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ABSTRACT: The MaddenbJulian oscillation (MJO) provides an important source of subseasonal-to-seasonal (S2S)
predictability. Improved MJO prediction can be benebcial to S2S prediction of global climate and associated weather
extremes. In this study, hindcasts based on an atmospherebocean coupled general circulation model (CGCM) are compared
to those based on atmosphere general circulation models (AGCMs) to investigate inBuences of airbsea interactions on MJO
prediction. Our results suggest that MJO prediction skill can be extended about 1 week longer in the CGCM hindcasts than
AGCM-only experiments, particularly for boreal winter predictions. Further analysis suggests that improved MJO pre-
diction in the CGCM is closely associated with improved representation of moistening processes. Compared to the AGCM
experiments, the CGCM better predicts the boundary layer moisture preconditioning to the east of MJO convection, which

is generally considered crucial for triggering MJO deep convection. Meanwhile, the widely extended eastbwest asymmetric
structure in free-tropospheric moisture tendency anomalies relative to the MJO convection center as seen in the obser-
vations is also well predicted in the CGCM. Improved prediction of MJO moisture processes in CGCM is closely associated
with better representation of the zonal scale of MJO circulation and stronger Kelvin waves to the east of MJO convection,
both of which have been recently suggested to be conducive to MJO eastward propagation. The above improvements by
including airbsea coupling could be largely attributed to the realistic MJO-induced SST Ructuations through the
convectionDSST feedback. This study conbrms a critical role of atmospherebocean coupling for the improvement of MJO
prediction.
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1. Introduction and characterized as an eastward propagation of large-scale
convective features with a speed of 5m<?*(e.g.,Madden and
Julian 1971, 1972. Given its tremendous inBuences on global
climate and weather systems (e.g.Cassou 2008 Stan et al.
2017, many climate prediction centers have been dedicated to
improving the prediction of MJO. In recent decades, MJO
prediction has been improved with the advances of theoretical
understanding, observations, model development, and com-
puting technology. Most modelsO hindcasts participating in the
S2S project show a good MJO prediction skill at lead times of
up to about 20 days, among which the multimember ensemble
mean of ECMWF model can even skillfully predict MJO ap-
proximately 30 days in advance (e.g.Vitart 2017; Lim et al.
2018. However, considering the intrinsic potential MJO pre-
dictability of 4D6 weeks as suggested by recent studies (e.g.,
Neena et al. 2014 Kim et al. 2018), there is still room for im-
provement of MJO prediction skill.

The MJO prediction skill can be affected by a variety of
factors, including biases in model physics, the initialization
scheme, the phase and amplitude of the MJO (e.g.Lin et al.
2008 Rashid etal. 2011 Fuetal. 201% Liu etal. 2017; Kim et al.
2018. For instance, Wang et al. (2014) showed that MJO
prediction skill at a longer lead time is relatively higher during
target phases 3 and 7, whereas it becomes lower during target
phases 8, 1, and 2. In addition, MJO prediction skill largely
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It is well known that weather forecasting (i.e., the forecast
of weather regimes from a few hours up to about 2 weeks) and
climate prediction have been remarkably improved over the
last decades. However, the extended-range forecast as the
gap between the weather forecast and climate prediction is
still far from satisfactory. It remains a great challenge to blI
this gap in order to perform a reliable, skillful, and seamless
forecast of the weatherBclimate continuum (e.g.Palmer et al.
2008 Merrybeld et al. 2020. Recently, subseasonal predic-
tion, as the bridge to Pll this gap, has gained more and more at-
tention. To improve the operational predictions and social
applications, the Subseasonal to Seasonal (S2S) Prediction re-
search project has been launched by the World Weather Research
Programme/World Climate Research Programme itart et al.
2017 toward the development of weather-to-climate seamless
forecasts.

The MaddenbJulian oscillation (MJO), which is recognized
as one of the primary sources of subseasonal prediction, has
been intensively studied (e.g.,Waliser et al. 2003 Zhang
2005 2013 Zhang et al. 202Q Pegion and Sardeshmukh 2011
Jiang et al. 2020a. The MJO is a dominant mode of sub-
seasonal variability in the tropics with a period of 3060 days
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prediction skill is higher in boreal winter than that in summer
(e.g., Wang et al. 2019, and when strong MJO events are
present in the model initial condition (e.g., Lin et al. 2008;
Wang et al. 2014 Xiang et al. 2015). In addition, the behavior
and prediction of the MJO are also modulated by airbsea in-
teractions (Fu et al. 2013 Shelly et al. 2014 Green et al. 2017
Kim et al. 2018), atmosphere mean states DeMott et al. 2015;
Gonzalez and Jiang 2017 Kim 2017; Lim et al. 2018), and
seasonalbinterannual climate variability such as the Indian
Ocean dipole (IOD; Liu et al. 2017), ElI NifAobSouthern
Oscillation (ENSO; Wang et al. 2017a Wei and Ren 2019,
and quasibiennial oscillation (QBO; Marshall et al. 2017 Son
etal. 2017 Lim et al. 2019). However, some debates still exist
with regard to the signibcance of the modulation by these cli-
mate modes (iu et al. 2017; Kim et al. 2019).

Recent studies have emphasized the importance of complex
feedbacks between the atmosphere and ocean in affecting the
MJO (e.g., DeMott et al. 2015; Jiang et al. 2020a. For instance,
convection and wind anomalies related to the MJO could in-
duce anomalous solar radiation, evaporative cooling, and
momentum Bux that inBuence the upper ocean. The generated
ocean surface perturbations in turn can force the atmosphere.
Some studies have shown that the effect of direct heat RBux
forcing caused by SST anomalies is very limited DeMott et al.
2016. In contrast, several indirect feedbacks from the upper
ocean may play active roles in regulating MJO activity (e.g.,
Wang and Xie 1998 Marshall et al. 2008 Liu and Wang 2013
DeMott et al. 2015, 2016 2019. For instance, the airbsea in-
teraction is considered to have a role in maintaining the MJO
over the warm pool by destabilizing atmospheric moist Kelvin
wave (e.g., Wang and Xie 1998. From the perspective of
evaporationBwind feedback,Marshall et al. (2008) proposed a
mechanism emphasizing the role of SST-driven evaporation
and moisture convergence related to increased shortwave ra-
diation over the eastern Rank of MJO convection. Recent
studies showed that ocean feedbacks can increase horizontal
moisture advection and moisture convergence and hence favor
the eastward propagation of MJO convection (e.g.,Hsu and Li
2012 DeMott et al. 2019).

However, there is still no consensus about the inBuence of
atmospherebocean coupling on MJO prediction in dynamical
models. Several studies demonstrated that the atmosphere
general circulation model (AGCM) forced with high-temporal-
resolution SST has better performance in forecasting MJO
compared to that forced with low-temporal-resolution SST (e.g.,
Kim et al. 2008), and similar preponderance is also found in a
coupled GCM compared to the AGCM (e.g., Seo et al. 2009
Kim et al. 2010, 2018 Fu et al. 2013 Shelly et al. 2014 Green
et al. 2019. However, Klingaman and Woolnough (2014)
pointed out that the sensitivity of MJO simulation to airbsea
feedbacks might be overlaid by mean-state bias between the
coupled and the uncoupled models.Fu et al. (2015)also argued
that the inRuence of atmospherebocean interactions on MJO
prediction varies from event to event.

In summary, although it has been emphasized in several
previous studies, the role of the ocean in predicting the MJO is
not yet clearly understood. Since the ocean interacts with the
MJO on various time scales, the impacts of low-frequency
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ocean variability were not fully discussed. In addition, the exact
role of atmospherebocean coupling might be model depen-
dent, so results using different models are benebcial for
reaching a consensus. In this study, we assessed the importance
of airbsea coupling based on a global coupled model: the Scale
Interaction ExperimentbFrontier Research Center for Global
Change (SINTEX-F; Luo et al. 2003). Previous studies have
shown that this model has a good performance in simulating
tropical climate and reducing equatorial SST biases with an
improved coupling physics (Luo et al. 2003, 2005h. This model
can well predict tropical climate variations such as ENSO and
10D on seasonal-to-multiyear time scales (Luo et al. 20053
2007, 20083ab; He et al. 2020. The initial conditions of the
SINTEX-F prediction system were generated by a simple
coupled SST-nudging scheme and hence do not contain the
MJO information.

In this study, we further assimilate the JRA-25 6-hourly data
into the model in order to obtain realistic atmosphere infor-
mation in the initial conditions. By performing a set of 2-month
hindcast experiments with and without airbsea coupling, we
explored the inBuence of airbsea interactions on MJO predic-
tion. Section 2 describes details of the forecast system, experi-
ment designs, analysis methods, and observational data used for
validation. Then a general assessment of model performance in
predicting tropical circulation and convection related to the
MJO is conducted in section 3 Section 4compares MJO forecast
skills in coupled and AGCM-only experiments. Section 5illus-
trates the effects of the atmospherebocean interactions on the
prediction of MJO evolution. The results are summarized and
discussed insection 6

2. Model hindcast experiments and methodology
a. Model and experiments

In this study, one coupled and two AGCM-only hindcast
experiments (Table 1) have been carried out to examine the
role of airbsea coupling in predicting the MJO. The coupled
general circulation model (CGCM) experiment is conducted
using the globally coupled SINTEX-F model. Its atmospheric
component is ECHAM4 with a horizontal resolution of 1.1 8 3
1.18 It uses a 19-level hybrid sigmabpressure vertical coordi-
nate with model top at 10 hPa (Roeckner et al. 1996. The
physical processes used in the model include the bulk mass Bux
formula of Tiedtke (1989) for cumulus convection and the code
of Morcrette et al. (1986) for radiation [see Luo et al. (2005b)
for more detailed descriptions]. The oceanic component is the
OPA 8.2 (Madec et al. 1998 with the ORCAZ2 conbguration:
an Arakawa-C type grid based on a BMercator mesh. In the
Northern Hemisphere, the Arctic pole is transformed to two
poles in the Eurasian and North American continent, respec-
tively, and the anisotropy ratio of the grid meshes after the
transformation becomes nearly one everywhere. The OPA
model resolution is 28cos(latitude) in latitude 3 28in longitude
with Pner meridional resolutions of 0.58 near the equator to
better simulate the equatorial waves. There are 31 vertical
z levels of which 19 levels lie at the top 400 m. The coupling belds
are exchanged every 2h between the ocean and atmosphere
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TaBLE 1. Three hindcast experiments (1984D2008). We have performed 300 runs (i.e., 253r12 months yr ) for each experiment,
and each run is integrated for 2 months.

Expt Model SST forcing Initialization
CTL AGCM (ECHAM 4.6) Climatological SST Nudging 6 hourly u wind, y wind, air
AMIP AGCM (ECHAM 4.6) Observed SST temperature, surface pressure of
CGCM CGCM (SINTEX-F, Predicted SST in the coupled model JRA-25 and SST of OISST v2

ECHAM 4.6 1 OPA8.2)

without any Rux correction by the Ocean Atmosphere Sea Ice
Soil (OASIS) 2.4 coupler (Valcke et al. 2000. Impacts of the
ocean surface currents on the surface momentum 3ux have been
considered (Luo et al. 2005b). Detailed descriptions of the
model are given to Luo et al. (2005ab).

In addition to the coupled model experiment, two comple-
mentary AGCM-only hindcasts using ECHAM4 model are
conducted, namely, the control experiment (CTL) and the
AMIP experiment. To completely remove the inBuence of
upper-ocean variability, the CTL experiment is persistently
forced by the observed climatological monthly mean SST. In
the AMIP experiment, the atmosphere is forced by the ob-
served monthly SST, derived from the NOAA SST reanalysis
blended from in situ data and infrared satellite data using
optimum interpolation (OISST v2; Reynolds et al. 2003. Note
that the prescribed monthly SST data in both the CTL and
AMIP experiments are linearly interpolated to obtain SST
belds at each model time step.

All the three experiments are initialized from the prst day of
each month from January 1984 to December 2008 and then in-
tegrated for 2 months (about 60 days), so we have performed 25
years3 12 months5 300 runs for each experiment. The initial
conditions for ECHAM4 are obtained from a simple spectral
nudging scheme that assimilates the 6-hourly wind, y wind, air
temperature, and surface air pressure derived from the JRA-25
reanalysis data Onogi et al. 2007). The spectral nudging coef-
bcients of divergence, vorticity, air temperature, and surface air
pressure are 0.579 (48 h), 4.63 (6 h), 1.16 (24 h), and 1.16 (24 h)
respectively (Jeuken et al. 1996. In addition to the realistic at-
mospheric forcing, the model SST in the CGCM is also strongly
nudged toward the observed SST interpolated from NOAA
weekly OISST v2 data (i.e., the coupled SSTPnudging initiali-
zation scheme; sed_uo et al. 20059. This simple coupled data
assimilation scheme helps reduce the modelOs initial shock and
improve climate prediction skill (e.g., Luo et al. 20053 20083ab).

Figure 1 displays the anomaly correlations between the ob-
servation (seesection 2b and the initial conditions generated by
the spectral nudging scheme. We examined the initial conditions
of anomalous outgoing longwave radiation (OLR) and zonal
wind at pressure levels of 850 hPa (U850) and 200 hPa (U200)
that are used for calculating the MJO metrics. Signibcantly high
correlations (. 0.90) are found for zonal winds at both 200 and
850 hPa over most regions of the globe Figs. 1a,l). Relatively
low correlations of the U850 are found over the Tibetan Plateau,
the eastern coast of Africa, and the west coasts of North and
South America, where the topography is dominated by high
mountains. In contrast, much lower correlations are found in
OLR between the model initial conditions and the NOAA
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satellite observations, particularly over the tropical region
(Fig. 10). Similar correlations in OLR can be obtained if com-
pared against the OLR from the JRA-25 instead of NOAA
OLR. This is probably due to the fact that the model OLR is
derived based on cloud and convection parameterizations, in
which large uncertainty can be involved. Assimilating moisture
observations might help improve the OLR initial conditions
(Wu et al. 2020, which warrants a future study.

b. Validation data

The observational daily data used in this study during
1984D2008 includes zonal winds, meridional winds, vertical
velocity, air temperature, geopotential height, and specibc
humidity from JRA-25 datasets (Onogi et al. 2007, OLR
from the National Oceanic and Atmospheric Administration
(NOAA; Liebmann and Smith 1996, and observed SST data
provided by AVHRR-OISST v2 ( Reynolds et al. 2007%.

c. Calculation of the MJO indices

The Real-Time Multivariate MJO (RMM) index ( Wheeler
and Hendon 2004 hereafter WH04) has been widely used to
detect coupled MJO signals between deep convection and cir-
culation along the equatorial zone. The averaged U850, U200,
and OLR between 1585 and 15N are used for a combined em-
pirical orthogonal function (EOF) analysis. The RMM1 and
RMM2 are debned as the PC1 and PC2 of the brst two leading
EOF modes. The RMM indices can represent the amplitude of
"MJO, and the phase angle derived from the RMMs can capture
its propagation feature. The calculation of the observed and
forecasted MJO indices follows the procedures described in
previous studies (e.g.,Lin et al. 2008; Gottschalck et al. 201Q
Rashid et al. 2011 Vitart 2017), and the removal of the 120-day
running mean is used to subtract interannual variability. Due to
the short integration (i.e., 2 months) of each forecast, the re-
analysis data are concatenated preceding the model initial date
to compute the 120-day running mean.

Following Wang et al. (2014) each variable associated with the
RMM index is denoted as X(t, t), where t represents the initial
time and t represents the lead days. The intraseasonal anomalies
of each 2-month forecast are obtained by the following steps:

1) The daily climatology is calculated from the mean of the
forecasts during 19842008 as a function of lead day and
start calendar month.

2) The raw daily anomaly A(t, t) is calculated by subtracting
the daily climatology from X(t, t).

3) Previous 120-day averages are removed on each grid.
Assuming the forecast target day isn, we compute the
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FIiG. 1. Correlation coefpcients between the observations and
initial conditions of (a) U200, (b) U850, and (c) OLR anomalies
during 1984D2008. (d) Zonal mean of the correlations as a function
of latitude. Note that the observed OLR is derived from the
NOAA satellite observation and results based on the JRA-25 OLR
are similar.

running mean of the forecast anomalies at lead times of
12 ndays and the observational anomalyO(t) of 120 2

n dayg, prior to the model initigl date: An(t, t) 5

(1120) AL D1 ZEF"O(t2 i) , and then we sub-
tract this 120-day mean anomaly from the daily anomaly to get
rid of the interannual variability: A4t t) 5 A(t,t) 2 Ap(tt).
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FIG. 2. The (a) brst and (b) second leading EOF eigenvectors of
combined Pelds of OLR (black solid lines), U850 (red dashed
lines), and U200 (blue dotted lines). The variance explained by
each mode is given at the top right of each panel.

The observed RMMs are obtained from the PCs of the brst
two leading combined EOF modes of OLR, U850, and U200
anomalies, while the forecast RMMs are reconstructed by
projecting the forecast anomalies of OLR, U850, and U200
onto the observed two EOFs modes Fig. 2). Note that the
anomaly of each variable has been normalized by its standard
deviation based on the observations, following Gottschalck
et al. (2010). In this study, the wind Pelds derived from JRA-25
datasets are used for validation, which slightly differs from the
NCEP reanalysis datasets used inWWHO04. Thus, the observed
RMMs are derived based on the multivariate EOF analysis
using OLR from NOAA and zonal winds from JRA-25
(Fig. 2). Similar to what is shown in Fig. 1 of WH04, EOF1
characterizes enhanced convection over the eastern Indian
Ocean and Maritime Continent, and EOF2 depicts enhanced
convection over the western Pacibc (WP) and suppressed
convection over the tropical Indian Ocean (T10O). In addition,

A spatial phase shift between convection and zonal winds,
along with a baroclinic structure of circulation in the upper and
lower troposphere can be found as inWHO04.

Apart from the RMMs, we also calculated intraseasonal
anomalies of several pelds related to the MJO diagnoses (see
section 5 by subtracting the 120-day running mean and then
applying an additional 5-day running mean to smooth out the
high-frequency signal.

d. Measure of MJO prediction skill

The anomaly correlation coefbcient (ACC) and root-mean
square error (RMSE) are often used to quantify prediction
skill. In this study, the bivariate ACC and RMSE as a function
of lead time based on the observed and predicted RMM1 and
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