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Abstract 27 

 28 

Previous studies have demonstrated a link between gross moist stability (GMS) and intraseasonal 29 

variability in theoretical and reduced-complexity models.  In such simplified models, moisture modes—30 

convectively coupled tropical disturbances akin to the MJO whose formation and dynamics are linked to 31 

moisture perturbations—develop only when GMS is either negative or “effectively” negative when 32 

considering additional sources of moist entropy.  These simplified models typically use a prescribed, 33 

time-independent GMS value.  Limited work has been done to assess GMS and its connection to 34 

intraseasonal variability in full-physics general circulation models (GCMs).  35 

The time-mean and intraseasonal behavior of normalized GMS (NGMS) are examined in three 36 

pairs of GCMs to elucidate the possible importance of NGMS for the MJO.  In each GCM pair, one 37 

member produces weak intraseasonal variability while the other produces robust MJOs due to a change 38 

in the treatment of deep convection.  A highly correlated linear relationship between time-mean NGMS 39 

and MJO simulation skill is observed, such that GCMs with less positive NGMS produce improved 40 

MJO eastward propagation.  The reduction in time-mean NGMS is primarily due to a sharp drop to 41 

negative values in the NGMS component related to vertical advection, while the horizontal advection 42 

component has a less clear relationship with MJO simulation.  Intraseasonal fluctuations of anomalous 43 

NGMS modulate the magnitude of background NGMS but generally do not change the sign of 44 

background NGMS.  NGMS declines ahead of peak MJO rainfall and increases during and after heaviest 45 

precipitation.  Total NGMS fluctuates during MJO passage but remains positive, suggesting that other 46 

sources of moist entropy are required to generate an effectively negative NGMS.47 
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Section 1.  Introduction 48 

 The interaction between cumulus convection and the large-scale flow in which it is embedded is 49 

a hallmark feature of many tropical weather systems, including the Madden-Julian Oscillation (MJO; 50 

Madden and Julian 1971, Zhang 2005).  Despite decades of advancement of conceptual theories, 51 

enhanced modeling capabilities, and a greater scope and quality of tropical atmospheric measurements, 52 

our understanding of such interactions remains incomplete.  One approach to examining the relationship 53 

between convective cloud systems and large-scale dynamics utilizes a concept called the gross moist 54 

stability (GMS; Neelin and Held 1987).  GMS quantifies the moist static energy or moist entropy export 55 

in a convective overturning circulation per unit of mass transport. GMS provides a measure of the 56 

efficiency with which convection and associated large-scale circulations discharge moist static energy or 57 

moist entropy from the column, which in turn allows one to infer the strength of the circulation or 58 

precipitation response to a given forcing in the column-integrated moist static energy budget.  It emerges 59 

naturally in any theory for tropical dynamics that focuses on the budget of moist static energy or moist 60 

entropy, the most nearly conserved variables in a moist atmosphere.    61 

In this study, we examine GMS in several pairs of general circulation models (GCMs) as a 62 

means of diagnosing the role that GMS might play in determining the GCM’s ability to realistically 63 

simulate the MJO. 64 

 Observations of the tropical atmosphere indicate that the initiation and distribution of deep 65 

convective precipitation is closely tied to the amount of moisture in the ambient lower and middle 66 

troposphere (Sherwood 1999, Bretherton et al. 2004, Holloway and Neelin 2009).  Cloud-resolving 67 

model (CRM) studies suggest that this sensitivity arises from turbulent mixing between the cumulus 68 

updrafts and environmental air through entrainment processes (Lucas et al. 2000, Derbyshire et al. 2004, 69 

Raymond and Zeng 2005).  The modulation of cumulus clouds by environmental humidity and the 70 
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feedbacks between convection and tropospheric moisture (among other factors, including radiation and 71 

surface fluxes) have a critical impact on simulations of planetary-scale organized tropical convection in 72 

reduced-complexity models (Bony and Emanuel 2005), CRMs (Hagos et al. 2011), and various types of 73 

GCMs (Grabowski and Moncrieff 2004, Thayer-Calder and Randall 2007, Hannah and Maloney 2011). 74 

One approach to understanding how tropical convection interacts with its environment is through 75 

the use of simplified models.  A diverse spectrum of simple theoretical models has been developed to 76 

examine relationships among convection, moisture distribution, longwave radiation, and surface fluxes 77 

(e.g., Emanuel et al. 1994, Neelin and Yu 1994; Neelin and Zeng 2000; Fuchs and Raymond 2002, 78 

2005; Raymond and Fuchs 2007, 2009; Sugiyama 2009).  Many theoretical studies focusing on such 79 

interactions have implemented the weak temperature gradient (WTG) approximation, a simplified 80 

dynamical framework that takes advantage of the spatial uniformity of temperature in the Tropics (e.g., 81 

Charney 1963;  Held and Hoskins 1985;  Sobel et al. 2001).  Organized convective disturbances whose 82 

development and dynamics are closely linked to moisture perturbations—so-called “moisture modes”—83 

become unstable in such models either when GMS is negative, or when “effective” GMS, including 84 

radiative or surface flux feedbacks (Su and Neelin 2002, Bretherton and Sobel 2002, Sugiyama 2009, 85 

Sobel and Maloney 2012, 2013) is negative. 86 

GMS is broadly defined as the ratio of vertically integrated horizontal divergence of an intensive 87 

quantity conserved under moist adiabatic processes to some measure of convective intensity.  In this 88 

study we use specific moist entropy s as the conserved quantity following Raymond et al. (2010) and 89 

references therein.  A version of GMS, the “normalized” GMS (or NGMS), is derived from the budget 90 

of vertically integrated s and may be written as 91 

 Γ! = −
𝑇! ∇ ∙ 𝑠v
𝐿 ∇ ∙ 𝑟v , 

(1) 
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where 𝑇! = 273.1K, 𝐿 = 2.5×10!  J  kg!!, r is the water vapor mixing ratio, v is the horizontal vector 92 

wind, and ∙  represents a mass-weighted vertical integral from the surface to the tropopause.  Note that 93 

we use vertically integrated moisture convergence as the normalization factor in (1), as opposed to the 94 

dry static energy export that is used in some other studies (e.g., Wang and Sobel 2011, 2012; Sobel and 95 

Maloney 2012, 2013); results are not expected to be particularly sensitive to this choice.  Another 96 

difference of convention is that the definition of GMS here is based on the total horizontal flux 97 

divergence, which includes horizontal advective tendencies, whereas in some studies the GMS refers 98 

only to what is called here the “vertical component” (see Eqs. 3-5) with horizontal advection treated as 99 

external. 100 

In steady state conditions, we can formulate an expression demonstrating the sensitivity of net 101 

precipitation to NGMS as 𝑃 = 𝐸 +   𝑇! 𝐹! − 𝑅 𝐿Γ!.  Here, P and E are time-mean precipitation and 102 

evaporation, respectively; FS is the surface entropy flux; and R is the column entropy sink due to 103 

radiative cooling.  The expression indicates that precipitation, at least in the time mean, becomes a 104 

stronger function of entropy forcing (FS – R) if NGMS is small.  The entropy forcing increases when FS 105 

increases due to larger surface evaporative or sensible heat fluxes, or when R decreases due to reduced 106 

longwave cooling to space in the presence of abundant upper-level cloudiness and moisture.   107 

If we don’t assume steady state, but we do assume that free tropospheric temperature variations 108 

are small, then the sign of the NGMS tells us how convection feeds back onto the moisture field 109 

(Raymond 2000).  If the NGMS is negative, convection strong enough to drive large-scale ascent results 110 

in an increase in column moist static energy, thus promoting an environment favorable for future 111 

convection.  If the NGMS is positive, the convection and large-scale ascent dry the environment despite 112 

moisture convergence.  As a simple example, we highlight the link between cloud characteristics and the 113 

NGMS vertical component (see Eq. 5):  we associate negative NGMS with shallow convective or 114 
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congestus cloud regimes and a net import of column s, while positive NGMS is characterized by more 115 

mature convection and cumulonimbi-driven stratiform clouds that produce a net export of column s.  An 116 

informative review of GMS can be found in Raymond et al. (2009). 117 

In order for the GMS to be part of a successful theory for tropical precipitation, we need a theory 118 

for the value of the GMS itself as a function of environmental conditions. The observational study of 119 

López Carillo and Raymond (2005) indicates that GMS is a function of saturation fraction, in which 120 

drier regimes have lower column moisture and import s (GMS < 0) while regimes with higher column 121 

moisture export s (GMS > 0).  Consistent with this, single-column models (SCMs) and CRMs run in 122 

WTG mode can produce two stable equilibria for the same boundary conditions and forcings.  One 123 

corresponds to dry conditions and has GMS < 0; this still implies export of moist static energy, but 124 

associated with a descending large-scale circulation.  The other corresponds to wet conditions and has 125 

GMS > 0 (Sobel et al. 2007, Sessions et al. 2010).  These SCM and CRM results are consistent with 126 

those of Bretherton et al. (2005), who noted self-aggregating convective clusters produced in an 127 

idealized CRM in radiative-convective equilibrium (RCE) on a large domain.  The clusters and dry 128 

regimes within the large domain are thought to correspond to the wet and dry regimes in the smaller-129 

domain simulations under WTG (although the correspondence cannot be exact because, in RCE, the dry 130 

and wet regimes cannot both export moist static energy, as they can in the WTG solutions, because the 131 

net export of moist static energy from a domain in RCE must vanish).  Though simplistic, these results 132 

form the foundation of our view of the cyclic convectively suppressed and active phases observed in 133 

large-scale tropical disturbances such as the MJO. 134 

In many reduced-complexity models, moisture modes become destabilized if NGMS is negative 135 

(e.g., Sobel et al. 2001; Raymond and Fuchs 2007, 2009; Sugiyama 2009). Favorable conditions for 136 

moisture mode instability can also be achieved even if NGMS, as defined in (1), is positive given the 137 
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presence of other diabatic processes that increase column moist entropy, such as surface fluxes and 138 

radiation (e.g., Sugiyama 2009; Sobel and Maloney 2012, 2013). 139 

While the GMS plays a key role in many idealized models of tropical dynamics, the GMS is 140 

particularly sensitive to the assumptions of vertical structure that are made, implicitly or explicitly, in 141 

those models (e.g., Sobel et al. 2007). Many reduced-complexity modeling studies of moisture modes 142 

(Neelin and Yu 1994, Fuchs and Raymond 2005, Raymond and Fuchs 2009, Sugiyama 2009) explicitly 143 

assume a pure first baroclinic mode (deep convective) structure, even though many tropical 144 

disturbances, including the MJO, project significantly on second baroclinic mode structures, and the 145 

second mode plays an important dynamical role in some theories for these disturbances (e.g., Mapes 146 

2000, Madja et al. 2004, Khouider and Majda 2006, Kuang 2008). Some idealized models allow for 147 

multiple vertical modes and determine the GMS interactively; Kuang (2011) argues that feedbacks 148 

between the temperature field and the GMS are important to MJO dynamics.  A few studies have 149 

analyzed the GMS in CRM studies either with an explicit large-scale circulation (Kuang 2012) or with 150 

parameterized large-scale dynamics (Raymond and Sessions 2007; Sessions et al. 2010; Wang and Sobel 151 

2011, 2012); either choice allows a full range of variation in vertical structure, rather than a small 152 

number of vertical modes as in more idealized models. Frierson (2007) diagnosed the GMS in an 153 

idealized GCM with several different convective parameterizations and found it to be a useful diagnostic 154 

for understanding the dependence of the general circulation on the choice of parameterization. 155 

In this study, we analyze the behavior of GMS in three pairs of full-physics GCMs, and focus on 156 

the relationship between the GMS and the simulated intraseasonal variability.  In each pair of GCMs, 157 

one member produces weak intraseasonal variability while its counterpart produces stronger 158 

intraseasonal variability and more realistic MJO disturbances due to a change in the treatment of deep 159 

convection.  Our goal is to investigate what role, if any, GMS plays in explaining the differences seen 160 
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within each GCM pair.  Our analysis will examine both the time-mean GMS and its intraseasonal 161 

fluctuations.  Hannah and Maloney (2011) analyzed a series of GCM simulations in a single model and 162 

found a reduction in time-mean GMS when minimum cumulus entrainment and rain evaporation were 163 

increased to produce stronger MJO activity. Intraseasonal variability in GMS was also increased with 164 

such modifications. Additionally, Frierson et al. (2011) ascribed the slower propagation of convectively 165 

coupled Kelvin waves in a suite of GCMs with modified convective parameterizations to reduced time-166 

mean GMS.  As suggested by Raymond et al. (2009), the assessment of GMS in simulations with 167 

different cumulus parameterization schemes may help us understand model weaknesses by highlighting 168 

processes that are unrealistically suppressed or overemphasized. 169 

A description of the data sources and a review of the model simulations are presented in Section 170 

2.  We provide a commentary on the calculation of GMS in Section 3.  Our primary findings are 171 

presented in Section 4, followed by a discussion of the results and concluding remarks in Section 5. 172 

 173 

Section 2.  Data and Model Description 174 

 We investigate the behavior of GMS and related variables in three pairs of GCMs, resulting in a 175 

total of six simulations.  In each GCM pair, one model version produces weak tropical intraseasonal 176 

variability (the “control” simulation) while the other member produces stronger intraseasonal variability 177 

due to a modification in the treatment of deep convection (the “modified” simulation).  Table 1 lists the 178 

GCM simulations examined in this study and other salient information related to their treatments of deep 179 

convection. 180 

The first GCM pair consists of two versions of the GFDL AM2 (Anderson et al. 2004).  Both 181 

versions of the AM2 parameterize cumulus convection using the relaxed Arakawa-Schubert (RAS; 182 

Moorthi and Suarez 1992) scheme consisting of a spectrum of entraining plumes.  Also included is a 183 
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modification that suppresses deep convective updrafts with lateral entrainment rates below a minimum 184 

threshold 𝜇!"# = 𝛼 𝐷, where α is a positive constant and D is the subcloud layer depth (Tokioka et al. 185 

1988).  Consistent with previous studies (Hannah and Maloney 2011, Kim et al. 2011), increasing the 186 

value of α in AM2-TOK results in stronger intraseasonal variability (see Section 4). 187 

The second GCM pair consists of two versions of the GFDL AM3 (Donner et al. 2011).  Many 188 

features of AM3 differ greatly from the AM2, including the dynamical core, spatial grid, and treatment 189 

of deep and shallow convection (see Donner et al. 2011 or Benedict et al. 2013 for further details).  The 190 

deep convection scheme includes parameterizations for both deep cumulus plumes and, unlike in AM2, 191 

dynamically active mesoscale anvil clouds that modulate local radiative fluxes and water substance 192 

transport between the cumuli and their environment.  In AM3-CTL, the convective closure assumption 193 

is based on relaxing CAPE back to a reference value over a specified time scale, activation of deep 194 

cumuli is prohibited if convective inhibition (CIN) is greater than 100 J kg–1 or CAPE is less than 1000 J 195 

kg–1, and convective downdrafts are not parameterized.  In the modified AM3 (AM3-A), the default 196 

CAPE relaxation closure is replaced by the Zhang (2002) closure.  The CAPE and CIN thresholds that 197 

restrict deep convective initiation are supplemented with an additional convective trigger that requires 198 

time-integrated low-level parcel ascent to exceed a specified magnitude for deep cumuli to form 199 

(Donner et al. 2001).  Although neglected in AM3-CTL, convective downdrafts are parameterized in 200 

AM3-A and so we expect stronger interactions between convection and environmental moisture.  The 201 

modifications to the treatment of deep convection in the AM3 result in stronger intraseasonal variability 202 

at the expense of a degraded mean state (see Fig. 1). 203 

 The final GCM pair consists of version 3.0 of the standard NCAR Community Atmosphere 204 

Model (CAM; Collins et al. 2006) and its superparameterized (SP) variant, the SPCAM (Khairoutdinov 205 

et al. 2008, hereafter KDR08).  Both simulations are run using a semi-Lagrangian dynamical core at 206 
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2.8°×2.8° horizontal resolution (T42 spectral truncation).  The Zhang-McFarlane (1995) deep 207 

convection scheme employed by CAM3.0 accounts for convective downdrafts and assumes that CAPE 208 

is consumed by cumuli at a specified rate.  CAM3 acts as the host GCM for the SPCAM simulation.  209 

Using the SP approach, a 2D north-south-oriented “curtain” CRM with 32 columns, 28 levels collocated 210 

with the lowest 28 CAM levels, and 4 km horizontal resolution is embedded into each CAM grid cell.  211 

The embedded CRMs replace CAM’s conventional parameterizations of convection and boundary layer 212 

processes.  Additional background information of the SPCAM simulation examined in this study and the 213 

SP approach can be found in KDR08 and Benedict and Randall (2009).  Compared to the standard 214 

CAM3, notably stronger intraseasonal variability is observed in CAM simulations that utilize the SP 215 

approach (KDR08, Benedict and Randall 2009). 216 

 All AM simulations are run for 11 years, with the first year discarded to mitigate the effects of 217 

model spin-up.  Lower boundary forcing consists of the climatological (1981 to ~2000) mean seasonal 218 

cycle at monthly temporal resolution of SSTs and sea ice concentrations taken from Reynolds et al. 219 

(2002) for AM2 and Hurrell et al. (2008) for AM3.  The CAM/SPCAM simulations span 19 years 220 

(1985-2004) and use observed monthly SSTs and sea ice concentrations (Hurrell et al. 2008), but only 221 

data between 1986-2003 is presented in this study. 222 

 The six GCM simulations are compared to satellite-based precipitation estimates and reanalysis 223 

data products.  For simple climatological comparison (Fig. 1 only), the simulations are validated against 224 

1980-2000 mean rainfall from Global Precipitation Climatology Project (GPCP; Adler et al. 2003) and 225 

mean 850 hPa zonal winds from the ECMWF-Interim reanalysis (hereafter, ERAI; Berrisford et al. 226 

2009).  For all other figures, precipitation from the Tropical Rainfall Measuring Mission (TRMM) 3B42 227 

version 6 data product (Huffman et al. 2007) and dynamic and thermodynamic variables from ERAI 228 
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during the 1999-2008 period are used to validate the simulations1.  Differences between the TRMM 229 

3B42 and GPCP rainfall products are insignificant for our purposes (Kim et al. 2013a).  Although 230 

mostly offset from the simulation time spans, we chose to use the 1999-2008 validation period because 231 

satellite-based estimates of precipitation at daily resolution are only available after late 1997.  In this 232 

paper we will refer to the validation data sets as “observations,” but some amount of caution is advised.  233 

Few “ground truth” meteorological stations exist over the open Indian and West Pacific Ocean regions 234 

where the MJO is most active, limiting the rain gauge data that is streamed into the TRMM 3B42 235 

product and forcing ERAI to be more strongly constrained by model parameterizations (rather than 236 

radiosondes) in these areas.  All model and validation data are daily averaged and linearly interpolated 237 

to the 27 ERAI standard pressure levels and a 2.5° horizontal grid. 238 

 239 

Section 3.  Calculation of Moist Entropy and GMS 240 

 A number of calculations and assumptions are needed to obtain the advective components that 241 

make up the GMS.  As mentioned in Section 1, our version of GMS uses specific moist entropy s as the 242 

variable that is conserved under moist adiabatic processes.  We use the following equation for s, which 243 

is valid for temperatures either above or below freezing (Raymond 2013): 244 

 𝑠 = 𝐶!" + 𝑟!𝐶!"   ln 𝑇 𝑇! − 𝑅!  ln 𝑝! 𝑝! − 𝑟!𝑅!   ln 𝑝! 𝑒!" + 𝐿!𝑟! 𝑇!  (2) 

In (2), the specific heat, gas constant, and partial pressure of dry air are CPD, RD, and pD, respectively; 245 

the specific heat, gas constant, and partial pressure of water vapor are CPV, RV, and pV, respectively; rV is 246 

the water vapor mixing ratio; T is air temperature; 𝑇! = 273.1K ; 𝑒!" = 611  Pa ; and 𝐿! 𝑇 ≈247 

2.5×10!  J  kg!! is the enthalpy of vaporization.  Liquid water and ice mixing ratios do not appear in (2) 248 

                                                
1 For moist entropy budget plots shown in Fig. 10, surface latent heat fluxes are taken from the 

objectively analyzed surface flux data set as described in Yu and Weller (2007). 
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because they were not written to the AM daily output files.  However, we found that liquid and ice only 249 

weakly influence s. 250 

 Following Raymond et al. (2007) and Raymond et al. (2009), we define the total, horizontal, and 251 

vertical advective components of the NGMS as: 252 

 Γ! = −
𝑇! 𝐯 ∙ ∇𝑠 + 𝜔 𝜕𝑠 𝜕𝑝

𝐿 ∇ ∙ 𝑟v  
(3) 

 Γ! = −
𝑇! 𝐯 ∙ ∇𝑠
𝐿 ∇ ∙ 𝑟v  

(4) 

 Γ! = −
𝑇! 𝜔 𝜕𝑠 𝜕𝑝
𝐿 ∇ ∙ 𝑟v  

(5) 

In (3)-(5), ∙  represents a mass-weighted vertical integral from the surface to 100 hPa, v is the 253 

horizontal vector wind, ω the vertical pressure velocity, 𝐿 = 2.5×10!  J  kg!!  (simplified to be 254 

temperature-independent due to the column integral), r the water vapor mixing ratio, and ∇ the gradient 255 

operator on a constant-pressure surface.  We again neglect the presence of liquid and ice.  All spatial 256 

derivatives are computed before interpolation to a unified 2.5°/27-level grid, and when calculating 257 

horizontal derivatives we account for small horizontal pressure changes along a given level of the model 258 

hybrid coordinate. We elect to use the advective form of ΓT (Eq. 3) rather than its flux form, Γ! =259 

− !! ∇∙ !𝐯
! ∇∙ !v

.  Arakawa et al. (2004) demonstrate that budget considerations of intensive quantities such as 260 

s are best characterized using the advective form rather than the flux form of the advection equation. 261 

To generate a statistically stable quantity, substantial space-time averaging of terms that 262 

comprise (3)-(5) is required.  Following the methods outlined in Raymond et al. (2009), we first average 263 

the numerator and denominator separately and then combine them to obtain NGMS.  For time-mean 264 

plots of NGMS (see Figs. 4 and 5), we spatially average the data using a 7.5° sliding-box smoothing 265 

centered at each grid point.  No land points are included in the averaging.  For NGMS calculations that 266 
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do not involve taking climatological means (e.g., Fig. 9), we apply a 17-day running average and 12.5° 267 

sliding-box smoothing to both numerator and denominator separately.  Of several space-time smoothing 268 

approaches tested, this one yielded a satisfying compromise between statistical stability and preservation 269 

of MJO-scale features.  NGMS values are discarded wherever vertically integrated moisture 270 

convergence is less than |5| W m–2 to avoid division by zero.  The basic features discussed in Sec. 4 are 271 

not sensitive to reasonably small changes in this smoothing approach. 272 

Several issues arise regarding our choice of the total and vertical components of column-273 

integrated s advection and the potential sources of error in our computations of these quantities.  First, 274 

all advection calculations are made on post-processed data and not online within the model integration 275 

itself.  This may introduce errors due to space-time interpolation and averaging.  For example, AM3 276 

output is first daily averaged and interpolated from the native cubed-sphere grid to a latitude-longitude 277 

grid prior to calculation of advection.  Additionally, large differences between CAM advection terms 278 

computed during integration using spherical harmonics and those computed during post-processing are 279 

known to exist.  Ideally, advection terms should be computed during model integration.  Second, a 280 

strong sensitivity to the chosen limits of column integration exists.  Deep convective areas typically have 281 

a large convergence of s near the surface and a slightly larger divergence of s near the tropopause, 282 

indicating that vertically integrated advection may be a residual of two large terms.  Third, ω is small 283 

but not zero at the top and bottom of our chosen atmospheric column (surface and 100 hPa, 284 

respectively), while we do assume ω = 0 when formulating the vertical integrals of either the flux or 285 

advective forms of s advection.  These three issues contribute to non-negligible differences between the 286 

flux and advective forms of ΓT.  Over the Indo-Pacific, the temporal correlations between these two 287 

forms range from 0.3 in CAM to >0.9 in AM2 (both values are statistically significant above the 99% 288 
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level), but the corresponding local root-mean-square differences can exceed the local standard deviation 289 

indicating that in some instances the errors may be large compared to typical magnitude fluctuations.   290 

 291 

Section 4.  Results 292 

Figure 1 shows (a) October-April (hereafter, “winter”) mean precipitation and 850-hPa zonal 293 

winds (hereafter, “U850”) based on GPCP and ERAI, respectively, and (b-g) the winter-mean 294 

precipitation differences (model–GPCP) and the mean U850 for each simulation.  Details of the 295 

simulation biases are reported in other studies (Benedict and Randall 2007, Benedict et al. 2013), but 296 

here we briefly highlight features most relevant to the MJO.  Despite very different deep convective 297 

parameterizations, the changes seen in U850 between the control and modified simulations are 298 

surprisingly consistent among the GCM pairs.  In each control run, the strip of equatorial U850 299 

westerlies in the Indian Ocean is realistic but its eastward extension is too limited compared to 300 

observations.  All modified simulations—those producing an improved MJO—display weakened 301 

westerlies in the Indian Ocean, while AM2-TOK and SPCAM display a tendency to extend the 302 

westerlies further into the West Pacific, as is seen in reanalysis.  Each simulation generally 303 

overestimates Indo-Pacific rainfall, particularly in the west and northeast Indian Ocean and along the 304 

climatological convergence zones in the Pacific.  With the exception of AM3-CTL, all simulations also 305 

underestimate rainfall in the east Indian Ocean just south of the Equator where the MJO is most active 306 

(Salby and Hendon 1994, Wheeler and Kiladis 1999, Sobel et al. 2010).  Numerous studies have 307 

demonstrated that an important link exists between the mean state and the MJO in GCM simulations 308 

(Inness et al. 2003, Zhang et al. 2006, Kim et al. 2011). 309 

Raw spectral power of the equatorially symmetric component of tropical rainfall is displayed in 310 

Fig. 2.  These plots are made using the methodology of Wheeler and Kiladis (1999) and are adapted 311 
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from Fig. 6 in Benedict et al. (2013) with the addition of the results for the CAM and SPCAM.  Note 312 

that for all of our analyses of intraseasonal disturbances (all remaining figures) we analyze TRMM 313 

rather than GPCP rainfall, as discussed in Sec. 2.   314 

Fig. 2 shows that our modifications to the treatment of deep convection (as well as other 315 

processes, for the SPCAM) uniformly enhance low-frequency variability but, more importantly, improve 316 

the distribution of spectral power by shifting the peak from westward- to eastward-propagating 317 

disturbances.  AM2-TOK overestimates power in the MJO spectral range (here, defined as zonal 318 

wavenumbers +1 to +3 and periods of 30-96 d) but produces only extremely weak Kelvin waves (Fig. 319 

2c).  MJO power is more realistic in AM3-A (Fig. 2e) but it is at a higher frequency (~30 d) than in 320 

observations (~45 d) and is not easily distinguishable from power associated with low-frequency Kelvin 321 

waves.  SPCAM generates a realistic distribution of rainfall spectral power associated with both the 322 

MJO and Kelvin waves (Fig. 2g), as shown in previous studies (Khairoutdinov et al. 2005, Benedict and 323 

Randall 2007).  Of the modified GCMs examined here, the spectral pattern of eastward-moving tropical 324 

disturbances is best depicted by SPCAM while AM2-TOK struggles to produce convectively coupled 325 

Kelvin waves. 326 

Lag correlation plots presented in Fig. 3 provide added insight into the space-time relationships 327 

between convective forcing and the dynamical response of the simulated MJO.  In Fig. 3, we lag-328 

correlate U850 with an index timeseries of equatorial rainfall based at either 90°E (left) or 150°E (right).  329 

For all variables, anomalies as defined by the departure from the calendar-day mean are 20-100-day 330 

bandpass filtered prior to correlation.  Following the spectral distributions of Fig. 2, all control 331 

simulations produce disturbances that are highly inconsistent with observations (Figs. 3a,b).  Although a 332 

well-defined signal moving eastward at the correct speed is noted in the West Pacific in AM2-TOK (Fig. 333 

3f), this model only produces a weak and localized disturbance in the east Indian Ocean without clear 334 
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eastward movement (Fig. 3e).  Compared to AM2-TOK, AM3-A depicts a stronger and more coherent 335 

MJO signal in both ocean basins, but the simulated MJO phase speed is too fast in the west Pacific 336 

(Benedict et al. 2013).  The apparent signal of westward-moving equatorial Rossby waves in the Indian 337 

Ocean is overemphasized in AM3-A compared to observations.  SPCAM is able to reproduce observed 338 

MJO phase speeds in both ocean basins, but correlations are lower than those seen in nature.  Our 339 

overall impression from Figs. 2 and 3 is that, compared to observations, all modified GCMs simulate the 340 

MJO reasonably well in the west Pacific.  In the Indian Ocean only AM3-A and SPCAM are able to 341 

simulate the MJO’s eastward propagation to any degree, but even those have significantly weaker 342 

correlations than do the observations. 343 

In Fig. 4 we present, from top to bottom, winter means of the horizontal (𝑇! 𝐯 ∙ ∇𝑠 ), vertical 344 

(𝑇! 𝜔 𝜕𝑠 𝜕𝑝 ), and total (𝑇! 𝐯 ∙ ∇𝑠 + 𝜔 𝜕𝑠 𝜕𝑝 ) components of moist entropy export derived from 345 

ERAI.  In each panel, thin and thick black lines represent the 3 and 6 mm d–1 precipitation contours, 346 

respectively.  Horizontal advection exports column moist entropy [s] (Fig. 4a) for all rainy regions of the 347 

tropical Indo-Pacific region.  Vertical advection tends to weakly export [s] where mean Indo-Pacific 348 

rainfall is greatest, from the eastern Indian Ocean to the SPCZ in the West Pacific.  An import of [s] by 349 

vertical circulations is seen along the central-eastern Pacific ITCZ.  Overall, [s] export is strong and 350 

dominated by horizontal advection in the Indo-Pacific warm pool but near zero along the eastern Pacific 351 

ITCZ due to a counteracting import by vertical circulations.  Previous studies have examined annual 352 

mean, column-integrated moist static energy export using a variety of reanalysis data sources (with 353 

different moist physics parameterizations), spatial grids, and analysis techniques (e.g., Back and 354 

Bretherton 2006, Peters et al. 2008).  Our annual mean [s] export plots (not shown) are consistent with 355 

those reported previously and give us confidence that the results of Fig. 4 are reasonably accurate. 356 
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A comparison of winter-mean and meridionally averaged terms related to NGMS is shown in 357 

Fig. 5.  Meridional averaging is computed using a dynamic latitude mask that includes only oceanic grid 358 

points where winter-mean vertically integrated moisture convergence (VIMC) is positive.  We restrict 359 

the latitudinal bounds to be at most 15° from the Equator.  This meridional bounding is approximated by 360 

the 3 mm d–1 contour of mean rainfall and effectively defines areas in each data set where climatological 361 

deep convection occurs.  Our results are not sensitive to whether we choose to use a fixed (e.g., 15°S-362 

10°N) or dynamic latitude range.  In Fig. 5, two passes of a 1-2-1 filter have been applied in longitude 363 

prior to plotting.  Compared to their corresponding control GCM simulations (dashed lines), each 364 

modified simulation (solid gray lines) produces a stronger winter-mean [s] export by horizontal 365 

circulations (top row) but consistently stronger [s] import (or weaker [s] export) by vertical circulations 366 

(second row).  Total [s] export (third row) in the modified simulations—those with stronger MJOs—367 

may be either stronger or weaker than total [s] export in the control runs depending whether the 368 

horizontal or vertical exports are dominant. 369 

As discussed in Sec. 3, moisture modes can develop in reduced-complexity GCMs when 370 

normalized GMS (“NGMS”) is either negative or effectively negative when cloud-radiative and surface 371 

flux feedbacks are included.  Longitudinal profiles of the winter-mean horizontal, vertical, and total 372 

components of NGMS (rows 4-6, denoted by ΓH, ΓV, and ΓT in Fig. 5, respectively) reveal a consistent 373 

theme for all models:  compared to their respective control runs, a reduction in ΓT seen in each modified 374 

simulation (dashed black) is driven exclusively by a strong reduction in ΓV, while ΓH values in the 375 

modified simulations are similar to or slightly higher than those in the control runs (solid gray).  376 

Strongly reduced magnitudes of ΓV and ΓT occur for all longitudes even in the presence of a diverse 377 

distribution of column-integrated moisture convergence (−𝐿 ∇ ∙ 𝑟v ; second row from bottom) that in 378 

the modified simulations may be stronger (e.g., in the west Pacific) or weaker (e.g., near the Maritime 379 
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Continent) than their respective control runs.  These smaller positive values of ΓT seen in each modified 380 

simulation increase the sensitivity of time-mean precipitation to a given entropy forcing, as in (1).  381 

Figure 5 clearly suggests that changes made to the treatment of deep convection that improve MJO 382 

strength in the three GCMs analyzed are closely linked to the behavior of time-mean NGMS in those 383 

models, and that for each model these deep convective parameterization changes resulted in a strong 384 

reduction in ΓT that is driven exclusively by strong negative tendencies in ΓV. 385 

The relationship between winter-mean ΓV and one measure of the robustness of MJO eastward 386 

propagation is shown in Fig. 6.  The ΓV values represent spatial averages within the climatological deep 387 

convection region (50°E to 150°W and within a dynamic latitude range to include only oceanic grid 388 

points where winter-mean VIMC is positive; see previous discussion on dynamic latitude range).  The 389 

MJO metric used here is nearly identical to the level-2 diagnostic from CLIVAR MJO Working Group 390 

(2009) and Kim et al. (2009) and is defined as the ratio of east-to-west raw spectral power of tropical 391 

rainfall, where eastward signals represent the sum of power within the MJO spectral region of zonal 392 

wavenumbers +1 to +3 and periods 30-96 d while their westward counterparts are bounded by zonal 393 

wavenumbers –1 to –3 in the same range of periods.  Figure 6 shows a coherent linear relationship 394 

between ΓV and the MJO metric in which each simulation that produces a better MJO has both a more 395 

negative ΓV value and a more positive east-west ratio.  A similar relationship between the MJO metric 396 

and ΓT is noted (slope 𝑚 = −2.9, 𝑟 = −0.92; plot not shown), although the linear pattern shifts to 397 

higher ΓT values where modified simulations loosely cluster around +0.17 while control simulations 398 

cluster around +0.32.  No clear relationship exists between the MJO metric and ΓH, (𝑚 = +1.9, 𝑟 =399 

+0.41).  This suggests that the vertical rather than the horizontal time-mean NGMS component is more 400 

closely tied to total NGMS variations and appears to play a more significant role in determining the 401 

model’s ability to realistically simulate the MJO.  Figure 6 is an exercise in understanding possible 402 
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connections between NGMS and the MJO in the GCM simulations, and so we omitted the point based 403 

on ERAI.  The location of the reanalysis point (Γ! = +0.01,  E-‐W  ratio = +2.4) falls well off the best-404 

fit line and suggests that, acknowledging the uncertainties of the reanalysis data set, some deficiencies in 405 

the simulated relationship between deep convection and the large-scale circulation remain. Factors other 406 

than time-mean GMS such as rain intensity-dependent moisture distributions may also affect the MJO 407 

(Kim et al. 2013b). 408 

Figures 5 and 6 show associations between winter-mean NGMS and the MJO in the GCM pairs.  409 

We now examine how NGMS varies as a function of convective activity, with implications for NGMS 410 

variations during MJO events.  Figure 7 shows scatterplots of the vertical (𝑇! 𝜔 𝜕𝑠 𝜕𝑝 ) and horizontal 411 

(𝑇! 𝐯 ∙ ∇𝑠 ) components of moist entropy divergence versus VIMC (−𝐿 ∇ ∙ 𝑟v ).  Each dot represents 412 

a daily value over the east Indian Ocean (70°-100°E, 10°S-5°N), but we reiterate that a sliding 17-day 413 

window smoothing is applied to compute the components.  Scatterplots using equatorial West Pacific 414 

data (omitted) are qualitatively similar to Fig. 7.  The results for ERAI indicate that horizontal advection 415 

nearly always works to reduce column s in moist regions regardless of the sign or magnitude of VIMC.  416 

However, vertical advection is significantly correlated with VIMC such that s divergence due to vertical 417 

advection increases with increasing VIMC.  Conversely, when convective intensity is weaker (i.e., 418 

negative or weakly positive VIMC), vertical advection can contribute to convergence of s into the 419 

column.  We hypothesize that the behavior seen in the ERAI vertical advection component may be 420 

related to cloud regime fluctuations on subseasonal scales.  Presumably, strongly positive VIMC 421 

represents regions of mature cumulonimbi and their associated abundant stratus clouds that are effective 422 

at reducing column s.  Weakly positive VIMC likely represents areas of shallow cumuli or congesti, 423 

whose circulations can increase column s as noted in Fig. 7, consistent with previous observational 424 

analyses (e.g. Haertel et al. 2008).  Further discussion on this topic appears in Sec. 5. 425 
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Each control simulation—one that produces unrealistically weak intraseasonal variability—426 

qualitatively reproduces the general relationship between s divergence and VIMC (Fig. 7, left).  427 

Strikingly different behavior is noted in the simulations that have more intense MJOs (Fig. 7, right).  In 428 

both AM modified runs, horizontal advection is a strongly increasing function of VIMC and, as in the 429 

ERAI panel, exports s from the column.  Vertical advection is a decreasing function of VIMC and is 430 

mostly involved in s import.  Thus, when VIMC is strongly positive in the presence of vigorous deep 431 

convection, vertical circulations still converge s into the column while horizontal advection does all of 432 

the “heavy lifting” to export the excess s.  We note that vertical advection in the West Pacific (not 433 

shown) shows a greater tendency for s divergence but is insensitive to VIMC for AM2-TOK and AM3-434 

A.  Interestingly, SPCAM is better able to reproduce the key advective features seen in the ERAI plot, 435 

including the positive slope of the vertical advection-VIMC line.  The toy model of Raymond and Fuchs 436 

(2009), which produces robust MJO-like disturbances, depicts relationships between s divergence and 437 

VIMC that are very similar to the results for AM2-TOK and AM3-A, while the results of SPCAM are 438 

closer in line with ERAI.  439 

The fact that the AM2-CTL and AM3-CTL (and possibly CAM) distributions of entropy 440 

divergence versus convective activity more resemble ERAI than those from the perturbed model 441 

versions with stronger MJO is interesting. We propose two possibilities to explain this dilemma. One 442 

possibility is that the ERAI advective tendencies are in error due to missing or incorrect physics in the 443 

reanalysis model. While we do not have access to ERAI analysis increments that are generated in the 444 

process of data assimilation to reconcile the model state with observations, previous work with 445 

reanalysis datasets indicates that such analysis increments may be large in the context of MJO heat and 446 

moisture budgets. For example, Mapes and Bacmeister (2012) demonstrate that the Modern-Era 447 

Reanalysis for Research and Applications has a large positive moisture budget analysis increment in the 448 
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shallow convective phase of the MJO, suggesting a lack of deep convective restraint, which would also 449 

suggest that NGMS is too high during this period. Kiranmayi and Maloney (2011) also note a large 450 

positive residual in the moist static energy budget during the moistening phase of the MJO lifecycle in 451 

ERAI fields. Moist static energy advective tendencies in this study were calculated using standard model 452 

output variables and analysis increments were not available. Another possibility to explain differences 453 

between ERAI and model entropy budgets is that AM3-A and AM2-TOK may be producing more 454 

realistic MJO variability for the wrong reasons.  Figure 7 suggests that even for high precipitation rates, 455 

divergent circulations are importing moist entropy into the column in these models. Horizontal 456 

advection must compensate to maintain energy balance, which is reflected in a greater slope for 457 

horizontal entropy divergence in AM3-A and AM2-TOK relative to the control versions of these 458 

models. Kim et al. (2011) demonstrated that models with stronger intraseasonal variability often have 459 

common mean state biases, such as excessive mean precipitation in the off-equatorial west Pacific 460 

during boreal summer. These biases might reflect the need for the models to accomplish more energy 461 

transport to high latitudes by the rotational flow to compensate for unrealistic vertical advection.  462 

Figures 5-7 suggest that vertical advection plays an important role for the MJO on time-mean 463 

scales and as convective intensity fluctuates by importing column-integrated s during periods of 464 

relatively weak moisture convergence.  Given that VIMC is on average positive in the MJO active 465 

regions even during its suppressed phase (not shown), (5) indicates that the sign of ΓV is determined by 466 

𝜔 𝜕𝑠 𝜕𝑝 .  Profiles of s and normalized vertical pressure velocity –ω show the connections between 467 

NGMS, s import, and the cloud regimes observed during different phases of the MJO.  In Fig. 8 we 468 

display profiles of s and –ω averaged over the equatorial east Indian Ocean region (85°-95°E) only 469 

during MJO suppressed conditions between October and April. We define the suppressed phase as 470 

winter days when 20-100-day filtered and standardized east Indian Ocean rainfall is less than –1σ.  471 
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Because this threshold captures some lightly raining situations, the –ω profiles are weakly positive and 472 

this behavior is magnified by the normalization.  Profiles for the convectively active phase are omitted 473 

because, for all data sources, –ω shows a “top-heavy” profile with a maximum near 350 hPa, the 474 

minimum in s occurs at a much lower level (~600-750 hPa), and therefore vertical circulations 475 

effectively export s out of the column [see Sec. 4.4 in Raymond et al. (2009) or Sec. 5 of this paper for 476 

further discussion].  Larger differences among the simulations are noted during the MJO suppressed 477 

phase.  The AM2 s and –ω profiles are similar to AM3 and so are omitted in Fig. 8.  Qualitatively 478 

similar s profiles are seen among the AM3 profiles, but AM3-A produces a more realistic lower- to mid-479 

tropospheric peak in –ω (Fig 8b).  For AM3-A, –ω is larger where 𝜕𝑠 𝜕𝑝 is positive and smaller where 480 

𝜕𝑠 𝜕𝑝 is negative, yielding negative ΓV and thus s import.  In AM3-CTL, however, –ω is weighted more 481 

heavily toward the upper troposphere and exhibits a peak well above the minimum in s (Fig. 8a), 482 

resulting in positive ΓV and s export.  Slightly different behavior is noted in the CAM-SPCAM 483 

comparison, although the end result is the same.  Although the CAM –ω maximum matches ERAI (Fig. 484 

8d), its s minimum occurs at a much lower pressure level (Fig. 8c).  Thus, –ω is weak where 𝜕𝑠 𝜕𝑝 is 485 

positive at low levels in CAM while –ω is stronger where 𝜕𝑠 𝜕𝑝 becomes negative aloft, yielding 486 

positive ΓV that contributes to s export.  The SPCAM –ω profile is strikingly different than that in CAM 487 

and, combined with a minimum of s at a higher pressure level, produces sharply negative ΓV and s 488 

import. 489 

Further exploring intraseasonal fluctuations of NGMS, we present lagged linear regressions of 490 

both anomalous and total NGMS in Figure 9.  The index used is a time series of equatorial, MJO-491 

filtered, and standardized precipitation at 90°E.  The plots represent the temporal behavior of the NGMS 492 

components associated with a +1σ change in the MJO rainfall index.  In ERAI, both the horizontal and 493 

vertical NGMS components are positively correlated with ΓT, but ΓV leads ΓT by 3-7 days while ΓH lags 494 
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ΓT by ~1-5 days (Fig. 9, top left).  The negative ΓT tendencies about 2-3 weeks prior to peak convection 495 

are initially driven by ΓV and are likely associated with the shallow cumulus and congestus regime that 496 

imports s.  Negative ΓH lags the ΓT minimum but sustains s import longer than if ΓV were acting alone.  497 

As peak convection develops near Day 0, ΓV drives a rapid shift to positive ΓT, the stratiform cloud 498 

regime emerges, and export of s begins.  The peak of ΓH again lags ΓT by a few days and is consistent 499 

with strong low-level anomalous divergence linked to the westerly wind bursts, Rossby gyres, and 500 

enhanced mixing due to synoptic disturbances (Benedict and Randall 2007, Maloney 2009).  Import of 501 

s—largely through negative ΓV—redevelops two to three weeks after peak convection as the MJO 502 

suppressed phase returns.  Notably, anomalous fluctuations of ΓV and ΓH are of approximately the same 503 

magnitude in ERAI.  Observed NGMS fluctuations in the equatorial West Pacific (not shown) have 504 

patterns similar to those in the east Indian Ocean but are of smaller magnitude. 505 

Comparison of the GCM simulations to ERAI (Fig. 9, left column) reveals that the modified runs 506 

produce qualitatively consistent results despite signals that may be less robust statistically, while the 507 

control runs have weaker NGMS fluctuations and less realistic behavior.  The modified simulations 508 

generally foster larger fluctuations in NGMS anomalies, particularly those related to ΓV, compared to the 509 

control runs.  In AM3-CTL and CAM, fluctuations of ΓT are almost entirely driven by ΓH while ΓV plays 510 

a much smaller role.  Similar behavior is noted in both AM2-CTL and AM2-TOK (omitted), reaffirming 511 

the poor east Indian Ocean MJO signal in those models (see Fig. 3).  The interplay of NGMS 512 

components is better captured in AM3-A, the version of AM3 that produces a more realistic MJO. 513 

The right column of Fig. 9 shows the regressed form of the NGMS components with their 514 

respective mean values included.  Fluctuations associated with NGMS anomalies can represent large 515 

percentages of the background NGMS.  For example, the typical peak-to-trough difference of ~0.18 for 516 

ΓT in ERAI (Fig. 9, upper-left panel) is about 45% of the background value of ~0.40 estimated by 517 
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averaging ΓT in the upper-right ERAI panel of Fig. 9 across all lag days.  We obtain similar results for 518 

ERAI ΓH, but for ΓV the fluctuations (~0.11) are larger than the background value itself (~ +0.05).  519 

Importantly, the fluctuating part of ΓV is large enough to shift total ΓV to values that are near zero or 520 

slightly negative during the MJO suppressed phase, consistent with Haertel et al. (2008).  The NGMS 521 

fluctuations relative to the background NGMS in the GCM simulations varies widely.  Anomaly 522 

fluctuations of ΓT and ΓH constitute anywhere from 15% (AM3-CTL) to 150% (SPCAM) of the 523 

background values.  The fluctuating components represent larger percentages of the background NGMS 524 

in the models that produce more realistic MJOs (in Fig. 9, AM3-A and SPCAM).  In none of the 525 

simulations are the magnitudes of NGMS fluctuations large enough to change the sign of the 526 

background NGMS value over the MJO lifetime, perhaps suggesting that the background NGMS 527 

magnitude and sign of the various NGMS components—rather than the intraseasonal anomalies of these 528 

components—may be dominant in determining an MJO instability mechanism related to NGMS. 529 

Following Neelin and Held (1987) and Maloney (2009), the budget of vertically integrated and 530 

20-100-day bandpass-filtered s may be written: 531 

 
𝑇!

𝜕𝑠
𝜕𝑡 ISO

= −𝑇! 𝜔
𝜕𝑠
𝜕𝑝 ISO

+ v ∙ ∇𝑠 ISO + LHISO + SHISO + LW ISO 
(6) 

In (6), subscript “ISO” signifies that variables have been 20-100-day bandpass filtered; LH and SH are 532 

the surface latent and sensible heat fluxes, respectively; and LW is the longwave heating rate.  Other 533 

notation is the same as in previous equations.  We omit negligible contributions to the s budget from 534 

[SW]ISO.  Budget anomaly residuals are at most 7 W m–2 for ERAI, AM2-CTL, CAM, and SPCAM; 2 535 

W m–2 for the AM3 runs; and 20 W m–2 for AM2-TOK.  The first term in (6) represents the column-536 

integrated time tendency of s, and the second and third terms are the column-integrated export of s due 537 

to vertical and horizontal advection, respectively.  Figure 10 shows the s budget terms in (6) and the 538 

precipitation anomaly composited based on all local maxima between the months of September and 539 



 

25 

April that exceed +1σ in an ISO-filtered and standardized equatorial east Indian Ocean precipitation 540 

index.  Our findings are qualitatively similar for MJO events in the west Pacific Ocean (not shown).  For 541 

all data sets, the s time tendency term leads precipitation by 90°, where column s accumulates during 542 

anomalously dry periods and is exhausted during heavy rainfall.  In observations (Fig. 10a), the 543 

advection terms are roughly 180° out of phase with LH, [LW], and precipitation.  Consistent with the 544 

results of Fig. 9, an increase of [s] one to three weeks ahead of peak rainfall is associated with both 545 

vertical and horizontal advection in observations (Fig. 10a).  During heaviest rainfall, [LW] and LH 546 

contribute strongly to positive time tendencies of [s] while advection attempt to reduce [s].  These 547 

temporal patterns of the s budget are reminiscent of the moist static energy budget composites reported 548 

in Kiranmayi and Maloney (2011).   549 

All simulated patterns of 𝜕𝑠 𝜕𝑡  (Figs. 9b-g) are qualitatively consistent with observations 550 

despite differences in the dominant terms on the rhs of (6).  Both the AM2-CTL and AM3-CTL (Figs 9b 551 

and 9d) produce budget patterns that are similar to observations, but in the corresponding modified 552 

simulations (Figs. 9c and 9e) vertical advection contributes to positive time tendencies of [s] during 553 

heaviest rainfall, in contrast to both the controls runs and observations.  The positive correlation between 554 

vertical advection and precipitation is presumably what promotes a reduced GMS in the modified AM 555 

run, and is also consistent with Figure 7.  The unrealistic behavior in vertical advection working to 556 

increase [s] is offset by weaker LH and [LW] and an enhanced negative contribution from horizontal 557 

advection, especially for AM2-TOK.  Owing to the unrealistic advective tendencies in AM2-TOK (and 558 

perhaps AM3-A), we question whether the stronger intraseasonal variability in that model is being 559 

produced for reasons that are physically consistent with intraseasonal variability seen in ERAI.  Small 560 

horizontal and vertical advective tendencies result in unrealistically weak fluctuations in CAM (Fig. 9f).  561 

The s budget terms are reproduced well in the SPCAM (Fig. 9g), with import of [s] ahead of peak MJO 562 
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rainfall driven initially by vertical advection and subsequently horizontal advection as in observations 563 

(Fig. 9a). 564 

 565 

Section 5.  Conclusions and discussion 566 

 This study reviews differences in normalized gross moist stability (NGMS) seen in a comparison 567 

of three pairs of GCMs.  In each GCM pair, one member produces weak intraseasonal variability while 568 

the other produces stronger intraseasonal variability and more realistic MJO disturbances due to 569 

modification in the treatment of deep convection.  The assessment of NGMS and its horizontal and 570 

vertical components is of interest because of the demonstrated link between NGMS and moisture modes, 571 

convectively coupled disturbances that resemble the MJO and whose development and dynamics in 572 

reduced-complexity models are closely linked to moisture perturbations (e.g., Sobel et al. 2001, Fuchs 573 

and Raymond 2005, Sugiyama 2009).  Moisture mode instability in these models occurs when NGMS—574 

or effective NGMS when accounting for additional contributions from other diabatic sources such as 575 

surface fluxes and cloud-radiative feedbacks—is negative. 576 

Previous studies have demonstrated a close connection between MJO-like disturbances, the 577 

sensitivity of deep convection to tropospheric moisture, and GMS in conventional full-physics GCMs 578 

(e.g., Frierson et al. 2011, Hannah and Maloney 2011).  Recently, Pritchard and Bretherton (2013, 579 

accepted pending major revisions) showed that more robust MJOs develop in the SP-CAM when 580 

tropical vorticity anomalies and their contribution to horizontal moisture advection are artificially 581 

amplified.  Those authors, however, report ambiguous changes in GMS as a function of MJO 582 

performance. Their results on GMS in this context are not as straightforward to interpret, since their 583 

experiments with artificially increased horizontal advection modify the denominator of (4), making it 584 

less direct of a measure of convective activity.  Regardless, a more thorough understanding is needed of 585 
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the potential applicability of GMS as a diagnostic of the MJO.  This study examines NGMS behavior 586 

and its connection to tropical intraseasonal variability in a suite of full-physics GCMs that includes both 587 

conventionally parameterized and superparameterized deep convection. 588 

 A consistent picture emerges between models with weak intraseasonal variability (“weak-ISV”) 589 

and those with strong intraseasonal variability and more realistic MJOs (“strong-ISV”) in terms of their 590 

time-mean total, horizontal, and vertical NGMS components (ΓT, ΓH, and ΓV, respectively).  Compared 591 

to the control simulations, a reduction in winter-mean ΓT in each modified simulation is driven by a 592 

substantial reduction in ΓV, while ΓH remains similar to or slightly higher than its control simulation 593 

value (Fig. 5).  Values of ΓT in the strong-ISV models are near zero or slightly positive across all Indo-594 

Pacific longitudes but are reduced from the values of their weak-ISV counterparts, while ΓV shifts from 595 

weakly positive to weakly or moderately negative between weak- and strong-ISV models.  Raymond 596 

and Fuchs (2009) compare a toy model with robust MJO activity and negative ΓV to a model-derived 597 

analysis product with weak intraseasonal variability and consistently positive ΓV.  They assert that the 598 

improved MJO depiction in the toy model results from negative ΓV tendencies that can induce moisture 599 

mode instability.  Less positive ΓT values increase sensitivity of precipitation to entropy forcing in the 600 

time mean [see (1)].  Additionally, smaller ΓT, when combined with other diabatic sources of column 601 

moist entropy, can result in effectively negative NGMS (Su and Neelin 2002; Bretherton and Sobel 602 

2002; Sugiyama 2009) that would also foster moisture mode instability, the relevance of which has been 603 

suggested by recent modeling studies and mechanism denial experiments (e.g. Maloney et al. 2010; 604 

Landu and Maloney 2011, Andersen and Kuang 2012).  Our results show a highly correlated linear 605 

relationship between winter-mean and Warm Pool averaged ΓV (or ΓT) and the robustness of MJO 606 

eastward propagation in the models (Fig. 6).  In the simulations examined, east-to-west ratios of power 607 

in the MJO spectral region increase as ΓV decreases and becomes negative.  No relationship exists 608 
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between ΓH and the MJO metric, suggesting that the time-mean vertical NGMS component is more 609 

closely tied to intraseasonal variability in the GCMs examined. 610 

 We also demonstrate connections between variations in NGMS and the MJO on subseasonal 611 

time scales. In the reanalysis, export of vertically integrated moist entropy ([s]) by vertical advection 612 

occurs when vertically integrated moisture convergence (VIMC) is positive and large, presumably in the 613 

presence of mature cumulonimbi and their associated stratus clouds (Fig. 7, top).  For shallower 614 

convection when VIMC is only weakly positive, import of s occurs.  Horizontal advection exports s 615 

regardless of the sign and magnitude of VIMC.  The relationship between VIMC and vertical and 616 

horizontal exports of s differs among the GCM simulations examined (Fig. 7, lower panels).  We 617 

provide plausible reasons for why this inconsistency arises (Sec. 4), but further investigation will be left 618 

for future studies. 619 

We show that the efficiency with which s is imported into the column during the suppressed 620 

MJO phase is model-dependent and is effectively portrayed by viewing profiles of s and vertical 621 

pressure velocity –ω (Fig. 8).  In AM2 (omitted) and AM3 (Fig. 8, top), the reduction in ΓV and thus the 622 

stronger import of s in the modified simulations results from a stronger bottom-heavy –ω profile, while 623 

the s profiles show similar patterns.  For the CAM/SPCAM comparison, however, the shift of the s 624 

minimum to lower heights—despite a more realistic –ω profile—results in a less negative ΓV and weaker 625 

s import in CAM. 626 

 NGMS is not fixed in time but instead can change substantially on intraseasonal time scales.  627 

During the MJO suppressed phase, negative anomalies of ΓT are driven initially by ΓV and sustained by 628 

ΓH (Fig. 9).  During the MJO active phase, ΓV drives positive anomalies of ΓT that are again sustained by 629 

ΓH.  Fluctuations of anomalous NGMS components associated with the MJO can be 0.1-0.2 in 630 

magnitude and can represent large fractions of the background NGMS magnitude, particularly for ΓV.  631 
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Anomalous NGMS indeed modulates the magnitude of background NGMS, but in only one instance 632 

(ERAI ΓV) the fluctuations were large enough to change the sign of the total form of that NGMS 633 

component.  As mentioned earlier, additional diabatic sources may create an effectively negative NGMS 634 

even if background NGMS remains weakly positive (Su and Neelin 2002, Sobel and Bretherton 2002, 635 

Sugiyama 2009).  A more rigorous analysis of the contributions to effective NGMS by these diabatic 636 

sources is deferred to future GCM studies. 637 

 Analysis of the s budget in the composite MJO underscores the critical role that advection plays 638 

in the accumulation of s ahead of peak MJO rainfall (Fig. 10).  Fluxes of surface latent heating and 639 

vertically integrated longwave radiation are in phase with precipitation, suggesting that the advective 640 

tendencies are the primary drivers of changes in [s] and precipitation.  Consistent with the behavior of 641 

regressed NGMS components relative to the MJO (Fig. 9), vertical and then horizontal advection drive a 642 

positive time tendency of [s] which itself leads positive precipitation anomalies.  Unrealistic profiles of 643 

vertical advection are seen in AM2-TOK and to a lesser extent in AM3-A, but all budget terms in 644 

SPCAM closely match those in ERAI. 645 

 We have demonstrated that the development of more robust MJO disturbances in GCMs with 646 

modified deep convection schemes is associated with reductions in total NGMS driven primarily by the 647 

vertical NGMS advective component rather than the horizontal component.  Anomalous NGMS 648 

fluctuations associated with the MJO can strongly modulate the magnitude of the background NGMS as 649 

well, although shifts from positive to negative values are only seen in the vertical NGMS component in 650 

the reanalysis data set and not in any of the simulations examined.  The sign of NGMS is primarily a 651 

function of the time mean while its magnitude changes substantially during the passage of MJO 652 

disturbances.  Exactly how the NGMS magnitude fluctuations affect moisture mode instability and the 653 

MJO initiation and maintenance remains a topic of great interest.  Additional research that examines the 654 
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detailed role that surface moist entropy fluxes, cloud-radiative feedbacks, and other diabatic sources 655 

play in influencing vertically integrated moist entropy will also provide greater insight into the impact of 656 

effectively negative NGMS on the MJO. 657 
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Figure Captions 847 

 848 
Figure 1.  (a) October-April mean GPCP precipitation (shading) and ERAI U850 (contours).  Wind 849 

contours are 0, ±2, ±4, ±8, and ±12 m s–1 and positive (zero, negative) contours are thin solid (thick 850 

solid, dashed) lines.  (b-g) October-April mean precipitation differences between each model and GPCP 851 

(shaded), and October-April mean U850 using identical contours as in (a). 852 

 853 

Figure 2.  Frequency-zonal wavenumber power spectra of the component (about the equator) of 854 

precipitation for (a) TRMM and (b-g) the GCM simulations.  Displayed is the base-10 logarithm of the 855 

summation of power between 15°S and 15°N. 856 

 857 

Figure 3.  Lag correlations of U850 with precipitation at (left) 90°E and (right) 150°E.  Fields are 20-858 

100-day filtered and averaged between 15°S and 15°N.  Solid (dashed) contours represent positive 859 

(negative) correlations that are shaded dark (light) gray if they exceed the 95% statistical significance 860 

level.  Observed wind and rainfall fields are taken from ERAI and TRMM, respectively.  In the left 861 

panels, index reference longitudes and the 5 m s–1 phase speed are marked by vertical and slanted thick 862 

lines, respectively. Right panels also contain the 10 m s–1 phase speed line. 863 

 864 

Figure 4.  ERAI October-April mean (a) horizontal 𝑇! v ∙ ∇𝑠 , (b) vertical 𝑇! 𝜔 𝜕𝑠 𝜕𝑝 , and (c) total 865 

𝑇! v ∙ ∇𝑠 + 𝜔 𝜕𝑠 𝜕𝑝  column-integrated moist entropy export, shown in color shading.  In all panels, 866 

thin (thick) contours represent the 3 (6) mm d–1 mean precipitation. 867 

 868 

Figure 5.  October-April means of selected advective and diabatic terms related to GMS in the (l-r) 869 

AM2, AM3, and CAM/SPCAM.  Variables have been latitudinally averaged over a chosen Indo-Pacific 870 
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domain where climatological vertically integrated moisture convergence is positive (see text).  In each 871 

panel, solid black (dashed black, gray) lines represent observations (control simulation, modified 872 

simulation).  Variables shown are (top-bottom) horizontal, vertical, and total GMS advection terms (in 873 

W m–2); their counterparts normalized by column moisture convergence (unitless); column moisture 874 

convergence (in W m–2); and precipitation (in mm d–1). 875 

 876 

Figure 6.  The relationship between October-April mean ΓV and one metric of the robustness of MJO 877 

eastward propagation.  Spatial averaging to include only oceanic points within the climatological 878 

convective region (see text) has been applied to ΓV.  The MJO metric is the ratio of eastward to 879 

westward tropical rainfall power within the MJO spectral region [periods 30-96 days, zonal 880 

wavenumbers +1 to +3 (eastward) or –1 to –3 (westward)].  Also shown are the best-fit line equation 881 

and correlation coefficient r. 882 

 883 

Figure 7.  Horizontal (dark bullets) and vertical (light stars) advective components of vertically 884 

integrated moist entropy divergence versus VIMC averaged over the east Indian Ocean region (70°-885 

100°E, 10°S-5°N) during October-April.  Conditional sampling has been done to include only times 886 

when the 91-day windowed variance of a precipitation index (i.e., rainfall averaged over the east Indian 887 

Ocean region and then 20-100-day filtered) is greater than its winter average value.  Land points are 888 

omitted from the spatial averages.  Each point represents a single day.  Thick black best-fit lines are 889 

overlaid, and the corresponding equations and correlation coefficients r appear at the bottom of each 890 

panel.  Starred r values are statistically significant above the 95% confidence level. 891 

 892 
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Figure 8.  MJO suppressed-phase profiles of (left) moist entropy s and (right) pressure velocity –ω 893 

normalized by the value of peak upward motion for (top) AM3 and (bottom) CAM/SPCAM simulations.  894 

Profiles are conditionally averaged over the equatorial east Indian Ocean (85°-95°) to include only those 895 

days between October and April in which a MJO rainfall index is less than –1σ.  We use 20-100-day 896 

filtered and standardized east Indian Ocean rainfall as our index. 897 

 898 

Figure 9.  (left) Anomalous and (right) total NGMS linearly regressed onto an MJO precipitation index 899 

at 90°E.  Regression time series index is defined as 20-100-day filtered (“MJO-filtered”) and 900 

standardized precipitation averaged between 10°S-10°N at 90°E.  Each plot shows the total (NGMS-T, 901 

or ΓT; black), vertical (NGMS-V, or ΓV; dark gray), and horizontal (NGMS-H, or ΓH; light gray) 902 

components of NGMS.  Regressed variables have been averaged to include only those latitudes where 903 

climatological VIMC is positive (see text).  For anomaly plots, variables are MJO-filtered departures 904 

from the calendar-day mean.  Dotted line sections denote values that are statistically significant above 905 

the 92.5% level.  Lag days appear along x-axis, and negative lag days occur before maxima in the MJO 906 

rainfall index. 907 

 908 

Figure 10.  Budget of equatorial (15°S-10°N) moist entropy based on a composite of winter (Sep-Apr) 909 

MJO events in the east Indian Ocean for (a) ERAI/TRMM and (b-g) GCM simulations.  All variables 910 

are 20-100-day filtered and are shown in energy units (W m–2).  MJO events are defined as local 911 

maxima that exceed +1σ in a MJO-filtered and standardized east Indian Ocean precipitation index.  Left 912 

y-axis scale is for terms contributing to the moist entropy budget and the right y-axis scale is for 913 

precipitation P (solid blue line in each panel).  Lag days are at the bottom of each panel, with negative 914 

days occurring before the MJO peak rainfall.  Composite sample sizes appear at the upper right of each 915 
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panel.  Square brackets represent vertical integrals from the surface to 100 hPa.  Vertically integrated 916 

shortwave heating is negligible and is omitted. 917 

 918 
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Table 1.  Highlighted features of the GCMs examined in this study.  Here, “L” represents the number of 919 

GCM levels, “RAS” is the Relaxed Arakawa-Schubert scheme of Moorthi and Suarez (1992), “ZM95” 920 

is the Zhang-McFarlane (1995) scheme, α is the Tokioka (1988) parameter, and “ISV” qualitatively 921 

describes intraseasonal variability within the simulation.  See text for further details. 922 

 923 

  Deep Convection Parameterization  

Model GCM 

Resolution 

Scheme Closure Trigger Downdrafts? ISV 

AM2-CTL 2° lat × 2.5° 

lon, L24 

RAS CAPE 

relaxation 

𝛼 = 0.025 No Weak 

AM2-TOK 2° lat × 2.5° 

lon, L24 

RAS CAPE 

relaxation 

𝛼 = 0.1 No Strong 

AM3-CTL ~163-231 km, 

L32 

Donner CAPE 

relaxation 

–– No Weak 

AM3-A ~163-231 km, 

L32 

Donner Zhang (2002) 

(CAPE-based) 

Time-integrated 

low-level parcel 

lifting 

Yes Strong 

CAM3.0 T42 (~2.8° × 

2.8°), L30 

ZM95 CAPE 

consumed at 

specified rate 
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 927 

Figure 1.  (a) October-April mean GPCP precipitation (shading) and ERAI U850 (contours).  Wind 928 

contours are 0, ±2, ±4, ±8, and ±12 m s–1 and positive (zero, negative) contours are thin solid (thick 929 

solid, dashed) lines.  (b-g) October-April mean precipitation differences between each model and GPCP 930 

(shaded), and October-April mean U850 using identical contours as in (a).  931 
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 932 

Figure 2.  Frequency-zonal wavenumber power spectra of the component (about the equator) of 933 

precipitation for (a) TRMM and (b-g) the GCM simulations.  Displayed is the base-10 logarithm of the 934 

summation of power between 15°S and 15°N. 935 
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 937 

 938 

Figure 3.  Lag correlations of U850 with precipitation at (left) 90°E and (right) 150°E.  Fields are 20-939 

100-day filtered and averaged between 15°S and 15°N.  Solid (dashed) contours represent positive 940 

(negative) correlations that are shaded dark (light) gray if they exceed the 95% statistical significance 941 

level.  Observed wind and rainfall fields are taken from ERAI and TRMM, respectively.  In the left 942 

panels, index reference longitudes and the 5 m s–1 phase speed are marked by vertical and slanted thick 943 

lines, respectively. Right panels also contain the 10 m s–1 phase speed line.  944 
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 945 

 946 

Figure 4.  ERAI October-April mean (a) horizontal 𝑇! v ∙ ∇𝑠 , (b) vertical 𝑇! 𝜔 𝜕𝑠 𝜕𝑝 , and (c) total 947 

𝑇! v ∙ ∇𝑠 + 𝜔 𝜕𝑠 𝜕𝑝  column-integrated moist entropy export, shown in color shading.  In all panels, 948 

thin (thick) contours represent the 3 (6) mm d–1 mean precipitation. 949 
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Figure 5.  October-April means of selected advective and diabatic terms related to GMS in the (l-r) 953 

AM2, AM3, and CAM/SPCAM.  Variables have been latitudinally averaged over a chosen Indo-Pacific 954 

domain where climatological vertically integrated moisture convergence is positive (see text).  In each 955 

panel, solid black (dashed black, gray) lines represent observations (control simulation, modified 956 

simulation).  Variables shown are (top-bottom) horizontal, vertical, and total GMS advection terms (in 957 

W m–2); their counterparts normalized by column moisture convergence (unitless); column moisture 958 

convergence (in W m–2); and precipitation (in mm d–1). 959 
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 961 

 962 

Figure 6.  The relationship between October-April mean ΓV and one metric of the robustness of MJO 963 

eastward propagation.  Spatial averaging to include only oceanic points within the climatological 964 

convective region (see text) has been applied to ΓV.  The MJO metric is the ratio of eastward to 965 

westward tropical rainfall power within the MJO spectral region [periods 30-96 days, zonal 966 

wavenumbers +1 to +3 (eastward) or –1 to –3 (westward)].  Also shown are the best-fit line equation 967 

and correlation coefficient r. 968 
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Figure 7.  Horizontal (dark bullets) and vertical (light stars) advective components of vertically 972 

integrated moist entropy divergence versus VIMC averaged over the east Indian Ocean region (70°-973 

100°E, 10°S-5°N) during October-April.  Conditional sampling has been done to include only times 974 

when the 91-day windowed variance of a precipitation index (i.e., rainfall averaged over the east Indian 975 

Ocean region and then 20-100-day filtered) is greater than its winter average value.  Land points are 976 

omitted from the spatial averages.  Each point represents a single day.  Thick black best-fit lines are 977 

overlaid, and the corresponding equations and correlation coefficients r appear at the bottom of each 978 

panel.  Starred r values are statistically significant above the 95% confidence level. 979 
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 981 

 982 

Figure 8.  MJO suppressed-phase profiles of (left) moist entropy s and (right) pressure velocity –ω 983 

normalized by the value of peak upward motion for (top) AM3 and (bottom) CAM/SPCAM simulations.  984 

Profiles are conditionally averaged over the equatorial east Indian Ocean (85°-95°) to include only those 985 

days between October and April in which a MJO rainfall index is less than –1σ.  We use 20-100-day 986 

filtered and standardized east Indian Ocean rainfall as our index. 987 

  988 



 

55 

 989 

 990 

Figure 9.  (left) Anomalous and (right) total NGMS linearly regressed onto a MJO precipitation index at 991 

90°E.  Regression time series index is defined as 20-100-day filtered (“MJO-filtered”) and standardized 992 

precipitation averaged between 10°S-10°N at 90°E.  Each plot shows the total (NGMS-T, or ΓT; black), 993 

vertical (NGMS-V, or ΓV; dark gray), and horizontal (NGMS-H, or ΓH; light gray) components of 994 



 

56 

NGMS.  Regressed variables have been averaged to include only those latitudes where climatological 995 

VIMC is positive (see text).  For anomaly plots, variables are MJO-filtered departures from the 996 

calendar-day mean.  Dotted line sections denote values that are statistically significant above the 92.5% 997 

level.  Lag days appear along x-axis, and negative lag days occur before maxima in the MJO rainfall 998 

index. 999 
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Figure 10.  Budget of equatorial (15°S-10°N) moist entropy based on a composite of winter (Sep-Apr) 1003 

MJO events in the east Indian Ocean for (a) ERAI/TRMM and (b-g) GCM simulations.  All variables 1004 

are 20-100-day filtered and are shown in energy units (W m–2).  MJO events are defined as local 1005 

maxima that exceed +1σ in a MJO-filtered and standardized east Indian Ocean precipitation index.  Left 1006 

y-axis scale is for terms contributing to the moist entropy budget and the right y-axis scale is for 1007 
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precipitation P (solid blue line in each panel).  Lag days are at the bottom of each panel, with negative 1008 

days occurring before the MJO peak rainfall.  Composite sample sizes appear at the upper right of each 1009 

panel.  Square brackets represent vertical integrals from the surface to 100 hPa.  Vertically integrated 1010 

shortwave heating is negligible and is omitted. 1011 


