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Abstract
Prediction and predictability of tropical intraseasonal convection in the WMO subseasonal to seasonal (S2S) forecast database is assessed using the real-time OLR based MJO (ROMI) index. ROMI prediction skill in the S2S models, as measured
by the maximum lead time at which the bivariate correlation coefficient between forecasts and observations exceeds 0.6,
ranges from ~ 15 to ~ 36 days in boreal winter, which is 5–10 days higher than the MJO circulation prediction skill based on
the MJO RMM index. ROMI prediction skill is systematically lower by 5–10 days in summer than in winter. Predictability
measures show similar seasonal contrast in the two seasons. These results indicate that intraseasonal convection is inherently
less predictable in summer than in winter. Further evaluation of correlation skill assuming either perfect amplitude or perfect
phase forecasts indicates that phase bias is the main contributor to skill degradation at longer forecast lead times. Nearly all
the S2S models have lesser skill for target dates in which the MJO convection is centered over the Maritime Continent (MC)
in boreal winter, and phase bias contributes to this MC prediction barrier. This issue is less prevalent in boreal summer.
Many S2S models significantly underestimate ROMI amplitudes at longer forecast leads. Probabilistic evaluation of the S2S
model skills in forecasting ROMI amplitude is further assessed using the ranked probability skill score (RPSS). RPSS varies
significantly across models, from no skill to more than 30 days, which is partly due to model configuration and partly due
to amplitude bias. Accounting for the systematic underestimates of the amplitude improves RPSS.

1 Introduction
Forecasts of weather and climate a few weeks to months
ahead have become increasingly more informative and
valuable to society as subseasonal to seasonal (S2S) prediction capability has advanced in the past decade (Robertson et al. 2015). Significant scientific challenges remain in
closing the S2S prediction gap, however. One key research
area is improved understanding of S2S predictability
sources. Slowly evolving surface boundary conditions,
stratospheric processes, regularity in atmospheric dynamic
processes whose time scales fit into the S2S time horizon
(e.g., Hoskins 2013), and seasonal noise transitioning to
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subseasonal signals upon appropriate averaging (Wang et al.
2017), are all sources of S2S predictability.
The focus of this study is the prediction and predictability
of one particular S2S process, namely the Madden Julian
Oscillation (MJO). The MJO (Madden and Julian 1971,
1972; Xie et al. 1963; Li et al. 2018) consists of recurring
planetary-scale patterns of precipitation, cloud, humidity,
and circulation that coherently propagate eastward throughout the year, sometimes circling the whole equator, repeating
roughly every 30–60 days but with considerable irregularity.
Similar patterns propagate northward in boreal summer, and
are sometimes known as the “Boreal Summer Intraseasonal
Oscillation” (BSISIO, e.g., Yasunari 1979; Krishnamurti
and Subramanian 1982), though the distinction between
MJO and BSISO events is not always clear.
The MJO has known impacts on weather and climate
phenomena and hazardous weather globally, both through
local impacts in the tropics and more remote ones, as diabatic heating from intraseasonal convection anomalies excites
Rossby waves which propagate to middle and high latitudes.
Because its timescales fall in the gap between the typical
weather and climate phenomena, it has been recognized
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that the MJO can function as source of subseasonal predictability. Indeed, many studies have found evidence that
improved MJO prediction extends predictability of remote
weather phenomena (e.g., Jones et al. 2004; Lin et al. 2009;
Zhang 2013; Baggett et al. 2017).
The MJO is one of the central themes in the WMO
(World Meteorological Organization) S2S prediction project. Predictability of the MJO has been previously explored
by many authors (e.g., Waliser et al. 2003). As numerical
weather prediction models have improved over time, their
MJO prediction skill has also improved gradually (Vitart
2014). More recent studies have shown that MJO prediction
skill measured with the Realtime Multivariate MJO index
(RMM, Wheeler and Hendon 2004) extends to lead times as
long as 3–4 weeks (Lin et al. 2008; Jiang et al. 2008; Kang
and Kim 2010; Rashid et al. 2011; Wang et al. 2014; Vitart
2014, 2017; Kim et al. 2014; Wu et al. 2016). Vitart (2017)
and Lim et al. (2018) evaluated boreal winter MJO prediction skill of the models in the S2S reforecast dataset with
the RMM index. Vitart (2017) showed that MJO prediction skill in the S2S models falls between 2 and 4 weeks
in boreal winter, and that the majority of the S2S models
tend to produce a weaker MJO than that found in reanalysis
datasets, and with a phase speed that decreases with lead
time. Several authors have further shown that the current
MJO prediction skill has not reached the predictability limits implied by models, and that predictability of the MJO
extends to 40–50 days in some models (e.g., Neena et al.
2014; Xiang et al. 2015).
The majority of the assessment studies of MJO prediction to date have focused on forecasts of the RMM index
(e.g., Kang and Kim 2010; Vitart et al. 2017; Xiang et al.
2015; Klingaman et al. 2015; Kim et al. 2016; Lim et al.
2018). The RMM index abstracts the complex global pattern of MJO circulation and convection into two numerical values on any given day using fixed spatial structures
that are independent of season. This approach is elegant
and efficient, as the empirical orthogonal Function (EOF)
based RMM analysis is optimized to separate the MJO
signals from weather noise, and it allows for real-time
tracking of the MJO circulation without time filtering.
Nevertheless, it has gradually became clear (e.g., Straub
2013; Ventrice et al. 2013) that RMM inadequately represents MJO convection, because RMM is essentially a
circulation index, and OLR only contributes a small fraction of its total variance. This raises an important question:
to what extent can numerical models predict the convection associated with tropical intraseasonal oscillations?
Some authors have suggested that forecast models predict
MJO convection less skillfully than they predict circulation (Kim et al. 2016; Weber and Mass 2017), because
of the inherent difficulty of parameterizing convection in
the current generation of numerical models, or because
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of incorrect coupling between convection and winds, or
atmosphere–ocean coupling. Regardless of the source of
uncertainty, there is a lack of knowledge as to how well
MJO convection is predicted. The primary purpose of this
study is to fill this gap and assess the prediction skill and
predictability of intraseasonal convection in the models of
the WMO S2S database. Because diabatic heating associated with the convection drives the MJO’s teleconnections,
it may be argued that MJO convection is more relevant to
the MJO’s remote influence than are the winds represented
by the RMM index.
We will assess the prediction of MJO convection using
the OLR-based MJO index (OMI) developed by Kiladis
et al. (2014, K14 hereafter). Besides using different variables, RMM and OMI also differ in several other aspects:
RMM greatly emphasizes real time tracking of the MJO,
while the direct application of OMI for real time tracking
is not straightforward; OMI has season-dependent spatial
structures; and RMM only focuses on the symmetric structures, while OMI has both symmetric and antisymmetric
structures. The use of OMI may reduce the possibility of
misclassifying symmetric Kelvin waves as the MJO. K14
show some properties of the OMI index in winter and conclude that OMI is appropriate if convection is of primary
interest. Wang et al. (2018) further examined the propagation properties of OMI. Using a simple lag correlation
of reconstructed OLR anomalies, they showed that OMI
represents eastward propagation in boreal winter, and both
eastward and northward propagation of the intraseasonal
convection in boreal summer. In contrast, RMM does not
capture the northward propagation in summer, and thus
is not suitable for tracking the MJO—or BSISO—in that
season. Because of differences in the MJO propagation
characteristics in the two seasons, a number of authors
have developed separate indices for the BSISO (Kikuchi
et al. 2012; Lee et al. 2013). Wang et al. (2018) further
compared OMI with other BSISO indices, and showed that
OMI is better able to track the BSISO than some others.
We will evaluate the OMI prediction skill in the WMO
S2S data set in both the boreal summer and winter seasons.
The distinct characteristics of the MJO in different seasons
also have important consequences for prediction of the
MJO. A simple question is: do numerical models have
better prediction skills in one season over other seasons?
Understanding the characteristics of the MJO prediction
would have practical value.
The rest of this article is structured as follows. Section 2
contains the methodology and a brief description of the
models used here as part of the S2S database. Section 3 has
the assessment of the deterministic and probabilistic ROMI
prediction skill. Section 4 summarizes this paper.
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2 Method and the S2S database
Reforecasts of the MJO were obtained from the World
Meteorological Organization (WMO) Subseasonal-toseasonal (S2S) Prediction Project database (Vitart et al.
2017). Most of the reforecasts (10 of 11 S2S models) are
integrated for more than 30 days for subseasonal prediction. Table 1 summarizes the forecast configurations of the
10 S2S models used in this study: the Australian Bureau
of Meteorology (BoM), the China Meteorological Administration (CMA), the European Centre for Medium-Range
Weather Forecasts (ECMWF, also abbreviated as ECMF
in some of figure titles), Environment and Climate Change
Canada (ECCC), the Institute of Atmospheric Sciences and
Climate of the National Research Council (CNR-ISAC),
the Hydrometeorological Centre of Russia (HMCR), the
Japan Meteorological Agency (JMA), Météo-France/Centre National de Recherche Meteorologiques (CNRM), the
National Centers for Environmental Prediction (NCEP),
and the Met Office (UKMO), including the horizontal
and vertical resolution of their atmospheric components,
model tops, reforecast types, forecast periods, reforecast
frequencies, ensemble sizes, and atmosphere–ocean coupling. Among these models, 6 out of 10 are fully coupled
ocean and atmosphere forecast systems; three of them
(JMA, HMCR, and ECCC) are uncoupled; and one (ISAC)
uses a slab ocean. ECCC uses a persisted SST anomaly for
its lower boundary conditions. Forecast anomalies are calibrated with reforecast data by subtracting the reforecast
climatology from the reforecast computed as a function
of both lead time and initialization date. The reforecast
climatology is computed by averaging reforecasts that are
initialized on the same day and month and produced using
the same model version.

We use the OMI index to track MJO convection in both
boreal summer and winter. This offers a consistent framework for predicting the MJO/BSISO in all seasons, instead
of using different indices for tracking the MJO in different seasons (e.g., Jie et al. 2017). The empirical orthogonal functions (EOFs) of OMI are functions of the day of
the year. Figure 1 displays the time-longitude structure of
the symmetric and antisymmetric components of the OLR
EOFs. The symmetric and antisymmetric components
(e.g., Wheeler and Kiladis 1999) for variable Z at latitude
ϕ are defined as [Z(ϕ) + Z(− ϕ)]/2 and [Z (ϕ) − Z (− ϕ)]/2,
respectively.
The symmetric component of EOF1 shows a dipole structure with 2 poles located over the Indian Ocean and western
Pacific. The symmetric component of EOF2 has a monopole
structure with its main convection center over the Maritime
Continent. Both symmetric components have weak seasonal
dependence while the antisymmetric components show significant seasonal cycles. Both the antisymmetric EOF1 and
EOF2 show enhanced activity in the Indian Ocean in boreal
summer.
Because OMI uses bandpass-filtered OLR, it is impossible to use directly in real time monitoring and forecasts.
Kikuchi et al. (2012) and K14 suggested that the forecast
data may be preprocessed using time-window techniques
and further projected onto the OMI EOFs. This is feasible because spatial projection onto EOFs behaves similarly to time filtering for the MJO variations. K14 named
the resulting index the real time OMI (ROMI), and it is
updated regularly for real time monitoring of MJO at the
authors’ webpage. As noted in K14, the bivariate correlation between OMI and ROMI is ~ 0.9 across all the seasons.
Wang et al. (2018) also examined the propagation characteristics of ROMI. They showed that the lag-correlation pattern of reconstructed ROMI anomalies reveals propagation

Table 1  S2S model configuration: horizontal and vertical resolution of atmosphere component, model top, reforecast types, forecast periods,
reforecast frequency, ensemble size, and atmosphere–ocean coupling
Resolution

Model top

Rfc type

Rfc period

Rfc frequency

Ens size

O/A coupling

BOM
CMA
CNR-ISAC
CNRM
ECCC
ECMWF

~ T47 L17
T106 L40
0.75 × 0.56 L54
T255L91
0.45 × 0.45 L40
T639/319 L91

10 hPa
0.5 hPa
~ 6.8 hPa
0.01 hPa
2 hPa
0.01 hPa

F
F
F
F
O
O

6/month
Daily
Every 5 days
2/month
Weekly
2/week

3 × 11
4
1
15
4
11

Y
Y
Slab
Y
Persistent SST
Y

HMCR
JMA
NCEP
UKMO

1.1 × 1.4 L28
T319L60
T126L64
N216L85

5 hPa
0.1 hPa
0.02 hPa
85 km

O
F
F
O

1981–2013
1994–2013
1981–2010
1993–2013
1995–2013
1996–2013 (past
20 years)
1985–2010
1981–2010
1999–2010
1996–2015

weekly
3/month
Daily
4/month

10
5
4
3

N
N
Y
Y

Reforecast types are either F (fixed), or O (on the fly)
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Fig. 1  Time-longitude diagram
of symmetric and antisymmetric
structures of OMI EOFs

(a)

(c)

characteristics associated with the MJO and BSISO in the
appropriate seasons, namely eastward propagation in boreal
winter, and eastward and northward propagation in summer.
The patterns are very close to those of OMI, indicating that
ROMI and OMI share the same propagation characteristics,
and hence are suitable for tracking both the MJO and the
BSISO.
Here we further describe some technical procedures
we have used to apply the ROMI diagnostic to the S2S
reforecasts. The ROMI from K14 is available since 2002.
To verify reforecasts before 2002, we re-compute ROMI
since 1979 from the NOAA interpolated daily OLR dataset
at 2.5° resolution (Liebmann and Smith 1996) following
the procedures outlined in K14: the mean of the previous 40 days is first subtracted from the OLR anomaly,
and then the latter is smoothed by using a 9-day running
average. ROMI is then computed by projecting these OLR
anomalies onto the two spatial EOF patterns of 30–96 day
eastward filtered OLR from K14. The bivariate correlation coefficient between our calculation and ROMI from
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(b)

(d)

K14 after 2002 is ~ 0.99. We follow similar procedures to
compute the ROMI for the S2S dataset, but with two main
differences: (1) forecast OLR anomalies are calculated
with respect to the reforecast climatology of each model,
and (2) we prepend the past 40 days of observed OLR
anomalies to the reforecasts. The forecast OLR anomalies
are then interpolated to the 2.5° grid of the EOFs, and projected onto the day-of-the-year dependent eigenfunctions
of OLR from K14. For forecasts at the current date, data
from 4 future days are used for the running average. This
is not an issue for forecasts until the end of the reforecast,
where we reduce the number of days in the running average to 7, 5, 3, and 1 at day − 4, − 3, − 2, and − 1 of the
reforecasts, respectively. In practice, the treatment of data
at the end matters little as most models have lost their
MJO prediction skill at that lead time. These procedures
to compute ROMI in forecasts are broadly similar to those
used to compute RMM in prior studies (Gottschalk et al.
2010; Vitart 2017).
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3 Results
3.1 Reforecast of a DYNAMO MJO event
We first show an example of how forecast OLR anomalies
are diagnosed with the ROMI index. The case we examine
is the October MJO event observed during the Dynamics of the Madden–Julian Oscillation (DYNAMO) field
campaign in 2011 (Zhang et al. 2013; Yoneyama et al.
2013). The convection anomalies associated with this MJO
event started in the Indian Ocean in the middle of October

(a)

2011 (Yoneyama et al. 2013; Sobel et al. 2014; Wang et al.
2015, 2016; Fu et al. 2013). As shown in K14, both OMI
and ROMI correctly characterize the MJO convective
initiation in the Indian Ocean, while the RMM does not.
We examine the ensemble reforecast of the DYNAMO
MJO event from ECMWF initialized on Oct 1 2011. The
ECMWF adopts an “on-the-fly” strategy to generate the
reforecast, and the real-time model version is Oct 1 2015,
model cycle CY41R1.
Figure 2a shows predicted ROMI from ensemble members and the ensemble mean in October and the first 2 weeks
in November. In both forecasts and observations, the ROMI
(b)

(c)

Fig. 2  a Predicted ROMI of each ensemble member (gray), ensemble
mean ROMI (blue), and observed RMOI (black) from the reforecasts
initialized on Oct 1 2011 for ECMWF. b As in a but for RMM. c
Predicted OLR anomaly (shaded, W/m2) and observed ROMI OLR

anomaly (solid, positive; dashed negative) for ECMWF. The ROMI
and RMM indices are marked with dots every 5 days, and the 2 dots
in the first 5 days are clustered together
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is in phases 7 and 8 in the first 10 days, indicating dry
conditions over the Indian Ocean. ROMI grows out of the
unit circle between Oct 10 and Oct 15 in both reforecasts
and observations. In contrast, the predicted and observed
RMM were both out of the unit circle in the western hemisphere (phases 8 and 1), and weakened in the Indian Ocean
(Fig. 2b). RMM failed to capture the convective initiation of
this MJO event, as other studies indicated (e.g., Ling et al.
2014). The reforecast predicted heightened MJO activity
with the ROMI amplitude greater than 1 starting from middle October, and weakened MJO activity in early November.
This is very similar to what is seen in observations, despite
ECMWF predicted ROMI amplitudes being notably weaker
than observations from the start. As discussed later, underestimation of MJO/BSISO amplitude is a common weakness in
many S2S models. At the longer leads, the predicted ROMI
index remains within the unit circle after early November.
Hence it predicted that the MJO was unable to cross the
Maritime Continent, contrary to observations.
The reconstructed OLR anomalies are derived from
the predicted ROMI index and the eigenfunctions at corresponding dates. Figure 2c shows that the model predicts
well the eastward propagation of dry anomalies during the
first 2 weeks of October and MJO convection initialization
in the middle October. At longer leads, the predicted OLR
anomalies experience difficulty sustaining eastward propagation out of the Indian Ocean and across the Maritime
Continent, consistent with the impression obtained from the
predicted ROMI index.

3.2 The correlation prediction skill
and predictability
We assess the forecast skill of the ROMI index in the S2S
models in this subsection using the bivariate correlation
(e.g., Lin et al. 2008) for the reforecasts. Let F and O be
forecast and observed ROMI index. F and O are vectors with
two components ROMI1 and ROMI2: (F1, F2) and (O1, O2)
for forecasts and observations, respectively. The bivariate
correlation skill (COR) for the MJO index is written as:
∑
i Fi ⋅ Oi
COR = �
�
(1)
∑ � �2 ∑ � �2
F
i � i�
i �Oi �
where i denotes the index of the (re)forecasts. Here i < N, and
N is the total number of forecasts. By construction, ROMI1
and ROMI2 are uncorrelated in observations, as they are
projected onto two independent EOF patterns. In practice,
this may not be entirely valid because the EOF patterns from
the observations may not be strictly independent in the models due to model biases. Nevertheless, our analysis of errors
of ROMI1 and ROMI2 from the reforecasts indicate that the
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errors are largely isotropic, suggesting that the assumption
of orthogonality is approximately satisfied.
The bivariate correlation COR can be written explicitly
in terms of the two components of the MJO index,
∑
i F1,i O1,i + F2,i O2,i
.
COR = �
�
(2)
∑
∑
2
2
2
2
O
+
O
F
+
F
2,i
2,i
i 1,i
i 1,i
Errors in both amplitude and phase can contribute to
degradation of the skill scores. Nevertheless, this form
makes it difficult to separate the contributions of amplitude
and phase to anomaly correlation skill. We rewrite the
MJO indices in polar coordinates as F (f, θ), and O (o, φ),
where f and o are amplitude, and θ and φ are phase angles
for forecasts and observations, respectively. This allows us
to write the bivariate correlation skill as:
�
�
∑
i fi ⋅ oi ⋅ cos 𝜃i − 𝜑i
COR = �∑ �1∕2 �∑
(3)
� .
2
2 1∕2
f
o
i i
i i
This expression explicitly separates the contributions
of amplitude and phase to ACC.
It is straightforward to consider several interesting limiting cases. If θ and φ differ by 90°, i.e., observations and
forecasts are orthogonal,
(
) COR is 0. If there is no phase
error, i.e., cos 𝜃i − 𝜑i = 1, COR is the scalar amplitude
correlation:
∑
i fi ⋅ o i
CORa = �∑ �1∕2
� .
�∑
(4)
2
2 1∕2
o
f
i
i
i
i
If the amplitude is perfectly forecasted, i.e., the linear
correlation between fi and oi is 1, COR is determined completely by the relation between the forecast and observed
phases, which is:

∑
CORp =

i

�
�
oi 2 ⋅ cos 𝜃i − 𝜑i
.
∑ 2
i oi

(5)

Both amplitude and phase correlations are higher than
original bivariate correlation skill COR.
As an example, Fig. 3 shows the ROMI skill score and
the corresponding amplitude and phase scores from the
ECMWF model in boreal winter (model initialized from
December to March) from 1999 to 2010. The ROMI correlation skill COR decreases below 0.5 after 43 days.
Assuming perfect amplitude or phase forecasts results in
improved correlation skill. Ignoring amplitude error results
in overall slightly higher skill: CORp is slightly higher than
COR by 0.05 at nearly all lead days. In contrast, taking
out phase error leads to significantly higher skill: CORa is
above 0.8 throughout the 45-day period. This result clearly
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Fig. 3  ROMI forecast skill from the ECMWF model for winter from
1999 to 2010 as a function of forecast leads (blue); ROMI forecast
skill assuming perfect phase (COR_p, orange) and perfect amplitude
(COR_p, red)

(a)

(b)

demonstrates that elimination of phase errors would improve
correlation more than elimination of amplitude errors would.
Figure 4 shows the ROMI bivariate correlation in boreal
summer (June–September) and winter (December–March)
for the 10 S2S models. All correlation skills are computed
for ensemble mean forecasts except for ISAC, which is deterministic. Prediction skill measured by the number of days
that COR exceeds 0.5 is 44 days for the ECMWF model
in winter and 36 days in summer. The winter COR skill
for ROMI exceeds the RMM forecast skill in Vitart (2017)
by a few days. Other S2S models show less skill than does
the ECMWF model. All the S2S models have lower forecast skill in summer than in winter by 3–10 days, and the
difference is larger (~ more than 10 days) in NCEP/CFSv2
and BOM, and smaller (less than 5 days) in ECMWF and
UKMO. The greater MJO convection prediction skill represented by the ROMI than RMM is unexpected, since previous studies have shown that convection prediction skill
measured with the OLR component of the RMM index is
less than that of the wind components. The relative lower
RMM prediction skill is likely due to excessive noise inherent in RMM in comparison to bandpass filter based MJO
indices, as noted by Ding et al. (2010), which further suggested that MJO prediction may be improved by using an
index of inherently more predictable. Another important distinction is that the RMM and OMI/ROMI differ significantly
in their propagation characteristics in boreal summer (Wang
et al. 2018). Therefore, the two indices are not measuring the
same physical entities.
Predictability of these ensemble prediction systems is further assessed as the maximum number of forecast lead days
at which signal variance equals the noise variance (T|SNR=1).
The bivariate signal to noise ratio (SNR) is written as the
ratio between variance of the ensemble forecast and total
variance:

SNR(𝜏) =

𝜎s2
𝜎n2

.

(6)

The signal and noise of the ensemble forecasts are estimated as:

Fig. 4  a ROMI correlation skill score for COR = 0.5 and 0.6 in boreal
winter (DJFM) and summer (JJAS). The dark and light colors correspond to prediction skill with threshold values 0.5 and 0.6, respectively. b Predictability measure as the time when SNR = 1. Models
that have SNR less than 1 by the end of the forecasts are not shown

𝜎̂ s2 =

N
2 (
)
1 ∑∑ ̄n ̄ 2
Xp − Xp ,
N − 1 n=1 p=1

(7)

𝜎̂ n2 =

N E
2 (
)2
∑
∑∑
1
Xpnm − X̄ pn ,
N(E − 1) n=1 m=1 p=1

(8)

where Xp denotes the ROMI index, and the subscript p indicates its two principal components. N and E denote the total
number of forecasts and the number of ensemble members,

13

S. Wang et al.

respectively. X̄ is the overall mean, and X̄ pn denotes the
ensemble mean.
SNR is greater than one at the longest lead forecast for
several models (NCEP, JMA, ECCC) in both seasons due
to underdispersion. Figure 4b shows T|SNR=1 for the remaining six ensemble prediction models. All these models show
greater predictability in winter than in summer, as does the
COR measure. The difference of T|SNR=1 in both seasons
varies, and does not necessarily reflect differences in COR in
the two seasons. This seasonal dependence of tropical intraseasonal predictability has been exposed before using the
error growth measure in Ding et al. (2011), and our assessment of S2S prediction results is consistent with Ding et al.
MJO prediction skill can be phase dependent. Here we
examine the ROMI reforecast skill for MJO events with initial amplitude greater than 1 in these S2S models (Fig. 5).
Some models show better/worse skill in certain initial
phases, e.g., lower COR in phases 2 and 5 in ECMWF in
winter, and 4–5 in summer, higher skill winter phases 1 and
7 in NCEP. However, this initial phase dependence is mostly
model dependent and not systematic. The same conclusion
can be drawn for summer season prediction skill in the S2S
models.
Systematic phase dependence of prediction skill is
revealed when the correlation skill is composited upon
the phase of the forecast target day. Figure 6 shows COR
as a function of the target phases and forecast leads for
target phase amplitudes greater than 1. Almost all models
have lower bivariate correlation skills in phases 4–6 with a
minimum in phase 5 in winter by 5–10 days in comparison
to other phases, with the only exception being UKMO.
During these phases MJO convection is centered in the
Maritime Continent (MC). On the other hand, this problem is not widespread in summer, though it does occur in
NCEP, JMA and CNRM models; several models on the
other hand show worse skill in phases 1 and 8, e.g., the
ECMWF, CMA, ECCC, ISAC, HMCR models. Further
examination of the MJO phase and amplitude correlations,
CORa and CORp, reveals that the former has very similar
target phase dependence as does COR, while CORp is relatively independent of target phase (not shown).
The difficulty of predicting MJO convection over the
MC is sometimes called the MJO prediction barrier (Vitart
and Molteni 2010). For example, Kim et al. (2016) demonstrated that the ECMWF model has difficulty in forecasting convection anomalies at 10 days lead time, and
the authors suggested that this issue arises in part due to
deficiencies in using the RMM index to characterize MJO
convection since Kelvin waves may be projected onto the
RMM index. Here, the MJO MC prediction skill derived
from the ROMI is greater in general than what was found
by Kim et al. (2016), and the barrier is manifest in the S2S
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models’ deficiency in predicting the peak phases of MJO
convection over the MC.

3.3 Composites of OLR anomalies
The ROMI OLR prediction skills are higher than gridpoint OLR prediction skills in some of the S2S models
(e.g., Weber and Mass 2017; Janiga et al. 2018). The ROMI
prediction skills are better than the RMM prediction skills
in the same S2S models in boreal winter (Fig. 1 of Vitart
2017). For example, ECMWF exhibits 34 day prediction
skill in ROMI using COR = 0.6, as compared to 28-day skill
in RMM; the HMCR model exhibits ~ 21-day skill in ROMI,
but only 6-day skill in RMM. It is unexpected that the MJO
convection prediction skill (ROMI) is higher than the MJO
circulation prediction skill (RMM), as this is opposite to
what prior studies have shown by comparing the skill of the
circulation and convection components of RMM separately.
One reason for this index dependence might be that the
convection component of RMM is not optimized for MJO
convection to achieve maximum intraseasonal variance and
predictability. Lag correlation between the two components
of RMM is much lower than that in ROMI (e.g., e.g., Wang
et al. 2018), indicating that ROMI is better at extracting
propagating signals.
To see that this ROMI skill bears some physical meaning, we composite the reconstructed ROMI OLR anomalies
from the S2S models. Composites of the OLR anomalies
are constructed as a function of longitude and forecast lead
for the observed MJO phases defined using ROMI at the
forecast target lead (Fig. 7). The OLR anomalies at day 0
are each model’s forecast at day 0, and are very close to
observations. At longer days, the forecasted OLR anomalies
deviate from the initial values in two ways: decreases in
amplitude and errors of either sign in phase. For example,
the reconstructed OLR anomaly from ECMWF in phase 5,
with convection located at the MC (100–140 E), weakens
substantially by day 20, more so than do OLR anomalies in
other phases. The NCEP OLR anomaly in phase 5 is notably
shifted westward by ~ 10°, as a result of too slow propagation. Overall, the composite anomaly is consistent with the
phase dependent prediction skill in Fig. 6.

3.4 Further assessment of amplitude and phase
bias
The bivariate correlation skill measures linear correlation
between observations and forecasts. It is independent of
systematic amplitude bias. The latter is considered in this
subsection. Composite of the ensemble mean ROMI amplitude as a function of forecast leads (Fig. 8) indicates that
most S2S models underestimate ROMI amplitude in the
first day (except UKMO). This bias in amplitude amplifies
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Fig. 5  Dependence of ROMI bivariate anomaly correlation skill score on the initial phase in boreal winter (DJFM) and summer (JJAS)

throughout the forecast integrations in nearly half of the
S2S models (JMA, CMA, ECCC, HMCR, UKMO) in both
summer and winter seasons, while other models (ECMWF,
NCEP, CNRM, BOM) maintain or slightly increase amplitude over time.

Phase bias is the main contributor to COR, as discussed
in Sect. 3.2. Here we further quantify phase bias using
mean angle and its variance. Following Fisher (1993), the
mean angle Θ is calculated as:
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Fig. 6  Dependance of the bivariate anomaly correlation on the target phase in boreal winter (DJFM) and summer (JJAS). Dark solid contour
indicates COR = 0.6

(

)
1∑
1∑
𝚯 = arctan
sin 𝜃i ,
cos 𝜃i ,
N i
N i
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(9)

where θ is the phase angle of the ensemble mean ROMI,
and i is the index of reforecasts. Averaging after taking
sine or cosine within the bracket is necessary to avoid artifacts of phase wrapping (i.e., jumping from 2π to 0). Phase
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(b)

(c)

(d)

(e)
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Fig. 7  Forecast composites of reconstructed OLR anomalies (W/m2, averaged 10°S–10°N) upon targeted 8 phases a function of longitude and
forecast target date

dispersion V is measured as circular variance for directional
variable (Fisher 1993), geometrically interpreted as 1 minus
the mean length (from the origin) of the center of the points
with phases 𝜃k (hypothetically) distributed on a unit circle:

√
√[
]2 [
]2
√
∑
√ 1 ∑
1
V =1−√
sin 𝜃i +
cos 𝜃i .
N i
N i

(10)
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Fig. 8  Time series of real-time
OMI amplitude for 10 S2S
models in winter and summer.
The two dashed curves show
observed ROMI amplitudes,
verified at the same forecast
times, with winter ROMI
always greater than ROMI in
summer

(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

(j)

V ranges from 0 to 1. If the angles are dispersed at the opposite sides of a unit circle, V = 1, i.e., maximally dispersed;
if angles are clustered together, the value of V is close to 0.
Figure 9 shows the mean phase angle composited upon
8 different ROMI target phase ranges (0°–45°, 45°–90°, …
315°–360°) in boreal winter and summer seasons for the
10 S2S models. As a reference, the dashed lines display
the observed mean phase angle; these are all nearly vertical. The target phase dispersion is near zero by definition.
Tilt of the mean phase angle indicates bias in propagation
speed: left/right tilt indicates that the MJO in the forecasts
propagates slower/faster than in observations. Figure 9
shows that a majority of the models show tilt of mean

13

phase angle to the left within the first few days, indicating
that their propagation is too slow. The ECMWF, NCEP,
BOM, and UKMO models show smaller phase dispersion
in the first 20 days. The ECMWF model shows increases
in phase dispersion around days 10–15 in all the 8 phases,
which corresponds to a sudden decrease of model resolution at day 11. After day 15, further tilt to the left indicates
slowdown of propagation. The NCEP model shows a more
significant tilt in summer than in winter, indicating larger
phase errors in summer may be responsible for the degradation of the skill in this season (Fig. 6). Unlike other
models, the UKMO model shows smaller tilts, suggesting
this model has less propagation bias. Some strange behaviors are also noted in CMA, HMCR and BOM in summer
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Fig. 9  Mean phase angle Θ (solid curves) and phase angle dispersion V (shaded, scaled 60 times for visualization) composited upon
8 target phase angle ranges with observed amplitude greater than 1:
0°–45°, 45°–90°, 90°–135°, 315°–360° observed at corresponding

forecast lead time for the boreal winter and summer seasons. The
reforecasts in all the years are used in the two seasons. The blank area
in JMA, ECCC, and ISAC occurs after it reaches the model forecast
lead limits
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after day 30 days as a result of loss of predictability for
ROMI at this long lead.

3.5 Probabilistic prediction of ROMI
Most of the S2S modeling groups adopt ensemble-based
probabilistic forecast approaches. The number of ensemble
members varies from 3 (e.g., UKMO) to 33 (e.g., BOM).
The correlation skill is a measure of the ensemble mean skill
without consideration of ensemble spread. Here we estimate
the probabilistic prediction skill in the S2S reforecasts for
9 ensemble forecasts. We use the ranked probability skill
score (RPSS) to quantify probabilistic ROMI prediction
skills of the MJO amplitude (e.g., Marshall et al. 2016).
RPSS is an extension of the Brier Skill Score to scoring
forecasts of ordered multiple-category events. Following the
notation in Wilks (2011), Ranked Probability Score (RPS)
is defined for each ensemble forecast as:

RPS =

C
∑
(
)2
Ym − Om ,
m=1

Fig. 10  Top panels: RPSS for
the ROMI forecasts as a function of lead days in boreal winter and summer. Solid/dashed
curves indicate the model have
more/less than 10 ensemble
members. The bottom panels
are similar to top panels, except
that the systematic amplitude
bias (in Fig. 8) is corrected

RPSS = 1 −

RPS
RPSclim

where the overbar denotes an average over multiple forecasts, and RPSclim denotes RPS for climatology. We use
C = 10 categories for ROMI: < 0.25, 0.25–0.5, 0.5–0.75,
0.75–1, 1–1.25, 1.25–1.5, 1.5–1.75, 1.75–2, 2–3, > 3. These
categories will be used to evaluate ROMI amplitude.
RPSS is a relative forecast skill score and depends on
the choice of climatological reference forecast. We have
tested different choices of RPSclim , and we found that a
reasonable choice of RPSclim is to construct an observation ensemble with 20 ensemble members taken from 20
years’ observations on the same day of the year. A probabilistic forecast is skillful if RPS exceeds RPSclim i.e.,
RPSS is greater than 0. As shown below, some models
have no RPSS skill from day 0. This value of the RPSS
skill may not be directly comparable to the correlation

(a)

(c)
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where C is the number of categories, Ym and Om are the
cumulative probabilistic distributions of forecasts and observations, respectively. RPSS for multiple forecasts is then:

(b)

(d)
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skill discussed in previous sections, since RPSS is sensitive to systematic bias while correlation is not.
Figure 10a shows RPSS of ROMI amplitude in winter
from 1999 to 2010. ECMF and BOM are skillful at forecast leads of more than 30 days. UKMO and NCEP are
skillful at forecast leads of more than 10 days. The rest of
the models are skillful at forecast lead less than 10 days.
Figure 10b shows RPSS for summer. Overall the RPSS
skills of these 9 S2S models are less skillful in summer
than in winter. This seasonal dependence is consistent
with the deterministic skill discussed in the previous section. The lack of probabilistic skill in some of these models may be attributed to their systematic underestimates
of amplitude (Fig. 8). Since this systematic bias is known,
we may add back the known bias as function of forecast
lead (Fig. 8) to improve RPSS. Figure 10c, d show that
the RPSS skill improves for all the models when this is
done, such that all the models exhibit RPSS skill at lead
times greater than 5 days in winter.

Fig. 11  Top panels: bivariate correlation skill COR for
ECMWF (left) and BOM
(right) with different curves
constructed using different
numbers of ensemble members.
Bottom panels: as top panels
but for RPSS for ECMWF (left)
and BOM (right) with different curves constructed using
different numbers of ensemble
members

3.6 Impact of number of ensemble members
on skill
Both deterministic and probabilistic forecast skill measures may depend on the number of ensemble members.
We evaluate the impact of number of ensemble members
(Nens) on the ACC and RPSS skills in 2 models: ECMF and
BOM, which have 11 and 33 ensemble members, separately.
Top left panel of Fig. 11 shows that as Nens in ECMF is
reduced from 11 to 3, ACC decreases very little overall. The
same is also true for BOM. On the other hand, decreasing
Nens greatly reduces RPSS in both ECMF and BOM. This
dependence on Nens decreases slowly first, but drops fast
after some critical value, e.g., Nens = 6 in these 2 models.

4 Conclusions
This study assesses the prediction of intraseasonal convection numerical models. Using the real-time OLR based MJO
(ROMI) index developed by Kiladis et al. (2014), we have
assessed the prediction skill and predictability of tropical

(a)

(b)

(c)

(d)
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intraseasonal convection anomalies in the WMO subseasonal
to seasonal (S2S) forecast database. The main conclusions are:
1. The ROMI prediction skills, measured by bivariate
correlation coefficient exceeding 0.6, range from ~ 15
to ~ 36 days in boreal winter in the S2S models. This
range is 5–10 days higher than that derived from the
MJO RMM index in several prior studies. Forecasts of
the BSISO have systematically lower skill than those
of the MJO by 5–10 days. These results suggest that
intraseasonal convection is inherently less predictable
in summer than in winter. Analysis of an additional predictability measure, signal to noise ratio, confirms this
seasonal dependence.
2. Further evaluation of the bivariate correlation skill,
assuming either perfect amplitude or perfect phase forecasts, indicates that phase bias is the main contributor to
skill degradation at longer lead times. A new diagnostic—phase dispersion—is developed to represent departure of phase speed from observation. The S2S models
show phase dispersion varies by target phases. Assessment of the ROMI amplitude indicates that many S2S
models significantly underestimate ROMI amplitudes at
longer forecast leads.
3. Composites of MJO convection prediction skill upon
target phases show that nearly all the S2S models have
less skill when the MJO convection is centered over the
Maritime Continent (MC) in boreal winter at the target
date, and that phase bias contributes to this MC prediction barrier. There is no consistent dependence of skill
on initial phase across the multi-model ensemble. This
issue is less prevalent in boreal summer. It is unclear
what processes are responsible for the lack of skill in the
MC region. This issue will be explored in the future.
4. Probabilistic evaluation of the S2S model skills in forecasting ROMI amplitude indicates that ranked probability skill scores are significantly degraded in many models due to amplitude bias. Accounting for this systematic
bias in prior leads to improvement in RPSS.
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