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Abstract
This study investigates linear trends, variability and predictive skill of the upper ocean heat content (OHC) in the North Atlan-
tic basin. This is a region where strong decadal variability superimposes the externally forced trends, introducing important 
differences in the local warming rates and leading in the case of the Central Subpolar North Atlantic to an overall long-term 
cooling. Our analysis aims to better understand these regional differences, by investigating how internal and forced variability 
contribute to local trends, exploring also their role on the local prediction skill. The analysis combines the study of three 
ocean reanalyses to document the uncertainties related to observations with two sets of CMIP6 experiments performed with 
the global coupled climate model EC-Earth3: a historical ensemble to characterise the forced signals, and a retrospective 
decadal prediction system to additionally characterise the contributions from internal climate variability. Our results show 
that internal variability is essential to understand the spatial pattern of North Atlantic OHC trends, contributing decisively 
to the local trends and providing high levels of predictive skill in the Eastern Subpolar North Atlantic and the Irminger and 
Iceland Seas, and to a lesser extent in the Labrador Sea. Skill and trends in other areas like the Subtropical North Atlantic, 
or the Gulf Stream Extension are mostly externally forced. Large observational and modeling uncertainties affect the trends 
and interannual variability in the Central Subpolar North Atlantic, the only region exhibiting a cooling during the study 
period, uncertainties that might explain the very poor local predictive skill.
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1 Introduction

Observations show that approximately 93% of the energy 
entering the climate system since the 1950s has been stored 
by the oceans (Levitus et al. 2012; Lyman et al. 2010; John-
son and Lyman 2020; Schuckmann et al. 2020). As a result, 
the upper layers of the ocean have warmed with distinct 
spatio-temporal features, shaped by the different warming 
rates that the ocean basins of the world have experienced. 
Several studies (e.g. Chen and Tung 2014; Wang et al. 2018; 
Zanna et al. 2019) have shown that the ocean heat content 

(OHC) in the Indian basin has remained approximately 
constant from 1950 until the early 2000s, when a warming 
trend started to develop, while the Pacific and Atlantic ocean 
basins exhibited notable multi-decadal variability during 
the whole period, with a superimposed long-term warming 
trend. Regional differences have also emerged in some of 
the basins, like in the Atlantic ocean, where in recent dec-
ades the central Subpolar North Atlantic (CSPNA) region 
has cooled while the rest of the basin has warmed, a feature 
that has been labeled in recent literature as the “cold blob” 
when referring to the most recent decadal trends (e.g. Yeager 
et al. 2016), and as the “warming hole” when referring to 
externally forced centennial-scale changes (e.g. Drijfhout 
et al. 2012; Rahmstorf et al. 2015; Keil et al. 2020). This 
paper will investigate the origin of these local trends from 
a climate prediction perspective, delving on other aspects 
like their linearity.

While, at the global scale, the observed long-term lin-
ear warming trend can be largely explained by the increas-
ing greenhouse gas concentrations in the atmosphere and 
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the counterbalancing effect of anthropogenic aerosols (e.g. 
Bilbao et al. 2019), at the regional scale internal climate 
variability can strongly contribute to the trends, and other 
external factors can induce non-linearities in the forced sig-
nals (Borchert et al. 2021). On decadal time-scales, ocean 
dynamics play an important role in shaping these regional 
trends (Chen and Tung 2014). Several mechanisms have 
been proposed to explain the recent cooling trend in the 
CSPNA, including the influence of anthropogenic factors 
(Chemke et al. 2020). The oceanic processes proposed to 
explain the cooling include (i) a slowdown in the meridi-
onal heat transport, triggered by a weakening of the Atlantic 
Meridional Overturning Circulation (AMOC; Drijfhout et al. 
2012; Robson et al. 2016), (ii) a change in heat advection 
by the horizontal gyre circulation (Piecuch et al. 2017), and 
(iii) a shift in the Gulf Stream current (Ruiz-Barradas et al. 
2018). More generally, changes in the ocean circulation, and 
in particular the AMOC, have been related in many mode-
ling studies to intrinsic basin-scale decadal variability in the 
North Atlantic ocean (Knight et al. 2005; Buckley and Mar-
shall 2016; Ortega et al. 2015; Gastineau et al. 2018), usu-
ally referred to as Atlantic Multidecadal Variability (AMV; 
Schlesinger and Ramankutty 1994). This implies that the 
recent OHC trends in the basin could be internally-driven. 
However, there is also modeling (Cheng et al. 2013) and 
indirect paleoclimatic evidence (i.e. proxies; Rahmstorf et al. 
2015; Thornalley et al. 2018) supporting that the AMOC 
might have been weakening since the beginning of the indus-
trial era following the increase in greenhouse gas (GHG) 
concentrations, which would support an externally-forced 
origin of the OHC cooling trends.

Both externally forced and internally-generated climate 
variability can be jointly exploited in climate models to 
produce skillful near-term predictions of the upper ocean 
temperatures (Meehl et al. 2009). In these predictions, 
typically know as decadal predictions because they extend 
for up to 10 years, radiative forcing changes are prescribed 
as boundary conditions and internal climate variability is 
initialised by bringing the model close to the observed 
state. The predictive skill is not geographically nor tempo-
rally uniform, as some regions are naturally more predict-
able than others, either because they are more sensitive to 
the external radiative forcings or because they are under 
the influence of more predictable modes of internal cli-
mate variability. Two prominent examples of predictable 
regions are the Tropical Pacific, where El Niño–Southern 
Oscillation (ENSO) dominates the seasonal to interan-
nual ocean variability and prediction skill (e.g. Barnston 
1994; Ham et al. 2019), and the North Atlantic, where 
the aforementioned AMV—thought to be at least partially 
linked to slow changes in both gyre and ocean circula-
tions—provides high levels of decadal prediction skill for 
the OHC (e.g. Doblas-Reyes et al. 2013; Yang et al. 2013; 

Yeager and Robson 2017a; Frajka-Williams et al. 2017). 
In the particular case of the North Atlantic, not all areas 
are equally predictable. Most decadal prediction systems 
show high levels of skill for the upper ocean tempera-
tures at Subpolar Gyre latitudes (Matei et al. 2012; Rob-
son et al. 2018; Mignot et al. 2016; Yeager et al. 2012, 
2018; Bilbao et al. 2020). On these regions slowly-varying 
ocean dynamics exerts a prominent influence, but obser-
vations also suggest long predictive capacity due to long 
thermal memory, and therefore persistence (Buckley et al. 
2019). Another North Atlantic region also linked to the 
large-scale ocean circulation is the Gulf Stream Exten-
sion (GSE), but it shows comparatively less persistence 
for the upper ocean temperatures than the Subpolar Gyre 
(Buckley et  al. 2019). Furthermore, the GSE exhibits 
lower skill in many prediction systems (e.g. Matei et al. 
2012; Mignot et al. 2016; Yeager et al. 2018; Bilbao et al. 
2020), which suggests that the region might be inherently 
less predictable. However, the Gulf Stream region is also 
known to suffer from important systematic biases in the 
typical non-eddying model resolutions used for climate 
prediction (i.e., 1◦ × 1◦ ), which might hamper predictive 
skill (Hewitt et al. 2017). It is also unclear if higher predic-
tion skill is achievable in other regions like the Subtropical 
North Atlantic, in which decadal variability from internal 
ocean dynamics is less prominent but the external forcings 
might exert a stronger influence (Frankignoul et al. 2017). 
We also note that some regional decadal variations may 
be forced by changes in natural radiative forcings, like 
major volcanic eruptions (Hermanson et al. 2020; Mann 
et al. 2021; Borchert et al. 2021), which might additionally 
trigger a delayed dynamical ocean response (Swingedouw 
et al. 2015).

This study focuses on the upper OHC variations in the 
North Atlantic basin in recent decades, addressing some of 
the factors behind the different local OHC variability and 
predictability. We also explore the observational uncer-
tainties, since many regions of the North Atlantic Ocean 
are still unmonitored or have remained undersampled until 
recently (Abraham et al. 2013). The following questions 
will be addressed in the study:

• Are past upper OHC changes consistent in ocean rea-
nalyses, both at the basin-scale and regionally? If not, 
which are the regions where the recent OHC changes 
are more uncertain?

• Can climate models skilfully predict the robust upper 
OHC changes from reanalyses? And how much of the 
skill derives from the predictability of long-term linear 
trends?

• To what extent it is realistic to interpret linear trends as 
externally forced signals? Are there regions in which 
this assumption is reasonable?
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• Which aspects of the regional trends, variability and 
predictability are driven by external forcings, and which 
ones are due to internal climate variability?

To answer these questions we examine the outputs of three 
ocean reanalyses as well as two sets of experiments (histori-
cal simulations and decadal predictions) with the EC-Earth3 
atmosphere-ocean general circulation model (AOGCM) ver-
sion that contributed to the CMIP6 exercise (Eyring et al. 
2016; Döscher et al. 2021).

The paper is structured as follows: Sect. 2 describes the 
data, the model and all methodological aspects considered in 
the analysis. Section 3 presents the results and is subdivided 
in three parts: (i) a description of upper OHC trends and 
variability in reanalyses, (ii) an evaluation of the forecast 
skill for the upper OHC in the North Atlantic, and (iii) an 
assessment of the upper OHC trends and their contribution 
to the total skill. Finally, Sect. 4 summarizes the main results 
and discusses them in light of previous studies.

2  Data and methods

2.1  Model and experimental setup description

EC-Earth is an European community Earth-System Model. 
The simulations analysed in this study were performed with 
the coupled AOGCM configuration of EC-Earth, using 
the version 3.3, the same one contributing to CMIP6. Its 
atmospheric component is the Integrated Forecast System 
(IFS; Hazeleger et al. 2010) from the European Centre for 
Medium-Range Weather Forecasts (ECMWF), based on 
its cycle cy36r4, and has a T255 horizontal resolution (grid 
size approximately 80km) and 91 vertical levels. The ocean 
component is the version 3.6 of the Nucleus for European 
Modelling of the Ocean (NEMO; Madec 2016), which is 
itself composed of the ocean model OPA (Ocean PArallelise) 
and the Louvain-La-Neuve sea ice model (LIM3; Rousset 
et al. 2015), both run with an ORCA1 horizontal resolution 
(ca. 1◦ nominal resolution) and 75 vertical levels. The atmos-
pheric and oceanic components are coupled through OASIS 
(Craig et al. 2017). The vegetation fields are prescribed and 
have been derived from an historical simulation performed 
with EC-Earth3-Veg, a different model configuration that in 
addition includes interactive vegetation as represented by the 
LPJ-GUESS model (Smith et al. 2014).

In this study we analyse the historical and the Decadal 
Climate Prediction Project (DCPP; Boer et al. 2016) hind-
cast simulations performed with EC-Earth3 at the Barcelona 
Supercomputing Center (BSC), all contributing to CMIP6 
(Bilbao et al. 2020).

The historical simulations follow the CMIP6 protocol 
(Eyring et al. 2016) and are driven with prescribed historical 

forcings of GHG concentrations, volcanic and anthropogenic 
aerosol concentrations, and solar variability. For the main 
analyses in this study an ensemble of 10 historical simula-
tions covering the period 1960–2014 is used. This ensemble 
size allows us to establish fair comparisons with the decadal 
prediction system, for which a total of 10 members have 
been produced. The historical ensemble corresponds to the 
members r(2,7,12,17-22,24)i1p1f1. These members were 
chosen because they exhibit active Labrador Sea convection 
during the study period, and are therefore deemed to be more 
realistic than the members with suppressed convection (Bil-
bao et al. 2020). This set of simulations will be referred to 
as HIST hereinafter. A larger ensemble of 23 members (r(1-
4,6,7,9-25)i1p1f1), which includes the 10 members of HIST, 
has also been used, but for a different purpose: to address the 
sensitivity of the results to the number or historical simula-
tions, as previous work (Milinski et al. 2020) suggests that 
20–30 members are needed to accurately capture the forced 
signals of sea surface temperature in the North Atlantic.

The EC-Earth3 DCPP hindcast is described in detail in 
Bilbao et al. (2020). This experiment consists of an ensem-
ble of retrospective forecasts initialised every year on the 
first of November from 1960 to 2018, each composed of 10 
members and following a full field initialisation method. 
The atmospheric initial conditions use ERA-40 reanaly-
sis (Uppala et  al. 2005) for the period 1960–1978 and 
ERA-Interim reanalysis (Dee et al. 2011) for the period 
1979–2018. The ocean and sea ice initial conditions come 
from a forced ocean-sea ice reconstruction with NEMO-
LIM, where the model is nudged towards three-dimensional 
ocean temperature and salinity from the ORAS4 reanalysis 
(Mogensen et al. 2012) and driven by surface fluxes from the 
Drakkar Forcing Set (DFS5.2; Brodeau et al. 2010). This set 
of simulations corresponds to the DCPP members r1i1p1f1-
r10i1p1f1 and will be referred to as PRED henceforth.

All simulations are available at the CMIP6-Earth System 
Grid Federation (ESGF) portal (https:// esgf- data. dkrz. de/ 
search/ cmip6- dkrz/) and can also be downloaded from the 
corresponding BSC-node (https:// esgf. bsc. es/ thred ds/ catal 
og/ esgcet/ catal og. html).

2.2  Reference observation‑based datasets

Since ocean temperature observations, especially in the deep 
ocean, are temporally and spatially sparse, ocean reanalyses 
provide a physically consistent representation of the past 
OHC variability by assimilating temperature observations 
to models (among other variables). However, the sparsity 
of deep ocean temperature observations, model uncertain-
ties in the representation of sub-scale processes and limita-
tions of data assimilation, make these reanalysis inherently 
uncertain.

https://esgf-data.dkrz.de/search/cmip6-dkrz/
https://esgf-data.dkrz.de/search/cmip6-dkrz/
https://esgf.bsc.es/thredds/catalog/esgcet/catalog.html
https://esgf.bsc.es/thredds/catalog/esgcet/catalog.html
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To take into account and quantify this uncertainty when 
evaluating the forecast skill of the EC-Earth3 simulations, 
we use monthly averaged ocean temperatures from three dif-
ferent reanalyses: 

1. The Ensemble Coupled Data Assimilation experiment 
v3.1 (ECDA; Chang et al. 2013) from the Geophysical 
Fluid Dynamics Laboratory (GFDL).

2. The European Centre for Medium-Range Weather Fore-
casts (ECMWF) Ocean Reanalysis System 4 (ORAS4; 
Balmaseda et al. 2013).

3. The latest ocean reanalysis product from ECMWF 
(ORAS5; Zuo et al. 2019) and it’s respective backward 
extension.

These three products are combined to produce a multi-
reanalysis ensemble, which will be hereafter our observa-
tional-based reference, as it can smooth out some of the 
uncertainty specific to the individual reanalyses. The dif-
ferences between the products provide an indirect measure 
of the observational uncertainty, which obey, among other 
things, to differences in model resolution, the model com-
ponents, the forcing employed, the assimilation schemes and 
the assimilated observations. For further details on these 
datasets, please refer to Table 1.

One limitation, however, of the multi-reanalysis ensemble 
is that its mean might not be physically consistent. For this 
reason, some analyses have been repeated using ORAS4 as 
a reference, the reanalysis from which the initial conditions 
have been created and for which higher skill values are there-
fore expected.

2.3  Data pre‑processing and diagnostics

The upper ocean heat content for the reanalyses and EC-
Earth3 simulations was computed for each individual 

grid-cell from the three-dimensional ocean temperature field 
T (K) following the equation:

where cp (J/kg/K) is the specific heat capacity of seawater, �0 
(kg∕m3) is the reference seawater density and � x, � y, � z (m) 
are the individual cell dimensions. Vertically, the ocean tem-
perature was integrated from the surface to 700 m or to the 
ocean floor, whichever came first. The upper 700 m ocean 
heat content will be referred to hereinafter as OHC700.

All datasets (reanalyses and model simulations) were 
interpolated to a common regular 1◦ × 1◦ resolution grid. 
The bilinear interpolation was performed using the Climate 
Data Operators package (from the Max-Planck Institute for 
Meteorology, https:// code. zmaw. de/ proje cts/ cdo, version 
1.7.2).

2.4  Trend analysis

The trends in OHC700 were computed by linear least-
squares regression against time. OHC700 trend maps were 
produced in order to depict the OHC700 change patterns in 
the North Atlantic basin. To determine whether the trends 
are significantly different from zero, we use a two-sided 
t-test at the 95% confidence level.

The trends were computed for the period 1970–2014. This 
choice responds to two reasons. First, the decision to start in 
1970 is motivated by constrains in the analysis of the predic-
tions. Because we want to elucidate whether and how trends 
contribute to predictive skill at different forecast times, we 
need to define a fixed common period that is adequate to 
compute the skill for lead times from 1 to 10 years. Since the 
first start year in PRED is 1960, the first year in which we 
can evaluate the skill for its longest lead time is 1970. Sec-
ond, HIST experiments finish in year 2014, and even if they 
could be concatenated with their corresponding SSP2-4.5 

(1)OHC(t) =

h
∑

i=0

T(t)i cp �0 �x �y �zi

Table 1  Summary of features of the reanalyses used as benchmark here

Dataset name ECDA3.1 ORAS4 ORAS5 (incl. backward extension)

Period covered 1961–2016 1959–2017 1958–2020
Horizontal resolution 1

◦
1
◦

1∕4◦

Vertical layers 50 42 75
Ocean model MOM4 NEMO 3.0 NEMO 3.4
Sea ice model Sea ice simulator Prescribed LIM2
Atmospheric data Temperature, U, V (NCEP) – –
Forcing fluxes – ERA40, ERA-Interim ERA40, ERA-Interim
Ocean/sea ice data SSTs, TS profiles SSTs, TS profiles, sea level 

anomalies
SSTs, TS profiles, sea level 

anomalies, sea ice concentrations
References Chang et al. (2013) Balmaseda et al. (2013) Zuo et al. (2019)

https://code.zmaw.de/projects/cdo
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scenario simulations, that would introduce uncertainty in the 
externally forced signals, and in particular in those of natural 
origin, which are not accounted for in the scenarios. Since 
the effects of natural forcings (such as volcanic aerosols) are 
expected to manifest at shorter time-scales, their contribu-
tion to the linear trends over the longer period of 1970–2014 
is expected to be minor.

To illustrate the consistency of the trends across the 
reanalyses, and also within the ensemble members of each 
experiment, we use stippling to highlight the grid points 
where the trends for all members or reanalyses have the same 
sign.

2.5  Forecast drift correction and skill evaluation

Since the initialisation method used in PRED is full-field, as 
the forecasts progress they experience a spurious drift from 
the observed initial state towards the model attractor (e.g. 
Meehl et al. 2014). To correct for this drift, anomalies are 
computed using the “mean drift correction” method, which 
consists of computing the anomalies relative to the forecast-
time-dependent climatology (e.g. Goddard et al. 2013). This 
is also the recommended approach to account for model 
drifts in DCPP (Boer et al. 2016).

In the case of the HIST experiment the anomalies are 
computed by subtracting the average of all years in the 
period of interest 1970–2014, for each ensemble member. 
The same procedure was done for the reanalyses.

To evaluate the forecast quality of the EC-Earth3 experi-
ments we use the temporal anomaly correlation coefficient 
(ACC) as our skill metric. The statistical significance of 

ACC differences is assessed following the methodology 
proposed by Siegert et al. (2017), a statistical test developed 
for cases—such as this study—where competing forecasting 
systems are strongly correlated with one another. Addition-
ally, to evaluate the agreement of OHC700 patterns we use 
area-weighted spatial correlations, and the statistical signifi-
cance is determined by a t-test at the 95% confidence level 
and taking into account the temporal autocorrelation.

3  Results

3.1  Ocean heat content trends and variability 
in reanalyses

The geographical pattern of OHC700 trends in the multi-
reanalysis mean (Fig. 1a) shows that the North Atlantic has 
warmed throughout most of the basin in the past decades 
(1970–2014), with the main exception of the CSPNA, which 
experienced a long-term cooling. While the large-scale 
warming is consistent in the three reanalyses, as indicated 
by the stippling, the cooling trends are only consistent in a 
few grid points of the CSPNA, with the whole region show-
ing a general lack of agreement in the sign of the trends. 
This calls for caution when interpreting the CSPNA cooling 
and its exact location, which is represented differently in 
the three reanalyses (Supp. Figure 1). While ORAS5 sup-
ports a widespread cooling, negative trends are very local-
ised (and non-significant) in ECDA. It is important to note 
that the CSPNA cooling region in ORAS5 is very close to 
the area where a non-stationary bias in surface temperature 

Fig. 1  a Map of the multi-reanalysis OHC700 mean trends over the 
period 1970–2014. Black boxes delimit the regions of interest specifi-
cally addressed in this study (see Table 2). Stippling is used to indi-
cate the grid-points where the sign of the trend is the same in all the 
individual reanalysis. All trend values for which the trend is not sig-

nificant are masked out in white. The full contour lines represent the 
zero trend and dashed lines show the subsequent trends in increments 
of 0.5 × 108 J∕m2 per year (grey/black lines indicate-positive/negative 
trends). b Map of the standard deviation in the OHC700 trends across 
the reanalyses. The same stippling as in panel a is included
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has been reported in that same reanalysis product (Tietsche 
et al. 2020), linked to an excessively strong AMOC. For this 
reason, the realism of ORAS5’s widespread strong cooling 
must be put, at least partially, into question.

Other regions also show noteworthy discrepancies across 
reanalyses. These differences are highlighted in Fig. 1b by 
the standard deviation of the OHC700 trends among the rea-
nalyses. Apart from the CSPNA, where the largest values 
are found, the neighboring areas of the wider SPNA region, 
as well as the Gulf Stream also show considerable stand-
ard deviation values (over 0.25 × 108 J∕m2 per year). In the 
Gulf Stream, these are mostly associated to inter-reanalysis 
discrepancies in the magnitude of the warming trend, as the 
sign appears to be robust in most of the region.

Based on the spatial trends, we have selected several 
regions of interest to investigate how variability (beyond 

trends) is reproduced in the reanalyses (defined in Table 2). 
The selection of these regions was inspired by the study of 
Maze et al. (2017), that classified local Argo floats tempera-
ture profiles into different clusters with coherent vertical heat 
distribution (Fig. 11 in Maze et al. 2017). These regions 
represent areas in which key ocean processes occur (e.g. the 
deep open ocean mixing in the Labrador and Irminger Seas, 
or the subtropical and subpolar gyre circulations), impor-
tant currents are present (i.e. the Gulf Stream) or unique 
recent trends have developed (i.e. the CSPNA). The zonal 
and meridional boundaries were adjusted from Maze et al. 
(2017) to match the main features of the multi-reanalysis 
mean trends for the time period studied (boxes in Fig. 1a).

Figure 2 depicts the time-series of the OHC700 averaged 
in the North Atlantic (NA) and in the selected regions (see 
Table 2 for details on the exact boundaries considered). The 
whole NA basin displays a clear and significant warming 
trend that is consistent among the reanalyses (Fig. 2a and 
Table 3). In particular, OHC700 remains rather flat from the 
1970s until the early 1990s, when it develops a strong posi-
tive trend that peaks at about year 2005. Since then, it has a 
slightly negative trend. Year to year OHC700 variations are 
generally small throughout the whole period.

At the regional level, interannual and decadal variability 
are generally more prominent than for the NA, as well as the 
range of the OHC700 variability (note the different y-axes in 
the panels). The Irminger-Iceland Seas (IIS) and the Eastern 
Subpolar North Atlantic (ESPNA) show similar variability, 

Table 2  Regions of interest of this study and their boundaries

Acronym Name Boundary coordinates

NA North Atlantic [15–65] ◦ N [80–2] ◦W
IIS Irminger-Iceland Seas [58–65] ◦ N [40–10] ◦W
ESPNA Eastern Subpolar North Atlantic [36–58] ◦ N [25–10] ◦W
CSPNA Central Subpolar North Atlantic [45–57] ◦ N [40–25] ◦W
LS Labrador Sea [50–65] ◦ N [65–45] ◦W
GSE Gulf Stream Extension [36–45] ◦ N [75–42] ◦W
STNA Subtropical North Atlantic [22–36] ◦ N [79–10] ◦W

Fig. 2  Time-series of the 
spatially averaged OHC700 
across a the NA and 
b–g the individual selected 
sub-regions, computed from 
the reanalyses ORAS4, ORAS5 
and ECDA, expressed as an 
anomaly per volume unit. The 
multi-reanalysis ensemble mean 
is also included (dashed grey 
line). Sub-regions are described 
in Fig. 1 and Table 2. Note that 
y-scale is different for panel 
a. The degree of agreement in 
OHC700 variability across the 
reanalyses is illustrated for each 
region by the temporal mean 
of the inter-reanalysis spread 
(defined by the range between 
the maximum and the minimum 
OHC700 values), indicated at 
the bottom corner of each panel
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marked by decadal oscillations (i.e. a cooling during the 80s 
followed by a warming until 2005 and a subsequent cool-
ing until present) superimposed on the long-term warming 
trend. Even if in both cases the trends are stronger than for 
NA (Table 3), they explain a smaller percentage of the total 
OHC700 variance (as indicated by the R2 values in brackets). 
No major differences across the reanalyses are found for the 
OHC700 in these two regions.

The Labrador Sea (LS), and in particular the CSPNA, 
are the regions where the largest discrepancies between rea-
nalyses are found. These differences are quantified by the 
temporal mean of the inter-reanalysis spread (indicated in 
the bottom-right corners of Fig. 2). The major differences 
come from ORAS5 for which the sign and/or the magni-
tude of the long-term trends is substantially different than 
in the other reanalyses. In the CSPNA, ORAS5 is the only 
reanalysis showing a (remarkably strong) cooling trend, 
while ECDA exhibits a significant warming trend, and the 
trend in ORAS4 is not statistically significant. There are 
indications that this strong trend in ORAS5 might not be 
realistic, since the CSPNA region is likely to be affected by 
the non-stationary bias reported in Tietsche et al. (2020), 
which occurs North East of the Grand Banks. These are rel-
evant differences that lead to a multi-reanalysis mean that 
is negative and not significant (Table 3). It is important to 
remark that all three reanalyses show negative trends over 
the region, although they differ in the exact location, exten-
sion and strength, as already seen in Supp. Figure 1. The 
variance explained by the regional trend also varies sub-
stantially across the reanalyses, from above 50% in ORAS5 
to virtually zero in ORAS4. In the LS the three reanalyses 
support a statistically significant warming trend (Table 3), 
accounting overall for a 44% of the total variance, although 
with a lower value in ORAS5 (i.e. 11%).

In the two remaining regions, the GSE and the Sub-
tropical North Atlantic (STNA), the trends present a good 
degree of agreement across reanalyses. These are also the 
two regions in which the trends explain the largest fractions 
of variability, associated with reduced decadal-scale oscil-
lations. While GSE exhibits the strongest trends, it also pre-
sents some interannual variations, not so evident in STNA, 
for which the trend explains on average about 80% of the 
total OHC700 variability, the largest value of all the regions. 
In both regions trends are rather linear, and could there-
fore be dominated by the changes in the external radiative 
forcings. 

3.2  Forecast quality and added value 
of initialisation in North Atlantic

Even though the broad North Atlantic displays clear signs 
of warming in all reanalyses, the previous section has also 
revealed important regional differences regarding the mag-
nitude and significance of the trends, and the presence of 
decadal variability in the upper OHC. This raises the ques-
tions of (i) whether and for which regions these upper OHC 
changes are predictable, (ii) whether trends contribute to 
predictability, and (iii) to what extent initialising internal 
variability matters for the predictive skill.

The first column of Fig. 3 shows the ACC for the EC-
Earth3 PRED computed against the multi-reanalysis mean 
for various forecast years (FY; 1, 4, 7 and 10), revealing val-
ues that are generally high throughout the basin, especially 
in the first forecast year. In subsequent forecast years there is 
a rapid loss of skill in the vicinity of the CSPNA, the region 
with the largest differences across reanalyses. This rapid loss 
of skill could reflect that EC-Earth represents differently 
the dynamical processes that give rise to the local negative 
trends when compared to the reanalyses. Another region that 
exhibits a significant loss in skill with forecast time is the 
western STNA. Other regions, such as LS and IIS, also expe-
rience an initial moderate loss in skill, but it is recovered at 
the longest forecast years, which suggests that the temporary 
loss in skill could be related to the effect of initial shocks 
reported in Bilbao et al. (2020). A large part of this skill, in 
particular in the ESPNA and STNA areas, arises from the 
externally-forced signals, as shown by Supp. Figure 2, and 
could be enhanced with larger prediction ensembles.

The second column of Fig. 3 shows the ACC difference 
between the predictions and the historical simulations, which 
allows us to determine the added value of initialisation on 
skill. In the first FY, initialisation is largely beneficial, except 
for some parts of the eastern STNA and the sea North of 
Scotland, where it leads to skill degradation. In the subse-
quent FYs, only the ESPNA, a region that in other models 
seems to be controlled by advective processes linked to the 
AMOC (Borchert et al. 2018), shows a consistent added 

Table 3  Spatially averaged OHC700 trends for several North Atlantic 
regions in the reanalyses, expressed in 107 J∕m2 per year

Trends refer to the period 1970–2014. The respective time-series 
can be seen in Fig. 2. All trend values are statistically significant at 
the 0.95 level, unless followed by an asterisk (*). The percentage 
of the total variance explained by the trends (characterised by  the 
R
2 , between the linear trend and the original time-series) is given 

between brackets

Region ECDA ORAS5 ORAS4 Multi reanalysis 
mean

NA 3.82 (0.77) 2.27 (0.67) 3.10 (0.85) 3.06 (0.79)
IIS 5.46 (0.39) 4.70 (0.31) 4.08 (0.36) 4.74 (0.37)
ESPNA 3.03 (0.51) 4.24 (0.64) 3.71 (0.57) 3.66 (0.59)
CSPNA 3.82 (0.28) −7.26 (0.54) 0.19* (< 0.01) −1.08 * (0.04)
LS 4.97 (0.49) 1.30 (0.11) 4.37 (0.52) 3.55 (0.44)
GSE 5.13 (0.59) 5.05 (0.67) 6.56 (0.67) 5.58 (0.68)
STNA 3.66 (0.81) 3.26 (0.72) 3.04 (0.81) 3.32 (0.82)
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value of initialisation on the predictive skill. Interestingly, 
the latest FYs show again improved skill with initialisation 
in the IIS and LS regions, which would be consistent with 
the recovery from the initial shock effects previously men-
tioned. This recovery of skill could be linked to the skillfully 
predicted ESPNA OHC700 anomalies from earlier FYs, 
which are advected westward by the mean subpolar gyre 
circulation. By contrast, skill in the southwestern side of the 
basin is substantially hindered by initialisation, in particular 

over the Gulf Stream area, where the initialisation shock 
might have a longer-lasting effect.

The third column of Fig. 3 shows the contribution of the 
linear long-term trends to ACC skill for the same forecast 
years. This is done by calculating the difference in terms of 
ACC between the raw anomalies of PRED and its detrended 
anomalies. In the first FY, for which we have shown that 
the influence of initialisation is notably higher, trends play 
a significant role in skill mainly south of the subpolar lati-
tudes, including over the GSE and the STNA. At subsequent 

Fig. 3  a Anomaly correlation coefficient (ACC) maps of OHC700 in 
the initialised EC-Earth predictions for the forecast years 1, 4, 7 and 
10. Stippling indicates where the correlation is statistically significant 
at the 95% confidence level. Stippling is only applied in every 4th 
grid cell for the sake of visibility. b Difference in the ACC values for 
the initialised and uninitialised predictions (PRED and HIST, respec-

tively). c Difference in the ACC values in PRED for the undetrended 
and the detrended OHC700 anomalies. In b, c stippling highlights 
correlations that are significantly different at the 95% confidence 
level. All ACC values are evaluated against the multi-reanalysis 
ensemble mean for the period 1970–2014
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FYs, as the added value of initialisation on forecast skill gets 
confined to the ESPNA, stronger and more significant con-
tributions from trends are seen all across the basin, except 
in the CSPNA. The fact that the relative contribution of the 
trends to the final predictive skill increases with forecast 
time suggests that, at least for some regions like the LS, IIS 
and ESPNA, the trends in the initial model state are incom-
patible with the multi-reanalysis trends. The realism of these 
trends along the forecast is further explored in Sect. 3.3.

Very similar results in terms of predictive skill, added 
value of initialization, and predictive role of the trends are 
obtained when using ORAS4 as a reference (Fig. 3 vs Supp. 
Figure 3), the main difference being in the first forecast year, 
for which, as expected, skill is substantially higher when 
evaluated against ORAS4.

We now evaluate the skill of the mean OHC700 in the 
North Atlantic and in the individual regions and how it 
evolves for forecast years 1–10 in PRED in comparison to 
HIST (Fig. 4). We include two indicators of statistical sig-
nificance: (i) all the individual ACC values are represented 
with cyan dots when they are significantly different from 
zero at the 95% confidence level; and (ii) ACC values for 
HIST are additionally highlighted with a red cross when 
their value is significantly different from the PRED one. 
The role of the trend is also tested by recomputing the skill 
after both the reanalyses and PRED anomalies have been 
detrended (dashed line in Fig. 4). For these ACC values, the 

same significance indicators as for the historical ensemble 
are included.

Figure 4a shows that the whole NA is highly predictable 
at all forecast years, a result that is largely but not exclu-
sively due to the external forcing influence. HIST exhibits 
high ACC values, although they are significantly higher in 
PRED at almost all FYs, supporting a small but beneficial 
effect of initialisation on skill. We also show that most of the 
skill comes from the predictability of the linear trend, given 
the very low ACC values obtained for the detrended series. 
This linear trend is largely dominated by a rapid warming in 
the mid-1990s (Fig. 2a), which has been previously associ-
ated with a prolonged strengthening of the AMOC since the 
1960s, leading to increased ocean heat transport into the 
region, an instantaneous response to a strong negative NAO 
phase in 1995–1996 (Robson et al. 2012). Only the effects 
of the former on the OHC are deemed to be predictable, and 
thus thought to be reproduced in the EC-Earth simulations.

The individual regions show contrasting results. In the 
IIS, PRED has also significant skill at all FYs, although 
with an initial drop and a subsequent recovery during the 
2nd to 7th FYs, which is likely related to the initialisa-
tion shock (Fig. 4b). ACC values are significantly lower 
for HIST than PRED in this region, suggesting that inter-
nal variability contributes decisively to the local predic-
tive skill. The external forcing also provides significant 
skill, although this can only be detected when using the 

Fig. 4  ACC skill assessment of 
the spatially averaged OHC700 
in a the North Atlantic, and 
b–g all the selected indi-
vidual regions. Skill values 
are shown for the PRED (blue 
lines) and HIST ensembles 
(grey lines) and are evaluated 
against the multi-reanalyses 
mean. In PRED, skill is also 
computed after detrending 
both the forecast anomalies 
and the reanalysed anomalies 
(detrended PRED; dashed blue 
lines). Cyan dots indicate ACC 
values that are significantly 
different from zero at the 95% 
confidence level. Red crosses 
indicate that the HIST or the 
detrended PRED ACC values 
are significantly different from 
the PRED ones
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large HIST ensemble (Supp. Table 1). This is a region 
that clearly benefits from initialisation. The trends explain 
part but not all of the PRED skill, given the significantly 
lower values for the detrended timeseries. Similar results 
are obtained over the ESPNA (Fig. 4c), although with no 
apparent signal of initialisation shock effects, as it experi-
ences a lower and more gradual decrease in skill, with no 
recovery at the longest FYs.

The CSPNA exhibits poor skill (only significant in the 
first FY of PRED) in both the HIST and PRED experiments 
(Fig. 4d). This is also the region in which the trends seem 
to play the smallest role in the predictive skill (given that 
solid and dashed lines are virtually identical), which is not 
surprising given that its multi-reanalysis mean trend was 
not significant (Table 3). The lack of skill might derive from 
limitations in the prediction system to represent realistically 
the local variability. However, caution is recommended 
because the large uncertainties across reanalyses seem to 
critically affect the skill assessment. When re-evaluating 
the skill in the region against each of the individual rea-
nalyses, the results are drastically different (Supp. Figure 5), 
and seem to be affected by the sign and magnitude of the 
reanalysed trends (Table 3). Reducing the uncertainty of the 
OHC over this region is therefore essential to evaluate trust-
worthily its predictive skill. By contrast, the lack of skill 
for HIST does seem to be a robust result, independent of 
the reduced ensemble size (Supp. Table 1), and also of the 
reanalysis used as a reference (grey line in Supp. Figure 5), 
which suggests a minor role of the external forcing in the 
CSPNA.

The LS (Fig. 4e), the region where the initial shock is 
triggered, shows clear evidence of its effects, with a longer-
lasting decrease in skill than in the IIS (the minimum occurs 
in FY6, compared to FY4 in IIS). Another important dif-
ference with respect to IIS is that LS skill is largely arising 
from the external forcings (as indicated by the high ACC 
values in HIST), which might be affecting vertical mixing 
through buoyancy-induced changes in local stratification. 
Interestingly, after the skill recovery in FY9–10, PRED skill 
becomes significantly higher than for HIST, something that 
only occurred in the first FY. This would be consistent with 
the aforementioned advection of OHC700 anomalies from 
the ESPNA, a region in which initialisation matters deci-
sively for skill.

The two remaining regions, the GSE and STNA, show 
similar ACC features (Fig. 4f, g respectively). In both cases 
the predictive skill seems to come almost exclusively from 
the external forcings. Indeed, PRED skill is only signifi-
cantly higher than in HIST in the first FY. Both are also 
regions with important long-term trends (as previously seen 
in Table 3) that are critical to achieve high levels of skill.

In summary, this analysis reveals that the regions in 
which the external forcings play a dominant role on the pre-
diction skill are the GSE, the STNA and to a lesser extent, 
the LS. This latter, together with the IIS and ESPNA, show 
the largest benefits of initialisation, which are still significant 
at the longest FYs. In all these five regions, trends contribute 
substantially to the final prediction skill. The same conclu-
sions can be drawn when computing the skill against ORAS4 
instead of the multi-reanalysis mean (Supp. Figure 4), which 
further supports the results. In the following section we eval-
uate the realism of these trends in the predictions and histori-
cal ensemble, assessing to what extent they are externally 
forced, and whether and how they change with forecast time.

3.3  Representation of upper OHC long‑term trends 
in the EC‑Earth3 predictions and historical 
simulations

We have shown that, at the regional level, trends can con-
tribute substantially to the skill, with different weights from 
both external radiative forcing changes and internal vari-
ability. We now explore how the long-term OHC700 linear 
trends are represented in the predictions as a function of 
forecast lead time and also in the HIST ensemble (both in 
shaded colors), and how they compare with the multi-rea-
nalysis mean trends (left column of Fig. 5). Large areas of 
consistency between the predicted and reanalysis trends are 
evident, especially in the earliest forecast years, in which 
initialisation corrects spurious trends in the mean HIST 
ensemble (shown in the bottom row of Fig. 5), that will be 
discussed further ahead. In FY1 of PRED, the region of 
negative trends is well collocated with the multi-reanalysis 
mean pattern. This region is flanked at the east by an area of 
strong positive trends, also present in ORAS4 (Supp. Fig-
ure 1), the reanalysis that was used to generate the initial 
conditions of PRED. These locally large trends are, however, 
not supported by the other two reanalyses, leading to an ini-
tial disagreement between PRED and the multi-reanalysis 
mean trends. This disagreement is reduced at subsequent 
FYs in which the positive trends are smoothed.

The trend pattern evolves with forecast time as climate 
noise grows, eroding the signal from initialisation, which 
makes different members diverge. Interestingly, the trends 
in PRED show similar spatial features to the multi-reanalysis 
throughout the forecast, with some local differences. For 
example, along the Gulf Stream Extension, warming trends 

Fig. 5  The same as in Fig. 1 but for the EC-Earth3 hindcasts in fore-
cast years 1, 4, 7, 10, and the historical simulations (final row). The 
ensemble mean OHC700 trend is shown on the left, and the stand-
ard deviation across the ensemble on the right. On both columns stip-
pling is used to indicate the grid-points where the sign of the trend is 
the same in all individual members. Black (green) contours represent 
the trends for the multi-model reanalysis mean (ORAS4) shown in 
Fig. 1a (Supp. Figure 1). Positive (negative) trends are represented by 
thin solid (dashed) lines and the zero contour line by thick solid lines

◂
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that are initially strong seem to fade away at the latest FYs. 
Likewise, the initial cooling region over the CSPNA expands 
northwestwards towards the Labrador and Irminger Seas. 
This region of cooling trends is also the one exhibiting the 
largest intra-ensemble spread (right column of Fig. 5), not 
only in the forecasts but also, much more importantly, in the 
historical experiments.

The larger intra-ensemble spread in HIST than in PRED 
trends can explain the discrepancies between the mean 
trends in the HIST ensemble and in the multi-reanalysis 
mean. Even though the HIST ensemble mean also exhibits a 
cooling, it happens over a wider area, located within the IIS 
and ESPNA regions. All individual HIST experiments agree 
(as indicated by the stippling) in representing a cooling trend 
over a small band North of CSPNA. This suggests that the 
misplacement of the location with respect to the reanalyses 
corresponds to a structural model bias. The same happens 
along the Gulf Stream Extension in which the HIST trend 
is overly warm compared to the multi-reanalysis mean, and 
appears to extend too far eastward into the CSPNA, a feature 
for which all historical members also systematically agree. 
We note that in HIST there is little to no intra-ensemble 
agreement regarding the sign of the trends in regions like 
the Labrador Sea, the IIS and the ESPNA.

By forecast year 10 of PRED, the spread in the represen-
tation of the trends remains small compared to the HIST 
ensemble spread (right column of Fig. 5). This suggests that 
initialisation has a long-lasting beneficial effect on the rep-
resentation of the long-term trends, both in time and space. 
Nevertheless, the trend patterns are similar in HIST, PRED 
and the multi-reanalysis mean, characterised by a large-scale 
warming and a regional cooling in the northern NA. These 
findings suggests that the overall pattern is mostly driven by 
external forcing, and initialisation is essential to represent 
the trends in the correct location.

An alternative and more synthesised way to evaluate the 
impact of initialisation in the representation of the trends 
is to directly compare the spatial patterns from PRED and 
HIST ensemble with the reanalyses patterns. Figure  6a 
shows the area-weighted spatial correlation for the North 
Atlantic region between the multi-reanalysis mean OHC700 
trends and those in individual members and the ensemble-
mean of PRED (thin and thick red lines, respectively), as 
a function of FY. The corresponding correlations for the 
HIST are also shown (in grey). The spatial correlations for 
PRED show systematically higher values than for HIST at all 
forecast times and for all ensemble members. Also note that 
the inter-member spread in PRED (red envelop in Fig. 6a) 
remains substantially smaller than for HIST (grey envelop), 
indicating that the initialisation of internal variability helps 
constraining the long-term trends for more than a decade. 
The low spatial correlation values in HIST can be explained 
by a combination of two key factors already discussed in 
light of Fig. 5: (i) that internal variability plays an impor-
tant role in some local trends that cannot be properly repre-
sented in the forced uninitialised experiments; and (ii) that 
systematic model biases are fully developed in some areas, 
preventing the model to represent the forced response in the 
right location. An additional analysis computing the spatial 
correlations against each of the individual reanalyses (Supp. 
Figure 6) shows that the previous results, and in particular 
the important role of internal variability in the development 
of the trends, are supported by both ORAS5 and ORAS4 but 
not by ECDA, for which the spatial correlations remain low 
and comparable between PRED and HIST. This is probably 
due to the fact that in ECDA large positive trends dominate 
in the CSPNA region, where only a very reduced area shows 
a long-term (and very weak) cooling. To corroborate if inter-
nal variability generally matters for understanding the spatial 
trends, the spatial correlations were recomputed in Fig. 6b 

Fig. 6  a Area-weighted spatial correlations as a function of forecast 
time between the OHC700 trend patterns in the EC-Earth experi-
ments (red for PRED, grey for HIST), and the trends in the multi-
reanalysis mean. Thin lines represent the correlations for individual 
members in PRED and HIST, and the thick lines the corresponding 

values for their ensemble mean. The ensemble spread is indicated 
respectively by the red and grey shading. b The same as in a, but with 
spatial correlations only calculated over the stippled grid points in 
Fig. 1 (cells in which all reanalyses support a trend of the same sign)
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after masking out the regions where the reanalyses do not 
agree in the sign of the trend (based on stippled areas of the 
multi-reanalysis ensemble mean), to thus exclude the areas 
with large observational uncertainties. The figure confirms 
that internal variability does matter in the areas where the 
reanalyses tend to agree.

To further assess the contributions of internal and exter-
nal sources of variability to the representation of the local 
trends, we compare the regionally averaged trends in the rea-
nalyses with the corresponding trends in PRED (as a func-
tion of forecast time) and HIST (Fig. 7). In the broad North 
Atlantic, the long-term trends are systematically underesti-
mated in both DCPP and HIST experiments, although with 
important differences between them. The mean HIST trend 
is half of the multi-reanalysis mean, and its ensemble spread 
does not overlap with any of the individual reanalysis trends. 
The trends in PRED start close to the multi-reanalysis mean 
trend, and are fully included in the multi-reanalysis spread 
for the first forecast year (Fig. 7a). However, for subsequent 
forecast years NA trends rapidly weaken, dropping down 
by half by FY4 to similar values than in HIST. This quick 
reduction could be due to the initialisation shock, because 
in later forecast years the NA trend steadily increases, over-
lapping again with the reanalysis spread. The fact that all 
reanalyses display a positive trend in the NA indicates that 

there is certainly a forced origin in the trend, but internal 
variability seems to be essential to explain the magnitude 
of the trend.

At the individual regions, other differences between the 
trends in PRED and HIST emerge. In both the IIS and the 
ESPNA the trends in PRED remain rather close to the reana-
lysed trends, agreeing particularly well for the latter region 
(Fig. 7b, c). In the ESPNA, the prediction and multi-reanal-
yses ensemble spreads overlap at all forecast years and are 
narrow, indicating a reduction in observational and model 
uncertainty (Fig. 7c), compared to the IIS region. In both 
IIS and ESPNA HIST shows a mean negative trend that is 
very close to zero, with individual members supporting both 
positive and negative trend values. The large spread in HIST 
trends, which overlaps with the much narrower multi-reanal-
ysis and PRED spreads in IIS (Fig. 7b), and is very close to 
the corresponding spreads in ESPNA (Fig. 7c), suggests that 
trends in both regions are largely controlled by internal vari-
ability. PRED results indicate that internal variability can be 
correctly initialised and that it contributes substantially to 
the local predictive skill, as shown in Fig. 4, and also identi-
fied in other decadal prediction systems (Meehl et al. 2014; 
Yeager et al. 2018).

The large differences between the individual reanalysis 
(ECDA supporting a significantly positive trend, ORAS5 a 

Fig. 7  a Spatially averaged 
North Atlantic OHC700 trends 
in the multi-reanalysis, PRED 
and HIST ensembles evaluated 
over the period 1970–2014, as 
a function of forecast time. The 
ensemble mean trends are repre-
sented by the dashed thick lines, 
and the trends for the individual 
members by the thin lines. 
Grid cells with non-significant 
trends are masked out before the 
regional averages are computed. 
Note that the y-axis is not the 
same for all panels, to improve 
the comparability of the differ-
ent ensembles. b–g The same 
as in panel a but for the selected 
NA regions: IIS, ESPNA, 
CSPNA, GSE and STNA
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significantly negative trend, and ORAS4 a trend not signifi-
cantly different from zero; Table 3) hamper the interpreta-
tion of the CSPNA results (Fig. 7d), as it is unclear whether 
HIST and PRED represent them realistically. From the wide 
spread in HIST trends, together with their mean value close 
to zero, we can at least conclude that simulated trends in this 
region are largely influenced by internal variability. Different 
representations of internal variability processes in response 
to the assimilated observations might cause the differences 
across reanalyses. The trends in PRED are small and nega-
tive at the beginning of the forecast, similar to the ORAS4 
value, and exhibit an abrupt change to more negative values 
in the second year, presumably resulting from the initialisa-
tion shock. At subsequent forecast years the trends recover 
slowly towards the initial trend values but remain signifi-
cantly negative, like in ORAS5.

In the LS, GSE, and STNA regions (Fig.  7e–g), the 
reanalyses, PRED and HIST show consistently positive 
trend values for all their individual members, thus sup-
porting an important contribution of the external forcing 
to the trends, and through it, on the predictive skill for the 
OHC700 (Fig. 4). Yet, some differences among the regions 
can also be seen. The LS is the second region with the larg-
est discrepancies across the reanalyses (Fig. 2, but unlike for 
CSPNA, all reanalyses support a positive OHC700 trend. 
The PRED ensemble mean starts and ends very close to the 
multi-reanalysis mean, showing considerably lower trends 
from forecast years 2–6, the same years in which the initiali-
sation shock manifests locally (Bilbao et al. 2020). In the 
GSE, the trends in PRED also starts close to the reanalysis 
ones, overlapping with them up to FY6, but after that they 
decrease quickly and show no final sign of recovery. Another 
difference with respect to the LS is that in the GSE, PRED 
trends do not converge towards the HIST mean trend, as 
they reach considerably lower trends by FY10. This might 
be related to a longer-term effect of the initialisation shock, 
which have been shown in Bilbao et al. (2020) to bring the 
model to a different equilibrium state. Additionally, a large 
spread of the HIST can be seen in Fig. 7f, indicating that 
internal variability in the region also contributes substan-
tially to the multi-decadal trends. Finally, the STNA trends 
start slightly weaker than in the reanalyses and by FY2 they 
stabilize around the mean HIST value. Unlike in the two 
other regions, it shows no sign of initial shock effects.

4  Conclusions and final remarks

This study has explored the trends in upper 700 m ocean 
heat content (OHC700) for the period 1970–2014 in a set of 
decadal climate predictions and an ensemble of historical 
experiments performed with the EC-Earth3 model, using 

reanalyses as benchmarks to evaluate the skill of the model. 
The main findings of the paper are described as follows:

• A comparison of OHC700 variability and trends in differ-
ent reanalyses has revealed that the North Atlantic (NA) 
ocean, for its most part, has been progressively warm-
ing since the 1970s, albeit with regional differences. 
Changes in two major regions stand out: the Central 
Subpolar North Atlantic (CSPNA), where the multi-
reanalysis ensemble reveals a cooling trend, although its 
extent, location and intensity varies substantially across 
the reanalyses; and the Gulf Stream Extension (GSE), in 
which reanalyses exhibit the strongest warming, but with 
differences in terms of the magnitude.

• A skill assessment of OHC700 in the two EC-Earth3 
experiments has shown a high level of predictive skill at 
all forecast ranges in the North Atlantic, with higher val-
ues in the Eastern Subpolar North Atlantic (ESPNA) and 
the Subtropical North Atlantic (STNA). Other regions 
like the Labrador Sea (LS), the Irminger-Iceland Seas 
(IIS) and the GSE also show high initial levels of skill, 
which degrade after some forecast years due to an ini-
tialisation shock affecting the decadal predictions that 
were considered in this study.

• An important part of the skill comes from initialisation, 
specially in the ESPNA and in the IIS regions, in line 
with previous studies documenting a positive impact 
on skill of ocean initialisation (e.g. Doblas-Reyes et al. 
2013). By contrast, predictive skill in regions like the LS, 
GSE and the STNA are found to be dominated, although 
not explained exclusively, by the influence of the exter-
nal forcings, especially in both GSE and STNA regions, 
where all skill is lost when removing the linear trend.

• Very limited skill has been found to predict the CSPNA 
OHC700 variability, only skilful for the first forecast year 
when the multi-reanalysis mean is used as a reference. 
When evaluated against the individual reanalyses, very 
different skill levels are obtained for this region, which 
reflects that large uncertainties across reanalyses (and 
observations) prevent a proper skill assessment in the 
region, and are potentially hampering its correct initiali-
sation. Extra care should be taken when evaluating skill 
in this region with ORAS5 due to this reanalysis’ non-
stationary bias (Tietsche et al, 2020).

• Initialisation has been found to be key to represent 
the long-term trends in the right location, with pre-
dicted trends largely outperforming the realism of the 
historical ones, even after ten forecast years. The his-
torical simulations place the regions of the maximum 
warming and cooling trends in the wrong geographical 
location, which could be due to the effect of structural 
model biases. OHC700 trends, which depending on the 
region are mostly forced or arise from internal decadal 
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variability, have been found to contribute decisively to 
the final OHC700 prediction skill in the whole North 
Atlantic.

Despite the high levels of skill identified in EC-Earth3 
and other forecast systems to predict OHC700 changes in 
the North Atlantic a decade in advance, and the numer-
ous studies linking North Atlantic variability with numer-
ous climate signals over North America, Northern Africa 
and Europe (e.g. Hodson and Sutton 2005; Folland et al. 
1986; Zhang and Delworth 2006; Kushnir et al. 2010), 
there is very little evidence of multi-year predictive skill 
over these continents (Yeager and Robson 2017b). This 
might indicate that the key atmospheric teleconnection 
mechanisms enabling these impacts are not well repre-
sented in models. It could also be related to the fact that 
state-of-the-art models used for climate prediction tend to 
substantially underestimate the amplitude of the predict-
able signal, a problem that is particularly important in the 
North Atlantic sector (Scaife and Smith 2018). A recent 
study (Smith et al. 2020) has shown that this problem can 
be partly circumvented through the exploitation of large 
ensembles of decadal climate predictions, which led to 
skilful predictive capacity for the North Atlantic Oscil-
lation and its climate fingerprints over the continents on 
decadal timescales, and also enhanced predictive skill for 
the AMV. Such large ensembles of predictions can also 
be exploited to better disentangle the forced and inter-
nal sources of predictability for the North Atlantic OHC, 
and to ascertain to what extent the results illustrated in 
this study are model-dependent. This will be the task of 
a follow-up study, that will also investigate the regional 
skill differences across models, and if these can be traced 
back to specific mean state model properties like the 
strength of the meridional and barotropic circulations, the 
western boundary currents, or the Labrador Sea stratifica-
tion. These are critical aspects to consider in the tuning 
of the future model versions used for climate prediction 
purposes.
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