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MJO Phase-Response Diagnostic Skill Reflects Convective Regime 37 

Contingency Beyond Coupling Strength Across Tropical Sites 38 

Abstract 39 

MJO phase composites are the standard tool for building tropical rainfall diagnostic frameworks. The 40 
coupling strength between the MJO phase and local rainfall is routinely used to justify their application. 41 
Whether coupling strength alone guarantees diagnostic skill — or whether the nature of the underlying 42 
convective regime is the additional governing condition — has not been examined. We introduce 43 
CPAdry, the Conditional Probability Anomaly for strongly suppressive MJO phases, and evaluate it 44 
across seven tropical sites spanning the Indo-Pacific and tropical Africa. Where the MJO exerts direct 45 
convective envelope control — Darwin (η² = 7.5%) and Dili (η² = 6.7%) — CPAdry achieves robust 46 
precursor skill at 5–15 day lead times (AUC 0.69–0.76). Where remote teleconnections govern, or 47 
where MJO-rainfall coupling is structurally absent, skill is negligible regardless of coupling magnitude. 48 
The sharpest demonstration is Colombo — the strongest-coupled site (η² = 11.2%) — which yields 49 
AUC indistinguishable from random (0.50). Coupling strength is necessary but insufficient. Convective 50 
regime contingency is the additional governing condition. These results formalise the active-versus-51 
passive modulation principle: CPAdry detects failures of direct local MJO inhibition but not the absence 52 
of remotely modulated convective enhancement. This asymmetry holds within individual sites — 53 
suppression failure AUC 0.69–0.76, enhancement failure AUC 0.52–0.55 — and is structural: a 54 
designed regime-conditioning falsification test failed to recover wet-phase skill (the best conditioned 55 
AUC was 0.569, with the remaining AUCs 0.06 below the rolling baseline). A coupling–contingency 56 
threshold near η² ≈ 5–6% demarcates the transition from direct-envelope-passage to remote-57 
teleconnection regimes. Below it, skill collapses to chance level regardless of coupling magnitude. 58 
Independent Bureau of Meteorology gauge validation at Darwin corroborates and modestly strengthens 59 
all reanalysis-derived estimates. Projected changes in MJO amplitude, propagation speed, and Maritime 60 
Continent barrier penetration under warming are likely to shift this threshold geographically — making 61 
the η² ≈ 5–6% boundary condition a practical benchmark for monitoring the climate-driven evolution 62 
of MJO diagnostic utility. 63 
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1. Introduction 67 

Phase-conditioned rainfall diagnostics have become a cornerstone of subseasonal forecasting across the 68 
tropics and subtropics. Operational centres issue MJO phase-based precipitation outlooks routinely 69 
(Vitart, 2017; Lim et al., 2018; Tsai et al., 2025), and diagnostic frameworks use phase composites to 70 
identify periods of anomalous rainfall and elevated heavy-precipitation risk (Wheeler et al., 2009; Jones 71 
et al., 2004; Cowan et al., 2023). The foundation of this enterprise is the Madden-Julian Oscillation 72 
(MJO; Madden and Julian 1971, 1972) — the dominant mode of tropical intraseasonal variability, 73 
organising convective activity into an eastward-propagating envelope (Lau and Chan, 1986, Mon Rev 74 
114:1354-1367) with a 30–90 day period. Its eight-phase classification, established by the Wheeler-75 
Hendon Real-time Multivariate MJO index (Wheeler & Hendon, 2004), provides the phase architecture 76 
on which these diagnostics are built. The implicit governing assumption is that statistically significant 77 
MJO-rainfall coupling at a site is sufficient to justify the construction and operational deployment of 78 
phase-response diagnostic frameworks. This paper demonstrates that the assumption is incomplete. 79 



The assumption rests on an important but unexamined distinction in how the MJO influences local 80 
rainfall. At sites where the MJO convective envelope passes directly overhead — the Maritime 81 
Continent, northern Australia, and adjacent Indo-Pacific regions — phase-rainfall coupling reflects 82 
direct convective modulation: suppressive phases deliver descending motion, reduced moisture 83 
convergence, and inhibited deep convection locally (Hendon and Liebmann, 1990; Wheeler and 84 
McBride, 2005; Wheeler et al., 2009; DeMott et al., 2015; Tsai et al., 2025). At many other tropical 85 
sites, however, the MJO's influence operates through remote pathways — modulation of Indian Ocean 86 
moisture flux (Annamalai and Slingo, 2001; Krishnamurthy & Shukla, 2007), alteration of the Walker 87 
circulation (Rui and Wang, 1990; Zhang, 2005), or suppression of oceanic evaporation over thousands 88 
of kilometres — mechanisms that are statistically detectable yet physically distinct from direct envelope 89 
passage (Woolnough et al., 2000)(The relationship between convection and sea surface temperature on 90 
intraseasonal timescales. (J Atmos Sci 57:945-968) The statistical coupling at remote-influence sites 91 
can be strong, even dominant by conventional measures. Yet the physical process governing that 92 
coupling is qualitatively different — and, as this paper demonstrates, that difference determines whether 93 
phase-response diagnostics retain or lose predictive skill. 94 

This distinction has not been incorporated into MJO diagnostic frameworks. Phase-conditioned rainfall 95 
diagnostics are constructed and evaluated identically regardless of the physical mechanism governing 96 
local coupling — whether that coupling reflects direct convective envelope passage or a remote 97 
teleconnection pathway (Vitart and Robertson, 2018; Domeisen et al., 2020; Lim et al., 2018). Coupling 98 
strength, typically quantified as η² or composite rainfall anomaly magnitude, is treated as the sole 99 
criterion for diagnostic applicability (Gottschalck et al., 2010) (A framework for assessing operational 100 
Madden-Julian Oscillation forecasts: a CLIVAR MJO Working Group project. Bull Am Meteorol Soc 101 
91:1247-1258). No framework in the current literature conditions diagnostic deployment on the type of 102 
MJO influence — only on its statistical strength (Wheeler et al., 2009). The reliability of published skill 103 
figures for MJO diagnostic frameworks has itself been called into question: Suematsu et al. (2024) 104 
demonstrated that a widely-cited machine learning MJO prediction study reported COR-based skill 105 
inflated by a factor of two to three due to an incorrect accumulative formulation, reducing apparent all-106 
season skill from 26–27 days to 11–12 days. Methodological rigour in metric design is therefore a 107 
precondition for meaningful diagnostic comparison. This is not a refinement that the field has 108 
overlooked. It is a precondition for diagnostic skill that the field has yet to identify. The consequence is 109 
systematic: frameworks built on remote-teleconnection coupling may exhibit strong statistical 110 
association yet produce no usable predictive skill — a failure mode that conventional coupling metrics 111 
cannot detect and that the present study formalises for the first time across a seven-site tropical network. 112 

We introduce CPAdry — the Conditional Probability Anomaly for strongly suppressive MJO phases — 113 
to directly address this gap. CPAdry measures the rate at which strongly suppressive MJO phases fail to 114 
inhibit local heavy convection, computed as a rolling conditional probability anomaly over a 60-day 115 
window centred on each target day. The metric is designed around a specific physical premise: where 116 
the MJO exerts direct local inhibitory control through descending-branch dynamics, suppression failure 117 
is a detectable and physically interpretable event — an override of the MJO's mechanistically grounded 118 
suppressive signal by competing local or synoptic-scale processes (DeMott et al., 2015; Kiladis et al., 119 
2014; Roundy, 2012). Where the MJO's influence is remote and permissive rather than local and 120 
inhibitory, suppression failure is not a coherent physical category — there is no active inhibitory 121 
mechanism to override. CPAdry therefore does not simply measure phase-rainfall association. It 122 
measures whether a physically grounded inhibitory process can be detected as failing — a 123 
fundamentally different diagnostic question from whether phase and rainfall are statistically correlated. 124 
The design explicitly targets suppressive rather than enhancing phases because inhibitory MJO 125 



dynamics — reduced moisture convergence, enhanced 500 hPa subsidence, boundary layer drying — 126 
operate through a direct, locally acting mechanism whose failure carries diagnostic information 127 
(Hendon and Liebmann, 1990; Wheeler and McBride, 2005; DeMott et al., 2015). Enhancing phases 128 
do not carry the same mechanistic specificity at remote-influence sites, a distinction that the results 129 
confirm empirically. 130 

We test CPAdry across seven sites selected to span the full spectrum of MJO influence mechanisms — 131 
from direct convective envelope passage at Darwin (Australia) and Dili (Timor-Leste) through 132 
attenuated Maritime Continent influence at Makassar (Indonesia) and Port Moresby (Papua New 133 
Guinea), to remote teleconnection regimes at Colombo (Sri Lanka) and Mombasa (Kenya), and 134 
structurally absent coupling at Niamey (Niger). This design is deliberate. A seven-site network spanning 135 
three distinct MJO influence regimes provides the geographic and physical diversity necessary to test 136 
whether coupling type — not merely coupling strength — governs diagnostic skill. The central finding 137 
is a coupling-contingency threshold near η² ≈ 5–6%, demarcating the transition from direct-envelope-138 
passage to remote-teleconnection regimes. Below this threshold, CPAdry skill collapses to chance level 139 
regardless of coupling magnitude. The sharpest demonstration is Colombo — the strongest-coupled site 140 
in the network (η² = 11.2%) — which yields AUC indistinguishable from random (0.50). No existing 141 
diagnostic framework predicts this result. η² alone cannot detect it. The finding exposes a structural gap 142 
in the field's current approach to diagnostic applicability assessment (Vitart and Robertson, 2018; 143 
Domeisen et al., 2020; Wheeler et al., 2009). A second dimension of the contribution operates within 144 
individual sites. At Darwin and Dili, suppression failure is robustly detectable (AUC 0.69–0.76). 145 
Enhancement failure — the failure of wet phases to deliver expected heavy rainfall — is not (AUC 146 
0.52–0.55) and remains unrecoverable through regime conditioning. This within-site asymmetry 147 
mirrors the across-site pattern and is unified by the same principle: CPAdry detects failures of active 148 
local inhibitory processes but not the withdrawal of remote permissive conditions. Together, these 149 
findings formalise the active-versus-passive modulation principle as a diagnostic boundary condition 150 
for MJO phase-response frameworks — a condition the field has not previously identified, quantified, 151 
or operationally applied 152 

The paper is organised as follows: Section 2 presents the data and methods; Sections 3 and 4 establish 153 
the coupling landscape and lead-time skill results; Section 5 develops the active-versus-passive 154 
unification and falsification test; and Section 6 addresses operational and climate-change implications. 155 

 156 

2. Data and Methods 157 

2.1 Study Sites 158 

Seven sites were selected, as already mentioned in the introduction, to span three mechanistically 159 
distinct MJO influence regimes — direct convective envelope passage, remote teleconnection, and 160 
structurally absent coupling. This design is the minimum necessary to test whether coupling type, rather 161 
than coupling strength, governs diagnostic skill: a network confined to a single influence regime cannot 162 
distinguish the two. 163 

Two sites represent unambiguous direct convective modulation: Darwin (12.45°S, 130.84°E), Australia, 164 
where the Australian monsoon is tightly coupled to MJO envelope propagation through the Maritime 165 
Continent (Hendon and Liebmann, 1990; Wheeler et al., 2009) (McBride and Nicholls, 1983), and Dili 166 
(8.56°S, 125.58°E)(Qian, 2008)(Hamada et al., 2002), Timor-Leste, situated within the same direct-167 
passage corridor (Wheeler and McBride, 2005). One site represents attenuated direct modulation at the 168 



western flank of envelope influence: Makassar (5.15°S, 119.43°E), South Sulawesi, Indonesia, where 169 
individual phase anomalies remain strong but envelope coherence weakens (Qian et al., 2010; Peatman 170 
et al., 2014). 171 

Two sites represent remote teleconnection regimes. Colombo (6.93°N, 79.86°E), Sri Lanka, receives 172 
MJO modulation primarily through Indian Ocean moisture flux anomalies during the October–January 173 
northeast monsoon (Annamalai and Slingo, 2001; Jayawardena et al., 2021). Mombasa (4.05°S, 174 
39.67°E), Kenya, receives modulation via western Indian Ocean convective anomalies during the 175 
October–December short rains (Pohl and Camberlin, 2006; MacLeod et al., 2021). One site represents 176 
post-Maritime Continent barrier attenuation: Port Moresby (9.45°S, 147.18°E), Papua New Guinea, 177 
where the MJO convective envelope weakens substantially east of the barrier (Kiladis et al., 2014; Birch 178 
et al., 2016). One site represents structurally absent coupling: Niamey (13.51°N, 2.10°E), Niger, where 179 
the West African monsoon system during June–September receives only residual MJO influence 180 
through attenuated Kelvin wave propagation, with η² indistinguishable from zero (Lavender and 181 
Matthews, 2009; Berhane et al., 2015)(Sultan B, Janicot S (2003)(The West African monsoon dynamics. 182 
Part II: The “preonset” and “onset” of the summer monsoon. (J Clim 16:3407-3427). 183 

 184 

2.2 Rainfall Data 185 

All analyses are conducted on observational and reanalysis-corrected data exclusively. No model 186 
output, hindcast experiment, or simulation product enters the diagnostic evaluation. This commitment 187 
is deliberate: CPAdry is designed as a diagnostic of real atmospheric behaviour, and its skill claims must 188 
be answerable to observed rainfall records rather than model climatologies. 189 

Daily precipitation data are obtained from the NASA POWER dataset (Stackhouse et al., 2018), product 190 
PRECTOTCORR — MERRA-2 corrected surface precipitation (Gelaro et al., 2017) — at each site's 191 
coordinates for the period 2001–2020. MERRA-2 corrected precipitation applies systematic bias 192 
corrections toward gauge observations using a globally consistent algorithm, producing a spatially 193 
complete daily record suited to multi-site analysis across data-sparse tropical regions (Gelaro et al., 194 
2017; Reichle et al., 2017)(Bosilovich et. al., 2015). The 2001–2020 period is selected for three reasons: 195 
it coincides with the full availability of the Wheeler-Hendon RMM index in its current operational form 196 
(Wheeler and Hendon, 2004); it spans two complete decades, providing sufficient sample size for robust 197 
phase-conditional statistics at all sites; and it post-dates the MERRA-2 reanalysis initialisation period, 198 
ensuring consistent data quality throughout. 199 

A known limitation of reanalysis precipitation products is spatial smoothing — the tendency to 200 
underrepresent convective extremes and overrepresent large-scale organised signals such as MJO 201 
suppression (Trenberth et al., 2011; Sun et al., 2018). This smoothing could artificially inflate CPAdry 202 
skill if the metric exploits spatial coherence in the reanalysis rather than physically real point-scale 203 
suppression failure. To test this directly, all primary analyses at Darwin are independently replicated 204 
using Bureau of Meteorology daily gauge observations from Darwin Airport station (BoM Station 205 
014015; available from the BoM Climate Data Online archive). Darwin is the only site in the seven-206 
station network with a continuous, quality-controlled daily gauge record spanning the full 2001–2020 207 
period — a consequence of its status as a major operational meteorological station and the site of 208 
multiple field campaigns, including CINDY/DYNAMO (Yoneyama et al., 2013) and TWP-ICE (May 209 
et al., 2008). 210 



The gauge-based replication constitutes a designed independence test, not a supplementary sensitivity 211 
check. Three results from this test — phase identity, δη², and δAUC across all lead times — are reported 212 
in Supplementary Tables SV1 and SV2 and discussed in Section 4.1. The headline finding is 213 
unambiguous: gauge-based CPAdry AUC exceeds MERRA-2 AUC at every evaluated lead time. If 214 
reanalysis spatial smoothing were inflating skill, gauge AUC would be lower, not higher. The core 215 
findings are physically present in independent point observations. 216 

Gauge validation for the remaining six sites was not feasible within the current study period owing to 217 
data access constraints. Extension of the δ correction framework to those sites is identified as a priority 218 
for subsequent work. The Darwin validation — the network's highest-quality and most extensively 219 
studied station — provides the strongest available test of the reanalysis dependency concern, and its 220 
result is definitive. 221 

 222 

2.3 MJO Index 223 

Daily MJO phase and amplitude are obtained from the Wheeler-Hendon Real-time Multivariate MJO 224 
(RMM) index (Wheeler and Hendon, 2004), sourced from the Australian Bureau of Meteorology 225 
operational archive for 2001–2020. The RMM index is selected as the diagnostic foundation for three 226 
reasons: it is the operational standard against which phase-conditioned rainfall composites have been 227 
most extensively validated across the Indo-Pacific (Wheeler et al., 2009; Lim et al., 2018; Cowan et al., 228 
2023); it provides a continuous, real-time daily record without reanalysis reprocessing gaps; and the 229 
seven-site network's existing MJO-rainfall literature is overwhelmingly built on RMM-based 230 
composites, ensuring direct comparability with prior coupling assessments (Hendon and Liebmann, 231 
1990; Pohl and Camberlin 2006; MacLeod et al., 2021). Alternative indices — including the OLR-232 
based MJO Index (OMI; Kiladis et al., 2014) and the Velocity Potential MJO index (VPM; Ventrice et 233 
al., 2013) — were considered but not adopted (Straub, 2013). MJO initiation in the real-time 234 
multivariate MJO index. (J Clim 26:1130-1151, Kiladis et al., 2014), as their convective-signal 235 
emphasis would introduce inconsistency with the coupling literature used to classify site influence 236 
regimes. 237 

Active MJO days are defined as days with RMM amplitude ≥ 1.0. Below this threshold, RMM phase 238 
space orbits do not reliably indicate organised MJO convective activity — the signal-to-noise ratio is 239 
insufficient to assign physically meaningful phase information (Vitart, 2017; Wheeler and Hendon, 240 
2004). Days with amplitude < 1.0 are classified as inactive MJO and excluded from all phase-241 
conditional analyses. Days assigned to phase zero — indicating no coherent directional MJO signal 242 
regardless of amplitude — are similarly excluded. These exclusions are applied consistently across all 243 
seven sites and all analytical modules. The resulting active-MJO day count across the 2001–2020 period 244 
is consistent with published RMM climatologies (Lim et al., 2018; Jones et al., 2004), confirming that 245 
no systematic bias is introduced by the exclusion criteria. 246 

 247 

2.4 Baseline Coupling Assessment 248 

We quantify baseline MJO-rainfall coupling at each site using η² — the eta-squared effect size from a 249 
one-way ANOVA of daily rainfall across the eight RMM phase groups, restricted to wet-season active-250 
MJO days. η² measures the fraction of total rainfall variance explained by MJO phase membership — 251 
a direct, scale-independent variance partition interpretable without reference to rainfall units or site 252 



climatology (Cohen, 1988; Wilks 2019, Ch. 8). By convention: η² < 0.01 is negligible, 0.01–0.06 small, 253 
0.06–0.14 medium, and > 0.14 large (Cohen, 1988). 254 

η² is selected over alternative coupling metrics — including mutual information, Cramér's V, and phase-255 
stratified correlation — for three reasons. First, both η² and the suppressive phase identification in 256 
Section 2.5 emerge from the same ANOVA framework — no additional computation required. Second, 257 
η² is directly interpretable as a variance partition, making the coupling-contingency threshold argument 258 
— that η² above a critical value is necessary but insufficient for diagnostic skill — quantitatively 259 
precise. Third, its use in MJO-rainfall coupling assessments is sufficiently established (Wheeler et al., 260 
2009; Cowan et al., 2023) to permit direct comparison with prior site-specific coupling estimates. 261 

Phase-conditioned statistics — mean, median, P90 rainfall, and heavy-rain frequency — are computed 262 
separately for each site's wet season and for active-MJO days only. Site-specific wet seasons are: 263 
Darwin and Dili, October–April; Makassar, November–March; Colombo, October–January (northeast 264 
monsoon); Mombasa, October–December (short rains); Port Moresby, November–April; Niamey, 265 
June–September. These seasons are defined to capture the period of maximum MJO influence at each 266 
site, following established site-specific literature (Wheeler and McBride, 2005; Pohl and Camberlin, 267 
2006; Lavender and Matthews, 2009) (Suppiah R (1997) (Extremes of the Southern Oscillation 268 
phenomenon and rainfall of Sri Lanka.Int J Climatol 17:87-101), ( Jayawardena et al,. 2021). 269 

Heavy rain is defined as daily rainfall exceeding the site's seasonally varying 90th percentile (P90), 270 
computed using a 15-day centred day-of-year rolling window across the full 2001–2020 record (Delsole 271 
and Tippett 2022, Ch. 3) (Wilkis DS (2019) Statistical methods in the atmospheric sciences, 4th edn) 272 
(Katz et al., 2002). The 15-day window is the minimum width that stabilises P90 estimates against day-273 
of-year sampling noise — narrower windows produce threshold instability at daily resolution across a 274 
20-year record, while wider windows smooth the seasonal gradient excessively, misrepresenting the 275 
P90 threshold during rapid onset and withdrawal phases of the monsoon. Each site-day P90 threshold 276 
is therefore computed from approximately 300 data points (20 years × 15 days), providing stable 277 
percentile estimates throughout the seasonal cycle (Wilks 2019, Ch. 3). 278 

 279 

2.5 CPAdry Architecture 280 

CPAdry — the Conditional Probability Anomaly for strongly suppressive MJO phases — measures the 281 
rate at which active MJO suppression fails to inhibit local heavy convection. It is formally defined as: 282 

CPAdry(t) = [fobs(t) − fclim(φ, m)] / σclim(φ, m)     ...(1) 283 

where fobs(t) is the observed heavy-rain frequency during strongly suppressive phase days within a 284 
centred 60-day window ending at day t; fclim(φ, m) is the long-term climatological heavy-rain frequency 285 
for the same suppressive phases φ in calendar month m, computed from the full 2001–2020 record 286 
excluding the current window; and σclim(φ, m) is the standard deviation of that climatological 287 
distribution. A positive CPAdry value indicates suppression failure — strongly suppressive phases are 288 
producing heavy rain more frequently than their established climatological rate. 289 

Strongly suppressive phases φ are identified as those whose long-term wet-season mean rainfall falls 290 
more than 25% below the all-phase wet-season mean. This threshold isolates the 2–3 phases with the 291 
most unambiguous MJO inhibitory signal at each site — phases where the descending-branch dynamics 292 
are sufficiently organised to constitute a detectable inhibitory forcing (Hendon and Liebmann, 1990; 293 
DeMott et al., 2015). Weakly suppressive phases — anomaly between 0% and −25% — are excluded 294 



because their signal is indistinguishable from climatological noise. Sensitivity testing across thresholds 295 
of −20% and −30% produced no change in suppressive phase classification at Darwin, Dili, or Colombo 296 
— the three sites where classification has the greatest consequence for the paper's central argument. 297 

The 60-day centred window is selected to span approximately one full MJO cycle — the minimum 298 
temporal scale over which phase-conditional heavy-rain statistics stabilise against day-to-day 299 
convective noise (Zhang, 2005; Wheeler and Hendon, 2004). Narrower windows undersample 300 
suppressive-phase days within any given window; wider windows risk spanning multiple seasonal 301 
regimes, thereby conflating the climatological expectation. At 60 days, each window contains, on 302 
average, 15–20 strongly suppressive phase days at active-modulation sites — sufficient for stable 303 
conditional frequency estimation. 304 

CPAdry is architecturally independent of raw rainfall magnitude by construction. It measures the 305 
departure of a conditional frequency from a phase-specific climatological norm, not rainfall magnitude 306 
itself. Independence was verified empirically: Spearman correlation between CPAdry and the concurrent 307 
60-day rainfall mean is below 0.05 at all active-modulation sites (Darwin ρ = −0.009, Dili ρ = 0.022). 308 
This matters. A metric correlated with rolling rainfall carries no information beyond what a simple 309 
rainfall persistence baseline already provides. CPAdry does not. 310 

This independence distinguishes CPAdry from CPAall — the analogous metric aggregated across all eight 311 
MJO phases rather than suppressive phases only. CPAall correlates with 60-day rolling rainfall at ρ = 312 
0.672 and carries no predictive information beyond rolling rainfall baselines. It was tested and rejected 313 
at the design stage precisely because phase aggregation destroys the suppression-specific signal that 314 
gives CPAdry its diagnostic content. 315 

 316 

2.6 Lead-Time Skill Evaluation 317 

CPAdry predicts a specific target: the Dry-Phase Surprise (DPS) event. The evaluation target at each site 318 
is a Dry-Phase Surprise (DPS) event: a day satisfying three simultaneous conditions — MJO phase is 319 
strongly suppressive, daily rainfall exceeds the site-specific rolling P90 threshold, and no day with 320 
rainfall exceeding P90 on a non-suppressive phase occurred within the preceding 3 days. The third 321 
condition — the persistence guard — eliminates events where heavy rainfall during a suppressive phase 322 
is attributable to moisture memory from a preceding convectively active period rather than to genuine 323 
suppression failure. The 3-day window reflects the observed timescale of convective moisture memory 324 
in the Maritime Continent and northern Australian monsoon region — the scale over which boundary 325 
layer moisture anomalies from a preceding wet event persist sufficiently to contaminate phase-326 
conditional heavy-rain statistics (Hohenegger and Stevens, 2013; Schlemmer and Hohenegger 327 
2014)(Bergemann and Jakob, 2016). DPS events defined this way isolate the specific phenomenon 328 
CPAdry is designed to predict — heavy rain occurring during unambiguous active MJO suppression — 329 
without circularity between event definition and metric construction. 330 

Lead-time skill is evaluated by the area under the receiver-operating characteristic curve (AUC), 331 
computed at lead times t+0 through t+15 days following Mason and Graham (2002) and Wilks (2019, 332 
Ch. 9). AUC is computed by shifting the DPS target series backward by k days relative to the CPAdry 333 
predictor series, so that AUC at lead t+k measures how well CPAdry today predicts DPS occurrence k 334 
days hence. AUC = 0.5 indicates no skill above random. AUC = 1.0 is perfect discrimination. Statistical 335 
significance is assessed using the Hanley and McNeil (1982) standard error framework under the one-336 
tailed null hypothesis AUC ≤ 0.5. For the Darwin MERRA-2 sample (n = 112 DPS events), the 95% 337 



critical AUC is 0.558; for the Darwin gauge sample (n = 41–43 DPS events), the critical value is 0.577. 338 
Same-day AUC (t+0) is reported for completeness but is not treated as evidence of lead-time skill — 339 
the primary evaluation window is t+5 to t+15 days, where trivial persistence effects have decayed below 340 
the significance threshold. 341 

Three baselines are evaluated at every lead time. Raw rainfall Rain(t) tests whether CPAdry adds 342 
information beyond simple same-day rainfall persistence — the weakest possible baseline and the 343 
minimum standard any skill metric must exceed. Sixty-day rolling rainfall mean R_60(t) tests whether 344 
CPAdry adds information beyond seasonal rainfall memory — the relevant standard for a metric 345 
operating on a 60-day window. Five-day rolling rainfall standard deviation RollSD_5d(t) tests whether 346 
CPAdry captures something beyond recent convective volatility — ruling out the possibility that skill 347 
reflects local rainfall intermittency rather than MJO phase-conditional information. CPAdry must exceed 348 
all three baselines at the primary evaluation leads to constitute genuine phase-response diagnostic skill 349 
(Jolliffe IT, Stephenson DB (eds)(2003)(Forecast verification: a practitioner’s guide in atmospheric 350 
science. Wiley), Murphy, 1988 (Skill scores based on the mean square error and their relationships to 351 
the correlation coefficient. Mon Wea Rev 116:2417-2424). At active-modulation sites, it does. At 352 
passive sites, it does not — a distinction that is the paper's central empirical finding. 353 

 354 

Figure 1. Study site locations and MJO modulation mechanism classification across the Indo-Pacific and West Africa (2001–2020). Symbol 355 
shape and colour denote MJO modulation mechanism: filled circles = Active (direct convective envelope); filled squares = Active-attenuated 356 
(flanking envelope); filled triangles = Passive (remote teleconnection); filled diamonds = Passive-attenuated (post-Maritime Continent 357 
barrier); crosses = Passive-absent (coupling not statistically significant). Annotated η² values are wet-season, active-MJO one-way ANOVA 358 
effect sizes. Yellow shading denotes the climatological MJO direct convective envelope (Phases 4–7 propagation corridor; Wheeler & Hendon, 359 
2004). 360 

 361 

3. Baseline MJO-Rainfall Coupling Across Seven Sites: The η² Landscape 362 

Statistical coupling strength alone does not determine the physical character of MJO-rainfall interaction. 363 
Across the seven-site network, η² spans from 0.96% at Niamey to 11.2% at Colombo — nearly an order 364 
of magnitude — yet this range does not map onto diagnostic utility in the way the coupling literature 365 
implicitly assumes (Table 1). All sites except Niamey show statistically significant phase-rainfall 366 
associations (ANOVA p < 10⁻⁶). The physical mechanisms generating those associations, however, fall 367 
into three structurally distinct regimes: direct convective envelope passage at Darwin and Dili; 368 
attenuated envelope influence at Makassar and Port Moresby; and remote teleconnection at Colombo 369 
and Mombasa. Understanding which regime governs each site is the precondition for interpreting the 370 
lead-time skill results in Section 4. The η² landscape established here is necessary — but, as Section 4 371 
demonstrates, it is not sufficient. 372 

 373 



Site Lat/Lon 
Seas

on 
η² 

(%) 
F-

stat 
Phase 

Ratio 
Max 

Anomaly 
Mechanis

m 
Coupling 

Class 

Darwin, 

Australia 
12.45°S 

130.84°E 
Oct–

Apr 
7.51 

31.7

*** 
3.3× 

+74% 

(Ph5) 

Direct 

convective 

envelope 
ACTIVE 

Dili, 

Timor-

Leste 

8.56°S 

125.58°E 
Nov–

Mar 
6.70 

24.2

*** 
3.1× 

+68% 

(Ph5) 

Direct 

convective 

envelope 
ACTIVE 

Makassar, 

Indonesia 
5.15°S 

119.43°E 
Nov–

Mar 
4.03 

12.0

*** 
2.7× 

+54% 

(Ph1) 

Direct, 

western 

MC flank 

ACTIVE-

ATTENU

ATED 

Colombo, 

Sri Lanka 
6.93°N 

79.86°E 
Oct–

Jan 
11.2 

20.1

*** 
3.0× 

+67% 

(Ph2) 

Remote: 

Indian 

Ocean 

moisture 

flux + IOD 

PASSIVE 

Mombasa, 

Kenya 
4.05°S 

39.67°E 
Oct–

Dec 
3.71 

6.1*

** 
2.1× 

+38% 

(Ph2) 

Remote: 

W. Indian 

Ocean 

convection 

PASSIVE 

Port 

Moresby, 

PNG 

9.45°S 

147.18°E 
Dec–

Apr 
1.52 

3.8*

** 
1.9× 

+22% 

(Ph6) 

Post-MC 

barrier 

attenuation 

PASSIVE

-

ATTENU

ATED 

Niamey, 

Niger 
13.51°N 

2.10°E 
Jun–

Sep 
0.96 

2.0 

ns 
1.7× 

+20% 

(Ph1) 

Remote: 

West 

African 

teleconnect

ion 

PASSIVE

-

ABSENT 
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Table 1. Baseline MJO-rainfall coupling statistics across all seven study sites. η² computed by one-way ANOVA of daily rainfall on MJO 375 
phase, restricted to wet-season active-MJO days (amplitude ≥ 1.0 SD). Phase ratio = ratio of wettest-to-driest phase mean rainfall during the 376 
wet season. Mechanism classification follows the literature-supported physical pathway for each site (Hendon and Liebmann, 1990; Wheeler 377 
and McBride, 2005; Annamalai et al., 2003; Pohl and Camberlin, 2006; Kiladis et al., 2014; Lavender and Matthews, 2009). Note that coupling 378 
strength (η²) and mechanism type are independent dimensions — Colombo's highest η² coexists with remote teleconnection rather than direct 379 
envelope passage, a dissociation that motivates the coupling-contingency analysis in Sections 4 and 5. 380 

p < 0.001; ns = not significant. MC = Maritime Continent. η² effect size benchmarks: negligible < 0.01, small 0.01–0.06, medium 0.06–0.14, 381 
large > 0.14 (Cohen, 1988). 382 

Darwin's phase-rainfall profile reflects canonical direct-envelope-passage dynamics. During the wet 383 
season, active MJO phases 4, 5, and 6 — when the convective envelope sits over the Maritime Continent 384 
and northern Australia — deliver 3.3× more rainfall than suppressive phases 1, 2, and 8, when the 385 
envelope lies over Africa and the western Indian Ocean (Hendon and Liebmann, 1990; Wheeler et al., 386 
2009; Wheeler and McBride, 2005). Phase 5 produces a +74% rainfall anomaly with a heavy-rain 387 
frequency of 23.1% against a climatological expectation of 10%. The ANOVA result (F = 31.7, p = 1.6 388 
× 10⁻⁴²) confirms that phase differences are not statistical artefacts — they reflect the physical imprint 389 



of organised large-scale MJO dynamics on local convection. Strong suppressive phases [1, 2, 8] carry 390 
rainfall anomalies of −48%, −40%, and −37%, respectively, establishing the inhibitory signal that 391 
CPAdry is designed to detect. 392 

Dili (η² = 6.7%) shows a structurally identical coupling profile along the same Maritime Continent 393 
corridor (Wheeler and McBride, 2005). Phase ordering, suppressive phase identity, and anomaly 394 
magnitudes mirror Darwin's pattern closely — confirming that direct-envelope-passage modulation 395 
operates with physical consistency across the northern Australian corridor and is not site-specific to 396 
Darwin alone. This replication across two independent sites strengthens the inference that η² values in 397 
the 6–8% range are characteristic of the direct-envelope-passage regime. 398 

Makassar (η² = 4.0%) occupies the paper's most theoretically significant position — precisely at the 399 
lower boundary of the coupling-contingency threshold that Section 4 identifies near η² ≈ 5–6%. Phase 400 
1 at Makassar carries a −54% rainfall anomaly — the single strongest suppressive signal of any phase 401 
at any site in this network — and the ANOVA result is highly significant (F = 12.0, p = 4.4 × 10⁻¹⁵). 402 
Statistical coupling is real and physically grounded. Yet Makassar sits at the western flank of the MJO's 403 
direct convective influence zone, where the eastward-propagating envelope has not yet reached peak 404 
intensity and where interaction with Sulawesi's complex orography fragments the large-scale 405 
convective organisation that drives the Darwin-type coupling signal (Qian et al., 2010; Peatman et al., 406 
2014; Birch et al., 2016)(Ramage, 1968)(Role of a tropical “Maritime Continent” in the atmospheric 407 
circulation. Mon Wea Rev 96:365-370). The result is a site that is neither cleanly active nor cleanly 408 
passive — strong individual phase anomalies coexist with attenuated envelope coherence. As Section 4 409 
demonstrates, this ambiguity produces marginal CPAdry skill (AUC 0.55–0.57 at 5–10 day leads) — 410 
above the no-skill baseline but below the active-site range, precisely where the coupling-contingency 411 
framework predicts a transitional site should fall. 412 

Colombo is the paper's central falsifying case. With η² = 11.2% — the highest in the entire network — 413 
and ANOVA result (F = 20.1, p = 1.8 × 10⁻²⁵) that is statistically the most robust at any site, Colombo 414 
by conventional measures is the ideal candidate for a phase-response diagnostic. Phases 5, 6, and 7 415 
suppress Colombo's northeast monsoon rainfall by 40–47%; phases 1 and 2 enhance it by 45–67%. The 416 
phase architecture is coherent, the statistical signal is unambiguous, and the coupling strength exceeds 417 
Darwin's by a factor of 1.5. 418 

The diagnostic implication of this mechanism dissociation — and why it constitutes the paper’s central 419 
falsifying result — is established in Section 4. 420 

The physical reason lies in the mechanism of modulation. Colombo's MJO-rainfall association is driven 421 
primarily by Indian Ocean moisture flux anomalies — the MJO modulates large-scale moisture 422 
transport into the Bay of Bengal and Arabian Sea, altering the boundary conditions for the northeast 423 
monsoon without positioning its convective envelope directly overhead (Annamalai and Slingo, 2001; 424 
Krishnamurthy and Shukla, 2007; Jayawardena et al., 2021). This remote permissive pathway produces 425 
strong statistical coupling — the moisture flux signal is real and detectable —, but it does not constitute 426 
an active local inhibitory process whose failure, CPAdry can detect. There is no descending branch 427 
overhead. There is no boundary layer suppression to override. The full mechanistic development and 428 
its diagnostic implications are presented in Section 5. 429 

Mombasa (η² = 3.71%, F = 6.1, p < 0.001) sits immediately below the coupling-contingency threshold, 430 
at a coupling magnitude nearly identical to Makassar’s 4.03%. The comparison is instructive. Both sites 431 
show statistically significant phase-rainfall associations of similar strength. At Makassar, that coupling 432 
reflects attenuated direct-envelope-passage dynamics. At Mombasa, it reflects suppression and 433 



enhancement of the October–December short rains through western Indian Ocean convective anomalies 434 
that alter large-scale moisture convergence over East Africa (Pohl and Camberlin, 2006; MacLeod et 435 
al., 2021). The strongest enhancing phase produces a +38% anomaly (Phase 2), confirming the MJO 436 
signal is real. Whether that signal constitutes an active local inhibitory process — or a remote permissive 437 
one — is the question Section 4 answers through the AUC result, and Section 5 explains through the 438 
mechanism. 439 

Port Moresby (η² = 1.52%, F = 3.8, p < 0.001) represents the network's post-Maritime Continent barrier 440 
site. Geographically proximate to Darwin, Port Moresby lies east of the Indonesian archipelago at the 441 
point where the MJO convective envelope — which is coherent and powerful over the Maritime 442 
Continent — weakens, reorganises, and loses phase integrity as it completes its passage across the 443 
barrier (Kiladis et al., 2014; Birch et al., 2016). The coupling signal remaining after this attenuation is 444 
statistically significant but physically fragmented: phase anomalies are present, the +22% enhancement 445 
at Phase 6 is detectable, but no phase delivers the organised descending-branch suppression that would 446 
constitute an active inhibitory process. η² = 1.52% sits well below the coupling-contingency threshold. 447 
The AUC result is consistent: Port Moresby yields chance-level skill at all lead times. The envelope 448 
reached Port Moresby — but not with enough physical coherence to generate the inhibitory mechanism 449 
CPAdry requires. 450 

Niamey (η² = 0.96%, F = 2.0, not significant) is the network's null case. It is the only site where the 451 
ANOVA fails to establish statistically significant phase-rainfall coupling. The June–September West 452 
African monsoon is governed primarily by African Easterly Waves, the Saharan heat low, and mesoscale 453 
convective systems driven by land–atmosphere interactions — processes that operate on timescales and 454 
spatial scales largely independent of MJO forcing (Sultan and Janicot (2003))(Thorncroft and Hoskins, 455 
1994) (An idealised study of African easterly waves. I: A linear view. QJR Meteorol Soc 120:953-982). 456 
The MJO's West African teleconnection exists in the literature but is weak, inconsistent across events, 457 
and overwhelmed by local variability in daily rainfall data. At Niamey, CPAdry is not merely non-458 
predictive. It has no physical basis for prediction — the MJO exerts no coherent inhibitory influence to 459 
fail. AUC at chance level is the only result the framework can produce, and it does. 460 

 461 

Fig. 2. Phase-conditional rainfall anomaly (%) relative to the all-phase wet-season grand mean, for active MJO days (RMM amplitude ≥ 1.0), 462 
computed separately for each site's wet season (Table 1). Red bars: strongly suppressive phases (anomaly ≤ −25%), used in CPAdry 463 



computation. Blue bars: enhancing and weakly suppressive phases. Dashed horizontal line: the −25% strong-suppression threshold. Sites are 464 
ordered by MJO modulation mechanism — Active (Darwin, Dili), Active-attenuated (Makassar), Passive (Colombo, Mombasa), Passive-465 
attenuated (Port Moresby), Passive-absent (Niamey) — to illustrate that coupling architecture does not map onto mechanism class. Colombo 466 
(η² = 11.2%) displays the largest phase contrast in the network yet belongs to the passive teleconnection regime; Darwin (η² = 7.51%) displays 467 
a smaller contrast yet belongs to the direct-envelope-passage regime. η² and ANOVA F-statistics annotated per panel correspond to Table 1 468 
values. 469 

 470 

Fig. 3. CPAdry lead-time diagnostic skill (AUC) for Dry-Phase Surprise (DPS) event discrimination across all seven sites at lead times t+0 to 471 
t+15 days. Dashed horizontal line: no-skill baseline (AUC = 0.50). Grey shaded band: 95% significance threshold for the Darwin MERRA-2 472 
sample (n = 112 DPS events; critical AUC = 0.558). Line style and colour denote MJO modulation mechanism (legend). Darwin MERRA-2 473 
AUC rises from 0.683 at t+0 to a peak of 0.758 at t+10 — a profile characteristic of a regime-scale diagnostic accumulating signal over the 474 
MJO intraseasonal timescale rather than exploiting weather-scale persistence. Dili follows the same trajectory, confirming regime replication 475 
across the direct-envelope-passage corridor. Colombo (η² = 11.2%, the network's strongest-coupled site) yields AUC = 0.50 at every lead time 476 
— indistinguishable from random — demonstrating that coupling strength is necessary but not sufficient for diagnostic skill. All passive and 477 
passive-absent sites cluster at or below the no-skill baseline across the full lead-time window. 478 



 479 

Fig. 4. CPAdry diagnostic advantage over the 60-day rolling rainfall mean baseline (R_60) at lead times t+0 to t+15 days, defined as 480 
AUC(CPAdry) − AUC(R_60). Positive values indicate that CPAdry carries phase-conditional information beyond seasonal rainfall memory. 481 
Zero line marks equivalence with R_60. Darwin and Dili show positive and increasing advantage from t+3 onward — establishing that active-482 
site skill is not an artefact of rolling rainfall regime memory but reflects genuine phase-conditional diagnostic content. Passive and passive-483 
absent sites (Colombo, Mombasa, Port Moresby, Niamey) show advantage at or below zero at all lead times, confirming that their CPAdry 484 
signals carry no information beyond what rolling rainfall already provides. The figure eliminates regime-scale wetness as an alternative 485 
explanation for the skill differential between active and passive sites. 486 

The η² landscape across these seven sites establishes the coupling architecture against which diagnostic 487 
skill is assessed — but coupling architecture, as the following section demonstrates, is not diagnostic 488 
skill. 489 

 490 

4. CPAdry Lead-Time Skill Across Seven Sites 491 

Site Regime Type η² nₙᵈˢ 

AUC 

Range 

(t+0 to 

t+15) 

Skill Assessment 

Darwin, 

Australia 

Active — Direct 

convective 

envelope 
7.5% 112 

0.688 – 

0.758 
High; rising to peak at t+10, 

exceeds R₆₀ by +0.06 to +0.17 

Dili, Timor-

Leste 

Active — Direct 

convective 

envelope 
6.7% 79 

0.672 – 

0.744 
High; mirrors Darwin profile; 

replicates regime across corridor 



Site Regime Type η² nₙᵈˢ 

AUC 

Range 

(t+0 to 

t+15) 

Skill Assessment 

Makassar, 

Indonesia 

Active-Attenuated 

— Western MC 

flank 
4.0% 51 

0.547 – 

0.571 
Marginal; above random but below 

R₆₀ (0.581); transitional 

Colombo, Sri 

Lanka 

Passive — Remote 

Indian Ocean 

moisture flux 
11.2% 53 

0.497 – 

0.509 
Zero; flat across all leads; highest 

η² in network yields no skill 

Mombasa, 

Kenya 

Passive — Remote 

western Indian 

Ocean convection 
3.7% 92 

0.511 – 

0.532 
Zero; confirms Colombo via 

distinct remote pathway 

Port Moresby, 

PNG 
Passive-Attenuated 

— Post-MC barrier 
1.5% 149 

0.538 – 

0.561 
Zero; envelope coherence lost 

across Maritime Continent barrier 

Niamey, Niger 
Passive-Absent — 

Structural coupling 

absent 
0.96% 96 

0.487 – 

0.514 

Negligible; non-significant 

ANOVA; no coherent MJO 

inhibitory signal 

 492 

Table 2.  CPAₐᴿᵧ lead-time AUC for Dry-Phase Surprise (DPS) event discrimination across seven tropical sites (t+0 to t+15 days). Sites ordered 493 
by MJO modulation regime from Active to Passive-Absent. Bold AUC values (Table 2 in the main text) exceed both Rain(t) and R₆₀ baselines. 494 
nₙᵈˢ = number of DPS events over 2001–2020. Mechanism classification follows established site-specific literature (see Section 2.1). 495 
Background shading: blue = Active; light blue = Active-Attenuated; amber = Passive / Passive-Attenuated; grey = Passive-Absent. 496 

Notes: 497 

•  η²: one-way ANOVA effect size (MJO phase → daily rainfall variance), wet-season active-MJO days only (RMM amplitude 498 
≥ 1.0). Effect size benchmarks: negligible < 0.01, small 0.01–0.06, medium 0.06–0.14, large > 0.14 (Cohen, 1988). 499 

•  AUC: area under the receiver-operating-characteristic curve (Mason and Graham 2002; Wilks 2019). AUC = 0.50 indicates 500 
no skill above random; AUC = 1.0 is perfect discrimination. Statistical significance assessed by Hanley and McNeil 501 
(1982) one-tailed framework (H₀: AUC ≤ 0.50). 502 

•  R₆₀: 60-day rolling rainfall mean baseline. AUC values exceeding R₆₀ indicate CPAₐᴿᵧ carries phase-conditional information 503 
beyond seasonal rainfall memory. 504 

•  DPS (Dry-Phase Surprise): target event defined as a day satisfying three conditions simultaneously — MJO phase is strongly 505 
suppressive, daily rainfall exceeds rolling P90, and no P90 exceedance on a non-suppressive phase in the preceding 3 506 
days (persistence guard). CPAₐᴿᵧ is the predictor for this target. 507 

•  Coupling-contingency threshold η² ≈ 5–6% demarcates Active from Passive regimes (Section 4.4). Colombo η² = 11.2% lies 508 
well above the threshold yet yields AUC = 0.50, establishing that mechanism type — not coupling magnitude — governs 509 
diagnostic skill. 510 

•  Darwin AUC independently corroborated by BoM gauge validation (Station 014015; Supplementary Tables SV1 and SV2): 511 
δAUC = +0.024 to +0.098 relative to MERRA-2, confirming skill is not an artefact of reanalysis spatial smoothing. 512 

 513 

Three predictions follow directly from the active-versus-passive framework established in the 514 
Introduction. First: at sites where the MJO exerts direct convective envelope control, CPAdry should 515 



discriminate DPS events with statistically significant lead-time skill, because suppression failure at 516 
these sites is a physically coherent event — an active inhibitory process failing against a competing 517 
dynamical override. Second: at sites where MJO modulation operates through remote teleconnection, 518 
CPAdry should return AUC indistinguishable from random regardless of coupling strength, because 519 
suppression failure is not a coherent physical category where no active local inhibitory mechanism 520 
exists. Third: the discrimination boundary between these two outcomes should not track η² — it should 521 
track mechanism. Table 2 tests all three predictions simultaneously, across seven sites and fourteen lead 522 
times. 523 

 524 

4.1 The Active Sites: A Rising Skill Signature 525 

Darwin and Dili deliver the clearest result. AUC at Darwin runs 0.688 at t+0, holds above 0.68 526 

at all intermediate leads, and peaks at 0.758 at t+10 — a rising profile that persists to t+15 527 

(0.712). Dili mirrors the structure: AUC 0.672 at t+0, peak 0.744 at t+10. Both sites exceed the 528 

95% critical threshold at every lead from t+0 through t+15. Both exceed R_60 by margins of 529 

+0.06 to +0.17 across the primary evaluation window of t+5 to t+15. 530 

The rising-with-lead-time profile is not incidental. It is the diagnostic signature of a regime-531 

scale forcing mechanism operating on the MJO's characteristic propagation timescale of 5–10 532 

m s⁻¹ (Zhang, 2005; Madden and Julian, 1994). A purely meteorological predictor tracking 533 

weather-scale convective organisation would peak at t+0 and decay monotonically as 534 

atmospheric memory decays. CPAdry does the opposite. Rain(t) at Darwin confirms this: AUC 535 

of 0.766 at t+0 collapses to 0.458 at t+10. CPAdry's skill rises over precisely the window where 536 

raw rainfall skill dies. The two diagnostics are drawing on different information streams — one 537 

from same-day convective state, one from the slowly evolving MJO suppression anomaly — 538 

and it is the slow-evolving stream that sustains lead-time utility into the 10–15 day range 539 

(Hendon and Salby,1994). This is the timescale of MJO-driven subseasonal forecasting 540 

windows identified in operational assessments (Vitart, 2017; Lim et al., 2018), and CPAdry's 541 

profile is consistent with those windows. 542 

CPAdry also exceeds the RollSD_5d baseline at both active sites across the primary evaluation 543 

window. A metric with a 60-day computational window could, in principle, be tracking recent 544 

convective volatility rather than MJO phase-conditional information. The failure of RollSD_5d 545 

— a direct measure of short-window rainfall intermittency — to match CPAdry's performance 546 

rules out that confound. The skill is phase-conditional. It is not a disguised measure of 547 

convective variability. 548 

The Darwin result is independently corroborated by Bureau of Meteorology gauge validation 549 

(Supplementary Tables SV1 and SV2). Gauge-derived AUC at Darwin (Station 14015, 2001–550 

2020) exceeds MERRA-2-derived AUC at every lead time, with δAUC ranging from +0.024 551 

to +0.098. Strongly suppressive phase identification is identical across products (phases 1, 2, 8 552 

in both), and the active-mechanism classification is unchanged. Positive δAUC across all leads 553 

confirms that CPAdry's skill is not an artefact of MERRA-2 spatial smoothing — it is, if 554 

anything, conservative relative to point-observation performance. 555 

 556 



4.2 The Transitional Site: Makassar 557 

Makassar occupies the position the framework predicts for a site at the attenuated western flank of direct 558 
MJO influence. AUC runs 0.547–0.571 across all leads, above random but consistently below R_60 559 
(0.581). This marginal result has a specific physical explanation. Makassar lies at the western entry 560 
corridor of the Maritime Continent where the MJO envelope is developing but has not reached peak 561 
intensity; topographic interaction with the Sulawesi highlands introduces mesoscale noise that partially 562 
decouples surface rainfall from the large-scale suppression signal (Qian et al., 2010; Peatman et al., 563 
2014; Ramage, 1968). Phase 1 delivers the strongest single-phase suppressive anomaly in the dataset 564 
(−54%), demonstrating that the MJO signal reaches the site — but only two phases meet the strongly 565 
suppressive threshold, yielding a thin DPS sample (n = 51). The transitional AUC at Makassar is not a 566 
measurement artefact. It is the quantitative footprint of partial envelope influence: stronger than a 567 
remote teleconnection site, weaker than a direct-passage site, precisely where geography predicts. 568 

 569 

4.3 The Passive Sites: Zero Skill Regardless of Coupling Strength 570 

Colombo, Mombasa, Port Moresby, and Niamey return AUC values spanning 0.487–0.561 across all 571 
lead times — a range that does not approach the 95% significance threshold at any site or lead. This 572 
uniform near-random performance across four mechanistically distinct sites is the paper's most 573 
important empirical finding. It rules out the possibility that skill absence at any single site reflects an 574 
idiosyncratic data limitation. The pattern is systematic. The mechanism that produces it is shared: the 575 
absence of a locally active MJO inhibitory process means there is no coherent physical event for CPAdry 576 
to detect. 577 

Colombo is the decisive case. With η² = 11.2% — the strongest coupling in the study — Colombo is 578 
the site that conventional diagnostic frameworks would most confidently select for CPA-type 579 
deployment. The ANOVA result (F = 20.1, p = 1.8 × 10⁻²⁵) leaves no ambiguity: phase-rainfall coupling 580 
at Colombo is real, large, and highly significant. The CPAdry result is equally unambiguous: AUC runs 581 
0.497, 0.502, 0.494, 0.498, 0.506, 0.509, and 0.501 at leads t+0 through t+15 — a flat, random-level 582 
profile that does not respond to the coupling at all. The gap is not a rounding difference. It is +11.2% η² 583 
versus 0.00 skill advantage. Straub (2013) noted that MJO teleconnection to the Indian Ocean 584 
subcontinent involves moisture flux anomalies that modulate rainfall probability without imposing the 585 
dynamic subsidence mechanism of direct envelope passage. Vitart and Robertson (2018) identified that 586 
subseasonal skill over Indian Ocean margins is consistently lower than over the Maritime Continent 587 
despite comparable coupling statistics. CPAdry's Colombo result formalises what these studies observed 588 
informally: statistical coupling does not transfer to diagnostic skill when the coupling mechanism is 589 
remote rather than local. The Colombo paradox is not an anomaly. It is the active-versus-passive 590 
principle's sharpest quantitative demonstration. 591 

Mombasa and Port Moresby confirm the pattern through distinct physical pathways. Mombasa's near-592 
random AUC (0.511–0.532) despite significant coupling (η² = 3.71%) reflects modulation via western 593 
Indian Ocean convection and Walker circulation adjustment — a remote pathway through which dry-594 
phase suppression at the MJO source does not produce locally coherent inhibitory dynamics at the site 595 
(Pohl and Matthews, 2007; Berhane and Zaitchik, 2014). Port Moresby's AUC (0.538–0.561) reflects 596 
the Maritime Continent topographic filter, which attenuates and reorganises the MJO convective signal 597 
before it reaches the eastern PNG coast (Kim et al., 2017; Feng et al., 2020). Both sites are passive from 598 
first principles. Both confirm zero skill. Niamey (η² = 0.96%, non-significant ANOVA) offers no 599 
surprise: structurally absent coupling at the source produces structurally absent skill at the target. 600 



 601 

4.4 The Coupling-Contingency Threshold 602 

Figure 5 plots mean CPAdry advantage over R_60 against η² across all seven sites. The structure is clear. 603 
Below η² ≈ 5–6%, advantage is near zero or negative at every site. Above it, among sites with direct 604 
envelope-passage coupling, advantage is positive and increases with η². Colombo — the strongest-605 
coupled site — sits below zero advantage, because mechanism determines the outcome, not magnitude. 606 

This threshold corresponds to a specific physical boundary. Sites with η² above ≈ 5–6% in this study 607 
fall within or immediately adjacent to the direct convective envelope corridor identified by Hendon and 608 
Liebmann (1990) and quantified through subsequent composite studies (Wheeler and McBride, 2005; 609 
DeMott et al., 2015). Below that threshold, coupling is statistically real — Mombasa and Port Moresby 610 
are significant — but it reflects remote influence rather than local convective modulation. The 5–6% 611 
boundary demarcates the regime below which the MJO's influence is too attenuated by distance, barrier 612 
effects, or teleconnection diffusion to impose the direct descending-branch dynamics CPAdry's design 613 
assumes. The linear fit to the six non-Colombo sites (R² = 0.87) confirms that within the active-614 
mechanism group, η² is a reasonable predictor of CPA skill. The physical interpretation of the η² ≈ 5–615 
6% boundary is as follows. Below this threshold, the MJO's phase-conditional suppression anomaly — 616 
typically −20 to −30% of the all-phase wet-season mean — is of comparable magnitude to the site's 617 
intrinsic daily rainfall variability, and does not constitute a locally dominant inhibitory forcing. The 618 
MJO signal is statistically significant but physically diffuse: its descending branch imposes a tendency 619 
rather than a barrier. Above the threshold, suppression anomalies reach −35 to −50%, placing the MJO 620 
signal beyond one standard deviation of local daily variability and establishing a physically real 621 
inhibitory regime whose failure is a distinguishable event (Hendon and Liebmann, 1990; DeMott et al., 622 
2015; Neelin et al., 2009). Whether η² ≈ 5–6% constitutes a universal threshold or a value specific to 623 
the MJO's amplitude relative to Indo-Pacific warm pool convective variance is an open quantitative 624 
question — one that the generalisation to ENSO, QBO, and IOD diagnostics in Section 6.4 will begin 625 
to answer. The Colombo outlier sits 0.066 AUC-advantage units below its η²-predicted value. That gap 626 
is the quantitative cost of consulting coupling magnitude without consulting coupling mechanism. 627 



 628 

Fig 5. Coupling strength does not predict CPAdry skill. Mechanism does. Scatter of mean CPAdry advantage over R_60 (y-axis; average of t+5, 629 
t+7, t+10 leads) against baseline MJO-rainfall coupling strength η² (x-axis). Symbol shape and colour denote the modulation mechanism (as 630 
in Figure 1). Active-modulation sites (Darwin, Dili) cluster above zero advantage; all passive and passive-attenuated sites sit at or below zero 631 
regardless of η² magnitude. Colombo (η² = 11.2%, advantage ≈ −0.008) — the strongest-coupled site in the network — anchors the passive 632 
cluster. The linear fit to the six non-Colombo sites (dashed curve, R² = 0.87) confirms that η² tracks CPAdry skill within the active-mechanism 633 
group; Colombo lies 0.066 advantage units below its η²-predicted value. Vertical dashed line marks the coupling-contingency threshold (η² ≈ 634 
5–6%) demarcating the transition from direct-envelope-passage to remote-teleconnection regimes. Below it, skill advantage is zero or negative. 635 
Above it, skill is positive — but only where mechanism, not magnitude, qualifies the site. 636 

 637 

5. The Active-Versus-Passive Modulation Principle 638 

5.1 Mechanism Classification and the Colombo Paradox 639 

The across-site results force a single conclusion: η² is not the governing parameter for CPAdry diagnostic 640 
applicability. The governing parameter is whether the MJO imposes a locally acting inhibitory process 641 
or operates through a remote permissive pathway. This distinction is not novel in atmospheric dynamics. 642 
It is novel as a diagnostic boundary condition — a precondition for skill that the field has not 643 
previously identified, quantified, or operationally applied. 644 

At Darwin and Dili, the MJO convective envelope passes directly overhead. During phases 1, 2, and 8, 645 
the large-scale subsiding branch operates locally: reduced lower-tropospheric moisture convergence, 646 
enhanced 500 hPa descent, boundary-layer drying through suppressed surface fluxes and increased 647 
radiative cooling (Hendon and Liebmann, 1990; DeMott et al., 2015; Kiladis et al., 2014). These are 648 
not remote statistical associations. They are thermodynamic and dynamical processes acting at the 649 
measurement site. For heavy rain to occur during these phases — a DPS event — something must 650 
override the inhibition. Local mesoscale convergence, interaction with equatorial Kelvin waves, 651 
continental heat-low intensification, or anomalous low-level jet activity each provides a sufficient 652 



competing mechanism (Roundy, 2012; Kiladis et al., 2014). The override must be of comparable 653 
strength to the suppressive signal it defeats. Once established, it persists on multi-week timescales as a 654 
sustained dynamical state. CPAdry accumulates the rate of such overrides over 60 days. Elevated CPAdry 655 
is evidence of a persistent regime of suppression failure — not a weather-day event but a slow-evolving 656 
dynamical mode, which is why skill rises rather than decays with lead time. 657 

At Colombo, the mechanism is different at its root. When the MJO convective envelope resides over 658 
the Maritime Continent (phases 5, 6, 7), enhanced deep convection there drives anomalous upper-level 659 
divergence, strengthening subsidence across the equatorial Indian Ocean and weakening the low-level 660 
moisture flux feeding Colombo's northeast monsoon (Annamalai et al., 2003; Krishnamurthy and 661 
Shukla, 2007; Jayawardena et al., 2021). Colombo's rainfall falls — not because subsidence actively 662 
suppresses local convection, but because its moisture supply has been remotely diverted. The composite 663 
anomaly (−40 to −47%) is statistically comparable to Darwin's active suppression (−38 to −48%). The 664 
mechanism is not. 665 

This distinction is predictable from first principles — and was predictable before CPAdry was run. The 666 
Bay of Bengal hydroclimate literature established that MJO modulation of South Asian rainfall operates 667 
primarily through moisture flux anomalies rather than direct dynamic suppression (Annamalai and 668 
Slingo, 2001; Jayawardena et al., 2021)(Lawrence and Webster, 2002). A site where suppression is 669 
moisture diversion rather than dynamic inhibition cannot produce DPS events in the CPAdry sense — 670 
there is no locally active suppression to override. The Colombo paradox is therefore not a surprising 671 
empirical finding. It is the quantitative confirmation of a prediction that the framework makes a priori. 672 
The surprise, scientifically, is that no existing diagnostic framework had formalised this distinction 673 
before deploying phase-response diagnostics at sites like Colombo. Straub (2013) and Vitart and 674 
Robertson (2018) both noted that subseasonal skill over the Indian Ocean margins falls below Maritime 675 
Continent levels despite comparable coupling statistics. CPAdry's Colombo result formalises that 676 
observation as a theoretically grounded, testable, and confirmed prediction. 677 



 678 

Table 3. The active-versus-passive unification of within-site and across-site CPAdry results. Both dimensions 679 
reflect the same fundamental distinction between active local inhibition and the withdrawal of remote permissive 680 
conditions. 681 

 682 

5.2 The Within-Site Suppression-Enhancement Asymmetry 683 

At Darwin and Dili, CPAdry (suppression failure, phases 1, 2, 8) achieves AUC 0.69–0.76. CPAwet 684 
(enhancement failure — wet phases 4, 5, 6 failing to deliver expected heavy rain) achieves AUC 0.52–685 
0.55. The gap mirrors the gap between active and passive sites in the across-site results, and the same 686 
framework explains it without additional assumptions. 687 

The physical reason lies in the nature of convective triggering. MJO wet phases create favourable large-688 
scale conditions: increased moisture convergence, reduced 500 hPa heights, a moistened and 689 
destabilised boundary layer (DeMott et al., 2015) (Hendon and Salby, 1994) (Kemball-Cook and Weare, 690 
2001). These are permissive conditions. They raise the probability of deep convection but do not 691 
determine whether any individual event initiates. Convective triggering is stochastic at the event scale: 692 
small perturbations in boundary-layer temperature, humidity, and shear govern whether a given column 693 
achieves sufficient buoyancy, even within a region of large-scale dynamical support (Raymond and 694 
Herman, 2011; Romps and Kuang, 2010). Enhancement failure is therefore the stochastic non-695 
materialisation of a permissive condition. It requires no specific overriding mechanism. It leaves no 696 
coherent prior signature. 697 

Dimension 
Active process → CPA 

detects failure 
Passive process → CPA cannot 

detect failure 

Within-site: 
Phase 
asymmetry 
(Section 5.2) 

Suppression failure: dry MJO 
phases (1, 2, 8) produce 
heavy rain despite active 
subsidence. AUC 0.69–0.76. 

Enhancement failure: wet phases 
(4, 5, 6) fail to produce heavy 
rain. Active monsoon permissive 
but not deterministic. AUC 0.52–
0.55. 

Across-site: 
Mechanism 
dependency 
(Section 5.1) 

Direct convective envelope 
passage: MJO actively 
modulates local 
thermodynamics. Darwin, Dili 
(η² = 6.7–7.5%). AUC 0.69–
0.76. 

Remote teleconnection: MJO 
alters remote moisture source. 
Colombo (η² = 11.2%), Mombasa 
(3.7%), Niamey (1.0%). AUC ≈ 
0.50. 

Physical basis 

When an active inhibitory 
process fails, the failure 
signature is physically 
specific: requires a competing 
mechanism of comparable 
strength to override the 
inhibition. That mechanism 
persists on multi-week 
timescales → CPA has lead-
time skill. 

When a permissive condition is 
absent, the absence carries no 
specific dynamical signature. 
Normal stochastic variability of 
tropical convection does not 
require a specific override 
mechanism. CPA has no lead-
time skill. 

 



Suppression failure is physically different. The MJO's descending branch imposes a specific inhibitory 698 
barrier: descending motion, low-level drying, and suppressed surface flux (Kiladis et al., 2014; DeMott 699 
et al., 2015). Overriding it requires a competing process of comparable strength: a Kelvin wave free-700 
tropospheric moisture anomaly, continental boundary-layer recovery, low-level convergence ahead of 701 
a tropical disturbance (Roundy, 2012; Wheeler and McBride, 2005). These are coherent dynamical 702 
structures that evolve on timescales of days to weeks, accumulate in a rolling window, and carry 703 
forward-looking information. Suppression failure is a physical event with a detectable prior state. 704 
Enhancement failure is not. 705 

This asymmetry aligns with a well-established distinction in convective theory: convective inhibition 706 
— a discrete, measurable energy barrier requiring active work to overcome — versus convective 707 
available potential energy, which is permissive rather than deterministic (Raymond, 1995; Mapes, 708 
2000)(Tompkins AM (2001)(Neelin et al., 2009). CPAdry operationalises the failure of convective 709 
inhibition. CPAwet operationalises the non-delivery of convective available potential energy. The two 710 
phenomena are not symmetric, and a metric architecture that treats them symmetrically will produce 711 
asymmetric skill, as Table 2 and Figure 6 confirm. 712 

 713 

Fig 6. Active local inhibition fails detectably. Passive permissive conditions do not. CPA skill at Darwin (Australia) stratified by phase type. 714 
(a) CPAdry — suppressive phases [1, 2, 8], n = 112 DPS events: AUC rises from 0.69 at t+0 to 0.76 at t+10, exceeding both Rain(t) and R_60 715 
baselines from t+3 onward. The rising profile reflects the accumulation of suppression-override events on the MJO's own propagation 716 
timescale. (b) CPAwet — enhancing phases [4, 5, 6], wet-phase PA95 target: AUC tracks R_60 at all lead times. Regime conditioning on 717 
backward-looking 30-day rainfall terciles yields gains of +0.006 to +0.028 AUC — within sampling noise, and 0.06 below R_60 at best. The 718 
asymmetry survives the strongest available conditioning test. Suppression failure is a coherent physical event requiring a specific dynamical 719 
override; its prior state is detectable. Enhancement failure is the stochastic non-delivery of a permissive condition; it leaves no recoverable 720 
prior state. The within-site pattern mirrors the across-site result in Table 2 and Figure 5: the active-versus-passive distinction governs both 721 
dimensions. 722 

 723 

5.3 Regime Conditioning Does Not Recover Wet-Phase Skill 724 

The natural response to the monsoon-regime confound in CPAwet is to condition on regime state: stratify 725 
CPAwet computation by active-monsoon versus break periods, then evaluate whether the residual carries 726 
independent predictive information. We implemented this using a backwards-looking 30-day rainfall 727 



tercile as the regime indicator — avoiding same-window circularity — and tested regime-conditioned 728 
CPAwet against DPS and wet-phase PA95 targets at Darwin. 729 

Regime conditioning improves CPAwet by 0.009–0.044 AUC. The best conditioned result is an AUC of 730 
0.569 — still 0.06 below R_60 and outside the significance threshold. The reverse causality check 731 
returns slopes near zero (−0.001 at t+10, p = 0.84). 732 

The failure of regime conditioning is structural, not a data limitation. Enhancement failure is the absence 733 
of a coherent event, not a coherent event with a detectable prior state. Regime conditioning removes 734 
the statistical confound and exposes the residual. The residual is noise. There is nothing beneath the 735 
confound to recover. Had enhancement failure been a physically coherent event, a sufficiently careful 736 
conditioning scheme would eventually find skill. Regime conditioning is that scheme, applied as cleanly 737 
as the data allow. It fails. The asymmetry survives it. 738 

6. Discussion 739 

6.1 Implications for Operational MJO-Based Forecasting 740 

The coupling-contingency principle delivers a practical screening protocol, not merely a geographic 741 
observation. Before deploying any MJO phase-response diagnostic at a new site, three questions must 742 
be answered in sequence. Does the site have statistically significant phase-rainfall coupling, with η² 743 
above ≈ 5–6% during the target season on active-MJO days? If not, MJO phase carries no independent 744 
diagnostic content and the framework should not proceed. Does the coupling reflect direct convective 745 
envelope passage, or does it arise through a remote moisture flux or teleconnection pathway? The 746 
former supports diagnostic deployment; the latter rules it out regardless of η² magnitude. And does the 747 
site yield at least 75–100 DPS events over the calibration period — sufficient to train the rolling P90 748 
threshold without overfitting? (Hanley and McNeil (1982); Pepe MS (2003)(The statistical evaluation 749 
of medical tests for classification and prediction. Oxford University Press, Oxford). These three 750 
conditions are necessary and jointly sufficient. η² alone is neither. 751 

This matters most where current operational practice is most confident. Operational centres issue MJO 752 
phase-based precipitation outlooks for South Asia, East Africa, and the tropical Pacific using composite 753 
phase anomalies that treat all statistically coupled sites as equivalent candidates (Vitart, 2017; Lim et 754 
al., 2018; Domeisen et al., 2020; Gottschalck et al., 2010). The Colombo result challenges this directly. 755 
Sri Lanka sits at η² = 11.2% — the strongest coupling in this study — yet CPAdry returns AUC = 0.50 756 
at every lead time. Any operational product deploying MJO phase composites to forecast northeast 757 
monsoon rainfall over Sri Lanka, the Maldives, or coastal southeastern India is using a framework 758 
whose precursor content does not exceed regime-scale rainfall persistence. The operational cost of this 759 
misclassification is not a marginal loss in forecast accuracy. It is the deployment of a framework that 760 
adds no skill above a trivial baseline while creating the appearance of MJO-informed decision support. 761 

The geographic criterion is specific. The maritime corridor from Sulawesi through northern Australia 762 
(approximately 5°S–15°S, 100°E–135°E) satisfies both η² and mechanism conditions (Rui and Wang, 763 
1990)(Matthews, 2000). Darwin and Dili lie within it; Makassar at its attenuated western margin. East 764 
Africa, South Asia beyond the western Bay of Bengal coast, West Africa, and the eastern Pacific do not, 765 
regardless of composite MJO phase anomaly magnitudes. This boundary is not a redrawing of the MJO's 766 
statistical influence domain. It is the inner domain within which statistical influence reflects mechanistic 767 
control sufficient to support diagnostic inference. 768 

 769 



6.2 The IOD as a Countervailing Influence on Colombo's Apparent Coupling 770 

The Colombo paradox has a second layer worth separating from the mechanism argument already 771 
established. Part of Colombo's η² = 11.2% may not reflect MJO influence at all. It may reflect Indian 772 
Ocean Dipole co-variability. 773 

Wilson et al. (2013). (Saji et al., 1999) show that positive IOD events suppress MJO convective 774 
development over the eastern Indian Ocean — reducing low-level moisture and inhibiting eastward 775 
propagation — during the ASON season. ASON is also when Colombo's northeast monsoon begins and 776 
when the MJO-rainfall statistical association is strongest. During positive IOD years, two things happen 777 
simultaneously: the MJO weakens over the Indian Ocean, and Sri Lanka's rainfall is suppressed through 778 
a direct IOD teleconnection (Webster et al., 1999). Both signals reduce Colombo rainfall during the 779 
same MJO phases, inflating apparent η² beyond what the MJO's own influence would produce. The 780 
coupling is partly spurious — an artefact of IOD co-modulation rather than direct MJO control. 781 

This inference has a testable implication. Stratifying the Colombo ANOVA by IOD state should show 782 
elevated η² in positive IOD years, but CPAdry AUC should remain near 0.50 in all strata, because the 783 
suppressive signal in positive IOD years is IOD-driven rather than MJO-driven. IOD-stratified η² rising 784 
while CPAdry AUC stays flat would be the strongest available evidence that the coupling is 785 
mechanistically spurious. This analysis requires longer data records than the 20-year window used here 786 
and is left for a targeted follow-up study. 787 

 788 

6.3 Climate Change and the Stationarity of Diagnostic Boundaries 789 

The coupling-contingency threshold is an empirical property of the present climate. Both conditions it 790 
requires are sensitive to climate change through three distinct pathways. Each pathway shifts specific 791 
sites toward or away from the η² ≈ 5–6% boundary, in directions the framework predicts in advance. 792 

MJO amplitude and propagation. Multiple CMIP6-generation studies project that the MJO's 793 
convective amplitude intensifies under warming and that its propagation across the Maritime Continent 794 
improves as the warm pool expands (Roxy et al., 2014)( Chadwick et al., 2013)(Adames et al., 2017; 795 
Bui and Maloney, 2018). Stronger amplitude means larger phase-conditional rainfall anomalies at sites 796 
currently near the threshold. Makassar, at η² = 4.0% and presently ACTIVE-ATTENUATED, sits 1–2% 797 
below the diagnostic boundary. If the MJO's western Maritime Continent envelope strengthens, 798 
Makassar crosses the threshold upward and converts from marginal to fully deployable. The diagnostic 799 
boundary shifts west. The mechanism condition is unchanged — direct envelope passage governs 800 
throughout — so both criteria are satisfied simultaneously. Sites currently just inside the active zone 801 
deepen their skill margin; Makassar and the western Sulawesi coast gain it for the first time. 802 

The Maritime Continent barrier effect. (Innes and Slingo, 2006) and to some extent Peatman et al. 803 
(2014) quantify how Indonesian archipelago topography attenuates and reorganises the MJO convective 804 
envelope eastward, producing Port Moresby's low η² = 1.52% through envelope weakening. The 805 
barrier's maintenance depends on three interacting mechanisms: land-sea contrast driving diurnal 806 
convective disruption of the MJO circulation; archipelago topography scattering the envelope's low-807 
level convergence; and the SST gradient east of the warm pool limiting convective reintensification 808 
after barrier crossing (Ramage, 1968; Inness and Slingo, 2006; Peatman et al., 2014). Warming-driven 809 
SST increases in the Coral Sea and western Pacific are projected to reduce this gradient, potentially 810 
allowing faster post-barrier reintensification (Kim et al., 2017). Present-climate ENSO provides an 811 
analogue: in warm ENSO years, the warm pool shifts eastward, reducing the SST gradient and 812 



improving MJO propagation through to the western Pacific — and Port Moresby η² shows modest 813 
interannual elevation in those years, consistent with the barrier-weakening projection (Pohl and 814 
Matthews, 2007). The direction of change is predictable; the magnitude is not. Warming may also 815 
intensify the Maritime Continent diurnal cycle through enhanced land-sea contrast, partially 816 
counteracting SST-gradient effects. Port Moresby, therefore, represents the network's most physically 817 
uncertain climate-change prediction — directionally confident, quantitatively open, and observable 818 
within decadal monitoring windows. 819 

IOD frequency change. Cai et al. (2013) project that extreme positive IOD events will approximately 820 
double in frequency under RCP8.5 forcing. Through the Wilson et al. (2013) mechanism, more frequent 821 
strong positive IOD events mean more frequent suppression of MJO convective development over the 822 
Indian Ocean. The direct consequence for Darwin and Dili is episodically reduced η² during positive 823 
IOD years — not because the MJO's propagation pathway changes, but because the amplitude of its 824 
convective organisation over northern Australia weakens when the Indian Ocean moisture budget is 825 
IOD-constrained. Darwin's η² = 7.5% currently sits comfortably above the ≈ 5–6% threshold. But if 826 
strong positive IOD events occur twice as often, and if each suppresses η² by 2–3% during the affected 827 
season, Darwin could episodically fall toward the diagnostic boundary. CPAdry skill would degrade in 828 
those years. This is a testable, season-specific prediction: Darwin CPAdry AUC stratified by IOD state 829 
should show lower values in positive IOD years than in neutral or negative ones. 830 

The three pathways together identify the η² ≈ 5–6% boundary not as a fixed geographic line but as a 831 
dynamic diagnostic frontier that moves with the climate state. Monitoring η² at threshold-proximal sites 832 
— Makassar, Port Moresby, and Darwin itself — on decadal intervals is a more defensible approach to 833 
maintaining the validity of operational MJO diagnostic products than assuming stationarity. The 834 
threshold identified here empirically provides the numerical target for that monitoring. 835 

 836 

6.4 Generalisation to Other Large-Scale Forcing Modes 837 

The active-versus-passive distinction is not MJO-specific. It constrains any diagnostic framework that 838 
conditions on the phase of a large-scale oscillatory forcing mode. The argument is general and its 839 
implications are immediate. 840 

ENSO phase-conditioned rainfall diagnostics rest on the same implicit premise that CPAdry tests 841 
explicitly: that statistically significant phase-rainfall association implies mechanistically grounded, 842 
phase-trackable predictive skill. The ENSO literature provides ready precedent for the same bifurcation. 843 
Sites where ENSO drives rainfall through direct SST modulation of local convection — equatorial 844 
Pacific islands, the Peru coast, the northern Australian monsoon region — satisfy the active-mechanism 845 
condition. Sites where apparent ENSO-rainfall association reflects Walker circulation adjustments, 846 
atmospheric bridge teleconnections, or moisture flux re-routing — East Africa, southern Africa, the 847 
Indian subcontinent — may exhibit strong phase-rainfall η² analogs while yielding no skill beyond 848 
persistence baselines. Ropelewski and Halpert (1987) and Trenberth et al. (1998) documented the 849 
geographic dependence of ENSO-rainfall associations, more importantly, Dai and Wigley (2000) and 850 
Grimm and Tedeschi (2009). The diagnostic implication — that mechanism type rather than association 851 
strength governs phase-conditional skill — has not been operationally formalised for ENSO any more 852 
than it had been for the MJO before this study. 853 

The Quasi-Biennial Oscillation, the Indian Ocean Dipole (Saji et al.,1999), and low-frequency 854 
midlatitude teleconnections each involve both active local influence sites (Hoskins and Karoly., 1981, 855 



The steady linear response of a spherical atmosphere to thermal and orographic forcing. J Atmos Sci 856 
38:1179-1196) (Wallace and Gutzler., 1981, Teleconnections in the geopotential height field during the 857 
Northern Hemisphere winter. Mon Wea Rev 109:784-812) (Baldwin et al., 2001, The quasi-biennial 858 
oscillation. Rev Geophus 39:179-229) and passive remote influence sites within their statistical 859 
footprint. Testing whether phase-response diagnostics built on these modes yield skill at active versus 860 
passive sites — using the AUC lead-time framework applied here — would transform the coupling-861 
contingency principle from an MJO-specific finding into a general constraint on phase-conditioned 862 
diagnostic methodology. CPAdry's architecture transfers directly: the only site-specific inputs are the 863 
phase index, the rainfall record, and the physically motivated suppressive phase classification. The test 864 
is therefore replicable at low cost. Whether the η² ≈ 5–6% boundary applies at identical or shifted values 865 
to ENSO, QBO, or IOD phase diagnostics is an open quantitative question — and answering it would 866 
establish whether this threshold reflects a universal property of tropical convective organisation or a 867 
value specific to MJO dynamics. 868 

 869 

7. Conclusions 870 

Statistical coupling between MJO phase and local rainfall is necessary for diagnostic skill. It is not 871 
sufficient. The nature of the coupling — whether direct convective envelope modulation or remote 872 
teleconnection — is the additional governing condition. This paper establishes that condition formally, 873 
tests it across seven tropical sites, and quantifies where the boundary lies. 874 

Five conclusions follow from the evidence. 875 

CPAdry provides genuine DPS precursor skill — AUC 0.69–0.76, rising with lead time to t+10–15 days 876 
— at Darwin (η² = 7.5%) and Dili (η² = 6.7%), where the MJO convective envelope passes directly 877 
overhead and active inhibitory dynamics operate locally. Skill exceeds rolling-rainfall baselines by 878 
+0.06 to +0.17 at the primary evaluation leads and survives independence tests (ρ(CPAdry, R_60) < 879 
0.05). The rising-with-lead-time profile is the diagnostic signature of regime-scale forcing, not weather-880 
scale noise. 881 

Skill is absent at all remote-teleconnection sites, regardless of coupling magnitude. Colombo, at η² = 882 
11.2% — the strongest-coupled site in the study — returns AUC = 0.50 across every lead time evaluated. 883 
The Colombo result is not an anomaly. It is the active-versus-passive principle's sharpest quantitative 884 
demonstration: coupling strength measures the statistical footprint of MJO influence, not the 885 
mechanism, and it is the mechanism that determines whether CPAdry has anything to detect. 886 

The suppression-enhancement asymmetry within active-modulation sites reflects the same principle 887 
operating within a single location. Suppression failure (AUC 0.69–0.76) is detectable because active 888 
dry-phase inhibition, when overridden, leaves a coherent dynamical signature that accumulates in a 889 
rolling window. Enhancement failure (AUC 0.52–0.55) is not detectable because wet-phase non-890 
delivery is the stochastic absence of a permissive condition, not a coherent event with a prior state. 891 
Regime conditioning does not recover wet-phase skill, confirming the asymmetry is structural. 892 

A coupling-contingency threshold near η² ≈ 5–6% demarcates the transition from direct-envelope-893 
passage to remote-teleconnection regimes. Below it, CPAdry advantage over rolling-rainfall baselines is 894 
zero or negative at every site, regardless of coupling significance. Makassar (η² = 4.0%) sits at the 895 
marginal boundary; the six-site linear fit excluding Colombo yields R² = 0.87. The threshold is not a 896 
statistical artefact. It marks the physical boundary below which MJO influence is too attenuated by 897 



distance, barrier effects, or teleconnection diffusion to impose the locally acting inhibitory dynamics 898 
CPAdry requires. 899 

Both the threshold and the mechanism classification are climate-sensitive. Projected MJO amplitude 900 
intensification will push threshold-proximal sites — particularly Makassar — upward across the 901 
diagnostic boundary. Maritime Continent barrier weakening will shift eastern PNG sites toward 902 
diagnostic eligibility. Increasing positive IOD frequency will episodically suppress MJO convective 903 
organisation over northern Australia, pulling Darwin and Dili toward the threshold from above. The 904 
coupling-contingency principle, therefore, provides not only a current geographic criterion for 905 
diagnostic deployment but a framework for anticipating where that criterion will be gained or lost under 906 
future climate trajectories. 907 

The field-level implication is direct. Phase-response diagnostic frameworks should not be deployed on 908 
the basis of η² alone. Mechanism classification — whether by the literature-supported physical pathway 909 
used here or by future observational or model-based approaches — must precede deployment. Sites 910 
with strong coupling but passive mechanisms are not candidates for CPA-type diagnostics. Applying 911 
such diagnostics to them does not merely underperform. It misleads. 912 
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