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Evolutionary impact of size-selective harvesting
on shoaling behavior: Individual-level
mechanisms and possible consequences for
natural and fishing mortality
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Intensive and size-selective harvesting is an evolutionary driver
of life-history as well as individual behavioral traits. Yet,
whether and to what degree harvesting modifies the collective
behavior of exploited species is largely unknown. We present
a multi-generation harvest selection experiment with zebrafish
(Danio rerio) as a model species to understand the effects of size-
selective harvesting on shoaling behavior. The experimental sys-
tem is based on a large-harvested (typical of most wild capture
fisheries targeting larger size classes) and small-harvested (typi-
cal of specialized fisheries and gape-limited predators targeting
smaller size classes) selection lines. By combining high resolu-
tion tracking of fish behavior with computational agent-based
modeling we show that shoal cohesion changed in the direction
expected by a trade-off between vigilance and the use of social
cues. In particular, we document a decrease of vigilance in the
small-harvested line, which was linked to an increase in the at-
tention to social cues, favoring more cohesive shoals. Opposing
outcomes were found for the large-harvested line, which formed
less cohesive shoals. Using the agent-based model we outline
possible consequences of changes is shoaling behavior for both
fishing and natural mortality. The changes in shoaling induced
by large size-selective harvesting may decrease fishing mortality,
but increase mortality by natural predators. Our work suggests
an insofar overlooked evolutionary mechanism by which size-
selective harvesting can affect mortality and in turn population
dynamics of exploited fish.
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Introduction

Size-selective mortality is an important evolutionary driver
in fishes that typically suffer greater natural mortality in ju-
venile than adult stages (1, 2). Human activities, specifi-
cally capture fisheries, profoundly alter the natural mortality-
based fitness landscape by increasing adult mortality to levels
hardly ever experienced in the evolutionary history of most
fish populations (3). Size-selective mortality imposed by
fishing can foster adaptive responses in terms of life-history
as well as physiological and behavioral traits (4—7). Fishing
can also affect shoaling tendency and collective behavior of
fish (8, 9), with potential consequences for population dy-
namics and food-web functioning (10). However, the mech-
anisms through which size-selective harvesting affects shoal-
ing behavior are largely unexplored.

Shoaling behavior has strong adaptive value in many fish
species, reducing predation risk, increasing foraging effi-
ciency, and reducing energetic costs (11-13). For example,
a classic expectation is that fish increase shoal cohesion in
the presence of predation risk because more cohesive, denser,
and coordinated groups can more effectively confound preda-
tors and consequently reduce their predation efficiency (14).
Shoaling behavior is complex and can be simultaneously in-
fluenced by several variables including predation risk (15),
food availability (16), and light levels (17). In particular, the
trade-off between vigilance (i.e. the frequency of environ-
mental scans) and time spent feeding is a crucial aspect in
determining shoaling behavior in fishes (15, 18). However,
because coordinated movement demands attention to social
cues, there is also a trade-off between shoaling and vigilance.
For example, in three-spined sticklebacks, Gasterosteus ac-
uleatus, more aligned individuals respond slower to an ex-
ternal cue (19), and in herring, Clupea harengus, solitary
individuals respond faster to an external cue than shoaling
individuals (20). Therefore, an increase of vigilance could
weaken social coordination and hence shoal cohesion. Vig-
ilance can also be affected by group size (21-23) and so-
cial behavior (e.g. territorial aggression; 24). Shoaling be-
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havior is a key driver of catchability in fisheries (25), thus 1
changes in shoaling will affect fisheries outcomes. Consid- 13
ering that collective behavior has shown rapid evolution in 14
response to artificial selection in guppies, Poecilia reticulata 13s
(26), size-selective harvesting could move the fitness land- 136
scape of shoaling behavior away from natural optima (3). 1
While a corresponding adaptation to the new fitness land- 1ss
scape is likely to reduce exposure of fish to harvesting, it s
might constitute a novel pressure to exploited populations by 140
increasing natural mortality. 141

The collective mechanisms governing shoaling behavior in '?
fish and other animals can be explained by simple interac- '
tion rules among individuals that are influenced by their re- "
spective neighbours (27-29). Major group-level behavioral *
transitions can be triggered by minor changes in social inter- '
actions at the individual level (30). Therefore, size-selective *
harvesting could affect shoaling behavior by changing indi- "
vidual behavioral traits that influence the interaction rules '
that drive group behavior. However, how shoal cohesion is '
influenced by the trade-off between vigilance and the use of ™'
social cues, or by directly responding to perceived risk, is to '*
our knowledge largely unexplored in general and in response 152
to size-selective harvesting more specifically. In this context, 15
due to non-trivial connections between individual-level and =
group-level behavior, it is important to complement experi- 15
mental data with agent-based models, to 1) identify emergent 157
effects due to self-organized collective behavior not directly s
"encoded" in individual behavior (30-32) and 2) to investi- 15
gate the consequences and mechanisms of individual-level e

adaptations on the dynamical behavior of the group (33). 161

We take advantage of a long-term artificial selection experi- '

ment of zebrafish Danio rerio as a model shoaling species to
understand the effects of size-selective harvesting on shoal-
ing behavior and test potential consequences for natural and
fishing mortality. Zebrafish is a small-bodied non-obligated
schooling species (34). Research on the behaviour of ze-
brafish in the wild suggests that zebrafish also regularly shoal
in rivers and ponds (35, 36), but environmental conditions '
can affect such behavior. For example, zebrafish from slow- !
flowing rivers form smaller and less cohesive groups than ze- '
brafish from fast-flowing rivers, and predation risk is sug-'
gested to increase shoal cohesion both in the wild (36) and
laboratory (37). Swimming in groups can also increase food
exploitation in zebrafish, collectively emphasizing the adap- '
tive value that shoaling has for this species (38). In terms of
swimming behavior, zebrafish exhibits a burst-coast swim- '
ming pattern that is characterized by an “active” and "pas-
sive" mode (39); specifically, during the active mode ze-'
brafish are sensitive to the swimming patterns of conspecifics '
(39), and consequently to other stimuli related to perceived "
risk and vigilance. Overall, zebrafish is a suitable candidate
model to test how size-selective harvesting evolutionary af-
fect the trade-off between vigilance and social information
and its relative impact on shoal cohesion.

163
164
165
166
167

168

182

183

In our experimental system, artificial selection has been im- s
posed on wild-collected zebrafish populations (5), therefore s
the mechanisms investigated here could be relevant for wild s

2 | bioRxiv

shoaling fish populations exposed to intense directional se-
lection. In particular, the experimental lines were subjected
to five generations of opposing size-selective harvesting (5):
large-harvested line (larger individuals harvested; a com-
mon scenario in many fisheries worldwide and in presence
of predators where large individuals are selectively preyed
upon), small-harvested line (smaller individuals harvested; a
possible scenarios in specific fisheries or in the presence of
gape-limited predators that preferentially feed on the smaller
size classes) and random harvested line (control). Previ-
ous results revealed substantial changes in life history, body
size, gene expression, allele frequencies as well as individual
and group behavioral traits (5, 7, 40—44). In particular, the
small-harvested zebrafish selection line increased boldness
during feeding and after simulated predator attacks, while the
large-harvested showed opposed but weaker effects on bold-
ness compared to controls (7). These experimental findings
largely agree with a recent theoretical model that predicted
that large size-selective harvesting could either foster bold or
shy fish, depending on the strength of size-selection and cor-
relations of behavior and growth rate (6).

We hypothesized that the evolutionary effect of size-selective
harvesting on shoaling behavior is based on the trade-off be-
tween vigilance and the use of social cues (12), where an
increase of individual vigilance is linked to a decrease of at-
tention to social cues with consequences in emerging shoal
cohesion. We assumed that the increase of boldness in the
small-harvested line is linked to a decrease of vigilance and
consequently fosters an increase in shoal cohesion (vice versa
for the large-harvested line). Furthermore, we used a com-
putational modelling approach to disentangle the mechanis-
tic process driving the possible differences in shoal cohesion
among the selection lines (Fig. 1). Specifically, we present a
novel burst-coast, agent-based model to link individual-level
traits (e.g., vigilance modeled as burst rate using environmen-
tal vs. social cues) to group-level emergent properties such as
shoal cohesion (Fig. 1). We used high resolution tracking of
individual fish within groups to calibrate and fit the model
to experimental data. This allowed to asses at what extent
the use of environmental vs. social cues drives changes in
shoal cohesion (Fig. 1). Lastly, with the model representa-
tions of the selection lines, we simulated shoaling behavior
in the presence of a natural predator or fishing gear to ex-
plore how size-selective harvesting could affect mortality in
natural and fishing contexts (Fig. 1). In summary, our paper
presents novel experimental data on the possible evolutionary
effect of size-selective harvesting on shoaling behavior, the-
ory and modelling to mechanistically explain the underlying
processes driving the observed changes, and simulated con-
sequences to predict possible effects on fishing and natural
mortality.

Methods

A. Selection lines. Our study system consisted of wild-
collected zebrafish from West Bengal in India (for more de-
tails see 41, 45). The parental wild-collected population was
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C  Shoaling trial

Experimental evolution Behavioural tracking Computational modelling Predictive simulations
High resolution individual Indirect measurement of vigilance via Impact on mortality
) Large ) tracking to assess the effect of a model parameter fitting to test the
s:ze-selec'tlve size-selective harvesting on mechanism driving differences in
mortality shoaling behavior shoal cohesion
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mortality changes in shoaling behavior mortality

Fig. 1. The integrative research framework used here is presented according to four
effect of size-selective harvesting on shoaling behavior (selection occurred during the

major blocks. Experimental evolution in wild-collected zebrafish was used to test the
first five generations and then stopped for eight additional generations; see methods).

Behavioral tracking of individual fish within shoals was performed to measure individual (e.g., speed) as well as group (e.g., shoal cohesion) variables among size-selective
harvesting treatments. Computational modelling was used to underpin the mechanisms governing changes in shoaling behavior. An agent-based model was calibrated
using the experimental results of behavioral tracking; next, we obtained an indirect measurement of vigilance using a model parameter fitting. Finally, the model was used to

simulate different scenarios with the goal to assess how changes in shoaling behavior

experimentally harvested over five generations (5) by expos- 21
ing them to strong directional selection (a harvest rate of 2is
75 percent per-generation) for either small body size (large- 220
harvested line) or large body size (small-harvested line). A 2
third line was harvested randomly with respect to size and 2z
used as a control (random-harvested or control line). Each 225
selection line was replicated twice, which adds up to six 2
selection lines. After five generations the harvesting was 2z
stopped for eight further generations until F13 — a time when 225
the present experimental trials took place. At F9 the large- 227
harvested line evolved a smaller adult length and weight and

higher relative fecundity compared to controls (5). By con- ,,
trast, the small-harvested line showed reduced reproductive ,,,
investment and no change in adult length compared to the ,,
control line (5). Both size-selected lines matured smaller and ,,,
at younger age than the control line (for more details see 5). ,,,
These differences persisted until F13 (42, 43). Overall, the
size-selective harvesting fostered changes in energy alloca- ,,,
tion patterns, with the large-harvested line investing early and
intensively into reproduction, and the small-harvested line in-
vesting early but at low intensity into gonad production and ,,,

more intensively in somatic growth. 238

239
B. Experimental design. We randomly selected 6 groups 2«
of 8 juvenile zebrafish at 30 days post fertilization for each of 2
the selection lines, which consisted of at about 450 zebrafish 242
per selection line (N=12 groups per selection treatment). The 2«
36 groups were housed in three-liter rearing boxes in random 2
order on shelves of the same holding system. Throughout 2
the experiment zebrafish were fed ad libitum with dry food 24
(TetraMin, Tetra), the water temperature was maintained at 2«7
26+0.5 °C and photoperiod at 12:12 h light-darkness cycle 2

Sbragaglia etal. | My Template

in response to size-selective harvesting could affect natural and fishing mortality.

(light on/off at 07:00 and 19:00, respectively). All trials were
run between 09:00 and 14:00. We started the experimental
trials two hours after light-on to avoid measuring mating be-
havior that usually occurs in the first hours after light-on (46).
The movement of the fish from the rearing boxes to the exper-
imental tanks was conducted by gently pouring them together
with the water from the stocking box. The experimental pro-
tocols were approved by the Spanish National Committee and
the Committee of the University of Murcia on Ethics and An-
imal Welfare (CEEA-OH 491/2019).

C. Shoaling trial. We performed the shoaling trials with the
groups of 8 zebrafish at two time points (150 and 190 days
post fertilization when all individuals were adults). Shoaling
was measured in a white round arena (diameter of 49 cm)
with 10 cm of water. The arena was placed on a table behind
a white curtain to minimize disturbance to the fish during the
experimental trials. We recorded behavior using a webcam
(resolution: 1920 x 1080 pixels; frame rate: 30 frames per
second) from about 1m above the arena. Zebrafish were in-
troduced in the experimental arena and left undisturbed for
25 min before starting the experimental trial. Video record-
ing lasted 5 min and after that we measured the standard
length of each fish on a petri dish with millimeter paper anes-
thetizing the fish using a clove oil dilution in ethanol and wa-
ter. First, in order to test repeatability of shoaling behavior,
we analyzed the video recordings at both time points (150
and 190 days post fertilization) with automated behavioral
tracking (EthoVision XT 9, Noldus Information Technolo-
gies Inc.; www.noldus.com). Then, in order to get individ-
ual trajectories, we also analyzed the video recordings at 190
days post fertilization with the idTracker software. The soft-
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ware extracts specific characteristics of each individual and
uses them to identify each fish without tagging (47).

D. Data analysis. We first extract measures of mean inter-
individual distance (i.e., the average distance of a given fish
from all the other fish in the arena) from the output of the
group tracking (150 and 190 days post fertilization), where
we were not able to distinguish the individual fish within
the shoal. Then, we characterized the output of individual
tracking of shoaling behavior at 190 days post fertilization
according to three group-level variables: inter-individual dis-
tance, nearest-neighbor distance (i.e., the distance from a fo-
cal fish to its closest neighbor averaged over all fish, NND),
and polarization (i.e, the absolute value of the mean head-
ing direction). We only considered the frames where all the
shoal members were correctly detected (30 out of the 36 trials
were used; N = 10 for each line treatment). We also calcu-
lated individual-level variables such as speed and burst rate.
In this case, the output of the behavioral tracking was filtered
by excluding frames with a probability of correctly identi-
fying an individual below 0.85. This increased the tracking
quality, but reduced the number of trials used in the individ-
ual analysis (18 out of the 36 trials were used; N = 6 for
each line treatment). The modelling approach explained be-
low focused on burst and coast phases, therefore individual
identification was vital because properties of the burst phase,
as its duration and rate, can be corrupted by tracking inaccu-
racy. Assuming that the remaining inaccuracy was random,
we used a moving average with a Gaussian kernel to correct
it (Figs. S7, S6).

E. Statistical approach for behavioral data. The mea-

sures of mean inter-individual distance derived from the

group behavioral tracking at 150 and 190 days post fertil-

ization were transformed by finding the exponent (A) which

makes the values of the response variable as normally dis-

tributed as possible with a simple power transformation.

Next, we calculated the adjusted repeatability (i.e., after con- ss
trolling for fixed effects of selection lines) according to Nak- s
agawa and Schielzeth (48). The replicates of the selection s,
lines were used as additional random intercepts in the model. 3
The results of the individual tracking at 190 days post fer- s
tilization were analyzed as follows. Group (inter-individual s
distance; nearest-neighbor distance, and polarization) and in- s
dividual (body size, speed and burst rate) measurements were s,
(A) transformed as reported above. Then, response variables

were modelled using linear mixed effects models with selec- a1
tion lines as fixed effect and selection line replicate as ran- s
dom intercepts. Likelihood ratio tests were used to assess the s1s
significant effect of selection lines as fixed effect (95 % con- s1
fidence interval). Considering that zebrafish individual be- a1z
havior is correlated with size (49) and that the size-selective sis
treatments modified the size at age of the selection lines (5), it a1
is conceivable that individual size differences among the se- a2
lection lines could have masked harvesting-induced changes s
in terms of individual behavior. We thus estimated the ef- a2
fect of size (standard length) as a covariate against individual a2
behavior. We implemented a second set of models with a s

4 | bioRxiv
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Fig. 2. A scheme of the model parameter estimation that was used. The green rect-
angle represents the optimizer, which updates the model parameters. The update
runs until the error function, which compares experimental with simulated mea-
sures, is minimal (A). The round arena shows representative experimental (blue)
and simulation (orange) trajectories of an individual of the random harvested line
together with detected burst events (circles; B). The schematic model description
shows that at each burst an individual can follow with probability Ps,. social cues
or with probability Pe,,, = 1 — P, environmental cues (C). The social response
of a focal individual to its neighbours depends on how far away they are, i.e. it is
repelled (r) from close, aligns its orientation (o) with intermediate and is attracted
(a) to neighbours at larger distances, i.e. these zones of behavioral response are
exclusive rings around each individual (C). The plots show velocity and acceleration
of representative experimental (D, F) and simulated (E, G) trajectories.

size-matched dataset. The response variables were modelled
by using linear mixed models and implementing all possible
models (i.e., four) with individual body length as covariate,
selection lines as fixed effect and selection line replicate as
random intercepts. Likelihood ratio tests were used to assess
the significant effect of selection lines and body length (95
% confidence interval). All statistical analysis were imple-
mented using R 3.5.0 (https://www.R-project.org/).

F. Shoaling model (burst and coast model). To unravel
the mechanistic underpinning of our experimental results,
we implemented a burst-coast-agent-based model (Fig. 2;
Movie S1; Tab. 1). We built this model with the purpose to
represent the experimental data and to assess at what extent
the use of environmental vs. social cues drives changes in
shoal cohesion (Fig. 1). Therefore, the model is not intended
to represent evolutionary mechanisms, but rather to investi-
gate the mechanisms driving the experimental results linking
individual-level traits (e.g., swimming speed and burst rate
using environmental vs. social cues) to group-level emergent
properties such as shoal cohesion (Fig. 1). In order to do that,
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F Shoaling model (burst and coast model)

value

symbol LH RH SH unit description
repulsion range T 392 444 471 cm agents closer than 7, repel each other
alignment range To Ty cm agents at a distance of r, <7 < r, align with each other
attraction range Ta 15.84 18.45 19.5 cm agents at a distance of r, < r < r, attract each other
burst force F 215.1 2344 193 cm/s? acceleration strength during bursts
prob. of social burst Psoe 0.5 0.71 0.74 1 probability to follow social cues during a burst event
burst duration tp 0.089 0.091 0.097 s duration of a burst
burst rate 5y 5.7 6.3 4.7 1/s frequency of burst events per second
friction coefficient 15} 2.51 1/s deceleration strength due to friction (always active)

Table 1. Model parameter overview The blue colored parameters (burst force, probability of social burst) are estimated by fitting the NND and the mean individual speed
of the model simulation to the experimentally observed values. The other parameter could be estimated without explicitly simulating the model. The alignment range r,, of
each selection line is identical to the corresponding repulsion range ., i.e. there is no alignment zone. The friction coefficient is the same for all selection lines. The lines are

abbreviated by LH: large-harvested; RH: random-harvested and SH: small-harvested.

we reproduced the burst-coast swimming typical of zebrafish e
by a burst phase, initiated at a rate v, in which a fish ¢ accel- s
erates along a constant force (F};) for the duration of the burst sss
(tp). If the fish does not burst, it coasts (i.e. its acceleration s
force is zero F; = 0) by decelerating due to friction (friction ses
coefficient [3) and keeps its heading direction (éH .#)- This be- s,
havior corresponds to the changes in position 7; and velocity s,
¥; according to a7t

372

dF:
% =0, T =vi(cosp;,sing;)T = vié|; (1)
dv; dp; 1 o
e —Bui+ F) 4, o 1, (2)

375

with v; and ¢; being the fish speed and its heading direction,
which are altered by the force components parallel F) ; and *”
perpendicular F'| ; to the heading direction €| ;, respectively
(50). 379
We represented the trade-off between vigilance and the use of 3
social cues in the following way. During each burst, the fish !
decides whether to react to social (i.e., other conspecifics) or *?
random environmental cues with probability Pj..;,; and 1 — 3
Pjocial, respectively. The reaction strength F' = |ﬁ | is in both %+
cases the same, only the force direction distinguishes them. 3
The vigilance is the rate of bursts based on environmental ¢

information 387
388

(3) se0

390
The social force direction fsoc is implemented according to s
a well-established three-zone model (30). A fish reacts by a2
turning away to avoid collisions at short distances r < 7., ass
by aligning at intermediate distances 7, < r < 1,, and by as
being attracted at large distances r, < r < rq (Fig. 2C). The ses
direction of the alignment force of fish ¢ is the sum of the as
velocity differences ¥;; = ¥; — ¥; to its nearest neighbors in s
the alignment zone.
We assume interactions with the nearest neighbors (Voronoi s
tesselation 51). If multiple zones are occupied including 4o
the repulsion zone, alignment- or attraction neighbors are ig- 4o
nored. Otherwise, the force direction is the weighted average s
of the alignment- and attraction-direction. The weights are s
the number of neighbors in the respective zone.

Yenv = ¥+ Pepy =1+ (1 _Psocial) .

398

404
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The environmental force direction fem, is random if no threat
is detected (see Sect. G for possible threats). This is mo-
tivated by the fish misinterpreting non-controllable random
perturbations (e.g. water reflections) as a threat and respond-
ing to them accordingly.

Additional parameters describing the repulsion force from
the wall are avoided by a parameter free wall-avoidance
mechanism ensuring that the fish avoids the wall while pur-
suing its intended direction (Movie S2, see SI for details).
An overview with a short description of all model parameters
is given in Tab. 1.

F.1. Parameter setting. For the model to resemble the experi-
mental data (Fig. 2B, D-G) we directly measured the parame-
ters if possible, or minimized the error of the simulations with
respect to experimental data via an optimizer (Fig. 2A). Six
of the eight parameters were inferred from experimental data
without the need to explicitly run model-simulation (black
colored parameters in Tab. 1). The remaining two (blue col-
ored parameters in Tab. 1) were set by repeatedly simulating
the model and reducing the error to the experimental values
of the group structure (i.e. NND) and the individual dynamics
(i.e. average individual speed), as described below (Fig. S2).
We aimed at explaining the differences in NND between the
selection lines. Because any of the eight parameters could
contribute to the differences, we estimated each parameter
for each selection line separately. However, the friction co-
efficient is assumed to be the same for all lines because it
was not behavior dependent and size effects were found to be
negligible (see SI Sect. II. A).

The simulation-free parameter estimation was possible for
the friction coefficient 3, burst-rate v and -duration ¢; and for
the range of each social zone (r,,7,,74). We split individ-
ual trajectories in burst and coast phases. A burst phase of a
shoaling fish is characterized by an increase in its speed. The
friction coefficient (3 is the deceleration during coast phases
(Fig. S5). (tp) was the mean burst length and (y) the mean
number of burst events per time unit. However, they are dif-
ferent from the model parameters ¢, and . Burst events
can overlap each other and consequently reduce the measured
burst rate and prolong its duration (Fig. S2D). By a simple
binary time series generating model we took account for this
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effect (See SI Sect. II. A). 461
We set the range of each social zone by minimizing the an- «:
gle (error) between the predicted and the experimentally ob- s
served direction after a burst (Fig. 2A, SI Sect. II. A). The s
predicted burst direction of a fish is the social force direction s
computed from its neighbors relative position and velocity «s
(See SI Sect. II. A). 467
A simulation-based parameter estimation was necessary
for the burst force F' and the probability to respond to so- 4
cial cues Ps,.. We minimized the squared differences (error)
between the simulated and experimentally observed values +7°
of the nearest-neighbor distances and the average individual "
speeds. Both measures are emergent properties of the model 42
which require its explicit simulation (Fig. 2A). The differ- +°
ences were standardized by their experimental standard devi- 7
ation (SI Sect.Il. B). We restricted the search space by setting +
lower and upper bounds for the parameters(see SI Sect. II and +7
Tab. S2). We did not minimize the error to the experimen-
tal polarization because (i) it does not differ between selec-
tion lines, (ii) the width of the orientation zone, mostly influ- *"®
encing the polarization, is already estimated from data, (iii) “"°
boundary effects could affect it (i.e., fish might be attracted **
to the wall but avoid it at close ranges, which could lead to *'
a confounding alignment with the wall). For the minimiza-
tion we applied the covariance matrix adaptation evolution **°
strategy (CMA-ES; (52)), from the Python package pycma ***
(53) which is a good choice for a multi-modal, noisy error- *
landscape. “
487
G. Predator and fishing simulations. We used the agent- ***
based model representations of the three selection lines to in- *®°
vestigate whether the size-selective harvest could impact the *°
ability of the shoals to evade a natural predator and differ- **'
ent fishing gear. We simulated N = 30 shoaling fish in a*?
box of size L = 100 ¢m with periodic boundary conditions. “*
Three scenarios were considered: (i) natural predation - in-
cluding the confusion effect (14) - by a single mobile preda-
tor following the closest fish; (ii) fishing by a single agent o
without information about the position of the shoal (random 4
search, similar to a fisher on a boat without an echo sounder); ,,,
(iii) fishing by multiple aligned agents moving on a straight ,,,
line towards the center of mass of the shoal (e.g., commercial 4
trawling informed on the position of the shoal). 499
In contrast to the simulation with only shoaling fish, now
the environmental force direction fenv is given by a direct
avoidance force (repulsion) away from the simulated preda- e
tor/fishing agent, if it is detected. The detection probability is
maximal up to the detection distance 7y =7 cm ~ 3BL, and o
it decays linearly until it equals zero at r = 35 cm ~ 14B L. .
All additional parameters for the three scenarios are ex-°”

plained below (summarized in Tab. S3). o0°
507

G.1. Natural predator. The predator moves directly to the sos
closest fish (Movie S3) with v,; = 20, 25, 30, 35 cm/s, s
which is larger than the average speed of shoaling fish ({v) == st
15 em/s) because predators are usually larger than prey and s
therefore can swim faster (54, 55). Most predators attack a s
specific fish and therefore need to focus on it before attack- si

6 | bioRxiv

ing. The so-called confusion effect (56), the disruption of the
predator focus by a large number of individuals who are diffi-
cult to distinguish by phenotype and movement, is believed to
be one key benefit of group living (12). We model the proba-
bility of a prey to be successfully captured if it is closer to the
predator than rcqpture = Hcm within a small time window
[t,t+ 0t] as

Psuccess,i (t7 5t) = Pcon fuse (t) : "Yaat @)

Here v, = 1/s is a base predator attack rate and peop, fuse(t)
represents the confusion effect that modulates the attack rate.
The confusion term decreases Pgsqyccess With increasing num-
ber of perceived prey Nyey, seq in a sigmoidal fashion (see SI
sect.I. D). Thereby, N, s =4 is the number of sensed shoal-
ing fish at which pcoy, fuse = 0.5 (56), and a fish is sensed if
itis closer than rsepse = 47capture-

G.2. Fishing agents. Fishing agents always capture a shoal-
ing fish if it is closer than 7cqpture = 5 cm. Fishing gears
were simulated by varying the speed of the fishing agents
(Unet = 7.5, 15, 22.5 em/s).

In the single fishing agent scenario (Movie S4), the agent per-
forms a random search with constant speed v,,¢¢. Its angu-
lar change is given by dy/dt = 6,£(t) with £(t) as white
noise. For different speed values the angular noise strength
0, is adapted such that the persistence length is constant
0y = 0py\/Unet, 1. the change in angle after travelling a
certain distance is independent of its velocity (see SI sect.l.
E).

In the multiple aligned fishing agents scenario (Movie S5),
the agents (Vs = 50; red) are aligned on a line spanning L /4.
After travelling for a distance L/2, the fishing agent array is
recreated at a distance of L/4 away from the center of mass
of the shoal and restarts its movement in its direction.

Results

A. Shoaling behavior. We found that mean inter-individual
distance was repeatable across time (Rgq = 0.51[0.21 —
0.79];p < 0.001; group tracking at 150-190 days post fer-
tilization). The results of the individual tracking at 190 days
post fertilization indicated a significant effect of the selec-
tion lines on mean inter-individual distance, independently
of measuring it in cm (xé) = 8.8; p < 0.05) or mean body
length (X%g) = 7.4; p < 0.05; Fig. 3A). By contrast, we
found a trend of selection lines on mean nearest-neighbor
distance when measuring it in cm (X%g) =5.3; p=0.070;
Fig. 3A), while it had a significant effect when measur-
ing it in body length (X%z) =7.8; p <0.05; Fig. 3A). In
particular, the large- and small-harvested lines tend to form
less and more cohesive shoals than controls, respectively
(Fig. 3A). Moreover, we did not find a significant effect
of selection lines on group polarization (X(22) =07 p=
0.716; mean and standard deviation across selection lines:
0.40 = 0.06). We also found a negative correlation (Rc =
—0.38; F(LQS) = 12.5; p < 0.01) between mean nearest-
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neighbor distance and the previously documented group risk-
taking behavior (Fig. 3B; note that in this study we used the
same groups of fish previously used to test group risk-taking
behavior (7), but tested at different days post fertilization).
Furthermore, the inter-individual distance and the nearest-
neighbor distance also showed a strong positive correlation
(Rc = 0.88; F{1,28) = 207.2; p < 0.001), which means that
the change in inter-individual distance was not related to a
split of the main group into multiple subgroups.

B. Fish body size and individual behavior in the shoal.
As expected, the body size at age of the experimental fish var-
ied significantly among the selection lines (X%g) =283;p<
0.001; Fig. 3C). The individual burst rate within the shoal
was significantly (X%g) = 44.6; p < 0.001) different among
selection lines. Specifically, the small-, but not the large-
harvested line, bursted less frequently than controls (Fig.
3D). Furthermore, the individual swimming speed was sig-
nificantly (ng) =47.8; p < 0.001) different among selec-
tion lines. Again, the small-, but not the large-harvested line,
showed a slower swimming speed than controls (Fig. 3E).
Note that the burst rate showed a positive correlation with the
swimming speed (R = 0.51; F{(q 142) = 148.6; p < 0.001;
Fig. 3F), which suggests that differences in burst rate was the
main cause of variation in swimming speed.

To control for possible confounding effects of body size, we
composed a subsample of the dataset with size-matched in-
dividuals without significant (X%Q) = 1.1; p = 0.592) differ-
ences in body length among the lines (Fig. 3C). The above
mentioned differences in speed and burst rate among the se-
lection lines were still significant for both burst rate (X%g) =
34.1; p <0.001; Fig. 3D) and speed (X%z) =32.6; p<0.001;
Fig. 3E) when the subsample of size-matched individuals
was used in the analyses. Moreover, body size did not relate
to burst rate (X?g) = 0.03; p = 0.858) and swimming speed

(X% =04; p=0.519).

C. Mechanistically linking micro-level interactions
among individuals with macro-level collective out-
comes. We allowed each parameter except of the friction
coefficient to vary between the model representations of the
selection lines (parameters summarized in Tab. 1). The se-
lection lines were about equal in burst duration (¢;) and the
differences in burst rate () corresponded qualitatively to the
experimental equivalents (Fig. 3D). The range of the social
zones (r,,7,,7q) differed in the same manner as the experi-
mentally observed body lengths (Fig. 3C), i.e. the on aver-
age smaller fish (LH line) have a shorter repulsion, orienta-
tion and attraction zone and vice verse for the larger fish (SH
line). The probability to follow environmental cues (Pey,y,
Fig. 4A) and the burst force (F), inset Fig. 4A) were set
such that the model representations of nearest neighbor dis-
tance (Fig. 4C) and mean individual speed (Fig. 4D) were as
close as possible to the experimental data. Interestingly, the
closely related vigilance (product of burst rate and Pe,,,,) was
greater than control for the large-harvested line, and lower
for the small-harvested line (Fig. 4B). The same qualitative

Sbragaglia etal. | My Template

B Fish body size and individual behavior in the shoal

As.0-

o

_10 3.5
354 .5
—_ a + F ! — 3010
2 3.0 1 = 5 2
2 ; 2 =1
251 | “4
= + Z 2.0
2.0
1.5
LH RH  SH 50 100 150

surface-time (risk-taking) [s]

N
o
!

body length [cm] n
N
w
—0—
T
“o—
-
O
=
burst rate y [1/s] D
w w H
o U o
-
T
o
o

=
&
!
N
&
1

LH RH SH LH RH SH

m

>
o
1

o

LH RH SH 5.0 7.5
speed [bl/s]

speed [bl/s]
o
o
21,
—9
-
burst rate y [1/s] =T1
N w w
U o u

Fig. 3. Group level results at 190 days post fertilization for mean nearest-neighbor
distance (in body length; A) and inter-individual distance (in body length; inset A)
together with the correlation between mean nearest-neighbor distance and previ-
ously documented group risk-taking behavior (i.e. time spent feeding at the surface
at 230-240 days post fertilization, B; see (7) for more details). Individual level re-
sults for body size (C), burst rate (D), and speed (expressed in body length per
second; E) as well as the correlation between burst rate and speed (F). The se-
lection lines are indicated by different colors (red=LH: large-harvested; black=RH:
random-harvested; blue=SH: small-harvested). Vertical lines with circles (C-E) refer
to the entire data set (N = 48), while lines with squares refer to the subsample of
size-matched individuals (N = LH: 24; RH: 36; SH: 40). The bold circle and square
represent the median and vertical lines represent the first (25th percentile) and third
(75th percentile) quartiles. Triangles and crosses (A) correspond to raw data of the
two different replicates.
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Fig. 4. Fitted model representation of the different selection lines. In order to resem-
ble the experimental observations the probability to follow environmental cues (A)
and the burst force (inset A) were set for each selection line. The vigilance e ., 12
is the product of P.,. and the burst rate v (B). The average nearest neighbor 13
distance (NND, C) and the average individual speed (D) are emergent properties 6
of the model and were used to quantify how well the parameters (Pey,., ,) repro-
duce the experimental observations. Triangles represent the model parameters or 815
the simulation outcomes of the parameter set with the best match to the experi- 616
ment. Dashed lines (A, B) represent a parameter set of a different initialization, and 6
therefore show the robustness of the best matching parameter set (triangles). The
horizontal solid lines (C, D) represent the experimental values. Note that in contrast 618
to Fig. 3 units are in ¢m because the modelled agents have no body length. The 619
selection lines are indicated by different colors (red=LH: large-harvested; black=RH: 620
random-harvested; blue=SH: small-harvested).

14

17

621

622
differences were reported for group risk-taking behavior in

a previous study, where behavior was measured at different o
days post fertilization ((7);, see also Fig. 3), thus results are )
robust. A possible mechanistic explanation for the observed #
differences in cohesion is that the bolder individuals of the ™
small-harvested line were less vigilant, which causes them 4
to respond less frequently to environmental cues, in contrast y
to social cues, which consequently increased their cohesion o
(vice versa for the large-harvested line). To substantiate this o0
explanation we re-estimated the parameters F, Py, by en- o
forcing that all selection line shared the same Pe,,,. Without *
the ability to differ in Py, and thus in vigilance, the model °*
representations were unable to reproduce the experimentally o
observed cohesion pattern (Fig. S12). o

2

636

637
D. Mortality rates in the predator and fishing contexts. e
The simulation results showed that if the natural predator ess
moved slow, both size-selected lines had a higher mortality e«
rate than controls (Fig. 5C). By contrast, when the preda- e
tor moved faster, the large-harvested line experienced higher e
mortality than the controls, while the small-harvested line did e«
not showed major differences. In both fishing scenarios (Fig. ss
5D, E), the large-harvested had a lower mortality rate than es
the control, and vice versa for the small-harvested line (Fig. e«
5D, E). Note that when the confusion effect was turned off, s
the mortality rates observed in the natural predator scenar- es
ios were similar to those of the fishing scenarios (Fig. S3B). e
It suggests that the differences in group cohesion among the eso

8 | bioRxiv

selection lines (Fig. 4C) influenced the mortality rate of the
natural predator (i.e., the confusion effect is stronger in more
cohesive shoals because individual fish are at lower risk in
denser regions, which could be applied also to relative posi-
tion within the shoal). The confusion effect as explanation
is further supported by the average distance of the shoaling
fish from the predator/fishing agent. The distance was greater
than control in all the scenarios for the large harvested line,
and vice versa for the small harvested line (Fig. S3 I-P).
Thus, the fish shoals avoid the natural predator as well as
they avoid the fishing agents but the predator is confused by
the cohesive shoaling (for details see SI Sect. III).

Discussion

We showed that five generations of size-selective harvesting
followed by eight generations during which harvesting halted
left a legacy in terms of shoaling behavior. Shoal cohesion
changed in the direction expected by the trade-off between
vigilance and the use of social cues (12). In particular, using
the agent-based model, we revealed a decrease of vigilance
in the small-harvested line that was linked to an increase of
attention to social cues, leading to more cohesive shoals (vice
versa for the large-harvested line). We also explored possi-
ble consequences for fishing and natural mortality. Specifi-
cally, the shoaling behavioral changes induced by large size-
selective harvesting (i.e., a typical selectivity pattern in many
fisheries) may decrease mortality in fishing scenarios, but in-
crease natural mortality.

The results of the burst-coast, agent-based model linked bold-
ness with shoal cohesion and provided a mechanistic expla-
nation of harvesting-induced changes of shoaling behavior
by assuming the existence of a trade-off between social and
environmental information in collective motion (57). Our
model is similar to previous work in terms of splitting the
movement of shoaling fish into an active and passive phase
(27, 39, 58). However, it provides a novel perspective about
collective movements of fish shoals by linking risk percep-
tion and movement decisions. In fact, most previous mod-
els of collective behavior only accounted for social infor-
mation (27, 30, 58-60), while our model explicitly imple-
ments the trade-off between random environmental and so-
cial cues. The previous simulation studies which considered
similar mechanisms (e.g., when moving agents directly react
to a non-conspecific cue as a predator (61, 62) or a food-
patch (63)) allowed the moving agents permanent access to
non-social information without any detriment to the percep-
tion of social cues, i.e. without any attention trade-offs. In
our model, the vigilance limits the general capacity to react
to social cues and thus affects the individual behavior even in
the absence of environmental cues. Another major difference
to most existing models (27, 30, 60, 64) is that the individual
speed is not a model parameter but emerges from the inter-
play of rate, strength and duration of bursts with the tendency
to follow environmental cues. Especially, accounting for the
possibility of individual burst being triggered by either social
or environmental cues adds a novel, yet ecologically relevant
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D Mortality rates in the predator and fishing contexts
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Fig. 5. Simulation snapshots are shown for the predator- and single-fishing-agent scenario (A) and for the multiple-fishing-agents scenario (B); with shoaling fish

in black and the predator and fishing agents in red. The mortality rate, i.e.

prey captured or fished per time unit, was computed for a natural predator moving

with v,e: = [20, 25, ,30, 35] ecm/s (C); for a single fishing agent (D) and for multiple fishing agents distributed on a line (E). The fishing agents moved with
Unet = [7.5, 15, 22.5] em/s indicated by rhombus, circle and triangle, respectively. The shoaling fish had a mean speed of about (v) = 15 ¢m/s. The markers
(C, D, E) represent the relative mortality rates, i.e. the mortality rates were reduced by the mean and divided by the standard deviation of the random-harvested line. The
markers and error bars indicate the mean and standard deviation estimated from samples of 400 simulations of N = 30 shoaling fish in a box of size L = 100 ¢m with
periodic boundary conditions. The colors red, black and blue correspond to the large- (LH), random- (RH) and small-harvested (SH) selection line, respectively.

behavioral dimension to our agent-based model. 693

Our integrative research approach focused on the impact of ***

size-selective harvesting on individual fish behavior and con- *
sequently on the emergent collective behavior. We did not **
considered changes of instantaneous shoaling behavior medi- *’
ated by a direct link between perceived risk and shoal cohe- **
sion (i.e., the higher the risk the more cohesive are the shoals; **°
(37, 65)). In that context, an increase of boldness in the”
small-harvested line could have been linked to a decrease of ™
perceived risk and consequently to a decrease of shoal cohe- 7
sion. However, our experimental results showed the opposite 7
pattern reinforcing the idea that size-selective harvesting can 704
have an evolutionary impact on shoaling behavior mediated 7os
by a trade-off between vigilance and the use of social cues. 7o
The changes of shoal cohesion we documented may also be 77
interpreted in light of a behavioral-mediated resource acqui- 7
sition mechanism that affected size-at-harvest as trait under 7
selection (7, 66). Zebrafish can attain a higher food con- 710
sumption rate when they are in small groups than alone (38). 711
Therefore, the large size-selective harvesting treatment could 712
have removed individuals that fed in small groups because ? 4
such behavior could have provided advantages in accessing e
food and hence increased size-at-harvest; this could have fos- s
tered the evolution of reduced shoal cohesion (and vice versa e
for the small size-selective harvesting). However, previous o
results on the selection lines showed that when assaying indi- e
vidual female sociability, the small-harvested line was found o
to be less social than control, while the large-harvested line o
was not found to differ from controls (42). Thus, we suggest ;N
that direct selection on sociability was not a major driver of oo
the changes in shoal cohesion documented here.

95

00

723
The simulations of natural predation and fishing revealed 724
that the shoaling behavioral changes of the large-harvested 72
line could affect both fishing and natural mortality. Specifi- 72
cally, in our simulations the increase in vigilance of the large- 727
harvested line decreased vulnerability of shoals under a mul- 72
titude of simulated fishing scenarios considering single and 72
multiple fishing agents moving at different speed. Fisheries- 7z
induced evolution of group behavioral traits (i.e. shoal cohe- 7
sion) can have strong repercussions in many shoaling teleosts 7z
when attempting to reduce risk of natural predation (15). Our 73
study suggests that intensive harvesting directed at the larger 7s4
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individuals of a population could shift the fitness optimum
of shoaling behavior in the opposite direction of what nat-
ural selection would favor. Evolution under anthropogenic
selection has been demonstrated to occur within few genera-
tions (3-5, 67-69), and could impede recovery of exploited
population even after harvesting halted (70, 71). Here, we
provide the first functional integration of individual vigilance
into mechanisms governing group dynamics with respect to
fisheries and natural predation.

An alternative mechanism, recently proposed by Guerra et
al. (9), is purely based on group size, which is expected to
decrease in response to fishing harvesting and subsequently
decrease fitness in response to natural predation. Therefore,
it is plausible that fisheries-induced evolution affect multi-
ple traits related to shoaling behavior that could vary depend-
ing from the specific fishing gear used and the ecology of
the exploited species (72). Our work proposes a new mecha-
nism that could increase the natural mortality associated with
fisheries-induced evolution and thereby negatively affect re-
covery, even if harvesting halted.

Previous studies have shown that fisheries-induced evolution
of life histories can substantially increase natural mortality
(73, 74). Elevated and size-selective harvesting promotes the
evolution of a fast life-history, characterized by early matu-
ration and small size, elevated reproductive investment and
reduced post-maturation growth (75). Natural mortality de-
creases with length in fishes (2); therefore a decrease in body
size is linked to an increase in natural mortality. In addi-
tion, an increase in reproductive investment is associated to
an increase in natural mortality due to the cost of spawning
(73, 76). Moreover, elevated and unselective fishing harvest-
ing is expected to increase boldness, which in turn increases
natural mortality (73). Previous experimental results using
the zebrafish selection lines indicated that elevated mortal-
ity in combination with large size-selective harvest decreased
group risk-taking behavior (7), which agrees with recent the-
oretical work (6). Yet, while decreased boldness might re-
duce natural mortality, we propose that the decrease in shoal
cohesion emerging from the evolution of vigilance can be a
further mechanism by which natural mortality increases in
a fisheries-induced evolution context where large individu-
als are preferentially harvested. We therefore extended the
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framework presented by Jgrgensen and Holt (73) for unse- 790
lective fisheries harvest revealing an insofar unknown mech- 7
anism by which fisheries-induced evolution of individual be- 22
havioral trait through size-selection may drive collective out-

comes that may affect natural mortality in shoaling fishes. ,,
This is particularly important in an ecosystem context where

trophic flow between predator and prey is controlled by a

bottom-up mechanism mediated by prey behavior (77). 795
The interpretation of our results has limitations. First, the ;e
selection lines were not exposed to predation pressure dur- ;2;
ing the selection experiment. The evolutionary trajectory of ;s
shoaling behavior could have been dampened by the presence 82?
of predation pressure and could reduce the effects described g,
here in particular for the large-harvested line. Second, shoal 803
ing behavior is inherently complex and other factors that Were oo
not considered here could play a major role. For example, :06
time spent feeding could be traded-off with risk of predation g
(15, 16), or shoal cohesion could be directly affected by light :?Z
levels (17). Most importantly, we cannot exclude that pre- g
senting a real predation risk during the shoaling trial could :2
have changed our results. Such aspect is now under study g4
in a follow up experiment with the zebrafish selection lines. :Z
More research that extends to other mechanisms or ecologi- g,
cal conditions is warranted to test the robustness of our find- :2
ings. Third, we measured the impact of size-selective mor- g
tality at the phenotypic level without providing genetic sup- :z‘
port for evolution. However, previous analyses revealed that g;
genetic changes have indeed taken place in the zebrafish se-* 824
lection lines (5), and we also demonstrated here that shoahng 826
behavior was a repeatable trait, which suggests that it is po- 22;
tentially heritable. Despite such limitations and the fact that g,
we focused on a model species that mainly shoals in small 83?
groups, our study expanded a recently published framework g,
on the effects of fishing on obligate schooling fish (9). We 833
used a non-obligated schooling species (34), which is a be- -
havior that may convey adaptive value in the wild (35, 36), :23
and also showed a response to size-selective harvesting over g
multiple generations. This could render our results of a wider 833
interest for fisheries where many important exploited species g

are non-obligated schooling species (78). 2?2
844

. 845
Conclusions o

847

There is an ongoing debate on the role of fisheries-induced zj:
evolution on population dynamics (79-81). Our results sug- &°
gest that fisheries-induced evolution of shoaling behavior ::;
could increase natural mortality and therefore could 1nd1- 853
rectly contribute to slow down recovery of exploited popu- 855
lation in terms of population biomass. Our results provide an
experimental baseline for understanding the impact of size- g,
selective harvesting, as well as other similar patters where :Zi
survival is strongly influenced by body size, on shoaling be- g,
havior. We hope our study stimulates more research on the 862
effects of fishing and other stressors on shoaling behavior and o a6
possible consequences for population dynamics and fisheries. :22

867
Data and codes availability. Experimental data are available as supple- g

mentary material together with the R code used for statistical analysis. The seo

10 | bioRxiv

code to run the burst and coast model with the fishing/predator scenarios
is available at github (https://github.com/PaPeK/sde_burst_
coast). The optimization was done with a python implementation of the
CMA-ES (https://github.com/CMA-ES/pycma).
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D Mortality rates in the predator and fishing contexts
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I Model description

The burst-coast model intends to mimic the burst-coast swimming behavior of zebrafish (Danio rerio). We assume that a fish
is accelerating only during the burst phase with a constant force of magnitude f3, while no forces are present during the coast
phase implying a deceleration due to friction. The differential equations of motion defining current position 7; and velocity ¥;
of an agent ¢ are:

dr

i _ o 1
7 U (S1a)
dv; L=

= = =BT+ Fi(1) (Sb)

with Fj(t) as a finite social or environmental force vector with |F'(£)| > 0, for fish in the bursting phase. A fish decelerates
passively during the coasting phase, thus the force vector vanishes |F;| = 0. § is the friction coefficient. The velocity change
of Eq.(S1) can be split into the part parallel and perpendicular to the current velocity direction ¥ = v[cos(p), sin(p)]:

dv  dv S dp

@~y o2
dv; -

% = —Bui+F;-e (S2b)
dp; 1 .

;Zf =-F-e,. (S2c)

Note that the v~ ! dependence of the turning rate (Eq. S2c) follows directly from Eq. S1b via a coordinate transformation (50).
In addition it has been verified by experimental tracking data (Fig. S4).

The burst behavior is defined by the burst rate ~y, the burst duration ¢; and the burst force F. In particular the burst force F
governs whether the fish uses social or environmental cues. The fish decides at the start of a burst with a probability Ps,ciq;
whether to react socially to other fish or, with probability 1 — P;,;41, to environmental cues.

The resulting burst force Fis

(S3)

= [ Ffsoe, ifp< Pyoe withp~U(0,1)
F fe,w, otherwise

with F' as the magnitude of the burst force and fem,, fsoc as the unit vectors in direction of the environmental or social cue.
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I. A. Social forces. The social force is motivated by a three zone model (30) consisting of a repulsion zone vanishing at a
distance r,., followed by the alignment zone vanishing at r,, and the attraction zone vanishing at r,. Thus, r, < r, < r4. The
direction of the social forces is computed by

firep =N | D —#ji (S4a)
jESi,r

fiatg=N Z Uji (S4b)
jegi,o

Frate =N D #i (S4c)
jESi,a

with & = &/|z| defining a unit vector, ¥;; = &; — &; as the difference between the vectors of fish j and 4, S; ; is the set of indices
of fish in zone z of fish ¢, and N (Z) = Z is a normalization operator. We assume Voronoi interactions because they provide a
reasonable approximation of visual networks (51) and can be efficiently computed. Therefore, the sets S; , with x € [r,0,a] are
composed only of Voronoi neighbors of fish i. Note that the alignment force is the sum of the velocity difference vectors ;.
Thus, the focal fish ¢ experiences the strongest alignment with neighbours whose velocity vectors differ the most from its own.
If neighbors of fish 7 occupy different zones simultaneously the following rules apply:

o if S, # 0 fsoc = fAT (repulsion dominated)

e if S, =0and S, # () and S, # 0: fsoc = N(|Sa|fa + |So|f0) (weighted average)

I. B. Environmental force. In the absence of a predator the environmental force is modelled as a random force vector. This
models the sensitivity of individual fish to environmental noise (e.g. water reflections, water perturbations, sounds), inducing
false-positive escape responses. In the presence of a threatening agent the environmental force is modelled as a simple repulsion
of the shoaling fish from the simulated predator or fishing agents

; {[cos(g@), sin(p)] with ¢ ~ U(—IL1II) no predator present, S; , =0 (S5)

N (Epesi,p _fpi) otherwise

with U (a,b) being a uniform distribution with a and b as lower and upper bounds, and S; ,, being the set of predator or fishing
agents detected by a shoaling fish ¢. A predator or fishing agent is detected by a shoaling fish with probability

2

—_— Sé6
L4rpi/Tf (56)

Pdetect =

which equals one at r,; = r¢. If Pyegect > 1itis setto 1. 7y is the detection distance which was for all simulations 7y =7 cm.
This value is reasonable because fish should be able to detect a predator when they are likely to be captured 77 > reapture =
5 c¢m but the distance should also be close to r¢qpiure, Otherwise fish would respond too often to non-dangerous cues and
because the visibility in water decays with distance. The randomness is a consequence of the assumption that shoaling fish
misinterpret reflections on the water surface as threats since there were no "real" threats in the experiment.

I. C. Wall-avoidance mechanism. We attempt to design the model as close to the experimental setting as possible and
therefore use a circular boundary. The introduction of parameters describing the repulsion force from the wall was avoided by
the fish following a parameter free wall-avoidance mechanism. It is based on predicting before each burst the future position
7(t1) of the shoaling fish at the next burst (at ¢;nb which stands for “time to next burst”) plus some extra time (at time
t1 = tynp +tp). The extra time ¢y is necessary because the agent can not prevent collision with the finite burst force, if it is at the
next burst inside the tank but directly at, or very close to the wall. The length of the extra time is set to the burst time ¢;, because
if the agent coasts (i.e. uses no force) and does not collide with the wall, any burst force is sufficient to prevent collision if the
agents bursts instead. If the predicted position 7(¢1) is outside of the tank, the force direction is adapted until 7*(¢1) is inside the
tank. Thereby is the smallest possible change in force direction used. This ensures that the shoaling fish avoids the wall while
pursuing its intended direction.

To predict the future position 7(¢1) with t1 = t;nb+t; the solution of the coupled differential Eq. S1 for #(¢) and 7(¢) are used.
Since the x and y components of ¥(t) and #(t) are not coupled with each other, the solutions are computed for each component
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I.D Capture probability of a single fish by a natural predator

separately:
v(t) = (vo—F/B)e "+ F/ (S7a)
r(t) = %(vo—%)(l—e‘ﬁtw% (S7b)

where we omitted the index 7, or 7, for the terms r, F, vg and v for simplicity. The solutions above assume a constant force
F. Therefore, first, the position and velocity after the burst are predicted and then, second, the position after the coast.

I. D. Capture probability of a single fish by a natural predator. If a shoaling fish is closer to the predator than 7cqpture
its probability to be successfully captured within a small time window [t,t 4 dt] is

Psuccess (ta 5t) = Pconfuse (t) : ’Ya(st- (S8)

Here v, is the predator attack rate, and peon, fuse (t) represents the confusion effect that modulates the attack rate. The attack rate
used in the simulations is 7, = 1/s. The confusion term depends on the spatial configuration of shoaling fish around the predator
and decreases Pgyccess the more individuals are sensed (14). A shoaling fish is sensed if it is closer than 7sense = 4 Tcapture-
We assume that it modulates the successful capture probability in a sigmoidal way depending on the number of sensed shoaling
fish Ngensed:

tanh(— (N, — N, +1
Pconfuse = (= sense2d conf)) . (S9)

Here N.opn s = 4 is the number of sensed shoaling fish at which pcoy, fuse = 0.5.

. E. Random movement of angling agent with constant persistence length. The individual fishing agents perform
stochastic movement, with a fixed persistent length independent on their speed. The evolution of the heading angle is given by
dip

= = 0,E(1). (S10)

&(t) « N(0,1) is Gaussian white noise with zero mean and variance of one. 6 = & (vnet) is the angular noise strength whose
exact form and dependence is derived below.

Keeping the persistence length constant is equivalent with keeping the variance in angle constant after the individual fishing
agent travelled a path of length = [. The time needed to travel this path-length is ¢; = [/vy and the variance in angle after
travelling the path is

Var(p)(l,vnet) = (0(1, vnet)?) (S11a)
t 2 tr ot
([ owewar) 1o [ [Tt parar (S11h)
0 0 0
t; ptg t
=67 / S pdtdt’ =67 [ dt (S11c)
0 0 0
=6ot=6 . ! , (S11d)

Here, we used uncorrelated Gaussian white noise, i.e. (£(t)£(t")) = d; 4, with 0, as the Kronecker-delta. If we set 6, =
0y - \/Unet, the variance in angle after travelling a path of length [ is independent of the speed:

l

Unet

=21, (S12b)

Var(o)(l) =6 (S12a)

2
%)
2

II Parameter setting

The model has in total eight parameter, from which six can be directly estimated from experimental measures without the
need to simulate the model. The remaining two parameters can not be directly accessed from data and were estimated by
an optimization. The optimization minimized the sum of squared differences between model emergent properties and their
experimental measured values. For an overview of all model-parameters and how they are set see Fig. S2A. First, section II.
A explains the simulation-free parameter estimation from experimental measures in detail. Second, section II. B explains the
optimization of the remaining parameters by comparing model emergent measures. All model parameters are summarized in
Tab. 1.
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Il. A. Simulation-free parameter estimation. In the model (see section I) an agent can be either in the burst or coast phase,
thus we decompose individual trajectories into these phases. Burst and coast phases are characterized by an increase and
decrease in the speed of the shoaling fish, respectively. In the coast phase the only parameter which defines change in velocity
is the friction coefficient 3 (Eq. S2). Thus, we estimated 5 = 2.51 by the slope of the linear regression between the individual
speed and the average deceleration during coast-phases as shown in Fig. S5. Because the friction force is by definition zero
at zero velocity we fixed the interception point to zero and therefore found effectively the least-square solution of the linear
equation % = —bv. We assumed the same friction coefficient 3 for the model representations of all selection lines because it
is reasonable to assume that friction properties will primarily depend on the cross-section of the fish perpendicular to its their
moving direction. The size differences between selection lines could in principle change the friction (larger individuals have
a larger cross section and therefore a larger friction coefficient), but the differences probably negligible. Note, that we also
assume the same mass for all selection lines and therefore could different average masses also influence the effective friction
(which is strictly the friction divided by the assumed mass). Second, even if they are not negligible or differ in mass, a lower
friction coefficient does impact the speed in the model as does the burst-force. Thus, by allowing the burst force to vary between
selection lines we effectively take account for differences in the friction coefficient.

The average burst duration (¢;) and rate () were estimated by the mean length and frequency of burst periods. For the
large-, random- and small-harvested line the burst duration was (t;) = [0.117,0.123,0.123]s and the burst rate was (y) =
[0.35,0.44,0.38], respectively. In the model a new burst period can start during an already ongoing burst and therefore prolong
the measured burst duration and decrease the rate, as illustrated in Fig. S2D. In consequence, the average estimated burst
duration and rate are different from the model-parameters ¢; and . We approximated them by creating a binary time series
in which at each time-step dt a burst-event happens with probability ~y - d¢t which raises the acceleration from zero to F' for a
duration of ¢,. We simulated this process, computed the average values )t,(x, )y{n (as seen in Fig. S2D) and selected the -y
and t; which minimized the summed square differences to the experimental observed averages for each harvested line. In Fig.
S1 the squared differences are shown. The resulting parameters are reported in Tab. 1.

The burst force F' in heading direction fj, ; can be estimated by adding to the change in speed % the friction coefficient times
the current velocity /3 - v. This results in the mean burst force in heading direction f, ¢ = 95¢m/ s2. However, from Eq. S2 it is
clear that the total magnitude of the burst force is defined as

fo=[Fis+ 15, (S13)

with f; , = ”Cll—f -v (from Eq. S2c¢). Note, that we are using f; instead of the symbol for the model parameter F' because we
expect F' to be larger than f; since the latter is estimated from forces only during the burst-phase. However, the turning force
often started prior to the acceleration in velocity direction and reached its maximum at the start of the burst (Fig. S6C, D). This
suggests that the actual force F' needed to mimic the characteristic zigzag-like swimming of zebrafish is larger than f;. For the
different selection lines we estimated (fy 1. r) = 121.2cm/s2, (fo,rH) = 135.2cm/s2, (fo.5m) = 102.3c¢m/s2. Thus, instead
of setting F' = f;, we used its largest mean to set the boundaries of the search-space for F' in the optimizer.

The ranges of the social-interactions zones (r,., r,, r,) are set to minimize the angle between the predicted and the actual
direction after a burst (see Fig.S2C). The computation of the predicted direction is based on the relative positions of neighbors
of the focal, bursting fish at the start of the burst. From this neighbor constellation the direction of the social force is computed
with Eq.S4a. This is done for each burst-event in which the bursting fish was at least three body length away from the tank
wall. How well a given choice of interaction zone ranges explains the data was estimated by the mean angle difference between
its predicted and the actual direction after the burst. To find the parameter-choice for ., r, and r, which minimizes this angle
difference we, first, ran two different optimizer (dual-annealing: python/scipy implementation of (82), differential-evolution:
python/scipy implementation of (83)) which gave for each selection line similar parameters. For all selection lines the width of
the orientation zone was below 2 millimeters which suggests that the best solution favors no alignment at all. To verify this we
did two-dimensional parameter scans around the optimal parameter setting (see Fig.S10). For the scan in which the repulsion
r» and orientation range 7, are varied, the angular difference is lowest if r, = r., i.e. for a two-zone model without orientation
zone( Fig.S10B, E, H). Consequently we set the r, = r, and did a parameter-scan (Fig.S11) around the optima of the selection
lines. From this scan we extracted the ranges reported in Tab.1. Interestingly, the ranges of the large-harvested line are smaller
than the ones of the random-harvested line, which again are smaller than the ones of the small-harvested line. Therefore, the
ranges can be interpreted to represent body-length differences between the selection lines.

Il. B. Parameter setting by fitting emergent variables. To fit the model to the data we applied the CMA-ES (Covariance
Matrix Adaptation Evolution Strategy) (52, 53). This optimizer is a good choice if the fitness landscape is multi-modal, the
search space dimension is between 4 and 100 and no gradient is known. The optimizer minimizes the error function

Err(Pry) + Err(Pry) + Err(Psw)
3

EPry,Pru,Psu) = (S14)
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II. B Parameter setting by fitting emergent variables

with Pgp. as the set of parameter of a selection line (SL) needed to run a simulation. Eq. S14 averages over the selection line
errors. The error of a specific selection lines compares the measured nearest neighbour distance NND and average individual
speed v to the experimental data by computing the sum of the squared differences standardized by their experimental standard
deviation:

(NND)gp. — (NND>M,SL> 2 n < ((v)sL— (v)amrsL ) ’ (S15)

Broes) = (
ONND, SL Ov,SL

Here the index M in (x) a7 st marks that the measure of « is based on model simulations. (x)si. and o, s, are the experimental

mean and standard deviation of the measure x. SL specifies the selection line. The experimental means of NND and v used for

the error function are listed in Tab. S2.

At each generation the parameter sets are updated by the CMA-ES method. Note that the parameter sets differ in burst-

duration, -rate, repulsion-, attraction-range and probability to respond to social cues in between the selection lines. Only the

burst force F' and the probability to respond to social cues need to be set. Consequently, the search-space is 6-dimensional

(PSOC,LH7 Psoc,RHa Psoc,SH7FLH7 Fru, Fsp) as highlighted in Tab. 1.

We limited the search-space of the algorithm for the three different parameters by setting boundaries which are listed in Tab.

S2. For the probability to follow social cues we ensured a minimum attention to social and environmental cues by setting the

boundaries 0.05 above and below the theoretical possible boundaries of zero and 1. We expect the burst force to be larger

than the experimentally estimated measure. Therefore, it’s boundaries are half and twice the mean burst force of the random

harvested line, estimated in section II. A.

To ensure that the resulting minimum is not a local minimum, we repeated the optimization from different initial parameter

settings. The initial parameter were selected from a two-dimensional grid with 2 grid-points and therefore 22 = 4 different initial

parameter settings. Note that the actual search-space is 6-dimensional and by setting Ps,. and F’ for the different selection line

initially equal we reduce the number of initial settings from 26 = 64 to 4.

An example optimization run over 400 generations is shown in Fig. S8. The optimization outcomes of the 4 different initial-

ization are shown sorted by their final error according to Eq. S14 in Fig. S9.

III Mean distance of shoaling fish to fishing agents

Here we computed the mean distance the shoaling fish kept from fishing agents. This measure is an alternative to the mortality
rate used in the main text, to quantify how well the shoaling fish avoid capture:

N

1
dif)=— in d; S16
(dif) N 2 Jun (S16)

with d; s = |7 ¢| as the distance between shoaling fish 7 and a fishing agent f. The minimum function yields the distance to the
closest fishing agent. In Fig. S31, J, K, L show the relative and M, N, O, P the absolute distance to the predator. The distance
measured substantiated the already reported results for the mortality rate. Note that in the natural-predator scenario (I, M) the
differences between selection lines is qualitatively equivalent to the other scenarios in contrast to the scenario comparison with
the mortality rate(A, E). This is due to (i) the confusion effect, the main difference between the natural predator and the other
fishing agents, which reduces the mortality rate for more cohesive shoals (RH and SH line) but does not affect the distance and
(ii) the fast individual speed of the RH line, which enables the currently pursued fish to better escape but has no effect on how
the other shoaling agents detect and avoid the predator. Note that the natural predator moves at constant speed and is therefore
only on average faster than the shoaling fish.

IV Movies

Movie-S1.avi. Eight individuals are simulated in a circular area with fitted social interaction. The parameters were the ones
estimated for the random harvested line listed in Tab. 1.

Movie-S2.avi. This movie shows simulations in the circular area with parameters adjusted such that only the wall avoidance
mechanism changes the path of the shoaling fish. The parameters are the ones estimated for the random harvested line listed
in Tab. 1 apart for the repulsion, alignment and attraction range and probability to follow social cues Ps,.. Those parameters
were set such that the agents always responded to social information Ps,. = 1, but never had any neighbors due to short ranges
rr =1, =g = 0.001cm. Thus, the agents effectively swim always straight until they come in conflict with the wall. Then the
wall avoidance mechanism started.
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Movie-S3.avi. Thirty agents simulated in a rectangle of length L = 100cm with periodic boundary conditions in the predator
scenario. The parameters were the ones estimated for the random harvested line listed in Tab. 1 and additional fishing/predator
scenario parameters listed in Tab. S3. Note that the predator, in red, moves with a speed of v, = 20cm/s and therefore faster
as the average velocity of shoaling fish. However, it moves directly to the closest prey and therefore covers the prey until it get
killed. Due to the confusion effect the killing probability was lowered and it happens that the predator stays for a notable time
above the targeted fish.

Movie-S4.avi. Thirty agents simulated in a rectangle of length L = 100c¢m with periodic boundary conditions in the angler
scenario. The parameters were the ones estimated for the random harvested line listed in Tab. 1 and additional fishing/predator
scenario parameters listed in Tab. S3.

Movie-S5.avi. Thirty agents simulated in a rectangle of length L = 100cm with periodic boundary conditions in the trawling

scenario. The parameters were the ones estimated for the random harvested line listed in Tab. 1 and additional fishing/predator
scenario parameters listed in Tab. S3.
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Fig. S1. Model parameter estimation of burst duration ¢; and burst rate - (parameters of an acceleration-time-series generating model). The acceleration-based-average is
reported for burst rate () (A-D) and burst duration (E-H) (¢;). The normalized squared difference between the averaged values of the simulation (z) and the experiment
() ezp are shown for large-harvested line (LH; A, E), random-harvested line (RH; B, F) and small-harvested line (SH;C, G). The normalization was done by dividing the
squared differences by the experimental variance of the burst rate (A-C) or of the burst duration (E-G). The average values of the simulation are shown in (D, H).
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'and speed, we omit an illustrative explanation of its dependence.
B: model scheme of burst decisions. An individual can follow with
probability Ps,. social cues (i.e. behaves according to a three-zone
model: r=repulsion-, o=orientation-, a=attraction-zone) or with prob-
ability Pey,, = 1 — Psoc environmental cues. C: sketch of how the
range of repulsion r,., orientation r,, and attraction r,, are set by min-
imizing the angle difference a between the model-predicted force di-
rection fsoc and the actual heading direction after a burst. D: setting
of the burst rate v and duration ¢,. The difference between the aver-
ages based on data ({~y), (ti) blue box) and on model-simulations
((¥)m, {tv) M Orange box) is minimized.
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Fig. §3. The relative (A-D) and normal (E-H) mean mortality rate v.., and the relative (I-L) and normal (M-P) mean distance to the closest fishing agent d; ; are shown
for different scenarios. The relative measures were computed by reducing the selection line means by the mean and dividing them by the standard deviation of the random-
harvested line. In the "natural predator" scenario a predator pursues the closest shoaling fish with different speeds v, = [20, 25, 30, 35] ¢m/s but its capture success is
reduced the more prey it senses, i.e. by the confusion effect (1st column, A, E, I, M). The "natural predator without confusion” scenario is the same but without the confusion
effect (2nd column, B, F, J, N). In the "single fisher" scenario an uninformed single fisher moves randomly and captures shoaling agents at encounter (3rd column, C, G, K,
0). In the "multiple fishing agent" scenario fishing agents move Ny = 50 fishing agent on a rigid line towards the center of mass of the fish shoal (4th column, D, H, L, P). The
speed of the fishing agents in the "single fisher" and "mutliple fishing agent" scenarios was v, e+ = [7.5, 15, 22.5] cm/ s indicated by rhombus, circle, triangle, respectively.
In all simulations N = 30 shoaling fish moved in a box of size L = 100 c¢m with periodic boundary conditions. Their mean individual speed was about (v) ~ 15 cm/s.
The symbols and error bars represent the mean and standard deviation computed from samples of 400 simulations.
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optimization optimization
parameter symbol boundaries unit
burst force F [67.6, 270.4] cm/s?
(=[{fo)ru/2, 2{fo)rE )
prob. of social burst P.oe [0.05, 0.95] 1
error function experimental
defining measures  symbol mean and STD unit
LH: 15+2.8
individual speed v RH: 17£2.5 cm/s
SH: 13.2+2.7
LH:6.4+1
nearest neighbor dist.  NND RH: 5.8+1.1 cm
SH: 5.64+0.9

Table S2. The upper part of the table lists the upper and lower boundaries in which the optimizer searched for the minimum of the error function Eq. S14. The lower and
upper boundary of the burst force F' are given by half and twice the mean of the experimental estimated burst force ( f,) g of the RH line. The lower part of the table lists

the measures defining the error function Eq. S14 which is minimized by the optimizer.

scenario scenario

related parameter symbol value relevance unit
flee range® Ty 7 all cm
fishers/predators capture range  Tcapture 5 all cm
predators sensing range Tsense 4reapture = 20 natural pred. cm

confusion number Neony 4 natural pred. 1
attack rate Ya 1 natural pred. 1/s

angular noise strength Oy 0.2 single fisher 1/ s1/2

Table S3. Parameters used to simulate interaction of fish with predator/fisher in different scenarios. The column "scenario relevance" specifies for which scenario the

parameter is needed. “: Note that the flee range influences the probability of a prey detecting a predator/fisher (Eq. S6) which is 0.5 at a distance of 21cm given ry = 7em.
Therefore, the range of the prey to detect a predator is comparable to the predators sensing range.

120
30 1 ® mean
A 100 - B max
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_E 20 A
= 60 -
3 151
S

10{e 40 7

5 20
o [ )
T T T 0 T T
10 20 30 0 10 20 30
v [cm/s] v [cm/s]

Fig. S4. Angular change d¢/dt depending on the velocity v. The blue dots (A, B) represent the mean values while orange dots (B) the maximum observed value for the
binned data. The lines are not fitted to the data but serve as an comparison to the inverse proportionality. The blue line is f (v) = 6/v and the orange line is f (v) = 530/v.

The resemblance of the data to the lines supports the model assumption in Eq. (S2c).
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Fig. S5. Estimation of friction coefficient from experimental data. Dots represent mean of bins with varying width such that each bin contains an equal amount of data. Black
line shows linear fit with the interception at zero and the negative friction coefficient as slope —8 = —2.51.
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Fig. S6. Example smoothed trajectory of a swimming zebrafish generated from ID-Tracker data (A). The large circle represents tank-boundary. For this trajectory the speed
(B), acceleration along (C) and perpendicular (D) to heading direction are shown computed from the raw (orange) and smoothed (blue) trajectory. The black circles (A) and
vertical black lines (B, C, D) indicate burst events which are are the onsets of a positive acceleration period of the smoothed data (C). For the smoothening a moving window
average with gaussian kernel was used. The kernel width 05,00 = 1.13 fms was estimated by comparing manual counts of burst events with automatically detected (see
Fig. S7).
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Fig. S7. Number of burst events of a randomly selected trajectory spanning 2000 frames. The horizontal black line marks the number of manually counted burst events. Blue
dots mark automatic counts of burst events on a smoothed trajectory using a moving window with a Gaussian kernel of varying standard deviation o s, The vertical black
line indicates the standard deviation o smo00 = 1.13 fms where the number of automatically detected bursts equals the manually counted one in an interval of 2000 frames.
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Fig. S8. Example of optimization run with the parameters which result in the lowest error in the current generation (A) and the corresponding error (B). The parameters are
normalized according to their respective lower and upper boundary (see Tab. S2) which are marked on the y-axis with L and U (A). Different colors and linestyles mark the
probability to respond to social cues Ps, of the large (solid blue), random (dashed orange) and small (dotted green) harvested line and the burst forces F' of the large (dash
dotted red), random (dashed violet) and small (dotted brown) harvested line.
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Fig. S10. Angle difference between predicted and actual direction after burst is color-coded. The difference is analyzed around the optimal values of the repulsion, orientation
and attraction ranges. The line-plots above the color-plots show the remaining range which was kept constant if possible but needed to be in- or decreased to ensure the
inequality r,- < r, < rq. In the first (A, B, C), second (D, E, F) and third (G, H, I) row is data used from burst-constellations of the small-, random- and large-harvested
selection line, respectively. We varied the repulsion and attraction range in the first column (A, D, G), the orientation and attraction range in the second (B, E, H) and the
repulsion and orientation range in the third column (C, F, I).
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Fig. S11. Angle difference between predicted and actual direction after burst is color-coded (D-F) or its minimal value along one axis direction is shown (A-C, G). Here,
in contrast to the scans in Fig.S10, no orientation-zone exists, i.e. r, = r,. A-C: minimal angle difference along the attraction-range is shown for burst-constellation data
of the large- (A), small-harvest (C) and for all lines (B). D-F: angular difference for different parameters of repulsion and attraction range for the large-(D), random-(E) and
small-harvested line(F). G: minimal difference for a specific attraction-range for all selection lines.
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Fig. S12. Fitted model representation of the different selection lines. Note that here, in contrast to Fig. 4 in the main text, we enforced the probability to follow
environmental cues to be the same for all selection lines. In order to resemble the experimental observations the probability to follow environmental cues (A) and the
burst force (inset A) were set for each selection line. The vigilance vcn. is the product of P.,,, and the burst rate ~v (B). The average nearest neighbor distance (NND,
C) and the average individual speed (D) are emergent properties of the model and were used to quantify how well the parameters (Pen.,7y) reproduce the experimental
observations. In all panels: the triangles represent to the model parameters or the simulation outcomes of the parameter set with the best match to the experiment. Each
dashed line (A, B) represents a parameter set of a different initialization, and therefore illustrates the robustness of the best matching parameter set (triangles). The horizontal
solid lines (C, D) mark the experimental values. Note that in contrast to Fig. 3 units are in cm because the modelled agents have no body length. The selection lines are
indicated by different colors (red=LH: large-harvested; black=RH: random-harvested; blue=SH: small-harvested).
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