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a b s t r a c t
The global ocean is projected to be warmer, less oxygenated and more acidic in the 21st century relative
to the present day, resulting in changes in the biogeography and productivity of marine organisms and
ecosystems. Previous studies using a Dynamic Bioclimate Envelope Model (DBEM) projected increases
in potential catch in high latitude regions and decreases in tropical regions over the next few decades.
A major structural uncertainty of the projected redistribution of species and ﬁsheries catches can be
attributed to the habitat suitability algorithms used. Here, we compare the DBEM projections of potential catches of 500 species of exploited marine ﬁshes and invertebrates from 1971 to 2060 using three
versions of DBEM that differ by the algorithm used to predict relative habitat suitability: DBEM-Basic,
DBEM-Maxent and DBEM-Aquamaps. All the DBEM models have similar skill in predicting the occurrence of exploited species and distribution of observed ﬁsheries production. Globally, the models project
a decrease in catch potential of 3% to 13% by 2050 under a high emissions scenario (Representative Concentration Pathway 8.5). For the majority of the modelled species, projections by DBEM-Maxent are less
sensitive to changes in ocean properties than those by DBEM-Aquamaps. The mean magnitude of projected changes relative to differences between projections differ between regions, being highest (>1 times
the standard deviation) in the tropical regions and Arctic Ocean and lowest in three of the main Eastern
Boundary Upwelling regions, the eastern Indian Ocean and the Southern Ocean. These results suggest
that the qualitative patterns of changes in catch potential reported in previous studies are not affected
by the structural uncertainty of DBEM, particularly in areas where catch potential was projected to be
most sensitive to climate change. However, when making projections of ﬁsh stocks and their potential
catches using DBEM in the future, multiple versions of DBEM should be used to quantify the uncertainty
associated with structural uncertainty of the models. Overall, this study contributes to improving projection of future changes in living marine resources by exploring one aspect of the cascade of uncertainty
associated with such projections.
© 2016 Published by Elsevier B.V.

1. Introduction
Biogeochemical properties of the oceans have been altered by
CO2 emissions from human activities since the beginning of the
20th century (Gattuso et al., 2015; IPCC, 2013). Particularly, the
ocean is becoming warmer, less oxygenated, and (Portner et al.,
2014), resulting in changes in the distribution (Cheung et al.,
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2013a; Pinsky et al., 2013; Poloczanska et al., 2013), community
structure (Beaugrand et al., 2015), trophodynamics (Ainsworth
et al., 2011; Kirby and Beaugrand, 2009; Stock et al., 2014a),
and productivity of marine organisms and ecosystems (Gattuso
et al., 2015; Portner et al., 2014). Consequently, ﬁsheries will be
impacted through changes in distribution and potential catches of
exploited marine species (Barange et al., 2014; Cheung et al., 2011,
2010). Previous studies using a Dynamic Bioclimate Envelope
Model (DBEM) project increases in catch in high latitude regions
and decreases in tropical systems by the mid-21st century (Cheung
et al., 2010, 2011).
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The DBEM is a numerical approach to project the effect of
climate change on exploited species and consists of two main
components: (1) predicting species’ habitat suitability in each spatial grid; (2) simulating spatial population dynamics of ﬁsh stocks
that include population growth, movement and dispersal of adult
and larvae, as well as the ecophysiological effects of temperature,
oxygen and acidity on body size, growth, mortality and reproduction (Cheung et al., 2013b). In addition, DBEM takes into account
changes in net primary production (NPP) across space and time that
affect an ecosystem’s capacity to support ﬁsh stocks and alter ﬁsheries catch potential (Fernandes et al., 2013). Thus, the projected
redistribution of ﬁsheries catch potential is in part due to poleward
shifts in the distributions of exploited ﬁsh stocks that result in invasion of warmer-water species into higher latitude regions and local
extinction in tropical waters (Jones and Cheung, 2015), and in part
to changes in primary productivity (Cheung et al., 2011).
The prediction of species’ habitat suitability under changing
ocean biogeochemical properties can potentially alter projections
of catch potential by DBEM and may be an important source of
uncertainty (Jones et al., 2015). Habitat suitability in DBEM is
predicted based on species’ preferences to environmental conditions, inferred by overlaying current distributions with gridded
environmental data (Cheung et al., 2008c). Alternative methods
of predicting habitat suitability are available and the application
of these methods may generate substantially different projections
of biogeography (Elith and Leathwick, 2009). At a regional scale, a
case study of projecting future catch potential under climate change
scenarios in the UK waters using DBEM and two alternative species
distribution models suggests that the projected trends are consistent between models, while the magnitude and ﬁner scale patterns
of change may vary substantially (Jones et al., 2015). However, the
effects of using different habitat suitability algorithms in projecting
global change in ﬁsheries catch under the DBEM framework have
not been explored previously.
In this study, we examined the effects of using alternative
numerical procedure to predict species’ habitat suitability on projected changes in catch of exploited marine ﬁshes and invertebrates
under the DBEM framework. Speciﬁcally, we compared the DBEM
projections using the original habitat suitability algorithm as
described in Cheung et al. (2011) with projections that were driven
by predicted habitat suitability from Maxent and Aquamaps (Jones
and Cheung, 2015). We evaluated the degree of agreement between
the predicted potential catch with the total maximum ﬁsheries
catches of the modeled species as reported in the Sea Around Us
dataset (www.seaaroundus.org). We hypothesized that the projected direction of changes in global and regional total potential
catch is consistent between alternative algorithms while the projected magnitude of change is more sensitive to alternative habitat
suitability predictions. If such hypotheses are supported by this
study, it would imply that the general pattern of projected potential catch under climate change showed in previous studies using
DBEM projections, e.g., Lam et al. (2014), are robust to alternative structures of DBEM while there is a need to further explore
other sources of variability and uncertainties associated with the
projections (Cheung et al., 2016).

2. Methods
2.1. Dynamic Bioclimate Envelope Model (DBEM)—Basic
structure
We used the DBEM to simulate changes in distribution, abundance and catches of exploited marine ﬁshes and invertebrates. The
structure of the DBEM is described in Cheung et al. (2011) and we
summarize pertinent aspects of the model here.

2.1.1. Current species distribution
The current distributions of commercially exploited species,
representing the average pattern of relative abundance in recent
decades (i.e., 1970–2000), were produced using an algorithm developed by the Sea Around Us Project (see Close et al., 2006; Cheung
et al., 2008b; www.seaaroundus.org). The algorithm estimates the
relative abundance of a species on a 0.5◦ latitude × 0.5◦ longitude
grid based on the species’ depth range, latitudinal range, known
Food and Agriculture Organization statistical areas and polygons
encompassing their known occurrence regions. The distributions
were further reﬁned by assigning habitat preferences to each
species, such as afﬁnity to shelf (inner, outer), estuaries, and coral
reef habitats. The required habitat information was obtained from
FishBase (www.ﬁshbase.org) and SeaLifeBase (www.sealifebase.
org), which contains key information on the distribution of the
species in question, and on their known occurrence region.
2.1.2. Projecting future habitat suitability
We calculated an index of habitat suitability for each species (P)
in each spatial cell i from temperature (bottom and surface temperature for demersal and pelagic species, respectively), bathymetry,
speciﬁc habitats, salinity and sea ice with 30-year averages from
1971 to 2000 of outputs from Earth System Models (see Supplementary materials). The multiple of these ﬁve components resulted
in the overall habitat suitability:





Pi = P (Ti , TPP) · P (Bathyi , MinD, MaxD) · P Habitati,j , HAssoc ·
P (Salinityi , SAssoc) · P (Icei , IceP)

(1)

where T is seawater temperature, Bathy is bathymetry, Habitat is the
proportion of area of the habitat type j relative to the total seawater
area of the cell i, Ice is sea ice extent, and Salinity is the salinity class
of cell i according to the Thalassic series (hyperhaline, metahaline,
mixoeuhaline, polyhaline, mesophaline and oligohaline). For each
species, TPP is temperature preference proﬁle, MinD and MaxD are
minimum and maximum depth limits, HAssoc is habitat association
index, and SAssoc has a value of 1 or 0 indicating whether the species
is or is not associated to the speciﬁc salinity classes, respectively,
and IceP is association to sea ice for polar species.
Speciﬁcally, DBEM estimated the temperature preference
proﬁle (TPP) of each species by overlaying the estimated species
distribution (Cheung et al., 2008b; Close et al., 2006; Jones et al.,
2012) with annual seawater temperature and calculated the areacorrected distribution of relative abundance across temperature
for each year from 1971 to 2000, subsequently averaging annual
temperature preference proﬁles (TPP). The TPP was calculated
from the predicted average relative abundance (Ri ) from the
estimated current species distribution in temperature class i over
the entire range:
TPPi =
Ri =

R

i

Ri

Qi
Ai

(2a)
(2b)

where Qi and A are the sum of relative abundance and range area
from spatial cells within temperature class i.
A species’ distribution was also limited indirectly by depth. Thus,
there were lower and upper limits of water depth (minD and maxD,
respectively) outside of which a species does not occur i.e.:
P(Bathy, min D, max D) = 1
if Bathy ≥ min D and Bathy ≤ max D

(3a)

P(Bathy, min D, max D)
= 0 if Bathy < min D or Bathy > max D

(3b)
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However, marine species can survive in deeper waters than they
currently occur to some extent. To reﬂect this, the model allows the
species to move to area where depth is twice the maximum depth
limit.
Each species was assigned an index of association (HAssoc)
to one or more of the four habitat types: coral reefs, estuaries,
seamounts and habitats that are none of the above. The index,
scaled between 0 and 1, represents the relative density of a species
in the particular habitat. It was assigned based on qualitative
descriptions of the ecology of the species from FishBase or other
publications and literature (see Close et al., 2006 for description
of how this index is estimated). Distribution of relative abundance
was then adjusted based on the habitat-association index and the
global distribution of each habitat:
P(Habitat, HAssoc) = Habitat · HAssoc

(4)

Polar ecosystems, and the distributions of their associated
species, are largely shaped by the dynamics of sea ice (Longhurst
1981). In both the Arctic and Antarctic, primary productivity around
sea ice is generally high. For instance, in the Antarctic, phytoplankton growth is enhanced by micronutrient delivery and stabilization
of the water column associated with the inﬂux of lower salinity but
nutrient rich water from melting ice. This in turn forms the base of
the foodweb which support ﬁshes and mammals in polar ecosystems (Eicken 1992; Legendre et al. 1992; Longhurst 1981). Thus,
polar ﬁshes are generally distributed close to sea ice (Legendre et al.
1992; Fuiman et al. 2002). It is therefore reasonable to assume that
environmental preferences of polar species are partly dependent
on distance from sea ice. To be consistent with the current species
distributions, which represent annual average, annual average sea
ice extent was used. We calculated polar species’ relative habitat
suitability in relation to sea ice using similar algorithms as when
calculating TPP. However, instead of seawater temperature, sea ice
extent was used in Eq. (2).
2.1.3. Modelling changes in spatial population dynamics
Movement and dispersal of adults and larvae were modelled
through advection–diffusion–reaction equation for larval and adult
stages using the following equations, respectively.
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(5b)

where A was abundance. Horizontal diffusion was characterized
by a diffusion parameter D. Diffusion coefﬁcient, expressed in
m2 s−1 , is assumed to be a function of length scale of the spatial grid: D = (1.1 × 10−4 )·GR·1.33 where GR is the minimum grid
resolution (Nahas et al., 2003). Pelagic larvae were assumed to
be passively advected and diffused via ocean currents and associated mixing (Cheung et al., 2009, 2008b). The instantaneous rate of
larval mortality and settlement is represented by  = 1 − e−(ML + SL )
where ML and SL are the natural mortality and settlement rates
of larvae, respectively. Adult’s natural mortality is implicit in the
intrinsic rate of population increase (r, Eq. (8)). Advection was characterized by two surface current velocity parameters (u, v) that
described the east–west and north–south current movement across
a distance between centers of neighboring cells in the east–west
and north–south directions (x, y respectively). The duration of the
pelagic larvae phase was predicted from an empirical equation as
a function of sea surface temperature (O’Connor et al., 2007). The
default larval mortality and larvae settlement rate are 0.85 day−1
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and 0.2 day−1 , respectively (Cheung et al., 2008b). Sensitivity analysis suggests that the long-term (decadal) projection of DBEM is
not sensitive to these two parameters (Cheung et al., 2008b).
For juvenile-adult stages, diffusion rate was dependent on habitat suitability (P) and a density-dependent factor () that was a
function of the carrying capacity (), population density () and
mean weight (W̄ ) in the spatial cell i:
Di =

D0 · m

(6)

1 + e(·Pi ·i )

i = 1 −



i
i /W̄i



(7)

The coefﬁcients m and  determined the curvature of the functional relationship between D, P, and  (Cheung et al., 2008b),
and D0 is the initial diffusion coefﬁcient. Thus, diffusion rate in
the cell increased as environmental conditions (habitat suitability
and carrying capacity) became less favorable to the species. Also,
as population density approached carrying capacity, the density
dependent factor decreased in value and diffusion rate increased.
A gradient of diffusion rate between neighboring cells resulted in
net movement from less to more suitable habitats or from more
crowded to less densely populated areas.
The carrying capacity of a spatial cell ( i ) is assumed to be distributed in proportion to the product of habitat suitability (Pi ) and
net primary production (NPPi ). The total carrying capacity is an
estimate of the global unﬁshed biomass based on the average of
the top-10 annual catches by weight of the modelled species in
the world from 1950 to 2004 and their intrinsic population growth
rate (Cheung et al., 2008a). We assumed that the average of the top10 annual catches was roughly equal to the maximum sustainable
yield (MSY) of the species. This may be an over-estimation of MSY
if the high catches subsequently led to over-exploitation, or that it
may under-estimate MSY if the species was under-exploited. However, this would not substantially alter the main results from DBEM,
which focused largely on the relative changes across time instead
of the absolute biomasses or catches. Assuming logistic population
growth, unﬁshed biomass (Bunﬁshed ) of a population was estimated
from (see Haddon, 2010 equation 11.26):
Bunﬁshed =

4 · MSY
r

(8)

The model simulated changes in relative abundance of a species
by solving the advective–diffusive equation in Eq. (5) ﬁrst, and then
feeding the outputs into a logistic growth function:


dAi
=
r · Ai ·
dt
N

j=1



1−



Ai
i /W̄



− F · Ai

(9)

where Ai is the abundance in a 30 × 30 cell i, r is the intrinsic population growth, determined through the Euler-Lotka method (see
Cheung and Sumaila, 2015). F is the ﬁshing mortality rate, and carrying capacity in biomass is converted to numerical
  abundance by
dividing it with the estimated mean weight W̄ .
In addition to the abundance (A), DBEM calculates a characteristic weight (W) representing the average mass of the population in
cell i. The model simulated how changes in temperature and oxygen
content (represented by O2 concentration) would affect growth of
the individuals using a sub-model derived from a generalized von
Bertalanffy growth function (VBGF) (Cheung et al., 2013b):
Wt = W∞ · [1 − e−K·(t−t0 ) ]1/(1−a)

(10)

where W∞ is the asymptotic weight, and K is the von Bertalanffy
growth parameter. For simpliﬁcation, we assume that the scaling
coefﬁcient a = 0.7, although empirical studies show that a generally
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Table 1
Parameters of the DBEM model.
Parameters

Symbols

Default values

Unit

Abundance
Asymptotic weight
Average relative abundance in temperature class i
Bathymetry
Biomass
Carry capacity
Catch
Coefﬁcients determine the curvature functional relationship between D, H, and 
Coefﬁcients of the generalized VBGF
Metabolic coefﬁcients
Density-dependent factor
Diffusion coefﬁcient
Current velocity
East-west distance
Fishing mortality rate
Habitat association index
Habitat suitability index
Intrinsic population growth
Depth limits
Maximum sustainable yield
Mean body weight
Natural mortality rate
Number of grid cells
Population density
Probability of growth transition
Proportion of area of the habitat to the total seawater area
Range area from spatial cells within temperature
Relative biomass
Sea ice extent
Seawater temperature
Unﬁshed biomass
Weight
von Bertalanffy growth parameter

A
Winf
Ri
Bathy
B

C
m, k
g, h
j1 , j2

D
u, v
x, y
F
HAssoc
P
r
MaxD, MinD
MSY
W̄

N

X
Habitat
A
B
Ice
T
Bunﬁshed
W
K

Derived
Varies between spp.
Derived
Varies between cells
Derived
Derived
Varies between spp.
2, 2
Derived
4.5, 8
Derived
Derived
Varies between cells
Varies between cells
Derived
Varies between spp.
Derived
Varies between spp.
Varies between spp.
Varies between spp.
Derived
Derived
259,200
Varies between spp.
Derived
Varies between cells
Derived
Derived
Varies between cells
Varies between cells
Varies between spp.
Derived
Varies between spp.

No. of individuals
kg
No. of individuals
m
t
t
t per year
–
kg year−1 , year−1
Kelvin
–
m2 s−1
m s−1
m
year−1
–
–
year−1
m
t year−1
kg
year−1
Count
No. of individuals
–
–
m2
t
Percentage cover
Kelvin
t
kg
year−1

varies from 0.50 to 0.95 between ﬁsh species (Pauly, 2010, 1981),
with 2/3 corresponding to the special or standard VBGF.
The model predicts changes in VBGF parameters for each species
according to changes in temperature, oxygen and pH in the ocean
relative to the initial conditions, as:



W∞ =

g · [O2 ] · e−j1 /T

1/(1−a)

h · H+ · e−j2 /T

K = k · (1 − a)

h=

W∞ 1−a · K
[O2 ] · e−j1 /T0
K/ (1 − a)
H+ · e−j2 /T0

(12)

X
l l ,l

·e

(15)

Xl,l is the probability of an individual growing from length class
l to l in a time-step (y) as estimated from growth data (Chen et al.,
2003; Sadovy et al., 2007) and Wl is the mean weight of length class
l.
Thus, average body weight was dependent on temperature and
oxygen level. Biomass (B) and catch
 (C) were then calculated from
the population mean body weight W̄ and abundance:
B = A · W̄

(16a)

C = A · F·W

(16b)

(13a)
(13b)

2.2. DBEM—Alternative structure

M = −0.4851 − 0.0824 · log(Winf ) + 0.6757 · log(K)

where T is the average water temperature in cell i.

y

The model had a spin-up period of 100 years using the climatological average oceanographic conditions from 1971 to 2000,
thereby allowing the population to reach equilibrium before it was
perturbed with oceanographic changes. This basic version of DBEM
is hereafter called DBEM-basic

Adult natural mortality rate (M) was estimated from an empirical equation (Pauly, 1980):

+ 0.4687 · log(Ti )


W · Xl ,l · e−M
y
l l
W̄ =  
−M

(11)

in which metabolism is temperature dependent and aerobic scope
is dependent on oxygen availability in water and maintenance
metabolism is affected by physiological stress (e.g., increased acidity). Also, j = Ea/R with Ea and R are the activation energy and
Boltzmann constant, respectively, while T is temperature in Kelvin
(see Table 1 for default values of j1 and j2 ). In addition, the aerobic
scope of marine ﬁshes and invertebrates decreases as temperature approaches their upper and lower temperature limits (Pörtner
2010). The coefﬁcients g and h were derived from the average W∞ ,
K and environmental temperature (To ) of the species reported in
literature:
g=

The estimated growth parameters and natural mortality rate
were used in calculating the average body weight of individuals
in the population using the length-based life table as detailed in
Cheung et al. (2011), where:

(14)

We examined the effects of alternative prediction of species’
habitat suitability on DBEM projections. Speciﬁcally, we used two
other species distribution models (SDM), Maxent and AquaMaps,
that had been tested and applied to a large number of exploited
marine ﬁshes and invertebrates in the world to infer their spatial
distributions (Jones et al., 2012; Jones and Cheung, 2015; Kaschner
et al., 2011; Rengstorf et al., 2013).
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Maxent and AquaMaps use generative statistical procedures
to determine species’ environmental envelopes from species
occurrence data and a suite of environmental variables. Species
occurrence data are represented by presence data only, which is
considered more appropriate when absence data are likely to be
inaccurate. Although absence data are occasionally available for
marine species, they are not available for many of the species modelled here. The two models, contrasting each other in the algorithms
used (Jones et al., 2012), were applied to predict the “current” distributions of the set of species using 30-year averaged environmental
data centered on 1985 (1971–2000) of the same variables that are
used in DBEM-basic.
In the two alternative versions of DBEM (DBEM-Maxent and
DBEM-AquaMaps), we assumed that the carrying capacity () in
each geographical cell of the ocean, as speciﬁed in Eqs. (6) and
(7), was proportional to the habitat suitability index provided by
Maxent and AquaMaps, respectively. Moreover, in both alternative
DBEM versions, we did not consider the effects of changes in ocean
properties on growth and body size. Other than these modiﬁcations, the other model structure and parameterization remained
the same as the basic version of DBEM (Table 1).
2.2.1. DBEM-Maxent
The model Maxent (Phillips and Dudík, 2008) generated predictions of species’ relative habitat suitability by associating species’
occurrence data with the set of 1971–2000 averaged environmental variables (representing the ‘current’ time period) used in
DBEM-basic. Maxent (Phillips et al., 2006) uses a complex generative approach (Phillips et al., 2006) to estimate the environmental
co-variates conditioning species’ presence from presence only
occurrence data and a suite of environmental variables. The ﬁnal
prediction is based on the principle of maximum entropy, which
speciﬁes that the best approximation of an unknown distribution is
the probability distribution with maximum entropy, or that closest
to uniform (Phillips et al., 2006).
Models were constructed using Maxent version 3.3.3e with
default parameters for a random seed, regularization parameter
(1, included to reduce over-ﬁtting), maximum iterations (500),
convergence threshold (0.00001) and maximum number of background points (10,000 points which have not been recorded as
present). The relative contribution of environmental variables to
each iteration of the model was also carried out automatically. The
model trained on the set of environmental variables representing
the current time period was then ‘projected’ by its application to a
set of the same environmental variables representing future ocean
conditions from 1971 to 2060. The Maxent logistic output results in
values lying between 0 and 1, and represents the relative suitability
of each grid cell for each species, higher values indicating more suitable conditions and thus a higher likelihood of species occurrence.
Detailed descriptions of the Maxent process are given in Elith et al.
(2011), Phillips and Dudík (2008), and Phillips et al. (2006).
2.2.2. DBEM-AquaMaps
AquaMaps (Kaschner et al., 2011; Ready et al., 2010) uses a
simple statistical approach to predict a species’ distribution from
occurrence data and the set of averaged environmental variables. AquaMaps is a presence only method, calculating a species
environmental envelope using databases of species’ occurrence
points (Jones et al., 2012; Kaschner et al., 2011). An environmental
envelop is constructed using a trapezoidal response curve, determined by a species’ absolute and ‘preferred’ preference ranges.
Relative environmental suitability is assumed to be uniformly high
between preferred preference limits, while those outside absolute
limits are assigned a probability of 0. Suitability decreases between
absolute and preferred tolerance limits. Predictions of relative
habitat suitability are generated for each environmental variable

61

and combined multiplicatively for an overall prediction of relative
habitat suitability. Habitat suitability predictions are normalized
to scale between 0 and 1.
2.3. Sample of species and their current distributions
We applied the three versions of DBEM to model a sample of
species that contributed most to regional catches or the variation
in species composition. First, we selected the species samples that
would have the largest inﬂuences on the distribution and catches
in each ocean basin, quantiﬁed via the Escouﬁer’s equivalent vectors (Escouﬁer, 1970) for the occurring species in each ocean region
[delineated by the Food and Agriculture Organization (FAO) Statistical Areas]. The Escouﬁer’s equivalent vector was calculated based
on the most signiﬁcant variables (sensu Shannon, 2001) from a multivariate data frame according to a principal component analysis. In
this study, the variables being examined were the predicted relative
habitat suitability of each species occuring in each FAO area. High
values of Escouﬁer’s equivalent vectors suggest a more representative set of variables (predicted habitat suitability) in a multivariate
matrix. Subsequently, for each FAO area, the pool of species representing more than 95% of the total cumulated Escouﬁer’s equivalent
vectors was selected. These operations were iterated for each FAO
area and model. Second, we identiﬁed the top ten species with the
largest ﬁsheries catches between 2000 and 2006 in each FAO area
according to the Sea Around Us catch database (www.seaaroundus.
org). If these ﬁsheries important species were not already sampled from the analysis using the Escouﬁer’s equivalent vector,
we included them for further analysis. In total, these procedures
resulted in a sample of 500 species.
Basic biological and biogeographical parameters for the sample of species, including growth parameters and length–weight
relationships, were obtained from FishBase (www.ﬁshbase.org)
and SeaLifeBase (www.sealifebase.org), which contained key information on the distribution of the species in question. For
DBEM-Maxent and DBEM-Aquamaps, species occurrence data
were obtained from the Ocean Biogeographic System (OBIS,
hhtp://www.iobis.org, accessed in 2013). Erroneous data points
were removed using known environmental preferences and geographic limits, obtained from FishBase (Froese and Pauly, 2011) and
Sealifebase (www.sealifebase.org), before being spatially aggregated on a 0.5◦ latitude × 0.5◦ longitude grid.
2.4. Scenarios
We projected changes in potential ﬁsheries catches from 1971 to
2060 under a scenario of future changes in GHG emissions under
a business-as-usual scenario. Changes in surface and bottom sea
water temperature, oxygen concentration, salinity, net primary
production, surface advection, and sea ice concentration under the
Representative Concentration Pathways (RCP) 8.5 were based on
outputs from the Geophysical Fluid Dynamics Laboratory Earth System Model (GFDL ESM2M; Dunne et al., 2012). We note that the
resolution of ESM2M is, like other ESMs used for climate change
projections (Stock et al., 2011), coarse. Resolution at high latitudes
is ∼1◦ , with latitudinal resolution gradually increasing to 1/3◦ near
the equator. Limitations imposed by this resolution will be discussed. The outputs were re-gridded onto a 0.5◦ × 0.5◦ grid map of
the world ocean using the nearest neighbour method and values in
some coastal cells were extrapolated using bilinear extrapolation.
We applied a constant ﬁshing mortality rate across the geographic range of each species. Speciﬁcally, to predict the theoretical
maximum potential catches, we assumed that ﬁshing was approximately at maximum sustainable yield (MSY) throughout the
simulation. Given that logistic population growth was assumed in
all versions of DBEM, ﬁshing mortality rate at MSY for each species
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Fig. 1. Boundary of the 66 Large Marine Ecosystems (http://lme.edc.uri.edu/).

was equal to half of the intrinsic population growth rate of the
species. i.e., F = r/2.
2.5. Benchmarking
We compared the predicted catch from the three DBEM models
against reported maximum catches in each Large Marine Ecosystem (LME, Fig. 1) from the Sea Around Us global catch database. We
calculated the average annual predicted catches from each model
for all the modeled species from 1971 to 2000. For each LME, we also
calculated the total reported catch from the sample of species and
computed the average annual catch from the ten highest catches in
each LME. As LMEs differ substantially in size, we normalized the
catches by LME area. We calculated the Pearson correlation coefﬁcient between the predicted and reported catches to test the ability
of the model to capture relative catch values between LME, deemed
most essential for projecting relative changes in catch. To further
examine the accuracy of the model, we tested whether the slopes of
the linear regression between the predicted and reported catches
were signiﬁcantly different from 1. We also compared the accuracy
between the models by calculating the mean absolute error (MAE)
between the predicted and observed catches. i.e., the mean of the
absolute values of the difference between predicted and observed
catches (log-transformed).
In addition, we compared the performance of each model in
predicting the distribution of individual species. For each of the
modelled species, we compared the predicted distribution (average between 1971 and 2000) with observed occurrence records
using the Area Under Curve (AUC) of the Receiver Operating Characteristics (ROC) test. Observed ROC curves were generated for each
species, expressed as the plotted difference between true positive rate (number of true occurrences/total number of predicted
occurrences) and the false positive rate (number of false predicted
occurrences/total number of absence). An AUC of the ROC curve of

0.5 indicated that predictions were no better than random; higher
AUC values indicated increasing prediction performance. Finally, to
assess the potential for results to be skewed by unreliable distributions, we calculated the percentage of maximum catch potential
from species with AUC value that is lower than 0.5.
Using each version of DBEM, we projected and compared future
changes in total potential catch and their variability in each large
marine ecosystem over a 20 year period centered around 2050
(2041–2060) relative to 1971–2000 under RCP 8.5 scenario. We
evaluated the correlation of projected potential catches between
the models in each LME. We also calculated the projected mean
annual catch (summing across species) and the standard deviation
across the three versions of DBEM. We then examined the spatial pattern of “signal-to-noise” ratio across LMEs, expressed as the
ratio of mean annual projected potential catch to their standard
deviation across the three versions of DBEM.
3. Results
The predicted current maximum catch potentials from the three
DBEM versions were all signiﬁcantly correlated with reported
maximum catch across LMEs (p < 0.05, Pearson test between the
predicted and reported mean annual catch potential, Fig. 2, Table 2).
Speciﬁcally, predicted catch potential from DBEM-Basic correlated
most strongly with reported catches (r = 0.79) and DBEM-Maxent
(r = 0.78), followed by DBEM-Aquamaps (r = 0.65).
Predicted catches for LMEs in the Arctic and Antarctic regions
generally had the largest disagreement with reported catches
across all three models. Speciﬁcally, the residuals of the linear
regressions were highest in the Antarctic (LME number 61), Central
Arctic Ocean (64) and the Beaufort Sea (55) Large Marine Ecosystems (see Supplementary informatoin). Also, as the slope of the
regression lines were signiﬁcantly lower than 1 (one-tail test of
slope <1, p < 0.0001), the models systematically underestimated
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Table 2
Test statistics of Pearson correlation test between maximum catch potential estimated based on DBEM projections and reported catches.
Correlation coefﬁcient
Model

Mean

Lower conﬁdent limit

Upper conﬁdent limit

p-Value

DBEM-Basic
DBEM-AquaMaps
DBEM-Maxent

0.79
0.65
0.78

0.67
0.48
0.66

0.87
0.77
0.86

<0.0001
<0.0001
<0.0001

the potential catches of LME with high maximum production. The
mean absolute error is lowest for DBEM-Maxent (2.2), followed by
DBEM-Basic (2.3) and DBEM-AquaMaps (2.5).
Predicted distributions of the majority (>90%) of the modelled
species for all the DBEM models had AUC values higher than
0.5 (Fig. 3) indicating better predicting performance than random. Species with prediction distributions that performed poorly
(AUC ≤ 0.5) contributed only a small fraction to the total global
maximum catch potential: 0.04%, 0.2% and 0.2% for DBEM-Basic,
DBEM-AquaMaps and DBEM-Maxent, respectively. Overall, DBEMBasic performed better than DBEM-AquaMaps and DBEM-Maxent
in terms of AUC statistics.
The three models projected decreases in global potential
catch by 2050 while the projections varied in the magnitude of
the decrease (Fig. 4). DBEM-Basic, DBEM-Aquamaps and DBEMMaxent projected decreases in catch potential by 6%, 13% and 3%
respectively under RCP 8.5 scenario by 2050 (2041–2060 average)
relative to 1970–2000 period. The major divergence in the magnitude of projections started after year 2020. Projected changes
in potential catch by the three models in each LME are presented
in the Supplementary materials. In contrast, in a 100 year simulation without changes in ocean conditions, the relative abundance
and catch of each species remained unchanged when simulations
continued under constant ocean conditions.
Regionally, projected changes in potential catch correlated
closely between DBEM-Basic, DBEM-Aquamaps and DBEMMaxent in the majority of LMEs, although DBEM-Aquamaps
differed more from DBEM-Basic and DBEM-Maxent (Fig. 5, also
see Supplementary materials). A total of 56, 44 and 52 LMEs had
correlation coefﬁcients above 0.5 for the comparison between
DBEM-Basic vs DBEM-Maxent, DBEM-Basic vs DBEM-Aquamaps
and DBEM-Maxent vs DBEM-Aquamaps, respectively. Moreover,
all three models agreed in the direction of projected change in catch

Fig. 2. Relationship between reported maximum catch and projected potential
catches by Large Marine Ecosystems from the three versions of DBEM: (A) DBEMBasic, (B) DBEM-Aquamaps and (C) DBEM-Maxent. The grey area represents the
95% conﬁdent interval of the estimation from the linear regression. The dotted lines
represent 1:1 between predicted and reported catches.

Fig. 3. Area under curve (AUC) of the Receiver Operating Curve of the predicted distributions from DBEM-Basic, DBEM-AquaMaps and DBEM-Maxent compared with
occurrence records. The plot is based on the AUC values from all the studied species.
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Fig. 4. Projected potential catch relative to the 1971–2000 period under RCP 8.5
future greenhouse gas scenario by DBEM-Basic (solid line), DBEM-Aquamaps (dotted line) and DBEM-Maxent (dash line). The projected catch time-series were ﬁltered
using a 10-year running mean.

potential in 54 out of 66 LMEs while the remaining had at least
one model that showed different projected directions. The LMEs
in which the three DBEM models differed most widely in terms
of direction of changes are Humboldt Current (13), East-Central
Australia (41), Southeast Australia (42) and Antarctic (61).
The signal-to-noise ratio, indicated by mean relative changes in
potential catch (average across the three DBEM versions) over their
standard deviation, by 2041–2060 relative to 1971–2000 under
the RCP 8.5 scenario, was generally highest in many LMEs in the
tropics and the Arctic Ocean (Fig. 6). Particularly, potential catch
was projected to decrease most (more than 30%) in the Gulf of
Paciﬁc Central America Coastal, Guinea Current and Sulu-Celebes
Sea LMEs where the signal-to-noise ratio is moderately high (mean
changes were 1 to 3 times the standard deviations). In addition,
the Arctic Ocean LMEs, including the Norwegian Sea, Chukchi Sea,
West Bering Sea and the West Greenland Shelf LMEs also had high
signal-to-noise ratio. In contrast, some of the eastern boundary

Fig. 5. Correlation coefﬁcients of the projected relative changes in potential catch
from 1971 to 2060 under RCP 8.5 by LMEs comparing outputs from DBEM-Basic
vs DBEM-Maxent, DBEM-Basic vs DBEM-AquaMaps and DBEM-Maxent vs DBEMAquaMaps. Open circles are data point which lie beyond the extremes of the
whiskers.

upwelling systems such as the California Current, Humboldt
Current, Canary Current LMEs, and the Antarctic Ocean LMEs had
high differences in the projections between the three models.
4. Discussion
The use of several DBEM algorithms conﬁrmed a robust trend
toward a global decrease in potential catch of marine exploited
species. The magnitude of projected global declines, however, varied between algorithms. This was particularly true at regional
scales, where variation in trends between algorithms were often
large relative to the projected mean changes.

Fig. 6. Multi-model ensemble projections of changes in potential catch by 2050 (2041–2060) relative to present day (1971–2000) under the RCP 8.5 scenario: (A) mean
percentage changes in potential catch and (B) ratio of mean changes to standard deviation (SD) between models as a proxy of signal-to-noise ratio. Values that are below −1
or above +1 suggest that the decrease and increase in potential catches (signal), respectively, is higher than the variation between the three models (noise).
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Projections by DBEM-Maxent had relatively modest declines,
whereas projections by DBEM-Aquamaps were more sensitive to
changes in ocean properties. AquaMaps predicts habitat suitability using trapezoidal environmental preferences envelopes. This
results in sharp decreases in habitat suitability in the marginal
habitats of a species. In contrast, Maxent used a non-parametric
algorithm based on the maximum entropy theory that allows the
model to ﬁt complex non-linear relationships with multiple environmental variables and their co-variation (Phillips et al., 2006).
Habitat suitability predicted by Maxent is generally a continuous
function with large areas of relatively low habitat suitability and
results in high goodness-of-ﬁt to observed occurrence of the modelled species, making the DBEM projections with Maxent more
conservative. This may explain the relatively lower sensitivity of the
projected change in catch potential over time from DBEM-Maxent
than DBEM-Basic and DBEM-Aquamaps. In addition, DBEM-basic
incorporates temperature-dependent effects on growth and body
weight while DBEM-Maxent and DBEM-Aquamaps do not consider
them, explaining some of the differences in the projections between
the models. Regional differences in variability in projected potential catches between different DBEM conﬁgurations can be directly
attributed to differences in the implementation of the species distribution models and hence to their sensitivity to changes in ocean
conditions. This is particularly the case in tropical regions where
ocean conditions are generally at the edges of species’ environmental preferences, and where environmental conditions (e.g., sea
surface temperature) start to exceed the historical ranges early in
the 21st century (Rodgers et al., 2015).
The long-term changes in projected catches were particularly
large relative to the variability between models in tropical and high
latitude regions. Previous studies applied DBEM-Basic to project
changes in catches in the Arctic (Lam et al., 2014), UK (Jones et al.,
2015), the Northeast Paciﬁc (Cheung et al., 2015) and the Northeast
Atlantic (Cheung et al., 2011). Our results suggest that the qualitative patterns of changes in catch potential across these broad ocean
regions may not be affected by the structural uncertainty of DBEM
explored herein. The standard deviation of the projected changes in
catch potential across DBEM versions in these regions were small
relative to the mean changes in these regions. However, there is
a need to further quantify the uncertainties associated with these
projections as the magnitude of changes in potential catch varied
between models. Further exploration of DBEM algorithm uncertainty with developing higher-resolution ESMs may also reveal
departures at ﬁner scales that were not resolved herein.
This study provided evidence to indicate that the macroecological relationship between ocean productivity, available habitat, and
catch was generally robust to alternative ﬁsh models (Plagányi,
2007): each alternative DBEM implementation produced robust
correlations with observed maximum catch across LMEs. All algorithm variants, however, were also notable for their deﬁciencies
in capturing catches in the most productive regions and for large
discrepancies in Arctic and Antarctic waters. There are likely several factors contributing to these discrepancies. First, ESM2M does
reasonably well in capturing cross-LME variations in NPP (r = 0.73),
but the coarse resolution does not allow full representation of energetic coastal processes that contribute to the productivity of these
systems. Eastern boundary upwelling, for example, is poorly captured (e.g., Stock et al., 2011). Second, the connection between
primary production and ﬁsheries across vastly different ecosystems
is complicated by planktonic food web dynamics (Ryther, 1969).
Recent work has suggested mesozooplankton or export production as potentially more robust metrics of ﬁsheries capacity than
NPP (Friedland et al., 2012). Both of these quantities exhibit sharper
gradients between ecosystems than NPP (Stock et al., 2014b) that
may improve slopes in Fig. 2. They also feature sharper projected
trends under climate change (Bopp et al., 2013; Stock et al., 2014a).
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Exploring the implications of such improvements is left to future
work.
In the Arctic, ﬁsheries were under-developed and substantially
under-reported (Zeller et al., 2011). Arctic systems are thus often
omitted from studies relating potential catch and ocean productivity (Chassot et al., 2010; Friedland et al., 2012), explaining why
predicted catches from DBEM were higher than reported catches
in the Arctic.
Given the variation in the projections between different DBEM
versions, this study shows that multiple version of DBEM should
be used to quantify the structural uncertainty of the models and
to capture all the potential range of responses of the species to
environmental changes. Particularly, in regions where the models
diverge substantially in their projections, there is a need to better understand the key processes and variables during the changes
in ﬁsh stocks, and select the appropriate model structure that
best represents these processes. Weighting of the model outputs
may be considered, for example, based on the quality of the prediction of present species distribution with regards to data using
Area Under the Curve (AUC) index or true skill score (TSS) (Meller
et al., 2014). However, this requires more substantial testing of the
skills of the models before appropriate weighting to each model
could be made. Without further information about the relative performance of each DBEM model, their outputs could be weighted
equally.
Overall, ﬁndings from this analysis should contribute to the
quantiﬁcation of the cascade of uncertainty associated with living marine resources projections that includes internal variability,
model uncertainties and scenario uncertainties (Cheung et al.,
2016). Speciﬁcally, this study focused on the structural uncertainty
of DBEM—one of the few approaches that had generated global projections of ﬁsheries catches under climate change. Other aspects of
projection uncertainties were not explored here, including uncertainties associated with projected changes in ocean properties,
the effects of other biological mechanisms such as evolutionary
and transgenerational adaptations and trophic interactions, and
variations in ﬁshing scenarios. Future studies should incrementally address these different aspects of uncertainty. Ultimately,
this would improve our understanding about the possible future
changes in marine ﬁsh stocks under climate change and facilitate further exploration of policies to mitigate and adapt to these
changes.
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