Unraveling the migration and
search strategies of the slime mold
Physarum polycephalum

Lucas Troger
Technische Universitat Miunchen
Doctoral thesis

Munich 2024






Technische Universitit Miinchen
TUM School of Natural Sciences

Unraveling the migration and search strategies
of the slime mold Physarum polycephalum

Lucas Walter Troger

Vollstindiger Abdruck der von der TUM School of Natural Sciences der Technischen Universitét
Miinchen zur Erlangung eines

Doktors der Naturwissenschaften (Dr. rer. nat.)

genehmigten Dissertation.

Vorsitz: Prof. Dr. Julia Herzen

Priifende der Dissertation:
1. Prof. Dr. Karen Alim

2. Prof. Dr. Friedrich C. Simmel

Die Dissertation wurde am 22.10.2024 bei der Technischen Universitdt Miinchen eingereicht
und durch die TUM School of Natural Sciences am 18.11.2024 angenommen.






Acknowledgements

I am grateful to Karen Alim for her unwavering enthusiasm towards my research. Her constant
support, advice and guidance have been instrumental in my growth as a researcher and person.

I would like to thank Florian Goirand for his interest in my experiments, which gave my research
a new direction, and for his advice, which has greatly supported me.

I am also indebted to several other people: Thanks to Raphaél Voituriez for giving me the
opportunity to spend some time in his research group at the Sorbonne Université and for the
pleasant collaboration, as well as to Samuel Bell, Julien Brémont, Theresa Jakuszeit and Marc
Besse. Thanks to Mathieu Le Verge-Serandour for sharing all his knowledge, which is immense.
Thanks to Diana Lenski, a former master’s student and by now PhD student in the BPM group,
for working with me on the search strategies of Physarum. Thanks to Evelyn Packeiser for
always taking great care of the lab. Thanks also to the rest of the BPM group and alumni for
creating a nice atmosphere, good discussions and much fun: Adrian Biichl, Agnese Codutti,
Arne Rosenberg, Daniel Drissler, Elias Huber, Emily Eichenlaub, Fabian Drexel, Fabian Henn,
Fatemeh Mirzapour-Shafiyi, Jan Jedryszek, Jodo Ramos, Johnny Tong, Karim Ajmail, Kaspar
Wachinger, Katharina Weber, Komal Bhattacharyya, Lara Szeimies, Leonie Karr, Lisa Schick,
Marta Conti, Mathias Hofler, Mirna Kramar, Mona Byberg Michelsen, Nico Schramma, Nico
Schramma?2, Nora Deiringer, Siyu Chen, Sophia Hampe, Swarnavo Basu, Thomas Kunzendorf,
Timea Unold, and Valentin Pauli.

Finally, big thanks to Agathe Jouneau and my family for all their support.



Abstract

The survival of a species, from single cells to animals, depends on the fitness of its individuals.
To survive and reproduce, organisms face challenges such as finding food, mates, and shelter,
which can be classified as search problems. Evolution has produced various means of loco-
motion, from the amoeboid crawling of microscopic cells to swimming fish and flying insects,
which result from complex biological processes at different scales. At the largest scale, these
processes lead to exploration of the environment, which can be guided by external cues but in-
volves stochasticity. Is there an emerging order or even search strategies beyond this stochastic
motion? And if so, how can we describe them? Statistical physics has developed tools that
allow us to quantify the stochasticity of migration trajectories, identify the underlying mecha-
nisms, and model them. Here, we want to ask whether the slime mold Physarum polycephalum,
a unicellular organism of remarkable size, which is said to show smart behavior, also has search
strategies. If so, how does it achieve them and what are the consequences of its large cell size in
this context?

To address these questions, we experimentally studied and quantified the migration behav-
ior of P. polycephalum plasmodia on the time scale of days in the absence and presence of
chemicals like nutrients, individually and collectively. We developed a data-driven model to
describe the dynamics of migrating cells. With this, we showed that P. polycephalum performs
a run-and-tumble movement and achieves superdiffusive migration through self-avoiding behav-
ior mediated by the repellent slime trail it deposits. Our model matches the statistics of the
experimental trajectories from migration in the absence and presence of nutrients. Varying or-
ganism size, we found that the long-term superdiffusion arises from self-avoidance determined
by cell size. This highlights a potential evolutionary advantage for larger plasmodia, which may
have driven P. polycephalum to evolve into one of the largest cells we know.

Further, we tested the influence of the environment’s chemical composition on its migration,
with a special focus on its ability to climb a gradient of nutrients, known as chemotaxis. We
found that large cells perform more efficient chemotaxis than small cells, once more hinting
at an advantage of larger cells. Further, we identified a connection between the environment-
dependent morphology of P. polycephalum and its migration behavior. We quantified an addi-
tional migration phase, which is characterized by protrusion oscillations.

Finally, we investigated the collective dynamics of many plasmodia interacting through their
slime trails. Self-interacting random walks are known to exhibit complex dynamics like aging
and nontrivial persistence, which influence search efficiency. Our preliminary results provide
insights into the search strategy of P. polycephalum in a competitive scenario, and the statistical
properties of interacting self-avoiding walks.

In summary, we used a physics-based approach to study the search behavior of P. poly-
cephalum. We found that it has a rich repertoire of such behaviors, from self-avoiding run-
and-tumble motion during free migration to guided migration in chemical gradients and aging
dynamics during competitive migration. Our quantification and theoretical descriptions allowed
us to interpret them and show that P. polycephalum, although unicellular, developed fascinating
search dynamics.



Zusammenfassung

Das Uberleben einer Art, von einzelnen Zellen bis hin zu Tieren, hiingt von der Fitness ihrer Indi-
viduen ab. Um zu {iberleben und sich fortzupflanzen, stehen Organismen vor Herausforderungen
wie der Suche nach Nahrung, Partnern und Unterschlupf, die man als Suchprobleme bezeichnen
kann. Die Evolution hat verschiedene Arten der Fortbewegung hervorgebracht, vom amdboiden
Kriechen mikroskopischer Zellen bis hin zu schwimmenden Fischen und fliegenden Insekten,
die das Ergebnis komplexer biologischer Prozesse auf verschiedenen Grofenskalen sind. Auf
der grofiten Skala fithren diese Prozesse zur Erkundung der Umwelt, die durch duflere Anhalt-
spunkte gefithrt werden kann, aber Stochastizitit beinhaltet. Gibt es eine emergente Ordnung
oder sogar Suchstrategien jenseits dieser stochastischen Bewegung? Und wenn ja, wie konnen
wir sie beschreiben? Die statistische Physik hat Instrumente entwickelt, die es uns ermoglichen,
die Stochastizitdt von Migrationstrajektorien zu quantifizieren, die zugrunde liegenden Mech-
anismen zu ermitteln und sie zu modellieren. Hier wollen wir fragen, ob der Schleimpilz
Physarum polycephalum, ein einzelliger Organismus von bemerkenswerter Grofle, dem intel-
ligentes Verhalten nachgesagt wird, ebenfalls Suchstrategien hat. Wenn ja, wie erreicht er diese
und welche Konsequenzen hat seine grof3e Zellgrée in diesem Zusammenhang?

Um diese Fragen zu beantworten, haben wir das Migrationsverhalten von P. polycephalum
Plasmodien auf der Zeitskala von Tagen in der Ab- und Anwesenheit von Chemikalien wie
Nihrstoffen, einzeln und gemeinsam, experimentell untersucht und quantifiziert. Wir entwick-
elten ein datengestiitztes Modell, um die Dynamik der migrierenden Zellen zu beschreiben.
Damit konnten wir zeigen, dass P. polycephalum eine Run-and-Tumble-Bewegung ausfiihrt und
eine superdiffusive Migration durch selbstmeidendes Verhalten erreicht, das durch die repul-
sive Schleimspur vermittelt wird, die es hinterldsst. Unser Modell stimmt mit den statistischen
Daten der experimentellen Trajektorien der Migration in Ab- und Anwesenheit von Nihrstof-
fen iiberein. In Abhédngigkeit von der Grofle des Organismus haben wir festgestellt, dass die
langfristige Superdiffusion aus einem zellgrolenabhingigen Selbstmeidungsverhalten resultiert.
Dies weist auf einen potenziellen evolutionéren Vorteil fiir gréere Plasmodien hin, der P. poly-
cephalum dazu gebracht haben konnte, sich zu einer der grofiten uns bekannten Zellen zu en-
twickeln.

Des Weiteren haben wir den Einfluss der chemischen Zusammensetzung der Umgebung
auf die Migration der Zellen untersucht, mit besonderem Augenmerk auf ihre Fdhigkeit, einen
Nihrstoffgradienten zu erklimmen, die so genannte Chemotaxis. Wir fanden heraus, dass grofe
Zellen eine effizientere Chemotaxis durchfiihren als kleine Zellen, was einmal mehr auf einen
Vorteil groBerer Zellen hindeutet. Dariiber hinaus haben wir einen Zusammenhang zwischen
der umweltabhingigen Morphologie von P. polycephalum und seinem Migrationsverhalten fest-
gestellt. Wir haben eine zusitzliche Migrationsphase quantifiziert, die durch Protrusionsoszilla-
tionen gekennzeichnet ist.

SchlieBlich untersuchten wir die kollektive Dynamik mehrerer Plasmodien, die {iber ihre
Schleimspuren interagieren. Es ist bekannt, dass selbst-interagierende Zufallsbewegungen kom-
plexe Dynamiken wie Alterung und nicht-triviale Persistenz aufweisen, die die Sucheffizienz
beeinflussen. Unsere vorldufigen Ergebnisse geben Einblicke in die Suchstrategie von P. poly-



cephalum in einem kompetitiven Szenario und in die statistischen Eigenschaften interagierender
selbstmeidender Pfade.

Zusammengefasst haben wir einen physikalischen Ansatz verwendet, um das Suchverhal-
ten von P. polycephalum zu untersuchen. Wir fanden heraus, dass es iiber ein reichhaltiges
Repertoire an solchen Verhaltensweisen verfiigt, von der selbstmeidenden Run-and-Tumble-
Bewegung wihrend der freien Migration iiber die gefiihrte Migration in chemischen Gradien-
ten bis hin zur Alterungsdynamik wihrend der kompetitiven Migration. Unsere Quantifizierung
und theoretischen Beschreibungen ermdglichten es uns, sie zu interpretieren und zu zeigen, dass
P. polycephalum, obwohl einzellig, eine faszinierende Suchdynamik entwickelt hat.



Contents

1__Motivation 1
2 Background and outline| 3
[2.1 Biology of the slime mold Physarum polycephalum| . . . . . . . . . ... ... 3
[2.2  Abilities and behavior of Physarum polycephalum|. . . . . . . . . . ... ... 6
23 Randomwalksl . ... ... .. .. .. 9
2.4 Search strategies| . . . . . .. .. ... 14
[2.5 Chemical sensing and response by cells| . . . . .. ... ... ... ... ... 16
2.6 Outlineof thisthesisl . . . . . . .. . ... .. 18
[3  Size-dependent self-avoidance of Physarum polycephalum)| 21
..................................... 21
[3.2  Manuscript: Size-dependent self-avoidance] . . . . . . ... ... ... ... 22
3.3  Addendum: Supplementary information to the manuscriptf . . . . .. ... .. 36
@ Migration of Physarum polycephalum in different environments| 55
@1 Influence of the environment on cell behaviod . . . . . ... ... .. ... .. 55
4.2 Experimental setupandresults| . . . . .. .. ..o 57
K3 Discussionl. . . . . ... L 64
[ Chemotaxis of Physarum polycephalum)| 67
[5.1 Chemical gradients and the chemoreception of P. polycephalum| . . . . . . .. 67
5.2  Experimental setupandresults| . . . . . ... ... o oL 71
5.3 Discussion]. . . . . . ..o 78
[6  (Self-)interacting random walks and aging| 81
|6.1  Path marking and cell interaction| . . . . . . .. ... ... ... ... ..., 81
[6.2  Experimental setupandresults| . . . . . ... ... ... oL oL 82
[63 Discussion]. . . . . . . .. 90
Z__Conclusion and Outlook| 93
Append 97

Bibliographyj 104



Motivation

Imagine you are lost in the mountains with no GPS and no network. Time is pressing because it
will soon be dark. You have to rely on your navigational skills to find your way home or hope
that you will be found quickly so that you do not have to spend the night out. In both cases, a
good strategy will increase your chances of getting home soon. But what is the best strategy for
lost hikers to get home or for the rescue team to find them?

Having a good search strategy can save lives - be it the life of a person lost on a hike in
the mountains or the life of a starving cell searching for food. The right strategy will heavily
depend on the context: in the case of victim search with unmanned aerial vehicles (UAVs), the
success of a search is dependent on a set of parameters like the quality of the signal collected
by the UAVs, their energy resources, the environmental circumstances, including hazards, and
the processing of information by the UAVs [[1]]. In general, this statement applies to any type of
search problem. Just replace the UAVs by another type of searcher, like an animal, a sperm cell
or a protein, and the victim by another type of goal, like prey, an egg cell or a specific site on a
DNA strand [2-4].

Search problems have attracted the attention of physicists because they can be treated mathe-
matically and optimized solutions can be found [[5H7]]. They are often formulated in the following
way: what is the best strategy to exploit food sources that are distributed in patches in the envi-
ronment [7,|8]]?7 There is a conflict between exploitation and exploration. Patches contain a finite
amount of food so that they will be depleted, but moving to new patches is energy-intensive,
so exploitation and exploration must be balanced. The optimization of the movement between
the patches is an interesting problem by itself: what is a good strategy to find a target when it
is far and the searcher has no information about its position? This type of problem can be ap-
proached using random walk theory from statistical physics [6]. Search problems are abundant
in nature and their solutions in the form of search strategies have an intriguing application in
cells: how do these simple organisms without processing units like CPUs or neurons manage
to fulfill their tasks like finding food, mates, or shelter? Examples are the parasite Plasmodium
sporozoites finding the best spots to enter blood vessels to initiate malaria infection [9]], human
dermal keratinocytes finding other cells of the same type to close a wound in the skin [10; [11]],
and dinoflagellates hunting down their prey [[12]]. Is there a strategy behind their success? Or
do cells simply rely on random motion to reach their goals? And if there is a strategy, is it

optimized, for example by minimizing the search time [[13H15]]?
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An early study of cell motility was performed by Przibram in the early 20th century [[16}17],
who described the motion of Paramecium, a unicellular ciliate, as random like the Brownian mo-
tion of molecules. However, his methods were imprecise [[10], and a couple of years later, Fiirth
showed that the description was ignoring the presence of persistence, but he still considered it
a random process [[18]. Only much later, researchers became aware of correlation in the move-
ment of living organisms and started to call it strategic [[19]. Nowadays, we know that cells span
a range of different search strategies. Bacteria like Escherichia coli perform a run-and-tumble
motion [20]], cellular slime molds like Dictyostelium discoideum employ persistent random mo-
tion [21]], and the dinoflagellate Oceanisphaera marina can switch between Brownian motion
and Lévy walks depending on the availability of prey in its surroundings [[12[]. The adaptation
of the search strategy in the last example nicely illustrates that the best search strategy for a
cell depends on its environment. Many scenarios are possible: search can be performed in the
absence of external cues [21]] or in the presence of such cues, for example chemical gradients
[20]]. There can be one or many targets, and targets can have various distributions [22-24].

Different search strategies will have different success [14, |19} 23| 25| [26]]. But is there
an overall optimal strategy? Statistical physics and random walk theory have been used as a
framework to tackle this question [[7]. The short answer is no. A given search strategy will
perform differently in different environments, and the best strategy for a given environment
depends on its properties, like, for example, the target distribution [14, 15| 23 27]], but also on
the amount of information the searcher has about its environment [7]]. It has been shown that a
switching between different strategies, known as intermittent behavior can optimize search, even
in a constant environment [22} 28]]. In this context, it is interesting that different organisms have
developed similar search strategies [29]. It appears that natural selection may drive a converging
evolution of search strategies, balancing out performance and fitness costs — an observation that
bridges different kingdoms of life [29]]. This makes it interesting to study the search strategies of
an organism on the verge between unicellularity and multicellularity, the slime mold Physarum

polycephalum, which shows apparent smart behavior and problem-solving abilities [30].



Background and outline

In this chapter, we review the biology and behavior of Physarum polycephalum, as well as
some theoretical concepts necessary for the global understanding of this thesis. More specific

background information is given as introductions to the individual chapters.

Biology of the slime mold Physarum polycephalum

Spores
Sporangia
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Figure 1: Life cycle of P. polycephalum. Spores germinate and evolve into amoebae or flagellates,
depending on the conditions. These fuse to become microplasmodia which grow to macroplasmodia.
Starvation induces differentiation into sporangia which produce new spores. Adapted from
Reference [30, which is licensed under |CC BY 4.0 (Copyright © 2024 by the authors).

Physarum polycephalum shares traits with plants, animals and fungi, but it belongs to neither
of them [31]]. It is a myxomycete or true slime mold, which is an organism with a unique life
cycle [32 33] (Figure[I)). Starting from a zygote in the form of a uninucleate amoeba, a single
cell grows into a large multinucleate mass as it feeds, called a plasmodium, in which only the

nuclei divide, not the cell itself. A single cell of P. polycephalum typically contains hundreds
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of millions of nuclei — a rule of thumb may be billions of nuclei per square centimeter of
plasmodium [35]]. These divide almost simultaneously every 10 hours in a plasmodium [34} 36].
Under certain conditions, including the presence of light [37]], the plasmodium can differentiate
into fruiting bodies, or sporangia, containing haploid spores, which give rise to amoeba of the
next generation [32]]. During this life cycle, P. polycephalum may also take on other forms such
as myxoflagellates, microcysts, or sclerotia, which are adaptations to specific external conditions
30].

All of this life cycle can be followed in the lab in sterile liquid culture [31},[38]], which makes
this organism appealing to developmental biologists. Furthermore, plasmodia are large, so they
are visible by the unaided eye, and their properties can be easily studied [31]]. Biophysicists are
particularly interested in its rich behavior during its plasmodial stage, where it forms an actively
moving cell that is covered in a layer of slime [39]]. The production of this extracellular material,
which is only present during the plasmodial stage of its life cycle, is why it is called a slime
mold [40]. The plasmodium’s morphology is size-dependent: small plasmodia consist of one or
two leading protrusions and a trailing tube (Figure [2)), while large plasmodia are organized into

a back part consisting of a network of tubes and a fan-like frontal part [41]].

200 pm

Figure 2: Plasmodial
form of P. polycephalum.
Brightfield image on 1.5%
agar. The migration front
consists of protrusions con-
nected by a trailing tube.

Protrusions

Tube

The tube walls are a poroelastic structure with membrane invaginations called the ectoplasm,
which enclose a viscous fluid called the endoplasm (Figure [3). The endoplasm is subject
to shuttle-streaming [42, [43], driven by the contractions of the both filamentous and fibrillar
actomyosin mesh in the ectoplasm [44]]. This shuttle-streaming transports nutrients, chemicals
and organelles like nuclei back and forth throughout the whole cell [30], with peak flow veloc-
ities reaching up to 1 mm/s [45]. The actomyosin contractions form a peristaltic wave whose

wavelength scales with organism size [46, 47]).
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Figure 3: Cross-section of a plasmodial tube covered with a layer of slime and composed of the
invaginated tube wall, containing actin fibrils, and the liquid endoplasm, engaged in shuttle-
streaming and transporting organelles like nuclei. Adapted from Reference [30, which is licensed
under CC BY 4.0/ (Copyright © 2024 by the authors).

The shuttle streaming in turn drives migration of the plasmodium by a net transfer of cell
mass from the trailing end to the front of the cell [|39,|46]. It is referred to as amoeboid migration,
the ancestral type of movement of probably many eukaryotes [48]]. Symmetry breaking to initiate
movement occurs in cells with a diameter of at least 100 pm, below which migration is not
possible [49]. The means of adhesion to the substrate during migration is not well understood,
although a few studies have reported the existence of focal adhesion points in the form of actin
fibrils that connect to the substrate [30,/50].

The morphology of the migrating cell depends on the size of the plasmodium [41]], the
environmental conditions [51},52], the nutritional state of the plasmodium [53]], and its migration
phase [54]. During movement, the cell shape is not fixed, but changes periodically in a mixture
of oscillations of several different periods [41}|55557]]. The shuttle streaming plays an important
role in several of the abilities and behaviors that have gained P. polycephalum the epithet ‘smart’

[30], some of which are described in the following section.
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Abilities and behavior of Physarum polycephalum

Studying the behavior of P. polycephalum has gained popularity since the experiments by Naka-
gaki and others. They challenged a huge plasmodium to solve a maze by connecting the entrance
and exit of the maze, where agar blocks containing nutrients were deposited as a food source.
P. polycephalum found the shortest path between them [58[]. In two subsequent studies, they
tested if it can form a connection path minimizing the exposure to light and design a network
connecting the most important stations of the Tokyo railway system. P. polycephalum man-
aged also these tasks, showing some features of optimality [59, 60]. The growing interest in
the problem-solving abilities of P. polycephalum has led researchers to expose it to many other
optimization challenges, which it solved, such as the traveling salesman problem [61]], the two-
armed bandit problem [62]], and speed-accuracy trade-off decisions [63]]. Choosing the right
diet [64] and anticipating periodic events [[65]] are among its abilities, too. P. polycephalum has
also been reported to exhibit habituation and learning [[6672]]. Its flexible network morphol-
ogy allows it to adapt efficiently to its environment [[73[] and to encode memory in its network
architecture [[74]).

As mentioned above, migration occurs in plasmodia larger than 100 pm [49]. The speed and
morphology of migrating plasmodia depend on plasmodium size, with small plasmodia having
few branches and migrating slowly with speeds of the order of 1 mm/h, and large plasmodia
forming a reticulated network and migrating rapidly with speeds around 1cm/h [41]]. Large,
starving plasmodia can even reach speeds of 3 cm/h, only pausing during the phase of nuclei
division [39]]. In general, there are large variations in speed during migration [41} |75]], with
oscillations having periods of 2 and 20 minutes [41]]. Small plasmodia show different phases of
movement, resembling a run-and-tumble motion, where they alternate between phases of fast,
persistent motion and phases of reorientation with only little movement, so that persistent motion
is only present on short time scales [[76-78].

Another striking behavior is the use of the extracellular material it produces, the slime, as
a way of marking the places it has already visited, similar to the idea of Hansel and Gretel in
the fairy tale of the same name. The slime covering the plasmodium is left behind during mi-
gration, marking areas already visited and serving as an external memory [79581]]. This allows
P. polycephalum to preferentially explore novel, unexploited areas. The following paragraphs
summarize the properties and function of the extracellular slime and draw a connection to self-

avoiding walks.
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e

Figure 4: Brighfield image of a migrating plasmodium leaving behind a transparent slime track
on a 1.5% agar substrate. Arrow heads mark events where the plasmodium has avoided the
previously deposited slime trail.

Plasmodia of P. polycephalum are covered by a slimy substance, called glycocalyx [39]. It
mainly consists of macromolecules called exopolysaccharides (EPS), which are secreted by the
plasmodia [[82]]. This happens via exocytosis of slime-filled vesicles at the advancing front of
a plasmodium and contributes to protrusion formation [83}, [84]. During migration, this slime
is left behind the plasmodium, leaving a slime track [39]] (Figure ). Notably, the composition
of the glycocalyx differs from the one of the slime tracks [82]. Both glycocalyx and slime
tracks contain monosaccharides, so sugars, like galactose, glucose and rhamnose, proteins and
various sulphate groups. However, the proportions are different. The glycocalyx contains mainly
glucose, rhamnose and proteins, whereas the slime tracks are mainly made up out of rhamnose
and contain more water. The glycocalyx contains thin filaments, possibly actin fibers, parallel to
plasma membrane like a sheath [85] [86]], which are also present in the slime tracks left behind
the cell [85]].

The two versions of slime also have different functions. Despite the high content in carbon,
the glycocalyx is not metabolized by starving plasmodia and hence does not serve as a carbon
source [40]. Interestingly, the glycocalyx shows antimicrobial activity, especially against C. al-
bicans, in contrast to the slime tracks [82]. Therefore, its main purpose is probably to protect

the organisms against the environment including bacteria [40]. Furthermore, it may serve the
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transport and uptake of substances [86], and it has been shown to suppress cytokinesis, the di-
vision of the cell into two daughter cells, which might play an important role in the formation
of the non-dividing, multinucleate plasmodium [|87]]. Finally, it is helping in the recognition of
other plasmodia due to its extension around the cell [86) (88]]: the sensing of other individuals
is not restricted to direct contact. Instead, P. polycephalum is able to sense other individuals
from a distance [88]. The mechanism for this might be an extension of the glycocalyx around
plasmodia for a distance of up to 1 mm from the cell [88]. This allorecognition is constricted to
intraspecies interactions [89]].

To our current knowledge, the function of the slime tracks is only to serve as a cue for
P. polycephalum. Reid and others investigated the response of P. polycephalum to its extracel-
lular slime [[79, [80]. When given the choice between two possible paths with oat flakes at the
end, P. polycephalum decides depending on the slime content of the different paths. P. poly-
cephalum strongly avoids areas covered in slime when given an alternative route without slime.
When no free area is available, P. polycephalum does not avoid the slime. From this, the authors
concluded that the slime serves as a cue for already explored areas [79]. Further they found that
the mean migration speed does not change in an environment which is fully covered in slime
compared to a blank environment. Smith-Ferguson and others investigated if P. polycephalum
can differentiate between its own slime and the slime of another strain or even another species,
Didymium bahiense, and between fresh and old slime [81]]. They found that P. polycephalum
does not react differently to slime of different age and does not discriminate between the slime
of different strains part of the same species, but it prefers the slime of another species over its
own.

Abilities like navigation, decision-making, memory and learning, have led researchers to
attribute basal cognition to P. polycephalum [72]. It has also been speculated that the slime,
as an external memory, may be a possible evolutionary precursor to internal spatial memory in
animals [90]. In this thesis, we investigate a not-yet-appreciated feature of the external memory:
it increases space exploration efficiency by making the migration of plasmodia a self-avoiding

walk.
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Random walks

A self-avoiding walk is a special type of random walk. Before we discuss this special case, we
first introduce random walks in general. They have been used extensively in statistical physics to
describe the trajectories of particles undergoing repeated collisions, the shape of polymers [91]],
and the stochastic motions of living organisms [7]]. A well-known version of a random walk is
diffusion or Brownian motion, the random motion of molecules in a gas or liquid due to thermal
agitation [92]]. The molecules constantly bump into each other and change direction, instead of

moving in a straight line, which would be ballistic motion.

A B
L 4 \ 4
| T
==
!
@ ®

Figure 5: (A) Random walk on a grid. Small, blue circles indicate past positions r(7) and the
large, blue circle indicates the current position. Green arrows indicate the possibilities for the
next step. In the case of a self-avoiding walk, the arrows pointing to the left and down would
be forbidden since these positions have already been visited. (B) Mean squared displacement
(MSD) of different types of motion. The MSD of a persistent random walk can be described by

Fiirth’s formula (solid line) which interpolates between ballistic (MSD  ¢2) and diffusive motion
(MSD o t1).

A theoretical description of a diffusing particle can be generated by the following algorithm
[92]: A particle moves in two dimensions and takes a step left, right, up, or down with equal
probability every tsep seconds, moving at a constant speed v, such that a step has a length | =
Vistep- S0, it is effectively moving on a grid (Figure |§]A). The particle has no memory of its past,
so it can return to previously visited positions. The consequence is that the expectation value of
its position after any time ¢ is its starting position, which can be formulated mathematically in

the following way [92]: Consider a particle moving in two dimensions, starting from the origin.
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With r(n) being the position of the particle after n steps, and 1(n) the preceding step, we can
formulate an iteration rule according to the movement described before:

r(n) =r(n—1)+1(n).

A displacement 1(n) can take on one of the four values (,0), (—[,0), (0,1), or (0, —I) with
equal probability, such that they will cancel out on average. Therefore, the mean position of the

particle after n steps is given by

(v(n)) = (r(n = 1) +1(n)) = (r(n - 1)) + ([(n)) = (r(n — 1)),

with (...) denoting the average over all possible trajectories. This means that if we let it perform
its random walk several times, the average end position will be the starting position because
of the symmetry of the walk. To quantify how far it is spreading, one uses the mean squared
displacement MSD = (r2), which gives a positive number. In many cases, it can be neatly
expressed as a power law, (r?) = Dt”, with D the generalized diffusion coefficient, ¢ the time
and 3 the power law exponent [93]]. What is the MSD of our diffusing particle? Using the same

iteration rule as before, we can write
(r?(n)) = ([r(n — 1) + 1(n)*) = (r*(n — 1)) + (2r(n — D(n)) + (P(n)).

Since r(n — 1) and 1(n) are independent variables, the mean in the second term factorizes such
that (2r(n — 1)1(n)) = 2(r(n — 1)){1(n)) = 0. The last term computes as (1?(n)) = 212, where
the factor of 2 is due to the two-dimensional motion. So, in total,

(r’(n)) = (r¥(n — 1)) + 21% = (r*(0)) + 2ni? = 2nl>.

Writing n = t/tsep, With ¢ the time spent on the random walk, we find that the MSD of the
diffusing particle is proportional to the time

12

(*(n) = 2—t,

step
so the power law exponent is 5 = 1. For simple diffusion in d dimensions, the MSD can be
expressed as (r?) = 2dDt, where D = [? /2t is the regular diffusion constant and the factor
of 2 is commonly introduced for a simpler notation of Fick’s equations of diffusion [92].

Here, we focus on the two-dimensional case since it is the migration space of P. poly-

cephalum. It is also the dimension for which the random walk was first introduced by Pearson

[94]]. An important special case of a random walk is the persistent random walk, where the
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motion of the random walker has a certain persistence length due to a short term memory that
is not present in diffusion [[15]. Therefore, its movement has longer streaks of straight motion
than diffusive motion (Figure [A,B). This is, for example, the case for swimming bacteria like
E. coli, which move on a relatively straight line for a certain time (called run) before chang-
ing directions (called tumble) [92]. In this case, the time until the next change of direction is
distributed exponentially [92]]. Another example of a persistent random walk is an active micro-
swimmer which moves forward by self-propulsion but slowly changes its directions due to, e. g.,
rotational diffusion [95]]. Here, the random walk is not taking place on a grid but in continuous
space. This version is also known as correlated random walk because the direction of successive
steps is correlated by a distribution of turning angles (i. e. reorientations after each step) peaked
around zero [|19]]. To characterize on which scales the movement appears straight, one can define
a persistence length lp = vg/(2D,0t), Where D, is the effective rotational diffusion constant.
Above this length scale, the random walker looses orientation and the motion will effectively be

diffusive on long time scales [18 21} [96].

A B C

Figure 6: Comparison of different types of random walks (400 steps). (A) Random motion or
diffusion. (B) Persistent random walk with a persistence time of 2 steps. (C) Self-avoiding walk.

The MSD of a persistent random walk is described by Fiirth’s formula [18, 97]: (r?) o
at + e~ — 1, with 1/« the persistence time, which can be converted into a persistence length
by multiplying with a characteristic velocity. This formula was derived by Ornstein and Fiirth
independently of each other [98]]. For large ¢, the formula simplifies to the MSD of simple
diffusion or random motion, whereas for small ¢, we get an MSD scaling with the time squared,
so ballistic or straight motion. This can be neatly illustrated by plotting the MSD against time
in a log-log plot, where the slope of the MSD is given by its power law exponent (Figure 5B).
Inbetween the limit cases of diffusive and ballistic motion is a regime where the power law
exponent lies between 1 and 2, which is known as superdiffusive motion. Motion characterized
by an exponent smaller than 1 is called subdiffusion. To summarize, different definitions of a

random walk lead to different scaling behavior of the MSD with time. One can therefore use
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the MSD to estimate if a given trajectory is closer to random motion, characterized by a power
law exponent of 8 = 1, or closer to straight motion, characterized by a power law exponent of
8 =2.

There are also several random walks that are superdiffusive at large ¢, like Lévy flights/walks
and fractional Brownian motion [93]]. Lévy walks have been used extensively to describe the
motion of biological organisms [6]]. In contrast to the run-and-tumble motion, where run lengths
are exponentially distributed, Lévy walks are characterized by a power law distribution of step
lengths. This makes the Lévy walk scale invariant and leads to a superdiffusive MSD exponent,
where the exact value depends on the power law exponent of the step length distribution [6].

Another superdiffusive random walk is the self-avoiding walk. A self-avoiding walk (SAW)
is a random walk with the additional rule to not return to any previous position [99] (Figure Ep).
They appear for example in fractal geometries [[100] and trails of sea urchins [101]. The power
law exponent of the MSD has not yet been calculated due to the mathematical complexity that
the avoidance rule introduces, but it is generally accepted to be close to 5 = 1.5, as estimated
from numerical computations [[102, (103]. The SAW model was also used by Flory to success-
fully describe long, flexible polymer chains, which are not intersecting with themselves due to
excluded volume interactions [[104]. In the following, we will refer to this description as the
self-repelling chain (SRC) [[105]]. It captures the scaling properties of polymer chains immersed
in a dilute solution of a good solvent or at high temperatures [[106]. This is because the van der
Waals attraction between the monomers can be neglected, so that only the hard-core repulsion
between the monomers is relevant [107]]. However, the statistics describing the SRC are valid
only for the case of the actual chain, so an already finished ‘walk’. Growing polymers, which are
built step by step and actually resemble a random walk in this sense, have different conforma-
tional statistics due to different weights for individual steps of the random walk and could thus
also have different scaling properties [[105} [108|]. Therefore, modifications of the SRC have been
investigated to describe the deviating properties. By now, there are various different definitions
of SAWs in the literature with subtle differences. They are briefly summarize here, together
with their scaling properties, to decide on the best definition to model the self-avoiding walk of
P. polycephalum.

A model for the linear growth of polymers was introduced by Majid and others [[108]. This
kinetic growth walk, which is also called genuinely self-avoiding walk (GSAW) [109]], describes
a growing random walk, where the probability of a step to an previously visited site is zero. This
means that it only stops if it is trapped. Different configurations of this type of SAW have
different probabilities to appear, which contrasts with the SRC, where all configurations have
the same probability [[108]. Nevertheless, this model has a critical exponent close to 3 = 1.5

and is thought to share also other scaling properties with the SRC [110]]. Note, however, that
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“only walks much longer than the average walk length before trapping are representative for
the true asymptotic behavior* [[105, [111]. Amit and others proposed a variation of the SRC
in which the walk can actually grow, similar to the GSAW. This so-called ’true’ self-avoiding
walk can intersect itself, but tries to avoid this by choosing less visited regions [[112]. This is
modelled by a repulsive potential which is linearly increasing with the number of visits. The
power law exponent is 8 = 1, but the correct scaling behavior involves logarithmic corrections
[113]. This means that this type of avoidance is not strong enough to keep the random walker
from visiting its past trajectory again, such that on long time scales the movement is effectively
diffusive. A modification of this model with a saturating potential is the self-attractive random
walk with repulsive interaction, which results in a critical exponent 5 = 1 without logarithmic
corrections [[114]. Another variant is the k-tolerant walk [115]]. In this case, each vertex may be
visited more than once, but less than k times, which nevertheless probably preserves the scaling
properties of the SRC [116]]. So, the scaling remains the same if the random walker can visit its
past trajectory only for a finite number of times and will effectively avoid it on long time scales.

Table[T] summarizes the different scaling behaviors of the described random walks.

Type of random walk [ on long time scales
Brownian motion or diffusion 1
Persistent random walk 1

Ballistic motion 2
Fractional Brownian motion 0-2

Lévy walk 1-2
Self-repelling chain 1.5
Genuinely self-avoiding walk 1.5

True self-avoiding walk 1 (with logarithmic corrections)
Self-attractive random walk with repulsion 1
k-tolerant walk 1.5

Table 1: Different random walks and their scaling behavior.

In the case of P. polycephalum, the effect of its self-avoiding behavior on its migration statis-
tics has yet been overlooked: Recent models do not take it into account and simplify the mi-
gration by describing it as a persistent random walk [77,|117]. But which of the previous SAW
models is the best for this case? For a moving cell that is avoiding its past trajectory, the GSAW
seems to be the best definition, as trajectories develop in time. We will use this version to model

the self-avoiding migration of plasmodia of P. polycephalum.
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Search strategies

The previously described random walks can all be seen as search strategies in the sense that
they show a distinct way of exploring the migration space, which can be characterized, for
example, by the MSD exponent 5. Search strategies in living organisms often have the purpose
of finding food (called foraging), mates or shelter. There are also scenarios where two goals
need to be achieved at the same time, like in the case of planktonic organisms that hunt for algae
but also want to escape fish that are chasing them [118]]. Depending on the specific goal and the
conditions of the search, different strategies will have different success [[14} |19} 23] 25| [26]. If
the aim is, for example, to find a target in some distance, Brownian motion is the best strategy
when the target is close because superdiffusive random walks tend to overshoot the target [23]].
But if the target is far as, for example, in low target density scenarios, superdiffusive motion, like
in Lévy walks, is better than Brownian motion [14]]. This result is connected to the Lévy flight
foraging hypothesis, which states that living organisms must have evolved to use Lévy flights
as a search strategy since they are optimal in some scenarios [6]]. Indeed, many organisms have
movement patterns resembling Lévy flights [119].

If the target and the searcher are confined in a certain area, a run-and-tumble walk is bet-
ter than ballistic motion because tumbles can lead to reorientations close to the target, which
increases the chance of finding it [26]. ‘Better’ means here that the search strategy is more op-
timal in the sense that the time to find the target, quantified by the mean first passage time, is
minimized [26]. Here, also intermittent search strategies, where active search phases alternate
with non-reactive displacement phases, were shown to optimize search time when targets are
difficult to detect [[13} 22, 28, [120]. The idea is that these targets can only be detected in a
search phase with little displacement, modeled by diffusion, but that a phase of ballistic but non-
reactive motion is necessary to relocate the searcher into unvisited locations [22]. This balances
out the advantages and disadvantages of both phases: during ballistic movement, targets cannot
be found, but it is helpful to explore new territory, while during diffusive movement, targets can
be found, but it is limited in space.. Bénichou and coworkers found that search time is minimized
when the average duration of the ballistic phase varies with the average duration of the diffusive
phase like a power law [[13]]. This kind of mixed search strategy is employed, for example, by
proteins searching for their specific target sites on DNA, or by foraging animals [[22]].

Optimal foraging theory (OFT) is another way to quantify the optimality of searching behav-

ior. It assumes that foraging organisms aim to maximize their fitness by optimizing the balance
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between the energy uptake from food and the energy expended on searching 8} |121} |122]. Ac-
cording to it, foraging behavior is inheritable and will evolve towards enhanced individual fitness
[121]. In a review, Bartumeus and others discussed the strengths and weaknesses of OFT [7].
They highlight that OFT is based on statistical physics and random walk theory, which provide
a framework to understand the search strategies of living organisms across scales, from single
cells to animals. In this context, a critical open question is how much information about their
targets foraging organisms can actually acquire and use, while most models of OFT assume that
the searcher has all the information at hand. However, the best search strategy in a certain en-
vironment does not only depend on basic conditions like the target distribution, but also on the
amount of information the searcher has about them [7]]. Bartumeus and others also stress that
living organisms often forage in a non-systematic way, which could be a good strategy when
information is lacking. This loops back to the intermittent search strategies, which are optimal
when information about targets is difficult to gather.

Besides optimization, search strategies of very different species share common features like
risk aversion [29]]. For example, E. coli does not minimize the time to reach high concentrations
of nutrients, i. e. finding the shortest path, but instead maximizes the possible minimum uptake
of the nutrients [123|]. This kind of strategy is also called satisficing, as an alternative to optimiz-
ing [[124, [125]]. The advantage is that bad outcomes are minimized in uncertain environments,
but it comes with the cost of underperforming in favorable environments [29]]. An interesting
example is also that of copepods, small crustaceans, whose persistence length of movement is
adapted to the most important aim concerning their reproduction [[118]]: females have a much
shorter persistence length than males. For males, a long persistence length increases the chance
of finding a female, but also increases the risk of encountering a predator. This risk is minimized

for females with a short persistence length, which keep the eggs and do not search for males.
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Chemical sensing and response by cells

Bonner [126] pointed out that signals and their reception lie at the heart of social behavior, and
that they must have co-evolved alongside in the transition from unicellular to multicellular life.
How do cells respond to the presence of chemicals? First, a cell needs a means of sensing a
chemical, which is done by chemoreceptors. Chemoreceptors are proteins or protein complexes
that bind molecules from the environment and convert this signal into a message that can be
further processed in the cell [127]. These receptors are distributed uniformly on the cell and do
not redistribute during cell movement [[128]. To detect a gradient, that is, a difference in con-
centration of certain molecules across space, cells have evolved different mechanisms, which
is interesting from a physicist’s point of view. Spatial sensing, where cells measure concentra-
tion differences across their cell body, is typical for many eukaryotes [129]]. Temporal sensing,
where concentration differences are measured at two successive points in the gradient during
movement, is employed when cells are too small to sense the gradient spatially, like many bacte-
ria [130]. However, bacteria can nevertheless sense spatial gradients under certain conditions, for
example when gradients are very steep [[131-133]]. In fact, the type of gradient sensing depends
on the combination of cell size, locomotion speed and gradient steepness [[131}, 132} [134-136].
In shallow gradients, small and fast cells preferentially employ temporal sensing because the
concentration differences perceived during movement are larger than the ones perceived across
the cell body, while big and slow cells employ spatial sensing because of the opposite reason
[[1344136]. Another putative way to measure a gradient is pseudospatial sensing, where a cell
measures the change in concentration over time on an extending protrusion, but this mechanism
lacks experimental evidence [[137].

How do single cells respond when a concentration difference is sensed, and how does this
depend on the signal strength? The response of the bacterium E. coli to a concentration gradient
of chemicals, for example, is dependent on the perceived concentration changes. Its chemotactic
drift velocity, which is the velocity component parallel to the gradient, is proportional to the
gradient of the logarithm of the concentration [[138]]. This is related to the Weber-Fechner law,
an empirical, psychophysical law applicable to many species and sensory modalities [139]. De-
veloped by Weber, it was reformulated by Fechner in 1860 [140]]: equal relative increments of
stimuli lead to proportionally equal increments of sensation. Fechner concluded from this that

the intensity of sensation is proportional to the logarithm of the stimulus intensity.
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The signaling cascades triggered by the sensing of chemicals are relatively simple in prokary-
otes, whereas eukaryotes display much more intricate signaling cascades [[141}, [142]]. The re-
sponse of eukaryotic cells to chemicals could be explained by intracellular signaling cycles like,
for example, the LEGI system [[143] |144]. We will briefly summarize this system, following
Parent and Devreotes [[128]]: It is a hybrid model of spatial and temporal sensing that describes
how a cell could process a difference in the perceived concentration at opposite sides of the cell
body to achieve persistent movement in the direction of the higher concentration. The internal
signaling cycle is simplified to the dynamics of two biochemical processes: a local excitation E
and a global inhibition I, which are regulated by receptor occupancy. E is given by the local frac-
tion of occupied receptors at one part of the cell, while I is given by the global, averaged fraction
of occupied receptors. The difference between E and I gives rise to aresponse R = E — 1. When
a cell sits in a concentration gradient, both ends will experience a rapid rise in E, accompanied
by a slower rise of I, such that both ends will experience an increase in R. Both E and I plateau
shortly after reaching a steady state. At the cell end facing up the gradient, which we now call
the front of the cell, the steady state value Eg.qt is higher than E .., on the other cell side, while
the global I is the same on both sides. This means that the front of the cell, where Egony > 1,
will experience a positive response R, while the rear of the cell, where E,¢,; < I, will have a neg-
ative response. Therefore, the cell can detect the direction of the gradient. This system allows
cells to sense even shallow gradients with small concentration differences because the inhibition
activity subtracts the ambient chemical concentration, such that the direction of the gradient can

be sensed more accurately [128]].
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Outline of this thesis: The migration of Physarum
polycephalum in various contexts

The following section briefly outlines this thesis by highlighting the key findings discussed in

each chapter.

In Chapter |3| we investigate if the migration behavior of freely migrating plasmodia of
P. polycephalum follows a search strategy and if we can describe it by a random walk model.
It is based on the peer-reviewed publication “Size-dependent self-avoidance enables superdiffu-
sion in macroscopic unicellulars”, published in March 2024 in the Proceedings of the National
Academy of Sciences.

To adress this, we experimentally study and quantify the migration behavior of P. poly-
cephalum plasmodia on the time scale of days on 1.5% agar surfaces. We track their move-
ment by measuring position and shape, and extract their migration statistics. Based on the data
from 14 experimental trajectories, we develop a data-driven model to describe the dynamics
of the migrating cells. With this, we show that P. polycephalum performs a self-avoiding run-
and-tumble movement, where the short-term dynamics are determined by the run-and-tumble
statistics. The long-term dynamics exhibit enhanced space exploration efficiency by superdif-
fusion of plasmodia, which arises from its self-avoiding behavior. Varying organism size, we
find that the self-avoidance is size-dependent. Small plasmodia cannot always avoid slime trails,
leading to frequent slime crossings, and only large plasmodia reliably avoid slime trails. There-
fore, only large plasmodia show real self-avoiding behavior leading to superdiffusive migration,
while small plasmodia tend to diffusive migration. This highlights a potential evolutionary ad-
vantage for larger plasmodia, which may have driven P. polycephalum to evolve into one of the

largest cells we know.

In Chapter[d}, we test if the migration behavior of freely migrating plasmodia is dependent
on their environmental conditions. This chapter is partly based on Diana Lenski’s master thesis,
jointly supervised by the author and Karen Alim.

We investigate changes in the migration statistics in the presence of glucose, growth medium,
salts, and acids or bases. We focus on short time scales, where the self-avoiding behavior of
P. polycephalum has only a weak effect on the trajectory statistics. We observe environment-

dependent changes in the run-and-tumble dynamics of plasmodia and their morphology. We
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identify an additional migration phase besides the run phase and the tumble phase in some en-
vironments, characterized by stationary protrusion oscillations on a time scale of a few hours,
which reduce the space exploration efficiency of plasmodia. They are associated with a distinct

morphology of the cells, revealing the influence of morphology on the migration behavior.

In Chapter [5] we study the search strategy of P. polycephalum in a gradient of nutrients.
Often in nature, chemicals are not distributed homogeneously but form gradients. Many cells are
able to detect these gradients and move along them, a process called chemotaxis. Nevertheless,
the underlying mechanism is not yet fully understood. It is therefore interesting to study this
process in P. polycephalum because its large cell size requires the coordination of its randomly
forming protrusions over a large spatial distance, posing an intricate problem.

We perform experiments on agar with a diffusion gradient of nutrients. We find that plas-
modia have a high chemotactic index, which means they are faithfully following the gradient,
but a low directionality, which means that they do not perform persistent migration. Indeed,
their trajectories exhibit a high MSD exponent at long time scales but a low MSD exponent and
anti-persistence at short time scales. This anti-persistent movement is associated with extended
phases of protrusion oscillations similar to the ones described in Chapter 3. We show that the
protrusion oscillations can be explained by a known instability based on a competition between
the contraction and actin dynamics of the cell. We also find that larger plasmodia are more effi-
cient in moving up the nutrition gradients, again highlighting the evolutionary advantage that a

larger cell size might provide.

In Chapter [6] we investigate the collective migration strategy of a large number of plas-
modia that migrate together and interact via their slime trails. The slime deposition by a single
plasmodium modifies its environment and influences its further migration. With this, its migra-
tion belongs to the self-interacting random walks, known for complex dynamics like aging and
nontrivial persistence. The analysis of the data includes input from Rapha&l Voituriez.

We perform experiments with numbers of 25 and 49 migrating plasmodia on plain agar
with starting positions arranged in a grid pattern. Analyzing their migration statistics, we find
that space exploration efficiency depends on the position of plasmodia within the group, where
plasmodia at the periphery have high persistence and plasmodia in the bulk low persistence. This
shows how the collective effect can increase the space exploration efficiency of some individuals
by sacrificing the space exploration by others. We also observe aging of the MSD and of the
orienational correlation of plasmodia movements. These results provide insights into the search

strategy of P. polycephalum in a competitive scenario.



Size-dependent self-avoidance — the search

strategy of Physarum polycephalum

This chapter is based on the publication

Size-dependent self-avoidance enables superdiffusive migration in
macroscopic unicellulars [145]

Lucas Troger, Florian Goirand and Karen Alim

Proceedings of the National Academy of Sciences 121(13):¢2312611121 (2024)

Summary

In this chapter, we investigate the general search behavior of the slime mold Physarum poly-
cephalum. Like other cells, it faces search problems as, for example, finding food. In contrast to
other unicellular organisms, P. polycephalum forms a remarkably large cell when searching for
food, which is said to show smart behavior. Does its movement follow a search strategy? And
what are the consequences of its large cell size in this context? To address these questions, we
experimentally study and quantify the migration behavior of P. polycephalum plasmodia on the
time scale of days in the absence and presence of nutrients. We develop a data-driven model to
describe the dynamics of migrating cells. With this, we show that P. polycephalum performs a
run-and-tumble movement and achieves superdiffusive migration through self-avoiding behav-
ior mediated by the slime trail it deposits. Our model matches the statistics of the experimental
trajectories from migration in the absence and presence of nutrients. In the presence of food,
the run duration statistics change, only controlling the short-term migration dynamics. Varying
organism size, we find that the long-term superdiffusion arises from self-avoidance determined
by cell size. This highlights a potential evolutionary advantage for larger plasmodia, which may

have driven P. polycephalum to evolve into one of the largest cells we know.
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Manuscript: Size-dependent self-avoidance enables
superdiffusive migration in macroscopic unicellulars

3.2.1 Introduction

Search problems are a widespread challenge for living organisms, from unicellular species to an-
imals [20}21,/146H148]]. Success in finding food, mates or shelter depends on the search strategy
(14} 19} 23,125, 26]]. The search of unicellulars is commonly characterized by Brownian motion
on long time scales [18}, 20, 21, [149], whereas more evolved life forms such as mammalian
cells, insects, birds or humans show superdiffusion [2,|148},|150-155]]. Strikingly, unicellulars in
groups, like swarming bacteria [156]], and unicellular organisms on the verge of multicellularity,
like large multinucleate cells 77} 78], also show superdiffusion. Since search success is coupled
to survival chances [14]], the need to find effective strategies could be a driver of evolution. With
the increase in cell size being the putative first evolutionary step in the critical transition from
unicellular to multicellular life [[32f], what are the benefits of a large cell size in the context of
search problems?

The mean squared displacement (MSD) measures the deviation of an organism from a ref-
erence position during its migration, quantifying how much space is explored. The MSD is
typically characterized by a power law MSD(t) o« Dt? with generalized diffusion constant D,
time ¢ and exponent 5 [93]]. Scale-invariant migration trajectories allow for a constant exponent
to classify the MSD, bounded by 5 = 1 for Brownian motion and S = 2 for ballistic motion,
where values between 1 and 2 refer to superdiffusion, as arising in Lévy walks and self-avoiding
walks. For Lévy walks, the exponent is determined by the power law describing the step length
distribution [|6], for a self-avoiding walk in two dimensions the exponent is generally accepted to
be close to 8 = 1.5 [103}[157]]. Depending on the search task, different migration strategies lead
to different success, with Brownian motion being best when search targets are close [23]], but
superdiffusion outperforming it when target density is low [|14f]. Ballistic motion is predicted to
be optimal for Poisson-distributed targets but is less efficient than a run-and-tumble walk when
the goal is to find a fixed target within a confinement [26]. Unicellulars already have mixed
search strategies, performing ballistic motion on short time scales and Brownian motion on long
time scales. Prominent examples include run-and-tumble motion and persistent random walks
(18} 20} 21}, (149 [158]], which are characterized by a transition from ballistic motion on short

time scales to Brownian motion on long time scales [18, |19, [159]]. Superdiffusion on long time
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scales arises, for example, from long-range correlations as found for higher life forms [[19, |150]],
but also in crowded bacterial swarms [[156] or in the giant cells of Physarum polycephalum [[17,
78]]. Yet, how the giant unicellular P. polycephalum generates superdiffusive motion is unclear
despite its fascinating life form on the verge of multicellularity [32].

P. polycephalum is a plasmodial slime mold — a unicellular, non-dividing, multinucleate
organism, devoid of the complexity of multicellular model systems. Despite the absence of a
nervous system, P. polycephalum coordinates complex behaviors including adaptive network
formation [[60]], speed-accuracy trade-offs during foraging [|63[], and nutritional decisions [64]],
which has earned it a reputation for being “smart” [160]. It can also escape traps by leaving a
trail of slime, which it uses as an external memory to actively avoid areas it has already visited
[[79-81]). Its cell size is highly variable, covering a range of orders of magnitude from 100 pm
to meters [160]], and correlates with the average speed of locomotion, which is oscillating pe-
riodically [41]]. P. polycephalum has proven to be highly amenable to both observation and
quantification of its dynamics, as well as theoretical modeling, making it an ideal model system
to, here, develop mechanistic insight into its superdiffusive motion.

In this work, we experimentally observe P. polycephalum plasmodia migrating in a neutral
environment, perform data analysis to determine their migration characteristics and develop a
data-driven model which captures P. polycephalum’s migration behavior. We show the robust-
ness of our model by quantifying how the behavior changes in a nutritious migration environ-
ment. Varying organism size, we reveal the pivotal role of cell size in driving superdiffusive
motion by enabling reliable self-avoidance only above a cell size of 0.65 mm?. Our results high-
light the adaptive capabilities of P. polycephalum, as well as the impact of cell size on space
exploration performance, suggesting the potential evolutionary advantage that this large unicel-

lular may have.

3.2.2 Experimental setup and results

Migration shows superdiffusive MSD and anomalous persistence

We experimentally follow and quantify the migration of P. polycephalum plasmodia of different
size and on different migration substrates. In the initial setup, plasmodia are allowed to migrate
on a two-dimensional, non-nutritious substrate (1.5% agar). Using bright-field microscopy in
combination with a stage-top incubator, we follow the movement of plasmodia over a period of
up to 134 hours (5.6 days) while ensuring constant and homogeneous environmental conditions,
namely humidity, light and temperature. We perform cell tracking and statistically analyze the

centroid trajectories of individual plasmodia (Figure[7).
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Figure 7: Migration of P. polycephalum shows superdiffusion and anomalous persistence. (A)
Plasmodia of P. polycephalum on a petri dish with 1.5% agar (background subtracted image) with
overlayed trajectories (one dot every 8 min, 40h in total). (B) Log-log plot of the superdiffusive
mean squared displacement (MSD) of migrating plasmodia. Blue line and shaded region represent
the ensemble average over the time-averaged MSDs of 14 individual trajectories and the standard
deviation, respectively. The black dashed line and shaded region shows corresponding simulation
results. The black dotted line shows results from simulations without the self-avoidance, so a pure
run-and-tumble. Dash-dotted lines show the MSDs of ballistic (o ¢?) and diffusive motion (o t').
Inset: Instantaneous MSD exponent 3(¢). The migration is superdiffusive (8 > 1) over ~ 3 orders
of magnitude in time. Red tick: Flory exponent for a self-avoiding walk in two dimensions. (C)
Log-log plot of the orientational correlation C(t) as a measure of persistence. The red dotted
lines show power laws for comparison.

To quantify the space exploration behavior of P. polycephalum, we use two established mea-
sures: the time-averaged mean squared displacement, MSD,

MSD(#) = ([e(r + t) — r(7)]2)

T

and the orientational correlation, C,
C(t) = (cosl) = (F(T +t) - (7)),

where r(7) is the position of the plasmodium’s centroid at time 7 with corresponding unit vector
#(7), and ¢ is the time interval of the MSD measurement. How does the MSD of migrating
P. polycephalum scale with t? Our statistical analysis, based on 14 experimental trajectories,
shows that the MSD of plasmodia migrating on plain agar is superdiffusive over a large range of
time scales (Figure[7B). However, we find that the MSD exponent 3 is not constant, but depends
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on the time scale ¢. Defining the instantaneous MSD exponent 3(t) as the logarithmic derivative

of the MSD
B 0log MSD(t)

Blt) = Ologt

we find that 5(¢) is decreasing towards longer time scales (Figure , inset): at the smallest
time scale (4min), 5 is close to a value of 2, signifying almost ballistic motion. At larger
times, (3 is slowly decaying, approaching a seemingly stable value of 5 ~ 1.5 at the order of 10
hours, which is compatible with a self-avoiding walk. In addition to the MSD, the orientational
correlation describes how well the direction of migration is aligned with respect to the direc-
tion at previous time points, thus quantifying the persistence of the migration. In the case of
P. polycephalum, we observe that orientational correlations show a decay slower than exponen-
tial (Figure [7|C), which contrasts with the exponential decay for persistent random walks [158|
161]. Thus, P. polycephalum’s migration shows anomalous persistence. Taken together, both
experimentally observed MSD and orientational correlation cannot be explained by the standard
random walk models discussed in the introduction. To understand how superdiffusivity and
anomalous persistence emerge, we next quantify the migration characteristics.

The trajectories of P. polycephalum are reminiscent of a run-and-tumble motion [77] with
phases of straight movement and phases of stationarity, after which plasmodia change their
direction (Figure[7]A). The stretches of straight movement are consistent with an MSD exponent
close to 8 = 2 on small time scales, associated with ballistic migration. Another important
characteristic of P. polycephalum’s migration is that plasmodia usually do not cross their own
path. This behavior is a result of their path-marking mechanism: migrating plasmodia leave
behind a slime trail which they generally avoid when encountered [[79-81]]. Although previously
considered irrelevant in the case of very small, tadpole-shaped plasmodia [77], this avoidance
could explain P. polycephalum’s superdiffusive behavior since self-avoiding walks are associated
with a superdiffusive MSD exponent [[103} |157]]. Taken together, these observations suggest
that the migration of P. polycephalum could be described by a combination of two types of
random walks, i.e. as a self-avoiding run-and-tumble walk. To investigate this hypothesis, we

next quantify the statistics of the migration behavior.

Quantifying Run-and-Tumble and Self-Avoiding Behavior

Closely inspecting our experimental trajectories, we distinguish P. polycephalum’s phases of
fast, straight movement and phases of stationarity with small positional oscillations, similar to
run-and-tumble [20]] or intermittent behavior [28]]. We discriminate the two phases, i.e. run and
tumble, by measuring the local directionality, or straightness, of the movement. This quantity

is defined as the ratio of the distance between two positions and the length of the plasmodium’s
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Figure 8: P. polycephalum performs a self-avoiding run-tumble movement during its migration.
(A) Exemplary trajectory of a plasmodium with highlighted events of tumbling (green arrow),
running (blue arrow) and self-avoidance (red arrows). The cumulative visited area is visualized
in light gray. Overlayed ellipses are fitted to the plasmodium as an approximation for its size.
Scale bar: 2 mm. (B)-(E) Parameter extraction from data for the model: Complementary
cumulative distribution functions (CCDF), P(X > x), of the analyzed variables, with X denoting
the respective variable. Fits from maximum likelihood estimation in solid lines. (B) Run and
tumble durations fitted with a combination of two power laws. (C) Speeds during runs and
tumbles with fitted gamma distributions. Run statistics: a = 2.60,b = 0.12min"!. Tumble
statistics: @ = 1.69, b = 0.18 min~!. Dashed lines: Root mean squared speeds. (D) Turning
angles between consecutive steps during runs and tumbles. Run statistics fitted by an exponential
distribution and tumble statistics approximated by a homogeneous distribution. (E) Widths of
the plasmodia slime trails as a measure for the avoided space around the trajectories. The width
is estimated as the width of an ellipse fitted to the plasmodium as in (A). The dashed line shows
the median width of all plasmodia.

path connecting these two positions [[162]. Sections of the trajectory with a directionality greater
than a threshold (0.9, Materials and Methods) are identified as phases of running. Phases of
arrested movement (tumbling) are characterized by a lower directionality. This method allows
us to divide the trajectories into a series of two alternating phases (Addendum, Figure[TT)), which
we analyze separately. We describe a single phase of running or tumbling as a series of steps,
characterized by three parameters: phase duration, speeds and turning angles. We find that the
distributions of running and tumbling durations are best fitted by combinations of two power
laws (Figure 8B and Addendum, Figure [I2JA), according to the Akaike information criterion
(Addendum, Data analysis). Speed distributions are well described by gamma distributions
(Figure [8C). The turning-angle distribution during runs is well fitted by an exponential and the
one during tumbles is close to a uniform distribution (Figure 8D).

In accordance with the literature, we observe that plasmodia generally avoid previously vis-
ited areas marked by their slime trail [[/9-81]]. The shape and extent of the slime trail is de-

termined by the cell shape of the migrating plasmodia, which is highly variable in time. We
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describe the shape of the just forming slime trail by an ellipse fitted to the plasmodium (Fig-
ure[8JA), and approximate the trail width as the median width of the fitted ellipse (Figure [§E). In
our experimental observations, the distance from which the plasmodia detect the slime trail is
often greater than zero (see Figure [§|A, red arrows), probably due to diffusion of the unknown
repellent slime component in the agar. Reid et al. found that slime from a large culture of slime
mold induced an avoidance response in very large plasmodia (1 cm? cell area) for up to 6 days
[[8O]], which is much longer than the time frame considered in our analysis.

Following the quantification of migration trajectories in terms of distributions, we extract
from our data that plasmodia perform a self-avoiding run-and-tumble movement governed by the
following rules: a migrating plasmodium alternates between two phases of movement, running
and tumbling. Running and tumbling durations are distributed according to a combination of
two power laws. In each phase, the plasmodium moves with a speed characteristic for this
phase, distributed according to gamma distributions. After each step, it chooses the direction
of the next step according to an exponential distribution for runs and according to a uniform
distribution for tumbles. As it explores its environment, the plasmodium does not come closer

to its past trajectory than the median width of a plasmodium.

Model Reveals Individual Contributions of Parameters

We now use the data-derived rules and statistics to model P. polycephalum’s migration behavior
as the combination of run-and-tumble and self-avoidance, with the aim of reproducing P. poly-
cephalum’s movement in terms of the experimentally observed MSD and orientational corre-
lation. We simplify the model by assigning constant speeds during runs and tumbles, rather
than sampling from the gamma distributions. With this, the number of parameters in our model
reduces to ten: the exponents ag T and xR, T, and the transition points bg T of the combined
power law distributions of running and tumbling durations, the average speeds during runs and
tumbles vR T corresponding to the root mean squared speeds (vﬁ’T), the average turning an-
gle during runs ¢ and the median width of the plasmodia w, which we all extract directly from
the data without the need for model fitting. This is done by estimating all parameters by fitting
the distributions to the data (Figure [SB-E).

Now using the ten data-derived parameters, we simulate self-avoiding trajectories as a series
of runs and tumbles, which themselves consist of series of random steps characterized by a direc-
tion and by a step length, according to the described distributions. In this sense, our simulation is
a kinetic process as the trajectories are built step by step in time, which differs from the classical
definition of self-avoiding walks in the context of equilibrium polymers. However, the kinetic

definition is believed to be in the same universality class as the classical self-avoiding walk and
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Migration rule extracted from data Model parameters  Control over MSD
Run and tumble durations Generalized diffusion constant,
distributed as two power laws MSD exponent at small
time scales (< 1h)

- exponent of first power law aR,T

- exponent of second power law XR,T

- transition point between the power laws br,T
Constant speed during run and tumble UR,T Generalized diffusion constant
Turning angles distributed exponentially during runs PR MSD exponent at short and in-

termediate time scales (< 10h)
MSD exponent at intermediate
and long time scales (= 1h)

g

Self-avoidance according to plasmodium width

Table 2: Model parameters related to the migration rules extracted from the data and their
control over the MSD.

to have the same critical exponents [111]]. We quantify the MSD and the orientational corre-
lation of the simulated trajectories and find that they reproduce the experimental results with
excellent accuracy (Figure[7B,C), confirming that our model captures the migration behavior of
P. polycephalum plasmodia. With the model at hand, we can vary the parameters to understand
their individual contributions to the space exploration behavior (see Addendum, Figure [13] for
parameter sweeps). The MSD is fully characterized by the generalized diffusion constant D and
the time-dependent MSD exponent 3(t). We find that D depends on the speeds vg T but also on
the average running and tumbling durations (R) and (7"), which are determined by ar 1, XR,T
and bg . This dependence of D can also be seen analytically: we find D oc (R)(v3) + (T') (v3.)
(Addendum, Simulations). For the MSD exponent 3(t), we find that the parameters act at differ-
ent time scales. The MSD exponent at short time scales (< 1h) is determined by (R) and (T')
and the average turning angle during runs ¢g, with [ correlating positively with (R) and neg-
atively with (T") and ¢r (Addendum, Figure —C). The MSD exponent at intermediate time
scales (1h — 10h) is determined by ¢r and the width w of the plasmodia, with 5 correlating
again negatively with ¢ and positively with w (Addendum, Figure[13|C,D). The MSD exponent
at long time scales (= 10 h) is only determined by w, which controls how fast /3 is converging
eventually to the expected value of 1.5 for very long time scales (Addendum, Figures [[3] and
[14). Table [2] summarizes these results. The intuition behind the findings is that the straighter
the movement, the higher the MSD exponent. This is the case for longer runs and a smaller
average turning angle, but also for a larger plasmodium width; the width w determines the self-
avoidance range, with a larger width inducing more avoidance, resulting in straighter movement.
The influence of the parameters on the orientational correlation is similar to the one on the MSD
exponent. Apart from the success of the model and the mechanistic insight it provides, it is not
clear how robustly it describes any P. polycephalum plasmodium irrespective of its environment.

Also, which migration parameters would change in a different environment?
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Model Is Robust against Environmental Changes

To test the robustness of our model, we let plasmodia migrate on a nutritious substrate (Materials
and Methods). Quantifying the MSD and orientational correlation of the obtained 9 trajectories,
we do not observe significant differences from the migration behavior on plain agar on the small-
est time scales (< 10 min), except for a larger generalized diffusion constant D. However, on
larger time scales, the exponent of the MSD is higher for migration on nutritious agar, resulting
in a higher MSD (Figure OA,B). The same is true for the orientational correlation (Figure [9C).
Quantification of the run-and-tumble dynamics as described in the previous section reveals that
the running and tumbling durations are still distributed as power laws (Addendum, Figures [I2B
and [I3]), but that there are very long runs compared to migration on non-nutritious substrate: the
average run duration (R) increases from 48.2 min to 103.2 min, while the tumble dynamics do
not change significantly, with (T") increasing from 17.9 min to 20.6 min (Materials and Methods,
Addendum, Figure [I2B). This explains both the larger generalized diffusion constant D and the
higher MSD exponent (3 on time scales less than 1 h, according to our analysis of the influence of
the average run duration (R) on D and 3. The distributions of speeds and turning angles are also
largely unaffected, but the plasmodia are larger due to growth induced by the nutritious substrate,
which explains the higher MSD exponent  on large time scales. We extract all model parame-
ters from the nutritious agar dataset (Addendum, Figure[16) and run additional simulations with
the newly extracted parameters, again yielding an excellent match with the data (Figure[9). This
shows that our model is robust and we set out to investigate as a possible evolutionary advantage

of P. polycephalum the influence of the plasmodium size on its space exploration behavior.
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Figure 9: MSD exponent and orientational correlation of P. polycephalum are higher on a
nutritious migration substrate, but are captured by the same type of model. (A) Log-log plot of
the MSD divided by time of migrating plasmodia on non-nutritious substrate (14 trajectories)
and on nutritious substrate (9 trajectories) and the MSD of the simulated trajectories. Shaded
regions show the standard deviations. (B) Log-lin plot of the instantaneous MSD exponent § in
experiments and simulations. (C) Log-log plot of the orientational correlation C' in experiments
and simulations.
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Self-avoidance Critically Controlled by Organism Size

We want to experimentally test the prediction of our model that the plasmodium size influences
the MSD exponent on time scales larger than 1 h. The size is an intrinsic property of the plas-
modia, which we can simply vary by picking plasmodia of different size. We divide the 14
trajectories on plain agar into two equal groups (7 trajectories each), one containing plasmodia
with a cell area smaller than the median cell area (0.65 mm?), and the other containing larger
plasmodia. Quantifying these groups separately, we find that the orientational correlation is in-
dependent of the organism size at small time scales (< 1h) (Figure ). MSD quantification
reveals that large plasmodia have a significantly larger MSD at short time scales, meaning that
they have a larger generalized diffusion constant D than small plasmodia (Figure [T0JA). The
reason for this is that they are faster since migration speed correlates positively with cell size

[41]].
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Figure 10: MSD exponent and orienational correlation of small plasmodia decrease strongly at time
scales t 2 1h. (A) Log-log plot of the MSD divided by time of migrating plasmodia distinguished
by plasmodium size (7 small, 7 large), and the MSD of the simulated trajectories with strict
self-avoidance (large plasmodia) and time-limited self-avoidance of 3h (small plasmodia). Inset
images: Example of a large and a small plasmodium, scale bars 1 mm]. Shaded regions show the
standard deviations. (B) Log-lin plot of the instantaneous MSD exponent § in experiments and
simulations. (C) Log-log plot of the orientational correlation C' in experiments and simulations.

Most notably, the group of small plasmodia shows a strong decrease of the MSD exponent
below 8 = 1.5 at intermediate and long time scales (Figure [T0B), which is not visible in the
group of large plasmodia. So, small plasmodia have a lower MSD exponent than large plasmodia
at time scales larger than 1 h (Addendum, Figure[17), as predicted by our model. Quantification
of the run-and-tumble dynamics and cell sizes for both size groups independently shows that
large plasmodia have twice the width of the small plasmodia, are 29% faster and spend 31%
more time in the running phase (Materials and Methods, Addendum Figs. [I9}21)). The other
migration characteristics are independent of the size. We extract all model parameters from the
partitioned data sets and perform additional simulations with the newly extracted parameters.
Our model captures the MSD and orientational correlations of the large plasmodia (Figure [I0)),

but overestimates those of the small plasmodia for large time scales (Addendum, Figure [T8B).
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This means that the model is missing a factor to accurately describe the migration of small plas-
modia. By examining the experimental record, we find the reason for their stronger decrease
in superdiffusivity: small plasmodia occasionally cross their own trajectories (four out of seven
small plasmodia cross their own trajectories one to seven times in around 90 hours, see Adden-
dum, Figs. [I8A,[I9A), revisiting previously visited areas, which makes their space exploration
less efficient. This is also evident from single-cell MSDs. The individual MSDs of small plas-
modia show transient regimes of diffusive motion with an exponent of 5 = 1, which is not the
case for large plasmodia (Addendum, Figs. [I9C and 20[C). From experimental recordings, we
observe that self-crossings in small plasmodia occur not before 3 hours after the deposition of
the slime trail (Addendum, Figure [I§]A), suggesting a limited response to the trail. To test this,
we run additional simulations in which plasmodia successively lose responsiveness to parts of
the trail that are more than 3 hours in the past, allowing them to revisit regions that they have
already visited before the last 3 hours. The simulation results give a good match with the experi-
mental data (Figure [I0)) and suggest an MSD exponent of 5 = 1 on long time scales (Addendum,
Figure [I8B). The parameter describing the response time controls how fast the MSD exponent
is converging towards a value of 5 = 1 on intermediate to long time scales (Addendum, Fig-
ure [I8B). We also ran simulations with a crossing-associated penalty, but this does not capture
the MSD exponent well (Addendum, Figure [I8C). To directly test whether the response of plas-
modia to the trail is size dependent, we experimentally examine the encounters of small and
large plasmodia with the trails of small and large conspecifics. We observe that large plasmodia
avoid both the trail of small and large plasmodia, in contrast to small plasmodia which avoid
neither the trail of small nor large plasmodia (Addendum, Figs.[22]and [23). The failure of small
plasmodia to respond to slime trails highlights the importance of size in enabling superdiffusive

migration.

3.2.3 Discussion

We experimentally investigated and quantified the migration behavior of P. polycephalum plas-
modia on plain agar. We found that their migration is characterized by superdiffusion and anoma-
lous persistence on long time scales. Our analysis shows that P. polycephalum performs a self-
avoiding run-and-tumble movement. Our data-driven model successfully captures the MSD and
the orientational correlation and reveals the individual contributions of the migration parame-
ters. Accounting for a loss of the responsiveness to the trail by small plasmodia, it teaches us
that the macroscopic unicellular P. polycephalum achieves superdiffusive migration through size-
dependent self-avoidance, which affects the MSD exponent and the orientational correlation on

intermediate and long time scales.
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The self-avoiding behavior is achieved by a path-marking mechanism in the form of de-
posited slime, which acts as an avoidance cue. Path marking as a spatial memory is known not
only from Hansel and Gretel, but also from a wide range of organisms. Examples include bac-
teria that secrete exopolysaccharides [[163]], mammalian cells that deposit extracellular matrix
components [[164]], or ants that leave pheromone trails [146, |165]. Trail formation is energet-
ically costly, so its benefits should outweigh its costs to be evolutionarily advantageous [166].
Self-avoiding walks are a beneficial strategy in the sense that they increase the space exploration
significantly [114]]. Special cases of self-avoiding walks have been shown to be optimal, for ex-
ample, by being more efficient than stochastic trajectories in terms of minimizing the search time
[27], or by generating Lévy walks [[101]]. P. polycephalum may have developed its path-marking
strategy to gain an advantage in terms of space exploration.

We observe that the type of migration behavior remains the same in a nutritious environment,
underlining the robustness of our model and suggesting that this is the general mechanism by
which P. polycephalum explores its environment. However, the migration dynamics adapt to
the environment, resulting in longer run durations and therefore a higher MSD exponent on a
nutritious substrate. The adaptation of the migration to the nutritional content of the environment
is also observed in other cells, like bacteria [167]], dinoflagellates [[12f], or D. discoideum [168]].
D. discoideum is also known to generate gradients in homogeneous environments through the
degradation of nutrients, promoting long-range chemotaxis [[169]]. It is possible that a similar
mechanism is responsible for the longer run durations we observe for P. polycephalum, but we
leave this for future investigation.

Migration analysis on plain agar with respect to cell size shows that small plasmodia have
a lower MSD exponent than large plasmodia on long time scales and are therefore less efficient
in terms of space exploration. This is due to small plasmodia crossing the slime trail. Since
small plasmodia, unlike large plasmodia, fail to respond to slime trails from both small and large
specimens, we suggest that there is a size threshold below which the self-avoidance mechanism
no longer works well, perhaps due to a reduced ability to process information. This would also
explain the previously observed Brownian motion of very small plasmodia on long time scales
[77].

Our study establishes a link between cell size, long-lasting path-marking and space explo-
ration efficiency via superdiffusion. Increasing size has been hypothesized to be the first evolu-
tionary step in the transition from unicellular to multicellular life [32]]. Our findings show that,
in the case of P. polycephalum, a larger size is beneficial because it allows superdiffusive space
exploration. This advantage could have driven P. polycephalum to form larger and larger cells

with many nuclei [[170]] and thus to evolve into an organism close to multicellular life.
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3.2.4 Materials and methods

Preparation and Imaging of P. polycephalum Plasmodial specimen were prepared
from microplasmodia grown in a liquid culture using the medium by Daniel and Rusch [171]
with hematin instead of chicken embryo extract [172]]. Culture medium containing microplas-
modia was pipetted onto an agar plate, from which individual microplasmodia with a diameter
between 0.5 and 1 mm were selected with a 1 mL pipette tip and transferred to another 1.5%
agar plate, with a resulting plasmodial area density of <0.01. Nutritious agar contained 10% of
the culture medium.

Plasmodia (0.2 -2 mm? cell area) were imaged directly after plating under microscope light
for 72 to 168 hours, with controlled temperature (24.4°C) and humidity (close to saturation). The
plasmodia were imaged with a Zeiss Axio Zoom V.16 microscope equipped with a custom-made
Pecon stage-top incubation system, a Hamamatsu ORCA-Flash 4.0 digital camera and a Zeiss
PlanApo Z 0.5x objective, yielding a resolution of 10.83 pm/pixel. A green filter (550/50 nm)
was placed over the transmission light source of the microscope to diminish P. polycephalum‘s
response to the continuous illumination with light, since these wavelengths are known not to
induce phototaxis in P. polycephalum [173]]. In this way, plasmodia were exposed to a light
intensity of only 0.078 W /mm?. Zeiss Zen 3.2 (blue edition) software was used for imaging. A
tiled image composed of 16 tiles was acquired every 4 min using the Zen Tiles tool, yielding a
field of view of 8.1 x 8.1 cm. A total number of eight experiments was conducted, for examples

see Supplementary Movies S1 and S2.

Image processing and analysis All tiles were converted into 8-bit TIFF files using Zeiss
Zen 3.2 and their backgrounds were removed with a rolling ball algorithm. The MIST stitching
algorithm [|174} [175]] was used to assemble the tiles into a single image. From the stitched im-
ages, we extracted plasmodium pixels using a custom-written MATLAB (The MathWorks) code,
generating binary images via intensity thresholding. Subsequently, we calculated the center of
mass of each plasmodium in each image to obtain the trajectories. For sufficient statistics, only
trajectories with a length of at least 30 h were considered for the analysis.

All mean squared displacements in the main text are ensemble averages of the time-averaged
squared displacements of individual trajectories. The same approach was used to calculate the
orientational correlations. The instantaneous MSD exponent [ is the logarithmic derivative of
the MSD. Its standard deviation is computed via error propagation (Addendum, Data analysis).
Data is shown up to the point where the standard deviation of 3 exceeds the boundaries given by
S =1and 5 = 2.

Tumbling events were identified by calculating the directionality [162] of the migration as
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Data QR,T XR,T br,T [min] UR,T [%} oR [rad] w [pm]
PA 1.1, 0.2 2.8, 5.3 98, 28 24.5,12.9 0.24 954
NA 1.1, 0.8 22,41 132, 36 24.9, 16.7 0.25 1811
SP 1.2, 0.03 2.9, 3.6 96, 20 21.6, 11.8 0.25 674
LP 1.0, 0.2 3.1, 4.6 124, 28 279, 14.3 0.23 1340

Table 3: Model parameter values inferred from data sets. PA/NA = plain/nutritious agar, SP/LP
= small/large plasmodia.

the ratio of the plasmodium’s displacement to the total distance traveled within a time frame
of 20 minutes. If the directionality was higher than the threshold value 0.9, the time point
was attributed to a running event, else to a tumbling event (Addendum, Figure [T1). The model
parameters are robust against deviations of 5% from this threshold (Addendum, Figure [24)). Note
that, in principle, tumbles could be caused by encountering a slime trail, which would affect the
distribution of run durations. However, we observe that only 2.4% of runs longer than 28 min
are stopped by an encounter with a slime trail — a fraction too small to affect the distributions
significantly.

The typical width of a plasmodium was estimated by the median length of the minor axis of
the ellipse that has the same second moment of area as the plasmodium, which was calculated

via the built-in MATLAB function regionprops using the property MinorAxisLength.

Simulations We simulated trajectories as a series of runs and tumbles, which themselves
consist of series of random steps characterized by a direction and by a step length. The number
of steps during a run or a tumble is determined by drawing a random number from a combination
of two power laws (Addendum, Data analysis) with parameters Ar T and kg 1. During tumbles,
directions were determined by drawing a random angle from a uniform distribution between
[—m,7], and speeds were fixed to vp. During runs, directions were determined by drawing a
random angle from an exponential distribution with mean ¢, and speeds were fixed to vR,
with the additional rule that a step can only be made if it does not come closer to the previous
trajectory than twice the mean plasmodium width w. This rule enforces self-avoidance. All
parameters used in the simulations were estimated directly from the experimental data by fitting
the distributions described in the main text to the experimental data (see Table [3)).

Only simulated trajectories with a minimum length of 1800 steps, corresponding to a mi-
gration duration of 120h, were selected to ensure the true asymptotic behavior (Addendum,
Simulations and Figure S15). All statistics were averaged over 5000 simulated trajectories each.

Simulations were performed using Python.
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Data Availability Microscopy recordings data have been deposited in mediaTUM (https:
//mediatum.ub.tum.de/1734713).


https://mediatum.ub.tum.de/1734713
https://mediatum.ub.tum.de/1734713
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Addendum: Supplementary information to the
manuscript

The following is an adapted version of the

Supporting Information for: Size-dependent self-avoidance enables
superdiffusive migration in macroscopic unicellulars [145]

Lucas Troger, Florian Goirand and Karen Alim
Proceedings of the National Academy of Sciences 121(13):e2312611121 (2024)

3.3.1 Data analysis

Computation of the MSD exponent and its standard deviation via error
propagation We compute the instantancous MSD exponent [ as the logarithmic derivative

of the MSD
_ 0log MSD(t)

Blt) = Ologt

This means that the instantaneous exponent can be approximated by

_ 1og MSD(t + tiin) — log MSD(%)

B(t) log (t + tmin) — log (t) 7

with tmin = 4 min,
where ¢,,;, is the acquisition rate of the microscope images.

To compute the standard deviation of 3, we need to propagate the error of the MSD, so its
standard deviation. We assume the measurement error of the time to be negligible, which means
that we only take into account the standard deviation of the MSD and write 3 as 5 = c[log(X) —
log(Y)], with X = MSD(¢ + tmin), Y = MSD(¢) and ¢ = 1/(log (t + tmin) — log (¢)). This
can be approximated by 8 ~ ¢ {ﬁX — ﬁY} Now, taking the variance on both sides, and

using the formula for the variance of a linear combination of variables

Var(aX +bY) = a*Var(X) + 0*Var(Y) + 2ab * Cov(X,Y),
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we get , ,
%% 7x + o 2 XYy
& (X)2 (V)2 (X)NY)
We have
oxy = ([(X = (X))(Y = (¥))]) = (XY) — (X)(Y),
07%% ox o _2<XY>+2.

Running/tumbling duration distributions To find the best model describing the
distributions of running and tumbling durations, we use maximum likelihood estimation and
the Akaike information criterion [176]]. We find that the best model is a combination of two
power laws, except for the plasmodia migrating on nutritious agar, where the best model is an
exponentially truncated power law (Figs. [[2] [21) and Table ). However, simulations show the
same results for both types of model (Figure [13).

The full PDF of the distribution combining two power laws is

fl@;a,x,0) = A[z7YO(x — Tmin)0(b — z) + X *2X0(x — b)], with zpin = 4min,

where

11—«

A= 1/[ e bla],

and 0(z) is the Heaviside function. The mean is given by

The complementary cumulative distribution function used in Figs.[12]and 21]is given by

F(JZ;O[,X,Z)) = 1—F($;04,X,b),

where
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3.3.2 Simulations

Diffusion constant of a run-and-tumble motion We derive the generalized diffusion
constant D in terms of the run-and-tumble characteristics under the assumption that the influence
of the self-avoidance is negligible. Let a run-and-tumble walk of N steps consist of Ny runs and
Ny tumbles. Be Ir; and I ; the lengths of the ith step during a run or tumble, respectively.
Further, be ng (n7) the total number of steps spent running (tumbling), (ng) ((nT)) the average
number of steps during a single run (tumble). Then we can write the time-averaged one-step
MSD as

1 n n
MSD1—step = - (Silii + Bl ) = 57 (IR) + (07
A@ A%
= 20 () 1) + () (B0) = T2 (RYGR) + (1)),
with (R) = 7(ng) and (T') = 7(n) the average run and tumble durations, and 7 being the

duration of one step. With this, we can compute the one-step MSD in terms of the speeds and

the generalized diffusion constant D:
MSD1-p = <07 ((R){0R) + (T){0})) = D7,

with

TN
Note, that with fixed NV and Ny, (R) and (T) are not independent of each other, and that D as a

generalized diffusion constant [93]] has the units of a squared velocity.

Parameter sampling Running/tumbling durations are drawn from distributions in the form
of a combination of two power laws, respectively. For that, we use the inversion method of
random variate generation [[177]]. First, we need to find the inverse of the two parts of the CDF

individually. For the first part of the combination of power laws, with the CDF

11—« -«
X — L;
Fi(rsonb) = o
min

the inverse is
Frl(z;0,0) = [SL‘ (bl_o‘ — :L‘lfo‘> + aclfo‘} Vi .

min min
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For the second part, with the CDF
Fy(a;x, b) = 0! (01X — 2! 7X) |

itis
Fy Yz x,b) = b(1 — a)/ (7%,

We can now sample a combined power law distribution by first randomly choosing the part of the
distribution we want to sample according to its weight and then plugging in for ¢ the respective

inverse CDF random variables drawn from a uniform distribution on the interval [0, 1].

Generating self-avoiding walks We construct the run-and-tumble self-avoiding walks
in the following way: First, we draw a run duration from the respective power law distribution.
Then, for each step of the run phase, we draw a turning angle from the respective exponential
distribution and shift the current position by the walking speed times the time step of 4 minutes.
If parts of the previous trajectory are encountered, we try a new direction according to the turn-
ing angle distribution. Then we draw a tumbling duration from the corresponding power law
distribution and perform a diffusive motion with step lengths equal to the tumbling speed times
the time step. In this way, walks can enter regions that are completely surrounded by previously
visited areas, i.e. they can get trapped and have a finite length (Figure [25). Note, however, that
“only walks much longer than the average walk length before trapping are representative for the
true asymptotic behavior* for this type of self-avoiding walk [[111] [178]], which is why we only
analyze long walks (Figure 25C). This type of self-avoiding walk is sometimes called a kinetic,
genuine or growing self-avoiding walk [[111}178],[179].
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3.3.3 Supplementary figures and tables

Exp Pow ‘WB Gam 2Exp 3Exp 2Pow BPow PowExp
Plain agar, run durations
AlCc 7171.30  6947.80  7103.40  7150.00  6992.30  6996.30 6669.60 6789.70 6688.10
Delta 501.70 278.20 433.80 480.40 322.70 326.70 0.00 120.10 18.50
Akaike weight 6.17E-25 3.76E-14 1.45E-19 1.37E-21 9.67E-15 6.48E-15 1.00E400 6.08E-06 1.57E-01
Plain agar, tumbling durations
AlCc 523490 5538.70  4902.50  4811.60  5238.90  5242.90 4764.70 5483.60 4790.00
Delta 470.20 774.00 137.80 46.90 474.20 478.20 0.00 718.90 25.30
Akaike weight 3.80E-21 2.43E-34 1.04E-06 9.19E-03 2.55E-21 1.71E-21 1.00E400 6.01E-32 7.97E-02
Nutritious agar, run durations
AlICc 2410.40 219340  2270.50  2309.90  2223.50  2221.40 2140.20 2141.00 2138.60
Delta 271.80 54.80 131.90 171.30 84.90 82.80 1.60 2.40 0.00
Akaike weight 1.57E-12 4.17E-03 1.87E-06 3.64E-08 2.06E-04 2.54E-04 8.52E-01 7.87E-01  1.00E+400
Nutritious agar, tumble durations
AlICc 1381.40  1413.10  1335.80  1325.60  1385.50  1389.60 1279.20 1295.30 1271.20
Delta 110.20 141.90 64.60 54.40 114.30 118.40 8.00 24.10 0.00
Akaike weight 1.64E-05 6.88E-07 1.56E-03 4.34E-03 1.09E-05 7.21E-06 4.49E-01 8.98E-02  1.00E+400
Small plasmodia, run durations
AICc 3968.60  3755.50  3917.30  3952.20  3838.20  3839.40 3632.10 3683.20 3647.20
Delta 336.50 123.40 285.20 320.10 206.10 207.30 0.00 51.10 15.10
Akaike weight 2.43E-15 4.37E-06 4.11E-13 1.25E-14 1.12E-09 9.93E-10 1.00E400 6.04E-03 2.21E-01
Small plasmodia, tumble durations
AICc 2957.10  3112.70 278220  2735.20  2961.10  2965.30 2656.30 2908.80 2706.40
Delta 300.80 456.40 125.90 78.90 304.80 309.00 0.00 252.50 50.10
Akaike weight 8.64E-14 1.51E-20 3.41E-06 3.74E-04 5.79E-14 3.80E-14 1.00E400 1.08E-11 6.67E-03
Large plasmodia, run durations
AlICc 3199.90  3191.20  3183.90  3196.70  3150.80  3154.50 3033.30 3082.00 3035.60
Delta 166.60 157.90 150.60 163.40 117.50 121.20 0.00 48.70 2.30
Akaike weight 5.82E-08 1.39E-07 2.88E-07 8.01E-08 7.89E-06 5.45E-06 1.00E400 7.67E-03 7.95E-01
Large plasmodia, tumble durations
AICc 2279.80  2428.00  2123.80  2079.20  2283.90  2288.00 2046.60 2276.10 2087.40
Delta 233.20 381.40 77.20 32.60 237.30 241.40 0.00 229.50 40.80
Akaike weight 7A45E-11 2.73E-17 4.44E-04 3.84E-02 4.95E-11 3.28E-11 1.00E+00 1.08E-10 1.69E-02

Table 4: Corrected AIC values of several models computed via maximum-likelihood estima-
tion, and their respective Akaike weights.
The models are Exp=exponential, Pow=power law, WB=weibull, Gam=gamma, 2Exp=two
exponentials, 3Exp=three exponentials, 2Pow=two power laws, BPow=bounded power law,
PowExp=exponentially truncated power law.

Minimal AICc (best model) highlighted in red.
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Figure 11: Detection of phases of running and tumbling via the directionality of the migration.
(A) Directionality of an exemplary plasmodium over the course of its migration. Each scatter
point corresponds to a time step, where black points signify a directionality above 0.9, so the
running phase, and red dots signify lower directionality, so the tumbling phase. (B) Trajectory of
the same plasmodium as in (A), with the same color code of running and tumbling phases. (C-D)
Results for directionality thresholds of 0.85 and 0.95.
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Figure 12: Akaike weights of the different tested models and the associated R-square values with re-
spect to the complementary cumulative distribution function (CCDF) of the experimental data for
plasmodia migrating on plain agar (A) and nutritious agar (B). The models are Exp=exponential,
Pow=power law, WB=weibull, Gam=gamma, 2Exp=two exponentials, 3Exp=three exponentials,
2Pow=two power laws, BPow=bounded power law, PowExp=exponentially truncated power law.
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Figure 13: Parameter sweeps (5000 trajectories per simulation) reveal the control of the model
parameters over the MSD exponent 3. There are ten parameters in the model, four of which are
investigated here as examples. One model parameter is varied, while the other parameters are
kept constant. Experimental MSD exponent (plain agar) in blue solid line. Simulation MSD
exponents in dashed lines. (A) The average run duration (R) is varied by changing the power
law transition point by in the interval [52, 164] minutes. (B) The average run duration (R) is
varied by changing the second power law exponent yg in the interval [2.4, 3.6]. (C) The average
turning angle during runs ¢g is varied. (D) The median plasmodium width w corresponding to
the self-avoidance is varied.
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Figure 14: Long-time simulations approach an MSD exponent of § = 1.5. Instantaneous MSD
exponent § depending on the simulated trajectory length for all times (A) and at 60 hours (B).
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Figure 15: Simulation results are the same for two types of run duration distributions: A
combination of two power laws (green solid line) and an exponentially truncated power law
(dashed red line), compared to the data from nutritious agar (black solid line). (A) Log-log plot
of the MSD for the experimental data on nutritious agar and for the simulations using the two
different distributions of run durations. (B) Lin-log plot of the MSD exponent 3. (C) Log-log
plot of the orientational correlation C.
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Figure 16: Parameter extraction for the migration of plasmodia on nutritious agar. (A) Trajectories
of plasmodia migrating on nutritious agar. (B)-(D) Complementary cumulative distribution
functions (CCDF), P(X > x), of the analyzed variables, with X denoting the respective variable.
Fits in solid lines. (B) Speeds during runs and tumbles with fitted gamma distributions (solid
lines). Dashed lines: Root mean squared speeds. (C) Turning angles between consecutive steps
during runs and tumbles. Run statistics fitted by an exponential distribution (blue solid line)
and tumble statistics approximated by a homogeneous distribution (green solid line). (D) Widths
of the plasmodia trails as a measure for the avoided space around the trajectories. The width is
estimated as the width of an ellipse fitted to the plasmodium. The dashed line represents the

median width of all plasmodia.
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Figure 17: Small plasmodia have a lower MSD exponent than large plasmodia on time scales
> 2h. Left y-axis shows P-values obtained from a one-tailed Welch’s t-test for different times ¢
with the alternative hypothesis that the MSD exponent of small plasmodia is smaller than the
MSD exponent of large plasmodia. Choosing a significance level of 5%, we can conclude that
small plasmodia have a lower MSD exponent than large plasmodia on time scales > 2h. For time
scales larger than 10 h, the experimental values become less and less reliable to make a statement.
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Figure 18: Small plasmodia start crossing their own trails after 3 hours. This can well be modeled
by a memory-dependent trail. (A) Time lag after which some of the small plasmodia cross their
own trail. (B) Changing the memory of the slime trail in simulations (5000 trajectories each)
shows that this parameter controls the transition of the MSD exponent to a value of 5 = 1. Note
that an infinite memory corresponds to a strictly self-avoiding walk. (C) Changing the probability
to cross the slime trail in simulations (5000 trajectories each) shows that this parameter affects
the MSD exponent on all time scales.
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Figure 19: Trajectories, MSD and parameter extraction for the small plasmodia group. (A)
Trajectories of the small plasmodia shifted to start at the same point. (B) Individual MSDs
divided by time of the small plasmodia with colors corresponding to the trajectories in (A). (C)
MSD exponents § of individual plasmodia. (D)-(F) Complementary cumulative distribution
functions (CCDF), P(X > ), of the analyzed variables, with X denoting the respective variable.
Fits in solid lines. (D) Speeds during runs and tumbles with fitted gamma distributions (solid
lines). Dashed lines: Root mean squared speeds. (E) Turning angles between consecutive steps
during runs and tumbles. Run statistics fitted by an exponential distribution (blue solid line)
and tumble statistics approximated by a homogeneous distribution (green solid line). (F) Widths
of the plasmodia trails as a measure for the avoided space around the trajectories. The width is
estimated as the width of an ellipse fitted to the plasmodium. The dashed line represents the
median width of all plasmodia.
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Figure 20: Trajectories, MSD and parameter extraction for the large plasmodia group. (A)
Trajectories of the large plasmodia shifted to start at the same point. (B) Individual MSDs
divided by time of the large plasmodia with colors corresponding to the trajectories in (A). (C)
MSD exponents 8 of individual plasmodia. (D)-(F) Complementary cumulative distribution
functions (CCDF), P(X > z), of the analyzed variables, with X denoting the respective variable.
Fits in solid lines. (D) Speeds during runs and tumbles with fitted gamma distributions (solid
lines). Dashed lines: Root mean squared speeds. (E) Turning angles between consecutive steps
during runs and tumbles. Run statistics fitted by an exponential distribution (blue solid line)
and tumble statistics approximated by a homogeneous distribution (green solid line). (F) Widths
of the plasmodia trails as a measure for the avoided space around the trajectories. The width is
estimated as the width of an ellipse fitted to the plasmodium as in (A). The dashed line represents
the median width of all plasmodia.
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Figure 21: Akaike weights of the different tested models and the associated R-square values
with respect to the complementary cumulative distribution function (CCDF) of the experimental
data for small (A) and large (B) plasmodia. The models are Exp=exponential, Pow=power
law, WB=weibull, Gam=gamma, 2Exp=two exponentials, 3Exp=three exponentials, 2Pow=two
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power laws, BPow=bounded power law, PowExp=exponentially truncated power law.
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Figure 22: Small plasmodia avoid neither the slime trail of small plasmodia nor that of large
plasmodia. (A-D) Examples of interaction events between two plasmodia. Plotted are the trails
of the individual plasmodia, color coded with the time at which they explore certain areas. These
are overlayed by the centroid trajectory (black lines). In case plasmodia are still within the
region of interest at the latest time point, greyvalue images are overlayed, marking the position
of the plasmodium in the last time frame. Events where plasmodia are crossing the trail of other
plasmodia are highlighted by red circles. Ticks on axes in centimeters. (A) Small plasmodium
(size: 0.55mm?) crossing the slime trail of another small plasmodium (size: 0.28 mm?). (B)
Small plasmodium (size: 0.12mm?) crossing the slime trail of another small plasmodium (size:
0.49mm?). (C) Small plasmodium (size: 0.03 mm?) crossing the slime trail of a large plasmodium
(size: 2.9mm?). (D) Small plasmodium (size: 0.14mm?) crossing the slime trail of a large
plasmodium (size: 0.77 mm?).
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Figure 23: Large plasmodia avoid both the slime trail of small plasmodia and that of large
plasmodia. (A-D) Examples of interaction events between two plasmodia. Plotted are the trails
of the individual plasmodia, color coded with the time at which they explore certain areas. These
are overlayed by the centroid trajectory (black lines). In case plasmodia are still within the
region of interest at the latest time point, greyvalue images are overlayed, marking the position
of the plasmodium in the last time frame. Events where plasmodia recognize the trail of other
plasmodia and retract their protrusions as an avoidance reaction are highlighted by red circles.
The retracting protrusions are highlighted by red arrows. Ticks on axes in centimeters. (A) Large
plasmodium (size: 3.41 mm?) avoiding the slime trail of a small plasmodium (size: 0.18 mm?).
(B) Large plasmodium (size: 1.40mm?) avoiding the slime trail of a small plasmodium (size:
0.24mm?). (C) Large plasmodium (size: 0.82mm?) avoiding the slime trail of another large
plasmodium (size: 0.90mm?). (D) Large plasmodium (size: 1.46 mm?) avoiding the slime trail of
another large plasmodium (size: 1.85 mm?).
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Figure 24: Parameter sweep (5000 trajectories per simulation) with respect to the directionality
threshold reveals the robustness of the analysis with respect to simulation results, which are
performed with model parameters extracted for different values of the directionality threshold
(0.85, 0.9 and 0.95) used for the analysis of the run-and-tumble dynamics. Experimental results
(plain agar) in blue solid lines. Simulation results in dashed lines. (A) Log-log plot of the MSD
divided by time. (B) Lin-log plot of the MSD exponent 3. (C) Log-log plot of the orientational
correlation C.
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Figure 25: Only long trajectories of a length greater than 120h approach the true long time
behavior of the MSD exponent 3(¢). (A) Probability distribution of the length of simulated
trajectories (7 x 10° realizations of 2500 steps corresponding to 166 hours experimental time).
(B) Dependence of 3(t) on the simulation length (105 realizations each). (C) Dependence of 3(t)
on the criterion for selecting trajectories. Subsets are formed from the full set of trajectories in
(A). The curve displaying the MSD exponent for trajectory lengths > 25h exhibits a sampling
bias around 25 h which leads to a drop of the value.



Migration of Physarum polycephalum in

different environments

The following chapter is partly based on Diana Lenski’s work, documented in Reference |180,

Diana Lenski was jointly supervised by the author and Karen Alim.

Influence of the environment on cell behavior

The environment plays a crucial role for the behavior of living organisms [52, |181H185]]. Even
comparatively simple life forms like cells are very dynamic systems with self-regulating inter-
nal structures and processes that enable them to respond rapidly to environmental stimuli [186].
Slight changes in an organism’s environment can therefore lead to strong changes in its behavior.
For example, a change in the pH conditions can increase the metastasis of tumors [[181] and
lead to fruiting body formation of the slime mold P. polycephalum [187]], but also perturb the
functionality of the sensory system and the defense mechanisms of marine organisms [[182}183]].
Of course, also the concentration of pH-conserving chemicals in the environment has an impact
on cells. Salt, for example, has a pathogenic effect on T cells [[188]]. High concentrations of glu-
cose inhibit cell migration of fibroblasts by impairing cell polarity and destabilizing protrusions
[189], but enhance migration in endothelial cells due to unknown reasons [[190].

How do single cell adapt their migration behavior to different environments? Microzooplank-
ton, for example, changes the statistics of its swimming behavior depending on the presence of
prey [12]]. When prey is abundant, the distribution of durations of continuous swimming is expo-
nential, so contains few long swimming events. When prey is scarce, they change they behavior
and the distribution switches to a power-law with very long swimming events. This adaptation
is beneficial since it was shown that, in low density scenarios, Lévy searching (characterized
by a power law distribution) is more efficient than Brownian searching (characterized by an ex-
ponential distribution) [[191} [192]]. Fibroblasts change their speed of movement by a stronger
cell polarization in the presence of chemicals, known as chemokinesis, which is to be distin-
guished from chemotaxis, where directional movement is decisive [[193]]. The migration speed

of the cellular slime mold Dictyostelium discoideum decreases due to cell rounding for high
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concentrations of cAMP, which functions as the chemoattractant during the aggregation phase
D. discoideum [168]]. Bacteria like Rhizobium meliloti and marine bacteria increase their swim-
ming speed in the presence of some chemicals [[167, |194]]. The presence of a homogeneously
distributed chemoattractant can also induce directed motion in groups of cells. Together, they
break down the present chemoattractant and generate concentration differences, a self-generated
gradient, which guides them to their aim [1955200].

The large unicellular organism P. polycephalum is also known to change its behavior depend-
ing on its environment [52}|184,201]. Low concentrations of salt (10 milli/molar KCI) act as an
attractant for P. polycephalum, but it is repelled by high concentrations (100 milli/molar KCI)
[202]. In general, the presence of salt increases the period of the intracellular shuttle streaming
[203]], but decreases the migration speed of plasmodia [184]]. The network structure also changes
depending on the environmental conditions, such as the stiffness of the substrate, which is mod-
ulated by the agar concentration, and the concentration of attractants or repellents [52, [201]: in
repellent environments, like a high KCI concentration or a soft substrate, it forms sparse net-
works with thin tubes, while in attractive environments, like a nutritious or stiff substrate, it
forms dense networks with thick tubes. When given the choice between two environments, it
migrates towards stiff and nutritious substrates.

The pH value also plays an important role for P. polycephalum. It is usually grown in acidic
suspension culture and degenerates if the pH is higher than 6 [171]], but its intracellular pH
ranges between values of 7 and 7.5 [[204]]. Grown on agar substrate, it strives on a large range
of pH values between 4.5 and 7, but migrates towards a value of around 5 when given the
choice [205]]. Also, the higher the pH value, the shorter the period a plasmodium will survive
at high temperatures [187]]. As said, the pH value also influences the fruiting body formation
(spore formation) of P. polycephalum. At constant temperature, the highest percentage of fruiting
occurs at a pH of 3 and decreases with increasing pH [[187]].

How do these different chemical compositions of its environment affect the migration of
P. polycephalum? Does it modify its behavior? If yes, how? As stated above, it is known that
it changes its morphology under different conditions. Can this change be a means of adapting
the migration behavior? A connection between morphology and migration behavior has, for
example, been shown on plain agar with large networks of P. polycephalum. It was found that
networks in a so-called lightning morphology migrate faster [54]. In the following, we try to
answer some of the above questions, focusing on the connection between environment, mor-

phology and migration behavior.
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Experimental setup and results

We observe small plasmodia migrating in 6 chemically different environments and compare them
to the plain agar data from the previous chapter. They all consist of 1.5% agar substrates, but
contain different chemicals: glucose agar containing 5.5 mM glucose and 2 mM leucine, SDM
agar containing 10% semi-defined medium (resulting in a glucose concentration of 5.5 mM),
KCl agar containing the salt KCI with concentrations of 20 mM and 50 mM, and pH-adjusted
agar containing 20 mM KCI and additionally 0.8 mM HCI or 0.1 mM KOH to adjust the pH
of the agar substrate from around 7 to values of 6 or 8, respectively. The complete list of
experiments can be found in the Appendix, Table[6]

The protocols for the preparation these substrates can be found in the appendix. The in-
oculation of plasmodia to the substrate is done as described in the previous chapter: single
microplasmodia from liquid culture are transferred to the substrates with a 1 mL pipet tip and

deposited with a low cell density of 3 to 5 cells per petri dish with a diameter of 9 cm.
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Figure 26: The chemical composition of the substrate affects the morphology of migrating
plasmodia. All substrates consist of 1.5% agar with the indicated changes in chemical compositions.
Blue frames indicate tubular morphologies. Scale bars: 2mm.

After a few hours, the spherical microplasmodia start spreading out to form migrating plas-
modia. The morphology differs for different migration substrates. On plain agar, plasmodia have

a trailing tube at the cell rear, which transitions into a branched fan at the cell front (Figure 26]A).
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In contrast, plasmodia on agar containing glucose, on agar containing KCIl, and on agar with a
pH of 8 have more slender and elongated, tubular cell shapes, mainly consisting of a single main
tube and few side branches (Figure 26B,D,E,G). The main tube of plasmodia on KCI agar has a
diameter of around 70 pm (Figure 26D,E), while the main tube on glucose agar is thicker with
around 100 pm diameter (Figure [26B). Plasmodia on agar with a pH value of 6 have a similar
morphology as plasmodia on plain agar (Figure [26F). On agar containing SDM, the plasmodia
have a very different morphology. They form a plasmodial sheet without any branches (Figure
26[C). Due to the changed morphology, the slime trails left behind plasmodia have a different
appearance. On agar with pH 6, slime trails are broader than on plain agar, while slime trails on
agar with pH 8 and on agar containing glucose or KClI are narrower (Figure [27). On SDM agar,

plasmodia leave a very broad trail.
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Figure 27: Deposited slime trails (here shown in gray) also depend on the chemical composition
of the migration substrate due to its influence on the morphology. Still migrating plasmodia are
shown in black. Substrates as in Figure 26] blue frames indicate tubular morphologies. Scale
bars: 2cm.

Plasmodia on agar containing glucose or 50 mM KCI, or with a changed pH value show
intermittent migration with pronounced stationary cell oscillations, in contrast to plasmodia on
plain agar, SDM agar and 20 mM KCI agar, which move continuously with few stopping or
oscillations. For an example of a plasmodium with oscillating movement on agar with pH 8, see
Figure 28] There seems to be a weak correlation between morphology and oscillations: 3 out of
4 tubular morphologies are connected with oscillations, while 2 out of 3 branched or sheet-like

morphologies show no oscillations.
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Figure 28: We observe stationary oscillations over hours on substrates which induce a tubular
morphology. Here: time series of a plasmodium performing a stationary oscillation during
migration on agar with a pH value of 8. Arrows indicate growing protrusions. Scale bar: 1 mm

To get some insights into their migration characteristics, we look again at the scaling of
the MSD. We observe some differences between plasmodia migrating on modified substrates
compared to plasmodia migrating on plain agar. Noticeably, the MSDs of plasmodia show a
dip in the MSD exponent at around ¢ ~ 20 min for all substrates on which plasmodia show
stationary cell oscillations: 5.5mM glucose, pH 6, pH 8, and 50 mM KCI (Figure 29). This
dip is not present for the control substrate plain agar nor for the substrate containing or SDM.
20mM KCI agar is connected with only a slight dip.

There seems to be a connection between the stationary oscillations on one side and the
reduced MSD exponent at around ¢ ~ 20 min on the other. To check this, we look at the time-

dependent correlation or alignment of pairs of velocity vectors v separated in time,

. _v(T)-v(T+1t)
Alignment(T') = NDVT +0)]

with T the measurement time and ¢ a certain time lag. When they are anti-aligned (Alignment <

0) with a time lag of, for example, ¢t = 20 min between them, this corresponds to an oscillation
with a period of Tygcillation = 40 min and can contribute to a dip in the MSD exponent at
t ~ 20 min. Identifying these events along the trajectory (Figure [30B) matches the visual iden-
tification of oscillation events. We identify a phase of anti-alignment as an oscillation event if
it persists for at least one oscillation period (twice the chosen value of ¢ = 20 min correspond-
ing to the dip, so 40 min), which we can also map on the trajectory (Figure 30[C). This finding
suggests that the oscillation is a distinct phase, which needs to be added to the model estab-

lished in the previous chapter, in order to describe the migration behavior on different substrates
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correctly. From visual inspection of the experimental recordings, this phase is morphologically
often characterized by a single, long, mostly unbranched vein connecting two protrusions in
most cases (Figure [28). Notably, oscillations are often detected as runs when performing the
run-and-tumble analysis described in the previous chapter since they consist of persistent move-

ment on short time scales (Figure[30A).
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Figure 29: Migration characteristics are environment-dependent. (A-C) Log-log plot of the MSD
divided by time of migrating plasmodia on plain agar (gray, 14 trajectories, from Chapter 2),
SDM agar (pink, 9 trajectories), glucose agar (purple, 7 trajectories), 20 mM KCI agar (green, 9
trajectories), 50 mM KClI agar (red, 11 trajectories), ph 6 agar (orange, 8 trajectories) and ph 8
agar (blue, 12 trajectories). Shaded regions show the standard deviations. (D-F) Log-lin plot of
the instantaneous MSD exponent 5(t) for the investigated environments.
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Figure 30: A part of the trajectory with anti-alignment in the motion on a time scale of ¢ = 20 min
is characterized as a new phase, the oscillation phase. (A) Run and tumble events in a centroid
trajectory of a plasmodium migrating on pH 8 agar. (B) Same as in (A) but showing events of
anti-alignment. (C) Same as in (A) but including the new phase, oscillations. The dashed square
indicates the centroid positions of the plasmodium in Figure @
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Figure 31: The scaled radius of gyration as a measure for the morphology is larger for plasmodia
with a tubular morphology. (A-C) Time course of the ensemble average of the radius of gyration
scaled by the square root of the plasmodium area for plasmodia migrating in the investigated
environments (colored lines) compared to plain agar (gray line).
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Given these findings, we suspect a connection between migration behavior and morphology,
which we investigate further. To quantify the morphology of plasmodia, we use the radius of
gyration, which we scale by the square root of the plasmodium area to remove a bias due to
different plasmodium sizes [[54]]. We define the radius of gyration for the pixels that make up
the two-dimensional shape of a plasmodium: it is given by a summation over all pixels’ squared
distances to the plasmodium’s center and describes its mass distribution. We find that the scaled
radius of gyration is large for plasmodia with tubular morphologies, namely plasmodia migrating
on agar with glucose, pH 8 or KCI (Figure [31)). The scaled radius of gyration is small for
branched plasmodia (plain agar, pH 6 agar) or sheet-like plasmodia (SDM agar).

Using the alignment of the movement of plasmodia as a measure for the migration behavior
and the scaled radius of gyration as a measure for the morphology, we find a connection between
migration behavior and morphology: the alignment in the motion of plasmodia anticorrelates
with the scaled R, (Figure @, r-value = —0.56). In other words, plasmodia with tubular
morphologies show more phases of anti-alignment or oscillation in their motion, which reduces

space exploration as seen from the MSD.
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Figure 32: The average alignment during migration correlates negatively with the scaled radius of
gyration. Plot of the average alignment against the scaled radius of gyration for the investigated
environments. Error bars show the standard deviation.
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Discussion

We have seen that migrating plasmodia take on very different morphologies depending on the
chemical composition of the migration substrate. There is a crossover from sheet-like morpholo-
gies on SDM agar to branched plasmodia on plain agar or pH 6 agar, and tubular morphologies
on agar containing glucose or KCl or on pH 8 agar, which can be quantified by the scaled ra-
dius of gyration, crossing over from small to large values, respectively. This relates to different
migration statistics for different substrates. Certain environments lead to an anti-alignment of
the movement on the 20-minute time scale associated with stationary cell oscillations. We con-
nect this with the differences in morphology and find anti-correlation between alignment and the
scaled radius of gyration, which teaches us that more tubular morphologies oscillate more often.

Oscillations are a fundamental property of P. polycephalum. Besides the shuttle streaming,
there are several other intrinsic oscillations [41]} 55| |56]]. However, the pronounced oscillations
described here seem to be unique to environments containing certain chemicals, being absent
on plain agar. It remains unclear why P. polycephalum adapts its morphology and migration
behavior in the way it does. Possibly, it changes its morphology to reduce the contact area with
an unfavorable substrate and maybe this morphology induces oscillations. However, the oscilla-
tions seem to be counterproductive in leaving an unfavorable enviroment like high concentration
KCl due to the reduced persistence. We have seen that on agar containing the growth medium
SDM, P. polycephalum forms a dense plasmodial sheet without branches. This is optimal in the
sense that the plasmodium maximizes its contact area with the substrate and, hence, can take up
more nutrients from the substrate. The persistence of the plasmodia is the largest of all environ-
ments, with no oscillations present, supporting the hypothesis of a connection between migration
and morphology. This is especially interesting because it does not seem necessary for the persis-
tence to be higher in a more nutritive environment. However, plasmodia stop migrating at very
high concentrations of SDM (50% SDM, data not shown) and instead just grow in size. It seems
that the 10% SDM concentration used here is not high enough to sustain growth over a long
period of time, for example because nutrients are quickly depleted and P. polycephalum needs
to move on find new food. Therefore, the highly persistent migration strategy seems reasonable
in this scenario. The low persistence of plasmodia with tubular morphology and oscillations
seems to be counterproductive for space exploration. However, the oscillations could be part

of a decision-making process, where P. polycephalum contemplates the best next migration di-
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rection and searches for a chemical gradient it could follow. It has also been speculated that
there might be a connection between oscillations and learning, with modulations of spontaneous
oscillations sustaining the learning process in P. polycephalum [70].

In summary, we established that morphology and migration behavior of migrating plasmodia
is environment-dependent and interconnected, but the reason for certain morphologies as adapta-
tions to the environment remains unclear. We come back to this topic in the next chapter, where
we expose P. polycephalum to a chemical gradient to test its search strategy in the presence of
guiding cues.



Chemotaxis of Physarum polycephalum

In the previous chapter, we have seen that the morphology and the migratory behaviour of P. poly-
cephalum is modified in different homogeneous environments. What happens when we expose
it to an inhomogeneous environment and, more specifically, to a gradient of nutritive chemicals?

This is the topic of the following chapter.

Chemical gradients and the chemoreception of
Physarum polycephalum

Gradients are ubiquitous in nature. Also at small scales, natural environments tend to be very
heterogeneous — microbes in the ocean, for example, are subject to many chemical and physical
gradients; they “see a sea of gradients” [206]]. Cells also experience gradients within organisms:
chemical gradients guide neutrophils towards inflammation sites [207] and fibroblasts towards
wounds [208]], and sperm use chemical gradients to find the egg [3| 209|]. Finally, chemical
gradients also play a role in the chemical communication and the mating of microbes [210],
and cells like, for example, bacteria are guided to their food by gradients [20} 211]. All these
examples are known under the term chemotaxis, the directed motion of organisms in response
to a gradient of chemicals. Of course, there are also other forms of taxis, such as phototaxis (in
response to a light gradient) or mechanotaxis (in response to, for example, substrate stiffness
gradients), which can also be achieved by simple cells [212}213]].

While bacterial chemotaxis is well understood [214]], many unanswered questions remain
about eukaryotic chemotaxis, such as how cells polarize along a gradient [215]]. Despite that,
some progress has been made in the last two decades with D. discoideum as the prominent
model organism, highlighting the mechanism of a biased choice of protrusion retraction [[144,
216-218|]. The idea of this pseudo-pod centered mechanism [218]] is that cell protrusions or
pseudopods are self-generated more or less independent of the presence of chemoattractants. If
chemoattractants are present, they bias, for example, the position at which new pseudopods grow
or which pseudopod of two or more is retracted [218]]. This could, for example, be regulated by

intracellular signaling cycles, for example the LEGI system [143] [144], which is explained in
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Section Another possibility is that pseudopods compete for a finite pool of actin in such a
way that a winning pseudopod takes all the available actin and determines the next direction of
movement [219]. For an overview over other models of chemotaxis, see Reference 220,

The process of chemotaxis gets even more intricate if many cells are involved in the chemo-
tactic process. In fact, cell clusters improve the accuracy of gradient sensing compared to in-
dividual cells, which might be mediated, for example, by measuring concentration differences
across the cluster or by averaging the noisy, independent measurements of individual cells [221+-
224]. Also, groups of cells can generate gradients themselves in a homogenous environment, or
steepen existing gradients, thereby enhancing chemotactic efficiency [[1955200} 225].

Even though the details of gradient measuring and sensing are very diverse, using gradients
as a sensory cue is a fundamental part of the search strategies of many different species, evoking
the impression of convergent evolution [29]. As a remarkably large cell without central nervous
system, what are the means by which P. polycephalum senses chemicals and performs chemo-
taxis? On the one hand, the large cell size seems to be advantageous since the spatial gradient
can be measured with a higher accuracy. On the other hand, the directed motion up a gradient
requires the coordination of its randomly forming protrusions over a large spatial distance, pos-
ing an intricate problem. How does the information transfer between distant protrusions work?
And how is the sum of all information processed to coordinate the action of the protrusions?
These are challenges not present in tiny bacteria or amoebas. How could the chemotactic pro-
cess look like in P. polycephalum? All protrusions continuously receive some information about
the chemical composition of the substrate at their location. This probably triggers a chemical
pathway of signal sensing in a given protrusion and the information about the received chemical
signal is somehow passed on. There could be, for example, an intracellular signaling molecule
acting as a cue for protrusion growth or retraction that is transported through the whole cell
between protrusions on different ends by diffusion or advection. In that case, large plasmodia
should be slower in processing guiding information because the large size implies large spatial
distances between the protrusions that need to be coordinated. This could lower the chemotactic
performance. On the other hand, larger plasmodia span a larger portion of the gradient, so sense
stronger concentration differences. This could increase chemotactic performance according to
the Weber-Fechner law described in Section Do plasmodia of different size show differ-
ences in how efficiently they follow a gradient? Also, do chemical gradients lead to changes
in morphology, as seen in the previous chapter, and does this impact the migration behavior?
Before we discuss the results of our chemotaxis experiments with P. polycephalum, we briefly
summarize what is already known about its chemotaxis.

Different methods have been used to quantify the chemotactic response of P. polycephalum:

measuring chemotaxis at the behavioral level of migration, pressure variations in the plasmod-
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ium, the isometric tension in tubes, or the electrophoretic mobility of plasmodia [226]]. Chem-
icals are only recognized above a certain threshold concentration, ranging from 0.1 mM for
glucose to 1 mM for KCl and 10 mM for fructose [227]. Following the chemical detection,
the tension of the network tubes changes. The tension decreases with the application of at-
tractants like carbohydrates and increases with the application of repellents like inorganic salts
[228]]. Le-Verge-Serandour and Alim propose an electrophysiological feedback mechanism for
the detection of chemicals and the migration as a response to that [[160]: external concentrations
hyperpolarize or depolarize the membrane potential, which in turn changes the amount of free
calcium and ATP. This triggers locally either the tension or the relaxation of tubes or protrusions
and results in locomotion, as explained later in this section. The idea is supported by the finding
that the injection of ATP and calcium in a tube of P. polycephalum is known to cause a transient
contraction [[229]].

At the behavioral level of chemotaxis, meaning the directed migration of P. polycephalum
in response to chemicals, a number of experiments revealed the chemotactic performance of
P. polycephalum. Carlile tested the ability of plasmodia to migrate towards a well filled with a
test solution which was mirrored by a well filled with distilled water [230]. The test solution
was allowed to diffuse for 1 to 4 days before the plasmodium was inoculated in the centre
between the two wells. A test was counted as positive if the plasmodium had reached the well
with the test solution but not the control well, and negative if vice versa. Glucose for example
yielded 100% positive results for chemotaxis in 30 trials. Also, Carlile found that there is a
correlation between the chemotactic effectiveness of a chemical and its ability to support cell
growth of P. polycephalum. Interestingly, the response was most consistent if the agar substrate
contained all nutrients required by P. polycephalum except the one being tested [230]]. Another
test of chemotaxis was performed by Chet and others with a ‘star’ chemotaxis test, a petri dish
with four separate quadrants where only one quadrant contained the test solution and the three
other quadrants a buffer as controls [231]]. They found similar responses like Carlile for various
substances and also determined that a gradient of 1 to 2 ug per ml and mm between 40 to 60 ug
glucose per ml leads to a positive chemotactic response. In a scenario with both attractant and
repellent substances as a mixed stimulus, P. polycephalum performs chemotaxis towards the test
solution depending on the repellent concentration [202]: ranging from complete attraction for a
low repellent concentration of 10 mM KCI to mixed attraction for intermediate concentrations
and repulsion for high concentrations of more than 150 mM KCI.

The difference in cortex tension induced by the sensing of the chemicals affects the migra-
tion of P. polycephalum. It generates a pressure gradient, which leads to a flow of the cytoplasm
from the tail to the front of the cell [232,233]], generating protrusions [[160]. The exact process of

protrusion formation in P. polycephalum has not yet been described. In eukaryotes, protrusions
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are either formed by cell polarization due to cortex contraction at the tail and actin polymeriza-
tion at the front of the cell [234], or by blebbing, which is the formation of spherical protrusions
when a part of the cell membrane detaches from the cortex [235}236]. The cellular slime mold
D. discoideum employs both modes of migration [235]]. Interestingly, its protrusions form ran-
domly, even in a chemical gradient, but it still performs successful chemotaxis [216,237]]. This
raises the question of how individual protrusions coordinate their growth and retraction on the
level of the entire cell for directed migration. Insights from research on D. discoideum suggest
that the cell front could communicate with the tail by transmitting a chemical protrusion inhibitor
[237]. It is not known whether this signal would be transported by diffusion or by faster, directed
transport mechanisms [238], 239]. A counter-proposal for a long-range inhibitor is membrane
tension, based on experiments with neutrophils: it was shown that a tethered neutrophil with
one extending pseudopod did only generate a new pseudopod when the tension was released by
cutting away the old pseudopod from the cell body [238]].

In P. polycephalum, contractions of the network tubes drive a shuttle flow [47]. Their dy-
namics are coordinated spatially in a peristaltic wave, which matches the organism’s size, even
for specimens up to 2 cm in size [47]]. This long-range coordination can be explained by a model
that involves the coupling of the tube contractions to a signaling molecule that is transported with
the fluid flow [240]. On another note, Alim and others showed that the perception of a nutrient
stimulus by the cell causes a local increase in the contraction amplitude which travels along the
cell. This can be explained by the release of a signaling molecule in the cytoplasm of the cell
which is advected by fluid flows and in turn influences the flow generation by causing local in-
creases in contraction amplitude [241]]. A recent study showed that a signaling molecule acting
as a softening agent can explain the dynamic response of a tube network of P. polycephalum to
a nutrient source [74]. These findings suggest that the advection of a signaling molecule could

also play a role in protrusion coordination by flow during the chemotaxis of P. polycephalum.
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Experimental setup and results

We let plasmodia of different sizes migrate on 1.5% agar substrates containing concentration
gradients generated by diffusion (see also Appendix[A.2]for the protocol and[A.3|for estimations
on the gradient shapes): part of the agar is cut out on one side and the cavity is filled with agar
containing chemicals which will diffuse through the substrate. Symmetrically on the other side,
agar is cut out and the cavity is filled with plain agar as a control stimulus. Plasmodia are
placed in the middle of the 3.5 cm-wide agar piece between the two cut-outs, around 3 to 4
hours after gradient initiation. After around 6 hours they start migrating and successfully move
up the concentration gradient of SDM (semi-defined medium) within several hours (Figure [33)).
However, they do not move persistently towards the nutrient source, but we observe long phases
of stationary cell oscillations as already described in the previous chapter.

Quantifying their centroid trajectories with a time resolution of 4 min, we find that migra-
tion is mainly happening in the dimension of the gradient: the migration distance parallel to
the gradient is much larger than the migration distance perpendicular to it (Figure [33IC). The
plasmodia show a high chemotactic index after 20 hours of migration (Figure [33|C), which is de-
fined as the ratio of the displacement in the gradient direction to the absolut displacement [[162].
However, their directional persistence, defined as the ratio of the absolut displacement to the
total distance traveled [[162], appears rather low (Figure [33C). The reason for this discrepancy
is that P. polycephalum does not move in one direction continuously, but shows back-and-forth
movements as apparent from the oscillating time course of the migration distance (Figure [33[C).
This results in a large total distance traveled compared to the absolut displacement, so a low
directional persistence.

To extract the migration characteristics, we compute again MSD and orientational correla-
tion (Figure [34). We find that, compared to plain agar, the motion of plasmodia on gradient
agar is more directed on long time scales, resulting in a larger MSD exponent 3 on these time
scales (Figure [34]A, inset), which aligns with their successful chemotaxis up and parallel to the
concentration gradient. However, we find a strong dip in the MSD exponent and the orienta-
tional correlation towards zero at a time scale ¢t ~ 20 min). This means that, on this time scale,

plasmodia are effectively performing a diffusive motion.
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Figure 33: P. polycephalum successfully directs its motion towards a source of nutrients. (A)
Background subtracted image of plasmodia of P. polycephalum on a petri dish with a gradient of
nutrients in the migration substrate (1.5% agar). On the top and bottom, agar was cut out and
replaced by agar containing nutritious medium (10% SDM mixed with 90% distilled water) and
distilled water, respectively. The image was taken 28 h after inoculation of the plasmodia. Their
initial positions lie on the gray dashed line. (B) Recentered trajectories of all 23 experimentally
observed plasmodia. Green dots show end positions after 20 hours of migration. (C) Cumulative
migration distance parallel to the gradient (red) and perpendicular to the gradient (blue) of
individual plasmodia (thin lines) and of the mean (thick lines). The inset shows a zoom-in of
the oscillating time course of the migration distance of individual plasmodia, present in both
axes. (D) Chemotactic index (ratio of the displacement in the gradient direction to the absolut
displacement) of plasmodia after 20 hours of migration against the corresponding directional
persistence (ratio of the absolut displacement to the total distance traveled). In blue, the mean
and standard deviation over all individuals.

Anti-persistent movement stems from protrusion oscillations To understand
better what is going on, we have a closer look at the migration behavior: we perform an analysis
of the run-tumble-and-oscillation dynamics as in Chapter 4. To quantify the orientation of migra-
tion steps in the three different phases, we compute histograms of the number of migration steps

in a given direction.They show that runs are strongly oriented towards higher concentrations,
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Figure 34: The chemotactic movement of P. polycephalum shows long-term directed motion and
short-term anti-persistence. (A) Log—log plot of the superdiffusive MSD of migrating plasmodia
on agar with a gradient generated by a 50% SDM agar source. The green line and shaded
region represent the ensemble average over the time-averaged MSDs of 23 individual trajectories
on gradient agar and the standard deviation, respectively. The gray line shows the result for
plasmodia migrating on plain agar from Chapter 2. Dash-dotted lines show the MSDs of ballistic
(x t?) and diffusive motion ( t!). Inset: Instantaneous MSD exponent 3(t). The migration is
superdiffusive (8 > 1), except for the dip at around ¢ ~ 20 min. (B) Orientational correlation
C(t) with anticorrelation at ¢ ~ 20 min.

whereas tumbles and oscillations are oriented randomly (Figure [35]A). The average oscillation
duration is approximately 70 minutes and we found no dependence on cell size. To find the
dominant oscillation periods, we performed a Fourier analysis. We chose to perform a Fourier
analysis of the time course of the speed projected in the direction of the gradient to look at os-
cillations in a given axis. To take out overtones, we consider the three strongest signals in the
Fourier spectrum of the speed of a plasmodium and pick the one with the minimum period. We
find that the dominant period computed in that way is independent of cell size and lies between
between 30 and 47 minutes with an average of 35 minutes (Figure [35B). This explains the ob-
served dip of the MSD exponent and orientational correlation at a time scale ¢ ~ 20 min: it
corresponds to approximately half the oscillation period.

Following the fate of two protrusions of a plasmodium during an oscillation event, we can
explain the oscillations of the centroid speed: On a time scale of ¢ = 20 min, a plasmodium is
shifting its body mass from one protrusion to the other, resulting in a back-and-forth movement
of the centroid position, which corresponds to anti-persistent movement. The two protrusions
compete with each other until one wins and the plasmodium moves further up the gradient
(Figure [36).

Where do these long-time oscillations originate and how can they be maintained? The os-
cillations can be explained by a model originally developed for cell shape oscillations during
cytokinesis of HeLLa cells and fibroblasts. It is based on a competition between the actin turnover

dynamics and the contraction dynamics of the cell cortex [242]]. To adapt the model to our case,
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Figure 35: (A) P. polycephalum uses directed runs to climb the gradient, while tumbles and
oscillations are oriented randomly. Histograms of the number of migration steps during a
given phase (run, tumble, oscillation) in a certain direction. (B) Dominant period of the speed
oscillations against cell area.
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Figure 36: Plasmodia show long-time oscillations of protrusions. 18 h-long time course of the area
of two competing protrusions (red and green). Protrusions are defined as shown in the insets.
The black line represents the sum of the two areas.
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we describe a plasmodium in the oscillation phase in a simplified manner: as two protrusions
of radii Ry and Ry located at opposing ends of a single tube of radius ag (Figure [37). Each
protrusion is modeled as a viscoelastic medium with bulk elastic modulus K and bulk viscosity
7. Actin cortex tension 7™ is parametrized as a function of actomyosin density [242]], whose
dynamics are determined by the actin turnover time 7. Cell mass can be transported from one
protrusion to the other through the connecting tube, which is what we add to the model by
Sedzinski and others. Fluid flows within the long slender tubes of P. polycephalum are laminar

[43]45]] and characterized by a fluid viscosity .
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Figure 37: Schematic of the oscillation model with all parameters. Two protrusions with radii R;
are connected by a tube of length L and radius ag.

Combining the contraction dynamics of the cell mediated by its elastic properties and the
actin dynamics mediated by actin polymerization and depolymerization, Sedzinski and others
arrive at a dynamic system with an instability. The stable system switches to oscillations at the

threshold of the instability. The period of the oscillation is computed as

20\ /TTe
1 —eh(r.)’

Toscillation =

with the dominant time scale of the contraction dynamics 7., and two dimensionless parameters
e = T*/(apK) and h(r,) depending on some mechanical and geometrical properties of the
plasmodium, where r, = ag/ R, with R, the rest radius of a protrusion [242]. The presence of
the connecting tube in our case changes the value of 7. due to the associated pressure drop along

the tube, which can be computed solving the continuity equation. This leads to an additional
16puL

3r3agK

Moving P. polycephalum has actin turnover times in the range of 10 to 30 minutes [243],

term in 7. = 5% + compared to the 7. = 5% in the original model [242].

which is very slow compared to for example mammalian cells with turnover times of 20 to 25
seconds [244]. This increases the oscillation period Tyscination Significantly. With literature
values for cell mechanical properties and measurements of the dimensions of the plasmodia

migrating in the gradient (Table E]), we find values for Togcination 1 the range of 15 to 65 minutes.
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Parameter Value Reference
T 10-30 min 243
T* 1073 N/m 245
K 10 N/m? 245
n K*24s 240
m 6.4 + 1073 Ns/m? 241
L 5-10 mm own measurements
R 500-800 pm own measurements
ao 100-150 pm own measurements

Table 5: Mechanical and geometrical properties of plasmodia migrating in the gradient of nutrients.

This encloses the experimental oscillation periods of around 35 minutes and, hence, represents

a possible mechanism for the observed cell shape oscillations.
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Figure 38: When a homogeneous background of SDM is superimposed on the chemotaxis setup,
P. polycephalum shows no short-term anti-persistence. (A) Log-log plot of the superdiffusive
MSD of migrating plasmodia on 5% SDM/BSS agar superimposed by a gradient generated by a
50% SDM/BSS agar source. The green line and shaded region represent the ensemble average
over the time-averaged MSDs of 2 individual trajectories on gradient agar and the standard
deviation, respectively. The gray line shows the result for plasmodia migrating on plain agar from
reference 145, Dash-dotted lines show the MSDs of ballistic ( t?) and diffusive motion (o t1).
Inset: Instantaneous MSD exponent 8(t). The migration is superdiffusive (8 > 1) in both cases.
(B) Orientational correlation C(t).

To test if the morphology of plasmodia and hence the oscillations are introduced by this
specific environment, we perform two additional experiments: one with a source containing
12.5% SDM and 12.5% basal salt solution (BSS), so a less steep gradient, and one with a
low-concentration homogeneous background of SDM/BSS (2.5% each) in addition to the high-
concentration SDM/BSS source (25% each). For the experiment with the less steep gradient,
we still observe oscillations, but with a lower average duration of 56 min. However, for the
experiment with additional background concentration, we observe two different behaviors of
plasmodia: some do not leave their inoculation sites and display a tubular morphology con-
nected with stationary oscillations. Another plasmodium takes on a sheet-like morphology after

the initiation of migration and follows the gradient without oscillations. The last plasmodium
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starts with tubular morphology and oscillations but then changes its morphology to sheet-like
and moves up the gradient without oscillations. Looking at their MSD exponent and orienta-
tional correlation, we find them to be similar to the one observed for plain agar (Figure [38), only
with a lower effective diffusion constant due to a lower speed, resulting in an offset in the MSD.
This aligns well with our observation in the previous chapter that oscillations are connected with

a tubular morphology but are absent in a sheet-like morphology.

Chemotactic efficiency depends on cell size Since the chemotactic index is very close
to 1 for most plasmodia (Figure 33D), we introduce another measure to quantify chemotactic
efficiency, the chemotactic drift velocity. It is defined as the mean velocity at which a cell moves
up a chemoattractant gradient [246]]. Since the speed of a plasmodium correlates with its size
[41]], we scale the chemotactic drift velocity with the average speed of a plasmodium. We find
that this scaled chemotactic drift velocity correlates with cell size (Figure r-value = 0.69),
so larger plasmodia are more efficient in climbing the gradient.
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Figure 39: Larger plasmodia are more efficient in climbing the chemotactic gradient. We plot the
average chemotactic drift velocity of individual plasmodia scaled by their average velocity against
cell area.

A look at the migration phase statistics shows why: when we divide the number of 23
trajectories into two subgroups, one with a cell area smaller than 3 mm? (11 plasmodia) and
one with a larger cell area than 3 mm? (12 plasmodia), we find that large plasmodia manage to
orient their runs more towards the gradient direction (Figure #0). The overall time fraction of
trajectories in the run phase is 23% for small plasmodia and 24% for large plasmodia, which
is no significant difference. Also the average run duration is the same for both: about 17 min.
Therefore, the orientation of the runs along the gradient is the decisive factor in making the large

plasmodia more efficient in climbing the gradient.
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Figure 40: Large plasmodia are better at directing their runs towards the gradient source than
small plasmodia. Histograms of the number of migration steps during a given phase (run, tumble,
oscillation) in a certain direction for the two subgroups small plasmodia (11 individuals, cell area
< 3mm?) and large plasmodia (12 individuals, cell area < 3 mm?).

Discussion

We quantified the migration of P. polycephalum plasmodia in a concentration gradient of nutri-
ents and showed that plasmodia perform successful chemotaxis. We find that during this process,
plasmodia exhibit phases of anti-persistent cell oscillations and that larger plasmodia are more
efficient in climbing the chemotactic gradient.

Our model gives a possible explanation for the origin of the oscillations. It highlights the
competition between actin turnover dynamics and contraction dynamics as a likely mechanism
for the emergence and maintenance of long-term oscillations in the system. To further test the
model, one could quantify the perturbation of the mechanical properties of the plasmodia on the
oscillation period. There are treatments that can alter the elastic properties of the plasmodial
ectoplasm: phalloidin stabilizes actin filaments [247, 248]], and Latrunculin A disrupts actin
polymerization, leading to a dilation of the cell [[53]]. These treatments have been used before
in a study investigating the traction stresses that plasmodia exert on the substrate. It has been
shown that a treatment with phalloidin increases traction stresses, while Latrunculin A slightly
decreases them [49]. In our case, it would be interesting to see the effect of these treatments on
the period of the oscillation we have described. From the formula for the oscillation period, we
predict that treatment with phalloidin, which stabilizes actin and probably increases the elastic

modulus and decreases protrusion radii, will decrease the oscillation period, while treatment
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with Latrunculin A will increase it. The model might explain what is happening during an
oscillation event, but it does not account for the net motion observed before and after such a
phase. It could perhaps be extended to explain the beginning and end of the oscillation phase by
introducing different elastic moduli of the two protrusions, which could be induced, for example,
by a softening agent released during nutrient sensing, biasing the oscillations and leading to a net
movement of the cell. One could also try to simulate the movement of plasmodia up the gradient.
If centroid-based simulations are employed, as in Chapter 3, it is reasonable to include the
oscillations as an additional migration phase to simulate a run-tumble-and-oscillation movement.
Finally, it would be interesting to study the existence and the characteristics of the oscillation
phase also during the negative chemotaxis of P. polycephalum in response to a repellent stimulus
such as KCl to see if the same dynamics appear.

The question remains as to why these oscillations are present during the migration on gradi-
ent agar since the anti-persistent nature of this migration phase makes the exploration behavior of
P. polycephalum less efficient. The oscillations could also be a means of acquiring information
about the environment. Do plasmodia maybe need the time of an oscillation event to process
information about the gradient since information transfer is slow due to the large cell size, or
are the oscillations even a mechanism to process the information by mechanical computation of
softness differences in protrusions? Another possibility is a newly proposed model of protrusion
growth as a directional decision-making process, which is mediated by the competition for a
finite pool of actin [219]], as described at the beginning of this chapter. The decision requires
a certain decision-making time, which could be very long for P. polycephalum and connected
with oscillations. Finally, the oscillations could just be morphology-induced, as suggested by
the findings in the previous chapter that tubular morphology and oscillations are correlated. This
is supported by the fact that sheet-like plasmodia perform successful chemotaxis without oscil-
lation phases.

Regarding the influence of cell size on the chemotactic performance, we found that larger
plasmodia are more efficient in climbing the gradient, quantified by the scaled chemotactic drift
velocity. This finding is in favor for a membrane tension-induced inhibitor rather than a diffusing
or advected signaling molecule since intracellular signal transport should take longer for larger
cells, but not much longer if it’s a mechanical signal [238]]. In E. coli, the chemotactic drift
velocity depends on the gradient of the logarithm of the concentration [138]], a realization of
the Weber-Fechner law [[140] explained in Section Larger cells of P. polycephalum sense
larger concentration differences and hence receive a stronger cue, which could improve their
chemotactic efficiency. This is supported by the fact that the runs of large plasmodia are more

directed towards higher concentrations than the runs of small plasmodia.



(Self-)interacting random walks and aging

The analysis in this chapter was performed with input from Raphaél Voituriez as part of a col-

laboration.

Path marking and cell interaction

Some cells change their environment during migration by releasing signals to which they react
as soon as they reencounter them - a mechanism that has been largely overlooked until now
[164]. This process, known as self-interacting random walk, has strong consequences on the
space exploration dynamics of such cells [[114}|164, 249]]. In particular, self-interacting random
walks have aging properties, meaning that the dynamics of the random walk depend on the full
trajectory of the random walker up to a time ¢, so show memory effects [[114]]. This is reflected
by the fact that the MSD is not only a function of the time interval ¢ but also of the observation
time 7"
MSD(T,t) = 2D(T, t)t*/%w,

where D(T,t) is the effective time-dependent diffusion coefficient and d,, the fractal dimension
of the random walk [114]]. For example, MDCK epithelial cells deposit footprints on their
path, facilitating adhesion and migration and having an attractive effect [[164]]. This leads to
subdiffusive behavior (MSD exponent smaller than 1) on long time scales, and aging of the MSD
on intermediate time scales because the cells deposit more signals, influencing the migration
dynamics [[164]. As described before, P. polycephalum leaves a slime trail and avoids it [[79]],
so its migration also falls in the class of self-interacting random walks. The emerging features
of self-interacting random walks become even more interesting when one considers not only
one self-interacting random walker but a group of them. In this case, they will change the
environment quicker, and individuals will receive more signals to which they will respond. There
is no study investigating if a plasmodium reacts differently to its own slime trail than to the slime
trail of another plasmodium. However, since we use clonemates, we assume that there should

be no chemical difference between slime trails of different plasmodia.
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Plasmodia might also interact with each other via other mechanisms than the slime trails.
Few studies have investigated such interactions [250252]]. Vogel and others found that plas-
modia also release so-called ‘foraging stimuli’ in the form of calcium to their environment,
which are attractive to other plasmodia [250]. In a study by Briard and others, evidence was
found supporting the hypotheses that P. polycephalum releases substances in its environment in
response to stimuli and that other plasmodia can detect these substances and adapt their behavior
[252]. When choosing between different substrates, plasmodia prefer agar previously explored
by well-fed conspecifics over blank agar over agar previously explored by starved conspecifics.

Here, we want to investigate the effect of the path-marking by slime trails on the migration
statistics of a group of plasmodia. More generally, how does a system of many path-marking
agents evolve over time, with the agents interacting with the deposited paths as they encounter
them?

Experimental setup and results

Figure 41: Arrangement of the cells on a 9cm petri dish. Left: 5x5 cells, right: 7x7 cells.

We performed migration experiments on 1.5% agar substrate with many small plasmodia
seeded in a grid arrangement of 5x5 (25) or 7x7 (49) cells, as shown in Figure @1} For this,
single microplasmodia from liquid culture were placed on the agar surface using a 1 mL pipette
tip and a grid pattern placed below the transparent petri dish. Imaging was started directly after,
as described in chapter 2, and followed the migration of the plasmodia for 3 days. In the group
of 25 plasmodia, migration started after 5 hours. Depending on the setup and the speed of the

plasmodia, they encountered the slime trails of other plasmodia after another 5 to 15 hours and
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Figure 42: Time course of a group of 25 plasmodia migrating on 1.5% agar substrate. Plasmodia
are displayed in black and slime trails in gray.
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avoided them. Towards the end of the experiments (35 to 50 hours after inoculation), some cells
stopped migrating and subsequently strongly decreased in size, turning into immobile, small,
circular cells. The origin of this behavior is unclear. However, this phenomenon was not inves-
tigated further due to time constraints and is left for future studies. The data analysis for the
following results was performed excluding these immobile states. First, we discuss the proper-
ties of the area covered by the plasmodia with slime, which define the aging of the environment.
Afterward, we investigate the aging system’s influence on the plasmodia’s migration statistics.
Figure [42]shows a time evolution of the area covered by slime in a 5x5 grid scenario, which
corresponds to the explored area. Plasmodia (black) explore their surrounding environment and
simultaneously cover it with slime (gray), thereby changing the system and influencing their
own and each other’s migration due to the repellent property of the slime. We find that the
time evolution of the covered area exhibits three regimes. After a lag time in the beginning
where plasmodia are initiating migration, the area explored by the plasmodia and covered by
slime grows about linearly in time (Figure d3]A). Towards the end of the experiment, the growth
flattens out. This is due to the mentioned immobilization of individual plasmodia which can

be seen as plateaus in the time evolution of the areas explored by individual plasmodia (Figure

fA3B).
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Figure 43: (A) Time evolution of the total area covered by all plasmodia shows three regimes

(boundaries indicated by dashed lines). (B) Individually covered areas (color-coded by plasmodium
area) plateau for long times.

The emerging shapes, especially towards the end of the experiment, resemble fractal struc-
tures (see last panels of Figure[#2)). We determined the fractal dimension of these shapes by the
Minkowski—-Bouligand dimension using the box-counting method implemented in MATLAB by
Frederic Moisy [253]. We find fractal dimension between 1 and 2, revealing the fractal nature
of the area covered by the slime. We find fractal dimensions of around 1.3 for individual trails
and 1.7 for the group of trails (Figure 44).
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Figure 44: The area covered by the plasmodia with slime has a fractal structure. (A) Area
covered after 3 days. The fractal dimension is the slope from (B). (B) Log-log plot of the number
of quadratic boxes necessary to cover the area as a function of the box size. The slope gives
the fractal dimension of the pattern. (C) Area covered by a single plasmodium. (D) Fractal
dimensions of the slime tracks of the individual plasmodia with an average of 1.3 (dashed line).

Inspecting the experimental recordings, we observe differences between plasmodia migrat-
ing in the bulk of the cell group and plasmodia migrating at the periphery. While the latter are
migrating radially outwards, the former remain mostly constrained to the inner part of the orig-
inal grid arrangement. Therefore, analyzing these groups separately in terms of their migration
characteristics is reasonable. Indeed, we find striking differences in the two groups. The outer
plasmodia indeed exhibit a radial outward drift, which is not present for the inner plasmodia,
where only one third moves radially outwards (Figure #5]A,B). This drift cannot be explained
by slime-trail interactions since it starts from the very beginning, when no trails have been de-
posited yet. Looking at MSD exponent and orientational correlation, we find that the plasmodia

starting their migration at the group’s periphery move more persistently on large time scales
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than plasmodia starting in the bulk, but also more persistently than single plasmodia on plain
agar (Figure [i6)), leading to a higher space exploration. This can be explained by the interaction
of the plasmodia with slime trails. The plasmodia in the bulk are quickly surrounded by slime in
all directions, which blocks their movement, while the plasmodia at the periphery escape radially

outwards to still uncovered areas, resulting in a kind of collective superdiffusion.
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Figure 45: Plasmodia at the periphery show a radial drift outwards. (A) Left: trajectories of the
bulk plasmodia. Right: trajectories rotated and recentered according to their relative position
with respect to the center (black disk). (B) Left: trajectories of the peripheral plasmodia. Right:

trajectories rotated and recentered according to their relative position with respect to the center
(black disk).



6.2 Experimental setup and results 84

Both peripheral and bulk plasmodia show a dip in the MSD exponent and the orientational
correlation around ¢ ~ 20min compared to plain agar (Figure [46), which indicates a lower
persistence on this time scale. This is reminiscent of the behavior described in the previous
chapters, where plasmodia show an oscillation phase when exposed to certain chemicals. Indeed,
they sometimes show tubular morphologies connected with oscillations, especially when they
are surrounded by slime trails. This suggests that the slime trail is containing chemicals to

which plasmodia react by oscillations.
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Figure 46: Plasmodia at the periphery show higher persistence than bulk plasmodia on long time
scales. Left: Instantaneous MSD exponent of bulk plasmodia (blue) and peripheral plasmodia
(pink). Right: Orientational correlation.

Next, we investigate how the migration statistics change depending on the observation time,
which is known as aging. For that, we follow the aging-analysis procedure of D’ Alessandro and
coworkers [[164]: we divide the experiments into time frames of 16 hours starting at experiment
time 7" € [0, 8, 16, 24, 32,40] h and calculate the migration characteristics for these time frames
individually. To improve the statistics, a sliding average over to € [T, T + 16 h] is performed
for the characterizing quantities. For the same reason, curves are cut at 16/3 = 5.3 h. Looking
again at MSD and orientational correlation, we find that they change with the observation time
T, exhibiting strong aging effects for bulk plasmodia and slight aging effects for peripheral plas-
modia (Figure #7). Note that the observation time 7" = 0 is not the inoculation time point like
in Figure [42] but the time point where plasmodia start migrating. The MSD and orientational
correlation reveal two aging effects: a general shift of the MSD to lower values and a change of
the MSD and orientational correlation at a time interval ¢ ~ 20 min. The general shift is due to
a decrease of the effective time-dependent diffusion coefficient D(T', t) with observation time
T'. The change at t ~ 20 min is reminiscent of the dip discussed in the previous chapters, where
it was related to chemical sensing. For bulk plasmodia, both effects can be explained by an
increasing exposure to surrounding slime trails, which slow down the movement of plasmodia

(shift of the the MSD) due to their repellent property and lead to anti-persistent protrusion oscil-
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lations connected with chemical sensing (increasing dip in MSD and orientational correlation at
t =~ 20min). For peripheral plasmodia, the result is less clear. They also exhibit a slow down,
but the dip in MSD and orientational correlation is slightly decreasing with observation time
T'. This could be the effect of the radial outward drift, resulting in more and more persistent

movement due to the distance to other plasmodia.
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Figure 47: Plasmodia interacting with each other’s slime trails show aging effects in their MSD
and orientational correlation. (A) Left: MSD divided by time of bulk plasmodia for different
observation times T'. Right: Orientational correlation of bulk plasmodia. (B) Left: MSD divided
by time of peripheral plasmodia for different observation times 7". Right: Orientational correlation
of peripheral plasmodia.
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Finally, we shortly describe the outcome of the experiment with 49 plasmodia. They also
covered the available space in a time frame of around 60 hours (Figure #8). The fractal di-
mension of the final structure is 1.78, which is close to the value for 25 plasmodia. Peripheral
plasmodia also show a radial drift outwards (Figure #9). The remaining data analysis suffered
from some problems. There were many plasmodia fusing with each other, as described in the
discussion. Also, plasmodia started closer to the boundary of the observation area and quickly

left it. All this lead to poor statistics, making it impossible to quantify any aging effects. Due to

a lack of time, we could unfortunately not improve on this.
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Figure 49: Plasmodia at the periphery show a radial drift outwards. (A) Left: trajectories of the
bulk plasmodia. Right: trajectories rotated and recentered according to their relative position
with respect to the center (black disk). (B) Left: trajectories of the peripheral plasmodia. Right:
trajectories rotated and recentered according to their relative position with respect to the center

(black disk)
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Discussion

We found that a group of interacting agents with path-marking capabilities, in this case cells
with a repellent trail, show complex dynamics in their migration behavior. Especially interesting
is the different behavior of plasmodia depending on their position in the cell group: cells in the
bulk show aging in the form of a general shift of the MSD to lower values and an increasing dip
in the MSD exponent and the orientational correlation. Cells at the periphery exhibit a radial
drift outwards.

The drift could be caused by substances that diffuse from the slime trails or that P. poly-
cephalum releases into the agar directly, so they can be sensed by other plasmodia. This would
align with previous findings that P. polycephalum releases substances into its environment [[252].
The observed dip in the MSD exponent and the orientational correlation, and the presence of the
oscillations described in the two previous chapters, where plasmodia were exposed to certain
chemicals, also suggest the presence of some substances in the agar. Since no chemicals were
introduced before the start of the experiment, they must have been secreted by the plasmodia
themselves. It would be interesting to investigate this in more detail in future studies.

The described phenomenon of immobilization of the plasmodia towards the end of the ex-
periments constrained the data analysis to a rather short time window, limiting the investigation
of aging effects. A possible explanation for the immobilization could be that plasmodia sense
the presence of other (starved) cells and estimate the environment as unfavorable. Another possi-
bility is that plasmodia notice the presence of slime everywhere and, since it is used as a marker
for already discovered and, hence, exploited territory with no food left, conclude that there is
no possible direction to go and that sporulation is more reasonable to reach a new territory via
flying spores. If the immobilization is due to the initiation of sporulation, this process could be
impeded by using an agar substrate containing nutrients since sporulation is induced when plas-
modia are starving [37, 254]]. However, this would need to be tuned such that plasmodia do not
grow and reduce the available migration area. The time window that could be analyzed was also
shortened by plasmodia leaving the observation area at the borders of the petri dish. To deal with
this, one could maybe use smaller plasmodia that move slower, or a larger petri dish. Another
limitation in this study was the ability of two plasmodia to fuse due to their genetic identity, after
which they form a single cell [66, [255| [256]. Somatic fusion is controlled at the plasmodium

surface and can happen when two plasmodia touch each other [256]. However, fusion is not
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necessary upon contact [88]]. The fusion likely happens in a stochastic manner, as observed for
a close relative [8§]]. It is unclear how such events should be treated in our data analysis, which
is why we excluded plasmodia from the analysis once they fused, decreasing the statistics. To
eliminate this problem, one would either need to think of a way of integrating fusion events in
the analysis, or perform many experiments such that there will be more experiments without
fusion events by chance.

In conclusion, despite the experimental problems we faced, which we think could be over-
come with more time, we believe that migrating plasmodia of P. polycephalum are the model
system of choice to study the collective dynamics of interacting self-avoiding random walkers.
Theorists in the field of statistical physics show a growing interest in self-interacting random
walks [[114} 249], and the type of experiments shown here could provide them with data to test

their theoretical predictions about how the dynamics of such a system evolve in time.



Conclusion and Outlook

The apparent smart behavior, flexible morphology and size variability of the slime mold Physarum
polycephalum make this organism an interesting object of study regarding its migration behav-
ior and search strategies. Although unicellular and, therefore, a relatively simple life form, it is
known for its ability to process information without a nervous system. To tackle the problem of
searching for food in an unexplored territory, it must self-organize its movement and integrate
information about its environment in an efficient way. In this work, I presented detailed analysis,
interpretation and modeling of its migration mechanisms and behavior in various environmen-
tal contexts, ranging from the absence of external signals to the presence of homogeneously
distributed chemicals, and chemical gradients, and from individual to collective migration. We
showed that the migration behavior of P. polycephalum can be captured by a self-interacting ran-
dom process. The self-interacting character has strong consequences for the space exploration
dynamics, both at the individual and collective level. Further, we found that P. polycephalum’s
large cell size is advantageous in this process, as well as in the process of chemotaxis.

First, we statistically described the trajectories of migrating plasmodia in terms of their cen-
troid positions. Our analysis in Chapter 3, treating the case of single plasmodia on a neutral
substrate, revealed that a run-and-tumble behavior determines the short-term migration dynam-
ics. Analysis of the long-term dynamics revealed superdiffusive behavior with a MSD expo-
nent of 5 & 1.5, which we linked to the self-avoiding migration of plasmodia mediated by the
deposited slime trails. We built a data-driven model that matches the experimental migration
statistics of plasmodia, and explains the origins of the superdiffusive exponent. This highlights
P. polycephalum as a model system for a self-avoiding random walker, falling in the class of
self-interacting random walks, a topic that receives increasing interest in theoretical statistical
physics. Investigating the interaction of plasmodia of different sizes with slime trails of plas-
modia of different sizes, we showed that small plasmodia cannot always avoid slime trails, lead-
ing to frequent slime crossings, and that only large plasmodia reliably avoid slime trails. There-
fore, only large plasmodia show real self-avoiding behavior leading to superdiffusive migration,
while small plasmodia tend to diffusive migration. This highlights a potential evolutionary ad-
vantage for larger plasmodia, which may have driven P. polycephalum to evolve into one of the
largest cells we know. This study laid the basis for further investigations of the short-term and

long-term migration behavior of P. polycephalum.
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In Chapter 4, we investigated the influence of the environment on its migration dynamics.
We found a correlation between the environment-dependent morphology of plasmodia and their
short-term migration behavior, while the long-term behavior is unaffected. Depending on the
chemical composition of the migration substrate, plasmodia have tubular, branched, or sheet-like
morphologies, which we quantified by the scaled radius of gyration. We determined the coupling
of this measure with the alignment of the motion: on substrates inducing a tubular morphology
with a large scaled radius of gyration, plasmodia perform more anti-aligned motion in the form of
an oscillation phase not present in our run-and-tumble model. However, on substrates inducing a
sheet-like morphology with a small scaled radius of gyration, plasmodia perform aligned motion
without oscillations. This changes the short-term statistics of the movement: the MSD exponent
shows a dip at around ¢ ~ 20 min, indicating less persistent movement on this time scale. The
oscillations are therefore counterproductive for space exploration, which is why we hypothesized
that they could be part of a decision-making process for finding the next best migration direction.

In Chapter 5, we investigated how the search strategy of P. polycephalum changes in a chem-
ical gradient of nutrients, where it has to align its motion with the gradient direction to reach
higher concentrations, a process called chemotaxis. In agreement with the literature, plasmodia
performed efficient chemotaxis by climbing the gradient we exposed it to. Surprisingly though,
we found that larger plasmodia are more efficient in climbing the gradient than small plasmodia.
That is because they more faithfully align their motion with the gradient, once more hinting at
an advantage of larger cells. We also observed the presence of the oscillation phase, besides run
and tumble phases, as in Chapter 4. Quantification of the direction of migration steps revealed
that run phases are preferentially aligned with the gradient, while tumbles and oscillations are
randomly oriented. This means that P. polycephalum can determine the direction of the gradient
during the tumble and oscillation phases in between the run phases and subsequently move in
this direction. This supports our hypothesis mentioned above that the oscillations could be part
of a decision-making process. Therefore, we further studied these oscillations, as they seem to
be an important behavior of P. polycephalum: we described a model of protrusion oscillations
based on the competition between the actin turnover dynamics and the contraction dynamics of
the cell cortex, which could explain the observed oscillations. The prediction of the model for
the period of the oscillations matches our experimental data.

Bringing our attention back to the important effect of the slime trails deposited by P. poly-
cephalum, in Chapter 6 we examined the effect of self-interactions on the migration dynamics
of a dense group of plasmodia mediated by the emerging slime trail pattern. We found that the
long-term migration behavior strongly depends on the position of plasmodia within the group:
the MSD exponent and orientational correlation at long time scales are low for plasmodia in

the bulk, meaning low persistence, and high for plasmodia at the periphery, meaning high per-
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sistence. This shows how the collective effect can increase the space exploration efficiency of
some individuals by sacrificing the space exploration by others. In addition, the MSD and ori-
entational correlation of plasmodia surrounded by the trails of other plasmodia depend on the
observation time, a property called aging. This means that the change in the migration environ-
ment that plasmodia create with their slime trails has a big impact on their migration behavior.
P. polycephalum is, therefore, an intriguing model system to study the collective dynamics of in-
teracting self-avoiding random walkers. The experiments presented here provide theorists work-
ing on the topic of self-interacting random walks with data to test their theoretical predictions
about how the dynamics of such a system evolve in time.

Our findings open many doors, leading to possible new directions for future research. The
mechanism of trail-deposition is a simple yet powerful trick to guide the migration and improve
space exploration efficiency. From a biological perspective, it would be interesting to identify
the substance in the slime that leads to the avoidance reaction. One could then generate artificial
slime, which could be used to guide the cells, representing an easy tool for steering cell behavior.
From a physics perspective, it is intriguing to study the trapping behavior of plasmodia by their
slime trails in more detail. Trapping can change the dynamics of self-avoiding walks drastically
[257]. When plasmodia migrate long enough, they will certainly be trapped by their own slime
trail in finite time. In such a scenario, a plasmodium must cross the slime trail in order to survive
or initiate sporulation. Indeed, we observed some events where trapped plasmodia escaped the
trap by crossing the slime, assuming a lightning-like morphology, which has been shown to
enable high migration speeds and optimize transport [[54]]. This hints at a very interesting ability
of P. polycephalum to efficiently escape traps, which is worth investigating further. It would be
interesting to understand the conditions under which plasmodia cross their slime and how they
decide for or against doing so. The underlying crossing policy could exhibit optimality in terms
of the trade-off between exploitation and space exploration.

Finally, two big questions remain to be answered: first, what are the intracellular mech-
anisms behind the self-avoiding behavior and the chemotaxis of P. polycephalum? Or more
particular, how are the signals coming from a slime trail or a concentration gradient integrated
to achieve a beneficial response? The two scenarios are related but not identical: while the re-
sponse to the slime is an avoidance reaction, the chemotaxis is more complex since it requires
the computation of the gradient direction based on concentration differences. To find an answer,
one could quantify the intracellular dynamics of slime- or gradient-sensing plasmodia with high
spatial and temporal resolution. For example, the actin dynamics could reveal how and when pro-
trusions are forming to avoid slime or follow a gradient. Clarifying this question will likely also
explain why larger plasmodia are better at avoiding slime trails and gradient climbing: larger

cells must have an internal mechanism to compare concentrations at different ends of the cell
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which is less effective in smaller cells. Second, why do plasmodia with certain morphologies
oscillate, and what is the connection to the environmental conditions, like the presence of a gra-
dient? Future studies could further validate the model for protrusion oscillations by altering cell
properties like the elastic modulus of the cortex, which would influence the oscillation period.
The aforementioned quantification of intracellular processes, such as actin dynamics, could also
help to reveal what happens during an oscillation event, which is a putative decision-making
process. In conclusion, P. polycephalum still holds some secrets about its surprising behavior

and will keep scientists busy for many years to come.



Appendix

Experimental methods

A.1 DMedia recipes

SDM (semi-defined medium)

Ingredients per liter:

10g (D+)-glucose anhydrous
10g Difco bacto-soytone
3.54¢g Citric acid monohydrate

2g

Dipotassium phosphate

1.026g  Calcium chloride dihydrate

0.6¢g Magnesium sulfate heptahydrate
0.034g  Zinc sulfate heptahydrate
0.0424¢g Thiamine hydrochloride

0.0158 g Biotin

Dissolve in distilled water. Adjust pH to 4.6 with 1M KOH or KOH pellets. Autoclave with lig-

uid setting for 20 minutes and store at room temperature. Prior to use add 10 mL hemin solution

per liter and 250 pg mL ! penicillin and streptomycin solution (-20°C) after autoclaving.

BSS medium (balanced salt solution)

Ingredients per liter:

3g

4.20g
0.25¢g
0.21g
0.05g

Dissolve in distilled water.

Citric acid monohydrate

di-Potassium hydrogen phosphate trihydrate
Sodium chloride

Magnesium sulfate heptahydtrate

Calcium chloride dihydtrate

Adjust pH to 5.0 with IM KOH or KOH pellets. Autoclave with

liquid setting for 20 minutes and store at room temperature.



A Experimental methods 95

A.2 Agar plates
Plates with homogeneous chemicals (50% SDM as example)

Recipe for 4 plates:

o Prepare a 250 mL bottle containing 50 mL. VE water. Heat and stir them on the magnetic

stirrer (full heat, 300 rpm) and add 1.5 g of agar.

o When it is boiling, move the bottle into the flow hood, let it cool down a bit and add 50 mL
of SDM.

« Stir again for some seconds and put it back into the flow hood.

e As soon as you can hold the bottle without pain pour the agar into petri dishes.

Plates with a gradient of chemicals (50% SDM as example)
Recipe for up to 6 plates:

o Prepare two 100 100 mL bottles containing 30 mL and 60 mL. VE water, respectively.
Heat and stir them on the magnetic stirrer (full heat, 300 rpm) and add 0.9 grams of agar

into each of them.
« Remove two stripes of agar from an agar plate with a razor blade, see Figure [50]
o When the 30 mL are boiling, move the bottle to the flow hood and add 30 mL of SDM.
« Stir again for some seconds.
e Pipette around 5 mL of the liquid SDM agar, into one half of the plate.
e When the 60 mL are boiling, move the bottle to the flow hood and let cool down a minute.

 Pipette around 5 mL of the liquid water agar, into the other half of the plate.
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Figure 50: Template for the agar cut-out in its actual size, cutting lines in red.
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l Substrate (1.5% agar) ‘ # Plasmodia ‘ Date [yymmdd] ‘ Duration [h] ‘ Experimentalist ‘
220204 71
220311 120
Plain 14 220414 96
220419 137
220610 168
210623 45
. . 220414 115
Plain (avoidance test) 8 510110 o
240116/8 72
230105 312
10% SDM 9 230120 164
230130 162 Lucas Troger
221125 72
5.5 mM glucose, 2 mM leucine 7 221202 48
221216 48
230731 48
. 230802 48
SDM gradient: 50% — 0% 23 330804 ol
230807 48
SDM/BSS: 25% — 0% 4 240605 24
SDM/BSS: 50% — 10% 2 240617 48
. . 230825 71.9
Plain (many plasmodia) 75 531915 66
240502 93.6
240506 96.0
9 240516 93.9
20mM KCI 240520 75.1
240531 90.3
240606 93.1
240610 96.7
230911 94.9
50 mM KCI1 11 230922 98.2
231030 93.2 Diana Lenski
231114 71.6
231117 95.3
pH 5.97 8 231123 94.4
231206 114.5
231106 46.9
pH 7.83 231108 79
12 231211 95.5
pH 8.06 231218 93.5
240209 118.5

Table 6: Data sets analyzed in this thesis.
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A.3 Gradient staining

To stain a gradient of glucose, one can use tetrazolium chloride (TTC) [57]]. The staining solution

contains:

1.67g TTC
100mL purified water
3.54¢g 1M NaOH

Prepare agar plates a certain amount of time beforehand, e. g. 24 hours. Add 15mL TTC
solution to the agar plate, seal the agar plate with parafilm, and put it inside a bigger petri dish.
Let it stain for 1 hour on the rocking shaker (40 rpm). Replace the solution by purified water and
put it for 20 min on the rocking shaker. Warning: TTC solution needs to be put in special waste,
ask your technician. Agar is very fragile now. Shortly dry. Image.

We let glucose diffusive in agar for 24 hours, stained it, and imaged it using a brightfield
microscope. The result is seen in Figure [STJA. From the image, we compute the gray level as
a function of the vertical distance from the top of the image as the horizontal average over all
pixels (Figure[51B). This can be converted into a relative intensity of the TTC stain (Figure[ST[C),
which is proportional to the glucose concentration.

The concentration of glucose diffusing through agar can be estimated from its diffusion coef-
ficient, which has a value of D = 61075 cm? s~! [258]]. We compute the relative concentration

in the agar according to the solution of Fick’s law of diffusion

c(z,t) erfc < x )
= er s
o V4Dt

with erfc the complementary error function, and where we assume one-dimensional diffusion
from a source with constant concentration cy located at x = 0. We find good agreement with

our data (Figure [52JA) and can make estimates for various durations of diffusion (Figure [52B).
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Figure 51: (A) Brightfield image of an agar plate diffused with glucose for 24 hours and stained
with TTC. (B) Average vertical gray level of the image. (C) Relative intensity of the TTC stain.
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Figure 52: (A) Relative concentration of glucose estimated from staining (solid lines) and Fick’s
law (dashed and dotted lines) for glucose diffusing in one dimension from a source at x = 0. (B)
Additional estimates from Fick’s law. The dashed line indicates the initial distance of plasmodia
from the source in our chemotaxis experiments.
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