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Summary

Collective behavior is a fascinating and ubiquitous phenomenon in the animal kingdom,

withmany examples, including the coordinatedmotion of cells, schooling fish, and flock-

ing birds. Among organisms, collective action can benefit group members, such as by

enhancing their ability to avoid predators or find food. In addition, social interactions

can be influenced by other factors, such as changes in temperature or resources, or the

presence of pathogens. The study of collective behavior can help us understand how dis-

eases spread through populations, and by establishing how individual animals respond

to a pathogen, we might be able to better predict how a disease can spread.

With recent technological advances in image-based analysis software and algorithms,

we can study animal behavior in greater detail than ever before, and the use of such

quantitative methodology allows researchers to uncover new insights into how and why

animals behave in the way they do. In this work, we employed cutting-edge tracking

software technology to study how the behavior of guppies (Poecilia reticulata) is affected
by the infection of the socially transmitted ectoparasite Gyrodactylus sp. both at an in-

dividual and at a collective level. In Chapter 1, we use a swim tunnel with intermittent

flow respirometry and develop a quantitative approach that allows us to combine in-

formation regarding swimming kinematics, performance, and respirometry to evaluate

the effect of parasitism on individual swimming behavior across increasing water flow

speeds. Guppies are highly social; therefore, in Chapter 2 we extend our questions to

the collective level, presenting experiments designed to investigate how the presence

of a contagious parasite affects the fission-fusion dynamics of freely shoaling guppies

move and interact. Finally, in Chapter 3, we investigate how differential social influence

(also referred to as leader-follower dynamics) varies across a broad range of interaction

timescales of interactions, and evaluate how this relates to parasitism.

The combined results of these analyses demonstrate the value of an integrative ap-

proach to better understand the role of disease across scales from individual to group -

and from group to inter-group - dynamics in the study of animal behavior.
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Zusammenfassung

Mit den jüngsten technologischen Fortschritten bei bildbasierter Analysesoftware und

Algorithmen können wir das Verhalten von Tieren detaillierter als je zuvor untersuchen.

In dieser Arbeit haben wir modernste Tracking-Softwaretechnologie eingesetzt, um zu

untersuchen, wie das Verhalten von Guppys (Poecilia reticulata) durch die Infektion

mit dem sozial übertragenen Ektoparasiten Gyrodactylus sp. beeinflusst wird, sowohl

auf individueller als auch auf kollektiver Ebene. In Kapitel 1 verwenden wir einen

Schwimmtunnel mit intermittierender Strömungsatmung und entwickeln einen quanti-

tativen Ansatz, der es uns ermöglicht, Informationen über Schwimmkinematik, Leistung

und Atmung zu kombinieren. Auf der Grundlage dieser Informationen untersuchen

wir die Auswirkungen von Parasitismus auf das individuelle Schwimmverhalten bei

steigenden Strömungsgeschwindigkeiten. Guppys sind hochgradig soziale Tiere; da-

her dehnen wir in Kapitel 2 unsere Fragestellungen auf ihr kollektives Verhalten aus

und stellen Experimente vor, mit denen wir untersuchen wollen, wie sich die Anwe-

senheit eines ansteckenden Parasiten auf die Spaltungs- und Fusionsdynamik von frei

schwimmenden Guppys auswirkt und wie sie sich bewegen und interagieren. In Kapitel

3 untersuchen wir schließlich, wie sich der unterschiedliche soziale Einfluss (auch als

Anführer-Nachfolger-Dynamik bezeichnet) über ein breites Spektrum von Interaktion-

szeitskalen hinweg verändert, und bewerten, wie dies mit Parasitismus zusammenhängt.

Die kombinierten Ergebnisse dieser Analysen zeigen den Stellenwert eines integra-

tiven Ansatzes bei der Untersuchung von Tierverhalten für ein besseres Verständnis der

Rolle von Krankheiten über Skalen hinweg - vom Individuum bis zur Gruppe und von

der Gruppe bis zur Intergruppendynamik.
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General Introduction

The movement and behavior of animals in groups have attracted researcher interest for

many decades. This work has focused on understanding how groups function and what

mechanisms drive emergent collective behaviors, as coordinated group patterns that re-

sult from individual interactions (Couzin, 2007; Strandburg-Peshkin et al., 2015; Sumpter,

2010). From ants to fish to primates, there exist remarkable examples of emergent prop-

erties that shape how animals make decisions, forage, escape predators, communicate,

mate, move, and interact with the surrounding environment. For example, by swarming

together, bees use a form of collective intelligence to effectively find a new home (Seeley,

2010). Similarly, fish school together to improve their chances of survival by confusing

predators and making it harder for them to single out an individual fish (Ioannou et al.,

2015; Sumpter, 2006).

Unfortunately, group living is not without costs. As a consequence of the COVID-

19 pandemic, there is renewed interest in understanding how groups of highly con-

nected individuals respond to the threat of disease from parasites or other contagious

pathogens, and the implications of collective action on disease spread (Lopes, 2022; Lopes

et al., 2021; Stockmaier et al., 2021). Although often overlooked, parasites are ubiqui-

tous and highly successful disease-causing organisms (Dobson et al., 2008; Poulin and

Morand, 2000), and can impact the biology of the host at different levels, playing an

important role in the life of an animal (Marcogliese, 2004,0; Timi and Poulin, 2020).

Parasitism is a symbiotic relationship where one organism, the parasite, lives in or

on another organism, the host, causes some degree of damage and lives at the expense of

the host (Combes, 2001; Price, 1977; Raffel et al., 2008). Viruses, bacteria, fungi, protozoa,

as well as worm and arthropod endo- or ecto- macro-parasites can all act as parasites at

some stage in their lives. The diversity of parasites also mirrors the variety of defensive

strategies that both vertebrates and invertebrates adopt to reduce infection risk or dam-

age (Curtis, 2014). For example, the response strategies of both infected and uninfected

hosts can include tolerance - when the host limits and ameliorates the damage of the

infection, or resistance - when the host actively fights against, or avoidance - when a

host (or group) takes action to reduce the likelihood of an infection (Best et al., 2008;
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Curtis, 2014; Stephenson and Adelman, 2022). However, avoidance of parasites, like the

avoidance of predators, can have associated costs (Buck et al., 2018). For instance, an-

imals may avoid close contact with conspecifics that show signs of infection and such

avoidance could increase predation risk, introducing a clear trade-off (Buck et al., 2018).

The choice of a solitary lifestyle is not risk-free (Bordes et al., 2007), and therefore other

avoidance strategies are used by group-living animals. In addition to the often cited

avoidance mechanisms, self-sorting mechanisms are also likely involved in changes in

individual to group movement patterns or behavioral motivations, due to parasitic in-

fections. Differences among individuals (e.g. behavioral state, age, size) can influence

the position occupied within a group, which results in self-sorting (Couzin and Krause,

2003; Couzin et al., 2002). Therefore, if physical impairment due to infection can change

host speed, acceleration, and turning, it might, in turn, alter its spatial positioning within

a group thus affecting overall group dynamics (Couzin and Krause, 2003; Couzin et al.,

2002).

One mechanism of parasite avoidance is detection by the uninfected host (Barber

et al., 2000; Behringer et al., 2018). Detection is achieved via sensory cues that are gen-

erally divided between visual, olfactory, mechanosensory, chemosensory, tactile and

acoustic, or a combination of these (Barber et al., 2000; Behringer et al., 2006; Binning

et al., 2013; Dugatkin et al., 1994; Jolles et al., 2020b; Kavaliers and Choleris, 2018; Kava-

liers et al., 2004; Krause, 1993; Lopes, 2022; Lopes et al., 2022; McElroy and de Buron,

2014; Rahn et al., 2015; Stephenson, 2019; Stephenson et al., 2018; Sumpter et al., 2008;

Timi and Poulin, 2020; Ward et al., 2002; Östlund Nilsson et al., 2005). Each of the cues

that could play a role in detection depends on the environment, as well as the parasite

life cycle. For example, rodents infected with endoparasites have been previously shown

to rely heavily on olfactory cues to avoid parasitized conspecifics (Kavaliers and Cho-

leris, 2018; Kavaliers et al., 2004), primates and some fishes seem to use a combination

of visual and olfactory cues (Dugatkin et al., 1994; Stephenson, 2019; Stephenson et al.,

2018), while birds seem to rely mainly on visual cues (Spurrier et al., 1991).

Another often unexplored mechanism for the detection of parasitism is that of group

facilitation. Group-living animals can pool information of groupmembers to reach more

accurate decisions (King and Cowlishaw, 2007; Simons, 2004), and it was previously

found that sticklebacks make more accurate decisions when choosing whether to move

towards healthy versus sick-looking fish when part of a group of eight individuals, com-

pared with smaller group sizes, using a quorum consensus, which was found to enable

individuals to better avoid apparently-diseased individuals (Sumpter et al., 2008).

In the context of social behavior and parasitic infection, in this thesis, we exam-

ine how individual swimming performance and the collective behavior of a social fish
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species, the guppy (Poecilia reticulata), are affected by infection with the monogenean

ectoparasite Gyrodactylus sp. Among Trinidadian guppies, gyrodactylids are one of the

most prevalent parasitic worms (Mohammed et al., 2020; Stephenson et al., 2015). Gy-
rodactylus sp. was previously shown to affect feeding rate (Van Oosterhout et al., 2003),

males’ coloration (Houde and Torio, 1992), survival and reproductive fitness (van Oost-

erhout et al., 2007). Also, heavy infections can damage the epidermis, which could affect

drag and thus alter swimming performance. It has also been previously suggested that

parasite infection might affect swimming mechanics, making infected fish swim ‘errat-

ically’ (Bakke et al., 2007; Cable et al., 2002), which could be an effect of high loads of

the parasites causing damage or changes in the shape of the fins of the host (Cable et al.,

2002). However, to date, there has not been a quantification of the effects ofGyrodactylus
sp. infection on the kinematics of host swimming behavior.

A few studies have previously quantified healthy guppy’s swimming behavior and

locomotion patterns (Killen et al., 2016; Svendsen et al., 2013), and one study has looked

at the effect of Gyrodactylus sp. infection on turbulent flow swimming and how this may

affect parasite transmission rates (Reynolds et al., 2019). Locomotion is an important trait

for guppies as they live in pools and streams with variable flow regimes. The ability

to maintain a steady and stable swimming position in turbulent water is an essential

survival strategy to both avoid beingwashed downstream and to control position relative

to other individuals (Hockley et al., 2014). Previous studies on guppies have looked at

the link between locomotion and other factors such as reproductive allocation, male

coercive behaviors, and male coloration (Banet et al., 2016; Killen et al., 2016; Nicoletto,

1991; Svendsen et al., 2013). In particular, increased coercive behavior by male guppies

can lead to increased swimming efficiency in female guppies, also associated with a

decrease in the pectoral fin use (Killen et al., 2016). Similarly, excessive pectoral fin use

can result in increased swimming costs and lower maximum critical speed (Ucrit) (Killen

et al., 2016; Svendsen et al., 2013). However, it remains unclear whether the ectoparasite

Gyrodactylus sp. has an effect on individuals’ swimming abilities and locomotion, and

whether altered swimming behavior possibly contributes to themechanism of avoidance

by visual cues.

In Chapter 1 we quantify how locomotion, oxygen consumption, and swimming per-

formance of individual guppies vary in response to parasitic infection. The goal of this

study is to understand whether Gyrodactylus sp. infection causes changes in individ-

ual swimming behavior and kinematics, which could inform us about possible cues in-

volved in visual-based avoidance mechanisms previously reported in the same system

(Stephenson, 2019). We present the results of experiments performed on 46 guppies, di-

vided into infected and uninfected treatments. We find that by quantifying locomotion,
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oxygen consumption rate, and swimming performance traits measured at increasing wa-

ter flows, we can discriminate between fish carrying different parasite infection loads.

However, fish carrying different parasite loads (as well as unparasitized fish) show some

overlap in their traits, which reflects a more general concept of swimming kinematics

as a continuum rather than discrete categories of swimming modes whether infected or

not (Di Santo et al., 2021).

Guppies are a social species and live in groups. Therefore, in Chapter 2, we use the

same host-parasite system to understand how parasites affect the movement dynamics

of infected individuals, and how groups of guppies respond to the presence of a para-

sitized individual in the shoal. Previous studies on the guppy-Gyrodactylus system in

the context of social behavior showed that guppies avoid infected conspecifics using a

combination of olfactory and visual cues (Stephenson, 2019), and that predation pres-

sure in the guppy natural habitat plays an important role in selecting on parasite viru-

lence (Walsman et al., 2022). Moreover, Gyrodactylus sp. infection was shown to modify

fission-fusion dynamics, by increasing the number of initiated shoal fissions (group split-

ting into smaller groups), possibly to reduce the likelihood of being in contact with the

infected hosts (Croft et al., 2011). However, these experiments failed to obtain the in-

formation on the two-way dynamical interactions that we achieve by recording detailed

individual- and group-level information of each individual in the group. We designed

an experiment to record eight guppies freely shoaling together for three hours, manip-

ulating the infection status of one of the shoal members. Using cutting-edge tracking

technology (Walter and Couzin, 2021), we maintain the individual identity of each un-

marked fish throughout the entire experiment duration. This approach allows us to

quantify in detail the interactions among shoal members, as well as quantify individ-

ual motion features (such as speed, acceleration, and turning rates) that can vary with

parasitic infection and possibly have cascading effects on group social behavior. This de-

sign overcomes the limitations of a binary-choice experimental design (previously used

for example in Stephenson (2019)) and complements previous observational approaches

Croft et al. (2011) (where fish were observed for a period of 30 minutes).

The results of Chapter 2 show that the effect of parasite infection is most clearly

seen in individual behavioral patterns, rather than the overall group-level behaviors.

This suggests that an individual-based approach is essential to investigate the effects of

parasitic infection on group behavior. More specifically, we find that infected guppies

swim at higher nearest-neighbor distances than uninfected conspecifics, spend more

time in isolation, and are more likely to occupy more peripheral and frontal positions

within the group. Overall, with this chapter, we discuss the possible mechanisms that

underlie behavioral modifications and compare this to the other findings in the literature
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on parasitism in the social context (Croft et al., 2011; Hoare et al., 1998; Krause et al., 1992;

Stephenson, 2019; Ward et al., 2002).

Finally, in the third Chapter, we explore a relatively understudied aspect of collective

behavior: the dynamics of inter-individual leader-follower relationships across consid-

erably different timescales. Using this approach, we aim to better understand the role

of individual variation in the group (e.g. in the context of parasitism), and how this con-

tributes to group formation patterns, for example between highly cohesive or highly

uncorrelated individuals of a shoal.

Previous studies have investigated the structure of animal groups, revealing pat-

terns in the organization that reflect either hierarchical organizations, as opposed to

egalitarian organizations (Dyer et al., 2009; Nagy et al., 2010). In the first case, when

groups are hierarchical in their coordination of motion, individuals can take roles that

are maintained over the course of an interaction. For example, in pigeon flocks, in-

dividual directional choices are governed by clear leader-follower relationships. This

means that by properties of motions of short-duration interactions (e.g. velocity), some

animals lead the direction of the movement while others reliably adjust their motion

and copy it (Nagy et al., 2010; Sridhar, 2022). Here, by contrast to previous studies that

mainly analyzed near-instantaneous temporal relationships, we expand the analysis to

also describe leader-follower dynamics that range from fast-timescale speed adjustments

to those that occur over minutes. We find consistent inter-group differences and we de-

scribe differences in leader-follower relationships of the tested groups at the short versus

long timescale. Finally, we discuss preliminary data on how pairwise leader-follower

dynamics across timescales also vary as a function of parasite load. We find that the

magnitude of leader-follower scores (how leader or follower an individual is) decreases

for guppies with high parasite loads, together with an overall decrease of the correlation

of speed and activity levels with the other shoal members.

To conclude, our work provides new insights regarding the effect that Gyrodactylus
sp. infection has on both individual and collective behavior of guppies, from physiol-

ogy and locomotion to fission-fusion dynamics to leader-follower relationships across

temporal scales. Parasitism is a pervasive phenomenon and the approach we developed

in Chapter 1 can be applied to quantify locomotion and respirometry across many fish

species, to characterize the swimming phenotypic variation that is not restricted to the

effect of parasitism. The method developed for Chapters 2 and 3 can be applied to other

fission-fusion systems or collectives, with an approach that highlights both the role of

the individual and the dynamic social context; this approach can aid parasite studies as

well as studies that investigate how the internal state of one or more individuals, affect

the group coordination and movement. We think we can generalize our findings on in-
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dividual variation and group motion to similar host-parasite systems, in particular for

fission-fusion animal groups in the presence of a contagious parasite; however, this is

yet to be tested. Overall, the study of parasitism is important not only for understanding

the ecology of individual species but also for understanding the evolution of cooperation

and conflict between different species. By understanding how and why parasites affect

their hosts, we can learn more about the intricate web of interactions that make up the

natural world.
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Chapter 1

The effect of parasitism on locomotion
and physiology in guppies: a
quantitative approach

1.1 Introduction

The majority of animals in natural populations are infected with parasites (Curtis, 2014;

Timi and Poulin, 2020), and an individual’s response to parasite exposure and infection

is often multidimensional, linked to phenotypic changes, which can have cascading im-

pacts at ecological and evolutionary levels (Barber et al., 2000; Binning et al., 2013; Jolles

et al., 2020b; McElroy and de Buron, 2014). Parasites live in or on their hosts, and can

affect physiology, morphology, reproduction and behavior (Timi and Poulin, 2020). Be-

cause infections often negatively impact the host, many animals use sensory cues to

detect the presence of pathogens and limit their exposure. For instance, parasites can

affect movement, vocalization, or smell (Barber et al., 2000; Binning et al., 2013; Jolles

et al., 2020b; Kavaliers and Choleris, 2018; Kavaliers et al., 2004; Lopes et al., 2022; McEl-

roy and de Buron, 2014; Timi and Poulin, 2020; Östlund Nilsson et al., 2005), which, in

principle, could be used by conspecifics to inform a behavioral response. For example,

the bullfrog tadpoles Rana catesbeiana use chemical cues to detect conspecifics infected

by the pathogenic yeast Candida humicola (Kiesecker et al., 1999). Using visual cues,

female guppies show a preference for males with fewer parasites (nematode Camallanus
cotti or monogeneanGyrodactylus sp.), as infected males show lower rates of mating dis-

play (Kennedy et al., 1987). Although the consequences of parasites can highly impact

the behavior of the infected hosts and have consequences on group living, only a few

studies have examined the effects of parasites on locomotion patterns.

Fish use different forms of locomotion at different swimming speeds (Lauder, 2015),
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a strategy that might have evolved to minimize power requirements at a given swim

speed, thus optimizing the cost of transport over a range of speeds (Korsmeyer et al.,

2002). Water flows generate body displacement, expressed as a linear or angular transla-

tion of the body, and can have different effects on fish behavior. Kinematics refers to any

change in body motion relative to the fish frame of reference, and evaluating the effect

of parasite infection on kinematics and performance may inform us regarding aspects

impacting both host and parasite fitness (Umberger et al., 2013). For example, differences

in movement patterns could provide a reliable cue of infection, and thus drive avoidance

behavior by conspecifics. In aquatic environments, visual cues have been previously

shown to play a major role in parasite avoidance in killifish, sticklebacks and guppies

(Dugatkin et al., 1994; Krause, 1993; Rahn et al., 2015; Stephenson, 2019; Stephenson et al.,

2018; Sumpter et al., 2008; Ward et al., 2002) where infected fish have been reported to

swim ‘erratically’, a visually-conspicuous behavior, which suggests swimming locomo-

tionmay play an important role in the recognition of infected individuals by conspecifics

and thus modify shoaling decisions (Bakke et al., 2007; Barber et al., 2017; Cable et al.,

2002; Dugatkin et al., 1994; Hockley et al., 2014; Krause and Godin, 1996). Similarly,

guppies infected with gyrodactylids also show abnormal behaviors, such as “rubbing

up” against shoal mates (Croft et al., 2011); moreover, in later stages of infection, host

fins can become contracted and fin rays fuse together, which could indirectly modify

their swimming patterns and efficiency (Cable et al., 2002; Hockley et al., 2014). Besides

avoidance by healthy conspecifics, changes in locomotion patterns might also affect an

individual’s position relative to conspecifics via self-sorting mechanisms (Couzin and

Krause, 2003). For example, a decrease in individual speeds and performance of infected

individuals may account for differences in group shape and schooling dynamics (Couzin

and Krause, 2003; Couzin et al., 2002; Jolles et al., 2017; Umberger et al., 2013; Ward et al.,

2002). Therefore, understanding how parasites affect the swimming behavior and loco-

motion of the host is essential to understanding the phenotypic correlation between

infection, performance, and social behavior.

Fish locomotion is often studied in the context of various biotic and abiotic fac-

tors, including predation, morphology, mating, water flow, foraging, or urbanization

(Di Santo et al., 2017; Domenici et al., 2008; Kern and Langerhans, 2019; Killen et al., 2016;

Liao, 2007). Changes in water flow regime are known to cause direct and indirect effects

on fish behavior, physiology, and swimming ability (Binning et al., 2014,0; Langerhans,

2008; Liao, 2007; Nadler et al., 2018; Reynolds et al., 2019; Roche et al., 2013b) as well as

on shoaling dynamics (Ashraf et al., 2017; Li et al., 2020; Marras et al., 2015), and can in-

fluence the selection of traits within the context of the environment (Langerhans, 2008).

The way in which water flows affects behavior has also been studied in relationship
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to host-parasite interactions. For example, Binning et al. (2013) showed that ectopara-

sites increase swimming costs of the coral reef fish Scolopsis bilineata tested at different

water speeds, with infected fish showing increased standard metabolic rates, lower aer-

obic scope, and lower maximum swimming speeds than uninfected fish (Binning et al.,

2013). Since they attach externally to their hosts, ectoparasites can increase drag and

thus locomotor costs. With a similar approach, in this study, we compare the swim-

ming behavior of parasite-uninfected and parasite-infected guppies, through measures

of physiology (oxygen consumption rates), kinematics, and performance (maximum crit-

ical speed) across increasing flow speeds. Understanding and predicting trait changes

due to infection in response to water flow can increase our understanding of how par-

asite infection interacts with physiology and locomotion, which can have direct effects

on mechanisms of shoaling, transmission, avoidance, and self-sorting.

In this study, we compare swimming respirometry, locomotion, and performance

across different flow regimes of non-parasitized (N=20) and parasitized fish with dif-

ferent infection loads (N=26). All locomotion parameters are estimated in increasing

water flow speeds. Flow speed is controlled and oxygen consumption rate (MO2) is

measured while the fish is swimming against the current in laminar flow. As a second

estimate of oxygen use, we use the Factorial Aerobic Scope (FAS), a measure of the pro-

portional increase of oxygen use across flow speeds (Clark et al., 2013). By measuring

the oscillations properties of the body wave, we calculate Head:Tail (H:T) amplitude ra-

tio, Strouhal number, tail curvature, length of the propulsive body wave, and pectoral

fin use (Di Santo et al., 2021; Svendsen et al., 2013). Altogether, these measures describe

variations in fish’s undulatory propulsion, swimming efficiency, and biomechanics. As

further indicators of swimming ability, we distinguish between rates of steady and un-

steady swimming, and the relative position in the tank (front-back) (Langerhans, 2009;

Roche et al., 2013b). Steady swimming (cruising) is characterized by periodic oscilla-

tions and constant speed, while unsteady swimming includes transient speed and un-

stable locomotor patterns, including rapid turns, fast starts, burst-and-coast swimming

(Langerhans, 2009). Morphology was quantified using two metrics, the Scaled Mass In-

dex (SMI) and the Fineness ratio, which are measures to estimate body condition (SMI)

and shape (Fineness ratio) (Maceda-Veiga et al., 2014; Peig and Green, 2009). Finally, we

estimated swimming performance by measuring the maximum swimming critical speed

Ucrit, which is the swimming speed at which fish stop swimming by exhaustion (Roche

et al., 2013a).

Using a supervised dimensionality reduction method, Linear Discriminant Analysis

(LDA) we discriminate individuals carrying different infection loads and we describe the

features that contribute to distinguishing the groups. Moreover, the different classes
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show a level of overlap that reflects a more general concept of swimming kinematics

as a continuum rather than discrete categories (Di Santo et al., 2021), which highlights

the importance of a more holistic evaluation of swimming performance and its multi-

dimensional traits to better understand how fish can modify some kinematic variables

to modulate their motion. Besides distinction among parasite load classes, we general-

ize our results using Principal Component Analysis (PCA) and clustering by describing

swimmingmodes that reflect differences in swimming kinematics, morphology, and per-

formance. This suggests that even in the absence of discrete swimming mode categories,

by using a combination of metrics we can find within-species variation that informs us

regarding phenotypic inter-individual variation that can be linked to possible different

behavioral types. Overall, the results show that the effect of parasitism on locomotion is

not uni-directional and the quantitative approach we developed describes the range of

variation of swimming behavior in relation to parasitism, locomotion, morphology, and

physiology.

1.2 Methods

1.2.1 Study system

We used Trinidadian Guppies Poecilia reticulata, held in the facilities of the Max Planck

Institute of Animal Behavior, Konstanz, Germany. The original stock was received in

2017 by Manfred Schartl from the Univerisity of Würzburg. Holding tanks had circulat-

ing water, fish were maintained at 26.5±1 ℃, with average 7.5 pH and 400 µS/cm conduc-

tance, under a 12:12 light:darkness cycle and fed daily on live high HUFAArtemia, frozen
food, including frozen cyclops, frozen Artemia and dry food (Naturefood, Supreme Plant

- XS and S). All experiments were done in accordance with the permit AZ 35-9185.81/G-

20/11 granted by the Regierungspräsidium Freiburg, Baden-Württembeg, Germany.

1.2.2 Infection and screening

For the experimental infections, we initiated a parasite culture ofGyrodactylus sp. which

were first collected from a local pet shop, and subsequently maintained on guppies from

the same experimental fish stock (culture). After each experimental infection, fish were

held in a quarantine room, housed individually at a density of 13L per fish in 80L tanks

divided in 6 compartments. The compartments were separated by transparent partitions

to allow the fish to see conspecifics (thus called semi-isolation). Partitions had holes to

allow water to flow across compartments. Holding conditions were identical for both

experimentally infected fish and control sham-infected fish. Control and Treatment tri-
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als were conducted at different moments to avoid holding unparasitized and parasitized

fish in the same system.

Wild caught Trinidadian guppies generally host loads of about 10 worms/host of

Gyrodactylus sp. (Harris and Lyles, 1992), but from field surveys, guppies were found to

host up to about 270 parasites (Stephenson et al., 2015). Gyrodactylus sp. is amonogenean

flatworm that reproduces on the skin of the host with a generation time of 24h. Parasite

load grows over time but the load on hosts can vary across individuals (Stephenson, 2019;

Stephenson et al., 2017), for example with respect to body size, with larger individuals

hosting higher parasite loads (Cable and van Oosterhout, 2007; Richards et al., 2010; van

Oosterhout et al., 2008).

To initiate infection, first, a culture fish with a heavy infection of worms on the cau-

dal fin was euthanized with an overdose of 0.25 mg/ml MS222 (ethyl 3–aminobenzoic

methanesulfonate salt), buffered with sodium bicarbonate. Upon assured death, the cau-

dal fin was cut with a scalpel and moved to a petri dish with fresh water. After about

30 minutes the parasites started detaching from the fin and moved to the water column,

either attaching to the bottom of the petri dish or to the water surface, as described in

(Cable et al., 2002). When enough parasites had detached from the fin, experimental fish

were anesthetized with a 0.1 mg/ml dose of MS222, buffered with sodium bicarbonate,

and their caudal fin was placed near the floating parasites until five parasites attached

to the host’s fin. The procedure was observed with a dissecting microscope. After in-

fection, experimental fish were revived in fresh water and the number of parasites was

counted under a dissecting microscope every 2 or 3 days. In instances where loads were

very high but could not perfectly distinguish the precise count, we assigned the value

of 200 parasites (for three fish) or 250 (for one fish). Sham-infected fish underwent the

same procedure of the experimental infection but no parasites were given to the fish. All

control sham-infected focal-fish were also sham-screened every 2 or 3 days. Fish used

for the parasite culture were not used for behavioral experiments.

1.2.3 Experimental trials

Experimental trials were carried out in a 170mL swim tunnel respirometer (Loligo® Sys-

tems, Viborg, Denmark) filled with aerated and pH-adjusted water andmaintained at the

temperature of 26.5 ± 1 °C. All experiments were conducted between January and July

2021, between 8:30 am and 5:30 pm in continuous visible light, as in the fish’s holding

condition. The swim tunnel respirometer is composed of two glass tubes: a bigger tube

for water re-circulation containing a smaller tube, that is the swim and respirometer

chamber, where the fish is placed and swims in laminar flow while oxygen consump-

tion is measured (Figure 1.1). Oxygen levels in the respirometer were recorded using
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an oxygen dipping probe type PSt3 (PreSens, Regensburg, Germany) and measurements

were recorded with Autoresp Software (Loligo® Systems). The water flow in the swim

tunnel was calibrated using fluorescence-based Particle Image Velocimetry (PIV). For an

illustration of the experimental setup, see Figure 1.1.

Figure 1.1: Swim tunnel respirometer tank. Illustration of the 170mL swim tunnel respirometer
tank (Loligo® Systems, Viborg, Denmark), including oxygen dipping probe (red cylinder, left)
and motor to control water flow speed (right, propellers). The original image was taken from
the Loligo Systems website and adapted to include specifics of our experimental setup. We cus-
tomized our setup to allow bottom infrared illumination using a custom-built infrared LED array
(Winger® IR power LED 850nm 3W). The camera was placed above the tank and videos were
recorded at 185Hz.

Wemeasured a total of 63 female guppies. All fish were tested on either day 1 (taken

directly from a holding tank), or 5, 10, or 15 days of semi-isolation (that is a condition

where the fish is in a single compartment but separated by transparent partitions to allow

the fish to see conspecifics in neighboring compartments; see section 1.2.2. Experiments

held on condition of Day 1 were excluded from further analysis as fish tested on this day

would not be directly comparable to any of the treatment conditions, where fish grow an

infection (or sham-infection) in semi-isolation before the experiment. After excluding

fish tested on Day 1, we included a total of 52 female guppies, divided between Control

(CTR, N=24) and Treatment (TRT, N=28) trials. Both Control and Treatment condition

fish were tested in the swim tunnel after either 5, 10, or 15 days of isolation. In the Treat-

ment condition, time in isolation was used to determine either short (5 days), medium

(10 days), or long (15 days) infection duration, which, on average, corresponds to low,

medium, and high infection loads; however, parasite growth does not always linearly

grow with infection duration: parasite growth curve shown in Figure 1.2. In the Control
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condition, holding and handling were kept identical to the Treatment, but fish were not

exposed to parasite infection. Preliminary analysis suggested a non-monotonic relation-

ship between kinematics and parasite load, therefore in order to simplify the analysis,

we categorized parasitized individuals with respect to their parasite load creating low,

medium, and high parasite load groups. These groups were assigned according to the

33rd and 66th percentile of the total parasite load distribution, corresponding to 24 and

77 parasites, respectively. This division assigned equal (or nearly equal) numbers in each

group (Figure 1.2).
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Figure 1.2: Parasite load growth over time. Parasite load and its growth from baseline to testing
day for all tested fish. Each solid line shows the parasite growth for one fish measured over
different days (minimum 5 days, maximum 15 days). The vertical dotted lines highlight the
treatment days (5, 10 or 15). Gyrodactylus sp. shows approximately an exponential growth over
time of a naive infection, followed by a possible decay over the following days. Horizontal dotted
lines show the cutoff to determine discrete categories of parasite load, that is low, medium, and
high parasite loads. The cutoff is calculated on the entire population of fish, prior to further
filtering (N=52). Low cut, 33rd percentile: 24 parasites; high cut, 66th percentile: 77 parasites.

Each fish of the Treatment condition was infected on the first day of the semi-

isolation (see more in section 1.2.2) and parasite load was assessed under a dissecting

microscope every 2 or 3 days. The same experimental procedure was used for the Con-

trol condition, where the Focal-fish was sham-infected. The Control condition was used

to verify that the experimental manipulation did not induce an effect on the measured

parameters. Each individual’s length, width, depth, andmass were measured prior to the

trial. Fish were then placed in the respirometer and left to habituate to the chamber for

4 hours at the constant speed of 2 BL·s-1, which corresponded to the lowest flow neces-

sary to ensure stable and constant swimming for our tested population and fish species

(Svendsen et al., 2013). The acclimation speed was determined based on data collected

with 10 pilot trials. We used a 6.5 minutes loop period with 120s flush, 30s wait, and 240s

measurement cycle. After the acclimation time, flow speed was incrementally increased

by 0.5 BL·s-1 every three loops following a standard Ucrit protocol (Brett, 1964; Roche

et al., 2013a). If a fish touched the comb at the back of the swim tunnel with the caudal
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fin, we would encourage swimming by tapping the glass tube. Aquarium plastic plants

were also positioned on each side of the swimming chamber to motivate swimming to-

wards the front. Trials were stopped when fish could not swim against the water flow,

as determined by the fish resting at the back of the chamber for longer than 10 seconds.

The value of Ucrit is defined using the time the trial stopped, along with the time in that

flow, and the loop time (Brett, 1964).

We filtered data after collection based on the evaluation of body condition and identi-

fication of outliers defined in the 0.01 percentile of the distribution of maximum oxygen

concentration and the reliability R2 value, which defines the reliability of respirometry

measurements. Based on this filtering, a total of 6 fish were excluded for further anal-

ysis. One additional trial was excluded for lack of data at each flow speed tested (high

rate of unsteady swimming, more details on this calculation below). After this filtering,

we obtained a total of 46 trials, divided in N=20 for the CTR and N=26 for the TRT condi-

tion. The counting of the day of testing started with the infection (or the sham-infection)

procedure, followed by individual housing in tank compartments (see section 1.2.2). For

each testing day, we counted N=8 at day 5 (one of which was actually tested at day 6),

N=9 at day 10, N=3 at day 15 for the CTR condition, compared to N=7 at day 5, N=11 at

day 10 (one of which tested at day 14), N=8 at day 15 (two of which were actually tested

at day 16) for the TRT condition. All fish were tested only at one time point and were

naive to the experimental setup. In the CTR all the fish are non-parasitized, while in the

TRT conditions the focal-fish is infected with a variable number of parasites following

the procedure described above 1.2. Top-view swimming was recorded at 185 frames per

second for a minimum of 30 seconds at each flow speed using a high-resolution camera

(Basler® acA4112-30um) with a 25mm lens. Data acquisition was controlled by video

recording software (Motif, loopbio GmbH). The illumination system was custom-built

as an array of 15x15 infrared LEDs (Winger® IR power LED 850nm 3W).

1.2.4 Morphology

Before entering the swim tunnel, for each fish, we measured the total length (snout to

tail, included), maximumwidth, maximum depth, and weight. Additional morphological

measures were obtained from the video, with the assumption that tracking or video

annotation is less sensitive to errors than hand measurement. More specifically, we

manually annotated 3 frames per fish to estimate body width from randomly selected

video frames (excluding potential frames where body measures would be noisy) and

converted the measured lengths to centimeters. Total body length was estimated as the

average distance between snout and tail tip across all tracked frames. Standard length

was calculated as the mean distance between the snout (S) and the caudal peduncle (T2)
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(Figure 1.3).

In addition to this, we calculated two dimensionless numbers, the Scaled Mass Index

(SMI) and the Fineness ratio. The SMI is a measure of body condition and is calculated as

in Maceda-Veiga et al. (2014) and Peig and Green (2009). The fineness ratio is a measure

of body elongation relative to its transverse sectional diameter, and it was calculated

based on the code shared on Di Santo et al. (2021) and adapted from Walker et al. (2013).

1.2.5 Physiology

Weestimated aerobicmetabolic rates indirectly frommeasurements of oxygen consump-

tion rate (MO2; mgO2 kg
−1 h−1 ) as a function of swimming speed (U ). We calculated

the Factorial Aerobic Scope (FAS) as the ratio between MO2 at the end of the exper-

iment, and MO2 at the last three loops at the acclimation speed (2 BL·s-1). FAS is a

measure of the proportional increase in oxygen consumption rate above baseline levels

and it is commonly considered more robust than absolute aerobic scope measurements

(Halsey et al., 2018). The water of the experimental setup was changed at the beginning

of each trial, with filtered and pH adjusted water (see section 1.2.1); therefore we did not

calculate the background O2 consumption rate.

1.2.6 Kinematics

For each flow speed tested we analyzed top-view videos recorded at 185Hz for a mini-

mum of 30 seconds. We tracked all videos using DeepLabCut (Lauer et al., 2022; Mathis

et al., 2018), which allows marker-less posture estimation. Fish were filmed from above

the tank and therefore all midline kinematics data are 2-dimensional. We tracked a total

of 5 points along the fish midline and 1 point for each pectoral fin. The points along

the body were chosen to describe the full curvature of the fish in a simplified way to

capture the locomotion patterns of guppies in the different flow regimes. The points

were assigned to: snout (S), head (caudal to the brain; H), frontal starting point of the

dorsal fin (midbody; M), midpoint between the dorsal fin and the peduncle (approxi-

mately 7 scales caudal to M) (tail1; T1), peduncle (tail2; T2), tip of the caudal fin (tailtip;

TT), most marginal point of the left pectoral fin (LxP), most marginal point of the right

pectoral fin (RxP). An additional point calculated as the average position between H and

M was labeled as centroid (C) (Figure 1.3A). For each tracked point of the posture, we

exported the raw x, y coordinates of all individuals. To partly account for tracking noise,

we smoothed the time series with a moving average with a window size of 5 frames.
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Figure 1.3: Midline points tracking and analysis. (A) Videos were analyzed with DeepLabCut
(Mathis et al., 2018) after annotating images with 6 points along the body midline, in addition to
one point for each pectoral fin. Tracked points are snout (S), head (caudal to the brain; H), frontal
starting point of the dorsal fin (midbody; M), midpoint between the dorsal fin and the peduncle
(approximately 7 scales caudal to M) (tail1; T1), peduncle (tail2; T2), tip of the caudal fin (tailtip;
TT), most marginal point of the left pectoral fin (LxP), most marginal point of the right pectoral
fin (RxP). (B) All points were centered according to centroid point (C, pink). After centering to
the body centroid C, we determined the oscillation of the points, such as Ys and Yt in the figure,
corresponding to the y-offset of the snout and the tail, respectively. The heading direction angle
α is shown for reference, although the points were not rotated according to α.

Spline and pectoral-fin points at each frame were centered according to the centroid

of the body, and all associated metrics are calculated on these transformed points (Figure

1.3B). The heading direction angle (α) was calculated as the arctangent of the horizontal

and vertical components of the snout after centering to the centroid (i.e. arctan(Ys,Xs)).

The angle αwas used for filtering based on heading direction. We used wavelet analysis

to calculate the frequency of the tail tip Ytt (Figure 1.3B) (f , as fin-beats x s-1 of the tail

tip; Hz) and a peak-finding algorithm on the y-offset to calculate tail tip beat amplitude

(A). Using the tail tip (TT) frequency and amplitude we calculated the Strouhal num-

ber (St) as fA/U , where U is the real speed of the fish (swimming speed detected in

the videos and flow speeds). The Strouhal number (St) is a dimensionless parameter

that describes efficiency in kinematics across taxa (Taylor et al., 2003). The amplitude

of the head oscillation was calculated using a peak-finding algorithm on the y-offset of

the snout (Ys, Figure 1.3B). Using the amplitude values of the head and the tail tip, we

then calculated the Head:Tail oscillation amplitude ratio (H:T). The measure of the H:T

amplitude ratio has been historically associated to the characterization of locomotion

patterns of body and caudal fin (BCF) swimmers, where anguilliform (“eel-like”) swim-

mers should show higher H:T oscillation compared to thunniform (“tuna-like”) swim-

mers, that should show lower head yaw amplitude (Di Santo et al., 2021). For each joint,

we measured the phase of the oscillations along the body, but for the body wave estima-

tion, we only took into account values of phase difference between the midbody point

M (roughly at the dorsal fin) and the peduncle point T2 (Figure 1.3). As a proxy of body
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stiffness, we calculated body wavelength in the body segment M-T2. The body wave-

length is a measure of the distance traveled by the wave over one period; moreover, body

wavelength is used as a proxy of body stiffness, where low values of propulsive wave

should indicate lower body stiffness (or higher body flexibility) (Di Santo et al., 2021).

We calculated body wavelength dividing the distance l between the two body points M

and T2 (see Figure 1.3B), by the phase difference between the same points, as (l / PD) *

2pi. All kinematic parameters were quantified as a proportion of body length (BL) and

were filtered in order to include only steady-swimming kinematics (see more in section

1.2.7. An overview of the kinematic metrics used is found in Figure 1.4.

Figure 1.4: Illustration of the features analyzed. We analyzed a total of 13 features, including
measures of kinematics, physiology, morphology, and performance. We grouped some features
and assigned an illustration. Relevant feature abbreviations are written in parentheses next to
the name. The kinematic measures include Head:Tail amplitude ratio (H:T), Strouhal number
(St), Curvature at the tail tip (Curvature tail), body wavelength (wvl MT2), position in the tank
(Front-Back), pectoral fin use in steady and unsteady swimming (Pfins steady/unsteady); physi-
ology measures include oxygen consumption rate (MO2; mgO2 kg

−1 h−1) and Factorial Aerobic
Scope (FAS); morphology measures include fineness ratio and Scaled Mass Index (SMI); swim-
ming performance measures include maximum critical speed (Ucrit) and rate of unsteady swim-
ming (Unsteady swimming).
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For each pectoral fin, we calculated a percentage of time used, both when in steady

and unsteady swimming, which is one of the parameters used for this analysis (more

detail in 1.2.7). We estimated pectoral fin movement by calculating the normalized pec-

toral fin motion speed along the y-offset of the pectoral fins. For calculating the total

duration of fin use, we defined windows of minimum consecutive frames of 1/8 of a sec-

ond, within which the variable of interest (in this case pectoral fin velocity) was above

an arbitrary threshold (Figure A.1). The threshold was visually validated on a subset of

the videos. When two or more consecutive windows were separated by less than 0.5s,

these windows were combined into one. The proportion of time of pectoral fin use was

calculated as the number of frames in each window (i.e. corresponding to the number of

frames where the fish used pectoral fins above the threshold value), divided by the total

number of frames for each flow speed. The pectoral fin use was estimated for both steady

and unsteady swimming events. In section 1.2.7 we explain how we defined steady and

unsteady events.

1.2.7 Steady and Unsteady swimming

We analyzed the entire time series of each recording to quantify spatio-temporal swim-

ming stability. For each flow speed tested, we classified swimming into two categories

of steady and unsteady swimming. We defined steady swimming by identifying frames

with constant speed, heading orientation, and position in the tank. More specifically,

in our definition of steady swimming, the heading direction angle was constrained in

−0.5 < α < 0.5rad (with 0 rad being head oriented against the water flow); swimming

speed was restricted to real speed plus an offset −0.8 < Ui(t) < 0.8 BL·s-1; position in

the tank was limited to frames where the caudal fin was possibly touching the honey-

comb at the back of the swimming chamber. To quantify the proportion of time spent in

unsteady swimming, we defined epochs of consecutive frames within which the fish is

not steady (see filter above used for pectoral fin use, and see Figure A.2). The minimum

unsteady epoch duration length was set to 1/8 of a second. When two or more epochs

were found to be separated by less than 0.5s, they were combined into one. Each epoch

was padded with 1/4s frames to account for the beginning and the end of an unsteady

event. The proportion of time the fish spent unsteady swimming was then calculated

as the number of frames found with the filter divided by the total number of recorded

frames for that flow speed.
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1.2.8 Interpolation of flow speeds

Fish varied in their swimming performance, which we define as their maximum critical

speed Ucrit (Figure A.3). Because of this, we have fewer data points for fish that swim

only up to low flow speeds (e.g. 5 data points for a fish with Ucrit = 4 BL·s-1), compared

to fish that swim up to higher flow speeds (e.g. 13 data points for Ucrit = 8 BL·s-1). This
discrepancy would bring difficulties in data interpretation due to an inability to draw

clear conclusions based on the comparison of kinematics at the same flow speed. For

example, if we were to compare kinematics at 4 BL·s-1 for a fish close to exhaustion

(Ucrit = 4 BL·s-1), to a fish that is at 50% of its performance costs (Ucrit = 8 BL·s-1),
this would be an unfair comparison. To account for this, we therefore resampled all the

kinematics andMO2 values in order to have the same number of points per fish, fixed to 7

resampled speeds. An example is shown in Figure 1.5, where the values of tail frequency

across speeds are compared between two fish: on the left, a fish with measurements up

to 7.5 BL·s-1 (i.e. 12 data points) and thus reduced to 7 points (Figure 1.5a); on the right,

a fish with kinematic measurements up to 4.5 BL·s-1 (i.e. 6 data points) is resampled to

increase the points to 7 (Figure 1.5b). The values were then scaled to range between

0 and 1, where 1 represents the maximum swimming speed recorded. In this way, we

compared kinematics across fish based on their stage of performance, rather than at the

fixed flow speed measure, which could result in individual variation due to differences in

physiology, morphology, and so on. All figures showing metrics as a function of speed

will therefore refer to the interpolated value of the metric over 7 datapoints (x-axis label:

resampled speeds), unless stated otherwise.

1.2.9 LDA

Linear Discriminant Analysis (LDA) is a supervised dimensionality reduction method

that uses linear combinations of features to predict the class of a given observation (Xan-

thopoulos et al., 2013). LDA finds the so-called linear discriminants (LDs, linear combi-

nation of predictors) that maximize the separation between classes; these LDs can then

be used in combination with other methods to predict the class of individuals. We used

the Eigenvalue decomposition solver, with the automatically computed shrinkage of the

sklearn.discriminant_analysis.LinearDiscriminantAnalysis package (Figure

A.4). The results of LDA are shown in Figure 1.11.

Here, using 13 metrics we predict the parasite load class divided into four groups:

non-parasitized, low, medium, and high parasite load. The 13 features used include

measures of swimming kinematics, morphology, and physiology. The kinematic fea-

tures are: Head:Tail amplitude ratio (H:T), Strouhal number (St), Curvature at the tail
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Figure 1.5: Interpolation of metrics across flow speed. Left: an example of a reduction of data
points for an individual with more data points than 7 (i.e.Ucrit value higher than 5 BL·s-1, spacing
of 0.5 BL·s-1 between data points). In this example, 12 pointswere reduced to 7. Right: an example
of an increase of data points for an individual with less data points than 7 (i.e. Ucrit value lower
than 5 BL·s-1). In this example, 6 points were increased to 7. The top axis shows the scaling of the
resampled data points, ranging from 0 to 1, where 1 corresponds to the highest recorded speed
of the fish. The gray line shows the original data points of an example metric (in this case Tail
Frequency) across flow speeds. The red line shows the resampled data over 7 points.

tip (Curvature tail), body wavelength between M (beginning of dorsal fin) and T2 (cau-

dal peduncle) (wvl T2), pectoral fin use when steady and unsteady (Pfins steady, Pfins

unsteady), position in the swim tunnel (Front-Back), and rate of unsteady swimming

(Unsteady). The morphology features are: Scaled Mass Index (SMI) and the Fineness

ratio. The respirometry features are: oxygen consumption rate (MO2) and Factorial

Aerobic Scope (FAS). The performance feature is the maximum critical speed (Ucrit). For

an illustration of the features and the abbreviations see Figure 1.4. Using these metrics

we created a data matrix Mij , where each row i=1...46 represents one fish, and columns

j=1...91 are the 13 features times the 7 resampled flow speeds. We normalized the data

matrix M by subtracting the mean and dividing by the standard deviation. On this data

matrix, we performed both LDA and principal component analysis (see next paragraph).

To calculate the model accuracy we used a classifier based on the euclidean distance of

each point from the clusters’ centers. We evaluated the accuracy using the first two LDs.

1.2.10 PCA and hierarchical clustering

Principal component analysis is an unsupervised dimensionality reductionmethod com-

monly used to discover underlying patterns across features (Xanthopoulos et al., 2013).

The result of PCA is a matrix Uij , where i represents the fish i and j = 1...91 for the PCA

components. We additionally performed Ward hierarchical clustering, implemented in

20



Python in the package scipy.cluster.hierarchy, to obtain the results shown in Fig-

ure 1.12. Ward clustering minimizes the overall within-cluster variance.

1.2.11 Statistical analysis

Descriptive statistics were computed for morphology and respirometry variables and

mean values were compared across parasite load groups using a one-way ANOVA fol-

lowed by a Tukey Honestly Significant test (α = 0.05) and multiple comparison correc-

tion.

Correlation values were calculated using Pearson correlation coefficient. All values

are reported with the correlation coefficient and the p-value.

1.3 Results

We analyzed a total of N=46 fish divided into non-parasitized (N=20) and parasitized

fish (total N=26), then divided for low (N=7), medium (N=9), high (N=10) parasite loads.

Videos were recorded at 185 frames per second for a minimum of 30 seconds for each

flow speed, and each fish was tested at increasing flow speeds until exhaustion. For

each fish, we measured a number of kinematics, physiology, and morphology metrics. A

representation of the metrics used in the analysis is found in Figure 1.4 (see also 1.2.6).

1.3.1 Morphology

Morphologymeasures included body length, standard length, weight, depth, width, fine-

ness ratio, and Scaled Mass Index (SMI). Body length was estimated from the posture

tracking. For the tested fish, we obtained an average body length of 3 ± 0.16 cm, stan-

dard length of 2.41± 0.13 cm, weight of 0.3± 0.1 gr, depth (measured at the deepest point

of the body) of 0.46± 0.05 cm, body width (estimated manually the videos) of 0.47± 0.06

cm, fineness ratio of 5.59 ± 0.46 and SMI of 0.29 ± 0.04. None of these values revealed

significant differences across treatments, that is between non-parasitized individuals,

low, medium, and high parasite loads (one-way ANOVA). Figure 1.6 shows values for

body length, SMI, and fineness ratio, grouped by parasite loads. SMI is generally used

as an index of body condition where a larger SMI indicates shorter body lengths but

larger weight and it positively correlates with body width. Moreover, SMI is also posi-

tively correlated withUcrit (r=0.37, p=0.01), which is explained by the fact that larger fish

(longer body length) have lower relative critical speeds (in body lengths). However, the

correlation between SMI and Ucrit is more pronounced for parasitized fish, compared to

non-parasitized fish. More specifically, we find no correlation between SMI and Ucrit for
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non-parasitized fish (r = 0.09, p>0.05), compared to a stronger correlation for parasitized

fish (r = 0.54, p=0.004) (Figure A.5a). We find a similar (but opposite in sign) relationship

between Fineness ratio and Ucrit, with correlation values of r=0.16 and r=-0.31 (p>0.05)

for non-parasitized and parasitized fish groups, respectively (Figure A.5b).
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Figure 1.6: Morphology measures across parasite loads. Morphology metrics of body length,
SMI, and fineness ratio (from left to right). None of these values were statistically different across
groups (one-way ANOVA). Box plots give the median, interquartile range (box), and values that
sit outside of 1.5 times the interquartile range (whiskers).

1.3.2 Oxygen consumption and Fractional Aerobic Scope

We collected oxygen consumption (MO2; mgO2 kg
−1 h−1) and Fractional Aerobic Scope

(FAS) data for each fish tested, at each flow speed. MO2 and FAS values did significantly

differ across treatments (one-way ANOVA, p=0.0388 and p=0.006, respectively). More

specifically, for the average MO2 values, low-parasite load individuals showed signifi-

cantly lower MO2 values than high-parasite load individuals (post-hoc Tukey Honestly

Significant Difference p=0.0021, Bonferroni corrected). On the other hand, FAS showed

a significant difference between the non-parasitized individuals and the low-load group

(post-hoc Tukey Honestly Significant Difference p=0.0014). Among the parasitized in-

dividuals, however, FAS is negatively correlated with increasing parasite load (Figure

A.6).

Figure 1.7 shows the correlation between a subset of morphology and physiology

measures and Ucrit. Correlation values lower than 0.3 are not shown. Average MO2 val-

ues positively correlate with fineness ratio (r=0.37,p=0.01) and negatively correlate with

SMI (r=-0.37, p=0.01). This suggests higher MO2 values for relatively smaller mass bod-

ies (width and weight). A more extended version of the correlation matrix that includes

more variables as well as kinematics information is found in the Appendix in Figure A.7.
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Figure 1.7: Correlation morphology and physiology. Correlation matrix of a subset of the mor-
phology and physiology measures. Morphology and physiology measures only partly correlate.
Body width and SMI negatively correlate with average MO2 (r=-0.37, p=0.01), whereas fineness
ratio positively correlates with average MO2 (r=0.37,p=0.01). The size of the colored square rep-
resents the magnitude of the Pearson correlation coefficient. Only correlations higher than r=0.3
are shown in the figure.

1.3.3 Pectoral fin use

It has been previously described that guppies mainly use pectoral fins use at low flow

speeds (Svendsen et al., 2013). With our data we confirm this finding trend, showing an

average decrease in pectoral fin use with increasing flow speeds (Figure 1.8a). However,

Figure 1.8a also shows that the average steady-swimming pectoral fin use (blue line)

decreases with increasing flow speeds, while the pectoral fin use during unsteady swim-

ming (orange line) is present at high rates at all flow speeds. On average pectoral fins

are used 37% of the time during steady-swimming, compared to 79% of the time when

during unsteady swimming (averaged across swimming speeds) (Figure 1.8a). We do not

find a difference in the pectoral fin use rate (both steady and unsteady) across parasite

load groups (Figure A.8)

1.3.4 General swimming performance

Our definition of swimming performance refers to the maximum critical swimming

speed at exhaustion (i.e. Ucrit, speed of the fish at the time when it stops swimming

against the water flow, see section 1.2.3). In the evaluation of swimming performance,

we also include the ability of a fish to swim steadily in increasing flow regimes, which

is commonly used to assess possible trade-offs between performance and other behav-

ioral traits. Here, we first describe the variation in Ucrit according to their parasite loads,
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Figure 1.8: Pectoral fin use and Steady Swimming rates. (a) Pectoral fin use during steady and
unsteady swimming and total pectoral fin use as a function of flow speed. The average steady-
swimming pectoral fin use (blue line) decreases with increasing flow speeds. The pectoral fin
used during unsteady swimming (orange line) is present at high rates at all flow speeds. On
average pectoral fins are used 37% of the time during steady-swimming, compared to 79% of the
timewhen during unsteady swimming (averaged across swimming speeds). (b) Steady swimming
rate as a function of flow speed and parasite load. We do not find a difference in the rate of fin
use between non-parasitized fish, and low, medium, and high parasite load fish. Line plots show
the mean and 95% CI of the mean.

followed by a description of the proportion of steady versus unsteady swimming.

Fish in the population vary in their maximum critical speed (Figure A.3). We mea-

sure an average Ucrit of 5.9 ± 0.8 BL. We find no difference of Ucrit among treatments

(more details in the following sections, Figure 1.10B, Ucrit BL). Overall, we also do not

find any significant correlation between Ucrit and physiology measures (Figure 1.7). As

previously shown in section 1.3.1, we find that SMI is positively correlated with Ucrit,

which is explained by shorter fish reaching relatively higher swimming speeds in units

of BL·s-1(Figure 1.7 and Figure A.5a).

In addition to Ucrit, we analyzed rates of steady and unsteady swimming which al-

ternate at various ratios across flow regimes. At lower swimming speeds, steady swim-

ming is the prevalent mode, characterizing, on average across fish, 82% of the swim-

ming time (Figure 1.8b). Fish reach exhaustion when unsteady swimming rate is, on

average across fish, 51% of the swimming time. When we compare the ratio of steady

and unsteady swimming within parasite load classes we don’t find a difference among

treatments (Figure 1.8b).

1.3.5 Pectoral fin use, body stiffness and swimming performance

It was previously shown that pectoral fin use in guppies is associated with increased

energy expenditure and decreased Ucrit (Killen et al., 2016; Svendsen et al., 2013). To
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further investigate this relationship, we compare the pectoral fin use rate as a function

of discrete swimming performance groups. To this end, we separate our fish population

into four categories of fish swimmers: ‘bad’, ‘medium’, ‘good’, and ‘best, as defined by

the 25th, 50th, and 75th quantiles of all recorded Ucrit values. We find that the best per-

formers show a constant decrease in pectoral fin use compared to the bad performers

(Figure 1.9). In general, the best performers use pectoral fins in steady swimming condi-

tions at low flow speeds, with an exponential decrease in use at higher flow speeds. By

contrast, bad performers do not simply decrease pectoral fin use with increasing flow

speeds but rather show an initial decrease with increasing flow speeds, but then an in-

crease at the highest flow speed reached (Figure 1.9). Similarly, we compare the rate

of unsteady swimming for the ‘bad’ and ‘best’ swimmers. In this case, we find that the

‘bad’ performers show an early increase of 50% unsteady swimming at about 5 BL·s-1,
compared to the ‘best’ performers that reach the same rate of unsteady swimming at

about 7 BL·s-1.
Another common predictor of swimming performance is body undulation and stiff-

ness, for example as used to distinguish more classic swimming modes across species

(Di Santo et al., 2021). Our data show a clear correlation of Ucrit with values of H:T

amplitude ratio. More specifically, values of H:T amplitude ratio at low flow speeds

negatively correlate with Ucrit values (r=-0.3,p=0.04 at lowest speed), but the correla-

tion decreases with increasing flow speeds (Figure A.9A, B). In addition to this, we also

investigated the difference in Head:Tail amplitude ratio for the discrete categories of

swimming performers. Figure 1.9 shows how ‘bad’ performers also have higher values

of H:T amplitude ratio, as opposed to the ‘best’ performers, which for all flow speeds

show lower H:T amplitude ratio values. As a proxy of body stiffness, we used values of

body wavelength; however, we did not find any correlation between body wavelength

and Ucrit. All the kinematic features as a function of the performer group can be found

in the Appendix in Figure A.10 and Figure A.11.

1.3.6 Descriptive features

We selected a total of thirteen features to describe differences across the treatment

groups of non-parasitized, low, medium, and high values of parasite load (NP, L, M, H).

Figure 1.10 shows the individual feature distributions for each fish of all parasite load

groups. Figure 1.10a shows features that count one point per-fish and per-resampled-

flow speed tested, while 1.10b shows per-trial features (i.e. features with one value mea-

sured per fish). Non-parasitized fish record low FAS and relatively lower Fineness ratio

than average (Figure 1.10b, see also oxygen consumption section), as well as relatively

lower Head:Tail (H:T) amplitude ratio and higher curvature at the tail (Figure 1.10a).
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Figure 1.9: Pectoral fin use and unsteady swimming as a function of swimming performance.
Comparison of ‘bad’ and ‘best’ swimming performers onmetrics of pectoral fin use during steady
swimming (left), unsteady swimming (middle), and Head:Tail (H:T) amplitude ratio (right). The
best performers show a constant decrease in pectoral fin use compared to the bad performers (left
plot, Pectoral fins). Bad performers show an early increase rate of unsteady swimming compared
to the best performers (middle, Unsteady swimming). Bad performers also have higher values of
H:T amplitude ratio, as opposed to the best performers, which show lower H:T amplitude ratio
values at all flow speeds (right plot, H:T amplitude ratio). Line plots show the mean and 95% CI
of the mean.

Low-parasite load fish mainly show lower H:T and Strouhal numbers than average, low

MO2, high FAS, and SMI (Figure 1.10). Medium-parasite load fish on average show rel-

atively higher H:T and pectoral fin use at steady swimming (Figure 1.10), in addition to

relatively higher SMI, and FAS (Figure 1.10b). Finally, high-parasite load fish are mainly

characterized by higher values of H:T, Strouhal number, and pectoral fin use for steady

swimming at high flow speeds than the mean population, lower tail curvature, as well

as higher MO2 and Fineness ratio (Figure 1.10).

1.3.7 LDA

We used Linear Discriminant Analysis (LDA) to compute the axes that maximize sep-

aration between classes of parasite load in the data using the 13 features previously

described (Section 1.3.6, Figure 1.4). All metrics, except for Fineness, SMI, FAS, and Ucrit

were computed as a function of flow speed. LDA is a dimensionality reduction method

that by contrast to PCA is ‘supervised’ in that it takes into account class-labels to max-

imize the ratio of inter-subject to intra-subject variability. Before performing LDA, all

data are normalized by subtracting the mean and dividing by the standard deviation of

each column. LDA is calculated on a data matrix Mij where each row i is for a sin-

gle fish and the columns j is for each average behavioral metric at each resampled flow

speed. We used LDA to ask what features most differentiate between groups of parasite

loads (previously described in the Methods 1.2.2). Looking at the first two components,

the model reaches an accuracy of 93%.

Figure 1.11A shows the first two Linear Discriminants (LDs) and the ellipses show
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Figure 1.10: LDA input features. (a) Line plots for each LDA input feature (columns) are shown
as a function of resampled flow speed. Each row represents a parasite load group, from top to
bottom: non-parasitized, low, medium, and high parasite load. The black line shows the average
calculated across all the individuals in the population. Line plots show the mean and 95% CI
of the mean. (b) Letter-value plots show the distribution of four LDA input features that are
measured one time in the trial. These features are Fineness ratio, SMI, FAS, and Ucrit. The
dotted line shows the mean across all the individuals in the population. Features are displayed as
a function of parasite load group (x-axis). List of abbreviations: H:T: Heat:Tail amplitude ratio;
St: Strouhal number; Curvature tail: Curvature measured at the tail tip TT; wvl MT2: body
wavelength between M (dorsal fin) and T2 (peduncle); Pfins steady/unsteady: pectoral fin use in
steady and unsteady swimming; Front-Back: relative position in the tank; Unsteady swimming:
rate of unsteady swimming, including bursting; MO2: oxygen consumption rate; FAS: Factorial
Aerobic Scope; SMI: ScaledMass Index (SMI);Ucrit BL: maximum critical speed (in body lengths).
For a list of the features used also see Figure 1.4.

the 95% confidence interval around each category. We find a general separation between

non-parasitized (NP, gray) and parasitized fish of all parasite load categories (colored el-

lipses), which is mainly captured by the first linear discriminant. In fact, we see that

LD1 mainly separates NP points (left on the x-axis, Figure 1.11), from low, medium, and

high parasite load groups, whereas LD2 in particular captures the separation between

low and high parasite load groups (right on the x-axis, Figure 1.11). All the weightings

of each metric at each flow speed, for the first four principal components are shown in

the Appendix in Figure A.12. To simplify the resulting interpretation we computed the

average weighting for each feature across flow speeds. The feature weightings aver-

aged across interpolated flow speed are shown in Figure 1.11B, where positive/negative
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weightings in the LDA components represent higher/lower values of a metric with re-

spect to the trial average. The average weighting direction of each feature is shown in

Figure 1.11A. The direction of the vector indicates the contribution of each metric. The

angles between vectors encode the correlation of the metrics in this space, where small

angles represent a high positive correlation, right angles represent a lack of correlation,

and opposite angles represent a high negative correlation. The magnitude of the vector

is scaled for plotting purposes, the actual weightings of each feature averaged across

flow speed are shown in 1.11B.

There is a substantial overlap among kinematics, morphology, and respirometry fea-

tures in the dimensions computed with the LDA. However, the main contributing fea-

tures of the first LD are values of respirometry and morphology (FAS, Fineness), fol-

lowed by kinematics with H:T amplitude ratio, and then again morphology with SMI

(Figure A.13). These are therefore the first four main features that characterize a group

of non-parasitized fish as opposed to the different classes of parasitized fish. Similarly,

the second LD is mainly separating low from high parasite load. The most important

feature is tail curvature, followed by H:T, MO2, and St (Figure A.13).

Non-parasitized fishmainly occupy space that is negative on the x-axis (Figure 1.11A),

and these reflect low FAS and relatively lower Fineness ratio (Figure 1.10B, see section

1.3.2), as well as relatively lower H:T and higher curvature at the tail (Figure 1.10a). By

contrast to non-parasitized fish and positive on the x-axis, we find low-, medium- and

high-parasite load fish groups. The characterizing features of these points are higher

FAS, fineness, H:T, and SMI (Figure 1.11A and Figure A.13). The low-parasite load fish

show points only positive on LD2, whereas high-parasite load fish mainly have points

negative on LD2. Low and high-parasite load fish generally show opposite kinematic

values (opposite sign on LD2) (Figure 1.11). For more descriptives of the features, see

section 1.3.6.

Overall, non-parasitized fish are distinguished from parasitized fish mainly by mor-

phology and physiologymeasures, with some contribution of values ofH:T amplitude ra-

tio. On average, non-parasitized fish, compared to parasitized fish, have smaller FAS, to-

getherwith smaller SMI (longer and skinnier bodies), lower Fineness ratio (more rounded),

and lower H:T amplitude ratio. Based on the LDA results we find that with the fea-

tures we include, we have enough discriminative power to distinguish groups of non-

parasitized, low, medium, and high parasite load fish groups.

1.3.8 PCA

Using the same 13 features as previously used for the LDA (full list in section 1.2.9 and

Figure 1.4), we used PCA and clustering to identify patterns and similarities in behavior
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Figure 1.11: LDA results. (A) First two Linear Discriminants (LDs) that include 13 metrics. Each
color represents a different treatment, that is non-parasitized, low, medium, and high parasite
load individuals. The ellipses show the 95% confidence interval around each category. The over-
laid weightings show the relative contribution and sign of each metric (averaged across flow
speed), also shown in (B). (B) Weightings of all the features for the first three LDs. These weight-
ings have been averaged across flow speed, the complete set of weightings for each metric and
flow speed can be found in Figure A.12. For a list of the abbreviations, see Figure 1.4
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using a combination of morphology, physiology and kinematic measures. All metrics,

except for Fineness, SMI, FAS, andUcrit were computed as a function of flow speed (these

have one point per trial). A representation of the metrics used can be found in Figure

1.4.

While with LDA the class labels are used to find the combinations of metrics that

most separate data points in each class, PCA does not take class labels as input. Instead,

using PCA we find the weightings of each metric that explain the largest percentage

variance in the data. Before performing PCA, all data are normalized by subtracting the

mean and dividing by the standard deviation of each column. The PCA decomposition is

calculated on the same data matrixMij used for LDA, where each row i is for a single fish
and the columns j is for each average behavioral metric at each resampled flow speed. All

weightings of each metric at each flow speed, for the first four principal components,

are shown in the Appendix in Figure A.14. For simplicity, we computed the average

weighting for each feature across flow speeds. The feature weightings averaged across

interpolated flow speed are shown in Figure 1.12A, where positive/negative weightings

in the PCA components represent higher/lower values of a metric with respect to the

trial average. We find that the first principal component explains the largest variance

(19.5%), mainly weighted by respirometry andmorphology. The second PCA component

explains 13.7% and is mainly weighted by kinematic metrics such as curvature of the

tail, Strouhal number, and body wavelength. The third PCA component explains 11.9%

of the total variance and is most strongly weighted by Ucrit, FAS, body wavelength, and

Head:Tail amplitude ratio. Finally, the fourth PCA component (10% of the total variance)

is mainly weighted by the Fineness ratio, Ucrit, and body wavelength. In total, the first

four PCA components explain 55.1% of the total variance of all the features included

(Figure 1.12A).

In order to identify main swimming modes, we applied Ward hierarchical clustering

(Smith et al., 2021; Ward, 1963). The dendrogram structure built after hierarchical clus-

tering is visible in Figure 1.12B, where each node in the cluster contains a group of similar

features. We used three of the clusters found (dotted lines in Figure 1.12B) to describe

important aspects of the variation in our data, with the goal of describing trends in the

swimming modes that we observed and quantified. The decision regarding the number

of clusters is arbitrary, but can still is still valuable to aid data visualization and quantifi-

cation of the trends that emerge with respect to the combination of features. With this in

mind, we chose three clusters to describe dominant swimming modes, each represented

by differences predominantly in the first two PCA components (Figure 1.12C).

Each data point in Figure 1.12C shows an individual fish projected onto the first two

PCAmodes; the color of the points indicates the cluster number. Overlayed on the points
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are the loadings of each feature averaged across flow speeds. As in Figure 1.11, the direc-

tion of the vector indicates the contribution of each metric to the principal component

space. The angles between vectors encode the correlation of the metrics in this space,

where small angles represent a high positive correlation, right angles represent a lack

of correlation and opposite angles represent a high negative correlation. Each cluster is

described by a combination of the features used, characterizing the individuals within

that group. The features describing each cluster are shown in Figure 1.12D, for all fea-

tures that have been evaluated over flow speeds, and in Figure 1.12E for those features

that have one value per trial.

One aspect that is revealed with the decomposition is that the clusters are well sepa-

rated by differences in swimming performance, in this case, Ucrit values. In fact, Figure

1.12E, bottom right, shows how two clusters are described by relatively lower Ucrit val-

ues than the mean (Cluster 1 and 2), compared to Cluster 3 with higher Ucrit values. This

separation is similar to what we previously described in the section 1.3.5, although in

this case, we do not use quantiles of Ucrit to split the dataset, but PCA followed by clus-

tering. In a simplified interpretation, Cluster 1 and 2 include fish with low Ucrit, while

Cluster 3 includes good performers, as in fish with high Ucrit.

The main difference between Cluster 1 and 2 is that Cluster 1 includes fish with a

specific morphology with a higher fineness ratio and lower SMI, as well as a higher rate

of pectoral fin use at higher flow speeds, compared to Cluster 2 that is possibly described

by more inefficient kinematics (higher St, higher Curvature). More specifically, we now

detail here all the characterizing features for each cluster. Cluster 1 (Blue) includes N=10

fish and it includes individuals that on average have lower Ucrit values than the popu-

lation average. All points of Cluster 1 are positive on PC1, and all but three points are

positive on PC2 (Figure 1.12C); therefore the main descriptors of this cluster are mor-

phology and respirometry metrics (PC1), in addition to some kinematics (PC2). More

specifically, fish belonging to Cluster 1, differently from Cluster 2 (see later), exhibit a

clear morphological signature, with higher Fineness ratio values and lower SMI (Figure

1.12E). This means that on average fish belonging to Cluster 1 are larger in body length

and are thinner (low SMI), and andmore elongated (high Fineness). For the respirometry

values, these fish also show low FAS together with larger MO2 (Figure 1.12D, E). Finally,

when we look at the kinematics, we find that fish of Cluster 1 are mainly characterized

by lower St at low flow speeds, low curvature of the tail, high rate of pectoral fin use

for steady swimming at high flow speed (reminding of the ’bad’ performers in section

1.3.5), and relatively more frontal swimming position at low flow speeds (Figure 1.12D,

E, Cluster 1 blue). Moreover, of the fish of Cluster 1, 5 out of 10 fish are parasitized and

5 are indicated as being in ‘bad condition’ (2 of which are non-parasitized) (more in the

31



Discussion).

Cluster 2 (orange) includes N=15 fish, also in this case including individuals with

lower Ucrit values than average. Most points of Cluster 2 are negative on PC2 (Figure

1.12C), which means that these are best described by some kinematic features (Figure

1.12A). In fact, this group shows a clear trend with Strouhal number and Curvature

of the tail being higher than the mean. This suggests a possible decreased swimming

efficiency, which might be reflected in poorer swimming performance. The same fish

also have low body wavelength values (more pronounced at low flow speeds), which

indicates more flexible (or less stiff) bodies. Finally, the same Cluster additionally shows

higher pectoral fin use during unsteady swimming at high flow speeds, more posterior

swimming positions in the tunnel, and relatively lower MO2 values (which might be

explained by the fact that they reach lower critical speeds) (Figure 1.12D, E, Cluster 2

orange). Of Cluster 2, 7 out of 15 fish are parasitized, 6 are marked as being in ‘bad

condition’ (5 of which are non-parasitized), and 3 (out of 5 in total) females are marked

as pregnant (more in the Discussion).

Finally, Cluster 3 (Green) includes N=21 fish and is mainly described by high Ucrit

values. Individuals in Cluster 3 are generally negative on PC1 and positive on PC2 (Fig-

ure 1.12C), which suggests that fish in this cluster have higher SMI, FAS, andUcrit, as well

as lower MO2 values. Besides morphology and respirometry, Cluster 3 is also character-

ized by a relatively lower Strouhal number at high flow speeds, higher body wavelength

at high flow speeds, and lower pectoral fin use (stead/unsteady) at higher flow speeds

(Figure 1.12D, E, Cluster 3 green). In Cluster 3, 14 out of 21 fish are parasitized. The

same cluster also includes 2 of the 5 pregnant females, and 4 of the 15 fish marked for

’bad conditions’ (1 of which is non-parasitized). Taken together, these results show that

our analysis provides a reliable indication of features that are representative of some

subpopulations of the tested individuals, possibly characterizing the swimming modes

of the tested population.

1.4 Discussion

In our study, we combine high-temporal resolution kinematics analysis with respirom-

etry measurements to better understand the relationship between swimming perfor-

mance and parasitism. We characterize intraspecific variation in guppies with different

parasite loads, tested in a swim tunnel at increasingly faster water flow speeds. Using

LDA on metrics of morphology, physiology, kinematics, and performance, we differenti-

ate between treatments of parasite loads, although with some overlap across classes. We

further investigated the general variation in the population by using PCA,withwhichwe
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Figure 1.12: PCA results. (A) Feature weightings averaged across interpolated flow speed of the
first four principal components. Positive/negative weightings in the PCA components represent
higher/lower values of a metric with respect to the trial average. The four PCA components
explain 20.7%, 14.7%, 11.3%, and 8.4% of the total variance, respectively. (B) Clustering dendro-
gram. (C) Individual fish projected onto the first two PCAmodes. Each point represents one fish;
the colors correspond to a 3-cluster division, identified via Ward hierarchical clustering. Over-
layed on the points we included the weightings of each feature averaged across flow speeds. (D)
Distribution of eight kinematic values and one respirometry (MO2; mgO2 kg

−1 h−1) feature as
a function of resampled flow speeds. Values are separated by Cluster (Cluster 1 first row, blue
color; Cluter 2 second row, orange color; Cluster 3 third row, green color). The black line shows
the average calculated across all the individuals in the population. (E) Distribution features with
one point per trial (thus not measured as a function of speed), divided by cluster number (x-axis);
these are Fineness ratio, SMI, FAS, and Ucrit. The dotted line shows the mean across all the in-
dividuals in the population. For a list of the abbreviations, see Figure 1.4.
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describe different swimming modes defined by combinations of features. We find that

performance as measured by Ucrit is a good predictor of different swimming kinematics,

and we further investigated the general patterns of variation. This revealed different

swimming “styles”, which we describe as: fast swimmers with pectoral fin modulation

over flow speeds; slow swimmers with inefficient kinematics and high pectoral fin use;

slow swimmers with longer/thinner bodies. Using this generalized approach, the re-

sults confirm those of Figure 1.9, where we find that the differences in some kinematic

features (for example Head:tail amplitude ratio, Unsteady swimming, pectoral fin use)

correspond to different swimming performances (Figure 1.12). These results suggest

that by using features of morphology, physiology, kinematics, and performance, we can

characterize phenotypes in the population and possibly distinguish non-parasitized and

fish infected with different loads of parasites.

In this study, we do not find a linear relationship between respirometry values and

individuals’ parasite load. Instead, we find that variations in physiology measurements

are better described in combination with metrics of swimming kinematics. For exam-

ple, fish with low parasite loads measure the highest Factorial Aerobic Scope (FAS) and

the lowest oxygen consumption rates (MO2) values, compared to the rest of the popula-

tion. By contrast, fish with high-parasite loads measure, on average, low FAS values and

higher MO2 compared to the low-parasite load group; however, the FAS andMO2 values

of the high-parasite load group are similar to those of non-parasitized fish. Therefore,

it would be hard to distinguish high-parasite load fish from non-parasitized fish based

on FAS and MO2 values only, without also considering morphology and kinematic dif-

ferences, as detailed below. Host-parasite interaction is multidimensional and complex

(McElroy and de Buron, 2014; Thomas et al., 2010; Timi and Poulin, 2020) and in some

cases, the outcome of an infection will depend on several levels. Moreover, it is some-

times difficult to distinguish between direct and indirect effects of parasitism, and often

observed changes or death rates may be the result of indirect effects of the infection

(Poulin, 1995; Timi and Poulin, 2020).

Here, we use LDA to find the combination of features that maximize distinction

among the treatment groups of non-parasitized, low, medium, and high parasite load

fish. We find that there’s a substantial overlap between groups and overall we distin-

guish non-parasitized fish from low- and medium-parasite load fish mainly by values

of respirometry and morphology (FAS, Fineness, SMI), whereas non-parasitized fish and

low-parasite load fish are separated from high-parasite load fish mainly by values of

kinematics, such as Head:Tail amplitude ratio, Strouhal number, and curvature. More

specifically, negative on LD2, high-parasite load individuals show, compared to the pop-

ulation mean, lower tail curvature, and increased H:T amplitude ratio and Strouhal num-
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ber (Figure 1.11, and Figure 1.10 for the distribution of the single features); moreover

these kinematics are associated with higher MO2 and higher Fineness ratio, and lower

Ucrit. By contrast, orthogonal on the LDA space, low-parasite load fish show lower H:T

and Strouhal number (St) than the population mean, in addition to low MO2, high FAS,

and high SMI (Figure 1.11 and Figure 1.10 for the distribution of the single features).

Although with high variation, low-parasite load fish also include individuals that reach

high critical swimming speeds Ucrit. Similar Ucrit values are found also for medium-

parasite load fish (Figure 1.10).

Fish infected with the ectoparasite Gyrodactylus sp. have been previously reported

to swim ‘erratically’ (a ”side to side deflections of the body accompanied by sudden body

twists referred to as shimmying”), suggesting that the parasites could also affect the kine-

matics of fish swimming (Cable et al., 2002). Moreover, in later stages of infection, host

fins can become contracted and fin rays fuse together, which could indirectly modify the

locomotion patterns (Cable et al., 2002; Hockley et al., 2014). Erratic swimming is con-

sidered highly visually conspicuous, which suggests it may play an important role in the

conspecific recognition of infected individuals and potentially modify shoaling decisions

(Bakke et al., 2007; Barber et al., 2000; Krause et al., 1996). In our data, we do not find

a uni-directional differentiation of undulatory swimming between non-parasitized and

parasitized fish, but using LDAwe have an indication of which features better character-

ize the different treatment groups. For example, among the kinematics, H:T amplitude

ratio is an important feature for the first 2 linear discriminants (LDs), together with St

and Curvature of the tail. Looking at the H:T amplitude ratio, which can be a marker

for the so-called ’erratic swimming’, we find that the largest H:T value measured in

our data, belongs to the individual with the largest number of parasites (approximately

250 worms) (Figure A.15a, t36 dark red color). For this individual, fins were evidently

compromised by the heavy parasite load, which made caudal and pectoral fins stiffer. In

addition to this, the same fish also showed an increase in pectoral fin use in steady swim-

ming at higher flow speeds, which is likely to decrease swimming efficiency (Svendsen

et al., 2013) (Figure A.15b, t36 dark red). We compare this individual to another para-

sitized fish (parasite load of 70 worms) that shows a very distinct swimming mode with

a very low H:T amplitude ratio at low flow speeds and a constant decrease of pectoral fin

use at high flow speeds (Figure A.15, t32 salmon color). This fish also reached one of the

highest Ucrit and counted about 15 worms less compared to the load at the beginning of

the experiment, which could also have implications in transmission likelihood (Reynolds

et al., 2019). One hypothesis to explain phenotypic variation associated with ectopara-

site infection is that parasites might have an effect on the superficial neuromasts, which

could in turn modify the ability of the fish to sense the flow and adjust the locomotion
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in order to minimize energy expenditure (Montgomery et al., 1997). Taken together, we

conclude that ectoparasites, including Gyrodactylus sp. can affect swimming behavior

and its phenotypic expression, although it’s possible that the effect isn’t unidirectional,

and preconditions or individual variation could determine the variability of the outcome

of the infection. In this study, we did not include information on the infection outcome

and parasite growth/recovery after the swim tunnel exercise. However, future studies

that include more physiological and morphological measures before and after an exper-

iment experiment, could inform us on possible trade-offs between the hosts’ response to

fight the infection and swimming efficiency.

In addition to characterizing how features vary as a function of infection status, we

describe general intra-specific swimming modes within our studied population. Differ-

ent taxa might use different forms of locomotion, linked to other factors such as habitat,

morphology, sex, andmore. A recent work compared 46 fish species traditionally divided

into classes of anguilliform, sub-carangiform, carangiform, and thunniform swimming

modes, but found no distinction on the main kinematic features during steady swim-

ming (Di Santo et al., 2021). This suggests that undulatory swimming is not classifiable

into discrete swimming modes, but is rather placed on a continuum (Di Santo et al.,

2021). In our study, we use similar morphology and kinematic metrics; to these, we

add respirometry measures and found that using PCA we can identify swimming modes

described by similar patterns of locomotion and performance. Nonetheless, we also con-

clude that the modes we describe represent a continuum in the behavioral space and not

discrete classes. More specifically, using PCA and hierarchical clustering, we identify

three swimmingmodes that correlate to some extent to swimming performance (i.e. vary
on the Ucrit values) (Figure 1.12E, lower right). One main result of the PCA is that we

find combinations of morphological, respirometry, and kinematics values that describe

differences in the swimming performance (i.e. Ucrit values) (Figure 1.12E, Ucrit). Fish

of Cluster 1, which record low Ucrit values, have a characteristic morphology with high

Fineness and low SMI. Fish from Cluster 2 also record low Ucrit values but their mor-

phological features are similar to the population mean (and to those of Cluster 3). By

contrast, fish from Cluster 2 show a larger variation in kinematics, with a high St num-

ber, high curvature of the tail, and increased tendency to swim in the back of the swim

tunnel (Figure 1.12E). Finally, individuals that reach high Ucrit values show lower pec-

toral fin use and St at high flow speeds compared to the mean, lower MO2, and slightly

higher body wavelength at higher flow speeds.

One main difference between our study and the study by Di Santo et al. (2021) is

that we also include intra-individual locomotion patterns across changing flow speeds,

which might hold more information than a single-speed kinematic evaluation (Di Santo
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et al., 2021). Another main difference is the analysis on pectoral fin use, which we think

affects locomotion patterns (see section 1.3.5 and 1.3.8) (Hale et al., 2006; Svendsen et al.,

2013; Webb, 1973). Often, studies on swimming locomotion concentrate on body-caudal

fin propulsion, without integrating information on pectoral fin use, which is likely af-

fecting locomotion itself (Hale et al., 2006; Svendsen et al., 2013; Webb, 1973). However,

it was previously shown that also for guppies, pectoral fin use can affect swimming lo-

comotion and efficiency. Svendsen et al. (2013) previously found that fish that decreased

pectoral fin use early in the trial (at lower swimming speeds), also reduced swimming

costs (Svendsen et al., 2013). On the other hand, fish that ceased pectoral fin use at higher

swimming speeds, or not at all, reached lower critical swimming speeds (Svendsen et al.,

2013). In this study, we also highlight the importance of the evaluation of pectoral fin

use as a function of flow speed in the characterization of locomotion patterns. We find

that one main difference between a ’bad’ from a ’best’ performer is also seen in the pec-

toral fin use: ’bad’ performers do not decrease pectoral fin use at the same rate as those

individuals that reach high Ucrit (Figure 1.9, leftmost plot). This result is then confirmed

by PCA and clustering (Figure 1.12). Individuals of Cluster 1 measure the lowest Ucrit

values of the population (Figure 1.12E, blue) and record the highest pectoral fin use rate

at high flow speeds (Pfin steady in Figure 1.12D, blue); the same fish also record the

highest oxygen consumption rates (high MO2 values) (Figure 1.12D, blue). By contrast,

individuals of Cluster 2, on average, record low Ucrit values (Figure 1.12E, orange); how-

ever compared to the fish in Cluster 1, fish in Cluster 2 decrease their pectoral fin use rate

from low to high flow speeds (Figure 1.12D, orange). Fish of Cluster 2 measure average-

to-low oxygen consumption rates (MO2) (Figure 1.12D, orange). Individuals of Cluster

3, on average, record higher Ucrit values than Cluster 1 and 2 (Figure 1.12E, green) and,

at high flow speeds, use pectoral fins at lower rates than the population mean (Figure

1.12D, green). Finally, in our study, we highlight the importance of distinguishing be-

tween pectoral fin use at steady versus unsteady swimming states (Figure 1.8). Pectoral

fin use serves different purposes in fish’s locomotion (Hale et al., 2006); for example,

pectoral fins can be used for stabilizing locomotion at low flow speeds, or to contrast

loss of balance in particular when swimming at high speeds. To conclude, we confirm

the findings of Svendsen et al. (2013), and we also suggest that the pectoral fin mod-

ulation across flow speeds, rather than absolute fin use, likely affects locomotion, and

consequently swimming costs and performance.

In the context of predictors of swimming performance, we looked at the relationship

between morphology and Ucrit. We find that the correlation between SMI and Ucrit as

well as the correlation between Fineness ratio and Ucrit is more pronounced for para-

sitized fish than it is for non-parasitized fish (Figure A.5). This suggests that for para-
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sitized fish, morphologymight play a more important role in swimming performance for

parasitized fish than it does for non-parasitized fish. Swimming endurance varies widely

within species (Kern et al., 2018). Despite correction relative to body size, different-sized

fish will likely require different levels of activity and thus be hard to compare regardless

(Bainbridge, 1958). Fish in our study also vary widely in their swimming performance

(Figure A.3) and overall there are limitations to measurements of Ucrit. For example, it

is difficult to compare results across studies due to the different contexts and conditions

in which critical swimming speed has been measured in the past. Moreover, it is rare

that fish reach their critical swimming speed in a natural context, which also reduces

ecological relevance (Plaut, 2001). In future studies, to overcome the limitation of mea-

suring critical swimming speed in artificial environments (such as the flow tank), one

should aim at testing things like reproductive success or other behaviors associated with

individual measures of endurance or swimming performance. For example, a study by

Hammer (1995) showed how the pollutant concentration in the living habitat decreased

critical swimming speed (Hammer, 1995). However, in our study we were interested in

testing the effect of parasitism on swimming performance, and despite the absence of a

clear answer, we see that variation in the population exists, such as for increased Ucrit

in low- and medium-parasite load population (Figure 1.10B), and that it’s likely linked

to a combination of features that form the multidimensional space of a fish swimming.

In conclusion, in this study, we look at the kinematics that characterize guppy swim-

ming in steady flow conditions and quantify the effect of increasing flow velocity and the

role of parasite infection. Among treatments of parasite infections, we don’t find strong

markers specific to the infection-load category, but we find ranges of variation that are

likely associated with each class. These results compare to the findings of Di Santo et al.

(2021) in that swimming modes are not discrete categories but are rather found in a

continuum in the behavioral space.

38



Chapter 2

Parasites affect the individual-level
behavior of guppies without altering the
collective dynamics

2.1 Introduction

Group living animals integrate individual and social information to make rapid decisions

in a dynamic environment and the ability to respond appropriately to the behavior of

other individuals is essential to minimize exposure to threats and maximize fitness. Par-

asitism is ubiquitous in animal societies and often hypothesized to be a potential cost of

group living (Alexander, 1974), due to the increased risk of disease transmission (Cremer

et al., 2007). At the same time, social behavior is also a mechanism by which both ver-

tebrates and invertebrates possibly control, cure, or evade pathogens (Rosengaus et al.,

2022). Therefore, the presence of an infectious disease can not only substantially alter

the behavior of infected individuals, including the way they interact with others, but

also the behavior of uninfected conspecifics. Thus, infection may have cascading effects

on individual and collective behaviors. With this chapter, we explore how the infection

of a socially-transmitted parasite affects movement dynamics of shoaling guppies, and

describe the effects both at the individual and the collective level.

Animals can detect and behaviorally respond to parasitic infections using sensory

integration mechanisms both before and after exposure (Lopes, 2022). For example, un-

infected individuals can use visual and olfactory cues to detect and limit their exposure

to pathogens, such as by avoiding contact with contaminated surfaces or conspecifics

(Mikheev et al., 2013; Stockmaier et al., 2021). Avoidance of infected conspecifics occurs

in multiple social species (Buck et al., 2018; Croft et al., 2011; Dugatkin et al., 1994; Kava-

liers et al., 2004; Stephenson, 2019; Stephenson et al., 2018; Ward et al., 2002), but also
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represents a trade-off between the advantages of social living (antipredator defense, for-

aging efficiency, mating opportunities), and the cost of decreased social cohesion and/or

isolation to escape parasites. However, in some cases, it could be difficult to distinguish

an avoidance mechanism driven by healthy conspecifics from behavioral changes of the

infected host due to the side effects of an infection. Immune-challenged bats, for exam-

ple, reduce social vocalizations, which consequentially reduce social encounters (Stock-

maier et al., 2020); similarly, decreases in social contacts among mice has been found

to be a consequence of sickness-induced reduced movement of the infected host (Lopes

et al., 2016). Thus, if infection affects the physiological state or the behavioral motivation

of an individual, we can expect self-sorting mechanisms to emerge (Couzin and Krause,

2003; Couzin et al., 2002), with the potential to affect social dynamics, independently of

direct behaviors initiated by healthy conspecifics.

The aquatic environment has some distinct physical and chemical properties that

affect how pathogens are transported and transmitted, and, as a consequence impact

responses of both the infected hosts and the uninfected conspecifics (Behringer et al.,

2018). Various small fishes including sticklebacks, killifish and guppies have been widely

used to study experimental parasitology under lab-controlled conditions (Barber and

Dingemanse, 2010; Croft et al., 2011; Krause and Godin, 1996; Lafferty and Morris, 1996;

Stephenson, 2019; Sumpter et al., 2008). At the core of these studies, a focus of inter-

est has been developing and understanding the mechanism of the interaction between

parasite infection and patterns of behavior. Parasite infection can affect shoaling deci-

sions of infected and non-infected individuals (Barber et al., 1998) and if the parasite is

transmitted with contact or proximity, for example, uninfected individuals should avoid

the contagious individuals, and choose to shoal with uninfected fish (Krause and Godin,

1996). Previous findings showed that shoals of guppies in which one individual is in-

fected with the ectoparasite Gyrodactylus sp. were significantly more likely to initiate

shoal fission events by changing their direction of travel (Croft et al., 2011). Similarly,

more recent studies on the same host-parasite system also found evidence that guppies

can use visual and chemical cues to avoid infected individuals (Stephenson et al., 2018)

and that avoidance behavior also depends on the susceptibility of the shoal members, as

more susceptible male guppies showed reduced sociality prior to infection (Stephenson,

2019). Given that Gyrodactylus sp. are socially transmitted (Richards et al., 2010), such

behavior is presumably adaptive as it will be expected to reduce an individual’s expo-

sure to the parasites and thus the probability of infection. Here, differently to previous

studies, we use cutting-edge tracking technology (Walter and Couzin, 2021) to analyze

individual motion features (e.g. speed, acceleration, turning rates) of freely shoaling gup-

pies in presence of a socially transmitted parasite, Gyrodactylus sp. By maintaining the
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individual identity of each fish of the shoal, we quantify the details of the individual

movement and interactions, which can vary upon parasitic infection and have cascad-

ing effects on the social behavior. This approach overcomes the limitations of binary-

choice experimental designs (previously used in Stephenson (2019) with guppies or by

Rahn et al. (2015) with sticklebacks), and complements the observational approach pre-

viously used for example by Croft et al. (2011) (where fish were observed for a period of

30 minutes).

In this study, we used a novel approach to quantify the group behavior of guppy’s

fission-fusionmovement in presence of a directly-transmitted ectoparasite. To our knowl-

edge, this is one of the first studies using repeated measures of freely shoaling guppies,

with mixed infection status, while maintaining the information of the individual identity

of each shoal member. The way in which guppies move is highly dynamic and groups

split (fission) and merge (fusion) frequently. With our approach, we describe how par-

asitized and unparasitized individuals behave and interact over time, and we find that

parasitic infection increases the likelihood of a set of behaviors to appear. More specif-

ically, infected individuals maintain higher nearest-neighbor distance, spend more time

in isolation, are more likely to transition to isolation from bigger group sizes, and tend

to occupy more peripheral and frontal positions across different group sizes. Overall,

Gyrodactylus sp. infection does not seem to induce a single novel disease-specific be-

havior but rather increases the likelihood for a diseased individual to occupy a space in

the extremes of the range of guppy behavioral repertoires.

2.2 Methods

2.2.1 Study system

We used Trinidadian Guppies Poecilia reticulata, held in the facilities of the Max Planck

Institute of Animal Behavior, Konstanz, Germany. The original stock was received in

2017 by Manfred Schartl from the Univerisity of Würzburg. Holding tanks had circulat-

ing water, fish were maintained at 26.5±1 ℃, with average 7.5 pH and 400 µS/cm conduc-

tance, under a 12:12 light:darkness cycle and fed daily on live high HUFAArtemia, frozen
food, including frozen cyclops, frozen Artemia and dry food (Naturefood, Supreme Plant

- XS and S). All experiments were done in accordance with the permit AZ 35-9185.81/G-

17/162 granted by the Regierungspräsidium Freiburg, Baden-Württembeg, Germany.
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2.2.2 Infection and screening

For the experimental infections, we initiated a parasite culture ofGyrodactylus sp. which

were first collected from a local pet shop, and then maintained on guppies from the same

experimental fish stock (culture). After each experimental infection, fish were held in a

quarantine room, housed individually at a density of 13L per fish in 80L tanks divided

into 6 compartments. The compartments were separated by transparent partitions to

allow the fish to see conspecifics. Partitions had holes to allow water to flow across

compartments.

Wild caught Trinidadian guppies generally host loads of about 10 worms/host of Gy-

rodactylus spp. (Harris and Lyles, 1992), but can have up to about 270 parasites (Stephen-

son et al., 2015). Gyrodactylus sp. is a monogenean flatworm that reproduces on the skin

of the host with a generation time of 24h. Parasite load grows over time but the load

on hosts can vary across individuals (Stephenson, 2019; Stephenson et al., 2017), for ex-

ample with respect to body size, with larger individuals hosting higher parasite loads

(Cable and van Oosterhout, 2007; Richards et al., 2010; van Oosterhout et al., 2008).

To initiate infection, first, a culture fish with a heavy infection of worms on the

caudal fin was euthanized with an overdose of 0.25 mg/ml MS222 (ethyl 3–aminobenzoic

methanesulfonate salt), buffered with sodium bicarbonate. Following death, the caudal

fin was cut with a scalpel and moved to a petri dish with fresh water. After about 30

minutes the parasites started detaching from the fin and moved to the water column,

either attaching to the bottom of the petri dish or to the water surface (Cable et al., 2002).

When enough parasites had detached from the fin, experimental fish were anesthetized

with a 0.1 mg/ml dose of MS222, buffered with sodium bicarbonate, and their caudal fin

was placed near the floating parasites until five parasites attached to the host’s fin. The

procedure was observed with a dissecting microscope. After infection experimental fish

were revived in fresh water and the number of parasites was counted under a dissecting

microscope every 2 or 3 days. In instances where loads were very high but could not

perfectly distinguish the precise count, we assigned the value of 200 parasites (for four

fish). Fish used for the parasite culture were not used for behavioral experiments.

In order to control for the effects of the manipulation on the fish used for the experi-

mental infection, we collected data by using a sham-infection procedure. Sham-infected

fish underwent the same procedure of the experimental infection but no parasites were

given to the fish. More details on the control experiment using sham-infection are found

in the Appendix B.1, section B.1.1.
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2.2.3 Experimental trials

Experimental trials were carried out in 116x116cm custom-built tanks filled with aerated

and pH adjusted water and maintained at the temperature of 26.5 ±1 ℃. All the exper-

iments were conducted between October 2019 and July 2020. Videos were recorded

for approximately three hours at 30 frames per second using a high-resolution cam-

era (Ximea MC124MG-SY-UB) with a 16mm lens (Kowa LM16HC 16-mm f/1.4). Data

acquisition was controlled by video recording software (Motif, loopbio GmbH). The illu-

mination system was custom-built as an array of 15x15 infrared LEDs (Winger IR power

LED 850nm 3W). Figure 2.1 shows four of the setups used for data collection.

Figure 2.1: Experimental arenas. Picture of the experimental arenas: 116x116cm custom-built
tanks filled with aerated and pH adjusted water and maintained at the temperature of 26.5 ±1 ℃.
Cameras were placed above the tank and videos were recorded at 30 frames per second. Data
acquisition was controlled by video recording software (Motif, loopbio GmbH). The illumination
system was custom-built as an array of 15x15 infrared LEDs (Winger® IR power LED 850nm 3W)
and was placed below the tanks.

An experiment consisted of a Baseline (BSL) and a Treatment (TRT) condition, in

order to record the same fish (the Focal-fish, FF) at two time points: before parasite in-

fection (Baseline) and after parasite infection (Treatment). In both conditions, the Focal-

fish was recorded for about 3 hours while shoaling with seven other non-parasitized fish,

that is the Non-Focal fish (NF) (Figure 2.2A, B). Throughout the chapter, one condition

(Baseline or Treatment) counts as one trial. During the Baseline condition, all fish were
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non-parasitized. The Focal-fish was recognized by an elastomer tag which allowed vi-

sual identification at the end of each recording. At the end of the Baseline condition,

the Focal-fish was anesthetized and underwent a procedure to initiate parasite infection

(Figure 2.2A Infection procedure; for details on the infection procedure see section 2.2.2).

After infection, fish were kept in semi-isolation until the following testing day, that is

the Treatment condition (Figure 2.2A to B). Semi-isolation was used to allow the para-

site infection to grow undisturbed by physical contact of conspecifics in proximity, while

maintaining visual contact. The Treatment condition was collected after either 5, 10, or

15 days, which corresponded to a either short (5 days), medium (10 days), or long (15

days) infection duration, which in this study on average corresponded to low, high and

reduced (after a peak) infection loads (Figure 2.3). Besides the absolute number of worms

per fish, for each individual and the parasite growth curve, we calculated two indices, the

growth rate and infection integral. The growth rate indicates how infection grew from

the first day of the infection and it is calculated as ln(parasites day 1) - ln(parasites day

experiment)/n day experiment. The infection integral is instead calculated as the area

under the curve from the first day of infection until the day of the experiment. Each fish

was randomly assigned to either one or two Treatment condition days and was recorded

for a maximum of 3 times, including Baseline and 1 or 2 post-infection time points.

The Treatment condition consisted of the same recording procedure as the Baseline,

that is 3 hours of consecutive recording of one Focal-fish, in this case parasitized, and 7

Non-focal fish (Figure 2.2B). At the end of each Treatment condition trial, each fish was

removed from the tank one-by-one and placed in individual casing in a box with trans-

parent dividers (27x15cm, with single partitions inside for each fish). Individual housing

was used to avoid potential parasite transmission by forcing proximity when transport-

ing fish from the experimental area to the quarantine holding area. All eight fish were

then anesthetized with a 0.1 mg/ml dose of MS222, buffered with sodium bicarbonate,

and screened for parasites immediately to asses possible infection transmission (Figure

2.2B, screening for parasites). After screening, fish were returned to fresh water and let

recover from the anesthetized state, which usually took a few seconds for full recovery.

If at least one individual was infected during the trial, the eight fish were filmed for a

further 15 minutes, while keeping them separate in the box (Figure 2.2B, bottom right).

The fish inside the box with dividers, were filmed using the same camera hardware and

lighting. This procedure allowed post-experiment individual recognition, thus the abil-

ity to determine the precise identity of all the individuals that were infected during the

trial. The post-experiment identification is achieved with a method known as ‘transfer

learning’. This is a machine learning technique that uses knowledge learned from pre-

vious neural network training (in our case from the 3 hours recording of the same fish
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shoaling during the trial) and applies it to a new situation (in this case the recording of

the same fish, but in the box and after the experimental recording was stopped for some

minutes). The same experimental procedure was used for control experiments, where

the Focal-fish was sham-infected (Appendix B.1).
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Figure 2.2: Illustration of the experiment design. Each experiment consisted of a Baseline (A)
and a Treatment (B) condition, and in each condition, we recorded eight guppies freely shoaling,
divided between seven Non-focal fish (NF) and one Focal-fish (FF), for 3 hours at 30Hz. In the
Baseline condition, all fish were non-parasitized, and the Focal-fish was recognized by an elas-
tomer tag. At the end of the Baseline, the NF went back to holding, while the FF underwent the
infection procedure. The FF was anesthetized was infected with five parasites (see more about
the infection procedure on section 2.2.2). At the end of the infection procedure, the FF was re-
vived in fresh water and housed individually; each FF was screened every 2-3 days to note the
parasite count. Each FF was then filmed a second time in the Treatment (B) condition, with seven
NF, randomly selected (and therefore unlikely to be the same as for the Baseline condition). At
the end of the Treatment recording, each fish was removed one-by-one, placed in a box with
dividers for each individual, anesthetized, and screened for infection that might have occurred
during the trial. If infection happened, the fish were filmed for 15 minutes, while still separated
in the box (B, bottom right), to allow post-experiment identity recognition.
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Figure 2.3: Parasite load growth over time. Parasite load and its growth from Baseline to the
testing day in the Treatment condition. Each line represents one fish measured on different
days. The vertical line represents the different possible Treatment days. In this experiment, the
growth shows approximately exponential growth within the first 10-15 days of a naive infection,
followed by a decay over the following days. In our trials, the two individuals tested on day 15
both had lower counts on day 15 of testing. More details on the experimental design and the day
of testing are found in section 2.2.3.

We recorded a total of 76 trials, of which we fully processed 55 trials. A total of 21

trials were excluded from further processing in case of low tracking quality or absence

of the Treatment condition upon death or poor body condition (due to the infection)

of the infected fish prior to the Treatment testing day. In one case, a fish deceased

during the recording, following which the trial was interrupted and the data were not

processed. We included 55 divided between Baseline (BSL, N=24) and Treatment (TRT,

N=31) conditions. From the Treatment condition, we counted N=16 at day 5, N=13 at day

10, N=2 at day 15. A total of 6 fish were recorded at two experimental time points (that is

both at day 5 and day 10, or day 10 and day 15). In each trial, we used eight size-matched

females. We restricted the analysis to female guppies as they form natural schools more

so than males, and we wanted to exclude the emergence of secondary effects induced

by mating behavior (Croft et al., 2011; Griffiths and Magurran, 1998; Stephenson, 2019).

Although in the wild the density of guppies varies depending on predation pressure,

season, location and other factors (Magurran, 2005), guppies on average form shoals of

size between 4 and 40 individuals (Croft et al., 2003; T. Russell et al., 2004); therefore our

tested group size is representative of the natural population density of guppies in the

wild (Croft et al., 2011; Magurran, 2005).

2.2.4 Tracking and data processing

We tracked all videos using TRex (Walter andCouzin, 2021), that allows individual recog-

nition and identification for unmarked individuals (Figure 2.4). For each recording, we

exported raw x, y centroid coordinates of all individuals. Video analysis of the main

experimental trial was restricted to the last two hours of the experiment, as the first
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hour of the experiment includes tracking artifacts due to general acclimation to the tank

environment. On average our guppy shoals seemed to reach a consistent swimming

speed, nearest-neighbor distance, and group size preference after the first hour (Figure

2.5). The videos used for identity recognition after infection were analyzed separately,

and the identity of fish that got infected during the trial was noted and included for the

following analyses.

Note that raw x, y coordinates exported from the tracking program may be missing

values for some frames for a multitude of reasons, including fish crossing/overlapping,

fish near the wall, sudden identity switches, and general centroid-tracking noise. How-

ever, we found that in the instances after identity was momentarily lost or switched,

when tracking was resumed, fish were correctly identified by the neural network that

TRex uses for maintaining individual identities (Walter and Couzin, 2021). In the time

tracking is lost before re-identification, however, TRex by default deliberately assigns

invalid values for an individual’s x, y coordinates. To simplify the process of data anal-

ysis, we filled in these missing values using linear interpolation, and the interpolated

values were used to inform further filtering in a secondary step (see section 2.2.5).

Before filtering and after interpolating, we calculated individual behavioral motion

metrics (speed, acceleration, heading), and pairwise distances for all individuals (see

next section 2.2.5). To partly account for inevitable (albeit minor) tracking noise, we

applied a step in the derivative for the calculation of the behavioral metrics (speed: 4

frames, acceleration: 2 frames, heading: 2 frames). We calculated speed and accelera-

tion assuming a constant frame rate, but this was not always the case due to hardware

problems (on average 0.07 %, Figure B.3). Therefore, as a first filtering step, we identified

frames where inter-frame interval was different from 1/frame rate, and assigned invalid

numbers to speed and acceleration for the detected ‘skipped’ frames. As a second fil-

tering step, we used speed values to identify tracking errors. This is efficient when fish

are assigned the wrong identity, but are distant from each other. In these instances, the

calculated speed value is abnormally high, which we therefore detect in order to avoid

further errors based on the evaluation of metrics on frames where the identity of the

individuals is uncertain. To this end, we identified clear ‘jumps’ in the x, y coordinates,

detected by high speed values, that could be caused by temporary identity matching er-

rors (here instances of swimming speed higher than 35cm/s with a minimum duration

of 1/10 of a second). When two or more such instances were found to be separated by

less than 5 frames (1/16 of a second), they were combined into one. Each of the identi-

fied windows was padded with 8 frames to account for the beginning and the end of the

possible tracking error. Frames identified with the tracking-error filter were excluded

from further calculations. Note that in case of mixing of identities of individuals in close
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proximity, we have a low chance of correctly identifying those tracking errors. How-

ever, due to the overall high reliability of the tracking, such small tracking errors very

unlikely impact our analyses.

Figure 2.4: Camera view of the arena with tracked individuals. Picture of the experimental
arena with individual fish tracked with TRex, where each color corresponds to one fish, which
identity is maintained throughout the recording (Walter and Couzin, 2021).

2.2.5 Pairwise distance, group sizes, events

Guppies, like many other social species, live in fission-fusion populations; thus their col-

lective behavior is highly dynamic, characterized by continuous splitting (fission) and

merging (fusion) of groups (Couzin and Laidre, 2009; Wilson et al., 2014). Therefore, we

developed a workflow to identify groups of fish (characterized by group members swim-
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Figure 2.5: Stabilization of behavioral metrics over time. (a) Speed (cm/s), (b) nearest-neighbor
(NN) distance (cm), and (c) group size (of the event) calculated with a moving average with
a window size of 5 minutes. Each line in each figure represents values for each fish in each
trial. The thinker black line represents the overall average across all fish and trials. The metrics
displayed show a visible acclimation effect over the first hour of recordings. The dotted line
marks the first hour of the experiments; data analysis was restricted to the last two hours of the
experiment due to a visible change in the variables in the first 60 minutes of a trial, that is the
increase of nearest-neighbor distance (b) and the decrease of speed (a) and average group size
(c).

ming in close proximity to one another), evaluate the number of fish in each group, and

define the timing corresponding to the beginning and the end of each group, detailed as

follows (Figure 2.6). The first stepwas to calculate pairwise distance across all fish at each

time point, used to identify distance-based aggregations and assign group membership

(Figure 2.6A). A ‘group’ is an aggregation of fish that can co-occur with other spatially

separated aggregations, and group size can be between 1 and 8 individuals, where 8 is

the maximum number of fish in an experiment, and 1 corresponds to an isolated indi-
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vidual (Figure 2.6B). For the identification of one or more groups in the same frame, we

used pairwise distance to define a ‘network’ of connected individuals and specified a

group as connected components within this network. In this procedure, one individ-

ual is connected to another if they are located within a distance threshold. To define

a relevant distance threshold for our data, we calculated the 5th percentile of the me-

dian pairwise distance across all data and used this value, which was 15cm. Figure 2.6B

shows a simplified version of the group identification process where the circle around

the fish in the figure represents the distance threshold of 15cm. The number of fish in

each group determines what we refer to as ‘group size’ (Figure 2.6C). The assignment

of group size depends on the threshold we used for defining groups, as a bigger thresh-

old will allow groups to be large and last longer. Because small fluctuations of distance

near the threshold can lead to noise in the group membership assignments, we used a

moving average on the distance values with a window size of 1 second. The last step

is to identify what we call an ‘event’. An event is defined as a subset of coordinates of

consecutive frames where one or more individuals are part of the same group (Figure

2.6D). To define an event, we combine trajectories and identity information based on

the group classification (Figure 2.6B, C). An event ends when the group composition

changes, that is when one (or more) individuals leave the group (fission), or when one

or more individuals join the group (fusion), thus changing the group size and/or com-

position. Each event is therefore characterized by a specific number of individuals (i.e.
group size), composition (based on the identity of the individuals), and duration.

Based on the event detection, we excluded some events based on further filtering

thresholds. We excluded events containing more than 10% of the frames with possible

tracking errors and/or interpolated values of the raw trajectories (as explained in section

2.2.4). This method is rather conservative and excludes, in one extreme case, up to 25%

of the data (in one case of a trial with poor tracking quality, with individuals not moving

much). However, the median percentage of data excluded due to tracking errors is 0.6%

of the frames (Figure B.4). Overall, multiple processing steps are necessary to simplify

the analysis and to create robust measures of behavioral metrics that minimize tracking

errors. These include smoothing pairwise distance calculation, exclusion of events with

tracking errors, as well as excluding short events.
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Figure 2.6: Work-flow of data processing from trajectories to events segmentation. Work-flow
of segmentation of trajectories of freely swimming individuals of trajectories into one or more
groups and events over time. (A) Trajectories of a subset of eight individuals over a time of 12
seconds. (B) Groups are identified based on a pairwise distance threshold of 15cm (for more
details, see section 2.2.5). (C) Trajectories are segmented into one or more groups of different
sizes; color denotes size. (D) Segmented trajectories are divided into events, where both group
size and composition are taken into consideration.

2.2.6 Behavioral metrics

We calculated behavioral metrics for each individual within each event and trial. More

specifically we calculated individual-based metrics of speed, acceleration, heading an-

gle, nearest-neighbor distance, speed relative to the groupmean, nearest-neighbor align-

ment, distance from the tankwall, and group-level metrics, such as group centroid speed,

acceleration, and polarization. All the metrics are then calculated as averages and medi-

ans across trials and across fish in the trial, in order to obtain one value per-fish, per-trial.

In the analysis, we only included frames where all eight individuals are correctly tracked

and identified, in order to avoid erroneous interpretations associated with relative mea-

sures and estimation of group sizes.

2.2.7 Fission-fusion analysis

After the segmentation of trajectories into events, we definedmetrics to quantify fission-

fusion. In particular, we determined properties of the group sizes that dynamically vary

throughout the whole trial. First, we defined the group size distribution at each time

point. The group size distribution at time t is represented with Gtk, where k is an index

that goes from 1 to the Nt, which is the number of groups at time t. The largest group
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has index of k = 1, and the smallest group has index k = Nt. To illustrate this notation,

consider a time t when all fish are in a single group: then Nt = 1 and Gt1 = 8. At a

time t when there are three groups of sizes 4, 3, and 1, we have Gt1 = 4, Gt2 = 3, and

Gt3 = 1, and Nt = 3.

In order to determine the ending of an event, we look at the changes in the group

membership in each time instance. The membership of each group is defined withMtki,

where i = 1...Gtk. A change in group configurations is noted when Nt+1 ̸= Nt, or

more generally when Mt+1,ki ̸= Mtki. The proportion of time one fish spends in the

different group sizes is calculated as the sum of the frames in the group Gn divided by

the total number of frames in each of the 8 possible group sizes. In order to examine

how individuals differ from other fish in the same trial, the value of the proportion of

time each fish spent in each group size is normalized by subtracting and dividing by the

trial mean. The normalization is to account for differences between trials in the amount

of time fish spend in the different group sizes.

Furthermore, for each fish, we quantified the likelihood of the change from one group

size to the next, here referred to as a ‘transition’. This is a way to quantify the the average

group size an individual transitions to, after a fission or a fusion (that is after an event

ends), and the associated probability. In this analysis, we excluded all transitions that

included invalid values (determined by previous filtering on tracking errors, see section

2.2.4).

2.2.8 Spatial positioning

Based on the position and direction ofmotion of the centroid of each group in each frame,

we calculated the relative position of each individual with respect to the front-back and

the center-periphery axis. For the front-back position calculation, we rotated each indi-

vidual orientation with respect to the group centroid movement direction (Couzin et al.,

2002; Katz et al., 2011). The center-periphery distance is simply inferred based on the

distance from the group centroid. The analysis of the position of each individual in the

group is restricted to events with a minimum group polarization value of 0.65.

For each individual, we calculated a categorical position value by ranking the front-

back and the center-periphery position, where small values indicate the front and the

center of the group, respectively. For example, for a group size of 5, in the front-back

ranking a value of 1 indicates the front-most individual while 5 indicates the rearmost,

and in the center-periphery ranking a 1 indicates the fish closest to the group centroid

and 5 the fish farthest from the centroid. Finally, for each individual, we calculated the

proportion of time they spent in each relative front-back or center-periphery position,

and more specifically some analysis was restricted to the proportion of time each indi-
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vidual spent in the most front and the most peripheral location (as determined by the

group size).

In addition to the relative position in each group size, for each individual, we also

calculated the nearest-neighbor probability distribution. For this analysis, we generated

a nearest-neighbor adjacency matrix Aij to represent the nearest-neighbor associations

at each frame based on the event’s group members. The nearest neighbor is marked

with a 1, while all the others are marked with zero (Figure 2.9a. When an individual is

in a group size of 1, the diagonal value is set to 1 (as in to be the nearest-neighbor to

itself). To estimate the probability we calculated the mean of the Aij matrix over the

whole duration of the experiment excluding the diagonal.

2.2.9 PCA

We used principal component analysis (PCA) to extract the dominant axes of variation.

The behavioral metrics used are: relative speed, nearest-neighbor distance, nearest-

neighbor alignment, proportion of time spent in the front, proportion of time spent in

the periphery, probability of transition to a group size of 1, and proportion of time spent

in the different groups sizes. With these metrics, we create a data matrix Mij , where

each row i represents one fish in each group size (between 2 and 8 for all the metrics

except for the proportion of time in the different group sizes, restricted between 1 and

7), and columns j = 1..8 are the different quantities. Following standard procedures, we

normalized the data matrixM so that the column mean is zero and the column standard

deviation is 1. We then performed principal component analysis (PCA) on the resulting

matrix.

2.2.10 Data analysis and statistics

Data were analyzed with custom-written code in Python. For the logistic regression

models, we use the package statsmodels and the statsmodels.logit function. To

evaluate the results of the logistic regression fitting, we used Average Marginal Effects

(AMEs) (Leeper, 2017). Correlation coefficients were calculated using the Pearson Cor-

relation Coefficient using the function scipy.stats.pearsonr. In the results section,

all correlations are calculated as Pearson correlation coefficient, reported with the sig-

nificance p-value. Other statistical tests are reported in the text in the results section.

2.3 Results

The results are organized as follows:
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1. Parasite load and fish size (Section 2.3.1)

2. Trial-level differences: How do Baseline trials differ from Treatment trials (Section

2.3.2)

3. Individual differences in a fission-fusion system (Section 2.3.3)

4. Speed and group size distributions (Section 2.3.4)

5. Dynamics of group size changes (Section 2.3.5)

6. Physiological and behavioral predictors of parasite transmission (Section 2.3.6)

7. PCA on the Focal-fish behavioral metrics (Section 2.3.7)

2.3.1 Parasite load and fish size

Figure 2.3 shows the curve of the growth of the parasites on all tested individuals. The

dotted vertical lines mark days in which Focal-fish from the Treatment condition were

tested. In our dataset, parasite load seems to reach the highest values around the 10th

day of infection. However, we only tested two fish on the 15th day of the infection, and

in both cases, we recorded lower infection loads than the previous testing days.

Figure 2.7 (top row) shows how body size, parasite growth rate, infection integral,

and parasite load distribute with respect to infection duration. For an explanation re-

garding how growth rate and infection integral are calculated, see section 2.2.3. Al-

though the trial procedure placed fish randomly in size-matched groups, we found a

small bias in Focal-fish having a relatively larger body size compared to the trial mean

for trials held on day 10 and 15 (Figure 2.7, left). Parasite growth rate is similar at both

days 5 and 10 of the experiment, with the growth rate decreasing at day 15. This is,

however, based on data from only two individuals, and in our case, this coincides with

a decrease in the infection load. Because it integrates over time, infection integral in-

creases with increasing infection duration, and parasite load is generally largest on day

10 of the experiment, where we also record the largest variance. We do not find corre-

lations between body length and parasite growth values.

2.3.2 Trial-level differences

To obtain an overview of trial-level effects of the presence of a parasitized individual

in the shoal, we first compared group metrics between all Baseline and Treatment tri-

als (Figure 2.2). In total, we compared eight metrics (Figure 2.8). First, to quantify how

the group size distribution varied over the course of a trial, we calculated the average
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Figure 2.7: Morphology and parasite-growth quantities as a function of time of the experi-
ment. Body length of the Focal-fish relative to trial mean, parasite growth rate, infection inte-
gral, and parasite load. Each plot shows the distribution of each metric as a function of testing
day. Box plots give the median, interquartile range (box), and values that sit outside of 1.5 times
the interquartile range (whiskers).

proportion of time a fish in each trial spent in the different group sizes, as well as the av-

erage time in seconds spent in each group size (Figure 2.8a). In this comparison, we find

no difference across conditions (Baseline to Treatment), which suggests that the pres-

ence of a single parasitized individual does not alter general spatio-temporal dynamics.

On average, across all trials, fish spent more time in smaller groups compared to larger

groups; more specifically, guppies spent 16% of the time in a group size of one, thus iso-

lation, compared to the time spent in a group that included all fish in a trial (group size

of 8), that is 11% of the whole trial duration (Figure 2.8a i) (t=2.702, p<0.01). On average,

a unique group configuration (or event, see more in the Methods section 2.2.7) lasted 6.2

seconds (s.d. 2.8), averaged across group sizes (Figure 2.8a ii). The group size of 1 shows

a longer duration than the average of the other group sizes (8.5s ±2.4, Figure 2.8a ii).

We also quantified metrics of movement, neighbor alignment, and polarization, av-

eraged across all fish in a trial. More specifically we compared median nearest-neighbor

distance, speed relative to the trial mean, median distance from the wall, speed median,

median group polarization, and median alignment to the nearest-neighbor polarization.

Overall, looking at the averages for each trial, we do not find major differences in the

distributions of the metrics of median nearest-neighbor distance, speed relative to the

trial mean, median distance from the wall, speed median, median group polarization,

and median alignment to the nearest-neighbor polarization between the Baseline and

the Treatment condition (Figure 2.8b, and Figure 2.8c).

2.3.3 Individual differences in fission-fusion

In the previous section we looked at metrics including all groups members - now we

focus on individuals, and specifically compare the Focal-fish to the Non-focal fish at

the Baseline and at the Treatment condition. Therefore, unless stated differently, the

following results compare values on metrics calculated for each individual, calculated
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Figure 2.8: Trial-level comparison. Distribution of (a) the temporal properties of group sizes
across trials and (b,c) behavioral metrics and variation with respect to group size. Each box plot
shows the distribution averaged across all individuals in a trial, each dot represents one trial.
(a, i): Distribution of appearance likelihood for each group size. Dotted line denotes a uniform
probability of appearance with 1/8 likelihood. Most group sizes are represented at similar rates,
although overall guppies spent more time in a group size of one (16% of the time), compared to
the time spent in a group size of 8 (11% of the time). (a, ii): Mean event duration in seconds,
averaged across trials. The group size of one has a higher mean across group sizes (8.5 s ±2.4).
The dotted line marks the overall mean across group sizes, that is 6.2 seconds. (b, c) Distribution
of behavioral metrics and variation with respect to group size. (b) From left to right: nearest-
neighbor distance, speed relative to trial mean, distance from the wall. (c) From left to right:
speed, group polarization, nearest-neighbor (NN) polarization. Overall, we do not find major
differences in the distributions of the metrics (b,c). Box plots give the median, interquartile range
(box), and values that sit outside of 1.5 times the interquartile range (whiskers).

for each group size the fish is in.

Nearest-neighbor configuration

In order to understand how the presence of infected individuals affects group compo-

sition and positioning, we first looked at the relative position of individuals within a

group. More specifically we asked whether the disease state of the Focal-fish affects its

position with respect to others. This analysis includes two parts: 1) likelihood of each

fish to be the nearest neighbor of any other fish; 2) relative position within the group
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in terms of front-back and center-periphery positioning. For this analysis, we used only

frames that are common to all fish.

The expected value for unbiased group position sorting, where each individual is

equally likely to be the nearest-neighbor, corresponds to 1/7, that is 0.14, where 7 is the

number of possible neighbors. We compared the probability for the Focal-fish to be the

nearest-neighbor of any other fish to the same probability for the Non-focal fish. We

find that in the Treatment (TRT) condition, the Focal-fish is significantly less likely to be

the nearest-neighbor of Non-focal fish (mean = 0.1, s.d. = 0.05), compared to the Baseline

(BSL) condition (mean = 0.15, s.d. = 0.05) (Kruskal-Wallis H-test, test statistic=53.558, p

< 0.001). On the other hand, we looked at the probability for the Non-focal fish to be the

nearest-neighbor of the infected Focal-fish. In this case, we do not find a difference be-

tween the BSL (mean = 0.14, s.d. = 0.05) and the TRT (mean = 0.14, s.d. = 0.06) condition

for the Non-focal fish (Figure 2.9).
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Figure 2.9: Group composition: nearest neighbor distribution. (a) How we built the nearest-
neighbor adjacency matrix. In the matrix, the nearest neighbor is marked with a 1, and anything
else is set to 0. (b) Left: Distributions of the probabilities for the Focal-fish to be the nearest-
neighbor of any other Non-focal fish, comparing Baseline (gray) to Treatment (red). Right: dis-
tributions of the probabilities for any Non-focal fish to be the nearest-neighbor of the Focal-fish,
comparing Baseline (gray) to Treatment (red). Dotted line represents the probability of 1/7, that
is the probability of fish having no preferred nearest neighbor. BSL: Baseline; TRT: Treatment
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Ranked spatial position in the group and relationship to isolation

The spatial position of each individual in a group was calculated with respect to two

axes: 1) center-periphery, looking at the probability associated with the radial distance

from the group centroid; 2) front-back, calculating the probability for each fish to occupy

either frontal or posterior positions. Each center-periphery and front-back position was

ranked with respect to other individuals in the group. To calculate the center-periphery

distribution, we ranked the distance from the centroid at each point in time. Similarly,

we ranked the front-back position distribution by ranking the position relative to the

orthogonal axis of the group centroid.

Spatial positioning in a group has been previously used as ameasure of local-interaction

rules that depend on the motion of the neighbors and determine spatial configuration

(Couzin et al., 2002; Katz et al., 2011). To visualize preference differences in group posi-

tion, we calculated the proportion of time each fish spends in each rank position, with

respect to the group size and the Treatment (Figure 2.10). Figure 2.10a shows the proba-

bility associated with center-periphery rank positions (low values: center; high values:

periphery), while Figure 2.10b shows the values for ranking in front-back positions (low

values: front; high values: back). For each ranking calculation, we compare the Baseline

values (panels i and ii of Figures 2.10a and 2.10b) to the Treatment (panels iii and iv of

Figures 2.10a and 2.10b); the columns of the figure separate Non-focal fish (left, panels

i and iii) to Focal-fish (right, panels ii and iv). Each matrix shows values of the normal-

ized proportion of time at each ranking (x-axis) for each group size (y-axis); therefore

the largest ranking value always corresponds to the group size. For a visualization of the

variance associated with the proportion of time spent in each center-periphery ranking

position, see Figure B.5a and Figure B.5b.

Figure 2.10a shows that in the Baseline condition, we see little to no difference be-

tween the Non-focal fish (Figure 2.10a i) and the Focal-fish (Figure 2.10a ii). In the Treat-

ment condition we see that the Non-focal fish spatial positioning remains unchanged

with respect to the Baseline (Figure 2.10a iii), whereas the Focal-fish shows a marked

increase in the likelihood of being in peripheral ranking positions of the group, for all

group sizes (Figure 2.10a iv). Figure 2.10b shows that in the Baseline condition, we do not

see a bias for the Non-focal fish with respect to front-back ranking of positions across

group sizes; Focal-fish in the Baseline conditions show a slightly reduced probability

to occupying frontal positions compared to other ranking positions (Figure 2.10b i). In

the Treatment condition, while the Non-focal fish show no preference for any front-back

ranking, the Focal-fish shows a greater likelihood to be in frontal positions (Figure 2.10b,

iv). For a visualization of the variance associated with the proportion of time spent in

each front-back ranking position, see Figure B.5c and Figure B.5d.
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The relative position of the focal individual in the group correlates with other be-

havioral metrics, including the time fish spend in isolation. Individuals that are more

peripheral in large groups, spend more time in isolation (Figure B.6). However, we find

little to no correlation between time spent in frontal ranking positions and the time spent

in the group size of one (Figure B.7). Together, this indicates that individuals at the back

of a big group, or distant from the group centroid, have an increased likelihood to also

spend more time in isolation than to individuals that on average spend more time in

central positions of the group.

Nearest-neighbor distance and nearest-neighbor alignment

In this section, we compare the average nearest-neighbor distance and the nearest-

neighbor alignment between the Non-focal fish and the Focal-fish, in the conditions

of Baseline and Treatment. The values of nearest-neighbor distance and the nearest-

neighbor alignment are calculated for each individual separately. Nearest neighbor dis-

tance is an indicator of the minimum distance individuals keep with their nearest neigh-

bors. We find little to no difference in the nearest-neighbor distance distribution across

group sizes between Focal- and Non-focal fish in the Baseline condition (Figure 2.11a,

Baseline). On the other hand, we find that parasitized Focal-fish measure higher nearest-

neighbor distance, across group sizes, in the Treatment condition, compared to the Non-

focal fish (Figure 2.11a, Treatment). In order to verify that changes in nearest-neighbor

distance were not driven by effects of the manipulation on the fish in the experimental

procedure, we compared these results to a control experiment (Appendix B.1), where

the Focal-fish was sham-infected (Appendix B.1.1). We found that the nearest-neighbor

distance did not increase as a consequence of the sham-infection manipulation on the

Focal-fish in the treatment condition (Figure B.1).

As a measure of the alignment among pairs of individuals, we looked at values of

nearest-neighbor alignment (Figure 2.11b). The mean nearest-neighbor alignment is

higher in the Baseline condition compared to the Treatment, although in both cases the

confidence intervals overlap and therefore the difference between Focal and Non-focal

fish is not significant (Figure 2.11b).

2.3.4 Speed and group size distributions

Relative speed, parasite load and infection duration

We compared swimming speed relative to the group mean for both the Focal-fish (FF)

and the Non-focal fish (NF) in Baseline and Treatment conditions. The relative speed

was calculated for each fish with respect to the trial mean speed, at each group size; the
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Figure 2.10: Ranked spatial position in the group. (a) Normalized proportion of time in center-
periphery positions in the group. The x-axis shows ranking positions, where rank = 1 is center
and rank > 1 is periphery. Top row: Baseline; bottom row: Treatment. Comparison of the values
of the proportion of time spent in each ranking, between the Non-focal fish (left column) and the
Focal-fish (right column). Focal-fish in the Treatment condition spent more time in the periphery
of the group (red values in ranking 2,3,4 for the group sizes of 4,5,6,7,8). (b) Proportion of time in
front-back positions in the group. The x-axis shows ranking positions, where rank = 1 is front and
rank > 1 is towards the center and back, depending on the group size. Top row: Baseline; bottom
row: Treatment. Comparison of the values of the proportion of time spent in each ranking,
between the Non-focal fish (left) to the Focal-fish (right). Focal-fish in the Treatment condition
spent more time in the front of the group (red values in ranking 1 for all group sizes) and in the
back (rad values in ranking 6,7,8 for the corresponding group sizes). All values are normalized by
the group size and therefore a probability around 0.5 denotes little to no preference for a ranking
position at any group size. The normalization is done as (Pranking ∗ groupsize)/2, therefore if
the proportion time spent in ranking 1, of a group size of 8 is equal to 1/8 (random), then the
normalized value will be equal to (0.125 * 8) / 2 = 0.5.
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Figure 2.11: Individual differences on nearest-neighbor distance and nearest-neighbor align-
ment with respect to group size. (a,b) Left column shows data from the Baseline condition,
right column shows data for the Treatment condition. Gray lines show pooled data of Non-focal
fish, red lines show Focal-fish data. (a) In the Baseline condition (left) we find little to no dif-
ference between the Non-focal and the Focal fish. In the Treatment condition (right) we find
that parasitized Focal-fish individuals (red) measure higher nearest-neighbor distance, across
group sizes than the non-parasitized Non-focal fish (gray). See also Figure B.1 for the same re-
sult on the sham-infected fish in the control experiment. (b) We find little to no change in the
nearest-neighbor alignment between Non-focal and focal-fish, in neither the Baseline (left) nor
the Treatment (right) condition. Line plots show mean and 95% CI around the mean.

trial mean at each group size was calculated as the average of all fish in the trial. We

find little to no differences in the relative speed between the NF and the FF in either of

the experimental conditions, but we see a large variation in the relative speed as shown

by the large CI in the Focal-fish Treatment condition (Figure 2.12a, Treatment). This

large variation suggests that it’s likely that the effect of parasitism on speed is not unidi-

rectional, with some infected individuals moving either faster or slower than the mean.

Therefore, we looked more in detail to understand what influences this variation. We

find that relative speed is positively correlated with front-back distance, i.e. individuals
that are faster than the shoal members in the same trial, are also more likely to be in

the front of the group (r=0.56, p < 0.001), which suggests that spatial distribution is also

determined by individual speed (Figure B.9). Figure B.9 shows the correlation between

the front-back distance and the relative speed in the Baseline condition (left, r = 0.5, p <

0.001), compared to the Treatment condition (right, r=0.62, p < 0.001), for both Non-focal

fish (gray) and Focal-fish (red).
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In addition to the relationship to front-back distance, we looked at how the speed

relative to the trial mean varies as a function of parasite load. We find that fish with high

parasite load, on average swim at higher speed relative to the trial mean (Figure 2.12b).
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Figure 2.12: Speed relative to trial mean and relationship with other metrics. (a) Speed relative
to the trial mean across group sizes. We don’t find differences between the Non-focal fish and
the Focal-fish relative speed values neither at the Baseline (left) nor at the Treatment (right)
condition. However, we see a large variation in the relative speed as shown by the large CI in
the Focal-fish Treatment condition (right plot). Each line plot shows mean and 95% CI around
the mean. (b) Correlation between parasite load and individual speed relative to the trial mean;
values for the Focal-fish in the Treatment condition. We find that fish with high parasite load,
on average swim at higher speed relative to the trial mean. The dotted line at zero denotes the
trial mean. Dots are colored based on the day of the experiment (blue: 5, orange: 10, green: 15).

Time in different group sizes, role of speed

In this section, for each fish in each condition tested, we quantified the proportion of time

each fish spent in each of the different group sizes. The proportion of time spent in each

group size is normalized and calculated as (f−m)/mwhere f is an individual andm is the

mean of all the fish in the trial. We compare Baseline to Treatment, distinguishing focal

from Non-focal fish. Data from Non-focal fish are pooled together and the confidence

interval of themean of the proportion of time spent in each group size is calculated across

62



1 2 3 4 5 6 7

Group size

0.5

0.0

0.5

1.0
Pr

op
or

ti
on

 o
f t

im
e

Baseline

1 2 3 4 5 6 7

Group size

Treatment

Non-focal fish
Focal fish

Figure 2.13: Normalized proportion of time spent in different group sizes. Comparison between
the normalized proportion of time Non-focal fish (gray) and Focal-fish (red) spend in the different
group sizes at the Baseline (left) and at the Treatment (right) condition. Data from Non-focal fish
is pooled together and the confidence interval of themean is calculated across fish. In the Baseline
condition, we see little to no change in the proportion of time NF and FF spend in different group
sizes. In the Treatment condition, the Focal-fish shows an increase in the time spent in group
sizes of 1 (75% more than the trial mean), compared to the NF. Each group size is normalized and
calculated as (f − m)/m where f is an individual and m is the mean of all the fish in the trial.
See also Figure B.2 for the same result on the sham-infected fish in the control experiment. Line
plots show mean and 95% CI around the mean.

fish. Figure 2.13 shows how the distribution of time in the group sizes varies between

Non-focal and Focal-fish at the Baseline (left) and at the Treatment (right). Focal-fish

in the Treatment condition spend more time in isolation (75% more than the trial mean)

compared to the Non-focal fish (17% less than the trial mean) (Figure 2.13). In order

to verify that changes in the normalized proportion of time spent in isolation were not

driven by effects of the manipulation on the fish in the experimental procedure, we

compared these results to a control experiment (Appendix B.1), where the Focal-fish was

sham-infected (Appendix B.1.1). We found that the proportion of time spent in isolation

did not increase as a consequence of the sham-infection manipulation on the Focal-fish

in the treatment condition (Figure B.2).

Besides the normalized proportion of time spent in each group size, we also compared

the average duration (in seconds) of interactions at each group size, comparing Non-

focal and Focal-fish across Treatments. Figure B.8 shows event duration is similar in

the Baseline and in the Treatment. The only difference is found in the duration of the

events in group size one in the Treatment condition: in this case, Focal-fish tend to have

longer-lasting periods of isolation, than do Non-focal fish. On average the duration of

isolation events for Focal-fish in the Treatment condition is 10.6 seconds, compared to 8

seconds for the Non-Focal fish (Figure B.8).

In order to determine a possible mechanism that explains isolation, we looked at the

relationship of normalized proportion of time in isolation, with other behavioral metrics.

We first looked at the relationship between the swim speed of each fish when they were
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isolated (in the group size of one) - a measure of their ‘preferred’ swimming speed - and

the time spent in isolation, as well as the time spent in a group size of 7 relative to the

trial mean. We use the group size of 7 because it reflects a case where only one individ-

ual is isolated (Figure 2.14). Overall, the swimming speed when isolated is negatively

correlated with the proportion of time spent in isolation (r=-0.33, p < 0.001), suggesting

that slow individuals on average spend more time in isolation. We further compared

this relationship between the Baseline (Figure 2.14a) and the Treatment (Figure 2.14b)

condition. Both conditions show a negative correlation (r=-0.44, for the Baseline, r=-0.27

for the Treatment, p < 0.001), with an increased likelihood for the Treatment Focal-fish

to be isolated at lower absolute swim speed in isolation (Figure 2.14b). Values of speed

in isolation and the correlation with the time spent in isolation are similar between the

Focal-fish and the Non-focal fish. Therefore, we conclude that the increase in the time

spent in isolation of the Focal-fish cannot be explained by preferred speed only.

Next, we looked at how speed when isolated is correlated with the proportion of

time each individual spends in the group size of 7. Overall, across conditions and fish,

faster fish spend more time in the group size of 7 (r=0.29, p < 0.001). More specifically,

the correlation between the two metrics is stronger in the Baseline condition (r=0.43, p <

0.001, Figure 2.14c) than it is in the Treatment condition (Pearson Correlation Coefficient

r=0.2, p < 0.001, Figure 2.14d). Overall, we conclude that slower fish are both more likely

to be isolated and less likely to be in a group size of seven.

2.3.5 Dynamics of group size changes

Guppies are commonly referred to as living within a fission-fusion population, which

reflects group movements characterized by dynamic reshaping of the network (Wilson

et al., 2014). As previously seen, in our data, with our definition of events, we find

that group composition changes on average, and across group sizes, every 6.2 ± 2.8 s

(Figure 2.8a, right). Until now, we have looked only at average duration and average

proportion of time spent in different group sizes. Here, to further quantify aspects of

the dynamical changes of shoaling guppies, we looked at the transition probability from

a certain group size to another. In this context, we use the term ‘transition’ to refer

to any fission or fusion event, where a fish leaves a group size to join the next group.

Figure 2.15a shows an example where a group of 5 individuals divides into two smaller

groups of 1 and 4 individuals (fission). To generalize the analysis, we identified all the

transitions each individual undergoes throughout a trial and calculated the probability

associated with the transition.

Startingwith the Focal-fish, we first looked at the probability for the fish to transition

from any group size (2 to 8) to the group size of one, that is the transition to isolation.
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Figure 2.14: Correlation speed and isolation. (a-b) Correlation between speed when isolated
(cm/s) (group size of 1, x-axis) and normalized proportion of time spent in a group size of 1 (y-
axis). Both conditions (Baseline left, Treatment right) show a negative correlation (r=-0.44 for
the Baseline, r=-0.27 for the Treatment, p < 0.001), with an increased likelihood for the Treat-
ment Focal-fish to be isolated at lower absolute swim speed (c-d) Correlation between speed
when isolated (group size of 1, x-axis) and proportion of time spent in a group size of 7 (y-axis).
Slower fish spend less time in the group size of 7, and the correlation is stronger in the Baseline
condition (r=0.43, p < 0.001) compared to the Treatment condition (r=0.2, p < 0.001). The correla-
tion coefficient was calculated for all fish in each condition without distinction between FF and
NF. Scatter plots show one value per fish and histograms on each correspond to Non-focal fish
(gray) and Focal-fish (red). The horizontal dotted line at zero represents the trial mean, therefore
negative values indicate less time than average in that group size (and the opposite for positive
values). The proportion of time on the y-axis is normalized and calculated for each individual.
All correlation values are calculated with with Pearson Correlation Coefficient.
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Figure 2.15b shows the transition probability from any group size (x-axis) to the group

size of 1, comparing Baseline (gray) to Treatment (red). On average, in the Baseline

condition, the probability for the Focal-fish to transition to isolation is 10%, compared

to 16% in the Treatment condition (Figure 2.15b, means of the gray and red line across

group sizes). In comparison, we also looked at the transition probability from the group

size of 8 to any other group size (except 8) (Figure B.10). This comparison also shows

how, on average, the Focal-fish in the Treatment condition are more likely to transition

from group size 8 to a group size of 1 and 2 than Focal-fish are in the Baseline condition

(Figure B.10). Finally, Figure 2.15c shows data of the fission-fusion associated probability

of transitions between any starting group size, to any other group size (the next group

to join). The left matrix of Figure 2.15c shows data for the Baseline condition while the

right matrix of Figure 2.15c shows data for the Treatment. The first column of each

matrix in Figure 2.15c describes the probability of transitioning from any group size (2-

8) to the group size of one, previously also explained with reference to Figure 2.15b. In

particular, we want to highlight the difference in the probability of being part of a fission

from a group size of 8 to a group size of 1, which is equal to 3% of the time the Focal-

fish in the Baseline condition, and to 10% for the Focal-fish in the Treatment condition

(Figure 2.15c, bottom left corner). Finally, we compared these findings to the Non-focal

fish (Figure B.11). Overall, we find little to no difference in the probability for the Non-

focal fish to transition from any group size to a group size of one when comparing the

Baseline and the Treatment condition (Figure B.11b), as well as to all other group sizes

(Figure B.11c).

As a further note, we find that in the guppy movement dynamics, a change in group

composition is mainly driven by one fish either leaving or joining a group, as highlighted

by the dark diagonal in Figure 2.15c (true also for Non-Focal fish, see Figure B.11). In

other words, when we define a fission or a fusion in our guppy system, it is likely that

the group size change is driven by the move of one individual, that either joined or left

the group. An obvious example is the previously mentioned case, where one individual

is separated by the group of 8, and thus the group size of 8 changes to the group size

of 7. In this case, the transition 8-to-7 is the most likely of all transitions, which for the

Focal-fish happens in 37% and 30% of the cases in the Baseline and Treatment conditions,

respectively.

In addition to the analysis above, where we looked at the probability of each fis-

sion and fusion event for each group size, here we describe the temporal aspect of fis-

sion/fusion event. More specifically, for each individual we looked at how the group

size varies in the 33 seconds that follow a fission or a fusion event. The motivation for

this analysis comes from the observation that groups within our population vary fre-

66



(a) Example transition from group size of 5 to
groups of 4 and 1

2 3 4 5 6 7 8
Starting group size

0.0

0.2

0.4

Tr
an

si
ti

on
 p

ro
ba

bi
lit

y

Transition to group size 1

Baseline
Treatment

(b) Transition probability 8 to 1

1 2 3 4 5 6 7 8
Next group size

1

2

3

4

5

6

7

8

St
ar

ti
ng

 g
ro

up
 s

iz
e

nan 0.37 0.20 0.14 0.09 0.09 0.05 0.05

0.29 nan 0.29 0.15 0.10 0.06 0.05 0.05

0.12 0.27 nan 0.26 0.13 0.09 0.05 0.07

0.08 0.14 0.27 nan 0.25 0.12 0.08 0.06

0.06 0.09 0.15 0.24 nan 0.25 0.12 0.09

0.05 0.08 0.10 0.14 0.26 nan 0.25 0.13

0.05 0.07 0.07 0.11 0.16 0.28 nan 0.27

0.03 0.05 0.08 0.12 0.14 0.21 0.37 nan

Baseline

1 2 3 4 5 6 7 8
Next group size

1

2

3

4

5

6

7

8

St
ar

ti
ng

 g
ro

up
 s

iz
e

nan 0.36 0.21 0.14 0.10 0.07 0.06 0.06

0.37 nan 0.25 0.13 0.09 0.06 0.04 0.06

0.19 0.26 nan 0.25 0.12 0.07 0.05 0.06

0.14 0.15 0.23 nan 0.23 0.11 0.08 0.06

0.12 0.11 0.14 0.22 nan 0.21 0.10 0.10

0.10 0.09 0.11 0.14 0.21 nan 0.22 0.14

0.09 0.07 0.09 0.11 0.13 0.21 nan 0.30

0.10 0.10 0.09 0.11 0.13 0.17 0.30 nan

Treatment

(c) Transition matrix for all combinations

Figure 2.15: Fission-fusion transition probability for the Focal-fish. (a) Example of fission from
a group size of 5 to two smaller groups of 1 and 4 individuals. (b) Transition probability of
the Focal-fish from any group size (x-axis) to the group size of 1, in the Baseline (gray) and the
Treatment (red) condition. Lines show the mean transition probability for the Focal-fish from
any group size (2-8, x-axis) to the group size of 1. The dots show data for each Focal-fish in the
Baseline (gray) and in the Treatment (red) condition. (c) Fission-fusion associated probability
for the Focal-fish of transitioning between any starting group size (y-axis), to any other group
size (the next group to join, x-axis). The first column of each matrix refers to the probability of
the Focal-fish at the Baseline (left) and at the Treatment (right) to transition from any group size
(2-8) to the group size of 1, as shown in 2.15b. Color denotes transition probability, from low
(light) to high probability (dark).

quently, and fission and fusion events can have cascading effects in rapidly minimizing

or maximizing, over time, the group size a fish is in. On average across all trials, guppies

are more likely to change group size by one unit (e.g. from a group size of 7 to either

a group size of 6 or 8) (Figure 2.16a, also visible in Figure 2.15c, dark diagonal). Next,
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to simplify the quantification, we focus on a clear fusion event (transition from a group

size of 1 to any other group size (Figure 2.16b) and on a clear fission event (from a group

size of 8 to any other, Figure 2.16c), and compare the Baseline to the Treatment for both

the Non-focal fish (gray) and the Focal-fish (red). Figure 2.16b shows the average across

Baseline (left) and Treatment (right), for the Non-focal fish (gray) and the Focal-fish (red),

of the group size over the 33 seconds following a fusion event from the group size of 1

to any other group size. In this comparison, in the Baseline condition, the confidence

intervals around the mean are overlapping and we therefore do not find any difference

between the Non-focal fish (gray line) and the Focal-fish (red line) (Figure 2.16b, left);

we note that the Focal-fish shows a very large confidence interval around the mean. On

the other hand, in the Treatment condition, we find that the Focal-fish, in the 33 sec-

onds following a fusion is found progressively in smaller groups (Figure 2.16b, right, red

line). Finally, Figure 2.16c shows the average group size over the 33 seconds following

a fission event from the group size of 8 to any other group size. Similar to what we

found for the data after fusion events, in the Baseline condition, the confidence intervals

around the mean are overlapping and we therefore do not find any difference between

the Non-focal fish (gray line) and the Focal-fish (red line), which means that following a

fission, the mean group size over time does not significantly differ between the NF and

the FF (Figure 2.16c, left). In the Treatment condition, we find that following a fission

event from a group size of 8, on average, the Focal-fish is more often found in smaller

group sizes than the Non-focal fish, confirming our previous results (Figure 2.16c, right).

For both the NF and the FF, following fission from a group size of 8, the average group

size progressively decreases over time to reach the respective mean value (Figure 2.16c,

right).

Metrics correlated to the increased likelihood of fission to isolation

In the previous section, we saw that a fish, when parasitized, is more likely to transition

to being isolated from a group size of 8. In this section, we look at what behavioral pre-

dictors might explain the increased likelihood of the transition. The metric of transition

to isolation is different from the proportion of time spent in isolation because it captures

a dynamic change. In the extreme case, a fish could spend all of its time in isolation

without ever transitioning from any other group size.

The first correlation we look at for each fish, is speed, in this case as in mean speed

relative to the trial mean. Figure 2.17a shows the correlation between the speed of all fish

in a group size of 8 relative to the trial mean, and the transition probability from a group

size of 8 to a group size of 1 (8-to-1 fission). The left side of Figure 2.17a shows the data for

the Baseline condition, where we see a general negative but small correlation between
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Figure 2.16: Average group size over the 33 seconds following a fission or a fusion event. (a)
Average group size over time (x-axis) after a fission or a fusion event; each line shows the group
size a fish is in before a fission or a fusion. On average, a fish transitions to a group that is similar
in size (y-axis). (b) Average group size over the 33 seconds following a fusion from a group size
of 1 to any other group size. (c) Average group size over the 33 seconds following a fission from
a group size of 8 to any other group size. Comparison between the Non-focal fish (gray) and the
Focal-fish (red) in the Baseline (left) and the Treatment (right) condition, respectively. Line plots
show mean and 95% CI around the mean.

the relative speed of a fish, and the 8-to-1 fission probability, for both the Non-focal and

the Focal-fish (r=-0.25, p=0.001 and r=-0.16, p>0.05 respectively). The right side of Figure

2.17a shows that in the Treatment condition, the Focal-fish shows a relatively stronger

negative correlation between speed and probability of transition than the Non-focal fish

in the same condition (r=-0.45, p=0.01 and r=-0.24, p<0.001, respectively). These results

confirmwhat was previously shown in section 2.3.4, where we showed that the fish with
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lower preferred speed (as measured when isolated) are more likely to be isolated. Here,

we show that the transition probability from a group size of 8 to isolation is also possibly

driven by differences in speed relative to the trial mean.

Following the correlation with speed, we looked at how the probability of the transi-

tion to isolation correlates with a fish’s turning rate. In this case, we look at the average

turning rate a fish shows in isolation, since when in groups the turning rate is a function

of both a focal individual’s intrinsic tendency, but also the complex social environment

in which it is moving. Figure 2.17b shows how turning rate when isolated correlates

with the 8-to-1 fission probability, in the Baseline (left) and in the Treatment (right)

condition, comparing Non-Focal fish (gray) to Focal-Fish (red). For the Baseline condi-

tion, we do not find a correlation between turning rate and 8-to-1 fission probability,

for both the Non-focal fish and the Focal-fish (Figure 2.17b, left). In the Treatment con-

dition, the Non-focal fish also shows no correlation between the turning rate and the

8-to-1 fission probability (Figure 2.17b, right, gray line), whereas the Focal-fish shows

a relatively strong negative correlation (r=-0.42, p = 0.02) (Figure 2.17b, tight, red line).

This suggests that it’s possible that changes in turning rates when isolated might partly

explain the increase in the likelihood of transition to isolation for the Focal-fish in the

Treatment condition.

Finally, we find that parasite load is positively correlated with increased probabil-

ity in the transition from group size 8 to isolation (r=0.47, p<0.001, Figure 2.17c, left).

Differently, parasite load is weakly negatively correlated with turning rate in isolation,

although the correlation is not significant (r=-0.23, p>0.05, Figure 2.17c, right). This in-

dicates that increasing infection loads increases the likelihood of a fish being part of

fission events that lead to an isolated state.

2.3.6 Body size, parasite load and behavioral metrics in relation to

parasite transmission

The following section explores potential predictors of parasite transmission, both from

the perspective of the infected fish, that transmits infection and from the perspective of

the (yet) uninfected fish, that can get infected during a trial when swimming in proximity

of the infected Focal-fish. For the following analysis, we exclude fish that were tested

more than one time in the Treatment condition to avoid possible familiarity effects with

the tank and the experimental setup, that could have affected the transmission rate (for

example, facilitating transmission on the second time a fish is tested). We therefore

include only 25 Treatment trials (compared to the 31 used for the previous analysis). We

recorded parasite transmission in 9 out of 25 trials, of which 18.7% happened on the day
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Figure 2.17: Behavioral predictors of the probability of fission to isolation. (a) Correlation
between the speed of a fish in a group size of 8 relative to the trial mean and the transition
probability from a group size of 8 to a group size of 1. Each plot compares the NF (gray) and the
FF (red) between the Baseline (left) and the Treatment (right) condition. In the Baseline condition,
we see a general negative but small correlation for both the Non-focal fish and the Focal-fish (r=-
0.25, p=0.001 and r=-0.16, p>0.05 respectively). In the Treatment condition, the Non-focal fish
shows a similar trend to the Baseline, whereas the Focal-fish shows a relatively stronger negative
correlation (r=-0.24, p<0.001 r=-0.45, p=0.01, respectively). (b) Correlation between turning rate
and transition probability from a group size of 8 to a group size of 1. In the Baseline condition,
we see little to no correlation for both the Non-focal fish and the Focal-fish. In the Treatment
condition, the Non-focal fish shows again little to no correlation, whereas the Focal-fish shows a
relatively strong negative correlation (r=-0.42, p = 0.02). (c, left) Correlation between parasite load
and transition probability from a group size of 8 to a group size of 1. Parasite load is positively
correlated with increased probability in the transition to isolation (r=0.47, p<0.001). (c, right)
Correlation between parasite load and turning rate in isolation. We find decreasing turning
rates in isolation at increasing parasite load, although the correlation is not significant (r=-0.23,
p>0.05). Data in this plot include all Focal-fish in both Baseline and Treatment condition. Line
plots show mean and 95% CI around the mean.
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5 of testing, and 66% happened on the day 10 of testing. In trials where parasites were

transmitted, the Focal-fish infected a number of Non-focal fish between 1 and 4. More

specifically, in 6 trials we counted 1 fish infected, in 2 trials we counted 2 fish infected,

in 1 trial we counted 4 fish infected.

First, from the infected Focal-fish’s perspective, in order to explore what factors may

predict infection transmission, we fitted a logistic regression model to both ‘physiologi-

cal’ and behavioral metrics, separately. As physiological metrics, we included the body

size of the Focal-fish relative to the trial mean, parasite growth rate, parasite load infec-

tion integral, and absolute parasite load (number of worms at day of testing). Behavioral

metrics included speed relative to the trial mean, distance from the centroid, nearest-

neighbor distance, and proportion of time spent in isolation. First, we fitted a logistic

regression model to the physiological metrics.

Logistic regression was used to analyze the relationship between the body size of the

Focal-fish relative to the trial mean, parasite growth rate, parasite load infection integral,

absolute parasite load, and infection transmission likelihood. We found that holding all

other predictor variables constant, the odds of infection transmission likelihood occur-

ring increased by 21% (95% CI [0.032, 0.389]) for a one-unit increase in body size of the

Focal-fish relative to the trial mean (p=0.021). Moreover, the odds of infection trans-

mission likelihood occurring increased by 41.4% (95% CI [0.029, 0.799]) for a one-unit

increase in the Focal-fish parasite load (p=0.029). Figure 2.18 shows the line fit to the

input variables of the logistic regression model. To evaluate the results we used Average

Marginal Effects (AMEs) (Leeper, 2017). These results suggest that individuals that are

bigger than the group average and that have higher parasite loads are more likely to

have higher transmission rates.

Second, we used logistic regression to analyze the relationship between speed rela-

tive to the trial mean, distance from the centroid, nearest-neighbor distance, proportion

of time spent in isolation, and infection transmission likelihood. Figure 2.18 shows the

line fit to the behavioral input variables of the logistic regression model. The model

shows no significant results. We conclude that these metrics are insufficient to predict

infection transmission likelihood and that it is possible that more information at the

level of the individual is needed.

Next, we looked at the transmission likelihood from the perspective of the Non-

focal fish that became infected during a trial, and we explored which predictors might

increase the likelihood of getting infected. We used logistic regression to analyze the

relationship between the parasite load of the Focal-fish, the size of the Non-focal fish

relative to the Focal-fish and the percentage of time spent close to the Focal-fish (closer

than 3 body lengths) to predict the likelihood of getting an infection during the trial.
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Figure 2.18: Physiological and behavioral predictors of parasite transmission in the trial. Lo-
gistic regression fit for four ‘physiological’ (a) and behavioral (b) metrics used as predictors of
parasite transmission (y-axis). (a) Logistic regression fit for four physiological metrics used as
predictors of parasite transmission (y-axis). We used body length of the Focal-fish relative to the
trial mean, growth rate, infection integral, and parasite load as predictors. (b) Logistic regression
fit for four behavioral metrics used as predictors of parasite transmission (y-axis). As behavioral
predictors we used speed relative to the trial mean, distance from the centroid, nearest-neighbor
distance (cm), and proportion time spent in isolation. None of these is a significant predictor for
infection transmission. Line plots show the mean and 95% CI of the mean.

We found that, holding all other predictor variables constant, the odds of the likelihood

of getting infected during a trial increased by 6% (95% CI [0.022, 0.098] for a one-unit

increase in parasite load of the Focal-fish (p=0.001). Similarly, we found that, the odds

of the likelihood of getting infected increased by 4% (95% CI [0.003, 0.082] for a one-unit

increase in the percentage of time spent in close proximity to the Focal-fish (p=0.036).

Figure 2.19 shows two of the predictors of the model, that is time spent in close

proximity to the FF and NF relative body size. In Figure 2.19a we show the proportion

of time spent closer than 3 body lengths to the Focal-fish as a function of the day of the

trial, which indicates the duration of the infection on the Focal-fish. We find that the time

spent close proximity to the FF seems to be more relevant on short infection durations

(day 5) than it is for the long infection durations (day 10) (Figure 2.19a). This suggests

that the likelihood of getting infected for non-parasitized fish might depend on other

factors than average proximity and that the increased load on day 10 of the experiment

might influence infection transmission differently than on day 5 of infection. Figure

2.19b shows how the probability of the NF to getting infected during the trial correlates

with respect to its size relative to the FF. Therefore, individuals that spend proportionally

more time in close proximity to the infected Focal-fish, are more likely to get infected
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during the trial. Moreover, higher parasite loads of the Focal-fish increase the likelihood

of the Non-focal fish getting infected. We find no significance for the body size relative

to the FF, which could be due to little data, given that only a small number of individuals

got infected across all trials, compared to the total number of tested fish. Despite the

lack of the significance of the model, we note that it was individuals smaller than the FF

who tended to have contracted an infection during the experiment (Figure 2.19b),
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Figure 2.19: Predictors of receiving an infection. Left: Proportion of time the Non-focal fish
spent closer than 3 body lengths to the Focal-fish and likelihood, divided between fish that get
and do not get infected during a trial. Proximity seems to play a role only for the short infection
duration (day 5) and not for the long infection duration (day 10). Box plots give the median, in-
terquartile range (box), and values that sit outside of 1.5 times the interquartile range (whiskers).
Right: logistic regression fit on likelihood of getting infected as a function of size of the Non-Focal
fish relative to the Focal-fish. The effect is not significant but there seems to be an indication
that in our trials, only smaller fish had an increased likelihood of getting infected.

2.3.7 PCA on the Focal-fish behavioral metrics

Individual variation is a key component of animal behavior across taxa. In this section,

we used Principal Component Analysis (PCA) to explore the variation of the behavioral

metrics of the Focal-fish, to define gradients of behavioral phenotypes that define inter-

individual variability that is associated with the infection status of the Focal-fish.

In the previous sections, we looked at individualmetrics separately, comparing Focal-

and Non-focal fish, between the Baseline and the Treatment conditions. We found many

cases in which the Focal-fish behavior varies from the Baseline to the Treatment in sev-

eral metrics, such as isolation rates, spatial ranking position in the group, relative speed,

and nearest neighbor distance. Here, we used PCA to generalize the variation in the be-

havioral metrics of the Focal-fish as a function of infection status - which are calculated

specifically for each group size. For this analysis, we includedmeasures of relative speed,

74



nearest-neighbor distance, nearest-neighbor alignment, the proportion of time spent in

the front of the group, the proportion of time spent in the periphery of the group, the

probability to transition to isolation, and proportion of time spent in the different group

sizes.

The first four components from the PCAdecomposition of individual behavioralmet-

rics are shown in Figure 2.20. All the weightings of each metric measured across group

sizes, for the first four principal components, are shown in Figure 2.20. Positive/negative

weightings in the PCA components represent higher/lower values of a metric with re-

spect to the average. The first principle component explains the largest fraction of vari-

ance (35.8%), mainly weighted by the time spent in isolation, the peripheral position in

the group, and the likelihood of transitioning to isolation. Positive projections of move-

ment data onto the first PCA component therefore describe fish that spend more time

in isolation, are more likely to be part of a fission to isolation, and are more peripheral

in the group (Figure 2.20, first column). The second PCA component explains 16.3% of

the total variance and is most strongly weighted by relative speed, nearest-neighbor dis-

tance, and proportion of time spent in the front of the group. Positive projections onto

the second PCA component represent fish with higher relative speed, higher nearest

neighbor distance, and higher proportion of time spent in the front of the group (Figure

2.20, second column). The third PCA component explains 10.7% of the total variance

and is mainly weighted by nearest-neighbor alignment. Positive projections onto the

second PCA component represent fish with lower nearest-neighbor alignment (Figure

2.20, third column). Finally, the fourth PCA component (9% of the total variance) is

mainly weighted by nearest-neighbor distance and the proportion of time spent in the

front of the group.

Figure 2.21a shows the projections onto the first two PCA components for the Focal-

fish, comparing the Baseline to the Treatment. Values of the projections onto the first

PCA component are mainly negative for the Focal-fish in the Baseline condition and

positive for the Focal-fish in the Treatment condition (Figure 2.21a). Similarly, values of

the projections onto the second PCA component are mainly negative for the Focal-fish

in the Baseline condition, whereas values for the Focal-fish in the Treatment condition

are both positive and negative (Figure 2.21a). Moreover, it looks like the points with

the highest positive projection onto PC2 tend to be from the Focal-fish in the Treatment

condition. Similarly, we compared projections onto PC1 to projections onto PC3 (Figure

2.21b). In this case, looking at the projections onto the third PCA component, we do not

find a clear separation between the Focal-fish at the Baseline and Treatment conditions

(y-axis, Figure 2.21b). However, we note that the fish with the highest positive and the

few lowest negative projections onto PC3 are from the Focal-fish in the Treatment con-
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dition (Figure 2.21b). Finally, variation among treatment fish on PC3 is higher for the

Treatment fish than it is for the Baseline (Figure 2.21b). The values of the projection onto

PC2 confirm the variability we previously described in section 2.3.4, where we find vari-

ation among Focal-fish in the treatment condition, with some individuals with distinct

higher relative speed values, compared to other individuals with lower relative speed.

Moreover, positive projections onto PC2 also show higher values of the proportion of

time spent in the front of the group, which confirms that the same variability in relative

speed will also mirror differences in the position in the group of the Focal-fish. Overall

the first two principal components highlight the main separation between movement

metrics of the Focal-fish in the Baseline condition, compared to those in the Treatment

condition. Both PC1 and PC2 show a positive correlation with values of parasite load

(r=0.47, p<0.001, both; Figure B.12). For a figure showing the 95% confidence interval

around each Principal component, see Figure B.13.

2.4 Discussion

In this work, we used experimentally-infected guppies and identity-based tracking to

examine how parasites affect shoaling behavior, and how the presence of a parasitized

fish in a group impacts transmission and the motion of shoal members. Overall, we find

that guppies infected with the ectoparasite Gyrodactylus sp. show behavioral differences

at the individual level with respect to uninfected guppies, in the way they move and

interact.

Guppies infected with Gyrodactylus sp. swim in more peripheral positions compared

to uninfected fish (Figure 2.10a). Because they are more in the periphery, we also find

that the infected fish are less likely to be the nearest-neighbors of uninfected fish (Fig-

ure 2.9b). We also see an increased tendency for infected guppies to occupy more frontal

positions (Figure 2.10b), which is related to the swim speeds exhibited by fish swimming

when isolated (i.e. in the same trial, but swimming apart from others), with faster indi-

viduals being more likely to occupy frontal positions (Figure B.9). In addition, infected

individuals exhibited a greater proportion of their time isolated from others. This is

related both to an increased duration of time spent isolated (Figure 2.13) and to an in-

creased probability of being part of fissions from a large group size (8) to isolation (Figure

2.15). Both metrics, show an effect specific to the infected Focal-fish, and both rates in-

crease at increasing parasite loads. Finally, we looked at what features of the infected

Focal-fish correlated with the increased likelihood of transmitting the infection during

a trial. On the other hand, we analyzed the features that increased the likelihood for an

uninfected fish of becoming infected during the trial. From the perspective of the Focal-
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Figure 2.20: The first four components of the PCA. The first four components from the PCA
decomposition of individual fish behavioral metrics represent the dominant axes of behavioral
variation. Each value represents metrics of each fish in a range of group sizes (y-axis). Top
left: positive and negative projections onto PCA1 and PCA2 represent different valence of the
behavioral metrics of the PCA input.

fish transmitting an infection, we find that measures of relative body size and parasite

load are the best predictors for infection transmission during a trial, with bigger fish

with higher parasite loads being more likely to transmit parasites (Figure 2.18a). On the

other hand, from the perspective of the uninfected fish that receive an infection during

the experiment, we find that fish that spend more time closer than 3BLs to the Focal-fish

are more likely to get infected during a trial, in particular, when in contact with fish at

short (5 days) infection durations (Figure 2.19a).
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Figure 2.21: Projections onto the first 3 PCA modes, values for the Focal-fish. (a) Projection
onto PCA1 (x-axis) and PCA2 (y-axis) and (b) projection onto PCA1 (x-axis) and PCA3 (y-axis)
for the Focal-fish in the Baseline (gray) and the Treatment (red). (a) Values of the projections
onto the first PCA component are mainly negative for the Focal-fish in the Baseline condition
and positive for the Focal-fish in the Treatment condition. Similarly, values of the projections
onto the second PCA component are mainly negative for the Focal-fish in the Baseline condition,
whereas values for the Focal-fish in the Treatment condition are both positive and negative. (b)
Values of the projections onto the third PCA component (y-axis) do not show a clear separation
between the Focal-fish in the Baseline and Treatment conditions. We note that the fish with the
highest positive and the few lowest negative projections onto PC3 are from the Focal-fish in the
Treatment condition.

2.4.1 Changes in group composition

Behavioral differences and variations of the internal state of an individual can affect the

structure of the group (Couzin and Krause, 2003; Hoare et al., 2004; Ward et al., 2002).

For example, the hunger state of fish increases nearest-neighbor distance (Morgan, 1988;

Robinson and Pitcher, 1989a,9), predation risk increases shoal cohesion (Krause, 1993;

Magurran et al., 1987), or larger individuals often occupy more frontal positions (Hoare

et al., 1998), as well as food-deprived roaches (Rutilus rutilus) (Krause et al., 1992), where

they probably benefit of increased feeding rates (reduced competition). In our study, we

altered the infection state of one fish of a shoal of guppies, by experimentally infecting

it with Gyrodactylus sp. and quantified how individual spatial positioning was affected

by the infection status. Here we discuss results on changes in nearest-neighbor distance

as well as changes in the position infected and uninfected fish take in the group for each

individual.

In the analysis of the distribution of nearest-neighbors, and of nearest-neighbor dis-

tances, we find that the infected Focal-fish is less likely to be the nearest-neighbor of

any other fish in the group, while it also shows, on average, higher nearest-neighbor

distance than the Non-focal fish. These results together are consistent with the findings

of Richards et al. (2010) where parasite prevalence increased distance between shoaling
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guppies. Similarly, in a study that looked at the effect of water flow on shoaling and

parasitism of guppies, it was also shown that in absence of water flow, shoals were less

cohesive (Reynolds et al., 2019). Overall, reductions of shoaling cohesion in the presence

of disease, were previously reported on several species (Dugatkin et al., 1994; Hockley

et al., 2014; Krause and Godin, 1996), and often interpreted in light of possible avoidance

mechanisms; however, we believe that other mechanisms such as self-organized sorting

may also play a role (Couzin and Krause, 2003), as we will discuss more in detail later

in this section. Alternatively, increased nearest-neighbor distance, in the absence of

other group-level changes, such as disruptions of fission-fusion dynamics, could also be

a mechanism to minimize phenotypic heterogeneity - and oddity effects, while decreas-

ing the infection risks. For example, a study by Croft et al. (2011) previously showed

the effects of parasitism on fission-fusion dynamics, finding that guppies shoal would

initiate more fission events when an infected conspecific was in the group. Theory pre-

dicts that shoal members should make decisions that minimize oddity and maximize the

dilution effect, in particular to avoid predation (Barber et al., 1998).

In addition to the analysis of nearest-neighbors distance, we quantified spatial po-

sitioning for each member in the shoal, ranking each individual position across group

sizes and computing the likelihood associated with each rank. We find that infected fish

are more likely to occupy peripheral positions, while also showing increased presence

in frontal ranking positions (Figure 2.10). In the parasite literature, it was previously

observed that parasitized banded killifish (Fundulus diaphanus) and minnows (Phoxinus
phoxinus) occupied more peripheral positions when part of a shoal (Barber and Hunting-

ford, 1996; Ward et al., 2002). In both cases, however, the studied parasites had complex

life cycles, and this is hypothesized to increase selection pressure to impact the host’s

behavior to go to the next host (Poulin, 2000). Finally, we also find that infected guppies

are more likely to be in the front of the shoal (Figure 2.10b), which was also previously

observed in relation to altered nutritional states and to parasitism (Krause et al., 1992;

Ward et al., 2002).

In light of these results and in the context of previous findings, we hypothesize that

Gyrodactylus sp. infection possibly affects the internal state of the fish, which conse-

quently alters the spatial positioning and collective behavior. One possibility is that

those individuals that take frontal shoal positions are in a relatively more beneficial po-

sition for increasing feeding rates, compared to the other shoal members (Hoare et al.,

1998; Krause et al., 1992; Ward et al., 2002). Individual differences of the shoal mem-

bers can lead to self-organization sorting mechanisms: similar phenotypes naturally

sort and associate, resulting in differences in spatial positioning (Couzin and Krause,

2003). Therefore, also in absence of complex mechanisms, sorting mechanisms may
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help understanding of how infected individuals modify their position relative to others

(Couzin and Krause, 2003; Couzin et al., 2002). Unlike other studies where the impact on

host’s behavior is likely a result of selection pressure related to parasites with complex

life cycles (Poulin, 2000), in our study we see evidence of similar behavioral effects that

are resultant of an ectoparasitic infection with a direct life cycle, where the behavioral

response to the infection in this social animal is probably host-driven (Hawley et al.,

2021; Stockmaier et al., 2021). Finally, it is possible that the small ratio of infected-to-

uninfected individuals in this study did not allow the emergence of major group-level

changes.

2.4.2 Increased isolation rates

In the previous section, we discussed how an individual’s position within the group

changes following parasitic infection. Here, wewill discussmore how spatial positioning

is also seen in associationwith increases in isolation rates, and how differences in fission-

fusion dynamics and isolation rates are related to the infection status of the individuals.

The isolation status of an individual is, in other words, distancing. The word distanc-

ing has received much attention lately, in particular in the meaning of ‘social distancing’,

i.e. the reduction of social contacts in the presence of an infectious disease or pathogen,

which is found in both animal and humans (e.g. Moreno et al. (2021); Stockmaier et al.

(2021)). ‘Social distancing’ however is not the only behavioral response that animals (and

possibly humans) have adopted to avoid or fight infectious diseases. Briefly, among the

main ’direct’ behavioral responses that social species show upon exposure to pathogens,

we find passive and active self-isolation (host-driven), avoidance, exclusion, and group-

wide social distancing (driven by uninfected conspecifics). Among self-isolation behav-

iors, we also find ‘indirect’ behavioral responses, where the infected host for example

reduces social contacts due to a physiological response such as lethargy or loss of interest

in social interactions (for a comprehensive review, see (Stockmaier et al., 2021). The im-

portant difference between active and passive self-isolation is that active self-isolation

prevents interaction with conspecifics, whereas passive self-isolation does not (Stock-

maier et al., 2021). These behavioral responses vary in the implications they have on

infection transmission, by altering, for example, social connectivity (Lopes et al., 2016;

Ripperger et al., 2020; Stroeymeyt et al., 2018).

Guppies have been previously shown to adopt the strategy of active avoidance of

infected conspecifics (Stephenson, 2019; Stephenson et al., 2018). This strategy has been

shown to vary with respect to the costs of the infection, with highly susceptible indi-

viduals showing stronger avoidance (Stephenson, 2019), or when transmission risk is

higher (Stephenson et al., 2018). Avoidance was reported also on other species includ-
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ing lobsters, mandrills, termites (Behringer et al., 2006; Poirotte et al., 2017; Rosengaus

et al., 1999) and it is generally expected to be favored by selection as it should decrease

exposure to contagious pathogens (Barber et al., 2000). However, in some instances, it

could be difficult to define whether behaviors after infection are only side effects of an

infection, or are driven by an active response (of either the host or the infected con-

specifics) (Lopes et al., 2016; Stockmaier et al., 2020,0). For example, immune-challenged

bats that reduced social vocalizations also showed social encounters (Stockmaier et al.,

2020). Similarly, in case of reduced movement ability due to an infection, we expect

self-organizing sorting mechanisms to play an important role in the spatial positioning

and possibly the isolation rates of the shoal members (Couzin and Krause, 2003; Couzin

et al., 2002). These mechanisms do not invoke complex individual recognition and de-

tection, and may still result in the same outcome with isolation or increased distancing,

with similar implications on transmissions.

Finally, another mechanism that can lead to avoidance of unattractive cues and pos-

sibly isolate infected individuals is group facilitation and consensus among shoal mem-

bers (Sumpter et al., 2008). A quorum rule could lead to accurate decisions in avoiding

infected group members, as previously shown in sticklebacks making more accurate de-

cisions in avoiding sick-looking conspecifics with increasing group sizes (Sumpter et al.,

2008).

To distinguish a passive self-isolation mechanism from an active avoidance mecha-

nism, one possibility is to examine the social interaction structure. While self-isolation

should not vary the connectivity among healthy conspecifics, active avoidance should

reflect in the strength of the connection of those individuals that actively avoid the pos-

sibly contagious one. In our study, we find that infected individuals are more likely

to spend time in isolation, as well as to be part of fission from a group size of 8 to a

group size of 1. Both these findings are in line with a possible active or passive iso-

lation mechanism. It was previously hypothesized that isolation could occur when the

costs associated with parasitic infection outweigh the benefits of being part of a group or

when infected individuals are incapable of sustaining shoaling position (Reynolds et al.,

2019), for example, due to a lack of motor control in particular for heavily parasitized

fish (Krause and Godin, 1996). We previously showed that position in the group is cor-

related with the increase of isolation rates (Figure B.6), and this trend is observed for

both Focal-fish and Non-Focal fish across conditions. This suggests that passive mecha-

nisms such as speed (which also is related to position in the group), play a role in driving

the increased isolation of the FF. However, it remains still unclear whether the isolation

rates we find are driven by the hosts, or by the uninfected conspecifics.
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2.4.3 Infection rates and implications on movement

Unlike infection of parasites with complex life cycles, infections with directly transmit-

ted parasites should also reflect the pressure of the parasite to be successfully transmitted

to others, by for example concealing evident behavioral modifications. It was previously

shown that guppies in early infections are more attractive than uninfected conspecifics

in the same trial (Stephenson et al., 2018), and under semi-natural conditions, infected

fish were shown to initiate more social interactions (Croft et al., 2011). It’s hypothesized

that infected fish might even have generally higher activity levels. In our data, we find

similar counter-intuitive observations in a subset of the data, specifically on those fish

that show higher relative speed values than other fish in the trial (Figure 2.12). Other

evidence of possible effects of concealed early infection signs, is seen in the relationship

between proximity and infection transmission. For Non-Focal fish in the trials on Day

5 from the infection (early stage), infection was more likely for those fish that spent a

high proportion of time closer than 3 body lengths from the Focal-fish. This result could

however, derive from two, not mutually-exclusive hypotheses: in one case, fish at early

stages of infection are equally or more attractive than other fish, and thus successfully

transmit parasites to those individuals actively spending more time in proximity; alter-

natively, this could also reflect the ‘infectiousness’ of the Focal-fish where early stage

infections, to be successful, need more time spent in close proximity than later infections

do (comparison with data from Day 10, Figure 2.19).

It is known that the main transmission modality of Gyrodactylus sp. is by contact

with an infected individual (Bakke et al., 2007; Cable et al., 2002). However, it has been

also reported that some gyrodactylids might also use a different strategy for transmis-

sion that is achieved by detaching from a recently dead individual and moving to the

water film (Cable et al., 2002). For the differences we find in the time spent in proximity

for individuals that get infected on day 5 and day 10, we hypothesize that the transmis-

sion mode might be different. After day 10 of infection, in particular for high infection

loads, it is possible that gyrodactylids are also more actively searching for transmission

opportunities, and could need less frequent exposure to pass onto the next host. It was

previously observed that in some cases the frequency of contacts between individuals,

beyond the population density, could drive transmission rates, allowing parasite preva-

lence also at low densities. Finally, in this study, we do not include information about the

Non-focal individual physiological state, in terms of, for example, susceptibility. How-

ever, we know from previous literature that susceptibility to parasitic infection, infection

development, and transmission probability depend on a combination of physiological,

metabolic, and behavioral factors. In future studies, it would be informative to keep in-

formation on the progression of the infection on the individuals that get infected during

82



the trial. This could reveal important information on the susceptibility of the individuals

and their behavioral correlates in their pre-infection state (Barber et al., 2017).

2.4.4 Quantifying fission-fusion dynamics: applications and future

work areas

In this study, we used a novel approach to quantify guppy’s fission-fusion dynamics.

This type of animal grouping is highly dynamic both spatially and temporally, where

groups split (fission) or merge (fusion) at different timescales varying group sizes and

composition. Here, we used a distance threshold to segment trajectories, define group

membership, and classify events as a subset of coordinates of consecutive frames where

group composition (based on fish identities) is fixed. With this method we add extra

detail to the quantification of the collective behavior of the group, quantifying the timing

of different group sizes, group composition, and transitions across groups. This level of

detail is not present in, for example, studies with golden shiners (Couzin et al., 2011;

Tunstrøm et al., 2013) or locusts (Buhl et al., 2006), or other species where the group

generally stays together. With this approach we can quantify the level at which each

individual group member contributes to the process, and how parasitism affects these

dynamics. Other animal groups such as ungulates, elephants, cetaceans, or baboons

also display fission-fusion behavior (Couzin and Laidre, 2009). While we applied and

developed our approach with guppies, the approach is general, and future work can

build these methods to quantify the fission-fusion dynamics of other collectives.

2.4.5 Conclusion

In this chapter, we described the range of variation of the behavior of shoaling guppies

and how the individual and collective behavior varies in presence of a parasitized fish.

Overall, we find evidence for changes in the behavior in response to parasite infection at

the individual-level, which could generate cascading effects at the group and population

levels. We find that the presence of the infected fish affects group cohesion - increasing

nearest-neighbor distance and increasing the likelihood for the infected fish to fission

to isolation. We also find a re-organization in the group positioning, where infected

individuals are more likely to take peripheral positions (and more in the front), which

could be a mechanism to minimize phenotypic heterogeneity while decreasing the in-

fection risks. Overall, we think that the infection of Gyrodactylus sp. does not induce

uni-directional effects on the behavior of the group, but rather increases the likelihood

of some behaviors appearing, at a higher magnitude than of non-infected fish.
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Chapter 3

Analysis of leader-follower
relationships of shoaling guppies across
timescales

3.1 Introduction

Interactions between individuals play a critical role in shaping animal behavior. The

specific rules that animals use to interact with each other can have a profound effect on

the overall behavior of the group, and such effects can have cascading effects on how

individuals in groups ultimately make collective decisions (Couzin and Krause, 2003).

In some cases, decision-making involves a degree of leadership. In a broad definition,

leadership is a process of differential influence initiated by one or more individuals that

results in behavioral change of other group members (Krause et al., 2000; Strandburg-

Peshkin et al., 2018). Members of pigeons’ flock exhibit a hierarchical structure in terms

of who influences whom in terms of group motion, as revealed by characteristic delays

in time between individuals’ directional choices (Nagy et al., 2010). By contrast, individ-

uals’ influence on collective motion can be more egalitarian, where leader-follower rela-

tionships are not rigid and individual roles vary over the course of the interaction (Dyer

et al., 2009). Thus there exists a continuum between diffuse and highly-hierarchical

leadership in coordination movement of animal groups. In this chapter, we explore an

analysis of leader-follower dynamics of fish shoals. However, unlike previous studies of

differential social influence, which rely on instantaneous, thus short timescale velocity

vector information, as previously done in Nagy et al. (2010), we expand the analysis to

also describe leader-follower dynamics of activity level changes at long timescales.

The behavior of animals is multifaceted and it may vary widely over their lifetime.

Similarly, patterns of associations in animal groups also change across timescales, from
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near-instantaneous fusion in response to increased risk of predation to daily fission-

fusion patterns, to longer timescale seasonal migration. While factors such as sex are

(mostly) stable over the lifetime of an animal, aspects like size, locomotion, pathogen

infection, or nutritional state, may vary over shorter timescales (Jolles et al., 2020a).

There has, however, been surprisingly little quantitative work to account for variation of

individual behavior across timescales, likely due to limited resources and technology for

lab and field behavioral experiments. In this chapter, we explore data from 55 recordings

of eight freely shoaling guppies. For each group, we analyze two hours of data and

describe how individual-level speed/activity patterns vary, within the duration of the

experiment, at short and long timescales, and how the degree of coordination with the

other shoal members shapes leader-follower dynamics across timescales.

Both modeling and empirical data have investigated the mechanisms of leadership

and decision-making of moving animal groups, showing that leadership and signaling

among individuals are not necessarily driven by dominance hierarchies (Couzin et al.,

2005; Reader et al., 2003; Reebs, 2001,0; Strandburg-Peshkin et al., 2015). Work on fish

schools has shown that a fraction of individuals can lead larger groups of conspecifics

to a targeted area (Couzin et al., 2011; Reebs, 2000), that body size or nutritional state

influences position in the group and eventually group movements (Hoare et al., 1998;

Reebs, 2001), and that quorum decision-making is used to inform decision making and

information transfer (Ward et al., 2008). A common example of how animals within

groupsmust conformwith others tomaintain group cohesion is by adjusting their speeds

(Herbert-Read et al., 2013; Jolles et al., 2017; Sankey et al., 2019). In this study, we look at

how small fish groups coordinate their activity, social cohesion, and social coordination

by adjusting their speed, and how this level of organization varies across timescales

of interactions. To this end, we analyzed the time-shifted correlation of speed to infer

leader-follower dynamics of guppy shoals, and how these vary across a broad range of

timescales. We find consistent inter-group differences andwe describe correlation across

activation levels of different individuals of the same population.

To investigate the influence that fish have on the other shoal members, we evaluated

the temporal relationship of speed for each dyad in the group. We analyzed individu-

als’ motion at different timescales by considering individuals’ swim speed transformed

with different moving average window sizes, as will be detailed below. To describe short

timescale changes in speed, we consider a small moving window size, such that this rep-

resents instantaneous changes, and we refer to this as the animal’s speed. To describe

long timescale changes, we use a larger window, and because of the larger window size,

this can be better thought of as representing the ‘activity level’ of individuals. For the

purpose of this chapter, we focus most of the analysis on comparing differential social
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influence (i.e., who most influences whom - a form of leadership) calculated at one short

timescale (average over 1 second) and one long timescale (average over 150s). However,

where needed we also include leadership scores calculated on additional timescale val-

ues. For each dyad in each experiment, we used a method based on cross-correlation

of speed (and activity) time series, similar to that previously developed by Nagy et al.

(2010). This allows us to infer a leader-follower structure that informs us about the ‘ini-

tiators’ and ‘followers’ of the group regarding both short and long timescale changes in

speed and activity, respectively. While previous work has identified factors that predict

short timescale leadership, we use our data to ask if the same hierarchies and predictors

apply at both short and long time timescales. Finally, we discuss preliminary data on

how pairwise temporal dynamics across timescales also vary as a function of the parasite

load of group members.

3.2 Methods

3.2.1 Dataset

In this study, we included all data used for those studies described in Chapter 2. These

data contain trajectories of all individuals in freely-swimming shoaling guppies Poecilia
reticulata. Groups of eight guppies were filmed swimming in a 116x116cm experimen-

tal arena at 30 Hz for three hours. The videos were analyzed using TRex (Walter and

Couzin, 2021), software that both allows individual tracking and individual identifica-

tion. We analyzed a total of 55 recordings, each of which is referred to as one trial. The

data from these trials were originally used for an analysis of the effect of parasitism on

shoaling, where the infection status of one individual of the shoal was experimentally

manipulated. More details on the infection procedure and the details on the experimen-

tal trials are found in sections 2.2.2 and 2.2.3 of Chapter 2.

3.2.2 Capturing leadership dynamics across timescales

From the analysis of the speed time series, one for each individual, we excluded the first

hour of the experiment after an evaluation of the acclimation time that occurs on average

on all trials; thus each trial is 2 hours in duration. To read more about the experiment

procedure, see section 2.2.4 and Figure 2.5 of Chapter 2, where we describe in detail how

tracking was conducted and trajectories obtained using TRex (Walter and Couzin, 2021).

After initial filtering of the trajectories to exclude tracking errors, we obtain the position

of each fish i at time t and we calculate their instantaneous speed ui(t) as the norm of the

velocity vector vi(t). From the instantaneous speed value ui(t) we then used a moving
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average with different window sizes w to transform the data. The window sizes (i.e.
timescales) are – w ∈ {0.26 s, 1 s, 5 s, 15 s, 30 s, 60 s, 150 s, 300 s} (Table 3.1). Shorter

window sizes represent (nearly) instantaneous speed, while longer window sizes are a

representation of activity. Preliminary analysis suggested a continuum in the values

calculated at each window size w; therefore, to simplify the quantification, we use the

window w of 1 second as the speed at short timescale, and the window w of 150 seconds

as the activity at the long timescale. More specifically, we selected a moving average

of a short window size w of 1 second (30 frames) since this still captures variation in

the individual speed at a temporal resolution associated with the timescale of fine-scale

movement dynamics within these groups. In other words, this value represents short-

timescale changes of speed, representing the relatively rapid speed and direction changes

exhibited by guppy groups. By contrast, applying a moving average on the speed with

a relatively large window size of 150 seconds (4500 frames), results in short timescale

information (e.g. tail-beat frequency, or burst and glide) being hidden, while revealing

a long timescale representation of the speed, which can better be thought of as overall

’activity level’. In other words, what the activity level represents is a quantification

of how generally more or less active fish are, and how such long-timescale changes in

activity vary over the course of the trial. While the main results compare the short and

the long timescale, for some analysis we also include the leadership scores calculated at

each window size w of the range described above.

Figure 3.1 shows an example of the averaging computation of the speed time series.

In the top part of Figure 3.1 we see the data for 8 individuals with individuals’ speed av-

eraged with a window size of 150 seconds, thus representing the ’activity level’ for each,

shown for the entire duration of the trial (three hours). What we notice is a general cor-

relation across the individuals, with fluctuations evident in this relatively long-timescale

level of activity. The bottom part of Figure 3.1 shows a subset of the speed data averaged

using different window sizes, looking at one time segment of the trial. The subset here

is around 55 minutes in duration and window sizes of 1 second, 30 seconds, and 150

seconds. The time series obtained with a moving average of 1 second is similar to the

instantaneous speed and thus highly informative regarding short timescale dynamics.

By applying moving averages of increasing window length, we obtain information that

loses the short timescale information (e.g. tail-beat), but describes a more general sys-

tem activity level. For example, the orange time series obtained with a window size of

30 seconds still shows how individuals move in bursts, on top of a more general activity

level that is better captured by the longer window size, here displayed in purple, with a

moving average window of size 150 seconds (Figure 3.1).
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Long timescale activity of eight guppies shoaling for three hours
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Figure 3.1: Speed values at timescales. From the raw speed value of each fish, we used a moving
average to analyze the data across eight different window lengths (i.e. timescales) –w ∈ {0.26 s, 1
s, 5 s, 15 s, 30 s, 60 s, 150 s, 300 s}. Top: long timescale activity level time series of eight individuals
in the same trial, obtained with a window size of 150 seconds. We visualize the activity traces
for the entire duration of the trial (three hours). Bottom: comparison of speed/activity time
series across different timescales. Raw and short timescale speed time series still contain high
frequency signals, with higher resolution at the short scale, thus possibly informative on short
range locomotion and movement dynamics. Longer window sizes of 30 and 150 seconds lose
short timescale resolution (e.g. tail-beat frequency), but reveal what we here refer to as ‘activity
level’, where fish are described as generally faster or slower (more or less active).

3.2.3 Speed/activity correlation and leadership calculation

To quantify the reciprocal social influence among all individuals in a trial, we used a

cross-correlation analysis of the speed time series averaged at either 1 second, to cap-

ture fast-timescale influence, and 150 seconds, to capture how individuals influence each

others’ overall activity levels throughout the trials. This method is based on Nagy et al.

(2010).

Consider the speed time series of two individuals i and j, which have been averaged

with a window of w, and denote these as si(w, t) and sj(w, t). Dropping the w for ease

of notation, the correlation between these individuals for a time lag of τ is calculated by

averaging over each trial:

Cij(w, τ ) =

∫
dt (si(t)− s̄i) (sj(t− τ)− s̄j)√∫

dt (si(t)− s̄i)
2 ∫ dt (sj(t− τ)− s̄j)

2
(3.1)

where s̄i and s̄j denotes averages. For positive τ values the integral goes from [τ, T ],

and for negative τ values from [0, T + τ ], where T is the total trial duration for analysis.

To calculate Cij numerically, we calculated Cijw, τ over a range of−Aw to Aw, with

a step size of ∆w. The numerical values of Aw and ∆w are listed in Table 3.1.

For each fish pair within a trial, we obtained the time lag Γw
ij , which is the value τ at
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the maximum value of the correlation functionCij(w, τ ). Positive Γw
ij values correspond

to individual fish i that initiate speed/activity changes prior to the individual fish j,

whereas negative Γw
ij are found when the individual fish i ’follows’ the speed/activity

changes of the individual fish j. For an illustration of this calculation see the Appendix

C.1 and Figure C.1.

Therefore, for each fish pair we have

Mw
ij =

 0 M12 M13

M21 0 M23

M31 M32 0

 (3.2)

which is symmetric and

Γw
w,ij =

 0 Γ12 Γ13

Γ21 0 Γ23

Γ31 Γ32 0

 (3.3)

which for each fish pair is anti-symmetric.

To ensure selection of pairs with correlation values that holdmeaningful information

about speed changes, we selected pairs with a Mw
ij > Mw

tr , depending on the window

size w. We also disregard events where the time lag Γij(w, τ ) < Γmax(w, τ ), as this

time lag would be too short for the influence of speed change to be meaningful. In

order to use the data to set a correlation threshold value, the value of Mw
tr for each

window size w was decided by the maximum Cij(w, τ ) over the entire window [−Aw,

Aw] among 100 randompairs si(w, t) and sj(w, t) of fish i, j selected from different trials,

therefore fish that were not in a tank at the same time. This was done in order to estimate

a meaningful threshold for the correlation and can be considered to be representative

of what we expect as values for random correlations among fish (Figure C.2). Finally,

Mw
tr was chosen as the 95th percentile of the maximum Cij(w, τ ) distribution for each

window size w.

For each fish pair in a trial, using the maximum correlation Mw
ij and the time lag at

the maximum correlation Γw
ij , we then created a matrix that represents whether or not

the pair had a meaningful leader-follower relationship over the course of the trial:

Sw
ij =

1, if (|Γw
ij| > Γmin(w, τ ))&(|Γw

ij| < Γmax(w, τ ))&(Mw
ij > Mw

tr)

0, otherwise.
(3.4)

Using the matrix Sw
ij , which thresholds for meaningful leader-follower relationships, we

defined a scaled individual leadership score as
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Lw
i =

1

n

n∑
1

sgn(Γw
ij) ·Mw

ij · Sw
ij

Note that the scaled relative leadership score is normalized by the maximum possible

score, which corresponds to an individual that leads (positive score), or follows (negative

score) all others, with the maximum correlation value being 1.

An overview of the window sizes (w) used, and the respective parameters and nu-

merical values are found in table 3.1.

Timescale [s] Equation parameters [frames] Numerical parameters [frames]
w Γw

min Γw
max Mw

tr [−Aw to Aw] ∆w

0.26 1 60 0.15 ±70 1
1 2 130 0.15 ±150 2
5 2 160 0.2 ±180 2
15 5 420 0.25 ±450 5
30 10 800 0.3 ±900 10
60 20 1500 0.3 ±1800 20
150 50 3500 0.45 ±4500 50
300 50 4000 0.6 ±5000 50

Table 3.1: Parameters leadership score. We compared a total of eight timescales w
of length ranging from 0.26s to 300s. For each w we defined parameters of Γw

min, Γ
w
max

used to disregard events where the time lag Γij(w, τ ) would be too short for the speed
change to be meaningful in being copied. The value ofMw

tr for each window size w was
decided by calculatingCij(w, τ ) among 100 random pairs si(w, t) and sj(w, t) of fish i, j
selected from different trials, therefore not in a tank at the same time, and used to ensure
selection of pairs with correlation values that hold meaningful information about speed
changes. The values of the numerical parameters for the range [−Aw to Aw] and the
step size ∆w are shown in the last two columns of the table.

3.3 Results

For each pair of individuals in a trial, we calculated a leadership score to evaluate the

relative influence an individual i has on the group in determining speed/activity changes.

In total, we computed leadership scores (Lw
i ) for eight timescales (Table 3.1). To examine

core trends of leadership at different timescales, we focus our analysis to compare a short

timescale (w = 1s) and a long timescale (w = 150s).

3.3.1 Leadership scores across trials

Leadership scores are calculated for each fish, in each trial. Figure 3.2 shows all lead-

ership score values for each trial. Positive leadership scores indicate individuals that
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initiate a speed/activity change that is subsequently exhibited by other group members.

Negative leadership scores present individuals that tend to copy the speed change initi-

ated by other group members. Leadership scores close to zero indicate either individu-

als with non-rigid leadership roles or individuals that are uncorrelated to the rest of the

shoal and thus, do not exhibit a relationship with other shoal members. The magnitude

of the leadership score is indicative of the strength of the correlation with other shoal

members, as well as the consistency of the leader (positive) or the follower (negative)

role. In Figure 3.2 we visualize the variation in individuals’ leadership scores for each

trial (each box plot), in both the short (Figure 3.2 top row) and the long timescale (Fig-

ure 3.2 bottom row). We note that that the within-trial variance of leadership scores

is similar for the two timescales analyzed. This suggests that for trials where there ex-

ists a leadership structure over a short timescale there may also be one over the longer

timescale.

The within-trial distribution of the leadership score describes the structure of leader-

follower dynamics, from which we infer the hierarchy determined by the ranking and

magnitude of leadership scores of each fish in the trial. Overall, we find that some trials

are characterized by a small variance, both at short and long timescales (left-most tri-

als in Figure 3.2), which reflects a flat structure, where no individual consistently leads

initiations of changes in the speed dynamics (or do not interact meaningfully, thus low

correlation with other individuals), while others show clear leader and follower individ-

uals (right-most trials in Figure 3.2), with higher variance in leadership scores.
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Figure 3.2: Distribution of leadership scores for each trial at short and long timescales. For
each trial we show the distributions (boxplots) and the leadership scores obtained for each in-
dividual in the trial (dots). Values are sorted in increasing order by leadership score of the
long timescale (bottom row). Positive leadership scores indicate individuals that initiate a speed
change that is followed by other group members. Negative leadership scores are found for in-
dividuals that copy the speed change initiated by other group members. Box plots give the me-
dian, interquartile range (box), and values that sit outside of 1.5 times the interquartile range
(whiskers).
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3.3.2 Illustrative example: comparison of activity levels in two trials

with different leadership score distributions

To better understand what leadership at long timescale activity levels can represent, and

how trials differ, we looked at two example trials that differ by the variance of the dis-

tribution of the leadership scores. In Figure 3.3, we illustrate the long timescale activity

levels within a trial characterized by a small variance in leadership scores (variance =

0.05, Figure 3.3a), and compare it to a trial in which there was a large variance in the

leadership score at the long timescale (variance = 0.39, Figure 3.3b). The activity time

series of each individual in Figure 3.3 are colored by the individuals’ leadership score. In

both examples, the activity level time series of each individual varies over the course of

two hours, alternating phases of high and low activity levels in the order of 5 or 10 min-

utes, to phases of activity that last up to 40-50 consecutive minutes. As an example, note

the activity level of one of the individuals in Figure 3.3a (dark blue line, leadership score

= -0.21), with a constant low activity level between minutes 70 and 125. Overall, the low

variance in leadership scores in Figure 3.3a indicates the absence of consistent leaders

and followers, as evidenced by generally low synchrony of the activity changes among

group members, and differences in the absolute swim speed (activity). This is different

from what we observe in Figure 3.3b, where individual activity time series are largely

overlapping and show similar increasing and decreasing activity values over time. The

large within-trial of the leadership score of the trial in Figure 3.3b suggests that the col-

lective dynamics are synchronized and that there exist consistent leaders and followers.

In this section, we used examples from our data to show how the analysis method

on long timescale time series describes structures in the group movement patterns. The

examples taken, are visually different, describing variations on both individual and col-

lective movement patterns. The first example showed a trial where speed time series are

uncorrelated, and where there is no clear leader-follower structure (Figure 3.3a). The

second example, described a trial with high variance in the leadership scores, indicating

a clear structure in the leaders-follower roles of the group, which in this case also rep-

resented by high group cohesion, and low speed difference among the shoal members

(Figure 3.3b).

3.3.3 How individual scores vary across timescales

We next asked if fish that exhibit leadership over short timescales are also leaders with

respect to long timescale (i.e., activity level) dynamics. To do so, we asked if individuals’

leadership scores for the short timescale are correlated with their leadership scores over

the long timescale. For this analysis, we include data on leadership scores calculated
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(a) Long timescale activity time series - trial with low leadership score variance
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(b) Long timescale activity time series - trial with high leadership score variance

Figure 3.3: Long timescale activity time series in two trials. Here, we compare two trials that
differ in the variance of leadership scores. We therefore compare the activity time series of
the long timescale. (a) Example trial with weak leader-follower structure (small leader-follower
scores and variance). The leadership scores of the shoal members of this trial are shown in
Figure 3.2, trial 6. (b) Example trial with high pairwise correlation and clear leader-follower
dynamics. The leadership scores of the shoal members are shown in Figure 3.2, trial 54. In this
second example, we also notice low speed difference among the shoal members which in this
case denotes high group cohesion.

at each of the eight window sizes w (Table 3.1). We find that the correlation decreases

with the increase in the time lag between the timescales tested (Figure 3.4a). The lead-

ership score calculated in the short timescale of 1s highly correlates with the following

timescale of 5s (r=0.84, p < 0.001), but progressively decreases with increasing timescales

(Figure 3.4a). Leadership scores are correlated in pairs of timescales of increasing sizes,

suggesting that information at each timescale is progressively changing but overlapping

(Figure 3.4c); however, the correlation between leadership scores of the short (1 second)

and the long (150 seconds) timescales is close to zero (r=0.06, p > 0.05) (Figure 3.4b).

These results suggest that the leadership scores calculated over a short timescale are not

predictive of the leadership scores calculated at a longer timescale, suggesting that dif-

ferent individuals are more, or less, influential over different timescales (i.e. those who

lead short-timescale schooling dynamics are not those who influence the overall activity

level exhibited by individuals in the population).

3.3.4 Comparison of leadership scores and behavioral metrics

In this section we investigate the correlation between individual/group-level behavioral

metrics and leadership score at the short timescale of 1s, and at the long timescale of

150s (Figure 3.5). All results in this section report the Pearson Correlation Coefficient

and the significance p-value. The metrics with the strongest correlation to leadership
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Figure 3.4: Correlation leadership scores at different timescales (a) Correlation of the leader-
ship scores of the short timescale, with leadership scores of increasingly longer timescales. The
correlation decreases with the increase in the time lag between the timescales tested. The error-
bar shows the variance across individual trials. (b) The correlation between the leadership scores
calculated at short timescale (1s window) and at long timescale (150s window) is close to zero
(r=0.06, p > 0.05). (c) Leadership scores correlate between neighboring timescales (in pairs),

scores in the short timescale are front-back (FB) distance and relative acceleration (r=0.6,

p < 0.001) (Figure 3.5, top row). These results confirm previous studies, where leader-

follower dynamics were evaluated at short timescales (Jolles et al., 2017; Nagy et al., 2010;

Sridhar, 2022). Relative speed, turning rate, and speed variance (r=0.3, p < 0.001), show

a weak correlation with leadership scores at the short timescale, followed by nearest-

neighbor distance (r=-0.2, p < 0.001) and time spent in isolation (r=-0.1, p < 0.05) (Figure

3.5, top row). The same seven metrics, however, do not exhibit the same relationship

with the long timescale leadership score, either showing a low or near zero positive cor-

relation (turning rate, relative acceleration, speed variance, nearest-neighbor distance)

or a weak negative correlation (front-back distance, relative speed) (Figure 3.5, bottom

row). This suggests that mechanisms of leadership at long timescales are different than

the mechanisms of leadership at short timescales.

3.3.5 Leader-follower dynamics and the effect of parasitism

Here we explore how leader-follower dynamics relate to parasite load of the infected

individual in each trial. Previously we have found that parasitism can affect short-time
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Figure 3.5: Correlation of individual and group behavioral metrics and leadership scores. Cor-
relation between individual and group metrics to the leadership score at the short timescale of
1s (top row), and at the long timescale of 150s (bottom row). The metrics with the strongest
correlation in the short timescale are front-back (FB) distance and relative acceleration (r=0.6, p
< 0.001), followed by relative speed, turning rate, and speed variance (Pearson Correlation Co-
efficient, r=0.3, p < 0.001). None of the tested metrics shows correlation with the long timescale
leadership score (bottom row). All r coefficients are calculated with the Pearson Correlation Co-
efficient.

scale dynamics: for example, parasitized individuals show higher nearest-neighbor dis-

tance than non-parasitized fish and also occupy more frontal and peripheral positions

in shoals of different sizes (see Chapter 2). In this analysis, we only include data for fish

measured before and after infection. More specifically, we compare data of leadership

score of the Focal-fish at the Baseline and at the Treatment condition, which details are

explained in Chapter 2, section 2.2.3.

Regarding social influence both at the short and long timescale (Figure 3.6, left and

right, respectively), we observe that for increasing parasite load, the magnitude of the

leadership score decreases (Figure 3.6). At the short timescale, for fish with no or low

parasite loads, we observe a larger variance with leadership scores ranging from -0.22

and 0.49 (minimum and maximum values of the distribution), compared to leadership

scores for individuals with higher parasite loads at the same timescale. At the long

timescale of 150s, we also find a similar relationship between parasite load and leadership

score, with decreasingly lower leadership scores at increasing parasite load. Moreover,

at the long timescale, the leadership score values are generally higher in magnitude and

range between -0.90 and 0.92 compared to the short timescale. These results suggest that

parasitismmay have an effect on the role of the infected fish, bymodifying its interaction

with the other group members, and that the relationship is similar at the short and the

long timescale.
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Figure 3.6: Leader-follower dynamics as a function of parasite load (a) Correlation between
parasite load and leadership score at the short timescale of 1 second. Leadership scores are
generally smaller at the short timescale than they are at the long timescale (b). However, we still
obtain information on the direction of some of the meaningful pairwise interactions. Overall, we
find a larger variance in the leadership scores of individuals with small parasite loads, as opposed
to individuals with high parasite loads. (b) Correlation between parasite load and leadership
score at the long timescale of 150 seconds. At the long timescale, we find that the variance of
the leadership scores is generally higher than that of leadership scores at the short timescale.
Low parasite loads show a relative increase in the leadership scores compared to non-parasitized
fish (marked with ‘x’), followed by a decrease in the scores for increasing parasite loads (marked
with ‘o’). Non-parasitized fish are marked with the symbol ‘x’, to distinguish from parasitized
fish marked with the symbol ‘o’.

3.4 Discussion

In this chapter, we explored how individual and collective values of speed/activity change

over two hours of movement data of freely shoaling fish, and how members of a shoal

coordinate and adjust their speed to the other shoal members over different timescales.

The individual values of the speed of each shoal member were transformed at different

timescales by applying amoving average of different window sizes to the raw speed data,

thus describing coordination at different temporal resolutions, where the short timescale

window represents ‘speed’, while the long timescale window represents ‘activity level’.

For each of the eight timescales tested, we calculated leader-follower dynamics based

on a pairwise correlation analysis between shoal members. This procedure is based on

methods developed by Nagy et al. (2010) which evaluates the instantaneous temporal

relationship of pigeons’ directional correlation. Instead of direction correlations, we use

only speed values to analyze leader-follower dynamics; this simplification enables us to

examine different timescales of activity levels and the resulting differences in leader-

follower relationships. We find that individual leadership scores for the short timescale

are not predictive of who is most influential over a long timescale (Figure 3.4b). Behav-

ioral metrics that are commonly used to describe instantaneous kinematics positively

correlate with leadership at the short timescale, but this correlation is lost over a longer

timescale (Figure 3.5). Overall, this suggests that the mechanisms that govern leadership
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at the short timescale are likely different from those over the long timescale, and that

common behavioral metrics might be insufficient to describe coordination and patterns

over multiple temporal scales.

Trials were found to vary with respect to the observed leader-follower structure. In

some trials, all members exhibited low leadership scores, whereas in others we found

a clear distinction between, and consistency within leaders (high positive leadership

scores) and followers (low negative leadership scores) (Figure 3.2). By selecting two tri-

als with characteristic low and high variance of leadership scores, we illustrated how

long timescale activity time series, as shown in Figure 3.3 reveal patterns of variation

over time for each individual. This suggests that longer behavioral analyses, such as

over a few hours, as opposed to the more typical timescale of minutes, can improve the

evaluation of inter-individual correlation, group cohesion, and leader-follower relation-

ships.

Groups of animals consist of heterogeneous individuals, and in recent years there has

been increasing interest in understanding how collective behavior patterns result from

individual-level processes. In the context of ‘consensus’ and decision-making in animal

groups, it is not unusual to find differences in how individuals in groups coordinate, and

vary inter-individual distances according to need. Animals constantly need to adjust

behavior in response to others, and the environment, and ‘consensus’ among members

of both animals and humans is thought to ensure coherent collective action, despite dif-

ferences in individual preference or physiological requirements (Conradt et al., 2009;

Dyer et al., 2009; Herbert-Read et al., 2019; Sumpter and Pratt, 2009). For example, the

decision-making process to move towards a common target, or to synchronize a group

activity, can involve group coordination and consensus, and often consensus costs are

lower for a group, as opposed to the outcome of unshared decisions and thus, possibly

leading to fragmentation (Conradt et al., 2009; Conradt and Roper, 2003). The variation

we observe across trials is likely indicative of individual differences, and a better un-

derstanding of group coordination and leader-follower dynamics at different timescales

could reveal important information regarding the role of individuals within the group,

and the resulting group behaviors exhibited.

Previous studies have shown that instantaneous kinematics measures are correlated

with leadership scores over the same short timescale (Jolles et al., 2017; Nagy et al., 2010;

Sridhar, 2022), and in particular that faster individuals that occupy frontal positions in-

creasing their propensity to lead others (Rosenthal et al., 2015). With this study, we

confirm such findings for short timescales. We find that the leadership scores calculated

at the short timescale are positively and strongly correlated with metrics of front-back

spatial positioning in the group, as well as with mean acceleration calculated relative
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to the acceleration of shoal members. Other values of relative speed, turning rate, and

speed variance also show a positive correlation with leadership, although with a weaker

correlation (Figure 3.5). The correlation of front-back spatial positioning, acceleration,

and speed metrics with leadership scores at the short timescale is expected, as the indi-

vidual leadership scores are calculated on the basis of pairwise interactions, and there-

fore describe the role of an individual to either ‘initiate’ or ‘follow’ the speed changes

of other individuals. Theory and empirical data show that if individuals move together,

they will naturally adjust their motion in order to maintain proximity. By contrast, it

is possible that the activity level at the longer temporal scale is less dependent on spa-

tial proximity, meaning that the adjustments of activity levels to match those of the

group members are less predicted by metrics that we commonly use to describe instan-

taneous spatio-temporal dynamics. In this study, when we consider longer timescales,

we find that the leadership scores do not correlate with measures of short-range spa-

tial interaction or short timescale movement metrics (e.g. spatial position in the group,

nearest-neighbor distance, relative speed) (Figure 3.5).

Group spatio-temporal dynamics also have important implications on disease dy-

namics, where increased associations in smaller communities might increase the trans-

mission risk, in particular when a parasite is transmitted via direct contact (Barber et al.,

2000). Across taxa, we find different mechanisms used to respond to disease threat, but it

is challenging to understand how within-individual variation scales to population-level

structures, and how this might affect dynamics in the presence of disease (Stockmaier

et al., 2021). Pathogen infection is an example process that has implications over a range

of timescales, from the short-term modification of for example locomotion patterns, to

processes such as isolation and avoidance, that might happen over minutes, hours, or

days after initial exposure (Jolles et al., 2020a). Therefore, in this chapter, we also evalu-

ated how the leader-follower role of a diseased individual varies as a function of parasite

load, across timescales. We find that the magnitude of the leadership scores decreases

for increasing parasite loads. Low values of leadership scores indicate either cases in

which the leader-follower dynamics vary throughout the trial, which results in an aver-

age of zero, or a low overall number of interactions with shoal members. To test if the

decrease in leadership score is indeed due to lower rate of interactions, we can compare

the (non-time-lagged) correlation between fish. This measure is indicative of the corre-

lation of the speed/activity time series between pairs of individuals, independent of the

leader-follower relationship. Figure C.3) shows a decrease in correlation among shoal

members at increasing parasite loads (Figure 3.6). Therefore, this suggests that in this

study, the decrease in the magnitude of the leadership score of the infected fish is likely

driven by an overall decrease in the correlation of the speed and activity patterns of the
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infected fish, with the rest of the group.

To conclude, in this chapter, we explore how individual-level speed patterns vary

across short and long time scales, and how these describe the degree of coordination

within fish shoals. By calculating pairwise cross-correlation values across speed and

activity levels with time delay, we calculated leadership scores for each fish, and we

compared the results across different timescales. This study is exploratory and looks

at longer timescales of motion, and we note some limitations of the current approach.

One limitation is the difficulty in interpreting the role of individuals that have leadership

scores close to zero. As previously observed, the absence of strong leadership is currently

possibly the outcome of two different mechanisms. On the one hand, it could be the re-

sult of a lack of time-lagged correlation with other individuals (below the threshold),

and therefore would not been taken into consideration for the calculation of the leader-

ship score. On the other hand, a leadership score of zero could reflect a group structure

where leader-follower continuously varies over the course of a trial. Finally, the current

approach does not take into account the direction of the activity change, which we nor-

mally describe as a general activation or deactivation of the group. In the future, it will

be informative to differentiate between individuals that trigger a meaningful increase or

decrease of the activity. We hypothesize that this information could be informative also

in the context of parasitism and parasite transmission, where infected individuals could

be distinguished from uninfected individuals for the role in either initiating increases or

decreases in the group activity level.
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General Discussion

In recent years, scientists have increasingly employed machine learning tools, such as

deep neural networks, to measure animal behavior. This approach allows for the direct

recording of details of animal behavior from real data efficiently andwithout the need for

marking or tagging animals. With these tools we can gain behavioral insights from an

animal’s posture – the time-varying positions of an animal’s body parts in space – aswell

as from the animal’s position in space over time. Ultimately, these techniques facilitate a

newunderstanding of animal behavior and can provide new insights about how the brain

organizes behavior. Here, we present how we used a quantitative approach and applied

modern image-analysis software technology (Mathis et al., 2018; Walter and Couzin,

2021) to better understand the role of disease in a social species.

With this work, we looked at the effect of a socially-transmitted parasite Gyrodacty-
lus sp. on the behavior of guppies, from the individual to the collective level. At the indi-

vidual level, we combined posture estimation analysis and respirometry to characterize

the swimming behavior of infected guppies and compared it to uninfected conspecifics

(Mathis et al., 2018). At the collective level, we used cutting-edge tracking technology

(Walter and Couzin, 2021) to extract highly detailed information on the movement of

shoals of guppies, to compare ‘healthy’ shoals to shoals with a parasitized individual.

Finally, we explored differential social influence (normally referred to as leader-follower

dynamics), in guppies shoals at different timescales, both in the presence and absence of

contagious parasites.

In Chapter 1, we compared the swimming behavior of parasitized and non-parasitized

guppies using measures of physiology (oxygen consumption rates), kinematics, and

swimming performance (maximum critical speed) across increasing flow speeds. We

found that parasitism has a complex effect on locomotion, with parasitized fish show-

ing both increased and decreased swimming speeds, depending on the parasite load.

This suggests that the effect of ectoparasites on locomotion is not uni-directional, but

the quantitative approach we developed describes the range of variation of swimming

behavior in relation to parasitism, locomotion, morphology, and physiology. Future

studies should expand on the role of individual traits in determining the large variation
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in swimming styles we observed in the population, for example by looking at individual

susceptibility or resistance measures. Overall, even in the absence of discrete swimming

mode categories, by using a combination of metrics we findwithin-species variation that

informs us regarding inter-individual phenotypic variation that can be linked to differ-

ent behavioral types. Understanding how locomotion and physiology are impacted by

the pathogen can inform us on the mechanisms that induce behavioral modification of

an infected individual, and on the possible cascading effects these may have in the social

context.

An individual’s behavior can impact pathogen transmission, and pathogens can spread

quickly through a population, causing serious illness or even death. In the case of con-

tagious diseases, pathogen transmission can be affected by how often individuals come

into contact with each other and how long they remain in contact (Stockmaier et al.,

2021). In order to better understand the role of parasitism in the social context, in Chap-

ter 2 of this thesis, we used tracking technology to analyze the individual motion features

of freely shoaling guppies in the presence of a socially transmitted parasite,Gyrodactylus
sp. We found that parasite infection increased the likelihood of a set of behaviors ap-

pearing, including maintaining higher nearest-neighbor distance, spending more time in

isolation, transitioning to isolation from bigger group sizes, and occupying more periph-

eral and frontal positions across different group sizes. Overall,Gyrodactylus sp. infection
does not seem to induce a single novel disease-specific behavior but rather increases the

likelihood for a diseased individual to occupy a space in the extremes of the range of

guppy behavioral repertoires.

Patterns of animal behavior change across timescales, from near-instantaneous fu-

sion in response to increased risk of predation to hourly fission-fusion patterns, to longer

timescale seasonal migration. Pathogen infection is an example of a process that has im-

plications over a range of timescales, from short-term modification to locomotion pat-

terns to isolation and avoidance, that might happen over minutes, hours, or days after

initial exposure. Therefore, in Chapter 3 of this thesis, we investigated how, within

a 2-hour interaction window, differential social influence within guppies shoals varies

from the near-instantaneous time scale (1 second) to a relatively longer timescale (150

seconds). From this analysis, we inferred a form of leader-follower dynamics, evaluated

how patterns of coordination among shoal members varied across populations, and how

parasitism affected the role of the infected individual within the group. At a population

level, we found that fish shoals use different rules to interact with each other depending

on the timescale of the interaction, suggesting that different individuals are more, or less,

influential over different timescales (i.e. those who lead short-timescale schooling dy-

namics are not those who influence the overall activity level exhibited by individuals in
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the population). Moreover, we found that the magnitude of leadership scores decreased

for increasing parasite loads, and that this was likely driven by an overall decrease in

the correlation of the speed and activity patterns of the infected fish, with the rest of

the group. Overall, different timescales of interaction can have different effects on the

behavior of the group and this analysis has implications for understanding how indi-

viduals within a group make decisions across timescales, and how this varies with the

presence of a contagious pathogen.

Disease spread is a major concern for public health, and understanding the factors

that contribute to the spread of disease is critical for developing interventions to prevent

or control outbreaks. In recent years, there has been increasing interest in the role of

animal behavior in the spread of disease and we currently have tools that can aid a

detailed analysis of how groups of animals move and interact. The study of disease

spread is a complex and interdisciplinary field, and there is still much to learn about

the factors that contribute to the spread of disease. With this thesis, we revealed that a

multi-scale approach is necessary to understand the factors that contribute to the spread

of disease in a social species, and we hope to see exciting developments in this direction

in the future.
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Figure A.1: Identification of segments of pectoral fin use. For each fish we estimated pectoral
fin movement by calculating the normalized pectoral fin motion speed along the y-offset of each
pectoral fin, separately (y-axis). To quantify the proportion of time pectoral fins were used, we
defined epochs of consecutive frames within which pectoral fin velocity was above the arbitrary
threshold of ±0.0025 cm/s (solid gray horizontal lines). The minimum unsteady epoch duration
length was set to 1/8 of a second. When two or more epochs were found to be separated by less
than 0.5s, they were combined into one. Dark gray vertical bars denote windows where the data
is above the threshold. The proportion of time the fish used pectoral fins was then calculated
as the number of frames found with the filter divided by the total number of recorded frames
for that flow speed. Light gray vertical bars show cases in which two windows of consecutive
frames were separated by less than 0.5 seconds and thus merged into one larger segment.
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Figure A.2: Identification of segments of unsteady swimming. Time series of the fish speed
at an example flow speed. To quantify the proportion of time spent in unsteady swimming,
we defined epochs of consecutive frames within which the fish the fish’s velocity was above the
arbitrary threshold of±0.8 BL·s-1 (solid horizontal lines). Theminimumunsteady epoch duration
length was set to 1/8 of a second. When two or more epochs were found to be separated by less
than 0.5s, they were combined into one. Each epoch was padded with 1/4s frames to account
for the beginning and the end of an unsteady event. The proportion of time the fish spent in
unsteady swimming was then calculated as the number of frames found with the filter divided
by the total number of recorded frames for that flow speed. Dark gray vertical bars denote
windows where the data is above the threshold. Light gray vertical bars show cases in which
two windows of consecutive frames were separated by less than 0.5 seconds and thus merged
into one larger segment. The figure also shows the variation of pectoral fins phase lag (color) at
stable and unstable swimming states. This is purely demonstrative, where low values of phase
lag correspond to symmetric use and higher values of phase lag correspond to alternate pectoral
fin flapping.
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Figure A.3: Ucrit values for all fish tested. Each horizontal bar shows the Ucrit for each fish
tested. The values are divided by parasite load group - including non-parasitized fish. The gray
dotted vertical line marks the medianUcrit of all fish tested. The blue vertical line marks the min-
imum Ucrit recorded. Gray: Non-parasitized fish; Salmon: Low-parasite load; Coral: Medium-
parasite load; Dark red: High-parasite load.
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Figure A.4: Effect of the shrinkage value on LDA. Comparison of how the value of the shrinkage
parameter can influence the LDA classification result. In our analysis, we used the ‘auto’ setting,
which computes the shrinkage using the Ledoit-Wolf lemma (Ledoit and Wolf, 2004).
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Figure A.5: Correlation between morphology and swimming performance. Correlation be-
tween SMI (a) and Fineness ratio (b) with Ucrit. (a) Non-parasitized fish show a weak correlation
between SMI and Ucrit (r=0.09), compared to parasitized fish, which show a strong positive cor-
relation (r=0.54). (b) Non-parasitized fish show a weak correlation between Fineness ratio and
Ucrit (r=0.16), compared to parasitized fish, which show a moderate negative correlation (r=-
0.31). NP: non-parasitized fish; P: parasitized fish. Line plots show the mean and 95% CI of the
mean.
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Figure A.6: Average FAS and MO2 among treatments. Values of FAS and MO2 as a function
of parasite load (x-axis). FAS is significantly different among treatments (one-way ANOVA,
p=0.006), with FAS values of non-parasitized fish significantly lower than low-parasite load in-
dividuals (post-hoc Tukey Honestly Significant Difference p=0.0014). Average MO2 (across flow
speeds) is also significantly different among treatments (one-way ANOVA, p=0.0388), in partic-
ular between low-parasite load and high-parasite load fish (post-hoc Tukey Honestly Significant
Difference p=0.0021, bonferroni corrected). Box plots give the median, interquartile range (box),
and values that sit outside of 1.5 times the interquartile range (whiskers).
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parasite load fish. Line plots show the mean and 95% CI of the mean.
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Figure A.9: Correlation between H:T Amplitude ratio and Ucrit (A) Correlation between
Head:Tail amplitude ratio and Ucrit separated for each resampled flow speed (each single re-
gression plot). (B) Pearson correlation values between H:T amplitude ratio and Ucrit at each
flow speed.
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Figure A.10: Distributions of kinematic measures as a function of performance group. All
kinematic features are shown as a function of real flow speed, after dividing the fish into four
swimming performance categories. The categories are defined by the 25th, 50th, 75th quantile of
all Ucrit values of the tested population, categories are then renamed as ’bad’, ’medium’, ’good’,
and ’best’ performers. For a list of the abbreviations in the titles, see Figure 1.4. Line plots show
the mean and 95% CI of the mean.
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Figure A.11: Distributions of morphology and physiology measures as a function of perfor-
manceMorphology (Fineness, SMI) and physiology (average MO2, FAS) are shown for each per-
formance category. The categories are defined by the 25th, 50th, 75th quantile of all Ucrit val-
ues of the tested population, categories are then renamed as ’bad’, ’medium’, ’good’, and ’best’
performers. Line plots show the mean and 95% CI of the mean. Box plots give the median, in-
terquartile range (box), and values that sit outside of 1.5 times the interquartile range (whiskers).
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Figure A.12: All the LDA components All the weights of the first three LDA components. Each
feature is included in the decomposition as a function of flow speed. On the y-axis, all features
are listed in increasing order (top to bottom) as a function of interpolated flow speed. The nam-
ing convention of the features listed is as follows: feature_speed, followed by the speed value
(between 0.0 and 1.0, see Section 1.2.8). Horizontal dotted lines separate the features.
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Figure A.13: Features of LD1 and LD2 in decreasing order by weight. Average weighting for
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112



0.2 0.0 0.2

H:T_speed0.0
H:T_speed0.17
H:T_speed0.33
H:T_speed0.5

H:T_speed0.67
H:T_speed0.83
H:T_speed1.0

St_speed0.0
St_speed0.17
St_speed0.33
St_speed0.5

St_speed0.67
St_speed0.83
St_speed1.0

Curvature tail_speed0.0
Curvature tail_speed0.17
Curvature tail_speed0.33
Curvature tail_speed0.5

Curvature tail_speed0.67
Curvature tail_speed0.83
Curvature tail_speed1.0

wvl MT2_speed0.0
wvl MT2_speed0.17
wvl MT2_speed0.33
wvl MT2_speed0.5

wvl MT2_speed0.67
wvl MT2_speed0.83
wvl MT2_speed1.0

Pfins steady_speed0.0
Pfins steady_speed0.17
Pfins steady_speed0.33
Pfins steady_speed0.5

Pfins steady_speed0.67
Pfins steady_speed0.83
Pfins steady_speed1.0

Pfins unsteady_speed0.0
Pfins unsteady_speed0.17
Pfins unsteady_speed0.33
Pfins unsteady_speed0.5

Pfins unsteady_speed0.67
Pfins unsteady_speed0.83
Pfins unsteady_speed1.0

Front-Back_speed0.0
Front-Back_speed0.17
Front-Back_speed0.33
Front-Back_speed0.5

Front-Back_speed0.67
Front-Back_speed0.83
Front-Back_speed1.0

Unsteady swimming_speed0.0
Unsteady swimming_speed0.17
Unsteady swimming_speed0.33
Unsteady swimming_speed0.5

Unsteady swimming_speed0.67
Unsteady swimming_speed0.83
Unsteady swimming_speed1.0

MO2_speed0.0
MO2_speed0.17
MO2_speed0.33
MO2_speed0.5

MO2_speed0.67
MO2_speed0.83
MO2_speed1.0

Fineness_speed0.0
Fineness_speed0.17
Fineness_speed0.33
Fineness_speed0.5

Fineness_speed0.67
Fineness_speed0.83
Fineness_speed1.0

SMI_speed0.0
SMI_speed0.17
SMI_speed0.33
SMI_speed0.5

SMI_speed0.67
SMI_speed0.83
SMI_speed1.0
FAS_speed0.0

FAS_speed0.17
FAS_speed0.33
FAS_speed0.5

FAS_speed0.67
FAS_speed0.83
FAS_speed1.0

Ucrit BL_speed0.0
Ucrit BL_speed0.17
Ucrit BL_speed0.33
Ucrit BL_speed0.5

Ucrit BL_speed0.67
Ucrit BL_speed0.83
Ucrit BL_speed1.0

19.5%

0.2 0.0 0.2

13.7%

0.2 0.0 0.2

11.9%

0.2 0.0 0.2

10.0%

Figure A.14: All the PCA components All the weights of the first four PCA components. Posi-
tive/negative weightings in the PCA components represent higher/lower values of a metric with
respect to trial average. Each feature is included in the decomposition as a function of flow speed
(for a list of all the features see Figure 1.4). On the y-axis, all features are listed in increasing order
(top to bottom) as a function of interpolated flow speed. The naming convention of the features
listed is as follows: feature_speed, followed by the speed value (between 0.0 and 1.0, see Section
1.2.8). Horizontal dotted lines separate the features.
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(a) H:T amplitude ratio for two example fish
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(b) Pectoral fin use for two example fish

Figure A.15: Illustrative example of kinematics differences between two parasitized fish. To
illustrate part of the variation we find among parasitized individuals in the tested population, we
show the comparison of two paritized fish on two kinematics metrics: Head:tail (H:T) amplitude
ratio (left) and Pectoral fin use at steady swimming (Pfins steady, right). The two compared fish
are marked with two different colors, salmon and dark red. The data from the rest of the popu-
lation (both non-parasitized and parasitized) is shown in gray. The largest H:T value measured
in our data belongs to the individual with the largest number of parasites (approximately 250
worms) (left, t36 dark red color). The same fish also shows an increase in pectoral fin use in
steady swimming at higher flow speeds (right, t36 dark red color). By contrast, we compared
this individual to another parasitized fish (parasite load of 70 worms) that showed very low H:T
compared to the other fish (right, t32 salmon color) at all flow speeds and constant decrease of
pectoral fin use at high flow speeds (right, t32 salmon color). This fish also reached one of the
highest Ucrit and counted about 15 worms less compared to the load at the beginning of the ex-
periment.
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B.1 Control experiments with sham-infection

B.1.1 Sham-infection procedure

The experimental procedure described in section 2.2.3 includes manipulation of the fish,

such as elastomer tagging, change of holding tank, anesthesia, semi-isolation. These

procedures have the potential to stress a fish and possibly affect the behavior recorded

during an experiment. In order to control for possible effects of the manipulation, we

collected experimental trial recordings where we substituted the parasite infection pro-

cedure with a of sham-infection - thus without adding a parasite to the fish’s skin. The

rest of the experimental procedure is maintained identical to that described in 2.2.3. We

recorded a total of 37 control trials, of which we fully processed 34 trials. A total of 3

trials were excluded from further processing due to death or poor body condition of the

Focal-fish. At the end of the Baseline condition of the control experiment, the Focal-fish

was anesthetized and underwent the so-called ‘sham-infection’, a procedure that mim-

icked the beginning of an infection, but without adding parasites to the fish’s skin (see

section 2.2.2). After the sham-infection, fish were kept in semi-isolation in the same

holding conditions as for the original experiment.

B.1.2 Sham-infection results

We analyzed the data in the same way as for the original experiment (that included real

parasite infection). In order to verify if themanipulation on the fish affected the behavior

of the Focal-fish in the Treatment condition, we looked at the effect of sham-infection on

twometrics: nearest-neighbor distance and the proportion of time fish spend in different

group sizes when shoaling.

First, we find that sham-infection did not induce a change in the nearest-neighbor

distance of the Focal-fish in the Treatment condition (Figure B.1). From this, we conclude

that the increase in nearest-neighbor distance of a parasitized fish (Figure 2.11a) is not

driven by side effects of the experimental manipulation procedure.

Next, we verified the effects of the infection manipulation on the normalized pro-

portion of time spent in each group size by the Focal-fish. More specifically we wanted

to verify that the increase in the isolation rates that we find on the Focal-fish in the

Treatment condition following parasitic infection (Figure 2.13), are not driven by the

experimental manipulation procedure. In this case, too, we find that the sham-infection

did not have any effect on the distribution of the normalized proportion of time the

Focal-fish spends in each group size (Figure B.2).

Overall, we conclude that the manipulation we used to experimentally infect fish, as
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Figure B.1: Control experiment: nearest-neighbor distance The left figure shows data from
the Baseline condition, compared to the Treatment condition shown on the right. Gray lines
show pooled data of Non-focal fish, red lines show Focal-fish data. In both the Baseline and the
Treatment condition we find no difference in the nearest-neighbor distance (cm) between the
Non-focal and the Focal fish. This confirms that sham-infection did not alter nearest-neighbor
distance of the Focal-fish after the manipulation procedure. Line plots show mean and 95% CI
around the mean.
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Figure B.2: Control experiment: Normalized proportion of time spent in different group sizes.
Comparison between the normalized proportion of time Non-focal fish (gray) and Focal-fish (red)
spend in the different group sizes at the Baseline (left) and at the Treatment (right) condition in
the control experiment. Data from Non-focal fish is pooled together and the confidence interval
of the mean is calculated across fish. In the Baseline condition, we see little to no change in the
proportion of time NF and FF spend in different group sizes. The effect on decreased isolation of
the Focal-fish is likely due to individual variation. In the Treatment condition, we find little to no
difference between the Non-focal and the Focal-fish. This confirms that sham-infection did not
alter the normalized proportion of time the Focal-fish spends in the different group sizes. Each
group size is normalized and calculated as (f−m)/mwhere f is an individual and m is the mean
of all the fish in the trial. Line plots show mean and 95% CI around the mean.

well as the general experimental procedure that includes holding and experiment video

recordings, did not induce any significant change in the behavior of the Focal-fish.
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Figure B.3: Discarded frames due to hardware problems. Histogram of the percentage of the
frames discarded due to hardware problems where the inter-frame interval was different from
the 1/frame rate. The identified ‘skipped’ frames were assigned invalid numbers and excluded
from further analysis.
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Figure B.4: Discarded frames due to tracking errors. Histogram of the percentage of the frames
discarded due to tracking errors identified with the filter on speed described in section 2.2.4 and
section 2.2.5. The dotted line shows the median of the distribution, that is 0.6%.
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(a) Individual variation of time spent in Center-periphery ranking: Baseline condition
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(b) Individual variation of time spent in Center-periphery ranking: Treatment condition
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(c) Individual variation of time spent in Front-back ranking: Baseline condition
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(d) Individual variation of time spent in Front-back ranking: Treatment condition

Figure B.5: Proportion of time spent in each ranking position. Each subplot (a-d) shows the
normalized proportion of time each individual (one dot) spends in each ranking (x-axis) across
group sizes from 3 to 8 (columns, left to right). (a,b) Normalized proportion of time each fish
in the Baseline and Treatment condition, respectively, spend in each Center-periphery ranking
across the different group sizes. (c,d) Normalized proportion of time each fish in the Baseline and
Treatment condition, respectively, spent in each Front-back ranking across the different group
sizes.
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Figure B.6: Correlation between isolation and peripheral position in the group. Comparison
between Baseline (left) and Treatment, for the Non-focal fish (gray) and the Focal-fish (red) of
the correlation between the proportion of time spent in the most peripheral ranking position of
a group size of 8 (x-axis), and the proportion of time spent in isolation (y-axis). Both NF and
FF, in both Baseline and Treatment, show a positive correlation between the time spent in the
periphery and the time spent in isolation. Non-FF: Non-Focal fish; FF: Focal-fish. All line plots
give the mean and 95% CI of the mean at each group size.
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Figure B.7: Correlation between isolation and frontal position in a group. Comparison be-
tween Baseline (left) and Treatment, for the Non-focal fish (gray) and the Focal-fish (red) of the
correlation between the proportion of time spent in the most frontal ranking position of a group
size of 8 (x-axis), and the proportion of time spent in isolation (y-axis). We find no correlation
between the time spent in the front of a group size of eight and the time spent in isolation. Non-
FF: Non-Focal fish; FF: Focal-fish. All line plots give the mean and 95% CI of the mean at each
group size.
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Figure B.8: Mean event duration. Comparison between Baseline (left) and Treatment (Right),
for the Non-focal fish (gray) and the Focal-fish (red) of the average event duration across group
sizes. Focal-fish in the Treatment condition show an average event duration of group size 1 that
is higher than that of Non-focal fish in the same condition. The other group sizes do not show
differences across conditions and fish. All line plots give the mean and 95% CI of the mean at
each group size.

4 2 0 2
FB distance

4

3

2

1

0

1

2

3

R
el

at
iv

e 
sp

ee
d

Baseline

Non-FF
FF

4 2 0 2
FB distance

Treatment

Figure B.9: Speed relative to trial mean and relationship with front-back distance. Correlation
between front-back distance (x-axis) and relative speed (y-axis), for both the baseline condition
(left) and the treatment condition (right). Front-back distance is positively correlated with the
relative speed in all conditions and for both the non-focal fish (gray) and the focal-fish (red).
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Figure B.10: Transition probability from a group size of 8. Transition probability of the focal-
fish from the group size of 8 to any other group size (x-axis), in the baseline (gray) and the
treatment (red) condition. Lines show the mean transition probability for the focal-fish in each
group size comparing the two experimental conditions. The dots show data for each focal fish
in the baseline (gray) and in the treatment (red) condition.
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(a) Example transition from group size of 5 to
groups of 4 and 1
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(b) Transition probability 8 to 1
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Figure B.11: Fission-fusion transition probability for the Non-focal fish. (a) Example of fission
from a group size of 5 to two smaller groups of 1 and 4 individuals. (b) Transition probability of
the Non-focal fish from any group size (x-axis) to the group size of 1, in the baseline (gray) and the
treatment (red) condition. Lines show the mean transition probability for the Focal-fish from any
group size (2-8, x-axis) to the group size of 1. The dots show data for each Non-focal-fish in the
Baseline (gray) and in the Treatment (red) condition. (c) Fission-fusion associated probability for
the Non-focal fish of transitioning between any starting group size (y-axis), to any other group
size (the next group to join, x-axis). The first column of each matrix refers to the probability of
the Non-focal fish at the Baseline (left) and at the Treatment (right) to transition from any group
size (2-8) to the group size of 1, as shown in 2.15b. Color denotes the transition probability, from
low (light) to high probability (dark).
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Figure B.12: Correlation of Parasite load with PC1 and PC2. Parasite load positively correlates
with both PC1 and PC2 (r=0.47, p<0.001 both)
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Figure B.13: Projections onto the first 3 PCAmodes, values for the Focal-fish, with confidence
intervals.) (a) Projections onto Principal components 1 and 2 for the Focal-fish in the Baseline
(gray) and the Treatment (red) condition. (b) Projections onto Principal components 1 and 3
for the Focal-fish in the Baseline (gray) and the Treatment (red) condition. BSL: Baseline; TRT:
Treatment. The ellipses show the 95% confidence interval around each principal component.
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C.1 Correlation of time-shifted signals

In this section, we show the correct interpretation of the time lag Γw
ij , calculated on the

time of maximum correlation Mw
ij for any pair of individuals i, j. Figure C.1a shows an

example si(w, t) and sj(w, t), where in this case sj(w, t) is a copy of si(w, t) shifted in

time by 60 seconds. We calculated the correlation value Cij(w, τ ) with the equation in

3.1. The value ofΓw
ij , that is the τij value at themaximum correlationMw

ij , corresponds to

the time shift, that is 60 seconds. Based on this convention, positiveΓw
ij indicates that fish

i is a ‘leader’ that initiates speed changes, whereas negative Γw
ij indicates that individual

j is a ‘follower’, copying the speed changes with a time delay of τ of 60 seconds.
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(a) Example of time-shifted speed traces
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Figure C.1: Method for calculating correlation of speed traces. (a) Example si and sj calculated
with a moving average of 150s, where sj is a copy of si shifted in time by 60 seconds (b) Cor-
relation values Cij between the traces si and sj shown in (a) over a τ range of ± 1600 seconds.
The value of Γij , that is the τij value at the maximum correlation Mij , corresponds to the time
shift, that is 60 seconds. Positive Γij indicates that fish i is a ‘leader’ that initiates speed changes,
whereas negative Γij indicates that individual j is a ‘follower’, copying the speed changes with
a time delay of τ of 60 seconds.
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Figure C.2: Maximum correlation across 100 random pairs for eachwindow size. To ensure the
selection of pairs with correlation values that hold meaningful information about speed changes,
we selected pairs with a Mw

ij > Mw
tr , depending on the window size. Each histogram shows the

maximum correlationCij(w, τ) distribution for eachwindow sizew. The value ofMw
tr for chosen

as the 95th percentile of each distribution.
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Figure C.3: Correlation with others as a function of parasite load (a) Correlation between par-
asite load and non-time-lagged pairwise correlation with the shoal members. Correlation values
are generally smaller at the short timescale than they are at the long timescale (b). Overall,
we find a general decrease in the correlation values with increasing parasite loads, both at the
short (a) and the long (b) timescales. However, at the long timescale, we note that some of the
high-parasite load individuals show a higher correlation to shoal members than it is found in
the short timescale (a). Non-parasitized fish are marked with the symbol ‘x’, to distinguish from
parasitized fish marked with the symbol ‘o’.
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