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Abstract

Catch and distribution of tuna in the ocean are typically investigated with ocean basin-scale models. Due to their large scale, such
models must greatly simplify tuna behaviour occurring at a scale below ⇠100 km, despite interactions at this level potentially being
important to both catch and distribution of tuna. For example, the associative behaviour of tuna with man-made floating objects,
that are deployed by fishers to improve their catch rates (Fish Aggregating Devices; FADs), are usually ignored or simplified.
Here we present a model that can be used to investigate the influence of tuna dynamics below the ⇠100 km scale on larger scales.
It is an Agent-Based Model (ABM) of a hypothetical, tuna-like species, that includes their interactions with each other, free-
floating FADs and prey. In this ABM, both tuna and FADs are represented by Lagrangian particles that are advected by an ocean
flow field, with tuna also exhibiting active swimming based on internal states such as stomach fullness. We apply the ABM in
multiple configurations of idealised flow and prey fields, alongside di↵ering interaction strengths between agents. When tuna
swimming behaviour is influenced equally by prey and FADs, we find that the model simulations compare well with observations
at the . 100 km scale. For instance, compared to observations, tuna particles have a similar stomach fullness when associated
or non-associated to a FAD, tuna colonize at similar timescales at FADs after their deployment and tuna particles exhibit similar
variations in continuous residence times. However, we find large di↵erences in emergent dynamics such as residence and catch
among di↵erent flow configurations, because the flow determines the time scale at which tuna encounter FADs. These findings are
discussed in the context of directing future research, and an improved interpretation of tuna catch and other data for the sustainable
management of these economically important species.
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1. Introduction

Tropical tuna species provide some of the largest catches of
high-trophic fish in the world, and as such the assessment and15

management of the fisheries they support are critical to ensuring
sustainable stocks, food security, and livelihoods [1, 2] (FAO
SOFIA). In the case of tropical tunas, the use of drifting Fish
Aggregating Devices (FADs) by industrial purse seiner fisheries
has markedly changed the e�ciency within fishing grounds20

[3, 4]. FADs are floating objects (i.e. drogued buoys) that ag-
gregate pelagic fish around them. Tens of thousands of FADs
are deployed in the equatorial regions of the world’s oceans an-
nually [5]. They usually include a GPS tracking system and
generally an echo sounder to measure the biomass of surround-25

ing fish. This increases the knowledge of where fish are most
abundant. Therefore, FADs act as a peculiar trait of a predator
by attracting tuna and other fish, where-after tuna are caught by
purse seiners on or near the FADs. While it remains unclear
whether tuna species are directly or indirectly attracted towards30

FADs [6], it is clear that they impact tuna behaviour and distri-
bution [7, 8, 9, 10, 11].

To predict the distribution and abundance of tuna biomass
in the oceans, models are often used, typically integrating
catch and other fisheries data, and they are even coupled to35

ocean-biogeochemical models in some cases [12, 13, 14, 15,
16]. These population dynamics models use density-dependent
functions as an abstraction of individual tuna behaviour, such
as their foraging behaviour [12, 15], predator-prey equations,
or trophic functions, that describe how the density of multi- 40

ple species grows or declines in relation to one predating the
other [17, 18, 19], or density-dependent catchability, describ-
ing the relationship between the abundance of a fish population
and how easy it is to catch them for a given e↵ort [20].

Although FADs have a substantial impact on tuna behaviour, 45

distribution and catch [8], most tuna distribution models do
not consider the direct interaction of tuna with FADs [12, 13,
14, 15, 16]. In contrast, they abstract their behavioural e↵ect
through separated fisheries with di↵ering units of e↵ort, and
assumed catchability and selectivity parameters. Moreover, a 50

lack of observations and models exists to test the assumptions
that tuna models typically use at their sub-grid scale (i.e. . 100
km), at which FADs introduce relevant dynamics for the distri-
bution of tuna.

Observations of individual tuna [21, 22, 23, 24] and aggre- 55

gated biomass [25, 26, 27] show variable patterns of colonisa-
tion and residence around FADs, and some of these dynamics
have been replicated in simulation experiments of individual-
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based models [28, 9], which can have included the interac-
tion between fish and FADs [9]. In contrast to Eulerian mod-60

els [12, 13, 14, 15, 16], individual-based models allow for an
individual-based quantification of tuna behaviour that can be
compared to individual-based observed data [29]. Although
often computationally more expensive compared to Eulerian
models, individual-based models provide a ‘bottom-up’ ap-65

proach, which implements the behaviour of individuals below
the ⇠100 km scale to obtain a better understanding on the emer-
gence of complex predator-prey dynamics at large spatial scales
[30, 31]. Furthermore, trophic functions have been shown to
emerge from individual predator-prey dynamics [32, 33], and70

be responsible for complex and chaotic behaviour when involv-
ing multiple groups [34].

Recent development of particle-particle and particle-field in-
teraction functionalities in the Parcels Lagrangian framework
[35] allows us to extend the approach of previous tropical tuna75

individual-based models [28, 36, 37], to include the interaction
of tuna with prey, FADs and ocean flow. Here we present a
specific type of individual-based model (which we refer to as
Agent Based Model; ABM), where the agent represent a group
of tuna individuals [38, 39]. The ABM considers those dynam-80

ics that impact the distribution of tuna below the . 100 km
scale, and we apply the ABM in idealised configurations. The
ABM enables us to test whether these interactions are relevant
to explain specific observations that occur at this scale, such as
the colonization and residence times at FADs, and tuna stom-85

ach fullness, and the extent to which their observed variability
can be caused by ocean flow, prey dynamics and fishing strate-
gies. This information could be used to improve population
dynamics models and the decisions that managers base on their
simulations. We explore potential mechanisms that lead to the90

simulated emergence of these dynamics.

2. Methods

2.1. Biological Assumptions
The temporal and spatial scales of observed tuna-FAD in-

teractions are typically days to weeks and sub ⇠ 1� ⇥ 1�, re-95

spectively [24, 40, 41]. It is therefore not necessary to include
all dynamics that are relevant for the distribution of tuna in the
ocean-basin scale, but rather to capture the local-scale interac-
tions that may be responsible for the patterns observed. To cre-
ate a minimally-appropriate behavioural model for a tuna-like100

species around floating objects, we have drawn on in-situ ob-
servations and assumed that tuna are motivated by feeding and
avoiding predators [42].

Tropical tuna, at the size-classes that typically associate with
FADs, are a schooling and aggregating species [8]. Here we105

consider only those species and size classes of tuna that inter-
act with FADs in the surface, epipelagic layer, and hence do
not include their vertical behaviour. Schooling provides fitness
benefits from increased foraging success, genetic diversity and
protection from predators [43]. Rather than include schooling110

dynamics directly, here we include attraction between tuna par-
ticles as a mechanism by which aggregations of schools may
form in the absence of other drivers.

Tuna foraging behaviour and its dependence on the tempo-
ral evolution of their stomach fullness are complex [9]. How- 115

ever, alongside survival and reproduction, feeding is a funda-
mental driver of animal movement [44], potentially impacting
tuna-FAD dynamics at the school level [8], and so simple forag-
ing and hunger-driven mechanisms are included in our model.
For foraging, we assume that tuna are attracted by the presence 120

of their prey, following local gradients of prey density [29, 45].
Prey are consumed by tuna, allowing density-dependent feed-
back mechanisms. Every tuna particle has a stomach fullness,
which represents the average stomach fullness of the tuna or-
ganisms that a particle represents. We assume that tuna par- 125

ticles forage when their stomach fullness is less than approx-
imately 40%. Their stomach fills with a linear rate of 1

2 h�1 if
food is available and their linear gastric evacuation rate is 1

12 h�1,
which broadly matches controlled experiments on tropical tuna
species [46, 47]. 130

The mechanisms behind tuna association near FADs have so
far remained unclear [8]. However, empirical indications exist
that FADs attract tuna particles when their distance is below
⇠ 10km [11, 7]. Therefore, we base the attraction of our tuna
to FADs on this value. 135

Apart from prey, the model presented in this paper does not
include the e↵ect of abiotic habitat on the tuna behaviour. This
implies that we assume that habitat (such as temperature) is
suitable for the tuna to survive throughout the studied domain.
Moreover, we assume that tuna birth and mortality do not play a 140

relevant role at the simulation timescale (i.e. 100 days) applied
here. The size of tuna may have an influence at these scales
(i.e. 100 days), since di↵erent sizes of tuna may have a di↵er-
ent attraction strength towards FADs. Although FAD attraction
strength is a parameter in the model, for simplicity, we assume 145

that there are no ontogenetic changes to tuna behaviour during
the course of a simulation.

2.2. Model

In the two-dimensional model, we use a rectangular domain
⌦ = [0, Lx] ⇥ [0, Ly]. We consider two types of particles (rep- 150

resenting tuna and FADs) and one type of field that represents
prey. The tuna particles interact with the prey field, the FADs
and with each other. The prey field passively interacts with tuna
particles through depletion. FAD particles interact with tuna
particles through attraction and depletion. 155

In order to reduce computational costs of simulations, a tuna
particle is not an individual tuna fish, but rather an entity rep-
resenting a minimum group of tuna [29]. Since these particles
represent a minimum group of tuna and not individual organ-
isms in this paper, we refer to this model as an Agent-Based 160

Model (ABM) instead of an ‘individual-based model’. Simi-
larly, we abstract individual prey to a Eulerian field to minimize
computational overhead. This field drives the active search-
ing behaviour of individual tuna through random and directed
movements, which have been shown to result in similar density 165

evolution through time to di↵usion- and taxis-like processes
used to model the movement of animals [12, 48, 29, 45].
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Each FAD particle j ( j = 0, · · · , F) is passively advected by
horizontal ocean currents. It is displaced every time step �t:

~x F
j,t+1 = ~x

F
j,t + ~v

C�t, (1)170

where ~x F
j,t is the two-dimensional location of FAD j at time t

(t = 1, · · · ,T ) and ~vC is the ocean flow velocity. Every tuna
particle i (i = 1, · · · ,N) is also advected by ocean currents, sim-
ilarly to the FADs. However, tuna particles also swim. Overall,
their trajectories are governed by:175

~x N
i,t+1 = ~x

N
i,t +

0
BBBBB@~v

C +
~v N

i,t

k~v N
i,t k

v0

1
CCCCCA�t, (2)

where ~x N
i,t is the location of tuna particle i at time t. Similarly to

[48], the magnitude of the swimming velocity is deterministic,
given by v0 = v0(xN

i,t) = vmax
⇣
1 � h(~x N

i,t )
⌘
, where vmax deter-

mines the maximum magnitude of the swimming velocity and180

h(x) is the prey index at location x, which is nearest-interpolated
from the prey index field h : ⌦ ⇥ [0,T ]! [0, 1], having a reso-
lution of �x. As a result of this implementation, tuna particles
swim faster if the prey abundance index h is lower.

The swimming direction of tuna particles is determined by:185

~v N
i,t = 

I~v I
i,t + 

F~v F
i,t + 

P~v P
i,t + 

T~v T
i,t, (3)

where ~v I
i,t =

⇣
xN

i,t�xN
i,t�1

⌘

kxN
i,t�xN

i,t�1k
represents inertia [32]: tuna are more

likely to keep swimming in the same direction compared to
other directions. The parameter values I , F , P, T � 0 de-
termine the relative contributions to the tuna swimming direc-190

tion from inertia, FADs, prey and other tuna particles, respec-
tively. Hence, the most dominant dynamics that determine the
swimming direction of tuna can be easily tuned with these four
parameters, of which the latter three are described below.

First, the tuna swimming direction towards FADs is given by:195

~v F
i,t =

X

j

IRb
i j l(n j; CP, kF , nF

0 , L
F)
~x j,t � ~xi,t

k~x j,t � ~xi,tk
, (4)

where n j is the number of tuna that are closer than a distance
Ra to FAD j (these tuna particles are ‘associated with’ FAD j).
l(n; C, k, n0, L) = C + L

1+e�k(n�n0) is the logistic function. Hence,
the more tuna particles are associated with a FAD j, the stronger200

the swimming direction of tuna particles is determined by FAD
j compared to other neighbouring FADs, creating a positive
feedback for attraction to FADs [49]. The value of Rb is the
interaction distances between tuna and FAD particles:

IR
m,n =

⇢
1 if k~xm,t � ~xn,tk  R
0 otherwise

.205

Second, the trajectories of tuna particles depend on the inter-
active prey index field h. The interaction between tuna parti-
cles and the prey field imply that tuna depletes the prey field
every time step if prey is locally available, with the value
I = min

⇣
✏P�t, h(~x N

i,t )
⌘
. The total number of prey in the domain210

remains constant, since depleted prey is redistributed at another
location in the domain. This location is determined by a prob-
ability density function, such that it is more likely that prey is

added at a location where the prey index was large at t = 0. As
a tuna particle i depletes the prey field, it reduces the stomach 215

emptiness S ti,t 2 [0, 1] at time t [9]:

S ti,t = S ti,t�1 � �I + E. (5)

Here E = min
⇣
✏E�t, 1 � S ti,t

⌘
is the evacuation rate of the

stomach.
Tuna swim towards high concentrations of the prey field 220

through a taxis behaviour according to [48]

~v P
i,t = l(S ti,t; CP, kP, nP

0 , L
P)

 
cos(✓P

i,t)
sin(✓P

i,t)

!
. (6)

Here ✓P
i,t is drawn from the ‘von Mises’ distribution, with mean

✓0 (which has the same direction as the gradient of the prey
field, rh) and concentration parameter M = ↵ krhk. Hence, 225

the standard deviation of the von Mises distribution is lower if
rh is higher. The logistic function l(S ti,t) in Eq.6 implies that
the swimming direction of tuna is more strongly determined by
the prey index gradient if their stomach is emptier [9].

Third, tuna particles are attracted towards each other if T > 230

0:

~v T
i,t =

 
cos(✓Ti,t)
sin(✓Ti,t)

!
, (7)

where ✓Ti,t is drawn from the von Mises distribution with mean
the direction of ~di,t =

P
k IRc

i,k
�
~xk,t � ~xi,t

�
and concentration pa-

rameter �
����~di,t

����, where Rc determines the interaction distance 235

between tuna particles.
To summarize, stochasticity is included to the model in three

ways. First, the level of stochasticity of the tuna swimming
towards high prey abundance is controlled by m. Second,
stochasticity of the tuna swimming direction towards other tuna 240

is determined by �. Third, the initial location of both FADs and
tuna particles is random.

2.3. Fishing strategies
To examine the e↵ect of di↵ering model configurations on

an idealised catch of tuna, fishing e↵ort was kept constant at a 245

single fishing event each day in the simulations. If a tuna par-
ticle is caught during such an event, it is removed and released
at a random location in the domain, in order to keep the tuna
density constant in the domain [32]. Four contrasting fishing
strategies were implemented (Table 1). The first strategy (FS1) 250

is based on fishing of FAD unassociated tuna. In this strategy,
fishers have no information about any FAD, but they use sonar
and sometimes helicopters to locate tuna [50]. Hence, we as-
sume for our simulations that they simply search the domain to
locate schools of tuna, performing a single fishing event near a 255

random tuna particle each day (i.e. all tuna particles are caught
with a probability ✏T , if their distance with the randomly picked
tuna particle is lower than Ra).

The second type of fishing strategy assumes that fishers know
the location of all FADs. They choose a FAD to set their nets 260

and catch every associated tuna particle with a probability ✏T .
A parameter p 2 [0, 1] determines the extend of the fisher’s

3
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information on which FAD has most tuna associated with it.
We order the FADs j = 0, · · · , F from high to low number of
associated tuna. The probability that a fishing event occurs at265

FAD j is given by the geometric distribution:

Pj =
(1 � p) j p

PF
j=0(1 � p) j p

. (8)

Hence, for p = 1, fishers have complete information on the
number of associated tuna at all FADs, and always set at the
FAD that has most associated tuna. For p = 0, the fishers have270

no information about the number of associated tuna at FADs,
and choose a FAD with equal (i.e. uniform) probability. In
this paper, we test fishing strategies p = 0 (FS2) and p = 0.95
(FS3).

We also use a reference fishing strategy (FS0). In FS0, no275

fishing events occur and no tuna particles are caught in the sim-
ulations.

2.4. Particle-particle interaction in Lagrangian simulations

Parcels is a framework for computing virtual Lagrangian par-
ticle trajectories in ocean flow [51]. For this study, we devel-280

oped a novel ABM method with the Lagrangian particle advec-
tion for physical oceanography, which includes the interaction
between these virtual particles (i.e. tuna and FADs).

Inspired by established procedures for smoothed particle hy-
drodynamics (SPH) for particle-based fluid-flow [52, 53], a spe-285

cialised procedure of three-dimensional kD-Tree construction
[35], as is common also for SPH simulations [54], was inte-
grated into the Parcels framework. The focus of the developed
method is on rapid rebuild- and particle indexing in a three-
dimensional geospatial coordinate frame. In global ocean sim-290

ulations over long time spans, the arbitrary timestamp of par-
ticle insertion or removal makes fixed-periodic tree rebuilding
impractical. Parcels thus performs smart local-branch rebuilds
at the time where particle indices in the ordering tree change.
Specific challenges are the change of particle coordinates (and295

therefore indices) in a chain of per-particle kernels, as well as
the proper construction of an unambiguous hitlist of closest par-
ticles. In short, the first challenge is addressed with the design
decision to evaluate all advective kernels prior to any interac-
tion, thus preventing index changes amid a single-pass kernel300

evaluation. The second challenge is addressed by the decision
of symmetric ordering, i.e. M0(qi) = q j () M0(q j) = qi with
My(qz) being yth closest neighbour of particle qz. Those condi-
tions are mandatory to resolve for particle-particle interaction
to work in the oceanographic setting.305

This specialised kD-Tree, which manages particle associ-
ation in the background, facilitates relatively fast adjacency
queries of particles without excessive memory overhead. This,
in terms, enables us to model interactive behaviour between
homogeneous- and heterogeneous types of particles, such as the310

FAD’s and tuna ”super-individuals” in this study. Additionally,
the computational method would in principle also facilitate di-
rect predator-prey behaviour through using particles for both
the tuna and their prey. However, the modelling and evaluation
of prey as a field-quantity reduces the computational demand to315

a tenable level. As the presented study interest is the tuna, their
prey is just consumed and thus requires no ABM or tracing in
itself. Future studies can exploit the technical interaction possi-
bilities even further by modelling dedicated swarm intelligence
and group-aware behaviour, which is beyond the scope of this 320

study.
In terms of constraints, the method as designed so far still re-

quires tree rebuilding after each particle integration step with a
O(3 ⇥ n log n) complexity, where n represents the number of
particles, hence imposing significant computational costs for 325

massive particle sets (n > 105). In a parallel- and distributed
computing setup, the kD tree construction and management
needs to be globally consistent and thus needs to remain in-
full on one individual (computing) node. Implementation-wise,
the method currently does not support multi-processing or dis- 330

tributed computing. Related method extensions need to ad-
dress the significant communication overhead at each integra-
tion step, which is unavoidable due to the non-local nature of
the algorithm. Lastly, the flexible particle definition and its var-
ious possible coordinate systems in oceanography makes a fast, 335

C/C++-style implementation infeasible, hence all interaction-
related kernels are evaluated in a computational setting based
on Python and SciPy [55] exclusively.

2.5. Ocean flow configurations
Our model framework was run in several configurations 340

across di↵erent, idealised flow fields (Table 1). Although these
flow fields are idealised, they contain specific properties of re-
alistic flows. First, we use a configuration where the flow is
given by a Random Walk (RW): ~vC = R~⇠. Here ~⇠ is a unit
random vector, such that the value of R (constant throughout 345

the whole domain) determines the variance of the random walk.
In this configuration, we use reflective boundary conditions for
the particles. The initial prey field is uniformly distributed and
with a value of 0.4. Depleted prey is redistributed at a uniformly
random location. The RW flow represents an isotropically dif- 350

fusive process.
Second, we use a Double Gyre flow [58], which we here refer

to as the Double Eddy (DE) flow due to the scale at which it is
applied (Fig. 1a). The Double Eddy flow has closed boundary
conditions and we use reflective boundary conditions for the 355

particles. Prey abundance is initialised as being large in the
middle of one of the two eddies. The initialised prey field also
provides the probability density function for the redistribution
of depleted prey (depleted prey is more likely to be redistributed
in the middle of this eddy). The DE flow has the property that 360

passively advected particles accumulate in the middle of the two
eddies over time, and hence represent meso-scale eddies that
occur in the ocean.

Third, we use the Bickley Jet (BJ) flow [59] (Fig. 1b). At the
spatial scale that is used here, the Bickley jet flow resembles an 365

oceanic front. The Bickley jet has a zonal periodic boundary
and a meridional closed boundary, which are also imposed as
boundary conditions on the particles. The prey field is initial-
ized to be large in the middle and low in the North and South of
the domain. 370

The latter two flow configurations are often used when

4
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Table 1: Overview of tested flow configurations and fishing strategies
Flow Fishing strategies

No fishing (reference configuration) (FS0)
Random Walk (RW) Set near a random tuna particle (FS1)
Double Eddy (DE) Set at a random FAD (FS2)
Bickley Jet (BJ) Set likely at FAD with most associated tuna (FS3)

studying the dispersion of advected Lagrangian particles [60,
61]. The flow was scaled in these configurations, such
that it fits on the fixed domain that we use in this pa-
per, and the maximum flow velocity was set to the R375

value of the random walk configuration. The code that
was used to create these currents can be found on github
(https://github.com/OceanParcels/InteractiveTuna).

In every configuration, the average prey index per grid box
is set to the value Pavg = 0.1, the simulations are run for 100380

days, I = [0.01] and one tuna density (N = 500). Hence, we
do not consider any tuna-FAD dynamics that may act on longer
timescales than 100 days. See Supporting Information table
S1 for other parameter values that are fixed in this paper. We
will present the sensitivity of simulations on four di↵erent types385

of parameters. First, we will test the e↵ect of tuna behaviour:
T = [0, 0.01], F = [0, 0.5, 1] and P = [0, 0.5, 1]. For clar-
ity we summarise those parameter values under four behaviour
hypotheses: (1) F = P and F ; P > 0 (i.e. FAD and prey
attraction behaviour are equal), (2) F > P and F ; P > 0390

(i.e. FAD-dominant attraction behaviour), (3) F < P and F ;
P > 0 (i.e. prey dominant attraction behaviour), (4) F = 0,
or P = 0 (i.e. one attraction behaviour switched o↵). Second,
we test the four fishing strategies (i.e. FS0, FS1, FS2, FS3).
Third, we test the outcomes for di↵erent FAD densities F =[0,395

2, 5, 10, 15, 20, 30, 40]. Fourth, we compare di↵erences be-
tween the RW, DE and BJ configurations. The total number of
simulations presented in this paper is 1728.

2.6. Data

We present the results of our simulations across a suite of400

metrics, ranging from the internal state of individuals to the
emergent dynamics of aggregated individuals within the do-
main. The patterns we compare our simulations with are: First,
relative trends in numbers of tuna accumulated at FADs over
time, prior to fishing events and thereafter, compared to obser-405

vations of tuna biomass made by echo-sounder equipped FADs
[5]. Second, the fullness of individuals’ stomachs, comparing
to those from tuna caught and examined in the western central
Pacific Ocean [62]. Third, the length of time that tuna spend
associated with FADs, comparing to electronic tagging exper-410

iments of tuna around FADs [37, 21]. We have chosen these
metrics so as to permit comparison to observed patterns and test
the configurations of our model at multiple ecological scales,
both spatiotemporal and hierarchical, simultaneously. Such an
approach helps to constrain the high degrees of freedom in-415

herent in individual-based models, for example by eliminating
model configurations or structures that fail to produce the ob-
served properties of a system at all levels [30]. Since we applied

the ABM only in idealised and not in realistic configurations,
we cannot set specific criteria on model performance. There- 420

fore, we only compare whether these measures are of similar
order of magnitude and represent similar patterns compared to
observations.

3. Results

3.1. Colonisation of FADs by tuna 425

Unsurprisingly, more tuna become associated at FADs when
tuna behaviour was FAD dominant compared to prey dominant
(Fig. 2), since tuna are less likely to move away from FADs
to forage. Tuna-tuna attraction had little influence on these dy-
namics (Supporting Information Fig. S1). 430

Fishing strategies had a major influence on the distribution
of tuna particles among FADs, as it governs how fish are de-
pleted and redistributed throughout the domain. For a given be-
havioural configuration, fishing strategies that catch tuna more
e�ciently (e.g. FS3 compared to other fishing strategies), gen- 435

erally reduce the number of associated tuna at FADs during
their initial colonisation (Fig. 2a, c, e). In the days leading
up to fishing events, there was generally a larger number of as-
sociated tuna at the targeted FAD under fishing strategy FS3
compared to FS2 under the RW and BJ configurations (Fig. 2b, 440

f), due to its more consistent targeting of large associations.
This strategy prevents a buildup of large tuna numbers at several
FADs at the same time. Before the number of associated tuna
can grow substantially, a fishing event takes place at the FAD,
resulting in a sudden halving of the number of associated tuna. 445

In the case of the DE flow configuration, where both tuna and
FAD particles tend to accumulate in the centre of the eddies,
this can result in many tuna associated at FADs close to each
other. Such associations can be repeatedly targeted for fishing
under FS3, which results in an apparent decrease of biomass 450

through time prior to fishing (see below), when averaged across
the duration of a simulation. The distribution of tuna among
FADs does not change much in the days after a fishing event,
in part driven by the reduction in density-dependent, negative
feedback from prey depletion (Fig. 2d,f), of which the strength 455

is partly controlled by the relative P and F values.
Colonization dynamics only weakly depend on FAD density

(Supporting Information Fig. S2). On average, it takes longer
for tuna particles to get near a FAD if the FAD density is rela-
tively low. As a result, it also takes longer for the colonization 460

of tuna at FADs to stabilize after their deployment. Moreover,
at relatively low FAD densities, less instances of large aggrega-
tions switch from one FAD to another prior to fishing, resulting
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Figure 1: Streamlines of the (a) Double Eddy (DE) and (b) Bickley Jet (BJ) flow at t=5 days. Solid (dashed) lines represent positive (negative) values and (anti-
)clockwise rotation. The background color represents the initialized prey field. Both flow fields are often used to study so-called Lagrangian coherent structures,
that tuna tend to track in the real ocean [56, 57]. (c) and (d) snapshots at t=5 days of example simulations in the DE and BJ configurations, respectively. See the
Supporting Information animations S1-S4 for the evolution of (a)-(d) in time.

in a smaller buildup of tuna particles at FADs before a fishing
event.465

FAD colonization and association dynamics di↵ered strongly
between di↵erent flow configurations (Fig. 2). In the RW con-
figuration, tuna associate with nearby FADs in a few days after
deployment (Fig. 2a). The distribution of the number of asso-
ciated tuna at FADs does not change afterwards, even if large470

associations could be expected to build up under FS0 where no
fishing events occur. This implies that tuna swim towards FADs
if their stomach is full, where they subsequently deplete the lo-
cal prey field. When the prey field gets depleted near the FAD
due to the presence of many tuna particles and their stomach475

becomes empty, tuna start foraging and move away from the
FAD. While this process repeats, the average number of tuna
that associate with the FADs does not change, as the distribu-
tion of FADs is governed by a Brownian motion-like random
walk. If tuna behaviour is FAD dominant, the build up of tuna480

at FADs takes somewhat longer (⇠ 10 days) since tuna are less
likely to swim away from a FAD. If tuna behaviour is prey dom-
inant, few tuna associate with FADs, as a nonzero gradient of
prey density can be easily found throughout the domain.

For the directed flow configurations DE and BJ, FADs are 485

more likely to meet tuna particles compared to the RW flow.
Under the DE flow, FADs are rapidly advected through either
the westward or eastward eddy and tuna are attracted towards
the prey rich area in the westward eddy where part of the FADs
accumulate. Numbers of FAD associated tuna increase after 490

deployment and stabilize after 50-80 days (Fig. 2c), when the
FADs accumulate in the middle of the two eddies. On average,
the build-up of tuna at FADs does not occur before a fishing
event in the DE configuration (Fig. 2d), because the FADs ac-
cumulate in the middle of the two gyres and fishing events are 495

very likely to occur at the same FADs every few days, which re-
sults in little associated tuna the day before these catch events.

The BJ domain-averaged flow has a clear eastward compo-
nent. Similarly to the RW configuration, a rapid build up of
associated tuna occurs in the first few days after deployment 500

(Fig. 2e). However, the distribution is still changing until day
60, after which it stabilizes.

Observations from echo-sounder biomass estimates indicate
that tuna colonisation at FADs after their deployment follows
a log-normal distribution, where the amount of FAD associated 505
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Figure 2: Colonisation of tuna at FADs after FAD deployment (left) and in the days before and after a fishing event (right; day 0 of fishing event is indicated with
vertical dashed line). Median values of the number of associated tuna particles at FADs are shown for the (a), (b) Random Walk (c), (d) Double Eddy and (e), (f)
Bickley Jet flow, averaged over parameter values with FAD (F > P), prey (F < P) and without dominant tuna behaviour and for di↵erent fishing strategies.
Notice the logarithmic axis in (a)-(d). The FAD is density is F = 15 and tuna-tuna attraction is included (T = 0.01; see Supporting Information Fig. S1 for the
same figure with T = 0).
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Figure 3: Tuna stomach fullness: associated versus not associated with FAD for
the (a) Double Eddy (DE) and (b) Bickley Jet (BJ) flow configurations. Tuna
stomach fullness is averaged over time, tuna particles and over parameter val-
ues with a specific tuna behaviour, for several fishing strategies and T values.
The FAD density is F=30. Observed stomach fullness [62] for bigeye (BET),
skipjack (SKJ) and yellowfin (YFT) tuna are the same in (a) and (b). The black
dashed line shows the one-to-one comparison where stomach fullness is the
same for FAD associated and non-associated tuna. See Supporting Information
Fig. S3 for the same figure with FAD density F = 5.

tuna increases up to approximately 60-80 days after deployment
(Fig. 12 in [5]), after which it stabilizes. This number reduces
again on a time scale longer than the 100 day simulations pre-
sented in this paper. Both the BJ and DE configurations (Fig.
2c, e) compare better with these observations of tuna accumula-510

tion around FADs compared to the RW configuration, because
the flow has a clear direction in BJ and DE, which is also often
the case in reality. In the RW case on the other hand, the time-
mean flow direction is ~0 everywhere in the domain. Moreover,
observations indicate a buildup of tuna at FADs before a fishing515

event and a stable number of associated tuna afterwards (Fig.
13 in [5]), similar to the RW and BJ configurations (Fig. 2b, f).
Overall, we find that the ocean flow configuration has a major
influence on the colonisation of tuna particles at FADs, chiefly
due to FADs covering more distance over a given time within520

the domain, which aids in their ‘collection’ of tuna.

3.2. Stomach fullness

Tuna behaviour has implications for simulated stomach full-
ness. As more tuna particles become associated with a FAD due
to FAD dominant behaviour, they deplete the prey locally (Fig. 525

3). As a consequence, the competition among tuna for food near
them results in a lower stomach fullness of FAD associated tuna
compared to unassociated tuna. When tuna particle swimming
direction is only determined by the prey field (F = 0), tuna
either associate with FADs incidentally if the FAD is located 530

in the prey rich area (e.g. western eddy in the DE flow), or if
the flow field is responsible for the accumulation of both FAD
and tuna particles in the same area (if no prey is available; e.g.
in the eastern eddy in the DE flow). Unsurprisingly, stomach
fullness is high if the tuna behaviour is not influenced by FADs 535

(F = 0), indicating that tuna particles are more likely to end
up in prey rich areas when their swimming behaviour is only
determined by prey. Although absolute stomach fullness does
not change much when this is the case (F = 0 compared to
F > 0), almost no di↵erence exists between FAD associated 540

and unassociated tuna. In contrast, when tuna swimming be-
haviour is only determined by FADs (P = 0), those tuna that
associate with a FAD, stay near the FAD until they are caught
at a fishing event.

Tuna-tuna attraction increases tuna stomach fullness (T = 545

0.01 versus T = 0; on average a di↵erence of ⇠ 0.02 and ⇠
0.20 for DE and BJ configurations, respectively). Tuna-tuna
attraction may lead to a ‘snowballing’ e↵ect [6], where tuna
may end up near a prey rich area by following other tuna. For
instance, if tuna particles are located in the north or south of 550

the domain in the BJ configuration, in the absence of any prey
gradient or FADs, their swimming direction is arbitrary for T =
0, and they are likely to remain here with an empty stomach. If
T > 0 on the other hand, it increases their ability to move
to a prey rich area in the middle of the domain by following 555

other tuna. As a result, tuna-tuna attraction results in less tuna
particles near the northern or southern boundary of the domain,
where prey abundance is low. Hence, tuna stomach fullness is
generally higher if tuna-tuna attraction is included.

While FAD density has no clear e↵ect on the stomach full- 560

ness (Supporting Information Fig. S3), the influence of fishing
strategies on stomach fullness is only weak: on average tuna
stomach fullness is ⇠ 0.02 and ⇠ 0.14 lower for fishing strat-
egy FS0 compared to other fishing strategies for the DE and
BJ configuration, respectively. Fishing strategies determine the 565

amount of depletion and subsequent redistribution of tuna par-
ticles. More e�cient fishing strategies imply that more tuna are
caught and redistributed at a location without the presence of
a FAD, which relieves the tuna density-dependent reduction of
prey near the FAD. As a result, stomach fullness is generally 570

higher for these e�cient fishing strategies.
In the BJ flow configuration, stomach fullness is generally

higher and its di↵erence between FAD associated and non-
associated tuna is more sensitive to tuna behaviour compared
to the DE configuration (Fig. 3). The dominant flow direc- 575

tion in this configuration also helps to continuously transport
FAD-associated tuna through the richest areas of the prey field,
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reducing local depletion and resulting in generally higher stom-
ach fullness. We also tested the tuna stomach fullness in the RW
flow configuration (not shown). In this configuration, stomach580

fullness is generally low (⇠3%). Any tuna swimming behaviour
results in a heterogeneous distribution of tuna particles, which
focuses the depletion of the homogeneously distributed prey
field. As a result, tuna particles are more often located in ar-
eas where the prey field is locally depleted. Since no dominant585

flow direction exists, this situation does not change. Hence, the
tuna stomachs are generally low in this configuration.

Observations of tuna stomach contents indicate a lower stom-
ach fullness for tuna that are caught near a FAD compared to
tuna that are caught while not associated to a FAD (Fig. 3;590

⇠15%) [10, 63, 64, 62]. Note that it is mainly the compari-
son of the relative di↵erence between FAD associated and non-
associated tuna stomach fullness that is of importance here,
since the observed stomach fullness itself is an indirect mea-
sure, varying with a number of covariates, and di�cult to com-595

pare with the stomach fullness in our simulations. Both abso-
lute and relative stomach fullness match well with observations
in both the DE and BJ configuration (Fig. 3), especially for
equal FAD- and prey-driven behaviour (P = F).

3.3. Continuous Residence Times600

Tuna leave a FAD either when they are caught, when another
FAD pulls them away, or when they are foraging and move
away towards an area with high prey abundance. Hence, we
find that stronger FAD dominant behaviour increases Continu-
ous Residence Times (CRT) and prey domainant behaviour de-605

creases CRT, since the former increases the attraction strength
of the FADs, and the latter causes abandonment of the FAD to
hunt prey.

The impact of tuna-tuna attraction (T > 0) on CRT is weak.
Tuna-tuna attraction only has a relevant influence on CRT under610

fishing strategy FS0 (no fishing) in the BJ configuration (Fig.
4d). For FS0, where no tuna is caught and redistributed, the
median CRT depends on how many tuna particles end up in
the middle of the domain at the beginning of the simulation
where prey abundance is high and cause the tuna to leave FADs615

while foraging. Tuna-tuna attraction may result in a higher tuna
abundance in the middle of the domain through a ‘snowballing’
e↵ect, and subsequent greater depletion of local prey [6].

Fishing strategies decrease CRT in our simulations, as re-
moval of individuals from around FADs necessarily cuts short620

their residence at that FAD (Fig. 4d-f). However, this e↵ect
is distinctly di↵erent between ocean flow configurations. In the
case of the BJ configuration, median CRT can be relatively long
in the absence of fishing (FS0). CRTs are shorter in FS3 com-
pared to FS2, because fishing is more e�cient in FS3 and more625

fish are caught, which shortens the median CRT. Fishing strate-
gies FS1 and FS2 do not deviate much, because clustering of
tuna mostly occurs near FADs, and hence the fishing events also
often occur near FADs under both strategies. There appeared to
be little impact of fishing strategy on CRTs under the DE con-630

figuration, where resident times remained very short due to the
accumulation of tuna and FADs in small areas, driving frequent

switching between FADs by tuna (Supporting Information Fig.
S4).

CRT decreases at higher FAD densities (Fig. 4a-c), in par- 635

ticular when tuna behaviour is either prey or FAD dominant
(F , P). This pattern occurs because the increasing probabil-
ity that groups of tuna particles move from one FAD to another.
This switching of tuna from one FAD to another can occur ei-
ther (a) because the other FAD, which has more associated tuna, 640

is located nearby and is more attractive or (b) the prey field is
locally depleted near the current FAD and tuna decide to look
for prey elsewhere due to a low stomach fullness, and associ-
ated with a new FAD in a nearby and more prey rich area.

CRTs varied by flow field, being the longest in the BJ con- 645

figuration compared to the RW and DE configurations, where
the flow has a clear eastward direction, keeping tuna associ-
ated while continually moving into prey rich areas. As a conse-
quence, tuna are unlikely to move away from a FAD to forage,
as they move into prey rich areas while remaining associated 650

with a FAD. RW is the configuration with shortest CRT, be-
cause tuna are most often forced to forage away from FADs in
this configuration.

Median absolute CRT of tuna at FADs are mostly between
1-10 days in the simulations (Fig. 4), but can be several tens of 655

days in some configurations (e.g. Fig. 4c, f), which conforms
to observations [21, 37, 65] (Supporting Information Fig. S5).
Observations in drifting (Supporting Information Fig. S5) and
coastal, anchored FAD arrays [21] show an increasing CRT at
higher FAD densities. In our simulations, increasing CRT for 660

higher FAD densities only occurs for a few FAD densities in the
DE and BJ configurations (Fig. 4b,c), although these do broadly
match with FAD densities present in CRT observations. CRT
can increase with FAD density, first because more FADs cover a
larger part of the domain and will associate more tuna particles. 665

Second, the same number of fishing events is distributed among
more FADs. Hence, the probability reduces that a fishing event
occurs at a specific FAD if the FAD density is higher, and the
CRT of tuna associated with this FAD increases.

3.4. Tuna catch 670

We find that tuna catch is also sensitive to di↵erent be-
havioural parameters, flow configurations and fishing strategies
in our simulations (Fig. 5). Catch is generally higher in those
configurations that result in a more heterogeneous distribution
of tuna particles, as our fishing strategies generally target ag- 675

gregations. This is particularly the case for FAD dominant tuna
behaviour (Fig. 5). Hence, FAD dominant behaviour results in
a higher catch compared to prey dominant behaviour, if it adds
to the heterogeneity of the tuna distribution (especially for the
RW flow; Fig. 5d). However, tuna-tuna attraction influenced 680

catch only weakly.
The e↵ect of fishing strategy varies markedly with ocean flow

configuration. Within the BJ and RW flow, targeting of FADs
with many associated tuna (FS3) always results in higher catch
than targeting of random FADs (FS2). However, this relation- 685

ship is reversed in the DE simulations (Fig. 5e), due to the
concentration of particles in the centre of the eddies, and the
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Figure 4: Median of the tuna Continuous Residence Times (CRT) at FADs in simulations with the Random Walk (left) Double Eddy (middle) and Bickley Jet
(right) flow, averaged over parameter values with FAD (F > P), prey (F < P) and without (F = P) dominant behaviour. (a)-(c) Median CRT at di↵erent FAD
densities (fishing strategy FS2 and T=0; notice the logarithmic vertical axis). (d)-(f) Median CRT for di↵erent fishing strategies and values of T (FAD density
F=20). Notice the logarithmic color scale.

Figure 5: Average catch of tuna particles per day in simulations with the Random Walk (left), Double Eddy (middle) and Bickley Jet (right) flow, averaged over
parameter values with FAD (F > P), prey (F < P) and without (F = P) dominant behaviour. (a), (b), (c) Catch at di↵erent FAD densities and F , P values
(fishing strategy FS2 and T=0). (d), (e), (f) Catch for di↵erent fishing strategies and values of T (FAD density F=10).
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density-dependant attraction towards FADs with many associ-
ated tuna becomes very strong. Since, the FS3 strategy reduces
the number of associated tuna at densely populated FADs be-690

fore assocations can grow to a substantial number, the attraction
strength of FADs is reduced compared to the attraction strength
of the prey field. As a result, mean catch actually decreases
compared to evenly targeting FADs throughout the domain.

Interestingly, the targeting of random tuna particles in the695

domain (FS1) often results in a higher catch than random FAD
fishing (FS2). Since FS1 picks a tuna particle at random to
determine the fishing location, when tuna are heterogeneously
distributed, it is likely that the fishing event occurs in an area
with a lot of aggregated tuna, independently of whether those700

fish are associated with a FAD or not.
An optimal FAD density often exists where catch is maxi-

mized under the FS2 strategy (Fig. 5a, c). When FAD density
is very low, only a fraction of the available tuna particles in the
domain associate and are exposed to fishing, with the maximum705

possible aggregation limited by local depletion of prey. At very
high FAD densities on the other hand, all available tuna parti-
cles are likely to associate with a FAD, but will be distributed
over more FADs and the probability that a fishing event occurs
on a large aggregation is reduced.710

This optimum FAD density does not occur under the DE flow
configuration. As this scenario results in very dense accumula-
tion of FADs between which tuna switch frequently, targeting
any FAD in the domain is likely to yield the same catch. As with
our other results, the impact of tuna having generally emptier715

stomachs in the RW configuration reduces the time they asso-
ciate and aggregate at FADs due to their increased need for for-
aging under greater competition, which subsequently reduces
the total catch (Fig. 5a, d).

We do not compare the catch in our simulations with obser-720

vations, because the number of tuna particles themselves cannot
directly be compared to caught tuna biomass. Hence, if these
simulations are compared to catch data, it can only be compared
to the relative catch in di↵erent configurations. However, ob-
served catch data represents many configurations of e.g. ocean725

flow, FAD density at the same time, and tuna catch is highly
variable as a result. Moreover, general catch dynamics (e.g. the
dependence of catch on FAD density as with Continuous Resi-
dence Times; CRT) are not known.

4. Discussion and outlook730

Using the new particle-particle and particle-field interaction
functionalities of the Parcels framework, we have developed an
Agent-Based Model (ABM) of tuna behaviour. In this ABM,
tuna is advected by ocean flow while interacting with drifting
Fish Aggregating Devices (FADs), prey and other tuna.735

The ABM presented here can be described by a small num-
ber of rules, but which allow for both direct and indirect in-
teractions between components in the system to occur. The
model was able to simultaneously produce many of the dynam-
ics observed in the real ocean, such as the distribution of tuna740

among di↵erent FADs, their stomach fullness and the tuna con-
tinuous residence time near FADs. These emergent properties

most consistently matched observations when simulated tuna
behaviour was driven equally by both FADs and prey (F = P).

However, testing the ABM in several idealised configurations 745

of oceanic regime, we found that the flow and prey field con-
figuration has a major impact on these emergent metrics. For
instance, the dominant flow direction in the Bickley Jet sce-
nario helps to reduce local prey depletion by large associated
aggregations of tuna, allowing for a longer residence in the area 750

around FADs without hunger causing dispersal due to foraging.
Conversely, when there is an accumulation of particles due to
flow as is the case in our Double Eddy scenario, concentration
of both tuna and FADs occurs, with high levels of prey deple-
tion and switching by aggregations in the centre of these ed- 755

dies. Hence, the flow configuration determines the timescales
at which tuna get close enough to a FAD to associate with it. In
contrast, our simulations under a null, random-walk flow con-
figuration, unrepresentative of the equatorial areas where tuna
interact with FADs, resulted in far fewer of the real world pat- 760

terns being replicated.
Great variability has been observed in the dynamics of trop-

ical tunas around fish aggregating devices, causing suggestions
of behavioural modes switching [24], high day-to-day variabil-
ity in biomass detected by echosounder-equipped buoys [5], 765

and mass abandonment of FADs by fish at the same time [11].
Here we have shown that such variation can occur at similar
magnitudes purely as a function of changes to the flow field in
which tuna and FADs find themselves, an oceanographic fea-
ture rarely incorporated into fisheries analyses [66]. 770

The highly interactive nature of our agents mean that many of
the emergent properties are highly sensitive to the fishing strat-
egy. Beyond simply the depletion of tuna causing a reduction
in the number of associated particles at a FAD, fishing events
also relieve the density-dependent negative feedback of those 775

associations, which deplete their surrounding prey field, whilst
simultaneously reducing the positive feedback of FAD attrac-
tion caused by those large associations. This leads to counter-
intuitive dynamics, such as targeting of tuna-associating with
FADs for fishing actually increasing the mean residence time 780

of fish, as it supports the remaining fish to stay associated for
longer with lesser depletion of local prey around the FAD forc-
ing a large association to fragment away from the FAD in search
of food.

The ABM we have presented in this study remains idealised 785

and with few parameters directly informed by data. However,
such simulation models could be considered opaque thought-
experiments [67], capable of exploring the potential mecha-
nisms that lead to observed patterns and bracketing their un-
certainty. Here we have shown that, for the set of biologically 790

plausible assumptions we have structured our model on, realis-
tic flow and prey fields are a requirement for observed dynamics
to emerge. However, we also include a considerable flexibility
in the behavioural parameters that can be used to examine more
specific cases. Similarly, the real-world data that we have used 795

for comparison of these dynamics have likely been observed
across a range of ocean flow fields, tuna prey distributions, FAD
densities and possibly even behavioural modes. Our ABM re-
mains a hypothesis testing tool, where each of these compo-

11

.CC-BY 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted September 22, 2022. ; https://doi.org/10.1101/2022.09.20.508652doi: bioRxiv preprint 

https://doi.org/10.1101/2022.09.20.508652
http://creativecommons.org/licenses/by/4.0/


nents can be controlled. For example, tropical tuna behave dif-800

ferently among di↵erent species and size classes. Bigeye tuna
(Thunnus obesus) associate with FADs during their small, ju-
venile stage, and slowly spend less time doing so as they grow
and develop physiological adaptations to feed at depth. Al-
though our ABM does not directly distinguish between di↵erent805

tuna types, several parameters (e.g. F , P) in the ABM deter-
mine the relative strength of di↵erent dynamics on the tuna be-
haviour. Hence, di↵erent of these parameter values may apply
to these di↵erent classes or species, changing through time with
the age of the fish.810

We have chosen idealised flow and prey fields at the 1� scale
to compare simulations across. This is typically the minimum
scale at which tuna populations are modelled, and below which
model processes are assumed to be homogeneous. Since these
configurations are idealised, the distribution of tuna and their815

catch can be explained by known properties of the flow, prey,
and interactions with FADs at this sub-grid scale. However, a
question remains how these dynamics could be incorporated
into ocean basin-scale tuna models [68]. For instance, these
ocean basin-scale tuna models could use sub-grid scale param-820

eterisations that are informed by similar ABM simulations of
this paper. Identifying important sub-gride scale mechanisms,
such as the impact of flow or FAD density on catch, then
allows development of their incorporation into population-level
models. This could be explored through alternate function825

responses, or as covariates in analyses that use catch per unit ef-
fort (CPUE) as an indication for population size. Furthermore,
output from state-of-the-art hydrodynamic and biogeochemical
models, or tuna species-specific habitat fields [68], could be
incorporated to further test the ability of this or existing tuna830

ABMs [29] to replicate tuna-FAD dynamics in a more realistic
scenario. In such an application, the prey field could be based
on the underlying Eulerian model simulation and will be
more compatible to the flow. Such a realistic setting may be
applied to simulations in a future scenario, in order to test the835

influence of climate change on the distribution of FADs and its
implication on their interaction with tuna. Applying the ABM
in a realistic setting may require di↵erent fishing strategies.
FS2 and FS3 are rather extreme cases where fishers either have
no or almost complete knowledge on where the tuna is located.840

In reality however, their knowledge about the locations of tuna
is likely somewhere in between fishing strategies FS2 and FS3.

The variability in simulated catch shown in this study high-
lights interesting questions regarding the relationship between845

catch, the density of FADs in a region, and whether certain
model configurations will lead to a nonlinear response of catch
to tuna abundance (so-called hyperstability or hyperdepletion).
For example, the idealised scenarios we have explored in this
study have shown that simulated catch from the same popu-850

lation size of tuna can change by a factor of two, purely as
a result of di↵erent flow and prey field configurations, while
all other parameters remain constant. Our tuna ABM could be
used to investigate the dependence of catch levels on these pa-
rameters, across di↵erent tuna abundance under di↵erent model855

configurations. Examination of FAD-tuna observations, includ-

ing catch, could where possible include in-situ oceanography to
further test the hypotheses of our model. Such analyses would
provide a better understanding of how to interpret catch data,
potential levels at high stable populations may collapse, or pa- 860

rameterize tuna-FAD dynamics at a large-scale typically used to
model their population dynamics and provide scientific advice
on their management.
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D. Gordo, V. Gallego-Alcalá, D. Gómez-Ullate, Tuna-ai: tuna biomass975

estimation with machine learning models trained on oceanography and
echosounder fad data, arXiv preprint arXiv:2109.06732 (2021).

[27] J. Lopez, G. Moreno, C. Lennert-Cody, M. Maunder, I. Sancristobal,
A. Caballero, L. Dagorn, Environmental preferences of tuna and non-tuna
species associated with drifting fish aggregating devices (dfads) in the at-980

lantic ocean, ascertained through fishers’ echo-sounder buoys, Deep Sea
Research Part II: Topical Studies in Oceanography 140 (2017) 127–138.
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