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INTRODUCTION

Living marine resources inhabit a complex world,
influenced by multiple physical, environmental, an -

thro pogenic, and biotic drivers that operate and
interact over multiple scales (deYoung et al. 2004)
that can result in nonlinear or abrupt responses to
perturbation (e.g. Hare & Mantua 2000, Hunt et al.
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ABSTRACT: Marine ecosystems are dynamic, often have open boundaries, and their overall pro-
ductivity responds nonlinearly to multiple drivers acting at multiple temporal and spatial scales,
under a triad of influences: climatic, anthropogenic, and ecological. In order to further our under-
standing of how the structure and functioning of marine ecosystems influence and regulate pat-
terns of fisheries production, and how they are affected by this triad of drivers, a comparative
approach is required. We apply a system-level surplus production modeling approach to the total
aggregated catch and biomass of all major targeted fish species in 12 exploited Northern Hemi-
sphere ecosystems. We use 2 variations of a surplus production model: a regression model and a
dynamic model, each fit with and without environmental and biological covariates. Our aims were
to explore (1) the effects of common drivers at the basin scale and their relative influence within
the triad of drivers among systems, (2) the impact of covariates on biological reference points and
implications for fisheries management, and (3) the relationship between maximum sustainable
yield (MSY) and production. Our results show that the environment affects estimates of system-
level MSY across all ecosystems studied and that specifically water temperature is a major influ-
ence on productivity. Emergent properties of northern hemisphere systems suggest that MSY val-
ues and optimal exploitation rates are relatively consistent: MSY ranges between 1 and 5 t km−2

and optimal exploitation rate between 0.1 and 0.4 yr−1. Finally, we suggest that the relationship
between fisheries yield and primary production is not as simple as suggested in other studies.
These results put fisheries in a broader ecosystem context and have implications for an ecosystem
approach to management.
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2002, Scheffer & Carpenter 2003, Steele 2004).
Trophodynamically, marine food webs are dynamic,
often have open boundaries, and respond nonlin-
early to climatic, anthropogenic, and ecological in -
fluences (Hsieh et al. 2005). Until relatively recently,
management of living marine re sources largely
ignored this complexity, focusing on single-species
stock assessment. This is one of the many contribut-
ing factors to the series of fisheries crises (stock col-
lapses and fisheries closures) witnessed over the last
2 decades (e.g. Smith 1994, Mullon et al. 2005,
Smith & Link 2005, Murawski 2007, Branch et al.
2011, Pinsky et al. 2011). While the solution and the
way forward towards successful re source manage-
ment does not rest in science alone (Frid et al. 2006,
Bundy et al. 2008, Fulton et al. 2011), robust science
advice, grounded in an ecosystem context, is an
essential component. The inherent complexity and
the large scale of marine ecosystems suggests that
progress toward an understanding of how the struc-
ture and functioning of marine ecosystems influence
and regulate patterns of fisheries production will be
most effective if researchers adopt a comparative
approach (Link et al. 2010a, Murawski et al. 2010),
since this is similar to the replication method tradi-
tionally used in ex perimental science. This approach
has been amply demonstrated in empirical studies
(e.g. Bundy et al. 2009, 2010, Gaichas et al. 2009,
Link et al. 2009, 2010b, Shackell et al. 2012). How-
ever, there is an additional need to explore mecha-
nistic understandings and drivers of ecosystem
structure, functioning, and production as revealed
by such comparisons.

Mechanistic approaches vary from the simple to
the complex. However, comparative analyses require
standardized methods that can be applied across
multiple ecosystems and that produce standardized
results for comparison. Complex methods are usually
developed or tailored for a specific system and are
time-consuming to parameterize and fit. Hence such
models are challenging to use in a comparative ap -
proach since they require far more time, resources,
and co-ordination. Rather, comparative approaches,
especially over a broad range of ecosystems, are most
readily addressed using simpler methods such as
production models (Walters & Hilborn 1976, Jacob-
son et al. 2001, Mueter & Megrey 2006, Gaichas et al.
2012a, this Theme Section). These models relate the
production of a population to current population size,
given an intrinsic rate of productivity and a finite car-
rying capacity to account for density-dependent
effects. As for all models, they are reductionist repre-
sentations of complex processes, and though there

has been some debate about their utility in specific
applications (Mohn 1980, Ludwig & Walters 1985,
1989, Punt 2003), there is consensus that they play a
useful and important role in ecology in general
(Mangel 2006) and fisheries science in particular
(Ludwig & Walters 1985, 1989, NRC 1998).

Production models are a useful method to compare
fish communities across ecosystems and drivers
because: (1) data requirements are relatively simple
and data are readily available, (2) they are robust to
various assumptions (Ludwig & Walters 1989), (3)
they can sometimes outperform more complicated
(i.e. stage or age-structured) fisheries models (Lud-
wig & Walters 1985, 1989, Hilborn & Walters 1992),
(4) they produce standard outputs that are readily
comparable, (5) they can be scaled to different spatial
and organizational levels, and (6) they can incorpo-
rate drivers as covariates (Jacobson et al. 2005,
Mueter & Megrey 2006). In addition, the outputs of
these models can be readily related to commonly
used fishery management biological reference points
(BRPs) such as maximum sustainable yield (MSY)
and the biomass (BMSY) or fishing mortality rate (FMSY)
corresponding to MSY (Restrepo et al. 1999, Mueter
& Megrey 2006).

Here we use surplus production modeling to com-
pare the influence of a triad of drivers (fishery
exploitation, trophic interactions, and environmental
drivers) on fishery production. We apply 2 system-
level surplus production models (regression and
dynamic) to the total aggregated biomass of all tar-
geted fish species in 12 exploited northern hemi-
sphere ecosystems. We do so with and without envi-
ronmental and biological covariates to explore the
effects of selected drivers on production.

We take an aggregate, system-level approach (e.g.
Mueter & Megrey 2006) for the following reasons. (1)
Fundamentally, the energy available to all fish and
invertebrates originates from lower trophic levels
and is limited and shared by the entire marine com-
munity (Pauly & Christensen 1995, Pauly et al. 1998,
2002). Lower-trophic-level production has been
shown to limit fisheries production (Iverson 1990,
Ware & Thomson 2005, Chassot et al. 2007, 2010).
These analyses suggest that the production potential
for marine resources in any given area of the ocean
is, within ranges of natural variation, relatively fixed
due to lower-trophic-level production. (2) Due to spe-
cies interactions, and differences in productivity
among fish stocks, the aggregate management
objective is not the simple sum of the single-stock
objectives (e.g. Brown et al. 1976, Walters et al. 2005,
Mueter & Megrey 2006, Tyrrell et al. 2011). There-
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fore an average or aggregate quota may sometimes
be more appropriate, especially when managing
suites of stocks (May 1975, Pope 1975, 1979, Fukuda
1976, Mayo et al. 1992), and provides additional pre-
caution (in addition to stock-specific quotas) when
used to constrain total removals from a system (With-
erell et al. 2000, Mueter & Megrey 2006). (3) Aggre-
gate surplus production models often fit better than
production models applied on a species-by-species
basis (FAO 1978, Ralston & Polovina 1982).

Comparing responses in aggregate production
across multiple ecosystems elucidates both common,
generic patterns and those processes that are unique
to particular ecosystems. Our aims are to use total,
system-level estimates of BRPs based on production
models to explore (1) the effects of common drivers at
the basin scale and their relative influence within the
triad of drivers among systems, (2) the impact of
covariates on BRPs and implications for fisheries
management, and (3) the relationship between MSY
and production.

METHODS

Data

Biomass, landings, and relevant environmental
data were compiled for 12 temperate and sub-arctic
marine ecosystems in the northern hemisphere
(Table 1) (see Fu et al. 2012, this Theme Section, for
further descriptions). The principal marine species
were selected for each ecosystem based on preva-
lence in the landings and biomass data as well as
importance in the marine community. These species
together comprise a large majority of
total trawlable fish  biomass in each
system. We used biomass estimates
from stock assessments when avail-
able and survey-based estimates oth-
erwise. Stock assessment estimates of
biomass typically corresponded to the
exploitable portion of total biomass,
assuming knife-edge recruitment.
Swept-area estimates of survey bio-
mass were expanded to the total area
of the ecosystem and were corrected
for catchability when possible. Bio-
mass was summed by year over all
selected species to obtain time series
of aggregated biomass for each eco-
system. Similarly, reported landings
were summed by year over all se -

lected species to obtain time series of aggregate
landings for each ecosystem. The landings represent
the majority, if not all, recorded catch, but do not
account for non-recorded by-catch or discards. Prin-
cipal species, years, data types, and sources of bio-
mass and landings data for each system are detailed
in Table S1 in the supplement at www.int-res.com/
articles/ suppl/ m459p203_supp.pdf.

Environmental and biological covariates for each
system were selected by regional experts who were
asked to identify those regional and basin-scale vari-
ables that are generally considered to be important
drivers of productivity in a given ecosystem. Avail-
able time series data were compiled for each system
that included water temperature, stratification, large-
scale climatic indices, freshwater discharge, and
abundances of important top-level predators (Table
S2 in the supplement). All covariates were standard-
ized to have mean = 0 and standard deviation (SD) =
1 over the time series.

Models

The productivity of each of the 12 ecosystems and
the influence of environmental covariates on produc-
tivity were compared using a surplus production mod-
eling approach. Since we don’t know the true dynam-
ics of these systems, we used 2 different ap proa ches
to examine surplus production dynamics: a regression
approach that models empirical estimates of annual
surplus production as a quadratic function of biomass
(Graham-Schaefer functional form with additive er-
rors); and a dynamic surplus production model of the
Graham-Schaefer form with multiplicative errors.
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System                                 Abbreviation        Area (km2)        No. of species

Eastern Bering Sea                    EBS                   430 829                     8
Gulf of Alaska                           GOA                  238 439                    13
Hecate Strait                                HS                     23 501                     20
Georges Bank                             GB                     42 154                     18
Gulf of Maine                            GOM                   76 483                     19
Western Scotian Shelf               WSS                   73 344                     23
Eastern Scotian Shelf                 ESS                   113 704                    24
Newfoundland/Labrador            NL                    388 204                    13
Southern Gulf                          GOSL                  74 137                     20
of St. Lawrence

Norwegian Sea                           NS                    728 331                     3
Barents Sea                                  BS                    747 893                     8
North Sea                                   Nort                   609 748                     9

Table 1. Marine ecosystems in the present study. ‘Species’ means principal
marine species (see Table S1 in the supplement at www.int-res.com/ articles/ 

suppl/m459p203_supp.pdf)
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Regression models

The observed annual surplus production in year t
(ASPt) was calculated as:

ASPt = Bt+1 – Bt + Ct (1)
where Bt is the biomass summed across all ages in
year t, Bt+1 is the following year’s biomass, and Ct is
the catch in year t. The Graham-Schaefer model
describes ASPt as a quadratic function of Bt and a lin-
ear function of a covariate as:

ASPt = αBt + βBt
2 + δXt–l + εt (2)

where α, β, and δ are regression parameters, Xt–l is
an environmental or biological covariate measured in
year t − l, normalized to mean 0 with SD = 1 (Table S2
in the supplement), and l represents the time lag (in
years, ranging from l = 0 to l = 7) before effects on
ASP are realized. Parameter δ represents the magni-
tude and sign of the effect of the biological or envi-
ronmental covariate on ASPt and can be directly
compared across different standardized covariates. If
residuals from the model (εt) had significant autocor-
relation (Durbin-Watson test, p < 0.10), the model
was refit under the assumption that residuals follow a
first-order autoregressive process:

εt = ϕ · εt–l + νt (3)
with coefficient ϕ and independent, normally distrib-
uted annual deviations (νt) with mean = 0 and vari-
ance = σν

2:
νt ~ N (0, σν

2) (4)
All parameters were estimated using a generalized

least-squares regression approach as implemented
in the ‘nlme’ package (Pinheiro & Bates 2000) in R (R
Development Core Team 2011). Maximum surplus
production was taken to represent MSY and was cal-
culated as follows (for models with covariates, MSY
corresponds to average environmental conditions):

MSY = –α2/4β (5)
We also calculated the biomass at which MSY

occurs (BMSY) and defined the optimal exploitation
rate F’MSY as the ratio MSY/BMSY. (Note that F’MSY ex-
presses an exploitation rate, i.e. landings as a fraction
of the total biomass, rather than the instantaneous
fishing mortality, as is the common usage of FMSY.)
The potential effects of covariates on ASP were esti-
mated separately for each covariate and at each of
multiple lags, and the resulting coefficients, t-statis-
tics, and p-values were summarized and examined.

Biomass dynamic models

Following Walters & Hilborn (1976), the predicted
biomass in year t + 1 (B̂t+l) was calculated as

(6)

where B̂t is the predicted biomass in year t, and Ct is
the observed catch in year t. The intrinsic population
growth rate in year t (rt) and the equilibrium popula-
tion size in the absence of catch (k, also referred to as
the carrying capacity) are parameterized quantities.
The initial biomass (Bt =0 or B0) is also an estimated
parameter.

For any year t, rt can be expressed as a function of
an environmental or biological covariate in year t
(Xt−l), where l represents a time lag (in number of
years, ranging from l = 0 to l = 7) before effects on r
are realized (Mueter & Megrey 2006):

rt = rmeγXt–l (7)
Covariates were standardized to have mean = 0

and SD = 1 over the time series; hence the expected
value of rt under average environmental conditions
(Xt–l = 0) is rm. Parameter γ represents the magnitude
and sign of the effect of the biological or environmen-
tal covariate on rt and can directly be compared
across different standardized covariates.

The model residuals (εt) are assumed to follow a
log-normal distribution with mean = 0 and variance =
σν

2, i.e.:
ε ~ lnN (0, σν

2) (8)
The model was implemented in AD Model Builder,

a C++ software language extension and automatic
differentiation library (ADMB Project 2009), and all
parameters were estimated by maximizing the likeli-
hood. MSY and BMSY were calculated as

(9)
and

BMSY = k/2 (10)
When comparable, the relative value of each model

(e.g. with versus without a particular environmental
covariate) was evaluated using the small sample
Akaike information criterion AIC (AICc; Hurvich &
Tsai 1989).

(11)

where LL(θ|B) is the loglikelihood of a particular set
of parameter values (θ) given the observed biomass
data (B), and K is the number of parameters esti-
mated in the model.

(12)

The number of years of observed biomass is
denoted by n.

For each modeling approach, we report 2 sets of
results: the model fitted without covariates and the
model fitted with the covariate giving the largest
improvement in model fit. Thus, for each ecosystem
we obtain 4 estimates of biological parameters, in -
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cluding MSY, BMSY, and F’MSY. For comparing among
systems, MSY and BMSY were standardized to t per
km2 by dividing by the area of each system (Table 1).

Comparative analysis of ecosystem parameters

Estimates of MSY, FMSY, and BMSY were compared
across systems and across models — regression and
biomass dynamic model (hereafter referred to the
dynamic model), each with and without covariates —
using a weighted least-squares regression (2-way
ANOVA) with weights that were inversely propor-
tional to their estimated variances (Jennrich 1995).
To investigate how potential fish productivity varies
among ecosystems, MSY per unit area was analyzed
using simple linear regressions and multiple linear
regressions with the following variables as potential
explanatory variables: mean chlorophyll a (chl a)
concentration from NASA’s SeaWiFS Project (we
used the monthly level-3 processed data averaged
over each large marine ecosystem [LME] for the
period 1998−2009 to compute an annual mean con-
centration in mg m−3; http:// oceancolor. gsfc. nasa. gov);
mean primary production (PP) as estimated from
SeaWiFS data (Beh renfeld & Falkowski 1997); mean
mass flux index (a measure of the vertical mass flux
of particulate organic carbon [POC]; estimates of nor-
malized annual flux of organic carbon [FCo, mmol
m−2 yr−1] were derived from a model developed from
globally observed fluxes [Honjo et al. 2008, Friedland
et al. 2012] and remotely sensed chl a and sea surface
temperature [SST] [K. Friedland pers. comm.]); mean
wind speed (Kalnay et al. 1996); and ecosystem area
(Table 1).

RESULTS

Regression (ASP) models

There was large variation in biomass among time
series (Fig. 1); for the regions with large variation in
biomass, there were typically long-term trends such
as overall declining (e.g. Hecate Strait) or increasing
biomass (e.g. Norwegian Sea), or prolonged periods
of both increases and declines (e.g. eastern Scotian
Shelf). Similarly, landings data often showed long-
term trends (Fig. S1 in the supplement). In contrast,
ASP was characterized by high interannual variabil-
ity rather than long-term trends, even for ecosystems
with relatively stable biomass such as the Gulf of
Alaska (Fig. 2).

Estimates of maximum production (MSY per unit
area), BMSY, and F’MSY varied considerably among
regions (Fig. 3; see Table S3 in the supplement for
model parameters). The limited contrast in biomass
in some regions (Gulf of Alaska, North Sea) resulted
in unreliable estimates of BMSY below the minimum
observed biomass, while BMSY was close to the maxi-
mum observed biomass in the Norwegian Sea due to
an increasing trend in biomass throughout most of
the time series. Neither the regression nor the dy -
namic model was able to produce credible estimates
of MSY for the Gulf of St. Lawrence, likely due to the
highly variable input biomass data (Fig. 1), so this
system was dropped from further analysis.

Including environmental covariates improved
model fits significantly in most systems, with temper-
ature or temperature-related indices resulting in the
best model fits in most cases (Table 2; see Table S4 in
the supplement for model parameters). One to 3 dif-
ferent covariates significantly improved the fit,
according to ΔAICc (Table 2). Time lags between
environmental variables and regression for the best-
fit models spanned the range, but most were 4 yr or
less. The estimated environmental effects helped
capture the trends in the observed ASP series, such
as the declining trend in ASP on the eastern Scotian
Shelf, multi-year variability off Newfoundland-
Labrador and in the Barents Sea, and interannual
variability in the Norwegian Sea (Fig. 3).

Biomass dynamic models

The dynamic Graham-Schaefer model captured
the major trends in biomass over time in most sys-
tems, but resulted in poor fits in some regions (e.g.
Georges Bank, eastern Scotian Shelf, western Scot-
ian Shelf, North Sea; Fig. 4). Including environmen-
tal covariates considerably improved the fit of the
estimated biomass trajectories in most, but not all
systems. The estimated biomass trajectories for the
western Scotian Shelf and eastern Scotian Shelf dif-
fered substantially between the model with and
without environmental covariates, but neither model
resulted in a satisfactory fit to the observed time
series. Both models (with and without covariates)
also failed to capture biomass trends in the North Sea
or on Georges Bank. For the Gulf of Alaska and New-
foundland models, although adding environmental
covariates did improve the model fit based on the
sum of squares (SSQ) (also see Fig. 4), the low value
of the ΔAICc (Table 2) indicates that the addition of
this parameter is not justified. Similar to the regres-
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sion models, time lags before effects on r were real-
ized for the best-fit models were typically 4 yr or less.
In this case, only 1 to 2 covariates improved the
model fits in each system, most of which reflect tem-
perature conditions.

Comparison of regression (ASP) and dynamic
model results, with and without covariates

In most cases where the inclusion of a covariate
improved the model fit to the data (Table 2), the best
environmental covariates for the dynamic models
were the same as or similar to those for the regression
models (Table 2). In 3 cases they were different —
Gulf of Maine, western Scotian Shelf, and Norwe-
gian Sea; on the western Scotian Shelf, for example,
the biomass index of grey seals provided the best fit
for the dynamic model, but was not included among

the 2 covariates that improved the fit of the regres-
sion model (p < 0.05).

With the exception of the Gulf of Alaska, water
temperature was an important covariate in all sys-
tems and most models in Table 2, either as SST or
temperature at depth. Large-scale climatological sig-
nals such as the North Atlantic Oscillation (NAO),
Pacific Decadal Oscillation (PDO), or Atlantic Multi-
decadal Oscillation (AMO) increased the fit of the
model to the data for 7 ecosystems, and were the
most important covariate in 4 of the regression mod-
els and 1 dynamic model. In some systems, local
covariates were important, such as a measure of sea
ice in the Barents Sea, the Siberian/Alaskan Index in
the eastern Bering Sea, a composite index in New-
foundland-Labrador, winter average sea surface
height in Hecate Strait, and water stratification on
the western and eastern Scotian Shelf. In 3 ecosys-
tems, a biological predator covariate improved the
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model fit: the biomass index of grey seals on the east-
ern Scotian Shelf (both models) and on the western
Scotian Shelf (dynamic model), and biomass of
arrowtooth flounder in Hecate Strait (both models).

When compared across all 4 models, the estimated
MSY per unit area (Fig. 5a) differed statistically
among systems (weighted 2-way ANOVA: F11,33 =
43.9, p < 0.001) as well as among models (F3,33 = 8.18,
p < 0.001). Overall estimates largely ranged between
1 and 5 t km−2 (20th percentile = 1.22, 80th percentile
= 5.28). Furthermore, in several cases, MSY per unit
area estimates were relatively consistent across the 4
models, i.e. Barents Sea, Norwegian Sea, and Gulf of
Maine. In other cases, the addition of the covariate
term made a large difference to MSY, such as Hecate
Strait (38%, regression model), western Scotian Shelf
(56%, dynamic model), eastern Scotian Shelf (63%,
dynamic model), and Newfoundland-Labrador (43%,
dynamic model). However, the sensitivity of the
results to the method used was moderate, as the rank
of the ecosystems’ MSY per area was largely in -

dependent of the method: North Sea, eastern Bering
Sea, and western Scotian Shelf were always in the
top 50%, and Hecate Strait, Newfoundland-
 Lab rador, eastern Scotian Shelf, and Gulf of Alaska
were always in the bottom 50%; other systems were
intermediate.

Estimates of F’MSY also differed statistically across
ecosystems (F11,33 = 48759, p < 0.001), but not across
models (F = 0.0563, p = 0.982; Fig. 5b). Estimates of
F’MSY were substantially higher for Georges Bank
and North Sea than for the other systems, which
ranged between 0.1 and 0.4 yr−1.

Estimates of BMSY generally range between 5 and
15 t km−2, although lower values occurred in New-
foundland-Labrador and the highest values occurred
in eastern Bering Sea (Fig. 5c).

Thus, variability notwithstanding, the biological
parameter estimates from each method, with or with-
out covariates (Fig. 5), indicate that MSY is largely
between 1 and 5 t km−2, that the optimal ex ploitation
rate (F’MSY) is between 0.1 and 0.4 yr−1, and BMSY gen-
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erally ranges between 5 and 15 t km−2. An exception
is the Norwegian Sea, which shows a considerably
higher optimal exploitation rate (0.6 to 1.2 yr−1,
depending on the method).

MSY and number of species

In order to exclude the possibility that MSY was
influenced by the number of species included in each
model (Table 1; Table S1 in the supplement), we
tested the relationship between MSY per area and
the number of species represented in each modeled
ecosystem, but found no relationship (regression

model without covariates: R2 < 0.001, with covariates:
R2 = 0.029; dynamic model without covariates: R2 =
0.008, with covariates: R2 = 0.041).

MSY and productivity

We found no relationship between MSY per unit
area and ordinary measures of productivity (chl a
concentration and PP); nor did MSY seem to be
related to mean wind speed (Fig. S2 in the supple-
ment). There was a possible positive relationship
between the flux of chlorophyll and MSY for 3 out of
4 MSY estimates, but the relationships were not sta-
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tistically significant (p-values from 0.07 to 0.18).
Since we observed a tendency for larger areas to
have higher MSY per area in these results, we fur-
ther explored the potential relationship between
MSY and productivity using multiple linear regres-
sion with ecosystem area as a second covariate.
There appeared to be a joint effect for the mass flux
index with ecosystem area; mass flux had a signifi-
cant positive effect (p < 0.05) on MSY for 3 of the 4
MSY estimates (Fig. 6).

DISCUSSION

Our results highlight several novel findings: (1)
MSY is largely between 1 and 5 t km−2, (2) the opti-
mal exploitation rate F’MSY is between 0.1 and
0.4 yr−1, (3) BMSY varies between 5 and 15 t km−2, (4)

the environment, specifically water temperature,
notably affects estimates of MSY across most ecosys-
tems studied, and (5) the relationship between fish-
eries yield and PP is not as simple as suggested in
other studies (Iverson 1990, Ware & Thomson 2005,
Chassot et al. 2007). Our analyses give some new
insights into the similarities and differences among
ecosystems, and suggest that reasonable and consis-
tent estimates of system-level MSY can be obtained,
which can provide useful ecosystem-level reference
points. We discuss each of these findings in further
detail below.

A reasonably consistent picture

Although there was surprising consistency in the
estimated reference points, there was some variation
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System   Regression model                                         Dynamic model
              Covariate                                                     l            δ        ΔAICc

a       Covariate                                                     l        γ     ΔAICc
a

EBS        Summer avg. SST                                     1,7      −517.3   –3.43     Siberian/Alaskan Index                             1   −0.82   −7.1
              PDO                                                             7       −502.0   –2.03     Summer avg. SST                                       1   −0.63   –6.9

GOA      PDO                                                             0       −68.8   −3.33

HS          Biomass index of arrowtooth flounder   4       −21.3   −6.69     Biomass index of arrowtooth flounder   4   −1.48   −13.5
              Winter avg. SST                                         4       10.3   −2.86     Winter avg. surface height                       1   −2.11   −3.9

GB          Annual avg. SST                                        2       −21.1   −2.58     Annual avg. SST                                        5   0.24   −12.3

GOM     NAO index                                                  3       21.5   −4.24     Annual avg. SST                                        3   −0.18   −2.0
                                                                                                                                                                                                     0.11

WSS       Annual avg. water temp. at 50 m              1       103.9   −3.25     Biomass index of grey seals                      0   –0.62    ndb

              Annual avg. stratification                          3       −93.6   −2.28
              NAO index                                                  7       −91.0   −2.06

ESS        Annual avg. water temp. at bottom        4,6      56.7   −4.11     Biomass index of grey seals                      0   −1.92    ndb

              Biomass index of grey seals                  0,1,2    −101.5   −3.47
              Annual avg. water temp. at 50 m              3       81.8   −3.29

NL          Composite of environmental indices        1       230.0   −6.02
              NAO index                                                  5       189.7   −4.20
              Avg. SST (Stn 27)                                       2       237.8   −3.76

NS          AMO                                                           6       638.3   −12.58     Annual avg. SST                                        5   0.65    ndb

                                                                                                                           NAO index                                                  1   –0.30   –3.3

BS          Annual avg. temp.                                    2,3      −893.0     −7.4       Index of sea ice cover                                6   0.76   −19.5
                                                                                                                           Annual avg. temp.                                      4   −0.57   −17.5

Nort       AMO                                                           0       −513.7   −8.32     NAO index                                                  1   −0.12   −24.4
              Annual avg. surface water temp.            0,1      −384.2   −6.55     AMO                                                           0   −0.24   −24.4

aFor covariates with >1 time lag, best improvement in % fit is shown
bCannot compare AIC with and without environmental covariates because the years of data were different between the 2 models

Table 2. Best environmental covariates (based on improved model fit as well as most reasonable or least uncertain parameter values) for
regression models of annual surplus production (ASP) and for biomass dynamic models. The best fitting covariate is listed first. Covari-
ates in bold improved the fit of both models. Column l shows time lag between the covariate and the effect in the model, which was var-
ied between 1 and 7 yr, fitted model parameters are δ (magnitude and sign of effect of the covariate on ASP) and γ (magnitude and sign
of effect of the covariate on population growth), and ΔAICc is the difference in Akaike information criterion (AICc) between models with
covariates and models without (Hurvich & Tsai 1989, Burnham & Anderson 2002). AMO: Atlantic Multidecadal Oscillation, avg.: aver-
age, NAO: North Atlantic Oscillation, nd: not determined, PDO: Pacific Decadal Oscillation, SST: sea surface temperature, temp.: 

temperature. See Table 1 for system abbreviations
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among models and ecosystems. This is to be ex pected
because the ecosystems modeled had different fishing
histories, different data sources (as sessment or sur-
vey-based), and different lengths of time series. The
regression and dynamic models yielded different re-
sults for a few ecosystems, which increased when co -
variates were added, but overall provided a reason-
ably consistent picture across methods, strengthening
our conclusions. We note that including or excluding
covariates had a significant effect on parameter esti-
mates. However, the sensitivity of the results to the
method used was moderate, as the relative magnitude
and rank of the ecosystems’ MSY per area was largely
independent of the method. Where there were differ-
ences, the data pattern may have had a large in flu -
ence on the robustness of the estimates.

We recognize that the aggregated surplus produc-
tion models, like all models, are oversimplifications
be cause they treat the entire fish community as a sin-
gle, aggregated ‘population’, model the dynamics of

this aggregate ‘population’ using an average growth
rate and carrying capacity that is invariant to age
structure and species composition, and assume that
there is no change in productivity or carrying capacity
over time. The latter point is important for the eastern
Canadian systems, which have all undergone a po-
tential regime shift (Benoît & Swain 2008, Bundy et al.
2009, Shackell et al. 2010, DFO 2011). An examination
of empirical estimates of surplus production provides
a useful tool to detect and better understand such
changes in productivity (Walters et al. 2005). Future
work should explore the effect of changes in produc-
tivity on MSY and other BRPs or harvest control rules
(Mohn & Choui nard 2007, Brunel et al. 2010).

Common drivers at the basin scale

In most ecosystems, the model fits to the data were
improved by adding a covariate. Water temperature
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im proved either or both model fits for
all ecosystems, except the Gulf of
Alaska. At a basin scale, in the North
Pacific the PDO improved the fit of the
eastern Bering Sea (regression) and
Gulf of Alaska (regression) models,
and the Siberian/Alaskan Index, re-
flecting ice conditions in the Bering
Sea, was significant only in the eastern
Bering Sea dynamic model. In the NW
Atlantic, the NAO improved the model
fits for 3 of the 5 eco systems (Gulf of
Maine, eastern Scotian Shelf, New-
foundland-Labrador re gression mod-
els), but the AMO did not improve the
fit for any NW At lantic ecosystem. In
the NE At lan tic, the NAO and AMO
also improved the fit for 2 of the 3 eco-
systems. Thus these large-scale ocean -
ographic in dices (that largely reflect
water temperature variability) may in-
fluence ecosystem dynamics and pro-
ductivity over the whole North Atlantic
basin. In addition, more local environ-
mental influences were im portant for
most ecosystems. In particular, the
Hecate Strait models were most influ-
enced by the predator biomass and
winter average sea surface height, a lo-
cal composite index (Colbourne et al.
2010) improved the fit of the New-
foundland-Labrador re gression mod-
els, and sea ice was the most important
covariate in the Barents Sea (dynamic
model). Since the inclusion of a covari-
ate had a substantial effect on MSY in
some cases (e.g. western Scotian Shelf),
understanding the importance of dif-
ferent environmental covariates on sys-
tem productivity could lead to im-
proved management by developing
robust models, such as those developed
here, to take environmental effects into
consideration when determining refer-
ence points and setting overall quotas.
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Fig. 5. (a) Maximum sustainable yield
(MSY) per area, (b) exploitation rate at
MSY (F’MSY), and (c) biomass at MSY (BMSY)
per area, for each region and for each
method. Results (a,c) from the best-fitting
covariates for each model (see Table 2).
 Error bars indicate 1 SD. See Table 1 for 

system abbreviations
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Impact of covariates on BRPs and implications for
fisheries management

Surplus production models, like most stock assess-
ment models, assume stationarity in productivity. Vio-
lations of this assumption are common and can lead
to biases in BRPs estimated from stock-recruitment
 dynamics (Parma 1990) or from surplus production

dynamics (Walters et al. 2005). Empirical estimates of
surplus production such as those used here can pro-
vide insights into processes causing non-stationarity
(Walters et al. 2005), and environmental covariates
can be included into surplus production models to ac-
count for non-stationarity and to obtain improved ref-
erence points (Jacobson et al. 2005). In the absence of
a priori hypotheses, we used an exploratory approach
to assess the influence of selected environmental
 variables of surplus production dynamics and found
strong evidence that aggregate surplus production is
linked to environmental variability.

In those cases where the covariate improved the
model’s fit to the biomass data for the dynamic model
(i.e. eastern Bering Sea, Hecate Strait, western Scot-
ian Shelf, and eastern Scotian Shelf), the inclusion of
a covariate resulted in a lower MSY (under average
conditions) than in the model without a covariate. In
the case of the eastern Bering Sea, increased temper-
atures after the 1976−1977 regime shift were associ-
ated with reduced sea ice cover, and both tempera-
tures and sea ice conditions have shown pronounced
variability in the last decade (Hunt et al. 2011).
Recent high-temperature, low-ice conditions had a
negative impact on the recruitment of species such as
cod and pollock in the eastern Bering Sea and Gulf of
Alaska (Mueter et al. 2009, 2011), which will affect
overall fish production and may result in decreased
MSY if temperatures increase in the future. In the
other 3 models, the addition of a major predator as
the covariate improved the fit of the model and
decreased MSY. In Hecate Strait, arrowtooth floun-
der is a voracious predator whose diet consists of
75% fish (Pearsall & Fargo 2007). For the period from
1984 to 2009, it comprised 41% of the predator bio-
mass of herring (Schweigert et al. 2010). The fit of the
western Scotian Shelf and eastern Scotian Shelf
models was improved with the addition of grey-seal
biomass as a covariate. Grey seals are a top predator
on the eastern Scotian Shelf (Bundy 2005, Trczinski
et al. 2009) and their distribution is expanding to the
western Scotian Shelf (Trzcinski et al. 2009, DFO
2011). The trophic role of grey seals and the extent to
which they are responsible for the non-recovery of
groundfish stocks has been the subject of consider-
able controversy on the Scotian Shelf (DFO 2011), in
the Gulf of St. Lawrence, and in Newfoundland-
Labrador. Interestingly, seal biomass did not improve
the model fits in Newfoundland-Labrador.

The time lag of the environmental variables was in
most cases less than 3 to 4 yr. Time lags of 1 yr indi-
cate that the environment affects the somatic growth
of fish, while time lags >1 yr can be the result of the
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environment affecting recruitment. In the latter case
we would expect the environment to have the largest
impact on the early juvenile stages, hence changes in
biomass will be apparent 2 to 4 yr later when a cohort
first becomes fully or largely vulnerable to the survey
gear or is first included in the assessment. A few time
lags were somewhat longer than expected from this
mechanism and further examination is warranted to
tease apart the mechanisms underlying them.

We recommend that aggregate MSY could be con-
sidered an overall limit for total removals from an
ecosystem, and that the cumulative MSY of individ-
ual stocks should not exceed it, as suggested by other
studies (Brown et al. 1976, Walters et al. 2005,
Mueter & Megrey 2006, Tyrrell et al. 2011) and simi-
lar to the existing caps on total removals in the Bering
Sea and Gulf of Alaska (Witherell et al. 2000). Fur-
ther, we would suggest that the aggregate MSY
should be exploited in a ‘balanced’ way, across
stocks in relation to their productivity (Bundy et al.
2005, Zhou et al. 2010, Garcia et al. 2011, 2012). This
could first be explored using surplus production
models at different levels of aggregation (see Fogarty
et al. 2012, this Theme Section, Gaichas et al. 2012b,
this Theme Section, Holsman et al. 2012b, this
Theme Section, Lucey et al. 2012, this Theme Sec-
tion). Aggregate limits can provide an additional tool
for managers to prevent ecosystem overfishing, in
combination with single-species limits that are
required to prevent the loss of the least common (or
most easily caught) fish species, or those with lower
intrinsic growth rate (Worm et al. 2009, Garcia et al.
2011, Gaichas et al. 2012b).

MSY and PP

Our results suggest a useful rule of thumb for MSY
in the northern hemisphere: MSY appears to vary be-
tween 1 to 5 t km−2 for these ecosystems. This varia -
tion is approximately as large as the variation in aver-
age phytoplankton concentrations (which varies up to
7-fold among systems), but contrary to what we ex-
pected, MSY does not vary consistently with phyto -
plankton concentration nor with estimated PP. How-
ever, if we exclude Hecate Strait from the analysis (an
obvious outlier), a positive relationship be tween chlo -
rophyll concentration and MSY emerged, but most of
the variation in MSY is still unexplained. This con-
trasts with the findings of Iverson (1990), Ware &
Thomson (2005), and Chassot et al. (2007), who found
that realized fisheries yield per area varies linearly
with PP and/or with chlorophyll concentration. How-

ever, other studies (e.g. Sherman et al. 2009, Chassot
et al. 2010, Conti & Scardi 2010, Friedland et al. 2012)
also failed to find a close relationship between PP and
fisheries yield; Chassot et al. (2010) found that 3 addi-
tional factors — the probability of an ecosystem being
sustainably fished (Psust; Libralato et al. 2008), average
maximum length of fish, and ecosystem type — were
required to explain 77% of the variability in catch
across LMEs globally (measured as PP required, PPR;
Pauly & Christensen 1995). They found a tighter rela-
tionship between catch and PP when catch was ex-
pressed as PPR. It is possible that if we calculated
MSY as PPR, we might find similar results: however, it
is not possible to disaggregate the aggregate produc-
tion estimate of MSY into MSY per trophic level with
the models used here. Friedland et al. (2012) also
noted that the relationship between lower-trophic-
level dynamics and pathways with fisheries yield is
not a straightforward linear relationship with stand -
ing phytoplankton biomass.

We challenge previous findings that suggest a sim-
ple linear relationship between catch and PP (see
also Frank et al. 2006). Our exploratory analyses sug-
gest that MSY increases with total ecosystem area
and the mass flux index. The latter index measures
the mass flux of POC (Honjo et al. 2008, Friedland et
al. 2012); a high value indicates that much of the
energy produced by primary producers is transferred
to mesozooplankton and thereby to higher trophic
levels. Ecosystems characterized by strong thermal
transitions and pronounced blooms will tend to have
high values of POC flux. Thus, a positive relationship
between maximum production and the mass flux
index is consistent with the hypothesis that efficient
energy transport from primary producers to higher
trophic levels is more important than high PP per se.

In conclusion, we compared aggregate system pro-
duction models across 12 northern hemisphere eco-
systems to explore likely production caps for aggre-
gate commercial species. We assert that total
species-specific MSYs should be managed within
this aggregate limit to reduce the risk of ecosystem
overfishing (Murawski 2000), using a balanced har-
vesting approach (Garcia et al. 2012). That the triad
of drivers explored here influences MSY and produc-
tivity is not surprising; that environmental drivers
were almost always important was surprising. Impor-
tantly, although in some cases the 2 models (regres-
sion and dynamic) produced different estimates,
there was reasonable consistency among the covari-
ates that were important for model fit, relative mag-
nitude of outputs, and the rank ordering of systems
by each model. Since in most cases where the inclu-
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sion of a covariate significantly improved model fit it
resulted in reduction of MSY, we strongly recom-
mend that environmental and trophic covariates be
explored when estimating MSY for management
purposes (see also Link et al. 2012). These results
have implications for fisheries management (Walters
et al. 2005) and an ecosystem approach to manage-
ment (Murawski 2007, Link 2010, Belgrano & Fowler
2010), particularly in the context of changing sea
water temperatures as a result of climate change
(Belkin 2009).
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