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Decisions made by fishers and fisheries managers are informed by climate and fisheries

observations that now often span more than 50 years. Multi-annual climate forecasts

could further inform such decisions if they were skillful in predicting future conditions

relative to the 50-year scope of past variability. We demonstrate that an existing

multi-annual prediction system skillfully forecasts the probability of next year, the next 1–3

years, and the next 1–10 years being warmer or cooler than the 50-year average at the

surface in coastal ecosystems. Probabilistic forecasts of upper and lower seas surface

temperature (SST) terciles over the next 3 or 10 years from the GFDL CM 2.1 10-member

ensemble global prediction system showed significant improvements in skill over the use

of a 50-year climatology for most Large Marine Ecosystems (LMEs) in the North Atlantic,

the western Pacific, and Indian oceans. Through a comparison of the forecast skill of

initialized and uninitialized hindcasts, we demonstrate that this skill is largely due to the

predictable signature of radiative forcing changes over the 50-year timescale rather than

prediction of evolving modes of climate variability. North Atlantic LMEs stood out as the

only coastal regions where initialization significantly contributed to SST prediction skill at

the 1 to 10 year scale.

Keywords: decadal predictions, multi-annual predictions, climate forecasts, large marine ecosystems, fisheries,

probabilistic forecasts, sea-surface temperature predictions

INTRODUCTION

Living marine resources (LMRs) and the marine ecosystems within which they exist are critical to
human health and coastal economies, providing services worth US$21 trillion each year (Costanza
et al., 1997). LMRs are strongly influenced by climate variability (Cushing and Dickson, 1976;
Sharp, 1987; Lehodey et al., 2006; Brander, 2007, 2010; Drinkwater et al., 2010; Ottersen et al.,
2010), creating a challenge for marine resource managers and fishers. Temperature fluctuations,
serving as proxies of important climate-driven ocean or ecosystem processes, are often associated
with variation in the productivity and spatial distribution of LMRs (e.g., Ellertsen et al., 1989; Dorn,
1992; Peterman et al., 1998; Mueter et al., 2002, 2011; Beaugrand et al., 2003; Perry et al., 2005;
Sullivan et al., 2005; Nye et al., 2009; Hunt et al., 2011; Kristiansen et al., 2011; Lindegren and
Checkley, 2013; Pinsky et al., 2013; Pershing et al., 2015).
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Century-scale temperature projections have been used to
show the impact of climate change on LMRs (Stock et al., 2011).
More recently, seasonal SST forecasts have started to improve
management and industry decisions at shorter time-scales
(Hobday et al., 2016; Tommasi et al., 2017a). Many decisions,
however, would benefit from climate forecasts over multi-annual
scales, in which both climate change and internal climate
variability can act to provide predictability (Tommasi et al.,
2017b). For instance, catch advice is dependent on a forecast of
fish abundance 1–3 years into the future (Brander, 2003). To
set rebuilding targets for overfished stocks, such forecasts need
to be extended 10 years into the future (NRC, 2014). Currently,
these stock status projections are developed using historical
observations that often span 30–50 years (RAM Legacy Stock
Assessment Database, www.ramlegacy.org). Fisheries managers
are therefore interested in assessing if temperature over the
next years to decade will be high or low relative to the past
30–50 years used to develop their management frameworks.
Such forecasts can inform managers on the need to develop
reference points more reflective of future conditions and climate-
informed stock status projections (Tommasi et al., 2017b). Multi-
annual climate predictions can also benefit long-term spatial
planning decisions regarding changes to closed areas, the setting
of future closures, preparation for emerging fisheries, adjustment
of quotas for internationally shared fish stock, and industry
capital investment decisions (Tommasi et al., 2017b). However,
while the skill of seasonal SST forecasts has been assessed at an
LMRs-relevant spatial scale (i.e. the coastal shelf) (Stock et al.,
2015), multi-annual SST predictability in coastal ecosystems has
not been quantified, limiting their use in LMRs management
decisions.

How SST will evolve across inter-annual to decadal time scales
is a function of both internal climate variability (e.g., El-Niño
Southern Oscillation, ENSO; the Pacific Decadal Oscillation,
PDO; Atlantic Multidecadal Variability, AMV) and forced
climatic changes from greenhouse gases and aerosol emissions,
as well as natural forcings like volcanoes and solar variations
(Meehl et al., 2009, 2014; Doblas-Reyes et al., 2013). Thus, multi-
annual predictive skill is dependent on initializing a climate
model in the correct state of internal climate variations (i.e.,
an initial-value problem), imposing accurate external forcing
(i.e., a boundary-value problem), and correctly simulating
the evolution of the predictable climate system components
arising from the initial state and external forcing. Each of
these is challenging on its own. Several studies, however, have
now shown that in the North Atlantic Ocean, the Southern
Ocean, and, more weakly, the western North Pacific Ocean,
initialization of the present climate state can significantly
contribute to forecast skill over many years (van Oldenborgh
et al., 2012; Doblas-Reyes et al., 2013; Yang et al., 2013; Meehl
et al., 2014; Msadek et al., 2014; Corti et al., 2015). Further
studies suggest that, over most of the globe, the main source
of 2–10 year SST prediction skill is the externally forced
signal due to greenhouse gases and aerosols (van Oldenborgh
et al., 2012; Corti et al., 2015). That is, greenhouse gases,
ozone and aerosol conditions today and their future evolution
allow one to make meaningful predictions about the next

decade relative to the range of conditions over the past half-
century.

By exploiting both sources of predictability, skillful multi-
annual SST predictions are possible (Smith et al., 2007;
Keenlyside et al., 2008; van Oldenborgh et al., 2012; Doblas-
Reyes et al., 2013; Yang et al., 2013; Corti et al., 2015), with
the North Atlantic, Indian Ocean, and western Pacific being
regions of significant skill even at the longer lead times of 6–10
years (Meehl et al., 2014). Interpretation of these results must
be tempered by the limited effective sample size for assessing
decadal predictions (Meehl et al., 2014) but they provide reason
for cautious optimism concerning the use of multi-annual to
decadal predictions for marine resource applications. It remains
to be assessed if the observed multi-annual prediction skill over
large ocean regions results in useful multi-annual prediction skill
at the coastal scales relevant to most marine resource decisions.
Furthermore, it is unclear whether the forced signal, which
becomes prominent across century scales, is also sufficient to
produce significant skill relative to the 30–50 year reference data
sets common in fisheries management. That is, will the next 1–10
years be warmer or cooler than the past 30–50 years upon which
decisions are being made?

In this paper, multi-annual SST forecasts are evaluated
through this fisheries lens. More specifically, we assess the ability
of the forecast system to predict if conditions over the next
year, 1–3 or 1–10 years will be warmer or colder than the
last 50. This is also the first time that these multi-annual SST
predictions are evaluated over Large Marine Ecosystems (LMEs)
(Figure 1), a coastal scale relevant to managed fisheries stock.
LMEs are coastal areas of 200,000 km2 or greater, whose extent
is determined by similarities in ecologically relevant variables
including bathymetry, hydrography, productivity, and trophic
relationships (Sherman, 2014). These coastal ecosystems serve
as a particularly relevant scale for LMRs decisions as, while
only making up ∼1/10th of the world’s oceans, they provide
95% of the world’s total fish catch (Stock et al., 2017). We
focus on assessing the probabilistic skill of the upper and lower
terciles of SST, as these events are of greatest concern to LMRs
managers and industry stakeholders (e.g., Spillman et al., 2015).
While forecast users are largely concerned with the overall
forecast skill, to improve multi-annual prediction systems it is
also important to identify sources of prediction skill. Thus, to
determine the sources ofmulti-annual SST predictability in LMEs
we verify forecasts with both initialization and external forcing
via greenhouse gases and aerosols (“initialized”) and those that
include just the external forcing (“uninitialized”).

METHODS

Multi-Annual Climate Predictions
We enlist a set of initialized and uninitialized climate forecasts
to accomplish our objectives. The uninitialized forecasts isolate
the contribution of the “forced” signal (i.e., that due to
greenhouse gases and aerosols), while the initialized forecasts
include skill arising from both the forcing and the initialization.
The combination thus allows us to determine the source of
prediction skill, at least between these two broad categories.
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FIGURE 1 | Global map of Large Marine Ecosystems (LMEs). Image Credit: NOAA Large Marine Ecosystem Program. No permission was required from the copyright

holder for the preproduction of this image.

Both initialized and uninitialized climate forecasts are produced
with the Geophysical Fluid Dynamics (GFDL) CM 2.1 global
climate model (Delworth et al., 2006). CM 2.1 has an atmospheric
resolution of 2◦ and an ocean resolution of 1◦ (see Table
A1 in the Supplement for a specification of how many
ocean model grid points are in each LME). In initialized
predictions, the model is constrained by the observed climate
state using the Ensemble Coupled Data Assimilation system
(ECDA, Zhang et al., 2007; Zhang and Rosati, 2010, ECDA
output is available at https://www.gfdl.noaa.gov/ocean-data-
assimilation-model-output/). The atmosphere assimilates the
NCEP atmospheric reanalysis (Kalnay et al., 1996), while the
ocean is constrained by SST observations from satellite and
profiles of temperature and salinity from the World Ocean
Database (Boyer et al., 2009). All simulations use observed
volcanic forcing.

The chaotic nature of the climate system, uncertain and
limited observations used to initialize prediction systems,

imperfections in climate model formulations, and uncertainty
in future radiative forcing lead to climate predictions being
inherently uncertain. The first three sources of uncertainty are the
most dominant for multi-annual climate forecasts. To quantify
some of this uncertainty, climate prediction centers produce a
set of predictions called a forecast ensemble. Each ensemble
member is a prediction produced using slightly different initial
conditions. These ensemble forecasts are also essential to
communicate to users the likelihood of future climate outcomes
through probabilistic forecasts. Here, a 10-member ensemble of
retrospective predictions of 1–10-year lead time was developed
by first initializing the model on January 1 of every year from
1965-2011 and thenmaking predictions of annual SST conditions
1–10 years into the future (Yang et al., 2013; Msadek et al.,
2014). For instance, a 1-year lead SST forecast initialized in 1995
corresponds to the average SST from January to December 1995,
while a 10-year lead SST forecast initialized in 1995 corresponds
to the average SST from January to December 2004. Hence the
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hindcast period varies with lead time, spanning the period of
1965–2011 for a lead 1 forecast and the period of 1974–2020
for a 10-year lead prediction. The 47 initialization years, 10 lead
times, and 10 ensemble members resulted in a total of 4,700
predictions. Using these predictions, we developed SST forecasts
for management timeframes of interest to LMR users: over the
next year, over the next 3 years, and over the next 10 years. A 1-
year lead time prediction provided the forecast of next year SST
conditions. Forecasts of annual SST conditions over the next 3 or
10 years were developed by averaging predictions of 1–3-year or
1 to 10-year lead times, respectively.

The model was forced with prescribed temporally varying
anthropogenic (e.g., greenhouse gases) and natural (e.g., volcanic
aerosols) radiative forcing following the CMIP5 historical and
RCP4.5 scenarios (Meinshausen et al., 2011). The uninitialized
10-member ensemble predictions were computed in the same
manner except that the model was not initialized to observations.
Its initial state is consistent with the greenhouse gas and aerosol
conditions for each year, but the internal modes of climate
variability (e.g., ENSO) overlying this mean climate state are
random. Thus, skill of the uninitialized predictions is only
dependent on the forced signal (greenhouse gases and aerosols).
The predictions were retrieved from the GFDL archive, but are
also available on the GFDL data portal (data1.gfdl.noaa.gov). SST
predictions for each LME were extracted from the global dataset
and spatially averaged over each LME.

Forecast Verification
Forecast skill was evaluated against the Hadley Centre Sea
Ice and Sea Surface Temperature (HadlSST1.1) observational
dataset at 1◦ resolution. The monthly data for 1965–2015 was
downloaded from the U.K. Met Office (www.metoffice.gov.uk/
hadobs/hadisst/) and annual averages were computed for each
LME. Note that because of ice coverage and other issues, the
Antarctic and Arctic LMEs had sparse annual observational SST
data going back to the 1960s and hence were removed from the
analysis.

Due to imperfections in the climate model formulation, after
initialization, the model drifts to its preferred climate state.
Hence, there is a systematic difference between the model and
the observed climatologies. This systematic bias in the mean
was removed by subtracting a lead-dependent model climatology
from the prediction and computing forecast anomalies (CLIVAR,
2011). The climatology spanned the length of the hindcasts and
was produced using cross-validation, that is without the year
being forecasted. Note that as observations were available up to
2015, the length of hindcasts that could be verified for lead times
6–10 years ranged from 46 to 42 years, respectively, instead of the
47 years used for lead times 1–5 years.

Once the forecast anomalies were produced, the upper and
lower terciles of SST for each LME were calculated. Following
Becker and van den Dool (2016), for each lead time, a normal
distribution was fit over all available hindcasts (minus the year
being forecasted) across all ensemble members, and the standard
deviation (std. dev.) was calculated. Forecast anomalies above
+0.43∗std. dev. were considered above normal (upper tercile)
and forecast anomalies below −0.43∗std. dev. were considered

below normal (lower tercile). Using the standard deviation fit
to the forecast data to define the forecast terciles corrects for
systematic biases in forecast spread (Becker and van den Dool,
2016).

Performance of the retrospective forecasts was assessed by
calculating forecast accuracy and the Brier Score (BrS). Accuracy
measures the proportion correct of a yes/no forecast of an event
(Wilks, 2011) and is defined as:

Accuracy = (hits+ correctnegatives)/totalnumberofhindcasts

Here the event was SST being in the upper (or lower) tercile.
Upper and lower tercile events were assessed separately, and the
prediction for each ensemble member, initiation year, and lead
time was assigned a 1 (event happened) or a 0 (event did not
happen). The event was forecast to occur if more than half of the
ensemble members predicted the event. Hits were the number of
times that both the forecast and observations were in the upper
(or lower) tercile and correct negatives were the number of times
that both the forecast and observations were not in the upper (or
lower) tercile. Forecast accuracy ranges between 0 and 1 (perfect
skill), with, for terciles, accuracy greater than 0.56 being better
than chance (Spillman and Hobday, 2014).

Forecast accuracy is a relatively easy to understand skill
metric, but all the ensemble predictions are reduced to a single
yes/no forecast. Hence, we also produced a probability forecast
for each category as the fraction of ensemble members being in
the upper (or lower) tercile for each initiation year and lead time.
The quality of the probabilistic forecast was assessed using the
Brier Score (BrS). The BrS is an estimate of the mean square error
of the probabilistic forecast (Wilks, 2011) and is defined as:

BrS(t) =
1

N

∑N

α=1
(f∝ (t) − o∝(t))

2

Where t is the lead time, f is the forecasted probability of an event
determined by the fraction of forecast ensemble members within
the upper (lower) tercile, o is the observed probability of an event
(either 0 or 1), andN is the length of the hindcast period. The BrS
ranges from 0 (perfect score) to 1.

Currently, fisheries decisions assume that future
environmental conditions impacting fish productivity (i.e.,
recruitment, mortality, growth), will be like the past. Future
productivity is determined by drawing random samples from the
full range of past environmental conditions. Thus, it is of interest
to evaluate forecast skill relative to climatology (i.e., assume that
upper and lower tercile events will always have a 0.33 probability
of occurrence). Probabilistic forecast skill was hence also assessed
relative to climatology using the Brier Skill Score (BSS), which
compares the BrS or the forecast to that of a reference forecast
(Wilks, 2011):

BSS(t) = 1− BrS(t)/BrSref(t)

The BrSref was computed using the climatological frequencies
(0.33 in the case of tercile events).

Finally, to assess if most of the forecast skill was derived
from correctly forecasting the internal variability of the climate
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system (i.e., ENSO or PDO events) or from the warming trend,
the skill of the initialized forecast was compared to that of
an uninitialized forecast by computing a BSS where the BrSref
was the probability forecast of the uninitialized forecasts, post-
processed in the same manner as the initialized forecasts. The
BSS ranges from 1 (perfect score) to negative infinity (no skill).
Negative scores indicate no additional skill as compared to the
reference forecast.

Sampling uncertainty was assessed by computing confidence
intervals for each of the skill metrics described above using
a bootstrap procedure (Mason, 2008; Wilks, 2011). Forecast-
observation pairs were randomly resampled with replacement
to generate 1,000 new forecast-observation vectors of length 47.
Skill metrics were computed for each of the 1,000 vectors to
obtain a sampling distribution for the skill scores. The lower and
upper 95% confidence intervals were defined by the 0.025 and
0.975 quantiles.

RESULTS

Forecast accuracy in predicting temperatures as being in the
higher or lower tercile with a 1 year lead time exceeded 0.7 in
80% of LMEs (Figures 2–4). Forecast accuracy was particularly
high for LME’s in the North Atlantic, with LMEs from the
Norwegian to the Iberian coastal shelves in the eastern Atlantic
and the Newfoundland-Labrador Shelf, the Caribbean Sea, and
the North Brazil Shelf on the western side exceeding 0.8
accuracy for predictions of both upper and lower tercile events
(Figures 2, 3). In the Indian Ocean, forecast accuracy exceeded
0.8 in the West-Central Australian Shelf. While accuracy was
generally lower for Pacific Ocean LMEs, upper and lower tercile
events in the East China Sea, South China Sea and Sulu-Celeb
Sea, were predicted with over 0.8 accuracy (Figures 2, 3). By
contrast, forecast accuracy in southern and eastern Pacific Ocean
LMEs, namely the Indonesian Sea, the Northeast and Southeast
Australian shelves, New Zealand, the Humboldt Current, the
Central-American shelf, the Gulf of California, and, for the lower
tercile, the California Current, was not significantly higher than
random chance (Figure 4). Forecast skill was also low in the
Patagonia Shelf, the Benguela Current and the Southeast US
(Figures 2–4).

When the forecast lead time was extended to 1–3 years,
forecast accuracy for both upper and lower terciles generally
increased (Figures 2–4). At this lead time, accuracy greater than
0.8 was extended to most LMEs in the Indian and western Pacific
Ocean, and to the Scotian Shelf, Northeast US, and East Brazil
Shelf in the Atlantic Ocean (Figures 2, 3). However, accuracy
remained not significantly different than that of a random
forecast in the Benguela Current, Southeast US and the southern
and eastern Pacific Ocean (Figures 2–4).

When the forecast lead time was extended to 1–10 years,
forecast accuracy for both upper and lower tercile events
increased in most LMEs (Figures 2–4). Forecast accuracy for
both upper and lower terciles was greater than 0.9 for all LMEs
in the Indian Ocean except the Gulf of Thailand, all Atlantic
LMEs except the Southeast US, the South Brazil Shelf, and the

Patagonia Shelf, and in the western Pacific from the East-Central
Australian shelf to the Sea of Japan (Figures 2, 3). In the eastern
Pacific, the only LME showing an increase in accuracy was
the equatorial Central-American Shelf (Figures 2, 3). Accuracy
remained not significantly different than that of a random
forecast for the Gulf of Alaska, the California Current, the
Gulf of California, and the Humboldt Current (Figure 4). The
observed increased prediction skill from 1 year to 1–10 year
averages reflects the prominence of the forced signal in driving
multi-annual prediction skill. This may seem counter-intuitive,
as the 10-year time horizon minimizes the value of initialization.
However, for a 1–10 years prediction this negative impact
is surpassed by longer averaging periods, which smooth out
unpredictable internal variability, and longer time horizons
increasing the prominence of a predictable forced signal. When
the averaging period was reduced to three years, as in the
1–3 years forecast, for a prediction of conditions 8–10 years
into the future, forecast accuracy, while still significant over
many LMEs owing to the prominence of the forced signal,
decreased as compared to a 1–3 years forecast because of the
reduced impact of initialization at this longer lead time (Compare
Figures 2, 3–5).

Probabilistic forecast skill of both upper and lower tercile
SST anomalies, as determined by the BrS, mirrored patterns in
forecast accuracy. For a 1 year lead time, forecast error was
highest in the Patagonia Shelf, the Southeast Australian Shelf, the
Southeast US, the Benguela Current and the Gulf of California
(Figures 2, 3, and Figure A1). Forecast error generally decreased
with increasing forecast average, a notable exception being the
eastern Pacific Ocean LMEs, the Patagonian Shelf, the South
Brazil Shelf, the New Zealand Shelf, the Gulf of Thailand, and the
Southeast US (Figures 2, 3, and Figure A1).

The accuracy and BrS demonstrated that forecasts of upper
and lower SST terciles relative to conditions over the past 50
years were skillful for most LMEs globally and across lead
times of interest to fisheries decisions (Figures 2–4). Forecasts
were generally more skillful than climatology, with the BSS
being positive over most LMEs for all lead times for both
upper and lower tercile events (Figures 6, 7). As was the case
with accuracy and BrS, BSS increased from 1, 1–3 to 1–10
years, with similar patterns of relative skill across systems.
At 1 year lead times, uncertainty was sufficiently large that
forecast skill was significantly better than climatology (i.e., BSS
confidence interval did not cross 0) only in North Atlantic LMEs,
the western equatorial Pacific Ocean LMEs, and the Western
Central Australia Shelf (Figures 6, 7, and Figure A2). Skill over
climatology was generally better for lower tercile events, with
significantly positive BSS also extending to the Agulhas Current,
Somali Coastal Current, Bay of Bengal, and all LMEs in the
Australian shelf in the Indian Ocean; the California Current and
Gulf of Alaska in the eastern Pacific Ocean; and to the Canary
Current, the Scotian shelf, the Caribbean Sea, and the East and
South Brazil shelves in the Atlantic Ocean (Figure 7 and Figure
A2). As forecast skill improved with increasing forecast average
for most LMEs, so did skill over climatology, except for the
Southeast US, the Patagonian Shelf, the South Brazil Shelf, the
New Zealand Shelf, and eastern Pacific LMEs which showed no
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FIGURE 2 | Forecast accuracy (left) and Brier Score (BrS, right) for upper SST tercile predictions for a 1 year ahead forecast and over the next 3 and 10 years.

Forecast accuracy ranges between 0 (no skill) and 1 (perfect skill). The BrS ranges from 0 (perfect score) to 1 (no skill).

improvement over climatology for a 10 years forecast average
(Figures 6, 7, and Figure A2).

The BSS relative to the uninitialized forecasts was positive for
most LMEs for both upper and lower tercile events for a 1 year
lead time forecast, suggesting that initialization contributed to
forecast skill at this lead time (Figures 6, 7). However, forecasts
were uncertain and most lower 95% confidence intervals
exceeded zero (Figure A3). Only predictions for the Celtic-
Biscay Shelf, the Faroe Plateau, the Newfoundland-Labrador
Shelf, the Gulf of Alaska, and the West-Central Australian Shelf
LMEs showed significantly better skill than the uninitialized
forecasts at a 1 year lead time (Figure A3). As forecast lead time
progressed, skill relative to the uninitialized forecast decreased
(Figures 6, 7). The BSS relative to the uninitialized forecast
was near 0 or negative in many LMEs at the 10 years forecast
average as much of the forecast skill was derived from the
forced signal (Figures 6, 7). As for the 1 year lead time, there
was largely no significant difference between initialized and
uninitialized forecasts at 1–3 and 1–10 years lead times (Figure
A3). Forecasts for LMEs around the Atlantic subpolar gyre,
namely the Newfoundland-Labrador Shelf, Scotian Shelf, Faroes
Plateau, Norwegian Sea, North Sea, Celtic-Biscay Shelf, and the
Iberian Coastal, were an exception, showing significant skill over
the uninitialized forecast for the 10 years forecast average for both
upper and lower tercile events (Figures 6, 7 and Figure A3).

DISCUSSION

This work demonstrates that global climate forecasts have
significant skill in predicting occurrence of above average warm
or cold SST events at a multi-annual scale in coastal areas, with
average being the mean SST conditions over the past 50 years. At
a 1 year lead time, forecasts were more skillful than climatology
in the North Atlantic, the Western Central Australia Shelf, and
the western equatorial Pacific Ocean. Prediction skill increased
with longer forecast averages. Predictions of upper and lower
SST terciles over the next 3 or 10 years were significantly better
than climatology over most LMEs in the North Atlantic, the
western Pacific, and Indian oceans. This is consistent with studies
showingmulti-annual retrospective forecast skill over the Indian,
western Pacific andNorth Atlantic oceans (van Oldenborgh et al.,
2012; Doblas-Reyes et al., 2013; Karspeck et al., 2015).

Over large ocean regions, much of the predictive skill at a
multi-annual scale is associated with the ability of multi-annual

prediction systems to correctly predict the response of the climate
system to increasing greenhouse gas emissions (van Oldenborgh

et al., 2012; Doblas-Reyes et al., 2013; Yang et al., 2013; Müller
et al., 2014; Corti et al., 2015; Karspeck et al., 2015). Here we show
that this conclusion also applies to the regional shelf scale, with

forecast skill of the uninitialized predictions being comparable to

that of the initialized forecasts over most LMEs. Furthermore, as
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FIGURE 3 | Forecast accuracy (left) and Brier Score (BrS, right) for lower SST tercile predictions for a 1 year ahead forecast and over the next 3 and 10 years.

Forecast accuracy ranges between 0 and 1 (perfect skill). The BrS ranges from 0 (perfect score) to 1 (no skill).

unpredictable internal variability is smoothed out by forecasting
over a longer period (García-Serrano and Doblas-Reyes, 2012),
the relative importance of the warming trend in driving SST
increases for forecasts of SST conditions over the next 3 or 10
years and these forecasts were more skillful than 1 year lead
time predictions. The importance of the radiatively forced signal
in providing skill on a 1–10 years scale suggests the potential
viability of a purely statistical forecasting system in those LMEs
where the forced signal dominates. Such a comparison is outside
of the scope of this paper. We note, however, that a statistical
approach would be unable to capture changes in the rate of
warming over time and the high multi-annual prediction skill of
North Atlantic LMEs arising from initialization.

North Atlantic LME’s stood out as the only ones where
initialized SST forecasts for the next 10 years were significantly
more skillful than the uninitialized predictions. Even when the
forecast lead time was increased to 8–10 years, initialized forecast
skill remained significantly higher than that of an uninitialized
prediction for some North Atlantic LMEs (Figure A6). Other
work has shown that initialization greatly improves multi-annual
forecast skill in the subpolar gyre region of the North Atlantic
(Keenlyside et al., 2008; Pohlmann et al., 2009; van Oldenborgh
et al., 2012; Doblas-Reyes et al., 2013; Yang et al., 2013; Meehl
et al., 2014; Corti et al., 2015; Karspeck et al., 2015). Multi-
annual SST variability in this subpolar gyre region of the North

Atlantic is influenced by ocean dynamics, particularly by decadal
variability in the Atlantic meridional overturning circulation
(Delworth et al., 1997; Matei et al., 2012; Robson et al., 2012a;
Barrier et al., 2015). Hence, initialization of ocean conditions
can substantially improve prediction skill (Matei et al., 2012;
Robson et al., 2012b, 2014; Yeager et al., 2012; Yang et al., 2013;
Msadek et al., 2014). Here we demonstrate that the higher skill
derived from initialization can be extended to the coastal shelves
influenced by the subpolar Atlantic gyre circulation.

Multi-annual prediction skill was limited for eastern Pacific
coastal areas from the Gulf of Alaska to the Humboldt Current.
Large scale SST variability in the eastern Pacific is strongly forced
by the atmosphere (Chhak et al., 2009; Johnstone and Mantua,
2014), which has a short memory. Furthermore, ocean dynamics
driving SST in this region, such as coastally trapped Kelvin waves
and eastern boundary currents, act on a faster time scale than,
for instance, the Atlantic overturning circulation. Hence, eastern
Pacific SST predictability may be intrinsically more limited than
in other regions, such as the North Atlantic, where slow ocean
dynamics play a dominant role in determining SST fluctuations
(Robson et al., 2014). For instance, Eastern Pacific SST variability
is strongly influenced by ENSO and its teleconnections. This
results in some of the highest seasonal SST prediction skill across
global LMEs (Stock et al., 2015), but the low predictability for
ENSO beyond the seasonal timescale (CLIVAR, 2001; Palmer
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FIGURE 4 | Forecast Accuracy with 95% confidence intervals for each LME for upper and lower SST tercile predictions for a 1 year ahead forecast and over the next

3 and 10 years. Accuracy scores higher than the dotted line are better than chance.

FIGURE 5 | Forecast accuracy (top) and Brier Score (BrS, bottom) for upper and lower SST tercile predictions for a 8–10 years forecast. Forecast accuracy ranges

between 0 and 1 (perfect skill). The BrS ranges from 0 (perfect score) to 1 (no skill).
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FIGURE 6 | Brier Skill Score (BSS) for upper SST tercile predictions relative to climatology (left) and uninitialized predictions (right) for a 1 year ahead forecast and

over the next 3 and 10 years. The BSS ranges from 1 (perfect score) to negative infinity (no skill). Negative scores indicate no additional skill as compared to the

reference forecast.

et al., 2004; Jin et al., 2008; Tippett et al., 2012; Ludescher
et al., 2014) reduces multi-annual prediction skill in this region
(García-Serrano and Doblas-Reyes, 2012; Karspeck et al., 2015).
Eastern Pacific LMEs also stood out because, unlike most LMEs,
multi-annual predictability declined with increasing forecast
averages. This may stem from the lower relative importance of
the linear warming trend over internal variability in determining
SST variability in this region (Doblas-Reyes et al., 2013, Karspeck
et al., 2015). Indeed, Eastern Pacific LMEs show some of the
weakest evidence of a warming trend, with SST over the two
major upwelling regions, the California and Humboldt currents,
decreasing over the past thirty years (Belkin, 2009).

Multi-annual predictability is also limited by model error.
SST bias of CM 2.1 is most evident in upwelling regions and
in the Southern Ocean (Delworth et al., 2006). LMEs in the
major upwelling centers, the California, Humboldt, and Benguela
currents, and those bordering the Southern Ocean, namely the
Southeast Australian Shelf, New Zealand, and the Patagonian
Shelf showed some of the lowest multi-annual prediction skill.
Bias in Gulf Stream position, which tends to be too northerly in
CM2.1 (Saba et al., 2016), may have decreased prediction skill
in the Southeast US shelf LME. Moreover, SST predictability in
coastal regions remains limited by the inability of current multi-
annual prediction systems to represent fine-scale shelf processes,

such as upwelling and coastal wave dynamics (Jacox et al., 2015),
and fine-scale bottom topography (Saba et al., 2016). Higher
resolution and improved representation of ocean and shelf
processes may further enhance multi-annual SST predictability
in LMEs. Furthermore, it should be stressed, that these results
are from one model. Their robustness should be tested across
multi-annual prediction systems. Operationalization of coastal
scale multi-annual forecasts will require further testing with a
multi-model ensemble as was done for the first real-time global
multi-annual predictions in Smith et al. (2013). A multi-model
ensemble may also reduce sampling uncertainty and increase
predictability, as was observed for seasonal predictions of SST in
LMEs (Hervieux et al., 2017).

Our work demonstrates that current multi-annual SST
predictions, when assessed as anomalies relative to conditions
over the past 50 years, have significant skill in many coastal
ecosystems, particularly when averaged over the next three or
ten years. This presents opportunities for fisheries managers,
which are required to produce multi-annual forecasts of
fish stock biomass. Current management decisions are
based on the scope of past variability. Integration of more
precise forecasts of environmental conditions into fisheries
models may reduce bias in fisheries projections, provide
warning of changes in fish productivity, and produce
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FIGURE 7 | Brier Skill Score (BSS) for lower SST tercile predictions relative to climatology (left) and uninitialized predictions (right) for a 1 year ahead forecast and

over the next 3 and 10 years. The BSS ranges from 1 (perfect score) to negative infinity (no skill). Negative scores indicate no additional skill as compared to the

reference forecast.

better estimates of the rebuilding potential of overfished
stocks (Pershing et al., 2015; Miller et al., 2016; Tommasi
et al., 2017a). Fisheries decisions would also greatly benefit
from the inclusion, in addition to SST, of multi-annual
predictions of other fishery-relevant variables such as bottom
temperature or primary productivity (e.g. Séférian et al.,
2014).

While promising, it needs to be stressed that retrospective
forecast skill represents likely, not actual, future forecast skill.
In particular, the hindcasts presented here included prescribed
forcing from stratospheric aerosols resulting from large volcanic
eruptions (such as those of El Chichón in 1982 and Pinatubo
in 1991). Eruptions such as these are not presently predictable
on multi-year timescales, so real-time forecasts would not
be able to forecast the impact of unpredictable volcanoes.
While van Oldenborgh et al. (2012), in an assessment of
the relative impacts of volcanic aerosols on retrospective SST
forecast skill, showed that forcing from volcanos provides
only a small contribution to multi-annual SST predictability
relative to the greenhouse-gas forced trend, an evaluation
of real-time forecast skill (e.g., Smith et al., 2013) at an
LME scale would increase condifence in the reliability of the
predictive skill here presented. Development of such real-time,
operational multi-annual forecast capabilities would also be
required for continued use of such forecasts into fisheries

decisions. Furthermore, the observed SST predictability at multi-
annual scales relative to the 50-year reference stems from past
and ongoing anthropogenic climate change. Thus, while there
is cause for optimism regarding the utility of multi-annual
predictions to the fishery sector in adapting to this warming
trend, this optimism rests within the reality of strong multi-
annual change.
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