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Abstract

Microbial habitats (e.g. in the mammalian gut, in soils) are strongly spatially heteroge-
neous: diffusion limits, advection, and porous structure generate micron-scale gradients in
nutrients, oxygen, pH, and antimicrobials. As a result, immediate neighbors can experience
different exposures over time, so population-level behavior emerges from local interactions
rather than averages. To explain community assembly, stability, and responses to per-
turbations, we therefore need to characterize interactions among bacterial populations at
single-cell, spatially resolved scales. Within this landscape, antagonistic interactions (dif-
fusible bacteriocins, contact-dependent inhibition, and competition for space/resources)
are major determinants of fitness and composition, but their efficacy depends on cell-to-
cell variability in production, receptor status, and exposure paths. This thesis bridges
single cell based experiments and predictive modeling to make those dynamics measurable
and modelable at scale.

I first establish a methodological foundation by benchmarking time-lapse image-processing
software for bacterial populations, creating ground-truth datasets and mapping perfor-
mance trade-offs to guide tool selection (Chapter 2). I then introduce TrackRefiner, a
post-processing software that identifies and corrects tracking errors in time-lapse images of
rod-shaped bacteria, thereby improving lineage fidelity for downstream analyses (Chapter
3). To bridge experiments and models, I survey and systematize machine-learned summary
statistics for Bayesian parameter inference in systems biology (Chapter 4). Building on
these elements, I present a pipeline that carries data from microfluidic image acquisition to
agent-based model calibration (Chapter 5). Chapter 6 was intended to apply this toolkit
to single-cell antagonism in bacterial communities, characterizing spatiotemporal interac-
tions and developing a predictive model. Because of time constraints, I focused on building
time-lapse microscopy datasets and analyzing them with the methods from Chapters 2 and
3. These analyses also help to understand aspects of the biology of the antagonistic system
we study. I implemented a preliminary agent-based model to capture cell growth and toxin
diffusion/uptake; calibration and validation are left for future work.

Collectively, the thesis delivers (i) validated image processing practices with openly re-
leased ground truths for segmentation and tracking, (ii) open-source software that enhances
tracking quality, and (iii) a reproducible calibration workflow for agent based models. To
the best of my knowledge, (iv) it also presents the preliminary single-cell, spatiotemporal
characterization of colicin Ib–mediated antagonism in microfluidic environments. The im-
pact is twofold: experimentalists gain a principled framework to quantify and compare an-
tagonistic strategies at single-cell resolution, and modelers obtain reliable, information-rich
statistics for forecasting community dynamics and evaluating interventions. By unifying
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microfluidics with inference, the work is a step towards data-driven control and design of
microbial consortia.
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Chapter 1

Introduction

“Life on earth is such a good
story you cannot afford to miss
the beginning... Beneath our
superficial differences we are all
of us walking communities of
bacteria. The world shimmers, a
pointillist landscape made of
tiny living beings.”

Lynn Margulis

1.1 The ubiquity and importance of microbial com-

munity dynamics

What is life? In 1944, Erwin Schrödinger offered a simple but enduring idea: living things
keep themselves from sliding into equilibrium by continuously drawing in energy and matter
from their surroundings [1]. In other words, life creates and maintains local order. It
organizes itself, repairs itself, and keeps going. For the first three billion years on Earth,
that story was entirely microbial [1].

Before plants, animals, or fungi appeared, single-celled organisms dominated the planet.
They evolved the basic chemistry of staying alive in a turbulent early world [2]. They didn’t
just occupy Earth, they changed it. The best-known example is oxygenic photosynthesis,
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evolved by ancient cyanobacteria. That innovation sparked the Great Oxidation Event,
permanently reshaping the oceans and atmosphere and opening the door to complex aerobic
life [3].

Their descendants still run much of the planet’s core machinery. Microbes drive the
biogeochemical cycles that keep ecosystems functioning: fixing nitrogen for plants, cycling
carbon, and breaking down organic matter [4]. And their real strength shows up in groups,
not alone. Microbial communities share tasks and trade metabolites, letting the whole do
more than any one species. Examples span the cow’s rumen consortia, cyanobacteria in hot
springs, activated-sludge communities in wastewater treatment, and interactions between
phytoplankton and bacteria in ocean. To understand ecology, health, and life’s persistence
on Earth, we need to understand how microbial communities assemble, function, and
evolve.

1.1.1 Microbial communities shape our world

Microbial communities are not just collections of species acting independently; their com-
position and function emerge from networks of biotic interactions. Classic ecology showed
why: when species use the same limiting resource, one often displaces the other, a pattern
Gause demonstrated experimentally and discussed in his 1934 synthesis on “the struggle for
existence” [5]. Around the same time, mathematical frameworks from Lotka and Volterra
formalized how interactions drive population change, laying the groundwork for modern,
dynamical views of community assembly and stability [6].

Microbial interactions span positive and negative modes. Positive interactions include
commensalism and cross-feeding, where one taxon grows on the metabolic by-products of
another; cooperation is reserved for cases where traits evolved to directly increase a part-
ner’s fitness. Negative interactions include exploitation competition (indirect competition
for shared nutrients or space) and interference competition, where cells directly impair
neighbors via mechanisms such as contact-dependent killing or secretion systems (for ex-
ample, type VI secretion [7]). These interaction often are asymmetric (benefit to one, harm
to another), blurring lines between competition, predation, and parasitism [8].

Which interactions dominate, and with what consequences, depends on context [9]. In
the gut, for example, some studies reveal rich cross-feeding networks, while others find
microbes “locked in conflict” and active cooperation to be comparatively rare [10]; the
resolution is that interactions vary across condition, space, and time [11]. Theory likewise
predicts that while cooperating networks can be efficient, they are often unstable, and
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hosts (e.g., the mammalian gut) may actually benefit from competition when it dampens
positive feedbacks and increases community stability [12].

These interaction rules shape who coexists, where, and for how long [13]. At the
microscales where cells actually meet ( 10–1000 µm), interactions are dominant drivers of
population structure and dynamics: partners that benefit from one another tend to co-
aggregate, whereas antagonistic pairs segregate, producing patchy spatial organization and
altering diversity at larger scales [14, 15]. Simple Lotka–Volterra models with interference
terms predict alternative stable states [6, 16]. In spatial settings, the same antagonisms
can generate large domains dominated by different species. This links local interaction
mechanisms to community-level patterns [6, 16].

1.1.2 The role of interactions in community structure

An interaction-centric view focuses on the network of effects among taxa that underlies
community structure. In this representation, each edge has a sign (benefit or harm), a
magnitude (strength), and a timescale (rate). This framing does not itself quantify inter-
actions but provides a framework for doing so, specifying quantities that can be estimated
and modeled.

Two broad mechanisms are most useful in practice to help us organize our under-
standing. First, resource-mediated interactions change growth by altering shared resource
pools through consumption and secretion; consumer–resource models describe these effects
in terms of uptake/secretion traits and resource supply [17]. Second, direct interference
acts independently of resource drawdown, as with contact-delivered toxins or diffusible
antimicrobials. Because diffusion, advection, and contact rates differ, these mechanisms
operate on different length scales and kinetics, which in turn shape spatial patterning and
coexistence.

With mechanisms in mind, the next question is how to measure interactions in prac-
tice. One strategy is dynamics-first : assemble small consortia, record time series, and
fit dynamical models (often generalized Lotka–Volterra, gLV) to estimate pairwise coeffi-
cients and then test predictions on new assemblies [18, 19]. A complementary strategy is
mechanism-first : profile routes directly (e.g., barcoded genetics, randomly barcoded trans-
poson sequencing [20], defined metabolite supplementation) to identify “who affects whom”
and how. In controlled settings, pairwise coefficients can predict multispecies outcomes,
but non-additive effects and mechanism changes across environments remain important
caveats [21].
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Pairwise models are not the whole story. Higher-order interactions, where a third (or
additional) species modulates the effect between two others, can qualitatively change diver-
sity–stability relationships [22]. Structural approaches therefore ask whether a community
is feasible—i.e., whether all species can maintain positive abundances, given its interac-
tion matrix, complementing classical eigenvalue-based stability analyses [23–25]. These
tools explain why multiple community compositions can persist under the same external
conditions.

Finally, because interaction signs and strengths depend on mechanism and environ-
ment, community structure is history-dependent. Order of arrival (priority effects) and
early fluctuations can push a system into different long-lived states. In practical terms,
controlling resource inputs, spatial arrangement, or assembly sequence can shift which taxa
coexist and at what abundances, motivating single-cell, spatially resolved experiments and
mechanism-aware models in later chapters [18, 19, 26].

1.2 Antagonism in microbial communities: mecha-

nisms and consequences

Antagonism is a basic feature of life. Darwin framed nature as a “struggle for existence,”
where competition is strongest among close relatives that need the same resources. Mi-
crobiologists later found direct evidence for such conflict in bacteria: some E. coli strains
produce factors that kill close relatives, now known as colicins and, more broadly, bacte-
riocins. These observations established that microbes do not only co-occur or cross-feed;
they also deploy targeted weapons that shape who persists and who is displaced [27, 28].

1.2.1 Mechanisms of antagonism

Antagonistic mechanisms fall into two broad classes: secreted toxins and contact-dependent
delivery systems. (i) Secreted toxins : Bacteriocins are ribosomally synthesized peptides
or proteins that usually act on the same or closely related species. In Gram-negative
bacteria, colicins (30–80 kDa) and microcins (1–10 kDa) are well characterized. Colicins
can form membrane pores, degrade nucleic acids, or block cell wall synthesis; they are
often plasmid encoded with linked genes for an immunity protein (to protect the producer)
and a lysis factor (for release, since colicin export commonly occurs via producer-cell
lysis rather than classical secretion). Microcins are often post-translationally modified
and can inhibit RNA polymerase, depolarize membranes, or block DNA replication. In
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Gram-positive bacteria, bacteriocins range from small, heat-stable peptides (class I/II)
to larger, heat-labile proteins (class III). Such toxins can provide niche advantages; for
example, Lactococcus lactis strains that produce bacteriocins suppress close competitors
during cheese fermentation [28–31].

(ii) Contact-dependent systems : Contact-dependent growth inhibition (CDI) sys-
tems use large outer-membrane proteins (CdiA) to bind specific receptors on neighboring
cells and deliver toxic C-terminal payloads. Each toxin has a cognate immunity pro-
tein (CdiI) that protects the producer, enabling discrimination among kin and non-kin.
Reported CDI toxins include DNases, tRNases, and ionophores that collapse membrane
potential. Because delivery requires physical contact, CDI effects are strongest at short
length scales and depend on local cell arrangement [32].

The type VI secretion system (T6SS) is another contact-dependent weapon: a con-
tractile, phage-tail-like machine that injects effectors into target cells. T6SS effectors can
degrade peptidoglycan, form pores, cleave nucleic acids, or disrupt metabolism; immu-
nity proteins encoded near effector genes prevent self-intoxication. Beyond interbacterial
competition, some T6SSs also act against eukaryotic cells (including host cells and envi-
ronmental neighbors) linking bacterial competition with interactions across domains [33].
Beyond these, bacteria deploy tailocins (phage-tail-like bacteriocins) with narrow target
ranges; tailocins are widespread and can strongly influence local competition [34].

Across systems, a shared pattern emerges: offensive factors are typically paired with
immunity or resistance in the producer. This coupling reflects an evolutionary balance be-
tween killing power and self-protection. At the community level, antagonism removes sus-
ceptible competitors, selects for resistance, and can produce non-transitive (rock–paper–scissors)
cycles among producer, sensitive, and resistant strains. Under local dispersal, such cycles
maintain diversity and generate spatial domains; under well-mixed conditions, diversity
can collapse. These consequences connect molecular mechanisms to community patterns
[35].

1.2.2 The challenge of heterogeneity

Mechanism alone does not determine outcome; single-cell heterogeneity does. Even clonal
populations contain cells in different transcriptional and physiological states due to stochas-
tic gene expression, cell-cycle stage, and microenvironmental gradients. In biofilms and
monolayers, spatial gradients of nutrients and oxygen create subpopulations with distinct
programs; quorum sensing further adds context-dependent gene expression. Time-lapse
imaging and single-cell omics show that such variation affects fate under stress or attack
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and can act as bet hedging (at the population level). For antagonistic interactions, suscep-
tibility depends on size, growth rate, neighbors, and gene-expression state; features that
bulk measurements average away. This motivates single-cell, spatially resolved assays to
link local antagonism to population-level outcomes [36, 37].

1.3 Bridging the gaps: the need for spatiotemporal,

data-driven modeling

1.3.1 Limitations of population-level studies

Bulk measurements (optical density (OD), colony-forming units (CFU), and community-
averaged sequencing) fueled the classic growth-laws era beginning with Monod’s quanti-
tative links between nutrients and growth [38]. But such averages fold together cells that
differ in age, size, growth rate, and local environment. They cannot locate where killing
occurs, identify which cells attack or resist, or resolve the influence of local diffusion and
crowding during antagonism. Single-cell work made these limits explicit: even isogenic
bacteria show intrinsic and extrinsic gene-expression noise [39], and structured commu-
nities develop steep microscale gradients that split populations into distinct physiological
states [40]. In practice, bulk readouts miss rare but decisive events (e.g., early lysis next to
a toxin source) and obscure causal links between local mechanism to community outcome.

1.3.2 The promise of single-cell microfluidics

Microfluidics brought experimental control to the same micrometer scales where cells in-
teract. Foundational soft-lithography work (Whitesides and colleagues) enabled precise
handling of flows and geometries compatible with live imaging [41]. The “mother ma-
chine” (Wang and his team) turned this control into long, clean, single-lineage movies,
and follow-up studies extended this to robust growth laws at the single-cell level [42, 43].
Two-dimensional monolayer devices under continuous flow now let us quantify lineages,
neighbor identities, distances to producers, and morpho-mechanical features over time [44].
Together, these platforms preserve spatial context, capture cell-cycle stage and growth rate,
and observe antagonism at the 10–1000 µm scales where it actually unfolds.
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1.3.3 The current bottleneck

Spatiotemporal characterization of antagonistic interactions at the single-cell level is lim-
ited by the following bottlenecks.

Image processing and lineage fidelity

• Accurate segmentation and tracking are required to maintain mother–daughter links
in crowded, rod-shaped populations. Community-developed tools exist [45], but per-
formance depends on strain, imaging geometry, and signal-to-noise [46]. (In this
work, we use the term image noise to include structured acquisition artifacts that
confound segmentation and tracking (e.g., uneven illumination, phase-contrast halos,
background texture, debris, and spatial inhomogeneities in the growth environment)

• Small tracking errors bias growth, division, and fate statistics; this is documented in
cross-benchmarks [47].

Experimental signal and observability

• Limited signal-to-noise, phototoxicity, and labeling constraints reduce reliability of
long time-lapse movies and obscure rare but decisive events (e.g., early lysis near a
toxin source).

• Local toxin fields (diffusion, uptake) are typically unobserved; only indirect proxies
(cell fate, morphology, distance to producers) are available.

Event detection and causal attribution

• Disentangling contact-mediated killing from diffusion-mediated toxicity requires pre-
cise detection of contact, distance, and timing at micrometer–minute scales.

• Heterogeneity in size, growth rate, neighbors, and gene expression alters susceptibil-
ity, which bulk measurements average away.

Model calibration and inference

• Agent-based models (ABM) resolve cells and local environments but are hard to cal-
ibrate: dynamics are stochastic and spatial, latent fields are only partially observed,
and the likelihood is intractable.
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• Likelihood-free (simulation-based) inference depends on informative summary statis-
tics. Hand-crafted features can miss information; learned summaries can help but
require careful design and validation [48–52].

• Computational cost limits exhaustive parameter exploration and uncertainty quan-
tification.

Reproducibility and generalization

• Device-to-device variability, strain differences, and flow conditions complicate com-
parisons across experiments.

• Ground-truth datasets for both tracking/lineage accuracy and mechanistic outcomes
remain limited.

1.4 Thesis outline and contributions

A bottom-up approach starts from single-cell measurements and builds upward to explain
population and community outcomes. Rather than fitting models to bulk averages, it
first establishes what happens, where, and when at micrometer–minute scales, and only
then assembles mechanistic models that aggregate these local rules. In this thesis we
are at the very bottom of that pipeline: we focus on measurement and summarization
(segmentation, tracking, lineage linking, spatial features) and provide only preliminary
modeling; full calibration and validation are left for future work.

Thesis outline (Fig 1.1) is as follows:

• Chapter 2: Presents a benchmarked comparison and best-practice guidance for
monolayer time-lapse movies, validated against ground-truth segmentation and track-
ing.

• Chapter 3: Introduces TrackRefiner, a post-hoc tool to repair mistaken tracks and
lineages without rerunning the full pipeline, with its own ground truths [53, 54].

• Chapter 4: Surveys ML-based methods for constructing and learning summary
statistics for likelihood-free inference in this setting [55].
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Ch 1
Introduction

Ch 2
Benchmark +
Best Practices

Ground-truthed seg-
mentation/tracking
(monolayer movies)

Ch 3
TrackRefiner
Post-hoc repair
of tracks/lineages
(no pipeline rerun)

Ch 4
Summary Stats
for simulation
based inference

ML-learned
summaries for

bayesian inference

Ch 5
ABM Calibration
Movies → tracks
→ summaries →
calibrated ABM

Ch 6
Applications
Colicin antago-
nism case studies

Ch 7
Conclusion

limitations, im-
pact, contribution
and future work

Figure 1.1: Thesis outline

• Chapter 5: Establishes a workflow that: (i) extracts single-cell tracks, lineages, and
spatial features from movies; (ii) constructs summary statistics tailored to monocul-
ture scenarios; and (iii) calibrates the ABM associated with the experiment.

• Chapter 6: Intended to apply the toolkit to single-cell antagonism by character-
izing spatiotemporal interactions and developing a predictive model. Due to time
constraints, the work focuses on building time-lapse datasets and analyzing them
with the methods from Chapters 2 and 3. These analyses also clarified aspects of the
biology of the antagonistic system studied. A preliminary ABM was implemented to
capture cell growth and toxin diffusion/uptake; calibration and validation are left for
future work.
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Chapter 2

A benchmarked comparison of
software packages for time-lapse
image processing of monolayer
bacterial population dynamics

When asked: “How could you
possibly have done the first
interactive graphics program,
the first non-procedural
programming language, the first
object oriented software system,
all in one year?”, Ivan
Sutherland replied: “Well, I
didn’t know it was hard.”

Ivan Sutherland

2.1 Chapter overview

The work included in this chapter is published: Ahmadi, A., Courtney, M., Ren, C., &
Ingalls, B. (2024). A benchmarked comparison of software packages for time-lapse image
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processing of monolayer bacterial population dynamics. Microbiology Spectrum, 12(8),
e00032-24 [53].

Time-lapse microscopy provides a detailed window into the world of bacterial behavior.
However, the vast amount of data produced by these techniques is difficult to analyze man-
ually. We have analysed four software tools designed to process such data and compared
their performance, using populations of commonly studied bacterial species as our test
subjects. Our findings offer a roadmap to scientists, helping them choose the right tool for
their research. This comparison bridges a gap between microbiology and computational
analysis, streamlining research efforts.

2.2 Abstract

Time-lapse microscopy offers a powerful approach for analysing cellular activity. In partic-
ular, this technique is valuable for assessing the behaviour of bacterial populations, which
can exhibit growth and intercellular interactions in monolayer. Such time-lapse imaging
typically generates large quantities of data, limiting the options for manual investigation.
Several image processing software packages have been developed to facilitate analysis. It
can thus be a challenge to identify the software package best suited to a particular research
goal. Here, we compare four software packages that support analysis of 2D time-lapse im-
ages of cellular populations: CellProfiler, SuperSegger-Omnipose, DeLTA, and FAST. We
compare their performance against benchmarked results on time-lapse observations of Es-
cherichia coli populations. Performance varies across the packages, with each of the four
out-performing the others in at least one aspect of the analysis. Not surprisingly, the
packages that have been in development for longer showed the strongest performance. We
found that deep-learning based approaches to object segmentation outperformed tradi-
tional approaches, but the opposite was true for frame-to-frame object tracking. We offer
these comparisons, together with insight on usability, computational efficiency, and feature
availability, as a guide to researchers seeking image processing solutions.

2.3 INTRODUCTION

Time-lapse fluorescence microscopy is a powerful technique for studying biological pro-
cesses at the single cell level [56–58]. This approach is frequently used to investigate the
dynamics of bacterial populations [59–64]. A common strategy involves imaging in a single

11



focal plane: observations are made of cells growing and interacting in a two-dimensional
monolayer on microscope slides or in microfluidic traps [58, 65]. These experiments gen-
erate large quantities of data, especially when images are collected frequently. Research
goals typically involve gathering quantitative data from these images (e.g. cell position,
elongation rate, fluorescence intensity).

Manual extraction of this data is infeasible in most cases, resulting in demand for
dedicated image processing software packages. The community has risen to this challenge:
a number of packages have been developed, focusing on a range of cell types, experimental
set-ups, and analysis features (reviewed in [46]). Given this range of options, identifying
the ideal software package for a given research project can be a daunting task. Here,
we present a systematic performance comparison of image-processing packages to guide
readers in their decision of what tools to adopt.

The recent review of Jeckel and Drescher [46] provides a broad survey of image process-
ing software packages and techniques for validation of image analysis results. Here, we focus
specifically on populations of rod shaped bacteria (i.e. bacilli) growing in monolayer. We
thus do not address tools developed for processing alternate image types, e.g. cells growing
in mother machines [66–68], bacterial cells with other morphologies (e.g. spherical [69],
crescent with stalk [70]) or animal cells (e.g. [71]).
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We present benchmarked results on segmentation and tracking, along with direct com-
parisons of feature assignment and execution times, based on monoculture time-lapse phase
contrast images of unconstrained growth of Escherichia coli, Pseudomonas putida, and
Xanthomonas campestris populations, and of E. coli growth in a microfluidic trap (in
which populations can be maintained in monolayer in consistent growth conditions over
long periods [72]).

For each dataset and software package, we follow recommended-practise pipelines for
optimal performance. To assess the robustness of our findings, we also briefly evaluate
software performance on images of sub-optimal quality.

In preliminary investigations, we identified four tools that performed well on monolayer
bacterial population time-course data: CellProfiler [73, 74], SuperSegger-Omnipose [75],
DeLTA [76, 77], and FAST [78]; these are the focus of our analysis. In contrast, we found
the performance of several related tools to be not competitive on this data, given that their
main performance goal is different: BacStalk [70], CellX [79], Trackmate [69], BactMAP
[80], CellShape [81], MM3 [66], MMHelper [67], and MoMA [68]. We performed extensive
analysis with Oufti [82], which has been recommended for the sort of analysis we perform
here [37, 80, 83]. However, recognizing that this package’s main strength is in fine-grained
analysis of cell morphology and intracellular structure, rather than tracking of population
dynamics, we did not include it in the performance comparison.

To compare these software packages, we manually generated cell counts, reference
masks, tracking trajectories, and lineage trees from benchmarking datasets. These serve
as ground truth for evaluating the performance of each software package in terms of seg-
mentation and tracking.

In the next section, we introduce the four software packages, after which we compare
the foundations of their analysis algorithms. We then present performance comparisons in
segmentation, tracking, feature assignment, and execution time.

2.4 Image processing package overviews

CellProfiler 4.2.6 [73, 84] was developed for analysis of images of eukaryotic cells, but it
demonstrates strong performance on images of rod-shaped bacteria. This package offers a
range of methods for segmentation as well as a wide selection of image processing modules,
including the deep learning segmentation algorithm Omnipose [85], which we incorporate
below in our recommend-practise pipeline. In addition, CellProfiler incorporates several
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algorithms for tracking, which makes the software applicable in a variety of cell motion
and crowding conditions.

SuperSegger-Omnipose 0.4.4 [75] produces a wide range of outputs presented to the
user in both a graphical user interface (GUI) and data files. This package has recently
undergone innovation in its segmentation strategy [86], moving from traditional methods
to the use of Omnipose [85]. This implementation incorporates generalized parameters that
have been trained on images of bacilli bacteria in a range of conditions, thus minimizing
the need for manual tuning.

DeLTA 2.0.5 (Deep Learning for Time-Lapse Analysis) [76, 77] performs segmentation
and tracking with a U-Net convolutional neural network. It supports parallelization of seg-
mentation and tracking steps on CPU or GPU cores, resulting in accelerated computation.

FAST 2.2 (Feature-Assisted Segmenter/Tracker) [78, 87] offers in-line parameter manip-
ulation, allowing users to tune tracking performance in real-time. This package generates
visual outputs incorporating a range of statistical characterizations.

Table S1 (SI Appendix) summarizes additional features of the four packages.

2.5 Algorithm overview and comparison

Here we present an overview of the image processing algorithms employed by the four
packages under consideration. (We refer the reader to [46] for a comprehensive treatment
of image processing for cellular analysis.) The image processing pipeline (Figure 2.1)
begins with segmentation, in which cell objects are distinguished by grouping pixels with
similar attributes. This is followed by tracking, which involves comparison of images across
timepoints to identify persistent objects (i.e. cells undergoing growth and motion) and
mother-daughter triads arising via cell division events. The final step is feature assignment,
in which geometric and dynamic features of individual cells are determined (e.g. centroid
position, length, elongation rate).
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Figure 2.1: Image processing pipeline. A. Raw image. B. Segmentation: cells are
distinguished as individual objects. C. Tracking: cells are tracked across frames and
mother-daughter triads are identified (lineage indicated by colour). D. Feature assign-
ment: geometric features such as length (shown) are determined.

2.5.1 Segmentation

Segmentation of densely-packed groups of cells is a challenging task. Because it is the
first step in the image processing pipeline, success in segmentation is critical to overall
performance [73]. As discussed in [46], segmentation algorithms can be classified into two
broad categories: traditional or machine learning-based.

Traditional segmentation methods include watershed (suitable when objects are touch-
ing or overlapping) and thresholding (effective when foreground and background have dif-
ferent average intensities).

CellProfiler provides the option to employ either watershed or thresholding for tra-
ditional segmentation, and can accept images that have been pre-processed by external
segmentation tools such as Ilastik [88]. Additionally, this package can incorporate deep
learning segmentation tools such as Omnipose [89], described further below.
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FAST employs a multi-stage traditional segmentation process. A texture metric [90] is
employed to characterize the organization of pixel intensities within an image, after which
an adaptive thresholding step (which can account for uneven illumination) detects ridges.
Finally, watershed is applied, separating objects that ridge detection failed to distinguish.

Turning to machine learning-based algorithms, U-Net is a widely-used deep learning
architecture for image segmentation [91]. U-Net models are usually trained on input im-
ages and corresponding annotated masks [92, 93]. Once trained, the models can generate
segmentation masks for previously unseen data. Both DeLTA [77] and Omnipose [89] use
U-Net-based approaches for segmentation.

DeLTA employs a structure that is faithful to the original U-Net architecture [92], and
incorporates a custom loss function and weight maps used for network training. A size
filter is applied after segmentation. In contrast, Omnipose (built on the foundations of
the earlier tool CellPose [94]), employs a U-net architecture with minor modification by
introducing residual blocks, which allow for layer shortcuts and the retention of intricate
feature details. It also integrates a style vector, optimizing the network’s adaptability to
individual image scenarios.

In the performance comparisons below, we distinguish segmentation performance of
SuperSegger-Omnipose from CellProfiler with Omnipose. The implementations differ slightly:
CellProfiler provides a minimum size filter that lets users set the smallest allowable pixel
count for a mask. Additionally, CellProfiler automatically removes objects in contact with
the image border; for analysis in Supersegger, a custom-written script was developed for
this task (available at Github and OSF).

2.5.2 Tracking

Traditional tracking methods can be classified as follows. In overlap-based tracking, which
SuperSegger employs, objects are tracked based on spatial overlap between consecutive
frames. In contrast, distance-based tracking relies on the frame-to-frame distance be-
tween object perimeters. More generally, feature-based tracking is based on similarity of
features assigned to each object, such as orientation or fluorescence intensity. Finally, in
neighborhood-based tracking, objects are matched by coordinating each object’s movement
with that of its neighbors. Cellprofiler offers each of these traditional tracking methods.

DeLTA and FAST use deep learning approaches for tracking: U-Net and unsupervised
learning, respectively.

For tracking of mother-daughter triads, CellProfiler and SuperSegger use an overlap-
based method that records a division event when an object overlaps with two or more
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objects in the subsequent frame. The procedure for detecting cell division in DeLTA in-
volves training of the U-net model; to establish a flag for division events, the algorithm
iteratively analyses the complete dataset. FAST uses a similar procedure based on unsu-
pervised machine learning.

2.5.3 Feature assignment

All the packages can extract a wide range of cell object features, such as area (total
pixel count within the object’s boundary), and phase and/or fluorescence intensity (mean,
maximum, total). In addition, neighborhood-based features provide information about
the cell object’s surroundings, such as the number of adjacent cells or average distance to
neighboring cells.

The packages differ somewhat in how they determine length of bacilli. SuperSegger,
CellProfiler and FAST determine cell length as the length of the major axis of a fitted
ellipse. (FAST additionally provides the user the option to determine length as object
diameter.) In contrast, DELTA determines cell length as the longer edge of a bounding
box [77].

2.6 MATERIALS AND METHODS

2.6.1 Computational resources

All computational analyses were executed on an Intel(R) Core(TM) i5-7200U CPU with 8
GB of RAM.

2.6.2 Materials

Bacterial strains used in this study were E. coli K-12 (gift from Matthew Scott, University
of Waterloo), Pseudomonas putida KT2440 (gift from Trevor Charles, University of Wa-
terloo), and Xanthomonas campestris (gift from Andrew Doxey, University of Waterloo).

2.6.3 Experimental Methods

Culture conditions Cultures were inoculated from isolated colonies picked from freshly
streaked LB agar plates into tubes containing 5 mL LB broth (Fisher Scientific, MA) and
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incubated overnight at 37 °C at 200 rpm, with the exception that Xanthomonas campestris
was incubated at 27 °C. Following overnight growth, each culture was diluted in fresh LB
to OD600 of 0.05 and then grown under the same conditions. Samples were taken for
microscopy at OD600 of 0.4.

Microfluidic chip design and manufacture A microfluidic device was made using a
standard soft lithography multilayer fabrication technique. Briefly, to produce the growth
chambers, a layer of SU8 photoresist (2000.5, Microchem, Germany) was spin-coated onto
a silicon wafer at 700 rpm. The thickness was measured to be approximately 730 nm using
a Dektak 8 stylus profilometer. Next, to produce the flow channel, another layer of SU8
photoresist (2015, Microchem) was spin-coated onto the same wafer with target thickness
15 µm. The microfluidic features for each layer were patterned using a photomask and
UV light. A notch on each photomask matching the notch of the wafer was used to align
the two layers. After baking and developing the photoresist layers, polydimethylsiloxane
(PDMS; Krayden, CO) was prepared at a 10:1 base to curing agent ratio and then cured
on the silicon master mold for 3 hours at 95 °C. A 1.5 mm biopsy punch was then used to
create inlet and outlet ports. Finally, the PDMS layer was bound to a glass slide using a
plasma wand (Electro-Technic Products, IL).

Microscopy Exponentially-growing cultures were added to a cover slip-bottomed petri
dish (MatTek, MA), then covered with an agar pad. (To prepare agar pads, 3 g of agar
powder (Fisher Scientific, MA), was weighed and added to a mixture of 5 g of LB powder
and 200 ml DI water. The dissolved mixture was then autoclaved and cooled to about
50 °C. The mixture was poured into petri dishes to a depth of 3-5 mm. After cooling
to room temperature, 0.5 cm by 0.5 cm square pads were cut with a scalpel.) The cover
slip-bottomed dishes were then placed on the stage of a Zeiss Axio Observer widefield mi-
croscope (operated by ZEN2 Blue Edition) equipped with an Axiocam 506 mono camera
(Zeiss Axio Observer, Grünauer Fenn, Germany), and then covered with an incubating
plate (PECON, Erbach, Germany) to maintain temperature at 37 °C (or 27 °C for Xan-
thomonas campestris). Phase contrast images were collected—every 1.5 minutes for uncon-
strained and constrained E. coli, every 3 minutes for P. putida and X. campestris—with a
Plan-Apochromat 63/1.4 Oil Ph3 M27 objective (Carl Zeiss Microscopy-LLC, NY, United
States of America). For imaging in microfluidic chambers, exponential phase culture was
injected by syringe into the chip inlet. The inlet was then connected to a syringe pump
containing fresh LB and the outlet was connected to a waste vial. The device was then
placed on the microscope stage under the incubating chamber. Fresh media was supplied
at a flow rate of 2 µL/min.
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2.6.4 Computational methods

Manual image annotation

All manual analysis was performed by a single team member to ensure consistency.

Manual counting of cell objects For each frame, cell counts were manually determined.
Cells touching the borders were excluded.

Manual mask generation We used LabKit 0.3.11, an ImageJ module extension, to
manually generate the reference masks for our datasets. For pixel level accuracy we used
pencil input (XP-PEN Artist13.3 Pro 13.3 Inch IPS drawing pen and monitor). Following
the approach of [85], which confirmed alignment between cell membrane boundaries and
image object boundaries, we produced masks that include the surrounding fading halo
(i.e. shade-off) of each cell object.

Manual tracking-trajectory generation Ground truth tracking trajectories were es-
tablished manually. Imaging frequency was sufficiently high that there were no ambiguities
in assigning track links or parent links.

Image processing

When using each package, one must choose which modules to incorporate and what
values to assign to hyperparameters. The specific pipelines employed in this study are
posted at Github and OSF.

Image preprocessing All raw images underwent preprocessing using the ‘unsharp mask’
filter in ImageJ. Ilastik (1.4.0) preprocessing was applied to images supplied to CellProfiler’s
traditional segmentation pipeline and to FAST. The Ilastik training files are posted at
Github and OSF. Ilastik pixel classification was applied to the large-population datasets.
For the workable datasets, Ilastik object classification was also applied, to produce output
for subpixel image registration-based jitter correction, which was implemented through a
Python script (Github) and OSF.

Cell object counts CellProfiler (and CP-Omnipose) provides object count directly.
SuperSegger-Omnipose, DeLTA, and FAST provide output that must be processed to de-
termine object counts. Custom scripts for this procedure are available at Github and OSF.
Cell objects in contact with the borders were excluded from object counts. For CellProfiler
and FAST, this exclusion was handled by the software itself. For DeLTA and SuperSegger-
Omnipose, custom-written scripts were produced for this purpose Github and OSF.

When determining cell counts for the constrained growth case (Figure S3), in some
cases the packages mistakenly assigned parts of the chamber walls as cell objects. These
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mistaken objects were manually excluded from the reported counts by alignment with
coordinates that were confirmed as part of the chamber wall. (Alternatively, CellProfiler
and FAST can process constrained environment images by removing microfluidic device
walls in a preprocessing step with Ilastik;to maintain consistency, this approach was not
used.)

Intersection over Union (IoU) Intersection over Union (IoU)-binary version is de-
fined in terms of the overlap between the predicted segmentation (binary mask) and the
ground truth reference object mask, considering only two pixel classes: object and back-
ground.

For each software tool, binary IoU was determined by comparison with the output
mask. Scripts to generate this output from each tool, as well as a script to generate IoU
are accessible at Github and OSF along with all output reference mask datasets.

Tracking performance and geometric features The data for counting branches
in cell lineages (Table 2.5), cell division cycle duration (Figure 2.5), cell object length
(Figure 2.6), and elongation rate (Figure 2.7) are not directly obtainable from the packages’
outputs. Thus, post-processing scripts were developed to extract these data, including
transformation of package output into accessible file formats, available at Github and
OSF.

In assigning number of branches in cell lineages, the ground truth was used to guide
assessment of package output. Each error reported in Table 2.5 is determined by comparing
the ground truth lineage tree with an output graph constructed by starting with the ground
truth lineage tree and removing all cell objects that were not assigned the correct lineage
ID.

2.7 RESULTS

Here we present a comparison of the performance of the four packages under considera-
tion. We applied segmentation, tracking, and feature assignment pipelines to time-lapse
phase-contrast images of unconstrained monoculture growth of E. coli populations, both on
coverslips under agar pads (unconstrained growth) and in a microfluidic trap (constrained
growth). In addition, we assessed performance on timelapse images of unconstrained pop-
ulations of P. putida and X. campestris.

For each pipeline we used developer-recommended parameter values and module choices
(determined through direct recommendations from the package development teams). All
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images were pre-processed with the ‘unsharp mask’ filter in ImageJ [95]. In addition, images
segmented by FAST and CellProfiler’s traditional segmentation tools were pre-processed
with Ilastik [96] a machine learning-based pixel segmentation tool, as recommend by the
CellProfiler developers. Specifics of all pipelines applied (including Ilastik training files)
are provided at Github and OSF.

While we have endeavored to provide a comparison that offers a generally useful per-
spective on package performance, we acknowledge that no particular assessment can pro-
vide a comprehensive characterization of a package’s overall utility.

2.8 Segmentation

2.8.1 Segmentation of densely populated images (over 1000 ob-
jects)

Unconstrained growth environment To assess segmentation performance we used
each package to process time-lapse images of an E. coli population that reaches high density
and large population size (over 1000 objects). This experimental time-lapse contains 100
timepoint images separated by 90 second intervals over a total of 150 minutes (details in
Methods). Figure 2.2 shows the first and last timepoints of this dataset. (The complete
dataset is posted at Github and OSF.) For this dataset, we manually generated ground
truth object counts for each frame (details in Methods).

21

https://github.com/ingallslab/ImageProcessing-Benchmarking/tree/main
https://osf.io/yp8e9/?view_only=19f9913c84044643b1815e0c7fa14772
https://github.com/ingallslab/ImageProcessing-Benchmarking/tree/main
https://osf.io/yp8e9/?view_only=19f9913c84044643b1815e0c7fa14772


Figure 2.2: Segmentation benchmarking dataset (A) First and (B) last (100th) images
in a time-lapse of E. coli growth in an unconstrained environment. The initial frame
contains 105 cells. The population grows to 1140 by the final frame. Cells touching the
edges are not counted. The cells are in monolayer throughout (150 minute duration).

Figure 2.3 shows the relative error and (inset) the number of objects identified at each
timestep, along with the ground truth value. For all packages, as well as the ground truth,
objects touching the borders are excluded. This exclusion was done manually for the
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ground truth and automatically within CellProfiler and FAST. For SuperSegger-Omnipose
and DeLTA, scripts for this purpose are provided at Github and OSF.
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Figure 2.3: Cell count segmentation results for time-lapse of unconstrained
E. coli growth: relative error at each timepoint in comparison to the ground truth count.
(Relative error = (estimate - ground truth)/(ground truth). The inset shows the object
count for each tool along with the ground truth. Average error is obtained by averaging
the absolute deviations from the ground truth across all timesteps. (CP: CellProfiler, SS:
SuperSegger)

All packages perform well in cell count segmentation, with DeLTA exhibiting the closest
alignment to the ground truth counts, closely followed by FAST.

Object counts for complementary datasets (with final cell counts over 650) of uncon-
strained growth of X. campestris and P. putida, without reference ground truth, are pro-
vided in Figures S1 (SI Appendix) and S2 (SI Appendix). (The datasets are posted at
Github and OSF.) These show similar trends in terms of package preformance.

Another metric for segmentation performance is the Intersection over Union (IoU)
measure [46], defined in terms of object masks. Construction of ground truth object masks
can be subjective. Each cell object is surrounded by shade-off: a decision must be made
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as to how much of this boundary region should be included as part of the mask. A novel
approach for establishing this boundary was pioneered in [85], in which strains engineered
to fluoresce on their outer membrane were imaged. The resulting masks were confidently
aligned with biological object boundaries. Despite the lack of such fluorescence markers
in our images, we endeavored to assign masks using a corresponding boundary threshold.
Consequently, the IoU results reported below are biased toward Omnipose, which assigns
mask boundaries using the fluorescence-validated approach in [85].

Intersection over Union (IoU) measures for the last timepoint of the unconstrained
E. coli growth time-lapse (Figure 2.2) are shown in Table 2.1, determined in reference to
a manually generated ground truth reference mask (details in Methods). (A score of 1
indicates perfect agreement of object masks; 0 indicates no overlap.) All packages perform
well, with Omnipose having an advantage in terms of reference mask production.

Table 2.1: Intersection over union (IoU) measures of segmentation accuracy (CP: Cell-
Profiler, SS: SuperSegger)

CP-Omnipose SS-Omnipose DeLTA FAST
0.91 0.91 0.58 0.58

Constrained growth environment The constrained environments provided by mi-
crofluidic devices present specific challenges for image segmentation. Image artifacts, such
as uneven illumination and halos, can appear in these contexts [14]. Moreover, the bound-
aries of the growth chamber can be difficult to distinguish from cell objects. For all pack-
ages, we performed post-processing to manually exclude the boundary regions (details in
Methods).

We assessed cell count segmentation performance on time-lapse images of an E. coli
population in a microfluidic trap (details in Methods). This experimental time-lapse con-
sists of 54 timepoint images separated by 180 second intervals, for a total of 162 minutes.
Figure S3 (SI Appendix) shows the first and last timepoints of this dataset. (The complete
dataset is posted at Github and OSF.) Figure S4 (SI Appendix) shows the number of ob-
jects detected in each timestep, as reported by each software package. The overall trend
is similar to the unconstrained growth case (Figure 2.3).

Workable time-lapses We next consider types of errors made in object identification.
This analysis requires manual comparison of the ground truth with the object identification
results from each package. Application of such a manual analysis to the large datasets
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presented above is beyond the scope of this project. Instead, we generated 24 workable
time-lapses of unconstrained E. coli population growth, each consisting of between 20 and
40 timepoints separated by 5 minute intervals (with final cell counts ranging from 6 to 47).
We cropped these time-lapses to ensure that no cells intersect the boundary of any frame.
Representative images from one of these workable E. coli time-lapses are shown in Figure
S5 (SI Appendix) (The complete time-lapses are posted at Github and OSF.)

We classify each segmentation error as either false positive or false negative. A false
positive occurs when a non-cell pixel cluster (e.g. debris) is identified as a cell object or
when a single cell object is mistakenly identified as two objects. A false negative occurs
when a cell object is overlooked or when two neighbouring cells are identified as one cell
object.

Table 2.2 presents manually determined counts of segmentation error type totals across
the last frame of each of the 24 workable time-lapses. The (manually determined) corre-
sponding total object count is 583.

Table 2.2: Object identification error counts (CP: CellProfiler, SS: SuperSegger, O: Om-
nipose)

Error Type CP-O SS-O DeLTA FAST
false positive 22 25 14 6
false negative 19 18 39 30

For completeness, we report average IoU measures for these 24 workable time-lapses,
across all timepoints in Table 2.3; these are consistent with the results in Table 2.1.

Table 2.3: Average IoU over the 24 workable E. coli time-lapses (CP: CellProfiler, SS:
SuperSegger)

CP-Omnipose SS-Omnipose DeLTA FAST
0.82 0.85 0.66 0.69

2.9 Tracking

Here, we present a comparison of tracking performance on the 24 workable time-lapses
introduced above. For these datasets, no cells enter or leave the frame during the time-
lapse.
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2.9.1 Tracking error counts

As discussed above, tracking involves identification of persistent objects (i.e. cells under-
going motion and growth) and mother-daughter triads (when division events occur). Each
frame-to-frame connection is described as either a track link (persistence of object) or par-
ent link (mother-to-daughter). We follow Matula et al. [97] in establishing a classification
scheme for tracking errors. Matula et al. provide a comprehensive error classification based
on identification of missing, redundant, or mislabelled (i.e. wrong semantic) links. Here,
we introduce classifications only for the errors that we observed in the processing of the 24
workable datasets. Presuming no crossing of frame boundaries, tracking errors appear as
one of the following (Figure 2.4):

Figure 2.4: Classification of tracking errors. Ground truth consisting of: A, two
persistent cells; B, a mother-daughter triad. Errors: C, swapped track link; D missing
track link; E, redundant parent link; F, missing parent link. Dotted edges: track links;
solid edges: parent links. Colors represent distinct (identified) lineages.

Swapped track link: mislabeling of object identities between two consecutive timesteps
by swapping labels among a group of cells (typically two). These errors produce cross-overs
in the forest of tracking trees.
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Missing track link: initiating a spurious lineage by misidentifying an existing cell as a
new immigrant. These errors introduce false lineage roots.

Redundant parent link: inappropriately assigning a cell as a daughter in a lineage where
a division event did not occur. These errors create false divisions in the tracking tree.

Missing parent link: initiating a spurious lineage by failing to connect a new daughter
cell in lineage with its mother. These errors introduce false lineage roots.

Table 2.4 shows the tracking error counts for the last timestep of the 24 workable time-
lapses, as assessed against the manually determined ground truth. A total of 583 objects
were tracked.

Table 2.4: Tracking errors counts (CP: CellProfiler, SS: SuperSegger, O: Omnipose)
Tracking errors type CP-O SS-O DeLTA FAST

swapped track link 5 8 7 10
missing track link 6 8 6 11

missing parent link 9 9 6 10
redundant parent link 5 3 1 8

2.9.2 Division detection

Segmentation and tracking errors contribute to inaccuracies in constructed cell lineages.
We assessed accuracy of lineage construction by comparing the number of division events
(i.e. branch points) in lineage trees generated from each ancestor cell present in the first
time frame of each timelapse. We manually generated ground truth lineages for each such
ancestor. Table 2.5 shows a comparison of the average relative error in the number of
branch points reported by each package (over the 38 lineages in the 24 workable datasets,
details in Methods).

Table 2.5: Average relative error in division detection (CP: CellProfiler, SS: SuperSegger)
CP-Omnipose SS-Omnipose DeLTA FAST

29.66 20.12 32.88 53.21
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2.9.3 Cell division cycle duration

Errors in tracking and segmentation lead to inaccurate characterizations of cell division
cycle duration (i.e. the time elapsed from a cell’s birth to division). Figure 2.5 shows the
distribution of cell division cycle duration for the 24 workable E. coli datasets, as generated
by the four packages, along with the manually determined ground truth (details Methods).
Only complete cell division cycles (observed from birth to division) are included.
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Figure 2.5: Distribution of cell division cycle duration for the 24 workable E. coli
datasets. Integrated error describes the accumulated absolute error between each pack-
age’s output and the ground truth. (Incomplete cell cycles are not included.) (CP: Cell-
Profiler, SS: SuperSegger)
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2.10 Geometric feature assignment

As discussed above, the image processing packages employ a range of strategies to assign
object features, such as position, length, and elongation rate. Developing a manually
determined ground truth for such features is beyond the scope of this project. We present
below a direct comparison of feature assignment results for the four packages.

2.10.1 Cell object length

Figure 2.6 shows the distribution of cell lengths collected across all timepoints of the 24
workable E. coli time-lapse datasets.
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Figure 2.6: Distribution of cell object lengths gathered from all timepoints across
the 24 workable E. coli datasets. (CP: CellProfiler, SS: SuperSegger)
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2.10.2 Elongation rate

Figure 2.7 shows the distribution of elongation rates collected across all timepoints of the
24 workable E. coli datasets.
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Figure 2.7: Distribution of elongation rates collected from all timepoints of the
24 workable E. coli datasets. Elongation rate is defined as (Lt+1 − Lt)/∆t where Lt

is length (in µm) of the cell object in frame t and ∆t = 5 minutes is the interval length.
(CP: CellProfiler, SS: SuperSegger)

2.11 Execution time

Table 2.6 shows execution time for each imaging pipeline (including segmentation, tracking,
and feature assignment; details posted at Github and OSF) on time-lapse datasets of E. coli
population growth (i) in the unconstrained environment (Figure 2.2), (ii) the constrained
environment (Figure S3, SI Appendix) and (iii) in the 24 workable time-lapses. These do
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not include time spent manually training Ilastik (used for FAST), which can be significant.
This analysis was performed exclusively using a CPU (details in Methods), without taking
advantage of the GPU acceleration that is available for DeLTA.

Table 2.6: Execution times (hours) (CP: CellProfiler, SS: SuperSegger, O: Omnipose).
*DeLTA GPU-based parallelization was not employed.

-1in-1in

Dataset CP-O SS-O *DeLTA FAST
E. coli -unconstrained 0.75 1.5 5.40 0.52
E. coli -constrained 0.50 0.98 1.5 0.51

workable time-lapses (total) 0.11 0.15 0.17 0.14

2.12 Robustness with respect to image noise

The results presented above are based on recommended practise for optimal performance.
Image quality is impacted by experimental procedures and microscopy settings, which in
some cases may lead to sub-optimal resolution. For completeness, we assessed cell count
segmentation performance for an unfiltered version of the unconstrained E. coli population
growth dataset shown in Figure 2.2, which contains artifacts introduced by inhomogeneities
in the environment. (Corresponding first and last timepoint images are shown in Figure
S6 (SI Appendix); the full dataset is available at Github and OSF.) Because deep learning
segmentation algorithms can be sensitive to noise types on which they have had limited
training [98], we included Cellprofiler with traditional segmentation (and Ilastik input) in
this analysis. The results are shown in Figure 2.8.
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Figure 2.8: Segmentation cell count for unfiltered time-lapse of unconstrained
E. coli growth. Relative error with respect to ground truth. The inset shows the cell
object counts.

2.13 DISCUSSION

The analysis presented here involved assessment of 1094 images, representing 118722 indi-
vidual cells of three different bacterial species. (Full datasets at Github and OSF).

Considering cell count segmentation performance (Figure 2.3), DeLTA and FAST showed
the closest alignment with the ground truth. All packages exhibited improved performance
at later timepoints. This could be attributed to the fact that, when fewer cells are in the
frame, there is more opportunity for background noise to be identified as cell objects by the
deep learning-based algorithms. Table 2.2 indicates that the deep learning segmentation
algorithms (Omnipose and DeLTA) produces the most false positives, with DeLTA per-
forming better than Omnipose. In comparing (unbenchmarked) cell count segmentation
performance of E. coli population growth in a constrained environment and of uncon-
strained growth of P. putida and X. campestris populations, similar trends appeared.

When assessing robustness of the results with respect to image quality, we found that
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traditional segmentation approaches coupled with Ilastik yielded superior results for cell
count segmentation performance. This is consistent with reports that deep learning seg-
mentation algorithms suffer from noise sensitivity [98] depending on the choice of training
set. In the related field of medical imaging, significant efforts have been made toward
algorithm refinement for addressing this limitation [99]. One such solution is incorporation
of a Gaussian kernel. This option is provided by DeLTA and Omnipose, although the
results on unfiltered images (Figure 2.8) suggest that further refinements may yet improve
performance.

Comparison of Intersection over Union (IoU) metrics presents a challenge due to the
subjective nature of manual annotation, particularly when defining object boundaries. The
ambiguity arises from the presence of a ‘halo’ around each object, leading to uncertainty
about whether to include this area as part of the object.

Our analysis of tracking errors (Table 2.4) reveals that package performance is reason-
ably consistent. The most commonly occurring errors are missing track links and missing
parent links. In reconstructing cell tracking trajectories and associated lineages (Table 2.5),
we found that SuperSegger-Omnipose most closely aligns with the ground truth, followed
by CP-Omnipose and DeLTA. In the corresponding assessment of cell cycle duration, CP-
Omnipose matches the ground truth well, followed by Supersegger-Omnipose and DeLTA.
Finally, in comparing (unbenchmarked) geometric feature assignment, the packages show
reasonable agreement.

In terms of execution times, the packages demonstrated similar performance on the
smaller, workable datasets. However, for the much larger benchmarked E. coli dataset,
FAST demonstrated much faster execution than the rest. We did not assess potential
gains in GPU-based parallelization.

The analysis presented above required custom scripts to generate consistent outputs
from all packages. These include exclusion of objects touching the perimeters (includ-
ing consideration of mask padding by deep learning algorithms), generation of output
masks, and transformation of package output into a structured .csv file containing cell
attributes. In addition, we developed custom scripts to support generation of the ground
truth annotations of object counts, masks, and tracking trajectories, and for the analysis
of life-history-based measures. These scripts could be used to empower future analyses
or pipeline development; likewise, the ground truth annotations may be useful for bench-
marking future performance comparisons. All of this material is available at Github and
OSF.

We acknowledge that our performance comparison does not capture the full range of
package capabilities. For instance, our focus on rod-shaped bacteria neglected consider-
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ation of the rich diversity of cell morphologies; likewise we did not consider populations
of cells undergoing self-propelled motility. In terms of data analysis, we did not compare
across imaging, or pre-processing techniques (such as deconvolution [100] or jitter correc-
tion options) nor did we take advantage of the improved segmentation accuracy that would
be provided by fluorescent labelling of cell membranes [85]). Moreover, we did not provide
a comprehensive comparison across pre- or post-processing software add-ons, nor did our
analysis capture the full spectrum of metrics that could be of interest for a given imaging
project.

The four packages we considered share common features, such as customizability, cross-
platform compatibility, and the ability to handle large-scale datasets. Moreover, each pack-
age offers unique features that may be essential for particular research tasks. CellProfiler
can measure confluence in cell culture experiments and identify subcellular compartments
(such as nuclei, cytoplasm, and organelles). Moreover, the machine learning-based module
CellProfiler Analyst allows for interactive exploration and classification of image data [84].
SuperSegger-Omnipose can directly assess the spatial distribution of bacterial cells in an
image, identifying patterns of cell arrangement, clustering, or organization, including the
structure and growth of bacterial colonies. DeLTA’s deep learning model can be trained
on a wide range of datasets, making it adaptable to a range of bacterial species, growth
conditions, and imaging modalities, and offering potential to detect and analyze subcellular
structures. FAST self-reports a “trackability” score — an assessment of the reliability and
accuracy of tracking, based on object features, motion characteristics, and object similarity
between consecutive frames.

As discussed in [46, 101], deep learning-based packages have transformed the field of
image processing [102]. These tools can efficiently handle larger datasets (in comparison
to traditional methods [103]) and can be adapted to work well on a wide range of tasks
and data types, providing versatile, all-purpose solutions [104, 105]. A key advantage of
deep learning algorithms is their ability to automatically learn useful features from data,
which reduces the need for manual feature engineering and expert input [106]. The results
reported here provide clear evidence of the value of deep learning tools in processing images
of monolayer bacilli, especially for object segmentation. However, our analysis shows that
traditional approaches to tracking (currently) offer superior performance. Combination
pipelines thus appear to offer the best approach; future developments in deep learning
strategies may tip the balance in their favour.
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Chapter 3

TrackRefiner a tool for refinement of
bacillus cell tracking data

“What I cannot create, I do not
understand.”

Richard Feynman

3.1 Chapter overview

The work included in this chapter is published: Ahmadi, A., Dostmohammadi, A., McLean,
R., & Ingalls, B. (2025). TrackRefiner: A tool for refinement of bacillus cell tracking data
[54].

This chapter introduces TrackRefiner, a tool that repairs tracking outputs without re-
running the full pipeline introduced in chapter 1. TrackRefiner detects and fixes frequent
errors by enforcing biophysical plausibility (size/length continuity, bounded displacement,
division timing) and local lineage constraints. I describe the algorithmic components, in-
put/output formats, and minimal user supervision needed, then quantitatively characterize
gains on the ground-truth datasets. Benchmarks show that post-hoc repair substantially
reduces errors in growth, division, and progeny fidelity while keeping compute and an-
notation costs low. This chapter provides the corrected tracks and lineages used in the
modeling work that follows.
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3.2 Abstract

Single-cell resolution time-lapse microscopy of bacterial populations is a powerful tool for
assessing cellular behavior and interaction dynamics. Realizing its full potential requires
accurate image analysis: segmentation of individual cell objects, tracking of persistent cells
from frame to frame, and connecting of mother cells to daughters during division events.
Tracking is particularly challenging in densely packed populations or when cells move sig-
nificantly; Leading software often struggles. To address this, we present TrackRefiner, a
tool for refinement of bacillus cell tracking data. This package was specifically designed
to refine the tracking outputs of CellProfiler. Benchmarks involve non-motile, rod-shaped
bacteria; extension to motile species or other morphologies remains to be demonstrated.
For timelapses with frequent imaging, TrackRefiner achieved—with one exception—over
98 % detection accuracy and corrected 57–100 % of tracking errors. TrackRefiner is pub-
lished on PyPI and Anaconda. Source code, user manuals, and the benchmark dataset are
available on Github and OSF.

3.3 Introduction

Time-lapse microscopy can noninvasively capture dynamic bacterial behavior. It has been
used to study, for instance, how bacteria adapt to new environments, how they interact
with other cells, and the development of resistance to antibiotics [107–112]. In synthetic bi-
ology, time-lapse microscopy has been used to validate the behavior of engineered bacteria,
making it a valuable tool for design and innovation [113, 114].

Interpretation of time-lapse microscopy observations typically requires the use of im-
age processing tools to extract insight and understanding from large quantities of imag-
ing data. When time-lapse images are captured at single-cell resolution (fields of view
typically 100–500 µm, resolving cells measuring 1-5 µm) tracking is needed to follow in-
dividual cells and their lineages. By tracking individual bacterial lineages, researchers
can, for instance, pinpoint how antibiotic resistance evolves and propagates across succes-
sive generations [115–117], monitor metabolic shifts and gene expression regulation within
specific lineages [118], and identify the emergence of specialized subpopulations, such as
persisters that can withstand stress or antimicrobial treatments [119, 120]. Understand-
ing these lineage-specific dynamics is important for devising strategies to control bacterial
pathogens, improve biotechnological processes, and deepen our knowledge of microbial
ecology and evolution.

36

https://pypi.org/project/TrackRefiner/
https://anaconda.org/ingalls-lab/TrackRefiner
https://github.com/ingallslab/TrackRefiner
https://osf.io/wb2cr/?view_only=974966ee64424cbbb57f5de76a226b0e


The two main tasks in image processing are (i) object (cell) segmentation, i.e. dis-
tinguishing individual objects from the background and their neighbors, and (ii) object
tracking, including tracking of cell division events [46]. Despite continued advancements
in microscopy and image processing techniques, significant challenges remain.

Several fully integrated pipelines already combine segmentation and lineage reconstruc-
tion for bacteria. BaSCA [37] couples adaptive watershed segmentation with graph-based
tracking, whereas STrack [121] provides a lightweight Docker/Python workflow for di-
verse morphologies. Deep-learning frameworks such as DeLTA [77] use a U-Net backbone
followed by a recurrent linker, while SuperSegger[75] and TrackMate [69] embed lineage
reconstruction directly within their segmentation engines. TrackRefiner adopts a different
strategy: it operates as a post-processing module that starts from an existing segmenta-
tion–tracking output and selectively prunes false links while adding missing ones. Image
processing approaches for non-motile bacillus populations were assessed in [53], which
provided a benchmarked performance comparison of packages based on data from cell
populations (of up to nearly a thousand cells) growing in constrained and unconstrained
environments. That analysis showed that while currently available tools can deliver suit-
able segmentation performance in certain conditions, particularly via the recommended
Omnipose-CellProfiler pipeline [84], tracking performance is less satisfactory.

Ongoing efforts to improve segmentation performance are focused on developing ad-
vanced algorithms, including deep learning and hybrid models, to enhance accuracy and
reliability across diverse imaging conditions [122, 123]. Accuracy of cell tracking depends
on the accuracy of cell segmentation. However, even with perfect segmentation, track-
ing performance is inherently constrained by imaging frequency. More frequent imaging
improves accuracy by reducing movement between frames, but practical limitations such
as photobleaching, phototoxicity, and hardware constraints often prevent high-frequency
imaging. Beyond these challenges, tracking of expanding cellular populations is inherently
more complex than conventional computer vision tasks like vehicle tracking [124] due to
the appearance of new (daughter cell) objects that must be correctly associated with their
predecessors.

We thus developed TrackRefiner, a post-processing tool that takes segmentation and
tracking output as a starting point and improves tracking accuracy by pruning incorrect
links and adding missing links. TrackRefiner is a hybrid platform that combines tradi-
tional tracking methods with machine learning classifiers. It requires minimal user input,
compensating for a lack of user-tuning by employing a data-driven approach. TrackRe-
finer was developed using test datasets of non-motile Escherichia coli and Pseudomonas
putida populations cultured under agar pads or within microfluidic systems; it is generally
applicable to bacillus bacteria.
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TrackRefiner takes as input the processed output files from Omnipose–CellProfiler
[84, 123]. Although we refer here to “Omnipose–CellProfiler,” any tool that produces
CellProfiler-compatiblee segmentation masks (for example, Cellpose, Omnipose alone, or
similar packages) can be used in the same way. Adjustment to other package outputs
would be straightforward, but is not provided in the current version; detailed adjustment
instructions are provided on the TrackRefiner Developer Wiki.

Specifically, it takes Omnipose-generated files (from the segmentation task), which
include object masks, and CellProfiler’s tracking data, which includes a characterization
of object (cell) features and spatial neighbor relations. The only user input required by
TrackRefiner is the imaging interval time and the doubling time for the population. For
scenarios in which cells leave the frame (e.g., exiting through the mouth of a microfluidic
trap), the user can define a region of interest in which such events (termination of lineage
tree branches) are not treated as tracking errors.

TrackRefiner’s output includes a pickle file for each time step storing tracking data and
object feature lists, a CSV file with all tracking information, and a text log file providing
details (time step, object, links) on error identification and correction and information
about errors that were identified but not corrected (Additionally, we provide a separate
GUI that allows users to locate and manually correct these errors.

To benchmark TrackRefiner’s performance, we manually generated ground truth track-
ing records for eight time-lapse experiments (contributed by four separate research groups
[13, 125, 126]) and three representative snapshots (Table 3.3) capturing E.coli and P.putida
populations cultured under agar pads or within microfluidic systems. The snapshots con-
sist of pairs of timepoints for which the ratio of sampling frequency to growth rate is lower.
The first and last frame of each dataset are shown in Supplementary Figure 1. This ex-
tensive ground truth dataset includes a total of 159,349 manually curated object links.
We expect this dataset will be useful to the community as a benchmark for the ongoing
assessment of tracking packages.

3.4 Results

Table 3.2 summarizes TrackRefiner’s performance, showing dataset size, the rate of in-
accurate or missing link reports, the number of segmentation errors (i.e. noise objects)
removed in TrackRefiner’s first step, and TrackRefiner’s primary performance: how effec-
tively TrackRefiner identifies tracking errors (reported as the number of errors identified
relative to Omnipose-CellProfiler’s total error count) and the improvement in accuracy
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(reported as the net improvement in error count relative to Omnipose-CellProfiler’s total
error count). This correction rate is bounded above by the error identification rate. Exe-
cution time is also reported (not included for the snapshots). All analyses were performed
on a system equipped with an Intel(R) Core™ i9-13900 CPU, 128 GB of RAM, and a 1 TB
NVMe SSD.

Error Detection Rate (%) =
Number of errors identified by TR

Total number of errors in CP-Omnipose
× 100

Error Correction Rate (%) =
Number of errors corrected by TR − Errors introduced by TR

Total number of errors in CP-Omnipose
×100

Figure 3.1: TrackRefiner reduces error in assessment of cell cycle duration For
each dataset, histogram bins were selected to describe the distribution of cell cycle durations
in the ground truth (full distribution available in GithubGitHub). The distribution of cell
cycle durations reported by Omnipose-CellProfiler and TrackRefiner were assigned to the
same bins. The difference (absolute error) in bin heights is shown. Shorter bars therefore
indicate better agreement with the ground truth. The result shows that TrackRefiner
consistently produces fewer errors across nearly all duration bins.

For the full datasets (Unconstrained1-4, Constrained1-4), TrackRefiner consistently
achieved high detection rates, above 98%, with one exception, and corrected a substantial
proportion of errors, ranging from 57% to 100% of the total error count.
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The snapshot datasets exhibit a higher rate of tracking errors: in these scenarios the
ratio of imaging frequency to division rate is low (Table 3.3) , so significant motion can
occur between frames. Moreover, cells in these frames lack consistent alignment, resulting
in erratic trajectories and frequent changes in orientation. A quantitative characterization
of this increased motion and misalignment is provided in the Supplementary Table 1. For
these cases, the TrackRefiner error detection rate drops (ranging from 42% to 49%), with
reduced error correction rates (32% to 44% of the total error count).

To assess TrackRefiner’s capacity to deliver improvements in longitudinal analysis, we
determined TrackRefiner’s performance in correcting cell cycle duration results (Figure 3.1)
across the eight complete datasets. TrackRefiner reduced errors compared to Omnipose-
CellProfiler results (details available in GitHub).

To measure how TrackRefiner recovers lineage integrity, we assessed accuracy in deter-
mining continuous lineages (table 3.1): this metric quantifies how accurately a tracking
algorithm maintains consistent cell identities over time. Each ground truth lineage (a path
from a leaf —last frame before the cell exits/dies or last time-point— to its original ances-
tor) is treated as a continuous sequence of cell IDs across time. The tracking results are
compared to this ground truth. The metric is inspired by the “lineage consistency” score
used in the cell tracking challenge [47].

3.4.1 Considerations for Tracking Accuracy

Tracking performance is affected by a variety of biological and technical factors, and de-
pends on both the spatial arrangement of cells and the temporal dynamics of their move-
ment (which is directly dependent on imaging frequency). We used the ground truth
dataset to investigate these relationships, as follows.

Figure 3.2A shows the relationship between average absolute angular motion and the
percentage of tracking errors made by Omnipose-CellProfiler; Figure 3.2B shows the same
data for average absolute translational motion. In all cases for which there is sufficient
data to confirm a trend, increased motion leads to increased error rate. A similar analysis
of the effect of density yielded results that are more ambiguous (Supplementary Figure 2).
Although dense packing increases consistency in motion, it also increases the segmentation
error rate; our analysis is confounded by this combination.
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Figure 3.2: Correlation of angular (A) and translational (B) motion with
Omnipose-CellProfiler tracking error rate for each dataset. For each of the eight
full time-lapses (U: unconstrained, C: constrained), the horizontal axis represents Pear-
son’s correlation coefficient r between the average motion (A: angular; B: translational of
centroids) and the percentage of tracking errors. The vertical axis shows − log10(p), where
p is the p-value calculated using a t-distribution. Datasets that fall above the red line and
to the right of the green line show a statistically significant and strong positive correlation,
implying that larger frame-to-frame motion leads to higher error. (details in GitHub).
In both panels, the horizontal red line marks p = 0.05 (− log10(p) ≈ 1.3), which serves as
the threshold for statistical significance. The vertical green line at r = 0.75 indicates a
threshold for a strong positive correlation.

41

https://github.com/ingallslab/Trackrefiner/tree/analysis/Scripts


Table 3.1: Summary of lineage continuity performance across constrained and
unconstrained datasets. Columns denote: G.T.#: true continuous lineages in
ground truth; CP#: continuous lineages captured by CellProfiler (CP) and the
percentage; TR#: those captured by TrackRefiner (TR) and the percentage.

Dataset GT # CP # CP % TR # TR %

Unconstrained1 3,919 3,192 81.4 3,878 98.9

Unconstrained2 1,165 971 83.3 1,085 93.1

Unconstrained3 3,103 2,466 79.4 3,036 97.8

Unconstrained4 223 199 89.2 223 100.0

Constrained1 764 582 76.1 648 84.8

Constrained2 628 589 93.8 618 98.4

Constrained3 1,807 1,494 82.7 1,678 92.8

Constrained4 1,763 1,466 83.2 1,677 95.2

3.5 Discussion

TrackRefiner is a specialized software package designed to detect and refine tracking errors
in the output of existing image processing algorithms. In its current implementation, it
utilizes segmentation results from Omnipose and tracking data from CellProfiler. TrackRe-
finer combines traditional assessments with machine learning to analyze multiple features
simultaneously, making it well-suited for large and complex datasets.

TrackRefiner is designed with accessibility in mind, requiring no prior knowledge of ma-
chine learning or programming. It operates as a plug-and-play system, where users input
basic parameters (imaging interval time and cell doubling time). Furthermore, Track-
Refiner offers both a command-line and Graphical User Interface, catering to users from
computational biologists to experimentalists.

We evaluated TrackRefiner’s performance against a range of datasets using ground truth
tracking data. This benchmark dataset, the first of its kind, provides a valuable resource
for assessing future developments in tracking software. TrackRefiner consistently achieved
high detection rates, above 98%, with one exception, and corrected a substantial proportion
of errors, ranging from 57% to 100% of the total error count. For more challenging snapshot
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Table 3.2: TrackRefiner performance across the datasets in Table 3.3. Columns
represent: the total number of links assessed in the ground truth (G.T.); the link error
rate in Omnipose-CellProfiler output (false positives and false negatives); the number of
segmentation errors (noise objects; N.O.) removed by TrackRefiner; the rate at which
TrackRefiner identified tracking errors (the number of errors identified relative to the total
error count); the TrackRefiner correction rate (net improvement in error count relative to
the total error count); and the execution time.

Dataset Links in G.T. Error (%) N.O. Detected Error Detection (%) Error Correction (%) Execution time (min)

Unconstrained1 43,156 10.9 32 100.0 69.4 22.000 ± 0.010

Unconstrained2 7,507 11.4 422 99.657 98.4 7.000 ± 0.030

Unconstrained3 19,903 10.6 711 99.907 97.3 12.000 ± 0.020

Unconstrained4 1,752 1.1 0 100.0 100.0 0.300 ± 0.006

Constrained1 8,615 4.6 0 80.916 57.2 1.000 ± 0.090

Constrained2 5,218 2.6 335 99.457 98.3 2.000 ± 0.070

Constrained3 33,751 4.2 988 98.998 97.4 4.000 ± 0.080

Constrained4 33,313 3.5 735 98.612 70.1 5.000 ± 0.060

ConstrainedSnapshot1 265 23.0 0 49.18 39.34 –

ConstrainedSnapshot2 510 32.3 4 44.84 44.24 –

ConstrainedSnapshot3 573 31.0 2 42.37 32.76 –

datasets, detection rates dropped below 50%, while correction accounts for 32% to 44%
of the total error counts. TrackRefiner produces a text log file that provides detailed
information on the errors that it has identified but has not corrected; these can be located
and manually fixed with a specialized GUI).

While TrackRefiner addresses many challenges in cell tracking, challenges clearly re-
main. TrackRefiner’s machine-learning performance benefits from larger datasets with
more links, and its accuracy depends on the quality of segmentation from Omnipose-
CellProfiler: excessive segmentation errors (e.g., large patches of missing or merged ob-
jects) propagate into the tracking phase, reducing both detection and correction rates,
while bursts of simultaneous errors in a single frame can overwhelm the local feature space,
making it hard for classifiers to identify the correct link among many candidates. High
motility or low frame rate can cause cells to move so far between frames that even cor-
rectable links appear biologically implausible; Our analysis was limited to time-lapse images
of non-motile, rod-shaped bacteria imaged in agar-pad and microfluidic devices. Perfor-
mance on cocci, curved rods, or motile species has not yet been quantified. Extension
to these morphologies—and to datasets where active motility dominates frame-to-frame
displacements—will require additional benchmarking, likely novel feature engineering and
possibly algorithmic tuning.

TrackRefiner first applies a concise set of division- and morphology-based heuristics,
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tailored to rod-shaped bacteria, to generate imperfect link labels that serve as weak su-
pervision for the downstream classifier. For other cell morphologies—e.g. spherical cocci,
irregular yeast or mammalian cells—these rules would need to be adjusted or replaced.
For instance, a eukaryotic division might involve transient morphological changes (mitotic
rounding) or multi-stepp cytokinesis that violates the simple “two-daughter” assumption.
n those cases one could (i) relax or generalize the division rule to allow for transient shape
changes or more than two offspring, (ii) incorporate additional features such as cell area
fluctuations, shape descriptors (e.g. aspect-ratio, circularity), or intensity-base markers
of mitosis, (iii) train new classifiers on manually annotated examples from the target cell
type, using the same pipeline but with updated feature sets and lineage consistency checks.

Because TrackRefiner’s flagging rules are separate from its learning-based correction, a
user working on a new cell type can simply swap in a tailored set of “plausibility rules”
and retrain the classifiers on a small amount of ground-truthh data. We anticipate that
this flexibility will make TrackRefiner a valuable starting point for tracking in a wide range
of microbial and eukaryotic systems.

To further improve tracking accuracy, future iterations of TrackRefiner could benefit
from integrating Graph Neural Networks (GNNs), which are highly effective at analyzing
dynamic, interconnected data like time-lapse cell interactions [127]. Enhancing compatibil-
ity with additional tools, such as SuperSegger [75] and DelTA [77], would also increase its
utility. A key challenge lies in mitigating motion-induced errors. Predictive modeling tech-
niques that leverage historical trajectories and dynamic adaptation could help anticipate
cell movements. Beyond improving individual tracking events, TrackRefiner contributes
to a more fundamental goal: enabling researchers to reconstruct accurate single-cell histo-
ries, trace lineage relationships, and better understand microbial dynamics over time. As
imaging technologies continue to advance, precise tracking will remain critical for bridging
the gap between raw microscopy data and meaningful biological insights. For a detailed
tutorial, see the TrackRefiner Wiki.

3.6 Methods

TrackRefiner provides two supervised classifiers: logistic regression (default) and a C-
Support Vector. The general pipeline of TrackRefiner is shown in Figure 4.1. TrackRefiner
begins by making an assessment of segmentation based on object size. As described in
detail below, cell object features are then collected from Omnipose-CellProfiler, followed
by calculation of additional features. The algorithm then adjusts the tracking results by
comparison with established biological patterns and dataset-specific observations, using
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Table 3.3: Ground truth datasets
Name # Links Avg. Doubling Time (min) Imaging Interval (min) Cell Type # Frames

Unconstrained1 43156 30 2 P.putida 71

Unconstrained2 7507 30 2 P.putida 23

Unconstrained3 19903 30 2 P.putida 36

Unconstrained4 1752 35 3 E.coli 71

Constrained1 8615 20 10 E.coli 131

Constrained2 5218 30 5 E.coli 40

Constrained3 33751 45 1.75 E.coli 35

Constrained4 33313 45 1.75 E.coli 35

ConstrainedSnapshot1 265 20 5 E.coli 2

ConstrainedSnapshot2 510 21 5 E.coli 2

ConstrainedSnapshot3 573 22 5 E.coli 2

both traditional assessments and machine learning classifiers. Finally, output files are
produced.

3.6.1 Feature List

Tracking relies on an assumption that frame-to-frame changes are small, so a source object
and a linked target object in the subsequent frame share many similarities. Here we
describe the set of features that TrackRefiner uses for assessing and correcting track and
division links. Some of these features are drawn directly from the CellProfiler output.

Cell Object Geometry: CellProfiler provides foundational cell object features such as
length, orientation and centroid position. TrackRefiner calculates additional features cap-
turing i) frame-to-frame elongation, ii) variation in length and elongation rate over an
individual cell’s lifetime, iii) the difference in orientation between a mother cell and the
average orientation of its daughters, and iv) the difference between a mother’s length and
the lengths (sum and maximum) of its daughters.

Position: Omnipose provides a mask describing each cell object’s position. TrackRefiner
assesses consistency in position across frames via: i) the Intersection over Union (IoU) [46]
(comparing mother and union of daughters in the case of division links) and ii) a proximity
index determined by comparing the position of cell centroids and poles.

Neighbor Set: CellProfiler determines neighbors by detecting physical contact between
expanded cell boundaries. TrackRefiner assesses changes in the neighbor count by consid-
ering neighbors that persist across consecutive frames. For division links, the neighbor set
of the mother cell is compared to the union of the daughter cells’ neighbor sets.
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Figure 3.3: The TrackRefiner pipeline. The input consists of mask data (from Omni-
pose) and tracking, feature, and neighbor data (from CellProfiler). Additional features are
then determined, after which errors revealed by lineage inconsistencies are identified. A
set of machine learning models are then trained to distinguish correct and erroneous links.
These trained models are then used for further error identification and for error correction.
Output files provide corrected link information.

Direction of Motion: TrackRefiner defines direction of motion by the vector between the
centroids of the source and target cells (or from mother to each daughter). Additionally,
the algorithm determines the alignment between a cell’s direction of motion and the average
direction of motion of the neighbors of both the source and target cell.

3.6.2 Algorithm Workflow

TrackRefiner uses a blend of feature analysis, machine learning classifiers, and systematic
correction steps to address tracking challenges, as classified in Figure 4.1 (see also [47]).

In its first step, TrackRefiner identifies errors in segmentation based on a size threshold
(i.e. non-cell objects that correspond to debris or optical “noise”). These objects and
associated links are removed from the dataset. (This is the only way in which segmentation
is assessed or corrected.)
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TrackRefiner then collects and determines features across the remaining dataset. For
some features, outlier ranges are determined by 95% confidence intervals via the normal
approximation method [128].

Error flagging

The algorithm then flags errors that are identifiable through anomalies in the lineage
trees, specifically: (i) cells that branch into more than two daughter nodes (over-assigned
division links), (ii) cell lineage origins after the first frame (untimely root) and (iii) cell
lineage terminations before the last time frame (untimely leaf). Depending on context,
these root and leaf events could be accurate descriptions of migration or death events. To
address migration (cells leaving or entering the image frame), the user can specify regions
in which such errors are not assigned (e.g. the mouth of a microfluidic trap). Cell death is
not explicitly treated (but is the subject of planned future development.)

In addition to these lineage-based flags, TrackRefiner uses features to identify cells
mistakenly treated as having divided when they did not (redundant division links) by
comparing the length of the putative mother cell to the lengths of the putative daughters.

Classifier training

After flagging readily identifiable errors in the previous step, the algorithm leverages Cell-
Profiler link data that has not been flagged as erroneous (henceforth referred to as ‘verified’
links) to train a set of three classifiers. This ‘verified’ training set will generally contain
errors, but is largely correct (more accurate than the pre-flagged errors reported in Table
3.2 below), and so is a solid foundation for a data-driven approach.

Three separate classifiers are constructed, as described below. TrackRefiner employs
an 80/20 stratified split of labeled data to ensure balanced representation of both rare and
common tracking events. Input features are standardized to ensure fair treatment by classi-
fier models (logistic regression, SVC), which are sensitive to feature scale. To address class
imbalance, rare events are automatically assigned larger weights during training. Over-
fitting is further mitigated through L2 regularization. More in-depth details on classifier
training and testing are provided in the Supplementary Table 2, Supplementary Table 3,
GitHub and OSF.

Classifiers: The algorithm’s primary classifier assesses a putative link (i.e. a source-
target pair) and produces two likelihoods: (i) that the pair is connected by a track link, and

47

https://github.com/ingallslab/TrackRefiner
https://osf.io/wb2cr/?view_only=974966ee64424cbbb57f5de76a226b0e


Figure 3.4: Classification of tracking errors. (A) Ground truth showing true track
and division links. (B) Tracking errors: missing track and division links, over-assigned
division links, redundant division links, swapped track links, and untimely root or leaf
assignments (i.e. lineage start/end points that are not in the initial/final frame).
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(ii) that the pair is connected by a division link. Because these likelihoods are produced
from a single classifier, they can be usefully compared.

The positive sets are verified links. The negative sets are verified links of opposite type.

In addition to the primary classifier, the algorithm trains two specialist classifiers:
one for assessing putative track links and another for assessing putative division links.
These are, in a sense, redundant, because the primary classifier produces corresponding
likelihoods. However, these specialist classifiers each focus exclusively on one link type,
allowing them to refine predictions beyond the primary classifier’s general approach. Con-
sequently, they individually provide more confident estimates of the likelihood of link ac-
curacy. For the specialist division link classifier, the positive class is verified division links;
the negative class is verified track links. For the specialist track link classifier, the positive
class is verified track links; the negative class is verified division links and additional fab-
ricated track links that connect sources of verified track links to neighboring cells of the
target (as additional examples of links that should be recognized as inaccurate).

Correction phase

After training the three classifiers, TrackRefiner uses them to resolve tracking errors flagged
in the initial identification step and to address feature-based errors as described below. For
over-assigned division links, the specialist division link classifier is applied to retain the
two most likely division links. Redundant division links are addressed in a similar manner
using the specialist track link classifier. Swapped track links and missing division links,
which are not easily identifiable through lineage tree anomalies, are identified based on
feature-based discrepancies, such as deviations in motion alignment, neighbor ratios, and
length dynamics. These potential errors are evaluated and corrected using the primary
comparison classifier. For untimely root and leaf errors, TrackRefiner applies the primary
comparison classifier to assess nearby candidates and re-establish probable links using the
Linear Sum Assignment Method (LSAM) [129].

Any unresolved untimely root or leaf cases are revisited in a final restoring step in
which the primary classifier re-evaluates link probabilities and establishs connections where
it deems appropriate. The correction process successfully resolves many errors, but it
can also introduce erroneous links. An example visualization of tracking performance is
provided in the Supplementary Figure 3. Algorithm details are provided in GitHub and
OSF. Flowcharts outlining the algorithm are available at Algorithm workflow.
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Ground truth preparation

To evaluate the accuracy of TrackRefiner, we manually generated ground truth bench-
marks for the datasets described in Table 3.3 (see also Supplementary Figure 1). Each
link reported by CellProfiler was manually reviewed and labeled as correct or erroneous;
simultaneously, missing links were identified and labeled. This process produced a com-
prehensive assessment of Omnipose-CellProfiler errors and a ground truth consisting of
159,349 labeled links across a total of 442 frames. The same comparison process was used
to assess errors in TrackRefiner output. We also applied this procedure to the snapshot
datasets (Table 3.3; Supplementary Figure 1), assessing 1771 links over 6 frames.

A single team member manually identified all tracking errors. This assessment was
independently reviewed by a team of three different individuals.

To facilitate this process, we developed two specialized GUIs (for CellProfiler output
and for TrackRefiner output).

3.6.3 Rationale for selecting the Omnipose-CellProfiler baseline

Our previous head-to-head study of four leading pipelines (CellProfiler, SuperSegger-Omnipose,
DeLTA and FAST [53]) showed that the Omnipose-enhanced CellProfiler workflow achieved
the best aggregate performance for rod-shaped, non-motile bacteria across both constrained
and unconstrained environments. To assess the incremental benefit supplied by TrackRe-
finer, we therefore fixed Omnipose-Cellprofiler as a reference baseline, rather than attempt
a broader comparative analysis. TrackRefiner operates directly on cell masks and track-
ing information provided in the format used by CellProfiler. Any other tool—including
SuperSegger-Omnipose, DeLTA, FAST, or future packages—can be used as an alternative
once its output is converted to that format; step-by-step adapter instructions are posted
on the TrackRefiner Developer Wiki.

3.7 Data Availability

The data sets analyzed during the current study are publicly available at Github and OSF.
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3.8 Code Availability

Source code and user manuals can be accessed via Github and OSF. The manually curated
benchmark dataset is also posted at these sites.
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Chapter 4

Machine learned summary statistics
for Bayesian inference of systems
biology models parameters:
opportunities and challenges

“A computer would deserve to
be called intelligent if it could
deceive a human into believing
that it was human.”

Alan Turing

4.1 Chapter overview

The work included in this chapter is published: Ahmadi, A., Podina, L., Höpfl, S., &
Ingalls, B. (2025). Machine learned summary statistics for Bayesian inference of systems
biology models parameters: opportunities and challenges. Current Opinion in Systems
Biology, 100560 [55].
This chapter reviews how to choose and construct summary statistics for likelihood-free
inference (Approximate Bayesian Computation, ABC) in mechanistic systems biology. It
explains when summaries are needed, outlines basic criteria (informativeness, robustness,
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efficiency, interpretability), and groups methods into hand-crafted features and machine-
learned summaries. Brief case studies show how these choices affect parameter identifi-
ability and run time. Common pitfalls (overfitting, dataset shift, weak calibration) are
noted, and practical checks and simple rules of thumb for study design and reporting are
provided.

4.2 abstract

Mechanistic systems biology models can capture complex dynamic interactions, but their
accuracy often relies on parameter inference from high-dimensional, noisy data with corre-
sponding intractable likelihoods. Approximate Bayesian Computation (ABC) avoids likeli-
hood evaluation by comparing simulated and observed data via low-dimensional summary
statistics. However, effective selection of these summaries remains a limitation. Recent
advances in machine learning offer algorithmic approaches to the selection of informative
summaries, improving parameter identifiability and reducing computational cost. Machine
learning of summaries, however, introduces new challenges. We survey summary-selection
techniques for ABC, discuss how automated summaries can enhance parameter identifiabil-
ity and inference efficiency, discuss algorithmic trade-offs in informativeness, tractability,
and interpretability, and highlight strategies to ensure reliable inference. Through biolog-
ical case studies, we review recently developed methods for selecting summaries. Finally,
we outline challenges and future directions for leveraging machine-learned summaries to
support ABC as a powerful and transparent tool for parameter inference in systems biology.

4.3 Introduction

Mechanistic models in systems biology aim to capture the dynamic interactions among
metabolites, proteins, genes, and cells to explain and predict complex biological behaviors
[130, 131]. Because molecular process parameters (e.g. enzymatic rate constants, gene
expression rates, transport coefficients) are rarely measured directly, parameterization of
these models is inherently an inverse problem [132]: observations are made of system-level
behavior (e.g. time courses, dose–response curves, single-cell readouts) from which the
values of component-specific process parameters are inferred [133].

In systems biology modeling, parameter inference serves two primary goals [134]. It
provides mechanistic insight, characterizing how molecular interactions shape system be-
havior and distinguishing core processes from ancillary activity. Further, accurate inference
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provides predictive power: well-calibrated models allow confident extrapolation to new con-
ditions, e.g. drug treatments, genetic perturbations, or synthetic circuit designs, allowing
in silico experiments (i.e. model simulations) to guide experimental design and real-world
interventions.

A wide range of tools is available for parameter inference [135]. Classical approaches
provide a single best estimate of the value of each model parameter. In contrast, Bayesian
approaches begin with an initial guess for where each value might lie, which is called a prior,
and then provide an updated estimate of these values in the form of a posterior distribution.
In general, inference relies on the likelihood function, which characterizes the probability of
the parameters taking particular values given the model structure and available data. In
simple cases, likelihoods can be formulated analytically, enabling exact inference. However,
systems biology models often involve hidden species, stochastic reaction events, or partial-
observability, so that a closed-form likelihood is available only for special cases (e.g. linear
Gaussian dynamics). Consequently, when the likelihood is intractable one must resort
either to computational surrogates or to likelihood-free methods such as ABC; the former
are often prohibitively expensive, especially for iterative inference pipelines that require
repeated likelihood-approximation calculations [136].

Here, we focus on a likelihood-free Bayesian inference approach: Approximate Bayesian
Computation (ABC), an iterative scheme that is well-suited to the dynamic, mechanistic
models used in systems biology [137]. ABC avoids likelihood calculation by relying di-
rectly on model simulations to provide indirect information about the likelihood. This
review focuses on a specific methodological challenge: designing, validating, and deploying
informative summary statistics for Approximate Bayesian Computation when calibrating
stochastic or high-dimensional mechanistic models. Generally, direct comparison of full,
high-dimensional data across ensembles of simulations is neither computationally practi-
cal nor statistically reliable. Summary statistics are therefore indispensable in ABC; by
compressing raw data to a handful of features, the information most sensitive to the pa-
rameters is preserved, while irrelevant noise is filtered out and the cost of simulation-based
comparisons is made tractable [138].

Traditionally, summary statistic selection proceeds in two phases. First, domain experts
propose a comprehensive set of candidate features. Then, this candidate pool is reduced
in dimensionality by one of two broad strategies, either (i) subset selection, in which
information-theoretic or penalized-likelihood criteria (e.g. AIC, BIC, posterior entropy)
are used to identify small but useful subsets of the expert-driven features [139], or (ii)
projection methods, through which the entire candidate feature vector is transformed to a
low-dimensional space via linear or nonlinear mappings (e.g. principal-component analysis
(PCA), kernel methods) [140].
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Figure 4.1: Summary statistics generation for ABC. Summaries are produced either
by traditional approaches (hand-crafted or projection methods) or by machine learning.

Summary statistic selection faces trade-offs between:

(i) Informativeness—do the chosen statistics capture the relevant information contained
in the data?

(ii) Dimensionality—are the chosen statistics sufficiently low-dimensional to allow for
efficient processing and analysis?

(iii) Interpretability—can the chosen statistics be usefully mapped to biological com-
ponents and processes?

These trade-offs are especially pernicious in systems biology, where data are typically
noisy, high-dimensional, and heterogeneous across samples.

Recent advances in machine learning (ML) enable automatic learning of useful sum-
maries, providing powerful alternatives to subset selection and projection and potentially
eliminating the subjective step of expert feature identification (Figure 4.1). However, ML
approaches can have downsides, including overfitting risks and black-box interpretability
issues [52, 141].

This review is organized around three guiding questions:

1. Identifiability gains: How can ML-based summaries reduce posterior uncertainty
compared to expert-driven summaries?

2. Method comparison: What are the strengths and limitations of different ML tech-
niques for summary selection?

3. Interpretability and robustness: Which strategies facilitate transparent and reliable
summaries?
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In this review, we address identifiability as commonly framed in ABC contexts. Struc-
tural non-identifiability means that multiple parameter values yield the same likelihood. In
this case, posteriors can be flat (or nearly so) along the non-identified directions, conveying
little information beyond the prior [142].

4.4 Background

In the context of model calibration, we distinguish two data-generating processes: the
real system, which produces observed data xobs, and the mechanistic model M, which
generates simulated data xsim for a specific parametrization θ = θ∗ through a stochastic
process: M(θ∗) = {p(xsim | θ∗)}. The goal of parameter inference, which in this context
is equivalent to model calibration, is to identify θ values for which the distribution of
simulated data xsim best matches the distribution of observed data xobs.

Classical methods determine

θ∗ = argmax
θ

p
(
xobs | θ

)
,

which requires the likelihood p(xobs | θ) to be available in closed form or computable at low
cost. In contrast, Bayesian methods begin with a prior distribution π0(θ) and construct
the posterior as

π
(
θ | xobs

)
∝ p

(
xobs | θ

)
π0(θ),

However, when the likelihood cannot be evaluated accurately or efficiently—such as for
high-dimensional, nonlinear systems—these likelihood-based methods are computationally
prohibitive [143]. Even when a formal likelihood can be formulated, evaluating it can
dominate the inference budget. For stochastic biochemical networks the chemical-master
equation must be solved numerically or marginalized by particle filters. particle MCMC
then nests a particle filter inside every MCMC step, which is widely reported to be compu-
tationally intensive in practice [144–147]. For spatially extended reaction–diffusion models,
path-integral likelihoods scale as O(N3

xT ) in grid size (Nx) and time points (T ) [148, 149].
In such regimes the term “prohibitively expensive” indicates computation times of days to
weeks on multi-core hardware, motivating the simulation-based shortcuts surveyed here.

ABC approximates Bayesian inference by employing a simulation-based accept–reject
scheme in place of explicit likelihood evaluation. Like other likelihood-free methods (e.g.
synthetic likelihood [49] or indirect inference [150]), ABC requires a forward simulator, such
as the mechanistic model M, to generate simulated data. ABC compares low-dimensional
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summaries S of simulated and observed data via a distance measure ρ. Briefly, θ values
sampled from the prior are considered acceptable if a corresponding simulated dataset xsim
satisfies ρ

(
S(xsim), S(xobs)

)
< ε, where the tolerance ε > 0 controls the trade-off between

computational cost and approximation accuracy [151]. Once sufficiently many θ samples
have been accepted, they are used to construct a new prior, the tolerance ε is reduced, and
the process is repeated.

A key assumption in parameter inference—whether via likelihood-based methods or
ABC—is that the mechanistic model M is structurally adequate: there exists some θ∗

such that simulated data p(xsim | θ∗) match the observed data xobs up to a specified
noise model (e.g. Gaussian assay error) [50]. When this assumption of model consis-
tency fails—e.g. model structure is incorrect, or inappropriate kinetic rate laws are em-
ployed—model misspecification occurs, which can result in parameter estimates that are
biased or misleading [152, 153]. A second, equally important challenge is data quality. Ex-
perimental readouts are often sparse, noisy and heterogeneously sampled, so the likelihood
(even if tractable) fails to align with measurement error structure or time-scale separation.
Machine-learning-derived summaries help here: (i) Convolutional encoders average over
fast, unobserved oscillations; (ii) exchangeable networks ignore arbitrary sampling order in
single-cell assays; and (iii) dropout-based uncertainty estimates inflate ABC tolerances in
directions where data are uninformative. Therefore the ML components we review should
be viewed not as a replacement for mechanistic modelling but as an adapter layer between
imperfect data and richly structured simulators.

In ABC, summary statistics are needed both for computational efficiency and to avoid
statistical ineffectiveness: in comparing high-dimensional datasets, the variance of the dis-
tance measure ρ can grow so large that almost no simulations are accepted [140]. In general,
a statistic S is called sufficient for a parameter θ if the likelihood admits a factorization
of the form

p
(
xobs | θ

)
= g

(
S(xobs), θ

)
h
(
xobs

)
,

where g captures all of the θ-dependence solely through the summary S(xobs), and h
depends only on the data itself (i.e. it is independent of θ). Use of a sufficient statistic
gives rise to the same posterior as the full data: π(θ | x) = π

(
θ | S(x)

)
. However, only

special cases of models (e.g. exponential family) are known to admit finite-dimensional
sufficient statistics; sufficiency is thus unattainable for complex mechanistic models. In such
cases, ABC relies on informative summaries, i.e. those that substantially reduce posterior
uncertainty (e.g. by reducing variance or entropy relative to the prior).

Because restricting attention to a summary risks omitting relevant information, sum-
mary statistic selection must balance computational tractability and information loss [140,
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154]. Ideal summary statistic choices lie on a continuum between maximal informativeness
(e.g. measured by Fisher information or mutual information) and low-dimensionality, trad-
ing off the retained parameter-relevant information against the computational complexity
of simulation and comparison. As the dimension of the summary grows, so do the costs
of storage, processing, and distance computation, often with diminishing marginal infor-
mation gain per added component. The notion of summary “optimality” captures this
trade-off in a general framework, seeking summaries that maximize retained information
subject to computational constraints [140, 155].

More generally, effective summary selection requires navigating trade-offs between in-
formativeness, dimensionality, and interpretability. In systems biology, domain experts
typically select summary statistics based on empirical observations and mechanistic un-
derstanding. Common examples include steady-state metabolite concentrations [156], cell-
to-cell distributions of gene-expression levels (e.g. single-cell RNA counts) [157], and fold-
changes in protein phosphorylation or metabolite ratios [158]. While these hand-picked
summaries offer clear interpretability, they can also introduce uncertainty (e.g. by omit-
ting unobserved dynamics) and bias (e.g. if the chosen features overemphasize particular
behaviors). Algorithmic processes augment these expert-derived summaries.

Classical strategies for summary-statistic selection can be grouped broadly into three
categories:

(i) Expert-driven features: Domain scientists hand-pick a set of interpretable measurements
based on their knowledge of which aspects of the data are most sensitive to the parameters
of interest [159].

(ii) Statistical projections and subset-selection methods: A large bank of candidate fea-
tures (e.g. means, variances, autocorrelations) is assembled. The dimension is then reduced
either by projection techniques (e.g. PCA [160], partial least squares [161], supervised pe-
nalised regressions) or by subset-selection algorithms (e.g. best subset, stepwise AIC/BIC,
or LASSO), which keep only the statistics that best predict the parameters [162, 163].

(iii) Surrogate-model summaries: A simple, tractable emulator or auxiliary likelihood
model (e.g. a linear regression, Gaussian-process emulator, or synthetic-likelihood max-
imum likelihood estimation (MLE)) is fit to each simulated dataset produced for a given
value of the parameter vector. The surrogate’s fitted parameters, score functions, or pre-
dicted likelihood then serve as summary statistics that capture key sensitivities of the data
to the true model parameters [49].

These methods have been extended to provide enhanced robustness and uncertainty
quantification. For example, robust PCA variants account for measurement noise and
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outliers [164], while generalized regression summaries incorporate missing-data mechanisms
and heteroscedastic errors [165].

Although these summary-selection methods are useful, they can falter when data are
noisy, high-dimensional, or heterogeneous. In the next section, we discuss the use of
machine learning to automatically learn low-dimensional, information-rich summaries that
better handle these challenges.

4.5 Machine learning-based summaries

Some of the earliest machine-learning applications for ABC summary selection were di-
mension–reduction techniques: e.g. ridge regression [166], which adds a penalty to shrink
coefficient estimates, and other regularized mappings (such as Lasso regression or elastic
net) [155] that enforce smoothness or sparsity in the projection weights to prevent overfit-
ting and improve summary robustness.

Subset-selection and projection methods rely on a predefined feature pool. In contrast,
representation learning generates informative low-dimensional representations directly from
data [167]. For example, Wiqvist et al. [168] fed raw simulated data directly into a neu-
ral architecture that learned a permutation-invariant embedding without any handcrafted
features, and used this latent code as an ABC summary statistic.

Unsupervised autoencoders and variational autoencoders [169, 170] can carry out a
representation learning task by learning bottleneck embeddings that disentangle the pa-
rameter signal from noise via a pre-specified noise model. These latent representations serve
as informative summaries in systems-biology examples [171, 172], demonstrating that Deep
Neural Network (DNN) hidden-layer embeddings can retain substantial information about
θ even when the network is trained only to reconstruct the simulated data.

Fearnhead and Prangle [140] introduced semi-automatic ABC, an early example of
learned summary construction: they fit a linear regression to infer values of the parameter
θ from a broad set of candidate features S(x), then adopted the regression’s fitted output
θ̂ as a summary statistic for an auxilliary Bayesian inference approach to refine their re-
sults—using a point estimator from a non-Bayesian regression to inform the ABC posterior.
Prangle and Fearnhead confirmed that this approach outperforms hand-crafted subset or
projection schemes and, as the ABC tolerance ε→ 0, the posterior mean converges to the
true Bayesian posterior mean.

A more flexible extension of semi-automatic ABC replaces the linear regression with a
nonlinear, end-to-end neural network regressor. Jiang et al. [52] trained a fully connected
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network that receives the raw simulated dataset x as input, propagates it through several
hidden layers and produces a direct parameter estimate θ̂, resulting in a nonlinear, data-
driven variant of semi-automatic ABC. In an Ising-model case study, this learned summary
yielded an ABC posterior virtually indistinguishable from one based on a known sufficient
statistic and outperformed both the original linear regression and shallow (single-layer)
network. Moreover, Jiang et al. showed that the convergence guarantee of Fearnhead and
Prangle also holds in this deep, nonlinear setting.

Follow-on deep-learning architectures include Convolutional Neural Networks (CNN)
for temporal data [173] and Partially Exchangeable Networks that respect permutation
symmetries [168], each improving posterior recovery relative to the original summary of
Jiang et al. [52] on both static and time-series tasks.

The recent ABCD-Conformal method [174] builds on such DNN-based summaries by
integrating MC-Dropout in the output layer to generate stochastic predictions and then re-
placing the usual distance-thresholding with a conformal-prediction calibration step. This
combination delivers valid marginal confidence intervals without any manual summary-
statistic selection or tolerance tuning—though, in contrast to semi-automatic ABC, it
returns interval estimates rather than full posterior samples.

Building on these foundations, random forests offer an ensemble-based extension of
ABC beyond parameter estimation to Bayesian model selection: a forest is trained on
pairs of data-generating models and associated summary statistics to determine which
model best explains the summaries of the observed data [175, 176]. This approach retains
the likelihood-free advantage of ABC while providing built-in feature-importance measures
and greater interpretability compared to deep neural summaries.

Learned summary–construction methods automatically extract low-dimensional, parameter-
sensitive summaries that outperform traditional subset or projection techniques. However,
these learned summaries inherit generic challenges—overfitting to simulation artifacts,
black-box interpretability, and sensitivity to model misspecification—which we discuss in
Section 4.7 below. More descriptions of each method are provided in Supplementary Ma-
terial, S1.

4.6 Implications for systems biology

Case studies in systems biology illustrate trade-offs between accuracy, interpretability, and
computational cost, and reveal the role of summary-statistic choice on analysis of complex,
noisy data.
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In a population-genetics case study, Blum et al. [155] simulated 5,001–base-pair se-
quences for 50 individuals under a coalescent model parameterized by scaled mutation
and recombination rates. They hand-selected six summary statistics and applied a greedy
subset-selection algorithm that scored candidate subsets using multiple information-gain
criteria—posterior entropy, AIC, BIC, and posterior-error based on ground-truth simu-
lations [177]—to identify the most informative summaries. Using root-sum-squared error
(RSSE) as implemented by Nunes and Balding [177], they measured the accuracy of param-
eter estimates from the ‘best’ subset chosen via each criterion against estimates obtained
using all six statistics. They concluded that entropy-based selection minimized RSSE.
Entropy-based selection also outperformed alternative projection- and regularization-based
techniques in this context. In contrast, for a subsequent tuberculosis fitness-cost study,
AIC and BIC criteria proved superior [178]. Importantly, Blum et al. emphasize that
exhaustive subset search becomes computationally prohibitive as the feature pool grows,
and that more flexible machine-learning approaches—such as neural networks employed for
summary selection—can risk overparameterization when presented with a large number of
candidate statistics.

In a single-cell gene-expression model, Hasenauer et al. [179] demonstrated that com-
bining a few mechanistic features (e.g. burst size, auto-correlation time) with a projection
learned via sparse regression improved parameter identifiability compared to purely hand-
picked or data-driven summaries. Such domain-informed and hybrid methods are discussed
further in Section 4.8 below.

Åkesson et al. [173] trained a convolutional neural network on noisy time-course data
from a synthetic gene-oscillator circuit, compressing the trajectories into a small set of
learned summaries that captured temporal motifs such as burst height or oscillation period.
When used in ABC, these CNN-derived summaries reduced posterior variance by 40% and
removed the multimodal artifacts that PCA and hand-picked features (mean, peak-to-peak
time) could not eliminate.

In some cases, machine-learning approaches are not more effective than traditional,
hand-crafted summaries. For example, Toni et al. [137] examined summary-statistic perfor-
mance in a susceptible–infectious–recovered (SIR) epidemic framework fitted to simulated
outbreak data. They compared expert-chosen dynamic features (peak incidence, time to
peak, final epidemic size) against projection- (PCA, partial least squares) and regression-
based summaries. Although projection methods sometimes captured overall variability,
they faltered under noisy or sparse sampling. The authors found that a small, expert-
driven subset of epidemiological summaries yielded the most reliable parameter estimates
under ABC.
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These case studies demonstrate that there is no universally preferred summary gener-
ation method—the best approach will vary with the model, the data, and the compute
budget. This fact highlights the need to compare summary generation approaches on
relevant data before running ABC in practice.

4.7 Challenges and pitfalls of machine-learned sum-

maries

DNNs can learn complex nonlinear mappings, but they may overfit to simulation artifacts
rather than capture underlying parameter–data relationships. In employing deep learning
for generating summary statistics, overfitting manifests as learned summaries that embed
observations into regions of latent space that only usefully represent features that are spe-
cific to the training data. When using these summaries in ABC, distance comparisons
lack meaning and yield biased posterior distributions [180]. In contrast, DNNs can be
constrained toward mechanistically plausible representations through the use of inductive
biases: DNN architectures that account for the data’s structure (e.g. CNNs with convolu-
tional layers that enforce locality, graph neural networks that encode relations).

Summaries generated by linear-regression and DNN can project data from different
model parametrizations onto almost identical summary vectors, resulting in identifiability
failure [52, 181]. Schälte and Hasenauer [182] demonstrated this for both ordinary least-
squares projections and a three-layer DNN: simulations of a model of a phosphorylation
cascade parametrized by distinct kinetic-rate pairs mapped to the same eight-dimensional
summary, leading ABC to produce indistinguishable posteriors. A similar collapse arose
in a stochastic gene-expression model, where the network-generated summary confounded
“high-burst/low-frequency” with “low-burst/high-frequency” parameter regimes, providing
no guidance to experimenters in choosing perturbations that would discriminate the two.
This happens because objectives such as mean-squared-error reward average accuracy and
ignore parameter directions poorly informed by the data [52].

As highlighted above, standard ABC presumes model adequacy—that for some param-
eter vector θ∗, the simulator reproduces the observed data up to known noise [50]. As
noted in Section 4.4, failures of model adequacy can bias ABC posteriors [152, 153].

Such misspecification is especially problematic for machine-learned summaries: a net-
work trained solely on simulated trajectories may map real observations to regions of latent
space it never encountered during training, resulting in out-of-distribution embeddings. In
those regions, the distance metric no longer correlates with similarity in the original data or
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parameter values, leading to bias in the resulting posterior because ABC accepts parameter
draws that poorly match reality [183].

Moreover, under model misspecification, ABC may concentrate probability mass on
biologically impossible values of model parameters [153, 183]. Machine-learned summaries
can be particularly fragile: minor, unmodeled artifacts in observed data can push the
network’s high-dimensional decision boundaries in unexpected ways, yielding summary
vectors that no longer reflect the true parameter–data relationship, and so mislead the
ABC acceptance step [184].

Recent developments contribute (i) robustness objectives that penalize sensitivity to
small, adversarial perturbations [185, 186]; (ii) Bayesian neural nets with Monte-Carlo
dropout that widen ABC tolerances when the encoder is uncertain [174]; and (iii) domain-
adaptation fine-tuning on a small set of observed measurements to align simulated and
experimental embeddings [185]. When these safeguards are combined with traditional
posterior-predictive checks, ML-augmented ABC remains informative despite the fact that
the simulator is an imperfect representation of the biological system.

4.8 Future directions

4.8.1 Interpretable ML for ABC Summaries

The development of interpretability tools for DNNs addresses the black-box nature of ma-
chine learning. One such strategy is post-hoc interpretability: after training a deep-learning
network for summary generation, its outputs or internal representations can be analyzed
in terms of known biological features. For example, Lehmann et al. showed that projecting
their learned summary onto principal components and correlating each component with
hand-selected summaries—such as burst size or oscillation amplitude—revealed that the
network implicitly captured known mechanistic signals [187].

Another approach is to design interpretable DNNs, for instance using attention mecha-
nisms [188] or feature attribution methods [189]. In image or sequence domains, attention
weights [190] highlight which parts of the data contribute most to the summary. Early work
in explainable AI suggests [189, 191] that applying tools like saliency maps [192–194] or
Shapley values [192] to ABC summary networks could help identify the data features that
most influence the summary. Furthermore, incorporating human expertise directly can
produce interpretable summaries. Bharti et al. introduced a human-in-the-loop forward-
stepwise method, where a machine learning model iteratively proposes candidate summary
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statistics and an expert approves or rejects each one. Unlike traditional manual sum-
mary selection—which relies entirely on expert intuition from the outset—this approach
combines automated search with expert validation [195].

4.8.2 Active learning and adaptive simulation strategies

Gaskell et al. [180] introduce an active-learning ABC framework that iteratively improves
learned summaries by targeting network retraining where it adds the most value. After
each ABC round, their Gaussian-process surrogate models how variations in θ affect the
summary-space discrepancy d(θ) = P

(
S(xsim), S(xobs)

)
and computes predictive uncer-

tainty or expected reduction in posterior variance for the current summary network. The
algorithm then selects the θ values with the highest uncertainty or information gain, gen-
erates new simulations at those points, and adds the resulting (θ, xsim) pairs to the training
set. By retraining the network on these targeted examples each iteration, their method con-
tinuously refines its low-dimensional summaries—improving informativeness and yielding
faster, more accurate posterior inference. In the same framework, Gaskell et al. employ a
graph neural network (GNN) to extract summary features: the GNN automatically learns
informative embeddings from simulations in the high-uncertainty regions identified by a
Gaussian process surrogate, enhancing summary quality while reducing overall simulation
requirements. Future extensions could integrate Bayesian optimization [196] to choose
summary-refinement updates or simulation points that maximize expected information
gain or minimize posterior uncertainty.

More generally, adaptive ABC algorithms continue to be developed – sequential ABC
(SMC-ABC) tunes acceptance thresholds over iterations [197]. In systems biology, one
could adaptively select which experimental conditions or time points to simulate next to
best discriminate between parameter hypotheses, mirroring optimal experimental design
processes [198].

4.8.3 Domain-informed and hybrid summary construction

Building on the concept of inductive biases, an emerging approach explicitly integrates
domain knowledge into summary-statistic construction [195]. Instead of using a generic
DNN architecture, these domain-informed methods incorporate biological structure either
via architectural constraints or curated inputs [199].

For example, Åkesson et al. constrained the first convolutional layer of their network
to kernels spanning at most five time-steps, so that each learned filter corresponds to
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a biologically interpretable motif (e.g. burst height, oscillation period) rather than an
arbitrary combination of points [173]. By using a CNN, the method leverages the locality
and hierarchy in time-series signals – a bias well-suited to noisy biological time course
data. Similarly, Gaskell et al. [180] encode relational inductive biases by deploying a
graph neural network whose connectivity is defined by the molecular interaction graph of
the system. Unlike a simple GNN that might assume a fully connected or data-derived
adjacency, this architecture hard-wires known species–species interactions, ensuring that
learned embeddings only aggregate information along biologically plausible edges. This
forces the summary extractor to reflect true biochemical wiring, removing the need for
manual feature design and preventing the network from learning spurious relationships.

Another strategy is to augment learned summaries with a handful of expert-selected
metrics by concatenating them with a machine learning-derived embedding. This hybrid
vector ensures that well-understood biological signals are preserved alongside automatically
extracted features. Schälte and Hasenauer [179] exemplify this in a projection framework:
they first apply biologically motivated preprocessing (e.g. log-scaling metabolite concen-
trations, normalizing by cell volume) and then perform sparse regression on these domain-
scaled features. Compared to purely data-driven or manual summaries, their two-step
method achieves superior accuracy and robustness in sequential ABC because it embeds
mechanistic knowledge directly into the candidate feature space before projection.

4.8.4 Advanced architectures and ensemble methods for improved
summaries

Finally, the community is exploring advanced machine learning architectures and ensemble
techniques to push the boundaries of ABC for complex biological systems. Transformer-
based networks and other modern deep learning architectures are being investigated for
summary generation. Transformers, with their self-attention mechanism, are well-suited to
capture long-range dependencies in sequential or graph-structured data and could there-
fore summarize high-dimensional observables such as single-cell fluorescence time-courses
(capturing trajectories of dozens of protein reporters), spatial gene-expression maps across
a tissue slice, or metabolite concentration time-series from hundreds of species measured
in a microfluidic experiment. In the broader simulation-based inference field, Gloeckler et
al. [200] recently introduced the Simformer, a transformer-based probabilistic model that,
like other single-pass inference networks that are trained once and then reused—learns
from simulated data to map any new observation directly to its posterior distribution.
Simformer distinguishes itself by coupling a transformer backbone with a diffusion-based
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density estimator as its output. On tasks such as a Lotka–Volterra system with over
100 parameters, it outperforms existing single-pass approaches. Its success suggests that
transformer architectures can also enhance ABC-style workflows by efficiently encoding
complex data patterns. We may soon see transformers used to compress sequential data
into informative summaries more effectively than CNN approaches.

In parallel, lightweight architectures and ensemble techniques are being explored to im-
prove robustness. Using simpler models (e.g. shallow networks or even tree-based models)
as summarizers can sometimes generalize better on smaller simulation budgets, avoiding
overfitting. Ensemble approaches – such as training multiple summary networks or using
Bayesian neural networks – can provide uncertainty estimates and reduce variance in the
learned summaries.

For example, a recently developed ABC framework integrates Monte Carlo dropout
(itself an ensemble approximation) to quantify uncertainty in each summary-generating
network’s outputs and leverages conformal prediction to assign confidence intervals to
inferred quantities; this builds on earlier dropout-based approaches to uncertainty in deep
learning-generated summaries [174, 201]. Such uncertainty-aware strategies are important
in biology, where strong noise demands that one must know when summary-based inference
might be unreliable.

Summary statistic selection is a key component of ABC, influencing the accuracy of
parameter inference, the efficiency of the analysis, and the interpretability of results. More-
over, summaries may be selected to satisfy additional objectives, such as providing quanti-
tative measurements by which to communicate uncertainty, e.g. means and credible inter-
vals [202]. While expert-driven and projection-based methods remain widely used, recent
machine learning approaches offer alternatives that learn informative summaries directly
from raw data. These methods improve inference quality in many settings, but also in-
troduce challenges. Addressing these issues will require a combination of interpretable
models, uncertainty quantification, and domain-informed design. Looking ahead, emerg-
ing techniques—including transformer architectures, diffusion-based models, and ensemble
learning—are likely to make ML-based summaries more practical and reliable for systems
biology applications.
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Chapter 5

A Pipeline for Calibrating
Agent-Based Models of Microbial
Populations: From Image Collection
to Model Parameterization

“Essentially, all models are
wrong, but some are useful. The
practical question is: how wrong
do they have to be to not be
useful?”

George Box & Norman Drape

5.1 Chapter overview

The work included in this chapter is published: Ahmadi, A., Yip, A., Chalaturnyk, J.,
Aucoin, M. G., & Ingalls, B. P. (2024). A Pipeline for Calibrating Agent-Based Mod-
els of Microbial Populations: From Image Collection to Model Parameterization. IFAC-
PapersOnLine, 58(23), 1-6 [203].

This chapter presents an end-to-end workflow that calibrates an agent-based model of
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a monoculture from time-lapse movies. Corrected tracks and lineages from Chapter 3 and
the summary statistics feed into an ABM that includes single-cell growth/division. The
inference uses likelihood-free (ABC) methods with defined priors, parameterization, and
diagnostics. Performance is evaluated. The outcome is a calibrated model that set the
stage for calibration of the system discussed in Chapter 6.

5.2 Abstract

We present a framework for calibration of agent-based models of bacilliform (rod-shaped)
bacterial populations based on time-lapse microscopy at single-cell resolution. Our ap-
proach draws on pattern-oriented modelling for feature selection, followed by sensitivity
analysis and Bayesian inference to arrive at a model calibration that aligns with exper-
imental observations. We illustrate this pipeline by calibrating a model of microcolony
formation against observations of monolayer E. coli population growth.

5.3 Introduction

Microbiomes play essential roles in health and medicine, environmental remediation, and
agriculture. Ongoing research is aimed at understanding microbial communities and har-
nessing their biotechnological potential [204]. The spatial complexity of environments such
as the mammalian gut or soil pose challenges for studying the behaviour of microbial com-
munities in their natural habitats. Spatio-temporal mathematical models can be used to
support such studies by characterizing spatial heterogenity. In particular, spatially explicit
agent-based models (ABMs) can be used to simulate complex intra- and inter-cellular pro-
cesses. Emergent features at the population- and community-scale can emerge from such
processes, reflecting the behaviour of biological systems. Such models have been previously
used to reproduce, for instance, coordinated oscillations in gene expression [205], coordi-
nated cell lysis through quorum-sensing [206], and spatial patterns arising from antagonistic
interactions between bacterial populations [207].

Previously, we surveyed methods for calibrating spatio-temporal models of microbial
communities [208]; we found few reports describing the use of methodical, quantitative
approaches for calibrating ABMs to experimental data. Instead, ABMs are frequently
developed to capture general qualitative trends, and so are calibrated informally. In con-
trast, well-calibrated computational models not only capture trends, but can be used to
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Figure 5.1: Monolayer microcolony of E. coli (left) and corresponding agent-based model
simulation (right). Scale bar: 10

test quantitative hypotheses and can facilitate rapid prototyping and testing of experiments
over broad design spaces.

ABMs often incorporate high-level abstractions of agent behaviours that cannot be
directly observed and are typically implemented as stochastic processes; this makes their
calibration challenging. Within the ecology community, a standard for calibrating ABMs
has emerged which involves a detailed documentation framework [209] accompanied by
model calibration and validation through pattern-oriented modelling (POM) [210]. The
POM framework supports quantitative and reproducible calibration of models and assess-
ment of the uncertainty associated with model predictions.

Here, we present a POM-inspired pipeline for calibrating ABMs of bacterial populations
to single-cell resolution time-lapse microscopy data. To demonstrate the pipeline’s use, we
calibrated the biophysical parameters of an ABM against time-lapse observations of E.
coli forming microcolonies (Fig. 5.1). Following the POM framework, we methodically
selected patterns against which to calibrate, guided by sensitivity analysis, and then used
an iterative Bayesian approach for parameter inference. We demonstrate the pipeline
with a relatively simple calibration task in which model biophysics depends on just two
parameter values; this scenario allows for transparent illustration of each step of the process.
In ongoing work we are applying the pipeline to more complex settings, addressing multiple
microbial populations involved in a range of ecological interactions.
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5.4 Methods

5.4.1 Microscopy

An overnight culture of E. coli MG1655 was diluted 1:100 in 3 mL of LB Miller medium.
Cells were grown at 37 ◦C with shaking until the OD600 reached 0.4-0.6. Samples were
then prepared for imaging as described in [44]. Briefly, cells were diluted to an OD600 of
0.01-0.05. Then, 2.25 uL of culture was spotted onto LB pads made with 1.5% low-melt
agarose. After 5 minutes, the agarose pads were inverted and sealed in a 50 mm No. 1.5
coverslip dish (Mattek P50G-1.5-30-F). The cells were grown at 37 ◦C in a GeneFrame
incubation chamber (Pecon Incubator P S Compact) secured to the stage of a Zeiss Axio
Observer inverted microscope equipped with an Axiocam 506 mono camera (Zeiss). With
a 63x oil objective, phase contrast images were taken every 3 minutes at 6-8 different
locations using an automated stage controlled by ZEN Blue 2.6 software until cells were
no longer in monolayer (from 3.6 to 5 h). Intensity and exposure time were set to 50% and
150 ms, respectively. A total of 24 microcolonies, reaching end-point populations between
140-225 cells, were observed across four biological replicate experiments.

5.4.2 Cell tracking and measurements

Time-lapse images were processed using ImageJ ’s ‘unsharp mask’ filter [211]. A custom
Python script was employed for registration-based jitter correction (GitHub). Cells were
segmented with Omnipose; tracking and feature assignment were carried out with Cell-
Profiler [84], following the pipeline outlined in [45]. A custom post-processing tracking
correction tool (GitHub) was applied to ensure accurate assessment of cell propagation
and division events.

Cell morphology and orientation were determined in CellProfiler by fitting an ellipse to
each cell object: object length is assigned as the major axis length; orientation is defined
by the angle between this major axis and the x-axis of the frame. The cell centroid is
assigned as the centre of the ellipse. Elongation rates were assigned as the slope of the
best-fit line to the logarithm of cell length over time; cell radii were likewise assigned as the
average radius (minor axis length of fitted ellipse) from birth to division. Division lengths
were recorded as the cell length in the frame before division.
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5.4.3 Agent-based modelling

Agent-based model simulations were performed with CellModeller [212], in which cells are
represented as rigid capsules that elongate exponentially at a rate proportional to their
length. Cell movement is determined using an energy minimization algorithm to achieve
quasi-stationary mechanical equilibrium, whereby growth-induced cell overlaps are resolved
via an elastic spring model.

We focused on two parameters that characterize the biophysics engine. The parameter
α penalizes displacement of cells in the overlap resolution step, characterizing whether the
cells behave as rigid objects (α small) or are flexible enough to allow unresolved overlap (α
large). The parameter γ characterizes growth restriction, i.e. the growth penalty induced
by neighbouring cells (and any other obstructions). Large values of γ allow cell growth to
push through such restrictions. In contrast, when γ is low, growth is limited by the presence
of barriers. The default CellModeller settings impose α = 1/γ, reflecting the relationship
between allowable cell overlap (∝ α) and cell rigidity (∝ γ). Here, we separately calibrated
α and γ to allow a wider range of behaviours.

Parameters for cell radius (r), maximum growth rate (µmax), and division length thresh-
old (Ldiv) were obtained by fitting probability distributions to experimental measurements
(n=16385 cell growth profiles) using scipy [213]. Growth rates below 0 h−1 (indicative of
shrinking) and above 2.1 h−1 (equivalent to a doubling time of 20 minutes) were removed
as outliers. The division length threshold (assigned to newborn daughter cells) was sam-
pled from a log-normal distribution fitted to experimental measurements, with a minimum
sampling threshold of 2 to avoid producing cells shorter than 1 (such small cells were not
observed in the experimental dataset). Maximum growth rates were assigned in a similar
manner, sampling from a normal distribution fitted to experimental measurements. All
cells were assigned the same radius, set as the experimental mean (consistent with the low
variability in observed radii (s.d. 0.07, n=16385)). Model variables and parameters are
summarized in Table 5.1.

5.4.4 Summary statistics

The procedures described below were used to assess features for both experimental obser-
vations and for simulated microcolony behaviour.
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Aspect ratio

A minimal ellipse was fit to each microcolony. The fitted ellipse contained the centroid of
each cell and was determined by the Löwner-John approach (Github), via Welzl ’s algorithm
[214]. The microcolony aspect ratio was defined as the ratio of major axis length to minor
axis length.

Convexity

Convexity was defined as the ratio of the perimeter of the convex hull of the microcolony
to the perimeter of the microcolony. The boundary of the microcolony was defined using
the AlphaShape package, with the boundary constructed in reference to the end-points
of all cells. For each microcolony, the alpha-shape parameter was tuned to arrive at the
minimum boundary for which the interior was a connected set. The length of the resulting
perimeter was assessed using the Shoelace formula [215]. The microcolony convex hull was
determined directly from the collection of cell end-points with the Quickhull algorithm [216]
implemented in scipy .

Order parameter

Isotropy among the cells within each microcolony was quantified by a global order param-
eter [217],

S =
1

N

N∑
i

cos (2θi) (5.1)

where N is the number of cells in the microcolony, and θi is the angle between the orien-
tation of cell i and the average orientation of all cells in the microcolony.

Density

Microcolony density was determined from processed data (i.e. cell feature sets). Recon-
structed binary pixel location data was used to determine a total area by sketching each
microcolony’s boundary through contour generation with opencv [218] and counting the
pixels in the interior using numpy [219]. The occupied fraction was taken as microcolony
density.
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Agreement with exponential growth

Microcolony growth trajectories (sampled every 0.5 h) were fit to an exponential growth
profile ln(N(t)) = ln(N0) + µt, where N is cell number. Agreement was quantified as the
resulting R2 value.

Normalized growth rate

Microcolony growth trajectories (sampled every 0.5 h) were fit to an exponential growth
profile. Fitted growth rates were normalized by dividing by the maximum achievable
growth rate in the experiments given as ln(Nmax)/tmin, where Nmax is the largest number
of cells in all samples (225 cells), and tmin is the total time elapsed in the sample with the
shortest duration (3.6).

5.4.5 Parameter inference

Model parameter values were inferred with the Approximate Bayesian Computation Sched-
uled Monte Carlo (ABC-SMC) method, implemented in the pyabc package [220], using the
algorithmic parameters in Table 5.2. The error tolerance (ε) was defined as the median of
distances of the previous population. The initial ε was chosen by obtaining 40 particles by
sampling logarithmically from the prior distributions.

The statistical distance between experimental and simulated feature distributions was
measured using Kullback-Leibler (KL) divergence [221],

DKL(P ||Q) =
∑

ln

(
P (x)

Q(x)

)
(5.2)

where P (x) represents the experimental observed probability density, and Q(x) is the prob-
ability density obtained from simulation. DKL was calculated using the method of [222].
Ten replicates for the same parameter values were used for generating Q(x). Euclidean
distance was used to quantify the total error of all summary statistics, which were equally
weighted.

5.5 Results and Discussion

We applied an initial sensitivity analysis to a range of microcolony features drawn from
the feature library in [208] to determine their response to variation in the values of the
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biophysical parameters α and γ (data not shown). This led us to a collection of six promis-
ing summary statistics describing microcolony shape, interior structure, and population
growth: aspect ratio, convexity, order parameter, density, agreement with exponential
growth from initial state, and population growth rate (details in Section 5.4). We charac-
terized the end-state of each microcolony time-lapse in terms of these six measures (Fig.
5.2).

Microcolony aspect ratio had the highest variance of all summary statistics. From our
anecdotal observation, low microcolony aspect ratios occurred when filamentous (overlong)
cells appeared in the early stages of microcolony formation. E. coli forms filamentous
cells in response to environmental stress and DNA damage, which could have occurred
during transfer from the liquid culture onto the agarose pad. The division dynamics of
these filamentous cells differs substantially from healthy cells [223], and so the occasional
presence of such cells poses a challenge to predictions of colony structure.

Deviations from convexity occurred when branches of cell growth occurred close to the
end-point observation. Gaps produced by such branches are invariably filled in by later
growth. The transient nature of these patterns could be further explored by a temporal
measure of convexity, though we did not investigate that here.

The inner structure of microcolonies tended to be orderly, resulting in high measure
of cross-colony isotropy. This finding is consistent with our finding of high density: the
microcolonies were tightly packed, which is in agreement with previous observations that
cells tend to grow in an optimal, space-filling manner [224].

The population growth rate showed some variability, while aligning closely with ex-
ponential growth predictions. This suggests that, at the observed microcolony sizes, the
mechanical resistance faced by cells at the interior of the microcolony has little influence
on their elongation rate, which is in agreement with previous analyses of growth rates in
bacterial microcolonies [217].

We next carried out a global multivariate sensitivity analysis to gain a more accurate
picture of how informative these six features would be towards model calibration. Pa-
rameter sets were chosen by sweeping logarithmically through predetermined ranges of
parameter values (Table 5.2). For each parameter set, an ensemble of 50 simulations was
produced starting from a single cell, and run until the population reached 200 cells. The
results, shown in Fig. 5.5, indicate that these summary statistics carry useful information
for discriminating the values of α and γ.

In particular, sensitivity analyses show that microcolony density, convexity, and struc-
tural order increase with α, consistent with the role of cellular flexibility in allowing for
reorientation and redistribution and thus achieving efficient packing. In contrast, aspect
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Figure 5.2: Distribution of summary statistics for experimental observations of 24 micro-
colonies with end-point populations of 140-225 cells. Lower box boundary: 25th percentile;
upper box boundary: 75th percentile; line inside box: median; whiskers: 1.5× interquartile
range.
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Figure 5.3: Global sensitivity analysis across γ and α values. Red bars represent the
standard deviation of each feature value determined from an ensemble of 50 simulations
for each parameter pair.

ratio drops with increasing α, consistent with greater alignment among the population
causing the microcolony to elongate in the predominant direction of growth.

The value of γ had limited impact on these gemoetric microcolony features. Decrease
in γ corresponds to a slight increase in aspect ratio, suggesting that constraints on cell
growth in the interior of the microcolony may lead to a rounder microcolony shape, with
growth in any ‘narrow’ direction less inhibited than growth along the major ‘crowded’ axis.

Higher values of α correlate with increased growth, implying that cell flexibility is
beneficial for growth. Likewise, increased values of γ, which corresponds to reduced growth
limitation, also correlate with increased growth rates. The deviation from exponential
growth shows a small dependence on γ, reflecting the effect of inhibition of growth in the
interior of the microcolony. This dependence becomes more pronounced as microcolony
size increases.
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Figure 5.4: Posterior probability densities for calibrated parameter values of γ and α after
six rounds of ABC calibration.

We carried out parameter inference using the ABC-SMC approach (details in Methods)
starting with uniform prior distributions as described in Table 5.2. Six rounds of calibration
(timing: 48 hours on an Intel Core i7-7700 CPU @ 3.60 GHz, 32 GB RAM) produced the
posterior distribution shown in Fig. 5.4 (γ: mean = 128, s.d. = 3; α: mean = 3.5, s.d
= 1.2; n=40). This γ value is consistent with previous use of CellModeller [225, 226]. In
contrast, the inferred α value differs from the package default of 1/γ [212]. The posterior
distribution for γ has a higher variance than that of α, consistent with the fact that the
chosen summary statistics are less sensitive to changes in γ (Fig. 5.5).

We assessed (Fig. 5.5) the calibrated model by running 24 simulations with logarithmic
sampling from the final posterior distribution in Fig. 5.4. For comparison, we ran 24 sim-
ulations with logarithmic sampling from the prior distributions (Table 5.2). Predictions
of the order parameter, colony density, exponential growth fit, and normalized population
growth rate were improved using the calibrated model, i.e they show improved agreement
with the experimental microcolony features, compared to naive sampling from prior dis-

77



Asp
ec

t R
ati

o

Con
ve

xit
y

Orde
r

Den
sit

y

Exp
. F

it

Grow
th 

Rate

0.00

0.25

0.50

0.75

1.00

Experimental Calibrated Prior

Figure 5.5: Summary statistics for experimental data and simulations sampled from prior
distributions and final posterior distribution (n=24). Lower box boundary: 25th percentile;
upper box boundary: 75th percentile; line inside box: median; whiskers: 1.5×interquartile
range.

tributions (Fig. 5.6). However, the calibrated model did not capture the observed median
or variance in microcolony aspect ratio, nor the variance in convexity. This result can be
partly attributed to the strong dependence of these statistics on α and their insensitivity
to γ (Fig. 5.5). This singular dependency on α, together with the tight range of α val-
ues in the posterior, results in feature distributions with a smaller variance. In addition,
these discrepancies may be partly due to the dependence of these features on the rare
(and unmodelled) appearance of filamentous cells. We conjecture that summary statistics
collected from larger colonies, which generally take on rounder shapes [212], would reduce
the measured variance.

The simple (two-parameter) inference task illustrated here allowed for a comprehensive
sensitivity analysis. For higher-dimensional calibration tasks, more efficient approaches
to global sensitivity analysis would be called for, with corresponding techniques for inter-
pretation of the results [227]. Likewise, the simple illustration of the calibrated posterior
distribution (Fig. 5.4) would need to be treated with more sophisticated data visualization
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Figure 5.6: KL divergence between experimental data and simulations sampled from prior
distributions and final posterior distributions shown in Fig. 5.5.

techniques in such cases.

5.6 Conclusion

We demonstrated a pipeline to calibrate spatio-temporal ABMs of bacterial microcolony
formation against single-cell resolution time-lapse microscopy measurements. The cali-
bration methodology was motivated by the standardized POM framework adopted in the
ecology community. Using an ABC-SMC approach, we calibrated biophysical parameters
in CellModeller to reproduce our experimental observations, resulting in reasonably tight
posterior distributions for the two inferred parameter values. We found that the calibrated
model adequately reproduced most features characterizing the shape, interior structure,
and growth of E. coli microcolonies. However, even for this simple task, we conjecture
that refinement of the feature set, such as incorporation of additional temporal informa-
tion, could likely lead to improved performance. The calibration pipeline illustrated here
lays a foundation for systematic POM-based calibration of more complex microbial popula-
tion dynamics, with associated features that occur at both single-cell and population-level
scales, generalizable to the complex systems and patterns that occur in microbial commu-
nities.
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Table 5.1: CellModeller settings.
Name Value Units
r mean 0.67
Ldiv scale parameter 4.80
Ldiv shape parameter 0.42
Ldiv location parameter -0.32
Division axis noise U(−0.001, 0.001) rad
µmax mean 1.15
µmax s.d. 0.31
Time step 0.025

Table 5.2: ABC-SMC settings.
Setting Value
Replicates per parameter set 10
Prior distribution (α) U(0.01, 100)
Prior distribution (γ) U(0.1, 1000)
Accepted simulations for round 40
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Chapter 6

Spatiotemporal characterization of
diffusion based antagonism among
bacterial populations

“Our task now is to resynthesize
biology; put the organism back
into its environment; connect it
again to its evolutionary past;
and let us feel that complex flow
that is organism, evolution, and
environment united. The time
has come for biology to enter
the nonlinear world.”

Carl Woese

6.1 Chapter overview

This chapter has not been previously published.

This chapter quantitatively characterizes how spatial and temporal structure govern
colicin Ib (ColIb)–mediated antagonism between two E. coli strains. ColIb is a diffusible,
plasmid-borne toxin encoded on pWSK29 from Salmonella enterica serovar Typhimurium
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SL1344. Because this conjugative plasmid circulates in gut-like settings [228, 229], our
results are a step towards understanding scenarios where Salmonella or E. coli deploy
ColIb within mixed communities.

Using microfluidic time-lapse microscopy under continuous flow, we imaged mixed
monolayers of a ColIb producer and a cirA+ colicin sensitive strain. A best-practice pipeline
(Chapter 2 and 3) converted movies into single-cell tracks, lineage histories, neighborhood
graphs, producer–colicin sensitive distances, and morpho-mechanical features. Analyses
show that killing is highly localized. Antagonism manifests as two fates: growth arrest
and lysis. Neighbor identity is decisive: proximity to E. coli pWSK29 (cib+) increases risk
of death, whereas clustering with other colicin sensitive is partially protective, consistent
with local “toxin soaking” (as confirmed by comparison with toxin-free scenarios, in which
mortality scales with crowding). Newly divided cells are disproportionately prone to lysis,
and early warning signs (shorter cell length and elevated strain rate) precede lysis/growth
arrest.

To interpret and generalize these observations, we developed a preliminary CellModeller
agent-based model that couples growth, diffusion/uptake, toxin production, and killing.
Calibration and validation could follow from Chapter 4 and 5 but execution of that plan
is left for future work.

6.2 Introduction

The mammalian gut microbiome is a dense, spatially structured ecosystem where microbes
compete for nutrients and space. Beyond exploitative competition, many species deploy
narrow-spectrum protein toxins called bacteriocins to inhibit close relatives and reshape
local community structure [230, 231]. These interactions are highly local because transport
processes (diffusion and flow) and cellular determinants (receptor expression and density)
jointly constrain encounter rates.

Among Enterobacteriaceae, plasmid-encoded colicins are canonical bacteriocins: they
diffuse over short distances, bind specific outer-membrane receptors, and deliver lethal
pore-forming or nuclease activities [232]. Import pathways partition colicins into Tol-
dependent (group A) and TonB-dependent (group B) families [232, 233]. Ecologically,
colicin production often behaves as a public-goods strategy at the clone level: only a
subset of cells pays the production/release cost (sometimes via lysis), conferring protection
to genetically identical neighbors and biasing competition against sensitive strains [231,
232]. This molecular logic helps explain when and where colicin-mediated interference
competition succeeds in structured habitats.
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6.2.1 Colicin diversity and distribution

Colicins are protein toxins produced by strains of Escherichia coli and other Enterobac-
teriaceae [230–232]. More than twenty distinct colicins have been described (e.g., A, B,
C, E1–E9, Ia, Ib), typically encoded on colicinogenic plasmids that also carry a cognate
immunity gene protecting the producer [232]. Classical colicin operons place the toxin gene
adjacent to its immunity gene and, for many systems, a lysis gene that promotes release
[232]. By import/translocation pathway, colicins are divided into group A (Tol-dependent;
often with a lysis gene) and group B (TonB-dependent; generally lacking a dedicated lysis
gene) [232, 233].

Functionally, colicins share a modular three-domain architecture comprising a translo-
cation domain, a receptor-binding domain, and a cytotoxic domain [232]. For pore-forming
colicins (e.g., A, Ia, Ib), pore formation itself requires an energized inner membrane (mem-
brane potential, ∆ψ) for insertion/activation of the channel; once formed, the pore dis-
sipates ∆ψ and permits small-ion leakage, leading to killing [232]. Other colicins kill via
nuclease activity targeting DNA or RNA (e.g., E2–E9) [232]. Entry begins with high-
affinity binding to a specific outer-membrane receptor (e.g., BtuB, CirA, OmpF, FepA)
followed by hijacking of the Tol or TonB complex to cross the outer membrane into the
periplasm [232, 233]. Because receptor usage is specific, target range is typically nar-
row—often limited to closely related E. coli/Salmonella-like strains [231, 232].

Genomic surveys and plasmid catalogs indicate that colicins are widespread in E. coli
and relatives; many E. coli/Shigella strains carry multiple E-type colicin plasmids, while
Salmonella enterica commonly harbors group B colicins, including ColIb [231, 232, 234,
235]. The precise prevalence varies with species and ecological context, but cumulatively
these data underscore the ubiquity of colicin-mediated interference in enteric bacteria.

6.2.2 Colicin Ib (ColIb): history, naming, and mechanism of ac-
tion

Antagonistic factors made by E. coli were first reported in 1925 by André Gratia, who
showed that culture filtrates of strain “V” killed other E. coli strains. The term colicin
(from “coli” + “-cin,” toxic factor) was introduced by Gratia and P. Frédéricq in the
mid-1940s, after demonstrating the protein nature and narrow activity spectra of these
toxins [232, 236]. A few years later, Jacob and colleagues generalized the class as bacte-
riocins—ribosomally synthesized antibacterial proteins produced by bacteria against close
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relatives [237]. Early work also clarified that many colicins are plasmid-encoded and orga-
nized in operons with synthesis, immunity, and (for group A) lysis functions [232, 238].

Within the colicin repertoire (A, B, E1–E9, Ia, Ib, N, M, etc.), the I-family (letter
“I,” not the Roman numeral “I”) comprises pore-forming (i.e., channel-forming) group B
colicins that exploit TonB-dependent outer-membrane transporters. Colicin Ia uses the
Cir/CirA receptor, a TonB-dependent β-barrel. Structural studies of colicin–receptor com-
plexes established the general entry logic for TonB-dependent colicins [232, 233]. Colicin Ib
is closely related to Ia and likewise uses CirA on susceptible E. coli as the primary recep-
tor; both ultimately depolarize the inner membrane. In Salmonella enterica serovar Ty-
phimurium SL1344, ColIb is encoded on a large conjugative plasmid (pCol1B9/pCol1B9SL1344)
and contributes to competitive fitness during gut inflammation [234, 235].

Like other colicins, ColIb is modular, with (i) an N-terminal translocation domain that
engages the TonB–ExbB–ExbD system, (ii) a receptor-binding (R) domain that recognizes
CirA, and (iii) a C-terminal cytotoxic (pore-forming) domain [239]. After CirA binding,
TonB energizes translocation across the outer membrane; the C-terminal domain then
inserts into the inner membrane to form pores, collapsing the proton-motive force and
causing rapid growth arrest and death. The pore-forming activity of channel-type colicins
resides in the C-terminus and has been visualized crystallographically for related colicins,
supporting a conserved helix-bundle insertion mechanism [232].

Producer cells co-express a cognate immunity protein that neutralizes the toxin in-
tracellularly, by binding nuclease domains (for enzymatic colicins) or by blocking channel
formation for pore formers like ColIb, thereby preventing self-killing. In SL1344, the cib
toxin gene and its immunity determinant are carried on pCol1B9, ensuring protection of
the producer. Recent work further shows that the ColIb immunity protein can occlude pore
formation at the inner membrane, reinforcing the self-resistance mechanism. Unlike many
group A colicins whose operons encode a dedicated lysis protein for release, group B colicins
(including ColIb) typically lack a lysis gene; release therefore coincides with other lytic or
envelope-compromising events (e.g., prophage induction) rather than a toxin-encoded lysis
cassette [232, 240, 241].

6.2.3 CirA’s physiological role and its hijacking by ColIb

CirA is a Fur-regulated, TonB-dependent outer-membrane transporter whose physiolog-
ical role under iron limitation is uptake of ferric catecholate siderophores—notably lin-
ear enterobactin derivatives such as dihydroxybenzoylserine; accordingly, cirA encodes an
iron-regulated outer-membrane protein (IROMP) [233, 242, 243]. Colicin Ia/Ib exploit
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this physiology: their receptor-binding (R) domains engage the CirA vestibule/loops and
mimic features of CirA’s catecholate ligands, a molecular piracy captured in the crystal
structure of CirA bound to the Ia R-domain [244]. After CirA binding, the colicin N-
terminal translocation domain recruits TonB–ExbB–ExbD to drive threading across the
outer membrane; biochemical and structural work support a model in which Ia/Ib use
CirA both as the high-affinity receptor and, functionally, as the translocator [245, 246].
This handoff enables the C-terminal channel-forming domain to reach the inner membrane,
where pore formation collapses the proton motive force and halts growth, consistent with
the channel-type colicin mechanism summarized above [232]. Importantly, because cirA
is upregulated in iron-poor niches, iron limitation sensitizes E. coli to Ia/Ib; in vivo, gut
inflammation elevates both ColIb production by Salmonella and CirA expression in com-
petitors, thereby potentiating ColIb-dependent interference [234, 241].

6.2.4 Regulation of ColIb expression

ColIb production is tightly regulated by stress-responsive transcription factors. The cib
promoter (Pcib) is repressed by LexA (SOS regulon) and by Fur under iron-replete condi-
tions; thus, ColIb expression is induced when DNA damage activates SOS (LexA cleavage)
and when iron limitation relieves Fur-mediated repression [234, 235]. Single-cell reporter
studies show that only a small subpopulation expresses cib under basal conditions, but
the fraction increases sharply when SOS and iron limitation are jointly engaged [235]. In
parallel, CirA expression in E. coli is itself upregulated under iron limitation to enhance
siderophore uptake, which incidentally increases susceptibility to ColIb [233, 234]. In mouse
models of intestinal inflammation where oxidative stress and low iron coincide, Salmonella
gains a marked fitness advantage over commensal E. coli via ColIb [234].

6.2.5 Ecological roles and consequences

Beyond direct killing, ColIb can restructure metabolic interactions in mixed communi-
ties. In defined co-cultures, ColIb-mediated lysis of E. coli can release active enzymes
(e.g., β-galactosidase), which generate shared metabolites (glucose/galactose) from lac-
tose; Salmonella can then scavenge these sugars to enhance its growth, coupling interfer-
ence competition to cross-feeding [247]. More broadly, theory and experiment indicate that
the short diffusion/uptake range, receptor gating, and regulation of ColIb jointly determine
where and when colicin-mediated interference succeeds; typically in spatially structured,
iron-limited, SOS-inducing niches such as inflamed gut habitats [230, 232, 234].
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6.2.6 Studying bacterial interactions

Historically, bacterial interactions were investigated using co-culture assays where two
strains are grown together in liquid media or spotted on agar. These assays are simple
and allow bacteria to interact via diffusible metabolites and toxins, but they lack spatial
resolution and provide only end-point data. For example, the co-culture method widely
used to screen for antimicrobial compounds can show whether one strain inhibits another
but not how quickly or locally inhibition occurs. Indeed, classical two-dimensional cultures
cannot reproduce the complexity of interactions that occur in natural niches such as the
gut, and more realistic three-dimensional models are often difficult to analyze and expen-
sive to set up [248]. Moreover, mixing strains in bulk can produce cross-feeding artifacts
and masks cell-to-cell variability [249]. These limitations highlight the need for methods
that preserve spatial structure and resolve single-cell behavior [250].

Fluorescence (the emission of light at a longer wavelength after absorption of higher
energy light) was first observed in 1845 when John Herschel recorded the blue luminescence
of quinine under ultraviolet irradiation [251]. In 1852, Sir George Gabriel Stokes formally
described the phenomenon and noted the characteristic “Stokes shift” whereby emitted
light has a longer wavelength than the excitation light [252]. Early in the twentieth cen-
tury, researchers discovered that certain dyes could be used to stain biological specimens
and that these dyes could be visualized with ultraviolet illumination [251]. The first ded-
icated fluorescence microscopes were built by Otto Heimstaedt and Heinrich Lehmann in
1911–1913; they used mercury arcs and specialized filters to excite and observe autofluo-
rescence in bacteria, tissues and protozoa [253, 254]. Stanislav Von Provazek subsequently
used fluorescence to study dye binding, and by the early 1940s Albert Coons and colleagues
had developed immunofluorescence techniques for detecting antigens in tissues [253, 254].
In the early 1990s, Douglas Prasher cloned the Aequorea victoria green fluorescent pro-
tein (GFP) cDNA; soon after, Martin Chalfie and colleagues demonstrated heterologous
expression of GFP, and Roger Tsien’s group engineered brighter, more stable variants;
developments that revolutionized live-cell imaging by providing genetically encoded labels
[253–257].

The ability to genetically label bacterial strains with fluorescent proteins has trans-
formed microbiology. Fluorescence imaging allows researchers to distinguish different
strains, monitor gene expression, track cell lineages, and measure physiological parameters
in real time. Unlike bulk measurements, fluorescence microscopy can reveal heterogeneity
in gene expression and responses to stress [258]. When applied to bacterial interactions,
these tools make it possible to observe when and where toxins are produced and how indi-
vidual cells respond. For example, time-resolved fluorescence imaging of reporter genes can

86



reveal pulsed expression of toxin genes or stress regulators. Because fluorescence signals
are quantitative, they can be converted into growth rates and protein production rates at
the single-cell level [258, 259].

Traditional agar-pad or bulk-culture formats exhaust nutrients quickly and cause cells to
pile up, limiting observation to only a few cell divisions [258]. Microfluidic devices overcome
these limitations by confining bacteria to micro-fabricated chambers or trenches under
continuous flow. Designs such as the “mother machine” consist of hundreds of dead-end
trenches feeding from a main channel; newborn cells are flushed out while the “mother”
cells remain, allowing lineages to be followed for many generations [42]. Other designs,
like microfluidic chemostats, have channels open at both ends to provide convective flow
[58]. The constant perfusion ensures stable nutrient supply and waste removal, and devices
can be fabricated to mimic environmental gradients. Importantly, microfluidic platforms
can culture multiple species in adjacent chambers or connected by nanoscale channels,
permitting controlled chemical communication while preventing overgrowth [260].

Combining microfluidic culture with time-lapse fluorescence microscopy provides a win-
dow into the spatiotemporal dynamics of bacterial interactions. A typical experiment in-
volves loading two fluorescently labelled strains into a microfluidic chamber and recording
phase-contrast and fluorescence images at regular intervals over hours or days. Continuous
perfusion maintains a steady supply of fresh medium and removes metabolic by-products,
while the microfabricated trap geometry (e.g., shallow, height-limited chambers) enforces
monolayer growth. Time-lapse imaging makes it possible to track the fate of every cell:
one can measure growth rates, identify when a cell stops dividing, or observe lysis events
following toxin exposure. Because the chamber geometry is well-defined, researchers can
map each cell’s position and compute distances to toxin producers, enabling quantitative
analyses of interaction ranges and neighbourhood effects [261–263].

Microfluidic time-lapse experiments generate thousands of images that must be pro-
cessed into usable single-cell data. Automated tracking enables extraction of cell size,
fluorescence intensity and shape at each time-point [53]. Such pipelines transform raw
movies into tables of single-cell trajectories, which can then be used to compute growth
curves, interaction distances, or expression dynamics. Without robust image processing,
the wealth of information encoded in microfluidic time-lapse data would remain inaccessi-
ble.

While microfluidic time-lapse experiments show how individual cells interact, they are
limited to the specific conditions tested. To extrapolate to scenarios, initial spatial arrange-
ments, or environmental conditions that have not been observed, researchers can turn to
simulation models—in particular, agent-based models (ABMs).
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6.2.7 Agent-Based modeling of microbial communities

Agent-based models (ABMs) represent microbial colonies as collections of discrete agents—each
corresponding to a single cell or a small cell cluster—with attributes (e.g., type, size, me-
chanical properties) and update rules governing growth, division, movement, secretion, and
death [264, 265]. ABMs naturally capture cell-to-cell heterogeneity and local interactions,
and can explicitly include diffusion and uptake of toxins or metabolites, receptor binding,
gene-regulatory dynamics, adhesion, and mechanical forces [264, 265]. The primary aim
is mechanistic explanation (showing how macroscopic properties emerge from microscale
interactions) but ABMs are also used to extrapolate to untested conditions and, when
parameterized and validated, to make quantitative predictions [266].

ABMs handle different interaction ranges by tuning diffusion and uptake parameters:
toxins can be modeled as either contact-dependent or long-range [267]. Biofilm-specific
features, such as extracellular polymeric substances (EPS), can be represented as shells
around cells; EPS preserves biofilm cohesion and slows chemical diffusion (reducing diffu-
sivity by up to 40%), thereby altering competition in biofilms. Using these elements, ABMs
reproduce nutrient uptake and metabolite secretion, predict spatial segregation patterns
and emergent colony structures, and account for mechanical forces [264, 268]. Several case
studies highlight ABM utility: one ABM simulated Vibrio cholerae biofilms by modeling
mechanical forces and cell reorientation, explaining the verticalization observed at the cen-
ters of expanding biofilms [268, 269]; further simulations of adhesion and EPS production
predicted morphology changes under different nutrient supplies and were confirmed exper-
imentally [270]. Another ABM compared short-range and long-range bacterial weapons
and predicted that contact-dependent toxins enable invading strains to succeed even when
outnumbered, whereas diffusible weapons are effective only when attackers are abundant;
experiments with Pseudomonas aeruginosa carrying both contact-dependent inhibition
(CDI) and diffusing tailocins validated these predictions [271]. These findings imply that
short-range weapons like colicins are particularly potent in dense resident populations,
whereas long-range antibiotics benefit numerically dominant attackers.

Importantly, ABMs bridge experiments to predictions: they allow researchers to sim-
ulate how changing parameters affects population dynamics or spatial patterns. For ex-
ample, ABMs have been used to reproduce oscillatory dynamics in synthetic two-species
consortia cultured in microfluidic chips and to identify which parameters most strongly
affect the behavior [205, 272]. Other studies have combined ABMs with microfluidic data
to predict how quickly quorum-sensing circuits are activated and to guide the tuning of
ribosome binding sites [264]. By fitting model parameters to single-cell data and then
varying unobserved parameters, one can extrapolate beyond the experimental regime and

88



design new experiments or interventions.

In the context of toxin-mediated competition, ABMs can incorporate diffusion and
uptake of toxins and production rates. They allow us to ask, for example, how the diffusion
length scale of a diffusible toxin (such as colicin Ib) influences coexistence vs. exclusion
of sensitive strains, or how initial spatial patterns determine the fate of competing clones.
When coupled with microfluidic data, ABMs make it possible to characterize the relative
contributions of contact-dependent killing vs. diffusible toxins and to predict the impact of
environmental changes. Ultimately, ABMs provide a computational platform to translate
single-cell insights into predictive, actionable knowledge about microbial communities [271,
273].

6.2.8 The CellModeller simulation framework

To simulate ColIb-mediated competition, we employ CellModeller [274]. CellModeller is a
three-dimensional agent-based modelling platform originally developed for synthetic micro-
bial biofilms. In this framework every bacterium is represented by a growing spherocylin-
der, modelled as a rigid capsule (a cylinder capped with hemispherical ends) whose length
extends along its long axis. Because rod-shaped bacteria maintain a constant radius and
grow only in one dimension, this approximation captures cell shape while allowing compu-
tation to focus on the more relevant processes of lengthwise growth, division and physical
interactions. CellModeller treats the cell length as an explicit degree of freedom and up-
dates each cell’s generalized position; its 3D centre of mass, orientation and length—by
solving a constrained rigid-body dynamics system that enforces non-overlap and substrate
constraints. The simulator operates in discrete time-points. At each step, user-defined
rules update cell states (e.g., gene expression or toxin production); cells that reach their
division threshold split into two daughters; cell growth is integrated forward; and mechan-
ical constraints are solved to reposition cells. CellModeller also integrates the dynamics
of intracellular species and diffusible extracellular signals by solving coupled ordinary and
partial differential equations on a regular 3-D grid. Species confined to the cell interior are
updated via user-supplied rate functions, whereas extracellular species (e.g., ColIb toxin
or quorum-sensing molecules) are subject to a transport operator (diffusion, advection or
bulk flow) and can be imported or exported by individual cells. Because cell positions are
interpolated onto the grid, each cell perceives its local signal concentrations and can adjust
its behaviour accordingly. The simulator’s modular design allows rule-based or ordinary
differential equation descriptions of gene regulation to be combined with the rigid-body
mechanics. A key feature of CellModeller is its ability to simulate large populations on
commodity hardware. The developers implemented the mechanics and diffusion solvers
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using the OpenCL parallel programming framework, enabling simulations of more than
30,000 individual cells in about 30 minutes on a desktop GPU. The same implementation
can include fluid flows, soft or hard boundary constraints and multiple cell types.

6.2.9 Model calibration and parameter estimation

Realistic ABMs require careful parameterization. Observable parameters such as elonga-
tion rates, division sizes, and baseline death rates can be directly measured from time-lapse
data and used for calibration. However, some parameters like toxin diffusion constants or
per-cell production rates are not directly measurable. These hidden variables strongly in-
fluence outcomes: for instance, the colicin diffusion rate effectively sets the “killing range”,
which in turn dictates coexistence scales in structured habitats [275]. We acknowledge the
need for calibration (outlined in Chapter 5) that employ Approximate Bayesian Computa-
tion (ABC) for systematic inference of hidden parameters [203]. Once calibrated, the model
becomes predictive: it can be used to forecast how varying initial inoculum ratios, altering
the spatial arrangement or density of producers and susceptibles will influence the time to
clearance of susceptible cells and the final community composition. This kind of predic-
tive power mirrors other calibrated ABMs that have accurately predicted quorum-sensing
activation times as a function of cell density and even guided genetic design choices (such
as ribosome binding site strength) [264].

6.3 Results

We conducted two sets of co-culture time-lapse experiments in microfluidic traps (80 ×
80×0.80 µm) on a Zeiss fluorescence microscope, under identical media and constant flow.
The detail of the trap and experiment designs are in the Method Section 3.6 section.

Set A — ColIb-active condition Co-culture of RFP-labeled E. coli MG1655 pWSK29
(cib+) E. coli carrying pWSK29 (ColIb+) and YFP-labeled E. coli K-12 (cirA+) as the
colicin sensitive cells. In total, 17 movies were acquired.

Set B — ColIb-inactive condition(isogenic KO) Co-culture of RFP-labeled E. coli
MG1655 pWSK29 carrying the same plasmid backbone with cib knocked out (ColIb−) and
YFP-labeled E. coli K-12 (cirA+). In total, 32 movies were acquired.
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Each movie represents one trap and yield thousands of single-cell time-points. More
information about data are provided in table 6.1.

Feature (∆cib; mean ± SD) (cib+; mean ± SD)
E. coli cells (total) 8138.740741± 13761.14367 87842.29412± 81266.7543
E. coli cells division links 491.2222222± 683.649105 3640.882353± 3073.447765
E. coli cells track links 7131.444444± 12085.72941 81338.47059± 75659.02036
Number of frames 98.96296296± 42.27378268 197.8235294± 67.95087784
Colicin-sensitive cells (total) 30050.51852± 14444.9072 14525.41176± 23789.81475
Colicin-sensitive division links 1538.62963± 704.80195 635.2352941± 1052.774348
Colicin-sensitive track links 25918.55556± 12592.55676 13289.82353± 21688.37269

Table 6.1: Summary metrics for ColIb-inactive and ColIb-active conditions. Values are
mean ± standard deviation across replicates.
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Figure 6.1: Diffusion-based antagonism in a microfluidic monolayer. Snapshots at
0, 5, and 10 h. Red = producer strain (same chassis in both panels); yellow = YFP–labeled
cirA+ target strain in both conditions. A (ColIb-inactive case): the producer carries a
∆cib knockout and does not intoxicate. B (ColIb-active): the producer secretes ColIb.
YFP intensity varies across cells and over time (biological heterogeneity and photophysics);
the yellow overlay denotes cirA+ identity rather than relative expression level, so brightness
differences do not imply misclassification. Each trap is seeded with a few cells from each
strain. They typically fill within 6-8 hours. After that, the trap holds approximately
around 1000 cells, and ongoing growth pushes excess cells into the waste stream. Data
were collected over 16–20 hours.
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Throughout this section, we refer to the YFP-labeled colicin sensitive strain as colicin-
sensitive. We also refer to ‘alive cells’ as successfully divided. Hereafter, we abbreviate the
ColIb-active condition as “ColIb-active” and the ColIb-inactive case as “ColIb-inactive.”
Because no toxin is produced in the ColIb-inactive case, it is not meaningful to call the
RFP-labeled strain a “producer” when it lacks cib. We therefore use:

• (cib+) in the ColIb-active condition

• (cib-) in the ColIb-inactive case: We use cib- as shorthand for the ∆cib.

We define a life history as the record of a single cell from birth (first appearance) to the
fate-evaluation time-point, defined as the frame immediately before its fate is determined.

Life histories are excluded from the analyses in the following cases:

• Cells whose life history includes the first or last time-point of the experiment (and
so are incomplete).

• Cells that left the microfluidic trap (washed out) during their life history (details on
how this is assessed is provided in Chapter 3, Section 3.6).

• Life histories during which a cell became filamentous (abnormal elongation without
division). Details on how this is assessed is provided in Chapter 3 Section 3.6.

• Any life history shorter than 15 min. These were deemed biologically implausible
given doubling times (of colicin-sensitive 23.0 ± 0.6 min; cib- 27 ± 1.4 min; cib+

30 ± 2.9 min) measured from OD-based growth curves (data not shown). These
abnormally short division cycles were attributed to tracking errors.

6.3.1 Definitions of inhibited cell fates

In preliminary investigations of the effect of inhibition, it was clear that the primary
outcomes of colicin toxicity are cell lysis and permanent growth arrest. (Other possible
responses, e.g. permanent reduction in growth rate, cell shrinkage, perturbed division cycle
(filamenting or premature division)) were not commonly observed. (Notably, filamentation
is more characteristic of DNA-damaging (nuclease) colicins rather than of pore-forming
colicins like Ia/Ib [232, 276]).

To facilitate quantitative analysis of these cell fates, we adopt formal definitions of cell
‘life history’ (i.e. cell division cycle) and the fates of lysis, growth arrest, and successfully
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divided (i.e. uninhibited). In addition, to facilitate comparison of behaviours at specific
time-points, we formalize criteria for the time-point at which we declare a cell has entered
a growth arrest state.

We quantitatively characterized cell features from fluorescence time-lapse data using
the segmentation → tracking → lineage pipeline (Chs. 2–3).

We defined life history above. When the life history ends in lysis or division, this is the
last appearance of the cell. In the case of growth arrest, this is the time-point before the
growth arrest state is entered, as defined below.

• Lysis: We say a life history ends in lysis when (i) the track ends from one frame to
the next (with no relinking or daughter assignment) or (ii) the measured length drops
below the average length of objects in a dataset (Sometimes a lysed cell leaves debris
that the software mistakenly links to the same track). Application of both minimizes
false positives from segmentation errors. The evaluation time is the time-point before
lysis is identified.

• Growth arrest: We say a life history ends in growth arrest when one of these criteria
happen:

1. Plateau–stasis : Over the preceding 10 frames (30 minutes), length is essentially
flat: the median elongation rate is at or below the dataset threshold (set to
the 10th percentile of the elongation rates measured for alive cells in the same
dataset).

2. Shrinkage: Over the preceding 10 frames, the cell shortens continuously and
reaches a length at least one-tenth shorter than it began that window.

3. Abortive elongation without division: Length increases only slightly over the
last 10 frames: per-frame rates never exceed the alive/dividing threshold, and
the 10-frame average stays below that same threshold, with no division in the
preceding 60 minutes.

• Successfully divided: a cell that has a full life history and undergoes a recorded
division is labeled as ‘successfully divided’. Its evaluation time is the last time-point
before the cell daughters appear.
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6.3.2 Frequency of cell fates

Using the fate definitions in 6.3.1, Table 6.2 reports, for the colicin sensitive cells, the
number and fraction of life histories classified as successfully divided, growth arrest, or
lysis, shown separately for the ColIb-inactive and the ColIb-active co-cultures.

Scenario Successfully divided (%) Growth arrest (%) Lysis (%)
ColIb-active 82.4 4.5 13.1
ColIb-inactive 71.0 6.0 23.0

Table 6.2: Aggregated fates of colicin-sensitive cells by scenario. Raw counts
(pooled across traps) — ColIb-active: successfully divided n = 18,400, growth arrest
n = 1,011, lysis n = 2,932; ColIb-inactive: successfully divided n = 104,259, growth arrest
n = 8,798, lysis n = 33,732. Counts and proportions are pooled across traps (ntraps = 17
ColIb-inactive; ntraps = 32 ColIb-active). Fate definitions in 6.3.1.

We observed that lysis is higher under the ColIb-inactive condition: in the absence
of active toxin, one would anticipate only baseline (background) cell death, yet the data
indicate an elevated lytic response. One interpretation for having more net lysis in the
ColIb-inactive case is that when ColIb is inactive, colicin-sensitive cells accumulate and
become crowded, increasing later lysis from crowding/nutrient stress. By contrast, when
ColIb is active it removes colicin-sensitive cells near cib+ cells early, which limits subse-
quent crowding and reduces later background lysis among the remaining colicin-sensitive
population.

While both phenotypes (lysis and growth arrest) occur in both scenarios, we do not
include growth arrest in the analyses below. Our life history assignment for growth arrest is
somewhat arbitrary; refining and validating those criteria will take additional work beyond
this chapter. In contrast, lysis calls are operationally clear in our analyses, so we focus on
lysis in this chapter.

6.3.3 Density effects: crowding drives mortality in the ColIb-
inactive case, not in the ColIb-active case

Cell fate outcomes depend not only on molecular interactions but also on the physical
and ecological context in which cells grow. In particular, population density can strongly
influence cellular stress and survival [277, 278]. To assess whether such density-dependent
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effects contribute to the observed differences in mortality, we next examined how crowding
relates to cell lysis under both conditions.

For each frame we computed a global, identity-agnostic crowding measure directly from
the binary cell masks produced by our Omnipose segmentation pipeline.

We asked whether global crowding of the chamber is associated with a higher instanta-
neous per-frame lysis frequency for colicin sensitive cells. If toxin exposure is the dominant
driver of death in the ColIb-active case, we expect little dependence of event frequency on
global density (because risk is controlled activity of cib+ cells). In the ColIb-inactive case,
we expect crowding to matter more: higher fraction of trap pixels covered by cell masks
increases nutrient competition, waste accumulation, and mechanical stress, which should
raise the background mortality rate. We did not measure these mechanisms directly and
do not model them here in this chapter.

Figure 6.2 plots the lysed vs non-lysed life histories versus pixel density for the ColIb-
inactive case (orange) and the ColIb-active case (blue), with n above each point indicating
the number of lysed colicin sensitive life histories in that density bin for that group. Two
features are clear:

1. The ColIb-inactive case shows a strong density–mortality coupling. The
per-frame lysis event frequency increases from low to intermediate densities and then
drops at the highest densities. This is exactly the signature of crowding-driven mor-
tality expected in a non-toxic setting, where environmental stress scales with oc-
cupancy. One interpretation for the drop at high densities is that, once chambers
become mechanically jammed, cells transition toward slow-growth/stationary physi-
ology, so background mortality is channeled into growth arrest rather than lysis. A
second, non-exclusive interpretation is that late-time high-density frames are enriched
for robust survivors, which would also depress lysis rates.

2. ColIb-active is flat and low across densities. In the ColIb-active condition the
event frequency is low and only weakly dependent on fraction of trap pixels covered
by cell masks. This indicates that global occupancy is not the limiting factor for
death when pore-forming toxin is present; instead, risk is governed by who a cell
borders (neighbor identity; See. 6.6), not by how crowded the field-of-view is.
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Figure 6.2: Lysis frequency vs. pixel density. ColIb-inactive case (orange circles, solid)
and ColIb-active case (blue squares, dashed). Each marker is a fixed-width pixel-density
bin shared by both groups; the y-value is the fraction of life histories that ended in lysis in
that bin (shown in %, with Wilson 95% CI error bars). The “n” above each point is the
number of lysed tracks contributing to that bin. Per-record density is the mean across its
frames. Lysis frequency rises with increasing pixel density in the ColIb-inactive case but
stays low and relatively flat in the ColIb-active case. A GLM model comparison against
the null hypotheiss that the density–lysis relationship is the same in both cases clearly
contradict this: p = 5.66 × 10−56, detail in 6.7. Thus, crowding drives mortality in cib-

but not when ColIb is active, where identity-resolved adjacency dominates risk (as shown
in figure 6.6).

Because crowding is not static, a density-only view can hide when lysis is actually
happening. We added a temporal axis and plotted lysis frequency over density and time,
allowing us to assess the pattern of lysis in the ColIb-active and ColIb-inactive cases (Fig-
ure 6.3). Relative to the ColIb-active case, the ColIb-inactive case exhibits a shift of lysis
to later times, consistent with crowding-related stress emerging as populations build up.
By contrast, the ColIb-active case shows earlier lysis, indicating that the temporal pattern
of lysis differs between the two conditions.
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Figure 6.3: Lysis frequency as a function of time and global density. (A) ColIb-active: Lysis
rate shows early-time peaks with little change across global density. (B) ColIb-inactive:
Lysis appears later and only at intermediate/high density. Color indicates lysis rate.

While lysis patterns show when cells die, they don’t reveal how the living population
evolves. To address this, we examined the temporal distribution of cib± and colicin sensitive
cells. Tracking their abundances over time can show whether colicin sensitive cells build
up in the ColIb-inactive case while in the ColIb-active case the buildup is limited. We
observe in Figure 6.4 that in the ColIb-active condition, the colicin sensitive cells population
gradually declines while the cib+ population increases. In contrast, under the ColIb-
inactive condition, both populations initially expand, with colicin sensitive cells becoming
dominant before both decline slightly toward the end.
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Figure 6.4: Population dynamics in ColIb-active (A) and ColIb-inactive (B) conditions.
Blue areas represent colicin sensitive cells, and orange areas represent cib±.

Global density, timing of lysis, and population trends can help explain why the ColIb-
inactive case shows more lysis, but they don’t pinpoint the cause. Fully accounting for
the higher lysis in the ColIb-inactive case will require future work. To separate baseline,
density-linked mortality from direct toxin effects, we next examine local spatial patterns.
In the following sections we ask whether lysis concentrates near cib+ neighbors and how
this differs between conditions.

6.3.4 Colicin-Ib killing is localized in space

Here we quantitatively characterize the spatial footprint of ColIb killing at single-cell res-
olution.

For each each colicin sensitive life history that ends in lysis fate, we determine the
distance to allcib± cells at the evaluation time-point. Restricting to life history analyses
ensures that each trajectory contributes one outcome, avoiding pseudoreplication from
long-lived cells.

Proximity metric We define proximity as the sum of the reciprocal distances to every
cib± cell in the frame:

n∑
i=1

1

distsensitive cib±,i + ϵ
,
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Here, distsensitive cib±,i is the centroid–to–centroid distance (in µm) between the colicin-
sensitive cell and the i-th cib± cell present in the same frame (measured at the evaluation
frame t). n is the number of such cib± cells in that frame, and ϵ = 0.1 µm is a small
constant to prevent division by zero.

The distance dependence of inhibition is shown in figure 6.5. For each bin we report: (i)
total colicin sensitive life histories (as the n value), (ii) count of inhibition events on a log10

scale. In the ColIb-active case, event counts are enriched at short distances, consistent
with localized killing; the ColIb-inactive shows no comparable distance trend.

Figure 6.5: Counts of inhibition of colicin sensitive cells vs. proximity to cib±

cells. Histogram of inhibition event (lysis) binned by aggregate proximity to cib± cells in 5
steps. Bars show raw event counts on a log scale; numbers above bars give n of events per
bin. Proximity measures are determined at the cell-fate evaluation time-point. (A) ColIb-
active (ntracks = 47,094, nevents = 6,130) shows a pronounced distance-dependent drop in
events, consistent with spatially localized killing. (B) ColIb-inactive (ntracks = 644,613,
nevents = 98,034) shows no comparable decay. Formal inference (Poisson GLM) confirms
this contrast: (z = −3.21, two-sided p = 1.34 × 10−3). Details are provided in 6.7. .

6.3.5 Neighbor identity governs risk of lysis in ColIb-active case

The results in the previous section indicate that close proximity has a significant effect in
inhibition. To assess whether direct contact between cib+ and colicin sensitive cells leads
to significant inhibition, we determined neighboring cells.

Neighborhoods were computed with MeasureObjectNeighbors in Expand until adja-
cent mode (CellProfiler). Operationally, the module: (i) uses a Euclidean distance trans-
form to assign every background pixel to the nearest labeled object, (ii) dilates each object
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by a fixed structuring element so expanded boundaries meet, and (iii) declares two objects
neighbors if any expanded boundary pixels are adjacent.

Because we run the module separately on cib+ vs. colicin sensitive masks, we can count
identity-resolved neighbors (“cib± neighbors” and “Colicin sensitive neighbors”)

We asked whether a colicin sensitive cell’s risk of lysis depends more on who it borders
(neighbor identity) than on how many cells surround it (crowding). To do this, we took
a life history record for each colicin sensitive cell and determined the number of cib±

neighbors and the number of colicin sensitive neighbors.

What we see in figure 6.6 is that the presence of ColIb+ neighbors elevate lysis risk in
the ColIb-active scenario. As the number of adjacent ColIb+ neighbor increases, the death
frequency of colicin sensitive cells rises in the ColIb-active but not in ColIb-inactive.

A: cib± neighbor count. B: colicin sensitive neighbor count. Blue = ColIb-active;
orange = ColIb-inactive.

In panel A, lysis frequency increases with cib+ neighbor count in the ColIb-active case,
but not in the ColIb-inactive. In panel B, more colicin sensitive neighbors are associated
with lower lysis in both cases.
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Figure 6.6: Lysis frequency (%) of colicin sensitive cells as a function of identity-specific
neighbor count. A: cib± neighbor count. B: colicin sensitive neighbor count. Blue =
ColIb-active; orange = ColIb-inactive. In the ColIb-active case, lysis frequency rises with
increasing colicin-producing neighbour count (blue curve, panel A), consistent with dose-
dependent killing; in the ColIb-inactive case, no comparable increase is observed (orange
curve, panel A). Error bars are Wilson 95% CIs; labels show per-bin lysis counts (n).
cib+ adjacency raises lysis only when ColIb is active (, p = 8.63 × 10−4; interaction p =
3.17 × 10−59), (ColIb-active: p = 4.82 × 10−279; ColIb-inactive: < 10−300; interaction
p = 4.91 × 10−10 )

6.3.6 Newborn cells are more vulnerable to lysis in both condi-
tions

Here we ask does a colicin sensitive cell’s position in the cell cycle affect its chance of
lysing?

All cell states come from our image processing pipeline (Ch. 2–3). We define the cell
age a as the number of frames since the cell’s first appearance. The temporal resolution
is set by the acquisition interval (here ( 3 min). Thus, a = 1 means the first frame after
appearance (0-3 min old), a = 2 is 3-6 min, etc.

As shown in figure 6.7, in ColIb-inactive, lysis frequency is high immediately after birth
and gradually falls with age. In the ColIb-active condition, the same qualitative pattern
holds—highest lysis within the first frames, then a decline with age is observed. Thus,
newborn colicin sensitive cells are the most lysis-prone subpopulation, and vulnerability
diminishes as the envelope matures over the cell cycle. Interestingly, the pattern is not the
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same between datasets: ColIb-active shows a sharper age-dependent change than ColIb-
inactive (p = 1.235 × 10−45).

Figure 6.7: Age-specific lysis frequency among colicin sensitive cells. Each point is the pro-
portion of colicin sensitive life histories that lyse at that age; vertical bars are Wilson 95%
CIs; the labels show the number of lysis events (n). A, ColIb-active case; B, ColIb-inactive
case. These data support the interpretation that newborn rods carry a higher instanta-
neous hazard of lysis: in the ColIb-inactive case, this manifests as crowding/mechanics-
driven failures (See. 6.2), and in ColIb-active the ColIb pore-forming insult adds on top of
this intrinsic fragility; yet the age pattern remains, with newborns lysing more readily than
older siblings. Functionally, this introduces cell-cycle heterogeneity into colicin sensitive
survival. The pattern is not the same between datasets: ColIb-active shows a sharper
age-dependent change than ColIb-inactive (interaction p = 1.235 × 10−45).

6.3.7 Agent based model construction

Using CellModeller [212], we simulated the experiments: two E. coli strains in a microfluidic
trap. Cells are rigid spherocylinders with stochastic growth and size at division (log-normal
draws (detail in 6.7. Cell types and colors: cib+ (type 0, red), colicin sensitive cells (type 1,
yellow), lysis (type 2, black), growth arrest (type 3, green). Colors are for visualization
only and do not affect dynamics.

ColIb-inactive case : Two strains propagate in a trap with assumed constant nutri-
ent supply and waste removal (conditions equivalent through time and space). Each cell
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lengthens at an intrinsic rate g and divides when it reaches its target size:

dV

dt
= g V, divide when V (t) ≥ V ∗,

with (g, V ∗) drawn once per cell from log–normal distributions to capture cell–to–cell
heterogeneity. Because no toxin is present, the only stressor is crowding. As local packing
increases, a colicin sensitive cell “feels” its neighborhood through a count n of contacting
neighbors. Failure is modeled as a direct, interpretable event that switches on at a crowding
threshold n⋆:

hcrowd(n) =

{
0 n < n⋆,

Bernoulli
(
plysis

)
n ≥ n⋆,

so once jammed (n ≥ n⋆), the cell draws one of two fates: lysis with probability plysis
or growth arrest with probability 1 − plysis. Growth arrest is represented as a transient
negative growth (dL/dt < 0) that relaxes to zero as the cell shortens to a small cutoff. In
other words: in this ColIb-inactive scenario, death is triggered purely by geometry. Regions
that jam first (corners, bottlenecks) become the earliest hotspots for black (lysis) and green
(growth arrest) outcomes.1 These thresholds are assessed from the data presented above.

ColIb-active case : A single diffusible toxin that cib+ produces and colicin sensitive
cells absorb is introduced. Let Tenv(x, t) be the extracellular concentration and Tin(t) the
intracellular load (i.e. the toxin accumulated within the cell, not its extracellular exposure.)
of a given colicin sensitive cells. The environment now has its own dynamics,

∂tTenv = D∇2Tenv −
∑

colicin sensitive cells

U
(
Tenv

)
︸ ︷︷ ︸

uptake sinks at the positions of colicin sensitive

+
∑

producers

Jsec︸ ︷︷ ︸
secretion sources

,

so cib+ cells paint chemical halos that spread by diffusion (D) and are locally depleted by
uptake U(·) around colicin sensitive cells. At the single cell level, a colicin sensitive cell
integrates exposure into its cytoplasm,

dTin
dt

= U
(
Tenv(x(t), t)

)
,

while a toxin producer ramps an internal pool that feeds secretion rate held simple and
approximately constant per unit interface here). Fate in this case does not depends on

1In the current implementation n⋆ = 4 and plysis ≈ 0.79.
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neighbor count but on crossing a biochemical safety margin:

htoxin(Tin) =

{
0 Tin < T⋆,

Bernoulli
(
p̃lysis

)
Tin ≥ T⋆,

with T⋆ a damage threshold. Thus, in ColIb-active, death is selected by chemical exposure
along toxin gradients, not by where cells are tightly packed. Two immediate consequences
follow: (i) colicin sensitive cells can die even in loosely crowded zones if they sit inside a
colicin producer’s halo; (ii) conversely, dense colicin sensitive clusters may persist if they
are chemically sheltered.2

2In the current implementation T⋆ = 10−3 (arbitrary units) and p̃lysis ≈ 0.70. The uptake U(·) uses an
uptake coefficient; secretion acts as a flux at colicin producer interfaces.
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Figure 6.8: Space-only competition versus toxin-mediated antagonism. Agent-
based snapshots at 0, 5, and 10 h for mixed populations of cib± (red) and colicin sensitive
(yellow); lysed cells are black, growth arrested cells are green. A, (ColIb-inactive): no
toxin field; mortality is crowding-driven, producing scattered black/green events where
packing is highest while cib− expand only locally. B (ColIb-active): cib+ produces a
diffusible toxin; colicin sensitive cells near red clusters accumulate dose and cross a damage
threshold, generating lysis and arrest fronts that track toxin gradients and carve expanding
“kill zones” into the colicin sensitive lawn by 10 h. Nutrient is constant in both scenarios;
growth/division rules are identical, the cause of failure shifts from geometry to chemistry.106



6.4 Discussion

We performed image processing to characterize how spatial organization influences the
fate of colicin-sensitive cells. Using single-cell tracking data from ColIb-active and ColIb-
inactive co-cultures, we measured how lysis frequency varies with neighbor identity, global
density, and cell age. We then implemented the preliminary ABM.

Because ColIb is a pore-forming colicin, the default prediction for a colicin-sensitive cell
in our single-cell analyses is lysis: after CirA binding and TonB-dependent translocation,
its C-terminal domain forms voltage-dependent ion channels in the energized inner mem-
brane, dissipating the proton-motive force and undermining envelope integrity [232, 279].
However, several studies report growth inhibition/bacteriostasis under pore-forming col-
icins [232, 234]; these observations are typically at the population or mechanism level (e.g.,
OD/CFU readouts or membrane depolarization assays) rather than single-cell time-lapse
phenotypes. Motivated by this and the lack of operational single-cell criteria, we adopted
explicit rules for outcome specification and report the frequency of each case in our time
lapse movies. However, because these rules are somewhat arbitrary, additional analyses
are needed; therefore, our analyses in this chapter were based on lysis.

Toxin-mediated antagonism in structured microbial habitats is spatial: the distance
over which killing is observed (the effective range) is set by transport and uptake—diffusion/advection
of the toxin, receptor-mediated binding and import, and the abundance of colicin sensitive
targets [232]. For colicins, high-affinity receptor binding (e.g., CirA, BtuB) coupled to
TonB-dependent uptake is expected to deplete extracellular toxin near E. coli (cib+) so
that nearby cells act as local sinks; theory and experiments therefore point to short effective
ranges [231, 232]. In vivo, ColIb confers a competitive advantage mainly at producer–target
interfaces during gut inflammation, consistent with localized action rather than uniform
effects [234]. Here we defined the proximity measure and proved that colicin-Ib is localized
at the single cell level.

Together our neighbour identity and crowding analyses show that: who is next to me
governs lysis risk in the ColIb-active case more than how crowded it is around me. In other
words, the observed trends support local interference: being directly bordered by cib+

elevates immediate lysis risk consistent with studies showing that short-range bacterial
weapons act at interfaces and depend on local composition [271].

Studies showed that immediately after cytokinesis, the septal peptidoglycan that be-
comes the new poles is still being remodeled: crosslink density and architecture mature
over minutes while divisome-recruited autolysins (amidases) continue to cleave septal pep-
tidoglycan to complete daughter separation. This transient state leaves patches that are
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thinner and under-crosslinked, reducing mechanical safety margins [280–283]. Correlative
super-resolution and AFM imaging directly visualizes the nascent septum as a porous mesh
that must be filled to achieve a robust barrier—consistent with heightened susceptibility
to envelope insults immediately after birth [284, 285]. Mechanical studies further show
that division concentrates stress at the septal perimeter; in S. aureus, daughter separation
occurs by rapid crack propagation through a thin peripheral ring, illustrating how newly
built wall can fail catastrophically under load [286]. More generally, turgor is borne pre-
dominantly by PG and dividing/exponential-phase cells exhibit wall mechanics that make
them easier to deform (e.g., in sub-micron constrictions), at the cost of increased vulner-
ability to defects [287, 288]. Our observations at single cell level show that newborn cells
are more vulnerable to lysis.

Regarding ABMs, we implemented two preliminary models: in ColIb-inactive, a colicin
sensitive’s risk is a step function of local jamming. In ColIb-active, the risk is a step
function of toxin dose.

6.5 Limitations

(i) Geometry and flow : Our microfluidic monolayer and chip-specific flow fields differ
markedly from gut niches; thus, reported diffusion/advection length scales serve as inter-
pretive approximations rather than physiological values. (ii) Segmentation/tracking error :
While we did our best to enhance tracking by developing a new tracking software the out-
put is not perfect because tracking is built on segmentation so the segmentation-related
tracking issues are still in place.

6.6 Broader implications

These findings imply that micro-scale community outcomes depend on three axes—who you
touch (neighbor identity), how full the chamber is (crowding), and what state you are in
(age). This has broader implications for: (i) Eco-evolutionary dynamics : producer advan-
tage should amplify in spatially structured, iron-limited niches where adjacency networks
persist; demographic structure (birth waves) will further bias outcomes by exposing fragile
newborns. (ii) Therapeutic design: narrow-range antimicrobials that mimic colicin kinetics
may be most effective when targeted to contact-rich interfaces (mucus/biofilm fronts) and
synchronized with bursty birth cycles.
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6.7 Materials and Methods

6.7.1 Materials

Plasmids pWSK29 and pWSK29∆lacZα::cibimm were kindly provided by the Cameron
Lab (Institute for Microbial Systems and Society, Faculty of Science, University of Regina).
The pWSK29 backbone was originally obtained from Addgene (plasmid #172972; [289]),
and pWSK29∆lacZα::cibimm was constructed and validated in the Cameron Lab (see,
e.g., [290]). Plasmid maps are shown in figure 6.9.

Figure 6.9: Plasmids used for (A) ColIb-inactive and (B) ColIb-active A pWSK29
(5,134 bp): low–copy pSC101 origin/Rep101 with AmpR and the native lacZα mul-
tiple–cloning region; used as the ColIb-inactive vector. B pWSK29∆lacZα::cibimm
(7,366 bp): the lacZα region is replaced by a cib (colicin Ib) + imm (immunity) cassette
under the lac promoter on the same pSC101/AmpR backbone, yielding the ColIb-active
producer. Plasmids were provided by the Cameron Lab; pWSK29 was originally obtained
from Addgene (plasmid #172972). Maps rendered with SnapGene; arrow lengths and ori-
entations reflect annotated features.

A colicin-sensitive E. coli K-12 strain was kindly provided by the Matt Scott laboratory.
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6.7.2 Method for microscopy and cell culturing

Time-lapse microscopy of antagonism was performed in a microfluidic monolayer device
with 80 × 80 µm traps under continuous flow. Overnight cultures of the cib+ and colicin
sensitive strains were subcultured in LB (3 mL) supplemented with the appropriate antibi-
otic (ampicillin for the cib+, kanamycin for the colicin sensitive bacteria) by adding 150 µL
of the overnight to each tube and incubating to mid-exponential phase (OD600 ≈ 0.4–0.6;
spectrophotometer blanked with LB). Because the cib+ grows faster, its subculture was
started ∼20 min after the colicin sensitive bacteria to synchronize harvest. Cells (1.5 mL
per strain) were collected in sterile microcentrifuge tubes, pelleted (5,000×g, 3–5 min),
washed twice with 1 mL LB, and finally resuspended in 50 µL LB each. cib+ and col-
icin sensitive cells suspensions were then mixed 1:1 immediately before loading. Under
a laminar-flow hood, syringes and tubing were prepared and a 12 mL syringe was filled
with 10 mL LB containing 0.1% Tween-20 (prepared by adding 100 µL of a 10% Tween-20
stock), connected to the device, and set to 2 µL min−1 with the outlet directed to waste.
Chips were inspected at 10× to confirm intact channels and traps, mounted on the micro-
scope stage, and imaged with a 60× oil-immersion objective. Cells were introduced into the
device via syringe pump with care to avoid seeding the media inlet region; once in focus,
gentle tapping of the media line and low flow were used to promote occupancy of traps.
After switching to acquisition mode, regions of interest were defined consistently across
traps, autofocus limits were set, and exposure was adjusted using a spot meter positioned
over a representative trap. Phase-contrast and fluorescence channels (e.g., mCherry and
Cy3) were acquired every 3 min for up to 48 h while perfusing LB + 0.1% Tween-20 at
2 µL min−1. Fields were ordered systematically (by X then Y) and selected to favor traps
with suitable initial density and cib+:colicin sensitive ratio. Focus was re-checked after
1–2 h and periodically thereafter to ensure stable imaging over the full experiment.

Justification for imaging parameters (rate, duration)

We selected the imaging cadence and experiment duration to balance three requirements:
(i) sufficiently fine temporal sampling to support reliable frame-to-frame linking and divi-
sion detection; (ii) sufficiently long observation windows to capture meaningful population
growth and multiple division events; and (iii) practical limits on data volume and image
quality (focus drift, illumination nonuniformity, and other acquisition-related artifacts). In
practice, this meant sampling at a cadence on the order of minutes and running each movie
long enough to achieve robust statistics across many cells while stopping before growth be-
came multilayered or tracking became unreliable at the expanding colony boundary.
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6.7.3 Methods for image processing

Segmentation, tracking, and lineage reconstruction used the best-practice pipeline (Chap-
ter 2), with tracking refined using TrackRefiner (Chapter 3).

6.7.4 Methods for fate assignment

All scripts and any dataset-specific thresholds are provided in the GitHub repository.

6.7.5 Methods for characterizing the spatial dependence

We analyzed the data using generalized logistic regression logistic regression [252, 291];
primary p-values are Wald z-tests on slope parameters with normal approximation, and
confidence intervals are Wald intervals from the same covariance. We answered to three
questions:

Q1 (ColIb-active): does risk fall as colicin sensitive cells move away from cib+?
Null: no decrease with distance (non-negative slope). Test: one-sided Wald z-test on the
distance slope βd from a logistic regression fit within the ColIb-active data:

logit{Pr(Y = 1)} = α + βd · distance(5 µm units).

Q2 (ColIb-inactive): does risk fall with distance in the no-toxin scenario?
Null: no decrease with distance. Test: one-sided Wald z-test on βd from the same logistic
model restricted to the ColIb-inactive.

Q3 (ColIb-active vs. ColIb-inactive): is the ColIb-active declines steeper than
ColIb-inactive? Null: identical distance trends in both groups. Test: two-sided Wald
z-test on the distance×condition interaction βint in a pooled logistic regression:

logit{Pr(Y = 1)} = α+βd·distance+βc·⊮{ColIb-active}+βint·(distance×⊮{ColIb-active}),

All models were estimated by maximum likelihood; reported p-values are Wald-type
unless otherwise noted [292].
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6.7.6 Methods for neighbor identity governs risk

We analyzed the data using logistic regression (a generalized linear model with logit link)
[252, 291]. Primary p-values are Wald z-tests on slope parameters with normal approxi-
mation; confidence intervals are Wald intervals from the same covariance [292].

Let x be the neighbor count and let g = ⊮{ColIb-active} (0 = ColIb-inactive, 1 =
ColIb-active). The pooled model with an interaction is

logit{Pr(Y = 1)} = α + β1x+ β2g + β3(x× g).

Q1 (ColIb-active): does risk increase with more neighbors? Null: no increase
with x (non-positive slope). Test: one-sided Wald z-test on the slope of x from a logistic
regression fit restricted to the ColIb-active data:

logit{Pr(Y = 1)} = α + β1x.

Q2 (ColIb-inactive): does risk increase with more neighbors in the ColIb-
inactive? Null: no increase with x. Test: one-sided Wald z-test on the slope of x from
the same model restricted to the ColIb-inactive.

Q3 (ColIb-active vs. ColIb-inactive): is the ColIb-active increase steeper than
ColIb-inactive? Null: identical neighbor–risk trends in both groups. Test: two-sided
Wald z-test on the interaction β3 in the pooled model above. When a directional hypothesis
(steeper increase under ColIb-active) was specified, we also report a one-sided p-value.

All p-values are Wald-type unless noted otherwise [292].

6.7.7 Methods for density effects on lysis risk

Let Ω denote a trap region-of-interest and M(x, y, t) ∈ {0, 1} the per-pixel foreground
mask (1 = inside any segmented cell, 0 = background) at time t. The pixel density is the
area fraction

ρt ≡
1

|Ω|
∑

(x,y)∈Ω

M(x, y, t),

i.e. the proportion of image pixels labeled as cell at that frame. This measure is computed
after standard post-processing of the Omnipose outputs, so ρt reflects crowding in the
imaging plane independent of cell identity, local adjacency, or fate calls.
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Let d be the density and g = ⊮{ColIb-active} (0 = ColIb-inactive, 1 = ColIb-active).
The pooled model with an interaction is

logit{Pr(lysis = 1)} = α + β1d+ β2g + β3(d× g).

Q1 (ColIb-active): does lysis risk increase with density? Null: no increase with
d (non-positive slope). Test: one-sided Wald z-test on the density slope from a logistic
regression fit to the ColIb-active data:

logit{Pr(lysis = 1)} = α + β1d.

Q2 (ColIb-inactive): does lysis risk increase with density in the ColIb-inactive?
Null: no increase with d. Test: one-sided Wald z-test on the density slope from the same
model restricted to the ColIb-inactive.

Q3 (ColIb-active vs. ColIb-inactive): is the ColIb-active increase steeper than
ColIb-inactive? Null: crowding has the same effect in both groups (no interaction).
Test: two-sided Wald z-test on the interaction β3 in the pooled model above.

eported p-values are Wald-type unless otherwise noted.

6.7.8 Methods for newborn cells are more vulnerable to lysis in
both conditions

We analyzed whether cell age (in frames) changes the chance that a colicin-sensitive cell
lyses at that age, and whether this age effect differs between ColIb-inactive and ColIb-
active. We used logistic regression (GLM with logit link) [252, 291]. Primary p-values
are Wald z-tests on slope parameters with normal approximation; confidence intervals are
Wald intervals from the same covariance [292].

Q1 (ColIb-active): does lysis risk decline with age? Null: no decrease with age
(non-negative slope). Test: one-sided Wald z-test on the age slope from a logistic regres-
sion fit restricted to the ColIb-active data:

logit{Pr(Y = 1)} = α + β1a.

Here:
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• Y – outcome variable (1 if the cell lysed, 0 if not).

• a – cell age (in frames).

Q2 (ColIb-inactive): does lysis risk decline with age in the ColIb-inactive?
Null: no decrease with age. Test: one-sided Wald z-test on the age slope from the same
model restricted to the ColIb-inactive.

Q3 (ColIb-active vs. ColIb-inactive): is the ColIb-active decline steeper than
ColIb-inactive? Null: identical age trends in both groups (no interaction). Test: two-
sided Wald z-test on the interaction β3 in the pooled model above. When a directional
hypothesis (more negative slope under ColIb-active) was specified, we also report a one-
sided p-value.

Reported p-values are Wald-type unless otherwise noted [292].

6.7.9 Agent based modeling

ODD Protocol

O: Overview Purpose. we Compared space-only competition (ColIb-inactive) to toxin-
mediated antagonism (ColIb-active) while keeping nutrient implicit and constant.
Entities, state variables, scales Cells: position x, length L, radius r, volume V , growth
rate g, target volume V ∗, type ∈ {0, 1, 2, 3}, neighbors, intracellular toxin Tin. Environ-
ment: extracellular toxin field Tenv(x, t) (ColIb-active only). Spatial scale: 55 × 80 µm
trap, open at the top. Temporal scale: ∆t ≈ 1 s; total 20 h.

D: Design concepts Basic principles. In ColIb-inactive, mortality is a function of
mechanical crowding (neighbor count). In ColIb-active, mortality is driven by chemical
exposure (intracellular toxin).
Emergence. Spatial death patterns: ColIb-inactive traces local jammed regions; ColIb-
active traces toxin gradients around cib+.
Sensing & interaction. ColIb-inactive: colicin sensitive “sense” only neighbors (≥ 6).
ColIb-active: colicin sensitive sense Tin (via uptake from Tenv).
Stochasticity. Growth/division parameters are log-normal; fate draws after threshold
crossings are probabilistic (0.79 vs 0.21 in ColIb-inactive; 0.70 vs 0.30 in ColIb-active).
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Observation. Snapshots are saved every save every=180 steps; per-cell states and field
values are available from the simulator outputs.

D: Details Initialization.
cib+ and colicin sensitive seeds are placed at prescribed coordinates with initial lengths
and orientations. Cell type colors: red (0), yellow (1), black (2), green (3). ColIb-inactive
uses CLBacterium reg param only; ColIb-active adds GridDiffusion with Dtox and a
Crank–Nicolson integrator.

Process overview and scheduling per time-point.

1. Update diffusion (ColIb-active only): cib+ increase Tin at rate Kprod and export by
gradient; colicin sensitive locally uptake/sink from Tenv.

2. Apply fate rules:

• ColIb-inactive: if colicin sensitive cell has ≥ 5 neighbors ⇒ draw lysis vs growth
arrest.

• ColIb-active: if Tin ≥ 10−3 ⇒ draw lysis vs growth arrest.

3. Advance biophysics: grow by growthRate unless dead; clamp growth arrest when
L ≤ 1 µm.

4. Division: if V > V ∗ and type ∈ {0, 1}, divide and redraw (V ∗, g) from type-specific
log-normal distributions.

5. Boundary handling: if y > 80 µm, mark for removal.

Submodels. Growth/division. For each type, targetVol and growthRate are sam-
pled from log-normal distributions whose (shape, scale) parameters are set in init() and
divide() (different parameterizations for ColIb-inactive vs ColIb-active, matching the
code).
Crowding mortality (ColIb-inactive). Deterministic threshold on neighbor count with prob-
abilistic outcome (79% lysis, 21% growth arrest).
Toxin kinetics (ColIb-active). 1-signal/1-species scheme with diffusion (Dtox), cib

+ secre-
tion by interfacial flux proportional to (Tenv − Tin), and colicin sensitive cells uptake with
Vmax, Km; fate after Tin crosses 10−3.
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Assumptions and limitations. No nutrient field (growth is nutrient-independent); no
toxin decay term (clearance is only by uptake); cib+ self-intoxication is effectively blocked
by the flux form; mechanical feedbacks other than neighbor count are not modeled.

6.7.10 Reproducibility notes

All data and codes are available at GitHub repository.
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Chapter 7

Discussion and Conclusions

“One never notices what has
been done; one can only see
what remains to be done.”

Marie Curie

Microbial communities are governed by micrometer–scale encounters who sits next to
whom, for how long, and in what physiological state; and those local events determine
whether a susceptible cell survives, arrests, or lyses, ultimately shaping population out-
comes like dominance, coexistence, or collapse. Time-lapse movies capture these causes
at the right scale, but without a calibrated, mechanistic model the information remains
descriptive: we can see killing, yet we cannot quantify its length scales, separate crowding
from identity, or predict counterfactuals. Bulk OD/CFU assays and well-mixed fits (e.g.,
gLV) average away the very spatial and life-history structure that drives antagonism, while
unbenchmarked image pipelines and uncalibrated ABMs cannot support rigorous inference
or design. Analyzing time lapse movies, building mechanistic agent-based models, together
with simulation-based inference, can estimate causal drivers with uncertainty. It relates
single-cell mechanisms to bulk readouts. It also enables in-silico experiments that forecast
“who kills whom, where, and when” under specified changes to microfluidic chip geometry,
flow rate, or strain. This approach makes single-cell ecology more quantitative. It also
improves comparability across labs and usefulness for biocontrol, fermentation, and live
biotherapeutics.
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7.1 Thesis contribution

Validated image analysis (Ch. 2). We compared segmentation and tracking tools
on ground-truth monolayer datasets, identified failure modes, and provided a practical
decision guide. This helps users pick robust settings for their strains, and densities.

Lineage repair (Ch. 3). TrackRefiner detects and corrects tracking and division
errors without re-running full pipelines. It improves lineage fidelity and stabilizes down-
stream statistics.

Learned summary statistics (Ch. 4). We surveyed ML-based approaches to build
summary statistics for simulation-based inference. The aim is not higher dimensionality
but higher information about parameters.

A workflow toward calibration (Ch. 5). We linked movies → curated lineages
→ summaries → inference. The result is a pipeline for calibrating an ABM to explain
observed patterns in monoculture scenario.

Biological insights from the ColIb case study (Ch. 6) We quantified a short
interaction length scale for colicin Ib under flow, showing that risk of death rises sharply
within a few microns of producers. Antagonism manifested as two fates: growth arrest
and lysis, whose probabilities depended on distance, local crowding, and neighbor identity.
Newborn cells were more vulnerable. We implemented preliminary ABMs.

7.2 Generality and transfer

The framework applies beyond ColIb. Secreted bacteriocins, tailocins, and contact-dependent
systems (e.g., CDI, T6SS) can be handled by adjusting mechanism modules and transport
parameters.

7.3 Future directions

The tools and results in this thesis open several concrete paths forward. The common theme
is to keep the biology grounded at single-cell resolution while scaling up the ecological and
modeling scope.

Richer biology: A first step is to expand the mechanistic repertoire beyond diffusible
bacteriocins. Adding modules for contact-dependent systems (CDI) and the type VI se-
cretion system (T6SS) would let us compare delivery modes within a shared pipeline.
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This work is underway in the lab using Xanthomonas campestris and Pseudomonas putida
KT2440. P. putida KT2440 encodes three T6SS gene clusters (K1, K2, K3); its K1-T6SS
is a potent antibacterial device that outcompetes multiple phytopathogens and can pro-
tect plant leaves from X. campestris, highlighting P. putida’s role as a biocontrol “plant
warden” [293].

Scaling ecology: The next scale-up is ecological. Extending experiments and mod-
els to multi-species consortia will make it possible to study higher-order interactions
and non-transitive cycles on chip, rather than inferring them indirectly. This effort is
underway in the Ingalls lab: we are augmenting the current Xanthomonas campestris
(Xcc)–Pseudomonas putida KT2440 system with Bacillus subtilis and Pseudomonas sy-
ringae, a common soil pairing. B. subtilis contributes diffusion-mediated bacteriocins,
whereas P. syringae provides contact-dependent antagonism, enabling controlled tests of
mixed-mechanism ecologies.

Multi-scale modeling: Mechanistic agent-based models can be coupled to continuum
descriptions to bridge scales. Coupling to reaction–diffusion partial differential equations
will represent long-range transport and boundary effects, while hierarchical or state-space
models can link single-cell summaries to bulk readouts (OD, CFU, or sequencing). This
multi-scale view supports principled comparison with standard assays and improves exter-
nal validity.

Active and closed-loop experiments Once calibrated simulators are available, ex-
periments can move from fixed protocols to adaptive ones. Bayesian optimal design can
choose fields of view, inoculation geometries, or flow rates that maximize information about
uncertain parameters. Closed-loop control during imaging, triggering flow changes or in-
ducer pulses based on real-time statistics, can test causal hypotheses more efficiently than
batch designs.

Translation: Finally, the design rules and calibrated models should be tested in more
realistic settings. Gut-on-chip systems can probe flow, mucus, and host factors; plant
rhizosphere models can assess spatial structure in porous media; and controlled biocon-
trol or probiotic applications can evaluate safety and efficacy. Each setting will require
re-calibration of transport and interaction parameters, but the pipeline—from data to
summaries to calibrated models—remains the same.
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7.4 Reproducibility and community resources

All datasets, ground truths, and code are released with versioned environments and figure-
reproduction scripts. The expectation is that a new lab can reproduce key results, swap
in their movies, and run the workflow end-to-end.

7.5 Impact: reach and significance

7.5.1 Academic impact

• Standards and reproducibility. Ground-truth datasets, benchmark code, and
TrackRefiner lower the barrier to robust monolayer analysis and make results more
comparable across labs.

• From movies toward mechanisms. We define an analysis-and-modeling path
that includes data curation, summary extraction, and mechanistic ABMs that are
amenable to parameter inference. In this thesis, modeling is preliminary; when cou-
pled with calibration in future studies, such models can support hypothesis tests
(e.g., crowding vs. identity) at single-cell resolution.

• Generalizable summaries. Distance-to-source, neighborhood identity, and life-
history features provide a candidate summary family for simulation-based inference
across bacteriocins, tailocins, CDI, and T6SS; these summaries are intended to be
adapted and re-calibrated per system.

• Bridging scales. The workflow is compatible with multi-scale coupling (ABM with
reaction–diffusion; single-cell with OD/CFU), a step toward principled comparison
with classical assays.

We are at the very bottom of a bottom-up approach: our contributions focus on mea-
surement, curation, and summarization, with preliminary modeling. The potential impacts
below describe what our tools and datasets are designed to enable; they are not achieved
in this thesis.
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7.5.2 Industrial impact

• Biocontrol and fermentation. Mechanism-aware models, calibrated in later work,
could help rank producer–susceptible pairs, choose inoculation geometries, and de-
risk consortia. This thesis contributes datasets, benchmarks, and a modeling work-
flow that others can use toward that goal.

• Live biotherapeutics and probiotics. Single-cell risk maps (interaction length
scales, early-warning cues) could inform strain selection and dosing. Here we provide
methods to extract such features; clinical translation is outside scope.

• Screening and QC. A standardized pipeline could support quantitative screens for
toxin potency, immunity, and resistance emergence. We provide core components
(benchmarks, TrackRefiner, summary construction); validation in industrial settings
remains future work.

7.5.3 Societal impact

• Antimicrobial stewardship. Mechanism-resolved, spatially explicit data could
support targeted interventions that reduce broad-spectrum antibiotic use. Our con-
tribution is methodological; policy or clinical impact is beyond this thesis.

• Sustainable agriculture. Better-designed microbial consortia could reduce chemi-
cal pesticides and support soil health. We supply building blocks (data, code, work-
flows) that others can adapt and calibrate in agricultural systems.

• Open science and training. Public datasets, versioned environments, and figure-
reproduction scripts enable adoption in teaching labs and new research groups, widen-
ing access to single-cell, mechanism-aware microbiology.

7.6 closing

Schrödinger framed life as local order maintained far from equilibrium by drawing in en-
ergy and matter. Darwin set the evolutionary context as a struggle for existence among
close relatives competing for the same resources. Winogradsky and Beijerinck showed how
microbes power that struggle at the planetary scale by running the nitrogen and carbon
cycles, and Monod turned growth into measurable laws. Lotka and Volterra gave us a
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mathematical language for interactions that still guides how we think about coexistence
and exclusion.

This thesis looks at one small, concrete part of that bigger story: how cells defend
local order through antagonism at micrometer scales. Gratia and Fredericq taught us that
bacteria make precise toxins against close kin; modern tools let us see those encounters as
they happen. Soft-lithography from Whitesides’ lab made controlled micro-environments
possible, the “mother machine” from Wang and colleagues made long single-cell movies
routine, and work by Elowitz and others explained why identical cells can still behave
differently. Building on that, we watched, measured, and then modeled—deriving lineages
from pixels and calibrating simulations to account for what we saw and examine what
might happen under different conditions.

If life is, in part, the ongoing work of resisting decay, then carefully measuring, modeling,
and—when appropriate—gently steering interactions is a reasonable way to learn about
it. Prigogine reminded us that living systems persist far from equilibrium; Wiener showed
how feedback can guide complex processes. In that spirit, the path here—from single-
cell movies to predictive models—doesn’t address “what is life?” outright, but it offers a
practical approach: understand how cells keep order, explain it with mechanisms, and use
that understanding with care.
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[47] Vladimı́r Ulman, Martin Maška, Klas EG Magnusson, Olaf Ronneberger, Carsten
Haubold, Nathalie Harder, Pavel Matula, Petr Matula, David Svoboda, Miroslav
Radojevic, et al. An objective comparison of cell-tracking algorithms. Nature meth-
ods, 14(12):1141–1152, 2017.

[48] Mark A Beaumont, Wenyang Zhang, and David J Balding. Approximate bayesian
computation in population genetics. Genetics, 162(4):2025–2035, 2002.

[49] Simon N Wood. Statistical inference for noisy nonlinear ecological dynamic systems.
Nature, 466(7310):1102–1104, 2010.

[50] Scott A Sisson, Yanan Fan, and Mark Beaumont. Handbook of approximate Bayesian
computation. CRC press, 2018.

[51] Paul Fearnhead and Dennis Prangle. Constructing summary statistics for approxi-
mate bayesian computation: Semi-automatic abc. arXiv preprint arXiv:1004.1112,
2010.

[52] Bai Jiang, Tung-yu Wu, Charles Zheng, and Wing H Wong. Learning summary
statistic for approximate bayesian computation via deep neural network. Statistica
Sinica, pages 1595–1618, 2017.

[53] Atiyeh Ahmadi, Matthew Courtney, Carolyn Ren, and Brian Ingalls. A benchmarked
comparison of software packages for time-lapse image processing of monolayer bac-
terial population dynamics. Microbiology Spectrum, 12(8):e00032–24, 2024.

[54] Atiyeh Ahmadi, Alireza Dostmohammadi, Rhyan Mclean, and Brian Ingalls. Track-
refiner a tool for refinement of bacillus cell tracking data. npj Systems Biology and
Applications, 11(1):127, 2025.

[55] Atiyeh Ahmadi, Lena Podina, Sebastian Höpfl, and Brian Ingalls. Machine learned
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Deepimagej: A user-friendly environment to run deep learning models in imagej.
Nature Methods, 18(10):1192–1195, 2021.

155



[347] Julien Dervaux, Juan Carmelo Magniez, and Albert Libchaber. On growth and form
of bacillus subtilis biofilms. Interface Focus, 4(6):20130051, 2014.

[348] S Beucher. ” the morphological approach to segmentation: the watershed transform”,
mathematical morphology in image processing. Optical engineering, 1993.

[349] Jonathan Masci, Alessandro Giusti, Dan Ciresan, Gabriel Fricout, and Jürgen
Schmidhuber. A fast learning algorithm for image segmentation with max-pooling
convolutional networks. pages 2713–2717, 2013.

[350] Romain F Laine, Ignacio Arganda-Carreras, Ricardo Henriques, and Guillaume
Jacquemet. Avoiding a replication crisis in deep-learning-based bioimage analysis.
Nature methods, 18(10):1136–1144, 2021.

[351] Jungirl Seok, Jae-Jin Song, Ja-Won Koo, Hee Chan Kim, and Byung Yoon Choi.
The semantic segmentation approach for normal and pathologic tympanic membrane
using deep learning. BioRxiv, page 515007, 2019.

[352] Fast. URL https://mackdurham.group.shef.ac.uk/FAST_DokuWiki/dokuwiki/

doku.php.

[353] Oufti. URL http://www.oufti.org/application.htm#js-meshCreation.

[354] Manuel Guizar-Sicairos, Samuel T Thurman, and James R Fienup. Efficient subpixel
image registration algorithms. Optics letters, 33(2):156–158, 2008.

[355] Syed Ashiqur Rahman and Donald Adjeroh. Centroid of age neighborhoods: A
generalized approach to estimate biological age. In 2019 IEEE EMBS International
Conference on Biomedical & Health Informatics (BHI), pages 1–4. IEEE, 2019.

[356] Dzmitry Bahdanau, Kyunghyun Cho, and Yoshua Bengio. Neural machine trans-
lation by jointly learning to align and translate. arXiv preprint arXiv:1409.0473,
2014.

[357] Mary T Imboden, Matthew P Harber, Mitchell H Whaley, W Holmes Finch, Derron L
Bishop, and Leonard A Kaminsky. Cardiorespiratory fitness and mortality in healthy
men and women. Journal of the American College of Cardiology, 72(19):2283–2292,
2018.

[358] Saeid Motiian, Marco Piccirilli, Donald A Adjeroh, and Gianfranco Doretto. Unified
deep supervised domain adaptation and generalization. In Proceedings of the IEEE
International Conference on Computer Vision, pages 5715–5725, 2017.

156

https://mackdurham.group.shef.ac.uk/FAST_DokuWiki/dokuwiki/doku.php
https://mackdurham.group.shef.ac.uk/FAST_DokuWiki/dokuwiki/doku.php
http://www.oufti.org/application.htm#js-meshCreation


[359] American College of Sports Medicine et al. ACSM’s guidelines for exercise testing
and prescription. Lippincott Williams & Wilkins, 2013.

[360] Kevin P Murphy. Machine learning: A probabilistic perspective. MIT press, 2012.

[361] Shuiwang Ji, Wei Xu, Ming Yang, and Kai Yu. 3d convolutional neural networks
for human action recognition. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 35(1):221–231, 2012.

[362] Alex Krizhevsky, Ilya Sutskever, and Geoffrey E Hinton. Imagenet classification with
deep convolutional neural networks. In Advances in Neural Information Processing
Systems, pages 1097–1105, 2012.

[363] Steve Horvath and Kenneth Raj. Dna methylation-based biomarkers and the epige-
netic clock theory of ageing. Nature Reviews Genetics, 19(6):371, 2018.

[364] Timothy V Pyrkov, Evgeny Getmantsev, Boris Zhurov, Konstantin Avchaciov,
Mikhail Pyatnitskiy, Leonid Menshikov, Kristina Khodova, Andrei V Gudkov, and
Peter O Fedichev. Quantitative characterization of biological age and frailty based
on locomotor activity records. Aging (Albany NY), 10(10):2973, 2018.

[365] Zongwei Wang, Xu Tang, Weixin Luo, and Shenghua Gao. Face aging with identity-
preserved conditional generative adversarial networks. In Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition, pages 7939–7947, 2018.

[366] Ke Zhang, Na Liu, Xingfang Yuan, Xinyao Guo, Ce Gao, and Zhenbing Zhao. Fine-
grained age estimation in the wild with attention LSTM networks. arXiv preprint
arXiv:1805.10445, 2018.

[367] Daniele Rav̀ı, Charence Wong, Fani Deligianni, Melissa Berthelot, Javier Andreu-
Perez, Benny Lo, and Guang-Zhong Yang. Deep learning for health informatics.
IEEE Journal of Biomedical and Health Informatics, 21(1):4–21, 2016.

[368] Riccardo Miotto, Fei Wang, Shuang Wang, Xiaoqian Jiang, and Joel T Dudley.
Deep learning for healthcare: review, opportunities and challenges. Briefings in
Bioinformatics, 19(6):1236–1246, 2017.

[369] Syed Ashiqur Rahman and Donald Adjeroh. Centroid of age neighborhoods: A
new approach to estimate biological age. IEEE Journal of Biomedical and Health
Informatics, 2019.

157



[370] Syed Ashiqur Rahman and Donald A Adjeroh. Deep learning using convolutional
lstm estimates biological age from physical activity. Scientific Reports, 9(1):1–15,
2019.

[371] Ian Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-Farley,
Sherjil Ozair, Aaron Courville, and Yoshua Bengio. Generative adversarial nets. In
Advances in Neural Information Processing Systems, pages 2672–2680, 2014.

[372] Laiyi Fu, Qinke Peng, and Ling Chai. Predicting dna methylation states with hybrid
information based deep-learning model. IEEE/ACM Transactions on Computational
Biology and Bioinformatics, 2019.

[373] Feng Liu, Hao Li, Chao Ren, Xiaochen Bo, and Wenjie Shu. Pedla: predicting
enhancers with a deep learning-based algorithmic framework. Scientific Reports, 6:
28517, 2016.

[374] James H Cole, Rudra PK Poudel, Dimosthenis Tsagkrasoulis, Matthan WA Caan,
Claire Steves, Tim D Spector, and Giovanni Montana. Predicting brain age with
deep learning from raw imaging data results in a reliable and heritable biomarker.
NeuroImage, 163:115–124, 2017.

[375] Zichen Wang, Li Li, Benjamin S Glicksberg, Ariel Israel, Joel T Dudley, and Avi
Ma’ayan. Predicting age by mining electronic medical records with deep learning
characterizes differences between chronological and physiological age. Journal of
Biomedical Informatics, 76:59–68, 2017.

[376] Richard Hochschild. Improving the precision of biological age determinations. part
1: A new approach to calculating biological age. Experimental Gerontology, 24(4):
289–300, 1989.

[377] J Krøll and O Saxtrup. On the use of regression analysis for the estimation of human
biological age. Biogerontology, 1(4):363–368, 2000.

[378] Zuyun Liu, Pei-Lun Kuo, Steve Horvath, Eileen Crimmins, Luigi Ferrucci, and Mor-
gan Levine. Phenotypic age: A novel signature of mortality and morbidity risk.
BioRxiv, page 363291, 2018.

[379] Daniel W Belsky, Terrie E Moffitt, Alan A Cohen, David L Corcoran, Morgan E
Levine, Joseph A Prinz, Jonathan Schaefer, Karen Sugden, Benjamin Williams,
Richie Poulton, et al. Eleven telomere, epigenetic clock, and biomarker-composite

158



quantifications of biological aging: do they measure the same thing? American
Journal of Epidemiology, 187(6):1220–1230, 2017.

[380] Polina Mamoshina, Kirill Kochetov, Evgeny Putin, Franco Cortese, Alexander
Aliper, Won-Suk Lee, Sung-Min Ahn, Lee Uhn, Neil Skjodt, Olga Kovalchuk, et al.
Population specific biomarkers of human aging: A big data study using South Korean,
Canadian, and Eastern European patient populations. The Journals of Gerontology:
Series A, 73(11):1482–1490, 2018.

[381] Eugene Bobrov, Anastasia Georgievskaya, Konstantin Kiselev, Artem Sevastopolsky,
Alex Zhavoronkov, Sergey Gurov, Konstantin Rudakov, Maria del Pilar Bonilla To-
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