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introduce an original approach based on an outdoor game. In this game, biologged
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movements were driven by risk and reward trade-offs, (b) predators took advan-
tage of linear features to travel at higher speed, making these areas risky for prey,
(c) prey had nonlinear and risk-sensitive functional responses and (d) consumer-
resource interactions were spatially modular and defined by players' movement
rates and landscape features. Moreover, the comprehensive dataset generated
through the game allowed for the exploration of phenomena that are challenging
to study in natural settings, such as spatial memory and the influence of satiety

on resource acquisition rates.

. The approach offers a simple, computationally accessible and genuinely amusing

way to explore the complex ramifications of predator-prey interactions and test
otherwise data-deficient hypotheses. The strength and originality of the method
lies in the use of living agents—players—making decisions in a real-world setting.
This aspect alleviates the computational and empirical burden of defining and
estimating decision-related parameters needed to build simulators, while gener-
ating extensive datasets in a flexible experimental framework that is generally
out of reach for empirical studies. It also offers immersive insights into preda-
tor-prey interactions, making it an engaging pedagogical tool that encourages
creative thinking. The numerous possible scenarios that can be explored are only

constrained by the investigator's creativity in adapting game rules and the play-

ers' desire to win.

KEYWORDS

trophic interactions

1 | INTRODUCTION

Consumptive interactions among organisms, as well as their associated
risk, can shape individual phenotypes (Grant & Bayly, 1981; Lima &
Dill, 1990), population dynamics (Gilg et al., 2003), community assem-
bly (Forsman et al., 2001) and ecosystem functioning (Schmitz, 2008;
Suraci et al., 2022). Despite the widespread recognition of their im-
portance, large gaps remain between trophic interactions theory and
what can be studied in natural settings. For instance, the functional
response of consumers (i.e. consumer acquisition rate as a function
of resource density; Holling, 1965) is a central component of trophic
dynamics, but the challenge of empirically measuring functional re-
sponses currently hampers our ability to properly model predator-
prey interactions (DeLong, 2021). Similarly, the foraging behaviours
of both vagile consumers and resources interact to shape when and
where trophic interactions occur. Unfortunately, obtaining simulta-
neous behavioural information on a significant number of interacting
individuals is rarely feasible. Moreover, interindividual interactions
occur at spatial and temporal scales often finer than what biologging
devices can capture. While this complexity brings a stimulating side
to ecological research, it also limits our ability to explore and confront
ecological theory with empirical observations.

To face these challenges, researchers routinely use an array
of methods, from mathematical models to field studies. At one

foraging, game, movement, predation risk, predator-prey, real-life simulations, spatial network,

end of the spectrum, mathematical models of ecological systems
allow us to derive testable predictions and gain a global under-
standing of natural systems (Caswell, 1988; Grainger et al., 2022).
They remain tractable by assuming simplified environments and
individual behaviours, features that may largely impact their va-
lidity (McNamara et al., 2014). At the other end of the spectrum,
field studies embrace the complexity of ecological systems and
are used to test hypotheses and theories. However, their explan-
atory power is limited as the identification of causal mechanisms
is often obscured by numerous confounding variables. Between
these two types of methods, intermediate approaches with vary-
ing degrees of control and applicability exist. Mesocosm experi-
ments, for example, can be tightly monitored and replicated, but
can only accommodate relatively simple communities on a limited
spatial scale that can tolerate confinement (Buckling et al., 2009;
Srivastava et al., 2004). Manipulative experiments conducted in
the field offer a higher level of realism and can provide robust in-
ferences, but they are logistically challenging and hard to replicate
at broad spatial and temporal scales (Fauteux et al., 2016; Krebs
et al., 2018).

In some cases, games are harnessed as practical study systems
in ecological research to investigate foraging behaviour (Fraser
Franco et al., 2022; Holling, 1959) and determinants of survival
(Céré et al., 2021; Lymbery et al., 2023). Indeed, board games and
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virtual environments provide controlled settings in which emerg-
ing trophic interactions and their outcomes can be studied, inte-
grating core principles from evolutionary, behavioural, functional
and community ecology. A step closer to empirical field studies,
real-life games can better capture the complexity of ecological
systems by leveraging humans' cognitive and perceptual traits,
which evolved to navigate the intricate, heterogeneous world an-
imals inhabit. Freeing the investigators from many assumptions of
theoretical models, these games benefit from the various possi-
bilities of natural landscapes and can be defined using a simple
set of rules. They represent a promising avenue to tackle the gaps
in our understanding of predator-prey interactions while leaving
plenty of room for insightful and unexpected discoveries (Doak
et al., 2008).

Here, we introduce the Trophic Interactions Experiment (TrophlE)
game, a real-life simulation where biologged players impersonate
predators and prey interacting in a natural setting. TrophlE is based
on the idea that humans, like other animals, can take foraging- and
risk-related decisions to acquire resources and avoid predation.
Hence, given a simple set of in-game rules governing consumer-re-
source interactions, players should optimize their decisions to max-
imize their in-game rewards. Harnessing the organismal nature of
human players, this living ‘agent-based model’ removes the need for
estimating numerous parameters otherwise necessary to generate
realistic individual behaviour. In TrophlE, prey players must acquire
resource points to reach reproductive status and avoid starvation
while escaping predators in a landscape augmented with resource
patches and refuges. Predator players must capture as many prey as
possible during the allotted game time.

By altering game rules or changing the distribution of resources
and refuges, investigators can generate countless scenarios to study
consumer-resource interactions. The resulting high-resolution data
can be used to explore hypotheses, gain insights on trophic interac-
tions at the individual and population levels and foster the develop-
ment of new methodologies. As an example, with only nine half-hour
games, TrophlE generated 87.5h of tracking data, 1976 prey-re-
source and 130 predator-prey interactions describing the behaviour
of 255 player-games. The method can also serve as a powerful re-
source for teaching predator-prey interactions through active, expe-
riential and collaborative learning.

We tested the validity of our approach through a set of proof-of-
concept case studies, investigating the movement, habitat selection,
functional response and spatial organization of consumer-resource
interactions. Broadly, we hypothesized that, as observed in non-
human organisms, players' movement speed would vary accord-
ing to the landscape (Dickie et al., 2020; McKenzie et al., 2012),
that they would select gain prospects and avoid risks (Stephens
et al., 2007), that their gain rates would saturate at high resource
density due to handling and searching time (Holling, 1965; Stephens
et al., 2007) and that their interactions would be spatially structured
(Pasquaretta et al., 2019). Hence, we (1) describe TrophlE and show
how it can reproduce ecological dynamics, (2) share an open-source

dataset generated by playing TrophlE and (3) discuss the benefits

and limitations of the game for the study of trophic interactions.

2 | MATERIALS AND METHODS
2.1 | Simulation arena

Games occurred at the Parc Eco-Laurentides (46.0459°, 74.4757°)
near Val-Morin, Québec, Canada. The eastern side of the area was
bordered by a lake and a river, but there were otherwise no hard
frontiers to the playable area. However, resource patches and ref-
uges were distributed over 0.18km? and were never further than
85m from a trail, keeping most players within this area. The park
consisted mostly of easily walkable mixed forest speckled with boul-
ders, depressions and small hills and was crossed by a single large
(width: 5m) trail and a network of smaller ones (width: 1.5m).

2.2 | Playerroles

Players could choose between three roles each identified by a distinct
colour jersey: prey, meso-predator or apex predator. Prey players' goal
was to acquire resources, reproduce and avoid being killed by preda-
tors. They had to collect a predefined number of resources to survive
(starvation threshold) and a larger number of resources to reproduce
(reproduction threshold). They were never allowed to run, but they had
access to refuges as shelters against apex predators. Meso-predators
had to catch as many prey as possible while avoiding being killed by
apex predators. Like prey, they were not allowed to run and could use
refuges to find safety from apex predators. They could kill prey any-
where, including in refuges. Apex predators had to catch as many prey
or meso-predators as they could during the designated game time.
They could run, but they did not have access to refuges.

At the beginning of every game, organizers decided the number
of apex predators and meso-predators in play. This number changed
between games to create variations in predation risk. Players were
then free to choose their role (prey, meso-predator or apex predator)

until the desired amount of each role was filled.

2.3 | Resource patch and refuge locations

Resource patches and refuges (hereafter collectively designated as
in-game features) consisted respectively of brightly coloured enve-
lopes and forestry flags attached to one-meter-high metal poles.
They were deployed by game organizers who walked the arena and
chose their location as randomly as possible within the constraints
imposed by site accessibility. Every game feature was given a unique
ID and was georeferenced. In total, 73 resource patches and 39
refuge posts were deployed. They remained in the same locations

across all games.
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2.4 | Resource patch design

Resource acquisition was designed as a random draw. To obtain re-
sources, prey players had to pull a card from the envelope attached
to aresource patch (Figure 1b). The card consisted of a single column
of 46 cells that each specified a random item (i.e. resource type A
worth 5 points, type B worth 1 point, or X worth no points). Thus, a
consumption attempt consisted of uncovering the next hidden cell
by partially pulling the resource card out of the envelope in the hope
that the cell would reveal a resource A or B instead of an X. Before
each draw, prey players had to wait a short period of time reflect-
ing within-patch search time. When their draw was successful, prey
players had an additional predefined handling time for consumption
and recorded the acquired resource on a mobile app (EarthRanger,
see Data Logging and Box 2). Specific handling times used in our
simulations are provided in Game parameters and Box 1.

Resource cards followed predefined probability distributions and
were initially conceived to emulate diminishing returns (i.e. the gain
rate declined as a function of exploitation). However, due to a coding
error discovered only after data collection, resource cards provided
gain rates that remained stable over time. Incorporating diminishing re-

turns could be useful to explore questions related to optimal foraging.

2.5 | Game parameters

The number of players, competition intensity, prey resource acquisi-
tion thresholds and reproduction thresholds varied between games.
In total, nine games were played, with a varying number of players
ranging from 23 to 31, with 2-3 apex predators, 1-2 meso-predators
and 18-26 prey players.

Competition among prey was introduced by modulating how the
use of a patch by a player affected subsequent resource availability
through three different scenarios: weak, mid and strong competition
(Box 1). In the weak competition scenario, players arriving at a new
resource patch were asked to start foraging from the top of the re-
source envelope, thus effectively resetting the envelope and avoid-
ing any previous depletion of resources by other players. They could,
however, not return to the same patch twice. In the mid-competition
scenario, the envelopes were left as is after a visit, thus reducing the
total amount of resources available for future players foraging at that
resource patch. Finally, in the strong competition scenario, players
were not allowed to forage from an already used resource patch at all.

Starvation and reproduction thresholds were set for prey at the
beginning of each game. Prey had to collect a minimum of points
to be considered ‘alive’ by the end of the game (between 30 and
40 in our simulations), and a larger amount to reach reproductive
status (50 to 60 in our simulations). Once two players reached the
reproduction threshold, they could find each other and record a re-
production event. Predators of both types had to catch at least one
player to avoid starvation.

Handling times were fixed across games. Prey had to wait 10s for
each resource consumption attempt (uncovering a resource cell), 10s
for each consumption (when the uncovered cell contained A or B) and
30s when reproducing with another player. Predators capturing an-
other player had to wait 30s at the kill site before hunting again.

2.6 | Datalogging

Each player carried a smartphone with two applications: GAIA
GPS (TrailBehind Inc., 2023) and EarthRanger (Allen Institute for

@ Sentiunellq Nord, Université-Laval

FIGURE 1 Study population. Panel (a) shows a rare feat in animal studies where most of the population was captured in a single frame,
demonstrating the ease of working with docile members of the Homo sapiens sapiens species. However, no population bends perfectly to the
expectations of experimenters and some members of the ssp. principal investigators (Inset c) will willfully adopt extreme behaviours. Panel (b)
shows an anonymous prey foraging for resources. Note that here, prey players are wearing yellow jerseys, while apex predator and meso-

predator players are respectively in red and blue.
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BOX 1 TrophlE game rules and simulation parameters
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Prey player spends 10 seconds to
uncover a resource cell and an
additional 10 seconds if successful.

Acquisition of prey =) i
Predators spend 30 seconds with the
player they caught.

Refuge use &

Be in physical contact with the refuge
pole. Protects from apex. Simultaneous
use by players is allowed.

Reproduction (Prey only) &

Collect enough resources, find another
well fed prey and stick together for 30
seconds.

Competition mode (Prey only) &

Aims to mimic increasing level of exploitative

competition. Simultaneous patch use is not allowed.

» Weak: Patches can only be visited
once by each player but can be used
as new by others.

e Mid: Patches resource cards are left
to the level they were consumed.

» Strong: Patches can only be visited
by one player and become
unavailable afterwards.

BOX 1. Top left Trophic network of
TrophlE, along with the abilities of each
player type. Players have no access to
the faded abilities. Top right Rule
summary of TrophlE.

Bottom left Result of a TrophlE game.
Tracks of an apex and a meso player are
highlighted, along with all the prey
players they caught. Other players’
tracks are faded. White lines are trails,
the main trail being the largest and the
secondary trails being dotted.
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BOX 2 TrophlE game progression and setup material

Time

%
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Patch ID (ID of the post)
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Resource type
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Perceived safety
Risky
IMAGES
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Prey
dispersal

Search for
resources

Mating

1T

GAME ENDS

/
LIST OF MATERIAL

*  Whistles to mark the
beginning and end of
games.

* Colorful jerseys to
easily distinguish
player type.

* Survey and GPS apps
to ease data collection.

» Stakes to identify
resource patches and
refuge.

* Reusable resource
envelopes to avoid
replenishing resource

GAME STARTS

patches (see Methods). /

-

..

Search for preys

Resource or prey consumption

Death

BOX 2. Top Game unfolding
and biologging. Biologging
devices are in use when
arrows are solid or
intersected by circles.
Surveys for the three
different events
(Consumption, Mating and
Death) were filled

in EarthRanger (Allen
Institute for Artificial
Intelligence (Al2), 2023).
Bottom Left Example of filled
survey for consumption and
death. Bottom Right List of
material to play TrophlE.
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Al, 2023; Wall et al., 2024). GAIA GPS was our primary way of
tracking player movements, with an average logging frequency
of 65 (95% CI [2, 27]). Every player started the application at the
beginning of each playing day and then sent their data to the
organizers. During games 6-9, players were also equipped with
the AxyTrek biologging device from TechnoSmArt, Italy. These

devices provided accelerometry data (not used in the paper)
and fully substituted GPS tracks in 14% of player-games (i.e. a
game record for a given player) where mobile app tracking was
unavailable due to user error or outdated devices that did not
meet app specifications. Both methods allowed the collection of
tracking data for 94% of player-games.
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We used EarthRanger to register events of resource consump-
tion, death and reproduction (Box 2, bottom). For each of those
events, a quick survey had to be completed, and both the location
and time of the events were automatically registered. For example,
after successfully acquiring a resource, a prey player opened the
app, selected the ‘Resource’ survey, and registered the patch re-
source ID and the resource type (A or B). A ‘perceived safety’ field
was added in Games 6 through 9 so that prey could rate how safe
they felt when acquiring a resource using a Likert scale from O (very

risky) to 5 (very safe).

2.7 | Game start and duration

Games were set to last 30 min. Timekeepers were equipped with a
chronometer (or watch) and a whistle. They used whistles to indi-
cate the beginning and end of each game. Prey were given 2min to
disperse before predators started playing the game, at the whistle
blow.

2.8 | Analyses

We investigated the movement, habitat selection, functional re-
sponse and spatial organization of players throughout the games to
assess whether TrophlE could reliably reproduce ecological dynamics
expected in natural systems. Specifically, we assessed (1) how trade-
offs between foraging, safety and search efficiency shaped players'
habitat selection; (2) how terrain type and landscape features influ-
enced player speed and predator kill location; (3) the shape of prey
functional response and the influence of intrinsic and environmental
variables on prey gain rates; (4) whether prey-resource interactions
were spatially modular and influenced by landscape features. These
diverse aspects of predator-prey interactions were investigated
through (1) step-selection functions based on landscape features
(refuge and resource density, distance to trails) and proximity to the
nearest predator or prey, (2) linear mixed models linking player speed
to terrain type (main or secondary trails, forest), along with habitat
selection analysis comparing kill site locations to prey terrain use, (3)
generalized linear mixed models relating prey player's gain rate to
predator proximity, competition mode, number of already acquired
resources, and trail proximity and (4) network analysis on a bipartite
network built with prey and resource patches as nodes and feeding
events as edges. The details of all analyses can respectively be found

in Appendices A-D.

29 | Permits

The methods were approved by the ethics committee for re-
search with humans of Université Laval (CERUL, Comité d'éthique
de la recherche avec des étres humains de I|'Université Laval, #
2025-316/24-07-2025).

3 | RESULTS

TrophlE players were found to properly mimic the movement
of complex biological agents and displayed trade-offs between
resource abundance, safety and search efficiency. Indeed, players
selected places with a high abundance of either prey or resource
patches, avoided risky places and preferentially used linear features
that facilitated movements (Figure 2; Appendix A). For instance, all
players selected secondary trails, which allowed efficient exploration
of the playground, but prey players—exposed to predation risk—
showed the lowest selection towards secondary trails and avoided
the main trail that was heavily patrolled by predators (Figure 2).
Interestingly, TrophlE's extensive dataset allowed for the exploration
of site familiarity, defined by the positive selection of known places,

a mechanism that is often difficult to study in natural systems and
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FIGURE 2 Habitat selection of prey (blue), meso-predator
(yellow), and apex predator (red) players assessed through an
integrated step-selection function. The figure shows selection
strengths predicted from an integrated step-selection model
relative to the reference level, set to the average value for all
covariates. Resource density was measured through quartic kernel
density estimation on resource patch locations. The distance to the
closest prey is the minimal distance between the player and a prey
within the last minute before the considered step. Dots and lines
are predicted values presented with their 95% confidence interval.
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which here proved to be a strong determinant of player movement.
Indeed, both predator types and prey strongly selected familiar
sites, preferentially using areas visited in previous games rather than
unexplored locations regardless of their previous roles.

The behavioural consequences of player movement decisions
were also reflected in the speed at which players moved and where
prey players died (Appendix B). Indeed, predator speed and kill rates
varied with landscape features as could be expected in natural sys-
tems. For example, apex predators, which strongly selected the
main trail, moved twice as fast on this linear feature compared to
the forest, leading to higher search efficiency and encounter rates
(Figure 3; Appendix B). This made main trails the riskiest terrain for
prey players (Figure 3; Appendix B).

Prey foraging rates followed a realistic functional response and
were shaped by predator proximity, satiety level (the ratio between
the current number of resources acquired and the reproduction
threshold) and intraspecific competition (Appendix C). Prey players
had lower foraging rates when either type of predator was nearby
(Figure 4) and when intraspecific competition was high (Appendix C).
The satiety level, which is particularly challenging to measure in the

wild, also emerged as a driver of foraging decisions. Indeed, prey

reduced foraging rates as they got closer to the resource threshold
needed for reproduction (Appendix C).

The detailed dataset and large number of prey players provided
an opportunity to scale up from individual behaviours to the spa-
tial structure of consumer-resource interactions, something rarely
feasible in natural systems. Indeed, prey-resource interactions were
spatially modular, structured by prey players' limited movement
rates and by their avoidance of the main trail (Figure 5; Appendix D).
The high modularity of prey-resource interactions (Q=0.791) could
be expected given prey's low speed and need to avoid detection by
predators. In addition, the main trail, which was risky and avoided by
prey, partially structured prey-resource interactions and increased
the modularity of the empirical network. Indeed, the probability
that two resources separated by the main trail belonged to the same
module was lower than expected based on distance alone.

The empirical results derived from TrophlE case studies sup-
port our main hypothesis that predator-prey dynamics expected in
natural systems can emerge from the behaviour of human players
following a simple set of rules, at least with respect to habitat se-
lection, movement, resource consumption and spatial organization.

This statement represents the main result of our investigation.

Forest 1
—@—
2 Speed of Risk from
E Seconda_riy_ Meso
‘© trails Meso o ® :
5] -¢- Apex
= Apex
Main trails Cb
A L @ {
FA X X
0 3 6 9 12 0.0 0.4 0.8 1.2

Speed (km/h)

Relative risk for prey

FIGURE 3 Left. Average speed of each player type in different terrains. Points and 95% Cl are estimates of a random slopes model
controlling for player ID. Right. Relative risk of each terrain type for prey. Coloured distributions are the raw data. The degree of risk was
estimated by dividing the proportion of kills happening in a terrain type by the proportion of time spent by prey in this same terrain. Hence,
a terrain where kills happen more often than expected based on the proportional use of this terrain by prey is considered risky (positive

values).
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FIGURE 4 Functional responses of prey players when no
predator is in the vicinity (grey), in the presence of a close meso-
predator (yellow), or in the presence of a close apex predator (red).
Gain rates were calculated as the number of resources acquired
over 5-min intervals. Resource patch density and distance to the
closest predators were estimated every 15 secs and averaged over
the same 5-min interval. Predictions for each predator type were
made by considering a short distance between the prey and the
focal predator type (50m) and a large distance between the prey
and the other predator type (>200m). Points are raw gain rates,
averaged over 30 brackets, each one representing 1/30th of the

x axis. Point size is proportional to the number of observations
present in the bracket.

4 | DISCUSSION

We developed a game where players impersonate predators and
prey in a natural landscape augmented with resource patches and
refuges. We found that, given a minimal set of simple rules, the
habitat selection, movement strategy, foraging behaviour and large-
scale spatial organization of players replicated expected patterns
of consumer-resource interactions found in non-human organisms.
Using limited financial resources and few assumptions, the game
produced a rich dataset that would be hard to obtain in natural
systems, which can be used to test and explore complex hypotheses.
Real-life games such as TrophlE offer a promising approach that
could complement theoretical modelling and empirical studies to
investigate the detailed ramifications of predator-prey interactions.

TrophlE is a simulation tool designed to explore ecological the-
ories through artificial experiments similar to those performed with
mathematical models. In TrophlE, the ecological context is manipu-
lated by changing in-game rules. We manipulated predation risk by
changing the number of predators in play and increased intraspecific
competition by restricting access to resource patches after a single
use. Researchers can thus compare the outcomes of different sce-
narios to explore ecological hypotheses. The approach offers great
flexibility as new rules can be created quickly without the need to
develop complex systems of equations or simulation software. In
our simulations, we imposed a speed difference between players,

but other traits such as hearing, camouflage, anti-predator defence,
diet and handling time can quickly be adjusted. Cryptic behavioural
states such as site familiarity, satiety or perceived risk can also be
easily monitored, providing opportunities to explore otherwise
challenging mechanisms and hypotheses. While computer-based
simulations may be better suited for long-term or large-scale pro-
cesses requiring many iterations (e.g. evolutionary dynamics, species
range limits), TrophlE offers a simple and complementary approach
for exploring a broad range of research questions, including optimal
behaviour, habitat selection and trophic interactions. We provide a
non-exhaustive list of ideas for rule modifications in Table 1 and a
guide for readers to implement their own simulations in Appendix E.

TrophlE distinguishes itself from other modelling approaches by
relying on living agents—players—making decisions in a real-world
setting. This aspect alleviates the computational and empirical bur-
den of defining and estimating decision-related parameters needed
to build simulators. It also provides a level of ecological realism that,
for systems that can be roughly mimicked by players, cannot cur-
rently be matched by computer simulations. For instance, a prey
player in TrophlE may hear a predator at a distance, move to cover,
increase vigilance, detect the predator visually, assess risk, and de-
cide whether it is safer to stay immobile or move to the nearest ref-
uge. In natural systems, prey species can adopt similar behaviour, but
calibrating such complex decision sequences in a computer simula-
tion would be highly challenging.

The interesting level of ecological realism achievable through
TrophlE can make simulations less tractable than simpler, more
deterministic approaches and comes at a cost of few replicates.
Environmental sources of variation such as landscape features or
weather conditions, individual player heterogeneity and stochastic
processes will impact the outcome of these experiments. This can
complicate result interpretation, especially given that conducting a
large number of simulationsis often not logistically feasible. However,
this complexity also provides interesting opportunities for hypothe-
sis testing (e.g. whether the proportion of different personality traits
among prey influence predation rates at the population level, or if
adverse weather alters interaction frequencies). Indeed, variations
among individuals, often exacerbated by the environment, are ubig-
uitous in natural systems, but challenging to incorporate in statistical
models and theoretical approaches (Bolnick et al., 2011; Gimenez
et al., 2018; Ning & You, 2019; Shoemaker et al., 2020; Vindenes &
Langangen, 2015). It requires identifying and accurately modelling
multiple sources of variability that often have scale-dependent ef-
fects on population and community dynamics (Gimenez et al., 2018;
Ning & You, 2019). Many sources of such environmental and indi-
vidual variations are implicitly included in TrophlE simulations. The
approach could thus be used to assess whether ecological theory
holds under individual and environmental stochasticity.

The use of human players is what makes TrophlE interesting but
could backfire if human behaviour is too unique to be informative
about biological fundamentals. However, as reviewed in Brosnan
and Postma (2017), humans as model organisms have been infor-
mative in many fields and it has been argued that they can, in most
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FIGURE 5 Left: Bipartite representation of the prey (squares) and resources (circles) interaction network of the TrophlE games
aggregated by modules (colours). Symbol size is proportional to the number of nodes in each module and edge width is proportional to
cumulative edge weight (total number of prey-resource interactions between groups of nodes). Center: Spatial distribution of resource
patches (circles) and their assigned modules (colours) within the TrophlE arena (white background). Trails found within the arena are
illustrated as grey lines. Thick lines represent the main trails while thin lines are secondary trails. Density kernels were used to illustrate the
spatial association of each module. Right: Highlight of the indirect interactions between resources of Modules 1 and 3 (top) and Modules

4 and 8 (bottom). Lines between resources indicate that at least one indirect interaction was created by a sequential movement of a prey

player from one resource to the other.

cases, be considered as ‘just another mammal’ (Sterelny, 2017).
Humans evolved facing trade-offs that are very similar to those
that animals experience in the wild and, while the constraints we
face have changed, resource allocation and risk trade-offs remain.
As with studies on any taxa, species-specific traits must be kept
in mind when interpreting results. Studies on mammals are often
not directly transferable to fish, arthropods or micro-organisms,
but can still be highly informative. Humans are visual, mobile, be-
haviourally plastic and have high cognitive capacity. The specific
set of rules we presented might be more useful to study visual
predators with good memory than static filter-feeding consum-
ers. Yet, the scope of research questions addressed through such
games can be broadened by adding new rules or constraints to
emulate taxon-specific traits.

A main point of concern is that in-game motivations of humans
differ from those of animals: We play for fun, while animals fight for
survival and reproduction. This could lead to different behaviours
related to resource acquisition and safety trade-offs (e.g. excessive
risk-taking behaviours), at times fostering illogical choices (sensu
McNamara et al., 2014) or behaviours that deviate from optimal-
ity. Interestingly, suboptimal behaviours seem common in animals
(e.g. Aw et al., 2009; Shafir et al., 2002), and we know little about

how such behaviour can impact the validity of ecological theories.
Moreover, there is always interindividual variability in game rules
interpretation and level of compliance. For example, prey and meso-
predator players were instructed to walk at all times, but their self-
imposed speed limit varied from slow-paced to race walking. Large
deviations from game rules could bias the outcome of TrophlE sim-
ulations, yet reasonable variability leads to individual heterogeneity
and likely increases realism. The agency of human players working
with few constraints can also have interesting outcomes as it may
lead to emergent and biologically plausible strategies. An example of
this is the production of mating calls: As moving was risky, some prey
players who had reached the reproduction threshold started calling
from a refuge to signal their location to potential partners. This bi-
ologically plausible behaviour emerged without being suggested by
any specified rule.

Another underlying assumption is that participants' sole objec-
tive when playing is to reach the game goals (consume resources,
reproduce and survive). Playing with specific hypotheses in mind
could influence participants' behaviour in a scientifically undesirable
manner. Also, boredom or curiosity about the game properties could
lead to extreme behaviours that do not reflect natural variability.
These drawbacks can be reduced through blind experiments, where
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TABLE 1 Listof ideas for future TrophlE simulations.

Interest in

Information availability .

Detection distance .

Patch quality .

Patch aggregation .

Prey quality .

Resource hoarding .

Central place foraging .

Omnivory °

Modifications

Vary communication ability between
players

Impede players' senses (e.g. wear ear
plugs)

Players are omniscient (e.g. provide a
map of resource patches)

Add auditory cues to resource patches,
refuges or other players.
Impede players' senses.

Patch quality varies and can be
either known from a distance or from
sampling.

Vary the aggregation of resource
patches

Vary the quality, characteristics (ease
of movement, access to refuges,
handling time) and abundance of prey
players

Allow players to move resource
patches and to take others' resources
if undefended.

Players must return to a given location
every time they accumulate a given
number of points.

Introduce omnivore players, which
can consume prey and resources but
with an equal or lower benefit than

Possible outcomes

e Access to public information benefits prey
e Vocal prey players face higher predation risk
e Omniscience favours the ideal free distribution of players

e Increased detection distance of predators and resource
patches respectively makes movement more risk-sensitive
AND more selective of high patch density area.

e Residence time in each type of patch will vary according to
patch quality, local variance in patch quality, the ability to
know patch quality before sampling and travel cost between
patches (e.g. predation risk).

e Aggregation of resource patches should cascade to the
aggregation of predator-prey interactions and loss of
connectivity.

e Prey survival will depend on their selection by predators or
their proximity to selected prey.

e Hoarding should favour survival and score when facing high
predation risk.

e Hoarding should also reduce prey players movement and lead
to the active defence of territories.

e Predators' home range shrinks and the landscape of risk
becomes more heterogeneous.

e Score and survival of prey players becomes dependent on
their central place location.

e Diet of omnivore players will depend on prey and patch
abundance as well as predation risk.

predators and prey.

Collaboration e Encourage players to collaborate by

allowing resource sharing.

the tested hypothesis is unknown to participants, by accentuating
the importance of staying within the game's objectives, or simply by
playing with non-ecologists.

We developed TrophlE by integrating core predator-prey princi-
ples, which are grounded in ecological theory and present in many
systems (i.e. handling times, speed differences between predators
and prey, and the presence of refuges) in order to explore emergent
ecological properties. Our initial goal was to collect every interac-
tion of every player during each game—a goal achieved with a 94%
success rate, as some tracking devices failed to function properly.
Even if based on only nine games of roughly 30min, the ability of
this method to efficiently recreate plausible consumer-resource
dynamics could make it a benchmark dataset for advanced meth-
odological development. Such synthetic data can provide valuable
insights to identify gaps in our knowledge of biological systems
(Poisot et al., 2016). Although they cannot fully substitute the use
of data collected in natural systems, synthetic datasets can serve

as an efficient proxy when access to their real-world counterpart is

e The benefits of collaborating (sharing resources) will be
greater in adverse conditions (e.g. high predation risk).

hindered by technological, financial, data sharing or fieldwork logis-
tical challenges (Poisot et al., 2019; Roche et al., 2022).

While our simulations generated a comprehensive dataset that
can be used to explore biological hypotheses, the main innovation of
our study lies in the method itself. The approach is highly flexible, al-
lowing for the exploration of a wide range of hypotheses limited only
by players' traits, investigators' imagination and the logistical chal-
lenges posed by terrain availability and biologging devices. Playing
TrophlE can also in itself generate interesting externalities. Rarely in
our activities do we face situations similar to what a prey or a preda-
tor can experience, and these short immersions can make our under-
standing of predator-prey interactions more holistic. Indeed, having
felt—a diluted version of—predation risk while having to forage, it
becomes easier to understand the challenges prey can encounter,
and how they may overcome them. For example, it became clear to
most players that trails were a risky and defining feature of the area
in which we played, even though absolutely no rules had been im-

posed in this regard. As animal behaviour is influenced by a plethora
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of factors, immersing ourselves in games such as TrophlE can likely
foster the generation of relevant and original ideas.

The immersive understanding gained by playing TrophlE also
makes the game an interesting pedagogical tool to teach consumer-
resource interactions. Contemporary learning theories propose
that learning is most effective when it is active, experiential, situ-
ated, problem-based, and provides immediate feedback (e.g. Boyle
et al., 2011; Freeman et al., 2014), since these approaches activate
multiple cognitive processes (e.g. motivation, attention, memory,
problem-solving) and engage students emotionally and/or socially
(Dubinsky & Hamid, 2024). Indeed, games used in teaching have
been shown to increase students' engagement, knowledge acqui-
sition and conceptual learning (e.g. Connolly et al., 2012). TrophlE
simulations incorporate all these elements. In our experience with
undergraduate and graduate students, playing TrophlE frequently
sparked animated discussions about predator-prey interactions and
stimulated critical thinking among participants who contrasted their
own playing experience with ecological theories. It also strength-
ened group cohesion among students and promoted a collaborative

learning environment.

5 | CONCLUSION

In this paper, we introduced TrophlE, an innovative game where
human players act as predators and prey within an augmented natu-
ral environment. Our findings demonstrate that, despite the inher-
ent differences between humans and non-human organisms, the
players' behaviours mirrored natural predator-prey dynamics with
respect to habitat selection, movement strategies, foraging trade-
offs and spatial organization. These behaviours emerged from the
combination of simple game rules and the physical game setup, high-
lighting the potential of using real-life simulations to produce rich
datasets that can serve as valuable proxies in ecological research.
Additionally, the game's flexibility allows for adjustments to simulate
various functional traits, making it a versatile tool for exploring dif-
ferent ecological scenarios.

While acknowledging the constraints of human behaviour and
the artificial nature of the game environment, our study underscores
the potential benefits of using human players in ecological simula-
tions. The ability to collect detailed behavioural data, coupled with
the insights gained from immersive participation, positions TrophlE
as a promising approach to complement theoretical models and em-
pirical studies. It also provides a powerful teaching tool, bringing
ecological concepts to life through hands-on experiential learning.
Ultimately, our method offers a novel avenue for ecological research
and teaching, capable of generating valuable insights and fostering a
deeper understanding of predator-prey interactions.
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Appendix A - Movement analysis on TrophlE data

Supplementary information to “Impersonating predators and prey to study trophic

interactions through real-life simulations”

CONTEXT
Movement is a critical component of predator-prey interactions (Sih 1984; Sih 2005). It

shapes spatial overlap between predators and prey, affecting their encounter rates,
predation rates, and ultimately, population dynamics (Krivan 1997; Schmitz et al. 2017). In
natural systems, animals face trade-offs between foraging and safety (Lima and Dill 1990;
Brown 1999; Brown and Kotler 2004; Beltran et al. 2021; Ruprecht et al. 2021). They generally
select areas that facilitate the acquisition of resources and avoid time and places where
they are more likely to encounter predators (Heithaus and Dill 2002; Fortin et al. 2005; Valeix
et al. 2009) or be killed (Kauffman et al. 2007; Kohl et al. 2018). For instance, cursorial
predators tend to select linear features such as road or powerline clear-cuts that facilitate
their movement, reduce energy expenditure and increase encounter rate with prey (Fahrig
and Rytwinski 2009; Dickie et al. 2017; Dickie et al. 2020). On the other hand, most prey
species avoid roads which are perceived as risky areas because they are selected by
predators or associated to mortality induced by vehicle-collision (Gagnon et al. 2007; Fahrig
and Rytwinski 2009; Leblond et al. 2013; Poulin et al. 2023). Despite the general avoidance
of roads, prey may at time select linear features to reduce energetics costs of movement
when risk is reduced such as when traffic intensity is low (Poulin et al. 2023) or when
predators are less active (Fahrig and Rytwinski 2009; Smith et al. 2021). Patterns of space
use can be further influenced by site familiarity. Site familiarity reflect the accumulation of
knowledge by an individual about the unique features of a site it uses or inhabits (e.g.
location of food and refuges, topography, vegetation, identity of neighbors). It is
hypothesized that familiarity with a site promotes an individual's fitness because the
perceived personal value of that site (‘private value’, Piper 2011) increases, as do the costs

of moving elsewhere. Using movement data of players in TrophlE, we investigated habitat



selection of predators and prey in relation to resource, risk, energy and site familiarity. We
expected that: 1) prey would more frequently select areas of higher resource density and
avoid risky places such as roads, 2) predators would select for proximity to prey and for
features that facilitate their movement such as roads, 3) both predators and prey would
preferentially use previously visited locations in which information could have been

acquired.

METHOD

INTEGRATED STEP-SELECTION FUNCTION
We fitted an integrated Step-Selection Function (SSF; Fortin et al. 2005; Avgar et al. 2016) to

assess habitat selection of prey, meso predators and apex predators. SSFs are discrete
choice models that compare environmental attributes and movement characteristics of
observed steps (the linear segment between two consecutive relocations) with alternative
random steps taken from the same starting point. We fitted SSFs using generalised linear
mixed models with a Poisson distribution and a stratum specific intercept to allow the
inclusion of random slopes. This approach is likelihood-equivalent to SSF fitted with a

conditional logistic regression as shown in Muff et al. (2020).

We used GPS data from 33 players over 9 TrophlE games representing 182 player-games for
prey, 25 player-games for apex predators and 14 player-games for meso predators. Tracks
were resampled to obtain continuous sequences (bursts) of relocations every 30 seconds
with a 10 second tolerance. We generated 10 random steps for each observed step by
sampling random step-lengths from a gamma distribution and random turning angles from
a VonMises distribution fitted on the original tracks. Environmental covariates were
extracted at the end of each step.

COVARIATES

We calculated the availability of resources for prey and refuges through quartic kernel
density estimation on a grid of 10 m resolution and using a bandwidth of 30 m. This roughly
corresponds to the average distance at which players could detect refuges and resources in

the forest.



We quantified instantaneous prey availability for predators by calculating the distance to

the closest prey in the last minute before each predator location.

We used a shapefile of the road network within the arena to test the effects of linear features
on predator and prey movements. There were two types of trails in the arena. A large road
(>5 mwide) paved with gravel and cleared from vegetation was categorized as the main road,
while smallunpaved pathsinthe forest with vegetation cover were categorized as secondary
trails. We used a buffer of 5 meters around each linear feature to classify relocations as

either on a main road, on a secondary trail or in the forest.

To account for topography, we used a High-Resolution Digital Elevation Model (HRDEM)
from the CanElevation Series of Natural Resources Canada (Natural resources Canada

2024) from which we computed slopes on a 1 m resolution grid.

To explore the potential influence of site familiarity on player movements, we computed a
map of site familiarity for each player based on a 30 meters resolution grid. We defined site
familiarity as the total time spent by a player in a given cell in all previous games. Locations
from the current game were not included in the calculation to avoid spatial autocorrelation
issues. Therefore, site familiarity was always 0 for the first game and increased with the
number of games played.

ANALYSIS

SSFs were fitted separately for prey, meso predators and apex predators. All models
included landscape slope, whether the end location was on a main or secondary trail as well
as step-length, log step-length and cos turning angle to inform the movement kernel. In
addition, the prey model included resource density, refuge density, site familiarity and the
interaction between resource density and site familiarity. The meso predator model
included refuge density, distance to the closest prey, and site familiarity. The apex predator
model included distance to the closest prey and site familiarity. To account for individual-
and between-game variations in habitat selection, we added random slopes on each

covariate, one for player and one for game identity for the prey and apex predator models.



For meso predators, there was not enough data to fit the model with both random slopes,

so we included a single random slope corresponding to each player-game.

All analyses were conducted in Rversion 4.3.1 (R Core Team 2023). We used the R package
amt (Signer et al. 2019) to resample tracks, generate random steps and extract covariates,
terra (Hijmans 2024) to manipulate raster data and compute landscape slope, sf (Pebesma

2018) for spatial data and glmmTMB (Brooks et al. 2017) to fit the SSF with random effects.

RESULTS
The movement of prey were influenced by resource density, secondary trails, refuge density

and site familiarity (Figure 1). Prey selected areas of high resource density (estimate[95%Cl]
=1.3[1.17, 1.44], Figure 1) with a 17% increase in the odds of choosing a step for each unit
increase in resource density. They were also 20% more likely to take a step ending on a
secondary trail (1.2 [1.04, 1.38]) compared to steps ending in the forest, but they did not
select the main road (0.88[0.7, 1.1]) despite the ease of movement it provides. Prey tended
to select areas with a higher refuge density although effect size was small to moderate and

the confidence interval included neutral selection (1.1[0.91, 1.32]).
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Figure 1. Step-selection function model results. A) Covariates included in the ssf models for
prey, apex and meso-predators and their respective effect sizes (selection coefficients
correspond to exponentiated model coefficients). B) Relative selection strength
(exponentiated model coefficients) as a function of the covariates showing a statistically
significant effect on prey, apex, and meso-predators respectively. Colored continuous lines
and points represent model averages. Dashed lines and error bars depict 95% confidence
intervals.

The movement of Apex and Meso predators were similar and mainly influenced by distance
to prey, the main road, the secondary trails and site familiarity (Figure 1). They both
minimised distance to prey (apex 0.74[0.66, 0.83], meso 0.57[0.41,0.79]) with a steep
increase in the odds of choosing a step when it was within 30 meters of a prey. They also
selected the main road (apex 1.66[1.38, 2.0], meso 1.56[1.04, 2.36]) and secondary trails
(apex 1.57 [1.31, 1.88], meso: 1.52[1.06, 2.17], although selection of the main road was

lower and more variable for meso predators compared to apex. Similar to prey, meso



predator which were also exposed to predation risk by apex, tended to select areas with high
relative refuge density (1.1[0.91, 1.32]), but the estimate for this variable was small to

moderate, and the confidence interval included neutral selection.

Site familiarity strongly influenced prey, meso predator and apex predator movements
(Figure 2). All players preferred to move in areas that were visited in previous games
compared to unknown areas. Interestingly, there was a significant interaction between site
familiarity and resource density for prey, with much lower influence of site familiarity when
there were few resources in an area (Figure 2). Slope had no effect on the movement of

players (prey 0.99[0.95,1.02], meso 1.05[0.92,1.19], apex 1.02[0.86, 1.09].

194 Apex Meso Prey

=== High resource density

Low resource density

Relative selection strength

0 2 4 6 0 2 4 6 0 2 4 6
Site Familiarity

Figure 2. Influence of site familiarity on habitat selection by apex predator, meso predator
and prey. Colored lines represent predicted selection strengths along with their 95%
confidence intervals. Site familiarity was calculated as the total time spent by a playerin a
given cellin all previous games.

INTERPRETATION

TrophlE players exhibited movement behaviours comparable to the dynamics typically
observed in natural systems. Indeed, prey and both types of predators maximised foraging

opportunities by selecting patches of high resources density or proximity to prey.



Prey response to resource patch density was close to linear, while predators only selected
prey proximity when a step would bring them under 30 meters of their target. This suggests
that predators reacted to prey but were unable to predict their location over the study area.
The lack of spatialanchor and heterogeneity in resource patch distribution could have made
prey less predictable (Smith et al. 2019). Predators might have also been less likely to
attempt a chase at larger distances as prey would be more likely to escape and reach a

refuge.

Prey and both types of predators selected linear features that facilitate movements. The
apex and meso-predator intensively used the main road and secondary trails to search for
prey. Selection coefficients were higher for the main road which offered clear line-of-sight
and paved surfaces to efficiently roam across the arena. This strategy likely minimised
energy expenditure while maximising encounter rate with prey. Similarly, in natural systems,
wolves and bears generally select linear features (Dickie et al. 2017; Dickie et al. 2020),
presumablyincreasing prey acquisition (McKenzie et al. 2012). Interestingly, TrophlE players
that had the role of prey selected secondary trails but tended to avoid the main road despite
the ease of movement it confers. This suggests that they faced trade-offs between mobility
and safety that differed between the type of road. Indeed, the main road was likely more risky
than secondary trails as it was heavily used by predators and did not provide cover to prey.
In non-human organisms, trade-offs between foraging and safety are common (Lima and
Dill 1990). For instance, elk dynamically balance risks and rewards when choosing to cross

linear features (Poulin et al. 2023).

Players did not avoid slopes. This could potentially be due to the general lack of steep cliffs
or ledges that could act as impassable obstacles over the study area. In addition, while it
could be energetically efficient to avoid slopes, other trade-offs such as those between
foraging and safety could have been more important. This reinforce the idea that players in
TrophlE acted as non-human organisms for which topography might have less impact than
the risk of being killed or the need to forage. Indeed, humans walking in the arena without
rules would likely choose the path of least resistance and avoid slopes, but players to which

trade-offs were imposed did not seem to mind topography.



Landscape familiarity was an important driver of movement for all players. Familiarity can
be challenging to measure in natural systems because it requires detailed tracking
information over a prolonged period often including time prior to the capture of an animal.
Nevertheless, some studies have shown that site familiarity can be an important driver of
movement and fitness in both predators and prey (Piper 2011) especially when the cost of
acquiring new information is high. In our TrophlE simulations, prey and meso predators
risked being detected and killed every time they moved, and site familiarity likely helped
finding resource efficiently while minimizing movement and detection probability. In
keeping with this, the selection of known sites by prey players was higher when the quality
of the site (resource density) was high. This suggests that players could, at least in part,
remember the value of previously visited patches and that they used this knowledge to
forage efficiently. As for predators, they were more likely to move to areas visited in previous
games including those visited when they were playing as prey. Hunting in known areas could
increase prey acquisition through higher encounter rates and lethality. For instance, it is
likely easier to ambush or course prey for a predator that is familiar with the topography,

visual cover, refuge location, and obstacles of an area.

CONCLUDING STATEMENT

TrophlE simulations reproduced movement dynamics that could be expected in natural
systems. There were clear trade-offs between foraging, safety and movement efficiency.
Interestingly, the extensive dataset was amenable to investigate the effect of variables that
are often hard to measure in natural systems, such as site familiarity. Despite the inherent
differences between animal and humans, the decisions of TrophlE players provided a level

of realism that is often out of reach when using virtual simulation environments.
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Appendix B - Search behavior and predation-risk analysis on TrophlE data

Supplementary information to “Impersonating predators and prey to study trophic

interactions through real-life simulations”

CONTEXT
Species functionaltraits such as body size, predator hunting mode or prey escape behaviors

are fundamental drivers of predator-prey interactions (Schmitz 2008, 2017, Miller et al.
2014). While some traits are relatively fixed over the lifetime of an individual (e.g.
biomechanics, morphology), behavior is more flexible and can rapidly respond to the
environmental context or habitat structure (Schmitz, 2017). For instance, predators may
adopt ambush strategies in complex heterogeneous habitats providing ample cover to sit
and wait, while favoring cursorial hunting in open and homogeneous habitats to maximize

prey encounters (James and Heck 1994, Wasiolka et al. 2009, Donihue 2016).

A well-documented interaction between habitat features and predator hunting efficiency is
the use of linear features which create open corridors facilitating predator movements and
increasing their access to prey (Johnson-Bice et al. 2023). For instance, wolves travel faster
on linear features than in the forest, allowing them to cover larger daily distances
(Zimmermann et al. 2014, Dickie et al. 2017), which in turn can increase their prey encounter
and acquisition rates (McKenzie et al. 2012). Prey and mesopredators may also benefit from
using human-built features to move across the landscape (Frey and Conover 2006, DeMars
and Boutin 2018, Cowan et al. 2024). However, being themselves exposed to predation, they
tend to reduce their activity when they perceive an increase in the risk of encountering
predators (Preisser et al. 2007, Brook et al. 2012, Gordon et al. 2015, Gaynor et al. 2019,
Shores et al. 2019).

Using movement and kill site location data from TrophlE, we 1) compared the speed of apex
predators, mesopredators, and prey, among three distinct terrain types and 2) assessed the

predation risk associated with these terrain types. Terrain types that players encountered



were a single large gravel trail (main trail), smaller wooded pedestrian trail (secondary trails)
and the forest itself. Game rules allowed apex predators to run, but constrained meso-
predators and prey to walk. We expected that 1) player speed would increase on trails, more
so for the apex predators that have greater speed flexibility, and that 2) terrain types where

predator movement speed was greater would be riskier for prey.

METHODS
SEARCH SPEED

DATA COLLECTION, PROCESSING AND ANALYSIS
We processed GPS data from players of all three trophic positions (apex, meso and prey).

Data processing was done in Rversion 4.3.2 (R core Team, 2023) with libraries amt (version
0.2.1.0) and sf (version 1.0-14). Tracking data were filtered to exclude movements during
predator chase or prey handling by removing 30 seconds before and after each predation

events. This ensured that only search behaviour were included in the analysis.

We then split the tracks into steps of 30+10 seconds and assigned each step to one of the
three terrain types. Steps were assigned to the main or secondary trails category if they were
completely within a five-metre buffer of either side of the trail. If a step was fully outside any
of these buffers, it was considered in the forest. Steps that overlapped multiple terrain types
were excluded from the analysis. We computed the player’s speed in km/h by dividing step

length by step duration.

We ran linear mixed-effect models (lme4 version 1.1-35.1) separately for each trophic
position (apex, meso & prey) to compare average speeds among the three terrain types. We
included player ID as random intercepts to estimate among individual differences in speed.
We alsoincluded game ID as random intercepts for apex predators exclusively, as there was
no among-game variation for meso-predators nor prey. Speed was square-root transformed
to satisfy model assumptions. The marginal and conditional R? values for the variation in

player speed explained by terrain types were calculated using 1000 parametric bootstraps.



KILL SITE LOCATION

DATA COLLECTION, PROCESSING AND ANALYSIS
We recorded 122 kill sites throughout the games (n=96 for apex and n= 26 for meso) and

assigned a terrain type for each kill site based on whether it fell within 10m of a trail or not
(the forest).Here the buffer around main and secondary trails (10m) is larger than in the
search speed analysis as kills happening close to either type of trails were thought to result
from chasesthat occurred on trails. We then computed the proportions of kills that occurred

in each terrain type.

We assessed prey habitat use by randomly sampling 122 prey players locations (i.e. the
number of kill sites) and calculating the proportion of locations in each habitat type. This
random sampling was repeated 5000 times (with replacement) to generate 95% confidence

intervals through non-parametric bootstrap.

To quantify predation risk for each habitat type, we calculated the ratio of the proportion of
observed kill sites to the proportion of prey positions in that habitat. Relative risk ratios were
then log-transformed to facilitate interpretation. A value of zero indicates kills occurred in
proportion to prey habitat use. Negative values suggest prey were killed less often than
expected based on their use (safer), while positive values suggest they were killed more

frequently than their use suggests (riskier).

We incorporated both aspects of this appendix to further evaluate whether differences in
relative risk for prey in a given terrain type could be associated to predator speed in that
same terrain type. For each predator and terrain type, we plotted the relative risk for prey

against predator speed.

RESULTS

EFFECT OF TERRAIN TYPE ON PLAYERS' SPEED
As expected given game rules, player speed varied with their role. On average, movement

speed increased with trophic position (prey : 1.43 km/h (95% CI: 1.30, 1.48), meso : 2.28
km/h (95% CI: 1.89, 2.74), apex : 3.36 km/h (95% CI: 2.96, 3.82)). We did not find evidence

that prey nor meso-predators changed their speed across terrain features, as all 95%



confidence intervals were strongly overlapping (Figure 1). However, apex players’
movement speed steadily increased as they moved through forests (2.64 km/h, 95% CI:
2.27, 3.03), secondary trails (3.05 km/h, 95% CI: 2.51, 3.64) and the main trail (4.08 km/h,
95% CI: 3.62, 4.56) (Figure 1).Terrain type explained 8.90% (95% CI: 5.21, 14.11) of the
variation in apex predator movement speed, whereas it explained only 1.13% (95% CI: 0.24,
2.82) and 1.02% (95% CI: 0.068, 8.00) of that variation for prey and meso-predators,

respectively.
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Figure 1. Average speed (x) of each trophic level as a function of the terrain types (y)
predicted by the random slopes’ models. The point estimates with their 95% confidence
intervals are plotted alongside the raw speed data distribution for each trophic level and

terrain type.



TERRAIN TYPE MEDIATED RISK
Out of 96 predation events by apex predators, 53% (n = 51) were in the forest, 27% (n = 26)

were near secondary trails and 20% (n = 19) were near main trails (Figure 2a). Out of 26
predation events by meso-predators, 58% (n = 15) were in the forest, 27% (n = 7) were near
secondary trails and 15% (n = 4) were near main trails. Prey spent 62% (95% CI: 54, 69) of
their time in the forest, 22% (95% CI: 15, 29) near secondary trails and 10 % [(95% CI: 5, 15)
near main trails(Figure 2a). The proportion of kill site in forest was lower than expected
based on prey habitat use suggesting this terrain type provided safer habitat, whereas
secondary trails were neutral and main trails were much riskier (Figure 2b). The simple
visual analysis of the relationship between terrain type-mediated risk and predator speed
for each terrain reveals a positive correlation between risk for prey and apex player speed,
and the likely absence of correlation in the case of meso-predators. However, our results
suggest that for similar speed (2.5 km/h or less), meso-predators represent a greater risk for

prey players than apex predators (Figure 3).
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Figure 2. Left. Proportion of observed kill sites in each terrain type for apex and meso-
predators, compared to the distribution of potential kill sites, namely prey terrain use, from
the 5000 random sampling done in prey players track. Right. Relative risk of each terrain
type for prey. Degree of risk is estimated by dividing the observed proportion of kills

happening in a terrain type by the proportion of prey locations in that terrain type. Hence a



terrain where kills happen more often than chance based on the proportional use of this
terrain by prey is considered risky (positive values). A negative value indicates the opposite.

Median along with 95% confidence interval of these distributions are shown.
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Figure 3. Relationship between relative predation risk associated with a given terrain type
and the average speed of predators in that terrain. Yellow and red indicate meso and apex,
respectively. Lines illustrate a linear modelfitted with terrain type risk and speed data shown

with circles, triangles and squares.

INTERPRETATION
We observed that trails increased apex predator movement speed, suggesting that these

linear features promoted search efficiency. This speed increase, relative to speed in the
forest, was higher in main than in secondary trails (Figure 1). It was indeed previously
documented that roads, compared to small trails, could double (Zimmermann et al. 2014)
ortriple (Dickie etal. 2017) the speed of wild predators. However, meso-predator speed was
not significantly different across terrain types. They could probably not positively respond to

the ease of movement provided by trails because of their imposed speed limit and



vulnerability to apex players (their speed was 20% lower on main trails than on secondary

trails or in the forest).

These variations in speed parallel the relationship between prey terrain use and kill site
locations. Indeed, we observed that apex kill site locations were more often in the vicinity of
trails, and less often in the forest than what would be expected by prey terrain use (Figure
2b). This indicates that predation risk, emerging from both apex players habitat selection
(Appendix A) and variations in apex lethality (as revealed by its speed), is higher near main
trails than in secondary trails or the forest. Meso-predators showed a similar tendency, as
kill sites were often close to trails, but confidence intervals of kill site to prey use ratio
overlapped 0. For apex predators, predation risk experienced by prey in a given terrain
seemed related to the traveling speed of the predator (Figure 3). This again was observed in
large mammals, where snow conditions modulate predator speed which in turn generates

various predation risk levels (Sullender et al. 2023).

Eventhough our observations are tainted by the fact that players play, whereas animals face
life-or-death situations, it remains interesting that they concur with what is observed in

natural systems where linear features or weather conditions impact organisms’ movement.

CONCLUDING STATEMENT
TrophlE players reproduced terrain-driven speed variations observed in natural ecosystems

(McKenzie et al. 2012, Dickie et al. 2017) without any in-game rules regarding the use of the
different terrain types. Specifically, we found that apex predators increased their movement
speed on linear features, leading to a higher predation risk near these trails. This behavior
contrasts with meso-predators and prey, whose movement speeds remained mostly

consistent across terrain types.
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Appendix C - Foraging analysis on TrophlE data

Supplementary information to “Impersonating predators and prey to study trophic

interactions through real-life simulations”

CONTEXT

Prey routinely adopt anti-predator strategies to balance risk-exposure and energy
acquisition (Kotler et al. 2004, Kohl et al. 2018).This includes changes in habitat selection
(Gilliam and Fraser 1987), activity budget (Sih and McCarthy 2002, Trussell et al. 2011)
and behavior (Lima and Dill 1990, Kotler et al. 2004). The mere presence of predators can
trigger anti-predator strategies limiting prey foraging ability and disrupting the energy flow

within ecosystems (Schmitz et al. 1997).

Preyfunctionalresponse (i.e., the intake rate as a function of resource availability) should
reflect these behavioural trade-offs (Gude et al. 2006, Palmer et al. 2021). However,
evaluating the impact of predation risk on prey functional response is challenging as it
requires monitoring predator, prey, and resource dynamics at contrasted levels of
resource density. Additionally, the functional responses can be influenced by
confounding factors such as the satiety of the prey (Matassa and Trussell 2014), the
intensity of intraspecific competition (de Villemereuil and Lépez-Sepulcre 2011) and the
physical landscape which provides safe and risky habitats (Gude et al. 2006; McKenzie et
al. 2012, Appendix A).

TrophlE detailed dataset is well suited to evaluate the influence of predation-related
metrics on prey gain rates. Here, we investigated whether the functional response of
human players foraging under predation risk reflected trade-offs that could be expected
in natural systems. Based on predator-prey literature, we tested a series of predictions
regarding the impact of intrinsic and environmental variables on prey functional
response. We expected that prey players would reduce their foraging efforts under high
perceived predation risk, by giving up foraging to find refuge when predators are nearby

or by reducing foraging intensity in favor of increased vigilance. We also expected the



functional response to be influenced by other environmental and intrinsic covariates

such as competition and prey satiety level. Specifically, we predicted that:

e Density of resources should correlate positively with both feeding probability
and feeding rate and this correlation should lessen with time when competition
between prey players is strong. Strong competition means that resource patches
may no longer be available.

e Density of refuge should correlate positively with feeding probability and feeding
rate, as it both reduces the risk of feeding and the required vigilance when doing
so.

e Distance to the closest apex predator should correlate positively with feeding
probability and feeding rates, especially when near main trails that favor apex
predators’ attacks. We thus expect a negative interaction between the predator
distance and the trail distance.

e Distance to the closest meso-predator should correlate positively with feeding
probability and feeding rate.

e Satiety level should correlate negatively with feeding probability and rate, as
players approaching the reproduction threshold should be risk-averse.

e Competition should mostly reduce feeding probability and then rate, given that
used patches are either visibly depleted or simply unusable. We expect that the
effect of competition should increase with time.

e Diet —specialist or generalist— should modulate the feeding rate but not the
probability of feeding. We predict a higher feeding rate for generalists than
specialists because generalist resource patches had higher total “resource

points” than specialists.

Therefore, in this Appendix, we estimated the relationship between prey feeding rate and

these variables.



METHODS

Data acquisition and management

This analysis is based on the GPS tracks from GAIA GPS or TechnoSmart loggers
combined with the georeferenced events (consumptions and deaths) from Earth Ranger.
The tracks were resampled every 15s to ensure equal sampling rate between players.

Additionally, we used the positions of resource patches, refuges and trails.

The gain rate of prey players as well as its potential drivers were evaluated within five-
minute intervals, starting from the beginning of the game going onwards. Here we present
these intrinsic and extrinsic covariates, and how each of these covariates and the gain

rate were calculated.

e Gainrate: The gain rate (points/minute) was calculated as the score at the end of
the interval minus the score at the beginning divided by the interval duration.
Interval duration can be cut short when the prey is killed or when the game ends.

e State: Ratio between the score at the beginning of the interval and the resource
accumulation threshold for reproduction.

e Density of resources and refuges: Each position on a prey player track falls on a
10 m x 10 m pixel for which the kernel density of refuges and resources within a 30
m radius were calculated. Values of densities were obtained for each position and
were averaged over the duration of the interval.

e Distance to predators: For each position, we calculated the distance at which
the closest predator player of each type was. These distances were averaged over
the duration of the interval.

e Distance to trails: For each position, we calculated the distance to the closest
trails, considering only main trails, which were shown to increase the speed of
apex predator players (Appendix A). The distances were averaged over the
duration of the interval.

e Time: Rank of the 5-minute interval since the start of the game. For example, if the
intervalin question corresponds to the interval between the 5th and 10th minutes

of the game, the time interval equals 2.



e Diet: Either specialist or generalist. Players choosing a generalist diet have
access to all resources type (A or B), but must expand the same handling time
even if their value differs.

e Competition: Either weak, mild or strong (see Box 1 in the main text for details).

Despite our best efforts, we were not able to properly register the consumption events
and tracks of all players. Hence, we removed the data concerning players who, for a
given game, had reported 50% more points than what had been registered by the app
(e.g., we accepted 30 reported points for 21 registered, as the difference is less than
50% of 21). Moreover, intervals lasting less than 60 seconds and those for which the
satiety limit was reached were removed from the analysis. The impact of these
consecutive filters, as well as the filters necessary for the hurdle model analysis (see
Statistical analysis), is presented in Table 1, which shows that removing player-

games with problematic data logging still left us with 90% of player-games data.

Table 1. Effect of consecutive filters on prey player sample size

Filter Number of prey players Number of player- Numberof
games intervals

None (full data) 34 213 -
With GPS tracks 33 199 966
With proper resource
consumption data logging 33 186 910
(for binomial model)
Lasting more than 60 33 185 885
seconds
With satiety <1 33 185 766
Intervals with gain rate >0 33 176 526

Statistical analysis

Zero values were overrepresented in the response variable, the gain rate. Indeed, players
often went without feeding within the 5 min intervals. Therefore, we used a hurdle model
and split the analysis into two parts. First, we used a binomial generalized linear mixed

modelto investigate how the decision to feed or not—feeding probability - was influenced



by covariates. Then, we used a subsequent linear model to look at the influence of
covariates on feeding rates once feeding was initiated. Therefore, zero values were not
considered in this second model. We did not use a zero-inflated Poisson model as we
only knew that players had initiated feeding once they had gained at least one resource
point. We hence had no knowledge of unsuccessful feeding attempts. We added prey
and game ID as random effects in the first but not the second model forwhich the limited
data could not support the presence of random effects. The natural logarithm of the
interval duration was included as a weight in both models to reduce the impact of
extreme gain rates measured on short time intervals, as visual inspection of the
relationship between gain rate and interval duration suggested that variance in gain rates
increased exponentially towards shorter intervals. Also, some covariates were
correlated with each other. As might have been expected, state and time were quite
strongly positively correlated (p = 0.75) as the score of prey players could only increase
with time. However, the numerous observations (Table 1) we have allowed for the
simultaneous use of these two covariates, with the expectation that the model would
properly partition the variance (Morrissey and Ruxton 2018). Resource density and refuge
density were also somewhat positively correlated (p= 0.42), which is likely due to the fact
that resource patches and refuges were placed according to site accessibility. No other

obvious multicollinearity was observed. Here is how the models were formulated:

Feeding decision ~ In(Distance to predators(Apex)) * In(Distance to trails(Main))
+ In(Distance to predators(Meso)) + In(state)
+ In(Density of resources) + In(Density of refuge) + Competition
* Time + Diet + (1|player.id) + (1|game.id),

weights = In(duration)

Feeding rate ~In(Distance to predators(Apex)) * In(Distance to trails(Main))
+ In(Distance to predators(Meso)) + In(State)
+ In(Density of resources) + In(Density of refuge) + Competition

* Time + Diet, weights = In(duration)



RESULTS

In line with our predictions, we found that the probability of feeding and gain rates
increased with resource density and distance to both types of predators. However, the

effect of the apex predators is not did not increase with trail proximity (Figure 1).

As expected, the probability of feeding and gain rate decreased with increasing prey
satiety (Figure 2), suggesting that prey was less likely to feed and did so to a lesser extent
when approaching the reproduction threshold score. While the second model found no
effect of the competition level on the feeding rate, feeding probability was negatively
impacted by increasing competition (Figure 2). This result is consistent with our
prediction thatincreased competition could reduce prey per capita access to resources.
This impact was stronger as time passed. There was, however, no difference between
weak and mild competition levels. Contrary to our prediction, refuge density had a

negative impact on feeding probability and rate (Figure 2).
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Figure 1. Functional responses of TrophlE prey players under predation risk. Gain rate
and distance to the nearest apex and meso predator were calculated (and averaged for

the latter) over 5 min intervals. The grey curve is the functional response for a prey player



far (200 m) from the nearest apex and from the nearest meso predator. The yellow curve
isthe functionalresponse predicted for a prey far (200m) from the nearest apex and close
(50 m) to the nearest meso predator. The red curve is the functional response for a prey
far from the nearest apex and close (50 m) to the nearest meso predator. Points were
generated by averaging raw gain rates over brackets corresponding to one 30" of the
resource density axis. Points were split depending on proximity (closer or further than
100m) to both predator types. Point size is proportional to the number of observations

presentin the bracket.
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Figure 2. Results from the hurdle model linking gain rates to extrinsic and intrinsic prey
player covariates. The left panel displays all the scaled coefficients from both the

binomial (circle) and the normal (triangle) model. The right panels display the main



discussed effects (vertically: landscape feature density, average predator distance and

satiety level). For both panels, colors refer to the type of covariates.

INTERPRETATION

Using data derived from TrophlE, we found that prey players' feeding decisions and gain
rates varied as predicted by empirical studies on non-human organisms (Stephens et al.
2007). Prey players had reduced gain rates when predators were nearby, when they
increased refuge use, when they got closer to the resource acquisition goal (i.e., satiety,

Clark 1994) and when competition with other prey was stronger.

Specifically, we found that apex players triggered a stronger reduction in functional
response (Figure 2.B), likely because these players produced plenty of reliable cues of
their location -a prerequisite to fear- due to their faster and noisier movements. This
result is in line with empirical research, where prey responds more to predators whose
presence cues are more detectable and indicative of a direct danger of death (Sih 1992,
Schmitz et al. 1997, Preisser et al. 2007). Contrary to our predictions, refuge density did
not reduce the risk associated with foraging or the vigilance required when doing so
enough to have a positive impact on the feeding rate. Rather, refuge density is likely
related to refuge use, which precludes feeding. This is consistent with studies on
predator-prey spatial games showing a trade-off for the prey between resource
abundance and predation risk associated with foraging (Gilliam and Fraser 1987, Sih

1998, Aguiar et al. 2023).

Theory suggests that prey state should modulate risk-taking and that prey in need of
resources should take higher risks than those that have reached or are close to reaching
their foraging goals (Clark 1994, Matassa and Trussell 2014). Prey reduces their activity
during periods when the risk of predation is high, but this phenomenon is less
pronounced when they are starving. It is challenging, however, to estimate both animal
state and risk-taking in the field. The detailed information we had about each player
indeed suggests that prey players closer to their resource acquisition goals tended to

forage less and thus likely exposed themselves less to risk.



Taking advantage of the plasticity of the TrophlE rules, we also highlighted the role of
intraspecific competition on feeding probability. Strong competition (i.e competitive
exclusion) negatively impacted the probability of feeding for the prey, because it reduced
the availability of resources, which declined as the game went on. Our results show no
differences between weak and mild competition, suggesting that neither constrained

prey foraging efficiency.

Our models also produced results that are harder to interpret. Contrary to our
predictions, we did not find an interaction between distance to apex players and main
trails, even though main trails were shown to be riskier in the other analysis (see Appendix
B). Moreover, a strong negative effect of distance to main trails appeared (the closer to
main trails, the higher the gain rate). This might be because, when far from trails, prey
players were mostly in transit between locations and not actively foraging, or that any
correlation between resource density and distance to trails was not properly handled.
Also, we might have overestimated the effect of resource density, as it was always higher
in the immediate vicinity of the resources, where prey had to be when feeding. Despite
our best efforts, even this highly detailed and complete dataset can provide its analytical

challenges.

CONCLUDING STATEMENT
Using data derived from TrophlE — a rather simple human-based predator-prey model -

we found that the functional response of prey players aligned with predictions from
studies on non-human organisms (Stephens et al. 2007). This concordance with known
phenomena highlights the methods’ potential to complement traditional ecological

research, as it provides a rich source of behavioral data.
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Appendix D - Consumer-resource interaction network analysis on TrophlE data

Supplementary information to “Impersonating predators and prey to study trophic

interactions through real-life simulations”

CONTEXT

Trophic interactions are the driving force behind many ecological phenomena, from
genetic differentiation and co-evolution (Guimaraes et al. 2017) to community stability
and resilience (McCann 2007, McCann 2011). Building networks from these interactions
allows us to study the emergent properties of biological communities that would remain
hidden if we were to analyze pairs of interacting individuals or species individually (Proulx
et al. 2005). Food webs, as collections of trophic interactions within a community, are
the principal network representation used in ecology. In many empirical food webs,
groups of closely interacting species or individuals compartmentalize parts of the
network. This within-food web compartmentalization of interactions is called modularity
and grants important insights into the system’s stability (Thébault and Fontaine 2010;
Stouffer and Bascompte 2010, 2011). The presence of modules within a food web can
increase the stability of the system by promoting asynchronous responses between
groups following a perturbation (e.g., removal of a species, changes in interaction
strength). A high value of modularity can also limit the propagation of perturbations
throughout the network by constraining the consequences of the perturbation within
some modules (Stouffer and Bascompte 2011; Grilli et al. 2016).

Trophic interactions are often defined on a population or species scale in empirical
networks because of the difficulties associated with detecting, sampling and weighting
interactions in the wild. Consequently, few systems have interactions defined on an
individual scale (Pires et al. 2011), and even fewer have succeeded at recording all
individuals. However, when modularity is successfully investigated in individual-based
networks, it highlights the functional role of individuals in the network (i.e. module
connector, hubs; Dupont et al. 2014) and the role of habitat patches for metapopulation
persistence (Fletcher et al. 2013). In the specific case of spatial networks, it has been
demonstrated that modularity naturally emerges from the movement and dispersal of
individuals across the network (Gilarranz 2020). Modules of spatial networks are of
particular interest as it is within their spatial boundaries that we should expect to find
most processes linked to population dynamics. In contrast, processes such as dispersal
and gene exchange happen between connected modules, which arguably explains why
modules are seen by many as the most accurate representation of a population in both
ecology and genetics (Albert, et al. 2013; Fletcher et al., 2013).

The TrophlE game offers an ideal setting to illustrate how a network approach can be
used to identify modules of closely interacting individuals in a food web. In our ecological
simulation, prey individuals move through space in search of stationary resources.



Herbivory-like interactions between prey individuals and resources may be represented
as a bipartite network where prey and resources are the two types of nodes. Here we
investigate the presence of modules in resource patches related by consumption, which
could indicate limitations or preferences in prey movement. We expect that the spatial
structure of resource patches, coupled with the limited speed of individual prey and
game duration, will favor the composition of spatially aggregated resource modules.
Moreover, we expect trails to restrict the movement of prey and contribute to aggregate
prey-resource interactions into modules on either side of the road.

METHODS

Networks are defined by a set of nodes (e.g., individuals or species) connected by edges
(e.g., trophic interactions) which can be represented by an adjacency matrix. Networks
can present a single class of nodes, where all nodes could interact with each other, or
multiple class of nodes where only interactions between nodes of different classes are
allowed. Bipartite networks, which are networks comprising two classes of nodes, are
commonly used in ecology (e.g., consumer-resource, plant-pollinator and host-
pathogen networks). Edges connecting pairs of nodes can be treated as binary (i.e.,
unweighted) or weighted by a quantitative value (e.g., interaction strength). We can
describe characteristics of individual nodes with metrics such as the degree, which
represents the number of edges of a given node, or describe characteristics of the overall
network with metrics such as the modularity coefficient, which increases as within-
group interactions become more frequent compared to between-group interactions.

We represent interactions between prey and resource patches in TrophlE as a bipartite
network. Prey nodes are players who were prey in a specific game. If a player played in
six different games as a prey, it will be considered as six different nodes in the network.
We thus refer to prey as player-game combinations. Resource nodes are the resource
patches distributed across the arena and are not associated with a specific game. Edge
information between prey and resource nodes is extracted from the EarthRanger report
filed by each prey when successfully foraging at a resource patch. An edge between a
prey and a resource patch is realized if the prey gathered resources from this patch at
any point in the game. Edge weights correspond to the number of times this interaction
was realized. In this bipartite network, we use data from all the games to encompass
more broadly the emerging organization in ecological interactions between prey and
resources throughout the arena.

The bipartite network is used to extract the number of prey nodes connected to each
resource patch (i.e., resource degree) and to identify modules of closely interacting prey
and resources. The modules are identified with the walktrap algorithm (Pons 2006). To
assess the effect of trails on the spatial delimitation of modules, we extract for each pair
of resource patches: the distance between them, whether they are separated by a main
and/or secondary trail, and whether they are assigned to the same module. We then use
a generalized linear model (GLM, family = binomial) to determine how the probability of



resource patches being assigned to the same module is influenced by their spatial
distance and the presence of trails.

We convert the bipartite network to a unipartite representation of the resource patches
network (where an edge means that a prey moved directly from one patch to the other)
and calculate the modularity index (Newman et al. 2004). This value is compared to the
modularity values obtained from a purely spatial network where two resource patches
are connected when their spatial distance is lower than a given threshold (see Figure 2).
We also evaluate the distribution of the distances between each resource patch and its
closest neighbor. Usingthe sequence of patches visited by each player, we also evaluate
the distribution of the distances between each sequentially connected resource patch.
Network analysis was performed with the igraph package (Csardi and Nepusz, 2006) in R
version 4.3.3.

RESULTS

We found that prey players and resource patches were partitioned in a total of 21 clusters
out of which 10 were composed of more than two resource patches (Figure 1, center).
We observed a high modularity in the network (Q = 0.791) illustrated by the strong within-
modules and weak between modules interactions (Figure 1, top).

With the GLM analysis (Figure 1, bottom), we observed a significant effect of distance
(Odds ratio = 0.98; p<0.0001) and the presence of main trails (Odds ratio = 0.31;
p<0.0001), but not of secondary trails (Odds ratio = 1.25; p = 0.20), on the probability that
resource patches are assigned to the same module of the bipartite network. Each meter
separating two resource patches reduces the probability that they are assighed to the
same module by 2%, and the presence of a main trail separating two patches reduces
this probability by 69 %.

As for the unipartite network of resource patches, we also found a high modularity (Q =
0.605), which was expected as restrictions on prey movement prevent the connection of
distant patches. This modularity value was higher than the modularity expected at all
distances if connections in patches were only a function of a distance threshold (Figure
2, bottom). The distribution of distances between patches connected by player travels
showed an average of more than double the distance to the nearest neighboring patch
(73.45 m compared to 33.14 m). This implies that players often did not choose to move
to the closest resource when leaving their current foraging patch. This is also shown by
the relatively high number of travels of more than 100 metres (Figure 2, top).
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Figure 1. Top: Bipartite representation of the prey (squares) and resources (circles)
interaction network of the TrophlE game aggregated by modules (colors). Symbol size is
proportional to the number of nodes in each module and edge width is proportional to
the cumulative edge weight (total number of prey-resource interactions between groups).
Center left: Spatial distribution of resource patches (circles) and their assigned modules
(colors) in the bipartite network within the TrophlE arena (white background). Trails found
within the arena are illustrated as gray lines; thick lines represent the main trails while
thin lines are secondary trails. Density kernels were used for illustration purposes to
highlight the intensity of the spatial association to each module. Center right: Highlight
of the indirect interactions between resources of modules 1 and 3 (top) and modules 4
and 8 (bottom). Lines between resources indicate a sequential movement of a prey from
one resource to the other. Most links are between resources of the same module, but
each module is connected to at least one other module, showing that the movement of



prey was not entirely restricted to a single module. Resources not connected to the
highlighted modules are not shown for clarity. Bottom: Probability (obtained by the GLM)
that two resource patches were in the same module according to the distance between
them and whether they were separated by a main trail or not.
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Figure 2. Top: Comparison between the distribution of distances to the nearest resource
and the distribution of distances between resources connected by players. Bottom:
Modularity of the purely spatialresource networks as afunction of the distance threshold
at which resource patches are connected. The horizontal line shows the empirical
modaularity of the unipartite network of resource patches, while the vertical line shows
the distance threshold (14.6 m) to have a connected network (no isolated componentin
the network).

INTERPRETATION

Prey movement explains part of the modularity observed in the network. In spatial
networks, modularity is a natural property that emerges from the restrictions imposed by
the movement of individuals across a landscape (Gilarranz, 2020). In TrophlE, the short



duration of the games and the walking speed imposed on prey could explain why
resource modules are closely associated in space. This might have led to a relatively
small prey home range, thus creating cores of highly connected resources. This
hypothesis is further supported by the observed influence of distance on the probability
thatresource patches are found within the same module. However, the modularity value
of the empirical unipartite network of resources is higher than what would be expected if
edges were solely limited by the distance between the resources, as seen in Figure 2
(bottom). This suggests that another factor, other than prey movement, could be
responsible for increasing the modularity in the network. Further exploration shows that
prey seemed to travel to resources usually farther than the closest one, supporting the
idea that other factors than distance influenced the observed modularity (Figure 2, top).
Notably, differences in perceived safety of resources, long-distance escape following
predator detection and limited knowledge of the resource locations could also explain
the high value of modularity.

We observed that the presence of large linear features (namely, main trails) in the arena
influences the spatial organization of prey-resource interactions across the landscape.
Linear features like trails can be perceived as risky environments by prey and therefore
restrain their movement in the landscape (Whittington et al., 2011; Lendrum et al., 2018).
Since modularity can influence the stability of food webs (Thébault and Fontaine, 2010;
Grilli et al., 2016), the presence of linear features in the TrophiE arena could have
positively impacted the overall stability of the system. However, we did not consider
predators in our networks and the increase in their mobility provided by trails could, in
fact, counterbalance the potential stabilizing effect of trails on the prey-resource
network. Furthermore, we did not observe this influence from the secondary trails.
Secondary trails were narrower and tended to have more vegetation cover, which might
not have exposed prey moving between resources as much as the main trails. Another
non-exclusive hypothesis is that the higher density of secondary trails in the arena
compared to main trails could have forced prey to cross relatively often secondary trails
within their home range.

While this study focused on prey-resource interactions, topography and refuge locations
could also influence spatial use by prey and are generally important to gain an
understanding of the landscape use patterns. In a case study with elephants, networks
were used to reveal preferred rest locations, which allowed the characterization of
spatiotemporal risk perception, and ultimately, provided a quantified landscape of fear
(Wittemyer et al., 2017).

Besides predation, competitive effects could also play a role in the spatial structuring of
prey and resource modules. During the games, prey foraging decisions changed under
different scenarios of competition. Competition shapes how individuals select and use
their spatial environment (Webber et al. 2023). Individuals may either join force or splitin
small groups depending on predation risk and resource density (Bonnell et al. 2019).



CONCLUDING STATEMENT

The extensive data provided by TrophlE allowed us to study trophic interaction networks
at the individual level in a spatially explicit manner, something that is rarely feasible in
natural systems. This high-resolution allowed us to unveil the principal mechanisms that
shaped the spatial organization of consumer-resource interactions, namely the
consumer mobility and the presence of linear features. Settings like TrophlE could greatly
improve our understanding of spatio-temporal networks by providing means to test
hypotheses on disease transmission, energy flow and even species rewiring and
turnover. While we focused on prey-resource interactions, modularity and the effect of
trails, there are still a lot of unexplored possibilities made possible by the game as is, or
by slight modifications of the rules. Notably, further work could quantify more closely the
effect of competition between prey, include the interactions of the predators in the

network, or consider the temporal dimension of the interactions.
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Appendix E - General guidelines for TrophlE game setup

Supplementary information to “Impersonating predators and prey to study trophic

interactions through real-life simulations”

Our framework is highly flexible, and the following guidelines are not meant as prescriptions for how
the game should be played. We offer this guidance based on our own experience to inspire
implementation in other contexts. Readers may use the approach as is, but are also encouraged to
develop their own unique version of the game based on the specific context or ecological
phenomenon of interest.

Design game rules

What is the minimum set of rules you might need to create ecologically interesting patterns? What
simple ecological trade-offs could be implemented? The simpler the better as emergent patterns
can be particularly insightful. Also keep in mind that players having fun will stay motivated
throughout the game, helping generate good data. We found that players stayed motivated when
the rules were clear and when different options of physical involvement (e.g. roles where players
could run and others where they had to walk) were available. Exhausted players means less fun and
poor data.

Find a location

From our experience, having obvious landmarks (rivers, lakes, trails) is useful to set clear
boundaries to the game arena. We looked for an arena large enough for players to roam freely, but
small enough for players to occasionally meet and interact with each other. A heterogeneous
terrain providing natural variability in detection distances, ease of movement, and concealment
can increase realism and provide interesting study opportunity. Open terrains were often less
suited for this game. When all players knew where other players were, they moved less and often
avoided taking the necessary risks to make the game interesting.

Gather all necessary material

The specific material needed depends on the game rules and data of interest. Here is a list of
material and considerations to inspire game implementation:

- Watch and whistle for timekeepers to clearly mark the beginning and end of games.
- Color jerseys to identify players’ role.
- Markers and stakes to add features to the landscape (e.g. resources, refuges).
We used small gardening stakes marked with forestry flag, but anything that is easy to
deploy and visible from a reasonable distance works.
- Datarecording material depending on the use case.
o Collecting data at the end of the game: Players can report their score (humber of
resources, number of reproduction events, number of prey captured, etc.) to the



timekeepers at the end of each game. However, one line of data per player-game
limits sample size and details compared to in-game data collection.

o Collecting data during the game: There are various survey app compatible with most
modern mobile phones that can help streamline in-game data collection.
Alternatively, pen and paper forms fill out by each player during the game can also
work, especially if it is possible for players to record the time and place of their
interactions (e.g. resource patches have ID numbers).

o Spatial data: Tracking apps work well on most modern mobile phones but should be
tested on each phone beforehand to ensure they provide reasonable spatial and
temporalresolution. Beware of battery-economy options which can interfere with
GPS tracking. GPS devices are also an option but less affordable and sometimes
harder to use.

Tips and tricks

Keep the games short (<30 minutes) to maintain players’ motivation. It’s nice to know you’ll
get to play again even if you died within the first minutes of the game.

Avoid having to reset the game setup at every new simulation. If you plan to move markers,
consider playing in two areas so markers in one place can be moved and georeferenced
while a game is occurring in the other place. One thing we did was to have two sets of
resource envelopes at every resource patch, which we alternated between games. Players
could reset the envelopes used in game 1 during game 2 so they were ready to use during
game 3.

Test the game with few players before going large scale. There are a lot of things you only
realise when playing.

Contact us (the corresponding authors). We like this game and will be please to chat about
it.
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