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Abstract Using GFDL's new coupled model SPEAR, we have developed a decadal coupled reanalysis/
initialization system (DCIS) that does not use subsurface ocean observations. In DCIS, the winds and
temperature in the atmosphere, along with sea surface temperature (SST), are restored to observations.
Under this approach the ocean component of the coupled model experiences a sequence of surface heat
and momentum fluxes that are similar to observations. DCIS offers two initialization approaches, called
A1l and A2, which differ only in the atmospheric forcing from observations. In A1, the atmospheric winds/
temperature are restored toward the JRA reanalysis; in A2, surface pressure observations are assimilated
in the model. Two sets of coupled reanalyses have been completed during 1961-2019 using Al and A2,
and they show very similar multi-decadal variations of the Atlantic Meridional Overturning Circulation
(AMOC). Two sets of retrospective decadal forecasts were then conducted using initial conditions from
the Al and A2 reanalyses. In comparison with previous prediction system CM2.1, SPEAR-A1/A2 shows
comparable skill of predicting the North Atlantic subpolar gyre SST, which is highly correlated with initial
values of AMOC at all lead years. SPEAR-A1 significantly outperforms CM2.1 in predicting multi-decadal
SST trends in the Southern Ocean (SO). Both Al and A2 have skillful prediction of Sahel precipitation and
the associated ITCZ shift. The prediction skill of SST is generally lower in A2 than Al especially over SO
presumably due to the sparse surface pressure observations.

Plain Language Summary In this paper we document the development and skill

assessment of a new coupled decadal prediction system. We have developed a decadal coupled reanalysis/
initialization system that does not use subsurface ocean observations. Under this approach the ocean
component of the coupled model experiences a sequence of surface heat and momentum fluxes that

are similar to observations. The new system offers two initialization approaches which differ only in the
atmospheric forcing from observations. One approach utilizes the three-dimensional reanalysis data,
while the another only uses the surface pressure observations. We document the process-based diagnosis
of the improved representation of multi-decadal variations of the Atlantic Meridional Overturning
Circulation associated with the observed North Atlantic Oscillation forcing. The skill assessment of the
new decadal retrospective forecasts versus observations supports that the proposed approach is feasible for
the decadal climate prediction, increasing diversity of modeling tools for the decadal climate initialization
and predictability research. The experimental decadal prediction using the new system will be used for the
real-time decadal climate outlooks.

1. Introduction

Multiyear to decadal climate prediction, characterized by combined signals from external radiative forcing
changes and internal climate variations, is an important topic in climate research (Smith et al., 2007). A
coordinated decadal prediction experiment was part of the fifth Coupled Model Intercomparison Project
(CMIP5) (Meehl et al., 2009; Taylor et al., 2012) and assessed in the Intergovernmental Panel on Climate
Change's Fifth Assessment Report (IPCC AR5) (Kirtman et al., 2013). With an increasing need for long-
lead climate outlooks, the first experimental climate prediction of the coming decade made with multiple
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Table 1
Survey of the Subsurface Ocean Data Used in Current Decadal Prediction Systems
Subsurface
Decadal forecast center Model ocean data Reference
Barcelona Supercomputing Center, Spain EC-Earth3 Yes Bilbao et al. (2021)
Bjerknes Center for Climate Research, Norway NorCPM1 Yes Wang et al. (2017)
Canadian Center for Climate Modeling and Analysis, Environment and Climate CanCM5 Yes Sospedra-Alfonso and Boer (2020)
Change Canada

CSIRO, Australia CAFE60v1 Yes O’Kane, Sandery, Kitsios, Sakov,

Chamberlain, Collier, et al. (2021)

O’Kane, Sandery, Kitsios, Sakov,

Chamberlain, Squire, et al. (2021)
Geophysical Fluid Dynamics Laboratory, USA CM2.1 Yes Delworth et al. (2006) Chang

et al. (2013)
Geophysical Fluid Dynamics Laboratory, USA SPEAR No Delworth et al. (2020) Yang
et al. (2021, this paper)

LASG/Institute of Atmospheric Physics, China FGOALS-s2 Yes Wu et al. (2015)
Met Office Hadley Center, UK HadGEM3 Yes Williams et al. (2017)
Max Planck Institute for Meteorology, Germany MPI-ESM1.2- HR Yes Pohlmann et al. (2019)
National Center for Atmospheric Research, USA CESM1.1 No S. G. Yeager et al. (2018)
University of Tokyo, National Institute for Environmental Studies, and Japan MIROC6 Yes Kataoka et al. (2020)

Agency for Marine-Earth Science and Technology, Japan

models, initialized with prior observations, was launched in 2013 (Smith, Scaife, et al., 2013). The mul-
ti-model decadal prediction with a large ensemble size exhibits robust skill for precipitation over land and
atmospheric circulation, in addition to surface temperature (Smith et al., 2019). These real-time experi-
mental multi-model decadal predictions have become operational and are currently being made availa-
ble through the WMO Lead Center for Annual-to-Decadal Climate Prediction (LC-ADCP) at the U.X. Met
Office (www.wmolc-adcp.org). Decadal climate prediction project is also an important component (Boer
et al., 2016) of CMIP6 (Eyring et al., 2016).

Although skillful decadal predictions have been achieved by multiple CMIP5 models, the optimal strate-
gy for model initialization, including the data assimilation method and the input data selection from the
time-varying climate observational network, is still an active research problem and a major challenge (Kar-
speck et al., 2017; Meehl et al., 2014). Pohlmann et al. (2013) reported that large disagreement exists among
ten oceanic syntheses on reconstructing the historical AMOC variability, although the AMOC signal at
45°N averaged over the ten syntheses shows an increase from 1960s to the mid-1990s and a decrease there-
after. Karspeck et al. (2017) showed that the multiple state-of-the-art ocean reanalysis products, which
assimilate the similar historical subsurface ocean observations, do not agree on the year-to-year variations
of AMOC during 1960-2014, especially on the decadal to multidecadal time scales, suggesting that the
historical reconstruction of AMOC is very sensitive to the assimilation procedure in the ocean reanalysis
(Balmaseda et al., 2013), and the AMOC in those reanalyses is not balanced with the corresponding ocean
heat content. In contrast, the large and diverse set of ocean-ice models in the Coordinated Ocean-ice Ref-
erence Experiments phase II (CORE-II), wherein a common interannually varying atmospheric forcing
data set was used to force ocean-ice models, agree very well on the multidecadal AMOC variations (Dana-
basoglu et al., 2016; Karspeck et al., 2017). Beyond the simulation for understanding climate variability in
the ocean-sea ice components in CORE, the forced ocean-sea ice (FOSI) simulation approach has been used
for initializing the ocean and ice components in the Community Earth System Model (CESM) for produc-
ing a suite of large-ensemble decadal predictions, called CESM-DPLE (Danabasoglu et al., 2016; Yeager &
Danabasoglu, 2014; S. G. Yeager et al., 2015, 2018). Among recent decadal prediction systems, mainly from
WMO LC-ADCP and CMIP6, CESM-DPLE is the only one which does not use subsurface ocean observa-
tions (Table 1). Despite the fact that there is no direct assimilation of either ocean or sea ice observations in
this decadal initialization of CESM, the CESM-DPLE exhibits very similar levels of skill for predicting the
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annual mean sea surface temperature (SST) over the global ocean as those obtained by CMIP5 decadal pre-
diction models, in which the subsurface ocean observations were directly assimilated (Meehl et al., 2014; S.
G. Yeager et al., 2018). Thus, the FOSI approach with using estimates of observed surface fluxes provides an
alternative strategy for initializing the coupled model for the decadal climate prediction.

GFDL's CMIP5 decadal prediction system has shown skillful predictions of the North Atlantic SST (Yang
et al., 2013), the decadal shift in North Atlantic (Msadek et al., 2014) and the Southern Ocean SST (L.
Zhang et al., 2017). It has provided routine decadal forecast to the real-time experimental multi-model
decadal predictions since 2011 (Smith, Scaife, et al., 2013). This prediction system was based on GFDL's
CM2.1 model (Delworth et al., 2006), and GFDL's ensemble coupled data assimilation (ECDA) with di-
rect assimilation of subsurface ocean observations and atmospheric reanalysis data (Chang et al., 2013; S.
Zhang et al., 2007). Recently, a new seasonal-to-centennial modeling and prediction system, called SPEAR
(Seamless System for Prediction and EArth System Research), has been developed at GFDL for real-time ex-
perimental seasonal-to-decadal climate prediction and future climate projection, with various atmospheric
resolutions and the ability to run large ensembles of simulations with available computational resources
(Delworth et al., 2020). To leverage the SPEAR model for the seasonal to decadal prediction, the develop-
ment of the new initialization system for the seasonal climate prediction using SPEAR was documented in
Lu et al. (2020). In this manuscript, we document the development of the new coupled initialization system
for the decadal climate prediction using SPEAR.

One aspect of the new decadal initialization development is on the historical reconstruction of the multidec-
adal AMOC variability associated with the observed low-frequency North Atlantic Oscillation (NAO) forc-
ing in the coupled reanalysis, since such multidecadal AMOC variability is not well reconstructed in the
GFDL's previous generation decadal prediction system (Karspeck et al., 2017). There exists strong obser-
vational and modeling evidence that multidecadal AMOC variability is a crucial driver of the observed
Atlantic multidecadal variability (AMV) and associated climate impacts and an important potential source
of enhanced decadal predictability and prediction skill (Yeager & Robson, 2017). Since the FOSI approach
reconstructed multidecadal variations of AMOC and ocean heat content in the North Atlantic associated
with the observed NAO forcing (Danabasoglu et al., 2016), we choose to develop the decadal initialization
without direct assimilation of ocean subsurface observations. Specifically, we constrain the atmospheric
component by either restoring to reanalysis data or through assimilation of surface pressure observations
and constrain the ocean by restoring to observed SST. Physically, by constraining the air-sea interface of the
coupled model using observed SST, air temperature and winds, its ocean component of the coupled model
is forced by a very similar sequence of surface heat fluxes and wind stresses as observations, thus hopefully
reproducing oceanic decadal variations similar to those observed. This approach in the coupled framework
was also motivated by the NAO-forced coupled experiments using GFDL's models, in which the surface
heat flux anomalies associated with observed NAO index can induce multidecadal variations in AMOC and
poleward ocean heat transport in the Atlantic (Delworth et al., 2016).

In this context, the success of twentieth century reanalysis (20CR) project suggests a potential opportuni-
ty for a new decadal initialization methodology for coupled model prediction. 20CR fields reconstructing
historical weather to climate variations in the troposphere agree very highly with full-input reanalysis data
(Compo et al., 2011; Slivinski et al., 2019). 20CR fields of latent heat fluxes and wind speeds over the ocean
also agree well with reanalysis and satellite-based estimates (Robertson et al., 2020). We therefore hypoth-
esize that assimilating surface pressure observations in a coupled model will provide adequate information
for reconstructing the observed air-sea heat and momentum fluxes, and when combined with SST restoring,
may generate suitable initial conditions for coupled decadal predictions. Here we adapt the 20CR surface
pressure data assimilation strategy to the coupled model initialization and test this hypothesis.

In Section 2 we describe the SPEAR model, the initialization approaches and the observational datasets.
The coupled reanalyses, retrospective forecasts, uninitialized simulations and verification methods are de-
scribed in Section 3. We present in Section 4 a suite of diagnostics to illustrate the multidecadal variability of
AMOC and the subsurface ocean heat content in the coupled reanalysis. In Section 5, the skill assessment of
the retrospective forecasts is presented. Conclusions and discussions are presented in Section 6.
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2. Prediction Model, Initialization Approaches and Observational Datasets

2.1. SPEAR Model

SPEAR is GFDL's newly developed coupled modeling system for seasonal to multidecadal predictions and
projections (Delworth et al., 2020). The SPEAR models incorporated many newly developed components
used in the GFDL CM4 model (Held et al., 2019), e.g., the atmosphere and land components from AM4-
LM4 (Zhao et al., 2018a, 2018b); and ocean and ice components from the ocean component of CM4 (OM4)
(Adcroft et al., 2019). The details of the model configuration, physical parameterization choices and simu-
lation characteristics can be found in Delworth et al. (2020).

SPEAR offers various atmospheric resolutions for users to optimize the model configuration, based on
the major research interest and/or prediction focus with the given computational resources (Delworth
et al., 2020). For the specific application in the decadal climate prediction, we use the low resolution of
SPEAR model (SPEAR_LO) considering the computational efficiency to facilitate large ensembles needed
for the ensemble data assimilation and the retrospective forecasts covering about 60 years (1961-2019).

In SPEAR_LO, the horizontal resolution in the ocean and sea ice components is about 1° with meridional
refinements to 1/3° in the Tropics. The hybrid vertical coordinate in the ocean model has 75 layers with lay-
er thickness as fine as 2 m near the surface, including 30 layers in the top 100 m. Overall, the physics used in
the ocean and sea ice components is similar to OM4 (Adcroft et al., 2019). Since SPEAR uses a 1° horizontal
grid spacing, versus the 0.25° grid spacing used in OM4, several related physical schemes including horizon-
tal viscosity, meso-scale eddy and sub-meso-scale eddy parameterizations, are modified for reflecting the
horizontal resolution difference (Delworth et al., 2020).

SPEAR_LO uses an atmosphere/land resolution of ~100 km, and it has 33 vertical levels with model top at
1 hPa. The physical configurations in the atmospheric and land components are identical to those of recent-
ly developed GFDL AM4-LM4 model (Zhao et al., 2018a, 2018b), with one exception of using the retuned
near-infrared isotropic reflectance parameter for cold snow over glacial surfaces (Delworth et al., 2020).

2.2. Initialization Approaches

We developed two approaches for initializing GFDL's SPEAR decadal prediction system. In the first ini-
tialization approach (called Al), the 6-hourly atmospheric winds and temperature were restored toward
atmospheric data from the 55-year Japanese Reanalysis (JRA-55, Kobayashi et al., 2015). In addition, sea
surface temperature (SST) was restored toward the time-varying observations from NOAA Extended Recon-
structed Sea Surface Temperature version 5 (ERSSTv5) data (Huang et al., 2017). The atmospheric restoring
is performed for the three-dimensional temperature and winds on a 6-hourly time scale. The SST restoring
is confined within 60°S to 60°N. The strength of the restoring is tapered linearly from 1.0 at 55°N(S) to 0.0
at 60°N(S) and is equivalent to a 10-day restoring time scale for a 50-m mixed layer depth, corresponding
to an effective restoring rate of about 240 W/(m? K). The A1 technique utilizes atmospheric temperature/
winds and SST in the restoring process, and can be classified as a so-called “full-field initialization” method
(Meehl et al., 2014).

In the second approach (called A2), observations of surface pressure are assimilated in the atmospheric
component of the coupled SPEAR model using an ensemble data assimilation (DA) algorithm. The SST
restoring in A2 is the same as that in Al, except that the target SST values are the ERSST anomalies plus
the SPEAR model climatology. The different choice of SST climatology used in A1 and A2 will be discussed
below. In contrast to the 3-dimensional atmospheric observations used in A1, A2 only uses the atmosphere
surface pressure observations. The primary goal of A2 here is for the decadal predictability study, and specif-
ically for testing the hypothesis that the surface pressure data assimilation along with SST restoring would
provide adequate information for reconstructing the observed air-sea heat and momentum fluxes in the
coupled model.

In A2, the ensemble DA solver used for the surface pressure assimilation is the same two-step Ensemble
Adjustment Kalman Filter (EAKF) as used in GFDL's CM2.1 ECDA (Anderson, 2003; S. Zhang et al., 2007)
and SPEAR-ODA (Lu et al., 2020). The model surface pressure, 3-dimensional winds, temperature and
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moisture increments are solved via the ensemble covariance with surface pressure observation and added
to the model tendency at each assimilation step. Following the surface pressure assimilation prototype in
20CRv2c and 20CRv3, we apply the covariance inflation and localization in the EAKF. The covariance in-
flation is the relaxation-to-prior-spread method (Whitaker & Hamill, 2012), which adaptively considers the
observation network density in the inflation. We used the same value of covariance inflation parameter as in
20CRv3 (Slivinski et al., 2019). For covariance localization, we apply the same algorithm in both horizontal
and vertical directions using the weighting function Equation 4.10 in Gaspari and Cohn (1999).

A paramount step when assimilating surface pressure observations over land is to make appropriate adjust-
ments to these observations to account for the difference between the station elevation and the model orog-
raphy at the observation location (Compo et al., 2011; Ingleby, 1995). Following the same procedure as in
20CRv2, the adjustment converting the observed values from the station elevation to the model orography
was done using the pressure reduction algorithm of Benjamin and Miller (1990). After the surface pressure
adjustment step, we also apply similar quality control steps as in 20CRv3 considering the plausible range of
observations and the distance between first guess and observations. We use the latest version of the surface
pressure observational data set, the International Surface Pressure Databank (ISPD) version 4.7 (Compo
et al., 2019; Cram et al., 2015). The surface pressure data from MERRA2 (Gelaro et al., 2017) is used during
2017-2019, since the ISPD version 4.7 data is available up to 2016.

Considering the development feasibility and efficiency with finite computational resource, we use 24 en-
semble members for the surface pressure data assimilation in SPEAR, instead of the very large ensemble
size used in 20CR, e.g., 56 members in 20CRv2c (Compo et al., 2011) and 80 members in 20CRv3 (Slivinski
et al., 2019). To compensate for the medium ensemble size used here, we use a relatively short horizonal
localization length, specifically 1,500 km for surface pressure, winds and temperature, and 1,000 km for
moisture. As a reference, the horizontal localization length varies with every observation and has 4,000 km
maximum in 20CRv3 with 80 members (Slivinski et al., 2019). In the vertical, localization is set to 3.5 scale
heights (units of — log(ij).
ps
The atmospheric temperature increments in the surface pressure assimilation step are produced by the
model, so the atmospheric temperature field is radiatively balanced with the model ocean state. Therefore,
to maintain the radiative balance between atmosphere and ocean, we use in A2 ERSSTv5 anomalies plus
the model climatology as the SST field for restoring. Note that the full-field surface pressure is assimilated
in A2, thus A2 can be classified as a mixed full-anomaly field initialization.

2.3. Observational Datasets

For the atmospheric restoring in A1, the 6-hourly 3-dimensional instantaneous temperature and horizon-
tal winds from the JRA-55 reanalysis covering 1958 to 2019 were retrieved from the Research Data Ar-
chive at the National Center for Atmospheric Research (Japanese Meteorological Agency, 2013; Kobayashi
et al., 2015). For assessment of coupled reanalyses and decadal predictions, monthly NOAA ERSSTv5 SST
data (Huang et al., 2017), monthly surface winds, 2-meter air temperature (T2m) and sea level pressure
(SLP) from the NCEP/NCAR Reanalysis 1 (NNR) data (Kalnay et al., 1996), and the monthly precipita-
tion data from the Global Precipitation Climatology Project (GPCP) Monthly Analysis Version 2.3 (Adler
et al., 2018), were provided by the NOAA/OAR/ESRL PSL, Boulder, Colorado, USA (from their Web site
at https://psl.noaa.gov/). Monthly land surface air temperature and precipitation from CRU TSv4 (current
version 4.03, Harris et al., 2020) were provided via the Center for Environmental Data Analysis (CEDA), and
also at the Climatic Research Unit (CRU) website.

Monthly subsurface ocean temperature and salinity data from the EN4 objective analysis (Good et al., 2013)
were downloaded from the Met Office EN4 Web site (https://www.metoffice.gov.uk/hadobs/en4/).
The version v2018.2 of RAPID AMOC data (Moat et al., 2020) from 2004 to 2018 was downloaded from
http://www.rapid.ac.uk/rapidmoc/.
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Table 2
Description of the Experiments of the Uninitialized Large Ensemble Forced Simulations, Decadal Coupled Reanalyses and Initialized Decadal Retrospective
Forecasts
Name Method Ensembles Simulation length
Uninitialized large ensemble forced simulation
SPEAR-LES SPEAR coupled simulations with CMIP6 historical (1851-2014) and future 30 members starting from 1 January 1851 1851-2100
projected radiative forcing SSP5-8.5 (2015-2100) (Delworth et al., 2020) of the 1850 control simulations
Decadal coupled initialization/reanalysis system (DCIS)
DCIS-A1 3-d atmospheric restoring toward JRA reanalysis data; SST restoring toward 10 members starting from 1 January 1958 1958-2019
ERSSTv4 data; the same radiative forcing as SPEAR-LES of SPEAR-LES
DCIS-A2 Surface pressure data assimilation; SST restoring toward ESSRTv4 24 members starting from 1 January 1940 1940-2019
anomalies plus SPEAR model climatology; the same radiative forcing as of SPEAR-LES
SPEAR-LES

Decadal retrospective forecasts (DRF)

DRF-A1l

DRF-A2

Coupled integration with the same radiative forcing as SPEAR-LES 10 members from every 1 January 1960- 10 years for each
2019 of DCIS-A1 forecast

Coupled integration with the same radiative forcing as SPEAR-LES 10 members from every 1 January 10 years for each
1960-2019 of DCIS-A2 forecast

3. Coupled Initialization, Retrospective Forecasts and Verification Methods

3.1. Coupled Decadal Initialization System

With the approach A1, we conducted a 10-member coupled reanalysis from 1958 to 2019 (note that JRA-55
data started from 1958). The decadal coupled initialization system using A1 is called DCIS-A1 hereafter. The
10-member initial conditions of DCIS-A1 on 1 January 1958 were taken from the historical large-ensemble
simulations using SPEAR (Delworth et al., 2020, called SPEAR-LES hereafter). Beyond the restoring con-
straint in the atmospheric component and the SST in the ocean component, the ensemble coupled reanaly-
sis includes the time-varying natural and anthropogenic radiative forcings developed in support of CMIP6
(Eyring et al., 2016). Historical forcing is applied for the time period 1958 to 2014, while projection forcing
with the Shared Socioeconomic Pathway 5-8.5 (SSP5-8.5) scenario (Kriegler et al., 2017; Riahi et al., 2017)
is applied after 2014. Note that the radiative forcing in the coupled initialization is identical to those in the
SPEAR large ensemble. Volcanic aerosol forcing is included in both the reanalysis and the predictions. This
volcanic forcing would not have been known at the start of each reforecast, so including future volcanic
forcing likely overestimates the prediction skill as shown by Timmreck et al. (2016). However, since the
volcanic forcing is also included in the historical simulations without initialization, we can still estimate the
impact of initialization by comparing the initialized and uninitialized simulations, both of which contain
the same volcanic forcing.

For DCIS-A2 we have the flexibility of choosing the initialization period given the very long observational
record of measuring the surface pressure since the nineteenth century. The main focus of this study is
to produce the initial conditions spanning 1960-present for the decadal prediction, so we generated the
DCIS-A2 from 1940. The 24-member initial conditions of DCIS-A2 on 1 January 1940 were taken from the
SPEAR-LES. The same historical and projection forcing is applied to DCIS-A2 as those in DCIS-A1. A sum-
mary of the two decadal coupled reanalyses is provided in Table 2.

3.2. Retrospective Forecasts

We conducted two sets of decadal retrospective forecasts using the SPEAR_LO model initialized from
DCIS-A1 and DCIS-A2, called DRF-A1 and DRF-A2 respectively. For each set of DRF-A1 and DRF-A2, a
10-member ensemble of retrospective forecasts was initialized on 1 January every year from 1961 to 2019
and integrated for 10 years with the temporally varying anthropogenic and natural forcing as in the SPEAR-
LES. Note that the 10-member ensemble initial conditions in DRF-A2 are a subset of the 24 ensemble mem-
bers in the DCIS-A2 ensemble data assimilation. The optimal choice of the ensemble size for the prediction

YANG ET AL.

6 of 30



A7t |

ADVANCING EARTH
AND SPACE SCIENCE

Journal of Advances in Modeling Earth Systems 10.1029/2021MS002529

would be the full ensemble used in the ensemble data assimilation, so this subset ensemble size of 10 is the
compromise between the computational cost and development efficiency. A summary of the two sets of
decadal retrospective forecasts is provided in Table 2.

A widely studied set of 10-member decadal retrospective forecasts using GFDL CM2.1 (DRF-CM2.1) initial-
ized from GFDL's ECDA (Chang et al., 2013; S. Zhang et al., 2007) were used for comparison with the new
decadal prediction system.

3.3. Verification Methods

One important procedure in the forecast skill assessment is a forecast bias adjustment obtained by convert-
ing the raw DREF fields into anomaly fields relative to the forecast climatology at each lead time. Specifically,
the forecast anomalies for each variable were obtained by subtracting out the lead-time-dependent climatol-
ogy from forecasts, which effectively removes the climate drift assuming that the climate drift is systematic
as a function of forecast lead time. This is a widely used approach in the decadal skill verification (e.g., Boer
et al., 2016; Kim et al., 2012; Meehl et al., 2014; Smith, Eade, & Pohlmann, 2013; S. G. Yeager et al., 2018).
The same procedure is applied to the observations that exactly match forecasts at each lead time, and the
resulting anomalies are compared for verification. Due to the availability of observations up to 2019, only
the 50 DRFs initialized during 1961-2010 are used for the skill verification.

The retrospective forecast skill verification in this study follows the metrics outlined in Goddard et al. (2013).
The skill metrics include the anomaly correlation coefficient (ACC) and the mean square error (MSE). For
a given ensemble mean forecast variable f, the ACC is defined as:

\/Zfin (i = 7)(0: ~2)

ACC, = €]
N A —\2
\/zizl (fzr - f‘r) \/Zi:l (Oi - 0)
where 7 is theforecast lead time, N is the total number of executed DRFs, f; _ represents the ensemble-mean
forecast from start year i at lead time 7, and f, represents the average over N cases at lead time 1. Our main
focus here is on predicting the decadal-time-scale low-frequency variability, thus we consider the 5-year or

8-year averaged predictions for isolating the decadal climate signal following S. G. Yeager et al. (2018) and
Smith et al. (2019).

The nonparametric block bootstrap approach (Goddard et al., 2013; S. G. Yeager et al., 2018) was used for
the significance testing of both ACC and the difference of ACC between DRF and uninitialized SPEAR-LES.
For the bootstrap, an additional 2000 resampled hindcasts (or pairs of hindcasts for assessing skill differ-
ence) were created with replacement over the time and ensemble dimensions in blocks of five consecutive
years for taking autocorrelation into account. The probability distribution from the 2000 times of resam-
pling was used to provide the significance level of the hypothesis that skill (or skill difference) is zero. The
block bootstrap is applied at each grid point for the statistical significance test of a given gridded variable.

For a large-scale spatially averaged climate index (e.g., the North Atlantic Subpolar SST and the Southern
Ocean SST) with autocorrelation time scales longer than 5 years, we use a t-test with an adjusted degree of
freedom for computing the significance testing of ACC. This adjusted degree of freedom for taking autocor-
relation into account was widely used for the decadal skill assessment of large-scale climate indices (Chang
& Wang, 2020; Msadek et al., 2014; Yang et al., 2013). The effective degree of freedom N* is estimated fol-
lowing Bretherton et al. (1999):

N

where N is the number of sample pairs, and p, (j) and p,,(j) are the sample autocorrelation of x and y at
lagj.

N* =
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Figure 1. The correlation coefficients at each grid point between the coupled reanalysis and NNR in the December-March season during 1960-2019 for the sea
level pressure from (a) DCIS-A1 and (b) DCIS-A2; for the 10-m zonal wind from (c) DCIS-A1 and (d) DCIS-A2; for the 2-m air temperature from (e) DCIS-A1
and (f) DCIS-A2. The correlation coefficients with the statistical p-value larger than 0.05 are not shown.

4. Decadal Variability in the Coupled Reanalysis
4.1. Air-Sea Interface Variability Constrained by Observations

First, we examine major climate indices representing dominant atmospheric surface circulation variability
in the coupled initialization in the North Atlantic, North Pacific and Southern Ocean (SO) respectively since
there exists substantial decadal to multidecadal climate variability and predictability in the three ocean
basins in GFDL's models (Delworth et al., 2020; Yang et al., 2013; L. Zhang et al., 2017; Zhang, Delworth,
et al., 2019) and in observations (Newman, 2013). The three climate indices are the NAO (Hurrell & De-
ser, 2009), the North Pacific Index (NPI) (Trenberth & Hurrell, 1994), and the Southern Annular Mode
(SAM) (Marshall, 2003). Both DCIS-A1 and DCIS-A2 can accurately reproduce the observed NAO and NPI
in the NNR data with correlation coefficients larger than 0.99 (Figure S1 in Supporting Information S1).
The SAM indices estimated from the DCIS-A1 and DCIS-A2 agree very well with that from the NNR ob-
servational data with correlation coefficient 0.94 and 0.97 respectively. The ensemble spreads of SAM from
DCIS-A2 are relatively large during 1960-1975, indicating that the available surface pressure data are sparse
in the Southern Hemisphere during that period (Compo et al., 2011). The very high agreement (r > 0.95) of
estimating the major climate indices in the three ocean basins among the DCIS-A1, DCIS-A2 and NNR sug-
gests that the surface-pressure-based assimilation is accurate enough for representing the observed domi-
nant surface climate variability in the coupled model.

To further illustrate the climate variability at the air-sea interface when SPEAR is constrained by observa-
tions, we show in Figure 1 the correlation coefficients at each grid point between the coupled reanalyses
and NNR during 1960-2019 for the December-March SLP, 10-m zonal wind (U10) and 2-m air temperature
(T2m) respectively. The interannual variability of SLP estimated from DCIS-A1 and DCIS-A2 agrees very

YANG ET AL.

8 of 30



ADVANCING EARTH
AND SPACE SCIENCE

Journal of Advances in Modeling Earth Systems 10.1029/2021MS002529

60°N 1

30°N
OO
30°S

60°S |

120°W 60°W  0° 60°E 120°E 180° 120°W 60°W 0°  60°E 120°E 180°
T T T
02 03 04 05 06 07

120°W 60°W _ 0° _ 60°E 120°E 180° 120°W 60°W __0° __60°E 120°E 180°
© 25 2 45 1 05 0 05 1 15 2 25 (d)

Figure 2. The correlation coefficients of the annual mean sea surface temperature (SST) at each grid point between the analysis and ERSSTv5 data for (a)
DCIS-Al and (b) DCIS-A2 during 1960-2019. The mean bias of SST between the model and ERSSTv5 during 1960-2019 for (c) DCIS-A1 and (d) DCIS-A2. Units

are in °C for (c-d).

well with that from NNR over the majority of global land and ocean with correlation coefficients exceeding
0.9, except in the regions with high terrain and part of the SO. Consistent with the relatively lower agree-
ment of the SAM than the NAO and NPI between DCIS-A1/A2 and NNR, the correlation coefficients of SLP
in the SO is about 0.1 lower than that in the North Pacific and North Atlantic. Consequently, the surface
zonal winds in DCIS-A1/A2 are in very high agreement with those in NNR with correlation coefficients ex-
ceeding 0.9 in the North Pacific and North Atlantic, and in high agreement with correlation coefficients ex-
ceeding 0.8 over most of the SO. For the surface air temperature, DCIS-A1 is generally in higher agreement
with NNR than DCIS-A2, presumably because the 3-dimensional air temperature data from JRA-55 were
directly nudged in DCIS-A1. In summary, this global point-to-point correlation analysis provides additional
evidence that the surface-pressure-based assimilation in DCIS-A2 is accurate enough for representing the
observed climate variability at the air-sea interface in the North Pacific and North Atlantic, and with a com-
parable performance level as in DCIS-A1, which incorporates the 3-dimensional JRA-55 fields. However,
DCIS-A2 has low agreement with NNR in representing the observed T2m variability in the SO. Here we
focus on the December-March season, which is the period of maximum deep-water formation in the North
Atlantic. Note that the same comparisons have been made for other seasons, and they show similar global
patterns of agreement as the boreal winter season (Figures not shown).

The turbulent air-sea heat flux is determined by the surface winds and the temperature difference between
SST and surface air temperature through a bulk parameterization in the coupled model, thus we also ap-
plied the SST restoring in both DCIS-A1 and DCIS-A2 for representing the SST variability. The correla-
tion coefficients of the annual mean SST between DCIS-A1/A2 and ERSSTV5 data are shown in Figure 2.
The SST variability in both DCIS-A1 and DCIS-A2 agrees very well with that in ERSSTv5 data within the
region 60°S-60°N, where the SST restoring was applied. Interestingly, both DCIS-A1 and DCIS-A2 show
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Figure 3. The regression pattern onto the normalized NAO index for the surface winds (vectors) and 2-m air temperature (shading, units in °C) during
1960-2019 from (a) DCIS-A1 and (b) DCIS-A2, for the surface heat flux (shading, units in W/m?) from (c) DCIS-A1 and (d) DCIS-A2, for the mixed layer depth
(shading, units in m) from (e) DCIS-A1 and (f) DCIS-A2.

significant correlation with ERSSTVS in the polar flank of 60°N solely due to the atmospheric forcing. How-
ever, in the polar flank of 60°S, the performance of reproducing observed SST variability in DCIS-A2 is
noticeably worse than that in DCIS-A1. This degradation in the far polar flank of the SO in DCIS-A2 is
mainly due to the lack of surface pressure observations in the open ocean. This low correlation of SST with
ERSSTV5 in DCIS-A2 is also consistent with the low correlation of T2m with NNR (Figure 1f). In contrast,
the observed air temperature data used in DCIS-A1 can directly drive the observed SST variability through
the air-sea interaction process in the SO (Figures le and 2a). Since DCIS-A2 uses anomaly initialization,
the global pattern and amplitudes of SST bias in DCIS-A2 are very similar to that in SPEAR's control simu-
lation (Figure 2, Delworth et al., 2020). In contrast, the SST bias is almost absent in DCIS-A1 due to the full
initialization (Figures 2c and 2d).

4.2. AMOC Variability

The observed multi-decadal NAO variability can induce the multi-decadal AMOC variations through the
NAO-related surface fluxes in the coupled model (Delworth & Zeng, 2016; Delworth et al., 2016, 2017). Here
we examine the physical processes connecting NAO forcing and AMOC in the two reanalyses. Figure 3
shows the regression patterns onto the normalized NAO index for the surface winds, T2m, the surface heat
flux and the mixed layer depth (MLD) during the winter (December-March) season (the period of maxi-
mum deep-water formation in the North Atlantic). The DCIS-A2 with surface pressure assimilation can
reproduce the very similar NAO-related surface wind and air temperature patterns as DCIS-A1 (Figures 3a
and 3b). Consequently, the NAO-related surface heat flux patterns estimated from DCIS-A1 and DCIS-A2
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Figure 4. Time series of the ensemble estimates of the surface heat flux and mixed layer depth averaged over the North Atlantic Subpolar Gyre convection
region (within 50°N-65°N/60°W-20°W marked with a green box in Figure 3) during the December-March season. The ensemble mean (blue line) and range
(blue shading) of surface heat flux calculated from (a) 10 members in DCIS-A1, and (b) 24 members in DCIS-A2. The ensemble mean (blue line) and range
(blue shading) of mixed layer depth calculated from (c) 10 members in DCIS-A1, and (d) 24 members in DCIS-A2. The North Atlantic Oscillation index from
DCIS-Al is plotted in (a and b), and from DCIS-A2 is plotted in (c and d).

agree remarkably well with the negative anomalies extending from the Labrador Sea through the central
Subpolar Gyre to the Greenland Sea and the positive anomalies extending from the subtropical North Atlan-
tic to the Norwegian Sea (Figures 3c and 3d). Note that the estimated NAO-related surface heat flux patterns
are very similar to those from the ECMWF Interim Reanalysis data in terms of the amplitudes and spatial
structure (e.g., Figure 1 in Delworth & Zeng, 2016), indicating that the observed dominant variability of the
surface heat fluxes is very well reproduced in the two coupled initializations. As a result of the NAO-related
flux forcing, the near surface cooling extracting heat from the ocean leads to increased MLDs over the Lab-
rador Sea and the central Subpolar Gyre in both DCIS-A1 and DCIS-A2 (Figures 3e and 3f).

To further illustrate the relationship between the surface heat fluxes and the deep ocean convection over the
North Atlantic Subpolar Gyre (NASPG), the time series of the anomalous surface heat flux and MLD esti-
mated from DCIS-A1 and DCIS-A2 are shown in Figure 4. With apparent interannual variations, DCIS-A1
and DCIS-A2 agree well on the estimated surface heat flux with the multi-decadal variations (Figures 4a
and 4c). As response to the surface heat flux forcing, the similar multi-decadal variations of the MLD are
well reproduced in DCIS-A1 and DCIS-A2 (Figures 4b and 4d). Consistent with the NAO-related regression
patterns shown in Figure 3, the NAO index is highly anti-correlated with the surface heat flux over the
NASPG with correlation coefficient —0.64 (—0.71) from DCIS-Al (DCIS-A2), and highly correlated with
the NASPG MLD with correlation coefficient 0.60 (0.69) from DCIS-A1 (DCIS-A2). The diagnosed physical
processes connecting the surface heat fluxes to the deep ocean convection associated with the NAO are con-
sistent with previous studies (Danabasoglu et al., 2016; Delworth & Zeng, 2016; Delworth et al., 2017), and
these processes are the key drivers of the decadal variability of AMOC from the surface flux forcing (Del-
worth et al., 2016). Note that the surface heat flux and MLD from DCIS-A1 show different behavior from
DCIS-A2 during 2015-2019. In particular, during the 2015-2016 winters with strong NAO, the NAO-in-
duced heat flux and MLD anomalies from DCIS-A1 are substantially smaller than those strong NAO winters
during late 1980s and early 1990s. The weaker response to the NAO forcing during 2015-16 is related to the
stronger mean ocean stratification relative to the earlier period in DCIS-A1 (Figure not shown). In contrast,
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Figure 5. Time series of the ensemble estimates of annual mean Atlantic Meridional Overturning Circulation (AMOC) index during 1960-2019. The index is
computed each year as the maximum value of the overturning stream function at a given latitude in the North Atlantic. The AMOC index at 26.5°N estimated
from (a) Seamless System for Prediction and EArth System Research (SPEAR) large ensemble simulations, (b) DCIS-A1 and (c) DCIS-A2. The AMOC index at
45°N estimated from (d) SPEAR large ensemble simulations, (e) DCIS-A1 and (f) DCIS-A2. The thick blue lines are the ensemble mean values, and the light
blue shading shows the range of values each year across the ensemble members. The red line in (a—c) shows the annual mean values from observations using
the RAPID array at 26.5°N in the North Atlantic for 2005-2017. Units are in Sverdrups (Sv), where 1 Sv = 10® m?® s~

DCIS-A2 shows similar response of surface flux and MLD to the NAO forcing during the 2015-2016 winters
as other historical strong NAO winters.

We show in Figure 5 the time series of the ensemble estimates of annual mean AMOC index at 26.5°N
and 45°N during 1960-2019 from the SPEAR-LES, DCIS-A1 and DCIS-A2 respectively. The AMOC index
is computed each year as the maximum value of the overturning stream function at a given latitude in the
North Atlantic. In contrast to the general weak decline trend after about 1980 in SPEAR-LES, both DCIS-A1
and DCIS-A2 show a remarkable multi-decadal variation of AMOC at both 26.5°N and 45°N, e.g., a weak-
ened state during the 1960s and 1970s, a strengthened state in the late 1980s and 1990s, and a weakened
state after 2004. These multi-decadal variations are highly consistent with the multi-decadal variations of
the surface heat flux and MLD, indicating that the physical balance between surface forcing and AMOC on
decadal time scales is well maintained in the coupled reanalysis for decadal prediction. Both DCIS-A1 and
DCIS-A1 show the spatially coherent basin-scale structure of the AMOC difference between the weakened
and strengthened states, with the strong signal over the North Atlantic SPG (Figure S2 in Supporting In-
formation S1). This multi-decadal AMOC variability estimated from DCIS-A1 and DCIS-A2 is consistent
with that from CORE-II experiments (Danabasoglu et al., 2016) and the coupled model simulation with
the imposed observed NAO-forcing (Delworth et al., 2016). Similar AMOC variations are also simulated
in a different coupled model in which the 3-dimensional atmosphere and SST are constrained similarly to
DCIS-A1 (see Figure 27 in Merryfield et al., 2013)

The RAPID array at 26.5°N since 2004 (Moat et al., 2020) provides in situ observations to assess the real-
ism of the simulated AMOC. As shown in Delworth et al. (2020), the observed AMOC values are within
the range of the simulated values from SPEAR-LES. However, the observed inter-annual variability during
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Figure 6. Time series of the ensemble estimates of annual mean

barotropic stream function (BSF) index over the North Atlantic Subpolar

Gyre (NASPG) during 1960-2019. The index is computed each year as the
absolute value of the area mean BSF for the NASPG region defined by

15°-60°W and 48°-60°N. The BSF index estimated from (a) SPEAR LES,

(b) DCIS-A1 and (c) DCIS-A2. The thick blue lines are the ensemble mean
values, and the light blue shading shows the range of values each year
across the ensemble members. The red lines are the ensemble mean values

of Atlantic Meridional Overturning Circulation at 45°N.

4.3. Circulation Variability in the North Atlantic Subpolar Gyre

The SPG circulation is another key aspect of the decadal variability in
the North Atlantic (Danabasoglu et al., 2016; Eden & Willebrand, 2001),
and covaries with AMOC on decadal time scales (Yeager, 2015), thus it
is crucial to assess the variability of the gyre circulation in the decadal
initialization system. Here we use the barotropic stream function (BSF)
as a metric of representing the gyre circulation. The BSF is defined as the
depth-integrated volume transport. We performed the regression analysis
of the wind stress/wind curl and BSF with the normalized NAO index

from DCIS-A1 and DCIS-A2 respectively (Figure S4 in Supporting Information S1). The simultaneous and
delayed response of circulation to the NAO wind forcing from DCIS-A1 and A2 is consistent with previous
study based on the objective data analysis (Eden & Willebrand, 2001).

Figure 6 shows the time series of the ensemble estimates of annual mean BSF index over the NASPG
during 1960-2019 for the SPEAR-LES, DCIS-A1 and DCIS-A2 respectively. Note that the BSF index is de-
fined as the absolute values of BSF. In contrast to a relatively flat response curve to the radiative forcing in
SPEAR-LES (Figure 6a), both DCIS-A1 and DCIS-A2 have very similar distinct multi-decadal variations
(Figures 6b and 6c). The high correlation coefficients between the BSF index and AMOC with r = 0.77 (0.72)
from DCIS-A1 (DCIS-A2) indicate the largely in-phase strengthening and weakening of AMOC and SPG
circulation. We note that the BSF index leads the AMOC index by 2-3 years with a maximum correlation
coefficient of about 0.80 and 0.73 from DCIS-A1 and DCIS-A2 respectively. The multidecadal covariations
of AMOC and BSF anomalies from DCIS-A1 and A2 are consistent with those from CORE FOSI simulations
(Danabasoglu et al., 2016; Yeager, 2015).

4.4. Subsurface Ocean Heat Content Variability

The accurate initialization of the upper ocean heat content (UOHC) is crucial for the decadal climate pre-
diction, so we examine the decadal variability of the UOHC in this subsection. The top 300-m depth-aver-
aged ocean temperature (T300) is used to represent the UOHC variability. We show in Figure 7 the correla-
tion coefficients of T300 at each grid point between DCIS and EN4 data during 1960-2019. Despite the fact
there is no data assimilation of the subsurface ocean observations, the UOTC in the DCIS-A1 and DCIS-A2
shows similar variability as in the EN4 data over the equatorial tropical Pacific, the North Pacific and the
North Atlantic with correlation coefficients largely exceeding 0.6. In the southern hemisphere, the spatially
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Figure 7. The correlation coefficients of the top 300m depth-averaged ocean temperature at each grid point between
the coupled initialization system and EN4 data during 1960-2019 for (a) DCIS-A1, (b) DCIS-A2 and (c) CM2.1-ECDA.
The correlation coefficients with the statistical p-value larger than 0.05 are not shown.

coherent region with high correlation with EN4 exists in the southern Indian Ocean and the western South
Pacific. Note that CM2.1-ECDA shows consistently higher agreement with EN4 than DCIS-A1/A2 except
in the SO due to its direct subsurface ocean data assimilation (Figure 7c). The relatively lower agreement
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Figure 8. Time series of the EN4 data (black dashed) and ensemble
estimates from (a) DCIS-A1 and (b) DCIS-A2 for the top 300 m depth-
averaged ocean temperature (T300) anomalies and the Atlantic Meridional
Overturning Circulation (AMOC) index at 45°N during 1960-2019. The
thick blue lines are the ensemble mean values of T300, and the light

blue shading shows the range of values each year across the ensemble
members. The red lines are the ensemble mean values of AMOC at 45°N.

between DCIS and EN4 in the SO in comparison to other ocean basins
is mainly due to the sparse observations in both atmospheric and oce-
anic observation network (Compo et al., 2011; Newman et al., 2019).
Due to the observational network changes, the agreement between DCIS
and EN4 shows substantial multidecadal variations with a general high
agreement during 2000-2019 for which atmospheric and oceanic obser-
vations are relatively rich and a general low agreement during 1960-1979
for which observations are relatively sparse (Figure S5 in Supporting
Information S1).

The estimated T300 anomalies over the NASPG from DCIS-Al and
A2 agree remarkably well in reproducing the observed multidecadal
variations during 1960-2019 (Figure 8). The correlation coefficient of
the NASPG T300 anomalies between EN4 and model is 0.87 (0.89) for
DCIS-A1 (DCIS-A2). There exists a robust lead-lag relationship between
AMOC and the NASPG UOHC on the multidecadal time scale in both
DCIS-Al and DCIS-A2. We also conducted a lag correlation analysis of
the time series of AMOC and the NASPG UOHC (figures not shown),
with AMOC leading the NASPG UOHC by about 5-10 years. Note that
the NASPG T300 from DCIS-AL is relatively colder compared to DCIS-A2
since 2010, consistent with the relatively weakened AMOC from DCIS-A1
in comparison with DCIS-A2. This physical lead-lag relationship between
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Figure 9. The anomaly correlation coefficient (ACC) of sea surface temperature (a—c) between DRF-A1 and ERSSTV5 observations, (d—f) between DRF-A2 and
ERSSTVS5, (g-i) between SPEAR-LES and ERSSTVS5 for lead times of 1-5, 3-7 and 2-9 years, respectively. All fields were mapped onto a 5° x 5° grid prior to ACC
calculation. ACC values with the statistical p-value larger than 0.05 are not shown.

AMOC and UOHC in the NASPG is consistent with the previous studies (Danabasoglu et al., 2016; Del-
worth et al., 2016, 2017; Robson et al., 2012; S. Yeager et al., 2012; Zhang & Zhang, 2015; Zhang, Sutton,
et al., 2019), indicating that both DCIS versions represent the interrelated dynamics of the AMOC and
NASPG which are important for decadal prediction. These results also indicate that the surface pressure
data assimilation is sufficient for providing the air-sea fluxes driving the multidecadal AMOC and NASPG
UOTC variations with the physical lead-lag relationship. Note that the lead-lag relationship between AMOC
and OHC was not well represented in GFDL's previous decadal initialization system CM2.1-ECDA, although
the NASPG UOHC in CM2.1-ECDA shows higher agreement with EN4 (r = 0.94) than that in DCIS-A1/A2
(Figure S3 in Supporting Information S1).

5. Assessment of Decadal Retrospective Forecast

5.1. Decadal Prediction Skill Assessment of SST

We first assess the skill of predicting the SST using the anomaly correlation coefficient (ACC) as shown in
Figure 9. In general, both DRF-A1 and A2 show high predictive skill (ACC > 0.6) of SST over the global
ocean except the north-east Pacific and parts of the SO (Figures 9a-9f). The uninitialized LES exhibits a
very similar global distribution of ACC with notable degrading of skill in the north-east Pacific, the western
part of the NASPG and the Drake Passage region in the SO (Figures 9g-9i). Note that the ACC of SST from
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Figure 10. The anomaly correlation coefficient (ACC) skill score difference (a-c) between DRF-A1 and SPEAR-LES and (d-f) between DFR-A2 and SPEAR-
LES for lead times of 1-5, 3-7, 2-9 years, respectively. Values of ACC difference with the statistical p-value larger than 0.05 are not shown.

DRF-A2 is coherently lower across different lead years over the Bellinghausen Sea, the Drake Passage region
and the Weddell Sea in the SO than that from DRF-A1. This relatively lower skill in the SO from DRF-A2 is
largely due to the relatively lower accuracy of the regional initial conditions in the DRF-A2 (Figure 2). Over-
all, the global pattern and skill level of ACC for SST from DRF-A1 and A2 are very similar to those estimated
from the large-ensemble multi-model decadal predictions (Smith et al., 2019).

To further assess the impact of initialization on the prediction skill, we show in Figure 10 the differenc-
es of ACC (AACC) between the DRF and uninitialized LES. In the North Atlantic, both DRF-A1 and A2
show a substantial increase of skill with AACC over 0.4 in the western part of NASPG. The skill increase
is coherent with the lead time and the location of the skill increase is coincident with the deep convection
center associated with NAO (Figure 3), suggesting that the initialization of the multi-decadal variability of
deep-water formation in the NASPG and AMOC plays an important role in this significant decadal skill
improvement. In the North Pacific, DRF-A2 shows a significant increase of skill in a coastal zone extending
from the Gulf of Alaska along the west coast of North America for all three lead times (Figures 10d-10f),
with skill improvement in DRF-A1 that is similar although less evident in the Gulf of Alaska across lead
times (Figures 10a-10c). In the SO, DRF-A1 shows a remarkable increase of skill with AACC > 0.4 in a band
extending westward and across the Drake Passage, the Weddell Sea and Lazarev Sea, while DRF-A2 only
shows significant skill increase around the Drake Passage region. Overall, the significant skill improvement
due to initialization in the NASPG and SO in our new system is consistent with previous decadal prediction
studies, including predictions initialized with subsurface ocean data assimilation (Smith et al., 2019; S. G.
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Figure 11. The anomaly correlation coefficient (ACC) skill score difference (a—c) between DRF-A1 and DRF-CM2.1 and (d-f) between DRF-A2 and DRF-
CM2.1 for lead times of 1-5, 3-7, 2-9 years, respectively. Values of ACC difference with the statistical p-value larger than 0.05 are not shown.

Yeager et al., 2018; L. Zhang et al., 2017), indicating that this new system captures the essential elements of
decadal initialization even without the direct subsurface ocean data assimilation.

To compare the prediction skill with GFDL's old DRF-CM2.1 that has directly assimilated the subsurface
oceanic observations, we show in Figure 11 AACC between the DRF-A1/A2 and DRF-CM2.1. Particularly
striking is the substantial increase of skill (AACC > 0.4) from DRF-A1 relative to DRF-CM2.1 over almost
the entire SO except in the Australian sector of SO (Figures 11a-11c). DRF-A2 shows a significant increase
of skill relative to DRF-CM2.1 in a band across the Weddell Gyre to the Indian ocean sector of the SO, but
without skill improvement over the Ross Sea Gyre and Amundsen-Bellingshausen Seas as shown from
DRF-Al. In the North Atlantic, DRF-A1 shows a skill degrading (AACC about —0.1) only in a narrow lati-
tudinal band just at 60°N, while DRF-A2 displays a significant skill degrading only confined in the Iceland
basin. There also exist sporadic regions with significant skill improvement in the North Pacific subpolar
gyre, eastern North Pacific and the eastern tropical Pacific from DRF-A1 and A2.

To highlight the outperformance of DRF-A1 over DRF-CM2.1 in predicting the SO SST anomalies, we
show in Figure 12 the time series of the SO (50°S-70°S/0°-360°) SST anomalies from ERSST, SPEAR-
LES, DRF-A1/A2 and DRF-CM2.1. The initialized forecasts from DRF-A1 closely follow the multi-decadal
variations of the SO SST anomalies (e.g., a warming trend during 1960-1980 and a cooling trend during
1980-2012) for the lead times of 1-5 years (Figure 12a), although there exists a time delay of predicting the
observed SST trend turning point at around 1980 for lead times of 3-7 and 5-9 years. DRF-CM2.1 largely
predicts the observed cooling trend during 1980-2012 for lead times of 1-5 and 3-7 years as reported in L.
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Figure 12. Time series of the sea surface temperature (SST) anomalies averaged over the Southern Ocean (50°S-70°S, 0°-360°) from Extended Reconstructed
Sea Surface Temperature (ERSST) (black) and decadal retrospective forecasts. (a) the 5-year-mean of the SST anomalies from DRF-A1 for the lead times of
1-5 (red), 3-7 (blue) and 5-9 (green) years. (b) the same as (a) but from DRF-A2. (c) the same as (a) but from DRF-CM2.1. Anomalies in (a-c) are defined as
departures from their time means over 1971-2010 for observations and forecasts respectively. (d) anomaly correlation coefficient (ACC) of the SST anomalies
as a function of lead times from DRF-A1 (blue marker), DRF-A2 (red marker) and DRF-CM2.1 (green marker) verified versus ERSST; the error bar in (d)
represents the 95% confidence interval of ACC with the adjusted degree of freedom using Equation 2. The time of the 5-year-mean forecasts is aligned to the

center of the 5-year window.

Zhang et al. (2017) but fails in predicting the observed warming trend during 1960-1980. DRF-CM2.1 also
overpredicts the observations during 2000-2005 for all lead times. DRF-A2 largely predicts the warming
trend during 1960-1980 but fails in predicting the observed cooling trend during 1980-2012. Consequently,
DRF-A1 shows a high predictive skill of predicting the SO SST anomalies with significant ACC up to lead
times of 3-7 years, whereas both DRF-A2 and DRF-CM2.1 do not indicate statistically significant skill for
any lead times (Figure 12d).

Southern Ocean convection acts as a driver of the observed recent multi-decadal climate trends (Zhang,
Delworth, et al., 2019), so the phase of the SO convection in the initial condition is critical for the accuracy
of the SO decadal climate prediction. The MLD as an indicator of SO convection in DCIS-A1 has a peak
around 1980 (Figure S6a in Supporting Information S1), corresponding to that the SO SST peak around 1980
(i.e., the SST trend turning point) in DCIS-A1 matches well with observations (Figure S6b in Supporting In-
formation S1 and Figure 12). In contrast, the MLD in DCIS-A2 peaks around 2000 (Figure S6 in Supporting
Information S1), resulting in a delayed peak of SO SST at around 2000 in DCIS-A?2 relative to the observed
one. Therefore, the delayed SO SST peak associated with the delayed SO convection in DCIS-A2 leads to
the failure of predicting the observed cooling trend during 1980-2012 in DRF-A2. The contrast between
DRF-A1 and A2 in predicting the observed recent climate trends indicates that the surface pressure data
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Figure 13. Anomaly correlation coefficient (ACC) of annual land surface air temperature from (a) DRF-A1 and (b) DRF-A2 relative to CRU-TSv4.03
observations for lead times of 2-9 years. ACC skill score differences between (c) DRF-A1 and SPEAR-LES, (d) between DRF-A2 and SPEAR-LES, respectively.
All fields were mapped onto a 5° X 5° grid prior to ACC calculation. ACC values and their differences with the statistical p-value larger than 0.05 estimated from
the bootstrap method are not shown.

assimilation is not sufficient for the SO decadal initialization. The delayed SO convection peak in DCIS-A2
relative to DCIS-A1 may be linked with the insufficient surface pressure observations before 1980. In addi-
tion, the dependence of the SO convection period on the mean ocean stratification (L. Zhang et al., 2021)
might influence the phase of SO convection in DCIS-A1 and A2, since DCIS-A1 and A2 use full and anom-
aly initialization respectively. Further research is needed for unraveling the underlying mechanism on de-
termining the SO convection phase in DCIS-A1 and A2.

5.2. The Decadal Prediction Skill of Hydroclimate Over Land

The gain of skill in predicting SST on decadal time scales due to initialization would imply skill improve-
ment in predicting hydroclimate over land related to the improved SST prediction, thus we assess the decad-
al prediction skill of hydroclimate over land and the impact of initialization on the hydroclimate prediction.
Following Smith et al. (2019), we focus on lead times of 2-9 years for the hydroclimate skill assessment.
Beyond the annual mean hydroclimate skill as shown in Smith et al. (2019), we also examine the seasonal
dependence of hydroclimate skill for the boreal summer (the mean of June, July, August and September
(JJAS)) and boreal winter (the mean of December, January, February and March (DJFM)) respectively. The
two initialized hindcasts agree with high skill in predicting annual SAT over land almost everywhere with
ACC values exceeding 0.8 (Figures 13a and 13b), with main exceptions of the tropical Andes, the western
Canada and the northern Australia. However, the region with coherently significant difference between
initialized and uninitialized hindcasts locates only in Western Canada and Siberia (Figures 13c and 13d),
indicating that the radiative forcing is the dominant driver for the decadal prediction skill of SAT over the
global land. Interestingly, the significant improvement of the annual SAT skill over Western Canada and
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Siberia due to initialization mainly arises from the boreal winter season (Figures 13c and 13d and Figures
S7c and S7d in Supporting Information S1), but not from the boreal summer season (Figures S8c and S8d
in Supporting Information S1).

The average predictability time (APT) analysis (DelSole & Tippett, 20092, 2009b) has been used for distin-
guishing the interannual-scale predictable components from the externally forced trend-like response of
land SAT in GFDL's seasonal hindcasts (Jia et al., 2015), so we apply APT to the boreal winter SAT over the
eastern North Pacific and North America sector for understanding the source of the boreal winter SAT skill
improvement over Western Canada. The details of the APT calculation are provided within the supplement
(Text S1 in Supporting Information S1). Following Yang et al. (2013), the decadal retrospective forecasts of
the boreal winter SAT for all lead times are used to solve the APT, and the APT analysis are conducted sepa-
rately in DRF-A1 and DRF-A2. The leading predictable component (PrC) of the winter SAT shows a general
warming trend pattern with considerably larger amplitudes in the Arctic and North America than North Pa-
cific from both DRF-A1 and A2 (Figure S9 in Supporting Information S1), and it is highly predictable with
ACC larger than 0.85 and 0.95 respectively from DRF-A1 and A2 for all lead times (Figure S10 in Supporting
Information S1), suggesting the leading PrC is likely due to changes in external radiative forcing.

The spatial patterns of the second PrC from DRF-A1 and DRF-A2 largely agree on warm anomalies in north-
western North America, but the cold anomalous center of the second PrC pattern from DRF-A1 locates in
the central North Pacific (Figure 14a), while the corresponding cold anomalous center from DRF-A2 tends
to shift southwards and eastwards in the eastern North Pacific (Figure 14b). To explore the possible linkage
between the second PrC and the observed North Pacific decadal variability, we compare the leading two
principal components (PC) and corresponding EOFs of North Pacific DJFM SST anomalies (Text S2 and
Figure S11 in Supporting Information S1) with the second PrC. PC1 is essentially the Pacific Decadal Oscil-
lation (PDO) index as defined by Mantua et al. (1997), and PC2 is another important decadal variability in
North Pacific beyond PDO (Bond et al., 2003). The spatial pattern of the second PrC from DRF-A2 is similar
to the observed regression pattern of the winter SAT (Figure S12b in Supporting Information S1) onto the
observed PDO index, and the pattern correlation coefficient (PCC) between the two patterns (Figure 14b
and Figure S12b in Supporting Information S1) is 0.81, and the observed time series of the second PrC by
projection onto the JRAS5 observation is highly correlated with the observed PDO index (r = 0.68), sug-
gesting that this component is likely PDO-related. Note that the observed regression pattern of the winter
SAT onto the PDO index is consistent with Figure 3 in Mantua and Hare (2002). The spatial pattern of the
second PrC from DRF-A1 resembles the observed regression pattern of the winter SAT onto the PC2 of the
North Pacific winter SST anomalies (Figure S12a in Supporting Information S1), and their respective PCC
(Figure 14a and Figure S12a in Supporting Information S1) is 0.87. The observed time series of the second
PrC from DRF-A1 is highly correlated with the observed PC2 of the North Pacific winter SST (r = 0.81).
Thus, the second PrC from DRF-A1 is likely associated with second EOF mode of the North Pacific winter
SST. Although the second PrC patterns from DRF-A1 and A2 differ in the eastern North Pacific, they largely
agree on the strong signals in northwestern North America, corresponding to the improvement of boreal
winter SAT skill in Western Canada (Figure 13 and Figure S7 in Supporting Information S1). Unlike the
high skill of the leading PrC for all lead times, the skill of the second PrC decreases with lead times and is
only significant for lead times of 2-6 years with ACC of 0.51 and 0.50 from DRF-A1 and A2 respectively
(Figure S10 in Supporting Information S1), suggesting that the second PrC for lead times of 2-6 years has
significant contribution to the SAT skill improvement for 2-9 years. The different temporal and spatial vari-
ations of the second PrC in DRF-A1 and A2 are consistent with the winter SST skill difference in the North
Pacific (Figure S13 in Supporting Information S1),ie., DRF-A1 has better skill over the central North Pacific
and subtropical western North Pacific (strong loadings of the second EOF), while DRF-A2 has better skill of
winter SST over the west coast of North America (the coastal frank of PDO) than DRF-A1 especially during
2-6 lead years. The APT analysis suggests that there might exist some connection between the improvement
of SAT skill in Western Canada and the SST skill improvement in the Gulf of Alaska and the Pacific west
coastal ocean (Figure 10). Note that the above analysis only shows coincidence between SAT predictability
in Western Canada in DRF-A1 and A2 and observed decadal variability in the North Pacific, and causal
explorations of this connection are left for future research.
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Figure 14. The average predictability time analysis of winter SAT over the North Pacific and North America sector. The spatial pattern of the second
predictable component (PrC) for the winter surface air temperature from (a) DRF-A1 and (b) DRF-A2. The ensemble-mean time series (red) of the second PrC
from (c) DRF-A1 for lead times of 2-6 years and the projected time series (black) onto the JRAS55 observations. The ensemble-mean time series (red) of the
second PrC from (d) DRF-A2 for lead times of 2-6 years and the projected time series (black) onto the JRA55 observations. The blue line in (c) shows the time
series of the second EOF index of the North Pacific winter sea surface temperature from Extended Reconstructed Sea Surface Temperature; the blue line in (d)
shows the time series of the first EOF index. Correlation coefficients with 5-95% confidence intervals are indicated in brackets in (c and d).

The precipitation from the two DRFs shows reasonable skill (ACC > 0.6) in the Sahel and in a broad band
across northern Europe and Eurasia and significant skill in southwestern China and parts of North America
(Figure S14 in Supporting Information S1). It hardly attributes the high skill in the Sahel, northern Europe
and Eurasia to the initialization due to the sporadic distributions with significant difference. To further in-
vestigate the seasonal dependence of the precipitation prediction skill, we repeat the same skill assessment
as the annual precipitation for the boreal summer and winter precipitation. The significant skill of annual
precipitation in northern Europe and western Eurasia is mainly from the boreal winter while the skill over
northeastern Eurasia is mainly from the boreal summer season (Figures S15 and S16 in Supporting Infor-
mation S1). The significant skill of annual precipitation in the Sahel region mainly comes from the boreal
summer season (Figures S14-S16 in Supporting Information S1), as the bulk of the annual rainfall falls
between June and September (Biasutti, 2019).

To highlight the regional skill in the Sahel region, we show in Figure 15 the ACC of the JJAS land surface
precipitation from retrospective forecasts relative to CRU-TSv4.03 observations for lead times of 2-9 years.
In comparison with the significant skill over the entire Sahel region from DRF-A1, DRF-A2 and LES, DRF-
CM2.1 shows significant skill only in the west Sahel region. For the linearly detrended mean summer pre-
cipitation averaged over lead times of 2-9 years, correlations with observations are 0.78, 0.76, 0.69, and 0.30
for DRF-A1, DRF-A2, LES and DRF-CM2.1 respectively, and all except DRF-CM2.1 are significant at the
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Figure 15. Anomaly correlation coefficient (ACC) of JJAS land surface precipitation from (a) DRF-A1, (b) DRF-A2, (c) LES and (d) DRF-CM2.1 relative

to CRU-TSv4.03 observations for lead times of 2-9 years. Boxes in (a—d) outline the Sahel region. (e) The normalized and linearly detrended CRU-TSv4.03
observed (black) and modeled ensemble mean timeseries of summer Sahel (8°N-18°N, 15°W-35°E) rainfall from DRF-A1 (red), DRF-A2 (blue), LES (green)
and DRF-CM2.1 (cyan) for lead times of 2-9 years. All fields were mapped onto a 1° x 1° grid prior to ACC calculation. ACC values with the statistical p-value

larger than 0.05 are not shown.

95% significance level. Note that the correlation skill in both DRF-A1 and A2 is significantly higher than
that in DRF-CM2.1 at the 95% significance level. The drought development during 1960s-1980s and the
subsequent recovery are well captured by the SPEAR models, while they are not as well represented by
DRF-CM2.1. To illustrate the physical process of the Intertropical Convergence Zone (ITCZ) shift associated
with the Sahel precipitation on the multi-decadal scale (Sheen et al., 2017), we show in Figure 16 the dif-
ference of the composite summer precipitation over the tropical Atlantic and north Africa between the wet
period (1995-2010) and the drought period (1975-1990) from observations and retrospective forecasts for
lead times of 2-9 years. The three SPEAR retrospective forecasts are able to predict the observed northward
migration of the ITCZ during the wet period with a north-south dipole pattern of precipitation anomalies
(Figures 16a-16c and 16e-16f), and the spatial pattern correlation coefficient between model and GPCP is
0.62, 0.61, and 0.58 for A1, A2 and LES respectively. In contrast, DRF-CM2.1 is able to predict the observed
ITCZ migration in the tropical Atlantic and the west Sahel but fails in predicting the observed ITCZ migra-
tion in the east Sahel region (Figures 16d and 16e), resulting in a lack of skill in the east Sahel region from
DRF-CM2.1 (Figure 15d). Both initialized (DRF-A1 and A2) and uninitialized (LES) retrospective forecasts
produce significantly skillful prediction of the Sahel precipitation, consistent with previous studies that
both radiative forcing changes and internal AMV could lead to the Sahel precipitation changes on the mul-
ti-decadal scale (Biasutti, 2019; Held et al., 2005; Zhang & Delworth, 2006). Therefore, the skillful prediction
of the Sahel summer rainfall in SPEAR decadal prediction system arises both from the radiative forcing and
the initialized internal AMV.
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Figure 16. Difference of the composite summer precipitation over the tropical Atlantic and north Africa between the wet period (1995-2010) and the drought
period (1975-1990) from (a) DRF-A1, (b) DRF-A2, (c) LES and (d) DRF-CM2.1 for lead times of 2-9 years. The corresponding observed difference from (e)
GPCP data and (f) CRU data. The spatial pattern anomaly correlation coefficient between the forecasts (a—d) and GPCP (e) over the figure domain is 0.62, 0.61,
0.58, and 0.17 for DRF-A1, DRF-A2, LES and DRF-CM2.1 respectively.

5.3. Roles of AMOC in Decadal Prediction

We have shown in Section 4 that DCIS-A1 and A2 have very similar multi-decadal variations of AMOC
driven by the observation-constrained air-sea fluxes during 1960-2019 and maintain a robust lead-lag re-
lationship between AMOC and UOHC in the NASPG on multi-decadal time scales. Thus, we examine the
evolution of AMOC and its physical role in the multi-decadal phase transition in the initialized retrospec-
tive forecasts.

Time series of the AMOC index at 45°N from DCIS-A1/A2, uninitialized SPEAR-LES and initialized
DRF-A1/A2 during 1960-2019 are shown in Figure 17. The initialized forecasts from DRF-A1 and A2 close-
ly follow the multi-decadal variations of AMOC in the corresponding DCIS for the lead times of 1-5 and
3-7 years (Figures 17a and 17b). For the longer lead time of years 5-9, the multi-decadal variations in both
initialized forecasts tend to be weakened toward the forced response in SPEAR-LES. The climatological
values of the AMOC index show almost unvarying changes with the forecast lead times, indicating that
the physical balance of each model component is well maintained in the initial states of DCIS (Figure 17c).
The high prediction skill (ACC > 0.8) verified versus DCIS is up to lead 4-8 years in the two forecasts (Fig-
ure 17d). For the longer lead times of 5-9 and 6-10 years, the skill from DRF-A2 tends to drop faster than
that from DRF-A1.

To show the NASPG SST anomalies for all 50 retrospective forecasts, we show in Figure 18 the time se-
ries of the SST anomalies from ERSST observations, DRF-CM2.1 and DRF-A1/A2 respectively. The initial-
ized forecasts from DRF-A1 and CM2.1 closely follow the multi-decadal variations of the observed NASPG
SST anomalies. However, DRF-A2 overpredicted the observed cold anomalies during 1960s and 1970s.
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Figure 17. Time series of the Atlantic Meridional Overturning Circulation (AMOC) index at 45°N from the coupled
initialization system (black), uninitialized SPEAR-LES (gray) and initialized decadal retrospective forecasts. (a) the
5-year-mean of the AMOC index from DRF-A1 for the lead times of 1-5 (red), 3-7 (blue) and 5-9 (green) years. (b) the
same as (a) but from DRF-A2. (c) The climatological values of AMOC index as a function of lead times from DRF-A1
(blue) and A2 (red). (d) Anomaly correlation coefficient (ACC) of the AMOC index as a function of lead times from
DRF-A1 (DRF-A2) verified versus DCIS-A1 (DCIS-A2); the error bar in (d) represents the 95% confidence interval of
ACC with the adjusted degree of freedom using Equation 2. The time of the 5-year-mean forecasts is aligned to the
center of the 5-year window.

Consequently, the skill of predicting the pentadal NASPG SST from DRF-A1 is very high (ACC > 0.9) for
all the lead times, while the skill from DRF-A2 is consistently lower than that from DRF-A1. In contrast,
the uninitialized LES predicts a linear warming trend. The ACC skill of predicting NASPG SST from the
three models is comparable for all lead times (Figure 18d), although DRF-CM2.1 shows much larger bias of
NASPG SST than DRF-A1/A2 (Figure S17 in Supporting Information S1).

The high skill of AMOC up to 4-8 years implies that the skillful prediction of NASPG SST in even longer
lead times could arise from the lead-lag relationship between AMOC and UOHC in the NASPG (Figure 8).
For the distinct phase transition of NASPG SST around mid-1990s, the observed abrupt warming event start-
ing in 1993 was largely predicted from both DRF-A1 and A2 (Figure S17 in Supporting Information S1). This
abrupt SST warming event is also associated with the rapid change of UOHC (Figure 8), so the success of
predicting this event can be attributed to the skillful prediction of the strong AMOC during the event period
through the lead-lag relationship between AMOC and the UOHC over the NASPG. To further highlight the
dynamical role of AMOC in the new decadal prediction system, we perform correlation analysis between
the initial values of AMOC index at 45°N for each forecast and the corresponding predicted NASPG SST
(Figure 19). In DRF-A1 and A2, the predicted values of NASPG SST from all 50 forecasts at three different
lead times are highly correlated with the corresponding initial values of AMOC index with significant corre-
lation coefficients larger than 0.75 (Figures 19a and 19b), but there is no statistically significant relationship
between the predicted NASPG SST and corresponding initial values of AMOC index from DRF-CM2.1 (Fig-
ure 19c). Note that this high correlation between AMOC and predicted NASPG SST in DRF-A1/A2 arises
from the lead-lag relationship between AMOC and NASPG UOHC that is manifested in DCIS-A1/A2. Given
that the initial condition of UOHC in DRF-A1/A2 is less accurate than that in DRF-CM2.1 (Figure 7), the
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Figure 18. Time series of the sea surface temperature (SST) anomalies averaged over North Atlantic Subpolar Gyre (45°N-60°N, 60°W-0°) from Extended
Reconstructed Sea Surface Temperature (ERSST) (black) and decadal retrospective forecasts. (a) the 5-year-mean of the SST anomalies from DRF-A1 for the
lead times of 1-5 (red), 3-7 (blue) and 5-9 (green) years, and from uninitialized SPEAR-LES (gray). (b) the same as (a) but from DRF-A2. (c) the same as (a) but
from DRF-CM2.1. Anomalies in (a—c) are defined as departures from their time means over 1971-2010 for observations and forecasts respectively. (d) Anomaly
correlation coefficient (ACC) of the SST anomalies as a function of lead times from DRF-A1 (blue marker), DRF-A2 (red marker) and DRF-CM2.1 (green
marker) verified versus ERSST; the error bar in (d) represents the 95% confidence interval of ACC with the adjusted degree of freedom using Equation 2. The
time of the 5-year-mean forecasts is aligned to the center of the 5-year window.

comparable skill between two different initialization systems implies that the skill of predicting NASPG SST
in DRF-A1/A2 might arise from both persistence of UOHC and dynamical role of AMOC. Therefore, the
dynamical role of AMOC plays important role in the prediction skill from DRF-A1/A2, whereas there is no
contribution of AMOC to the prediction skill of NASPG SST in DRF-CM2.1.

6. Conclusions and Discussions

We have documented the development and skill assessment of GFDL's new coupled decadal prediction
system using SPEAR model. We have developed a decadal coupled initialization system (DCIS) that does
not use subsurface ocean observations. In DCIS, the atmospheric state and SST were constrained by the
time-varying observations, and thus the ocean component of the coupled model is forced by a very similar
sequence of surface heat fluxes and wind stresses as observations. With the similar physical mechanism of
producing the observed low-frequency climate variability as the forced ocean-sea ice (FOSI) approach used
in CESM-DP (S. G. Yeager et al., 2018), DCIS allows interactive coupling in the initialization process, thus
maintaining physical balance among different components in the coupled model. DCIS offers two initiali-
zation approaches, which differ only in the atmosphere state constrains by observations. DCIS-A1 utilized
the atmospheric winds and temperature restoring toward the JRA reanalysis, while DCIS-A2 assimilated
the surface pressure observations using the ensemble data assimilation technique.

The interannual to multidecadal variability of the essential variables (e.g., the surface winds, surface air
temperature and SST) governing the heat and momentum fluxes at the air-sea interface from DCIS-A1 and
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Figure 19. Scatter plot of initial values of Atlantic Meridional Overturning Circulation index at 45°N for each forecast and corresponding predicted sea surface
temperature (SST) averaged over North Atlantic Subpolar Gyre (45°N-60°N, 0°-60°E) from decadal retrospective forecasts. (a) the 5-year-mean of the SST
anomalies from DRF-AL1 for the lead times of 1-5 (red), 3-7 (blue) and 5-9 (green) years. (b) the same as (a) but from DRF-A2. (c) the same as (a) but from

DRF-CM2.1.

A2 is in high agreement with the NNR data in the Northern Hemisphere. The two initializations can repro-
duce the similar physical processes connecting the surface heat fluxes to the deep ocean convection over the
North Atlantic SPG associated with the NAO forcing, which are the key drivers of the decadal variability
of AMOC from the surface flux forcing (Danabasoglu et al., 2016; Delworth et al., 2016). Consequently, the
two initializations show very similar multi-decadal variations of AMOC. In addition, the robust physical
lead-lag relationship between AMOC and UOHC in the NASPG was well captured by DCIS-Al and A2,
indicating that the new decadal initialization has largely integrated the fundamental physics of enhancing
AMOC's role in the decadal prediction (Delworth et al., 2016, 2017; Robson et al., 2012; Yeager & Rob-
son, 2017; S. Yeager et al., 2012; Zhang & Zhang, 2015).

The decadal prediction skill of SST was assessed versus observations for the two sets of initialized retrospec-
tive forecasts and compared with the uninitialized SPEAR-LES. Overall, the significant skill improvement
due to initialization in the North Atlantic SPG and SO in our new system is consistent with many previous
decadal prediction studies (Smith et al., 2019; S. G. Yeager et al., 2018; L. Zhang et al., 2017), indicating that
this new system captures the essential elements of decadal initialization even without the direct subsur-
face ocean data assimilation. In comparison to GFDL's CM21-based system, the SPEAR decadal prediction
system (the A1l approach) shows overall substantial bias reduction, significant skill improvement in the
Southern Ocean and comparable or better skill in the other ocean basins. Specifically, the SPEAR DRF-A1
significantly outperforms CM2.1 in better predicting the multi-decadal SST trend before and after 1980 in
the Southern Ocean.

The global patterns with the significant decadal skill of SAT and precipitation over land from DRF-A1 and
A2 resemble those estimated from the state-of-the-art multi-model decadal predictions (Smith et al., 2019),
demonstrating the robustness of the decadal hydroclimate prediction skill from our new system. We found
that the significant annual SAT skill improvement due to initialization in western Canada and Siberia
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mainly comes from the boreal winter but not from the boreal summer. The APT analysis suggested that SAT
skill improvement in western Canada is related to the observed North Pacific decadal variability. In terms
of decadal prediction system development advance, the new SPEAR decadal prediction system outperforms
the previous CM2.1-based system in predicting the multidecadal variations of Sahel precipitation and the
corresponding ITCZ shift. The benefit of initialization might be underestimated using the current method
for comparing skill (Smith et al., 2019; Sospedra-Alfonso & Boer, 2020), and we will explore other more
powerful methods to assess impact of initialization in the future study.

The multidecadal AMOC is highly predictable when verified versus the DCIS in SPEAR's decadal prediction
system, and AMOC's dynamical role in predicting the SST over the North Atlantic SPG can be established
through the lead-lag relationship between AMOC and UOHC. The abrupt warming event starting 1993 and
subsequent phase transition of the SPG SST were largely predicted by the new system. Even without assim-
ilating the subsurface ocean observations, SPEAR DRF-A1/A2 shows comparable SST predictive skill at all
lead years as DRF-CM2.1. The high correlation between the AMOC initial values and forecasted NASPG
SST in DRF-A1/A2 indicating the dynamical role of AMOC in enhancing the decadal prediction skill. The
results here support that the proposed approach is feasible for the decadal climate prediction, increasing
diversity of modeling tools for the decadal climate initialization and predictability research (Table 1).

Since the lead-lag connection between AMOC and UOTC on multidecadal decadal time scales were not
established in CM2.1-ECDA, the prediction skill mainly arises from the persistence of the observed ocean
heat content from the direct subsurface ocean data assimilation. Therefore, CM2.1-ECDA and SPEAR-DCIS
provide two different mechanisms for achieving comparable skill of the decadal prediction in the North
Atlantic. In future, we will explore feasible methods for imposing the direct subsurface ocean data assim-
ilation (Lu et al., 2020) in the decadal initialization while maintaining the physical balance of AMOC and
ocean heat content as shown in this study. The further increase of decadal predictive skill might be expected
if the subsurface ocean initialization is appropriately included in this approach.

The high similarity between the two approaches of reproducing the physical processes governing the
multidecadal variations of AMOC and yielding skillful decadal prediction in the North Atlantic, which indi-
cates that the surface pressure data assimilation may provide sufficient atmospheric observational informa-
tion for the decadal initialization research in the North Atlantic. With the availability of the centennial long
record of surface pressure observations, DCIS-A2 provides potential of extending the coupled decadal ini-
tialization over the entire twentieth century for the predictability studies, thus allowing more multidecadal
episodes for testing the reliability of North Atlantic decadal climate prediction. However, DRF-A2 failed
in predicting the observed recent climate trends in SO due to its delayed phase of convection in DCIS-A2,
indicates that the surface pressure data assimilation is not sufficient for the SO decadal initialization. Given
the fact that the predictive skill of SST is generally higher in DRF-A1 than DRF-A2 especially over Southern
Ocean, DRF-A1 will be the approach for SPEAR's real-time decadal prediction.

Data Availability Statement

Model output relevant to this paper can found online (ftp://datal.gfdl.noaa.gov/users/Xiaosong.Yang/
SPEAR_DECP_paper/SPEAR).
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