biased walk toward

the aggregates [1]. We showed that a chemotaxis model but not a contact-based signal

model produces stable aggregates and the biased movement in our model. Remark-

ably, the resulting model also matches the experimentally observed cell alignment

patterns.

Why would chemotaxis but not contact-signaling model reproduce aggregation

patterns? We argue, that the failure of a contact-based signal model to produce

stable aggregates is due to its high sensitivity to noise. As seen in fig. 3.5A, differences

between the densities of cells going towards vs. away from the aggregates is much

smaller in comparison with the local cell density. Therefore, when this difference is

used as an input signal biasing cell reversal, the fluctuations in local cell density could

significantly affect its value. On the other hand, the production of chemoattractants is

directly proportional to the total cell density but its concentration changes gradually

over time. The ability of cells to detect both the value and time derivative (via

adaptive network) of the signal allows cells time to aggregate in high chemotactic
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signal areas.

We note that the question of whether chemotaxis is required for the formation

of stable aggregates in M. xanthus has been subject to numerous prior investiga-

tions [94, 95, 96]. Depending on the implementation mechanisms, contact-based

chemokinesis may or may not be sufficient to form aggregates. Notably, these stud-

ies did not constrain the parameters of the signaling mechanism with experimental

measurements of cellular behaviors and did not compare the dynamics of aggregate

growth in the models with the experiments. In our work, we demonstrate that only

chemotaxis-based signaling mechanisms are compatible with the constraints imposed

by the dataset of Cotter et al.[1].

Our simulations match the observations from Cotter et al.[1] that away from the

aggregate boundaries, cells tend to align radially to aggregate centers (fig. 3.9A) while

closer to the aggregate boundaries tangential (circumferential) orientation patterns

are observed (fig. 3.9A). We note that in the model the orientation of agents is not

directly affected by aggregate positions or agent density or chemotactic signal gradi-

ents. Therefore, our model predicts that the observed alignment patterns are results

of the two major factors affecting collective cellular alignment dynamics: alignment

to nearby cells and to the secreted trails. As a result of these factors, cells align and

form streams prior to the initiation of aggregation. Once aggregation initiates, cells

predominately move along the streams and, as a result, aggregates tend to form in the

regions where these streams intersect. Since cells tend to move toward aggregates,

aggregate size and cell density inside aggregates increases. At the high cell densities

that exist inside an aggregate, cells may not be able to move any closer to the ag-

gregate center (due to local repulsion), but instead, start moving in the tangential

direction. Further away from the aggregates, cells continue to move along the streams
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toward or away from the aggregate, which leads to radial orientation patterns with

respect to aggregates. The radial orientation patterns become weaker as the density

of cells outside the aggregate decreases.

While we focused mainly on a qualitative agreement between our model and ex-

perimental aggregation patterns, we nevertheless achieved a quantitative agreement

with multiple aggregate properties. We believe that this agreement can be further

improved in future work since our models ignore certain aspects of cell behaviors

observed by Cotter et al.[1]. For example, the amount of stochasticity in individ-

ual cell behaviors will undoubtedly affect the aggregation dynamics. The results of

Cotter et al.showed a wide variation in the persistent run durations of cells [1]. In

our simulations, we set the noise to be somewhat smaller and did not investigate its

effect on aggregation. Investigating the effect of noise on aggregation will be an in-

teresting direction for future work. Furthermore, during our aggregation simulations,

we assumed time-independent cell behavior but the results of Cotter et al.showed

dynamical changes in cell speed and run durations. The effect of this variability will

also be systematically investigated in future studies. Notably, the cells display longer

reversal periods at the beginning of aggregation [1] and long reversal periods com-

bined with steric interactions and trail following have been shown [6] to enable the

formation of circular aggregates – cell streams that close on themselves. It remains

to be seen if these aggregates can serve as nucleation centers for mature aggregates.

Nevertheless, our model makes important predictions about the cellular interactions

that drive multicellular aggregation and can serve as a basis to investigate a wider

range of developmental mutant strains.
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Chapter 4

Important Cell Behaviors for Myxobacterial
Aggregation

4.1 Abstract

Single mutations frequently alter several aspects of cell behavior but it is often not

clear whether a particular statistically significant change is biologically significant.

To determine which behavioral changes are most important for multicellular self-

organization, we devised a new methodology using Myxococcus xanthus as a model

system. During development, myxobacteria coordinate their movement to aggregate

into spore-filled fruiting bodies. We investigate how aggregation is restored in two

mutants, csgA and pilC, that cannot aggregate unless mixed with wild type (WT)

cells. To this end, we use cell tracking to follow movement of fluorescently labeled

cells in combination with data-driven agent-based modeling. The results indicate

that just like WT cells, both mutants bias their movement toward aggregates and re-

duce motility inside aggregates. However, several aspects of mutant behavior remain

uncorrected by WT demonstrating that perfect recreation of WT behavior is unnec-

essary. In fact, synergies between errant behaviors can make aggregation robust.

4.2 Introduction

Development is one example of multiscale emergent behavior in which molecular in-

teractions between cells allow self-organization into multicellular patterns. One of the
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most remarkable features of all types of development is how robust it is in the face of

genetic and environmental perturbations, suggesting that backup systems are in place

[97]. While molecular genetics has identified mutations that impede multicellular de-

velopment, even single mutations create downstream effects that influence multiple

aspects of cell behavior and physiology. It is frequently difficult to ascertain which

of the behavioral changes are deleterious to development and which can be tolerated.

Here we develop a new approach that leverages data-driven modeling to determine

whether a statistically significant trend in cell behavior results in biologically sig-

nificant alteration of the multicellular program. We demonstrate this approach by

focusing on full or partial rescue of the mutants during multicellular development of

Myxococcus xanthus biofilms.

Myxococcus xanthus is a rod-shaped member of the delta-Protobacteria with a

lifecycle centered around surface motility of cells in a biofilm. M. xanthus has evolved

multiple social mechanisms such as S-motility [33] and C-signaling [98, 26, 99] to

achieve coordinated group behaviors such as predation [29], rippling [100, 101, 92] and

development [100, 102]. Upon amino acid limitation, M. xanthus cells move into three-

dimensional aggregates called fruiting bodies where they sporulate [103, 104, 105]. Re-

cent studies based on cell tracking have provided unprecedented detail of cell move-

ment during development [1]. In combination with mathematical modeling, these

datasets unambiguously identified individual cell behaviors that are essential for ag-

gregation [1, 23]. These behaviors include reduced movement inside the aggregate

and a bias in directed movement toward the aggregation centers, likely via chemo-

taxis [23]. This methodology provides an unprecedented window into developmental

behavior that is presently difficult to realize in larger organisms with thicker tissues

or longer cell migration routes, such as the vertebrate neural crest or in disease states
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such as tumor metastases.

In this work we examined reciprocal interactions between WT cells mixed with

non-developing mutants. More so than other bacteria, M. xanthus cell growth and

development depends on neighboring cells, diffusing molecules, and the surrounding

biotic and abiotic environment. To determine the factors that contribute to devel-

opmental robustness we employed conditional mutants that were unable to develop

on their own, but will develop when mixed with WT cells. It is expected that the

mutants respond to at least some of the conditions established by WT cells in the

field of developing cells. The extent of the response is expected to reveal signaling

and sensory transduction pathways that are essential for WT development and are

defective in the mutants.

The extent of WT rescue of two mutants is examined in this work. The first of

these, a mutation in the pilC gene, interrupt pilus expression [106] which eliminates

S-motility, one of the two motility systems in M. xanthus [107, 108].Aggregation

can occur with the help of A-motility system that uses a novel molecular motor

and focal adhesion complexes [109, 110]. However, most S-system mutants fail to

develop because they cannot produce an extracellular matrix (ECM) that is both

essential for S-motility and vital for development. The ECM is required for some

types of chemotaxis [111, 85] as well as for cell cohesion, which could play a role

in the inhibition of motility inside the aggregate [112, 113]. As shown in this work,

pilC mutants cannot aggregate on their own but improve when mixed with wild-type

cells. The second mutation is the deletion of the csgA gene. Deletion of csgA inhibits

production of one or more intercellular signals that are required for aggregation and

sporulation [114]. While csgA cells do not form fruiting bodies on their own [100],

they respond much more completely to a WT cell developmental field than pilC
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[115]. Although much is known about M. xanthus aggregation [100, 115, 63, 51], few

quantitative data sets describe mutant cell movement during aggregation and the

mechanism of their rescue.

To identify motility behaviors affecting mutant cell aggregation, we extended our

previously developed approach that combines individual cell tracking with simulations

driven by the accumulated cell behavior data [1]. Directly applying experimental cell

data to simulations allowed us to fully investigate the effect of each change in the

mutant motility behavior on their aggregation. The results demonstrate that the WT

developmental field is robust enough to nearly completely restore csgA development.

By comparison, the pilC mutant has two striking sensory deficits that diminish its

ability to accumulate inside the fruiting bodies. By exchanging particular aspects of

cell behavior between WT and mutant cells, our agent-based modeling was able to

pinpoint specific differences in cell behavior that are most biologically significant.

4.3 Results

4.3.1 Quantifying aggregation dynamics in mixtures of wild-type and mu-

tant strains

Fluorescence microscopy was used to quantify the behavior of mutant cells at both

single cell and population levels. A small fraction of cells expressing the fluorescent

protein tdTomato were mixed with cells expressing eYFP. Each cell expressing td-

Tomato is bright enough to be segmented and tracked, allowing quantification of their

behaviors, whereas the weaker eYFP signal was used to quantify cell density during

aggregate growth [1].

When either pilC or csgA cells are mixed with differentially labeled cells of their
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own genotype, no aggregates were observed and the distribution of cells is nearly

uniform at the final time-point, i.e. at T=5h (fig. 4.1AB). Application of the 2-D

Kolmogorov-Smirnov test [116] to cell positions shows that the null-hypothesis of the

uniform distribution of labeled cells cannot be rejected (p-value>0.95). Conversely,

when tdTomato labeled csgA cells are mixed with eYFP labeled wild-type (WT)

cells, csgA cells are overrepresented in the aggregates (fig. 4.1D). The distribution of

the cells is clearly non-uniform (p-value<0.05). For pilC cells mixed with WT cells,

the rescue is less pronounced (fig. 4.1C) and there is not sufficient evidence to reject

the null-hypothesis of uniform distribution of labeled cells (p-value=0.64). Below we

describe a more sensitive metric to quantify aggregation rescue of mutant cells.

A B DC

Figure 4.1 : Cell distribution at the final frame of the experimental movies. Cells are
segmented and shown as blue circles at the centroids of labeled cells. Red ellipsoids
indicate the boundaries of aggregates segmented from the image after were cells fil-
tered. (A) pilC cells alone. (B) csgA cells alone. (C) pilC mixed with WT cells. (D)
csgA cells mixed with WT cells.

To quantify aggregate positions, densities and sizes, we filtered out the tdTomato

signal then used the eYFP intensity to estimate cell density. This data was used

to segment the aggregates and detect their boundaries and positions. For segmen-

tation of the images in which aggregation was observed (mutant strains mixed with

a majority of WT cells), we determined a threshold intensity that separates aggre-

gates from the background using K-means clustering on the light intensity of each

pixel in the final frame of the experimental movies. Dividing the light intensity of
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Figure 4.2 : (A): WT cell aggregation rates vary between experiments. Y axis is the
aggregates area divided by total area of the field of view. Red line is the average
aggregation rate in experiments mixing csgA with WT cells. Blue line is the average
aggregation rate of WT cells only [1] . Black line is average aggregation rate in
experiments mixing pilC with WT cells. (B,C): Aggregate numbers (B) and each
aggregate area (C) in experiments. Red is csgA, blue is WT, and black is pilC.
Horizontal lines inside the boxes indicate distribution median. Tops and bottoms
of each box indicate 75th (q3) and 25th (q1) percentiles, respectively. Dots in (B)
are aggregate number in each experiment and dots in (C) are each aggregate area in
experiments

pixels into two clusters gives the threshold of light intensity for aggregates. Applying

the same threshold throughout the sequence of time-lapse imaging, we can compare

aggregate growth for different experiments. To compare the aggregation rate across

different sets of experiments, we use the average aggregate size fraction, Fagg(t), i.e.

the total area of aggregates in each frame corresponding to time (t) divided by the

field of view area. The results (fig. 4.2A) indicate that aggregation of WT mixed

with pilC cells is slightly slower than WT aggregation (dataset from Ref.[1]. On the

other hand, WT cells mixed with csgA show faster aggregation. However, at the

final time point, datasets lead to approximately the same area covered by aggregates,

Fagg(tfinal). Given that WT cells represent the overwhelming majority (>99.9% ) of

the cells it is unlikely the observed differences are directly attributable to the presence

of mutant cells. Instead, these differences are likely due to slight variation of exper-

imental conditions. Indeed, different biological repeats of the mixture experiments
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show differences in the aggregation dynamics (fig. 4.2BC). Therefore, previously used

metrics to characterize aggregation such as the fraction of cells within the current

area of aggregates could be overly sensitive to this variability.

In order to quantify the distribution of the tracked cells relative to the aggregates

in a way that is robust to the variability of aggregation rate, we decided to focus on

the fraction of cells accumulated inside the final-frame boundaries of the aggregates.

If the tracked cells were uniformly distributed, we would expect that fraction to be

equal to the fraction of area covered by aggregates, i.e. Fagg(tfinal). Therefore, to see

if labeled cells are overrepresented we focus on:

P (t) =
Nin(t)

Ntot

− Fagg(tfinal) (4.1)

Here Nin is the number of tracked cells inside the final aggregate area and Ntot is the

total number of tracked cells over the total field of view area. We do this calculation

for each frame (at time t) and use it to quantify the aggregation rate of labeled cells.
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Figure 4.3 : Comparison of aggregation rates (Eq. 4.1) between experiment (A) and
simulation (B). Solid line is the average value and shaded area is a standard deviation
for each time point. Red, blue and black colors correspond to WT,csgA mixed with
WT and pilC mixed with WT respectively.
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The results for P (t) quantification for aggregation of csgA mixed with WT (red)

and pilC mixed with WT (black) cells are shown fig. 4.3A. To compare it with WT

only aggregation, we use a dataset of Ref.[1] to compute the same quantity (fig. 4.3A,

blue line). The result shows that csgA has a similar aggregation rate to WT cells.

In the final frame, the number of cells inside aggregates is larger by 50% compared

with the total cell number, P (tfinal) ∼ 0.5 . In contrast, pilC cells show much weaker

aggregation P (tfinal) ∼ 0.1 . To test if overrepresentation of pilC mutants inside the

aggregate is statistically significant, we performed a z-test. The null hypothesis is

that the pilC cells are randomly distributed, therefore the mean of P (tfinal) is 0. The

p-value for accepting the null hypothesis is 0.002, indicating that the pilC mutant is

partially rescued by WT cells.

4.3.2 Motility behaviors of rescued pilC and csgA cells differ from WT

cells

To quantify single-cell behaviors, the cell trajectories were discretized into segments

using the same method as in Ref.[1]. The resulting segmented trajectories were then

quantified as either persistent or non-persistent run vectors. Persistent runs are in-

terpreted as cells moving along their major axis using one or both motility systems

whereas as non-persistent runs correspond to “stops” (or pauses) in progressive move-

ments, during which cells can perhaps be pushed around by other cells. A run vector

begins at a change of state (persistent to either non-persistent or reversal) and ends

at the next change of state. The properties of the resulting run vectors, such as du-

ration (time between state changes) and speed (Euclidean distance over time) were

used to quantify single cell behavior during aggregation. The run vectors were also

labeled with the distance to the nearest aggregate boundary and moving direction
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relative to the nearest aggregate center. Previous work has shown that WT cells

have longer run durations when running towards an aggregate (bias effect) and cells

decrease their motility inside aggregates (”traffic-jam” effect) [1, 117]. These effects

have been shown to be important for aggregation [1, 23, 63]. To quantify traffic jam

and bias effects, we focus on the relationship between run vector properties and their

distance and direction relative to aggregates.
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persistent run for cells inside and outside aggregates.
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To study the relationship between run vector properties and distance to aggre-

gates, we divided the run vectors into 2 groups: those inside aggregates and those

outside. Then we calculated the mean duration and speed for the persistent and

non-persistent state in each group (fig. 4.4). We find that both WT and mutant cells

mixed with WT cells display a traffic-jam effect since they all have shorter persistent

run durations and longer non-persistent run durations inside aggregates (fig. 4.4BD).

To quantify the bias in run duration, we divided the run vectors into 2 groups: those

running towards aggregates and those running away. Then we define the bias ratio

by

B =
dto − daway

dall
, (4.2)

where dto is the average run duration of cells going towards aggregates, daway is the

average run duration of cells going away from aggregates, and dall is the average run

duration of all cells. fig. 4.4C shows that each mutant mixed with WT cells has a

bias ratio greater than 0, though both are less than WT.

To compare the traffic jam effect of pilC cells mixed with WT cells, we compared

the speed and state durations of pilC and WT cells. Unlike WT cells, pilC cells

show less than a 5% speed reduction inside aggregates during the persistent state

(fig. 4.4A) and only show 7% shorter persistent run durations (fig. 4.4B). Furthermore,

pilC show less bias in their run duration (fig. 4.4C). On the other hand, pilC cells

show a longer non-persistent duration and higher probability of transitioning to the

non-persistent state. However, the difference of the transitioning probability between

inside and outside aggregates is smaller (fig. 4.4D, E). In general, pilC cells exhibit

longer stop durations, more frequent stops, and slower speeds suggesting that loss of
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S-motility has compromised their overall mobility. However, as compared with WT

and csgA, smaller differences between cell behaviors inside and outside aggregates

makes pilC cells less likely to reduce their motility inside the aggregates. These

diminished differences may reduce the traffic jam effect on pilC cells, thereby impeding

aggregation of pilC cells.

Similarly, we compared traffic-jam and bias effects of a csgA-WT mixture with

WT cells. While csgA speed is ∼ 20% faster than WT cells inside aggregates, csgA

cells show proportional speed reduction inside aggregates (fig. 4.4A). Similar to WT

cells, csgA cells also have shorter persistent durations inside aggregates (fig. 4.4B),

and longer non-persistent durations (fig. 4.4D). Moreover, csgA cells increase their

probability of transitioning to the non-persistent state when inside the aggregates.

However, the difference of this probability between inside and outside the aggregates

of csgA cells is smaller than that of WT cells (fig. 4.4E). All of the above behaviors

reduce motility of csgA cells inside the aggregates, likely creating a WT-like traffic-

jam effect.

In comparison with pilC cells (fig. 4.4), csgA cells likely have a stronger traffic

jam effect due to a more pronounced reduction in speed and persistent run duration

inside the aggregates. On the other hand, their traffic-jam effect is expected to be

weaker than WT due to reduced differences in non-persistent duration and probability

between inside and outside. The csgA cells also have a stronger bias than pilC, but

weaker than WT cells (fig. 4.4C). It remains to be seen what the biological significance

of the difference in traffic-jam effect is and why, despite a somewhat weaker bias and

traffic jam effect, about the same proportion of csgA cells accumulate in the aggregate

(fig. 4.3).
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4.3.3 Data-driven models can match the aggregation dynamics of pilC

and csgA cells based on the quantified motility parameters and

their correlations.

To more stringently test the effect of cell behaviors on aggregation, we extended

the data-driven model approach used in our previous work [1] to model experiments

with mixtures of two strains. To this end, we introduce a population of two agents

corresponding to WT and mutant (either pilC or csgA) cells. Agent behaviors are

chosen from the experimental data using K-nearest neighbor (KNN) sampling based

on simulation time and the agent’s distance and moving direction relative to the

nearest aggregate. Given that the overwhelming majority of cells in the experiments

are WT, we only use WT agent density to detect aggregates. This way, WT agents

affect the behavior of mutant agents but not vice versa. At each time step, the WT

density profile is estimated from the WT agent positions by kernel density estimation

(KDE) [118] and the aggregates were then detected from the density profile. There-

after, we pick agent behaviors and move agents accordingly. Each simulation was

run for 5 hours, after which we calculated the aggregation rate P (t) as we did for the

experiment. Simulations containing csgA agents mixed with WT agents display an

aggregation rate similar to that of WT agents, whereas simulations with pilC agents

exhibit much weaker aggregation (fig. 4.3B). Comparing the results of these simu-

lations to the experimental measurements (fig. 4.3A), we concluded that the model

can reproduce the aggregation dynamics for WT and each mutant cell mixture with

WT. In other words, dependences (correlations) included in the sampling of agent

behavior contain sufficient information to recapture observed aggregation dynamics.

As a control for the previous simulations, we performed simulations where we re-

moved all dependences such that agent behavior is randomly chosen from the whole
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Figure 4.5 : Identification of key cell behaviors that drive mutant strain aggregation.
Simulation results of pilC (A,D), csgA (B,E) and WT (C,F) based on the experimental
data (quantified as P (t), Eq. 4.1) on y-axis). Blue line and shaded areas are the
simulation results under normal conditions. Black lines represent simulations without
any dependence, i.e., data is randomly chosen (A-C) or simulation where run duration
does not depend on time. (D-F). Shaded areas show standard deviations.

data set. As expected, we did not see any aggregation for mutant mixtures or WT

agents (fig. 4.5 A-C). This result shows that some combination of cell behavior depen-

dence on time, distance and direction to nearest aggregate is essential for aggregation.

Since there are many cell behavior dependences in this model, our next step is to find

which dependences are more important for aggregation.

Previous work on WT aggregation has shown that cell behaviors are different at

different times during development and this time-dependence of cell behaviors affects

aggregation dynamics [1]. To determine whether time dependence is important for

mutant cell aggregation, we performed simulations where agent behavior does not
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depend on time. Removing time-dependence for WT aggregation causes P (tfinal) to

drop from ∼ 0.45 to ∼ 0.35 (fig. 4.5F), which confirms our previous result [1] that time

dependence helps WT aggregation. However, removing time dependence for mutant

agents (while keeping it for WT agents), does not affect aggregation dynamics for

either pilC (fig. 4.5D) or csgA (fig. 4.5E). This shows that the behavior dependence

on time is not important for mutant cell aggregation.

4.3.4 Transitioning to and staying in the non-persistent state in aggre-

gates does not help pilC and csgA aggregation

Given that the increase of non-persistent state duration increases the time cells spend

inside aggregates, we hypothesized that this effect is an essential component of the

traffic-jam effect and aids aggregation of mutant cells. To test this hypothesis, we

performed simulations where the non-persistent state duration for agents is not con-

ditional on their position relative to the aggregate. Surprisingly, removing this de-

pendence does not have an obvious effect on pilC (fig. 4.6A) or csgA (fig. 4.6B) and

only leads to a modest decrease in WT aggregation (∼ 0.05 or ∼ 10% drop in P (tfinal)

; fig. 4.6C). This result shows that longer “stops” inside aggregates is not the main

reason for successful aggregation.

To assess the effects of a higher probability of “stops” (i.e. non-persistent runs)

inside the aggregates, we performed simulations where the probability of transitioning

to a non-persistent state is independent of the agent’s position, (i.e. sampled from the

same distribution inside and outside an aggregate). We discovered that removing this

dependence does not affect aggregation for pilC (fig. 4.6D) or csgA (fig. 4.6E) and

leads to only a ∼ 0.07 (∼ 15% ) drop in P (tfinal) for WT (fig. 4.6F). It appears that

longer non-persistent state durations and a higher probability of transitioning to the
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Figure 4.6 : Comparison of the aggregation rate (quantified as P (t), Eq. 4.1) on
y-axis) from simulations of pilC (A,D) and csgA (B,E) cells mixed with WT cells,
and WT (C,F) cells alone. Blues line and shaded area is the simulation result un-
der conditions where agent behavior is chosen from experimental data. Black lines
represent simulations where non-persistent behavior does not depend on distance to
aggregates (A-C) or in which probability to non-persistent state does not depend on
distance to aggregates (D-F). Shaded areas show standard deviations.

non-persistent state are not the main reasons for cell accumulation in aggregates. In

summary, difference in stopping probability and duration between inside and outside

the aggregates are not critical for the traffic jam effect or can be compensated by

other mechanisms.

4.3.5 Behaviors in the persistent state are critical for the aggregation

To test which persistent state behaviors are important for aggregation, we first re-

moved the bias towards aggregates, which is the dependence of run duration on the

angle between the moving cell and the closest aggregate. This leads to a ∼ 0.03 drop

in P (tfinal) for pilC (fig. 4.7A). For csgA (fig. 4.7B) and WT (fig. 4.7C), P (tfinal)
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drops 0.15∼ 0.2. This result shows that bias in run duration is essential, more so

for csgA and WT aggregation than pilC aggregation. This also agrees with fig. 4.4C

where we showed that csgA and WT have larger bias ratios than pilC. However, given

the overall poor aggregation of pilC, the decrease associated with lack of bias is still

important and in relative terms is just slightly weaker than that of the other strains

(30% reduction of final P (tfinal) for pilC vs 40% for csgA and 45% for WT).

Next, we attempt to make the cells behave the same way inside and outside the

aggregate to remove the traffic jam effect but maintain the bias. First, we removed

persistent state speed and duration dependence on agents’ distance to the nearest

aggregate while keeping the dependence of run duration on the angle between the

moving cell and the closest aggregate. The results show that removing distance

dependence decreases aggregation for all types of cells: P (tfinal) drops ∼ 0.03 for pilC

(fig. 4.7D) and drops ∼ 0.25 for csgA (fig. 4.7E) and WT (fig. 4.7F) cells. Therefore,

the reduction of speed and duration inside aggregates is important for aggregation.

Interestingly, the reduction of speed and duration can also be considered a traffic-jam

effect. Comparing the traffic-jam effects in non-persistent state, i.e., longer duration

and higher probability of non-persistent state inside aggregates, traffic-jam effects in

persistent state appear to be more important. Notably, removing persistent speed

and duration dependence on distance decreases aggregation more in csgA and WT

cells than in pilC cells. Even considering the poor aggregation of pilC, the relative

decrease in aggregation is still weaker for pilC (30% reduction of final P (tfinal) for

pilC vs 55% for csgA and 55% for WT). This shows that csgA and WT cells have a

stronger traffic-jam effect than pilC, in agreement with fig. 4.4A and 4B.
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Figure 4.7 : Comparison of the aggregation rate (quantified as P (t), Eq. 4.1) on
y-axis) of simulated of pilC (A,D) and csgA (B,E) cells mixed with WT cells, and
WT (C,F) cells alone. Blues line and shaded area are simulation results under nor-
mal conditions. Black lines represent simulations where persistent behavior does not
depend on run direction, i.e., without bias (A-C) or in which run duration does not
depend on distance to aggregates, i.e., without traffic jam (D-F). Shaded areas show
standard deviations.

4.3.6 Different motility behaviors of pilC and csgA cells explains the

partial rescue of pilC and full rescue of csgA

The results thus far match the observed behaviors of mutant cells with their observed

aggregation dynamics. Next we try to determine which mutant cells behaviors are

responsible for the different aggregation rates as compared with WT. To this end

we introduce a new “hybrid” simulation technique in which certain aspects of mu-

tant and WT agent behaviors are swapped with one another or scaled to match the

mean of another. For example, experimental data shows that pilC mutants switch to

the non-persistent state more frequently and stay in the non-persistent state longer

(fig. 4.4D,E). To determine whether these behaviors contribute to weaker aggrega-
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tion, we performed simulations where we swap some of the pilC motility behaviors

with WT behaviors (fig. 4.8). When agents using the pilC probability of transition-

ing to the non-persistent state and WT data for other behaviors, aggregation drops

( P (tfinal) drops ∼ 0.2) (fig. 4.8A), but agents using WT probability of transitioning

to the non-persistent state with pilC data for other behaviors does not improve pilC

aggregation (fig. 4.8B). To further confirm that the decrease in aggregation is due to

the longer stop or higher stopping frequency rather than some other feature of the

pilC data, we performed simulations of WT cells where we only increased the non-

persistent duration or non-persistent probability to match the average data of pilC

cells (fig. 4.9). As expected, the aggregation rate is slowed compared to normal WT

aggregation. We can conclude that frequent stops is one of the major impediments

to pilC aggregation.

To learn how pilC persistent behaviors affect aggregation, we performed simula-

tions where agents use WT persistent duration data combined with other pilC cell

data and vice versa (fig. 4.8C). Agents using pilC persistent duration combined with

other WT data have reduced aggregation compared with WT ( P (tfinal) drops ∼

0.25). Agents using WT persistent duration combined with other pilC data show

improved aggregation over pilC ( P (tfinal) increases ∼ 0.02). This is not surprising

since WT cells have a much stronger persistent duration bias and stronger bias leads

to more complete aggregation. Finally, agents using pilC persistent speed combined

with other WT data have reduced aggregation compared with WT ( P (tfinal) drops

∼ 0.2) whereas WT persistent speed combined with other pilC data improves pilC

aggregation ( P (tfinal) increases ∼ 0.02) (fig. 4.8D). This is because pilC cells have

similar speeds inside and outside aggregates whereas WT cells have slower speeds

inside aggregates and this slowdown improves aggregation. Overall our results show
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Figure 4.8 : Simulations swapping WT data and pilC cell data demonstrate which
mutant cell behaviors are sufficiently different from wild-type to affect the aggregation
rate (quantified as P (t), Eq. 4.1) on y-axis). Blue lines are simulation results of
agents using pilC cell data. Red lines are simulation results of agents using WT cell
data. Green lines are simulations of agents using pilC data with partial WT cell
data. Black lines are simulations of agents using WT data with partial pilC cell data.
(A): Green is agents using WT cell probability to non-persistent state and other pilC
data. Black is agents using pilC probability to non-persistent state and other WT
data. (B): Green is agents using WT cell non-persistent state duration and other
pilC data. Black is agents using pilC cell non-persistent state duration and other
WT data. (C): Green is agents using WT cell persistent state duration and other
pilC data. Black is agents using pilC cell persistent state duration and other WT
data. (D): Green is agents using WT cell persistent state speed and other pilC data.
Black is agents using pilC cell persistent state speed and other WT data. Only mean
values are plotted for clarity.

that weak aggregation of pilC is due to slow speed, longer non-persistent durations,

and a higher probability of transitioning to the non-persistent state.

For csgA mutants, fig. 4.4E shows that the difference for stopping probabilities and

durations inside and outside aggregates is less pronounced than WT. To test whether

these behaviors decrease aggregation, we performed a simulation where agents use WT

data for probability of transitioning into the non-persistent state and csgA data for

other behaviors. This simulation does not improve csgA aggregation (fig. 4.10A). But

agents using csgA probability to transition to the non-persistent state and WT data

for other behaviors cause P (tfinal) to drop ∼ 0.05 compared with WT aggregation.

Moreover, agents using csgA non-persistent duration and WT data for other behaviors
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Figure 4.9 : Simulation of WT agents with longer non-persistent duration (red) or
higher non-persistent probability (black) impede aggregation rate (Eq. 4.1) as com-
pared to simulations with unperturbed behaviors(blue). Shaded areas show standard
deviations.

show a slight decrease in aggregation compared with WT aggregation ( P (tfinal) drops

∼ 0.05). On the other hand, agents using WT non-persistent duration and csgA

data for other behaviors show a slight increase in aggregation compared with csgA

aggregation ( P (tfinal) increases ∼ 0.02). These results show that the differences

in non-persistent state switching and duration between WT and csgA do not affect

aggregation much.

To learn how csgA persistent behaviors affect aggregation, we performed a simu-
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Figure 4.10 : Simulations swapping WT data and csgA cell data demonstrate which
mutant cell behaviors are sufficiently different from wild-type to affect the aggregation
rate (quantified as P (t), Eq. 4.1) on y-axis). Blue lines are simulation results of agents
using csgA cell data. Red lines are simulation results of agents using WT cell data.
Green lines are simulations of agents using csgA data with partial WT cell data.
Black lines are simulations of agents using WT data with partial csgA cell data. (A):
Green is agents using WT cell probability to non-persistent state and other csgA
data. Black is agents using csgA probability to non-persistent state and other WT
data. (B): Green is agents using WT cell non-persistent state duration and other
csgA data. Black is agents using csgA cell non-persistent state duration and other
WT data. (C): Green is agents using WT cell persistent state duration and other
csgA data. Black is agents using csgA cell persistent state duration and other WT
data. (D): Green is gents using WT cell persistent state speed and other csgA data.
Black is agents using csgA cell persistent state speed and other WT data. Only mean
values are plotted for clarity.

lation where agents use persistent duration of WT cells and other behaviors of csgA

cells (fig. 4.10C). This leads to a slightly better aggregation compared with csgA cells

( P (tfinal) increases ∼ 0.05). Agents using csgA persistent duration and other WT cell

behavior show a slightly lower aggregation compared with WT cells ( P (tfinal) drops

∼ 0.07). Note that WT persistent duration has a bigger bias but shorter duration.

To learn whether a shorter duration will decrease csgA aggregation, we performed a

simulation where agents use csgA data but scale the persistent duration to match the

average duration of WT cells. This led to a lower aggregation (fig. 4.11). These re-

sults show that the csgA weaker bias is partially compensated by the longer persistent

duration.



81

0 1 2 3 4 5

Time (hr)

0.2

0.4

A
g

g
re

g
a

ti
o

n
 r

a
te

 P
(t
)

0.1

0.3

0.5

Figure 4.11 : Model demonstrate that longer persistent run duration help csgA.
Scaling persistent of csgA agents to WT persistent duration (black line) impedes
their aggregation as compared to simulations using unscaled data(blue line). Shaded
areas show standard deviations.

Finally, to find whether the faster speed of csgA cells in the persistent state helps

aggregation, we performed simulations where agents use csgA persistent speed and

other WT behaviors. This leads to faster aggregation, but P (tfinal) remains the same

compared with WT. Moreover, agents using WT persistent speed and other csgA

behaviors have a slightly slower aggregation rate compared with csgA. This result

shows that csgA cells’ faster speed compensates for the weaker (compared with WT

cells) bias in persistent duration and explains why csgA and WT cells show similar

aggregation rates. Therefore, rescue of the collective behavior can occur even without
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complete rescue of the underlying single-cell behaviors.

Table 4.1 : Summary of performed simulation and effect
of mutant behaviors on aggregation

Observation Simulation performed Effect on aggregation

pilC mutants switch to

non-persistent state more

frequently

pilC agents use WT data

for the probability of

transitioning to the non-

persistent state for and

vice versa

Frequent stops slow-down ag-

gregation (fig. 4.8A), but the

final aggregation result is sim-

ilar after a longer simulation

time (fig. 4.9)

pilC mutants stay in non-

persistent state longer

pilC agents use WT data

for the duration and speed

of the non-persistent state

and vice versa

Longer stops slow-down aggre-

gation (fig. 4.8B), but the fi-

nal aggregation result is sim-

ilar after a longer simulation

time (fig. 4.9)

Run duration for pilC

mutants shows lesser de-

pendence on cell density

and smaller bias

pilC agents use WT data

for persistent duration and

vice versa.

Smaller bias and difference be-

tween inside and outside ag-

gregates for run durations im-

pedes aggregation (fig. 4.8C).

pilC mutants do not show

speed reduction inside

the aggregates.

pilC agents scaled persis-

tent speed to match WT

data for and vice versa.

Lack of speed reduction inside

the aggregates impedes aggre-

gation (fig. 4.8D).

continued on next page
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continued from previous page

The difference for stop-

ping probabilities inside

and outside aggregates is

less pronounced for csgA

mutants

csgA agents use WT

data for the probability

of transitioning to the

non-persistent state for

and vice versa

Density-dependence of stop-

ping probability does not have

major effect on aggregation

(fig. 4.10A).

The difference of stop du-

rations inside and outside

aggregates is less pro-

nounced for csgA mu-

tants

csgA agents use WT data

for the duration and speed

of the non-persistent state

and vice versa

Density-dependence of stop-

ping slightly impedes aggrega-

tion (fig. 4.10B).

csgA mutants have a

weaker bias but longer

duration in persistent

state compared with WT

-csgA agents use WT data

for the duration of the per-

sistent state

- scaled the persistent du-

ration of csgA agents to

match mean values of WT

While longer persistent dura-

tion helps csgA aggregation

(fig. 4.11B), the weaker bias

has an opposite and stronger

effect. Overall, csgA persistent

duration impedes aggregation

(fig. 4.10C).

csgA mutants have faster

speed in persistent state

csgA agents use WT data

for the persistent speed and

vice versa

Faster speed speeds up the ag-

gregation (fig. 4.10D).

4.4 Discussion

In this work we developed a methodology to assess which aspects of individual cell

behavior are responsible for observed trends in collective self-organization. In partic-
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ular, we were interested in how aggregation is restored when csgA and pilC mutants

were mixed with wild type (WT) cells. With comprehensive quantification of mutant

cell behaviors, we saw two surprising findings. Despite complete rescue (based on the

percentage of cells that ended-up in the aggregate location) when placed in a field

of developing wild-type cells, csgA cells show behaviors that are distinctly different

from wild type, most notably increased speed and reduced biased random walk. We

propose that the former compensates for the latter. On the other hand, pilC is signifi-

cantly attenuated for all behaviors that are important for wild-type aggregation inside

the aggregates. While the observed changes in behavior are statistically significant,

the marginal improvements to aggregation in the presence of wild type cells cannot

be attributed to one or two specific changes. We extended the data-driven modeling

approach for hybrid populations of agents that correspond to wild-type and mutant

behaviors and use a swapped-dataset sampling approach (table 4.1) to pinpoint cell

movement features that are responsible for full or partial rescue of the mutant strains.

As with our previous analysis of wild-type aggregation dynamics, we conclude

that three features of cell behavior contribute to efficient accumulation in aggregates.

First, the cells follow aligned paths that precede appearance of aggregates such that

their orientations are correlated with one another and with the direction to the nearest

aggregate likely to appear along their path. That essentially reduces the search for

aggregates to 1D. Second, due to the bias in persistent run durations, cells move

longer when approaching an aggregate than when moving in the opposite direction.

This biased random walk results in an increase in cell flux toward the aggregates and

accelerates the aggregation dynamics. Finally, once in aggregates the cells are less

likely to leave as their speed decreases, their probability to transition non-persistent

state increases and the time cells spend in the non-persistent state increases. Notably
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all three strains displayed these three features, but their contributions to aggregation

are different between strains.

For csgA cells, our results identified important compensatory mechanisms indi-

cating that restoration of collective behavior is possible without full restoration of

each individual cell behavior. With longer persistent run distances resulting from

faster speeds and longer durations in the persistent state, cells are more likely to end

up in the aggregates. This effect explains why csgA cells show similar aggregation

even with a weaker bias compared with WT cells. Genetic studies have shown that

csgA cells possess both fully functional motility systems. The mutant fails to develop

specifically because it fails to produce one or more essential developmental signals.

While the mutant clearly responds to the wild-type signal(s), it would appear that the

csgA mutation causes a slight downstream effect in perception or motility regulation

that reduces the bias.

In marked contrast, pilC aggregation is specifically impeded by the S-motility

defect, which involves lack of pilus production and lack of EPS production. S-motile

cells use the pilus to attach to EPS on adjacent cells, and retraction of a motor at

the base of the pilus pulls the cell forward. pilC cells have significantly decreased

bias which our results suggest is due to reduced speed, reduced run durations, and

increased frequency of transiting to the non-persistent state. As the WT cells would be

expected to provide normal levels of EPS and other required signals, pilC cells clearly

lack the appropriate response. This is a striking finding in view of the observation that

S-motility is not required for aggregation. Some S mutants, like pilA (which encodes

the pilus structural protein) and pilT (which encodes the pilus retraction motor),

can aggregate using only the A-motility system. The results point to a downstream

effect, perhaps related to perception of lipid chemoattractants, which has been noted
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in certain S mutants but not examined specifically in pilC. The pilC mutant also has a

diminished traffic jam effect. Similar to WT and csgA, pilC mutants also have longer

non-persistent durations inside aggregates, yet pilC cells frequently leave aggregates.

While they are overrepresented in the aggregate location, they are about 4-fold less

abundant than csgA or labeled WT cells. Again, the as yet unknown signal(s) used

to hold cells in aggregates should be in sufficient concentration leading one to suspect

that the problem is more specifically due to pilC perception or response to the signal.

Notably, there is also a striking difference in the rescue of the two mutants for

sporulation by WT cells. As a benchmark, WT cells form 0.14 spores per input

cell with the remaining cells undergoing alternate developmental fates such as pro-

grammed cell death and formation of peripheral rods. WT cells efficiently rescue the

sporulation of csgA mutants. csgA cells alone form 2 x 10-5 spores per input cell

which increases to 0.15 spores per input cell in the presence of WT cells. In contrast,

WT cells do not rescue pilC sporulation. pilC cells alone form 3 x10-3 spores per

input cell which increases minimally to 4 x 10-3 spores per input cell in the presence

of WT cells. Sporulation is thought to have little bearing on aggregation since it

occurs after aggregation is complete. Nevertheless, these results clearly support the

ideas developed in this work for aggregation that csgA cells are deficient in producing

essential extracellular signals but proficient in responding to them while pilC cells

have difficulty perceiving or responding to the signals.

Multi-cellular self-organization behaviors are prevalent in biological systems, but

have proven challenging to study. There are complex feedback and compensatory

mechanisms at the population level as well as pleiotropic effects of single mutations.

Given significant heterogeneity of individual cell behaviors, small trends in the behav-

iors between mutant strains could dissipate over time or in contrast could accumulate
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leading to differences in the emergent patterns. Our results demonstrate how careful

quantification of cell behavior coupled to data-driven modeling approaches can pre-

dict these effects and pinpoint important synergies and compensatory mechanisms.
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Chapter 5

Mathematical Model Uncovers the Mechanism of
Circular Cell Aggregates Formation Driven by

Cell Adhesion

5.1 Introduction

5.1.1 TraA/B overexpression leads to emergent behaviors of circular ag-

gregates

A B

Figure 5.1 : (A): Circular aggregates formed by O/E TraAB mutant. (B): Fewer
circular aggregates are formed by cells that express TraAB at WT level.

Recent work done by Dr. Daniel Wall Lab shows that that an engineered M. xan-

thus mutant strain overexpressing TraA and TraB proteins (thereafter OE strain) self-

organizes into a large number of circular cell aggregates under vegetative (nutrient-

rich) conditions(fig. 5.1A). Under the same conditions, parent strain with a normal
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level of TraA/B forms streams and circular aggregates are relatively rare (fig. 5.1B).

TraA/B is a recently discovered two-protein system that facilitates the exchange of cell

surface proteins and lipids between cells through the fusion of their outer membranes

[119, 120, 121]. Overexpression of TraA/B is known to results in cell-cell adhesion

[122]. However, how overexpression leads to the formation of circular aggregates and

whether it is due to cell-cell adhesion is not clear.

Notably, a recent theoretical study using a flexible mass-spring model showed that

non-reversing cells can form circular aggregates through short-range active guiding

[123]. In this model, the active guiding forces allow the lagging cell to actively seek

and maintain a constant distance from the leading cell. This active guiding force is

assumed to arise from either physical adhesion between cell poles or through addi-

tional cell forces generated in the lagging cell. However, there is no biological evidence

of additional force generation in M. xanthus cells that allows them to actively seek

other cells and it is not obvious that TraA/B-modulated adhesion can play this role.

Furthermore, simulations results of Ref. [123] indicate that passive-cell-following (the

lagging cell only turns toward the direction of the leading) or any long-range guiding

mechanism (e.g. slime-trail-following) does not result in circular aggregates. How-

ever, the results from our group called this conclusion into question[6]. Notably, in

Ref. [123] circular aggregates show rigid-body rotation but circular aggregates formed

in Ref. [6] due to slime-trail following did not. Given that aggregates’ rigid body ro-

tation is not observed in OE strain suggests that the mechanism in Ref. [123] is not

fully consistent with the observations.
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5.2 Results

5.2.1 A biophysical model shows that non-reversing agents can form cir-

cular aggregates

A B

Figure 5.2 : (A): Reversing agents do not form circular aggregates. (B): Non-reversing
agents form circular aggregates.

To identify the mechanism of circular aggregation, we applied the biophysical

model developed by Balagam et al.[6, 62]. In this model, to simulate flexible rod-

shaped cells, each agent is represented by 7 nodes connected by springs. Agents align

with one another on collisions [62] and follow slime trails left by other agents [6].

When the slime-trail following is strong, distinct patterns are observed depending

on the reversal frequency of the individual agents. The simulations with periodic

agent reversals (with WT reversals period ∼ 8min) show agents to self-organize into

connected streams (fig. 5.2A). This pattern resembles the results seen in Figure 1B

and consistent with experimentally observed patterns formed by WT cells [5]. In

contrast, when non-reversing agents are simulated they can form circular aggregates
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(fig. 5.2B). This result seems to predict that long reversal period is necessary for

circular aggregates formation. However, no connection between TraAB protein and

reversal control has been previously suggested.

5.2.2 Experiments confirm the suppression of reversals in circular aggre-

gates but show normal reversals in diluted single cells.

To see whether OE mutant has a longer reversal period, Dr. Daniel Wall Lab repeated

their circular aggregate experiments with small fractions of OE cells expressing a

fluorescent protein. The resulting fluorescence microcopy time-lapse images allowed

us to track individual cells and determine their reversal frequency. Using the tracking

method developed by Cotter et al. [1] and used in Chapter 4, we follow cells frame-to-

frame to get their trajectories and then coarse-grain these trajectories to determine

reversal period distribution.

fig. 5.3A shows the trajectories of florescent labeled cells with different (random)

colors corresponding to different cells. These trajectories show that inside aggregates

cells are rotating around the aggregate center. fig. 5.3B shows the measured reversal

period distribution. The result shows that over 80% of tracked cells have a reversal

period of over 55 minutes. Considering that cells were only tracked for 60 minutes,

this result confirms our prediction that the majority of cells are not reversing inside

circular aggregates.

To determine if overexpression of TraA/B disrupted the reversals in individual

cells, Dr. Daniel Wall Lab measured the reversal frequencies of single OE strain cells.

These experiments (data not shown) indicate that the reversal frequency of these cells

is not significantly different from that of WT cells. Thus the mechanisms by which

OE strain suppresses their reversals in circular aggregates are not clear.
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Figure 5.3 : TraA/B overexpression leads to circular aggregates formation: (A):
Trajectories of labeled cells. Each colored curve is a trajectory of one cell. (B): Run
duration distribution of labeled cells. The total experiment time is 60 minutes, note
that most cells show a run duration of 60 minutes, showing that most cells do not
have reversals.

5.2.3 Mathematical model suggest that contact-dependent reversal sup-

pression can explain circular aggregate formation in OE strain

To reconcile the differences in reversal frequencies between the reversal suppression

in the groups of OE cells and normal reversals in individual cells we hypothesized

that short-range signaling between cells could suppress cell reversals. Indeed, contact-

dependent signals such as C-signal is known to regulate reversal frequency [78]. If that

is the case, cell-cell adhesion due to TraA/B overexpression could enhance signaling

efficiency and result in reversal suppression.

To implement this mechanism in our model we chose a phenomenological ap-

proach to achieve contact-dependent reversal suppression: each time-step when a

given agent is in contact with another agent, its reversal clock is reset backward

by a fixed amount. Given that TraA/B stimulates both end-to-end and side-to-side

adhesion, we assumed either one or both interactions lead to reversal suppression.
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Furthermore, we introduce explicit adhesion forces between OE mutants that hold

agents together and thereby increase reversal suppression by increasing contact dura-

tion. The results of the simulations with different types of contact-dependent reversal

suppression interactions are shown in fig. 5.4.

Without additional adhesion (fig. 5.4A), reversal-suppressing interactions do not

last long enough to substantially inhibit reversals and the resulting patterns resemble

those of normally reversing cells (compare with fig. 5.2A). Agents shown in white

are engaged in reversal-suppressing interactions and agents shown in red are not. A

small number of white agents in fig. 5.4A indicate that in the absence of adhesive

interactions contact-dependent reversal suppression is not very efficient. Next, we

performed a simulation of agents with reversal suppression by end-to-end contact

(fig. 5.4B). Compared with fig. 5.4A, we observe many circular aggregates forming in

fig. 5.4B. This result confirms our hypothesis that reversal suppression is necessary

for circular aggregation. Moreover, to test the importance of side-to-side contact, we

performed a simulation that includes both end-to-end contact and side-to-side contact

(fig. 5.4C). Compared with fig. 5.4B, circular aggregates are larger in fig. 5.4C. To

quantitatively compare the aggregates sizes, we compared the average agent number

inside one aggregate (fig. 5.4D), the result shows that including side-to-side adhesion

will increase the number in each aggregate about twofold.

5.2.4 The model explains the change of rotation speed and angular ve-

locity as a function of distance to the center

Next, we used cell tracking data to check if circular aggregates rotate as a rigid body

and to examine how cell speed changes as a function of distances to an aggregate

center. The experimental data shows that cells have slower speeds but higher angular
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velocity near the aggregate center, whereas cells further away from the aggregate

center have faster speed but lower angular velocity (fig. 5.5AB). This result shows

that the circular aggregates are not rotating as a rigid body since the angular velocities

are different. Moreover, cells near the aggregate center move slower.

To investigate whether our model shows the same trend, we measured the speed

and angular velocity of agents in simulation as a function of distance to the aggregate

center (fig. 5.5CD). Our simulation results are qualitatively consistent with exper-

imental observations. We observe that agent speed increases with distance to the

aggregate center but angular speed decreases with distance to the aggregate center.

This matches the trend in the experiment. However, the circular aggregate in the

experiment is much larger (radius is 120 µm ) than in simulation (radius is less than

20 µm ), therefore we cannot quantitatively match the agent speed and angular veloc-

ity. This might be because our simulation domain (200 µm× 200 µm ) is too small,

but due to the computational limit, we did not simulate a larger domain. Neverthe-

less, our simulation can provide a qualitative explanation of agent speed and angular

velocity as a function of distance to the aggregate center.

5.2.5 The model predicts the phenotypes of the mixture strains

To generate experimentally testable predictions, we performed a simulation of a mix-

ture of two types of agents (corresponding to different strains) with a ratio of 1:1.

fig. 5.6A shows the simulation result of a mixture of two types of OE mutant. It is

known that TraAB proteins allow kin-recognition, and different TraAB proteins that

only interact with their cognate type have been discovered [120]. Therefore, in our

simulations agents representing different types of OE mutants adhere to their own

kind but not to each other, i.e., the adhesion and reversal suppression only happens
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when two agents of the same type make contact. We were testing whether such

interaction would lead to separation of agents into distinct aggregates. However,

the simulation result shows that inside aggregates, the two types of mutants will be

mixed. Preliminary data from Wall lab confirm this prediction.

Next we performed the simulations corresponding to mixture of WT and OE

strains. fig. 5.6B shows the simulation result of a mixture of OE mutant (green) and

WT mutant (red) agents. In contrast to OE agents, WT agents are not capable of

attaching to other agents (from either OE or WT strain) and therefore not efficient in

suppression of reversals. We observed that WT agents are separate from OE mutant

and form the mesh-like structure as in fig. 5.4A, whereas the OE mutants form circular

aggregates. This prediction is currently being experimentally tested.

Finally we performed a simulation corresponding to a mixture of OE strain with

a mutant that does not reverse (e.g. frz mutant [47]). fig. 5.6C shows the simulation

results of OE agents in green and non-reversing mutant agents in red. Just like WT

agents, non-reversing mutant does not attach to other agents. The result shows that

OE mutant and non-reversing mutant can be mixed inside circular aggregates. These

predictions will also be experimentally tested.

5.3 Summary

In this chapter, we investigated the mechanism of circular cell aggregate formation

in M. xanthus developmental swarms using our mechanical agent-based model. We

discovered that circular aggregation requires reversal suppression and cell adhesion.

Moreover, speed and angular velocity of agents as a function of distance to the aggre-

gate center in our simulation qualitatively match with the experimental result: cells

near the center have a slower speed and higher angular velocity whereas cells further
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away from the center have a faster speed and lower angular velocity. Further, based

on our model, we predicted the self-organization pattern of mixture strains. This

prediction will be tested by future experiments.
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Figure 5.5 : Cell speed and angular velocity measured in experiment and simulation.
(A, B): Cell speed (A) and angular speed (B) measured as a function of distance
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Figure 5.6 : Simulation results of different mixture strains. (A): Mixture of two types
of OE mutants. (B): Mixture of WT and OE mutants. (C): Mixture of non-reversing
mutant and OE mutant.
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Chapter 6

Summary

Most bacterial species exhibit collective behaviors, which require cooperation between

participant cells. Understanding the mechanisms that enable bacterial cells to work

in a coordinated fashion is crucial for understanding bacterial self-organization. M.

xanthus cells show distinct self-organization behaviors under different conditions and

therefore considered as a model organism for studying bacteria collective behavior.

In this thesis work, I investigated the aggregation behavior of M. xanthus cells and

the possible mechanism behind it.

Agent-based models are proven to be useful in understanding the effect of inter-

actions between individuals on the overall behavior of the system, therefore, it is an

important tool in investigating intercellular interactions in bacterial self-organization.

In this thesis work, I developed a phenomenological agent-based-model and modified

our previous mechanical and data-driven model to study aggregation behaviors of M.

xanthus cells. Results from each of the studies are summarized below.

6.1 Mechanisms for biased movements in aggregation

Under starvation, M. xanthus cells gather together and form aggregates. Previous

study has shown that myxo cells perform biased walk towards aggregates center and

this biased walk helps the aggregation process. However, the mechanism of this

biased movement is unknown. To this end, we proposed two possible mechanism:
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contact-dependent signaling and chemotaxis signaling. To discover whether these

two mechanisms will work, we developed a phenomenological model that includes the

main motility features of myxo cells such as reversing, neighbor alignment and slime-

trail following. Our result shows that contact-dependent signaling cannot produce the

biased movement or aggregation behaviors observed in experiments, whereas chemo-

taxis signaling can successfully reproduce these behaviors. Our model also matches

with the experiment on the results of the cell alignment to aggregate. More specifi-

cally, cells near the aggregate center tend to rotate around the center whereas cells

far away from the center tend to align to the aggregate center.

6.2 Important cell behaviors for aggregation rescue of mu-

tant cell

Experiments have shown that two types of M. xanthus mutants do not aggregate on

their own but aggregate when mixed with a majority of WT cells. These mutants are

csgA, which is defective in C-signal, and pilC, which lacks pili and is defective in social

motility. To identify the cell behaviors that drive the aggregation of mutant cells, we

modified the data-driven model developed by Cotteret al.[1]. Using this model, we

showed that cell behaviors in the persistent moving state are more important to

aggregation than behaviors in the non-persistent state. Moreover, we proved that

pilC cells’ lack of traffic-jam effect and weak bias lead to the weak aggregation result.

For csgA cells, the faster speed and longer run duration compensate for the weaker

bias. These results show that mutant cells do not need to perfectly recreate WT cell

behavior to achieve the same aggregation result.
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6.3 Formation of circular aggregates

M. xanthus cells in developmental swarms occasionally aggregate and move in circular

or spiral formations, called circular aggregate. The circular aggregate formation is a

known transient phenomenon during M. xanthus developmental phase, but the mech-

anism underlying this cell self-organization behavior was not well understood. Recent

experiments showed that myxo cell strain over-expressing TraA/B protein (thereafter

OE strain) formed multiple stable circular aggregates. TraA/B protein is known to

play an important role in cell membrane fusion and signal transmission. Therefore,

we hypothesize that OE strains have strong cell-cell adhesion and contact-dependent

reversal suppression. Our mechanical agent-based model shows that the circular

aggregates are formed due to the synergistic effect of contact-based cell reversal sup-

pression and TraA/B-mediated cell adhesion that keeps cells in contact for longer

duration. Moreover, our model shows that OE strain mixed with non-reversing mu-

tant (frz mutant) or a mixture of two different types of OE strains also forms circular

aggregates, and different types of cells will be mixed inside these circular aggregates.

However, a mixture of OE strain and WT strain will become separated, i.e. , OE

strain will form circular aggregate whereas WT cells will form connected cell streams.

These simulation results await further confirmation by experiments.
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