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Abstract. The Madden—Julian Oscillation (MJO) is a key
driver of global subseasonal-to-seasonal (S2S) climate vari-
ability, initiating teleconnections that affect weather patterns
worldwide. Improving understanding of the factors that mod-
ulate MJO predictability is therefore critical for advancing
S2S forecasting systems. Using a multi-model framework,
we evaluate changes in MJO prediction skill between two
periods (1981-1998 and 1999-2018) during austral sum-
mer (December—February) and examine the processes un-
derpinning these differences. Our analysis reveals a pro-
nounced decadal variation in MJO forecast skill, with high-
skill years in 1981-1998 showing prediction lead times of
around 10d longer (based on the bivariate correlation of the
Real-Time Multivariate MJO (RMM) index) than in 1999—
2018, while low-skill years show little change. This asym-
metric reduction coincides with stronger MJO amplitude in
the earlier period, despite relatively stable model mean-state
biases in tropical sea surface temperatures (SSTs) and lower-
tropospheric moisture. Key findings include: (1) persistent
moisture biases across both periods, yet higher skill in 1981—
1998, suggesting that model systematic errors alone can-
not explain the differences; (2) a stronger relationship be-
tween Quasi-Biennial Oscillation (QBO) and MJO forecast
skill in the first period, independent of stratospheric reso-
lution in the models; and (3) weakened coupling between
the MJO and large-scale climate modes, including the QBO,
El Nifo-Southern Oscillation (ENSO), and Indian Ocean
Dipole (IOD), in 1999-2018, indicating reduced dynamical
support for prediction. These results suggest that decadal

variations in MJO forecast skill are strongly influenced by
changes in the background dynamical environment.

Highlights

— The MJO exhibits greater inherent predictability in
1981-1998 compared to 1999-2018, primarily due to
stronger MJO amplitude (higher signal-to-noise ratio).

— Climate forcings such as QBO, 10D, and ENSO play
a primary role in modulating MJO skill in the models,
overcoming model mean state biases.

— Peak skill in MJO prediction is found when easterly
QBO (EQBO) coincides with negative IOD or La Niiia,
a synergy that weakened after 1998.

1 Introduction

The Madden-Julian Oscillation (MJO), first identified by
Madden and Julian (1971, 1972), is the dominant mode
of intraseasonal tropical climate variability. Through its
planetary-scale coupling of convection and circulation, the
MJO modulates global weather systems via teleconnec-
tions and directly influences monsoons, extreme weather
events, and tropical to polar teleconnections (Tseng et al.,
2018; Rondanelli et al., 2019; Lim et al., 2021a; Stan et
al., 2022; Roy et al., 2025; Wille et al., 2024). These far-
reaching impacts make MJO prediction vital for subseasonal-
to-seasonal (S2S) forecasting (Zhang, 2013; Jiang et al.,
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2020). Despite its critical role in S2S predictability, accu-
rately forecasting the MJO remains a persistent challenge
for state-of-the-art dynamical models (Kim et al., 2019a).
Since the landmark Intraseasonal Variability Hindcast Ex-
periment (ISVHE) in 2014, coordinated multi-model efforts
have systematically advanced MJO prediction capabilities
through improved model physics, initialisation, and ensem-
ble strategies (Neena et al., 2014; Vitart, 2017; Pegion et al.,
2019). These advances have extended MJO prediction skill
to approximately 25-30d in leading systems (Kim et al.,
2019a).

Despite modelling improvements, persistent deficiencies
in simulating MJO propagation across the Maritime Conti-
nent (MC) continue to limit prediction skill, particularly for
MC-terminating events compared to those propagating be-
yond (Abhik et al., 2023). This persistent “MC barrier ef-
fect” (Zhang and Ling, 2017) arises primarily from model
deficiencies in representing the region’s complex orography,
diurnal precipitation cycles, and lower-tropospheric moisture
preconditioning (e.g., Peatman et al., 2014; Gonzalez and
Jiang, 2017; Ling et al., 2019; Savarin and Chen, 2023).
These issues are compounded by systematic mean-state bi-
ases across the tropical Indo-Pacific, including an overly dry
lower troposphere and erroneous circulation patterns over the
MC region (Kim et al., 2019a; Zavadoff et al., 2023). Fur-
thermore, MJO prediction skill exhibits strong sensitivity to
initial conditions, with forecast reliability depending on the
event’s initial amplitude and genesis location, particularly for
Indian Ocean-initiated events (Rashid et al., 2011; Lim et al.,
2018; Wu et al., 2023).

While these tropospheric factors dominate MJO pre-
dictability and representation in models (e.g., Kim et
al., 2014; Lin et al., 2024), stratospheric influences also
play a critical role. In particular, the Quasi-Biennial Os-
cillation (QBO) modulates MJO amplitude and propaga-
tion through stratosphere—troposphere interactions (Son et
al., 2017; Nishimoto and Yoden, 2017). This modulation
also extends MJO forecast skill, with S2S models con-
sistently showing higher predictability during the easterly
QBO (EQBO) phases, when equatorial stratospheric winds
blow from east to west (Abhik and Hendon, 2019). The
physical mechanisms underlying this modulation involve two
key processes: (1) EQBO-induced cold anomalies in the up-
per troposphere-lower stratosphere (UTLS) that reduce static
stability and promote deep convection, and (2) more ef-
fective cloud-radiative feedback that amplifies and sustains
MJO circulation (Marshall et al., 2017; Hendon and Ab-
hik, 2018; Sakaeda et al., 2020; Jin et al., 2023). Notably,
the observed QBO-MIJO relationship has intensified in re-
cent decades, likely linked to stratospheric cooling and tropo-
spheric warming trends (Klotzbach et al., 2019). Despite this
well-documented connection, most global forecast models
struggle to replicate the QBO—MJO relationship (e.g., Kim
et al., 2019b; Martin et al., 2021). Kim et al. (2019b) demon-
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strated only a weak QBO-MIJO relationship reproduced by
most forecast systems during the 1999-2015 period.

While the QBO’s role in MJO predictability is well estab-
lished, the impacts of tropical sea surface temperature (SST)
variability remain less understood and appear to be model-
dependent. Zhou et al. (2024) recently identified enhanced
MJO prediction skill during basin-wide warm Indian Ocean
SST events in boreal winter, mediated through intensified
convective instability. However, their analysis was restricted
to model simulations from the post-1999 period. This find-
ing suggests a potentially essential but underexplored con-
nection between the Indian Ocean Basin Mode (IOBM) and
MIJO predictability, consistent with known thermodynamic
controls on MJO propagation.

Similarly, Liu et al. (2017) demonstrated that Indian Ocean
variability (particularly positive Indian Ocean Dipole phases)
might govern the upper limit of MJO predictability in the
forecast system. However, they cautioned about the potential
model overestimation of this relationship. Notably, both anal-
yses were restricted to shorter periods (about ~ 20 years),
leaving open questions about the robustness of these relation-
ships across different climate states and longer timescales.
The El Nifio Southern Oscillation (ENSO)-MJO relation-
ship exhibits complexity in particular, with studies report-
ing improved skill during both El Nifio (via strengthened
air-sea coupling; DeMott et al., 2018; Wu et al., 2023) and
La Nifia conditions (Kim et al., 2018; Mengist and Seo,
2022). This suggests that oceanic mode—-MJO relationships
are non-stationary, likely reflecting their sensitivity to evolv-
ing background climate states on decadal timescales (Zhao
et al.,, 2016). MJO characteristics and predictability have
also been shown to undergo decadal shifts associated with
a phase change of the Interdecadal Pacific Oscillation (IPO)
around 1999 (Wang and Wang, 2023; Skinner et al., 2023;
Dong et al., 2025).

This study addresses these knowledge gaps through
a multi-model framework examining decadal shifts in
MJO predictability during boreal winter/austral summer —
December—February (DJF) —, the season of peak MJO activ-
ity and strongest coupling with major climate modes (ENSO,
QBO, 10D, IOBM). Using four S2S hindcast datasets, to-
gether with observational verification and statistical bench-
marking, we:

1. disentangle intrinsic MJO predictability from model-
specific biases;

2. quantify how the influence of large-scale climate modes
on predictability varies between IPO phases of 1981-
1998 and 1999-2018; and

3. diagnose the role of evolving background states in shap-
ing the mechanisms and thresholds of MJO predictabil-

1ty.

For the rest of the paper, we will describe forecast model con-
figurations, forecast and verification data, and analysis meth-
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ods in Sect. 2 and present results with discussion in Sect. 3.
Then, we will provide concluding remarks in Sect. 4.

2 Data and methods
2.1 Datasets

This study analyses four independent subseasonal-to-
seasonal (S2S) hindcast datasets to evaluate MJO predic-
tion skills across different modelling systems: the Pre-
dictive Ocean-Atmosphere Model for Australia version
2 (POAMA2, Cottrill et al. 2013), the Australian Community
Climate and Earth-System Simulator—Seasonal (ACCESS-
S2, Wedd et al., 2022), the Community Earth System Model
Version 2 (CESM2, Richter et al., 2022), and the Global
Earth Observing System S2S model Version 2 (GEOS-S2S-
2, Molod et al., 2020). These models were selected based
on the availability of sufficiently long hindcasts, ensemble
sizes, and initialisation frequencies to permit robust skill
assessment. In particular, POAMA2 and ACCESS-S2 pro-
vide extended archives (1981-2018), forming the core of our
decadal comparison, while CESM2 and GEOS-S2S-2, avail-
able for the later period (1999-2018), are incorporated to
broaden the analysis to more recent state-of-the-art systems
and to test the robustness of the identified mechanisms across
diverse model configurations. Although both POAMA?2 and
ACCESS-S2 are the Bureau of Meteorology’s systems, they
are independent of each other with different component mod-
els, data assimilation (DA) frameworks and initial condi-
tion generation strategies (Hudson et al., 2017; Wedd et al.,
2022). As a result, differences in MJO forecast skill between
the two systems reflect a combination of model formulation
and initial-condition differences. Importantly, there were no
changes to the DA configuration within each model between
1981-1998 and 1999-2018, ensuring internal consistency
for interdecadal comparisons. POAMA?2 has a relatively low
model top (~ 9-10hPa), so it does not fully resolve the
stratospheric column and associated QBO dynamics. How-
ever, owing to high-quality observed initial conditions, the
observed QBO state is well represented at forecast start, and
the vertical resolution in the upper troposphere—lower strato-
sphere, where QBO-MIJO interactions are thought to operate,
is considerably finer than in the upper stratosphere.

Key features of the hindcast set of each forecast sys-
tem — including vertical resolutions, ensemble sizes, ini-
tialisation frequencies, and hindcast durations are sum-
marised in Table 1. The study employs three primary ob-
servational datasets for verification: (1) NCEP/DOE Reanal-
ysis II (NCEP2) for atmospheric variables (Kanamitsu et
al., 2002), (2) NOAA AVHRR Outgoing Longwave Radi-
ation (OLR) as a proxy for tropical convection (Liebmann
and Smith, 1996), and (3) the NOAA OISST V2 SST dataset
(Huang et al., 2021). These datasets span the 1981-2018
study period and were regridded to a consistent 2.5° x 2.5°
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global grid to facilitate comparison with model outputs. All
model hindcasts (POAMA?2, ACCESS-S2, CESM2, GEOS-
S2S-2) are regridded to match the observational 2.5° x 2.5°
grid.

Climate indices

MJO activity is quantified using the Real-Time Multivari-
ate MJO (RMM) index (Wheeler and Hendon, 2004), which
is derived from the combined anomalies of OLR and zonal
winds at 200 and 850hPa. Anomalies are computed rel-
ative to the climatology for each corresponding period
(1981-1998 and 1999-2018). For climate mode classifica-
tion, ENSO phases are identified using the Nifio 3.4 index
(Trenberth, 1997), with El Nifio (La Nifia) defined when the
5-month running mean of SST anomalies in the Nifio 3.4 re-
gion (5°S-5°N, 170-120° W) exceeds +0.50 (falls below
—0.50). The running mean is applied continuously through-
out the year, ensuring that phase classification captures the
persistence of ENSO anomalies relevant to the DJF period
under analysis. IOD events are tracked using the Dipole
Mode Index (DMI) (Saji et al., 1999), which is calculated as
the difference in SST anomalies between the tropical western
(50-70°E, 10°S-10°N) and eastern (90-110°E, equator—
10°S) Indian Ocean (i.e., the western pole minus the eastern
pole). Events are classified as positive or negative IOD based
on the DJF mean of the DMI. A positive IOD event is de-
fined when the DJF-averaged DMI exceeds +0.50 (relative
to the DJF climatology), and a negative IOD when it falls
below —0.5¢. The Indian Ocean Basin Mode (IOBM) index
is computed as the area-weighted average of SST anomalies
across the tropical Indian Ocean (20° S-20° N, 40-110°E),
following Xie et al. (2009). Warm (cold) IOBM events are
identified when the standardised index exceeds +0.50 (falls
below —0.50). QBO phases are determined using 50 hPa
zonal wind anomalies averaged over 5°S-5°N (Usp) from
NCEP2, with easterly (westerly) phases defined as Usy <
—0.50 (Usy > +0.50) (Son et al., 2017).

To evaluate MJO prediction skill, we compare dynami-
cal model forecasts against both observations and predictions
from the Vector Autoregression (VAR) model developed by
Maharaj and Wheeler (2005). This statistical approach serves
as a key benchmark for assessing the performance of dynam-
ical models, as established in previous studies (Rashid et al.,
2011). The VAR model predicts MJO evolution using initial
values of the RMM indices (RMM1 and RMM?2) along with
their lagged temporal variations, effectively functioning as
an advanced bivariate persistence forecast. The VAR model
is calibrated separately for each period, using all available
DIJF seasons in 1981-1998 for Period 1 and 1999-2018 for
Period 2. In this study, the VAR is used as a diagnostic tool
to characterise the dominant linear lead—lag relationships be-
tween the MJO and large-scale climate modes within each
decadal regime, rather than to generate independent year-by-
year forecasts.
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Table 1. Summary of the hindcast datasets analysed in this study.

R. Roy et al.: Decadal variability in MJO forecast skill

Model Pressure levels (hPa) Temporal range  Ensemble Initialization References
members frequency

(days of the

month)
POAMA? (low top 17 levels (model top at 1981-2018 11 01, 06, 16, 26 Cottrill et al. (2013),
model) 9 hPa) Hudson et al. (2017)
ACCESS-S2 (high-top 85 levels (model top at  1981-2018 3 01, 06, 16, 26 Wedd et al. (2022)
model) ~ 0.01 hPa)
CESM2 (low top 32 vertical levels 1999-2018 11 1/week Richter et al. (2022)
model) (model top at 2.26 hPa)
GEOS-S2S-2 (high-top 72 vertical levels 1999-2018 4 1/week Molod et al. (2020),

model) (model top at 0.01 hPa)  (data

unavailable for

early 2017)

Lim et al. (2021b)

Further details of the VAR model’s mathematical for-
mulation and training procedures are provided in Marshall
et al. (2016). This statistical benchmark enables system-
atic evaluation of whether dynamical models outperform a
simple empirical statistical model. This study employs a
period-stratified approach, analysing all observational data,
dynamical model outputs (POAMA?2, ACCESS-S2, CESM2,
GEOQOS-S2S-2), and statistical benchmarks exclusively within
two independent periods (1981-1998 and 1999-2018) to
address potential non-stationarities in MJO behaviour. The
VAR model is separately calibrated for each period through
distinct regression coefficients (see text in the Supplement).
By maintaining identical period divisions across all compo-
nents (models, observations, and VAR), we control for back-
ground state variability and accurately quantify the evolution
of skill across different periods.

2.2 Methods

Our analysis employs bivariate correlation (B. Corr) between
observed and forecasted MJO RMM indices (Rashid et al.,
2011) to quantify MJO prediction skill during austral sum-
mer (DJF), focusing specifically on the subseasonal win-
dow (15-25d leads) where operational forecasting transi-
tions from weather to climate timescales (see text in the Sup-
plement). This subseasonal window is used to compute an
interannually varying skill index. A 15-25d window to cal-
culate the skill index is selected for two key reasons:

1. Subseasonal focus: this window captures the critical
transition period where deterministic weather forecasts
lose skill, but MJO predictability remains viable, ad-
dressing the core S2S prediction challenge.

2. Signal clarity: in this range, interannual variations in
MJO prediction skill are physically coherent and con-
sistent across models, unlike at shorter leads (dominated
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by initial conditions) or longer leads (where noise over-
whelms the signal). Broader windows (e.g., 10-30d)
were also tested, but these either biased the index toward
initial-condition dependence or introduced substantial
noise, reducing cross-model consistency.

To examine decadal changes in MJO predictability, we clas-
sified years into high- versus low-skill categories for each
of ACCESS-S2, POAMA-2, CESM2, GEOS-S2S-2 and for
1981-1998 (ACCESS-S2 and POAMA?2 only) and 1999—
2018 using the 15-25d bivariate correlation MJO skill in-
dex (see text in the Supplement for detailed methodology).
We identified the top seven highest-scoring years as “Good
MJO prediction years” (high-skill) and the bottom seven
years as “Poor MJO prediction years” (low-skill) for each
model-period combination. This comparison approach pro-
vides maximum diagnostic contrast between high- and low-
skill regimes, allowing us to isolate the specific climate con-
ditions (e.g., ENSO, QBO, IOD phases) and model charac-
teristics that enhance or degrade MJO forecast skill. Select-
ing 7 years per category corresponds approximately to the
top and bottom 40 % of cases in each period, providing a
balance between statistical robustness and clear separation
of skill levels.

To investigate drivers of MJO predictability, we corre-
late each model’s MJO skill index with key climate indices:
Nifio 3.4 (ENSO), Zonal wind anomalies at 50 hPa (QBO),
DMI (I0D), and the IOBM Index. The climate indices are de-
rived from observed datasets. The MJO amplitude and phase
are derived following Rashid et al. (2011), ensuring com-
patibility with established verification frameworks. We de-
tect and track MJO events using a modified version of the
Wei and Ren (2019) methodology. While their original ap-
proach focused solely on Indian Ocean-initiated events, our
implementation extends coverage to all MJO phases (1-8).
This adaptation provides three advantages: (1) it captures the
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full spectrum of observed MJO behaviour, including Pacific-
originating events; (2) it eliminates geographical selection bi-
ases that could skew model verification; and (3) it increases
the sample size of detectable events, enhancing statistical ro-
bustness. The steps for classifying MJO events are discussed
in detail in the text in the Supplement. We also employ linear
regression between the MJO skill indices and key variables
(OLR and 850 hPa specific humidity anomalies) for both ob-
servations and model forecasts to examine the background
state changes associated with high MJO skill years versus
low MJO skill years. Observational data are restructured to
match forecast conventions, with four monthly start dates,
and MJO evolution time is calculated accordingly, ensuring
consistent comparison with model outputs.

3 Results and discussions
3.1 Observed MJO characteristics

Figure 1 highlights apparent epochal differences in the mod-
ulation of observed MJO amplitude by key climate modes.
The table listing the years used in each composite is pro-
vided in the Supplement (Table S1). During the earlier pe-
riod (1981-1998; Fig. 1, top row panels), MJO amplitude is
significantly higher during negative Indian Ocean Dipole (N-
I0D) compared to positive IOD, as indicated by stippling.

Amplitude is also higher during Easterly Quasi-Biennial
Oscillation (EQBO) and cold Indian Ocean Basin Mode (C-
IOBM) years, although this difference is not statistically
significant at the 90 % confidence level. In contrast, during
the later period (1999-2018; Fig. 1, bottom row panels),
these phase-dependent relationships undergo a marked reor-
ganisation: the EQBO-WQBO contrast becomes statistically
significant, driven primarily by a substantial reduction in
MJO amplitude during WQBO rather than an increase during
EQBO, while the previously significant IOD contrast weak-
ens and falls below statistical significance, and C-IOBM dif-
ferences remain non-significant.

A limitation of this analysis is the relatively small number
of years available for some climate-mode phases, particularly
positive IOD events in 1981-1998 (only two DJF seasons
meet the DMI threshold). As a result, phase composites in
this period are sensitive to sampling variability, and bootstrap
confidence intervals should be interpreted with caution for
sparsely populated categories. To highlight this, Fig. 1 dis-
plays error bars (standard errors) on all composites, allowing
the uncertainty associated with each climate-mode phase to
be directly assessed, including sparsely sampled categories
such as positive IOD years in 1981-1998. The strong ap-
parent contrast between negative and positive IOD phases in
1981-1998 should therefore be viewed as suggestive rather
than definitive, because the positive IOD composite is based
on a very small sample.
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To assess the robustness of these relationships, we ad-
ditionally computed MJO amplitude composites over the
whole 40-year period (1981-2018), without epochal subdi-
vision (Fig. SI in the Supplement). This Supplement fig-
ure shows smoother, more statistically stable signals, consis-
tent with the expectation that longer sampling reduces uncer-
tainty, and indicates that the enhanced MJO amplitude during
EQBO relative to WQBO remains robust, whereas the IOD
phase contrasts are no longer statistically significant when all
years are combined. This suggests that the pronounced MJO-
IOD contrast seen in 1981-1998 may partly reflect sampling
variability, while the QBO-MIJO relationship is more stable
across periods.

In the earlier period, enhanced MJO amplitude during
specific IOD and IOBM years may be partly associated
with concurrent EQBO conditions. Moderate correlations be-
tween the QBO and IOD (r = 0.32) and IOBM (r = 0.34)
indices suggest some co-variability between stratospheric
and Indian Ocean conditions. Using the phase classifica-
tions listed in Table S1, EQBO coincides with negative IOD
in 3 years during 1981-1998 versus 3 years during 1999—
2018, with La Nifia in 3 years versus 2 years, and with
negative IOBM in 3 years versus 3 years. Notably, IOD
and IOBM are significantly correlated (» = 0.39), indicating
shared variability between these two Indian Ocean modes,
while a weaker correlation exists between QBO and ENSO
(r =0.19).

These relationships are further illustrated in Fig. S2, which
summarizes the pairwise correlations among the climate
indices for the two 20-year subperiods (1981-1998 and
1999-2018) and the full 40-year period (1981-2018). The
comparison reveals that correlations among Indian Ocean
modes (IOD and IOBM) are statistically significant during
1981-1998 but weaken and fall below significance in the
later period (1999-2018), indicating that the co-variability of
these modes is not stationary across decadal timescales. Sim-
ilarly, correlations involving the QBO (particularly QBO-
IOD and QBO-IOBM) are stronger and significant during
the earlier period but weaken or disappear in the later period,
suggesting episodic rather than continuous stratosphere—
troposphere coupling. Together, these patterns imply that
MJO amplitude during the earlier period was likely influ-
enced by a combination of stratospheric (QBO) and tropo-
spheric (Indian and Pacific Ocean SST) factors, with the rel-
ative contribution of each varying across decadal background
states.

While previous studies (e.g., Sun et al., 2019; Mengist and
Seo, 2022; Takasuka et al., 2025) have emphasised the role
of EQBO-La Nifia co-occurrence in enhancing MJO convec-
tion and reducing the blocking effect of the Maritime Conti-
nent, it is notable that La Nifia events frequently coincide
with negative IOD- and IOBM-like states (Schott et al., 2009;
Cai et al., 2011; Lim et al., 2017). The negative phase of the
IOD, characterised by enhanced low-level moisture and re-
duced atmospheric stability over the eastern Indian Ocean

Weather Clim. Dynam., 7, 1385-1403, 2026
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Mean MJO DJF Amplitude Composite (1981-1998)
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Figure 1. Composite mean amplitude of the MJO across different phases of climate indices IOBM, IOD, QBO, and Niflo 3.4 during austral
summer. The top row displays results for the period 1981-1998, while the bottom row shows the same for 1999-2018. Numbers in parentheses
denote the number of years included in each composite phase. The statistical significance of MJO amplitude differences between positive and
negative phases of each index was assessed using a bootstrapping approach (10 000 iterations), where years were randomly resampled (7 per
phase). Stippled bars/bold text above the bars indicate differences exceeding the 90th percentile confidence threshold. Error bars denote the
standard error of the mean amplitude in each composite, illustrating the increased uncertainty for sparsely sampled phases (e.g. positive IOD

in 1981-1998).

(Kug et al., 2009; Wilson et al., 2013), provides a thermo-
dynamic environment favourable for MJO development, par-
ticularly in phases 1 and 2. These conditions likely acted in
concert with EQBO to strengthen MJO amplitude during the
1981-1998 period, highlighting a synergistic interaction be-
tween stratospheric and tropospheric drivers.

In contrast, the 1999-2018 period exhibited intensified
EQBO-MJO coupling (Klotzbach et al., 2019) but a break-
down of tropospheric linkages, with QBO-IOD/IOBM cor-
relations weakening to r = 0.15-0.13 and QBO-ENSO be-
coming slightly anti-correlated (r = —0.18). This breakdown
reflects a fundamental shift in the background state, where
the loss of combined stratospheric-tropospheric forcing ex-
acerbated by a weakened N-IOD-La Nifia relationship post-
1999 (Lim et al. 2017; Zu et al., 2024) diminished MJO
amplitude modulation. Notably, the two analysis periods
roughly coincide with opposite phases of the Interdecadal Pa-
cific Oscillation (IPO), with 1981-1998 dominated by pos-
itive IPO values and 1999-2018 by predominantly nega-
tive IPO conditions (Zhao et al., 2016; Henley, 2017). This
decadal IPO shift provides an additional large-scale con-
straint on the Indo-Pacific mean state and may contribute
to the non-stationarity of the MJO-climate mode relation-
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ships examined here. This is further supported with the find-
ings of Skinner et al. (2023), who showed that boreal winter
MJO teleconnection patterns undergo pronounced decadal
changes linked to shifts in the IPO and Atlantic Multidecadal
Variability. These changes arise primarily from alterations in
the background mean state rather than ENSO aliasing (i.e.,
uneven sampling of El Nifio and La Nifia events across peri-
ods), reinforcing the idea that decadal variability plays a key
role in modulating MJO amplitude and teleconnections.

To further characterise MJO variability, we examined re-
lationships between interannual MJO event properties (mean
DJF duration and total yearly event count for DIJF; see
text in the Supplement for the event definition and calcu-
lation) and climate mode indices. The QBO exerted the
most substantial and most persistent influence on MJO event
duration by showing robust negative correlations (1981-
1998: r = —0.67; 1999-2018: r = —0.50). Composite anal-
ysis (Fig. S3) illustrates the frequency distribution of MJO
phases, showing that in EQBO years, particularly during
1981-1998, the MJO spends more days in phases 3-6. Al-
though the figure does not directly plot event duration, this
higher phase occupancy reflects longer-lived events, consis-
tent with the negative correlation between QBO and mean
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DJF event duration (r = —0.67). In contrast, MJO event
count exhibited weaker associations with QBO (r = —0.28
to —0.20).

The tropospheric modes exhibited decadally varying rela-
tionships with MJO frequency. In 1981-1998, the DMI cor-
related negatively with event count (r = —0.48), indicating
more frequent MJO events during N-IOD years. In 1999-
2018, this relationship reversed sign and weakened (r =
0.29), implying a modest shift toward slightly higher event
counts during positive IOD years, but with much smaller am-
plitude than the strong N-IOD enhancement seen in the ear-
lier period (also see Table S2). The IOBM index developed
a positive correlation (» = 0.38) in the later period, indicat-
ing more events during W-IOBM years. This weakening of
tropospheric mode relationships in the second period may
stem from reduced co-occurrence of favourable QBO and
tropospheric climate mode phases. Notably, none of the tro-
pospheric indices (IOD, IOBM, ENSO) significantly corre-
lated with MJO duration, underscoring that while they mod-
ulate initiation frequency, event longevity is governed pri-
marily by stratospheric (QBO) processes. Figure S4 com-
posites illustrate these dynamics: EQBO years in 1981-1998
featured both greater total MJO days and more substantial
phase-specific enhancement (phases 3-6), whereas tropo-
spheric influences (e.g., El Nifio/N-IOD/W-IOBM linkages
to MJO frequency) weakened or reversed in the later pe-
riod. During both 1981-1998 and 1999-2018, Nifio 3.4 ex-
hibited only a weak relationship with total DJF MJO event
counts and event durations (Table S2). Nevertheless, dur-
ing 1981-1998, total phase counts were generally higher in
El Nifio years, with a disproportionate frequency in phases 3—
6, reflecting more eastward-propagating events. In contrast,
phase-resolved composites for 1999-2018 (Fig. S4) indicate
that La Nifia continued to exert a strong influence on the
MIJO phase distribution, favouring increased occurrence in
phases 7-2 and a relative reduction in eastward-propagating
events. These results suggest that while the overall relation-
ship between Nifio 3.4 and MJO activity remained weak,
interannual ENSO conditions still modulated the spatial—
temporal structure of MJO events differently across the two
periods. Collectively, these results show that while the QBO
continues to exert a strong and statistically robust influ-
ence on MJO event duration across both periods (r = —0.67
and —0.50), its impact on the phase distribution and spatial
structure of MJO activity is not fully stationary and exhibits
reversals between EQBO and WQBO, comparable in magni-
tude to the temporal variability seen for tropospheric climate
modes (Fig. S4).

3.2 MJO skill indices in the models
As found in previous studies, all dynamical models ex-
hibit appreciable skill for the 15-25d lead time in most

years, with bivariate correlations generally above ~ 0.5, in-
dicating meaningful predictability of the MJO at subsea-
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sonal timescales. Figure 2 reveals systematic differences in
MIJO forecast skill between models and across the two pe-
riods. Dynamical models show strong inter-model agree-
ment in skill indices during both 1981-1998 (Fig. 2a) and
1999-2018 (Fig. 2b), while the statistical VAR model (yel-
low line) consistently underperforms — a pattern confirmed
also by the mean skill comparison with lead time (Fig. 2c,
yellow line). The agreement in MJO skill across individ-
ual models and with the multi-model mean is illustrated in
Fig. S4. POAMA?2 emerges as the highest-skill dynamical
model (green solid line; ~ 26 d skill) (Fig. 2c), potentially at-
tributable to its enhanced MJO amplitude relative to observa-
tions (compare green and black solid lines; Fig. 2d). It is also
noteworthy that the MJO amplitude is substantially underes-
timated in ACCESS-S2 (blue lines), particularly during the
second period, compared to the other models and observa-
tions. This amplitude deficiency, however, does not translate
to proportionally reduced forecast skill; the model maintains
skill levels comparable to those of other dynamical models
for this period. This apparent discrepancy suggests that while
accurate amplitude representation may contribute to forecast
skill (as seen in POAMAZ2’s strong first-period performance),
other factors may play compensatory roles in maintaining us-
able skill despite amplitude biases in ACCESS-S2.

A comparison of good MJO prediction years reveals
substantial differences between periods (Fig. 2e, compare
the solid and dashed lines) (also see Fig. S5, left panel).
ACCESS-S2 and POAMA?2 demonstrate approximately 10d
greater forecast skill during 1981-1998 compared to 1999-
2018, with this enhancement directly attributable to stronger
MJO amplitudes in the earlier period (Fig. 2f, compare solid
and dashed lines). The statistical VAR model shows a simi-
lar, though statistically insignificant (p > 0.05), first-period
skill advantage. In contrast, the skill difference between the
first and second periods disappears in years with poor MJO
predictions (Fig. 2g, compare solid and dashed lines), where
all models exhibit comparable performance across periods.
Importantly, there is strong consistency across models in the
classification of good- and poor-prediction years, with most
years falling into the same category across systems, reinforc-
ing the robustness of the inter-model signal. These results
suggest that recent changes in tropical climate dynamics such
as changes in the background state have disproportionately
affected MJO prediction skill in good MJO prediction years,
while leaving poor-prediction years relatively unchanged.

3.3 Mean state biases in the models

Figure 3 illustrates model mean state-specific humidity at
850 hPa and SST biases in the MJO forecast models across
both study periods. All models exhibit an intense warming
pattern in the far eastern Pacific along the west coast of South
America, with POAMA?2 and CESM2 showing the most sub-
stantial biases (exceeding +1.5 °C) and ACCESS-S2 show-
ing the weakest bias (< +0.8 °C). The second period (1999-
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Figure 2. Comparison of MJO forecast skill metrics between 1981-1998 (solid lines) and 1999-2018 (dashed lines). (a, b) Skill indices at
15-25 d lead times across models (VAR, POAMA?2, ACCESS-S2 in 1981-1998; CESM2 and GEOS-S2S-2 added in 1999-2018). (¢, d) Com-
posite mean skill and amplitude displayed as a function of lead time. (e, f) Results for the seven highest-skill years (good MJO prediction);
(g, h) the seven lowest-skill years (poor prediction years). Dots in panels (f) and (h) indicate statistically significant differences (p < 0.05)
between periods for models present in both eras (ACCESS-S2, POAMA2, VAR). The comparison of good and poor MJO prediction years for
the observed MJO amplitude is obtained using the multi-model mean skill index of the dynamical models for each period. The multimodel
mean skill index is constructed from POAMA?2 and ACCESS-S2 in 1981-1998, and from POAMAZ2, ACCESS-S2, CESM2, and GEOS-
S2S-2 in 1999-2018, reflecting the differing hindcast availability. As a result, direct quantitative comparisons of the multi-model mean skill
between periods should be interpreted with caution, and our most robust inter-epoch comparisons are based on POAMA2 and ACCESS-S2,

which are present in both periods.

2018) exhibits notable Indian Ocean warming in CESM2 and
GEOQOS-S2S-2, contrasting with the first period (1981-1998),
during which POAMA?2 and ACCESS-S2 display more lo-
calised eastern Indian Ocean warming, accompanied by a
characteristic negative IOD-like pattern. The identified SST
biases likely affect MJO skill by modifying the background
state through which the MJO propagates. The erroneous east-
ern Pacific warming may alter the mean-state moisture gra-
dients and Walker circulation, potentially influencing MJO
propagation characteristics, though the net effect on forecast
skill depends on how models represent MJO dynamics in this
biased background state. In the first period, negative I0D-
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like patterns in POAMA?2/ACCESS-S2 could promote more
realistic MJO initiation in phases 3 and 4.

Inter-model and period comparisons reveal no strong or
consistent relationship between dry biases and MJO fore-
cast skill. While POAMA2 and ACCESS-S2 maintain con-
sistently weaker dry biases than CESM2 and GEOS-S2S-2,
their skill characteristics show period-dependent behaviour:
both models achieve superior performance during high-skill
years in the first period (1981-1998; Fig. 2e) but experience
notable skill reduction in the second period (1999-2018)
without corresponding increases in moisture bias.

Crucially, mean skill levels remain comparable across all
models despite their divergent dry bias magnitudes (e.g.,
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Figure 3. Mean state biases in MJO forecast models for 40 d integrations from the initialisation dates, showing differences between modelled
and observed climatologies for (a, c, e, g, i, k) specific humidity at 850 hPa and (b, d, f, h, j, 1) SST. Top panels (a—d) display biases for 1981—
1998 from the model ensemble (POAMA?2, ACCESS-S2), while bottom panels (e-1) show 1999-2018 results, including models (CESM2,
GEOS-S2S-2). Positive values indicate that the model overestimates the value of the variable relative to the observations. The stippling in
the figure suggests significant biases estimated using the bootstrapping method.

CESM2/GEOS-S2S-2 versus POAMAZ2). This apparent dis-
connect suggests that moisture biases alone are insufficient
to explain variations in MJO forecast skill. Supporting this,
Fig. 3 shows positive SST biases over the Maritime Conti-
nent and eastern Indian Ocean in some models that do not
translate into corresponding positive moisture anomalies at
850 hPa. This mismatch points to a possible decoupling be-
tween SST anomalies and moisture—convection feedback,
potentially linked to weak surface wind anomalies or limi-
tations in convection parameterisation. Thus, while dry bi-
ases do not directly correlate with skill differences, improv-
ing convection schemes and their coupling with large-scale
dynamics could still be beneficial for enhancing MJO skill
(Zhu and Hendon, 2015), consistent with Jiang et al. (2015),
who showed that realistic feedback between moist convec-
tion and large-scale circulation is critical for simulating MJO
propagation and organisation. We investigate the influence of
large-scale dynamics in the following section.
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3.4 Large-scale dynamics influencing MJO skill in the
models

Figure 4 elucidates the large-scale atmospheric controls on
MIJO forecast skill by analysing regression patterns between
model (right-hand panels) and observed (left-hand panels)
state variables and the MJO skill index computed for each
model during its respective period. For this analysis, OLR
and 850 hPa specific humidity anomalies are averaged over
leads 0-30d and then regressed onto the MJO skill index
(defined from 15-25 d bivariate correlations; Sect. 2.2). This
broader window is used because OLR and low-level mois-
ture act as slowly varying background-state fields that pre-
condition the large-scale environment for MJO evolution, so
a 0-30d mean provides a more representative measure of
the mean state influencing subseasonal convection, whereas
the 15-25d window is reserved for defining the skill index
itself. This approach identifies characteristic patterns asso-
ciated with high-skill/low-skill MJO prediction years while
enabling direct model-observation comparisons.

Weather Clim. Dynam., 7, 1385-1403, 2026
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Figure 4. Linear regression of OLR anomalies and 850 hPa specific humidity anomalies onto MJO skill indices computed for individual

models and periods. The top panels display results for the period from

1981 to 1998, while the bottom panels show results for the period

from 1999 to 2018. Left-hand panels show regressions of observed OLR (top panels) and 850 hPa specific humidity (bottom panels anomalies
onto the model-derived MJO skill index; right-hand panels show regressions of model-simulated OLR and specific humidity anomalies onto
the same skill index. In all cases, anomalies are averaged over 0-30d lead times before regression. Stippling marks regions where regression

coefficients are statistically significant (p < 0.10).

During the first period (1981-1998; Fig. 4, top pan-
els), POAMA2, ACCESS-S2, and VAR simulate a nega-
tive IOD-like pattern in the Indian Ocean, marked by lower-
tropospheric moistening in the eastern Indian Ocean (EIO)
and drying in the western Indian Ocean (WIO), alongside
collocated OLR anomalies showing enhanced EIO convec-
tion and WIO suppression. This dipole structure suggests that
higher MJO skill coincides with a background state replicat-
ing negative IOD-driven moisture-convection feedback. In
the Pacific, models exhibit weak La Nifia-like signatures in
humidity and OLR, although these are statistically insignif-
icant (p > 0.10). ACCESS-S2 shows the strongest La Nifia
signal, while VAR captures only marginal Pacific anomalies.
Collectively, these patterns indicate that first-period MJO
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skill is optimised when models simulate (1) a negative IOD-
like regime in the Indian Ocean, enhancing moisture conver-
gence, and (2) weak La Nifia-like Pacific Ocean conditions,
supporting a stronger Walker circulation.

During the second period (1999-2018; Fig. 4, bottom pan-
els), the models (right-hand panels) simulate distinct shifts
in the relationships with the background states. POAMA?2,
CESM2, and GEOS-S2S-2 exhibit strong moistening in the
central Pacific, resembling a central Pacific El Nifio pattern
(Ashok et al., 2007), with collocated OLR anomalies show-
ing enhanced convection; however, these linkages remain
statistically insignificant (p > 0.10). In contrast, ACCESS-
S2 and VAR lack a clear El Nifio-like signature. The In-
dian Ocean displays divergent model behaviours: CESM2
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and GEOS-S2S-2 align with a warm IOBM regime, marked
by basin-wide moistening and convection, while POAMA?2,
ACCESS-S2, and VAR instead reflect a positive IOD-like
dipole pattern. Notably, all models systematically underes-
timate the observed (left-hand panels) magnitudes of moist-
ening in the Indian Ocean across both periods, suggesting
a pervasive bias in representing moisture convergence dy-
namics in the Indian Ocean region. These results highlight
how epochal changes in tropical climate modes differentially
influence model skill, with central Pacific El Nifio, warm-
IOBM and positive IOD-like regimes emerging as competing
controls on MJO predictability in the most recent period.

Our analysis reveals fundamental differences in how tro-
pospheric background states modulate MJO predictability
across periods. Between 1981 and 1998, the period char-
acterised by a positive phase of the IPO, both dynamical
and statistical models demonstrated higher skill under con-
sistent background conditions, a negative IOD-like pattern in
the Indian Ocean, coupled with weak La Nifia-like Pacific
anomalies, suggesting robust tropospheric control of MJO
predictability. In the second period (1999-2018), when the
IPO phase was negative, the background state no longer ex-
hibited the same coherent negative-IOD—weak-La-Nifia pat-
tern. Instead, the Indo-Pacific fields show greater structural
diversity, including more frequent central Pacific El Nifio
events, pronounced Indian Ocean warming, and altered IOD
behaviour so that models respond less uniformly to tropo-
spheric conditions. Furthermore, during this later period,
models diverge in their responses to background states, with
POAMA2, CESM2, and GEOS-S2S-2 tracking central Pa-
cific (CP) El Nifo-like conditions, while ACCESS-S2 and
VAR exhibit either positive 10D linkages or weak tropi-
cal Pacific connections. This reduced tropospheric influence
likely stems from the following:

1. Increased sensitivity to Indian Ocean warming in recent
years in some models (Dalpadado et al., 2021).

2. ENSO diversity, particularly increased CP El Nifio
events (Lee and McPhaden, 2010; Freund et al., 2019),
which alter MJO propagation pathways (Chen et al.,
2015) and

3. Stratospheric dominance, as the QBO’s role in MJO
skill intensifies due to the absence of coherent tropo-
spheric drivers.

The declining inter-model agreement further underscores
that contemporary MJO prediction skill may depend more on
interannual variability in stratospheric processes (e.g., QBO)
than on the tropospheric background state. This has impor-
tant implications for model development.

To elucidate the evolving relationship between large-scale
drivers and MJO predictability, we computed correlations
between the multi-model mean skill index and the climate
mode indices (averaged across dynamical models) during
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austral summer (December—February) for each period sepa-
rately. This analysis reveals how the MJO-climate mode link-
age has changed between 1981-1998 and 1999-2018, iden-
tifying which climate condition became more or less influen-
tial on MJO forecast skill over time. During 1981-1998, the
multi-model mean skill index exhibited the strongest corre-
lation with the QBO index (r = —0.41, p < 0.01), demon-
strating enhanced predictability during EQBO years, with
EQBO conditions supporting extended predictability win-
dows of 25-35d (see Table S3). This was complemented
by weaker but consistent relationships with negative phases
of the ocean—atmosphere coupled modes: I0OD (r = —0.36,
p <0.01), ENSO (r = —0.30), and IOBM (» = —0.21), in-
dicating that La Nifia and negative IOD/IOBM conditions
further enhanced predictability when coincident with EQBO.
These correlation patterns strongly support our earlier find-
ings that optimal MJO predictability occurred during peri-
ods when negative IOD/IOBM/ENSO phases coincided with
EQBO conditions. This enhanced predictability primarily re-
sults from strengthened MJO convection during phases 3-6,
when the MJO’s convective envelope interacts most strongly
with the Indian Ocean-western Pacific warm pool. The com-
bined effects of (1) EQBO-induced stratospheric wind mod-
ulation and (2) warmer SSTs under negative IOD/IOB-
M/ENSO phases create favourable conditions for enhanced
lower-tropospheric moisture convergence and deep convec-
tion. Both observational composites (Fig. S3) and model sim-
ulations confirm this amplification mechanism, demonstrat-
ing more vigorous MJO activity in phases 3—6 during these
co-occurring climate mode conditions (not shown). Here, the
combined effect refers to the pairing of EQBO with individ-
ual oceanic modes (negative IOD, La Niiia, or cold-phase
IOBM), rather than the simultaneous co-occurrence of all
four climate modes. Within each 20-year period, the number
of seasons in which EQBO coincides with a given oceanic
mode is modest (typically 4-6 years per EQBO-IOD or
EQBO-ENSO pairing in 1981-1998, and fewer such coinci-
dences after 1998), underscoring that these pairwise compos-
ites should be interpreted as indicative rather than definitive
statistics. Post-1998, although the EQBO-WQBO contrast
became statistically stronger (r = —0.46, p < 0.01), this was
driven primarily by a substantial decline in MJO skill during
WQBO years rather than any improvement during EQBO;
predictability windows during EQBO remained modest at
21-26d, and MJO amplitude during EQBO actually de-
creased slightly compared to the earlier period (Fig. 1). The
practical impact of the QBO on MJO skill thus diminished as
the previously synergistic QBO-ocean—atmosphere coupling
broke down, evidenced by reversed correlations with IOD
(r =+0.34), ENSO (r =+0.31), and IOBM (r = +0.17)
and weakened phase alignments (QBO-tropospheric mode
correlations < 0.15), leaving no coherent multiscale forc-
ing regime. This paradox stems from a breakdown in the
previously synergistic QBO-ocean—atmosphere coupling, as
evidenced by reversed correlations with IOD (r = +0.34),
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Figure 5. Linear regressions of observed and modelled vertical profiles of (left) temperature and (right) zonal wind anomalies onto each
model’s MJO skill index for both periods (1981-1998 and 1999-2018). The top panels present regression patterns for the earlier period
(1981-1998), while the bottom panels show results for the later period (1999-2018). Stippling indicates regions where regression coefficients

are statistically significant at the 90 % confidence level (p < 0.10).

ENSO (r = +0.31), and IOBM (r = +0.17) and weakened
phase alignments. This reversal occurred alongside a break-
down in favourable phase alignments (QBO-tropospheric
mode correlations < 0.15), leaving no coherent multiscale
forcing regime. The marked decline in the frequency of
EQBO-La-Nifia and EQBO-negative-IOD combinations in
the later period is itself a key result, consistent with the ob-
served breakdown of coherent EQBO-ocean coupling and
the corresponding deterioration and increased year-to-year
variability in MJO forecast skill.

Figure 5 validates the identified MJO skill-background
state relationships through vertical structure analysis, exam-
ining temperature and zonal wind anomaly profiles via linear
regression with model skill indices. During 1981-1998 (top
panel), all models simulate EQBO-like zonal wind patterns
(easterly anomalies < —5ms~! in the lower stratosphere)
which results in tropopause-level (100-200hPa) tempera-
ture instability (AT ~ —2.2 to —1.2 K), though with notable
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inter-model differences: ACCESS-S2 better resolves these
stratospheric signatures compared to POAMA?2, which ex-
hibits weaker vertical coherence due to its poor stratospheric
representation. These patterns intensify post-1998, with wind
anomalies strengthening and temperature instability increas-
ing by ~ 1-2K, indicating enhanced QBO-MJO coupling.
This vertical structure analysis aligns with our skill-index
correlations, where the QBO relationship strengthened (r =
—0.41 to —0.46). The consistency between these indepen-
dent diagnostics (regressions and correlations) demonstrates
that MJO predictability has shifted from being significantly
coordinated by tropospheric-stratospheric drivers in the first
period to increasingly stratosphere-dominated controls in
the second period, with model skill strongly dependent on
faithful representation of QBO-related vertical coupling pro-
cesses.
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Table 2. Correlations between model and observed climate indices
are computed from anomalies averaged over 0-30d lead times with
respect to forecast initialisation.

Model QBO DMI

ACCESS-S2 1981-1998 096  0.73 0.95 0.80
POAMA?2 1981-1998 0.84  0.80 0.93 0.81
ACCESS-S2 1999-2019 094 0.53 0.83 0.83
POAMA2 1999-2018 0.86 0.67 0.83 0.93
CESM2 097  0.67 0.69 0.98
GEOS-S28-2 098  0.55 0.70 0.82

IOBM Nifio 3.4

3.5 Relationship between MJO event characteristics in
the models and the climate indices

Figure 6 displays the correlation coefficients between inter-
annual MJO characteristics in the models (mean MJO event
duration and total MJO event count for every DJF) and ob-
served climate indices. In the first period, ACCESS-S2 (com-
pared to POAMA?2 and VAR) shows a significant negative
correlation (—0.48) between the QBO index and MJO event
count, a stronger relationship than observed.

In the second period, the relationship between MJO
event counts and the QBO index strengthens in ACCESS-
S2 (—0.68) and is also evident in GEOS-S2S-2 (—0.47). This
suggests a higher MJO event count during EQBO years. This
is unlike the case in the observations. Additionally, moder-
ate negative correlations (—0.39 to —0.49) emerge between
MIJO event durations and QBO indices in CESM2, ACCESS-
S2, and GEOS-S2S-2. However, these model-simulated rela-
tionships underestimate the observed relationships between
the QBO and MJO duration linkages, except for ACCESS-
S2. Because the QBO is skilfully predicted by the models
(Table 2), these model-dependent relationships between the
MIJO characteristics and the QBO appear to originate not
from stratospheric forecast errors, but from misrepresented
tropospheric responses.

During the second period, both POAMA2 and GEOS-
S2S-2 exhibit significant positive correlations between the
Nifo 3.4 index and MJO event count (0.51 and 0.70, respec-
tively), in contrast to observations, which show no such rela-
tionship. This discrepancy is also evident in the first period,
as neither model captures the observed moderate positive
MIJO event count-ENSO connection (see Sect. 3.1). Addi-
tionally, these models overestimate the relationship between
MIJO event duration and the ENSO index, suggesting that
simulated MJO events persist longer during El Nifio years
or that the models exhibit a bias toward El Nifio-like condi-
tions. The El Nifo-like warming bias in the Pacific Ocean re-
gion observed in Sect. 3.3 may be indicative of the same phe-
nomenon. Klingaman and DeMott (2020) reported a similar
result, finding increased MJO activity during El Nifio years in
CMIP-class models (specifically SPCAM3 and SPCCSM3),
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a pattern largely attributed to the East Pacific warming bias
present in these climate models.

The relationship between MJO event count and the DMI
index during the first period differs substantially from obser-
vations in all models except VAR. While observations indi-
cate an increase in MJO event frequency during negative IOD
years, models generally fail to capture this association. In the
second period, some models produce weak correlations be-
tween MJO event frequency and positive DMI, unlike in the
observations. Notably, observations reveal no significant re-
lationship between MJO event duration and IOD phases in ei-
ther period. However, during the second period, most models
generate weak (albeit non-significant) positive correlations
between MJO duration and DMI, suggesting a potential pos-
itive IOD-like bias, with VAR and GEOS-S2S-2 as notable
exceptions. The moderate skill in representing DMI variabil-
ity across models (Table 2) further implies that the fidelity of
MIJO-IOD linkages in models may be tied to their ability to
simulate IOD behaviour realistically.

A moderate positive correlation exists between MJO event
count and the IOBM index during the first period, suggest-
ing that warm IOBM phases (W-IOBM years) are associated
with enhanced MJO activity in model simulations. However,
observational records show no significant MJO-IOBM rela-
tionship, implying this connection may be a modelling arti-
fact rather than a genuine climate feature. While Table 2 indi-
cates that most models reproduce the IOBM index with rea-
sonable accuracy, this apparent skill in representing Indian
Ocean variability does not extend to the MJO-IOBM link-
age, suggesting potential oversimplifications or errors in the
modelled physical mechanisms. During the second period,
models generally underestimate MJO event frequency dur-
ing warm IOBM phases, with GEOS-S2S-2 being the notable
exception — its overestimation of this relationship may stem
from the warm bias in its Indian Ocean simulation (Sect. 3.3).
Additionally, CESM2 exhibits a slightly lower correlation
than other models in simulating IOBM-like conditions, as ev-
idenced by its lower correlation (0.69) between observed and
modelled IOBM indices. The Indian Ocean warming bias
identified in CESM2 in Sect. 3.3 also supports the lower cor-
relation.

To further assess whether these relationships are robust to
the source of the climate indices, we repeat the analysis using
model-derived climate modes (Fig. S6). Compared with the
observation-based results (Fig. 6), Fig. S6 shows that several
models substantially amplify the apparent influence of large-
scale modes on MJO characteristics. In particular, while ob-
servations indicate weak and inconsistent links between the
QBO and MJO event properties, model-based correlations
show stronger, more systematic QBO-MJO relationships, es-
pecially for event counts, suggesting an overly sensitive tro-
pospheric response to stratospheric variability. Likewise, the
ENSO-MIJO relationships are generally stronger in Fig. S6
than in the observational analysis, with some models exhibit-
ing enhanced correlations between Nifio 3.4 and both MJO
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non-significant differences.

event frequency and duration. This points to a dominant role
of model mean-state biases rather than predictable climate
modes alone in shaping the simulated MJO—climate mode
connections.

4 Conclusion

Accurate prediction of the MJO is crucial for advanc-
ing S2S forecasting capabilities, given its global im-
pact on tropical convection and extratropical telecon-
nections (Vitart and Robertson, 2018). Our analysis of
four S2S models (POAMA?2, ACCESS-S2, GEOS-S2S-
2, CESM2) and a statistical benchmark (VAR) during
austral summer (December—February) across two peri-
ods (1981-1998; POAMA?2, ACCESS-S2) versus 1999—
2018 (POAMA2, ACCESS-S2, GEOS-S2S-2, CESM2))
highlights three key findings.

First, we assessed how the MJO interacts with various cli-
mate modes by conducting a composite analysis of observed
MJO amplitude during different phases of the climate modes.
In the earlier period, the IOD exhibited a pronounced influ-
ence on MJO amplitude, with the negative phase associated
with more vigorous MJO activity. This enhancement was fur-
ther supported by increased MJO amplitude during EQBO
years and cold phases of the IOBM. However, in the later pe-
riod, the relationship between the negative phase of the IOD
and MJO amplitude disappears, leaving the MJO modulation
primarily associated with the EQBO.

Weather Clim. Dynam., 7, 1385-1403, 2026

Additionally, during the first period, EQBO-MJO events
tended to coincide with favourable tropospheric states, such
as negative 10D, cold IOBM, or La Nifa-like conditions,
suggesting a coherent multi-mode influence. By contrast,
in the second period, the connection between stratospheric
and tropospheric climate modes is diminished, and QBO-
MJO events occur largely independently of favourable tro-
pospheric forcings. The annual count of MJO events in ob-
servations shows a moderate correlation with coupled ocean—
atmosphere modes, while the mean yearly event duration cor-
relates directly with EQBO conditions.

In the second part of our study, we analysed the relation-
ship between MJO prediction skill and large-scale climate
modes to verify the characteristics identified in observational
records. When averaged over all years, the mean 15-25d
MIJO forecast skill differs only modestly between 1981-1998
and 1999-2018, but in the subset of high-skill years, the
difference is substantial: ACCESS-S2 and POAMA?2 both
gain roughly 10 additional days of useful skill in the ear-
lier period. This difference between the periods, however, is
not observed in the years with poor MJO predictions. The
elevated skill observed in the high-skill years of the first
(earlier) period was primarily linked to higher MJO ampli-
tude. These years showed a clear association with EQBO-
like signatures in the stratosphere, a negative IOD-like pat-
tern or cold IOBM-like pattern in the Indian Ocean sector,
and, to a lesser extent, La Nifia-like conditions in the Pa-
cific. This phase alignment among the stratospheric process,
processes in the Indian and the Pacific Oceans provided a
favourable multi-scale environment that enhanced both MJO
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amplitude and model skill. By contrast, in the second (later)
period, high-skill MJO years exhibited distinctly different
background conditions. For these years, Indian Ocean SST
patterns resembled positive phases of IOD/IOBM, and the
Pacific showed El Nifio-like features — conditions less con-
ducive to amplified MJO activity. As a result, the previ-
ously robust synergistic connection between different climate
modes appeared to break down, resulting in diminished MJO
predictability even in otherwise “high-skill” years. Notably,
EQBO remained the only significant and persistent modula-
tor of MJO skill in the second period, but its overall impact
was weaker without concurrent favourable patterns in other
climate modes.

We speculate that in the later period, the weaker QBO-
MJO relationship in model forecasts — despite the QBO being
reasonably well represented in both high-top (ACCESS-S2,
GEOQOS-S2S-2) and low-top (POAMAZ2) models, and consis-
tent with the earlier period — likely reflects changes in the
tropospheric background state. Despite its low stratospheric
resolution, POAMA?2 is included to provide continuity across
1981-2018 in a single forecast system, enabling a cleaner as-
sessment of decadal changes in MJO skill under a constant
model framework. In the second period, the models struggle
to capture stratosphere—troposphere coupling, particularly in
the absence of strong SST forcing, which was more common
during the first period. Additionally, key processes in the tro-
posphere are often poorly represented in models. For exam-
ple, models analysed in this study fail to accurately repli-
cate the observed relationship between MJO event frequency
and duration and the ENSO index. This limitation suggests
an underlying Pacific bias, with many models skewing to-
ward El Nifio-like conditions, potentially linked to a known
warm bias in the eastern Pacific. Moreover, models (notably
POAMA?2, CESM2, and GEOS-S2S-2) tend to exhibit a bias
toward warm phases of the IOD and IOBM, in contrast to
the observed variability. These systematic biases in repre-
senting coupled ocean—atmosphere background states may
limit the models’ ability to simulate realistic MJO behaviour.
Therefore, future modelling efforts would likely benefit from
improved representation of tropospheric circulation patterns,
reduced SST-related biases, particularly in the Indo-Pacific
region, and enhanced stratospheric resolution. Such improve-
ments may provide a pathway to enhancing MJO prediction
skill, especially during periods lacking strong multi-scale
lower-boundary forcing.

A key limitation of this study is the relatively short hind-
cast record, particularly for some models and for specific
climate-mode phases, which constrains the robustness of
inferred relationships between the MJO and ENSO, 10D,
IOBM, and the QBO. In particular, the small number of
positive IOD events in 1981-1998 means that the apparent
epochal differences in MJO-IOD coupling could in part re-
flect sampling noise. Nevertheless, our aim is not to esti-
mate long-term climatological relationships, but to diagnose
non-stationarity in MJO characteristics and forecast skill on
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interdecadal timescales, motivated by the observed decline
in MJO predictive skill after the late 1990s and concurrent
changes in the tropical background state. Consistent with this
interpretation, recent work by Kim et al. (2025) has shown
that asymmetric tropical ocean warming in recent decades
has altered the mean state and regional propagation charac-
teristics of the MJO, implying that MJO behaviour is not sta-
tionary across periods. This independent evidence supports
treating 1981-1998 and 1999-2018 as dynamically distinct
regimes, even while recognising the sampling limitations of
each period.
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