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1  Introduction

The Madden–Julian oscillation (MJO) is the most domi-
nant mode of intraseasonal variability in the tropics (Mad-
den and Julian 1994; Zhang 2005). The MJO strongly 
affects the weather and climate in high-latitudes and polar 
regions in addition to those over the tropics and mid-lati-
tudes through meridionally propagating Rossby waves and 
equatorial Rossby and Kelvin waves, respectively (Maloney 
and Hartmann 2000; Jones et al. 2004; Hendon et al. 2007; 
Seo and Wang 2010; Wheeler and McBride 2011; Seo and 
Son 2012; Yoo et al. 2012; Seo et al. 2016). Because of its 
global impact, proper simulation of the MJO is imperative 
for improving the prediction performance of general circu-
lation atmospheric models (GCMs) and atmosphere–ocean 
coupled models. For example, in the National Centers for 
Environmental Prediction Climate Forecast System (NCEP 
CFS), a coupled model that realistically simulated MJO, 
the simulated upper-level circulation pattern correlated 
with observation at a level of 0.85–0.90. The results dem-
onstrate that the realistically simulated MJO improves the 
simulation of global circulation pattern through Rossby 
wave propagation (Seo and Wang 2010). However, state-
of-the-art GCMs or coupled models still have difficulty in 
producing accurate MJO convection and circulation anom-
alies (Lin et al. 2006; Seo et al. 2007; Kim et al. 2009; Seo 
and Wang 2010; Hung et al. 2013; Jiang et al. 2015). Only 
one model participating in Phase 5 of the Coupled Model 
Intercomparison Project (CMIP5) of the Intergovernmen-
tal Panel on Climate Change (IPCC) simulation project has 
simulated a reasonable eastward propagation of the MJO 
(Hung et al. 2013).

To resolve this problem, the Working Group on 
Numerical Experimentation (WGNE), and the MJO 
Task Force (MJO-TF), under the auspices of the Year 
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of Tropical Convection (YOTC) (Moncrieff et  al. 2012; 
Waliser et  al. 2012) and the GEWEX Atmospheric Sys-
tem Study (GASS), developed modeling experiments and 
compared MJO simulation skill. By using 20-year climate 
simulation data from 27 different GCMs, Jiang et al. (2015) 
demonstrated that models having more realistic MJO effec-
tively reproduced the vertically westward tilted structure 
in zonal wind, temperature, vertical pressure velocity, dia-
batic heating, and specific humidity relative to intrasea-
sonal convection. The tilted structure has resulted from the 
boundary layer moisture convergence to the east of MJO 
convection, preconditioning the atmosphere for subsequent 
shallow and deep convection. An MJO skill score, meas-
ured by the ratio of the eastward propagating intraseasonal 
signal to the westward counterpart, was shown to correlate 
with the difference in low-level relative humidity between 
heavy and light rainfall events. The seasonal mean gross 
moist stability also exhibited a significant relationship with 
the MJO skill score. However, their correlation is about 
0.45, explaining only 20% of the total variation. So, a spe-
cific physical process sensitive to the MJO simulation per-
formance still has not been fully addressed. As stated in 
DeMott et al. (2015), it is extremely difficult to detect a sin-
gle feature that links highly or poorly performing models 
in simulating MJO since the related processes are complex.

The present study aims to identify a single essential 
physical factor that can distinguish between highly per-
forming and poorly performing models by using the afore-
mentioned 20-year simulation data. For this purpose, a 
moisture budget equation is used and a key process sensi-
tive to simulating realistic MJO is examined to provide 
insight into MJO simulation.

2 � Datasets and methods

Observational and reanalysis datasets used for the period 
1998–2012 include winds and specific humidity from the 
European Center for Medium range Weather Forecasts 
Re-analysis-Interim (ERA-Interim) (Dee et  al. 2011) and 
rainfall data from the ERA-Interim, the Tropical Rainfall 
Measuring Mission (TRMM) 3B42 version 7 (Huffman 
et al. 2007), and the Global Precipitation Climatology Pro-
ject (GPCP) version 1.2 (Huffman et  al. 2001). Although 
the rainfall data of the TRMM and GPCP are of better qual-
ity than those of ERA-Interim, the latter was used in this 
study for constructing a dynamically consistent field with 
other variables, as was done in Kim et al. (2014).

The model datasets are 20-year data from 26 different 
climate simulations participating in the WGNE (MJO-TF)/
GASS MJO global model comparison project. Differ-
ent from that reported by Jiang et al. (2015), the MetUM-
GA3 model is excluded from the present study owing to 

an excessive amount of missing data. Detailed information 
about the 26 climate simulations can be found in Jiang et al. 
(2015). All datasets provide daily data with a 2.5° × 2.5° 
longitude–latitude grid at 20 vertical pressure levels from 
975 to 100  hPa. The analyses are performed during the 
boreal winter season from November to the following 
April. Data at 1000 hPa are excluded from the calculation 
because the lower boundary in some models is lower than 
that value. The use of the extrapolated data to 1000  hPa 
does not change any of the major features presented.

We begin by analyzing the vertically integrated mois-
ture budget equation, in which each term is presented as an 
equal unit of W m−2 by multiplying the latent heat of con-
densation (L),

where q is specific humidity, 
⇀

V
H
 is the horizontal wind 

vector, ∇ is the horizontal gradient operator, LH is surface 
latent heat flux, and P is precipitation at the surface. The 
square brackets indicate a mass-weighted vertical integral 
from 975 to 500 hPa. Due to a scarcity of water vapor in the 
upper troposphere, the results using integration from 975 to 
100 hPa are almost the same (not shown). The left term is 
the vertically integrated moisture tendency (MT). The first 
and second terms with negative signs on the right-hand 
side are the vertically integrated horizontal moisture advec-
tion (MA) and horizontal moisture convergence (MC).

We tried to apply the above equations to examine a sig-
nificant physical factor using total anomaly data (i.e., with 
no bandpass filtering) (not shown); however, it was hard 
to find any significant sensitivity in differentiating models 
with good and bad performance due to existence of strong 
low-frequency variability (>100 day) in this total anomaly. 
As an ad-hoc approach, we used the intraseasonally fil-
tered anomalies to utilize the above equation in this study. 
The anomalies for each variable are derived by removing 
the annual cycle, which is composed of the time mean and 
first three annual harmonics, and the intraseasonal varia-
tion is then extracted by using a 20–100 day bandpass filter. 
Again, continued effort needs to find a factor using unfil-
tered data in the future.

To examine the sensitivity of the MJO simulation skill 
to physical factors, we divide the models into highly per-
forming and poorly performing models based on three pre-
viously developed metrics (Table  1). The first is the ratio 
of eastward to westward power (E/W ratio) (Kim et  al. 
2009; Jiang et al. 2015), which is the most widely used cri-
terion as an MJO skill measure. This ratio is estimated by 
calculating the strength of eastward and westward power 
signals of zonal wavenumbers from 1 to 3 and periods 
between 30 and 60  days from a space–time spectrum for 
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rainfall of the global tropics (i.e., 0–360°E, 15°S–15°N). 
The second metric is the pattern correlation of regressed 
rainfall used in Jiang et al. (2015). For this, rainfall anom-
alies averaged over 10°S–10°N are regressed onto time 
series of 20–100-day bandpass filtered rainfall averaged 
over the eastern Indian Ocean (80°–90°E, 5°S–5°N). The 
time–longitude field of the regressed rainfall anomaly is 
then prepared for lag days −20 to 20. This pattern is com-
pared with ERA-Interim to obtain the pattern correlation. 
The same procedure is applied to the western Pacific base 
region (135°–145°E, 5°S–5°N), and the final skill score 
is the average value of the two pattern correlations. The 

last metric is the maximum lead–lag correlation between 
the first and second principal components (PC1 and PC2) 
of the empirical orthogonal function (EOF) of outgo-
ing longwave radiation (OLR), denoted as Rmax (Sperber 
and Kim 2012). Inclusion of other measures of MJO skill 
such as eastward power (Kim et al. 2014) and the ratio of 
squared eastward power to westward power (Sperber and 
Kim 2012) does not change the overall results. On the basis 
of these three criteria, the models constituting the top and 
bottom 30% are selected as good and poor models, respec-
tively (Table  1). The eight good models include CNRM-
CM, ECHAM5-SIT, GISS-E2, MRI-AGCM3, PNU-CFS, 
SPCAM3, SPCCSM3, and TAMU-CAM4; poor models are 
CAM5, CAM5-ZM, CanCM4, CFS2, CWB-GFS, GEOS5, 
MIROC5, and NavGEM1. The models selected as good are 
the same as those reported by Jiang et al. (2015), although 
the poor models differ slightly.

In Tables 1 and 2 and Figs. 1–5, the observation or rea-
nalysis rainfall data of TRMM, GPCP, and ERA-Interim 
are numbered 0, 1, and 2, respectively; those of climate 
models are numbered 3–28.

3 � Results

We first identify the MJO life cycle through lead–lag regres-
sion of the vertically integrated moisture budget terms 
calculated over the Indian Ocean (IO) (65°–105°E, 
10°S–10°N), as shown in Fig.  1. The used index in 
this study is the normalized time series of 20–100  day 
bandpass-filtered ERA-interim rainfall anomalies aver-
aged over the IO (65°–105°E, 10°S–10°N). All variables 
exhibit pronounced cyclic behavior, implying moistening 
and drying of the atmosphere. The MA becomes positive 
about 3  weeks prior to the occurrence of maximum rain-
fall (equivalently, to the east of maximum rainfall in space) 
and peaks at day −10, which contributes to similar phase 
evolution of the MT. At approximately days −20 to −7, an 
easterly anomaly at the surface acts to reduce the total wind 
speed so that the LH is negative, whereas under and west 
of the peak MJO convection (lag days −6 to 10), westerly 
anomaly tends to increase the total wind speed, leading to 
the positive LH (not shown). The MC and rainfall show an 
approximately in-phase relationship and lag the MA and 
MT terms by a quarter of a cycle. All of these features are 
consistent with previous findings (e.g., Benedict and Ran-
dall 2011; Seo et al. 2007; DeMott et al. 2015). The tem-
poral patterns (or equivalently spatial patterns) from the 
moisture budget are similar to those from the moist static 
energy or the moist entropy budget equation (Maloney 
2009; Kiranmayi and Maloney 2011; Benedict et al. 2014; 
DeMott et al. 2014).

Table 1   Summary of model ranking for various Madden–Julian 
oscillation (MJO) simulation skill measures including the ratio of 
eastward to westward power (E/W ratio), pattern correlation of 
regressed rainfall and maximum lead–lag correlation between the first 
and second principal components (PC1 and PC2) of the empirical 
orthogonal function (EOF) of outgoing longwave radiation (OLR), 
denoted as Rmax

Coupled models are denoted by an asterisk; otherwise, the model is 
an atmospheric general circulation model (GCM). Good (poor) mod-
els are expressed in bold (italics). Good and poor models were chosen 
when at least two criteria among the three were met as the top and 
bottom 30% ranking

No. Model name E/W ratio Pattern corr. of 
regressed rainfall

Rmax

3 ACCESS1 16 15 11
4 BCC-AGCM2.1 11 21 8
5 CAM5 19 18 23
6 CAM5-ZM 21 14 22
7 CanCM4* 23 22 20
8 CFS2 22 26 21
9 CNRM-ACM 9 11 18
10 CNRM-AM 14 13 14
11 CNRM-CM* 2 6 2
12 CWB-GFS 20 23 25
13 ECEarth3 15 10 10
14 EC-GEM 18 19 13
15 ECHAM5-SIT* 6 4 3
16 ECHAM6* 10 12 16
17 FGOALS-s2 17 8 12
18 GEOS5 25 17 24
19 GISS-E2 3 1 4
20 ISUGCM 13 20 17
21 MIROC5 26 24 26
22 MRI-AGCM3 8 7 15
23 NavGEM1 24 25 19
24 PNU-CFS* 4 9 7
25 SPCAM3 7 3 5
26 SPCCSM3* 5 2 6
27 TAMU-CAM4 1 5 1
28 UCSD-CAM3 12 16 9
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To simplify the sensitivity investigation of a model’s 
MJO simulation performance to the aforementioned 
physical processes, we select the time interval of a full 
cycle over which the rainfall anomalies evolve (Fig.  1) 
with lag days −16 to 16. Then, to avoid cancellation of 
the positive and negative values the absolute value of 
the regressed anomalies is taken for each term. Next, the 
positive value is averaged over this time span to represent 
the strength of each term. This calculation is possible 
because the lead–lag relationships of the vertically inte-
grated moisture budget terms with respect to the intra-
seasonal rainfall anomaly for each model are similar to 
those in the ERA-Interim data (Figs. 1, 2). Use of TRMM 
or GPCP as the rainfall index produces similar results to 
those shown in Fig. 1. Therefore, the detailed phase dif-
ference against the intraseasonal rainfall anomaly does 
not need to be considered. This enables the statistics to be 
less sensitive to any specific phase, which makes the cal-
culations are more feasible. The result is not sensitive to 
the addition or exclusion of a few days in the MJO cycle.

On this basis, a scatter diagram between the E/W ratio 
(ordinate) and the strength of each physical term (abscissa) 
over the IO for the observation, reanalysis and GCM simu-
lations is plotted in Fig. 3. The correlation coefficients for 
the MA and MC with the E/W ratio are 0.79 and 0.88 (MT 
for 0.71, LH for 0.37; not shown). Note that although the 
rainfall is also highly correlated with the E/W ratio, we 
do not consider this term since rainfall is end product of 
complex processes in model integrations and we intend to 
find a specific process demonstrating the sensitivity other 
than this rainfall. The MC has higher correlation with 
the E/W ratio than the other four terms during the MJO 
cycle. It appears that the MC term is capable of classify-
ing highly and poorly performing models in simulating 
the MJO (Fig. 3b). However, a careful examination reveals 
that although the observation and reanalysis (green colors 
in Fig. 3) have a large E/W ratio, the strength of the MC 
(abscissa) overlaps the middle group models 3, 9, 16, 
and 28 and one bad model, model 12. Then, we examine 
the relative contribution to the intraseasonal MC term by 
decomposing into three different time scales:

Table 2   List of YOTC/MJO-TF 
climate models with convection 
and closure schemes. For the 
references in the table, refer to 
Jiang et al. (2015)

No. Model name Convection scheme/modification Convective closure

3 ACCESS1 Gregory and Rowntree (1990) CAPE
4 BCC-AGCM2.1 Zhang and McFarlane (1995)/Zhang and Mu (2005) CAPE
5 CAM5 Zhang and McFarlane (1995)/Richter and Rasch 

(2008)
CAPE

6 CAM5-ZM Zhang and McFarlane (1995)/Neale et al. (2008) CAPE
7 CanCM4* Zhang and McFarlane (1995) CAPE
8 CFS2 Hong and Pan (1998) Entraining CAPE
9 CNRM-ACM Bougeault (1985) Kuo type
10 CNRM-AM Bougeault (1985) Kuo type
11 CNRM-CM* Bougeault (1985) Kuo type
12 CWB-GFS Pan and Wu (1995) Entraining CAPE
13 ECEarth3 Bechtold et al. (2004) CAPE
14 EC-GEM Fritsch and Chappell (1980) CAPE
15 ECHAM5-SIT* Tiedtke (1989)/Nordeng (1994) CAPE
16 ECHAM6* Tiedtke (1989)/Nordeng (1994) CAPE
17 FGOALS-s2 Tiedtke (1989)/Nordeng (1994) CAPE
18 GEOS5 Moorthi and Suarez (1992) Entraining CAPE
19 GISS-E2 Del Genio and Yao (1993) Entraining CAPE
20 ISUGCM Zhang and McFarlane (1995)/Zhang and Wu (2003) CAPE
21 MIROC5 Chikira and Sugiyama (2010) CAPE
22 MRI-AGCM3 Yukimoto et al. (2011) Entraining CAPE
23 NavGEM1 Hong and Pan (1998) Entraining CAPE
24 PNU-CFS* Moorthi and Suarez (1992) Entraining CAPE
25 SPCAM3 Khairoutdinov and Randall (2003) Non-equilibrium
26 SPCCSM3* Khairoutdinov and Randall (2001, 2003) Non-equilibrium
27 TAMU-CAM4 Zhang and McFarlane (1995)/Richter and Rasch 

(2008)
Entraining CAPE

28 UCSD-CAM3 Zhang and McFarlane (1995) CAPE
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where the overbar denotes the boreal winter time mean, the 
prime represents the total anomaly, and the brackets indi-
cate the 20–100  day filtered anomaly. On the right-hand 
side of Eq.  (2), the first term is the convergence of mean 
moisture by the MJO horizontal wind, which is a domi-
nant term. This term is strongly correlated with E/W ratio 
(0.86, not shown). This is further divided into convergence 
by zonal and meridional wind components, −

[

Lq �{u}∕�x
]

 
and −

[

Lq �{v}∕�y
]

, respectively. The correlation of the 
convergence by the MJO zonal wind with the E/W ratio is 
as high as 0.83 (Fig. 3c), whereas that by the MJO meridi-
onal wind is nearly zero (not shown).

A further decomposition of this MC (i.e., −
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) shows that the ZC (−
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noted that the ZC term (Fig.  3d) shows a higher correla-
tion with the E/W ratio and is able to categorize the good 
and poor models according to a threshold value of ZC 
strength, such as 8 kg m−2 s−1. Meanwhile, the zonal wind 
itself (Fig. 3f) does not clearly discriminate good or poor 
models, although it is strongly correlated with the E/W 
ratio. To summarize, the magnitude of the ZC (i.e., intra-
seasonal ZC) during the MJO cycle is the most important 
factor in distinguishing highly or poorly performing models 
for the simulation of the MJO. Note that if the outlier mod-
els (TAMU-CAM4) is excluded in the linear fit in Fig. 3, 
the correlation coefficients are only slightly reduced so the 
major results are not changed.

Figure 4 illustrates the life cycle of MJO convection and 
circulation anomalies for the TRMM/ERA-Interim (hereaf-
ter, simply referred to as the reanalysis) and good and poor 
models to investigate the spatial relationship between con-
vection and circulation during the MJO cycle. For this cal-
culation, rainfall, horizontal wind, and zonal wind conver-
gence at 70 0 hPa are regressed onto the same normalized 
rainfall index as that used in Fig. 1. The evolution is divided 
into four stages including phases of suppression and initia-
tion (lag days −20 to −12), development (days −12 to −4), 
peak (days −4 to 5), and decay (days 5 to 14). These results 
are not sensitive to the specific choice of vertical level or 
lag days. During the suppression and initiation phase in the 
reanalysis, the suppressed convection is located over the 
eastern IO, and the easterly anomalies appear to the west 
of the suppressed convection as a Rossby wave response. 
The easterly anomaly tends to decrease toward the west-
ern IO, particularly along 5°S, leading to zonal wind con-
vergence and the initiation of new MJO convection in the 
western IO. This result is exactly consistent with the down-
stream forcing mechanism proposed as an MJO initiation 
mechanism by Zhao et al. (2013). At this phase, the good 
model composite shown in Fig. 4b exhibits similar dipole 
convection and zonal wind patterns as those in the reanaly-
sis, whereas the poor model composite in Fig. 4c show very 
weak convective and circulation signals.

During the development and peak phases, the observed 
zonal wind convergence (shading) strengthens owing to 
more enhanced convection (contours) over the IO. This 
feature is also evident in the good model composite; even 
the suppressed convection over the western Pacific is well 
simulated. In contrast, the poor models show significantly 
weaker convection and zonal wind convergence with the 
convective cell and related convergence region (red shad-
ing) moving toward the west. The suppressed convection 
in the western Pacific is not well seen in this poor model 
composite. The decay phase is characterized by the appear-
ance of suppressed convection and the resultant zonal 
wind divergence over the IO. The good model results are 
similar to the reanalysis, whereas in the poor models, the 

Fig. 1   Time evolution of vertically integrated (975–500  hPa) 
intraseasonal moisture budget terms regressed onto time series of 
20–100 day filtered rainfall anomalies over the central Indian Ocean 
(65°–105°E, 10°S–10°N) based on ERA-Interim. Moisture tendency 
(MT) is denoted by the black line, moisture advection (MA) is in 
green, moisture convergence (MC) is in red, rainfall is in blue, and 
surface latent heat flux (LH) is in yellow. Solid circles in each color 
denote statistically significant points at the 90% level based on Stu-
dent’s t test. All units are in W m−2. The lag days in the abscissa were 
reversed to match the zonal structure
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Fig. 2   Same as in Fig. 1, but for TRMM, GPCP and 26 GCMs
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rainfall anomaly disappears, and the zonal wind conver-
gence moves to the west in the IO.

To better describe the evolution difference between 
the good and poor models, a life cycle in a phase diagram 
composed of the regressed rainfall and ZC over the IO 
(65°–105°E, 10°S–10°N) is presented in Fig. 5 for lag days 
from −16 to 16. During the development and peak (decay) 
phases, a sharp increase (decrease) in the rainfall and ver-
tically integrated (975–500  hPa) ZC is exhibited in both 
reanalysis and the good models, whereas the poor models 
show significantly slower increase (decrease) at an initial 

(decaying) phase. The reanalysis and good models exhibit 
an enormously compact cycle along the diagonal direction 
with the evolution trajectory passing the origin nearby, sug-
gesting that the evolution pattern is consistent with a dis-
charge–recharge mechanism (Benedict and Randall 2007; 
Thayer-Calder and Randall 2009) and a quasi-linear prop-
erty between the enhanced and suppressed MJO stages. In 
contrast, the poor models show a rather elliptical evolution, 
with significantly smaller magnitudes of rainfall and ZC 
than those in the good models.

Fig. 3   Scatter diagram between 
the E/W ratio and a MA, b 
MC, c moisture convergence by 
MJO zonal wind, d zonal wind 
convergence (ZC), e time-mean 
moisture, and f MJO zonal 
wind. All quantities are aver-
ages over a full cycle of rainfall 
evolution over the Indian 
Ocean. Filled green diamonds 
represent observation and 
reanalysis data, and filled circles 
denote each model simulation. 
Red (blue) filled circle denote 
good (poor) models, and tildes 
represent one cycle of rainfall 
evolution. The linear correlation 
coefficient (R) is presented in 
the plot. For a, b, and c units 
are in W m−2; those in d are in 
10−4 kg m−2 s−1; those in e are 
kg m−2; and those in f are in 
102 kg m−1 s−1
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A more important feature shown in Fig.  5 is that the 
maximum ZC (a square) occurs simultaneously with the 
peak rainfall (i.e., lag day 0, a cross) in the good models 
and in the reanalysis. In the poor models, however, the 
maximum ZC appears 3 days after the peak rainfall; thus, 
the developing convection is not immediately supported by 
ZC, which limits further development of convection and 
leads to subsequent reduction in the circulation response. 
The convection–circulation phase difference hindered 
the correct coupling between them and suggested that the 
quasi-stationary (or westward propagating, see Fig. 4) con-
vective and circulation signals in the poor models (Guo 
et al. 2015; Jiang et al. 2015). An inspection of individual 
poor models reveals that the maximum ZC lags behind the 
peak rainfall by 2–4 days; 4 of the 8 poor models have a 
4-day lag bias. By contrast, eight good models exhibit a 
minus 1 to 1-day lags (not shown).

This inconsistency between convection and large-scale 
circulation comes from multiple causes including an inap-
propriate treatment of various components inside deep 
convective parameterization scheme and an incomplete 
representation of small-scale contribution to large-scale 
variables or their interactions. It may include the following 
limitation: in nature, the cumulus convection process such 
as transition from shallow to deep convection is gradual but 
model simulates this differently with the observation.

As shown in Table  2, no particular scheme is given a 
credit for better simulating the MJO variability: the good 
models use Kuo-type moisture convergence scheme or 
mass-flux scheme such as Relaxed Arakawa–Schubert 
and Zhang and McFarlane schemes and the poor models 
employ the similar schemes. Therefore, it is almost impos-
sible to pinpoint a specific element as a major culprit. How-
ever, we speculate that some degree of improvement can 
be achieved by performing a proper adjustment or change 

Fig. 4   Longitude–latitude plot of intraseasonal zonal wind conver-
gence (shaded, intervals of 1 × 10−8  s−1), wind (green vector, inter-
vals of 3 m s−1 in TRMM/ERA-Interim (hereafter, simply referred to 
as reanalysis) and 4  m  s−1 in models), and rainfall (black contours, 

intervals of 20 W m−2) at 700 hPa regressed onto time series of the 
20–100-day bandpass filtered rainfall for a the reanalysis, b the good 
models, and c the poor models. All variables are statistically signifi-
cant above the 90% level
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of “a closure” in the deep convection parameterization 
scheme. For example, a quasi-equilibrium hypothesis for 
the closure of mass flux scheme may not always work on 
the intraseasonal time scale. As one of metrics for evalu-
ating GCM performance, we suggest that the in-phase 
relationship between the deep convection and large-scale 
convergence on this subseasonal time scale needs to be 
checked. Elucidation of an exact reason for this deficiency 
in some models is left for future study.

4 � Summary and discussion

A key physical factor in regulating the performance of 
MJO is examined by using 26 climate model simulations. 
For this study, an intraseasonal moisture budget equation 
is considered, and a simple, efficient physical quantity 
is developed to assess the sensitivity of the MJO perfor-
mance. Each term in this equation is first regressed onto 
the time series of rainfall over the central tropical IO, and 
the absolute value of the regressed anomalies over a full 
cycle of rainfall evolution is then averaged to represent 
the strength of each term. Most of the model simulation 
data analyzed in this study exhibit the similar phase rela-
tionships among the budget terms as shown in the reanal-
ysis data (see Figs. 1, 2), leading to feasibility of express-
ing one or two metrics to synthesize the evolution feature.

The results show that the intraseasonal ZC, vertically 
integrated from 925 to 500  hPa, is able to clearly distin-
guish highly performing models and poorly performing 
models. The ZC term exhibits a higher correlation with 
the E/W ratio and is able to categorize the good and poor 
models according to a threshold value of ZC strength at 
8 kg m−2 s−1. Composite analysis demonstrates that the pat-
tern and magnitude of convection and circulation anoma-
lies in the good models are similar to those in the reanalysis 
with a sharp increase (decrease) in the rainfall and ZC dur-
ing the development and peak (decay) phases. This result 
is consistent with the discharge-recharge mechanism. How-
ever, the poor models show stationary or westward propa-
gating anomalies and a zonally narrow pattern with signifi-
cantly weaker amplitude than that in the good models at all 
stages.

An important finding in this study is that an average 
3-day delay appears in the circulation field in response to 
convective forcing in the poor models. However, the good 
models exhibit an accurate, simultaneous convection and 
large-scale circulation phase relationship such that the 
robust coupling between convection and circulation enables 
the MJO to sustain against dissipation. The inconsistency 
between the convection and circulation in the poor models 
can be attributed to the unrealistic treatment in the deep 
convection parameterization scheme.

Fig. 5   Relationship between 
rainfall and ZC regressed onto 
the time series of 20–100-day 
filtered rainfall anomalies 
over the Indian Ocean (IO) 
(65°–105°E, 10°S–10°N) for 
one cycle of rainfall evolution 
for the reanalysis (green), good 
models (red), and poor models 
(blue). All fields are intrasea-
sonal anomalies averaged over 
the same IO box. Each filled 
small circle represents 1 day. 
“S” indicates day −16, “×” 
denotes a maximum rainfall 
day, and the large open square 
denotes the maximum ZC day. 
The unit of rainfall is W m−2; 
that of ZC is 10−4 kg m−2 s−1
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The high correlation (Fig.  3d) on its own is a little bit 
hard to interpret presumably since the calculation is done 
for one cycle of MJO precipitation, so it does not seem to 
explicitly provide differences in related physical processes. 
However, if the daily evolution within this cycle as shown 
in Fig. 5 is considered, a more clear difference in the physi-
cal states emerges between good and poor models. So, this 
ultimately gives a meaningful convection–circulation state 
that each model produces.

Recent studies have demonstrated that although the 
environmental relative humidity difference may be hard to 
distinguish the MJO performance in the model, the envi-
ronmental relative humidity is sensitive components for 
simulating MJO (Kim et  al. 2014; Maloney et  al. 2014; 
Jiang et  al. 2015). The low-level (850–700  hPa) relative 
humidity (RH) difference is defined between upper 10% 
(strong) and lower 20% (weak) of rainfall events over the 
Indian Ocean [65°–105°E, 10°S–10°N]. The low-level RH 
difference has a correlation of 0.34 with the E/W ratio (not 
shown). Most good models and two poor models (model 
numbers 5 and 6) simulated a low-level RH difference 
between 30 and 40%. It suggests that the model perfor-
mance is not sensitive to the RH difference factor. These 
results are consistent with the previous study of Jiang et al. 
2015 (in their Fig. 10b).

The current study provides insight into the primary 
physical elements for improved MJO simulation in climate 
models. Although it remains extremely difficult to pinpoint 
a specific component in cumulus parameterization, a clo-
sure scheme is suggested to be thoroughly examined and 
improved.
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