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This work develops, applies, and tests a methodology for simulating three key determinants of aquaculture
carrying capacity: production, environmental effects, and pathogen interactions. Deterministic models for
simulation of biomass production and environmental effects for fish and shellfish were combined with stochastic
host-pathogen models based on the Susceptible-Exposed-Infected-Recovered (SEIR) paradigm to build the Aqua
culture, Biosecurity, and Carrying Capacity (ABC) platform. Individual growth models for the finfish species
Atlantic salmon (Salmo salar) and gilthead bream (Sparus aurata), and the bivalve species Pacific oyster (Cras
sostrea gigas) and Eastern oyster (C. virginica) were integrated into an Individual Based Model (IBM) capable of
scaling to any farm size; the resulting framework was coupled to host-pathogen models for: (i) salmon-Infectious
Hepatopoietic Necrosis virus (IHNv); (ii) Pacific oyster-Oyster herpes virus (OsHV-1); and (iii) Pacific oysterVibrio aestuarianus.
ABC was run for a set of scenarios both with and without pathogens, and results presented for (a) husbandry:
food depletion in Eastern oyster, showing the effects of overstocking on production and water-column chloro
phyll; an increase in the spacing of farm sections increases yield by 80%; (b) environmental effects: changes due
to marine cage culture of gilthead sea bream, and the effect of hydrodynamics on reduction of dissolved oxygen
(DO) and increase in ammonia; a farm sited in a high-dispersion area shows a variation of about 1.5 mg L− 1 in
DO among cages, whereas the range in a low-dispersion site can be up to 5 mg L− 1; (c) three case-studies of
pathogen interaction: (i) effects of a salmon-IHNv pathogen event on yield and mortality, and consequences of
event timing (early- or late-stage in the culture); the late-stage event costs almost 300,000 USD more in wasted
feed, and the Feed Conversion Ratio (FCR) increases from 1.5 to 2.3; (ii) consequences for a Vibrio outbreak in
oysters; even though the disease event is very short, there is a 7.8% decrease in oyster harvest, and net nitrogen
removal, a key regulatory ecosystem service, decreases by 10.2%; and (iii) climate change scenarios based on
Representative Concentration Pathway (RCP) 8.5 and consequences for a herpes outbreak in oysters; ABC results
show that the direct effect of climate change on growth, which leads to earlier harvest and less non-harvestable
animals, is strongly outweighed by the indirect effect of a pathogen outbreak, which results in a 27.8% increase in
dead biomass and a 28.6 t (20.1%) reduction in harvested biomass. Furthermore, since there is a relationship
between the colonisation of C. gigas by Vibrio and full-blown outbreaks of oyster herpes, climate change may lead
to synergistic mortality effects of significant concern to oyster growers in temperate waters.
The importance of a combined approach to aquaculture carrying capacity that includes the disease component
and its relationship to environmental stressors is discussed, together with the management relevance and po
tential application by industry of an integrated framework.
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Fig. 1. - Framework for carrying capacity assessment. The husbandry, environment, and pathogen categories together determine the sustainability of the activity. A
list of the more relevant indicators in each category is included.

1. Introduction

placed on modelling of individual growth of different aquatic species,
with a particular emphasis on those that are cultivated commercially
such as Atlantic salmon (Stigebrandt et al., 2004; Føre et al., 2016),
gilthead bream (Hernández et al., 2003; Ferreira et al., 2012a; Nobre
et al., 2019), seabass (Stavrakidis-Zachou et al., 2019), tilapia (Ferreira
et al., 2014a), shellfish such as mussels (Brigolin et al., 2009) and oysters
(Ren and Ross, 2001; Gangnery et al., 2003), and potential candidate
organisms (Van der Veer et al., 2006; Cubillo et al., 2016). The main
objective of such models is to represent growth in biomass, although
some also simulate environmental effects—all these Individual Based
Models (IBM) operate within a framework that makes an explicit link
with physical and biogeochemical determinants.1
Several of these models (e.g. Gangnery et al., 2004; Brigolin et al.,
2009; Nobre et al., 2010; Nunes et al., 2011; Ferreira et al., 2014b;
Filgueira et al., 2014; Cubillo et al., 2016) have been incorporated into
broader, population-dynamics simulations, where mortality is typically
included as a forcing function, based on reported data from industry
sources. While IBMs for major cultivated species are already acceptable
in terms of accuracy of predictions, practically none of these deter
ministic simulations consider the effect of disease (Hoffmann et al.,
1995, and Bidegain et al., 2017, are exceptions), and neither has the
effect of pathogens been included when these models are scaled to the
population level. Farm-scale predictions of yield and environmental
effects are thus constrained because disease events, which often have
major consequences, are not included. In system-scale models this is also
a liability, since hydrodynamic connectivity is frequently a major factor
in spatial distribution of pathogens, and consequently a determinant for
both site selection and carrying capacity.
The literature that establishes the current definition of carrying ca
pacity for aquaculture (Smaal et al., 1998; Inglis et al., 2000; McKindsey
et al., 2006; Ferreira et al., 2013a; Ferreira et al., 2013b) does not refer
pathogens, despite the fact that disease is a strong conditioning factor of

In May 2013, aquaculture overtook capture fisheries as the primary
source of aquatic products for direct human consumption (FAO, 2020), a
paradigm shift equivalent to the change from hunting and gathering to
agriculture during the Neolithic period, 400 generations ago. In view of
an increasing global population and the global decline in wild fish catch,
this appears to be an irreversible trend.
The European Union now imports 68% of the aquatic products it
consumes (European Commission, 2018), and the United States imports
86% (Tiller et al., 2013). Some of these fish and shellfish are supplied by
their northern neighbours: Norway currently cultivates 1.4 × 106 t y− 1
of Atlantic salmon (Salmo salar) and rainbow trout (Oncorhynchus
mykiss), more than the entire EU aquaculture production for all species
(Eurostat, 2019), and Canada produces 1.91 × 105 t y− 1 (Fisheries and
Oceans Canada, 2020) of which 60% is Atlantic salmon (Ferreira and
Bricker, 2019).
At present, 90% of aquaculture produce on the planet comes from SE
Asia and China, which are major exporters, but in India and China alone,
consumption of these products has increased by 20 million tonnes in
under a decade (FAO, 2008; FAO, 2014). Growth of internal market
demand is expected to result in a further increase of 14 million tonnes by
2025 (FAO, 2016; Lopes et al., 2017). This is partly explained by pop
ulation growth, but the other major factor is a significant increase in per
capita GDP (JCER, 2018).
Taken together with an estimated world population of almost 10
billion by 2050 (Cressey, 2009), this presents a huge food security
challenge for both the European Union and United States. A substantial
effort is therefore being placed on the sustainable development of
aquaculture in these regions. However, this expansion is hindered by
overregulation (Váradi et al., 2011) and lack of social licence (Shafer
et al., 2010; Murray and D’Anna, 2015), and also by a lack of tools to
help analyse the ecological effects of this development at a number of
levels: these risks include introgression for wild populations due to
escape of cultivated fish (e.g. Atalah and Sanchez-Jerez, 2020), and
pathogen-related issues for both farmed and wild animals (Alaliyat
et al., 2019; Flores-Kossacka et al., 2020).
Over the last two decades, a substantial research effort has been

1
Models that use the Gompertz or von Bertalanffy approaches are not
considered, since they do not make the necessary connection with environ
mental drivers of growth and are of limited use in integrated costal
management.
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ecological carrying capacity, and implicitly included in the FAO defi
nition of the Ecosystem Approach to Aquaculture (EAA, Soto et al.,
2008).
In parallel, pathogen impact in cultivated aquatic organisms is often
modelled based on the methods described by Kermack and McKendrick
(1927) and Anderson et al. (1981), which generally assume a population
can be partitioned into a series of coupled states relating to disease
status, often: Susceptible-Infected-Recovered (or Removed) (SIR). These
models do not follow individuals but track the proportion (or number) of
the population in each of these states over time, with transmission of the
agent occurring based on the rate at which susceptible and infected hosts
interact (which is often density-dependent), or, based on the probability
of infection given the infectiveness of the environment (Murray, 2009).
Generally, a fixed background mortality is associated with all states,
with an additional fixed mortality term being associated with the
infected population. If individual growth is included, it is generally in a
rudimentary form by means of a growth coefficient, without any rep
resentation of physiological processes.
Though pathogen spread between sites can be modelled using similar
approaches (e.g. Taylor et al., 2011), network-based models are gener
ally favoured where suitable data is available (e.g. Adams et al., 2012;
Jones et al., 2019; Cantrell et al., 2020). These IBMs assume a network of
sites/units (nodes) are connected to one another via different pathways
(e.g. animal movements and hydrodynamic connections). Unlike the SIR
type modelling approach, which assumes that the population mixes
randomly with the probability that two individuals contacting each
other being equal, network approaches provide a risk-based approach to
assigning contacts and transmission risk which can provide a more ac
curate prediction of disease spread over a geographic range and allow
individuals at high risk of getting or spreading a pathogen to be iden
tified. Though known to be important, studies that link within farm
processes and disease dynamics with spread through a network are
however uncommon (e.g. Salama and Murray, 2011; Salama and Rabe,
2013), and existing studies fail to address aquaculture carrying capacity
in a quantitative manner, since they do not typically contain any
coupling mechanisms to hydrodynamic, biogeochemical, or physiolog
ical models, or combinations thereof.
Animal growth, pathogen interactions, and environmental effects are
the three key components of carrying capacity assessment (Ferreira
et al., 2013a). An integrated model for these three components (Fig. 1) is
presented here for the first time through the development of the Aqua
culture, Biosecurity, and Carrying Capacity (ABC) framework.
ABC incorporates stochastic functions for pathogen infection and
transmission, both within and among farms, into an IBM farm-scale
model that simulates growth deterministically, based on the physi
ology of the cultivated species.
The objectives of our work were to (a) make a substantial improve
ment to the state-of-the-art of aquaculture modelling by explicitly ac
counting for the role of pathogens; (b) analyse the consequences of
disease outbreaks on harvestable biomass, environmental sustainability,
and economic performance; (c) provide coastal managers with a robust
tool for decision support in terms of site selection and carrying capacity,
taking into account both intra- and inter-farm effects.

sections (Fig. 2), which may contain cultivated organisms (labelled Box).
Empty sections (labelled Gap) are functionally equivalent to the sepa
ration between finfish cages, mussel rafts, oyster trestles, or other
structures. ABC transports dissolved and particulate water properties,
including pathogens, through bi-directional, tide-dependent advection
in the X coordinate, and dispersion in the Y coordinate (Eq. 1):

∂C
∂C
∂2 C
= − u + ky 2 + f (C)
∂t
∂x
∂y

(1)

Where:C: concentration of any dissolved or particulate water property;t:
time (d);x and y: farm section length and width;u: horizontal water
velocity normal to farm cross-section (m d− 1);ky: lateral dispersion
coefficient (m2 d− 1);f(C): non-conservative processes. These depend on
the state variable simulated and include e.g. physiological processes for
simulation of individual growth, and pathogen uptake and decay. These
processes are reviewed in the following sections.
The horizontal velocity field is determined from the specification of
the typical maximum current speeds at spring and neap tide. A doublesinusoidal function is applied to generate the current speed over the
semi-diurnal tidal cycle. Dispersion in the y-coordinate is determined for
each section of the one-dimensional system (Fig. 2) by considering
lateral boundary conditions where the external concentration of any
variable is equal to the upstream boundary in the x-coordinate.
A finite difference scheme is used to solve equations in ABC; the
model checks for numerical stability for advective transport by verifying
the Courant condition, and for lateral dispersion by verifying the sta
bility criterion shown in Eq. 2 (Press et al., 2002).
2ky ∆t
(∆y)2

≤1

(2)

Since animals (finfish or shellfish) are cultivated within specific
model sections, the advective and dispersive terms of Eq. 1 do not apply
to variables such as individual biomass and mortalities but do apply to
physiological state variables such as faeces or pseudofaeces.
2.2. Individual modelling
Individual growth models were conceptualised, calibrated, and
validated for Atlantic salmon, rainbow trout, gilthead bream (Sparus
aurata), European seabass (Dicentrarchus labrax), Pacific oyster (Cras
sostrea gigas), eastern oyster (C. virginica), blue mussel (Mytilus edulis),
Mediterranean
mussel
(M.
galloprovincialis),
Manila
clam
(V. philippinarum), and geoduck (Panopea generosa).
The individual growth models use a net energy balance (NEB)
approach and have been published elsewhere (e.g. Ferreira et al., 2012a;
Ferreira et al., 2014a; Saurel et al., 2014; Cubillo et al., 2016; Cubillo
et al., 2018), so only key modifications will be described here.
For use in an IBM framework that simulates cultivated animals, each
individual in the population is ‘created’ following the object-oriented
paradigm as applied to ecological modelling, originally formulated by
Silvert (1993), and Ferreira (1995). The properties of these objects
include a number of attributes related to their growth performance,
pathogen status, and environmental interactions (e.g. food eaten, par
ticulate organic waste etc). Individuals may die during the culture cycle
and therefore mortality status is an intrinsic property of each. The
physiological models referred above are all deterministic, but since our
objective is to simulate the typical variance of a cultivated population,
the individuals that comprise it are stochastically assigned a fitness
parameter in terms of assimilation efficiency AE (±0–5% of the mean
AE); this simulates genetic variation within the single cohort of organ
isms typically deployed at grow-out stage. Fitness is generated at

2. Methods
The general framework for the ABC model is presented in Fig. 2; it
includes: (i) the physics of the farm area; (ii) husbandry of the cultivated
species; (iii) host-pathogen interactions; and (iv) environmental effects
of aquaculture.
An outline of the development stages is shown in Fig. 3, as a guide to
the sections below.
2.1. Physical framework
ABC considers a bi-directional one-dimensional series of physical
3
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Fig. 2. - General framework for the ABC model. The physical layout of the modelling framework is represented in the upper pane and includes physical processes for
exchange of water and water properties (e.g. oxygen, pathogens); the lower pane details key processes and parameters for the three categories that constitute the ABC
framework for sustainability.

Fig. 3. - Stepwise development of the ABC model. The flowchart represents the key steps required to develop a framework for growth, environment, and pathogen
modelling, and includes components such as definition of culture practice and growth validation that make stakeholder consultation and feedback mandatory.

runtime, so the probability of two model runs being identical is
extremely small.2

particularly for bivalves, where millions of organisms may be cultivated
in a farm, a minimum sample size for accurate simulation must be
determined. This sample size can then be scaled to a greater number of
organisms, allowing large populations to be simulated realistically with
an acceptable model run time. There is an underlying assumption that
the population is normally distributed. This was tested on a population
of 10,000 individuals by plotting a frequency distribution of the
endpoint live weight for Pacific oysters (Fig. 4).
In ABC, considering a first approach where disease was not simu
lated, two stochastic functions were used to provide a realistic approx
imation to a normally distributed population: (i) a random variation of

2.3. Population modelling
2.3.1. Estimation of minimum population
The simulation of large populations is not time-efficient, and
2
However, ABC can use a constant random number seed to initialise its
pseudo-random number generator (PRNG) to produce identical runs.
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assimilation efficiency; and (ii) a weight-dependent probability of death
which is used to test whether an organism will die at a particular model
timestep.
The minimum population was determined using a similar approach
to Brigolin et al. (2009), by analysing the variation in the first and
second moments of the probability density function. Populations of 100,
200, 500, 1000, 2000, 5000, 10,000, 15,000, and 100,000 individuals
were compared, using as metrics the mean day of death and respective
variance, and the mean endpoint weight of live animals, and its vari
ance. A further comparison was made of the mean mortality rate and its
variance. In all cases, only insignificant differences were observed from
10,000 individuals upwards (Fig. 5).
A further analysis was made of ten replicates of model runs using 10
K and 100 K individuals. Standard statistics were calculated, including
mean and standard deviation of endpoint live weight, or day of death
(for organisms that died during the model run), as well as percentile 10,
25, 50, 75, and 90 of live weight, and the standard deviation of the
median. A two-tailed heteroscedastic t-test was applied to the means of
the ten replicate data series to test the null hypothesis that no difference
existed between observed 10 K and 100 K data series (Table 1).
For both the end-point live weight and the day of death, the t-value is
well within the confidence interval for p < 0.001, which suggests that
the means for the two population samples can be considered identical at
a 99.9% significance level. On this basis, the ABC model was adapted to
consider a population size of 10,000 individuals, which can then be
scaled to any greater number.

pathogen delivery to the target area; (ii) uptake and effect of the path
ogen on the host organism; and (iii) spread throughout the host popu
lation, within and among physical sections of the farm.
2.4.1. Pathogen delivery from source
ABC considers waterborne infection through pathogen emission from
a source site (e.g. a finfish cage) at a user-defined distance from the
nearest structure in farm area (target). Table 2 shows the set of pa
rameters used by ABC for an Atlantic salmon farm contaminated with
Infectious Hematopoietic Necrosis virus (IHNv) – a pathogen of inter
national importance listed as notifiable by the Office International des
Epizooties (OIE, 2019).
Eqs. 5 to 8 represent the delivery of pathogen from the source site (i.
e. the primary emission site) to the farm itself. The processes considered
are shown in Fig. 2 (pathogen delivery section) and described by these
equations, which deal with loading, travel time to target based on a
residual current velocity, pathogen die-off, and pathogen dispersion.
The Load Ls is given in Eq. 5:
Ls = As Is Ss

Where:As: Number of animals at source;Is: Proportion infected at source;
Ss: Shedding rate per individual at source.
Pathogen loading at target (Lt) is lower than Ls due to two types of
decay that occur over the transport period (Eq. 6), both of which are
related to connectivity, i.e. the distance between source and target and
the time of travel.

2.3.2. Natural mortality
Population models typically apply a mortality rate that causes a
proportion of individuals to be removed from the population at each
calculation time step. Some variation can be imposed e.g. in models that
use size classes, such as the Farm Aquaculture Resource Management
(FARM) model (Ferreira et al., 2007), by applying different discrete
rates depending on organism size; however reported mortality data are
often anecdotal, and it is usual to consider an average rate. This occurs in
part because mortality in working farms is hard to predict, and the un
derlying causes, which may range from a hypoxic event to a harmful
algal bloom (HAB) or a pathogen outbreak, are poorly understood and
impossible to time. Event distribution is mainly stochastic and linked to
HABs or pathogens that are not included in growth models. As an
example, mortality of eastern oysters in Long Island Sound, USA, may
vary between 30 and 80% per year depending on the incidence of
Haplosporidium nelsoni (Bricker et al., 2018), and MSX outbreaks cannot
presently be predicted.
ABC considers both natural and disease mortality. Natural mortality
can either be constant or follow a decay function where mortality de
creases as a function of weight (Eq. 3):
d μw
= − αμw
dW

t=

αW

+ mb

d
ur

(6)

Where:t: time taken for pathogen to travel from pathogen source to
target (d);d: distance between pathogen source and target (m).ur: re
sidual current velocity (m d− 1).
Pathogen die-off depends on the pathogen half-life in the water and
on dispersive mixing as the water (containing pathogen particles) is
advected from the source site to the target site: both effects dilute the
pathogen plume prior to reaching the first target section of the farm.
This may be represented as a first-order decay (Eq. 7):
)
(
dPw
= − k b + k p Pw
dt

(7)

Where:Pw: pathogen concentration in the water3;kb: pathogen die-off
(decay) constant = ln(2)/T1/2 (d− 1).kp: pathogen dilution constant
(d− 1).
Integrating and multiplying by the advective flow Q (m3d− 1) yields
(Eq. 8):
QPw = QP0 e− (kb +kp )t

(3)

(8)

Where:QP0 = Ls and QPw = Lt.

where:μw: weight-dependent mortality coefficient (d− 1);W: individual
weight (g DW);α: proportionality constant;
Eq. 3 is integrated analytically to yield:

μw = μ0 e−

(5)

2.4.2. Pathogen processing within the farm
The concentration (C) of the pathogen at the farm site (e.g. within a
cage) is obtained through the advective and dispersive exchange shown
in Eq. 1, and a standard mass balance equation for f(C), the source and
sink terms (Eq. 9):

(4)

where:mb: integration constant representing the baseline mortality.
The coefficients μw, α, and mb can be user-defined. At each model
time step, a randomly-generated probability of death is tested against
the mortality coefficient μw of each individual, calculated based on its
biomass, to determine whether the organism remains in the population.
The IBM array stores the day of death of any individual removed.

Vf (C) = τBe + φBi − σBt

(9)

3
Pw is used to represent the pathogen concentration at delivery to target (i.e.
to the farm). This is a specific case of the generic variable C, which denotes the
concentration of any model state variable of the ABC model calculated using Eq.
1.

2.4. Pathogen simulation
The development of the simulation is divided into three parts: (i)
5
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Fig. 4. Frequency distribution of end-point live weight for Pacific oysters from a 10,000 individual model run in ABC, compared to the theoretical Gaussian
probability-density function.

Fig. 5. Variation in first and second moments of probability density function. Upward of 10,000 individuals there is virtually no change (2nd moment expressed as
standard deviation rather than variance).
Table 1
t-statistics for average outputs of 10 runs with 10,000 and 100,000 individuals
for a p<0.001 level of significance.
Statistic

10 k live
weight

100 k live
weight

10 k day of
death

100 k day of
death

Mean
Variance
Observations
Hypothesized Mean
Difference
Degrees of freedom
t Stat
P(T ≤t) two-tail
t Critical two-tail

26.75288
0.000788
10
0

26.75852
7.21E-05
10

206.4162
5.398045
10
0

206.0923
0.396006
10

11
− 0.60801
0.555527
4.436979

Table 2
Parameters for the IHNV pathogen component of the ABC Atlantic salmon
model.

10
0.425591
0.67942
4.586894

Where:V: site (e.g. cage) volume (m3).σ: uptake rate of pathogen
(pathogen units4 g− 1 d− 1).Bt: total, i.e. susceptible (S) + exposed (E) +
infected (I) biomass of cultivated organisms (g).τ: shedding rate of
pathogen for exposed organisms (pathogen units g− 1 d− 1).Be: biomass
of exposed (E) organisms (g).φ: shedding rate of pathogen for infected
organisms (pathogen units g− 1 d− 1).Bi: biomass of infected (I) organ
isms (g).

Parameter

Value

Units

Notes

Animals at source (As)
Proportion infected at source (Is)
Peak shedding rate per individual
at source (Ss)
Pathogen loading at source (Ls =
As Is Ss)
Half-life of pathogen decay (T1/2)
Distance to target site
Duration of pathogen release from
source (d)
Residual current speed (vr)
Dilution factor due to turbulent
diffusion (dp)

50,000
5
3.2 × 107

ind.
%
pfu ind−
h− 1
pfu d− 1

Calibration
Taylor, pers. com.
Garver et al., 2013

1920 ×
109
4.37
3000
15
0.05
0.5

d
m
days
m s−
d− 1

1

1

Normalized time
units
Garver et al., 2013
Calibration
Taylor, pers. com.
Calibration
Calibration

A precautionary value was chosen, although prevalence can be substantially
higher. The assumption is that the farmer would become aware of the issue at
higher prevalence and notify the authorities. For the same reason, a relatively
short pathogen release period was selected.
Median shedding rate: 3344 pfu g− 1 h− 1 or 80,267 pfu g− 1 d− 1 (106 pfu fish− 1
h− 1 for a 299 g fish) as per Table 3

4
Units vary depending on the type of pathogen, e.g. for a virus, plaqueforming units, or pfu, will be used.
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required for the SEIR model and Eqs. 9 and 10 are scarce, requiring the
execution of complex challenge experiments on specific host-pathogen
pairs.
The availability of suitable data has therefore in part determined the
pathogen pairings used to parameterise the model in this study (pre
sented in Table 3), but the overall framework is highly flexible and can
readily be parameterised for most bacterial and viral pathogens given
the appropriate data.
Notwithstanding data limitations, the three pairings selected reflect
major pathogens that affect key cultivated species, viz. Atlantic salmon
and Pacific oyster, and are responsible for significant costs to the in
dustry every year. All three pathogens are waterborne and affect hosts
that are usually cultivated in open water (inshore and offshore) systems,
and cannot be controlled by vaccination, which makes the development
of a predictive management tool all the more relevant.
The pathogen replicates inside the host at an initial rate Ri and, as the
host’s immune system responds to infection, the pathogen replication
rate is reduced to a final rate Rf by means of a first-order decay constant

Fig. 6. Schematic representation of the pathogen model in ABC.

Table 3
Pathogen model parameters (including Hill function parameters) for the three
host-pathogen pairs considered in ABC: IHNv, OsHV-1, and Vibrio aestuarianus.

Fig. 6 shows the general scheme representing host-pathogen
interaction.
Cultivated animals take up the pathogen from the water based on
their physiology. Finfish uptake is simulated as a function of ventilation
rate, forced by water temperature and allometry, and shellfish uptake is
modelled as a function of clearance rate, forced by a complex set of
drivers, including chlorophyll (chl), suspended particulate matter
(TPM), water temperature, and allometry.
Salmon ventilation rate is calculated following Grøttum and Sigholt
(1998), normalized to dissolved oxygen concentration and fish weight,
and Pacific oyster clearance rate is determined after Ferreira et al.
(2008), with modifications reported in Cubillo et al. (In Press).
In ABC, three internationally important host-pathogen pairings were
tested: (i) Atlantic salmon and Infectious Hematopoietic Necrosis virus
(IHNv); (ii) Pacific oyster and Oyster herpes virus (OsHV-1); and (iii)
Pacific oyster and Vibrio. At t = 0 all animals are considered to be sus
ceptible to infection and transition from susceptible to exposed based on
the quantity of pathogen in the environment, governed by the Hill
function (Eq. 10).
βp =

Pαw
ID50α + Pαw

Parameter/species

Atlantic salmon
(Salmo salar)

Pacific oyster
(Crassostrea
gigas)

Pacific oyster

Pathogen

Infectious
Hematopoietic
Necrosis virus
(IHNv)
1(1,2)

Oyster herpes
virus (OsHV-1)

Vibrio
aestuarianus

1.7(7)

1(2)

5.85 × 103 pfu ml-1

8.12 × 104 DNA
copies ml-1(7)

8.4 × 104(15) 1.3 × 105(16)
bacteria ml− 1

Ventilation rate
(m3 g− 1 d− 1)(3) X
pfu conc. (pfu m− 3)

Clearance rate
(m3 g− 1 d− 1)(8) X
DNA conc.
(copies m− 3)
1.04 x105 (DNA
copies g− 1
min− 1)(9)

Clearance rate
(m3 g− 1 d− 1)(8) X
bact. Conc.
(bact. m− 3)
2.439 x107
(bacteria g DW
oyster− 1 d− 1)

0.1 X φ(5)

0.1 X φ(5)

0.1 X φ(5)

0.030 (T1/2 = 23
days)(4)
8–15(6)

0.173 (T1/2 = 4
days) (7,9,10,11,12)
16–24(13,14)

0.099 (T1/2 = 7
days) (16)
19–30(15)

Hill coefficient of
sigmoidicity (α)
Pathogen
concentration for
50% infection
(ID50)
Uptake rate of
pathogen(σ,
pathogen units
g− 1 d− 1)
Median shedding
rate of pathogen
for infected
organisms (φ)
Shedding rate of
pathogen for
exposed
organisms (τ)
Infected host
mortality
Optimum
temperature
range (◦ C)

(10)

whereβp: probability of infection;α: Hill coefficient of sigmoidicity;
ID50: pathogen concentration for 50% infection.
For more opportunistic pathogens such as Vibrios (subject to suitable
data for parameterisation), it would be straightforward to change the
lower limit in order to simulate a higher cut-off threshold for infection,
or link the infection curve to particular environmental or stocking
conditions, so that infection would only be implemented at times of
stress.
Once infected, susceptible (S) organisms enter an exposed (E) state
where they show no clinical signs of infection and may only shed
pathogen at very low levels. Organisms then transition at rate μe into an
infectious (I) state where they shed high quantities of pathogen into the
environment and remain in this state until they either die from
pathogen-induced mortality at rate μi (which acts in addition to weightdependent mortality μw - Eq.3) and are removed from the population, or
recover at rate μs and stop shedding pathogen—this is therefore an SEIR
model, where R represents either removed or recovered. Transitions are
calculated using an agent-based approach.
Shedding from infectious hosts determines the pathogen loading to
the environment and therefore the rate at which susceptible organisms
become infected, but based on hydrodynamic connectivity, this also
determines how much pathogen is transported from the site and its
subsequent infectiousness to other sites. Data on the coefficients

(1)

80,267 (pfu g−
d− 1) (4)

1

(15)

McKenney et al., 2016, determined from a challenge experiment with duration
of 1 h.
2
Taylor, pers. com.
3
Determined from oxygen uptake rate for each individual at time t and dissolved
oxygen in the water at time t.
4
Garver et al., 2013.
5
Model calibration.
6
Bootland and Leong, 1999.
7
Petton et al., 2015a;
8
Ferreira and Bricker 2019;
9
Paul-Pont et al., 2015;
10
Evans et al., 2015;
11
Schikorski et al., 2011a;
12
Schikorski et al., 2011b;
13
Pernet et al., 2015;
14
Kamermans, pers. com.
15
Lupo et al., 2019; converted from 34,150 bacteria ml− 1 oyster− 1 d− 1 (Lupo,
pers. com.; tissue dry weight of a 12 g oyster from Ferreira and Bricker, 2019);
16
Travers et al., 2017.
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kr, where kr = ln(Rf/Ri)/tp, where tp is the duration of pathogen emission
from the source. Rf and R0 are set through model calibration and are
host-pathogen specific.
Finally, a host-pathogen-specific baseline immunity coefficient ki
was parameterised to allow the body burden of pathogen in a host to
decrease over the long-term during culture cycle.

The length of time that oysters remain on the farm also affects the
clearance rate. In total, the farm filters about 4.5 × 108 m3 of water over
a growth cycle (3.1 × 108 m3 y− 1), but clearance is about 10% higher in
the central part of the farm since less oysters are removed through
harvest.
The lower pane of Fig. 7 shows food depletion (as chl concentration)
and excretion (as dissolved inorganic nitrogen, or DIN) in different farm
sections. The two end sections (boxes 1 and 5) are ‘noisier’, with higher
chl when the water flows from upstream, and low chl when the tide turns
and the end section downstream receives water that has crossed the
whole farm. The central areas of the farm show depletion throughout the
culture cycle. An identical pattern can be seen for DIN, reflecting
ammonia excretion by the oysters, and the capacity of the outlying water
to dilute excess ammonia. The variance in ammonia concentrations is
much lower (about 10%) than that observed for chl, where peak ranges
over a few tidal cycles can be between 2 and 8 μg L− 1.
If the stocking density is reduced to 100 ind. m− 2 (Table 4), all the
sections of the farm have a harvest of about 80% of the stocked in
dividuals (90% of the biomass) and the variance of chl and DIN is much
lower, both among sections and across tidal cycles, and mainly reflects
the external conditions driving the model. The lower stocking density
shortens the culture cycle—after fourteen months, almost all the oysters
have been harvested, and the total yield is just under 283 t, 89% of the
harvest with the standard density of 200 ind. m− 2, with half the seed and
a far lower environmental footprint—the lower density is clearly a better
option with respect to ecological carrying capacity (Inglis et al., 2000;
Ferreira et al., 2013b), and leads to a more homogeneous size at harvest,
which is also important for the farmer.

3. Results and discussion
Results are presented and discussed for the three components of
carrying capacity assessment (Fig. 1), i.e. husbandry, environmental
effects, and host-pathogen dynamics.
3.1. Husbandry
Table 4 and Fig. 7 show model outputs for an Eastern oyster (Cras
sostrea virginica) farm, using typical growth drivers for the Chesapeake
Bay. The farm is 900 m long and 100 m wide, and in ABC it is divided
into 5 cultivation sections (Fig. 7), where 0.65 g (live weight) oysters are
seeded at day 180 of the year, grown for up to 540 days, and harvested at
70 g (about 8.5 cm in length).5 Environmental drivers and culture
practice data are taken from Bricker et al. (2018).
Three scenarios are considered, all with an identical set of growth
drivers, variable mortality (see Eqs. 3 & 4), and a maximum current
speed of 5 cm s− 1. For the standard scenario, a low lateral dispersion
coefficient (ky = 0.018 m2 s− 1) is used; each section, or box, is stocked
with 1300 kg of oysters, or 2 × 106 animals (200 ind. m− 2); in between
each cultivated section is a 100 m fallowing break. Synthetic results
(Table 4) are shown for two further scenarios, which differ as follows
from the standard: (i) stocking density is halved to 100 ind. m− 2; (ii)
unchanged stocking, but a fallowing break of 500 m between sections
and higher lateral dispersion (ky = 0.15 m2 s− 1), essentially equivalent
to five separate farms along a bay.
The model is configured to automatically harvest oysters as soon as
the threshold weight is reached (Harvest When Ready—HWR), and in
the standard model the total biomass harvested (Total Physical Product,
or TPP) is about 316 metric tons, of which 55% is from the two outer
sections of the farm (1 and 5). Food depletion due to oyster filtration
severely constrains growth in the inner area, with sections 2, 3, and 4
yielding the remaining 45% of the harvest. The central part of the farm
grows only 46.5 t of oysters out of the total farm yield due to food
depletion and the first harvestable oysters are only available 40 days
after the first harvest in the outer sections.
The return on investment, indicated by the Average Physical Product
(APP, i.e. biomass out / biomass in, see Ferreira et al., 2007) reflects
food depletion within the farm, with a multiple of about 66 in the outer
sections and a sharp decrease to 36 toward the centre of the farm. A
more uniform production across a farm of this size could be achieved in
four ways: (i) by siting at a location with higher current speeds (we
consider a maximum current of 5 cm s− 1 to illustrate depletion) and/or
more lateral mixing; (ii) by re-locating to an area with higher concen
tration of food (phytoplankton and detrital organic material); (iii) by
reducing stocking density; and/or (iv) by increasing the fallowing break
between sections, as long as lateral mixing due to turbulence is sufficient
to replenish the food supply to a sufficient degree.
Fig. 7 (upper pane) shows the proportion of harvested, undersized,
and dead oysters in each section of the farm: mortality is highest in the
central part of the farm, in part because natural mortality is weightdependent, and therefore smaller animals have a higher chance of
dying. Since this scenario implements HWR, i.e. precision aquaculture,
undersized animals are in the system for the full culture cycle, rather
than being harvested, which increases their overall probability of dying.

3.2. Environmental effects
The environmental effects of high-density shellfish culture have
already been discussed (see also lower pane of Fig. 7), the most obvious
one being consistent food depletion in the central part of the farm, which
makes oyster culture less attractive. If the 100 m fallowing strip is
replaced by a 500 m gap between sections, the farm layout can be
thought of as 5 different farms, each spaced 0.5 km from the next, such
that the total length is 2.5 km. A scenario using moderately high lateral
dispersion (ky = 12,960 m2d− 1, or 0.15 m2s− 1) was simulated as
described above, and the wider gap makes it possible for the inner
‘farms’ to access food, such that at the standard stocking density the total
yield increases to 567 t, 80% higher than the standard harvest.
Gilthead bream (Sparus aurata) is one of the key finfish species
farmed in Europe, with a reported 2018 production (META, 2020a) of
166 kt.6
Fig. 8 shows model results for a 9 ha farm consisting of 5 cultivated
sections (boxes) of 1 ha area (100 m × 100 m), each containing one
million fish; sections are separated by a 1 ha fallowing gap. Gilthead
cages typically contain about 3–4 × 105 fish, so each cultivated section
can be thought of as having three cages. A maximum current speed of
0.05 m s− 1 was used, and the simulation considered two-way flow and a
semi-diurnal tide. Environmental drivers and culture practice data are
taken from Cubillo et al. (In Press).
The results for dissolved oxygen (D.O.) and DIN, as a proxy for
ammonia, highlight the difference between an environment with high
lateral dispersion (ky = 0.2 m2s− 1, upper pane) and no lateral dispersion
(ky = 0 m2s− 1, lower pane). In a high dispersion scenario, the difference
in D.O. among boxes is of the order of 1 mg L− 1 and the overall
maximum range is about 1.5 mg L− 1, whereas with no dispersion the
difference doubles and the range can be up to 4–5 mg L− 1.
In both scenarios the model shows more tidal variability at the end
boxes because these are alternately receiving water from outside the farm

5
Corresponds to a shell height of 3.3 in.—three inches is a harvest threshold
for commercialisation in a number of US states.

6
Eurostat data for 2018 are not yet available for France and Portugal. Based
on 2017 data, a further 2.5 kt should be added.
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Table 4
ABC outputs for husbandry of Eastern oyster (Crassostrea virginica).
Indicator

Section 1

Section 2

Section 3

Section 4

Section 5

Total

1300
86,370
66.44
18,827
24.3
86.23
0.684
0.833

1300
48,820
37.55
47,356
26.9
93.86
0.759
1.494

1300
46,552
35.81
49,267
27.3
93.22
0.759
1.562

1300
48,204
37.08
47,496
27.2
93.53
0.759
1.507

1300
86,258
66.35
19,012
24.2
85.82
0.681
0.832

6500
316,204
48.65
181,957

56,506

56,520

56,121

55,897

57,213

282,257

114,327

112,480

112,383

113,069

115,114

567,373

− 2

Default scenario (200 ind. m )
Seed (kg)
Harvest (TPP, kg)
Average Physical Product (APP)
Non-harvestable (kg)
Mortality (% cycle− 1)
Clearance (106 m3 cycle− 1)
Net N removal (% prod)
Net N removal (% harvest)
Lower density scenario (100 ind. m− 2)
Harvest (TPP, kg)
500 m section breaks, ky = 0.15 m2 s− 1
Harvest (TPP, kg)

452.66

Fig. 7. Proportion of harvested, undersized, and dead biomass in the five cultivated sections of an Eastern oyster (Crassostrea virginica) farm (upper pane), and
environmental effects of culture (lower pane). Scenario with low dispersion (ky = 1555.2 m2d− 1 or 0.018 m2s− 1). Different coloured arrows indicate an increase in
food depletion.

and water that has crossed the whole farm, depending on the tidal situa
tion. As a consequence, with no dispersion the water in all but the central
part of the farm reaches values of 2–3 mg D.O. L− 1, which are at the sur
vival limit for the species, determined to be 2.7 mg L− 1, (META, 2020b).
Finfish culture has a much greater effect on both dissolved oxygen
and ammonia concentration in the water column than shellfish culture
due to the larger size of the animals and the metabolic consequences of
this on different water quality parameters. A high stocking density of
200 oysters m− 2, or 2 million animals in an area of 1 ha, is equivalent to
a maximum biomass (harvested + non-harvestable, Table 4) of about
105 t in sections 1 and 5. The equivalent fish biomass at typical stocking
densities is 324 t, roughly triple that number, but 105 t live weight of
oysters corresponds to about 32.7 t fresh tissue weight (Bricker et al.,
2018), therefore the real multiple is 10,7 i.e. finfish production has a
7

much greater environmental footprint simply on a metabolic basis,
when compared at typical stocking densities per unit area. Furthermore,
bivalve shellfish cultivation is organically extractive, and leads to a
drawdown of suspended organic material, whereas finfish additionally
contribute to the detrital organic pool through uneaten feed.
3.3. Host-pathogen dynamics
The simulation of disease events reported herein considers IHNv in
Atlantic salmon, Vibrio aestuarianus in Pacific oyster, and a climate
change scenario considering OsHV-1 and Pacific oyster.
3.3.1. Atlantic salmon and IHNv
Fig. 9 compares results of an early-stage (30 days after the start of
cultivation) and late-stage (405 days after start) IHN virus outbreak. The
model is parameterised with data from Tables 3 & 4 and considers
weight-dependent natural mortality for all fish and pathogen-related

Slightly less discounting the weight of the fish skeleton, scales, etc.
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Fig. 8. Dissolved oxygen and DIN (in this case as a proxy for ammonia) in two gilthead bream (Sparus aurata) farms. Both farms have an identical layout, stocking
density, and other parameters; the only difference is the lateral dispersion coefficient: the upper pane shows a farm with ky = 17,280 m2d− 1(0.2 m2s− 1 i.e. high
dispersion) and the lower pane a farm with no lateral mixing (ky = 0 m2d− 1).

mortality for infected fish.
The simulation is set up as previously, with 5 sections, or boxes, of
100 × 100 m2 area, separated by a fallowing break (in this case 300 m in
length), for a total farm length of 1.7 km. Two-way water flow
(maximum speed of 0.05 ms− 1) is considered, and a high lateral
dispersion coefficient ky = 0.2 m2 s− 1 helps to disperse the pathogen by
promoting turbulent mixing both in cultivated sections and fallowing
sections. Each farmed section contains 200,000 salmon, typical for a 50
m diameter polar circle cage in Norway, Scotland, Canada, and Chile;
smolt are put in at 80 g, fish are grown for a period of up to 500 days and
harvested at 5 kg, using HWR. Environmental drivers and culture
practice data follow Cubillo et al. (2016).
The results of an early-stage and late-stage disease event show
similar patterns, with a peak in body burden at the start of the infection,
showing some lag from between cultivated sections due to water
movement across the farm. The upper pane shows the concentration of
virus in the water—the pattern for early and late release is similar, but
the secondary peak, caused by the tidal reversal, has a higher magnitude
for the late release because the infected fish are much larger and shed
significantly more virus particles—this is particularly clear for the first
section, where the pathogen concentration in the water doubles for the
late-stage scenario.
An increase in pathogen concentration in a farm area has potentially
serious consequences with respect to interaction with wild fish, a key
concern for sustainable aquaculture (Johansen et al., 2011).
The difference between early and late pathogen release can also be
seen in the body burden (middle pane), which is an order of magnitude
higher for the late release scenario. Since pathogen is only released from
a source cage 3 km to the left of section 1 (Table 2), when the tide re
verses, section 5 receives uncontaminated water, which explains why
sections 5 and 4 have much lower water concentration and body burden,
hardly visible in the figure.
This is also reflected in the mortality (lower pane). In both cases, the
last two sections (4 & 5) are largely unaffected by pathogen-driven
deaths, but the first two sections (1 & 2) are severely impacted, with a
loss of up to half the stock.

The results for body burden reflect the internal dynamics of the
modelling approach—at present there are no data for comparisons with
respect to measured values in tissues. Further comments on scarcity of
host-pathogen data are addressed in the final section of this work.
When considered in terms of individuals, the outcomes discussed
above appear similar, but when analysed in terms of biomass and from
an economic standpoint, the two scenarios are rather different (Table 5).
The harvested biomass in the case of early pathogen release (EPR)
and late pathogen release (LPR) are comparable, since roughly the same
number of individuals survives the disease event. However, the pro
portion of dead biomass is much higher for LPR, because the animals
were much larger by the time the event occurred. The first section is the
most affected, with 397 t of mortalities for LPR, compared to 61 t for
EPR.
As a consequence, much more feed was supplied to those animals for
LPR prior to the pathogen event: in section 1, about 356 t dry weight of
extra feed were used (a cost of 285,000 USD @ 0.8 USD kg− 1), which
results in a change of Economic Feed Conversion Ratio (FCRe) of 1.50 for
EPR to 2.28 for LPR—since feed corresponds to about 70% of operating
costs on a fish farm, this would be a very serious business concern. The
biological FCR in section 1, which includes mortality (dead biomass)
shows a huge difference: FCRb of 1.74 for EPR to 19.58 for LPR. As the
pathogen progresses to other sections, its effect is mitigated due to
dilution and die-off, together with the tidal reversal, which brings
pathogen-free water to the farm; as a consequence, mortality in section 5
is similar to the background (natural) value, and FCRe is about 1.5 for
both EPR and LPR. From an economic standpoint, the 699 t of extra feed
supplied in the LPR scenario correspond to a cost difference of 559,000
USD, or 17 cents kg− 1 of harvested fish.
This analysis is restricted to the production side, but the costs are
considerably higher: they include disposal of dead biomass, disruptive
effects on growth and mortality of non-infected fish, potential culling of
all the stock, and environmental costs in terms of (i) impacts of waste
feed and faeces on bottom sediments; and (ii) oxygen consumption and
dissolved nutrient release into the water column due to fish metabolism.
In parts of the world where collection and adequate disposal of
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Fig. 9. Pathogen concentration, host body burden, and mortality (as decrease in number of individuals) for early-stage and late-stage infection of Atlantic salmon
(Salmo salar) with IHNv. Water flow is bidirectional but pathogen is only delivered by an infected source 3 km to the left of section 1.
Table 5
Comparison of selected culture indicators after early-stage (EPR) and late-stage (LPR) pathogen outbreak for IHNv in Atlantic salmon.
Indicator

Scenario

Section 1

Section 2

Section 3

Section 4

Section 5

Farm total

Total harvested biomass (kg)

EPR
LPR
EPR
LPR
EPR
LPR
EPR
LPR
EPR
LPR
EPR
LPR
EPR
LPR

463,133
465,455
61,133
396,991
10.03
41.74
670,583
1,027,004
637,054
975,653
1.50
2.28
1.74
19.58

529,959
534,899
64,292
313,966
9.14
32.84
780,239
1,043,067
741,227
990,914
1.52
2.01
1.74
5.09

717,596
713,182
67,927
132,833
7.36
13.47
1,034,581
1,101,073
982,852
1,046,019
1.47
1.58
1.63
1.95

767,323
769,799
69,791
75,580
7.06
7.60
1,112,244
1,117,214
1,056,632
1,061,354
1.48
1.48
1.63
1.65

774,114
783,244
69,190
65,747
6.96
6.56
1,118,356
1,126,909
1,062,438
1,070,564
1.48
1.47
1.62
1.61

3,252,125
3,266,579
332,333
985,117
–
–
4,716,003
5,415,267
4,480,203
5,144,504
–
–
–
–

Total dead biomass (kg)
Percent dead biomass (%)
Feed supplied (kg DW)
Feed eaten (kg DW)
Economic FCR
Biological FCR

mortalities are not so well-established, this kind of disease event leads to
substantially greater environmental costs—as an example, a mortality
event in southern Chile related to a large-scale Pseudochattonella verru
culosa bloom in 2016 led to offshore dumping of 5000 tons of Atlantic
salmon (Díaz et al., 2019).
ABC does not currently include the effect of multi-stressors, such as
increased susceptibility to succumbing to infection caused by low dis
solved oxygen, but the link between environmental stress and suscep
tibility to disease is well-established (e.g. Snieszko, 2006). Further
research is needed to develop quantitative relationships suitable for
incorporating in models—paucity of experimental parameters for host-

pathogen interactions is a current limitation in simulating such multistressor effects. Our model does however account for the role of water
temperature in terms of host-pathogen overlap—for Atlantic salmon and
IHNv, the temperature window is 8–15 ◦ C (Bootland and Leong, 1999),
so a pathogen emission can only occur within that range, but the effect of
temperature is only on the physiological processes of the host. For
bivalve shellfish (discussed below), temperature also conditions clear
ance rate, thereby affecting the pathogen uptake rate.
3.3.2. Pacific oyster and Vibrio aestuarianus
Infection of oysters with various Vibrio species is a human health and
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food safety problem in many temperate bays and estuaries, due to
consumption of infected shellfish (e.g. Froelich and Oliver, 2013).
However, Vibrio aestuarianus has been shown to cause significant mor
tality in the host organism itself (Lupo et al., 2019; Table 3), so this hostpathogen pair was selected to illustrate the application of the ABC model
to simulate changes in shellfish production and ecosystem services when
a disease event occurs.
A five-section (1 ha each) Pacific oyster farm with 100 m fallowing
breaks (900 m farm) was used for simulating the host-pathogen dy
namics of Vibrio aestuarianus, with oyster growth drivers from Carling
ford Lough, a transboundary Irish water body (Ferreira et al., 2008).
C. gigas was stocked at 100 ind. m− 2, cultivated for 850 days—a typical
culture cycle in Northern Irish sea loughs—and size-dependent natural
mortality was set at a maximum of 20% per year. The validation of in
dividual oyster growth is provided in Cubillo et al. (In Press), together
with production and environmental outputs obtained with the FARM
model for typical farms.
Fig. 10 shows results for production and ecosystem services (upper
pane) and pathogen-related mortality (lower right pane). In ABC, the
immune system of infected hosts is simulated to reduce pathogen
replication rate as the disease event develops, so that as the initial rate Ri
decays to Rf the host body burden is reduced due to shedding. However,
the host infectivity is governed in the model by the Hill function (Eq.
10), which uses the pathogen concentration in the water (ID50, Table 3).
In farm locations with a significant tidal signal, organisms who survive
infection and transition to the exposed and/or to the susceptible state
(Fig. 6) can become re-infected and subsequently die due to the persis
tent high concentration of pathogens in the water column ((lower left
pane).
The monthly measured water temperature data set contains only one
value of 19 ◦ C at Julian day 171, all other values being lower. The
emission of Vibrio aestuarianus starts at day 160 and lasts for 15 days,
and although there is only one day in the whole two-week emission
period when the host-pathogen temperature window (19–30 ◦ C, see

Table 3) allows infection, this is enough to cause the disease-related
mortality shown in the bottom-right pane of Fig. 10.
In order to compare the results shown with a base case of no disease,
the lower threshold temperature at day 171 was changed to 18.99 ◦ C,
which will not alter individual growth. Although the disease event is
both short-lived and at the early stages of cultivation, it has significant
consequences: oyster harvest falls from 194.5 t to 179.3 t, a decrease of
7.8%, and the total net nitrogen removed decreases by 10.2%, partly due
to the lower growth, but mainly due to the increased mortality—this is a
cost in terms of the provision of regulatory ecosystem services (see re
view in Ferreira and Bricker, 2019).
Systems where the upper limits of water temperature are extremely
close to the minimum required to trigger host-pathogen events are at a
tipping point with respect to disease outbreaks; Vibrio aestuarianus has
been detected in Irish oysters since 2012, whereas in Northern Ireland,
the colder waters have so far excluded the pathogen (M. Service, pers.
com.), but small interannual fluctuations in water temperature may be
enough to trigger quite significant changes in the economics and
ecological impacts of shellfish cultivation.
3.3.3. Pacific oyster and oyster herpes virus – climate change
Infection of oysters with the OsHV-1 virus causes significant host
mortality in many temperate bays and estuaries—the minimum tem
perature threshold for outbreaks of herpes in Pacific oysters is 16 ◦ C
(Pernet et al., 2015). Given the fact that OsHV-1 has been detected in
Europe (e.g. France, Netherlands, UK, Ireland, Spain), the USA, China
(Bai et al., 2015), and a number of other countries, the effect of climate
change on the oyster industry in risk areas for OsHV-1 is a major man
agement concern.
We used an identical model setup to the Vibrio simulations in the
previous section, i.e. a 900 m long farm with 100 m fallowing breaks and
an identical stocking density. Water temperature was obtained from
regionally downscaled climate models simulating end-of-century pro
jections for a worst-case carbon concentration scenario, based on the

Fig. 10. Production, ecosystem services, and pathogen-derived mortality for Pacific oyster infected with Vibrio aestuarianus, using measured data for growth drivers
from Carlingford Lough, Ireland/Northern Ireland.
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Fig. 11. Water temperature, host body burden, and mortality (as decrease in number of individuals) for modelled current temperature conditions (2020, left pane)
and a climate change scenario (RCP 8.5 in 2100) for Pacific oyster (Crassostrea gigas) and oyster herpes OsHV-1. Water flow is bidirectional but pathogen is only
delivered by an infected source 300 m to the left of section 1. The vertical yellow band in the upper pane represents the pathogen emission window from the source
site. (For interpretation of the references to colour in this figure legend, the reader is referred to the pdf version of this article.)

scenario a maximum (mean of all animals) of 1.72 × 106 pfu ind− 1 is
reached; this is reflected in the mortality curves (lower pane), where the
2020 scenario shows a gradual decline in numbers due to natural mor
tality, whereas the 2100 scenario shows a catastrophic loss of animals
due to pathogen-derived mortality.
The effect of the pathogen is most evident in the first section (Box 1),
which is closest to the emission source; by day 266, when the mortality
returns to pre-disease rates (< 1000 deaths per day), 5.48 × 105 animals
have died in the climate change scenario, compared to 1.07 × 105 (80%

Representative Concentration Pathways (RCP 8.5) provided by the IPCC
(van Vuuren et al., 2011). All other growth drivers were identical to the
Vibrio scenario, and the pathogen outbreak occurred at day 220 and
lasted 15 days. The results were compared with ABC outputs using
simulated water temperature for 2020 obtained with the climate change
model, rather than using measured water temperature data, to ensure
consistency across data sets.
Fig. 11 compares the two situations. The present-day (2020) outputs
show zero body burden (i.e. no infection) whereas in the climate change

Table 6
Comparison of selected culture indicators for the 2020 baseline and an end-of-century (2100) RCP 8.5 climate change scenario resulting in different host-pathogen
overlap windows for Pacific oyster and OsHV-1 (herpes virus) in Carlingford Lough. Water temperature is modelled using a downscaled regional climate model
(Van Vuuren et al., 2011; IPCC, 2013). All scenarios use 5 × 106 oysters stocked equally in 5 farm sections, corresponding to a total seeded biomass of 3250 kg.
Indicator

2020 climate model (baseline)

RCP 8.5
Year 2100

Host-pathogen overlap (days)
Morts (N◦ individuals)
Dead biomass (t)
Non-harvestable biomass (t)
Harvest (t)
Average Physical Product (APP)
Water clearance (106 m3)
Nitrogen removal (t N)
N removal as percent of harvest
Individual growth (AquaShell model, g)

0
1,843,200
75.35
73.18
142.26
43.77
116.57
13.84
9.7
80.03

74
3,217,200
96.33
10.86
113.67
34.97
69.00
8.08
7.1
90.44
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Difference due to climate change (%)

+74.5
+27.8
− 85.2
− 20.1
− 20.1
− 40.8
− 41.6
− 26.8
+13.0
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less) in the current scenario. At section (box) 5, furthest from the
pathogen source, the corresponding mortalities at day 266 are 4.81 ×
105 and 1.08 × 105, and the reduction is slightly lower (77%).
Table 6 develops this analysis by showing comparative results of
production and environmental indicators. Water temperature increase
has a positive direct effect on Pacific oyster growth; results from the
AquaShell individual growth model (Table 6, final row), which drives
the IBM model in ABC, show that the end-point weight of a single oyster
simulated with the environmental drivers from this scenario increases
by 13% at RCP 8.5, to a final weight of 90.44 g. In practice, this means
that in ABC, oysters will reach the 70 g weight at which they are har
vested earlier with climate change. This is reflected in the mass of nonharvestable animals—those that are below the threshold harvest weight
at the end of the culture period—73.18 t in the baseline scenario,
compared to 10.86 t (85.2% less) at RCP 8.5. However, the benefit of
enhanced growth and earlier harvest is strongly outweighed by the in
direct effect of climate change on disease mortality, which is 74.5%
greater than in the base case.
The consequences for the farmer are of major importance: a 27.8%
increase in dead biomass (74.5% increase in dead animals) at RCP 8.5,
which would be much worse if this was a late stage outbreak—in the
present scenario, oyster weights are in the range of 20–30 g (live weight)
across the whole population, but if the OsHV-1 outbreak occurred in the
second year of cultivation it would kill oysters in the 50–70 g weight
range, with far more damaging effects on harvestable biomass.
Even at the early stage simulated, RCP 8.5 shows a reduction in
harvested tonnage of 20.1%, with an identical reduction in APP, i.e.
return on investment, and the consequent business liability.
With respect to ecosystem services, the pathogen-driven mortality
means that there is a 40.8% reduction in water clearance, a key benefit
provided by cultivated filter-feeders (see e.g. Ferreira and Bricker,
2019). As a consequence, less phytoplankton and detrital organic matter
is removed, leading to a decrease of 41.6% in net nitrogen removal, and
therefore a smaller role of organically extractive aquaculture in topdown control of eutrophication.
Although ABC does not presently simulate synergistic effects of
multiple pathogens on a common host, Petton et al. (2015a, 2015b)
established that the colonisation of C. gigas by a range of vibrios pre
cedes replication of oyster herpes virus OsHV-1, and that whenever
Vibrio is not present, a high loading of OsHV-1 is not sufficient to trigger
a full-blown infection. The same authors showed that antibiotics
reduced mortality rates during an OsHV-1 event, which is further evi
dence for a bacterial role in herpes outbreaks (Parizadeh et al., 2018).
Even at RCP 8.5 in 2100, the outputs of the downscaled climate
models used in this OsHV-1 scenario do not reach the critical tempera
ture of 19 ◦ C, above which Vibrio kills Pacific oysters. However, climate
models have a relatively coarse grid, and is quite probable that bays,
estuaries, and fjords will show more extreme ranges than open marine
systems—this raises concerns for future outbreaks of both Vibrio and
herpes as a consequence of climate change.8

To our knowledge, ABC is the first pathogen model that simulates
pathogen uptake as a function of water concentration, integrates path
ogen, production, and biogeochemical modelling, and allows the
simulation of pathogen body burden within the host, rather than
infection through contact. Nevertheless, it is important to emphasise
that the model works only for pathogens with direct life cycles, not for
those with complex life cycles such as sea lice (e.g. Sandvik et al., 2020).
This is partly because ABC, like FARM, is a local-scale model, and thus
cannot address the multiple life-cycle stages of organisms such as Lep
eophtheirus sp. and Caligulus sp.
A great deal of work has been devoted to modelling the production of
cultivated aquatic organisms, and the environmental factors that in
crease or constrain it, with the objective of enhancing sustainable
aquaculture production. However, without accounting for the potential
effects of a pathogen outbreak on mortality, such models are necessary
but not sufficient as a tool to address production carrying capacity
(sensu Inglis et al., 2000). We illustrated this by means of a number of
modelling outcomes where pathogen outbreaks played a clear role in the
potential commercial viability of a farm.
We have shown how the ABC framework can provide decision sup
port for both managers and industry by analysing a range of factors that
condition carrying capacity and siting of farms, including issues related
to overstocking (food depletion), proximity of culture structures (hyp
oxia), and effects of water renewal on these issues. In addition, the
analysis of host-pathogen interactions highlighted the use of ABC to
examine the consequences of early stage versus late stage pathogen
infection in terms of impacts e.g. on FCR and APP. The economic and
ecological risks of cultivation in a changing climate, as environmental
variables reach host-pathogen overlap thresholds, also provided in
dustry stakeholders with concrete examples of use in business planning
and risk assessment over the next decades.
ABC is a standalone platform that falls into the category of screening
models (Ferreira et al., 2012b), and is designed from a technical
standpoint specifically for industry and managers, with respect to ease of
use and practical application.
The combination of deterministic and stochastic modelling used in
ABC is an appropriate way to address growth, environmental effects, and
disease, but this work laid bare the paucity of epidemiological data
required to effectively apply such combined approaches, and therefore
the key research need for quantitative data on host-pathogen pairs. The
complexity of such research is by no means underestimated by the au
thors, but it is important to highlight that the current limitations in
advancing this combined approach lie much more with the stochastic
host-pathogen component than with a need for further parameterisation
of the deterministic simulation of physiological processes.
Since pathogen issues often occur at a system scale; the ABC farmscale approach does not consider interactions at a bay or estuary level.
Nevertheless, distance transmissions can be accounted for by assuming a
low-level underlying background pathogen level, which would lead to a
low probability of triggering an epidemic within a farm. Once infection
occurs in a farm site, these distant infections are of little relevance as the
level of infection in the farm site will be what drives the process.
Transport of animals and relaying can be important infection routes,
which are easily captured in the existing framework simply by changing
the number of susceptible and infected animals in the population at the
time of the new stock being introduced to a site.
Interactions between production and environment with respect to
growth drivers, as well as risks such as organic loading to the sediment
and consequences thereof, are presently at a level of understanding
which is acceptable for decision-making; however, relationships be
tween environmental conditions and successful pathogen outbreaks are
less well understood in quantitative terms, and this limits the ability to
model such synergistic effects and their consequences both for industry
and ecosystem equilibrium.
These challenges should be seen as opportunities to further develop
models of this kind, based on a unified approach to carrying capacity

4. Conclusions
The work presented herein is the first approach that allows a com
bined analysis of three key components of carrying capacity (Fig. 1),
viz.: husbandry, environmental effects, and pathogen interaction. Both
positive and negative environmental effects can be considered, such as
reduction of eutrophication symptoms (sensu Bricker et al., 2003) due to
top-down control by filter-feeders and hypoxia in open water finfish
farms if the cages are placed too close or sited in areas with insufficient
mixing.
8
These concerns partly explain why there has been a substantial increase in
oyster farming in Ireland by French producers in recent years due to the
reduced risk of crop loss due to oyster herpes virus in colder water.
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assessment, which are able to address physical, production, ecological,
and to some degree social aspects of this complex and divisive issue.
Tools of this nature, and their quantitative outputs, will help inform the
discussion on aquaculture outcomes and help optimise the societal
benefits of growing good fish in terms of nutrition, taste, animal welfare,
environmental sustainability, and local employment.
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