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Abstract
Population Heterogeneity and the Spatial Organization of Emergent Proteus mirabilis Swarm Collectives
By
Eliotte Eileen Garling
Doctor of Philosophy in Microbiology
University of California, Berkeley
Professor Karine Gibbs, Chair

Collective behaviors enable individuals to aggregate, working together to accomplish tasks, and
withstand adverse environments in ways that isolated organisms cannot. Collective behaviors
have emerged across the tree of life, necessarily mediated by interactions among individuals.
Yet, at the microbial level, the contributions of individual cells to the emergence, propagation,
and maintenance of collective behaviors remain unclear. Using Proteus mirabilis cooperative
migration (swarming) as a model system, this dissertation combines genetics, computational,
mathematical, and microscopy-based methodologies to quantitatively investigate the architecture
of bacterial swarm collectives.

Quantitative microscopy approaches for resolving individual cell morphometrics within dense,
quickly migrating populations stymied formal descriptions of microscale contributions to
collective migration. In this dissertation, I introduce Swarmetrics, a quantitative image analysis
pipeline designed to tackle dynamically migrating, irregularly shaped, and densely packed
bacterial populations. Application of this pipeline over a series of eight-hour time courses with
two species of P. mirabilis cells revealed previously unrecognized heterogeneity in cell
morphology throughout swarm development, but most notably during active cooperative
migration. This single-cell resolution challenged traditional models of P. mirabilis swarm
morphology (length, particularly) as a synchronized transition into swarming behaviors. A new
model is presented that incorporates population-level morphological variance as a more robust
indicator of a P. mirabilis’ place in the cell cycle, comparable to established gene expression
markers for swarming. Overall, this work demonstrate that some collective behaviors may be
more heterogenous and dynamically structured than once believed.

Building upon these findings, I joined a collaborative team of computer scientists and
mathematicians at CU Boulder to establish and characterize the population architecture of
swarms at the mesoscale. Together, our efforts have yielded new tools for dissecting complex
microbial communities in a quantitative manner. By comparing cell-cell contact and the
clustering of cells of wild type and strains deficient in the ability to transfer the non-lethal
molecularly encoded identity signal Ids, our research suggests that identity signaling may serve
as a mechanism to organize individuals into collectives. Taken together, the work presented in
this dissertation proposes that collective behaviors are not homogenous masses of identical cells
that coordinate in perfect unison. But instead, the amalgamation of heterogenous and



dynamically structured into coordinated collective groups. The approaches developed within this
body of work mark a step forward in linking individual-level behaviors to more broad
population-scale behaviors leading to the emergence of collectivity.
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Chapter 1: Investigating Emergent Collective Migration
in Proteus Mirabilis



1.1 The Protean Life of Proteus Mirabilis

Interactions form the world we live in, from atoms, to molecules, to cells, to organisms. The
expansion from the individual cell to the formation of a complex multicellular organism relies on
interactions. At the same time, the transition from single cell living, to groups of cells
collaborating, pushes the boundaries of the division between unicellularity and multicellularity.
Proteus mirabilis was named after the ancient sea god Proteus who foretold the future, and
morphed shapes to conceal his knowledge to those who dare attempt to capture him. The
bacterium P. mirabilis has similarly captured the notice of scientists due to the dramatic
morphological variation, and collective behavior of swarming that occurs during P. mirabilis’
life cycle.

Grown in liquid media, P. mirabilis lives as a short (1-2 um in length) rod-shaped swimmer cell
expressing 6-10 flagellum (1,2) When grown on rigid surfaces, P. mirabilis can participate in a
rapid surface-based cooperative group motility called swarming or swarm migration. There is a
lag period after initial contact with a rigid surface, then swarmer cells form by elongating from
short rod shape into snake-like cells that can range in length from 10-80 pm (3). Swarmer cells
have multiple copies of chromosomes but lack a division plane or septum. The transition into a
swarmer state is coupled with a dramatic upregulation of the flagellar master regulator fIADC (4),
the global transcriptional regulator rcsB, and the direct sensing of surfaces by flagellum (5,6).
Swarming cells migrate as rafts of cells connected by flagella (7), which enable groups of cells to
move together much more efficiently than an individual bacterium is able. Cells in rafts are
aligned in parallel as the rafts move, and populations can travel outwards as rapidly as five
centimeters within 24 hours at room temperature (3). Cell rafts are transitory and the entrance
and exit of the stages of consolidation and elongation results in a radial colony expansion and a
stereotypical bullseye pattern when grown on nutrient agar plates in the laboratory.

The transition into a swarmer state is coupled with a dramatic upregulation of the flagellar
master regulator fIhDC, the global transcriptional regulator rcsB, and the direct sensing of
surfaces by flagellum (5,6). However, the signals that initiate swarming motility in P. mirabilis
remain unclear. Findings suggest that there are internal cellular components required for
swarming including putrescine biosynthesis and pathways connected to amino acid metabolism
(8). There are also environmental cues which initiate swarming in P. mirabilis, including excess
L-glutamine, surface rigidity, and moisture levels (9,10). Research by Little et al. (2019)
provides significant evidence that stress sensing, cell envelope structure, and the ffG gene
encoding a sugar-modifying enzyme dTDP glucose-4,6,-dehydratase produce an LPS-linked
structural component of the cell envelope. Where, under swarm-permissive conditions, pathways
including the Rcs phosphorelay, fThDC, rffg, and other stress-responsive genes act as sensors to
modulate P. mirabilis’ cell cycle. Additionally, evidence also suggests that the cell envelope
itself functions as a critical checkpoint, triggering the transition to cell elongation and swarming
behaviors (11).

In 1946, Dienes described expanding swarm colonies of genetically identical strains growing
rapidly across the petri dish from opposite ends, merging with ease (12). By contrast, a



boundary, visible by the human eye, materializes between approaching swarms of different
genetic backgrounds — the result of an arrest in forward migration. This boundary is referred to
as the Dienes line and was initially correlated with lethal competitive factors such as proticine
and toxins due to the unoccupied regions, cell debris, and round bodies seen in the boundary at
high magnification (13-16).

1.2 A Genetically Tractable Model for Dissecting Emergent Collective
Behavior

The astonishing Dienes line mystified scientists due to its formidable boundary that formed when
genetically different cells encountered each other, and the absence of one when genetically
similar cells met at the center of a petri dish. As research continued to investigate this strange
phenomenon, it became clear that lethal factors alone were not enough to fully explain the
formation of this boundary. Even in the absence of proticine production, P. mirabilis strains can
still form boundaries, highlighting that additional mechanisms beyond proticine production and
sensitivity contribute to P.mirabilis’ boundary formation. In 2008, Gibbs et al., sought to identify
self-versus non-self-discrimination factors in P. mirabilis by isolating mutants that recognize
their parental strain as non-self (17).

Genetic analysis revealed a mutation in the operon termed ids (identification of self).
Additionally, a complete idsA-F cluster across several different P. mirabilis strains revealed that
the amino acid sequences of IdsD and IdsE are very similar besides a variable region within each
protein (17). Further biochemical investigation demonstrated that the IdsD and IdsE proteins
interact in an allele-specific manner (18). The IdsD protein binds primarily to the IdsE protein
encoded adjacently; variants of IdsE that are encoded elsewhere within the genome -- or from
foreign strains -- will not bind. Modifications to the variable region amino acid sequences within
IdsD and IdsE, can either disrupt or generate binding capabilities between the two proteins.

Transfer of IdsD from a donor to a recipient cell is likely mediated by the type VI secretion
system (T6S) (18-20). T6S systems are translocation apparatuses that span the cell envelope and
are found in Gram-negative bacteria, resembling an inverted bacteriophage-puncturing device
(21,22). Incidentally, IdsC contains a DUF4123 domain (Pfam family PF13503) encoded
upstream of the T6S effectors and was previously used as a marker to identify unknown T6S
effectors (19,23). Biochemical, molecular, and genetic evidence has demonstrated that the
DUF4123 domain of IdsC is essential for the binding interaction between IdsC and IdsD (19).
IdsC is also necessary for the formation of subcellular clusters of IdsD along the cell periphery
and is necessary for the delivery of IdsD from a donor to a recipient cell through T6S machinery.
IdsC’s role in the localization and transport of IdsD can be disentangled through the introduction
of mutations to the amino acid sequence of IdsC (24). Interestingly, a single cell can produce
mismatched versions of IdsD and IdsE without disrupting swarm expansion or Dienes line
formation, as long as IdsD transfer is inhibited (25). Together, these findings highlight the
genetic tractability of P. mirabilis in which precise genetic perturbations can be harnessed to
dissect the molecular mechanisms underlying self/non-self-recognition and collective migration.



1.3 Social Identity in a Migrating Collective

As P. mirabilis enters the snake-like phenotype of a swarmer cell and migrates in tandem with
neighboring cells, T6S machinery is visible via TssB-sfGFP reporter strains as elongated sheaths
(25). However, during consolidation when swarming arrestsT6S machinery is diffuse, suggesting
that IdsD is exchanged between cells during active collective migration (26,27). Within the
context of swarming this implies that each cell can exchange IdsD with the ever-changing cast of
neighbors it encounters.

A cell is considered “self” if it produces an IdsE protein that is cognate to the IdsD it receives
from a neighboring cell (18). A non-cognate IdsD/E interaction, either from the deletion of idsE
or from a non-self-strain encounter, results in the attenuation of swarm expansion without the
loss of cell viability (14,18). Non-self-recognition and the resultant exclusion from the leading
swarm edge is termed “Ids mismatch.” Cells that are excluded from the leading swarm edge due
to Ids mismatch can grow and divide at a rate comparable to non-excluded cells (25).
Additionally, further examination of an active swarm environment revealed that P. mirabilis
exchange IdsD via T6S during migration (26). However, the signal transduction and recognition
response is delayed until the cells have stopped moving and enter the consolidation phase of their
life cycle (28). This underscores that Ids-mediated self-recognition functions not by lethal means,
but by coordinating participation with non-lethal identity signaling within the swarm collective.

The story does not end here, however. When P. mirabilis cells have halted migration and
transitioned into the non-migratory, dividing, consolidation phase of their life cycle, Ids
mismatch results in a striking transcriptional shift (28). Specifically, the upregulation of
guanosine tetraphosphate (p)ppGpp, and subsequent activation of the stringent response. Initially
described in E. coli under starvation conditions (29,30), a rise in (p)ppGpp levels and entrance
into the stringent response is due to the selective downregulation of rRNA, and protection from
DNA from damage. Research since the initial discovery of (p)ppGpp in 1969 has demonstrated
that (p)ppGpp regulatory pathways are highly conserved and function as cellular alarm systems.
Activation of (p)ppGpp regulatory pathways can result in widespread transcriptional,
physiological, and metabolic adaptations to environmental conditions, thereby increasing the
probability of survival (31-33). In P. mirabilis cells, entrance into the stringent response is
marked by the transition into a non-swarming state, where cells are unable to elongate into
swarmer cells and participate in collective swarm motility and winnowing from the leading
swarm edge (28). While the fate of these cells in a swarm remains unknown, our current
hypothesis suggests that Ids mismatch results in kin cells slowly dominating the outer edges of a
swarm. Thus, Ids proteins act to non-lethally maintain a dominant clonality at the leading edge of
the swarm front, biasing access to potentially nutrient-rich and environmentally favorable
conditions. It is worth noting that the quantity or degree of Ids mismatch required for a P.
mirabilis cell to receive before entering the stringent response remains unknown.

1.3 The Emergence of Collective Behaviors from Single Cell States

Multicellular group formation of unicellular organisms has been observed across the tree of life,
and includes the bacterium P. mirabilis and Myxococcus xanthus, the slime mold Dictyostelim



discoideum, and the green alga Cholerra vulgaris. These organisms blur the boundary between
unicellularity and multicellularity through their participation in group behaviors (34,35). P.
mirabilis strikes an intricate balance between single-cell living and the multicellular migration
termed swarming. Swarming, wherein thousands of cells move cooperatively in a unified mass,
allows cells to migrate greater distances than a single cell could alone (1,9). Coordinated and
cooperative behaviors are hypothesized to have facilitated the evolutionary transition from group
behaviors to multicellularity, a trait that has arisen more than 25 times across the tree of life (36).
While the evolution of multicellularity is still not well understood, analysis of group behaviors
can inform the constraints and advantages of multicellular existence.

Individual and group behaviors have been studied across many disciplines and scales, from
economics-based game theory to social psychology, and developmental biology to ecology
(26,37-40). Indeed, the range of disciplines that have encountered and attempted to understand
group behaviors is vast. Given the range of organisms that exhibit group behaviors, it’s important
to define the terms of group behaviors. Particularly due to the undefined or “gray zones” existing
outside of said clearly defined terms. Group behaviors emerge from social interactions that may
be influenced by genetic relatedness (clonality), proximity, or other features (41). Within the
realm of possible group behaviors are collective behaviors. Collective behaviors can be
considered as behaviors that arise without centralized control, where the properties and
functionality of the group emerge through interactions among individuals and the expansive
networks they form (34,42). Population dynamics emerge out of interactions and describe the
ways the groups and individuals communicate, sense, and respond to their surroundings.
Individuals participating in group behaviors may perform different tasks, and the division of
labor may be distributed based on several different factors including interactions, the shapes of
colonies and swarms, and stages of development (43). Additionally, the division of labor and
interactions between individuals may shape the overall composition of a population. For
example, female African lions (Panthera leo) engage in many group behaviors including group
hunting, communal cub rearing, and group territoriality(44,45). However, during group-
territorial conflict simulating an intruder, some members of the pack would lead the approach to
protect the territory whereas other females would stay behind thereby avoiding danger (46). The
differences in the community structure and complexity in behaviors in response to approaching
danger demonstrate that within cooperative group behaviors, individuals cannot be expected to
behave identically.

Within the bacterial realm of group behaviors, there are several different stereotypically
observed behaviors. Biofilms and inoculation colonies are examples of micro-movement and
sessile behaviors. Biofilms are surface-adhered or suspended aggregates of bacterial
communities that are often multilayered and experience cell-to-cell contact within extracellular
polymeric substances (EPS) that provides a defined architecture to the biofilm (47). These sessile
communities can be attached to solid surfaces, form pellicles at the liquid-air interface, or free
float in liquid (48,49). Recent research has suggested that social cooperativity plays a role in the
early stages of biofilm development during the period of transient surface attachment, called
reversible attachment, a process which initiates the formation of Pseudomonas aeruginosa
biofilms (50,51). Additionally, biofilms are often polymicrobial communities that participate in
dynamic intercellular signaling through the exchange of metabolites, genetic material, and other
compounds (48,52,53). Continued research has highlighted the heterogeneity of biofilms,



bringing forth the idea that macro-scale behaviors and physiological structures formed by
individuals within a collective may be influenced by microenvironmental conditions that regulate
signaling, metabolism, and gene expression (54-56).

1.4 Navigating the Continuum of Colony Structure, Local Environments and
Cellular Interactions

Highly motile macro-movement behaviors, like swarming, are another example of stereotypical
bacterial group behaviors. Swarming describes the coordinated movement of bacteria (several
mm s™!) across rigid surfaces and is hypothesized to require a quorum of cells to initiate
swarming. The transition to swarming is coupled with drastic morphological changes during
elongation, P. mirabilis dramatically upregulates their flagellum and orient along the lengths of
neighboring cells to form cell “rafts”. These rafts of cells can migrate up to 100 times in surface
distance (in centimeters) than individual cells are able to migrate (1,2). The decision to move
between sessile and macro movement group behaviors requires the integration of many
environmental cues: nutrient accessibility, oxygen levels, temperature, pH, and surface tension,
all of which are abiotic factors known to influence the initiation and coordination of group
behaviors (57). However, the exact cue(s) for P. mirabilis swarm initiation remains unknown.

Other microbial systems have uncovered the mechanisms that demarcate the transition from
individual cells to a sessile collective state. Carbon catabolite control mechanisms provide a
scaffolding by which microbes can preferentially catabolize the most energy-efficient carbon
source available in an environment to achieve a stable growth rate (58,59). Selecting an optimal
carbon source, however, can constrain the expression of genes involved in the catabolism of
other carbon sources. This regulatory carbon catabolite control is known as CCR and enables
microbes to survive and compete in dynamic environments through controlled metabolic
flexibility (60). In cases of nutrient depletion, or other stressors, cells can secrete signaling
molecules into the environment to trigger the shift from a unicellular to a multicellular lifestyle.

Self/non-self-recognition is intimately tied with participation in the collective migration of P.
mirabilis — though, this underscores a larger theme of microbial interactions: interactions
between cells can drive behavioral shifts, lifestyle adaptations, and dramatic morphological
changes (61,62) These changes can exert profound effects on the structure and function of
microbial communities as a whole. Unicellular organisms possess sophisticated mechanisms for
self-recognition that can govern a wide variety of behaviors, such colony formation, mating, and
immune defense. For example, Staphylococcus aureus uses the accessory gene regulator (agr)
quorum-sensing system to initiate pathogenesis (63). Marking the switch from colonization to
virulence, S. aureus cells secrete autoinducing peptides (AIP) into the extracellular environment.
The concentration of AIPs allows cells to communicate relative population density. Once a
threshold AIP level is reached in the local environment, S. aruerus can upregulate genes
involved in pathogenesis, allowing for the establishment of infection (64).

Unlike quorum sensing, which may indicate how many others are around, it may convey little
about who those others are. The social amoeba D. discoideum survives by weaving

together indiscriminate quorum sensing with identity signaling (65). Under starvation conditions,
D. discoideum cells release the diffuse secondary signaling molecule, cyclic adenosine



monophosphate (cAMP). This signaling molecule travels like a wave through the local
environment, calling other D. discoideum cells to aggregate. Once assembled, the proximity of
cells allows for self/non-self-recognition to occur. This process is mediated by the polymorphic
proteins, TgrB1 and TgrC1(66). These proteins function as a ligand-receptor pair in a sequence
specific manner. When neighboring cells are recognized as “self” through cell-cell adhesion, the
cells will merge into clonal fruiting bodies, while those who recognize each other as “non-self”
will not. This mix of signaling systems demonstrates alternative modes of social behavior that
are not mutually exclusive, (1) soluble cAMP aggregates cells into a local environment at
proximity to (2) undergo cell-cell contact mediated self/non-self-recognition. These different
signaling systems reveal how the transition from a unicellular to a multicellular life phase can
arise from environmental signaling, and identity-dependent social selection.

For some organisms, the transition from unicellular to multicellular life stages could be described
in shades of gray, as opposed to a strict shift from one form to the other. Interestingly, both
swarms and biofilm structures display heterogeneity in cellular biomass, cellular signaling,
metabolism, and gene expression within one microbial collective (58,67). Not only this, but the
spatial organization of collectives has shown to be heterogenous in biofilms as well. Evans et al.
(2023) demonstrated a tradeoff in biofilm structure, where some cells may be in more direct
contact with redox-active compounds naturally toxic to P. aeruginosa closer to the air interface
(68). While cells deeper in the biofilm in hypoxic/anoxic conditions are protected from the
toxicity of redox-active compounds closer to the air-interface of the biofilm. These observations
suggest that microbial collectives can exhibit hallmark features of multicellular organization, in
which cellular specialization and spatial structuring enable the division of physiological burdens
across the community.

Overall, the ability to sense and respond to environmental stressors is fundamental for the
survival of organisms and multicellular networks, whether sessile or macro movement, may act
as survival mechanisms. Temporal and spatial organization of individual cells can lead to the
establishment of resilient bacterial communities. P. mirabilis represents a paradigm for
organisms at the interface of unicellularity and multicellularity, particularly exemplified by its
macro-scale cooperative migration. In its single-cell state, P. mirabilis combines the
experimental advantages of single-cell systems with the added complexity of cooperative
migration, opening the door to address broader questions about the relationship between group
behaviors, interactions, the role of non-lethal identity signaling in colony building, and broader
evolutionary questions about the origins of multicellularity.
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I. Chapter 2 Preface

Bacteria and animals utilize group migration to survive and propagate as a population. A subset
engages in collective migration, which is an emergent behavior, organized spatiotemporally at
two different levels: the individual and the collective. While much is known about collective
behaviors, research into the roles that individuals play has been stymied. In microbial systems,
this was particularly due to fundamental unknowns, such as the role of individual cell
development within collectives. The following manuscript focused our investigation on
individual P. mirabilis cells as they participated in collective migration over an eight-hour life
cycle. The central goal of this manuscript was to gain insight into approaches individual cells
may use to access cooperative behaviors in highly competitive environments.

After much trial and error, and incredible collaborative conversations, the Swarmetrics pipeline
emerged as a methodology to collect morphometric data on individual P. mirabilis cells as they
participated in collective migration. This pipeline addressed two major limitations to collecting
morphometric data of individual cells. First, during P. mirabilis collective migration, the cells
are densely packed and often irregularly shaped. This led to tremendous difficulty in the image
segmentation process. A step that also happens to be essential (currently) to gain morphometric
insights of individual cells. Through a combination of manual annotation, and machine learning,
the hurdle was overcome. Next, the Swarmetrics pipeline allows for the morphometrics of cells
to be measured in their native environment. Meaning, a swarm front could be imaged with phase
contrast microscopy, and individual cell morphometrics could be obtained without having to sub-
sample or use other labeling techniques.

Overall, this manuscript revealed that during collective migration — once thought to be only
carried forward by long P. mirabilis’ cells (>4 pm), that there was an unexpected amount of
heterogeneity in individual cell morphology, particularly with regards to cell length. This
manuscript opens interesting questions about what is required for P. mirabilis collective
migration to occur and suggests that swarming may not be as synchronized (or synchronized
differently) than once thought.
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2.1 Abstract

Uncovering cell morphology within communities is crucial to understanding how collective
groups of organisms can function and adapt to their environments. Key questions remain
regarding how cell morphology influences population behaviors and whether uniformity is
required for coordinated actions such as collective migration. These gaps hinder the ability to
describe how individuals contribute to collective adaptability and coordinated behaviors. We
developed an image capture and analysis pipeline, named Swarmetrics, for studying individual
cells that are within dense bacterial communities, can participate in collective behaviors, and
may have irregular cell morphologies. We used Proteus mirabilis swarms as a proof-of-concept.
Swarmetrics achieved an unbiased analysis of most cells, even those that were unlabeled and in a
densely populated environment. In P. mirabilis swarms, we found unexpected heterogeneity in
cell length throughout the swarm development cycle, particularly during active collective
migration. Variance in cell length was revealed to be a reliable indicator of swarm development
stage, comparable to a gene expression marker. These findings questioned the traditional view of
uniform or synchronized transitions in bacterial swarming for the Proteus species. This study
introduces new tools and insights for studying cellular variation in complex microbial
environments, with broad applications to other dense communities, and sheds light on the
physiology of individuals during collective behavior.

2.2 Introduction

Individual cells and their interactions can cause wide-scale changes to emergent behaviors and
community structure. Many emergent behaviors can be organized at two different levels: the
individual and the collective. While much is studied about the collective population, there remain
many unanswered questions about the individual, such as its development. Some mechanisms
that contribute to emergent collectivity in animals include cell-cell communication, physical
contact with neighbors, nutrient availability, and cell development. For instance, ants, birds, and
termites use collective behavior to collect, process, and distribute resources to build communities
and defend their territories (69—72). Similarly, the bacterium Myxococcus xanthus and the
eukaryotic slime mold Dictyostelium discoideum use collective behaviors to either prey on
competitors or respond to physical changes in their environment (73,74). A common thread
between these systems is that they involve densely packed communities, where an individual
organism’s movements contribute to population or colony expansion. Major challenges in
characterizing individual organisms have included technical and methodological limitations.
Here, we overcome these barriers for a model microbial system and reduce the gap between
collective migration and cell development.

Studies of group dynamics in microbes and eukaryotic systems have provided clues for
mechanisms of intercellular communication in the development of complex multicellular
structures and group behaviors. For example, while individual M. xanthus cells induce prey cell
lysis (75), the consumption of a whole prey community requires transition of these M. xanthus
cells into collective multicellular aggregates capable of swarming (reviewed in Thiery and
Kaimer (76)). The dynamics of cell-cell interactions drive multicellular M. xanthus groups like
aggregates and swarms (73,74). Indeed, physical interactions between cells influence
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multicellular aggregates that contribute to collective migration for other organisms, including the
social amoeba D. discoideum, Pseudomonas aeruginosa, and Escherichia coli (77-80). Studies
on the multicellular lifestyle of many microorganisms, particularly those in biofilms, reveal
striking phenotypic and genetic heterogeneity, highlighting its potential role in microbial
adaptation and resilience (81). While much research on collective migration focus on populations
uniform in cell size and shape, many microbes that collectively migrate on firmer surfaces like
catheters and glass are composed of individuals with varied lengths, for example, the pathogen
Vibrio parahaemolyticus, the social microbe Paenibacillus spp., the pathogen Serratia
marcescens, and the social opportunistic pathogen Proteus mirabilis (82—85). To capture single-
cell dynamics in robust swarms with elongated cells (85), prior studies used isolation of cells
from swarms before imaging, analysis of low-density regions, and speckling 10% of the
population via expression of a fluorescent protein (resulting in just 1 in every 10 cells being
analyzed) (1,11). These tools lack the ability to isolate and analyze most individual cell dynamics
directly in the context of an active swarm.

To address this knowledge gap about the impacts of individual development and morphology on
collective migration, we turned to a microbial system that shows significant changes in
morphology over the course of its lifecycle and engages in the collective behavior of swarming.
P. mirabilis is a major cause of recurrent complicated urinary tract infections. Part of its ability
to induce disease is linked to its ability to engage in swarming, where cells move cooperatively,
allowing for colony expansion on the centimeter scale (7,86). P. mirabilis cell length changes
during their swarm development life cycle, from short ~2-um long cells to elongated cells,
reportedly up to 100 um in length (2). During elongation to form swarmer cells, P. mirabilis
cells dramatically increase the number of flagella per cell via upregulation of the f7ADC regulon,
which directly controls expression of the fli4 gene (87—89). Swarming cells are thought to use
their flagella to align along each other; and this state is transcriptionally tied to virulence (90).
These rafts of cells can migrate further (perhaps as much as 100-fold) than a single-cell can. Cell
development is varied within a swarm, and the visual periodicity of swarm expansion and
stopping is reportedly correlated with changes in cell morphology and development (91,92).
Although there are images of individual cells at nanometer to micrometer resolutions, studies of
individual P. mirabilis cells within swarms are underexplored.

A significant hurdle to studying individual cell morphology and behavior during swarming is
due to limitations in image analysis, including resolution and irregular shape detection. Prior
challenges include constraints in computing power for image processing and data management in
high-throughput quantitative analysis for individuals, particularly in the context of swarm
development or in animal hosts. The lack of methodologies restricts the establishment of a clear,
robust description of cell development during active swarms. However, analysis of single-cell
morphology within a swarm over time requires high resolution and high-throughput analysis
techniques. Over the past two decades, an increasing number of software packages were
developed for segmenting and analyzing cells with different shapes and densities. Some software
packages can track the interactions between individual cells and how these changes can induce
changes in population structure (50,93-97). However, none of these analysis software packages
adequately segment cells in P. mirabilis swarms. This result was perhaps due to the density of
swarming populations and the irregular morphology of elongated cells; these organisms can
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often fold in on themselves or are twisted during swarming. A new and different image analysis
pipeline was needed.

Therefore, we integrated multiple software packages that, when used together, form a pipeline,
named “Swarmetrics,” which enables the analysis of irregular, unlabeled cells within densely
packed swarms. We utilized this pipeline, which integrates Trainable Weka Segmentation,
Microbel, Fiji, and R (98-104), to generate a quantitative dataset characterizing the
morphological changes of P. mirabilis cells during the swarm development cycle within the
native context of an active swarm. We found significant heterogeneity in cell morphology during
each stage of swarm development and discovered that cell development is unlikely to be
synchronized during swarming. Only a fraction of the population was elongated during active
collective migration, and cell length was weakly correlated with expression of a fli4
chromosomal reporter, suggesting that absolute cell length may not reflect individual
participation in active swarms. Variance in cell length appeared to indicate stages in the swarm
development cycle, similarly to that of fli4 gene expression. Altogether, Swarmetrics permitted
the examination of single-cell dynamics during active collective migration and the initial
integration of individual cell development with collective behaviors, all while using unlabeled
cells in a native, dense environment.

2.3 Results

2.3.1 An image capture and analysis pipeline identifies and characterizes individual cells
with various morphologies in densely packed communities.

Major challenges to image analysis of microbial swarms are the density of cells and the variation
in cell lengths and orientations. These hurdles are especially acute for robust swarmers like P.
mirabilis, whose shape can range from linear to spiral. We sought to capitalize on recently
advanced machine-learning tools to develop an expanded imaging and analysis pipeline for
densely packed bacterial communities.

We aimed to acquire information about individual cell morphology within the native context of a
dense swarm and without bias due to cell labeling. P. mirabilis is a sufficient model, because its
macroscale swarm behaviors are correlated with microscale cell physiology (2,91). We
integrated two open-source software packages within the Fiji ecosystem; all classifier models
and code are publicly posted as outlined in Materials and Methods. Phase contrast images were
segmented after capture of in-focus, phase-contrast images using light microscopy (Figure 2.1).
We next applied Trainable Weka Segmentation, which is a collection of machine-learning
algorithms that uses manual annotations to train a classifier to segment stacks of images (104).
We optimized classifier models to separate between cells, background, and intercellular spaces
by manually tracing cells from two to four images per condition. The intracellular spaces were
traced during classifier training due to the presence of light-gray extracellular flagella-like
materials, which required additional classification and, in doing so, resulted in a clearer
delineation between cells and background in the masks. Trainable Weka Segmentation uses the
trained classifiers to generate probability masks of the images; these then produce binary masks.
We used Microbel, a tool for high-throughput quantitative analysis of individual cells from
binary masks (38), to generate quantitative measurements for cells identified in the binary mask
(Figure 2.1). To reduce mislabeling of background noise, such as debris and lysed cells, in an
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automated manner, we excluded cropped cells at the image edge, and optimized the area, length,
and circularity filters. We also manually removed the few remaining mislabeled components
within each image. Inspection of the images revealed that particles of 1 um or less in length were
debris (Supplemental Figure S2.1), and so, we also applied a filter of greater than 1 um in length
for cell analysis. By completion, most cells within each frame have a corresponding binary
outline and can be analyzed for morphological and spatial properties.

Phase Contrast Segmentation Binary Mask
Using Trainable Weka Segmentation

Train classifying model

l

Generate probability maps

|

Generate masked binary image

Single-cell analysis
Using Microbed

Adjust minimum and maxima for
particle size to filter debris

l —_—

Fit shape to detect bacterial cells . i e
l |Area: 17.989 pm? |Area: 4.015 pym? |Area: 9.391 ym?
Length: 24.837 ym Length: 5.677 ym |Length: 12.633 ym
Perimeter: 50.503 ym | Perimeter: 12.177 ym | Perimeter: 26.199 ym |

Extract individual cell

morphology information | Width: 0.729 ym Width: 0.728 ym | Width: 0.754 ym
(1/Sinuosity): 0.964 | (1/Sinuosity): 0.9649 | (1/Sinuosity): 0.703
E‘Curvature: 0.037 iCurvature: 0.018 ‘LCurvature: 0.212

Figure 2.1 Swarmetrics pipeline for single-cell analysis in swarms. Upper left, a representative phase contrast
image of a swarm at four hours. Cells (black, rod-like shapes) are densely packed in the population; the grey is the
rich nutrient-agar on top of which cells move. Scale bar, 10 um. Using Weka Segmentation, we generated a binary
mask (see Materials and Methods), where cells are black, and all other features (background and the space in-
between cells) are white. Once the mask (upper right image) was imported into Microbe J, we extracted
morphological information about individual cells. A representative three cells have been circled in red to show the
recorded morphological information (bottom right image). Cell measurements were taken for cells in the population
except those along the perimeter.

Individual cell data is accessible once an object is defined in the mask. Using Microbel, we
focused on six features: width, area, length, perimeter, and sinuosity. We used R to analyze the
quantitative measurements. As an example, three cells are highlighted in Figure 1; their
quantitative values correspond to their visible differences in morphology. From this sample
image in Figure 2.1, we quantified 657 cells, representing > 89% of the visible cells and particles
when counted by hand (Supplement Figure 1.2), which is similar to other cell detection
algorithms (105-108). In reviewing images, missed particles are present at all time points, with
no apparent bias for length. Further, the absence of ~10% of particles from detection appears to
be due to many factors such as (i) inaccuracies in cell detection, (ii) out-of-focus cell capture,
(ii1) low-level cell death and debris, and (iv) cells at the edges of the micrograph image or
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partially in the image. Given that the sizes of the final datasets were over 7,000 cells (Figure
2.2), we considered this data to be robust, rigorous, and representative of the populations.
Altogether, the implementation of this integrated pipeline for analyzing individual cells can lead
to a deeper understanding of single-cell morphologies within a dense population.

2.3.2 Swarm development is a gradient of single-cell morphologies.

For a first application of the Swarmetrics pipeline, we turned to the P. mirabilis swarm
development cycle. The ability to capture correlated developmental time points in this cycle
using photography and microscopy has seeded several outstanding questions, including the
extent of cell morphologies in a swarm and the potential synchronization and periodicity of the
swarm developmental cycle (11,86,91,93,109). Swarm development connects visual migration
with distinct cellular morphologies; however, historically, higher resolution of single-cell
dynamics within a broader population was difficult to achieve. The literature speaks of a defined
set of stages during each round of the swarm development cycle (110). Specifically, short cells
appear to double more than twice in length and then begin to migrate (Figure 2.2A). Next, for
unknown reasons, cells stop moving and divide into 2-pum long cells in a period termed,
“consolidation”. Cells re-enter the swarm development cycle if still on a viscous or hard surface,
resulting in a characteristic macroscale bullseye pattern (Figure 2.2B). The current model states
that there is synchronization among P. mirabilis cells between each swarm development stage; it
was developed largely based on photography, where cells were removed from the swarm
conditions and imaged using wet mounts (91,92,111). Therefore, we first asked whether cells
undergoing the swarm development cycle are synchronized by examining cell length.

We applied the Swarmetrics pipeline to these micrograph images, resulting in a dataset of nearly
80,000 cells (Supplement Figure S2.2). Box-and-whisker plots of cellular length and width, as
well as the variance within the population, were generated using R and analyzed for statistical
significance (Figure 2.2D - G). In the images from hours 2 and 3, at least 75% of the cells were
shorter than 5 pum (Figure 2.2D), and the variance among them was small (Figure 2.4E). Hour 4
had a similar median size for the population’s cell length; however, the variance increased,
which might be explained by the long tail containing longer cells. Hours 5 and 6 had an
increased median and variance. By contrast, at hour 7, the median cell length and variance
decreased and then increased again at hour 8. There were statistically significant differences in
cell length; all had significant differences (p < 10-4) from the others in a pairwise Wilcoxon Rank
Sum Tests, except for between hours 7 and 8 (Supplemental Figure S2.4). The population
distribution for cell length and its variance gradually increased and decreased in a manner
consistent with the micrographs visualizing each stage of the swarm development cycle.
Unexpectedly, a population of short cells remained during all cycle stages.
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Figure 2.2 A P. mirabilis swarm contains two subpopulations of cells. (A) A diagram of the canonical swarm
development cycle (Garling, E. (2025) https://BioRender.com/fdsg7i9 ). Cells elongate and become hyperflagellated
during surface adaptation (red box), contributing to collective migration and visible population expansion during the
swarming phase (green box). Cells likely divide during the consolidation phase (purple box). (B) For strain BB2000,
after 18 h of growth on CM55 Agar at 37°C, the population forms a bullseye pattern, covering a 10 cm diameter
plate. The black line marks one full swarm development cycle and corresponds to the period of observation and
analysis. (C and H) Representative phase-contrast images of strains BB2000 and ATCC 29906, respectively, taken
hourly. Uncropped images are in Fig. S2.1. Scale bar, 10 pm. (D—G, I-L) We quantified the lengths of cells in the
monolayer at the expanding edge of the swarm using the Swarmetrics pipeline. Each graph is a box-and-whisker
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plot, each box represents the 1st—3rd quartile, and the middle line is the median. Whiskers indicate minimum and
maximum; single dots are outliers. For strain BB2000 (D—G), sample sizes are as follows, sequentially from hours 2
to 8: 16,723; 20,726; 5,506; 9,367; 7,478, 10,865; and 9,156. For strain ATCC 29906 (I-L), sample sizes,
sequentially from hours 2 to 6, are 7,740; 942; 10,142; 15,819; and 2,836. Shown are cell length (D and 1), variance
of length (E and J), width (F and K), and variance of width (G and L). The vertical bars on the variance plots show
95% confidence intervals. All time points were significantly different, except for length of BB2000 at hours 7 and 8.
The population metrics and statistical tests for BB2000 and ATCC 29906 are in Fig. S2.2 and S2.3, respectively.
Fig. S2.4 shows the length data from individual experiments.

The heterogeneity present in the swarm cycle and the effectiveness of Swarmetrics was also true
for swarms of another P. mirabilis population. Strain ATCC 29906 swarms form macroscopic
concentric rings that have wider swarm terraces than seen for strain BB2000. We performed
equivalent swarm assays over a six-hour time course, followed by analysis using the Swarmetrics
pipeline (Figure 2.2H, Supplemental Figure S2.2). As with strain BB2000, the distribution of cell
lengths varied over the swarm cycle (Figure 21) with the variance being largest during periods of
active, collective migration and smallest during periods where cells were, on average, shortest
(Figures 2.2J, Supplemental Figure S2.4). Cell width and its variance, by contrast, had minimal
change over the six-hour time courses (Figures 2.2K, 2.2L), though the distributions of width
were statistically significant between time points (Supplemental Figure S2.5). Based on this
single-cell analysis, cells of strain ATCC 29906 appeared to undergo the swarm developmental
cycle twice within the six-hour time course as opposed to the single cycle observed in strain
BB2000. A population of short cells remained during the swarm development cycle for both
strains ATCC 29906 and BB2000

2.3.3 Two subsets of populations persist across all the time points

We investigated whether at least two distinct populations were present throughout the swarm
development cycle. Based on the literature, elongated cells are typically associated with active
swarming literature 4,109). Therefore, we expected that short cells would be largely, if not fully,
absent from periods of active swarming, while long cells would be absent from consolidation,
i.e., periods of cell division. To query this prediction, we classified cells based on cell length:
short (4 um or smaller, which is the length of a cell doubling or less) and long (> 4 um, which
are cells elongated beyond cell doubling); see Figure 2.2A. The fraction of long cells increased at
each time point until it became the majority population at 6 hours, followed by a decrease at
hours 7 and 8 (Figure 2.3B). This timing matched that of the variance for cell length of the whole
population (Figure 2.2E).
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Figure 2.3 A subset of the population at the expanding edge is short throughout a complete swarm
development cycle, including during active migration. (A) Top, representative phase contrast images from hours
4 and 5 are outlined yellow after being identified through overlay with their masked images. The bottom, 4 pm or
less in length, was pseudo-colored green, and cells greater than 4 um in length were pseudo-colored blue in the
bottom panel of A. In each panel, a minor fraction of cells is not identified by the segmentation software. These cells
usually lack the necessary pixel darkness that marks an intact cell or are visually indistinguishable from neighboring
cells. Further, by manually investigating multiple images, we determined that all objects 1 um or less in length were
debris. scale bar, 10 um. (B) The relative distribution of the total populations by hour for cells longer than 4 pm
(blue) and 4 pm or shorter (green) in length. The number printed within each bar is the precise percentage value. (C)
Top, the complete data set was subdivided in cells with lengths >4 um; bottom, 4 um or less and analyzed for cell
lengths (left) and variance (right). Each graph is a box-and-whisker plot where the box shows the 153" quartile, and
the middle line is the median. Whiskers indicate minimum and maximum; single dots are outliers. On the variance
plots, the vertical bars show 95% confidence intervals. Fig. S2.1 contains the population metrics and statistical tests.

For the short cells, there was little change in length distributions and variance (Figure 2.3C). This
result was likely due to the imposed boundaries (maximum of 4 pm and the minimum cell size of
1 um). By contrast, the large cells had different cell length distributions at each time point over
the eight-hour time course like the whole population (Figure 2.3C). The variance of the long
cells, however, differed from the full population in hours 4, 5, 6, and 8 (Figure 2.32E and 2.3C).
The variance was higher when considering only long cells than the full population, almost twice
as large for hours 4, 6, and 8. This result indicated that long cells had a wide distribution at the
same time when active swarming is visible by eye. Altogether, these findings underscore the
heterogeneity in cell length during active collective migration and the potential for the variance
of cell length to act as a marker for active swarming phases.
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2.3.4 Cell fluorescence and morphologies can be analyzed simultaneously
within dense populations during active behaviors

The observed variance in cell length, particularly amongst swarming cells, suggested that
variance may be a marker for active swarming phases. However, swarming is a dynamic process
that involves many biological factors. Therefore, we turned to gene expression of the flagellar
regulon, which is known to play a role in swarming motility (4,109). We asked whether the
image capture and analysis pipeline could be applied to epifluorescence microscopy and whether
the gene expression pattern could provide further insights into P. mirabilis swarm dynamics.

We examined a P. mirabilis BB2000 strain engineered with a chromosomal fli4 transcriptional
reporter (112), because fliA is required for swarming and the flagellar class-1 transcriptional
regulator, FIhDC, directly regulates fli4 and other swarm-related genes (87—-89,113). The Venus
fluorophore folds rapidly in ~20 minutes in E. coli, and its measured half-life is ~100 minutes in
eukaryotic cell lines (114,115). We captured phase contrast and paired epifluorescence images of
this strain over eight hours (Figure 2.4A, Supplemental Figure S2.4). The fluorescence images in
Figure 2.4A are not automatically scaled; the relative brightness differences between the time
points reflects relative expression. By visual inspection, fluorescence is close to background
levels in hours 2 and 6 and much brighter at hours 5 and 8, when cells are also visibly longer and
moving across the surface. The hours 4 and 7 images had some of the most variability in visible
brightness among individual cells. Altogether, the fluorescence associated with fIi4 visibly
varied across the eight-hour time course, with the brightest fluorescence during time points
containing elongated cells.

We used Swarmetrics to quantify the visible differences between time points. The phase contrast
images were processed through the pipeline, and the binary-masks were then overlaid onto the
fluorescent images within Microbe J. The intensity values for each cell were extracted from
Microbel, and the values were normalized to the background fluorescence per frame to account
for autofluorescence. We calculated the mean fluorescence per cell (Figure 2.4) and the cell
lengths (Figure S2.8B). The cell length distributions followed a similar pattern as the unlabeled
wildtype (Figure S2.8B, S2.3A, S2.4A), with two similar subpopulations in the dataset: longer
than 4 pm and 4 pm or shorter (Supplemental Figure S2.9).
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Figure 2.4 A swarming-associated genetic marker exhibits dynamic patterns that align with changes in cell
length during a swarm cycle. (A) BB2000-derived cells with a fliA-venus reporter integrated at the fliA locus were
examined during an 8-h time course and analyzed with Swarmetrics. Shown are representative images of phase
contrast (Phase) and false-color (Fluorescence) images. No intensity rescaling was applied to the fluorescence
images. Supplemental Figure 4.1 contains the uncropped images. Scale bar, 10 pm. (B and C) For the box-and-
whisker plots, each box represents the 1%-3" quartile, and the middle line is the median. Whiskers indicate minimum
and maximum; single dots are outliers. See Fig. S4.1 and S4.2 for population metrics and statistical tests. Sample
sizes are as follows, sequentially from hours 2 to 8: 1,603; 1,454; 506; 590; 864; 1,681; and 437. (B) The mean
fluorescence intensity per cell was normalized to background fluorescence for all images; reported are arbitrary units
(a.u.). (C) The lengths of cells at the expanding edge of the swarm were quantified for each time point. (D) The
mean plot for fluorescence intensity per cell (red) was overlaid with the mean plot for cell length (blue) for the 8-h
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assay. Error bars represent the 95% CI for each measurement at each time point. (E) The graph is of each cell in the
eight-hour data set, plotted by length and its corresponding mean fluorescence intensity. The linear regression (y =
0.0276x + 0.84336) has an adjusted R?>of 0.3177, suggesting a low correlation between average fluorescence
intensity and cell length. (F) Plot of cell length variance in which The vertical bars indicate 95% CI.

Both the cell length and the fluorescence expression graphs showed a sinusoidal distribution of
the means (Figure 2.2D). This dataset also showed two local minima and two local maxima in
cell length and mean fluorescence intensity per cell, suggesting this reporter strain might have
undergone more than one swarm development cycle during the observation period. The highest
mean fluorescence corresponded to the distributions with the longest cell lengths, and the
distributions of mean fluorescence intensity appeared to increase from hours 6 to 7 without a
commensurate increase in the cell length at that transition point (similarly but less so from hours
3 to 4). These results were consistent with the observed weak correlation (R? = 0.3177,p =2.2
16) between cell length and average fluorescence intensity due to flid expression (Figure 2.4E).
Short cells had the same range of fluorescence intensities as long cells (Supplemental Figure
S2.9). Altogether, these data agreed with earlier reports that f/i4 expression is a marker of swarm
development stage (4). Notably, cell length variance and median cell length were aligned with
the fliA fluorescence data (Figure 2.4F). The insights gleaned from this study advance an
understanding of P. mirabilis swarm dynamics and underscore the broader importance of
interrogating single-cell morphometrics in communities.

2.4 Conclusions and Perspectives

We have developed and applied the Swarmetrics pipeline to analyze flexible, elongated
individual cells embedded in dense bacterial communities without use of fluorescent markers.
Previous attempts to study such dense microbial communities were less successful. Software
packages failed in multiple ways: (i) incorrectly identified elongated or S-shaped cells, (ii)
inadvertently added division sites to elongated cells, (iii) inadequately separate adjacent cells,
(iv) identified only a subset of homogeneously shaped cells, or (v) did not process multiple
frames of an image from a single training set (94-97,116). However, by integrating the software
tools Weka segmentation, Microbel, and Fiji (101,102,104), we successfully extracted individual
cell morphological data from multiple frames and statistically analyzed the resultant using R and
associated packages (98—100). When examining P. mirabilis swarms, this image capture and
analysis approach made it possible for population-wide analyses across a full swarm
development cycle.

These results expand the established models of P. mirabilis swarm development (92,111,113)
by demonstrating widespread heterogeneity throughout the population and decoupling individual
cell length from life-stage in the swarm developmental cycle (Figure 2.5). Earlier studies of P.
mirabilis swarming identified long, hyperflagellated cells as the source for collective migration
and suggested synchronized transitions between long, swarming cells and short, dividing cells,
e.g., when entering consolidation (86,117). However, this study’s findings reveal significant
heterogeneity in cell morphology throughout the swarm development cycle for strains BB2000
and ATCC 29906 (Figures 2.2 and 2.3). Differing cell morphologies were present even at the
height of swarming, with short cells (4 um or shorter) dominating the population at nearly every
time point for strain BB2000 (Figure 2.3), which bring into question the notion of strict
synchrony between active swarming and cell-dividing consolidation. The variance in cell length
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at hours 4, 5, and 6 suggests that P. mirabilis cells may actively undergo cell division or
elongation during swarming. These data also open the possibility that uniformity in cell shape
and length is less critical for collective migration in P. mirabilis (Figure 2.5). How cells with a
broad range of length morphology can align against one another for efficient coordination is
unclear.

Questions about the metabolic and developmental state of short and long cells remain open but
can start to be answered with this pipeline. In comparing single-cell fluorescence with cell
morphology, we found that cell length and f/i4 expression are weakly correlated, which supports
earlier hypotheses that flagellar regulation does not control cell shape and are instead co-
regulated by the rcs regulon. Specifically, Rather and colleagues provided evidence that the
RcsB protein regulates the genes minCDE, flhDC, and fliA, and that FIhDC may not regulate
minCDE expression (118,119). The balance between cell length, DNA replication, and cell
division is largely unexplored in P. mirabilis and other multinucleated elongated cells. Open
questions include the location of FtsZ rings, the Min proteins in elongated cells, and the
dynamics of these proteins during the swarm development cycle. Work in V. parahaemolyticus
suggests that in elongated bacterial cells, the min system can function off-center, leading to
asymmetric cell division and the emergence of longer and shorter cells within a migrating
population (120,121). Asymmetric cell division in V. parahaemolyticus may preserve the
elongated swarming phenotype, thereby allowing continued swarmer colony expansion while
simultaneously permitting cell growth and division. The fate of the short cells remains unknown,
and additional tracking technology is necessary to fully resolve this question for V.
parahaemolyticus, P. mirabilis, and other migrating populations.

Fluorescent markers can help shed light on how alterations in swarm cycle dynamics influence
the regulatory mechanisms underlying collective behaviors, especially when paired with phase
contrast imaging. We found that the dynamics of the f/i4 expression are consistent with prior
studies on gene expression during the swarm development cycle (4,28,109). However, we also
saw an unexpected presence of short cells at every swarm development stage, some with high
fliAd expression, which led to the observation of a low correlation between absolute cell length
and fluorescence associated with fli4 (Figure 2.4). One interpretation is that the short cells might
be active participants in the mass of cells migrating outward. Another potential explanation is
that the expression level of fli4 in the mother cell before cell division could influence the
daughter cell fluorescence intensity but does not actually indicate if the cell is flagellated. Both
possibilities need further extensive examination. The plots for the variance in cell length and
mean f7i4 fluorescence intensity exhibited similar patterns with similar maxima and minima
timing (Figures 2.4D, 2.4F), indicating that these two variables might indicate equivalent stages
of the swarm development cycle. Given this observation, cell length variance might serve as a
gene expression-independent marker for stages of the swarm cycle.

The need for non-fluorescence-based markers is critical, because the production of these proteins
can change the metabolism, motility, and population dynamics of cells. This challenge was
visible in this dataset with a single-copy chromosomally integrated fluorescence marker for gene
expression (compare Figures 2.2 and 2.4). As the capabilities to integrate machine-learning
grows, biologists also need to update experimental methods to better capture unmarked
individuals in complex, multi-species communities. The Swarmetrics pipeline can serve as one
such tool that reduces reliance on fluorescence markers.
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The complexity of P. mirabilis swarm dynamics point to the need for advanced live-cell tracking
in dense microbial communities to gain a more granular understanding of the changes in an
individual cell’s gene expression and morphology over time within a native context. Swarmetrics
has limitations, including difficulties in segmenting cells that are not in a monolayer and the
unbiased missed detection of some imaged particles during processing. However, the acquisition
of sufficiently large datasets, such as the approximately 7,000 to 80,000 cells per strain analyzed
in this manuscript, still provides a representative sample of the population and can produce
robust results that overcome the day-to-day variability inherent to biological organisms
(Supplemental Figure S2.6). Of note, data can enter the Swarmetrics pipeline at multiple stages,
e.g., one can use an alternative cell detection algorithm to feed masks into MicrobeJ. We chose
to use Weka Segmentation due to its accuracy in identifying elongated or irregularly shaped
swarmer cells without introducing artificial division planes. The R code provides analysis tools
for large datasets. Swarmetrics employs an easy-to-use GUI interface that can run locally on a
laptop, thereby allowing for a lower barrier of entry into image analysis of large datasets. The
use of a user-friendly GUI for nonexpert users cannot be understated, as segmentation and cell
analysis are requisite for the successful analysis of microscopy images and is an issue that
several people have raised within the biological fields (80,105,122). No single machine learning
package can address every biological challenge. The Swarmetrics pipeline is well-suited for
analyzing monolayers of densely packed cells, including those with irregular single-cell
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Figure 2.5 An updated model highlights intrinsic cell length heterogeneity throughout the P. mirabilis swarm
development cycle. We propose that P. mirabilis cells display morphological heterogeneity even during active
swarming. When swarming is initiated by a subset of the population, a gradient of single-cell morphologies emerges
and actively participates in collective migration. Through each iterative stage of the swarm development cycle, a
subset of the population initiates the forward momentum into the following life stage. The image was created in
BioRender: Garling, E. (2025) https://BioRender.com/69b6ws0.
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These discoveries also highlight that understanding how heterogeneity is generated and
maintained in clonal bacterial populations is of critical importance. Heterogeneity, both at the
morphological and genetic levels, has been described for many collective microbial populations,
including biofilms where heterogeneity is shown to play an important role in collective
assemblage, division of labor, and increased resistance to stress (81). However, due to the
density and irregular morphologies of many cells in surface-constrained communities,
morphometric analysis was stymied for these populations. This data shows that this pipeline
overcomes some of the previously discussed limitations. Future iterations of Swarmetrics could
serve as a solution for analyzing multi-layer microbial communities, such as biofilms, gut
microbiomes, and soil ecosystems. Understanding how interactions between individual cells
contribute to population-level behaviors is a fundamental question across biological fields, from
microbiology to eukaryotic systems. The ability to analyze individual cells within dense
microbial populations using Swarmetrics provides a powerful approach for integrating
computational tools with microscopy techniques. As machine-learning approaches continue to
evolve, their application in cellular biology and beyond promises to enhance the ability to
capture, quantify, and interpret complex cellular behaviors at a granular resolution. In the future,
bridging scales from single cells to entire populations could offer new opportunities to uncover
mechanisms underlying collective behavior, adaptation, and structural organization in biological
systems.

2.5 Materials and Methods

2.5.1 Strains and Media

P. mirabilis BB2000 (NCBI:txid1266738 ) (56), P. mirabilis BB2000 fliA-venus (10), and P.
mirabilis ATCC 29906 (NCBI:txid525369) were used in this study. P. mirabilis was maintained
on LSW- agar (123). CM55 blood agar base (Oxoid, Basingstoke, UK) is the swarm-permissive
agar. All liquid cultures were grown aerobically in LB broth (Lennox) at 37°C. P. mirabilis
strains undergo equivalent swarm development cycles on CM55 media, LB agar, and other agar
conditions, both on microscopy agar pads and on large diameter plates (11,86,91,92).

2.5.2 Swarming experiments & microscopy

Strains were grown aerobically overnight at 37°C in LB broth. Overnight cultures were diluted
in LB broth (Lennox) to an optical density at 600 nm (ODsoo) of 3.0, then inoculated onto a
CMS55 agar pad on a microscope slide. Microscopy was performed as previously described (25).
Briefly, the expanding edge of the swarms and inoculum were imaged using a Leica DM5500B
(Leica Microsystems, Buffalo Grove, IL) and a CoolSnap HQ?2 cooled charge-coupled-device
(CCD) camera (Photometrics, Tucson, AZ) for BB2000 and a Zeiss AxioObserver Z1 inverted
fluorescence microscope with the Tucson sSCMOS camera for ATCC 29906. A new slide was
used for each time point; all were inoculated at the same time. MetaMorph version 7.8.0.0
(Molecular Devices, Sunnyvale, CA) and iVision (BioVision Technologies, Exton, PA) were
used for image acquisition. Venus (maximum excitation, 515 nm; maximum emission, 528 nm)
(114,124-126) was visualized in the green fluorescent protein (GFP) channel using a GFP ET
filter cube (excitation, 470/40 nm; emission, 525/50 nm [Leica Microsystems, Buffalo Grove,
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IL]). Fluorescence intensity and exposure time for each channel were equivalent across all
microscopy experiments where applicable.

2.5.3 Image and statistical analyses

First, images were cropped if necessary to remove layered cells, or regions of the image that
were oversaturated, out-of-focus, or contain excess debris to avoid obfuscating downstream
analysis. Next, to segment images, stacks of images from each time point were loaded in the
Trainable Weka Segmentation plugin v 3.3.4 (39—41) in Fiji 2.16.0/1.54g (National Institutes of
Health, USA) (103,127). The algorithm was trained by manual annotations of cells, background,
and the area between cells. Once the algorithm was trained, a classifier model was produced
which was used for all analyzed images. Images were exported from Trainable Weka
Segmentation as probability maps and converted to binary masks by adjusting the threshold and
converting to binary masks in Fiji 2. To analyze phase contrast images, binary masks and phase
contrast images were then loaded into the MicrobeJ v5.13h plugin in Fiji 2 (101). To false-color
images within MicrobeJ based on cell length, the Type option field was selected and the
argument “SHAPE.length> 4 was added as a parameter once the phase contrast images and
their corresponding masks were loaded into MicrobelJ. Under this condition, when cells failed to
meet the argument they would be colored green, and when cells met the argument, they would be
colored blue. To analyze fluorescence images, phase contrast images and corresponding
fluorescent images were loaded into the MicrobelJ plugin in Fiji.

Within Microbel, several parameters were adjusted to filter out debris: area = 1-max, Circularity
=0.-0.9, length = 1-max. We manually investigated several images and found that all objects 1
pum or less in length were debris (Supplemental Figure S2.1). For this reason, we applied a filter
cut-off of 1 pm. Additionally, the options of “exclude on edges”, “shape descriptors”, intensity,
shape, and type were selected within Microbel] to allow for analysis of images and output of
morphological information of P. mirabilis. Next, images were screened by hand in Microbel to
ensure that outliers were cells, not debris or improperly labeled cells. For fluorescent images,
four 5x5 um boxes were randomly placed on the cell-free areas of the image, and the
fluorescence values for four boxes were averaged to achieve a mean background intensity value.
This value was then subtracted from the fluorescence data before a mean fluorescence value was
calculated. Data was then exported and analyzed with R Studio 2024.12.0+467 (98—100).

For the analysis length cutoff, the data was run through MicrobeJ without any length filters. We
used the "Type" feature to visualize 1 pm and shorter particles or > 1 pm and then manually
screened every image to make sure that no 1 um or shorter particles were cells. The data was
then exported and subjected to a secondary analysis in R to filter out the < 1 pm particles before
analysis. For the box-and-whisker plots, each box represents the 1% — 3™ quartile, and the middle
line is the median. Whiskers indicate minimum and maximum; single dots are outliers.

The cell detection algorithm identifies most cells. Failed particle detection is likely due to many
factors including: (i) inaccuracies in cell detection, (ii) out-of-focus cell capture — often due to
multi-layered cell populations, (iii) low-level cell death and debris, (iv) cells at the edges of the
micrograph image, and (v) cells partially in the image. The ~89% detection rate of the visible
cells and particles (as compared to counting by hand) is similar to published cell detection
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algorithms (105-108). Particles are missed at all time points. The size of the final datasets
(approximately 7,000 to 80,000 cells) supports that these data are robust, rigorous, and
representative of the cell populations at the expanding edge of the swarm.

R for data management and statistical analysis. The pairwise Wilcoxon Rank Sum Test was
selected, because this data is non-parametric, and the two populations are unmatched.

2.6 Acknowledgements

We would like to thank the members of Karine Gibbs’ and Kimberley Seed’s labs for thoughtful
discussions and comments on the manuscript. STDHA and Alboukadel Kassambara’s GGPlot2
Essentials: Great Data Visualization in R Edition 1, were especially helpful for the development
of the R component of the Swarmetric pipeline. The eight-hour swarm time course was
originally performed at Harvard University (K.H.) and then independently repeated at the
University of California, Berkeley (E.E.G.). We thank the following organizations for funding
this research: the Sloan Foundation (grant number G-2022-19509 to K.A.G.), the Packard
Foundation, Harvard University, the National Institutes of Health (Training Grant number
T32GM135143), the National Science Foundation (Graduate Research Fellowship to E.E.G.),
and the University of California, Berkeley.

2.7 Author contributions

E.E.G. designed the project, performed the experiments and analysis, and co-wrote the
manuscript. K.H. performed experiments (formerly at Harvard University), S.L. performed the
ATCC 29906 experiments and analysis, and K.A.G designed the project, contributed to data
analysis, and co-wrote the manuscript.

2.8 Data availability

Swarmetrics, which contains the imaging pipeline and R code used for data analysis, are
available at https://osf.io/mkeh4/overview.com



https://osf.io/mkeh4/overview.com

26

2.9 Supplemental Figures and Tables

Figure S2.1 Particles 1 pm and shorter are not cells in these P. mirabilis swarms. (A) Micrograph of P.
mirabilis strain ATCC 29906, replicate 1 at hour 4. This image is representative of all data. (B) Green marks
particles of cell length 1 um and shorter in the same micrograph as in A. We used the “Type” feature in MicrobelJ to
highlight the particles. Scale bar, 10 pm.

Metric Mean Standard Median IQR Max Min
Deviation

Length (um) |6.42 4.25 5.10 3.38 33.9 1.85

Width (um) | 0.667 0.0827 0.669 0.108 0.958 0.326

Area (um?) |[4.14 2.79 3.26 2.31 21.2 1.02

Perimeter 13.7 8.59 11.0 6.87 69.3 4.74

(um)

(1/sinuosity) | 0.988 0.0226 0.994 0.00898 1.00 0.713

Curvature 0.0534 0.516 0.0389 0.0540 0.580 0.000109

Figure S2.2 Analysis of single-cell morphologies in the representative image in Figure 1. We generated this data
using the Swarmetrics pipeline described in the Materials and Methods. A total of 665 cells from the image were
analyzed; the characteristics for the cell population is recorded above for each morphological metric.
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A. BB2000
Hour 2

B. ATCC 29906
Hour 2 Hour 3 Hour 4 Hour 5 Hour 6

Figure S2.3 Full-frame images from P. mirabilis swarm development cycles. Displayed are the full-frame phase
contrast images of the cropped pictures in Figure 2. Scale bar, 10 um. (A) Strain BB2000. The magenta box at the
hour 8 indicates where the image was cropped before proceeding with downstream analysis. We removed areas such
as these that had overlapping cell layers, excess debris, or oversaturation within the image. (B) Strain ATCC 29906.
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A. B.
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2 2.21 0.783 2.07 0964 [138 [1.07
16 -16 -16 P - -
3 2.58 0.982 2.39 114|179 [1.07 Shes 2 - : - 2 - -
v v " v "
4 3.30 2.96 2.44 177|332 |07 Shrs |2 2 2 2
16 16 16 16 16 -
5 4.37 2.94 3.37 254 [313 |1.07 Lhinid = 2 2 2 <
16 16 16 16 16
6 5.50 3.95 432 310 |87 |1.07 s |2 2 2 s L %13
7 3.50 1.53 3.18 150 [206 [1.07
8 4.26 3.37 3.19 220 (319 [1.07
C. D.
Time Mean Standard Medianwidth |IQR Max Min width 2hrs 3hrs 4hrs Shrs 6hrs 7hrs
(hours) width Deviation (um) width | (um) 3hrs 216 L 5 = P =
(um) (um) : v
4hrs 216 216 - . - -
2 0.614 0.161 0.600 0248 [127 |0.41 = == - g
3 0673 |0.120 0.661 0144 |138 |0.197 c — — = — i -
4 0.643 0.149 0.640 0175 [1.90 0.167 Shre 2“ - - 2 - 2“ 5 - .
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E. F.
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(um) (um) - ~
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Figure S2.4. P. mirabilis BB2000 cell length and width metrics. Images from the time course were analyzed
using the Swarmetrics pipeline. The summary statistics are provided for the cell length (A, E) and width (C, G).
Pairwise Wilcoxon Rank Sum Tests were performed, comparing each time point for length (B, F) and width (D, G).

A — D are with the filter of 1 um minimum in cell length. E — G are all identified objects (i.e., without the filter),
which includes debris. All time points were statistically significantly different (< 0.05) from the others, except for

length at hours 7 and 8. For filtered data (A — D), cell counts are as follows, sequentially from hours 2 to 8: 16,723;

20,726; 5,506; 9,367; 7,478; 10,865; 9,156. For all particles without a filter (E — H), sample sizes are as follows,

sequentially from hours 2 to 6: 25,559; 22,245; 11,445; 15,145; 10,795; 14,878; 17,368.
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A. B.
Time Mean Standard Median length | IQR Max Min length 2hrs 3hrs 4hrs Shrs
hours; length Deviation m length m|
(hours) | engt (um) lorgth | 3brs |2 - - -
2 3.12 0.946 2.94 114|186 [138 4 hrs 27 28 - -
3 14.0 4.89 13.9 7.37 31.7 1.00 Shrs 27 27 27 -
4 455 1.87 413 1.85 296 1.00 6hrs 2-16 216 216 216
5 4.98 1.22 3.76 1.49 28.2 1.72
[ 8.15 6.21 4.99 9.89 42.9 1.00
C. D.
Time Mean Standard Median length | IQR Max Min width 2hrs 3hrs 4hrs Shrs
(hours) width Deviation (um) length | (um)
(um) (4m) by |2 - - -
2 0.976 0.102 0.986 0123 |[1.43 0.490 4 hrs 216 26 - -
3 0.777 0.098 0.774 0.144 |1.10 0.365 Shrs 2-16 216 216 -
4 0.925 0.097 0.923 0.119 |[1.34 0.481 6 hrs 216 26 26 218
5 1.02 0.084 1.02 0.093 1.67 0.482
6 8.22 0.115 0.815 0,163 |[1.32 0.123
E. F.
Time Mean Standard Median length | IQR Max Min length 2hrs 3hrs 4 hrs S5hrs
(hours) length Deviation (um) length (um)
(um) (Hm) 3hrs 2" - - -
2 3.01 1.08 2.89 116 | 186 0.05 4hrs 218 276 - -
3 3.52 6.86 0.458 895 317 0.04 Shrs 216 26 218 -
4 3.96 2.27 3.87 2.01 29.6 0.05 6 hrs 216 5.5% 216 218
5 3.78 1.45 3.68 1.54 28.2 0.04
6 4,08 5.82 0.780 4.43 42.9 0.03
G. H.
Time Mean Standard Medianwidth | IQR Max Min width 2hrs 3hrs 4 hrs 5hrs
(hours) width Deviation {um) width (pm)
(um) (bm) 3hrs 2" - - -
2 0.941 0.197 0.981 0.136 1.43 0 4 hrs 27¢ 276 - -
3 0.322 0.323 0.163 0611 (110 |0 5hrs 216 216 216 B
4 0.813 0.297 0.905 0.148 |[1.34 0 6hrs 216 216 216 218
5 0.973 0.224 1.02 0.010 |[1.67 0
6 0.449 0.373 0.301 0.717 1.32 0

Figure S2.5 P. mirabilis ATCC 29906 cell length and width metrics show statistically significant differences.
Images from the time course were analyzed using the Swarmetrics pipeline. These are the summary statistics for cell

length (A, E) and width (C, G). Also shown are results of pairwise Wilcoxon Rank Sum Tests, comparing time

points for length (B, F) and width (D, G). A — D are with the filter of 1 pum minimum in cell length. E — G are

without the filter, which includes debris. All time points were statistically significantly different (< 0.05) from the
others. For filtered data (A — D), sample sizes are as follows, sequentially from hours 2 to 6: 7,740; 942; 10,142;

15,819; 2,836. For all particles without a filter (E — H), sample sizes are as follows, sequentially from hours 2 to 6:
8,073; 3,083; 11,766; 16,852; 5,925.
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Figure S2.6. Data from independent biological replicates for the swarm development time course. Plotted are
the resultant box-and-whisker plots using the Swarmetrics pipeline for each experiment. We quantified the lengths
of cells at the expanding edge of the swarm. For the box-and-whisker plots, each box represents the 1 st — 3 rd

quartile, and the middle line is the median. Whiskers indicate minimum and maximum; single dots are outliers. (A)
BB2000 and (B) ATCC 29906. We used four replicates of ATCC 29906 to attain a minimal dataset of 30,000 cells
and at least 750 cells per hour.
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Figure S2.7. Short and long P. mirabilis cells show differences over the duration of one swarm development
cycle. The cell length dataset was subdivided into cells longer than 4 pm (A, B) or those 4 um and shorter (C, D).
Shown are summary statistics for cells >4 pm (A) and cells 4 um and shorter (C). Pairwise Wilcoxon Rank Sum

Tests were performed that compared each time point for cells >4 um (B) and cells shorter (D).
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Figure S2.8. Heterogeneity persists during the swarm development cycle with P. mirabilis expressing a fliA-
venus reporter. (A) These are the uncropped phase contrast (phase) and false-color (fluorescence) micrographs of
those in Figure 4. Scale bar, 10 pm. (B) Summary statistics for cell length. Sample sizes are as follows, sequentially
from hours 2 to 8: 1,603; 1,454; 506; 590; 864; 1,681; 437.
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Figure S2.9 Analysis of short and long populations in the fliA-venus reporter strain. The dataset was divided
into two groups based on cell length: cells >4 um (A — E) and 4 um or shorter (F —J). Presented are the length
distribution (A, F), variance with the vertical bars showing 95% confidence intervals (B, G), mean fluorescence
intensity per cell per time point (C, H), summary statistics (D, I), and statistical analysis using Wilcoxon Rank Sum
Tests (E, J). For the box-and-whisker plots, each box represents the 1st — 3 rd quartile, and the middle line is the
median. Whiskers indicate minimum and maximum; single dots are outliers.
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I1. Chapter 3 Preface

Given that much of the identity signaling pathway (ids) had been characterized painstakingly so
by those before me and having discovered immense cell length heterogeneity present in WT
BB2000 P. mirabilis swarms, I turned to examining mutant P. mirabilis swarming behaviors.
Through 8-hour time courses of BB2000 cells lacking the ability to transmit identity signals
while swarming (76S5"), and strains lacking identity signaling altogether (Aids), one thing stood
out in particular: the tight, coordinated rafts of cells I’d grown accustomed to seeing were not
entirely absent, but certainly significantly reduced in the identity mutants. At one point, the best
phrase I could use to describe what I was seeing by eye was: “think of pick-up sticks.” Instead of
clear, coordinated organization, | saw cells moving off on their own and even railroading, right
on top of each other. While “pick-up sticks” renders a clear image in the minds of most, it was
insufficient to capture the nuance necessary to describe how these mutants differed in their
collective migration capabilities and organization compared to WT.

Dr. Gibbs and I were, and still are, very fortunate for the time, energy, and immense curiosity of
Dr. Elizabeth Bradley, Dr. James Meiss, and Morgan Byers from CU Boulder. Together, we
sought out to quantitatively describe the differences observed under the microscope between the
two identity mutants versus wildtype. And, through a substantial amount of inspiration,
collaboration, and teamwork, we describe a mathematical approach to understand the relatedness
and interconnectedness of P. mirabilis swarming cells. Serendipity was certainly at play when
we joined forces. And, as they say, “do you want to write a paper?” is the science equivalent of
“we should start a band.”
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3.1 Abstract

Scientists use microscopy images to visualize and describe organisms and their social
interactions. Microscale visual inspections of individual cells, paired with genetic approaches,
have revealed key developmental steps for cells within microbial communities such as microbial
swarms, biofilms, and fruiting bodies. However, there is a lack of formal, quantitative
descriptions of these structures. This gap limits understanding of the relevance and behaviors of
cell clusters, especially regarding cell development and cell-cell interactions. Here, we develop
biologically informed mathematical methods to formally assess cell groupings that form in
bacterial colonies under varying conditions. Our approaches to analyzing developmental stages
of swarming, a type of collective migration, focus on cell length (as a proxy for developmental
stage), cell-cell contacts, and cell groupings. These allow us to explore how identity signaling
and cell-to-cell contact affect population structure at different scales. We found that contact-
dependent, cell-cell communication and kin recognition govern population architecture during
collective migration, such as swarming. By integrating microbiology, applied mathematics, and
computer science, we open a new frontier for analyzing experimental data, leading to testable
biological insights.

3.2 Introduction

Community structure relies on interactions between individuals whether animals, fungi, or
bacteria. Kin recognition is one modifier of these interaction (105,128,129). In microbes, this
structure is critical for colonization in diseases, fitness in mixed populations, and metabolism.
Since Antonie van Leeuwenhoek, microbiologists have used increasingly higher magnifications
to examine the activities of individual microorganisms, i.e., the microscale. However, a critical
gap blocks forward progress in understanding individual cells in the context of microbial
community structures: metric analysis of groups of cells, i.e., structure at the mesoscale. Closing
this gap would allow one to answer longstanding questions—such as the role of cell-cell
communication or kin identity in community structure and maintenance—which remain
unanswered in multiple microbial systems.

This barrier has blocked progress on mesoscale analysis. Traditional techniques for image
analysis often struggle to quantitatively assess cell connectedness and the spatial organization
and architecture of bacterial communities (105,130,131). In addition, human visual bias can
distort the interpretation of microscopy images (132). Recent studies have overcome some of
these challenges in the context of populations with minimal to no motility (133—135),
populations with cells that are uniform in shape (136), or subsets of a population (137,138).
However, many microbial populations contain cells of varying lengths and shapes, that are
motile, and that function collectively. To the best of our knowledge, universally applicable
mathematical tools for mesoscale analysis of complex microbial communities have not yet been
developed.

We move beyond these limitations using a combination of formal mathematical methods and
targeted experiments. In Section (B), we discuss the opportunistic pathogenic bacterium,
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Proteus mirabilis, studied in this paper, which utilizes contact-dependent kin identity as a
regulator of collective migration (139). Using a genetics approach, combined with cell length
analysis and novel mathematical analyses that focus on cell adjacency and the topology of cell
groupings, we address the longstanding question: how does kin recognition shape the
population’s architecture? P. mirabilis cells move collectively as a group, also called a “swarm,”
on hard surfaces (140,141). This migration is dependent on a developmental cycle in which cells
oscillate between being short (<4 pm) and nearly uniformly rod-shaped to becoming elongated
and snake-like (up to 40+ pm long) (7,92,142—144). For wild type populations, these distinct life
stages can be reliably measured through quantitative changes in cell length distributions within a
heterogeneous population (144). Kin recognition is active during this swarm development cycle:
the current model is that kin identity acts either before or after collective migration to block
access to colony benefits, such as shared molecules, nutrients or predator protection, by non-kin
cells (28).

To the eye, microscopy images of swarms of non-kin cells appear to have structures that are
distinct from the swarms of kin (19,25), but quantitative analysis to verify this distinction has
been previously unavailable. Mathematical approaches from the field of computational geometry
offer a promising path to formalize such qualitative observations, thereby delivering meaningful,
quantifiable descriptions of the structures in complex images of polymorphic cell populations
(see e.g., Figure 2.1A). In Section (C), we introduce mathematical tools that provide methods
for quantifying the degree of cell-cell contact and the shapes of cell groupings in P. mirabilis
colonies. Together, these methods provide an interaction network that quantifies the potential
for communication among adjacent cells. We propose two methods to summarize the spatial
inhomogeneity of contacts and to allow us to separate components of interacting cells. With
these, we show that cell-cell communication and kin identity alter how neighbors interact and
influence the structures that form in swarms. Our methods differ from existing order parameters
used in the study of biological aggregation (e.g., packing fraction (145) or average nearest-
neighbor distance (146)); indeed, the generality of the mathematical tools we present allows us to
account for a collection of differently shaped individuals, and our results reveal patterns—and
biological variability—across experiments. Our goal is to formally characterize P. mirabilis’
population-level complexity, self-organization, immense morphological changes, collective
dispersion, and coalescence.

3.3 Biological Methods

3.3.1 Strains and Media

The wild type P. mirabilis strain is BB2000 (123), from which two mutant strains are derived:
Aids [P. mirabilis BB2000 Aids::Tn-Cm(R) (17)] and T6S" [P. mirabilis BB2000 tssAt9sG, which
was constructed and confirmed as described previously for CCS05 using the pKNG101-derived
vector, pCS34 (25)]. P. mirabilis is cryogenically stored at -80°C and daily maintained on LSW-
agar at 4°C (147). For propagation, cells are grown overnight aerobically in LB broth (Lennox)
at 37°C. CMS55 blood agar base (Thermo Fisher Scientific, Waltham, MA) is the media for
swarming.
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3.3.2 Microscopy

Overnight cultures are diluted and normalized in LB broth (Lennox) to an optical density at 600
nm (ODeoo) of 1.0 and then inoculated onto a CMS55 agar pad on a microscope slide as previously
described (17). Microscopy is performed as previously described (25). Briefly, the leading edge
of the swarms and inoculum are imaged using a Leica DM5500B (Leica Microsystems, Buffalo
Grove, IL) and a CoolSnap HQ2 cooled charge-coupled-device (CCD) camera (Photometrics,
Tucson, AZ). For each biological replicate, a new slide is used for each time point and biological
replicate; all are inoculated at the same time in parallel. MetaMorph version 7.8.0.0 (Molecular
Devices, Sunnyvale, CA) is used for image acquisition.

3.3.3 Image Analysis

To avoid obfuscating downstream analysis, images are first cropped, if necessary, to remove
layered cells, oversaturated regions, or areas of excess debris. The perimeter of the image is
excluded, since it often includes cells that are partially out of the frame. Cell masks and length
values are acquired using the Swarmetrics pipeline, which is described in Garling et al. (144). In
the current Swarmetics pipeline, approximately 10% of cells in each microscopy image are
missed (144), so the 6-adjacency graphs (see Section C) are artificially sparse—particularly at
the edges of the image, where neighboring cells are cut off. This rate of detection is comparable
to other bacterial detection algorithms (105). The resulting data is exported as .cvs files for the
analysis described in Section C. Data availability reported below.

3.4 Results and Mathematical Models

Kin recognition through direct cell-to-cell communication appears to alter cell development—
specifically, morphology or behaviors. For example, disruptions in cell-cell communication of
self-identity reduce the width of P. mirabilis swarm colonies by as much as 80%, specifically
through the transfer of Ids self-identity proteins via a contact-dependent T6SS (26,148).
Comparative analyses of individual cells have not yet been pursued, though by eye, the
communication-disrupted mutant strains appear to have different lengths and form atypical cell
groupings (Figure 3.1A). In this study, we analyze three phases of the P. mirabilis swarm
development cycle using phase contrast light microscopy. Using multiple independent isolates,
we consider the potential role of cell-cell communication of kin identity in swarm structure.
Figure 1A shows representative images of wild type strain BB2000 (WT) and its derived mutant
strains: BB2000 Aids (Aids), which is completely disrupted in the communication of its non-
lethal Ids self-identity but not in all communication (17), and BB2000 vipAr9sc (T6S-), which
completely lacks T6SS-dependent cell-cell communication (32, 33). These strains are shown at
three sequential stages of swarm development: swarm initiation (entry in movement, hour 5),
collective swarming (fastest movement, hour 6), and consolidation (cells stop moving and some
divide, hour 7) (92). In the microscopy images, the structure of the groupings in the imaged
populations exhibit interesting differences between strains and across time.

For comparative analysis across the three strains, we first need to assess whether each strain is at
the same swarm development stage, i.e., progressing similarly to WT. This analysis also
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examines how communication and kin identity impact cell morphology. We measure each cell’s
length using Swarmetrics, an image capture and analysis pipeline (144), resulting in a final
dataset of 55,000 cells over all samples (Supplemental Table S3.1). For WT, both median cell
lengths and their variances rise at hour 6 and then fall to their lowest values at hour 7 (Figures
3.1B, 3.1C), as previously reported (144). These results show that wild type cells begin to
elongate during swarm initiation (hour 5), becoming (as a population) longest during collective
swarming (hour 6), and shorten during consolidation (hour 7), likely due to cell division. Cell
lengths for the Aids population follow the same pattern, except that the Aids cells are, on
average, longer than wildtype during collective swarming (Figure 3.1B). By contrast, the T6S-
population has longer cells than wildtype during both swarm initiation and collective swarming,
but the distribution of short cells is similar to those for wildtype and the Aids strain during
consolidation (Figure 3.1B). The variances for cell length within each mutant strain’s population
follow the same pattern as wildtype, with the greatest values during collective swarming and the
lowest during consolidation; cells have the largest spread of cell lengths at hour 6 (Figure 3.1C).
These data suggest that these three strains are all undergoing swarm development at roughly
equivalent time periods, allowing for comparative analysis across strains.

A specific aspect of the cell-length data discussed above is the ratio of short to long cells, which
is a marker of cell development. We previously found that long cells dominate populations of P.
mirabilis during collective swarming, while short cells are dominant at the swarm initiation and
consolidation stages (144). To further explore this issue, we partitioned the cells in the current
experiments into two groups, using a 4 pm cutoff—double the length of a non-swarming cell
(22). The percentages of the populations in these two groups (Figure 3.1D) show that wildtype
and the Aids strain share a pattern in which the longer cells predominate during collective
swarming. By contrast, the T6S- population has essentially the same fraction of long cells
during swarm initiation and collective swarming (Figure 3.1D). Short cells dominate during
consolidation for all strains, although less so for Aids. Altogether, this data shows that
morphological changes in cells occur when communication is disrupted.

However, a challenge with this type of aggregate analysis of the cell lengths is that the data are
spatially decontextualized. Figure 3.1D tells us about the overall size distributions but does not
capture the geometry of the cell groupings that appear in the micrographs of Figure 3.1A. In
other words, we are missing some critical information about the mesoscale. Formal, geometric
assessment of this kind of structural information, we hypothesize, is key to analyzing and
understanding the differences between the temporal evolution of the colony structure of these
strains.


https://www.zotero.org/google-docs/?3pNHro

39

A. 5 hours 6 hours 7 hours

v
k=]
bS]
2
=4
B C.
40 &
50 .
= . % 30
g 40 : i i . i
= Lo ¢ i Strain g Strain
S 30 : i =m|BB2000 o9 *BB2000
S HE | = Aids . * Ads
2 1 . . =mTes . *T6S
® 20 I
(¢} 10{ *
10 ¢
N .
0
5 6 5 6 7
Time (hours) Time (hours)
D. 100%
£
o 26%
o 80%
@ Strain length (um)
4 BB2000 (>4)
E 60% W 882000 (<=4)
. B Aids (>4)
g B 2ds (<=4)
O, 40% TS (>4)
o W T6S (<=4)
3
e
@
a

0%

7

Timee(hrs)
Figure 3.1 Disruptions in intercellular communication alter cell physiology and population structures. (A)
Representative phase contrast images, at three timepoints, of swarms from P. mirabilis strain BB2000 (wild type)
and two derived mutant strains with a disruptions in non-lethal identity signaling, BB2000 Aids (Aids), and in the
cell-cell communication machinery, BB2000 vipArosg (T6S-): swarm initiation at five hours, collective swarming at
six hours, and consolidation at seven hours. Scale bar: 10 um. (B) P. mirabilis cell lengths, computed using
Swarmetrics, for the populations as labelled. Only cells present in a single layer were analyzed. Each graph is a
boxplot where the box represents the 1%-3™ quartile and the middle line is the median. Single points above and
below the box show the points outside these quartiles. A portion of the BB2000 dataset was previously published
(144). (C) Variance of the cell lengths as a swarm development measure. The largest variance occurs during
collective swarming; the smallest is during consolidation. (D) The relative distribution of the total populations by
hour for cells with lengths > 4 um (lighter shade) and <4 um (darker shade).

To quantify the mesoscale structure that is present in these micrographs (Figure 3.2A) we
introduce a measure that we call 8-adjacency, which is designed to quantify cell-cell contact, a
critical feature in communication. Direct physical contact is needed for the T6SS-dependent
transfer of identity proteins like Ids (30, 31), for instance. In addition, efficient swarm migration
requires cell-cell contact, as the bacterial flagella are thought to intertwine and allow for greater
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force propulsion (7,85). To formally quantify this property, we define the 6-adjacency for each
cell in a scatterplot (Figure 3.2B) to be the fraction of its perimeter that is within a distance o0 of
some other cell. The rationale for the choice of § in this metric stems from image processing.
The software in our pipeline creates cell masks that do not account for the bulkiness of
intertwined flagella, thereby creating apparent gaps in the image between neighboring cells that
are actually in physical contact. The parameter 6 accounts for this shortcoming: cells are
considered to be adjacent only if they are separated by a gap of at most 8. The value we choose,
0 =0.59 um, is the average of the distance between pairs of visually observed neighboring cells
across several images (Supplement Figure S3.1). We use this value in all the adjacency
calculations reported in this paper.

To compute the 6-adjacency value for a cell, we consider each sample point along its perimeter
to determine whether any are within 6 of another cell. Since there are N cells in an image, the
result is an NxN matrix, A(d), the d-adjacency matrix. Here each element, 4;(d), is the number
of points on the perimeter of cell i that are within 6 of cell j. In this matrix, there is one row and
one column for each cell; the rows represent “outgoing” contact (who each cell is touching) and
the columns represent “incoming” contact (who is touching each cell). Figure 3.2C demonstrates
the results of this computation for the small patch of the scatterplot shown in Figure 2B; the 6-
adjacent points are highlighted in red. For example, 47 of the perimeter points of cell 4 are 6-
adjacent to cell 1 and 10 to cell 5, so A44,1(8) =47 and A45(5) = 10. Figure 2D shows a portion of
the 6-adjacency matrix corresponding to the nine cells in the highlighted region of Figure 2C.
For the sake of readability, entries in the matrix that are zero (corresponding to pairs that are not
d-adjacent) are not shown. Note that this matrix will typically not be symmetric, since the
different cells can have different sizes and different perimeter point spacing. For example, in the
snapshot of Figure 4C, while 44,1(8) =47, 414(5) = 53; similarly, while 445(5) = 10, A5.4(0) = 14.
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Figure 3.2 Adjacency metric for quantifying cell-to-cell contact. (A) Phase contrast image of WT at 5 hours. (B)
Scatter plot of the cells in Panel A. (C) Magnified image of the red-highlighted cells from Panel B. Points on each
cell’s perimeter that are within 6 = 0.59 um of any other cell are shown in red. The § parameter allows us to identify
contact in the face of imaging artifacts. (D) The -adjacency values are stored in a matrix whose i,/ entry represents



41

the number of perimeter points of cell i that are 5-adjacent to cell j. The i row sum of this matrix represents the
total number of perimeter points of cell i that are 3-adjacent to any other cell in the image. (E) Heatmap of the -
adjacency fractions for the scatter plot in Panel B. (F) Histogram of adjacency fractions for panel E.

We can find each cell’s aggregate 5-adjacency by computing the row sums of the d-adjacency
matrix: Zj=1..n4;(0) — that is, the total number of each cell's perimeter points that are within 6
of any other cell. To allow for comparison between cells with different lengths, we normalize
this quantity, dividing by the number of points along the perimeter of each cell, to give the 6-
adjacency fraction, which runs from 0 to 1. The heatmap in Figure 3.2E demonstrates the
results of this calculation on the scatterplot in Figure 2A, color-coding each cell according to its
d-adjacency fraction. Heatmaps like this can bring out important features of the colony structure
that are not immediately apparent from a visual examination. For example, some of the regions
in Figure 3.2E that appear equally dense to the eye in Figure 3.2B have a higher 6-adjacency
fraction than others, indicating different degrees of cell-cell contact. Since this information is
given for each cell, it can be used to reveal differences between regions in the colony—as well as
patterns that could relate to important biological properties such as “rafting,” where cells are
“parallel” along their longest axis (7), which assumes a degree of contact. Such analysis goes
beyond a qualitative description of scatter plots and provides an explicit measure of a cell’s
opportunity to communicate and share resources.

We can further aggregate the information in a d-adjacency heatmap in the form of a histogram by
binning the d-adjacency scores, as shown in Figure 3.2F. In this example, 43.7% of the cells
have an adjacency score between 0.9 and 1.0: i.e., 90-100% of their perimeter is adjacent to
some other cell (encoded as yellow in Figure 3.2F). While this lumped analysis does lose the
geometric information that is present in Figure 3.2E, such high-level information about the
overall proportion of cells that are in close contact can be useful in identifying large-scale
differences between different phases and strains As an example, the more yellow we see on the
histogram, the more opportunity there is for direct cell-to-cell communication across the
population in the image, indicating possible benefits from group interactions. Histograms can
then be aggregated across images so that consistent signals become visible above the natural
variations of biological systems.

The results of applying the §-adjacency metric to the P. mirabilis data sets are shown in Figure
3.3A. These bring out information about the micro- and mesoscale structure that is not apparent
from the cell-length data or the microscopy images (see also Supplemental Figures S3.2 - 7). The
top row of Figure 3.3A shows that §-adjacency in the wild type strain increases as the population
transitions from swarm initiation (hour 5) to the collective swarming phase (hour 6), where there
is visible rafting, but then drops during consolidation (hour 7). This drop was unexpected, as
consolidated cells visually appear to be densely packed, when viewed in comparison to hour 6:
the 0-adjacency results indicate that visual perception of “dense packing” can be deceptive. The
T6S- strain reaches its highest d-adjacency during consolidation; the previous time points show a
“pick-up sticks” organization with less cell-cell contact. For Aids, there is more variability
between the three images, and the structure alternates between similarity to the wild type and
T6S- strains. Notably, the d-adjacency for this strain is much lower at hour 7 (consolidation) than
the other strains. Similarities in the heatmaps are present across the dataset, yet the heat maps for
the full series of images in the supplement show differences across replicates within a single
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time-point, which is likely due to experimental and biological variability. Therefore, additional
analyses are needed to deal with this noisy data.

T6S-
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Figure 3.3 Adjacency reveals mesoscale structures. (A-C) Heatmaps of d-adjacency for sample scatterplots for
each strain at each timepoint. (D-F) Histograms of 8-adjacency fraction for all scatterplots for each strain.

Overall, it is striking that the fraction of a cell’s body that is in contact with others varies with the
phase of the swarm development cycle. In view of the biological differences among these
engineered strains, these results show that identity signaling and communication (via T6S)
contribute to the degree of cell-cell contact. Disruptions in cell-cell communication appear to
alter the proportional adjacency amounts and timing, as compared to wildtype. Note that the loss
of communication (in the T6S™ mutant strain) leads to /ess adjacency during collective swarming
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and swarm initiation as compared to wildtype, raising the specific question as to whether cell-
cell communication and identity signaling work to help “prime” cells for collective swarming.
To begin answering this question, we need a formal quantification of the mesoscale structures in
the colony: specifically, of the sizes and shapes of the groups of cells that are in contact with one
another. Based on the biology, isolated cells have no immediate opportunity for direct, physical
(T6S-dependent) cell-cell communication. In contrast, adjacent cells have the potential for T6S-
dependent cell-cell communication (149,150). This may even reflect “network” potential for
communication, similar to quorum sensing (151,152) but perhaps contact-dependent.
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Figure 3.4 Building a graph from the 6-adjacency metric to identify cell groupings. (A) Duplicated from Figure
3.2C, this image shows d-adjacent points highlighted in red. (B) The 6-adjacency graph for the 12-cells in panel A.
Each vertex corresponds to a cell, and each edge connects a pair of cells that are 5-adjacent. A connected
component of the graph—a group where all cells are d-adjacent to at least one other cell in the group —is an island.
There are two islands in this panel. The isolated cell between the islands is a singlefon. (C) The island structure of
the scatter plot of Figure 2. (D) Island size proportions for panel C, calculated as a fraction of the total number of
cells. In addition, there are 11 singletons (not shown) that cumulatively make up 1.68% of the total cell count.

To formalize this, we use the information in the 6-adjacency matrix to identify groups of bacteria
that are in contact with one another by building a graph that captures the clustering structure, see
Figure 4. This graph contains a vertex for each cell, and a nonzero entry of Aij(d) indicates
pairwise adjacency between cells i and j giving an edge between the corresponding vertices. We
then analyze the clusters in this graph using the tools of topological data analysis (TDA) (153).
In the TDA framework, points in a data set are defined to be e-connected if they are within € of
each other and groups of e-connected points are called "connected components.” In our context,
€ =0, and we call a connected component an is/land: a set of cells, each of which is 8-adjacent to
at least one other cell in the set. For example, the zoomed-in region in Figures 3.4A and 3.4B
contains two islands: one containing nine adjacent bacteria and one containing two. The final
cell in this region is a singleton, an isolated cell that has no opportunity for communication or
resource sharing. (In topological data analysis, this would be referred to as a d-isolated cell: a
connected component of size one.) Figure 3.4C shows the islands and singletons in the
scatterplot from Figure 3.2B, distinguishing them by color. The largest islands (orange and blue)
contain 56.95% and 37.71% of the 655 cells, respectively; the smaller islands, shown in various
other colors, each contain between 0.31% and 1.83% of the total. In addition, there are 11
singletons that together comprise 1.68% of the total cell count.

To quantify this information, we make a plot that contains one point for each island, with the
vertical position showing the proportion of cells that it contains (Figure 3.4D). We use
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proportion—rather than the number of cells—so that it is possible to compare images with
varying cell counts. Since these numbers are reported as proportions, they must sum to 1; thus,
there can be at most one island with a proportion greater than 50%. We separately tabulate the
number of singletons; in a series of experiments, it will be useful to make a box-and-whisker plot
of the number of singletons in all of the corresponding frames, as we will show below.
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Figure 3.5. Identification of the islands and singletons for the scatterplots of Figure 3A, with each grouping
shown in a different color. (A) Wildtype. (B) The Aids strain, which has partial communication. (C) The T6S
strain, which does not have T6S" dependent cell-cell communication.

This way of analyzing cell groupings can be useful in elucidating important biological
information. Figure 3.5 shows the islands and singletons for the images of Figure 3.5, using color
to distinguish groups. The number and size of the islands varies both with time and with strain.
At hour 6, all three strains have two predominant islands, but the shapes of each of these larger
islands, as well as the distribution of smaller islands and singletons are quite different. The wild
type images also contain more singletons at hour 6 than the other timepoints. The compositions
of the cell groupings in the Aids and T6S™ mutant strains are visibly different from each other and
from the wildtype strain.

While the images in Figure 3.5 are suggestive, they are not quantitative. To formalize the
information in the island analysis, we use the size distributions introduced in Figure 3.4D to
reveal and quantify patterns. These, as seen in Figures 3.6A-C, bring out both the patterns and
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the biological variability across the image frames for each condition (strain and timepoint).
These plots show island size proportions with a dot for each island, separating the image frames
horizontally.

A. 5 hours 6 hours 7 hours
1.0 - 1.0 — 10
C o9 ERES EEE
O os 2 os B s
£ a1 £ o7 E g1
] o o
5 06 = 08 = 061
WT [7] [+ [
..gﬂi .gns -.gDS'
S 0.4 g 0.4 S 049
£ 03 £ 03 o3 »
g“ . 8.0-1 . . . gnz“
= * . Sl « & * ' e .1,
o . . s 1 o o . H . o 01, T . ®
oold R A BN ok ohatl AN Y H NI TE B N PRI
Image frames Image frames Image frames
B- 1.0 o 10 a 10
509 S oo R
D oa | 0 os 0 os
=g £ o7 E o7
%] w %]
D %61 5 08 T e
o o o
it - 051 - 05 - 05
Aids 5 5 5
c 041 c 0.4 c 04
g 031 g 03 —t,g 0.3
g 021 . Qo2 Qo2 .
IR B | . So1le o J 2 4y .
a 131 I o e ;. . o i i
0.0 0.0 - 0.0
Image frames Image frames Image frames
C.
e} 1.0 1.0 L0
€ os 2 0 B o]
3 = o
9 08 B os T oos
E o7 £ o7 R
0 w w
2 06 % 06 % 0.6
T6S- g“ Sos O s
c 04 g 04 2 0.4
g 03 -g 0.3 -g 034
8oz Qo2 8 02
24 2 o1 S 011
@ o o
oo+ r S+ 8 v T T el 0.0 a0
Image frames Image frames Image frames
D. E. F.
w %] w
2 BB2 = A 2 T6S-
5 000 5 ds 3 6S
S 05 © o0s S o5
] k| z
S o044 S 04 S 04
k=] B B
c 031 c 03 o c 03
=] . o o .
€ . £ £
02 021 0.2
& g ° &
5 014 5 019 = [;_Ll 5 01 .
O == = e F -
o 00 o 0.0 o 0.0
= 5 6 7 . 5 6 7 L= 5 6 7
n § (] %] )
Time (hours) Time (hours) Time (hours)

Figure 3.6. Analysis of the island sizes can formally quantify variations in the mesoscale structure between
strains and frames at each timepoint. (A-C) The proportion of cells in each image that are contained in each
island for each strain, trial, and timepoint. (D) Box-and-whisker plots of the singletons for each of these conditions.

This visualization reveals several interesting aspects of the mesoscale structure within a P.
mirabilis strain. Island size distributions significantly vary with time for wildtype (Figure 6A)
and the T6S- mutant strain (Figure 3.6C). By contrast, the Aids mutant strain has similar
proportions of islands for each timepoint. Specifically, for the wild type population, the frames
are dominated by a single large island containing ~70-80% of the cells. For hour 5, there are
comparatively fewer small islands (under ~20%), and only two image frames contain only a
collection of disconnected small islands (Figure 3.6A). At hour 6, there is no single, dominant
island throughout the image frames, suggesting that collective swarming led to the “melting” or
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dispersal of these large islands, producing a distribution of island sizes that spans the full range
of possibilities. By hour 7, there are two dominant regimes for island structure: a single, very
large island containing 80-90% of the cells, with fewer small islands (like hour 5 but with bigger
islands) or—for about half the image frames—a spectrum of medium-size islands. This indicates
that the mesoscale structure of the colony is not rigid, but that there is a continuum of
possibilities.

These results support a hypothesis that contact-dependent communication plays a role in island
formation: the island sizes are different when communication is disrupted. The Aids population
shows little difference in island structure at the three timepoints: no single pattern in the
distributions among image frames is visible (Figure 3.6B). Note however, that large islands
(those containing over ~85% of cells) are mostly absent from the Aids populations; this suggests
that this mutant strain forms smaller connected communities than the wild type strain.

The island structure of the T6S- mutant also shows patterns distinct from those of the wildtype
(Figure 3.6C). At hour 5, its dominant distribution is a collection of small- and medium-sized
islands, except for perhaps three exceptional image frames. As in wildtype and the Aids mutant
strain, the island sizes vary considerably at hour 6, during collective swarming. However, at
hour 7, except for one trial, all have a single, very large island containing more than 80% of the
visible cells; the exception contains two islands of approximately 40% and 50% of the cells
(almost 90% total). These data indicate that the T6S- mutant strain forms one large connected
“mat” of cells during consolidation, to a larger degree than seen with wildtype. Taken together,
these results suggest that the complete loss of communication reduces cell-cell connection during
swarm initiation, is not impactful during collective swarming, and increases it during
consolidation. By contrast, the loss of partial (non-lethal) communication in the Aids strain
disrupts island structure, resulting in distributions like collective swarming throughout the swarm
development cycle.

These analyses of the larger islands tell only a portion of the story: the singleton data are also
revealing. Figure 3.6D shows box-and-whisker plots of proportion of singletons. These isolated
cells comprise a minority of each population. For wildtype, singletons consistently represent a
small percentage of the cells—often less than 10%. In other words, wild type cells tend to form
groups. In contrast, both the mutant strains have a higher proportion of singletons at hours 5 and
6 than the wildtype. The T6S- strain has virtually no singletons at hour 7, during consolidation;
in this phase, cells are generally found in comparatively large islands. The Aids strain has a
higher proportion of singletons at every timepoint than the wildtype, and the greatest proportion
during consolidation, which is consistent with the reduced 6-adjacency (Figure 3.3E). Taken
together with the island size distributions, we see that disrupting cell-cell communication and kin
identity impacts how cells maintain contact. This phenomenon would not happen without the
involvement of the corresponding molecular mechanisms (and signaling outputs).

3.5 Discussion

Many existing studies of microbial collectives focus on the actions of individuals (the
microscale) or the outcomes of the population (the macroscale), omitting that of intermediate
sized groups: the mesoscale. The mesoscale is not only a critical bridge between the extremes,
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but also a key player in the dynamics. To address this need, we focused on complementary
approaches: cell length distributions and the geometry of cell groupings that form and dissolve
during the developmental phases of a P. mirabilis colony. We developed and leveraged new
methods to analyze the geometry of these structures, applying them to the results of targeted
experiments to derive biological insights about cell-cell communication. We found that P.
mirabilis colonies form cell groupings of different sizes and that patterns in these sizes vary over
the stages of swarm development. Of particular note is our result that cell-cell communication—
specifically the transfer of T6SS-dependent self-identity signals—regulates the morphology of
cells and their degree of interaction with neighboring cells.

These findings not only agree with the well-known prediction that genetic relatedness promotes
cooperation (28,154) but also support a new hypothesis about mesoscale structures that organize
the network of connected cells within a swarm. Other biological studies have shown that
bacterial populations can have increased fitness (growth, survival) in social groups: e.g., that
larger group sizes have increased surfactant in biofilms, protecting them against threats like
phage and antimicrobials, and that quorum sensing can contribute to one population’s dominance
(155-158). In P. mirabilis swarms, group size might increase access to nutrients through surface
occupation or facilitate protection against stresses like phage. The data and analyses presented
here, in context of the field, suggest a new biological model: kin recognition promotes
populations to form highly adjacent, connected components (groups) that together form a
mesoscale mesh network.

This application of computational mathematics to microbiology has really moved the needle.
While previous work, which relied largely on qualitative descriptions derived from visual
examination of microbes is certainly useful, it is essential to have a formal quantification of these
structures if we are to truly understand the mechanisms that underlie organismal behavior and
organization. There have been some recent developments along these lines in the context of
uniformly shaped microbial cells with no motility (131)—as well as a significant body of work
on other types of biological aggregations (145,158), where the individual agents can be
approximated as points, circles, or ellipsoids. Our work is more general: our mathematics is
designed to handle complex biological patterns and the variations that occur amongst
experiments. Further, our experiments leverage those analyses to study biological mechanisms
underlying group behaviors. Our methods enable automated analysis of large data sets. The
results of this combined mathematical/biological approach are objective and reproducible,
enabling validation of existing, as well as the formation of new, hypotheses about cell-cell
communications—which can in turn inform the design of new experiments.

One of the most striking findings in the analysis of the wild type, Aids (disrupted non-lethal self-
identity), and T6S- (no contact-dependent communication) strains over three phases of their life
cycle is that visual density does not equate to physical contact. Perceiving groups of cells as
functionally organized or coordinated when they are not was first termed by (159) as the
“clustering illusion.” Existing techniques for the analysis of biological aggregations, such as
density and nearest-neighbor analysis (145,146), cannot resolve such an illusion. Our sharp
focus on adjacency, however, allows us to reveal these visual density paradoxes quite clearly.
For example, even though, to the human eye, there appears to be less “grouping” of T6S- cells at
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all phases, when compared to wildtype, this is an illusion, as we saw using the d-adjacency
analysis (recall Figure 3.6).

A comparison of the wild type, Aids, and T6S- mutant strains suggests that communication
dictates population architecture. The island analysis that we introduce in this paper—a new way
to identify contact networks and thereby facilitate a specific understanding of the biologically-
relevant structure of the swarm—is based on analysis of the connected components in a graph
that captures the 6-adjacency relationships between cells in an image. The sizes of these groups
bring out salient information about network structure in a novel way. For example, wild type
populations are highly dynamic, forming large islands during swarm initiation, which then
disperse during active swarming and then re-form during consolidation, perhaps suggesting a
sort of dynamic coordination amongst the cells. In contrast, cells lacking all communication
(T6S-) fail to aggregate into islands during swarm initiation and form oversized “mats” during
consolidation. This suggests that communication may “prime” the cells for collective migration
and prevent stagnation during consolidation. Finally, cell groupings in the Aids populations
exhibit almost no change over time. Instead, the population appears to be stuck in a sort of
“permanent migration state” consisting of disorganized small and medium islands. We posit that
non-lethal identity signaling in this case may act as a signal that guides the transition into
different life phases and/or organizes cells into rafts during collective migration.

Many opportunities for future work remain. A first goal would be to develop methods for
characterizing other important attributes of the mesoscale structure, such as alignment. Although
the term “alignment” is intuitive, it is surprisingly difficult to formalize, especially for cells with
complicated shapes. Alignment and adjacency are related—two cells with high relative -
adjacency should be designated as aligned, regardless of their shapes—but what constitutes a
sufficiently “high” value is not obvious. Modifying the d-adjacency graphs to incorporate
directed or weighted edges could lead to a quantitative metric for this attribute. Another
potentially interesting aspect of mesoscale structure relates to the holes that are visible in many
of the P. mirabilis scatterplots in this paper. The ideas of persistent homology, another powerful
tool from topological data analysis (160), could help quantify such structures. It could also be
useful to vary the threshold at which an edge is added between two vertices of an adjacency
graph to explore the effects on network structure.

Our analysis methods should extend smoothly to other collections of elongated bacteria that
engage in collective migration, such as Vibrio parahaemolyticus (153), many of which remain
poorly understood due to restricted genetics, cultivation, and image analysis tools. They might
also help understand the role that contact-mediated interactions between Capnocytophaga
gingivalis cells play in multi-species communities (161). We are excited to apply our mesoscale-
analysis techniques to systems that involve physical contact between heterogeneous agents, like
those in biofilms, engineered soil crusts, or synthetic metabolic communities (81,162—164).
Finally, we are looking forward to using these new methods to study how kin recognition and
cell-cell communication regulate these structures, using genetic manipulations to further dissect
the intracellular and intercellular pathways.

The methods presented here mark a significant shift from qualitative microscopy to a
quantitative, spatial analysis of microbial spatial ecologies. Formal characterization of the
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structures in a bacterial colony has many affordances: not just comparison and contrast, but real
insights into biological mechanisms. Key to this is effective interleaving of mathematics and
microbiology. We used data from laboratory experiments to develop, test, and refine the
mathematical methods; these insights then led to new hypotheses and the design of laboratory
experiments for their validation. This synergistic approach allowed us to go beyond the
descriptive and led to insights about cell-cell communication and its role in the formation of
multiscale structures that emerge during the developmental phases of the colony—insights that
are relevant to network development, maintenance, and expansion.
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Figure S3.1 Measurement of d-adjacency is based on calculations from phase contrast images. To determine

the parameter 8, we measured several distances between adjacent (magenta labels) and non-adjacent (cyan labels)
cells, as labeled in demonstration on this figure. The value we choose, & = 0.59 pm, is the average of the distance

between pairs of visually observed neighboring cells across several images. (A) WT. (B) Aids. (C) T6S-. Scale bar,

10 pm.
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Figure S3.2 Phase contrast images of wild type strain BB2000 used for analysis. Each individual
image is ~ 126.4 um wide by ~ 94.4 pm tall.
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Figure S3.3 Scatterplots of wild type strain BB2000 used for analysis. Each individual image is ~ 126.4 pm wide
by ~ 94.4 um tall.
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Figure S3.4 Phase contrast images of P. mirabilis strain Aids used for analysis. Each individual image is ~ 126.4
pm wide by ~ 94.4 pm tall.
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Figure S3.5 Scatterplots of P. mirabilis strain Aids used for analysis. Each individual image is ~ 126.4 pm wide
by ~ 94.4 um tall.
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Figure S3.6 Phase contrast images of P. mirabilis strain T6S™ used for analysis. Each individual image is ~ 126.4
um wide by ~ 94.4 um tall.
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Figure S3.7 Scatterplots of P. mirabilis strain T6S™ used for analysis. Each individual image is ~ 126.4 um wide
by ~ 94.4 um tall.



Table S3.1: Descriptive statistics for cell lengths (in pm) for all strains at all measured time points.

Strain Hour Count Mean Cell Length (um) sd median IQR max min
BB2000 5 8258 494 3.34 3.72 3.01 365 2
BB2000 6 7320 5.68 3.95 438 3.13 38.7 2
BB2000 7 10275 3.60 1.52 2.36 1.47 206 2
Aids 5 6082 5.56 4.16 3.75 427 357 2
Aids 6 1299 12.50 6.25 11.80 45.90 459 2
Aids 7 4553 4.43 2.40 377 39.90, 39.9 2
T6S- 5 4108 9.69 4.86 850 5.45 415 2
T6S- 6 3949 8.09 5.44 6.44 4.88 516 2
T6S- 7 9860 4.05 1.80 3.62 1.60 300 2
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4.1 WT P. mirabilis swarming collectives display a spectrum of
single-cell morphologies

After successfully developing the Swarmetrics pipeline (144) presented in Chapter 2, a world
opened, and enabled single-cell morphometrics (including cell length, width, sinuosity,
curvature, to name a few) to be captured in dense, quickly migrating swarms. The dataset
compiled for Chapter 2 consisted of metrics of nearly 80,000 cells through their life cycle.

With this data in hand, it was notable how much the approximations of P. mirabilis cell lengths
during elongation and migration differed. The vast range of reported P. mirabilis cell lengths
mirrors the mythology of Proteus itself, and ever-morphing figure whose form was difficult to
define and likely arose through the propagation of decades of visually based approximations
instead of quantitative measurement. This finding also emerged concurrently with a body of
literature warning of the bias involved in visual interpretation alone (132). A close look at the
literature yielded lengths of elongated P.mirabilis cells from 40 to over 100 um (142,165). Of
course, P. mirabilis strains BB2000 and ATCC were the only strains analyzed, and other strains
may differ in their maximum or mean elongation length. However, the publication of this paper
presented a possible solution for capturing individual cell morphometrics of cells that are
typically difficult to segment. Indeed, Swarmetrics is capable of more accurately defining
densely packed, oddly shaped, cell morphometrics, partially made possible with the addition of
minor manual annotation in addition to machine learning algorithms.

Most notable from our findings in Chapter 1 was that cell length was not synchronized across the
population, which is to say, not every cell elongated at the start of swarming. In fact, shorter cells
(< 4um) dominated the population at nearly every hour, except for hour 6 in the BB2000
timecourse, where 56.4% of imaged cells were >4 pm in length. The surprising amount of cell
length heterogeneity observed across the P. mirabilis lifecycle enabled us to set forward a new
model for the P. mirabilis life cycle. This model puts forth the idea that swarm development in
P. mirabilis is governed, perhaps, by asynchronous and heterogenous cell differentiation, rather
than by a uniformly distributed population-wide transition.

As machine-learning approaches improve, | am eager to see what other nuances are revealed
regarding cooperative behaviors. Additionally, as technological advances continue to accelerate
research in synthetic bacterial communities, biofilms, and microbiomes, it may become
increasingly necessary for researchers to dynamically adjust the resolution at which population-
wide behaviors are examined. Currently, technology remains a large barrier to smoothly
transitioning from micro- to meso- to macroscale resolutions of group behaviors. However,
advancements may allow researchers to probe subtle interactions between cells, and uncover the
roles those interactions play in maintaining, participating in, and potentially imitating
cooperative behaviors. Bridging these spatial and analytical scales could lead to a more
comprehensive understanding of how collective behaviors emerge from interactions of individual
cells can give rise to collective behaviors, cooperative organization, and, potentially, the
evolutionary foundations of multicellularity.
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4.2 Identity signaling impacts population architecture

In Chapter 3, I collaborated with mathematicians and computer scientists to turn loud, biological
data — especially qualitative observations — into a mathematical and quantifiable measurement.
Through this collaboration, I learned that cross-field collaboration requires a kind of bilingualism
that I had not expected (given that I am bilingual). But speaking across disciplines, where a word
like “network” holds such different significance, was exhilarating. Over many iterations, we
were able to generate a measurement termed d-adjacency. Defining this term was required for us
to quantify cell-cell contact in a still-frame phase contrast image. And it brought the observations
I saw under the microscope to life. The examination of adjacency mesoscale structures (Figure
3.3) highlights the overall proportion of cells in an image that are in close contact to other
strains. Given that T6S, and the transmission of IdsD from one cell to another is contact-
dependent, gaining this metric provided a clear picture of where opportunities for cell-cell
communication were possible.

In addition, through a comparison of the wild type, Aids (disrupted non-lethal self-identity), and
T6S™ (no contact-dependent communication) strains at the mesoscale, it became clear that the
population architecture was altered. The mathematical analysis was an example of the
“clustering illusion,” which states that groups of cells may be perceived as organized or
coordinated, even when they’re not (45). However, by focusing on adjacency, the paradox’s veil
was lifted. And, moved forward the hypothesis that wild type populations are dynamic through
their life stages, perhaps coordinated by a process we do not yet understand. By comparison,
T6S" cells do not form interlocked swarming structures, and collapse into large mono-layer cell
“mats” during consolidation. It’s possible that prior to collective migration cells may be
“primed” or a subset may become “scouts,” as a mechanism to induce collective migration, and,
more importantly perhaps, keep the migration coordinated over time.

Due to the incredible speed of P. mirabilis cells during collective migration (2.45-3.77 mm/h) (7)
I was not able to track individual cells as they progressed through their life cycle, nor into the
next. However, this type of imaging paired with the mathematical analysis presented in Chapter ,
has immense potential in elucidating the role of (p)ppGpp in swarm winnowing (28), clarify how
and/or what initiates swarming or other emergent collective behaviors, as well as further
uncovering how direct cell-cell signaling can shape colony architecture spatially and temporally.
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